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Abstract

Emotion recognition is an emerging interdisciplinary research topic that has received

increasing attention over the past few years. It has the potential to play a vital role

in mental health and well-being management and can aid in early diagnosis, ongoing

monitoring, and timely interventions. With the rapid development of mobile and wear-

able devices, it has become easier to access users’ affective data passively, continuously,

and remotely. This creates new opportunities to help identify and interpret sponta-

neous human emotions in a less intrusive manner. This thesis first investigates the

recent advances in mobile emotion recognition research, especially the state-of-the-art

methodologies. Subsequently, we turn our attention to off-the-shelf commercial facial

expression-based mobile emotion recognition systems. We identify and classify differ-

ent distortions in real-world mobile device usage scenarios that can lead to poor image

quality. On this basis, we present a replicable assessment protocol to analyse the per-

formance of commercial emotion recognition systems that are based on facial features.

Next, we presents an emotion recognition system with a hybrid multimodal architecture.

It extracts high-level affective features from facial expression, speech, keystroke, and

three types of physiological signals (blood volume pulse, electrodermal activity, and skin

temperature) using attention-based deep learning architectures, and learns cross-modal

correlations for fusion through several deep neural network layers. We demonstrate its

robust performance by conducting a user study with 45 participants and explore differ-

ent real-world usage scenarios where signals are partially available. Finally, we present

an efficient hierarchical multimodal network that relies on self-attention and convolu-

tion mechanisms to model both local and global dependencies of multiple physiological

signals. We evaluate the proposed system on two publicly available mobile multi-sensor

datasets and achieve state-of-the-art performance. This thesis demonstrates the feasi-

bility and effectiveness of using mobile devices to automatically and passively detect

human emotions and provides novel approaches for designing robust multimodal mobile

emotion recognition systems.
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Chapter 1

Introduction

1.1 Motivation

Emotions are the affective aspects of consciousness evoked by sensory stimuli, typically

accompanied by physiological and behavioral changes in the body [4]. They play a

crucial role in guiding people’s responses to events and situations, and impact decision-

making, learning, communication, and situational awareness [5]. However, emotions can

go awry and lead to negative repercussions on personal well-being. For example, long-

term accumulation of negative emotions can not only lead to low mood or loss of interest

in daily activities but can also induce mental health disorders such as depression and

psychosis [6, 7].

Traditional psychological assessment methods usually depend on diaries, interviews, and

questionnaires [8, 9]. However, these methods rely heavily on respondents’ retrospective

recall and subjective assessment of affective variability or reactivity [10], the reliability

of which cannot be guaranteed [11, 12]. Furthermore, these diagnostic measures can also

be burdensome for respondents and may disrupt their daily activities [13]. Therefore,

passive monitoring and automatic detection of affective states have become increasingly

important.

Over the last few decades, researchers have attempted to empower computers with the

ability to perceive human emotional states. A variety of data sources including facial

expressions, voice, body gestures, and linguistics have been leveraged in research and

1



Introduction 2

industry for emotion recognition [14]. Despite remarkable progress, there remain consid-

erable challenges before current affect detection techniques can be effectively deployed

in real-world settings. For instance, much of the existing work is limited to controlled

scenarios, such as experiments conducted in laboratories or workplaces with sophisti-

cated recording systems. Furthermore, the equipment used in these studies tends to be

intrusive and expensive. For example, an electroencephalogram (EEG)-based system

requires electrodes to be attached to an individual’s scalp, while an electrocardiogram

(ECG)-based system requires sensors to be placed around an individual’s chest [15, 16].

These requirements not only reduce their applicability to real-world scenarios but also

hinder participants from generating truly natural emotional responses. In addition, the

lack of adequate realistic training data is an ongoing challenge, which further limits the

development of emotion sensing techniques that can be used in the real world [17].

Fortunately, modern mobile devices are becoming increasingly low-cost and sensor-rich,

providing new opportunities for solving the aforementioned challenges. Around the

world, the number of smartphone users in 2022 is 6.648 Billion, accounting for 83.72%

of the global population [18]. Mobile devices have truly become accepted by the general

public as an indispensable part of daily life. This makes these devices an ideal platform

to passively and continuously record users’ spontaneous responses and contexts without

spatio-temporal limitations [19–21]. Compared with more traditional data acquisition

devices (e.g., eeg-based or ecg-based systems), mobile devices are more ubiquitous and

unobtrusive.

Moreover, data acquired by sensors of mobile devices are ecologically valid, have high-

resolution, and span multiple modalities [22]. Apart from the frequently used behavioral

and physiological signals mentioned above, mobile devices can collect a variety of con-

textual information such as location, audio environment, collocation with other devices,

ambient lighting, or weather conditions [23]. This rich modality set can be efficiently

exploited by multimodal emotion recognition systems delivering greater accuracy, ro-

bustness, and generalization, further promoting the development and deployment of

emotion recognition systems in practical applications. Compared with unimodal ap-

proaches, multimodal systems can model human affective expression with higher fidelity.

Importantly, the mapping between expressions and emotional states is generally a loose

relationship [24, 25]. Hence, the multi-channel information is able to complement each

other and thus forms a more complete and reliable flow for decision making [26]. This
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also closely mimics the way humans perceive emotions, as we often receive informa-

tion from multiple sources rather than a unimodal data source. For example, during

conversations, we can better understand the intentions of the speaker by observing the

expressions on their face while also focusing on what is being said [5].

These affordances and advantages of mobile devices open up a wide range of potential ap-

plications for mobile-based emotion recognition, covering areas such as healthcare [27],

biometrics [28], education [29], and gaming [30]. For example, regarding education,

emotion-based mobile applications can be used to recognize interest and boredom emo-

tion states of students in online learning, further helping improve education quality, and

strengthening the emotional interaction between teachers and students. With regard

to mental health monitoring, mobile-based emotion detectors can allow clinicians to

remotely monitor the emotional trajectories of patients, so as to gain a more compre-

hensive understanding of a patient’s ongoing psychological state and help improve the

effectiveness of a treatment program. In this thesis, we define emotion recognition/sens-

ing techniques that rely on mobile devices as mobile emotion recognition/sensing. We

focus on robust mobile emotion recognition, adopting a multimodal structure to fully

exploit the diversity and quantity of data collected from mobile devices, and exploring

different approaches to build accurate recognition systems. We believe our work will

facilitate the development of multimodal mobile emotion recognition frameworks and

the deployment of emotion detectors into real-world contexts.

1.2 Contribution

1.2.1 Research Questions

Based on the research gaps identified above, the broader research question answered

through this these is:

RQ: How can we build robust multimodal emotion recognition systems

using mobile devices?

More specifically, I dissected this overarching research question into three main questions

and sub-questions:
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RQ1 What are the recent advances in emotion recognition using mobile devices?

1.1 What are the signals/modalities that can be collected from mobile devices?

1.2 What are the recent successful methods employed in this research area?

1.3 What can be further improved in mobile emotion recognition research?

RQ2 What are the limitations of current off-the-shelf commercial mobile emotion recog-

nition systems that leverage facial features?

1.1 How can we objectively evaluate the performance of these commercial mobile

emotion recognition systems?

1.2 What are the strengths and weaknesses of these emotion recognition systems

when used in non-ideal scenarios?

RQ3 How can we take full advantage of the capabilities of mobile devices to develop

robust and accurate emotion recognition systems?

1.1 How can we create suitable architectures that leverage the rich set of modal-

ities that originate from mobile devices?

1.2 How can we efficiently extract informative features representing human affects

from multiple inputs?

These research questions are investigated through a literature review and three research

studies. First, we systematically investigated previous efforts for achieving effective

emotion recognition using mobile and wearable devices. We divided mobile emotion

recognition frameworks into three stages, namely perception, learning, and inference,

and analyzed existing successful methods from these three perspectives (RQ1). Second,

there has been an increase of available commercial platforms offering emotion recog-

nition services in the market recently, particularly those that leverage facial features.

As such, we selected five commonly used facial emotion recognition systems and estab-

lished a replicable assessment method to evaluate and visualize their potential for use

in real-world scenarios (Article I). We focused on facial expression-based systems in this

study for two reasons: (1) most commercial services are based on facial emotion recog-

nition; (2) based on our findings in the literature review, facial expression is still one

of the widely used modalities when building multimodal systems, despite the reliability

of facial expressions having come into dispute recently [31]. In addition, our findings
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show that each system has its own strengths and limitations under different distortion

conditions (RQ2). Regarding RQ3, we focused on multimodal learning, investigated

different combinations of input modalities, and developed a hybrid deep learning frame-

work to predict human emotions based on off-the-shelf mobile devices (Article II). We

show that our system enables accurate and unobtrusive emotion detection, well above

state-of-the-art performance reported in the literature. Furthermore, we introduced a

novel end-to-end emotion recognition system (Article III), which focused on multiple

physiological signals from low-cost wearable devices. The approach uses self-attention

and convolution mechanisms to extract both global and local associations from multi-

modal physiological signals. The results show that the proposed framework outperforms

state-of-the-art methods on published datasets and has good generalization ability.

1.2.2 Role of the Author

Three publications are included as main contributions in this thesis presented in Chap-

ters 4, 5, and 6. They are published in leading, international, and peer-reviewed confer-

ences/journals in the field of Affective Computing and Human-Computer Interaction.

I was the lead author for all the publications presented in this thesis and performed

the majority of the work (over 50%). I provided the primary ideas behind the work,

initiated the research, prepared the experimental and model designs, and performed

programming tasks, technology deployment, participant recruitment, and data analysis.

Additionally, I was the corresponding author for these publications. I managed the

process of the article submissions, and revisions based on the received peer-reviews. I

received valuable advice and feedback from my co-authors on designing and conducting

the study and analyzing the data. Moreover, my co-authors contributed to the writing

of these publications. Therefore, in the main chapters of this thesis, I use the scientific

term “we” to reflect and thank my co-authors for their contributions.

1.3 Thesis Outline

The following sections of this thesis are organized as follows. Chapter 2 introduces the

theoretical concepts of emotional models derived from psychology that are widely used
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in mobile emotion recognition research. It then surveys previous work from three fun-

damental steps of a typical emotion recognition system (perception, learning, inference)

and presenting current research methods, trends and shortcomings in this field.

Chapter 3 introduces the methodology adopted in the studies presented in the thesis

(Article I–III). This chapter provides motivations behind methodological decisions for

experimental design, model construction, data analysis, and ethical analysis, as well as

a discussion of the limitations of these methods.

Chapter 4 presents a study establishing a replicable protocol for evaluating commercial

facial emotion recognition systems and their appropriateness for use in real-world mobile

contexts.

With the goal of developing robust mobile emotion recognition systems, Chapter 5 and

6 present two studies exploring the use of multimodal information and state-of-the-

art deep neural networks as frameworks for emotion recognition. These two works

leverage multimodal signals collected from off-the-shelf mobile and wearable devices,

and demonstrate generalizability and state-of-the-art performance.

In Chapter 7, we reflect on the research contributions of the work presented in this thesis,

and discuss the results and findings with regard to the research questions. Furthermore,

we present the open challenges and future research directions of mobile emotion recog-

nition. Finally, Chapter 8 concludes with a summary of the thesis.



Chapter 2

Background

In this chapter, we provide an overview of previous work on mobile emotion recognition

research in the literature. We first introduce the terminology and concepts that are

critical to understanding different emotion theories in Section 2.1 - including the discrete

emotion model and the dimensional emotion model, and how to classify and process them

from a technical perspective. In Section 2.2, we describe the search strategy and scope

of this review, including the keywords in the search query and the criteria for selecting

prior work relevant to this thesis. Section 2.3 details the three steps of a typical mobile

emotion recognition framework and presents it in a way that readers can identify key

perception, learning, and inference methods from the literature.

2.1 Emotion Related Concepts

2.1.1 Emotion Generation

According to the American Psychological Association (APA), an emotion is “a complex

reaction pattern, involving experiential, behavioral, and physiological elements, by which

individual attempts to deal with a personally significant matter or event”. The “modal

model” of emotion (see Figure 2.1) explains that emotion generation begins with the

occurrence of an eliciting stimulus, which after attention and appraisal of significance

can give rise to an emotional response involving subjective experience, physiology, and

behaviour [32, 33]. Human emotional responses are usually adaptive and guide people’s

7
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responses to threats and opportunities in the environment [34]. For example, negative

emotions may promote involuntary bodily responses that can minimize potential harm

(e.g., feeling fear promotes increased blood flow in the extremities which can help people

avoid or escape danger). Similarly, positive emotions can promote communication to

strengthen social relationships or promote novel thought and action which serves to

build personal resources [35].

Figure 2.1: The modal model of emotion (from [36] ).

While the terms “emotion” and “mood” are often used interchangeably by non-experts,

psychologists define emotion as a usually “short and intensive” response to a particular

event or person [37], while a mood is typically less intense and longer lasting [38]. Moods

can continue for hours, days, or even weeks, and usually lack a definite stimulus [39].

For example, an angry emotion might be elicited by an insult, while an angry mood

might arise slowly from a long-term dissatisfaction.

2.1.2 Discrete vs. Dimensional Emotion Model

The range of emotions is wide. It includes not only simple and easily recognizable cate-

gories such as fear, disgust, sadness, joy, anger, and surprise, and background affective

states like enthusiasm or discouragement, but also more complex states such as embar-

rassment, shame, guilt, contempt, compassion, and admiration [40]. However, because

of the subjective and complex nature of emotions, they are in fact difficult to define and

describe accurately [41]. Psychologists have proposed two fundamental approaches to

the classification of emotions: (1) the discrete emotion model and (2) the dimensional

emotion model.

The discrete emotions model emerged from empirical studies by Ekman on cross-cultural

emotion recognition, and evolutionary theory on the adaptive function of emotions [42],

and beyond this from Darwin’s [43] empirical and theoretical work on emotions. This

tradition holds that there are several distinct emotions that evolved to solve specific
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problems of survival and reproduction and which are accompanied by particular expres-

sive and physiological signals which can be measured and used to recognize emotions.

In their cross-cultural work, Ekman and colleagues found that some facial expressions

of emotion appear to be universally recognized, and identified six basic emotions: anger,

disgust, fear, happiness, sadness, and surprise [44]. After continued cross-cultural stud-

ies, Ekman clarified that each basic emotion is not a single affective state but a family

(i.e., a group of things related by common characteristics) of related states [45]. In each

emotion family, there are two components, a theme and variations, in which a theme

refers to the core elements of the family or the shared characteristics of the family

members, while variations reflect various influences including individual and contextual

differences [32]. However, the existence of cross-cultural emotion prototypes has been

challenged by other studies [31, 46–48]. Based on Ekman’s research, Robert Plutchik

proposed the “wheel of emotions” that groups eight primary emotions into four pairs of

polar opposites: joy versus sadness, trust versus disgust, fear versus anger, and surprise

versus anticipation [49]. All other emotions are derived from these primary emotions.

For example, optimism is a compound of anticipation and joy. In addition, each emotion

can be expressed with varying degrees of intensity.

The dimensional emotion model emerged from critiques of discrete emotion theory which

propose that emotions are constructed in the moment from underlying components, one

of which is core affect, a subjective feeling composed of one, two or three underlying

values [50–52]. Thus different emotions can be represented as different positions in a one,

two or three dimensional space, with two being the most commonly used. The circumplex

model of affect proposed by James Russell is one of the typical representatives [53]. It

proposes that all affective states arise from two independent neurophysiological systems,

in which one relates to valence describing an unpleasant–pleasant continuum while the

other relates to arousal describing a deactivated–activated continuum [54]. Each emotion

can be defined as a linear combination of the valence and arousal systems. Alternatively,

the positive affect - negative affect (PANA) model [55] is defined by two primary unipolar

dimensions: the horizontal axis scales low to high negative affect (NA), and the vertical

axis scales low to high positive affect (PA). These two dimensions are characterized as

“descriptively bipolar but affectively unipolar dimensions”, which means that although

NA and PA may seem to be two poles of one dimension, they are in fact two independent

and uncorrelated unipolar constructs [56]. The PANA model can be understood as a
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45-degree rotation of the circumplex model, in which the NA and PA are predominantly

defined by their high ends or activated ends. In turn, the low ends of NA and PA are

typically considered to be neutral due to a lack of a specific type of activation [52, 57].

One three-dimensional model, the Pleasure-Arousal-Dominance (PAD) model, has been

widely used [58]. Here, emotional states are defined using three independent and bipolar

dimensions: pleasure–displeasure, arousal–nonarousal, and dominance–submissiveness.

The extra dominance dimension measures the individual’s control over their emotions,

which can more effectively distinguish some emotional states: for example, while fear and

anger both have high displeasure and high activation, they are opposite in the dominance

dimension since anger is a dominant emotion while fear is a submissive emotion.

From a neuroscience perspective, the different models of emotions result from different

understandings of emotional mechanisms. The discrete emotion theory proposes that

specific emotional processes arise from distinct neurobiological modules [59] so that each

specific emotion can map to one discrete and independent neural system. Conversely,

the dimensional emotion theory argues that there are common, underlying neurophysi-

ological systems from which emotional states emerge [53, 54]. Despite ongoing debate,

both discrete and dimensional emotion models have their respective strengths for re-

search in affective computing. Discrete models are suited to classification problems, are

easier for emotion labeling and more accordant with people’s description of emotions in

daily life. Dimensional models can capture fine-grained emotional concepts with subtle

differences and measure the similarity between emotional states; however, they are less

intuitive for research participants to understand. In sum, both discrete and dimensional

models have been widely applied in different tasks in the field of mobile emotion sensing:

discrete models are mainly utilized in classification tasks with discrete emotion labels

while dimensional models are mainly used in classification/regression tasks with contin-

uous emotion labels [60]. We use both emotion models in the studies (Article I, II &

III) presented in this thesis.

2.2 Literature Selection

We conducted a bibliographic search in three established digital libraries that contain

the bulk of all mobile emotion sensing research: the ACM Digital Library, the IEEE
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Xplore Digital Library, and Springer Nature. We used the same search queries, intended

to capture related research on mobile emotion sensing: [(“mobile device” OR “wearable

device” OR “mobile devices” OR “wearable devices” OR “smartphone” OR “wrist-

band” OR “smartwatch” OR “smartphones” OR “wristbands” OR “smartwatches”)

AND (“emotion detection” OR “emotion recognition” OR “emotion prediction” OR

“affective state detection” OR “affective state recognition” OR “affective state predic-

tion” OR “emotion monitoring”)].

We excluded papers that were not full-text research articles, such as tutorials, abstracts,

workshops, posters, etc. We also applied a time filter in order to consider only publica-

tions between January 1, 2005 and April 30, 2022 (in order to put the focus on recent

mobile devices). After this process, a total of 726 papers remained. We then analyzed

each of the papers to ensure they were appropriate for this survey. We found that some

papers were not relevant to our topic, since they were either not directly concerned with

mobile emotion sensing research or did not feature original sensing technical research but

instead utilized commercial services (e.g., Amazon Rekognition or iMotions) to conduct

their studies (e.g., to enhance the user experience or design affective user interfaces).

After excluding these papers, 150 papers remained for further analysis.

Furthermore, to help readers have a clear understanding, we describe and summarize

research papers from three stages that form the overall architecture of a typical mobile

emotion sensing framework: signal perception, feature representation learning, and

emotion inference (shown in Figure 2.2, the vertical solid arrows in the figure indicate

“includes”).

2.3 Overview of the Literature

2.3.1 Perception

Perception is the first stage in a mobile emotion sensing framework. The purpose of this

stage is to collect emotion information through different types of sensors embedded in

mobile devices. As stated in [61], a complete emotional experience is made up of three

distinct components: a subjective experience, a physiological response, and a behavioral

or expressive response. Each emotion includes an inner experience that can also be
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Figure 2.2: Mobile emotion sensing framework. In perception, we classify different
modality data into eight categories; In learning, we classify current feature extractors
into two categories; In inference, we discussed two categories of inference methods.

understood as a response and that is highly subjective. For example, when losing a loved

one, some people may be full of remorse while others may be deeply saddened. While

subjective experience cannot be directly sensed, physiological and behavioral responses

(e.g., blushing, sweating, increased heart rate, or facial and body movements) generate

data containing significant clues to the emotion being experienced. Collecting these

signals and analyzing them to deduce the underlying emotional state is the basis of the

emotion sensing framework.

With the development of mobile technology, most off-the-shelf mobile devices are

equipped with a rich set of powerful sensors. Smartphones typically include an ac-

celerometer, gyroscope, GPS, microphone, and camera, while today’s smart wristbands

offer photoplethysmograph (PPG), electrodermal activity (EDA) and temperature sen-

sors. Due to the growing acceptance of these devices by the general public, it has become

increasingly easier and more feasible to collect granular emotion data from individuals,
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at larger scales than was previously possible. For example, the accelerometer allows the

phone to sense the user’s activity states (e.g., walking, standing, or sitting); the GPS

sensor allows the phone to determine the user’s location; the camera and microphone

allow the phone to record the user’s facial expressions and vocal utterances; and the

PPG and EDA sensors allow devices to detect the user’s physiological states. Advances

in mobile device design are often accompanied by the introduction of new sensors: exam-

ples include the proximity sensor, used to detect the presence of nearby objects without

physical contact, and the iris sensor, used for biometric recognition of users.

2.3.1.1 Emotion Sensing Modalities

Mobile devices can receive and log a breadth of information regarding users’ affective

responses via on-board sensors, and use this as input for a given emotion sensing frame-

work. In this section, we provide a brief overview of the different input data used in

mobile emotion sensing. We classify this data into eight categories: facial expression, oc-

ular sign, speech, typing & touch, body movement & activity, physiology, device usage,

and environment (shown in Figure 2.2). Here, we use the term “modality” to include

automatic input data (e.g., through sensing), manual/logged human input data (e.g.,

keystrokes), and the source type of data.

Facial Expression Previous work has highlighted that facial expression is a primary

cue for understanding human emotions [62]. It is often possible to infer a person’s emo-

tional states through reading their facial expression, especially during social interactions.

For example, a smiling face may mean the person is happy, while a gloomy face may in-

dicate they are experiencing negative feelings [45]. As a primary non-verbal channel for

expressing emotions, facial cues have a long research history. Currently, still and video

images are two principal data sources for analyzing facial expressions. These visual data

reflect the movements of facial muscles or muscle groups over a short duration when an

emotion is triggered. By calling different functions of the camera, mobile devices such

as smartphones or tablets can capture their users’ facial expressions intermittently or

continually. For example, Kosch et al. [63] used the front-facing smartphone camera as a

tool for emotion detection based on facial expressions. In order to save computing power

and reduce battery consumption, their application only recorded facial expressions when

the user’s face was turned towards the smartphone screen.
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Ocular Signs Different eye-related signals, such as pupil diameter, gaze distance,

and eye blinking can be broadly categorized as ocular signs. They can be understood

as special forms of facial expressions, but are relatively more difficult to observe and

distinguish. This is because, compared to whole-face images, eye-region images cover a

smaller area and contain less information on emotion-related facial changes and muscle

movements [64]. Notwithstanding, as a form of natural interaction, ocular signs carry

abundant information regarding cognitive activities [65, 66], and a number of studies

have demonstrated that it is feasible to infer users’ emotional states from analyzing

pupil signals [67, 68]. In the mobile emotion sensing domain, ocular data is typically

measured using wearable eye trackers. For instance, Xing et al. [29] used Tobii glasses to

collect users’ pupil diameter variation signals and applied the proposed emotion sensing

method in MOOC education.

Speech One of the most natural means of human communication is speech. Similar

to facial expression and ocular sign, speech can also transmit emotion information. Dur-

ing a conversation, speakers can easily integrate their emotions into their prosodic and

acoustic characteristics. For example, when feeling sad, speech is often slow, low-pitched,

and with little high-frequency energy; when feeling angry, produced speech is often fast,

high-pitched, and with strong high-frequency energy [69]. Speech has been widely used

in emotion sensing research, with many techniques and systems developed [70, 71]. In

recent years, researchers began to consider mobile platforms, using the smartphone’s

built-in microphone to capture human speech in diverse acoustic environments. Chang

et al. [72] proposed AMMON (an emotion and mental health monitor), which is a speech

analysis library for mobile phones. In another example, Lane et al. [73] presented Deep-

Ear, a mobile audio framework built from Deep Neural Networks (DNNs), to support

a variety of audio tasks (e.g., emotion sensing, speaker identification) in dynamic envi-

ronments.

Typing & Touch Multiple studies have shown that users can manifest emotional

signals during typing and touching behaviors when using interactive systems [74–77].

The ubiquity of touchscreen-based mobile devices and the increasing use of chat apps

has made it more convenient and feasible to capture mobile-based interaction pattern

data. For example, Lv et al. [76] used typing biometrics produced by a pressure sensor
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keyboard to recognize six emotions. Similarly, Epp et al. [78] determined users’ emotions

by analyzing the rhythm of their typing patterns on a standard keyboard. Regarding

touch interaction, Gao et al. [79] conducted a study to detect players’ emotional states

by using their touch behaviors during gameplay with an iPod Touch. Focusing on

Android-based smartphones, Ghosh et al. [80] developed the TapSense application and

recorded typing-related metadata to classify four emotional states (happy, sad, stressed,

and relaxed). Specifically, they leveraged information such as the timestamp of when

each tap event occurred, and the type of key input (e.g., alphanumeric keys, delete).

Body Movement & Activity Currently, research on sensing emotion through body

movement and activity is focused on gesture, posture (body and head), body motions

(e.g., gait patterns), and physical activities (e.g., walking, running, sitting, standing,

and sleeping). A significant portion of this movement can happen unconsciously and

unintentionally and is therefore not easy to disguise. Movement sensing also has the

advantage that it involves only minimal or no disruption to users since motion features

like acceleration, speed, and orientation can now be extracted from mobile device sensors

without using sophisticated capture suits. For instance, Purabi et al. [81] utilized eSense,

an in-ear multisensory stereo device equipped with an accelerometer and gyroscope de-

signed to capture the underlying connection between head movements and corresponding

traits and emotions. Using human gait signals, Hashmi et al. [82] proposed a method to

identify emotions by means of body-mounted smartphones.

Physiology Another important source of signals that can reflect emotional states is

physiology. These are objective signals involving electrical and hemodynamic activities

of the nervous system [83]. The human nervous system consists of two main parts: the

central nervous system (CNS - brain and spinal cord) and the peripheral nervous system

(PNS - connecting the CNS with the limbs and organs). Affective neuroscience has long

worked on exploring the latent links between emotional changes and activities of the

nervous system, especially the activities of the CNS and autonomic nervous system (ANS

- a division of the PNS conducting impulses from the CNS to cardiac muscles, smooth

muscle, and glands, and which is thus in control of the fight-or-flight response) [84].

Commonly used signals include ECG, EEG, PPG, EDA, and skin temperature

(SKT) [85]. These can be objectively measured via biosensors and are more difficult



Background 16

than other types of signal to consciously conceal or manipulate as they are largely invol-

untarily activated [86]. In the mobile sensing field, Zhao et al. [87] presented an emotion

sensing system based on a wearable wristband by leveraging Blood Volume Pulse (BVP),

EDA, and SKT information. In another example, Jiang et al. [88] designed Memento, an

emotion-driven lifelogging system on smart glasses, which senses the emotional changes

of users through analysing EEG signals.

Device Usage Generally, device usage data can be divided into three classes: contact

data, content data, and application data. Contact data reflects a user’s social connec-

tions, for which phone calls, text messages (SMS), and emails are the main data source.

From these data, researchers can count the frequency of interactions that users have with

their social contacts, such as the duration of each call or the number of SMS received

and sent. Content data includes the text and emojis within messages such as SMS or

email, as well as browser-related data like search history and bookmarks. Regarding

application data, it is impossible to give a detailed account of each application since

there are so many. Instead, common practice is to group applications into categories

(e.g., Entertainment, Finance, Productivity, Social, Travel, Weather), and then analyse

how users interact with these categories (e.g., time spent, launch frequency).

In an example that leveraged all three classes of device usage data, Sun et al. [89]

proposed iSelf, a system that can automatically infer emotions from smartphone data

primarily on SMS, calls, browser, and application usage data. Similarly, LiKamWa et al.

[90] presented a smartphone system called MoodScope which recognizes users’ affective

states based on usage data (SMS, calls, emails, web visits, application usage). Support

for this approach comes from recent research which found a bidirectional relationship

between user emotions and application use [91, 92]. Not only does the use of certain

applications drive user emotions, but emotions tend to drive the use of particular appli-

cations [91].

Environment Environmental factors are known to influence the subjective feeling of

users. However, unlike other modalities, environment-based sensor data is rarely used

independently to infer users’ emotional states. In most cases, this type of data acts as an

auxiliary signal to help in improving the performance of other emotion classifiers. In the

mobile emotion sensing field, the environment modality is mainly related to contextual
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information including monitoring sensor data from WiFi, GPS, Bluetooth, microphones

and light sensors. WiFi data carries information on indoor position; GPS data carries

information on outdoor position; the Bluetooth monitor can be used to detect other

Bluetooth devices that are proximal; microphone audio reflects environmental noise

levels (which plays a different role to speech), and the light sensor represents ambient

illumination and can be used to infer how long an individual stays indoors or outdoors.

In an example of this approach, Lee et al. [93] classified users’ emotions on mobile

devices through their typing & touch characteristics and passive environment data (light

sensor, temperature, weather, time, location). Similarly, Zhang et al. [94] leveraged

environmental sensor data (microphone audio, light sensor, GPS, WiFi), smartphone

usage patterns, and user activities to develop the MoodExplorer system for automatic

emotion sensing.

Multimodality Multimodal emotion sensing means detecting affective expressions

through the fusion of multi-sensor information [26, 95]. Compared to a unimodal ap-

proach, multimodality has several distinct advantages, such as providing higher fidelity

models of human emotion and more continuous detection capability. This approach

also benefits from people’s tendency to express their emotions multimodally [5]. Multi-

modal systems do not ordinarily suffer from missing data problems, as if some signals

are temporarily unavailable, the system can still rely on others.

Traditional multimodal emotion sensing tends to focus on collecting and processing au-

dio, visual, and audio-visual data [95, 96]. In the mobile emotion sensing field, given the

diversity of mobile and wearable devices, there is greater flexibility to combine different

modalities such as physiology-body movement/activity, visual-physiology, visual-text,

etc. Furthermore, some modalities (e.g., contextual information) that were rarely lever-

aged in traditional systems can be used more frequently. In an example study, Li and

Sano [97] investigated the possibility of passive sensing and forecast of well-being based

on the fusion of physiological and behavioral (human movement and sleep patterns)

information collected by wrist-worn sensors. In another study, Chong et al. [98] pro-

posed EmoChat, an online chatting application for mobile devices which combines facial

expressions and text messages for emotion sensing.
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2.3.1.2 Summary

Table 2.1 summarises research on the perception phase of mobile emotion sensing, de-

scribed by the modality inputs, measurement device types, and sensor used (including

the research work presented in this thesis). We only include papers that provide a clear

description of the above items.

Overall, we find that more research has been conducted using a unimodal approach

within the mobile emotion sensing field. This is because signals using the same modality

usually have a similar data format and distribution, while also having lower complexity

and computation power requirements, making one modality easier to work with. This is

particularly true for earlier mobile devices, due to their limited processors and storage, as

they were not well-suited to handle complex models. However, more recently researchers

have recognised that this approach suffers from some notable problems. As D’mello and

Kory [26] mentioned, the challenges of unimodal approaches are two-fold: missing data

and reliability problems (e.g., human facial expression can be controlled consciously

and disguised voluntarily as it belongs to the semi-voluntary response [99]). Addition-

ally, signal noise seriously affects the performance of unimodal systems, particularly for

speech-based sensing which involves inevitable noise from the ambient environment. In

order to overcome these challenges, multimodal approaches have drawn increased atten-

tion from the mobile emotion sensing research community. Importantly, today’s mobile

devices are more easily programmable and have much higher processing capabilities,

which has accelerated the move towards multimodal approaches.

It is also worth pointing out that: (1) among the unimodal approaches, Physiology,

Facial Expression, and Typing & Touch are the most commonly used modality in-

puts, while Ocular Sign and Environment are the most rarely used; while (2) among

multimodal approaches, Body Movement&Activity + Physiology, Facial Expression +

Physiology, Facial Expression+Speech, and Body Movement & Activity+Device Usage+

Environment are the most commonly used modality combinations. We note that Ocular

Signs have not been used often as the equipment needed is relatively more expensive

and professional (and may even need to be made by the researcher) when compared to

other modalities. Furthermore, unlike other modalities offering intuitive information,

the data given by Environment are mostly latent and involve contextual information,

and therefore, are more suitable for combining with other modalities rather than for
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independent use. Overall, for both unimodal or multimodal approaches, Physiology,

Facial Expression, and Body Movement & Activity have been widely adopted. This is

likely due to their wide availability, and ability to work well both individually and in

tandem with other modalities.



B
a
ckgro

u
n
d

20

Table 2.1: Overview of mobile emotion sensing research conducted on the perception phase.

Modality Device Sensor Reference

U
n
im

o
d
a
li
ty

Facial Expression

Smartphone/Tablet Camera [100–105]

Eyewear Photo-Reflective Sensor [106]

Kinect 3D Sensor [107]

Wearable Facial EMG EMG [108–111]

Ocular Sign Eye-tracking Infrared Camera [64]

Speech Smartphone Microphone [73, 112–114]

Typing&Touch
Smartphone

Touchscreen [80, 115–118]

Touchscreen, ACC [119]

Touchscreen, ACC, GYRO [120–122]

Digital Pen, Tablet Touchscreen [123]

Body Movement&Activity

Earable ACC, GYRO [81]

Smartphone
ACC [124]

ACC, GYRO [82]

Smartphone, Media Player ACC, Touchscreen [125]

Physiology

Wireless
Radar Sensor [126]

RFID [127]

Smartphone Camera [128]

VR Glass EEG [129, 130]
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Table 2.1: Overview of mobile emotion sensing research conducted on the perception phase.

Modality Device Sensor Reference

U
n
im

o
d
a
li
ty Physiology

Wristband

ACC, EDA, PPG, SKT [131]

EDA, PPG [132–134]

EDA, Optical Sensor [135]

PPG [136–138]

EDA, PPG, SKT [87, 139]

Optical Sensor [140, 141]

Headset/Headband EEG
[16, 88]

[142–144]

Chest-worn ECG [145]

Wrist-worn PPG [146]

Headset, Wristband EEG, EDA, PPG [147]

Headband, Wrist-worn EEG, EDA, PPG [148]

Wristband, Chest-worn EDA, PPG, SKT, ECG [149]

Armband, Fingertip,

Chest-worn

EDA, ECG, BR,

SKT, HF, Pulse
[150]

Device Usage Smartphone
Software [151–153]

ACC, GYRO [154]

Environment Smartphone GPS [155]
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Table 2.1: Overview of mobile emotion sensing research conducted on the perception phase.

