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Abstract 
 

Most of the lentil and field pea grown in Australia are exported to India and surrounding 

countries, to the Middle East, Turkey and North Africa. While each country may utilise pulses 

differently, common to all, is that quality is based on the visual characteristics of the whole-grain 

and split-pulse, and its cooking quality.   

 

One of the objectives of pulse-breeding programs is to ensure that the quality traits of new 

varieties align with the preferences defined by the export markets. Pulse-quality traits were 

historically determined using empirical tests to quantify seed size, colour, contamination and 

defects. Since many of these tests are time-consuming to perform, comprehensive quality 

evaluation is reserved for advanced germplasm. Therefore, adoption of rapid and objective 

methods would improve efficiency and consistency of quality evaluation and enable 

comprehensive assessment of early generation lines.  

 

Technological advances in digital imaging and machine learning has seen a broad application of 

machine vision to assess agricultural products. While there is extensive research in this field, 

there are still relatively few machine vision methods which have been developed for the quality-

assessment of lentil and field pea grains. 

 

Within this study, rapid and objective methods were developed to assess three grain-traits, 

which related to visual characteristics of lentil and field pea and were identified to be important 

within breeding programs. The targeted applications were the classification of broad market 

classes of field pea, quantitation of bleaching discoloration within the ‘green pea’ market class 

and classification of split and dehulled fractions of lentil and field pea post milling. Machine 

vision algorithms were developed based on the analysis of multispectral images.  

 

Linear discriminant analysis, based on image-derived colour, shape and size features, was used 

for the classification of field pea market classes. The model was applied to sound and defective 

grain samples, achieving perfect classification of sound grain and distinguishing sound from 

defective grain with 97% accuracy.  

 

The extent of bleaching in green field pea samples was quantified through an objective model 

which was developed on visible reflectance spectra (spectrophotometric analysis) and 
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subsequently adapted for image-based analysis of grain colour. The image-derived colour scores 

closely matched the spectrophotometric analysis and additionally enabled the distribution or 

uniformity of bleaching to be objectively quantified within each sample. Furthermore, through 

the image analysis scoring system, the relative susceptibility to bleaching, of each genotype, was 

also quantified.  

 

Milled fractions of lentil and field pea were classified through the application of artificial neural 

networks, where network architectures and inputs were compared. A convolutional neural 

network, trained on image-derived feature distributions, was found to be the most accurate and 

computationally efficient model.  

 

Machine vision is an expanding field of research which offers the potential for consistent, 

accurate and rapid product-quality evaluation. The results of this study demonstrate the efficacy 

of machine vision applications throughout the pulse value chain and particularly within 

germplasm enhancement programs. Adoption of machine vision systems can increase the 

capacity for comprehensive screening at all stages of breeding which is currently not practicable 

through standard assessment methods. 
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CHAPTER 1: GENERAL INTRODUCTION 

Spectral-based technologies offer opportunities for 
high-throughput, non-destructive phenomic 

screening of lentil and field pea grains. 
 

1.1 The pulse industry: production and consumption 

Pulse crops including lentil and field pea have been cultivated for several thousand years in many 

regions of the world (FAO, 2016b, Caracuta et al., 2015, Erskine et al., 2016) and are an integral 

component of many diverse cultures and cuisines (Sozer et al., 2017). Pulses are typically 

consumed as a minimally processed product, cooked either as whole-grain or split-grain to be 

included in dishes such as curries, soups and salads or sometimes ground to produce flour. 

Because of their relatively high protein content pulses are an important staple food in many 

countries. Among Western nations dietary protein is more commonly sourced from meat 

products, dairy or egg (FAO, 2016b) and pulse production in countries such as Canada, Australia 

and North America is predominantly for export markets. Pulse consumption remains popular in 

regions with a strong history of traditional pulse dishes, such as the Indian subcontinent, the 

Middle East, North Africa and the Mediterranean (Singh et al., 2000), however pulses are 

increasingly utilised in new processed food products (Sozer et al., 2017, Portman et al., 2018, 

Boukid et al., 2019, Joshi et al., 2017).  

 

Pulses are also an important component of sustainable farming systems and beneficial to food 

security and rural income (Kumar et al., 2018, GPC, FAO, 2016a). Pulse crops contribute greatly 

to soil health and fertility, through nitrogen fixation, reduction of soil runoff and reduction of 

erosion (Kumar et al., 2019, Venkatesh et al., 2019, Nath et al., 2019). Moreover, pulse crops 

provide a disease break when sown in rotation with other crops, particularly cereal and oilseed 

(Nleya et al., 2004, Michaels, 2004, Meena et al., 2019, Hazra et al., 2014, Döring, 2015). With 

increasing global population, there is increased pressure on decreasing agricultural land parcels 

to produce crops of high-quality and nutritious grains which has been achieved through plant 

breeding and optimised agronomy. 
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1.2 Plant breeding objectives 

Plant breeding, coupled with agronomic management strategies, aim to increase productivity 

through increased yield and disease-resistance, and adaptation across agroclimatic regions. 

Since the early 1960s global yields of pulse crops has increased overall by nearly 60% (Figure 1.1) 

due to the establishment of crop improvement programs in countries such as Canada and 

Australia which can be attributed to increased plant breeding using germplasm from the 

International Centre for Agricultural Research in Dry Areas (ICARDA).  

  

 

Figure 1.1. Annual global yield of pulse grains since 1961 (FAOSTAT, 2020). 

 

Canada, Australia and North America are now consistently among the largest global producers 

and exporters of lentil and field pea (Figure 1.2).  In Australia, lentil-breeding has concentrated 

on optimising phenology to develop varieties of increased plant-statue and adaptation for 

Mediterranean-type environments such as Victoria and South Australia. The production in 

Australia has concentrated on the medium-size lentil with grey seedcoat and red cotyledon.  In 

the early years, Canada the largest producer and exporter of lentil produced predominantly the 

large green lentil known collectively as ‘Lairds’ and these breeding targets were later expanded 

to include red-lentils known as ‘Crimsons’.   

 

Field peas are phenotypically more diverse than lentil and vary widely in seed colour, shape and 

size and when used for human consumption, field peas are always dehulled and split. There are 

five main classes of field pea: Yellow (spherical seed with yellow cotyledon and translucent  hull), 

Green (spherical seed with green cotyledon and translucent hull), Dun (spherical or dimpled 

seed with yellow cotyledon and green or brown hull), Maple (spherical seed with yellow 
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cotyledon and mottled/marbled hull) and Marrowfat (large seed, slightly dimpled and flattened 

with similar colouring to the Green class) (Khan and Croser, 2004). The largest producer of peas 

is Canada of which the dominant type is the yellow pea which consists of a yellow cotyledon and 

clear seedcoat. In Australia, field peas are typically the Dun-type and are predominantly 

exported to India and the subcontinent. 

 

Figure 1.2. Major global producers and exporters of lentil and field pea (FAOSTAT, 2020). 

 

Breeding objectives for quality traits are determined largely by export market specifications and 

form part of the overall strategy of breeding programs. Within the typical 10-year breeding cycle 

to produce a new pulse variety, germplasm is exhaustively evaluated for adaptation across 

diverse agro-ecological regions that are subjected to abiotic effects and ultimately impact on 

grain yield and quality.  A range of agronomic practices such as time-of-sowing, plant row-

spacing and fertiliser inputs are often superimposed on the evaluation of germplasm aimed to 

develop an optimised plant-management strategy to maximise production.  Assessment for 
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grain quality traits occurs concomitantly with plant breeding and agronomy-research to ensure 

newly released cultivars align with end-use quality and the specifications of importing markets. 

 

1.3 Grain Quality 

1.3.1 Industry assessment 

Assessment of quality-traits for lentil and field pea in the major-producer countries is largely 

determined using sieves to quantitate seed size, broken/split, mechanical damage, insect 

damaged grain.  Visual inspection using colour reference charts is used to determine colour 

defects due to disease, mould, frost or heat stress (CGC, 2018; GTA, 2018 however, the 

interpretation of these standards by grain inspectors can be highly subjective and can result in 

misclassification of the market grade. Complicating this, is that these grading standards with 

definitions of acceptable limits of low-grade material or contaminant differ between countries 

(Gupta et al., 2011) often leading to disputes between the exporter and importer.  Unlike the 

cereals industry which uses NIR to measure protein and moisture at the point of receival, there 

is no standardised in-field testing-equipment which can be used to quantify pulse-quality traits.  

Sensor-based technologies such as RGB scanners are now becoming more common and are 

finding applications in the food industry.  For the grains industry, the technology is 

predominantly laboratory based but ultimately these instruments and the quantitation 

algorithms will be transferred to in field, either, on-farm, at the point of grain receival from 

growers or used by exporters.  

  

1.3.2 Germplasm screening in breeding programs 

The development time to produce new grain cultivars is a minimum of 10 years from the initial 

inter-cross in the glasshouse through to extensive in-field and multi-location testing to 

determine each germplasm’s optimal adaptation.  To minimise risk and ensure a successful 

outcome, breeding programs sow and harvest thousands of plots each of which is assessed for 

optimal phenotypic characteristics, resistance to disease and pathogens, grain yield, and quality 

traits.  The period between harvest and sowing in the following season is between 12 and 16 

weeks and during this period, grain quality traits are measured on the germplasm.   An accurate 

assessment is crucial to avoid sub-optimal germplasm to be sown in the following planting 

season.  

 

Testing for quality-traits is based on the grains-industry standard methodology with the 

emphasis on quantifying the characteristics of the seed, such as size, colour and defects.  
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Although these tests are not difficult, they are laborious, and protocols are often implemented 

such as delaying testing to later generations of the program when the germplasm numbers 

derived from each inter-cross have been reduced due to other selection strategies such as grain 

yields or disease susceptibility. 

 

Seed Size 

A common method to determine seed size of pulse grains is to mechanically pass the seed 

through a vibrating stack of sieves in order of decreasing aperture size (Figure 1.3). This process 

of mechanical sieving is susceptible to errors (LeMasurier et al., 2014). The irregular shape of 

some grains cause inconsistency in their sieving behaviour and the sample size can also 

contribute to misclassifications i.e. a sieve can be blocked by the volume of seed in the majority 

size fraction preventing smaller seed from falling through. LeMasurier, Panozzo, and Walker 

(2014) reported a misclassification rate of up to 10% in sieving lentils by this method. Through 

mechanical sieving, the seed size data which can be collected is limited since seed size units and 

increments are restricted to those of the sieves (Symons & Shahin, 2000). There is also an 

undesirable weighting of SSD and SSI toward the larger seed because the method itself uses 

mass rather than the seed count in each size fraction. Moreover, for some pulse types the size 

increments for SSD are not uniform across the distribution, skewing the visual representation 

and intuitive understanding of the data. For example, lentil sieve aperture sizes are typically 

given as 3.0, 3.5, 4.0, 4.5, 5.0, 6.0 and 7.0mm. As pulse-breeding applications and industrial pulse 

processing advances with the development of genomic selection (GS) models, there will be a 

greater emphasis on obtaining more accurate phenotypic data to increase the precision of GS. 

 

 

Figure 1.3. Seed size evaluation of desi chickpea. 
Photograph: C. Walker 
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Seed Colour 

As with most agricultural products, colour is the primary determinant of quality and this equally 

applies to pulse breeding programs and grain-trading. Within grain laboratories, standard 

assessments of colour are commonly based on the Commission Internationale de l'Éclairage 

(CIE) based on L*a*b* space. This is a globally recognised and device-independent system and 

as such it is extremely useful for objective description and comparisons of colour. However, the 

CIE L*a*b* colour coordinates are under-utilised in the pulse industry and within breeding 

programs because they are largely unintuitive in this context due to the difficulty in interpreting 

three components within a three-dimensional space. Furthermore, colorimeters do not have the 

capability to assess colour variation or distribution within a sample (de Oliveira et al., 2016). This 

is undesirable in the pulse industry, where uniformity of grain colour is often an important 

quality for market acceptance and therefore also a breeding priority. 

 

Seed Processing 

Unlike cereals, pulse grains undergo minimal grain processing prior to cooking apart from 

dehulling of the seedcoat and splitting the cotyledons (Singh et al., 2000).  The aim of the milling 

process is to obtain a product with minimal broken cotyledon. Traditionally, milling was carried 

out on a small scale where the process could be managed to optimise the outcome. With the 

recent development of large processing facilities in India, there is now a greater reliance on raw 

material with defined quality-specifications, however these specifications are still based on 

rudimentary parameters defined by market grades, and seed size which does not consider the 

composition of the grain.  Seasonal effects due to abiotic factors arising from ambient 

temperatures, available soil moisture, frosts will affect seed size and shape and therefore impact 

on milling quality.  

 

Within the laboratory, milling quality is assessed using small-scale equipment which is modelled 

on industrial-scale mills.  The aim is to replicate the milling outcome and identify germplasm 

with inherently unacceptable milling behaviour.  The process involves passing grain between 

two carborundum disks which results in five fractions (split-dehulled, split with hull, whole-grain 

dehulled, whole grain with hull and broken grain).  Erskine et al. (1991) reported significant 

differences in milling quality between genotypes. Due to its economic impact for milling 

companies, breeding programs routinely undertake milling trials although the process is quite 

laborious as it involves manually sorting the five fractions.  The ability to automate the 
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quantification of each milling fraction offers an opportunity to increase efficiencies with the 

laboratory and reduce costs. 

 

Seed Defects 

Pulses are highly susceptible to diseases and pests both during seed development and during 

storage.  The effects are manifested by undesirable changes in the colour of the seed or through 

seed-damage.  Ascochyta blight and Botrytis grey mould (Botrytis fabae and B. cinerea) are the 

two main diseases in lentil that infect the seed pod during seed development resulting in dark 

shrivelled seed of below marketable quality (Kaiser et al., 2000).  These diseases can be 

controlled through the timely application of foliar sprays (Nleya et al., 2004) although breeding 

for resistance is also a major strategy (Erskine et al., 2016).  Field peas are similarly affected by 

foliar diseases such as bacterial blight which will impact on the seed colour although insects 

which are most active after pod-flowering have a major effect on the quality of the seed.  For 

example, the larvae of Etiella moth cause damage by chewing the seed within the pod, while the 

pea weevil feeds on the developing seed and later pupates within the seed rendering the seed 

unsuitable for processing. 

 

In addition to pests and diseases, storage and handling practices can result in defective grain. 

On-farm storage is becoming more common as growers aim to minimise the effects of 

fluctuating grain prices, preferring to store grain on farm when grain prices are low and selling 

in a rising market.  This strategy often presents challenges in grain-silo management in order to 

avoid a loss in marketable quality. Modern silos include the ability to aerate to either cool the 

grain or reduce moisture as these two factors are known to have the largest effect of stored 

grain (Mills, 1999) resulting in darkening of the lentil seed coat. It has been reported that 

darkening of the seed coat is due to changes in phenolic composition (Mirali et al., 2016, Nasar-

Abbas et al., 2009). Similarly, sub-optimal storage conditions can cause a bleaching discoloration 

in dry green filed pea which subsequently detracts from the market grade (Phelps, 2015).  

 

Resistance to the abiotic and biotic effects which result in defects, such as discoloration and 

insect damage, have become important germplasm selection criteria within lentil and field pea 

breeding programs (Erskine et al., 2016, Erskine and Sarker, 2004, Khan and Croser, 2004). 

However, assessments of grain defects are largely subjective deductions. 
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1.3.3 Pulse quality screening: an opportunity for machine vision 

Within the international pulse industry there is general agreement about factors which impact 

on grain quality, such as the visible characteristics of the grains or defects due to insects, 

discoloration and mechanical damage. Even so, there are no common definitions of pulse quality 

(Gupta, Tiwari, & Singh Bawa, 2011).  Quality assessment methods used within industry are 

largely subjective and the methods used within breeding programs are largely time-consuming 

and some which are destructive are reserved for screening only the advanced germplasm. With 

the technological advances in computing and digital imaging there is an increasing shift toward 

the use of machine vision systems for product-quality evaluation. Assessments based on image 

processing offer objective, time-efficient, non-destructive analyses (Aggarwal and Mohan, 2010) 

and would therefore benefit the pulse grain industry and breeding programs. Sensor-based 

screening of germplasm has also aided the development of genomic prediction models (Hayes 

et al., 2017). Furthermore, increasing genetic diversity within breeding programs enables 

greater potential for grain-quality gains and while there are many wild relatives for selection 

screening the volume of accessions for desired traits is inefficient (Coyne et al., 2020). So, 

development and adoption of rapid screening and objective measures for genebank accessions 

would enable more detailed profiling of each one and assist breeding selections (Nguyen and 

Norton, 2020). 

 

1.4 Machine Vision (MV) 

1.4.1 MV systems for agricultural products 

Machine Vision (MV) systems integrate digital sensors (data acquisition) and computational 

infrastructure (data analysis) with the objective to automate tasks typically performed by the 

human vision system (Huang, 1996), such as the recognition or analysis of product-traits. MV 

systems enable objective and time-efficient analyses which has motivated the application of 

these systems across many industries to replace assessments that are inherently time-

consuming or subjective. From very early generations of image processing algorithms, the 

potential was demonstrated for analyses which had greater consistency and better time-

efficiency than human inspection (Churchill et al., 1992). 

 

Sensor technologies incorporated into MV systems include conventional digital imaging, 

hyperspectral imaging, Near Infrared  Reflectance (NIR), Mid Infrared Reflectance (MIR), X-ray, 

Magnetic Resonance Imaging (MRI) and ultrasound (Jha, 2016, Abasi et al., 2018), but the sensor 

technologies most commonly applied to agricultural products are NIR scanning, digital imaging 
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(in the visible region) and NIR-hyperspectral imaging. Some imaging systems have also been 

developed with three-dimensional viewing capabilities either with multiple-view cameras 

(Delwiche et al., 2013, Shahin et al., 2012) or the incorporation of a laser (LeMasurier et al., 

2014). Selection between the various sensing technologies is determined by the desired 

application, for example NIR-based systems are useful for analysing compositional traits (e.g. 

protein or moisture content) and conventional digital imaging systems are useful for analysing 

physical and visual traits (Mahajan et al., 2015, Ratish et al., 2017, Fox and Manley, 2014). In this 

review we focus on the applications of visible digital imaging and NIR-hyperspectral imaging. 

 

As well as the variation in the data acquisition properties (e.g. sensor types, resolution, light 

source), MV systems also vary in sample presentation (e.g. manual placement or automated 

conveyor system) and image processing software and algorithms, which also determine the level 

of automation of the system (e.g. automation or manual input requirements for image 

segmentation). Modelling techniques, from feature extraction to subsequent image analysis are 

also variable between systems and optimised for each application. Image processing and 

analysis algorithms, within MV systems determine how well the systems will recognise or 

analyse traits of interest within the images. Image analysis often involves image pre-processing 

to enhance the image (e.g. remove noise or detect edges), segmentation to identify the regions 

of interest and remove background pixel variations, feature extraction (explicitly for further 

model training or implicitly within neural networks) to obtain data which are in some way 

related to the desired learning objective and finally the use of machine learning models, typically 

supervised learning, to deduce the trait outputs. For analysis of hyperspectral images, generally 

image dimensionality is first reduced using Principal Component Analysis (PCA) prior to further 

data processing (Williams et al., 2009). 

