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Abstract  

Human-computer interaction (HCI) is becoming increasingly natural. Machines 

are now able to recognise faces, to understand individual speech and to converse 

like a human would. However, they are still far from exhibiting humanlike 

intelligence. Affects play an important role in interaction, so understanding and 

responding to them are necessary steps towards more natural HCI.   

       This thesis reports the development and evaluation of affect detection 

systems suitable for use in real-life HCI applications (e.g. speech-enabled 

interfaces such as Alexa) using speech and eye movement modalities. A corpus 

of spontaneous affective responses in these modalities within an interactive 

virtual gaming environment, designed to elicit different affective states 

corresponding to the arousal and valence dimensions, was collected. A support 

vector machine was employed as a classifier to detect the affects elicited from 

both modalities. Several features of eye movement, namely pupillary response, 

fixation, saccade and blinking, are assessed for use in affect detection and new 

pupil response features based on the Hilbert transform are proposed. Acoustic 

and lexical characteristics of speech are investigated. The detection results 

suggest that eye movement is superior to speech, with pupillary response 

features based on Hilbert transform yielding superior performance on the arousal 

dimension, whereas saccade and fixation features perform better on the valence 

dimension. The improvement made by combining information from eye 

movement and speech modalities suggests that the two modalities carry 

complementary information for affect detection and that both warrant 

incorporation where feasible. An ASR application integrating affective 

information from both modalities for affect robustness was investigated. The 

best performing system uses affective information from eye movements, 

significantly reducing word error rates compared to the speech modality alone. 

This work highlights the potential of eye movements as an additional modality 



  

  

to speech to enhance the accuracy of affect detection and facilitate the 

development of robust affect-aware speech-enabled interfaces. 
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Chapter 1 

1 Introduction 

‘When dealing with people, remember you are not dealing with creatures of logic, but with 

creatures of emotion.’ - Dale Carnegie 

 

 Overview  

ffects are complex experiences (e.g. happiness, sadness and anger) that individuals 

exhibit in their everyday interactions. They play an important role in communication; in 

particular, they modulate individuals’ interactions and can resolve ambiguities in messages. 

Affects are typically conveyed in different ways such as by changes in physiological responses 

(e.g. heartrate, sweating and eye movements) or in behaviour (e.g. facial expressions, body 

posture and speech). Individuals frequently express affects while interacting with machines, as 

they would with their peers [1]. Therefore, it is essential for machines to understand their users’ 

affects and to respond accordingly.  

Although computing machines have become increasingly intelligent and now have the 

ability to identify faces (e.g. Apple Face ID technology), to understand individual speech and 

to start a conversion like a human would (e.g. Amazon Alexa and Google Home, speech-

enabled interfaces) they are still far from exhibiting humanlike intelligence. It is argued that 

affects are an important aspect of human-computer interaction (HCI) and must be considered 

in order to improve the quality of the interactions between individuals and machines [1]. The 

concept of affective computing, which emerged in 1995, aims to enable machines to detect and 

A 
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respond to human affects and to make these interactions more intelligent, efficient and natural 

[2]. A great deal of effort has been put into developing affect detection systems (ADSs) in 

recent decades. Researchers have utilised various sensory information modalities such as 

speech, facial expression, body posture and physiological responses [3, 4] as input to machine 

learning algorithms in order to detect the affective states of individuals. An affect representation 

model that has been widely adopted in affect detection is Russell’s circumplex model of affect 

[5]. This model represents affects in two dimensions, called arousal and valence. The arousal 

dimension ranges from excitement to sleepiness, while valence ranges from pleasure to 

displeasure.  

Despite remarkable progress in the field, affect-intelligent machines are not a consumer 

reality yet [6]. Obtaining appropriate and realistic affective data relevant to the affects that 

individuals experience in real-life HCI is considered a fundamental requirement for the 

applicability of affect-aware interfaces in the real world [6]. Most research depends heavily on 

three types of data to develop affect detection systems. These are acted data (e.g. [7]), 

spontaneous/real-life scenarios (e.g. call centres [8]) and elicited data (e.g. [9]). Acted data is 

meaningless for real-life HCI applications, as it does not realistically reflect individuals’ 

unprompted affective responses. As to spontaneous data, this requires more effort to collect, 

and affects are typically defined as perceived by others rather than as felt by individuals, due to 

the absence of any ground-truth reference. In addition, such data is applicable only to 

behavioural signals as they are visually/auditory observable. On the other hand, it is believed 

that elicited data can represent the spontaneous affective responses felt by individuals when 

exposed to stimuli designed to elicit specific affects, which they report subjectively. Hence, it 

is feasible to establish a ground-truth reference to the individuals’ felt affects. Nevertheless, the 

majority of affect elicitation methods so far employed (e.g. movies [9]) are considered passive 

(noninteractive) and limited in their ability to simulate real-life HCI experiences. Recently, 

however, the use of virtual reality environments (e.g.  gaming [10]) has emerged as an active 

affect elicitation method. Thanks to their capacity for strengthening the sense of presence in the 

real world, it is believed that virtual reality environments can facilitate the capture of more 

realistic affective experiences, which can be generalised to real-life HCI application (e.g. 

speech-enabled interfaces, interactive games, etc.).  

Since the speech modality is considered an important aspect of a natural HCI, being the 

primary mode of interaction, as well as the most natural and favourable, it follows that detecting 
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affect from speech is desirable [11]. The issue arises, however, of the reliability of using this 

modality to detect affects, especially in spontaneous cases [12]. As affects are manifested 

multimodally, considering information from other modalities can improve the robustness of the 

affect detection process [4]. The majority of multimodal contributions have focused on the so-

called audio-visual modality, combining information from facial expressions and body posture 

with speech, whereas incorporating information from physiological responses has been largely 

ignored especially from eye movement [4, 6].  

Facial expressions and body posture are behavioural signals, which, in common with 

speech, individuals can deliberately control and manipulate, making the felt affects difficult to 

measure [13]. By contrast, physiological signals originate in the central/autonomic nervous 

systems, making them very difficult or impossible to control deliberately [3]. It is thus believed 

that incorporating information from physiological modalities with speech is beneficial and can 

provide a richer and more reliable representation of affects. A major difficulty is that most 

methods of measuring physiological responses, e.g. electrocardiogram (ECG)1, galvanic skin 

response (GSR)2, or electroencephalography (EEG),3 are intrusive compared to speech. Lately, 

eye movement tracking has emerged as a means of measuring affect (e.g. [9, 14]), because the 

signals are natural and their observation is more efficient and less intrusive than for other 

physiological signals [15]. Hence, eye movement is a potential candidate signals for 

representing affective responses via physiological behaviour to enhance the affect detection 

process and facilitate natural interaction. 

As a contribution to making affect-aware interfaces feasible in a natural HCI, this thesis 

focuses on the detection of affects based on spontaneous affective eye movements and speech 

data, elicited in an interactive virtual environment, namely a gameplay scenario. The research 

has many potential applications in HCI field.  For example, researchers from Amazon Inc. are 

working on their speech-enabled interface (Alexa, a virtual assistants) to be able to understand 

and interact accordingly to the individual’s affective states. Another application example is 

gaming, to enable adaptive gameplay experiences [16] e.g. Brainball [17] is an interactive game 

in which a physical ball moves according to the player relaxation state, and Microsoft Xbox 

games. E-learning environment can also benefit from this research, to support adaptive teaching 

(e.g. change the content style based on the individual’s affective state) [18]. The following 

                                                 
1 An ECG measures heart rhythm, rate and electrical activity using electrodes attached to the individual’s chest. 
2 GSR or skin conductivity is a measure of the electrical conductivity of the skin. 
3 An EEG records the electrical activity of the brain through the scalp. 
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subsections provide an overview on eye movement tracking technology and discuss automatic 

speech recognition (ASR) systems highlighting the impact of affective speech on ASR system 

performance, an application of an affect-aware interface for natural HCI. 

 

1.1.1 Eye movement tracking technology  

Eye movement tracking is a sensing technology that facilitates machine awareness of an 

individual’s eye movement behaviour, such as focus of attention and scan path, in a given 

environment. Eye movement tracking sensors commonly measure fixation, saccade, pupillary 

responses and blinking events [19]. Fixation occurs when a subject is focusing on a static target 

on the screen. Saccade is defined as fast eye movement and occurs between fixations, when the 

individual switches his attention from one target to another in the environment. Pupillary 

responses and blinking are physiological phenomena, the former manifested as dilation and 

contraction of the pupil and the latter as brief closure of the eyelid. 

Eye movement tracking was initially used in physiological and psychological studies in order 

to understand human cognition and scene perception processes [20]. Recently, it has been 

applied in other fields, such as marketing research [21]. In the context of HCI, there has been 

an increasing amount of research into the use of eye movement tracking technology for 

evaluating the usability of interfaces [22], understanding user attention and actions in context-

sensitive situations [23], remote collaborative interfaces [24] and replacing traditional input 

devices to facilitate HCI tasks for disabled people [25]. 

There are in general two types of eye movement tracking sensors: wearable and remote. 

Wearable sensors require physical contact with the subject and can be categorised into video-

based and non-video-based trackers [26]. Video-based trackers can be worn as glasses (e.g. 

Tobii glasses), or head mounted (e.g. EyeLink II). They typically use two high speed cameras 

with infrared illumination to capture video of the eyes [27]. Eye movements are tracked by 

directing infrared illumination towards the pupils, detecting the reflections of this light from 

the corneas and decoding them using image processing software [19]. The non-video-based eye 

movement tracking measures skin potentials thought electrodes attached to the skin around the 

eyes [26], so called Electrooculogram (EOG) sensor, the measured changes in the skin can be 

analysed to detect blinks. EOG is less reliable in term of estimating other eye movements 
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measures (e.g. gaze location/fixation) compared video-based eye movement tracking and it is 

mainly used for clinical applications [26]. 

Remote eye movement tracking sensors, on the other hand, are based on multiple cameras 

located in the environment which fixate on the subject’s face to capture movements of the eyes 

and head and are also video-based. Some remote eye trackers are built into the display screen 

(e.g. Acer Predator4). Remote trackers are less invasive than wearable ones and easier to set up. 

Wearing an eye tracker may also feel unnatural and can cause discomfort, unlike remote 

trackers. However, wearable head-mounted eye movement tracking sensors offer superior 

tracking quality [27] and were therefore used in this research to ensure accurate data collection. 

Eye movement tracking is now an established technology; in recent years, it has been 

integrated as interaction modality in smartphones (e.g. Samsung Galaxy), virtual reality 

headsets (e.g. Fove5) and gaming (e.g. Deus Ex6). Indeed, eye movement tracking is very likely 

to become a standard interaction modality in many end-user products and applications. For 

example, Nacke and Mandryk [28] found that interaction through eye movement is more 

preferable than other physiological input (e.g. GSR) in a simple-side scrolling game. Therefore, 

research into effect detection via eye movements is valuable for the HCI community.  

 

1.1.2 Automatic Speech Recognition (ASR) 

Speech-enabled interface is a human-computer interface that uses speech as input modality to 

understand and communicate naturally with individuals. It employs an ASR system, also known 

as speech-to-text, to interpret human speech sounds. Advances in statistical modelling and 

machine learning techniques since the 1980s have led to ASR systems becoming usable in 

various practical applications [29]. These systems typically involve modelling the time-varying 

acoustic features extracted sequentially from the speech waveform using hidden Markov 

models (HMMs) to estimate the most likely word sequence corresponding to a given speech 

signal [30]. A language model is used to estimate the probability of the word sequence. ASR 

represents a major breakthrough in technology and has changed the way that individuals interact 

                                                 
4 https://www.acer.com/ 
5 https://www.getfove.com/ 
6 Using Tobii’s game-enhancing eye movement tracking features https://tobiigaming.com/ 
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with machines, from automated call centre systems (e.g. “How may I help you?” [31]) to virtual 

assistants.  

Despite the remarkable success of ASR systems in various applications, their performance 

remains an open issue in term of recognising spontaneous speech in natural environment 

settings due to a mismatch between system training and recognition conditions. Among the 

variety of challenging factors that can affect ASR system performance accuracy are 

environmental noise, speaker differences (e.g. age, and gender) and affects [32]. Typically, the 

performance of ASR systems tends to deteriorate during affective speech, due to changings in 

individuals vocal behaviour (e.g. fundamental frequency) [33].   Since speech is essential for a 

natural HCI, ASR systems should consider the affective state of the speaker in order recognise 

the verbal content more accurately. This can help to improve the interaction with the user and 

make it more natural. Little research has addressed the problem of affective speech in ASR 

systems, however. Proposed approaches have mainly focused on adapting the system based on 

the speaker’s affective state as detected from the acoustic aspects of speech signals [33-35]. 

The issue is that affects may not be detected from the spontaneous speech with high accuracy, 

as it can be deliberately controlled and manipulated by individuals. 

Recently, researchers have demonstrated that combining speech sounds with other 

modalities (e.g. lip movements) can improve the performance of ASR systems [36]. In addition, 

the use of the eye movement modality in ASR has been explored in the literature with promising 

results, suggesting that integrating information from eye movements (e.g. the visual focus of 

attention) can aid the speech recognition process in speech-enabled interfaces and make it more 

efficient in term of detecting what is being said related to the visual field (e.g. [37, 38]). Given 

the difficulties in detecting affects from spontaneous speech data, this thesis investigates the 

use of eye movements as an additional modality to improve the recognition of affective speech 

in ASR systems. Hence, facilitating affect-aware speech-enabled interfaces for natural HCI. 

 

 Research questions and methodology 

The ultimate aim of this study is to investigate the use of eye movement and speech modalities 

for automatic detection of individuals’ affective experiences, elicited in a natural setting of a 
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virtual interactive environment, and its application to ASR system for affect robustness.  The 

following research questions are investigated:  

 

1. Can information from eye movements be used to detect affective states elicited in a 

virtual interactive environment? 

2. How can spontaneous speech be elicited in a virtual interactive environment and to 

what degree can the experienced affective state be detected?  

3. How can affective information from eye movements and speech be combined 

effectively?  

4. How can an ASR system benefit from the use of affective information to improve 

its performance? 

 

To answer the research questions, the following methodology is adopted: 

• Collecting a corpus of eye movements and speech during interaction with an affective 

virtual environment. 

• Investigating eye movement features associated with affect elicited in the virtual 

interactive environment. 

• Investigating speech features associated with affect elicited in the virtual interactive 

environment. 

• Developing an affect detection system to infer the elicited affective state from eye 

movement and speech signals, unimodally and multimodally.  

• Developing a framework to account for affects in ASR systems and recognising   

affective speech. 

• Evaluation of the affect-robust ASR systems and their benefit in terms of improving 

performance during affective speech.  

 

 List of publications  

Some of the work reported in this thesis has been published in peer-reviewed conference reports 

as follows:  
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• A. Alhargan, N. Cooke, and T. Binjammaz. “Eye tracking-based affect detection using 

Hilbert transform features”. 19th European Conference on Eye Movements. Accepted. 

(Chapter 4) 

• A. Alhargan, N. Cooke, and T. Binjammaz. “Affect recognition in an interactive gaming 

environment using eye tracking”. Seventh International Conference on Affective 

Computing and Intelligent Interaction (ACII 2017).7 (Chapter 3 and part of Chapter 4) 

• A. Alhargan, N. Cooke, and T. Binjammaz. “Multimodal affect recognition in an 

interactive gaming environment using eye tracking and speech signals”. In Proceedings 

of the 19th ACM International Conference on Multimodal Interaction (ICMI 2017).8 

(Chapter 5 and part of Chapter 4) 

• A. Alhargan and N. Cooke. “EyeS: Towards an Affect-robust Automatic Speech 

Recognition (ASR) system”. (In preparation – Chapter 6) 

 

 Thesis outline 

The structure of the thesis is illustrated in Figure 1.1. Following this introductory chapter, the 

remainder of the thesis consists of six chapters. The main research contributions are presented 

in Chapters 3, 4, 5 and 6, then Chapter 7 concludes the thesis. This chapter has offered an 

overview of the topic, declared the aims of the study, research questions and listed publications 

resulting from the work. An outline of the remaining chapters follows. 

• Chapter 2 describes affects and models of affects, then reviews the literature on affect 

detection from speech and eye movements. Finally, affects issue in ASR systems is 

discussed.   

• Chapter 3 describes the motivation and the experimental method used for the collection 

of eye movement and speech data in the virtual interactive environment, a gameplay 

scenario. In addition, it discusses the post-processing of the recordings, including data 

synchronisation and quality assessment.  

                                                 
7 [39]  A. Alhargan, N. Cooke, and T. Binjammaz, "Affect recognition in an interactive gaming environment using eye tracking," in 17th 
International Conference on Affective Computing and Intelligent Interaction (ACII), 2017.  
8 [40]  A. Alhargan, N. Cooke, and T. Binjammaz, "Multimodal affect recognition in an interactive gaming environment using eye 

tracking and speech signals," in Proceedings of the 19th ACM International Conference on Multimodal Interaction, 2017: ACM Press, pp. 

479-486.   
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• Chapter 4 analyses the players’ reported affective experience elicited while playing in 

the virtual interactive gaming environment and describes the detection methods used 

throughout the research. It discusses the development of the affect recognition system 

using eye movement signals, namely pupillary responses, fixation, saccade and 

blinking. To improve performance, a new pupillary response feature based on the 

Hilbert transform is proposed. This chapter adds to the work reported in the literature 

by considering affect detection using eye movement signals elicited in the more natural 

setting of the interactive virtual gaming environment, making it suitable for real-life 

natural HCI applications. 

 

 

Figure 1.1: Block diagram of thesis structure. 

 

• Chapter 5 details the development of an affect recognition system using the acoustic 

and lexical content of speech signals, collected in the same interactive virtual gaming 

environment. In order to improve performance, it investigates a multimodal approach 

to the use of eye movements as additional modality to speech in affect detection.  

• Chapter 6 tackles a problem in ASR systems, which is enhancing their capabilities to 

recognise affective speech. It describes the development of a research-level baseline 

ASR system, detailing the proposed integration framework for an affect-robust ASR 
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system that incorporates affective information from eye movements and speech signals, 

unimodally and multimodally. The results reported in chapters 4 and 5 are used to 

evaluate the system. The results highlight the benefit of using eye movement as an 

additional modality to speech in order to improve the automatic recognition of affective 

speech, in terms of word error rate reduction. 

• Chapter 7 concludes the thesis by summarising the research, discussing the key 

contributions and making recommendations for future work.
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Chapter 2 

2 Affect, Speech and Eye Movements 

his chapter explains affects and describes how they are modelled. After a review of 

affect detection from speech and eye movements, it discusses the impact of affects in 

the context of automatic speech recognition (ASR) systems. 

 

 Affects 

Several answers have been proposed to the question “What are affects/emotions?” [41, 42]. 

Darwin defines affects as an expressive communication of the underlying internal state [43]. 

He suggests that the existence of affects is related to their survival value over the 

evolutionary lifecycle [43]. In pioneering work, James [44] presented the idea that affects 

are experienced in response to psychological changes, suggesting that affects are 

characterised by different peripheral physiological responses. The most widely accepted 

definition is the one proposed by Scherer [41]. He distinguishes between affects and other 

human characteristics (e.g. mood and attitude), defining affects as episodes of interrelated 

responses to internal or external events which involve continuous changes in cognition, 

physiological reactions and motor expression. It follows from this definition that affects are 

complex phenomena which:  

 

• Cause behavioural changes (e.g. in facial expression, vocal pitch, etc.) and 

physiological changes (e.g. in muscle tension, heart rate, etc.). 

T 
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• Occur in response to internal stimuli (e.g. memories and thoughts) or external stimuli 

(e.g. high-pressure situations, behaviour of others, etc.).  

• Can be observed and measured.  

• Are episodic in nature and can occur repeatedly, depending upon the occurrence of 

internal or external stimuli. 

 

2.1.1 Models of affect 

An important issue in developing affect detection systems is to determine which set of affects 

that are experienced by individuals are to be identified and detected by the machine. Two 

main models of affect have been widely adopted by the affective computing community to 

represent affective states. These are the categorical and dimensional models.  

 

Categorical model  

In the categorical model, an individual’s affective states are represented in terms of discrete 

sets of affects (e.g. happy or sad). Psychologists have introduced several sets of keywords 

to model affect. For example, Ekman et al. [45] carried out cross-cultural experiments to 

study the universality of affects and defined the six basic affects (keywords) that can be 

detected from facial expressions, which are: happiness, sadness, surprise, fear, anger and 

disgust. Scherer [41] suggests that there may be from six to fourteen basic categories of 

affect, each characterised by different facial expressions, speech and physiological 

behaviour. This model has been widely used in affect detection systems, especially for 

detecting the basic affects from facial expression [12]. However, discrete affects may not 

describe the complex affective experiences which people exhibit in everyday interactions, 

conveyed through various sensory information modalities (e.g. face, body postures, speech 

and eyes) [12]. Moreover, the interpretation of the keywords used for categorising affective 

states can differ across languages and cultures [46]. 

 

Dimensional model   

In the dimensional model, alternatively, affective states are represented within a set of 

continuous dimensions instead of discrete categories. These dimensions, which include 
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arousal and valence [5], are independent and can be combined to create multidimensional 

models. The two best-known multidimensional models are Russell’s circumplex model [5] 

and Mehrabian’s three-dimensional model [47]. The circumplex model [5], describes affects 

in two dimensions: arousal and valence. The arousal dimension refers to the current state of 

excitement, which ranges from arousal to sleepiness, while valence refers to the negativity 

or positivity of the current affective state, in a range from pleasure to displeasure (see Figure 

2.1). The model incorporates keywords (discrete affects) which individuals often use to 

describe their affective states and which are spread round a circle representing the two-

dimensional arousal-valence space. As shown in Figure 2.1, for example, ‘happy’ 

corresponds to relatively high arousal and positive valence (pleasure) while ‘bored’ 

represents low arousal (sleepiness) and relatively negative valence (displeasure). An 

alternative multidimensional model, proposed by Mehrabian [47], describes affects in a 

three-dimensional space of arousal, valence and dominance. The model is thus similar to 

Russell’s, with the addition of the dominance dimension, which refers to the level of control 

the subject has over a situation or environment. Mehrabian claims that these three 

dimensions are sufficient to describe all affects experienced by humans [47].  However, 

Russell [5] argues that adding this dimension accounts for only a small amount of variance 

and that the circumplex model more efficiently models affective states. Furthermore, 

Moghimi et al. [10] found that valence and dominance dimensions are correlated and that 

Russell’s circumplex model is sufficient to represent the affective states experienced by 

individuals, while they interacted with a virtual gaming environment, than Mehrabian’s 

model.  

The present study adopts the Russell’s circumplex model to represent the affective 

states, because of its wide use in physiology, behavioural science [48] and affective 

computing (e.g. [9, 13, 14, 49, 50]). The advantage of this model is that it sufficiently 

describes both the intensity of affects and the affective categories (keywords) which are 

distributed round a circle in a single two-dimensional model. 
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Figure 2.1: Russell’s Circumplex model of affect (simplified version), with eight affective keywords 

distributed in the two-dimensional space [5]. 

 

 On affect detection  

Since affects play an important role in interactions among people, psychological research 

has given prominence to understanding and modelling affective phenomena [51]. Nass and 

Beeves [52] argue that individuals interact naturally with machines as they do with their 

peers, while Tao and Tan add that they naturally express affective responses to machines 

[1]. Thus, affect has attracted attention within the human-computing interaction (HCI) 

community with the desire to make these interactions more natural and intelligent. This 

emerging field of HCI research, referred to as affective computing after Picard [2], aims to 

facilitate the development of affect-aware interfaces that can automatically detect and 

respond to individuals’ affects in order to enhance the effectiveness and naturalness of their 

interactions with machines. Underpinning affect-awareness in machines is the affect 

detection process, which uses computational techniques for extracting affective information 

and machine learning algorithms to develop a system that can associate human behaviours, 

observed in different modalities, with affects [6].  

Researchers have utilised both behavioural and physiological modalities for detecting 

affects. Early studies focused on behavioural modalities such as speech, facial expression 

and body posture (e.g. [12, 53]), in unimodal approaches or by combining them 

multimodally for performance improvement [4]. However, individuals can relatively easily 
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manipulate and mask their behaviour, over which they have more control than over their 

physiological responses (e.g. pupil dilation in response to arousing stimuli); this makes felt 

affective states difficult to measure accurately from behavioural modalities in natural 

scenarios. More recently, the focus has shifted towards using physiological signals, because 

they can provide continuous measurements and seem to offer a more efficient and reliable 

means of affect detection [3]. Physiological signals provide measures of responses 

originating both from the autonomic nervous system (ANS)—such as electrocardiogram 

(ECG) (e.g. [54]), galvanic skin response (GSR) (e.g. [55]) and eye movement signals (e.g. 

[9])—and from the central nervous system, such as electroencephalogram (EEG) (e.g. [9, 

55])  readings. However, the majority of these signals are inappropriate for use real-life HCI 

application due to their intrusiveness in terms of restrictions they pose on users (e.g. sensors 

have to be attached to the body) [56].  Eye movement sensing seems to be promising 

approach for affect detection in real-life HCI application, because eye movements can be 

observed naturally and the sensing is less intrusive than other physiological signals [15], 

with the availability of remote sensing devices.  

With the expanding role of speech modality in many in HCI applications (e.g. Alexa, 

Google glasses, etc.)  speech-based affect detection is considered vital in affect-aware 

interfaces [1]. Therefore, this thesis focuses on affect detection via speech as a behavioural 

source of affective information and eye movements as a source of physiological information. 

The following subsections provide a review of the literature on affective data acquisition 

methods and on affect detection via speech and eye movements.  

 

2.2.1 Affective data acquisition methods 

The first step in any affect detection system is the availability of suitable affective data. The 

literature refers to three types of data that have been used in developing and evaluating affect 

detection systems, namely acted, spontaneous and elicited affective data.  

 

Acted data acquisition  

 

The traditional approach to collecting affective data from individuals is to use the acted 

method, whereby actors are typically employed to follow scripts especially designed to 
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portray specific affective responses. The advantage of this approach is that collecting acted 

affects is relatively easy and requires lower resources than spontaneous data. However, they 

are unnatural and ecologically invalid [57], in that they do not realistically reflect actual 

affective behaviour. For example, Shahid et al. [58] found that acted and natural/spontaneous 

affective speech are perceived differently. One of the most popular acted speech corpora is 

the Berlin Database of Emotional Speech (Emo-DB) [7]. The affective speech in this corpus 

was obtained by asking actors to verbalise sentences in seven predefined affects: neutral, 

anger, fear, joy, sadness, disgust and boredom.  

 

Spontaneous data acquisition  

 

In the spontaneous approach, affective data is collected in natural/real-life situations such as 

call centres [8] or TV talk shows [59]. The advantage is that natural affective responses can 

be captured as they occur in real life. However, this approach requires effort to annotate the 

data (typically by expert), which can be expensive and time-consuming, as there is no prior 

knowledge (ground truth) about the affective states experienced by the subjects. Moreover, 

affective responses may not be present, may be hard to distinguish and may not be relevant 

to real-life HCI experiences. Finally, this method is applicable only to behavioural signals, 

such as speech, which can be visually/auditory observed. A popular spontaneous affective 

speech corpus is the VAM corpus [59], comprising spontaneous affective speech and visual 

data obtained from a TV talk show called “Vera am Mittag”, annotated on the arousal, 

valence and dominance dimensions of affect, using the Self-Assessment Manikin (SAM) 

questionnaire [60].9 

 

Elicited data acquisition method  

 

A semi-natural and less expensive approach to collecting spontaneous affective data is to 

expose participants to stimuli or situations designed to elicit particular affective responses 

which they can subjectively report, thus providing a ground truth reference to the individual 

felt affects. Elicited data is typically recorded in carefully controlled laboratory conditions. 

Among the stimuli that have been developed for evoking affective responses are images, 

                                                 
9 One of the most used tools for affect assessment and annotation. It comprises of manikins repressing different level of the three 

dimensions from low to extreme, an ordinal scale.  
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audio and movies. The individual is presented with a set of images, each of which may evoke 

a different affective state (e.g. [61]); for example, a family image can be used to evoke 

happiness. The most popular database of affective images is the International Affective 

Picture System (IAPS) [62], which consists of over a thousand images that have been 

evaluated on three affective dimensions using the SAM questionnaire. Alternatively, 

individuals are asked to watch short movie clips (e.g. [9]), or to listen to audio clips (e.g. 

[63]) to elicit specific affective responses that can be captured via both their behavioural and 

physiological signals. The most common affective auditory database is the International 

Affective Digital Sounds (IADS) database [64], comprising acoustic stimuli that have been 

evaluated on the same three dimensions as IAPS. Images, movies and audio are considered 

to be passive stimuli [57], to which affective reaction can be weak and with limited ability 

to stimulate real-life HCI experiences. Although they have been validated as reliable 

affective stimuli, it is not clear whether their content can be manipulated to evoke specific 

affective responses [65]. 

Spontaneous affective data can be elicited in an active way by simulating a HCI where 

individuals are asked to interact with an artificial system agent or robot, known as a Wizard-

of-Oz (WOz) scenario [66]. In the simulation, the agent/robot is controlled and manipulated 

by a human operator to evoke the desired affects. This approach is commonly used to collect 

spontaneous affective speech data. Examples of corpora collected using this method are the 

Belfast Sensitive Artificial Listener (SAL) [67], SmartKom [68] and FAU Aibo [69].10   

Although this method is likely to elicit natural affective responses, it will succeed only if the 

participants are unaware that their affective responses are of interest; otherwise their 

expressed affects may be unnatural and deliberately acted. Moreover, there is no guarantee 

that the WOz scenario will reliably evoke affective responses, as this kind of interaction is 

considered a low impact manipulation [57].  

 An emerging active method for eliciting affects is virtual reality, defined as a medium 

“able to induce the experience of ‘presence’ in a computer-generated world. Presence is 

usually defined as the ‘sense of being there’ or the ‘feeling of being in a world that exists 

outside the self’” [65]. Riva et al. [65] investigated the reliability of virtual reality 

environments as a method for eliciting affects. They used a ‘virtual park’ designed to elicit 

relaxation, neutral affect and anxiety, which subjects self-reported. They found that this 

                                                 
10 Refer to Appendix A for corpora details.   
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virtual environment could effectively manipulate the individual affective experience and that 

the feeling of being present increased in the affective virtual environment (e.g. one designed 

to elicit relaxation) compared to the neutral one. This suggests that an affective response 

may not exist if the environment itself is unable to produce a sense of presence. Participants 

in another study were asked to interact with a virtual park designed to evoke sadness, while 

their EEG signals were monitored [70]. EEG activity during the experience was found to be 

different from the baseline measured before the experiment. More recently, Moghimi et al. 

[10] designed the affective virtual reality environment, used in this study, based on a 

gameplay scenario and subjectively evaluated it within Russell’s circumplex model [5]. 

Based on the evaluation, they reliably concluded that the virtual gaming environment is 

capable of evoking different affective experiences by controlling the environmental 

parameters (e.g. faulty timer and changing the input modality from mouse to joystick). By 

employing the environment in an affect detection experiment and monitoring the evoked 

affective experiences via EEG, GSR and heart rate while participants interacted with the 

virtual gaming environment, they were able to detect them with high accuracy up to 98% 

[55].  

Virtual reality is a very promising method for eliciting affective responses, as it can 

incorporate a rich and relatively natural interaction with individuals. More importantly, it 

increases the sense of being present in the real world. Arguably, gaming itself can naturally 

trigger various affective experience (e.g. frustration) [71]. To this end, a gameplay scenario 

in a virtual reality environment offers more realistic means of eliciting affects where 

interactions can be manipulated to influence individual affective experiences, unlike other 

forms of HCI (e.g. WOz). Consequently, this setup has been chosen for use in this study to 

elicit affective responses from participants.   

 

2.2.2 Affect detection using the speech modality 

Speech is a good modality for estimating affects, as it is the most natural and is widely used 

in communication. Speech conveys a variety of information about the speaker’s affective 

state that is embedded implicitly in the signal, in the form of ‘paralinguistic cues’ [72-74]. 

These are nonverbal aspects of vocal behaviour associated with how speech is performed, 

which can be found in acoustic (e.g. high pitch) and linguistic (e.g. hesitation) features of 
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the speech signal [72]. The source of this nonverbal behaviour is the vocal tract, which is 

responsible for modulating the speech signal acoustically to produce speech with different 

characteristics [75]. Affective meanings can also be conveyed explicitly by the linguistic 

aspects of speech, e.g. semantically by the use of words such as ‘sad’, ‘angry’ or ‘happy’. 

This linguistic content can provide a rich source of information for detecting underlying 

affective states. Both acoustic and linguistic features have been employed in affect detection, 

as the following subsections explain.  

