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Abstract  
 

The ability to recognise facial expression is crucial to human social interaction and 
plays an integral part in most social interaction scenarios. Being able to understand genuine 
facial expressions is considered a valuable social skill. In this context, a smile is treated as a 
major facial display that can be recognised easily, but can be confusing. Genuine smiles are 
usually labelled as both showing and feeling happiness, but posed smiles are far less likely to 
be understood as feeling happiness than as showing happiness.  

 
Previous studies considered either observers’ verbal responses or smilers’ facial 

features in distinguishing between real and posed smiles. Some of these studies also 
considered smilers’ physiological signals in this context, but none of the studies considered 
observers’ physiological responses. The latter concept is considered in this thesis. This thesis 
outlines a review of relevant physiological signals and related facial expression recognition as 
well as affective computing literature. This thesis also presents a novel computational 
approach, called the independent approach, to train the classifiers with a totally independent 
dataset that uses a ‘leave-one-subject-and-one-stimulus-out’ cross validation technique.  
Before discussing observers’ physiological reactions to the viewed smile faces, it addresses 
observers’ pupillary changes to viewed graphical visualisations. Thus, it discusses non-
invasive and unobtrusive physiological sensors and relevant computational techniques for 
discriminating between observed smiles (real versus posed) with a preparatory examination 
of some of these physiological signals in observed visualisations (radial graphs versus 
hierarchical graphs).  

 
At the beginning of this thesis two graphical visualisations (radial and hierarchical) 

are chosen to distinguish between observers’ verbal responses and their pupillary responses. 
The graphical visualisations are snapshots of a kind of data used in checking the degree of 
compliance with corporate governance best practice. The radial visualisation shows the 
connections between the board members of BHP Titanium Pty Ltd and ICI Australia 
Petrochemicals. The hierarchical visualisation exhibits the connections between the board 
members of the National Australia Bank and Sydney 2001 Olympics. Six, very similar, 
questions were asked from each participant for each visualisation and found that although 
observers are not able to distinguish between the radial and hierarchical graphs according to 
their verbal responses, their pupillary responses can. The analysis of the experiment also 
shows that observers are verbally 81.0% and physiologically 95.8% correct.   

 
The outcomes from the above experiment motivated me to design experiments to 

analyse the changes of physiological responses to = viewed human facial expressions instead 
of graphical visualisations. In this regard I have chosen smiles as a human facial expression, 
because it generally means happiness and/or is used to motivate others. For example, a 
speaker can be motivated from audience smiles. On the other hand, people can smile from 
feeling or by acting or posing the smile. Thus discriminating real from posed smiles is 
important in human centred computing, for computers to ‘understand’ smilers’ mental states.  

 
Experiments are designed and conducted to acquire observers’ physiological signals 

with their verbal responses while watching smile videos. A number of smile videos are 
collected from the literature and processed to show them to participants/ observers. The 
processed smile videos are classified as real/ posed according to their elicitation provenance. 
The physiological signals in the data sets include pupillary response, galvanic skin response 
(GSR), electrocardiogram (ECG) and/ or blood volume pulse (BVP).  
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Observers’ physiological signals are analysed by developing computer programs via 

signal processing and machine learning techniques. Several methods are used to develop this 
computational model such as noise removal, feature extraction, feature selection, fusion, 
classification, ensemble learning, and so on. In this connection, filtering is considered to 
remove noise from the recorded signals; normalisation is used to overcome age effects on the 
signals; interpolation is applied to reconstruct the missing values; principal component 
analysis (PCA) is employed to eliminate the lighting effects from the recorded signals, etc. 
Neural networks (NN), support vector machines (SVM), relevance vector machines RVM), 
k-nearest neighbours (KNN), and ensemble classification techniques are employed to develop 
the classification model in this thesis. Final results show that participants are verbally 52.7% 
(on average) to 68.4% (by voting) correct whereas they are physiologically 96.1% correct 
using an independent approach and ensemble technique.  

 
Overall, this thesis contributes a significant dimension to developing a computational 

model to differentiate between real and posed smiles as well as offering insights into 
observers’ understanding of radial and hierarchical visualisations based on their peripheral 
physiology. In other words, this thesis measures observers’ feelings and reactions to the 
observed images and smiling face visualisations. As physiological signals are not easy to 
control voluntarily and provide spontaneous and non-conscious outcomes, the outcome of 
this thesis identifies an authentic and important difference between what observers’ say and 
feel, that is, reported verbally (say) and reflect physiologically (feel), respectively. Further 
research suggests including sensor technologies the care-givers or users of avatars to 
understand human psychology via their recorded physiology.  
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Chapter 1 - Introduction 
 

This chapter provides an introduction to the thesis. It provides the motivation of the 
proposed research on human feelings, specifically on discriminating between real and posed 
smiles, and identifies the main research questions and objectives. The chapter also summaries 
the thesis outline.  
 
1.1. Motivation  
 

As computers take on a universal role and link themselves into our lives in many 
forms and shapes, they are still fundamentally limited in understanding our nonverbal 
behaviours. This limitation could be exacerbated by our own lack of understanding of the full 
range of human facial expression. The human facial expression is a kind of nonverbal 
communication method by which one understands the mood/mental state of another person 
(for example happiness, sadness, fear, disgust, surprise and anger) [1, 2].  
 
 It is useful to distinguish real (genuine/spontaneous/felt) facial expressions from the 
posed (deliberate/fake/acted) ones for social interaction analysis since they convey different 
meanings. The most useful facial expression for spontaneity analysis is the smile, as it is the 
most frequently performed expression [3]. But the smile is a multi-purpose facial expression, 
which does not always indicate happiness or enjoyment. It is also used to express rapport, 
politeness, sarcasm, embarrassment, and even frustration, since it is the easiest facial 
expression to use to mask other emotional expressions [4, 5]. So how is a person to accurately 
recognise a real smile?  
 

Let us consider a case study. Jacob is a customer service worker who is responsible 
for bearing all the relevant costs of his family. He is always under pressure in managing his 
family costs and cannot afford his own medical treatment, and is gradually sinking into 
depression or mental illness. He has three children as well as parents to support. He can’t be 
angry towards them and he does not feel it is possible to show them his stressed face. As a 
result, he is always trying to smile to his family members. In addition, it is his responsibility 
to show his smiling face to the customers in his work. So how will his family members 
actually learn about his mental condition before he goes into severe depression?      

 
Let us consider another case study. Bob is working with disabled people and he finds 

that sometimes it is very hard to understand their feelings properly. He also finds that they 
wish to express their internal feelings properly so that Bob can understand them perfectly, but 
they fear social stigma. Is it possible for Bob and other care-givers to understand disabled 
peoples’ feelings without hassling them?  

 
In these scenarios, I choose the most easily recognisable, but most confusing, facial 

expression ‘smile’ which an observer wants or needs to understand, beyond the smiler face 
value from their observers’ responses. In the literature, it has been shown that verbally people 
are 56% to 69% able to recognise real smiles [6, 7]. In addition to the reported verbal 
response results, people often misinterpreted their own reaction to the viewed emotional faces 
[8, 9]. It has also been evidenced that human behaviours fail to address cognitive and 
biological processes, and that verbal responses do not entirely reflect their unconscious 
mind’s thoughts, feelings, and desires [10]. So in areas which are emotionally significant for 
human beings, people should not expect verbal responses to be completely objective and 
highly reliable. 
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In light of this, I investigate observers’ ability to discriminate between real and posed 

smiles using observers’ peripheral physiology. The physiological responses measured are 
automatic reactions to the observed facial changes, and cannot be faked voluntarily or 
assessed visually [8, 11, 12]. Most of us are familiar with these automatic and instinctive 
physiological responses we experience every day, but we typically remain unaware about 
their details, such as how galvanic skin responses and pupillary responses change due to 
stimuli and under pressure (as an example, when someone is in stress or under pressure his / 
her galvanic skin response and pupillary dilation will increase) [13]. There is also evidence 
that observers’ physiological responses can influence or evaluate another’s mental state [14], 
perhaps via subjective feelings which allow us to judge others’ facial expression. An 
important benefit of physiological measurement is that physiological responses are not easy 
to control voluntarily and provide spontaneous and non-conscious signals for measurement. 
Thus, they have the possibility to identify big differences between what observers’ say and 
feel, that is to say what is reported verbally (say) and what is reflected physiologically (feel), 
respectively.     
 
 Human understanding of facial expressions is subjective, while automated sensing of 
physiological responses to facial expressions is objective. Modelling human subjectivity with 
objective data remains an open question. The subjectivity means observers’ verbal responses, 
while the objectivity means their physiological responses. To understand human objectivity, 
firstly I designed an interaction scenario to analyse how participants are seeing (meaning 
changes of pupillary responses) and responding to graphical images to find the correct 
answer. In this context, I analysed participants’ pupillary and verbal responses to distinguish 
between two visualisations (radial and hierarchical graphs). These responses represent how 
participants see (pupillary changes) and say (verbal response). This scenario also identified 
the importance of physiological signals as a method to distinguish between the presented 
visual information, and motivated me to analyse these kinds of signals in the case of viewed 
facial expressions, such as smile faces.  In this connection, I implemented other experiments 
to distinguish between real and posed smiles from participants’ feeling (meaning changes of 
physiological signals such as galvanic skin response, electrocardiogram, blood volume pulse 
and pupillary response). This represents how participants feel (physiological changes) and 
say. 
 

The major current focus in smile recognition research is to determine objective ways 
to detect smiles properly using computer vision, human psychology, human physiology, and 
so on. The variables associated with smile recognition come from various disciplines 
including signal processing, computer science (e.g. machine learning, data mining), 
psychology, affective computing, human computing etc. The background and relevant 
research will be discussed in Chapter 2.    
 
1.2. Research Questions and Objectives  
 

The objectives of this thesis are presented in this section and described in detail. The 
relevant general architecture of the thesis is illustrated in Figure 1.1. It is depicted in Figure 
1.1 that two types of experiment is considered in this thesis, namely visualisations and smile 
videos. I collected observers’/ participants’ verbal and physiological responses from each 
experiment. The recorded physiological responses are processed and evaluated using signal 
processing techniques and machine learning classifiers respectively. Finally, observers’ 
verbal responses are compared with their physiological responses. As physiological responses 
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are not possible to change voluntarily and reflect observers’ internal changes, thus it reflects 
their feeling to the observed smile videos.  

 
  
 
 
 

   
 
 
 
 

Figure 1.1: A general architecture of the thesis. 
 
Firstly, I propose solutions for discriminating between radial and hierarchical 

visualisations from participants’ pupillary responses. I investigated participants’ eye gaze 
fixations and saccades during their search for answers from two graph visualisations (radial 
and hierarchical) of public data. The data is a snapshot of the kinds of data used in checking 
the degree of compliance with corporate governance best practice. I aim to develop a 
computational model with neural network and participants’ pupillary responses to answer the 
following research question. 

 
How do people perceive graphical visualisations verbally and physiologically?   

 
Secondly, this thesis addresses the question of whether untrained and unaided 

observers can discriminate between real and posed smiles from different sets of smile videos. 
Observers were shown smile face videos, either singly (mainly) or as a pair (once), to rate 
each of them on a number of scales intended to assess perceived real and posed smiles, and I 
analysed their responses to answer the following research question. 

 
How do people express (say) their understanding while viewing smile videos?  
 

 Thirdly, I investigated a method to discriminate real and posed smiles from 
observers’/ participants’ physiological states while viewing smile videos. I generally recorded 
four physiological signals: pupillary response (PR), electrocardiogram (ECG), galvanic skin 
response (GSR), and blood volume pulse (BVP) to demonstrate participants’ feeling by 
addressing the following research question. 

 
How do people physiologically respond (feel) to detect real smiles from a set of 

smile videos?  
 
I address this question from the following perspectives. Firstly, I extract features from 

GSR signals and call them recorded features (processed GSR signals) and extracted features 
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(computed features from the processed GSR signals). Secondly, I investigate the effect of 
various feature selection methods on recorded features and extracted features. Finally, I 
compute the classification accuracies using three different classifiers (K-nearest neighbour 
(KNN), support vector machine (SVM), and neural network (NN)) to address the following 
question.  

 
How are classifiers responding to the recorded and extracted features?  
 
Next, I focus on classifiers and relevant approaches. The classifiers on physiological 

signals present challenges beyond more traditional datasets, as the training data includes data 
points which are not independent. Most obviously, more than one sample can come from a 
particular human subject. Standard cross-validation as implemented in many AI tools gives 
artificially high results as the common human subject is not considered. This is handled by 
some papers in the literature, by using leave-one-subject-out cross-validation. I argue that this 
is not sufficient, and introduce our independent approach, which is leave-one-subject-and-
one-stimulus-out cross-validation. I demonstrate an approach using three classifiers (KNN, 
SVM, and NN) and their ensemble, using physiological recordings from subjects observing 
real versus posed smiles to address the following sub question.  

 
How does the independent approach differ from other leave-one-out approaches 

in distinguishing between real and posed smiles?  
 
1.3. Thesis Outline  
 

This thesis comprises of 8 chapters and 6 appendices. Chapter 1 provides an overview 
of the research in this thesis. It describes the motivation for measuring observers’ feelings 
from their physiological signals while watching different visualisations or smile videos.  

 
The research described in this thesis draws inspiration from several areas of research, 

including nonverbal behaviours, facial expression, data visualisation, affective computing, 
and human physiology.  Chapter 2 describes the relevant theoretical background and 
literature review in this context. 

 
Chapter 3 addresses all the experiments conducted for data collection, details of the 

sensors, experimental procedures, and relevant physiological signals. 
 
 Chapter 4 presents the outline of the computational frameworks to analyse data using 
MATLAB. This chapter describes signal processing, feature extraction, feature selection, 
machine learning algorithms, and computational approaches. 
 
 Chapter 5 uses an information visualisation scenario to evaluate participants’ saying 
abilities with their seeing abilities. Their saying abilities are analysed from their correct 
response rates by asking six questions from each visualisation (radial and hierarchical). Their 
seeing abilities are addressed from their pupillary responses while viewing these two 
visualisations. The results show that the number of fixations can highly significantly 
differentiate between radial and hierarchical visualisations where observers’ correct response 
rates cannot. The analysis of the experiment also informs that observers are verbally 81.0% 
corrects and physiologically 95.8% differentiated.   
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 Chapters 6 and 7 further analyse observers’ saying abilities with their feeling abilities. 
Their saying abilities are analysed from their correct response rates, and their feeling abilities 
are analysed from their physiological signals. Chapter 6 deals with an experiment in three 
case studies. In this experiment, I used 25 smile videos from four sources in the literature. 
There were 10 real and 15 posed smile videos. Videos were processed before showing them 
to the participants so that all of the videos are kept in uniform size, duration and format. 
Finally, when analysing the recorded signals 96.6% and 90.0% correctness are found from 
observers’ galvanic skin response in distinguishing between real and posed smiles from 
extracted and recorded features, respectively.  
 
 Chapter 7 deals with two experiments and three computational approaches. In the first 
experiment of this chapter, I used 20 smile videos from four sources in the literature. Videos 
were processed and luminance was adjusted on the processed videos before showing them to 
the participants. I have tested three approaches, namely leave-one-video-out (smiler 
independent), leave-one-participant-out (observer independent), and leave-one-video-and-
one-participant-out (completely independent approach) on the extracted features from the 
recorded physiological signals. It is found that the independent approach shows lower 
accuracies compared to other two approaches (smiler independent and observer independent) 
considering each physiological signal separately. Finally, feature level fusion improves the 
classification accuracy to 96.1% using the ensemble technique. In the second experiment, I 
used only a single smile source to verify that multiple smile sources do not introduce spurious 
bias and found consistent results.     
 
 Chapter 8 summaries the main contributions of the thesis and identifies the questions 
emerging from this research for future directions. In this chapter, it is reported that 
participants are verbally 52.7% (on average) to 68.4% (by voting) correct and physiologically 
96.1% correct using an independent approach and ensemble technique. Thus, people are 
unconsciously more accurate than their conscious choices. The unconscious signals reflect 
their feeling abilities by their physiological responses, and the conscious choices reflect their 
saying abilities by their verbal responses. Finally, I discuss a few application of this thesis in 
the context of human-robot-interaction, emotion veracity detection tool, and care-givers’ 
sensing abilities to understand patient’s mental states. Appendices A-E provides material 
used in the research experiments.    
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Chapter 2 – Background and Literature Review 
 

This chapter presents a literature survey and provides background for the work in this 
thesis. It discusses visualisations, facial expressions, smiles, physiological responses, 
computational methods, and ways of discriminating between real and posed smiles. It also 
addresses the importance of smiles as well as physiological signals. It is also noted in this 
chapter that observers’ verbal and physiological responses are considered as their Saying and 
Feeling abilities, respectively.  
 
2.1. Visualisations and Facial Expressions  
 

Visualisation interfaces have been developed to help users navigate the information 
space by connecting their cognitive maps and the inherent complexity of the underlying 
information [15, 16]. Recent development in this field has been concerned with the 
combination of analytical reasoning, human factors, visualisation and data analysis [17]. The 
field of computer-based information visualisation draws on ideas from several areas: 
computer science, psychology, semiotics, graphic design, cartography, and art. The two main 
threads of computer science relevant for visualisation are computer graphics and human-
computer interaction (HCI). In computer and information science, visualisation refers to the 
visual representation of the data structure and dynamic behaviour of large, complex datasets 
using graphics, images and animated sequences to graphically illustrate the systems, events, 
processes, objects and concepts of the complex datasets. An increasing number of 
visualisation systems display relational information in a graphical form to assist in its 
comprehension and use [18]. 

 
Data visualisation is a quick and easy way to represent complex data. It pairs graphic 

design with quantitative information, and aims to explore human understanding on graphical 
figures in accurate and representative way [19]. In addition, visualisations can be used to 
understand  human emotion easily [20]. The face visualisation or facial expression is one of 
the most instantaneous means of human emotions that is generally used to communicate with 
others. It is evidenced that human face express emotions sooner than their own spoken words 
[21].  

 
In this connection, humans are able to observe and recognise other’s facial 

expressions [22], but understanding internal feelings is still regarded as a rather difficult 
process [23]. One of the examples on face visualisation is that a teacher can teach his / her 
students by understanding their facial expressions. Sometimes students are not happy 
regarding their understanding on the concept. So teacher should understand them and teach 
them by their own words. This is a general criterion for a good teacher. But it is not always 
possible in a social context. In this regard, physiological signals can play an important role.  
 
2.2. Facial Expressions and Smiles  
 

According to Darwin’s observations, facial expressions show emotions and are 
intrinsically linked to the affective states (psychological and emotional states) that carry 
critical social signals and provoke recognition that is accurate, clear, and immediate [1, 24, 
25]. Facial expressions are a form of information and used by us as a principle means of 
everyday evaluations of others’ emotional experiences [26]. Happiness is the most uniformly 
displayed facial expression among the basic facial expressions of emotion (happiness, 
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surprise, disgust, fear, anger, and sadness) [27]. Generally, smiles are associated with an 
atmosphere of happiness or positive feelings, such as enjoyment, amusement, appreciation, 
satisfaction etc. However, people can easily use a smiling mask in negative or neutral 
situations, such as using acted, arrogant, or miserable smiles, or when they intend to hide 
something [5, 24, 25]. I define the smiles which attempt to portray a positive emotion, which 
is not masking some other emotion, as posed smiles. This includes actors in movies, or “smile 
for the camera”. Smiles related to happiness as defined as real smiles. In this situation, ‘the 
smile’ is commonly considered as a general aspect of facial expression, although it is not a 
singular category of facial behaviour [7]. The facial behaviour depends on people moods. 
Such as when a person is frustrated, his/her facial expression will be different compared to 
when s/he is sad or surprised. But s/he can smile in every situation, thus a smile represents a 
general aspect of facial expression, although it is not a singular category of facial behaviour.   
 
 With the growing interest in human centred and affective computing, intelligent 
machines are being involved to discern people’s actual internal behaviours. The recognition 
of affective states from others’ facial expressions is a vital and universal skill for social 
interaction [28], and in this context, the smile attracts more attention than any other region of 
the face [29]. Thus, developing a system that distinguishes between real and posed smiles 
could be applicable in many situations, such as interactive tutoring systems [30], video 
conferencing [31], customer service quality evaluation or relationship management [32], 
patients’ mental state monitoring during medical treatment [33], verifying truthfulness during 
questioning [34], and so on. Even the performance of computational face recognition systems 
may be improved when trained by smiling faces, because smiling faces are treated as the 
most prevalent (among expressive faces) for both training and recognition in dynamic 
scenarios [29]. 
 
2.3. Importance of Smiles 
 

It could be highly beneficial to discriminate genuine (spontaneous/felt/real) from 
posed (fake/acted) facial expressions in many situations like social interaction, public 
security, and so on. As an example, a police officer or computerized tool may make 
assumptions about a suspect’s veracity or not according to whether their facial expressions 
are genuine or posed. One of the most frequently displayed facial expressions is a smile [3]. 
Smiles are interpersonal tools and nonverbal behaviours that are sometimes more significant 
than spoken words [35] and carry extra information to strengthen, supplement or contradict 
what is being said. Shlenker [36] indicated that smiling can help people to increase likability. 
Gifford et al. [37] show evidence that people who smile more, and use more gestures, are 
identified as having better social skills. Smiling with eye contact is also perceived to have a 
positive influence on how people respond to a question [38]. Thus the smile is an extremely 
useful facial expression, and accurately recognizing whether a smile is genuine or posed 
would seem beneficial for successful social interaction.  
 

Research reveals that genuine but not posed smiles induce the experience of pleasure 
in observers [39]. In an experiment Peace et al. show that T-shirts worn are evaluated more 
positively when the person wearing it is expressing genuine smiles opposed to displaying 
posed smiles [40]. Research also suggests that real, but not posed smiles, elicit cooperative 
behaviour from interaction partners [41]. According to Owren and Bachorowski [42] smiles 
evolved as a form of honest signalling and displaying positive emotion with the presence of 
the observer. Observers are sensitive to the information conveyed by honest signalling and 
are more likely to engage in cooperative interactions with the honest smilers. It seems to have 
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greater influence on both observers and smilers. Researchers also conclude that such 
cooperative behaviours are advantageous in many types of social interaction, despite 
ultimately selfish competition at a genetic level [43-45]. There is evidence that posed facial 
expressions make it difficult for cheaters to reap benefits by signalling cooperative intent in 
the absence of real emotion and intention to reciprocate [42]. Thus real smiles are considered 
as an important adaptation for promoting and maintaining cooperative social interactions. 

 
2.4. Real and Posed Smiles  
 

Generally, a smile is a pleased, kind, or amused facial expression formed primarily by 
flexing the muscles at the sides of the mouth. Broadly, it is a simple, easily recognised, and 
yet potentially confusing facial display. Although smiles reflect positive affect [46], this can 
be from a variety of emotions [25]. People do not smile only for happiness, but also when 
they are socially anxious, embarrassed, depressed, surprised and even more [47]. In many 
cultures, cheerfulness is mandatory and workers are required to smile as part of their jobs. 
Furthermore, it has been noted that smiling is less a sign of genuine emotion than a social 
display meant for others [48].  

 
The confusion arises because people can smile voluntarily and use that to mask/falsify 

other emotions [5]. For example, a disappointed employee may smile at the boss, tired 
service workers smile at their customers, and so on. Ekman [5] described 18 different types 
of smiles: some of them convey positive feelings (happiness, enjoyment, warmth, pleasure 
etc.), and others hide negative or neutral feelings, such as polite smile, acted smile, arrogance, 
sarcasm, contempt, nervousness, miserable smiles etc. As said earlier, I refer to the latter type 
of smiles as Posed Smiles and smiles related to positive feelings as Real Smiles. I want to 
recognize real smiles because (a) any type of emotion can be falsified using a smiling mask 
[5], (b) it is related directly to the smiler’s internal affective state in a way that posed smiles 
are not [49], (c) it differs in both form and motion from posed smile [25], (d) it has different 
social values than posed smiles [3]. 

 
2.4.1. Using Facial Muscles  
 

Although other emotions can be masked by a smile, the masking smile cannot cover 
the sign of happiness in the forehead and upper eyelids [5]. It was the French anatomist G. B. 
Duchenne who first described differences between smiles which “obey the will…..” and “put 
into play by the sweet emotions of the soul…..” [50]. The former smiles consist solely of 
zygomatic major action (the muscle which pulls up and back the lip corners) that does not 
always mean a facial signal of enjoyment or happiness [49]. The latter smiles involve the 
orbicularis oculi muscle (which surrounds the eyes) in concert with zygomatic major that 
occur with spontaneously experienced happiness, and called the Duchenne smile in honour of 
the Duchenne’s original observation [51]. It is believed by many that the smile can be seen in 
the eyes when a person is feeling genuinely happy [7, 49-51]. On this basis, a real smile is 
created by the contraction of the muscles at the corner of the eyes, while a posed smile is 
perceived without the eye contraction. A sample is shown in Figure 2.1. 
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Figure 2.1: Facial Muscles related to smile. 

 
Ekman and Frisen [25] proposed five distinct markers to distinguish real smiles from 

other type of smiles according to their own empirical observations on a large data set. These 
are (a) the Duchenne marker (the presence of orbicularis oculi, pars laterals, in conjunction 
with zygomatic major action), (b) the symmetry marker (the symmetrical change of the 
zygomatic major on both sides of the face), (c) the smoothness marker (smooth zygomatic 
major actions which are not irregular as in other types of smile), (d) the duration marker (a 
relatively limited and consistent duration range of zygomatic major action between 0.5 and 4 
s), and (e) the synchrony marker (synchronous action of the zygomatic major and orbicularis 
oculi such that they both reach maximal contraction (apex) approximately at the same time). 
Among all of the markers, Duchenne marker is found most dominant indicator of a real smile 
[49]. 

 
A number of studies confirmed the presence of Duchenne marker in elicited positive 

smiles compared to elicited negative smiles [7]. Research has shown that the Duchenne 
marker has been linked to happiness not only through smilers’ verbal responses across a 
variety of settings, but also by central nervous system (CNS) measurements [46, 49, 52, 53]. 
Davidson [53] reported that positive emotion is mostly related to left hemispheric brain 
activation. Electroencephalogram (EEG) signals recorded from smilers’ heads when viewing 
emotion inducing films found that the Duchenne marker had been shown to be involved with 
left brain hemisphere activation [46, 52]. Similar results were found for 10-month-old 
infants’ smiles in response to the approach of their mothers [54]. Depressed patients showed 
more Duchenne-marked smiles during their discharge interviews instead of their admission 
interviews [55]. Moreover, psychotherapy patients showed more Duchenne-marked smiles 
when they were judged to have improved [56]. The Duchenne marker is measured either by 
electromyogram (EMG) electrodes or visually by FACS (Facial Action Coding System) [49]. 
According to FACS [57], the Duchenne smile involves the activation of AU (Action Unit) 12 
(the lip corner puller) and AU 6 (the cheek raiser), while other smiles involve activation of 
AU 12 without activation of AU 6. Gunnery et al. [57] found greater differences between 
Duchenne smiles and other smiles when the stimuli were videos instead of photographs, and 
when smiles were elicited naturally rather than through posing paradigms. 
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On the other hand, about 20% of the people can consciously produce the Duchenne 
marker by contracting the outer portion of their orbicularis oculi muscle [58]. There is also 
evidence that Chinese and Gabonese people living in Canada did not recognize Duchenne 
smiles more positively when judging Chinese and Gabonese people, but that Chinese people 
identified Duchenne smile more positively in French Canadian individuals [59]. Schmidt et 
al. [60] found 56% of the smilers showed the Duchenne marker in their posed smiles. It had 
also been found that the Duchenne marker can be active or inactive in both real and posed 
expressions [24]. Researchers also considered other markers to detect real smiles. For 
example, the symmetry marker [25] and the duration marker [7] are potentially informative to 
distinguish real and posed smiles. It was also claimed that a real smile is more symmetrical 
than posed smiles [61], but others did not find any significant differences [60, 62].  

 
 In recent years, researchers considered morphological (co-activation of Orbicularis 
Oculi (AU 6), smile controls, mouth opening, amplitude, asymmetry of amplitude etc.) as 
well as dynamic (duration, speed, asymmetry of velocity, head movements etc.) properties of 
smiles to distinguish between real and posed smiles. Ambadar et al. [63] discovered that 
perceived meanings of smiles were related to specific variation in both morphological and 
dynamic properties. Calvo et al. [27] reported that ‘happy eyes’ are the most dominant factor 
to detect a real smiling face, and morphological properties involving AU 6 are associated 
with increased probability of “wrongly” judging blended facial expressions as happy. 
Schmidt et al. [64] found higher dynamic properties (speed, amplitude of movement, and 
offset duration) in posed smiles compared to real smiles. Cohn et al. [65] employed an 
automatic feature tracking system and found that real smiles have smaller amplitude and a 
larger and more consistent relationship between amplitude and duration than posed smiles. In 
another study, higher speed and amplitude but smaller duration was reported for posed smiles 
compared to real smiles [60]. 
 
2.4.2. Using Classification Models  
 

In several studies, researchers employed computational techniques to classify real and 
posed smiles from smilers’ facial features. A linear discriminant classifier was proposed in 
[65], to distinguish real from posed smiles by measuring duration and amplitude from smile 
onset and reported a 93% recognition rate. Relevance Vector Machine (RVM) was 
considered in [66], for classifying real and posed facial behaviours from brow actions using 
intensity, duration, symmetry, trajectory, and occurrence order of the actions, and found a 
90.7% classification rate. Dibeklioğlu et al. [67] proposed tracking 11 facial feature points 
(eye corners, centre of upper eyelids, cheek centres, nose tip, lip corners) in the videos to 
analyse the dynamics of eyelid, check and lip corner movement and found 90.0% accuracy at 
mid-level fusion (concatenated features from each region are individually classified and then 
classifiers outputs are fused to get the reported result). Pfister et al. [68] proposed a 
spatiotemporal local texture descriptor method and reported a best classification rate of 
80.0%. Michel et al. [61] proposed a multimodal system and found a 94% accuracy by fusing 
a set of temporal attributes of tracked points of face, head and body. Gan et al. [69] employed 
a two-layer deep Boltzmann machine to track the faces of images and reported a 91.7% 
accuracy.  

 
A linear support vector machine (SVM) used to classify real and posed smiles using 

wrinkle values of cheeks and elongation values of eyes in [76] reported a 86% accuracy. Liu 
and Wu [70] used Gabor filters and an Adaptive Boosting (Adaboost) algorithm for feature 
extraction and selection respectively, and found a 85% classification output using the 
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combination of Adaboost and SVM classifiers. However, images depicting AU6 and AU12 
were said to be showing real smiles. Hoque et al. [6] conducted two experiments to classify 
delighted and frustrated smiles from smilers’ facial features, and found a 92.3% accuracy 
using a dynamic SVM classifier. Trutoiu et al. [71] used an Active Appearance Model 
(AAM) algorithm to find the relationships between eye blinks and real smiles in smilers’ 
video sequences. They reported that eye blinks are correlated with the end of the real smile 
and occur close to the offset, but before the lip corners stop moving downwards. They also 
reported that posed smiles did not have a systematic correlation with eye blinks. In another 
study [72], an AAM-SVM based method was proposed to find the temporal relationship 
between smilers’ eye actions and their smiles, and reported 93% and 98.6% accuracies over 
the eye actions and smiles respectively. A piecewise Bezier volume deformation (PBVD) 
tracker was used to track smilers’ videos and calculated displacement signals of eyelids, 
cheeks, and lip corners in each frame of videos in [3]. They found a 92.9% classification 
accuracies using SVM classifier and concluded that eyelid features are more informative for 
smile analysis. 
 
2.4.3. Using Verbal Responses  
 

Beginning with Darwin, observers’ verbal responses were considered in studies to 
distinguish between real and posed smiles. Research indicates that displaying real smiles as 
compared to posed smiles is more likely to be perceived as feeling happiness [41, 73-75]. 
Adults and older children have demonstrated the ability to judge emotion genuineness using 
facial information [76]. Miles [41] used signal detection techniques to analyse sensitivity of 
emotions and found that people exhibit high sensitivity when judging felt emotions compared 
to shown emotions. Miles and Johnston [74] created two experimental situations and found 
that (a) observers were sensitive to the differences between real and posed smiles, and (b) 
when compared to the baseline condition of a neutral expression, real smiles facilitated 
positive feelings. Hess and Kleck [9] indicated that nonverbal cues were influential in 
observers’ verbal responses in attempting to distinguish posed and elicited facial expressions. 
Keltner [77] reported that observers were more accurate during spontaneous displays of 
various emotions and their verbal responses on embarrassment and amusement were uniquely 
related to the observed facial expressions. Krumhuber and Kappas [78] have reported that 
observers use several characteristics (e.g., temporal qualities, asymmetry, orbicularis oculi 
contraction etc.) at distinguishing real from posed expressions. Hess et al. [79] similarly 
reported that observers used temporal factors when asked to rate the happiness of a smiling 
individual. Ambadar et al. [63] found that observers’ verbal responses were related to the 
specific variation of the smilers’ morphological and dynamic properties.  

 
Frank et al. [7] demonstrated that observers were 74% correct (on average) at 

classifying a particular participant’s real and posed smiles, compared with 56% for the judges 
who made single smile comparisons. Hoque et al. [6] reported a 69% correctness of human 
observers at distinguishing between delighted and frustrated smiles. In this connection, the 
ability to distinguish between real and posed smiles depends upon the presence of reliable 
observable markers that enable such discriminations to be made. From the above studies, it 
can be said that there is strong evidence that real smiles are associated with positive 
emotional states, while posed smiles are not. It may also be said that these physiognomic cues 
associated with real and posed smiles are differentially perceived by observers and evoke 
different behavioural responses in social interactions. But, it is also reported that people 
commonly misrepresent observed feelings/emotions, whether intentionally or not, because 
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they cannot always remember smiles during an experiment or want to please the 
experimenter, which seems to be a central aspect in social lives [9, 11]. 

 
However, no research has yet investigated observers’ peripheral physiology in 

distinguishing between real and posed smiles. In this regard, the goal of the present research 
is to analyse observers’ physiological signals in distinguishing between observed human 
smiles (real and posed).   

