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Abstract 

 Beer and sparkling water are popular carbonated beverages within consumers as it 
can be evidenced by an important growth in terms of volume sales around the world. 
Although they are both composed of carbon dioxide (CO2), this gas is produced in 
different forms and the drinks present distinct performance in terms of their sensory 
and physicochemical characteristics. The most important factors that determine quality 
and consumer acceptability in all carbonated beverages are the visual aspects such as 
colour, bubble morphometry and dynamics and foam-related parameters as these create 
the first impression when consumers select the products.  

 Currently, consumers are in a constant search for more premium or high-quality 
products, which has put pressure in their respective industries to remain relevant in the 
market. Available methods to assess physical and chemical parameters in carbonated 
beverages to assess quality tend to be costly, time-consuming and not reliable. 
Therefore, there is then a need to develop automatic, more reliable, accurate and 
affordable quality assessment techniques. From the sensory analysis perspective, 
traditional consumer tests to assess products acceptability are primarily focused on 
subjective conscious responses from participants which contribute a reduced amount of 
information, which many times it can be bias. Traditional methods to tap into the 
autonomic nervous system response from consumers, which is unconscious, are invasive 
and had not been implemented in the assessment of beer and sparkling water, which 
can complement and enhance objective and meaningful information for consumers from 
the physiological and emotional responses to these products.  

 This research was focused on the development of novel techniques such as an 
automatic robotic pourer integrated with remote sensing to measure the physical 
dynamics of foamability and bubbles coupled with CO2, alcohol and pouring temperature 
to add chemical analysis. The data analysis included an artificial intelligence (AI) 
approach by using computer vision algorithms and machine learning modelling. The 
objective from these measurements was to assess color, bubble and foam-related 
parameters in both beer and carbonated water. Near-infrared (NIR) spectroscopy was 
used to obtain the chemical fingerprinting of the products and to analyze their 
relationship with foamability and bubble related measurements. Furthermore, an 
electronic nose was developed using nine gas sensors to assess aromas and beer quality 
to enhance the chemical (non-contact) analysis from the robotic pourer. Additionally, a 
new integrated system to assess consumer acceptability using a novel bio-sensory 
computer application (App) coupled with video and thermal cameras was developed to 
obtain biometric responses such as heart rate, face temperature, gaze fixations and 
facial expressions. This new App was used on panelists assessing different products 
considered in this research. The information gathered from these new techniques 
allowed to create different machine learning (ML) models with high accuracy (R>0.8) to 
classify beers according to their liking and physicochemical intrinsic characteristics. 
Likewise, different ML models based on regression algorithms were created using the 
data obtained from the robotic pourer, electronic nose, and NIR spectroscopy data to 
predict the products intensity of sensory descriptors, consumers acceptability and 
chemometry to assess beer quality. The results obtained from this research showed to 
be accurate, reliable, rapid and affordable tools that can be applied to the growing 
industries related to beverages production to monitor and increase product quality to 
compete in the international market.  
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CHAPTER 1  

Literature Review 

1.1.1 Introduction 

 Within the carbonated beverages category, carbonated water and beer are popular 

among consumers worldwide. Carbonated water, although having only 10% of the 

bottled water market sales in the world (Liger-Belair et al., 2015, Rodwan Jr, 2015) and 

6% in Australia, it has been growing rapidly with 32% of total volume in the country 

mentioned above (Euromonitor-International, 2016). On the other hand, beer is the 

most consumed alcoholic beverage in the world with 78% of the total volume sales, 

being Czech Republic as the country with the highest consumption per capita (146 L), 

followed by Germany (111 L), and Austria (104 L) (Euromonitor-International, 2017). 

Specifically, Australia is the 13th country in terms of consumption with 78 L per capita, 

and beer represents 66% of total volume sales among alcoholic beverages (Euromonitor-

International, 2018, Euromonitor-International, 2017).  

 The preference for carbonated beverages has been attributed to the mouthfeel that 

it produces, which creates different sensations described as bubbly, burn, bite, numbing 

and foamy, among others (McMahon et al., 2017). These descriptors are mainly 

attributed to the irritation of the trigeminal nerves that increase with higher levels of 

carbon dioxide (CO2) (Harper and McDaniel, 1993), this is due to the formation of 

carbonic acid that reacts with carbonic anhydrase and/or to the bursting of CO2 that 

causes the mechanical stimulation of receptors in the tongue (Descoins et al., 2006). 

This effect, although being perceived as irritating, is considered by consumers as 

pleasant sensations, which make the beverage more attractive to consumers (Hewson 

et al., 2009, Carstens et al., 2002). 

 The carbonation method, along with the chemical composition of carbonated 

beverages are the main responsible for the bubble and foam-related parameters 

(Campbell and Mougeot, 1999). Surfactant or tensioactive substances such as proteins 

and carbohydrates, as well as pH, CO2, and alcohol content, among others, have a great 

influence on the aforementioned parameters. The role of most of the surfactant 

substances is the increase in viscosity that these produce, which contribute to foam 

formation and stability (Badui, 2006, Bamforth et al., 2011, Zhang, 2008). In the case 

of carbonated water, pH and mineral content may act as the main contributors to bubble 

size and size distribution. Physical parameters, especially those related to bubbles and 

foam, are of utmost importance for carbonated beverages quality due to their 

relationship with the sensory attributes of the products. These contribute to the visual 
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appearance, mouthfeel, and release of aromas and flavors, which are within the most 

important quality traits in this type of beverages (Rey-Salgueiro et al., 2013, Baert et 

al., 2012, Cooper et al., 2002). 

 There are different traditional methods developed to analyze quality traits, for 

carbonated beverages, particularly for beer. The physicochemical parameters that have 

been mainly evaluated are foamability, foam stability, foam drainage, color, aromas, and 

proteins (Bamforth, 2011, Bamforth et al., 2011, Iimure et al., 2009, Alcázar et al., 

2012). However, the techniques used to assess these, usually consist of the use of time-

consuming methods [e.g., Constant method and shake test to assess foam] (Constant, 

1992, Kapp and Bamforth, 2002), costly equipment such as gas chromatographs, high-

performance liquid chromatographs, to assess aromas and proteins (Ocvirk et al., 2018, 

Picariello et al., 2015), large laboratory space, and requirement of professionals with 

skills to carry out the analyses, among others. On the other hand, the sensory evaluation 

of the products to assess either their quality based on the descriptors or the perceived 

quality and acceptability of consumers involves the use of a specialized laboratory space 

equipped with controlled temperatures, individual booths, and extractors to remove 

external odors, among others (ISO, 2007, Kemp et al., 2011). Furthermore, the 

recruitment of consumers and training of panelists involve high costs and time 

commitment, apart from the expertise required to design and conduct the studies as 

well as to analyze the results (ISO, 1993, Stone et al., 2012). 

 To overcome the drawbacks derived from the use of traditional methods, emerging 

technologies such as machine learning, robotics, computer vision, biometrics and the 

use of sensors, which are subsets of artificial intelligence (AI), have been developed (Gill 

et al., 2011, Nayik et al., 2015, Iqbal et al., 2017). However, these have not yet been 

fully explored and implemented in the food and beverage industry. Therefore, it is 

important to develop new techniques to assess the quality traits of carbonated beverages 

such as beer and carbonated water within the production line and during the products 

development process.  

 This research aimed to develop an integrated robotic system to assess foam and 

bubble related parameters of beer and sparkling water to explore their relationship with 

their quality traits, and consumer acceptability and preference based on biometric 

responses. Furthermore, it has as specific objectives i) to develop and evaluate the 

functionality of an automated robotic pourer to assess beer and sparkling water using 

remote sensors, computer vision and machine learning algorithms (Chapters 2, 4, 5 and 

9), ii) to assess the relationship between the chemical data of beer and sparkling water, 

and the sensory, and/or bubble and foam-related parameters (Chapters 4 – 9), iii) to 

assess consumer acceptability and preference based on sensory attributes related to 



 

3 
 

different levels of foamability and bubbles of beer and sparkling water using traditional 

sensory and non-invasive biometric techniques (Chapters 10 – 12), iv) to develop 

machine learning models to assess quality and acceptability of beers using the data 

obtained from the robotic pourer (Chapters 3, 8, and 13), and v) to develop machine 

learning models to classify samples according to level of liking of foam-related sensory 

descriptors using data obtained from the physiological and emotional responses of 

consumers (Chapters 10 – 12). 
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Bubbles, foam formation, stability and consumer 

perception of carbonated drinks: A review of current, 

new and emerging technologies for rapid assessment 

and control 
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Abstract:  

Quality control, mainly focused on the assessment of bubble and foam-related 
parameters, is critical in carbonated beverages due to their relationship with the 
chemical components as well as their influence on sensory characteristics such as aroma 
release, mouthfeel, and perception of tastes and aromas. Consumer assessment and 
acceptability of carbonated beverages are mainly based on carbonation, foam, and 
bubbles, as a flat carbonated beverage is usually perceived as low quality. This review 
focuses on three beverages; beer, sparkling water, and sparkling wine. It explains the 
characteristics of foam and bubble formation, and the traditional methods as well as 
emerging technologies based on robotics and computer vision to assess bubble and 
foam-related parameters. Furthermore, it explores the most common methods and the 
use of advanced techniques using an artificial intelligence approach to assess sensory 
descriptors both for descriptive analysis and consumers acceptability. Emerging 
technologies based on the combination of robotics, computer vision, and machine 
learning as an approach to artificial intelligence have been developed and applied for the 
assessment of beer and, to a less extent, sparkling wine. This, with the objective of 
assessing the final products quality using more reliable, accurate, affordable and less 
time-consuming methods. However, despite carbonated water being an important 
product due to its increasing consumption, more research needs to focus on exploring 
more efficient, repeatable, and accurate methods to assess carbonation, and bubble 
size, distribution and dynamics. 

 

Keywords: emerging technologies; quality control; foam-related parameters; artificial 
intelligence 
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1.2.1 Introduction 

 The assessment of bubble and foam-related parameters in carbonated beverages is 

of great importance since these are the main factors that determine the quality and 

acceptability of these beverages by consumers as they have an influence on the 

perception of aromas, mouthfeel and flavor/taste. Carbonated beverages are one of the 

categories involved in the classification of the so – called aerated foods. These beverages 

include beer, carbonated water, carbonated soft drinks, and sparkling wine, among 

others. They can be classified according to the method used to carbonate the liquid, such 

as fermentation, natural carbonation, and gas injection, which are the three types of 

carbonation involved in the production of beverages (Aresta, 2013, Campbell and 

Mougeot, 1999). Fermentation is the process by which yeast produces carbon dioxide 

(CO2) as a by–product and, therefore, CO2 becomes dissolved in the liquid, such as the 

case for secondary fermentation during beer and sparkling wine production (Robinson 

and Batt, 2014). Natural carbonation occurs in products such as carbonated water, which 

is obtained from natural sources (springs) and do not require any further processing or 

treatment for CO2 production (LaMoreaux and Tanner, 2012), whilst gas injection refers 

to the addition of CO2 in water, beer and other soft drinks at a high pressure (Campbell 

and Mougeot, 1999, Chang and Urban, 2016).  

 Within the fermented beverages, beer is one of the most relevant as it is the 

alcoholic beverage most consumed both worldwide and within Australia, specifically 

accounting for 78% and 66% in total volume sales in 2018, respectively with a growth 

of 2.6% between 2016 and 2018 worldwide and 3.1% between 2013 and 2018 in 

Australia (Euromonitor-International, 2018). In comparison, within the beverages 

produced by either natural carbonation or gas injection, the market for carbonated 

water, which is classified within the bottled water category, has been growing at a rapid 

rate in recent years as a healthier substitute for other soft drinks.  It is also perceived 

as less “boring” than still water due to the fizziness effect. Despite that, it only represents 

10% worldwide (Liger-Belair et al., 2015, Rodwan Jr, 2015) and 6.1% in Australia of the 

total volume sales within the bottled water category. Specifically in Australia, it 

represented a growth of 32% in the total volume of sales between 2010 and 2015, just 

7% less than the still water growth (Euromonitor-International, 2016). Nowadays, 

consumers are becoming more demanding in terms of beverage quality and are looking 

for more premium products, especially for beer (Euromonitor-International, 2015).  

 Therefore, the assessment and monitoring of final product quality factors are critical 

for the production of all carbonated beverages. In carbonated beverages, visual 

attributes linked to bubbles are directly related to their quality traits. This is due to the 

relationship between bubbles, and other sensory characteristics of the products such as 
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mouthfeel, release of aromas, and changes in tastes and flavors (Campbell and Mougeot, 

1999, Bamforth et al., 2011b, Gonzalez Viejo et al., 2018b, Gonzalez Viejo et al., 2019a, 

Gonzalez Viejo et al., 2016, Pozo‐Bayón et al., 2009). The main components in 

carbonated beverages that determine bubble characteristics, foam formation and 

stability are the CO2 content and its source, as well as some tensioactive or surfactant 

substances such as proteins and sugars. All these components and compounds have a 

direct influence on beverage quality, hence the importance of their assessment and 

control (Baert et al., 2012, Gonzalez Viejo et al., 2016, Gonzalez Viejo et al., 2018c, 

Bamforth, 2011, Bamforth et al., 2011b). Traditional methods to assess chemometrics, 

bubble and foam-related parameters of carbonated beverages tend to be time 

consuming and involve high costs to small and medium companies, which make the 

process more inefficient, subjective and intuitive. Hence, it is important to develop 

modern techniques involving the use of new and emerging technologies, such as 

robotics, rapid non-invasive chemometric methods such as near infrared spectroscopy 

and affordable electronic noses, and computer vision analysis to have more standardized 

measurements and reduce the human error factor and trial and error process, which 

currently dominate the industry. 

 

1.2.2 Carbonated beverages – beer, sparkling wine, and carbonated 

water  

 Beer is the most ancient alcoholic fermented beverage, whose origins may trace 

back to 10,000 B.C. in the Neolithic era (Smith, 2014). Its main ingredients are water, 

malted barley, yeast, and hops; however, other components may be used to increase 

its sensory properties and/or the amount of fermentable sugars, which are called 

adjuncts. The adjuncts usually consist of other sources of starch produced by milling 

such as maize, rice barley flour, or syrups, which help in the fermentation process as 

these are hydrolyzed during mashing into fermentable sources and dextrins (Serna-

Saldivar, 2016). In beer processing, a portion of the malted barley along with water and 

adjuncts are cooked for ~90 mins, and temperature is progressively increased up to 

100°C. In this part of the process the pH is adjusted to around 5.5 – 5.6, which is the 

optimum for enzyme activity (Bamforth, 2016, Delcour and Hoseney, 2010). Starch is 

gelatinized to make it more available for enzymes, and the system is sterilized. Once the 

mix is cooled down, it is mixed with the remaining malted grains and enters the mashing 

stage in which the non–fermentable starch is converted into low molecular weight 

fermentable sugars and proteins are converted into soluble proteins (Delcour and 

Hoseney, 2010, Serna-Saldivar, 2016). The following stage is lautering whose goal is to 

separate the wort from the spent grain to clarify it. Then the wort is boiled along with 
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hops to kill any microorganisms for 1.5 to 2 hours in which enzymes are also destroyed, 

proteins precipitate, and oxidation of the wort occurs; this makes the wort become 

darker in color (Hopkins, 2014). After it is cooled, the following part of the process is 

pitching in which yeast is added and pumped into the fermentation tanks. During 

fermentation, the yeast converts sugars into alcohol, and during this process one third 

of the carbon present in sugars is converted into CO2, nitrogen falls by around 33%, and 

pH drops to around 4.3 to make it safe for consumption. As the CO2 produced during 

fermentation is not enough for the desired foamability, beers may be either naturally or 

artificially carbonated, the first method is usually conducted in the bottle and consists of 

adding an extra amount of sucrose to allow the remaining yeast to produce additional 

CO2, while the artificial method is more frequently used and involves the injection of CO2 

to achieve the desired carbonation (Bamforth, 2009). The final stage in the brewing 

process is the packaging in which the product is bottled against counter pressure of CO2 

to avoid the loss of any gas and maintain the desired carbonation dissolved in the liquid 

(Delcour and Hoseney, 2010, Gonzalez Viejo et al., 2018c).  

 Still wine, which is the base of sparkling wine, was first developed around 6,000 

B.C. in the Neolithic era when evidence of vessels with chemicals related to wine were 

found (McGovern et al., 1996, Selin, 2013). On the other hand, the history of sparkling 

wine is more recent and dates back to the 1660s in London and is linked to Christopher 

Merret, who published a paper in the Royal Society (Phillips, 2014). It consists of a low 

alcohol base wine, which undergoes a second fermentation to increase alcohol content 

and produce higher CO2. There are two main methods to produce this type of wine i) 

Champagnoise or traditional, and ii) Charmat (Vine et al., 2012). The first method 

consists of an in-bottle second fermentation of the base wine in which the addition of 

sucrose and yeast is required (Liger-Belair, 2017). This fermentation is done at 12 – 

20°C for 15 to 45 days, followed by an aging period, which varies depending on the type 

of sparkling wine, but that usually takes >12 months. This aging period allows the wine 

to develop the characteristic aromas, flavors, its complexity, and foamability. Following 

this period is the riddling, which consists of storing the bottles at increasingly 45° and 

turning them manually at progressively higher angles until they are virtually upside down 

which ensures that yeast (lees) collects under the cap. Then the disgorging takes place 

in which the neck of the bottle is frozen and released with an ice plug and under the 

pressure contained in the wine bottle to remove the wine lees, and dosage is done using 

base wine with sugar to balance the acidity of the final product (Willaert, 2018). On the 

other hand, the Charmat method also uses base wine with low alcohol, but the second 

fermentation is conducted in stainless steel hermetically sealed tanks and with agitators 

to mix the yeast and added sucrose. In this method, the time of fermentation varies 

between 1 and 6 months, but the longer it is, the better foamability and aroma retention. 
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Once the fermentation is done, yeast is removed, and the wine is bottled at refrigeration 

temperatures under isobaric conditions. This is followed by aging with wine lees for at 

least 20 days (Willaert, 2018, Vine et al., 2012).  

 Still bottled water was first produced in 1622 in United Kingdom (Kamau, 2015), 

followed by the earliest soft drinks, lemonade and orangeade, which were developed in 

the 1660s (Emmins, 1991). On the other hand, the carbonated water production history 

traces back to the seventeenth century in which the natural effervescence of water in 

spas became of interest. In 1741, Brownrigg was known to name the CO2 as mephitic 

air and started producing carbonated water from bicarbonate salts. In the late 1760s, 

Priestley discovered the way to produce artificially carbonated water using dissolved CO2 

under pressure conditions. However, it was not until 1770s that carbonated water in 

corked glass bottles started to be commercialized by Thomas Henry (Steen and Ashurst, 

2008, Donovan, 2013).  

 The main ingredients in carbonated water are mineral water and CO2, but there are 

some variations in which acidulants, additional minerals such as sodium bicarbonate, 

potassium sulphate, and sodium chloride, among others, and / or flavorings may be 

added. When CO2 is dissolved in water, it undergoes a reaction in which a hydrogen 

proton and bicarbonate ion are formed; this causes the pH of carbonated water to drop. 

Therefore these types of water have a pH below neutrality, usually around 4 (Gray et 

al., 1995). According to the Codex Standard for Natural Mineral Waters 108-1981 

(Alimentarius, 2008), there are different denominations for carbonated waters according 

to their carbonation source:  

• Naturally carbonated natural mineral water: the gas in the water comes from the 

same source as the natural mineral water, and there is no loss or additional gas 

after packaging than the original content obtained from the source.  

• Natural mineral water fortified with CO2 from the source: the bottled natural 

mineral water had a greater amount of gas than that obtained from the original 

source; however, the additional CO2 comes from the same source as the water. 

• Carbonated natural mineral water: the bottled natural mineral water is 

carbonated by adding CO2 from a different source than the water. 

 There are also different subtypes of carbonated water according to their ingredients, 

the so-called sparkling water corresponds to either denomination: i) naturally 

carbonated natural mineral water or ii) natural mineral water fortified with CO2 from the 

source, depending on the manufacturer and no additional ingredient is included. Soda 

water is the name given to the water containing sodium bicarbonate, and its pH may be 
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regulated by adding an acidulant. Seltzer is the name commercially given to tap water, 

which is filtrated and artificially carbonated (Company et al., 2002, Brown, 2018). 

 

1.2.3 Bubbles and foam of carbonated beverages 

 The term effervescence refers to the generation and growth of a large number of 

bubbles that rise through the liquid until they reach the surface, where they break up. 

In carbonated beverages, this cycle is repeated in a decreasing frequency within variable 

periods of time. This frequency is dependable on the growth time and the nucleation 

lapse time of a bubble (Jones et al., 1998). A bubble consists of a small globule of gas 

separated from its liquid environment by either one of two interfaces. In carbonated 

beverages, the type of bubbles consists of one interface. A very important property of 

the interface is the surface tension, which is defined as the energy per unit area owing 

to the existence of the interface that is responsible for maintaining together the two 

halves of a bubble. Thus, the surface tension is responsible for the pressure differential 

between the internal and external parts of the bubble (Campbell and Mougeot, 1999). 

This is explained by the Laplace equation, which relates the internal and external 

pressures with the following equation (Eq. 1) (Chio et al., 2006): 

𝑃𝑃𝑃𝑃 =  𝑃𝑃∞ + 4 𝜎𝜎/𝑑𝑑  (1) 

Where: Pb = Internal pressure of the bubble; P∞ = External pressure; σ = Surface 

tension and d = Diameter of bubble. The internal pressure is inversely proportional to 

the bubble size, hence the smaller the bubble, the higher the internal pressure. The main 

gas responsible for bubble formation in carbonated beverages is CO2 due to its high 

solubility in water, which tends to increase at a higher pressure and colder temperatures 

(Campbell and Mougeot, 1999). The solubility is explained by Henry’s law, which states 

that the concentration of dissolved CO2 in equilibrium (c) is proportional to the partial 

pressure of its gas phase (P). This is described by the following equation (Eq. 2) 

(Farajzadeh et al., 2007, Bowers et al., 1995):  

𝑐𝑐 =  𝑘𝑘ℎ𝑃𝑃 (2) 

Where: kh = Henry’s law constant of gases. Bubbles can be formed by two different 

mechanisms: i) homogeneous and ii) heterogeneous nucleation. In carbonated 

beverages, heterogeneous nucleation is the mechanism responsible for bubble formation 

as the homogeneous nucleation in these systems is thermodynamically forbidden due to 

the need of oversaturation above 103 that homogeneous nucleation requires, compared 

to the supersaturation of five times of CO2 concentration at 1 atmosphere pressure that 
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carbonated beverages typically present (Wilt, 1986, Lubetkin, 2003). In order to grow, 

bubbles need a catalytic site that typically consists of a gas pocket in a solid surface, 

which can be the glass wall and/or in the liquid phase. These gas pockets need a radius 

higher than the critical value, which is typically of 0.1 – 0.2 µm for carbonated beverages 

under standard temperature and pressure conditions. When the radius of gas pockets is 

lower than this critical value, the gas tends to dissolve, whereas, when its radius is equal 

or higher than the critical one, it is able to grow into bubbles (Liger-Belair et al., 2015, 

Bisperink and Prins, 1994). The bubbles radius is due to either the expansion or 

contraction of the gas inside the bubble or the flow of the gas; if this enters the bubble 

it will grow, whereas, when the gas leaves the bubble it will shrink. As previously 

detailed, an increase in gas flow in the bubble causes the rise of the internal pressure, 

which is mainly due to the surface tension, as explained by Eq. 1. Furthermore, the 

bubble radius is mainly defined at the nucleation point, as described in the Eq. 3 

(Bamforth et al., 2011a). 

𝐵𝐵𝑟𝑟 = �
3𝑅𝑅𝑚𝑚𝛾𝛾
2𝜌𝜌𝜌𝜌

� (3) 

Where: Br = Bubble radius (m), γ = Surface tension (mN m-1), ρ = relative density of 

the liquid (kg m-3) and g = acceleration due to gravity (9.8 m s-2). 

 On the other hand, the rate of flow of gas to and from the bubble is explained by 

the mass transfer general equation (Eq. 4) (Ishwarya et al., 2017, Campbell and 

Mougeot, 1999): 

𝑄𝑄 =  𝑘𝑘𝑘𝑘 (𝐶𝐶∞ −  𝐶𝐶 ∗) (4) 

Where: Q = Molar rate of gas transfer to or from the bubble; k = Mas transfer coefficient; 

A = Surface area of the bubble; C∞ = Concentration of gas in the bulk liquid and C* = 

Concentration of gas in the liquid in equilibrium with the partial pressure of gas in the 

bubble. Thus, larger bubbles will grow faster due to their low internal pressure, low C*, 

and, consequently, high molar rate of gas transfer (Q) (Campbell and Mougeot, 1999). 

Food and beverages, which have been aerated, tend to be thermodynamically unstable, 

and the stability of bubbles is primarily given by the rheological properties of the product, 

which are dependent on the surfactant substances present (Narsimhan and Xiang, 

2018). Therefore, carbonated water is naturally the less stable carbonated beverage due 

to its lack of viscosity and tensioactive or surfactant substances, which prevent foam 

formation and lead bubbles to break when reaching the surface of the liquid. In contrast, 

beverages such as sparkling wine and, to a greater extent, beer, whose composition 

consists of proteins and carbohydrates, have a higher viscosity than water, but low 

enough to allow bubbles to ascend. The growth rate and the rising velocity are also 
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dependent on the availability of CO2 concentration in the liquid and the presence of 

tensioactive substances such as proteins and sugars (Descoins et al., 2006, Badui, 2006, 

Bamforth et al., 2011b). The tendency of larger bubbles to coalesce and the bubble 

velocity are described by the Stoke equation (Eq. 5) (Ishwarya et al., 2017, Campbell 

and Mougeot, 1999): 

𝑣𝑣𝑠𝑠𝑠𝑠  =  𝜌𝜌𝜌𝜌𝑙𝑙𝑑𝑑2/18µ (5) 

Where: vst = Ascending velocity of one bubble; g = Acceleration due to gravity; ρl = 

Density of liquid; d = Diameter of bubble and µ = Viscosity of liquid.  

 In beverages such as beer and sparkling wine, the bubbles form when opening the 

bottle, which allows to free the gas dissolved in the fluid, followed by their rise through 

the liquid, and surfactant or tensioactive substances, which are able to increase the 

viscosity of the bulk phase and decrease the drainage velocity of the lamellae’s (thin film 

in the liquid – gas interphase) fluid, and, therefore, allow the bubbles to rest in the 

surface of the liquid forming a layer of foam (Gonzalez Viejo et al., 2016, Gonzalez Viejo 

et al., 2018c, Badui, 2006, Zhang, 2008). The foam formation in the glass also depends 

on the pouring method, temperature of the liquid, and CO2 concentration in the beverage 

(Blom, 1937, Lewis and Bamforth, 2006). Lower temperatures are preferred, especially 

for beer and sparkling wine, because, as previously mentioned, CO2 solubility increases 

(Campbell and Mougeot, 1999) and, therefore, it avoids an excessive foam formation, 

which is often desired by consumers (Gonzalez Viejo et al., 2019a). The role of proteins 

in foam stability is due to their structure, which presents molecules of both hydrophilic 

and hydrophobic properties. Once the protein chain unfolds at the bubble’s interphase, 

the hydrophilic molecules remain in the liquid, while the hydrophobic molecules are in 

contact with the air. This allows the proteins to form a layer at the interface, which 

provides foam stability (Campbell and Mougeot, 1999, Badui, 2006, Rajah, 2002). 

Furthermore, foam texture, especially in beer, depends on the bubble size distribution; 

thus, when higher amount of small bubbles are present, and the liquid fraction in the 

foam is greater, it leads to foam creaminess, which is often preferred by consumers 

(Bamforth et al., 2011a). In contrast, when the bubble size distribution is higher, it leads 

to a coarse foam (Bisperink et al., 1992, Badui, 2006).  

 Bubbles can lead to different states of less stability, such as disproportionation or 

coalescence, mainly caused by the bubble size distribution. Disproportionation is usually 

due to wide bubble size distribution, which leads the smaller bubbles that present high 

Laplace pressure, to disperse into the larger bubbles with lower pressure, hence it 

provokes them to break more readily and to reduce foam stability, this is explained by 

the De Vries equation (Eq. 6) (Bamforth et al., 2011a).  
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𝑟𝑟𝑠𝑠2 = 𝑟𝑟02 −
4𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝛾𝛾𝑅𝑅

𝑃𝑃𝑃𝑃
 (6) 

Where: rt = Bubble radius at time t, r0 = Bubble radius at time 0, R = Gas constant (8.3 

J K-1 mol-1), T = Absolute temperature (K), D = Gas diffusion coefficient (m2 s-1), s = 

Solubility of the gas (mol m-3 Pa-1), γ = Surface tension, t = Time (s), P = Pressure and 

θ = Film thickness between bubbles. 

 On the other hand, coalescence occurs when the lamellae are broken, leading two 

small bubbles to join and form a larger one and, therefore, decreasing its internal 

pressure. Another factor that determines foam stability in beer and sparkling wine is the 

foam drainage, which occurs due to the weakening of the foam layer provoked by gravity 

and the Plateau border (intersection between three bubble films) suction, which cause 

the bubbles to collapse, therefore, if foam drainage occurs at a higher rate, the foam will 

be less stable, this is explained by the Eq. 7 (Bamforth et al., 2011b, Bisperink and Prins, 

1994).  

𝑄𝑄 = 2𝜌𝜌𝜌𝜌𝜌𝜌𝜌𝜌
3𝜂𝜂

  (7) 

Where: Q = Flow rate (m3 s-1), η = Viscosity of the film liquid (Pa s), ρ = Relative density 

of the beer, q = Length of the Plateau border (m), g = Acceleration due to gravity and 

δ = Thickness of the film (lamella; m).  

 These concepts have been applied by researchers to assess bubble and foam-related 

parameters in the different carbonated beverages using either the traditional or more 

novel methods using emerging technologies such as computer vision and robotics.  

 

1.2.4 Methods to assess bubble and foam related – parameters 

 Quality, foam behavior, and gas phase parameters are the three main methods to 

assess air or gas incorporation in food and beverages: i) food quality involves parameters 

related to appearance; ii) rheology and / or iii) texture of the product. The most 

representative parameters of the foam behavior category are the foamability (capacity 

of foam formation) and foam stability. On the other hand, gas phase parameters refer 

to the assessment of bubble size distribution, individual bubble behavior and gas content 

(Campbell and Mougeot, 1999). 

 Several methods to assess gas phase parameters and foam behavior in carbonated 

water, beer, and sparkling wine have been developed. While there are not many recent 

studies of bubbles in carbonated water, Barker et al. (2002) used image analysis to 

measure bubble nucleation and growth using the Image – Pro Plus software (Datacell, 
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Maidenhead, UK), which was able to convert the images into binary data, and obtained 

the average diameter of bubbles. Kappes et al. (2007) measured the carbonation level 

in carbonated beverages, including carbonated water, using the Zahm and Nagel 

puncturing device (Zahm & Nagel Co., Inc., Holland, NY, USA). Moritaka et al. (2013), 

produced different samples of carbonated drinks using corn syrup, sodium citrate, and 

citric acid plus distilled water and recorded images using ImageJ software (Wayne 

Rasband, Public domain) and they were processed five times by evaluators who 

measured the number of bubbles, average and total area of the bubbles. Liger-Belair et 

al. (2015) measured bubble dynamics in waters with different levels of carbonation. In 

this study, they assessed the lifetime of clouds of bubbles by manually pouring the water 

in a flute type glass using a cold light as background at room temperature and quantified 

time manually using a chronometer. Furthermore, the authors measured the loss of 

dissolved CO2 in water by placing the flute on a scale during the pouring and monitoring 

the weight difference. On the other hand, they measured the bubble growing kinetics 

using a plastic goblet and a cold backlight by taking high speed images using a macro 

objective and monitoring the bubbles growth 5 min after pouring and during 30 s. Those 

three measurements were done independently. More recently, Gonzalez Viejo et al. 

(2019d) developed a method to assess bubble size and bubble size distribution of 

carbonated water by capturing images of the samples in a Petri dish and analyzing them 

using a customized code written in Matlab® (Mathworks Inc. Natick, MA, USA) based on 

computer vision analysis. This algorithm is able to identify every single bubble and 

measure its diameter in pixels to classify them in small, medium and large. 

 In beer, there are several methods used to assess foamability, foam stability and/or 

foam drainage. Table 1.2.1 shows the different traditional methods and their technique 

as well as some of the most recently developed techniques (Bamforth et al., 2011b, 

Gonzalez Viejo et al., 2016). Those methods can be categorized mainly into two groups 

according to their foam formation (i) artificially using CO2 pressure and (ii) naturally 

through manual or automatic pouring. The methods belonging to category (i) are the 

National Institute for Malting Barley, Malt and Beer (NIBEM) (NIBEM-T; Haffmans BV, 

Venlo, Holland) (ASBC, 2018, Klopper, 1973), foam flashing (ASBC, 2018), Rudin 

(Rudin, 1957), Steinfurth foam stability (Steinfurth, Inc. Marietta, GA. USA) (Wallin et 

al., 2010), shake test (Kapp and Bamforth, 2002), Carlsberg automated analysis 

(Rasmussen, 1981), Blom (Blom, 1937), foam – lacing (Jackson and Bamforth, 1982) 

and the low-cost image analysis system (Cimini et al., 2016). These methods induce the 

foam formation by applying pressure using CO2 (Bamforth et al., 2011b, Cimini et al., 

2016). However, since this is not the natural foam formation process, these methods 

measure the capacity of foamability and/or foam stability of the beers, but not the real 

performance of each individual bottle. Therefore, these may be used to assess the quality 
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of raw material and beer formulation but not to assess the quality of individual beer 

bottles and their sealability. Furthermore, all except for the shake test and foam-lacing 

test, measure the beer samples between 20 and 25 °C, which are not the usual 

consumption temperatures of 4 – 14 °C according to the beer style (Cimini et al., 2016, 

LaVilla and Wynn, 2009). On the other hand, the methods belonging to category (ii) are 

the sigma value (ASBC, 2018), Constant method (Constant, 1992), foam cylinder 

method (Vundla and Torline, 2007), Ross and Clark (Amerine et al., 1942), foam collapse 

time and RoboBEER (University of Melbourne, Melbourne, VIC, Australia) (Gonzalez Viejo 

et al., 2016, Hutson, 2018, Marr, 2019). These methods assess foamability and foam 

stability by natural formation through either manual or automatic pouring, which 

simulate the real way of consumption, except for the Ross and Clark method, which 

alters the beers by degassing the samples (Bamforth et al., 2011b). In contrast with 

methods from category (i), which use CO2 pressure, most of those from category (ii) 

measure beer samples at refrigeration temperatures (4 – 6 °C), which are the regular 

consumption temperatures for most beers.  

 A drawback of most methods from both categories, except for the NIBEM, 

Steinfurth, Carlsberg, the low-cost image analysis system, and RoboBEER, is that the 

analyses are conducted manually and visually, which may lead to human errors. 

Furthermore, all methods except for the Constant Pour test and RoboBEER only measure 

one or two parameters (Table 1.2.1), which consist of half-life of foam, foam collapse 

time, foam stability, or lacing in the case of foam-lacing method. From all the methods, 

RoboBEER, which is an automated technique that consists of a robotic pourer constructed 

with LEGO® (The Lego Group, Billund, Denmark) blocks and servo motors along with 

low-cost sensors controlled by Arduino® boards (Arduino Computing platform, Ivrea, 

Italy), measures the highest number of parameters (15 parameters) related to foam, 

bubbles and color as well as CO2 and alcohol. This method is also able to assess the 

sealability of the final product, as reported by Gonzalez Viejo et al. (2016). RoboBEER is 

coupled with computer vision analysis using a systematic code developed in Matlab®; 

the algorithm can identify and measure the volume of the liquid and foam within time. 

This is then able to calculate parameters such as maximum volume of foam, and foam 

stability in two ways i) calculating the time that foam lasts from time 0 up to 5 min (total 

lifetime of foam) and ii) calculating the area under the curve from the maximum volume 

of foam until the 5 min, which is the duration of the videos.  A limitation to highlight 

from this method is that it is required to adjust the number of rotations and delay times 

according to the size and weight of the bottle to measure; however, this may be fixed 

by adding a sensor to detect the bottle dimensions and weight and automatically adjust 

the settings (Gonzalez Viejo et al., 2016).



 

17 
 

Table 1.2.1. Methods to assess foam-related parameters in beer and their working conditions. 

Method Foam formation Parameters Time Technique Sample temperature 
(°C) Reference 

NIBEM CO2 Pressure Foam stability 
Foam temperature 

Varies 
depending on 

sample 
Automatic 20 °C (Klopper, 1973, ASBC, 2018) 

Sigma value Manual pouring Foam collapse rate ~ 5 min Manual – Visual 22 – 27 °C (ASBC, 2018) 
Foam flashing CO2 Pressure Foam collapse rate 100 s Manual – Visual 25 °C (ASBC, 2018) 

Constant method Manual pouring 

Foam height 
Head 

Foam stability 
Half-life of foam 

Normalized half life 
Density of foam 
Quality of foam 

20 – 25 min Manual – Visual 4 °C (Constant, 1992) 

Foam cylinder 
method Manual pouring Volume of foam 

Foam collapse rate 15 min Manual – Visual 4 °C (Vundla and Torline, 2007) 

Rudin CO2 Pressure Foam stability ~10 min Manual – Visual 20 °C (Rudin, 1957) 

Ross and Clark Manual pouring Foaminess (time) 5 min Manual – Visual 15 °C (Amerine et al., 1942, Wilson 
and Mundy, 1984) 

Steinfurth foam 
stability CO2 Pressure Foam stability 

Foam decay 

Varies 
depending on 

sample 
Automatic 20 °C (Wallin et al., 2010, 

Analysenkommission, 2002) 

Shake test CO2 Pressure – 
Shaking Foam stability 30 min Manual – Visual 4 °C (Kapp and Bamforth, 2002, 

Evans et al., 2008) 
Carlsberg 
automated 

analysis 
CO2 Pressure Half-life of foam ~8 min Automatic 15 – 25 °C (Rasmussen, 1981) 

Foam collapse 
time Automatic pouring Foam collapse time 

Varies 
depending on 

sample 

Computer vision 
Manual / Semi-

automatic 
6 °C (Yasui et al., 1998) 

Blom CO2 Pressure Foam stability 
Half-life of foam ≥5 min Manual – Visual 20 °C (Blom, 1937) 

Foam – lacing CO2 Pressure Lacing ~15 min Manual – 
Spectrophotometer 10 °C 

(Evans et al., 2008, Jackson 
and Bamforth, 1982, Smith et 

al., 1998) 

Low-cost image 
analysis system CO2 Pressure 

Half-life of foam 
Beer–foam interface 

height 

Varies 
depending on 

sample 

Automatic – 
Computer vision 20 °C (Cimini et al., 2016) 
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RoboBEER Automatic pouring 

MaxVol 
TLTF 
LTF 

FDrain 
SmBubb 
MedBubb 
LgBubb 

Color: RGB 
CIELab 
Alcohol 

CO2 

5 min Automatic – 
Computer vision 4 °C (Gonzalez Viejo et al., 2016) 

Abbreviations: MaxVol = maximum volume of foam; TLTF = total lifetime of foam; LTF = lifetime of foam; FDrain = foam drainage; SmBubb 
= small bubbles; MedBubb = medium bubbles; LgBubb = large bubbles; RGB = red, green, blue; CO2 = carbon dioxide; NIBEM = National 
Institute for Malting Barley, Malt and Beer.
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 Foam measuring methods were first developed for beer around the 1930s 

(Bikerman, 1938); however, due to the increasing interest in assessing foam in 

carbonated beverages from its relationship with the products quality, some beer 

methods such as Ross and Clark and Rudin have been tested in sparkling wine (Amerine 

et al., 1942, Vincenzi et al., 2014). More specific methods for sparkling wine foam 

assessment have been developed such as the most widely used Mosalux method 

(Maujean et al., 1990), which consists of an adaptation of the Rudin method measuring 

the interruption of a beam of ultra-red light using an infrared emitter and receiver, and 

is able to measure three parameters i) maximum foam height, ii) foam stability height 

and iii) foam stability in time (Martínez-Lapuente et al., 2017). Another method named 

Computerized Assisted Viewing Equipment (CAVE) is an automated technique, which 

consists of a robotic pourer assisted by a computer and connected to a data recording 

system with three video cameras at different angles; this system is able to assess 

maximum foam thickness, total time of pouring, minimum and maximum height of foam, 

and velocity of foam and liquid (Cilindre et al., 2010). Other techniques such as 

FIZZeyeRobot (University of Melbourne, Melbourne, Vic, Australia) and the free pour 

method involve the automatic foam assessment using computer vision algorithms. The 

FIZZeyeRobot consists of an automatic robotic pourer from which 1 – 2 min videos are 

taken to be further analyzed using computer vision with similar algorithms to the 

RoboBEER method for beer and is able to measure parameters such as average lifetime 

of foam, initial height, height, velocity and time of collar, drainage, foam expansion, 

foam velocity, volume of foam, maximum volume time, percentage of wine in the foam, 

and ratio of small bubbles in the foam (Condé et al., 2017). The free pour method 

consists of a manual pourer with two cameras (top and side), the videos are analyzed 

using computer vision analysis with the ImageJ software and is able to obtain parameters 

such as maximum and minimum height of foam, foam stability and width of collar 

(Crumpton et al., 2018). On the other hand, Liger-Belair et al. (2000) assessed bubble 

dynamics in sparkling wine from enlarged images taken from one side of the glass using 

a stroboscope and a flash light on other sides of the glass.  

 

1.2.5 Carbonated beverages quality based on sensory analysis   

1.2.5.1. Descriptive sensory analysis 

 Descriptive sensory analysis is traditionally conducted using a trained panel and has 

the purpose of developing the sensory profile of a product by evaluating the intensities 

of the main descriptors. This type of sensory is usually used in new product development 

and to assess the quality of the same formulation in the different batches produced. The 
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traditional and most common descriptive method is the quantitative descriptive analysis 

(QDA®), which consists of a 15-cm non-structured scale with 10 – 16 trained panelists 

(Piper and Scharf, 2004, Stone et al., 2012), although some authors use a shorter 

continuous scale of 10-cm or 10-points. In the case of carbonated beverages, this type 

of sensory test is usually used as another method to assess the intensity of foamability, 

foam stability, bubbles and / or carbonation (Bamforth et al., 2011b, Gonzalez Viejo et 

al., 2016). While there are not many studies using descriptive sensory in carbonated 

water, carbonation mouthfeel is among the most explored attributes, this consists of the 

sensation which irritates the trigeminal nerve due to the carbonic anhydrase that is 

released when bubbles burst and that provide different descriptors such as tingling, 

burning, prickling, and numbing, among others (Hewson et al., 2009). Harper and 

McDaniel (1993) evaluated the effects of temperature and CO2 in the sensory rating of 

different descriptors such as bubbly, size of bubbles, sound of bubbles, gas expansion, 

burn, numbing, and bite mouthfeel to mention a few, using a scale from 0 = none to 15 

= extreme. The authors found that cooling, bite, burn and numbing mouthfeel were 

higher are cooler temperatures (3°C), while bubble size and sound increased at higher 

temperatures (10°C). Rey-Salgueiro et al. (2013) used a scale from 0 = absence to 10 

= intense to assess different descriptors related to taste, texture, and appearance to 

relate them to the chemical components of different carbonated waters. Likewise, 

Dessirier et al. (2000) used a 10-point scale from 0 = absent to 10 = very strong to 

assess the carbonation sensation in the tongue. Kappes et al. (2007) used a 15-cm scale 

to rate different sensory descriptors in flavored carbonated beverages and found a 

positive correlation between the level of carbonation and sourness (R = 0.79), and a 

negative correlation with astringent (R = -0.82) and bitterness (R = -0.88). 

 In beer, there have been more studies using descriptive analysis to assess attributes 

related to foam and carbonation. Da Costa Jardim et al. (2018) assessed Brazilian beers 

using QDA® analysis with a panel of eight subjects to evaluate 15 descriptors related to 

flavor, taste, and appearance, such as foam persistence. Similarly, Medoro et al. (2016) 

evaluated Italian beers using QDA® to assess 28 descriptors of aromas, taste, 

appearance including foam persistence, and mouthfeel, which included carbonation. 

However, although these two studies claim that they conducted a QDA® method, they 

used a 9-point scale, which is not the traditional 15-cm or 6-inch scale used for this 

technique (Piper and Scharf, 2004, Stone et al., 2012).  

 Descriptive sensory analysis has also been used to assess differences in foam-

related parameters of different beer styles or treatments. Bobková et al. (2013) used 

the International Standard ISO 8586-2:2008 (ISO, 2008) to train the panelists and 

assess beers with saccharose using a 9-point scale and found that foam stability 



 

21 
 

decreased with the addition of saccharose. On the other hand, Gonzalez Viejo et al. 

(2016) assessed different beer samples from the three different types of fermentation 

using QDA® with a 15-cm non-structured scale and found that the spontaneous 

fermentation beers had the highest foamability and foam stability. Furthermore, these 

authors found a positive relationship between the level of CO2 and the intensity of sour 

taste as well as some aromas such as floral, spicy and burnt sugar. Recently, more novel 

techniques have been developed using robotics and computer vision (RoboBEER 

method), and machine learning, specifically artificial neural networks (ANN) to assess 

ten different sensory descriptors such as bitter, sweet and sour tastes, grains, hops and 

yeast aromas, viscosity, astringency, carbonation mouthfeel and hops flavor using the 

15 color and foam-related parameters obtained from RoboBEER (Table 1.2.1) with a very 

high accuracy with correlation coefficient R = 0.91. This was possible due to the influence 

of color and foam-related parameters of the aforementioned sensory descriptors. 

Furthermore, this method was tested in beer samples brewed using audible sound during 

fermentation and during carbonation with high accuracy (R = 85) (Gonzalez Viejo et al., 

2018d). Therefore, this technique aids in the fast-screening of beer samples to reduce 

time and costs that the traditional sensory sessions involve with the advantage that this 

method is able to obtain both physical and sensory parameters and it may be used for 

any other carbonated beverage by using the corresponding targets for ANN models.  

 In sparkling wine, apart from the descriptive analysis, studies using tests such as 

temporal check all that apply (TCATA) have been used. McMahon et al. (2017b) assessed 

some descriptors related to carbonation such as bubble pain (pain felt in mouth when 

bubbles burst), creaminess (smoothness given by small or dense bubbles) and foamy 

(sensation of foam expanding in mouth) mouthfeel with a trained panel using a 15-cm 

continuous scale with anchors at 1.5 = low and 13.5 = high in sparkling wines with 

different sugar types and levels. McMahon et al. (2017a) compared two sensory 

methods, descriptive analysis with a 15-cm scale and TCATA, to assess sparkling wines 

with different carbonation levels; in this study, the mouthfeel of different carbonation-

related descriptors such as burning, numbing, bubble pain and foamy, among others 

were evaluated. On the other hand, White and Heymann (2015) evaluated the sensory 

profile of sparkling wines over time and described that they used a “generic” sensory 

descriptive test with a trained panel; however, did not specify which method and scale 

they used. Culbert et al. (2015) found a separation of sparkling wines into their 

production method based on their sensory profile for attributes such as aromas (floral, 

toasty, confectionery and tropical) and other attributes as sweetness and meaty/savory 

flavor, among others obtained using a 15-cm scale.  
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1.2.5.2. Consumer sensory analysis 

 Consumer sensory tests are highly relevant to assess the most important attributes 

of a product that are related to quality perception and acceptability. The most popular 

consumer sensory methods are the traditional 9-point hedonic scale (1 = dislike 

extremely, 5 = neither like nor dislike, 9 = like extremely) and preference test based on 

either ranking (Figure 1.2.1) or choice of preferred sample (Lawless and Heymann, 2013, 

Stone et al., 2012). Similar to descriptive sensory analysis, there are not many studies 

using acceptance sensory tests in carbonated water. However, in the few published 

studies, authors have used different scales or tests to assess liking or preference. Risso 

et al. (2015) used a 150-mm continuous scale from “not at all” to “very much” with 28 

consumers, which is not a typical or recommended scale to be used with consumers. In 

that study, the authors assessed the perception and expectations of waters with different 

carbonation levels contained in glasses with different colors finding that red glasses elicit 

a perception and expectation of higher carbonation. Barker et al. (2002) used a paired 

comparison test to assess whether the participants were able to identify the sample with 

highest carbonation using samples with different residual CO2 and with small and medium 

bubbles, concluding that most consumers prefer smaller bubbles; however, this study 

must be conducted with higher number of consumers as only 17 participants were used, 

which is not enough to find significant differences. On the other hand, Zampini and 

Spence (2005) evaluated the carbonation of waters from the effect of sound with 24 

consumers using a scale from 0 = still to 100 = sparkling, concluding that the perceived 

carbonation level and oral irritation were not influenced by different carbonation sounds. 

According to Des Gachons et al. (2016), the carbonation mouthfeel increases thirst 

quenching when compared to still beverages, therefore, some authors (Barker et al., 

2002, Khan and Duraiswamy, 2012) have attempted to alter bubble size in sparkling 

water by injecting CO2 to modify the fizzing sensation. More recently, Gonzalez Viejo et 

al. (2019c) applied audible sound (25 – 75 Hz) to modify bubble size in commercial 

carbonated water and found that it increased consumers acceptability (9-point hedonic 

scale). A similar treatment was applied to reduce bubble size and increase foamability 

in beer, which may be used to increase the quality (Gonzalez Viejo et al., 2018d). This 

method may be tested for its effect on thirst quenching to find if the bubbles modification 

has any effect on it. 

 There have been some studies in beer to assess consumer acceptability, including 

their perception based on foam and carbonation. Hong et al. (2017) used a 9-point 

hedonic scale to assess the acceptability of beers among Korean consumers evaluating 

attributes including foam volume, total CO2 and density, among others. Donadini et al. 

(2016) assessed different sensory descriptors such as carbonation, body, and alcohol, 
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among others using a hedonic scale with consumers from three different countries: Italy, 

Poland, and Spain. Other authors have assessed beer acceptability based on the visual 

assessment of foam using images of three different beers i) flat, ii) medium foam and 

iii) high foam using different techniques such as the path analysis method of eliminating 

preferred stimuli (Smythe and Bamforth, 2003), preference test with ties and “none” 

option (Bamforth, 2000) and using a 7-point Likert scale (Donadini et al., 2011), in 

general, these studies concluded that consumers prefer beers with moderate or medium 

level of foam.  

 Recently, another method involving the use of non-invasive biometrics has been 

used to assess consumers acceptability from conscious and subconscious (emotional, 

physiological) responses (Figure 1.2.1). This method consists of an automated 

integrated camera system, which includes an infrared thermal FLIR AX8™ camera and 

Android® tablet coupled with a Bio-Sensory application to display the sensory 

questionnaire; the method also involves the analysis of videos from participants using 

computer vision to assess eight emotions, two dimensions (valence and arousal), heart 

rate and body temperature (Fuentes et al., 2018). Gonzalez Viejo et al. (2019a) used 

this method along with an electroencephalogram (EEG) device to assess brain wave 

responses to assess beers from different types of fermentation and foamability and used 

ANN to develop three models to classify beer samples into low and high levels of liking 

of i) flavor, ii) carbonation mouthfeel and iii) overall liking using only the subconscious 

responses as inputs; all models presented high accuracy > 80% (Figure 1.2.1a). 

Furthermore, Gonzalez Viejo et al. (2018a) evaluated the perceived quality and liking of 

foam-related parameters from visual assessment using videos from the pouring of beer 

samples from the RoboBEER to uniform the pouring and using the integrated camera 

system and Bio-Sensory App along with eye tracking; the authors were able to develop 

an ANN model to classify beers into low and high level of liking of foamability with 82% 

accuracy using only the biometric responses from consumers as inputs (Figure 1.2.1b). 

On the other hand, a more cost-efficient and less time-consuming instrumental method 

was developed using robotics and machine learning by measuring the 15 color and foam-

related parameters with the RoboBEER method as inputs for an ANN multi-target 

regression model to predict the mouthfeel carbonation, bitter taste, flavor and overall 

liking in which the outputs are given in a 9-point hedonic scale (Figure 1.2.1c) (Gonzalez 

Viejo et al., 2019b). These novel methods may be applied to any other carbonated 

beverage and machine learning models may be developed using the corresponding 

targets for the specific products.  

 In sparkling wine, there have been more studies using descriptive sensory methods 

than consumer tests. However, authors such as Culbert et al. (2017) conducted a study 
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to assess consumer acceptability of Australian sparkling wines from different production 

methods. In that study, the authors used a 9-cm hedonic continuous scale and found 

that wine produced with the Charmat method was the most liked. On the other hand, 

McMahon et al. (2017b) assessed the consumer acceptability of sparkling wines with 

different types and levels of sugar using a 9-point hedonic scale and evaluated the liking 

of different sensory attributes such as carbonation mouthfeel, foamy and overall 

acceptance, among others, finding a strong and positive correlation between overall 

liking and liking of carbonation (r2 = 0.95) and foamy liking (r2 = 0.94).  

 As Figure 1.2.1 shows in the summary of the available methods to assess sensory 

acceptability that may be applied to any carbonated beverages, the more advanced 

methods involve the use of machine learning modelling, biometrics, and/or robotics. 

Machine learning is an emerging technology that has been recently applied as a potential 

fast-screening tool to assess acceptability of multiple new beer products, which aids in 

the elimination of the fatigue limitation of consumers due to a large number of prototypes 

in the products development stage. Furthermore, specifically ANN has as an advantage 

that predictive models may be developed using multitargets, which also reduces the time 

of analysis. This offers more reliable, more affordable and less time-consuming 

techniques to assess consumer perception and acceptability for carbonated beverages 

that may be focused on their color and foam-related parameters.  
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Figure 1.2.1. Representation of sensory acceptability methods to assess carbonated 
beverages, including the traditional and more advanced techniques including non-
invasive biometrics, robotics, and machine learning techniques. Showing the model 
diagrams to assess a) low and high levels of liking of carbonation mouthfeel, flavor and 
overall liking using biometrics as inputs, b) low and high levels of liking of foam using 
biometrics and color and foam-related parameters as inputs, and c) rating of carbonation 
mouthfeel, bitter taste, flavor and overall liking using color and foam-related parameters 
as inputs. 



 

26 
 

1.2.6 Future trends 

 Due to the increasing interest and importance of the development and application 

of new and emerging technologies in food control and more specifically in the quality 

assessment of carbonated beverages based on the foamability, foam stability and 

bubbles, trends are more focused in the development of automated, cost-effective and 

less time-consuming physico-chemical and sensory methods using robotics, computer 

vision and machine learning. However, even though these have been successful in the 

assessment of beer color and foam-related parameters as well as the sensory descriptors 

and consumer acceptability, they have not yet been developed for other beverages such 

as carbonated water and sparkling wine. Despite that there are already methods 

involving computer vision and robotics for sparkling wine, the application of machine 

learning and biometrics to predict sensory attributes have not been explored yet. While 

carbonated water is an important product due to the increasing consumption, there are 

not many studies exploring efficient methods to assess the carbonation, and bubble size, 

distribution, and dynamics. The application of the emerging technologies for quality 

assessment of carbonated beverages based on bubble and foam-related parameters 

would potentially allow their implementation in the industry to evaluate the products 

within the production line in real-time. This would aid in the quality control to detect 

defects in these parameters on time and avoid any economic losses due to low quality 

products in the market. 
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Abstract:  

Beverages is a broad and important category within the food industry, which is 
comprised of a wide range of sub-categories and types of drinks with different levels of 
complexity for their manufacturing and quality assessment. Traditional methods to 
evaluate the quality traits of beverages consist of tedious, time-consuming, and costly 
techniques, which do not allow researchers to procure results in real-time. Therefore, 
there is a need to test and implement emerging technologies in order to automate and 
facilitate those analyses within this industry. This paper aimed to present the most 
recent publications and trends regarding the use of low-cost, reliable, and accurate, 
remote or non-contact techniques using robotics, machine learning, computer vision, 
biometrics and the application of artificial intelligence, as well as to identify the research 
gaps within the beverage industry. It was found that there is a wide opportunity in the 
development and use of robotics and biometrics for all types of beverages, but especially 
for hot and non-alcoholic drinks. Furthermore, there is a lack of knowledge and clarity 
within the industry, and research about the concepts of artificial intelligence and machine 
learning, as well as that concerning the correct design and interpretation of modeling 
related to the lack of inclusion of relevant data, additional to presenting over- or under-
fitted models. 
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1.3.1 Introduction 

 Beverages are often classified into three main categories: (i) Alcoholic drinks, (ii) 

hot drinks, and (iii) non-alcoholic drinks. Alcoholic drinks (i) refer to those beverages 

that are composed of a minimum alcohol content, which varies according to the 

regulations from each country; examples from this category include beer, wine, and 

spirits (Pang et al., 2017). The hot drinks group (ii) is mainly composed of coffee, tea 

and hot chocolate (Pushpangadan et al., 2012). On the other hand, non-alcoholic drinks 

(iii) includes juices, still and carbonated water, milk, and soft drinks, which are those 

that do not belong to any of the other categories and that usually contain sweeteners, 

acids, flavoring agents and/or carbonation, such as carbonated beverages, energy, and 

sports drinks, among others (Mise et al., 2013, Schwarz et al., 1994). Quality 

assessment is critical to meet consumers’ demands and to offer products with high 

standards that comply with regulations. For all types of beverages, the quality traits to 

control may vary due to the specific characteristics of each product. However, in general, 

parameters such as color, clarity, tastes, aromas, flavors, pH, viscosity and density are 

standard quality indicators (Plutowska and Wardencki, 2008, Gonzalez Viejo et al., 

2019b).  

 In carbonated drinks, other descriptors such as bubble and foam-related parameters 

are among the most important (Gonzalez Viejo et al., 2016, Bamforth et al., 2011), while 

proteins or amino-acids and carbohydrates must be considered in beverages such as 

wine, beer, coffee, tea, hot chocolate and juices (Gonzalez Viejo et al., 2018e, Belitz et 

al., 2009, Cullen et al., 2011). 

 Traditional methods to assess quality in beverages involve tedious and time-

consuming laboratory analysis, which usually requires several expensive apparatuses 

and the use of consumables and skilled personnel to operate them. These techniques 

generally involve equipment such as gas chromatography (GC), high-performance liquid 

chromatography (HPLC), spectrometers for UV-visible and near-infrared, colorimeters 

and viscometers, among others (Wang et al., 2017). Furthermore, sensory evaluation is 

used to assess the intensities of organoleptic descriptors, such as flavor, aroma, 

mouthfeel, and tastes, among others. This type of sensory test requires a fixed panel of 

eight to sixteen participants with several training sessions for the specific product, which 

leads to costly and time-consuming methods, including conducting the sessions, data 

handling and statistical analysis (Piper and Scharf, 2004). Some industries (i.e., 

brewing), rely on one or two people, such as the master brewer, to assess the sensory 

quality of the product; however, this is not an objective, accurate nor reliable method, 

as it does not follow any structured and quantitative method, and does not involve any 

statistical analysis (Gonzalez Viejo et al., 2018c). Another type of sensory test is the 
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acceptability, which consists of gathering a minimum of 30–100 consumers, depending 

on the number of samples to evaluate and the target mean values expected for liking 

results. This, along with the extended questionnaires typically presented to participants, 

make the techniques time-consuming and subjective, as they rely on the consumers 

responses that may be biased, due to many factors such as cultural effects; for example, 

Asians have shown a trend to be polite and avoid using the extremes of the scales (Kemp 

et al., 2011, Stone et al., 2012). Therefore, the use of biometrics to assess consumers’ 

subconscious responses by tapping into the autonomic nervous system has been 

implemented, obtaining interesting results, which will also be reviewed in this paper 

(Gonzalez Viejo et al., 2018a, Gonzalez Viejo et al., 2019a). 

 Some novel methods, which involve the use of automated analysis techniques 

coupled with artificial intelligence (AI), such as computer vision (CV), have been 

developed to assess some of those quality parameters in food and beverages. These are 

more cost-effective and less time-consuming methods, which allow having more 

objective, accurate, consistent, and reliable results (Gill et al., 2011). These techniques 

involve the use of different data sources, such as images or videos, which are then 

processed using computer-based algorithms, which may be fully automated by coupling 

it with the use of robotics, and integrated with the use of machine learning (ML) modeling 

to predict the quality of the final product based on different measured parameters. Those 

methods may also consist of the use of multisensor systems or arrays of sensors, which 

are usually integrated with other AI techniques to assess specific quality parameters, 

such as aromas, tastes, defects, and processing conditions, among others. This paper 

aimed to present the most recent developments in low-cost, reliable, and accurate 

remote or non-contact techniques, which involve the use of computer vision, robotics, 

machine learning, and biometric methods to assess quality in the beverage industry to 

date. The contact sensor technology was reviewed only for those techniques in which 

they are coupled with any of the aforementioned technologies, and for comparison 

purposes when appropriate. 

 

1.3.2 Robotics 

 Robots refer to machines that can perform tasks or operations by themselves after 

being programmed using a computer (Ceccarelli, 2004). Those tasks may be either 

simple and repetitive, or adaptive and more complex, in which the latter requires the 

integration of other AI methods, such as CV and ML, to continually retrain and learn to 

carry out more advanced operations (Dell Technologies, 2018). The use of robotics in 

the food and beverage industries has increased, as they have the advantage of being 
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reliable, not getting tired or bored, and tasks may be done in less time with high accuracy 

and precision (Nayik et al., 2015). Within the main applications of robotics in the 

beverage industry are packaging, palletizing, pick and place, and production (Iqbal et 

al., 2017). However, some companies and research entities have coupled them with AI 

divisions for more automated applications such as inspection, quality control, and as 

pourers or dispensing machines for beverages, which are the most common, among 

others (Caldwell, 2012). 

1.3.2.1 Robotics in Alcoholic Beverages 

 The category of alcoholic beverages has been the most explored in terms of robotics 

development for product development, production, and quality assessment. A robotic 

cocktail mixer named Makr Shakr has been developed using AI, and it works using a 

mobile application in which the user is able to design their cocktail drink from a selection 

of 60 different spirits, and them it is prepared by two robotic arms (MAKR SHAKR Srl). 

For the wine production industry, robots have been developed to carry out the bottling 

and packaging tasks, which consists of a Model 94 decaser (A-B-C Packaging Machine 

Corporation, Tarpon Springs, FL, USA), which is able to pick the wine bottles and place 

them into a conveyor that transports them to the cleaning area, and this is then followed 

by filling, corking or capping, all in an automated process (Wilson, 2016). Conde et al. 

(Condé et al., 2017) developed a robot (FIZZeyeRobot, The University of Melbourne, 

Melbourne, Victoria, Australia) to uniform sparkling wine pouring, and this robot is able 

to serve around 50 mL up to three times from the same bottle; it works with Arduino® 

boards (Arduino Computing platform, Ivrea, Italy) and servo motors, and may be 

calibrated by modifying the angle of the bottle position and the delay times. This pourer 

was designed to control the serving volume, and to further use CV to measure foam and 

bubble-related parameters; this will be further explained later in this review.  

 Regarding beer, a robotic beer dispenser has been developed using two robotic 

arms; one is programmed to hold the glass, while the other is able to control the tap; 

both are controlled using RobotStudio® (ABB Robotics, Zürich, Switzerland) (Peano and 

Chiaberge, 2018). Yasui et al. (Yasui et al., 1998) developed an automatic pourer, which 

consists of a pivot point at the neck of the beer bottle and motion; however, the authors 

did not specify the type of motors and controllers used; this machine may hold and serve 

several bottles simultaneously. The purpose of this robot is to control pouring to measure 

foam collapse time; therefore, the height of the bottle is also controllable. More recently, 

a robotic pourer named RoboBEER (The University of Melbourne, Melbourne, VIC, 

Australia) was developed using LEGO® blocks and servo motors (The Lego Group, 

Billund, Denmark), and this is coupled with infrared temperature, carbon dioxide, and 

ethanol gas ubiquitous sensors controlled with Arduino® boards. This robot consists of a 
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glass chamber, a bottle holder and a pivot in the bottle neck, and may be adapted for 

any bottle shapes and height to pour 80 ± 10 mL; this, coupled with CV and ML, is able 

to predict beer quality based on color and foam-related parameters, which will be 

explained later in this paper (Gonzalez Viejo et al., 2018a, Gonzalez Viejo et al., 2016, 

Gonzalez Viejo et al., 2018d, Gonzalez Viejo et al., 2018c, Gonzalez Viejo et al., 2019c, 

Marr, 2019, Hutson, 2018). 

1.3.2.2 Robotics in Hot Beverages 

 In tea and coffee, robots have been developed for brewing and dispensing purposes. 

Kayaalp et al. (Kayaalp et al.) designed a tea brewing machine, which is able to make 

cups of tea in specific times with adequate water temperature and record the 

consumption patterns; this system works with Arduino® boards and Wi-Fi connectivity. 

Another recent development was a robot named Teforia; it consists of an in-home tea 

maker in which the user is able to add any combination of tea leaves and water, then 

the robot is controlled using a smartphone application to start the process; it claims to 

be able to brew the beverage to achieve the optimal flavor profile for each consumer 

(Buhr, 2015a). TeaBOT is another tea brewing robot capable of making a cup of tea in 

30 s; it is pre-loaded with a selection of leaves, and the user is able to choose in a tablet 

the combination and proportion to create a personalized cup of tea (Buhr, 2015b). 

 In the case of coffee, a robotic coffee maker, Mugsy, was developed using Raspberry 

Pi (Raspberry Pi Foundation, Cambridge, UK), and it is possible to integrate it with 

different applications such as text messages, Twitter or an Alexa device (Amazon, 

Bellevue, WA, USA), which are used to indicate to the robot to start brewing the coffee. 

Mugsy is capable of grinding coffee beans, controlling the water temperature and pouring 

the brew into a cup, and is able to learn and personalize the drink for specific users 

(Coward, 2019). Furthermore, a kiosk, CafeX, was created; it consists of two coffee 

makers and a six-axis robotic arm. The user is able to choose the type of brew from a 

tablet, and the robot is able to perform the tasks of a barista in a shorter time and with 

more precision (Budds, 2018). 

1.3.2.3 Robotics in Non-Alcoholic Beverages 

 Some recent developments have been made related to robotics in non-alcoholic 

beverages; Do and Burgard (Do and Burgard, 2018) used a commercial robotic pourer 

PR2 (Willow Garage, Palo Alto, CA, USA), which consists of two arms and a screen; the 

authors integrated it with a camera, which is able to detect the level of the liquid to 

predict when to stop serving. Morita et al. (Morita et al., 2018) developed a teahouse, 

which consists of a motion-sensing device to count the number of people entering the 

establishment; they are then directed to the counter, where a microphone with speech 
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recognition was implemented to take the order. A robotic arm was designed to pick a 

cup and serve the beverage ordered (orange juice, apple juice or iced tea), a second 

robot was programmed to pick the bottled soft drinks and take them to the clients’ table, 

while a third machine was intended to have a conversation with clients while waiting for 

the order. Cai et al. (Cai et al., 2014) developed a robotic beverage maker, which 

consists of a screen for the user to select the desired drink. The device has an arm to 

hold the container and is able to rotate and find the raw material according to the 

selection made, which may be tea, ice, and/or syrup, followed by the shaking step to 

pour it into a glass. More recently, a robotic machine was developed to make smoothies; 

it was designed as a vending machine, and users are able to download an application to 

choose the recipe according to their preferences, then a Quick Response (QR) Code is 

generated and read by the apparatus to make the desired beverage (Albrecht, 2018). 

 

1.3.3 Computer Vision Techniques 

 The CV technique refers to a subdivision of AI, which consists of automatic 

information extraction from either images or videos by imitating the human eye functions 

(Awwad et al., 2018). It can be coupled with robotics, specific equations or algorithms, 

basic statistics, and ML algorithms, to fully automate the technique as an AI system; this 

may allow the procedure to be stand-alone and to classify or predict the quality 

parameters of the product. Some advantages include that it is non-destructive, non-

contact, may be replicated, is automatic, and therefore, considered as a rapid method, 

which is more accurate and reliable than some traditional procedures such as visual 

inspection and sensory analysis, which include human error as a possible drawback (Gill 

et al., 2011, Wu and Sun, 2013). 

 The procedure of CV consists of three main steps to follow for the image or video: 

(i) Acquisition, (ii) pre-processing, and (iii) analysis and interpretation. For (i) 

acquisition, the equipment needed consists of a camera or scanner and a constant and 

uniform lighting source (Lukinac et al., 2019). For (ii) pre-processing and (iii) analysis 

and interpretation, the use of a computer and software with image analysis capabilities 

such as Matlab® (MathWorks Inc., Natick, MA, USA), ImageJ® (U. S. National Institutes 

of Health, Bethesda, MD, USA) or Image-Pro Plus (Media Cybernetics, Inc., Rockville, 

MD, USA) is required (Figure 1.3.1) (Solem, 2012, Marques, 2011). Specific algorithms 

need to be developed according to the type of visual assessment and the parameters to 

evaluate. These may consist of image enhancement, segmentation, recognition, and 

interpretation (Sun, 2000). Enhancement refers to the optimization of the images to 

improve their quality; it may include sharpening, contrast adjustment, and denoising, 
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among others (Sarangi et al., 2014). Segmentation is the division of the images or 

frames in specific regions of interest. Recognition usually consists of specific 

mathematical equations or integration of other algorithms to define or detect the object 

or area of interest, while interpretation involves the use of statistical analysis, which may 

include machine learning to classify the product into different categories or predict more 

specific information (Vala and Baxi, 2013). Methods involving computer vision have been 

developed to be used in different industries such as medical, marketing, psychology, 

agriculture, food, and beverages, among others. This technology has been used for 

different applications, which include an assessment of hand hygiene (Awwad et al., 

2018), face recognition and tracking (Gonzalez Viejo et al., 2019a), object (Fuentes et 

al., 2018b) and text recognition (Szeliski, 2010), and color analysis (Wu and Sun, 2013, 

Fuentes et al., 2018b, Gonzalez Viejo et al., 2016), among others. The food industry is 

among the top industries with the fastest growth in the automation of quality assessment 

using machine or CV (Sun, 2016). 

 

Figure 1.3.1. Diagram showing the equipment typically needed for computer vision (CV) 
analysis, which consists of a camera, the sample, a light-source, and computer software 
for analysis. 
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1.3.3.1 Computer Vision in Alcoholic Beverages 

 There have not been many CV methods developed for spirits. However, in beverages 

such as cachaça, which is a Brazilian distilled drink made from sugarcane, a method to 

assess color from image analysis was developed using a lighting source below the glass 

as a background and a digital camera placed above the glass, obtaining results in both 

RGB and CIELab color scales (Rodrigues et al., 2014). Pessoa et al. (Pessoa et al., 2017) 

developed a method based on color assessment to determine copper in sugarcane spirits 

using images captured with a digital camera with a Bayer RGB mosaic filter, which 

consists of a grid of color filters and photosensors, and a charge-coupled device, apart 

from an illuminated black box, and a porcelain plaque. Wang et al. (Wang et al., 2012) 

presented a technique to detect foreign matter in Chinese health wine to assess the 

safety and quality of the final product at the end of the production line. 

 Several methods using CV have been developed to evaluate different quality 

parameters in wine. Martin et al. (Martin et al., 2007) analyzed the color of different 

wines using a digital camera and DigiEye system (VeriVide Ltd., Leicester, UK) and 

evaluated the samples poured into a Petri dish and a cocktail glass at different depths. 

The authors found the best results with the samples in a cocktail glass and obtained a 

high correlation (r > 0.90) between the instrumental color measurements (lightness, 

colorfulness, and hue composition) and the non-contact assessment using the DigiEye 

system. In another study, a low-cost method using a smartphone was developed to 

assess the browning process of sparkling wines, and this was achieved by using a black 

box with a diffuse lightbox below a 96-well plate to evaluate several samples 

simultaneously. The software used to assess color in RBG scale through image analysis 

was ImageJ® (Pérez-Bernal et al., 2017). Arakawa et al. (Arakawa et al., 2015) 

developed a sniffer camera to assess ethanol in wine by placing an enzyme mesh 

substrate over the glass and capturing images using a charge-coupled device camera. 

 In sparkling wine, several methods to assess bubbles and foam-related parameters 

have been developed. Cilindre et al. (Cilindre et al., 2010) applied an automated method 

called Computerized Assisted Viewing Equipment (CAVE), which used three video 

cameras to record the wine during pouring to assess parameters such as serving time, 

height of foam, foam velocity and foam thickness, among others. 

 Conde et al. (Condé et al., 2017) used the FIZZeyeRobot to pour sparkling wine 

samples and analyzed 12 parameters, such as foam stability, volume of foam, bubble 

size, collar and foam drainage, among others, using a smartphone to capture videos of 

the pouring, and analyzing them using customized codes developed in Matlab®. More 

recently, Crumpton et al. (Crumpton et al., 2018) developed the free pour technique by 
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manually pouring sparkling wine samples and recording them using one camera on the 

top and one on the side of the glass; videos were post-processed using ImageJ® software 

to assess collar width and foam height and stability. 

 Beer is the alcoholic beverage for which more methods have been developed using 

CV techniques, as the main quality traits of this type of drink are the color, bubbles, and 

foam-related parameters. Silva et al. (Silva et al., 2011) recorded images of pale lager 

samples poured into Petri dishes using a desk scanner and analyzed with a Scilab 

software (Scilab Enterprises, Rungis, France) to get color in the RGB scale of each beer 

sample. Fengxia et al. (Fengxia et al., 2004) used a Microtek ScanMaker E6 scanner 

(Microtek Corp., Hsinchu, Taiwan) and a Vcam charge-coupled device camera (Ame 

Corp., Hsinchu, Taiwan) to capture images of beer samples; they measured the color in 

the RGB scale and calculated the saturation value to further obtain the results in the 

European Brewery Convention (EBC) scale. Bubble haze refers to a large number of 

micro-bubbles formed when the beer is poured, and that circulate the liquid before 

reaching the surface. Based on the latter, Hepworth et al. (Hepworth et al., 2001) 

developed a method to measure the surge time, rise velocity of haze and bubble size 

using a charge-coupled device camera and the Matrix Vision image processing software 

(Matrix Vision GmbH, Oppenweiller, Germany). In another study, Hepworth et al. 

(Hepworth et al., 2004) developed a CV method to measure the bubble size distribution 

using a charge-coupled device camera with a chip able to capture pixels and convert into 

images to be further analyzed using Image-Pro Plus 4.1 software. 

 Different methods to analyze foam-related parameters in beer have been developed, 

such as foam collapse time or stability, which consists of the video recording of beer 

pouring using a charge-coupled device camera, and analyzed using computer software 

whose name was not specified by the authors (Yasui et al., 1998). However, most of 

those techniques require the use of a charge-coupled device camera and specialized 

equipment such as a nozzle, water jackets, and a chip attached to the camera, among 

others; these make them less affordable and available to other users. Therefore, other 

methods, such as the low-cost image analysis Rudin method developed by Cimini et al. 

(Cimini et al., 2016) require the use of an affordable Raspberry Pi computer and camera 

module, but it is only able to measure the foam half-time. A newly developed method 

using Matlab® algorithms to assess beer color and foam-related parameters were 

presented by Gonzalez Viejo et al. (Gonzalez Viejo et al., 2016). In this study, 5-min 

videos of samples from the three different types of fermentation (top, bottom and 

spontaneous) were recorded during automated pouring using the RoboBEER and a 

smartphone camera. Videos were further analyzed obtaining 13 parameters such as color 

in CIELab and RGB scales, bubble size distribution (small, medium, large), foam 
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drainage, lifetime of foam, total lifetime of foam and maximum volume of foam using 

computer vision techniques, plus two parameters (ethanol gas and carbon dioxide) 

obtained from ubiquitous sensors attached to Arduino® boards. 