Modality Device Sensor Reference

M
u
lt
im

o
d
a
li
ty

Facial Expression + Speech Smartphone/Tablet Camera, Microphone [156–159]

Facial Expression + Body Movement&Activity Smartphone Camera, ACC [160]

Facial Expression + Physiology
Smartphone Camera [161, 162]

Webcam, Wristband Camera, EDA, PPG, SKT [163]

Facial Expression + Device Usage Smartphone Camera, Software [63, 98]

Speech + Body Movement&Activity Smartwatch Microphone, ACC, GYRO [164]

Speech + Device Usage Smartphone
Microphone, Software,

ACC, GYRO
[165]

Typing&Touch + Environment Smartphone
Touchscreen, ACC,

Light Sensor, GPS, Web
[93]

Body Movement&Activity + Physiology

Wristband

ACC, EDA, PPG [166]

ACC, EDA, PPG, SKT [167]

ACC, EDA, SKT [97]

Chest-worn ACC, ECG, BR, SKT [168, 169]

Wristband, Chest-worn
EDA, PPG, SKT, ACC,

ECG, EMG, RESP
[170]

Armband, Chest-worn
ACC, EDA, HF,

SKT, ECG, BR
[15]
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Table 2.1: Overview of mobile emotion sensing research conducted on the perception phase.

Modality Device Sensor Reference

M
u
lt
im

o
d
a
li
ty

Body Movement&Activity + Device Usage Smartphone ACC [171]

Body Movement&Activity + Environment Smartphone, Smartwatch ACC, GPS [172]

Device Usage + Environment Smartphone Software, GPS [90]

Ocular Sign + Typing&Touch +

Body Movement&Activity
Smartphone

Camera, Touchscreen

ACC, GYRO
[173]

Typing&Touch + Physiology +

Body Movement&Activity

Smartphone, Kinect,

Wristband

Touchscreen, Depth Camera,

EDA, PPG
[30]

Body Movement&Activity +

Physiology + Environment

Smartphone, Smartclothing ACC, Microphone, ECG [174, 175]

Smartwatch
ACC, Pedometer, HR

Microphone, GPS
[176]

Body Movement&Activity +

Device Usage + Environment
Smartphone

ACC, Compass, GYRO,

Screen, Software, Microphone,

Light Sensor, GPS, WiFi

[94]

ACC, Screen, Software,

Microphone, Light Sensor, WiFi
[177]

ACC, Software,

GPS, Bluetooth, WiFi
[89]
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Table 2.1: Overview of mobile emotion sensing research conducted on the perception phase.

Modality Device Sensor Reference

M
u
lt
im

o
d
a
li
ty

Body Movement&Activity +

Device Usage + Environment
Smartphone

ACC, GYRO, GPS,

Gravity, Pedometer,

Light Sensor, Network

[178]

ACC, GYRO, MAG, Software,

GPS, Light Sensor, WiFi,

Bluetooth, Screen, Camera

[179]

Facial Expression + Speech +

Body Movement&Activity + Physiology
Webcam, Kinect, Wristband

Camera, Microphone

Depth Camera, EDA, PPG
[180]

Facial Expression + Speech +

Typing&Touch + Physiology
Smartphone, Wristband

Camera, Microphone, Touchscreen

EDA, PPG, SKT
[2](Chapter 5)

Body Movement&Activity + Physiology +

Device Usage + Environment
Smartphone, Smartclothing ACC, Software, GPS, ECG [181]

ACC: Accelerometer; GYRO: Gyroscope; MAG: Magnetometer; RFID: Radio frequency identification; EMG: Electromyography; RESP:

Respiration; BR: Breathing; HF: Heat Flux.
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2.3.2 Learning

After the information is retrieved from sensors it is forwarded to the second, learning

stage. In this stage, large-scale and ruleless raw data are preprocessed, and emotional

features of different modalities are learned and represented. As shown in Figure 2.2, there

are currently two categories of feature extractors, handcrafted feature-based extractors,

and deep feature-based extractors. Handcrafted feature extraction is a two-phase anal-

ysis process that relies on traditional statistical analysis (e.g., mean value, standard

deviation, Fast-Fourier Transform) to explore emotion-specific characteristics, and op-

timization analysis to reduce the dimension of calculated features and select the most

effective features. By comparison, deep feature extraction uses deep neural network

architectures (e.g., AlexNet [182], VGG16/19 [183]) as extractors to learn the inherent

distribution of the raw data and further output the corresponding feature representa-

tions automatically [84]. Please note that here we classify feature extractors by the

description in the original texts.

Overall, this phase aims to constitute a knowledge-based abstraction layer to retrieve

the emotional cues or features in the superficial or latent space of collected sensor data.

These features should convey significant information that characterizes a person’s emo-

tional state.

2.3.2.1 Handcrafted Feature Extractors

In early studies, researchers mainly worked on handcrafted features in this learning

phase [60]. A comprehensive handcrafted learning process can be divided into three

steps: signal preprocessing, feature extraction, and feature reduction & selection.

Signal Preprocessing Preprocessing prepares the collected raw data before forward-

ing it to the formal feature extraction, and it includes operations like data filtering (e.g.,

incomplete and redundant data), artifact removal, and noise filtering [184–186]. As the

first step, it focuses on segmenting, formatting, and restructuring raw data from different

predefined or preconfigured sensors [187–189]. The objective is to provide high-quality

reliable data, while also saving computation resources. There are different preprocess-

ing approaches for different types of modality data. For instance, for video data (e.g.,
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facial expression), frame sampler, target localization and alignment are the key contents

of the preprocessing flow, which segments continuous video sequences into a series of

representative frames [190, 191]; for acoustic data (e.g., speech), audio segmentation

and silent region removal are often carried out to break audio data into frames, and

there are different primary methods based on different scenarios (e.g., speaker segmen-

tation, utterance-based segmentation, word-based segmentation) [192, 193]; while for

sensor data (e.g., physiology), noise and artifact removal are usually used to enhance

the reliability of the measurements, using different types of filters such as low-pass or

band-pass, and different normalization methods such as Z-score or min-max normaliza-

tion [194, 195].

Feature Extraction Feature extraction is the core step of handcrafted extractors.

The aim is to find numerical attributes derived from the initial set of data that can

describe its affective information. Handcrafted feature extraction requires manual fea-

ture engineering, which in many cases requires a good understanding of the background

or domain of the given problem to create effective features. Over decades of research,

engineers and scientists have developed various feature extraction methods for different

data modalities.

Regarding facial expression, the most common features are based on Action Units (AUs)

which define facial actions caused by the contraction of specific muscles, such that each

emotion can be interpreted as a combination of AUs. For example, in the system pro-

posed by Ekman and Friesen (Facial Action Coding System) [196], anger can be rec-

ognized as a combination of 4 AUs (Brow Lowerer, Upper Lid Raiser, Lid Tightener,

and Lip Tightener). Masai et al. [106] leveraged skin deformations caused by the mus-

cle movement of AUs to capture facial expressions, using sensors embedded in eyewear

devices to capture skin deformations around the eyes. They could detect most muscle

movements related to the target facial expressions including movements of the eyelids,

eyebrows, nose, cheeks and mouth. In order to reduce the complexity of the movement

encoder of facial muscles and speed up feature extraction, Zhong et al. [197] proposed

adopting a relatively simple shape descriptor by using Pyramid Histogram of Oriented

Gradients (PHOG) as feature descriptors to represent an image by its local shape and the

corresponding spatial layout. An alternative to AUs, facial landmarks (i.e., the location

of salient facial regions including mouth, eyebrows, eyes, nose, etc.) are also commonly
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used features that can be tracked over time. Kosch et al. [63] and Pham and Wang [162]

used OpenFace [198] and Affdex [199] respectively on Android smartphones to leverage

the frontal camera to detect facial landmarks as indicators for emotions. Based on facial

landmarks, Alshamsi et al. [157] also calculated the center of gravity (COG) of all the

landmarks and extracted a characteristic vector to depict the spatial interrelationships

between the COG and each landmark point. Furthermore, Suk and Prabhakaran [102]

and Seanglidet et al. [103] applied Active Shape Models to obtain better positions of

landmarks through iterative fitting. Besides these directly related expression features,

some indirect elements related to the video or pictures themselves can also be used as

facial features, such as color-related or saturation-related computations like Color His-

tograms [200] and color energy [201]. Kwon et al. [202] relied on a camera built into

a glass-typed wearable device to capture facial expressions and used intensities in each

pixel of the facial image as features. In another example, Hossain and Muhammad [101]

first converted facial frames into gray scale images and then calculated Local Binary

Patterns histograms to compose the feature vector.

In one of the few examples of using ocular sign for mobile emotion sensing, Xing et al.

[29] first applied Discrete Wavelet Transform to obtain wavelet features from the de-

noised pupil diameter (PD) variation, then used statistical methods to further calculate

statistical values (Max, Min, Mean, Range, Std, Median, etc.) as a supplement to create

PD feature representation. Similarly, Fedotov et al. [203] confirmed the dependencies

between eye gaze features and tourist satisfaction levels.

For speech, early psychological studies have found that some vocal parameters, especially

pitch (F0), intensity, speaking rate, and voice quality, play an important role in the

recognition of emotion and sentiment [204–206]. In the mobile emotion sensing domain,

Yu [165] used a straightforward approach of calculating the pitch and volume change on

a telephone conversation as acoustic features. Wu et al. [156] took this approach a step

further by utilizing combined mel frequency cepstral coefficients (MFCCs) with its first

and second order of derivatives as stable acoustic features. In a more robust approach,

Lu et al. [113] not only used pitch related statistic values (e.g., standard deviation,

the difference of max and min pitch) and MFCCs, but also adopted speaking rate,

spectral centroid, high-frequency ratio, and TEO-CB-AutoEnv [207] as acoustic features.

More recently, researchers have noted that the algorithms for extracting some of these

features are too computationally-intensive for mobile devices. To solve this problem,
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Deshpande et al. [208] designed a novel algorithm to extract the multi-dimensional Time

Domain Difference (TDD) feature and achieved a reduction of 10% computational cost

of extraction compared with MFCCs. Similarly, Provost and Narayanan [209] presented

an emotion distillation framework to create emotion-specific features from original high-

dimensional feature space in order to reduce computational complexity. Finally, as

ambient noise is a major challenge in speech-based emotion sensing, Yang et al. [112]

proposed a novel hybrid noise resilient algorithm to obtain the pitch feature in noisy

environments and implemented it for Android devices.

Regarding typing & touch, feature extraction is mainly focused on users’ touch or stroke

behavior. There is a wide range of features that have been used to parametrically rep-

resent this physical behavior, such as touch frequency, touch pressure, finger contact

area, typing speed, backspace, or special characters press frequency. Lee et al. [93] ex-

tracted typing speed, touch count, backspace key press frequency, special symbol press

frequency, maximum text length, and erased text length as features to represent inter-

active communication between a user and a client. Dai et al. [117] focused on the length

(distance of finger movement between the start position and end position), time, speed,

and pressure of each stroke, and calculated their average, median, maximum, minimum,

and variance values as an extracted typing & touch feature vector. Similarly, Ruensuk

et al. [120] focused on touch area, pressure, touch count, hold-time, distance, speed,

etc., and selected their descriptive statistics (mean, maximum, minimum, and standard

deviation) as feature representation. Furthermore, Ghosh et al. [80, 210] noticed that

overlapping typing events may occur in two different typing sessions (e.g., when switch-

ing one application to another), which are tagged with different emotional states, and

thus, designed two different representations of typing speed. As well as interacting with

mobile devices through fingers, digital pens or styli can also be used. For example, Han

et al. [123] described the typing & touch feature set from a digital handwriting recording,

which was calculated from each pen stroke event including the duration in time, stroke

length in pixels, speed standard deviation, force average, average altitude angle of the

stylus, etc.

For body movement & activity, accelerometer recordings during different kinematic mo-

tions have distinct statistical characteristics, enabling the extraction of representative

features. For example, Rubin [168] computed the root sum squared over the three axial
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accelerations (
√

Accx
2 + Accy

2 + Accz
2), and assumed different activity types (no/low/-

moderate/high activity) by defining different thresholds. Sun et al. [89] further extended

it by taking into account external force, and calculated the acceleration magnitudes as

follows:
√

Accx
2 + Accy

2 + Accz
2 −G(Gravity). Through two defined thresholds, they

approximated the daily activity state of people. Except for specific daily activities,

Adibuzzaman et al. [160] correlated accelerometer data with energy expenditure of a

person, and achieved feature extraction by summing time integrals of accelerometer

output over the three spatial axes, i.e.
∫ t0+T
t0

|Accx| + |Accy| + |Accz|dt. Di Lascio

et al. [166] extracted 11 time-domain statistical features (including minimum, maxi-

mum, mean, standard deviation, dynamic change, slope, the absolute value of the slope,

the mean and standard deviation of the first and second derivative) from the normalized

accelerometer signal as a body-movement feature vector. In a more robust approach,

Olsen and Torresen [124] considered both the time-domain and the frequency-domain

and extracted features such as mean and standard deviation of acceleration, the standard

deviation of mean peak acceleration, and power spectral density. Besides accelerometer

output, data from other sensors such as the gyroscope also contain body movement &

activity information. For example, Lee et al. [211] calculated time (average, standard

deviation, average squared power), frequency (entropy level), and phase (percentage of

the angle outside the defined control eclipse, weighting function of the angle outside the

defined control eclipse) domain values from an accelerometer and a gyroscope as a head

motion feature vector. In another example, Hashmi et al. [82] proposed a total of 29

unique time, frequency, and wavelet features as representations of gait patterns for each

walking stride by means of accelerometer and gyroscope data.

BVP, EDA, ECG, and EEG are the commonly used physiological signals in the mobile

emotion sensing literature [212]. The BVP signal is measured using a PPG sensor and

indicates dynamic changes in blood volume in the peripheral blood flow by transmitting

infrared light and measuring its absorption [213]. Feature extraction from BVP often

concentrates on the time and frequency domains. For example, Di Lascio et al. [166]

considered time-domain statistical features (slope, number of peaks, etc.) of BVP sig-

nals along with the mean and standard deviation of BVP pulses’ amplitude and length.

Meanwhile, as a kind of quasi-periodic signal, Wang et al. [167] and Zhao et al. [87] first

utilized fast Fourier transform (FFT) to obtain the BVP signal in the frequency domain,

and then partitioned the coefficients to obtain the low-, middle-, and high-frequency
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band of the spectrum. Finally, they calculated the mean energy, the maximum energy,

and the spectral entropy of each sub-band as features. Moreover, BVP signals can also

be used to monitor heart rate (HR) and heart rate variability (HRV), thereby provid-

ing heart-related features. Specifically, they can be derived from the raw BVP signal

by measuring the interbeat interval (IBI) (the time intervals between the peaks of the

waveform). For example, Huynh et al. [30] focused on capturing the HRV features in

both the time and the frequency domain. Firstly, they obtained the IBI measurements

by detecting the systolic peak of the heartbeat waveform from the raw BVP data. On

this basis, they calculated the mean and standard deviation of the intervals (SDNN),

mean and standard deviation of the first and second derivative of the interval series,

root mean square of successive interval differences (RMSSD), the standard deviation of

successive interval differences (SDSD), and the number of successive interval pairs that

differ by more than 50 ms and 20 ms (NN50 and NN20) as time-domain features. They

also computed the powers of the low-frequency band and the high-frequency band in

an HRV pattern’s spectral as frequency-domain features. In another example, Di Las-

cio et al. [166] extracted HR and HRV related statistical features in the time domain.

They computed HR as 60/IBI, where IBI is the mean of IBI; and quantified HRV by

calculating the distance between adjacent peaks (NN), the SDNN, the SDSD, and the

RMSSD.

The EDA signal “is a measure of neurally mediated effects on sweat gland permeability,

observed as changes in the resistance of the skin to a small electrical current, or as dif-

ferences in the electrical potential between different parts of the skin” [214]. The EDA

signal reflects neurological control of the rate of sweat production in the glands of the

extremities. EDA increases with excitement or nervousness, exemplified by the sweaty

palms one may experience before giving a speech or being interviewed for a job. Over-

all, it consists of slow varying tonic sympathetic activity (named skin conductance level,

SCL) and fast varying phasic sympathetic activity (named skin conductance response,

SCR), in which SCR is considered to be more commonly used for short-term emotion

sensing since it represents a transient response to external stimuli. For instance, Di Las-

cio et al. [166] first decomposed the EDA signal applying the cvxEDA algorithm [215],

then extracted time-domain features from the isolated SCR signal, such as the mean

and standard deviation of the first derivative, number of peaks, and peaks’ amplitude.
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Girardi et al. [147] took into consideration both SCL and SCR components. After us-

ing the cvxEDA algorithm, they extracted time-domain features from tonic and phasic

parts, including mean tonic, phasic mean, and phasic AUC.

The ECG signal is the standard measurement used to capture electrical and functional

activity of the heart. Rather than relying on distal pulse waves (e.g., from PPG) to in-

directly trace heart activity, the electrodes of the ECG sensor are usually placed directly

on the thorax to monitor cardiac activity. For the raw ECG signals, the QRS complex is

the most visually obvious factor when tracing the cardiac cycle. It generally consists of

three components (Q wave, R wave, and S wave), and represents the electrical impulse

spreading through the ventricles. For ECG-based feature engineering, the analysis of

the local morphology of the QRS waveform, and its time-varying and frequency-varying

properties has been a standard method. Importantly, HRV time series can also be ac-

quired from RR intervals (intervals between adjacent R waves) [216]. In one example,

Hsu et al. [217] first determined the RR intervals by using the QRS detection algorithm,

then calculated a total of 34 features from the time domain (e.g., SDNN, RMSSD, me-

dian value of RR intervals, mean absolute deviation of RR intervals) and the frequency

domain (e.g., very-low-frequency range, low-frequency range, high-frequency range) as

well as from nonlinear parameters (e.g., Poincaré plot analysis).

The EEG signal is directly related to the central organ of the human nervous sys-

tem (i.e., the brain). EEG monitors the brain’s electrical activity by measuring volt-

age fluctuations resulting from ionic current within the neurons of the brain, and is

recorded from multiple electrodes placed on the scalp. In one example, Barral et al.

[218] explored frequency-based feature metrics by decomposing EEG data into several

frequency-band components including theta (4-8Hz), alpha (8-12Hz), beta (12-30Hz),

gamma1 (30-45Hz), and gamma2 (55-80Hz) bands. In another example, Jiang et al. [88]

made use of Katz’s fractal dimension calculation [219], and applied it to the waveform to

extract time-domain EEG feature metrics. Additionally, they noted that in mobile and

dynamic scenarios, the EEG electrodes are normally attached loosely to users, which

may cause electrodes to drift and lead to artificial changes to EEG signals. To solve this

issue, they proposed a cross-correlation method to quantify electrode drift occurrence.

Device usage and Environment feature representations typically include social inter-

action records, along with application usage for the former, and noise, illumination,
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location, and weather information for the latter. For example, LiKamWa et al. [90] uti-

lized a background logger to capture users’ social interactions via phone calls, SMS, and

emails. Measures included a record of the number of exchanges the users had with their

ten most frequently interacted contacts, the duration of phone calls, and the number of

words used in text messages and emails to form the social interaction features. They

also counted the launch instances and time spent on the different types of applications

(e.g., categorized as {Built-in, Communication, Entertainment, Finance, Game, Office,

Social, Travel, Utilities, Weather, Other, or “cannot categorize”}) as application usage

features. For location information, they clustered the time series of location estimates

using the DBSCAN algorithm [220]. In another example, Zhang et al. [94] used the lon-

gitude, altitude, and latitude of GPS data as the outdoor location features, and chose

the frequency of the top 20 occurred SSIDs in the WiFi log as the indoor location fea-

tures. Furthermore, they took the mean and variance of the volume of sounds logged

by the microphone to indicate the volumes and displacements as well as defined a noise

volume threshold range to calculate the noise ratio, silence ratio, and noise-silence ratio

to represent the noise in the environment. For illumination features, the researchers

used the mean and variance of the light sensor data values as well as calculated the dark

ratio, bright ratio, and dark-bright ratio. Moreover, Lee et al. [93] considered 14 kinds

of weather conditions defined by Google weather (e.g., fog, cloudy, drizzle, sunny) to

describe the current environmental conditions around the user.

Feature Selection Generally, after feature engineering, the dimensionality of the ob-

tained feature metric will be relatively high (from a few tens to hundreds). Despite efforts

to obtain closely related features in the extraction process, not all features play an equal

role in emotion detection. Inevitably, there will be some features that contribute less

or carry overlapping information, which will increase the computational complexity and

slow the classification evaluation process. Considering the limited battery, computation

power, and storage of mobile devices, feature selection plays a pivotal role in the emotion

sensing process. Additionally, using high dimensional feature vectors is prone to causing

the overfitting problem if there is a limited amount of training data. Applying feature

selection does not only reduce the number of features and the time cost of computing

but also leads to more relevant feature subsets and enhanced generalization.

Collectively, feature selection strategies can be divided into three main categories:
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• Filter Methods: Rely on scores calculated from various statistical tests to indicate

the correlation between features and the outcome variable. The selection process

is independent of any machine learning algorithms.

• Wrapper Methods: Aim to find the best feature combination by following a search

approach (e.g., greedy search) to look through the space of possible feature sub-

sets and evaluating their performance on a given machine learning model (usually

choosing the model with better general effect, such as Random Forest (RF), Sup-

port Vector Machine (SVM), and k-Nearest Neighbors (kNN)).

• Embedded Methods: Combine the characteristics of filter and wrapper methods. It

is implemented by embedding feature selection in the subsequent model training

process, in other words, the feature selection is automatically carried out while

training the model.

Each of these strategies has advantages and disadvantages. Filter methods have less

time complexity and are less prone to overfitting, but have relatively strong subjectiv-

ity which may influence the final rate of classification/regression accuracy. Wrapper

methods can find the optimal feature subset for the preset machine learning model, but

usually require costly computation and come with a high chance of overfitting. Embed-

ded methods have a time complexity between the above two methods and typically have

penalization functions (e.g., L1 or L2 regularization) and built-in loss function to re-

duce overfitting. In summary, all of these methods have been applied in mobile emotion

sensing. For example, Lee et al. [93] ranked all features by measuring information gain

with respect to each emotional state and selected 10 features with the strongest corre-

lation. Similarly, Barral et al. [218] first computed the Pearson correlation coefficient

to reduce the possible redundant features and then used the Wilcoxon rank-sum test to

remove non-informative features. For feature selection using wrapper methods, Olsen

and Torresen [124] exploited Recursive Feature Elimination to recursively remove the

feature having the lowest absolute weight until reaching the desired number of features.

In another example, LiKamWa et al. [90] used Sequential Forward Selection to choose

the more relevant features. This starts with an empty feature set and continually adds

the feature that can maximize the performance of the model, in each iteration. Regard-

ing feature extraction using embedded methods, Zhao et al. [126] adopted 1-norm SVM

to optimize the selection of relevant feature subsets while training an SVM classifier.
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Huynh et al. [30] utilized a Tree-based model (i.e., RF) with a mean decrease accuracy

method to assess feature importance and determine a minimal set of features that can

achieve the highest accuracy.

Apart from feature selection, another approach to reduce the dimension of the feature

vector is dimensionality reduction. Unlike feature selection which selects and removes the

features without changing them (i.e., the feature set after feature selection is actually a

subset of the original set), dimensionality reduction aims to transform the original feature

set into another lower-dimensional space, while retaining the meaningful properties and

information. For instance, Tong et al. [221] used principal component analysis (PCA)

to map the extracted EEG features into another set of the coordinate system with

lower-dimensional space to achieve a reduction of feature dimensions. Xing et al. [29]

also adopted the PCA method to reduce the original 199 features of the pupil diameter

variation to 31 main features in order to reduce computing time and improve the final

model performance.

2.3.2.2 Deep Feature Extractors

Although manual feature engineering has yielded good results, it is an empirical-based

intervention, and the extracted handcrafted features are typically domain-specific, mean-

ing that they do not generalize well to different application scenarios [222, 223]. Fur-

thermore, as mentioned above, handcrafted-based approaches often rely on statistical

variables as discriminating features, which neglects the function of the non-linear fac-

tors and lacks the abstraction ability of high-level feature associations. Moreover, while

feature selection and dimensionality reduction are capable of filtering the less correlated

features and avoiding the “curse of dimensionality”, studies have found that it leads to

the discarding of large amounts of informational cues [224]. Specifically, given the com-

plexity of human emotions, some filtered “noisy ” features may still contain important

information like compound emotional cues.

In order to avoid these restrictions and build more flexible models, researchers have re-

cently attempted to develop various high-level feature extractors based on deep learning

approaches. Generally, there are three main categories of deep feature extractors. One is

based on convolutional neural network (CNN) architectures. This method typically uses

classical CNN networks (e.g., AlexNet [182] or VGG16/19 [183]) as the base model, and
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aims to capture fine-grained feature patterns by local-perceiving convolutional kernels

and weight-sharing translation equivariance [225]. Specifically, CNN is a hierarchical

model that consists of multiple convolutional layers and pooling layers. A convolutional

layer is composed of a stack of convolution operations, where multiple small arrays of

numbers, called kernels, are applied to form an arbitrary number of feature maps, which

represent different characteristics of the input. A pooling layer provides a downsam-

pling operation that reduces the in-plane dimensionality of the feature maps in order to

introduce a translation invariance to small shifts and distortions [226]. Sharma et al.

[163] used a pre-trained VGG19 on facial data to extract the features, which provided

a total number of 1000 features as output. Zhou et al. [181] adopted three convolution

layers and three average pooling layers to extract features of ECG signals. Wu et al. [64]

selected ResNet18 [227] as the base model and tailored it according to the application

scenario. Specifically, they first considered the computation overhead and shrank the

input size of the model from 224 ∗ 224 pixels to 64 ∗ 64 pixels. Second, in order to

ensure the model can still learn fine-grained feature maps, they applied a 3 ∗ 3 kernel

and removed the pooling layer at the beginning of the network. Then, they extended

the network to 26 layers to maintain the model’s extracting ability. Finally, their mod-

ified feature extractor could achieve 4 times faster speeds and only drop 5.3% accuracy

compared to the original ResNet18, which makes it more suitable for mobile computing.

Chong et al. [98] chose two light-weighted CNN networks, named mini-Xception [228] and

TextCNN [229], as the basic models. They first used the fer2013 dataset [230] and NLP

& CC 2013 dataset to respectively pre-train the mini-Xception model and the TextCNN

model, and then finetuned them using their own collected mobile chatting data. On this

basis, they extracted the output probabilities (P (emotional states|facial expression)

and P (emotional states|text message)) as the representations for facial expressions and

text messages.

Another category of deep feature extractors is based on recurrent neural networks

(RNNs). This type of extractors is usually used to extract features from time series-

sensing data, with numerous variations (e.g., long short-term memory (LSTM) [231],

or gated recurrent unit (GRU) [232]). They are distinguished by their “memory”

as they can take information from prior inputs and remember or hold the important

parts, thus influencing the current input and output. Unlike traditional deep neural
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networks that assume the inputs and outputs are independent, the output of recur-

rent neural networks depends on the prior elements within the sequence, which enables

them to form a much deeper understanding of a sequence and its context. Tizzano

et al. [233] adopted an LSTM-based feature extraction module, which consists of two

35-unit LSTM layers. By feeding time-series 7-dimension (3 for accelerometer, 3 for

gyroscope, 1 for heart rate) vectors, the module could output the learned feature rep-

resentation. Similarly, Zhang et al. [177] constructed a two-stack LSTM network for

feature extraction. Specifically, their developed network is composed of an input layer,

two LSTM layers, and an output layer. The input of the input layer is a time-series vec-

tor TS = {TS1, TS2, ..., TSQ}. Different from the conventional operation that directly

takes the last output of the last LSTM layer as the feature vector (i.e., many-to-one

LSTM), they firstly set both LSTM layers to output the full sequence (i.e., many-to-

many LSTM) and obtained another set of time-series prediction vector with the same

length in the output layer T̂ S = { ˆTS1, ˆTS2, ..., ˆTSQ}, where T̂ S is regarded as the pre-

dicted value of TS. Then by utilizing L-BFGS optimizer with the mean squared error

(MSE) loss function ( 1
Q

∑Q
q=1 (TS − T̂ S)

2
), they trained the two-stack feature extrac-

tion network preliminarily to capture the temporal dependency of the input time-series

data. After the model converges, they finally took the hidden vector of the last LSTM

cell in the second LSTM layer as the feature vector of the input time-series data.

Autoencoders (AE) are also popular neural networks for feature extraction. Unsuper-

vised representation learning is the main advantage of this method. Generally, it consists

of two parts, an encoder and a decoder. The encoder takes the original data sequence as

input and compresses it to a lower-dimensional latent-space representation containing

the essence of the input data, while the decoder tries to reconstruct the output from

this reduced representation and make it as close as possible to its original input. Once

the autoencoder has been well trained, the latent-space representation can be used to

represent the feature of the input data. Ghosh et al. [116] used an LSTM-based encoder-

decoder architecture for representation learning of raw keyboard interaction patterns.

After minimizing the loss between the input sequence and the output sequence, they

removed the decoder and used the output of the encoder as a representation vector.

Beyond the basic encoder-decoder architecture, Wampfler et al. [115] and Li and Sano

[97] respectively used three variations, variational autoencoder (VAE), denoising autoen-

coder (DAE) and recurrent autoencoder (RAE), to improve the robustness and richness
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of the condensed information. Baghdadi et al. [144] leveraged the sparse autoencoder

(SAE) that introduces the sparsity constraint on the hidden layers to find the most

relative feature patterns matched with the input. After having the latent vector, they

used it as the EEG feature representation.

In addition, there are other types of deep feature extractors. For example, Zhao et al.

[234] combined CNN and RNN as a type of compact feature extractor for speech data.

Specifically, they first used a binary convolution neural network to extract higher-level

feature representations from log-mel spectrograms, and then fed them into a binary

recurrent neural network to further learn contextual associations. Jiang et al. [235]

proposed a hierarchical attention-based network as a feature extractor. Specifically, they

first used bidirectional GRUs with an hourly-level attention mechanism to extract and

aggregate important hidden states as daily representations. They then used the same

bidirectional GRUs but with a daily-level attention mechanism to derive the overall

representation of sensor data as the final feature vectors.

2.3.2.3 Summary

An overview of mobile emotion sensing methods used in the learning phase, described

by the modality used, extractor category, and feature representations, is presented in

Table 2.2 (including the research work presented in this thesis). We also provide a

visual representation of the different modalities used for this phase (shown in 2.3).

Overall, we find that handcrafted extractors are still the mainstream of feature engi-

neering. In the reviewed research, more than 80% of papers used handcrafted features

as representations. In addition, although some researchers have begun to explore deep

feature extractors in the mobile emotion sensing domain, the current approaches are still

focused on elementary deep learning models compared with studies in a broader affective

computing domain. This is likely due to the fact that modern deep models contain a

large number of training parameters and involve complicated computations that require

significant computational and memory resources. As a result, they need additional net-

work compression and acceleration techniques to enable efficient deployment on mobile

and embedded devices [236].
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Furthermore, we note that: (1) for Facial Expression, handcrafted extractors are mainly

focused on the tracking of feature points on facial landmarks, POIs, or expression con-

tours; (2) for Speech, its handcrafted features can be grouped into four categories, con-

tinuous features, qualitative features, spectral features, and TEO-based features (we

used these categories based on [237]); (3) for Body Movement & Activity, its related

handcrafted extractors focus primarily on time-domain features, while the combinations

of time-domain and frequency-domain features are more leveraged for Physiology ; (4)

for Environment, location information is the most commonly used as handcrafted fea-

ture representations; (5) for deep feature extractors, CNN- and RNN-based networks

are used more frequently.
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Table 2.2: Overview of mobile emotion sensing research conducted on the learning phase.

Modality Category Feature Reference

Facial Expression

Handcrafted

AUs-based [106, 108, 163, 180, 238]

eigenvector-based [160, 202, 239]

landmarks/POIs/feature points-based
[63, 102, 104, 107, 108]

[157, 161, 162, 180, 240, 241]

histogram-based [101, 107, 197, 200]

facial EMG-based [108–110]

Deep

CNN-based [98, 100, 105, 163, 242–244]

RNN-based [245]

Attentional RNN-based [2](Chapter 5)

Ocular Sign
Handcrafted

time-domain & frequency-domain [29]

time-domain [173]

Deep CNN-based [64, 246]

Speech

Handcrafted

spectral-based [156, 157, 243, 247, 248]

continuous & voice quality [165]

continuous & spectrum-based [164]

continuous & spectrum-based & TEO-based [113]

Deep
RBM-based [73, 249]

CNN-based & RNN-based [234]
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Table 2.2: Overview of mobile emotion sensing research conducted on the learning phase.

Modality Category Feature Reference

Speech Deep
Attentional RNN-based [2](Chapter 5)

Transformer-based & RNN-based [250]

Typing&Touch

Handcrafted

keystroke event [80, 210]

touch event [30, 117, 118, 121, 173]

handwriting event [123]

keystroke & touch event [93, 119, 120, 122]

Deep
AE-based [115, 116]

Attentional RNN-based [2](Chapter 5)

Body Movement&Activity

Handcrafted

time-domain

[15, 30, 81, 89, 94]

[160, 166, 168, 170]

[172, 173, 176, 178–181]

time-domain & frequency-domain [124, 164, 167]

time-domain & frequency-domain & wavelet-domain [82]

time-domain & frequency-domain & phase-domain [211]

Deep

RNN-based [177, 233]

AE-based [97]

Attentional RNN-based [235]
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Table 2.2: Overview of mobile emotion sensing research conducted on the learning phase.

Modality Category Feature Reference

Physiology

Handcrafted

time-domain

[88, 138, 139, 150]

[161, 162, 166, 168]

[176, 180, 202, 238, 251, 252]

frequency-domain [142, 143, 253, 254]

time-domain & frequency-domain

[30, 128, 133, 140, 144]

[147–149, 163, 167, 170]

[211, 218, 239, 255–261]

time-domain & nonlinear [15]

time-domain & frequency-domain & nonlinear
[87, 126, 127]

[135, 136, 262, 263]

time-domain & frequency-domain & space-domain [129]

Deep

CNN-based [16, 131, 146, 181, 264–266]

RNN-based [233, 267]

AE-based [97, 144, 265]

Attentional RNN-based [2](Chapter 5)

Transformer-based [250] [3](Chapter 6)
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Table 2.2: Overview of mobile emotion sensing research conducted on the learning phase.