 
2.5. Importance of Physiological Measures 
 

Physiology is dealing with the study of organisms’ functions and trying to answer the 
functions from single cells to the interactions between human populations and the 
environment. For example, physiological signals may be used to investigate the 
cardiovascular system to answer questions about heart attacks and other human diseases. 
They may be used to learn how body adapts to temperature and environmental extremes or 
how life processes cope with environmental stresses. Physiological measures are important as 
they are foundation of understanding bodily changes, treat diseases, and even understanding 
human internal states. These signals have the advantage of immediately being affected by 
observing facial changes, and they cannot be faked voluntarily [80, 81].  
 

In this connection, human facial expressions are psychophysiological process that 
comprise the activity of automatic nervous system (ANS) and it is possible to understand 
emotional responses from these physiological changes [82, 83].  It is evidenced that the 
recognition of mental interactions, among people, are dealing effectively with physiological 
changes [84]. As a consequence, individual physiological measures provide specific 
information about organic regulatory systems including the heart, eyes, skin and viscera [85]. 
The physiological signals are robust against social masking and have the ability to reflect 
internal feelings [86]. It is also hard to fake physiological responses, because the central 
nervous system controls these signals [87].  

 
The complexity of neural activity is responsible for understanding conscious and 

unconscious recognition in vision. Generally, the understanding of visual behaviour depends 
on the sensitivity (extracts the signal from noise) of visual cortex and a threshold for response 
[88]. There are two visual streams, called ventral stream (involved with visual recognition 
and identification) and dorsal stream (involved with identifying relative location of an object 
with respect to viewer). The ventral stream is tied with normal visual cortex and plays an 
important role for normal conscious vision where dorsal stream bypasses normal visual 
cortex and forms unconscious vision through subcortical processing. In this way, a network is 
formed in the brain that points whether a visual state is in conscious level or not. In a study, it 
was shown that observers’ fMRI multi-voxels pattern analysis can predict visual stimuli 
correctly whether the stimuli were masked or not, and how brain neurons were activated to do 
the unconscious and conscious processing [89]. In another study, participants fail to notice 
and report a walking gorilla across the scene that proves the impacts of consciousness [90]. In 
addition, someone might opt not to report the true fact due to confusion or conservative bias, 
i.e. claiming the visual video is real smile when it was posed smile.   

 
2.6. Physiological Signals and Computational Techniques 

 
Researchers have investigated a vast number of physiological signals to detect 

emotional expressions [81, 91]. According to Jamesian theory [92], emotions are embodied in 
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peripheral physiology and interpreted with the perceptions of bodily changes such as human 
heart pounding or dermal responses. Although controversial, this concept emphasizes 
physiological responses rather than outer behavioural expressions [81]. Inspired by this 
theory, researchers used machine learning techniques to detect affect using physiological 
signals. Research on physiology based affect detection or facial expressions recognition are 
growing continuously, which reflects the importance of physiological signals (a few of them 
are listed in Table 2.1). For this reason, identification of reliable physiological signals and 
appropriate processing techniques is one of the key issues in understanding human affect and 
facial expressions [91]. It is also beneficial to interpret physiological signals with appropriate 
statistical analysis to map them into specific affective states [93]. 

 
Table 2.1: Summary of Physiological based Affect Detection Studies 

Ref. Stimulus Techniques Measures Results 
[94] Actor FDA/KNN GSR, ECG, RESP,  EMG, ST, VR 39%-45% 
[95] IAPS FDA/Bayes 

classifier 
EEG, ST, RESP, BVP, GSR, VR 72% 

[96] Computer 
game 

Regression Tree ECG, EMG, ICG, ST, PPG, GSR, 
Heart Sound, VR 

78%-88% 

[97] Basketball 
game 

SVM ECG, EMG, ICG, ST, PPG, GSR, 
1 Judge 

81.8% 

[98] Films ANOVA/ SVM RESP, ECG, EMG, GSR, ST, VR 72%-82% 
[99] Films Chi-squire/ SVM, 

Logitboost 
ECG, SC + Face + Somatic 
Activity, 5 Judges 

0.41 – 0.93 
(F-measure) 

[100] IAPS Simba/KNN, 
Random Forests 

RESP, EMG, ECG, GSR, VR 48% - 69% 

[11] Music SBS/LDA RESP, EMG, ECG, GSR, 
Objective (stimulus type) 

65% - 89% 

[101] Computer 
game 

ANOVA, LDA, 
QDA, SVM 

EEG, GSR, RESP, BVP, ST, VR 63% 

[102] Music LDA, MLP, KNN GSR, EMG, RESP and ECG 80% 
[103] Multimodal SVM ECG, PPG, GSR, ST 61.8% 
[104] IAPS NN EMG, GSR, ST, BVP, ECG, RESP 89.93%-

96.93% 
[105] IAPS NN BVP, RESP, SC 62%-67% 
[106] Imagery 

script 
ANOVA, LDA HR, BVP, finger temperature, 

EMG, GSR 
99% 

[107] Sounds ANOVA PR  Significant 
[108] Questions GLM PR, fMRI Significant 
[109] Game Eye link Data 

Viewer 
PR, lookup patterns, fixation Significant 

[110] Cognitive 
tasks 

ANOVA PR Significant 

[8] Video clips SVM, ANOVA EEG, PR, gaze distance, VR 68.5%-76.4% 
 
In my research, a number of physiological signals are measured and analysed in affect 

detection or facial expression recognition. However, I considered four of them in 
distinguishing between real and posed smiles, and these are pupillary response (PR), 
electrocardiogram (ECG), blood volume pressure (BVP), and galvanic skin response (GSR).  
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Researchers analyse pupillary response which is the measure of pupil diameter over 
time, as a measure of affective processing [107]. Generally, a video-based eye-tracker [111, 
112] is used to measure gaze locations, eye position, eye movements, the time length of 
fixations, pupil dilation and so on. Beatty [113] reviewed relevant literature and found that 
pupils may dilate or constrict due to memory load, valance, arousal, cognitive task, pain and 
so on. Partala et al [107] used auditory stimuli to elicit positive, negative and neutral emotion 
and concluded that physiological reactions are sensitive to systematically chosen stimuli. 
They found larger mean pupil diameter from the participants in the case of highly arousing 
sounds compared to neutral sound. Kang et al [108] observed that pupil dilation increased 
when people are more curious about the answer. Wang et al [109] arranged a biased-
transmission game between sender and receiver for collecting eye data and concluded that 
pupil dilation is proportional to the duration of lie. Iqbal et al [110] performed various 
cognitive tasks such as reading comprehension, mathematical reasoning, object manipulation 
and product searching to explain behaviour of PR in HCI, and concluded that pupil size is 
larger at the beginning of task and back to baseline levels at the end. Soleymani et al [8] used 
video clips to elicit arousal and valance, and concluded that affective labels can be 
determined from bodily responses. Oliveira et al [114] showed that pupil size can be utilised 
to distinguish the relevance of image and text web search outcomes.  

 
It is necessary to pay attention to the effect of light, attention, emotion and so on when 

collecting or analysing pupillary responses [8, 107]. For that reason, Principal Component 
Analysis (PCA) is reliably used to diminish the effect of luminance from pupillary responses 
[8, 114]. On the other hand, the luminance effects can be controlled before conducting an 
experiment. In this way, pupillary responses are reliably used to measure affective states in 
the field of human computing and affective computing. It is also evidence that the pupil size 
was increased when observers were shown facial stimuli of opposite sex, and larger pupils of 
females evoked more positive feelings in males [115]. Thus measuring pupillary responses 
would offer a good method for smile detection, because no sensors need to be attached to the 
observer, and certainly not to the displayer. 

 
ECG is the measurement of electrical activity of the heart over time using sensors 

attached to the body to measure heart rate (HR) and heart rate variability (HRV). It is a viable 
physiological signal to index affect. BVP is one of the physiological signals, which 
determines the amount of blood passing through the vessels at the time of recording. 
Measurements of BVP are commonly used in emotional state classification [116]. The 
measurement of ECG and BVP demonstrate that cardiovascular activation is an indicator 
differentiating among major categories of emotions (fear, anger, joy, sadness, physical action, 
and neutral imagery) [106]. There has also been evidence that higher HRV is related with 
happiness [117]. It is also reported that unpleasant stimuli results in higher cardiac 
deceleration [118].  
 

GSR indicates electrical changes measured at the surface of human skin that varies 
with the changes in skin moisture level (sweating) and reflects the changes in the subject’s 
sympathetic nervous system [119]. It is an automatic reaction which cannot be controlled by 
the user and is considered one of the strongest signals that can be used for emotion detection 
[120, 121]. It is found from GSR analysis that fear produced higher levels of arousal than 
happiness [93]. Kim et al [11] found linear correlation between arousal changes and GSR, 
while listening to music. Bradley et al [122] reported that pupillary change is co-varied with 
GSR during picture viewing, and found larger pupillary changes during emotionally arousing 
pictures. It can also be used for stress or cognitive load detection to improve mental health 
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[123].  Due to greater importance of physiological signals in emotion and facial expression 
recognition, the approach of using observers’ physiological signals to decode affective 
responses [124] to smiles is an alternative way of accessing the smilers’ internal state.  
 

Additionally, EEG, fMRI, and other physiological signals also play important role in 
emotion classification and affect detection (some of them are listed in Table 2.1). Soleymani 
et al [8] showed 20 emotional video clips to the 24 participants and recorded EEG signals and 
eye gaze data from them. It had been reported that fusion modality and SVM based emotion 
classification can outperform individual self-reports for arousal (calm, medium aroused, and 
activated) assessments and do not underperform for valance (unpleasant, neutral, and 
pleasant) assessments. Chanel et al [95] applied Naïve Bayes and FDA for emotion 
classification and found EEG is a good candidate for arousal assessment. In another study, it 
had been observed that different difficulty levels of a game correspond to distinguishable 
emotion, confirmed via EEG and peripheral physiological signals analysis [101]. Kang et al 
[108] analysed participants’ fMRI data and recommended that curiosity may enhance for 
surprising new information, which is good indicator for emotion recognition and affect 
detection. I analysed four physiological signals in my study but other physiological signals 
and EEG can be should be considered in the future in this context.    
 
 In respect of computational techniques, there are a wide variety of software 
programs, tools and packages, used in affect detection and facial expression recognition [81, 
125, 126]. SHINE (spectrum, histogram, and intensity normalization and equalization) is one 
of the important toolboxes used in MATLAB employed to control and modify a number of 
image properties across stimuli [127]. Generally, a large number of features are derived from 
physiological signals. Therefore, feature selection is employed to reduce the dimensionality 
and computational cost as well as to search for important features by discarding redundant 
and irrelevant features [128]. This technique is also useful to avoid over-fitting of training 
data and loss of generalizability of predictive models [129]. Although there are a wide range 
of feature selection techniques, only a few of them have been used in physiologically based 
affect detection, such as Sequential Floating Forward Search (SFFS) [101], Sequential 
Backward Selection (SBS) [11], Chi-Square [97, 99], Principal Component Analysis (PCA) 
[100], Canonical Correlation Analysis (CCA) [128], Analysis of Variance (ANOVA) [93, 
107], Fast Correlation Based Filter (FCBF) [101] and so on.  
 

There also exists a wide range of classification and pattern recognition techniques, 
used in affect detection and facial expression recognition. Linear discriminant Analysis 
(LDA) [11, 103] is used to find linear combination of features to separate two or more classes 
of physiological data. A traditional supervised dimensionality reduction technique is Fisher 
discriminant analysis (FDA), also used in pattern recognition and machine learning process 
[94, 95]. The K-nearest Neighbour (K-NN) is another widely used technique for pattern 
recognition or classification which stores training examples in memory and waits until the 
arrival of new examples [94, 102]. Quadratic discriminant analysis (QDA) is a more general 
form of the linear classifier used as a machine learning and statistical classification tool for 
affect detection [101]. Support vector machine (SVM) has been applied in many real-world 
problems like affect detection [97-99] due to its ability to control large input data and high 
generalisation capability. For example, Kim et al [110] proposed a practical emotion 
recognition system that utilised SVM classifier and reduced signal monitoring time 
significantly. Chanel et al [101] analysed peripheral physiological signals to detect three 
affective states (boredom, engagement and anxiety) during a computer game and compared 
the outcomes of three classifiers (SVM, LDA and QDA) and three feature selection methods 
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(ANOVA, SFFS and FCBF). They reported that LDA classifier and ANOVA features show 
best performance on peripheral data.  
 

There are more statistical or machine learning techniques used in affect detection or 
affective state classification such as Bayes classifier [95], regression tree [96], random forests 
[100], multilayer perception (MLP), neural network (NN) [104, 105], general linear model 
(GLM) [108], and so on. Haag et al [104] used a set of physiological features to train NNs 
and achieved 96.6% and 89.9% accuracies in the case of arousal and valence respectively. In 
another case, 62% and 67% accuracies were achieved for valance and arousal respectively 
from BVP, GSR, and RESP using NNs [105]. Wagner et al [102] used three pattern 
recognition techniques (KNN, LDA and MLP) for emotion recognition from four 
physiological signals (EMG, ECG, SC and RESP) and achieved about 80% accuracy 
considering all three classifiers. There are also exist a number of incremental and adaptive 
learning techniques such as ensemble of classifiers [130-132]. The ensemble consists of a 
group of classifiers which provides output based on some predefined rules, such as majority 
voting. The idea is to train each ensemble member with the shift of non-stationary data 
distribution [132]. Basically, this technique is used to find solutions where it is difficult via 
single classifier system [131], and high accuracy is of primary importance ignoring time 
constraints [130]. 
 
 According to the above literature review, it is evidenced that computational 
techniques play a vital role in affect detection and facial expression recognition. In this 
regard, I employed these techniques in this thesis to distinguish between two visualisations 
(radial and hierarchical) and between two smiles (real and posed).   
 
2.7. Observers’ Physiology and Smiles 
 

From the early stage of the perinatal period, infants and their caregivers show unique 
forms of emotional interaction [133]. Caregivers generally respond sensitively and 
automatically to the infants’ emotional expressions (such as when infants are crying and 
smiling). For example, mothers’ physiological responses change when infants are crying, 
most of which involves accelerated cardiac activity, increased skin conductance, and a higher 
rate of respiration [134, 135]. It is also suggested that the physiological changes caused by 
infant cries functions as ‘preparation for action’ [136]. A mother automatically approaches, 
picks up, and attempts to console her infant when s/he is crying. This occurs quite frequently 
in everyday parenting life. It is found that the happy smiles of infants attenuate their mothers’ 
physiological responses to their preceding cries [137]. 

 
Infant smiling is an important emotional expression that evokes maternal proximity 

and interactive social behaviour [138] and it plays an important role in their emotional 
development [139]. In this connection, the face is important for humans (infants to older 
people) and conveys not only their identity, but also important information related to their 
emotional states or moods. Facial expression research was begun by analysing observers’ 
responses to different emotions in 1872 [1]. Observers categorised six emotions in [140]. 
Tomkins and McCarter [141] achieved very high agreement from observer’s judgements on 
facial expressions. Observers reliably distinguished between individuals’ amusement and 
embarrassment in [142]. Further, there is evidence that observers experience fairly specific 
responses to facial expressions due to their physiological changes [143]. As an example, 
facial expressions of distress [144], anger [145], and embarrassment [146] evoke sympathy, 
fear, and amusement respectively. The facial expression generally considered as ‘the smile’ is 
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not a singular category of facial behaviour [7]. This is because smiles convey not only the 
meaning of happiness [46], but can also signify frustration, anger, depression, 
embarrassment, empathy, surprise, distress, polite disagreement, pain, and even more. It is 
the easiest expressible facial behaviour to fake voluntarily [4].  

 
Research has shown that liked faces evoked greater physiological activation compared 

to disliked faces [147] and genuine smiles are evaluated more positively compared to posed 
smiles [7]. It is found that observer facial electromyography (measurement of the electrical 
activity of facial muscles) discriminated between viewing of genuine smiles and neutral 
expressions, but not between viewing of posed smiles and neutral expressions [39]. In 
general, recognition from video is easier for observers than recognition from static images 
[148]. Observers may experience certain feelings from watching videos or listening audios 
that are reflected via their physiological signals [11, 124]. In this thesis, I measure observers’ 
physiological responses to distinguish between real and posed smiles while viewing smile 
videos. 
 
2.8. Saying versus Feeling 
 

People’s decisions over observed things (such as graphical images and smiling faces) 
mainly depend on their logic and rational arguments. People generally judge others by 
observing their facial expressions, while usually not trying to understand their internal 
feelings. As an example, saying abilities mean when someone says they wish to donate to 
disadvantaged people – however, does it mean that s/he is feeling their emotion? Not 
necessarily, but s/he is thinking to help them anyway. In contrast, feeling abilities are most 
likely to allow an observer to understand the observed emotional faces by following their 
hearts and emotions and care little about hiding them. As an example, mothers ‘feel’ their 
babies.   
 
In this connection, one can ask a simple question: what does a smile look like to you? The 
mental images that come to our minds when answering this question probably strongly 
resemble each other: certain facial muscle configurations are reliably recognized as smiles, 
such as mouth and eyes [149]. However, research shows that people can recognise smiles but 
with a lower accuracy rate (please see Section 2.4.3) that reflect their saying abilities. On the 
other hand, physiological signals reflect human internal states (please see Section 2.5) that 
reflect observers’ feeling abilities. In this thesis, I consider physiological signals to answer 
the above question.  

 
2.9. Summary  
 

The field of information visualisation draws on ideas from several intellectual 
traditions, such as computer science, psychology, physiology, graphic design etc. The two 
main threads of computer science relevant for visualisation are computer graphics and 
human-computer interaction. In this respect, the graphical visualisation shows complex data 
with simple representation. It focuses on supporting users in executing complex data 
exploration and analysis tasks, as efficiently and effectively as possible.  

 
On the other hand, face visualisation (that is, external expression of emotions via 

facial muscles in humans) plays a vital role to understand internal feelings. It is hard to 
differentiate real from posed facial expressions. In this context, a smile is an easily 
recognisable but yet confusing facial display. It does not always mean happiness. Thus 
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understanding real smiles reflects the understanding of smilers’ mental states. Researchers are 
using computer vision techniques to discriminate between real and posed smiles. It is also 
evidenced in research that observers’ verbal responses are also useful in this respect, but they 
show comparatively lower accuracy rates. Thus I consider observers’ physiological signals in 
this research, which are not possible to control voluntarily, and outline relevant background 
and literature review in this chapter.   
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Chapter 3 - Method: Participants’ Materials and Procedures 
 

The common denominators in all evaluations discussed in this thesis are sensing 
equipment and protocols used in the experiments. This chapter describes all the apparatus 
used, databases, experimental procedures, and methods of recording participants’ data 
(physiological signals and verbal responses). Section 3.1 details the smile databases 
employed. Video processing techniques related to experimental design are explored in 
Section 3.2. The details of physiological apparatus and sensors are illustrated in Section 3.3. 
Experimental procedures with experimental setup, participants, and implementation processes 
are described in Section 3.4. An overview on physiological signals is discussed in Section 
3.5. Finally, a summary is provided of this chapter in Section 3.6.    
 
3.1. Database  

 
There are a very few smile databases in the literature. Most of the databases are 

developed in the context of facial expression analysis or emotion recognition where smiles 
are involved as one of the expressions, in one or more forms. These facial expression 
databases are collections of images or videos related to various emotions / expressions. Most 
of these databases are created on the basis of six basic emotions such as anger, disgust, fear, 
happiness, sadness, and surprise. However, some databases are created with emotion-tagging 
in arousal-valance scale or action unit (AU) activations based on the facial action coding 
system (FACS). In this thesis, I considered a number of smile videos from six database 
repositories. The descriptions of these six databases, with the selected videos, are explored 
into subsections 3.1.1 to 3.1.5. I stress that the ground truth of the six databases depends on 
the base papers of these databases. By May 2019, the base papers of AFEW [150, 151], 
MAHNOB-Laughter [153], MAHNOB-HCI [12], MMI [154, 155], CK+ [156, 157], and 
UvA-NEMO [3, 67] databases were cited 125, 215, 86, 517, 772, 218, 2630, 1870, 58, and 99 
times respectively, according to the google scholar citation site. In these papers there is no 
information whether posed smiles are to be deep or surface acted. It is worthwhile to note that 
as the smile videos were collected from various sources in the literature, the research 
followed their ethical issues to deal with the datasets themselves. The End User License 
Agreement (EULA) forms required expose the ethical issues and acceptances needed to gain 
access to the data.             
 
3.1.1  AFEW 
 

AFEW (Acted Facial Expressions in the Wild) is a temporal facial expression 
database where fifty-four movies are considered to create the database [150, 151]. The 
movies are chosen to cover a large set of actors where multiple actors appear in multiple 
movies. The facial expressions are extracted from scenes in movies that have a close 
resemblance to real world settings. The movie clips are labelled according to six basic 
expressions and the neutral class. As an example, happiness is labelled for ‘smile’ and 
‘cheer’. The number of clips per expression is listed in Table 3.1. 
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Table 3.1: Number of movie clips per expression 
Expression Number of clips 

Anger 194 
Disgust 123 

Fear 156 
Sadness 165 

Happiness 387 
Surprise 144 
Neutral 257 

 
In the context of smiles, professional actors were asked to perform or instructed to 

display a smile and thus I could classify these as acted smiles. I chose 10 smile videos 
(listed in Table 3.2) from the large AFEW database at random. 
 
3.1.2  MAHNOB 
 

MAHNOB stands for ‘Multimodal Analysis of Human Nonverbal Behaviour in Real-
World Settings’. It contains three types of databases, namely Laughter, HCI-Tagging, and 
MHI Mimicry [152]. I considered the following two databases in this thesis.  

 
3.1.2.1 Laughter  
 

Laughter [153] is one of the common human social signals that helps to express 
emotions and provides useful feedback during interpersonal interactions. The MAHNOB 
Laughter is a publicly available database that contains 22 participants (12 males, 10 females). 
The participants’ facial expressions were recorded while showing stimulus material, using 
two microphones, a thermal camera and a video camera to capture video at 25 frames per 
second. All participants’ facial videos are recorded in 4 sessions. Emotion is elicited in the 
first session by showing funny video clips, acted laughter is produced in the second and third 
sessions by asking them to laugh, and vocalisations are recorded in the fourth session where 
participants are asked to speak first in their mother language and then in English. Although 
their primary goal was to create an elicited laughter database, they also recorded posed 
smiles, posed laughter, and speech in addition to elicited laughter. In total, they recorded 180 
sessions with a total duration of 3h 49m including 563 laughter episodes, 849 speech 
utterances, 51 posed laughs, 67 posed smiles, and 167 other vocalisations. In this thesis, I 
collected five laughter videos as listed in Table 3.2, and the elicited laughter is indicated as 
Real Smiles as these are produced by showing funny video clips.  
 
3.1.2.2 HCI  
 

The MAHNOB-HCI [12] database is made up of spontaneous videos recorded from 
30 participants by showing them fragments of movies and pictures. Researchers, who created 
the database, recorded a large variety of modalities (e.g. eye gaze data, video, audio, and 
peripheral physiological signals) to validate their results. The database is freely available to 
the scientific community. I collected five videos from this database as listed in Table 3.2 and 
identified them as Real Smiles, since the emotions were elicited by movie / picture stimuli 
rather than by asking the participants to produce a facial expression.  
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3.1.3 MMI 
 

The MMI (M&M Initiative) database [154, 155] consists of 2900 video sequences of 
faces in both frontal and profile views displaying various facial expressions of emotion at a 
resolution of 720 x 576 pixels with 24 bit colour values and frame rates of 24 per second. In 
this case, participants were instructed by an expert (FACS coder) to display the required 
facial expressions and asked to include a short neutral state at the beginning and end of each 
expression. The database is freely available to the research community. I used five frontal 
faces videos in my experiments as listed in Table 3.2 and identified them as Posed Smiles. 
 
3.1.4 CK+ 
 

The Extended Cohn-Kanade (CK+) [156, 157] database contains 1079 video 
sequences from 210 adult participants. It contains both posed and real expressions, validated 
by action units and FACS coder. Each video sequence is started from a neutral (no 
expression) to a peak intensity of the expression. The sequences are recorded in both frontal 
and 30-degree views at a resolution of 640 x 490 and 640 x 680 pixel arrays with 8 bit grey 
scale and 24 bit colour values respectively. I used five Posed smiles from this database as 
listed in Table 3.2.  

 
3.1.5 UvA-NEMO 
 

The UvA-NEMO (University of Amsterdam-NEMO) [3, 67] is a large-scale smile 
database that contains 1,240 smile videos (597 real and 643 posed) from 400 participants 
(185 female, 215 male). The videos are recorded with a resolution of 1920 x 1080 pixels at a 
rate of 50 frames per second under controlled illumination conditions. The database has a 
mean smile duration of 3.9 seconds (Std. = ±1.8), and ages of participants are varied between 
8 and 76 years. Participants are shown short and funny video segments to elicit real smiles 
and asked to pose a smile as realistically as possible to produced posed smiles. A balanced 
number of real and posed smiles are selected per participant and annotated by seeking 
consensus of two trained annotators where each selection is started and ended with neutral or 
near-neutral expressions. I randomly chose five real smiles and five posed smiles videos from 
this database as listed in Table 3.2.  
 
3.1.6 Loom.ai  
 

Loom.ai aims to build realistic avatars from a single image or a video that can learn 
more about human personality [158]. It uses machine learning technologies to allow 
participants to let their avatars capture the intricacies of their personalities. It uses facial 
expressions and movement to create fully automatic personalised virtual avatars. Whether it 
is a certain crook of a participant’s smile or the way someone’s eyes flash when they get 
enraged, it is aiming to go beyond blanket or standardised emotion replicating. I downloaded 
eight separate smile videos from their website to use in this research as listed in Table 3.2.  
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Table 3.2: Selected smile videos from databases 
Sl. Source File Name Category Notation 
01 AFEW [150, 

151] 
000329320.avi Acted smiles AFEW01 

02 000404000.avi AFEW02 
03 002809954.avi AFEW03 
04 011309840.avi AFEW04 
05 013818854.avi AFEW05 
06 000758680.avi AFEW06 
07 004025454.avi AFEW07 
08 005513240.avi AFEW08 
09 001912000.avi AFEW09 
10 003652360.avi AFEW10 
11 MAHNOB 

Laughter 
[153] 

S001-001.mp4 Real Smiles L0011 
12 S008-002.mp4 L0082 
13 S009-001.mp4 L0091 
14 S011-001.mp4 L0111 
15 S004-001.mp4 Not Specified L0041 
16 MAHNOB 

HCI [12] 
P2-Rec1-2009.avi (session 132)  H0132 

17 P4-Rec1-2009.avi (session 392) H0392 
18 P8-Rec1-2009.avi (session 916) H0916 
19 P14-Rec1-2009.avi (session 1730) H1730 
20 P24-Rec1-2009.avi (session 3020) H3020 
21 MMI [154, 

155] 
S030_007_Hap.mat Posed Smiles M3007 

22 S032_008_Hap.mat M3208 
23 S033_006_Hap.mat M3306 
24 S034_004_Hap.mat M3404 
25 S047_007_Hap.mat M4707 
26 CK+ [156, 

157] 
(sequence of 

frames)  

S022_003.png Posed Smiles C0223 
27 S054_001.png C0541 
28 S077_002.png C0772 
29 S104_001.png C1041 
30 S118_002.png C1182 
31 UvA NEMO 

[3, 67] 
002_spontaneous_smile_1.mp4 Real Smiles  SN0021 

32 003_spontaneous_smile_1.mp4 SN0031 
33 018_spontaneous_smile_1.mp4 SN0181 
34 020_spontaneous_smile_2.mp4 SN0202 
35 069_spontaneous_smile_2.mp4 SN0692 
36 531_deliberate_smile_2.mp4 Posed Smiles DN5312 
37 542_deliberate_smile_2.mp4 DN5422 
38 559_deliberate_smile_2.mp4 DN5592 
39 562_deliberate_smile_1.mp4 DN5621 
40 564_deliberate_smile_2.mp4 DN5642 
41 Avatars [159] Loom.ai  A1 – A8 
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3.2. Video Processing  
 

The MATLAB platform is used to execute the video processing code. The general 
process is illustrated in Figure 3.1. The selected video files and sequence of frames are stored 
in a specified folder. Each video file is loaded individually in MATLAB according to its 
filename and, then a full file specification is built from the specified folder and filenames. 
After loading, each video file is processed in frame by frame basis. Firstly, each frame is 
converted into grayscale where necessary. An elliptical mask is created according to the face 
position on the frame by assigning the values of x coordinate, y coordinate, and width as well 
as height of the face. The frame is cropped and resized to make the aspect ratio (the ratio of 
the width to the height of a frame) similar over all videos. The luminance and contrast of the 
set of frames are matched by the MATLAB SHINE toolbox [127]. Correspondingly, the 
outside of the mask area is made black to keep only the face visible for our participants / 
observers. Finally, a video is created in ‘MPEG-4’ format by combining the processed 
frames. The length of all videos is kept similar for an experiment by controlling the frame 
rates as necessary.  
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Figure 3.1: General overview of video processing method (a) Flowchart and (b) Example. 
 

It also needs to be noted that I implemented five consecutive experiments where the 
first experiment was designed to implement an interaction scenario (discriminating between 
radial and hierarchical visualisations), the next three were designed to analyse participants’ 
verbal response and physiological signals when participants were watching human smiles, 
and finally the last experiment was implemented to evaluate participants’ verbal response 
when they were able to watch avatar smiles together with human smiles. I denote these 
experiments with the codes E1 through to E5 as listed in Table 3.3.  
 

Table 3.3: Experiments and their notifications  
Sl. Actual Name Notation 
1 Graphical Visualisation (Radial vs Hierarchical)  E1 
2 Human smiles (Real vs Posed)  E2 
3 Human smiles (Real vs Posed) E3  
4 Human smiles (Real vs Posed) E4 
5 Paired and Avatar smiles  E5  
 
E2 is the first smile experiment and from that experiment I identified that it was 

necessary to adjust luminance on smile videos; this was done by adjusting luminance on 
collected pupillary responses using principal component analysis (PCA). In case of E3, I 
adjusted the luminance on smile videos using SHINE MATLAB toolbox [127], before 
starting the experiment. It was not necessary to control luminance for E4 and E5, because I 
considered only a single source (E4) or recorded only participants’ verbal responses (E5). I 
used video processing method for each case, to control other parameters (such as fixed 
length, mp4 format, grayscale etc.) as necessary. In E1, I used graphical visualisations instead 
of videos.   
 
3.3. Equipment 
 

I used four sensors to record physiological signals. Participants’ verbal responses 
were recorded in each experiment. In E1, a single Eye Tribe eye tracking device was used to 
collect participants’ pupillary responses. In E2, I used a Facelab eye tracker and NeuLog 
logging sensors to collect participants’ pupillary responses (PR) and Galvanic Skin 
Responses (GSR). In E3, I used Eye Tribe, NeuLog sensors, and Empatica wristbands to 
record participants’ PR, GSR, Electrocardiogram (ECG) and Blood Volume Pulse (BVP) 
signals, respectively. In E4, Eye Tribe and Empatica wristbands were used to record 
participants’ PR and BVP signals. In E5, I recorded participants’ verbal responses only, and 
so no sensors were required to record physiological signals from participants.    

(b) 

1 2 3 4 5 6 7 
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3.3.1 Eye Tribe 
 

The eye tribe tracker is a remote eye tracking system (Figure 3.2) that calculates the 
location where a participant is looking by means of information extracted from infra-red 
reflections from that participant’s eyes [112]. The pupillary responses of both (left and right) 
eyes are recorded separately with this tracker by means of participants’ pupil dilation and 
contraction when they are watching smile videos or graphical images. In order to record the 
pupillary responses, the tracker was placed below the screen, pointing at the participant. It is 
necessary to calibrate the tracker before any experiment starts or recording pupillary 
responses. The reason for this is that each participant has different eye characteristics, and the 
eye tracking software needs to model these in order to estimate the eyes’ positions accurately. 

 
There are 9 calibration locations for this tracker, and it takes approximately 20 to 60 

seconds to be completed based on participants’ vision quality. Sometimes it takes several 
tries to complete the calibration process. Once the calibration process is completed 
successfully, it is not possible to move the tracker into a new location. If the tracker is placed 
in a different location, the participant must re-calibrate in order to update the calibration 
parameters to match the new location of the tracker. In my experiments, I presented graphical 
images and smile videos to the participants and employed eye tracker to record their pupillary 
responses. Finally, I analysed trends and features of pupillary responses to distinguish 
between real and posed smiles and between two graphical visualisations (radial and 
hierarchical). Thus, the tracker makes it easy to evaluate participants’ attention and increase 
the impact on visual implementation and differentiation in case of similar videos/ graphs. 
Overall, I used this apparatus for E1, E3, and E4 at a sampling rate of 60 Hz.   
 

 
Figure 3.2: The eye tribe and its associated components.  

 
3.3.2 Face Lab Eye Tracker 
 

It is considered that human face and eyes are windows to the soul, and eye tracking 
activities are useful in developing an understanding of human’s identity, health, actions, 
intention, emotion or facial expression. For these reasons, a face and eye tracking technology 
was developed by Seeing Machines, which has ability to provide participants’ pupillary 
responses to better understand the facial expressions of smile videos and interpret precisely 
where and what the participant is looking at [111]. In this context, Facelab is designed as a 
powerful eye tracking system that allows researchers to objectively measure human 
behaviour in a wide range of operational settings.  
 

In E2, I used Facelab 5 eye tracker that is based on two separate cameras with 
emitters (Figure 3.3). The emitters can be adjusted in accordance with the position of the 
participant. This device was used to record participants’ pupillary responses at a sampling 
rate of 60 Hz while viewing smile videos on the screen. Before starting the experiment, it was 



28 
 

necessary to calibrate the eye tracker using nine point calibration processes where a spot was 
displayed on the monitor and participants were asked to track it.    
 

 
Figure 3.3: Face Lab Eye Tracker (Seeing Machines) 

3.3.3 NeuLog Sensors 
 

Neulog is a single smart unit where a data logger, flash memory and a sensor are 
combined together to record a physiological signal. It can easily be calibrated by pushing a 
button and can convert the measured parameters into processed values [160]. It has a USB 
module that enables a fast connection of the sensors to a computer (Figure 3.4). It is used to 
maintain communication between the computer and the sensors as well as providing power to 
the sensors from the computer. There is a standard USB to Mini USB connecting cable 
(camera type), which used to make connection to the computer and the USB module.  