1.3.3.2. Computer Vision in Hot Beverages 

 Some CV techniques in tea and coffee have been developed; however, there is still 

a broad area within hot beverages that may be explored to automate and ease their 

quality assessment. Image analysis has been implemented in tea, especially to evaluate 

color and texture in leaves during or after fermentation in order to assess the quality of 

the primary ingredient of the beverage. Dong et al. (Dong et al., 2017) evaluated the 

color of green tea leaves using a single-lens reflex camera and uniform lighting, which 

were then analyzed in a computer to obtain RGB, HSV, CIELab, and gray color scales. 

Singh and Kamal (Singh and Kamal, 2013) analyzed the color and size of fermented tea 

grains to calculate the tea quality index (TQI; Equation (1)) using a charge-coupled 

device camera with uniform lighting to acquire the images, and these were processed 

using gray image histogram extraction, image enhancement, zoom, thresholding and 

segmentation steps. 

 

(𝑅𝑅𝑄𝑄𝑇𝑇 =  𝑘𝑘𝑟𝑟𝐴𝐴𝐴𝐴 + 𝑃𝑃𝐴𝐴𝑟𝑟𝑃𝑃𝑃𝑃𝐴𝐴𝑅𝑅𝐴𝐴𝑟𝑟 + 𝑅𝑅𝑃𝑃𝐴𝐴𝑃𝑃𝐴𝐴𝑅𝑅𝐴𝐴𝑟𝑟 + 𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵) (8) 

where TQI = tea quality index, Area, Perimeter, and Diameter of the tea grains, R = red, 

G = green, and B = blue. 

 On the other hand, Kumar et al. (Arvind Kumar et al., 2011) used a charge-coupled 

device camera to evaluate the color of tea liquor in the RGB scale and transformed it to 

CIELab, as this is considered as closer to human color perception. In a more recent 

study, Akuli et al. (Akuli et al., 2016) developed a method to assess color in tea liquor 

or infused tea using a black box with uniform illumination, and a low-cost camera 

positioned 30 cm above the sample, and thus they obtained color in both RBG and CIELab 

scales. 

 Similar to tea, most of the CV methods developed for coffee have been to analyze 

coffee beans’ quality parameters and are more focused on the color assessment. Oblitas 

and Castro (Oblitas Cruz and Castro Silupu, 2014) designed a system to evaluate the 

color of roasted coffee beans by placing the sample in a Petri dish inside a chamber with 

a uniform lighting source, and recording it with a video camera to further process it using 

an algorithm written in Matlab®, the obtaining values in the CIELab color scale. Várvölgyi 

et al. (Várvölgyi et al., 2014) presented another technique to measure color using a 

charge-coupled device camera, 12 halogen lights, and a metal holder for the sample to 
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obtain the hue of roasted coffee beans; however, the authors did not mention the 

software used to analyze the images. In a more recent study, Morais de Oliveira et al. 

(Morais de Oliveira et al., 2016) reported a CV system to evaluate green Arabica coffee 

beans using a black chamber composed of white lighting, and a digital camera, which 

was fixed 40 cm above the sample. Images were converted to the tagged image file 

format (TIFF) using the Digital Photo Professional® software (Canon Inc., Ōta, Tokyo, 

Japan) and analyzed using ImageJ® by cropping the images and measuring color in RGB 

and CIELab scales. Chu et al. (Chu et al., 2018) used hyperspectral imaging to obtain 

the near-infrared spectra of coffee beans within the 874–1734 nm range by building a 

device consisting of a conveyor belt with a motor, uniform illumination and a charge-

coupled device camera with a spectrograph and a lens placed 32 cm above the sample. 

Images were acquired with the Spectral-Cube software (Isuzu Optics Corp., Hsinchu, 

Taiwan) and processed using the ImSpector N17E (Spectral Imaging Ltd., Oulu, Finland). 

On the other hand, Piazza et al. (Piazza et al., 2006) assessed the foamability of brewed 

coffee made with 70% Arabica and 30% Robusta; the beverage was poured in a Plexiglas 

vessel and stirred to form foam, then images were scanned at different times (40–1860 

s) and processed using Image-Pro Plus 5.0 software. Another method to analyze 

foamability and foam stability in espresso brews was proposed by Buratti et al. (Buratti 

et al., 2017), who percolated the samples in a Plexiglas vessel with two cool light bulbs 

in the top, and acquired images using a digital camera. Images were recorded every 30 

s for 5 min and evaluated using Image-Pro Plus 6.2 software by detecting the area of 

interest, correction, and conversion of measurements from pixels to mm through spatial 

calibration. 

1.3.3.3 Computer Vision in Non-Alcoholic Beverages 

 Some CV methods have been implemented to assess the quality traits of non-

alcoholic drinks. However, more research needs to be done to develop more of these 

non-destructive and rapid techniques for this beverage category. Damasceno et al. 

(Damasceno et al., 2016) published an image-based method to assess total hardness 

and alkalinity of still water using an enzyme-linked immunosorbent assay (ELISA) plate 

and a scanner to obtain the images. They measured different concentrations of standards 

for both hardness (Ca2+ and Mg2+) and alkalinity (buffer solution pH 10, alkali), and 

samples of drinking water from the tap, fountain and bottle, and these were analyzed 

for color changes using Matlab®. Barker et al. (Barker et al., 2002) evaluated bubble 

growth in carbonated water using a charge-coupled device video camera, which recorded 

at 20 frames per second, and a controlled light source; images were analyzed using 

Image-Pro Plus software. More recently, a CV method was developed to measure bubble 
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diameter in pixels and bubble size distribution (small, medium, and large) in carbonated 

water using an algorithm developed in Matlab® (Gonzalez Viejo et al., 2019d). 

 In soft drinks, image analysis methods have been developed to assess the 

concentration of dyes, specifically for yellow sunset, also known as yellow 6 or E110, 

which is derived from petroleum and has been reported to trigger some side effects such 

as allergies, headache, and hyperactivity, among others (Aliabadi and Mahmoodi, 2018). 

Botelho et al. (Botelho et al., 2014), used a scanner to obtain images of degassed orange 

sodas and isotonic drinks with yellow sunset dye placed in a Petri dish and selected and 

analyzed the center part of the container using Matlab® software to measure color in the 

RGB scale. Similarly, Sorouraddin et al. (Sorouraddin et al., 2015) used a scanner to 

acquire images of orange soft drinks, and these were analyzed with Photoshop CS5 

(Adobe, San Jose, CA, USA) and Matlab® to calculate the RGB color values. Hosseininia 

et al. (Hosseininia et al., 2017) designed a system that consisted of a matte black box, 

a charge-coupled device camera placed 30 cm away from the soft drink samples, and 

illumination using two fluorescent lamps for uniform lighting. Images were processed 

using the ImageJ 1.45 software, in which the center of the sample area was cropped and 

analyzed for color in CIELab, hue and chroma scales. On the other hand, image color 

methods have also been developed to assess color in orange juice using the DigiEye 

system; samples were recorded in transparent plastic bottles with a white background. 

The authors used the DigiFood® software (Heredia et al., 2006) to convert color from 

RGB to CIELab and found a high and significant correlation (r = 0.93; p < 0.05) with the 

color intensity evaluated by a trained sensory panel (Fernández-Vázquez et al., 2013, 

Fernandez‐Vazquez et al., 2011). 

 The application of CV in milk has been different from other non-alcoholic beverages, 

as they target specific measurements. Velez-Ruiz and Barbosa-Canovas (Vélez‐Ruiz and 

Barbosa‐Cánovas, 2000) analyzed images of milk obtained from a scanning electron 

microscope, and these were analyzed using the NIH Image software (U. S. National 

Institutes of Health, Bethesda, MD, USA) to measure fat globules’ dimensions. 

Furthermore, dos Santos and Pereira-Filho (dos Santos and Pereira-Filho, 2013) used a 

scanner with a black cover to acquire images of 5 mL of milk poured into a beaker with 

either bromophenol blue or bromothymol blue as acid—base indicators. Images were 

analyzed using Matlab® to calculate different color parameters such as RGB, luminosity, 

relative colors of RGB calculated by dividing the values by the luminosity; hue, saturation 

and value (HSV) were also obtained. Multivariate data analysis was performed to develop 

models to assess whether the milk samples were adulterated or not. 
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1.3.4 Machine Learning 

 Machine learning (ML) is a branch of artificial intelligence, which refers to a 

computer-based system that may be trained to find patterns among a dataset to classify 

or predict specific parameters, and it is able to improve its performance by feeding new 

data (Gonzalez Viejo et al., 2019c, Dell Technologies, 2018). Machine learning may be 

divided into supervised and unsupervised algorithms, which, at the same time, may be 

classified into different subtypes. However, this paper will only focus on the supervised 

group, as it the type that has been mostly applied to food and beverages; it may be 

divided into (i) classification or pattern recognition and (ii) regression algorithms 

(Goodfellow et al., 2016, Gonzalez Viejo et al., 2019c). The classification learners are 

used to categorize samples into different groups and have been applied for different 

purposes in distinct fields such as agriculture (Fuentes et al., 2018b), medical diagnosis, 

food and beverages (Gonzalez Viejo et al., 2018a, Gonzalez Viejo et al., 2019a). Some 

of the main classifier types consist of (i) decision trees, (ii) discriminant analysis, (iii) 

logistic regression, (iv) naïve Bayes, (v) support vector machines, (vi) nearest neighbor, 

(vii) ensemble and (viii) artificial neural networks (ANN) (Mathworks Inc., 2018). 

Regression or fitting learners are usually employed to predict specific attributes or 

parameters such as chemometrics, microbial counts, and intensities of sensory 

descriptors, among others, and have been used in areas such as agriculture (Romero et 

al., 2018), food and beverages (Gonzalez Viejo et al., 2018d, Gonzalez Viejo et al., 

2018c), among others. This type of ML may be classified as (i) linear regression, (ii) 

regression trees, (iii) support vector machines, (iv) Gaussian process regression, (v) 

ensembles of trees, and (vi) ANN (Mathworks Inc., 2018). Both main types of supervised 

ML are subcategorized into different algorithms, as shown in Figure 1.3.2 Some of the 

common software to develop ML modeling include Matlab®, Scikit-learn and TensorFlow, 

which are modules designed for Python (Pedregosa et al., 2011, Abadi et al., 2016), 

Weka (The University of Waikato, Hamilton, NZ), which may be used as stand-alone or 

integrated as a package in R software (RStudio, Inc., Boston, MA, USA) (Witten et al., 

2016, Hornik et al., 2009), among others. 

 The use of ML has been increasing in recent years in the food and beverage industry 

due to its ability to improve production and assess the quality in a faster, more accurate, 

objective, and cost-effective way. The industry needs for the implementation of ML have 

been derived from the fact that around 95% of food and beverages fail within three years 

of being launched. Therefore, ML models have been developed to predict consumers’ 

needs, acceptability, sensory descriptors of the products, and physicochemical 

composition, among other quality traits, which aid in the development of higher quality 

products with greater acceptability from consumers (Buss, 2018). However, a common 
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issue found in ML modeling is the overfitting, which is given when the model lacks 

generalization of the data. This usually happens when there is limited data in the training 

set, and sampling noise exists, where this leads to an apparent accurate training stage, 

but it will not be able to perform correctly when testing new samples (Srivastava et al., 

2014, Martino, 2019). 

 

 

Figure 1.3.2. Types and algorithms for machine learning modeling. Information 
obtained from Matlab Machine Learning and Deep Learning Toolboxes (Mathworks Inc., 
2018). 
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1.3.4.1. Machine Learning in Alcoholic Beverages 

 A broad application of ML has been made for alcoholic beverages, especially in the 

last decade. In spirits, it has been used to develop models to classify whisky (whiskey) 

samples according to (i) age, (ii) cask material, (iii) distillery and (iv) variety, using 

Ramah spectra (600–1800 cm−1) as inputs, wherein the authors compared different ML 

algorithms, obtaining the best results, using relevance radial basis function networks 

with an accuracy > 95% (Backhaus et al., 2012). Ceballos-Magaña et al. (Ceballos-

Magaña et al., 2012) analyzed the mineral content in tequilas from different regions, 

and developed models using the linear support vector machine (SVM) algorithm and 

testing different percentages of data division from 40 to 70% for training, thus obtaining 

accuracies within the 96–100% range to classify samples per region for authenticity 

purposes. Another application of ML in tequila was published by Andrade et al. (Andrade 

et al., 2017) who analyzed samples with an ultraviolet-visible (UV-VIS) spectrometer 

and used the absorbance values within the 250–550 nm range as inputs to classify 

samples into three different types: (i) White, (ii) rested and (iii) aged. The authors 

compared different algorithms from discriminant analysis, SVM, and counter-

propagation ANN, getting the best results from quadratic discriminant analysis combined 

with principal components analysis (PCA) with an accuracy of 89%. On the other hand, 

Rodrigues et al. (Rodrigues et al., 2016) assessed the chemical components and color in 

RGB and CIELab scales of Cachaça samples and used those values as inputs to develop 

ANN models to classify the beverages according to (i) age and (ii) type of wood used for 

aging. 

 Several studies have used different ML algorithms to classify or predict distinct 

parameters related to wine quality. Er and Atasoy (Er and Atasoy, 2016) developed two 

ML models, comparing three different classifiers (random forest, support vector machine 

and k-nearest neighbors) (i) to predict the type of wine (red or white) and (ii) to group 

wine samples according to their quality based on sensory ratings, both models using 

physicochemical data as inputs, and obtaining the best results with a random forest 

algorithm. However, the models to predict quality had a moderate to low accuracy of 

~60–70%. Furthermore, the authors did not explain clearly how they obtained, grouped, 

or defined wine quality based on sensory ratings, and yet they stated that some of those 

values were based on only three participants, which makes the results less objective and 

reliable. Da Costa et al. (da Costa et al., 2016) developed a model using SVM to classify 

Cabernet Sauvignon wines according to their country of origin (Chile and Brazil) using 

physicochemical data as inputs, with an accuracy of 89%. Perrot et al. (Perrot et al., 

2015) developed a decision tool based on machine learning named FGRAPEDBN, which 

is a combination of Fuzzy logic and dynamic Bayesian network to predict the maturity of 
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grapes for wine production, obtaining determination coefficients R2 = 0.82 for sugar 

content and R2 = 0.77 for total acidity. Lvova et al. (Lvova et al., 2018) used an 

electronic tongue (e-tongue), which consists of a device with an array of sensors capable 

of mimicking the human taste sense through the use of a chemometric processing 

technique (Cetó et al., 2011), and in the case of the mentioned study, the e-tongue had 

eight potentiometric chemical sensors to measure different wine samples from Primitivo 

and Negroamaro varieties, and used partial least squares regression—discriminant 

analysis to classify samples into the type of wine with an accuracy of 71%. Furthermore, 

these authors developed a model to classify Negroamaro samples into the control and 

those with faults with a 97% accuracy. On a more recent study, Fuentes et al. (Fuentes 

et al., 2019b) constructed an ANN model using the sequential order weight bias training 

algorithm, and employing the canopy temperature, infrared index and crop water stress 

index from infrared-thermal images from grapevine leaves as inputs to detect those 

contaminated due to smoke from bushfires, which would potentially be used to predict 

smoke taint in grapes; this model had an accuracy of 96%. The same authors developed 

an ANN model also using a sequential order weight bias algorithm to predict guaiacol 

glycoconjugates in berries and wine, and 4-methyl guaiacol in wine using near-infrared 

absorbance values within the 700–1100 nm spectra as inputs, obtaining a correlation 

coefficient R = 0.97. On the other hand, Navajas et al. (Navajas et al., 2019) presented 

an SVM regression model to predict astringency in wine using their chemical composition 

as inputs with a root mean squared error (RMSE) = 0.19. Fuentes et al. (Fuentes et al., 

2019a) used weather data from vertical vintages (2008–2013) to develop two regression 

ANN models with the Levenberg Marquardt training algorithm to predict (i) twenty one 

volatile aroma compounds in the wine and (ii) eight chemical parameters in the wine 

obtained from those vintages. This was presented as a potential method to obtain 

anticipated information to winemakers about the product, which would allow early 

decisions based upon the expected wine quality. 

 In beer, there have been many applications of ML for different classifications and 

predictions regarding quality, either during the brewing process or for the final product. 

Cetó et al. (Cetó et al., 2013) analyzed commercial beer samples using an e-tongue and 

applied these results to develop a model with linear discriminant analysis in order to 

classify the samples according to the beer style with 82% accuracy. In another study, 

an SVM algorithm was used to classify beers according to their country of origin with 

minerals and polyphenols content as inputs, obtaining a highly accurate model (99%) 

(Alcázar et al., 2012). Rousu et al. (Rousu et al., 1999) developed a decision tree model 

to classify beer fermentation into slow or fast with an accuracy > 95% at laboratory 

scale and 70% at an industrial scale. In that study, the authors also tested a regression 
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model using ANN to predict the fermentation time; however, no accuracy or correlation 

coefficient was reported, and they claimed that backpropagation was used, but did not 

specify the specific training algorithm. Santos and Lozano (Santos and Lozano, 2015) 

used an electronic nose (e-nose), which consists of a device with an array of gas sensors 

that may be a metal oxide or polymer semiconductors capable of mimicking the olfactory 

system (Gardner and Bartlett, 1994) to analyze two main beer off-odors, acetaldehyde 

and ethyl acetate; the authors used the output values from the e-nose as inputs to 

develop a probabilistic neural network model with 94% accuracy in the validation stage 

to predict whether those compounds fell above the threshold, which are considered as 

defects in beer. Voss et al. (Voss et al., 2019) developed an e-nose with 13 different gas 

sensors to analyze beers, and used these responses as inputs in an extreme learning 

machine model to predict alcohol content with RMSE = 0.63 in validation and RMSE = 

0.33 in the testing stage; however, the authors did not mention the correlation or 

determination coefficient values for this method. Zhang et al. (Zhang et al., 2012) used 

SVM to construct a model using the fermentation parameters to predict the acetic acid 

(vinegar) content in the beer; however, the reported validation accuracy was low (R < 

0.60). On the other hand, Gonzalez Viejo et al. (Gonzalez Viejo et al., 2016) developed 

an ANN model using a scaled conjugate gradient training algorithm to classify beers 

according to the type of fermentation, top, bottom or spontaneous, using color and foam-

related parameters as inputs, and obtaining an accuracy of 92%. Those same authors 

used the aforementioned inputs to predict the intensity of ten sensory descriptors with 

ANN and the Levenberg Marquardt algorithm, possessing an overall accuracy R = 0.91 

(Gonzalez Viejo et al., 2018c), and to predict consumers’ acceptability using ANN and 

Bayesian Regularization algorithm (R = 0.98) (Gonzalez Viejo et al., 2019c). 

Furthermore, Gonzalez Viejo et al. (Gonzalez Viejo et al., 2019a) used the physiological 

and emotional responses from consumers when tasting different beers to develop an 

ANN model based on a scaled conjugate gradient to classify the samples into low and 

high liking of mouthfeel, flavor and overall liking with > 80% accuracy. 

1.3.4.2. Machine Learning in Hot Beverages 

 Compared to other types of beverages, the application of ML has been less explored 

in hot drinks. Nevertheless, some authors have developed models, especially ANN, using 

different inputs to predict the quality of green or black tea. Yu et al. (Yu et al., 2008) 

were able to accurately (>85%) classify green teas according to the quality grade using 

both backpropagation neural networks and probabilistic neural networks with the outputs 

of an e-nose as inputs of the models. Similarly, Chen et al. (Chen et al., 2011) used 

outputs from an e-nose to construct a model using SVM to classify green tea into quality 

grades according to results from a sensory panel, obtaining an accuracy of 95% in the 
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testing stage. Cimpoiu et al. (Cimpoiu et al., 2011) developed an ANN model using the 

flavonoids, catechins, and total methyl-xanthines content to predict the antioxidant 

activity with an R = 0.99; however, they did not specify the training algorithm used. In 

the same study, the authors developed a probabilistic neural network model to classify 

the samples into the type of tea (green, black or express black) using the chemical 

compounds as inputs, claiming an accuracy of 100%, but they only used five samples 

for testing, which is not enough to test a model, and thus risked a high probability of 

over-fitting. Guo et al. (Guo et al., 2011) used results from near-infrared spectroscopy 

from 1,000 to 2,500 nm as inputs to predict free amino-acids in tea through ANN 

backpropagation algorithms with R = 0.96. Other authors were able to model the 

prediction of sensory quality perception using physical data from the green tea leaves 

with the radial basis function (R = 0.95) (Zhu et al., 2017). 

 A few recent studies related to quality modeling of coffee have been published, 

Messias et al. (Messias et al., 2012) used ANN based on the Levenberg Marquardt 

algorithm with reducing sugars as inputs to classify into Arabica coffee quality grades 

according to results from sensory analysis, achieving an accuracy of 80%. Morais de 

Oliveira et al. (Morais de Oliveira et al., 2016) used the CIELab color parameters of coffee 

beans to classify them according to their color through ANN with a 100% accuracy; 

however, that perfect classification is due to the direct relationship of the categories and 

the inputs, which makes the model senseless and useless. Other authors have developed 

a model to predict the roasting degree of coffee using results from hyperspectral images 

(874–1734 nm) through support vector machine with a 90% accuracy (Chu et al., 2018). 

Dominguez et al. (Domínguez et al., 2014) measured Mexican coffee samples using an 

e-tongue and developed ML models with SVM and LDA to classify the samples into 

different coffee growing conditions, obtaining an accuracy of 88% for LDA and 96% for 

SVM. Romani et al. (Romani et al., 2012) used an e-nose composed of an array of ten 

sensors to measure coffee samples with different roasting levels and developed a general 

regression neural network model using the e-nose responses as inputs to predict the 

roasting time, obtaining a high accuracy R2 = 0.98; however, the authors developed the 

model with only eight observations, which is not enough for modeling purposes. More 

recently, Thazin et al. (Thazin et al., 2018) used e-nose outputs as inputs to predict the 

level of acidity according to a sensory panel, based on a radial basis function with 95% 

accuracy. 

1.3.4.3. Machine Learning in Non-Alcoholic Beverages 

 There are several studies using ML in non-alcoholic beverages; however, it has not 

been applied extensively for water quality assessment, and nothing has been done in 

bottled water. Bucak and Karlin (Bucak and Karlik, 2011) developed an ANN model to 
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assess the quality of drinking water when entering the distribution system, using 

microbiological and chemical data as inputs with 100% accuracy. Furthermore, Camejo 

et al. (Camejo et al., 2013) used the k-nearest neighbor classifier to group drinking 

water from Portugal and Canada into medium and high quality with chemometrics as 

inputs (accuracy: 98%). A similar approach was taken by Chatterjee et al. (Chatterjee 

et al., 2017) using ANN coupled with a multi-objective genetic algorithm with chemical 

compounds as inputs, achieving a 97% accuracy. 

 No recent studies have been published regarding the application of ML in soft drinks; 

however, there are some papers in fruit juices. The use of e-nose outputs as inputs to 

model fruit juices’ quality has been popular, Qiu et al. (Qiu et al., 2015) used extreme 

ML to classify strawberry juice samples according to the processing treatment with 100% 

accuracy and R = 0.82 to quantify vitamin C. Hong et al. (Hong et al., 2015) used a 

combination of e-nose outputs and chemometrics as inputs using linear discriminant 

analysis to classify tomato juice quality grade (accuracy: 98%). Likewise, Qiu and Wang 

(Qiu and Wang, 2017) also used e-nose and chemometrics data as inputs, but with the 

objective of predicting food additives added to fruit juices with linear discriminant 

analysis, obtaining accuracies of >85% to predict the amount of chitosan and benzoic 

acid. Nandeshwar et al. (Nandeshwar et al., 2016) used linear discriminant analysis to 

identify if orange juice samples were adulterated with either tap water or sugar, 

achieving an accuracy of 87%. On the other hand, Rácz et al. (Rácz et al., 2016a) used 

near-infrared spectroscopy to measure the transmittance of 90 energy drinks, and 

developed machine learning models using four different methods: (i) Linear discriminant 

analysis, (ii) partial least squares discriminant analysis, (iii) random forest and (iv) 

boosted trees to classify the samples into three groups according to the sugar 

concentration. The best performance based on the receiver operating characteristics 

curve was obtained with the boosted trees > 90% true positive values. In a different 

publication, the same authors presented two machine learning regression models to 

predict (i) the sugar and (ii) caffeine content of energy drinks. Fourier-transform near-

infrared spectroscopy data was used to develop the models with partial least squares 

regression algorithms obtaining a high determination coefficient for both models; R2 = 

0.94 for the sugar and R2 = 0.97 for the caffeine model (Rácz et al., 2016b). 

 A few papers have been published using milk beverages as samples, such as the 

development of a backpropagation ANN model with sensory descriptors as inputs to 

predict the overall acceptability of coffee-flavored milk (R = 0.99). Mamat and Samad 

(Mamat and Samad, 2012) classified flavored milk according to their brand, using as 

inputs an e-nose and color parameters and SVM, obtaining an accuracy of 97%. Due to 

existing problems with milk adulteration, some authors have used ML as an approach to 
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detect this. Balabin and Smirnov (Balabin and Smirnov, 2011) measured liquid milk, 

infant formula and milk powder with near-infrared spectroscopy > 1110 nm, and used 

those data as inputs to predict melamine content through ANN compared with SVM, 

achieving RMSE values between 0.25 and 6.10 ppm for low and high melamine content, 

respectively. Dos Santos and Pereira-Filho (dos Santos and Pereira-Filho, 2013) used 

bromophenol blue or bromothymol blue as acid—base indicators in milk, and analyzed 

color using image analysis; these data were used as inputs to develop a partial least 

squares regression method to detect adulterated samples with an R = 0.94. 

 

1.3.5 Biometrics 

 The term biometrics refers to the methods that may be used in humans or animals 

to identify or recognize their physiological and behavioral distinctive characteristics. This 

technology is often used in humans for authentication purposes, and the most popular 

techniques are face recognition, fingerprinting, voice recognition, retinal scanners, and 

body temperature, among others (Jain et al., 2007). However more recently, these 

techniques have been applied to gather more information about consumers when 

evaluating products such as food, beverages, and packaging. It has been used as a tool 

to tap into the unconscious responses from the autonomic nervous system, which, along 

with other measurements such as emotional and cognitive, has shown to provide more 

precise data from consumers’ attitudes towards products to assess acceptability, quality 

perception and decision making (Gonzalez Viejo et al., 2019a, Gonzalez Viejo et al., 

2018a). 

 In the assessment of food and beverages, face recognition has been used to analyze 

facial expressions that may be related to emotions. Some commercial software such as 

FaceReader™ (Noldus Information Technology, Wageningen, Netherlands) and Affectiva 

(Affectiva, Boston, MA, USA) have the capability of detecting and tracking the human 

face using the Viola-Jones cascade detector algorithm (Viola and Jones, 2001), as well 

as the macro- and micro-movements of different features using the active appearance 

model in the case of FaceReader™ (Figure 1.3.3), and the histogram of the oriented 

gradient for the Affectiva. Then they use ML (ANN for FaceReader™ and SVM for 

Affectiva) developed through a database of movements, which have been associated 

with facial expressions and translated into emotions such as happiness or joy, sadness, 

disgust, contempt, anger, neutral and scared or fear, among others (Figure 1.3.3) 

(McDuff et al., 2016, Leanne Loijens, 2015). To record those videos during sensory 

evaluation, an integrated camera system, which consists of an infrared-thermal camera 

FLIR AX8™ (FLIR Systems, Wilsonville, OR, USA), and a tablet coupled with a novel Bio-
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Sensory App (The University of Melbourne, Melbourne, Vic, Australia), has been 

developed. This system is able to display a sensory questionnaire and capture the videos 

and infrared thermal images of participants while tasting the food or beverage samples 

(Fuentes et al., 2018a). 

 

Figure 1.3.3. Diagram showing the techniques used in the face recognition to assess 
emotions from consumers; the example depicted was obtained using FaceReader™ 
software. 

 

 Body or skin temperature is often used as biometrics, and there are different ways 

to measure it, such as using sensors attached to the body, which is usually the hand or 

remotely with infrared-thermal cameras by assessing the temperature from the eye 

section, which is the closest to body temperature (Figure 1.3.4) (de Wijk et al., 2014, 

He et al., 2014, Gonzalez Viejo et al., 2019a). On the other hand, typical ways to 

measure heart rate consist of placing electrodes on the chest, ear lobe or finger; 

however, these methods are considered as invasive or intrusive, which make the 

participants aware of the sensors and alter their physiological responses (Frelih et al., 

2017, de Wijk et al., 2014). Therefore, some non-invasive methods which consist of 

measuring heart rate responses using video analysis have been developed; these 
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methods are based on photoplethysmography, as they measure the luminosity changes 

due to blood flow in the face (Jain et al., 2016, Carvalho et al., 2014). A recent study 

using this type of method was published (Gonzalez Viejo et al., 2018b), in which a non-

contact technique was developed to assess heart rate and blood pressure using videos 

from participants based on the luminosity changes in the green channel and machine 

learning modeling with high accuracy (R = 0.85) when using results from an oscillometric 

blood pressure monitor as target values. On the other hand, eye tracking is used to 

detect and follow gaze movements and position when looking at a particular sample or 

area of interest. It works using camera-based sensors that use infrared light to track the 

gaze fixations, assess pupil dilation and gaze direction. In the food and beverage 

industries, it is usually used to assess labels and packaging to evaluate consumers 

acceptability and behavior (Gonzalez Viejo et al., 2018a, Torrico et al., 2018). 

 

Figure 1.3.4. Diagram showing the technique used to measure body temperature from 
consumers during the sensory sessions using an infrared thermal camera and computer 
vision algorithms capable of recognizing the eye section. 
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1.3.5.1. Biometrics in Alcoholic Beverages 

 Emotions assessment through face recognition has been the most used biometric to 

assess alcoholic beverages. Kamboj et al. (Kamboj et al., 2013) assessed the effect of 

alcohol drinks on the facial expressions of consumers; the authors used the Abrosoft 

Fantamorph software (Abrosoft Co., Beijing, China) and were able to assess emotions 

such as being happy or angry, having fear, sadness, disgust and neutral. It was found 

that participants that consumed moderate alcohol doses expressed higher levels of 

neutral emotion than those who consumed high alcohol or a placebo, and those who 

tasted high alcohol drinks presented higher values of disgust. Beyts et al. (Beyts et al., 

2017) assessed heart rate using an electrocardiogram with electrodes attached below 

the collar bone, skin temperature with a sensor placed on the forearm, and facial 

movements using two electrodes placed on the forehead and left cheek, to evaluate 

consumers’ responses to beer aromas. Results showed no significant (p ≥ 0.05) 

differences between samples for heart rate and skin temperature, but significant for 

facial expression responses. Other authors (Gonzalez Viejo et al., 2019a) evaluated nine 

different beer samples using the Bio-Sensory application (Fuentes et al., 2018a) to 

record videos and infrared thermal images while consumers taste the samples. The 

authors measured the emotional (FaceReader™), physiological responses, such as heart 

rate using video analysis, and body temperature using a FLIR AX8™ camera, and 

brainwave data using an electroencephalogram (EEG) headset. Results showed 

relationships between the biometric and self-reported responses, such as a negative 

association between temperature and liking of foam height and between disgusted and 

liking of foam stability.  

 The same authors conducted another study using similar methods to obtain the 

emotional and physiological responses, but including eye-tracking techniques 

(TheEyeTribe©, Copenhagen, S. Denmark) to assess beer samples acceptability from 

the visual characteristics, especially focused on foam and bubbles and coupled with the 

use of RoboBEER parameters. The authors found that body temperature was negatively-

related to the liking of clarity, and heart rate was positively-correlated with perceived 

quality (Gonzalez Viejo et al., 2018a). 

1.3.5.2. Biometrics in Hot Beverages 

 There are barely any studies published using biometrics to assess consumers’ 

acceptability in hot drinks; however, a study was found using coffee. Garcia-Burgos and 

Zamora (Garcia-Burgos and Zamora, 2015) measured disgust and happy emotions using 

FaceReader™ to assess consumers’ responses towards bitter drinks, using coffee within 
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the sample set when subjected to stressors. They found that stress-related images 

decreased the disgust of participants when tasting coffee. 

1.3.5.3. Biometrics in Non-Alcoholic Beverages 

 In non-alcoholic drinks, a few studies have been conducted using biometrics and 

self-reported sensory responses. De Wijk et al. (de Wijk et al., 2014) assessed breakfast 

beverages such as drink yogurts and fruit drinks by evaluating the physiological and 

emotional responses from consumers. The authors analyzed skin conductance and skin 

temperature using electrodes placed on the palm, heart rate with sensors attached to 

the chest, and facial expressions using FaceReader™ software. From the results, they 

found a relationship between the liking of samples, and heart rate and skin temperature 

as well as neutral expressions. Danner et al. (Danner et al., 2014a) conducted a study 

with different juice and vegetable juices to assess biometrics from consumers. The 

measurements done consisted of facial expressions using FaceReader™, skin 

conductance, skin temperature, and heart rate with Biofeedback 2000x-pert electrodes 

(Assessment Systems, Praha, Czech Republic) attached to the forefinger. The reported 

results showed a correlation between the liking of the samples and skin conductance. 

Furthermore, another study using FaceReader™ to evaluate the facial expressions of 

consumers towards orange juice samples was conducted, finding a correlation between 

liking, and happy and disgusted emotions in liked and disliked juices, respectively 

(Danner et al., 2014b). 

 

1.3.6 Artificial Intelligence 

 The concept of artificial intelligence (AI) dates back to the 1960s in which John 

McCarthy came up with the ides of automating machines, and created an AI laboratory 

at Stanford University (McPherson, 2018). In general, the term AI refers to the machines 

that are designed and automated to think, behave, solve problems and make decisions 

as humans would do, apart from having the ability to improve through self-learning (Dell 

Technologies, 2018). It may be classified into (i) strong or generalized AI, which is 

capable of understanding, improving, and solving problems, usually using ML, and (ii) 

weak or applied AI that is limited to perform specific tasks such as recognizing, 

searching, or analyzing certain components. Currently, the generalized AI exists in 

theory, but only the weak or applied AI has been developed (Joshi, 2019). The overall 

concept of AI may consist of any combination of its different branches, such as ML, and 

CV; it may also include the use of robotics, sensors, and biometrics (Figure 1.3.5). 

However, the main purpose of AI application is not to fully replace humans, but to 

develop intelligent systems able to perform accurate, reliable, more rapid and objective 
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tasks or jobs which may be tiring and tedious for humans, and that could lead to errors 

(McPherson, 2018, Dell Technologies, 2018). Furthermore, AI allows the performance of 

manufacturing processes with higher safety levels, less waste and the ability to produce 

high-quality products (Mohammadi and Minaei, 2019). 

 

Figure 1.3.5. Venn diagram showing the relationship between artificial intelligence and 
other integrated technologies. Those that are outside the main category represent 
techniques that may function as stand-alone and do not necessarily enter within the 
artificial intelligence group in all cases. 

 

 Regarding the applications of AI in the beverage industry, it has been used for 

monitoring, quality assurance and control, product development and decision-making, 

among others (Mohammadi and Minaei, 2019). In recent years, some beverage 

companies have implemented AI, such as Carlsberg, which uses this technology to 

develop new beers in a cost-effective and rapid way through a combined method using 

Microsoft® (Microsoft Corporation, Redmond, WA, USA) platform and sensors to 

determine complex flavors in the products (Buss, 2018). IntelligentX developed a 

generalized AI technique to improve beer styles by using feedback from consumers 

through social media; the system is able to make decisions and characterize the products 

to create the best beer according to consumers’ needs (Marr, 2019). 

 

1.3.7 Key Findings and Future Trends 

 Despite the increasing trend in the application of emerging technologies, which 

involve the use of robotics, ML, CV, and biometrics in the beverage industry, there are 

still several gaps to be covered, especially in the biometrics field. Robotics science needs 
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to be more explored in beverages as a tool to aid other AI components, which would 

maximize the use of some emerging methods. Regarding CV, most approaches 

developed mainly for the assessment of hot drinks and non-alcoholic beverages are 

based on the analysis of color; however, more research needs to be conducted to apply 

this technology to measure other parameters related to the quality traits specific to each 

product. The main issue with ML is that there is still a lack of knowledge among 

researchers concerning the proper development techniques, usage, and interpretation 

of the algorithms and modeling, as well as the way to select the best models to avoid 

over- or under-fitting, which are common problems within the existing publications. On 

the other hand, although biometrics has been used in the sensory science field over the 

last decade, it needs to be explored more in-depth using beverages as samples to assess 

their quality by understanding consumers subconscious responses, which would allow 

the industry to develop products with higher acceptability and quality based on the 

market trends and needs. Furthermore, the combination of two or more of the 

aforementioned methods should be considered to be implemented as an approach to AI 

in the different beverage categories, especially for hot and other non-alcoholic drinks in 

which these technologies have not been very popular among companies. 

 

1.3.8 Glossary of quality indicators 

Aroma Volatile aromatic compounds detected via the retronasal 
olfactory system 

Bubble growth Rate at which a bubble increases its size 

Bubble haze Large number of micro-bubbles formed when the beer is 
poured, and that circulate the liquid before reaching the 
surface 

Bubble size distribution Number of small, medium and large bubbles 

CIELab Color parameters in which L = lightness, a = red to 
green, and b = yellow to blue values 

Clarity Level of transparency of the liquid due to lack of 
suspended particles  

Collar Array of bubbles that remains at the edge of the glass 

Color Visual element produced when the light that hits an 
object is reflected to the eye 

Density Mass divided by the volume unit of a liquid 
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Flavor Perception of basic tastes, aromas and trigeminal 
sensations during mastication 

Foamability Capacity to form foam 

Foam drainage Excess of liquid drained from the wet foam to produce 
dry foam 

Foam stability Lifetime of foam  

Foam thickness Viscosity of the foam 

Foam volume Amount of foam in mL 

Foam velocity Rate at which the foam collapses 

Off-odors Odors that are not characteristic of the product and are 
considered as faults 

pH Measurement of the acidity or alkalinity based on the 
number of hydrogen ions  

RGB Color in Red, Green and Blue scale 

Taste Perception through the receptor cells found in the 
papillae  

Texture Sensory characteristic of the solid or rheological state of 
a product 

Viscosity Consistency of a liquid which may vary from thin to thick 

Water hardness High mineral concentration in water 
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CHAPTER 2  

Development of a robotic pourer constructed with 

ubiquitous materials, open hardware and sensors to 

assess beer foam quality using computer vision and 

pattern recognition algorithms: RoboBEER 

 

Paper published as:  

Gonzalez Viejo, C., Fuentes, S., Li, G., Collmann, R., Condé, B. and Torrico, D., 2016. 

Development of a robotic pourer constructed with ubiquitous materials, open hardware 

and sensors to assess beer foam quality using computer vision and pattern recognition 
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Abstract:  

There are currently no standardized objective measures to assess beer quality based on 
the most significant parameters related to the first impression from consumers, which 
are visual characteristics of foamability, beer color, and bubble size. This study describes 
the development of an affordable and robust robotic beer pourer using low-cost sensors, 
Arduino® boards, Lego® building blocks, and servo motors for prototyping. The 
RoboBEER is also coupled with video capture capabilities (iPhone 5S) and automated 
post hoc computer vision analysis algorithms to assess different parameters based on 
foamability, bubble size, alcohol content, temperature, carbon dioxide release, and beer 
color. Results have shown that parameters obtained from different beers by only using 
the RoboBEER can be used for their classification according to quality and fermentation 
type. Results were compared to sensory analysis techniques using principal component 
analysis (PCA) and artificial neural networks (ANN) techniques. The PCA from RoboBEER 
data explained 73% of variability within the data. From the sensory analysis, the PCA 
explained 67% of the variability and, combining RoboBEER and sensory data, the PCA 
explained only 59% of data variability. The ANN technique for pattern recognition 
allowed creating a classification model from the parameters obtained with RoboBEER, 
achieving 92.4% accuracy in the classification according to quality and fermentation 
type, which is consistent with the PCA results using data only from RoboBEER. The 
repeatability and objectivity of beer assessment offered by the RoboBEER could translate 
into the development of an important practical tool for food scientists, consumers, and 
retail companies to determine differences within beers based on the specific parameters 
studied. 
 

Keywords: computer vision; artificial neural networks; sensory panels; bubble size; 
beer foam 
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2.1 Introduction 

 Beer is defined as the alcoholic beverage obtained through the yeast fermentation 

of malted cereals with added hops (Caballero et al., 2012). Quality characteristics are 

extremely important for beer production due to the fact that consumer preferences are 

constantly changing, and high demands nowadays for premium products is pivotal for 

success in acceptability within the international market (Euromonitor-International, 

2015). Among the most significant quality components to focus on beer are the visual 

attributes such as foam stability and foam texture (which are given by the bubble size), 

color, and clarity, as they constitute the first impression that consumers perceive. 

Nevertheless, other parameter such as alcohol content, which determines the strength 

of beer, amount of carbon dioxide (CO2), flavor stability (as bottled beer is likely to 

develop off-flavors over time) and aromas as well as mouthfeel also play a very 

important role for quality assessment (Baert et al., 2012, Cooper et al., 2002) 

 Beer can be classified as “top,” “bottom,” or “spontaneous” according to the type of 

fermentation used for its manufacturing. The top fermentation beers are obtained when 

yeast is added at temperatures within the 15 – 25 °C range, and, during this process, 

yeast rises and remains in the surface of the liquid, hence the name. This fermentation 

type usually takes around five days. On the contrary, in bottom fermentation beers, 

yeast is added at lower temperatures, usually between 6 and 8 °C, and it decants and 

rests at the bottom part of the container when the product is cooled down to 0 °C, this 

process can take between seven days to several weeks (Alcázar et al., 2012). Lastly, 

spontaneous fermentation is typically performed at temperatures around 16 °C with wild 

yeast present in the environment where the beer is manufactured, this process originates 

from Belgium and can take up to two years (Papadopoulou-Bouraoui et al., 2004). 

 Hops (Humulus lupulus), which are obtained from the dried cones of the female 

flowers of this plant, are responsible for some of the aromas and flavors found in beer, 

these are obtained from the essential oils of this plant. Furthermore, bitter resins and 

tannins derived from hops contribute to the bitterness, color, and the astringent 

sensation that characterize beers. The color of the beer is also affected by the malts 

used in its production and the Maillard reaction of the sugars according to the 

temperature applied when drying malts (De Keukeleire, 2000). The alcohol content and 

sweetness are given by the type of yeast (strain and source), its flocculence, and level 

of attenuation. Thus, fast flocculating yeasts will result in low attenuation, which 

produces sweeter beers with lower levels of alcohol as yeasts are not capable of 

fermenting all available carbohydrates. Likewise, low flocculating yeasts will present high 

attenuation, resulting in a dry beer, which is the desired high-quality product (Soares, 

2011, Delcour and Hoseney, 2010).  
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 Foam is formed as a result of the reduction in pressure when the bottle of beer is 

opened and the gas dissolved in water is freed, as the gas, which mainly consists of CO2 

and nitrogen (N2), rises in the form of bubbles and passes through a film of surfactant 

substances resting on the surface of the liquid (Zhang, 2008). The surfactant substances, 

primarily constituted by proteins and sugars, are also some of the components in beer 

that give stability to foam due to their ability to increase the viscosity of the bulk phase 

and to decrease the drainage velocity of the lamellae’s fluid (Badui, 2006). The 

importance of foam as a quality factor relies on the fact that it provokes the loss of the 

excess of carbonic anhydride as well as its ability to protect the product by avoiding its 

oxidation once it makes contact with air, thus improving its flavor stability during 

consumption (Ortiz et al., 2003, Thomsen, 2007, Zhang, 2008). 

 Due to the relevance of foam characteristics in beer, several methods have been 

developed to assess their foamability, these include the gassed (NIBEM, Sigma head 

value, Constant pour test) and degassed (Rudin, Ross, and Clark, Shake test) 

techniques. Most of these are based on either manual pouring (Ross and Clark, Sigma 

head value, Constant pour test) or the incorporation of CO2 to produce foam (Rudin, 

NIBEM, Shake test), and measuring either drainage or foam collapse. However, these 

methods are costly and time-consuming as they involve the visual measurements within 

approximately 30 minutes. Some methods that involve image analysis such as the 

Constant Pour Test, the Foam Collapse Time (FCT), and image analysis using a digital 

cameras and Kodak software have been developed, nonetheless, these methods are not 

readily available, involve manual pouring, which is more likely to increase the variability 

within results, and they are used only for scientific purposes (Neugrodda et al., 2015, 

Bamforth et al., 2011). Furthermore, some methods to analyze bubble size or bubble 

size distribution have also been developed, such as those involving the use of monocular 

or electron microscopes, by either linking a camera or by direct observation incorporating 

a specific scale for bubbles measurements. However, these methods require expensive 

equipment, which relies on the correct specification of scaling for bubbles measurement. 

Other methods consist of assessing bubble size distribution by using glass fiber and 

computer analysis techniques. The latter method involves dispensing gas to create foam 

in liquid beer; hence, it does not measure the properties of natural foam formation 

caused by the original gas content within the sample (Bamforth, 1985, Bisperink et al., 

1992). More advanced techniques have been developed to assess foamability 

characteristics in sparkling wine that involve the use of a robotic pourer and computer 

vision analysis that have demonstrated to be accurate (Bruna Condé, 2015, Fuentes et 

al., 2014, Condé et al., 2017). Thus, the need to analyze the feasibility to apply a similar 

methodology for beer to get more accurate results using a more cost-effective and less 



 

80 
 

time-consuming technique that could give the possibility to classify the samples 

according to their type of fermentation. 

 This paper discusses the development of a technique based on a robotic pourer 

(RoboBEER) built with Lego® blocks, and motors, Arduino® boards, and compatible 

sensors for remotely sensed chemometry (Figure 2.1). The primary objective of the 

RoboBEER is to reduce the inevitable variation of manual pouring and to assess the 

characteristics of the foam using video capture and image analysis algorithms originally 

developed for sparkling wine pouring (Fuentes et al., 2014, Bruna Condé, 2015). The 

RoboBEER incorporates an iPhone 5S camera (Apple Inc., Cupertino, CA. USA) to record 

videos for further image analysis with a customized Matlab® (Mathworks Inc., Natick, 

MA. USA) code which is capable of automatically calculating parameters such as the 

maximum volume (MaxVol), lifetime of foam (LTF) and total lifetime of foam (TLTF) from 

beer pouring videos. The RoboBEER also includes three sensors to measure alcohol gas 

content, temperature, and release of CO2 within the period of beer pouring and video 

capturing (Figure 2.1). In this paper, the functionality of RoboBEER is presented and 

compared to a descriptive sensory analysis performed by a trained sensory panel in 

double-blind experimental conditions. Finally, the results from foam measurements by 

RoboBEER were used to create a model for pattern recognition using Artificial Neural 

Networks (ANN) to classify beers according to their type of fermentation based only on 

automated outputs. The main purpose of the latter method is to incorporate the ANN 

model in the computer vision analysis algorithms for automatic classification of beers 

poured. 
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Figure 2.1. RoboBEER constructed using Lego® components for the structure (1), 
Lego® servo motors x 2 (2), Arduino® Mega board with Sensor Shield to control servo 
motors (3), compatible Infrared Temperature, CO2 and alcohol sensors (4), Arduino® 
UNO board to control sensors (5), LCD screen for real-time output data from sensors (6), 
power box for batteries and cables (7), glass compartment (8), external uniform light for 
automated data analysis (9), bottle holder and pulley (10), pivotal point for bottle neck 
(11), video capture using an iPhone 5S. 

 

2.2 Materials and Methods  

 Beers from the three types of fermentation (seven top, eight bottom, and seven 

spontaneous) and different countries of origin (Table 2.1) were used to have a broader 

range of results and foamability patterns according to their measurements with the 

RoboBEER and sensorial perception by a trained sensory panel.  
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Table 2.1. Beer samples used for the analyses according to the type of fermentation, country of 
origin, and labels or codes used for the analysis. 

Type/Subtype Country of Origin Label / Code 
Top Fermentation 

Abbey Ale Belgium L 
India Pale Ale Australia IP 

Porter Poland Z 
Kolsch Australia P 
Red Ale USA RT 

Steam Ale Australia SA 
Aged Ale Scotland IG 

Sparkling Ale Australia CS 
Bottom Fermentation 

Lager Mexico C 
Lager Mexico XX 
Lager USA BL 
Lager Netherlands H 
Lager Czech Republic BC 

Lager Low Alcohol Germany BB 
Pilsner Czech Republic PU 

Spontaneous Fermentation 
Lambic Cassis Belgium LC 

Lambic Framboise Belgium LF 
Lambic Gueuze Belgium LG 
Lambic Kriek Belgium LK 
Lambic Kriek Belgium OK 

Lambic Gueuze Belgium OG 
Lambic Gueuze Belgium OT 

 

2.2.1 RoboBEER sensors description 

 The RoboBEER has three sensors attached to the pouring area (Figure 2.1) just over 

the glass and in front of the bottle of beer to be as close to the pouring liquid without 

contact. The sensors are able to measure alcohol (unitless), CO2 release (ppm), and 

temperature (°C) from before the pouring is carried out to obtain baselines up to 5 min 

for data capture. The three devices were connected to an Arduino UNO® board and to a 

computer to monitor and record the data. Moreover, an LCD screen (Sainsmart LCD 

module 20 characters x 4 lines) was added to visualize the three readings in real-time 

(Figure 2.1). The temperature sensor is an MLX90614 (Melxis NV, Ieper, Belgium) non-

contact Infrared Thermometer to measure the average of an angle of 35° field of view 

and within a range of -70 and 380 °C (resolution = 0.02 °C) to ensure that all samples 

are tested at similar conditions. The CO2 sensor MG-811 (Zhengzhou Winsen Electronics 

Technology Co., Ltd, China) is capable of measuring the concentration of this gas 

released from the beers foam in parts per million (ppm) within a range of 400 – 10,000 

ppm based on the solid electrolyte cell principle. The board needs to be connected to a 

7 - 12 V power adapter to heat the sensor for around 5 min before consistent 

measurements result and needs to be calibrated by modifying the zero point voltage 

value to cope with external factors that could interfere with the measurements such as 
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relative humidity and temperature. The alcohol sensor MQ3 (Zhengzhou Winsen 

Electronics Technology Co., Ltd, China) was used to detect the release of ethanol gas 

concentration at temperatures in a -10–70°C range. A calibration curve was made by 

measuring different concentrations of alcohol within the range of 1–10% ethanol 

dissolved in Millipore water. The sensor was placed at two positions: i) at the glass rim 

(lower sensor) and ii) over the glass (upper sensor), at the same level of the RoboBEER 

(3 cm from the base of RoboBEER). The real alcohol concentration was measured for 

calibration purposes from degassed beer samples using an Alcolyzer Wine M alcohol 

meter (Anton Paar GmbH, GRAZ, Austria) using the wine extension method included in 

the Alcolyzer settings (Alcolyzer Wine M manual). The maximum error from the Alcolyzer 

instrument is < 0.1% vv-1. 

2.2.1.1 RoboBEER video and image analysis description 

 The robotic pourer was developed using Lego® blocks (The Lego Group, Billund, 

Denmark) and two servo motors (Lego 9842 Interactive Servo Motor) for the controlled 

lift of the bottom part of bottles having a pivotal point at the base of the neck (Figure 

2.1). Both motors were connected to and controlled by an Arduino Mega® board 

(Arduino, Italy). A flexible leather bottle holder was manufactured and attached to the 

motors pulley to be able to hold beer bottles of any shape and size (Figure 2.1). The 

pouring was standardized for all types, shapes, and sizes of bottles and used to achieve 

consistency of pouring around the same amount of product poured (80 mL ± 10 mL). 

This was done by modifying the number of rotations (2.0–3.8) and delay times (1300 µs 

reverse and 200–5000 µs forward rotations) according to the shape and weight of each 

bottle, within the controlling program for the motors in the Arduino programming 

software (Arduino, Italy). Ten replicates were performed for each bottle type using water 

as the base liquid to ensure that a similar range of volume was poured for all the beers 

studied (data not shown).  

 The vertical height of foam and beer to volume conversion was made by 

standardizing the vertical pixel count from the top of the glass to the bottom part that 

contains the liquid. This standardization was made by imaging liquid delivered to the 

glass in 10 mL intervals. Once the pixel count was obtained and related to volume, the 

curvilinear relationship was parameterized and normalized so the scale could be obtained 

automatically just by acquiring the horizontal pixel count at the top of the glass (rim) 

and the vertical pixel count from the top of the glass to the bottom where the liquid is 

contained from the first images from each video. This procedure ensures that an accurate 

volume of foam and beer is achieved regardless of the camera resolution used and 

distance between the camera and the glass. 
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Videos were obtained using an iPhone 5S (Apple Inc., Cupertino. CA. USA) using the 

locked manual functions for focus and exposure from iOS 8. Videos obtained started just 

before the pouring was made and for a set length of 5 min. Post hoc video analysis using 

the same method developed for sparkling wine (Fuentes et al., 2014, Bruna Condé, 

2015, B. Lima, 2016) allowed to obtain: TLTF, LTF, MaxVol, foam drainage (FDrain) and 

color using a modified customized code developed in Matlab ver. R2016a (Mathworks, 

Inc., Natick. MA, USA). The analysis of the foam was made in a semi-automatic way 

initially to increase precision. This exercise began with a scaling to transform height of 

foam and beer to volume. The following steps consisted of interactively selecting the 

height of foam every 30 frames (1 second) for precision purposes, and this allowed the 

algorithm to calculate the volume of foam and beer as described by Fuentes et al. (2014) 

automatically. When light conditions in the pouring area of the RoboBEER are uniform, 

achieved by a constant light source (Figure 2.1), the foam analysis can be automated 

by segmentation of frames in the CieLab color code rendering binary images with the 

foam as zeros and beer and air as ones. 

 After all the parameters described before were obtained after beer pourings, the 

data was processed by the same code to generate the curves of the volume of foam 

versus time in seconds (Figure 2.2) and to obtain: TLTF, LTF, MaxVol, and FDrain, which 

are described in Table 2.2. Furthermore, the color of beers in L*, a*, b*, and RGB scales 

were obtained by automatically focusing on the liquid area of glasses to calculate an 

average of the colors found within this region. 

 

 
Figure 2.2. Example of foam output and analysis of the curve from a single pouring 
sample where y-axis = volume of foam (mL) and x-axis = time (s). 
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Table 2.2. Description of parameters calculated with the RoboBEER and obtained from the foam 
volume versus time curve (Figure 2.2). 

Parameter (units) Abbreviation Description 
Total lifetime of foam (s) TLTF Lifetime of foam in the whole period (5 mins) 

Lifetime of foam (s) LTF Lifetime of foam starting from the volume 
peak as the area below the curve 

Maximum volume of foam 
(mL) MaxVol Maximum volume of foam 

Foam Drainage (mL s-1) FDrain The excess of beer drained from the wet foam 
to give a dry foam 

Alcohol sensor (unitless) OHSensor Ethanol gas of the sample measured with the 
sensor 

Carbon dioxide (ppm) CO2 CO2 content measured with the sensor 

CieLab color scale (unitless) L, a and b 
Color parameters in CieLab scale where: L is 

lightness, a represents the red and green 
values and b the yellow and blue values 

RGB color scale (unitless) R, G, and B 
Color parameters in RGB scale where R 

represents the red, B the blue, and G the 
green values 

Small bubbles (pixels) SmBubb Number of small bubbles in the foam 
Medium bubbles (pixels) MedBubb Number of medium bubbles in the foam 
Large bubbles (pixels) LgBubb Number of large bubbles in the foam 

 

 Further parameters obtained from image analysis of foam were the number of small, 

medium, and large bubbles (SmBubb, MedBubb, and LgBubb, respectively) based on the 

image corresponding to the maximum of foamability or the peak of the foam volume 

versus time (Figure 2.2). For this test, a Matlab code developed by Fuentes et al. (2014) 

was used; this algorithm is based on the “Hough Transformation,” which allows analyzing 

segmented images after cropping a uniform section of the glasses allowing the automatic 

classification of bubbles according to their diameter measured in pixels. The bubbles size 

was classified as small (1 – 2 pixels), medium (2 – 6 pixels) and large (6 – 10 pixels), 

and the index of bubbles per volume was obtained by dividing it by the maximum volume 

of foam. 

2.2.1.2 Standardization of glasses 

 The standardization of the glasses is of great importance due to the fact that they 

influence the quality of the beer in terms of its visual organoleptic attributes. The shape 

and thickness of glasses, as well as the way they are cleaned, can have a negative effect 

on the product as the wrong choice of glasses would contribute to warming up the beer, 

resulting in loss of CO2, which would lead to disproportionation of bubbles and grater 

foam drainage (Bamforth et al., 2011). To avoid variability within different samples due 

to glass variability, the International Standard Wine Tasting Glasses Luigi Bormioli were 

used. The latter can hold a volume of 220 mL and have a height of 155 mm and rim 

diameter of 46 mm. To avoid further biases within glasses, the same glass was used for 

all samples. This glass was previously washed in a dishwasher (Bosch Group, Stuttgart, 
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Germany) at 45 °C for 30 min and dried using a towel (White Magic®) made of 72% 

polyester and 27% polyamide to avoid leaving any lint inside the glass, which can 

contribute to extra nucleation points for bubble formation not related to the actual glass 

and beer characteristics. To normalize the glass cleaning procedure between tests, they 

were rinsed with hot tap water and dried with the White Magic® towel.  

2.2.2 Sensory Analysis 

 The sensory analysis consisted of a quantitative descriptive analysis (QDA) test 

conformed by a trained panel of 12 people. The training consisted of basic tastes, 

aromas, odors, and textures, according to the ISO 8586-1: 1993E, and specific training 

for attributes found in different types of beer so that they could familiarize with the range 

of descriptors expected in the samples studied. Furthermore, they blind-tasted some 

samples of different kinds of beers to make a consensus and determine the best 

descriptors previous the definitive evaluation. Once this was argued and agreed, a 

double-blind sensory evaluation was made to determine the intensities perceived for 

each attribute in each sample for this study.   

 Data gathering from the sensory panels was achieved by using a sensory computer 

application (App) developed by the sensory group belonging to the Faculty of Veterinary 

and Agricultural Sciences (FVAS) from The University of Melbourne, Australia (Fuentes 

et al. unpublished). The App developed for Android Tablet PCs is able to display each 

sample number (three-digit random number) and the descriptors to be evaluated using 

a 15 cm, non–structured scale. The attributes assessed were divided into four main 

categories as shown in Table 2.3. To avoid biased responses, spit cups were provided as 

well as water and water crackers to cleanse the palate between samples. Furthermore, 

all beer samples were semi-randomized by grouping them in two blocks and previously 

and independently wrapped in aluminum foil to achieve double-blind testing. 
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Table 2.3. Descriptors used in sensory evaluation, and their abbreviation separated in Visual (V), 
Aroma (A), Consistency (C), Mouthfeel (M), Taste and Flavor (F).  

Descriptor Abbreviation 
Visual foam stability VFStab 

Visual maximum foam height VFHeight 
Visual foam texture VFTexture 
Visual color intensity VCInt 

Visual clarity VClar 
Aroma hops AHops 
Aroma fruity AFruity 
Aroma floral AFloral 
Aroma grainy  AGrains 
Aroma nutty ANuts 

Aroma burnt sugar ABurntSug 
Aroma yeasty AYeast 
Aroma spicy ASpicy 

Consistency viscosity CVisc 
Mouthfeel carbonation MCarb 

Mouthfeel warming MWarm 
Mouthfeel astringent MAstr 

Taste bitter TBitt 
Taste sour TSour 

Taste sweet TSweet 
Flavor hops FHops 

 

2.2.3 Statistical analysis and pattern recognition using ANN 

 All data were evaluated using multivariate data analysis through a customized code 

written in Matlab® (Fuentes et al., unpublished) based on principal components analysis 

(PCA) and cluster analysis algorithms, which allowed to find patterns within the data and 

samples and to determine which measured parameters were related to each other. 

Additionally, the Matlab Neural Network ToolboxTM 7 was used to train a pattern 

recognition neural network model. The objective of the model was the classification of 

66 beer samples according to 15 components measured with the RoboBEER (Table 2.2) 

into the three types of fermentation studied. The artificial neural networks (ANN) are 

capable of finding patterns in an inductive way through algorithms based on the pre-

existing data (Beale et al., 2018). The ANN used in this study was a standard two-layer 

feedforward network, with a sigmoid transfer function in the hidden layer and a linear 

transfer function in the output layer structure was conformed using the 15 components 

obtained automatically (Table 2.2) from beer pourings as the input layer and three 

fermentation types as the targets. The selected number of neurons in the hidden layer 

was three neurons, as depicted in the diagram Figure 2.3. 

 The validation and testing data was randomly divided using a random data division 

function in 70% (n = 46) for training using a scaled conjugate gradient training function, 

15% (n = 10) for validation using a cross-entropy performance function and 15% (n = 

10) for testing using a default derivative function (Mathworks Inc. Natick, MA. USA).  
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Figure 2.3. A two-layer feedforward network, with sigmoid hidden and output neurons 
for pattern recognition used for fermentation classification from all the beers tested using 
three hidden neurons, 15 parameters as inputs and three categories as outputs. Matlab 
ver. 2016a (Mathworks Inc., Natick, MA. USA). For the hidden and Output layers, w = 
weights and b = biases. 

 

 Statistical analysis to compare the performance between estimated (RoboBEER 

alcohol Sensor) against real values of alcohol (Alcolyzer) for the validation procedure 

and beer samples included: simple linear regressions (y = a + bx), determination 

coefficients (R2), standard error of estimates (SEE), root mean squared error (RMSE), 

and statistical significance of regressions with minimum p-value < 0.05 as significance 

criteria. All the analyses were performed using Matlab ver. 2016a (Mathworks Inc., 

Natick, MA. USA). Data was plotted, when relevant, using either the standard deviation 

(SD) or standard error of means (SE). 

 

2.3 Results  

2.3.1 Sensors performance from RoboBEER 

 Figure 2.4 shows the mean temperatures of the different types of fermentation 

during the stabilization time and pouring of three measured bottles (each curve of 300 

s length represents a different bottle of the same brand). Furthermore, there was low 

variability in temperature between all beers studied (SD = ± 0.5).  
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Figure 2.4. Graphs from the infrared temperature sensor showing the mean 
temperature from three bottles analyzed for top (dashed-dotted line), bottom (solid line), 
and spontaneous (dashed line) fermentations. The valleys of curves represent the 
temperature of beers when pouring, and the peaks correspond to initial temperature of 
the glass. 

 

 Figure 2.5 shows results of the alcohol sensor from the calibration procedure of two 

locations in reference to the glass used. For the alcohol sensor, only the maximum value 

at the time of measurements was extracted per sample; hence, no error bars are 

presented. Furthermore, the Alcolyzer has errors of less than 0.1%. The determination 

coefficient between results from the RoboBEER sensor compared to the Alcolyzer was 

high and statistically significant: R2 = 0.84 (SSE = 0.096; RMSE = 0.16; p-value = 0.01) 

for the upper sensor and R2 = 0.91 (SSE = 0.06; RMSE = 0.12; p-value = 0.003) for the 

lower one. Thus, the equation obtained for the lower sensor was used to transform the 

values acquired from the beer to percentage of alcohol. 
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Figure 2.5. Normalized values for the Upper (black filled circles) and lower (grey filled 
circles) alcohol sensors from RoboBEER (y-axis), and Alcolyzer. The calibration curves 
were obtained using pure water samples with different concentrations of ethanol. 

 

 Figure 2.6 shows the normalized values obtained from the alcohol sensor directly 

applied to the beers with an R2 = 0.83 (SSE = 0.18; RMSE = 0.10; p-value < 0.0001) 

compared to the Alcolyzer results for each type of fermentation. The results obtained 

from the latter are consistent with the alcohol content declared on the labels of beer 

bottles with an error of ±0.3%. The error bars represent the standard error of the means 

(SE) between the three bottles measured for each sample. 
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Figure 2.6. Correlation between the normalized alcohol measurements of beer samples 
measured with the RoboBEER sensor (y-axis, adimensional) and the Alcolyzer (x-axis) 
for the bottom (squares), top (circles) and spontaneous (triangles) fermentations. The 
bars for the y-axis data correspond to the standard error of the means (SE) of triplicated 
bottles for each sample. The Alcolyzer had consistent errors of less than 0.1%; hence, 
error bars were disregarded.  

 

 Figure 2.7 shows example curves of the mean (black line) and SE (red dotted line) 

of the different beer samples and for three replicated bottles (each curve represents one 

bottle) analyzed of beers with bottle cap (top and bottom fermentation), and with cork 

and bottle cap (spontaneous fermentation). Results showed less CO2 released in pouring 

and less variability within bottles with bottle cap compared to cork and bottle cap, which 

offer additional protection to the product to retain more gas inside the bottle.  
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Figure 2.7. Curves showing the SE and the mean of the three bottles analyzed: (a) 
results from beers with bottle cap and (b) beers with cork and bottle cap. 

 

 Figure 2.8 shows mean values of the CO2 released in time (black line) and the SE 

(red dotted line) for the three bottles from top (Figure 2.8a), bottom (Figure 2.8b), and 

spontaneous fermentation (Figure 2.8c). More consistent values of CO2 released were 

from bottom and spontaneous fermentation beers. 

a) 

b) 
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a) 

b) 
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Figure 2.8. Curves showing the standard error of the mean of the three bottles analyzed 
where: (a) results from top, (b) bottom, and (c) spontaneous fermentation beers. 

 

2.3.2 RoboBEER  

 Results obtained from the RoboBEER measurements are presented in the first PCA 

(Figure 2.9). In this Figure, principal component one (PC1) described 38.40% of data 

variability, while the principal component two (PC2) accounted for 35.02% of the 

variability (Figure 2.9a). Therefore, the PCA represented a total of 73.46% explanation 

of the data variability. This Figure also shows that there was a direct and positive 

relationship between the foam parameters such as TLTF, MaxVol, LTF and bubble size, 

and the CO2 and ethanol gas measured with the sensors. Furthermore, there was a 

negative relationship between the latter descriptors and FDrain. On the other hand, color 

values R, G, B, and L are closely related amongst them but negatively related to a and 

b. In the Figure 2.9b, the cluster analysis based on the type of fermentation can be 

observed, this Figure shows how most of the beers from each type are able to be 

separated in three main clusters corresponding to the fermentation type of beers.  

 

c) 
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Figure 2.9. Results from multivariate data analysis: (a) PCA for foam – related 
parameters measured with the RoboBEER (Table 2.2), and (b) cluster analysis according 
to the type of fermentation (circles: top; squares: bottom and triangles: spontaneous). 
The description of the samples and their abbreviations are shown in Table 2.1. 

a) 

b) 
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 The results shown in Table 2.4 for the ANN pattern recognition represent the overall 

data obtained from the training, validation, and testing procedures. In this table the 

confusion matrix and the accuracy in percentage can be observed; these results show 

that it had an overall accuracy of 92.4% when using the developed model for classifying 

beers according to their type of fermentation. These same results were consistent from 

several retraining attempts of the neural network. 

 

Table 2.4. All confusion matrix for the 66 samples analyzed with ANN analysis for three types of 
fermentation for the final model, including training, validation, and testing. The top number 
corresponds to the number of samples and the bottom to the percentage from total samples for 
each type of fermentation. The last row and column show the percentage of accuracy (top number) 
and error (bottom number) for each type of fermentation and the overall. 

Fermentation 
type Top Bottom Spontaneous Accuracy 

Error 

Top 22 
33.3% 

2 
3.0% 

1 
1.5% 

88% 
12% 

Bottom 1 
1.5% 

19 
28.8% 

0 
0.0% 

95% 
5.0% 

Spontaneous 1 
1.5% 

0 
0.0% 

20 
30.3% 

95.2% 
4.8% 

Accuracy 
Error 

91.7% 
8.3% 

90.5% 
9.5% 

95.2% 
4.8% 

92.4% 
7.6% 

 

 In Figure 2.10, the receiver operating characteristic (ROC) curve is shown, which 

was obtained by the variation of the threshold. This shows that the spontaneous 

fermentation category (red line) had the highest true-positive rate (95.2%), followed by 

the top fermentation (green line) with 91.7%, being the bottom fermentation group 

(blue line) the lowest with 90.5%; hence, the bottom fermentation category accounted 

for the highest false-positive rate (9.5%) in all training, validation and testing 

procedures.  
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Figure 2.10. Receiver operating characteristic (ROC) curve showing the top (blue), 
bottom (green), and spontaneous (red) fermentation predictions close to the top-left 
edge for true-positive rate prediction values. 

 

2.3.3 Sensory Analysis  

 The PCA obtained from the sensory analysis reported a PC1 of 43.55% and a PC2 

representing 23.03% (Figure 2.11a). Therefore, the PCA represented a 66.58% 

explanation of the data variability. This Figure also shows the visual attributes, such as 

color intensity (VCInt), foam stability (VFStab), foam height (VFHeight), and foam 

texture (VFTexture) as well as the carbonation mouthfeel (MCarb) were positively 

correlated amongst them. However, they were negatively correlated to visual clarity 

(VClar). Furthermore, there was a positive relationship between the sourness (TSour) 

and the floral aroma (AFloral), and between sweetness (TSweet) and fruity aroma 

(AFruity). Nevertheless, the latter descriptors were negatively correlated with the bitter 

taste (TBitt), hops flavor, and grains, hops, and yeast aromas (AGrains, AHops, and 

AYeast). In Figure 2.11b, the cluster analysis showed that the beers were not as well 

classified according to the type of fermentation compared to results only from RoboBEER. 
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Figure 2.11. Results from multivariate data analysis obtained from the trained sensory 
panel for all the beer samples used: (a) PCA for sensory descriptors (Table 2.3), and (b) 
cluster analysis according to the type of fermentation (circles: top; squares: bottom and 
triangles: spontaneous) 

 

 The PCA in Figure 2.12a shows the parameters measured with both the RoboBEER 

and the trained sensory panel. As seen in this PCA, all the foam parameters from the 

a) 

b) 
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visual descriptors (VFStab, VFHeight, and VFTexture) and the ones measured with the 

RoboBEER (TLTF, MaxVol, and LTF) were correlated with each other. Other descriptors 

such as alcohol content measured with the sensor (OHSensor) and with the Alcolyzer 

(OHAlc) as well as CO2 and MCarb also had a positive relationship. In the cluster analysis 

(Figure 2.12b) it can be observed that most of the beers were clustered according to 

their type of fermentation. 

 

 

Figure 2.12. Results from the multivariate data analysis including the sensory and 
RoboBEER parameters (Tables 2.2 and 2.3), where: (a) PCA and (b) cluster analysis 
according to the type of fermentation. 

 

b) 

a) 
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2.4 Discussion 

2.4.1 Sensors performance from RoboBEER 

 All the results presented from the RoboBEER were obtained at similar pouring 

temperatures, as demonstrated by the infrared temperature readings (Figure 2.4). 

Usually, studies do not measure pouring temperatures and rely on environmental 

conditions with statements, such as: “all measurements were obtained at room 

temperature, and beers were maintained refrigerated before the experiments at 5 °C”. 

By measuring baselines from the glass, pouring, and foam temperature, studies can 

objectively demonstrate whether similar conditions were achieved in the pouring process 

since just small variations of temperature in the pouring process can result in significant 

differences in foamability of beer. Therefore, the temperature sensor was incorporated 

in the RoboBEER to have an objective measure and ensure all samples were tested at 

the same temperature conditions, but temperature outputs were not used as input in 

the ANN model. 

 The alcohol content measured for all beer liquid samples with the Alcolyzer were 

within the 0.3% specified as the limit of accuracy that the Australian regulations require 

for beer according to the standard 2.7.1 labeling of alcoholic beverages and food 

containing alcohol (ComLaw, 2011). For the alcohol sensor in the RoboBEER, the SE bars 

between the three bottles from each sample showed that the top and bottom 

fermentation beers had higher variation than the spontaneous fermentation, which can 

be explained by the type of bottle capping used for these beers (Figure 2.6). The cork 

and bottle cap combination acts as better insulation and sealing, preventing the process 

of freeing alcohol and gases through tiny channels at the edge of bottles. 

 The CO2 content was higher in the spontaneous fermentation beers due to the 

processing method, hence requiring a robust type of sealant to avoid gas leaks. The 

latter is very common in beers using only caps, resulting in variability of CO2 release and 

foamability within these kinds of bottles, that was detected by RoboBEER (Figures 2.7a, 

2.8a, and 2.8b), especially for top fermentation (Figure 2.8a). The bottom fermentation 

samples had the lowest CO2 release and presented a lower SE amongst the different 

beers and bottles compared to the top fermentation beers. On the other hand, 

spontaneous fermentation samples had the highest CO2 release and, despite presenting 

a higher SE between the different beers, the values obtained from the three bottles of 

the same sample are more similar than the top and bottom fermentation beers. These 

results are consistent with those presented in the PCA from the RoboBEER parameters 

(Figure 2.9a), which showed spontaneous fermentation beers having higher CO2 release 

and more foam volume (MaxVol) and stability (TLTF, LTF). Therefore, the RoboBEER was 
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able to detect differences due to the product, packaging and sealing methods. These 

outputs can be used to double-check the consistency of samples and detect outliers 

related to lower CO2 due to anomalous conditions of samples produced by bottling 

problems or faulty caps. 

 It is important to note that for analysis of beer using these types of sensors, it is 

not as important the precision of the sensors but the comparison capability within 

different beers. Therefore, even though results for the alcohol sensor, for example, are 

comparable to more established instrumentation, the relative values of the sensors are 

used for comparison purposes. 

2.4.2 RoboBEER versus sensory analysis 

 The foam drainage occurs when the layer of foam is weakened by the Plateau border 

suction and the gravity, which, at the same time, leads it to the collapse and thus the 

foam stability is reduced (Bamforth et al., 2011), this explains the negative correlation 

between this parameter and the other foam related measurements (TLTF, MaxVol, and 

LTF). The medium and large bubbles are less stable as the beer could present either 

coalescence, which happens when the lamellae is broken, and two small bubbles join 

forming a larger bubble, or disproportionation, which occurs when the smaller bubbles 

with high Laplace pressure disperse into larger bubbles that present lower pressure, 

consequently they break more readily and easily making the foam volume to decrease 

much faster (Bamforth et al., 2011). Therefore, despite that the small, medium and 

large bubbles are related between each other and with foaming parameters due to their 

contribution to foam formation, the relationship between the TLTF and the medium and 

large bubbles is quite weaker than the small bubbles.   