 

Acoustic aspects of speech 

Several studies reported in the psychology literature have examined the correlation between 

acoustic features and affects [76]. It is argued that individuals modulate their speech to 

express different affective states, which can be observed from prosodic features of the speech 

[77]. Williams and Stevens [78] found that fundamental frequency (also called pitch), 

energy-related features and duration of pauses can indicate the arousal level of the speaker. 

This finding was confirmed later by Scherer [79], who also argued that valence is more 

relevant to speech articulation characteristics. Recently, Belyk and Brown [80] found 

fundamental frequency to be weakly associated with valence when analysing vocalised 

exclamations in response to valenced images. Murray and Arnott [81] identified the most 

relevant acoustic features that are influenced by speakers’ basic affective states (anger, 

happiness, sadness, fear and disgust), namely fundamental frequency, speaking rate, 

intensity and voice quality. Perception studies have found a strong association between 

affects and voice quality [82]. Since the evidence of acoustic affective responses is well 

established in the literature, the acoustic aspect of speech has been extensively utilised to 

detect speakers’ affects automatically.  

The acoustic features most commonly employed to detect affective states are prosodic 

and spectral features [53, 83]. Prosodic features include fundamental frequency, energy and 

duration, while spectral features include formants and mel-frequency cepstral coefficients 

(MFCCs) [53, 83]. Prosodic features are generally considered to be effective at conveying 

affective information [83, 84]. Fundamental frequency was found to be more accurate than 

energy and formants in detecting four basic affects (neutral, happiness, anger and sadness) 

in acted speech in five languages of Pakistan [85]. MFCCs are also proven to convey useful 

affective information and can be used as complementary information to the prosodic features 
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[53, 86]. The majority of the contributions to the first INTERSPEECH Affective Challenge 

employed MFCC features to detect various basic affective states based on 2-class and 5-

class problems in [87] from spontaneous speech in the FAU Aibo corpus [69]. For example, 

Vlasenko et al. [88] employed 13 MFCCs with their delta and acceleration coefficients, 

which are standard features of ASR systems; good results were achieved for both problems 

using a simple Gaussian mixture model (GMM) classifier compared to using HMMs, see 

Table 2.1. Bedoya-Jaramillo et al. [89] used MFCC features to detect anger, boredom and 

neutral affective states from acted speech in the Emo-DB corpus [7], using k-nearest 

neighbours (KNN), Bayesian linear and quadratic classifiers. They found that MFCC 

features were very effective in discriminating between angry and neutral speech. Wu et al. 

[50] found that MFCCs were the most informative features for detecting the arousal, valence 

and dominance dimensions from spontaneous speech data in the VAM affective corpus [59], 

in comparison to fundamental frequency, duration related features (e.g. speaking rate) and 

energy. In [90], MFCCs were found to be the most closely correlated with the three 

dimensions and the best detection results were achieved on the arousal dimension. Another 

study by [91] found MFCC features to be most effective in detecting affects on the valence 

dimension when evaluating spontaneous speech in a cross-corpus setting. Espinosa et al. 

[92] suggest the use of a different feature set for each affective dimension when estimating 

affects from spontaneous speech in the VAM corpus [59]. Most of the early work on speech-

based affect detection systems focused on prosodic and spectral features of the speech signal. 

Recently, voice quality features such as jitter, shimmer and harmonics-to-noise ratio (HNR) 

have been used in measuring affects [53]. For example, [93] investigated various voice 

quality features of spontaneous speech to detect positive and negative valence and found 

them to perform well compared to prosodic and spectral features. 

Prosodic features, spectral features and voice quality features are characterised as low-

level descriptors (LLDs) computed over short time windows. Statistical (also called 

functional) features calculated from LLDs over the whole utterance or turn are extensively 

used in affect detection (e.g. [91, 94]). On the other hand, few studies have employed LLDs 

directly (e.g. [87, 88]). It is agreed that functional features are superior to LLDs in terms of 

detection accuracy, due to the long-term nature of affects in speech signals [53, 83]. Schuller 

et al. [94] compared different types of LLDs and functional features in order to find the set 

that would best improve detection performance in four affective categories (neutral, 
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motherese, emphatic and angry) of speech data collected while interacting with an Aibo 

robot. They found that duration and energy features were the most relevant LLDs and that 

the most relevant functional features for the detection task were sequential and 

combinatorial. It is suggested that better performance can be achieved by reducing and 

selecting the most relevant features. Other studies have attempted to use novel features 

extracted from speech signals which can be effective for the task. For example, Wu et al. 

[86] introduced modulation spectral features to capture the acoustic and temporal 

modulation frequency characteristics of the speech signal. Compared with the conventional 

spectral features, MFCCs and perceptual linear predictive (PLP) coefficients, these had 

superior performance in detecting basic affective categories of acted speech data in the Emo-

DB corpus [7]. The authors conclude that modulation spectral features can provide 

complementary information to prosodic features in terms of the accuracy of detection of 

affective categories. However, for continuous detection of dimensional affects from 

spontaneous speech in the VAM corpus [59], MFCCs had superior performance, with higher 

correlation on the arousal and dominance dimensions than on valence, both alone and when 

combined with prosodic features. Sun et al. [95] evaluated the use of weighted spectral 

features to detect affect in three different acted speech corpora,11 reporting better results 

when compared with typical spectral features (such as MFCCs) and when combined with 

prosodic features in both speaker-independent and speaker-dependent experiments using a 

support vector machine (SVM) classifier. They suggest that this approach effectively 

improves the performance of affect detection systems and serves as a complement to 

prosodic features.   

As discussed above, the measurement of affects via the acoustic characteristics of 

speech has been studied extensively using a variety of speech datasets (acted and 

spontaneous and in various languages), showing that extracting the most relevant and 

informative features for the task is a vital step in developing speech-based affect detection 

systems. However, the best feature set for that task has not yet been identified, perhaps 

because of the use of different databases with diverse languages and cultures. For example, 

Schuller et al. [87, 96-98] defined different features sets for different databases. LLD 

features such as fundamental frequency, energy and MFCC are better established than 

                                                 
11 Emo-DB, Surrey Audio-Visual Expressed Affect Database (SAVEE): http://kahlan.eps.surrey.ac.uk/savee/ and Speech Affect 

Database of Institute of Automation Chinese Academy of Sciences (CASIA): http://english.ia.cas.cn/  

http://kahlan.eps.surrey.ac.uk/savee/
http://english.ia.cas.cn/
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functional features. Eyben et al. [99] propose an affect detection toolkit called openSMILE,12 

with numerous predefined features that can be extracted and used for speech-based affect 

detection. Recently, the most common way to detect affects from speech has been to extract 

as many features as possible using brute-force extraction [53, 72], then to apply feature 

selection techniques to reduce the size of the feature set and select those with the potential 

to maximise detection performance [72]. Different feature selection approaches have been 

employed to detect affects from acoustic features, either wrapper or filter based [100], such 

as sequential forward feature selection (SFS) [86, 101] and Fisher discriminant ratio (FDR) 

[86]. Finally, the selected features are used to train machine learning algorithms for affect 

detection. Several detection methods have been employed to detect affects from speech. 

Table 2.1 lists some of speech-based affect detection studies grouped according to the 

employed detection method.  The techniques most often used are: SVMs [50, 86, 91-95, 

101], KNNs [89, 101], HMMs [87, 88] and GMMs [87, 88]. Other techniques such as, fuzzy 

logic [101], random forest [94] and Bayesian classifiers [89] are also reported in the 

literature. Grimm and Kroschel [101] found that SVM perform better than KNN and fuzzy 

logic when detecting affects on the three-dimensional space from spontaneous speech in the 

VAM corpus, see Table 2.1.  Compared with HMMs and GMMs, which are usually used to 

model time-varying LLDs directly over time, SVMs have advantages such as global 

optimisation and good data generalisation bounds [102]. Moreover, due to the long-term 

nature of affective responses in the acoustic aspect of speech signals, SVMs tend to be 

preferred.  Affect detection using deep learning-based methods have also attracted much 

attention recently with promising results (e.g. [103]).  However, a large amount of data 

(typically hundreds of hours) would be required to achieve satisfactory results [104]. As can 

be seen in Table 2.1, for example, SVMs provided better results compared to deep learning-

based networks for detecting dimensional affects from spontaneous speech in the VAM 

corpus, which consist of 12 hours of audio recordings. It seems that SVMs can achieve 

promising performance in affect detection from acoustic features and have been widely used 

in the literature [53]. The following discuss affect detection from linguistic aspect of speech 

signal. 

 

                                                 
12 Other toolkits and software such as Praat and MATLAB can also be used for extracting acoustic features.  
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Table 2.1: Review of some speech-based affect detection studies.  

 

 

Linguistic aspects of speech 

The relation between linguistic content and affects is well studied in psychology [105]. 

Utilising linguistic content to detect affects depends on whether the speech data is acted or 

Detection 

method 
Reference Best results and remarks 

SVM Wu et al. [86] 91.6% (acted)/ Emo-DB corpus, 7 

affective categories. 

73% (spontaneous)/ VAM corpus,  

3 dimensions.  

Eyben et al. [91] 57.3% (spontaneous)/ within-corpora 

setting, 3 classes of valence. 

53.3% (spontaneous)/ cross-corpora 

setting, 3 classes of valence. 

Espinosa et al. [92] 68% (spontaneous)/ VAM corpus, 3 

dimensions. 

Schuller et al. [94] 63.1% (spontaneous)/ FAU Aibo corpus, 

4 affective categories. 

Sun et al. [95] 75%-98% (acted).  

Grimm and Kroschel [101] 69% (spontaneous)/ VAM corpus, 3 

dimensions. 

KNN Bedoya-Jaramillo et al. [89] 86% (acted)/ Emo-DB corpus, 3 affective 

categories. 

Grimm and Kroschel [101] 68% (spontaneous)/ VAM corpus 3 

dimensions. 

HMM Vlasenko et al. [88] 68% (spontaneous)/ 2 affective categories.  

35.2% (spontaneous)/ 5 affective 

categories. 

GMM Vlasenko et al. [88] 69.2% (spontaneous)/ 2 affective 

categories. 

41.4% (spontaneous)/ 5 affective 

categories. 

Fuzzy logic Grimm and Kroschel [101] 58.3% (spontaneous)/ VAM corpus, 3 

dimensions. 

Random forest Schuller et al. [94] 61.7% (spontaneous)/ FAU Aibo corpus, 

4 affective categories. 

Bayesian 

classifiers 

Bedoya-Jaramillo et al. [89] 88%(acted)/ Emo-DB corpus, 3 affective 

categories. 

Deep networks 

model  

Amer et al. [103] 66.3% (spontaneous)/ VAM corpus, 3 

dimensions. 
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spontaneous [53]. It has no value in the case of acted data, as this is based on predefined 

scripts. In spontaneous situations, speakers tend to express their affects explicitly using 

words which describe their current affective state [105]. Thus, spoken words can provide 

significant information about a speaker’s affects [53]. In an early study, Lee et al. [106] 

introduced the concept of ‘affective salience’, which is defined as a measure of mutual 

information between the spoken word and a specific affective category. This concept was 

used to detect words in a spoken utterance collected in a call centre communication scenario, 

related to negative affects. Target affective states were determined by maximum likelihood 

estimation from the probability of the affective state given the salience of words. 

Improvement in detection was observed when the linguistic information was combined with 

acoustic features at the decision level, compared with using acoustic information only. 

Recent approaches to affect detection from linguistics aspects of speech have relied mainly 

on bag-of-words (BOW) representation,13 a vector space modelling of the linguistic content. 

Schuller [90] compared different representations of BOW with SVM string kernels to detect 

affects continuously on the arousal, valence and dominance dimensions in the VAM corpus 

[59], using support vector regression (SVR). String kernels performed poorly compared to 

BOW representations, while a combination of BOW features and acoustic ones produced a 

better performance on the arousal and dominance dimensions only, indicating that valence 

is better modelled by linguistic content. Similarly, Truong et al. [13] found that linguistic 

content based on BOW representation was better at predicting the valence dimension, when 

evaluating affective speech captured from dyadic conversations while playing a multiplayer 

game. Polzehl et al. [107] show that features based on affective salience outperform BOW 

representations in detecting angry speech. Other features based on the concept of affective 

salience have been investigated and show promising performance compared to BOW 

representations (e.g. [108, 109]).  

It has been suggested that discourse features such as rejection, repetition and rephrasing 

convey information about a speaker’s affective state [72]. These can be combined with 

acoustic features at the decision level to enhance affect recognition performance. For 

example, [8] considered combining discourse information with acoustic and lexical 

information to detect negative affect in call centre dialogues. They found relative 

improvement over the use of acoustic information only. Earlier, Batliner et al. [110] 

                                                 
13 This well-known approach to document retrieval is explained in Chapter 5, Section 5.3.2. 



Chapter 2. Affect, Speech and Eye Movements 

 

 

26 

 

investigated whether discourse information could be used to detect ‘trouble’ from acted and 

spontaneous speech, collected in a WOz scenario where individuals engaged in a 

conversation with a dialogue system. They found that acoustic information (namely prosodic 

features) tended to be less reliable in the spontaneous case and that combining discourse 

information such as repetition with acoustic features improved performance. Part-of-speech 

(POS) tagging (e.g. nouns, adjectives, verbs and pronouns) has also been investigated to 

improve affect recognition task [53]. For example, Bulut et al. [111] found that affective 

states (namely happy, angry, sad and neutral) can be shown to differ at the POS level. 

Schuller et al. [94] investigated the use of different linguistic information, including 

disfluencies, POS, higher semantics and BOW to detect neutral, motherese, emphatic and 

angry affects in the FAU Aibo corpus [69]. The best performance was achieved with BOW 

representations using an SVM classifier. Moreover, an improvement was observed when this 

was combined with acoustic information. The superiority of BOW was observed in [112], 

when compared with SVM string kernels, POS and higher semantics using both correct 

transcription and ASR output.  

Most of the above studies investigated the use of various kinds of linguistic information 

to detect affects and showed the possibility of combining linguistic and acoustic information 

to improve the accuracy of speech-based affect detection systems. Although the 

complementary value of linguistic content has been shown, obtaining this information in real 

life is challenging. The reference to spoken words has to be first obtained by an ASR system, 

which cannot reliably detect affective speech [33, 113]. Several studies have found that 

relying on ASR transcription degrades the detection performance from linguistic content 

compared to using the true transcription (e.g. [90, 107, 109, 112, 114]). Metze et al. [114] 

investigated the impact of ASR transcription quality when used for affect detection from 

angry speech, from data in FAU Aibo corpus [69]. They found that detection accuracy was 

degraded and that it could be relatively constant when the word accuracy of the ASR system 

was within a reasonable range. In their experiment the ASR system was adapted to the FAU 

Aibo corpus. 

 

Issues on affect detection from speech  

Despite progress in literature on speech-based affect detection systems focusing on 

investigating different acoustic and linguistic features (e.g. [86, 90]), and using advanced 
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affect detection algorithms (e.g. [103]), an important issue that needs to be tackled before 

speech-based affect detection can be considered ready for commercial use in real-life HCI 

applications is obtaining realistic and reliable affective speech data suitable for HCI 

applications, as the following explains. 

 

• Realistic affective speech data for HCI applications  

The availability of affective data plays a key role and is the major requirement for more 

realistic systems with high generalisability to real-life HCI applications. Speech-based affect 

detection systems are generally evaluated on three types of data: acted speech, spontaneous 

speech captured in real life and speech elicited while individuals are interacting with a 

conversational agent or robot, i.e. a WOz scenario (see appendix A for details of the datasets 

used). Although apparently promising results can be obtained with acted data, they are 

meaningless and irrelevant, because the data does not reflect realistic spontaneous affective 

speech responses. For example, affect detection systems evaluated on acted speech reach 

accuracies of approximately above 80% (e.g. [89, 95]), but this decreases significantly on 

spontaneous speech (e.g. [86, 91, 94, 103]), see Table 2.1. Spontaneous speech elicited in 

WOz scenarios might be suitable for HCI applications; however, the affects expressed can 

be falsely portrayed if the speakers are aware that their affective speech is of interest. 

Moreover, the likelihood that the WOz scenario will evoke affective responses can be 

relatively low [57]. Recently, spontaneous speech has been captured during dyadic 

conversations between friends while playing in multiplayer game scenarios [13]. The 

researchers showed that the captured speech could be used to detect the experienced affective 

states on different levels of arousal and valence. However, it is not clear whether the affective 

speech responses were evoked by interaction with the game, since social interactions may 

have affected their affective responses vocally. Therefore, the captured speech responses 

may not be suitable for HCI applications. Exploiting speech in an interactive virtual 

environment while chatting with an agent or commenting on a game can be a valuable 

approach to collecting realistic affective speech responses suitable for HCI applications. 
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• Reliability of speech modality 

As mentioned above, speech-based affect detection systems perform very well when 

evaluated on acted data. This is because acted speech is very expressive and exaggerated and 

can be easily distinguished across different affects. On the other hand, the performance 

decreases significantly on spontaneous speech (e.g. [86, 91, 94, 103]). Batliner et al. [110] 

argue that information from the speech signal, namely its prosodic features, becomes less 

reliable in the case of spontaneous speech. One of the main reasons is that individuals can 

deliberately control and manipulate their speech to mask or fake their affective responses, 

making it difficult to distinguish their experienced affects from their speech [13]. Moreover, 

utilising linguistic content depends on ASR systems, which cannot deal reliably with 

affective speech [33, 113]. Some work has been done to improve affect recognition by 

considering affective information from other modalities in addition to speech, in a 

multimodal approach.14 For example, [115] performed multimodal affect recognition by 

capturing speech, facial expressions and body gestures while participants interacted with an 

agent in a WOz scenario, using a Bayesian classifier. Spectral and prosodic features (namely 

MFCC, fundamental frequency, energy, speaking rate related features) were extracted from 

speech, while visual features were extracted from video recordings. The modalities were 

combined at both feature and decision levels. The researchers found that combining speech 

with each of the other modalities improved detection performance and that the best results 

were achieved by combining speech with body gestures. Moreover, adding information from 

facial expressions improved performance further. The majority of research in this area has 

used visual (facial expression/body posture) modalities, with facial expression being the 

most well studied [4]. These are behavioural signals which, in common with speech and 

unlike physiological signals, can be deliberately controlled, masked and faked.  

Relatively few researchers have investigated multimodal affect detection using speech 

combined with physiological signals. A notable example is the Audio/Visual Emotion 

Challenge (AVEC) [116], which undertook multimodal affect detection using speech, visual 

and physiological signals (comprised of ECG and GSR), focusing on the detection of arousal 

and valence using the RECOLA corpus [117].15 The multimodal integration results showed 

that information from ECG provided roughly up to 30% contribution to the overall all 

                                                 
14 Multimodal approach for affect detection refers to the fusion of information from different modalities (e.g. speech and facial expression) 

during the detection process in order to enhance performance. 
15 The RECOLA corpus is briefly reviewed in Appendix A.  
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detection of both arousal and valence. However, these physiological signals tend to be 

contaminated with noise, and are difficult to measure as sensors have to be attached to 

humans’ body [3], with no potential for remote sensing. This limits their scalability to real-

life natural HCI applications, in contrast to eye movement sensing, a modality that has 

received increasing attention recently for use in affect detection (Section 2.2.3). However, it 

seems that combining the speech and eye movement modalities in affect recognition remains 

largely uninvestigated. 

This thesis reports such an investigation of the combination of eye movement and 

speech modalities in affect detection tasks. Readers interested in audio-visual affect 

detection and multimodal detection in general should refer to the following review [4]. 

 

2.2.3 Affect detection using the eye movement modality 

The eye is the most active modality in the human sensory system, providing a rich source of 

ANS activity, including that which indicates affective processes [118, 119]. There are 

multiple measures of eye behaviour, including pupillary response, fixation, saccade and 

blinking. Fixation occurs when a subject is focusing on a static target, while saccade 

comprises rapid eye movement which occurs between fixations, when the subject switches 

his attention from one target to another [120]. Pupillary responses are the physiological 

phenomena of slow dilations and contractions, mainly in response to changing light levels 

[119]. Finally, blinking is the momentary closure of the eyelid; it can occur voluntarily, 

reflexively or spontaneously [121]. Measures of these eye movements have been shown to 

provide an insight into individuals’ affective states.  

Going beyond the effects of light, pupillary responses due to affective processes have 

been explored. For example, Portal and Surakka [63] investigated pupillary responses while 

subjects were listening to different affective audio stimuli, selected from the IADS dataset. 

They found that pupillary response was significantly larger while listening to positive and 

negative audio clips compared to listening to neutral ones with medium arousal. This 

suggests that pupillary response is sensitive to highly arousing stimuli, regardless of positive 

or negative valence. Another study by [122] examined variations in pupillary responses to 

affective auditory storytelling content. They found that the responses were significantly 

larger when listening to a story with highly arousing negative content compared with neutral 
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content. These two studies indicate the possibility of using pupillary responses as a measure 

of an individual’s affective experiences. Recently, this conclusion has been confirmed using 

visual stimuli. For example, Bradley et al. [61] showed that pupillary responses were 

significantly larger when subjects were presented with positive or negative arousing pictures, 

selected from the IAPS [62]. Kawai et al. [123] report that responses to negative images 

were larger than to positive images, suggesting that pupillary responses can be used to 

estimate negative and positive affects. Herbon et al. [124] found that pupillary responses to 

everyday computer tasks (e.g. searching) were strongly correlated with the valence 

dimension of affect.  

The above studies have focused on pupillary response as a parameter to evaluate 

affective responses to different stimuli, suggesting that pupillary response reflects the 

affective process manifested through the ANS, mainly arousal level. Other eye movement 

parameters have also been investigated. For example, spontaneous blinking has been 

reported to be associated with negative affects, anxiety and arousal [125-127]. Tanaka [127] 

examined blinking rate and duration in response to high and low arousing tasks and found a 

tendency for both measures to increase during low arousal tasks. Gaze features have also 

been related to affects. For example, Subramanian et al. [128] showed that eye movement 

features (namely fixation frequency, fixation duration and saccade amplitude) were 

influenced by the affective content of movies. They found that these features were more 

strongly influenced by the affective content of positive and negative valence movie clips 

compared to neutral ones. Porta et al. [18] report that fixation duration, blink rate, in addition 

to pupillary responses, were good indicators of users’ affective states in an e-learning 

environment.  

Eye movement signals and their correlation with affective states have been studied 

extensively. It is believed that the eye movement modality has promise for measuring 

affective states, since it provides continuous measures of individuals’ affective experiences 

and can be observed naturally and less intrusively. This is in contrast to other physiological 

signals such as EEG or GSR, which are often inappropriate for real-life HCI applications 

where the goal is to make the interaction with the machine as natural as possible, and which 

have no potential for the remote sensing that can be used to detect eye movements. To date, 

little work has been reported on the use of the eye movement modality in affect detection 

systems. A summary of the scant existing literature on affect detection via the eye movement 
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modality is given in Table 2.2, which shows that the studies can be categorised as either 

unimodal or multimodal, i.e. utilising eye movement data alone or combining this with EEG 

readings.   

In 2012, Soleymani et al. [9] employed the eye movement modality in addition to EEG 

data to automatically detect individuals’ affects in response to videos, on the arousal and 

valence dimensions. The videos were selected based on the affective content in movies and 

their ability to evoke affects was evaluated via an online questionnaire to form the ground 

truth. The eye movement and EEG data was collected as part of the MAHNOB-HCI audio-

visual database [129]. The affective states were defined on the two dimensions respectively 

as low, neutral and high arousal, and negative, neutral and positive valence. The features 

extracted from eye movements were pupillary responses, blinking and gaze distance from 

the screen. The analysis of eye movement features showed that eye blink rate was higher 

while watching low arousal videos, while blink duration was shown to be higher for negative 

valence videos and pupillary responses were shown to be higher when watching neutral 

arousal videos. An SVM classifier with radial basis function, evaluated subject 

independently, was employed to classify the affective responses from both modalities. The 

researchers found that eye movements yielded a better detection performance than the EEG 

modality on both dimensions, achieving a detection accuracy of 71.1% and 66.6%, compared 

to 62.1% and 50.5%, on arousal and valence respectively16. By performing modality fusion 

at the decision level, the EEG modality contributed to improving the robustness of affect 

detection from eye movements on the arousal and valence dimension, by 5% and 2% 

respectively. Similarly, in [129], eye movement data including fixation features 

outperformed the EEG and peripheral modalities.17 However, the detection accuracy from 

eye movement improved on the valence dimension only compared to the results obtained in 

[9], giving an accuracy of 68.8%. The results for combined eye movement and EEG were 

67.7% and 76.1% on the arousal and valence dimensions respectively.  

In [14], pupillary responses were investigated to detect affects on the valence dimension 

in response to movie clips, which were classified as either positive, neutral, or negative 

movies. It was found that the pupillary responses were larger when watching negative and 

positive videos compared with neutral ones. Two pupillary response features were extracted: 

                                                 
16 The random accuracy was 33.3%. 
17 Peripheral signals include: GSR, ECG, breathing, and skin temperature. 
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power spectral density (PSD) and entropy over four frequency bands up to 1 Hz. The 

researchers employed SVM with linear kernel, subject dependently, to detect affects across 

the valence dimension and achieved better accuracy with entropy-based features compared 

to PSD. However, pupillary response did not outperform the EEG modality. The best result 

was achieved by multimodal fusion at feature level, giving 73.6% accuracy. Detection of 

affective states on the valence dimension was improved by considering other eye movement 

signals including fixation, saccade and blinking in addition to pupillary responses [130]. A 

performance similar to the EEG modality was achieved, giving 77.8% and 78.5% accuracy 

respectively, on a subject-dependent setting. Moreover, the study found that the two 

modalities carried complementary information and that combining them yielded better 

performance, up to 87.6%, at the decision level. 

In a unimodal study, Raudonis et al. [131] developed a pupil analysis algorithm based 

on an artificial neural network (ANN) in order to detect neutral, disgust, interest and funny 

affects in response to images. Three eye movement features were employed: pupillary 

responses, gaze position and speed of the eye. The eye movement features analysis showed 

that the pupillary responses, user’s focus of attention (fixation) and speed varied among the 

different affective states. The study achieved an average detection accuracy of 87% (random 

sampling of training and testing), with the funny and interest states being the easiest to detect. 

Similarly, Aracena el al. [49] performed affect detection using pupil responses and gaze 

position (fixation) in response to positive, neutral and negative images from the IAPS 

dataset. A decision tree neural network, a hierarchical classification, was used to resolve the 

confusion between neutral and positive states, achieving an average accuracy of 72.1%, on 

a subject-dependent basis. Alghowinem et al. [132] employed GMM and SVM classifiers to 

detect positive and negative affective experiences from eye movements, in response to video 

clips of affective movies followed by interview. The eye movement features used were 

pupillary responses, head rotation, blinking and saccade speed. They found that pupillary 

responses and blinking rate were higher in response to negative videos and the interview, 

while head rotation to the left was longer during an interview after watching a negative 

movie clip. Average accuracy of 65.3% and 66.7% was achieved for affect detection in 

response to movies and interview respectively.  

The literature on affect detection using the eye movement modality has shown 

promising results, with better performance than the EEG and peripheral modalities (e.g. [9, 
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129]). This could be due to the nature of these signals as they tend to show high variability 

among individuals especially for EEG [133]. The research has focused on 

passive/noninteractive stimuli such as videos or images, from which it is difficult to make 

generalisations applicable to real-life HCI applications. It appears that using eye movement 

for affect detection in a virtual reality environment remains unexplored. This thesis reports 

on affect detection from eye movements by utilising a virtual reality environment for affect 

elicitation.  

 

 Affects in automatic speech recognition  

Over the last few years, automatic speech recognition systems, ASR, has facilitated more 

natural human-computer interactions. So-called speech-enabled interfaces have been widely 

used in many applications. Popular examples are voice search systems (e.g. Google Voice 

Search, which enables users to search the internet by voice command), virtual assistants and 

games (e.g. Microsoft Xbox 360 games where players can interact with game characters 

using speech). Recognising and understanding users’ speech is important for the interaction 

process. However, it has been shown that individuals’ underlying affective states influence 

their speech behaviour [77], with changes in fundamental frequency, energy and MFCC 

features being commonly reported (Section 2.2.2). This makes the verbal content difficult to 

recognise and degrades the performance of ASR systems, thus compromising the naturalness 

of the interaction [113].  

Few researchers have investigated the impact of affective speech on ASR system 

performance and suggested ways of improving it. For example, [134] used data from the 

FAU Aibo corpus [69] to compare the performance of an ASR system on children’s 

spontaneous speech produced in a neutral affective state with its performance on motherese, 

emphatic and angry speech, in two scenarios. They first compared the performance of speech 

recognisers trained exclusively for each affective state in a cross-affect setting. They found 

that using a speech recogniser trained on the corresponding affective state always gave a 

better performance than one trained on neutral speech. Secondly, affect adaptation was 

performed by adding affective speech data to the neutral speech to train an affective 

recogniser for each of the three states. The adaptation was based on adding several copies of 

the affective speech data. Performance was compared against the speech recogniser trained 
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on neutral speech. The results showed that incorporating affective speech data with the 

neutral data improved recognition performance for angry and emphatic speech only. The 

authors conclude that ASR system performance can be enhanced during affective speech by 

the adaptation of acoustic and linguistic models to the corresponding affective state.  
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Vlasenko et al. [135] evaluated the performance of an ASR system on affective speech 

in a cross-corpus setting. The acoustic model was adapted to acted affective speech using 

the maximum likelihood linear regression (MLLR) and maximum a posteriori (MAP)18 

adaptation techniques. When evaluated on affective spontaneous speech, a relative 

improvement of 7.1% in word accuracy over the ASR system trained on neutral speech was 

observed. These results suggest that training a speech recognition system on neutral speech, 

then adapting it to acted affective speech, can improve the performance of a system when 

used to recognise affective spontaneous speech.  

Schuller et al. [33] investigated whether a speaker’s underlying affective state can be 

used to enhance the performance of an ASR system during angry speech, by adapting the 

ASR acoustic model to the speaker’s affective state as inferred from the acoustic features 

(namely MFCC and energy-related features) of his/her speech using an SVM classifier. They 

achieved a 32.9% relative reduction in word error rate on single-digit data and 16.59% for 

angry sentences.19 Although this shows the feasibility of integrating speakers’ affective 

states into an ASR via acoustic modal adaptation, the reported performance is expected to 

be achieved only on acted affective speech data, because it can be distinguished and 

modelled more easily than spontaneous affective speech. Similarly, Vegesna et al. [34] 

showed some improvements in the ASR system performance during affective speech when 

a speaker’s affective states (namely happy, angry, compassion and neutral), as inferred from 

acoustic features, were used to select the corresponding affective ASR acoustic model that 

was trained on synthetically generated affective speech from prosody modification of acted 

speech data captured in the natural state.  

Some research effort has focused on incorporating affective information to enhance 

language models in ASR systems. One of the first attempts was made by [113], who argued 

that recognition of spontaneous affective speech can be improved by increasing the 

representation of affective words in the neutral corpus, in particular by training the language 

model on affective content. To do so, they derived affective sentences from a general-

purpose corpus, the British National Corpus (BNC),20 using the Whissel affective dictionary 

[136]. They then used these sentences to augment the BNC corpus, thus creating an affect- 

oriented corpus. The language model trained on this corpus achieved an average 20% 

                                                 
18 An overview of ASR system and adaptation techniques are provided in Chapter 6. 
19 speakers verbalising single digit (0-9) and selected sentences form the Wall-Street-Journal (WSJ) database in natural and anger states. 
20 http://www.natcorp.ox.ac.uk/ 
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improvement in recognition rate when used in an ASR system to recognise spontaneous 

affective speech, captured while speakers engaged in conversation with an artificial agent. 

While this technique showed some improvements, these were not necessarily due to the 

underlying affective states of the speakers, because the researchers added multiple copies of 

the sentences that contained affective words, thus increasing the occurrence of easily 

recognisable neutral words (e.g. ‘a’). The method also completely ignored the underlying 

relation between the words and the affective state of the speakers. Karkhedkar [35] proposed 

an affective language model based on the acoustic features of spoken affective words, which 

were first identified according to the detected affective state of the speakers on the arousal, 

valence and dominance dimensions. The baseline language model, trained on the 

Switchboard21 corpus [137], was then adapted by redistributing the word probabilities 

according the detected affective states. The results showed a 1.38% reduction in perplexity, 

a measure of a language model predictably of a word sequence22, over the baseline language 

model and no improvement in ASR performance was reported. The small improvement in 

perplexity probably occurred because the affect detection system performed poorly on 

spontaneous speech from the Switchboard corpus, showing low correlation with the 

observers’ annotations. This indicates that relying on the speech modality as a source of 

affective information to enhance the language modelling of spoken affective words may not 

be reliable.  