 

 
Figure 3.4: USB Module.  

 
There are over 45 different Neulog sensors, and I used two of them. One of them is 

electrocardiogram (ECG) logger sensor that includes an ECG probe with three alligator clips 
and three clamp leads (Figure 3.5). This sensor is pre-calibrated at the factory and records the 
heart’s electrical activity from the participants. It is important to mention that unlike other 
ECG devices, this sensor operates with non-disposable electrodes. I used this sensor in E3 to 
record ECG signals in arbitrary units, at a sampling rate of 10 Hz.  
 

 
Figure 3.5: ECG sensor. 
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Another Neulog sensor is the galvanic skin response (GSR) logger sensor that 
measures skin conductivity from index and ring fingers. It includes two GSR probes attached 
by means of durable rubber-coated wires and two white Velcro finger connectors (Figure 
3.6). It is also pre-calibrated at the factory. The skin conductivity changes according to 
unconscious emotion effects or during different facial expressions observations, such as 
posed and real smiles videos. I considered this sensor to record participants’ GSR in arbitrary 
units at a sampling rate of 10 Hz, in case of E2 and E3.     
 

 
Figure 3.6: GSR sensor 

 
3.3.4 Empatica Wristband 
 

The Empatica wristband (Figure 3.7) is a wearable research device that is equipped 
with sensors to record high quality physiological signals in a laboratory or at home with no 
hassle. It records various data at the same time such as GSR, blood volume pulse (BVP), 
acceleration, heart rate (HR), and temperature. I used this device in case of E3 and E4, and 
analysed GSR and BVP signals in distinguishing between real and posed smiles. Before 
starting the experiment, the Empatica wristband was tightened enough on the non-dominant 
hand to ensure that the GSR electrodes did not change position on the skin during normal 
movement but not so much as to constrict blood flow or cause discomfort. It was also 
confirmed that the wristband button was positioned in the same side of wrist; any light 
escaping from the back of the wrist under the Empatica wristband was not viewed, and then 
button was pressed for 2 seconds to power on the wristband. 
 

 
Figure 3.7: Empatica Wristband 

 
3.4. Experimental Procedures  
 

Three steps were followed to design and implement an experiment. The general 
procedures are subdivided into experimental setup, participants’ recruitment, and experiment 
implementation. 
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3.4.1 Experimental Setup  
 

 
3.4.1.1. E1: Radial Visualisation vs Hierarchical Visualisation  
 
I designed and implemented five experiments where E1 was very different from others in a 
sense of experimental setup. This experiment was designed as part of a Linkage grant with 
Encompass Corporation and aimed at collecting eye gaze from participants when they were 
interpreting information from visualisation graphs that came from Encompass’ software. The 
experiment included two visualisations (radial and hierarchical graphs), and six very similar 
questions were asked of each visualisation (Appendix B). The radial visualisation described 
the connections of the BHP Titanium PTY LTD and ICI Australia Petrochemicals to their 
board members. The hierarchical visualisation portrayed the connection between the National 
Australia Bank and Sydney 2001 Olympics. The two visualisations are superficially quite 
similar, but follow different standards. The radial visualisation is a complex  groups  of  
linked  entities  that highlights  the  structure  of  associations, and the hierarchical 
visualisation highlights each single entity of major interest. 
 

The duration of each question was 45 seconds; the visualisations and each question 
were displayed in an order balanced way, so differed for each participant. The sequences of 
the questions are listed in Table 3.4. It is noted that the 1st sequence was seen by the 1st 
participant and so on, and after completing six sequences the 1st sequence again started from 
the 7th participant and so on. It is also to be noted that the radial visualisation was always 
shown first during the experiment.  
 

Table 3.4: Question sequences  to ask to participants 

Participant id Sequence 
1 6,1,5,2,4,3 

2 5,6,4,1,3,2 

3 4,5,3,6,2,1 

4 3,4,2,5,1,6 

5 2,3,1,4,6,5 

6 1,2,6,3,5,4 
 

If a participant did not answer in 45 sec, than s/he was shown the next question 
automatically. There was no break between the two visualisations. Along with the duration of 
the task, other properties such as the colours used and symbols, font size, graphical elements, 
and lighting environment were kept constant. The questions from both visualisations were 
presented at the top left corner with an empty box to the right of each question for typing the 
answer. The participants were able to see the visualisation while answering each question. 
They were able to scroll up and down to observe the whole diagram properly. There was a 
‘next’ button at the bottom where the participant was able to go to advance to the next 
question, subject to the 45 second limit. Thus each experiment took about 12 minutes to be 
completed. The process of the experiment was straightforward and no other interaction was 
made with the participants. In this experiment, participant’s verbal responses were recorded 
according to the participant’ correct responses to the questions and pupillary responses were 
recorded using The Eye Tribe remote eye-tracker system [112], with a sampling rate of 60 
Hz. 
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3.4.1.2. E2: Real Smiles vs Posed Smiles  
 

It is worth noting that I investigate how participants respond to a question by seeing 
two graphical visualisations in E1. In other experiments, I investigate how participants feel 
(E2-E4) and say (E2-E5) when they are watching a human facial expression (basically, 
smiles).     

 
In this context, I recorded and evaluated participants’ verbal responses and 

physiological signals by viewing twenty-five smile videos in E2. These videos are listed 
in Table 3.2 as notified by AFEW01 to AFEW10, L0011, L0082, L0091, L0111, L0041, 
H0132, H0392, H0916, H1730, H3020, M3007, M3208, M3306, M3404, and M4707. The 
selected smile videos are processed before presenting to participants. The processed 
videos are presented to the participants in an order balanced way with a short 
experimental introduction page (Appendix C). I also requested biographical information 
before starting the experiment (Appendix C).   
 

At the end of each smile video, each participant was required to select an option 
based on a 5 point Likert scale (-2 to +2) with an additional option of ‘No Smile’ as 
shown in Figure 3.8, to indicate whether they judged the facial expression to be a smile, 
and the degree to which it was showing real or posed expression. The total duration of the 
experiment was around 10 minutes. 
 
 

 

 

Figure 3.8: Five point Likert scale to accumulate the participant’s verbal responses. 
 
After finishing all videos observation, participants were asked the following three 

questions about their ethnicity, native language and feedback. Finally, after completing 
the experiment the sensors were removed and the participants were thanked for their 
participation. 
 
Q1. What is your race/ethnicity? 
 

1. Caucasian (i.e., ancestry originally from UK/Europe; please only select this option if 
both your parents are Caucasian) 

2. Other (e.g., ‘I am Chinese’; ‘I am of Asian ancestry’; or ‘I am half Asian and half 
Caucasian’; or ‘I am Indian’; etc.)  

 
Q2. What is your first or native language? 
 

1. English 
2. Other  

 
Q3. We would appreciate your feedback about the experiment. (For example, what 
features of the videos did you use to determine whether smiles were real or fake? Did you 
have any other issues or concerns?)  
 

How real did this smile look to you? 

-2 -1 0 1 2 No Smile 

Completely  
Fake 

Completely 
Real 

Don’t 
know 
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3.4.1.3. E3: Real Smiles vs Posed Smiles  
 

In E3, I chose 20 smile videos from four different sources and listed in Table 3.2 as 
C0223, C0541, C0772, C1041, C1182, H0132, H0392, H0916, H1730, H3020, M3007, 
M3208, M3306, M3404, M4707, SN0021, SN0031, SN0181, SN0202, and SN0692. The 
collected smile videos are processed and each of them made 5 sec long. I provide a brief 
definition of real and posed smiles as well as request participants’ identities before 
starting the experiment (Appendix D).  

 
I recorded participants’ verbal responses asking the following question as well as 

recording four physiological signals (PR, ECG, GSR, and BVP) when they were watching 
smile videos. 

 
Question: How did this smile look to you?  

 

1. Real (Genuine/Spontaneous) means the person is feeling happy. 
2. Posed (Fake/Acted) means the person is smiling for another reason. 

 
For post-experimental recording, I asked the following three questions from each 

participant before finishing the experiment. Finally, participants’ sensors were removed and 
thanked them for their participation. 

  
Q1. What is your race/ethnicity? 

1. Caucasian (I.e., ancestry originally from UK/Europe; please only select this option if 
both your parents are Caucasian) 

2. Other (e.g., ‘I am Chinese’; ‘I am of Asian ancestry’; or ‘I am half Asian and half 
Caucasian’; or ‘I am Indian’; etc.) 
 

Q2. What is your first or native language? 

1. English 
2. Other 

 
Q3. We would appreciate your feedback about the experiment. (For example, what 
features of the videos did you use to determine whether smiling faces were real or fake? Did 
you have any other issues or concerns?) 
 
3.4.1.4. E4: Real Smiles vs Posed Smiles  
 

I used a similar procedure in this case as described in subsection 3.4.1.3 excluding 
the selected smile videos and advertisement for participant recruitment process 
(Appendix E). In this experiment, I selected 10 smile videos from a single (UvA-NEMO) 
database and listed in Table 3.2 as notified by SN0021, SN0031, SN0181, SN0202, 
SN0692, DN5312, DN5422, DN5592, DN5621, and DN5642. It is worth mentioning that 
I did not resample the videos to make them similar in length, but lengths of videos were 
left the same as it was in original source. In this case, I recorded participants’ PR and 
BVP with their verbal responses. For post-experimental recording, I asked similar questions 
as described in subsection 3.4.1.3.    
 
 



33 
 

3.4.1.5. E5: Paired and Avatar Smiles 
 
E5 (1): Paired Smiles (Real vs Posed) 
 

In this experiment, I used 5 pair of smile videos from UvA-NEMO database (namely 
DN5312, SN5312, DN5422, SN5421, DN5592, SN5592, DN5621, SN5626, DN5642, and 
SN5641; Table 3.2) to record participants’ verbal responses. All procedures relevant to this 
experiment are illustrated in Appendix F. Mainly, the following question is used to analyse 
participants’ verbal responses. In this case, I also asked similar post-experimental questions 
as described in subsection 3.4.1.3.   
 
 

Question: Which video looks to you like a real smile?  
 

1. Video 01 means the person in the first video has a real smile. 
2. Video 02 means the person in the second video has a real smile. 

E5 (2): Avatar Smiles  
 

In this experiment, I collected participants’ verbal response by using eight avatar 
smiles from loom.ai [158] (listed as A1-A8; Table 3.2) and six human smiles from UvA-
NEMO database (DN5312, DN5621, DN5642, SN0031, SN0181, and SN0202; Table 3.2). 
All procedures relevant to this experiment are outlined in Appendix F. In this case, I mainly 
analysed participants’ verbal response using following question.  

 
Question: How did this smile look to you?  

 

1. Real (Genuine/Spontaneous) means the person is feeling happy. 
2.  Posed (Fake/Acted) means the person is smiling for another reason. 

 
The number of selected (randomly) smile videos from each database is shown in 

Table 3.5.  
 

Table 3.5: Number of smile videos selected from the databases used; R=Real, P=Posed 
 E2 E3 E4 E5 (1) E5 (2) 

R P R P R P R P R P 
AFEW [150, 
151] 

- 10 - - - - - - - - 

Laughter [153] 5 - - - - - - - - - 
HCI [12] 5 - 5 - - - - - - - 
MMI [154, 
155] 

- 5 - 5 - - - - - - 

CK+ [156, 
157] 

- - - 5 - - - - - - 

UvA-NEMO 
[3, 67] 

- - 5 - 5 5 5 5 3 3 

Loom.ai [158] - - - - - - - - 8 (Avatars) 
 

In E2, participants’ GSR signal was recorded using Neulog sensors [160] at a 
sampling rate of 10 Hz, according to the device specifications. This signal was recorded 
from the index and ring finger of the left hand. Eye activities (pupil dilation) were 
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recorded using a Facelab (Seeing Machines) remote eye-tracker system [111] with a 
sampling rate of 60 Hz. In E3, I used Neulog sensors [160] at a sampling rate of 10 Hz to 
record participant’s ECG and GSR signals. The ECG signals were recorded with sensors on 
the wrists of both hand and elbow of the left arm, and the GSR signals were recorded from 
the index and ring finger of the left hand. In addition, Empatica wristband [161] was used on 
the wrist of the left arm at a sampling rate of 64 Hz to record BVP signals from participant. 
The sensors were attached in the specified location according to the manufacturer’s 
suggestions. As well as, participant’s pupillary responses were recorded using The Eye Tribe 
remote eye-tracker system [112] with a sampling rate of 60 Hz. In the case of E4, I used only 
Empatica wristband and Eye Tribe to record BVP signals and pupillary responses 
respectively. On the other hand, E5 was designed to record only participants’ verbal 
responses. Finally, after completing each experiment the sensors were removed and the 
participants were thanked for their participation. Different apparatus were considered for 
different experiments as illustrated in Table 3.6.  

 
Table 3.6: Used apparatus in different experiments 

Experiment FaceLab 
[111] 

Eye Tribe [112] Neulog [160] E4 Empatica 
[161] 

E1 - Yes - - 
E2 Yes - Yes - 
E3 - Yes Yes Yes 
E4 - Yes - Yes 

 
3.4.2 Participants  
 

I implemented five experiments where the number of participants was different in 
each case. In E1, twenty-four students (11 male, 13 female) participated with a mean age of 22.1 ± 5.5	(�	
� ± ��. ) years. Among them 14 were undergraduate students who gained 
course credits for choosing to participate in experiments (and voluntarily chose to participate 
in this experiment), while the rest were graduate students who participated voluntarily, 
without course credits. In E2, twenty (11 male, 9 female) students, with mean age of	26.9 ±6.3	(�	
� ± ��. ) years, participated voluntarily from the Australian National University. 
In E3, thirty-one (18 male, 13 female) voluntary participants were recruited to participate 
(mean age of	28.8 ± 6.8	(�	
� ± ��. ) years) where physiological data were possible to 
collect from 24 participants. All participants were University students or affiliates in 
Canberra, Australia. In E4, sixteen participants (8 male, 8 female) participated (who gained 
course credit for their participations, age	= 21.5 ± 2.8	(�	
� ± ��. )) to detect real and 
posed smiles from a set of 10 smiles (5 real and 5 posed). This experiment was implemented 
to demonstrate that multiple databases did not introduce some spurious bias. In E5 (1) we 
recruited 31 participants (17 male, 14 female), with a mean age of	21.9 ± 3.0	(�	
� ± ��. ) 
years, for 5 pairs of smile videos, and 15 participants (7 male, 8 female), with a mean age 
of	33.6 ± 4.5	(�	
� ± ��. ) years, in E5 (2) for 14 videos: 6 human smile videos and 8 
avatar smile videos. The experimental demographics are illustrated in Table 3.7. All of our 
participants had normal or corrected to normal vision and provided written consent 
(Appendix B) prior to their voluntary participation. Approval from the Australian National 
University’s Human Research Ethics Committee was received for all experiments.  
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Table 3.7: Experiment demographics; M=Male, F=Female 
Experiment Participants Age 

M F Total Mean ±Std. 
E1 11 13 24 21.1 5.5 
E2 11 09 20 26.9 6.3 
E3 18 13 31 28.8 6.8 
E4 08 08 16 21.5 2.8 
E5 (1) 17 14 31 21.9 3.0 
E5 (2) 07 08 15 33.6 4.5 

 
3.4.3 Implementation  

 
Upon arrival at the laboratory, each participant signed the consent form (Appendix B) 

and was seated on a static chair, facing a 17 inch monitor (E2) or 15.6 inch laptop (all other 
cases) in a sound-attenuated, dimly lit, closed room. Sensors were attached to measure their 
electrocardiogram (ECG), galvanic skin response (GSR), or/and blood volume pulse (BVP) 
signals. Participants were given a brief introduction to the experimental procedure. Their 
chairs were moved forward or backwards to adjust the distance between the chair and eye 
tracker. A spot was displayed on the monitor, and participants asked to track it at first, for 
calibrating the eye tracker and starting the experiment. Participants were instructed to limit 
their body movements in order to reduce undesired artefacts in the signals. During the 
experiment, all participants used their right hand for moving the mouse or typing. After 
completing the experiment, the sensors were removed, and the participants were thanked for 
their participation. A general recording system is shown in Figure 3.9.  
 

 

Figure 3.9: A general data recording system (picture shown with participant approval).  
 
3.5. Physiological Signals  
 
One or more physiological signals were recorded from each participant with their verbal 
responses in experiments 1 to 4. These physiological signals deal with the normal functions 
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of living organisms and their parts. The common physiological signals, those were recorded 
during our experiments, are illustrated in Figure 3.10.  

 
Figure 3.10: Common physiological signals used in this thesis.  

 
3.5.1 Pupillary Response (PR) 
 

The pupillary response is produced from eyes’ activities that vary the size of the 
pupil. The primary function of this response is to control the amount of light reaching the 
retina. When luminance is controlled, then other influences on pupil size can be detected. 
Pupil dilation is the widening of the pupil which is controlled by the sympathetic nervous 
system. Pupil dilation is primarily a response to low light, but in constant light conditions 
may be happening due to high curiosity. Constriction means narrowing the pupil and 
controlled by the parasympathetic nervous system and in constant light conditions may be 
happening due to less curiosity. This involuntary and automatic physiological signal can be 
changed with any event observed, and appears to be a function of the attention and curiosity 
required to perform the task [12]. In this connection, pupillary response can change due to 
memory load, curiosity, stress, pain, light intensity, content of face to face interactions and so 
on. It has advantages in providing access to internal feelings by distinguishing between real 
and posed smiles, because no sensors need to be attached to the participant [162]. Its’ 
properties such as visual fixation (maintaining the visual gaze on a single location) and 
saccade (the fast movement of eyes, i.e. relocation of the attention point of the gaze) are 
useful to distinguish between two graphical visualisations [159]. In my experiments, I 
recorded participants’ pupillary responses using FaceLab remote eye tracker system in E2 
and The Eye Tribe remote eye tracker system in E3 and E4, with a sampling rate of 60 Hz.  

 
3.5.2 Galvanic Skin Response (GSR)  
 

Galvanic Skin Response (GSR), also known as skin conductance, electro-dermal 
response or psychogalvanic reflex, measures the electrical changes in human skin that varies 
with the change in skin moisture level (sweating). It is an automatic reaction that cannot be 

Pupillary 
Response 

ECG 

BVP & GSR 

GSR 



37 
 

controlled voluntarily and reflects the change in sympathetic nervous system. It is an 
indication of psychological or physiological arousal that can be used for affect detection or 
mental state recognition [163]. When a participant is more curious, skin conductance is 
increased; conversely, the skin conductance is reduced when a participant feels less stressed, 
e.g. to identify a smile video [164]. I recorded participants’ GSR signals, using Neulog sensor 
in E2 and E3 from the index and ring figures of left hand, at a sampling rate of 10 Hz, and 
using Empatica wristbands in E3 and E4 from the wrist of the left hand, at a sampling rate of 
4 Hz.   
 
3.5.3 Electrocardiogram (ECG)  
 

Electrocardiogram (ECG), also known as electrokardiogramm (EKG), is the 
measurement of electrical activity of the heart over time using sensors attached to the body 
that leads to measure heart rate and heart rate variability [165]. It is a graphical recording of 
electrical activity produced by an impulse of ions flowing through cardiac muscles, which 
dissipates into the region around the heart with diminished amounts spreading around the 
surface of the body. The main electrical signals are produced by cardiac cells depolarising 
and repolarising. Depolarising occurs due to the flow of ions accompanying atrial heart 
muscle constriction. The impulse then travels through the ventricles of the heart causing 
septal depolarisation, early ventricular depolarisation followed by late ventricular 
depolarisation. After the completion of depolarisation, ventricular cells repolarise by 
restoring it to resting polarity. The ECG signal is a viable physiological signal to index affect. 
The measurement of ECG and other physiological signals demonstrate that cardiovascular 
activation is the indicator of differentiating among major categories of emotions (fear, anger, 
joy, sadness, physical action, and neutral imagery) [106]. I used Neulog sensor to record 
participants’ ECG signals from their wrists (left and right) and left elbow in E3, at a sampling 
rate of 10 Hz.  
 
3.5.4 Blood Volume Pulse (BVP) 
 

A photoplethysmographic (PPG) sensor measures the change of blood volume that 
passes through the tissues over a given period of time called blood volume pulse (BVP). A 
light-emitting diode is used to pass an infrared light through the tissues, and the returned 
amount of light is proportional to the volume of the blood in the tissue. The volume of blood 
in peripheral tissues (we use a wrist sensor) has a primary function of modulating peripheral 
temperature. In constant temperature conditions the BVP signals can be used as indicators of 
emotional responses [166]. It is possible to distinguish between real and posed smiles by 
looking at the variation of BVP amplitudes or features [167]. In E3 and E4, each participant’s 
BVP signals were recorded from the wrist of the left hand at a sampling rate of 64 Hz using 
Empatica E4. Different physiological signals were recorded in different experiments as 
shown in Table 3.8. 
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Table 3.8: Recorded responses from each participant during experiments. 
Experiment Verbal 

Response 
Physiological Response 

PR GSR ECG BVP 
E1  

 
Yes 

Yes - - - 
E2 Yes Yes Yes - 
E3 Yes Yes Yes Yes 
E4 Yes Yes  Yes 
E5  - - - - 

 
 It is seen from Table 3.8 that there is a range of different modalities collected in 
different experiments. This is due to the different purposes of each experiment. Firstly, E1 
was designed to see how pupillary responses change with the two different graphical 
visualisations and PR was recorded. Secondly, E2 was designed to differentiate between real 
and acted smiles where I intended to check how ECG and GSR were changing with PR in the 
context. It is required to mention that Neulog was chosen for E2, and I anticipated checking 
another device (Empatica E4) with Neulog while collecting similar data in E3. As similar 
results were found from both of the devices, I tried only Empatica E4 in experiment 4 due to 
less intrusive form factor. Finally, E5 was designed to check how much participants’ verbal 
responses were correct, to differentiate between real and posed smiles considering human 
smilers (E2 to E4) and avatars’ smiles (E5).  
 
3.6. Summary  
 

Physiological signals have the advantage of immediately being affected by observing 
graphical visualisations or facial changes that cannot be posed voluntarily or assessed well 
visually [11, 80]. Overall, I collected four of these physiological signals in my experiments. 
The experiments were designed and implemented through different graphical visualisations 
or smile videos where a number of participants were participated voluntarily or gaining 
course credit. This chapter details about these smile videos, graphical visualisation, used 
apparatus, experimental procedures, and participants’ physiological signals. In the next 
chapter, I will describe the methods and techniques to analyse these physiological signals in 
distinguishing between two graphical visualisations, and between real and acted / posed 
smiles.  
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Chapter 4 – Computational Methods and Processes 
 

This chapter discusses methods and approaches for extracting features from raw 
physiological signals, and machine learning frameworks to classify according to the labels. 
The recorded raw physiological signals and their separation procedures are described in 
Section 4.1. The signal processing steps and techniques are explored in Section 4.2. The 
statistical tests used in this thesis are highlighted in Section 4.3. The feature recording and 
extraction procedures are addressed in Sections 4.4 and 4.5, respectively. The feature 
selection and fusion techniques are discussed in Sections 4.6 and 4.7, respectively. The 
machine learning frameworks such as classifiers used and computational approaches are 
detailed in Sections 4.8 and 4.9, respectively. Finally, this chapter is summarised in Section 
4.10. 
 
4.1.  Raw Physiological Signals 

 
I recorded four physiological signals from participants in one or more experiments. 

These four physiological signals are pupillary response (PR), galvanic skin response (GSR), 
electrocardiogram (ECG), and blood volume pulse (BVP). The PR signals were recorded 
from participants in four experiments where GSR, BVP, and ECG signals were recorded in 
three, two, and one experiments, respectively. I consider these recorded signals as raw 
physiological signals. These physiological signals are building blocks of this thesis and 
described in detail in the following subsections.  

 
4.1.1. 1st Experiment (E1) 
 

In E1, I recorded PR signals from 24 participants using an EyeTribe remote eye 
tracker system [112] sampled at 60 Hz (60 samples per minute). There were 12 questions (6 
from the radial graphical visualisation and 6 from the hierarchical graphical visualisation) for 
each participant while they were viewing the two visualisations with a maximum time limit 
of 45 sec to answer each question. Thus, a maximum of 45	�	� ∗ 60	�� = 2,700 sampling 
points were possible to generate when responding to each question. Each sampling point is a 
pupil diameter of a participant at the time point being sampled. The duration of the pupillary 
response data signals varied according to the response time to a question. Thus, the EyeTribe 
does not generate equal-length-signals for all questions, even for a single participant. As an 
example, one participant spent 22.4 sec and 17.5 sec to answer the 1st question from the radial 
and hierarchical visualisations respectively. Thus, he generated 22.4	�	� ∗ 60	�� = 1,344 
and 17.5	�	� ∗ 60	�� = 1,050 sampling points corresponding to radial and hierarchical 
visualisations respectively. Both of these raw pupillary responses (left pupil only) are 
illustrated in Figure 4.1. It is important to note that the pupillary responses were recorded 
from both (left and right) eyes, but separately.  
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Figure 4.1: Variation of raw pupillary responses, for a participant, during answering a 

question. 
 

It is seen from Figure 4.1 that the raw PR signals are affected by noise, fluctuations, 
and other factors, which is expected.   
 
4.1.2. 2nd Experiment (E2) 
 

This is the first smile experiment (experimental details are explored in subsection 
3.4.1.2) and that is why I did not realise the strength of the effect of luminance on pupillary 
response before implementing the experiment. After collected data from half of the 
participants, I calculated the luminance of each smile videos using MATLAB SHINE toolbox 
[127]. The results are illustrated in Figure 4.2 where error bars denote standard deviations.  
 

 
Figure 4.2: Mean luminance of smile videos, ALU denotes arbitrary linear units.  
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It can be seen from Figure 4.2 that MMI [154] videos have higher luminance 
compared to others. The luminance is defined as the intensity of light emitted from a surface 
per unit area in a given direction. If the luminance is not similar for each of the smile videos, 
then the effect of light will be the main factor, instead of effect of smile faces, on the 
pupillary responses. Due to this reason, I did not consider the data from MMI videos for 
further analysis. I also note that L0041 is a video that has some ambiguity and so can not be 
identified as a real or posed smile in the source. I had selected this video at random, and due 
to lack of label do not consider its relevant physiological responses for further analysis. Thus 
the analyses are based on 19 smile videos (9 real and 10 acted). I rectified this situation 
during subsequent experiments, ensuring each video used had clear label and provenance.  
 

Overall, I recorded PR and GSR signals from twenty participants using the Facelab 
eye tracker [111] and the Neulog sensor [160]. Participants were able to see a video for only 
10 seconds. I recorded participant’s PR and GSR signals at a sampling rate of 60 Hz and 10 
Hz respectively, according to manufacturer’s specifications. Therefore, for a single smile 
video observation, in the case of PR and GSR signals 10	�	� ∗ 60	�� = 600 and 10	�	� ∗10	�� = 100 sampling points were generated, respectively. The raw pupillary responses 
look similar to those shown in Figure 4.1, except the length of each pupillary response is the 
same as 600 sampling points or 10 sec in this case. This is true for each participant while 
watching a smile video.  
 

On the other hand, raw GSR signals were recorded in a single Excel file while 
participants were watching all smile videos one by one and responding to the questions. A 
sample example is illustrated in Figure 4.3.  
 

 
 

Figure 4.3: A raw GSR signal for a participant (arb = Arbitrary analog units). 
 

It is seen from Figure 4.3 that the raw GSR signal is noisy and very hard to understand 
the portion of a GSR related to a specific video observation. Meanwhile, it was necessary to 
separate the GSR signals according to smile videos so that I know the corresponding signals 
of real and posed smile videos across participants. To separate them according to smile 
videos, I recorded the times when a participant was starting to watch a particular smile video 
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and then separated them according to those time stamps using MATLAB platform. The 
working procedure is illustrated in Figure 4.4.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.4: Working procedure to separate participants’ GSR signals according to smile 
videos (example: H0132 smile video); P and QA denote participant and Question-Answer 
respectively.   
 

It is outlined in Figure 4.4 that P01 saw the H0132 smile video after watching a few 
smile videos, where P02 saw it at the beginning. Other participants may have seen the same 
video in other time order. It can also be seen in Figure 4.4 that there are also questions after 
each video observation. So I recorded the starting time from which the participant began 
watching a video and separated it later from the Excel file as illustrated in Figure 4.4.   
 
4.1.3. 3rd Experiment (E3) 
 

After controlling luminance and other parameters (such as video length of 5 sec, 
aspect ratio, mp4 format etc.), in preceding experiments, I designed and implemented the E3 
experiment. There were 31 participants in total and participated voluntarily (while 
physiological signals were successfully recorded from 24 participants). I recorded 
participants’ PR signals using Eye Tribe [112], GSR and ECG signals using Neulog Sensors 
[160], and GSR and BVP signals using Empatica wristband [161], respectively. PR, GSR 
(from Neulog sensor), ECG, GSR (from Empatica wristband), and BVP signals were 
recorded at a sampling rate of 60 Hz, 10 Hz, 10 Hz, 4 Hz, and 64 Hz respectively, according 
to the device specification. Thus, the generated sampling points from each signal are different 
as shown in Table 4.1. The raw PR and GSR signals have been seen to be similar as shown in 
Figure 4.1 and Figure 4.3 respectively, except the length of each PR and GSR signals are now 
300 and 50 sampling points respectively. This is true for each participant while watching a 
smile video.  
 

Table 4.1: Number of sampling points for each signal 
Signals Sampling rate (Hz) Video Length (Sec) No. of Sampling Points 

PR (Eye Tribe) 60  
 
5 

5 ∗ 60 = 300 
ECG (Neulog) 10 5 ∗ 10 = 050 
GSR (Neulog) 10 5 ∗ 10 = 050 
GSR (Empatica) 4 5 ∗ 04 = 020 
BVP (Empatica) 64 5 ∗ 64 = 320 
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Each physiological signal was recorded in a separate single Excel file while 

participants were watching all smile videos one by one and responding to the questions, as 
described in subsection 4.1.2. So the recorded data were separated according to the smile 
videos as explained in Figure 4.4. As a reference, a sample of raw ECG and BVP signals are 
illustrated in Figure 4.5 and Figure 4.6, respectively.  
 

 
Figure 4.5: A raw ECG signal for a participant (arb = Arbitrary analog units). 

 

 
Figure 4.6: A raw BVP signal for a participant. 

 
It is seen from Figure 4.5 and Figure 4.6 that raw signals are very noisy and need to 

undergo some processing before analysing. These signals are also very lengthy for a 
participant and very hard to understand the signal-portion related to a specific smile video. 
So, I separate them according to smile videos from the video starting time stamps; i.e. when a 
participant was starting to watch a specific smile video, as illustrated in Figure 4.4.   
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4.1.4. 4th Experiment (E4) 
 

In this experiment, 16 new participants participated to provide their responses while 
watching 5 real smiles and 5 posed smiles. This experiment was designed and implemented 
to validate the results of previous experiments. In here, we used only one source, UvA-
NEMO, to collect our smile videos and did not decrease or increase the length of the videos. 
We recorded and analysed two physiological signals from the participants, using Eye Tribe 
remote eye tracker system [112] and Empatica wristband [161], while participating in this 
experiment. The two physiological signals are PR and BVP signals. The sampling 
frequencies were 60 Hz and 64 Hz for PR and BVP signals respectively. Thus the lengths of 
the signals related to each smile video were different according to the video length. The 
length of the videos and corresponding signal lengths are listed in Table 4.2 those are similar 
as original source.  
 

Table 4.2: Size of the videos and corresponding signals for each participant 
Video ID Video Length 

(Sec) 
Signal Lengths or No. of Sampling Points 

PR BVP 
SN0692 7 7 ∗ 60 = 420 7 ∗ 64 = 448 
SN0202 4 4 ∗ 60 = 240 4 ∗ 64 = 256 
SN0181 4 4 ∗ 60 = 240 4 ∗ 64 = 256 
SN0031 4 4 ∗ 60 = 240 4 ∗ 64 = 256 
SN0021 8 8 ∗ 60 = 480 8 ∗ 64 = 512 
DN5642 4 4 ∗ 60 = 240 4 ∗ 64 = 256 
DN5621 4 4 ∗ 60 = 240 4 ∗ 64 = 256 
DN5592 3 3 ∗ 60 = 180 3 ∗ 64 = 192 
DN5422 3 3 ∗ 60 = 180 3 ∗ 64 = 192 
DN5312 4 4 ∗ 60 = 240 4 ∗ 64 = 256 

  
I recorded participants’ physiological responses in separate Excel sheets as in 

previous experiments; those seemed similar as shown in Figure 4.1 and Figure 4.6 for PR and 
BVP signals respectively. To distinguish between the video smiles’ related signals I also 
recorded the time stamps and finally, separated them according to smile videos as depicted in 
Figure 4.4. The time stamps of each device and offsets, from the start of the experiment, were 
used to synchronise all the data.      
 
4.2. Signal Processing 
 

Due to the nature of human bodies, physical movements, age differences, and other 
effects, the recorded physiological signals are affected by noise like small signal fluctuations, 
eye blinking etc. It was seen that the physiological signals vary differently for different 
participants, such as pupillary response varying from around 12 mm to 21 mm for one 
participant whereas varying from 15 mm to 26 mm for another participant and these kinds of 
fluctuations are true for each of the physiological signals.  

So it was necessary to standardize the features to reduce the between-participants 
differences. I did this using a maximum value normalisation technique, meaning that the 
physiological signals were normalized by dividing by the particular participant’s maximum 
value for all of that participant’s particular physiological signal [164] and data were 
normalised to between 0 and 1. Thus the values for each video reflect the degree of reaction, 
and it was found that maximum and minimum generally did not come from a single video for 



45 
 

all participants; instead the minimum and maximum are likely to come from different videos 
for different participants. Before normalising, data were kept in positive axis by changing 
their dc label, where necessary (such as BVP signals, which had negative values) to reduce 
the effect of biasing on classifiers. After normalising, a number of processing steps were 
applied to remove undesired noise from physiological signals as described as follows.  
 