 

Modelling methods can be grouped as classification or quantification. Quantification is typically 

to describe characteristics of product colour, such as through regression analysis with pixel 

colour intensity values, or shape and size; in which case the trait values are often derived 

through geometric models. Quantification can also be used as an extension of classification 

models to determine the proportions of product classified into various categories (e.g. 

proportion of seed graded as defective). For classification models, the complexity of the task 

determines the suitability of various model types. Discriminant analysis and support vector 

machine methods are popular for classifying categories which are separable through a set of 

representative, image-derived features. With recent developments in computational capacity, 
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for big data processing, and Artificial Neural Network (ANN) architectures for deep learning, 

ANNs have become increasingly popular for both classification and quantification tasks, 

particularly for traits which are more difficult to model (LeCun et al., 2015). 

 

Spectral-sensor technologies and computational systems have continued to evolve and become 

more powerful and cost effective. Some sensor-based systems are already internationally 

approved and adopted for product quality evaluation, for example NIR spectroscopy methods 

applied to wheat to determine ash content of flour, protein content of grain and flour and 

hardness of grain (AACC, 2020). Within the wider food and agriculture industries, product 

evaluation by MV is continually expanding (Rehman et al., 2019, Bhargava and Bansal, 2018, 

Nturambirwe and Opara, 2020, Mahendran et al., 2016, Brosnan and Sun, 2002, Brosnan and 

Sun, 2004, Davies, 2009, Dell’ Aquila, 2009). 

 

1.4.2 MV developments and opportunities for lentil and field pea 

While the number of MV applications for the assessment of food-grain products is increasing 

(Vithu and Moses, 2016), there are still relatively few methods developed specifically for the 

assessment of lentil and field pea (Table 1.1). Image acquisition and processing techniques are 

largely transferrable across applications and so developments for one agricultural commodity 

could be adapted for another. In the following sections we review the developments in image-

analysis methods for lentil and field pea assessment and identify further opportunities based on 

the requirements for rapid and objective assessment of industry-defined quality traits and the 

potential for adaption of MV methods which have been developed for other grain products. 
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Table 1.1. Summary of machine vision developments for evaluation of lentil and field pea 

quality 

Seed Type Description of MV application Type of image Reference 

Lentil 
Classification of lentil into three commercial 
grades (as defined by CGC) 

RGB image 
(Shahin and 
Symons, 2001) 

 
Quantification of a colour score to indicate 
seed browning 

RGB image (Dell'Aquila, 2006) 

 Classification of seed type to distinguish 
between corn, lentil, barley and oats 

RGB image 
(Adjemout et al., 
2007) 

 Classification of lentil types based on seed 
size, shape and colour of individual seeds 

RGB image 
(Venora et al., 
2007b) 

 Geometrical properties of a red and a green 
lentil variety 

RGB image 
(Fıratlıgil-Durmuş et 
al., 2008) 

 Size properties of seeds RGB image 
(Fıratlıgil-Durmuş et 
al., 2010) 

 
Determine seed size and shape 
characteristics for predicting dehulling 
efficiency of red lentils 

RGB image (Shahin et al., 2012) 

 Quantification of seed dimension, shape and 
seed size distribution 

Visible-
multispectral image 

(LeMasurier et al., 
2014) 

Lentil and  
field pea 

Detection of fungal infection in five different 
pulses 

NIR-hyperspectral 
image 

(Karuppiah et al., 
2016) 

Field pea Colour scoring system RGB image (Coles, 1997) 

 Seed size distribution from images of non-
singulated grain samples 

RGB image 
(Shahin and 
Symons, 2005) 

 
Size, shape and volume of various peas and 
beans 

RGB image (Kumar et al., 2013) 

 

Classification of seed with and without 
internal defects caused by weevil infestation 

Visible-
hyperspectral 
image 

(Nansen et al., 
2014) 

 
Classification of market grade for eight field 
pea types. 
Classification of defective grain. 

Visible-
multispectral image 

(McDonald et al., 
2016) 

 

Quantification of discoloration and 
uniformity in green pea 

Visible-
multispectral image 

(McDonald et al., 
2019) 
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Seed Size 

Fundamental size and shape traits, such as grain length, width and volume, were among the first 

developments for image analyses in food-grain assessment. These traits are still some of the 

most commonly extracted image features because they relate directly to visual qualities of the 

grains (Mandal et al., 2012, Fıratlıgil-Durmuş et al., 2010, Mabille and Abecassis, 2003, Sankaran 

et al., 2016, Fıratlıgil-Durmuş et al., 2008, Costa et al., 2011, Aggarwal and Mohan, 2010). The 

majority of early applications used flatbed scanners for image acquisition and either required 

grain kernels to be non-touching (manually separated) to assist image segmentation (van Dalen, 

2004, Igathinathane et al., 2009, Amaral et al., 2009) or required segmentation algorithms to 

identify and separate touching kernels (Mebatsion and Paliwal, 2011, Shahin and Symons, 2005). 

Grain dimensions and 2D shape features are extracted after image segmentation and boundary 

detection, therefore these pre-processing steps are critical to the accuracy of grain size analyses. 

Recent advances in image acquisition systems have incorporated mechanised grain dispersion 

onto conveyor systems so that kernels can be non-touching without the requirement for tedious 

sample placement (LeMasurier et al., 2014). 

 

For image analysis to simulate the standard seed size assessment as described in Section 3.2.1, 

the method should be able to determine seed dimensions accurately, model the mass of seed 

and classify the seed into size groups according to size and mass. Accurate measurement 

techniques of seed length and width have been established through Image Analysis studies. 

Although some assessments from 2-dimesional image data have resulted in relatively large 

errors compared with the size of the seed (van Dalen, 2004, Mandal et al., 2012), it has been 

shown in other studies that with careful image segmentation and selection of regression models, 

seed dimensions can be accurately predicted (Walker and Panozzo, 2012, Igathinathane et al., 

2009, LeMasurier et al., 2014).  

 

Initial MV developments for Seed Size Distribution (SSD) of lentil can be credited to Shahin and 

Symons (2001). Similarly van Dalen (2004) proposed a prediction of size distribution of rice using 

a flatbed scanner. These studies demonstrated the potential of rapid seed size analysis however 

it is difficult to establish their accuracy as the image predictions were not compared to seed-

sieving. Shahin and Symons (2005) built on previous work developing image analysis methods 

for assessment SSD of four pulse types: yellow pea, green pea, soybean and chickpea. The study 

reported that there were no significant differences between sieve and DIA output for chickpea 

and soybean, but there were significant differences between the two methods for green and 
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yellow pea SSD. The shape of chickpeas is non-uniform which causes a greater misclassification 

of size fractions through mechanical sieving than for field pea. It is likely that statistical 

interpretation reflects larger errors and variance for chickpea and soybean, compared to yellow 

and green peas, making significant differences difficult to establish between the two sizing 

methods. Nevertheless, an important finding of this study was that the image analysis method 

was robust and repeatable even for irregular shaped grains such as chickpea. The authors later 

followed with a similar study highlighting the application of DIA to classification of soybeans 

according to size uniformity of a sample (Shahin et al., 2006). They found agreement in excess 

of 84% with visual assessment. LeMasurier et al. (2014) developed a DIA method for assessment 

of lentil SSD which was predicted through a statistical model replicating the behaviour of seeds 

through sieves. Output from the DIA method was shown to closely match that of the sieves with 

R2>0.99 and Lin’s concordance statistic > 0.99.  Through image-based ‘sieving’ seed size traits 

can be quantified with more detail and consistency than mechanical sieving methods.  

 

Application of MV to determine size traits has been thoroughly investigated across the grains 

industry. Image-based methods are rapid, robust in relation to sample size, and give consistent 

and accurate results. These methods would therefore be a valuable inclusion within lentil and 

field pea germplasm enhancement programs, both for routine germplasm-quality assessment 

as well as studies on the impact of abiotic effects on grain attributes (Bourgault et al., 2018). 

 

Seed Colour 

Objective assessments of grain colour are commonly conducted using a colorimeter to capture 

data within the CIE L*a*b* space although there have been some studies using image analysis 

models to replicate this output. For example, Zapotoczny and Majewska (2010) assessed wheat 

colour, of both the endosperm and grain coat, by machine vision using a conversion from RGB 

to XYZ and then XYZ to CIE L*a*b* spaces and reported significant correlations for CIE L*, a* and 

b* (r = 0.90, 0.84 and 0.80 respectively) with corresponding values measured by 

spectrophotometer. Standardising the assessment of colour is difficult since it is dependent on 

the surface properties of the subject, the illuminant, measurement area and geometry of the 

instrument. Yagiz et al. (2009) recommend caution when reporting on colour values measured 

by any system, even when the reference standards are correctly measured. They conducted a 

comparison of DIA and colorimeter assessments of Atlantic salmon colour and discovered that 

the visual representation of colour values calculated through DIA was closer to the expected 

colour of salmon than the values given by a colorimeter. However, this perceived error in 
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colorimeter measurement may be a property of the digital display misrepresenting the 

colorimeter values. Perhaps the most accurate method to date, for colour assessment by DIA, 

was proposed by León et al. (2006); among four other models investigated, a neural network 

model was proposed for measurement of L*a*b* values from RGB images, achieving a 

prediction error of less than 1%. Applying a method with such prediction accuracy, to 

assessment of pulse-grain colour seed-by-seed, would enable colour uniformity of a grain 

sample to be quantified. 

 

Colour is a diverse and complex trait of pulse grains and, within the marketplace, vibrancy and 

uniformity of pulse colour (of whole grain or split cotyledon) are key to the visual appeal. 

However, colour can also be indicative of the grain condition (Coste et al., 2005), or admixture 

and other defects. CIE L*a*b* coordinates are objective but can be unintuitive in relation to 

many colour-based aspects of pulse quality. There are a range of applications of machine vision 

for colour assessment of lentil and field pea, including classification of market grades (McDonald 

et al., 2016, Shahin and Symons, 2001), detection of darkened and deteriorated lentil grains 

(Shahin and Symons, 2002, Dell'Aquila, 2006) and quantifying the colour of bleaching-

susceptible field pea varieties (Coles, 1997, McDonald et al., 2019). With careful standardisation 

of pixel intensity values, image analysis offers greater flexibility than colorimetric methods to 

determine variety-specific quality traits and quantify uniformity objectively within pulse grain 

samples. 

 

Seed Processing 

MV assessment of lentil and field pea milling quality has multiple facets relating to traits of the 

milled product (e.g. cotyledon colour and split yield) and the milling potential of whole-grain 

samples. Milling potential is known to be impacted by moisture content (Singh et al., 2000) and 

size and shape characteristics of the grain as well as pre-treatments, such as soaking 

(Vishwakarma et al., 2018, Wang, 2005, Black et al., 1998). A machine vision method was 

developed by Shahin et al. (2012) to predict the dehulling efficiency of red lentil samples from 

image-derived grain shape and size features. The predicted de-hulling efficiencies were highly 

correlated (R2 = 0.9 and RMSE < 2%) with the laboratory method. Application of models such as 

this, within the breeding selection process, would enable predictive assessments of processing 

quality on early generation germplasm. Furthermore, the combination of visible image analysis, 

for prediction of size and shape traits, and NIR-hyperspectral image analysis for prediction of 
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compositional traits, such as moisture content (Huang et al., 2014), could improve the versatility 

of models for predicting milling potential from whole grain. 

 

To date no image processing methods have been developed specifically for assessing the split 

and de-hulled grain yields of milled lentil or field pea product. It is necessary to mill the grain 

and attain split product for subsequent assessment of visual appeal (brightness and uniformity 

of colour) of the splits as well as the hydration and cooking quality. Manual sorting of split 

fractions is time-consuming; typically, fewer than 15 milled 100g samples of lentil can be hand-

sorted per day. This type of application is an ideal candidate for time-efficient machine vision 

systems, particularly those with an integrated sorting system (Pearson et al., 2012).  

 

Seed Defects 

Defective grains are those which do not fit the industry specifications for sound grain within 

each market class. There are a wide range of defect types which include disease, mechanical 

damage, dockage (small grain), discoloration, admixture and contaminants, among others. To 

identify and assess defects through image processing it is useful to first create the reference 

profiles for sound grain within each market class. Lentil and field pea market classes are defined 

by visual characteristics relating to size, shape and colour of the grain. Image features based on 

these characteristics are therefore useful for creating profiles and classifying grain into market 

classes (McDonald et al., 2016). Classification models for seed type or market class (Weng et al., 

2020, Adjemout et al., 2007, Visen et al., 2004, Venora et al., 2007a, Mahesh et al., 2011, 

Choudhary et al., 2009) are directly applicable to the assessment of admixture levels for objects 

which do not fit the market class profile of a sample (Ramirez-Paredes and Hernandez-Belmonte, 

2020).   

 

Grain defects which relate to colour are typically assessed through analysis of visible digital 

images (Dell'Aquila, 2006, Kılıç et al., 2007, Delwiche et al., 2013, Liu et al., 2015) and NIR-based 

screening, (NIR scanning or NIR-hyperspectral imaging), is generally preferred for the 

assessment of defects and infestations which impact composition of a sample. The application 

of NIR spectroscopy in agricultural products is based on chemical bonds of major constituents in 

the grain (such as protein, starch or water) absorbing radiation at excitation frequencies within 

the NIR region. Reflectance spectra display the overall response of the object constituents to 

incident radiation. With careful consideration of techniques for data pre-processing and 

subsequent multivariate regression, NIR spectroscopy has been shown to perform well for 
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predictions of major cereal grain constituents and classification of grain and admixture (Barton 

et al., 2000, Black and Panozzo, 1999). NIR spectroscopy is underutilised with pulse grains 

compared to cereals. This is perhaps a reflection of the traditional use of the grains; wheat 

composition plays an import role in functionality of the grain to produce high-quality baked, 

sheeted or extruded products (Pawlinsky and Williams, 1998), but typically pulses have been 

cooked simply as a whole or split grain product. 

 

NIR-hyperspectral images contain both NIR spectral information as well as spatial information 

(Amigo et al., 2015). Therefore, analysis of hyperspectral images can be used to detect smaller 

concentrations or distributions of compounds present in grains. For example, it may be useful 

for detecting early stages and the location of disease in grains; this detail would be lost in the 

spectral noise of conventional NIR scanning. Hyperspectral image analysis has been applied to 

the detection of insect infestation and fungal infection in chickpeas, green peas, lentils, pinto 

beans and kidney beans (Karuppiah et al., 2016, Nansen et al., 2014), but is otherwise 

underdeveloped for lentil and field pea assessments. However, developments for wheat in 

particular demonstrate the potential of hyperspectral image analysis for detecting admixture 

and contaminants (Mahesh et al., 2011, Ravikanth et al., 2016, Ravikanth et al., 2015), sprouting 

(Xing et al., 2010) and seed damage or other grading factors (Singh et al., 2009, Shahin and 

Symons, 2008, Shahin and Symons, 2011). 

 

Non-uniformity of visual characteristics within lentil and field pea samples is generally 

undesirable. Standard sieving methods can determine non-uniformity of grain size (Williams and 

Singh, 1988) however distributions of other characteristics, such as shape and colour, are 

determined through subjective visual estimates. Within breeding germplasm, non-uniformities 

can be the result of genetic segregation as well as grain defects.  So it would be useful to have 

objective and quantitative measures for studies of genetic influence. McDonald et al. (2019) 

presented an equation for quantifying uniformity of colour within green field pea genotypes. 

Models such as this, or equivalently statistical features (Harden and Wood, 2017), based on 

image-derived traits enable the assessment of more than just size distributions within samples.  

 

1.5 Conclusions of the literature review 

The majority of global production of lentil and field pea continues to sustain traditional markets 

where the visual grain-characteristics are paramount to perceived quality. Therefore, visual 

traits including grain size, shape, colour, defects and uniformity as well as processing quality, 
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particularly milling efficiency, remain important breeding targets for ensuring the market 

success of newly released varieties. Current standard methods for quality assessment within 

breeding programs are often applied only to advanced germplasm due to the time-consuming 

nature of the assessments and the requirement for adequate volumes of grain to conduct the 

tests. Breeding programs would therefore benefit from the adoption of rapid and objective 

machine vision methods for screening grain quality traits. 

 

The number of machine vision methods developed to date specifically for assessment of lentil 

and field pea are few by comparison with other agricultural products, such as wheat. However, 

these contributions, for analysis of size, shape and specific colour traits as well as the modelling 

of milling performance (for lentil) would significantly improve the efficiency and capacity of 

germplasm screening. The range of MV applications currently developed for lentil and field pea 

do not yet encompass the range of grain-assessments which are essential within breeding 

programs and so there is an opportunity and necessity for this development. For some of these 

grain traits, development of altogether new methods is required, and for other traits, such as 

some diseases, there are equivalent or similar models that exist for other grain types and these 

can be adapted for lentil and field pea.  

 

Machine vision systems, adopted within plant breeding programs, would enable more detailed, 

targeted and higher throughput germplasm-screening. Image processing methods have the 

capacity to screen for multiple traits simultaneously. The robustness of image analysis to 

evaluate samples of any size would permit comprehensive quality assessments earlier within 

the breeding cycle, ultimately reducing the number of years between the first inter-cross and 

resultant variety for commercial release. Parallel development of machine vision methods 

within breeding programs would result in more robust models accounting for a greater diversity 

in the expressions of traits. Further to germplasm screening, MV models have potential 

application along the whole pulse value chain from pre-breeding, such as rapid screening of 

potential breeding candidates or development of genomic prediction models, through to post-

breeding applications, i.e. the assessment of grains and defects within industry settings. 

 

1.6 Thesis objectives 

The broad aim of this study was to develop rapid and objective methods, based on analysis of 

visible-multispectral images, for screening visual quality traits of lentil and field pea. Three 

quality traits, which are important within breeding programs, were identified for method 
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development; namely classification of market grades, quantification of discoloration and 

assessment of milling efficiency. Therefore, the specific research aims of this thesis were the 

following: 

 

1. Development and application of an algorithm to classify field pea market grades 

through the analysis of visible-multispectral images; 

 

2. Development of a model to score the extent and uniformity of bleaching discoloration 

in green pea based on visible-multispectral image processing; 

 

3. Application of the image-based colour-scoring system to identify and compare 

genotypic differences in green pea resistance to bleaching; and 

 

4. Development and application of an algorithm for classifying lentil and field pea milled 

fractions through the analysis of visible-multispectral images 

 

Diverse lentil and field pea grain samples were sourced from plant breeding programs 

(Agriculture Victoria, Horsham) to capture the variations of grain traits between genotypes and 

between market classes. Multispectral images of the grains were captured through an EyeFossTM 

(FOSS Analytical, Hoganas, Sweden) which simultaneously measured grain surface height at each 

pixel by laser. The EyeFoss was selected in preference to conventional digital cameras for two 

key reasons: (1) The greater number of colour channels (405, 470, 530, 590, 660 and 850nm) 

which spanned the visible spectral region enabling more accurate analysis of grain colour traits; 

and (2) the simplicity of sample presentation due to the conveyor system within the EyeFoss 

which enabled rapid and automated image acquisition of individual grains within pulse samples. 

Image processing algorithms were developed within the Matlab programming environment (The 

MathWorks Inc., Natick, Massachusetts).  

 

The remainder of this thesis is dedicated to addressing each of these research objectives. 

Chapter 2 details a new method for classification of field pea market classes through linear 

discriminant analysis. The model was based on image-derived colour, shape and size features of 

a diverse range of field pea samples sourced from the field pea breeding program in Horsham, 

Victoria (Australia). Both defective and sound grains were assessed to test robustness.  

 

Quantitation of bleaching discoloration is addressed in Chapters 3 and 4. Development of the 

objective, trait-specific scoring system, based on spectrophotometric data, is detailed first 
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followed by the implementation of this model through multispectral-image processing. The 

image analysis scoring system was utilised further to model consistency of bleaching throughout 

grain samples as well as to quantify the relative susceptibility, to bleaching, of several green pea 

genotypes. Chlorophyll and phenolic compounds are associated with grain colour, therefore 

these constituents were analysed in relation to image-based bleaching assessments to 

determine if any relationship exists between the compositional traits and genotypic 

susceptibility. 