 The ANN showed a very accurate model obtained to classify beers according to the 

type of fermentation by using the results from 15 descriptors measured directly with the 

RoboBEER. The ANN training was performed several times to assess whether different 

initial conditions will render in some errors; however, similar results were achieved every 

re-training time. In the ROC curve (Figure 2.10) an accurate model is presented as it 

represents an overall sensitivity (true-positive rate) of 92.4% and specificity (false-

positive) of 7.6%. Within the three types of fermentation, the bottom fermentation was 

the lowest in sensitivity and highest in specificity, in Table 2.4 it is shown that two bottom 

fermentation beers were misclassified as top fermentation, this is due to the similarity 

that some styles of bottom fermentation beers share with top fermentation such as 

alcohol content and color. These misclassifications were also found using the cluster 

analysis; however, the ANN performs more accurately compared to simple clustering 

analysis, additional to the ANN model ability to be fed with new data for classification 
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purposes (Figure 2.9b). These results can be explained due to the differences within the 

fermentation procedures, which will render different results in foamability, drainage, 

beer color formation, among others, which may or may not be perceptible by people as 

shown in the PCA from the data obtained from a trained sensory panel did not cluster 

clearly the beers based on the type of fermentation (Figures 2.11a, 2.11b). The 

consistency and objectivity of data obtained by RoboBEER made possible to classify in a 

better way, different beers compared to the subjectivity of the perception of people from 

the sensory panel, even after training and agreement in different quality descriptors to 

be observed in the sensory session.  

 The sensory panel added other descriptors related to flavor and aroma and their 

relationships based on the PCA, which could be compared to the RoboBEER results 

(Figure 2.12a). Examples are the positive correlation between the foam descriptors and 

the carbonation mouthfeel as well as the alcohol content and the warming sensation 

(MWarm). However, in the PCA from the RoboBEER measurements, the CO2 and foam 

related parameters presented a closer relationship. The results obtained for the tastes, 

aromas, and mouthfeel were as expected for these kinds of products. Furthermore, 

results obtained from the RoboBEER compared to the sensory panel associated with foam 

characteristics were related to each other, which also shows that the measurements 

from the RoboBEER are reliable and consistent compared to trained sensory panels. This 

is confirmed with the cluster analysis, which clustered beers in similar way as the 

RoboBEER by itself (Figure 2.12b).  

 

2.5 Conclusions  

 The RoboBEER is an affordable, consistent and rapid tool to analyze color, foam, 

and bubble characteristics and remotely sensed chemometry to assess beer quality. 

Furthermore, the method presented in this paper is more objective, reliable and accurate 

compared to sensorial perception of panelists, since it is able to classify beers according 

to the type of fermentation based on foam characteristics, chemometry, and beer color, 

and does not require to gather and train sensory panelists. Since the PCA and cluster 

analysis are able to group almost all samples correctly, this facilitated the ANN model 

development, which presented 92.4% accuracy when classifying the three types of 

fermentation. This model needs to be further developed using more samples, which can 

be easily done by scientists, producers and retail companies in a simple, accurate and 

affordable manner using the RoboBEER. 
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Abstract: 

Sensory attributes of beer are directly linked to perceived foam–related parameters and 
beer color. This study aimed to develop an objective predictive model using machine 
learning modeling to assess the intensity levels of sensory descriptors in beer using the 
physical measurements of color and foam-related parameters. A robotic pourer 
(RoboBEER), was used to obtain 15 color and foam–related parameters from 22 different 
commercial beer samples. A sensory session using quantitative descriptive analysis 
(QDA®) with trained panelists was conducted to assess the intensity of ten beer 
descriptors. Results showed that the PCA explained 64% of data variability with 
correlations found between foam–related descriptors from sensory and RoboBEER such 
as the positive and significant correlation between carbon dioxide and carbonation 
mouthfeel (R = 0.62), and between viscosity from sensory, and maximum volume of 
foam and total lifetime of foam (R = 0.75, R = 0.77, respectively). Using the RoboBEER 
parameters as inputs, an Artificial Neural Network (ANN) regression model showed high 
correlation (R=0.91) to predict the intensity levels of ten related sensory descriptors 
such as yeast, grains and hops aromas, hops flavor, bitter, sour and sweet tastes, 
viscosity, carbonation, and astringency.  

Practical applications 

This paper is a novel approach for food science using machine modelling techniques that 
could contribute significantly to rapid screenings of food and brewage products to the 
food industry and the implementation of Artificial Intelligence (AI). The use of RoboBEER 
to assess beer quality showed to be a reliable, objective, accurate and less time-
consuming method to predict sensory descriptors compared to trained sensory panels. 
Hence, this method could be useful as a rapid screening procedure to evaluate beer 
quality at the end of the production line for industrial applications. 
 

Keywords: artificial neural networks; beer foam; sensory analysis; robotics; beer color 
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3.1 Introduction 

 Beer is the most consumed alcoholic beverage worldwide in terms of volume 

representing 78% of total volume sales. Moreover, consumers are constantly looking for 

new options of beer; hence, the industry focuses heavily on the development of new 

products or improving existing ones (Euromonitor-International, 2018). However, this 

brewage is very complex in terms of specific sensory descriptors due to the diversity of 

ingredients used in the manufacturing process, such as malt, hops, and yeast as well as 

the possible addition of adjuncts such as other cereals, flavors, fruit juices, among others 

(Delcour and Hoseney, 2010). The assessment of sensory attributes of beer is relevant 

as they are an indicator of beer quality, especially the visual characteristics such as 

foam-related parameters, which, at the same time are closely linked to flavors, tastes 

such as bitter, sour and sweet, aromas due to the capacity of foam to release them, and 

mouthfeel given by the carbonation and foamability (Baert et al., 2012, Cooper et al., 

2002, Gonzalez Viejo et al., 2016, Gonzalez Viejo et al., 2018) 

 The raw materials used for the beer brewing contribute chemical compounds such 

as proteins, carbohydrates, alcohol, among others, which affect the sensory 

characteristics of the final product (Bamforth, 2011). Hops are one of the crucial 

ingredients of brewing, which contributes to the characteristic bitter taste from iso-alpha 

acids. These iso-alpha acids as well as malts contribute to the characteristic color of 

different styles of beer and may lead to specific astringency levels. Additionally, iso-

alpha acids have specific tensio-active properties, which contribute to foam formation, 

stability, and lacing. Hops also contain essential oils that contribute to the complexity of 

aromas and flavors found in beer (De Keukeleire, 2000, Bamforth et al., 2011).  

 The type of fermentation (top, bottom, or spontaneous), the type of yeast used, 

alongside the original gravity and degree of attenuation (which defines the alcohol 

content), determines the sweetness level of the final product. These two parameters 

have an inverse relationship, hence the lower the alcohol content, the higher the 

sweetness, as they depend on the amount of fermentable sugars consumed by yeasts. 

As yeasts consume sugars, carbon dioxide is produced. Therefore, a higher amount of 

fermentable sugars in the wort can lead to higher carbonation in the final beer. Proteins 

and carbohydrates derive mainly from malt, and they constitute almost solely for the 

body or viscosity of beers, which, at the same time, is highly linked with the foam 

stability (Delcour and Hoseney, 2010). The interest in studying foamability in beers relies 

on the influence of foam formation and stability over other critical sensory components. 

Foam plays a fundamental role in releasing aromas and to preserve flavor and taste, 

since, with reduced foamability, the beer comes in direct contact with the oxygen from 

the air, and thus it starts to oxidize during its consumption, which results in the 
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appearance of off-flavors (Gonzalez Viejo et al., 2016, Gonzalez Viejo et al., 2018, Okada 

et al., 2008, Ortiz et al., 2003). 

 The current demand for higher quality beers worldwide has increased the need for 

new and more effective methods to assess their sensory descriptors and quality traits. 

Descriptive sensory tests such as quantitative descriptive analysis (QDA®) and 

Spectrum™ have been used as tools to evaluate the quality of beers and to ensure 

uniformity amongst different batches (Medoro et al., 2016). However, these tests require 

a panel of 10 – 16 people with extensive training, which is time-consuming and 

expensive (Piper and Scharf, 2004). Rapid sensory methods such as Napping® and 

sorting have been reported to give reliable data without the requirement of a trained 

panel. However, these methods are used to find similarities or differences within a set 

of samples that need to be evaluated in a single session and require a limited number of 

samples (Antúnez et al., 2015, Giacalone et al., 2013).  

 Artificial neural networks (ANN) are a type of machine learning algorithm that has 

the ability to simulate the processing techniques of the human brain, giving it the 

capacity to find non-linear relationships within a set of parameters and targets (Lin et 

al., 2012). This method has been actively applied for a wide range of purposes, such as 

diagnostic of diseases (Khan et al., 2001), prediction of weather (Tokar and Johnson, 

1999, Kuligowski and Barros, 1998), among others. It has also been proposed as an 

alternative way for more objective beer classification according to quality traits such as 

alcohol content, pH and CO2  (Garcia et al., 1995), according to fermentation type 

(Gonzalez Viejo et al., 2016) and to predict specific compounds in beer, such as acetic 

acid (Zhang et al., 2012). Furthermore, ANN has been used to develop models to predict 

volatile fingerprinting using gas chromatography (Cajka et al., 2010), to predict 

chemometrics such as pH, alcohol content, maximum volume of foam and Brix using 

near-infrared absorbance values within 1600 and 2400 nm as inputs (Gonzalez Viejo et 

al., 2018), and to predict alcohol content and real extract using mid- and near-infrared 

(Iñón et al., 2006). In those three studies, the ANN models were compared with other 

methods such as partial least squares regression and linear discriminant analysis, being 

ANN the most accurate method in all cases. Therefore, appropriate models based on 

these types of algorithms can be based on rapid measurements of beer parameters such 

as foamability and color, which can be obtained using the RoboBEER. 

 This paper discusses the development of machine learning modeling techniques; 

specifically, artificial neural networks (ANN) to predict ten related sensory descriptors in 

beer using 15 parameters including foamability, alcohol, carbon dioxide (CO2) and color 

measured using a robotic pourer, RoboBEER (Gonzalez Viejo et al., 2016). The objective 

of the machine learning models developed is to allow more efficient assessment of 
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samples at the end of the production line to have accurate results for sensory descriptors 

such as viscosity, carbonation, astringency, bitterness, sourness, sweetness and aromas 

like yeast, hops and grains to use as a rapid method to assess beer quality.  

 

3.2 Materials and Methods 

 A set of 22 beer samples (Table 3.1) from three types of fermentation (eight from 

top, seven from bottom, and seven from spontaneous) were used for sensory descriptive 

analysis. Each beer was sampled in triplicate to measure all foam-related parameters to 

reduce bias due to sealability and/or another packaging related variability.  

 

Table 3.1. Beer samples used classified by type, subtype, and country of origin as well as their 
packaging and net content with their respective abbreviations. 

Type/Subtype Country of Origin Label / Code Packaging type/ 
Net Content 

Alcohol 
Content 

Top Fermentation 

Abbey Ale Belgium L Brown glass bottle 
330 mL 6.6% 

India Pale Ale Australia IP Brown glass bottle 
330 mL 6.2% 

Porter Poland Z Brown glass bottle 
330 mL 9.5% 

Kolsch Australia P Brown glass bottle 
330 mL 4.6% 

Red Ale USA RT Brown glass bottle 
330 mL 5.8% 

Steam Ale Australia SA Brown glass bottle 
330 mL 4.5% 

Aged Ale Scotland IG Brown glass bottle 
330 mL 6.6% 

Sparkling Ale Australia CS Brown glass bottle 
375 mL 5.8% 

Bottom Fermentation 

Lager Mexico C Clear glass bottle 
355 mL 4.5% 

Lager Mexico XX Green glass bottle 
330 mL 4.5% 

Lager USA BL Brown glass bottle 
355 mL 5.2% 

Lager Netherlands H Green glass bottle 
330 mL 5.0% 

Lager Czech Republic BC Green glass bottle 
330 mL 5.0% 

Lager Low Alcohol Germany BB Green glass bottle 
330 mL 0.3% 

Pilsner Czech Republic PU Green glass bottle 
330 mL 4.4% 

Spontaneous Fermentation 

Lambic Cassis Belgium LC Green glass bottle 
375 mL 3.5% 

Lambic Framboise Belgium LF Green glass bottle 
375 mL 2.5% 

Lambic Gueuze Belgium LG Green glass bottle 
375 mL 4.5% 
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Lambic Kriek Belgium LK Green glass bottle 
375 mL 3.5% 

Lambic Kriek Belgium OK Green glass bottle 
375 mL 6.0% 

Lambic Gueuze Belgium OG Green glass bottle 
375 mL 6.0% 

Lambic Gueuze Belgium OT Green glass bottle 
375 mL 6.5% 

 

3.2.1 Foamability assessment 

 To measure all foam-related parameters using computer vision algorithms from 

pouring videos, a robotic pourer RoboBEER was used. RoboBEER is able to pour a 

constant amount of beer (80 ± 10 ml) and monitor liquid temperature, alcohol and CO2 

release in real-time using sensors controlled by Arduino boards® (Arduino, Italy). In 

parallel, videos of the pouring process and up to five minutes afterward are recorded 

using an iPhone 5S (Apple Inc., Cupertino. CA. USA). The post-analysis of videos is based 

on customized computer vision algorithms written in Matlab® ver. 2016a (Mathworks, 

Inc., Natick. MA, USA). This robotic pourer is capable of giving a total of 15 parameters 

related to foamability and color of beer, such as maximum volume of foam (MaxVol), 

total lifetime of foam (TLTF), lifetime of foam (LTF), foam drainage (FDrain), number of 

large (LgBubb), medium (MedBubb) and small bubbles (SmBubb) in the foam, CO2 

release, alcohol content (OH), and beer color parameters in both scales CieLab (L, a, b) 

and RGB respectively.  

 The analysis from the RoboBEER consists of three parts, i) data acquisition from the 

sensors (temperature, alcohol, and CO2) using the CoolTerm terminal application ver. 

1.4.3 (Meier), ii) processing of one frame at the peak pouring volume obtained from the 

video to analyze the average color of a section of the center region of the liquid in both 

scales (RGB and CieLab) and iii) analysis of foam and bubble related parameters from 

the pouring video. To analyze the foamability, the video was first processed using a 

semi-supervised algorithm that consists of the initial scaling to convert height into 

volume followed by the manual selection of foam height every 1 second (30 frames), 

this allows the code to automatically calculate volume of foam and liquid. After this 

process, the code calculates the resulting volumes into TLTF, LTF, MaxVol, and FDrain 

by analyzing the area below the curve of foamability and relevant parameters. Finally, 

the frame with the maximum volume of foam obtained from the video is analyzed based 

on the “Hough Transformation” algorithm to obtain bubble size and distribution within 

the visible foam in the glass wall (Condé et al., 2017). A more detailed description of the 

RoboBEER methodology and performance is found in work from Gonzalez Viejo et al. 

(2016).  
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3.2.2 Sensory evaluation 

 A sensory session for descriptive analysis was carried out to assess all beer samples. 

The sensory session and training were carried out in the sensory lab facilities of the 

Faculty of Veterinary and Agricultural Sciences of The University of Melbourne, Australia 

(FVAS – UoM). A questionnaire using a 15 cm non-structured scale was implemented 

through a biometric-sensory application (bio-sensory App) (Torrico et al., 2018) 

designed for Tablet PCs (Android) and developed by the sensory group belonging to the 

School of Agriculture and Food within the FVAS - UoM. A sensory panel of 12 participants 

that were prescreened to be regular beer consumers were able to verbalize descriptors, 

and that had previous experience in similar tests, was used to conduct the session. These 

panelists were trained to detect basic tastes and aromas using the International 

Standard methodology (ISO 8586-1: 1993E Sensory analysis -- General guidelines for 

the selection, training, and monitoring of selected assessors and expert sensory 

assessors, and quality control procedures) (ISO, 1993), this training was conducted in 

five sessions of 60 mins each. The general training consisted of basic tastes using sodium 

chloride for salty, sucrose for sweet, caffeine for bitter, monosodium glutamate for 

umami, and citric acid for sour taste using the dilutions suggested in the above-

mentioned International Standard. Furthermore, the training included the familiarization 

with different aromas generally found in beer using the Le Nez du Vin®: Wine Aroma kit 

(Le Nez du Vin, France) including aromas such as fruity (lemon, cherry, apple, orange), 

floral (acacia, honey, rose, violet), vegetal and spicy (yeast, cedar, pine, cut hay, clove), 

animal notes (butter, leather) and roasted notes (toast, caramel, coffee, smoke), among 

others. 

 The selection of descriptors for the test was carried out using the quantitative 

descriptive analysis (QDA®) method in blind tasting sessions using the different beer 

samples to generate consensus and agreement on a set of the most relevant attributes. 

For the QDA®, the training sessions and selection of descriptors consisted of seven 

sessions of 60 mins each and divided as follows: i) two sessions were dedicated for top 

fermentation beers, ii) two sessions for bottom fermentation, iii) two sessions for 

spontaneous fermentation samples, and iv) one more session for a mix of all types of 

beers. To assess the panel performance during the training, a combination of cluster 

analysis, standard deviation, ANOVA, and spider chart (data not shown) were developed 

to assess significant differences within the panelists for each descriptor. 

 A single double-blind sensory session was conducted to evaluate the intensity of the 

different descriptors for the 22 beer samples used in this study (Table 3.1). The samples 

were served at refrigeration temperature (~4°C) and covered with aluminum foil by an 

independent person that did not participate in the session, which codified each sample 
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with a three-digit random numerical codes with the tasting order semi-randomized (two 

blocks of 11 beers each) (Gonzalez Viejo et al., 2016). All beer samples were served just 

after beer bottles were opened in International Standard Wine Tasting Glasses Luigi 

Bormioli and one at a time for an independent assessment. A total of 21 descriptors were 

evaluated; however, for this paper, only ten descriptors were used (Table 3.2) as these 

are the attributes affected by or related to foamability. For this study, only one replicate 

was analyzed as the results from the standard error of the mean (SEM) were between 

0.17 and 1.49 (Table S3.2). Furthermore, an ANOVA and least significant differences 

(LSD) test (α = 0.05) were conducted using the SAS® 9.4 software (SAS Institute Inc. 

Cary, NC. USA) to find significant differences between samples for each descriptor. There 

were significant differences between samples for all descriptors, which indicates that the 

range of beer samples was adequate for modeling purposes. These results can be found 

in Appendix I (Table S3.2). 

 

Table 3.2. Sensory descriptors obtained by agreement of a trained sensory panel, which is directly 
related to foamability properties of beer and their abbreviation. 

Descriptor Abbreviation 
Bitter taste TBitt 
Sweet taste TSweet 
Sour taste TSour 

Aroma Grains AGrains 
Aroma Hops AHops 
Aroma Yeast AYeast 

Viscosity CVisc 
Astringency MAstr 

Carbonation mouthfeel MCarb 
Flavor Hops FHops 

 

3.2.3 Multivariate data analysis 

 A multivariate data analysis based on principal components analysis (PCA) was 

performed using a customized Matlab® code (Fuentes, Unpublished). Factor loadings for 

the two major principal components used to construct the PCA can be found in Table 

S3.3 in Appendix I. A correlation matrix was developed in Matlab® to find significant 

correlations (p < 0.05) between the 15 parameters measured with RoboBEER and the 

ten sensory descriptors (Table 3.2). Mean values of the parameters measured with 

RoboBEER and from sensory descriptors can be found in Appendix I (Table S3.1 and 

S3.2). For the parameters measured with RoboBEER, the SD between the three bottles 

of each sample are presented.  
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3.2.4 Artificial Neural Networks 

 The Matlab Neural Network Toolbox™ 7 (Mathworks, Inc., Natick. MA, USA) fitting 

tool was used to develop an ANN regression model to predict the sensory descriptors 

(Table 3.2) intensities using 15 parameters as inputs: MaxVol, TLTF, LTF, FDrain, 

LgBubb, MedBubb, SmBubb, CO2, OH, L, a, b and R, G, B, obtained using the RoboBEER 

and values for sensory descriptors as targets from Table 3.2. For this model the 

Levenberg-Marquardt training algorithm was used along with a random data division of 

70% (n = 46) used for training, 15% (n = 10) for validation with a mean squared error 

performance algorithm and 15% (n = 10) for testing using a default derivative function. 

After testing different numbers of neurons (10, 7, 5 and 3), the model was developed 

using three hidden neurons as the results using the four options were similar (Figure 

3.1). Statistical data used to evaluate the accuracy of these models consisted of the 

correlation (R) and determination (R2) coefficients, mean squared error (MSE), slope and 

p-value obtained using Matlab®. 

 

 

Figure 3.1. Feedforward network model diagram with two layers and sigmoid functions 
using three hidden neurons and ten outputs for regression models. A total of 15 inputs 
from RoboBEER: i) MaxVol, ii) TLTF, iii) LTF, iv) FDrain, v) LgBubb, vi) MedBubb, vii) 
SmBubb, viii) CO2, ix) OH, x) L, xi) a, xii) b and xiii) R, xiv) G, and xv) B and ten targets 
from sensory descriptors (Table 3.2) were used to create the ANN model.  

 

3.3 Results and Discussion 

3.3.1 Multivariate data analysis 

 Figures 3.2a and 3.2b show the PCA and correlation matrix using 15 RoboBEER 

parameters: i) MaxVol, ii) TLTF, iii) LTF, iv) FDrain, v) LgBubb, vi) MedBubb, vii) 

SmBubb, viii) CO2, ix) OH, x) L, xi) a, xii) b and xiii) R, xiv) G, and xv) B and ten sensory 

descriptors (Table 3.2). The principal component one (PC1) represented 40.1% of data 

variability, while principal component two (PC2) accounted for 23.4%; thus, the PCA 



 

113 
 

represented 64% of total data variability. From the PCA in Figure 3.2a and factor loadings 

in Table S3.3, PC1 is characterized mainly by yeas, hops, and grains aromas as well as 

color lightness on the positive side of the axis, and sweet and sour tastes along with the 

color parameters (a, R and G) on the negative side. On the other hand, the PC2 is 

characterized by bubble size and foam drainage on the positive side, and foam-related 

parameters from both the RoboBEER and sensory descriptors (MaxVol, TLTF, OH, MCarb 

and CVisc) on the negative side. However, a weakness found in this analysis was that 

the scores of the factor loadings were within a range of 0.02 – 0.29 for PC1 and 0.01 – 

0.37 for PC2, which are considered as weak or poor scores (Comrey and Lee, 2013).  

 Figure 3.2a shows a separation of the samples according to the type of fermentation 

(top: circles and dotted line; bottom: squares and dashed line; two groups of 

spontaneous: triangles and solid and long dashed lines) that, however, have differences 

among them. These results and the differences found in the ANOVA (Table S3.2) indicate 

that the samples have a wide range of characteristics in terms of foamability, color, and 

sensory descriptors that allow the modeling of the data. It is important to note as a 

limitation of the study that only one replication was made for the descriptive sensory 

session; therefore, the reliability of the panel cannot be assured. However, when 

combining all sensory results with the RoboBEER parameters, the relationship between 

the parameters and the separation of samples are in accordance with literature.   

 As seen in Figure 3.2a, the group of bottom fermentation beers had more foam 

drainage and therefore, lower foam stability and CO2 than the top and spontaneous 

fermentation, this is mainly due to the differences in the process (fermentation time, 

temperature and filtration, carbonation), and type of yeast (Bamforth et al., 2011). Top 

fermentation beers presented higher bitterness, hops aroma and flavor, and astringency, 

which are common attributes in this type of beers (Perozzi and Beaune, 2012a, Perozzi 

and Beaune, 2012b). On the other hand, the first group of lambic beers (LG, LC, LF, and 

LG) had more sweetness and sour taste, whilst the group of OG, OT and OK present sour 

taste and a higher MCarb, and CVisc and, therefore, more foam stability and volume 

(MaxVol, TLTF, LTF). The separation into two groups for spontaneous fermentations 

might be due to the differences in alcohol content as the first group (LG, LC, LF, and LG) 

had lower alcohol content (2.5% – 4.5%) compared to the second group (6.0% - 6.5%). 

Another reason for the differences within this type of beers might be due to the 

fermentation that uses wild yeast from the environment of the region where the beer is 

produced, which makes it more difficult to have very similar descriptors among different 

breweries (De Keersmaecker, 1996).  

 The positive and significant (p < 0.05) correlation between the viscosity (CVisc) and 

foam-related parameters such as MaxVol, TLTF and LTF (R = 0.75, R = 0.77 and R = 
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0.53, respectively), and the negative correlation with FDrain (R = -0.77) can be 

attributed to the fact that the surfactant substances, such as proteins and carbohydrates, 

contained in beers are able to increase the viscosity of the liquid and, therefore, 

contributing to foam stability, hence, the higher the viscosity the higher the foam 

stability and the lower foam drainage (Figure 3.2b) (Delcour and Hoseney, 2010, 

Depraetere et al., 2004). Furthermore, there was a positive correlation between TSweet, 

and the MaxVol and LTF (R = 0.49 and R = 0.58, respectively); likewise, TSweet had a 

positive correlation with SmBubb (R = 0.56), which at the same time was positively 

correlated with LTF (R = 0.50); all this is related to the contribution of carbohydrates to 

foam stability, which is achieved because sugars are able to increase the viscosity of the 

bulk phase and reduce the rate of liquid drainage in the lamella (Badui, 2006, Bamforth 

et al., 2011). In the case of small bubbles, these contribute to foam creaminess, which 

gives higher foam stability (Depraetere et al., 2004). On the contrary, large bubbles 

produce a coarse foam, which, at the same time, decrease the viscosity and cause an 

increased rate of foam drainage that coincides with the negative correlation between 

CVisc and LgBubb (R = -0.45) and the positive correlation between FDrain and LgBubb 

(R = 0.43) (Bamforth, 1985). The positive correlation between TSour and MaxVol (R = 

0.64), TLTF (R = 0.56), and LTF (R = 0.62) is related to the influence that pH has on 

the foamability in beer as, the closer the protein to its isoelectric pH, the higher the foam 

stability (Badui, 2006, Gonzalez Viejo et al., 2018).  

 The release of CO2 had a positive correlation (R = 0.62) with the carbonation 

mouthfeel (MCarb), which would indicate that the amount of carbonation in the beer was 

accurately perceived by the trained panel. The positive correlation of TSweet with red 

color (R and a) (R = 0.52 and R = 0.76, respectively) were consistent with results found 

by Abeytilakarathna et al. (2013) in which Brix content had a direct correlation with red 

color in fruits, as the red-colored beers used in this study have red fruits juice within 

their ingredients. Finally, the correlation between the AGrains and AHops with color 

parameters coincides with the contribution that malted barley and hops (tannins) have 

to the color in beers as, the malted barley exposed to high temperatures during kilning 

in the brewing pre-process goes through to the Maillard reaction and, in some cases, the 

caramelization and pyrolysis of sugars, which cause the brown color to be higher or lower 

depending on the time and temperatures used during this stage of brewing (Figure 3.2b) 

(Piggott, 2011).  
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Figure 3.2. Multivariate data analysis showing: a) PCA from the RoboBEER foam and 
color parameters: i) maximum volume of foam (MaxVol), ii) total lifetime of foam (TLTF), 
iii) lifetime of foam (LTF), iv) foam drainage (FDrain), v) number of large (LgBubb), vi) 
medium (MedBubb) and vii) small bubbles (SmBubb) in the foam, viii) CO2, ix) alcohol 
content (OH), and color parameters in both scales x, xi, xii) CieLab (L, a, b) and xiii, xiv 
and xv) RGB. The samples abbreviations are listed in Table 3.1 and grouped by type of 
fermentation (top: circles, bottom: squares and spontaneous: triangles), x-axis 
represents principal component one (PC1) and y-axis represents principal component 
two (PC2); and b) correlation matrix showing the descriptors in both axes and the 
significant correlation values in the color bar in which black represents positive and light 
gray negative correlations. Dark gray descriptors in both figures represent the RoboBEER 
parameters, while the light gray descriptors represent the sensory attributes studied 
(Table 3.2). 

a) 

b) 
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3.3.2 Artificial Neural Networks model development 

 As shown in Figure 3.3a, a high overall correlation and determination coefficients (R 

= 0.91, R2 = 0.83) were obtained using the 15 foam–related and color parameters from 

the RoboBEER as inputs and ten sensory descriptors (Table 3.2) as targets, which is 

consistent with the levels of correlation found among these parameters (Figures 3.2a 

and 3.2b). The results obtained for the correlation were consistent even after several 

retraining attempts; furthermore, data were tested both normalized and non-

normalized, obtaining similar results (data not shown). Additionally, the MSE, 

correlation, and determination coefficient values for all stages and overall model are 

shown in Table 3.3. Although the MSE values appear to be high, the errors for the model 

training, validation and testing stages were normally distributed (Figure 3.3b). The slope 

for the overall model was 0.98 and was statistically significant, with a p-value < 0.0001.  

 

Table 3.3. Statistical data for the artificial neural networks model showing the correlation (R) and 
determination (R2) coefficients and means squared error (MSE) for the training, validation and 
testing stages, and overall model. 

Stage Samples Means squared 
error (MSE) 

Correlation 
coefficient (R) 

Determination 
coefficient (R2) 

Training 46 0.98 0.92 0.85 
Validation 10 1.55 0.87 0.76 
Testing 10 1.00 0.93 0.86 
Overall 66 0.90 0.91 0.83 

 

 

 



 

117 
 

 
Figure 3.3. Results from artificial neural networks showing (a) the overall model 
obtained with a high correlation (R = 0.91). Both axes represent the 15-point scale used 
for the ten sensory descriptors with the x-axis corresponding to the data from the trained 
sensory panel (observed) and the y-axis the ANN modeled data (estimated). (b) The 
error histogram that presents a normal distribution in which the x-axis represents the 
errors calculated as observed minus estimated. 

 

 This model would allow the prediction of the level of intensity of ten different sensory 

descriptors (Table 3.2) that are representative of beer quality using parameters obtained 

automatically from RoboBEER. The model developed meets some specifics that the ANN 

requires to avoid overfitting such as i) the number of inputs (inputs = 15) needs to be 

smaller than the number of samples used for the training stage (n = 46), ii) the network 

is small enough to avoid having enough power to overfit the model. The advantage of 

this type of ANN is that it consists of three different stages: i) training which is used to 

compute the gradient and update the weights and biases, ii) validation used to minimize 

the error and prevent overfitting by monitoring the validation error in the training stage 

and iii) testing which is used to compare different models (Beale et al., 2018).  

 The advantages of ANN modeling over other linear and non-linear methods are that 

it allows creating a single multi-target model function that can be fed with new data to 

obtain numerical values for the prediction of every single target. Furthermore, the model 

will learn and find further patterns when more data is included, however, it has to be 

monitored to avoid having a very large database that could cause overfitting, and hence 
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strengthening the accuracy of new predictions, and profiling in this way specific styles 

that are desired by consumers of specific brewing companies. In the industry, it is 

common that the evaluation of beer quality in terms of sensory is performed mainly by 

the master brewer who tastes the samples and decides whether the beer meets the 

expected descriptors or not, however, this is highly subjective, usually relies on one or 

two assessors, and does not provide quantitative and consistent data that can be 

assessed later in time by other people within the company. Therefore, the models 

developed in this study would contribute to reduce the variability due to human error as 

well as increase the accuracy of replicability of measurements, furthermore, the use of 

RoboBEER to predict intensities of sensory descriptors would provide both 

physicochemical and sensory parameters, which would give more objective information 

about the quality of all batches produced. The implementation of this method would also 

be available on request and under data security policies, to small, medium and large 

brewing companies that will generate a comprehensive database of samples that could 

contribute to the sustained improvement of existing products and the development of 

new products to supply a growing brewing market.  

 

3.4 Conclusion 

 The robotic pourer for beer (RoboBEER), coupled with machine learning modeling 

techniques, showed to be effective and accurate to assess beer quality in terms of its 

color, foamability, and related sensory descriptors. Although this method does not intend 

to completely replace the use of traditional sensory techniques with humans, it can 

potentially be used as a rapid method at the end of the production line for beer 

processing to assess samples from every single batch. The ANN model obtained would 

also allow the determination of levels of intensity of the most relevant sensory 

descriptors investigated straight from the final product as well as its use as a screening 

method to assess differences between products to decide whether or not to conduct a 

difference test in case of product development without the need of gathering trained 

panelists and time-consuming data analysis, which makes the method more reliable and 

replicable, less time consuming and more cost-effective. Finally, the RoboBEER can 

handle repetitive sampling, and it does not suffer from fatigue as human panelists, which 

helps to obtain more consistent, representative, and repeatable results that will help the 

industry in achieving their specific quality more efficiently.  
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CHAPTER 4  
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Abstract:  

The use of ultrasounds has been implemented to increase yeast viability, de-foaming, 
and cavitation in foods and beverages. However, the application of low-frequency 
audible sound to decrease bubble size and improve foamability has not been explored. 
In this study, three treatments using India Pale Ale beers were tested, which include (1) 
a control, (2) the application of audible sound during fermentation, and (3) the 
application of audible sound during natural carbonation. Five different audible 
frequencies (20 Hz, 30 Hz, 45 Hz, 55 Hz, and 75 Hz) were applied daily for one minute 
each (starting from the lowest frequency) during fermentation (11 days, treatment 2) 
and carbonation (22 days, treatment 3). Samples were measured in triplicates using the 
RoboBEER to assess color and foam-related parameters. A trained panel (n = 10) 
evaluated the intensity of sensory descriptors. Results showed that samples with 
sonication treatment had significant differences in the number of small bubbles, alcohol, 
and viscosity compared to the control. Furthermore, except for foam texture, foam 
height, and viscosity, there were non-significant differences in the intensity of any 
sensory descriptor, according to the rating from the trained sensory panel. The use of 
soundwaves is a potential treatment for brewing to improve beer quality by increasing 
the number of small bubbles and foamability without disrupting yeast or modifying the 
aroma and flavor profile. 
 
Keywords: foamability; audible sound; brewing; carbonation; fermentation 
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4.1 Introduction 

 Sound consists of a mechanical longitudinal wave, which propagates through gas 

and liquid media such as air and water but may also do so through solid materials 

(Cromer, 1981). Furthermore, frequency is defined as the number of complete 

oscillations per second and is expressed in Hertz (Serrano and Gil, 2003, Figura and 

Teixeira, 2007). The wavelength is the distance between the peaks of the sound signal 

(Glasscock et al., 2003) and is calculated using the following equation: 𝑉𝑉 = λF, where “V” 

is the speed of sound, λ is the wavelength, and “F” is the frequency (Vining et al., 2017). 

The wavelength depends on the velocity. Therefore, the medium affects the wavelength 

since the density and elasticity of the medium will change the velocity of the sound 

(Hassani, 2012). Soundwaves are divided into three different classes according to their 

frequency range, including (i) infrasound, which are those below 20 Hz and not audible 

by the human ear but may be detected by measuring the variation in pressure and 

vibrations. This type of soundwaves is naturally produced by earthquakes, volcanic 

eruptions, among others. The second class of soundwaves includes (ii) audible sound, 

which is produced within 20 Hz and 2000 Hz, and, as its name implies, it can be perceived 

by the human ear and (iii) ultrasound that is above 2000 Hz and cannot be heard by 

humans. However, some animals are able to hear it (Malik and Singh, 2010, Ferrer and 

Carrera, 1981, Hassanien et al., 2014). In food-related products, infrasound has been 

used to reduce membrane fouling in beer and wine filtration (Czekaj et al., 2001) while 

audible sound has been used to increase Escherichia coli growth (Ying et al., 2009), in 

the control of insects in stored products such as grains (Jasmine and Manohar Das, 

2008), and to increase yeast cells growth rate (Aggio et al., 2012), among others. 

However, ultrasound has been the most applied frequency range in food and beverages 

to increase the retention of nutritional compounds in fruit beverages (Morales-de la Peña 

et al., 2016), to increase production capacity and promote lightness of juices, and to aid 

in their preservation by the inactivation of enzymes (Abdullah and Chin, 2014) for the 

degassing of liquids (de Sousa, 2012), among others. 

 The amount and stability of foam and bubbles are essential in carbonated beverages 

such as beer since they comprise the most important factors that consumers consider 

when assessing the quality of beer. According to previous studies, consumers have a 

preference for beers with a medium level of foam height and consider the low foam as 

non-desirable with the lowest liking, lowest perceived quality scores, and highest penalty 

scores (Gonzalez Viejo et al., 2018a, Gonzalez Viejo et al., 2019, Bamforth, 2000, 

Donadini et al., 2011, Smythe and Bamforth, 2003). Therefore, it is important to explore 

methods such as sonication during its production process to increase foam in beer. 

However, the application of soundwave frequencies in beer has been limited to infra-
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sound or ultrasound with other purposes such as the aforementioned reduction of 

membrane fouling during filtration [10], to measure density of beer during fermentation 

(Becker et al., 2001), hops extraction (Hoggan, 1968), to increase yeast viability, and 

to increase alcohol concentration applying ultrasound during fermentation (Choi et al., 

2015), among others. 

 The use of soundwaves to modify bubble size has been narrowed to the purpose of 

degassing, de-foaming (de Sousa, 2012), and to produce cavitation, which is the effect 

of forming bubbles that increase their size and cause their implosion (Flint and Suslick, 

1991). Nevertheless, there are no studies that had assessed the effects of audible sound 

in bubbles and foam quality in carbonated beverages. Some breweries such as 

Philadelphia’s Dock Street Brewery, Mikkeller craft brewery, and Garage Project have 

applied music during the fermentation stage of the brewing process by claiming that 

music improves beers sensory characteristics and increases yeast activity (Galuszka, 

2017, Fowle, 2015, Boxall, 2017). However, music has a mix of different frequencies 

and soundwaves, which does not allow us to isolate the effects of the specific frequency 

levels. This can potentially have a higher, lower, or no effect on beer characteristics such 

as foaming and bubble size. 

 This paper aims to present the results from the assessment of the effects of audible 

soundwaves on beer bubbles and foam quality during fermentation and natural 

carbonation stages of the brewing process. The study was conducted using triplicates of 

three different treatments, including (i) control using the usual brewing process, (ii) the 

application of frequencies during fermentation, and (iii) the application of frequencies 

during the carbonation stage. Five different frequency levels (20 Hz, 30 Hz, 45 Hz, 55 

Hz, and 75 Hz) were used for the treatments. These were applied using two speakers 

including an amplifier and an iPhone application Audio Function Generator (Thomas 

Gruber, Forchenstein, Austria). The samples were analyzed using a robotic pourer 

RoboBEER and Matlab® R2018b (Mathworks, Inc., Natick, MA, USA) to assess foam and 

color-related parameters and through a trained sensory panel (n = 10) to assess 

significant differences between the treatments in their sensory descriptors. Lastly, two 

machine learning models previously developed by Gonzalez Viejo et al. (2016, 2018b) 

were tested by feeding the inputs from the RoboBEER of the triplicates of the three 

treatments to (i) predict the type of fermentation and (ii) to predict the intensities of 

sensory descriptors by obtaining high accuracy in the testing. 

 

 

 



 

126 
 

4.2 Materials and Methods 

4.2.1 Beer Samples Description and Processing 

 English style India Pale Ale (IPA, Berlin IPA, BrewBaker, Berlin, Germany) samples 

were selected for this study since breweries who have used music for brewing have done 

it using this style of beer (Galuszka, 2017, Boxall, 2017). The samples were brewed 

using the PicoBrew S (PicoBrew, Seattle, WA, USA). The samples came in special 

containers specific for the PicoBrew, which included the malted barley and different types 

of hops (Perle, Polaris, Tettnanger, Smaragd, and Cascade). As shown in Figure 4.1, for 

the control and the other two treatments (soundwaves during fermentation = SWF and 

soundwaves during carbonation = SWC), the container including the ingredients was 

inserted in the PicoBrew machine and followed the default formula in the machine for 

the specified IPA sample (Bitterness = 65 IBU). The first part of the brewing process for 

the control and two treatments lasted 2.5 h and consisted of heating, doughing, mash 

1, mash 2, mash out, boiling to a maximum temperature of 114 °C and holding at 94 °C 

for 1 h with the addition of four different types of hops at the start, the middle, and the 

end of the boiling process [Figure 4.1 (1)]. Following the first part of the process, the 

yeast (Saccharomyces cerevisiae; strain 1056; Safale US-05, Belgium) was added to the 

three treatments in the same way. Then the hermetically sealed kegs for the control and 

SWC were left at room temperature (25 °C) in the same place for 11 days while the 

SWF, which was also hermetically sealed, was treated with audible soundwaves daily by 

applying frequencies of 20 Hz, 30 Hz, 45 Hz, 55 Hz, and 75 Hz at −4 dB for 1 min each 

during 11 days of fermentation. The soundwaves were applied using two speakers, an 

amplifier, an iPhone 5s (Apple Inc., Cupertino, CA, USA), and an Audio Function 

Generator application (Thomas Gruber) [Figure 4.1 (2)]. To make sure the fermentation 

was completed, the CO2 from the keg was released once and then tried again 1 h later 

to make sure there was no more gas production. The last part of the process consisted 

of bottling the samples in brown bottles and adding one sugar drop for the natural 

carbonation process in which all the samples were left at 25 °C for 22 days. The control 

and SWF were left in the sample place during this stage of the process while the SWC 

were treated with audible soundwaves every day by applying frequencies of 20 Hz, 30 

Hz, 45 Hz, 55 Hz, and 75 Hz at −4 dB for 1 min each for 22 days [Figure 4.1 (3)]. 
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Figure 4.1. Diagram representing the brewing process and soundwave treatments 
applied to the different beer samples such as Control, SWF = soundwaves application at 
fermentation, and SWC = soundwaves applied in the carbonation process. Where (1) 
brewing process, (2) fermentation, and (3) bottling and natural carbonation. 

 

 The specific frequencies were selected by recording videos of the application of 

different levels (20–100 Hz) at −4 dB of amplitude to milk and dry thyme leaves in a 

Petri dish (Figure 4.2) and were further magnified using the Eulerian Magnification 

Algorithm (Wu et al., 2012) in Matlab® R2018b (Mathworks, Inc., Natick, MA, USA). 

Those frequencies that produced movements of the thyme in different directions such as 

grouping particles, separating them, and vibrating in the same position were selected 

(20 Hz, 30 Hz, 45 Hz, 55 Hz, and 75 Hz). Dry thyme and milk were used due to the lack 

of solubility and to ease the magnification and visibility of particle movement. 
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Figure 4.2. Diagram representing the setup of the testing of different audible sound 
frequencies to select the most appropriate ones for the treatments. 

 

4.2.2 Color and Foam-Related Parameters 

 All samples were analyzed in triplicates using computer vision algorithms written in 

Matlab® R2018b (Mathworks, Inc., Natick, MA, USA) to analyze 5-min videos recorded 

while using the automatic robotic pourer RoboBEER to obtain 15 color and foam-related 

parameters including: (i) maximum volume of foam (MaxVol), (ii) total lifetime of foam 

(TLTF), (iii) lifetime of foam (LTF), (iv) foam drainage (FDrain), color in two scales (v), 

(vi), (vii) CIELab and (viii), (ix), (x) RGB and bubble size distribution of (xi) small 

(SmBubb), (xii) medium (MedBubb), and (xiii) large bubbles (LgBubb) as well as (xiv) 

alcohol gas (OH) and (xv) carbon dioxide (CO2) release. The samples were poured in the 

same International Standard Wine Tasting Glass Luigi Bormioli to avoid differences due 

to the glass. Details about the procedure of the RoboBEER can be found in the paper 

published by Gonzalez Viejo et al. (2016). The three parameters from the RGB color 

scale were converted to a color index using Equations (1)–(4). The samples were also 

analyzed for alcohol content in the liquid (Alcohol) using an Alcolyzer Wine M alcohol-

meter (Anton Paar GmbH, Graz, Austria). Additionally, pH was measured using a pH-

meter Benchtop pH/mV meter 860031 (Sper scientific direct, Scottsdale, AZ, USA) with 

50 mL of the sample at ambient temperature (25 °C). Furthermore, viscosity (Visc) was 

measured with a Brookfield viscometer DV-II+ (AMETEK Brookfield, Middleborough, MA, 

USA) using 150 mL of the sample and an RV02 spindle at 50 rpm for 20 s. 

 

𝑅𝑅𝐺𝐺𝐵𝐵 𝑇𝑇𝐼𝐼𝑅𝑅𝐴𝐴𝐼𝐼𝐼𝐼𝑃𝑃𝑅𝑅𝐼𝐼 𝑟𝑟𝐴𝐴𝑅𝑅𝑃𝑃𝑟𝑟(𝑇𝑇) = 𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵 (1) 

𝑅𝑅𝐴𝐴𝑑𝑑 𝑃𝑃𝐼𝐼𝑅𝑅𝐴𝐴𝐼𝐼𝐼𝐼𝑃𝑃𝑅𝑅𝐼𝐼 𝑟𝑟𝐴𝐴𝑅𝑅𝑃𝑃𝑟𝑟 (𝑅𝑅𝑇𝑇) =
𝑅𝑅
𝑇𝑇
 (2) 
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𝐺𝐺𝑟𝑟𝐴𝐴𝐴𝐴𝐼𝐼 𝑃𝑃𝐼𝐼𝑅𝑅𝐴𝐴𝐼𝐼𝐼𝐼𝑃𝑃𝑅𝑅𝐼𝐼 𝑟𝑟𝐴𝐴𝑅𝑅𝑃𝑃𝑟𝑟 (𝐺𝐺𝑇𝑇) =
𝐺𝐺
𝑇𝑇
 (3) 

𝐵𝐵𝑙𝑙𝐵𝐵𝐴𝐴 𝑃𝑃𝐼𝐼𝑅𝑅𝐴𝐴𝐼𝐼𝐼𝐼𝑃𝑃𝑅𝑅𝐼𝐼 𝑟𝑟𝐴𝐴𝑅𝑅𝑃𝑃𝑟𝑟 (𝐵𝐵𝑇𝑇) = 𝐵𝐵
𝐼𝐼
  (4) 

 

4.2.3 Sensory Descriptive Analysis 

 A sensory session was conducted using a trained panel of 10 participants who were 

regular beer consumers using the quantitative descriptive analysis (QDA) method. Two 

1.5 h training sessions using IPA beers were conducted previous to the evaluation of the 

samples to obtain the descriptors and for the participants to familiarize themselves with 

the test. The sensory session was conducted at room temperature (24 °C) in a focus 

room in the sensory laboratory of the Faculty of Veterinary and Agricultural Sciences of 

The University of Melbourne, Australia (FVAS-UoM). Triplicates of the samples were 

evaluated, and all were served in 1 oz plastic glasses at a refrigerated temperature  

(4 °C). The tasting was double-blind and all samples were labeled with 3-digit random 

codes. Table 4.1 shows the parameters evaluated for all samples and the anchors used 

for each. For the visual assessment, the first 20 s of the videos obtained using the 

RoboBEER were shown on a large screen to all participants at the same time to ensure 

uniformity in the pouring and to evaluate all samples under the same conditions. The 

questionnaire was displayed in a Samsung Galaxy View Tablet (Samsung Group, Seoul, 

South Korea) using the Bio-sensory application (Gonzalez Viejo et al., 2018a, Gonzalez 

Viejo et al., 2019, Torrico et al., 2018a, Torrico et al., 2018b). All descriptors were rated 

using a 15 cm non-structured scale. 
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Table 4.1. Descriptors, abbreviations, and anchors used for the sensory descriptive test. 

Descriptor Abbreviation Anchors 
Foam Stability FStab Short time–Long time 
Foam Height FHeight Short–High  

Foam Texture (Bubble size) FText Small–Large 
Color Intensity CInt Light–Dark 

Clarity Clarity Haze–Clear 
Aroma–Hops AHops Absent–Intense 

Aroma–Spices ASpices Absent–Intense 
Aroma–Floral AFloral Absent–Intense 
Aroma–Fruity AFruity Absent–Intense 

Aroma–Brown Sugar ABSugar Absent–Intense 
Aroma–Yeast AYeast Absent–Intense 
Aroma–Nuts ANut Absent–Intense 

Aroma–Grains  AGrain Absent–Intense 
Viscosity MVisc Thin–Thick 

Astringency MAstr Absent–Intense 
Carbonation Mouthfeel MCarb Absent–Intense 

Warming Mouthfeel MWarm Absent–Intense 
Taste–Bitter TBitt Absent–Intense 
Taste–Sweet  TSweet Absent–Intense 
Taste–Sour TSour Absent–Intense 
Flavor–Hops FHops Absent–Intense 

 

4.2.4 Statistical Analysis 

 Data obtained from the RoboBEER were analyzed using multivariate data analysis 

based on the PCA with a customized code written in Matlab® R2018b. The factor loadings 

are shown in Appendix II (Table S4.1). A correlation matrix (CM) was developed in 

Matlab® R2018b to assess significant correlations (p < 0.05). Furthermore, all data were 

assessed for significant differences using ANOVA and the least significant differences 

(LSD) post-hoc test (α = 0.05) in SAS® 9.4 software (SAS Institute Inc., Cary, NC, USA). 

Mean, and standard deviation (SD) values were obtained. 

 Two machine learning models developed using commercial beers with artificial 

neural networks (ANN) (Gonzalez Viejo et al., 2016, Gonzalez Viejo et al., 2018b) were 

fed with the 15 parameters obtained from the RoboBEER for the control. SWF and SWC 

were used as inputs to predict the type of fermentation and to predict the intensity of 

ten sensory descriptors (AHops, AYeast, AGrain, MVisc, MAstr, MCarb, TBitt, TSweet, 

TSour, and FHops). Results were correlated with those obtained using the trained 

sensory panel to validate the accuracy of the model for sensory descriptors. To assess 

the later, a Pearson linear correlation (y = ax + b) was developed, Statistical data such 

as the correlation coefficient (R), determination coefficient (R2), and slope were 

obtained. 
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4.3 Results 

4.3.1 Color and Foam-Related Parameters 

 Figure 4.3a shows the principal components analysis (PCA) of the foam and color-

related parameters, and CO2 and alcohol gas release were obtained using the RoboBEER. 

It can be observed that the principal component one (PC1) represented 50.73% of data 

variability while principal component two (PC2) accounted for 21.05% with the PCA 

explaining a total of 71.78%. According to the factor loadings (Table S4.1), the PC1 was 

mainly represented by the TLTF, MaxVol, LTF, and color parameter “a” on the positive 

side and by GI and L on the negative side of the axis. On the other hand, the PC2 was 

primarily represented by BI and L on the positive side and by RI and a color parameter 

b on the negative side of the axis. It is shown that the control samples were more 

represented by the FDrain and green and yellow colors (GI and b) while two of the 

replicates of SWC had more GI, L, and BI. The third replicate was more characterized by 

small, medium, and large bubbles and a red color (a and RI). The SWF samples were 

more represented by the foam-related parameters such as MaxVol, LTF, TLTF, SmBubb, 

LgBubb, MedBubb, and CO2. 

 Figure 4.3b shows the CM in which MaxVol had positive and significant correlation 

with TLTF (R = 0.93), TLF (R = 0.89), LgBubb (0.71), and a negative correlation with 

FDrain (R = −0.74). Furthermore, TLTF had a positive correlation with SmBubb (R = 

0.70). Yet, as expected, the red color from the RGB scale (RI) had a positive correlation 

with a red color (a) from the Lab scale (R = 0.86). Likewise, there was a negative 

correlation between the blue color (BI) from the RGB scale and b from the Lab scale (R 

= −0.81). 

 

 

 

 

 

 

 

 

 

 



 

132 
 

 

 
Figure 4.3. Results from multivariate data analysis showing: (a) principal component 
analysis where the x-axis represents the principal component one (PC1) and y-axis 
represents the principal component two (PC2), samples in blue and triangles represent 
the control, those in green, and circles the treatment of soundwaves during fermentation 
(SWF) and the purple squares the soundwaves during carbonation (SWC), and (b) the 
correlation matrix shows only the significant correlations (p < 0.05) where the color bar 
depicts the positive (blue) and negative (yellow) correlations between the different 
descriptors. The values inside the boxes are the correlation coefficients (R). 
Abbreviations: MaxVol = maximum volume of foam, TLTF = total lifetime of foam, LTF = 
lifetime of foam, FDrain = foam drainage, L, a, b = color in CIELab scale, RI, GI, and BI 
indices of color in the RGB scale. SmBubb = small bubbles. MedBubb = medium bubbles. 
LgBubb = large bubbles. OH = alcohol gas and CO2 = carbon dioxide release. 

a) 

b) 
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 Table 4.2 shows the results of the ANOVA for the foam-related parameters 

measured with the RoboBEER. It can be observed that there were significant differences 

in the number of small bubbles in the foam with SWC being the highest and significantly 

different from the control. While there were no significant differences for the other foam-

related parameters, the MaxVol had a p-value of 0.055, which is close to the significant 

value. According to the SD, the SWF treatment was the most consistent in MaxVol, TLTF, 

LTF, FDrain, and LgBubb since it had the lowest values compared to the control and 

SWC. 

 

Table 4.2. Means and standard deviation (SD) of the three treatments for the foam-related 
parameters 

Treatment MaxVol 
(mL) 

TLTF 
(s) 

LTF  
(mL s−1) 

FDrain 
(mL s-1) 

SmBubb 
(number) 

MedBubb 
(number) 

LgBubb 
(number) 

Control 25.7 a ± 
14.0 

1647.6 a ± 
1288.5 

594.9 a ± 
537.7 

42.4 a ± 
16.4 

597.2 b ± 
390.0 8.3 a ± 9.9 4.0 a ± 4.3 

SWC 43.9 a ± 
12.9 

3243.7 a ± 
1468.0 

1552.3 a ± 
1222.3 

36.2 a ± 
9.2 

2519.5 a ± 
1651.5 

28.2 a ± 
49.9 5.7 a ± 4.9 

SWF 39.2 a ± 
9.4 

3005.5 a ± 
1139.4 

1100.7 a ± 
482.8 

34.4 a ± 
3.1 

1400.0 ab ± 
1030.2 

7.8 a ± 
11.3 4.5 a ± 3.3 

Abbreviations: MaxVol = maximum volume of foam, TLTF = total lifetime of foam, LTF = 
lifetime of foam, FDrain = foam drainage, SmBubb = small bubbles, MedBubb = medium 
bubbles, LgBubb = large bubbles, SWC = application of soundwaves during carbonation, 
and SWF = application of soundwaves during fermentation. 
a – b: Different letters depict significant differences using the least significant difference 
(LSD) post-hoc test. 

 

 Table 4.3 shows the means and results from the ANOVA and LSD tests for the color 

parameters, alcohol, and CO2. There were no significant differences in most of the 

parameters except for the +b (yellow color) being the highest value and the blue color 

index (BI), with SWC being the highest in this parameter. There were also significant 

differences between the SWF, which had the highest value as well as significant 

differences between the control and SWC for the alcohol content in the liquid and 

viscosity (Visc). 



 

134 
 

Table 4.3. Means and standard deviation (SD) of the three treatments for the color and analytical measurements.  

Treatment * L * a * b * RI * GI * BI * OH CO2 (ppm) Alcohol 
(%) * pH Visc 

(cP) 

Control 74.7 a ± 
1.6 

−3.9 a ± 
1.4 

68.6 a ± 
1.2 

0.6 a ± 
0.0 

0.4 a ± 
0.0 

0.02 b ± 
0.0 

287.0 a ± 
16.6 

12055.6 a ± 
10514.7 

5.3 b ± 
0.2 

4.25 a ± 
0.03 

11.2 b ± 
1.0 

SWC 73.8 a ± 
2.9 

−2.0 a ± 
1.9 

63.2 b ± 
2.5 

0.6 a ± 
0.0 

0.4 a ± 
0.0 

0.04 a ± 
0.01 

286.8 a ± 
43.6 

16020.5 a ± 
13469.6 

5.2 b ± 
0.3 

4.26 a ± 
0.03 

11.5 b ± 
0.7 

SWF 73.6 a ± 
3.8 

−2.5 a ± 
2.8 

65.5 b ± 
2.8 

0.6 a ± 
0.0 

0.4 a ± 
0.0 

0.03 ab ± 
0.01 

288.3 a ± 
37.1 

16853.2 a ± 
11429.4 

5.6 a ± 
0.1 

4.28 a ± 
0.02 

12.7 a ± 
0.6 

* Unitless parameters. Abbreviations: L, a, b = color in CIELab scale, RI, GI, BI indices of color in RGB scale, OH = alcohol gas and CO2 = 
carbon dioxide release, Visc = viscosity, SWC = application of soundwaves during carbonation, and SWF = application of soundwaves during 
fermentation. a – b: Different letters depict significant differences using the least significant difference (LSD) post-hoc test. 
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4.3.2 Descriptive Sensory Evaluation 

 Results from the descriptive sensory evaluation are found in Figure 4.4. It can be 

observed that there were non-significant differences in most of the sensory descriptors 

except for FHeight, FText, and MVisc. The sample rated as the highest in foam (FHeight) 

and foam texture (FText) was SWC, which is significantly different from and followed by 

SWF and control. Yet, SWF was the highest in viscosity (MVisc), which was similar to the 

control and with significant differences with SWC. Although there were no significant 

differences in AFruity, AFloral, and AGrain, the control and SWF had a higher rating than 

SWC. The three samples were rated high in bitter taste with ratings between 8.6 and 

8.9 in a 15 cm intensity scale (Figure 4.4). 

 

 
Figure 4.4. Spider chart showing the significant differences found for the intensity of 
sensory descriptors using the least significant difference (LSD) post-hoc test where NS 
represents non-significant differences, and different letters depict significant differences. 
The numbers in the chart represent the mean values at that position of the scale. SWC 
= application of soundwaves during carbonation and SWF = application of soundwaves 
during fermentation. Abbreviations of the descriptors can be found in Table 4.1. 

 

4.3.3 Validation of Machine Learning Models 

 The results from the 15 foam and color-related parameters obtained using the 

RoboBEER were fed as inputs in an ANN model developed using commercial beers, which 

had a 92% accuracy, as shown by Gonzalez Viejo et al. (2016) to predict the type of 

fermentation. The results obtained showed that the three samples were classified as top 

fermentation (Table 4.4), which is accurate since IPA beers are brewed using top-
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fermenting yeast at ambient temperature (~25 °C). However, the three treatments, 

especially SWC presented a few characteristics from spontaneous fermentation beers. 

 

Table 4.4. Results from the classification of the type of fermentation using an artificial neural 
network model that was developed using the color and foam-related parameters. 

Treatment Top Bottom Spontaneous 
Control 0.996 0.000 0.004 
SWF 0.997 0.000 0.003 
SWC 0.994 0.000 0.006 

Abbreviations: SWC = application of soundwaves during carbonation and SWF = 
application of soundwaves during fermentation. 

 

 Figure 4.5 shows the results from the validation of the second ANN model, which 

was also fed using the 15 foam and color-related parameters obtained using the 

RoboBEER to predict 10 of the sensory descriptors (AHops, AYeast, AGrain, MVisc, MAstr, 

MCarb, TBitt, TSweet, TSour, and FHops). The model used to predict the values had a 

correlation of R = 0.91 and a determination coefficient R2 = 0.83. It can be found from 

Gonzalez Viejo et al. [30]. For the samples developed in this study, the correlation 

between the observed values obtained with the trained sensory panel and the predicted 

values using the model was R = 0.85 with a determination coefficient R2 = 0.72 and a 

slope of 1.09. 

 

 
Figure 4.5. Correlation of the observed values (x-axis) of 10 sensory descriptors (AHops, 
AYeast, AGrain, MVisc, MAstr, MCarb, TBitt, TSweet, TSour, and FHops) obtained using 
the trained sensory panel and the predicted values (y-axis) using an artificial neural 
network model developed using the color and foam-related parameters. 
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4.4 Discussion 

4.4.1 Color and Foam-Related Parameters 

 The negative correlation found between MaxVol and FDrain (Figure 4.3b) was 

expected since the FDrain is the excess of liquid drained by gravity from the wet foam 

to produce dry foam (Bamforth et al., 2011). Therefore, the volume of foam decreases, 

and the liquid volume increases (Gonzalez Viejo et al., 2016). In the PCA (Figure 4.3a), 

it was observed that there was a separation of the triplicates since one bottle of each 

had different characteristics. However, for the SWF, the separation of the triplicates in 

the PCA and the SD of the means (Tables 4.2 and 4.3) for most of the parameters was 

lower than the other treatments. Therefore, this might be due to the soundwaves 

treatment applied during the fermentation process, which could make the sample more 

uniform. According to Choi et al. (2015), there is an increase in yeast viability when 

applying ultrasound during the fermentation process and, therefore, an increase in 

alcohol content in the beer. A similar effect was found in the present study, but using 

audible sound, higher and significantly different values were found between the SWF and 

the other treatments in alcohol content in the liquid. Although non-significant, the 

MaxVol, TLTF, LTF, and SmBubb tended to be higher for the SWC and SWF when 

compared to the control. Significant differences were found for viscosity, with SWF being 

the different treatment with the highest value followed by SWC. The viscosity of beer, 

which is mainly defined by the amount of surfactant substances such as proteins and 

carbohydrates, is directly linked with foam stability (Badui, 2006, Delcour and Hoseney, 

2010). According to previous research, ultrasound has been used for de-foaming since 

it causes the foam to collapse as the ultra-high frequencies provoke the coalescence of 

the bubbles, which causes bubbles breakage (Gallego-Juárez et al., 2015). Another 

effect of ultrasound is to increase bubble size until it implodes (cavitation) (Galuszka, 

2017). Therefore, according to the findings in the present study, the effects of audible 

sound in foam and bubbles are opposite to those found using ultrasound. 

 In beer, color is defined due to the Maillard reaction that occurs when malted barley 

is exposed to high temperatures during the kilning process (Piggott, 2011). The yellow 

color is produced by melanoidins before turning brown. However, a yellow color is 

maintained when the kilning process is mild. During fermentation, the pH drops and 

produces a lighter color (Badui, 2006). Results showed the control had a slightly lighter 

color (L) and was significantly higher in yellow color (b) than SWF and SWC. However, 

although non-significant, pH tended to be lower for the control (Table 4.3). Further 

studies are needed to assess the cause of the difference in yellow color when applying 

audible sound to beer processing.  
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4.4.2 Descriptive Sensory Evaluation 

 The trained sensory panel was able to perceive significant differences in FHeight 

between the three treatments (Figure 4.4). Similar to the data obtained using the 

RoboBEER for MaxVol, SWC was rated as the highest in foam height, followed by SWF 

and control. Significant differences were also found for FText, which had SWC rated as 

the highest and the control as the lowest. The significant differences found using the 

trained panel in MVisc coincide with those found using the viscometer with SWF rated as 

the highest in viscosity. This shows that the panel had appropriate training since they 

were able to detect differences similar to the more objective measurements. There were 

no significant differences found in any of the tastes, aromas, and flavors, which was 

desired since it shows that there was no modification in the sensory profile that could be 

indicative that there was no breakage of yeast cells with the use of audible sound. 

Authors such as Martin et al. (2013) have found a high yeast cell disruption when 

applying ultrasound to wine. Therefore, although further research using different types 

of beer is needed, results from this study showed that using lower frequencies (20–75 

Hz) have an effect in foam and bubbles without disturbing the yeast cells, which is a 

potential treatment that might be applied to beer processing to improve beer quality. 

4.4.3 Validation and Testing of Machine Learning Models 

 The slightly lower value obtained for SWC from top fermentation and slightly higher 

value for spontaneous fermentation are mainly due to the higher foam volume and 

stability, which are two of the main characteristics of spontaneous fermentation beers. 

However, despite this, the three treatments were classified as top fermentation with very 

high accuracy (~99%). This shows that the use of audible sound in beer processing 

either during fermentation or carbonation stages, even though it improves the beer 

foamability and bubble size distribution, does not drastically change the nature of the 

style of beer. Yet, the results obtained from the validation of the ANN model to predict 

the intensity of sensory descriptors showed that the use of the RoboBEER along with 

machine learning modeling are potential tools to assess beer quality at the end of the 

production process to sample every single batch as well as for new products or 

processing techniques testing in a more objective, effective, and rapid manner when 

compared to traditional methods. 

 

4.5 Conclusions 

 The use of audible sound is a potential treatment to implement in beer processing 

during the fermentation or carbonation stages to improve the products’ quality by 
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increasing the number of small bubbles and increasing foamability and foam stability 

without modifying the aroma and flavor profile of the specific beer style. However, 

further research is required to assess the effects of the application of audible sound 

during both the fermentation and carbonation stages and to find the possible causes for 

the significant differences in the color. Furthermore, in further research, it would be 

important to assess the microbiological aspects to analyze yeast viability. The use of the 

robotic pourer, RoboBEER, the computer vision algorithms, and machine learning 

algorithms are accurate, objective, affordable, and rapid. Tools are used to assess the 

beer quality in terms of its physical and sensory descriptors for all existing products, new 

products, and processing techniques.  
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CHAPTER 5  

The Effect of Sonication on Bubble Size and Sensory 

Perception of Carbonated Water to Improve Quality and 

Consumer Acceptability 

 

Paper published as: 

Gonzalez Viejo, C., Torrico, D.D., Dunshea, F.R. and Fuentes, S., 2019. The Effect of 

Sonication on Bubble Size and Sensory Perception of Carbonated Water to Improve 

Quality and Consumer Acceptability. Beverages, 5(3), p.58. 

 

Abstract:  

Bubbles are important for carbonated beverage quality since smaller bubbles contribute 
to higher acceptability. Therefore, the effects and acceptability of the application of 
audible sound in carbonated water were studied using three brands and applying five 
frequencies for one minute each in ascending order. Six samples, two from each brand, 
were used for treatments: (i) control and (ii) sonication. Physicochemical measurements 
consisted of total dissolved solids (TDS), electric conductivity (EC), pH, bubble size, and 
bubble size distribution. A sensory session (N = 30) was conducted using the Bio-
Sensory application to assess acceptability and emotions using self-reported and 
biometric responses. Statistical analysis included: ANOVA (α = 0.05) and principal 
component analysis (PCA) for quantitative data and Cochran Q test with pairwise 
comparisons (p < 0.05) for self-reported emotion responses. Results showed that the 
sonication effect for the sample with higher TDS, EC, and pH (SPS) reduced bubble size 
by 46%, while in those with lowest TDS, EC, and pH (IceS) caused an increase of 158% 
compared to the control. For samples with intermediate values (NuS), there were non-
significant differences (p > 0.05) compared to the control. Acceptability was higher for 
samples with sonication for the three brands. Emotional self-reported responses were 
more positive for samples with sonication, showing significant differences (p < 0.05) for 
emotions such as “happy” and “pleased” during both sound and visual assessments. 
From PCA, a positive relationship between bubble size and liking of bubbles was found 
as well as for the number of medium bubbles and happy facial expression. The audible 
sound generated by ubiquitous sound systems may potentially be used by the industry, 
applying it to the bottled product to modify bubble size and improve quality and 
acceptability of carbonated beverages. 

 

Keywords: audible sound; bubble size; emotions; acceptability 
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5.1 Introduction 

 Carbonated water is the beverage classified by either natural carbonation or gas 

injection categories depending on the source of the product. The first category 

corresponds to the water obtained from springs in which carbon dioxide (CO2) is 

produced naturally (LaMoreaux and Tanner, 2012), while gas injection corresponds to 

water from any source, which is carbonated by incorporating CO2 at high pressure 

(Chang and Urban, 2016). The importance of carbonated water in the market relies on 

its rapid growth rate in terms of volume sales within the category of bottled beverages, 

as it is selected as an alternative to still water and soft drinks. In Australia, this growth 

accounted for 32% of total volume sales between 2010–2015, which is comparable to 

still water growth of 39% within the same period (Euromonitor-International, 2016). 

Carbonated water is mostly consumed in countries such as Chile, Argentina, Netherlands, 

Uruguay, and Germany and is specially paired with meals (Rodwan Jr, 2015). Carbonated 

water is preferred by most consumers because it is seen as more enjoyable due to the 

fizzing sensation (Hewson et al., 2009) and healthier than soft drinks by adults; 

moreover, children perceive fizziness to be more attractive (Carstens et al., 2002). 

 Bubble-related parameters are the most important quality and sensory attributes in 

carbonated water due to the lack of other descriptors such as flavor and aromas, which 

makes consumers focus more on its appearance and mouthfeel (Zampini and Spence, 

2005, Rey-Salgueiro et al., 2013). Regarding bubble size, it has been reported that 

smaller bubbles in carbonated beverages such as beer and sparkling wine are usually 

preferred by consumers due to the longer foam stability (Liger-Belair, 2005, Bamforth 

et al., 2011). It has been shown that in sparkling water, consumers have the same 

preference for small bubbles; however, consumer acceptability studies related to bubble 

size in carbonated water are limited. Authors such as Barker et al. (2002) have concluded 

that consumers prefer smaller bubbles in carbonated water, but this study was 

conducted with 17 participants with only two samples, “normal” and small bubbles, which 

limited the validity of their conclusions. 

 There are a few published studies related to bubble size modification in carbonated 

water (Khan and Duraiswamy, 2012, Barker et al., 2002). However, the methods 

presented in those studies involve gas injection to alter the size, which would not be 

applicable for carbonated waters from natural sources. Gonzalez Viejo et al. (2018b) 

have studied the effects of audible sound (low-frequency sonication) in beer both during 

fermentation and natural carbonation stages to improve foam-related parameters. The 

main result was a significant reduction in bubble size. However, the source of the effects 

was not investigated, which means that it did not specify whether the bubble size 

alteration was due to changes in yeast activity, to physical effects or both. 
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 Therefore, this study aimed to assess the physical effects of low-frequency 

sonication on carbonated water bubbles. The physicochemical parameters, consumer 

acceptability, and emotional self-reported and biometric responses to carbonated water 

samples from three different brands with two treatments: (i) control and (ii) using 

audible sound frequencies within the 20–75 Hz range, were also measured. The study 

consisted of measuring parameters such as total dissolved solids (TDS), electrical 

conductivity (EC), and pH, as well as bubble size and bubble size distribution (small, 

medium, and large bubbles) using computer vision algorithms. Furthermore, samples 

were assessed for acceptability and emotional responses using biometrics from 

consumers using a novel Bio-Sensory application (App; The University of Melbourne, 

Melbourne, VIC, Australia). 

 

5.2 Materials and Methods 

5.2.1 Samples Description 

 Samples used in this study consisted of two treatments: (i) control and (ii) treated 

with audible sound of three different commercial brands of carbonated water (n = 6; 

Table 5.1). The sonication was applied to three 500 mL polyethylene terephthalate (PET) 

bottles from each brand at refrigeration temperature (4 °C) and consisted of treating 

the unopened bottles with five different frequencies, 20 Hz, 30 Hz, 45 Hz, 55 Hz, and 75 

Hz, for one minute each (Gonzalez Viejo et al., 2018b). As shown in Figure 5.1, the 

sonication treatment was applied using two sub-woofers Response CW2199 (Jaycar 

Electronics, Sydney, NSW, USA)—resistance: 8 Ω, RMS power: 225 W, diameter: 12′′ 

maximum decibels: 90 dB, maximum power: 450 W—connected to a DigiTech AA0479 

amplifier (DigiTech, Sandy, UT, USA) and controlled with the Audio Function Generator 

application available in the App Store (Thomas Gruber) using an iPhone 5s (Apple Inc., 

Cupertino, CA, USA). All frequencies were applied in stereo mode using the same volume 

in both subwoofers and −4 dB of amplitude. There was a distance of 15 cm between the 

bottle and each subwoofer. 
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Table 5.1. Description and labels of samples used for the study. 

Brand Image Sample 
Denomination 

Bottle Dimensions 
(Diameter/Height/ 

Neck Diameter/ 
Thickness) 

CO2 Source TDS in 
Label 

Label 
Control 

Label 
Sonication 
Treatment 

San Pellegrino 

 

Sparkling natural 
mineral water 

22.0 cm/22.5 cm/ 
11.5 cm/0.40 mm 

Natural 
springs with 
natural CO2 

added 

854 ppm SP SPS 

Nu Pure 

 

Lightly sparkling water 22.5 cm/22.0 cm/ 
12.5 cm/0.39 mm 

Natural 
springs 

Not 
reported Nu NuS 

Icelandic 
Glacial 

 

Natural spring water 21.0 cm/24.3 cm/ 
11.8 cm/0.40 mm 

Natural 
springs with 
added CO2 

62 ppm Ice IceS 

Abbreviations: TDS = Total dissolved solids, CO2 = carbon dioxide.
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Figure 5.1. Set up of the application of audible sound waves to carbonated water 
samples. 

 

 Frequencies were selected from a range from 20 to 100 Hz by applying them to milk 

in a petri dish with dry thyme leaves as particles to observe movements. Videos were 

recorded and magnified using the Eulerian magnification algorithm (Wu et al., 2012) for 

movement detection with Matlab® R2019a (Mathworks, Inc., Natick, MA, USA). 

Frequencies that generated movement of the particles in different directions were 

chosen. These movements are shown in Figure 5.2. All frequencies were tested in stereo 

mode using the same volume in both subwoofers and −4 dB of amplitude. 

 

 
Figure 5.2. Selected frequencies for sonication and the direction of particle movements 
obtained. Movements were stationary for control; rotational in both directions for 20 Hz; 
grouping in the center for 30 Hz; rotational clockwise for 45 Hz; segregation movement 
for 55 Hz and horizontal bidirectional movement for 75 Hz. 

 

5.2.2 Physicochemical Analysis 

 Duplicates of samples (two bottles of each) were assessed for TDS and EC using a 

Yuelong YL-TDS2-A digital water quality tester (Zhengzhou Yuelong Electronic 

Technology Co., Ltd., Zhengzhou City, Henan Province, China). Furthermore, the same 

samples were measured for pH using a pH-meter Benchtop pH/mV meter 860031 (Sper 

scientific direct, Scottsdale, AZ, USA), which was calibrated using buffer solutions of 4.0 

and 7.0. The three measurements were conducted using 50 mL of carbonated water 

samples at 25 °C from remnant samples after opening for bubble analysis. 
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 Samples were assessed for bubble-related parameters using computer vision 

algorithms. The method consisted on manually pouring the sample up to half of the 

capacity of a Greiner Bio-One Polystyrene petri dish 94 mm for standardization (part 

number 633179; Greiner Bio-One, Kremsmünster, Austria); the dish was placed on a 

small lightbox constructed using a light pad covered with a black box, and images were 

taken using an iPhone 5s. The same petri dish was used for all samples and was dried 

using a White Magic® cloth made of 72% polyester and 27% polyamide to remove any 

lint and avoid bias due to additional nucleation points for bubbles (Gonzalez Viejo et al., 

2016) that could be formed due to foreign matter or defects in the petri dish. All images 

were taken from the same height to get comparable measurements at the same scale. 

The images were taken 5 s after pouring to assess the bubbles formed initially and were 

assessed using a customized Matlab R2019a developed by the sensory group from The 

University of Melbourne, Australia. This algorithm is able to automatically detect the petri 

dish, crop the image, and recognize every single bubble from the binary image, which 

are then counted, measured for diameter, and distributed according to size. Once the 

raw data for each bubble is obtained, bubbles are classified as small, medium, and large 

(Figure 5.3). Therefore, the parameters obtained from this method are: (i) average 

bubble diameter (AvgBubbSize), (ii) number of small bubbles (SmBubb; 0–25 pixels; 

0.00–0.07 cm), (iii) number of medium bubbles (MedBubb; 26–53 pixels; 0.08–0.16 

cm), (iv) number of large bubbles (LgBubb; 54–81 pixels; 0.16–0.24 cm), and (v) total 

number of bubbles. 
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Figure 5.3. Bubble analysis of one replicate of (A) control (SP) and (B) sonication 
treatment (SPS) samples, where (A.1) and (B.1) are images taken using the lightbox, 
and (A.2) and (B.2) images processed using the algorithm to detect, count, and measure 
bubbles using Matlab® R2019a; different colors represent different bubble sizes. (C) 
shows the bubble size and bubble size distribution (small, medium, large bubbles) of 
both (A) and (B). SP and SPS are samples used, defined in Table 5.1. 