In case of pupil data, the eye tracker provides the position of the projected eye gaze 
on the monitor, the pupil diameter and the moments when the eyes are closed or blinking. 
Samples where the pupil was obscured due to blinking were measured as zero by the eye 
tracking system. Cubic spline interpolation was applied to reconstruct the pupil size during 
the blinking time [168]. The interpolated signals were smoothed using 10-point Hann moving 
window average, to filter out noise and unrelated features [169]. According to Pamplona et 
al. [170] the pupillary response varies due to effects caused by lighting, and pupillary light 
reflex magnitude changes between different people. The principal component analysis (PCA) 
has been shown to be effective in separating the effect of changes in luminance from stimulus 
relevance [114]. This was performed by subtracting the first principal component from the 
normalized and smoothed pupil data [8]. This procedure was applied on both eyes’ data 
separately, and then averaged to find a single pupillary response signal for a particular 
participant. A simple interpolated technique for a participant is shown in Figure 4.7.  
 

 
Figure 4.7: Pupil size reconstructions during observation of a smile by a participant 

 
Baseline drift was removed from normalized ECG signals and 0.5 Hz high pass filter 

(5 point moving window average) was applied for smoothing and filtering purposes [91]. The 
GSR and BVP signals were filtered out using 20 point median filtering process in the first 
few cases [116, 120] and a low-pass Butterworth filter (order = 6, normalized cut-off 
frequency = 0.5) was used in other cases [163]. I chose median filtering in first instance from 
the literature [119]. After collecting data from Empatica wristband, I found that people are 
also using Butterworth filter for this purpose [163]. For this reason I used both of the filtering 
techniques in the case of GSR and BVP signals; the results do not differ a lot as found from 
the classifiers’ outputs in this thesis and from the literature [163, 171].  

 
The signal processing techniques are used to improve signal fidelity where 

normalisation is applied to overcome age effects on the signals, interpolation to reconstruct 
the missing values on pupillary responses, principle component analysis to eliminate lighting 
effects from the pupillary responses, and filtering to remove unwanted components from the 
signals. An example of processed physiological signals while watching all smile videos, 
during E3, is shown in Figure 4.8. 
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Figure 4.8: Processed physiological signals of a participant during all smile videos 

observation; R/P = Real/Posed 
 
4.3. Statistical Tests  
 

I used four different statistical tests as appropriate to the data: paired sample t-test, 
two-away analysis of variable (ANOVA), Kolmogorov-Smirnov test (KS-test), and 
permutation test.  
 

The paired-sample t-test was used to make a decision for the null hypothesis that two 
data series for a physiological signal of a participant came from a normal distribution with a 
mean difference of zero. I used this test to check the significance levels in distinguishing 
between the radial and hierarchical visualisations in E1. Two-way ANOVA was used to 
check the effects of gender (male vs. female), smile type (real vs. acted), and their interaction 
on a physiological response. The ANOVA returned p-values by comparing the means of two 
or more columns and two or more rows of the observations in a physiological signal. The 
two-sample Kolmogorov-Smirnov test (KS-test) is a nonparametric hypothesis test that 
evaluates the difference between continuous real and posed smiles for a participant [172]. In 
post-hoc analysis, a two-tailed permutation test was performed to find the time points where 
physiological signals significantly differ over all participants, according to computed p 
values. The permutation test is a more powerful tool when variables are correlated and 
designed based on t-statistic [173].  
 
4.4. Recorded Features 
 

In these experiments, each sampling point of the physiological signals was considered 
as a feature. Each recorded physiological signal was treated as a collection of features, called 
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recorded features. As an example, when a participant was watching a 10 sec smile video and 
we recorded his GSR signal at a sampling rate of 10 Hz, then his GSR signal length is 10 sec 
or 10*10 = 100 sampling points, and I call this data his recorded GSR features (numbering 
100 features) for the smile video in question.     
 
4.5. Extracted Features 
 

In general, I extracted seven temporal features and one spectral feature from each 
physiological signal related to a specific smile video for each participant. 
 
4.5.1 Temporal Features 
 

Seven statistical temporal features, including amplitude (mean, maximum, minimum, 
range), standard deviation, means of the absolute values of the first and second derivatives of 
the processed signals, were extracted from each video-related physiological signal. These 
features are very easy to compute and also cover the typical range, gradient and variation of 
the signals [166]. In this way, there were 140 extracted features (20 videos x 7 features) for a 
participant while watching 20 smile videos, considering one physiological signal (PR or GSR 
or BVP or ECG). Let �(�) represent the value of the nth sample of the processed 
physiological signals	� = 1,2, … . . �. ‘N’ is the total number of sampling points of a signal. 
 
1. Mean  												μ! = 1 �" ∑ �(�)$%&' 																																													(1)                                
2. Maximum 		(! = max	(�(�))																																																						(2) 
3. Minimum 									(% = min	(�(�))																																																								(3) 
4. Range 								.! =	max/�(�)0 − 		min	(�(�))																												(4) 
5. Standard Deviations 

2! =											3 1� − 14(�(�) − 5!)6$
%&' 																				(5) 

6. Means of the absolute values of the first differences 

78! =											 1� − 149�:(� + 1) − �:(�)9$<'
%&' 																								(6) 

7. Means of the absolute values of the second differences 

=>! =									 1� − 249�:(� + 2) − �:(�)9$<6
%&' 																									(7) 

4.5.2 Spectral Features 
 

Periodic excitation is another important characteristic of some physiological signals 
(such as GSR signal), which can be represented by spectral features [120]. I computed 
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spectral mean as a feature using Welch power spectrum density to find the frequency contents 
in the signal. As an example, each smile-video related GSR signal showed similar variation 
as shown in Figure 4.9, considering E2.  
 

  
Figure 4.9: Welch’s power spectral density spectrum for a GSR signal, while watching a 

smile video by a participant. 
 
It is clear from Figure 4.9 that the power feature has non-zero values in frequencies less than 
1 Hz, and mostly less than 0.5 Hz. In this situation, important features can be found within a 
16-datapoint-length [171]. In this regard, the first 16 data-points were used to compute the 
spectral mean from each smile-video related processed GSR signal.  
 
4.6.  Feature Selection 
 

Feature selection is an important technique that reduces large numbers of features by 
discarding unreliable, redundant and noisy features, with the aim of achieving comparable or 
even better performance [166]. Thus, I employed feature selection techniques to find 
informative features relevant to the aim from the recorded and extracted physiological 
features. I considered the following six feature selection algorithms [128, 174]. 
 

i. Minimal-Redundancy-Maximum-Relevance (MRMR) - finds features by 
estimating mutual information (MI) between features and associated class labels 
with maximizing feature relevance and minimizing redundancy. 
 

ii.  Statistical Dependency (SD) - finds features according to measuring the statistical 
dependency between features and associated class labels. 

 
iii.  Random Subset Feature Selection (RSFS) - chooses features from the entire 

feature pool by comparing their relevance values. 
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iv. Sequential Forward Selection (SFS) - fills empty feature set according to their best 
scores by removing redundant features. 

 
v. Sequential Floating Forward Selection (SFFS) - uses backward steps (if required) 

after each forward step to find better features than previously selected. 
 

vi. Canonical Correlation Analysis with Neural Network (CCA Network) is a training 
and learning process that searches informative features according to the 
classification task. This feature selection technique is applied to search minimally 
correlated features considering the real versus posed smiles relevant classes. As 
features for real versus posed smiles were extracted from the physiological signals 
of the same participants, there is likely to be an underlying correlation between 
features of real smiles and features of posed smiles. But I believe that there would 
also be a number of uncorrelated or less correlated features, because participants’ 
physiological behaviour may be different when they were watching real smiles 
from when they were watching posed smiles. So, the best source of differentiating 
information is in the minimally correlated features. The following joint learning 
rules (eq. 1 to 3) were considered, where 0&,,,,,, ηηλfswji  represent the pattern 

index, feature index, weight, input features, output features, Lagrange multipliers 
and constant learning rates respectively. 

 
 (1) 

 (2) 

 (3) 

This feature selection process is explored in Figure 4.10. I created two groups: 
Group 1 (signals while watching real smile videos) and Group 2 (signals while 
watching the posed or other smile videos). The CCA Network selects minimally 
correlated features from groups 1 and 2 according to eq1 to 3. Initially ? =0.015, @ = 0.01, 
��	@A = 0.5 were chosen and, then weights and Lagrange 
multipliers were updated according to eq. 2 and eq. 3. Eq. 1 is a weighted sum 
over all features of a participant [128].  

 
 
 
 
 
 
 
 
 
 
 

Figure 4.10: The CCA Network; P denotes participants, S denotes smile videos, m is the total 
number of participants and n is the total number of smile videos. 
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I applied feature selection process only on training features to avoid biasing on the 
test set during classification. 
 
4.7.  Feature Fusion  
 

Feature fusion is a technique that combines extracted features from multiple sensors 
and related information from associated databases to achieve improved accuracy and more 
specific inferences than could be achieved by the use of a single sensor alone [175]. This 
technique has been extensively employed on multisensory environments with the aim of 
fusing and aggregating data from different sensors to obtain improved information; improved 
information means less expensive, higher quality, or more relevant information [176]. In this 
sense, a number of fusion methods are used in the literature. Nweke et al [177] reviewed 
some of them for human activity detection and health monitoring, and noted that the methods 
improve robustness and classification performance. Liu et al [178] reported that multimodal 
medical data fusion is beneficial for decision making for prostate cancer. In addition, Zhong 
et al [179] proposed a multiple-fusion-layer based ensemble classifier for emotion 
recognition using physiological signals, and found higher performances compared to several 
state-of-the art shallow classifiers as well as the deep classifiers. Thus, the goal of using 
feature fusion in multisensory environments is to obtain a lower detection error probability 
and a higher reliability by using features from multiple physiological sources such as 
pupillary response, GSR, BVP etc. Thus, the goal of using feature fusion in multisensory 
environments is to obtain a lower detection error probability and a higher reliability by using 
features from multiple physiological sources such as pupillary response, GSR, BVP etc. A 
general feature fusion technique is illustrated in Figure 4.11 where signals are the BVP, GSR, 
PR, ECG signals, P denotes for participants’ identification, S denotes for smile videos, m is 
the total number of participants, n is the total number of smile videos, and x is the total 
number of physiological signals respectively. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.11: A general feature fusion technique used in this thesis. 
 
4.8. Classifiers Used 
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The methods I used for smile classification are k-nearest neighbour (KNN), support 
vector machine (SVM), relevance vector machine (RVM), neural network (NN), and an 
ensemble method aggregating the decision of several classifiers. K-nearest neighbour (KNN) 
is a non-parametric method that stores all available cases and classifies new cases based on a 
similarity measure (e.g. a distance function). In this case, the input consists of the k closest 
training examples in the feature space and output is classified by a majority vote of its 
neighbours [164]. A Support Vector Machine (SVM) is a classifier that is used with labelled 
training data (supervised learning) and classifies using a separating hyperplane. It is a 
representation of the examples as points in space that differentiate new examples using the 
hyperplane [180]. A Relevance Vector Machine (RVM) is a Bayesian treatment of a 
generalised linear model of identical functional form to the SVM, which searches to obtain 
parsimonious solutions for regression and probabilistic classification [181]. A neural network 
(NN) is a computational simulation of a network of neurons, arranged in layers, based on a 
simple model of the neural structure of the brain. Each neuron takes many inputs, sums them 
and applies a function to them and then passes the output on to the next layer. The errors 
from the initial processing step of the first record is fed back into the network and used to 
modify the network for further iterations [30]. An Ensemble is a method that utilises the 
advantages of several classifiers and classifies according to the highest vote from these 
classifiers.  
 
4.9. Computational Approaches  
 

I applied three different computational approaches in distinguishing between real and 
posed smiles from participants’ physiological responses while watching smile videos, and I 
called them leave-one-participant-out, leave-one-video-out, and leave-one-participant-one-
video-out (independent approach) respectively.   
 
4.9.1. Leave-one-participant-out 
 

In this approach, one participant’s features were presented as a test participant while 
others were used to train the classifiers, and the classifier decides how accurate the test 
participant is, by detecting real and posed smiles. Then I move to another participant, and the 
classifier made decision. Thus I presented each participant (not each video separately, i.e. real 
smiles together and posed smiles together) individually as a test set with the classifier 
computed accuracy of that participant. In this way the physiological features of all 
participants were presented to the classifier and accuracies were computed. The procedure of 
this approach is shown in Figure 4.12 where P denotes participant, SR denotes real smiles, SP 
denotes posed smiles, m is the number of participants, and n is the number of either real smile 
or posed smile videos respectively. 
 
 
 
 
 
 
 
 
 
 

Figure 4.12: The leave-one-participant-out classification process. 
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4.9.2. Leave-one-video-out 
 

This approach is just an opposite way of leave-one-participant-out where features 
from all participants related to a specific smile video were left out when training the 
classifier, and used as a test set. The results are thus video independent. The procedure of 
leave-one-video-out approach is shown in  

Figure 4.13, where P denotes participant, S denotes smile videos, m is the number of 
participants, and n is the number of smile videos respectively. 

 
 

 
 
 
 
 
 
 

Figure 4.13: The leave-one-video-out classification process. 
 
4.9.3. Leave-one-participant-one-video-out (An Independent Approach)  
 

At this point, we proposed a new approach called the independent approach. This is 
independent in the sense that the test data is fully free from training data: for each test where 
participant ‘Pm’ watches the video of smile ‘Sn’, the classifier is not contaminated by those 
participants’ physiological features or it is not contaminated by other participants’ 
physiological features while watching that smile video. So, beyond the normal leave-one-
participant cross-validation, I am also performing leave-one-smiler(video)-out at the same 
time. I consider this fully independent approach to be necessary to validly conclude that a 
classifier is not contaminated during training. This level of rigour is not matched in the 
literature. For example, suppose I consider the test data of participant 1 (P1) when watching 
smile n (Sn), then the data of P1 while watching the other smile videos is not used to either 
train or test the classifier as illustrated in Figure 4.14. 
 
 
 
 
 
 
 
 
 
 
Figure 4.14: An independent approach to compute classification accuracies, S=Smile Video, 

P=Participant, n=number of smile video, and m=number of participants. 
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being watched by m participants. A video independent process would train using n-1 smile 
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participants, and test using the nth video from the mth participant, repeatedly. Finally, 
average accuracies over all these executions were reported. A disadvantage of this approach 
is that it is quite computationally intensive, but it is as robust as possible. It also ensures the 
quality of training data by removing redundant and irrelevant data, which is not possible in 
the other two approaches, because they are not fully independent as discussed in Subsections 
4.9.1 and 4.9.2. In the case of leave-one-participant-out approach, trained data is 
contaminated by smilers, and vice versa in case of leave-one-video-out approach. In addition, 
one might assume that this approach is applicable if there are two sets of variables (such as, 
participants and videos) happening at the same time. It can happen in real world anytime – 
such as, a few people may see a few people are smiling naturally while another can see 
another person is smiling, but not sure whether the people is really smiling or being polite. In 
such cases, the “independent approach” is working properly. For data with completely 
different distributions, that will not be sufficient for this approach as that data is equivalent to 
generalisation to completely different contexts.     
 
4.10.  Summary   
 

The raw physiological signals are affected by various noise components due to the 
nature of human bodies, physical movements and so on. In this chapter, I detailed the 
separation process of the physiological signals of participants’ observations, and used 
different signal processing techniques to remove relevant noises. A number of statistical tests 
are used to analyse the physiological data in this thesis. I addressed these statistical tests in 
this chapter.  

 
Different approaches work in divers’ ways on physiological features (either recorded 

or extracted). This chapter describes these approaches, and their structures. Firstly, noisy 
physiological signals are processed, and features are extracted and selected. Then different 
classifiers are applied to classify these physiological features into real and posed smiles, 
using three different approaches, namely leave-one-participant-out, leave-one-video-out, and 
leave-one-participant-one-video-out. The leave-one-participant-one-video-out is a new 
approach where I did not consider either the participant or the video in training set, and is 
then used as test set and thus it is called an ‘Independent Approach’.   
 

Before classifying real and posed smiles from participants’ physiological responses, I 
evaluated participants’ pupillary responses to differentiate between two visualisations. This 
relevant interaction scenario is outlined in next chapter.   
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Chapter 5 – Information Visualisation: How Participants See 
 

This chapter includes and contextualizes the study, and sets the stage to better 
understand the structure of two visualisations (radial and hierarchical graphs) as a scenario. 
Visualisation interfaces follow a predictable structure of interaction pattern that should be 
easy to distinguish from participants’ verbal as well as pupillary responses as participants are 
seeing information visually. Through the background provided in this chapter, this thesis 
envisions simulating a scenario where it is possible to create a computational model for 
distinguishing between two visualisations from the participants’ physiological responses. 
Specifically, I design an eye tracking user study to investigate the relationship between 
visualisation interface complexity and visual search. Primarily, I am concerned with human 
responses, i.e., gaze data to visualisation interfaces with different levels of complexity for 
further development of interactive visualisation interfaces. 
 
5.1 Visualisation Interfaces – What Matters?  
 

Visualisation interfaces have been developed to help users navigate information 
spaces by connecting their cognitive maps and the inherent complexity of the underlying 
information [15, 16]. Information visualisation is traditionally seen as a set of methods for 
supporting humans to understand large and complex data sets in a simple and easy way, and 
is also extended to consider insights from user interactions in developing adaptive and 
interactive visualisation interfaces. This type of visualisation typically focuses on supporting 
users in executing complex data exploration and analysis tasks as efficiently and effectively 
as possible. It covers a wide range of application fields such as technology, geography, 
teaching, political, natural science, economic decision-making, that consist of expert-level 
solutions solved using well-defined techniques [182]. 
 

Visualisation can support human thinking as it fosters sense making, helps to abstract 
knowledge by making structures and patterns within the information evident, and facilitates 
the construction of mental maps of information spaces. It can provide high levels of 
interaction for users to glean knowledge from the raw data, and enables learners to draw 
valuable conclusions at minimal cost [183]. It describes big data in simple and innovative 
ways [184] and combines data in diagrams that represent information and convey messages 
to humans by creating mental visual images [185]. Visualisations can have an effect on 
participants’ comprehension and impressions [186]. It can be considered a visual storytelling 
method which contains an embedded story [187]. Segel and Heer [188] showed layouts and 
semantic story structures that are commonly used for participants to identify a number of 
approaches. Hullman and Diakopoulos [189] use narrative visualisation to identify these 
approaches to communicate with authority, completeness of data, and so on. Robertson et al. 
[190] investigated the effectiveness of two alternative trend animation visualisations such as 
overlaid traces and side-by-side traces of trends on participants.  
 

The goal of the visualisation is to transfer whole chunks of knowledge to the 
participants in a very short time which includes gathering, processing, pictorial rendering, 
analysing, and interpreting data [191]. The visual elements of such types of diagrams are able 
to describe the visualised story with a minimal requirement for extra text explanations [192]. 
Several studies support that images and graphs can capture the immediate attention of 
participants compared to texts [193]. When two visualisations are similar in nature, it can be 
hard to differentiate one from another via participants’ verbal responses. This is the setting I 
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wish to investigate. Previous work has investigated eye gaze on substantially different 
visualisations (radial compared to linear) with simple data extraction tasks [194].  
 

In this setting I compare quite similar visualisations, and I compare participants’ 
visual fixations and saccades with their verbal responses to make conclusions which cannot 
be made from their verbal responses alone. Visual fixation means maintaining visual gaze on 
a single location where saccade means fast movement of eyes (relocation of the attention 
point of the gaze). The recorded data for radial and hierarchical visualisations are analysed 
and the results are discussed. The significance levels are reported using two tailed paired 
sample t-test. In addition, I applied neural networks on features, extracted from participants’ 
pupillary response, to report the performance on classifying radial and hierarchical 
visualisations. Thus, I implemented a user study to differentiate between radial and 
hierarchical visualisations using participants’ verbal as well as pupillary responses. 
 
5.2 Experimental Procedure 
 

The details of the experimental procedures are described in Section 3.4 of Chapter 3.  
As we described, we asked 6 questions from each visualisation and recorded participants’ 
pupillary responses using The Eye Tribe [112] remote eye-tracker system with a sampling 
rate of 60 Hz as well as verbal responses, from 24 participants (11 male, 13 female) who 
participated voluntarily in this experiment (see Appendix B). A 15.6” Dell laptop and a 
computer mouse were peripherals for interaction between participant and the laptop running 
the web-based visualisations and the relevant questions. The chair of the participant was 
moved forward or backwards to adjust the distance between the participant and the eye 
tracker. Participants were asked to track a spot displayed on the laptop screen for calibrating 
the eye tracker and starting the experiment. Participants were asked to limit their movements 
in order to reduce undesired artefacts in the signals. In order to achieve the best results, the 
calibration of the eye tracker was adjusted based on the height of each participant. 
 
5.3 Verbal Responses 

 
I asked six demographic questions of the participants at the beginning of the 

experiment. These are based on age, gender, educational level, field of study, and native 
language. In this experiment, 24 participants were participated voluntarily and their answers 
to the demographic questions are listed in Table 5.1.  
 

Table 5.1: Participants’ demographics; M = Male and F = Female  
Id. Age Gender Level of Education Field of Study Native Language 
P01 29 M PhD Computer Science Bangla 
P02 26 F PhD Computer Science Chinese 
P03 22 F Master Computer Science Chinese 
P04 25 M PhD Computer Science Chinese 
P05 26 M Master Engineering Bangla 
P06 21 M Undergrad Engineering Chinese 
P07 38 M PhD Mathematics English 
P08 21 F Undergrad Computer Science Chinese 
P09 19 M High School Computer Science English 
P10 18 F Undergrad Science English 
P11 18 M Undergrad Psychology English 
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P12 18 F Undergrad Psychology English 
P13 19 F Undergrad English English 
P14 18 F Undergrad Psychology Korean 
P15 19 F Undergrad Computer Science Chinese 
P16 19 M Undergrad Computer Science Mandarin 
P17 18 M Undergrad Science English 
P18 20 M High School Computer Science Chinese 
P19 36 F PhD Computer Science Hindi 
P20 20 F Undergrad Commerce Malay and English 
P21 26 F Master Commerce Mandarin 
P22 20 F Undergrad Psychology English 
P23 18 M Undergrad Physics English 
P24 18 F Undergrad Law Chinese 
 

It can be seen from Table 5.1 that 11 male (mean age of 22.8 ± 6.3 years) and 13 
female (mean age of 21.6 ± 5.1 years) participated in this experiment with a mean age of 22.1 
± 5.5 (mean ± std.) years. It is also seen from Table 5.1 that their education levels, 
educational backgrounds, and native language are different from one another. As an example, 
14 participants were undergraduates at four different years / levels of education; 10 
participants were studying in computer science among six different fields of studies overall; 9 
participants identified as native English speakers along with seven different native language 
speakers.   
 

In order to explore verbal response rates of these participants, scores of the answers to 
the questions were calculated and depicted in Figure 5.1. Because of the short period to see 
the visualisation along with the questions at the top of the visualisation, long-term memory 
was not involved. A verbal response rate (VR) of 50% for the radial graph means a 
participant correctly judged 3 questions among all 6 questions from the radial visualisation. It 
can be seen from Figure 5.1 that participant 9 (P09) has the highest VR of 100% for both 
visualisations, and P01 and P15 show lowest VR of 50% for radial and 66.7% for 
hierarchical respectively.  

 
The two tailed paired sample t-test between the two interfaces shows that there is no 

significant difference in the verbal response rate (VR) for radial (( = 4.83	(80.6%), CD =0.96 and hierarchical ( = 4.88	(81.3%), CD = 0.80 visualisations; (23) = 0.18, E = 0.86. 
This meets the criteria we set for a challenging setting indicates that no significant difference 
between the visualisations in the participants’ verbal response rates. 
 

 
Figure 5.1: Participants’ verbal response rate (VR) over all questions for each visualisation. 
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In the case of average response time (RT), two tailed paired sample t-test shows that 
hierarchical visualisation (( = 26.1, CD = 5.8) is faster, and significantly different from 
radial (( = 28.5, CD = 5.8) visualisation; (23) = 2.03, E = 0.05 as shown in Figure 5.2. It 
can be seen from Figure 5.2 that P01 spent the highest time of 44.6 sec and P13 spent lowest 
time of 19.4 sec for radial visualisation, and P20 spent the highest time of 40.4 sec and P13 
spent lowest time of 18.2 sec for hierarchical visualisation, respectively.  
 

 
Figure 5.2: Participants’ average response time (RT) over all questions for each visualisation. 
 
5.4  Visual Fixations and Saccades 
 

I calculated two parameters from participants’ pupillary responses, called visual 
fixations and saccades. A visual fixation occurs when the eye gaze lingers on a single spot, 
and a saccade means a fast relocation of the attention point.  
 

The fixation durations (FD) are calculated from the output of the eye tracker and 
illustrated in Figure 5.3. The highest FD is reported from P16 (481.2ms) and P22 (510.1ms) 
for radial and hierarchical visualisations where lowest FD is reported for P20 in both cases 
(190.4ms for radial and 82.2ms for hierarchical) respectively. The two tailed paired sample t-
test shows that there is no significant difference between radial (( = 352.4, CD = 79.1) and 
hierarchical (( = 380.3, CD = 192.1) visualisations; (23) = 0.62, E = 0.54 from 
computed FD. 

 

 
Figure 5.3: Average fixation duration (FD) over all questions for each visualisation. 

 
The two tailed paired sample t-test shows that the number of fixations (NoF) can 

significantly differentiate between radial (( = 577.2, CD = 185.2) and hierarchical 
visualisations	(( = 486.9, CD = 195.3); (23) = 4.45, E < 0.001 and the results from each 
participant are shown in Figure 5.4. It is observed from the Figure 5.4 that the highest NoF is 
896.2 (from P03) and 808.8 (from P23) for radial and hierarchical visualisations where 
lowest NoF is 200.8 and 69.0 (both from P20) for both visualisations respectively. This 
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means that I am clearly finding effects which are consistent over visualisations as well as 
participants. 
 

 
Figure 5.4: Average number of fixations (NoF) over all questions for each visualisation. 

 
Saccade duration (SD) is very helpful to provide the scan path of the visualisations. 

The average SD over all questions for both visualisations are calculated from the eye tracker 
output and illustrated in Figure 5.5. The highest SD is 3907.6ms and 3950.3ms for radial and 
hierarchical (both from P20) visualisations where lowest SD is found 393.4ms (from P05) 
and 414.4ms (from P07) for them respectively.  The two tailed paired sample t-test shows 
that there is no significant difference between radial (( = 720.5, CD = 774.8) and 
hierarchical visualisations	(( = 752.0, CD = 770.7); (23) = 1.50, E = 0.15 from 
computed SD. 
 

 
Figure 5.5: Average saccade duration (SD) over all questions for each visualisation. 

 
5.5 Comparative Analysis 
 

The average results over all participants are explored in Table 5.2. It can be seen from 
Table 5.2 that participants’ VR and NoF are higher in the hierarchical visualisation compared 
to radial visualisation where the other three parameters (RT, SD, and FD) are lower in 
hierarchical visualisation compared to the radial visualisation. 
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Table 5.2: Average Parameter Values, VR = 
Verbal Response, RT = Response Time, FD = 

Fixation Duration, NoF = Number of Fixation, & 
SD = Saccade Duration 

Visualisation Radial Hierarchical 
VR (%) 80.6 81.3 
RT (sec) 28.5 26.1 
FD (ms) 352.4 338.7 

NoF 720.5 752.0 
SD (ms) 587.2 486.9 

 
The two data sets shown in the radial and hierarchical visualisations were, and needed 

to be, different so that participants could not just remember the answers from the previous 
visualisation. In this context, the complexity of the two data sets is analysed, and the results 
are outlined in Table 5.3. For simplicity I refer to them by the visualisation used here, so I 
call them the radial data set (BHP is core entity) and the hierarchical data set (NAB is core 
entity). The notable differences are the numbers of vertices, edges, the E/V (edges to vertices) 
ratio and the diameter. The diameter is the maximum over all ordered pairs (G, H) of the 
longest path from u to v.  This is also the maximum eccentricity of the vertices.  

 
Table 5.3: Graph Complexity Analysis of the Visualisations  
Visualisation Radial Hierarchical 

Vertices 27 30 
Edges 52 63 

E/V ratio 1.93 2.10 
Diameter 6 4 

 
It is generally considered that the visual complexity of a graph is the visual density, 

i.e. the amount of ink or clutter, and thus the number of nodes and edges [195]. Thus, the 
hierarchical data set is more complex. The E/V ratio is also higher and the diameter is lower, 
which indicates that the vertices are more highly connected, hence also showing that the 
hierarchical data set is more complex. The increased complexity of the hierarchical dataset 
may have led to higher fixation durations (FD) and saccade durations (SD), but lower number 
of fixations (NoF).  
 
5.6 Classification using Neural Network 
 

Classification is one of the most important tasks in application areas to model 
participants’ pupillary responses in distinguishing between radial and hierarchical 
visualisations. Artificial neural network (ANN) as a multilayer perceptron feedforward 
network is incorporated here to develop a predictive model of the formulations. 
 
5.6.1. ANN in General 

 
An ANN is a biologically inspired computational model composed of various 

processing elements called artificial neurons, and these processing elements are connected 
with coefficients (weights) which constitute the neural structure. There are many types of 
neural networks those are differed by the transfer functions of their neurons, learning 
algorithm, and connection topology. A single-layer neuron is not able to learn and generalize 
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complex problems. The multilayer perceptron (MLP) consists of several artificial neurons 
arranged in one or more layer (s) that overcomes the limitation of the single-layer perceptron 
by using non-linear activation functions [196] (Figure 5.6).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.6: Multilayer Perception Neural Network. 
 

In Figure 5.6, a feedforward multilayer perceptron network has been presented. The 
input features are multiplied by the connection weights and passed through a transfer function 
to produce the output for a neuron. The activation (transfer) function acts on the weighted 
sum of the neuron’s inputs. The output of each neuron is multiplied by a weight of concern 
neuron, before being input to every neuron in the following layer. The network adapts 
changing the weight by an amount proportional to the difference between the desired output 
and the actual output. The process of weight updating is called learning or training. The 
training process is achieved by applying a back propagation (BP) procedure from several 
training algorithms [197]. It is very hard to find the most appropriate combination of learning 
and training function with the correct number of hidden nodes for any classification task. In 
this study, I focused on the different learning algorithms to find out the best training functions 
in distinguishing between radial and hierarchical visualisations from participants’ pupillary 
features. I also evaluated the effects of number of hidden nodes on this classification task. 
The performance evaluation of both parameters is elapsed time and classification accuracy on 
the basis of following mean squared error (MSE) function. 
 (CI = (1/�)4(K − 
K)6….																																			…………5.1 

 
where K is the targeted output, 
K the actual value, and N is the number of data points. 

 
5.6.2. Training Algorithms  
 

It is noted that no single algorithm best suits all problems. The performance of each 
algorithm depends on the processing, learning and training. The success of modelling NN 
depends on selecting the training function. There are different training algorithms in the 
MATLAB ANN toolbox [198] and I considered some of them to optimize NN modelling. 
The most popular training algorithms are the basic gradient descent algorithm that updates 
weights and biases in the direction of the negative gradient of the performance function. 
TRAINGD is one of the training functions that update weight and bias values according to 
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the gradient descent backpropagation rule. TRAINGDM, TRAINGDA, TRAINGDX also use 
gradient descent backpropagation to update weights and bias, but with the addition of 
momentum, adaptive learning rate, and momentum with adaptive learning rate respectively, 
while TRAINRP uses a resilient backpropagation algorithm.  
 

The conjugate gradient algorithms use steepest descent direction to produce faster 
convergence than basic gradient descent algorithms [199]. TRAINSCG, TRAINCGP, 
TRAINCGF, and TRAINCGB are some of the algorithms those updates weight and bias 
values according to conjugate gradient backpropagation rules with scaling, Polak-Ribiére 
updates, Fletcher-Reeves updates, and Powell-Beale restarts respectively. On the other hand, 
a basic step of Newton’s method is the Hessian matrix (second derivatives) of the 
performance index at the current values of the weights and biases. Based on Newton’s 
method, which doesn’t require calculation of second derivatives, is the quasi-Newton or 
secant method. TRAINOSS, TRAINBFG, and TRAINLM are some of these functions who 
update weight and bias values according to the one-step secant method, BFGS (Broyden–
Fletcher–Goldfarb–Shanno) quasi-Newton method, and Levenberg-Marquardt method 
respectively.  
 
5.6.3. Method  

 
There are three steps to classify the radial and hierarchical visualisations from 

participants’ pupillary responses. The first step was to process the pupillary signals (please 
see Section 4.2, Chapter 4). The second step was to extract seven temporal features (mean, 
maximum, minimum, range, standard deviation, mean of the absolute values of first and 
second differences; please see Subsection 4.5.1, Chapter 4). The final step was to compute 
classification accuracies using neural network. The experiment was carried out on the 
windows 7 (64 bit) operating system with core i7 processor and 8 GB RAM using the 
MATLAB platform.   
 
5.6.4. Results and Discussion 
 

In this analysis, I used a leave-one-participant-out approach where classifiers were 
trained by twenty-three participants and tested by one participant (Subsection 4.9.1, Chapter 
4). The average performances over all participants are shown in Table 5.4. Here, 10 hidden 
nodes were considered during train the network.  
 

It is clear from Table 5.4 that the Levenberg-Marquardt algorithm shows the highest 
classification performance and lowest CPU elapsed time compared to others. In general, it is 
very hard to know which learning algorithm best suits a given problem and it depends on 
different factors such as complexity of the problem, the number of the data points in the 
training set, the number of weights and biases in the network etc. In this case, I find 
Levenberg-Marquardt algorithm is a good choice in terms of classification accuracies and 
elapsed time. There is evidence in the literature that this algorithm is beneficial when very 
accurate training is required, and contain up to a few hundred weights [200]. 
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Table 5.4: Classification accuracies and elapsed time for different learning algorithms   
Algorithms Functions  Average 

Accuracy (%) 
Standard 
Deviations 

Elapsed 
Time (Sec) 

 
 

Gradient Descent 

TRAINGD 56.3 21.7 21.8 
TRAINGDM 54.9 25.8 23.1 
TRAINGDA 80.2 22.4 22.3 
TRAINGDX 76.7 21.4 22.5 
TRAINRP 77.1 18.2 22.4 

 
Conjugate 
Gradient 

TRAINSCG 87.8 19.2 11.1 
TRAINCGP 79.9 18.2 19.2 
TRAINCGF 72.9 20.5 20.0 
TRAINCGB 70.5 22.9 19.0 

 
Quasi-Newton 

TRAINOSS 81.6 17.4 42.1 
TRAINBFG 74.0 22.6 09.1 
TRAINLM 95.8 09.5 04.4 

 
After selecting the learning algorithms, we checked the effect of the number of hidden 

nodes on the classification performance using Levenberg-Marquardt algorithm. The 
variations of average classification accuracies with the various numbers of hidden nodes are 
shown in Figure 5.7 where error bars indicate standard deviations.    
 