 

Milling efficiency was identified as an important quality trait of both lentil and field pea.  The 

standard method for assessment is one of the most time-consuming processes of quality 

evaluation due to the requirement for manual sorting of milled grain fractions. Therefore, in 

Chapter 5 a machine vision approach, based on convolutional neural networks, is presented for 

classification of milling fractions through multispectral-image analysis with specific attention 

given to model accuracy and time-efficiency. 
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CHAPTER 2 

Discriminant analysis of defective and non-
defective field pea (Pisum sativum L.) into broad 
market grades based on digital image features 

 

This chapter has been published as: 

MCDONALD, L. S., PANOZZO, J. F., SALISBURY, P. A. & FORD, R. 2016. Discriminant Analysis of 

Defective and Non-Defective Field Pea (Pisum sativum L.) into Broad Market Grades Based on 

Digital Image Features. PLoS ONE, 11, e0155523. 

 

 

Abstract 

Field peas (Pisum sativum L.) are generally traded based on seed appearance, which subjectively 

defines broad market-grades. In this study, we developed an objective Linear Discriminant 

Analysis (LDA) model to classify market grades of field peas based on seed colour, shape and 

size traits extracted from digital images. Seeds were imaged in a high-throughput system 

consisting of a camera and laser positioned over a conveyor belt. Six colour intensity digital 

images were captured (under 405, 470, 530, 590, 660 and 850nm light) for each seed, and 

surface height was measured at each pixel by laser. Colour, shape and size traits were compiled 

across all seed in each sample to determine the median trait values. Defective and non-defective 

seed samples were used to calibrate and validate the model. Colour components were sufficient 

to correctly classify all non-defective seed samples into correct market grades. Defective 

samples required a combination of colour, shape and size traits to achieve 87% and 77% 

accuracy in market grade classification of calibration and validation sample-sets respectively. 

Following these results, we used the same colour, shape and size traits to develop an LDA model 

which correctly classified over 97% of all validation samples as defective or non-defective. 
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2.1 Introduction 

Field pea (Pisum sativum L.) is generally traded based on broad quality grades, each of which 

has its own market niche. Grades are determined subjectively and often classified inconsistently 

between the grain sellers and buyers, leading to trading disputes. Khan and Croser (2004) 

identified five broad types of field pea (yellow, marrowfat, dun, green/blue and maple) and six 

quality traits which heavily influence their marketing; admixture levels, insect damage, seed 

colour, seed size, seed cleanliness and product uniformity.  Historically, these traits are based 

on appearance and are assessed visually. As such, the trading value of field pea (like most pulse 

grains) is subjectively determined. There is an opportunity, therefore, for objective 

measurement of grain products using colour grading systems or machine vision to reduce the 

potential for inconsistent assessment. 

 

Within the grains research field, several studies have been conducted on the application of 

machine vision systems to quantitatively determine characteristics related to grain quality. 

Zapotoczny and Majewska (2010) investigated the measurement of wheat colour, of both the 

endosperm and grain coat, by machine vision. Fundamental size traits, such as grain length, 

width and volume, have been modelled in various studies (Mandal et al., 2012, Fıratlıgil-Durmuş 

et al., 2010, Walker and Panozzo, 2012, Mabille and Abecassis, 2003), as well as shape of grains 

(Costa et al., 2011, Mebatsion et al., 2012, Aggarwal and Mohan, 2010). Further to grain size, 

shape and colour analysis, machine vision studies have also been applied to assess traits which 

impact on grain processing, such as chalkiness in rice (Sun et al., 2014, Yoshioka et al., 2007), 

performance of wheat samples through a dockage tester (Paliwal, Visen et al. 2003) and 

distribution of grain size (Shahin et al., 2006, LeMasurier et al., 2014), which impacts on milling 

efficiency. 

 

Machine vision sytems have also been used in the grains industry for colour-based grading and 

identifying defects and seed damage. While 2-dimensional colour, size and shape traits are the 

most commonly used, more recent focus has been on expanding the range of image traits to 

include textural, morphological, and wavelet features, enabling  a suite of measurments from 

each image and contributing to an increased efficency and justification of the capital 

expenditure in setting up digital image technology. Anami and Savakar (2011) provided a 

summary on some of the most common feature extraction methods used in the analysis of 

grains, fruits and flowers. Choudhary et al. (2008) developed a model to classify cereal grains 

into grain type (wheat, rye, barley and oats) and reported that the combination of 
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morphological, colour, textural as well as wavelet features gave the best results for 

classification. A number of studies have identified type and extent of cereal grain (Mirik et al., 

2006, Delwiche et al., 2013) and legume grain defects (Dell'Aquila, 2006, Nansen et al., 2014, Liu 

et al., 2015, Kılıç et al., 2007, Wiwart et al., 2009) through digital image analysis (DIA).  Key to all 

of these assessments were the extracted image features chosen to inform statistical and 

analytical models for measuring and classifying the grain quality traits. Zheng et al. (2006) 

provided an overview of textural features for assessing food quality by DIA and identified the 

two most commonly adopted classification methods as Statistical Learning (SL), for example 

discriminant analysis and Bayesian learning, and Artificial Neural Networks (ANN). Choice of 

image features and classification method is important for ensuring accuracy and efficiency of 

field pea broad market grade assessment by DIA. 

 

Field-pea market grades are classified by key visual-characteristics of seed shape, size and colour 

of seed coat and cotyledon. However, all of these characteristics can be altered by various seed 

defects. For example, diseases and/or weather damage can cause discoloration, deformation 

and/or shrivelling of seed. Therefore, the development of a robust model to classify broad 

market grades, of defective as well as non-defective grain, should use image features which best 

represent these key visual characteristics. While two-dimensional images of grain can contribute 

a large number of helpful size, shape and colour classification features, grain surface height 

information is also useful for measuring traits such as dimpling and correcting variations in 

colour intensity readings due to variable surface height. In this study, we developed models to 

classify field pea into broad market grades and investigated the impact of grain defects on model 

performance. We extracted a number of colour, shape and size (including laser-measured seed 

height) features from images of field pea seed. These features were used to build  Linear 

Discriminant Analysis (LDA) models to classify the seed into common Australian market grades; 

White Pea, Blue Pea, Mottled-Dun Pea, Kaspa-Dun Pea, Green-Dun Pea, Yellow-Forage Pea, 

Marrowfat Pea, and Kaspa-Type Pea. 

 

2.2 Materials & Methods 

2.2.1 Sample collection and classification 

Field pea seed samples were sourced from the 2013/14 and 2014/15 harvests of the breeding 

and agronomy trials undertaken by the Department of Economic Development, Jobs, Transport 

and Resources based in Horsham, Victoria, Australia. Samples were considered as defective 

when at least 75% of the seed were either disease-stained, weather damaged, insect damaged 
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or broken. Samples were considered as non-defective if less than 5% of the seeds were impacted 

by defects. The distinction between defective and non-defective samples was intended to 

improve clarity in observing the impact of defects on classification models. There were 239 non-

defective grain samples and 78 defective samples selected at random within these two 

categories. Each field pea sample was manually classified into one of eight market grades (Fig 

2.1 and Table 2.1). Samples were then divided into calibration and validation sets (Table 2.2); a 

Calibration set of 175 samples (including 39 defective samples) and a Validation set of 142 

samples (including 39 defective samples). 

 

 

Figure 2.1. Field pea market grades. a) White Pea, b) Blue Pea, c) Mottled Dun Pea, d) Kaspa 

Dun Pea, e) Green Dun Pea, f) Yellow Forage Pea, g) Marrowfat Pea, h) Kaspa-Type Pea. 

 

Table 2.1. Descriptions of field pea market grades 

White Pea Blue Pea Mottled Dun Pea Kaspa Dun Pea 

Yellow cotyledon with 

white, opaque seed 

coat. Smooth spherical 

seed. 

Green cotyledon with 

white-opaque seed coat. 

Smooth spherical seed. 

Yellow cotyledon with a 

green/tan and speckled 

seed coat. Dimpled seed. 

Yellow cotyledon with a 

tan coloured seed coat. 

Dimpled seed. 

Green Dun Pea Yellow Forage Pea Marrowfat Pea Kaspa-Type Pea 

Yellow cotyledon with a 

tan and green coloured 

seed coat. Heavily 

dimpled seed. 

Yellow cotyledon with 

opaque white seed coat. 

These look similar to 

white peas but are 

generally smaller in size 

and deeper yellow in 

colour. 

Yellow cotyledon with 

white, opaque seed 

coat. Large, heavily 

dimpled seed 

Yellow cotyledon with a 

tan coloured seed coat. 

Round seed with smooth 

seed coat (minimal 

dimples) 
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Table 2.2. Field pea calibration and validation sets 

Market Grade All Calibration 
Samples 

Defective Samples in 
Calibration Set 

All Validation 
Samples 

Defective Samples in 
Validation set 

White 50 4 45 4 

Blue 31 0 44 0 

Mottled Dun 7 4 5 4 

Kaspa Dun 13 7 8 6 

Green Dun 16 0 5 1 

Yellow Forage 5 5 6 6 

Marrowfat 6 0 2 0 

Kaspa type 47 19 27 18 
 

175 39 142 39 

 

2.2.2 Model development 

Model development is depicted in Fig 2.2 and detailed below.  

 

Figure 2.2. Model development flow chart. 

 

Image Capture 

Images were captured through an EyeFossTM (FOSS Analytical, Hoganas, Sweden) as described 

by LeMasurier et al. (2014). For each individual field pea seed, the EyeFossTM captured six colour 

intensity images (under LED light sources of 405, 470, 530, 590, 660 and 850nm) and 

simultaneously measured surface height, by laser, at each pixel location. Colour intensity and 

height images were stored as double precision, floating point number arrays. 
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Image Pre-processing 

Each image was segmented, using the method described by LeMasurier et al. (2014), to create 

a binary image mask (M1), which was used to detect the seed boundary and to measure size 

and shape characteristics. A second binary mask image (M2) was created by setting a threshold 

of 20 units on the heights image. M2 was used in the calculation of colour and height traits to 

avoid interference from seed boundary values where height was near zero and colour intensity 

values were affected by shadowing.  

 

Image Processing  

Single-seed images were processed according to the flow chart in Fig 2.3. All single-seed features 

extracted from the images are outlined in Table 2.3. The median value, of each feature across 

all seeds in each sample, was taken as the feature value for that sample. Feature values were 

standardised to have zero mean and unit standard deviation across the Calibration Set of 

samples. 

 

 

Figure 2.3. Image pre-processing and processing flow chart 
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Table 2.3. Seed characteristics extracted through image processing 

Single Seed Features Measurement/Calculation 

Violet colour factor Apply the mask M2 to both the height image and the violet (405nm) 

colour intensity image. Within the seed region, divide each pixel colour 

value by the corresponding height valuea.The violet factor was taken as 

the median of all corrected pixel colour values. 

Blue colour factor, Green colour factor, 

Orange colour factor, Red colour factor 

and NIR colour factor 

As for Violet colour factor but calculate on the blue (470nm), green 

(530nm), orange (590nm), red(660nm) and NIR (850nm) intensity 

images, respectively. 

Seed height Apply the mask M2 to the height image and take the median value 

within the seed region.  

Equivalent diameter, Area and 

Plumpness 

As detailed by LeMasurier et al. (2014)  

Perimeter Number of pixels in seed boundary 

Volume  Sum of all values within seed region of heights image (after applying M1) 

Circularity (area x 4) / (Equivalent diameter x Perimeter)  

 

 

Model development  

Market grades of field pea are defined by visual traits (Table 2.1), therefore all image features 

(Table 2.3) were deliberately related directly to colour, size or shape of the seeds. Features were 

tested to ensure linear independence and then selected for model training based on prior 

knowledge of dominant discriminating traits of market grades. Therefore, preference was given 

first to colour, then size and then shape features. Features were added one at a time to the 

model and those which did not improve accuracy of classifications were discarded. Models were 

trained such that they would require the minimum number of features to achieve greatest 

possible accuracy and robustness in predictions. Since there was clear visual distinction between 

field pea market grades (Fig 2.1), it was assumed that, with the appropriate selection of image 

features, market grades would be linearly separable. LDA was therefore chosen as the 

classification method because of its relative simplicity and lower computational cost compared 

with other classification methods. The LDA models were constructed and analysed through 

Matlab (R2014b) with the Statistics Toolbox.  

 

Model 1 and 2 

The first LDA model (Model 1) was trained on the non-defective samples of the Calibration Set 

and validated on the non-defective samples of the Validation Set. This was done to observe the 

greatest potential accuracy of predicting field pea market grades, since the market grades are 

defined by appearance of non-defective grain. The performance of this model was then tested 

on the defective samples of the Validation Set to observe the impact of seed defects on market 

grade assessment. A second LDA model (Model 2) was subsequently calibrated and validated, 
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on the full Calibration Set and Validation Set respectively (including defective samples) to 

observe changes to classification robustness from Model 1. Features were chosen for Model 2 

to give the simplest model with the most accurate predictions for both defective and non-

defective field pea samples. 

 

Predicting defects 

A difference in classification accuracy between Model 1 and Model 2, in assessment of the 

defective samples, was assumed to indicate that a third LDA model could be constructed based 

on the same input variables to distinguish defective from non-defective field pea samples. 

 

2.3 Results and discussion 

The three LDA models which were developed are outlined in Table 2.4 with their respective 

calibration and validation sample sets, input variables and output classes. The performance of 

each model is outlined in Table 2.5. 

 

Table 2.4. Linear discriminant analysis models and parameters 

 Model 1 Model 2 Defect prediction 

Model 

Calibration samples 
Calibration Set excluding 

defective samples 
Full Calibration Set Full Calibration Set 

Validation samples 

Full Validation Set; Separately 

assessing non-defective then 

defective samples   

Full Validation Set Full Validation Set 

Input variables 
Blue, green, orange and red 

factors 

As for Model 1 plus violet 

colour factor, equivalent 

diameter, circularity and 

plumpness 

As for Model 2 

Classification 

Groups 

White, Blue, Mottled-Dun, 

Kaspa-Dun, Green-Dun, 

Marrowfat and Kaspa type 

White, Blue, Mottled-Dun, 

Kaspa-Dun, Green-Dun, Yellow-

Forage, Marrowfat and Kaspa 

type 

Defective and non-

defective 
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Table 2.5. Classification Rates of Models 

Prediction Model 

 % Accuracy in 

prediction of non-

defective 

calibration samples 

(n=136) 

% Accuracy in 

prediction of 

defective 

calibration 

samples (n=39) 

% Accuracy in 

prediction of non-

defective validation 

samples (n=103) 

% Accuracy in 

prediction of 

defective validation 

samples (n=39) 

Model 1 100 NA 100 69a 

Model 2 100 87 100 77 

Defect prediction model 100 100 97 100 

 

Feature Selection 

A one-way Multivariate Analysis of Variance (MANOVA) was performed on all extracted image 

features (Table 2) for the full set of calibration samples. Since the choice of features was based 

on the definitions of market grades, it was not surprising that the F statistic of each feature was 

significant (p <0.001), indicating that any of the features could in some way be useful for 

separating samples according to their market grade. All feature vectors were found to be linearly 

independent by Singular Value Decomposition (SVD). Prior knowledge of dominant visual traits 

in the definitions of field pea grades determined the order of feature selection. Preference was 

given first to colour, then size and then shape features.  

 

2.3.1 Model 1 

Image colour traits alone were sufficient inputs to classify all of the non-defective field pea 

samples (both calibration and validation sets) into correct market grades. Four of the six colour 

traits (red, orange, green and blue factors) gave the optimum combination of input variables. 

The NIR factor did not vary markedly between different field pea groups (Fig 2.4) and therefore 

did not impact on market grade predictions. Violet colour intensity varied substantially between 

different market grades but had little impact on the prediction of non-defective grain samples 

as there was sufficient information in the four mid-range wavelength colour factors. Model 1 

excluded predictions of Yellow-Forage peas since all samples of forage peas were defective. 
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Figure 2.4. Colour factor variations between field pea market grades. Four representative 

samples from each market grade illustrate the variation in relative colour intensity factors. The 

violet, blue, green, orange, red and NIR colour factors for each sample are represented 

respectively by the violet diamonds, blue squares, green triangles, yellow squares, red squares 

and pink circles. These are the basis for predicting market grades through Model 1. 

 

While non-defective peas were accurately classified into their appropriate market grade through 

Model 1, this was not the case for defective pea samples (Table 4). The majority of misclassified 

defective samples were from the Kaspa, Kaspa-Dun and Green-Dun groups, which were 

categorised as Mottled-Dun peas. This was not surprising, as disease staining, which can have 

similar dark toned patterns to seed coat speckling, was the most prevalent defect.  

 

Defects other than disease staining also have impact on colour of the seeds. For example, 

harvest damage or insect damage can expose areas of the cotyledon. One white pea sample was 

misclassified as a marrowfat type because the seed surface colour was affected by areas of seed 

coat detaching from the cotyledon. Though white pea can be similar in colour to marrowfat pea, 

they are very different in size and shape (Table 2.2).   
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The results of Model 1 indicated that colour features were significantly impacted by defects in 

the field peas since the accuracy in prediction of defective validation samples was much lower 

than for non-defective validation samples. Therefore Model 2 was constructed to include inputs 

of seed size and shape traits (equivalent diameter, circularity and plumpness) additional to the 

violet colour factor and the inputs of Model 1 (Table 3). 

 

2.3.2 Model 2 

Model 2 maintained the accuracy of Model 1 in classifying market grades of non-defective 

samples and improved classification of defective sample sets (Table 4). Non-defective samples 

tended to lie closer, in terms of Mahalanobis distance, to their correct Market Grade mean than 

the defective samples (Fig 2.5c and d). In the Validation set, the mean Mahalanobis distance of 

defective and non-defective samples from their nearest class mean was 3.91±0.33 and 

2.42±0.09 respectively. Therefore, the non-defective samples were more accurately predicted, 

and with greater confidence, than the defective samples.  

 

Three defective samples that were correctly classified through Model 1, were then misclassified 

through Model 2. All three samples had both disease staining and insect damage. Two of the 

samples were white peas, misclassified as Yellow Forage peas, with seed smaller than the 

average size of White pea market grade. The third sample was a Mottled-Dun which was 

misclassified as a Kaspa-Dun type. In all three cases the exposed cotyledon appears to have 

affected model predictions by causing the average seed surface colour to be more yellow. 

Therefore, a method for identifying and removing areas of exposed cotyledon in seed images 

would be useful to improve market grade predictions based on seed coat appearance. 

 

Of the defective samples that were initially misclassified through Model 1, more than 70% were 

subsequently classified correctly through Model 2. Most of these samples were defective due to 

disease staining, which did not appear to affect seed shape and size. This implied that the violet 

colour factor played a significant role in distinguishing disease staining apart from natural 

speckling. Nine of the defective samples, which had been misclassified through Model 1, 

remained misclassified through Model 2. These samples were predominantly disease stained 

Kaspa-Dun and Kaspa-Type samples, which were classified as Mottled-Dun pea by both models. 

So, while the violet colour factor had a significant role in distinguishing disease from speckling, 

it was not sufficient to discriminate the few samples that fell close to the classification border 

between their true class and the Mottled-Dun class. In a commercial setting this misclassification 



54 
 

rate is acceptable since samples would first be screened for defects and only the non-defective 

grain would then be classified further into market grades. A third LDA model was developed to 

classify grain as defective or non-defective. 