Modality Category Feature Reference

Device Usage
Handcrafted

logs

[63, 89, 90, 94]

[151–153, 165]

[171, 177, 179, 181]

time-domain [178]

time-domain & frequency-domain [154]

Deep CNN-based [98]

Environment
Handcrafted

location-related [90, 155, 172, 177, 181]

communication-related & location-related [89]

illumination-related & communication-related & location-related [178, 179]

noise-related & illumination-related & location-related [94]

illumination-related & location-related & meteorology-related [93]

noise-related & location-related & meteorology-related [176]

Deep RNN-based [177]

POI: Points of Interest; LBP: Local Binary Pattern; TEO: Teager energy operator; RBM: Restricted Boltzmann Machine.
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Figure 2.3: Visual representation of the different modalities used for mobile emotion
recognition. Fa: Facial Expression; Oc: Ocular Sign; Sp: Speech; T&T: Typing&Touch;
B&A: Body Movement & Activity; Ph: Physiology; DU: Device Usage; En: Environ-

ment.

2.3.3 Inference

Inference is the last stage in a mobile emotion sensing framework. In this stage, feature

representations are finally mapped to emotional states; in other words, a connection

is established between feature vectors and human emotions. Two major categories of

inference methods are typically used [60]. One is classical machine learning methods,

in which Naive Bayes (NB), Logistic Regression (LoR), Decision Tree (DT), kNN, and

SVM are typical representatives. The other is deep learning methods, in which multilayer

perceptron (MLP) is the frequently-used standard network. Coupled with different loss

functions (e.g., cross entropy or mean squared error loss function), it can accomplish

either classification or regression tasks. Here, we classify the fully connected or dense

layers that usually connect below the deep feature extractors as the MLP inference

network.
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2.3.3.1 Classical Machine Learning Methods

Machine learning algorithms are the most commonly utilized method in deriving prob-

able emotional states. Their usual learning paradigm is to build correlations between

features and manually annotated emotion labels; also known as supervised learning.

Some typical methods include SVM, kNN, LoR in emotion classification, and Support

Vector Regression (SVR), Linear Regression (LiR) in emotion regression. For example,

Shi et al. [179] built six classifiers including SVM, kNN, DT, AdaBoost, RF, and Gradi-

ent Tree Boosting (GTB) based on 116-dimensional handcrafted features. They carried

out contrast experiments on both hybrid data and personal data of twelve participants

to recognize emotional states based respectively on the discrete and dimensional emo-

tion models. Their experimental results showed a recognition accuracy rate of 65.91%

with hybrid data and 70.00% with personal data on five discrete emotions (happiness,

sadness, fear, anger, and neutral), and 72.73% with hybrid data and 79.78% with per-

sonal data on a five-level valence scale (high displeasure, displeasure, neutral, pleasure,

high pleasure), when using the RF classifier. In another example, LiKamWa et al. [90]

considered emotional state as an underlying and slow-changing affect, and averaged all

self-report ratings in each calendar day as the labels of the inference engine. They

applied a least-squares multiple LiR on the feature table to perform the inference mod-

eling, and evaluated the robustness of their system using leave-one-out cross-validation

on two dimensions of emotion respectively. They achieved 93.1% estimation accuracy

of daily pleasure averages and 92.7% estimation accuracy of daily activeness averages

with a squared error under 0.25 using a personalized model. However, the estimation

accuracy was significantly lower (66%, 67%) when using a general model. They further

proposed a hybrid approach by incorporating personal data with prior knowledge from

the instantiated general model, which performed with 72% accuracy with only 10 days

of personalized training data.

In addition to these supervised methods, there is another group of machine learn-

ing methods that aim to discover the inherent distributions or hidden patterns in

data without human intervention; this is known as unsupervised learning. Clus-

tering is a major example, and groups data based on their similarities or differ-

ences. For example, Tizzano et al. [233] used the Gaussian Mixture Model (GMM)
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to model the input data by estimating the parameters of a series of multidimen-

sional Gaussian probability distributions to maximize the observing probability of

those data. Specifically, they first built one GMM for each of the emotion classes

to fit the input training data points, and then evaluated the classification of a new

testing data point by checking the log-likelihood obtained from these trained mod-

els, that is, output = argmax{GMMclass1(x), GMMclass2(x), ..., GMMclassc(x)}, where

GMMclassc(x) = ln p(X|µc,Σc). Similarly, Lu et al. [113] also applied GMM as an infer-

ence framework. The framework created one GMM for each class (i.e., stress and neu-

tral), and made decisions based on the likelihood function p(X|λ) of each class with equal

prior, where X is the acoustic feature vector and λ(w, µ,Σ) is the weight, mean, and

covariance matrix parameters of the GMM model. They then investigated an adapta-

tion model based on a non-iterative Maximum A Posteriori (MAP) scheme and achieved

81% and 76% accuracy for indoor and outdoor environments respectively. Their results

demonstrated that the universal stress model can be customized well to different users

and scenarios by using few new observation data.

2.3.3.2 Deep Learning Methods

Regarding deep learning-based inference networks, there are various structures such as

MLP, CNN, RNN, etc. Among them, CNN and RNN along with their variations often

serve as classifiers for inference. Alternatively, MLP (loosely referring to any feedforward

Artificial Neural Network (ANN)) is a popular choice that can be implemented in a

straightforward and simple way. It relies on multiple layers of perceptrons (or hidden

layers) to learn the mapping function between input and output, f(·) : Rinput → Routput.

In each perceptron, there are a set of nonlinearly-activating neurons, which transform

the values from the previous layer with a weighted linear summation, followed by a

non-linear activation function to output the activated value: φ(wTx + b). For example,

Gruebler and Suzuki [110] used manually extracted EMG features as affective vectors,

and trained a two-layer feed-forward MLP to differentiate between smiling, frowning,

and the absence of both. They set four neurons in the hidden layer, and used sigmoid

as the activation function. By using back-propagation tuning, they achieve a high facial

expression recognition rate on the side of the face.
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Similarly, Schmidt et al. [131] built the four-layer MLP inference network for the CNN

feature extractor. They used four fully-connected layers with the first three Relu and

one last softmax as non-linear activation functions and achieved an average 45.5% mean

F1 score over four different tasks (arousal, valence, stress, and state-trait anxiety in-

ventory). In addition, they attempted to extend the single-task architecture to the

multi-task architecture through sharing two fully-connected layers followed by multiple

output branches, with the aim to predict labels of all tasks simultaneously. After train-

ing, their multi-task system also reached a comparable performance when compared to

the single-task system. Golgouneh and Tarvirdizadeh [263] applied MLP and radial ba-

sis function (RBF) ANNs for continuous measurement of the stress index. By choosing

40 neurons for the hidden layer, their trained models could estimate the stress index

with the correlation coefficient values of 0.86 and 0.74 and the average relative error of

0.35 and 0.42 on a subset of the combined features of PPG and GSR signals.

Moreover, there are other types of deep learning-based inference networks. Li and Sano

[97] built a 2-layer stacked LSTM followed by a single dense layer as the generalized

prediction model to forecast users’ well-being states (scaled between 0 to 100). By

feeding on daily-level temporal features auto-learned through a hierarchical recurrent

autoencoder, the prediction mean absolute error (MAE) values of their general model

reached 18.1 ± 0.3 for emotion (sadness and happiness), 19.3 ± 0.8 for health (sickness

and health), and 19.9± 0.5 for stress (stress and calm). In another example, Ravindran

et al. [258] leveraged a CNN architecture as the classification framework. They set three

convolution-pooling blocks with Tanh non-linearity as an activation function followed by

a global average pooling layer, to classify handcrafted HRV features on three emotional

dimensions. After 5-fold cross-validation, they obtained a binary mean accuracy of over

60% on valence, arousal, and dominance. In addition, Baghdadi et al. [144] added a

softmax layer on relevant EEG features to perform the classification task for anxious

state detection. For self-assessment-based labels, they achieved 83.50% and 74.60%

accuracy respectively for 2 and 4 anxiety levels detection.

2.3.3.3 Multimodal Fusion

With the shift toward increasingly multimodal emotion sensing systems, various fusion

methods for data collected from multiple sources have been proposed by researchers.
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Current multimodal fusion strategies for mobile emotion sensing can be summarized

into two categories: feature-level fusion, and decision-level fusion.

Feature-level fusion is the most common method, in which features extracted from differ-

ent modalities are directly concatenated to form the joint feature representation. Then,

the combined feature representations are used as inputs to the final emotion inference

network. Because the fusion process comes before the inference stage, this fusion method

is also called early fusion. For example, Pham and Wang [162] learned a joint representa-

tion across PPG signals and facial expressions to recognize people’s emotional responses

to mobile videos. Each modality was separately encoded with manual feature engineer-

ing and then merged to a joint representation by using a feature-level fusion approach.

After that, a user-independent general model was evaluated on nine emotional response

metrics by building an SVM binary classifier and utilizing the leave-one-subject-out

method. Although feature-level fusion is easy and straightforward to implement, this

method is often criticized for ignoring the synchronization among different modalities,

especially when considering their differences in time formats and metric levels. Recently,

Zhang et al. [177] considered synchronization among modalities, and made an improve-

ment on feature-level fusion. They aligned data at the time-session level and adopted

a hierarchical attention mechanism to incorporate feature sets from different sensors.

Taking the extracted features from an individual sensor as input, they first leveraged an

attention layer on the session-level to fuse them into a specific sensor feature represen-

tation. They then leveraged another attention layer on the sensor-level to further fuse

the feature representation of each sensor to output a multi-sensor representation. After

this step, they utilized MLP and a sigmoid function to obtain a prediction for emotion

instability whose score was quantified by self-reported six basic emotion states (Ekman’s

emotion model).

Decision-level fusion aims to combine the independent results from different single

modality inference networks and make a final decision via some algebraic rules. Be-

cause this fusion process comes after the inference stage, this method is also called late

fusion. For example, Alam and Riccardi [268] applied a majority voting strategy for

decision-level fusion in their study. They trained five SVM classifiers on five feature

sets respectively, and then combined the decisions from these classifiers by majority

voting. Their experiments demonstrate that the decision combination provided signifi-

cantly better results compared to the results of any single feature set in personality traits
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prediction. In addition to these simple algebraic rules, some studies have also leveraged

specific learning algorithms to fuse the decision results. Adibuzzaman et al. [160] used

the Näıve Bayes algorithm to fuse the modalities of facial expression and energy expen-

diture of body movement at the decision level. Specifically, they used the conditional

error distributions of each classifier to approximate the uncertainty of each classifier’s

decision. The final combined decision of emotional state was the weighted sum of all

individual outputs. Sharma et al. [163] used Ensemble Learning (EL) to combine deci-

sions from the modalities of facial expressions and physiological signals to improve the

overall performance of their approach. They designed seven different algorithms (linear,

radial, and polynomial kernels of SVM and Gaussian processes, and a M5 model tree)

for each modality, and obtained the fused results for cognitive assessment by using a

weighted average from all the inference algorithms. Nevertheless, as different modali-

ties are trained independently, decision-level fusion lacks the ability to learn the mutual

correlations among modalities and the fusion process is relatively time-consuming.

2.3.3.4 Summary

An overview of mobile emotion sensing research conducted on the inference phase, de-

scribed by the task category (classification or regression), fusion approach, used inference

method, measured emotions and experimental performance, is presented in Table 2.3 (in-

cluding the research work presented in this thesis).

Overall, we find that ML methods are the most extensively used inference structures.

This is largely due to the fact that many of these ML methods are easier to imple-

ment, need less training data, and many software libraries such as scikit-learn, Weka,

and OpenCV provide ready-to-use base ML structures. Furthermore, faster conver-

gence speed and lower hardware requirements are also important benefits. Even for

neural network-based feature extractors, ML methods can also be used as trade-off in-

ference networks or baselines [98, 146, 163, 233]. Regarding multimodal fusion strategies,

feature-level fusion has seen much wider use than decision-level fusion. In large part, this

is because feature-level fusion enables the implementation of end-to-end architectures

that have no need for extra pre-processing and feature extracting steps. This has prac-

tical significance for real-world deployment. On the contrary, decision-level fusion needs

repetitive training for different classifiers, which is time-consuming and unfavourable
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for real-time predictions. Among the papers we surveyed, over 72.2% used feature-level

fusion (i.e., early fusion) in ML-based models, compared to 83.3% in DL-based models.

In most cases, emotion sensing is considered a classification problem, and the target

of the proposed system is based on the discrete emotional theory. However, recently

the dimensional emotional theory has increasingly drawn more attention due to its ad-

vantages [54], and researchers have attempted to explore the mobile emotion sensing

problem from both a classification and a regression point of view. For example, by

directly using continuous arousal/valence values or an average value over time as in-

ference labels, taking a look at emotion sensing problems from a regression point of

view [90, 97]; or by using thresholds to segment the continuous arousal or valence scales

into different independent parts, realizing simple classification on the dimensional emo-

tion model [87, 115]. Finally, regarding experimental performance, the accuracy of most

studies has reached over 70 percent, while considering a plethora of different inputs and

outputs. Nevertheless, it is important to note that these results are mostly based on

existing public or self-collected laboratory data, which lacks thorough validation in re-

alistic everyday scenarios. Therefore, there is still considerable ground to be covered

before current emotion sensing technology can be integrated into everyday mobile and

embedded devices.
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Table 2.3: Overview of mobile emotion sensing research conducted on the inference phase.

Task Fusion Method Emotions Performance Reference

ML cla
feature

SVM

laughter, non-laughter
Acc: 81%, Pre: 82%,

Rec: 81%, F1: 80%
[166]

relaxation, stress, fatigue Acc: 99.52% [211]

six basic emotions, neutral Acc: 97.26% [157]

Factor Graph compound emotions EM: 76.0% [94]

BN six basic emotions, neutral Acc: 67.52% [93]

LoR anger, not anger RMSE: 0.984 [165]

RF

six basic emotions, neutral F1: 79% [63]

three-level engagement Acc: 85%, 77% [30]

anger, fear, happiness, sadness, neutral

five-level valence

Accdis p: 70.00%,

Accdis g: 65.91%,

Accdim p: 79.78%,

Accdim g: 72.73%

[179]

GB, DT, RF, SVM happiness, stress

Acchap: 88.42%,

F1hap: 86.18%,

Accstr: 73.94%,

F1str: 63.47%

[176]

decision NB six basic emotions Acc: 93% [160]
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Table 2.3: Overview of mobile emotion sensing research conducted on the inference phase.

Task Fusion Method Emotions Performance Reference

ML cla

decision

SVM anger, happiness, sadness, neutral Acc: 87% [156]

HMM
six basic emotions, neutral

positive, negative

Acc: 51.64%

Acc: 76.25%
[98]

RF
anger, fear, happiness, sadness, neutral

arousal, valence

F1p: 52.5%, 77.6%, 80%

F1g: 19.5%, 45.9%, 51.2%
[260]

hybrid SVM, DT, kNN nine emotional states Acc: 82.6% [161]

single SVM

six basic emotions, neutral Acc: 87% [197]

relaxation, stress Acc: 79%, 75% [146]

depression Acc: 90% [152]

normal, smile, anger Acc: 80.6% [107]

six basic emotions, neutral, contempt Acc: 92.8% [106]

anger, joy, pleasure, sadness

Accp: 87%, Accg: 72.3% [126]

Acc: 54.8% [127]

Acc: 54.55%, 81.82%

Acc: 30.00%, 63.64%
[259]

arousal, valence

Acc: 73.64%, 74.41% [256]

Acc: 76% [257]

Acc: 70% [123]
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Table 2.3: Overview of mobile emotion sensing research conducted on the inference phase.

Task Fusion Method Emotions Performance Reference

ML cla single

SVM

anger, happiness, sadness, surprise Acc: 89.85% [200]

affect, arousal, valence peak F1: 86%, 88%, 86% [120]

arousal, valence Acc: 75.56% [87]

NB
five-level frustration Acc: 80.3% [150]

arousal, valence Acc: 86.60% [119]

GMM stress, neutral Acc: 81%, 76% [113]

kNN

arousal, valence Acc: 53.6% ∼ 69.9% [148]

three-level stress Acc: 85.3% [263]

mind wandering Acc: 71.22% [128]

positive, neutral, negative Acc: 97% [252]

XGBoost arousal, valence Acc: 68.4%, 80.1% [262]

RF

funny, not funny AUC: 73% [218]

relaxation, stress
Acc: 84.13% [149]

Acc: 71% [133]

stress, anxiety, depression Acc: 73.4%, 73.4%, 74.1% [118]

happiness, relaxation, sadness, stress AUC: 73% [80]

DT
anger, happiness, pain, sadness Acc: 65% [139]

enjoyment, frustration Acc: 87.90%, 89.45% [154]
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Table 2.3: Overview of mobile emotion sensing research conducted on the inference phase.

Task Fusion Method Emotions Performance Reference

ML

cla single

DT arousal, valence Acc: 72.54%, 68.21% [143]

SVM, HMM six basic emotions
Acc: 70.6% (SVM)

Acc: 65.2%(HMM)
[102]

SVM, RF six basic emotions Acc: 86% ∼ 95% [82]

SVM, AdaBoost stress Acc: 92.05% [135]

J48, kNN
sadness, dislike, joy, stress, normal

no-idea, positive, negative

Accsix: 92.64%, 94.39%

Acctwo: 95.53%, 96.73%
[269]

BN, kNN, C4.5 stress Acc: 67.86%, 87.56%, 74.26% [122]

GBDT, RF, SVM positive, negative Acc: 81.3% [129]

NB, BN, SL, C4.5

BFTree, NBTree
six basic emotions, neutral

F1: 57% (overall)

F1: 82% (DT-based)
[121]

reg

feature

RiR

tenseness, excitement, happiness,

relaxation, tiredness, boredom,

upset, stress

MAE: 0.7631 [172]

LiR
pleasure

activeness

MSEp: 0.075, MSEg: 0.296

MSEp: 0.085, MSEg: 0.289
[90]

single
SVM arousal, valence CC: 0.614, 0.610 [29]

AdaBoost, RF arousal, valence Acc: 65.7%, 82.2% [155]
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Table 2.3: Overview of mobile emotion sensing research conducted on the inference phase.

Task Fusion Method Emotions Performance Reference

ML reg single SVR, ANFIS stress index CC: 0.89, 0.93 [263]

DL cla

feature

MLP
emotion instability Acc: 78.33%, F1: 77.78% [177]

positive, negative Acc: 89.2%, AUC: 86% [2](Chapter 5)

FFNN, LSTM happiness, stress
Acchap: 64.74%, F1hap: 64.74%

Accstr: 66.11%, F1str: 66.11%
[176]

Conformer arousal, valence
Macro F1: 77.37%, 69.11%

UAR: 79.42%, 80.6%
[3](Chapter 6)

decision LSTM
anger, fear, happiness, sadness, neutral

arousal, valence

F1p: 63.1%, 77.6%, 80.5%

F1g: 34.8%, 68.6%, 64.4%
[260]

single MLP

smile, neutral – [109]

binary-level stress,

five-level stress

Accb: 76.61%, Preb: 67.96%

Recb: 90.91%, F1b: 77.78%

Accfive: 47.57%

MicroF1five: 47.57%

MacroF1five: 47.06%

[235]

binary-level anxiety,

four-level anxiety
AUC: 83.50%, 74.60% [144]

happiness, relaxation, sadness, stress AUC: 84% [116]
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Table 2.3: Overview of mobile emotion sensing research conducted on the inference phase.

Task Fusion Method Emotions Performance Reference

DL

cla single

MLP

anger, fear, happiness,

pleasure, neutral
Acc: 75.3% ∼ 88.64% [140]

anger, frustration,

happiness, sadness, neutral
Acc: 61.9% [234]

five-level valence Acc: 86.9% [100]

arousal, valence, dominance AUC: 82%, 84%, 82% [115]

arousal, valence, stress,

state-trait anxiety inventory
mean F1: 45.5% [131]

CNN
arousal, valence, dominance Acc: 60.1%, 61.9%, 62.6% [258]

arousal, valence Acc: 71.25%, 77.57% [16]

reg

feature LSTM, LiR emotion, health, stress

MSEemo p : 14.1 ± 0.2

MSEhea p : 12.4 ± 0.3

MSEstr p : 15.0 ± 0.3

MSEemo g : 18.1 ± 0.3

MSEhea g : 19.3 ± 0.8

MSEstr g : 19.9 ± 0.5

[97]

single
MLP arousal, valence CC: 0.265, 0.209 [29]

MLP, LSTM arousal, valence – [247, 248]
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Table 2.3: Overview of mobile emotion sensing research conducted on the inference phase.

Task Fusion Method Emotions Performance Reference

DL reg single MLP-ANN, RBF-ANN stress index CC: 0.86, 0.74 [263]

hybrid: feature-level fusion + decision-level fusion; single: single modality; BN: Bayesian Network; HMM: Hidden Markov Model; GB:

Gradient Boosting; GBDT: Gradient Boosting Decision Tree; SL: Simple Logistic; BFTree: Best-First Decision Tree; NBTree: Näıve

Bayesian Decision Tree; RiR: Ridge Regression; AdaBoost: Adaptive Boosting; XGBoost: eXtreme Gradient Boosting; ANFIS: Adaptive

Neuro-Fuzzy Inference System; FFNN: Feedforward Neural Network; Conformer: Convolution-augmented Transformer; Acc: Accuracy; Pre:

Precision; Rec: Recall; Macro-F1: Average F1 score; UAR: Unweighted Average Recall; EM: Exact Match; RMSE: Root Mean Square Error;

AUC: Area Under the ROC Curve; CC: Correlation Coefficient; Subscript p: personalized model; Subscript g: generalized model; Subscript

dis: discrete emotions; Subscript dim: dimensional emotions.



Chapter 3

Methodology

This chapter describes the methodological decisions made in planning the research pre-

sented in this thesis. Specifically, we explain the motivations behind specific decisions

adopted in experiment design, model development, and quantitative data analysis. Fur-

thermore, we discuss ethical considerations associated with our experiments. This chap-

ter focuses primarily on methodological factors that pertain throughout this thesis to

ensure the continuity and rationality of our studies. More detailed descriptions of the

methods used in each study can be found in the corresponding articles in subsequent

chapters.

3.1 Research Approach

Through the literature review, we found that an increasing number of commercial plat-

forms now offer cloud-based processing via Application Programming Interfaces (APIs)

or Software Development Kits (SDKs), enabling developers and researchers to incorpo-

rate emotion recognition capabilities in their applications. Thus, we first focused on

these off-the-shelf emotion recognition systems, and aimed to establish a replicable as-

sessment method regarding their application potential in real-world scenarios. In Article

I, we selected five prominent commercial facial emotion recognition systems - Amazon

Rekognition, Baidu Research, Face++, Microsoft Azure, and Affectiva. Each of them

can be applied to mobile platforms and are capable of recognizing at least six basic

emotion categories. We designed two experiments for evaluating these platforms: (1)

57
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Experiment 1 leveraged standardized facial expression photos as the independent vari-

able, and investigated and compared the five systems’ performance; (2) Experiment 2

adjusted the input variables by adding common distortions, and examined how image

distortions that often occur during phone use in the wild affect system performance. To

simulate realistic distortions, we first identified five potential events that can lead to

the poor quality of facial expressions taken by mobile phone cameras in real-world sce-

narios, i.e., rotation, partial face, brightness, blur, and noise. Then we manipulated the

facial images of Experiment 1 to reflect these five events. On this basis, we conducted

a quantitative study of the reduction in performance of each facial emotion recognition

system using manipulated images. We found that there are some limitations for current

commercial emotion recognition systems in terms of meeting robustness, accuracy, and

overall performance requirements, which may limit the usefulness of such systems in

real-world applications.

In order to develop more robust mobile emotion recognition systems, we applied a multi-

modal structure, and extracted high-level informative features and associations through

deep learning structures. In Article II, we first introduced a hybrid deep multimodal

system for extracting high-level features from both behavioral and physiological signals

collected from off-the-shelf smartphones and wearable wristbands. It uses LSTM struc-

ture to capture temporal features from each input signal and constructs fine-grained

modality representations. Considering that not all signals contribute equally to the final

modality representation (e.g., not all frames have the same importance in the visual

representation), we further introduced a feature attention mechanism to assign differ-

ent importance weights and teach the model dynamic attention. We then concatenated

all modality feature representations, used a multi-layer deep neural network to learn

cross-modality associations, and classified emotions via a sigmoid classifier. Addition-

ally, to evaluate the recognition capability regarding spontaneous emotions, we designed

a replicable experimental protocol based on mobile devices, which utilizes visual stim-

uli to induce participants’ emotions and mobile devices to collect spontaneous emotion

responses. The experiment consists of four tasks: emotion induction, self-report, typing

task, and speaking task. The following information is recorded: (1) facial features and

three types of physiological data (BVP, EDA, and SKT) via smartphone front-facing

camera and wristband respectively in emotion induction task; (2) manual labeling in
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self-report task; (3) keystrokes data via Gboard1 in typing task; and (4) audio data

via smartphone microphone in speaking task. Based on this protocol, we conducted a

user study with 45 participants, and collected a multimodal spontaneous mobile emotion

database for further evaluation.

In Article III, we proposed a hierarchical mobile emotion recognition system that aug-

ments convolutions with self-attention to select representative features and learn mu-

tual dependencies. Compared with previous work, the proposed model has the follow-

ing salient characteristics: (1) instead of using RNNs to model dependencies in time-

series data as in previous research, we adopted the Convolution-augmented Transformer

(Conformer) architecture [270] as an encoder to model sequences since it can effec-

tively capture both position-wise local features and content-based global interactions in

a more parameter-efficient way; (2) to extract more expressive features, we designed a

convolutional front-end structure to capture fine-grained feature patterns and focus on

information from different representation subspaces, through local-perceiving convolu-

tional kernels and weight-sharing translation equivariance [225]. Furthermore, in this

study, we adopted the dimensional emotion model and formalized the emotion recogni-

tion as five classification tasks: two-category and five-category classification on arousal

and valence respectively, and a four-category classification on combined arousal-valence

emotion space.

3.2 Data Analysis

The findings presented in this thesis are mainly derived through quantitative methods.

We measured system performances (Article I, II, and III) through different evaluation

metrics according to task requirements. In this section, we outline the quantitative

methods used in the different studies presented in this thesis.

In Article I, we first passed facial images through each system, received the corresponding

emotion attributes, and selected the emotion with the highest confidence or probability

value as the detection label. To evaluate performance, we used accuracy, precision,

recall, and F1-score as evaluation metrics. Moreover, since sometimes the system may

1https://play.google.com/store/apps/details?id=com.google.android.inputmethod.latin&

hl=en

https://play.google.com/store/apps/details?id=com.google.android.inputmethod.latin&hl=en
https://play.google.com/store/apps/details?id=com.google.android.inputmethod.latin&hl=en
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fail to detect a face in the image and thereby return a null response, we also added

detection rate as a measure of the system’s ability.

In Article II, we used deep learning techniques and proposed a novel attention-based

LSTM emotion-sensing system. Compared with traditional machine learning techniques

(e.g., DT or SVM), deep learning techniques can work on raw data and automate fea-

ture extraction and selection without the need to manually construct features [223]. To

comprehensively evaluate the accuracy and robustness of our proposed system, we em-

ployed leave-one-participant-out cross-validation and demonstrated the performance for

each participant. The cross-validation results were then averaged and combined with

the area under the curve (AUC) score as overall performance metrics.

In Article III, we used Conformer structure as the hierarchical encoder to better combine

features extracted from multiple signals. In this study, we chose a publicly available

multimodal affective dataset that uses off-the-shelf and low-cost mobile and wearable

devices for data recordings and focuses on spontaneous emotions during naturalistic

conversations. Since extreme-state emotions happen rarely for most people during usual

communication, this results in imbalanced data distribution in this dataset. For a fair

evaluation, we did not use accuracy as the evaluation metric like most other studies.

Instead, we used the average F1 score (Macro-F1) and unweighted average recall (UAR)

as our evaluation metrics, as they are very sensitive to the classification accuracy of the

minority class. Moreover, we did two generalizability tests to further test the generaliz-

ability of our proposed model.

3.3 Ethical Considerations

We took multiple precautions to manage risks of harm to participants that might have

arisen during the user study described in Chapter 5. The corresponding experimental

procedures received ethical clearance from The University of Melbourne Human Ethics

Advisory Group (Ethics ID: 1955051.1). Next, we detail the steps taken to ensure ethical

conduct.

For this experiment, we aimed to use visual stimuli to elicit spontaneous emotions in

participants. This is a common and effective approach used in Neurophysiology and

Psychology research [271, 272]. We first selected affective pictures from the validated
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subsets of the International Affective Picture System [273, 274] and the Nencki Affective

Picture System [275, 276]. In order to exclude any risks that might be harmful to the

physical and mental health of the participants, we avoided highly disgust-provoking and

fear-provoking pictures, for example, we excluded pictures showing death (e.g. animal

cadavers, bones), blood, or injection. We also explicitly stated that participants have the

right to withdraw from the experiment at any point. In addition, student participants

were informed that their decisions regarding participation in the project or withdrawing

at any stage would not affect their grades.

Before the start of the experiment, we provided our participants with information

through a Plain Language Statement explaining the objectives, procedures, data that

will be collected, how the collected data will be used for the study, and the potential

benefits of the research. Each participant’s consent was established by signing and re-

turning a Consent Form. Participants were given the opportunity to read the consent

form before agreeing to participate in the study. We only commenced the experiment

and data collection once the consent form was signed by the participant.

To ensure that the collected data would not be mapped to the identities of participants,

we did not store and use participants’ names, but used pseudonyms (e.g., P01, P02),

in the experiments and publications. Moreover, regarding data storage and processing,

we stored data on the University’s secure servers, and encrypted it using SSL. Access

to data is controlled through an authentication mechanism, and servers are protected

with firewalls. Participants reserved the right to withdraw from the study at any point

in time without consequences. In addition, all participants have the right to request the

deletion of their data at any time.

3.4 Limitations

Although the studies presented in this thesis were carefully designed and executed, we

acknowledge several limitations.

In Article I, we conducted two experiments in order to assess the emotion recogni-

tion capabilities of five popular commercial facial emotion recognition systems. We

acknowledge that most of these systems will regularly update their frameworks and

corresponding network features and weights, which may improve their performance in
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handling different distortions. However, our proposed assessment method is replicable,

and can be easily used to reassess the effectiveness of these commercial systems or even

automated for future evaluation of updated or new facial emotion recognition systems.

Furthermore, we only assessed the impact of different distortion factors independently.

It is possible that in a real-world scenario, multiple distortion types can occur simulta-

neously. We also acknowledge that there are currently commercial emotion recognition

services that rely on other signals (e.g., speech). However, we chose to evaluate facial

expression-based systems in part because most commercial services are based on facial

expression recognition. In addition, according to our literature review, we found that

facial expression is still one of the widely used modalities when building multimodal

systems.

In Article II, we ran experiments in laboratory settings to explore different usage sce-

narios. Nevertheless, we acknowledge that user behaviors under completely naturalistic

conditions are likely to be more diverse and the collected signals would have more noise,

which may pose a more severe challenge to the system’s disturbance rejection ability.

Additionally, in the experiments, the demographics of the participants were skewed to-

wards young people, which may have had an impact on our findings.

In Article III, the data sample size in the final evaluation dataset is relatively small,

which, to a certain extent, limits the learning ability of our proposed model and may

create an overfitting problem in the training process. While we applied batch normaliza-

tion and dropout function to overcome overfitting and internal covariate shift, a larger

size of data samples could make it easier for the supervised training strategy to correct

the generated biases and produce more robust systems [277]. Thus, further work is re-

quired to collect larger natural and spontaneous emotion datasets based on commercial

mobile and wearable devices.

Furthermore, in Article II and Article III, we did not deploy our systems into real-world

contexts. Future work could develop mobile versions of the proposed systems and install

them on users’ personal devices for real-world user studies.
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3.5 Summary

This chapter provides an overview of the overall methodological approaches used in

the studies presented in this thesis. We quantified the performance comparison regard-

ing different commercial mobile emotion recognition services, and developed two novel

mobile-based multimodal emotion recognition systems. The thesis aims to develop and

improve models and systems for mobile emotion recognition, and advance the develop-

ment of mobile emotion-sensing field. The following Chapters 4, 5, and 6 present original

research articles on this topic, which have been published in peer-reviewed venues.



Chapter 4

Benchmarking Commercial

Emotion Detection Systems

4.1 Introduction

In this chapter, we provide an investigation of the performance and limitations of off-the-

shelf commercial facial expression-based mobile emotion recognition systems. Consider-

ing the diversity and uncontrollable nature of user behaviors and surrounding environ-

ments during in-the-wild smartphone usage, different facial image distortions are quite

likely to occur. For example, in-the-wild facial photos from the front-facing camera may

be only partially visible due to the limited camera view or the occlusion by the user’s

hairs, fingers, and clothing, or be distorted due to motion blur. In recent work [278],

researchers explored how often users hold devices in a way that allows capturing their

faces or eyes. By collecting 25726 in-the-wild photos taken from the front-facing camera

of smartphones, their research shows that the full face is rarely visible in the front-facing

camera’s view, and the state-of-the-art face detection algorithm performs poorly against

the non-ideal photos. Similarly, commodity facial emotion recognition services typically

require full-face and high-quality images for good performance. However, few validation

studies take into account the non-ideal conditions that can arise in real-world scenarios.

Therefore, it is necessary to conduct a comprehensive validation study to explore how

different distortions impact the detection accuracy of these emotion recognition systems.

64
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To fill this gap, we designed two experiments. We manipulated standardized facial

expression images to simulate different possible distortions in the real world and quan-

titatively evaluated each commercial system on these images. Our results show that

each system has its own strengths and limitations under different distortion conditions.

Rather than relying on one specific system, it would be a better choice to apply multiple

systems and route facial images that need to be recognized to different systems based

on the type of distortion. Importantly, our proposed evaluation method can be used for

reliability assessment of future updated or new facial expression-based mobile emotion

recognition systems (we have released our code on github1). Further details of the re-

lated design, analysis, results, and discussion can be found in the attached publication,

Article I.

4.2 Article I

©Copyright is held by Springer-Verlag GmbH Germany, part of Springer Nature. This

is the authors’ version of the work. It is posted here for your personal use. Not for

redistribution. The definitive Version of Record was published in:

Kangning Yang, Chaofan Wang, Zhanna Sarsenbayeva, Benjamin Tag, Tilman Dingler,

Greg Wadley, and Jorge Goncalves. Benchmarking commercial emotion detection sys-

tems using realistic distortions of facial image datasets. The Visual Computer, 37(6):

1447–1466, 2021. URL https://doi.org/10.1007/s00371-020-01881-x

1https://github.com/chickencaesar-yang/Benchmarking-commercial-emotion-detection-systems

https://doi.org/10.1007/s00371-020-01881-x
https://github.com/chickencaesar-yang/Benchmarking-commercial-emotion-detection-systems
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Abstract Currently, there are several widely-used commer-
cial cloud-based services that attempt to recognize an indi-
vidual’s emotions based on their facial expressions. Most re-
search into facial emotion recognition has used high-resolution,
front-oriented, full-face images. However, when images are
collected in naturalistic settings (e.g., using smartphone’s
frontal camera), these images are likely to be far from ideal
due to camera positioning, lighting conditions, and camera
shake. The impact these conditions have on the accuracy of
commercial emotion-recognition services has not been stud-
ied in full detail. To fill this gap, we selected five prominent
commercial emotion recognition systems - Amazon Rekog-
nition, Baidu Research, Face++, Microsoft Azure and Af-
fectiva - and evaluated their performance via two experi-
ments. In Experiment 1, we compared the systems’ accuracy
at classifying images drawn from three standardized facial
expression databases. In Experiment 2, we first identified
several common scenarios (e.g., partially visible face) that
can lead to poor quality pictures during smartphone use, and
manipulated the same set of images used in Experiment 1 to
simulate these scenarios. We used the manipulated images
to again compare the systems’ classification performance,
finding that the systems varied in how well they handled
manipulated images that simulate realistic image distortion.
Based on our findings we offer recommendations for devel-
opers and researchers who would like to use commercial fa-
cial emotion recognition technologies in their applications.