 
Figure 5.7: Variation of accuracies to the no. of hidden nodes of neural network. 

 
It is observed in Figure 5.7 that the average classification accuracies are improved 

with the increasing number of hidden nodes. It has been necessary to focus on empirical 
analysis to find the best number of hidden nodes, as I expected and did find that the number 
of hidden nodes affects classification accuracies [201]. This work helped me to develop a NN 
model for discriminating between visualisations from participants’ pupillary responses. 
 

At this point, I wished to compare the participants’ verbal responses with the 
classifier’s performances. Here, I trained a neural network using the Levenberg-Marquardt 
algorithm with 10 hidden nodes. The comparative analysis for radial visualisation is shown in 
Figure 5.8.   
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Figure 5.8:  Performances of participants and classifier in case of Radial Visualisation  

 
It is observed from Figure 5.8 that classifier shows higher accuracies in most of the 

participants compared to their own verbal responses. It can be seen that P01, P15, and P16 
show lower verbal response of 50%, but classifier shows 66.7%, 66.7%, and 83.3% for P01, 
P15, and P16 respectively. It is also seen that, if participants were 100% accurate, then the 
neural network would have also been 100% accurate for those participants. In an extensive 
analysis, I found verbal responses and classifier’s accuracies were correlated with a rate of 
70.4%. On an average, participants were 80.6% correct where classifier was 96.5% correct. 
The same procedure was applied to compare the performances with respect to hierarchical 
visualisation as illustrated in Figure 5.9.        
 

 
Figure 5.9:  Performances of participants and classifier in case of Hierarchical Visualisation.  

 
It is seen from Figure 5.9 that the lowest accuracy for a participant is 66.7% for P01, 

P04, P05, P12, P13, P15, P19, P22, and P24 where the classifier’s accuracies are 83.3%, 
83.3%, 83.3%, 100%, 100%, 83.3%, 100%, 66.7%, and 83.3% for these identified 
participants, respectively. It is also seen that when a participant is 100% correct, then 
classifier’s output is also 100% for that participant. In an extensive analysis, we got 60.7% 
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correlation between the performances of participants and classifier. On an average, 
participants were 81.3% correct, where the classifier performed better at 95.1% correct. 
 
5.7 Summary  
 

In this chapter, I compared two similar visualisations, and demonstrated that user 
verbal responses were not able to show any statistically significant differences (see Figure 
5.1, and its discussion). I showed from eye gaze data that I could nevertheless differentiate 
the visualisations using simple eye gaze metrics. The analysis shows that participants’ 
numbers of fixations are able to significantly differentiate between radial and hierarchical 
visualisations where their saccade durations and their own response rates are not.  

 
Further, I demonstrated that the hierarchical visualisation is superior to the radial in 

this setting as I also showed that users were quicker on the hierarchical visualisation even 
though it was displaying more complex data in graph analysis terms. I also designed a model 
using a neural network to classify between these two visualisations from participants’ 
pupillary responses and got 95.8% accuracy using Levenberg-Marquardt algorithm with 10 
hidden nodes. Overall, the analysis and model are useful in distinguishing between two 
visualisations, as participants were seeing them and searching for answers to the asked 
questions.  
 

The next chapter provides an exploration of developing this computational model in 
distinguishing between real and posed smiles, i.e. when participants were watching smiling 
face videos.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



66 
 

  



67 
 

Chapter 6 - Distinguishing between Real and Posed Smiles: Physiological 
Features 

 
Smiles are important signals in face-to-face communication that vary dynamically and 

provide impressions / feelings to observers. For example, a speaker can be motivated from 
audiences’ real smiles. On the other hand, an acted/posed smile can indicate negative 
feelings, uncomfortable emotions, and/or something hidden from observers. In this regard, 
we recorded participants (observers) physiological signals, such as PR (Pupillary Response) 
and GSR (Galvanic Skin Response), in an experiment (E2) by showing human smile videos. 
The lengths of the signals are different according to their sampling rate. Firstly, I consider 
each time point of the processed signals as features and treat them as recorded features. 
Secondly, I extract six statistical and one spectral feature from each recorded GSR signal and 
treat them as extracted features. Finally, I compare classification accuracies computed from 
recorded and extracted features.     
 
6.1  Experimental Overview  
 

In this chapter, I consider experiment 2 (E2) where I record two physiological signals 
from 20 participants while watching smile videos: pupillary response (PR) and galvanic skin 
response (GSR) using face lab eye tracker [112] and Neulog GSR sensor [160], respectively. 
In respect of physiological signals analysis, I divide our studies into three parts, named Case 
Study I, Case Study II, and Case Study III. In Case Study I, I analyse 10 participants’ 
pupillary signals to see if there are any differences between real and acted smiles on the 
pupillary trends.  In Case Study II, I apply different classifiers to classify between real and 
acted smiles from twenty participants’ recorded features (PR and GSR). In Case Study III, I 
consider GSR features (both recorded and extracted) from first 10 participants to compute 
classification performances.  
 
6.1.1. Smile Videos  
 

It is well known that video is more effective and easier than static images for human 
recognition purposes [148]. For that reason, smile videos were randomly selected from three 
databases: AFEW (Acted Facial Expressions in the Wild) [151], MMI (M&M Initiative) 
[154] and MAHNOB (Multimodal Analysis of Human Nonverbal Behaviour in Real-World 
Settings) [12, 153]. AFEW provided 10 smiles, which were acted by professional actors 
and treated as acted smiles. In the case of MMI, participants were asked to perform or 
instructed to display a smile and thus we classify these as posed smiles. I chose 5 posed smile 
videos from this source. For comparison, 10 real smile videos were collected from 
MAHNOB database (5 from the HCI-tagging database [12] and 5 from the Laughter database 
[153]) where participants’ smiles were elicited by watching a sequence of funny or otherwise 
pleasant video clips and thus classified as real / genuine smiles. The characteristics and file 
names of the smile videos are listed in Table 3.2 of Chapter 3. 
 

The collected video samples were not in the same format, colour or duration, so I 
made them as similar as possible. The MATLAB platform was employed to convert them to 
mp4 format, grey scale and duration of 10 seconds each. Firstly, the emotion expression 
portion of each sample was cropped and the frames were extracted. Secondly, every frame of 
each sample was converted into grey scale and only the face portions were retained. Finally, 
the processed frames of each sample were converted back into video samples and used as 
stimuli to record physiological signals and self-report from the participants. In this case, 
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either frame rates were decreased or processed frames were used in a repetitive manner to 
make each stimulus up to 10 seconds long. This means that the participants saw the shorter 
facial expressions for longer / repeatedly, so the time for viewing overall was the same for all 
videos.  
 
6.1.2. Experimental Setup 
  

In order to detect real smiles, a structured experiment was implemented to record 
and evaluate the participants’ judgements and physiological signals. The selected 25 
smile videos were presented to participants with a short introduction page. At the end of 
each smile video, each participant was required to select an option based on a 5 point 
Likert scale (-2 to +2) with an additional option of ‘No Smile’ as shown in Figure 6.1, to 
indicate whether they judged the facial expression to be a smile, and the degree to which 
it was showing real or acted/posed expression. The total duration of the experiment was 
around 10 minutes. 
 
 
 
 
 
 

Figure 6.1: Five point Likert scale to accumulate the observer’s self-report (see also 
Figure 3.8). 

 
In this experiment, the participants’ GSR signals were recorded using Neulog 

sensors at a sampling rate of 10 Hz [160] from the index and middle finger of the left 
hand. Eye activities (pupil dilation) were recorded using a Facelab (Seeing Machines) 
remote eye-tracker system with a sampling rate of 60 Hz [111].  
 
6.1.3. Participants  
 

Twenty (9 female, 11 male) students, with mean age of 26.9 ± 6.3, voluntarily 
participated in this experiment, from the Australian National University. Each participant had 
normal or corrected to normal vision. I recruited voluntary participants, as they provide more 
reliable outcomes compared to paid participants [202]. All of the methods related to the 
experiment were approved from University’s Human Research Ethics Committee prior to 
data acquisition. The relevant information sheet and other documents are provided in 
Appendix C.  
 
6.1.4. Data Acquisition   
 

Upon arrival at the laboratory, each participant signed the consent form and was 
seated on a static chair, facing a 17 inch LCD monitor in a sound-attenuated, dimly lit, closed 
room. Sensors were attached to measure their GSR signals. Participants were given a brief 
introduction to the experimental procedure. Their chairs were moved forward or backwards 
to adjust the distance between the chair and eye tracker. The participant was told that their 
eye movements would be recorded during video stimuli presentation and instructed to limit 
their body movements to reduce unwanted artefacts in the signals. Nine point calibration was 
performed, where a spot was displayed on the monitor and participants asked to track it, for 
calibrating the eye tracker and starting the experiment. During this experiment, all 
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participants used their right hand for moving the mouse or typing. The smile videos were 
presented to the participants in an order-balanced way. After completing the experiment, the 
sensors were removed and the participants were thanked for their participation. 

 
The data recorded using L0041 smile video was not useful, because there was no 

specification or explanation in the original source for this smile video. Thus it was excluded 
from analyses, although most of the participants identified this smile as a fake or non-smile. 
Hence, the analysis results are based on the responses recorded from 20 participants, while 
watching 24 smile videos. 
 
6.1.5. Signal Processing 
 

The recorded physiological signals were extracted and three data sets were created: 
left eye pupil diameter (LEPD), right eye pupil diameter (REPD), and GSR. All the extracted 
features were numerical. It was necessary to standardize the features to reduce the between-
participant differences [171]. Maximum value normalization was applied to each data set 
separately. In this normalization, the maximum value from a given signal of each participant 
was computed and all features of that particular signal were divided by their computed 
maximum value. Thus, all data for each participant varied between 0 and 1. Data for each 
smile video was then separated and the final data sets were constructed. For that reason, 
every data set had 24 patterns (consisting of physiological signal sensor measurements) 
corresponding to the 24 smile videos (that is, for the emotion videos) with a number of 
features (here we treated each time point of a signal as a feature) of 10 seconds duration for 
each pattern. 
 
6.1.5.1. Pupillary Response 
 

In case of pupil data, the Facelab eye tracker provides the position of the projected 
eye gaze on the monitor, the pupil diameter and the moments when the eyes are closed or 
blinking. Signal processing procedures were applied using MATLAB on the recorded 
continuous pupillary data. The signal was first smoothed using 10-point Hann moving 
window average, to filter out noise and unrelated features [169]. The missing data segments 
due to eye blinks were measured as zero by the eye tracking machine, and cubic spline 
interpolation was applied to reconstruct the pupil size during the blinking time [168]. 
According to Pamplona et al. [170], pupil diameter varies due to effects caused by lighting, 
and the pupillary light reflex magnitude changes between different people. The magnitudes of 
pupil diameter time series were normalized according to the maximum value normalization 
technique. Principal component analysis (PCA) had been shown to be effective in separating 
the effect of changes in luminance from stimulus relevance [114]. This was performed here 
by subtracting the first principal component from the normalized and smoothed pupil data 
[8]. The pupil signal processing steps are shown in Figure 6.2.  

 
 
 
 

Figure 6.2: Pupil signal processing procedure. 
 

Trends of LEPD and REPD were observed after removing the noise. Similar types of 
trends were found, when comparing the left eye and right eye pupil diameters. The trends of 
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right eye pupil diameter for all smile videos are shown in Figure 6.3. Here, normalised pupil 
diameter values are evaluated as a time point average over the first 10 participants. 
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Figure 6.3: Average trends of REPD over first 10 participants, considering (a) MAHNOB 
(top figure), (b) AFEW (middle figure), and (c) MMI (bottom figure) smile videos.  

 
We can observe from Figure 6.3 (a) and Figure 6.3 (b) that REPD follow quite similar 

trends considering each smile videos of MAHNOB and AFEW databases. On the other hand, 
trends varied differently in the case of MMI smile videos as seen from Figure 6.3 (c). Due to 
higher different trend variations of each MMI smile video compared to the others (most likely 
caused by substantially different luminance values), pupil data related to MMI smile videos 
are not further considered for analysis purposes. The final pupil data excluded MMI smile 
videos related pupil responses. Thus, LEPD and REPD have 19 patterns with a number of 
features with overall length of 10 seconds. 
 
6.1.5.2. Galvanic Skin Response  

 
In the case of GSR signals, twenty point median filter is applied on normalized GSR 

signals to smooth and remove the effect of noise from the raw signals as suggested by Guo et 
al. [120]. 
 
6.2 Case Study I  
 

In this study, I consider first 10 participants’ pupillary responses while they were 
watching ten AFEW [150] and nine MAHNOB (five from HCI [12] and four from Laughter 
[153]) smile videos. The participants were right handed graduate students with a mean age of 29.8 ± 4.8 for males, and 34.7 ± 4.8 for females (mean ± SD). The length of each pupillary 
signal was 10 sec. In this case, the final pupil signal consisted of baseline corrected data 
averaged from both (left and right) eyes over the whole 10 sec video stimulus interval.  
 

All the data is analysed with paired sample two-tailed permutation test to report on 
significance levels. This test is performed to assess the statistical significance on waveform 
differences and produces p values for any number of time points [173]. Two-way analysis of 
variance (ANOVA) also introduced to check the effect of smile type, effect of sex, and their 
interactions. 
 
6.2.1. Timeline Analysis 
 

The timeline analysis of the pupil data discovered a common trend to each stimulus. 
Figure 6.4 illustrates the time point mean of pupil diameter over participants when viewing 
all smile videos. The pupil constricted from stimulus onset and reached a minimum within 1-
2 sec, after which a sharp dilation started and continued till 3-4 sec. Then, either a smooth 
dilation or constriction started and continued, which is sustained in a consistent range, until 
the end of the analysis window. It is important to note that the trends were separated 
according to real and acted smile videos from about the 3 sec of stimuli onset. Paired sample 
permutation test showed that pupil dilation differed significantly for real smile stimuli as 
compared to acted smile stimuli	( = 4.56, �O = 9, E = 0.051), mostly lower E values 
(E < 0.1) are found between 8.62 sec and 8.67 sec. It is also mentioned in [107] that the 
neutral and emotional stimuli are separated at about 1 second where peaks for all stimuli are 
reached at about 2-3 seconds. Finally, negative and positive stimuli are separated from the 
peak amplitudes. In this case, I only used emotional stimuli such as real and acted smiles 
where the curves up to about 3 seconds are quite similar for real and acted smiles, but differ 
strongly from 3 sec to the rest. 
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Figure 6.4: Average pupil diameter timelines for all smile videos over all participants. 

 
The timeline of the pupil diameter changes was somewhat different for female and 

male participants (Figure 6.5 and Figure 6.6). The acted smile stimuli provoked the strongest 
pupil dilations for male participants, where the real smile stimuli provoked the strongest 
dilations for female participants. In the case of female participants, the difference of real from 
acted smiles started from 3 sec of stimulus onset and ended within 8 sec to 10 sec from 
stimulus onset (Figure 6.5). Paired Sample permutation test comparisons showed that the 
pupil diameter was not significantly smaller for acted smile stimuli than real smile 
stimuli	( = 11.30, �O = 3, E = 0.125).  

 

 
Figure 6.5: Average pupil diameter timelines for all smile videos over female participants. 

 
In the case of male participants, the pupil dilates continuously from 4 sec of stimulus 

onset for acted smile stimuli, but no dilation or contraction for real smile stimuli (Figure 6.6). 
The pupil diameter was significantly larger for acted smile stimuli than real smile 
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stimuli	( = 6.41, �O = 5, E = 0.063), mostly lower E values (E < 0.1) are found from 7.75 
sec to 7.93 sec and from 9.87 sec to 9.89 sec. 
 

 
Figure 6.6: Average pupil diameter timelines for all smile videos over male participants. 

 
6.2.2. Individual Analysis 
 

I have also calculated the average value of individual participants’ pupil size, while 
watching real and acted smile stimuli. Individual analysis on the whole presenting stimulus 
interval verified that larger pupil dilations were exhibited by male participants in the case of 
acted smile stimuli as compared to real smile stimuli and vice versa in the case of female 
participants (Figure 6.7).  

 

 
Figure 6.7: Average pupil diameter variation for individual participants. 

 
Additional calculation on pupil size variation revealed that male participants has 

lower average value compared to female participants, while watching real smile stimuli and 
vice versa in the case of acted smile stimuli (Figure 6.8). 
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Figure 6.8: Average pupil diameter variation between female and male participants. 

 
I have also employed ANOVA testing to check the effects of gender (male vs. 

female), smile type (real vs. acted), and their interactions in respect of pupil data. The 
computed P	��QR	 were 45.81, 20.42 and 104.17 for the effects of sex, smile type and their 
interactions respectively, that have significant impact E < 0.001 for each case) on pupil data. 
I have also observed the .	�SG
R	� value that explained 79% variations in the pupil data by 
the combinations of these effects and their interactions.  
 
6.2.3. Discussion 
 

The results showed significantly larger pupil size dilation in response to acted smile 
stimuli in the case of male participants as compared to the pupil dilation in response to real 
smile stimuli and vice versa in case of female participants. These significant differences were 
found during smiling video stimuli observation. The analyses on individual participants’ 
pupil dilation also revealed that real smile stimuli caused significantly different pupillary 
responses as compared to acted smile stimuli.  

 
The visual inspection of the timeline curves showed that the individual participants’ 

average pupil dilation over stimuli coherently followed a similar type of curve. A sudden 
decrease in pupil size from the stimulus onset was followed by a sharp increase from about 2 
sec to about 4 sec. Then, the participants’ pupil responses were separated according to 
displayer’s real and acted smile stimuli, from about 4 sec after the stimulus onset. These 
differences were observable clearly for male participants and averagely for female 
participants till the end of the viewing stimuli.  

 
The outcomes of this analysis shows that I can access the participant’s different 

recognition and responses to real smile compared to acted smile stimuli via their pupil 
diameter. This is because the size of pupil is controlled by their autonomic nervous system 
which is known to respond to a person’s emotional state [203]. According to evolutionary 
hypotheses of sex differences in emotional processing, the anatomy as well as function of the 
brain of the male is different (statistically) from the female [204]. The results support the 
notion that pupil responses varied according to different emotional stimuli and have some 
similarity with recent findings that females respond more strongly to positive sounds and 
males respond more strongly to negative ones [107]. This is also similar to the average pupil 
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size measured in [203] to discriminate negative from positive emotion. Furthermore, they 
found significant differences between emotions which are consistent with these outcomes 
considering real versus acted smile stimuli. 

 
The measurement of pupil size has important advantages compared to considering 

other physiological signal measurements. No sensors need to be attached to the user, and 
pupil size may not be as sensitive to artefacts caused by various bodily movements. An 
important benefit of pupil size measurement is that it is not easy to control voluntarily and 
provides spontaneous and non-conscious outcomes. On the other hand, visually observable 
changes in facial expression can be masked, inhibited, exaggerated, and faked [25]. In this 
respect, pupil size measurement avoids these problems that are inherent in monitoring with 
video cameras.  

 
In conclusion, we analysed average pupil diameter timelines over 19 stimuli with 10 

young adults. These provide us an indication that the participant’s pupil size varied 
differently for our real smile stimuli as compared to acted smile stimuli. This outcome also 
provides evidence for gender differences. These findings suggest that by extracting and 
analysing a participant’s pupillary responses, I can disambiguate real from acted smiles, 
based on the participant’s innate and non-conscious recognition of the stimuli as representing 
real or acted smiles. 
 
6.3 Case Study II  
 

In this study, firstly, I use signal processing and other noise removal techniques on 
twenty participants’ physiological (PR and GSR) signals as described in Section 4.3. 
Secondly, I choose the Two-Sample Kolmogorov-Smirnov (K-S) test [172] for significance 
testing, which shows the average GSR signal (E = 0.3435) is not significantly different 
while LEPD (E < 0.001) and REPD (E < 0.001) signals differed significantly for real smile 
observations compared to the acted smiles observations. Thirdly, a feature selection method 
— canonical correlation analysis with neural network (CCA network) — is applied to find 
minimally correlated features according to the classes. Finally, a leave-one-participant-out 
approach is employed to investigate the classification performance in distinguishing between 
real and acted smiles, using k-nearest neighbour (KNN), support vector machine (SVM), 
simple neural network (NN), and ensemble classifiers.  
 
6.3.1. Feature Selection 

 
Feature selection is an important technique that reduces large numbers of features by 

discarding unreliable, redundant and noisy features, with the aim of achieving comparable or 
even better performance [205] in comparison with the full feature set. Thus, I employed a 
feature selection technique to find informative features relevant to the aim from these signals. 
In this case, a correlation technique is applied to find informative features that are relevant to 
the classification task. Canonical Correlation Analysis with Neural Network (CCA Network) 
[128] is a training and learning process that searches for informative features according to the 
classification classes. This feature selection technique is applied here to search for minimally 
correlated features considering the real versus acted relevant classes. There are many highly 
correlated features in physiological signals while watching the stimuli by the same 
participants. I believe that the best source of differentiating information is in the minimally 
correlated features, and that there will be meaningful information in those features because 
participants were watching different types of videos, only some being real smiles. The 
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following joint learning rules (eqs. 1 to 3) were considered, where 0&,,,,,, ηηλfswji  

represent the pattern index, feature index, weight, input features, output features, Lagrange 
multipliers and constant learning rates respectively. 

 
 (1) 

 (2) 

 (3) 

The feature selection process is explored in Figure 6.9. I created two groups: Group 1 (signals 
while watching real smiles’ stimuli) and Group 2 (signals while watching the acted smiles’ 
stimuli). It is stated that the CCA Network updates the values of weights	(TKU) by minimising 
the correlation between two sets of variables, such as groups 1 and 2	(�KU) [206]. The 
activation is fed forward from input features	(�KU) to the corresponding output 	(OK) through 
the respective weights	(TKU). Here, V = 9 ∗ 20 for Group 1 and 10∗ 20 for Group 2 where 
there are 20 participants who watched 9 real smiles and 10 acted smiles. The values of	W	are 
100 and 600 for GSR and PR signals respectively where there are 100 and 600 features for a 
single GSR and PR signal respectively, as I considered each time point of physiological 
signals as a feature. The values of the weights are strengthened by updating the values of 
Lagrange multipliers [206]. In this case, initially ? = 0.015, @ = 0.01, and	@A = 0.5 were 
chosen and, then weights and Lagrange multipliers were updated according to eq. 2 and eq. 3. 
Then minimally correlated features are selected from groups 1 and 2 according to eq. 1 to 3 
[128].  
 
Suppose I want to select 50 features from a total of 100 GSR features, and CCA Network 
ranked the features according to the correlation between Group 1 and Group 2. Then the 50 
features, those ranked with minimum correlation compared to other features, are selected and 
considered for classifiers. In this connection, the features of one participant are taken as the 
test set and the rest of the participants’ features are used to train the classifier. To remove the 
effect of biasing on the test set, the CCA Network is applied only on the training set. This 
process is repeated for each participant, and the average classification accuracy is reported. 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6.9: Feature selection using CCA Network (see also the similar diagram in Figure 
4.10). 
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6.3.2. Results and Discussion 
 

I employed four classifiers, each with two classes (real and acted) to compute 
classification accuracies from the average classification results of 20 participants. The 
classifiers were k-nearest neighbour (KNN), support vector machine (SVM), neural network 
(NN), and a voting ensemble. I used default performance parameter settings in MATLAB 
R2015a version as the Euclidean distance metric and 7 nearest neighbours for KNN, 
sequential minimal optimization method and Gaussian radial basis kernel function with a 
scaling factor of 5 for SVM, scaled conjugate gradient training function with 10 hidden nodes 
for NN, and employed an ensemble aggregating the decision of these three classifiers 
respectively. The mean square error performance function is used to compute classification 
accuracies from each classifier. The analysis was performed with an Intel® CoreTM i5-5200U 
with 2.20 GHz, 8.00 GB RAM, Operating System 64-bit laptop using MATLAB platform. 
The features (at each time point) of one participant were only used for testing, while features 
from all of the other participants were used to train the classifier. The CCA Network was 
applied only on the training set to select features, in order to avoid any effect of biasing on 
the test set. This process was repeated for each participant and thus, a leave-one-participant-
out approach was performed to compute the classification accuracies. The average 
classification accuracies over participants for GSR signals are explored in Table 6.1.  
 

Table 6.1: Average classification accuracies over participants for GSR features 
No. of 

Features 
KNN SVM NN Ensemble 

Avg. Std. Avg. Std. Avg. Std. Avg. Std. 
10 78.1 10.7 74.0 13.8 75.6 18.9 78.8 12.1 
20 81.9 07.1 75.8 14.0 79.3 21.9 83.8 05.2 
30 79.6 11.2 79.9 14.4 75.1 21.3 83.8 09.5 
40 80.5 09.8 83.0 15.8 85.0 18.4 86.9 08.6 
50 80.1 10.3 87.5 13.2 90.8 12.0 91.6 05.9 
60 85.1 06.1 93.0 06.6 94.1 07.3 94.3 04.5 
70 83.3 09.1 94.1 07.6 94.3 09.8 94.3 05.3 
80 86.5 05.3 94.0 08.3 93.0 11.9 94.0 05.3 
90 85.6 05.3 95.6 05.6 95.7 02.4 95.9 03.9 
100 85.1 06.9 96.1 05.2 96.5 03.3 96.6 03.3 

 
As we considered each time point as a feature for each physiological signal, thus there 

were a total of 100 features for each GSR signal; 10 sec (video length) x 10 samples per sec 
(sampling frequency). It is clear from Table 6.1 that the ensemble classifier shows higher 
accuracies compared to other classifiers, with the highest accuracy of 96.6% (±3.3) for 100 
(all) features. In case of each PR signal, there were 600 features (10 sec (video length) x 60 
samples per sec (sampling frequency). The average classification accuracies over participants 
for PR features are shown in Table 6.2 and Table 6.3.  
 

Table 6.2: Average classification accuracies over participants for LEPD features 
No. of 

Features 
KNN SVM NN Ensemble 

Avg. Std. Avg. Std. Avg. Std. Avg. Std. 
50 74.3 08.0 79.8 08.2 77.4 19.1 80.5 7.1 
100 79.5 07.4 81.3 06.3 82.1 18.4 84.9 6.5 
150 84.8 05.3 94.3 02.6 94.3 04.1 94.9 2.4 
200 88.3 04.4 96.6 02.0 96.4 01.5 96.9 2.0 
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250 88.6 04.1 95.1 01.6 95.9 06.2 96.5 2.1 
300 88.8 04.8 95.8 01.4 96.6 01.0 97.0 1.1 
350 88.3 03.6 97.1 01.1 97.1 06.0 97.5 1.1 
400 90.0 02.9 96.8 00.8 95.6 01.5 97.4 1.1 
450 91.6 02.6 96.3 01.2 96.4 00.6 97.8 0.6 
500 91.5 03.6 97.4 01.2 97.4 00.6 97.6 1.0 
550 91.9 01.1 97.4 00.6 97.3 00.8 97.6 0.6 
600 92.1 00.9 97.3 01.2 97.4 00.6 97.5 1.2 

 
Table 6.3: Average classification accuracies over participants for REPD features 
No. of 

Features 
KNN SVM NN Ensemble 

Avg. Std. Avg. Std. Avg. Std. Avg. Std. 
50 80.3 07.9 81.9 08.5 82.9 11.2 83.0 8.0 
100 82.5 04.4 88.9 05.1 87.4 02.5 89.1 5.1 
150 88.0 03.5 94.3 01.4 93.8 01.4 94.4 1.4 
200 89.0 03.8 95.8 01.2 95.4 00.9 95.9 1.3 
250 89.3 02.7 95.4 00.9 95.6 01.4 95.9 1.2 
300 91.3 02.6 95.3 00.8 95.5 01.0 95.8 1.2 
350 92.3 01.8 95.9 01.2 95.1 00.6 96.0 1.3 
400 92.6 01.5 96.8 01.2 95.5 01.0 96.9 1.1 
450 92.6 01.5 96.6 01.2 95.3 00.8 96.8 1.2 
500 92.9 01.5 96.3 01.3 95.4 01.2 96.4 1.3 
550 92.9 01.2 97.1 00.8 95.6 01.6 97.3 0.8 
600 93.1 01.4 97.1 00.8 95.3 00.8 97.3 0.8 

 
It can be seen from Table 6.2 and Table 6.3 that the ensemble classifier shows higher 

accuracies for PR features too. The LEPD shows the highest accuracy of 97.8% (±0.6) for 
450 selected features where the REPD shows the highest accuracy of 97.3% (±0.8) for 550 
selected features respectively. It can also be seen from Table 6.1, Table 6.2 and Table 6.3 that 
the classification accuracies do not change much for some ranges of selected features, such as 
accuracies varied only from 95.9% to 96.6% for selected features of 90 to 100 in case of 
GSR, and from 97.5% to 97.8% for selected features of 350 to 600 in case of LEPD, and 
from 96.4% to 97.3% for selected features of 400 to 600 in case of REPD, respectively. It 
indicates that I can represent whole signals by a smaller number of features, without much 
decrease of accuracy, whenever required.  
 

I also checked the effect of varying the number of participants used in training on 
classification accuracies. As the number of training participants increases, classification 
accuracy increases from lower number of participants as shown in Figure 6.10. It is also 
noticeable from Figure 6.10 that the accuracy does not increase much after a certain point, 
here 9 participants is that point. This outcome is reported from 450 selected LEPD features 
and the ensemble classifier.  
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Figure 6.10: Variation of accuracies with the increasing number of training participants. 

 
Participants’ self-reported judgements were also calculated from five point Likert 

scale results. To compute the self-report scores, the percentage of stimuli correctly selected 
by individual participants was calculated. The average score over 20 participants was 52.7% 
(on average).  In the literature, Frank et al [7] found that participants were 56.0% correct at 
discriminating genuine from fake smiles in his experiment. I also tried to find whether 
accuracies improve if we consider the “No Smile” choice as not being smiles in that they 
were not real smiles (some comments by participants made it clear that they only chose real 
when they were sure it was smile), leading to an accuracy of 58.9%. I also considered voting 
(more than 50% of the participants select a smile (real or acted) correctly) from all 
participants. This does improve the results, the participants’ judgments as a group is 68.4% 
accurate.  
 

I also tried to compare our outcomes with others. Most of the work in the literature on 
smile genuineness has been performed by analysing image/video based smile characteristics, 
but this research is based on experimental participants’ physiological responses while 
watching emotion expressions in videos. This difference makes it difficult to compare those 
results in the literature directly with our outcomes. Valstar et al. [207] discriminated fake 
from genuine smiles by analysing displayer’s video data from face, head and body actions, 
and found classification accuracy of a 94%. When morphological characteristics were added 
with the ratio of duration to amplitude, then a linear discriminant function distinguished 
between displayer’s genuine and fake smiles with the classification accuracy of a 93% [65]. 
Gan et al. [69] reported their highest classification accuracy was a 91.7% at discriminating 
displayer’s genuine from fake smiles using a deep Boltzmann machine. Dibeklioglu et al. [3] 
proposed an automatic system and described an informative set of facial features of smile 
videos to distinguish displayer’s genuine from fake smiles with highest classification rate of 
92.9%. On the other hand, I have found 96.6%, 97.3%, and 97.8% accuracies by analysing 
participants’ GSR, right eye, and left eye pupillary responses, respectively. Numerically, our 
results are similar and slightly better. This makes intuitive sense: the computational 
approaches try to use all the information available in the image / video, which is the same 
information available to the human observer. A slightly better performance by the human 
could be due to greater amount of training by the human participant from their life prior to 
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the experiment. It is also difficult to compare these results with the emotion recognition work, 
because they use different stimuli and emotion classes. I note that those emotion classes are 
not directly related to detecting genuine smiles when grouped with posed smiles, as their fake 
smiles can include more obvious fake smiles, as I can deduce from their definitions.  

 
I believe that a computer vision algorithm should be able to perform the same task 

with the same level of accuracy as human participants. The nearest result for a similar task in 
the literature is 4% less accurate [207]. Such computer vision algorithms require significant 
amounts of detailed knowledge and hard work to encode the characteristics of real smiles 
(and this is not as yet fully understood in the Psychology literature), or require very large 
numbers of labeled examples of real smiles for training a deep learning neural network or 
similar non-parametric classifier to improve their results. There are many smile images on the 
web, but which of them are genuine? There are only small numbers of smiles in databases 
where we can know with confidence that they are real as they were elicited as such. 
Arguably, even expecting a smile to be elicited could lead to a subject trying to ‘help’ the 
experimenter and smiling consciously. Given that most subjects for experiments are 
voluntary, their willingness to help is inarguable.  

 
Eventually I would like my research to improve computer vision algorithms. The key 

benefit from this technique is that the learning of the really hard tasks (learning to detect 
genuine smiles in this case) has already been done by the human being in their normal life. 
The physiological signal collection and analysis is much more straightforward than designing 
such a computer vision algorithm, and the signal collection and analysis can be applied to 
other emotions [208], while a completely new computer vision algorithm with a new large 
labeled training set would need to be developed for each emotion. 

 
It appears that human verbal responses can be a clearly observed and measured 

behaviour that has had a major impact on the understanding of human psychology, but is not 
all the useful data. The verbal responses are easy to quantify and collect during experiments, 
but these responses are not always able to reflect the complete internal mental state. Also, just 
using verbal responses is a one-dimensional approach to understanding human behaviour that 
includes failing to address some cognitive and biological processes. Further, it does not 
account for the unconscious mind’s thoughts, feelings, and desires [10]. Another limitation of 
this process is that facial expressions can be intentionally controlled or participants may 
misrepresent their reaction to the viewed emotional faces [8, 9]. 