 

 

Figure 2.5. Performance of Model 2.  (a) and (b) All samples that were correctly classified (red 

dots) fell along the one to one correlation line (green), i.e. the closest market grade mean was 

the correct market grade mean for that sample. All samples which did not lie on the green line 

(one to one correlation) were incorrectly classified (blue triangles). Plots (c) and (d) gave the 

same scatter plots as (a) and (b) but highlighted which samples were non-defective (red dots) 

and which were defective (blue triangles). 

 

2.3.3 Defect prediction Model 

Differences in results for classifying defective samples through Model 1 and Model 2 indicated 

that a LDA model based on the same inputs would be able to also predict which field pea samples 

were defective among various market grade types. This proved true, all defective samples (both 

calibration and validation) were correctly classified (Table 4). All non-defective seed calibration 

samples were correctly classified and all but three samples of the non-defective seed validation 

set were correctly classified. While this model is not extended in the present study, the results 
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indicate a modelling potential, to classify types of defects within grain samples, for example 

disease damage, insect damage and pre-harvest weather damage.  

 

2.4 Conclusion 

Digital image analysis combined with linear discriminant analysis provides an effective tool for 

classifying pea market grades. In this study market grades of non-defective and defective seed 

samples were classified at 100% and up to 87% correctly, respectively. The choice of input 

variables influenced the robustness of the models to predict the market grades of defective as 

well as non-defective seeds.  The input variables were based on industry-standard marketing 

traits, related to visual grain qualities, removing subjectivity through the application of digital 

image analysis. 
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CHAPTER 3 

Quantifying the colour loss of green field pea 
(Pisum sativum L.) due to bleaching 

 

This chapter has been published as: 

MCDONALD, L., SALISBURY, P., FORD, R. & PANOZZO, J. 2019. Quantifying the colour loss of green 

field pea (Pisum sativum L.) due to bleaching. PLOS ONE, 14, e0221523. 

 

Abstract 

Post-harvest change in the colour of green field pea (Pisum sativum L.) is undesirable as this 

impacts the visual quality and market value of the seed. To date, there is no standard, objective 

method to determine bleaching. Therefore, the aim of this study was to develop an objective 

method for scoring bleaching based on colour reflectance spectra, measured both by 

spectrophotometer and multispectral Image Analysis (IA). Green field pea seeds were sorted 

into samples of uniform colour and these were used to train the model. Spectra calculated from 

multispectral images (with colour bands at 405,470,530,590,660 and 850nm) were matched to 

the spectrophotometer output through multiple linear regression. All spectra were transformed 

to emphasize the wavelength regions most impacted during bleaching, following which two 

critical reflectance values were scaled to a single bleaching score. 

 

The bleaching assessment method was tested in a time-course experiment comprising seeds 

from five green-pea genotypes stored for six months. Each sample was divided into two so that 

half of the seeds were stored in the dark and the remainder were exposed to controlled light to 

exaggerate bleaching. Throughout this period, the samples were imaged at six-weekly intervals. 

Assessment of bleaching by the IA method agreed well with spectrophotometer measurements, 

achieving a Lin’s concordance statistic of 0.99 and 0.96 for the calibration and time-course 

samples respectively. The IA method proved more versatile because assessments could be made 

on individual seeds enabling the computation of bleaching uniformity within each sample. This 

method captured differences between genotypes in the extent, rate and uniformity of 

bleaching. All genotypes exhibited susceptibility to bleaching when stored under the controlled 

light conditions. Excell was observed to be the most susceptible genotype with the greatest 

bleaching-rate and OZB1308 displayed the most colour-stability.   
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3.1 Introduction 

Green pea is one of the major market classes of the Pisum sativum L. pulse grain family 

(McDonald et al., 2016) and commonly used as a high-protein food source for human 

consumption as well as livestock feed. Canada is the largest producer and exporter of field pea 

globally (Statistica, 2017) and according to the Canadian Grain Standards Guide (CGC, 2018), 

field pea is classified as either ‘green pea’ or ‘other than green pea’ and then subsequently 

assessed for other quality traits. This classification emphasises the relative importance of the 

green pea type in comparison with the other field pea market classes.  

 

Bleaching of green field pea adversely affects the visual quality of the grain and therefore also 

its market value. Bleaching is a discoloration of the pea seed as chlorophyll degrades, causing 

seed colour to fade toward lighter green and ultimately yellowish-cream (Ubayasena et al., 

2013). The colour of agricultural food products is often closely related to compositional quality 

(Ornelas-Paz et al., 2008, Nasar-Abbas et al., 2008, Nasar-Abbas et al., 2009) and colour-

uniformity is considered particularly important for marketability (Christiansen et al., 2012, 

Mendoza et al., 2006, Wu and Sun, 2013b). The industry standard maximum allowance (percent 

by weight) for bleached green pea varies between countries. Australian guidelines indicate a 

maximum of 1% off-colour seed for a field pea sample to achieve No. 1 grade (GTA, 2018) and 

in Canada the maximum allowance is 2% bleached seed (CGC, 2018). Bleaching is therefore 

undesirable as it can vary widely within a sample and this decreases colour uniformity and visual 

appeal of the seed (Ubayasena et al., 2013). It is generally thought that bleaching has no effect 

on the seed viability (Phelps, 2015), however Atak et al. (2008) conducted a study of three green 

pea genotypes and found that the darker seed had a higher vigour and germination rate than 

lighter seed. 

 

Bleaching can occur pre-harvest once the seed has reached physiological maturity, particularly 

if the field pea plant is subjected to wet and dry soil-moisture cycles or the seed is exposed to 

light during the final desiccation phase (Gubbels and Ali-Khan, 1990, McCallum et al., 1997, 

Cheng et al., 2004). Therefore, delayed harvesting increases the risk of bleaching (French, 2016, 

Brand, 2015). Bleaching can also occur post-harvest due to sub-optimal storage conditions such 

as extended storage periods and exposure to high temperatures, high humidity or high light 

intensity (Jatoi et al., 2001, Ubayasena et al., 2010, Ubayasena et al., 2013). 
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While bleaching is a considerable marketing issue, the standard assessment technique is 

subjective and tedious. This involves a visual estimation of the extent of discoloration across 

individual seed lots and at times, manual dehulling of individual seeds to inspect cotyledon 

colour (CGC, 2018). Due to the impact that bleaching has on the market classification of field 

pea quality, it is the subject of ongoing plant breeding to develop cultivars which are resistant 

to bleaching. A machine-vision based scoring system would improve assessment efficiency and 

provide an objective measure of the distribution and extent of bleaching. A small number of 

studies which address the associated genetic inheritance and enzyme activity have quantified 

bleaching through various colour scales. However, there is a lack of consistency and formality 

among the methods. Gubbels and Ali-Khan (1990) used a visual comparison of the seed to 

colour-charts, giving each sample a number between 1, for bleached seed, and 9, for dark green.  

This method is intuitive but highly subjective and prone to human-error. McCallum et al. (1997) 

used video image analysis in the YUV colour space, Ubayasena et al. (2010) used the Hunter Lab 

“a” (red-green) colour component to assess the extent of bleaching and Steet and Tong (1996) 

used Commission Internationale de l'Eclairage (CIE) a* (red-green)  to determine greenness and 

relate this to chlorophyll content in pureed green pea. The YUV colour space is objective but 

device-dependent and therefore not easily adopted as a repeatable standard method. The 

Hunter a and CIE a* scales are objective and device-independent; however, bleaching does not 

occur linearly with respect to either scale nor does a single component of each colour space fully 

capture the field pea colour change.  

 

The CIE L*a*b* colour space is the most commonly used method for assessing pulse grains. It is 

intuitive and objective, designed to linearly align with human-perceived colour. For green pea, 

typically CIE L* values are between 50 and 66, CIE a* between -4 and -1 and CIE b* between 8 

and 15 (NSDU, 2017). As green pea seeds bleach, their L* value increases, a* decreases in 

magnitude and b* increases; i.e. the seed becomes simultaneously lighter, less green and more 

yellow. The standard measure for assessing colour changes using the CIE L*a*b* space is ΔE; 

calculated as the Euclidean distance between two points in the colour space. However, since the 

changes in CIE L*, a* and b* are not linear and because different genotypes exhibit varying tones 

of green and yellow/cream as they bleach, an absolute ΔE value is not intuitive for scoring 

bleaching. 

 

Digital image analysis has been explored for colour assessment of many agricultural food 

products (Wu and Sun, 2013a, Yan et al., 2010, Mendoza et al., 2006). The advantages of 
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assessing colour traits by IA are many; particularly, it is rapid, objective, repeatable and non-

destructive and the high spatial resolution obtained enables detailed assessments (Wu and Sun, 

2013b). Changes in image colour have been examined to indicate ripeness of fruits such as 

strawberries (2014) and apples (Garrido-Novell et al., 2012) and colour features have been used 

to identify types of green vegetables before and after heat treatment (Manninen et al., 2015). 

Furthermore digital images of lentils were analysed by Dell'Aquila (2006) to indicate seed 

viability based on browning of the seed-coat. Imaging analysis models based on digital colour 

features have also been applied to leaves and crop canopies to determine chlorophyll and 

biomass [28] and to indicate macronutrient deficiencies in plants (Wiwart et al., 2009). 

 

The objective and consistent nature of image analysis and its usefulness in accurately and rapidly 

detecting and assessing colour changes in food products makes it an attractive method for 

assessing bleaching in field pea providing that image colour can be consistently calibrated. 

Therefore, the aims of this study were to: (1) Develop an objective model based on visible 

reflectance spectral analysis to determine bleaching scores for green field pea samples; (2) 

Develop an image analysis method, based on multispectral images, to replicate the spectral 

analysis bleaching scores and enable assessment of bleaching at a single seed level; and (3) Apply 

the image analysis method to quantify bleaching score, rate and uniformity of five green pea 

genotypes subjected to exaggerated bleaching conditions over a period of six months. 

 

3.2 Materials and methods 

All seed samples were sourced from a field trial grown in western Victoria (Australia) during the 

2015 growing season. There were 12 field plots for each of five green pea genotypes (Excell, 

OZB1308, OZB1310, OZB1315 and OZB1324), totalling 60 samples. This study comprised two 

sets of sample-data referred to herein as the time-course data and the colour-sorted data. These 

data sets are detailed in the sections following.  

 

3.2.1 Colour-sorted samples and data collection 

Each of the 60 green pea samples was subsampled twice (approximately 150-200 seeds per 

subsample). One subsample was stored in the dark to avoid bleaching effects and the other was 

exposed to accelerated-bleaching conditions. These were stored in a single layer in a clear, 

90mm diameter petri dish under fluorescent light with the mean intensity of 7500lx. The 

samples were stored for a period of 9 months beginning 58 days after harvest. The position of 

samples on the light shelf was re-randomised at fortnightly intervals. At the completion of the 
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nine month trial, each of the 120 green pea samples (60 stored in the dark and 60 stored in the 

light) was sorted by visual inspection into groups of like-colours. In total there were 145 colour-

sorted samples. Multispectral images, with colour bands at 405, 470, 530, 590, 660 and 850nm, 

were collected for all samples using an EyeFossTM (Foss Analytical, Hoganas, Sweden). Each 

sample was also measured for colour reflectance spectra by spectrophotometer (Minolta CM-5, 

Konica Minolta). Spectrophotometric measurements were taken through a glass petri dish 

(aperture 30mm, D65 illuminant, reflectance, spectral component excluded). Spectral data was 

collected as the mean of three sets of triplicate measurements and stored as discrete reflectance 

values recorded every 10nm from 360nm to 740nm. The data collected on the colour-sorted 

samples was used to develop and calibrate a model for objectively scoring bleaching based on 

colour reflectance spectra and to develop an image analysis method for scoring bleaching. 

Development of these methods is outlined in the following four sections.  

 

3.2.2 Time-course samples and data collection 

Seeds were collected from three plots of each of the five green pea genotypes in the source field 

trial. The 15 samples were then subsampled twice (approximately 150-200 seeds per subsample) 

and stored under the same light and dark conditions described for the colour-sorted samples. 

The time-course samples were stored for a period of six months and imaged every six weeks 

using an EyeFossTM. At these same time intervals, colour reflectance spectra were also measured 

for each sample by spectrophotometer with the same instrument settings as used for the colour-

sorted samples. 

 

3.2.3 Development of the bleaching-score model 

The bleaching-score model was developed with the aim of producing a scale, ranging from 0 to 

100, to quantify the extent of bleaching where 0 represented dark green seed and 100 

represented completely bleached seed. Development of this model was based on 

spectrophotometric data of the colour-sorted green pea samples. 

 

Discrete colour reflectance spectra were reduced to five reflectance values, measured at 400, 

470, 530, 590 and 660nm (Fig 3.1b), corresponding to the colour bands of the multispectral 

images. On inspection of the spectra it was noted that there were two regions, centred around 

470nm and 590nm, where the spectra distinctly changed shape in response to bleaching colour 

changes. The reduced spectra were subsequently transformed to enhance the detection of this 

response. This transformation comprised a linear slope adjustment, to create a zero-overall 



63 
 

gradient between 440 and 530nm, and a shift such that the transformed reflectance values at 

530nm were all zero (Fig 3.1c). Two critical values, 𝐶1 and 𝐶2, were then calculated as a linear 

scaling of the transformed spectra at 470nm and 590nm, respectively (Equations 1a and 1b). 

The bleaching score, 𝐵, was then calculated as the average of the two critical values and scaled 

such that 𝐵 was in the range [0,100]; 𝐵 = 50(𝐶1 + 𝐶2). 

 

𝐶1 = 𝛼1𝑇(470𝑛𝑚) +  𝛽1 (1a) 

𝐶2 = 𝛼2𝑇(590𝑛𝑚) + 𝛽2  (1b) 

Where 𝑇(𝜆) is a transformed spectrum, in the form of the spectra depicted in Fig 3.1c , and 

𝛼1, 𝛼2, 𝛽1 and 𝛽2 are constants to be determined such that 𝐶1 and 𝐶2 are in the range [0,1].  

 

 

Figure 3.1. Spectral response of bleaching. Example spectra of five green pea genotypes at 

various stages of bleaching. Dark line (1) represented the least bleached and lightest grey line 

(5) represented the most bleached. (a) Original spectra measured by spectrophotometer; (b) 

Spectra in (a) sampled at 400,470,530,590 and 660nm; (c) Spectra at 400,470,530,590 and 

660nm transformed according to the method outlined in the previous section. 

 

3.2.4 Image processing to obtain single seed colour spectra 

The EyeFossTM is an instrument which captures multispectral images of individual seeds as they 

travel along a conveyor (LeMasurier et al., 2014). Therefore, for each green pea sample analysed 

through the EyeFoss there were as many multispectral images generated as there were seeds. 

Images were processed through Matlab and Image Processing Toolbox R2018b (The Mathworks 

Inc., Natick, Massachusetts, United States) software. Multispectral images were segmented to 

identify the seed region in each image and this region was then further eroded by five pixels 

around the boundary to circumvent interference of boundary-shadowing on the seed colour. 

For each seed, a discrete colour spectrum was computed; this comprised the 25th percentile 
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pixel intensity value of each of the six image colour bands within the seed region of the image. 

The 25th percentile value was used instead of the mean or median, to ensure that the 

representative colour of any given seed was not impacted by seed regions, such as the hilum or 

crease, which are naturally lighter in colour independent of bleaching. Discrete spectral values 

were then transformed through Multiple Linear Regression (MLR) models to match image 

intensity values to the reflectance units of the spectrophotometer output. The MLR models were 

constructed using the spectrophotometer output and the mean image-derived spectral values 

of the colour-sorted green pea samples. Dependent and independent variables of these MLR 

models are listed in Table 3.1. Through this transformation, only the first five transformed colour 

bands were retained as a part of the image-derived spectra, since the 6th colour band (850nm) 

was outside the range of the spectrophotometer measurements. 

 

Table 3.1. Modelling the spectrophotometer output. MLR input model variables for 

transforming pixel intensity values to the reflectance units of the spectrophotometer. 

Wavelength of modelled 

reflectance value 

Independent Variables * Dependent Variable ** 

 

400nm 405nm and 470nm 400nm 

470nm 405nm, 470nm and 530nm 470nm 

530nm 470nm, 530nm and 590nm 530nm 

590nm 530nm, 590nm and 660nm 590nm 

660nm 590nm, 660nm and 850nm  660nm 

* Independent variables are the pixel intensity values of listed-wavelength image colour-band  

** Dependent variables are the spectrophotometer-measured reflectance values at the listed 

wavelengths 

 

3.2.5 Quantifying bleaching by image analysis 

Discrete image spectra, calculated for each seed, were transformed in the same manner as the 

spectrophotometer spectra described earlier. Critical values 𝐶1 and 𝐶2 were then calculated 

according to Equations 1a and 1b and the bleaching score for each individual seed was 

subsequently calculated. The bleaching score for each sample was taken as the average of all 

the individual-seed bleaching scores within that sample. 

 

3.2.6 Quantifying bleaching in the time course samples 

Time course bleaching scores were predicted by image analysis for all the seeds in each sample.  

The rate of bleaching was measured by regression analysis for each genotype as the gradient of 
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the mean sample bleaching scores across all measurement dates.  Uniformity, 𝑈𝐵, of bleaching 

was calculated for each genotype as 𝑈𝐵 = 1 −
𝐼𝑃𝑅𝐵

100
, where 𝐼𝑃𝑅𝐵 is the inter-percentile range 

(calculated as the 90th percentile minus the 10th percentile) of bleaching scores. All statistical 

analyses were computed through the use of GenStat (18th Edition) software. 

 

3.3 Results and discussions 

3.3.1 Bleaching score model and image processing  

Image processing results 

Digital-image spectral-reflectance values calculated through MLR models highly correlated with 

the spectrophotometer output for both the colour-sorted sample set (which was used to 

calibrate the MLR models) and the time-course sample set (Table 3.2). The time-course samples 

were less uniform in colour than the colour-sorted samples and this had a small impact on the 

accuracy of reflectance predictions, resulting in a slightly lowered Lin’s concordance statistic for 

each of the colour bands.  

 

Table 3.2.  Performance of pixel intensity transformation models. Correlation coefficients and 

Lin’s concordance test statistics for the MLR models developed to transform pixel intensity 

values to reflect reflectance units of the spectrophotometer. 

Colour-band 

wavelength 

Sample Set R2 Lin’s concordance  

statistic 

Lin’s concordance  

95% C.I. 

400nm Colour-sorted 0.99 0.99 (0.98, 0.99) 

470nm Colour-sorted 0.99 0.99 (0.99,0.99) 

530nm Colour-sorted 0.99 0.99 (0.98, 0.99) 

590nm Colour-sorted 0.99 0.99 (0.99,0.99) 

660nm Colour-sorted 0.99 0.99 (0.99, 1.00) 

400nm Time-course 0.99 0.99 (0.98, 0.99) 

470nm Time-course 0.98 0.98 (0.98, 0.99) 

530nm Time-course 0.98 0.97 (0.96, 0.98) 

590nm Time-course 0.98 0.97 (0.96, 0.98) 

660nm Time-course 0.98 0.96 (0.95, 0.97) 

 

 

Selection of critical value calculation constants 

In order to calculate the bleaching scores for the colour-sorted and time-course samples, the 

critical value coefficients, (𝛼1, 𝛼2, 𝛽1 and 𝛽2from Equations 1a and 1b) were determined using 

the maximum and minimum values of the single-seed, image-derived, spectral reflectance 
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values (Fig 3.2) at wavelengths of 470nm and 590nm, since these were more extreme than the 

whole-sample spectral values (which were an average of the single-seed values). The coefficients 

were calculated according to Equations 2a, 2b, 2c and 2d (Table 3.3). 