 

5.2.3 Sensory Evaluation 

 A total of N = 30 consumers was recruited from staff and students of The University 

of Melbourne (Ethics ID: 1545786.2). The number of participants was sufficient to find 

significant differences according to the Power analysis (1 − β = 0.90) performed using 
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SAS® Power and Sample Size 14.1 software (SAS Institute Inc., Cary, NC., USA). The 

sensory session was conducted in the Sensory Laboratory of the Faculty of Veterinary 

and Agricultural Sciences of The University of Melbourne, which consists of 20 individual 

booths with uniform white light, each booth is equipped with a Samsung Galaxy View 

18” tablet PC (Samsung Group, Seoul, South Korea; Figure 5.4). The session was 

conducted at ambient temperature (24–25 °C), and 30 mL of samples were served in 

plastic cups at refrigeration temperature (4 °C) as it is the normal consumption 

condition. All samples (n = 6) were labeled with three-digit random codes and were 

served in random order to avoid bias from participants. Three bottles of each sample 

were used, and each bottle was used randomly for 10 participants. The sonication 

treatment was applied 2 h before the sensory session. 

 

 

Figure 5.4. Participant in the booth during the sensory session using the integrated 
camera system and Bio-Sensory App. 

 

 To gather data from consumers, the Bio-Sensory application (App; The University 

of Melbourne, Melbourne, VIC, Australia) was used, which is able to display the 

questionnaire, randomize the samples, and automatically record videos of the 
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participants while assessing the samples (Figure 5.4) (Fuentes et al., 2018). The 

questionnaire consisted of three main assessments: (i) fizzing sound when opening the 

bottle, (ii) visual assessment, and (iii) mouthfeel/taste. The sound assessment (i) 

required the participants to wear wireless headphones (Home & Co., Kmart, Hoffman 

Estates, IL, USA) to listen to the fizzing sound of the sample when opening the bottle, 

which was pre-recorded and uploaded to the Bio-Sensory App, this recording was 

presented followed by the questions presented in Table 5.2. For the visual assessment 

(ii), videos from the pouring of the samples were included in the Bio-Sensory App, the 

pouring was done using a robotic pourer RoboBEER (The University of Melbourne, 

Melbourne, VIC, Australia) (Gonzalez Viejo et al., 2018a), and videos were followed by 

the questions in Table 5.2. For the last assessment (iii), samples were served to 

participants, and they were required to taste them for mouthfeel and tastes evaluation 

(Table 5.2). 

 

Table 5.2. Questionnaire presented to consumers in the sensory session for each sample. 

Assessment Question Scale Anchors/Options 

Sound 

Liking Continuous non-
structured (9 cm) Dislike extremely–Like extremely 

Face Scale Continuous non-
structured (9 cm)  

Emotions Check all that apply 

Happy */Sad */Surprised */Angry 
*/Disgusted */Scared *+/Contempt 

^/Neutral ^/Calm */Pleased */Satisfied 
*/Loving */Joyful */Worried */Energetic 
*/Active */Glad */Steady */Interested 

*/Aggressive * 

Visual 

Liking of 
bubbles velocity 

Continuous non-
structured (9 cm) Dislike extremely–Like extremely 

Liking of bubble 
size 

Continuous non-
structured (9 cm) Dislike extremely–Like extremely 

Face Scale  Continuous non-
structured (9 cm)  

Emotions Check all that apply 

Happy */Sad */Surprised */Angry 
*/Disgusted */Scared *+/Contempt 

^/Neutral ^/Calm */Pleased */Satisfied 
*/Loving */Joyful */Worried */Energetic 
*/Active */Glad */Steady */Interested 

*/Aggressive * 

Taste/ 
Mouthfeel 

Liking of taste Continuous non-
structured (9 cm) Dislike extremely–Like extremely 

Liking of 
mouthfeel 

Continuous non-
structured (9 cm) Dislike extremely–Like extremely 

Overall liking Continuous non-
structured (9 cm) Dislike extremely–Like extremely 

* Emotion-terms obtained from EsSense Profile® (King and Meiselman, 2010);  

*+ Synonym of fearful from EsSense Profile®;  
^ Emotion-terms obtained from FaceReader™. 
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 The Bio-Sensory App was also used for biometrics; it was configured to record videos 

of participants during the sound and visual assessments. These videos were analyzed 

for facial expressions using FaceReader™ 8 software (Noldus Information Technology, 

Wageningen, Netherlands) to assess 13 parameters, which consist of eight emotions (i) 

happy, (ii) sad, (iii) disgusted, (iv) scared, (v) contempt, (vi) neutral, (vii) angry and 

(viii) surprised, two dimensions (ix) valence and (x) arousal, and head orientation in (xi) 

x (XHead), (xii) y (YHead) and (xiii) z (ZHead) axes. 

5.2.4. Statistical Analysis 

 All quantitative data were analyzed for significant differences through an analysis of 

variance (ANOVA) using Fishers least significant difference (LSD) post-hoc test (α = 

0.05) using the SAS® 9.4 software (SAS Institute Inc., Cary, NC. USA.). Furthermore, a 

multivariate data analysis based on principal components analysis (PCA) was performed 

using an algorithm written in Matlab® R2019a to assess the relationships between the 

physicochemical, self-reported, and facial expressions from consumers. Cochran Q test 

and the Bonferroni–Dunn method (Sheskin, 2011) for the pairwise test were performed 

for frequencies of self-reported emotional responses from check all that apply (CATA) 

test to assess significant differences between samples for responses from both the sound 

and visual assessments using MedCalc v.19.0.3 software (MedCalc Software, Ostend, 

Belgium). Furthermore, a correspondence analysis was conducted for CATA frequencies 

using XLSTAT (Addinsoft, Long Island City, NY, USA) to assess associations between 

samples and emotions. 

 

5.3 Results 

5.3.1 Physicochemical Properties of Carbonated Water 

 There were non-significant differences (p < 0.05) between treatments for TDS, EC, 

and pH. However, there were significant differences between the three brands (Table 

5.3). Samples SP had the highest value for the three parameters (TDS = 443, EC = 941, 

pH = 5.5), while Ice presented the lowest values (TDS = 48, EC = 101, pH = 4.5). The 

three brands had different pH, being SP the highest (5.5) and Ice the lowest (4.5). 

According to the manufacturer, Ice sample has a pH of 8.4, claiming to be alkaline water; 

however, the measured value was much lower, making it the most acidic from the three 

brands. 
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Table 5.3. Means and standard deviation (SD) of chemical data. Different letters denote 
significant differences between samples assessed using the Fishers least significant difference test 
with α = 0.05. 

Sample 
Total Dissolved 
Solids (ppm) 

Electrical Conductivity 
(µs cm−1) pH 

Mean SD Mean SD Mean SD 
SP 442.5 a 13.28 941.0 a 27.71 5.5 a 0.00 
Nu 70.5 b 2.89 149.5 b 6.35 4.9 b 0.00 
Ice 47.5 c 0.58 101.0 c 1.16 4.5 c 0.06 

 

 Table 5.4 shows the results of the ANOVA for bubbles assessment. There were 

significant differences between samples for all bubble parameters. Regarding bubble 

size, SP mean (14.84 pixels) was significantly higher than SPS (10.18 pixels), and IceS 

(13.46 pixels) was significantly higher than Ice (5.22 pixels). However, Nu and NuS had 

no significant differences, being Nu the sample with the largest bubble size (15.47 pixels) 

from all samples. There were significant differences between all six samples for the total 

number of bubbles, with SP containing the largest amount of bubbles (2723) and NuS 

the lowest (1107). In terms of bubble size distribution, there were non-significant 

differences between SP and Ice for the number of small bubbles. Samples Ice, Nu, NuS, 

and SPS did not have large bubbles, while SP presented the largest number (17). 

  



 

154 
 

Table 5.4. Means and standard deviation (SD) of bubbles analysis. Different letters denote significant differences between samples assessed using the Fishers 
least significant difference test with α = 0.05. 

Sample 

Bubble Size  
(Pixels First Row/cm 

Second Row) 

Total Number of 
Bubbles 

Number of Small 
Bubbles 

Number of 
Medium Bubbles 

Number of Large 
Bubbles 

Mean SD Mean SD Mean SD Mean SD Mean SD 

Ice 5.22 e 

0.02 
2.64 
0.01 2193.84 c 138.73 2193.84 b 138.73 0.00 d 0.00 0.00 c 0.00 

IceS 13.46 c 

0.04 
10.44 
0.03 1953.53 d 132.21 1768.03 c 110.26 180.36 b 19.96 5.14 b 2.00 

Nu 15.04 ab 

0.04 
6.16 
0.02 1403.39 e 147.67 1315.83 d 202.86 87.56 c 55.19 0.00 c 0.00 

NuS 15.47 a 

0.05 
7.28 
0.02 1106.82f 60.42 1013.47 e 117.85 93.35 c 57.43 0.00 c 0.00 

SP 14.84 b 

0.04 
12.57 
0.04 2723.20 a 157.75 2196.79 b 132.29 509.06 a 284.04 17.35 a 5.99 

SPS 10.18 d 
0.03 

5.05 
0.01 2238.26 b 239.59 2234.03 a 242.08 4.23 d 2.49 0.00 c 0.00 

Small bubbles were considered within the range of 0–25 pixels (0.00–0.07 cm), medium bubbles within 26–53 pixels (0.08–0.16 cm), and large 
bubbles between 54–81 pixels (0.16–0.24 cm). 
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5.3.2 Sensory Evaluation of Carbonated Water 

5.3.2.1 Self-Reported Responses of Consumer Acceptability of Carbonated Water 

 Figure 5.5 shows the means and results of the ANOVA of the self-reported responses 

from consumers for the different sensory descriptors. There were significant differences 

between samples for all attributes, except for liking of taste and mouthfeel. Samples Ice 

and IceS, and Nu and NuS presented significant differences in most of the descriptors; 

however, SP and SPS did not have significant differences for any descriptor. For all 

descriptors, samples with sonication treatment had higher liking and face scale scores than 

the control. 

 

 

Figure 5.5. Means of the results from the self-reported responses of consumer 
acceptability of different sensory attributes. Error bars represent the standard error, and 
different letters denote significant differences between samples assessed using the Fishers 
least significant difference test with α = 0.05. NS = non-significant differences between 
samples, BubbVel = bubble velocity, BubbSize = bubble size, Bubb = bubbles. Table 5.1 
describes the abbreviations of each sample. 

 

5.3.2.2 Self-Reported Emotional Responses of Carbonated Water 

 Table 5.5 shows that nine out of 20 emotion-terms from the CATA question when 

assessing fizzing sound when opening the carbonated water bottle—Pleased, Active, 

Interested, Energetic, Happy, Neutral, Surprised, Joyful and Glad—presented significant 

differences (p < 0.05) between samples in the frequency of selection. IceS was the highest 

in the selection of positive terms such as Active, Interested, Energetic, Happy, Surprised, 

Loving, Joyful and Glad, and it presented no significant differences with Ice, but did present 

significant differences with Nu, which was the lowest in most of the terms above. 
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Table 5.5. Frequency of selection of the emotion-terms from the check all that apply sensory 
response for fizzing sound assessment. Different letters denote significant differences between 
samples assessed using Cochran Q and pairwise comparison tests (Sheskin, 2011). 

Emotion SP SPS Nu NuS Ice IceS 
Pleased 0.11 ab 0.19 ab 0.07 b 0.16 ab 0.25 a 0.23 ab 

Satisfied (NS) 0.14 0.25 0.09 0.05 0.18 0.18 
Active 0.12 ab 0.16 ab 0.07 b 0.16 ab 0.16 ab 0.25 a 

Interested 0.11 b 0.18 ab 0.07 b 0.14 b 0.21 ab 0.30 a 
Energetic 0.18 ab 0.12 ab 0.05 b 0.18 ab 0.18 ab 0.23 a 

Happy 0.12 b 0.19 ab 0.07 ab 0.16 ab 0.14 ab 0.25 a 
Calm (NS) 0.30 0.18 0.23 0.21 0.19 0.09 
Neutral 0.18 a 0.14 ab 0.12 ab 0.12 ab 0.21 ab 0.07 b 
Sad (NS) 0.00 0.00 0.04 0.02 0.02 0.02 

Surprised 0.07 ab 0.05 ab 0.12 ab 0.02 b 0.05 ab 0.16 a 
Angry (NS) 0.00 0.00 0.02 0.02 0.02 0.00 

Disgusted (NS) 0.02 0.02 0.09 0.00 0.00 0.02 
Scared (NS) 0.00 0.00 0.00 0.02 0.00 0.00 

Contempt (NS) 0.04 0.04 0.11 0.07 0.04 0.02 
Loving (NS) 0.04 0.04 0.02 0.05 0.04 0.05 

Joyful 0.05 b 0.11 ab 0.02 b 0.09 ab 0.09 ab 0.18 a 
Worried (NS) 0.00 0.00 0.05 0.00 0.00 0.02 

Glad 0.07 ab 0.09 ab 0.07 ab 0.05 b 0.09 ab 0.19 a 
Steady (NS) 0.11 0.09 0.16 0.05 0.09 0.05 

Aggressive (NS) 0.00 0.00 0.02 0.00 0.00 0.02 

NS = non-significant differences between samples. 

 

 Figure 5.6 shows the correspondence analysis for the emotion-terms selection, factor 

1 (F1) represented 50% of data, while F2 accounted for 25%, representing 75% of total 

data variability. In this figure, it can be observed that NuS and SP were more associated 

with terms such as Calm and Neutral, while SPS and Ice are more associated with Pleased, 

Energetic and Loving, and IceS was related mainly with Glad, Joyful and Interested. On 

the other hand, Nu, which is separated from the other samples, was related to negative 

terms such as Sad, Worried, and Contempt. 
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Figure 5.6. Correspondence analysis of the fizzing sound assessment showing the emotion 
terms in red and triangles, and the samples in green circles for the control and purple 
circles for the sonication treatments. Axes represent the contribution of factors 1 and 2 (F1 
and F2). 

 

 Table 5.6 shows the ANOVA results of the CATA question for emotion terms from the 

visual assessment of the carbonated water samples. Nine out of 20 terms (Happy, Neutral, 

Calm, Pleased, Satisfied, Joyful, Active, Angry, and Disgusted) presented significant 

differences between samples. The term aggressive was not selected for any sample and, 

therefore, was removed from the results. IceS was highest for Happy and presented 

significant differences with the three control samples (SP, Nu, and Ice). Similarly, IceS 

was highest for Joyful and Active and was significantly different from control samples of 

Nu and Ice. On the other hand, Ice was the only sample that elicited the emotion Disgusted 

and the highest in Angry. Furthermore, similar to the sound assessment, Ice was the 

lowest in all positive emotions. 
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Table 5.6. Frequency of selection of the emotion-terms from the check all that apply sensory 
response for visual assessment. Different letters denote significant differences between samples 
assessed using Cochran Q and pairwise comparison tests (Sheskin, 2011). 

Emotion SP SPS Nu NuS Ice IceS 
Happy 0.14 b 0.20 ab 0.11 b 0.18 ab 0.05 b 0.32 a 
Neutral 0.16 ab 0.18 ab 0.25 a 0.18 ab 0.18 ab 0.05 b 

Calm 0.23 ab 0.25 ab 0.30 a 0.27 ab 0.09 b 0.16 ab 
Pleased 0.30 a 0.36 a 0.18 ab 0.30 a 0.09 b 0.27 ab 
Satisfied 0.23 ab 0.30 a 0.20 ab 0.25 ab 0.07 b 0.23 ab 

Joyful 0.18 ab 0.11 ab 0.07 b 0.14 ab 0.07 b 0.25 a 
Energetic (NS) 0.14 0.18 0.11 0.16 0.09 0.25 

Active 0.16 ab 0.16 ab 0.09 b 0.18 ab 0.09 b 0.27 a 
Interested (NS) 0.25 0.16 0.14 0.25 0.14 0.25 

Sad (NS) 0.00 0.00 0.02 0.02 0.02 0.00 
Surprised (NS) 0.05 0.05 0.07 0.02 0.09 0.11 

Angry 0.02 ab 0.00 b 0.00 b 0.02 ab 0.09 a 0.00 b 
Disgusted 0.00 b 0.00 b 0.00 b 0.00 b 0.07 a 0.00 b 
Scared (NS) 0.00 0.00 0.00 0.02 0.00 0.00 

Contempt (NS) 0.05 0.05 0.09 0.05 0.07 0.05 
Loving (NS) 0.05 0.09 0.05 0.09 0.05 0.07 

Worried (NS) 0.02 0.00 0.00 0.00 0.05 0.00 
Glad (NS) 0.11 0.11 0.11 0.14 0.05 0.20 

Steady (NS) 0.11 0.18 0.18 0.11 0.07 0.07 

NS = non-significant differences between samples. 

 

 Figure 5.7 shows the correspondence analysis for the visual assessment in which F1 

and F2 represent a total of 85% of data variability (F1 = 60.3%; F2 = 24.2%). It can be 

observed that Nu was more associated with terms such as Steady and Scared, while SPS 

and NuS were more related to Satisfied and Pleased and SP to Loving and Interested. IceS 

was more associated with Joyful, Happy, and Active. On the other hand, Ice is separated 

from all other samples and more associated with negative terms such as Disgusted, 

Worried, and Angry. 
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Figure 5.7. Correspondence analysis of the visual assessment showing the emotion terms 
in red triangles, and the samples in green circles for the control and purple circles for the 
sonication treatments. Axes represent the contribution of factors 1 and 2 (F1 and F2). 

 

5.3.3 Multivariate Data Analysis 

 Figure 5.8 shows the PCA using all sensory, facial expressions, and physicochemical 

responses. Principal components one and two explained a total of 74% (PC1 = 46%; PC2 

= 28%). According to the factor loadings (FL) found in Appendix III (Table S5.1), PC1 was 

mainly represented by HappyFE (FL = 0.29) and Valence (FL = 0.28) on the positive side 

of the axis, and SadFE (FL = −0.25) and AngryFE (FL = −0.22) on the negative side. On 

the other hand, PC2 was mainly represented by DisgustedFE (FL = 0.33) and SurprisedFE 

(FL = 0.31) on the positive side and Liking BubbSize (FL = −0.31) and FaceScale Bubbles 

(FL = −0.32) on the negative side of the axis. It can be observed that AvgBubbSize was 

positively related to Liking BubbVel and overall liking, and these three descriptors were 

negatively related to SurprisedFE and ZHead. The number of medium bubbles was 

positively related to HappyFE and valence, while number of large bubbles had a positive 

relationship with valence and ContemptFE. Both medium and large bubbles had a negative 

relationship with SadFE and AngryFE. Number of small bubbles had a positive relationship 
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with DisgustedFE and negative with AngryFE. Results from TDS and EC are positively 

related to arousal, while pH was positively related to Liking Sound. Samples SPS and IceS 

were more associated with Liking and FaceScale of sensory descriptors as well as 

AvgBubbSize, while NuS was more related to AngyFE and SadFE. SP was associated with 

Valence, ContemptFE, and medium and large bubbles, while Ice was more related to 

SurprisedFE and ZHead. On the other hand, Nu is not positively associated with any 

parameters but is negatively related to pH, TDS, EC, and arousal. 

 

 

Figure 5.8. Biplot of the principal component analysis using all sensory, physicochemical, 
and facial expression responses. Abbreviations: PC = principal component, FE at the end 
of emotions = facial expression, SmBubb = number of small bubbles, MedBubb = number 
of medium bubbles, LgBubb = number of large bubbles, TDS = total dissolved solids, EC 
= electrical conductivity, BubbVel = bubble velocity, BubbSize = bubble size, AvgBubbSize 
= average bubble size and ZHead = head orientation in z-axis. Table 5.1 describes the 
abbreviations of each sample. 

 

5.4 Discussion 

5.4.1 Physicochemical Properties of Carbonated Water 

 The TDS consists of the assessment of inorganic salts present in water; this parameter 

is used to assess drinking water quality (Patnaik, 2010). Results from the measured TDS 

were compared with the information reported on the label. The SP sample measured value 



 

161 
 

was much lower (442.5 ppm) than the one reported on the label (854 ppm). Likewise, the 

label of Ice sample stated a TDS of 62 ppm, but the measured value was lower (47.5 

ppm). These differences were also reported by English (2013), who found lower values of 

the samples. On the other hand, the Nu sample had a measured TDS of 70.5 ppm, but it 

does not report the mineral content in the label. Since electrical conductivity is a measure 

of the ions’ concentration and is directly related to TDS, it is also used to assess 

mineralization of waters (Tariq et al., 2006). 

 In a study by Liger-Belair et al. (2015), they found that bubble size in low carbonated 

waters had an average of ~420 µm (14.2 pixels) after 5 s, which is the same time used in 

the present study. In medium carbonated waters, the average diameter at 5 s was ~560 

µm (18.9 pixels) and in high carbonated waters ~1110 µm (37.4 pixels). Results from the 

average bubble size of all samples, except for Ice, coincide with the average size for the 

low carbonated waters in the aforementioned study. Ice had a bubble size of 5.2 pixels, 

which is even smaller than that reported by Liger-Belair et al., (2015) for low-carbonated 

waters at time 0 s (~287 µm = 9.7 pixels). However, the diameter of Ice increased with 

sonication (IceS = 13.4 pixels) closer to the values of low carbonated waters. 

 On the contrary, for SP, the bubble size decreased with sonication (SP = 14.8 pixels; 

SPS = 10.2 pixels); however, no significant changes were found in bubble size of Nu and 

NuS. These differences in bubbles with the sonication treatment in the three brands may 

be due to other characteristics of the water, such as the chemical composition (TDS, EC, 

and pH), which were different in the three samples. This may be explained due to the 

energy loss of a resonating bubble and its relationship with viscosity (Doel, 2005). 

However, in terms of the total number of bubbles and the number of small bubbles, the 

sonication treatment significantly decreased the values compared with the control. For 

medium and large bubbles, these decreased significantly for SP when sonicated (SPS), 

increased for Ice with sonication (IceS), but no significant difference was found for Nu and 

NuS. The changes in bubble size distribution may be due to the effect of the pressure 

caused by the sonication treatment in the bottle due to the energy associated with the 

wavelength of audible sound waves, which although lower than ultrasound energy, it still 

alters the media and particles (Kumeta et al., 2018, Jain, 2009). When the pressure in 

carbonated beverages is higher, the CO2 solubility increases (Craig, 2011). Therefore, the 

change in pressure caused by the application of soundwaves may be related to bubble size 

distribution because CO2 is responsible for bubble formation and pressure is directly 

related with bubble size as this is given by the expansion or contraction of the gas inside 

the bubble explained by the ideal gas law (Campbell and Mougeot, 1999). 

 

 



 

162 
 

5.4.2 Sensory Evaluation of Carbonated Water 

5.4.2.1 Self-Reported Responses of Consumer Acceptability of Carbonated Water 

 Barker et al. (2002) found that consumers prefer smaller bubbles in a study with 17 

participants. However, in the present study, it was found that when bubbles are too small, 

consumers dislike the sample, as shown with Ice, which was the sample with the smallest 

average bubble size and had the lowest rating in descriptors such as face scale of bubbles, 

liking BubbVel, BubbSize, and overall liking. On the other hand, the samples with 

sonication treatment, SPS and IceS, which had an average bubble size in the middle of 

the range found in this study (range = 5–15 pixels; SPS = 10 pixels; IceS = 13 pixels) 

were the highest in liking of BubbVel, BubbSize, face scale Bubb and overall liking. In the 

fizzing sound assessment, there were improvements found between control and sonication 

treatment in liking and face scale responses for the three brands. 

5.4.2.2 Self-Reported Emotional Responses of Carbonated Water 

 Some studies have assessed different carbonated beverages such as sparkling water, 

sparkling wine, and beer just by presenting the fizzing sound when pouring the liquid, 

finding that consumers can assess the quality of the beverage based on this parameter 

only (Spence and Wang, 2015). This, due to the smaller bubbles such as those in 

champagne producing a fizzing sound at a higher pitch than larger bubbles in a club soda 

water (Lawless, 2000). However, there are no known studies in which consumers emotions 

towards the fizzing sound when opening a bottle have been assessed. From Table 5.7 and 

Figure 5.6, it can be observed that in the case of the three brands, sonication treatment 

elicited more positive emotions than control, especially for Nu and Ice. This shows that 

sonication treatment also improves the fizzing sound of bottled carbonated water. 

 It has been reported that the visual assessment of foods and beverages is the most 

important because it gives the first impression to consumers. Especially, in carbonated 

beverages, bubbles visual assessment is important for consumers to assess the quality 

and acceptability (Gonzalez Viejo et al., 2018a, Rey-Salgueiro et al., 2013). There are no 

known studies in the consumers’ emotional assessment of carbonated water from the 

visual perspective. However, a study in beer using biometrics showed that consumers are 

able to assess quality and acceptability by looking at videos of the pouring (Gonzalez Viejo 

et al., 2018a). Results of self-reported emotions elicited from the visual assessment differ 

from the fizzing sound evaluation for specific terms; however, it has a similar trend as 

samples with sonication treatment had more positive terms selection, especially for Ice 

and Nu. When comparing emotion-terms selected from sound assessment for Ice, sound 

elicited more positive terms such as loving and energetic, but visual assessment had a 

higher selection of negative terms such as angry and worried. However, in Nu, the 
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association with the selection of Steady coincided in both assessments (Figures 5.3 and 

5.4). 

5.4.3 Multivariate Data Analysis 

 From the PCA, it can be observed that taking all measurements, physicochemical, 

emotional, and self-reported sensory responses, the sonicated samples SPS and IceS were 

more liked in all sensory attributes and elicited more positive responses from the face 

scale. Sample SP elicited higher valence and contempt (ComtemptFE) from the 

unconscious reactions of consumers. Ice, which was the least liked, elicited surprise 

(SurprisedFE) emotion from consumers, and Nu was low in arousal. Contrary to other 

references that state that consumers approach when they are exposed to positive foods 

and avoid (retract) with negative foods (Piqueras-Fiszman et al., 2014), in this study it 

was found that consumers approach when they dislike the sample and retract when they 

like it. This trend was also found in a study assessing beer consumer acceptability using 

biometrics (Gonzalez Viejo et al., 2019) and may be due to consumers feeling more 

comfortable and relaxed when they like a product, which makes them sit back (Nolan, 

2004). Contrary to other studies that found that smaller bubbles are preferred (Barker et 

al., 2002, Liger-Belair et al., 2015, Bamforth et al., 2011), in this study, small bubbles 

elicited disgusted unconscious emotion (DisgustedFE), while medium bubbles were related 

with HappyFE and valence. 

 The sonication treatment presented in this study may be potentially used in the 

industry to improve the size and distribution of bubbles in carbonated beverages, which 

increase consumer acceptability and elicit more positive emotional responses. According 

to Hewson et al. (2009), positive emotions such as enjoyment are within the main drivers 

for consumers to select carbonated water due to the fizziness, which elicits a pleasant 

sensation. 

 

5.5 Conclusions 

 The application of sonication treatment using audible sound (20–75 Hz) showed to 

have a positive effect to improve the quality and consumer acceptability of carbonated 

water due to the effects of audible wavelengths, which increase pressure within the bottle 

and, therefore, modifies bubble size during formation. This treatment increased the liking 

and elicited more positive emotional responses towards the fizzing sound, visual 

assessment, and overall liking. This would potentially be of interest to the industry to 

manipulate the bubble size of the finished product without altering the carbonation in the 

water, which is highly desired, especially for naturally carbonated waters. Further studies 

may be conducted to assess the time that the sonication effect lasts to define when the 
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treatment should be applied and to evaluate the relationship between the TDS, EC, and 

pH of carbonated waters and the effects of sonication by using a larger number of samples 

with different values; this may also allow developing machine learning models to predict 

the bubble size and bubble size distribution using consumers biometric responses as 

inputs. 
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CHAPTER 6  

Assessment of beer quality based on foamability and 

chemical composition using computer vision algorithms, 

near infrared spectroscopy and artificial neural networks 

modelling techniques. 

 

Paper published as: 
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Assessment of beer quality based on foamability and chemical composition using computer 
vision algorithms, near infrared spectroscopy and machine learning algorithms. Journal of 
the Science of Food and Agriculture, 98(2), pp.618-627. 

 

Abstract: 

Background 

Beer quality is mainly defined by its color, foamability, and foam stability, which are 
influenced by the chemical composition of the product such as proteins, carbohydrates, 
pH and alcohol. Traditional methods to assess specific chemical compounds are usually 
time-consuming and costly. This study used rapid methods to evaluate 15 foam and color-
related parameters using a robotic pourer (RoboBEER) and chemical fingerprinting using 
near infrared spectrometry (NIR) from six replicates of 21 beers from three types of 
fermentation. Results from NIR were used to create partial least squares regression (PLS) 
and artificial neural networks (ANN) models to predict four chemometrics such as pH, 
alcohol, Brix and maximum volume of foam. 

Results 

The ANN method was able to create more accurate models (R = 0.95) compared to PLS. 
Principal components analysis using RoboBEER parameters and NIR overtones related to 
protein explained 67% of total data variability. Additionally, a subspace discriminant 
model using the absorbance values from NIR wavelengths resulted in the successful 
classification of 85% of beers according to fermentation type.  

Conclusion 

The method proposed showed to be a rapid system based on NIR spectroscopy and 
RoboBEER outputs of foamability that can be used to infer the quality, production method, 
and chemical parameters of beer with minimal laboratory equipment. 

 

Keywords: beer chemometry; robotic pourer; multivariate data analysis; artificial neural 
networks; beer fermentation 
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6.1 Introduction 

 Beer is defined as a yeast fermented beverage mainly composed of water, malted 

cereals, and hops (Caballero et al., 2012). Beer quality mainly depends on the combination 

of several factors, such as the visual aspects, specifically color and foam-related attributes 

(foam stability, foam texture, and bubble size), and its chemical composition, which are 

directly linked to sensory descriptors of beer for quality assessment (Gonzalez Viejo et al., 

2016). Amongst these chemical compounds and metrics related to quality traits of beers 

are the protein and sugar types and content, alcohol, carbon dioxide concentration [CO2], 

and pH (Cooper et al., 2002, Ferreira et al., 2005). 

 Beer manufacturing consists of a very complex process due to the numerous chemical 

reactions involved, which range from the malting of cereals (mainly barley) to the bottling 

of the final product, including several steps such as mashing and boiling in-between. It is 

critical to have the appropriate quality control and quality assurance measures of the final 

product, since any failure within the brewing process could result in the development of 

off-flavors and/or undesired visual characteristics such as the lack of foaming, and (CO2) 

for bubble and foam stability and haze formation, among others (Bamforth et al., 2011).  

 Beers can be produced through three major types of fermentation (top, bottom, and 

spontaneous), which have several variations within their specific process, such as the type 

of yeast used, the production temperature and the fermentation time. Top fermentation 

beers are usually produced within five days by using yeast such as Saccharomyces 

cerevisiae, which is added at temperatures between 15 and 25 °C and is able to ferment 

through an aerobic process that allows it to remain in the surface of the liquid. Conversely, 

the bottom fermenting process can take from seven days up to several weeks and 

generally uses S. carlbergensis as the fermenting yeast, which is added at temperatures 

within the 6 – 8 °C range and is able to act anaerobically by settling on the bottom of the 

container. Finally, spontaneous fermentation consists of a longer brewing process that can 

last up to two years. Beer is fermented aerobically at temperatures around 16 °C by using 

wild yeast and bacteria present in the environment where it is produced (Papadopoulou-

Bouraoui et al., 2004). 

 During beer fermentation, the alcohol and sugar content are defined and depend 

mainly on the level of flocculation and attenuation of the yeast. Hence, the production of 

beers with higher sugar and lower alcohol content is provided by the fast-flocculating 

yeasts, with low attenuation. On the other hand, high quality beers with higher alcohol 

content and lower sugar concentrations are obtained by the addition of slow flocculating 

yeasts with high attenuation. During this sugar to ethanol conversion other chemical 

changes occur, as CO2 is released, pH decreases from pH 5.5 to around pH 4.3 and nitrogen 

(N2) content is reduced by one third, while most of the hop resins are lost, leaving traces 
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that are responsible for the bitter taste of the final product (Soares, 2011, Delcour and 

Hoseney, 2010, Gonzalez Viejo et al., 2016). 

 The gas dissolved in beer, which mainly consists of CO2 and N2, is the main component 

responsible for the foam formation and bubble size once it is released when the beer bottle 

is opened and poured to a glass. This occurs when the gas rises in the form of bubbles 

due to a reduction in pressure forming a thin layer in the interphase liquid – gas called 

lamella (Zhang, 2008). The latter process of foam formation is possible due to the 

surfactant substances, such as proteins and sugars present in the surface of the beer, 

which are able to increase the viscosity of the liquid and reduce the rate of drainage of the 

lamella. The pH also plays an important role for foam formation and stability because as 

the proteins are closer to their isoelectric pH, they tend to be more stable and decrease 

the pressure of repulsion connections, which promotes more favorable interactions 

between the proteins and the formation of viscous films in the interphase (Badui, 2006, 

Bamforth et al., 2011). The foam acts as a protecting layer to avoid the oxidation of the 

beer and thus preventing the formation of off-flavors during its consumption (Ortiz et al., 

2003, Thomsen, 2007).  

 Therefore, it is essential also to analyze the intrinsic factors of beers, such as protein 

and sugar content to find their relationship with the foam stability parameters. Current 

methods to assess quality components are costly and time-consuming, as they involve the 

use of skilled technicians, expensive laboratory equipment, and facilities to carry out all 

the sample preparation and tests needed to get the desired parameters. The official 

method to analyze protein in beer is the Kjeldahl method (AOAC 920.53 – 1978). This 

method measures the total crude protein based on the amino nitrogen content and does 

not quantify the specific proteins that contribute to foam stability. Other methods that 

have been used in previous studies are the Biuret, in which the hops present in the beer 

interfere with the ultraviolet light readings. Furthermore, the Bradford assay is unable to 

react with proteins containing glutamic acid and proline making it difficult to determine 

their concentration (Londesborough et al., 2015). For these reasons, some authors have 

found that isolating the proteins from beer, usually by precipitation, and the use of 

immunological techniques such as ELISA and electrophoresis methods could render more 

accurate protein analysis (Bamforth et al., 2011, Picariello et al., 2011, Iimure et al., 

2010). Nonetheless, these techniques are also time consuming, require skilled personnel 

and the use of specialized laboratory material and instrumentation.  

 Since most of the simple sugars are transformed into alcohol by yeast during 

fermentation, most of the carbohydrates present in beer are oligo- and polysaccharides. 

Some of the oligosaccharides that have been studied are the β-glucans by using an assay 

kit from Megazime and the malto-oligosaccharides using high-performance liquid 
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chromatography (HPLC) techniques (Delvaux et al., 2000, Ferreira et al., 2005). However, 

these methods are more complex, less cost effective and require more time for sample 

preparation.  

 Novel techniques to assess beer chemometry, which involve non-linear methods have 

been used by other authors such as Cajka et al. (2010) that developed predictive models 

using partial least squares (PLS), linear discriminant analysis and artificial neural networks 

(ANN) for different gas chromatography and head space methods to obtain volatile 

fingerprinting from beer with results showed higher accuracy using ANN. Other authors 

such as Iñón et al. (2006) compared PLS and ANN methods obtaining better results with 

ANN using combined mid and near infrared to determine quality parameters of beer based 

on alcohol content and real extract. In this case, ANN modelling was also used in beer 

research for the prediction of acetic acid (Zhang et al., 2012). Another method suggested 

as being efficient for non-linear modelling is the locally weighted regression (LWR) that 

has been used for prediction of beer chemometry during fermentation (Grassi et al., 

2014); however, this method has as disadvantage that it requires a new calibration every 

time a new sample needs to be analyzed (Burns and Ciurczak, 2007). 

 This paper discusses the assessment of foaming properties of beer samples from three 

different types of fermentation using RoboBEER, which is a newly developed robotic pourer 

coupled with computer vision algorithms (Gonzalez Viejo et al., 2016). A near-infrared 

spectroscopy (NIR) handheld device was used to obtain the chemical fingerprinting of 

beers to assess the influence of beer compounds on foaming properties by their 

characteristic levels of absorbance or overtones. This paper also presents prediction 

models obtained using both partial least squares (PLS) regression and the artificial neural 

networks (ANN) fitting tool in Matlab®. Soluble solids content, the maximum volume of 

foam, pH and alcohol content using the specific values of absorbance in the NIR spectra 

and data from the RoboBEER were used as inputs and chemometry as targets. Therefore, 

the objective of this research was to develop an effective method and find an accurate 

model to ease the assessment of beer quality based on foamability using the RoboBEER, 

by comparing two different regression techniques. Furthermore, a classification subspace 

discriminant model was developed to group the beers according to the type of fermentation 

using their chemical fingerprinting as inputs. 

 

6.2 Materials and methods 

6.2.1 Beer Samples 

 For this study, eight samples from top, seven from bottom, and six from spontaneous 

fermentation produced in different countries were used (Table 6.1). Specific beers were 
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selected to broaden the range of results for the foamability properties as well as 

chemometrics to be able to find representative relationships among them and specific 

models that can be applied to new samples. To take into account sampling variability, six 

replicates (six bottles per beer sample) from two different batches, three bottles of each 

batch, purchased in 2015, and 2016 were used for all the analyses. The measurements of 

the two batches were carried out on two different dates, and all parameters were 

measured from the same bottles in the same day to avoid any compositional modifications 

due to the influence of oxygen contact with the beer.  

 

Table 6.1. List of beer samples analyzed, showing the type of beer, classification according to their 
type of fermentation, country of origin, the abbreviated label used for their identification for all the 
analyses performed, the color of bottle, and type of seal. 

Type/Subtype 
Country of 

Origin 
Label 

Bottle 
color 

Seal 

Top Fermentation 
Abbey Ale Belgium L Brown Bottle cap 

India Pale Ale Australia IP Brown Bottle cap 
Porter Poland Z Brown Bottle cap 
Kolsch Australia P Brown Bottle cap 
Red Ale USA RT Brown Bottle cap 

Steam Ale Australia SA Brown Bottle cap 
Aged Ale Scotland IG Brown Bottle cap 

Sparkling Ale Australia CS Brown Bottle cap 
Bottom Fermentation 

Lager Mexico C Clear Bottle cap 
Lager Mexico XX Green Bottle cap 
Lager USA BL Brown Bottle cap 
Lager Netherlands H Green Bottle cap 
Lager Czech Republic BC Green Bottle cap 

Lager Low Alcohol Germany BB Green Bottle cap 
Pilsner Czech Republic PU Green Bottle cap 

Spontaneous Fermentation 
Lambic Cassis Belgium LC Green Cork + Bottle cap 

Lambic Framboise Belgium LF Green Cork + Bottle cap 
Lambic Gueuze Belgium LG Green Cork + Bottle cap 
Lambic Kriek Belgium LK Green Cork + Bottle cap 
Lambic Kriek Belgium OK Green Cork 

Lambic Gueuze Belgium OG Green Cork 

 

6.2.2 Total soluble solids, alcohol and pH measurements 

 Total soluble solids from all samples and replicates were measured in degrees Brix 

(Brix) using an optical refractometer Alla France REFBX010 (Alla France Sarl, Chemillé-

Melay, France) with a range of measurement of 0 – 32 Brix. All samples were measured 

at room temperature (23 – 25 °C), and the refractometer was rinsed with distilled water 

and dried between each measurement to avoid cross-contamination. The pH was 
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measured with a pH-meter HANNA HI9025 (Hanna Instruments Canada Inc. Laval, QC. 

Canada). The equipment was calibrated by using buffer solutions at pH 4.0 and 7.0. A 50 

mL beaker was used to test samples by pouring the same sample amount from each beer 

(50 mL) at temperatures within the 23 – 25 °C range. The alcohol content was measured 

with an Alcolyzer Wine M alcohol meter (Anton Paar GmbH, GRAZ, Austria) set to use the 

wine extension method included in the Alcolyzer settings (Alcolyzer WineM manual), all 

samples were previously degassed using a vacuum pump and a magnetic stirrer at ambient 

temperatures between 23 – 25 °C. 

6.2.3 Near infrared spectroscopy 

 Beer sample spectra were measured right after the foam-related parameters were 

measured using a handheld microPHAZIR™ RX Analyzer (Thermo Fisher Scientific, 

Waltham, MA. USA). This device is capable of measuring the spectra, which can be related 

to a chemical fingerprint of materials by reading the absorbance of different wavelengths 

within the 1600 – 2396 nm (every 7 – 9 nm) range. To standardize measurements, a filter 

paper Whatman® (Whatman plc. Maidstone, United Kingdom) qualitative grade three and 

7.0 cm was used as the media to contain the liquid samples. Before starting the first set 

of measurements and after every 10 – 15 readings, the equipment was calibrated by using 

a white background (included with the device), which turns the lamp on to avoid variations 

in the light as well as in any environmental changes. The measurement procedure for all 

samples consisted of reading the dry filter paper by itself without samples first to be able 

to subtract the absorbance values from the beer samples readings. After this procedure, 

the filter was submerged in the specific sample and placed on the 5 mm measuring region 

at the front of the NIR device. All readings were performed, placing the white background 

at the back with the filter in between (with and without samples) to avoid signal noise 

inclusion due to environmental factors. The filter, once soaked with the sample, was 

measured immediately (within 5 seconds) to avoid any loss of volatile compounds. 

Readings were performed in triplicates from each sample to reduce variation, and all 

samples were also measured at room temperature (20 – 23°C).  

 To validate the filter paper method, a simple test using pure water and ethanol 100% 

undenatured was performed by following the same procedure as the beer sample 

measurements. Furthermore, a simple comparison between the filter paper method and 

the one proposed by Thermo Fisher Scientific using silica as media was performed. The 

Thermo Fisher method uses 4 mL vials and silica sand as the media to diffuse the liquid 

samples; this compound is used due to its low reactivity and low reflective index. To 

measure the sample, 1.25 mL of silica sand was added to the vial along with 2 mL of the 

liquid, and they were mixed by shaking the vial. The latter was then inserted in the adapter 

of the device and measured the same way as with the filter method. A graph was 
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generated to compare the two methods used to measure NIR using the absorbance values 

of the whole spectra of the silica method and the extracted values of beer from the filter 

method to find the correlation between both of them. To assess the accuracy of the results, 

statistical data was obtained, such as determination coefficients (R2), error sum of squares 

(SSE), root mean square error (RMSE), and p-value using the curve fitting toolbox in 

Matlab® ver. 2016a (Mathworks Inc., Matick, MA. USA). 

6.2.4 Foaming parameters description 

 The foaming parameters were the first measurement for all the samples to achieve 

minimal loses of CO2 within the time between opening and pouring (~30 s). All 15 foaming 

parameters were obtained using RoboBEER, which consists of a robotic pourer for beer 

samples capable of measuring CO2 released when pouring, pouring temperature, and 

alcohol content in real time using three integrated sensors controlled with Arduino® 

boards (Arduino, Italy). RoboBEER is able to record videos of the samples for 5 min starting 

just before pouring by using a smartphone, those videos are analyzed using customized 

codes based on computer vision algorithms written in Matlab®. A detailed description of 

the RoboBEER and the method used can be found in Gonzalez Viejo et al. (2016). The 

analysis codes were designed to obtain the most relevant foaming parameters such as the 

maximum volume of foam (MaxVol), total lifetime of foam (TLTF), lifetime of foam (LTF), 

foam drainage (FDrain), bubbles size count grouped by small, medium and large, and color 

descriptors using two different color scales (RGB and CieLab), the description of these 

measurements are shown in Table 6.2. 
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Table 6.2. Description and abbreviation of all foaming parameters obtained with RoboBEER. 

Parameter (units) Abbreviation Description 
Total lifetime of foam 
(s) TLTF Lifetime of foam for the whole period (5 

mins). 

Lifetime of foam (s) LTF 
Lifetime of foam starting from the 
volume peak as the area below the 

curve. 
Maximum volume of 
foam (mL) MaxVol Maximum volume of foam. 

Foam Drainage (mL s-1) FDrain The excess of beer drained from the wet 
foam to give a dry foam.  

Alcohol sensor 
(unitless) OH Ethanol gas of the sample measured 

with the sensor. 
Carbon dioxide (ppm) CO2 CO2 content measured with the sensor. 

CieLab color scale 
(unitless) L, a and b 

Color parameters in CieLab scale where: 
L is lightness, a represents the red and 
green values and b the yellow and blue 
values. 

RGB color scale 
(unitless) RI, GI, and BI 

Color parameters in the RGB scale 
converted to color index where: RI 
represents the red intensity ratio, BI the 
blue intensity ratio, and GI the green 
intensity ratio.  
Values obtained with the following 
equations: 
RGB intensity ratio (I) =R+G+B 
Red intensity ratio (RI) = R/I 
Green intensity ratio (GI) = G/I 
Blue intensity ratio (BI) = B/I 

Small bubbles (number) SmBubb Number of small bubbles in the foam. 
Medium bubbles 
(number) MedBubb Number of medium bubbles in the foam. 

Large bubbles (number) LgBubb Number of large bubbles in the foam. 

 

6.2.5 Statistics from chemical analysis of beers 

 Averaged data from replicates were analyzed, obtaining standard deviation of the 

samples (SD) to assess the variability between the different bottles of each beer (Appendix 

IV: Table S6.1 and S6.2). High variability between the replicates was found for all foam 

related parameters (MaxVol, TLTF, LTF, OH, CO2, SmBubb, MedBubb, LgBubb and FDrain) 

due to differences in sealability between bottles, especially for capped beers as expected 

and explained previously by Gonzalez Viejo et al. (2016). Due to this variability, the mean 

values of the six bottles were used for the multivariate data analysis. 

6.2.6 NIR data analysis 

 Data obtained from the NIR device were analyzed using The Unscrambler X ver. 10.3 

(CAMO Software, Oslo, Norway) software. This statistical program was able to plot the 

absorbance values found for all wavelengths for each sample. Additionally, the partial least 

squares (PLS) regression method was used for pH, degree Brix, alcohol, and MaxVol to 

develop a predictive model with each of those metrics as targets and the NIR values as 

inputs. To create these models a non-linear iterative partial least squares (NIPALS) 
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algorithm was used. The data used to create the models did not undergo any 

transformation to be comparable with those using ANN. This method works by randomly 

using the total number of samples (n) for both calibration and validation. Statistical data 

such as the determination coefficients (R2), slope and root mean square error (RMSE) were 

used to assess model performance. 

6.2.7 Multivariate data analysis, artificial Neural Network (ANN) modelling and 

classification 

 A multivariate data analysis based on principal components analysis (PCA) and cluster 

analysis was performed for all data obtained in this study by using a customized code 

written in Matlab® (Fuentes, unpublished). The cluster analysis is used to identify patterns 

within all values to classify the samples, and the PCA can be used to find relationships 

between all parameters.  

 The ANN fitting tool from Matlab Neural Network ToolboxTM 7 (Mathworks Inc., Matick. 

MA. USA) was used to obtain specific prediction models using the Levenberg-Marquardt 

training algorithm. Four models were created with different targets such as MaxVol, 

degrees Brix, pH, and alcohol content using specific spectra overtone readings from the 

NIR as inputs (Figure 6.1). Overtones within the 2177 – 2396 nm range were used as 

inputs for MaxVol, whilst values between 2001 and 2270 nm wavelength range were used 

for Brix and the whole spectra (1600 – 2396 nm) for pH and alcohol. The selection of the 

wavelength ranges for MaxVol, and Brix was done according to Burns (Burns and Ciurczak, 

2007), which identifies most of the protein overtones corresponding to the 2177 and 2396 

nm range, and carbohydrates are mainly within 2000 and 2271 nm. Furthermore, a 

general model using the whole NIR spectra (1600 – 2396 nm) was created using the four 

targets (MaxVol, Brix, pH and alcohol content). The artificial neural networks data division 

works dividing the data into three stages: i) Training, which is necessary to compute the 

gradient and to update the weights and biases, ii) Validation, which is needed to minimize 

the error and ovoid overfitting by monitoring the validation error in the training stage, and 

iii) Testing, which is necessary to compare different models. Therefore, for all the models, 

a random data division using the dividerand function in Matlab was used, which randomly 

divides the data from samples into the three stages with 70% (n = 45) for training, 15% 

(n = 9) for validation with a mean squared error performance algorithm and 15% (n = 9) 

for testing with a default derivative function, the data used in each stage is not used in 

the other two, this makes every stage independent from each other. Three hidden neurons 

were used for the five models (specific and general), and different wavelengths were added 

as inputs for each model according to the selected target (Figure 6.1). The four models 

for the individual targets were used to compare the ANN statistical model performance 

results with those from the PLS regression. To assess and compare the accuracy of the 
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results from the two models tested (PLS and ANN), statistical data such as the 

determination coefficients (R2), slope (Sl), and root mean square error (RMSE) were 

obtained. There was no outlier analysis for any of the fitting models presented; hence 

models include all the data from replicates and beer samples.  

 

 
Figure 6.1. Two-layer feedforward network with three hidden neurons and sigmoid 
functions to fit regression models for targets and inputs: (a) maximum volume of foam 
(MaxVol) using the 2177 and 2396 nm wavelength range (n = 30), (b) Degrees Brix (Brix) 
with near infrared (NIR) wavelengths within the 2001 and 2270 nm range (n = 35), and 
(c) pH and (d) alcohol both using all NIR spectra (n = 100), and (e) model using the four 
chemometric analyses as targets and the all NIR as inputs. Three hidden neurons were 
chosen for the four models using Matlab ver. 2016a (Mathworks Inc., Matick, MA. USA). 
For hidden and output layers, w = weights and b = biases. 

 

 Additionally, a classification model using the subspace ensemble method and the 

discriminant learner type was created using the Matlab® Classification Learner application 

in the Statistics and Machine Learning Toolbox™ (Mathworks Inc., Matick. MA. USA) to 

classify beers according to fermentation type. The whole NIR absorbance values 

corresponding to the range of wavelengths within 1600 and 2396 nm (n = 100) were used 

as inputs in the ANN as beer chemical fingerprinting. A total of 30 learners and a value of 

50 for the subspace dimension were used to train the model. 

 

6.3 Results 

6.3.1 Near infrared spectrometer method validation  

 Figure 6.2 shows the graph of NIR measurements for water and pure ethanol using 

the filter paper method for standardization purposes. In this figure, the higher peaks for 

the dry filter (red line) corresponded to the range of cellulose and starch overtones with 
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corresponding to values between 1880 – 1993 nm and 2000 – 2396 nm (Burns and 

Ciurczak, 2007). As further shown in this figure, after subtracting the filter values, the 

peak of water overtones (1940 nm) (Rantanen et al., 2001) was enhanced, and the 

absorbance in the wavelengths corresponding to cellulose and starch overtones were 

minimized (blue line). Similarly, the ethanol curve (green line) shows the peak values for 

the absorbance around the wavelengths corresponding to alcohol overtones (2090, 2270 

and 2304 nm) (Burns and Ciurczak, 2007, McClure and Stanfield, 2002). 

 

 
Figure 6.2. Absorbance curves (y axis) obtained for the wavelength spectra in nm (x axis) 
measured with the NIR device for ethanol (green line), dry filter (red line), filter with 
ethanol (black line), filter with water (purple line) and water (blue line). 

 

 As shown in Figure 6.3 the measurements made for five different samples, 

representing the three fermentation types and using the whole spectra for both the filter 

paper (x axis) and the silica sand (y axis) presented similar errors, with consistent 

difference values (50 – 52%) and high correlation between the two methods. This test 

showed that both methods are equivalent for benchmarking purposes. The measurements 

were made with samples H, LC, CS, BL and Z obtaining R2 values of 0.97 (SSE = 0.23; 

RMSE = 0.05; p-value = < 0.0001), 0.92 (SSE = 0.55; RMSE = 0.08; p-value = < 0.0001), 

0.91 (SSE = 0.76; RMSE = 0.09; p-value = < 0.0001), 0.83 (SSE = 1.14; RMSE = 0.11; 

p-value = < 0.0001) and 0.92 (SSE = 0.48; RMSE = 0.07; p-value = < 0.0001), 

respectively.  
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Figure 6.3. Curves representing the correlation between the beer measured with the filter 
paper (x axis) and beer measured with the silica sand (y axis) methods comparing values 
of the whole wavelength spectra obtained. Each curve represents a different sample as 
specified in the graph. The abbreviations of the samples are shown in Table 6.1. 

 

6.3.2 Near infrared spectrometry results 

 Figure 6.4 shows the graphs for the averages from replicates from each brand of beer. 

Each group of beers, according to the type of fermentation, is represented with a different 

color: purple for spontaneous, blue for top, and green for bottom fermentation. As 

observed in this figure, the peak values for all beers are within the range of ~1850 – 2000 

nm, in which compounds such as alcohol, water, proteins, urea, carbohydrates, and 

volatiles such as amides can be found (Burns and Ciurczak, 2007).  
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Figure 6.4. Curves of all beer samples showing the absorbance values (y axis) for all 
wavelengths (x axis) in the NIR spectra reported in nm. Each group of beers is represented 
with a different color: green for bottom, blue for top, and purple for spontaneous 
fermentation.  

 

 Table 6.3 shows the summary of results from both regression models (PLS and ANN) 

generated for four chemical components as targets (MaxVol, Brix, pH, and Alcohol). The 

ANN regression models were able to fit the targets more accurately than the PLS regression 

models as the ANN had higher R2 and lower RMSE values in both calibration/training and 

validation stages. PLS regression models are only able to generate calibration and 

validation curves; thus, training and overall values are only shown for ANN models.  

 

Table 6.3. Comparison of results obtained from the regression model using both partial least 
squares regression (PLS) and artificial neural networks (ANN) for four chemical components. Results 
presented for each stage of the models are the determination coefficient (R2), root mean squared 
error (RMSE), and slope (Sl). The blank cells are denoted as a hyphen (-) since PLS does not 
generate those results. The general model outputs, which include maximum volume of foam 
(MaxVol), Brix, pH, and Alcohol as combined targets, are only from the ANN modelling.  

Target Model 
Calibration / 

Training 
Validation Testing Overall 

R2 RMSE Sl R2 RMSE Sl R2 RMSE Sl R2 RMSE Sl 

1 MaxVol 
PLS 0.67 10.69 0.67 0.54 12.74 0.58 - - - - - - 
ANN 0.93 5.05 0.98 0.77 9.61 0.92 0.82 10.59 1.32 0.85 7.60 1.01 

2 Brix 
PLS 0.79 0.95 0.79 0.71 1.12 0.75 - - - - - - 
ANN 0.91 0.60 0.99 0.86 0.87 1.01 0.74 1.15 1.00 0.87 0.74 0.99 

3 pH 
PLS 0.70 0.30 0.70 0.64 0.32 0.64 - - - - - - 
ANN 0.95 0.21 0.98 0.80 0.12 1.00 0.83 0.25 1.02 0.91 0.17 0.99 

4 Alcohol 
PLS 0.88 0.01 0.88 0.85 0.01 0.85 - - - - - - 
ANN 0.99 0.01 0.99 0.92 0.002 1.00 0.89 0.01 0.97 0.97 0.003 0.99 

All four 
targets  

ANN 0.97 0.12 0.97 0.87 0.21 0.89 0.95 0.14 0.92 0.95 0.14 0.95 
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 Figure 6.5a shows the overall ANN regression model for four chemical components 

(MaxVol, Brix, pH, and Alcohol) used as targets using the 126 samples. This graph was 

obtained using the data from the three ANN modelling processes of training, validation, 

and testing. It can be observed that the model using the four targets had a high correlation 

and low error values (R2 = 0.95, RMSE = 0.14, slope = 0.95), and most of the data points 

were fitted to the regression line. Furthermore, the error histogram for the model had a 

normal distribution (Figure 6.5b). 

 

 
Figure 6.5. Results from Artificial Neural Networks (ANN) showing (a) the overall 
regression model using the 126 samples with four targets: i) maximum volume of foam 
(MaxVol) ii) total soluble solids (Brix) iii) pH values and iv) alcohol content. The values 
from the whole NIR wavelength range (1596 – 2396 nm) were used as inputs. Predicted 
values are shown in the y-axis, while observed values can be observed in x-axis. (b) The 
error histogram showing a trend of normal distribution in which the x – axis represents the 
errors calculated as observed minus estimated. 

 

a) 

b) 
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6.3.3 RoboBEER and NIR 

 Figure 6.6a shows the principal components analysis of all parameters measured with 

RoboBEER and the absorbance values of the 2300 nm wavelength, which represents the 

second overtone of protein (NIRP) (Burns and Ciurczak, 2007). As seen in this figure, the 

principal component 1 (PC1) represented 45% of data variability, while the principal 

component 2 (PC2) accounted for 22%; hence 67% of the total variability is explained by 

the PCA. The absorbance values for protein measured with NIR (NIRP) had a positive 

correlation with most foaming parameters (MaxVol, TLTF, LTF, SmBubb) and OH. 

Conversely, these parameters were negatively related to FDrain. On the other hand, Brix 

was positively related to RI, a and b, MedBubb and LgBubb, and had a negative 

relationship with GI, BI, L, and pH. Figure 6.6b shows that the cluster analysis was able 

to separate most of the beers into three clusters according to their type of fermentation. 
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Figure 6.6. Results from the multivariate data analysis: (a) PCA for all foaming parameters 
measured with RoboBEER and absorbance values for 2300 nm NIR values corresponding 
to protein overtones (NIRP), and (b) cluster analysis according to the type of fermentation 
(green squares: bottom, blue circles: top, and purple triangles: spontaneous). Green 
descriptors in vectors represent the foam-related parameters, the pink letters represent 
the color parameters, the red ones depict the sensors readings form the RoboBEER, and 
brown descriptors represent the chemometrics and NIR values. 

 

a) 

b) 
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 Table 6.4 shows the overall results obtained from the model created using a subspace 

discriminant method. The confusion matrix shows that there was an 85% accuracy when 

classifying beers according to their type of fermentation using the absorbance values 

obtained with NIR measurement. Several retraining attempts were made using different 

number of learners to validate the accuracy of the model, and all these were consistent, 

obtaining similar results.  

 

Table 6.4. All confusion matrix for the 126 bottles of beer analyzed using a subspace discriminant 
method for the three types of fermentation. The first from each set of numbers corresponds to the 
number of samples, and the second line shows the percentage from total samples. Values in italics 
correspond to the number of sample misclassification with associated errors. 

Fermentation Bottom Spontaneous Top Overall 

Bottom 
31 

82% 
2 

5% 
9 

18% 
- 

Spontaneous 
0 

0.0% 
36 

92% 
0 

0.0% 
- 

Top 
7 

18% 
1 

3% 
40 

82% 
- 

Accuracy 
Error 

82% 
18% 

92% 
8% 

82% 
18% 

85% 
15% 

  

 Figure 6.7 shows the receiver operating characteristic (ROC) curve, which displays 

the location of the classifier tested (orange dot) within the true-positive rate values. 

Furthermore, an area under the curve of 0.88 was obtained.  

 

 
Figure 6.7. Curve showing the receiving operator characteristic (ROC), where the orange 
circle represents the classifier, which is closer to the top left edge for true-positive rate 
values. The value for area under the curve is also shown.   
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6.4 Discussion 

6.4.1 Near infrared spectrometer media (filter paper versus silica) 

 The results obtained by measuring pure water and ethanol showed that the filter paper 

method was effective in getting accurate results from the NIR spectrometer for 

benchmarking purposes. This method allowed consistent isolation of the values of the filter 

to get only the results from the liquid sample (Figure 6.2). Furthermore, from the 

comparison between the filter paper and silica sand methods, it was found that they were 

highly correlated and, despite that the filter paper method underestimates the sand media 

absorbance; this trend is similar for all the samples. The overestimation found in the silica 

method can be attributed to its high liquid absorption capacity as well as its light 

transmission properties (Niemet and Selker, 2001, Ciullo, 1996). Hence, both validation 

methods (Figures 6.2 and 6.3) showed that the use of filter paper could effectively replace 

the current methods recommended by the suppliers that usually represent high costs. 

6.4.2 Near infrared spectroscopy  

 The NIR absorbance scan for beer samples from top and bottom fermentation followed 

a similar trend among each other, while the spontaneous fermentation beers presented a 

different signal shape above 2200 nm (Figure 6.4). Spontaneous fermentation beers had 

an increase of absorbance above the above-mentioned wavelength in which compounds 

such as protein, carbohydrates, and oils are present. For all beer samples, the main 

chemical component fingerprinting was achieved using the NIR handheld device, and these 

compounds likely involve aromatics such as amides, proteins, alcohol, carbohydrates, 

water, and some hop oils (Burns and Ciurczak, 2007). Similar curve trends within the 

same wavelength range of NIR measurements of different types of wine samples have 

been obtained by other authors such as Urbano-Cuadrado et al. (Urbano-Cuadrado et al., 

2004) and Manley et al. (Manley et al., 2001). This is comparable to our results since wine 

and beer are both fermented alcoholic beverages that, although in different proportions, 

are mainly composed of water, alcohol and residual sugars.  

 When generating models using both PLS and ANN regression, it was found that ANN 

was more capable of fitting the target values to the inputs/predictors (NIR absorbance 

values), as they presented higher R2 and lower error values than the PLS regression 

models for both calibration, training and validation stages (Table 6.3). Similar findings 

from the comparison between PLS and ANN models have been published by other authors 

working on beer modelling (Iñón et al., 2006, Cajka et al., 2010). Unlike the PLS regression 

the ANN fitting tool works using machine learning algorithms, which simulate the brains 

processing techniques and is able to find complex non–linear relationships among inputs 

and targets. Furthermore, ANNs are able to generate three stages for model development: 
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training, validation, and testing, which makes the final model more robust and reliable, 

avoiding overfitting (Lin et al., 2012).  

 As expected, the range of wavelengths between 2177 – 2396 nm, which characterizes 

most of the proteins and carbohydrates spectra ranges and overtones, had a high 

correlation with the MaxVol in the specific ANN regression model (Table 6.3). This can be 

attributed to the influence that proteins and carbohydrates have on the formation and 

stabilization of foam in beer, especially high molecular weight proteins (>10 kDa) and 

polysaccharides (Bamforth et al., 2011, Bamforth, 2011). These models showed that the 

NIR analyzer used is able to predict accurately the MaxVol of different beers through ANN 

modelling.  

 The selected wavelengths between 2001 and 2270 nm, are characterized mainly by 

carbohydrates (Burns and Ciurczak, 2007) and had a moderately high correlation with Brix 

(Table 6.3). This is in accordance with a study with grapes in which Parpinello et al. (2013) 

used the wavelength region around 2170 nm to predict soluble solids content measured 

in Brix and found a high overall correlation in the specific ANN model (R2 = 0.87). Although 

beer as a final product does not have high sugar content, the fact that yeasts are not able 

to consume all simple sugars and its inverse relationship with alcohol content, rely on the 

presence of residual sugars in beer (Delcour and Hoseney, 2010).  

 Models for both pH and alcohol content were developed using the whole NIR spectra 

and created the best specific prediction models (Table 6.3). The alcohol content was 

expected to present a good regression model as the equipment (Alcolyzer) used to 

measure the real values works with near infrared spectroscopy. However, the PLS 

regression was not able to create a model as accurate as the ANN method. Other authors 

have developed accurate prediction models using NIR for ethanol content in beer (Iñón et 

al., 2006) and ethanol and pH in wine (Urbano-Cuadrado et al., 2004). 

 The general ANN regression model created using the absorbance values from the 

whole wavelength range (1596 – 2396 nm) as inputs and the four components combined 

(MaxVol, Brix, pH, and alcohol) as targets showed to be highly accurate with an overall R2 

= 0.95 (Figure 6.5). This method showed to be more efficient as all four targets can be 

obtained in a single. Model using the whole spectra, apart from the capability of the 

method of being fed with new data to predict the numerical and objective valued of each 

target.  

6.4.3 RoboBEER and near infrared spectroscopy, and classification modelling 

 Proteins play a very important role in beer foamability, as these are able to permeate 

into the walls of bubbles and thus improve foam formation. Moreover, proteins can 

increase the viscosity of both the bulk and surface liquids, which increases the foam 
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stability of the beer and reduces the foam drainage. This could explain the positive 

correlation found between NIRP and foaming parameters such as MaxVol, TLTF, LTF and 

SmBubb, and the negative relationship with FDrain. The positive relationship between Brix 

and red color (a and RI) can be attributed to the addition of red fruit juice to the flavored 

spontaneous fermentation beers, which resulted in higher sugar content and presented 

higher values of red color. Additionally, Abeytilakarathna et al. (2013) found a correlation 

between Brix and red, blue, and green colors in fruits, which supports findings presented 

in this paper.   

 The subspace discriminant model developed using the absorbance values of 100 NIR 

wavelengths showed to be highly accurate with 85% positive classification of beers 

according to the type of fermentation. Most of the misclassifications were found between 

top and bottom fermentation beers, which represent variation in the fermentation process 

and type of yeast but share some similarities in characteristics such as alcohol content, 

pH and Brix. However, the model developed showed that the method used to measure 

NIR in beer was adequate to obtain the chemical fingerprinting of these samples and that 

it was able to identify differences in the chemical composition of beers within the different 

types of fermentation.  

 

6.5 Conclusions 

 The methodology proposed in this paper showed that accurate prediction models could 

be developed using robotics, computer vision NIR spectroscopy, and machine learning 

algorithms to assess chemical and physical quality traits from beer. The NIR based models 

could allow rapid screening of beers to objectively assess the main quality traits related to 

foamability and chemical properties. Furthermore, specific overtones in the NIR spectra of 

beers related to protein content were correlated to foaming properties of beers, which can 

result in the development of simple modelling strategies to assess chemometry of beers 

based on computer vision algorithms. Therefore, the method proposed showed to be a 

rapid system based on NIR spectroscopy and RoboBEER outputs of foamability that can 

be used to infer the quality, production method, and chemical parameters of beer with 

minimal laboratory equipment. However, further research involving the analysis of 

proteomics would allow creating a more robust and specific model that includes specific 

proteins, which are the main components responsible for foam formation and stability.  
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Abstract:  

The identification of volatiles in beer is important for consumers acceptability. In this 
study, triplicates of 24 beers from three types of fermentation (top/bottom/spontaneous) 
were analyzed using Gas Chromatograph with Mass-Selective Detector (GC-MSD) 
employing solid-phase microextraction (SPME). Principal components analysis was 
conducted for each type of fermentation. Multiple regression analysis and an artificial 
neural network model (ANN) were developed with the peak-areas of 10 volatiles to 
evaluate/predict aroma, flavor and overall liking. There were no hops-derived volatiles in 
bottom-fermentation beers, but they were present in top and spontaneous. Top and 
spontaneous had more volatiles than bottom-fermentation. 4-Ethyguaiacol and trans-β-
ionone were positive towards aroma, flavor and overall liking. Styrene had a negative 
effect on aroma, flavor and overall liking. An ANN model with high accuracy (R=0.98) was 
obtained to predict aroma, flavor and overall liking. The use of SPME-GC-MSD is an 
effective method to detect volatiles in beers that contribute to acceptability. 

 

Keywords: beer aromas; volatiles; gas chromatography; fermentation; beer acceptability  
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7.1 Introduction 

 Foam and foamability are very important characteristics in beer and are responsible 

for the aromas release, which is also a determinant factor for consumers when selecting 

a beer product (Bamforth et al., 2011). There are three types of fermentation (top, 

bottom, and spontaneous) and they all have different characteristics especially in terms 

of foamability, aromas, and flavors. Top fermentation is produced using Saccharomyces 

cerevisiae at temperatures between 15 and 25 °C, and the yeast remains dispersed 

throughout and towards the surface of the wort, while bottom fermentation uses 

Saccharomyces carlbergensis at temperatures between 6 and 8 °C and the yeast remains 

dispersed but towards the bottom of the liquid. On the other hand, spontaneous 

fermentation is similar to top fermentation because the yeast rests at the top of the liquid; 

however, this type uses wild yeast and ferments at temperatures around 16 °C (Gonzalez 

Viejo et al., 2016). Due to the complexity of beer as a product of a great number of 

varieties of barley, yeast and hops as well as the differences in brewing process, the 

various types of beers may present very distinct aromas (Biazon et al., 2009). When 

evaluating beer aromas, it is also important to identify any faults in the process which may 

lead to the development of off-aromas and / or off-flavors, which are critical issues in beer 

production. Off-aromas development is a special concern for craft breweries, which do not 

tend to use pasteurization and / or filtration processes (Garofalo et al., 2015, Harayama 

et al., 1994a).  

 Beer volatiles, which are responsible for the aromas and flavors, belong mainly to the 

groups of esters, alcohols, usually higher or fusel alcohols, aldehydes and acids (Harayama 

et al., 1994a, Biazon et al., 2009). The higher alcohols most frequently found in beer are 

n-propanol, isobutanol, benzyl alcohol, 2‐phenylethanol, 3‐methylbutanol, 2‐

methylbutanol, and amyl alcohol (Thompson‐Witrick et al., 2015). Although the presence 

of esters is minimal, their odor and aroma thresholds are low; hence, they are the most 

important contributors to beer aromas and flavors. There are over 90 esters that can be 

developed in beer, but the most important are ethyl octanoate, isoamyl acetate, ethyl 

acetate, ethyl decanoate, and 2‐phenylethyl acetate. (Ocvirk et al., 2018, Fix, 1999, Pires 

et al., 2014, Thompson‐Witrick et al., 2015). Among the aldehydes, acetaldehyde has been 

reported as the most commonly found in beer; however, other compounds such as 

phenylacetaldehyde and furfural may also be formed during the brewing process. Some 

acids that have been identified in beers from different types of fermentation are caprylic 

acid, lauric acid, capric acid and nonanoic acid (Rossi et al., 2014).  

 Gas Chromatography (GC) and Gas Chromatography / Mass Spectroscopy (GC-MS) 

have been the most widely used methods to assess volatile compounds in beer. Harayama 

et al. (1994b) developed a method to analyze medium and high boiling point volatiles in 
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beer using GC and trichlorofluoromethane (CCl3F) to extract volatiles and used the 

headspace method. Biazon et al. (2009) used GC-MS with solid-phase microextraction 

(SPME) and different silicas, these authors compared different SPME fibers and found that 

the carbowax–divinylbenzene (CW–DVB; 65 μm) and divinylbenzene–carboxen–

polydimethylsiloxane (DVB–CAR–PDMS; 50 μm) were the most efficient to extract the 

volatiles. Similarly, Ocvirk et al. (2018) used SPME – GC-MS different fibers such as PDMS 

(100 µm), DVB/CAR/PDMS (50/30 µm) and PDMS/DVB (65 µm). The authors selected the 

latter as they claimed the presence of more peaks. Van Opstaele et al. (2010) used SPME 

– GC-MS to assess linalool and other hops-related aromas in beer. Deng et al. (2016) used 

Ultra Violet High-Performance Liquid Chromatography (HPLC-UV) with solid-phase 

extraction (SPE) to successfully determine formaldehyde in beer samples.  

 This paper aims to compare the aroma compounds found in 24 different beers from 

the three types of fermentation (top, bottom, and spontaneous). The beer samples were 

analyzed using a Gas Chromatograph coupled with Mass Selective Detector (GC-MSD) with 

an SPME DVB–CAR–PDMS 1.1 mm grey fiber and the National Institute of Standards and 

Technology (NIST) library was used to identify the compounds.  

 

7.2 Materials and Methods 

7.2.1 Samples description 

 Twenty-four beer samples from different styles and from the three types of 

fermentation (top, bottom, and spontaneous) were analyzed in triplicates (three bottles of 

each; N = 72; Table 7.1) from the same batch to consider sample variability. All samples 

were made with malted barley. These specific samples were selected to provide a broader 

range of possible aroma volatiles found in beers. A sample of 5 mL of each beer was poured 

into a 20 mL screw cap vial and sealed with an 18 mm magnetic screw cap with a 

polytetrafluoroethylene (PTFE) and silicone liner and stored at refrigerator temperature 

(4°C) for 24 hours to avoid excessive foamability that might interfere with the equipment.  
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Table 7.1. Beer samples used for the study specifying the type of fermentation, country of origin, 
and labels used for the statistical analyses. 

Type of Fermentation Style Country of Origin Label 
Top Abbey Ale Belgium L 
Top India Pale Ale Australia WRIPA 
Top Blonde Ale Australia WRB 
Top Porter Poland Z 
Top Kolsch Australia P 
Top Red Ale USA RT 
Top Steam Ale Australia SA 
Top Aged Ale Scotland IG 
Top Sparkling Ale Australia CS 
Top Saison Australia LSS 

Bottom Lager Mexico C 
Bottom Lager Mexico XX 
Bottom Lager USA BL 
Bottom Lager Netherlands H 
Bottom Lager Czech Republic BC 
Bottom Pilsner Czech Republic PU 

Spontaneous Lambic Cassis Belgium LC 
Spontaneous Lambic Framboise Belgium LF 
Spontaneous Lambic Gueuze Belgium LG 
Spontaneous Lambic Kriek Belgium LK 
Spontaneous Lambic Kriek Belgium OK 
Spontaneous Lambic Gueuze Belgium OG 
Spontaneous Lambic Gueuze Belgium OT 
Spontaneous Wild Saison Australia LSW 

 

7.2.2 Gas chromatography / Mass Selective Detector 

 A high-efficiency source gas chromatograph with mass selective detector 5977B (GC-

MSD; Agilent Technologies, Inc., Santa Clara, CA, USA) with detection limits of 1.5 fg, 

coupled with a PAL3 autosampler system (CTC Analytics AG, Zwingen, Switzerland) was 

utilized for analyses. The column used was an HP-5MS length 30 m, inner diameter 0.25 

mm, and film 0.25 μ (Agilent Technologies, Inc., Santa Clara, CA, USA). Helium was used 

as a carrier gas at a flow rate of 1 mL min-1. The headspace method was used with a solid-

phase microextraction (SPME) divinylbenzene–carboxen–polydimethylsiloxane (DVB–

CAR–PDMS) 1.1 mm grey fiber (Agilent Technologies, Inc., Santa Clara, CA, USA). For the 

inlet the splitless mode was used at 150 °C and pressure of 6.78 psi with a total flow of 

24 mL/min. The heat agitator was used with an incubation time 20 min at 45 °C with a 5 

min cycle time and a 1 min conditioning of the fiber at 170°C. The sample vial penetration 

depth was set to 40 mm at a 20 mm s-1 penetration speed and 40 min extraction with 

agitation. The inlet penetration depth was 40 mm at 100 mm s-1 with a 1 min desorption 

and 2 min post-desorption conditioning.  

 The samples were measured in two batches as the autosampler only holds a maximum 

of 45 samples at a time. In both batches, two blanks were used, one at the start and one 

at the end of the samples to ensure there was no carryover from previous tests. The 

National Institute of Standards and Technology (NIST; National Institute of Standards and 
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Technology, Gaithersburg, MD, United States) library was used to identify the compounds, 

and only those with certainty over 80% were reported. 

7.2.3 Consumer acceptability test 

 Two sensory sessions on different days with 30 consumers including students and 

staff from the University of Melbourne (Ethics ID: 1545786.2) were conducted to assess 

aroma, flavor and overall liking of the beer samples using a 9-point hedonic scale in which 

1 = dislike extremely, 5 = neither like nor dislike and 9 = like extremely. The test was 

conducted in the sensory laboratory from the Faculty of Veterinary and Agricultural Science 

of The University of Melbourne in individual booths using a Bio-Sensory application 

(Fuentes et al., 2018) to display the questionnaire. The amount of sample provided to 

each participant was 15 mL, and all were served at refrigerator temperature (4°C); water 

and crackers were used as palate cleansers, and a 5 – 10 min break was allowed between 

samples to avoid fatigue due to alcohol content.  