 
On the other hand, the automatic physiological responses have the advantage of 

immediately being affected by observing facial changes and these signals cannot be faked 
voluntarily [8, 11, 12]. We typically remain unaware of our own physiological changes 
although we experience them every day, such as galvanic skin responses and pupillary 
responses which change under pressure [13]. There is also evidence that human physiological 
responses can be used to evaluate another’s mental state [14], perhaps via subjective feelings 
which allows us to judge others’ facial expression. An important benefit of physiological 
measurement is that it is not easy to control voluntarily and provides spontaneous and non-
conscious outcomes. In this connection, it can be stated that participants’ sub-conscious 
choices (physiological responses) provide higher accuracy compared to their conscious 
choices (verbal responses). Overall, the results of the experiment show that it is possible to 
classify real and acted smiles via participants’ innate and non-conscious physiological 
responses that are control by automatic nervous system. 
 



81 
 

6.4  Case Study III  
 

In this study, I investigate the classifiers’ performances on processed GSR signals 
(recorded features) and computed features (extracted features) from the processed GSR 
signals, by using a leave-one-participant-out approach and various feature selection methods. 
I consider first 10 participants, when they were watching 10 smile videos (5 from MMI [154] 
and 5 from MAHNOB [12]). To reprise, MMI smiles are identified as posed smiles, because 
smilers were asked and instructed to display a smile. On the other hand, MAHNOB smiles 
are treated as were genuine/real smiles as they were elicited by watching a sequence of funny 
or pleasant video clips.  
 
6.4.1. Research Methodology 

 
The recorded raw GSR signals are normalised using maximum-value normalisation 

technique [171] and then filtered using twenty point median window filtering [120] to 
remove the effects of noise from the raw GSR signals. I refer to these processed GSR signals 
as recorded features. Subsequently, I extracted six temporal and one spectral feature from a 
participant for each smile video; I refer to these as extracted features. The six temporal 
features include mean and standard deviations of the normalized signals, means of the 
absolute values of the first and second differences of the normalized signals and the filtered 
signals. I computed spectral mean as an additional feature using Welch power spectrum 
density to find the frequency contents in that signal. Finally, there are 7 extracted features for 
a smile video and 35 extracted feature for each of the posed smile and real smile videos for a 
particular participant. During training, only 630 features (10 smile videos x 7 features x 9 
participants; i.e., from the other 9 participants) are used, with 70 for testing. 

 
In this context, a number of feature selection methods are applied to find important 

and informative features by removing unreliable and noisy features, such as Mutual 
Information (MI), Statistical Dependency (SD), Random Subset Feature Selection (RSFS), 
Sequential Forward Selection (SFS), and Sequential Floating Forward Selection (SFFS) from 
recorded and extracted features respectively [174]. Three classifiers (KNN = K-nearest 
Neighbour, SVM = Support Vector Machine, and NN = Neural Network) are implemented to 
compute the classification performance on data from one participant, while the features from 
other participants are used to train the classifier. Thus, a leave-one-participant-out approach is 
performed and results are reported as average values over all participants.  A sketch of the 
process is shown in Figure 6.11. 
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Figure 6.11: Research methodology. FS = Feature Selection, MI = Mutual Information, SD = 
Statistical Dependency, RSFS = Random Subset Feature Selection, SFS = Sequential 
Forward Selection, SFFS = Sequential Floating Forward Selection, KNN = K-nearest 
Neighbours, SVM = Support Vector Machine, and NN = Neural Network. 
  

In the case of MI and SD, 12 quantization labels are used to select features. Also, the 
unweighted average recall (UAR) performance criterion and KNN classifier are implemented 
for relevance update and measuring scores, respectively, in the case of RSFS, SFS and SFFS. 
I used the feature selection code only on training features (i.e. on nine participants’ data) by 
default KNN classifier as in [174], with 10 fold cross validation to compute the scores of the 
features. The final feature set is formed by those features that commonly score higher in the 
maximum number of folded outcomes.  
 
6.4.2. Results and Discussion 
 

The performance of five feature selection methods on discriminating real and posed 
smiles are evaluated with three classifiers, each predicting two classes (real and posed smile), 
being k-nearest neighbour (KNN), support vector machine (SVM) and simple neural network 
(NN). The performance parameters are: 3 nearest neighbours; least square method with 
quadratic kernel function; scaled conjugate gradient training function with mean square error 
performance function; and 5 hidden nodes, for KNN, SVM and NN respectively. The 
program is performed with an Intel(R) Core™ i5-5200U with 2.20 GHz, 8.00 GB of RAM, 
Operating System 64-bit computer using MATLAB platform. A leave-one-participant-out 
approach is implemented to test the classification performance. The features of one 
participant are taken as a test set and rest of the participants’ features are used to train the 
classifier. To remove the effect of biasing on test set, features are selected from training sets 
only. This process is repeated for each participant. For that reason, the number of selected 
features is varied according to participants as shown in Table 6.4. It is notable from Table 
6.4, that a higher percentage of features are selected in the case of extracted features 
(example - 10 out of 35, 28% selected) than recorded features (example - 36.3 out of 500, 7% 
selected). 
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Table 6.4:  Number of selected features for each test participant 

Test 
Participant  

Extracted Features (EF) Recorded Features (RF) 
MI SD RSFS SFS SFFS MI SD RSFS SFS SFFS 

P01 10 10 8 3 3 50 20 34 4 4 
P02 10 10 11 2 2 32 50 18 4 6 
P03 10 10 6 3 3 34 34 26 2 4 
P04 10 10 11 3 5 50 50 12 4 5 
P05 10 10 11 2 3 9 9 62 3 5 
P06 10 10 8 3 3 32 32 25 6 8 
P07 10 10 9 3 4 38 38 10 4 5 
P08 10 10 11 4 3 50 50 30 4 5 
P09 10 10 11 5 5 34 34 11 6 7 
P10 10 10 9 3 6 34 34 26 4 4 

Average 10 10 9.5 3.1 3.7 36.3 35.1 25.4 4.1 5.3 
 

The average classification accuracies over participants are reported in Figure 6.12. 
The error bars represent standard deviation. It can be seen that KNN shows higher accuracies 
in the case of recorded features than extracted features, and the opposite case is true for SVM 
and NN. It has also been observed that KNN shows higher accuracies for recorded features 
than SVM and vice versa for extracted features. This may depend on parameter tuning. I also 
check that accuracies are increased with decreasing ‘k’ values of KNN and vice versa. If k=1, 
then accuracies are increased about 5%. On the other hand, accuracies are decreased about 8-
10% for linear kernel of SVM instead of quadratic kernel. 
 

 
Figure 6.12: Average classification accuracies over participants, RF=Recorded Features & 
EF=Extracted Features. 
 

It can be observed from Figure 6.12 that GSR is an effective physiological signal for 
discriminating between real and posed smiles where accuracy is found as high as 96.5%. In 
this case, NN and RSFS are the dominant classifier and feature selection method, 
respectively, when compared to other approaches. It is also observed that NN takes a long 
time (2.1 sec to 3.4 sec) to compute accuracy, compared to SVM (about 0.24 sec) and KNN 
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(0.09 sec to 0.1 sec). On the other hand, RSFS is costly compared to other feature selection 
methods as shown in Table 6.5. 
 

Table 6.5:  Elapsed time (in sec) during feature selection 
 MI SD RSFS SFS SFFS 

RF 0.6127 0.0577 10.8268 9.3705 9.3926 
EF 0.0124 0.0122 03.5272 0.5176 0.5565 

 
It is hard to compare these results with others in the literature. This is because, to the 

best of my knowledge, no previous research reports participants’ GSR signals (or other 
physiological signal) being used to discriminate between observed real and posed smiles. 
Palanisamy et al [209] used GSR and other physiological signals for stress identification and 
showed that probabilistic neural networks and KNN were 70.0% and 70.8% correct 
respectively using only the GSR signal. Guo et al [120] used SFFS based GSR features to 
recognize four emotions using KNN and found a 79.5% accuracy. Shangguan et al [210] 
employed a curve fitting model and found correct-recognition rate up to 91.4%. Sharma and 
Gedeon [211] used physiological signals to predict stress with a 90% accuracy. These 
outcomes are not directly comparable with these results due to different scenarios; 
nevertheless my result % numbers are higher, even though I am arguably solving a harder 
smile recognition problem, measuring effects on the observer and not the displayer of the 
smile. 
 
6.5  Summary  

In this chapter, I experimentally evaluated physiological signals to locate more 
dominant features for discriminating real and posed/ acted smiles from observers of the 
smiles. The original physiological signals are smoothed and de-noised; features are extracted 
and selected, and normalization is applied to reduce the participant-dependency.  

Firstly, pupillary responses, from 10 participants (6 males and 4 females), are 
analysed, while watching 9 real smile videos and 10 acted smile videos. The preliminary 
analysis on pupil data revealed that the pupil size increased significantly more for acted 
smiles as compared to real smiles in the case of male participants, and vice versa in the case 
of female participants. If we consider acted smiles as negative emotions and real smiles as 
positive emotions, then this outcome may be comparable with previous findings on pupil 
dilation. These results show that analysing pupillary responses may help to understand 
other’s actual state of mind.  
 

Secondly, the recorded features from pupillary responses and GSR signals are 
investigated, along with participant’s judgements via a Likert scale, to discriminate between 
real and acted smiles. In this connection, the highest classification accuracy is reported as a 
97.8% by analysing 450 features of LEPD. The participants were only 52.7% (on average) to 
68.4% (by voting) accurate according to their self-report. The result of 52.7% accuracy in 
conscious (self-report) discrimination of smile genuineness seems too low to be plausible 
given how important smiles are for humans, though perhaps people are only accurate in 
groups, with 20 subjects being about 15% better as a group. A result of 97.8% from pupillary 
response suggests that at non-conscious levels we are very good at detecting genuine smiles, 
perhaps reflecting the fact that this identification can feed into emotional responses to others, 
and perhaps even that there is a benefit to a relatively low level of conscious identification of 
genuine smiles – it may be important in social interactions to be able to accept smiles or other 
expressions at ‘face value’, consciously.  
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Finally, I investigate both recorded and extracted features to compute classification 

accuracies using KNN, SVM and NN from 10 participants’ GSR signals. Various feature 
selection methods and their outcomes are investigated. I found that simple neural network 
using random subset feature selection based on extracted features outperforms all other cases, 
with a 96.5% classification accuracy on two classes of smiles (real vs. posed). I also reported 
that recorded features take longer execution time compared to extracted features. In this 
respect, I consider extracted features from observers’ physiological signals to distinguish 
between real and posed smiles in the next chapter.  
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Chapter 7 - Distinguishing between Real and Posed Smiles: Computational 
Approaches 

 
To find the genuineness of a human facial expression is an important research topic in 

affective and human centred computing. In this chapter, an observer’s physiological signals 
are analysed to distinguish smilers’ genuine from posed smiles. Training classifiers on 
physiological signals has challenges beyond more traditional datasets, as the training data 
includes data points which are not independent. Most obviously, more than one sample can 
come from a particular human subject. Standard cross-validation as implemented in many AI 
tools gives artificially high results, as the common human subject is not considered. This is 
handled by some papers in the literature, by using leave-one-subject-out cross-validation. I 
argue that this is not sufficient, and introduce an independent approach, which is leave-one-
subject-one-video-out cross-validation. I demonstrate this approach using KNN, SVM and 
NN classifiers and their ensemble, using an extended example of physiological recordings 
from subjects observing real versus posed smiles. Before that I extracted a number of 
temporal features from the recorded physiological signals after a few processing steps. 
Overall, I collected thirty smile videos from four benchmark databases and classified them as 
genuine/posed (evenly divided between genuine and posed) smiles. Overall, forty observers 
(participants) viewed the videos. I generally recorded four physiological signals: pupillary 
response (PR), electrocardiogram (ECG), galvanic skin response (GSR), and blood volume 
pulse (BVP). .  
 
7.1. Experimental Overview 
 

In this chapter, I consider two experiments (E3 and E4) where I recorded four 
physiological signals (PR, ECG, GSR, and BVP) from 24 participants in E3 and two 
physiological signals (PR and BVP) from 16 new participants in E4. In respect to applied 
approaches to analyse physiological data, I divided these studies into three sections, namely 
Case Study I, Case Study II, and Case Study III. In Case Study I, I use leave-one-video-out 
approach to compute classification performances, from PR, BVP, and GSR features, using k-
nearest neighbours (KNN), support vector machine (SVM), and neural network (NN) 
classifiers. In Case Study II, I employ leave-one-participant-out approach and CCA 
(canonical correlation analysis with neural network) Network to compute classification 
accuracies, from PR, ECG, GSR, and BVP features, using KNN, SVM, RVM (relevance 
vector machine), NN, and ensemble classifiers. In Case Study III, I consider an innovative 
Independent Approach (leave-one-video-one-participant-out) to compute classification 
performances, from PR, GSR, and BVP features, using KNN, SVM, NN, and ensemble 
classifiers. It is worth mentioning that the data recorded from E4 is used only in Case Study II 
to verify the results from E3. The general working procedure is illustrated in Figure 7.1, 
including smile video collection, observers’ peripheral physiology recording, signal 
processing, feature extraction, and classification. The details are as follows. 
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Figure 7.1: The general experimental framework  
 
7.1.1. Smile Videos 
 

The smile videos were selected at random from four databases for E3 (please see 
Table 7.1): UvA-NEMO [67], MAHNOB [12], MMI [154], and CK+ [157],. To maintain 
symmetries between genuine/real and posed smiles, I collected five smile videos from each 
database. Real smiles were collected from NEMO and MAHNOB databases where 
participants’ smiles were elicited by showing a sequence of funny or otherwise pleasant video 
clips. Posed smiles videos were collected from MMI and CK+ databases where participants 
were asked to perform and/ or instructed by an expert to display a smile. 

 
Table 7.1: Smile videos used in E3 

Sl. Source Category Name 
01  

 
UvA-NEMO [67] 

 
 
 
 
 

Real 

SN0021 
02 SN0031 
03 SN0181 
04 SN0202 
05 SN0692 
06  

 
MAHNOB [12] 

H0132 
07 H0392 
08 H0916 
09 H1730 
10 H3020 
11  

 
MMI [154] 

 
 
 

M3007 
12 M3208  
13 M3306 

 

Smiler 

Facial Expression Datasets 

Collecting & Processing 

Observer 

Accuracy 

Physiological Signals 

Signal Processing 

Feature Extraction 

Verbal Response 

Classification 
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14  
 

Posed 

M3404 
15 M4707 
16  

 
CK+ [157] 

C0223  
17 C0541 
18 C0772 
19 C1041 
20 C1182 

 
The collected smile samples were not in the same format, colour, or duration, so we 

made them as similar as possible. This was done because the samples of CK+ were available 
as a sequence of frames, whereas the others were videos but of different lengths. The 
MATLAB platform was employed to convert them to mp4 format, grey scale, and duration of 
5 seconds each. Firstly, frames from each video were extracted (if required). Secondly, every 
frame of each sample was resized maintaining its aspect ratio, and then cropped to make all 
frames uniform in size. Thirdly, the face portions were masked out so that observers can only 
view the smiling faces and not any backgrounds, and other portions were made black within a 
frame with aspect ratio 4:3 (Height = 336 pixel, Width = 448 pixel) and resolution of 72 dpi. 
Finally, the processed frames of each sample were converted back into video samples while 
normalising them for luminance (128 ALU (Arbitrary Linear Unit)) and contrast (32 ALU) 
[127]. The videos were used as stimuli to record physiological signals and self-report (verbal 
responses to questions) from each observer. In this case, I chose the stimulus length of each 
video to be 5 sec long, adjusted if required by controlling the frame rates of the videos. I 
chose 4 databases to avoid database specific results. Note that NEMO and CK+ databases 
contain both real and posed smiles where MAHNOB contains only real smiles and MMI 
contains only posed smiles. I have then masked and otherwise controlled for illumination and 
other properties, so that they are all very similar in appearance.  
 

In E4, to demonstrate that using multiple databases did not introduce some spurious 
bias, I recorded and analysed BVP and PR signals from 16 new observers by showing 5 real 
and 5 posed smile videos, collected from the UvA-NEMO database [67], (videos used: 
DN5312, DN5422, DN5592, DN5621, DN5642, SN0021, SN0031, SN0181, SN0202, 
SN0692). I did not use any pre-processing steps on smile videos in this case, as the videos in 
a single dataset are the same, but following similar procedures to collect verbal responses, 
BVP and PR signals as in E3. 
 
7.1.2. Participants 
 

Twenty-four participants took part in E3, with a mean age of	30.7 ± 6.0	(mean ±std. ) years. The relevant information sheet and other documents are provided in Appendix 
D. In E4, 16 new participants participated as observers who gained course credit for their 
participations, age = 21.4 ± 2.8 years. The relevant information sheet and other documents 
are provided in Appendix E. All observers had normal or corrected to normal vision and 
provided written consent prior to their voluntary participation. The experiment was approved 
by the Australian National University’s Human Research Ethics Committee. 
 
7.1.3. Experiment Instructions  
 

In order to distinguish between real and posed smiles, a structured experiment was 
implemented to record and evaluate the observers’ judgements and physiological signals. In 
E3, I collected four physiological signals of each observer during smile videos observation. 
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ECG was recorded using Neulog sensors [160], at a sampling rate of 10 Hz, from the wrists 
of both hand and elbow of the left arm, according to the device specifications. GSR signals 
were recorded using Neulog sensors [160], at a sampling rate of 10 Hz, from the index and 
middle finger of the left hand, as well as using an Empatica wristband [161], at a sampling 
rate of 4 Hz, from the wrist of the left arm. BVP was recorded using an Empatica wristband 
[161] on the wrist of the left arm at a sampling rate of 64 Hz. The sensors were attached in 
the specified location according to the manufacturer’s suggestions. Eye activities were 
recorded using The Eye Tribe [112] remote eye-tracker system with a sampling rate of 60 Hz. 
In E4, BVP and eye activities were recorded using an Empatica wristband [161] and The Eye 
Tribe [112] remote eye-tracker system respectively. The BVP was recorded from the wrist of 
the left arm at a sampling rate of 64 Hz and the eye activities were recorded with a sampling 
rate of 60 Hz. 
 

Upon arrival at the laboratory, each observer was asked to sign the consent form and 
seated on a static chair, facing a 15.6 inch ASUS laptop in a sound-attenuated, dimly lit, 
closed room. Sensors were attached to measure their ECG, GSR, and BVP signals. Their 
chairs were moved forward or backwards to adjust the distance between the chair and eye 
tracker. A spot was displayed on the monitor, and observers asked to track it at first, for 
calibrating the eye tracker. Observers were instructed to limit their body movements in order 
to reduce undesired artefacts in the signals. Observers were given a brief introduction to the 
experimental procedure before starting the experiment, and after attaching the sensors and 
calibrating the eye tribe.  

 
During the experiment, all observers used their right hand for moving the mouse or 

typing. The smile videos were presented to the observers in an order balanced way to avoid 
any order effects. Thus the positioning of each smiler’s video, near the beginning/middle/end 
of the experiment, is different for each observer. At the end of each smile video, the observer 
was asked to answer the four questions as listed in Table 7.2 (Q1 - Q4), to indicate whether 
they judged the smile to be a real or posed smile (a single smile was viewed at a time). The 
total duration of the experiment was around 10 minutes. After completing the experiment, the 
sensors were removed, and the observers were thanked for their participation. 

 
Table 7.2: Questions to Accumulate Observer’s Verbal Response 

Q1. How did this smile look to you? 
a) Fake (Posed/ Acted) 
b) Real (Spontaneous/ Genuine) 

Q2. How do you rate your confidence level? 
a) 60% or less 
b) 70% 
c) 80% 
d) 90% or 
e) 100% 

Q3. Do you recognise the person in the video? 
a) Yes 
b) No 

Q4. If yes (recognised), did this affect your decision? 
a) Yes 
b) No 
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In all cases, the answer to question 3 was ‘No’. Question 2 was used to measure 
observer’s confidence level. In this thesis, I was concerned about observer’s response rate in 
recognising real and posed smiles. If someone selects a smile as real smile, then s/he is more 
positive to select that smile as a real than posed. Thus, confidence level does not effect his/ 
her verbal response rate. For this reason, I have just used the response to question 1 for 
computing verbal responses.  
 
7.1.4. Signal Processing 
 

Four data sets were made from observers’ recorded physiological signals, namely PR, 
BVP, GSR, and ECG. To create these data sets, observers’ physiological signals related to 
smile videos were separated for each observer excluding physiological responses incidentally 
recorded while the observers were answering the questions in Table 7.2.  

 
Due to human nature, the pre-processed physiological signals vary differently for 

different observers. For example, pupillary response varied from around 15mm to 22mm for 
O1 (Observer 1) whereas it ranged from 14mm to 26mm for O2. To reduce differences 
between observers, the pre-processed signals are normalized to (0, 1) by dividing by the 
particular observer’s maximum value for that observer’s particular physiological signal. So 
the values for each video reflect the degree of reaction, and the minimum and maximum are 
likely to come from different videos viewed by the same observer. Before normalising, data 
were kept in the positive axis by changing their dc label.  

 
Generally, physiological signals are affected by small signal fluctuations due to the 

nature of human bodies, physical movements and so on. To remove undesired noise from 
normalised physiological signals, a number of processing steps were applied. Baseline drift 
was removed from normalized ECG signals and a 0.5 Hz high pass filter (5 point moving 
window average) was applied for smoothing and filtering purposes [91]. A low-pass 
Butterworth filter (order = 6, normalized cut-off frequency = 0.5) is applied to smooth the 
GSR and BVP signals [163]. In the case of eye pupil data, samples where the pupil was 
obscured due to blinking were measured as zero by the eye tracking system, and cubic 
spline interpolation was applied to reconstruct the pupil size [168]. Then, a 10-point Hann 
moving window average was used to smooth the pupil signal [169]. According to Pamplona 
et al. [170], the pupillary response varies due to effects caused by lighting, and the 
pupillary light reflex magnitude changes between different people. Principal component 
analysis (PCA) had been shown to be effective in separating the effect of changes in 
luminance from stimulus relevance [114]. This was applied here by subtracting the first 
principal component from the normalized and smoothed pupil data [8]. This procedure was 
applied on both eyes’ data separately, and then averaged to find a single pupillary response 
signal for a specific observer. 
 
7.1.5. Feature Extraction 
 

Six temporal features, including amplitude (mean, maximum, minimum), standard 
deviation, means of the absolute values of the first and second derivatives of the processed 
signals, were extracted from each stimulus related physiological signal. These features are 
very easy to compute and also cover the typical range, gradient and variation of the signals 
[166]. I computed these features from the first 4.5 seconds of a stimulus relevant 
physiological signal, instead of over 5 seconds. This is because a high peak is found for most 
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of the PR signal as shown in Figure 7.2. This seemed to reflect the observers’ arousal being 
high at the end of a smile when they were presumably distinguishing real from posed smiles.  
 

 
Figure 7.2: Average pupillary response timelines over smile videos for an observer 

 
7.1.6. Feature Selection 
 
Feature selection is an important method that reduces large numbers of features by discarding 
unreliable, redundant, and noisy features, while still achieving comparable, even better 
performance [166]. In this case I explored a correlation method, named Canonical Correlation 
Analysis with Neural Network (CCA Network), to find an optimal feature set [128]. As 
features for real versus posed smiles were extracted from the physiological signals of the 
same observers, there is likely to be an underlying correlation between features of real smiles 
and features of posed smiles. But I believe that there would also be a number of uncorrelated 
or less correlated features, because observers’ physiological behaviour may be different when 
they were watching real smile stimuli from when they were watching posed smile stimuli. As 
an example, the pupil data follows a common trend for each stimulus. Figure 2 illustrates that 
pupil constricted from stimulus onset until reaching in a minimum value, and then a sharp 
dilation started and continued until reaching a maximum value. After that point, there were 
different trends seen according to whether real or posed smile stimuli were being watched. 
For this purpose, I employed the CCA Network to find minimally correlated feature sets 
between real and posed smiles. The following joint learning rules (eq. 1 to 3) were 
considered, where V, W, T, �, O, ? and @, @A		represent observer index, feature index, weight, 
input features, output features, Lagrange multipliers, and constant learning rates respectively. 
Initially ? � 0.15, @ � 0.01, 
��	@A	 � 0.5	were chosen and, then weights and Lagrange 
multipliers were updated according to eq. 2 and 3. Eq. 1 is a weighted sum over all features 
of an observer [128].  
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(1) 

 

(2) 
 

(3) 

 
7.2. Case Study I  
 

In this study, I applied leave-one-video-out approach [212] on extracted features 
considering E3, and did not apply any feature selection technique. Thus, there are 120 
extracted features (20 videos x 6 features) for an observer and a total of 2,880 features for all 
24 observers. During training, 2,736 features (24 observers x 6 features x 19 videos) are used, 
with 144 (24 observers x 6 features x 1 video) left out/reserved for testing. This leave-one-
video out means classifiers has seen no physiological signals from any observers on that 
video. The results are thus video independent (please see subsection 4.9.2 for more details). 

 
7.2.1. Average Timeline Analysis  
 

The average timeline analysis of each physiological signal exposed a common trend. 
The skin response started increasing from onset till maximum at 1 - 1.5 sec and then 
decreased to a minimum at 1.5 – 2 sec. After that, the average GSR signal deviated in 0.55 - 
0.6 normalized amplitudes. Figure 7.3 illustrates the time point average of the GSR signal 
over all observers when watching real and posed smile videos. GSR signals are recorded at a 
sampling rate of 4 Hz, using an Empatica wristband [161]. Note that the trends are different 
according to real smile or posed smile observation, where posed smile shows higher 
amplitudes compared to real smile observation. Two-sample Kolmogorov-Smirnov (K-S) test 
[172] show that average GSR signals differed significantly for posed smile observation 
compared to real smile observation (p=0.0026). 
 

 
Figure 7.3: Average GSR signal timelines for smilers’ videos over all observers. 

 
     The average timeline variation between real and posed smiles observation for 
pupillary response is shown in Figure 7.4. It reveals that pupils constricted from the onset and 
reached a minimum at 0.5 – 1 sec, after which dilation started and continued till the 
maximum in a zigzag fashion. Although real and posed smiles follow roughly similar trends, 
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the amplitude is slightly higher for posed smile observation compared to real smile 
observation. The K-S test shows that average pupillary response is higher for posed smile 
observation than real smile observation (p=0.0015).  
 

 
Figure 7.4: Average PR signal timelines for smilers’ videos over all observers. 

 
The average timeline analysis of BVP signal is somewhat different, where amplitude 

variation for real smile observation is less compared to posed smile observation (Figure 7.5). 
This signal also differed significantly between real and posed smiles observation according to 
K-S test (p=0.0122).  
 

 
Figure 7.5: Average BVP signal timelines for smilers’ videos over all observers. 

 
The visual inspection of observers’ peripheral physiological signals suggest that 

higher amplitudes (for PR and GSR) or higher amplitude variations (for BVP) are found in 
response to posed smile observation compared to real smile observation. This may be because 
observers are more confused during posed smiles observation (if posed smiles take some 
effort to differentiate from real smiles), and that is reflected by their peripheral physiology. 
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7.2.2. Classification and Discussion  
 

The observed smiles are classified into two classes, namely real smile and posed 
smile. The methods we used for smile classification are k-nearest neighbour (KNN), support 
vector machine (SVM), neural network (NN), and an ensemble aggregating the decision of 
these three classifiers. The performance parameters are 3 nearest neighbours, Gaussian radial 
basis kernel function with a scaling factor of 0.5, scaled conjugate gradient training function 
with 5 hidden nodes, and mean square performance function for KNN, SVM, NN, and 
ensemble classifiers respectively. The program is run on an Intel(R) Core™ i7-4790 CPU 
with 3.60 GHz, 16.00 GB of RAM, Operating System 64-bit computer using MATLAB 
R2015b. The classification accuracies are computed using leave-one-video-out approach, and 
so averaged over 20 runs. The features of one smiler’s video are taken as a test set and the 
rest of the features are used to train the classifier. This process is repeated for each video, and 
average accuracies over all videos are reported. The classification performances over the 
videos are explored in Figure 7.6. The error bars represent standard deviation.  
 

 
Figure 7.6: Average classification accuracies for all observers over the smile videos. 

 
It is clear from Figure 7.6 that higher accuracies with lower standard deviations are 

found from the ensemble classifier (mean value over three base classifiers), when compared 
to the other classifiers, with the highest accuracy of 93.7 % (±0.5) for PR features. On the 
other hand, observers on average are only 59.0% correct in verbal (classification) responses, 
with chance being 50%.  
 

In the literature, Frank et al [7] and Hoque et al [6] found that observers were 56.0% 
and 69.0% correct respectively at classifying real and posed smiles in their experiments, 
which is overall similar to the above my result. Subsequently, researchers [3, 69] employed 
their own computational techniques, analysing smiler’s images/videos directly (rather than 
using data from an observer). As an example, they found classification accuracies of 91.7% 
[69], 92.9% [3], and 93.0% [180] according to their computations. These results are 
comparable to mine, but from analysis of smilers’ images/videos directly, while my results 
are from the observers’ reactions to the videos. My technique does not require specific 
computer code built on properties of smiles. Instead I have developed a process to analyse 
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patterns of changes of physiological signals via machine learning, which not only applies to 
smiles but also can be applied to other facial expressions. The observers’ verbal responses is 
either negatively or only slightly correlated with classifiers’ accuracies as shown in Figure 
7.7, indicating that better verbal responses did not consistently imply better results from the 
physiological signals.    

 
Figure 7.7: Correlation between observers’ verbal responses and classifiers’ accuracies.   

 
In this context, there are many benefits for the use of peripheral physiology, because 

these provide spontaneous and non-conscious outcomes that cannot be controlled voluntarily. 
On the other hand, observable facial expression could be exaggerated, masked, inhibited, and 
faked [25]. From the experimental analysis, I can infer that the observers’ time domain 
features contain sufficient information to reliably classify smilers’ affective states into real 
smile and posed smile categories. 
 
7.3. Case Study II  
 

In this study, I employ the leave-one-participant-out approach [213] (please see 
subsection 4.9.1 for more details) using two class classifiers to compute classification 
performance on distinguishing real from posed smiles. I use k-nearest neighbour (KNN), 
relevance vector machine (RVM), support vector machine (SVM), neural network (NN), and 
an ensemble over the decisions of these four classifiers. The performance parameters are: 5 
nearest neighbours, Gaussian kernel, linear kernel, scaled conjugate gradient training function 
with 10 hidden nodes, and mean square performance function for KNN, RVM, SVM, NN, 
and ensemble classifiers respectively.  The classification tasks are performed with an Intel(R) 
Core™ i5-5200U with 2.20 GHz, 8.00 GB of RAM, Windows 8.1 Operating System 64-bit 
computer using MATLAB. The features of one observer are omitted and reserved as a test set 
and the rest of the observers’ features are used for pre-processing of the training and test set, 
and then to train the classifier. To remove any effect of bias on the test set, features are 
selected from correlation analysis on the training set only. This procedure is repeated for each 
observer, and average accuracies over all observers are reported. The statistical significance 
of observer data (between real smile stimuli data and posed smile stimuli data) is tested using 
two-sample Kolmogorov-Smirnov (K-S) test [172]. In a post-hoc analysis, a two-tailed 
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permutation test is performed to find the time points where physiological signals significantly 
differ over all observers, according to computed p values [173].  
 
7.3.1. Experiment 3 (E3) 
 

According to the K-S test, individual observers’ real smile stimuli significantly differ 
from posed smile stimuli considering PR (p<0.05 for all observers), BVP (p<0.1 for O1 & 
p<0.05 for others), GSR (not significant for O5, O7, O12, O15 & p<0.05 for others), and 
ECG (not significant for 10 observers & p<0.05 for others) where ‘O’ denotes an observer. 
The permutation test finds significant results (p≤0.05) for a minimum of 14 observers and 
various significant time points according to the specific physiological signal considered. In 
the case of PR, mostly lower p values (p≤0.05) were found between 0.02 sec to 0.79 sec, and 
7 more segments finishing with 4.34 sec to 4.40 sec. On the other hand, mostly lower p 
values (p≤0.05) were found in 2.03 sec - 2.08 sec, and 2.74 sec - 2.78 sec, 3.42 sec - 4.12 sec, 
and at time 3.12 sec for BVP, and GSR, and ECG respectively. 
 

Due to higher numbers of significant results from PR than the other physiological 
signals, it is used to find the best feature sets, as well as the minimum number of observers to 
reach best accuracies. Figure 7.8 shows the classification accuracies of PR with the variation 
of number of selected features over all observers, reported from the RVM classifier. In total, 
2,880 PR features (20 stimuli x 6 features x 24 observers) are extracted from all posed smile 
stimuli and all real smile stimuli. Thus, there were overall 60 extracted features for each kind 
of stimuli (either real or posed) for a particular observer. I employ the CCA Network on the 
extracted feature set to find minimally correlated feature sets according to the RVM 
classification accuracy. It can be seen from Figure 7.8 that higher accuracies (over 95%) are 
found for 20 and 30 selected features.   
   

 
Figure 7.8: Variation of accuracies with the number of selected features over all observers 

 
According to the CCA Network, minimally correlated features were gradients of the 

signals, followed by variation and range-like characteristics. Mainly, most minimally 
correlated features are selected from the means of the absolute values of the first differences 
(1D) followed by standard deviations (Std.) and/or means of the absolute values of the second 
differences (2D), and then amplitudes (minimum (Min) and/or mean followed by maximum 
(Max)). The correlation scores of each PR feature are shown in Figure 7.9. It can be seen in 
Figure 7.9 that half of the features scored under 0.5: those are mainly gradient and variation 
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like characteristics of observers’ physiological signals. Each video has the same number of 
features selected in Figure 7.8; the ordering of features comes from the CCA Network. This 
means that if 30 features are selected for computing classification accuracies, then 30 features 
are chosen from real smiles and 30 features from posed smiles. It does also mean that 30 
features come from 10 real / 10 posed smiles, every 3 features from each real / each posed 
smile video.  
 

 
Figure 7.9: Features’ correlation scores. 

 
I employ the CCA Network to select minimally correlated features in distinguishing 

between real and posed smiles from observers’ four physiological signals using four 
classifiers separately. Finally, an ensemble decision was made from the voting (using the 
mean value over all classifiers) of individual classifiers. In order to avoid any biasing effect 
on the test set during classification, the CCA Network is applied only on the training set. This 
process is repeated for each observer and thus, a leave-one-participant-out approach is 
completed to compute the classification accuracies. In this process, classifiers’ training sets 
are formed from 23 training observers’ selected features for a specific physiological signal.  