Studies that have evaluated the impact of affective speech on the performance of ASR 

systems, either by training the models on affective speech data [134]  or by using adaptation 

techniques [135], suggests that to enhance the capabilities of an ASR system during affective 

speech, it is important to select the right models for the recognition task, corresponding to 

speakers’ affective states. Research involving the adaptation of ASR models to speakers’ 

affective states have tended to use information from the speech modality, mainly acoustic 

features [33-35]. However, this method may not be suitable for dealing with spontaneous 

speech, because speech-based affect detection systems are less reliable when dealing with 

spontaneous speech (Section 2.2.2). The present study investigates the use of affective 

information from the eye movement modality to enhance the capabilities of an ASR system 

during affective speech. 

                                                 
21 Telephonic conversations corpus typically used for training speech recognition systems.  
22 Refer to Section 6.4.1 for future details.    
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 Summary  

This chapter has outlined the definition of affect and the models used to represent it (Section 

2.1), then reviewed work on affect detection using speech and eye movement modalities 

(Section 2.2). This included discussion on affective data acquisition approaches highlighting 

the use of virtual environments for eliciting more realistic affective responses suitable for 

real-life HCI applications. Based on the discussion of the existing affect detection studies, 

using speech modality can be less reliable in the case of spontaneous speech. Some proposed 

approaches to improve the performance is done by considering affective information from 

other modalities (e.g. physiological signals) in addition to speech. Eye movement seems to 

be underutilised modality for affect detection, especially in a natural setting (e.g. virtual 

environments), and the existing studies are presented with the promise that eye movements 

are suitable for measuring affects compared with other physiological signals, such as EEG. 

In addition, they can be observed naturally using remote sensors. For natural HCI, therefore, 

it is more reasonable to consider using eye movement to aid affect detection from speech 

modality without compromising the naturalness of the interaction.   

The chapter ended by discussing the issue of affects in ASR systems and some proposed 

approaches of performance enhancement during affecive speech (Section 2.3). Among the 

mentioned approaches for affect-robust ASR systems, some have showed the benefit of 

adapting ASR models trained on affective speech, while others considered using affective 

information as inferred from the speech modality for ASR adaptation. In the case of 

spontaneous speech, using affective information from the speech modality may not be 

reliable. Thus, considering other source of affective information, from eye movement 

modality, is likely to be more beneficial for affect robustness in ASR systems.  

This thesis aims to investigate the use of eye movement and speech data captured in an 

interactive virtual environment for the affect detection task and its application for affect-

robust ASR system, in order to facilitate affect-aware interfaces for natural HCI. The 

following chapter details the experimental work to collect eye movement and speech data in 

an interactive virtual environment.   
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Chapter 3 

3 Affective Eye Movements and 

Speech Corpus  

n order to develop and evaluate affective detection systems suitable for real-life HCI 

application, a corpus of realistic affective behaviour occurring during human-computer 

interaction that can lead to a meaningful result in the real world is required. This chapter 

describes the experimental method for developing an affective corpus of eye movements and 

speech utilising an interactive virtual gaming environment. The motivation behind collecting 

the corpus and the interactive virtual gaming environment in which affects were elicited are 

described. The chapter characterises the participants and describes the apparatus, 

experimental task and procedure for data collection. In addition, discusses the data 

synchronisation scheme and quality assessment procedure. Hereinafter, the affective game 

corpus developed is referred to as the ‘aGame’ corpus. 

 

 Motivation for developing the aGame Corpus  

Various corpora are widely available for affective computing research. Early corpora 

contained affective data from a single modality mainly speech (e.g. EmoDB corpus [7]) . In 

recent years, affective computing researchers have shown increasing interest in more 

complex multimodal data to improve recognition performance (e.g. [138]). The majority of 

the existing affective corpora consist either of acted data, based on a predefined script to 

portray a range of affects, or of spontaneous data gathered in a real-life situation such as a 

I 
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call center [8]. Acted data inaccurately represent realistic affective behaviour, while 

spontaneous data requires more effort to collect and may be compromised by biased 

annotation. In response to the need for affective detection systems based on natural unacted 

behaviour, some corpora have induced affective responses using passive stimuli, such as 

videos [129], allowing developers to capture more natural data compared with the acted 

method. However, it is not clear how the content of passive stimuli can be manipulated to 

evoke specific affective responses and it is difficult to make generalisations applicable to 

real-life HCI applications. Others have used WOz scenario to simulate HCI while inducting 

affects (e.g. [67]), however, the likelihood for WOz method to induce affective responses 

can be relatively low. Details about existing affective corpora can be found in appendix A. 

Riva et al. [65] have shown that interactive stimuli, namely virtual reality, can be used 

efficiently to elicit affects. This method is more natural than laboratory experiments which 

passively induce affects, because it can give the feeling of being in a real-life situation. 

Virtual reality environments are very promising for eliciting affective responses in more 

natural, less constrained settings. In addition, playing games naturally triggers affective 

responses [71]. It is believed that utilizing games in virtual reality context can elicit natural 

affective responses [10].  Hence, the aGame corpus was collected in an interactive virtual 

gaming environment, described in Section 3.2, to allow the quasi-natural elicitation of 

affects close to real-life responses.  

Speech modality has been widely used in HCI applications, such as virtual assistances, 

smart glasses (e.g. Google glasses) and gaming (e.g. Microsoft Xbox games). Exploiting 

speech in a virtual interactive gaming environment while chatting or commenting on the 

game can allow collecting naturalistic affective responses. However, speech is a behavioural 

signal, which, in common with facial expressions and body posture, can be controlled and 

manipulated by individuals, making the felt affects difficult to measure. Physiological 

signals, on the other hand, can provide continuous measurements and seem to offer a more 

efficient and reliable method of affect recognition [3]. Combining data from both 

behavioural and physiological modalities can be beneficial [116]. A major difficulty is that 

most methods of measuring physiological signals (e.g. EEG and GSR) are intrusive with no 

potential for remote sensing and are often inappropriate for real-life HCI applications such 

as interactive gaming, where the objective is to make the interaction between the player and 

the game as nearly natural as possible. Moreover, setting up such sensors is not easy and can 
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discourage users. Lately, eye movement tracking has emerged as a means of measuring 

affect, because the signals are natural and their observation is more efficient and less 

intrusive than for other physiological signals [15]. The present study therefore uses eye 

movements to represent affective responses via physiological behaviour. 

A few studies have captured both speech and eye movement data for HCI applications. 

The MAHNOBA-HCI corpus [129] captured both audio-visual and physiological data, 

including eye movements in response to short movie clips. However, the amount of audio 

data is insufficient for affect analysis and consists only of laughter. Cooke [139] collected 

an eye/speech corpus of synchronised speech and eye movement data during collaborative 

visual tasks, for the development and evaluation of gaze-contingent ASR systems. Shen 

[140] developed a similar corpus to investigate the gaze and speech relationship and used it 

to evaluate ASR in noisy environments. However, these datasets specifically contain 

visually oriented information collected in a laboratory setting, unavailable publicly, and 

include no affective information. To the best of the author’s knowledge, no corpus of 

affective eye movements and speech has been collected in a more natural setting such as the 

interactive virtual gaming environment used in this study. 

The motivation for collecting the aGame corpus is to obtain a set of appropriate and 

realistic affective eye movements and speech data elicited in a more natural environment in 

order to develop an affect detection system suitable for real-life HCI applications. This 

corpus facilitated the evaluation of an affect-robust ASR system in the present research 

(Chapter 6).  

 

 Description of the affective virtual gaming environment  

This study uses an affective virtual gaming environment proposed by Moghimi et al. [10].  

The environment is capable of eliciting various affective responses, as described by 

Russell’s circumplex model of affect [5]. It was originally developed for virtual reality 

healthcare research [141]. It is based on a single player speedboat simulation scenario and 

consists of different sets of sub-games that target specific affective responses. In the neutral 

case of the game, the player drives a small boat freely. S/he can collect floating life rings to 

gain points and can either finish the game by passing the finish line or continue exploring 
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for no longer than five minutes, otherwise the game terminates automatically. Figure 3.1 

illustrates the speedboat simulation game in the neutral scenario. The sub-scenarios of the 

game involve avoiding mines, firing torpedoes and negotiating a maze. The content 

(parameter) of the environment is manipulated to create scenarios that are capable of evoking 

different affective experiences within the circumplex model. This is achieved by generating 

a sudden event (e.g. a faulty timer, faulty controller or explosion) within a game, or by 

imposing conditions which persist for the whole duration of the game (e.g. time limitation, 

changing the input from mouse to joystick, and forced feedback by vibrations), see Table 

3.1 for an example. Four affective games were selected for use in this research, to elicit 

different affective responses from players, in addition to the neutral game. Their selection 

was based on their mean and standard deviation values for arousal and valence, according 

to [10]. The total number of games was limited to five of the original ten so that players 

would not be fatigued by wearing the eye tracker for a long period of time. Table 3.1 lists 

the five selected games along with their content parameter settings and their arousal and 

valence labels, the ‘ground truth’. Further details of the affective virtual gaming environment 

design can be found in [10]. 

 

 

Figure 3.1: A snapshot of the affective virtual gaming environment, a neutral scenario, adapted from 

[10]. 
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 Method of developing the aGame corpus  

The experimental setup for collecting eye movement and speech data for the aGame corpus 

is depicted in Figure 3.2, which illustrates the layout of experiment, and the apparatus used 

for playing in the interactive virtual gaming environment, and capturing eye movement and 

speech data. In the following subsections the conduct of the experiment is described, 

detailing the participants, apparatus, experimental task and procedure. 

 

 

Figure 3.2: Experimental setup for eye movement and speech corpus collection. 
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3.3.1 Participants  

Participants in the study were eighteen students with normal or corrected-to-normal vision 

at the University of Birmingham, of varied cultural and educational backgrounds, four of 

whom were female; the age range was between 19 and 35 years (M = 25.8, SD = 5.8). 

Recruitment was via advertising email. Participants were given a voucher as compensation 

at the University’s standard rate. Three participants participated in the preliminary 

experiment and the remaining fifteen in the main aGame corpus collection experiment. All 

participants were gamers with more than two years of gaming experience using a PC and/or 

gaming consoles; three of them wore glasses. Their spoken English was sufficient for the 

task. Hereinafter, participants are referred to as ‘players’. Ethics permission was granted in 

order to conduct the experiments, according to University of Birmingham ethics procedure23, 

(refer to appendix B for the Consent Form). 

 

3.3.2 Apparatus  

The players’ eye movements were captured using an EyeLink II eye tracker.24 The EyeLink 

II is a head-mounted tracker operating at a 250 Hz or 500 Hz sampling rate. Its key features 

are: (i) the use of two video cameras, infrared illuminators and the corneal reflection methods 

to record eye movement events (fixation, saccade, pupillary responses and blinking) in both 

left and right eyes, (ii) accurate tracking results with average accuracy of 0.5º visual angle, 

(iii) fast and simple setup [27]. 

In accordance with the EyeLink II user manual [27], two PCs were used to set up the 

eye movement tracking system: a host PC for the system and a display PC (Figure 3.2). The 

host PC was responsible for performing real-time eye movement tracking, including the 

calculation of eye position and the online detection of eye events such as saccade and 

fixation. In addition, it was used to monitor and set up the eye tracker and the calibration 

process. All eye movement data was stored on the host PC and transmitted via Ethernet to 

the display PC, which hosted the applications required to run the software for the experiment 

and displayed the calibration targets and eye movement data.  

                                                 
23 University of Birmingham research ethics procedure can be found here: https://intranet.birmingham.ac.uk 
24 SR Research Eyelink II, http://www.sr-research.com. 

https://intranet.birmingham.ac.uk/finance/RSS/Research-Support-Group/Research-Ethics/index.aspx
http://www.sr-research.com/
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The players’ speech was recorded using a USB external sound card (Edirol UA-2525) 

to ensure the high-quality audio recordings required for accurate transcription. All speech 

was recorded at a sampling rate of 44.1 kHz and stored in stereo WAV file format using a 

Shure WH20,26 a high-quality headset-mounted studio microphone.  

Equipment for the game included a 19-inch display screen with 1280 x 1024 resolution 

and 60 Hz refresh rate, a Microsoft mouse and a Logitech Wingman 3D force feedback 

joystick. The illumination of the game was measured using an Extech HD45 Luxmeter,27 

attached to a desk-mounted holder and placed as close to each player’s nose as possible, in 

order to measure the amount of light influencing his/her pupillary responses. The distance 

of players’ eyes to the screen was set to 50 cm, in order to maintain tracking resolution within 

the recommended range [27]. 

 

3.3.3 Recordings and software 

The game simulation environment was a 3D Unity-based game running on the Microsoft 

Windows 7 operating system on a standard display PC. The eye movements and speech data 

were recorded using EyeLink Screen Recorder software28, which allowed parallel recording 

of eye movement data (including fixation, saccade, pupillary responses and blinking), speech 

and on-screen activities on the EyeLink II host PC. An example of the video captured of on-

screen activities while a player is playing in the virtual gaming environment is shown in 

Figure 3.3.  

In addition to the data recorded by the eye movement tracking system, each player’s 

experience was collected using a questionnaire and stored in a plain text file, in order to 

validate the elicited affective state associated with each game (refer to appendix C for the 

questionnaire). According to [10], the first section of the questionnaire used seven-point 

questionnaire scale to evaluate the player’s affective state in terms of valence and arousal. 

The second listed eight discrete affects (relaxed, content, happy, excited, angry/annoyed, 

afraid, sad and bored) from Russell’s circumplex (described in Chapter 2), asking the player 

to choose the closest affective label to his/her experience during the game. The illumination 

                                                 
25 https://www.roland.com 
26 https://www.shure.co.uk 
27 A digital light meter: http://www.extech.com/  
28 A new release from SR research that provides integrated audio and video recordings (Beta version: 1.0.0.179). 

https://www.shure.co.uk/
http://www.extech.com/
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of the game during the experiment was measured continuously in lux (lumen per square 

meter) and stored in a separate log file, to be used to account for the contribution of light 

reflex to the pupillary responses, as explained in Chapter 4. All data was marked with a 

timestamp to allow easy alignment.  

 

 

Figure 3.3: A screenshot of the playback video of a neutral game session (Player 2) recorded using 

the EyeLink Screen Recorder software. The red and blue circles represent the position of the player’s 

eyes on the screen (fixation event). The numbers show the timestamp (system clock) for host and 

display PCs. 

 

3.3.4 Experimental task and procedure for corpus collection 

Collecting behavioural and physiological data from individuals is expensive. For the 

purposes of this research, two experiments were performed: a preliminary one and the main 

corpus collection experiment. The experimental task of both experiments utilises the 

affective virtual gaming environment described in section 3.2. Figure 3.4 illustrates the 

general experimental procedure followed in both experiments. They began by a training 

session to encourage familiarity with the gaming environment and introducing the task, then 

a standard EyeLink II calibration procedure to estimate the gaze position on the screen 

followed by the actual experimental task. Each player played the five affective games 

detailed in Table 3.1. S/he began the experiment by playing the neutral game, that is less 

likely to elicit a strong affective experience among players [10], then the next affective game 
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was selected at random. After each game the player self-report her/his affective experience 

by completing the questionnaire and select an affective keyword (Section 3.3.3), which 

appeared automatically on completion of the game. Each game lasted for a maximum of five 

minutes, after which 20-30 seconds were spent in completing the questionnaire. To keep 

them engaged in the game, they were given the goal of collecting as many life rings as 

possible.  

The players’ speech was captured by instructed them to speak out loud, the so called 

‘think aloud’ technique [142], while playing the games. They were free to verbalise whatever 

they were looking at, thinking about or feeling. This behaviour is typical of in-game chatter 

and game commentaries webcast on video services such as YouTube. Collecting speech data 

using this technique is considered as a valid way to gain insights about individuals’ 

underlaying cognitive process and states [142]. It is a commonly used approach in HCI 

usability research [143] and has been applied recently to evaluate users’ affective 

experiences in online shopping [144]. It is believed that speaking out load while playing in 

the interactive virtual gaming environment allows spontaneous affective speech responses 

to be captured.  

 

 
Figure 3.4: Experimental procedure for collecting the aGame corpus. 

 

 

Training session 

Before the experiment, players completed a training session, during which they were given 

an information sheet setting out instructions, a detailed description of the task and the 

purpose of the experiment. They were made aware of the EyeLink II tracking sensor and 

told that their speech would be recorded during the experiment. They were also shown an 

example of popular YouTube gamers’ video commentary on games to help them understand 

the task. During the session players were invited to ask the experimenter questions and to 
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repeat the training task until they became familiar with the environment. The training task 

allowed them to explore the gaming environment and the use of the input devices and 

sensors. They were also asked to practice speaking out loud in order to avoid unfamiliarity 

in the actual experiment. This training procedure was followed in both the preliminary and 

the main aGame corpus collection experiments. 

 

Experiments 

The preliminary experiment, conducted before the main corpus collection experiment, was 

designed to test the experimental setting and to address how to record eye movement and 

speech data accurately in a gameplay scenario. Following previous research [139, 140], the 

experiment was performed in a sound booth, in order to collect high quality speech 

recordings and eliminate any background noise. The eye tracker was operated at a 500 Hz 

sampling rate, to ensure high resolution of eye movement data.  

The preliminary experiment gave a general view of players’ speech and vocabulary. 

Players were found to engage with the game and speak as expected. Their speech styles 

provided insight into their natural interaction with the gaming environment. The experiment 

also identified problems in the recording settings. It was observed that player’s movements 

during the game adversely affected the recording of eye movements. In the main experiment, 

the eye movement tracking settings were therefore changed to pupil-Corneal Reflection 

(CR) mode operating at a 250 Hz sampling rate, because the pupil-CR mode is more resilient 

to drift caused by head movements. 

Video recordings of gameplay activities captured during the preliminary experiment 

were assessed subjectively for players’ behaviour during the game. In most game sessions, 

the recordings clearly showed that players were trying to finish the games as soon as possible 

by taking a straight path to the finish line and ignoring scores. An inspection of time spent 

playing and of scores achieved indicated that the players did not enjoy playing. The players 

informally reported that they found the sound booth environment uncomfortable to stay in. 

To control the effect of the environment, the main corpus collection experiments were 

therefore conducted in a more relaxed environment with controlled artificial illumination 

measured at 250 lux, as assessed by the Extech HD45 Luxmeter. The control of ambient 

lighting levels ensures having sufficient amount of light in the room to be able to measure 
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the pupillary responses accurately29. A minimum acoustic isolation was ensured in order to 

avoid any background noise during speech recording. Figure 3.5 demonstrates the setup for 

the main experiment.  

 

 
Figure 3.5: Main experimental setup. 

 

 

 Post-processing of recordings 

3.4.1 Data synchronization 

In a multimodal corpus collection experiment, synchronisation of data is necessary. The 

output of the eye recording software used in this research included each eye movement event 

(fixation, saccade, pupillary responses and blinking) with both start and end times. In 

addition, audio start and stop timestamps were marked in the eye movement tracking data 

output file as soon as the recordings began and ended. The captured video of on-screen 

activities was also timestamped by the eye recording software using the same scheme. The 

EyeLink II maintained latency in the synchronisation between the recording below 4 ms at 

                                                 
29 In case the room is too dark then the pupil may become very dilated and be difficult to track.  
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the eye tracker sampling rate of 250 Hz. This allowed easy alignment of eye movement and 

speech data, based on the timestamps of host PC system clock.  

While the eye movement and speech data were recorded on the host PC, the game was 

running on the display PC and its illumination values were recorded on that PC (see Figure 

3.6). Hence, it was essential to synchronise the game recordings and illumination values with 

the multimodal recordings of eye movement and speech. Note that both the start and end 

times of games and the illumination values were synchronised using the system clock on the 

display PC. Moreover, the luxmeter recordings started before and ended after each game 

session. The synchronisation between both PCs was achieved by sending key press 

messages30 to the host PC to mark the start and end of each game session and illumination 

recording, as illustrated in Figure 3.6, according to host PC system clock.   Synchronisation 

was performed manually for each game session during experiment and confirmand using the 

captured video of on-screen activities, which showed both the host and display PCs’ system 

clock time (see Figure 3.3).  

 

 
Figure 3.6: Scheme for synchronising recordings between PCs by sending keypress massages from 

the display PC to the host PC. 

 

                                                 
30 A special key massage was coded for each event in the EyeLink Screen Recorder software. 
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3.4.2 Transcription of speech recordings  

The audio recordings of players’ speech were transcribed in two phases. First, manual 

transcription was performed by a transcriber and a reviewer, using Praat software31. Figure 

3.7 show an example of the time-aligned transcription of a speech signal using Praat. The 

second phase used an ASR system implementing force alignment, in order to reduce human 

error in time alignment transcription. The ASR system used in this study was a general-

purpose speech recognition system built using the Kaldi toolkit and trained on the 

LibriSpeech corpus [145]. Further details of the ASR system are provided in Chapter 6. All 

transcriptions from the first phase were output into plain text file format and transformed 

into a label file format recognisable by the Kaldi toolkit. Both manual transcription and ASR 

output were reviewed and validated by the reviewer.  

 

 

 
Figure 3.7: Example of time-aligned transcription (buttom) of a speech signal (top) using Praat 

software. The corresponding spectrum and acoustic featuers are shown in the middel.  

 

3.4.3 Quality monitoring and assessment 

The recording of eye movement data was heavily dependent on subjective settings, with the 

result that the quality of eye movement tracking data may have varied between players. The 

                                                 
31 http://www.fon.hum.uva.nl/praat/ 
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standard EyeLink II calibration procedure allowed the tracking of a player’s eyes at nine 

different positions on the screen. The calibrated data was used as a reference to estimate the 

gaze position on the screen for any given eye fixating position. A validation procedure was 

performed after calibration to measure the accuracy of the calibrated data.  

During calibration, the experimenter could reject the recording session if calibration 

results were poor, then recalibrate to ensure that calibration was adequate for the task. The 

experimenter was also able to monitor the eye movement data throughout the session and 

performed online drift correction before each game session if necessary. The recording of 

eye movement data using pupil-CR mode allowed any drift caused by the player’s 

involuntary movements to be avoided. This minimised the need for drift correction which 

might have introduced error and caused the session to be rejected.  

The measurement of pupillary responses is sensitive to changes in gaze position [146]. 

The pupil image was captured by the eye movement tracking cameras mounted on the 

player’s head. When the player looked at the far corners of the screen, the pupil image would 

appear flattened rather than truly circular. The resulting error in pupil diameter 

measurements is referred to as ‘gaze dependent’ measurement error [146]. The ‘gaze 

dependent’ error is estimated at 10%, as pupil diameter is not calibrated during the EyeLink 

II standard calibration procedure [27]. To avoid this error, the EyeLink II user manual 

recommends that stimuli be placed near the center of the screen [27]. Eye movement data 

was inspected by playing the captured video in animation playback view,32 which shows the 

player’s fixation position (focus on the screen) overlaid on the game (Figure 3.3). It was 

found that the player’s focus was mostly on the center of the screen, because the camera 

view changed with the location of the speedboat, keeping it at the center of the gaming 

environment. This can be clearly seen in Figure 3.8, which shows that the player’s eye 

movement (fixation location) during a game session was at the center of the screen or 

surrounding area. Consequently, ‘gaze dependent’ measurement error could be discounted 

during data analysis, as the player’s focus was at the middle of the screen or the surrounding 

area most of the time.  

 

                                                 
32 Using SR Research Data Viewer software. 
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Figure 3.8: Plot of a player’s X and Y fixation location during a game session over all captured video 

frames. The player’s focus was mostly on the center of the screen and the surrounding area. 

 

The quality of audio recordings was consistently good with respect to noise in the 

environment. The players’ speech was recorded using a high-quality microphone able to 

isolate ambient noise (e.g. air conditioning). Because players were asked to speak out loud, 

they talked spontaneously throughout most of every game and their speech included 

hesitation and repetition. An example of a player’s in-game monologue is shown in Figure 

3.9. 

The aGame corpus was created from the data collected from 14 of the 15 participants 

in the main experiment. The other player’s data was discarded from the analysis because of 

technical errors and noisy signals (e.g. high blinking rate, signal loss), which is typical in 

eye movement tracking studies [9, 140]. This does not compromise the outcome of the 

corpus collection.  
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 Corpus size 

A total of 2 (h) 55 (m) and 46 (sec) of raw eye movements and 1 (h) 51 (m) and 4 (sec) of 

raw audio data were recorded. Some recordings were discarded, as discussed in Section 

3.4.3. In total, the aGame corpus contained data recorded in 70 sessions (5 games x 14 

players), with an average duration of 2.5 minutes per session. The details of sessions 

recorded for each player are listed in Table 3.2.  

 

Table 3.2: Details of sessions recorded per player in the aGame corpus. 

Player Total recording 

duration (min) 

% of speech 

1 14.9 56.4 
2 13.4 82.6 
3 10.4 70.2 
4 11.8 53.1 
5 13.8 77.7 
6 10.6 49 
7 13.2 82.8 
8 15.0 43.7 
9 13.0 68.7 
10 13.4 66.1 
11 12.3 47.4 
12 11.7 64.9 
13 9.8 50.7 
14 12.7 67.5 

Mean 12.6 62.9 

Standard deviation 1.6 13.1 

oh crap oh crap 

crap crap crap crap crap crap 

okay it is fine 

oh you not know i can go backwards 

and the haptic feedback is really useful 

uh crap 

okay it's fine it's fine it's fine dammit 

okay it's fine i got it i got it 

okay what's with all the torpedoes 

okay okay i'm getting better at this  

it's fine i got it 

uh no no okay 

oh my god where do these torpedoes <laugh> keep 

coming from 

uh crap uh no no no 

 
Figure 3.9: Example of a player’s speech in the aGame corpus. 
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 Summary 

This chapter has described the experimental design and the procedure applied in the 

collection of the aGame affective eye movement and speech corpus. The task utilised a 

virtual affective gaming environment which allowed the collection of quasi-natural affective 

responses. Players were instructed to speak out loud during game sessions and their speech 

was recorded.  

Recording a large amount of data from each player required extended session duration, 

which meant that players had to wear the eye tracker for long periods. To reduce consequent 

fatigue and discomfort, a reduced set of five games was selected (from [10]) so that each 

experiment session lasted no more than twenty minutes. The games elicit different affective 

states denoted by the three levels of the arousal and valence dimensions of Russell’s 

circumplex model of affect. 

A preliminary experiment was performed in order to test the apparatus and settings and 

to give a rough outline of players’ behaviour. The main corpus collection experiment was 

conducted in a more relaxed environment. All data was subjected to quality assessment. 

Some sessions were rejected because of poor quality and technical errors, which is normal 

in eye movement tracking studies. Eye movements and speech data captured in the main 

experiment was analysed and used in the development of an affect recognition system, 

applicable for real-life HCI application such as speech-enabled interfaces, as described in 

the following chapters. 
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Chapter 4 

4 Affect Elicitation Analysis and 

Detection from Eye Movements   

hapter 3 described the development of the aGame corpus. This chapter concerns the 

use of the collected eye movement signals to detect the affective experience elicited 

while players interacted with the virtual gaming environment.  

Section 4.2 analyses the players’ self-reported affective experience to investigate the 

affective states elicited. Section 4.3,  sets out the detection methodology adopted throughout 

this thesis, including the machine learning algorithm, the feature selection method, the 

validation strategy for performance generalisation and the evaluation measures used when 

reporting the results. Section 4.4,  explains the development of the affect detection system 

based on eye movement signals and discusses the results. New pupillary response features 

based on the Hilbert transform are introduced to improve affect detection performance. 

Section 4.5 compares the results obtained with start-of-the-art systems and the chapter 

concludes with a summary in Section 4.6. 

 

 Motivation  

The affective computing community has paid considerable attention in the past decade to 

detecting individuals’ affective states from physiological signals [3]. Most existing 

contributions have employed invasive sensing methods (e.g. EEG), which can be 

inappropriate for natural HCI applications because of low accuracy, the inability to use 

C 
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remote sensing, in contrast to eye movements (Section 2.2.3). As mentioned in Chapter 2, 

eye movement signals have received considerable attention recently because they can be 

observed naturally (with remote cameras) and provide rich behavioural information. 

However, few researchers have narrowly attempted to detect affects by measuring 

individuals’ eye movements, focusing on passive affect elicitation methods (e.g. [9]) in 

which the results may not be possible to generalise to real-life HCI applications (e.g. 

interactive gaming). This work reports the use of eye movement signals, collected in a more 

natural setting, while players played in the interactive virtual gaming environment, to 

develop an affect detection system that can be applied to real-life HCI application.  

 

 Affective Experiences Analysis  

To develop an affect detection system capable of inferring players’ affective experience from 

data in the aGame corpus, ground truth labels had to be established. These can be defined 

based on external expert observations/annotations. This approach is common in affective 

speech corpora (e.g. [69]). However, in this case, affects are defined based on how they are 

perceived by others rather than the felt affective states by individuals. Although the 

interactive virtual environment would be expected to evoke the affective experiences as 

defined and evaluated by [10] (see Table 3.1), one may assume that the ground truth in 

affective labelling would accord with the felt affective experience of those who had played 

the games. Therefore, players’ self-reported gaming experiences were analysed to determine 

whether the interactive virtual environment had elicited the expected affective states as 

defined in [10], prior to their use as ground truth labels in the detection task and further 

analysis.   

The pairwise Cohen’s kappa analysis [147] was first applied in order to measure the 

amount of agreement among the players on their self-reporting experience. The results reveal 

that on average, players agreed fairly well on their felt affective experiences reported on a 

seven-point scale (range [–3 - 3]), with 𝑚𝑒𝑎𝑛(𝑘) = 0.22 ±  0.04 and 𝑚𝑒𝑎𝑛(𝑘) =  0.41 ±

 0.05 on the arousal and valence dimensions respectively (refer to appendix C for the 

questionnaire). There was stronger agreement on valence reporting than arousal, a possible 

explanation being that players may have found it easier to interpret the valence dimension 

in comparison to the arousal dimension when reporting their experience [46], which is 
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consistent with previous findings [9, 13]. With regard to affective keyword-based reporting, 

weak agreement among players was observed on the eight keywords (see Section 3.3.3) with 

𝑚𝑒𝑎𝑛(𝑘) = 0.12 ± 0.04. There was less agreement between players on affective keywords 

than on arousal and valence reporting, possibly because interpretations of the keywords 

differed among the players [46]. This result suggests that when developing a player-

independent affect detection system, it would be more reliable to represent the players’ 

affective experience using arousal and valence dimensions rather than affective keywords. 

The correlation between the expected affective experience, the ground truth labels (see 

Section 3.2, Table 3.1), for arousal and valence and the players’ self-reporting was computed 

in order to assess their agreement. Players’ self-reported experience was found to be highly 

correlated with the ground truth labels on both dimensions, as Table 4.1 shows. Indicating 

that the affective gaming environment successfully elicited the expected affective 

experiences from the players, confirming the ground truth labels described in Table 3.1, 

despite the different experimental setting compared to [10]. 

 

Table 4.1: Signficant correlation between players’ self-reporting and the expected affective 

experiences (the ground truth labels as defined in [10]). 

 Correlation 𝝆(𝟕𝟎) p-value 

Arousal 0.567 < 0.05 

Valence 0.602 < 0.05 

 

From the results, it can be concluded that the players’ self-reporting was more accurate 

on both arousal and valence compared to keyword reporting, as the analysis shows better 

agreement between players’ affective experience on both dimensions and close correlation 

with the ground truth (Table 4.1). Hence, it was decided to use the ground truth labels (Table 

3.1) according to [10] when analysing the aGame corpus data and developing the affect 

detection systems in this study. The two affective dimensions were treated separately, as 

they are assumed to be independent [5]. Hence, the affective games were grouped into three 

states on each dimension: low (LA), neutral (N) and high arousal (HA); positive (PV), 

neutral (N) and negative valence (NV).    
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 Detection method 

The affect detection system (ADS) developed in this this work has two stages, as illustrated 

in Figure 4.1. The front-end stage involves pre-processing the input signal and transforming 

it into a feature vector containing appropriate affect-related features. At the second stage, a 

classification technique is applied in the feature space to detect the underlying affective state 

of the individual. It involves selection of the feature space, optimising the classification 

algorithm’s parameters during training and evaluating system performance during testing, 

using ‘leave one player out’ cross-validation (which is described in Section 4.3.4). Several 

classification techniques have been used in affect detection studies (see Chapter 2). For the 

ADSs developed in this study, a support vector machine (SVM) was applied to detect the 

affective states experienced by players. The reason for using an SVM is that they have been 

shown to provide good performance in several studies  (e.g. [9, 14, 101]) and have proven 

to yield satisfactory performance for a relatively small dataset [107]. They are also suitable 

when dealing with high dimensional data [148]. The following subsections detail the 

detection method including: the SVM algorithm, feature selection, system validation and 

performance evaluation methods.  