𝛼1 =
1

𝑀𝑎𝑥470−𝑀𝑖𝑛470
 (2a) 

𝛼2 =
1

𝑀𝑎𝑥590−𝑀𝑖𝑛590
 (2b) 

𝛽1 =
−𝑀𝑖𝑛470

𝑀𝑎𝑥470−𝑀𝑖𝑛470
 (2c) 

𝛽2 =
−𝑀𝑖𝑛590

𝑀𝑎𝑥590−𝑀𝑖𝑛590
 (2d) 

 

Max470 and Min470 are the maximum and minimum transformed spectral reflectance values 

of single seed observed at 470nm. Similarly, Max590 and Min590 are the maximum and 

minimum values at 590nm (Fig 3.2). 

 

Table 3.3. Critical value computation.  

Constant coefficient values for calculating critical values (Equations 1a and 1b) 

Constant Value 

α1 0.1204 

α2 0.0858 

β1 -0.5076 

β1 -0.1342 

 

To apply this bleaching score model on images taken from another instrument, the coefficients 

in Table 3.3 would remain with the same values, however the MLR model transformations of 

pixel intensity values would have to be calculated specifically for each imaging instrument. 
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Figure 3.2. Transformed spectral range. Transformed image spectra of single seeds (green 

lines, n = 11309) and whole samples (black lines, n = 145). The single seed values are more 

extreme than the whole sample values. 

 

3.3.2 Results of the bleaching model 

The bleaching scores depicted in Fig 3.3, are linearly related to the transformed spectral values 

at 470nm and 590nm. Reflectance values at these wavelengths highly correlated between the 

spectrophotometer output and image predictions (Table 3.2). Therefore, it was expected that 

bleaching scores predicted through the image analysis method would be closely related to the 

bleaching scores calculated from the spectrophotometer output (Fig 3.4 and Table 3.4). Image 

analysis predictions of bleaching scores for the time-course samples had a greater RMS error 

than those for the colour-sorted samples (Table 3.4). This is likely due to the greater range of 

colours within each time-course sample and therefore more variability in the colour of the seed 

faces which were assessed by the spectrophotometer and those which were imaged. 
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Figure 3.3. Bleaching score chart. Illustration of bleaching scores for the colour-sorted 

samples. The number above each square was the bleaching score assigned for that square. 

 

 

Figure 3.4. Performance of image-based bleaching scores. Bleaching scores assessed by image 

analysis highly correlated with bleaching scores measured by colour spectrophotometer for (a) 

the colour sorted samples, R2 = 0.99, and (b) the time-course samples, R2 = 0.96. Blue lines 

represent the one-to-one relation. 
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Table 3.4. Performance of bleaching score prediction models based on image analysis. 

Correlation coefficients, Lin’s concordance test statistics and Root Mean Square Error 

(RMSE)values for image predictions of bleaching scores compared with spectrophotometer-

derived bleaching scores. 

  

 

3.3.3 Determining time-course bleaching response  

The time-course study was designed to assess bleaching scores at regular intervals throughout 

the storage period in order to quantify rates of bleaching and changes in bleaching uniformity 

within each genotype. Exposure of green pea to light is known to increase the rate of bleaching 

(Ubayasena et al., 2013) so storing samples under light would be expected to accelerate 

bleaching as compared to storing samples in the dark. Accordingly, genotypes with greater 

resistance to bleaching would be identified. The results of this experiment are outlined in Tables 

3.5 and 3.6 for bleaching scores and bleaching uniformity assessments respectively. 

 

Table 3.5. Rate of bleaching. Regression analysis on mean of single-seed bleaching scores 

Genotype Storage Mean 

bleaching 

score at T1 

Rate of 

bleaching*  

Rate of 

bleaching 95% 

C.I. 

p-value 

OZB1315 Dark 31.57± 0.67 0.63 (0.11, 1.15) 0.02 

Excell Dark 41.94 ± 0.47 0.32 (-0.10, 0.74) 0.13 

OZB1310 Dark 38.84 ± 0.92 0.69 (0.12, 1.25) 0.02 

OZB1308 Dark 37.75 ± 1.14 0.60 (0.12, 1.07) 0.02 

OZB1324 Dark 45.52 ± 0.75 0.09 (-0.50, 0.68) 0.74 

OZB1315 Light 32.24 ± 1.01 1.85 (1.17,2.54) <0.001 

Excell Light 41.38 ± 0.54 5.49 (4.71, 6.256) <0.001 

OZB1310 Light 39.62 ± 0.84 3.46 (2.91, 4.00) <0.001 

OZB1308 Light 38.34 ± 0.81 2.82 (2.18, 3.48) <0.001 

OZB1324 Light 45.00 ± 0.83 3.65 (2.80, 4.50) <0.001 

* Rate of bleaching was calculated as the average change in bleaching score over a 6-week 

period 

 

  

Sample set Lin’s Concordance 

statistic 

Lin’s Concordance 

95% C.I. 

RMSE R2 

Colour-sorted 0.99  (0.99, 1.00) 1.90 0.99 

Time-course 0.96  (0.95, 0.97) 2.00 0.97 
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Table 3.6. Uniformity of bleaching. Regression analysis on bleaching uniformity scores 

Genotype Storage Mean uniformity 

score at T1 ** 

Uniformity 

gradient* (x10-3) 

Uniformity 

gradient (x10-3) 

95% C.I.  

p-value 

OZB1315 Dark 0.69 ± 0.01 -2.06 (-7.24, 3.12) 0.41 

Excell Dark 0.77±0.03 0.62 (-17.87, 9.10) 0.94 

 

OZB1310 Dark 0.66 ± 0.01 0.86 (-4.06, 5.77) 0.71 

OZB1308 Dark 0.71 ± 0.01 4.04 (-4.65, 12.73) 0.33 

OZB1324 Dark 0.74 ± 0.01 -2.62 (-1.99, 4.60) 0.75 

OZB1315 Light 0.67 ± 0.01 -42.79 (-53.31, -32.26) <.001 

Excell Light 0.74 ± 0.02 -30.74 (-47.23, -14.25) 0.001 

OZB1310 Light 0.66 ± 0.01 -47.04 (-54.16, -39.91) <.001 

OZB1308 Light 0.71 ± 0.01 -32.96 (-40.79, -25.12) <.001 

OZB1324 Light 0.76 ± 0.02 -35.54 (-49.70, -21.32) <.001 

* Uniformity gradient was calculated as the average change in mean uniformity over a 6-week 

period 

** Averaged across the three field-plot samples of the same genotype 

 

The rate of bleaching for three of the genotypes (OZB1308, OZB1315 and OZB1310) indicated 

significant (p<0.05) bleaching of the seed over the storage period, i.e., the bleaching gradient 

was greater than zero (Table 3.5).  However, since the magnitude of the gradients were small, 

this would likely be invisible to the human eye. By contrast, all samples stored under light 

showed a significantly high and visible shift toward bleaching over time. Therefore, each 

genotype exhibited some susceptibility to bleaching under these storage conditions. Excell had 

the steepest bleaching gradient and was the most heavily weighted toward the completely-

bleached end of the scale at the completion of the storage period. Excell also had the least 

negative gradient for uniformity, suggesting that the colour, during bleaching, remained more 

uniform than for the other genotypes assessed. OZB1315 showed some resistance to bleaching 

overall (i.e. mean bleaching score did not shift far over the time-course study), however the 

uniformity of bleaching decreased at a greater rate than for all other genotypes, except 

OZB1310, demonstrating a tendency of OZB1315 to bleach unevenly. OZB1310 also bleached 

non-uniformly, maintaining a small proportion of dark green seed throughout the storage 

period. OZB1308 displayed the most colour stability. The rate of bleaching for OZB1308 was less 

than for OZB1324, OZB1310 and Excell and it generally maintained a far more uniform colour 

distribution than the other genotypes, making it the most bleaching-resistant of the five 

genotypes. 
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3.4 Conclusion 

Currently, there is no standard objective measure of seed-bleaching and the grain industry often 

relies on visual classifications which are highly subjective. Bleaching of colour in green field pea 

impacts the perceived quality, therefore the ability to objectively measure the extent and 

uniformity of bleaching through image analysis provides a quantitative tool to investigate this 

phenomenon. This study presented objective methods for assessing bleaching based on visible 

reflectance spectra (spectrophotometer measurements) and digital image analysis.  These 

methods were successfully applied to quantify the extent of bleaching in five green pea 

genotypes. The image analysis method was developed to score individual seeds which 

subsequently enabled the quantification of bleaching-uniformity throughout each sample. The 

methods presented in this study provide a mechanism to examine links between bleaching and 

other seed qualities (e.g. seed hardness and seed composition) and to study the impact of 

storage conditions and agronomic practices, such as timing of harvest, on bleaching responses. 

The application of a high-throughput, image-based method will allow for the quantification of 

genetic and environmental effects on colour and bleaching. This will lead to the development of 

germplasm with optimal market quality. 
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CHAPTER 4 

Concentrations of phenolic acids and chlorophylls 
are depleted in green pea (Pisum Sativum L.) 

during bleaching but are not directly related to 
known bleaching-resistance of a genotype 

 

This chapter has been published as:  

MCDONALD, L., MAHARJAN, P., PORTMAN, D. & PANOZZO, J. 2020. Bleaching color‐loss of green 

field pea: An investigation on inference of genotypic‐resistance based on chlorophyll and 

phenolic acid content. Legume Science. 2020;e63. https://doi.org/10.1002/leg3.63. 

 

Abstract 

Discoloration in green field pea due to bleaching is thought to be the result of chlorophyll 

depletion in the cotyledon, however the mechanisms of bleaching-resistance, exhibited within 

some genotypes, are not well understood. The antioxidant activity of phenolic compounds can 

inhibit chlorophyll degradation and therefore the presence of phenolic compounds may improve 

bleaching-resistance in the grain.  

 

In this study five green pea genotypes, differing in resistance to bleaching, were assessed for 

grain-color as well as concentrations of chlorophyll and major phenolic acids, in both the hull 

and cotyledon. For each genotype, resistance to bleaching was inferred by the range of color 

scores observed. Chlorophyll and phenolic acid content both decreased overall as the whole-

grain color became lighter (bleached) however there was no direct relation found between 

these compounds and the known resistance of each genotype. Chlorophyll content in the 

cotyledon was correlated (r=-0.73) with cotyledon color but not with whole-grain color (r=-0.21). 

Furthermore, the ratio of cotyledon chlorophyll A/B and the ratio of phenolic acid content (hulls) 

to total chlorophyll content (cotyledon) were not directly correlated with resistance.  

 

Although the total chlorophyll and phenolic acid content were both depleted as the extent of 

bleaching increased, neither could fully explain differences in bleaching-resistance between 

genotypes. Furthermore, the green color of whole-grain samples, and the degradation of color, 

could not be fully attributed to the concentration of chlorophyll pigments. Therefore, it is likely 



75 
 

that other phenolic compounds contribute to both the grain color and the resistance to 

bleaching. 

 

4.1 Introduction 

Dry field pea (Pisum sativum L.) is an important agricultural commodity, cultivated globally both 

for human and stock consumption. It is a good source of plant-based protein, carbohydrates, 

minerals and phenolic compounds (Khan and Croser, 2004, Dahl et al., 2012, Singh and Pratap, 

2016, Singh et al., 2017). Green pea is one of the most significant broad classes of dry field pea 

and is largely marketed based on visual appeal (McDonald et al., 2016, Khan and Croser, 2004, 

Ubayasena et al., 2013). Generally, green field pea have green cotyledons and opaque hulls 

(McDonald et al., 2016), although some genotypes have green hulls. Color uniformity is an 

important marketable trait for green pea and is regulated independently between countries 

(McCallum et al., 1997, Khan and Croser, 2004, Williams and Singh, 1988, Cheng et al., 2004, 

McDonald et al., 2019).  Globally Canada is the largest producer of green pea and the Canadian 

Grain Commission specify a maximum allowance of 1%, 2% and 3% of pea grains of “other color” 

to qualify for the market grades of “No. 1 Canada”, “No. 2 Canada” and “No. 3 Canada” 

respectively (Khan and Croser, 2004, Canadian Grain Commission, 2018). Similarly, Australian 

Pulse Standards allow a maximum of 1% (by weight) off-color hull or kernel to qualify for the 

market class of “No. 1 grade” (Grain Trade Australia, 2018). Higher graded field peas are 

marketed for human consumption and attract premium prices compared with the lower grades, 

which are used as livestock feed. 

 

Chlorophyll is the main pigment contributing to the color of green field pea and it is reported to 

be depleted during cooking and processing of the grains (Steet and Tong, 1996, Cheng et al., 

2004). However, within many green-pea genotypes there is also a susceptibility toward 

degradation of chlorophyll content in unprocessed grains resulting in the loss of green color. 

This discoloration is known as bleaching and can occur pre-harvest due to adverse 

environmental conditions or post-harvest due to storage conditions (Gubbels and Ali-Khan, 

1990). It is generally understood to be a cosmetic defect affecting marketability rather than 

functionality (Phelps, 2015), however bleaching has been linked to loss of seed vigor and 

increased seed coat (hull) permeability for sugars, amino acids and organic acids (Maguire et al., 

1973, Browning and George, 1981). Chlorophyll degradation during bleaching has been 

attributed mainly to chlorophyllase activity, however the activity of this enzyme was not found 
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to be significantly different between bleaching-resistant and bleaching-susceptible green-pea 

genotypes (Cheng et al., 2004). 

 

Phenolic compounds within the hulls of pulse grains are also closely linked to the expressed color 

(Williams and Singh, 1988). These compounds are understood to form a protective layer over 

the cotyledon due to their antioxidant and antimicrobial properties which can act to inhibit 

oxidative enzyme activity, effectively slowing the degradation of chlorophylls (Dueñas et al., 

2004, Zhang et al., 2015, Amarowicz et al., 2010, Yamauchi et al., 2004).  Dry field pea classes 

with darker colored hulls, such as dun-type peas, generally have much higher concentrations of 

phenolic compounds compared with the opaque hulls which are characteristic of most green 

pea genotypes (Maharjan et al., 2019, Williams and Singh, 1988, Magalhães et al., 2017).  

 

Despite the comparatively low concentration of phenolic compounds in the hulls of green pea 

compared with other field pea types, some green pea genotypes exhibit a level of resistance to 

bleaching. It has been suggested that the ratio of phenolic compounds to chlorophyll content 

may be related to genotypic resistance since significant differences in this ratio were observed 

between a resistant and susceptible genotype (Ubayasena et al., 2013).  

 

Understanding the relation between genotypic resistance to bleaching and grain composition 

would be a valuable tool within field pea breeding programs in developing new cultivars with 

improved color stability and market acceptance. Therefore, the aim of the present study was to 

observe changes in chlorophyll and phenolic acid content of green peas during post-harvest 

bleaching and determine whether a relationship exists between the presence of these 

compounds and the known resistance to bleaching of these genotypes. Five genotypes were 

included in the study and the resistance of each to bleaching was assessed by the range of 

whole-grain colors observed. Color scores, chlorophyll content and phenolic acid content were 

analyzed separately for hull and cotyledon to account for the role of each component. 

 

4.2 Materials and Methods 

4.2.1 Samples 

Green pea samples were sourced from a field trial grown at Rupanyup in western Victoria, 

Australia, and stored in dark conditions immediately after harvest. There were 15 green pea 

samples, consisting of five genotypes (Aragorn, Excell, OZB1308, OZB1309 and OZB1316) 

replicated three times within the field trial. From previous studies Excell was known to be 
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susceptible to bleaching and OZB1308 was known to exhibit some resistance (Brand, 2016, 

McDonald et al., 2019). In the following sections, the methods for producing bleached grains, 

assessing color and quantifying composition constituents (chlorophyll and phenolic acids) are 

outlined.   

 

4.2.2 Bleaching green peas  

The pea samples were first sieved to obtain uniform grain size and to remove any dust or 

contaminants. There was no visible sign of mold or microbial activity. Samples were then sorted 

into visibly uniform grain color within each genotype-replicate to obtain a homogeneous sample 

of 150 to 200 grains. Each color-sorted sample was divided evenly between two petri dishes and 

stored according to the method outlined in McDonald et al. (2019); one petri dish was wrapped 

in aluminum foil to block out light (and avoid bleaching) and the other petri dish was left 

unwrapped (to stimulate bleaching). All petri dish samples were stored at room temperature 

(22oC and 40% RH) and exposed to light intensity of 9000 lux. 

 

Bleaching occurred over a storage period of 24 weeks and subsampling (15 grains) was 

undertaken at 6-week intervals from the beginning of the storage period to capture grain 

exhibiting various degrees of bleaching. The sampled grain was placed in an airtight bag then 

wrapped in foil and stored at -18oC until the completion of the 24 weeks.  

  

4.2.3 Image Capture 

Following the 24-week storage period all subsampled grain was imaged on a matte-white 

background using a Nikon D7200 camera fixed to a copy stand (macro lens, f8 aperture, 1/200s 

shutter speed and Low 1.0 ISO) and the images were stored in Nikon raw format (NEF). A flat-

field reference image (REFflat) was captured of the white background with no sample and a dark 

reference image (REFdark) was captured with the lens cap on. Following the capture of whole-

grain images (Fig 4.1a), each sample was dehulled and imaged again under the same conditions 

with the hull and cotyledon separated (Fig 4.1b). 
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Figure 4.1. Illustration of the grain-sample presentation for images captured of (a) whole grain 

and (b) dehulled grain separated into cotyledon (left) and hull (right). 

 

4.2.4 Image processing and color analysis 

Images were processed and analyzed within the Matlab R2019a programming environment with 

the image processing toolbox (The MathWorks). A Gaussian smoothing kernel (σ=3) was applied 

to all reference and sample images prior to further processing. Pixel intensities of each sample 

image (In) were compared to those of the flat field image through the following pixel-wise 

calculation: Iratio = (In- REFdark)/ (REFflat - REFdark). Pixel color-intensity values for each channel (red, 

green and blue) in a sample image were first translated by the REFdark values (In- REFdark) then 

divided by a correction factor. Each correction factor was determined by the location of the 

maximum peak in the pixel-intensity histogram of the relevant color channel in Iratio (to match 

intensities in the common background pixels).  

 

Color-standardized images were segmented to isolate the grains. Images were then transformed 

into the XYZ color space through the inbuilt Matlab function rgb2xyz. Mean pixel values were 

collected from each color channel in the grain regions of the XYZ images. These mean pixel 

values were used as the independent variables in a linear regression model with interactions to 

determine a bleaching color score for each sample. The color scores (dependent variable) were 

based on the scale presented by McDonald et al. (2019). Development of the regression model 

was based on spectrophotometric color assessment (Konica Minolta CM5) and image analysis 

of an independent dataset of whole grain samples (n=1800).  

 

4.2.5 Analysis of chlorophyll content 

The method for chlorophyll determination was adapted from Mazza and Oomah (1994) and US 

EPA SOP # 2030 (Environment Response Team, 1994). Briefly, ground samples were weighed 

(500 mg for cotyledon and 100 mg for hull) into a 24-well titer plate (SPEX® SamplePrep, 
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Metuchen, NJ, USA). Stainless steel grinding balls (4mm) and 4 mL of 80% acetone with 0.005% 

ammonium hydroxide were added to the sample. The plates were subsequently sealed with 

rubber-sealing cap-mats and locked into a 2010 Geno/Grinder® (SPEX® SamplePrep, USA). 

Chlorophylls were extracted into the solvent by homogenisation for 3 min at 1000 strokes/min. 