 
The test set features are chosen according to the training observers’ features; such as 

in the case of 30 selected features, the CCA Network selects 1D, Std., and 2D (Figure 7.9) for 
the training set and thus, the test set was formed from these features also for that test 
observer. In this way, the physiological signal is recorded when one smile was presented to 
the test observer, and the classifier makes a decision if it is real or posed. Then we move to 
another smile, and the classifier makes a decision. In this way the physiological signals 
recorded for 20 such smiles (10 real and 10 posed presented to the observer in a randomized 
order) are presented to the classifier and 20 such decisions were made. With ‘N’ number of 
correct decisions, the accuracy is �� \ 100�/20 percent for that specific test observer. This 
is repeated for 24 observers, with a new classifier trained for each of the 24 test observers, 
and the final accuracy is averaged over all 24 observers. The average classification accuracies 
over observers are shown in Table 7.3. 
 
 
 



99 
 

 
Table 7.3: Average (Avg.) Accuracies and Standard Deviations (±Std.) Over all Observers 

Signals No. of 

Features 
KNN SVM RVM NN Ensemble 

Avg. Std. Avg. Std. Avg. Std. Avg. Std. Avg. Std. 
 
ECG 

20 79.9 13.6 86.1 09.8 78.2 02.3 69.9 15.0 88.5 05.5 
30 79.7 12.1 91.1 08.4 76.3 01.7 91.0 13.8 91.7 03.9 
40 78.8 11.0 91.0 08.1 75.5 00.9 85.1 13.2 90.8 04.1 

 
BVP 

20 76.6 14.8 85.0 11.2 84.6 10.0 81.7 12.5 90.2 05.9 
30 83.2 13.2 93.6 05.6 86.8 07.0 91.9 06.1 94.5 03.5 
40 82.7 12.3 92.7 02.5 81.6 04.0 90.0 11.7 93.3 03.7 

 
GSR 

20 90.7 06.7 97.1 05.0 75.8 01.3 92.4 10.1 95.7 02.3 
30 95.0 05.1 97.5 00.9 75.0 0.01 94.6 10.4 97.0 01.5 
40 94.5 06.5 97.3 01.1 75.0 0.01 93.5 10.9 96.8 01.7 

 
PR 

20 92.7 03.3 97.0 01.1 97.6 01.8 97.2 01.3 97.7 01.0 
30 97.7 02.1 98.0 01.0 95.8 02.3 98.3 01.3 98.8 00.8 
40 96.1 03.5 97.9 01.1 76.4 00.3 97.5 01.9 97.2 00.9 

 
It can be seen from Table 7.3 that higher accuracies with lower standard deviations 

are found from the ensemble classifier compared to the individual classifiers. It can be seen 
that the best result is from the ensemble results for observers’ PR with 98.8% (±0.8) 
accuracy. Thus, the pupil is a good predictor to distinguish displayers’ real from posed 
smiles, and means that “the eye tells the truth”, or in this case shows true recognition. 
 

I also check the effect of varying the number of observers used in training on 
classification accuracies at distinguishing real from posed smiles. As the number of training 
observers increases, classification accuracy increases for a lower number of observers as 
shown in Figure 7.10. After a certain point, the accuracy does not increase much, here ‘9’ is 
that point. This outcome is reported from PR features and RVM classifier with the leave-one-
participant-out approach. For each test observer, ‘n’, other randomly chosen observers are 
used to train the classifier and this process is repeated 5 times, with the average outcome 
shown in Figure 7.10. 

 
Figure 7.10: Variation of accuracy with increasing number of training observers. 
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In order to be able to compare classifier performance with human judgements, I asked 
each observer for their verbal responses, where the observer gives an opinion on real / posed 
for each specific smile video. The percentage of smile correctly selected by each observer is 
computed, and average correct verbal response over all observers is found to be 59.0%. This 
verbal accuracy improved to 70.0% by voting (50% or more of the observers select a smile 
classification correctly). It can be seen from Figure 7.11 that observers’ physiological based 
temporal features are more accurate (more similar to other observers’ physiological signals) 
than their own verbal responses (self-reports). 
 

 
Figure 7.11: Comparison between physiological based temporal features and self-reports of 
each observer at distinguishing real from posed smiles, here ‘O’ denotes each observer. 
 

I also requested Dr. Hamdi Dibeklioğlu to use his computer vision technique [3] on 
the selected videos, without providing video labels to him. When I analysed his 
classifications, I found that his technique provided 95% correctness over the selected and 
processed smile videos. The comparative results are shown in Table 7.4.  

 
Table 7.4: Comparative Analysis (VR = Verbal 

Response; CV = Computer Vision) 
VR CV [3] ECG BVP GSR PR 
70.0 95.0 91.7 94.5 97.0 98.8 

 
It makes intuitive sense from Table 7.4 that the computational approaches try to use 

all the information available in the image/video, which is the same information available to 
the human observer. A slightly better performance by the human physiological signals could 
be due to greater amount of training available to each human observer from their life prior to 
the experiment. In addition, the human brain is fully wired to understand any changes in 
observing videos that reflects through their physiological signals where computer vision 
(such as deep neural network) is still making progress. Physiology-based method can work on 
smaller datasets where a huge number of specific emotions would be required to train the 
pure pattern recognition methods, for example – to differentiate between real and posed 
smiles – a huge number of, already known, real and posed smiles would be needed to train 
the network. If we need to differentiate among three emotions (ex. happiness, sadness, and 
surprise), then we need a huge number of such known specific emotions to train the network 
whereas human learn from their life that reflects through their physiological signals. Thus, 
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physiology-based methods are different from and have different advantages than pure pattern 
recognition methods. 
 
7.3.2. Experiment 4 (E4) 
 

This experiment is designed and implemented by showing 5 real and 5 posed smile 
videos to a set new observers. The smile videos are collected from a single source, namely 
the UvA-NEMO database [67], to demonstrate that using multiple databases did not 
introduce some spurious bias. I recorded and analysed BVP and PR signals from the new 16 
observers and did not use any pre-processing steps on smile videos as I collected the videos 
from a single database. But I followed similar procedures to collect verbal responses and 
select important features from BVP and PR as I did in E3.  

 
In this case, observers are found 64.4% (on average) to 90% (by voting) correct by 

their verbal responses. It is worth mentioning that this experimental paradigm is different 
from the previous one (observers gained course credit for this study where observers 
participated voluntarily for the previous one), but their average verbal responses of 64.4% are 
quite similar as also reported in [7] and [6]. Using the similar procedures of CCA Network, 
we select 10, 15, and 20 features from each observer’s real/posed smiles’ BVP/PR signals as 
there were in total 30 extracted features for all real or all posed smile videos, for a particular 
observer. The average classification accuracies using a leave-one-participant-out approach 
(like as before) over these new 16 observers were computed and depicted in Table 7.5.  
 

Table 7.5: Average (Avg.) Accuracies and Standard Deviations (±Std.) Over New 16 
Observers on New Sets of Smiles 

Signals No. of 
Features 

KNN SVM RVM NN Ensemble 
Avg. Std. Avg. Std. Avg. Std. Avg. Std. Avg. Std. 

 
BVP 

10 81.6 11.6 82.6 09.5 87.0 06.3 90.2 09.5 91.6 04.2 
15 86.5 11.7 92.4 08.4 92.3 04.4 93.1 03.0 94.2 03.5 
20 81.6 14.7 86.3 09.0 87.8 07.7 86.7 10.5 90.1 05.1 

 
PR 

10 93.2 04.5 97.5 02.3 96.1 02.2 96.5 02.5 97.6 01.5 
15 93.6 03.5 97.7 01.8 97.1 01.7 98.0 02.5 98.5 01.1 
20 91.0 09.7 95.6 02.3 76.8 00.4 95.9 11.5 96.4 02.3 

 
It can be seen from Table 7.5 that the best result (higher accuracy with lower standard 

deviation) is found from the ensemble results for observers’ PR with 98.5% (±01.1) accuracy, 
essentially the same result as found in E3, thus indicating that the results are not due to some 
spurious specific property of the videos or an artefact from the pre-processing but due to their 
content. This is also corroborated by some initial work on anger, showing again a similar 
pattern of results [208] where it is shown that machines can reach a high accuracy in 
differentiating genuine and acted anger using emotion perceivers’ physiological signals. 
There is also evidence that observers’ physiological responses can form or evaluate another’s 
mental state [14], perhaps via an internal mimicry which allows us to judge others’ facial 
expression. The results of the experiment show that it is possible to classify real and posed 
smiles via observers’ innate and non-conscious physiological responses that are controlled by 
automatic nervous system. Again, an important benefit of physiological measurement is that 
it is not easy to control voluntarily and provides spontaneous and non-conscious outcomes. 
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7.4. Case Study III  
 

Training classifiers on physiological signals has challenges beyond more traditional 
datasets, as the training data includes data points which are not independent. Most obviously, 
more than one sample can come from a particular human subject. Standard cross-validation 
as implemented in many AI (Artificial Intelligence) tools gives artificially high results as the 
common human participant is not considered. This is handled by some papers in the 
literature, by using leave-one-participant-out cross-validation. I argue that this is not 
sufficient, and introduce an independent approach, which is leave-one-participant-and-one-
video-out cross-validation. In this study, I demonstrate an approach using KNN, SVM and 
NN classifiers and their ensemble, using an extended example of physiological recordings 
from participants observing real and posed smile videos; collected in E3.  
7.4.1. An Independent Approach (Reprise) 
 

Classification is an important task to classify new instances, and the use of 10 fold 
cross-validation is common. Particularly in the context of data from human measurements, 
leave-one-out cross validation is a useful technique for evaluating the performance of 
classification algorithms, which estimates out of sample predictive accuracy using within-
sample fits. This technique is generally task dependent otherwise it may provide noisy 
outcomes [212] and/or inconsistent accuracies [213]. In this context, I introduce an 
innovative Independent Approach (see Chapter 4), which leaves out training information 
from the test set by discarding both a testing video and one set of participant information 
from the training set.  
 
 This is independent in the sense that the test data is fully free from training data: for 
each test where observer ‘Om’ watches the video of smiler ‘Sn’, the classifier is not 
contaminated by those observers’ physiological features nor is it contaminated by other 
observers’ physiological features while watching that smiler. So, beyond the normal leave-
one-participant-out cross-validation, I am also performing leave-one-smiler-participant-out at 
the same time. I consider this fully independent approach to be necessary to validly conclude 
than a classifier is not contaminated during training. This level of rigor is not matched in the 
literature. For example, suppose I consider the test data of observer 1 (O1) when watching 
smiler n (Sn), then the data of O1 while watching the other smilers’ videos is not used to 
either train or test the classifier as illustrated in Figure 7.12. 
 
 
 
 
 
 
 
 
 
Figure 7.12: An independent approach to compute classification accuracies, S=Smiler, 
O=Observer, n=20 and m=24. One of 437 (i.e. 19x23) training+test sets shown (see also 
Figure 4.14). 
 

In total, there are nxm sets of physiological data, for each of n Smilers, being watched 
by m Observers, i.e. 480 in this case. A smiler independent (leave-one-video-out) process 
would train using n-1 Smiler videos from m Observers, and test using the nth video, 
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repeatedly, so this 19x24 size of training data would be repeated 20 times. An observer 
independent (leave-one-participant-out) process would train using n Smiler videos from m-1 
Observers, and test using the mth observer, repeatedly, so the 20x23 size of training data 
would be repeated 24 times. In this fully Independent Approach, I train using n-1 Smiler 
videos from m-1 Observers, and test using the nth video from the mth observer, repeatedly, so 
the 19x23 size of training data is repeated 480 times. Finally, average accuracies over all 
these executions are reported. This is quite computationally intensive but is as robust as 
possible. In each test, we use data from a subject whose signals have not been seen by the 
trained AI, on a new video – and no participant reaction signals to that video have been seen 
by that trained AI. The only remaining possible effect on training would be if there was some 
similarity in the style or content of the videos. Since the video are sourced from 4 publicly 
available datasets, this is unlikely, leaving only the content similarity in the videos: genuine 
or posed smile stimuli. 

 
7.4.2. Result and Discussion  
 

The observed smiles are classified into two classes, namely real smile and posed smile 
from observers’ peripheral physiological features. The classification accuracies are computed 
using KNN, SVM, NN, and ensemble over the decision of these three classifiers. The 
program is performed with an Intel(R) Core™ i7-4790 CPU with 3.60 GHz, 16.00 GB of 
RAM, Operating System 64-bit computer using MATLAB R2015b. I consider default 
parameter settings in this MATLAB version to be Euclidean distance matrix and 5 nearest 
neighbours for KNN, sequential minimal optimization method and Gaussian radial basis 
kernel function with scaling factor of 1 for SVM, Levenberg-Marquardt training function 
with 10 hidden nodes for NN classifiers respectively. The mean square error performance 
function is used to compute classification accuracies from each classifier.  

 
The feature sets are divided according to the test observer identifications, such as O1, 

O2 all the way to O24. When test observer is O1 and other observers’ (O2 to O24) data is 
used to train the classifiers, we call it O1 and so on. In the similar fashion, test smilers are 
identified by S1, S2 all the way to S20. According to the independent approach, the final 
outcome of O1 is the average value over 20 executions (S1 to S20) for each physiological 
feature set. The outcomes from observer’s PR (Pupillary Response) features are explored in 
Table 7.6.  

Table 7.6: Classification accuracies (%) of 24 observers (individual) at 
distinguishing between real and posed smiles 

 KNN SVM NN Ense
mble 

 KNN SVM NN Ense
mble 

O1 69.6 72.1 77.6 83.2 O13 68.0 73.3 78.1 84.8 
O2 67.6 72.4 69.4 83.2 O14 69.2 72.6 70.5 84.3 
O3 69.4 71.2 75.1 84.1 O15 69.0 71.5 82.9 84.9 
O4 69.0 73.1 76.3 85.1 O16 69.2 72.1 82.0 84.7 
O5 68.7 71.2 74.7 82.9 O17 69.0 74.0 82.9 85.3 
O6 69.2 71.7 73.7 83.5 O18 69.9 70.5 75.6 84.1 
O7 68.5 71.5 76.3 83.6 O19 68.7 71.9 68.3 83.7 
O8 69.2 71.7 79.0 83.8 O20 69.4 71.9 73.3 83.7 
O9 69.0 71.9 72.8 84.0 O21 69.9 71.5 80.1 85.0 
O10 69.0 71.7 76.5 82.5 O22 68.3 71.0 77.9 84.4 
O11 70.3 70.3 71.9 83.3 O23 69.6 71.5 79.0 85.0 
O12 70.3 71.0 76.3 84.4 O24 70.3 72.4 79.7 85.6 
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It is obvious from Table 7.6 that the ensemble classifier shows higher classification 

accuracies compared to other classifiers. The classification accuracies are almost similar for 
each observer at distinguishing between real and posed smiles, with highest of 85.6% for O24 
and lowest of 82.5% for O10. The Table 7.6 depicts the results from PR features. The 
variation of the outcomes changes in a similar fashion, when training and testing with GSR or 
BVP features. The comparative results of GSR, BVP and PR features from ensemble 
classifier using the independent approach are shown in Table 7.7. 
 

Table 7.7: Ensemble classification results for 24 observers 
(individual) 

 GSR BVP PR  GSR BVP PR 
O1 84.5 83.5 83.2 O13 84.9 84.1 84.8 
O2 83.0 84.6 83.2 O14 84.1 83.7 84.3 
O3 85.8 85.1 84.1 O15 83.5 84.5 84.9 
O4 84.5 84.9 85.1 O16 83.3 84.1 84.7 
O5 84.3 83.2 82.9 O17 84.5 85.2 85.3 
O6 84.2 84.0 83.5 O18 85.0 82.7 84.1 
O7 83.2 85.3 83.6 O19 83.4 84.1 83.7 
O8 85.2 85.9 83.8 O20 82.7 83.3 83.7 
O9 82.7 85.1 84.0 O21 85.2 84.4 85.0 
O10 83.8 85.0 82.5 O22 84.0 83.4 84.4 
O11 84.3 85.4 83.3 O23 81.1 84.1 85.0 
O12 83.1 82.5 84.4 O24 85.0 84.2 85.6 

 
There are no big differences among which of the observers’ three peripheral 

physiological features are best to use to distinguish between real and posed smiles as shown 
in Table 7.7. For example, GSR shows highest classification accuracy of 85.2% for O21, 
BVP shows 85.9% for O8 and PR shows 85.6% for O24 respectively, where the lowest 
accuracies of 81.1% for O23, 82.5% for O12, and 82.5% for O10 are found in the case of 
GSR, BVP, and PR features respectively. The average classification accuracies over 
observers are shown in Figure 7.13. Error bars represent standard deviations. 
 

 
Figure 7.13: Average classification accuracies using independent approach. 

 

0

20

40

60

80

100

GSR BVP PR

A
cc

ur
ac

ie
s 

(%
)

KNN SVM NN Ensemble



105 
 

It can be seen from Figure 7.13 that higher accuracies are reported for the ensemble 
classifier, and then for NN, SVM, and KNN classifiers in that order. I also tested two other 
possible approaches, namely leave-one-smiler/video-out (meaning that the classifiers have 
seen no physiological features from any observers on that smiler, i.e. results are smiler 
independent) and leave-one-observer/participant-out (meaning that the classifiers have seen 
no physiological features from any smilers on that observer, i.e. results are observer 
independent). The results of three approaches using ensemble classifier are explored in 
Figure 7.14 where error bars indicate standard deviations. 
 

 
Figure 7.14: Average classification accuracies from ensemble classifier. 

 
It can be seen from Figure 7.14 that higher accuracies of 97.1% is found from PR 

features using the observer independent approach. Although I leave out the data of test 
observer from training, there was information of similar smilers’ videos that were observed 
by the other observers which remained in the training set. In the case of the smiler 
independent approach, higher accuracy of 92.8% is found from PR features where the 
information of similar observers remained in the training data, although data from the test 
smilers’ videos were not used in training when testing the classifiers. On the other hand, the 
independent approach shows a lower accuracy of 84.1% compared to the other two 
approaches, due to the increased robustness of training. When a classifier is tested by a 
dataset and similar data is already given during training, then it obviously will show higher 
accuracies. In the observer independent approach, there is some data in the classifier from 
smile videos during training the classifier. Thus, it is not highly accurate as contaminated by 
information from smile videos. Similarly, in smiler independent approach, classifier is 
contaminated by information from observers. Both of these approaches are dealing with 
biasing data, which is come during training of the classifier and thus, results are not bias free 
and would be less accurate on completely new data. On the other hand, the independent 
approach is trained without any biasing either from observer or from smiler. Thus, the 
outcomes are more accurate and bias free, and the accuracy reported can be expected to hold 
on completely new data. 

 
As smiler independent and observer independent approaches are not bias free, so I 

was more interested in developing and then using the independent approach. To improve the 
classification accuracies using the independent approach, I employed feature level fusion 

GSR BVP PR Fusion
Independent Approach 84 84.3 84.1 96.1
Smiler Independent 91.1 91.2 92.8 93.7
Observer Independent 95 95.4 97.1 97.2
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(merge all features from BVP, GSR, and PR). It does improve the average classification 
accuracy to 96.1% (±0.25) with the ensemble classifier. The same information fusion 
approach has much less benefit on the less robust observer-independent (97.2% ±0.49) and 
smiler-independent (93.7% ±0.82) approaches. The lower smiler-independent result implies 
there is more information in the smilers than in the observers, further suggesting that the 
observer-independent approach is contaminated with this extra information. Our independent 
approach achieves 96.1% without this contamination. In contrast, observers were averagely 
59.0% (±11.13) correct according to their verbal responses. 
 

This system of using observer physiological signals can be applicable in any situation 
to find the genuineness of the smilers’/displayers’ facial behaviours without hassling them. A 
final accuracy of 96.1% from the Independent Approach demonstrated that observers’ 
automatic physiological responses are strong indicators to distinguish between real and posed 
smiles with a significant degree of accuracy.      
 
7.4.3. Comparative Analysis  
 

Past research has considered several computational techniques and observers’ verbal 
responses to distinguish between real and posed facial behaviours. Some of the results for 
comparative accuracies are shown in Table 7.8. I also requested Dr. Dibeklioğlu to use his 
technique [3] on the selected videos (blinded, I did not provide him with labels), and he 
achieved 95% correctness over these smile videos. Noting that his code is highly specialised 
on the basis of the computer vision area and for this purpose, while mine is more general as it 
uses secondary data (physiological signals from observers).  
 

Table 7.8: Comparative Analysis (Various Conditions) 
Method Accuracy (%) 
This study, Physiology,  
Independent Approach 

96.1 

This study, Physiology, Observer 
Independent (leave-one-subject-out) 
Approach 

97.2 

Literature, Verbal Response  
Frank et al. [7] 56.0 
Hoque et al. [6]  69.0 
This study, Verbal Response 59.0 
Literature, Video/Image Analysis  
Hoque et al. [6] 92.3 
Dibeklioglu et al. [67] 90.0 
Cohn & Schmidt [214] 93.0 
Valstar et al. [66] 90.7 
Pfister et al. [68] 80.0 
Michel et al. [61] 94.0 
Gan et al. [69] 91.7 
Gunadi et al. [180] 86.0 
Liu & Wu [70] 85.0 
Rupenga & Vadapalli [72]  93.0 
This study, Video Analysis [3] 95.0 
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The result for verbal responses is within the range reported by others, indicating that 
the behaviour of my observers appears normal, as well as stimuli being normal. Among the 
other results shown, mine is the only one using secondary data (physiological signals from 
observers) rather than primary data (analysis of the video). It makes intuitive sense that the 
observers were using the same data as the video analysis tools, but not obvious that I can then 
deduce a classification from their physiological signals which is among the best results in the 
table. This approach can be applied in any situation to find the genuineness of a smiler’s 
facial behaviours without engaging with them (by, e.g. attaching sensors to the smiler, which 
is not possible with historical data). A final accuracy of 96.1% from the independent 
approach demonstrated that observers’ automatic physiological responses are strong 
indicators in distinguishing between real and posed smiles with a significant degree of 
accuracy. I have also shown the observer independent approach result of 97.2% which 
matches the current standard in the literature for human experiments of leave-one-subject out, 
demonstrating that this approach works substantially and significantly better than all the other 
methods, reducing the remaining residual error by 1.0% in a general way using secondary 
physiological data. 
 
7.5. Effect of Parameter Tuning 
 

This section uses a feature level fusion technique of three peripheral physiological 
features from observers, namely pupillary response (PR), blood volume pulse (BVP), and 
galvanic skin response (GSR). The fused data is classified using k-nearest neighbour (KNN), 
support vector machine (SVM), and neural network (NN) classifiers. Many factors can affect 
the results of smile classification, and depend upon the architecture of the classifiers. In this 
case, I varied the K values of KNN, the scaling factors of SVM, and the numbers of hidden 
nodes of NN with other parameters unchanged. The final experimental results from a robust 
independent approach indicate that parameter tuning is a vital factor to find high 
classification accuracy, and that feature level fusion can indicate when more parameter tuning 
is needed. 
 

In this case, there are 360 extracted features (20 videos x 6 features x 3 peripheral 
physiological signals) for an observer (half for posed smile videos and other half for real 
smile videos) and a total of 8,640 features for all 24 observers. I did not consider any features 
in the training set of a test observer that is related to that test observer. For example, suppose 
I consider the test data of observer 1 (O1) when watching the smiler 1, then the data of O1 
while watching the other smilers’ videos is not used to either train or test the classifier. Thus 
there are 18 testing features (1 observer x 6 features x 1 smiler x 3 peripheral physiological 
signals) and 7,986 training features (23 observers x 6 features x 19 smilers x 3 peripheral 
physiological signals) in each execution. Finally, average accuracies over all possible 
executions are reported. This leave-one-observer-and-one-smiler-out process means that 
classifiers have seen no physiological signals from training observers nor from training 
smilers in the test set, results is thus completely independent. 
 
7.5.1. Parameter Tuning  
 

Parameter tuning is found to be vital factor in determining classification accuracies 
using all three of these classifiers. I choose the default Euclidian distance metric for the KNN 
classifier and check the variation of classification accuracies with different K values. The 
results are depicted in Figure 7.15, where error bars indicate standard deviations. It is clear 
from Figure 7.15 that the classification accuracies decrease with increasing K. It is also seen 
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that higher accuracies are found for even values of K compared to odd values of K. A similar 
result was found in the case of a Parkinson dataset [215], possibly this is due to some 
properties of human data in producing decision regions with unusual topologies. 
 

 
Figure 7.15: Variation of accuracies for ‘K’ values of KNN, (Maximum value is 99.8%). 

 
For SVM, the Gaussian radial basis kernel function is used with various scaling 

factors to compute classification accuracies. The variation of average accuracies with scaling 
factors is noticeable and explored in Figure 7.16, where error bars indicate standard 
deviations. The classification accuracies gradually decrease with increasing scaling factors. 
The rate of decrease is higher for the low values of the scaling factor (from 1 to 5), and then 
this rate diminishes. Some research has focused on empirical analysis to find the best fitted 
scaling factors to report best performances from SVM classifier [216].  
 

 
Figure 7.16: Variation of accuracies to scaling factors of SVM, (Maximum value is 99.7%). 

 
In NN, Levenberg-Marquardt training function with various numbers of hidden nodes 

are considered to compute classification accuracies. The variation of average classification 
accuracies with the various numbers of hidden nodes of NN classifier are shown in Figure 
7.17, again error bars indicate standard deviations. 
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Figure 7.17: Variation of accuracies to the no. of hidden nodes of NN, (Maximum value is 

99.6%). 
 

The average classification accuracies are improved with increasing numbers of hidden 
nodes as shown in Figure 7.17. The errors are also seen to decrease with the increasing 
number of hidden nodes according to standard deviation computation. It has been necessary 
to focus on empirical analysis to find the best number of hidden nodes, as I expected and did 
find that the number of hidden nodes affects classification accuracies [217]. I note that the 
results are robust, yet the very high accuracies do require some discussion. I believe that the 
results can be explained in light of Chen et al.’s results in [218] showing highly conserved 
shared structure in neural activity across individuals in a consistent observation task. It was 
observed in that research that individual event patterns are quite similar among people and 
reveal the existence of a common spatial organization for memories and common neural 
patterns across people into shared memory representations for real-life events [218]. My 
work in removing backgrounds, adjusting luminance and contrast, and order balancing of 
tasks has led to a consistent task. The results are also robust as they are leave-one-out of both 
subject and each test video. 
 
7.5.2. Parameter Fusion  
 

I investigate fusion of parameters using a simple ensemble over the decision of the 
above three classifiers (KNN, SVM, and NN) from the three techniques, in four ways. Firstly, 
I examine the effect of fusing the three best values, representing the situation where a 
thorough investigation of parameter values was done, to attempt to further improve the 
results. Secondly, I examine the most perverse setting where I use the worst results and fuse 
them, representing a very naïve user making particularly bad choices. Thirdly, I fuse 
midrange values, representing a naïve user who has expended some effort. Finally, I examine 
some combinations of best / midrange / worst results (see Table 7.9). I note that the robust 
leave-one-of-everything-out approach precludes overfitting, as each observer-stimulus pair is 
used as a test set in different runs. This is admittedly a computationally expensive process for 
robustness. 
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Table 7.9: Accuracies of ensemble classification with different 
combinations of parameters (where k, s, and n are the K values of 

KNN, scaling of SVM, and Nodes of NN) 
 k s n KNN  SVM NN Ensemble 

All best 1 0.1 25 99.8 99.7 99.6 99.6 
All worst 25 10 1 56.7 54.3 59.3 73.7 
All mid 8 2.5 3 78.2 77.5 77.7 87.6 
KNN best 1 10 1 99.8 54.3 59.3 87.1 
KNN mid 8 10 1 78.2 54.3 59.3 80.0 
KNN worst 25 0.1 25 56.7 99.7 99.6 94.6 
SVM best 25 0.1 1 56.7 99.7 59.3 88.1 
SVM mid 25 2.5 1 56.7 77.5 59.3 80.1 
SVM worst 1 10 25 99.8 54.3 99.6 94.5 
NN best 25 10 25 56.7 54.3 99.6 84.6 
NN mid 25 10 3 56.7 54.3 77.7 80.0 
NN worst 1 0.1 1 99.8 99.7 59.3 97.4 

 
It is noticeable from Figure 7.15, Figure 7.16, Figure 7.17, and Table 7.7 that the best 

classification accuracies are found for k = 1 (99.8%), s = 0.1 (99.7%), and n = 25 (99.6%) 
and the worst accuracies are found for k = 25 (56.7%), s = 10 (54.3%), and n = 1 (59.3%). 
For the midrange, I choose accuracies between 75 - 80%. Specifically, I choose k = 8 
(78.2%), s = 2.5 (77.5%), and n = 3 (77.7%). Finally, I fuse the physiological features at 
different combinations of these parameter settings. I find that the ensemble classifier can 
improve the performance (highlighted in Table 7.9) for the worst results, and for 
combinations involving midrange results. I find that the feature level fusion does not improve 
the results when one or more of the best case results are included. 
 
7.6. Summary 
 

In this chapter, I tested three approaches on extracted physiological features while 
watching smile videos. The three approaches are leave-one-video-out (smiler independent), 
leave-one-participant-out (observer independent) and fully independent approach. I have 
overcome the effect of biasing on testing sets from training physiological features using an 
independent approach, which I can describe as leave-one-of-everything-out or leave-one-subject-
and-one-stimulus-out. I considered a number of classifiers to distinguish between real and posed 
smiles from observers’ peripheral physiological features using this independent approach. The 
ensemble classifier performs better than the component classifiers. It provides accuracies of about 
84% from individual physiological features (PR, BVP, or GSR), where the other two commonly 
used approaches, being smiler independent and observer independent, show higher accuracies 
compared to our independent approach. Feature level fusion improves the classification accuracy 
to 96.1% using the ensemble technique, a final result that is comparable with other machine 
learning techniques performed directly on smilers’ images/videos while being more robust and 
unbiased. I also verified that multiple smile sources did not introduce some spurious bias by 
choosing a single source (case study II).  

 
I also investigate the effects of K values, scaling factors, and the number of hidden 

nodes, for KNN, SVM, and NN respectively, to distinguish between real and posed smiles 
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from observers’ peripheral physiological features while other factors remain unchanged. 
From the results of the robust leave-one-out process, I found substantial effects from the 
parameters I considered on the smile classification as real or posed, from observers’ 
physiological features. In this context, this approach can produce excellent results by attaching 
the sensors to an observer instead of the smiler. The final results indicate that smilers leak their 
true internal states through their facial behaviours, because all the participants could see were 
the faces, and accuracy is high. In this regard, an important benefit of physiology 
measurement is that it is not easy for people to control voluntarily and, thus, provides 
spontaneous and non-conscious outcomes that produce the big differences between what 
observers’ say and feel, that is, between what is reported verbally and reflected 
physiologically, respectively. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



112 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



113 
 

Chapter 8 – Conclusion and Future Directions 
 

This chapter concludes the thesis by summarising the major outcomes from the 
research and contributions in measuring participants’ feeling from their physiological 
responses against the research questions identified in Chapter 1. It also provides some future 
directions for research arising from the thesis.  

 
8.1. Conclusions  
 

This thesis has focused on three main phases essential for building a classification 
model to recognise participants’ feelings as expressed through physiological responses while 
viewing visualisations or various smile videos. 

 
Phase I: In this phase, two visualisations (radial and hierarchical) are presented, and I 

asked six very similar questions about each visualisation from the observers, in a setting 
where the correct response rates could not be used to differentiate the visualisations. I 
investigated five parameters (observers’ correct response rate, response time, fixation 
duration, number of fixation, and saccades duration) to differentiate between them.  

 
Individual analysis on each parameter shows that observers’ correct response rates are 

very similar for both cases where two tailed paired sample t-test shows that none of the 
correct response rate, the fixation duration, or saccade duration is able to differentiate 
between these two visualisations. The other parameters, response time and number of 
fixations, are able to differentiate between these two visualisations. This is to be expected in a 
compliance setting, in that the high cost of mistakes leads to behaviour in general such that 
people will make sure they have found the correct answer, so any difference in quality (or 
usability) of the visualisation will show up as time or other behaviours.  

 
I compared two similar visualisations, and demonstrated that as designed, the user 

correct response rates were not able to show any statistically significant differences. I showed 
from eye gaze data that it is still possible to differentiate between these two visualisation 
examples using simple eye gaze metrics. I developed a neural network model to classify these 
two visualisations from participants’ pupillary responses and found that Levenberg-
Marquardt is a better algorithm in this task as compared to other algorithms. Further, I 
demonstrated that the hierarchical visualisation is superior to the radial in this setting, as I 
also showed that users were significantly quicker on the hierarchical visualisation even 
though it was displaying slightly more complex data in graph analysis terms. 

 
Phase II: In this phase, physiological signals were investigated to discriminate real from 

acted smiles, while watching emotion containing smile videos, along with recording the 
observer’s judgements via a Likert scale. It was a challenging task, because the recorded 
physiological signals were highly noisy. Different noise removal techniques with an 
advanced feature selection method were applied and the highest classification accuracy was 
found to be 97.8% by analysing 450 features of left eyes’ pupillary responses. The observers 
were only 52.7% (individually on average) to 68.4% accurate (together by voting) according 
to their verbal responses. These results are in the normal range reported in the literature over 
multiple studies for determining real smiles from surveys. A result of 97.8% from pupillary 
response suggests that at non-conscious levels people are very good at detecting genuine 
smiles, perhaps reflecting the fact that this identification can feed into the emotional 
responses to others, and perhaps even that there is a benefit to a relatively low level of 
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conscious identification of genuine smiles – it may be important in social interactions to be 
able to accept smiles or other expressions at ‘face value’ consciously, while emotionally 
correctly recognising the veracity of the expression.  

 
In this connection, I investigated both recorded and extracted features from 10 

participants’ GSR signal to compute classification accuracies using KNN, SVM and NN. 
Various feature selection methods and their outcomes are also investigated. It was observed 
that NN shows higher accuracies compared to other two classifiers (SVM and KNN). It was 
also found that RSFS shows higher accuracies compared to other four feature selection 
methods (SFS, SFFS, MI, and SD). On the other hand, NN and RSFS are costly compared to 
other techniques. Finally, higher accuracy (96.5%) is found from extracted features using 
RSFS and NN compared to others.  