 

 

Figure 4.1: An overview of the framework for the affect detection process used throughout this study. 
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4.3.1 Support vector machine (SVM) 

An SVM is a supervised discriminative machine learning algorithm in which the decisions 

are made by defining a separating hyperplane based on the characteristics of the observed 

data. This type of algorithm was introduced in 1995 by Cortes and Vapnik [149], since when 

SVMs have become commonly used in machine learning for their computational efficiency 

and good generalisation performance [150]. They were mainly designed for linearly 

separable binary class problems, but can also be used efficiently for linearly inseparable 

problems, using a ‘kernel trick’, which is described below. 

 

 
(a)                                                                      (b) 

Figure 4.2: Two-dimensional binary classes, linearly separable; (a) shows possible separating 

hyperplanes and (b) shows the optimal separating hyperplane. Red circles indicate support vectors 

for the two classes. 

 

Linear SVM  

Given a dataset with N labelled D-dimensional training vectors 𝑇 = ({𝑥1, 𝑦1},… , {𝑥𝑛, 𝑦𝑛}) 

corresponding to class labels 𝑦𝑖  ∈ {−1,+1}, where 𝑥𝑖 ∈ {𝑅
𝐷}, the goal of the SVM is to 

find the optimal hyperplane that separates the positive (𝑦𝑖 = +1) from the negative (𝑦𝑖 =

 −1) classes. Figure 4.2(a) illustrates an example of two-dimensional binary class data. 

Clearly, there are many possible ways to separate the two classes linearly. The optimal 

separating hyperplane (the so-called decision boundary) is one that maximises the margin 

around itself, as shown in Figure 4.2(b), which satisfies Equation 4.1. In other words, the 

optimal hyperplane has maximum distance from its support vectors and can separate the 

binary classes without errors, thus yielding a good generalisation of the observed data [107, 

150].  
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𝑤. 𝑥𝑖 + 𝑏 = 0                                                           (4.1) 

 

where 𝑤 is a vector normal to the hyperplane and 𝑏 is the bias; their values are determined 

from the observed training data. For the linearly separable case, the optimal separating 

hyperplane with maximum margin is found when the training data satisfies the constraints 

in Equations 4.2 and 4.3. The complete SVM constraint can be defined by combining the 

two equations into one set of inequalities, as given by Equation 4.4 [150]. 

 

𝑤. 𝑥𝑖 + 𝑏 ≥ 1, ∀𝑖 ∈ 𝑦𝑖 =  +1                                            (4.2) 

 

𝑤. 𝑥𝑖 + 𝑏 ≤ −1, ∀𝑖 ∈  𝑦𝑖 =  −1                                           (4.3)  

 

 𝑦𝑖(𝑤. 𝑥𝑖 + 𝑏 ) ≥ 1,∀𝑖                                                   (4.4)  

 

For points where the equalities in Equations 4.2 and 4.3 hold, this defines the support 

vectors for both the negative and positive classes corresponding to the lines parallel to the 

separating hyperplane. Their perpendicular distance from the separating hyperplane with the 

normal 𝑤 is 
1

‖𝑤‖
. Therefore, the margin is equal to 

2

‖𝑤‖
 (the distance between the support 

vectors of the binary classes). Note that the two lines share the same parameters (𝑤,𝑏), as 

they are parallel. Thus, the parallel lines that maximise the margin can be found simply by 

minimising ‖𝑤‖ as given by Equation 4.5, subject to the constraint given by Equation 4.4.  

 

𝑚𝑖𝑛𝑤
1

2
 ‖𝑤‖2  𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖(𝑤. 𝑥𝑖 + 𝑏 ) ≥ 1, ∀𝑖                               (4.5) 

 

The SVM problem is a convex quadratic optimisation problem that can be solved by 

introducing a Lagrangian multiplier 𝛼𝑖 to represent the constraints in Equation 4.4 [150].  

Hence, the primal SVM formulation becomes that given by Equation 4.6, where N is the 

number of samples. 
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𝐿𝑝 = 
1

2
 ‖𝑤‖2 − ∑ 𝛼𝑖(𝑦𝑖(𝑤. 𝑥𝑖 + 𝑏 ) − 1)

𝑁
𝑖=1 ,   𝛼𝑖 ≥  0                         (4.6) 

 

The goal is to minimise 𝐿𝑝 with respect to parameters 𝑤 and 𝑏 and to maximise subject 

to 𝛼𝑖 ≥  0 . This can be solved by making the derivative of 𝐿𝑝 with respect to both 𝑤 and 𝑏 

equal to zero, separately. This yields the following:  

 

𝑤 = ∑ 𝛼𝑖𝑦𝑖𝑥𝑖
𝑁
𝑖=1  ,  ∑ 𝛼𝑖𝑦𝑖 = 0 

𝑁
𝑖=1                                    (4.7) 

 

The primal SVM formulation in Equation 4.6 can be written in the form of the 

Lagrangian dual 𝐿𝐷 by substituting 𝑤 as follows:  

 

𝐿𝐷 =  − ∑ 𝛼𝑖
𝑁
𝑖=1 − 

1

2
∑ ∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗(𝑥𝑖,𝑥𝑗)

𝑁
𝑗=1

𝑁
𝑖=1 𝛼𝑖 ≥  0 and ∑ 𝛼𝑖𝑦𝑖 = 0 

𝑁
𝑖=1           (4.8) 

 

In case the observed data cannot be perfectly separated without errors, an SVM can 

allow a hyperplane to be found that separates the negative and positive classes with some 

misclassification errors 𝜉𝑖 (slack variable) by introducing a penalty factor C, the so-called 

cost parameter. In this variant, referred to as a ‘soft-margin’ SVM, the cost C balances the 

tradeoff between minimising classification errors in the training data and maximising the 

hyperplane margin. The optimisation problem becomes:  

 

𝑚𝑖𝑛𝑤
1

2
 ‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖

𝑁
𝑖=1                                             (4.9) 

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖(𝑤. 𝑥𝑖 + 𝑏 ) ≥ 1 − 𝜉𝑖 ,  𝑤ℎ𝑒𝑟𝑒 𝜉𝑖 ≥ 0, ∀𝑖  

 

Non-linear SVM  

An SVM can be used in case of a linearly inseparable feature space, by applying a ‘kernel 

trick’ to map the original inseparable data into a high dimensional space in which the data 

points can be separated linearly. This is done using a kernel function which transforms the 

feature space by adding a new dimension to the data that allows a linear SVM (described 



Chapter 4. Affect Elicitation Analysis and Detection from Eye Movements 

 

63 

 

above) to be used in the new high dimensional space. The ‘trick’ in the kernel function 

implicitly computes the transformation by the dot product of the original feature space [150, 

151]. The most common types of kernel functions are linear, sigmoid, polynomial and radial 

basis function (RBF). The choice of the kernel function depends mainly on the nature of the 

training data. The RBF kernel is typically considered a wise first choice [152]. It tends to 

perform like a linear or sigmoid kernel by simply adjusting the cost and kernel parameters 

[153, 154]. It also takes less parameters than the polynomial kernel, thus less computational 

complexity [152]. Moreover, it is good at handling the nonlinear relation between the 

features and the classes by nonlinear mapping [152]. Thus, the RBF kernel was selected for 

the detection process. The RBF kernel function is given by Equation 4.10, where 𝛾 is the 

kernel parameter (determined empirically).  

 

𝑘(𝑥𝑖, 𝑥𝑗) =  𝑒
−𝛾‖𝑥𝑖−𝑥𝑗‖

2

                                              (4.10) 

 

 

In order to achieve the best performance using an SVM with RBF kernal, the model 

parameters (𝐶 , 𝛾 ) must be optimised. This is typically done by performing a grid search 

within a selected range to find the optimal combination of 𝐶 and 𝛾 that yields the best 

detection performance. In [152], it is suggested that the best parameters can be identified by 

performing the grid search on an exponentially growing range (e.g. [ 2−15, 215]). 

 

Decision function 

Once the SVM parameters have been learnt from the training data the decision about a new 

observation 𝑥 can be made by applying the decision function 𝑓(𝑥) defined by Equation 4.11, 

where 𝑥 belongs to the positive class if 𝑓(𝑥) is positive and to the negative class if 𝑓(𝑥) is 

negative. 

 

𝑓(𝑥) =  ∑ 𝛼𝑖𝑦𝑖𝑘(𝑥, 𝑥𝑖) + 𝑏
𝑁
𝑖=1                                          (4.11) 

 

where 𝑘(𝑥, 𝑥𝑖) is the kernel function. Further details about SVMs can be found in [150]. 
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Multiclass problems  

Although SVMs were developed for binary class problems, their use can be effectively 

extended to multiclass problems. Several approaches have been proposed to solve such 

problems by dividing them into a series of binary class problems. The approaches most 

widely taken are one-against-all and one-against-one. The first of these to be applied was 

one-against-all [155]. For c classes, c binary SVMs are constructed, one for each class, in 

which positive labels are assigned to the target class training data and negative labels to the 

data belonging to the remaining classes. The decision on a new sample is made according to 

the highest SVM output score. In one-against-one [156], c(c-1)/2 binary SVMs are 

constructed for all possible binary classes. A new sample is classified by the ‘max-wins’ 

voting strategy, where the sample is assigned to the class that receives the highest number 

of votes. It is difficult to decide which is the best approach to use. The disadvantage of one-

against-all is its weakness in dealing with unbalanced training data. One-against-one can 

solves this problem, but requires training with more binary SVMs. Hus and Lin [155] show 

that the one-against-one approach is more practical and easier to use; therefore, it was 

selected for use in this study, considering the relatively small number of classes involved.    

 

4.3.2 Feature selection 

An important step in the development of an ADS is to select the features that can most 

effectively describe the underlying affective state of an individual and provide the greatest 

accuracy. Using a large number of features may reduce system performance, especially for 

relatively small corpora [157]. This is known as the ‘curse of dimensionality’33 problem 

[158]. In addition, not all features provide information useful to the system and some may 

be redundant. Incorporation of non-useful and redundant features can degrade the detection 

performance. Therefore, it is important to select the most suitable features which can provide 

the best performance.  

Two types of feature selection methods have been used widely in affect detection 

systems: wrappers and filters [100]. In both types, the goal is to reduce the feature space by 

searching for a subset of candidate features based upon an evaluation function which tests 

                                                 
33As the dimensionality of the feature space increases, the samples become sparser. Thus, the required number of samples increases 

exponentially in order to describe that feature space.  
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their ability to discriminate between the classes. In wrapper-based selection, the performance 

of the detection algorithm is used as an evaluation function to select the candidate features. 

The disadvantage of this method is that it is computationally expensive and highly dependent 

on the detection algorithm used for evaluating these features. On the other hand, in filter-

based selection, the candidate features are independently evaluated according to criteria 

obtained from the characteristics of the observed data. Using these evaluation criteria, the 

features are ranked by their performance in descending order. Finally, the best performing 

features above a predefined threshold are selected for use by the detection algorithm. This 

method is computationally inexpensive and performs well in practice. A review of different 

feature selection methods can be found in [100]. 

In order to identify the most suitable features for the ADS in this study, the researcher 

took a filter-based approach, using the Fisher discriminant ratio (FDR) [159] as evaluation 

criterion. Assuming a feature set 𝐹 = {𝑓1, 𝑓2, …… . 𝑓𝑛} of D dimensions, the aim of the FDR 

is to find the most discriminating features 𝐹𝑑  ⊂ 𝐹 such that 𝑑 < 𝐷, where between-class 

variance is maximised and within-class variance is minimised. This is done by computing 

the ratio of between-class variance to within-class variance, as given by Equation 4.12, then 

the features are ranked by their FDR values and the highest ranking features are selected as 

being the most discriminative for the task. Hence, eliminating the irrelevant features. The 

FDR method is used mainly for binary class problems; however, it can be extended to 

multiclass problems in which the total FDR value for a given feature is divided by the 

number of comparisons made between binary classes. 

 

𝑅𝐷𝐹(𝑓) =  
|𝜇1−𝜇2|

2

𝜎1+ 𝜎2
                                                (4.12) 

 

where 𝜇𝑖 and 𝜎𝑖 are the mean and standard deviation of the ith class for feature f. 

 

4.3.3 Feature normalisation  

Affective responses from physiological signals can vary between individuals [133]. In [160], 

it is argued that changes in affective response are due to changes in context specificity. In 

this study, the responses were expected to be stable across the players, as they had been 
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elicited in the same context, the virtual gaming environment. However, the extracted features 

𝐹 = {𝑓1, 𝑓2, …… . 𝑓𝑛} were subjected to maximum-minimum normalisation, as given by 

Equation 4.13, in order to reduce the variability further and make the measures comparable 

across games and players. Normalisation was applied separately to each player’s features. 

 

𝑓𝑛𝑜𝑟𝑚 = 
𝑓− 𝑓𝑚𝑖𝑛

𝑓𝑚𝑎𝑥− 𝑓𝑚𝑖𝑛
                                             (4.13) 

 

where 𝑓𝑛𝑜𝑟𝑚 is the normalised feature vector and 𝑓𝑚𝑖𝑛 and 𝑓𝑚𝑎𝑥 are the minimum and 

maximum values of a given feature 𝑓.  

 

4.3.4 Validation methods 

The main goal in developing an ADS is to detect the target affective state of an individual 

with the best performance that can be generalised to unknown data. The generalised 

performance on the aGame corpus can be obtained by dividing the data into two partitions: 

training and testing. The ADS is developed using the training partition of the corpus and 

tested on the testing partition, thus allowing the system to be tested on unseen test data and 

thereby to attain generalised performance. If the partitioning are done randomly, however, 

there would be a high chance that the training partition contained data from the testing 

partition and vice versa, resulting in overfitting and an invalid performance. This can be 

avoided by applying cross-validation, whose goal is to gain insight into the system’s 

performance in practice. The validation methods most commonly employed to evaluate the 

performance of affect detection systems are k-fold and ‘leave one subject out’ cross-

validations (e.g. [9, 14]). 

 

K-fold cross-validation 

In k-fold cross-validation, the data is divided randomly into k non-overlapping partitions 

(folds), each of which contains the same proportion of samples from each class as in the 

original dataset. Supposing the size of the dataset is n, then each fold will have 
𝑛

𝑘
 samples. 

During the development process the ADS is trained and evaluated k times. For each fold, the 
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system is trained on k-1 folds of the dataset and evaluated on the remaining fold. The overall 

system performance is then computed as the average over the k folds.  

 

‘Leave one subject out’ cross-validation 

Partitioning the data randomly into k folds does not guarantee subject independence. Thus, 

it is likely that data from the same subject will appear in both training and testing partitions. 

In real-life applications, however, the system typically has no information about the test 

subject. In order to guarantee more realistic performance, the ADS should be evaluated in a 

subject-independent manner. In the ‘leave one subject out’ method, the data generated from 

each subject is pooled together as a fold. During development, one subject’s data is left out 

for testing and data from the remaining subjects are used for training the system. This process 

is repeated for each subject. The overall system performance is then computed as the average 

over all subjects. To obtain generalised performance on the aGame corpus the ‘leave one 

subject out’ cross-validation method was applied and is hereinafter referred to as ‘leave one 

player out’. Such that the data divided into fourteen-fold, one for each player, each 

containing five sessions (see Section  3.5). Accordingly, the ADSs are trained fourteen times, 

with a total of 65 sessions available for training and 5 sessions for testing in each iteration. 

 

4.3.5 Performance evaluation metrics  

A traditional evaluation metric that has been widely used to evaluate detection systems is 

detection accuracy, also called weighted average, which indicates how well the detection 

system is able to make correct decisions about the test samples. It is defined as the number 

of correctly detected samples over all samples in the test set, as given by Equation 4.14.  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

𝑁
∑ 𝑛𝑐𝑐
𝐶
𝑐=1                                          (4.14) 

 

where 𝐶 is the number of classes, 𝑁 is the size of the test set and 𝑛𝑐𝑐 denotes the diagonal 

elements of the confusion matrix as shown in Figure 4.3, indicating the number of correctly 

detected samples as belonging to class 𝐶. This measure of accuracy is highly dependent on 

the class distribution in the training data (prior probability 𝑝𝑐 =
𝑁𝑐

𝑁
 ). In case of unbalanced 
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class distribution, the system’s decisions will always be biased towards the class that has the 

maximum prior probability 𝑝𝑐, regardless of any other information provided. For example, 

if a system is trained on data of which 90% belongs to one class, all the test data belonging 

to that class will be detected correctly, achieving 90% accuracy. Hence, the accuracy 

measure in Equation 4.14 may provide a misleading evaluation of performance, especially 

for highly unbalanced data. Two measures widely used to represent true system performance 

on an unbalanced class distribution are recall and precision [161]. They provide measures of 

a specific class as follows: 

 

𝑅𝑒𝑐𝑎𝑙𝑙𝑐 =
𝑛𝑐𝑐

∑ 𝑛𝑐𝑗
𝐶
𝑗=1

                                             (4.15) 

 

Precision𝑐 =
𝑛𝑐𝑐

∑ 𝑛𝑗𝑐
𝐶
𝑗=1

                                           (4.16) 

 

Recall is the fraction of correctly detecting test samples of class c, while precision refers 

to the fraction of the total number of test samples detected as belonging to class c that 

actually do belong to class c. The unweighted average accuracy is another useful measure 

for dealing with unbalanced data, providing a more realistic representation of the system’s 

performance. It combines detection accuracy, recall and precision. Hence, in this thesis the 

ADS system performance results are reported in terms of unweighted detection accuracy, as 

defined in Equation 4.17, hereinafter referred to as detection accuracy. 

 

Unweighted accuracy =
1

𝑐
∑ 𝑛𝑐𝑐/𝑁𝑐
𝐶
𝑐=1                                (4.17) 

 

 
Figure 4.3: An illustration of a confusion matrix. 
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 Development of an affect detection system based on eye movements  

This section discusses the development of an affect detection system using eye movement 

signals, namely pupillary response, fixation, saccade and blinking, collected in the 

interactive virtual gaming environment (see Chapter 3). Figure 4.4, depicts the front-end 

processing of eye movement signals prior to the affect detection, which involves 

preprocessing the pupillary response signal and applying Hilbert transform, and the features 

extraction step. The following subsections describe the pupillary response preprocessing 

procedure, explain the features extracted from eye movements and present the affect 

elicitation and detection results.  

 

 

Figure 4.4: Overview of the front-end processing of eye movement signals. 

 

4.4.1 Preprocessing of pupillary response signal 

Variations in the pupillary response signal reflect the activity of the ANS [119]. One type of 

ANS activity is affective processes [118]. However, these variations are dominated by the 

response to environmental changes in luminosity, the so-called pupillary light reflex (PLR) 

[162], where the pupils respond to brighter and darker stimuli by rapid constriction and slow 

dilation respectively, under the control of the ANS [119]. The magnitude of the PLR is 

sufficient to conceal the influence of affective processes. The measurement of pupillary 

responses is also influenced by blinking events and noise. In most eye movement tracking 

systems, pupillary responses are measured by processing images of the pupil [19]. During 

blinking events the eyes are closed, albeit momentarily, preventing the image of the pupil 

from being captured and resulting in a loss of pupillary response information. It is necessary 
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to isolate and filter out all of the above artefacts unrelated to the affective processes of 

interest, prior to further processing of the signal for use in affect detection. Figure 4.5, 

illustrates the procedure followed in this study to preprocess the pupillary response signal, 

including unit conversation, blinking recovery, PLR removal and noise filtering. The 

following details each step. 

 

 

Figure 4.5: Overview of the procedure for preprocessing pupillary response signals. Screen 

illumination is measured continuously during the gameplay session using a luxmeter to compensate 

for PLR. 

 

Unit conversion  

The EyeLink II sensor measures pupillary responses in arbitrary units. These had to be 

converted to millimetres in order to compensate for PLR, as described later in this section. 

This linear conversion from arbitrary units to millimetres was performed as given in 

Equation 4.18. 

 

𝑃𝐷𝑚𝑚 = 𝑃𝐷𝐴𝑐𝑢𝑡𝑎𝑙/𝑓                                           (4.18) 
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where 𝑓 is a conversation factor derived from the average pupil diameter estimated from the 

five-second benchmark recordings of an artificial pupil34 divided by 5 mm, 𝑃𝐷𝐴𝑐𝑢𝑡𝑎𝑙 is the 

pupil diameter of the actual eyes in arbitrary units recorded during the experiment and 𝑃𝐷𝑚𝑚 

is the diameter of the actual pupil in millimetres. Figure 4.6, shows an example of pupillary 

responses before and after unit conversion to millimetres. It can be seen that the unit 

conversion was successful as the arbitrary range of the artificial pupil is converted into 5 

mm, although some variations in the recordings of the artificial pupil were observed due to 

noise. According to Eyelink II user manual [27], this noise is limited to 0.015 mm for 5 mm 

pupil. Therefore, it can be discarded, because the benchmark recording was averaged over 

five seconds to derive the conversation factor.  

 

 

Figure 4.6: Pupillary response unit conversion using an artificial pupil. 

 

 

 

                                                 
34The artificial pupil is a printed black dot of 5 mm diameter that was placed close to the player's eye at the end of the experiment, so that 

it was as close as possible to the same depth as the player’s eye.  
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Pupillary responses blink recovery procedure 

Any blinking events in the pupil response signal were also treated as artefacts, liable to 

significantly impair the accuracy of measurement of variations in the signal in both the time 

and frequency domains [163, 164]. Once eye blinking events are detected, several methods 

for recovering pupillary responses can be applied, such as support vector regression, multi-

layer perceptron, singular spectrum analysis, moving average and linear/cubic interpolation 

[163-167]. Cubic interpolation was employed in this work because of its simplicity and the 

nature of pupillary responses. 

To recover pupillary responses during blinking, missing samples must first be 

identified. This information was provided by the EyeLink II online parsing algorithm [27].  

The blinking onset is detected when the pupil constricts rapidly and the offset is detected 

when the eye reopens rapidly after a blink [165]. Since the algorithm detects blinking events 

in real time by calculating the velocity and acceleration of eye movements over a short time 

period (typically 8 ms), pupillary responses around blinking events had to be re-estimated in 

order to eliminate any artefacts during the recovery of the signal. To do this, once blinking 

events had been identified, their onsets and offsets were shifted forwards and backwards 

respectively, using a time window of 20 ms (selected empirically, based on visual 

inspection). Finally, the corresponding parts were recovered by cubic interpolation. Figure 

4.7, illustrates an example of the recovery of pupillary responses during blinking. It can be 

seen that missing responses were recovered successfully.   

 

 
Figure 4.7: An illustration of pupillary response blink recovery. Missing samples due to blinking 

(blue) were recovered successfully using cubic interpolation. 
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Pupillary responses and illumination effect in a dynamic environment  

It has been shown that task-evoked pupillary responses remain the same even if the 

illumination level of the stimulus changes [168, 169]. Therefore, the light reflex caused by 

changes in the level of illumination does not affect the task-evoked pupillary responses and 

can be isolated. This isolation is easy in static environments where there is prior knowledge 

of the illumination level. In this case, the pupil diameter can be calibrated to the illumination 

level of the stimulus, then subtracted from the overall pupillary responses measured during 

the experimental task. The remaining changes in pupillary response must now be purely task 

evoked [169], so pupillary responses are comparable across tasks. However, in dynamic 

environments such as gaming, the illumination level can vary and the effect can differ 

between players, making it difficult to use available signal source separation techniques such 

as principal component analysis to remove the influence of PLR (e.g. [9, 170]). Pamplona 

et al. [171] propose a physiologically-based model that extends the existing theoretical and 

experimental PLR models presented in [172, 173], to provide real-time estimation of the 

PLR and account for inter-subject variability. This model was adapted to estimate pupillary 

responses as a function of illumination level. 

In order to estimate the light reflex using the model of Pamplona et al. [171], two input 

parameters are required: the average pupil diameter (mm) of the first second at the beginning 

of the experiment and the measured illumination level (lux) during the experiment. After 

applying the PLR model, the output light reflex was subtracted from the original pupil 

responses and the remaining changes were the result of affect elicitation plus noise. The 

noise was filtered using a Butterworth low-pass filter with a 4 Hz cut-off frequency, since 

the frequency of pupillary responses is approximately 1-2 Hz [167, 174].  

 

4.4.2 Eye movements features extraction 

The selection of eye movement features for the affect detection task is typically empirical. 

As described in Section 2.2.3, the evidence of correlation of affects with pupillary response, 

fixation, saccade and blinking-related measures has been presented in the literature. The 

majority of affective research on eye movements have used pupillary response features to 

detect affects (e.g. [9, 14, 131]), because of their well-established relation with the arousal 
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dimension [61, 63, 122]. Pupillary response has also been shown to correlate with the 

valence dimension [124]. Fixation is typically influenced by the content of interest in the 

visual field, while saccade comprises rapid eye movements closely associated with fixation. 

Blinking is a physiological response which has been linked to negative affects, anxiety and 

arousal [125-127]. These eye movement have also been shown to be useful for detecting 

affects (e.g. [9, 130]). In this study, features of the four eye movement signals were extracted 

and used in the affect detection task.  

The conventional features of pupillary response in the time and frequency domains 

whose use has been widely reported in the literature were extracted to form the pupillary 

response feature vector. These features are mean, standard deviation, mean of derivative, 

spectral entropy and the power spectral density (PSD) features of four different frequency 

bands: 0.0-0.2 Hz, 0.2-0.4 Hz, 0.4-0.6 Hz and 0.6-1 Hz [9]. The PSD features were extracted 

using the Discrete Fourier Transform (DFT) [175], which estimates the short-time PSD. The 

power spectral features up to 0.4 Hz reflect the hippus effect, an involuntary variation in 

pupil diameter in the frequency range between 0.05 Hz and 0.3 Hz [171], which may appear 

during relaxation and resolve during mental activity (e.g. response to arousing stimuli) [9, 

119].  

Conventional pupillary response features are often insufficiently informative and may 

not provide accurate time and frequency resolution of pupil responses, because the signal is 

nonstationary and nonlinear, changing slowly over time. Time domain features may mask 

interesting information if they are not available across the session. Moreover, the use of 

Fourier-based methods may be unsuitable because they assume stationarity of the signal. It 

was therefore necessary to seek another method that would provide better time and 

frequency resolution, would not assume linearity and stationarity of the signal and would 

allow meaningful information to be extracted, to better distinguish between different 

pupillary responses. Variations in the analytic phase of the Hilbert transform (HT)35 [176] 

of pupillary responses have recently been used to study cognitive overload [177]. The initial 

results indicate the potential for using the HT method to distinguish between cognitive 

overload activities. It therefore seemed appropriate to extract pupillary response features 

from the HT, as the variations in pupillary response signal are nonlinear and nonstationary. 

                                                 
35The Hilbert transform is explained in Appendix E. 
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Consequently, features based on this method were investigated to detect affects from 

pupillary responses.  

The proposed features based on the HT analytic signal were extracted from the HT 

instantaneous magnitude (the smooth envelope) and unwrapped instantaneous phase, as 

detailed in Table 4.2. The instantaneous magnitude 𝐴(𝑡) describes the envelope of a given 

signal 𝑥(𝑡) over time and is computed by Equation 4.19. It can provide information about 

the activities in the signal more locally. The instantaneous phase angle 𝜃(𝑡) is computed by 

taking an inverse tangent function, as shown in Equation 4.20. The unwrapping corrects the 

radian phase angles by adding ±2𝜋 whenever the phase angles equal or exceed the tolerance 

of 𝜋 radians [178]. It has been shown that sharp changes in the unwrapped phase are related 

to cognitive overload [177]. Figure 4.8 shows an example of the HT unwrapped 

instantaneous phase across the affective games. Continuous changes during the course of the 

game may indicate cognitive dissonance [177], which involves a state of high arousal [179]. 

This was clearer during games designed to elicit high arousal compared to low arousal states. 

It can also be seen that games designed to elicit negative valence were characterised by 

strong fluctuation (sharp changes) that might be related to an increase in cognitive 

processing during the game [177, 180], while the fluctuations during games designed to elicit 

positive valence were smoother. These differences indicate that the features extracted using 

HT can be used to detect a player’s affective experience. 

 

A(t) = |√x(t)2 + (t)2x
~  |                                          (4.19) 

 

θ(t) =  tan−1 [
(t)x

~  

x(t)
]                                                (4.20) 

 

where 𝑥(𝑡) is the real signal and (𝑡)𝑥
~  is the Hilbert transform. Several statistical features of 

fixation duration, saccade-related measures and blinking were extracted. Table 4.2 

summarises the features extracted from eye movement signals. The HT analysis and all eye 

movement features were extracted using MATLAB36. In total, 30 features were extracted 

from eye movement signals. 

                                                 
36 http://www.mathworks.com 

http://www.mathworks.com/
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Table 4.2: Features extracted from eye movement signals. 

Signal   Extracted features 

Pupillary responses  Mean, standard deviation (SD), mean of derivative, spectral entropy, 

PSD from four bands: 0.0-0.2 Hz, 0.2-0.4 Hz, 0.4-0.6 Hz, 0.6-1 Hz.   

Pupillary response-

based HT 

Mean, SD, root mean square and maximum of the instantaneous 

magnitude and unwrapped instantaneous phase.   

Fixation  Mean, SD and mean of derivative of fixation duration (ms). Fixation 

frequency. 

Saccade  Mean, SD and mean of derivative of saccade duration (ms), amplitude 

(degree).  Saccade frequency. 

Blinking  Mean, SD of blink duration (ms). Blink rate. 

 

 

 
Figure 4.8: An illustration of the HT unwrapped instantaneous phase of pupillary responses during 

different affective games for player 15. N: neutral, NV: negative valence, LA:low arousal, PV: 

positive valence and HA: high arousal. 

 

4.4.3 Analysis of affect elicitation  

This section explains how the eye movement signals were analysed to determine whether 

playing games in the virtual interactive environment elicited different affective responses on 

the arousal and valence dimensions, according to the ground truth labels (see Section 4.2), 
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which would be reflected in pupillary responses, fixation, saccade and blinking features. 

One-way repeated measures analysis of variance (ANOVA)37 was conducted to determine 

the significance of these affective responses on the arousal and valence dimensions, 

separately. 

Figure 4.9 clearly shows that pupillary responses varied across the different affective 

games, on both dimensions. On average, it was found that the HA games evoked stronger 

pupillary responses than the N and LA games. Moreover, pupillary responses were observed 

to decrease during LA games compared to N games. On the valence dimension, playing both 

NV and PV games resulted in larger pupillary responses compared to the N game. These 

variations are consistent with previous studies using passive (noninteractive) stimuli [63, 

130].  The variations in the mean across the three states of both dimensions were found to 

be statistically significant,  𝑝 < 0.05. This finding reveals that the affective games with 

different levels of arousal and valence modulated the players’ pupillary responses, consistent 

with results reported in the literature that pupillary responses correlate with affects when 

induced using passive (noninteractive) affect elicitation techniques (e.g. [9, 130, 131]). 

Fixation duration was observed to be longest in LA games, followed by HA games, and 

the shortest duration was seen during N games (Figure 4.9). Similarly, longer fixation 

duration was observed during both NV and PV games in comparison to N games. These 

variations were found to be statistically significant on both dimensions, 𝑝 < 0.05. A possible 

explanation for the observed increase in fixation duration is that the players’ focus of 

attention increased while playing games that were designed to elicit a strong affective 

experience in comparison to the neutral ones. This is consistent with the findings by [128], 

which showed that affective movies evoke more focus and less likely to be related with the 

visual field.  

Saccade amplitude was observed to be highest in PV games, followed by NV then N 

games, 𝑝 < 0.05. However, no significant difference in saccade amplitude was observed on 

the arousal dimension, 𝑝 > 0.05. This indicates that the saccade signal has the potential to 

be more useful for affect detection on the valence dimension than on arousal.  

As to blinking, the rate tended to be higher during LA games and lower during HA 

games in comparison to N games, 𝑝 < 0.05. A high blink rate has been shown to be 

                                                 
37 The significance of ANOVA indicates the existence of a significant difference between a feature’s mean across at least two of the three 

affective states.   
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associated with with low arousal [127]. Thus, it is not surprising that blink rate was observed 

to rise as the arousal level of the game decreased. In fact, it indicates that players were more 

relaxed while playing those games designed to elicit a low arousal state. On the valence 

dimension, on average blink rate variations were not significant, 𝑝 > 0.05. This suggests 

that blinking is less useful for distinguishing affects on the valence dimension. 