The homogenate was centrifuged at 4000 rpm for 5 min. The supernatant was transferred into 

a labelled tube and the remnant chlorophyll was extracted again with a fresh 4 ml of extraction 

buffer. The absorbance of pooled supernatant from the two extractions measured at 626 nm, 

645 nm, 663 nm and 700 nm were recorded in quartz cuvettes (1 cm path length) using UV-1800 

spectrophotometer (Shimadzu Corporation, Kyoto, Japan). The chlorophyll concentrations in the 

supernatant were calculated using the following equations and converted to mg/100g for 

reporting results: 

Chlorophyll A (nMoles/mL) = ( 14.18 × Abs 663 × 2.91 × Abs 645 ) – 0.22 × Abs 626 

Chlorophyll B (nMoles/mL) = 26.01 × Abs 645  –  4.66 × Abs 663  –  0.36 × Abs 626 

 Where: 

  Abs 626 = absorbance at 626 nm – absorbance at 700 nm  

  Abs 645 = absorbance at 645 nm – absorbance at 700 nm  

  Abs 663 = absorbance at 663 nm – absorbance at 700 nm  

 

4.2.6 Analysis of phenolic profiles 

The method for determining phenolic acid profiles was adapted from Mirali et al. (2016).  The 

cotyledon and hull samples were ground to a fine powder using a Laboratory Mill 3303 (Perten 

Instruments, Hägersten, Sweden) and weighed into 2 mL Eppendorf tubes (100 mg for hulls and 

250 mg for cotyledons). Acetone (1 mL of 70%) was added to the samples and then vortexed 

followed by sonication for 5 min. The extraction step was continued on the Thermo-Shaker 

PCMT (Grant Instruments Ltd, Shepreth, Cambridgeshire, UK) at 1200 rpm at 25C for 60 min. 

The extract was centrifuged at 12000 rcf for 5 mins. The supernatant was collected in a new tube 

and the extraction process repeated. The pooled supernatant was vortexed and an aliquot (1mL) 

of the supernatant was dried at 40◦C under a nitrogen blanket. The residue was re-dissolved in 

1 mL of 10% Methanol and filtered through a 0.22 µm syringe filter. The polyphenol contents in 

the extract were determined using Waters UPLC system (Waters Corporation, Milford, MA, 

USA), as described by Maharjan et al. (2019), and then identified using the UV spectrum and the 

molecular mass. Briefly, the UPLC system comprised UPLC Binary Solvent Manager (BSM) 

(H10UPB941A), UPLC Sample Manager (G10UPA77M) and UPLC Photodiode Array Detector 

(PDA) (D10UPD 707A) and ACQUITY QDa Mass Detector. The column used for polyphenol 
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analysis was an ACQUITY BEH C18 column (2.1 × 50 mm, 1.8 µm) (Waters Corporation, USA). 

Column temperature was 45oC, sample temperature was 25oC and the A1 and B1 mobile phases 

were Acetonitrile with 0.1% acetic acid and reverse osmosis MilliQ water with 0.1% acetic acid 

respectively. Empower 3 Software (Waters Corporation, USA) was used for collection and 

analysis of chromatographic data. Phenolic compound concentrations are reported in mg/kg.  

 

4.2.7 Moisture Analysis 

The moisture content of each hull and cotyledon sample was determined by the Karl Fischer 

method using the automated Metrohm Karl Fischer system (Metrohm AG, Herisau, Switzerland).  

Ground samples (50mg) were placed in sealed vials and incubated within the Metrohm oven at 

180oC with and air flow of 40 mL/min. The resulting gas was collected within the reaction vessel 

containing Hydranal Methanol Rapid (Honeywell Fluka, North Carolina, USA) and titrated using 

Hydranal Composite 5 (Honeywell Fluka).  The composition of chlorophyll and phenolic acids 

were reported on a dry matter basis (DB). 

 

4.3 Results and discussion 

4.3.1 Grain color 

Color scores for whole grain, cotyledon and hull samples were derived through image processing 

and multiple linear regression (MLR). Low scores corresponded to dark green samples and 

higher scores to lighter green. Table 4.1 summarizes the sample color scores measured across 

the five genotypes. Since the model for assessing color was developed on whole grain samples, 

some negative values were computed for cotyledon color (Fig 4.2b), as the cotyledons were 

significantly darker than the whole grains. In the context of this study, only whole grain color 

scores were used for quantifying the extent of, and resistance to bleaching, but the cotyledon 

color values were still considered appropriate for observing trends and differences. The 

distribution of whole-grain, cotyledon and hull color scores observed within each genotype is 

depicted in Fig 4.2. 
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Table 4.1. Descriptive statistics of color scores for whole grain, cotyledon and hull. 
 

Genotype N Color 

score 

mean 

95% CI Mean Variance Range* 

(max - min) 

Whole Grain Aragorn 30 44.6 (43.4, 45.9) 10.7 14.4 

  Excell 30 46.1 (44.9, 47.4) 13.0 15.1 

  OZB1308 30 41.6 (40.3, 42.8) 7.7 9.9 

  OZB1309 28 25.0 (23.7, 26.3) 23.2 18.7 

  OZB1316 30 44.2 (43.0, 45.5) 5.9 10.4 

Cotyledon Aragorn 30 3.0 (1.8, 4.2) 9.0 12.0 

  Excell 30 9.7 (8.5, 10.9) 22.8 17.9 

  OZB1308 30 8.5 (7.4, 9.7) 7.2 10.1 

  OZB1309 30 8.5 (7.3, 9.7) 7.7 9.3 

  OZB1316 30 5.5 (4.4, 6.7) 7.0 10.9 

Hull Aragorn 30 65.4 (63.5, 67.3) 12.8 14.0 

  Excell 30 64.7 (62.8, 66.6) 23.3 19.4 

  OZB1308 30 56.8 (54.9, 58.7) 32.7 18.3 

  OZB1309 30 20.5 (18.6, 22.4) 54.8 24.0 

  OZB1316 30 60.2 (58.3, 62.1) 14.0 14.1 

* The whole-grain color score range for each genotype was used as the relative measure of 

bleaching-resistance. Smaller range values indicated greater bleaching-resistance 

 

Color scores varied between genotypes independent of any bleaching, as some genotypes are 

naturally darker than others. However, greater variability in color scores within a genotype 

indicated a greater extent of bleaching and therefore, the range of color scores (measured on 

whole grain samples) within each genotype was taken as a relative score for susceptibility to 

bleaching. In order of increasing susceptibility (i.e. decreasing resistance), the genotypes in this 

study were ranked as follows: OZB1308, OZB1316, Aragorn, Excell and OZB1309 (Table 4.1). 

These results support previous reports wherein Excell and OZB1308 were observed to be 

relatively susceptible and resistant respectively (Brand, 2016, McDonald et al., 2019). 
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Figure 4.2. Individual value plots. Depiction of the range and distribution of color scores within 

each genotype for (a) Whole grain, (b) Cotyledon and (c) Hull samples. 

 

Resistance to bleaching was not strongly related to the mean color of the whole-grain, hull or 

cotyledon samples (Table 4.1). The least resistant genotype (i.e. the genotype with the greatest 

range of whole grain color scores) had the darkest mean whole-grain color and was also 

significantly darker than all other genotypes in the mean hull-color (Fig 4.3). However, there was 

no relation overall between the grain color and resistance to bleaching. For cotyledon-color 

scores, the least resistant (OZB1309) was statistically indifferent from the most resistant 

genotype (OZB1308) but significantly lighter than Aragorn, which ranked third in resistance 

(Table 4.1, Fig 4.3).  

 

 

Figure 4.3. Tukey simultaneous 95% confidence intervals. Differences in mean color scores 

between genotypes for (a) whole grain, (b) cotyledon and (c) hull. 

 

Although grain was sampled at regular intervals the rate of bleaching over the storage period 

was not calculated. This is because bleaching does not occur uniformly within green pea 

genotypes (McDonald et al., 2019), and therefore the subsamples would be too small to make 

an assumption of uniformity for that purpose. Measured concentrations of phenolic acids and 

chlorophyll were related to grain color (i.e. extent of bleaching) rather than to the time spent in 

storage.  
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Figure 4.4. Bleaching color extremities observed within each genotype. Images of cotyledon 

and hull for each of the five green pea genotypes from an initial subsample prior to storage 

(left) and a final subsample after 24-weeks of storage under light conditions (right). 

 

4.3.2 Chlorophyll content 

Typically, the whole-grain color of green field pea is attributed to the chlorophyll content in the 

cotyledon since concentrations of chlorophyll in the hull are very low and often below the levels 

of detection (Table 4.2). Only one of the five genotypes, OZB1309, had colored hulls (Fig 4.4) 
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and contained detectable concentrations of chlorophyll in the hull (Table 4.2). The chlorophyll 

content within the hull of OZB1309 was predominantly composed of chlorophyll B and was much 

lower in concentration than in the cotyledon.  

 

Total chlorophyll concentration measured in the cotyledon samples ranged from 3.1 to 23.8 

mg/100g and was predominantly composed of chlorophyll A (Table 4.2).The concentration of 

total chlorophyll (cotyledon) was significantly higher (p<0.05) for Aragorn than any other 

genotype and the lowest chlorophyll concentrations were observed in Excell and OZB1308. 

 

In agreement with the results of Cheng et al. (2004), total chlorophyll concentration (cotyledon) 

was correlated (r=-0.73, p<0.001) with the cotyledon color (Fig 4.5a). However, the chlorophyll 

concentration was not highly correlated (r=-0.21, p=0.01) with the whole-grain color (Fig 4.5b) 

and therefore, could not account fully for the differences in green color between genotypes or 

for bleaching within a genotype. Cheng et al. (2004) reported significant differences between a 

susceptible and resistant green pea cultivar in both the chlorophyll content and chlorophyll A/B 

ratio. While the results of the present study do show that there are significant differences in 

both chlorophyll content and the chlorophyll A/B ratio between genotypes, there was no 

correlation of these values to resistance of the genotype (Table 4.3, Fig 4.6c and d). The 

chlorophyll A/B ratio for Excell, which is susceptible to bleaching, was not significantly different 

from that of the most resistant genotype (Fig 4.5c). 

 

 

Figure 4.5.  Relationship between cotyledon chlorophyll content and (a) cotyledon color score, 

(b) whole grain color score and (c) whole grain color score grouped by genotypes with higher 

mean phenolic acid content, i.e. >100 mg/kg, (black dots) and with lower mean hull phenolic 

content, i.e. <100 mg/kg, (grey triangles). 
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Table 4.2. Descriptive statistics for the concentration (mg/100g DB) of chlorophyll in green pea cotyledon and hull samples. 

 

 Genotype N Chlorophyll A 

mean ± SE 

Chlorophyll B 

mean ± SE 

Total Chlorophyll  

mean ± SE 

Total Chlorophyll  

Range  

(Max – Min) 

Ratio A/B 

mean ± SE 

Cotyledon Aragorn 29 11.1 ± 0.5 5.5 ± 0.1 16.6 ± 0.7 15.5 2.0 ± 0.1 d 

  Excell 30 5.3 ± 0.4 3.7 ± 0.2 9.0 ± 0.5 11.4 1.4 ± 0.1 e 

  OZB1308 30 4.7 ± 0.2 3.3 ± 0.1 7.9 ± 0.3 5.9 1.4 ± 0.0 e 

  OZB1309 30 8.5 ± 0.3 4.6 ± 0.1 13.1 ± 0.4 10.0 1.9 ± 0.0 d 

  OZB1316 30 9.0 ± 0.3 4.5 ± 0.1 13.5 ± 0.4 8.5 2.0 ± 0.1 d 

Hull Aragorn 29 n.d. n.d. n.d. n.d. -- 

  Excell 30 n.d. n.d. n.d. n.d. -- 

  OZB1308 30 n.d. n.d. n.d. n.d. -- 

  OZB1309 30 n.d. 1.0 ± 0.1 1.0 ± 0.1 1.3 -- 

  OZB1316 28 n.d. n.d. n.d. n.d. -- 

Significant differences of means calculated by using the Tukey method and 95% confidence. Groups are labelled in descending order of mean value. 

n.d. = not detected 
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Table 4.3. Concentration (mg/kg DB) of the main phenolic acids detected in the green pea cotyledon and hull samples. 

 Genotype N o-coumaroyl malic 

acid 

mean ± SE 

p-coumaroyl malic 

acid  

mean ± SE 

feruloyl malic acid † 

mean ± SE 

Sum of main phenolic 

acids mean ± SE 

Cotyledon Aragorn 29 0.6 ± 0.1 3.4 ± 0.3 2.7 ± 0.2 6.7 ± 0.5c 

  Excell 30 2.7 ± 0.4 3.7 ± 0.4 2.5 ± 0.4 8.9 ± 1.1b,c 

  OZB1308 30 7.9 ± 0.5 10.4 ± 0.5 6.5 ± 0.5 24.8 ± 1.6a 

  OZB1309 30 2.5 ± 0.3 6.2 ± 0.6 2.3 ± 0.2 11 ± 1.1b 

  OZB1316 30 0.7 ± 0.1 0.5 ± 0.1 0.3 ± 0.1 1.4 ± 0.2d 

Hull Aragorn 29 4.5 ± 0.9 15.4 ± 2.9 19 ± 3.1 38.9 ± 6.4g 

  Excell 30 9.2 ± 1.9 15.1 ± 2.3 8.6 ± 1.6 33 ± 5.4g,h 

  OZB1308 30 49 ± 2.9 67.6 ± 3.9 44.1 ± 3 160.8 ± 8.6f 

  OZB1309 30 69.6 ± 2.7 101.9 ± 5.3 64.3 ± 5.3 235.8 ± 12.4e 

  OZB1316 28 2.8 ± 0.9 1.7 ± 0.5 1.9 ± 0.2 6.4 ± 1.5i 

Significant differences of means calculated using the Tukey method and 95% confidence. Groups are labelled in order of descending mean value. 

† Feruloyl malic acid is reported as the sum of the cis and trans isomers
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Figure 4.6. Genotypic differences in the ratio of phenolic content in pea hulls to the 

chlorophyll content of pea cotyledon; (a) Interval plot of phenolic acid to chlorophyll ratio 

values grouped by genotype, (b) Relation between phenolic acid to chlorophyll ratio values 

and the genotypic bleaching susceptibility, (c) Interval plot of cotyledon chlorophyll A/B ratio 

grouped by genotype, (d) Relation between cotyledon chlorophyll A/B ratio and the 

genotypic bleaching susceptibility. 

 

 

4.3.3 Phenolic acid content 

The three phenolic acid compounds detected in the highest concentrations were o-coumaroyl 

malic acid, p-coumaroyl malic acid and feruloyl malic acid, where feruloyl malic acid is reported 

as the sum of its cis and trans isomers (Table 4.3). The sum of three main phenolic acids was 

assumed to be representative of the total phenolic acid content since they accounted for a 

large proportion of phenolic acids present (Fig 4.7). These compounds were also observed 

within a previous study as the phenolic acids occurring in the greatest concentrations in white 

pea, which have similar opaque hulls to green pea (Maharjan et al., 2019).  
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Figure 4.7. Chromatogram of phenolic extracts from hulls of OZB1309 (storage time = 0 

weeks). (a) PDA chromatogram at 280 nm (b) QDa chromatogram at m/z of 278 and 308. 

Peak identity: 1 = o-coumaroyl malic acid; 2 = p-coumaroyl malic acid; 3a and 3b = cis trans 

and isomers of feruloyl malic acid. 

 

Phenolic acids in the field pea hulls were typically in higher concentrations than those observed 

in the cotyledons. The p-coumaroyl malic acid content varied widely between genotypes but 

was the most prevalent phenolic compound overall, measured at concentrations between 0.1 

and 17.4 mg/kg for cotyledon and 0.0 to 144.4 mg/kg for hull. The concentrations of phenolic 

acids observed in the hulls of all green pea genotypes was comparable to other studies, 

although there is a large variation in the concentration of phenolic compounds in field peas 
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reported within the literature, due largely to differences between market classes (e.g. dun pea 

compared with white pea) (Marles et al., 2013, Magalhães et al., 2017, Padhi et al., 2017, Singh 

et al., 2017, Parikh and Patel, 2018, Maharjan et al., 2019, Dueñas et al., 2004). 

 

The concentration of phenolic acids in the hulls was significantly higher (p<0.05) for OZB1308 

and OZB1309 (Fig 4.8b), however in the same two genotypes, there was also the greatest 

depletion of phenolic acids within the hull as the whole grain color score increased, i.e. the 

phenolic content of the hull decreased as the grain bleached (Fig 4.8d). Phenolic acid content 

in the cotyledon showed no significant correlation, within each genotype, to the whole grain 

color (Fig 4.8c) and was significantly higher (p<0.05) for OZB1308 than all other genotypes in 

both mean value and range (Table 4.3, Fig 4.8a). OZB1316 contained the lowest concentration 

of phenolic acid content in both hull and cotyledon. The total mean phenolic acid 

concentrations in OZB1316 were only of the order of 2.7 to 21.4% of the concentrations 

observed in the other genotypes.  

 

 

Figure 4.8. Genotypic differences in phenolic acid content. Interval plots, grouped by 

genotype, for phenolic acid content of (a) cotyledon and (b) hull samples. Changes in 

phenolic acid concentration in (c) cotyledon and (d) hull for each genotype as whole grain 

color scores (i.e. bleaching scores) increased. 
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Ubayasena et al. (2013) reported ratio of phenolic compounds in the hull to chlorophyll 

content in the cotyledon may be related to bleaching-resistance within green field pea 

genotypes since the antioxidant activity of carotenoids and phenolic compounds in the hull 

may result in retarding the depletion of chlorophyll in the cotyledon. In the present study there 

were significant differences  between genotypes in the phenolic acid/chlorophyll ratio (Fig 

4.6a) however, there was no clear trend observed between the phenolic acid/chlorophyll ratio 

and bleaching-resistance of each genotype (Fig 4.6b). However, the genotypes which had a 

higher total concentration of phenolic compounds in the hull (>100 mg/kg) tended to also have 

a slower degradation of chlorophyll content in the cotyledon as bleaching color scores 

increased (Fig 4.5c). Nevertheless, the color of the whole grains still bleached even with the 

reduced degradation of chlorophyll, which supports the earlier finding that color changes in 

the whole-grain may also be attributed to more than chlorophyll degradation in the cotyledon. 

Although OZB1309 had the greatest phenolic acid content (hulls), it was also the least resistant 

to bleaching and while bleaching in this genotype is due partially to the depletion of chlorophyll 

in the cotyledon and hull, but it is likely that other compounds in the hull also contribute to 

the grain color and degradation thereof. 

 

4.4 Conclusions 

Green field pea genotypes can vary widely in color, composition and resistant to bleaching. 

This study has shown that, within genotypes, there is an association between the extent of 

bleaching (whole-grain color) and the concentration of phenolic acids and chlorophylls in the 

hull and cotyledon. The concentrations of total chlorophyll and phenolic acids decreased as 

bleaching increased. However, degradation of total chlorophyll in the cotyledon did not 

account fully for the observed changes in whole-grain color.  

 

The concentrations of chlorophylls and total phenolic acids as well as ratios between these 

constituents could not account fully for anecdotal observations of resistance to bleaching of 

green pea genotypes. Therefore, is it possible that there are genotypic differences in the 

concentration of minor phenolic acids or other compounds which regulate color stability in 

green peas. Furthermore, it is not understood whether structural properties of the grain, such 

as hull adherence to cotyledon, could impact the bleaching response or whether preharvest 

conditions can impact the resistance of grain to post-harvest bleaching. Therefore, further 

examination of several green pea genotypes harvested across differing environments would 

be a valuable contribution to the study of bleaching resistance. 
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CHAPTER 5 

Images, features, or feature distributions? A 
comparison of inputs for training convolutional 
neural networks to classify lentil and field pea 

milling fractions 
 

 

Abstract 

Lentil and field pea are commonly marketed and consumed as split and dehulled products. 