7.2.4 Statistical analysis 

 Results from the relative peak area of the volatile compounds of each sample were 

used to conduct multivariate data analysis for each type of fermentation, based on 

principal components analysis (PCA) using a customized code written in Matlab® R2018b 

(Mathworks Inc., Natick, MA, USA). An ANOVA was conducted using SAS® 9.4 software 

(SAS Institute Inc., Cary, NC, USA) to assess significant differences p < 0.05 between 

samples for the volatile compounds that were common for the majority of the beers based 

on the relative peak areas. A multiple regression analysis was conducted for 10 volatile 

compounds (styrene, benzaldehyde, ethyl caproate, o-Tolualdehyde, linalool, phenylethyl 

alcohol, ethyl octanoate, 4-ethyl guaiacol, ethyl decanoate and trans-β-ionone) using 

SAS® 9.4 software to assess which volatile compounds, based on their relative peak area, 

had an effect on the aroma, flavor and overall liking of the beer samples. The correlation 

coefficient (R) was reported to assess the accuracy of the model and an α = 0.05 was used 

to assess significance for the overall model and each volatile compound. Furthermore, 

cross-validation with split data was conducted using 50% of the data to test the accuracy 

of the model and R values were reported.  

 A machine learning algorithm based on artificial neural networks (ANN) was developed 

using a customized Matlab® R2018b code. The Bayesian Regularization algorithm was 

chosen because this is good for small datasets and avoids overfitting because it updates 

weights and biases according to the optimization of the model. This model was constructed 

using the relative peak area of 10 compounds (styrene, benzaldehyde, ethyl caproate, o-

Tolualdehyde, linalool, phenylethyl alcohol, ethyl octanoate, 4-ethyl guaiacol, ethyl 

decanoate, and trans-β-ionone) as inputs and aroma, flavor and overall liking as targets, 
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all data (inputs and targets) were normalized from -1 to 1. All data were randomly divided 

as 70% of [N = 35; Targets = 3, Observations (N x Targets) = 105] used for training and 

30% [N = 15; Targets = 3, Observations (N x Targets) = 45] for testing with a default 

derivative function and using a mean squared error performance algorithm. The model 

consisted of a two-layer feedforward network with a tan-sigmoid function in the hidden 

layer and a linear transfer function in the output layer (Appendix V: Figure S7.1). The 

number of neurons (neurons = 5) was defined after a trimming test using 3, 5 and 10 

neurons to find the best model. Statistical data such as performance based on mean 

squared error (MSE), R and slope were obtained to validate the accuracy of the model. 

 

7.3 Results and Discussion  

7.3.1 Relative peak areas of volatile compounds 

 Table 7.2 shows the aromas associated with the volatile compounds found in the 

samples. On the other hand, Tables S7.1, S7.2, and S7.3 in Appendix V show the volatile 

compounds found in each sample as well as their retention times, retention indices peak 

areas and percentage of matching according to the NIST database for each type of 

fermentation (top, bottom and spontaneous). Figure 7.1a shows the peak areas from the 

top fermentation samples. It can be observed that for all top fermentation samples except 

for IG, the ethyl octanoate presented the largest peak area, being most predominant for 

WRB. Samples Z, P, L, and SA had phenylethyl alcohol as the second-largest peak area, 

while CS, RT, LSS, WRIPA, and WRB had ethyl decanoate as the second-largest peak. 

Linalool was found in SA, LSS, WRIPA, and P samples, while methyl geranate was found 

only in LSS and WRIPA, and β-pinene in LSS. 

 

Table 7.2. Volatile compounds found in the beer samples analyzed and the aromas they produce. 

Volatile compound Aroma* Volatile 
compound Aroma* 

Ethyl isovalerate Sweet apple/Pineapple o-Tolualdehyde Cherry 
Ethyl butyrate Tutti fruity/Berry 3-Hexen-1-ol Green leafy 

Ethyl caproate Apple/Green 
banana/Pineapple Benzyl alcohol Rose/Phenolic/Balsamic 

Ethyl heptanoate Pineapple/Banana Phenylethyl 
Alcohol Rose/Bread/Honey 

Ethyl benzoate Cherry/Grape Linalool Citrus/Rose/Blueberry/Hops 
Ethyl octanoate Apple/Banana/Pineapple 4-Ethylguaiacol Smoky/Bacon/Spicy 
Methyl geranate Waxy/Green/Fruity Trans-ẞ-ionone Violet/Raspberry 
Ethyl decanoate Waxy/Apple/Grape Humulene Hops/Woody 

Ethyl laurate Floral/Soapy/Sweet β-Pinene Pine/Mint/Eucalyptus 
Styrene Sweet/Balsam/Resin Benzaldehyde Cherry/Almond 

*The association between the volatile compounds and aromas were obtained from The 
Good Scents Company (2018) and Liu et al. (2016) 
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 Top fermented beers presented mainly fruity, especially apple and pineapple-like 

aromas, and floral aromas such as rose and honey. Samples such as P, SA, LSS, WRB, 

and WRIPA had at least one compound found in hops (β-pinene, linalool, humulene and/or 

methyl geranate), from the latter samples, WRIPA presented two hops-derived compounds 

(linalool and methyl geranate) and LSS four hops-derived compounds (linalool, methyl 

geranate, humulene and β-pinene). According to Pires et al. (2014), top fermentation 

beers (ales) usually contain ethyl caproate; in the present study this compound coincides 

was found in all top fermentation beers. Hiralal et al. (2014) reported ethyl decanoate, 

ethyl caproate, phenylethyl alcohol, and ethyl octanoate in top-fermented beers; in the 

present study, top fermentation samples had all those aforementioned compounds, except 

for RT, LSS, and WRB in which phenylethyl alcohol was not found. 

 Figure 7.1b depicts the peak areas of the volatiles in bottom fermentation samples; it 

can be observed that ethyl octanoate had the highest peak area for samples H, BC, BL, C, 

and PU, while phenylethyl alcohol was the largest peak for XX and second-largest for H, 

BC, and BL. The sample PU had fewer volatile compounds than the other bottom 

fermentation samples. In general, samples C and XX presented the lowest peak areas 

overall.  

 For bottom fermentation beers, the majority of the compounds found presented more 

fruity aromas such as apple, pineapple, and grape, with only two compounds with floral-

related aromas such as rose and honey. All bottom fermentation samples presented the 

same volatile compounds, except for XX in which ethyl butyrate, which is associated with 

tutti-fruitti and berry aromas, was also found. According to Biazon et al. (2009), bottom 

fermentation beers have ethyl caproate, phenylethyl alcohol, and ethyl decanoate, while 

Pires et al. (2014) also found ethyl octanoate, isobutanol, isoamyl alcohol, amyl alcohol, 

and 2-phenylethanol. In the present study all those compounds were found except for 

isobutanol (solvent aroma), amyl alcohol (alcoholic/solvent aroma), and 2-phenylethanol 

(rose aroma).  

 Figure 7.1c shows the volatile compounds found in spontaneous fermentation beers. 

Benzaldehyde and o-Tolualdehyde were present in LK, and benzyl alcohol and ethyl 

benzoate in OK. Ethyl butyrate was found in the LC sample, while trans-ẞ-ionone was 

found in LF and OK. The largest peak area found in LG, LC, OK, OG, OT, and LSW was 

ethyl octanoate, while trans-ẞ-ionone was the largest peak for LF and o-tolualdehyde for 

LK. For LG, OK, OG, OT, and LSW ethyl decanoate was the second-largest peak, while for 

LC was phenylethyl alcohol and for LK and LF ethyl octanoate. 

 In spontaneous fermentation beers, more volatile compounds were found compared 

to the top and bottom fermentation. All samples had more fruity aromas such as pineapple, 

apple, and grape aromas. Cherry-related aromas (benzaldehyde, o-tolualdehyde, ethyl 
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benzoate) were found in LK and OK, which are Kriek (cherry) lambic beers; even though 

these beers are the same flavor, they have different volatile compounds which produce 

cherry aroma, this could be due to the ingredients used to flavor the beers. Raspberry-

related aroma (trans-ẞ-ionone) was found in LF, which is a framboise (raspberry) lambic 

beer, while ethyl butyrate, which is associated with tutti fruity and berry aromas was found 

in LC that is a blackcurrant-flavored beer. Sample LSW had volatile compounds produced 

by hops such as β-pinene, linalool, methyl geranate, and humulene. Thompson-Witrick et 

al. (2015) found similar compounds in Gueuze lambic beers to those found in the present 

study such as styrene, ethyl caproate, ethyl heptanoate, ethyl octanoate, 4-ethylguaiacol, 

ethyl decanoate, and ethyl laurate. 
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Figure 7.1. Graphs from a) top, b) bottom, and c) spontaneous fermentation samples 
showing the volatile compounds and their peak areas. The values of peak areas are in 
scientific notation 106. Abbreviations are shown in Table 7.1.  

a) 

b) 

c) 
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7.3.2 Multivariate data analysis  

 Figure 7.2 shows the principal components analysis for the samples from top, bottom, 

and spontaneous fermentation. The principal component one (PC1) from top fermentation 

samples (Figure 7.2a) represents 39% of data variability, while principal component two 

(PC2) accounts for 29% with a total of 68%. According to the factor loadings (FL), the PC1 

was mainly represented by methyl geranate with FL = 0.44, and β-pinene, humulene, and 

styrene all with FL = 0.43 on the positive side of the axis, while phenylethyl alcohol (FL = 

-0.29) represented the negative side. On the other hand, PC2 was represented by ethyl 

laurate (FL = 0.48), ethyl decanoate (FL = 0.45) and o-tolualdehyde (FL = 0.44) on the 

positive side, and phenylethyl alcohol (FL = -0.30) on the negative side of the axis. It can 

be observed that RT, WRB, and CS formed a group and are aligned by ethyl caproate, o-

tolualdehyde, ethyl octanoate, ethyl decanoate, and ethyl laurate. On the other hand, 

WRIPA, P, L, Z, IG, and SA formed another group and are aligned by ethyl butyrate and 

phenylethyl alcohol. Samples L, Z, and IG stood apart and are different from the other top 

fermentation beers. 

 Bottom fermentation beers are represented in Figure 7.2b in which the PC1 explains 

43% of data variability, and PC2 accounts for 33% giving a total of 76%. The PC1 was 

mainly represented by ethyl octanoate (FL = 0.57) and ethyl decanoate (FL = 0.49) on 

the positive side of the axis, and ethyl butyrate (FL = -0.43) on the negative side. The 

PC2 was mainly described by ethyl caproate (FL = 0.58) on the positive side and ethyl 

butyrate (FL = -0.51) on the negative side of the axis. Samples PU, H, and BL formed a 

group and are aligned with ethyl laurate, ethyl octanoate, and ethyl decanoate, while XX 

stands alone and is aligned with ethyl butyrate. Samples C and BC stood apart and are 

different from the other bottom fermentation samples.  

 Samples from spontaneous fermentation are shown in Figure 7.2c, in which the PC1 

explains 34% of data variability and PC2 23.0% with 57% of total data variability. The 

PC1 was mainly represented by ethyl caproate (FL = 0.35) and ethyl octanoate (FL = 0.34) 

on the positive side of the axis, and phenylethyl alcohol (FL = -0.34) on the negative side. 

The PC2 was described by ethyl isovalerate (FL = 0.36) and ethyl benzoate (FL = 0.35) 

on the positive side, and β-pinene, linalool, methyl geranate and humulene all with FL = -

0.32 on the negative side of the axis. Samples LK, LF, LC, and LG formed a group and 

were aligned with compounds such as styrene, ethyl butyrate, trans-β-ionone, 4-

ethylguaiacol and o-tolualdehyde, while OT, OG, and OK formed another group and were 

aligned with compounds such as ethyl isovalerate, ethyl laurate, ethyl decanoate, ethyl 

caproate, and ethyl octanoate. Sample LSW stood alone and was different from the other 

spontaneous fermentation beers and aligned with the hops-derived compounds (methyl 

geranate, linalool, humulene, and β-pinene).  
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a) 
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Figure 7.2. Principal components analysis showing the volatile compounds and samples 
from a) top fermentation, b) bottom fermentation, and c) spontaneous fermentation. X-
Axes represent the principal component one (PC1), while y-axes represent principal 
component two (PC2). Abbreviations are shown in Table 7.1. 

 

 According to the PCAs, the bottom fermentation beers have fewer volatile compounds, 

which means that their aroma profile may be less complex than top and spontaneous 

fermentation beers. This may be due to the strain of yeast used, the lower fermentation 

temperature, and that less hops or hop extracts are used compared to top and 

spontaneous fermentation beers. Traditional lagers and pilsners, such as BC, XX, and C, 

also use noble hop varieties, and these contain lower amounts of alpha acids. Top 

fermentation beers usually use more than one type of hops, while spontaneous 

fermentation beers use dried and sometimes old oxidized hops to provide more aromas 

and flavors and, some of them include fruit juice such as cherry, raspberry or blackcurrant, 

among others (Gonzalez Viejo et al., 2018, De Keersmaecker, 1996). However, 

spontaneous fermentation beers present compounds such as 4-ethylguaiacol usually 

considered as off-aromas or off-flavors in top and bottom fermentation beers as they are 

not usually found in them, this compound is produced by Brettanomyces (Thompson‐

Witrick et al., 2015) and produces smoky, bacon and spicy aromas (Table 7.2). As shown 

in Figure 7.2 and according to the ANOVA in which significant differences (p < 0.05) 

between samples were found for the main compounds common for the majority of the 

beers (ethyl caproate, ethyl octanoate, ethyl laurate, and phenylethyl alcohol), all beers 

were different from each other in terms of volatile compounds or aromas, this is due to 

c) 
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due to the great number of types of barley, yeast, and hops as well as differences in the 

process (Biazon et al., 2009). 

7.3.3 Multiple regression and machine learning modeling 

 Table 7.3 shows results from the multiple regression analysis between the volatile 

compounds and the aroma, flavor, and overall liking; the three models were significant (p 

< 0.0001). The compounds 4-Ethyguaiacol and trans-β-ionone were significant and 

positive towards all aroma, flavor and overall liking, ethyl caproate was positive and 

significant only for overall liking, and ethyl octanoate only for aroma liking. On the other 

hand, styrene was negative and significant towards all aroma, flavor and overall liking.  
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Table 7.3. Results from multiple regression analysis, showing the effect of each volatile compound in the overall liking of the beer samples. Compounds 
in green and bold are those with a positive effect on liking, while those in orange and italics had a negative effect 

Volatile compound 
Parameter 
estimate 

Standard 
error 

p-value 
Parameter 
estimate 

Standard 
error 

p-value 
Parameter 
estimate 

Standard 
error 

p-value 

 Aroma Liking Flavor Liking Overall Liking 
Styrene -9.1 x 10-7 2.1 x 10-7 <0.01 -7.6 x 10-7 3.1 x 10-7 0.02 -7.0 x 10-7 3.4 x 10-7 0.04 

Benzaldehyde 4.7 x 10-7 3.2 x 10-7 0.14 5.7 x 10-7 4.7 x 10-7 0.23 7.0 x 10-7 5.1 x 10-7 0.17 
Ethyl caproate 6.3 x 10-8 4.1 x 10-8 0.13 1.1 x 10-7 0.6 x 10-7 0.07 1.5 x 10-7 0.7 x 10-7 0.03 
o-Tolualdehyde -5.9 x 10-8 5.0 x 10-8 0.24 -8.1 x 10-8 7.4 x 10-8 0.28 -1.0 x 10-7 0.8 x 10-7 0.21 

Linalool 4.9 x 10-8 6.6 x 10-8 0.46 1.75 x10-7 1.0 x 10-7 0.08 1.4 x 10-7 1.1 x 10-7 0.21 
Phenylethyl alcohol 2.2 x 10-8 1.1 x 10-8 0.06 -1.5 x 10-8 1.7 x 10-8 0.36 -1.0 x 10-8 1.8 x 10-8 0.58 

Ethyl octanoate 1.2 x 10-8 0.5 x 10-8 0.03 1.3 x 10-8 0.7 x 10-8 0.08 1.5 x 10-8 0.8 x 10-8 0.07 
4-Ethylguaiacol 3.2 x 10-7 0.8 x 10-7 <0.01 5.9 x 10-7 1.2 x 10-7 <.01 5.6 x 10-7 1.3 x 10-7 <0.01 
Ethyl decanoate 9.7 x 10-9 8.4 x 10-9 0.25 -1.2 x 10-8 1.2 x 10-8 0.40 -0.8 x 10-8 1.3 x 10-8 0.55 
Trans-β-ionone 1.8 x 10-8 0.8 x 10-8 0.03 3.5 x 10-8 1.2 x10-8 0.01 3.5 x 10-8 1.3 x 10-8 0.01 
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 The compounds that contributed to a higher aroma, flavor, and overall liking were 

those that provide fruity aromas (raspberry) and spicy/smoke/bacon. For aroma and 

overall liking, other fruity compounds related to apple/banana/pineapple also contributed 

positively. On the other hand, styrene, which is associated with sweet, balsamic and resin-

like aromas contributed negatively to the aroma, flavor and overall liking. Styrene is 

usually formed from decarboxylation of cinnamic acid during the fermentation process of 

wheat or barley malt, especially when using Saccharomyces cerevisiae (Haefliger and 

Jeckelmann, 2013, Rossi et al., 2014); however, high amounts of this compound are 

undesired as it produces a sweet/balsamic/resin-like aroma and has been classified as a 

carcinogenic compound by the International Agency for Research on Cancer (Langos and 

Granvogl, 2016). 

 Studies relating volatile compounds and consumer preference, or acceptability have 

been conducted for different food products such as meat in which it was found that the 

most preferred samples did not present any volatile branched-chain fatty acids such as 

those related to barnyard, milky and sheep meat aromas (Prescott et al., 2001). In a study 

made with kiwifruit, it was found that the acceptability of the fruit increased when ethyl 

butyrate was present in higher levels (Gilbert et al., 1996). In a study with apples, ethyl 

caproate, methyl acetate, and octyl acetate were associated with higher acceptability; this 

coincides with the findings in this study as ethyl caproate contributed to higher overall 

liking (Altisent et al., 2008).  

 Despite that the multiple regression models had high correlation coefficients for aroma 

(R = 0.80), flavor (R = 0.86) and overall (R = 0.83) liking to associate the volatile 

compounds with the acceptability of the beers, the cross-validation results were not as 

strong with R = 0.75 for aroma, R = 0.81 for flavor and R = 0.79 for overall liking. This 

might be explained by the presence of non-linear correlations between the inputs (volatile 

compounds) and targets (aroma, flavor, and overall liking) to predict the latter values. 

Therefore, machine learning using the ANN Bayesian Regularization algorithm was a more 

suitable analysis to develop a highly accurate predictive model. 

 Table 7.4 shows the results of the ANN model, in which it can be observed that the 

overall model had a very high accuracy with R = 0.98. The very high correlation coefficients 

of training and testing stages (R = 0.99 and R = 0.92) along with the high performance 

for both stages, and the fact that the training performance (MSE < 0.01) was lower than 

that of the testing (MSE = 0.04) are indicative of a good and adequate model.  
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Table 7.4. Statistical results for the artificial neural network model showing the stages, number of 
samples and observations, correlation coefficient (R), performance based on mean squared error 
(MSE) and slope 

Stage Samples Observations R MSE Slope 
Training 35 105 0.99 <0.01 0.99 
Testing 15 45 0.92 0.04 1.00 
Overall 50 150 0.98 - 1.00 

 

 This model aids in the accurate prediction of the consumers acceptability of beers 

from different styles and types of fermentation (top, bottom, and spontaneous) based on 

the aroma, flavor, and overall liking using the relative peak area of the volatile aromatic 

compounds. Up to date there a no studies in beer which had used ANN for this purpose. 

However, this would be a useful tool as it allows to analyze beer samples using the 

proposed simplified method to assess volatile compounds using SPME-GC-MSD to predict 

acceptability without the need to conduct one or more sensory sessions with consumers, 

which would lead to more time-consuming and expensive methods.  

 

7.4 Conclusion 

 The use of GC-MSD with SPME to analyze volatile compounds in beer is useful to 

identify the main aromatic compounds of beer samples due to the complexity and great 

variety of beer styles. Beers, in general, have some compounds such as ethyl caproate, 

ethyl octanoate, ethyl decanoate, ethyl laurate, and phenylethyl alcohol identified in most 

samples regardless of the type of fermentation (top, bottom and spontaneous). However, 

beers from each type of fermentation have compounds such as β-pinene, trans-β-ionone, 

o-tolualdehyde and benzaldehyde that are not present in the other types or whose peak 

areas are much smaller. The main differences between the samples from the three types 

of fermentation were that the bottom fermentation beers had the least number of volatiles, 

followed by top and spontaneous fermentation. However, differences between samples 

also rely on the peak area of the compounds. On the other hand, the proposed highly 

accurate (R = 0.98) artificial neural network model would aid in the prediction of beer 

acceptability (aroma, flavor, and overall liking) from consumers using the volatile 

compounds as inputs without the need of more time-consuming and expensive sensory 

sessions. Nonetheless, due to the high costs involved in the equipment and material 

required for SPME-GC-MSD, further studies will focus on the development of rapid and 

more affordable methods to identify aroma compounds in beer using machine learning 

algorithms. 

 



205 

7.5 References 

ALTISENT, R., GRAELL, J., LARA, I., LOPEZ, L. & ECHEVERRIA, G. 2008. Regeneration of 
volatile compounds in Fuji apples following ultra low oxygen atmosphere storage 
and its effect on sensory acceptability. Journal of agricultural and food chemistry, 
56, 8490-8497. 

BAMFORTH, C., RUSSELL, I. & STEWART, G. 2011. Beer: A Quality Perspective, Elsevier 
Science. 

BIAZON, C. L., BRAMBILLA, R., RIGACCI, A., PIZZOLATO, T. M. & DOS SANTOS, J. H. Z. 
2009. Combining silica-based adsorbents and SPME fibers in the extraction of the 
volatiles of beer: an exploratory study. Analytical and Bioanalytical Chemistry, 394, 
549-556.

DE KEERSMAECKER, J. 1996. The mystery of lambic beer. Scientific American, 275, 74-
80. 

DENG, Z., HU, K., ZHANG, Y., ZHAO, W., WANG, F., GUO, L., ZHANG, W., HE, J., HUANG, 
Y. & ZHANG, S. 2016. On-cartridge derivatisation using a calixarene solid-phase
extraction sorbent for facile, sensitive and fast determination of formaldehyde in
beer. Food chemistry, 211, 314-319.

FIX, G. 1999. Principles of Brewing Science: A Study of Serious Brewing Issues, Brewers 
Publications. 

FUENTES, S., GONZALEZ VIEJO, C., TORRICO, D. & DUNSHEA, F. 2018. Development of 
a biosensory computer application to assess physiological and emotional responses 
from sensory panelists. Sensors, 18, 2958. 

GAROFALO, C., OSIMANI, A., MILANOVIĆ, V., TACCARI, M., AQUILANTI, L. & CLEMENTI, 
F. 2015. The occurrence of beer spoilage lactic acid bacteria in craft beer
production. Journal of food science, 80, M2845-M2852.

GILBERT, J. M., YOUNG, H., BALL, R. D. & MURRAY, S. H. 1996. Volatile flavor compounds 
affecting consumer acceptability of kiwifruit. Journal of Sensory Studies, 11, 247-
259. 

GONZALEZ VIEJO, C., FUENTES, S., LI, G., COLLMANN, R., CONDÉ, B. & TORRICO, D. 
2016. Development of a robotic pourer constructed with ubiquitous materials, open 
hardware and sensors to assess beer foam quality using computer vision and 
pattern recognition algorithms: RoboBEER. Food Research International, 89, 504-
513. 

GONZALEZ VIEJO, C., FUENTES, S., TORRICO, D., HOWELL, K. & DUNSHEA, F. 2018. 
Assessment of Beer Quality Based on a Robotic Pourer, Computer Vision, and 
Machine Learning Algorithms Using Commercial Beers. Journal of food science, 83, 
1381-1388. 

HAEFLIGER, O. P. & JECKELMANN, N. 2013. Stripping of aroma compounds during beer 
fermentation monitored in real-time using an automatic cryotrapping sampling 
system and fast gas chromatography/mass spectrometry. Analytical Methods, 5, 
4409-4418. 

HARAYAMA, K., HAYASE, F. & KATO, H. 1994a. Evaluation by a multivariate analysis of 
the stale flavor formed while storing beer. Bioscience, biotechnology, and 
biochemistry, 58, 1595-1598. 

HARAYAMA, K., HAYASE, F. & KATO, H. 1994b. New method for analyzing the volatiles in 
beer. Bioscience, biotechnology, and biochemistry, 58, 2246-2247. 



206 

HIRALAL, L., OLANIRAN, A. O. & PILLAY, B. 2014. Aroma-active ester profile of ale beer 
produced under different fermentation and nutritional conditions. Journal of 
bioscience and bioengineering, 117, 57-64. 

LANGOS, D. & GRANVOGL, M. 2016. Studies on the simultaneous formation of aroma-
active and toxicologically relevant vinyl aromatics from free phenolic acids during 
wheat beer brewing. Journal of agricultural and food chemistry, 64, 2325-2332. 

LIU, S.-Q. & QUEK, A. Y. H. 2016. Evaluation of beer fermentation with a novel yeast 
Williopsis saturnus. Food technology and biotechnology, 54, 403. 

OCVIRK, M., MLINARIČ, N. K. & KOŠIR, I. J. 2018. Comparison of sensory and chemical 
evaluation of lager beer aroma by gas chromatography and gas 
chromatography/mass spectrometry. Journal of the Science of Food and 
Agriculture, 98, 3627-3635. 

PIRES, E. J., TEIXEIRA, J. A., BRÁNYIK, T. & VICENTE, A. A. 2014. Yeast: the soul of beer’s 
aroma—a review of flavour-active esters and higher alcohols produced by the 
brewing yeast. Applied microbiology and biotechnology, 98, 1937-1949. 

PRESCOTT, J., YOUNG, O. & O’NEILL, L. 2001. The impact of variations in flavour 
compounds on meat acceptability: a comparison of Japanese and New Zealand 
consumers. Food quality and preference, 12, 257-264. 

ROSSI, S., SILEONI, V., PERRETTI, G. & MARCONI, O. 2014. Characterization of the 
volatile profiles of beer using headspace solid‐phase microextraction and gas 
chromatography–mass spectrometry. Journal of the Science of Food and 
Agriculture, 94, 919-928. 

THE GOOD SCENTS COMPANY. 2018. The Good Scents Company Information System 
[Online]. Available: http://www.thegoodscentscompany.com/ [Accessed 10 
December 2018]. 

THOMPSON‐WITRICK, K. A., ROUSEFF, R. L., CADAWALLADER, K. R., DUNCAN, S. E., 
EIGEL, W. N., TANKO, J. M. & O'KEEFE, S. F. 2015. Comparison of Two Extraction 
Techniques, Solid‐Phase Microextraction Versus Continuous Liquid–Liquid 
Extraction/Solvent‐Assisted Flavor Evaporation, for the Analysis of Flavor 
Compounds in Gueuze Lambic Beer. Journal of food science, 80, C571-C576. 

VAN OPSTAELE, F., DE ROUCK, G., DE CLIPPELEER, J., AERTS, G. & DE COOMAN, L. 2010. 
Analytical and sensory assessment of hoppy aroma and bitterness of conventionally 
hopped and advanced hopped pilsner beers. Journal of the Institute of Brewing, 
116, 445-458. 

http://www.thegoodscentscompany.com/


 

207 
 

CHAPTER 8  

Development of a low-cost e-nose to assess aroma 

profiles: An artificial intelligence application to assess 

beer quality 

 

Paper published as: 

Gonzalez Viejo, C., Fuentes, S., Godbole, A., Widdicombe, B. and Unnithan, R.R., 2020. 
Development of a low-cost e-nose to assess aroma profiles: An artificial intelligence 
application to assess beer quality. Sensors and Actuators B: Chemical, 308, p. 127688. 

 

Abstract:  

The assessment of aromas in beer is critical to assess its quality since it could be used as 
an indicator of contamination or faults, which will directly influence consumers’ 
acceptability. Traditional techniques to evaluate aromas are time-consuming, require 
special training, costly equipment, and trained personnel. Therefore, this study aimed to 
develop a portable, low-cost electronic nose (e-nose) coupled with machine learning 
modeling to predict aromas in beer. Nine different gas sensors were used i) ethanol, ii) 
methane, iii) carbon monoxide, iv) hydrogen, v) ammonia/alcohol/benzene, vi) hydrogen 
sulfide, vii) ammonia, viii) benzene/alcohol/ammonia and ix) carbon dioxide. Output data 
were assessed for significant differences using ANOVA and least significant differences as 
post hoc test (α=0.05). Two artificial neural network (ANN) models were also developed 
to predict i) the peak area of 17 different volatile aromatic compounds (Model 1) obtained 
from gas chromatography–mass spectroscopy (GC-MS) and ii) the intensity of ten sensory 
descriptors acquired from a sensory session with 12 trained panelists. Results from the 
ANOVA showed that there were significant differences between the samples used, which 
showed that the e-nose was able to discriminate samples. The resulting ANN models were 
highly accurate with correlation coefficients of R=0.97 (Model 1) and R=0.93 (Model 2). 
The combined method using the developed e-nose and the ANN models could be used by 
the industry as a low-cost, rapid, reliable and effective technique for beer quality 
assessment within the production line. This may also be calibrated for its use in other 
foods and beverages. 

 

Keywords: electronic nose; beer quality; machine learning; aromatic compounds 

 

 

 

 

 

 



 

208 
 

8.1 Introduction 

 Aroma is among the main quality traits in foods and beverages as it is one of the first 

attributes that consumers assess before tasting the product (Gonzalez Viejo et al., 2018a). 

Furthermore, they are usually used as indicators of bad quality issues that may be due to 

storage conditions, contamination during processing, and raw material, among others. The 

development of off-aromas or off-flavors is presented more often in craft beers due to the 

lack of pasteurization and the limited development and implementation of food safety 

practices and programs (Garofalo et al., 2015, Gonzalez Viejo et al., 2019b). This is 

because there is no regulation that requires obligatory implementation for alcoholic 

beverages, due to economic matters, but also to the believes that, as beer contains 

alcohol, there is no risk of contamination and pasteurization modifies the aroma and flavor 

profiles of beers (Baughman, 2014).Consumers nowadays are demanding more novel 

products (which involve more variety of flavors and aromas and also there is more demand 

by consumers for premium and high-quality products (Euromonitor-International, 2016, 

Euromonitor-International, 2015). Hence it is important to develop rapid and economical 

methods to assess aroma quality in beer during and after production.  

 Traditional methods to assess aromas are based on the use of specialized equipment 

such as Gas Chromatography (GC), Gas Chromatography Mass-Spectroscopy (GC-MS), 

and High-Performance Liquid Chromatography (HPLC), among others (Gonzalez Viejo et 

al., 2019b, Biazon et al., 2009, Ocvirk et al., 2018, Deng et al., 2016). However, they 

require costly instrumentation and use of several consumables such as vials, caps, solid-

phase microextraction (SPME) fibers, needles, columns, replacement of the gas cylinders, 

among others. Furthermore, they require large laboratory space for installation, 

specialized and trained personnel to operate and lengthy time to obtain the analysis of the 

samples, which makes those techniques unfeasible to be used for quality control efficiently. 

Therefore, producers use sensory evaluation to assess the identification and intensities of 

aroma descriptors in different food and beverage products (Piggott, 2011). This approach 

is valid when proper training is provided to the sensory panel, and appropriate statistics 

are applied to analyze the results (Stone et al., 2012). However, due to the required 

expertise, costs and time involved to conduct these sessions for every batch, most 

breweries only rely on the assessment of one or two people, including the master brewer, 

which is less reliable and more subjective (Gonzalez Viejo et al., 2018a).   

  New and emerging technologies coupled with artificial intelligence subdivisions such 

as robotics, sensors, and machine learning (ML) have been integrated to develop more 

reliable, objective, cost-effective, and less time-consuming techniques to assess food and 

beverages quality. Some studies have reported the use of low-cost e-noses using an array 

of three to five sensors capable of detecting different gases and coupled with ML 
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techniques to assess ethanol and other aromas in products such as beer (Men et al., 2018, 

Pornpanomchai and Suthamsmai, 2008, Voss et al., 2019, Andrés‐Iglesias et al., 2015, 

Nimsuk, 2019), wine (Macías et al., 2013), and saffron (Kiani et al., 2016), among others 

with designs that claim to be portable. However, the size and amount of cables from the 

prototypes makes it hard to use them in environments outside a laboratory or production 

facility.   

 The aim of this study was to develop a low-cost and portable e-nose coupled with ML 

for analysis to assess aroma profiles using beer as a model. The e-nose consists of a 

printed circuit board (PCB) with processing electronics designed to fit an array of nine 

sensors sensitive for different gases and programmed using Python (Python, Wilmington, 

DE, USA) to capture the data. Samples were also analyzed using a GC-MS to obtain the 

peak areas of the identified aroma volatile compounds and using a trained sensory panel 

to assess the intensity of aroma descriptor; both to be used as targets. Data from the e-

nose were used as inputs to develop two artificial neural network (ANN) models i) to 

predict the peak areas of the aromas found using the GC-MS and ii) to predict the intensity 

of sensory descriptors.  

 

8.2 Materials and Methods 

8.2.1 Samples description 

 A total of 20 different commercial beer samples from different styles and types of 

fermentation (top, spontaneous and bottom) were used in triplicates (three bottles of 

each; Table 8.1) to analyze the aroma profiles. The use of a diversity of beer styles aided 

in the detection of a wider variety of compounds and allowed to reduce bias for modeling 

strategies. For the e-nose measurements, the sample preparation consisted of pouring the 

entire bottle content into a 500 mL beaker. A 5 mL sample from each bottle was used for 

GC-MS analysis; these were placed in 20 mL screw cap vials and sealed with an 18mm 

magnetic screw cap with a polytetrafluoroethylene (PTFE) and silicone liner. 
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Table 8.1. Beer samples used for the study and the label to be used for the presentation of results. 

Style Country of Origin Label 
Abbey Ale Belgium L 

Porter Poland Z 
Kölsch Australia P 
Red Ale USA RT 

Steam Ale Australia SA 
Aged Ale Scotland IG 

Sparkling Ale Australia CS 
Pale Lager Mexico C 
Pale Lager Mexico XX 

Vienna Lager USA BL 
Pale Lager Netherlands H 
Pale Lager Czech Republic BC 

German Pilsner Czech Republic PU 
Lambic Cassis Belgium LC 

Lambic Framboise Belgium LF 
Lambic Gueuze Belgium LG 
Lambic Kriek Belgium LK 

Lambic Gueuze Belgium OG 
Lambic Gueuze Belgium OT 

Wild Saison Australia LSW 

8.2.2 Electronic nose description 

An in-house built e-nose sensor system was used to measure the aroma, as shown in 

Figure 8.1a. The e-nose system is lightweight, portable and compact with only 92 mm in 

diameter. A block-level diagram of the e-nose system is shown in Figure 8.2. It consists 

of nine gas sensors, model numbers MQ-3, MQ-4, MQ-7, MQ-8, MQ-135, MQ-136, MQ-

137, MQ-138 and MG811 (Henan Hanwei Electronics Co., Ltd, China; Table 8.2). The 

system also features a Temperature and Humidity sensor (AM2320, Guangzhou Aosong 

Electronics Co., Ltd., Guangzhou, China) to measure the ambient temperature (T; oC) and 

relative humidity (RH; %) to ensure all samples are measured at similar ambient 

conditions to avoid bias. Driver electronics and appropriate signal conditioning circuits are 

included for each sensor. A stacked, multiple PCB design was utilized to minimize the 

overall footprint of the system as shown in Figure 8.1b. Each sensor outputs a voltage 

proportional to the amount of a specific gas present. Every 500 milliseconds these voltages 

are read using a Microcontroller with an onboard ADC. This information is transmitted to 

a computer through universal serial bus (USB), along with temperature and humidity 

readings. These are then plotted in real-time and logged using a custom-made computer 

graphic user interphase (GUI) application. The selectivity and repeatability of voltage 

signals were tested multiple times during the calibration step of the sensors. 

The presented e-nose was miniaturized so that it can be placed directly on the top of 

a glass, rather than using a closed system with fan to extract the gas concentrations. In 

the current e-nose, all the sensors are on the same plane in a proximity facing the beer. 

This avoids the requirement of a closed system. Since the e-nose is almost covering the 
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glass opening (Figure 8.3) with all the sensors on the same plane facing the beer, a closed 

system with a fan is not required. 

 

 

 
Figure 8.1.  Images showing a) the portable electronic nose (e-nose) system with the nine 
gas sensors with a diameter of 92 mm b) stalked multiple printed circuit board (PCB) design 
to reduce the footprint. 

 

 

a) 

b) 
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Table 8.2. Specifications of the gas sensors integrated in the electronic nose. 

Sensor Measurement Sensitivity 
MQ3 Ethanol 0.05 mg L-1 – 10 mg L-1 
MQ4 Methane 200 – 10,000ppm 
MQ7 Carbon monoxide 20ppm – 2,000ppm 
MQ8 Hydrogen 100 – 10,000ppm 

MQ135 
Ammonia 
Alcohol 
Benzene 

10 – 300 ppm 
10 – 300 ppm 

10 – 1,000 ppm 
MQ136 Hydrogen sulfide 1 – 100 ppm 
MQ137 Ammonia 5 – 200 ppm 

MQ138 
Benzene 
Alcohol 

Ammonia 

10 – 1,000 ppm 
10 – 1,000 ppm 
10 – 3,000 ppm 

MG811 Carbon dioxide 350 – 10,000 ppm 

AM2320 Humidity 
Temperature 

0 – 99% 
-40 – 80 °C 

 

 
Figure 8.2. Block-level diagram of the electronic nose (e-nose) system with computer 
interface. The system has nine gas sensors, and a temperature and humidity sensor. 

 

 The beer samples were poured into a 500 mL glass beaker and the e-nose recorded 

while pouring and for three min after by covering the container with the sensors board 

(Figure 8.3). Between samples, the e-nose was calibrated for 1 – 2 min to reset the values 

to the baseline. The outputs obtained are given as electromotive force in Volts. In the case 

of carbon dioxide (CO2), the results are inverse; this will be explained in the results section. 
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Figure 8.3. Electronic nose measuring a beer sample being plotted in real-time. 

8.2.3 Description of Gas Chromatography / Mass Selective Detector Analysis 

Vials with 5 mL of beer samples were placed in a PAL3 autosampler system (CTC 

Analytics AG, Zwingen, Switzerland) and analyzed using a gas chromatograph with mass 

selective detector 5977B (GC-MSD; Agilent Technologies, Inc., Santa Clara, CA, USA) with 

a column HP-5MS and helium as the carrier gas. Headspace was used as the method with 

an SPME divinylbenzene–carboxen–polydimethylsiloxane (DVB–CAR–PDMS) grey fiber. 

Two blanks were used, one at the start and one at the end to ensure there were no 

carryover effects. To identify the volatile compounds from each peak, the National Institute 

of Standards and Technology (NIST; National Institute of Standards and Technology, 

Gaithersburg, MD, USA) library was used, and only those with a certainty of > 80% were 

used in this study. More details and specifications about the method can be found in the 

publication by Gonzalez Viejo et al. (Gonzalez Viejo et al., 2019b).  

8.2.4 Sensory evaluation session 

A sensory session was conducted with 12 trained panelists using quantitative 

descriptive analysis (QDA) to assess the intensity of ten different descriptors in beer such 

as i, ii) hops flavor and aroma, iii) spicy, iv) floral, v) fruity, vi) burnt sugar, vii) yeast, 

viii) nuts and ix) grains aromas, and x) carbonation mouthfeel. A total of 30 mL of each

sample was served at 4°C in wine tasting glasses and labeled using 3-digit random codes

to avoid bias. Furthermore, the questionnaire was displayed using the Bio-Sensory
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application (The University of Melbourne, Melbourne, Vic, Australia) designed for Android 

(Google, Open Handset Alliance, Mountain View, CA, USA) tablets (Fuentes et al., 2018).  

8.2.5 Statistics and Machine learning modeling  

 Data from the e-nose sensors were analyzed through ANOVA using SAS® 9.4 

statistical software (SAS Institute Inc., Cary, NC, USA). Least significant difference (LSD) 

was used as post-hoc test to assess pairwise significant differences (α = 0.05). Mean, and 

standard deviation (SD) values were obtained for each sample.  

 Two ANN regression models were developed using a customized Matlab® R2019a 

(Mathworks, Inc. Natick, MA, USA) code capable of batch testing 17 different training 

algorithms, two Backpropagation with Jacobian derivatives, 11 Backpropagation with 

gradient derivatives and four Supervised weight and bias training functions to find the best 

model. The Bayesian Regularization training algorithm was found as the best algorithm for 

both models and the inputs used were the mean, area under the curve (AUC) and 

maximum values from the nine e-nose gas sensors (Table 8.2). For Model 1, the peak 

areas of 17 volatile aromatic compounds measured using the GC-MS were used as targets 

(Table 8.3). On the other hand, the intensities of ten sensory descriptors, i, ii) hops flavor 

and aroma, iii) spicy, iv) floral, v) fruity, vi) burnt sugar, vii) yeast, viii) nuts and ix) grains 

aromas, and x) carbonation mouthfeel, were used as targets to develop Model 2. For both 

models, input and target data were normalized from -1 to 1, and a random data division 

function was chosen with 70% of the samples used for training and 30% for testing with 

a default derivative function; furthermore, the performance was assessed based on a 

mean squared error (MSE) algorithm. A neuron number trimming test (NNTT) was 

performed using 3, 5 and 10 neurons to find the model with the best performance and no 

overfitting, The optimal neuron number used based on this method was with 10 neurons, 

which gave the best results for the two models (Figure 8.3). 

 

 

 

 

 

 

 

 

 

 



 

215 
 

Table 8.3. Volatile aromatic compounds and the associated aroma used as targets for the Model 1. 

Volatile 
compound Aroma Volatile 

compound Aroma 

Ethyl butyrate Tutti fruity/Berry Ethyl octanoate Apple/Banana/Pineapple 
Ethyl isovalerate Sweet apple/Pineapple 4-Ethylguaiacol Smoky/Bacon/Spicy  

3-Hexen-1-ol Green leafy Methyl 
geranate Waxy/Green/Fruity 

Styrene Sweet/Balsam/Resin Ethyl 
decanoate Waxy/Apple/Grape 

Ethyl caproate Apple/Green 
banana/Pineapple Humulene Hops/Woody 

o-Tolualdehyde Cherry Trans-ẞ-ionone Violet/Raspberry 
Linalool Citrus/Rose/Blueberry/Hops Ethyl laurate Floral/Soapy/Sweet 

Phenylethyl Alcohol Rose/Bread/Honey β-Pinene Pine/Mint/Eucalyptus 
Ethyl benzoate Cherry/Grape   

*Table adapted from Gonzalez Viejo et al. (Gonzalez Viejo et al., 2019b) 

 

 
Figure 8.4. Diagram of the two-layer feedforward network models, which is composed of 
a tan-sigmoid function in the hidden layer and a linear transfer function in the output layer. 
The diagram also shows the inputs used and targets/outputs, whose description for Model 
1 may be found in Table 8.3. Targets for Model 2 consist of i, ii) hops flavor and aroma, iii) 
spicy, iv) floral, v) fruity, vi) burnt sugar, vii) yeast, viii) nuts and ix) grains aromas, and 
x) carbonation mouthfeel. 

 

8.3 Results and Discussion  

8.3.1 Electronic nose outputs 

 Table 8.4 shows the means and standard deviations of the different gas sensors 

included in the e-nose for each sample. From the ANOVA results, it was found that there 

were significant differences between samples for all the gas sensors, which is an indicator 

that the e-nose is able to discriminate between samples. As mentioned in methods, due 

to the functionality of the CO2 sensor, the outputs obtained are inversed, which means 

that the higher the concentration, the lower the electromotive force response in Volts. 

Therefore, for this analysis, the mean minimum values of CO2 were used, while for the 

other sensors, the maximum values were assessed. From Table 8.4, it can be observed 

that LSW had the highest response for ethanol gas release (MQ3), methane (MQ4), 

hydrogen (MQ8), hydrogen sulfide (MQ136), ammonia (MQ137) and benzene/alcohol/ 
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ammonia (MQ138). Similarly, other spontaneous fermentation samples were also among 

the highest in methane (LC, LG, LK, OG and OT), carbon monoxide (MQ7; LF, LG and OG) 

hydrogen sulfide (LG and OT), ammonia (LC and LG), benzene/alcohol/ammonia (LG and 

OG) readings from the e-nose. This may be since all those samples are produced using 

wild yeast (Gonzalez Viejo et al., 2016), which leads to the development of more gases 

and more aromatic compounds. The fact that spontaneous fermentation samples are 

carbonated using a second fermentation in the bottle (Papadopoulou-Bouraoui et al., 

2004) may explain the maximum values for the aforementioned gases; this was also 

observed for CS, which is also carbonated in the bottle. The differences found between the 

other samples may be due to the type of yeast, production process and raw material used, 

especially for the beers from different types of fermentation (Gonzalez Viejo et al., 2016, 

Gonzalez Viejo et al., 2018b). 
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Table 8.4. Results from the ANOVA for each sensor integrated in the electronic nose. Different letters depict significant differences between samples 
based on least significant differences (α = 0.05).  

Sample 
MQ3 MQ4 MQ7 MQ8 MQ135 MQ136 MQ137 MQ138 MG811 

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD 
BC 4.16defghi 0.17 2.93cd 0.22 2.78abcd 0.13 0.77efg 0.02 1.76fg 0.20 0.32fg 0.08 1.52d 0.16 1.16de 0.18 0.70cde 0.13 
BL 4.10efghi 0.14 3.04bcd 0.31 2.76abcd 0.22 0.88cdefg 0.09 2.29abcdef 0.26 0.47cdefg 0.12 1.75bcd 0.13 1.30cde 0.31 0.81bcde 0.08 
C 4.07ghi 0.12 2.99cd 0.35 2.61cdef 0.19 0.80defg 0.18 1.95cdefg 0.32 0.37efg 0.02 1.71bcd 0.33 1.26cde 0.44 0.88bcd 0.11 
CS 4.25bcdefgh 0.06 3.88a 0.19 3.05a 0.05 1.14abc 0.15 2.72a 0.13 0.71abc 0.13 1.93bcd 0.20 2.12ab 0.34 0.69cde 0.06 
H 4.05ghi 0.13 3.05bcd 0.21 2.71bcde 0.29 0.79defg 0.01 1.81efg 0.21 0.33fg 0.14 1.57d 0.20 1.61bcde 0.27 0.76bcde 0.07 
IG 4.27bcdefg 0.05 3.58abc 0.18 2.88abc 0.19 0.93cdefg 0.13 2.61ab 0.23 0.67abcd 0.11 2.28abc 0.02 2.01abc 0.21 0.82bcde 0.32 
L 4.41bcd 0.28 3.76ab 0.88 2.77abcd 0.32 1.25ab 0.28 2.41abcde 0.82 0.80ab 0.35 2.34ab 0.84 2.07ab 0.69 0.64e 0.11 

LC 4.27bcdefg 0.22 3.35abcd 0.73 2.70bcde 0.29 0.97cdef 0.28 1.88defg 0.54 0.49cdefg 0.24 2.29abc 0.67 1.83abcde 0.94 0.83bcde 0.24 
LF 3.97hi 0.29 3.08bcd 0.30 2.76abcd 0.09 0.69g 0.04 1.69fg 0.09 0.30g 0.09 1.76bcd 0.36 1.17de 0.35 0.86bcde 0.03 
LG 4.46abc 0.19 3.96a 1.07 2.78abcd 0.25 1.07bcd 0.34 2.65ab 0.81 0.80ab 0.28 2.34ab 0.71 2.14ab 0.68 0.67de 0.17 
LK 4.27bcdefg 0.19 3.41abcd 0.63 2.71bcde 0.24 1.06bcd 0.13 2.17abcdef 0.35 0.57bcdef 0.19 1.86bcd 0.32 1.70bcde 0.67 0.82bcde 0.23 
OG 4.35bcdef 0.13 3.54abc 0.24 2.98ab 0.02 1.05bcd 0.13 2.48abcd 0.13 0.58bcdef 0.07 2.25bc 0.26 1.91abcd 0.02 0.69cde 0.10 
OT 4.51ab 0.06 3.31abcd 0.43 2.71bcde 0.10 1.01bcde 0.03 1.97cdefg 0.27 0.70abc 0.12 1.90bcd 0.21 1.53bcde 0.22 1.16a 0.08 
P 4.03ghi 0.05 2.68d 0.26 2.69bcde 0.19 0.79defg 0.03 1.67fg 0.19 0.32fg 0.05 1.54d 0.21 1.09e 0.23 0.91bc 0.05 

PU 4.09fghi 0.07 2.69d 0.32 2.44ef 0.20 0.81defg 0.05 2.05bcdefg 0.14 0.42defg 0.13 1.71bcd 0.39 1.12e 0.30 0.85bcde 0.04 
RT 4.22cdefghi 0.26 3.06bcd 0.37 2.75abcde 0.14 0.84defg 0.04 2.26abcdef 0.21 0.56bcdef 0.17 2.02bcd 0.56 1.47bcde 0.53 0.83bcde 0.03 
SA 3.97i 0.26 2.73d 0.43 2.33f 0.07 0.71fg 0.04 1.78efg 0.24 0.34fg 0.08 1.64cd 0.43 1.14e 0.46 0.91bc 0.06 

LSW 4.69a 0.06 3.88a 0.47 2.85abcd 0.24 1.39a 0.42 2.58abc 0.76 0.90a 0.15 2.93a 0.55 2.51a 0.69 0.73bcde 0.17 
XX 3.98hi 0.20 2.83cd 0.17 2.56def 0.07 0.74efg 0.04 1.50g 0.26 0.29g 0.03 1.71bcd 0.24 1.22de 0.30 0.95ab 0.19 
Z 4.38bcde 0.02 3.27abcd 0.19 2.90abc 0.12 0.90cdefg 0.05 2.70a 0.07 0.62bcde 0.10 2.10bcd 0.07 1.65bcde 0.14 0.83bcde 0.12 

Abbreviations: SD = standard deviation, samples are described in Table 8.1 and sensors in Table 8.2.
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 Figure 8.5 shows the e-nose response for a replicate of the LC sample; the purpose 

of this figure is to depict an example of the outputs obtained for each measurement. In 

this figure the previously explained CO2 trend may be observed. For all samples, a similar 

trend was observed, having ethanol as the highest response and hydrogen sulfide for the 

lowest. The production of the latter is expected as it is formed during fermentation (Ugliano 

et al., 2011); however, due to its association with rotten egg aroma (The Good Scents 

Company, 2019), which is considered as an off-aroma or off-flavor, it is likely to be present 

in low concentrations. The presence of volatile compounds such as ammonia and benzene 

is common in beer as the first is part of the nitrogenous compounds formed during the 

brewing process; however, it is usually found in low concentrations (Wang et al., 2003). 

Similarly, benzene is an aromatic compound developed in beer production and has been 

previously reported in GC-MS analysis (Pinho et al., 2006). The fluctuations in the different 

gases was expected due to the variability in the release of CO2 molecules and other 

volatiles, which are dependent on the bubbles breakage rate as most aromas are contained 

within the bubbles (Liger-Belair et al., 2009, Gonzalez Viejo et al., 2019a). 

 

 
Figure 8.5. Electronic nose outputs for one of the beer samples used in this study, showing 
the time (s) in x-axis and the gas sensor response in Volts in the y-axis. 
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 As shown in Figure 8.5, relative measurements between gasses were recorded rather 

than absolute gas concentrations. The sensor baseline is the same when all the gases are 

out of the beer samples. Each sensor has a settling time as specified by the manufacturer’s 

datasheets, which was taken into account while carrying out the measurements. In Figure 

8.5 it can be observed that the stable region of the sensor is the middle region. Those 

sensors with settling time requirements have been previously used by other authors such 

as Voss et al (2019). Furthermore, the sensitivity values (gain) of each sensor is 

determined by the electronics on the PCB, therefore, it is fixed between experiments. 

8.3.2 Machine learning modeling 

 Table 8.5 shows the results from both ML models using the e-nose outputs as inputs; 

it can be observed that Model 1 had a high overall accuracy with a correlation coefficient 

R = 0.97 to predict 17 volatile aromatic compounds (Table 8.3) measured with GC-MS. 

The performance based on MSE was lower (MSE = 0.01) for the training than for the 

testing (MSE = 0.04) stages, which is an indicator of an adequate model. The slopes (b) 

for both stages and the overall model were close to unity (b ≈ 1). Model 2 also presented 

an overall high correlation R = 0.93 to predict the intensity of ten sensory descriptors. 

Despite that the testing stage was the lowest in accuracy and slope with R = 0.82 and b 

= 0.73; these are still in the high range for ML modeling.   

 

Table 8.5. Statistical data from the artificial neural network models. Performance shown is based 
on means squared error (MSE). 

Stage Samples Observations 
Correlation 
coefficient  

(R) 
Slope Performance 

(MSE) 

Model 1 
Training 42 714 0.99 0.98 0.01 
Testing 18 306 0.91 0.92 0.04 
Overall 60 1,020 0.97 0.96 – 

Model 2 
Training 42 420 0.98 0.92 0.01 
Testing 18 180 0.82 0.73 0.10 
Overall 60 600 0.93 0.86 – 

 

 In Figure 8.6a, the overall model to predict aroma compounds using GC-MS as targets 

(Table 8.3; Model 1) can be observed. Regarding the 95% confidence bounds, only 5.5% 

of outliers were found (n = 56 out of 1020). Figure 8.6b shows the overall model to predict 

ten sensory descriptors (Model 2), with 5.8% outliers according to the 95% prediction 

bounds (n =35 out of 600) For both models, the high correlation obtained was similar even 

after several retraining attempts, which shows the consistency in the models accuracy. 

Among the advantages of the Bayesian Regularization algorithm are that it is able to model 

small datasets and that it does not require a validation stage as it works by updating the 
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weights and biases according to the optimization, which avoids overfitting (Gonzalez Viejo 

et al., 2019c, Amini et al., 2005, Markopoulos et al., 2016). 

 

 
Figure 8.6. Overall models showing the correlation coefficient (R) and 95% confidence 
bounds for a) Model 1 to predict the volatile aromatic compounds form gas 
chromatography–mass spectroscopy analysis and b) Model 2 to predict ten sensory 
descriptors based on a trained panel; x-axis represents the observed data, while y-axis 
depicts the predicted values. 

 

 The e-nose coupled with the ML models presented in this paper may be effectively 

used to assess beer quality based on their aroma composition, with the advantage of being 

an objective, reliable, cost-effective, portable and accurate technique. Other authors have 

made attempts to develop e-noses using similar sensors and ML; however, most of those 

devices claim to be portable, but they are integrated using cables and are contained in a 

large case which may affect the consistency of results. Furthermore, most of the ML 

models presented in other studies have the purpose of classifying the samples according 

to their defects (Santos and Lozano, 2015), and beer styles (Santos et al., 2017, 

Pornpanomchai and Suthamsmai, 2008, Men et al., 2018, Nimsuk, 2019), or to use an e-

nose with 13 sensors to only predict alcohol content (Voss et al., 2019). Nevertheless, no 

known study to date has reported the prediction of several volatile aromatic compounds 

and intensity of sensory descriptors in beer as the one presented in this paper, which could 

offer critical information to the brewing industry for the manufacturing processing, sensory 

perception, and consumer acceptability. 

 

 

 

a) b) 
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8.4 Conclusion 

The technology presented consisting of the integration of an e-nose and machine 

learning modeling to predict beer aromas showed to be a reliable and effective tool to 

assess beer quality in real-time to potentially be used within the production line to avoid 

the use of the traditional costly, inefficient, and time-consuming methods. Further 

developments of this e-nose are underway to further reduce the size of the board to fit 

other glasses, powered by rechargeable batteries and the implementation of wireless data 

transmission (WiFi) capabilities to record data wirelessly to make it more portable, user-

friendly and to allow its installation within production lines. Furthermore, this new version 

may include a dome to enclose the sensors and a system to flush the concentrated gases 

to ease the calibration between measurements to assess differences between the closed 

and opened system. Besides, the e-nose may be used to assess aromas of any food and 

beverage by developing either specific models for each or a general one to make it 

universal.  
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CHAPTER 9 

Development of a rapid method to assess beer 

foamability and quality based on relative protein content 

using RoboBEER and machine learning modeling 

Paper published as: 

Gonzalez Viejo, C., Caboche, C.H., Kerr, E.D., Pegg, C.L., Schulz, B.L., Howell, K., and 
Fuentes, S. 2020. Development of a rapid method to assess beer foamability and quality 
based on relative protein content using RoboBEER and machine learning modeling. Food 
Chemistry. Beverages, 6(2), p.28. 

Abstract: 

Foam-related parameters are associated to beer quality and dependent among others to 
protein content. This study aimed to develop a machine learning (ML) model to predict 
the pattern and presence of 54 proteins. Triplicates of 24 beer samples were analyzed 
through proteomics. Furthermore, samples were analyzed using the RoboBEER to evaluate 
15 physical parameters (color, foam and bubbles), and a portable near-infrared (NIR) 
device. Proteins were grouped according to their molecular weight (MW) and a matrix was 
developed to assess correlations (p<0.05) with the physical parameters. Two ML models 
were developed using the NIR (Model 1), and RoboBEER (Model 2) data as inputs to predict 
the relative quantification of 54 proteins. Model 1 was not as accurate (testing r=0.68; 
overall r=0.89) as Model 2 (testing r=0.90; overall r=0.93), which may serve as a reliable 
and affordable method to incorporate the relative quantification of important proteins to 
explain beer quality. 

Keywords: proteomics; artificial neural networks; robotics; artificial intelligence 
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9.1 Introduction 

 Foam is an important attribute to determine beer quality as it is related to its chemical 

composition and directly affects the sensory descriptors such as aroma release, color, and 

mouthfeel. Proteins are an essential component for foamability and foam stability because 

they act as surfactant substances, which are able to reduce the interfacial tension and 

increase the viscosity and elasticity of the liquid (Zayas, 2012). This is due to the 

hydrophilic and hydrophobic properties of their structure. When proteins unfold at the 

bubble interphase, the hydrophobic molecules make contact with the air and the 

hydrophilic stay in the liquid phase; this promotes the development of a layer in the 

interface and increases the stability of foam (Campbell and Mougeot, 1999, Badui, 2006, 

Gonzalez Viejo et al., 2018b). Furthermore, proteins, along with polyphenols, are 

responsible for chill haze formation, this happens when beer is cooled at temperatures <0 

°C and is the result of protein aggregation and oxidized flavonoids (Mastanjević et al., 

2018, Asano et al., 1982). 

 Some of the traditional methods that have been used in beer to assess proteomics 

include two-dimensional (2D) gel electrophoresis, coupled with mass spectrometry (Iimure 

et al., 2008, Berner et al., 2013), high-performance liquid-chromatography (HPLC) 

(Picariello et al., 2015), enzyme-linked immunosorbent assay (ELISA) (Colgrave et al., 

2013), matrix-assisted laser desorption / ionization mass-spectrometry (MALDI-TOF MS) 

(Picariello et al., 2011), and liquid-chromatography mass-spectroscopy (LC-MS) (Wu et 

al., 2012, Grochalová et al., 2017). However, these techniques often require expensive 

equipment, consumables for every test, a large laboratory space, personnel with 

specialized training and are often time-consuming.  

 The use of emerging techniques derived from artificial intelligence, such as machine 

learning, robotics, and computer vision have been used in the food and beverage industries 

to overcome most of the drawbacks of traditional methods to assess different components 

in the food products and beverages. Some examples of these are the use of a robotic 

pourer along with computer vision to evaluate 15 physical parameters (color, foam and 

bubbles) in beer using a 5-min video (Gonzalez Viejo et al., 2016, Condé et al., 2017), the 

use of low-cost electronic noses along with machine learning to assess aromas and alcohol 

content in brewages as an alternative method for gas chromatography mass spectrometry 

(Men et al., 2018, Voss et al., 2019), among others. However, there are no known 

publications proposing affordable and rapid methods to assess proteomics or related 

parameters using any of the emerging techniques beforementioned.  

 This study aimed to assess the role of relative proteins and their molecular weight 

pattern for different beer samples and to construct a machine learning model to predict 

the relative pattern quantification of those proteins as well as their effect on foamability 
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and beer quality. To achieve this, significant correlations (p < 0.05) between the identified 

proteins grouped by molecular weight and physical parameters (color, foam and bubbles) 

measured using an automatic pourer (RoboBEER; The University of Melbourne, Melbourne, 

Vic, Australia), were assessed. Furthermore, all samples were measured using a near-

infrared (NIR) portable device to obtain their chemical fingerprinting in the 1600 – 2400 

nm range. Two machine learning models were constructed and compared to predict the 

relative quantification of 54 proteins identified in the beer samples i) using the absorbance 

values of the chemical fingerprinting as inputs for Model 1, and ii) using the physical 

parameters (color, foam and bubbles) as inputs for Model 2. 

 

9.2 Materials and Methods 

9.2.1 Samples description 

 A total of 24 beers from various types and countries (Table 9.1) were used for this 

study to ensure a broad range of protein profiles were analyzed. Samples were also 

selected from three fermentation types, i) spontaneous, ii) bottom, and iii) top, as these 

have different foaming characteristics and, therefore, distinct chemical composition. 

Replicate bottles (N=3) of each beer were analyzed.   

 

Table 9.1. Beer samples analyzed and their labels utilized for the analyses. 

Beer Style Country Fermentation Label 
Abbey Ale Belgium Top L 

India Pale Ale Australia Top WIP 
Blonde Ale Australia Top WB 

Porter Poland Top Z 
Kolsch Australia Top P 
Red Ale USA Top RT 

Steam Ale Australia Top SA 
Aged Ale Scotland Top IG 

Sparkling Ale Australia Top CS 
Saison Australia Top LS 

Pale Lager Mexico Bottom C 
Pale Lager Mexico Bottom XX 

Vienna Lager USA Bottom BL 
Pale Lager Netherlands Bottom H 
Pale Lager Czech Republic Bottom BC 

German Pilsner Czech Republic Bottom PU 
Lambic Cassis Belgium Spontaneous LC 

Lambic Framboise Belgium Spontaneous LF 
Lambic Gueuze Belgium Spontaneous LG 
Lambic Kriek Belgium Spontaneous LK 
Lambic Kriek Belgium Spontaneous OK 

Lambic Gueuze Belgium Spontaneous OG 
Lambic Gueuze Belgium Spontaneous OT 

Wild Saison Australia Spontaneous LW 

 



 

227 
 

9.2.2 Proteomics description 

9.2.2.1 Sample preparation 

 Samples were prepared as detailed by Kerr et al. (2019a). Proteins were desalted by 

precipitation adding 50 µL of each sample to a sample of 1 mL of 1:1 methanol / acetone 

and placed in an incubator at -20 °C /16 h. The precipitated proteins were placed in the 

centrifuge at 18,000 rcf /10 min. The supernatant was eliminated, and proteins were 

resuspended in a total of 100 µL of ammonium acetate (100 mM), DTT (10 mM) and 1 µg 

of trypsin (Proteomics grade; Sigma-Aldrich, St. Louis, MO, USA). Digestion of the proteins 

was conducted using incubation at 37 °C /16 h. The trypsin was added to all the samples 

using equal amounts to normalize the abundance of relative protein. A SWATH-MS was 

employed as described below using three replicates to reduce the variation in retention 

time and for data quality. 

9.2.2.2 Mass Spectrometry  

 Desalting of peptides was performed using C18 ZipTips (Millipore), followed by their 

analysis using Liquid Chromatography Electrospray Ionization Tandem Mass Spectrometry 

(LC-ESI-MS/MS) with a Prominence nanoLC system (Shimadzu Corporation, Kyoto, JApan) 

and TripleTof 5600 instrument with a Nanospray III interface (SCIEX, Mulgrave, Victoria, 

Australia), as detailed by Xu et al. (2015). The desalted peptides were injected for data 

dependent acquisition (DDA; 2 µg), and data independent acquisition (DIA; 0.4 µg). 

Parameters from LC were the same for both DDA and DIA. Following this, LC-MS/MS was 

conducted as detailed by Zacchi and Schulz (2016). The peptides were separated using a 

VYDAC EVEREST reversed-phase C18 HPLC column (particle size: 5 µm; pore size: 300 Å; 

dimensions: 150 µm i.d. x 150 mm) the flow rate selected was 1 µL/min. Buffers used 

were A with acetonitrile (1%) and formic acid (0.1%) and B with acetonitrile (80%) and 

formic acid (0.1%) using a 10–60% gradient buffer B over 48 min; with a run-time of 70 

min /sample in total. DDA analyses were conducted using MS TOF scan with m/z = 350–

1800 /0.5 s, and DDA of MS/MS set to mode of high-sensitivity using automated capillary 

electrophoresis selection of the highest 20 peptides from m/z = 100–1800 /0.05 s for each 

spectrum. Furthermore, a dynamic exclusion of peptides was performed during 5 s after 

two selections. The same LC requirements were applied for DIA – SWATH; however, the 

settings for DIA of MS/MS were m/z = 100-1800 using 26 m/z isolation windows and 1 

m/z window overlap for 0.1 s each across a m/z 400–1250 range. Automatic assignment 

of collision energy was done using Analyst software (SCIEX, Mulgrave, Victoria, Australia) 

with the m/z window ranges as reference.  
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9.2.2.3 Proteomics data analysis  

 ProteinPilot 5.1 (SCIEX, Mulgrave, Victoria, Australia) was used as the software to 

identify the peptides and proteins, this was done by comparing against eukaryotic proteins 

in the UniProtKB (14 Jun 2018; total = 557485 entries). The settings used were i) type of 

sample: identification; ii) instrument: TripleTof 5600; iii) species: none; iv) ID focus: 

biological modifications; v) enzyme: trypsin; vi) search effort: thorough ID. Results from 

ProteinPilot software worked as ion library to quantify proteins and peptides’ abundance 

with PeakView 2.1 (SCIEX, Mulgrave, Victoria, Australia); the settings used consisted of i) 

shared peptides: allowed; ii) peptide confidence threshold: 99%; iii) false discovery rate:  

1%; iv) XIC extraction window: 6 min; v) XIC width: 75 ppm. The outputs from PeakView 

were rearranged using a script developed in Python (Python Software Foundation, 

Wilmington, DE, USA; https://github.com/bschulzlab/reformatMS), and with a cut-off of 

1% for the peptide FDR, this allowed to get rid of the ion measurements with low quality 

for each sample. As described by Kerr et al. (2019b), the protein abundances were 

normalized to perform the protein-centric analyses. 

9.2.3 Physical parameters (color, foam and bubbles) – RoboBEER 

 The beer samples were evaluated with an automatic pourer (RoboBEER) to get the 

physical parameters (color, foam and bubbles). This robot is able to automatically and 

constantly pour 80 ±10 mL of the sample while being recorded for 5 min using a 

smartphone camera. Furthermore, it is integrated with an ethanol gas MQ3 (Henan Hanwei 

Electronics Co., Ltd., China) and carbon dioxide (CO2; MG811; Henan Hanwei Electronics 

Co., Ltd., China) sensors that record values in real-time during the pouring and video 

recording; as well as an infrared temperature sensor MLX90614 (Melxis NV, Ieper, 

Belgium) to make sure all the beers are evaluated at similar conditions. Furthermore, the 

videos were analyzed with computer vision algorithms developed in Matlab® R2019b 

(Mathworks Inc., Natick, MA. USA) to obtain the maximum volume of foam (MaxVol), 

lifetime of foam (LTF), total lifetime of foam (TLTF), foam drainage (FDrain), color in both 

CIELab and RGB scales, and bubble size distribution grouped as small (SmBubb), medium 

(MedBubb) and large (LgBubb). A more detailed description of the technique may be 

obtained in the paper published by Gonzalez Viejo et al. (2016).  

9.2.4 Near-infrared analysis 

 A portable NIR device microPHAZIR™ (RX Analyzer; Thermo Fisher Scientific, 

Waltham, MA, USA) was used to evaluate the samples. This device can read the NIR 

spectra within the 1600 – 2400 nm range, recording a value every 7-9 nm. A Whatman® 

filter paper (Whatman plc. Maidstone, UK; qualitative grade 3, 7.0 cm) was submerged in 

each of the beer samples (20-23°C) to be measured by placing a white background in the 

top to avoid signal noise from the environment. Then a dry filter paper was read to subtract 
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the values from the samples results and eliminate the cellulose present in the paper. Three 

readings from each bottle of each sample were recorded and averaged to reduce 

variability. This method was validated by Gonzalez Viejo et al. (2018b). 

9.2.5 Statistical analysis 

 An ANOVA was conducted for the protein values to assess significant differences 

(p<0.05) between samples using XLSTAT software (Addinsoft Inc. New York, NY, USA). 

Furthermore, a correlation matrix was developed using an algorithm developed in Matlab® 

R2019b to assess the significant correlations (p<0.05) between the physical parameters 

(color, foam and bubbles) and the identified proteins categorized into five groups based 

on their molecular weight (MW; 0 – 20 kDa, 20 – 40 kDa, 40 – 60 kDa, 60 – 80 kDa and 

>80 kDa).  

 Two artificial neural network (ANN) regression models were constructed using a 

Matlab® R2019b code to test in a loop 17 different training algorithms. The best models 

were obtained using the Bayesian Regularization algorithm. Model 1 consisted of using the 

absorbance values obtained with NIR within the 1600 – 2400 nm spectra as inputs, while 

Model 2 was constructed with the 15 physical parameters (color, foam and bubbles); both 

models were used to predict the relative quantification of 54 proteins found in the beer 

samples (Table 9.2). For both models, samples were divided using a random data division 

(dividerand) algorithm as 70% for the training stage, and 30% for testing using a 

performance algorithm based on mean squared error (MSE). As shown in Appendix VI 

(Figure S9.1), the models consisted of a feedforward network with two layers, a tan-

sigmoid and a linear transfer function for the hidden and output layers, respectively. 

Furthermore, a trimming exercise was performed using three, five and ten neurons to 

assess the best performance, being ten the most accurate and with no overfitting.  

 

Table 9.2. Names of the 54 proteins used to develop the artificial neural network model. 

Protein MW 
(kDa) Protein Name 

NLTP1_HORVU 12.3 Non-specific lipid-transfer protein 1 (LTP 1) 

IAAE_HORVU 16.1 Trypsin inhibitor CMe 

NLTP2_HORVU 10.4 Probable non-specific lipid-transfer protein (LTP)  

HOG3_HORVU 33.1 Gamma-hordein-3 

AVLA3_WHEAT 19.3 Avenin-like a3 

IAAD_HORVU 18.5 Alpha-amylase/trypsin inhibitor CMd 

GLT3_WHEAT 70.9 Glutenin subunit 12 

G3P1_YEAST 35.8 Glyceraldehyde-3-phosphate dehydrogenase 1 (GAPDH 1) 

IAAA_HORVU 15.5 Alpha-amylase/trypsin inhibitor CMa 

HOG1_HORVU 34.7 Gamma-hordein-1 
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G3P1_CANGA 35.9 Glyceraldehyde-3-phosphate dehydrogenase 1 (GAPDH 1)  

HOR1_HORVU 33.4 B1-hordein 

NLT2P_WHEAT 7.0 Non-specific lipid-transfer protein 2P (LTP2P) 

PAU5_YEAST 12.8 Seripauperin-5 

ENO2_YEAST 46.9 Enolase 2  

HINB1_HORVU 16.1 Hordoindoline-B1 (Puroindoline-B) 

BARW_HORVU 13.7 Barwin 

AMYB_HORVS 59.6 Beta-amylase  

AVLA4_WHEAT 18.9 Avenin-like a4 

YGP1_YEAST 37.3 Protein YGP1 (GP38) 

HS16B_WHEAT 16.9 16.9 kDa class I heat shock protein 2 

EF1A_MAIZE 49.2 Elongation factor 1-alpha (EF-1-alpha) 

PGK_YEAST 44.7 Phosphoglycerate kinase 

PDC1_YEAST 61.5 Pyruvate decarboxylase isozyme 1 

NLT2G_WHEAT 9.8 Non-specific lipid-transfer protein 2G (LTP2G) 

ICIC_HORVU 8.3 Subtilisin-chymotrypsin inhibitor CI-1C 

KPYK1_YEAST 54.5 Pyruvate kinase 1 (PK 1) 

HINA_HORVU 16.5 Hordoindoline-A 

TPIS_YEAST 26.8 Triosephosphate isomerase (TIM) 

LEA1_HORVU 21.8 ABA-inducible protein PHV A1 

LAS1_ARATH 86.5 Lanosterol synthase 

ACT2_SCHCO 41.8 Actin-2 

CIS3_YEAST 23.2 Cell wall mannoprotein CIS3 

GDA7_WHEAT 36.1 Alpha/beta-gliadin clone PW8142 (Prolamin) 

PST1_YEAST 45.8 Cell wall mannoprotein PST1 (Haze protective factor 2) 

TRX2_YEAST 11.2 Thioredoxin-2 (Thioredoxin II) 

NDK1_SACOF 16.6 Nucleoside diphosphate kinase 1 

HINB2_HORVU 16.1 Hordoindoline-B2 (Puroindoline-B) 

PR13_HORVU 17.7 Pathogenesis-related protein PRB1-3 

ENO1_YEAST 46.8 Enolase 1 

AWA1_YEASK 166.9 Cell wall protein AWA1 

PDI_HORVU 56.5 Protein disulfide-isomerase (PDI) 

G3PC2_ARATH 36.9 Glyceraldehyde-3-phosphate dehydrogenase GAPC2, cytosolic 

ENO_YARLI 47.3 Enolase 

RLA2_PSEMZ 1.0 60S acidic ribosomal protein P2 (Fragment) 

HS17A_ORYSJ 17.9 17.9 kDa class I heat shock protein 

RL8B_YEAST 28.1 60S ribosomal protein L8-B (L4) 

ENO_ASHGO 46.6 Enolase 

RS19B_YEAST 15.9 40S ribosomal protein S19-B 

EXG1_YEAST 51.3 Glucan 1,3-beta-glucosidase I/II 

MY119_ARATH 48.5 Transcription factor MYB119 

ALF_YEAST 39.6 Fructose-bisphosphate aldolase 
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RIP1_HORVU 30.0 Protein synthesis inhibitor I 

ACBP_YEAST 10.1 Acyl-CoA-binding protein (ACBP) 

Abbreviations: MW = Molecular weight. 

 

9.3 Results and Discussion 

9.3.1 Physicochemical measurements (proteomics, RoboBEER, and NIR) 

 The analysis results showed that 150 proteins were found in the beers, the origins of 

most of these are cereals (barley, wheat, and maize), and yeast mainly from 

Saccharomyces cereviceae and Schizosaccharomyces pombe. Specific proteins such as 

LTP1, enolase 2, γ-hordein-1, γ-hordein-3, B1-hordein, avenin-like a3, barwin, alpha-

amylase / trypsin inhibitor CMb, and proteins Z4 and Z7, which are characteristic of beer 

(Hao et al., 2006, Iimure et al., 2010, Picariello et al., 2011), were found in all samples 

(Table S9.1).  