Overall, the results demonstrate that playing in the virtual interactive gaming 

environment successfully induced different eye movement responses at different levels on 

both the arousal and valence dimensions, consistent with findings for passive 

(noninteractive) affective stimuli reported in the literature [9, 130, 131]. It can be concluded 

that eye movement signals have the potential to be used to detect players’ affective 

experiences while playing in an interactive virtual environment. 

 
Figure 4.9: Box plots of different eye movement features of the three affective states on the arousal 

and valence dimensions. One-way repeated measures ANOVA results revealed significant 

differences between pupillary responses and fixation duration means on both dimensions (𝑝 < 0.05). 

Saccade amplitude and blinking rate means were significantly different on valence and arousal 

dimensions, respectively. 
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4.4.4 Experimental settings  

The goal of the ADS was to use eye movements signals to automatically detect players’ 

affective experience elicited while playing in the virtual interactive gaming environment as 

one of the arousal (LA, N or HA) and valence (NV, N or PV) states, according to the ground 

truth labels (see Section 4.2). The ADS was implemented using a multiclass support vector 

machine with RBF kernel and taking the one-against-one approach, where three separate 

models were trained on each pair of affective states (as described in Section 4.3). Due to the 

imbalanced affective state distribution in the aGame corpus, a uniform prior probability of 

1/3 was assigned to each affective state (class). System performance was reported in terms 

of (unweighted) detection accuracy averaged over players.  

The system was evaluated using different feature sets extracted from eye movement 

signals, as described in Section 4.4.2, and on the combination of all the features by fusing 

them together to form a single feature vector. The evaluation was conducted using the ‘leave 

one player out’ cross-validation strategy, where each cross-validation iteration contained 

testing data from one player and training data from the remaining players (see Section 4.3.4). 

For each testing player, the best model parameters (𝐶 , 𝛾 ) that minimised the mean square 

error of the training data were determined by searching the parameter space in the range 

[2−5, 215] over a tenfold cross-validation using grid search. The FDR feature selection was 

applied to the training data in order to select the most relevant features with good 

discrimination across the states. The FDR threshold was set empirically during the 

experiment from values of [0.1, 0.15, 0.20, 0.25, 0.30, 0.35]. Since the selection was made 

at each cross-validation iteration, the features might be different across the players. 

 

4.4.5 Results 

Table 4.3 and Figure 4.10 present the detection results obtained using different feature sets 

on the arousal and valence dimensions. It can be seen that the detection accuracies of all 

feature sets were above the random accuracy of 33.3%. This reveals that eye movement 

signals can detect affective states elicited in an interactive gaming environment, on both 

dimensions. Pupillary response and blinking feature sets clearly provided better performance 
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on the arousal than the valence dimension, whereas the saccade and fixation feature sets 

yielded superior performance on the valence dimension. 

 

Table 4.3: Affect detection results for different feature sets of eye movement signals. PRHT 

performed best on arousal dimension and SAC+FIX performed best on valence dimension. 

 

 

 

 

 

 

 

 

 

The use of pupillary response with the Hilbert transform features (PRHT) led to an 

improvement in detection performance over the conventional pupillary response (PR) 

feature set, with 76% accuracy on arousal and 61.4% on the valence dimension. It can be 

seen from Figure 4.11 that PRHT improved the detection accuracy of the LA and HA states 

by 22% and 5.3% respectively, with inferior accuracy observed only for the N state. 

Similarly, the detection of PV and NV states were improved, showing an increase in 

accuracy by 12.5% and 12.9% respectively. However, the detection accuracy of the N state 

remained unchanged. The performance of PR was compared with PRHT to discover whether 

the differences were statistically significant. The paired sample t-test was applied to compare 

the accuracy from each player’s samples. The results show that using PRHT yielded a 

significant performance improvement on the arousal dimension, 𝑝 < 0.05, while the 

improvement on the valence dimension was insignificant. Overall, detection accuracy on the 

arousal dimension was higher than on the valence dimension, because the pupillary response 

signal is strongly related to the arousal dimension [61, 63, 122]. 

The worst detection performance on the arousal dimension (42.8% accuracy, only 

slightly better than random) was obtained using the blinking feature set. As can be seen from 

Figure 4.11, blinking features provided good accuracy (better than random) only for LA and 

Feature sets % Detection accuracy  

Arousal Valence  

Pupillary response 70.0 56.1 

Pupillary response with HT (PRHT) 76.0 61.4 

Saccade (SAC) 58.6 64.3 

Fixation (FIX) 50.0 53.5 

Blinking 42.8 41.4 

SAC+FIX 60.0 71.4 

Combined features 

(PRHT+SAC+FIX) 

71.4 58.6 
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N states while random accuracy was observed for HA state, which might be due to the high 

confusion with the other states.  This indicates that blinking features do not seem to be 

suitable measures for detecting affective states on the arousal dimension. Similarly, the 

feature set did not perform well on the valence dimension, giving 41.4% accuracy. In fact, 

this result aligns with the finding reported in Section 4.4.3 that differences in blinking 

behaviour across the valence dimension were insignificant. Thus, blinking features were 

omitted from fusion with the other feature sets on both dimensions. 

 

Figure 4.10: Bar graph of detection accuracies on the arousal (top) and valence (bottom) dimensions 

using different eye movement feature sets, with 95% confidence interval (n=14). Straight line (red) 

shows random accuracy. 

 

Combining the SAC and FIX feature sets gave a detection performance of 71.4% on the 

valence dimension, a significant improvement compared with using them separately (𝑝 <

0.05 - paired sample t-test). Figure 4.11 shows that the detection performance of all valence 

states was increased, indicating that both feature sets contributed to enhancing detection 

performance across the valence dimension. However, the SAC+FIX combination did not 

outperform the pupillary feature set results on the arousal dimension, yielding only 60% 

detection accuracy. This indicates that these features are less related to the arousal 

dimension. The random accuracy of HA state using FIX feature set, as Figure 4.11 shows, 
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might be due to the high confusion with the other states. Combining it with SAC feature set 

clearly reduced this confusion, since SAC features provided better accuracy for HA state.   

The combination of all three eye movement feature sets (SAC+FIX+PRHT) did not 

yield superior performance. In fact, it provided inferior performance compared to the best 

feature sets on both the arousal and valence dimension, namely PRHT and SAC+FIX 

respectively. This suggests that adding less accurate features to a well performing feature 

may not always yield an improvement in performance. It can be concluded that the PRHT 

feature models the arousal dimension effectively, and that the saccade and fixation feature 

sets are better used together in order to model the valence dimension effectively.  

 

 

Figure 4.11: Detection accuracies per affective state on the arousal (left) and valence (right) 

dimensions using different eye movement feature sets. 

 

As stated in Section 4.4.4, the features employed to detect affective states varied across 

the players. To gain an insight into the most important features in each set, a measure of 

‘feature significance’38 was calculated, indicating the percentage of cross-validation 

iteration that used a particular feature from that set (see Table 4.2 for eye movement feature 

sets). Table 4.4 lists the most important features from each eye movement feature set that 

were highly significant. Among all feature sets, it can be seen that the significant features 

that were employed to detect affects differed across the arousal and valence dimensions. In 

                                                 
38 A feature is considered significant if it is selected more frequently across the players (cross-validation iteration). 
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the PRHT feature set, for example, all instantaneous magnitude features were found 

significant on the arousal dimension, which indicates that these features provided important 

information in detecting the players’ affective states on the arousal dimension, whereas on 

the valence dimension only the ‘maximum’ feature was found to be significant (see Table 

4.4). In the saccade and fixation feature sets, more features were employed to detect affective 

states on the valence than the arousal dimension, indicating their stability in discriminating 

valence states across the players.  

 

Table 4.4: A list of the most important features selected more frequently across the players. 

Feature set Arousal Valence 

PR Mean 

SD 

Spectral entropy 

PSD1 

Mean of derivative 

Spectral entropy 

PSD1 

PSD4 

PRHT Instantaneous magnitude: 

all features 

Instantaneous unwrapped 

phase: 

Mean 

maximum 

Magnitude: 

maximum 

Unwrapped phase: 

maximum 

SAC Frequency 

Duration: 

Mean 

SD 

Frequency 

Duration: 

Mean 

SD 

Amplitude: 

Mean 

SD 

Mean of derivative 

FIX Mean 

Frequency 

Frequency 

Mean 

SD 

Blinking Blink rate 

SD 

Mean 

 

 

 Comparison with the state of the art  

Directly comparing the detection accuracy results in Table 4.3 with the state-of-the-art 

results in the literature is problematic, because of differences in the signals employed and in 

experimental conditions. Nevertheless, the results obtained in the present study were 
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compared with those of the most similar studies employing gameplay scenarios and using 

physiological signals. Table 4.5—to the best of the author’s knowledge—summarises the 

reported results of the most similar studies.  

Chanel et al. [181] used Tetris (a classic 2D game) to elicit three levels of arousal 

(anxiety/engagement/boredom) by adjusting the difficulty level of the game to easy, medium 

and hard. They obtained a detection accuracy of 53.3% using an SVM with RBF kernel and 

player-independent cross-validation. The performance was improved further by combining 

information from EEG signals at decision level, giving 63.3% accuracy [182]. This inferior 

performance compared to the 76% detection accuracy obtained in the present study reveals 

the superiority of using eye movements over other physiological signals to detect affects on 

the arousal dimension in a gaming context. Friedrichs et al. [54] used a simple side-scrolling 

game to elicit two states of valence (positive and negative) using ECG and GSR signals. 

They obtained an accuracy of approximately 70% using an SVM classifier, which is 

relatively similar to the valence result obtained in this study. However, it was based on only 

two states of valence and obtained using player-dependent cross-validation. Hence, the 

system would be expected to perform well, as information about each player had already 

been learnt. 

Moghimi et al. [55] obtained 98% maximum detection accuracy from EEG, heart rate 

and GSR signals, using an SVM classifier and utilising the same gaming environment 

employed in this study. One possible explanation of this high accuracy is the players’ level 

of gaming experience, as they may have been more experienced than the participants in the 

present study, making their affective responses stronger and easier to distinguish. Another 

possible reason is that the system was evaluated using random folding cross-validation, 

which may have led to the results being overestimated, as the training data may have 

contained samples from the testing player. Therefore, it would be expected that the system 

would perform poorly when new player data was presented to it, given that the physiological 

signals employed, especially EEG signals, typically exhibit high variability among 

individuals [133]. Besides, it is well known that EEG signals are noisy, highly sensitive to 

physiological artefacts [3, 183]  and have shown inferior performance in comparison to eye 

movement signals in many affect detection studies (e.g. [9]). The present study contributes 

to that area of work by investigating new pupillary response features based on the Hilbert 

transform to enhance the affect detection performance. 
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Other studies have evaluated players’ affective experiences in various gameplay 

scenarios using physiological signals, but no automatic affect detection systems have been 

developed and evaluated. A review of these studies can be found in [184]. To the best of the 

author’s knowledge, this thesis is the first to explore, in an interactive virtual gaming 

environment, the use of the eye movement modality in the automatic detection of affective 

states corresponding to the arousal and valence dimensions of Russell’s circumplex model. 

The promising results obtained here (see Table 4.3) suggest the feasibility of using eye 

movement signals for affect detection in preference to other physiological signals, which are 

mostly invasive with no potential for remote sensing (e.g. EEG), especially scenarios where 

the objective is to make the interaction more realistic and enhance the the individual’s 

experience. Moreover, the setup of such physiological sensors is not easy and can discourage 

individuals, in comparison with eye movement tracking sensors.  

 

Table 4.5: State-of-the-art comparison of different affect detection studies in gameplay scenarios 

using physiological signals.  Eye movement signals seem promising for affect detection. 

Study Signals Game Affects Players Method Results 

Chanel et al. [181] Peripheral Tetris Arousal 20 CV 

P.indep 

53.3% 

Chanel et al. [182] Peripheral, 

and EEG 

Tetris Arousal 14 CV 

P.indep 

63.3% 

Friedrichs et al. [54] ECG, and 

GSR 

Simple side-

scrolling 

Positive 

/negative 

valence 

47 CV 

P.dep 

70.0% 

Moghimi et al. [55] EEG, GSR, 

and Heart rate 

Virtual 

interactive game 

Arousal/

valence 

(2D) 

30 CV 

random 

98% 

Current research Eye 

movements 

Virtual 

interactive game 

Arousal 

Valence 

14 CV 

P.indep 

76.0% 

71.4% 

EEG: Electroencephalography, ECG: Electrocardiogram, GSR: Galvanic Skin Response. Peripheral signals include: 

GSR, blood pressure, heart rate, breathing, skin temperature. CV: cross-validation. P.indep: player independent. P.dep: 

player dependant.   

 

 Summary  

This chapter has reported the development of an ADS capable of inferring game players’ 

affective experience using eye movement data from the aGame corpus, collected while they 

interacted with a virtual gaming environment. The players’ self-reported felt affective 

experience was first analysed and the results led to the use of the ground truth labels (as 
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described in Table 3.1), corresponding to the arousal and valence dimensions of Russell’s 

circumplex model, to represent their affective states in analysing aGame corpus data and in 

the affect detection task in this chapter and subsequent chapters. The chapter next detailed 

the detection methods used throughout this study. 

 An affect elicitation analysis of the aGame corpus eye movement signals demonstrated 

that playing in the virtual interactive gaming environment successfully elicited the expected 

affective states from the players, according to the defined ground truth labels. A player-

independent affect detection system was accordingly developed, using different features 

extracted from eye movement signals, namely pupillary response, fixation, saccade and 

blinking. New pupil response features based on the Hilbert transform were also proposed for 

affect detection.  

The analysis of the detection results indicates the feasibility of using eye movement as 

a modality for affect detection in interactive virtual environment, a gaming context, with 

pupillary response features based on the Hilbert transform yielding superior performance on 

the arousal dimension, whereas the saccade and fixation features yielded superior 

performance on the valence dimension. This demonstrates the potential of using eye 

movement sensing to develop affect-aware interfaces suitable for HCI applications such as 

interactive gaming, in order to facilitate adaptive experiences and make the interaction more 

efficient and natural. Although a wearable sensor was employed in this study, due to its 

ability to track pupillary responses with high precision [27], advances in the development of 

remote eye movement tracking sensors offer the potential to enable players to interact more 

freely within the virtual gaming environment, allowing more natural and less invasive 

interaction. The contributions to knowledge outlined in this chapter would be valuable to the 

HCI community and to game designers and developers.  

This chapter has evaluated players’ affective experience over the whole duration of the 

game, but it may change during games in response to in-game events. Thus, it would be 

interesting to evaluate their affective experience continuously. However, establishing the 

ground truth for continuous detection is an open issue that requires further investigation.  

The next chapter investigates the development of an ADS using players’ speech and the 

multimodal fusion of eye movement and speech signals. The findings reported in both 

chapters (4 and 5) are then applied in Chapter 6 to investigate the improvement of ASR 

system performance during affective speech.  
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Chapter 5  

5 Affect Detection from Speech and 

Integration of Modalities  

hapter 4 described how players’ affective experiences elicited while playing various 

games in the interactive virtual environment were investigated and detected 

automatically using eye movement signals. It appears that using eye movement data to detect 

players’ experienced affects performs well in comparison with more invasive measurement 

of physiological signals. This chapter discusses the development of an affect detection 

system using the spontaneous speech data of the aGame corpus, captured via the speak-aloud 

approach. It also investigates the integration of the eye movement and speech modalities to 

enhance the detection process.  
 

 Motivation 

With the expanding use of speech-enabled interfaces in many HCI applications, detecting 

affects from individuals’ speech is attracting considerable attention from the affective 

computing community. Despite advances in this field, speech-based ADS technology has 

not yet been fully integrated into real-life HCI applications. A key challenge is to identify 

the affective states that people actually experience, in other words to obtain realistic affective 

speech responses on which to base the development of a speech-based ADS that performs 

well enough to be used in real-life HCI applications. 

C 
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As mentioned in Chapter 2, since most of the contributions to the field are based on acted 

speech data, which does not reflect realistic affective behaviour, the results cannot be 

generalised to real-life HCI applications. Alternatively, speech data can be collected in real-

life situations (e.g. call centers [8]) or while interacting with artificial agent, but this may not 

contain affective responses and is typically annotated by external observers. A previous 

study by [13] captured affective speech data during dyadic conversations in multi-player 

gameplay scenario. This thesis develops this idea further by considering a player speaking 

aloud while playing in the interactive virtual gaming environment, which allows the 

simulation of real-life HCI. This approach has the potential to capture natural affective 

speech responses reflecting the affective states that players experience, which can be 

detected with meaningful results for real-life HCI scenarios. The previous chapter 

investigated the elicitation of players’ self-reported affective experiences. This chapter 

investigates the degree to which these elicited affective experiences can be automatically 

detected from the captured speech. 

Developing a speech-based ADS that can be generalised to real word is highly desirable 

for speech-enabled HCI applications. However, individuals may deliberately masked or 

faked their affective experience during spontaneous interactions, so detecting the actual felt 

affective states collected from speech data in the aGame corpus may not provide accurate 

results. Since affects are expressed via both external behaviour and internal physiological 

responses, represented by speech and eye movement signals in the aGame corpus, it is 

intuitively likely that information from the eye movement modality will complement speech 

data and that integrating the two modalities will allow a more robust detection of affects. 

The multimodal integration of information from eye movement and speech signals to 

enhance the detection process is investigated in Section 5.4.  

 

 Development of an affect detection system based on acoustic 

speech signals 

 

As described in Chapter 3, speech data was captured by asking players to speak aloud while 

interacting with the gaming environment. It was hypothesised that speech thus captured 

could be used to detect the affective states that players experienced during the game. This 

section explains the development of an affect detection system based on acoustic speech 
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signals collected in the aGame corpus. It describes the signal processing procedure and the 

extracted acoustic features. Finally, it sets out the affect elicitation analysis and detection 

results.  

 

 

Figure 5.1: Overview of the front-end processing of acoustic speech signals. 

 

5.2.1 Acoustic speech signal processing  

The purpose of the acoustic signal processing step was to improve the efficiency of feature 

extraction. Figure 5.1 shows the front-end processing of speech signals prior to the affect 

detection process. The speech signal was first converted to mono by taking the average value 

of the two channels, then downsampled to 16 kHz from the original recording rate of 44 kHz, 

in order to match the baseline ASR system (described in Chapter 6), which was trained on 

16 kHz speech data. 

The speech signal was then filtered by applying a pre-emphasis filter in order to balance 

the spectrum, as given by Equation 5.1. In human speech signals, high frequencies usually 

have lower magnitudes than low frequencies, due to the lip radiation effect [185]. The pre-

emphasis filter compensates for this by boosting the magnitude of high frequencies. It can 

also improve the overall signal-to-noise ratio.  
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𝑦(𝑥) =  1 − 𝛼𝑥−1                                              (5.1) 

 

where 𝑥 is the speech signal and 𝛼 is the filter coefficient, whose values range between 0.95 

and 0.99. In this study, 𝛼 was set to 0.97. 

Speech segments were then extracted by detecting silences, a silence removal step. 

Several algorithms for detecting silences in a speech signal have been proposed [186].  The 

algorithm used in this study applies a simple thresholding scheme on two features: the signal 

energy and spectral centroid. The algorithm is described in [187] and the threshold was 

calculated as given by Equation 5.2. Since voiced units (non-silent speech) are normally 

characterised by high energy and spectral centroid values compared with unvoiced units 

(silent speech) in cases where there is a low level of background noise, the detection of 

silences using this method was deemed efficient for speech signals in the aGame corpus. 

The resultant segments were used for affect detection and later, as described in Chapter 6, 

for ASR system evaluation. Figure 5.2 illustrates an example of the detected speech 

segments. 

 

𝑇 = 
𝑊∗(𝐿1+𝐿2)

𝑊+1
                                                         (5.2) 

 

where 𝐿1 and 𝐿2 are the locations of the first and second local maxima of the smoothed 

histogram of the two features and 𝑊 is a weighting parameter determined empirically by 

trial and error. 𝑇 was calculated separately for each feature sequence.  

 

 

Figure 5.2: An example of detected speech segments/voiced units (red). 
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The speech segments were then divided into short-term windows, also called frames, 

such that within each frame the signal should be approximately stationary. Frame size 

typically ranges between 20 and 30 ms [188], where the vocal tract shape remains relatively 

constant during speech production and the frequency spectrum is thus relatively stationary. 

Approximately half of the window size is typically used as an overlapping interval in order 

to capture changes in the signal over time. In this study, the segments were divided into 

frames of 25 ms with a 15 ms overlap. The resulting frames were then multiplied by a 

hamming window in order to reduce the abruptness of changes in the signal by increasing 

the amplitude at the frame boundaries [189], which helped to avoid the problem of 

discontinuities during frequency domain analysis. The final step of the the front-end 

processing is the feature extraction which is described in the following section. 

 

5.2.2 Extraction of acoustic features  

The main step in speech-based affect detection is to extract the most informative feature set 

in order to effectively represent the speaker’s affective state. As described in Section 2.2.2, 

various acoustic features have been investigated and used in affect detection. However, 

identifying the best feature set remains an open question. The choice of features depends 

mainly on the characteristics of the corpus (e.g. language, act/spontaneous). This thesis 

investigates three acoustic categories widely mentioned in the literature: prosodic, voice 

quality and spectral features. The following subsections describe the key LLDs from each 

category used in this thesis, which have proven to be useful for affect detection.  

Prosodic features 

Four prosodic features have been widely used in affect detection tasks: fundamental 

frequency, energy, speaking rate and zero-crossing rate [13, 83, 87]. 

 

• Fundamental frequency 

The frequency of human speech is controlled by the vocal folds, which are the primary 

source of speech sounds. During speech production, the lungs produce a pressurised airflow 

which passes over the vocal folds [75]. These vibrate to modulate the airflow and produce 

sounds, with the rate of vibration defining the fundamental frequency 𝑓0, which is perceived 
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as voice pitch. Speakers typically modulate their speech 𝑓0 to convey meaning. It has been 

shown that the 𝑓0 carries information about the speaker’s affective state [83, 84]. To estimate 

𝑓0, several algorithms have been developed in both the time and frequency domains [190]. 

The most popular of these is based on the autocorrelation function (ACF), which measures 

the similarity between a given signal and itself [191]. According to [191], 𝑓0 is estimated by 

first shifting the speech signal, then calculating the correlation between the original signal 

and each shift (time lag). The fundamental period 𝑇0 of the periodic signal is then defined as 

the lag in which the autocorrelation is maximised and 𝑓0 can be calculated as given by 

Equation 5.3. At a given time t, 𝑓0 can be computed from the local maxima of the ACF over 

a short-term window centred around t. As speech signals are pseudo-periodic, the 

assumption of periodicity still holds, where the signal repeats itself after a specific period 

𝑇0. This algorithm is simple and considered an accurate way to estimate fundamental 

frequency.  

 

𝑓0 = 1/𝑇0                                                    (5.3) 

 

• Energy  

The source of energy in the speech signal is the pressure in the lungs that impels air through 

the vocal tract. For a given speech signal, the energy over a short-term window can be 

computed by Equation 5.4, where 𝑁 is the frame length. Typically, the energy is normalised 

to account for the dependency on the window length, which referred to as the power of the 

signal.  

 

𝐸 =  ∑ |𝑥(𝑛)|2𝑁
𝑛=1                                                 (5.4) 

 

• Speaking rate 

The speaking rate is defined as the ratio of the total voice to unvoiced speech units’ durations, 

as given by Equation 5.5.   
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𝑆𝑝𝑒𝑎𝑘𝑖𝑛𝑔 𝑟𝑎𝑡𝑒𝑠 =  
𝑣𝑜𝑖𝑐𝑒 𝑢𝑛𝑖𝑡𝑠 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑆

𝑢𝑣𝑜𝑖𝑐𝑒 𝑢𝑛𝑖𝑡𝑠 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑆
                               (5.5) 

 

where 𝑆 is the speech segment. Speaking rate is calculated per speech segment. 

 

• Zero-crossing rate 

The zero-crossing rate (ZCR) is the rate at which the amplitude of the speech signal changes 

from positive to negative values and vice versa. It is typically higher for unvoiced than 

voiced units. The ZCR is calculated as given by Equation 5.6 [190]. 

 

 

𝑍𝐶𝑅 = 1/𝑁∑ |𝑠𝑔𝑛(𝑥(𝑛)) − 𝑠𝑔𝑛(𝑥−1(𝑛 − 1))|
𝑁
𝑛=1                          (5.6) 

 

where N is the frame length and 𝑠𝑔𝑛 equals –1, 0, or 1.  

 

Voice quality features  

Voice quality describes properties of the speech signal such as stressed, harsh, whispery or 

breathy voice. The correlation between voice quality and affects has been studied 

extensively [82, 84]. Voice quality features include jitter, shimmer and harmonic-to-noise 

ratio (HNR). Jitter measures the periodicity variations of the fundamental frequency, while 

shimmer measures the peak-to-peak variations in the energy level of the speech signal. They 

are calculated as given by Equations 5.7 and 5.8 respectively. HNR measures the degree of 

periodicity of the speech signal [191], in other words, the amount of added noise in the 

signal. It can be estimated from the fundamental period 𝑇0 defined using the ACF, as given 

by Equation 5.9.  

 

𝐽𝑖𝑡𝑡𝑒𝑟 =
|𝑓0𝑖−𝑓0𝑖−1|

𝑓0𝑖
                                                  (5.7) 

 

𝑆ℎ𝑖𝑚𝑚𝑒𝑟 =
|𝐸𝑖−𝐸𝑖−1|

𝐸𝑖
                                              (5.8) 
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𝐻𝑁𝑅 = 10 ∗  𝑙𝑜𝑔10  
𝐴𝐶𝐹(𝑇0)

1−𝐴𝐶𝐹 (𝑇0)
                                     (5.9) 

 

where the 𝐴𝐶𝐹(𝑇0) value is the relative power of the periodic signal and its complement is 

the relative power of the added noise.  

 

Spectral features  

Spectral features are used to represent the speech signal in the frequency domain in addition 

to 𝑓0. They can describe the vocal tract characteristics very well [188]. The spectral features 

most commonly used for affect detection are mel-frequency cepstral coefficients (MFCCs) 

[192] and formants. 

 

• Mel-frequency cepstral coefficients 

MFCCs are widely used in automatic speech recognition systems, due to their ability to 

detect what is being said (the spoken words) [192]. MFCC features are also commonly used 

in speech-based ADSs, as they can provide relatively good detection performance in term of 

identifying how something is being said (Section 2.2.2). They are usually robust to noise and 

environmental changes. Recently, MFCCs have been shown to complement the prosodic 

features in affect detection tasks [53, 86]. Figure 5.3 illustrates the main stages involved in 

extracting MFCC features, as described in [193]. 

 

 

Figure 5.3: A block diagram of the MFCC feature extraction process. 

 

To extract MFCC features, DFT [175] is first applied to convert the sequence of speech 

frames from the time to frequency domain and estimate the power spectrum of each frame. 

The power spectrum is then passed through a mel scale bandpass filter bank in order to 

produce mel scale power spectrum coefficients. Finally, the resulting spectrum coefficients 
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are converted into log domain and decorrelated by applying a discrete cosine transform 

(DCT) [194], in order to produce the MFCC features. 

The mel scale [195] is a perceptually motivated frequency scale. It models human 

speech perception frequencies non-linearly, as given by Equation 5.10, where 𝑓 is the speech 

spectrum in the frequency domain and 𝑀(𝑓) is the spectrum in the mel frequency domain.  

 

𝑀(𝑓) = 2595𝑙𝑜𝑔10(1 +
𝑓

700
)                                   (5.10) 

 

The bandpass filter bank includes a set of triangular mel filters that are applied to each 

frame. The filters are equally spaced on the mel scale, which are approximately linear at low 

frequencies (≤ 1 kHz) and logarithmic at high frequencies (> 1 kHz) [192],  in order to model 

the human hearing of high frequency sounds. Figure 5.4, shows an example of the mel scale 

bandpass filter bank. 

The main advantage of using MFCCs is that they can represent the speech signal using 

a small number of coefficients. However, they are referred to as ‘static’ features because 

they describe the spectral characteristics of speech on a frame basis, where the signal is 

relatively stationary. To describe the dynamic behaviour of static MFCCs over time, delta 

(Δ) and acceleration (ΔΔ) coefficients are calculated for each MFCC by taking the first and 

second order time derivatives respectively. Typically, the first 13 MFCCs with their Δ and 

ΔΔ coefficients are used for affect detection [99], where the first coefficient represents the 

energy component and the remaining coefficients describes the vocal tract shape 

representing speech articulation [188].   

 

• Formants 

Formants are acoustic energies concentrated at specific frequencies in the speech signal, 

because of acoustic resonance in the vocal tract, and can be described by their centre 

frequencies and bandwidth [53]. Formant frequencies occur at approximate intervals of 1 

kHz. They depend on the vocal tract shape, which is modified during affective speech, thus 

affecting the formants. The voice units of a speech signal can include more than four 

formants, the frequencies and bandwidths of the first and second formants being typically 

used for affect detection [83]. A simple method to extract formant frequencies and 
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bandwidths is based on linear predictive coding (LPC) analysis [196], where the vocal tract 

is modelled as a linear filter of p-order. The order refers to the number of LPC coefficients 

in the filter and is generally recommended to be equivalent to the speech sampling rate in 

kHz plus two [197]. For the 8 kHz bandwidth, for example, 18 LPC coefficients are used 

between 0 and 8 kHz, such that there are two coefficients for each 1 kHz of the speech 

frequency spectrum, while the remaining two coefficients are used to model the spectral 

slope. Once the speech signal has been subjected to LPC analysis, the formant frequencies 

and their bandwidths can be simply estimated by finding the peaks in the filter responses 

using the ‘peak picking’ method, which involves Fourier transform analysis: the peaks 

determine the formant centre frequencies and their spread determines the bandwidth.  

 

 
Figure 5.4: An illustration of the mel scale filter bank, with 26 triangular filters, for 8 kHz bandwidth. 

At the centre frequencies the filters’ response is 1, then it decreases linearly towards 0. The filters 

have a response of 0 at the centre frequencies of adjacent filters, where they overlap. 

 

Statistical features were computed over the extracted LLD feature sequences to generate 

game-level features, as shown in Table 5.1. A total of 300 features were extracted from each 

player’s speech, comprised of 50 LLDs and six statistical features. Variability between 

players was minimised by scaling all features between 0 and 1 (Equation 4.13). Front-end 

processing including feature extraction was performed using MATLAB. 
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5.2.3 Affect elicitation analysis 

This section considers the influence of players’ affective states, elicited in the virtual 

interactive gaming environment, on their speech signals. This is done by investigating the 

differences of acoustic features across the three different affective states, on the arousal (low, 

neutral and high) and on the valence (positive, neutral and negative), extracted from speech 

data in the aGame corpus. One-way repeated measures ANOVA was applied to determine 

whether the differences between the means of these features were significant on both 

dimensions, separately. 

Due to affect elicitation, significant increases in average 𝑓0 and energy were observed 

in HA games in comparison to LA and N games, 𝑝 < 0.05 (Figure 5.5). However, 𝑓0 and 

energy features did not yield significant changes across the valence dimension, 𝑝 > 0.05. 

This is consistent with previous studies which report that the variations in 𝑓0 and energy are 

correlated with the arousal dimension (see Chapter 2).  

A significant increase in the average ZCR was observed in HA games, followed by LA 

then N games, 𝑝 < 0.05. Similarly, on the valence dimension, the largest increase was 

observed for PV and NV games, then N games, 𝑝 < 0.05. The variations in speaking rate 

across the different games on both the arousal and valence dimensions were found to be 

insignificant, 𝑝 > 0.05. This indicates a consistency in terms of speaking rate across the 

Table 5.1: Features extracted from speech signals. 

Feature Category Extracted features 

Prosodic Fundamental frequency. 

Energy 

Speaking rate and zero-crossing rate 

Voice quality Jitter, shimmer and harmonic-to-noise ratio 

Spectral 13 MFCCs, with their  𝚫 MFCC, and  𝚫𝚫 MFCC 

coefficients. 

The first two formant frequency and their bandwidth. 

Statistical features Mean, standard deviation, range, maximum, minimum, 

and root mean square. 
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games on both dimensions, which means that players were speaking out loud as instructed 

during the games. In terms of affect detection, it seems that speaking rate features were less 

useful.  

As to spectral features, on average several MFCC features were significantly different 

across both dimensions, 𝑝 < 0.05.  Table 5.2 provides a list of the most relevant MFCCs. It 

can be seen from the table that MFCCs were more indicative of the arousal dimension, as 

more features were found to be significant. However, the relevance of MFCC features over 

the valence dimension seems to be in agreement with [79], who argue that valence states 

influence speech articulation characteristics. In regard to formant features, the variations of 

the average formant frequencies and bandwidths were found to be significant on the arousal 

dimension, 𝑝 < 0.05, whereas the changes in formant features mean on the valence 

dimension were insignificant, 𝑝 > 0.05. 