Split-yield is a targeted trait within genetic improvement programs. However, traditional 

assessment of split-yield requires milled grain to be manually sorted into split and dehulled 

fractions, which is time-consuming and impacts the number of germplasm lines that can be 

evaluated. 

 

A machine vision approach, based on artificial neural networks, was proposed to classify split 

and dehulled fractions of lentil and field pea from multispectral images of single grains. Three 

neural networks were trained on different inputs derived from the multispectral images. The 

networks were: (1) A convolutional network trained on the full multispectral images, (2) a 

convolutional network trained on image-feature distributions, and (3) a fully connected 

network trained on means and standard deviations of image-features. The accuracy and 

training times were compared to determine the trade-offs between training networks with 

smaller inputs (image-features and feature-distributions) for computational efficiency and full-

image inputs for accuracy. 

 

The convolutional network based on the automatic selection from the given image-feature 

distributions achieved a validation accuracy of 88.1%. On average, this was 1.6% greater than 

the image-based convolutional network and 4.6% greater than the image-feature based, fully 

connected network. The networks with reduced input-data dimensionality (image-features 

and feature-distributions) were more computationally efficient, completing network training 

and predictions in half the time taken by the image-based network. Reduction of multispectral 

images to simple (mean and standard deviation) image-features lead to a reduction in 

generality of the fully connected network by comparison with the image-based, convolutional 
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network. However, feature-distributions extracted from the multispectral images captured the 

diversity of image data required to differentiate milling categories, leading to gains in 

computational efficiency over the image-based network without loss of network generality. 

Feature-distribution based networks could be equally be applied in classification tasks for 

grading other agricultural products. 

 

5.1 Introduction 

Lentil and field pea are typically sold as a bulk commodity and their market value is based on 

the visual appearance of the product. Each market has defined quality-trait specifications 

based on how these pulses are traditionally consumed which determines how they are 

processed.  In most cases pulses undergo secondary processing consisting of dehulling and 

splitting (Pratap, Mehandi, Pandey, Malviya, & Katiyar, 2016; Sozer, Holopainen-Mantila, & 

Poutanen, 2017). Consumer preference dictates that the split product, referred to as dahl, 

contain no unevenly split cotyledon and that the cotyledon not have attached hulls.  A high 

split-yield is an important economic outcome for the processing industry as other milling 

fractions typically have a lower value. 

 

Within plant-breeding programs, variability in dehulling and splitting efficiency has been 

observed between genotypes and in relation to seed size (Erskine, Williams, & Nakkoul, 1991a, 

1991b), so genetic improvement for these traits can be achieved through rigorous evaluation 

of the germplasm. Within the laboratory, small-scale evaluation of germplasm for dehulling 

and splitting efficiency involves passing the grain through rotating carborundum discs with an 

optimised gap based on the grain-size.  The milled product consisting of five fractions (split 

with hull attached, dehulled split, whole grain with hull attached, dehulled whole grain and 

broken grain) is manually sorted and each fraction weighed.  The manual sorting process is an 

expensive labour component, is time-consuming and impacts on the number of germplasm 

lines that can be evaluated.  

 

To overcome the subjective and time-consuming nature of human inspection, machine 

learning approaches based on image analysis have been a topic of research interest in the 

agricultural sciences  (Brosnan & Sun, 2002, 2004; Churchill, Bilsland, & Cooper, 1992). To date 

there has been no reported machine vision methods for classifying lentil and field pea split and 

dehulled fractions. However, machine vision approaches have been applied to the assessment 

of grain quality traits relating to size, shape and market class (Amaral, Rocha, Gonçalves, 
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Ferreira, & Ferreira, 2009; Costa et al., 2011; Fıratlıgil-Durmuş, Šárka, Bubník, Schejbal, & 

Kadlec, 2010; Kumar, Bora, & Lin, 2013; LeMasurier, Panozzo, & Walker, 2014; McDonald, 

Panozzo, Salisbury, & Ford, 2016) as well as colour and defect classifications (Mahajan, Das, & 

Sardana, 2015; McDonald, Salisbury, Ford, & Panozzo, 2019; Mendoza, Dejmek, & Aguilera, 

2006; M.A.  Shahin & Symons, 2001; M. A.  Shahin & Symons, 2002) and processing quality 

(Muhammad A. Shahin, Symons, & Wang, 2012; Yadav & Jindal, 2001).  

 

Artificial neural networks (ANN) are a subset of machine learning methods which have become 

increasingly popular over the last two decades (Kakani, Nguyen, Kumar, Kim, & Pasupuleti, 

2020). More recently ANNs  have been utilised in assessment of some agricultural products, 

such as classifying cereal grain varieties (Kozłowski, Górecki, & Szczypiński, 2019; Zapotoczny, 

2011) and identifying the presence of defects in crops and fruit (Lu, Yi, Zeng, Liu, & Zhang, 

2017; Zeng & Li, 2020; Zhang, Jiang, Li, & Yang, 2020).  The recent interest in, and viability of 

ANN applications can be attributed to the combination of technological advances in big data 

acquisition and processing capacities as well as ongoing optimisations of ANN architectures 

and learning algorithms (Fan, Ma, & Zhong, 2019; Fukushima, 1980, 2008, 2010; Y. LeCun, 

Bengio, & Hinton, 2015; Y. LeCun et al., 1989; Y LeCun, Haffner, Bottou, & Bengio, 1999).  

 

Fully Connected Networks (FCN) are the simplest of the deep ANN architectures; each node in 

one layer is connected to each node in the next layer. For machine vision applications the first 

layer of an FCN is typically composed of either the input image pixels (reshaped to a one-

dimensional array) or a collection of image features. Convolutional Neural Networks (CNNs) 

were first proposed for image recognition tasks in the 1980s (Fukushima, 1980; Y. LeCun et al., 

1989) and are now the preferred class of ANNs in machine vision systems. The machine 

learning potential of CNNs was demonstrated in the ImageNet Large Scale Visual Recognition 

Challenge (ILSVRC) of 2010 and 2012, where the winning model (a deep CNN) achieved nearly 

11% lower test error rate (top-five) than the second-placed model (Krizhevsky, Sutskever, & 

Hinton, 2012).  The architecture of CNNs differs from Fully Connected Networks (FCN) in the 

use of multi-dimensional convolution kernels to learn patterns and features within localised 

pixel neighbourhoods (Krizhevsky et al., 2012; Yann LeCun & Bengio, 1998; Sengupta et al., 

2020). In effect this reduces the number of learnable network parameters compared with FCNs 

and therefore improves the computational efficiency of network training.  
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CNNs are generally trained on two- or three-dimensional images to either predict 

values/classes directly from the input images or to extract image-features which are 

subsequently used as the inputs for other machine learning methods such as support vector 

machines (Wang & Cheng, 2015) or random forests (Hall, McCool, Dayoub, Sunderhauf, & 

Upcroft, 2015). However, CNNs can also be applied to learning-tasks based on one-dimensional 

inputs such as time series (Yann LeCun & Bengio, 1998) where the input data has strong 

correlations within local neighbourhoods. Smaller input arrays enable greater computational 

efficiency in network training and application, which is an important consideration in applying 

neural networks to agricultural product grading.  

 

Extraction of image-features is a common method for reduction of image-data size, but this 

can adversely impact the generality and accuracy of models by reducing the diversity of 

features within the input data. Moreover, image-features are often computed as a collection 

of summary statistic values (e.g. mean or standard deviation) which are largely uncorrelated 

and are therefore unsuited as CNN inputs. However, the extraction of image-features as 

distributions rather than summary statistics, would enable application of CNNs on data 

containing local correlations and with reduced dimensionality compared to the original 

images. Minimal image pre-processing is typically preferred in the development of CNNs to 

maximise generality of the network. But generality and performance would not be hindered if 

the feature distributions captured the critical information for the learning-task. 

 

The success of CNN architectures for image recognition and classification tasks makes this class 

of ANNs particularly attractive for use in automated product grading systems. With 

consideration given to the accuracy and computational efficiency of such models, there is 

potential to greatly improve on labour and time expenses of traditional manual assessments. 

This study presents a comparison of the accuracy and computational cost (network-training 

and prediction time) of three neural network architectures for classification of lentil and field 

pea milling classes through image analysis. The first model is a CNN trained on multispectral 

images, the second is a CNN trained on image-feature distributions, and the third is an FCN 

trained on image-feature mean and standard deviation values. While pulse milling 

classifications are specifically addressed in this study, the methods presented herein are 

equally applicable across many product-grading applications. 
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5.2 Materials and methods  

5.2.1 Grain samples and reference data acquisition 

Grain was sourced from 158 red-lentil and 216 field pea samples. Each sample was separated 

into grain-size fractions through stacked round-hole sieves (LeMasurier et al., 2014) and 100g 

of the most abundant size fraction was retained. Grain samples were dehulled and split and 

aspirated to remove the hulls. The dehulled and split fractions were then manually sorted into 

the categories outlined in Table 5.1. Each fraction was imaged according to the image 

acquisition method outlined in Section 2.2  

 

Table 5.1. Description of milling classes for lentil and field pea. Milled lentil and field pea 

samples were manually sorted to the five classes. 

Milling fraction categories Description 

SPLTD Split and de-hulled grain 

SPLTH Split grain with hull attached 

WHOLD Whole grain, de-hulled 

WHOLH Whole grain with hull attached 

BROKN Broken fragments 

 

5.2.2 Image acquisition and processing 

Multispectral images (with colour channels at 405, 470, 530, 590, 660 and 850nm) were 

acquired of each grain sample through an EyeFossTM (FOSS Analytical, Hoganas, Sweden). 

Through this system, grain was poured into a sample hopper and mechanically dispersed onto 

a conveyor belt such that the grains were generally non-touching. The conveyor carried the 

grain in a single layer into a camera unit where it was imaged by a fixed-resolution, line-scan 

camera and concurrently scanned, by laser, for object surface height (given in reflectance 

units) at each pixel location. Through the EyeFossTM system images were automatically 

cropped such that there was a single object within each. In total there were 34095 lentil and 

9192 field pea labelled images. The distribution of these images across the five milling classes 

is given in Table 5.2. Lentil images were selected such that there were approximately equal 

class sizes. However, since each 100g field pea sample contained fewer grains than 100g of 

lentil, there were insufficient field pea images to create evenly distributed classes.  

 

Table 5.2. Total number of lentil and field pea images within each of the milling classes 
 

BROKN SPLTD SPLTH WHOLD WHOLH Total 

Lentil images 6806 6816 6839 6779 6855 34095 

Field pea images 23 1679 3072 1387 3031 9192 
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Images were processed in the Matlab programming environment with the Image Processing 

and Deep Learning toolboxes. All images were segmented (i.e background-pixel values were 

set to zero), then padded with zeros equally on all sides and stored as 8-bit unsigned integer 

arrays of size 150 x 150 x 7. The seven channels correspond to the six colour bands and the 

surface height image. All analyses and network training were performed on a Dell Precision 

7520 laptop with Intel(R) Core(TM) i7-7920HQ CPU.  

 

5.2.3 Neural network models 

Three neural network architectures were developed for classification of milling fractions (Figs 

5.1 and 5.2); two convolutional networks (named ImgCNN and DistCNN), and one fully 

connected network (SmpFCN). The two CNN model architectures were developed as a series 

of three convolutional layers followed by two fully connected layers (Table 5.3). The ImgCNN 

model was trained on the segmented multispectral images and the DistCNN model was trained 

on Feature-Distribution Vectors (FDV) derived from the multispectral images as described 

below. The third model, SmpFCN, was a fully connected network with three hidden layers (Fig 

5.2c). This model was trained on the mean and standard deviation of 12 image-features based 

on grain colour and size. 

 

Table 5.3. Architecture of the two CNN models; ImgCNN (trained on multispectral image 

inputs) and DistCNN (trained on FDVs) 

Network Layer ImgCNN DistCNN 

Input Multispectral image  

150 x 150 x 7 

Image feature-vector 

1 x 360 x 1 

Conv1 

 

 

8 convolutions (8x8x7) with stride [2,2] and 

same padding.  

Batch normalisation 

ReLu activation 

8 convolutions (1x16x1) with stride [1, 4] 

and same padding. 

Batch normalisation 

ReLu activation 

MP1 2 x 2 maxpooling with stride [2,2] 1 x 2 maxpooling with stride [2,2] 

Conv2 

 

16 convolutions (4x4x8) with stride [2, 2] 

and same padding. 

Batch normalisation 

ReLu activation 

16 convolutions (1x8x8) with stride [1, 2] 

and same padding. 

Batch normalisation 

ReLu activation 

MP2 2 x 2 maxpooling with stride [2,2] 1 x 2 maxpooling with stride [2,2] 

Conv3 

 

32 convolutions (3x3x16) with stride [2, 2] 

and same padding. Batch normalisation 

ReLu activation 

32 convolutions (1x4x16) with stride [1, 2] 

and same padding. 

Batch normalisation 

ReLu activation 

FC1 Fully connected 

1x1x16 

Fully connected 

1x1x16 

FC2 Fully Connected 

1x1x10 

Softmax 

Fully Connected 

1x1x10 

Softmax 
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Figure 5.1. Image pre-processing stages prior to training the three neural networks: ImgCNN, 

DistCNN and SmpFCN. 

 

 

Figure 5.2. Neural network architectures for classification of lentil and field pea milling 

fractions. (a) ImgCNN: a convolutional network with multispectral image inputs of size 

150x150x7. (b) DistCNN: a convolutional network with image-feature distributions (size 

1x360x1) as the inputs. (c) SmpFCN: a fully connected network with image-feature vectors of 

size 1x24x1 as the inputs. The network diagrams displayed in this image were images were 

created with open source software developed by LeNail (2019). 
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FDVs comprised the concatenation of 12 image-feature distributions (Fig 5.3). Feature 

distributions were captured to give a broad representation of grain colour, shape and size 

characteristics and enable the DistCNN model to learn patterns and features within the locally 

correlated distributions. Descriptions and calculations for the 12 feature-distributions are 

outlined in Table 5.4. The SmpFCN model was trained on the mean and standard deviation of 

the same 12 image-features. 

 

Table 5.4. Description of the features computed from multispectral images 

Feature Description Computation 

C405 
405nm colour distribution 

 

Proportion of pixel-intensity histogram counts (30 

equidistant bins from 0 to 255) within the grain region of 

the first colour band in the multispectral-image.  

C470 
470nm colour distribution 

 
As above for the second multispectral colour band 

C530 
530nm colour distribution 

 
As above for the third multispectral colour band 

C590 
590nm colour distribution 

 
As above for the fourth multispectral colour band 

C660 660nm colour distribution As above for the fifth multispectral colour band 

C850 850nm colour distribution As above for the sixth multispectral colour band 

H H colour distribution (HSV image) 

Proportion of pixel-intensity histogram counts (30 

equidistant bins from 0 to 255) within the grain region of 

the first colour band in the HSV image*. 

S S colour distribution (HSV image) As above for the second HSV colour band 

V 

 
V colour distribution (HSV image) As above for the third HSV colour band 

HtD Grain height distribution 

Proportion of pixel-intensity histogram counts (30 

equidistant bins from 0 to 255) within the grain region of 

the first colour band in the laser-generated image. 

HtP  Grain height profile 

30 equidistant, linearly interpolated, intensity values 

computed across the grain diameter (through the centre 

of mass and perpendicular to the maximum diameter). 

Values were scaled by 1/255 to standardise 

RdD Grain radius distribution 

Grain radius (pixel distance from the centre of mass to 

boundary point) computed at 30 points around the grain 

perimeter (12o spacing between points). Values were 

scaled by 1/50 to standardise 

*HSV image was computed from the red, green and blue (660, 530 and 470nm) multi-

spectral colour bands through the inbuilt MatlabTM function rgb2hsv. 
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Figure 5.3. Example feature vectors of (a) a lentil wholegrain with hull, (b) a dehulled lentil-

split and (c) a broken fragment of lentil. Alternating shaded regions correspond to the 

feature distributions described in Table 5.4. 

 

5.3 Results and discussion  

The practicality of applying CNNs to classification of lentil and field pea milling fractions is 

largely dependant on the accuracy of predictions, and the time taken to process, train, and  

make predictions (i.e., inference) with a model. Typically, CNNs learn directly from image 

inputs to maximise the network generality, however larger input data arrays require the 

network to optimise more learnable parameters which increases the computational cost of 

both training and prediction through the network. Conversely, reducing the input array-size 

can improve computational cost, but can adversely affect the network accuracy if critical 

features of the original images are lost in the process. A comparison in the performance 

(accuracy and computational expense) of three network architectures, which were trained on 

the multispectral image, FDV and image feature inputs, is presented in Section 3.1. Since field 

pea images were not evenly distributed over the five milling-categories, class precision (Eq. 1) 

and recall (Eq. 2) values were calculated in addition to overall validation accuracy. Section 5.3.2 

discusses the impact of the number of the training images on performance of each of the CNNs. 
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Class Precision =
True Positive

True Positive+False Positive
  … Equation (1) 

Class Recall =
True Positive

True Positive+False Negative
 … Equation (2) 

 

All three networks were trained using the SGDM (Stochastic Gradient Descent with 

Momentum) solver with momentum held constant at 0.9. The learning rate was initially set to 

0.001 and reduced by a factor of 0.1 every 10 epochs. The training duration for each model 

was 50 epochs and three training replicates were performed. Minibatches of size 16, 32, 64, 

128 and 256 were trialled on the three network architectures to select the optimum size for 

each based on training time and validation accuracy. Similarly, dropout levels of 0, 5, 10, 15 

and 20% were also tested on the CNN architectures. The ImgCNN model was subsequently 

trained with minibatches of size 128 and 5% dropout after the first maxpool layer. The DistCNN 

and SmpFCN networks were both trained without dropout and with minibatches of size of 16. 

 

Model training datasets comprised 9192 lentil images (randomly selected within each milling 

category and approximately evenly distributed across the five categories) in addition to all field 

pea images (9192). The dataset was partitioned into 80% training and 20% validation images. 

Network training was replicated three times, re-randomising the training and validation image 

sets for each replicate.  

 

5.3.1 Network performance: Comparison of architecture and inputs 

All models performed well, achieving validation accuracies up to 88.1% (Table 5.5, Fig 5.4). 

Performance of DistCNN was not significantly different from ImgCNN in overall class precision 

(p = 0.85) and recall (p = 0.209). The two convolutional networks outperformed the fully 

connected network (SmpFCN) in overall validation accuracy and in the precision and recall of 

each milling fraction (Fig 5.5). Network generality was reduced by using the fully connected 

architecture and condensing input images to a set of simple (mean and standard deviation) 

image-features. However, the DistCNN architecture was trained on distributions of the same 

image features and achieved the highest validation accuracy, which was on average 4.6% 

(p=0.01) higher than for SmpFCN and 1.6% (p=0.09) higher than for ImgCNN. Therefore, 

distributions of the image-features as network inputs achieved superior classification results, 

despite the reduced input array-size. Extraction of features as distributions coupled with the 

implementation of a convolutional network architecture, enabled learning of the patterns 

critical in differentiating milling categories. For example, the profiles of grain height (HtP) and 
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radius (RdD), depicted in Fig 5.3, describe aspects of grain shape (e.g. roundness) which 

distinguish broken fragments from whole or split portions of grain. In simplifying the height 

and radius profiles to mean and standard deviation values, representation of grain shape was 

largely lost while size information was retained. The impact of this was noticeable in 

predictions of the broken field pea class (PBROKN) training and validation images in. SmpFCN 

classified a greater proportion of the PBROKN class into split lentil classes than the DistCNN 

model.  