 The ANOVA results showed that there were significant differences (p<0.05) between 

samples in 136 out of 150 proteins identified in the beers (data not shown). Regarding the 

NIR measurements, all beers presented the highest peak at 1940 nm (Figure S9.2) in 

which the water overtone is found (Rantanen et al., 2001). Even though all beers had a 

similar trend up to 2200 nm, the different samples vary from 2200 to 2400 nm, at which 

most proteins and carbohydrates are detected (Burns and Ciurczak, 2007). These 

differences found in proteins with both the proteomics and NIR methods are due to the 

variations in the raw material, type of fermentation, and production process, which 

produce a different composition in the distinct beer styles.  

 Figure 9.1 shows the correlations (p<0.05) between the physical parameters (color, 

foam and bubbles), and the 150 proteins grouped by MW. It can be observed that proteins 

with MW within 0 – 20 kDa were negatively correlated with MaxVol (r = -0.57), TLTF (r = 

-0.58) and CO2 (r = -0.52), and positively correlated with FDrain (r = 0.62). Proteins in 

the 20 – 40 kDa group had a positive correlation with “a” from the CIELab color scale (r = 

0.49), MaxVol (r =0.47) and TLTF (r = 0.47), and a negative correlation with FDrain (r = 

-0.51). Those proteins with MW between 40 and 60 kDa did not have any significant 

correlations with any of the parameters, while the 60 – 80 kDa group was negatively 

correlated with FDrain (r = - 0.48) and positively correlated with SmBubb (r = 0.47), CO2 

(r = 0.64), TLTF (r = 0.57) and MaxVol (r = 0.53). On the other hand, the proteins above 

80 kDa had a positive correlation with “G” (r = 0.46) and “B” (r = 0.57) from the RGB 

color scale and “L” (r = 0.42), and a negative correlation with “b” (r = -0.54) from CIELab 

scale.  
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Figure 9.1. Matrix showing the correlations (p<0.05) between the physical parameters 
(color, foam and bubbles) and the proteins grouped by molecular weight (0 – 20 kDa, 20 
– 40 kDa, 40 – 60 kDa, 60 – 80 kDa and >80 kDa).   

 

 It is well known that the proteins associated with foamability and foam stability are 

mainly the LTP1 (MW 12 kDa), proteins Z4 (MW 43 kDa) and Z7 (MW 43 kDa), and 

hordeins (MW 30 – 35 kDa) (Blasco et al., 2011, Bamforth, 2011, Bamforth, 1985, 

Bamforth et al., 2011). However, their correlation with foaming parameters varies 

according to different studies, Lusk et al. (1995) found that LTP1 increased foam stability, 

but Evans et al. (1999, 2002) observed that LTP1 and protein Z7 did not present 

correlation with foam stability, the latter was also observed in this study, as no correlation 

was found between foam parameters and the proteins within 40 – 60 kDa. As previously 

mentioned, in the present study, proteins with low MW (0 – 20 kDa), in which LTP1 is 

categorized (Table S9.1), had a negative correlation with MaxVol and TLTF, but a positive 

correlation with FDrain. This may be owing to the capacity of LTP1 to bind lipids, which 

contributes to the differences in its contribution to foam (Blasco et al., 2011). Furthermore, 

no positive effect of LTP1 on foamability for high carbonated beers has been reported 

(Evans and Sheehan, 2002). Hordeins are within the 20 – 40 kDa MW group (Table S9.1), 

which was positively correlated with MaxVol and TLTF; this confirms that these proteins 

may promote foam formation and stability. Proteins with higher MW (60 – 80kDa) 

presented similar results to the 20 – 40 kDa group, although there are no known published 
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studies identifying this positive correlation; however, in the present study it showed to 

contribute to smaller bubbles in the foam (SmBubb).   

9.3.2 Machine learning modeling 

 Table 9.3 depicts the results of the ANN models; Model 1 presented a high overall 

correlation coefficient (r = 0.89) to predict 54 proteins with the chemical fingerprinting 

measured using NIR (1600 – 2400 nm). However, the r value (r = 0.68) for the testing 

stage was moderate and much lower than the training stage; additionally, the slope of 

testing stage was low. In contrast, Model 2 had higher overall accuracy (r = 0.93) to 

predict the same 54 proteins but using the physical parameters (color, foam and bubbles) 

measured using RoboBEER. This model presented similar results for the three stages 

(training, testing and overall) with high slope values (b ≈ 0.90). Furthermore, the 

performance shows there are no signs of overfitting of the model as the MSE value of the 

training was lower than the testing stage. On the other hand, Figure 9.2 shows the overall 

models in which a higher dispersion of the data can be observed for Model 1 compared to 

Model 2. 

 

Table 9.3. Statistical results from the two machine learning models. 

 Stage Samples Observations 
(Samples x targets) r Slope Performance 

(MSE) 
Model 1: Near-infrared inputs 

Training 50 2,700 0.97 0.93 0.02 
Testing 22 1,188 0.68 0.56 0.20 
Overall 72 3,888 0.89 0.81 -- 

Model 2: RoboBEER inputs 
Training 50 2,700 0.96 0.90 0.02 
Testing 22 1,188 0.90 0.85 0.07 
Overall 72 3,888 0.93 0.88 -- 

  Abbreviations: MSE = mean squared error, r = correlation coefficient  
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Figure 9.2. Overall artificial neural network models to predict 54 proteins in beer (Table 
9.2), showing the correlation coefficient (r) for a) Model 1 using the absorbance values of 
near-infrared spectra (1600 – 2400 nm) and b) Model 2 using the 15 physical parameters 
(color, foam and bubbles) measured using RoboBEER (Figure 9.1).  

 

 Despite that the chemical fingerprinting from NIR spectra within 1600 – 2400 nm 

presents several overtones, which are related to protein content; it was found in this study 

that these are not appropriate for the prediction of specific proteins in beer as the model 

(Model 1; Table 9.3) did not show a high correlation coefficient for the testing stage. 

However, the physical parameters (color, foam and bubbles) were able to predict the 54 

proteins with high accuracy (Model 2; Figure 9.2). The latter may be due to the significant 

contribution of proteins to foamability and, according to the Figure 9.1, color and lightness 

(L) of beer.  

 Even though proteins within 40 – 60 kDa did not present significant correlations with 

the physical parameters (color, foam and bubbles), some of these proteins were included 

in the model (Table 9.2) as they contributed to the high accuracy of the model. This may 

be explained since the ANN is a non-linear modeling method that can find complex 

relationships within the inputs and targets for their prediction (Gonzalez Viejo et al., 

2018b), in contrast with the matrix in Figure 9.1 which only shows linear correlations.  

 Although some studies have successfully developed predictive models for proteins 

using NIR data as inputs using partial least squares regression (PLS), these only predict 

total protein content, therefore is not able to provide more specific and multitarget results 

(Optics, 2015, Schönbrodt et al., 2006, Ingle et al., 2016, Wu et al., 2008). Other results 

with higher accuracy and performance of ANN modelling using calculated parameters 

rather than raw data (such as NIR spectra) have been reported for different purposes such 

other beer quality parameters such as sensory attributes (Gonzalez Viejo et al., 2018a) 

and type of fermentation using the physical parameters (color, foam and bubbles) 
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(Gonzalez Viejo et al., 2016) and from different studies related to the classification of 

grapevine leaves into cultivars based on morphometric and colorimetric parameters 

(Fuentes et al., 2018) and prediction of cocoa aromas from canopy architecture 

parameters of cacao trees obtained using remote sensing and computer vision algorithms 

(Fuentes et al., 2019). 

 

9.4 Conclusion 

 The high accuracy obtained by Model 2 shows that the proposed method may be the 

first reliable, objective, affordable and rapid technique to evaluate the influence of specific 

proteins on beer foamability and quality using an artificial intelligence approach with the 

aid of robotics and machine learning. Therefore, it may potentially be utilized to predict 

the influence of different proteins on beer quality traits within the production line of both 

large- and small-scale breweries to assess beer quality. Furthermore, this method allows 

to obtain a total of 69 physicochemical parameters [15 physical parameters (color, foam 

and bubbles), and 54 proteins], which is beyond the number of analyses that breweries 

are able to conduct to assess beer quality in every batch; this will allow to offer products 

with higher quality. 
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CHAPTER 10  

Non-Contact Heart Rate and Blood Pressure Estimations 

from Video Analysis and Machine Learning Modelling 

Applied to Food Sensory Responses: A Case Study for 

Chocolate 

 

Paper published as: 

Gonzalez Viejo, C., Fuentes, S., Torrico, D.D. and Dunshea, F.R., 2018. Non-contact heart 
rate and blood pressure estimations from video analysis and machine learning modelling 
applied to food sensory responses: A case study for chocolate. Sensors, 18(6), p.1802. 

 

Abstract:  

Traditional methods to assess heart rate (HR) and blood pressure (BP) are intrusive and 
can affect results in sensory analysis of food as participants are aware of the sensors. This 
paper aims to validate a non-contact method to measure HR using the 
photoplethysmography (PPG) technique and to develop models to predict the real HR and 
BP based on raw video analysis (RVA) with an example application in chocolate 
consumption using machine learning (ML). The RVA used a computer vision algorithm 
based on luminosity changes on the different RGB color channels using three face-regions 
(forehead and both cheeks). To validate the proposed method and ML models, a home 
oscillometric monitor and a finger sensor were used. Results showed high correlations with 
the G color channel (R2 = 0.83). Two ML models were developed using three face-regions: 
(i) Model 1 to predict HR and BP using the RVA outputs with R = 0.85 and (ii) Model 2 
based on time-series prediction with HR, magnitude and luminosity from RVA inputs to HR 
values every second with R = 0.97. An application for the sensory analysis of chocolate 
showed significant correlations between changes in HR and BP with chocolate hardness and 
purchase intention. 
 
Keywords: blood pressure; computer vision; heart rate; machine learning modeling; non-
intrusive sensors 
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10.1 Introduction 

 Heart rate (HR) is defined as the number of heartbeats within a certain interval of 

time, usually measured as beats per minute (BPM) (Ahrens et al., 1993). Besides medical 

applications, this is one of the most common biometrics used for user authentication 

(Singh and Singh, 2012) and, more recently, to assess physiological responses of 

consumers to different stimuli, which can be associated to responses from the autonomic 

nervous system (ANS) to consumption and visual assessment of food and beverages 

(Kreibig, 2010, Torrico et al., 2018, Gonzalez Viejo et al., 2019, Gonzalez Viejo et al., 

2018). However, these biometrics usually involve intrusive techniques such as the 

electrocardiogram (ECG), and oscillometry, which require sensors to be attached to 

subjects. There are other methods such as the photoplethysmography (PPG), which uses 

a pulse oximeter and is considered by some authors as non-invasive. However, this sensor 

still requires to be in contact with the skin of the subject. Some non-intrusive methods 

have been developed based on the PPG principle as a validation method to develop 

computer vision analysis to obtain HR from videos (Takano and Ohta, 2007, Odinaka et 

al., 2012, Pickering et al., 2006). 

 The electrocardiogram (ECG) method is the most commonly used for medical 

purposes, and it requires the attachment of one or more sensors to either the chest or the 

four extremities of subjects, this method measures the electrical activity of the heart that 

occurs during the cardiac cycle. This activity is registered and printed as a signal composed 

of P-waves that represent the depolarization of the atriums, PR interval that represents 

the delay of the impulse in the atrioventricular node, the QRS complex that consists of the 

electrical current generated during the depolarization and ventricular contraction, and the 

ST-segment and T-waves that represent the ventricular repolarization (Odinaka et al., 

2012, Heyward, 2008). Oscillometry is the method usually used for ambulatory or at-home 

monitoring which requires to be attached to the arm or wrist and is able to measure blood 

pressure and HR by inflating the cuff until it reaches the occlusion of blood flow in the 

artery, once this is achieved, it is released, and the device is able to measure the 

oscillations in the arterial wall produced when the blood starts flowing. This allows to obtain 

the measurements for blood pressure (systolic and diastolic) as well as HR by measuring 

the time between the oscillometric pulses (Head et al., 2011, Flynn et al., 2013). 

 The PPG method consists of a device called pulse oximeter, which is attached to either 

the finger or earlobe, which measures the oxygen saturation in the blood. The device emits 

both red and infrared lights and measures the amount of light absorbed or reflected by 

the blood in the earlobe or finger (Jahan et al., 2014, Yurish, 2018). This method can also 

use green light, which, unlike the red and infrared lights, is absorbed by the oxy- and 

deoxyhemoglobin and, therefore, can only measure the blood flow in the skin surface. 
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Some authors have developed methods based on PPG to calculate HR using videos from 

the face of the subjects. For example, Takano and Ohta (2007) developed a technique 

using time-lapse images and based on the measurement of the brightness, and Jain et al. 

(2016) developed a method to estimate HR and blood pressure using videos and principal 

component analysis to extract the PPG signal. Carvalho et al. (2014) calculated HR using 

a webcam to record videos preprocessed using the Eulerian Magnification algorithm (EMA) 

developed by the Massachusetts Institute of Technology (MIT) (Wu et al., 2012) and an 

algorithm written in Matlab® (R2013a, Mathworks Inc., Natick, MA, USA) to extract the 

signal from RBG components from videos. Jensen and Hannemose (2014) used a similar 

method, but without the EMA pre-processing. Al-Naji and Chahl, and Al-Naji et al. (2017, 

2017) used an improved version of the EMA to enhance the HR signal but based on the 

motion of areas such as the chest and wrist. Wei et al. (Wei et al., 2012) also used a 

webcam and analyzed videos with a technique based on Laplacian Eigenmap and RBG 

channels. Lewandowska et al. (2011) proposed a method using a webcam and analyzing 

the signal combining the red and green channels and using independent component 

analysis and principal component analysis, obtaining similar results with both methods. 

On the other hand, a commercial software, FaceReader™ (ver. 7.0, Noldus Information 

Technology, Wageningen, The Netherlands), that is able to measure HR using videos is 

available, and it is based on the same principle of color changes that is then related to HR 

(Tasli et al., 2014). 

 The importance of the development of non-intrusive methods relies on the influence 

and bias that the contact sensors have on the physiological responses of the subject as 

they may influence their HR (Gonzalez Viejo et al., 2019) and blood pressure (BP) 

responses due to awareness of having sensors attached to their bodies. This effect of the 

influence of the awareness of wearing sensors and/or being monitored was studied by 

Frelih et al. (2017), who found that certainly, the use of sensors attached to the body had 

a significant effect on the participants experience. The application of these techniques is 

of great importance to assess HR as part of the responses from the ANS to different stimuli 

such as food, beverages, packaging and other stimuli such as imagery and videos, which 

combined with other ANS responses (Kreibig, 2010, de Wijk et al., 2012), may be 

associated to consumers acceptability, preference and quality perception of different food 

products such as beer and chocolate for example (Torrico et al., 2018, Gonzalez Viejo et 

al., 2019). Apart from the applicability to obtain more information about the unconscious 

responses from consumers, this along with machine learning algorithms, aids in the 

development of more objective and efficient sensory methods. The implementation of non-

intrusive techniques for ANS responses allows to have less time-consuming and more cost-

effective techniques to predict different conscious responses. Some researchers have 

already associated HR changes and emotional responses using different stimuli such as 
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images, real-life situations, instructing to do facial action tasks and using film clips, 

obtaining as results a positive relationship between HR and anger, anxiety, 

embarrassment, fear, sadness and happiness, and a negative relationship between HR and 

disgust, affection and pleasure (Kreibig, 2010, Ekman et al., 1983, Levenson et al., 1992, 

Vrana, 1993, Lisetti and Nasoz, 2004). With respect to liking, an increase in HR has been 

observed when children taste food products that they dislike and decrease in HR when 

they like the smell of food; furthermore, a decrease in HR was observed when young adults 

assess products that they like visually (de Wijk et al., 2012). However, there are no 

previous studies including BP as a physiological response to associate with the 

aforementioned responses. 

 This paper aims to develop and validate a non-intrusive or non-contact method to 

measure HR using the PPG technique, which has been validated using a home oscillometric 

HR apparatus to obtain targeted continuous HR data from participants. The proposed 

method was developed using machine learning algorithms to predict the real HR and BP 

as targets using regression algorithms and analysis of videos from participants as inputs. 

The models will be targeted to predict the raw signal of the luminosity changes and 

calculated HR every second using a time-series machine learning algorithm (TSML). 

Furthermore, the non-intrusive method developed to measure HR from the raw video 

analysis (RVA) was compared to two intrusive methods used for validation and two non-

intrusive methods based on video analysis: (i) an OMRON HEM-790IT oscillometric blood 

pressure and HR monitor (OMRON Corporation, Kyoto, Japan), (ii) an open-source pulse 

sensor (PPG, World Famous Electronics LLC, New York, NY, USA) controlled by an Arduino® 

board (Arduino, Ivrea, Italy) and attached to the finger, (iii) HR outputs from FaceReader™ 

software, and (iv) the magnified video analysis (MVA) pre-processing the videos using the 

Eulerian Magnification Algorithm (EMA), respectively. Based on the results obtained from 

this study, the finger sensor had a high correlation with the oscillometric monitor, while 

FaceReader™ did not correlate at all with the latter. The video analysis algorithm had a 

high correlation when applying a correction factor when using the green channel in the 

RGB components, and when analyzing the forehead and both cheeks. Furthermore, it was 

possible to develop highly accurate machine learning models using artificial neural 

networks (ANN) and the non-linear autoregressive with exogenous input (NARX) algorithm 

to predict the raw signal of the luminosity changes and HR in every second of the videos 

as well as a highly accurate model using regression algorithms to predict the average of 

HR and blood pressure of each person per video. Finally, a case study of the application of 

the proposed non-intrusive method is presented using chocolate samples in a consumer 

test showing the correlation between the physiological (HR and BP) and self-reported 

responses. 
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10.2 Materials and Methods 

10.2.1 Data Gathering Session Setup 

 A session with 15 healthy adult participants between 20 and 38 years old was 

conducted using an integrated camera system controlled by a bio-sensory application 

(App) designed for Android tablets (Google; Open Handset Alliance, Mountain View, CA, 

USA) developed by the sensory group from the School of Agriculture and Food, Faculty of 

Veterinary and Agricultural Sciences, The University of Melbourne. The integrated camera 

(1920 × 1080 pixels and 15 frames per second) along with the App are able to record RGB 

videos form the participants while conducting a sensory test in sensory booths (Gonzalez 

Viejo et al., 2019). The session was conducted in the sensory laboratory located at The 

University of Melbourne, Australia (Parkville campus), with controlled temperature (24–26 

°C). Participants were asked to sit in individual sensory booths with uniform white lighting 

conditions and within 30 to 45 cm from the tablet using the App and were instructed to 

face at a blank screen in the tablet PCs. In the meantime, they were wearing a Food and 

Drug Administration (FDA)-approved oscillometric BP and HR monitor OMRON HEM-790IT 

that was activated manually to obtain a measure at the start, middle, and end of the video 

acquisition. This oscillometric monitor has an accuracy for BP of ±3 mmHg and ±5% for 

HR according to the specifications of the device. In parallel, a finger pulse sensor controlled 

by Arduino® (Arduino, Ivrea, Italy) was attached to the thumb of the participants to obtain 

HR continuously throughout the duration of the video (Figure 10.1a). The placement of 

the sensor in the thumb was determined after a previous test in which the most accurate 

results compared with the oscillometric monitor were obtained (data not shown), some 

references also mention the use of pulse oximeters on the thumb (Heuer and Scanlan, 

2013, Puffer and Kallmes, 2011). After getting the initial resting videos and HR-BP data 

from all participants, they were asked to climb the building stairs from the ground up to 

the fourth floor (3–5 min). After this activity, they returned to the booths and repeated 

the initial instructions to obtain videos and real HR data after physical activity. Finally, a 

third video was taken after 5 min resting to get the values from medium HR levels. 

Therefore, a total of three videos of 1.5 to 3 min each per person (n = 45) were obtained 

to validate the proposed method across a wide range of HR. Figure 10.1b shows a diagram 

of the described protocol for a better understanding. 
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Figure 10.1. Data gathering set-up showing: (a) data acquisition system displaying: (1) 
the tablet with the Bio-sensory application for video acquisition, (2) oscillometric HR and 
blood pressure monitor and (3) finger sensor controlled by (4) an Arduino® board, and (b) 
diagram of the protocol for the data and video acquisition. 

 

10.2.2 Data Analysis and Computer Vision Algorithms 

 All videos were analyzed using three techniques: (i) FaceReader™ 7.0 software 

(Noldus Information Technology, Wageningen, The Netherlands) (FR), (ii) pre-processing 

of videos by magnifying the color and luminosity changes using the Eulerian Magnification 

Algorithm (EMA) proposed by the Massachusetts Institute of Technology (MIT, Boston, MA, 

USA) (Wu et al., 2012), followed by the HR calculation using the proposed algorithm 

(Magnified Video Analysis: MVA), and (iii) using the raw videos (RVA) obtained from the 

tablets. Videos from techniques (ii) and (iii) were then analyzed using a customized 

computer vision algorithm written in Matlab® ver. R2018a (Mathworks Inc., Natick, MA, 

USA). This algorithm works automatically and manually with the manual cropping of videos 

being used initially to analyze three different face regions: (i) forehead, (ii) right cheek 

a) 

b) 
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and (iii) left cheek to find if any had a higher accuracy or if the combination of the three 

gave a better response. The cropped areas were rectangles within the range of 120–150 

× 50–70 pixels for the forehead and 50–80 × 60–90 pixels for the cheeks. This process 

can be automated by adapting the point tracker algorithm based on the Kanade-Lucas-

Tomasi (KLT) algorithm in Matlab® used for feature tracking along with the Ground Truth 

Labeler found in the Matlab® Automated Driving System Toolbox 1.2 (Mathworks Inc., 

Natick, MA, USA) (Mathworks Inc, 2018b). However, for the research reported here, the 

areas were cropped manually to assess the accuracy of the codes and avoid bias that 

might be related to the automatic process. The customized algorithm used to assess HR 

for both the RVA and the MVA is able to measure luminosity changes in any of the RBG 

channels; therefore, the three channels were tested to assess the most accurate option. 

Once the signal was acquired, the algorithm applies a second-order Butterworth filter, the 

cutoff frequencies were set to 50, and 190 BPM (0.83 and 3.17 Hz) and a fast Fourier 

transformation (FFT) is applied for the transformation of the time signal to frequency. The 

settings were set to three seconds of stabilization time, and one cut start second. The 

outputs obtained from this algorithm are the luminosity changes, HR values in BPM every 

0.5 s, magnitude using the FFT, and the amplitude and frequency of each peak detected 

in the raw signal of the luminosity changes using the ‘findpeaks’ customized function 

(MathWorks Inc, 2018a). The values are calculated from the maximum peak detected in 

the selected face region. Figure 10.2 shows the diagram with all the methods used in this 

study for more clarity of the analysis and modeling process. 
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Figure 10.2. Flow diagram showing the data acquisition, analysis and outputs of the five 
methods presented to measure HR: (1) oscillometric monitor, (2) raw video analysis (RVA), 
(3) pre-processing using the Eulerian Magnification Algorithm (EMA), followed by the 
magnified video analysis (MVA) (4) FaceReader™ software, and (5) finger sensor. The 
diagram also depicts the inputs and targets/outputs used to develop the machine learning 
models. Abbreviations: ANN = Artificial Neural Networks, BPM = beats per minute. 

 

 The performance based on the elapsed time (s), Central Processing Unit (CPU) 

maximum (Max) and minimum (Min) temperatures, memory used (MB), and CPU usage 

(%) from the personal computers (PC) used were obtained by Matlab® specific functions. 

Three different PCs from two brands (HP and Alienware) with distinct number of cores 

(two, four, and ten) and memory (8 GB and 32 GB) were used. The performances were 

also compared with and without the engagement of the parallel pool option in Matlab®. 

The CPU temperatures were measured using the RealTemp 3.7 monitoring application 

(TechPowerUp, Cochrane, Canada) designed for Intel processors; all other performance 

results were obtained using different built-in Matlab® functions. For easier comparative 

purposes, the data from each performance category was normalized and colored to be 
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presented on matrix graphic forms for easier comparison; this can be found in Appendix 

VII (Figure S10.1). 

10.2.3 Statistical Analysis and Machine Learning Modelling 

 Data from the oscillometric monitor, finger sensor and from the processed videos 

using different settings and the two methods (RVA and MVA) were analyzed statistically 

using Pearson linear correlation method (y = ax + b) (Rovai et al., 2013, Cichosz, 2015) 

using the Matlab Curve Fitting Toolbox™ 3.5.6 (Mathworks Inc., Natick, MA, USA). Values 

of determination coefficients (R2), root mean squared error (RMSE), and statistical 

significance (criteria: p < 0.05) were used for fitting assessments. The p-value was 

calculated using the CoStat ver. 6.45 (CoHort Software, Monterey, CA, USA) software. For 

results obtained using the videos analyzed with Matlab®, a correction factor was applied 

as follows: low blood pressure < 75 BPM − 15 BPM, medium-range 76–90 BPM with no 

correction applied and high range >91 BPM + 15 BPM. To determine the correction factor 

of ±15, the average of the difference between the lowest and highest HR values (delta) of 

all videos was calculated. This correction factor may be easily added to the RVA Matlab® 

algorithm to accelerate and simplify the process instead of pre-processing the videos using 

different magnification settings according to the real HR as in the EMA. However, this 

correction factor is presented as an option to use the RVA when the real values of HR of 

the subject are known. Therefore, as further described, machine learning models were 

developed to predict the real HR and BP values to calculate these responses without the 

need to know the real values (measured with a contact device) of the subjects. 

 Data from the video analysis of three face regions (forehead, right and left cheeks) 

with the RVA were used as inputs along with data from the oscillometric monitor and finger 

sensor as targets to develop two different machine learning models in Matlab®. Model 1 

was developed for discriminate analysis of averaged HR by testing 17 different artificial 

neural network (ANN) training algorithms using an automated customized code written in 

Matlab®. The algorithms tested were two backpropagation using Jacobian derivatives, 11 

backpropagation using gradient derivatives, and four supervised weight/bias training (data 

not shown). The customized code was able to develop a regression model using 18 inputs 

(six per face region), normalized from −1 to 1, from the video analysis from each of the 

17 algorithms tested with inputs such as: (i) average HR in BPM calculated from the video, 

(ii) standard deviation of the HR, (iii) amplitude of the peaks from the signal of the 

luminosity changes, (iv) standard deviation of the amplitude from the peaks, (v) average 

distance or frequency of the peaks from the signal of the luminosity changes, and (vi) 

standard deviation of the distance or frequency of the peaks, and three targets/outputs 

from the oscillometric monitor: HR in BPM, systolic (SP) and diastolic blood (DP) pressure. 

The best model was obtained by using the Levenberg-Marquardt backpropagation training 
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algorithm and random data division by using 70% (n = 31) of the samples for training, 

15% (n = 7) for validation with a mean squared error performance algorithm and 15% (n 

= 7) for testing with a default derivative function. After training the model several times 

using the neuron trimming technique (3, 5, 7, and 10), it was defined that ten neurons 

were needed to develop a more accurate model, as shown in Figure 10.3a. The distribution 

of the error was tested for normality (p ≥ 0.05) through the DAgostino & Pearson Test 

using the “normalitytest” function in Matlab® R2018a (Öner and Deveci Kocakoç, 2017). 

 The PS values, which are the process settings of the normalization (−1–1) of the 

targets in Matlab®, were saved; these values allow to denormalize the new outputs when 

the model is fed with new inputs. Therefore, the model will give three outputs, which will 

consist of one value for systolic pressure, one for diastolic pressure and one for heart rate, 

the first two values in mmHg and HR in BPM. 

 Model 2 for continuous analysis of video data was developed using the shallow neural 

network time-series prediction (SNNTS) application in the Matlab Neural Network Toolbox 

11.1™ (Mathworks Inc., Natick, MA, USA) and the non-linear autoregressive with 

exogenous input (NARX). The HR, magnitude and luminosity data obtained from the video 

analysis using the RVA from every second of each video and from each participant for each 

of the three face regions (forehead, right and left cheeks) were used as normalized (−1 

to 1) inputs. The continuous (every second) raw signal of the luminosity changes and HR 

values obtained using the finger sensor were used as targets/outputs. The use of HR values 

obtained from the video analysis using the RVA as part of the inputs to predict the HR 

measured with the finger sensor is to obtain the real HR values and increase the accuracy 

of the results. The model was developed using the Levenberg-Marquardt backpropagation 

training algorithm with 70% (n = 7688) of the data used for training, 15% (n = 1648) for 

validation with a mean squared error performance algorithm and 15% (n = 1648) for 

testing with a default derivative function; all data were divided using a random data 

division function. A total of five hidden neurons were selected after retraining the model 

several times using the neuron trimming technique (3, 5, 7, and 10) as similar results 

were obtained using five, seven, and ten neurons. Furthermore, two delays were used to 

develop the model (Figure 10.3b). 

 Statistical data to evaluate the accuracy of both models was based on the correlation 

coefficient (R), performance based on the mean squared error (MSE) for each stage 

(training, validation, testing, and overall model), and slope and p-value of the overall 

model calculated using Matlab®. 
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Figure 10.3. Diagrams of the machine learning models developed where: (a) shows Model 
1 for regression fitting with a two-layer feedforward network and tan-sigmoid function in 
the hidden layer and a linear transfer function in the output layer, in which a total of 18 
inputs and three targets/outputs used with ten hidden neurons, and (b) Model 2 using the 
shallow neural network time-series prediction with a series-parallel architecture using a 
tan-sigmoid function in the hidden layer and a linear transfer function in the output layer, 
nine inputs, two delays, two targets/outputs and five hidden neurons. Abbreviations: SD 
= standard deviation, w = weights and b = biases. 

 

10.2.4. Application of HR and BP to Sensory Analysis of Chocolates 

 Video and self-reported data from five consumers were extracted from a sensory 

session with three different chocolate samples with distinct sweeteners (Control: sugar; 

Treatment 1: D-tagatose; Treatment 2: Stevia). These data were obtained to show a 

potential application for the presented method. This test was conducted on a different date 

than the HR validation session and without the use of monitors or sensors attached to the 

body. Similar to the data obtained for the HR validation test explained in Section 2.1, this 

session was conducted in the same individual booths presenting a questionnaire in the 

tablet displaying the bio-sensory App while recording the video from the participant while 

tasting the samples. The App presented questions to assess acceptability of the samples 

according to the following descriptors: (i) liking of cocoa aroma (ACocoa), (ii) liking of 

sweetness (Tsweet), (iii) sweetness intensity with just about right (JAR) test (JARSweet), 

(iv) liking of bitterness (TBitt), (v) JAR of bitterness intensity, (vi) liking of hardness 

a) 

b) 
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(Hard), (vii) liking of smoothness (Smooth), (viii) overall liking, and (ix) purchase intention 

(PurInt). The videos recorded during the session were then analyzed using the RVA method 

and further processed using Model 1 to obtain the HR and BP values. A correlation matrix 

was developed using the nine descriptors from the self-reported responses (conscious) 

along with the HR and systolic and diastolic pressure (SP and DP, respectively) to assess 

significant (p < 0.05) correlations among the different parameters. 

 

10.3 Results 

10.3.1. Matlab® Codes Performance 

 The algorithm that presented the lowest performance and the highest processing time 

was the EMA for the three different computers tested, with and without the parallel pool 

option, being the Alienware with 32 GB and ten cores without parallel pool the fastest 

(1424 s) and the lowest in CPU usage (14%) (Figure S10.1a). Comparing the HR analysis 

from both the EMA and RVA (Figure S10.1b and S10.1c), the Alienware with 32 GB and 

10 cores with parallel pool and using the RVA presented the best performance with 40 s, 

7% of CPU usage and with low maximum temperatures (27–33 °C) in the individual cores. 

The HP with 8 GB and 2 cores, both with and without parallel pool was the lowest in 

performance for the three codes due to the limited processing capacity of the device. 

Although both Alienware devices with four and ten cores are within the most powerful 

gaming computers, the Eulerian magnification algorithm (EMA) still required considerably 

high processing times of over 1400 s. Furthermore, both Alienware computers had higher 

memory usage than HP due to the different capacity of the three devices (8 GB vs. 32 

GB). 

10.3.2. Correlations between Methods 

 The comparison between the HR obtained by the oscillometric monitor and those 

measured with the finger sensor, both in beats per minute (BPM) rendered a statistically 

significant and high positive linear correlation, as expected (R2 = 0.97; RMSE = 2.65; p-

value < 0.0001). Hence, both results may be used as a reference of the real HR values for 

validation purposes. 

 Figure 10.4 shows the results from the means of the HR values from each video of 

each participant obtained using FaceReader™ (y-axis) and the means from the three 

measurements obtained using the blood pressure monitor during each video (x-axis). The 

correlation between both methods was non-significant and with an extremely low 

determination coefficient (R2 = 0.01; RMSE = 230.43; p-value = 0.55). 

 The means from the results from the videos using the MVA (y-axis) against the mean 

values from the oscillometric monitor (x-axis) are shown in Figure 10.5. The videos were 
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analyzed six times as follows: three times to measure the HR in each of the three face 

regions (forehead, right cheek and left cheek) and three more times by setting the 

different color channels from the RGB component for each face region. Figure 10.5a shows 

the results using the red (R) channel showing a significant correlation (p-value < 0.0001) 

for the three face regions with R2 = 0.66 and RMSE = 8.50 for the forehead (y1), R2 = 

0.70 and RMSE = 9.06 for the right cheek (y2) and R2 = 0.70 and RMSE = 9.07 for left 

cheek (y3). In Figure 10.5b the correlations using the green (G) channel can be observed 

with the same determination coefficient as the R channel for the forehead (R2 = 0.66; 

RMSE = 8.44; p-value < 0.0001) and lower values for right (R2 = 0.59; RMSE = 8.19; p-

value < 0.0001) and left (R2 = 0.64; RMSE = 8.95; p-value < 0.0001) cheeks. Figure 

10.5c shows the results from the video analysis using the blue (B) channel where low 

correlations, yet significant (p-value < 0.0001) for the three face regions can be observed 

with R2 = 0.53 and RMSE = 9.56 for the forehead, R2 = 0.60 and RMSE = 10.37 for the 

right cheek, and R2 = 0.54 and RMSE = 10.97 for the left cheek. 

 

 
Figure 10.4. Correlation between the HR measured using the oscillometric monitor (x-
axis) and the video analysis using FaceReader™ (y-axis) in beats per minute (BPM). R2 = 
determination coefficient 
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Figure 10.5. Correlations between heart rate (HR) measured using the oscillometric 
monitor (x-axis) and video analysis using Matlab® and the pre-processed videos with the 
Eulerian Magnification algorithms (MVA) (y-axis) in beats per minute (BPM). The figure 
shows the results of the videos analyzed using the luminosity changes in (a) the red 
channel, (b) the green channel, and (c) the blue channel. R2 = determination coefficient. 

  

 Figure 10.6 shows the results of the means of the HR measured using the oscillometric 

monitor (x-axis) and those from the videos analyzed using the proposed RVA method for 

each video of each participant. All videos were analyzed three times for each of the face 

areas (forehead, right cheek, and left cheek) and using each of the three color channels 

in the RBG color spectrum. As shown in Figure 10.6a, when analyzing the videos for the 

luminosity changes in the red channel, the three areas had high and significant correlation 

(p-value < 0.001) with R2 = 0.77 and RMSE = 7.13 for the forehead results, R2 = 0.79 

and RMSE = 6.27 for the right cheek values, and R2 = 0.80 and RMSE = 6.74 for the left 

a) b) 

c) 
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cheek. In Figure 10.6b the results using the green channel can be observed, where the 

forehead results presented a significant correlation with a high determination coefficient 

R2 = 0.83 (RMSE = 7.26; p-value = < 0.0001), likewise the right and left cheeks showed 

a high and significant correlation (p-value < 0.0001) with R2 = 0.84, RMSE = 6.05 and R2 

= 0.83, RMSE = 6.37, respectively. The videos analyzed using the luminosity changes in 

the blue channel had a lower, yet significant (p-value < 0.0001) correlation for the three 

face areas (Figure 10.6c). Using blue channel, the forehead showed the highest 

determination coefficient from the three areas (R2 = 0.82, RMSE = 6.72), followed by the 

left cheek (R2 = 0.76, RMSE = 7.61) and the right cheek (R2 = 0.73, RMSE = 7.12). 

 

  

 

Figure 10.6. Correlations between heart rate (HR) measured using the oscillometric 
monitor (x-axis) and video analysis using the raw video HR algorithm (RVA) (y-axis) in 
beats per minute (BPM). The figure shows the results of the videos analyzed using the 
luminosity changes in (a) the red channel, (b) the green channel, and (c) the blue channel. 
R2 = determination coefficient. 

 

 

a) b) 

c) 
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10.3.3. Machine Learning Modelling 

 Figure 10.7 shows the Model 1 developed using artificial neural networks regression 

modeling. It can be observed that is was possible to develop a significant (p-value < 

0.0001) overall model with high correlation (R = 0.85) and a slope of 0.75 using the 18 

inputs obtained from the video analysis with the RVA presented in this paper to predict 

the HR and BP values together measured using the oscillometric monitor. The number of 

samples, performance based on the mean squared error (MSE) and correlation coefficients 

for each stage are shown in Table 10.1. Based on these results, the testing stage had the 

lowest correlation (R = 0.71); the three stages had a performance MSE of 0.07 for training, 

0.13 for validation, and 0.11 for testing stages at epoch two. Both the validation and 

testing performance are similar and presented a decreasing trend, which indicates that 

there was no overfitting in the model. The errors of the three stages (training, validation, 

and testing) presented a normal distribution (p ≥ 0.05; D’Agostino & Pearson Test = 0.07). 

 
Figure 10.7. The artificial neural network regression overall model (Model 1) showing a 
high correlation coefficient (R = 0.85), where the x-axis represents the observed (targets) 
and the y-axis represents the predicted (outputs) values of heart rate (HR) and blood 
pressure (BP) measured with the oscillometric monitor. All values were normalized on a 
scale from −1 to 1. 

 

Table 10.1. Statistical results of Model 1 showing the number of samples, mean squared error 
(MSE), and correlation coefficient (R) for the training, validation and testing stages as well as the 
overall model. 

Stage Samples Mean Squared Error 
(MSE) 

Correlation Coefficient 
(R) 

Training 31 0.07 0.89 
Validation 7 0.13 0.72 
Testing 7 0.11 0.71 
Overall 45 0.06 0.85 
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 The SNNTS model (Model 2) is shown in Figure 10.8. This model used nine inputs 

from the video analysis using the RVA to predict the real HR and raw signal values of the 

luminosity changes every one second. It can be observed that the overall model presented 

a significant (p-value < 0.0001) and a high correlation coefficient (R = 0.97) with a slope 

of 0.95 (Figure 10.8a). Figure 10.8b shows the response of outputs every 1 second for 

both the target (observed) and output (predicted) values. Table 10.2 shows the mean 

squared error performance values and correlation coefficient for each stage and the overall 

model. All three stages and overall model presented similar correlation coefficients and 

had a performance of MSE = 0.004 at epoch 44. Both the validation and testing 

performance did not increase before iteration 44, which is an indicator of no overfitting in 

the model. The correlations of the errors, as well as those from the input-error cross-

correlation, fell within the 95% confidence limits, which validate the network performance 

(data not shown). 

 

Table 10.2. Statistical results of Model 2 showing the number of samples, mean squared error 
(MSE), and correlation coefficient (R) for the training, validation and testing stages as well as the 
overall model. 

Stage Samples Mean Squared Error 
(MSE) 

Correlation Coefficient 
(R) 

Training 7688 0.004 0.97 
Validation 1648 0.004 0.98 
Testing 1648 0.004 0.98 
Overall 10,984 0.004 0.97 
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Figure 10.8. Response from the shallow neural network time-series (SNNTS) model 
(Model 2) where: (a) shows the regression model with an overall high correlation (R = 
0.97), where the x-axis represents the targets (observed) and the y-axis depicts the 
outputs (predicted) values of the raw signal of the luminosity changes and HR measured 
using the finger sensor. All values were normalized in a scale from −1 to 1; (b) shows the 
graph with the response output for the time series for every 1 second comparing the targets 
and outputs where x-axis represents the time (s) and the y-axis the normalized (−1 to 1) 
response values of raw signal of the luminosity changes and real HR (HR) 

 

10.3.4. Application of HR and BP Responses (Model 1) to Sensory Analysis (Chocolates) 

 Figure 10.9 shows the correlation matrix of the sensory session with the chocolate 

samples. The HR had a positive and significant correlation with SP and DP (R = 0.67; R = 

0.74) and a negative correlation with the liking of the hardness of the chocolate (R = 

−0.54). On the other hand, the SP had a positive correlation with DP (R = 0.80) and, 

importantly with purchase intention (PurInt; R = 0.65). 

b) 

a) 
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Figure 10.9. Correlation matrix of a chocolate sensory test showing the significant 
correlations (p < 0.05) in which the blue side of the color scale (−1 to 1) represent the 
positive and the yellow side the negative correlations. Abbreviations: (i) heart rate (HR), 
(ii) systolic pressure (SD), (iii) diastolic pressure (DP), (iv) liking of cocoa aroma (ACocoa), 
(v) liking of sweetness (Tsweet), (vi) sweetness intensity with just about right (JAR) test 
(JARSweet), (vii) liking of bitterness (TBitt), (viii) JAR of bitterness intensity, (ix) liking of 
hardness (Hard), (x) liking of smoothness (Smooth), (xi) overall liking, and (xi) purchase 
intention (PurInt) 

 

10.4 Discussion 

10.4.1. Matlab® Codes Performance 

 From the results of the computer and Matlab® performance to calculate HR using 

videos, it can be observed that the MVA method presented the lowest performance as it 

required above 2300 s of processing time, for both algorithms (EMA + MVA), to process a 

single video, and have a high memory (~800 MB) and CPU usage (~35%) when running 

them in a computer with 8 GB and 2 cores. The performance for this method improves 

with the use of more powerful computers, however, the processing times and memory 

usage are still high (>1500 s; ~1800 MB), especially if the user needs to analyze several 

videos, this would be the case for a sensory session in which usually a minimum of 40 

participants and around four to six samples (>160 videos) are required. Therefore, the 

video analysis using the RVA is less-time consuming and presents a more efficient method 

to calculate HR as it can be processed using a computer with less capacity. 
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10.4.2. Correlations between Methods and Real HR 

 Even though the finger sensor and the oscillometric monitor use a different method 

to measure HR, photoplethysmography (PPG) versus oscillometry, both methods are 

usually used for medical purposes and presented a high and significant correlation when 

comparing both (R2 = 0.97), which shows that both are appropriated to be used for 

validation purposes. In this paper, both methods were used, as the PPG is able to measure 

HR and record the raw signal of the luminosity changes continuously, while the 

oscillometric monitor is able to measure HR and blood pressure, but only gives one value 

for every measurement. 

 When comparing the HR results from the oscillometric monitor with those obtained by 

analyzing the videos through FaceReader™, there was no correlation between the two 

methods (R2 = 0.01; p-value = 0.55). This contradicts the study from Tasli et al. (2014) 

in which the authors mention that there is a high correlation between the HR measured 

with a pulse oximeter attached to the finger and the FaceReader™ HR method; however, 

they did not report the statistical data such as R2 and p-value. Another weakness found in 

that study was that the authors used only ten participants and recorded two videos of each 

(20 videos total), which is a small sample size compared with the present study, in which 

15 participants and three videos of each (45 videos total) were used. From the Figure 10.3 

it can be seen that the major fail of the FaceReader™ method is in the high HR values as 

it underestimates the results, this was also shown in the study by Tasli et al. (2014) as in 

the results they presented, there is a larger number of points outside the confidence 

bounds in the high HR range. 

 Another method using video analysis tested in this study was the MVA, which involved 

the pre-processing of the videos using the Eulerian Magnification algorithm, the 

correlations using the three color channels (RGB) and the three face regions resulted in 

low to moderately high (R2 = 0.53 to 0.70), being the red channel the highest in accuracy. 

However, compared to the analysis of the raw videos with the RVA, the correlations using 

the MVA were much lower. The best correlations using the RVA were with the green 

channel (R2 = 0.83), and this was similar for the three face regions. Studies from other 

authors such as Carvalho et al. (2014) who proposed a method for video analysis using 

the EMA showed that the values obtained are close to those measured using a HR monitor, 

nevertheless, it was only tested with five participants (one value of each), therefore, their 

sample size was too small to assess the accuracy of their method. Wu et al. (2012) 

developed the Eulerian Magnification method and tested it obtaining similar values to 

medical HR devices, but they measured it using only three videos (from two adults and 

one baby) which is not enough to validate a method and did not present any values and 

statistical analysis. On the other hand, authors such as Jensen and Hannemose (2014) 
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showed the comparison of different methods to calculate HR using the raw videos and 

different color models and showed a high correlation R > 0.95 using the green channel 

and 30 s videos at 15 frames per second (fps) from 12 participants. These authors also 

showed that the highest blood flow can be found in the cheeks and forehead. The green 

channel works best due to the capacity oxy- and deoxyhemoglobin to absorb the green 

light, which allows to measure the blood flow in the skin surface, this method is also used 

by the finger sensor tested in this study. 

10.4.3. Machine Learning Modeling 

 In this study, an artificial neural network (ANN) regression model (Model 1) was used 

to estimate the real HR and BP values using the oscillometric monitor results as targets, 

and the average of the results (HR, frequency and amplitude) and their standard deviation 

from each face region obtained from the RVA as inputs. The high correlation (R = 0.85) 

obtained in the overall model shows that it is feasible to predict HR and blood pressure 

(systolic and diastolic). This model can be used to obtain the average of these physiological 

responses in consumer sensory tests when evaluating food, beverages, and/or packaging 

to assess differences in responses to distinct samples. Authors such as Jain et al. (2016) 

have developed a method to estimate HR and BP using computer vision based on the 

extraction of the PPG signal, principal components analysis, peak detection algorithms and 

polynomial kernel regression modelling, and compared their method with a blood pressure 

monitor similar to the one used in the present study, obtaining high accuracy. However, 

the ANN models are able to learn and detect more patterns within data when more samples 

are added to the inputs, which enables the model to improve its performance. 

Furthermore, ANN has been successfully used in different fields such as to predict cardiac 

diseases based on HR data (Acharya et al., 2003, Gothwal et al., 2011) to classify level of 

acceptability of beer using non-intrusive biometrics (HR, body temperature, facial 

expressions and brainwaves) (Gonzalez Viejo et al., 2019), among others. 

 A different machine learning method was used to develop Model 2, in which a shallow 

neural network time-series technique was used to predict the real PPG raw signal of the 

luminosity changes and HR values every second using some of the results obtained from 

the RVA (HR, luminosity and magnitude) from each face region as inputs. This model, 

which resulted highly accurate (R = 0.97), would be useful for sensory studies involving 

the assessment of physiological responses of consumers to stimuli for some specific tests 

for food tasting such as temporal dominance of sensations (TDS), time-intensity sensory 

tests or while using videos as stimuli in which the responses (conscious and unconscious) 

need to be measured over time. 
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10.4.4. Application of HR and BP Responses to Sensory Analysis (Chocolates) 

 Results from the sensory analysis of chocolate for consumers’ acceptability showed 

that it is possible to find a relationship between the self-reported (conscious) and the 

physiological responses as there was a decrease in HR when consumers disliked the 

hardness of the chocolate samples. On the other hand, an increase in the SP was detected 

when consumers are more willing to purchase the product. Therefore, these findings can 

be used as an example of a potential application of the technique presented in this paper, 

however, besides food products, it may also be used along with other biometrics such as 

body temperature and facial expressions to obtain more information from consumers for 

sensory analysis of beverages (Gonzalez Viejo et al., 2019, Gonzalez Viejo et al., 2018) 

and packaging. Up to date, there are no studies, including BP as a physiological response 

to food or beverages; therefore, the method presented in this paper proposes BP as an 

additional parameter to explore deeper for this application. Therefore, further validations 

must be performed to assess the variability or changes in BP when evaluating different 

food and beverages. 

 

10.5 Conclusion 

 The proposed method using RVA which works by analyzing raw videos using the 

luminosity changes in the green channel along with machine learning algorithms based on 

artificial neural network regression to predict HR and blood pressure and shallow neural 

networks time-series prediction to estimate HR and raw signal from luminosity changes 

every second showed to be an accurate and reliable technique to measure physiological 

responses of subjects. This non-contact method can be used as a biometric tool to assess 

consumers’ responses when evaluating different stimuli such as food, beverages, and 

packaging to complement other unconscious and conscious responses that would allow to 

obtain more information in sensory analysis. This technique also has the advantage that 

it presented the best performance when using computers with different memory and 

number of cores and requires less processing times than other methods such as the pre-

processing of videos using Eulerian magnification algorithms. Further studies will consist 

of the implementation of an automatic algorithm to crop and track the specific face regions 

that would allow to optimize the method and improve the accuracy of the results and 

models. 
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CHAPTER 11  

Integration of non-invasive biometrics with sensory 

analysis techniques to assess acceptability of beer by 

consumers 

Paper published as: 

Viejo, C.G., Fuentes, S., Howell, K., Torrico, D.D. and Dunshea, F.R., 2019. Integration of 
non-invasive biometrics with sensory analysis techniques to assess acceptability of beer 
by consumers. Physiology & behavior, 200, pp.139-147. 

 

Abstract: 

Traditional sensory tests rely on conscious and self-reported responses from participants. 
The integration of non-invasive biometric techniques, such as heart rate, body 
temperature, brainwaves, and facial expressions can gather more information from 
consumers while tasting a product. The main objectives of this study were i) to assess 
significant differences between beers for all conscious and unconscious responses, ii) to 
find significant correlations among the different variables from the conscious and 
unconscious responses and iii) to develop a model to classify beers according to liking 
using only the unconscious responses. For this study, an integrated camera system with 
video and infrared thermal imagery (IRTI), coupled with a novel computer application was 
used. Videos and IRTI were automatically obtained while tasting nine beers to extract 
biometrics (heart rate, temperature, and facial expressions) using computer vision 
analysis. Additionally, an EEG mobile headset was used to obtain brainwave signals during 
beer consumption. Consumers assessed foam, color, aroma, mouthfeel, taste, flavor and 
overall acceptability of beers using a 9-point hedonic scale with results showing higher 
acceptability for beers with higher foamability and lower bitterness. i) There were non-
significant differences among beers for the emotional and physiological responses; 
however, significant differences were found for the cognitive and self-reported responses. 
ii) Results from principal component analysis explained 65% of total data variability and, 
along with the covariance matrix (p<0.05), showed that there are correlations between 
the sensory responses of participants and the biometric data obtained. There was a 
negative correlation between body temperature and liking of foam height and stability, 
and a positive correlation between theta signals and bitterness. iii) Artificial neural 
networks were used to develop three models with high accuracy to classify beers according 
to level of liking (low and high) of three sensory descriptors: carbonation mouthfeel 
(82%), flavor (82%), and overall liking (81%). The integration of both sensory and 
biometric responses for consumer acceptance tests showed to be a reliable tool to be 
applied to beer tasting to obtain more information from consumers physiology, behavior 
and cognitive responses.  
 

Keywords: Sensory analysis; face recognition; brain waves; heart rate; body 
temperature 
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11.1 Introduction 

 Beer is the most popular fermented alcoholic beverage worldwide. It is mainly 

composed of water, malted barley, hops, and yeast. Beer may have additional ingredients 

such as unmalted cereals (called adjuncts) and flavorings to meet the needs of consumers 

according to their preference (Delcour and Hoseney, 2010). The quality characteristics of 

beer based on sensory descriptors are the most relevant factors to focus on to match 

consumer preference and open new markets. The latter is based on the current trends of 

consumers demanding higher quality products (Euromonitor-International, 2014). The 

most important components and quality traits from beer are the visual attributes that 

include foam volume, foam persistence, color, and clarity, as they are related to the first 

impression that consumers have, which triggers liking responses. Other sensory attributes 

that determine the acceptability of beer and its quality perception are the alcohol content 

(which also defines its strength and sweetness level), carbon dioxide (CO2) content (which 

determines the visual attributes, mouthfeel, and release of aromas), and the absence of 

off–flavors usually developed in bottled beer (Baert et al., 2012, Cooper et al., 2002, 

Gonzalez Viejo et al., 2016). Due to the complexity of beer production methods and 

variations in the different types of the main ingredients (hops, yeast, and barley), brewers 

are able to innovate by modifying beer sensory characteristics to increase beer quality and 

to suit consumers preferences.  

 Sensory analysis of beer is the main tool to assess its quality and acceptance amongst 

consumers (Piggott, 2011). Sensory evaluation is defined as the science applied to obtain, 

measure, assess, and interpret the reactions of tasters to certain characteristics of food, 

beverages, or other non–food products as they are experienced through the human 

senses. Although there are several tests that help to analyze the sensory characteristics, 

each of them has different objectives. Within the most used sensory methods, the 

descriptive and hedonic scale tests are implemented to assess the quality and acceptance 

of the products, respectively (Stone et al., 2012, Kemp et al., 2011). The methods to test 

liking of products are established and provide data that can be statistically analyzed to 

interpret the acceptance of consumers for food products, but those measurements are still 

considered to be subjective, as they are based on intrinsic differences in perception and 

liking between panelists (Stone et al., 2012). There is a growing interest in the 

development of new and emerging techniques to be applied to sensory science, particularly 

biometrics, to complement the established procedures and obtain accurate and 

representative information about the sensory perception of food and beverage products.  

 Biometrics are different methods used to identify and recognize individuals by their 

distinctive physiological or behavioral characteristics. Based on this principle, biometric 

techniques have been widely used for personal authentication for security purposes, such 
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as fingerprinting, face or retina scanners, voice recognition, amongst others (Jain et al., 

2007). More recently, research has been focused on biometric applications to obtain 

responses from the autonomic nervous system (ANS). The ANS is related to the 

unconscious responses of the human body, such as heart rate, body temperature, and 

respiration levels, which are associated to emotional response, arousal, and stress (Marci 

C, 2009, Danner et al., 2014). Lately, research has been focused on the assessment of 

emotions elicited by different foods and beverages based on their taste, odor or overall 

product acceptance. Most of these studies have tested the relationship between the liking 

of the products using different types of scales and the ANS responses such as facial 

expressions, heart rate changes (HR), skin conductance and body temperature. However, 

the methods used for these purposes are highly invasive, since the participants must wear 

electrodes for skin conductance and temperature on their hands, and on the chest for 

measuring HR (de Wijk et al., 2014, de Wijk et al., 2012, He et al., 2014). These 

techniques might not present accurate results due to the possibility of affecting behavior 

of tasters such as levels of anxiety by unconscious awareness of the constant monitoring 

they are being subjected to due to medium level of invasiveness of sensors.  

 The measurement of brain activity using the electro encephalogram (EEG) technology 

has been used mainly as an authentication or identification method (Campisi and La Rocca, 

2014, Bento et al., 2009), and to correlate it with emotions using different types of stimuli 

such as visual and auditory (Nie et al., 2011, Chai et al., 2010), and tasting of food or 

beverages (Brown et al., 2012, Yoto et al., 2013). Moreover, early EEG studies considered 

multiple points of sensors contact with the subject head and forehead or a whole head 

cap. Furthermore, studies mentioned before did not assess the relationship between brain 

wave responses and the other biometrics (body temperature, HR, and facial expressions), 

and the conscious liking and just about right (JAR) responses from consumers when tasting 

food or beverages such as beer.  

 This paper describes the development of a new method to assess the consumer 

acceptability of beer, which could be employed for other food and beverages. This study 

has been based on the assessment of beer liking using a hedonic and just about right 

(JAR) scales in parallel to non-invasive biometric monitoring methods such as 

electroencephalograms (EEG), heart rate (HR), facial expressions recognition and body 

temperature, based on non-contact technology through video analysis algorithms and 

body temperature based on infrared thermal imagery. This paper describes the use of a 

new bio-sensory application (App) created for Android Tablet PCs, coupled with an 

integrated camera system to record videos and thermal images of participants. Those 

videos were analyzed through computer vision analysis algorithms to obtain HR using a 

customized code written in Matlab® and facial expression recognition using the 

FaceReader™ software. Additionally, an infrared thermal (IR) camera was used to measure 
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body temperature, which was also analyzed using Matlab®. Finally, brainwaves were 

tested using a non-invasive headset to obtain the brain activity signals as well as other 

interpreted responses such as attention, meditation, and zone levels. Therefore, this study 

has the following research questions: RQ1: are there any significant differences between 

the beers in the conscious and unconscious responses? RQ2: are there any correlations 

among the variables obtained from the conscious (sensory questionnaire) and the 

unconscious (biometrics) responses? and RQ3: is it possible to classify the beers according 

to liking using only the unconscious responses? 

 

11.2 Materials and methods 

11.2.1 Beers used in the test 

 Three brands of beer made using top fermentation production techniques, three from 

bottom fermentation and three from spontaneous fermentation from different countries 

(Table 11.1) were selected randomly from a set of available commercial products for this 

study to have a broader range of characteristics to assess the acceptance of their sensory 

attributes by consumers.  

 

Table 11.1. Types and subtypes of beers considered. 

Type Country of origin Label Fermentation 
Porter Poland Z Top 
Kolsch Australia P Top 

Aged Ale Scotland IG Top 
Lager Mexico XX Bottom 
Lager Netherlands H Bottom 
Pilsner Czech Republic PU Bottom 

Lambic Cassis Belgium LC Spontaneous 
Lambic 

Framboise Belgium LF Spontaneous 

Lambic Kriek Belgium LK Spontaneous 

 

11.2.2 Sensory evaluation description 

11.2.2.1 Panelists and beers preparation 

 To test the integrated biometric and sensory techniques implemented, a sensory 

session was performed with 30 consumers (19 females and 11 males) between 20 and 55 

years old, recruited from the staff and students at The University of Melbourne (UoM) in 

Australia. Before the tasting session, the participants were asked to read and sign a 

consent form according to the ethics protocol approved by The University of Melbourne. 

As part of those ethics consent forms, participants need to disclose any healthy issues, 

allergies, alcohol intolerance, among others; therefore, none of the participants suffered 
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from any respiratory, cardiovascular, or neurological disorder, and, in general, all 

participants had moderate physical activity. Participants were asked not to have any food 

or beverage other that plain water at least 30 mins before the session. Nine beers were 

covered with aluminum foil by an independent staff member before the sensory sessions 

to shield the label. A three-digit random number code was assigned to each beer to have 

double blind testing conditions to reduce biases. The beers were divided into two groups 

of four and five beers, which were semi-randomized. A sample of 15 mL at refrigeration 

temperature (4°C) was provided to participants plus crackers and water to serve as palate 

cleansers. Participants were instructed to swallow the sample and allowed to rest from 5 

to 10 mins between beers to help avoid consumers fatigue due to palate saturation caused 

by the bitter taste and complex flavors found in beers as well as to the presence of alcohol 

that would affect the sensorial perception of consumers. This resting time was also used 

to return to baselines for the biometric measurements. All consumers participated in the 

session within the same period during the afternoon to avoid the influence of circadian 

rhythm. 

11.2.2.2 Sensory acceptance tests after testing the product, image and video acquisition 

(conscious and unconscious responses) 

 The consumers affective methods consisted of a hedonic and just about right (JAR) 

tests using a 9-point (1=dislike extremely, 5=neither like nor dislike, and 9=like 

extremely) and 5-point scales (1 = much less than I like, 3=just about right, 5 = much 

more than I like), respectively (Figure 11.1) (Peryam, 1952). To obtain the biometric and 

sensory data from these tests, a new computer App (bio-sensory App) for Android Tablet 

PCs synced with an integrated camera system was developed by the sensory group from 

the School of Agriculture and Food from the Faculty of Veterinary and Agricultural Sciences 

- UoM. This App shows the sample codes and the integer number scales using text boxes 

to record data from the assessment of the beer products one by one, and the App is able 

to communicate with the cameras and take thermal images and record videos of assessors 

during the evaluation of the first question for visual, aroma and mouthfeel for their later 

assessment of specific biometrics using computer vision algorithms and FaceReader™ 6.1 

software (Noldus Information Technology, Wageningen, Netherlands), which is described 

below. All the instrumentation and hardware were synchronized as part of the setting in 

the tablets and internal settings from instruments 
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Figure 11.1. Tablet PC showing the Sensory App displaying an example of a (a) hedonic 
9-point and (b) just-about-right 5-point scales showing the name of each possible mark.  

 

 Table 11.2 shows the sensory attributes evaluated by consumers for both tests and 

their abbreviations. To evaluate the visual attributes, a representative video from the 

foamability of each sample obtained using the RoboBEER pourer (Gonzalez Viejo et al., 

2016) was presented on the tablet screens to avoid biases on foamability perception from 

the beers. Once the session finished, the App gathered and saved all the scale responses 

data in a text file (.txt), respective videos from panelists in Motion Pictures Expert Group-

4 files (.MP4), and thermal images in Joint Photographic Experts Group format (.jpg) for 

further analysis.  

 

Table 11.2. Attributes evaluated in the sensory session for each test. 

Attribute Abbreviation 
Hedonic Test (9-points) 

Visual foam stability VFStab 
Visual foam height VFHeight 

Visual color VColor 
Aroma overall Aroma 

Mouthfeel carbonation MCarb 
Taste bitter TBitter 

Flavor overall Flavor 
Overall liking Overall 

JAR Test (5-points) 
Visual foam height JARFHt 

Visual foam stability JARFStab 
Taste bitter JARBitt 

 

11.2.2.3 Biometric measurements (unconscious responses) 

 Biometric measurements were acquired from video data acquisition, infrared 

thermography, and electroencephalograms to obtain a series of physiological, emotional 

and cognitive parameters related to responses from participants during the beer 

evaluations. 

 

 a) b) 
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11.2.2.3.1 Portable booths, EEG, infrared thermography, and video acquisition. 

 In order to isolate the participants from any external distracting factor, the sessions 

were performed at room temperature (24 - 25°C) conditions and in individual portable 

booths designed by the FVAS sensory group. Within booths, it is possible to regulate the 

lighting color and intensity to have a uniform luminosity while evaluating the beers (Fig 

2). When panelists assessed the beers, infrared thermal images (IRTI) were captured 

every two seconds using a FLIR AX8™ camera (FLIR Systems, Wilsonville, OR. USA), and 

video was recorded using a Raspberry pi camera module v2.1 (Raspberry Pi Foundation, 

Cambridge, U.K.) per sample from the first question from each part of the test (visual, 

aroma and mouthfeel). This procedure obtained the reaction when the participant was 

watching the pouring video, smelling and tasting the beers and to calculate averages for 

each beer assessment. The IRTIs were then analyzed by extracting the radiometric data 

(.dat) and visual images (.jpg) using the FLIR Tools software (FLIR Systems, Wilsonville, 

OR. USA). The lighting of the booths was critical to obtain high quality videos to be able 

to detect the participants face changes to analyze facial emotions and heart rate. 

Furthermore, videos were captured with resolution of 1640 x 1232 pixels at 30 frames per 

second. The EEG data were obtained using a MindWave™ Mobile EEG headset (NeuroSky, 

Inc. San Jose, CA. USA), which has a dry single electrode that is in contact with the subject 

and is considered as non-invasive (Ramesh and Das, 2015, Ekandem et al., 2012). 

According to Anupama et al. (2012), for EEG research, invasive systems are those in which 

electrodes are directly implanted into the brain, low-invasive are those in contact with the 

skull, but not in direct contact with brain, whilst the non-invasive devices are those with 

dry electrodes and are in contact with the external part of the forehead and/or head of the 

subject. This headset was worn by the taster (Figure 11.2), and the data was transmitted 

via Bluetooth to a laptop PC where the data was processed and recorded throughout the 

session using MyndPlay Ltd. Software (MyndPlay Ltd. London, ENG. UK). 
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Figure 11.2. Participant during the sensory session and equipment used: 1) portable 
booth, 2) constant lighting, 3) integrated camera system, where: 4) Raspberry pi camera 
module v2.1 to record videos, 5) FLIR AX8™ infrared thermal camera, 6) bio-sensory App 
displaying the sensory form, and 7) EEG headset connected to a 8) laptop PC. 

 

11.2.2.3.2 Image and video analysis algorithms after testing the product  

 The radiometric data from IRTIs were analyzed to obtain body temperature (IR) using 

a customized code written in Matlab® ver. R2016a (Mathworks Inc., Matick, MA. USA) 

implementing the cascade object detector for automatic recognition of the eye section of 

the panelists per jpg image (Viola and Jones, 2001). The images and IRTIs are then co-

registered to obtain one variable, which is the maximum temperature from the eye region 

per IRTI (Figure 11.3). If the eye sections are not recognizable or the subject uses glasses, 

the code skips to a whole face recognition algorithm to obtain the maximum temperature 

from this new region, which usually coincided to the middle of the forehead close to the 

eye region.  
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Figure 11.3. Eyes detection using the cascade object detector to extract temperature from 
the eyes region using Matlab® 

 

 The videos recorded during the sensory session were further assessed through image 

analysis algorithms using three customized function Matlab® codes. The first function was 

used to magnify color changes based on the Eulerian Video Magnification algorithm 

developed by the Massachusetts Institute of Technology (MIT, Boston, MA. USA) (Wu et 

al., 2012). The second function was used to track and crop the face of the participant 

along the duration of the video based on the Viola-Jones method (Viola and Jones, 2001), 

and a third function was used to obtain the luminosity changes in the face within the length 

of videos to obtain one variable, which is the heart rate value in beats per minute (BPM) 

calculated in every 0.5 s of the video. This function needs a video of at least 10 seconds 

to start calculations. 

 The original videos were additionally analyzed using the FaceReader™ 6.1 software. 

This program works by detecting the participants face, followed by face modelling 

algorithms, which are able to identify face changes and movements to be related to a 

database of movements associated with different expressions. The last step is the 

classification of expressions, which can be linked to eight different emotions, which are: i) 

happy, ii) sad, iii) angry, iv) surprised, v) neutral, vi) disgusted, vii) contempt and viii) 

scared. The software is also able to measure the ix) valence dimension, which assesses 

the positive and negative responses, and the x) arousal dimension that determines the 

level of impact that the stimuli had on the participants. Other parameters obtained through 

FaceReader™ are xi) gaze direction (GazeDir), which was given a value of -1 for left, 0 

forward and 1 right, and head orientation for xii) X (X-Head), xiii) Y (Y-Head) and xiv) Z 
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(Z-Head) position, where X measures head position horizontally, Y the head position 

vertically and Z the proximity. 

11.2.2.3.3 EEG signal analysis after testing the product  

 The EEG data were processed in real time by the MyndPlay Ltd. software. The raw 

data was then exported to an Excel file for further analysis. This headset is able to record 

the raw data for all brainwaves: i) low gamma, ii) mid gamma, iii) low beta, iv) high beta, 

v) low alpha, vi) high alpha, vii) theta, and viii) delta. Additionally, the MindWave™ Mobile 

EEG headset has eSense™ meters that are able to process signals to give levels of ix) 

attention, x) meditation, xi) zone, and xii) blinking from the participants while evaluating 

the beers.  

11.2.3 Statistical analysis and artificial neural networks (ANN) 

 The values for all conscious and unconscious responses were normalized and assessed 

through an analysis of variance (ANOVA) and the Fishers least significant difference (LSD) 

test at a 0.05 alpha level using a code written in SAS® 9.4 software (SAS Institute Inc. 

Cary, NC. USA) to determine whether there were significant differences between beers, 

which allowed to answer RQ1. Furthermore, some of the conscious and unconscious 

responses (Table 11.3) were analyzed by using multivariate data analysis with a 

customized code written in Matlab® (Fuentes, unpublished), which used principal 

components analysis (PCA) to assess the relationship between the parameters measured; 

the factor loadings of the first two principal components are shown in Appendix VIII (Table 

S11.1). This code was also able to produce the covariance matrix for all descriptors in the 

PCA to assess their correlation, from which only the most significant (p<0.05) were plotted 

and represented using a color bar with minimum values of -1 (black) passing to 0 (grey) 

and with maximum values of 1 (light grey).  
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Table 11.3. Parameters used to perform multivariate data analysis. 

Parameter Abbreviation 
Sensory acceptance tests 

Visual foam stability VFStab 
Visual foam height VFHeight 

Aroma overall Aroma 
Mouthfeel carbonation MCarb 

Taste bitter TBitter 
Flavor overall Flavor 
Overall liking Overall 

JAR Visual foam height JARFHt 
JAR Visual foam stability JARFStab 

JAR Taste bitter JARBitt 
Biometric measurements (Physiological) 

Body temperature IR 
Heart rate HR 
Biometric measurements (FaceReader™) 

Neutral Neutral 
Happy Happy 

Contempt Contempt 
Angry Angry 

Surprised Surprised 
Scared Scared 

Disgusted Disgusted 
Head proximity Z-Head 
Head orientation 

in x-axis X-Head 

Gaze direction GazeDir 
Biometric measurements Electroencephalogram (EEG) 

Blinking Blink 
Attention Attention 
Meditation Meditation 

Zone Zone 
Delta Delta 
Theta Theta 

Low beta Low Beta 
High beta High Beta 
Low alpha Low Alpha 
High alpha High Alpha 

Low gamma Low Gamma 
Mid gamma Mid Gamma 

 

 After testing all the different machine learning algorithms for pattern recognition, 

artificial neural network modelling was selected as it was able to create the best models. 

Therefore, three artificial neural network (ANN) models were developed using the pattern 

recognition tool from Matlab Neural Network Toolbox 10™ (Mathworks Inc., Matick, MA. 

USA) to classify beers in two categories (Low and High) according to their level of i) 

carbonation mouthfeel (MCarb), ii) Flavor and iii) Overall liking. The selection of these 

descriptors for creating the models was due to their importance in the assessment of 

quality by consumers when tasting beer (Bamforth et al., 2011). Furthermore, levels of 

liking were categorized by normalizing the data from -1 to 1 and selecting values ≤0 as 

low liking and >0 as high liking. These three models were developed using 24 biometric 

responses from physiological, FaceReader™, and EEG (Table 11.3) as inputs and both low 
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and high levels of liking as targets. The three models were developed using a random data 

division with 70% (n = 183) scaled conjugate gradient training algorithm, 15% (n = 39) 

for validation with a cross entropy algorithm for performance, and 15% (n = 39) for 

testing. Ten hidden neurons were used to develop the model (Figure 11.4).  

 

 
Figure 11.4. Artificial neural networks model with two-layer feedforward network, sigmoid 
function, and ten hidden neurons for pattern recognition using 24 biometrics as inputs and 
two levels of liking as targets (low and high) for the three models: i) Carbonation mouthfeel 
(MCarb), ii) Flavor and iii) Overall liking 

 

11.3 Results  

11.3.1 RQ1: Significant differences between beers 

 The results from the ANOVA aided in the response for the RQ1 as it was found that 

there were non-significant differences between any of the parameters obtained using 

FaceReader™, body temperature, heart rate, and some brainwave signals such as delta, 

low alpha, and mid gamma. Responses that presented significant differences were 

observed for most brainwave responses and all sensory attributes assessed in the sensory 

questionnaire. From the EEG responses (Table 11.4), the spontaneous fermentation beers 

were the highest in attention levels (0.38 – 0.45), while top and bottom fermentation 

elicited similar levels of attention within the 0.29 and 0.40 range. While the theta signal 

was the lowest rating for spontaneous fermentation with values within 0.29 and 0.36, 

followed by top and bottom fermentation beers with signals between 0.37 and 0.42, and 

0.37 and 0.43, respectively.  

 Differences in liking of basic tastes were found between the beers from the three types 

of fermentation (Table 11.5) such as bitterness (TBitter), which had the highest scores in 

liking for the spontaneous fermentation beers (spont.) with mean values from the 

normalized responses between 0.64 and 0.73, followed by the bottom fermentation beers 

(0.43 – 0.59), being the top fermentation the lowest in liking (0.30 – 0.51). For overall 

liking, the spontaneous fermentation beers were the most preferred with scores within 

0.65 – 0.73, followed by bottom fermentation beers (0.43 – 0.61) being the top 

fermentation beers the least preferred (0.35 – 0.55).  
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Table 11.4. Means of normalized values and letters of significance for brainwave responses for each 
sample.  

Beer Type 
ferm. Attention Meditation Zone Theta High 

Alpha 
Low 
Beta 

High 
Beta 

Low 
Gamma 

LF Spont. 0.45a 0.55a 0.60a 0.29c 0.25c 0.13b 0.27c 0.12bc 
LK Spont. 0.43a 0.54a 0.58ab 0.32bc 0.27bc 0.13b 0.29bc 0.11c 
XX Bottom 0.40ab 0.49ab 0.53abc 0.37ab 0.34ab 0.24a 0.33ab 0.21ab 
P Top 0.39abc 0.47ab 0.52abcd 0.40a 0.35ab 0.18ab 0.37a 0.17abc 
LC Spont. 0.38abc 0.47ab 0.51abcd 0.36ab 0.32abc 0.19ab 0.36ab 0.17abc 
Z Top 0.35abc 0.42b 0.46bcd 0.42a 0.38a 0.22ab 0.39a 0.18abc 
H Bottom 0.31bc 0.38b 0.42cd 0.43a 0.37a 0.27a 0.39a 0.26a 
PU Bottom 0.31bc 0.41b 0.43cd 0.39ab 0.32abc 0.25a 0.36ab 0.23a 
IG Top 0.29c 0.38b 0.40d 0.37ab 0.35ab 0.27a 0.36ab 0.26a 

Abbreviations: Type ferm. = type of fermentation, Spont = spontaneous. Abbreviations for 
the beers are shown in Table 11.1. 

 

Table 11.5. Means of normalized values and letters of significance for sensory descriptors for each 
sample. 

Beer Type 
ferm. VColor VFHeight VFStab Aroma MCarb TBitter Flavor Overall 

H Bottom 0.69a 0.64ab 0.66a 0.60abc 0.63ab 0.59bc 0.59bc 0.61bc 
IG Top 0.69a 0.70a 0.66a 0.56abcd 0.49c 0.46d 0.50cd 0.52cd 
P Top 0.69a 0.63ab 0.63a 0.55bcd 0.55bc 0.51cd 0.54c 0.55c 

XX Bottom 0.68a 0.33c 0.34b 0.47d 0.52c 0.47d 0.41de 0.43de 
PU Bottom 0.67a 0.57b 0.58a 0.51cd 0.49c 0.43d 0.51cd 0.53cd 
LK Spont. 0.67a 0.53b 0.63a 0.61abc 0.67a 0.64ab 0.65ab 0.65ab 
LC Spont. 0.66a 0.61ab 0.66a 0.64ab 0.65ab 0.66ab 0.67ab 0.67ab 
LF Spont. 0.62a 0.63ab 0.64a 0.66a 0.71a 0.73a 0.74a 0.73a 
Z Top 0.47b 0.59b 0.60a 0.49d 0.47c 0.30e 0.36e 0.35e 

Abbreviations: Type ferm. = type of fermentation, Spont = spontaneous. Abbreviations for 
beers and descriptors are shown in Tables 11.1 and 11.3. 

 

11.3.2 RQ2: Correlations between variables (conscious and unconscious) 

 Figure 11.5a shows the PCA for the most representative biometric and sensory 

parameters in which the principal component one (PC1) described 39.5% of the data 

variability, while the principal component two (PC2) comprised 25.6%. Thus, a total of 

65.1% of the data variability was explained by the PCA. The PC1 was mainly represented 

by MCarb, TBitter, flavor and overall liking, and attention, meditation, and zone on the 

negative side of the axis, while it is represented by most brainwaves (theta, low alpha, 

high alpha, high beta, low beta, and low gamma) on the positive side. On the other hand, 

PC2 is characterized by VFHeight, VFStab, and JARFStab on the positive side of the axis, 

and disgusted, Z-head and IR on the negative side (Table S11.1). 