Keywords Affective computing · Facial emotion recogni-
tion · Commercial emotion recognition systems · Non-ideal
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1 Introduction

A basic goal of most affective computing systems is to auto-
matically recognize and react to human affective states dur-
ing interactions with human beings [20]. To this end, emo-
tion recognition is one of the most important sub-tasks of
affective computing [82,87], and has already been used in
many real-world applications, including mental health sys-
tems [112], education systems [104,56], and music recom-
mendation systems [23]. Furthermore, emotions are known
to play a crucial role in human daily lives, as they can aid
decision-making, learning, communication, and situation aware-
ness in human-centric environments [87]. Thus, reliable emo-
tion recognition is seen as crucial for several other research
fields including, but not limited to, Psychology, Social Sci-
ences, and Computer Science.

Over the past few years, a variety of data sources includ-
ing facial expressions, voice, body gestures, and linguistics
have been leveraged for emotion recognition by researchers
and industry [55]. Notwithstanding, given that facial expres-
sions are the primary communication mode of non-verbal
emotional expressions [33,71], this particular data source is
still one of the preferred choices in the emotion recognition
domain. Recently, with the increasing availability of 3D sen-
sors and corresponding devices, researchers are able to ac-
quire 3D dynamic facial expressions [13,14]. This method-
ology has the potential to provide more robust outcomes in
practical applications [21,107].

In our work, we focus on emotion recognition systems
that use 2D facial expressions as their data source. Such sys-
tems have been widely applied with the advent of commer-
cial platforms like Amazon Rekognition [6], Baidu Research
[8], Face++ [101], Google Vision [51], Microsoft Azure [81],
and Affectiva [2]. Most of these platforms offer cloud-based
processing via an Application Programming Interface (API)
or Software Development Kit (SDK) that enables developers
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and researchers to include emotion recognition capabilities
in their applications [59].

However, to the best of our knowledge, only limited re-
search has been conducted on validating the reliability and
accuracy of different facial emotion recognition systems [12,
19,32,98]. Furthermore, these studies have focused on model
performance on selected databases rather than considering
the imperfect conditions that might occur in real-world sce-
narios. For example, given the variation in individual habit-
ual behaviours and the physical restrictions of smartphone
cameras and surrounding environments, it is common that a
user’s face is only partially visible or that the light conditions
are too dark or too bright in photos taken using front-facing
smartphone cameras [64]. In such situations it is currently
unclear which facial emotion recognition system will yield
the best results.

To fill this gap, we conducted two experiments. First, we
utilized three publicly available datasets containing emotion-
labeled high-quality full-face photos to evaluate five com-
mercial automatic facial emotion recognition systems. Then,
we determined possible causes of poor-quality face images
in naturalistic settings (i.e., a person using their smartphone),
and classified them into the following categories: rotation,
partially-visible face, brightness, blur, and noise. We then
evaluated the five commercial automatic facial emotion recog-
nition systems using manipulated images representing dif-
ferent examples of each category.

Thus, the contribution of this paper is three-fold:

(1) We conducted an assessment of five commercial auto-
matic facial expression recognition systems in a variety
of conditions, such as high-quality full-face images and
a variety of poor-quality images;

(2) We identified different scenarios that can lead to poor-
quality phone-camera images taken in real world scenar-
ios, and created a set of images with different poor qual-
ity conditions (e.g., different degrees of blur or noise).
This mechanism can be used in future work aimed at
assessing the reliability of emotion recognition systems
that rely on facial expressions;

(3) We provide recommendations to the research commu-
nity regarding the limitations and emotion recognition
capabilities of each system.

2 Related Work

In this section, we describe research in topics related to our
study, namely emotion recognition, facial emotional expres-
sion, and methods for facial emotion recognition systems.

2.1 Emotion Recognition

Emotional expression refers to how people communicate in-
ternal affective states to others through both verbal and non-
verbal behaviour [3,20,108,47,52,11]. During human com-
munication, people can easily perceive the emotional states
of others from multiple signals, for example, a happy emo-
tional state from a smiley face and positive words, or a sad
emotional state from a slight frown and a tearful tone. How-
ever, it is challenging to enable computers to deduce high-
level affective states from low-level signal cues. This is mainly
because of the gap between the extracted feature representa-
tion and human affective states, or the complexity of fusion
patterns of different features [66,54,42].

Over the years, several approaches and algorithms have
been proposed to detect people’s emotional states. Some of
them are based on the classification and analysis of facial ex-
pression including 2D and 3D representations [80,94,95,13,
14], body language or posture [27,79,49], speech [72,96],
written text [4,74] and physiological signals [57,5]. Among
the different available data sources, Ekman states that facial
expression is “the most commanding” [33], and more than
other behaviours can be “quite intense even when a person
is alone” [33]. In other words, analysing facial expressions
is one of the most direct ways to study human emotion.

2.2 Facial Emotional Expression

In Darwin’s seminal work, The Expression of the Emotions
in Man and Animals [28], he posited that “facial expres-
sions are the residual actions of more complete behavioural
responses, and occur in combination with other bodily re-
sponses – vocalizations, postures, gestures, skeletal mus-
cle movements, and physiological responses” [71,93]. More
recently, researchers have theorised that all people express
emotions via common facial expressions [37,41,61,39,77].
In other words, there exists a certain degree of universality
in emotion representation through facial expressions, a posi-
tion termed the universality hypothesis. Others question uni-
versality and propose that facial expressions of emotion vary
with culture and language [83,92,62,9]. Some researchers
argue that people interpret facial expressions in terms of the
social situations in which they occur [22]. Despite such con-
troversy, both proponents and critics agree that human be-
ings can express and obtain emotional information through
facial movements [83]. Most of the commercial emotion recog-
nition systems today exactly rely on facial expressions to
achieve emotion recognition function and provide related
services.

Furthermore, studies have shown that facial expressions
are recognizable in terms of different discrete emotion cate-
gories [10,20,34,38,43,60,78]. In particular, works on emo-
tion recognition using facial expressions have classified six
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basic emotions that are typically recognizable: anger, dis-
gust, fear, happiness, sadness, and surprise [35,16,103,76].
Facial emotion analysis has been an active topic within the
research community, and recently several commercial facial
emotion recognition systems have become available that fo-
cus mostly on these six basic emotions. Our goal in this
study is to evaluate how five commonly-used commercial
emotion recognition systems perform when they are chal-
lenged with analyzing naturalistic facial photographs.

2.3 Methods for Facial Emotion Recognition Systems

A widely used approach for classifying facial expressions is
based on the Facial Action Coding System (FACS) devel-
oped by Ekman and Friesen [40,44]. FACS describes facial
behaviours in terms of a set of specific Action Units (AUs)
each of which is associated with an individual face muscle or
muscle group [40,44]. Using this approach, trained human
coders can manually deconstruct and annotate nearly any
possible facial activity as a combination of AUs. Follow-up
work proposed a derivative of FACS called Emotion FACS
(EMFACS), which focuses only on subsets of AUs that are
likely to have universal emotional significance [45]. Per-
forming analysis using FACS requires professional training
and manual coding that is time- and labour-intensive, and
until the 1980s most studies were completed by philoso-
phers and psychologists [63,111].

With advances in computer technologies, such as ma-
chine learning, researchers began to design software tools
for automated AU annotation and emotion recognition in
order to overcome the limitations of FACS [15,70,99,105,
110]. Automatic facial emotion recognition systems work in
three stages: face detection, feature extraction, and emotion
recognition. Given a still image, the system first determines
the regions where faces are present. Then, by detecting spe-
cific AUs or facial landmarks such as eyes, eyebrow, mouth,
etc., the system extracts and forms feature groups to rep-
resent the facial expressions. Finally, by applying machine
learning algorithms such as Naı̈ve Bayes, Decision Tree,
Linear Regression or Support Vector Machine, the system
maps feature groups onto emotional states.

Recently, researchers have been further turning to 3D fa-
cial expressions, and propose to improve facial feature track-
ing and emotion recognition based on 3D face scans. Com-
pared with 2D facial expressions, 3D facial expressions are
more robust with respect to the uncertainties and some exter-
nal disturbances [13]. Most of these works focused on build-
ing generic 3D models based on manually extracted facial
landmarks and corresponding features [50,75].

However, in terms of both 2D and 3D facial expressions,
these extracted feature groups are low-level handcrafted fea-
tures, and while having yielded promising classification ac-

curacy, they are domain-specific and do not perform well
when generalized to varying real-world scenarios [88].

To address this issue, high-level visual features or rep-
resentations were recently extracted using deep learning ap-
proaches such as Convolutional Neural Networks (CNNs)
[24,67,88,89] and Recurrent Neural Networks (RNNs), in-
cluding Long Short-Term Memories (LSTMs) and Gated
Recurrent Units (GRUs) [53,91]. Compared with low-level
handcrafted features, deep neural network feature extrac-
tion can learn hierarchical features that are more general-
izable and representative [53]. Not only that, deep neural
networks can also automate feature extraction and selection,
and achieve a much better emotion recognition performance
than traditional machine learning models. For this reason,
most of the current commercial facial emotion recognition
systems rely on deep learning approaches to build their mod-
els and provide relevant recognition services.

3 Study Overview

The aim of this study was to validate five popular commer-
cial facial emotion recognition systems with respect to their
performance in real-world usage scenarios, e.g., when peo-
ple are using their smartphones. We designed two experi-
ments: Experiment 1 investigated the five systems’ perfor-
mance on several facial emotion expression databases; Ex-
periment 2 identified possible reasons for poor-quality pho-
tographs in real-world scenarios, and examined how such
photographs impacted the systems’ performance. Before de-
tailing both experiments, we describe the emotion recogni-
tion systems that we used in both experiments.

3.1 Facial Emotion Recognition System

There are numerous facial analysis products on the mar-
ket today, which provide multiple services typically includ-
ing face detection, face verification, and emotion recogni-
tion. However, previous works tend to select a given product
without carefully considering performance before embed-
ding it into their technologies. The selected system, there-
fore, may sometimes fail to provide adequate performance
given the system’s characteristics. In this study, in order to
evaluate the potential performance and limitation of recog-
nition systems, we chose five widely used commercial prod-
ucts (see Table 1) fulfilling the following criteria:

(1) has an existing API or SDK;
(2) recognizes at least six basic emotional categories [36,

37,35] (highlighted in Table 1);
(3) returns a confidence or probability value for the detected

emotion.



4 Kangning Yang et al.

Table 1: Commercial Facial Emotion Recognition Services

Software Platform Emotions Detected Response Approach

Amazon Rekognition
Angry, Disgusted, Fear, Happy, Sad, Surprised
Calm, Confused, Unknown

Confidence
Range: [0,100]

Deep Neural
Network

Baidu Research
Anger, Disgust, Fear, Happy, Sad, Surprise
Neutral

Probability
Range: [0,1]

Deep Neural
Network

Face++
Anger, Disgust, Fear, Happiness, Sadness, Surprise
Neutral

Confidence
Range: [0,100]

Deep Neural
Network

Microsoft Azure
Anger, Disgust, Fear, Happiness, Sadness, Surprise
Neutral, Contempt

Intensity
Range: [0,1]

Deep Neural
Network

Affectiva
Anger, Disgust, Fear, Joy, Sadness, Surprise
Contempt

Probability
Range: [0,100]

AFFDEX
Algorithm

Table 2: Test Set (Static Pictures)

Angry Disgust Fear Happy Sad Surprise Neutral Total

ADFES 25 22 23 23 23 21 22 159

RaFD 67 67 67 67 67 67 67 469

WSEFEP 30 30 30 30 30 30 30 210

Total 122 119 120 120 120 118 119 838

4 Experiment 1 - Performance Evaluation using Ideal
Images

4.1 Databases

First, we introduce the three facial expression databases that
we used in our experiments: the Amsterdam Dynamic Fa-
cial Expressions Set (ADFES1) [106], the Radboud Faces
Database (RaFD2) [68], and the Warsaw Set of Emotional
Facial Expression Pictures (WSEFEP3) [84]. These contain
pictures of various emotional expressions, validated by FACS
coders and non-expert human judges [98]. In this study, we
evaluated seven emotions that were present in all databases
including the six basic emotions (angry, disgust, fear, happy,
sad, surprise) and a neutral facial expression.

ADFES: This database contains both dynamic and static
emotional expressions displayed by 22 models. The set in-
cludes 10 female and 12 male actors (who are either Northern-
European or Mediterranean) showing ten emotions (anger,
disgust, fear, joy, sadness, surprise, neutral, contempt, pride,
and embarrassment). The used set consists of 159 static pic-
tures.

RaFD: This database contains a picture set of emotional
expressions displayed by 67 models. This facial database in-
cludes 25 females and 42 males (who are either Caucasian or
Moroccan) expressing eight emotions (anger, disgust, fear,

1 https://aice.uva.nl/research-tools/

adfes-stimulus-set/adfes-stimulus-set.html
2 http://www.rafd.nl/
3 http://www.emotional-face.org/

happiness, sadness, surprise, neutral, and contempt). The used
set consists of 469 static pictures.

WSEFEP: This database contains a set of 210 emo-
tional pictures captured from 30 individuals. The full set in-
cludes 16 female and 14 male models covering seven emo-
tions (anger, disgust, fear, enjoyment, sadness, surprise, neu-
tral). The used set consists of 210 static pictures.

Similar to previous work [98], we combined the selected
subsets from ADFES, RaFD, and WSEFEP to form a whole
set as our validation database, which consists of 122 angry,
119 disgust, 120 fear, 120 happy, 120 sad, 118 surprise, and
119 neutral images (838 pictures in total, see Table 2).

4.2 Method

4.2.1 Overall Procedure

Due to the source codes of the commercial tools being en-
capsulated, i.e., the exact details of the inner workings of
these tools are unknown and developers can only access the
provided APIs or SDKs, we utilized a black-box testing ap-
proach [86].

The overall procedure to determine an emotion expressed
by a person within an image is shown in Figure 1. The over-
all procedure can be divided into five stages as follows: (1)
image selection: we chose every image from the aforemen-
tioned validation database, and inputted them to each of the
five commercial systems; (2) image analysis: after each sys-
tem completes the analysis, we received and saved the cor-
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Fig. 1: Overall procedure

responding result responses; (3) attribute extraction: we ex-
tracted the emotional attributes along with their confidence
or probability values from the results; (4) emotion recogni-
tion: we selected the highest confidence or probability value
of all detected emotions, and marked this emotion as the de-
tection label; (5) ground truth comparison: we compared the
detection label with the ground truth label from the valida-
tion database to assess the recognition correctness.

If the detection label of a picture matched with the ground
truth label for a given picture, that classification was labeled
as “correct”, otherwise the classification was labeled as “in-
correct”. If the system failed to detect the face in the picture,
e.g., because it was only partially visible, there was no emo-
tion recognition and an empty response: in such cases, the
classification was labeled as “missed”.

4.2.2 Comparison Criteria

We used criteria similar to previous works to assess the emo-
tion recognition systems [19,70,98], including Matching
Score, Precision, and F1 score, which we describe next.

Matching score (MS) measures the system’s ability to
correctly recognize an emotion category from a particular
class (e.g., happiness, sadness, etc.) of emotional expression
pictures, which is also called true positive rate or recall. A
higher matching score means that the system has a higher ac-
curacy on this type of emotional expression pictures. Specif-
ically,

MS =
Σ true positive

Σ true positive + Σ f alse negative + Σmissed
(1)

where “true positive” means the detection label matches
the ground truth label; “false negative” means the detection
label contradicts the ground truth label; “missed” means the
system fails to detect an emotion (no detection label), among
all images with the same annotated label.

Precision denotes the system’s reliability of recogniz-
ing results, which is also called positive predictive value.
A higher precision value indicates a higher confidence level,
when classifying an expression picture as a certain emo-
tional category. It can be defined as:

Precision =
Σ true positive

Σ true positive + Σ f alse positive
(2)
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Table 3: Experiment 1 Results. Matching Score (%), Precision (%), F1 Score, Overall Accuracy (%), and Detection Rate
(%).

Amazon Baidu Face++ Microsoft Affectiva

MS 89.8 97.5 99.2 100.0 97.5

Surprise Precision 73.1 92.0 68.8 74.7 49.8

F1 0.806 0.947 0.812 0.855 0.659

MS 68.3 90.0 49.2 62.5 7.5

Fear Precision 82.8 97.3 95.2 100.0 50.0

F1 0.749 0.935 0.649 0.769 0.130

MS 83.2 91.6 95.0 93.3 89.9

Disgust Precision 96.1 97.3 86.9 100.0 75.4

F1 0.892 0.944 0.908 0.965 0.820

MS 100.0 100.0 100.0 100.0 94.2

Happy Precision 100.0 100.0 99.2 100.0 96.6

F1 1.000 1.000 0.996 1.000 0.954

MS 90.8 98.3 82.5 90.0 63.3

Sad Precision 90.1 92.2 81.2 86.4 62.3

F1 0.904 0.952 0.818 0.882 0.628

MS 77.1 96.7 48.4 48.4 50.8

Angry Precision 82.5 93.7 86.8 92.2 88.6

F1 0.797 0.952 0.621 0.635 0.646

MS 98.3 96.6 97.5 100.0
Neutral Precision 86.0 99.1 70.3 64.3

F1 0.917 0.978 0.817 0.783

Overall Accuracy 86.8 95.8 81.5 84.7 67.0

Detection Rate 100.0 100.0 100.0 100.0 97.4

F1 Score is a balance between MS and Precision. We
calculated an F1 score in which MS and Precision contribute
equally by:

F1 = 2 · Precision ·MS
Precision + MS

(3)

where the F1 score reaches its best value at 1, and worst
value at 0.

4.3 Results

Table 3 depicts all detailed values of Experiment 1. Figure 2
shows the confusion matrix for each emotion recognition
system.

We found that the emotion happy was the easiest to iden-
tify and classify. All emotion recognition systems achieved
≈ 100.0% MS, Precision and F1 score, except for Affectiva
(94.2% MS, 96.6% Precision, 0.954 F1 score). For surprise
and neutral, Microsoft Azure had the highest MS (100.0%
and 100.0%), but Baidu achieved the highest Precision value
(92.0% and 99.1%). In other words, given a surprise (or
neutral) annotated facial expression image, Microsoft Azure

was more likely to recognize the emotion correctly, however,
if given a facial expression image without annotated ground
truth, the surprise (or neutral) recognition result from Baidu
had more credibility. In contrast, for fear Baidu had the high-
est MS (90.0%), but Microsoft Azure had the highest Preci-
sion value (100.0%). For disgust, Face++ achieved the high-
est MS (95.0%), yet Microsoft Azure performed the best on
the Precision value (100.0%). Finally, for sad and angry,
Baidu had the best performance on both MS (98.3% and
96.7%) and Precision value (92.2% and 93.7%). In terms
of F1 score from each emotion category, Baidu performed
the best on surprise, fear, sad, angry and neutral (0.947,
0.935, 0.952, 0.952, and 0.978); Microsoft Azure performed
the best on disgust (0.965); while Amazon, Baidu, Face++,
and Microsoft Azure performances were equally compara-
ble to each other on happy (≈ 1.000).

We measured the overall accuracy of each emotion recog-
nition system by globally counting the total number of true
positives. Baidu had the highest overall accuracy value (95.8%),
with Amazon second(86.8%); followed by Microsoft Azure
(84.7%), Face++ (81.5%), and finally Affectiva (67.0%). Fur-
thermore, while Affectiva failed to detect a face in 2.6% of
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(a) Amazon (b) Baidu (c) Face++

(d) Microsoft (e) Affectiva

Fig. 2: Confusion Matrix for Experiment 1. (sur = surprise; fea = fear; dis = disgust; hap = happy; sad = sad; ang = angry;
neu = neutral). Affectiva cannot detect neutral expression.

the pictures, other systems performed particularly well and
did not produce any detection failures.

Figure 2 shows that surprise, disgust, happy, and neutral
expressions were rarely confused with other emotions by the
recognition systems. For other emotion categories we found
the following:

(1) Amazon, Face++, Microsoft Azure, and Affectiva usu-
ally underpredict the fear emotion but overpredict the
surprise emotion;

(2) Affectiva usually underpredicts the sad emotion but over-
predicts the disgust emotion;

(3) Face++ and Microsoft Azure usually underpredict the
angry emotion but overpredict the neutral emotion, while

Affectiva usually underpredicts the angry emotion but
overpredicts the sad emotion.

Generally, fear and angry expressions were the most chal-
lenging to identify and classify.

5 Experiment 2 - Performance Evaluation using
Reduced-Quality Images

Facial emotion recognition systems typically perform best
when inputting high-quality images that show a person’s
full face, as they are trained and tested on pristine image
databases. However, in practice, such requirements are un-

Table 4: Augmented Test Set (Static Pictures)

Angry Disgust Fear Happy Sad Surprise Neutral Total

Rotation 732 714 720 720 720 708 714 5028

Partial Face 976 952 960 960 960 944 952 6704

Brightness 732 714 720 720 720 708 714 5028

Blur 366 357 360 360 360 354 357 2514

Noise 366 357 360 360 360 354 357 2514

Total 3172 3094 3120 3120 3120 3068 3094 21788
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likely to be satisfied, as distortions are quite likely to be en-
countered during image acquisition, transmission, or storage
[29]. For example, in recent work, where researchers contin-
uously collected photos from the front-facing camera of 11
smartphone users for 2 weeks, only 29% of the time was the
user’s full face visible, while most of the time the face was
only partially visible [64]. Thus, during smartphone use it
is not realistic to expect that images collected will always
contain the users’ full faces. This is of particular importance
as several previous studies have shown that the way people
hold their smartphones can influence the performance of fa-
cial analysis algorithms [18,64,69].

This problem attracts much attention from researchers
since it is impossible to avoid when implementing facial
emotion recognition algorithms in real-life products. Espe-
cially for applications that need real-time facial emotion recog-
nition capability (e.g., E-learning monitoring or mental health
management systems), a more robust recognition framework
that can (nearly) continually detect human emotion over time,
regardless of image or video quality, is essential. Researchers
have begun attempting to apply off-the-shelf recognition sys-
tems in different environments [97]. Thus, a comprehen-
sive validation study of current commercial facial emotion

recognition systems on images of varying quality is war-
ranted.

After a comprehensive consideration of in-the-wild user
behaviours and image quality distortions, we identified five
potential reasons for poor-quality natural photographs: ro-
tation, partial face, brightness, blur, and noise. These are
the most common distortions known to impact the perfor-
mance of deep neural networks [65,30,90,31,26,100]. We
augmented the validation database of Experiment 1 using
these five distortions (see Table 4), and then quantitatively
investigated changes in performance for each of the facial
recognition systems. To the best of our knowledge, we are
the first to take into account both user behaviours and image
quality distortions in a large-scale evaluation of commercial
facial emotion recognition systems on multi-type and multi-
granularity level.

5.1 Rotation

Rotation occurs when photos are taken from diverse angles
by users. The rotation operation is achieved through a ge-
ometric transformation by the specified angle θ . We used
OpenCV and Python to rotate each photo around its cen-
tre from −45◦ to 45◦ in steps of 15◦, without scaling or

Fig. 3: Example of Rotation Manipulations

Fig. 4: Overall accuracy under different rotation angles
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Table 5: Detailed results of Rotation Manipulations. OA = Overall Accuracy (%). DR = Detection Rate (%).

Amazon Baidu Face++ Microsoft Affectiva

θ =−45◦ OA 86.8 93.4 80.8 4.2 0.0

DR 100.0 100.0 100.0 5.1 0.0

θ =−30◦ OA 86.4 95.6 81.0 79.5 0.0

DR 100.0 100.0 100.0 99.5 0.0

θ =−15◦ OA 86.0 94.6 80.8 83.3 68.3

DR 100.0 100.0 100.0 100.0 96.9

Original OA 86.8 95.8 81.5 84.7 67.0

DR 100.0 100.0 100.0 100.0 97.4

θ = 15◦ OA 87.4 95.6 81.6 84.3 66.2

DR 100.0 100.0 100.0 100.0 94.0

θ = 30◦ OA 87.7 95.2 81.2 80.2 0.0

DR 100.0 100.0 100.0 99.3 0.0

θ = 45◦ OA 88.1 93.2 81.0 3.1 0.0

DR 100.0 100.0 100.0 5.0 0.0

cropping. We set 45◦ as the boundary value because pictures
will be auto-rotated on some smartphone devices if they are
tilted too far. For example, if taking photos in portrait mode
on some devices, the resulting photos will be rotated by 90
degrees. Figure 3 shows an example of the image rotation.
Here, a negative θ means clockwise rotation, and vice versa.

Table 5 and Figure 4 show the emotion recognition re-
sults for the rotated images. We found that Amazon, Baidu,
and Face++ performed well and were stable to different θ .
Their overall accuracies for the rotated images were almost
as good as for the original images. However, Microsoft Azure
and Affectiva were vulnerable to rotation manipulation. Their
detection accuracies decreased significantly when the abso-
lute value of θ increased. Overall, Baidu had the highest
accuracy value, followed by Amazon and Face++.

There are several specific results worth mentioning: (1)
Microsoft Azure’s performance was resilient when |θ | =

15◦,30◦; however, performance began to decrease when |θ |>
30◦, and deteriorated further at |θ | = 45◦ (OA = 4.2%,θ =

−45◦; OA = 3.1%,θ = 45◦); (2) there was little change to
Affectiva’s performance at |θ | = 15◦; Affectiva presented
a substantial performance decrease when |θ | > 15◦, and it
stopped functioning at |θ |= 30◦,45◦ (OA = 0.0%); (3) com-
pared with Microsoft Azure, Affectiva was more sensitive to
rotation manipulation; (4) when |θ |= 15◦, Microsoft Azure
performed better than Face++.

In terms of detection rates, Amazon, Baidu, and Face++
had the best results with 100.0%. However, Microsoft Azure
only detected a face in ≈ 5% of the photos when |θ |= 45◦;
Affectiva performed worse as it failed to detect a face in
all photos when |θ | = 30◦,45◦, further explaining why the
overall accuracy of these two systems diminished with the
change in rotation degrees.

5.2 Partial Face

Partially visible face images are common when devices are
naturally held by users [64]. We considered both portrait
and landscape orientations, and further classified partial face
into eight sub-categories: left quarter (LQ), left half (LH),
right quarter (RQ), right half (RH), up quarter (UQ), up half
(UH), down quarter (DQ), and down half (DH). We imple-
mented the CascadeClassifier in OpenCV [1], and then ma-
nipulated photos for the partial face experiment using two
steps: first, we determined the rectangular region of the face
using the CascadeClassifier; second, we shifted this region
on the x-axis or y-axis through coordinate translation. Fig-
ure 5 shows an example of partial face manipulations in both
x-axis and y-axis. We did not consider three quarters scale
face translations (e.g., left three quarters or up three quar-
ters), since the vast majority of facial landmarks (or AUs)
are concentrated in brow, lid, eyes, nose, cheek, and lip [40].
When shifting the face in a photo by three quarters, it will
leave only ears (left, right three quarters), chin (up three
quarters), or forehead (down three quarters), that contribute
little to facial emotion recognition.

An overview of the accuracy values and detection rates
are shown in Table 6. For partial face manipulation on the
x-axis, Figure 6(a) reveals that Amazon, Baidu, and Face++
were relatively resilient to partial face manipulation. Their
performance began to worsen only when facing a high-level
visible face change (LH or RH). Overall, Amazon showed
the greatest resiliency and had the highest overall accuracy
values at high-level visible face changes (LH and RH); Baidu
performed best at low-level visible face changes (LQ and
RQ). As for Microsoft Azure, it performed well at low-level
visible face changes with the second-highest overall accu-
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Fig. 5: Example of Partial Face Manipulations

(a) x-axis (b) y-axis

Fig. 6: Overall accuracy of partial face manipulations. OR = Original.

racy values (89.6% and 87.0%) for LQ and RQ. However,
it was quite sensitive to high-level visible face changes, and
struggled to detect any face for LH and RH. Affectiva had
the lowest accuracy values and detection rates at all levels of
partial face manipulation. It is also noteworthy that the over-
all accuracy of all systems was approximately symmetrical
to the original image, except for Affectiva. This is probably
due to similar characteristics (e.g., approximate number of
facial landmarks) on both sides of the face.

For partial face manipulation on the y-axis, Figure 6(b)
shows that all systems were highly sensitive to visible face
changes in portrait orientation. Even for low-level visible
face changes, their performance decreased significantly. In

general, Baidu produced the best overall accuracy results;
Amazon and Face++ performed just slightly worse. Microsoft
Azure had a similar performance to Amazon and Face++
at low-level visible face changes, but failed completely to
detect a face at high-level visible face changes (0.0% and
0.0% at both DH and UH). Affectiva had a large number
of detection failures from low-level visible changes (12.9%
detection rate at DQ and 11.8% detection rate at UQ). Fur-
thermore, when examining the trend of the systems’ perfor-
mance, our results show that all systems, except for Affec-
tiva, were always more sensitive to the downward direction
manipulation (e.g., DQ and DH) than the upward direction
manipulation (e.g., UQ and UH). This is likely due to these
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Table 6: Detailed results of Partial Face Manipulations. OA = Overall Accuracy (%). DR = Detection Rate (%).

Amazon Baidu Face++ Microsoft Affectiva

LH OA 76.5 57.9 35.7 0.1 0.0

DR 100.0 88.8 69.5 0.5 0.0

LQ OA 87.2 94.6 77.0 89.6 4.7

DR 100.0 100.0 100.0 100.0 6.8

RQ OA 86.3 94.8 77.8 87.0 51.7

DR 100.0 100.0 100.0 99.6 78.4

RH OA 71.6 68.3 31.9 0.0 0.1

DR 100.0 96.2 66.2 0.0 0.1

Original OA 86.8 95.8 81.5 84.7 67.0

DR 100.0 100.0 100.0 100.0 97.4

DH OA 20.4 29.4 25.8 0.0 0.1

DR 99.8 58.2 99.5 0.0 0.1

DQ OA 56.9 72.9 61.3 50.5 7.0

DR 100.0 100.0 100.0 96.8 12.9

UQ OA 73.0 93.1 81.2 82.1 5.6

DR 100.0 100.0 100.0 100.0 11.8

UH OA 54.9 58.5 47.0 0.0 0.0

DR 100.0 90.3 95.2 0.0 0.3

systems having a bias towards features present in the lower
part of a face.

5.3 Brightness

Brightness is a key factor that impacts the quality of images
taken in real-world scenarios. A universally accepted ap-
proach is to divide brightness problems into two categories:
overexposure and underexposure [58]. When taking a photo
with strong lighting, the image sensor will capture too much
light and make the photo lose some highlight details (called
overexposure). On the contrary, when taking a photo with
poor lighting, the image sensor will capture too little light
and make the photo lose some shadow details (called un-
derexposure). In this experiment, we varied the brightness
of the images from 75% reduction (-75%) to 75% enhance-
ment (+75%) in steps of 15% by decreasing/increasing the
value of every pixel in each image. We note that an image
will become completely black or white if the brightness is

reduced or increased by 100%. Figure 7 shows an example
of the brightness levels we tested.

Results for all facial emotion recognition systems are
shown in Table 7. Figure 8 depicts the overall accuracy of
all systems under different brightness conditions. Our results
show that the ranking of system in terms of overall accuracy
remained consistent at low and medium degrees of bright-
ness changes (25% and 50% reduction/enhancement). Baidu
was the top-performing system; Amazon and Microsoft Azure
ranked similarly (but Amazon performed better at a medium
degree of enhancement; Microsoft Azure performed better
at medium degree of reduction); followed by Face++ and
Affectiva. However, for the highest degree of brightness changes
(75% reduction/enhancement), the performance of all sys-
tems experienced a sharp decline: Baidu remained the rel-
atively most accurate with dark images (36.5%); whereas
Amazon achieved better performance on the overall accu-
racy for bright images (45.2%) with a high detection rate of
95.0%. Another interesting observation is that the detection
rates of Amazon were relatively stable (≥ 94%) across all

Fig. 7: Example of Brightness Manipulations



12 Kangning Yang et al.

Fig. 8: Overall accuracy under different brightness conditions

Table 7: Detailed results of Brightness Manipulations. OA = Overall Accuracy (%). DR = Detection Rate (%).

Amazon Baidu Face++ Microsoft Affectiva

-75% OA 30.6 36.5 24.2 9.7 12.8

DR 94.9 69.2 77.0 14.8 29.5

-50% OA 67.5 87.2 65.8 80.9 64.0

DR 100.0 99.8 100.0 99.5 96.4

-25% OA 85.1 95.0 77.1 84.8 70.0

DR 100.0 100.0 100.0 100.0 98.2

Original OA 86.8 95.8 81.5 84.7 67.0

DR 100.0 100.0 100.0 100.0 97.4

25% OA 86.8 95.2 80.6 85.4 66.6

DR 100.0 100.0 100.0 100.0 96.8

50% OA 78.0 82.6 71.8 71.1 58.1

DR 100.0 90.7 99.6 92.4 90.8

75% OA 45.2 3.8 22.4 0.5 7.0

DR 95.0 5.6 53.0 0.8 12.2

degrees of brightness changes, which contributed towards
relatively good performance in terms of overall accuracy of
this system (Table 7).

5.4 Blur

Blur is a common factor in poor-quality images and can be
caused by long exposure time, movement of the camera or
inappropriate focus when using a smartphone or other hand-
held cameras [109,29]. In this experiment, we used Gaus-

Fig. 9: Example of Blur Manipulations
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Fig. 10: Overall accuracy under different blur conditions

Table 8: Detailed results of Blur Manipulations. OA = Overall Accuracy (%). DR = Detection Rate (%).