 

Table 5.2: List of the most relevent MFCCs (𝑝 < 0.05) on both the arousal and valence 

dimensions.  

 MFCC 𝚫 MFCC 𝚫𝚫 MFCC 

Arousal 0,2,3,4,5,6,7,8,9,10,11,12 1,4,11 5,7,11,12 

Valence 0,2,5,6,8,9,10 1,7 0,5,7,12 

 

Regarding voice quality features, players in HA games were on average characterised 

by a significantly higher shimmer and HNR than in N followed by LA games, 𝑝 < 0.05. 

Jitter features, however, did not yield significant changes across the arousal dimension. No 

significant variations corresponding to voice quality features were noted across the valence 

dimension, 𝑝 < 0.05. This indicates that voice quality features are potentially useful for 

affect detection on the arousal dimension. 

It can be concluded that the interactive virtual gaming environment successfully 

induced different affective responses from the players’ speech. These responses were more 

indicative of the arousal dimension and were less likely to be associated with the valence 

dimension, which is consistent with previous studies (e.g. [13, 90]). Accordingly, acoustic 

features of speech have the potential to be used in detecting players’ affective experiences 

on the arousal dimension, elicited in the interactive virtual gaming environment, but are less 
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useful in discriminating affects on the valence dimension. Overall, the results suggest that 

the players expressed their felt affective experiences while playing by utilising the speaking-

out-loud paradigm as instructed. 

 

 

Figure 5.5: Box plots showing different acoustic features on different levels of the arousal and 

valence dimensions. One-way repeated measures ANOVA results showed signfiicant differences 

between featuers’ means across the affective states of both dimensions (𝑝 < 0.05). 

 

5.2.4 Experiment settings  

In a similar way to that explained in Chapter 4 (Section 4.4.4) for the eye movement-based 

ADS, an SVM classifier with RBF kernel was employed to detect the affects that players 

experienced on the arousal and valence dimensions using acoustic speech signals. The 

acoustic feature sets whose extraction is described in Section 5.2.2 were used to create 

feature vectors for the ADS. A ‘leave one player out’ cross-validation strategy was employed 

to evaluate the system’s performance. Accordingly, at each iteration, a feature vector of one 

player was left out for testing and the feature vectors of the remaining players were used to 
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train the system (Section 4.3.4). Prior to affect detection, the FDR was applied to each 

training set to select discriminative features across the states. The threshold was set 

empirically during the experiment. The SVM-RBF parameters (𝐶 , 𝛾 ) were tuned using 

tenfold cross-validation on the training data over the range [2−5, 215] by grid search, and 

parameters that yielded the best performance are empirically determined. Detection 

performance using different features sets and the combined vectors of all the features is 

reported below in terms of detection accuracy, averaged over players. 

 

5.2.5 Results 

Table 5.3 and Figure 5.6 show the detection accuracies obtained using different acoustic 

feature sets separately and the combined features together, on both the arousal and valence 

dimensions. From the results acoustic features accuracies were higher than the random level 

of 33.33% on the arousal dimension, indicating their ability to detect the players’ affective 

states elicited in the interactive virtual gaming environment. Regarding prosodic features, 

the best detection performance on the arousal dimension was 53.5% accuracy, achieved 

using the ZCR. Speaking rate features, with only 39.3% detection accuracy, do not seem to 

be suitable measures for detecting arousal states, as it is not significantly better than random 

(Figure 5.6). This supports the analysis results reported in Section 5.2.3. The performance 

of voice quality features, at 44.1% accuracy, was no better than the best prosodic features. 

As to spectral features, the best performance was obtained using MFCCs, with the highest 

accuracy of 58.3%. Comparing the accuracies obtained from each acoustic feature in Figure 

5.6, the MFCC was the most important feature set in terms of detecting affective states on 

the arousal dimension. This result is consistent with other studies reported in the literature 

(e.g. [86, 90]). 

On the valence dimension, prosodic features do not seem to provide stable information 

about valence states, as the accuracies were not significantly better than chance, especially 

for speaking rate, where accuracy was clearly below the random level (see Figure 5.6). This 

is not surprising, as the analysis in Section 5.2.3 reveals that acoustic features do not provide 

sufficient information to discriminate between states on the valence dimension. The best 

accuracy was achieved with ZCR at 44.1% accuracy, followed by MFCC at 40.5%. The 
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difficulty in detecting valence states from acoustic features seems to be in agreement with 

previous findings [13, 90].  

 

Table 5.3: Affect detection results for different acoustic feature sets on the arousal and valence 

dimensions. Combined acoustic features performed best on arousal dimension, whereas ZCR 

performed best on valence dimension. 

Feature sets 
% Detection accuracy  

Arousal Valence  

𝑓0 41.7 38.1 

Energy 46.4 39.3 

ZCR  53.5 44.1 

Speaking rate 39.3 30.1 

Voice Quality 44.1 36.9 

MFCC 58.3 40.5 

Formants  48.8 35.71 

Combination 65.5 41.5 

 

 
Figure 5.6: Bar graph of detection accuracies on the arousal (top) and valence (bottom) dimensions 

using different acoustic feature sets with 95% confidence intervals (n=14). Better accuracy indicates 

greater importance of the feature set for the affect detection task. Straight line (red) shows random 

accuracy. 

 

 

On the arousal dimension, the combination of all acoustic feature sets yielded a 

performance of 65.5% accuracy, superior to the best feature set (MFCC) (𝑝 < 0.05 - paired 
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sample t-test). On the valence dimension, however, using all the feature sets together yielded 

an accuracy of 41.5%, a performance inferior to that of the best feature set, ZCR. This 

indicates that using all acoustic features did not enhance detection performance and that ZCR 

can effectively model the valence dimension. Note that speaking rate features were excluded 

due to their poor performance compared with other feature sets on both dimensions. As can 

be seen in Figure 5.7, all acoustic features except speaking rate seem to be more informative 

for the HA state than the other states. On the valence dimension, speech features seem to be 

more informative of the NV and N states than of the PV state. The low accuracies below 

chance observed for some states might be due to high confusion with the other states, where 

the feature set does not carry sufficient information to distinguish that state from others. 

Moreover, the ADSs were developed based on small dataset from fourteen players (Section  

3.5), therefore the detection performance using these features could be improved with more 

training data.  

Direct comparison with reported results in the literature is not possible (e.g. Table 2.1), 

because of differences in the dataset characteristics (e.g. languages, interaction method such 

as WOz scenario or natural human-human interaction). Nevertheless, the reported results are 

in line with studies of affect detection from spontaneous speech in gameplay scenarios (e.g. 

[13] with average accuracies of 59% and 56% on arousal and valence dimensions 

respectively), which confirms that this is a challenging task compared to detecting affect 

from acted speech. A possible reason is that speech is a behavioural signal produced by the 

vocal tract which can to a large extent be deliberately controlled and manipulated by the 

speaker. Hence, spontaneous speech captured in relatively natural settings, e.g. virtual 

interactive gaming environment, may not provide precise information about the felt affective 

state. In the case of acted speech, affects are typically portrayed by actors. Consequently, it 

is expected that the differences in speech characteristics across different affective states are 

clear and can be detected easily with high accuracy, in a way that cannot be generalised to 

real-life HCI applications. Overall, the results obtained emphasise the need for a more 

reliable indicator of the actual affective responses of individuals during natural HCI, in order 

to improve the performance of the speech-based ADS. The next section considers affect 

detection using linguistic information obtained from speech signals, then Section 5.4  reports 

an attempt to integrate eye movement as an additional modality to speech in order to improve 

the detection of players’ affective experience. 
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Figure 5.7: Detection accuracies per affective state on the arousal (left) and valence (right) 

dimensions using different acoustic feature sets. 

 

 

 Development of an affect detection system based on the lexical 

content of speech 

 

The previous section considered the detection of players’ affects from acoustic speech 

signals. As discussed in Chapter 2, the linguistic content of a speech signal can carry 

information about the affective state experienced by the speaker, typically expressed using 

certain words, e.g. ‘no’ to convey negative affect. The relation between spoken words and 

affects has been widely studied in psychology [105] and has been exploited for automatic 

affect detection (Section 2.2.2). The purpose of the work reported in this section is to 

determine whether the spoken words in the aGame corpus carry affective information and 

can be used effectively to detect players’ affects on the arousal and valence dimensions.  

The following subsections describe the development of an affective lexical dictionary, 

the representation of lexical features and the conduct and results of an affect detection 

experiment using different lexical feature representations.  

 

5.3.1 Affective lexical dictionary  

A common step in text-based detection problems is to identify the content that is relevant to 

the task. The aGame corpus consists of game-oriented words that are associated with the 
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visual field and the game task, as illustrated in Figure 5.8. Clearly, not all of the words in 

the corpus are related to affects (e.g. ship, maze, torpedo, etc). Thus, to detect affective states 

from lexical content it was necessary to identify the most relevant vocabulary associated 

with the affective states in question. Lee et al. [106] introduced the measure of ‘affective 

salience’ to give an insight into the affective meaning of spoken words in the application of 

affect detection. This measures the amount of information that each spoken word carries 

about affects, based on pairwise mutual information (PMI) [198], where a word is considered 

to be salient with respect to an affective state if it occurs more often within that state than 

other states. In this work, the PMI measure was adapted to create the affective lexical 

dictionary for each affective state in the aGame corpus. 

 

Figure 5.8: An example of Game-oriented words found in the aGame corpus. 

 

The PMI weights the lexical content in the aGame corpus based on their pairwise 

semantic dependency on the affective states on both the arousal and valence dimensions. 

The PMI between a word 𝑤 and an affective state 𝑎 is determined as given by Equation 5.11.   

 

𝑃𝑀𝐼𝑤,𝑎 = log (
𝑝(𝑎|𝑤)

𝑝(𝑎)
)                                            (5.11) 

 

where 𝑝(𝑎|𝑤) is the estimated posterior probability that the word 𝑤 implies affect state 𝑎 

and 𝑝(𝑎) is the estimated prior probability of affect state 𝑎 in the aGame corpus. The PMI 

gives positive weight when there is a meaningful semantic dependency and zero when the 
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word 𝑤 is unrelated to affective state 𝑎. A PMI weight can be negative, indicating that the 

association between the word 𝑤 and affect state 𝑎 is meaningless or random. Since higher 

PMI weights indicate more interesting semantic associations, only positive PMI (PPMI)39  

values are considered; otherwise the PMI value is zero, indicating an uninformative 

association between words and affective states, as given by Equation 5.12. It is suggested 

that PPMI can provide better semantic associations [199].  

 

𝑃𝑃𝑀𝐼𝑤,𝑎 = 

{
 
 

 
 
0                   𝑖𝑓 𝑃𝑀𝐼𝑤,𝑎 < 0

   

𝑃𝑀𝐼𝑤,𝑎               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
                   

                                      (5.12)        

 

To create the affective lexical dictionary, the raw transcriptions in the aGame corpus 

were subjected to linguistic processing. The transcriptions were tokenised by extracting the 

vocabulary then removing stop words (e.g. ‘a’, ‘the’, ‘and’, ‘that’), as they do not convey 

affective meanings. This is a general practice in text-based detection problems. It was also 

observed that game-oriented words were highly correlated with the games, which implies 

strong semantic association with the elicited affective states. Therefore, it was essential to 

remove these words, in order to avoid selecting words related to the game task rather than 

to the elicited affective state. Once the PPMI for the remaining vocabulary had been 

estimated, on both the arousal and valence dimensions, the lexical dictionary for each 

affective state was formed by selecting the words with maximum PPMI weight above a 

predefined threshold (determined empirically) for that state. Both the linguistic processing 

and the PPMI estimation were done using the ‘leave one player out’ strategy, where an 

affective dictionary for each player was created from the speech transcriptions of all other 

players. Thus, fourteen dictionaries were created, one for each test player. Table 5.4 lists 

examples of words having maximal association with the affective states. 

 

 

                                                 
39 PPMI is a variant of PMI where negative values are replaced with zeros. 
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Table 5.4: List of words in the aGame corpus that maxiamully associated with affective states on 

both the arousal and valence dimention. 

 N PPMI HA/PV PPMI LA/NV PPMI 

 Fairly 1.69 Fantastic 0.87 Sorry 0.92 

Pretty 1.40 Jesus 0.87 Hope 0.92 

Nice 1.28 Stop 0.66 Good 0.52 

Sweet 1.18 Crap 0.55    Whoa 0.48 

 Fairly 1.69 People 0.94 Jesus 0.86 

Pretty 1.40 Annoying 0.71 Weird 0.86 

Nice 1.28 Crap 0.68 Stop 0.80 

Sweet 1.18 Challenging 0.65 Frustrating 0.68 

 

Creating a lexical dictionary using the PPMI measure can be viewed as a feature 

selection process by which words with low weight are removed. An alternative approach to 

creating the lexical dictionary is the term frequency-inverse document frequency (TF.IDF) 

[199] (see Section 5.3.2), which, in common with PPMI, assumes that words occurring more 

frequently in a given context than in other contexts have high information content related to 

that context. However, it has been shown that PPMI is better at measuring semantic 

information between words and contexts [199], and it has been successfully applied to affect 

detection [106, 107]. Hence, it was used in this work to create the affective lexical dictionary 

from the aGame corpus. 

 

5.3.2 Lexical feature representation 

Machine learning algorithms such as SVM naturally do not take vocabulary items as input 

features. Hence, to detect affects from linguistic content, lexical features must be captured. 

Each speech transcription 𝑡 can be represented by a lexical feature vector 𝑓𝑡= {𝑟1, 𝑟2,…, 𝑟𝑛}, 

where n is the size of a predefined vocabulary 𝑉 and 𝑟𝑖 denotes the lexical representation of 

the 𝑖𝑡ℎ vocabulary item occurring in 𝑡. This is called vector space modelling (VSM), which 

was first developed to represent linguistic content in information retrieval systems [200] and 

has since been used successfully in text classification/semantic processing applications 

[199]. The type of VSM most widely employed in lexical-based ADS is the BOW model 

[53], which represents the linguistic content in a numerical feature space using various 

values. The BOW representations that were investigated in this study were binary vectors, 
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term frequency (TF) and TF.IDF. The binary vector consists of ones or zeroes to indicate 

the occurrence or absence of words from the predefined vocabulary in each speech 

transcription 𝑡. The TF vector takes the normalised word counts as values, instead of ones 

and zeroes. The TF.IDF value is calculated by weighting the TF with the inverse document 

frequency (IDF), as given by Equation 5.13. The IDF is calculated as the log ratio of the 

number of all speech transcriptions 𝑁 in the training data to the document frequency 𝐷𝐹𝑤, 

which denotes the number speech transcriptions that contain a given word 𝑤. It has been 

shown that TF.IDF weighting outperforms TF in information retrieval applications [199]. 

 

 

𝑇𝐹. 𝐼𝐷𝐹𝑤,𝑡 =  𝑇𝐹𝑤,𝑡 ∗ 𝐼𝐷𝐹𝑤 = 𝑇𝐹𝑤,𝑡 ∗ log(
𝑁

𝐷𝐹𝑤
)                     (5.13) 

 

BOW representations are high dimensional, depending on the size of the vocabulary, 

and most elements have zero values for a given speech transcription. Another low 

dimensional approach to lexical feature representation that has been shown to outperform 

BOW representations is based on pairwise mutual information [107], (PPMI in this study). 

In this approach, the feature space is represented by the average of the PPMI values of the 

predefined vocabulary that occurs in the speech transcription for each affective state. For a 

given speech transcription 𝑡= {𝑤1, 𝑤2,…, 𝑤𝑛} and affective state 𝑎, the 𝑃𝑃𝑀𝐼𝑎,𝑡 is 

calculated as given by Equation 5.14, where the PPMI value of each word occurring in the 

vocabulary is estimated from the training data. 

 

𝑃𝑃𝑀𝐼𝑎,𝑡 =
1

𝑛
∑ 𝑃𝑃𝑀𝐼𝑤𝑖
𝑛
𝑖=1         , 𝑤ℎ𝑒𝑟𝑒 𝑤𝑖  ∈ 𝑉                    (5.14) 

 

5.3.3 Experimental settings 

The ADS for detecting the players’ affective experience, see Section 4.2,  based on the 

lexical content of the aGame corpus, using different representations, was developed using 

an SVM classifier with RBF kernel (Chapter 4, Section 4.3.1).  The evaluation was 

conducted using ‘leave one player out’ cross-validation, as explained in Section 4.3.4. For 

each iteration, an affective lexical dictionary (Section 5.3.1) was used to extract the lexical 
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features (described in Section 5.3.2) from players’ manually transcribed speech40 in both the 

training and testing sets. The SVM parameters (𝐶 , 𝛾 ) are optimized over ten iterations on 

the training data by grid search over the range [2−5, 215]. The result is reported in terms of 

detection accuracy averaged over players. 

 

5.3.4 Results 

Table 5.5 and Figure 5.9 present the affect detection performance results, based on different 

representations of the lexical content in the aGame corpus on the arousal and valence 

dimensions. From the results, lexical features performed better on the valence dimension 

and that the PPMI-based lexical representations clearly outperformed the BOW 

representations, yielding 56.4% and 62.8% accuracy on the arousal and valence dimensions 

respectively. This feature considers the PPMI weight contributed by all vocabulary items 

appearing in the speech transcription. The results suggest that spoken words in the aGame 

corpus have less predictive power on the arousal than the valence dimension. Furthermore, 

lexical features provide better results than acoustic features (Section 5.2.5) on the valence 

dimension, which is in line with previous findings (e.g. [13, 90]).  However, the lexical data 

performed less well than the best eye movement features on both dimensions (Section 4.4.5).  

 

Table 5.5: Affect detection results using different lexical features. PPMI feature performed best on 

both dimensions. 

Features 
% Detection accuracy  

Arousal Valence  

BOW-Binary 46.2 52.6 

BOW-TF 47.4 53.8 

BOW-TF.IDF 50.0 56.4 

PPMI 56.4 62.8 

 

                                                 
40 Speech transcription here refers to the aggregated transcription of all speech segments during the whole duration of the game. 
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Figure 5.9: Bar graph of detection accuracies on the arousal and valence dimensions using different 

lexical features, with 95% confidence intervals (n=14). All features provided better accuracy than 

the random level of 33.33% (straight line in red).   

 

 

Overall, the results show that the linguistic content of the aGame corpus carries 

information about the affective states that players experienced on both dimensions. In the 

real world, however, an accurate transcription of players’ speech is not available and affect 

prediction from spoken words would have to rely on ASR output as an alternative to manual 

transcription. Several studies have explored the use of ASR output to detect affects from 

spoken words and have recorded a poorer detection performance (e.g. [90, 107, 109, 112, 

114]). This is generally because of the poor performance of the ASR systems during affective 

speech. Hence, it is believed that the absence of accurately transcribed speech in real-life 

HCI applications makes it impractical to use lexical information to detect affects. For 

example, using affective information predicted based on spoken words to improve ASR 

system performance during affective speech would result in a close loop as the transcription 

has to be obtained from ASR system first. However, as spoken words in the aGame corpus 

carry affective information, this data can be exploited to model affective language in an ASR 

system and improve its performance accordingly, as discussed in Chapter 6.  

The following section explains how information from both eye movements and speech 

modalities was combined to enhance the detection of players’ experienced affects. 

Information based on lexical content was not included, on the assumption, discussed above, 

that in the real world accurate transcription would not be available for use in the ADS; the 
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goal was to use as much available information as possible in the affect detection task and for 

use later to develop affect-robust ASR system, without depending on unreliably transcribed 

ASR output.  

 

 Multimodal-based Affect detection system  

According to the results reported in Section 5.2.5 and in Chapter 4, Section 4.4.5,  it can be 

less reliable to detect affective states from spontaneous speech than from eye movements, 

because individuals can manipulate and control their speech more readily than the 

physiological responses reflected in their eye movements. However, since eye movement 

and speech signals provide affective information from two different sources, the ANS and 

the vocal tract, it is hypothesised that they are complementary and that they can be used 

together multimodally to detect players’ affective states more robustly. This section explains 

how a multimodal affect detection system using eye movement and speech signals was 

developed and evaluated. 

 

5.4.1 Modality integration methodology  

To integrate eye movement and speech modalities, two approaches were taken: feature-level 

fusion (FLF) and decision-level fusion (DLF) (Figure 5.10). These are the methods most 

commonly used in multimodal affect detection [4].  

In FLF, the multimodal system is built by combining the feature sets from both 

modalities into a general feature vector. The fused feature set is then subjected to feature 

selection and detection. In the present work, the feature sets from the respective modalities 

used in FLF integration were the combined acoustic features and PRHT feature sets on the 

arousal dimension, and the ZCR and SAC+FIX feature sets on the valence dimension. These 

were selected on the basis of the results reported in Chapter 4, Section 4.4.5 and in Section 

5.2.5. 
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Figure 5.10: Overview of the modality fusion framework using both feature-level (FLF) and 

decision-level fusion (DLF). 

 

In the DLF approach, detection is performed separately on each modality, then the 

output scores from the unimodal systems are combined to obtain the final detection results. 

Accordingly, the scores of the ADS system which performed best on each modality were 

selected for integration (Section 5.2.5 and Chapter 4, Section 4.4.5). The sum rule was used 

as the integration method to combine the scores of the unimodal ADSs, as given by Equation 

5.15. It was chosen for its simplicity and successful use in affect detection systems [9, 130]. 

Other integration methods such as bayesian belief integration, product/maximum rules and 

weighted sum were also investigated and found not to yield better results. 

 

 𝑎𝑚𝑚 =  ∑
1

|𝑄|
𝑆𝑞(𝑎, 𝑥) 𝑞∈𝑄                                          (5.15) 

 

where 𝑎𝑚𝑚 is the sum of output scores from the unimodal systems for the affective state 𝑎, 

𝑄 is the ensemble of the unimodal systems used for fusion and 𝑆𝑞(𝑎, 𝑥) is the score when 

detecting a given sample 𝑥 by unimodal system 𝑞. The affective state with the highest 𝑎𝑚𝑚 

score was then selected as the final decision on the player’s state. The scores represent the 

posterior probabilities of the detection system for classifying samples as one of the 

predefined affective states.  
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5.4.2 Results 

Table 5.6 shows the detection results for the multimodal-based ADSs using each integration 

approach, along with the relative improvement over the best unimodal ADSs. Figure 5.12 

illustrates the confusion matrices for the best unimodal ADSs and the modality fusion 

approaches, showing the detection accuracies of different states of arousal and valence 

dimensions. 

 

Table 5.6: Affect detection performance using both eye movement and speech as input modalities, 
based on feature and decision level fusion approaches, on the arousal and valence dimensions. 

*Significant improvement (p <0.05) over the best unimodal ADSs. 

Modality integration 
FLF DLF 

Arousal Valence Arousal Valence 

% Detection accuracy 71.3 64.3 85.7* 68.6* 

% Relative improvement - Eye -6.2 -10.0 13.8 -4.0 

% Relative improvement - Speech 8.9 46.0 30.8 55.7 

 

For the FLF approach, the multimodal-based ADS achieved superior performance 

compared to the best ADS results of 65.5% and 44.1% using speech modality alone (Section 

5.2.5), yielding 8.9% and 46% relative improvement on the arousal and valence dimensions 

respectively. When compared with the eye movement modality, the multimodal-based ADS 

did not outperform the best performing ADS on either of the dimensions (Chapter 4, Section 

4.4.5). The observed improvement in performance over the speech modality suggests that 

eye movement provides complementary information, which demonstrates the importance of 

using it as an additional modality to speech at feature level to detect affects more robustly.  

The integration approach based on the unimodal ADS decisions yielded further 

improvement compared to feature-level integration. The performance obtained was superior 

to the best eye movement and speech-based ADS results on the arousal dimension, yielding 

85.7% accuracy. This is a relative improvement of 13.8% and 30.8% over using the 

respective single modalities of eye movement and speech, which indicates that integrating 

their output scores can better model players’ affective states on the arousal dimension and 

effectively enhance detection performance over the single modality approach. DLF also 

outperformed the best speech-based ADS result on the valence dimension, yielding a relative 

improvement of 55.7%. However, it did not outperform the best eye-movement-based ADS.  
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The comparative performance of the three ADSs on the arousal and valence dimensions 

is shown in Figure 5.11. The repeated measures ANOVA with Bonferroni correction for 

pairwise analysis was applied to determine whether the differences in the average 

performance between the best unimodal (Section 4.4.5 and 5.2.5) and multimodal-based 

ADSs, using DLF, were statistically significant. Significant differences in average accuracy 

were found on both the arousal and valence dimensions, 𝑝 < 0.05. The pairwise post-

comparison test showed that the improvement in performance between DLF and speech-

based ADS on average was significant on both dimensions, 𝑝 < 0.05. Significant 

improvement was also found on the arousal dimension between decision fusion and eye 

movement-based ADS utilising the PRHT feature set, 𝑝 < 0.05, which suggests that the two 

modalities provided complementary information on players’ affective states on the arousal 

dimension. No significant difference was found between eye movement and multimodal-

based ADS performance on the valence dimension, however, 𝑝 > 0.05. 

 

 
Figure 5.11: A bar plot comparing the best unimodal systems performances with multimodal-based 

ADS uaing DLF approach, on the arousal and valence dimensions, with 95% confidence intervals 

(n=14). 

 

The complementary nature of information from the eye movement and speech 

modalities was investigated further by analysing the confusion matrices shown in Figure 

5.12. It can be observed that on the arousal dimension, the HA state was detected very well 

using the speech modality, at up to 89% accuracy, while the N and LA states were well 
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detected using the PRHT feature set of the eye movement modality. Supplementing the 

speech modality with affective information from eye movements at feature level reduced the 

confusion between LA and the other states, improving detection accuracy to 71.1%. 

Similarly, the confusion between the N and HA states was reduced, yielding 50% detection 

accuracy. On the other hand, information from speech contributed to improving the accuracy 

with which the HA state was detected to 93%. The accuracy of detection of both LA and N 

states was improved further by decision-level fusion, achieving superior accuracy on all 

arousal states in comparison to the best unimodal ADSs. This supports the hypothesis that 

both modalities carry important complementary information regarding the players’ affective 

states on the arousal dimension and that combining them can enhance affect detection 

performance. 

On the valence dimension, the NV and N states were detected with high accuracy, up 

to 75% and 71% respectively using eye movements, while the PV state was detected with 

the lowest accuracy in both modalities. Combining information from eye movements helped 

to reduce the uncertainty in detecting the players’ affective states from speech alone and 

improved the detection accuracy of both NV and PV states, but neither fusion approach 

improved the accuracy with which the N state was detected. Combining eye movement 

information with that from speech at decision level improved the accuracy of detection of 

the NV state by 4%. This gives some insight into the possible complementarity of the two 

modalities on the valence dimension, as each represents a different source of affective 

responses: the ANS and the vocal tract. 
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Figure 5.12: Confusion matrices for the best unimodal ADS and different modality integration 

approaches on the arousal and valence dimensions. 

 

 

 Summary 

The ultimate goal of research in the speech affect detection field is to develop detection 

systems that can identify the actual affective state experienced by individuals from their 

speech. Chapter 3 reported on the collection of spontaneous speech data in an interactive 

gaming environment, using the speak-aloud approach. This chapter has considered the use 

of this data to infer the affective states experienced by players, by analysing both acoustic 

and lexical characteristics, that most widely used by studies reported in the literature. It has 

also investigated the performance improvements arising from the integration of speech and 

eye movement data in a multimodal system.  

The analysis of acoustic features in Section 5.2, shows that the expected affective states 

were successfully elicited from the players. This result provides some interesting insights 
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into the effectiveness of evaluating the affective states elicited from the spontaneous speech 

of players in an interactive virtual gaming environment using the speak-aloud approach. A 

player-independent ADS based on the acoustic features of speech was developed to detect 

the affects experienced by players on the arousal and valence dimensions. The results show 

that information on speech acoustics can be used to detect players’ affects on the arousal 

dimension, with MFCC being the most important feature. However, it did not perform well 

on the valence dimension. Section 5.3, investigated affect detection based on the lexical 

content of players’ speech. The PPMI measure was used to obtain the lexical content related 

to the elicited affective states on both dimensions. The results show that the lexical content 

of the aGame corpus could be used effectively to model players’ affective states on the 

valence dimension, but it did not outperform the acoustic features on the arousal dimension. 

Although the speech-based ADSs developed here yielded good results on the arousal and 

valence dimensions by utilising speech acoustic and lexical information respectively, their 

performance was inferior on both dimensions to the best eye-movement-based ADS reported 

in Chapter 4. 

Section 5.4 explored the integration of the eye movement and speech modalities using 

feature- and decision-level approaches, in order to develop a more robust ADS on both the 

arousal and valence dimensions. The results reveal that the two modalities carry important 

complementary information and suggest that integrating them at decision level can model 

the players’ affective states on the arousal dimension more effectively than either single 

modality. Moreover, information from eye movements reduced the uncertainty in detecting 

affects from the speech modality, revealing the potential for using eye movements to aid 

speech in detecting players’ affects multimodally on the valence dimension.  

This chapter has highlighted the use of eye movements as an additional modality to 

speech to enhance the accuracy of affect detection and facilitate the development of robust 

affect-aware speech-enabled interfaces. Although the aGame corpus of speech data is 

relatively small, the results open a prospect for developing a large spontaneous speech 

corpus representing actual experienced affective responses, elicited in an interactive virtual 

gaming environment, which would be valuable for the HCI and speech recognition 

communities. 
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Chapter 6 demonstrates the benefit of using eye movement signals as an additional 

modality to speech in a speech-enabled interface, by investigating its application to ASR to 

improve the recognition of affective speech.  
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Chapter 6 

6 Multimodal Affect-Robust ASR 

System 

 

he recognition of affective speech is a challenging task and it is well known that affects 

tend to downgrade the performance of automatic speech recognition (ASR) systems. 

Previous studies (as discussed in Section 2.3) have attempted to extract affective information 

from speech in order to detect affects and adapt ASR systems accordingly. However, relying 

on affective information from the speech modality to improve ASR performance might not 

be robust enough, especially in the case of spontaneous speech. 

The previous two chapters have reported investigations involving the detection of 

affective states from eye movement and speech modalities that were elicited in an interactive 

virtual gaming environment. Work on the proposed affect detection systems suggests that 

combining both modalities is beneficial and that eye movement provides better accuracy 

than the speech modality, in terms of detecting the affective state experienced by the players. 

Building on these results, it is believed that using eye movement as additional modality in 

ASR can enhance the recognition of affective speech. To the author’s knowledge, no studies 

have attempted to use eye movement in ASR systems to enhance the recognition of affective 

speech. Previous attempts have purely focused on speech modality (e.g. [33-35]). 

This chapter investigates the benefits of integrating affective information from eye 

movement and speech, either unimodally or multimodally, into an ASR system to enhance 

the recognition of affective speech. It contributes to the previous work in this research area 

by considering information from eye movements rather than relying on speech modality 

T 
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only. The following section provides a brief overview of ASR systems and the next describes 

the proposed integration architecture for building an affect-robust ASR system. Subsequent 

sections report the various experiments which were conducted to evaluate the proposed 

system using the aGame corpus. 

 

 ASR system overview 

Automatic speech recognition systems enable machines to understand human speech by 

converting acoustic signals into readable text. This can be seen as a search process, where 

the goal is to find the word sequence corresponding to a given acoustic signal. A standard 

ASR system consists of five basic components, as shown in Figure 6.1. The input speech 

waveform is transformed into a sequence of acoustic feature vectors 𝑌 = { 𝑦1, 𝑦2 , … . , 𝑦𝑛} 

during the feature extraction process. The acoustic model provides a probabilistic 

representation of the acoustic features 𝑌 of a given word sequence W= (𝑤1 , 𝑤2  , …… .𝑤𝑁). 

The language model is used to estimate the prior probabilities of the possible word 

hypotheses during the decoding process. The pronunciation dictionary defines the mapping 

from a sequence of acoustic features into words. The decoding process uses information 

from the acoustic model, language model and pronunciation dictionary to search for the most 

likely word sequence 𝑊̂ that matches the given sequence of acoustic features y using 

Bayesian inference, as defined by Equation 6.1 [201]: 

 

𝑝(𝑊̂|𝑦) = 𝑎𝑟𝑔 𝑚𝑎𝑥𝑤 𝑝(y|𝑊). 𝑝(𝑊)                                     (6.1) 

 

where the likelihood 𝑝(y|𝑊) of the observed acoustic features is estimated by the acoustic 

model and the prior probability  𝑝(𝑊) is estimated by the language model. The following 

subsections describe each component briefly.  For more details of ASR system can be found 

in [201-203]. 
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Figure 6.1: Basic framework of an automatic speech recognition system. 