 As shown in the PCA, the spontaneous fermentation beers (LF, LK, and LC) were the 

highest in liking of TBitter, MCarb, flavor, aroma, JARFHt and overall liking, while top 

fermentation beers (Z, IG, and P) are less liked in terms of the aforementioned-

descriptors. On the other hand, the bottom fermentation beer XX was the sample that 

elicited the highest disgusted emotion and lowest in liking of the foam-related parameters. 
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 Figure 11.5b shows the covariance matrix for all descriptors presented in the PCA in 

which the black side of the scale represents the positive correlation, and the light grey 

side depicts the negative correlation for those with significance of p<0.05. This analysis 

along with the PCA helped to respond to the RQ2 as there were several correlations found 

among the different conscious and unconscious descriptors. It can be observed that the 

theta signal was positively correlated with JARBitt (R = 0.69), while the latter was 

negatively correlated with meditation (R = -0.85) and zone (R = -0.85) and, although not 

significant, JARBitt had a negative relationship with X-Head and Z-Head. 

 MCarb had a positive correlation with JARFHt (R = 0.68) and a negative correlation 

with low beta (R = -0.69) and high alpha (R = -0.68) frequencies. Body temperature (IR) 

had an increase when participants were more disgusted (R = 0.72) and had a negative 

correlation with VFHeight (R = -0.72) and VFStab (R = -0.68). On the other hand, aroma 

had a positive correlation with VFStab (R=0.69), JARFHt (R = 0.77) and JARFStab (R = 

0.70). Furthermore, overall liking was positively correlated with aroma (R = 0.94), MCarb 

(R = 0.89), and TBitter (R = 0.95), which means that these three descriptors had a higher 

influence in the overall liking rating. The interpretation of the brainwave signals will be 

detailed in the discussion section. 
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Figure 11.5. Results from the multivariate data analysis where: (a) biplot of the principal 
components analysis (PCA) for biometrics and sensory descriptors and (b) covariance 
matrix obtained from the standardized scores, only significant correlations (p<0.05) are 
shown. The beers from PCA and their abbreviations are shown in Table 11.1 (squares = 
bottom fermentation, circles = top fermentation, triangles = spontaneous fermentation). 
Abbreviations of the descriptors are shown in Table 11.3 

 

 

a) 

b) 
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11.3.3 RQ3: Classification models using machine learning algorithms 

 Table 11.6 shows the three pattern recognition models developed using ANN and are 

represented using confusion matrices. Using the 24 biometric responses shown in Table 

11.3 as inputs from each participant, the models were able to classify the beers with high 

accuracy according to the level of Flavor (82%), MCarb (82%) and Overall liking (81%), 

all classified into two categories, low and high liking. The flavor liking model had an 85% 

accuracy during the training, 80% during the validation, and 72% in the testing stage, 

while the MCarb model had an 86% accuracy during training, 82% in validation, and 64% 

in the testing stage. The overall liking model accounted for 84% accuracy in the training, 

82% validation and 64% in the testing stage. Therefore, these models respond to the RQ3 

as it is possible to classify the beers according to the level of liking using machine learning 

modelling.  

 

Table 11.6. Overall confusion matrices for the three models A) flavor, B) carbonation mouthfeel 
(MCarb), and C) Overall liking. 

Liking level 
Model A Flavor – Low Flavor – High Accuracy 

Error 

Flavor – Low 108 
41.4% 

26 
10.0% 

80.6% 
19.4% 

Flavor – High 20 
7.7% 

107 
41.0% 

84.3% 
15.7% 

Accuracy 
Error 

84.4% 
15.5% 

80.5% 
19.5% 

82.4% 
17.6% 

Liking level 
Model B MCarb – Low MCarb – High Accuracy 

Error 

MCarb – Low 73 
28.0% 

16 
6.1% 

82.0% 
18.0% 

MCarb – High 31 
11.9% 

141 
54.0% 

82.0% 
18.0% 

Accuracy 
Error 

70.2% 
29.8% 

89.8% 
10.2% 

82.0% 
18.0% 

Liking level 
Model C Overall – Low Overall – High Accuracy 

Error 

Overall – Low 96 
36.8% 

28 
10.7% 

77.4% 
22.6% 

Overall – High 23 
8.8% 

114 
43.7% 

83.2% 
16.8% 

Accuracy 
Error 

80.7% 
19.3% 

80.3% 
19.7% 

80.5% 
19.5% 

*The top values correspond to the number of samples and the bottom values to the 
percentage for each category. Numbers in italics represent the error. 

 

 The receiver operating characteristics curves for the three ANN models are shown in 

Figure 11.6. These curves were obtained by the threshold variation. In the three models, 

both low and high levels of liking presented similar true-positive rates (sensitivity), whose 

values can be observed in the percentage of accuracy in the last row of each model in 

Table 11.6. It can be observed that in the first model (flavor liking; Figure 11.6a) the high 

liking had a slightly lower sensitivity and higher specificity (false positive rate) than the 



 

280 
 

low liking category (84.4% and 80.5%, respectively), on the other hand, in the MCarb 

liking model (Figure 11.6b) the low liking had higher specificity than the high liking 

category (70.2% and 89.8, respectively), and in the overall liking model (Figure 11.6c), 

the high liking had slightly lower sensitivity than the low liking group with 80.3% and 

80.7%, respectively. 

 

 
Figure 11.6. Receiver operating characteristic (ROC) curves for the three ANN pattern 
recognition models: (a) flavor liking, (b) carbonation mouthfeel (MCarb) liking, and (c) 
overall liking.  

 

11.4 Discussion 

11.4.1 RQ1: Significant differences between beers 

 For the unconscious responses related to emotions and physiological (IR and heart 

rate) variables, non-significant differences between beers were found; this coincides with 

other studies made using chocolate as stimulus (Torrico et al., 2018). The descriptors that 

significantly differentiated the beers were the brainwave readings and liking sensory 
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attributes (Fig. 5). Spontaneous fermentation beers, which are the less bitter beers were 

the highest in liking of bitter taste (TBitter), as well as in overall liking and levels of 

attention from the EEG responses with significant differences among the other beer types. 

The beer sample perceived as the most bitter (Z) was rated as the lowest in overall liking, 

this could be since bitter products are considered to be unpleasant by most people due to 

different factors such as genetics and the relationship of bitterness and poisonous 

substances (Dinehart et al., 2006, Wang et al., 2004).  

11.4.2 RQ2: Correlations between variables (conscious and unconscious) 

 Brainwave responses that resulted significantly different were: i) theta (4 – 7 Hz), 

which is related to the intuitive, creative and recalling states, ii) low beta (12 – 15Hz), 

which is higher when the person is relaxed but focused and integrated, iii) high beta (21 

– 30 Hz), which is high when the person is alert and agitated, iv) high alpha (10 – 12 Hz) 

when the subject is tranquil but conscious, and vi) low gamma (31 – 40 Hz), which is the 

band for motor functions and high mental activity (Neurosky, 2009, Neurosky, 2015). 

These brainwaves, along with low alpha and mid gamma were negatively correlated with 

attention, meditation and zone (Figure 11.5), this can be because the headset used in this 

study has independent sensors for the brainwave frequencies, and hence the calculations 

for attention, meditation and zone are not based on the signal level.  

 Theta had a positive correlation with JARBitt, which means that consumers are more 

intuitive and recall more information when the beers have more bitterness than consumers 

like. On the contrary, meditation and zone (mental state between calm and focus) had a 

negative correlation with JARBitt, which might be due to the fact that consumers tend to 

be more aware when a product is too bitter as this taste is related to poisonous products 

from an evolutionary perspective (Wang et al., 2004, Dinehart et al., 2006). This can also 

be noted in the negative relationship between the level of bitterness (JARBitt) and head 

orientation (X-Head and Z-Head) (Figure 11.5a). In a study with newborns, the 

participants presented head turning and retraction when tasting bitter solutions; this, 

according to the author, could be an indicative of a defense reaction to a negative or 

potentially toxic taste (Ganchrow et al., 1983, Robert Soussignan and Schaaf, 2006). 

MCarb had a negative correlation with frequencies such as high alpha and low beta. This 

could indicate that consumers tend to be relaxed but still focused and conscious when they 

like the carbonation mouthfeel in beer. 

 For the emotions obtained through FaceReader™, disgusted had a positive correlation 

with body temperature, which means that consumers increased their temperature when 

they did not like much a beer sample, this differs with results reported in few studies, 

where the head temperature decreased with the increased disgusted emotion (Kreibig, 

2010). However, those studies were based on real-life situations such as harassment and 
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short-circuit threat; thus, the stimulus could render in the discrepancies found in the 

relationships on the different studies. Furthermore, body temperature had a negative 

correlation with liking of foam height and foam stability, therefore, the higher the liking, 

the lower the body temperature, similar results were found in a study by De Wijk (de Wijk 

et al., 2012), where there was an increase in skin temperature when assessing disliked 

foods visually. 

 The high and positive correlation between liking of aroma, and liking of foam stability, 

JARFHt and JARFStab could be explained by foamability of beer aiding in the release of 

aroma compounds, similar to the sparkling wine (Liger-Belair et al., 2009). The positive 

correlation between JARFHt and the liking of descriptors such as aroma and MCarb 

confirms previous reports, which show that the foam volume is one of the main visual 

attributes that influence consumers acceptability of carbonated beverages (Gonzalez Viejo 

et al., 2016, Cooper et al., 2002, Condé et al., 2017). It was observed that the beers 

within the high foam volume group (spontaneous fermentation) had the highest scores for 

overall liking (Table 11.5). Furthermore, consumers overall liking was positively correlated 

with their liking of bitterness, aroma and carbonation mouthfeel. 

11.4.3 RQ3: Classification models using machine learning algorithms  

 This study has extended the use of biometrics and sensory questionnaires focused 

only in the use of two or three invasive biometric techniques that involve the use of 

electrodes to measure heart rate, skin conductance and/or body temperature (de Wijk et 

al., 2014, de Wijk et al., 2012, He et al., 2014) to include four non-invasive biometrics to 

obtain unconscious responses of participants and showed to be related with their conscious 

responses. The use of invasive devices makes consumers more aware of the 

measurements, and they tend to be more biased. Three models were developed obtaining 

high accuracy to classify beers according to their level of liking (low and high) for 

descriptors such as flavor, MCarb and overall liking using 24 responses obtained from the 

ANS of consumers such as their brainwave frequencies, blinking, emotions, head 

orientation, gaze direction, body temperature and heart rate, based on machine learning 

algorithms (Table 11.6). Previous reports have found differences when assessing liking 

and in the use of hedonic scales in cross-cultural studies (Shavitt et al., 2008, Ares, 2018, 

Jaeger et al., 2017). Therefore, the development of a tool based on ANN models for 

individual participants to classify beers by using only their cognitive, physiological and 

emotional responses will avoid biases of conscious responses, differences in the 

understanding of lexicon used, and cultural backgrounds, which would provide more 

accurate information about the liking of food and beverages. The use of these models 

would ease the rapid classification of beers into high and low liking levels for three of the 

most important descriptors (MCarb, flavor and overall liking) by considering their behavior 
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and unconscious responses to enrich and complement the results from sensory 

questionnaires based on the conscious responses from consumers.  

 

11.5 Conclusion and managerial implications 

 By using a comprehensive catalogue of traditional sensory analysis and emerging 

technologies, this study shows that consumers preference is more focused on beers with 

higher foam and lower bitterness, which could be determined with both sensory conscious 

and unconscious responses. The use of affective tests in sensory evaluation combined with 

biometric techniques such as EEG, facial expressions, body temperature, and heart rate 

resulted in the development and application of a valid and rapid tool to assess consumers 

acceptability to beer. The use of the machine learning models presented would aid in the 

process of products development to reduce the time spent in consumer tests that would 

allow to conduct a rapid screening and reduce the number of beers. This technique would 

also allow reducing the costs and time spent in sensory sessions as the tools needed, such 

as tablet PCs and internet connection are easily accessible, would require a one-time 

investment, and the results are uploaded to the cloud in real time. Therefore, this method 

would potentially improve management strategies for product commercialization and / or 

price setting based on the biometric responses and consumers acceptability of the 

products. Furthermore, the tools and analysis presented here can be applied to obtain 

more objective measurements to understand the complex sensory interactions, which 

underpin the consumer preferences of other foods and beverages. 

 

11.6 Limitations of the study 

 Some limitations found in this study were the effects of alcohol due to the type of 

beverage that could have a carryover effect during the beers evaluation; however, it was 

minimized with the semi-randomization of the beers. The number of participants that was 

restricted to 30 due to the availability of equipment (only two EEG devices) as it was only 

possible to conduct the session with two participants at a time. Furthermore, as the level 

of synchronicity of the biometrics has been reached, now it is feasible to increase the 

number of consumers in further studies to be able to compare different groups based on 

gender and culture.  
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CHAPTER 12  

Robotics and computer vision techniques combined with 

non-invasive consumer biometrics to assess quality 

traits from beer foamability using machine learning: A 

potential for artificial intelligence applications 

Paper published as: 

Gonzalez Viejo, C., Fuentes, S., Howell, K., Torrico, D. and Dunshea, F.R., 2018. Robotics 
and computer vision techniques combined with non-invasive consumer biometrics to 
assess quality traits from beer foamability using machine learning: A potential for artificial 
intelligence applications. Food control, 92, pp.72-79. 

 

Abstract:  

Foam-related parameters greatly influence other sensory attributes of beer such as 
aromas, flavors, and mouthfeel; therefore, the visual assessment of beers is one of the 
most important quality traits, since it creates the first impression of consumers in 
determining the willingness to taste the product and perceived quality. Sensory analysis 
has been extensively used to assess consumers acceptability; however, this can only 
obtain their self-reported conscious responses. Therefore, biometric techniques have been 
used to assess the subconscious responses, which provide more information from 
consumers when integrated with sensory evaluation questionnaires. In this study, non-
invasive biometrics, along with a sensory questionnaire, were used to assess consumers 
perception of visual attributes of 15 beers from pouring videos obtained using the 
RoboBEER (automatic robotic pourer). The sensory session was conducted with 30 
participants using an integrated camera system, which consists of an infrared thermal 
camera and video recording coupled with a Bio-sensory computer application (App) and 
an eye-tracking device. Objective physical parameters from beer pouring were obtained 
using the RoboBEER and computer vision algorithms. Results from the Just About Right 
(JAR) and acceptance tests showed that consumers preferred top fermentation beers, 
which have a medium foam height and stability and tend to highly penalize bottom 
fermentation beers with lower foam. The principal components analysis explained a total 
of 52% of data variability. A correlation matrix was developed to assess significant 
correlations between the conscious, subconscious and physical data such as the positive 
correlation between perceived quality and heart rate, and the negative correlation 
between foam stability liking and foam drainage. Furthermore, an artificial neural network 
model (ANN) with 82% accuracy was developed using 28 parameters from the 
subconscious and objective physical data as inputs to classify beers per participant 
according to their level of liking of foam height (low and high). The combined use of these 
techniques showed to be an accurate and rapid tool to assess the visual sensory perception 
of beers based on the RoboBEER and biometric outputs from consumers with significant 
potential applications for fast screening within the beer industry. 
 

Keywords: biometrics; beer quality; artificial intelligence; visual consumer test; artificial 
neural networks 
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12.1 Introduction 

 Visual descriptors are among the most important quality traits for consumers when 

assessing or selecting a food or beverage as they create the first impression of the product. 

Usually, consumers assess a product, first by its label and packaging, followed by the 

appearance of the food or beverage before they decide whether to taste it or not. In 

contrast to other beverages, the visual characteristics of beer that determine its quality 

and that are more appealing to consumers are foamability, which is the capacity of beer 

to form foam, foam stability, and clarity. Other sensory attributes such as flavor and taste, 

aromas, and mouthfeel that are important for consumers, are also influenced by the foam-

related parameters (Dale et al., 1999, Donadini et al., 2011, Gonzalez Viejo et al., 2018).  

 Foam-related parameters in beer are mainly influenced by the type of fermentation 

(top, bottom or spontaneous), raw material, chemical composition of final product 

(proteins, carbohydrates, lipids, pH, among others), type of carbonation (natural vs 

artificial) and packaging (type of seal, thickness of glass) (Bamforth et al., 2011, Donadini 

et al., 2011, Badui, 2006). Due to the significant contribution of foam to beer quality, 

previous studies have been conducted to assess consumer preference based on foam 

stability, presence or absence of foam, lacing, and prediction of bitterness by looking at 

the foam (Smythe and Bamforth, 2003, Donadini et al., 2011, Bamforth, 2000). However, 

these studies have been assessed by only using still standard images and not by showing 

the whole process of pouring of different commercial products. Furthermore, these studies 

only evaluated the preference of the images presented, forcing the participants to select 

only the most preferred sample.  

 Hence, there is the requirement of conducting a study using videos taken from a 

standardized pouring method and the use of traditional sensory along with other novel 

techniques such as biometrics to assess consumers conscious and subconscious responses. 

Traditional sensory methods to evaluate consumer acceptability, such as the 9-points 

hedonic scale in combination with just about right (JAR) test, have been widely used in 

food and beverages, especially for product development and to understand consumers 

needs. However, these methods are considered subjective, additional to the trend that 

consumers have that they usually avoid using the extremes of the scale, which may have 

a bias in the results (Stone et al., 2012, Kemp et al., 2011). Therefore, several authors 

have incorporated the use of more objective techniques such as physiological and 

emotional responses as well as eye-tracking to better understand consumers by assessing 

their subconscious responses (de Wijk et al., 2014, de Wijk et al., 2012, He et al., 2014, 

Kreibig, 2010, Danner et al., 2014, Antúnez et al., 2013, Ares et al., 2013).  

 Eye-tracking is a technology used to detect and track the gaze movements and 

positioning. It is usually a non-invasive technology that is being applied for gaming and 
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for research purposes mainly towards the understanding of consumers when looking at 

websites, labels and packaging (Mele and Federici, 2012, Piqueras-Fiszman et al., 2013, 

Ares et al., 2013, Torrico et al., 2018b). Other authors such as Mitterer-Daltoé et al. 

(2014) proposed a different application by assessing eye tracking using plates with food, 

including fish as stimuli. Furthermore, Kochukhova and Gredebäck (2010) used this 

technology with preverbal infants using videos as stimuli. However, there is no research 

using eye-tracking to assess the acceptability of carbonated beverages such as beer by 

showing videos during pouring. Moreover, recent studies have applied machine learning 

modelling using the RoboBEER (automatic robotic pourer) results as inputs compared to 

sensory attributes and chemometry of beers to classify objectively quality traits (Gonzalez 

Viejo et al., 2018) and fermentation type (Gonzalez Viejo et al., 2016) as targets. 

 The main aim of this study was to assess consumers acceptability and perceived 

quality of beer from visual appearance of pouring and foaming dynamics as well as to 

develop a machine learning model to predict liking using the consumers subconscious 

responses and objective physical parameters of the samples as inputs. The stimuli 

presented were videos from the pouring of different beer samples using the RoboBEER 

prototype to standardize the samples, reduce bias, and to apply computer vision 

algorithms to obtain objective quality traits from beers and foam dynamics. The latter was 

also combined using a traditional sensory questionnaire and novel non-invasive biometric 

techniques obtained from visible and infrared thermal videos such as heart rate, body 

temperature, facial expressions, and eye-tracking. Finally, a liking model using machine 

learning techniques was developed based on biometrics from consumers in combination 

with automated outputs from the RoboBEER, which rendered high accuracy in the 

classification of beers between low and high liking. The latter offers high potential for fast 

screening of products using pouring of beers, consumer non-invasive biometrics, and 

computer vision algorithms to the industry with potential applications to artificial 

intelligence-based screening. 

 

12.2 Materials and Methods 

12.2.1 Sensory session description and biometrics 

 A sensory session with 30 beer consumers (20 females and 10 males) within the range 

of 20 – 40 years old recruited from the staff and students of The University of Melbourne, 

Australia, was conducted to evaluate pouring videos from 15 different commercial beer 

samples, only one video per sample was shown (Table 12.1). The main objective was to 

assess the visual judgment of consumers using self-reported forms and biometrics. The 

selection of beer samples was made randomly from different types of fermentation and 
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countries of origin to have a good range of foam-related characteristics. The videos from 

samples were obtained using a robotic pourer RoboBEER to standardize the external 

effects that can cause discrepancies in bubbles, and foam formation and stability (Gonzalez 

Viejo et al., 2016).  

 

Table 12.1. Types of beer samples, country of origin, label, and type of fermentation used for the 
sensory session and analyses. 

Beer style Type of Fermentation Country of Origin Label 
Pilsner Bottom Czech Republic PU 

Low alcohol 
Lager Bottom Germany BB 

Lager Bottom Mexico C 
Lager Bottom Mexico XX 
Lager Bottom Netherlands H 
Kolsch Top Australia P 

India Pale Ale Top Australia IP 
Blonde Ale Top Belgium L 

Porter Top Poland Z 
Aged Ale Top Scotland IG 

Lambic Cassis Spontaneous Belgium LC 
Lambic Framboise Spontaneous Belgium LF 

Lambic Gueuze Spontaneous Belgium LG 
Lambic Kriek Spontaneous Belgium LK 
Lambic Kriek Spontaneous Belgium OK 

 

 The sensory session was conducted in individual booths from the sensory laboratory 

located in the Faculty of Veterinary and Agricultural Sciences from the University of 

Melbourne, Australia. Each booth had a newly developed integrated camera system, which 

consists of an infrared thermal camera FLIR AX8 (FLIR Systems, Wilsonville, OR. USA) and 

a Samsung Galaxy View 18 inches tablet (Samsung Group, Seoul, South Korea) coupled 

with a Bio-sensory application (App) that was used to display the videos, questionnaire 

and obtain self-reported answers (conscious responses) from consumers through the 

touch screen (Gonzalez Viejo et al., 2019). The latter consisted of three questions to assess 

liking using a 9-points hedonic scale (1 = dislike extremely, 5 = neither like nor dislike, 9 

= like extremely), and two just about right (JAR) questions using a 5-points scale (1 = 

much less than I like, 2 = less than I like, 3 = just about right, 4 = more than I like and 

5 = much more than I like), all questions were related with foam parameters and clarity, 

such as: i) foam height liking, ii) foam height JAR, iii) foam stability liking, iv) foam stability 

JAR, and v) color. Furthermore, a 15 cm non-parametric scale was used to assess the 

perceived quality of consumers by judging only the visual appearance of the beer samples. 

The specific questions can be found in Table 12.2. 
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Table 12.2. Sensory attributes evaluated in the questionnaire, the type of scale used, and the 
abbreviation used in statistical analyses. 

Attribute Type of scale Abbreviation 
Clarity 9-points hedonic Clarity 

Foam height 9-points hedonic FHeight 
Foam height 5-points just about right JAR FHeight 

Foam stability 9-points hedonic FStab 
Foam stability 5-points just about right JAR FStab 

Perceived Quality 15 cm non-parametric Quality 

 

 Additionally, each tablet PC had an eye tracker (TheEyeTribe©, Copenhagen, S. 

Denmark) attached to the bottom rim of the screen and connected to a laptop computer 

with Windows 7. The videos of the samples were integrated into a slideshow designed in 

the EventIDE software (OkazoLab Ltd, Delft, Netherlands), which allowed to gather the 

eye tracker results. In order for the participants to assess the videos, the TeamViewer ver. 

12 software (TeamViewer GmbH, Göppingen, Germany) was used to display the slideshow 

on the tablets. The participants were instructed to watch the video of the corresponding 

sample, which lasted 20 seconds and switch to the Bio-sensory app to answer the 

questions regarding that sample, then return to the TeamViewer App and click next to 

watch the following video, these steps were repeated for the 15 samples. To ease the 

switching of the apps, a wireless keyboard and mouse were connected to each tablet. The 

duration of the session per panelist was around 15 to 20 mins. The order of sample 

presentation was randomized initially; however, the same order was presented for all 

participants to ease the synchronization of the Bio-sensory App and eye-tracking software. 

Each sample was assigned a 3-digit random code to identify them and avoid bias; the 

labels presented in Table 12.1 were not shown to the participants, they were only used for 

easier identification and to present the results in this paper.  

 The EventIDE software requires an initial calibration of the eye tracker, which consists 

of looking at an initial point in the center of the screen and following it with the eyes as it 

keeps moving along the different corners of the screen; this is to assess whether the 

participant is in the correct position, if the calibration stage is not good enough the 

participant is required to seat in a more appropriate position and retry calibration. 

Furthermore, to avoid losing the gaze position from the participant at any point during the 

test, the slideshow in the software was designed to recalibrate between samples, this 

recalibration consists of looking at a green dot in the center of the screen and move a 

cross-marker to that green dot, once this is achieved the video from the following sample 

starts. 

12.2.2 Biometrics acquisition and analysis (subconscious responses) 

 The integrated camera system was set to take an infrared thermal image (IRTI) every 

two seconds while the participant was watching the videos of each sample to obtain the 
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immediate response and temperature changes. The IRTIs were obtained using a FLIR AX8 

to assess body temperature (IR) changes of the participants elicited by the video stimuli 

presented. The IRTIs were further analyzed using the FLIR Tools software (FLIR Systems, 

Wilsonville, OR. USA) to obtain the radiometric data files and the RGB image. Those data 

files in comma-separated values (.csv), along with the RGB images in joint photographic 

experts group (.jpg) extension, were analyzed in batch using an algorithm written in 

Matlab® R2017b (Mathworks Inc., Natick, MA. USA). This algorithm is based on the 

cascade object detector to recognize the eye section automatically in every jpg image 

(Viola and Jones, 2001) as a region of interest (ROI), and to obtain automatically the 

maximum temperature of that ROI. In case that the algorithm is not able to recognize the 

eye section or when consumers use optical glasses, it looks automatically for the forehead 

section of the face as ROI and extracts the maximum temperature of this area. This 

process is made automatically for all images of each sample and each participant 

(Gonzalez Viejo et al., 2019, Torrico et al., 2018a). 

 The camera from the tablet PC was used to record the participants reactions while 

watching the videos of the beer pouring. For the heart rate (HR) assessment, the videos 

were processed using the Eulerian Magnification algorithm developed by the 

Massachusetts Institute of Technology (MIT, Boston, MA. USA) to magnify luminosity 

changes in the face due to the blood flow that is related to the heartbeats (Wu et al., 

2012). Those magnified videos were then analyzed using an algorithm written in Matlab® 

R2017b to obtain the heart rate of the participant in beats per minute (BPM) based on the 

luminosity changes over time, amplitude, and frequency (Gonzalez Viejo et al., 2019). 

This process was also automated to process videos from all participants in batch and 

unsupervised. 

 The videos were also used to assess facial expressions of the participants using the 

FaceReader™ 7.0 software (Noldus Information Technology, Wageningen, Netherlands). 

This software is able to recognize the face of the participant and assess the facial 

expressions by detecting movements in the features of the face, this is then related with 

a database of distinct expressions, which are further classified into eight emotions such as 

i) sad, ii) disgusted, iii) happy, iv) angry, v) surprised, vi) contempt, vii) scared and viii) 

neutral, as well as two dimensions i) arousal and ii) valence. The software is also capable 

of analyzing the gaze direction and head orientation in three dimensions, X, Y, and Z, 

where X is the horizontal axis, Y the vertical axis, and Z the proximity to the stimulus. 

 The eye-tracking software EventIDE can gather and track the gaze position from which 

it is able to measure the fixation number (Fix#), fixation duration (FixDur), and pupil 

dilation (Pupil) in the desired area, which was the interior of the glass. A comma-separated 
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values (.csv) file is created containing the parameters, from which the means are 

calculated for each sample and each participant and used for further statistical analyses. 

12.2.3 Foam and physical parameters from beer pouring using RoboBEER 

 The videos for the 15 beer samples used for the sensory session obtained from the 

robotic pourer RoboBEER were analyzed in triplicate (three bottles of each sample) for 

foam and color-related parameters using computer vision analysis through algorithms 

written in Matlab® R2017b (Mathworks, Inc., Natick. MA, USA). The RoboBEER and 

computer vision algorithms are fully described in Gonzalez Viejo et al. (2016). These 

algorithms were able to extract 13 parameters from beers and foam dynamics such as i) 

lifetime of foam (LTF), ii) total lifetime of foam (TLTF), iii) maximum volume of foam 

(MaxVol), iv) foam drainage (FDrain), v) small bubbles (SmBubb), vi) medium bubbles 

(MedBubb), vii) large bubbles (LgBubb), and color in two scales viii, ix, x) RGB and xi, xii 

and xiii) CIELab. Furthermore, two parameters: xiv) alcohol gas release (OH) and xv) 

carbon dioxide (CO2) gas release, were obtained from the sensors attached to the 

RoboBEER.  

12.2.4 Statistical analysis 

12.2.4.1 Just about right test (JAR) 

 Foam height and foam stability JAR responses were analyzed constructing bar charts 

to assess the occurrence of each possible answer and through a penalty analysis, which 

relates the JAR with the hedonic scale responses to determine how the consumer rates 

the product according to the descriptors intensities (Stone et al., 2012, Walker, 2016). 

12.2.4.2 Multivariate data analysis 

 A multivariate data analysis based on principal components analysis (PCA) and 

correlation matrix (CM) was developed for biometrics, sensory questionnaire, and 

RoboBEER results. This analysis was conducted using a customized Matlab® R2017b code. 

The correlation matrix was developed to assess only statistically significant correlations (p 

< 0.05) between the subconscious (biometrics) and conscious (self-reported) responses, 

and the physical parameters related to foam and color (Table 12.2 and Table 12.3). 
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Table 12.3. Biometric parameters used in the statistical analysis, source of information, and their 
corresponding abbreviation. 

Parameter Source Abbreviation 
Heart rate Video analysis BPM 

Body temperature IRTI IR 
Happy Video analysis Happy 
Sad Video analysis Sad 

Neutral Video analysis Neutral 
Contempt Video analysis Contempt 
Disgusted Video analysis Disgusted 
Arousal Video analysis Arousal 
Valence Video analysis Valence 

Head orientation in 
the x-axis Video analysis HeadO 

Fixation duration Eye-Tracker TFixDur 
Fixation number Eye-Tracker TFix# 

Pupil size Eye-Tracker Pupil 

 

12.2.4.3 Machine learning modeling 

 Different machine learning algorithms (three decision trees, two discriminant 

analyses, one logistic regression classifier, six support vector machines, six nearest 

neighbor classifiers, and five ensemble classifiers) were tested for pattern recognition 

(data not shown), in which artificial neural networks (ANN) was assessed as the most 

accurate to classify the beer samples according to consumers liking. To develop this model, 

the Matlab Neural Network Toolbox™ 9 (Mathworks, Inc., Natick. MA, USA) for pattern 

recognition was implemented. Results from biometric responses (Table 12.3) from each 

participant and each sample (N = 435) along with the 15 foam and color-related 

parameters obtained using the RoboBEER were used as inputs to classify the samples 

according to high and low level of liking of foam height (FHeight). Different models were 

tested for the distinct descriptors; however, the FHeight gave the best model (data not 

shown). Before developing the model, the input data was normalized within the rage of -

1 to 1. The model was constructed using a random data division function and processed 

in three stages with 70% (n = 305) designated for training through a scaled conjugate 

gradient algorithm, 15% (n = 65) used for validation using a cross-entropy performance 

function and 15% (n = 65) for the testing stage with a default derivative function. As 

shown in Figure 12.1, the model consisted of a total of 28 inputs, two categories as targets 

and outputs, and 10 neurons in the hidden layer.  
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Figure 12.1. Network diagram with two-layer feedforward, a tan-sigmoid function in the 
hidden layer, and a Softmax transfer function in the output layer. The model uses ten 
neurons and 28 inputs from both the subconscious responses from consumers (heart rate, 
body temperature, happy, sad, neutral, contempt, disgusted, arousal, valence, head 
orientation in x-axis, fixation duration, fixation number, pupil size), and the color and foam-
related parameters obtained from RoboBEER (lifetime of foam, total lifetime of foam, 
maximum volume of foam, foam drainage, small bubbles, medium bubbles, large bubbles, 
color in RGB and CIELab scales, alcohol gas release and carbon dioxide). The model was 
constructed with two targets and output categories. Abbreviations: w = weights and b = 
biases. 

 

12.3 Results 

12.3.1 Just about right test 

 Foam height was the main descriptor that contributed to the discrimination between 

the samples of the different types of fermentation. Figure 12.2a shows the results obtained 

from the JAR test of foam height (JAR FHeight) in percentage of occurrence for each 

possible answer from the 5-point scale for all samples grouped by type of fermentation 

(bottom, top, spontaneous). Three bottom fermentation beers (XX, C, and PU) were 

perceived as the lowest in foam height according to the participants liking, while H was 

rated as just about right, and BB had equal percentage for less foam and just about right. 

For top fermentation beers, three samples (IP, IG, and Z) were evaluated as just about 

right, while P had less foam and L more foam than consumers like. All five spontaneous 

fermentation beers (LK, LF, LC, LG, and OK) were rated as having more foam than liked 

by consumers.  

 Figure 12.2b shows the results obtained from the penalty analysis in which the scores 

below 0.25 are considered to be desirable, which means that the attribute is not highly 

penalized. While values within the 0.25 – 0.50 range need to be considered for a possible 

change for this attribute and over 0.50 means that a modification is needed as the 

descriptor is highly penalized by consumers (Walker, 2016). The yellow bars represent the 

“lower than I like” or “too low” results, while the purple bars show the “higher than I like” 

or “too high” responses. From this graph, it can be observed that the bottom fermentation 

beers are highly penalized (2.00) when they have lower foam and almost not penalized 

(0.13) when they have a higher level. On the contrary, the spontaneous fermentation 
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beers are penalized (1.55) when they have a higher level. The top fermentation samples 

had penalization for both low and high levels; nonetheless, the values are much lower 

(0.32 for higher and 0.58 for lower) than the other two groups; however, the “too low” 

samples are still more penalized.  

 

 
Figure 12.2. Bar charts showing a) the results from the just about right test for foam 
height (JAR FHeight) of beers within the three types of fermentation (top, bottom and 
spontaneous), and b) the penalty analysis which depicts the penalty scores for “too low” 
and “too high” responses from the just about right test. 

 

a) 

b) 
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 Foam stability is another important descriptor that contributed to differentiate beer 

samples. As shown in Figure 12.3a, two of the bottom fermentation samples (XX and C) 

were rated as less stable, while PU, despite having 52% of just about right, had a high 

percentage of less stable (48%). On the other hand, H and BB were rated as just about 

right. From the top fermentation beers, all samples were rated as just about right; 

nonetheless, the L sample was considered as more stable by 45% of the participants. 

Spontaneous fermentation samples such as OK, LK, and LC were considered as more 

stable, while the LF was rated as less stable (45%), and LG had some responses from both 

just about right (48%) and less stable (37%). The penalty analysis shown in Figure 12.3b 

depicts a similar trend as in the foam height analysis in which bottom fermentation beers 

are the most penalized when they are less stable (1.26) and almost not penalized when 

they are more stable (0.02). Top and spontaneous fermentation beers had similar penalty 

scores for both less and more stable (top fermentation: 0.25 and 0.22; spontaneous 

fermentation: 0.61 and 0.66, respectively); however, top fermentation samples were the 

least penalized as they presented the highest percentage of just about right.  
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Figure 12.3. Bar charts with the results from the just about right test in which a) shows 
the just about right test for foam stability (JAR FStability) of beers within the three types 
of fermentation (top, bottom and spontaneous), and b) shows the penalty analysis which 
depicts the penalty scores for “less stable” and “more stable” responses from the just about 
right test. 

 

12.3.2 Multivariate data analysis 

 Data from the RoboBEER (foam and color-related parameters), subconscious and 

conscious responses are presented in the PCA (Figure 12.4a), which shows that principal 

component one (PC1) represented 31.25% of data variability, while principal component 

two (PC2) accounted for 20.44% with a total of 51.69% of total data variability. Samples 

a) 

b) 
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presented in the PCA are represented with a square and dark gray color for those within 

the bottom fermentation group, medium gray circles for top fermentation, and light gray 

triangles the spontaneous fermentation beers. From the CM analysis (Figure 12.4b), it was 

found that there is a positive and significant (p < 0.05) correlation between both FStab 

and FHeight, and the perceived quality (R = 0.85; R = 0.74). Furthermore, perceived 

quality was positively correlated with BPM (R = 0.60). There was a positive correlation 

between happy and liking of foam stability (R = 0.56), liking of foam height (R = 0.58), 

and valence (R = 0.53). Number of fixations (TFix#) and pupil size from the eye-tracking 

were negatively correlated with IR (R = -0.55; R = -0.67) and sad (R = -0.65; R = -0.68). 

On the other hand, IR had a negative correlation with disgusted (R = -0.53) and valence 

(R = -0.78). 

 As expected, FHeight had a positive correlation with CO2 (R = 0.57), and a negative 

correlation with FDrain (R = -0.61). JAR FHeight and JAR FStability were positively 

correlated with MaxVol (R = 0.87; R = 0.81), TLTF (R = 0.74; R = 0.78), LTF (R = 0.75; 

R = 0.77) and CO2 (R = 0.88; R = 0.75), and negatively correlated with FDrain (R = -

0.64; R = -0.79). On the other hand, liking of clarity had a positive correlation with 

lightness (L) from the CIELab scale (R = 0.88) and a negative correlation with a (R = 0.78) 

and b (R = 0.80). Foam drainage had a negative correlation with happy (R = -0.55) and 

a positive correlation with TFixDur (R = 0.51). 

 

 

a) 
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Figure 12.4. Multivariate data analysis showing: a) principal components analysis in which 
x-axis represents principal component one (PC1) and y-axis represents principal 
component two (PC2), and b) correlation matrix, both with the sensory attributes, 
biometric responses and the 15 RoboBEER parameters: i) lifetime of foam (LTF), ii) total 
lifetime of foam (TLTF), iii) maximum volume of foam (MaxVol), iv) foam drainage (FDrain), 
v) small bubbles (SmBubb), vi) medium bubbles (MedBubb), vii) large bubbles (LgBubb), 
viii) alcohol gas release (OH), ix) carbon dioxide (CO2), and color in two scales x, xi, xii) 
RGB and xiii, xiv and xv) CIELab, the color bar depicts the values of the significant 
correlations (p < 0.05) in which black represents the positive correlations and light gray 
the negative correlations. Abbreviations for the samples are shown in Table 12.1, while 
those for the sensory attributes and biometric responses can be found in Table 12.2 and 
Table 12.3 

 

12.3.3 Machine learning modeling  

 The ANN model developed to classify the samples according to low and high levels of 

foam height liking presented an accuracy of 84% in the training stage, 74% in the 

validation, 80% in the testing stage and an overall high accuracy of 81.8% with a 9.0% 

of error (n = 39) in low liking classification and 9.2% (n = 40) error in high liking 

classification (Table 12.4). This can also be observed in the receiver operating classification 

(ROC) curve obtained by the variation of the threshold (Figure 12.5), which represents the 

true-positive (sensitivity) and false-positive (specificity) rates. The high liking category 

(green line) had the optimal operating point with a sensitivity of 85.4%, while low liking 

(blue line) accounted for 76.2%.  

 

b) 



 

301 
 

Table 12.4. Results from the overall confusion matrix for classification in two categories for low and 
high liking of foam height (FHeight). Top values represent the number of samples classified into the 
specific category, and bottom values are for the percentage they represent from the total number 
of samples. In the last row and column, top values represent the accuracy and bottom values the 
error. 

Category Low Liking 
FHeight 

High Liking 
FHeight 

Accuracy 
Error 

Low Liking 
FHeight 

128 
29.4% 

39 
9.0% 

76.6% 
23.4% 

High Liking 
FHeight 

40 
9.2% 

228 
52.4% 

85.1% 
14.9% 

Accuracy 
Error 

76.2% 
23.8% 

85.4% 
14.6% 

81.8% 
18.2% 

 

 
Figure 12.5. Receiver operating characteristic curve representing the true-positive rate 
(y-axis) and false-positive rate (x-axis) for both low and high liking categories. The blue 
line represents the low liking category, while the green line represents the high liking. The 
blue square represents the sensitivity at the optimal operating point of the low liking 
category, while the green circle depicts the sensitivity for the high liking. 

 

12.4 Discussion 

12.4.1 Just about right test 

 The ideal percentage for JAR responses is at least 50%; therefore, when the samples 

are on or over this value, they are considered to present the attributes intensity that 

consumers are looking for (Lawless, 2013). Results from the JAR test for foam height and 

stability showed that beers from bottom fermentation were evaluated by consumers with 

a higher percentage of the lower-level threshold. Overall, the top fermentation beers were 

evaluated as just about right for both foam height and stability, while samples from 
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spontaneous fermentation were evaluated as more foam height and stability than 

consumers like (Figure 12.2a and Figure 12.3a). The penalty analysis for JAR FHeight and 

JAR FStability showed that the consumers highly penalized the liking of bottom 

fermentation beers when they have less foam height and stability than the desired. As the 

top fermentation beers were rated as JAR, the penalty analysis showed lower scores for 

both higher and lower levels. Despite participants penalized with high score the beers with 

higher foam height for spontaneous fermentation, the liking did not decrease as much as 

for the bottom fermentation beers (1.55 versus 2.00, respectively). The beer sample 

considered as the lowest foam height was the XX, which, at the same time, was evaluated 

as the lowest in perceived quality (5.92) and lowest liking of foaming parameters (FStab 

= 3.41 and FHeight = 3.45). Despite that bottom fermentation beers (lagers) are the most 

popular worldwide due to their high availability and low prices, in Australia consumers are 

becoming more demanding and have been changing their preference for premium beers. 

Therefore, in the last seven years there has been a decrease in mid-price range lagers, an 

increase in sales of premium lagers, and a shift to ales (top fermentation). In the period 

from 2010 and 2015 there was a total volume growth of 75% for ales compared to a 

decrease of -8.4% for lagers (Euromonitor-International, 2016). Compared to studies from 

Bamforth (2000), Donadini et al. (2011), and Smythe and Bamforth (2003) results from 

this study are in accordance to the preference for a medium foam height over a flat beer 

or a high level of foam. This supports the results found for consumers higher visual 

acceptability of top fermentation over bottom and spontaneous fermentation beers.  

12.4.2 Multivariate data analysis  

 The positive correlation found between perceived quality and FStab and FHeight shows 

that these foam-related parameters have a significant influence over the consumers visual 

judgment when selecting a beer and coincides with the findings in previous studies 

(Smythe and Bamforth, 2003, Bamforth, 2000, Donadini et al., 2011). Results also show 

that there is a positive and significant correlation between BPM and perceived quality, this 

finding is similar to the study made with internet videos by Bardzell et al (2009) in which 

they showed a positive correlation between heart rate and the score (scale of one to five 

stars) given to the videos. Furthermore, there was a positive correlation between happy 

and FStab, FHeight, and valence, which means that the participants had facial expressions 

detected as positive by the FaceReader™ when they liked the foaming parameters of the 

samples, which also led to an increase in valence. On the other hand, TFix# and pupil size 

were negatively correlated with IR; although there is no study that had found a correlation 

between pupil size and IR, a study from Arnett and Watts (1960) reported that when men 

were exposed to cold, their pupils were slightly dilated. The negative correlation between 

IR and disgusted coincides with some studies reported in the review by Kreibig (2010). 

From Figure 12.4a, a negative relationship between TFixDur and FStab, FHeight, and 
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happy can be observed; this can be associated with the findings from Smilek et al. (2007) 

in which participants had higher fixation duration looking at negative objects than the 

positive ones. 

 The significant correlations between the objective measurements from the RoboBEER 

and the consumers conscious responses show that the participants were able to judge the 

foam-related parameters accurately. For instance, the results showed that when the CO2 

is higher and the FDrain decreases, the FHeight, JAR FHeight, and JAR FStab increase. 

Moreover, the positive correlation between MaxVol, TLTF and LTF, and JAR FHeight and 

JAR FStab, as well as the positive correlation between liking of clarity and lightness 

measured from RoboBEER, also support that the physical parameters of beer were 

determinant for consumers visual acceptability.  

12.4.3 Machine learning modeling 

 The highly accurate (82%) ANN model obtained to visually assess the level of liking 

of foam height (low and high) by using only the subconscious responses (biometrics) and 

objective physical parameters as inputs could potentially be a rapid tool to assess 

consumers acceptability of the beer samples. This would aid in the visual screening of 

samples for new products development to reduce the number of potential options, and to 

decrease the number of descriptors to assess in the sensory questionnaires. Despite that 

the model to classify the samples according to the perceived quality (data not shown) was 

less accurate (75%), the model to classify into the level of FHeight could be used to assess 

the level of perceived quality as, according to the correlation matrix (Figure 12.4b), 

FHeight was positively correlated with it.  

  

12.5 Conclusion 

 According to the results reported in this study, consumers rated beers from top 

fermentation and medium foam height and stability as higher in perceived quality and tend 

to highly penalize bottom fermentation beers which have less foam. The use of non-

invasive biometric techniques, along with physical measurements from RoboBEER can 

potentially be a rapid tool to judge beers by consumers from their visual descriptors during 

the pouring. This would allow to reduce the number of descriptors in the sensory 

questionnaires, assess a larger number of samples and increase the number of participants 

in less time. This study also potentially offers an opportunity for artificial intelligence (AI) 

applications using robotics, computer vision and machine learning algorithms for fast 

screening of carbonated brewages. 
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CHAPTER 13  

Development of Artificial Neural Network Models to 

Assess Beer Acceptability Based on Sensory Properties 

Using a Robotic Pourer: A Comparative Model Approach 

to Achieve an Artificial Intelligence System 

 

Paper published as: 

Gonzalez Viejo, C., Torrico, D.D., Dunshea, F.R. and Fuentes, S., 2019. Development of 
Artificial Neural Network Models to Assess Beer Acceptability Based on Sensory Properties 
Using a Robotic Pourer: A Comparative Model Approach to Achieve an Artificial Intelligence 
System. Beverages, 5(2), p.33. 

 

Abstract:  

Artificial neural networks (ANN) have become popular for the optimization and prediction 
of parameters in foods, beverages, agriculture, and medicine. For brewing, they have been 
explored to develop rapid methods to assess product quality and acceptability. Different 
beers (N = 17) were analyzed in triplicates using a robotic pourer, RoboBEER (University 
of Melbourne, Melbourne, Australia), to assess 15 color and foam-related parameters 
using computer-vision. Those samples were tested using sensory analysis for acceptability 
of carbonation mouthfeel, bitterness, flavor and overall liking with 30 consumers using a 
9-point hedonic scale. ANN models were developed using 17 different training algorithms 
with 15 color and foam-related parameters as inputs and liking of four descriptors obtained 
from consumers as targets. Each algorithm was tested using five, seven and ten neurons 
and compared to select the best model based on correlation coefficients, slope and 
performance [mean squared error (MSE)]. Bayesian Regularization algorithm with seven 
neurons presented the best correlation (R = 0.98) and highest performance (MSE = 0.03) 
with no overfitting. These models may be used as a cost-effective method for fast-
screening of beers during processing to assess acceptability more efficiently. The use of 
RoboBEER, computer-vision algorithms, and ANN will allow the implementation of an 
artificial intelligence system for the brewing industry to assess its effectiveness. 

 

Keywords: beer acceptability; machine learning; robotics; fast-screening; automation 
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13.1 Introduction 

 Machine learning is defined as the computer-based system that is able to learn and 

find patterns among the data to predict specific outputs (Michalski et al., 2014, Bell, 2014). 

There are different types of machine learning from which two main categories are derived: 

(i) pattern recognition or classification and (ii) fitting or regression (Goodfellow et al., 

2016). The first is mainly used for decision making as it classifies samples into two or 

more categories, the most publicized applications can be found in medical diagnosis 

(Guyon et al., 2002, Polat and Güneş, 2007), food and beverages to classify into types of 

brewages (Gonzalez Viejo et al., 2016, Gonzalez Viejo et al., 2018c, Gonzalez Viejo et al., 

2019) and level of liking of brewages (Gonzalez Viejo et al., 2018a, Gonzalez Viejo et al., 

2019), in agriculture for identification of grapevine cultivars (Fuentes et al., 2018), and to 

estimate plant water status (Romero et al., 2018), among others. Fitting or regression is 

used to predict specific values of certain variables such as chemical compounds (Yu et al., 

2009, Gonzalez Viejo et al., 2018c), sensory descriptors (Gonzalez Viejo et al., 2018b), 

and microbial spoilage (Ellis et al., 2002), among others. 

 There are different types of regression algorithms, which can be classified within 

categories such as linear regression, regression trees, support vector machines, Gaussian 

process, ensemble of trees and artificial neural networks (ANN) (Mathworks Inc, 2018a). 

The latter has been widely used due to its non-linearity and ability to find patterns from 

inputs in a similar way to the functioning of neurons in the human brain. These algorithms 

are able to learn from data by testing and modifying weights and biases until they find the 

best correlation (Gonzalez Viejo et al., 2018c, Lin et al., 2012). Furthermore, it has the 

advantage that the derived ideal relationship, which links the inputs and outputs, is 

obtained during the training stage (Amini et al., 2005, Schaap et al., 1998). There are 

several ANN training algorithms that may be used, which can be classified into four main 

categories: (i) backpropagation with Jacobian derivatives, (ii) backpropagation with 

gradient derivatives (Goodfellow et al., 2016), (iii) supervised weight and bias, and (iv) 

unsupervised weight and bias training functions (Ogunoiki and Olatunbosun, 2015). In this 

paper, only the first three categories will be used. 

 The use of machine learning algorithms, especially ANN, in food and brewages has 

become more popular in recent years as they aid in the increase in accuracy, time, and 

cost reduction in analytical and sensory methods to assess quality and acceptability of 

beverages (Buss). Specifically, in beer, it has been used in the prediction of chemical 

compounds using near-infrared spectroscopy (Gonzalez Viejo et al., 2018c, Cajka et al., 

2010, Iñón et al., 2006), and prediction of the intensity of sensory descriptors (Gonzalez 

Viejo et al., 2018b, Gonzalez Viejo et al., 2018d). 



 

309 
 

 This paper aimed to find the best machine learning regression model by comparing 

17 different ANN training algorithms to predict the liking of four sensory attributes of beer 

using 15 color and foam-related parameters measured using a robotic pourer (RoboBEER), 

and computer vision algorithms (Gonzalez Viejo et al., 2016). For this purpose, 17 beer 

samples from different styles and from the three types of fermentation (top, bottom, and 

spontaneous) were analyzed in triplicates to develop the models. The targets considered 

for the models were obtained conducting a sensory session with 30 consumers who rated 

the liking of four attributes (carbonation mouthfeel, bitter taste, flavor, and overall liking). 

After comparing the models developed using the 17 training algorithms, the best model 

was selected on the basis of best performance. The best models found may potentially be 

used for fast-screening of beer samples in product development and/or at the end of the 

production line to assess beer acceptability without the need of recruiting consumers, 

which is more cost-effective and less time-consuming. 

 

13.2 Materials and Methods 

13.2.1 Beer Samples Description 

 Triplicates of 17 different beer samples (N = 51) from different countries, styles, and 

type of fermentation (Table 13.1) were used to assess their color and foam-related 

parameters. However, only one replicate was used to assess consumer acceptability as 

the replicates were obtained from bottles belonging to the same production batch. 

 

Table 13.1. List of samples used for the study, indicating their style, country of origin, and type of 
fermentation. 

Beer Style Country of Origin Type of Fermentation 
Kolsch Australia Top 
Porter Poland Top 

Steam Ale Australia Top 
Sparkling Ale Australia Top 
Blonde Ale Belgium Top 

Red Ale USA Top 
American Lager Mexico Bottom 
American Lager Mexico Bottom 

Lager The Netherlands Bottom 
Pilsner Czech Republic Bottom 

American Lager USA Bottom 
Pilsner Czech Republic Bottom 

Lambic Gueuze Belgium Spontaneous 
Lambic Cassis Belgium Spontaneous 
Lambic Kriek Belgium Spontaneous 

Lambic Framboise Belgium Spontaneous 
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13.2.2 Color and Foam-Related Parameters 

 Color and foam-related parameters were obtained using a robotic pourer, RoboBEER 

(University of Melbourne, Melbourne, Australia), to ensure uniform pouring. RoboBEER 

works with two Lego® servo motors and has three sensors attached that work with 

Arduino® (Arduino, Ivrea, Italy): (i) temperature, (ii) alcohol and (iii) carbon dioxide (CO2) 

gas release and is coupled with an iPhone 5S to record 5 min videos of the pouring (Figure 

13.1). These videos were then analyzed with Matlab® R2018b (Mathworks Inc., Natick, 

MA, USA) using customized computer vision algorithms. The first algorithm worked in a 

semi-automatic way, which consisted of standardizing and scaling the glass size by 

selecting the height and glass rim in the first frame of the video, followed by the manual 

selection of the foam height every 30 frames for the algorithm to automatically calculate 

the foam and beer volume. These results were then used to develop the foam volume 

versus time curve and to calculate the following parameters: (i) maximum volume of foam 

(MVol), (ii) total lifetime of foam (TLTF), (iii) lifetime of foam (LTF), and (iv) foam drainage 

(FDrain). Furthermore, a single frame of the video (highest in foam) was processed using 

other algorithms in Matlab® to assess color in two scales CIELab [(v) L, (vi) a, (vii) b] and 

RGB [(viii) R, (ix) G, (x) B] as well as bubble size distribution divided in (xi) small (SmB), 

(xii) medium (MedB), and (xiii) large bubbles (LgB), the latter were analyzed based on the 

“Hough Transformation” from the middle section of the foam and classifying bubble size 

based on the diameter measured in pixels. Additionally, the parameters (xiv) alcohol (OH) 

and (xv) CO2 gas release from the sensors were obtained. More details about the robotic 

pourer and computer vision analysis can be found in the paper from Gonzalez Viejo et al. 

(2016). All data were analyzed using customized codes in Matlab® and a Titan Xp GPU 

(NVIDIA Corporation, Santa Clara, CA, USA). 
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Figure 13.1. Equipment used to assess beers physical measurements; (a) robotic pourer, 
RoboBEER, which was used to assess the color and foam-related parameters, and (b) a 
frame of a video taken to analyze the beer using computer vision algorithms. 

 

13.2.3 Sensory Session 

 A double-blind sensory session to assess beer acceptability was conducted with 30 

consumers using a 9-point hedonic scale. According to the Power analysis, this sample 

size of consumers is enough to compare samples in a sensory test (1–β > 0.99). The 

session was conducted in individual booths with uniform lighting located in the sensory 

laboratory of the Faculty of Veterinary and Agricultural Sciences of The University of 

Melbourne. Before the sensory session, participants were asked to sign a consent form in 

accordance with the ethics approval 1545786.2 by the Human Ethics Advisory Group 

(HEAG) of the Faculty of Veterinary and Agricultural Science at The University of 

Melbourne. The beer samples were semi-randomized in two blocks of eight and nine 

samples at refrigeration temperature (4 °C), and participants were provided with crackers 

and water to cleanse the palate and to allow them to rest between samples to avoid 

fatigue. The sensory attributes evaluated and used as targets for the model construction 

consisted of (i) carbonation mouthfeel (MCarb), (ii) bitter taste (TBitt), (iii) flavor, and (iv) 

overall liking (overall). 

 

a) 

b) 
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13.2.4. Machine Learning Modelling 

 Seventeen training algorithms (Table 13.2) were used to develop artificial neural 

network models using a customized Matlab® code capable of testing all the algorithms in 

a loop. The models were developed using as inputs the normalized values (from −1 to 1) 

of the 15 color and foam-related parameters measured with the RoboBEER: (i) MVol, (ii) 

TLTF, (iii) LTF, (iv) FDrain, (v) L, (vi) a (vii) b, (viii) R, (ix) G, (x) B, (xi) SmB, (xii) MedB, 

(xiii) LgB, (xiv) OH and (xv) CO2, and the four sensory attributes as targets/outputs: (i) 

MCarb, (ii) TBitt, (iii) flavor, and (iv) overall. 

 

Table 13.2. Algorithms used and description of the main function type and abbreviations, which 
were used to develop the artificial neural network models. 

Main Function Type Algorithm Abbreviation 
Backpropagation with 
Jacobian derivatives 

Levenberg Marquardt LM 
Bayesian Regularization BR 

Backpropagation with 
gradient derivatives 

Broyden, Fletcher, Goldfarb, and Shanno quasi-Newton BFGS 
Conjugate gradient with Powell-Beale restarts PB 
Conjugate gradient with Fletcher-Reeves updates FR 
Conjugate gradient with Polak-Ribiere updates PR 
Gradient descent backpropagation GD 
Gradient descent with adaptive learning rate GDLR 
Gradient descent with momentum GDM 
Gradient descent with momentum and adaptive learning rate GDMLR 
One step secant OSS 
Resilient backpropagation RPROP 
Scaled conjugate gradient SCG 

Supervised weight 
and bias training 

functions 

Batch training with weight and bias learning rate BLR 
Cyclical order weight and bias CO 
Random order weight and bias RO 
Sequential order weight and bias SO 

 

 A neuron trimming exercise (5, 7, and 10 neurons) was performed for each algorithm. 

Ten was the largest number of neurons tested as using fewer neurons and obtaining good 

models without overfitting is the best practice. Using a larger number of neurons would 

most likely lead to overfitting. All models were developed using a random data division 

considering 70% (n = 35) of samples used for training, 15% (n = 8) for validation using 

a mean squared error performance algorithm, and 15% (n = 8) for the testing stage with 

a default derivative function. The models were constructed based on a two-layer 

feedforward network with a tan-sigmoid function in the hidden layer and a linear transfer 

function in the output layer (Figure 13.2). 
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Figure 13.2. A two-layer feedforward model diagram showing the 15 inputs, number of 
neurons tested in the hidden layer, and targets/outputs used to create the model. 

 

 The statistical analysis to evaluate and compare the accuracy of the models developed 

consisted of the correlation coefficient (R), determination coefficient (R2), mean squared 

error (MSE) to assess performance and slope (b) for each stage (i) training, (ii) validation, 

(iii) testing, and (iv) overall model as well as the p-value for the overall model. For the 

three best models, the percentage of outliers using 95% confidence bounds were obtained. 

 

13.3 Results 

 Table 13.3 shows the statistical data of the best and worse models developed from 

each group of training algorithms. For the backpropagation with Jacobian derivatives 

algorithm, there was no worse model as those from both algorithms within the group 

produced two of the best models. Tables S13.1, S13.2, and S13.3 in Appendix IX show 

the statistical data of the models developed using the 17 training algorithms. Correlations 

from all models were significant, with a p-value < 0.0001. It can be observed that the 

algorithms with the lowest R and R2 were from the gradient descent backpropagation with 

five and seven neurons (Table 13.3; Table S13.1), the batch training with weight and bias 

learning rate with seven neurons (Table 13.3) and the sequential order weight and bias 

with five neurons (Table S13.3). On the other hand, the models with the highest R and R2 

were with those developed using seven neurons from both algorithms belonging to the 

backpropagation with Jacobian derivatives function (LM and BR) and the RPROP with R 

values consistently over 0.90 for all stages (Table 13.3). Furthermore, the slope from 

these three best models was close to unity (b ~ 1) for all stages, with the RPROP having 

the lowest slope values with a b = 0.90 for the overall model (Table 13.3; Figure 13.3). 

On the other hand, the three models had low MSE values (≤ 0.06) for the three stages 

and overall model. Table 13.3 also shows the best model from the supervised weight and 

bias algorithms; however, this still had some signs of overfitting as the validation, and 
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testing performances were not as close (MSE = 0.10 and 0.06, respectively) and the R 

values were lower than the three best models. 

 

Table 13.3. Statistical results of the best and worse models developed using the algorithms from 
the three different groups. Numbers in bold represent the models with the highest correlation and 
determination coefficients from each group of algorithms. 

Algorithm Neurons Stage R R2 b MSE 
Backpropagation with Jacobian derivatives algorithm 

Levenberg Marquardt 7 

Training 0.96 0.92 0.94 0.02 
Validation 0.95 0.90 1.00 0.06 
Testing 0.95 0.90 1.10 0.05 
Overall 0.95 0.90 0.98 0.03 

Bayesian Regularization 7 

Training 0.99 0.98 0.97 0.01 
Validation - - - - 
Testing 0.97 0.94 1.1 0.03 
Overall 0.98 0.96 1.0 0.01 

Backpropagation with gradient derivative algorithms 

Gradient descent backpropagation 5 

Training 0.83 0.69 0.60 0.04 
Validation 0.67 0.45 0.39 0.07 
Testing 0.65 0.42 0.57 0.11 
Overall 0.77 0.59 0.56 0.06 

Resilient backpropagation 7 

Training 0.95 0.90 0.90 0.02 
Validation 0.95 0.90 0.91 0.04 
Testing 0.93 0.86 0.97 0.04 
Overall 0.95 0.90 0.90 0.03 

Supervised weight and bias algorithms 

Batch training with weight and bias 
learning rate 7 

Training 0.80 0.64 0.59 0.10 
Validation 0.67 0.45 0.49 0.13 
Testing 0.76 0.58 0.57 0.11 
Overall 0.76 0.58 0.57 0.06 

Random order weight and bias 10 

Training 0.89 0.79 0.82 0.06 
Validation 0.84 0.71 0.74 0.10 
Testing 0.88 0.77 1.10 0.06 
Overall 0.87 0.76 0.83 0.06 

 

 Figure 13.3 shows the training, validation, testing, and overall models of the three 

best algorithms developed using 7 neurons. Model 1 (Figure 13.3a), which was developed 

with the Levenberg-Marquardt algorithm, had a training R = 0.96, and validation, testing, 

and overall R = 0.95, furthermore, the overall model had 6.86% of outliers according to 

the 95% confidence bounds. Figure 13.3b shows Model 2 with the Bayesian regularization 

algorithm with R = 0.99 for the training stage, R = 0.98 for testing, and overall model 

with R = 0.98 and 5.88% outliers; this algorithm does not use a validation stage. On the 

other hand, Figure 13.3c depicts Model 3 developed using the RPROP algorithm, which 

also had a high R = 0.95 for training and validation stages, R = 0.93 for testing, and an 

overall model with R = 0.95 and a low percentage of outliers (4.90%). It can be observed 

that in the overall models, some predicted values are >1 or < −1, this is because the 

targets were normalized based on the range of data obtained in the study (3–7); however, 

the liking hedonic scale is within the 1–9 range, therefore, a value < −1 or > 1, will still 

fit within the 1–9 scale when reversing the normalization. 
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Figure 13.3. Models showing the three stages (training, validation and testing) as well as 
overall model of the three best algorithms found to assess liking of beer from morpho-
colorimetric parameters from beer and beer foam: (a) Levenberg Marquardt, (b) Bayesian 
Regularization and (c) Resilient Backpropagation, showing the correlation coefficient (R) 
and 95% confidence bounds. In all graphs, the x-axis represents the observed data and y-
axis the predicted or estimated values. N/A = not applicable. 

 

13.4 Discussion 

 According to Beale, et al. (2018), an indicator of a good model with no overfitting is 

when the validation correlation coefficient is close to the value from the training stage, 

which was met by the three best models found in this paper (Table 13.3 and Figure 13.3). 

The Bayesian regularization model (Model 2) does not have a validation stage; however, 

the R values of the other three stages are high and similar. Furthermore, an indication of 

a model with no overfitting is that the training performance (MSE) must be lower than the 

other stages, and the gap between the validation and testing MSE must be small 

(Goodfellow et al., 2016, Beale et al., 2018). This was also met by the best models found 

in this paper (Table 13.3). 
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 The Levenberg-Marquardt algorithm (Model 1) is a backpropagation function, which 

works by calculating the second derivatives of a cost function. The advantages of this 

algorithm are: (i) that it is capable of giving a solution even though its start-point is far 

from the final minimum, (ii) its processing time is one of the lowest compared to other 

algorithms, (iii) the training algorithm stops when it finds the maximum epoch and (iv) 

the best performance value is achieved, or when it finds that the gradient value is lower 

than its minimum (Markopoulos et al., 2016). However, some disadvantages include: (i) 

it may not always secure a global optimum for an unrestrained optimization issue, and ii) 

it may require higher memory usage (Saduf, 2013). On the other hand, the Bayesian 

regularization algorithm (Model 2) works using the same principles of Levenberg 

Marquardt but updating the weights and biases according to the optimization. The main 

advantages of this algorithm include: (i) lower memory usage, (ii) it has a good 

generalization for noisy or small datasets, (iii) it avoids overfitting effectively, and (iv) it 

does not require a validation stage (Markopoulos et al., 2016, Amini et al., 2005, Kayri, 

2016). The RPROP (Model 3) works through an adaptation of the weight values according 

to the information of the local gradient, based only on the sign of the derivative. Its 

purpose is to avoid the negative effects of the small magnitude of partial derivatives, which 

often result in small or null changes in weights and biases. The training stops when it 

reaches the maximum number of epochs or time, or when the best performance has been 

reached (Riedmiller and Braun, 1993, Mathworks Inc, 2018b). Some of the advantages of 

RPROP are: (i) the performance is better than other techniques used for adaptation 

(Patnaik and Rajan, 2000) and (ii) it has fast convergence and low memory usage 

(Pajchrowski et al., 2015). 

 Based on the results from the three best models found to assess beer liking and 

acceptability by consumers, and considering the advantages and disadvantages of the 

algorithms, it can be said that Model 2 is the most appropriate for the prediction of beer 

liking using beer color and foam-related parameters. This is based on the highest 

correlation coefficient (R = 0.98), best performance, good fit within the confidence bounds 

with a low number of outliers, overall slope b = 1, and, therefore, no signs of overfitting. 

Furthermore, the dataset used met the small database requirements (N = 51), which is 

appropriate for the Bayesian Regularization. 

 The implementation of the models presented in this paper would allow a reduction in 

time and costs for the brewers when developing new products. It may also be used to do 

a fast-screening of any new developments without the need to conduct large sensory tests 

with consumers, which requires time for preparation, data gathering, and analysis, as well 

as financial resources for sampling and recruiting of consumers. This model allows accurate 

prediction of the liking of carbonation mouthfeel, flavor, bitterness, and overall liking using 

the physical parameters related to color and foam, this being possible because consumers 
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are able to judge beer quality and acceptability based only on the visual attributes which 

give the first impression (Gonzalez Viejo et al., 2018a, Gonzalez Viejo et al., 2019, 

Bamforth, 2000). Furthermore, there is a relationship between the foam and color-related 

parameters, and bitterness as the iso-α-acids derived from hops are responsible for 

bitterness, but also contribute to foamability and foam stability due to their tensio-active 

properties. Furthermore, hops contribute to the development of aromas and flavors in 

beer, and foam aids in the release of aromas and flavors when bubbles burst (De 

Keukeleire, 2000, Gonzalez Viejo et al., 2018b, Gonzalez Viejo et al., 2019, Liger-Belair et 

al., 2009). 

  Since the models are based on an automated data gathering process by using the 

RoboBEER and video analysis of pouring using computer vision algorithms, an artificial 

intelligence (AI) application may be implemented. This will offer the beer industry a 

completely automated process to predict liking and acceptability of different beers by 

consumers. 

 

13.5 Conclusions 

 The comparison of different artificial neural network algorithms aids in the selection 

of the best model, making sure that it has no overfitting and it has the best performance. 

However, it is also important to consider the advantages and disadvantages of the 

algorithms in accordance with the dataset details and intended application to make the 

best choice. The best algorithm for the specific model presented in this paper was the 

Bayesian Regularization with very high accuracy (R = 0.98), and it would aid in the 

optimization of costs and time for breweries to assess beer acceptability without the need 

of recruiting consumers and running sensory sessions, being able to get the results within 

minutes. This is important, especially when having a large number of prototypes when 

developing new beer products. The use of the RoboBEER, computer vision algorithms, and 

the ANN algorithms found in this research will allow the implementation of an AI system 

for the brewing industry to assess the effectiveness of beer making in terms of quality and 

acceptability of consumers. 
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CHAPTER 14 

Conclusions 

 

This research aimed to develop an integrated system based on robotics and AI to assess 

the physical parameters related to foam and bubbles of beer and carbonated water and to 

explore their relationship with their quality traits and consumer acceptability using 

biometrics. The different studies conducted showed that the robotic pourer, RoboBEER, 

along with the use of computer vision algorithms developed for this research, is an 

effective, rapid, and reliable tool to assess the color and foam-related parameters in 

carbonated beverages such as beer and carbonated water. Furthermore, it was found that 

there is a direct relationship between physical parameters (color, foam and bubbles), and 

chemical and sensory descriptors such as proteins, pH, Brix, mouthfeel, and aromas, 

among others. The selected beer samples from the different types of fermentation showed 

to be appropriate to achieve the aim of the research as these presented a variety of 

contrasting values in all physicochemical and sensory parameters. This allowed to assess 

and compare the quality traits and consumers acceptability showing a preference 

(conscious and subconscious) for beers with low to moderate bitterness and medium to 

high foamability, which usually correspond to those beers in the top and spontaneous 

fermentation. Likewise, in carbonated water, consumers had a higher preference and more 

positive emotions towards samples with medium-sized bubbles.  

Although the traditional methods to assess all physicochemical and sensory parameters 

are usually reliable and effective, currently available methods tend to be time-consuming, 

require high laboratory skills and involve high costs. The methods developed in this 

research involving the use of new and emerging technologies such as computer vision, 

robotics, sensors, biometrics and machine learning showed to be objective, reliable, 

effective, rapid and low-cost, which aids in their possible application to assess quality 

within the production line and during new products development for beer and carbonated 

water. This is of great importance for the beverage industry to develop products with 

higher quality, usually considered as premium and that are more valuable for consumers 

in a consistent and repeatable way at lower costs. Specifically, the electronic nose 

developed to assess aromas may be installed at different stages of the production line to 

monitor the development of any off-aromas that may be corrected on-time. Furthermore, 

after bottling of beer the RoboBEER can be used to assess sealability and quality of the 

final product as the use of the robot along with the machine learning models developed, 

allow to acquire 15 physical parameters, 54 proteins, ten sensory descriptors and 

consumers acceptability based on the liking of four sensory descriptors. On the other hand, 
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the use of non-invasive biometrics in consumer tests allows reducing the time of sensory 

sessions as the use of the subconscious responses showed to be accurate in the prediction 

of consumers acceptability of beer.  

 This research also presented the use of audible sound (25 – 75 Hz) as an alternative 

to improve bubble and foam-related parameters in beer and carbonated water, which 

showed to be effective and improve the quality of the final product. In beer, this method 

improved the foamability and foam stability as well as aided in the reduction of bubble size 

in the foam but did not change other sensory descriptors such as color, aromas, and 

flavors, which was desirable as these attributes must not be altered. Regarding the 

application of sonication in carbonated water, different results were obtained depending 

on the mineral content and pH of the sample. However, in all cases, consumers 

acceptability and emotions elicited when assessing the fizzing sound, and visual 

descriptors were higher and more positive for the waters with the sonication treatment. 

Therefore, this method showed to be a potential, efficient, and affordable solution to 

increase the quality of the carbonated beverage based on the visual parameters related to 

foam and bubbles.  

 Although the use of AI branches as production and analysis tools within the food and 

beverage industries has been growing, there are still many areas of opportunity to explore 

and improve the available procedures. In the beverages categories (i.e., hot drinks, 

alcoholic and non-alcoholic beverages), the emerging methods have been focused on the 

assessment of color using computer vision to assess quality, but this is not the only 

parameter important to analyze. There is also a lack of knowledge about the way machine 

learning works, and there is a large number of published classification and/or regression 

models to assess beverages that are not reliable, with low performance, and either under 

or overfitted. Therefore, it is important to develop more accurate and valid models with 

adequate methodologies and statistics to be implemented in these industries. All the 

technologies applied, and methods developed in this research presented high accuracy (> 

80% for classification and R > 0.80 for regression models) and had no signs of over or 

underfitting based on their performance (MSE) from each stage. Therefore, they have the 

potential to be used in the quality assessment of other foods and beverages. This would 

require conducting further studies for each kind of product. However, once having the 

methods specific per individual foods or beverages, it is possible to develop general 

techniques to be used in different product categories.  

 Further research should be conducted in carbonated beverages to explore more in-

depth their composition and develop more techniques to improve and analyze their quality 

traits. In beer, there is an opportunity to conduct studies to assess which components are 

related to the emotions elicited in consumers. This would allow to better understand the 
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drivers for consumers preference for beer over other alcoholic beverages despite its high 

levels of bitterness. Furthermore, the physical parameters related to foam and bubbles 

should be evaluated in other beverages such as soft drinks and coffee to assess the 

interaction of the physicochemical and sensory descriptors. Carbonated water may also be 

used as a model to add different components such as sugars and flavoring agents to assess 

their effect on bubble-related parameters. On the other hand, it is important to further 

investigate the use of audible sound to improve the physical and sensory attributes and 

consumers acceptability in carbonated beverages. This is important to better understand 

the effects of sonication on yeast activity as well as the physical impact in bubble size.  
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APPENDIX I 

Table S3.1. Means of the 15 parameters measured with the RoboBEER in first row and their standard deviation (SD) in second row. Abbreviations: MaxVol 
= maximum volume of foam, TLTF = total lifetime of foam, LTF = lifetime of foam, FDrain = foam drainage and OH = alcohol. For samples, the abbreviations 
are shown in Table 3.1. 

Sample MaxVol 
(mL) 

TLTF 
(s) 

LTF 
(s) 

FDrain 
(mL s-1) 

CO2 

(ppm) 

Small 
bubbles 
(pixels) 

Medium 
bubbles 
(pixels) 

Large 
bubble 
(pixels) 

L a b R G B OH 

BB 27.8 
±1.4 

2,564.6 
±432.2 

1,249.9 
±270.5 

41.2 
±5.2 

19,297 
±8,201.8 

31.8 
±1.2 

0.6 
±0.1 

0.1 
±0.1 ±1.6 -2.6 

±0.3 
11 

±0.6 
0.36 
±0 

0.35 
±0.02 

0.28 
±0.01 

56.3 
±8.1 

P 23.9 
±4.3 

1,695.3 
±378.8 

948.3 
±239.4 

49 
±11.4 

25,731.7 
±6,469.6 

33.1 
±7.9 

0.4 
±0.2 

0.1 
±0.1 

93 
±2 

-3 
±0.1 

13 
±2 

0.37 
±0.01 

0.36 
±0.02 

0.27 
±0.03 

205.7 
±49.2 

C 13.3 
±4.1 

1,096.6 
±72.3 

508 
±42.6 

63.8 
±28.9 

8,062.3 
±1,765.1 

46.3 
±5.5 

0.7 
±0.1 

0.1 
±0.2 

93 
±0.1 

-2 
±0.2 

9 
±2 

0.36 
±0.01 

0.35 
±0 

0.29 
±0.01 

220.3 
±48 

H 37.2 
±12.7 

2,235.7 
±700.6 

1,180.7 
±402.3 

38.1 
±2.5 

19,462.3 
±10,878.7 

39.6 
±15.4 

0.2 
±0.2 

0.01 
±0.01 

93.9 
±1.5 

-2.3 
±0.1 

8 
±0.4 

0.35 
±0 

0.35 
±0.02 

0.30 
±0.02 

241.3 
±36.1 

BC 20.3 
±3.8 

1,304.5 
±139.1 

651.7 
±67.7 

59.2 
±7.3 

10,955 
±4,640.2 

37.2 
±2.7 

0.3 
±0.2 

0.03 
±0.05 

0 
± 

-2.8 
±0.3 

12.5 
±1.7 

0.38 
±0.01 

0.36 
±0.02 

0.26 
±0.03 

245.7 
±85.5 

BL 17.1 
±5.1 

1,722.2 
±667.4 

993.4 
±407.7 

67.9 
±15.5 

3,447.7 
±353.4 

63 
±3.1 

0.4 
±0.3 

0.02 
±0.03 

91 
±2 

-5 
±1 

23 
±1 

0.40 
±0 

0.37 
±0.02 

0.23 
±0.01 

242 
±22.7 

Z 38.4 
±4.3 

3,087.9 
±430.8 

1,527 
±162.2 

34.1 
±1.7 

27,128 
±9,360.1 

41.1 
±0.2 

0.4 
±0.2 

0.02 
±0.02 

46 
±4 

11 
±3 

48 
±3 

0.67 
±0.02 

0.31 
±0.01 

0.02 
±0 

394 
±87.7 

PU 18.2 
±3.4 

839 
±217.5 

447.4 
±121.7 

72.4 
±8.6 

7,076.3 
±2,629.9 

40.4 
±9.2 

0.4 
±0.3 

0.1 
±0.04 

87 
±0.2 

-3.6 
±0.1 

15 
±0.3 

0.38 
±0 

0.36 
±0 

0.26 
±0 

213.7 
±55.6 

SA 27.9 
±15.5 

2,352 
±1,859.