Amazon Baidu Face++ Microsoft Affectiva

Original OA 86.8 95.8 81.5 84.7 67.0

DR 100.0 100.0 100.0 100.0 97.4

σ = 1 OA 86.8 96.1 81.5 85.0 68.6

DR 100.0 100.0 100.0 100.0 96.9

σ = 3 OA 86.0 95.0 81.9 80.3 60.5

DR 100.0 100.0 100.0 100.0 95.3

σ = 10 OA 83.2 52.2 75.1 41.8 33.5

DR 100.0 100.0 100.0 100.0 82.8

sian Blur with different granularities implemented by the
Python Imaging Library (PIL) to model and simulate im-
age blur that can occur in a real-world scenario. As recom-
mended by Gedraite and Hadad [46], we set the blur radius
(the standard deviation of Gaussian) σ to three values: 1, 3,
and 10, to represent low, medium, and high image blurring
respectively. An example of this manipulation is shown in
Figure 9.

We show the overall results in Table 8. Figure 10 re-
veals that all systems showed stable performance when it
comes to low (σ = 1) and medium (σ = 3) levels of im-
age blur. Specifically, Baidu achieved the best performance
with 96.1% (σ = 1) and 95.0% (σ = 3) overall accuracy val-
ues; Amazon had the second-best performance with 86.8%
and 86.0% accuracy values (on σ = 1,3); Microsoft Azure
(85.0%) performed better than Face++ (81.5%) at low-level
blurring, but Face++ (81.9%) yielded a higher accuracy re-
sult than Microsoft Azure (80.3%) at medium-level blurring.
Another finding was that Baidu, Microsoft Azure, and Af-
fectiva showed a significant decrease at high-level blurring,
in which their overall accuracies fell by 45.5% ( 95.8−52.2

95.8 ),
50.6%, and 50.0% respectively. However, there was little ef-

fect on Amazon and Face++. Therefore, at high-level blur-
ring, Amazon worked best; Face++ was the second-best; fol-
lowed by Baidu, Microsoft Azure, and Affectiva. In terms
of stability, our results show that Amazon and Face++ per-
formed better than the other systems.

5.5 Noise

Image noise is usually a form of electronic noise [17], and
it is typically caused by the internal sensors of cameras [17,
109,29]. In practice, noise can obscure image details, de-
grade its quality, or even make the image completely unus-
able. Previous works have commonly modeled image noise
using Additive White Gaussian Noise (AWGN) [73,85], since
it can effectively mimic the noise that occurs in real world.
Therefore, in this experiment, we also used AWGN to sim-
ulate natural noise in digital images. We set the standard de-
viation of the noise to be: 10, 40, and 70, to represent low,
medium, and high noise levels respectively. Figure 11 shows
an example of noise manipulations.
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Fig. 11: Example of Noise Manipulations

Fig. 12: Overall accuracy under different noise conditions

Table 9: Detailed results of Noise Manipulations. OA = Overall Accuracy (%). DR = Detection Rate (%).

Amazon Baidu Face++ Microsoft Affectiva

Original OA 86.8 95.8 81.5 84.7 67.0

DR 100.0 100.0 100.0 100.0 97.4

σ = 10 OA 86.3 95.2 82.6 84.4 66.1

DR 100.0 100.0 100.0 100.0 98.6

σ = 40 OA 75.7 78.5 77.8 81.2 27.3

DR 100.0 100.0 100.0 100.0 93.9

σ = 70 OA 52.4 54.7 70.3 74.2 5.6

DR 100.0 95.9 99.2 99.8 30.5

Table 9 summarizes the overall results of the noise ma-
nipulations. Figure 12 shows that (1) at low noise level (σ =

10), all systems’ performance remained basically unchanged,
and kept the same ranking positions: Baidu, Amazon, Mi-
crosoft Azure, Face++, and Affectiva; (2) at medium noise
level (σ = 40), all systems showed a decrease in accuracy
values, but the performance of Microsoft Azure and Face++
deteriorated at a slower rate (by 4.1% and 4.5% respectively),
whereas the performance of Baidu, Amazon and Affectiva
deteriorated quicker (by 18.1%, 12.8%, and 59.3% respec-
tively); (3) at high noise level (σ = 70), the performance of
Baidu, Amazon, and Affectiva still fell much quicker com-
pared to that of Microsoft Azure and Face++. In general,

Microsoft Azure and Face++ showed greater reliability in
terms of processing images with medium- and high-level
noise strength.

6 Discussion

In this study, we evaluated the performance of five com-
mercial facial emotion recognition systems both with high-
quality front facing images and images whose quality had
been reduced by common real-world distortions (rotation,
partial face, brightness, blur, noise).
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6.1 Facial Emotion Recognition under Ideal Conditions

When identifying emotions from full-face high-quality pho-
tos (Experiment 1), the Baidu system had the highest over-
all accuracy value (95.8%), followed by Amazon (86.8%),
Microsoft Azure (84.7%), Face++ (81.5%), and Affectiva
(67.0%). Likewise, a recent validation analysis using simi-
lar facial expression databases [98] found that Affectiva had
an overall accuracy value of 73%, which is comparable to
our result of 67.0%. That analysis also reported that Affec-
tiva usually confused fear with surprise and anger with sad-
ness, which is in line with our findings. Furthermore, previ-
ous works using human judges, have shown that participants
achieved an overall accuracy between 82% and 85% [70,84,
106,68]. Our results highlight that most of the popular com-
mercial systems, particularly those using a deep neural net-
work approach, can achieve accuracy rates comparable to
human judges, and sometimes even outperform them.

Another noteworthy observation is that the tested sys-
tems were most accurate when identifying and classifying
the happy emotion, and least accurate when processing the
fear emotion. Similarly, previous works have shown that the
happy emotion is also the easiest emotion to distinguish for
human observers, and the fear emotion is the hardest [48,
68]. This similarity is not surprising given that automated
facial emotion recognition systems rely on human-generated
labels to improve their performance.

6.2 Facial Emotion Recognition with Reduced-Quality
Images

From the results of Experiment 2, we find that the tested
systems have different advantages and limitations depend-
ing on the particular reason behind the poor quality of the
images. This is most likely because different systems rely
on their own training datasets, with their own set of biases.
This finding highlights that a one system approach for fa-
cial emotion recognition in real-world scenarios is far from
ideal. Instead, a robust system that uses facial expressions
for emotion recognition should first determine the quality
of the image and the level of distortion, and then route the
image to the facial emotion recognition system that is most
likely to produce a reliable result (or discard the image if the
quality is particularly poor).

Our recommendations are the following:

- For rotation, we recommend Baidu as the best system,
and Amazon as the second-best;

- For partial face, on the x-axis, we recommend the use
of Baidu for low-level visible face changes, and Ama-
zon for high-level visible face changes; on the y-axis,
we recommend Baidu as first choice;

- For brightness, we recommend using Baidu when en-
countering underexposure or low- and medium-level over-
exposure, and Amazon when encountering high-level over-
exposure. We do not recommend Baidu at high-level over-
exposure;

- For blur, we recommend using Baidu when processing
low- and medium-level image blurring, and Amazon or
Face++ system when processing high-level image blur-
ring;

- For noise, we recommend the use of Baidu at low-level
noise strength, and the use of Microsoft Azure or Face++
at medium- and high-level noise strength.

The reason why facial emotion recognition systems have
poor overall accuracy rates in certain conditions is also note-
worthy. There are two kinds of detection failures: face detec-
tion failure (“missed”) and emotion detection failure (“in-
correct”). In detail,

- For Amazon Rekognition, emotion detection failure is
the main issue, and present itself as an opportunity for
further improvement;

- For Baidu and Face++, not only emotion detection but
also face detection needs to be improved for high-level
partial face and underexposure/overexposure manipula-
tions;

- Microsoft Azure suffers from both emotion detection fail-
ure and face detection failure at high-level changes of
rotation, partial face and brightness manipulations;

- Affectiva is very sensitive to most of the low- and high-
level manipulations.

Finally, we note that the evaluated systems are likely
to be improved in the future, and that other systems may
emerge with a whole new set of advantages and limitations.
Also, there are studies that show human beings have the ca-
pability to recognize very distorted images [30,102,25,7,
31], which means existing recognition systems still have po-
tential to overcome their limitations and achieve stronger ro-
bustness. Thus, another contribution of our work is the cat-
egorisation and operationalization of the distortions that can
lead to poor-quality images and which are likely to occur
in real-world scenarios, e.g., smartphone usage. These ma-
nipulations can be used as standard methods for evaluating
other facial emotion recognition systems, or for further im-
proving the five systems validated in this study. Not only
that, researchers can also use our approach to build their own
datasets for validation analysis according to different needs.

6.3 Limitations

There are limitations in our study. First, in Experiment 2,
we analyzed and assessed the impacts of image manipula-
tions using a relatively high-level of granularity (e.g., in-
crements of 15 degrees for the rotation condition). Thus, a



16 Kangning Yang et al.

finer-grained manipulation of the images may yield a more
detailed validation study in the future. Second, we evalu-
ated the impact of different distortion factors independently.
Future work could investigate the potential for combination
effects and even the prioritization of the individual factors.
Third, it is likely that most of these systems will update
their frameworks and corresponding network features and
weights regularly, which may influence their performance
under the different presented conditions. To tackle this issue,
we recommend re-using or even automating our method to
evaluate new commercial and non-commercial systems that
may appear in the future.

7 Conclusion

In this study, we utilized three commonly-used facial ex-
pression databases and proposed a series of manipulations to
simulate potential image quality reduction problems that are
likely to occur during real-world smartphone usage. We con-
ducted two experiments in order to assess the facial emotion
recognition capabilities of five popular commercial emotion
recognition systems: Amazon, Baidu, Face++, Microsoft Azure,
and Affectiva. Through our experiments we found that each
system has its own strengths and limitations under different
distortion conditions (rotation, partial face, brightness, blur,
noise). Based on our findings, we offer recommendations on
how to achieve reliable facial emotion recognition results
for applications in-the-wild, by selecting different systems
depending on the nature of the captured image. Finally, we
recommend the use of our image manipulation methods for
future testing of facial emotion recognition system perfor-
mance.

Compliance with Ethical Standards

Funding This work is supported by the Australian Research
Council (DP190102627).

Conflict of Interest Authors, Kangning Yang, Chaofan Wang,
Zhanna Sarsenbayeva, Benjamin Tag, Tilman Dingler, Greg
Wadley, and Jorge Goncalves, declare that they have no con-
flict of interest.

References

1. Opencv: Cascade classifier training. URL https:

//docs.opencv.org/3.1.0/dc/d88/tutorial_

traincascade.html#gsc.tab=0
2. Affectiva: Home - affectiva : Affectiva (2019). URL https:

//www.affectiva.com/
3. Albohn, D.N., Adams Jr, R.B.: Social vision: At the intersection

of vision and person perception. In: Neuroimaging personality,
social cognition, and character, pp. 159–186. Elsevier (2016)

4. Alm, C.O., Roth, D., Sproat, R.: Emotions from text: machine
learning for text-based emotion prediction. In: Proceedings of the
conference on human language technology and empirical meth-
ods in natural language processing, pp. 579–586. Association for
Computational Linguistics (2005)

5. AlZoubi, O., Calvo, R.A., Stevens, R.H.: Classification of eeg for
affect recognition: an adaptive approach. In: Australasian Joint
Conference on Artificial Intelligence, pp. 52–61. Springer (2009)

6. Amazon: Amazon rekognition – video and image - aws (2019).
URL https://aws.amazon.com/rekognition/?nc1=h_ls

7. Bachmann, T.: Identification of spatially quantised tachisto-
scopic images of faces: How many pixels does it take to carry
identity? European Journal of Cognitive Psychology 3(1), 87–
103 (1991)

8. Baidu: Baidu ai (2019). URL https://ai.baidu.com/docs#

/Face-Detect-V3/top
9. Barrett, L.F., Adolphs, R., Marsella, S., Martinez, A.M., Pollak,

S.D.: Emotional expressions reconsidered: Challenges to infer-
ring emotion from human facial movements. Psychological Sci-
ence in the Public Interest 20(1), 1–68 (2019)

10. Bartlett, M.S., Littlewort, G., Fasel, I., Movellan, J.R.: Real time
face detection and facial expression recognition: Development
and applications to human computer interaction. In: 2003 Con-
ference on computer vision and pattern recognition workshop,
vol. 5, pp. 53–53. IEEE (2003)

11. van Berkel, N., Goncalves, J., Koval, P., Hosio, S., Dingler,
T., Ferreira, D., Kostakos, V.: Context-informed scheduling and
analysis: Improving accuracy of mobile self-reports. In: Proceed-
ings of the 2019 CHI Conference on Human Factors in Comput-
ing Systems, CHI ’19 (2019)

12. Bernin, A., Müller, L., Ghose, S., von Luck, K., Grecos, C.,
Wang, Q., Vogt, F.: Towards more robust automatic facial expres-
sion recognition in smart environments. In: Proceedings of the
10th International Conference on PErvasive Technologies Re-
lated to Assistive Environments, pp. 37–44. ACM (2017)

13. Berretti, S., Amor, B.B., Daoudi, M., Del Bimbo, A.: 3d facial
expression recognition using sift descriptors of automatically de-
tected keypoints. The Visual Computer 27(11), 1021 (2011)

14. Berretti, S., Del Bimbo, A., Pala, P.: Automatic facial expres-
sion recognition in real-time from dynamic sequences of 3d face
scans. The Visual Computer 29(12), 1333–1350 (2013)

15. Bettadapura, V.: Face expression recognition and analysis: the
state of the art. arXiv preprint arXiv:1203.6722 (2012)

16. Bourel, F., Chibelushi, C.C., Low, A.A.: Robust facial expression
recognition using a state-based model of spatially-localised fa-
cial dynamics. In: Proceedings of Fifth IEEE International Con-
ference on Automatic Face Gesture Recognition, pp. 113–118.
IEEE (2002)

17. Boyat, A.K., Joshi, B.K.: A review paper: noise models in digital
image processing. arXiv preprint arXiv:1505.03489 (2015)
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Chapter 5

Hybrid Multimodal Network

5.1 Introduction

The findings presented in Chapter 4 demonstrate that unimodal systems exhibit certain

inherent limitations in meeting robustness, accuracy, and overall performance require-

ments [5, 26]. Meanwhile, from a physiological perspective, it is difficult to establish a

high-fidelity emotional model and precisely analyze human emotional changes by using

only one single signal [26, 84]. As human beings, we express our emotions through a se-

ries of actions, including facial expressions, voice, body movements, various gestures, and

multiple physiological signals, such as heart rate and sweat, etc [17]. With the rapid de-

velopment of signal processing and artificial intelligence, multimodal intelligent systems

have obtained considerable development in the field of affective computing. Currently,

most state-of-the-art frameworks rely on processing multimodal sources. However, with

respect to the mobile emotion-sensing field, we find that unimodal approach is still the

mainstream. This may be because a unimodal framework typically has lower computa-

tional complexity and battery consumption, making it more suitable for mobile devices.

Fortunately, the processing power, battery capacity, and storage capacity of today’s mo-

bile and embedded devices are constantly growing. Multi-core processors, gigabytes of

RAM, and all-day battery life are increasingly prevalent. Therefore, in this chapter,

we proposed a hybrid multimodal framework that leverages the fusion of behavioral and

physiological signals to detect and process underlying affective information. We collected

a variety of behavioral and physiological signals from sensors embedded in off-the-shelf

smartphones and commodity wearables, and evaluated our system in a user study with

85
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45 participants. Experimental results show a high average accuracy of 89.2% (with 0.86

AUC) for binary emotion recognition, well above the historical classification accuracies

using sophisticated models and multimodal data [279]. Furthermore, we explored real-

world scenarios where data sources are partially available and provided suggestions on

how to build robust mobile emotion recognition systems. Although in this paper we only

focused on binary emotion recognition (limited by the complexity of experimental user

study), our proposed model can be easily extended to multi-class emotion recognition

by simply replacing sigmoid layer with softmax layer. More details can be found in the

attached publication, Article II.

5.2 Article II
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Behavioral and Physiological Signals-Based
Deep Multimodal Approach for
Mobile Emotion Recognition

Kangning Yang, Chaofan Wang, Yue Gu, Zhanna Sarsenbayeva, Benjamin Tag, Tilman Dingler, Greg
Wadley, and Jorge Goncalves

Abstract—With the rapid development of mobile and wearable devices, it is increasingly possible to access users’ affective data in a
more unobtrusive manner. On this basis, researchers have proposed various systems to recognize user’s emotional states. However,
most of these studies rely on traditional machine learning techniques and a limited number of signals, leading to systems that either do
not generalize well or would frequently lack sufficient information for emotion detection in realistic scenarios. In this paper, we propose
a novel attention-based LSTM system that uses a combination of sensors from a smartphone (front camera, microphone, touch panel)
and a wristband (photoplethysmography, electrodermal activity, and infrared thermopile sensor) to accurately determine user’s
emotional states. We evaluated the proposed system by conducting a user study with 45 participants. Using collected behavioral (facial
expression, speech, keystroke) and physiological (blood volume, electrodermal activity, skin temperature) affective responses induced
by visual stimuli, our system was able to achieve an average accuracy of 89.2% for binary positive and negative emotion classification
under leave-one-participant-out cross-validation. Furthermore, we investigated the effectiveness of different combinations of data
signals to cover different scenarios of signal availability.

Index Terms—Emotion recognition, mobile and wearable devices, behavioral signals, physiological signals, attention-based LSTM.

F

1 INTRODUCTION

EMOTIONS play a crucial role in our daily lives as they
can aid decision-making, learning, communication, and

situational awareness [1]. Emotions can go awry, however,
and many of the most common and devastating mental
illnesses involve emotional disorder [2]. In the last few
decades, researchers have attempted to empower machines
with human-like intelligence to automatically recognize and
understand users’ affective states, and further provide data-
driven insights for well-being [3], [4]. Emotion recognition
is an active and challenging research topic that directly
contributes towards research efforts to create technologies
that support emotional well-being [5], [6].

Research in psychology has shown that human emotions
encompass complex combinations of subjective feelings,
physiological and behavioral responses triggered by exter-
nal stimuli [7], [8]. Recognizing these response signals can
improve understanding of emotional expressiveness, and be
crucial for clinical diagnostic and therapeutic procedures in
mental health care [9]. Currently, two main approaches are
used to identify human emotions. First, researchers have
analysed a wide range of behavioral signals such as facial
expressions [10], [11], speech [12], and gestures [13], all
of which can be collected directly. Such signals, however,
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often have reliability issues since people can disguise their
emotions by controlling behaviors like facial muscles or
intonation patterns in social communications [14]. Another
challenge is that analysing these signals often requires an
ideal technological setting. For example, analysing visual
data (e.g., facial expression, body gestures and movement),
requires pre-installed cameras with sufficient resolution and
an appropriate viewing angle [15].

The second main approach to identify emotions analyses
physiological data, such as electrocardiogram (ECG), elec-
troencephalogram (EEG), electromyogram (EMG), galvanic
skin response (GSR), and heart rate (HR) to detect emotional
changes in a person. These signals reflect activities of the
human body’s central nervous system (CNS) and autonomic
nervous system (ANS) which have been shown to have
intimate links with inner emotional changes [16], [17]. Com-
pared to behavioral data, physiological data are considered
to be more objective, as they typically reflect involuntary
responses and are more difficult to consciously conceal or
manipulate [18]. A significant amount of research in this
area, however, relies on physiological sensing equipment
of medical grade, which is often invasive, expensive, and
needs technical guidance from professionals; this, therefore,
limits their application in real-world scenarios. EEG, for ex-
ample, requires electrodes to be attached to subjects’ scalps,
while GSR requires sensors to be placed on participants’
hands or soles [19]. In addition, ambient environment noise
and over-sensitive sensing devices pose barriers to physio-
logical data acquisition [20].

In our work, we collect both behavioral and physiolog-
ical signals from sensors embedded in off-the-shelf smart-
phones and commercial wearables in a way that can be

0000–0000/00$00.00 © 2015 IEEE
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implemented for ordinary technology users in everyday
life. In particular, we propose a deep, multimodal, mo-
bile emotion-recognition system that leverages these signals
in tandem to detect rapid and fine-grained fluctuation in
emotion. On the one hand, deep learning methods have
been shown to outperform previous state-of-the-art machine
learning techniques in many tasks including noise reduction
and high-level feature extraction [21], [22]. On the other
hand, a multimodal approach has a few advantages over
a unimodal approach: (1) it is able to deal with missing
data problems which commonly arise in a unimodal sig-
nal [18]; (2) it is more capable of detecting emotions hidden
behind social masks [23]. Moreover, with the development
of mobile technology, modern smartphones and wearable
devices are increasingly low-cost and sensor-rich, and allow
us to unobtrusively detect user responses without spatio-
temporal limitations, which contributes to efforts to deploy
affect detection into real-world contexts. Potential applica-
tions of such a system are diverse. For example, traditional
diagnosis of affective instability usually depends on inter-
views or questionnaires, which rely heavily on respondents’
retrospective recall and subjective assessment of affective
variability or reactivity [24]. Mobile-based emotion recog-
nition could allow clinicians to monitor patients’ emotional
changes objectively and remotely, which could provide a
more complete picture of patients’ day-by-day mental states
and help to improve diagnostic accuracy.

Moreover, to overcome the challenge of collecting real
emotional responses [25], [26], [27], [28], [29], we utilize
visual stimuli to elicit participants’ emotions. This is a com-
mon and effective approach used in Neurophysiology and
Psychology research [30], [31]. Then we used a smartphone
to collect subjects’ facial expressions, speech and keystrokes,
and a wristband to collect their blood volume pulse (BVP),
electrodermal activity (EDA) and skin temperature (ST).
Next, we adopt a deep learning framework to identify
human emotions from these raw data inputs. Compared
with traditional statistical analysis methods and machine
learning techniques (e.g., decision tree or support vector
machine (SVM)) [32], deep learning techniques can work
on raw data and automate the feature extraction and se-
lection, which eliminates the need for data pre-processing
and handcrafted feature construction [33]. Specifically, we
develop a novel attention-based Long Short-Term Memory
(LSTM) neural network classifier to train and examine the
collected database. Lastly, by leveraging a modality-level fu-
sion approach, we compare and analyze the relative recog-
nition accuracy of different combinations of data signals,
and provide recommendations to the research community
regarding the recognition capabilities.

Thus, the contribution of our work is three-fold:

1) We proposed a novel attention-based LSTM sensing
system that automatically detects human emotional
states based on the fusion of behavioral and phys-
iological data collected from an off-the-shelf smart-
phone and wearable wristband.

2) We designed a replicable experimental protocol
based on mobile devices aimed at collecting sponta-
neous affective responses for future emotion-related
research.

3) We conducted a study with 45 participants to evalu-
ate our model and achieved a high average accuracy
of 89.2% for binary (positive and negative) emotion
recognition. We also compared the effectiveness of
different combinations of behavioral and physiolog-
ical signals in different scenarios.

2 RELATED WORK

2.1 Emotion Models
Emotions are often characterized by “short, intensive
episodes”, and triggered by “a particular event or per-
son” [34]. These can manifest in relatively clearly recogniz-
able states such as fear, disgust, sadness, joy, anger, and sur-
prise, but also more complex states such as embarrassment,
shame, guilt, contempt, compassion, and admiration [35],
[36]. However, because of the subjective and personal na-
ture of emotions, in most cases they are difficult to define
accurately and describe quantitatively. Currently, a defini-
tive description of emotions is still being debated within
physiology and psychology research [37]. Throughout years
of research, scholars have attempted to characterize and
model human emotions from different aspects, and have de-
rived two fundamental viewpoints: (1) the discrete emotion
model and (2) the continuous multi-dimensional emotion
model [38].

The discrete emotion model can be traced back to the
mid-late 19th century with Charles Darwin’s pioneering
book, The Expression of the Emotions in Man and Animals [39].
In this seminal work, Darwin argued that human emotional
expressions have evolved and (at least at some point in
the past) were adaptive for survival [40], and that there
exists a degree of universality in emotion expression [41].
Inspired by this, Ekman and his colleagues proposed that
certain emotions appear to be universally recognized re-
gardless of cultural background, and further identified six
basic emotions: anger, disgust, fear, happiness, sadness, and
surprise [42]. Later, Plutchik proposed the “wheel of emo-
tions” that groups eight primary emotions into positive and
negative opposites, e.g., joy versus sadness [43]. This helps
to illustrate that primary emotions can be expressed with
varying intensity and mixed to form complex emotions.

The continuous multi-dimensional emotion models at-
tempt to describe emotions through multiple dimensions
rather than discrete labels [44]. The theory behind this
model assumes that there are common, overlapping neu-
rophysiological systems that all emotional states arise from,
which challenges the discrete emotion theory that different
emotions correspond to distinct expressions of the nervous
system [45]. Among multi-dimensional emotion models, the
valence-arousal model [45] is the most commonly used,
in which the valence dimension describes the unpleasant-
pleasant continuum and the arousal dimension represents
the deactivated-activated continuum. Each emotion can be
understood as an orthogonal combination of these two
dimensions. For example, stressed can be conceptualized as
an emotional state that is the product of unpleasant valence
together with activated arousal.

In this paper, we aim to classify positive and negative
emotions, which is of great importance for clinicians (e.g,
the need to identify how often negative emotions take place
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during some period of time) and researchers interested in
well-being. In our study we use happy and sad scenes from
validated visual stimuli databases to induce positive and
negative emotions in our participants.

2.2 Emotion Recognition Technologies

To date, researchers have investigated a variety of differ-
ent data sources to predict human affective states. Tradi-
tional emotion recognition technologies usually focus on
visual or audio signals, i.e., facial expression and speech.
Among a number of facial expression systems, the Facial
Action Coding System (FACS) developed by Ekman and
Friesen [46] was widely adopted by emotion researchers.
FACS describes facial behaviours in terms of a set of specific
Action Units (AUs), each of which is associated with an in-
dividual face muscle or muscle group. Based on this system,
human coders can manually deconstruct any possible facial
activity, mapping it to a combination of AUs. Subsequently,
researchers developed software tools for automated facial
coding [47], and employed machine learning techniques
(e.g, nearest neighbor and bayesian networks) to map the
extracted and selected features to different emotional cat-
egories [48], [49]. Speech is another data source that has
been widely used for emotion recognition purposes, as it
is one of the main channels used by human beings to trans-
mit affective information. Early studies leveraged low-level
acoustic descriptors and derivations (LLDs) with functional
statistics as acoustic features for emotion analysis, especially
some vocal parameters such as pitch, intensity, and speaking
rate [50], [51]. Further studies found that pitch and energy-
related features play a key role in the recognition of emo-
tion, and proposed different methods, e.g., mel-frequency
cepstral coefficients (MFCC), mel-frequency spectral coef-
ficients (MFSC), log frequency power coefficients (LFPC)
and linear prediction cepstral coefficients (LPCC), to derive
these features from audio clips for emotional expression
analysis [52], [53].

With the development of modern neuroscience, re-
searchers have also begun to leverage physiological reac-
tions in addition to behavioral responses, such as cardio-
vascular rhythms, the release of certain neuropeptides, or a
change in gastrointestinal fluid [54], [55]. Inspired by these
advances, affective computing studies began to investigate
the link between emotions and numerous physiological
signals from brain, heart, muscles and skin. Hsu et al. [56]
adopted music emotion induction techniques to induce
spontaneous emotions and recorded relevant ECG signals
from 61 healthy participants. They designed a selection
algorithm to extract the time-domain and frequency-domain
ECG features and adopted generalized discriminant anal-
ysis (GDA) to reduce the dimensions of selected features.
Using an LS-SVM classifier, they achieved an automatic
ECG-based emotion recognition system. Zheng et al. [57]
collected EEG signals and eye-tracking data from 5 subjects.
They used film clips as stimuli to evoke emotions in subjects
and built emotion recognition models based on two fusion
strategies. By employing an SVM training method, their
classifier was able to recognize three categories of emo-
tional states: positive, neutral, and negative. Lee et al. [58]
derived physiological signals from PPG, EMG, and inertial

measurement unit (IMU) sensors placed respectively on the
earlobe, the upper trapezius muscle, and the back of the
head. By training the SVM model, their proposed wearable
system achieved a high accuracy rate of monitoring negative
emotional states and demonstrated a high potential for
implementation as a driver emotional-response monitoring
system. Similarly, Perusquı́a-Hernández et al. [59] explored
micro-expression detection by leveraging a wearable de-
vice that detects signals from distal facial EMG sensors.
In another example, Zhao et al. [60] proposed EQ-Radio,
a wireless system that can recognize emotions by using RF
reflections off a person’s body.

Later, the development and popularization of smart-
phones and many wearable devices such as smartwatches
and wristbands has opened a new path toward emotion-
aware computing. Compared with other techniques, mobile
devices’ increasingly lower cost, greater computational ca-
pacity, wider accessibility, and more unobtrusive sensing
capability, can further facilitate affective sensing and com-
puting research. For instance, Zhao et al. [14] developed an
automatic emotion recognition system based on a wearable
wristband. Specifically, using the embedded rich biosensors
on the wristband, they collected three kinds of physiological
signals, blood volume pulse (BVP), electrodermal activity
(EDA), and skin temperature (ST) from 15 participants
with emotion changes triggered by video stimuli. Then,
they extracted a set of fine-grained features to represent
physiological signals by adopting the sequence forward
floating selection (SFFS) method, and classified different
emotions through SVM method. In another example, Zhang
et al. [61] proposed MoodExplorer, an automatic system for
compound emotion detection based on smartphone sensing
data. They first extracted different types of features from
the environments, social contacts, APP usage and activities
of individuals, then used a feature selection algorithm to
choose the most significant features. By training a factor
graph based machine learning model, they finally achieved
76.0% average recognition accuracy with 30 university stu-
dents.

Besides using off-the-shelf wearable devices, researchers
have developed several research prototypes equipped with
different biosensors to explore mobile or wearable emotion
sensing more flexibly. For example, Wu et al. [62] built a cus-
tom eye-tracking platform consisting of an infrared camera
and a System-on-Chip (SoC) board to capture the single-
eye-area images and further achieve accurate identification
of a user’s emotions. After conducting comprehensive ex-
perimental evaluations on 20 participants, their proposed
system was shown to recognize seven-type emotions at
12.8 frames per second with a mean accuracy of 72.2%. In
another example, Masai et al. [63] used 17 photo-reflective
sensors embedded in the front frame of the eyewear to
capture skin deformations caused by the movement of
facial muscles. They then applied the SVM algorithm to
the acquired data and achieved facial emotion recognition
with around 75% accuracy for different usage scenarios.
Although research wearable devices can potentially achieve
higher emotion detection accuracy, we chose to explore
commercially available devices in this study because of the
following reasons: (i) they can be immediately used for
further studies regarding the viability of emotion detection
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in a mobile platform; (ii) our ultimate aim is to achieve
mobile emotion sensing in real-world scenarios rather than
only pursuing higher emotion recognition accuracy; from
this perspective, commercial wearables are more appropri-
ate since they are cheaper, easier to access, and have a more
stable performance. Moreover, the off-the-shelf commercial
wearable device we selected (i.e., the Empatica E4 wrist-
band) has been widely used in other studies [64], [65], [66],
[67], [68]. Lastly, we did not use commercial supporting
software tools to process collected raw data, therefore, as
for physiological signals we focused on (i.e., BVP, EDA, ST),
it does not make a significant difference whether they are
collected by commercial or research wearables.

More recently, deep learning has been widely used in
emotion detection [69], [70], [71], [72], [73], due to its better
performance than traditional machine learning methods.
Compared with standard handcrafted features, deep neural
networks can automate feature extraction and selection pro-
cess, and learn high-level and non-linear robust features. For
example, Shukla et al. [74] explored convolutional neural
network (CNN) features from both audiovisual and EEG
signals to recognize advertisement emotions. Rayatdoost et
al. [75] presented a novel multimodal gated fusion method
to learn the joint deep representation between EEG signals
and facial behaviors. However, throughout the associated
mobile affective computing literature, we note that while
some attempts at detecting human emotion via mobile
devices have begun to use deep learning [33], [76], [77], it is
still a new and growing area of research that requires further
work. This is partly due to the usage complexity of mobile
devices as well as the rich variation in individual affective
expression. Thus, in this study, we further explore deep
learning frame-based mobile emotion recognition methods,
and propose a novel attention-based LSTM structure that
utilizes both a smartphone and a wristband to collect and
fuse behavioral as well as physiological signals (i.e., facial
expression, speech, keystroke, BVP, EDA, ST) to identify
the users’ emotional states. Because the focus of this paper
is short-term mobile emotion recognition, we did not use
the approach common in other mobile emotion recognition
work of using indirect behavioral information from long-
term sensor data (e.g., acceleration, gyroscope, Bluetooth,
WiFi, GPS, etc.) as model inputs [61], [78], [79].

3 METHOD

3.1 Visual Stimuli

In recent years, there has been an increase in the availability
of large-scale affect datasets. These datasets contain data
originating from a single [80] or multiple sources [81], [82],
and are validated using spontaneous [83], [84] or non-
spontaneous [85], [86] emotion data. However, to the best of
our knowledge, there is no publicly available labelled affect
database that entirely relies on everyday mobile devices.
This is of particular importance as users’ spontaneous mo-
bile behaviours are typically more complex and uncontrol-
lable, which in most databases is not present or is treated as
noise. Based on these considerations, we decided to collect
a multimodal spontaneous emotion database exclusively
using mobile devices.

Experimentally inducing emotions is the most rigorous
means of analyzing the effects of emotions and has a rich
history in psychology, neuroscience, and psychiatry [31],
[87]. In our experiment, we chose static pictorial stimuli to
evoke positive and negative emotions respectively. There are
two main reasons why we chose this type of stimuli over
other available methods: 1) visual stimuli (including static
pictures and videos) are more efficient than other emotion
induction techniques, such as music or autobiographical
memory recall in most situations [31], and 2) unlike video
stimuli, pictorial stimuli have several standard databases
that have been repeatedly verified in both cross-user and
cross-cultural conditions [88], [89]. Specifically, 10 affective
pictures (5 for positive1, 5 for negative2) were selected from
two well-known affective picture databases, the Interna-
tional Affective Picture System (IAPS [90], [91]) and the
Nencki Affective Picture System (NAPS [92], [93]). It is
worth mentioning that there are some mobile or wearable
emotion sensing works [94], [95], [96], [97] that also at-
tempted to recognize emotions elicited by IAPS. But unlike
their works, we focus on multimodality signals from both
behavioral and physiological categories, given that their
contained clues are complementary and attempting to mine
comprehensive affective information, rather than biasing
toward certain modalities.

3.2 Participants
We recruited 45 healthy participants via social media and
posters placed around our university campus. We excluded
data from 5 participants due to problems during the data
collection process. All remaining participants were students
or staff in our university. 52.5% (21) were males and 47.5%
(19) were females. Their ages ranged from 18 to 36 years old
(mean ± standard deviation, 23.9 ± 4.7 years). We ensured
that none of the participants had a history of cardiovascular
or neurological illness, and that all participants had normal
or corrected-to-normal vision.

3.3 Procedure
Before each experiment started, we simultaneously con-
nected the smartphone and wristband to a computer to
synchronize their internal clocks with the computer’s clock
and assure that they had synchronized timestamps.