 

 

6.1.1 Acoustic modelling 

Acoustic modelling plays an important part in improving the accuracy of recognition and is 

the core component of an ASR system. The underlying structure of the speech signal is 

modelled by a hidden Markov model (HMM) [30], where the sequence of word units 

(phones) represents the hidden state and the observed acoustic features represent the visible 

state, which is dependent on the hidden state. Typically, the HMM represents the time-

varying acoustic features of the speech signal and the probability distribution of acoustic 

features associated with HMM states. These probability distributions are modelled by a 

Gaussian mixture model (GMM) [202]. 41 Currently, a state-of-the-art ASR system employs 

a Deep neural network (DNN) to model the observed likelihood of the context-dependent 

HMM states [204]. The temporal structure of speech signals can be modelled sequentially; 

hence HMM models are considered an efficient framework for the task and are employed in 

all current speech recognition systems [30, 202].  

 

6.1.2 Language modelling 

A language model estimates the prior probability distribution of a given word sequence W = 

(𝑤1 , 𝑤2 , …… ,𝑤𝑛) that occurs in the vocabulary [203]. The best-known language model, 

                                                 
41 A detail of HMM-based GMM acoustic modelling is provide in Appendix F.  
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one that has been used successfully in state-of-the-art ASR systems, is the n-gram model, 

which estimates the probability of each word 𝑤 occurring in a sequence by conditioning the 

word  𝑤𝑖 on the preceding n-1 words (Equation 6.2) [202, 203]. The concept of the n-gram 

language model is based on the Markov assumption, whereby the prediction of the next word 

is dependent only on the recent history [203]. Longer word histories tend to produce more 

accurate predictions. However, the word history n usually ranges between two and four 

words [193, 202], in order to avoid data sparsity problem. 

 

𝑝(𝑊) =  ∏ 𝑝(𝑤𝑖|𝑤𝑖−𝑙+1
𝑛
𝑖=1 , …… , 𝑤𝑖−(𝑙−1)), where l < i+n                  (6.2) 

 

The n-gram conditional probabilities are determined using maximum likelihood 

estimation based on counting n-gram frequencies in the training data [202]. The n-gram 

probability for a word 𝑤𝑖  given the word history (𝑤𝑖−𝑙+1, …… ,𝑤𝑖−1) can be estimated using 

Equation 6.3. In case of bigrams (n = 2), the word probability is conditioned on the 

immediately preceding word, 𝑝(𝑤𝑖 |𝑤𝑖−1). 

 

𝑝(𝑤𝑖 |𝑤𝑖−𝑙+1, …… ,𝑤𝑖−1) =   
𝐶𝑜𝑢𝑛𝑡(𝑤𝑖−𝑙+1,……,𝑤𝑖−1,𝑤𝑖)

𝐶𝑜𝑢𝑛𝑡(𝑤𝑖−𝑙+1,……,𝑤𝑖−1)
                    (6.3) 

 

For n-grams not seen during training, smoothing and backing-off techniques can be 

applied for robust estimation [205, 206], whereby probabilities of shorter word histories are 

used to estimate the probability of unseen n-grams. In a bigram back-off language model, 

for example, infrequently observed bigrams are replaced by their unigram probabilities 

multiplied by the back-off weight, based on a defined cut-off.  

 

6.1.3 Pronunciation dictionary 

The pronunciation dictionary, also called the lexicon, provides pronunciation modelling for 

the vocabulary items. It consists of a phonetic transcription of each word in the training data. 

During the training stage, the pronunciation dictionary is used for training the acoustic 

models on different word units, so called phones. In the recognition process, it is used to 

map a possible sequence of word units into the corresponding word. Vocabularies of interest 
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should be modelled in the pronunciation dictionary; otherwise they will not be recognised, 

even if they are present in the language model.   

 

6.1.4 Feature extraction  

In order for speech to be recognised, a feature vector representation of its waveform must be 

created. MFCCs are standard vector representations for modelling acoustic information in 

ASR systems [202]. Typically, the speech waveform is first transformed into a sequence of 

MFCC feature vectors, consisting of 13 MFCCs with their dynamic features (the delta and 

acceleration coefficients). Capturing the dynamics of MFCCs over time can improve speech 

recognition performance [207]. Cepstral mean subtraction (CMS) [208] is usually applied to 

MFCCs in ASR systems for noise compensation and to account for variations in the speech 

recording environment. It is calculated by simply subtracting the average value of each 

MFCC feature, computed across all speech frames, from the MFCC feature in each frame.  

 

6.1.5 Decoding  

The goal of a speech recognition system is to find the most likely word sequence 

corresponding to a given speech signal, as in Equation 6.1. This is achieved using the Viterbi 

decoding algorithm [209]. Such that for a given sequence of acoustic features 𝑌 =

{ 𝑦1, 𝑦2 ,… . , 𝑦𝑛} of speech signal,  the Viterbi algorithm identifies the optimal HMM state 

sequence 𝑞̂ that maximises the joint probability of the observed acoustic feature 𝑦 and the 

HMM state sequence 𝑄 of a given model 𝑀, as given by Equation 6.4. The optimal sequence 

𝑞̂ corresponds to the best word sequence for the speech signal.  

 

𝑞̂ = arg𝑚𝑎𝑥𝑄 𝑝(𝑦, 𝑄|𝑀)                                                (6.4) 

 

The decoding process usually generates the first best (1-best) hypothesis for the 

reference hypothesis. If there is a need for multi-pass processing over the data, it is relatively 

efficient to generate multiple hypotheses in order to reduce the computational cost of Viterbi 

decoding [202]. The hypotheses are stored in a word lattice structure. The word lattice is a 

weighted directed acyclic graph composed of nodes which correspond to time points, 
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connected by arcs that represent word hypotheses weighted with their acoustic and language 

model likelihood scores [202, 210]. The word lattice contains all alternative word hypotheses 

that are possible for a given speech signal. It can be converted into an N-best list, which 

contains the N most probable word hypotheses ordered according to their acoustic and 

language model scores. Word lattices can be rescored using higher-order or domain-specific 

language models in order to improve their accuracy in term of estimating the best word 

sequence, or to account for in-domain context in the latter case.  

The use of acoustic and language model scores during the decoding process can affect 

the performance of an ASR system significantly [211]. There are two parameters which are 

important during the decoding process and should be tuned for optimal system performance: 

the word insertion penalty (WIP) and the language model scaling factor (LMSF).  

The WIP is a constant weight added to word probability each time the decoder transits 

between words to account for the word length dependency of the language model by 

balancing between word insertion and deletion errors. Adding a small WIP value makes 

insertion errors more likely and deletion errors less likely to occur, and vice versa. The 

LMSF multiplies all word probabilities by a constant factor, hence affecting the transition 

between words. It controls the influence of the language model probabilities on ASR output. 

A large LMSF increases the effect of the language model on the word sequence. The optimal 

value for WIP and LMSF can be determined empirically using grid search. 

 

 ASR model adaptation techniques 

6.2.1 Acoustic model adaptation techniques  

Although acoustic models are typically trained using large amounts of speech data, poor 

performance can occur when the model does not adequately represent the recognition 

conditions (e.g. a new speaker or environment). To tackle this problem and yield better 

performance, model adaptation procedures can be applied to reduce the mismatch between 

training and recognition conditions. This involves updating the acoustic model parameters 

to better represent the adaptation data. The most widely used acoustic adaption methods are 

maximum a posteriori (MAP) adaptation and maximum likelihood linear regression 
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(MLLR). Hybrid approaches combining both methods (e.g. MLLR followed by MAP) can 

be used for further performance improvement [139, 140, 193]. 

 

Maximum a posteriori adaptation  

MAP adaptation [212], also called Bayesian adaptation, updates the existing trained model 

parameters (Gaussian densities mean 𝜇), in which the probability of the model is maximised 

given the observed 𝑂 adaptation data, as given by Equation 6.5: 

 

𝑝(𝜇̂|𝑂) = 𝑎𝑟𝑔 𝑚𝑎𝑥𝜇𝑝(𝑂|𝜇)𝑝(𝜇)                                    (6.5) 

 

where 𝑝(𝜇) is the prior probability of the existing model mean distribution. In speaker 

adaptation, a speaker-independent model is used to estimate prior probability. The new mean 

𝜇̂ is a function of the weighted sum of the existing trained model and the adaptation data, 

such that for each HMM state 𝑗 and the mean 𝜇𝑗𝑚   of the GMM component 𝑚, the new 

mean 𝜇𝑗𝑚̂ is calculated by Equation 6.6 [193]:  

 

𝜇𝑗𝑚̂ = 
𝑁𝑗𝑚

𝑁𝑗𝑚 + 𝜏 
⁄ 𝜇𝑗𝑚̅̅ ̅̅ ̅+ 𝜏 𝑁𝑗𝑚 + 𝜏 ⁄ 𝜇𝑗𝑚                            (6.6) 

 

 

where 𝜏 is a weighting factor for balancing between the prior mean and the maximum 

likelihood estimate of the observed mean from the adaptation data 𝜇𝑗𝑚̅̅ ̅̅ ̅ and 𝑁𝑗𝑚 is the 

probability that the GMM component 𝑚 of HMM state 𝑗 occupies that adaptation data. The 

value of 𝜏 typically ranges between two and 20 (determined empirically) [213].  

MAP adaptation updates every mean parameter of the model locally and only those 

parameters observed during adaptation will be updated. Thus, MAP adaptation requires a 

large amount of adaptation data to achieve the best performance. MAP is typically applied 

to account for speaker differences between training and testing data [213], where a speaker-

independent model is adapted to create a speaker-dependent model, rather than accounting 

for recording and environmental differences [139]. MAP adaptation can also be used for 

domain adaptation, where speakers are pooled together in one group [214].  
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Maximum likelihood linear regression adaptation  

MLLR adaptation [215], also called transform-based adaptation, maximises the likelihood 

of the adaptation data using a set of linear transformations to map the parameters of an 

existing trained model to a new adapted model. The linear transformation matrices can be 

computed for both the mean and variance parameters of the model. MLLR updates the 

trained model means as given by Equation 6.7: 

 

𝜇̂ = 𝑊𝜇 + 𝑏                                                        (6.7) 

 

where 𝑊 is the linear transformation matrix, 𝜇 is the model mean vector and 𝑏 is a bias 

vector. A similar formula can be derived for MLLR adaptation of the model variance 

parameters using the variance linear transformation matrix. The transformation matrix is 

estimated using the adaptation data such that the likelihood is maximised [213, 215]. 

The two types of MLLR adaptation are global MLLR and regression MLLR. In global 

MLLR, all model parameters are transformed using a global linear transformation, whereas 

in regression MLLR different linear transformations are applied to different subsets of the 

model parameters that are clustered according to their acoustic similarity, using a binary 

regression class tree [193]. The regression tree is constructed using the existing trained 

model and the number of regression classes is determined empirically. Where there is a 

limited amount of adaptation data, global MLLR can be applied by creating a regression tree 

with a root node only [193, 215]. 

While MAP adaptation requires prior knowledge of the trained model parameters to 

modify them directly, MLLR adaptation estimates the linear transformation matrix from the 

adaptation data, then applies the transforms to update the trained model parameters. Hence, 

MLLR adaptation is more effective when the amount of available adaptation data is small 

compared with MAP adaptation. However, when more adaptation data is available, MAP 

adaptation tends to perform better in comparison to MLLR, due to the detailed local updates 

of each component parameter of the model [193]. MLLR adaptation typically performs 

better to account for differences in the speech recording and environment settings [139]. It 

can also be used for speaker adaptation [215, 216]. 
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6.2.2 Context-based language modelling adaptation 

Context-based language modelling adaptation refers to using information about a given 

context in order to modify the word probabilities of an existing language model and capture 

the specific features of that context [217]. Various proposals have been made as to the 

contextual information to be used in modifying word probabilities in language models and 

enhance the word estimation. For example, Chueh and Chien [218] present a topic cache 

language model based on topic information derived from words occurring in the recent 

history. Their model was used to modify the word probabilities according to topic 

information that had occurred in cache instead of words, leading to observed improvements 

in perplexity and word error rate (WER) (Section 6.4.1). Visual information (e.g. focus of 

attention) has also been utilised to boost the word probabilities that are associated with visual 

objects [37, 38, 219, 220]. In [221, 222], several speech prosodic and timing features of 

spoken words were used to modify word probabilities dynamically and improve the 

prediction of words. Similarly, affective information as inferred from acoustic speech 

features was used to redistribute word probabilities in the language model [35]. However, 

perplexity reduction was limited and no improvement in WER was reported (Section 2.3).  

The technique proposed for integrating affective information into language modelling in this 

chapter is built on pervious work by considering the association between the spoken word 

and affects using the PPMI measure (Section 5.3.1) in order to adapt the language model 

during affective speech.    

 

 Integration of affects into ASR system architecture 

Figure 6.2 illustrates the proposed integration approach to building an affect-robust ASR 

system, showing how affective information from eye movement and speech modalities are 

used in ASR system to enhance the recognition of affective speech. As has been discussed 

in Section 2.3, ASR system performance significantly degrades during affective speech. 

Hence, the aim of this integration is to improve the recognition of affective speech based on 

the state inferred from eye movement and/or speech modalities. It is hypothesised that using 

the inferred affective state as prior knowledge can enhance ASR system performance 
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especially when affective information from eye movements are considered. Accordingly, the 

most likely word sequence 𝑊̂ in Equation 6.1 can be expressed by the following equation:   

 

𝑝(𝑊̂|𝑦, 𝑎) = 𝑎𝑟𝑔 𝑚𝑎𝑥𝑤  𝑝(y|𝑊, 𝑎). 𝑝(𝑊|𝑎),   𝑤ℎ𝑒𝑟𝑒 𝑎 ∈ 𝐴                        (6.8) 

 

 

where 𝑎 is the affective state inferred from the proposed affect detection systems described 

in Chapters 4 and 5, which are (low, neutral and high) on the arousal and (positive, neutral 

and negative) on the valence dimension. The inferred affective state 𝑎 influences the ASR 

system models as follows: 

 

• Acoustic model adaptation: adapts the acoustic model of the ASR system according to 

the detected affective state 𝑎 from eye movement and/or speech modalities, using the 

acoustic model adaptation techniques explained in Section 6.2.1. 

 

• Affect-adaptive language modelling: models the affective information of spoken words 

in language model by providing high probabilities for those words related to the affective 

states (Section 5.3.1). The adapted models are used in the ASR system to estimate spoken 

word probabilities in response to the affective state 𝑎 provided by eye movement and/or 

speech modalities. 

 
Figure 6.2: Integration of affective information into the speech recognition process. The affect 

detection system ADS serve as a front-end process for the ASR system. 
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6.3.1 Affect-adaptive language modelling  

As has been discussed in section 5.3.4, the analysis of the linguistic content of the aGame 

corpus, using PPMI, indicates that players tend to utter certain words during a given 

experienced affective state and that these words can be used successfully to predict a player’s 

experienced affective state. However, it is discussed that information about spoken words is 

not available in real-life HCI applications. To be able to detect the experienced affective 

state from spoken words, the affect detection system must rely as a source of information on 

the ASR word sequence output, which typically has low word accuracy during affective 

speech [33, 113]. As the spoken word choices are influenced by the player’s affective state, 

in the aGame corpus, this information can be modelled to enhance the recognition of these 

words in the utterance, instead of using them for affect detection. 

The affective information conveyed by spoken words is incorporated into the ASR 

system by means of the dynamic marginals adaptation technique [223]. This involve 

modifying the baseline language model to create affect-adaptive language models 

(hereinafter ALMs) in which the probabilities are shifted towards words that are related to 

the corresponding affective state.  Such that for each affective state, the ALM is realised by 

scaling the baseline language model to boost the probability of words that are associated 

with the corresponding state vocabulary, selected by PPMI (section 5.3.1), as given by 

Equation 6.9:  

 

𝑃𝑎(𝑤|ℎ) =  𝑃𝑏𝑠(𝑤|ℎ) ∗ 𝑆(𝑤|𝑎)
𝛽, 𝑤ℎ𝑒𝑟𝑒 𝑎 ∈ 𝐴 𝑎𝑛𝑑 𝑤 ∈ 𝑉𝑎              (6.9) 

 

where 𝑃𝑏𝑠(𝑤|ℎ) is the estimated probability of 𝑤 from the baseline language model and ℎ 

is the preceding word history. As defined in [221, 223], the scaling factor 𝑆 is measured as 

the proportion of the affective word probability in a given affective state relative to the 

word’s overall probability in the aGame corpus raised to the power 𝛽, given in Equation 

6.10: 

𝑆(𝑤|𝑎) = [
𝑝(𝑤| 𝐴=𝑎)

𝑝(𝑤)
]
𝛽

                                                     (6.10) 
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where 𝑝(𝑤) is the baseline unigram probability for 𝑤 in the aGame corpus, 𝑝(𝑤| 𝐴 = 𝑎) is 

treated as a dynamic marginal for adapting the baseline language model to the affective state 

𝑎 and 𝛽 indicates how much the affective state modifies the baseline word probabilities, 

ranging from 0% (no influence) to 100% (full influence). To modify the baseline language 

model word probability the following assumptions are made:  

 

1. The probability of words that are related to other affective states should be reduced, 

because these words have low information content about the target affective state 𝑎. This 

approach is similar to the context-based language modelling proposed by [139]. 

 

2. Affective states should not influence common words in the aGame corpus (e.g. stop 

words and game task-oriented words42). Typically, these words are not associated with 

any affective state, so they should not be modified. Reducing their probabilities may 

result in an undesirable increase in WER.  

 

The above assumptions are implemented, as given by Equation 6.11, such that if a word 

belongs to the affective state’s vocabulary 𝑉𝑎43, its probability mass is boosted towards 

affective state 𝑎 by 𝛽= 99%. For words associated with other affective states, their 

probability masses are shifted away by 𝛽 − 1, that is 1%,  in order to avoid reduction in the 

vocabulary and unrealistic language modelling [139]. Otherwise, affective information has 

no influence on word probabilities, hence the scaling factor is 1. All word probabilities 

across the vocabulary are normalised.  

 

𝑆(𝑤|𝑎) =

{
 
 

 
 [

𝑝(𝑤| 𝐴=𝑎)

𝑝(𝑤)
]
0.99

                   𝑖𝑓 w ∈ 𝑉𝑎

𝑎
0.01                                        𝑖𝑓 w ∈ 𝑉¬𝑎

𝑎
1                                             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

                          (6.11) 

 

 

                                                 
42 Section 5.3.1 
43 Defined using PPMI as explained in Section 5.3.1. 
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 Evaluation method 

This section discusses the evaluation of the proposed integration architecture for the affect-

robust ASR system described in the previous section. The benefit of this integration for the 

automatic affective speech recognition task is evaluated using speech data of the aGame 

corpus collected in an interactive virtual gaming environment, as described in Chapter 3. 

The following subsections describe the evaluation metric and the training corpora, then 

explain the development of the baseline ASR system and the baseline language model.  

 

6.4.1 Performance evaluation metrics  

ASR evaluation metric  

Word error rate is the standard metric for evaluating the performance of ASR systems. The 

word sequence output is compared with the reference hypothesis at word level in terms of 

deletions, insertions and substitutions, as derived from the Levenshtein distance [224], then 

WER is calculated as given by Equation 6.12. The WER metric has been used previously to 

evaluate the use of eye movements in improving ASR system performance (e.g. [37, 38, 

220, 225]). In this evaluation, WER is used to compare the performance of the ASR system 

after the integration of affective information from different ADSs.  

 

𝑊𝐸𝑅 = 
𝐷+𝐼+𝑆

𝑁
                                                     (6.12) 

 

where N is the total number of words in the reference hypothesis, D is the number of deleted 

words, I is the number of extra recognised words and S is the number of wrongly recognised 

words.  

 

Language model evaluation metric 

Perplexity is a performance metric used for evaluating language models. It measures how 

well a language model can predict the words in a given word sequence 𝑊 = {𝑤1 , 𝑤2  , …𝑤𝑛}. 

It is computed as the normalised inverse word probability 𝑝(𝑊) of the word sequence, as 

given by Equation 6.13. Perplexity values range between one and infinity. 
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Perplexity can be used to compare the performance of different language models 

constructed with the same vocabulary. Lower perplexity ideally indicates that the language 

model is superior at predicating the word sequence probabilities. However, it may not 

necessarily indicate an improvement in the performance of the ASR system [226]. Thus, 

perplexity will be used to evaluate the performance of the ALMs, while their benefit to the 

ASR system will be compared in term of WER reduction. 

 

𝑃𝑒𝑟𝑝𝑙𝑒𝑥𝑖𝑡𝑦 (𝑃𝑃)  =  𝑝(W)
−1

𝑁⁄                             (6.13) 

 

where N is the number of words in the test set.  

 

6.4.2 Training corpora 

The aGame corpus, as described in Chapter 3, contains a total of 1171 utterances (speech 

segments), 10882 words and 1049 unique words. Table 6.1 illustrates the distribution of 

words and the size of the vocabulary across affective states on both arousal and valence 

dimensions. In order to build a baseline ASR system, supervised training using large corpora 

is required. The aGame corpus does not provide enough speech data in order to train an ASR 

system on neutral speech, thus it was necessary to use other existing corpora. In this 

evaluation, the LibriSpeech corpus [145]  was used to train the acoustic model of the baseline 

ASR system. The speech transcripts of the aGame corpus were used to create the baseline 

language model and ALMs. Details of the LibriSpeech corpus are given in the next section. 

 

Table 6.1: Word distribution and vocabulary size of the aGame corpus on arousal and valence 

dimensions. 

  Arousal Valence 

N HA LA PV NV 

Number of 

words 
2190 4224 4468 4231 4461 

Number of 

utterances 
244 440 487 462 465 

Vocabulary 

size 
449 653 673 683 626 
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6.4.3 LibriSpeech corpus 

The LibriSpeech corpus [145] is a large-scale publicly available corpus suitable for general 

purpose speech recognition systems. It contains 1000 hours of English speech collected from 

LibriVox44  recordings, made at a 16 kHz sampling rate. The corpus training set consists of 

two ‘clean’ subsets and one ‘other’ subset. The ‘clean’ subsets comprise high quality 

recordings and accents close to the US English accent. The ‘other’ subset consist of 500 

hours of more challenging speech and speakers from different backgrounds. The 

LibriSpeech corpus also includes a pronunciation dictionary containing 200k words. The 

pronunciations of most words were derived from the Carnegie Mellon University (CMU) 

pronunciation dictionary, while the remaining words that do not occur in the CMU dictionary 

were derived using the Sequitur G2P toolkit [227]. Finally, the corpus includes two test sets 

(‘clean’ and ‘other’) with trigram and 4-gram language models.  

Data from the ‘other’ subset was selected to train the acoustic model of the baseline 

ASR system, because the speakers in the aGame corpus are from varied backgrounds, 

although they speak English fluently. In addition, it consists of challenging speech (see 

Chapter 3).  

 

6.4.4 Baseline ASR system  

An ASR system that has been successfully used for decades is the GMM-based system. More 

recently, DNN has begun to be used in ASR systems because it performs significantly better 

than conventional ASR systems. However, a DNN-based ASR system requires a large 

amount of training data. Moreover, there has been no efficient method for adapting an 

existing system to a new domain with limited in-domain data [228]. Thus, for this evaluation, 

a GMM-based ASR system was built using the well-established adaptation methods to create 

affect-robust ASR systems with limited in-domain data. 

The baseline ASR system was built using the Kaldi45 toolkit [229]. Kaldi is an open-

source speech recognition toolkit originally developed in 2009 at Johns Hopkins University 

and freely available to the speech recognition community.46 Because of its support and 

                                                 
44 LibrVox is a collection of free public domain audiobooks from volunteer speakers, https://librivox.org/.  
45 Version 5.0 on OS X Yosemite operating system. 
46 http://kaldi-asr.org 
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development of different speech recognition techniques (e.g. GMM and DNN), it has 

become a standard tool for ASR researchers.   

The implementation of the baseline ASR system was based on the LibriSpeech recipe47, 

following a standard maximum likelihood acoustic model training [193], starting with the 

initialisation of a monophone HMM model and ending with tied-state triphone HMMs with 

GMM state output densities. The system was trained speaker independently on 10,000 

utterances from the ‘other’ speech subset of the LibriSpeech corpus. The phonetic 

transcriptions of every word in the aGame corpus, with their multiple pronunciations, were 

added to the lexicon of the baseline ASR system. The transcriptions were extracted using 

the CMU dictionary.  

Using the Kaldi toolkit, 13 MFCC features48(with their delta and acceleration 

coefficients) were extracted from all speech data using a 25 ms hamming window with 15 

ms overlap, and CMS normalization was applied to all MFCCs, for use in training the 

baseline ASR system and for further experiments. The performance of the baseline ASR 

system on the two LibriSpeech test sets in terms of WER are reported in Table 6.2. Further 

details of the LibriSpeech corpus and the baseline ASR system can be found in [145]. 

 

Table 6.2: Baseline ASR performance on the LibriSpeech test sets. 

 

 

 

6.4.5 Baseline language model 

Estimation of the baseline language model was based on the speech transcription of the 

aGame corpus using a ‘leave one player out’ strategy. A bigram language model was built 

for each player’s testing data from the speech transcription of all other players in the corpus. 

A total of 14 bigram language models were created. Witten-Bell smoothing was applied, as 

it has been shown to perform well for a relatively small corpus [206]. Due to data sparsity, 

                                                 
47 http://www.openslr.org/12/ 
48 Note that MFCC features used in ADS was extracted using MATLAB. This was done for simplicity and the pipeline was already setup 

outside Kaldi. Nevertheless, the implementation for extracting MFCCs in both tools was the same.  

Test set % WER 

Clean 20.6 

Other 41.4 
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bigram language models were deemed sufficient for the task. The average perplexity of the 

baseline language model using all players’ speech data with no affective information 

provided was 91. The language models were built using the SRI Language Modelling toolkit 

[230].  

 

6.4.6 Lattice rescoring 

To evaluate the affect-adaptive language models in the ASR system, the recognition process 

is performed in two passes, as illustrated in Figure 6.3. During the first pass, the ASR 

decoding process generates the word lattice, which contains the acoustic and language model 

likelihood scores for all alternative word hypotheses, using the baseline language model. In 

the second pass, the output word lattice is rescored with the selected affect-adaptive language 

model. This is done by subtracting the baseline language model score from each word 

hypothesis in the word lattice, then adding the affect-adaptive language model scores to the 

word lattice for rescoring [210]. Rescoring the word lattice is a standard method in ASR 

research to evaluate the effect of different language modelling on ASR output without the 

need for the additional computation and processing time of Viterbi decoding.  

  

 
Figure 6.3: Lattice rescoring framework. 

 

 Experiments 

Several experiments were performed to investigate the benefit of integrating affective 

information from the proposed affect detection systems, as described in the two previous 

chapters, into the acoustic and language models of the baseline ASR system to improve the 

recognition of affective speech.  
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Experiment 1: Affect integration performance via acoustic model adaption 

The purpose of the first experiment was to demonstrate the effectiveness in integrating 

affective information using acoustic model adaptation techniques for the automatic affective 

speech recognition task. The speech data used to train the baseline acoustic model differed 

from the data in the aGame corpus, which had different speakers and recording 

characteristics. It was believed that adapting the ASR system to all speech data in the aGame 

corpus might yield better performance regardless of the players’ affective state. Thus, the 

baseline acoustic model (described in Section 6.4.4) was adapted to the whole aGame corpus 

and to the speech data for each affective state in both arousal and valence dimensions, 

separately. 

Three acoustic model adaption approaches were investigated in order to determine the 

optimal adaptation settings for aGame corpus speech data. These were MAP adaptation, 

regression MLLR and hybrid of both by applying regression MLLR first then MAP 

adaptation. The adapted acoustic models were tested on each player’s speech in the aGame 

corpus and the experimental results were compared in terms of WER reduction against the 

baseline ASR system. It was hypothesised that the recognition performance of affective 

speech would be enhanced when the corresponding adapted acoustic model was selected for 

the recognition task. The acoustic model adaption was tested and evaluated in the optimal 

setting using the ground truth labels to provide an optimum upper-bound measure of 

expected affect-robust ASR system performance. In this experiment, the baseline language 

model (described in Section 6.4.56.4.5) was used, because the focus was on the influence of 

affective speech on the acoustic model. 

Experiment 2: Perplexity performance evaluation of affect-adaptive language models 

The second experiment was performed to determine whether the affective-adaptive language 

models described in Section 6.3.1 could be used to predict the linguistic content of the 

aGame corpus in terms of perplexity improvement. An ALM was created for each affective 

state based on the affective vocabulary associated with that state on both the arousal and 

valence dimensions, using the ‘leave one player out’ strategy. Each ALM was tested using 

the speech transcription for the corresponding affective state. The resultant perplexity is 

compared against the baseline language model in Section 6.6.2.   
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Experiment 3: Affect-adaptive language model evaluation in ASR system 

The aim of the third experiment was to evaluate the potential benefit of using the ALMs for 

automatic recognition of affective speech in terms of WER reduction, as perplexity 

improvement does not guarantee WER reduction [226]. The implementation of the ALMs 

in the ASR system was performed by late integration via lattice rescoring, as described in 

Section 6.4.6. For each affective state, the ALM was used to rescore the word lattice 

generated by the ASR system, implementing the best-adapted acoustic model, identified in 

Section 6.6.1, corresponding to that affective state and the baseline language model. The 

comparative performance of the ASR system before and after rescoring the word lattice 

using ALMs is reported in Section 6.6.3.   

 

Experiment 4: Affect-robust ASR performance evaluation  

The final experiment was performed to evaluate the affect-robust ASR system using 

affective information from the proposed affect detection systems described in the two 

previous chapters, based either on eye movements, on speech or on both modalities. The 

automatic affective speech recognition task was performed by selecting the acoustic model 

(adapted offline) and ALM based on the player’s affective state as inferred from the ADSs. 

The results were based on evaluating the affect-robust ASR system using all of the players’ 

affective speech data. The baseline ASR system adapted to a neutral affective state using the 

optimal adaptation setting (MLLR then MAP adaptation), resulting from Experiment 1, was 

used for performance benchmarking. Random affective information was used for lower 

bound performance estimation, in the form of random uniformly distributed labels generated 

using the ‘randi’ function in MATLAB. The performance results were compared in order to 

determine the best ADS to use in the affect-robust ASR system, in terms of WER reduction. 

 

 Results and discussion 

The following subsections report the experimental results for integrating affective 

information into the ASR system. Regarding acoustic model adaptation, MLLR regression 

trees were created with 32 terminal nodes (determined empirically). The value for MAP 

weighting factor 𝜏 is determined empirically from values of  𝜏 = [2, 5, 10, 15, 20]. The ASR 
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system performance was optimised by finding empirically the best WER given WIP and 

LMSF using grid search. The affect-robust ASR system was evaluated by the ‘leave one 

player out’ approach, whereby in each iteration one player’s data was used for testing and 

the remaining players’ data for adaptation. 

 

6.6.1 Acoustic model adaptation - Experiment 1 

The acoustic model adaptation performance results using speech data in the aGame corpus 

are shown in Table 6.3. They demonstrate that MAP was better than regression MLLR 

adaptation, providing 38.5% compared to 25.1% relative reduction in the baseline WER. 

This indicates that there was enough data in the aGame corpus to perform MAP adaptation 

and account for speaker variations. A further improvement of 44.5% over the baseline was 

achieved by applying regression MLLR followed by MAP adaptation.  

Comparing the best adaptation result of 43.3% WER against the benchmark 

performance on the LibriSpeech test data as shown in Table 6.2, indicates that adapting the 

acoustic models clearly reduced the variations between the baseline training data and the 

recognition of aGame corpus speech data, giving relatively similar result to the LibriSpeech 

benchmark of 41.4% WER on the ‘other’ test dataset. This justifies the use of that dataset to 

train the baseline ASR system. The results are based on adaptation to all aGame corpus 

speech data with no prior knowledge of the underlying affective state of the players.  

 

Table 6.3: Acoustic model adaptation performance on aGame corpus speech data. 

 

 

 

 

 

 

Table 6.4 and Table 6.5 show the results for acoustic model adaptation to speech data 

from each affective state in the aGame corpus on the arousal and valence dimensions 

respectively. The same acoustic model adaptation approaches as described in Section 6.5 

Experiment % WER Relative WER 

reduction 

Baseline 78.0 --- 

Regression MLLR adaptation 58.40 25.1% 

MAP adaptation 48.0 38.5 % 

Regression MLLR + MAP adaptation 43.3 44.5 % 
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were applied to each affective state and the adapted models were tested using the 

corresponding affective speech data in the aGame corpus. The results show a decrease in 

WER for all affective speech on both arousal and valence dimensions when the 

corresponding acoustic model was selected for the affective speech recognition task. The 

best recognition performance was achieved with regression MLLR and MAP adaptation for 

all affective states, giving 31.5% for the natural state N, 34.8% for high arousal HA, 37.5% 

for low arousal LA, 33.1% for positive valence PV and 38.6% for negative valence NV.  