 

 

Figure 5.4. Validation accuracy over 50 training epochs for the ImgCNN (solid line), DistCNN 

(dashed line) and SmpFCN (dotted line) network architectures. Plot traces display the 

average of three training replicates for each model. 

 

Overall, the lentil images were predicted with better precision and recall than the field pea 

images (Fig 5.5). Dehulled classes were typically predicted with greater precision and recall 

than grain with hull. The PBROKN class had the lowest precision and recall across all models 

but was also the class with the fewest images for network training. There was very little 

misclassification across grain types, i.e. only 0.2% of lentil images were misclassified into field 

pea classes and 3.2% of field pea images classified as lentil.  
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Table 5.5. Neural network performance. Accuracy and computational cost of three network 

architectures trained on multispectral image (ImgCNN), FDV (DistCNN) and image-feature 

(SmpFCN) inputs. 

Model Validation accuracy 

(%) 

Training time 

(s/epoch) 

Prediction time 

(s/1000 Images) 

Learnable 

parameters 

(nearest 100) 

ImgCNN 86.5 ± 0.5 75.3 ± 0.4 2.0 ± 0.0 19800 

DistCNN 88.1 ± 0.4 32.7 ± 1.3 1.0 ± 0.0 6600 

SmpFCN 83.5 ± 0.5 25.2 ± 0.9 1.0 ± 0.0 900 

Table entries are the mean (± s.e.) of three network-training replicates. 

 

Reported network accuracies were affected by the following sources of reference-data error: 

(1) Human error - grain that was manually misclassified, (2) Camera view – e.g. hull attached 

to the underside of a split or whole grain was not always captured within the camera view and 

(3) Motion of the imaging apparatus – movement of grain in the sample hopper caused some 

hull to become detached and some cracked wholegrains to split after they had been manually 

classified.  

 

The most common misclassification across all three models was split-with-hull grain classified 

as split-dehulled, for both lentil and field pea images. Due to the two-dimensional view of the 

camera, some hull sections were not captured within the images, and the movement of grain 

during the image acquisition process, caused some hull sections to detach from cotyledon. This 

is supported by the low precision relative to recall values of the split-dehulled classes, and 

conversely the low recall relative to precision of the split with hull classes. Of all images which 

were misclassified, there were a total of 1448 which were misclassified in every training-

replicate of each model. A large proportion of these misclassified images, which accounted for 

3.3% of all images, would be false negative classifications due to the three causes of reference-

data error. 
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Figure 5.5. Validation precision and recall of the ImgCNN, DistCNN and SmpFCN 

architectures. (Left) Confusion matrices given as a percentage of the number of validation 

images in each class. Elements along each matrix diagonal are equivalent to the class recall 

values. Red tones indicate correctly classified images, blue tones indicate misclassified 

images and darker colours correspond to higher values. (Right) Tables of mean (± s.e.) of 

class precision and recall values. All depicted values are the average of three training 

replicates. Class names beginning with “L” and “P” are lentil and field pea classes 

respectively. 
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Network training times are important for efficient model development, particularly for models 

which undergo continuous learning as new images are analysed and added to the training set. 

However, application of CNNs to classify lentil and field pea splits would be dependent more 

on the model prediction times rather than training times. The training and prediction times of 

the ImgCNN was approximately double that of the image-feature and FDV based networks due 

to the size of the input data arrays which impacts the number of learnable network parameters 

(Table 5.5). However, these times do not account for the computational cost of extracting 

features or FDVs for the SmpFCN and DistCNN models. So, optimisation of feature and FDV 

extraction would be required to maintain the training and prediction time advantage of the 

faster networks. In this study, the images used in the ImgCNN architecture were 150 x 150 x 7 

in size. In applications using images with larger dimensions (e.g. higher resolution or larger 

objects for classification), there would likely be a greater difference in prediction times 

between image-based and FDV-based models. 

 

5.3.2 Training dataset size 

The acquisition of large, labelled datasets is one of the greatest challenges in developing 

machine vision systems for agricultural product grading. Training deep neural networks on 

small datasets can lead to prediction inaccuracies and model overfitting. The two best 

performing networks presented in this study, ImgCNN and DistCNN, were trained (non-

replicated) on 80, 60, 40 and 20% of the image dataset to observe the impact of reduced 

training data on model performance. Model training time, validation accuracy, precision and 

recall decreased for both models as the number of training images were reduced (Figs 5.6a 

and b). Even at half of the original training set size (i.e. with a 40%:60% training to validation 

ratio compared with 80%:20%), both CNN models achieved the same or greater validation 

accuracy than the fully connected network which was trained on 80% and validated on 20%. 

The FDV-based model maintained better class precision, class recall and accuracy than ImgCNN 

under the constraints on the size of the training dataset (Figs 5.6c and d). Moreover, ImgCNN 

displayed a tendency toward overfitting, with validation accuracy diverging from training 

accuracy, as the input dataset reduced in size. 
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Figure 5.6. Comparison of (a) Validation accuracy, (b) network training time, (c) average class 

precision and (d) average class recall between the ImgCNN model (black) and DistCNN model 

(grey) with varying input dataset sizes. 

 

 

5.4 Conclusion 

In this study three neural network models were developed for classifying milling fractions post 

dehulling and splitting of lentil and field pea. The models were: (1) ImgCNN - trained on 

multispectral images of size 150 x 150 x 7, (2) DistCNN - trained on image-feature distributions 

(360 elements) and (3) SmpFCN - trained on the means and standard deviations of the same 

image-features (24 elements). The best performing model, DistCNN, achieved an overall 

validation accuracy of 88.1% which was on average 4.6% greater than SmpFCN and 1.6% 

greater than ImgCNN. Network training and prediction times for the feature-based models, 

SmpFCN and DistCNN, were approximately half that of ImgCNN. The gains in computational 

efficiency were due to the reduction in input array size from full multispectral images to either 

a vector of simple image features, for training SmpFCN, or an FDV for training DistCNN. Simple 

feature inputs, based on mean and standard deviation of grain colour and size traits, caused a 

reduction in network generality for SmpFCN compared with ImgCNN, which was trained on 

the full multispectral images. However, distributions of the same grain traits captured the 

diversity of size and colour information as well as shape, which was critical to differentiating 

the split and dehulled classes. As a result, DistCNN was trained more efficiently on a reduced 
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input data size and without loss of generality by comparison with ImgCNN. Moreover, with a 

diminished training dataset size, DistCNN was less impacted than ImgCNN in classification 

precision, making it more suitable for applications with limited datasets. The DistCNN 

classification of lentil and field pea fractions provides an efficient and accurate method for 

assessment of milling efficiency compared with the traditional hand-sorting of milled product. 

Classification tasks, based on visual traits, are common for grading many agricultural products. 

Therefore, with the appropriate choice of image-features to extract as distributions, FDV-

based CNNs would be applicable across many product-grading applications. 
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CHAPTER 6 

Conclusions 
 

The plant breeding cycle for pulse crops is a 10 to 12-year process with the overall objective of 

producing new cultivars with advantageous characteristics; a combination of adaptive traits 

for abiotic and biotic effects during plant growth along with improved phenotypic traits for 

plant architecture and grain quality.  The breeding process begins with the first inter-cross in 

the glasshouse and is followed by extensive field-based testing involving thousands from the 

derived progeny.  Timely and accurate evaluation of grain harvested in each generation of the 

breeding cycle is critical to the success of a breeding program. The aim at the end of the cycle 

is to identify an ideal cultivar for commercial release, which combines agronomic and quality 

traits for the grower to remain profitable in a constantly changing environment. 

  

The adoption of innovation at each stage of the value-chain by the plant breeder, grain-testing 

laboratory, grower, grains industry and end-user, is paramount for the viability of the grains 

industry.  This requires scientists to adopt innovative tools such gene-editing, computational 

science and high-throughput phenomics testing, and ultimately for downstream users to adopt 

sensor-based technologies to more accurately quantify grain-traits associated with end-use 

quality. Innovated technologies, particularly where automation is practicable or where 

multiple measurements can be derived, are of most value within plant breeding programs and 

the grains industry.  Emerging spectral technologies integrated into machine vision systems 

offer the greatest opportunities for efficiency and accuracy gains within the breeding cycle and 

the wider industry.  

 

Benefits of spectral technologies have been realised within the wheat value-chain through the 

adoption of NIR-screening methods for several grain and flour traits. For the grains industry, 

these methods facilitate rapid assessment of traits, such as moisture and protein content, 

which impact on subsequent grain processing. Within breeding programs these rapid screening 

methods have reduced the breeding cycle timeline and enabled high-throughput screening for 

timely and informed genetic-selections. To attain the same benefits within the lentil and field 

pea industries and breeding programs, similar technological advances and adoption are 
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required. Therefore, this study was an investigation of opportunities to adopt machine vision 

applications to improve efficiency and consistency of quality assessments of lentil and field pea 

germplasm.  

 

The first stage in quantifying grain quality of lentil or field pea is classification of the grain into 

broad market categories. Market classes determine the end-use of the grain and whether it 

will be traded as whole grain, in which case visual characteristics of cleanliness, colour, shape 

and uniformity are important, or whether it will be split and dehulled, in which case the 

processing quality and visual appeal of the split product is important. Since quality definitions 

of lentil and field pea are heavily dependent on visual characteristics of the grain, machine 

vision systems are a fitting choice for rapid, objective and consistent assessments. 

 

Well-constructed machine vision systems, with an appropriately chosen image acquisition 

environment and suitable image analysis algorithms, offer objective and rapid alternatives to 

manual grain-assessment methods. Choice of imaging apparatus determines the subsequent 

grain-traits which can be analysed (e.g. visual traits from RGB images or compositional traits 

from NIR-hyperspectral images) and the requirements for image pre-processing, such as 

segmentation to identify pixel-regions of interest and standardisation of pixel intensity values 

for consistent colour assessment. The grain-traits which were analysed in this study were all 

visual and physical properties of lentil and field pea and therefore multispectral images, with 

six colour bands at 405, 470, 530, 590, 660 and 850nm as well as a laser-derived height 

intensity band, were used for model development. Image analysis methods were developed 

for classification of field pea market classes, quantitation of bleaching discoloration in green 

field pea and classification of lentil and field pea milling fractions.  

 

6.1 Field pea market-grade classification 

Broad market classes are defined in part by characteristics of the plant (e.g. colour of 

blossoms), but more so by appearance of the grain. Therefore, the model to predict field pea 

market classes was based on colour, shape and size features extracted from the grain-region 

of the multispectral images. The eight classes (Yellow, Green, Kaspa-Type, Kaspa-Dun, Green-

Dun, Mottled-Dun, Marrowfat and Yellow-forage) were completely linearly separable when 

described by four colour features provided that the grain was sound (i.e. no visible defects). 

Sound grain was classified with 100% accuracy into the correct classes through Linear 

Discriminant Analysis (LDA). Grain defects impacted on the colour of the grain, such as through 
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darkened disease spots and exposed cotyledon, and therefore caused overlap between the 

market-grade clusters which were based solely on colour features. Choice of image features is 

therefore important for model generality. A more robust LDA model was based on size and 

shape features of the grain as well as colour features.  

 

While the LDA model was developed to identify the overall market-class of each sample, it 

could equally be applied seed by seed to germplasm from breeding programs, to identify 

proportions of genetic segregation or as a quality control measure to determine levels of 

admixture due to mechanical malfunction during harvest. Further improvements to the model, 

for example to identify foreign matter within a sample, could include a threshold on the 

Mahalanobis distance of the samples to each cluster (market-class) mean. In this way, grain or 

objects that do not reasonably fit a predetermined class profile would be classified as “other” 

rather than being forced into the nearest class.  

 

There are two broad lentil market classes, red and green, determined by the colour of the 

cotyledon. Red lentil is subsequently classified by size since small and plump red lentil are 

typically traded as dehulled grain and larger red lentil are split and dehulled. Green lentil 

varieties are much more diverse in appearance; however, this diversity is not captured within 

market class definitions as these are not processed and traded in the same quantities as red 

lentil. There is a greater number of field pea market classes and therefore the image-analysis 

method was developed to classify these, but the same methodology and image-features, 

particularly colour and size, could be applied to lentil classification. 

 

6.2 Quantitation of bleaching-discoloration in green pea 

Discoloration of pulse grains has major implications for the perception and assessment of 

quality. Bleaching is one such discoloration which is prominent within the green pea market 

class and occurs as a result of chlorophyll depletion. During bleaching the colour of field pea 

fades from green to cream/yellow in appearance and this effect is typically non-uniform within 

grain samples. Bleaching can occur pre-harvest due to environmental conditions (e.g. rain 

events) or post-harvest due to processing or storage conditions (e.g. exposure to light or high 

humidity).  

 

In the absence of a standard measure to quantify bleaching, scoring is typically achieved by a 

visual estimate of the proportion of seed affected within a sample. At times this involves 
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painstakingly peeling seed hull to reveal bleached cotyledon then estimating the ratio of yellow 

to green surface area. Standard assessments of grain colour, more generally, are achieved with 

a colorimeter or spectrophotometer and reported as the three coordinates in CIE L*a*b* 

space. While these measures for colour are accurate and objective, they do not capture 

variation within samples. Moreover, hue and chromaticity of bleached grain varies widely 

between green pea genotypes and so it is difficult to capture the extent of bleaching through 

the CIE L*a*b* colour space. Therefore, a new colour scale was proposed in this study to 

quantify the extent of bleaching based on visible reflectance spectra. An image analysis 

method was developed to predict bleaching extent by the same colour scale and applied at a 

single-seed level to objectively determine colour uniformity. 

 

Colour-band intensity values from the multispectral images were highly correlated (R2 = 0.99) 

and closely matched (Lin’s concordance statistic of 0.99) with reflectance values from the 

colour spectrophotometer. Therefore, grain colour assessments by multispectral image 

analysis could be accurately standardised, through Multiple Linear Regression (MLR), to the 

reference spectrophotometer output. With careful calibration of pixel intensity values, image 

analysis methods offer greater flexibility than a colorimeter or spectrophotometer for accurate 

colour assessment. Through image analysis the spatial distribution of colour can be 

determined as well as the overall mean colour. Consequently, it was demonstrated in this 

study that uniformity of bleaching colour scores within each green pea sample could only be 

assessed through the image analysis method. Furthermore, samples which have too few grains 

for assessment by spectrophotometer can still be assessed for colour through image 

processing. 

 

While image-derived bleaching scores can be applied directly to quality assessment of 

breeding trials they also enable further quantitative research; for example, to study the 

genotypic susceptibility to abiotic factors during seed development which is often expressed 

through the colour of the seed coat. An application of this was to investigate a grains-industry 

issue of bleaching in ‘green field peas’ where the loss of colour impacts on the marketable 

quality. The study investigated the relationships between grain composition (chlorophyll and 

phenolic acid content) and genotypic susceptibility to bleaching and demonstrated the 

potential of adopting image-based characterisations of grain. 
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Grain discoloration can be caused by many factors including disease, weather damage, storage 

conditions and aging of the grain among others. The expressed colour changes can also take 

many forms including bleaching, darkening and browning. The concept of the bleaching-model 

could equally be applied to quantify other forms of discoloration. This would have application 

within breeding programs and the wider pulse industry to quantitatively define acceptable 

grain colour and variation. 

 

6.3 Milling efficiency  

The assessment of milling efficiency is one of the most time-consuming processes undertaken 

for evaluation of lentil and field pea germplasm. The standard laboratory method involves 

hand-sorting the milled product into five fractions: Split-dehulled, split with hull attached, 

whole-dehulled, whole with hull attached and broken grain. As a result of the time expense in 

this process, the number of breeding lines which can reasonably be assessed for splitting and 

dehulling efficiency is greatly restricted. Therefore, an image analysis method was developed 

in this study to rapidly classify milled fractions of lentil and field pea.  

 

Manual sorting of split and dehulled fractions is based on human recognition of visual 

characteristics (size, shape and colour) of the milled product. For example, broken or split grain 

can be visually differentiated from whole grain through the recognition of geometric 

characteristics and, similarly, colour perception can distinguish regions of seed coat from 

cotyledon. However, milling fractions were not distinctly separable based on simple image-

derived representations of the size, shape and colour of the grains. Therefore, Artificial Neural 

Network (ANN) models were developed for classifying milling fractions based on three input 

types.  

 

The first model utilised the strength of ANNs to self-learn features from input data. This model 

was a Convolutional Neural Network (CNN) trained directly on multispectral images; no prior 

knowledge of class descriptions was assumed. The second model was a CNN trained on 

distributions of colour, size and shape features extracted from the multispectral images. The 

features were deliberately chosen to encompass traits that would directly influence manual 

class selections. This model utilised the capacity of CNNs to identify local patterns within each 

of the feature-distributions while requiring lower dimensional input data for more 

computationally efficient training and application. The third model was a Fully Connected 

Network (FCN) trained on the mean and standard deviations of the same image features. These 
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were similar features to those used for classifying market classes. The FCN model had the 

lowest dimensional input data and therefore also the fewest learnable parameters within the 

network, so it was the most computationally efficient network. 

 

Applied knowledge of the grain features, which differentiate milling classes, was beneficial for 

optimising the accuracy and efficiency of the ANN models. The use of image-feature 

distributions for model training enabled significant gains in computational efficiency through 

the reduction of input-data dimensionality. Redundancies in the multispectral image data were 

effectively reduced for a more directed computation which also lead to improved model 

accuracy. The image-feature distributions captured the diversity of information required to 

distinguish split and dehulled categories without loss of generality. By contrast the mean and 

standard deviation values of the same image-features resulted in a loss of model generality 

and accuracy. 

Applied to the evaluation of germplasm, this image analysis approach to classification of split 

and dehulled fractions would result in significant time savings, particularly if implemented into 

a machine vision system with sorting capability. Considering the time required for splitting, 

aspirating and then capturing and processing images of the split product, the overall gain in 

efficiency compared with the current standard method is estimated to be at least 10-fold. 

There is capacity to improve this further through optimised computational infrastructure.  

 

The high-throughput assessment of milling fractions would not only enable increased sample 

numbers for evaluation but would facilitate the development of models to identify the grain 

traits, such as shape or uniformity, that are directly linked to milling performance. With this 

understanding, plants breeders could make more targeted selections sooner in the breeding 

cycle to meet market specifications. 

 

6.4 Concluding remarks 

This study demonstrates the efficacy of image analysis applied to assessment of lentil and field 

pea quality traits, particularly the traits which are determined by visual properties. Generality 

of the image analysis models is dependent on diversity within the training data. Therefore, 

machine vision systems developed in collaboration with plant breeding programs benefit from 

access to a wider diversity of germplasm.  Adoption of these algorithms within breeding 

programs could reduce the length of the breeding cycle and enable targeted, objective and 

intuitive measures of grain quality at all stages of breeding, including early generation 
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germplasm when seed quantity is limited. The high-throughput nature of image analysis offers 

breeding programs greater testing capacity than the current standard methods.  

 

Machine vision systems have potential benefits throughout the pulse value chain. Pre-

breeding, image-based techniques could be applied to the rapid screening of crop wild 

relatives to identify potential breeding candidates with desirable traits. Within the grains 

industry, the applications developed within this study using machine vision methods offer 

consistent and accurate assessments and the potential to give quantitative definitions of 

acceptable quality.  

 

 

 

 