Upon arriving at our lab, participants were briefed on
details of the experiment including the principal experimen-
tal tasks, the self-report questionnaires, and experimental
devices. Participants were then asked to sign a consent form
if they agreed with the experimental setup. Afterwards, each
participant was asked to wear an Empatica E4 wristband3

on their non-dominant hand (to minimize motion [77]) with
the assistance of a researcher to ensure the electrodes lined
up on the bottom of the wrist and to avoid relocation
during hand movements. Participants were also asked to
hold a smartphone in their dominant hand. The experimen-
tal design was approved by the ethics committee of our
university. Each participant was compensated with a $20
gift voucher for their participation.

1. IAPS IDs: 1920; NAPS IDs: Animals 183 h, Faces 001 h,
Faces 079 h, Faces 127 h.

2. IAPS IDs: 2205, 8010, 9421; NAPS IDs: Faces 155 h, People 143 h.
3. https://www.empatica.com/research/e4/
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Fig. 1. The four stages of each experimental session, including emotion induction, self-report, typing task, and speaking task. In the emotion
induction stage, one affective picture was presented for 10 seconds; in the self-report stage, participants completed a self-assessment reflecting
on their current emotion after looking at the picture; in the typing task, participants had to type the text presented on the screen; and in the speaking
task, participants had to read aloud the text presented on the screen.

Our experiment had a total of ten sessions. Each session
consisted of four stages, including emotion induction, self-
report, typing task, and speaking task. Fig. 1 shows the different
stages of each experiment session. Firstly, one affective
picture from our selected visual stimuli was presented in
the center of the smartphone screen for 10 seconds (shown
in Fig. 1a), in order to evoke one target emotion. This
presentation duration has been shown to be more than
sufficient for picture emotion elicitation [98], [99], [100],
[101], [102]. Next, a questionnaire was triggered, asking
participants to self-report their emotional state elicited by
the displayed image (shown in Fig. 1b). Following rec-
ommendations from previous work [103], we used 7-point
Likert scales to indicate the intensity of different emotions,
with 1 indicating a weak feeling and 7 indicating a strong
feeling. At this stage, we presented our participants with
both positive and negative emotion choices and asked them
to rate all emotions simultaneously in order to ensure that
choices were independent (e.g., “5” for positive, and “1” for
negative). We chose the emotion with the highest value as
the final “ground truth”. After completing the questionnaire
and pressing the “CONTINUE” button, the participants
were required to type out in the dedicated text entry area
some text that was displayed in the upper half of the
smartphone screen (shown in Fig. 1c). Finally in stage 4,
participants were asked to press and hold the “HOLD TO
TALK” button, while reading out loud a set of sentences
displayed on the top of the screen (shown in Fig. 1d). In
short, we first induced an emotion in participants, then
collected their self-reported emotion, and finally presented

them with typing and speaking tasks.
The ten affective pictures were presented to each par-

ticipant in pseudo-random order where any two pictorial
stimuli in the same category (happy or sad scene) would
not appear in succession, so that all emotional scenes were
spread evenly over the experiment. Furthermore, in order
to avoid any possible sequence effects of typing task and
speaking task, we also counter-balanced these two tasks, so
that half of the participants encountered the typing task
first, while the other half encountered the speaking task first.
After each session, participants had a 10-second break to
mitigate potential carryover effects of the previous emo-
tional experience as suggested in the literature [19], [104].
In addition, after every two sessions, we added one extra
session with a neutral picture to further strengthen this
moderating impact. We also set a training session with a
neutral picture to keep participants relax before the formal
experiment. Thus, a complete experiment actually consisted
of sixteen (10+5+1) sessions.

Moreover, to avoid the potential affective interference
from the linguistic or semantic information of the sentences
displayed in typing task and speaking task, we selected the
“emotion-free” sentences from two phrases sets that are
frequently used in text entry and speech synthesis stud-
ies: the MacKenzie and Soukoreff phrase set [105], and
the CMU ARCTIC database [106]. Then we used the IBM
Watson natural language understanding API4 to ensure the
selected sentences are indeed neutral expression. Further-

4. https://www.ibm.com/au-en/cloud/
watson-natural-language-understanding/resources
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Fig. 2. Overall system structure. We collected facial expression and three types of physiological signals (BVP, EDA, ST) during the emotion induction
stage, speech data during the speaking task, and keystroke data during the typing task. These data were passed to the preprocessing and attention-
based LSTM feature extractor respectively, which outputted four modality-specific feature vectors. The concatenate and the dense layers fused these
four vectors and learned the mutual association among modalities for final emotion recognition. The result was then compared with the ground truth
collected in the self-report stage.

more, in order to avoid memorization, we did not use the
same sentences for the typing task and speaking task. Instead,
we used different sentences with similar Flesch-Kincaid
scores that quantify the difficulty of the sentences used in
mobile text entry [107], [108].

3.4 Data Collection

We developed a custom Android application as a data
collection tool, which leverages the embedded front fac-
ing camera, microphone, and default software keyboard
(Gboard5, with suggestion and correction features disabled,
using the default Android widget named EditText) to moni-
tor participants’ behavioral data. Specifically, the application
recorded the following data signals: (1) facial features when
participants looked at the affective pictures; (2) participant’s
self-report questionnaire answers; (3) keystrokes (including
each character typed and deleted, and the detailed time
when each key-down event happened) according to the par-
ticipant’s typing behavior; and (4) raw audio data collected
during the speaking task. We chose these specific behavioral
modalities as they have been widely investigated in the
emotion recognition field [109], [110], [111], [112] and have
many high-fidelity feature models, rendering them more
suitable for short-term emotion recognition research.

Regarding participants’ physiological data, as suggested
by [14], [65], we used the Empatica E4 wristband to capture
blood volume pulse (from the photoplethysmograph (PPG)

5. https://play.google.com/store/apps/details?id=com.google.
android.inputmethod.latin&hl=en

sensor), electrodermal activity (from the electrodermal ac-
tivity sensor), and skin temperature (from the temperature
sensor) data with sample rate at 64 Hz, 4 Hz, and 4 Hz
respectively6.

4 IMPLEMENTATION AND ANALYSIS

The overall structure of our proposed recognition system is
illustrated in Fig. 2. The structure consists of three major
parts: data preprocessing, feature extraction, and emotion
recognition. We cover each part in more detail in the follow-
ing sections.

4.1 Data Preprocessing
The system accepts raw data from facial expression, speech,
keystroke, BVP signal, EDA signal, and ST signal as inputs.
Through the data preprocessing module, the heterogeneous
inputs can be formatted into specific representations, which
can be effectively used in the following feature extraction
network module.

Specifically, for the facial expression input, we first ex-
tracted the related frames with the speed of 30 fps by
FFmpeg7, which converted the raw input video into a series
of continuous image frames. Based on this, we built our
facial feature extractor with EmotionNet2 [113] for each
frame. EmotionNet2 is the extension of EmotionNet [114],
which is a novel computer vision algorithm for emotion

6. https://support.empatica.com/hc/en-us/articles/
201608896-Data-export-and-formatting-from-E4-connect-

7. https://ffmpeg.org/
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recognition of human faces in photographs. It builds up on
the ultra-deep ResNet architecture [115] and performs well
especially in reducing the variance caused by background
noise [116]. We used it as a trained feature-extractor for
facial expression, and selected the output before the last
layer as the feature representation of each frame. During
training, we found that there were some instances where the
extracted frames did not contain a face or the face propor-
tion was too small. We removed these noisy frames by using
the face detection algorithm embedded in EmotionNet2, and
padded the frame stream at the end by duplicating the last
frame from the video. Finally, each input is represented as a
Nf × 512 matrix, where Nf is the number of frames.

For the speech input, we used the OpenSmile toolkit [117]
to directly extract mel-frequency cepstral coefficients
(MFCC) from raw audio signals as acoustic representations.
It computes MFCC features from 26 Mel-frequency bands
computed from the fast fourier transform (FFT) power spec-
trum. In addition, delta (∆) and acceleration (∆∆) coeffi-
cients are also appended to the MFCC. The extracted feature
set thus contains 39 dimensions (12-MFCC, 12-∆MFCC, 12-
∆∆MFCC, P, ∆P and ∆∆P, where P stands for raw energy
of the input speech signal [118]). After normalization, the
final acoustic representation is a 2-D array with Ns × 39
dimensions, whereNs is number of extracted MFCC frames.

For the keystroke input, there are several different fea-
tures that can be monitored when the user presses keys
on a keyboard, such as pressure, finger movement, and
typing speed [119]. We focused specifically on the duration
features, i.e., the interval time between two consecutive key-
down events on the smartphone virtual keyboard. Consid-
ering that most participants completed the typing task in a
relatively short time slot, we regarded each raw input as a
long window to observe the entire trends. After the normal-
ization, we got a representation matrix with (Nk − 1) × 1
dimensions, where Nk is the number of key-down events.

Fig. 3. Data segmentation. 10-seconds of physiological data was seg-
mented into seven 2.5-second windows.

Regarding the physiological inputs, there are three types
of data: (1) BVP measures the pulse-wave of the heart and
the volume of the blood flowing through a vessel. It is
obtained by the use of a PPG sensor embedded in the
E4 wristband. This component illuminates the skin using
a light-emitting diode and records the pulse waveform
using a photo-diode. (2) EDA refers to the variation in
the electrical characteristics of the skin. It is monitored by
measuring the voltage between two electrodes by applying
low-level current to the skin. It shows an electrodermal
response of the human body to external stimuli. (3) ST

means the temperature of the human skin. It is measured
by using the thermopile infrared sensor. It can describe the
response of the vessels when stimulated by external factors.
For example, the skin temperature will be warmer when
the vessels dilate, while it will be colder when the vessels
constrict. For each physiological input, we first standardized
it through the z-score normalization. Then, as suggested
in [15], we leveraged a 2.5-second sliding window with 50%
overlap to achieve data segmentation. Considering that we
only focused on the participant’s physiological responses
in emotion induction phase (10 seconds), a stream of input
data was thus split into seven windows (shown in Fig. 3).
Finally, the representation for each physiological input is a
2-D array withNp×Sp dimensions, whereNP is the number
of time windows, Sp is the size of data in one time window.
Specifically, the value of Sp is 160, 10, and 10 for BVP, EDA,
and ST respectively, based on their sample rates (64Hz, 4Hz,
and 4Hz).

4.2 Attention-based LSTM Feature Extraction

In this step, we applied the LSTM structure with an atten-
tion mechanism as a high-level feature extractor. LSTM [120]
is a variant of recurrent neural network (RNN) architecture,
which has the ability to learn the long-term dependencies
from time-series data. The key concepts of LSTM structure
are the cell state and the gate structures, in which the
cell state is similar to the “memory”, i.e., the information
transferred in LSTM while the gate structures decide what
information should be forgotten and updated. Specifically,
there are three kinds of gate structures in LSTM, forget gate,
input gate, and output gate. When passing through the for-
get gate, the unimportant information in the cell state from
the prior steps will be forgotten; when passing through the
input gate, the new information from current input will be
used to update the cell state; and when passing through the
output gate, the output information will be decided based
on the new cell state. By using the LSTM structure, we can
further extract the temporal associations from each input
modality and form a more fine-grained representation. In
addition, considering that not all subsamples in one input
modality contribute equally to the final recognition (e.g., not
all frames have the same importance in one input video), we
also adopted an attention strategy [121] to denote the rela-
tive importance among subsamples and fuse them to a final
informative feature vector. By adopting an attention mech-
anism, we can more effectively capture the temporal-spatial
dependencies by assigning different importance weights to
different subsamples. Furthermore, the fused informative
vector usually has smaller dimensions, which can effectively
reduce the training time [122]. The details are presented in
Fig. 4.

Specifically, we first fed the representation obtained from
data preprocessing phase into the LSTM in sequence:

hi = LSTM(Xi), i ∈ [1, N ] (1)

where Xi is the data of the ith time step of the input
time-series representation, N refers to Nf , Ns, Nk − 1, and
Np for different inputs, LSTM means the LSTM cell, and
hi is the output of the hidden state, which can be viewed
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Fig. 4. Attention based LSTM feature extractor. Xi stands for the data of the ith time step of the input time-series representation; LSTM stands for
LSTM cell; hi is the hidden representation of Xi; uh is the learnable context vector; αi is the assigned importance weight for hi; V is the extracted
informative feature vector.

as the latent information of Xi based on the previous time-
stepping inputs X1, ..., Xi−1.

Then, similar to [123], we computed the attentive energy
ei of each hi through a one-layer MLP, and the normalized
importance weight αi through a softmax function:

ei = tanh(Whhi + bh) (2)

αi =
exp(eTi uh)∑
i exp(eTi uh)

(3)

where Wh and bh are trainable parameters, and uh is a
trainable context vector with random initialization.

Finally, based on a weight sum of hi and αi, we calcu-
lated the high-level feature vector V by applying a dense
layer. Concretely:

V = fRelu(
∑

i

αihi) (4)

We considered the three physiological inputs (BVP, EDA,
and ST) as a whole. On the one hand, all these three inputs
are wristband-based signals, which can be obtained simulta-
neously. On the other hand, the emotional clues are hidden
in multiple aspects of the individual’s physiological signs,
and it is difficult to identify the emotions based only on
the incomplete clues extracted from one single physiological
sign. Thus, we concatenated the feature vectors of BVP,
EDA, and ST to form an entire physiological representation:

VP = [Vbvp, Veda, Vst] (5)

4.3 Emotion Recognition

For the proposed recognition module, there are two major
parts: modality fusion and decision making. We first used a
concatenate layer to fuse the four modality-specific feature
vectors (i.e., visual vector, acoustic vector, typing vector, and
physiological vector). Then we passed the combined feature
vector to a dense layer to further learn the associations
across modalities by:

r = tanh(Wr[VV , VA, VT , VP ] + br) (6)

where r is the final representation for all modalities,
Wr and br are trainable parameters, VV is a 128-dimension
visual vector, VA is a 128-dimension acoustic vector, VT is a
64-dimension typing vector, and VP is a 96-dimension (Vbvp:
64, Veda: 16, Vst: 16) physiological vector. Finally, we made
the classification by using r as input passed into a sigmoid
layer which can output a final emotion classification result
(positive or negative).

We implemented our proposed recognition system using
the Keras framework with Tensorflow as the backend. We
first pre-trained the feature extraction network for each
modality respectively, and then tuned the entire network.
We set LSTM in visual and acoustic modalities with 256
hidden states, in typing and BVP modalities with 128 hidden
states, and in EDA and ST modalities with 64 hidden states.
We set the learning rate to 0.01 and used the SGD optimizer.
We used 16 as the batch size and trained the model for 100
epochs. Except for the attention layers, we used the ReLU
activation function. To overcome the overfitting issue, we
adopted dropout and batch normalization.
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5 RESULTS

We collected a total of 2400 samples from all modalities,
and 400 self-reports (40 participants × 10 affective sessions)
on the spontaneous emotional state of participants. We
removed 5 self-reports (1.25%) where the rating values were
the same for both positive and negative emotions. Fig. 5
describes the distributions of the induced emotions (positive
and negative), as collected for each affective picture and
with pictures divided by their own category (happy and
sad scenes). We first grouped the participants’ self-reports
based on the category of the used pictorial stimuli, then
split the full range of them into seven bins according to
different emotion feeling intensity (1-7 on the rating scales).
Finally, the rating distribution for every induced emotion
was plotted for each scenario category separately in each of
the panels of Fig. 5.

(a)

(b)

Fig. 5. Distributions of the self-report ratings of positive and negative
emotions categories, together with the means of the respective distribu-
tions (dotted lines), for happy (a), and sad (b) scenes in selected stimuli
database.

From the sub-figure (a) and (b), we can see that the
distributions of both positive and negative emotional in-
tensity ratings in all panels are clearly opposite. In the
happy scene group, the mean value for positive emotion

is 5.60, while for negative emotion is only 1.35. Besides,
90.7% positive rating values were above the middle value
of the scales(=4), and 99.5% negative rating values were
below the middle value. Similarly, in the sad scene group,
the mean values for negative and positive emotions were
5.40 and 1.35 respectively, with 88.2% negative rating values
were above and 98.9% positive rating values were below the
middle value. Although in the sad scene group, the negative
distribution toward the largest value of the scale(=7) did
not show a similar strong bias as the positive distribution
toward the smallest value(=1) (the same situation also in
the happy scene group), it still makes sense considering:
(1) we did not select high-intensity pictures for ethical and
experimental reasons; (2) high-intensity emotional changes
happen rarely for most people during daily life. Moreover, it
did not affect the results of our experiment, since we did not
assume the class of affective stimuli as the “ground truth”,
instead we focused on self-report and chose the emotion
with the highest rating value in each self-report as the
“ground truth”. It is worth mentioning that this practice
is appropriate given that emotional responses vary from
person to person.

(a)

(b)

Fig. 6. Classification results of target emotions. (a) confusion matrix; (b)
ROC curves.

We also calculated the time spent by participants on each
experimental session. On average, each participant needed
approximately 16 seconds to complete the emotion assess-
ment and a total of 40 seconds (including induction stage)
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Fig. 7. Recognition accuracy for each participant.

to complete one entire session. Compared with other short-
term emotion research with speech or typing tasks [19],
[124], our experiment was less time consuming for each
experimental session ensuring a more robust emotion in-
duction for all stages.

5.1 Overall Performance
To investigate the robustness of our proposed system, we
used leave-one-participant-out cross-validation to evaluate
the classification performance. Fig. 7 describes the recogni-
tion results for each participant. We can see that our pro-
posed system can recognize the emotional states of almost
all participants (37/40, except participant ID 3, 23, and 37)
with high accuracy greater than or equal to 80% (blue dotted
line). The highest accuracy is 100% for seven participants
(ID 5, 11, 12, 15, 16, 36, 39), while the lowest accuracy is 69%
for participant ID 23 (two red dotted lines). Moreover, we
also evaluated the system’s performance on target emotions,
and plotted their receiver operating characteristic (ROC)
curves with the corresponding area under the curve (AUC)
values (shown in Fig. 6). The results show that our model
achieved a predictive performance of 89.24% for positive
emotion and 89.25% for negative emotion (with 0.86 AUC).
Considering that our model is a user-independent model,
i.e., we trained the model from a set of participants and
tested its performance from other unknown participants.

5.2 Impact of Different Scenarios
Our proposed system used four input modalities (visual,
acoustic, typing, and physiological modality) collected from
both a smartphone and a wearable wristband to analyze a
person’s emotional state. However, in real-world scenarios,
it is likely that only a subset of modalities are accessible. For
example, some people are not willing to wear a wristband
in daily life. Or when using communication apps (e.g.,
Messenger, WhatsApp, Telegram), some users may prefer
to chat with voice input, and some may tend to chat with
keyboard typing. In such conditions, the user’s habits and

(a)

(b)

Fig. 8. Classification accuracy for different modality combinations in
different scenarios. P: physiological, V: visual, A: acoustic, T: typing.

preferences determine the type of modality data that can be
obtained. Thus, we need to explore whether our system can
identify emotions using merely a subset of the data streams
we investigated.
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Fig. 9. Classification accuracy for all possible modality combinations. Unimodality (left), Two modalities (middle-left), Three modalities (middle-right),
Four modalities (right). P: physiological, V: visual, A: acoustic, T: typing.

In this section, we first explore the performance of
each kind of input combination in different real-world
scenarios including smartphone-only scenario and wrist-
band+smartphone scenario, as depicted in Fig. 8. We did
not consider the wristband-only scenario here, since we
regarded all three physiological inputs (BVP, EDA, and ST)
as a whole (as explained in Section 4.2), thus, there was only
one kind of input in this scenario.

From Fig. 8(a), we can see that in the smartphone-only
scenario, three-modality combination (V+A+T) had the best
performance, two-modality combinations (V+A, V+T, A+T)
had a similar second-best performance, followed by one-
modality inputs (V, A, T). Similarly, we see in Fig. 8(b) (i.e.,
wristband+smartphone scenario) that four-modality com-
bination (P+V+A+T) had the best performance, followed
by three-modality combinations (P+V+A, P+V+T, P+A+T)
and two-modality combinations (P+V, P+A, P+T). These
findings, on the one hand, corroborate the finding from
previous work that multimodal accuracies were consistently
better than unimodal accuracies [125], and on the other
hand, extend its applicable scope to the mobile affective
computing field.

Moreover, we put all possible inputs together for com-
parison, as depicted in Fig. 9. From the figure, we further
found that the improvements of multimodal approaches
were cross-scenarios. For example, three-modality combi-
nation in smartphone-only scenario (V+A+T) not only per-
formed better than two-modality combinations (V+A, V+T,
A+T) in the same scenario but also better than two-modality
combinations (P+V, P+A, P+T) in wristband+smartphone
scenario, i.e., three-modality combinations always had a
better performance than two-modality combinations.

We also explored the impact of different combination
strategies on classification accuracy of target emotions. As

TABLE 1
Classification accuracy of target emotions for all possible modality

combinations. P: physiological, V: visual, A:acoustic, T: typing

Positive (%) Negative (%)
P 61.88 58.60
V 60.99 62.90
A 68.16 55.38
T 57.85 56.99
P+V 73.99 73.66
P+A 77.58 72.58
P+T 74.89 66.67
V+A 76.68 65.59
V+T 73.54 72.58
A+T 77.58 66.67
P+V+A 86.55 79.57
P+V+T 88.79 80.65
P+A+T 88.34 76.88
V+A+T 86.10 82.80
P+V+A+T 89.24 89.25

shown in Table 1, we found that for positive emotions,
(1) A had the highest accuracy among unimodal inputs;
(2) P+A, V+A, and A+T had a similar performance which
was modestly better than P+V, P+T, and V+T among two-
modality inputs; (3) P+V+T and P+A+T performed similarly
with P+V+A+T, and were the best combinations among all
inputs. Meanwhile, for negative emotions, (1) V was the best
among unimodal inputs; (2) P+V, P+A, and V+T performed
better than P+T, V+A, and A+T among two-modality inputs;
(3) V+A+T had the best performance among three-modality
inputs, followed by P+V+T and P+V+A; (4) P+V+A+T was
the best among all inputs. Overall, each kind of input
showed its strengths and limitations, and the performance
for all combinations was equally able to recognize positive
and negative emotions.
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5.3 Comparison of Different Fusion Techniques

We also applied the decision-level fusion method to provide
a more comprehensive analysis. Decision-level fusion is a
kind of late fusion method, where different modalities are
trained independently, and finally all their outputs are fused
by using specific algebraic rules or learning algorithms.
Here, we used three principles to achieve decision-level
fusion: sum strategy, max strategy, and logistic regression
algorithm. Sum strategy aims to sum the probabilities of the
same emotions obtained from different classifiers and mark
the emotion with the highest probability as the predicted
label. Max strategy aims to select the higher probabilis-
tic outputs of different classifiers as final results. Logistic
regression processes the weighted combination of outputs
from different classifiers by the logistic function.

TABLE 2
Classification accuracy for different fusion techniques. ML:
modality-level, DL: decision-level, LR: logistic regression

.

Accuracy (%) Weighted F1-score
ML 89.2 0.89
DL-sum 65.5 0.65
DL-max 64.3 0.64
DL-LR 76.8 0.75

Table 2 shows the results of modality-level fusion,
decision-level fusion based on sum strategy, decision-level
fusion based on max strategy, and decision-level fusion
based on logistic regression. We can see that, compared
to modality-level fusion, the performance of decision-level
fusion based on sum strategy dropped by 23.7% accuracy
and 0.24 weighted F1-score, the performance of decision-
level fusion based on max strategy dropped by 24.9% ac-
curacy and 0.25 weighted F1-score, and the performance of
decision-level fusion based on logistic regression dropped
by 12.4% accuracy and 0.14 weighted F1-score. This is be-
cause decision-level fusion assumes all modalities are inde-
pendent, and therefore cannot learn the mutual association
among different modalities. By contrast, in our proposed
system, we merged the hidden states of the feature ex-
traction networks trained using every single modality, and
allowed the system to learn the mutual correlation through
several dense layers.

6 DISCUSSION AND FUTURE WORK

In this paper, we present a novel unobtrusive mobile
emotion recognition system, which has the potential to
contribute towards research efforts focused on emotional
well-being. A large body of research has demonstrated
the feasibility of leveraging digital technology to maintain
and support a person’s emotional well-being [126], [127],
[128]. Due to the complexity and dynamic characteristics of
human emotion, however, recognizing emotions accurately
and in a timely manner is still an open challenge. In prac-
tice, achieving accurate and unobtrusive emotion detection
would enable emotional health monitoring as well as trig-
gering opportune emotional well-being interventions [129].
Our work tackles these challenges in a number of ways. The
multimodal structure we use ensures the continuity of the
data collection process and efficiently prevents a scenario

where there would be a lack of adequate realistic training
data. The amalgamation of different modalities allows for
a better integration of affective information from different
channels, which leads to a more comprehensive understand-
ing and judgment of users’ emotional states.

Previous mobile emotion recognition work has mostly
adopted traditional machine learning and feature engineer-
ing algorithms. Although these handcrafted approaches
have yielded promising results, the low-level handcrafted
features do not generalize well to different application
scenarios. Besides, compared with current fast-growing
deep learning networks, handcrafted-based approaches of-
ten need manual intervention to select the most discrimi-
nating features and the related thresholds from sensor data,
which can be time-consuming, especially when the feature
set is complex and non-linear. In addition, with the increase
in size of the extracted feature set, traditional methods
will need the support of dimensional reduction techniques
to preprocess the features, which will lead to the loss of
information of raw data [33]. To overcome these limitations,
in this work, we adopted a deep learning approach, and
designed a novel attention-based LSTM structure for our
proposed mobile emotion-sensing system. Moreover, we did
not impose strict restrictions on participants during the
experiment, like holding the smartphone with a specific
posture or typing with two hands to purposely get higher
accuracy. Instead, we asked participants to imagine they
were at home and behave normally. As expected, this led
to some non-ideal data collection situations, e.g., the user’s
face being only partially visible or not visible at all. Nev-
ertheless, our system can still detect the target emotions
with high accuracy, which indicates strong robustness and
disturbance rejection properties.

We further designed a replicable emotion elicitation
protocol that leverages off-the-shelf mobile devices. This
protocol uses pictorial stimuli to spontaneously evoke the
different emotional states, as opposed to commonly used
strategies in the emotion recognition databases where either
participants are asked to imitate certain emotional facial
expressions or speech, or professional actors are recruited
to express certain emotions [85], [130], [131]. The latter
approaches effectively enhance the distinctness and identi-
fiability of different emotional responses and make it easier
for sensors to pick up on them, but these posed expressions
are not genuine emotional expressions. Thus, while such
recognition systems may exhibit high accuracy, recent work
has shown a dramatic drop in performance when actor-
trained recognition systems process spontaneous facial ex-
pressions [132], [133].

Considering the spontaneous nature of our collected
data, our approach still achieved high performance (89.2%
average accuracy for 40 participants), well-above the histor-
ical classification accuracies using sophisticated models or
multimodal data with performance ranged from 55 to 80
percent [76], [79], [127], [134]. This once again demonstrates
that our model is robust. We did not further directly com-
pare the performance of our model with previous work due
to differences in the experimental aim (short-term emotion
research) and experimental data (not collecting other smart-
phone usage data such as call/SMS logs or internet browser
history).
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We also explored the impact of different modality
combinations. Overall, the best performance was achieved
by the four-modality combination, followed by three-
modality combinations, two-modality combinations, and
finally unimodality. Whether in smartphone-only or wrist-
band+smartphone scenarios, the more modality data col-
lected, the higher accuracy the system achieved. Our results
also showed that for a scenario with three modalities, the
best-performance combination choice for positive emotion
was P+V+T or P+A+T, and for negative emotion, V+A+T.
For a scenario with two modalities, the best performance
combination for positive emotion was P+A, V+A, or A+T,
and for negative emotion, P+V, P+A, or V+T. For uni-
modality, the best performance for positive emotion was
A, and for negative emotion was V. These findings suggest
recommendations on how to achieve more reliable mobile
emotion recognition. Generally, we recommend selecting
different combinations depending on the available modality
data.

6.1 Limitations

Our work has several limitations. First, the amount of data
we collected was relatively small and the demographics of
the participants was skewed towards young adults. Thus, in
the future, we aim to recruit a larger sample of participants
with a wider range of demographics to build a more robust
validation database. Second, in this study, we focused on
a narrow set of emotions (i.e., positive and negative emo-
tions). Future work should consider a wider set of emotions
to further investigate the robustness of our approach. Third,
our experiment was conducted in a laboratory-based set-
ting. In the future, we will focus on long-term user studies
conducted in-the-wild, and further improve the proposed
system by incorporating other types of smartphone usage
data (including Call/SMS logs, location, application usage
patterns, etc.).

7 CONCLUSION

In this study, we propose a novel mobile emotion recog-
nition system that uses off-the-shelf mobile devices and
attention-based deep multimodal architecture. Our system
can predict a user’s emotional states through comprehen-
sively analyzing behavioral data (facial expression, speech,
keystroke) recorded by a smartphone, with physiological
signals recorded by a sensor-rich wristband. In order to eval-
uate the proposed system, we designed a replicable emo-
tion experiment on mobile devices, including the induction
of spontaneous emotion and the collection of multimodal
affective responses. Through a leave-one-participant-out
cross-validation, our model achieved an average accuracy
of 89.2%. Finally, we explored emotion recognition in dif-
ferent scenarios where different data sources are available,
and provided recommendations on how to achieve reliable
mobile emotion recognition. Our work has the potential to
inform the design of future in-the-wild applications that can
help monitor real-time emotional well-being and provide
emotion regulation recommendations.
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Chapter 6

Hierarchical Self-Attention

Network

6.1 Introduction

Although RNNs have been firmly established for modeling and processing the tempo-

ral dependencies in sequential signals [232, 280], recently the Transformer and CNN

based models have demonstrated better capabilities [281, 282]. Stemming from our

work presented in Chapter 5, in this chapter, we further propose an efficient hierarchical

mobile emotion recognition network that relies entirely on the convolution-augmented

self-attention mechanism [270] to draw both content-based global and position-wise local

dependencies of the input sequences and compute related feature map. Moreover, in or-

der to study natural emotions arising in the wild and generalize the proposed framework

to realistic scenarios, we used a multimodal naturalistic dialogue dataset as the valida-

tion dataset [283]. This dataset does not contain any intentional or fictitious emotional

displays, instead relying on spontaneous emotional responses. By using this dataset we

aimed to mitigate concerns regarding the authenticity of posed emotional expressions in

affective computing research [284–286].

Our results show that the proposed architecture achieves state-of-the-art performance

in all five classification tasks. The quantitative generalizability tests also highlight that

104
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our system exhibits good convergence and generalization, and can handle different phys-

iological signals. More details of this study can be found in the attached publication,

Article III.

6.2 Article III
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ABSTRACT
Recognising and monitoring emotional states play a crucial role in
mental health and well-being management. Importantly, with the
widespread adoption of smartmobile andwearable devices, it has be-
come easier to collect long-term and granular emotion-related phys-
iological data passively, continuously, and remotely. This creates
new opportunities to help individuals manage their emotions and
well-being in a less intrusive manner using off-the-shelf low-cost
devices. Pervasive emotion recognition based on physiological sig-
nals is, however, still challenging due to the difficulty to efficiently
extract high-order correlations between physiological signals and
users’ emotional states. In this paper, we propose a novel end-to-end
emotion recognition system based on a convolution-augmented
transformer architecture. Specifically, it can recognise users’ emo-
tions on the dimensions of arousal and valence by learning both
the global and local fine-grained associations and dependencies
within and across multimodal physiological data (including blood
volume pulse, electrodermal activity, heart rate, and skin tempera-
ture). We extensively evaluated the performance of our model using
the K-EmoCon dataset, which is acquired in naturalistic conversa-
tions using off-the-shelf devices and contains spontaneous emotion
data. Our results demonstrate that our approach outperforms the
baselines and achieves state-of-the-art or competitive performance.
We also demonstrate the effectiveness and generalizability of our
system on another affective dataset which used affect inducement
and commercial physiological sensors.
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1 INTRODUCTION
The emotions we feel every day shape our behaviours and guide
our decisions. Emotions can, however, go awry and lead to negative
repercussions to an individual’s well-being. For instance, long peri-
ods under stress and anxiety may not only impair mental health
but also induce related diseases. Recent studies have demonstrated
a high correlation between affective instability and psychosis [18].
Thus, automatic and accurate emotion recognition has increasingly
become an important research topic as it can assist with early di-
agnosis, continuous monitoring, and can inform interventions for
mental health and well-being.

In recent decades, researchers have explored different ways to
empower machines with human-like perception of emotional states.
Current automatic emotion recognition approaches can be cate-
gorized into two main types according to the signals used. One
approach entails using human behavioral signals, such as facial
expressions [4, 29, 43], voice [19], and gestures [28]. While these
signals are typically easier to collect, the reliability of such methods
cannot be guaranteed since these signals are semi-voluntary or vol-
untary responses [8, 26]. This means that people can easily disguise
inner emotions by controlling their behaviors. For example, people



can conceal their real emotions by showing a “poker face” in social
communications [44]. The other approach entails using physiologi-
cal signals, such as electrocardiogram (ECG), electroencephalogram
(EEG), electromyogram (EMG), galvanic skin response (GSR), and
body temperature. Unlike behavioral signals, physiological signals
originate from the activity of the central nervous system (CNS)
and the autonomic nervous systems (ANS), which are involuntary
responses and quite challenging to be controlled or hidden inten-
tionally [31]. Therefore, approaches based on physiological signals
are more reliable and universally applicable to discern the inner
emotional feelings of human beings [14, 46].

However, emotion recognition based on physiological signals is
still challenging. On the one hand, existing methods mainly rely on
experience-based feature engineering to manually quantify numer-
ical attributes that can characterize affective information contained
in different physiological signals. Typically, the extracted features
concentrate on the time and frequency domains, for example, the
commonly used time-domain statistical features — minimum, maxi-
mum, mean, standard deviation [7], and frequency-domain features
— energy distribution at different frequency bands [40]. Despite
being widely adopted, these handcrafted features are essentially
low-level feature representations, which do not generalize well in
different scenarios and can not efficiently model the complex and
non-linear spatio-temporal relationships among multiple physio-
logical signals. Recent research has found that multiple physiolog-
ical signals can more effectively reflect emotional changes than
a single signal [31]. On the other hand, most affective databases
(e.g., DEAP [14], MAHNOB-HCI [33]) used in physiological signals-
based emotion studies are acquired by using artificial induction
methods, i.e., by using specific music, pictures, or video clips as
stimuli to induce the generation of certain emotional states from
participants. Although such emotional portrayals could be consid-
ered as “spontaneous" emotional expressions, they do not represent
natural emotional responses collected from in-the-wild social in-
teractions and lack adequate contextual information. Moreover,
the data acquisition in these databases typically relies on medical-
level equipment because of its affordances, such as high sensitivity
and high sampling rate. For example, the acquisition equipment
used in the DEAP database supports a 512 Hz sampling rate for
physiological responses, while the acquisition equipment used in
the MAHNOB-HCI database supports a 1024 Hz sampling rate. Al-
though high-quality physiological signals can be collected in this
way, these facilities tend to be expensive and intrusive. For example,
an EEG-based system requires a large number of electrodes to be
attached to an individual’s scalp [10]. These hinder emotion recog-
nition techniques from being integrated into everyday devices and
being deployed into real-world contexts.