Interestingly, the adaptation to N yielded the lowest WER, possibly because players’ speech 

was most clearly articulated and contained least noise (e.g. hesitation and laughter).  

 

Table 6.4: Acoustic model adaptation performance, showing the influence of affective speech on 

the arousal dimension. 

 

 

 

 

 

Table 6.5: Acoustic model adaptation performance, showing the influence of affective speech on 

the valence dimension. 

 

 

 

 

 

 

 

Adapting the baseline ASR system to each state of affective speech in the aGame corpus 

clearly compensated for the variations between the baseline acoustic characteristic and the 

recognition of affective speech, resulting in an improvement in WER. Using the acoustic 

Experiment % WER 

N HA LA 

Baseline (no adaptation) 78.8 75.9 77.8 

Regression MLLR adaptation 53.6 52.4 54.6 

MAP adaptation 43.9 39.7 46.6 

Regression MLLR + MAP adaptation 31.5 34.8 37.5 

Total relative WER reduction  60.1% 54.1% 51.9% 

Adapted to N affective state  --- 57.8 59.9 

Experiment % WER 

N PV NV 

Baseline (no adaptation) 78.8 76.8 77.38 

Regression MLLR adaptation 53.6 51.5 55.44 

MAP adaptation 43.9 39.2 46.83 

Regression MLLR+ MAP adaptation 31.5 33.1 38.6 

Total relative WER reduction  60.0% 56.9% 50.1%  

Adapted to N affective state --- 56.5 61.0 
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model adapted to the N state to recognise the other states of affective speech, on both the 

arousal and valence dimensions, significantly degraded the recognition performance. This 

result, in line with the previous studies [33, 134, 135], demonstrates a potential benefit of 

integrating the proposed affect detection systems with ASR, where the players’ affective 

state is used as prior information to select the corresponding adapted acoustic model for 

affective speech recognition. The system adapted to the neutral affective state was used as a 

benchmark in Experiment 4. 

 

6.6.2 ALM performance – Experiment 2 

For each player’s recording session, the linguistic content was estimated using the baseline 

language model and the corresponding ALM. The perplexity results for both language 

models, presented in Table 6.6, show that on average perplexity was observed to decrease 

significantly when the ALMs were used for word prediction compared to the baseline 

language model (𝑝 < 0.05 - paired sample t-test49), for both the arousal and valence 

dimensions.  This suggests that the prediction of the linguistic content in the aGame corpus 

can be enhanced when the affective information obtained from spoken words are adapted in 

the language model.  

It can be noted that the ALM adapted to the N state yielded relatively similar 

perplexities of 66.8% and 67.2% ( 𝑝 > 0.05) on the arousal and valence dimensions 

respectively. This is unsurprising, as the selection of neutral affective words did not differ 

significantly between the two dimensions. It is also interesting to observe that the perplexity 

reduction resulting from using ALM correlates with the number of corresponding affective 

words in the aGame corpus. For example, when the language model was adapted to the NV 

state, a greater reduction in perplexity was observed, with the language containing 32.3% of 

affective words. This is supported by the finding in [231], suggesting that perplexity 

reduction is related to the proportion of affective words in the corpus.    

 

                                                 
49 Under the assumption of normality.  
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Table 6.6: Perplexity scores for the adapted ALMs, averaged over players. * Significant 

improvement (p < 0.05) from baseline language model. 

 

  

To further investigate whether the observed reduction in perplexity can be attributed to 

the hypothesis that the linguistic content of the aGame corpus can be better predicted using 

an ALM adapted to the corresponding affective state, the ALMs adapted to each affective 

state were evaluated using data from other affective states and the results were compared. 

Table 6.7 presents the cross-affect results. It can be seen that the ALMs evaluated on data 

from other affective states yielded lower perplexity than the baseline language model. This 

result is unsurprising, as the selected affective words are not disjoint. Where affective words 

that are associated with a certain affective state appear in the test set of another affective 

state, the ALM that adapted those words will certainly provide more accurate predictions. 

However, lower perplexity was achieved when the ALMs were used to estimate data from 

the corresponding affective state. This finding supports the hypothesis and suggests that 

information about the underlying affective state is required when selecting the corresponding 

ALM during word prediction.  

 

Table 6.7: Cross-affect testing of affect-adaptive language models on arousal and valence 

dimensions. 

 

 

 

 

 

 

 

          Affects Baseline LM ALM Relative reduction Affective words  

 N 81.6 66.8* 18.1% 18.8% 

HA 99.2 79.0* 20.4% 25.9% 

LA 93.5 74.9* 19.8% 24.1% 

 N 81.6 67.2* 17.6% 17.4% 

PV 105.7 85.6* 19.2% 20.3% 

NV 87.2 67.9* 22.9% 32.3% 

Arousal 

 N HA LA 

N 66.8 71.9 72.1 

HA 88.6 79 88.6 

LA 84 83.3 74.9 

Valence 

 N PV NV 

N 67.2 71.6 73 

PV 94.3 85. 5 96.1 

NV 78.3 78 67.9 
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6.6.3 Evaluation of ALM in ASR system – Experiment 3 

Table 6.8 shows the performance of the ASR system in terms of WER after the integration 

of ALMs via lattice rescoring. It can be seen that the use of ALMs provides a slight 

improvement in the ASR performance, in terms of WER reduction, on both the arousal and 

valence dimensions (𝑝 < 0.05 - paired sample t-test). These results demonstrate that the 

recognition of affective speech can be further improved by considering the linguistic aspect 

of affects throughout language model adaptation. The small reduction in WER is possibly 

because that the average percentage of affective words in the aGame corpus is relatively low 

(see Table 6.6). Inspection of the number of affective words correctly predicted before and 

after rescoring shows that affect-adaptive language models increase the prediction of 

affective words (Figure 6.4). It also indicates that the ASR system implementing the baseline 

language model was robust enough to detect most of the affective words. This suggests that 

affective speech has more influence on acoustic models than on language models in ASR 

system. 

 

Table 6.8: ASR system performance before and after lattice rescoring with ALMs. *Significant 

improvement (p < 0.05) from the baseline.  

 

 

 

 

 

 

%WER Baseline ALM Relative reduction 

 N 31.5 30.6*  0.92% 

HA 34.8 33.9* 1.02% 

LA 37.5 36.3* 1.15% 

 N 31.5 30.4* 1.1% 

PV 33.1 31.9* 1.2% 

NV 38.6 37.4* 1.3% 

A
r
o
u

sa
l 

V
a
le

n
c
e
 



Chapter 6. Multimodal Affect-Robust ASR System 

 

 

142 

 

 
Figure 6.4: Percentage of correct affective words recognised before and after lattice rescoring with 

ALMs. Rescoring with ALMs increase the prediction of affective words. 

 

 

6.6.4 Performance of affect-robust ASR-based ADS system – Experiment 4 

Table 6.9 and Figure 6.5 present the results of integrating affective information from eye 

movement and speech unimodally and multimodally, for both arousal and valence 

dimensions. For each recording session, the adapted acoustic model was selected according 

to the player’s detected affective state. Figure 6.5 shows that the selection of an affective 

acoustic model based on the affective state inferred from the proposed ADSs yielded a better 

WER than the baseline. One-way repeated measures ANOVA50 showed a significant 

difference between the mean WER of different ASR systems, 𝑝 < 0.05, for both the arousal 

and valence dimensions.  

For arousal, the baseline WER of 54.7% was reduced significantly by 18.3% (relative 

WER reduction) using affective information from speech, 𝑝 < 0.05. A greater reduction of 

25.8% was observed when affective information from eye movement was used, 𝑝 < 0.05, 

compared to speech-based ADS. Using the multimodal-based ADS yielded better results 

than either modality alone, with a relative WER reduction of 30.4%, 𝑝 < 0.05. Similar 

results were achieved on the valence dimension when speech or eye movement-based ADS 

were used, giving relative WER reductions respectively of 9.6% and 22.9%, p < 0.05. On 

this dimension, multimodal-based ADS significantly improved the recognition of affective 

                                                 
50 Bonferroni correction was used for pairwise analysis. 
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speech, giving 20.3% relative WER reduction compared to speech-based ADS,  𝑝 < 0.05. 

However, there was no significant performance difference between multimodal and eye 

movement-based ADS, 𝑝 > 0.05. This is simply because affect recognition results on the 

valence dimension using multimodal-based ADS did not significantly outperform eye 

movement-based ADS. Nevertheless, using affective information in the ASR system from 

eye movement as an additional modality outperformed speech modality, in term of reducing 

WER. This supports the finding reported in Chapter 5: that eye movement provides 

complementary affective information to speech, especially on the arousal dimension, 

suggesting that the use of eye movement is beneficial for the automatic affective speech 

recognition task, as eyes are always in operation. Moreover, it can be clearly observed that 

the performance improvement of the affect-robust ASR system on the arousal and valence 

dimensions depends on the accuracy of the ADSs, considered in Chapters 4 and 5. 

Interestingly, the random system gave poor results close to the baseline, 𝑝 > 0.05. This 

demonstrates the effectiveness of using the proposed affect detection system in ASR, in 

order to enhance the recognition of affective speech. 

 

Table 6.9:  Affect-robust ASR system WER performance on aGame corpus using different affect 

detection systems, averaged over players. 

 

 

 

 

 

 

 

Experiment  

Arousal Valence 

%WER Relative WER 

reduction 

%WER Relative WER 

reduction 

Baseline 54.7 --- 54.7 --- 

Random 54.9 --- 55.7 --- 

ADS-Speech 44.7 18.3% 49.5 9.6% 

ADS-Eye 40.6 25.8% 42.2 22.9% 

ADS-Multimodal  38.1 30.4% 43.6 20.3% 
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Figure 6.5: WER performance of affect-robust ASR system using affective information from 

different modalities on arousal and valence dimensions. Incorporating information from eye 

movement as additional modality to speech reduced the WER on arousal dimension significantly  

(𝑝 < 0.05). 

 

 

Figure 6.6 shows the performance of the affect-robust ASR system for all players in the 

aGame corpus in terms of WER. Because the baseline system was adapted to the neutral 

state, it was expected that the system would behave worse than the baseline for some players, 

where the ADS misclassified that state. For instance, this was observed when speech-based 

ADS was used to recognise the affective speech of player 1, on both the arousal and valence 

dimensions. Comparing the use of the multimodal-based ADS for the affect-robust ASR 

system with the use of eye movements and speech-based ADS, on the arousal dimension, it 

was observed that the multimodal-based ADS performed better for most players. In cases 

where the affective information from speech was not accurate, adding information from eye 

movements lowered the WER (e.g. player 4). These observations confirm that eye 

movement and speech data are complementary when used in ASR. In some cases (e.g. for 

player 10 and 13), using multimodal-based ADS did not reduce the WER, because the 

affective state of those players was detected better unimodally, giving 100% accuracy. It is 
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also interesting to observe that for some players, the use of multimodal-based ADS provided 

better WER than unimodal-based ADS on the valence dimension. This indicates that eye 

movements provide complementary affective information on the valence dimension for 

some players (e.g. player 3 and 7); however, this did not reach a significant level. 

 

 
Figure 6.6: Performance of affect-robust ASR system on the arousal (left) and valence (right) 

dimensions for each player in the aGame corpus. 

 

 

The results of integrating the ALMs into the affect-robust ASR system by late 

integration (lattice rescoring) are shown in Table 6.10. On the arousal dimension, the WER 

was observed to decrease when the ALMs were selected using any of the affect detection 

systems, with reductions ranging from 1.1% to 1.6%, compared with results before rescoring 

(𝑝 < 0.05 - paired sample t-test). Similar results were observed on the valence dimension 

(𝑝 < 0.05), with reductions ranging from 1.16% to 1.25%. The exception was when speech-

based ADS was used (𝑝 > 0.05), as it was found to have a poor recognition performance 

compared to the other ADSs. Using the ALMs did not yield large performance 

improvements, as discussed in Section 6.6.3; however, it appears that the affect-robust ASR 

system might be further improved by selecting the ALMs based on the inferred affective 

state. Using another scheme of adaptation (e.g. a cache-based language model which 
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contains information about the current affective states) to dynamically rescore the ASR 

output might possibly lead to a larger performance improvement in terms of WER. 

 

Table 6.10: Affect-robust ASR system WER before and after ALM integration based on ADS 

output. 

 

 

 

 

 

 

 Summary 

This penultimate chapter has investigated the influence of affects on ASR system 

performance and the integration of affective information inferred from eye movement and 

speech signals either unimodally or multimodally, as described in Chapters 4 and 5, to 

improve the automatic recognition of affective speech.  

Affective information was incorporated into the ASR system by acoustic model 

adaptation techniques and word lattice rescoring using the proposed affect-adaptive 

language models. For acoustic modelling, MAP, MLLR and the combination of both 

adaptation techniques were investigated to compensate for the impact of affects on acoustic 

modelling. Affect-adaptive language models were created, based on the observation that the 

linguistic content of the aGame corpus conveys affective information (Chapter 5). Following 

this observation, a vocabulary was created for each affective state, based on PPMI. It was 

used, in this chapter, in language modelling to incorporate the affective information 

conveyed by the vocabulary. The baseline language model was modified to create affect-

adaptive language models that provided higher probabilities for the corresponding 

vocabulary. 

A number of experiments were conducted to evaluate the proposed integration approach 

on the aGame corpus using the ground truth affective information. A baseline ASR system 

was developed for this purpose. The results show that the ASR system performed less well 

when presented with affective speech and that compensating for the influence of affects 

            %WER ADS-Speech ADS-Eye ADS-Multimodal 

Arousal  Before ALM 44.7 40.6 38.1 

After ALM 43.1 39.3 37.0 

Valence Before ALM 49.5 42.2 43.6 

After ALM 49.5 40.9 42.5 
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using the proposed integration approach was beneficial. The best WER reduction was 

achieved by applying MLLR and MAP adaptation together. The results for the proposed 

affect-adaptive language model show significant reductions in perplexity over the baseline 

language model when it was used to estimate corresponding affective speech transcription. 

The recognition performance of affect-adaptive language models in the ASR system was 

measured by rescoring the generated word lattice, yielding a slight improvement in WER 

performance.  

The affect-robust ASR system using the best acoustic model adaptation (MLLR 

followed by MAP) and the different ADSs were implemented and evaluated on all the 

players’ affective speech. When system performance was compared in terms of WER, a 

greater improvement was observed using affective information from eye movement-based 

ADS compared to speech-based ADS. It was concluded that incorporating affective 

information from the multimodal-based ADS as prior knowledge to ASR system yielded 

better results than ADS based on either modality alone and that using affective information 

from eye movement-based ADS was better than speech-based ADS. The results demonstrate 

the promising benefit of integrating affective information from eye movements as an 

additional modality to enhance the automatic recognition of affective speech, in terms of 

WER reduction. This approach would be valuable in real-time systems, as information from 

eye movement is always available and can be integrated into ASR prior to the spoken 

utterance. 

This work has discussed the integration of affective information that is detected over 

the whole duration of the game into an ASR system. Incorporating affective information 

continuously is valuable for real-time systems. Although it would be possible to repeat the 

experiments to provide affective information continuously, its continuous detection and 

integration would require further investigation which is beyond the scope of this research.  
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Chapter 7  

7 Conclusion 

lthough considerable progress has been made towards the realisation of affect-

intelligent machines, they are not yet a reality in everyday life. Accurate affect 

detection systems suitable for real-life HCI applications remain challenging for want of 

realistic data representative of individuals’ felt affective experience. This thesis has reported 

research into affect-aware interfaces applicable for use in real-life applications to facilitate 

natural HCI through the development of affect detection systems utilising eye movement 

and speech data collected in an interactive virtual gaming environment. It is believed that in 

such an environment it is possible to elicit spontaneous affective responses close to those of 

real life, hence facilitating the evaluation of affect detection systems with generalised 

performance.  

By analysing the use of eye movement and speech modalities in affect detection, the 

thesis concludes that spontaneous speech elicited while interacting with the virtual gaming 

environment via speaking aloud can provide information about the player’s experienced 

affects and that the eye movement modality provides more reliable affective information 

across both the arousal and valence dimensions (research question 1 and 2  in Chapter 1,  

Section 1.2). Incorporating eye movement data with speech in multimodal fashion shows 

that the two modalities carry complementary affective information in the application of 

interactive virtual gaming environment and that both warrant incorporation where feasible 

(research question 3 in Chapter 1, Section 1.2). Based on the findings, this research has 

developed a framework for evaluating the use of affective information from eye movements 

as prior knowledge in ASR systems to enhance the recognition of affective speech and 

A 
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achieve affect-robustness (research question 4 in Chapter 1, Section 1.2). Overall, the results 

show the value of considering eye movement as an additional modality to aid affect detection 

from speech, thus facilitating the development of an affect-aware speech-enabled interface 

without compromising the spontaneity of the interaction. This chapter enumerates the 

contributions made by the present research and offers recommendations for further research.  

  

 Contributions  

The work described throughout this thesis makes original contributions to the general field 

of HCI and specifically to the area of affective computing. This section summarises these 

contributions. 

 

7.1.1 The aGame corpus  

This thesis has reported the development of a spontaneous multimodal affective corpus of 

eye movements and speech which was collected in an interactive virtual gaming 

environment designed to elicit different affective states according to Russell’s circumplex 

model of affect. The participants, each having more than two years of gaming experience 

using a PC and/or gaming consoles, were invited to speak aloud while playing, thus eliciting 

natural affective speech responses. Eye movement data was captured using the EyeLink II 

sensor, a head-mounted eye tracker. Speech was simultaneously recorded using a studio 

quality microphone, then transcribed and reviewed manually by two independent individuals 

and time-aligned automatically. The illumination of the environment was recorded to 

compensate for PLR in the pupillary responses. On-screen activities were also recorded to 

allow visual inspection. All recorded data was subject to quality assessment. The software 

and hardware used for data collection allowed the modalities to be recorded synchronously.  

Analysis of the players’ self-reported affective experience confirmed that the interactive 

virtual gaming environment elicited the target affects as expected, according to the ground 

truth. This corpus is the first to contain recordings of affective eye movements and speech 

data elicited in a less constrained (spontaneous) environment, namely the interactive virtual 

gaming environment. It emphasises the need for the evaluation of multimodal affect 
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detection systems applicable to real-life natural HCI applications. The corpus can be used 

by the affective computing and speech recognition communities.  

 

7.1.2 Eye movements-based affect detection  

This work has demonstrated the feasibility of taking a less intrusive approach-based on eye-

movement to affect detection, using data collected in interactive virtual gaming 

environments. Various features were extracted from pupillary response with luminosity 

compensation, fixation, saccade and blinking, and new pupillary response features based on 

the Hilbert transform were proposed for affect detection. Features of the elicited eye 

movements were analysed to determine how they varied across different affective states on 

the arousal and valence dimensions. The results confirm that playing in the virtual interactive 

gaming environment successfully elicited the expected affective states. An SVM classifier 

was employed to detect these affects from the eye movement features and their performance 

was compared in terms of detection accuracy. It was found that pupillary response with 

Hilbert transform features yielded a better performance on the arousal dimension, whereas 

using saccade and fixation features together gave a superior performance on the valence 

dimension. These results highlight the potential for the real-life application of affect-aware 

interfaces based on sensing eye movements.  

 

7.1.3 Speech-based affect detection and integration with eye movements  

An affect detection system was developed, using acoustic signals and the lexical content of 

speech collected by prompting players to speak aloud while playing in the interactive virtual 

gaming environment. Various acoustic signals were extracted for affect detection, including 

prosodic, voice quality and spectral features. Affect elicitation analysis shows that affective 

responses were successfully elicited from the players’ speech. Affect detection was 

performed using an SVM classifier on acoustic features. The results demonstrate that it was 

easier to detect arousal than valence states from the acoustic speech signal. As to the lexical 

content, an affective lexical dictionary was developed by measuring the association of the 

spoken word with the elicited affects on the arousal and valence dimensions, using the 

‘affective salience’ measure based on pairwise mutual information. Various lexical features 
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of the affective lexical dictionary were extracted from transcribed speech. The results show 

that lexical features yielded a better performance when used to detect players’ affective states 

on the valence dimension. Results derived from both acoustic signals and the lexical content 

of the aGame corpus reveal that affect is detected more effectively from eye movement data 

than speech data. Combining affective information from eye movements with acoustic 

speech information in a multimodal approach improved the detection performance, 

indicating that the two modalities carry complementary information and that both warrant 

incorporation where feasible.  

 

7.1.4 A multimodal affect-robust ASR system  

Following the development of ADSs based on eye movement and speech data, unimodally 

and multimodally, the study investigated their application to an ASR system in order to 

enhance its capabilities during affective speech. An affect-robust ASR system was thus 

constructed by incorporating affective information from these two modalities using acoustic 

and language model adaptations. Affect-adaptive language models were developed to model 

the affective information of spoken words in the affective lexical dictionary. A research-

level baseline ASR system was developed using the Kaldi toolkit to investigate the influence 

of affects on the system’s performance in term of WER and to evaluate the use of the ADSs 

developed earlier in producing an affect-robust ASR. MLLR and MAP acoustic model 

adaptations were used to demonstrate the effectiveness of incorporating affective 

information from the ADSs at the optimal settings. The performance of the affect-adaptive 

language models was evaluated in terms of perplexity and WER when used in the ASR, in 

the latter case via word lattice rescoring. The complete affect-robust ASR system was 

evaluated on all of the players’ affective speech by the integration of the ADSs unimodally 

and multimodally, and performances were reported in terms of WER. The results 

demonstrate the benefit of using eye movements as an additional modality to enhance the 

affect-robustness of an ASR, thus demonstrating the feasibility of affect-aware speech-

enabled interfaces for natural HCI. 
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 Recommendations for Future Work 

The work presented in this thesis contributes towards facilitating affect-aware interfaces in 

a natural HCI by the use of eye movement as an additional modality to speech to enhance 

the affect detection process and demonstrates the value of its application to ASR systems for 

affect-robustness. There is nonetheless a need for further research before affect-awareness 

become a reality in natural HCI. This section offers some suggestion for future work. 

 

• The development and evaluation of affect detection systems reported in this thesis 

were based on players’ affective experience over the whole duration of each game, 

assuming that the same affective state persists throughout a game session. However, 

affective experience can change over the course of a game in response to different 

game events. The development of continuous affect detection is thus of interest for 

adaptive HCI and this requires the establishment of a method for continuous 

determination of ground truth to be investigated.  

• It would be beneficial to develop the multimodal integration of eye movement and 

speech modalities based on their mutual relationship with the elicited affects. For 

example, by applying the information-theoretic concept of mutual information one 

can investigate the amount of information they convey about the elicited affective 

states. It would also be of interest to investigate their shared representation upon 

affects using deep learning techniques. 

• This work employed a wearable eye movement tracking sensor, EyeLink II, for its 

ability to track pupillary responses with high precision. However, it can be invasive 

and uncomfortable for some players. Advances in the development of remote eye 

movement tracking sensors offer the potential for players to interact more freely 

within the virtual gaming environment without being restricted and without 

compromising naturalness of interaction. It would be interesting to evaluate the 

proposed approach using a remote eye movement tracking sensor.  

• This work investigated the affect-robustness of a GMM-based ASR system, but state-

of-the-art DNN-based ASR systems have been shown to provide superior 

recognition performance and can better account for variability in speech. It would 

therefore be of interest to investigate to what degree DNN-based ASR systems can 
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recognise affective speech and whether there is any benefit in using the proposed 

approach for affect-robustness.  

• This study has investigated the benefits of using eye movements as an additional 

modality to speech in developing an affect-robust ASR system. Since information 

from the eye movement modality is always available, considering its integration into 

ASR prior to speech is of interest for real-time interaction.  

• During the course of the work reported in this thesis, the deep learning approach to 

affect detection has emerged with promising performance. Investigating this 

approach to affect detection using data from the aGame corpus would be of great 

interest. However, the corpus is relatively small because it was difficult to recruit 

participants. One could consider collecting a larger corpus by means of 

crowdsourcing, in an online interactive virtual gaming context, for example.  

• The possible areas in which this research could be applied are:  

- Speech-enabled interfaces. 

- Adaptive experiences in virtual reality and gaming. 

- Affect-aware multimodal human-computer interfaces.   

- Natural human-robot interaction.  

- YouTube transcription service for gamers. 

 

 Summary  

This thesis has presented our work towards developing an affect detection system utilising 

spontaneous affective responses from eye movements and speech modalities elicited in an 

interactive virtual gaming environment. A framework is proposed to address the issue of 

affects in ASR systems using the ADSs developed here, highlighting the importance of using 

a more accurate modality for affect-aware speech-enabled interfaces which does not 

compromise natural interaction.  
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Appendix A 

 

 

Overview of available affect corpora  

Table A.1 provides a list of affective corpora that contain speech or eye movements data 

found in the literature. Early examples such as SUSAS [232] comprise a wide variety of 

affective and stressed speech collected in both acted and spontaneous real-life situations, 

such as roller coaster rides.  Affective speech corpora may contain material in English or 

other languages, such as German in the case of the FAU Aibo [69] corpus  and the Berlin 

affective speech dataset (EmoDB) [7]. The FAU Aibo corpus contains speech recordings of 

children interacting with a robot dog by giving him commands to perform some tasks, a Woz 

scenario, while. EmoDB contains acted affective speech data portrayed by actors.  Affective 

speech data are mainly obtained from actors, from real-life situations, or by using Woz 

scenarios. In the last two cases the data are typically annotated by external observers.  

Early corpora contained affective data from a single modality, mainly speech. In recent 

years, affective computing researchers have shown increasing interest in more complex 

multimodal data to improve recognition performance. The majority of available multimodal 

affective corpora are captured from audio and visual modalities, an example being the 

IEMOCAP corpus [138], which was developed to further the understanding of human 

multimodal affective behaviour. The visual data comprises facial expressions and/or bodily 

gestures. In addition to audio-visual corpora, a few affective multimodal physiological 

corpora are also available, including data such as EEG and eye movement data (e.g. [130]). 

The MAHNOBA-HCI corpus [129] captures both audio-visual and physiological data, 

including eye movements, EEG and peripheral signals51 in response to affective movie clips. 

                                                 
51 Peripheral signals include: GSR, ECG, breathing rate, and skin temperature. 
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However, the audio data consists only of laughter and the amount is insufficient for affect 

analysis. For a comprehensive review of available affective corpora, the reader should refer 

to [4]. 
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Appendix B 
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Appendix C 

Questionnaire 

Figure C.1 depicts the questionnaire form that appears on completion of each game. The 

questionnaire consists of two sections, the first (Figure C.1(a)) evaluates the player affective 

experience in terms of valence and arousal on a seven-point scale (range [-3, 3]).  Positive 

values indicate more aroused/pleasure affective experience, and negative values indicate 

more sleepy (low aroused)/displeasure affective experience. The second lists eight discrete 

affects (relaxed, content, happy, excited, angry/annoyed, afraid, sad and bored), as shown in 

(Figure C.1(b)), and asks the player to choose the affective label closest to his/her experience 

during the game. 

 

 
(a)                                                                    (b) 

Figure C.1: A screenshot of the questionnaire, from the interactive virtual gaming environment 

developed by [10].  
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Appendix D 

 

Equipment 

Figures D.1 to D.5 show the equipment used in collecting the recordings for the aGame 

corpus.  

 

 

Figure D.1: Eyelink II eye movement tracking sensor, adapted from [27]. 

 

 

 
Figure D.2: Shure WH20 microphone. 
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Figure D.3: Edirol UA-25 speech recorder. 

 

 

 
Figure D.4: Logitech Wingman 3D force feedback joystick. 

 

 

Figure D.5: Extech HD45 Luxmeter. 
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Appendix E 

 

The Hilbert transform 

The Hilbert transform (HT) is a signal processing tool for nonlinear and non-stationary 

signals. It acts as a filter that shifts the phases of a given signal in all frequency components 

by ±𝜋/2 radians and returns a complex representation, as given by Equation E.1, called an 

analytic signal [176].  

 

𝑧(𝑡) = 𝑥(𝑡) + 𝑗 (𝑡)𝑥
~                                                      (E.1) 

 

where 𝑥(𝑡) is the real part and 𝑗 (𝑡)𝑥
~  is the imaginary part, corresponding to the input signal 

and the Hilbert transform, respectively.  



Appendices 

 

 

162 

 

 

Appendix F 

 

Overview of GMM-HMM based acoustic modelling  

A standard ASR system employs a triphone context-dependent HMM. In this appendix, the 

GMM-HMM acoustic model is briefly described.  

 

F.1 Hidden Markov model  

The hidden Markov model (HMM) is a probabilistic model that can model observed time 

series data in an unknown state [202], such that at any given time 𝑡 a sequence of 

observations Y = {𝑦1, 𝑦2,… . 𝑦𝑛} is produced by a sequence of hidden states 𝑄 =

{𝑞1, 𝑞2,… . 𝑞𝑛}. The hidden states are assumed to be conditionally independent from the other 

states except the current one at time 𝑡. In HMM acoustic models, words are modelled as 

sequences of word units (phones), such that each word unit is represented by a sequence of 

hidden states and the probability distribution associated with it [202]. Figure F.1, illustrates 

a five-state HMM word unit model. Each state 𝑠𝑖 has transition probabilities 𝑎𝑖𝑗 and output 

probabilities 𝑏𝑖 for the observed acoustic features 𝑦𝑖. The start and end states are not 

associated with output probabilities; hence they are called ‘non-emitting states. The state 

output probabilities are modelled as a mixture of Gaussians, in order to model the 

asymmetric and multimodal densities of the observed acoustic features [202]. 

The common technique for training an HMM model is Maximum Likelihood (ML) 

estimation, where the aim is to maximise the model parameters given the observed data.  The 

standard algorithm for ML estimation in ASR is the Baum-Welch algorithm, where the 

posterior probability for state 𝑠𝑖 associated with observation 𝑦𝑖 in a whole sequence is 

calculated using forward and backward probabilities. The forward probability refers to the 
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probability of all the states in the sequence up to state  𝑠𝑖 at time 𝑡. The backward probability 

refers to the probability that the model produces the remaining observed sequence given that 

the state 𝑠𝑖  at time 𝑡 was occupied. Alternatively, Viterbi decoding can be used; however, it 

only applies a forward probability pass. This method of HMM training is implemented in 

the Kaldi toolkit for its efficiency and low computational cost [233]. 

 

 

 

Figure F.1: A left-to-right five-state HMM, adapted from [202]. 

 

Typically, HMM acoustic model parameters are initially trained using a simple phone 

model called ‘monophones’. The model sets all state transition probabilities with uniform 

distribution. The state’s output probability distributions are initialised with a global mean 

and covariance matrix estimated from the observed data. In this model, the phones are 

modelled context-independently from the other phones.  In the context-dependent model, so 

called ‘triphones’, a unique phone model is created by considering the left and right context 

of each observed phone.  

The number of HMM model parameters tends to increase, as the Gaussian mixture 

models (GMMs) are estimated for each HMM state separately, yielding an increase in the 

model complexity. Hence, more training data are required in order to create accurate HMM 

models. To reduce the HMM model’s complexity, HMMs with similar parameters can be 

combined to model data with acoustic similarities. Similarity between models is evaluated 
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by measuring the distance between their parameters, and models that fall within a certain 

distance are clustered together. The combined model is referred to as a ‘tied state model’. 

For further details of HMM-based ASR, the reader can refer to [202]. 

 

F.2 Gaussian mixture model  

The GMM is a weighted sum of K Gaussian component densities with means and diagonal 

covariance matrix [234]. The mixture weights ∅ of the model are commonly estimated using 

the Expectation Maximization (EM) estimation technique [235], such that ∑ ∅𝑘
𝑘
1 = 1. The 

GMM probability density function (PDF) is defined by Equation F.1 [234]. 

 

 

𝑝(𝑥) =  ∑ ∅ 𝑘
𝑘
1 𝑝(𝑥|𝜇𝑘 , , Σ𝑘)                                                 (F.1) 

 

where 𝑥 is the input feature vector of the D-dimension. 𝑝(𝑥|𝜇𝑘 , , Σ𝑘) is the kth Gaussian 

component density, consisting of two parameters, mean 𝜇𝑘 and covariance matrix Σ𝑘, and 

defined by Equation F.2 [234]. 

 

𝑝(𝑥|𝜇𝑘 , , Σ𝑘) =  
1

(2𝜋)𝐷/2|Σ𝑘|1/2
exp(−1/2(𝑥 − 𝜇𝑘)

𝑇  Σ𝑘
−1(𝑥 − 𝜇𝑘))         (F.2)
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