2 

1,306.3 
±1,151.

4 

46.4 
±9 

14,724 
±5,262.1 

57.4 
±7.9 

0.1 
±0.1 

0.01 
±0.01 

90 
±2 

-2 
±0.3 

5 
±0.4 

0.34 
±0 

0.34 
±0.02 

0.32 
±0.01 

283 
±28.6 

IP 26.7 
±4.8 

2,694.4 
±706.2 

1,315.6 
±230 

41.3 
±4.6 

23,168.3 
±6,983.4 

48.3 
±6.2 

0.4 
±0.3 

0.04 
±0.07 

82 
±0.1 

-5 
±0.1 

29 
±1 

0.42 
±0 

0.39 
±0 

0.19 
±0 

336.3 
±61.4 

CS 14.2 
±4.6 

442.3 
±342.2 

223.9 
±170.9 

53 
±10 

15,450.3 
±15,224.3 

57 
±11.8 

0.6 
±0.4 

0.1 
±0.1 

86 
±5 

-4 
±0.1 

13 
±2 

0.37 
±0 

0.36 
±0.1 

0.27 
±0.03 

232.7 
±41 

L 46 
±18.3 

3,974.5 
±2,012.

6 

2,497.4 
±1,335.

5 

44.5 
±6.3 

32,699 
±0 

81 
±11.7 

0.03 
±0.01 

0 
±0 

91 
±1 

-4 
±0.1 

14 
±2 

0.37 
±0.01 

0.36 
±0.01 

0.27 
±0.01 

345.3 
±53.5 

LF 27.6 
±2.4 

1,185.3 
±211.3 

868 
±380.4 

62.4 
±11.5 

32,499 
±0 

73.1 
±23.6 

0.01 
±0.01 

0.01 
±0.01 

57 
±5.6 

21.7 
±1.9 

29.6 
±0.9 

0.63 
±0.03 

0.25 
±0.02 

0.13 
±0.01 

138 
±21.4 

XX 11.2 
±1.3 

467 
±495.7 

263 
±292 

85.9 
±13.9 

9,041.3 
±1,311.1 

53.9 
±3.2 

0.7 
±0.3 

0.06 
±0.1 

89 
±2 

-2 
±0.1 

10 
±1 

0.36 
±0 

0.35 
±0.02 

0.29 
±0.01 

202 
±30.5 

RT 24.2 
±2.7 

1,332.8 
±15.3 

807.2 
±7.7 

50 
±3.7 

20,248 
±7,132.6 

53.9 
±7.1 

0.3 
±0.2 

0.02 
±0.01 

83 
±2 

-6 
±0.1 

43 
±5 

0.47 
±0.02 

0.40 
±0.02 

0.13 
±0.03 

245.7 
±40.1 

IG 33 1,772.2 979.2 44.6 24,697 44.4 0 0 88 -5 24 0.41 0.37 0.22 248 
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±7.6 ±322.4 ±165.8 ±8.4 ±7,470.8 ±2.3 ±0 ±0 ±2 ±0.1 ±3 ±0.01 ±0.02 ±0.03 ±5 

LG 40 
±11.6 

2,090.1 
±844.8 

1,745 
±631.5 

53.3 
±2.1 

32,627.3 
±99.9 

102.2 
±8.1 

0.03 
±0.01 

0.01 
±0.02 

88.6 
±0.5 

-4.6 
±0.4 

19.2 
±1.6 

0.39 
±0 

0.37 
±0.01 

0.24 
±0.01 

215 
±8.2 

LC 40.7 
±11 

3,614 
±715.9 

3,178. 
 

±1,067 

52.4 
±1.1 

32,593 
±205.6 

113.9 
±4.6 

0.7 
±0.6 

0.08 
±0.1 

58.5 
±5.5 

19.7 
±2 

30.8 
±0.8 

0.62 
±0.03 

0.26 
±0.02 

0.12 
±0.01 

190.3 
±29.7 

LK 45.1 
±12 

3,816.7 
±1,375.

3 

3,385.2 
±1,214.

9 

56.7 
±1.7 

32,376.3 
±19.7 

106.6 
±13.3 

1.2 
±0.6 

0.1 
±0.1 

69.7 
±2.8 

13.6 
±0.9 

22.1 
±0.6 

0.52 
±0.01 

0.30 
±0.02 

0.19 
±0.01 

198.7 
±7.6 

OG 61.9 
±22.7 

7,544 
±3,554.

2 

3,111.1 
±1,671.

2 

18.1 
±3.8 

32,147.7 
±307.7 

47.9 
±5.2 

0.01 
±0.01 

0.01 
±0.01 

92.9 
±3.6 

-2.9 
±0.2 

10.5 
±2.6 

0.36 
±0.03 

0.35 
±0.04 

0.29 
±0.05 

328.7 
±1.5 

OT 39.6 
±6.7 

3,392.1 
±1,151.

4 

1,231.7 
±650.1 

25.9 
±10.1 

33,452 
±0 

13.2 
±6.7 

0.1 
±0.1 

0.02 
±0.03 

95 
±0.5 

-4 
±0.1 

13 
±0.8 

0.4 
±0 

0.3 
±0.01 

0.3 
±0.01 

331 
±0 

OK 67.5 
±12.7 

6,139.8 
±1,025.

4 

2,703.3 
±650.1 

22.1 
±3.8 

32,682 
±0 

32.8 
±2.5 

0 
±0 

0.01 
±0.01 

72.3 
±1.6 

17.3 
±1.3 

22.9 
±2.2 

0.37 
±0.01 

0.36 
±0.01 

0.27 
±0.02 

328.7 
±0 
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Table S3.2. Means, standard error of the means (SME) and letters of significance of the intensity of the ten sensory descriptors. Significant differences were 
obtained through ANOVA and least significant difference (LSD) tests (α = 0.05). Abbreviations are found in Table 3.1 and Table 3.2. 

Sample AHops AYeast AGrains CVisc MAstr MCarb TBitt TSweet TSour FHops 

BB 9.4abc 

±0.94 
8.5ab 

±0.76 
11a 

±0.93 
2.7de 

±0.57 
3.7de 

±1.30 
4.7efg 

±1.03 
7.4g 

±0.89 
1.8gh 

±0.36 
4.4de 

±1.00 
6.6bcd 

±1.00 

P 7.9abcdef 

±1.09 
7.6abc 

±0.78 
8.3b 

±0.82 
3.1de 

±0.67 
4.7cde 

±1.23 
4.4fgh 

±0.75 
9.4cdefg 

±0.79 
3.5efgh 

±0.61 
4.4de 

±1.09 
8.4abc 

±0.82 

C 10.6a 

±0.84 
9.7a 

±0.60 
8.8ab 

±0.85 
2.0e 

±0.44 
6.3bcd 

±1.2 
4.0gh 

±0.86 
8.7cdefg 

±0.54 
3.0fgh 

±0.73 
3.9de 

±0.97 
8.7abc 

±0.87 

H 10.4a 

±0.77 
9.3a 

±0.65 
8.9ab 

±0.84 
3.8cde 

±0.77 
4.1cde 

±0.93 
5.5cdefg 

±0.54 
8.1efg 

±0.86 
4.3ef 

±0.88 
3.8de 

±0.87 
9.7a 

±0.62 

BC 9.8ab 

±0.83 
9.4a 

±0.69 
9.1ab 

±0.46 
3.2de 

±0.81 
5.0cde 

±1.21 
4.8efg 

±0.85 
7.4g 

±0.70 
4.1ef 

±0.74 
3.6de 

±0.77 
9.0ab 

±0.82 

BL 6.5abcdef 

±1.08 
7.8ab 

±1.09 
7.2bc 

±1.26 
3.8cde 

±0.80 
8.1ab 

±1.27 
4.2gh 

±0.70 
10.7bc 

±0.55 
3.4efgh 

±0.54 
4.8cde 

±0.98 
9.0ab 

±0.86 

Z 8.7abcd 

±1.18 
6.9bc 

±0.86 
8.4ab 

±0.62 
5.5abc 

±1.16 
5.1bcde 

±1.20 
4.9defg 

±0.73 
12.1ab 

±0.61 
4.1ef 

±0.85 
3.8de 

±0.76 
8.3abc 

±0.81 

PU 8.0abcdef 

±0.87 
9.5a 

±0.63 
7.3bc 

±1.05 
2.5de 

±0.51 
5.3bcde 

±1.10 
4.4gh 

±0.73 
10.2bcd 

±0.67 
4.2ef 

±0.73 
3.7de 

±0.82 
8.9ab 

±0.80 

SA 10.4a 

±0.83 
7.6abc 

±0.90 
7.2bc 

±1.02 
3.4cde 

±0.68 
4.8cde 

±1.07 
5.6cdefg 

±0.59 
8.4defg 

±0.67 
3.2efgh 

±0.64 
3.7de 

±0.97 
9.8a 

±0.86 

IP 8.9abcd 

±0.96 
9.1ab 

±0.76 
8.2b 

±1.08 
4.7bcd 

±1.17 
9.4a 

±1.12 
4.9defg 

±0.82 
12.3a 

±0.42 
1.6h 

±0.38 
4.2de 

±1.02 
10.0a 

±0.82 

CS 7.9abcdef 

±1.08 
8.6ab 

±0.65 
9.2ab 

±0.76 
3.7cde 

±0.64 
4.7cde 

±1.14 
7.4bc 

±0.91 
9.4cdefg 

±0.71 
4.1ef 

±0.62 
4.5de 

±0.89 
9.5a 

±0.62 

L 8.9abcd 

±0.75 
8.2ab 

±0.85 
9.0ab 

±0.70 
4.2cde 

±0.77 
5.8bcde 

±0.95 
6.3bcdefg 

±0.73 
9.4cdef 

±0.81 
5.1de 

±0.82 
3.6de 

±0.75 
8.4abc 

±0.87 

LF 1.4g 

±0.17 
3.1d 

±0.69 
2.8e 

±0.67 
3.7cde 

±0.82 
4.4cde 

±0.97 
6.3bcdefg 

±1.14 
1.7i 

±0.33 
10ab 

±1.16 
10.3a 

±0.85 
2.4f 

±0.40 

XX 8.9abcd 

±0.90 
6.9bc 

±0.79 
5.7cd 

±1.09 
3.1de 

±0.74 
3.2e 

±0.77 
2.3h 

±0.53 
3.6hi 

±0.78 
3.8efg 

±0.98 
3.1de 

±0.70 
5.0de 

±0.86 

RT 7.0abcdef 

±0.83 
7.0bc 

±1.01 
5.4cd 

±1.23 
4.4bcd 

±0.94 
5.4bcde 

±1.16 
6.7bcdef 

±0.96 
10.0cde 

±0.35 
3.7efg 

±0.71 
2.7e 

±0.69 
7.9abc 

±0.71 

IG 5.6f 

±1.05 
8.3ab 

±0.79 
5.5cd 

±1.15 
3.3cde 

±0.33 
5.7bcde 

±1.22 
4.4fgh 

±0.78 
8.7defg 

±0.77 
5.1de 

±0.90 
3.8de 

±0.78 
8.6abc 

±0.92 

LG 8.1abcde 

±0.68 
8.2ab 

±0.83 
8.0bc 

±0.84 
4.0cde 

±0.86 
5.3bcde 

±1.07 
5.5cdefg 

±0.55 
4.6h 

±0.81 
6.4cd 

±0.59 
10.1a 

±0.71 
4.9de 

±0.83 

LC 2.8g 

±0.58 
3.3d 

±0.78 
2.9e 

±0.51 
4.3cde 

±1.24 
5.6bcde 

±0.84 
6.0cdefg 

±0.73 
2.1i 

±0.54 
9.9ab 

±0.84 
10.7a 

±0.67 
3.1ef 

±0.65 
LK 2.2g 3.2d 3.4de 4.0cde 3.1e 7.0bcd 2.0i 11.9a 7.5b 2.6f 
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±0.54 ±0.74 ±0.76 ±0.72 ±0.79 ±0.85 ±0.59 ±0.62 ±1.02 ±0.55 

OG 9.0abcd 

±0.87 
9.2ab 

±0.92 
8.0bc 

±0.97 
7.5a 

±0.95 
4.6cde 

±0.84 
9.7a 

±0.92 
4.8h 

±1.09 
9.6b 

±0.43 
7.4b 

±1.02 
9.5a 

±0.58 

OT 5.9abcdef 

±1.32 
7.7abc 

±0.96 
6.8bc 

±1.11 
7.7a 

±1.06 
7.2bc 

±0.92 
7.0bcde 

±1.08 
7.6fg 

±1.15 
8.4bc 

±0.99 
7.3bc 

±1.50 
8.1abc 

±1.15 

OK 8.2abcdef 

±1.24 
5.3cd 

±0.95 
5.3cde 

±1.01 
6.9ab 

±1.37 
6.0bcde 

±1.26 
8.7ab 

±1.04 
7.8fg 

±1.39 
10.6ab. 

±0.37 
5.7bcd 

±1.25 
6.4cd 

±0.97 
 

 

Table S3.3. Factor loadings of the two principal components for each parameter. Abbreviations: MaxVol = maximum volume of foam, TLTF = total lifetime 
of foam, LTF = lifetime of foam, FDrain = foam drainage and OH = alcohol, PC1 = principal component one, PC2 = principal component two. Abbreviations 
for sensory descriptors are found in Table 3.2. 

Principal 
component/ 
Parameter 

PC1 
(40.1%) 

PC2 
(23.4%) 

Principal 
component/ 
Parameter 

PC1 
(40.1%) 

PC2 
(23.4%) 

MaxVol -0.18 -0.31 LgBubb 0.02 0.25 

TLTF -0.14 -0.32 FDrain 0.05 0.37 

LTF -0.21 -0.19 AHops 0.25 -0.12 

OH 0.02 -0.29 AYeast 0.29 -0.11 

CO2 -0.23 -0.21 AGrains 0.25 -0.10 

L 0.24 -0.07 CVisc -0.12 -0.34 

a -0.28 0.06 MAstr 0.07 -0.13 

b -0.16 0.01 MCarb -0.14 -0.28 

R -0.24 0.11 TBitt 0.22 -0.12 

G 0.25 -0.14 TSweet -0.28 0.02 

B 0.19 -0.07 TSour -0.24 -0.12 

SmBubb -0.19 0.13 FHops 0.26 -0.18 

MedBubb -0.04 0.26    
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APPENDIX II 

Table S4.1. Factor loadings of each descriptor in the principal components analysis for the principal 
components one and two (PC1 and PC2). 

Descriptor PC1 PC2 

MaxVol 0.32 0.23 

TLTF 0.33 0.16 

LTF 0.31 0.23 

FDrain -0.19 -0.20 

SmBubb 0.28 -0.04 

MedBubb 0.26 -0.17 

LgBubb 0.28 -0.12 

L -0.28 0.32 

a 0.31 -0.20 

b -0.24 -0.33 

RI 0.22 -0.43 

GI -0.31 0.11 

BI 0.06 0.51 

CO2 0.23 0.09 

OH -0.05 -0.25 

Abbreviations: MaxVol = maximum volume of foam, TLTF = total lifetime of foam, LTF = lifetime of 
foam, FDrain = foam drainage, L, a, b = color in CIELab scale, RI, GI, BI indices of color in RGB 
scale, SmBubb = small bubbles, MedBubb = medium bubbles, LgBubb = large bubbles, OH = alcohol 
gas and CO2 = carbon dioxide release. 
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APPENDIX III 

Table S5.1. Factor loadings from the principal components analysis for both principal component one and 
two (PC1 and PC2). 

Descriptor PC1 PC2 

Liking Sound 0.07 -0.03 
Liking Bubble 

Velocity 0.22 -0.28 

Liking Bubble Size 0.18 -0.31 

FaceScale Bubbles 0.16 -0.32 

Liking Taste 0.25 -0.22 

Liking Mouthfeel 0.2 -0.19 

Overall Liking 0.22 -0.26 

Total dissolved solids 0.23 0.03 

Electric conductance 0.23 0.03 

pH 0.18 -0.02 

Small Bubbles 0.12 0.2 

Medium Bubbles 0.26 0.12 

Large Bubbles 0.27 0.16 

Averange Bubble Size 0.14 -0.18 

HappyFE 0.29 0.12 

SadFE -0.25 -0.22 

AngryFE -0.22 -0.25 

SurprisedFE -0.1 0.31 

DisgustedFE 0.13 0.33 

ContemptFE 0.27 0.17 

Valence 0.28 0.15 

Arousal 0.21 0.05 

ZHead -0.06 0.28 
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APPENDIX IV 

Table S6.1. Results of the foam-related parameters showing the mean value in the first row and standard deviation in the second row for all 21 samples. 
Abbreviations of samples and parameters are shown in Tables 6.1 and 6.2. 

Sample MaxVol 
(mL) 

TLTF 
(s) 

LTF 
(s) 

FDrain 
(mL s-1) 

CO2 
(ppm) 

SmBubb 
(number) 

MedBubb 
(number) 

LgBubb 
(number) 

L 46.0 
±11.4 

3,973.1 
±1,259.4 

2,497.4 
±1,335.5 

44.5 
±6.3 

32,699.0 
±0.0 

3726.0 
±1,879.6 

2.7 
±2.5 

0.7 
±1.1 

IP 26.7 
±3.0 

2,691.7 
±311.7 

1,315.6 
±230.0 

41.3 
±4.6 

23,168.3 
±6,983.4 

1,289.3 
±62.0 

19.0 
±32.9 

4.0 
±5.2 

Z 38.4 
±2.7 

3,085.2 
±269.2 

1,527 
±162.2 

34.1 
±1.7 

27,128.0 
±9,360.1 

1,577.0 
±181.6 

31.7 
±26.6 

3.7 
±4.0 

P 23.9 
±2.7 

1,693.8 
±236.6 

948.3 
±239.4 

49.0 
±11.4 

25,731.7 
±6,469.6 

791.3 
±190.5 

17.7 
±16.3 

5.0 
±4.6 

RT 24.2 
±1.7 

1,334.3 
±11.6 

807.2 
±7.7 

50.0 
±3.7 

20,248.0 
±7,132.6 

1,304.7 
±44.3 

12.7 
±21.9 

2.3 
±3.2 

SA 27.9 
±9.7 

2,355.4 
±1,159.0 

1,306.3 
±1,151.4 

46.4 
±9.0 

14,724.0 
±5,262.1 

1,599.7 
±1,061.2 

5.7 
±9.8 

1.3 
±2.3 

IG 33.0 
±4.8 

1,772.7 
±201.4 

979.2 
±165.8 

44.6 
±8.4 

24,697.0 
±7,470.8 

1,464.7 
±418.5 

0.0 
±0.0 

0.0 
±0.0 

CS 14.0 
±2.9 

442.2 
±213.6 

223.9 
±170.9 

53.0 
±10.0 

15,450.3 
±15,224.3 

810.7 
±133.1 

18.0 
±915.6 

3.7 
±3.2 

C 13.0 
±2.5 

1,093.1 
±72.3 

508.0 
±42.6 

63.8 
±28.9 

8,062.3 
±1,765.1 

616.7 
±136.1 

19.7 
±8.5 

7.3 
±2.3 

XX 11.2 
±0.8 

466.7 
±309.4 

263.0 
±292.0 

85.9 
±13.9 

9,041.3 
±1,311.1 

602.7 
±32.4 

15.0 
±13.1 

2.7 
±3.8 

BL 17.6 
±3.2 

1,722.2 
±416.7 

993.4 
±407.7 

67.9 
±15.5 

3,447.7 
±353.4 

1,080.3 
±267.7 

14.7 
±25.4 

1.3 
±2.3 

H 37.2 
±7.9 

2,228.3 
±441.4 

1,180.7 
±402.3 

38.1 
±2.5 

19,462.3 
±10,878.7 

1,471.3 
±10.2 

13.0 
±21.7 

1.7 
±1.2 

BC 20.3 
±2.4 

1,304.3 
±107.6 

651.7 
±67.7 

59.2 
±7.3 

10,955.0 
±4,640.2 

755.3 
±87.5 

12.0 
±12.0 

2.7 
±2.5 

BB 27.8 
±0.9 

2,564.6 
±268.1 

1,249.9 
±270.5 

41.2 
±5.2 

19,297.0 
±8201.8 

882.7 
±39.8 

32.7 
±6.8 

7.0 
±2.6 

PU 18.2 
±2.1 

840.8 
±134.7 

447.4 
±121.7 

72.4 
±8.6 

7,076.3 
±2629.9 

735.7 
±50.6 

15.7 
±16.6 

3.7 
±5.5 

LC 40.7 
±6.9 

3,614.0 
±715.9 

3,178.4 
±1,067.0 

52.4 
±1.1 

32,593.0 
±205.6 

4,635.3 
±1,347.9 

60.0 
±96.1 

12.3 
±17.9 

LF 27.6 1,186.6 868.0 62.4 32,499.0 2,017.3 0.7 1.0 
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±1.5 ±131.3 ±380.4 ±11.5 ±0.0 ±535.8 ±1.2 ±1.0 

LG 40.0 
±7.3 

2,089.1 
±527.9 

1,745 
±631.5 

53.3 
±2.1 

32,627.3 
±99.9 

4,084.3 
±1,035 

2.0 
±1.0 

2.0 
±1.0 

LK 45.1 
±7.5 

3,815.0 
±853.2 

3,385.2 
±1,214.9 

56.7 
±1.7 

32,376.3 
±19.7 

4,808.7 
±1,083.1 

108.7 
±94.5 

15.7 
±11.5 

OK 67.5 
±12.7 

6,139.8 
±1,025.4 

2,703.3 
±650.1 

22.1 
±3.8 

32,682.0 
±0.0 

2,216.0 
±565.7 

0.3 
±0.6 

2.0 
±2.0 

OG 61.9 
±22.7 

7,544.0 
±3,554.2 

3,111.1 
±1,671.2 

18.1 
±3.8 

32,147.7 
±307.7 

1,897.7 
±547.0 

1.0 
±1.7 

2.0 
±2.0 

 

Table S6.2. Results of the chemical and color-related parameters showing the mean value in the first row and standard deviation in the second row for all 
21 samples. Abbreviations of samples and parameters are shown in Tables 6.1 and 6.2. 

Sample L 
(unitless) 

a 
(unitless) 

b 
(unitless) 

RI 
(unitless) 

GI 
(unitless) 

BI 
(unitless) 

Alcohol 
Sensor 

(unitless) 

Alcohol 
Alcolyzer 

(%) 

pH 
(unitless) 

Brix 
(°Brix) 

L 90.5 
±0.5 

-4.0 
±0.1 

14.1 
±2.0 

0.37 
±0.01 

0.36 
±0.01 

0.27 
±0.01 

345.3 
±53.5 

6.8 
±0.01 

4.2 
±0.02 

7.5 
±0.0 

IP 81.6 
±0.1 

-5.4 
±0.1 

28.6 
±0.7 

0.42 
±0.00 

0.39 
±0.00 

0.19 
±0.00 

336.3 
±61.4 

6.3 
±0.01 

4.3 
±0.02 

6.5 
±0.3 

Z 45.8 
±4.0 

10.6 
±2.7 

48.0 
±3.2 

0.67 
±0.02 

0.31 
±0.01 

0.02 
±0.00 

394.0 
±87.7 

5 
±0.02 

4.3 
±0.01 

10.0 
±0.1 

P 92.8 
±2.3 

-3.3 
±0.1 

13.2 
±2.2 

0.37 
±0.01 

0.36 
±0.02 

0.27 
±0.03 

205.7 
±49.2 

4.6 
±0.01 

4.7 
±0.01 

4.7 
±0.1 

RT 83.1 
±2.1 

-6.2 
±0.1 

42.5 
±4.8 

0.47 
±0.02 

0.40 
±0.02 

0.13 
±0.03 

245.7 
±40.1 

6 
±0.02 

4.2 
±0.02 

7.8 
±0.3 

SA 90.1 
±1.6 

-1.6 
±0.3 

3.7 
±0.4 

0.34 
±0.00 

0.34 
±0.02 

0.32 
±0.01 

283.0 
±28.6 

4.2 
±0.02 

4.0 
±0.01 

4.7 
±0.2 

IG 88.0 
±2.3 

-4.9 
±0.1 

23.9 
±2.8 

0.41 
±0.01 

0.37 
±0.02 

0.22 
±0.03 

248.0 
±5.0 

6.5 
±0.02 

4.0 
±0.01 

6.9 
±0.1 

CS 85.6 
±5.2 

-3.8 
±0.1 

13.3 
±1.5 

0.37 
±0.00 

0.36 
±0.10 

0.27 
±0.03 

232.7 
±41.0 

5.8 
±0.01 

4.2 
±0.01 

5.2 
±0.0 

C 92.5 
±0.1 

-2.3 
±0.2 

8.6 
±1.8 

0.36 
±0.01 

0.35 
±0.00 

0.29 
±0.01 

220.3 
±48.0 

4.6 
±0.01 

4.2 
±0.01 

5.4 
±0.2 

XX 88.9 
±1.6 

-2.1 
±0.1 

9.6 
±0.7 

0.36 
±0.00 

0.35 
±0.02 

0.29 
±0.01 

202.0 
±30.5 

4.5 
±0.01 

4.1 
±0.01 

5.0 
±0.0 

BL 91.0 
±1.7 

-4.8 
±0.5 

22.6 
±0.9 

0.40 
±0.00 

0.37 
±0.02 

0.23 
±0.01 

242.0 
±22.7 

5.2 
±0.01 

4.2 
±0.01 

6.6 
±0.4 

H 93.9 
±1.5 

-2.3 
±0.1 

8.0 
±0.4 

0.35 
±0.00 

0.35 
±0.02 

0.30 
±0.02 

241.3 
±36.1 

5.0 
±0.01 

4.5 
±0.01 

4.9 
±0.1 

BC 88.2 -2.8 12.5 0.38 0.36 0.26 245.7 5.3 4.7 5.4 
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±2.6 ±0.3 ±1.7 ±0.01 ±0.02 ±0.03 ±85.5 ±0.01 ±0.02 ±0.2 

BB 90.6 
±1.6 

-2.6 
±0.3 

11.0 
±0.6 

0.36 
±0.00 

0.35 
±0.02 

0.28 
±0.01 

56.3 
±8.1 

0.4 
±0.00 

4.5 
±0.01 

4.4 
±0.2 

PU 87.0 
±0.2 

-3.6 
±0.1 

15.0 
±0.3 

0.38 
±0.00 

0.36 
±0.00 

0.26 
±0.00 

213.7 
±55.6 

5.5 
±0.01 

4.4 
±0.02 

6.0 
±0.1 

LC 58.5 
±5.5 

19.7 
±2.0 

30.8 
±0.8 

0.62 
±0.03 

0.26 
±0.02 

0.12 
±0.01 

190.3 
±29.7 

3.5 
±0.01 

9.1 
±0.01 

2.9 
±0.1 

LF 57.0 
±5.6 

21.7 
±1.9 

29.6 
±0.9 

0.63 
±0.03 

0.25 
±0.02 

0.13 
±0.01 

138.0 
±21.4 

2.5 
±0.01 

2.9 
±0.00 

10.9 
±0.2 

LG 88.6 
±0.5 

-4.6 
±0.4 

19.2 
±1.6 

0.39 
±0.00 

0.37 
±0.01 

0.24 
±0.01 

215.0 
±8.2 

4.5 
±0.01 

3.1 
±0.02 

7.8 
±0.3 

LK 69.7 
±2.8 

13.6 
±0.9 

22.1 
±0.6 

0.52 
±0.01 

0.30 
±0.02 

0.19 
±0.01 

198.7 
±7.6 

3.5 
±0.01 

3.1 
±0.01 

10.4 
±0.2 

OK 72.3 
±1.6 

17.3 
±1.3 

22.9 
±2.2 

0.37 
±0.01 

0.36 
±0.01 

0.27 
±0.02 

328.0 
±0.0 

6.0 
±0.00 

3.3 
±0.01 

7.5 
±0.0 

OG 92.9 
±3.6 

-2.9 
±0.2 

10.5 
±2.6 

0.36 
±0.03 

0.35 
±0.04 

0.29 
±0.05 

328.7 
±1.5 

6.0 
±0.00 

3.8 
±0.01 

6.0 
±0.0 
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APPENDIX V 

Table S7.1. Volatile compounds found in beer samples from top fermentation showing the retention time, 
retention index, relative peak area and percentage of matching score of each compound according to NIST 
database 

Volatile compound 
Retention 

time 
(min) 

Retention 
index* 

Relative 
Area 

Match score 
(%) 

Kolsch (P) 

Ethyl caproate 12.15 984 4618063 89.0 

Linalool 14.33 1082 993638 87.5 

Phenylethyl alcohol 14.61 1136 16766285 93.6 

Ethyl octanoate 16.24 1183 23343994 93.2 

Ethyl decanoate 19.69 1381 9163781 92.4 

Ethyl laurate 22.75 1593 824903 92.5 

Porter (Z) 

Ethyl caproate 12.15 984 4093310 88.5 

Phenylethyl alcohol 14.61 1136 13226471 93.6 

Ethyl octanoate 16.24 1183 13351556 93.3 

Ethyl decanoate 19.69 1381 4213834 92.6 

Ethyl laurate 22.75 1593 434143 92.6 

Steam Ale (SA) 

Ethyl caproate 12.15 984 4864068 88.9 

Linalool 14.33 1082 2635015 87.2 

Phenylethyl alcohol 14.61 1136 10380434 93.6 

Ethyl octanoate 16.24 1183 26108302 93.2 

Ethyl decanoate 19.69 1381 6861893 92.6 

Ethyl laurate 22.75 1593 461934 91.9 

Sparkling Ale (CS) 

Ethyl caproate 12.15 984 6872809 88.9 

o-Tolualdehyde 13.96 1095 4497461 94.9 

Phenylethyl alcohol 14.61 1136 4234976 93.7 

Ethyl octanoate 16.25 1183 38968610 93.6 

Ethyl decanoate 19.70 1381 37259709 92.2 

Ethyl laurate 22.75 1593 9975924 92.3 

Abbey Ale (L) 

Ethyl butyrate 6.70 785 345896 80.5 

Ethyl caproate 12.15 984 7905441 96.6 

Phenylethyl alcohol 14.61 1136 14908408 93.6 

Ethyl octanoate 16.24 1183 17071017 93.2 

Ethyl decanoate 19.69 1381 2710019 92.6 

Ethyl laurate 22.75 1593 547758 92.6 

Red Ale (RT) 

Ethyl caproate 12.15 984 4432449 88.5 

o-Tolualdehyde 13.96 1095 1283409 95 
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Ethyl octanoate 16.24 1183 39295571 93.1 

Ethyl decanoate 19.69 1381 19474568 92.4 

Ethyl laurate 22.75 1593 3196550 92.8 

Aged Ale (IG) 

Ethyl caproate 12.15 984 3670413 88.9 

Phenylethyl alcohol 14.61 1136 11705857 93.6 

Ethyl octanoate 16.24 1183 4956017 93.3 

Ethyl decanoate 19.69 1381 2237328 92.5 

Ethyl laurate 22.75 1593 1073494 91.1 

Saison (LSS) 

Styrene 9.30 883 1571874 94.3 

β-Pinene 11.94 948 19079576 87.6 

Ethyl caproate 12.15 984 5090210 88.9 

Linalool 14.33 1082 3895193 87.2 

Ethyl octanoate 16.24 1183 29102605 93.7 

Methyl Geranate 18.51 1252 3980967 87.0 

Ethyl decanoate 19.69 1381 21210914 92.3 

Humulene 20.80 1579 8607412 93.5 

Ethyl laurate 22.75 1593 2368547 92.3 

India Pale Ale (WRIPA) 

Ethyl caproate 12.15 984 6213727 88.9 

Linalool 14.33 1082 4651886 86.9 

Phenylethyl alcohol 14.61 1136 12910969 93.6 

Ethyl octanoate 16.25 1183 42852704 93.3 

Methyl Geranate 18.52 1252 870858 87.0 

Ethyl decanoate 19.69 1381 18787049 92.3 

Ethyl laurate 22.75 1593 1309302 92.1 

Blonde Ale (WRB) 

Ethyl caproate 12.15 984 4371214 88.9 

Linalool 14.33 1082 667318 84.8 

Ethyl octanoate 16.25 1183 46656293 93.6 

Ethyl decanoate 19.70 1381 42228119 92.0 

Ethyl laurate 22.75 1593 3577317 92.2 

*Values obtained from National Institute of Standards and Technology (NIST) 
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Table S7.2. Volatile compounds found in beer samples from bottom fermentation showing the retention 
time, retention index, relative peak area and percentage of matching score of each compound according to 
NIST database 

Volatile compound 
Retention 

time 
(min) 

Retention 
index* 

Relative 
Area 

Match 
score (%) 

Lager (XX) 

Ethyl butyrate 6.71 785 169488 80.5 

Ethyl caproate 12.15 984 4179057 88.9 

Phenylethyl alcohol 14.61 1136 12542986 93.6 

Ethyl octanoate 16.24 1183 6596109 93.3 

Ethyl decanoate 19.69 1381 3840420 90.9 

Ethyl laurate 22.75 1593 950486 92.6 

Lager (C) 

Ethyl caproate 12.15 984 5563724 88.9 

Phenylethyl alcohol 14.61 1136 4444813 93.6 

Ethyl octanoate 16.24 1183 5854148 93.3 

Ethyl decanoate 19.69 1381 1553812 92.6 

Ethyl laurate 22.75 1593 524869 91.8 

Lager (H) 

Ethyl caproate 12.15 984 5012170 88.9 

Phenylethyl alcohol 14.61 1136 13295506 93.6 

Ethyl octanoate 16.24 1183 26409845 93.1 

Ethyl decanoate 19.69 1381 5496701 92.6 

Ethyl laurate 22.75 1593 1249118 92.1 

Lager (BC) 

Ethyl caproate 12.15 984 5001658 88.9 

Phenylethyl alcohol 14.61 1136 10759497 93.6 

Ethyl octanoate 16.24 1183 14309746 93.2 

Ethyl decanoate 19.69 1381 1100097 92.5 

Ethyl laurate 22.75 1593 368636 91.9 

Lager (BL) 

Ethyl caproate 12.15 984 4516515 88.9 

Phenylethyl alcohol 14.61 1136 11627553 93.6 

Ethyl octanoate 16.24 1183 28715969 93.2 

Ethyl decanoate 19.69 1381 12563413 92.4 

Ethyl laurate 22.75 1593 1328272 91.9 

Pilsner (PU) 

Ethyl caproate 12.15 984 3478614 88.9 

Phenylethyl alcohol 14.61 1136 1861979 93.7 

Ethyl octanoate 16.24 1183 16102439 93.3 

Ethyl decanoate 19.69 1381 6716975 92.3 

Ethyl laurate 22.75 1593 1719180 92.3 

*Values obtained from National Institute of Standards and Technology (NIST) 
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Table S7.3. Volatile compounds found in beer samples from spontaneous fermentation showing the retention 
time, retention index, relative peak area and percentage of matching score of each compound according to 
NIST database 

Volatile compound Retention 
time 

Retention 
index 

Relative 
Area 

Match 
score (%) 

Lambic Gueuze (LG) 

Styrene 9.30 883 1928187 97.4 

Ethyl caproate 12.15 984 5037887 89.0 

Phenylethyl alcohol 14.61 1136 7713013 93.6 

Ethyl octanoate 16.24 1183 33138101 93.5 

4-Ethylguaiacol 17.77 1303 3974686 90.9 

Ethyl decanoate 19.69 1381 21473078 92.3 

Ethyl laurate 22.75 1593 4281275 92.3 

Lambic Cassis (LC) 

Ethyl butyrate 6.69 785 871774 80.5 

Styrene 9.30 883 488728 98.8 

Ethyl caproate 12.15 984 4242426 88.9 

Phenylethyl alcohol 14.61 1136 12580241 93.6 

Ethyl octanoate 16.24 1183 24998384 93.2 

4-Ethylguaiacol 17.77 1303 2577733 91.0 

Ethyl decanoate 19.69 1381 9834948 92.4 

Ethyl laurate 22.75 1593 876411 92.3 

Lambic Kriek (LK) 

Styrene 9.30 883 1203464 96.5 

Benzaldehyde 11.15 982 7407154 94.2 

Ethyl caproate 12.15 984 3123362 88.9 

o-Tolualdehyde 13.95 1095 45776003 94.8 

Phenylethyl alcohol 14.61 1136 8092710 93.6 

Ethyl octanoate 16.24 1183 19496750 93.3 

4-Ethylguaiacol 17.77 1303 3074752 90.8 

Ethyl decanoate 19.69 1381 9007489 92.6 

Ethyl laurate 22.75 1593 1877719 92.3 

Lambic Framboise (LF) 

3-hexen-1-ol 8.35 868 1064235 81.4 

Ethyl caproate 12.15 984 3904372 89.0 

Phenylethyl alcohol 14.61 1136 9156473 93.6 

Ethyl octanoate 16.24 1183 16644893 93.3 

4-Ethylguaiacol 17.77 1303 1780869 91.2 

Ethyl decanoate 19.69 1381 6212259 92.6 

Trans-ẞ-ionone 21.23 1457 27259039 93.4 

Ethyl laurate 22.75 1593 548355.7 91.7 

Lambic Kriek (OK) 

Ethyl isovalerate 8.33 820 606019.7 90.2 

Ethyl caproate 12.15 984 7011226 88.9 

Benzyl alcohol 12.91 1036 2902164 94.5 
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Ethyl heptanoate 14.30 1083 436384 83.2 

Phenylethyl alcohol 14.61 1136 4991805 92.6 

Ethyl benzoate 15.77 1160 7546586 94.9 

Ethyl octanoate 16.24 1183 38640069 93.4 

4-Ethylguaiacol 17.77 1303 1404766 90.7 

Ethyl decanoate 19.69 1381 21319361 90.9 

Trans-ẞ-ionone 21.23 1457 3629657 92.4 

Ethyl laurate 22.75 1593 1089595 92.3 

Lambic Gueuze (OG) 

Ethyl isovalerate 8.33 820 699150 90.1 

Ethyl caproate 12.15 984 8413065 88.9 

Phenylethyl alcohol 14.61 1136 5671559 93.6 

Ethyl benzoate 15.77 1160 3405547 94.5 

Ethyl octanoate 16.25 1183 51766837 93.6 

4-Ethylguaiacol 17.77 1303 2077541 91.4 

Ethyl decanoate 19.70 1381 36769371 92.2 

Ethyl laurate 22.75 1593 2745640 92.3 

Lambic Gueuze (OT) 

Ethyl isovalerate 8.33 820 899634 90.4 

Ethyl caproate 12.15 984 6158443 88.9 

Phenylethyl alcohol 14.61 1136 9489063 93.6 

Ethyl octanoate 16.25 1183 44555273 93.7 

Ethyl decanoate 19.69 1381 25877473 92.3 

Ethyl laurate 22.75 1593 2716180 92.0 

Wild Saison (LSW) 

β-Pinene 11.94 948 21707595 87.7 

Ethyl caproate 12.15 984 7414397 88.9 

Linalool 14.32 1082 2914335 82.9 

Ethyl octanoate 16.25 1183 48208625 93.6 

Methyl Geranate 18.52 1252 3066708 87.2 

Ethyl decanoate 19.69 1381 21337240 92.3 

Humulene 20.80 1579 3666121 93.6 

Ethyl laurate 22.75 1593 1447583 92.6 

*Values obtained from National Institute of Standards and Technology (NIST) 
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Figure S7.1. Model diagram showing the two-layer feedforward network model using 5 neurons, 
10 inputs from the aroma compounds and three targets related to beer acceptability. 

 

 

 

Figure S7.2. Example of a chromatogram for one replicate of the Kolsch (P) beer sample showing 
the Area (y-axis) and retention time (x-axis). 
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APPENDIX VI 

Table S9.1. Identified proteins showing their molecular weight (MW) and in which beer samples they were found (Y = detected; X = not detected) 

Protein Organism MW 
(kDa) P BC BL C CS OT H IG RT L LC LF LG LK LS LW SA OG OK PU WB WIP XX Z 

NLTP1_HORVU Hordeum vulgare (Barley) 12.3 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

IAAB_HORVU Hordeum vulgare (Barley) 16.5 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

IAAE_HORVU Hordeum vulgare (Barley) 16.1 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

NLTP2_HORVU Hordeum vulgare (Barley) 10.4 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

HOG3_HORVU Hordeum vulgare (Barley) 33.1 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

AVLA3_WHEAT Triticum aestivum (Wheat) 19.3 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

IAA2_HORVU Hordeum vulgare (Barley) 16.4 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

IAAD_HORVU Hordeum vulgare (Barley) 18.5 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

GLT3_WHEAT Triticum aestivum (Wheat) 70.9 Y Y Y Y Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

SPZ4_HORVU Hordeum vulgare (Barley) 43.3 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

IAA1_WHEAT Triticum aestivum (Wheat) 13.3 Y Y Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

HOR3_HORVU Hordeum vulgare (Barley) 30.2 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

GLT5_WHEAT Triticum aestivum (Wheat) 90.3 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

G3P1_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 35.8 Y Y Y Y Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

IAAA_HORVU Hordeum vulgare (Barley) 15.5 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

HOG1_HORVU Hordeum vulgare (Barley) 34.7 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

NLTP1_WHEAT Triticum aestivum (Wheat) 11.9 Y Y Y Y Y Y X Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

G3P1_CANGA Candida glabrata (Yeast) 35.9 X Y Y X Y Y Y Y X Y Y Y Y Y Y Y Y Y Y X Y Y Y Y 

HOR1_HORVU Hordeum vulgare (Barley) 33.4 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y X 

NLT2P_WHEAT Triticum aestivum (Wheat) 7.0 Y Y Y X Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y X X 

IAA2_WHEAT Triticum aestivum (Wheat) 16.8 Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y X Y Y X X 

PAU5_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 12.8 X Y Y Y Y Y Y X Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

ENO2_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 46.9 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 
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BSZ7_HORVU Hordeum vulgare (Barley) 42.8 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

IAAC3_WHEAT Triticum aestivum (Wheat) 18.2 X Y X X X Y Y X X X Y X X Y Y Y X X X X Y Y X X 

HINB1_HORVU Hordeum vulgare (Barley) 16.1 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

DNAK_MYCUA Mycobacterium ulcerans 66.4 Y Y Y Y Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y X 

IAC16_WHEAT Triticum aestivum (Wheat) 15.8 Y X X X X X X X X X Y Y Y Y Y Y Y Y X X Y Y X X 

BARW_HORVU Hordeum vulgare (Barley) 13.7 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y X Y Y Y X Y Y 

CHI2_HORVU Hordeum vulgare (Barley) 28.2 Y Y Y X Y Y Y Y X Y Y Y X Y Y Y Y Y X Y Y Y Y Y 

ICIA_HORVU Hordeum vulgare (Barley) 8.9 Y Y Y X Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y X Y Y 

PFD1_SCHPO Schizosaccharomyces pombe (Fission 
yeast) 12.6 Y Y Y X Y Y Y Y X Y Y Y Y Y Y Y Y X Y Y Y Y Y Y 

AMYB_HORVS Hordeum vulgare subsp. spontaneum 
(Wild barley) 59.6 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

AVLA4_WHEAT Triticum aestivum (Wheat) 18.9 Y Y Y Y Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

IAA1_HORVU Hordeum vulgare (Barley) 15.8 Y Y Y Y Y Y Y Y Y Y Y Y X Y Y Y Y X Y Y Y Y Y X 

CHIA_SECCE Secale cereale (Rye) 33.6 Y Y Y X Y Y Y Y X Y Y Y Y Y Y Y Y Y X Y Y Y Y Y 

YGP1_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 37.3 Y Y Y Y Y Y Y Y Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y 

HS16B_WHEAT Triticum aestivum (Wheat) 16.9 Y Y Y X Y X Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

EF1A_MAIZE Zea mays (Maize) 49.2 Y Y Y Y Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

HUTI_KLEP7 Klebsiella pneumoniae subsp. 
Pneumoniae 44.2 Y Y Y Y Y X Y Y X Y Y Y Y Y Y Y Y Y X Y Y Y Y X 

DEF12_TRIMO Triticum monococcum (Einkorn wheat) 5.7 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y X 

PGK_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 44.7 X X X X X Y X Y X Y Y Y Y Y Y Y X Y Y X Y X Y Y 

NLTP2_SOLCI Solanum chilense (Tomato) 11.7 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y X Y Y Y Y Y Y 

PDC1_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 61.5 Y X Y X Y Y X Y X X Y Y Y Y Y Y Y Y Y Y Y Y X Y 

IAAC2_WHEAT Triticum aestivum (Wheat) 15.5 Y Y Y Y Y Y X Y Y X X X Y Y Y Y Y Y X X Y Y Y Y 

GDA4_WHEAT Triticum aestivum (Wheat) 34.2 Y Y X X X Y X Y X Y Y Y Y Y Y Y Y Y X X Y X X X 

GLTB_WHEAT Triticum aestivum (Wheat) 34.9 Y Y Y X X Y Y Y Y Y Y Y Y Y Y X Y Y X Y Y Y Y Y 

AVLA1_WHEAT Triticum aestivum (Wheat) 18.4 Y Y Y Y X Y Y X X Y Y X Y Y Y Y Y Y Y X Y Y X X 

NLT2G_WHEAT Triticum aestivum (Wheat) 9.8 Y X Y X Y Y X Y X X Y Y X Y Y Y Y Y Y X Y Y X X 

IAA5_WHEAT Triticum aestivum (Wheat) 13.2 Y X X X X Y X X Y X X Y X Y Y Y Y Y X X X Y Y X 
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ICIC_HORVU Hordeum vulgare (Barley) 8.3 Y Y Y X Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y X Y Y 

NLT42_HORVU Hordeum vulgare (Barley) 11.2 Y Y Y X Y X Y Y Y Y X Y X Y Y Y Y Y X Y Y Y Y X 

SPZ2B_WHEAT Triticum aestivum (Wheat) 43.0 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y X X Y Y X Y 

KPYK1_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 54.5 Y X Y X Y Y X Y Y Y Y Y X Y Y Y X Y Y X X Y Y Y 

HINA_HORVU Hordeum vulgare (Barley) 16.5 Y X Y Y Y X Y Y Y Y X Y X Y Y Y X X X X Y Y Y Y 

TPIS_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 26.8 Y Y Y X Y Y Y Y X Y Y Y X Y Y Y X Y Y Y Y X Y Y 

LEA1_HORVU Hordeum vulgare (Barley) 21.8 Y Y Y X Y X Y Y X Y X Y X Y Y X Y Y X Y Y X Y Y 

LAS1_ARATH Arabidopsis thaliana (Mouse-ear cress) 86.5 Y Y Y Y Y Y Y Y X Y Y Y Y Y Y Y X Y Y Y Y Y Y Y 

TLP_PRUAV Prunus avium (Cherry) 25.7 X X X X X X X X X Y X X Y X Y X Y X Y X X X X X 

ACT2_SCHCO Schizophyllum commune (Split gill 
fungus) 41.8 Y Y X Y Y Y Y Y X Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

AVLB8_WHEAT Triticum aestivum (Wheat) 32.4 Y Y X X Y X Y X X X X Y Y Y Y Y Y X X Y Y X X X 

CIS3_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 23.2 Y X Y Y Y Y X Y Y Y Y Y X X Y Y Y Y Y X Y Y X X 

GDA7_WHEAT Triticum aestivum (Wheat) 36.1 Y X X X X Y X Y X X Y Y Y Y X Y Y Y Y X Y X X X 

YCF2_PINTH Pinus thunbergii (Japanese black pine) 244.6 X X X X X Y X X X X X Y Y X Y Y X Y X X X Y X X 

PMG1_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 27.6 X X X X Y X X X Y X X X X X Y Y X Y X X X X X Y 

FOXD1_XENLA Xenopus laevis (African clawed frog) 38.0 Y X X Y Y Y Y Y X Y Y Y Y Y Y Y X Y X Y Y Y Y Y 

UVRC_LACS1 Lactobacillus salivarius 68.1 Y Y Y Y Y X X X Y Y Y Y Y X Y Y Y X X Y Y Y Y X 

RIMO_HYDCU Hydrogenovibrio crunogenus 49.9 X X Y X X X X X Y X X X X X X Y X X X X Y Y X X 

THNB_HORVU Hordeum vulgare (Barley) 14.6 Y Y Y X Y X Y Y X Y X X X Y Y Y Y X X Y Y Y Y X 

PST1_YEAST Saccharomyces cerevisiae (Baker's 
yeast) 45.8 Y Y Y X Y X Y Y X Y Y Y X Y Y Y X X X Y Y Y Y Y 

TRX2_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 11.2 Y Y X X Y Y X X Y Y Y Y X Y Y Y X Y Y Y Y Y X Y 

NDK1_SACOF Saccharum officinarum (Sugarcane) 16.6 Y Y Y X Y X Y Y X Y Y Y X Y Y X Y X X Y X X Y Y 

NLTP_MAIZE Zea mays (Maize) 11.7 X X X X X X X X X Y Y Y Y Y X X X Y X X Y X X X 

HINB2_HORVU Hordeum vulgare (Barley) 16.1 Y Y Y X Y X Y Y X Y Y Y Y Y Y Y Y X X Y Y Y Y Y 

PR13_HORVU Hordeum vulgare (Barley) 17.7 Y Y Y X Y X Y Y X Y Y Y X X X Y Y X X Y X X Y Y 

SODC2_ORYSJ Oryza sativa subsp. japonica (Rice) 15.1 Y Y Y X Y Y Y Y X Y Y Y Y Y Y Y Y X Y Y Y Y Y Y 

ICIW2_WHEAT Triticum aestivum (Wheat) 12.9 X Y Y Y Y Y Y Y X X X X X X Y Y Y X X X Y Y Y X 
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K2C1_HUMAN Homo sapiens (Human) 66.0 Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

MOK13_SCHPO Schizosaccharomyces pombe (Fission 
yeast) 269.2 Y Y Y Y Y Y X X Y Y Y Y Y Y Y Y Y Y X Y X X Y X 

ENO1_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 46.8 Y Y Y X Y X Y Y X Y Y Y Y Y Y X Y Y Y X Y X Y Y 

RLMN_AZOC5 Azorhizobium caulinodans 44.5 X X X X X Y X X X X X X X X X X X X X X X X X X 

TMC7_MACFA Macaca fascicularis (Crab-eating 
macaque) 83.6 Y Y Y Y Y X Y Y X Y X X X Y X Y Y X X Y Y Y Y X 

ICIW_WHEAT Triticum aestivum (Wheat) 9.3 Y Y Y X X X Y X X Y Y Y Y Y X X Y X X Y Y X Y Y 

NUOD_ANAMM Anaplasma marginale 45.0 X X Y X Y Y X X Y X X X X X Y Y X X X X Y Y Y X 

PTN21_MOUSE Mus musculus (Mouse) 133.5 Y Y Y X Y Y Y Y X Y X Y X Y X X Y Y X Y Y Y Y Y 

INV2_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 60.6 X X X X Y Y Y X Y X X Y Y X Y Y X Y X X Y Y Y X 

AWA1_YEASK Saccharomyces cerevisiae (Bakers 
yeast) 166.9 X Y Y X Y X Y Y X Y X X X X X X X Y X Y X X Y Y 

PDI_HORVU Hordeum vulgare (Barley) 56.5 Y Y Y X X X Y X X Y Y X X X X X Y Y X Y Y X Y Y 

G3PC2_ARATH Arabidopsis thaliana (Mouse-ear cress) 36.9 Y Y Y X Y X Y Y X Y Y Y X X X X Y X X Y Y X Y Y 

OBG_CALS8 Caldicellulosiruptor saccharolyticus 47.3 X Y X X X Y X X X X Y Y Y Y X Y Y Y X X X X X X 

K22E_HUMAN Homo sapiens (Human) 65.4 Y Y Y Y Y Y X Y Y X Y Y Y Y Y Y X Y Y Y Y Y Y Y 

ENO_YARLI Yarrowia lipolytica (Yeast) 47.3 X X X X X X X X X X Y Y Y Y Y Y X Y Y X X X X X 

HSP71_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 69.7 X X Y X X X X Y Y X Y Y Y X X X X X X X Y Y X Y 

PFPB1_ARATH Arabidopsis thaliana (Mouse-ear cress) 61.5 Y Y Y X X X Y Y X Y X Y Y Y Y X Y Y X Y Y Y Y Y 

NLTP3_WHEAT Triticum aestivum (Wheat) 12.3 Y X Y X Y X Y Y X Y X X X X Y Y Y X X X Y Y Y X 

LTP1_MORNI Morus nigra (Black mulberry) 9.2 Y X Y X X X X X X X X X X X X Y Y Y X X Y Y X Y 

ECM33_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 43.8 X Y Y Y Y X X Y Y Y X X X X Y Y X X X X Y Y X Y 

HSP17_ARATH Arabidopsis thaliana (Mouse-ear cress) 17.4 Y Y Y X X X Y X X Y Y Y X X Y X Y X X Y Y X Y Y 

RLA2_PSEMZ Pseudotsuga menziesii (Douglas-fir) 1.0 Y Y Y X X X Y X X Y X Y X Y Y X Y X X Y Y X Y Y 

HS17A_ORYSJ Oryza sativa subsp. japonica (Rice) 17.9 Y Y Y X Y X Y X X Y Y X X Y Y X Y X X Y Y X Y Y 

RL8B_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 28.1 X X X X X Y X X X X Y Y Y Y X X X Y Y X X X X X 

ENO_ASHGO Ashbya gossypii (Yeast) 46.6 Y X Y X X X Y Y X X Y X Y Y X X X Y X X Y X Y Y 

GAS5_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 51.9 X X Y X Y X X Y Y X X X X X Y Y Y X X X Y Y Y X 
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NLTP_HELAN Helianthus annuus (Common 
sunflower) 11.6 X X X X X X X X X X Y Y X X X X X X X X X X X X 

RS19B_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 15.9 X X X X X Y X X X X Y Y X X X X X Y X X X X X X 

PIM1_BOVIN Bos taurus (Bovine) 35.6 X X X Y X X X X X X Y Y X X X X X X X X X X X X 

EXG1_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 51.3 X Y Y Y X X Y X Y Y X X X X X X Y X X Y X Y Y Y 

NLTP_PRUAV Prunus avium (Cherry) 11.8 X X X X X X X X X X X X X X X X Y X Y X Y X X X 

VE1_HPV72 Human papillomavirus type 72 72.9 X X X Y X X Y X X X X Y X X X X X X Y X X X X X 

GLTA_WHEAT Triticum aestivum (Wheat) 41.0 X X X X X Y X Y X X X X X X Y Y Y Y X X Y X X Y 

RL7_ASHGO Ashbya gossypii (Yeast) 27.4 X X X Y X Y X X X X X X Y Y X X X Y X X X X X X 

ZPS1_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 27.6 X X X X X X X X Y Y Y X X X Y Y Y Y X X X Y X X 

SPZ1A_WHEAT Triticum aestivum (Wheat) 43.1 X X X X X Y X X X X X Y Y Y X X X X X X X X X X 

REHY_MAIZE Zea mays (Maize) 24.9 Y Y X Y Y Y Y X X X X X Y X Y X Y X X Y Y X Y X 

THNA_HORVU Hordeum vulgare (Barley) 13.6 X Y Y X Y X Y Y X X Y X X X Y Y X X X Y Y Y Y X 

CMS1_SCHPO Schizosaccharomyces pombe (Fission 
yeast) 31.6 X X X Y Y Y X X Y X X X Y X Y Y X X Y X X Y X X 

GLU2_MAIZE Zea mays (Maize) 23.7 X X X X X X X X X Y X Y Y Y X X Y X Y Y X X Y X 

PURL_SYNP6 Synechococcus sp. (Anacystis nidulans) 82.4 X X X Y Y X X X Y X X X Y X Y Y X X X X Y X X X 

ENO_ORYSJ Oryza sativa subsp. japonica (Rice) 48.0 Y Y X X X X Y X X Y X X X X Y X Y X X Y X X X X 

RL21_GLOVI Gloeobacter violaceus 13.4 X X X X X X X X X X X X X X X X X X Y X X Y X X 

TLP_SENDI Senna didymobotrya (Popcorn cassia) 5.7 X Y Y X X Y Y Y Y X X X X X Y Y X X Y Y X Y X Y 

GDE_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 175.0 Y X X X Y X X Y X X Y X X Y Y Y X X X X Y Y X X 

NLTP2_MAIZE Zea mays (Maize) 7.3 X X X X X X X X X Y Y X X Y X X X X X X X X X X 

MY119_ARATH Arabidopsis thaliana (Mouse-ear cress) 48.5 X X X X X Y X X X X X X X X X X X Y X X X X X X 

FLO10_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 122.2 X Y X X X X Y X X X X X X X X X X X X Y X X Y X 

ALF_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 39.6 X X X X X X X X X X Y X X X X X X Y X X X X X Y 

RIP1_HORVU Hordeum vulgare (Barley) 30.0 Y Y X X X X X Y X Y X X X X X X Y X X Y X X Y Y 

IAA3_WHEAT Triticum aestivum (Wheat) 4.8 X Y Y X X X X X X X X X X X X X Y X X X X X X X 

SMC22_ARATH Arabidopsis thaliana (Mouse-ear cress) 132.3 X X X Y X X X Y X X X X X X Y Y X X X Y X X X X 

NASE_BACSU Bacillus subtilis 11.9 X Y Y X X X Y Y X Y X Y Y Y Y X Y X X Y Y Y Y Y 
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THN7_HORVU Hordeum vulgare (Barley) 14.7 X X X Y Y X X X X X X Y Y X X X X Y X X X X X X 

MIAA_RICCN Rickettsia conorii 41.6 X X X X X Y X X X X X X X Y X X Y X X X X X X X 

KATG_ACICJ Acidiphilium cryptum 78.9 X X X Y X X X X X X X X Y X X X X X X X X X X X 

SCW4_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 40.1 X Y X Y X X X X X X X X X Y X X X X X Y Y X Y X 

RUB1_ARATH Arabidopsis thaliana (Mouse-ear cress) 17.4 X Y X X X X X Y Y Y Y X X X Y X Y X X X Y Y X X 

SSRP_CHLSY Chloroflexus aurantiacus 18.4 X X X Y X Y X Y X Y Y Y Y X Y X X Y X Y X X Y Y 

RRP4_KORCO Korarchaeum cryptofilum 24.9 X X X X X Y X X X Y X X X Y X X X X X Y X X X X 

DHN1_HORVU Hordeum vulgare (Barley) 14.2 X Y X X Y X Y Y X Y X X X X Y X Y X X X X X Y X 

PLB2_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 75.5 X X X X X X X X X X X X X X X Y X X X X X Y X X 

Y4004_PSEF5 Pseudomonas fluorescens 23.9 Y X Y X X X X X X X Y X X X X X Y X X Y Y X X Y 

FABZ_CLONN Clostridium novyi 15.7 X X Y Y X X Y X X Y X X Y Y X X X X X X X Y X X 

GLTC_WHEAT Triticum aestivum (Wheat) 33.4 X X X X X X X X X X X X X X Y X Y X X X X X X X 

ACBP_YEAST Saccharomyces cerevisiae (Bakers 
yeast) 10.1 X X X X X X X Y X X X X X X X X X X X X X X X Y 

WAKLK_ARATH Arabidopsis thaliana (Mouse-ear cress) 87.4 X Y X X Y Y Y Y Y X Y X X X Y Y Y Y X X X Y X X 

ZEG1_MAIZE Zea mays (Maize) 36.0 Y X X X X X X X X Y X X X X X X X X X X X X X X 

DHN1_MAIZE Zea mays (Maize) 17.2 X X X X X X X X X Y X X X X X X X X X X X X X X 

RL332_MYCAP Mycoplasma agalactiae 5.9 Y X Y Y Y Y X X X X X Y X X X X X X X Y X Y X Y 

DEF2_MAIZE Zea mays (Maize) 5.4 X X X X X X X X X Y X X X X X X X X X X X X X X 

IAAC_HORVU Hordeum vulgare (Barley) 15.2 X X X X X X X X X X X X X X Y X X X X X X X X X 

BXL6_ARATH Arabidopsis thaliana (Mouse-ear cress) 87.2 X X X X Y X Y X X X X X X X X Y X X X X X X X Y 
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Figure S9.1. Diagram of the two-layer feedforward models showing the inputs, number 
of neurons, and outputs/targets used to construct both models. 

 

 

 

 

Figure S9.2. Absorbance values of the near-infrared spectra of 24 different beer samples 
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APPENDIX VII 

 

 

 

 

 

Figure S10.1. Comparison of the performance of different computers tested using the 
Matlab® codes to (a) pre-process the videos magnifying the color changes with the 
Eulerian magnification algorithm (EMA), and to calculate the HR values using: (b) the 
magnified videos (MVA) and (c) the raw videos (RVA). Results using different computer 
brands and with distinct specifications are presented. The values shown are normalized 
from 0 to 1 and shown in a color scale from white to black in which the black corresponds 
to the highest values and white the lowest. The duration of the video used to obtain the 
performance results was 02:51 min. Abbreviations: HP = Hewlett Packard, AW = 
Alienware, P = parallel pool, NP = no parallel pool, MaxT = maximum temperature and 
MinT = minimum temperature. 

 

b) a) 

c) 
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APPENDIX VIII 

Table S11.1. Factor loadings of each parameter for each principal component (PC1 and PC2) shown 
in the principal component analysis. Abbreviations are shown in Table 11.2 and Table 11.3. 

Parameter PC1 PC2 
VFHeight -0.003 0.30 
JARFHt -0.18 0.15 
VFStab -0.05 0.31 

JARFStab -0.08 0.26 
Aroma -0.20 0.21 
MCarb -0.24 0.11 
TBitter -0.23 0.10 
JARBitt 0.21 0.15 
Flavor -0.23 0.16 
Overall -0.22 0.16 
Blink 0.13 0.19 

Attention -0.23 -0.13 
Meditation -0.25 -0.14 

Zone -0.24 -0.13 
Delta 0.15 -0.10 
Theta 0.24 0.06 

Low Alpha 0.23 0.03 
High Alpha 0.25 0.04 
Low Beta 0.25 0.02 
High Beta 0.24 0.10 

Low Gamma 0.23 0.08 
Mid Gamma 0.10 0.12 

Neutral -0.10 0.19 
Happy 0.16 -0.18 
Angry -0.11 -0.17 

Surprised -0.04 0.17 
Scared -0.08 0.22 

Disgusted 0.03 -0.21 
Contempt -0.04 0.17 
X-Head -0.04 -0.19 
Z-Head -0.05 -0.26 
GazeDir 0.17 0.14 

IR -0.05 -0.26 
HR -0.10 -0.06 
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APPENDIX IX 

Table S13.1. Statistical results of the models developed using the backpropagation with Jacobian 
derivatives algorithm. Numbers in green and bold represent the models with the highest correlation 
and determination coefficients. 

 

Algorithm Neurons Stage R R2 b MSE 

Levenberg 
Marquardt 

10 

Training 0.98 0.96 0.95 0.01 

Validation 0.91 0.83 0.86 0.04 
Testing 0.91 0.83 0.92 0.05 
Overall 0.96 0.92 0.94 0.02 

7 

Training 0.96 0.92 0.94 0.02 
Validation 0.95 0.90 1.00 0.06 
Testing 0.95 0.90 1.10 0.05 
Overall 0.95 0.90 0.98 0.03 

5 

Training 0.97 0.94 0.89 0.01 
Validation 0.90 0.81 0.82 0.06 
Testing 0.95 0.9 0.71 0.05 
Overall 0.95 0.9 0.84 0.02 

Bayesian 
Regularization 

10 

Training 1.00 1.00 1.00 <0.01 
Validation - - - - 
Testing 0.89 0.79 0.86 0.07 
Overall 0.98 0.96 0.98 0.01 

7 

Training 0.99 0.98 0.97 0.01 
Validation - - - - 
Testing 0.97 0.94 1.1 0.03 
Overall 0.98 0.96 1.0 0.01 

      

5 

Training 0.98 0.96 0.95 0.01 
Validation - - - - 
Testing 0.95 0.9 0.87 0.05 
Overall 0.97 0.94 0.94 0.01 
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Table S13.2. Statistical results of the models developed using the backpropagation with gradient 
derivative algorithms. Numbers in red and italics represent the models with the lowest correlation 
and determination coefficients, while those in green and bold represent the highest values. 

 

Algorithm Neurons Stage R R2 Slope MSE 

Broyden, Fletcher, 
Goldfarb, and 
Shanno quasi-

Newton 

10 

Training 0.91 0.83 0.86 0.05 

Validation 0.88 0.77 0.74 0.05 
Testing 0.91 0.83 0.79 0.04 
Overall 0.91 0.83 0.84 0.04 

7 

Training 0.95 0.9 0.89 0.03 
Validation 0.87 0.76 0.76 0.05 
Testing 0.81 0.66 0.48 0.07 
Overall 0.92 0.85 0.83 0.03 

5 

Training 0.91 0.83 0.82 0.04 
Validation 0.92 0.85 0.77 0.05 
Testing 0.92 0.85 0.99 0.05 
Overall 0.92 0.85 0.85 0.04 

Conjugate gradient 
Powell-Beale 

restarts 

10 

Training 0.93 0.86 0.88 0.04 

Validation 0.91 0.83 0.73 0.05 
Testing 0.88 0.77 0.73 0.08 
Overall 0.91 0.83 0.83 0.04 

7 

Training 0.94 0.88 0.85 0.03 
Validation 0.92 0.85 0.90 0.06 
Testing 0.88 0.77 0.94 0.08 
Overall 0.92 0.85 0.87 0.04 

5 

Training 0.89 0.79 0.80 0.04 
Validation 0.92 0.85 0.82 0.09 
Testing 0.93 0.86 0.68 0.14 
Overall 0.88 0.77 0.78 0.05 

Conjugate gradient 
with Fletcher-

Reeves updates 

10 

Training 0.94 0.88 0.88 0.03 

Validation 0.93 0.86 0.82 0.05 
Testing 0.93 0.86 1.10 0.07 
Overall 0.93 0.86 0.93 0.04 

7 

Training 0.94 0.88 0.89 0.03 
Validation 0.94 0.88 0.86 0.05 
Testing 0.84 0.71 0.76 0.06 
Overall 0.92 0.85 0.87 0.03 

5 

Training 0.93 0.86 0.84 0.03 
Validation 0.89 0.79 0.91 0.06 
Testing 0.87 0.76 0.83 0.06 
Overall 0.92 0.85 0.85 0.04 

Conjugate gradient 
with Polak-Ribiere 

updates 

10 

Training 0.96 0.92 0.92 0.02 

Validation 0.91 0.83 0.91 0.04 
Testing 0.92 0.85 1.30 0.14 
Overall 0.93 0.86 1.00 0.04 

7 Training 0.94 0.88 0.89 0.02 
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Validation 0.85 0.72 0.58 0.07 
Testing 0.94 0.88 0.73 0.12 
Overall 0.91 0.83 0.77 0.03 

5 

Training 0.94 0.88 0.87 0.03 
Validation 0.90 0.81 0.83 0.08 
Testing 0.94 0.88 0.86 0.02 
Overall 0.93 0.86 0.86 0.03 

Gradient descent 
backpropagation 

10 

Training 0.85 0.72 0.64 0.04 

Validation 0.73 0.53 0.41 0.06 
Testing 0.86 0.74 0.87 0.05 
Overall 0.83 0.69 0.64 0.05 

7 

Training 0.81 0.66 0.57 0.05 
Validation 0.69 0.48 0.47 0.07 
Testing 0.77 0.59 0.68 0.04 
Overall 0.78 0.61 0.57 0.05 

5 

Training 0.83 0.69 0.6 0.04 
Validation 0.67 0.45 0.39 0.07 
Testing 0.65 0.42 0.57 0.11 
Overall 0.77 0.59 0.56 0.06 

Gradient descent 
with adaptive 
learning rate 

10 

Training 0.93 0.86 0.84 0.03 

Validation 0.91 0.83 0.75 0.07 
Testing 0.91 0.83 0.70 0.08 
Overall 0.92 0.85 0.78 0.03 

7 

Training 0.94 0.88 0.90 0.03 
Validation 0.79 0.62 0.68 0.09 
Testing 0.90 0.81 0.87 0.08 
Overall 0.91 0.83 0.86 0.04 

5 

Training 0.90 0.81 0.80 0.05 
Validation 0.91 0.83 0.90 0.05 
Testing 0.91 0.83 0.80 0.05 
Overall 0.90 0.81 0.82 0.04 

Gradient descent 
with momentum 

10 

Training 0.86 0.74 0.72 0.06 

Validation 0.84 0.71 0.69 0.04 
Testing 0.83 0.69 0.75 0.04 
Overall 0.85 0.72 0.72 0.05 

7 

Training 0.81 0.66 0.64 0.06 
Validation 0.86 0.74 0.78 0.06 
Testing 0.80 0.64 0.53 0.04 
Overall 0.82 0.67 0.65 0.05 

5 

Training 0.72 0.52 0.52 0.08 
Validation 0.87 0.76 0.56 0.02 
Testing 0.84 0.71 0.48 0.03 
Overall 0.77 0.59 0.52 0.05 

Gradient descent 
with momentum 

and adaptive 
learning rate 

10 
Training 0.93 0.86 0.87 0.03 

Validation 0.96 0.92 1.10 0.05 
Testing 0.91 0.83 0.87 0.05 
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Overall 0.93 0.86 0.94 0.03 

7 

Training 0.96 0.92 0.92 0.02 
Validation 0.85 0.72 0.79 0.06 
Testing 0.91 0.83 0.92 0.05 
Overall 0.95 0.9 0.91 0.03 

5 

Training 0.94 0.88 0.89 0.03 
Validation 0.93 0.86 0.79 0.03 
Testing 0.92 0.85 0.94 0.05 
Overall 0.93 0.86 0.87 0.03 

One step secant 

10 

Training 0.93 0.86 0.85 0.03 
Validation 0.94 0.88 0.82 0.04 
Testing 0.86 0.74 0.66 0.10 
Overall 0.91 0.83 0.81 0.03 

7 

Training 0.94 0.88 0.89 0.03 
Validation 0.77 0.59 0.59 0.06 
Testing 0.87 0.76 0.87 0.08 
Overall 0.92 0.85 0.87 0.04 

5 

Training 0.92 0.85 0.85 0.04 
Validation 0.94 0.88 0.88 0.04 
Testing 0.86 0.74 0.86 0.07 
Overall 0.92 0.85 0.85 0.04 

Resilient 
backpropagation 

10 

Training 0.95 0.90 0.90 0.03 

Validation 0.83 0.69 0.74 0.08 
Testing 0.78 0.61 0.69 0.07 
Overall 0.92 0.85 0.85 0.04 

7 

Training 0.95 0.90 0.90 0.02 
Validation 0.95 0.90 0.91 0.04 
Testing 0.93 0.86 0.97 0.04 
Overall 0.95 0.90 0.90 0.03 

5 

Training 0.94 0.88 0.85 0.03 
Validation 0.81 0.66 0.72 0.10 
Testing 0.93 0.86 0.93 0.03 
Overall 0.91 0.83 0.83 0.04 

Scaled conjugate 
gradient 

10 

Training 0.95 0.90 0.91 0.02 

Validation 0.93 0.86 0.83 0.04 
Testing 0.91 0.83 0.84 0.04 
Overall 0.95 0.90 0.89 0.02 

7 

Training 0.94 0.88 0.90 0.03 
Validation 0.92 0.85 0.72 0.04 
Testing 0.95 0.90 0.70 0.06 
Overall 0.94 0.88 0.84 0.03 

5 

Training 0.93 0.86 0.87 0.03 
Validation 0.91 0.83 0.79 0.07 
Testing 0.91 0.83 1.00 0.07 
Overall 0.92 0.85 0.87 0.04 
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Table S13.3. Statistical results of the models developed using the supervised weight and bias 
algorithms. Numbers in red and italics represent the models with the lowest correlation and 
determination coefficients. 

 

Algorithm Neurons Stage R R2 Slope MSE 

Batch training with 
weight and bias 

learning rate 

10 

Training 0.82 0.67 0.64 0.08 

Validation 0.85 0.72 0.56 0.12 
Testing 0.81 0.66 0.66 0.10 
Overall 0.81 0.66 0.61 0.05 

7 

Training 0.80 0.64 0.59 0.10 
Validation 0.67 0.45 0.49 0.13 
Testing 0.76 0.58 0.57 0.11 
Overall 0.76 0.58 0.57 0.06 

5 

Training 0.88 0.77 0.70 0.07 
Validation 0.79 0.62 0.66 0.09 
Testing 0.85 0.72 0.50 0.10 
Overall 0.85 0.72 0.65 0.04 

Cyclical order 
weight and bias 

10 

Training 0.98 0.96 0.96 0.01 

Validation 0.82 0.67 0.85 0.09 
Testing 0.90 0.81 1.10 0.07 
Overall 0.94 0.88 0.96 0.03 

7 

Training 0.98 0.96 0.96 0.01 
Validation 0.82 0.67 0.94 0.07 
Testing 0.89 0.79 0.82 0.05 
Overall 0.95 0.9 0.93 0.03 

5 

Training 0.96 0.92 0.92 0.02 
Validation 0.75 0.56 0.67 0.05 
Testing 0.92 0.85 1.20 0.07 
Overall 0.93 0.86 0.95 0.03 

Random order 
weight and bias 

10 

Training 0.89 0.79 0.82 0.06 

Validation 0.84 0.71 0.74 0.10 
Testing 0.88 0.77 1.10 0.06 
Overall 0.87 0.76 0.83 0.06 

7 

Training 0.86 0.74 0.69 0.08 
Validation 0.81 0.66 0.69 0.09 
Testing 0.76 0.58 0.65 0.17 
Overall 0.83 0.69 0.67 0.05 

5 

Training 0.86 0.74 0.69 0.07 
Validation 0.94 0.88 0.77 0.07 
Testing 0.76 0.58 0.76 0.06 
Overall 0.87 0.76 0.72 0.04 

Sequential order 
weight and bias 

10 

Training 0.85 0.72 0.71 0.05 

Validation - - - - 
Testing 0.79 0.62 0.53 0.06 
Overall 0.83 0.69 0.66 0.05 

7 Training 0.81 0.66 0.58 0.05 
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Validation - - - - 
Testing 0.92 0.85 0.97 0.05 
Overall 0.82 0.67 0.64 0.05 

5 

Training 0.74 0.55 0.48 0.05 
Validation - - - - 
Testing 0.73 0.53 0.56 0.04 
Overall 0.74 0.55 0.49 0.05 
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