To address these issues, we design a deep multimodal architec-
ture with a convolution-augmented transformer (conformer [11])
mechanism to classify emotions on different categories of arousal
and valence. Specifically, it first aligns physiological signals by
using the nearest-neighbor interpolation method to synchronize
different sensor inputs. Then, it extracts high-level informative
features from different signals through individual convolutional
neural networks (CNNs). Lastly, by leveraging a conformer encoder,
it can learn the latent local and global associations among different
physiological signals. Moreover, with the development of mobile

technology, modern mobile and wearable devices are increasingly
low-cost, sensor-rich, and lightweight. This makes themwell-suited
to detect multimodal physiological signals and emotional responses
in an unobtrusivemanner, overcoming the aforementioned inherent
limitations frommedical-grade acquisition equipment in traditional
physiological emotion recognition research. Therefore, in this study,
we evaluated our system using the K-EmoCon dataset [21], a pub-
licly available multimodal sensor dataset acquired with off-the-shelf
wearable devices in naturalistic conversations. We used four kinds
of physiological signals collected from an Empatica E4 Wristband
as inputs, blood volume pulse (BVP), electrodermal activity (EDA),
heart rate (HR), and skin temperature (SKT), and conducted five
classification tasks, two-category and five-category classification
on arousal and valence respectively, and a four-category classifica-
tion on combined arousal-valence emotion space. We also tested
the generalizability of our system by conducting two additional
experiments on the ASCERTAIN dataset [35].

Thus, the contribution of our work is two-fold:

(1) We propose a novel conformer-based deep learning structure
that detects human emotional states based on multimodal
physiological signals from off-the-shelf devices. To the best
of our knowledge, we are the first to apply a conformer
mechanism in the field of affective computing.

(2) We conduct extensive experiments to evaluate and test our
proposed system. The results demonstrate that our model
outperforms previous techniques, achieving state-of-the-art
or comparable performance.

2 RELATEDWORK
Despite a large number of studies on emotion recognition, most of
them have focused on audio-visual signals [22] (e.g., facial expres-
sions and speech), since they are seen as themost direct channels for
human emotional expressions. However, these outward emotional
signals can easily bemodified or suppressed in social settings, reduc-
ing their reliability as signs of inner emotional feelings [31, 46]. In
addition, recent work has argued that emotional facial expressions
vary across races and cultures, and facial configurations can not act
as a reliable signal for particular emotional states [1]. Furthermore,
as faces and voices are directly linked to identity, these can raise
significant privacy concerns, especially if they have to be uploaded
to the cloud for processing [30].

For these reasons, the link between emotions and a range of
physiological signals has recently received increased attention in
the field of affective computing. For example, previous work has
leveraged BVP, EDA, and SKT to recognise emotions [44]. They
adopted several different types of film clips as stimuli to evoke
participants’ emotions, and utilized an Empatica E4 wristband to
collect the induced physiological responses. In another example,
researchers proposed a method to recognise emotions relying on
frontal EEG signals [41]. Specifically, they first selected four kinds
of VR affective scenes containing happiness, fear, peace, and disgust.
Then by using textile dry electrodes, they synchronously recorded
three-channel frontal EEG signals when participants watched each
VR stimulus. Unlike facial or acoustic data containing biometric
information, physiological data as biosensed information may be



Figure 1: Overall structure of our proposed emotion recognition system.

used to describe our health status, behaviors, or emotions, but are
not enough to identify us uniquely [30].

Researchers also proposed different approaches to analyze phys-
iological data in order to detect an individual’s emotions. For exam-
ple, Zhao et al. [44] first used adaptive band-pass filter and low-pass
filter to eliminate the noise contained in the collected signals. Then,
they extracted the distinct emotion-related features from the time
domain, frequency domain, and nonlinear analysis. By adopting
the sequential forward floating selection method to select the best
feature set, they classified different emotions based on support vec-
tor machine (SVM). Similarly, Xu et al. [41] extracted three kinds
of handcrafted features including the time domain, frequency do-
main, and space domain from collected frontal EEG signals. Then by
using the model stacking method, they combined three models, Gra-
dient Boosting Decision Tree, Random Forest, and SVM, to achieve
EEG-based emotion recognition.

Researchers have, however, recently noted the limitations of
handcrafted feature representations, and explored ways of design-
ing deep learning-based architectures to extract fine-grained and
higher-level features by taking full advantage of neural networks’
powerful feature abstraction ability. For instance, Wang et al. [39]
presented a deep learning method to learn high-level feature repre-
sentations from the raw EEG signals. They built a three-dimensional
CNN and classified emotions on valence and arousal scales. Zitouni
et al. [47] proposed a bidirectional long short-term memory (LSTM)
neural network to extract informative features from four kinds of
physiological signals, and predicted emotions into binary levels
and quadrants of the arousal-valence space.

More recently, transformers were used to model long-range
global context. For example, Wang et al. [38] designed a heartbeat-
aware attention mechanism, and added it into transformer structure
to enhance the alignment between encoded and decoded sequences.
On this basis, they made arrhythmia classification from ECG sig-
nals. Similarly, Behinaein et al. [2] placed a convolutional front-end

before the transformer encoder to extract more informative repre-
sentations, and achieved stress detection from ECG signals. Despite
models with these structures being able to capture either local spa-
tial dependencies, or temporal dependencies, or global information,
they lack the capability to learn both local and global interactions
simultaneously.

Our architecture is inspired by the conformer mechanism used
in recent automatic speech recognition research [11] that com-
bines the advantages of convolutions and self-attention mecha-
nisms. In this paper we extend it to multimodal environments for
emotion recognition, and design the conformer encoder to learn
both position-wise local features and content-based global associa-
tions within and across different modalities.

3 METHOD
The overall structure of our proposed emotion recognition system
is illustrated in Figure 1. There are four major parts of the system:
signal preprocessing, convolutional front-end, multi-signal fusion,
and feature extraction.

3.1 Signal Preprocessing
Our system accepts raw data retrieved from different sensors as
sequence inputs. Through the data preprocessing module, the het-
erogeneous inputs will be formatted into specific representations,
which can be effectively used in the following modules.

Specifically, in this study, we focused on four different kinds
of commonly used physiological signals: (1) BVP (blood volume
pulse), is related to the changes in blood volume in arteries and
capillaries, and can be measured by a non-invasive optical sensor
that detects changes in light absorption density of the localized
tissue (e.g., skin) when illuminated [15]; (2) EDA (electrodermal ac-
tivity), measures the variations in electric characteristics of the skin
resulting from changes in sweat production and fluid concentration



in the sweat ducts, and can be monitored by the voltage changes
between electrodes [15]; (3) HR (heart rate), is a measure of the
functional activity of the heart, and can be estimated using the ECG
or BVP signals; (4) SKT (skin temperature), can be measured by a
thermopile infrared sensor.

Following the preprocessing operations stated in [47], we first
normalized the raw signals of each subject separately to overcome
individual differences which may vary due to age, gender, and
personality. The normalization is performed based on the signals
collected in the final 1.5 minutes of the relaxation period prior
to each trial. Then, we leveraged the nearest-neighbor method
and interpolated the lower frequency signals based on the highest
sampling frequency to synchronize different physiological signals.
Subsequently, each bio-signal can be represented as an array with
the same length 𝐿, where 𝐿 = 𝑡×𝑓 , 𝑡 is the time interval of emotional
annotation, and 𝑓 is the highest sampling frequency of four sensor
inputs.

3.2 Convolutional Front-end
To extract more expressive features from physiological inputs, we
applied the CNNs structure for each signal, which is able to cap-
ture fine-grained feature patterns by local-perceiving convolutional
kernels and weight-sharing translation equivariance [3].

Inspired by [2, 38], the convolutional front-end module consists
of two parts (shown in Figure 2). Each part starts with a 1D convo-
lutional layer (1x3 padded convolution), then followed by a batch
normalization and a rectified linear unit (ReLU).

Figure 2: Convolutional front-end structure.

We set the out-channels produced by the convolution to 8 and
16 respectively. After feeding the bio-signal outputted from the
preprocessing phase, it will be converted into a feature matrix with
𝐿 × 16 dimensions.

3.3 Multi-signal Fusion
We considered the four physiological inputs (BVP, EDA, HR, and
SKT) as a whole. It is crucial to leverage several physiological in-
puts as emotions are subjective feelings generated by a complex
coordination of multiple neurophysiological systems [23], in other
words, the emotional clues should be simultaneously reflected in
multiple physiological signs.

Thus, in this module, we combined the four physiological signals
together and treated them as an entire physiological embedding to
represent the hidden affective information. Specifically,

𝑃 = [𝑃𝑏𝑣𝑝 , 𝑃𝑒𝑑𝑎, 𝑃ℎ𝑟 , 𝑃𝑠𝑘𝑡 ] (1)
where 𝑃𝑏𝑣𝑝 , 𝑃𝑒𝑑𝑎 , 𝑃ℎ𝑟 , and 𝑃𝑠𝑘𝑡 are feature representations of

BVP, EDA, HR, and SKT retrieved from the convolutional front-end.
We concatenated them over the time steps, and got the output with
𝐿 × 𝑑𝑚𝑜𝑑𝑒𝑙 dimensions (𝑑𝑚𝑜𝑑𝑒𝑙 is 64=16*4 in this case). Similar to
natural language processing, here 𝐿 can be regarded as the number

of words in one sentence, and 𝑑𝑚𝑜𝑑𝑒𝑙 can be viewed as the size of
the embedded word vector by word2vec.

3.4 Feature Extraction
We applied the conformer structure as feature extraction encoder to
extract local and global associations within and across physiological
signals.

Figure 3: Conformer block structure [11].

The conformer mechanism presented by Gulati et al. [11] is a
variant of the transformers. As shown in Figure 3, a conformer block
consists of four modules, two feed forward modules, one multi-
head self-attention module, and one convolution module. Firstly,
the multi-head self-attention module uses a scaled dot-product
attention mechanism to capture the dynamic global dependencies
in the feature sequence [37]. It creates three vectors from each of the
input feature vectors (the 64-dimensional embedding of each time
step in this case): a query vector, a key vector, and a value vector. By
computing the dot products of one query with all keys and applying
a softmax function, it obtains the attention weights on all values,
which determines how much focus to place on other parts of the
input vectors as encoding one feature vector at a certain position.
As defined by [38], given an input sequence 𝑆 = (𝑆1, 𝑆2, ..., 𝑆𝐿), the
output sequence 𝑆ℎ = (𝑆ℎ1, 𝑆ℎ2, ..., 𝑆ℎ𝐿) of the self-attention for a
single head ℎ can be computed by:

𝑒𝑖 𝑗 =
(𝑆𝑖𝑊𝑞) (𝑆 𝑗𝑊𝑘 )𝑇√︃

𝑑ℎ
𝑘

, 𝑗 ∈ [1, 𝐿] (2)

𝛼𝑖 𝑗 =
exp(𝑒𝑖 𝑗 )∑𝐿

𝑘=1 exp(𝑒𝑖𝑘 )
(3)

𝑆ℎ𝑖 =
𝐿∑︁
𝑗=1

𝛼𝑖 𝑗 (𝑆 𝑗𝑊𝑣) (4)



where𝑊𝑞,𝑊𝑘 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑ℎ𝑘 and𝑊𝑣 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑ℎ𝑣 are learnable
linear transformation matrices that generate the query, key, and
value vectors, and 𝑆𝑖 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙 . The output of all heads are then
concatenated together and condensed by another linear transfor-
mation:

𝑆 = 𝐶𝑜𝑛𝑐𝑎𝑡 (𝑆1, ..., 𝑆𝑛)𝑊 𝑜 (5)

where𝑊 𝑜 ∈ R𝑛𝑑ℎ𝑣 ×𝑑𝑚𝑜𝑑𝑒𝑙 and 𝑛 is the number of heads.
Secondly, the convolution module is responsible for enforcing

locality, which contains a pointwise convolution with an expansion
factor of 2, a gated linear unit (GLU) activation layer, a 1D depthwise
convolution, a batch normalization, a swish activation layer, and
another pointwise convolution projecting the number of channels
back. By leveraging the channel-wise and spatial-wise learning
capabilities, the convolution module is able to capture fine-grained
local features, which largely complements the weakness of the
self-attention mechanism. In this study, we concatenated features
from four different physiological signals to form an entity. With
the help of the convolution module, the system can better capture
associations across signal-specific features.

For our feature encoder, we used 4 conformer blocks, and applied
𝑛 = 4 parallel attention heads. For each head, we set 𝑑ℎ

𝑘
= 𝑑ℎ𝑣 =

𝑑𝑚𝑜𝑑𝑒𝑙/𝑛 = 16. Results from feature extraction were flattened and
passed into two dense layers to get the final representation for
further decision making.

4 EVALUATION
4.1 Dataset
We first evaluated the performance of our proposed system on the
K-EmoCon dataset [21]. We chose this particular dataset based on
two criteria: (1) the dataset contains spontaneous emotional expres-
sions in naturalistic environments or social interactions; (2) the data
collection apparatus are off-the-shelf, low-cost, mobile and wearable
devices. To the best of our knowledge, the K-EmoCon is the only
publicly available multimodal affective dataset that is suitable for
this experiment. Other widely used emotion datasets either consist
of posed or induced emotions, or rely on expensive and intrusive
data acquisition equipment that is not suitable for daily use. For
example, the MAHNOB-HCI [33] and the DEAP [14] were consid-
ered to contain induced emotions and apply a number of intrusive
electrodes [35]. Instead, the K-EmoCon dataset was collected via
natural communication between individuals without professional
training in acting. Specifically, the K-EmoCon contains two kinds
of visual data (i.e., face and gesture), five kinds of physiological data
(i.e., EEG, ECG, BVP, EDA, and SKT), speech audio, and accelerome-
ter data recorded from 32 participants (20 males and 12 females). In
our experiments, we only used four kinds of physiological signals
captured by the Empatica E4 wristband, BVP, EDA, HR (which was
derived from BVP), and SKT, since compared with chest-worn (used
to detect ECG) and head-mounted (used to detect EEG) devices, a
wristband is more ubiquitous and unobtrusive in everyday life and
is without spatio-temporal limitations.

Moreover, the annotations for emotions in the K-EmoCon were
measured on arousal and valence affective dimensions from the
circumplex model of affect by James Russell [27]. Each affective

dimension was rated on five-point Likert scales. Accordingly, an-
notated emotion labels can be categorized into either five levels
directly, or two levels based on the median value (i.e., 2.5) in which
annotations with values ranging from 1 to 2 can be converted into
low (L), and annotations with values ranging from 3 to 5 can be
converted into high (H) [47]. To conduct a comprehensive assess-
ment, we formalized the emotion recognition as five classification
tasks: two-category arousal, two-category valence, five-category
arousal, five-category valence, and four-category arousal-valence
space (i.e., high arousal-high valence (HAHV), high arousal-low
valence (HALV), low arousal-high valence (LAHV), and low arousal-
low valence (LALV)).

Table 1: Sample distribution

Two-class Five-class Four-class

Arousal L: 1023
H: 2157

1: 104
2: 919
3: 1159
4: 679
5: 319

-

Valence L: 554
H: 2626

1: 69
2: 485
3: 1815
4: 728
5: 83

-

Arousal-
Valence - -

LALV: 172
LAHV: 851
HALV: 382
HAHV: 1775

Specifically, we used the self-reported emotion labels as the
ground truth. Since annotations in the K-EmoCon were labeled at
every 5 seconds, the raw input size of BVP sequence, EDA sequence,
HR sequence, and SKT sequence was respectively 1 × 320, 1 × 20,
1× 5, and 1× 20 (BVP sampled at 64Hz, EDA at 4Hz, HR at 1Hz, and
SKT at 4Hz), and 𝐿 = 320 in this case. Additionally, the E4 data of 6
participants (Person IDs: 2, 3, 6, 7, 17, and 20) is missing due to the
device malfunction or human error during data collection. Thus, the
final evaluation dataset consists of 3180 data samples. Table 1 shows
the sample distribution. We note that while there are imbalanced
distributions of emotion labels in all five tasks, as stated in [21], this
imbalance is expected as emotion data is commonly imbalanced by
its nature in the wild (i.e., people are more often neutral than angry
or sad).

4.2 Baselines
To compare with the state-of-the-art physiological signals-based
emotion recognition approaches, we chose the following methods
as baselines: (1) Naive Bayes (NB) [47], (2) Support Vector Machine
with linear kernel (SVM-LR) [35], (3) Support Vector Machine with
radial basis function kernel (SVM-RBF) [35], (4) eXtreme Gradient
Boosting (XGBoost) [47], (5) bidirectional LSTM (BiLSTM) [47];
and (6) transformer [2]. For the first four methods, we extracted



both the time-domain and frequency-domain features based on the
proposed features in the literature [14].

4.3 Implementation Details
We implemented our proposed system using the PyTorch frame-
work. We initialized the learning rate as 0.0001 and decayed the
learning rate by 𝛾 = 0.985 every epoch. We used Adam optimizer,
and applied batch normalization and dropout function to overcome
overfitting and internal covariate shift [12].

To avoid data leakage, we did not use data re-sampling ap-
proaches [24] to solve the imbalanced data problem as they will
change the original dataset itself. Instead, we chose focal loss [16]
as the loss function of our model, which can automatically down-
weight the contribution of easily classified samples and focus on
hard misclassified samples by applying a modulating term to the
cross-entropy loss. We used a 80–20 training and testing split, and
further split 20 percent of the data from the training set as valida-
tion. We trained the model with 500 epochs and used early stopping
with patience equal to 10. We also used 256 as the batch size and
evaluated the model with 5-fold cross-validation. To make a fair
comparison between the proposed system and baselines, we re-
trained all models on the same training-testing set split.

4.4 Evaluation Metric
Considering that the classes of arousal and valence are heavily
imbalanced, we did not use recognition accuracy as the evaluation
metric like most studies. Instead, following [17, 24], we chose the
average F1 score (Macro-F1) and unweighted average recall (UAR)
as our validation metrics. These metrics give the same importance
to each class, and are defined as the mean of class-wise F1 scores
and recall scores respectively. Unlike accuracy or weighted F1 or
weighted recall, their values will not be overwhelmed by the vast
number of easily classified samples, which makes them suitable as
the validation metrics of our experiment. Consider the prediction
of two-class valence as an example. Its ground truth consists of
554 low and 2626 high samples. If there is a classifier that predicts
high for all samples, it will have an accuracy of more than 82%, a
weighted F1 score around 0.75, and a weighted recall score around
0.83. Despite having high values, we cannot say it is not a good
classifier since it does not learn any informative features from the
samples. Macro-F1 score and UAR can avoid this situation (only
0.45 and 0.50 in this example) because their values will be low if the
model only performs well on the large number of common classes
while performing poorly on the rare classes.

4.5 Results
The results of the emotion recognition from physiological signals
on the K-EmoCon dataset are shown in Table 2. Our proposed
system achieved better performance compared with all baseline
approaches. For example, for five-class classification tasks, our
model outperformed NB, SVM-LR, SVM-RBF, XGBoost, BiLSTM,
and Transformer methods respectively by (1) 32.50%, 34.76%, 28.35%,
13.59%, 12.27%, 7.76%Macro-F1 increase, and 35.25%, 41.38%, 36.32%,
25.94%, 12.59%, 5.35% UAR increase on arousal; and (2) 26.17%,
30.57%, 27.42%, 7.76%, 6.52%, 3.78% Macro-F1 increase, and 43.91%,

Table 2: Comparison of emotion recognition performance us-
ing different approaches. A: arousal, V: valence, A-V: arousal-
valence emotion space.

Approach Task Macro-F1(%) UAR(%)

NB

Two-class A 36.16 53.78
Two-class V 47.76 50.91
Five-class A 23.43 30.28
Five-class V 20.01 21.56
Four-class A-V 23.54 31.96

SVM-LR

Two-class A 40.42 50.00
Two-class V 46.48 50.56
Five-class A 21.17 24.15
Five-class V 15.61 20.53
Four-class A-V 19.38 25.51

SVM-RBF

Two-class A 54.18 56.60
Two-class V 45.94 50.30
Five-class A 27.58 29.21
Five-class V 18.76 22.01
Four-class A-V 26.18 29.19

XGBoost

Two-class A 59.58 59.80
Two-class V 54.88 54.79
Five-class A 42.34 39.59
Five-class V 38.42 35.74
Four-class A-V 36.65 35.95

BiLSTM

Two-class A 74.50 76.53
Two-class V 67.31 77.14
Five-class A 43.66 52.94
Five-class V 39.66 55.25
Four-class A-V 47.33 56.34

Transformer

Two-class A 72.39 75.37
Two-class V 60.36 73.11
Five-class A 48.17 60.18
Five-class V 42.40 62.54
Four-class A-V 51.84 62.78

Our model

Two-class A 77.3777.3777.37 79.4279.4279.42
Two-class V 69.1169.1169.11 80.6080.6080.60
Five-class A 55.9355.9355.93 65.5365.5365.53
Five-class V 46.1846.1846.18 65.4765.4765.47
Four-class A-V 56.3556.3556.35 65.4565.4565.45

44.94%, 43.46%, 29.73%, 10.22%, 2.93% UAR increase on valence. Ad-
ditionally, the recognition results were tested for statistical signifi-
cance using a Wilcoxon signed-rank test, by comparing the Macro-
F1 and UAR scores from different approaches over cross-validation
folds. The test results show statistically significant improvements of
our model over the baselines on all five tasks (𝑝 < 0.05) except two-
class valence comparison on Macro-F1 with BiLSTM and five-class
valence comparison on UAR with Transformer.

From the results, we can also observe that (1) BiLSTM performed
slightly better than Transformer on 2-class tasks, while performing
slightly worse than Transformer on multi-class tasks; (2) the major
difference between our system and Transformer architecture is the
conformer encoder, which further shows the importance of con-
volution modules that can effectively extract the local interactions



Figure 4: t-SNE visualisations of trained models for two-class tasks. Left is for the baseline BiLSTM approach; Middle is for
baseline Transformer approach; Right is for our proposed model.

across different signal-specific features through the convolution
mechanism. This also demonstrates the combination of convolu-
tions with self-attention can improve the system’s performance.

We also presented a visualization of the extracted feature repre-
sentation from the BiLSTM, the Transformer, and our model. For
this, we used the t-distributed stochastic neighbor embedding (t-
SNE) technique [36] which allows visualizing high-dimensional
data in a two or three-dimensional map. Figure 4 shows the 2D
t-SNE plots for two-class tasks.

As illustrated in the figure, the extracted representations of our
proposed method are visibly more distinguishable by classes on
both arousal and valence dimensions compared to the extracted
representations from baseline methods. Moreover, this trend can
also be found for other tasks, which further indicates the stronger
ability of our model on learning the high-level and latent features
and dependencies.

4.6 Generalizability Tests
To further test the generalizability of our proposed model, we per-
formed additional experiments on another multimodal affective
dataset, the ASCERTAIN dataset [35]. Despite emotional induce-
ment being applied during the data collection (instead of relying
on spontaneous affective responses like the K-EmoCon dataset),
this dataset used wearable and commercial sensors for examining
users’ physiological behavior, partially fulfilling the requirements
of a more naturalistic and pervasive affective dataset. We designed
two binary emotion recognition experiments to test our model’s
generalizability.

As both the K-EmoCon and the ASCERTAIN datasets contain
EDA sensor data, we first conducted a cross-datasets generaliz-
ability test. Specifically, we trained on the K-EmoCon dataset and
then tested on the ASCERTAIN dataset. Considering that there

is only one input modality, we removed the BVP, HR, and SKT
branches of our original structure and converted our model into a
single modality emotion recognition system. Moreover, due to the
different sampling frequencies (4Hz in the K-EmoCon versus 100
Hz in the ASCERTAIN), we used a downsampling method with an
anti-aliasing filter to replace the interpolation in the preprocess-
ing phase when testing the performance. On this basis, our model
achieved 64.37% accuracy on arousal dimension and 61.88% accu-
racy on valence dimension, which is comparable to the unimodal
performance of previous work that conducted both training and
testing on the same ASCERTAIN dataset [45]. This result demon-
strates that our proposed model is able to learn generalized and
transferable physiological features rather than overfitting the data
distribution of one particular dataset.

Table 3: Performance comparison on the ASCERTAIN dataset
(accuracy in percentage)

Approach Arousal Valence
VM2HL-P [45] 72.5472.5472.54 68.53
Our model 71.79 69.1169.1169.11

We then followed-up with a second experiment to test the gen-
eralizability of our proposed model on other kinds of physiologi-
cal signals. Considering the diversity of commercial physiological
sensors and their recorded signals, our system should have good
expansibility for different input modalities. Therefore, we further
replaced the original input modalities of our model with the ECG,
GSR, and EEG modalities from the ASCERTAIN dataset, and re-
trained our model from scratch. Following the work by Zhao et al.
[45], we re-trained our model under the same implementation de-
tails and applied the same evaluation metric. As can be seen in



Table 3, our model achieved 71.79% recognition accuracy on arousal
and 69.11% accuracy on valence, which is equivalent to a 0.75%
accuracy decrease and a 0.58% improvement respectively compared
to the system proposed by Zhao et al. [45]. Despite leading to a
0.58% accuracy decrease on arousal dimension, it is important to
note that we only used three modalities (we excluded facial land-
marks because our work focused on physiological signals), while
the system from the literature used all four modalities [45]. In other
words, our system can achieve competitive performance with less
data input, which is significant in real-world scenarios due to the
common data missing problem [32].

5 DISCUSSION
With the rapid development of smart mobile and wearable devices,
there has been a growing interest in ecological validity [13] and
real-world application of emotion recognition techniques [25]. In
this paper, we presented a novel emotion recognition system based
on physiological signals from low-cost, off-the-shelf mobile and
wearable devices, and evaluated its performance with spontaneous
and natural emotion data collected in natural interactions.

It is worth noting that our proposed system has good generaliz-
ability in terms of different physiological signals. The system can
efficiently extract high-level and generalized affective features from
physiological signals, and perform well on spontaneous emotion
recognition. Considering that smart mobile and wearable devices
are increasingly sensor-rich, less intrusive, and becoming an essen-
tial and integral part of daily life, we can expect to see an increase
in the need for robust mobile emotion recognition systems.

5.1 Towards Robust Multimodal Mobile
Emotion Recognition

It is undisputed that human emotions are expressed through a mul-
titude of signals. Thus, as Delplanque and Sander [5] argue, it is
risky to rely on a single component to infer true emotional states.
For example, while fear might be correlated to heart rate changes,
and smiling can be an expression of happiness, neither signal can be
used as a marker for one emotion, as the relation between emotions
and such signals is ”many-to-one” [5]. A smile can also be used to
communicate non-emotional messages [1]. Consequently, as each
of these signals can be influenced by numerous non-emotional phe-
nomena, it is important that automated emotion detection systems
rely on multiple signals directly related to expressions of emotion.
However, it is a complicated task for computers to disentangle the
multitude of signals that define emotion. Our proposed detection
model was validated using a labeled dataset that contains multiple
streams of physiological data recorded in naturalistic settings and
outperformed different models.

While automated emotion detection and recognition promise to
contribute to support human well-being and mental health, there
are discussions about the potential risks and ethical concerns of this
type of data, e.g., in medicine [34], where automated emotion de-
tection has been used for mental health assessments. The criticism
focuses mainly on the validity, the training, and ethical scaffolding
necessary for a qualified assessment of the produced outputs [34].
Furthermore, automated pervasive sensing can raise serious pri-
vacy concerns, including the potential misuse of data, e.g., in the

workplace, where the detection of boredom by the employer could
potentially lead to increased workload and stress for employees.

In comparison to vocal and facial features - while not impossible
- it is more difficult to use physiological signals, such as the ones
used in this study, to identify individuals, especially in naturalistic
settings [9, 42]. Nevertheless, it is crucial to develop systems that
process data in-situ without requiring the data to be sent through
networks and cloud-services, as leaks of any kind of physiological
or biometric data can put users’ security and privacy at risk. Our
system has the potential to run entirely on smartphones, whose
processing power and memory are continuously increasing. Fur-
thermore, a phone-based system can more easily give the user
control over which specific data are being collected at any moment
in time.

5.2 Limitations
Our work has several limitations. First, the amount of data sam-
ples in the final evaluation dataset is relatively small, which, to a
certain extent, limited the learning ability of our proposed model.
Compared with some well-known larger-scale datasets (e.g., Ima-
geNet [6], LibriSpeech [20]) used in computer vision and speech
recognition, our evaluation dataset only consists of 3180 samples.
There is a need in emotion recognition research for larger natural
and spontaneous emotion datasets based on commercial mobile
and wearable devices. Second, we only considered the dimensional
model (i.e., arousal and valence) to describe human emotions avail-
able in the used datasets. Further work is needed to test our ap-
proach using the discrete emotion model (i.e., anger, disgust, fear,
happiness, sadness, and surprise). Third, we did not implement our
system in a real-time field deployment as we first aimed to test its
robustness and usefulness using publicly datasets. In the future, we
aim to develop a mobile application version and install our system
on users’ personal devices to conduct a long-term user study.

6 CONCLUSION
In this paper, we propose a novel emotion recognition system based
on multimodal physiological signals from off-the-shelf, low-cost
mobile and wearable devices, which offers greater data privacy and
the potential to be deployed into real-world contexts. Our system
uses a convolutional front-end to embed each physiological signal,
and employs the conformer structure to extract the local and global
dependencies within and across different signals. We evaluated our
system on a natural and spontaneous emotion dataset acquired
with off-the-shelf devices. Our results show that our system out-
performed the baselines, and achieved state-of-art or competitive
performance. In addition, our generalizability experiment further
established that our system has the ability to scale and handle dif-
ferent sensor signals. We discuss the potential of our system to
be deployed into real-world scenarios for daily emotion monitor-
ing and management. We also reflect on the potential risks and
concerns related to pervasive emotion recognition approaches.

7 ACKNOWLEDGMENTS
This work was supported by an Australian Research Council Dis-
covery Project (DP190102627).



REFERENCES
[1] Lisa Feldman Barrett, Ralph Adolphs, Stacy Marsella, Aleix M Martinez, and

Seth D Pollak. 2019. Emotional expressions reconsidered: Challenges to inferring
emotion from human facial movements. Psychological science in the public interest
20, 1 (2019), 1–68.

[2] Behnam Behinaein, Anubhav Bhatti, Dirk Rodenburg, Paul Hungler, and Ali
Etemad. 2021. A Transformer Architecture for Stress Detection from ECG. In
2021 International Symposium on Wearable Computers. 132–134.

[3] Irwan Bello, Barret Zoph, Ashish Vaswani, Jonathon Shlens, and Quoc V Le. 2019.
Attention augmented convolutional networks. In Proceedings of the IEEE/CVF
international conference on computer vision. 3286–3295.

[4] Ira Cohen, Ashutosh Garg, Thomas S Huang, et al. 2000. Emotion recognition
from facial expressions using multilevel HMM. In Neural information processing
systems, Vol. 2. Citeseer.

[5] Sylvain Delplanque and David Sander. 2021. A fascinating but risky case of
reverse inference: From measures to emotions! Food Quality and Preference
November 2020 (2021), 104183.

[6] Jia Deng,Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. 2009. Imagenet:
A large-scale hierarchical image database. In 2009 IEEE conference on computer
vision and pattern recognition. IEEE, 248–255.

[7] Elena Di Lascio, Shkurta Gashi, and Silvia Santini. 2019. Laughter recognition
using non-invasive wearable devices. In Proceedings of the 13th EAI International
Conference on Pervasive Computing Technologies for Healthcare. 262–271.

[8] Sidney K D’mello and Jacqueline Kory. 2015. A review and meta-analysis of
multimodal affect detection systems. Comput. Surveys 47, 3 (2015), 1–36.

[9] Jorge Goncalves, Pratyush Pandab, Denzil Ferreira, Mohammad Ghahramani,
Guoying Zhao, and Vassilis Kostakos. 2014. Projective Testing of Diurnal Collec-
tive Emotion. In Proceedings of the 2014 ACM International Joint Conference on
Pervasive and Ubiquitous Computing (UbiComp ’14). 487–497.

[10] Hector A Gonzalez, Shahzad Muzaffar, Jerald Yoo, and Ibrahim M Elfadel. 2020.
BioCNN: A hardware inference engine for EEG-based emotion detection. IEEE
Access 8 (2020), 140896–140914.

[11] Anmol Gulati, James Qin, Chung-Cheng Chiu, Niki Parmar, Yu Zhang, Jiahui Yu,
Wei Han, Shibo Wang, Zhengdong Zhang, Yonghui Wu, et al. 2020. Conformer:
Convolution-augmented transformer for speech recognition. arXiv preprint
arXiv:2005.08100 (2020).

[12] Sergey Ioffe and Christian Szegedy. 2015. Batch normalization: Accelerating deep
network training by reducing internal covariate shift. In International conference
on machine learning. PMLR, 448–456.

[13] John F Kihlstrom. 2021. Ecological validity and “ecological validity”. Perspectives
on Psychological Science 16, 2 (2021), 466–471.

[14] Sander Koelstra, Christian Muhl, Mohammad Soleymani, Jong-Seok Lee, Ashkan
Yazdani, Touradj Ebrahimi, Thierry Pun, Anton Nijholt, and Ioannis Patras. 2011.
Deap: A database for emotion analysis; using physiological signals. IEEE transac-
tions on affective computing 3, 1 (2011), 18–31.

[15] Azadeh Kushki, Jillian Fairley, Satyam Merja, Gillian King, and Tom Chau. 2011.
Comparison of blood volume pulse and skin conductance responses to mental
and affective stimuli at different anatomical sites. Physiological measurement 32,
10 (2011), 1529.

[16] Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollár. 2017.
Focal loss for dense object detection. In Proceedings of the IEEE international
conference on computer vision. 2980–2988.

[17] Terrance Liu, Paul Pu Liang, Michal Muszynski, Ryo Ishii, David Brent, Randy
Auerbach, Nicholas Allen, and Louis-PhilippeMorency. 2020. Multimodal privacy-
preserving mood prediction frommobile data: A preliminary study. arXiv preprint
arXiv:2012.02359 (2020).

[18] Steven Marwaha, Matthew R Broome, Paul E Bebbington, Elizabeth Kuipers,
and Daniel Freeman. 2014. Mood instability and psychosis: analyses of British
national survey data. Schizophrenia bulletin 40, 2 (2014), 269–277.

[19] Tin Lay Nwe, Say Wei Foo, and Liyanage C De Silva. 2003. Speech emotion
recognition using hidden Markov models. Speech communication 41, 4 (2003),
603–623.

[20] Vassil Panayotov, Guoguo Chen, Daniel Povey, and Sanjeev Khudanpur. 2015.
Librispeech: an asr corpus based on public domain audio books. In 2015 IEEE
international conference on acoustics, speech and signal processing (ICASSP). IEEE,
5206–5210.

[21] Cheul Young Park, Narae Cha, Soowon Kang, Auk Kim, Ahsan Habib Khandoker,
Leontios Hadjileontiadis, Alice Oh, Yong Jeong, and Uichin Lee. 2020. K-EmoCon,
a multimodal sensor dataset for continuous emotion recognition in naturalistic
conversations. Scientific Data 7, 1 (2020), 1–16.

[22] Soujanya Poria, Erik Cambria, Rajiv Bajpai, and Amir Hussain. 2017. A review of
affective computing: From unimodal analysis to multimodal fusion. Information
Fusion 37 (2017), 98–125.

[23] Jonathan Posner, James A Russell, and Bradley S Peterson. 2005. The circumplex
model of affect: An integrative approach to affective neuroscience, cognitive
development, and psychopathology. Development and psychopathology 17, 3
(2005), 715–734.

[24] Jingyu Quan, Yoshihiro Miyake, and Takayuki Nozawa. 2021. Incorporating
Interpersonal Synchronization Features for Automatic Emotion Recognition
from Visual and Audio Data during Communication. Sensors 21, 16 (2021), 5317.

[25] Mika Raento, Antti Oulasvirta, and Nathan Eagle. 2009. Smartphones: An emerg-
ing tool for social scientists. Sociological methods & research 37, 3 (2009), 426–454.

[26] Erika L Rosenberg and Paul Ekman. 1994. Coherence between expressive and
experiential systems in emotion. Cognition & Emotion 8, 3 (1994), 201–229.

[27] James A Russell. 1980. A circumplex model of affect. Journal of personality and
social psychology 39, 6 (1980), 1161.

[28] Sriparna Saha, Shreyasi Datta, Amit Konar, and Ramadoss Janarthanan. 2014. A
study on emotion recognition from body gestures using Kinect sensor. In 2014
International Conference on Communication and Signal Processing. IEEE, 056–060.

[29] Zhanna Sarsenbayeva, Gabriele Marini, Niels van Berkel, Chu Luo, Weiwei Jiang,
Kangning Yang, Greg Wadley, Tilman Dingler, Vassilis Kostakos, and Jorge
Goncalves. 2020. Does Smartphone Use Drive Our Emotions or Vice Versa?
A Causal Analysis. In Proceedings of the 2020 CHI Conference on Human Factors
in Computing Systems. 1–15.

[30] Elaine Sedenberg and John Chuang. 2017. Smile for the camera: privacy and
policy implications of emotion AI. arXiv preprint arXiv:1709.00396 (2017).

[31] Lin Shu, Jinyan Xie, Mingyue Yang, Ziyi Li, Zhenqi Li, Dan Liao, Xiangmin Xu,
and Xinyi Yang. 2018. A review of emotion recognition using physiological
signals. Sensors 18, 7 (2018), 2074.

[32] Yangyang Shu and Shangfei Wang. 2017. Emotion recognition through integrat-
ing EEG and peripheral signals. In 2017 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP). IEEE, 2871–2875.

[33] Mohammad Soleymani, Jeroen Lichtenauer, Thierry Pun, andMaja Pantic. 2011. A
multimodal database for affect recognition and implicit tagging. IEEE transactions
on affective computing 3, 1 (2011), 42–55.

[34] Isabel Straw. 2021. Ethical implications of emotion mining in medicine. Health
Policy and Technology 10, 1 (2021), 191–195.

[35] Ramanathan Subramanian, Julia Wache, Mojtaba Khomami Abadi, Radu L Vieriu,
Stefan Winkler, and Nicu Sebe. 2016. ASCERTAIN: Emotion and personality
recognition using commercial sensors. IEEE Transactions on Affective Computing
9, 2 (2016), 147–160.

[36] Laurens Van der Maaten and Geoffrey Hinton. 2008. Visualizing data using t-SNE.
Journal of machine learning research 9, 11 (2008).

[37] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Lukasz Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. arXiv preprint arXiv:1706.03762 (2017).

[38] BinWang, Chang Liu, Chuanyan Hu, Xudong Liu, and Jun Cao. 2021. Arrhythmia
Classification with Heartbeat-Aware Transformer. In ICASSP 2021-2021 IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP).
IEEE, 1025–1029.

[39] Yi Wang, Zhiyi Huang, Brendan McCane, and Phoebe Neo. 2018. EmotioNet:
A 3-D Convolutional Neural Network for EEG-based Emotion Recognition. In
2018 International Joint Conference on Neural Networks (IJCNN). 1–7. https:
//doi.org/10.1109/IJCNN.2018.8489715

[40] Zhu Wang, Zhiwen Yu, Bobo Zhao, Bin Guo, Chao Chen, and Zhiyong Yu. 2020.
EmotionSense: An Adaptive Emotion Recognition System Based on Wearable
Smart Devices. ACM Transactions on Computing for Healthcare 1, 4 (2020), 1–17.

[41] Tianyuan Xu, Ruixiang Yin, Lin Shu, and Xiangmin Xu. 2019. Emotion recog-
nition using frontal eeg in vr affective scenes. In 2019 IEEE MTT-S International
Microwave Biomedical Conference (IMBioC), Vol. 1. IEEE, 1–4.

[42] Kangning Yang, Chaofan Wang, Yue Gu, Zhanna Sarsenbayeva, Benjamin Tag,
Tilman Dingler, Greg Wadley, and Jorge Goncalves. 2021. Behavioral and Physio-
logical Signals-Based Deep Multimodal Approach for Mobile Emotion Recogni-
tion. IEEE Transactions on Affective Computing (2021), 1–17.

[43] Kangning Yang, Chaofan Wang, Zhanna Sarsenbayeva, Benjamin Tag, Tilman
Dingler, Greg Wadley, and Jorge Goncalves. 2021. Benchmarking commercial
emotion detection systems using realistic distortions of facial image datasets.
The Visual Computer 37 (2021), 1447–1466.

[44] Bobo Zhao, Zhu Wang, Zhiwen Yu, and Bin Guo. 2018. EmotionSense: Emotion
recognition based on wearable wristband. In 2018 IEEE SmartWorld, Ubiquitous
Intelligence & Computing, Advanced & Trusted Computing, Scalable Computing &
Communications, Cloud & Big Data Computing, Internet of People and Smart City
Innovation (SmartWorld/SCALCOM/UIC/ATC/CBDCom/IOP/SCI). IEEE, 346–355.

[45] Sicheng Zhao, Guiguang Ding, Jungong Han, and Yue Gao. 2018. Personality-
Aware Personalized Emotion Recognition from Physiological Signals.. In IJCAI.
1660–1667.

[46] Junjie Zhu, Yuxuan Wei, Yifan Feng, Xibin Zhao, and Yue Gao. 2019. Physio-
logical Signals-based Emotion Recognition via High-order Correlation Learning.
ACM Transactions on Multimedia Computing, Communications, and Applications
(TOMM) 15, 3s (2019), 1–18.

[47] M Sami Zitouni, Cheul Young Park, Uichin Lee, Leontios Hadjileontiadis, and
Ahsan Khandoker. 2021. Arousal-Valence Classification from Peripheral Physio-
logical Signals Using Long Short-Term Memory Networks. In 2021 43rd Annual
International Conference of the IEEE Engineering in Medicine & Biology Society
(EMBC). IEEE, 686–689.



Chapter 7

Discussion

In this chapter, we reflect on the research contributions presented in Chapters 2, 4, 5,

and 6. On this basis, we answer the proposed research questions defined in Chapter 1.

In addition, we detail current open challenges and potential future directions in the

thriving field of mobile emotion recognition.

7.1 Mobile Emotion Sensing Systems

RQ1: What are the recent advances on emotion recognition using mo-

bile devices?

We aim to understand the recent successful methods adopted in mobile emotion sensing

research and discuss trends in this field. To this end, we divide a typical affect detector

for mobile and wearable devices into three stages: perception, learning, and inference.

We categorize different studies and compare them with regards to these three aspects.

In Chapter 2, we show that in terms of the selection of input modalities, there are

eight kinds of commonly used data sources in mobile emotion sensing: facial expression,

ocular sign, speech, typing & touch, body movement & activity, physiological signals,

device usage, and environment. Among them, facial expression, physiological signals,

and body movement & activity are the most commonly used. Moreover, we also notice

that despite the well-known limitations of unimodal systems [5, 26], the majority of

recent state-of-the-art frameworks still rely on handling a single modality.
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With regard to feature engineering, both manual extraction and automation extraction

have been used. Early work normally used domain knowledge accompanied by functional

statistics to manually extract low-level handcrafted features. However, handcrafted fea-

tures are simply not expressive enough for complicated interrelationships [287]. Recently,

with the rapid development of deep learning, various deep learning structures such as

CNNs and RNNs were introduced in the mobile emotion sensing domain to automati-

cally extract higher-level and finer-grained features. Overall, we find that handcrafted

extractors are still the current mainstream of feature engineering, since deep learning fea-

ture extractors typically require significant computational power and memory resources.

However, with the progress of wearable computing and wireless sensing technologies,

this bottleneck is starting to dissipate.

Similarly, in order to infer final interpretations (i.e., human emotions) from abstract

feature representations, there are two main approaches: machine learning approaches

and deep learning approaches. Among the reviewed research, we find that machine

learning approaches are the most widely used due to some benefits like less training

time and lower hardware requirements. However, with the rapid development of cloud

computing, the cloud can provide model training services at the back end, while mobile

and wearable devices can be used as terminals to upload collected data sources and

display final results. Recently, there is an emerging trend to leverage deep learning

models in the field of mobile emotion sensing for inference.

In summary, through the literature review, we find that the recent research trend in the

field of mobile emotion sensing is starting to lean toward multimodal learning. There

has also been a growing interest in using deep learning approaches and multimedia

architectures to incorporate into mobile and wearable devices. This also forms the basis

of our effort to develop and improve multimodal mobile emotion recognition systems,

which we describe in Chapter 5 and 6.
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7.2 Benchmarking Commercial Mobile Emotion Recogni-

tion Systems

RQ2: What are the limitations of current off-the-shelf commercial mo-

bile emotion recognition systems that leverage facial features?

While conducting the systematic review of emotion sensing research using mobile and

wearable devices, we notice the advent of several commercial cloud-based services encap-

sulating and hiding the hard part of emotion recognition and offering simple-to-use APIs

or SDKs [288]. For example, these include Amazon Rekognition, Face++, Microsoft

Azure, etc. This makes it easier for developers and researchers to embed sophisticated

emotion recognition functionality in applications.

With respect to these cloud-based commodity services, different data sources have been

employed for training and establishing the relationship with human emotions, such as

facial expression-based systems, speech-based systems, etc. Despite the wide variety of

products, facial emotion recognition is well supported by most services and is easier to

be integrated into everyday devices [288]. Thus, to answer the second research question,

we evaluate the performance of commercial intelligent systems using five popular cloud-

based facial emotion recognition services, in Article I.

Prior validation and comparison research has only considered ideal conditions like full-

face images [289–291], without taking into account the realistic non-ideal conditions like

partially visible facial images or other distorted facial images. Thus, in Chapter 4, we

give full consideration to in-the-wild user behaviours and possible image distortions, and

design an evaluation method to visualize the application potential of these systems in

real-world scenarios.

We show that these intelligent systems all experienced varying degrees of performance

degradation when processing simulated in-the-wild photos. Importantly, we find that

these cloud-based emotion recognition systems have different performance and biases.

For example, Baidu could tolerate lower-level image blurring, while Amazon and Face++

could be in favor of higher-level image blurring. This is most likely due to class imbal-

ance in the datasets used to train these emotion recognition systems. Informed by our
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findings, we recommend applying a multi-system approach and building a routing pro-

tocol to adaptively select a more appropriate system to deal with different real-world

scenarios. On the other hand, these findings also demonstrate the limitations of uni-

modal affect detection, which, in contrast, multimodal approaches can easily overcome

by flexibly basing decisions on more reliable channels. This also forms the motivation

of our studies described in Chapter 5 and 6.

Meanwhile, we acknowledge that these commercial emotion recognition systems have

regular updates and changes to their algorithms, which probably lead to better assess-

ment outcomes. Therefore, our main contribution lays on the proposed critical eval-

uation method rather than the specific performance and limitations of these emotion

recognition systems at the time of our study. In addition, researchers can also reuse our

method to build their own validation datasets and better embed emotion recognition

capabilities in their applications.

7.3 Developing Multimodal Mobile Emotion Recognition

Systems

RQ3: How can we take full advantage of the capabilities of mobile

devices to develop robust and accurate emotion recognition systems?

The superior performance of multimodal systems has been well established in the lit-

erature [5, 26]. Through RQ3, we aim to exploit deep learning approaches as well as

multimodal architecture to develop more robust and accurate emotion recognition sys-

tems applied to mobile devices. We hope that our studies could further promote the

development in the mobile affective computing area. In Chapter 5 and 6, we develop

two deep multimodal mobile systems to predict human emotions based on large-scale

multimedia data.

First, in Chapter 5, we investigate the feasibility of using off-the-shelf commodity smart-

phones and wristbands to detect human emotions. Our proposed system yields promis-

ing results with 89.2% average accuracy through analyzing behavioral and physiological
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signals collected from a smartphone and a wristband. Particularly, we present and eval-

uate the impact of different modality combinations including one-modality input, two-

modality input, three-modality input, and four-modality input, as well as smartphone-

only scenario, wristband-only scenario, and wristband + smartphone scenario. We show

that there is a positive correlation between performance and the number of input modal-

ities. As expected, with more modality inputs, our system yielded higher accuracy. Our

evidence strengthens the notion that multimedia data fusion can increase the accuracy

and reliability of the estimates [292]. In addition, we also explain why we adopt deep

learning structures, and how we use the attention mechanism to design the feature ex-

tractor on different signal branches and build modality-specific feature representation.

Earlier attempts to use traditional statistical analysis methods and machine learning

techniques for feature extraction and selection were unable to efficiently extract com-

plex and nonlinear patterns in multimodal time-series signals. This makes it difficult to

learn invariant characteristics in the data and establish abstract representations of the

sensor data [223].

In Chapter 6, we make further improvements and introduce a more efficient hierarchical

mobile emotion recognition system. We report significant performance improvements

in predicting spontaneous human emotions when compared to other state-of-the-art

emotion recognition approaches. Our experimental results demonstrate the constructed

computing model is able to establish the complex mappings between naturalistic affective

expressions and multimodal physiological signals. More importantly, in order to enhance

the network generalization ability and improve training efficiency, we narrow our sights

on wristbands, as they offer out-of-the-box support for unobtrusively collecting and

monitoring multiple homogeneous body signals for long periods of time [293]. Given the

involuntary activation of physiological signals, they cannot be changed or controlled by

users consciously in most cases. As a result, the accuracy and reliability of this mode are

more guaranteed [294, 295]. Additionally, to include a more robust feature extraction

capability, we employ an advanced Conformer mechanism. Through generalizability

tests and visualisation experiments, our analysis demonstrates that our system has the

ability to efficiently extract high-level and distinguishable affective features. We envision

a future where affect detectors can be integrated into everyday devices and make their

way into our everyday lives for mental health and well-being management.
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7.4 Open Challenges

7.4.1 Modality Choice

Currently, a variety of sensing modalities have been explored in mobile emotion sensing

research. In Chapter 2, we summarize the different modalities that have been leveraged,

finding that mobile emotion sensing research has evolved from traditional unimodal

analyses to more complex multimodal analyses. The motivation behind this shift is

that multimodal emotion sensing systems have significant accuracy and reliability ad-

vantages and offer wider application prospects. Not only are they more in line with

the multimodal nature of expressions of emotions [54, 296], they are also more likely to

lead to more reliable outcomes due to the presence of more (types of) data. The next

frontier in emotion research clearly is the robust sensing of emotions in naturalistic set-

tings. However, incomplete or missing data is an unavoidable problem when collecting

emotion data, especially in uncontrolled settings. For example, visual data (e.g., facial

expression, body movement & activity) is sometimes unavailable or untraceable due to

inappropriate viewing angles, uncontrollable lighting, or camera occlusion [278]. In such

scenarios, a purely vision-based system is virtually useless, whereas a multimodal sys-

tem can mitigate such situations by temporarily basing its predictions on other available

signals.

In a real-world deployment, however, the implementation of an extensive multimodal

system may be restricted by the commercial availability of suitable mobile and wear-

able devices. The number of integrated sensors in a single device can limit multimodal

approaches, forcing the use of multiple devices to collect a wider range of emotional re-

sponse signals. Using several signal acquisition devices (e.g., a smartwatch in combina-

tion with a smartphone) is not always possible, although such scenarios are increasingly

more commonplace in everyday life. Furthermore, the collection of more signals can

also lead to higher computational costs, particularly if using multiple high-frequency

sensor data. Ultimately, researchers and practitioners need to consider the trade-off

between practical application and high-precision performance when choosing which and

how many signals to collect.
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Furthermore, there is no clear consensus regarding how to choose more appropri-

ate modality combinations in different scenarios. In Article II, we explore the im-

pact of different combinations of four kinds of modalities (including facial expression,

speech, typing & touch, and physiology), and report some preliminary conclusions.

For example, for a scenario with three modalities, we show that the best perform-

ing combination for predicting positive emotion is facial expression + typing & touch +

physiology or speech+typing & touch+physiology, and for predicting negative emotion is

facial expression+ speech+ typing & touch. However, broad recommendations like these

can only be followed when the necessary signals are available with sufficient quality.

Furthermore, the diversity and complexity of real-world contexts (e.g., outdoor noisy

environments with different types of noise and a wide range of signal-to-noise ratios in

which it is challenging to collect clear speech signals) also means that modality choice

needs to be dynamic. Further investigation is needed to provide a more comprehensive

analysis of this problem.

7.4.2 Ground Truth Establishment

The establishment of ground truth also plays a crucial role in (mobile) emotion sens-

ing research. In summary, previous work has highlighted three main types of ground

truth [297]:

1. Experienced emotion: felt and reported by the person himself/herself.

2. Perceived emotion: perceived by either receivers or third-person observers.

3. Expected emotion: expected due to the nature of the applied stimuli, or simulated

by actors.

Experienced emotion seeks to assess subjective emotions by relying on the individ-

ual’s own assessment. Survey-based instruments such as the Day Reconstruction Method

(DRM) [298] and the Experience Sampling Method (ESM) [91, 299] are commonly used

in mobile emotion research. These techniques typically entail asking participants to

self-report their emotional experiences and states on smartphones periodically each day,

or to recall how they felt at different times throughout the day [90, 91, 94]. However,
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self-report is prone to inaccuracy due to inter-individual differences, such as the in-

consistent interpretation of the nomenclature, or the incongruity between the apparent

and experienced emotion [297]. Furthermore, what and when to ask participants for

their self-assessment is also a challenge, especially when conducting long-term mobile

experiments outside the lab or exploring a wider range of emotions [13].

Perceived emotion determines ground truth based on annotations from a receiver

who interacts with the subject and experiences the subject’s emotions secondhand, or

external observers who observe the subject’s emotions and label the emotion by reaching

an agreement. A significant difference between receivers and external observers is the

contextual knowledge that receivers have but observers do not [283]. Annotation relies

on manual labeling by specific people, which is restricted to lab-based studies in most

cases, as observations are potentially obtrusive and infeasible in the wild. Standard

arrangements include designing specific social interactions or dialogue scenes that en-

gage participants; emotion annotations then are obtained from the receivers or external

observers. Despite the fact that an annotation strategy is in accord with the expressive

nature of human emotions, these indirect assessments do not necessarily represent the

true emotions of a subject, particularly since the subject may sometimes disguise their

emotions intentionally.

Expected emotion uses a predefined label determined by the nature of the applied

stimuli or by the simulated emotional expressions from actors or non-actors. Although

this strategy is simple to use without requiring additional manual annotation, it is

also restricted to lab-based experiments and may not always produce reliable outcomes.

First, human emotions are a highly subjective phenomenon and are sensitive to past

experience [300]. This means different people are likely to generate different levels or

even different classes of emotions in response to the same stimuli. Second, the emo-

tional expressions deliberately performed by actors or non-actors are instances of posed

emotion, which are far from spontaneous expressions of emotions. Previous work has

shown a dramatic drop in performance when systems trained on posed expressions pro-

cess spontaneous emotional expressions [95, 301]. Thus, we caution against assigning

the same emotion labels to different people based on this approach.

Constantine and Hajj [297] state that using a combination of experienced and perceived
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emotion is generally a better practice. However, perceived emotion annotations are chal-

lenging to obtain in naturalistic settings, considering the inherently limited control over

conditions outside the lab. A logical consequence is to use survey-based instruments on

mobile devices to measure experienced emotion (e.g., ESM), and to combine this with

(remote) sensing. For instance, researchers can install software on participants’ mobile

phones to schedule ESM surveys in a pseudo-random manner based on the duration of the

physical activity window and prompt them to complete the questionnaires through noti-

fications; at the same time, mobile or wearable devices can capture a continuous stream

of sensor data to build the prediction models (which can be pretrained on some pub-

lic ground-truth datasets of spontaneous user emotions [283, 302]) and cross-referenced

with the self-assessments. In addition, semi-supervised learning can also be a potential

solution. For example, we can first collect and build a large-scale unlabeled emotion

dataset. Then, through self-supervised contrastive learning [277, 303, 304], we can teach

computers the necessary priors, rather than predefined inductive bias, to model the af-

fective world. This way, only a small amount of manual annotation (which can be done

by the users) is required to enable the system to handle downstream user-dependent

emotion recognition tasks.

In Article II and Article III, we adopted the experienced emotion as ground truth, since

our aim is to develop personalized mobile emotion recognition system and hopefully

benefit self mental health and well-being management.

7.4.3 Real Environment

Prior research has mostly been conducted in controlled lab environments sampling pop-

ulations of young people (e.g., university students). Generalizations to real-world situa-

tions with a more diverse population, thus, require further research. Furthermore, when

deploying mobile sensing solutions in the real world, there are some technical limitations

(e.g., battery life) as well as other uncontrollable factors (e.g., environmental impacts),

that require the deployed systems to be lightweight in order to provide reliable sensing

results.

While controlled environments allow for relatively straightforward emotion elicitation,

detection, and data analysis, in-the-wild studies pose a series of challenges [305]. On

the one hand, mobile devices have to be computationally powerful enough to process
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an ideally multimodal stream of data, in order to have alternative sources in case of

interruptions in data collection. On the other hand, the use of processing power for

research should not interfere with the regular usage of devices, e.g. by draining the

battery too rapidly or slowing down the processor. Furthermore, in laboratory studies,

it is relatively easy to identify sources and reasons for noisy data recording, whereas

everyday settings come with a wide range of potential confounds. As mentioned before,

emotions are expressed in a multitude of ways (e.g., through facial expressions, behavior,

physiology, etc.), which makes it complicated to identify truly faulty or unnecessary data

in real-world environments. Noisy data potentially contains vital information for accu-

rately detecting emotions, thus, should not simply be deleted or ignored. Multimodal

data streams potentially solve this issue, if systems are sufficiently “smart” to either

filter the noise out of a signal, or substitute a noisy or faulty signal with an alternative

that leads to a competitive result, while not significantly increasing the computational

demand.

Another major challenge for real-world emotion sensing is the quest for ground truth.

As we have seen above, there are three major approaches to collecting ground truth data

when studying emotions. While ESMs and diary methods provide robust ground truth

data, they require an interruption of participants’ activities, and rely on participants’

compliance. The burden on the user is relatively high and regular interruptions may

distort their natural emotion experience. Moreover, research by van Berkel et al. [13] has

shown that after three weeks of ESMs, compliance rates significantly decrease. Lack of

compliance results in less accurate predictions, which consequently will require a longer,

even more burdensome ground truth collection period. Emotions are highly subjective

phenomena which not only involve responses to in-situ experiences but are influenced

by past experiences.

7.4.4 Ethics, Privacy & Security

While the collection and processing of multimodal data streams using mobile devices

promise to improve real-world emotion detection approaches and attenuate shortcomings

of existing methods, it also poses a risk to user privacy and data security. The collection,

(temporal) storage, and processing of emotion-related data directly via the users’ mobile

devices offers a relatively secure setup, compared to external processing systems in which
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sensitive data has to be transmitted through networks, shared with cloud services and

other devices; there, the risk of an infected device, or malicious access to personal data

is high [306]. Nevertheless, mobile devices are no fortresses protected from attacks;

their limited processing power and energy supply render them incapable of continuously

running powerful security software. It is crucial that systems are able to analyse data

in situ, avoid potential leaks of biometric or highly sensitive data through connections

with public networks, and minimize the storage times of such data, decreasing the risk

that leaked data will provide a comprehensive image of the user.

The recent call for using ubiquitous technologies in the digital health domain [307], raises

new questions regarding user privacy, security, and ethics. In the field of medicine, au-

tomated emotion detection has been used to assess users’ mental health, which is highly

sensitive information [308]. While a user may opt in for having their data collected to

provide insights into their mental and physical health, potentially large amounts of rich

data are shared with more or less serious scientific services. Simons et al. [309] have

shown that many applications marketed as helpful training apps for improving brain

functionality (e.g., memory) are in fact not effective, while collecting large amounts of

data. Therefore, critical validation and scientific proof for the effectiveness of digital

health applications, especially in the consumer market, have to be provided to protect

users from potentially submitting their sensitive data to dubious services. Full automa-

tion of these systems comes with the potential risk of users losing control and knowledge

of which data is collected and processed. While sensing technologies are specifically

contested because of concerns about their scientific validity [31], Straw [308] also men-

tion that training and a better understanding of ethical implications are necessary for

users to correctly estimate the potential impact of the data they provide. While a user

may sign up for a smart speaker service, collecting speech samples from users to analyze

their emotional state in-situ, can potentially lead to whole conversations being recorded

and analyzed. This describes a clear invasion of the user’s privacy beyond the desired

service [310]. This has important implications for users’ private and working lives. For

example, if an automated system reports boredom in a workplace, employees might be

overloaded with tasks and have recovery time shortened. Other domains under scrutiny

include employee hiring, insurance assessments, and student evaluation1. Additionally,

1https://ainowinstitute.org/AI_Now_2019_Report.pdf, last accessed February 21, 2022

https://ainowinstitute.org/AI_Now_2019_Report.pdf


Discussion 126

devices that are used to collect personal data, e.g., smart speakers, smartphones, or wear-

able sensors, have to be secured from external attacks, and data has to be encrypted in

order to guarantee that it is not accessible by a third party. Moreover, regulations have

to be put in place for times where data accidentally reaches a third party, e.g., what

happens when a conversation about unfriendly work environments accidentally reaches

an employer. Another example presented by Slavich et al. [310], describes a scenario

where businesses have access to in-situ emotional data, e.g., from a stressed smartphone

user. This information can be used to advertise specific medications, services, or prod-

ucts to vulnerable people. It is unclear when it is appropriate to use such information

for commercial purposes and when it is not appropriate, as some users might opt in,

specifically for these services.

Moreover, despite a large number of studies on emotion recognition, most of them have

focused on audio-visual signals [5] (e.g., facial expressions and speech), since they are

seen as the most direct channels for human emotional expressions. However, these out-

ward emotional signals can easily be modified or suppressed in social settings, reducing

their reliability as signs of inner emotional feelings [84, 295]. In addition, recent work

has argued that emotional facial expressions vary across races and cultures, and facial

configurations do not act as a reliable signal for particular emotional states [31]. Fur-

thermore, as faces and voices are directly linked to identity, these can raise significant

privacy concerns, especially if they have to be uploaded to the cloud for processing [311].

Emotion detection systems, however, cannot simply rely on a single modality in order to

constrain the impact of potential security breaches, because, as discussed above, these

do not provide sufficient information to detect emotion reliably, e.g, not every smile

is necessarily an expression of joy [31]. Therefore, emotion detection systems have to

be able to detect which modalities complement each other and enable reliable emotion

detection, while limiting the collected data to a minimum. Delplanque and Sander [312]

have shown that in order to clearly identify a person from emotional data alone, a

multitude of such data would be necessary.



Chapter 8

Conclusions and Future

Directions

8.1 Summary of Contributions

This thesis investigates the development and improvement of multimodal mobile emo-

tion recognition systems. We survey the recent advances in technologies in the field of

mobile emotion recognition, and highlight two important research trends - multimodal

architecture and deep learning application. The thesis then discusses the capabilities

and limitations of current off-the-shelf commercial mobile emotion recognition systems.

To this end, we present a critical assessment framework that can evaluate and visualize

the application potential of relevant systems in real-world scenarios. Our evaluation ex-

periments show that a single-system and single-modal approach is not sufficient to tackle

real-world distortions. All tested intelligent systems met with degrading performance

when dealing with real-world scenarios.

Next, the thesis presents two mobile emotion recognition systems that leverage the ad-

vantages of multimodal learning and deep learning. The first system fuses multiple

behavioral and physiological signals collected from off-the-shelf smartphones and wear-

able wristbands. By introducing an attention-based LSTM structure, the system can

extract the informative feature from different data branches. We further improve the

model by introducing a MLP network to learn the cross-modality correlations and better

fuse different modalities. Results from our evaluation experiments demonstrate that the
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proposed system achieves high accuracy in predicting positive and negative spontaneous

emotional states.

The second proposed system utilizes multiple homogeneous body signals collected from

a commercial wristband as inputs. We further improve the fusion by employing the

Conformer mechanism to help the system simultaneously capture local and global de-

pendencies among signals. We also design a convolutional front-end module with the

aim to extract more comprehensive information from different subspaces. The results

show that the proposed system outperforms state-of-the-art approaches and has good

generalization performance and promotion of capacity. We argue that our work has

the potential to be deployed into real-world scenarios for daily emotion monitoring and

well-being management.

8.2 Future Directions

Firstly, most current mobile emotion sensing systems are networked and use cloud ser-

vices. Specifically, there are mainly two modes, online mode and semi-offline mode. For

online mode, mobile and wearable devices are used as terminals, while the cloud provides

learning and inference services in the back-end. Multimodal signals are first collected by

different mobile and wearable devices, and then uploaded to the cloud when the Internet

or Wifi is available. After training in the cloud, the final results are received by the cor-

responding devices to display or store. Despite yielding promising performance [88, 313],

the need for a high-speed and stable network link constrains development at the present

stage. Moreover, outsourcing mental health-related tasks to remote servers may put

users’ sensitive data at risk. For semi-offline mode, the cloud services only involve par-

tial computing or an initial training task. After that, the trained models and parameters

will be downloaded and used to conduct inference tasks locally and continue updating

on the local devices to ensure privacy [314]. Recently, with the rapid development of

portable mobile devices, modern mobile devices with multi-core CPUs and gigabytes of

memory are having increasingly processing capabilities. This creates new opportunities

to deploy the affect detectors on local devices in a full-offline mode without the need for

networks and cloud services, which could greatly reduce response time, communication

costs, cloud burdens, and better protect users’ privacy. Although there is some prelimi-

nary work in this area [73, 249], it is still challenging to directly translate sophisticated
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emotion sensing models to mobile platforms, especially for current deep learning-based

models.

Secondly, deep learning approaches have evolved rapidly and been applied to a variety

of different application domains, including but not limited to computer vision, natural

language processing, speech recognition, and machine translation. These approaches

have also been increasingly used in the affective computing field, and a large number

of new architectures have been put forward recently. However, most of these advanced

models are proposed and developed for desktop computers or desktop GPUs and are

not applicable to a variety of mobile and wearable devices or mobile GPUs. One of the

main factors behind this issue is the diversity of computing environments, for example,

some desktop-based CUDA libraries are not available for mobile GPUs [236]. There

have been some recent attempts to design lightweight architectures for mobile devices,

such as MobileRNN [315] or LiteTransformer [282], as well as some software frameworks

intended to support ML/DL models on mobile and edge devices, such as TensorFlow

Lite or PyTorch Mobile. However, such technologies are still in their early stages and

far from sufficiently mature, particularly for applications with real-time requirements.

Last but not least, affective datasets are the basis for building an emotion-sensing

model. Despite the establishment in recent years of an increasing number of multimodal

emotion-labeled datasets (e.g., IEMOCAP [316], MAHNOB-HCI [302], DEAP [294],

K-EmoCon [283]), the existing corpus is relatively small-scale. Compared with some

popular datasets for computer vision (e.g., ImageNet [317]) which consist of millions of

data samples, affective datasets usually only consist of hundreds or thousands of sam-

ples. The shortage of larger-scale affective datasets has become one of the major limits

to further development and deployment of emotion sensing techniques. Moreover, data

acquisition for most public datasets has relied on sophisticated devices and been con-

ducted in lab environments using artificial emotion induction methods. Due to the lack

of large-scale publicly available naturalistic affective interaction datasets that entirely

rely on everyday mobile devices, most of the current mobile emotion sensing studies still

rely on training data collected in bespoke user studies. Thus, it is difficult to directly

reproduce and compare different techniques or apply the latest inference algorithms or

architectures, as they may be trained on datasets containing different modality data ac-

quired with different devices. Further research should explore the design and collection

of large-scale multimodal spontaneous mobile affect datasets in the wild.
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8.3 Final Remarks

The thesis outlines open challenges and future directions for mobile emotion recognition

research. Better understanding of the modality choice, ground truth establishment, and

corresponding ethics, privacy and security considerations enables further construction

of robust mobile emotion recognition systems and faster application to our everyday

lives. Furthermore, we foresee that future directions in this research area should focus

on developing fully offline mode approaches, designing lightweight deep mobile architec-

tures, and building large-scale naturalistic affective interaction datasets based on mobile

and wearable devices. Ultimately, we believe that with the rapid development of mo-

bile and wearable devices and increased interest in technology-enabled mental health

interventions, there will be a growing need for accurate, robust, and ubiquitous emotion

detectors that can be deployed and integrated into everyday interfaces and devices.
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lutional neural networks for emotion and gender classification. arXiv preprint

arXiv:1710.07557, 2017.

[229] Yoon Kim. Convolutional neural networks for sentence classification, 2014.

[230] Ian J Goodfellow, Dumitru Erhan, Pierre Luc Carrier, Aaron Courville, Mehdi

Mirza, Ben Hamner, Will Cukierski, Yichuan Tang, David Thaler, Dong-Hyun

Lee, et al. Challenges in representation learning: A report on three machine

learning contests. In International conference on neural information processing,

pages 117–124. Springer, 2013.

[231] Sepp Hochreiter and Jürgen Schmidhuber. Long short-term memory. Neural com-

putation, 9(8):1735–1780, 1997.
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