 
Phase III: In the third phase, I have overcome the effect of biasing on the testing set 

from training physiological features using an independent approach and showed that high 
accuracy results are achievable using a highly robust cross-validation approach. This 
approach is more robust compared to the other two approaches (leave-one-observer-out and 
leave-one-video-out) in the literature, as it does not consider any information from test data in 
the training data. In the leave-one-observer-out approach, training data is free from test 
observer information, but not free from test video information. The converse statement is true 
for the leave-one-video-out approach. On the other hand, my independent approach is totally 
free of such bias. 

 
In addition, I considered four classifiers (KNN, SVM, NN, and their ensemble) to 

distinguish between real and posed smiles from observers’ peripheral physiological features 
using this independent approach. The ensemble classifier performs better than other 
classifiers. It provides accuracies of about 84% from individual physiological features (PR, 
BVP, or GSR), where other two approaches, called smiler independent and observer 
independent, show higher accuracies compared to independent approach. Feature level fusion 
improves the classification accuracy of the independent approach to 96.1%, using ensemble 
technique.  

 
From the results of the robust independent approach, I found substantial effects from 

the parameters I considered on the smile classification as real or posed, from observers’ 
physiological features. I saw that lower K values and scaling factors, and higher numbers of 
hidden nodes were needed to find higher classification accuracies according to the 
architecture of each classifier. I noted that fusing results when optimized parameter values for 
each technique led to no improvement, strongly indicating that the errors made by each 
classifier must be quite similar. Fusing results from cases with less good parameter values led 
to improved classification results. I believe this would be a practical test for naïve users of 
these techniques, to indicate that further parameter tuning should be done. 

 
In Summary, I have produced excellent results by using sensors on the viewer of a 

smile rather than the producer of a smile. This means the results can be extended to historical 
data, and to non-human data, for example to examine the veracity of smiles of virtual avatars 
[219] as it is clear that the brain areas controlling expression recognition and creation interact 
without conscious control [220] hence knowing it is an avatar may not change physiological 
signals caused by the recognition/ creation pathways.  
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In this respect, the results of smile-experiments’ indicated that there is a marked 
difference between verbal reporting and peripheral physiological signals. Final results show 
that participants are verbally 52.7% (on average) to 68.4% (by voting) correct whereas they 
are physiologically 96.1% correct using an independent approach and ensemble technique. 
Even when faces are not involved (E1, visualisation experiment), we can still find this 
difference in accuracy (verbally 81.0% and physiologically 95.8% correct), which can be 
achieved by examining the physiological processes as compared to conscious conclusions. It 
should also be noted that the final accuracy figure obtained from observers’ fused 
physiological features to distinguish smilers’ affective states into real or posed, shows that 
this system could be applicable in many situations, such as patients’ mental state monitoring, 
verifying trustworthiness during questioning, relationship management, and so on.  

 
8.2. Limitations 
 
 Several important challenges remain relevant to this research. One of the strengths of 
the presented work is that I designed the experiment to identify real smiles from posed smiles 
via observers’ physiological signals without manipulating the stimuli material. This suggests 
a general method to evaluate emotions conveyed from stimuli material especially those with 
historical data. It could also allow doctors to better estimate patients’ mental state, if their 
reactions differed from the norm in some clinically relevant manner. In my studies, observers 
were required to sit still in front of a computer screen with limited body movements 
requested. While this allowed me to study the feasibility of the proposed method for genuine 
smiles detection with low noise introduced to the physiological measurements, such 
requirements on body movements are less likely to be possible in realistic environments. 
Therefore, future work should extend to more realistic environments, where observers 
perform daily movements such as gesturing and talking, and even walking. 
 
 In addition, the presented method relies on observers’ physiological signals, which 
may vary due to the observers’ states. For example, there is evidence that observers’ different 
facial expressions can affect their visual input processing and their responses to neutral and 
happy faces are significantly different [221], in my example this would mean a smiling 
observer would have different perceptions than a non-smiling observer. While it remains 
unclear whether or not observers’ facial expressions will affect their physiological signals to 
different types of smiles, future work should be extended to examine how observers’ own 
different facial expressions affect the accuracy of the presented work. This will also make the 
presented work less vulnerable to observers’ individual differences, making it more suitable 
for real life usage. 
 
 The smile stimuli also have some limitations. In the presented work, we masked the 
background for each smile video, with only the faces of smilers shown. While this allowed us 
to study the feasibility of the proposed method with low noise caused by side effects of 
background cues or light intensity effects, it is time consuming and requires a certain amount 
of manipulation of the original stimuli material. Therefore, future work can investigate the 
validity of our methods for stimuli which are not masked and are more general, in realistic 
settings. Besides, the duration of our smile videos is short, only lasting for five to ten 
seconds. This period is just the duration of the smile itself with no pre/post context, being the 
equivalent of the visual masking in a temporal context. It is also worth examining if the 
proposed work can be applied or be improved to recognise genuine smiles in longer 
situations. Further, I compared acted smiles with real smiles in Chapter 6 (Case Studies I & 
II) and rest of the thesis mainly focused on differentiating between real smiles and posed 
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smiles. From the analysis, it was shown that real smiles are quite different from both posed 
and acted smiles, and for generalisation purpose I treated both of them as posed smiles. In 
future, it will good to differentiate between posed and acted smiles as well as between deep 
acted and surface acted smiles.   
 

Another limitation is the number of participants of each experiment. It is very hard to 
find a larger human sample size to participate in each experiment. To the best of our 
knowledge, this is the first work where smiles are detected based on observers’ physiological 
signals – thus, a number of experiments were implemented with different numbers of 
participants in each experiment. In the future, it will be good to consider larger sample sizes 
to demonstrate that this approach works outside the lab context. 

 
Moreover, a number of simple signal processing techniques were considered here, 

such as Hann moving window for pupillary responses, median filtering for galvanic skin 
responses and Butterworth filtering for blood volume pulse with maximal normalisation 
technique. When high volume data will be collected in real world context, the techniques may 
not work (but worth trying). In that context, high dimensional signal processing techniques, 
such as computing wavelet coefficients in the time domain and power spectrum features can 
be a good choice.   

   
I should also consider the limitations on this work of the nature of the data I have 

used. The physiological signals and the time-scales at which I have used them clearly depend 
on fast connections to the autonomic nervous system, and these ‘instinctive’ responses are not 
guaranteed to be correct in real social situations. This means that the next step is not to 
produce a wrist borne device which will tell us “you did feel that was a real smile” as this 
may not work at all in real social situations, and may raise ethical and legal issues. For 
example, is it a breach of privacy if a program (AI algorithm) automatically recognises a 
user’s instinctive reaction – such as, may a police officer or computerized tool makes 
assumptions on suspect’s behaviour or not? Instead, the next step is to investigate with more 
and more real world settings, considering the relevant ethical issues in each setting. 
 
8.3. Future Research  
 

Future research directions have emerged from the work in this thesis, which provides a 
rich base for further research in physiological signal based facial expression detection. A 
number of major research questions for future work are summarised below. Finally, a 
research question that I believe to be particularly interesting and very important to pursue 
(due to the imminence of avatar-mediated computing environments and robotics) is in respect 
of user perceptions of avatar emotional expressions. This question is discussed in section 
8.2.5, and more broadly developed in Appendix A.   
 
8.2.1. Variation of K-values for KNN Classifier  
 

During the course of this research I have noticed a number of interesting aspects that 
bear further investigation. For example, I found in E3 that the classification accuracies are 
different for even and odd values of K when tuning the KNN parameters, possibly due to 
unusual topologies in human data decision regions. It would be good to test this aspect in 
various human emotional conditions in the future.  
 
8.2.2. Relationship between Smilers’ Facial Changes and their own Physiology 
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I achieved good classification accuracies using observers’ physiological responses to 

distinguish between real and posed smiles. It would be good to compute the relationship 
between physiological and verbal responses by considering smilers only, in the future.  
 
8.2.3. Is it possible to design emotion veracity detection tool for interaction?  
 

Interaction with faces expressing emotion is exciting and can focus human attention 
strongly. A face showing emotion both reflects the internal mental state of the displayer of 
the emotion and is arguably also an attempt to influence the internal mental state of the 
observer of the displayed emotion. In my experiments, I found that physiological signals 
recorded via wearable devices could predict the ground truth of veracity of smile better than 
the verbal response of the same individual participants. This is supported by another result for 
anger [208]. 

 
Given the significant differences in behavioural responses expected from the literature 

on happiness and anger, the unexpected similarity of results suggests that this method could 
be used in general for detecting the veracity of many emotions. Even with just happiness and 
anger, one can propose that virtual reality or screen avatars expressing such emotions to 
cajole, brow beat or otherwise inveigle co-operation in settings such as chronic condition 
management or aged care could be improved if we can measure the actual perception of the 
veracity of emotion felt by humans. 
 
8.2.4. Is it possible to design sensing technologies from the care-givers’ peripheral 

physiology to understand patient’s mental state?  
 

Many companies are using sensor technologies on users to understand their 
behaviours, while we are using similar technologies to understand the users’ behaviours from 
observers’ physiology. As an example, there is the Assistive Context Aware Toolkit (ACAT) 
to be configured to support a wider range of disabilities and constraints, which was designed 
for Professor Stephen Hawking to enable him to control his computer and communicate with 
others [222]. So a question arises that is it possible to design similar technologies as 
Professor Hawking’s from the care-givers’ peripheral physiology? Future research could 
include sensor technologies on care-givers to solve such arising questions.  
 
8.2.5. Is that avatar really smiling or faking it?  
 

I ran a preliminary experiment to investigate whether my approach can be used in this 
context. The results were that the majority of avatars were faking it, only one of eight avatars 
were seen to be really smiling, and even then less plausible than most real human smiles. A 
detailed discussion of this preliminary experiment and its results are in Appendix A. Proper 
investigation would be a substantial task, requiring (for example) avatars ranging from the 
obvious cartoon-like avatars from loom.ai [158] to real-time animated from a human face 
[223], and so on. This work is beyond the scope of this thesis, but a major avenue for future 
work. 
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Appendix A: Human and Avatars Smiles 
 
My fifth experiment (E5) was to analyse observers’ verbal responses by comparing 

with other two smile experiments (E2 and E3). In this study I am interested in observers’ 
verbal responses to viewed smilers’ videos, either paired or singly.  

 
When the same smiler was viewed by observers in both real and posed smile forms, I 

report this as “paired”, otherwise we use the term “single”.  
 
It has been suggested that “most fundamental application of affective computing 

would be Human-Computer Interaction (HCI) in which the computer is able to detect and 
track the user’s affective states, and make corresponding feedback” [224]. My work is 
complementary, in assuring human recognition of computer simulated affecting states.   

 
Overall, smilers’ videos were collected from benchmark databases in the literature. 

When the smiles were elicited by showing a sequence of funny or otherwise pleasant video 
clips, we call them real smiles. When participants were asked to perform or instructed to 
display a pleasant smile, we call them posed smiles. The collected smilers’ videos were 
processed using oval masks in my early experiments to keep the face portion only, and 
presented to the observer in an order balanced way to avoid any order effects. All observers 
had normal or corrected to normal vision and provided written consent prior to participation. 
Approval from our University’s Human Research Ethics Committee was received (Appendix 
F). The verbal responses were recorded from observers in four experiments watching smilers 
on the screen (Table A.1). 

 
 Table A.1: Experiment demographics 
  Observers Age 
  Male Female Total Mean ±Std. 
 E2 6 5 11 31.6 5.0 
 E3 18 13 31 28.8 6.8 
 E5(1) 17 14 31 21.9 3.0 
 E5(2) 7 8 15 33.6 4.5 

 
In E2, twenty-four smilers’ videos (9 real, 15 posed) were collected [12, 150, 153, 

154] and presented to the observers. Inspired by E2 [162, 164], E3 used a balanced set of 
videos (10 real and 10 posed) collected from 4 benchmark databases [12, 67, 154, 157]. I 
increased the number of observers from 11 in E1 to 31 in E2, but still find consistent results 
[167]. In E5(1) I used 31 new observers for 5 pairs of smilers’ videos, from the UvA-NEMO 
database [67]. E5(2) used 15 observers on 14 videos: 6 human smile videos from S2 and S3 
and 8 avatar smile videos [158]. The sample frames formatted alike of real, posed, and avatar 
smiles are shown in  

Figure A.1, Figure A.2, and Figure A.3 respectively. 
 
 
 

 
Figure A.1: Sample frames: real smiles in E5 (2) 
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Figure A.2: Sample frames: posed smiles, E5 (2) 
 
 
 
 

Figure A.3: Sample frames: avatar smiles, E5 (2) 
 

Understanding human smiles can effect and facilitate the recognition of the smiler’s 
affective state. Avatar realism is known to affect observer behaviour [225] but smile realism 
has not previously been examined. Each observer is not likely to be equally accurate in 
understanding a human smile’s nature or discriminating real and posed smiles. So how many 
observers are required to discriminate real and posed smiles, to maximize accuracy? To 
address this question, I consider all of our studies. In E2 where 24 smiles were shown to 11 
observers, their verbal response rates (VR) are depicted in Table A.2 where ‘O’ denotes the 
observer.  

 

Table A.2: Observers’ VR (%) in E2 
O1 O2 O3 O4 O5 O6 O7 O8 O9 O10 O11 Avg. 
54.2 50.0 70.8 62.5 66.7 66.7 70.8 58.3 66.7 58.3 54.2 61.7 

 
I can see that observers are on average 61.7% correct, which is somewhat above the 

chance value of 50%. I can improve results by combining the results of Observers, by voting, 
returning the decision when more than 50% of the observers detect smiles correctly. The 
combined results do discriminate real and posed smiles better, and improve the performance 
as shown in Figure A.4.  

 

 
Figure A.4: Observers’ voting results in E2. 

 
The voting results are generated with the all of possible combination of observers, so 

the column for ‘3’ is the average of all 165 ways to choose 3 out of 11 observers, getting their 
voting result, and then averaging. It is clear from Figure A.4 that votes from largest number 
of observers (11 observers in this case) provide the best correct verbal response rate (75.3%). 
So I performed a further experiment E3 where another 31 observers were shown another set 
of 20 smiles, again to discriminate between real and posed smiles. The results are depicted in 
Table A.3.  
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Table A.3: Observers’ VR (%) in E3 

O1 O2 O3 O4 O5 O6 O7 O8 O9 O10 O11 
65 40 75 75 45 65 60 75 50 55 50 

O12 O13 O14 O15 O16 O17 O18 O19 O20 O21 O22 
55 60 75 65 55 70 45 45 60 55 45 

O23 O24 O25 O26 O27 O28 O29 O30 O31 Avg.  
70 60 85 85 50 85 40 60 60 60.2  

 
It can be seen from Table A.3 that from this group of 31, 6 observers have lower than 

chance, 3 observers have equal to chance, and the others are above chance in discriminating 
real and posed smiles. On average they are 60.2% correct, this is very similar to the results 
we found for E2. Then, I used the voting process as in E2 to find the numbers of observers to 
get the best overall verbal response rate. The results are explored in Figure A.5. 
 

 
Figure A.5: Observers’ voting results in E3. 

 
It can be seen from Figure A.5 that VR is increased when the number of observers is 

increased from 1 to 11, then suddenly decreased; increased again at 19, and then gradually 
decreased while the number of observers is still increasing. The best verbal response rate is 
found in between 70.4% to 70.9% when the numbers of observers are 11, 13, 19, or 21. The 
curve has an overall peak between 11 and 21, but with limited differences between the top 
values in this range. The voting result is lower than in E2, probably due to differences in the 
smile videos used. I investigated this result further by implementing another experiment (E5 
(1)) in paired smiles (where the same smiler was shown in both real and posed smiles). 
Another 31 observers were recruited to take part in this experiment, using yet another set of 
smile videos. The results are depicted in Table A.4. 

 
Table A.4: Observers’ VR (%) in E5 (1) 

O1 O2 O3 O4 O5 O6 O7 O8 O9 O10 O11 
100 60 80 80 100 80 60 80 60 60 60 
O12 O13 O14 O15 O16 O17 O18 O19 O20 O21 O22 
80 80 60 60 60 80 100 60 100 60 80 

O23 O24 O25 O26 O27 O28 O29 O30 O31 Avg. 
80 80 60 60 60 80 60 80 60 72.9 

 
 Each observer scores above chance in discriminating real and posed smiles, which is 
plausibly from the opportunity to compare the real and posed smiles by the same person. This 
improvement in the results (from 60.2% to 72.9% in our case) was also shown in Frank’s [7] 
results. Voting again improves the overall performance as explored in Figure A.6.  
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Figure A.6: Observers’ voting results in E5 (1). 

 
It can be seen from Figure A.6 that the best VR is found for 9 (86.0%), 13 (85.6%), 15 

(86.4%), and 21 (85.6%) observers. In all other cases, observers’ VR gradually decrease as 
we move away from this region of the figure. It can be concluded that 9 to 21 (or even 11 to 
15) observers are enough to find the best accuracy to discriminate real and posed smiles, 
based on 3 sets of observers of 3 different sets of smiles. 
 

Others have found female observers are more accurate in this context [150, 226]. 
These results are reported in Table A.5, and it can be seen that female observers are more 
accurate in discriminating between real and posed smiles than male observers in my 
experiments also.  
 

Table A.5: Avg. VR of male and female  
 E2 E3 E5 (1) 
Male 59.0% 56.4% 71.3% 
Female 65.0% 65.4% 75.7% 
p (t-test) 0.09 0.03 0.16 

 
According to the two-sample one-tailed t-test we performed, these results are 

significant in the case of single smiles in E3, but not significant in the case of paired smiles. 
The higher accuracy of female observers suggests that females are more sensitive to and 
better understand facial cues than male observers. This effect was also found from their 
voting results as depicted in Table A.6.  
 

Table A.6: Votes from male (M) and female (F) 
No. of 
Obs. 

E2 E3 E5 (1) 
M F M F M F 

1 59.0 65.0 56.4 65.4 71.3 75.7 
3 64.6 68.3 58.9 70.3 77.4 84.3 
5 68.8 70.8 60.0 72.0 79.4 88.5 
7  

 
 

— 

60.8 72.8 80.5 91.4 
9 61.2 73.3 81.0 94.0 
11 61.3 73.7 80.7 96.9 
13 60.9 75.0 80 100 
15 59.7 80.7 80 

– 
17 57.5 – 80 

 
It is clear from Table A.6 that female observers are more accurate in discriminating 

between real and posed smiles in any voting combination. In E3, the best verbal rate is 61.3% 
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when the number of male observers is 11 and 80.7% when the female observer is 15. In S3, 
these numbers are 11 for male and 13 for female observers. Thus a range for number of 
observers between 11 and 15 to get a good accuracy remains plausible. Conclusively, this 
result on the number of observers needed has potential applicability in social/information 
settings since I could chose the number of observers to correctly judge a true facial 
expression, in a principled fashion based on the results of these investigations as reported 
here. The limitations of this work are the relatively low level of accuracy of all human beings 
in recognizing the difference between real and posed smiles from single instances – I meet 
others’ smiles singly, particularly when I meet new people. 
 
 I have found that only 1 of 8 avatars from loom.ai [158] (see also [223]) rated as real, 
and even then only 53% of observers rated that avatar smile as real, as seen in Table A.7. It is 
clear that 4 of 8 avatars were very clearly rated as posed, with 3 of 8 rated as posed but with 
less certainty. The 53% for the single genuine avatar is a low figure, compared with the 
results in Table A.6 for E2 and E3 on single smiles. This indicates that the best avatar smile is 
still less plausible as a real smile for our participants. For E5 (2), we had chosen at random 3 
real smile videos from E3 and 3 posed from E5 (1). The results from E5 (2) participants on 
these human smile videos were compatible with the results in E3 and E5 (1), indicating that 
observers in E5 (2) behaved normally, consistently with E3 and E5 (1). 
 

Table A.7: Realness of Avatar smiles:  
No. of Obs. To select avatar as …. 
Smiles Real Fake % Real 

A1 2 13 13% 
A2 2 13 13% 
A3 5 10 33% 
A4 2 13 13% 
A5 1 14 7% 
A6 8 7 53% 
A7 5 10 33% 
A8 6 9 40% 

 
It has been suggested that human-robot interaction (HRI) is likely to be facilitated by 

human-like facial expressions [227] – but will people feel the robots are expressing real 
emotions? If not, emotional reactions are likely to hinder appropriate interactions. Thus, for 
human beings observing avatar smiles that do not “feel” real, this will most likely impact on 
achieving the objectives for which the avatar was employed, e.g. [228]. The “Nadia project” 
aims to help people navigate the National Disability Insurance Scheme (NDIS) through a 
virtual assistant, and Nadia is able to respond to participants’ questions, matched with an 
animated mouth and face. It is worth mentioning that it would be good to test how real she 
feels to users before being released for public use. With increasing use of avatars in service 
delivery and customer relations by business and government, evaluating the perceived quality 
of avatars will be a significant area of human computer interaction research into the future. 
 
 Future work could involve the creation of avatars from benchmark smile videos using 
a range of avatar creation tools to investigate: if real smiles and posed smiles remain 
consistent with any of the tools; use of other emotions with avatars such as anger [208]; 
observer training by overt feedback from their eye gaze [229]; and investigating interactions 
of genuineness of avatar smiles with other aspects of an avatar’s visual style [230]. 
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Appendix B: Experiment (E1) Materials for Distinguishing between Radial 
and Hierarchical Visualisations from Verbal and Pupillary Responses  
 

Relevant material used in the experiment to obtain participants’ pupillary responses 
and verbal responses is provided in this section. The material includes the experiment 
procedure that the experiment instructor followed to collect data, experiment information 
sheet for an experiment participant, a consent form that the participant had to fill in to 
participate in the experiment and response to the questions that the participant had to do as a 
task in the experiment. 
 

Note that ethics approval was sought from the Australian National University 
Research Ethics Committee before data was collected and used for the work in this thesis. 
 
 

 
 

Figure B.1: Radial Visualisation. 
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Table B.1: The questions asked to participants during radial visualisation 

Q. No. Asked Questions 
1 Where does Richard Kneebone live? 
2 Who lives at Level 45, 600 Bourke Street, Melbourne? 
3 Who lives at Unit 2, 9 Norfolk Road, Surrey Hills VIC? 
4 How many directors does BHP Titanium Minerals Pty Ltd have? 
5 Which state do most of the directors of ICI Australia Petrochemicals Ltd live in? 
6 What connects ICI Australia Petrochemicals Ltd and BHP Titanium Minerals? 

 

 
 

Figure B.2: Hierarchical Visualisation. 
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Table B.2: The questions asked to participants during hierarchical visualisation 

Q. No. Asked Questions 
1 Where does Robert Adcock live? 

2 Who lives at address 280 Flinders Street Townsville QLD? 

3 Who lives at address 5 Beck Street MOE VIC? 

4 How many directors does National Australia Bank have? 

5 Which state do most of the directors of National Australia Bank live in? 

6 What connect National Australia Bank and Sydney 2001 Olympics? 
 
 

 
 

Figure B.3: Participant Recruitment Advertisement. 
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Figure B.4: Participants Information Sheet. 
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Figure B.5: Form to collect participant’s consent before starting to the experiment. 
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Appendix C: Experiment (E2) Materials for Distinguishing between Real 
and Acted/Posed Smiles from Verbal Responses and Peripheral Physiology  
 

 
 

Figure C.1: Participants Recruitment Advertisement to Collect Data from First 10 
Participants. 

 



132 
 

 
Figure C.2: Participants Recruitment Advertisement to Collect Data from Last 10 

Participants. 
 

 
Figure C.3: Participants Information Sheet (Others parts are very similar as shown in Figure 

B.4)  
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Figure C.4: Experimental Introduction. 

 

 
 

Figure C.5: Participants’ Identities Recording Process. 
 

Note: Similar form is used to collect participants’ consent as shown in Figure B.5. 
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Appendix D: Experiment (E3) Materials for Distinguishing between Real 
and Posed Smiles from Verbal Responses and Peripheral Physiology 

 

 
Figure D.1: Experimental Introduction. 

 
Note:  
 

1. Similar form is used to advertise as shown in Figure C.1. 
2. Similar information sheet is provided to the participants as shown in Figure C.3.  
3. Similar form is used to collect participants’ consent as shown in Figure B.5. 
4. Similar form is used to record participants’ identities as shown in Figure C.5. 
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Appendix E: Experiment (E4) Materials for Distinguishing between Real 
and Posed Smiles from Verbal Responses and Peripheral Physiology 

 
 

 
 

Figure E.1: Participants’ Recruitment Process. 
 

Note:  
 

1. Similar information sheet is provided to the participants as shown in Figure C.3.  
2. Similar form is used to advertise as shown in Figure C.1. 
3. Similar Introduction  page is provided to the participants as shown in Figure D.1. 
4. Similar form is used to record participants’ identities as shown in Figure C.5. 
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Appendix F: Experiment (E5) Materials for Distinguishing between Real 
and Posed Smiles from Verbal Responses  

 
 

 
Figure F.1: Participants’ Recruitment Process. 

 

 
Figure F.2: Experimental Introduction in case of paired smiles. 
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Figure F.3: Experimental Introduction in case of avatars’ smiles. 
 

 
Figure F.4: Process to Record Participants’ Feedback. 

 
Note:  

1. Similar information sheet is provided to the participants as shown in Figure C.3.  
2. Similar form is used to collect participants’ consent as shown in Figure B.5. 
3. Similar form is used to record participants’ identities as shown in Figure C.5. 

 
 
  



138 
 

References 
 
1. C. R. Darwin, The expression of the emotions in man and animals. London: John 

Murray, 1st edition, 1872. 
2. J. Kumari, R. Rajesh, K. Pooja, “Facial expression recognition: A survey”, 2nd 

International Symposium on Computer Vision and the Internet, Procedia Computer 
Science, 2015, vol. 58, pp. 486 - 491. 

3. H. Dibeklioğlu, A.A. Salah, T. Gevers, “Recognition of Genuine Smiles”, IEEE 
Transactions on Multimedia, vol. 17, no. 3, pp. 279-294, 2015. 

4. P. Ekman, W.V. Friesen, M. O’Sullivan, “Smiles when lying”, Personality Social 
Psychol, vol. 54, no. 3, pp. 414-420, 1988. 

5. P. Ekman, Telling Lies. Clues to Deceit in the Marketplace, Politics, and Marriage. 
New York & London: W.W. Norton & Co., vol. 2, pp. 264-268, 2002. 

6. M.E. Hoque, D.J. McDuff, R.W. Picard, “Exploring temporal patterns in classifying 
frustrated and delighted smiles”, IEEE Transactions on Affective Computing, vol. 3, 
no. 3, pp. 323-334, 2012. 

7. M.G. Frank, P. Ekman, W.V. Friesen, “Behavioral markers and recognizability of the 
smile of enjoyment”, Journal of personality and social psychology, vol. 64, no. 1, pp. 
83-93, 1993. 

8. M. Soleymani, M. Pantic, T. Pun, “Multimodal Emotion Recognition in Response to 
Videos”, IEEE Transactions on Affective Computing, vol. 3, no. 2, pp. 221-223, 2012. 

9. U. Hess, R.E. Kleck, “The cues decoders use in attempting to differentiate emotion-
elicited and posed facial expressions”, European Journal of Social Psychology, vol. 
24, pp. 367–381, 1994. 

10. J.A. Mills, A History of Behavioral Psychology. New York: NYU Press; 2000. 
11. J. Kim, E. André, “Emotion Recognition Based on Physiological Changes in Music 

Listening”, Transaction on Pattern Analysis and Machine Intelligence, vol. 30, no. 12 
pp. 2067-2083, 2008. 

12. M. Soleymani, J. Lichtenauer, T. Pun, M. Pantic, “A multimodal database for affect 
recognition and implicit tagging”, IEEE Transactions on Affective Computing, vol. 3, 
no. 1, pp. 42-55, 2012. 

13. M. Teatero, A. Penney, Fight-or-flight response. In I Milosevic & RE McCabe, 
(Eds.), Phobias: The Psychology of Irrational Fear. Santa Barbara, CA: Greenwood, 
2015. 

14. P. Shah, C. Catmur, G. Bird, “From heart to mind: Linking interception, emotion, and 
theory of mind”, Cortex, pp. 1-4, 2017. 

15. A.A. Lopes, R. Pinho, F.V. Paulovich, R. Minghim, “Visual text mining using 
association rules”, Computers & Graphics, vol. 31, no. 3, pp. 316-326, 2007. 

16. P. Pirolli, S.K. Card, M.M.V.D. Wege, “The effects of information scent on visual 
search in the hyperbolic tree browser”, ACM Transactions on Computer-Human 
Interaction, vol. 10(1), pp. 20-53, 2003. 

17. M. Ward, G. Grinstein, D. Keim, Interactive Data Visualization: Foundations, 
Techniques, and Applications. A. K. Peters, Ltd. Natick, MA, USA, Boca Raton, FL: 
CRC Press., 2010. 

18. H. C. Purchase, “Effective information visualisation: a study of graph drawing 
aesthetics and algorithms”, Interacting with Computers, vol. 13, no. 2, pp. 147-162, 
2000. 

19. E. J. Mulrow, “The visual display of quantitative information”, Technometrics, vol. 
44, pp. 400, 2002. 



139 
 

20. G. Kalliatakis, A. Stergiou, N. Vidakis, “Conceiving Human Interaction by 
Visualising Depth Data of Head Pose Changes and Emotion Recognition via Facial 
Expressions”, Computers, vol. 6(3), pp. 1-16, 2017. 

21. Y. Wu, H. Liu, H. Zha, “Modeling facial expression space for recognition”, IEEE 
International Conference on Intelligent Robots and Systems, Canada, 2005, pp. 1968-
1973. 

22. J. K. Anil, S. Z. Li, Handbook of Face Recognition. Springer: New York, NY, USA, 
2011. 

23. T. Fang, X. Zhao, O. Ocegueda, S.K. Shah, I. A. Kakadiaris, “3D facial expression 
recognition: A perspective on promises and challenges”, IEEE International 
Conference on Automatic Face & Gesture Recognition and Workshops, Santa 
Barbara, CA, USA, 2011, pp. 603-610. 

24. E. G. Krumhuber, A. S. R. Manstead, “Can Duchenne smiles be feigned? New 
evidence on felt and false smiles”, Emotion, vol. 9, no. 6, pp. 807-820, 2009. 

25. P. Ekman, W.V. Friesen, “Felt, false, and miserable smiles”, Journal of Nonverbal 
Behavior, vol. 6, no. 4, pp. 238-252, 1982. 

26. M. H. Bornstein, M. E. Arterberry, “Recognition, discrimination and categorization of 
smiling by 5-month-old infants”, Developmental Science, vol. 6, no. 5, pp. 585-599, 
2003. 

27. M. G. Calvo, A. Gutiérrez-García, M. D. Líbano, “What makes a smiling face look 
happy? Visual saliency, distinctiveness, and affect”, Psychological Research, vol. 
82(2), pp. 296-309, 2016. 

28. G. L. Libralon, R. A. F. Romero, “Investigating Facial Features for Identification of 
Emotions”, International Conference on Neural Information Processing. Berlin, 
Heidelberg: Springer, 2013, pp. 409-416.  

29. Y. Yacoob, L. Davis, “Smiling faces are better for face recognition”, IEEE 
International Conference on Automatic Face and Gesture Recognition, 2002, pp. 1-6. 

30. L. Copeland, T. Gedeon, S. Mendis, “Predicting reading comprehension scores from 
eye movements using artificial neural networks and fuzzy output error”, Artificial 
Intelligence Research, vol. 3, no. 3, pp. 35-48, 2014. 

31. A.V. Dhukaram, C. Baber, L. Elloumi, B. Beijnum, P. Stefanis, “End-User Perception 
Towards Pervasive Cardiac Healthcare Services: Benefits, Acceptance, Adoption, 
Risks, Security, Privacy and Trust”, International Conference on Pervasive 
Computing Technologies for Healthcare, 2011, pp. 478-484. 

32. K.W. Wong, C.C. Fung, T. Gedeon, D. Chai, “Intelligent data mining and 
personalisation for customer relationship management”, Control, Automation, 
Robotics and Vision Conference, 2004, vol. 3, pp. 1796-1801. 

33. A. Copetti, O. Loques, J. C. B. Leite, T. P. C. Barbosa, and A. C. L. da Nobrega, 
“Intelligent context-aware monitoring of hypertensive patients”. International 
Conference on Pervasive Computing Technologies for Healthcare, 2009, pp. 1-6. 

34. M.S. Khan, A. Chong, and T.D. Gedeon, “A Methodology for Developing Adaptive 
Fuzzy Cognitive Maps for Decision Support”, Journal of Advanced Computational 
Intelligence and Intelligent Informatics, vol. 4, no. 6, pp. 403-407, 2000. 

35. R. Birdwhistell, Kinetics in context. Philadelphia: University of Pennsylvania Press, 
1970. 

36. B. R. Shlenker, Impression management: The self-concept, social identity, and 
interpersonal relations. Monterey, CA: Brooks/Cole Pub. Co.,, 1980, pp. 344. 

37. R. Gifford, C.F. Ng, and M. Wilkinson, “Nonverbal cues in the employment 
interview: Links between applicant qualities and interviewer judgments”, Journal of 
Applied Psychology, vol. 70, no. 4, pp. 729-736, 1985. 



140 
 

38. C.K. Parsons, and R.C. Liden., “Interviewer perceptions of applicant qualifications: A 
multivariate field study of demographic characteristics and nonverbal cues”, Journal 
of Applied Psychology, vol. 69, no. 4, pp. 557-568, 1984. 

39. V. Surakka, and J.K. Hietanen, “Facial and emotional reactions to Duchenne and non-
Duchenne smiles”, International journal of psychophysiology, 29(1): p. 23-33, 1998. 

40. V. Peace, L. Miles, and L. Johnston, “It doesn’t matter what you wear. The impact of 
posed and genuine expressions of happiness on product evaluation”, Social Cognition, 
vol. 24, no. 2, pp. 137-168, 2006. 

41. Miles, L., Smiles, affordances, and social interaction. PhD Thesis. University of 
Canterbury., 2005. 

42. M.J. Owren, and J.A. Bachorowski, The evolution of emotional experience: A 
“selfish-gene”  account of smiling and laughter in early hominids and humans. In T. 
Mayne & G. Bonanno (Eds.), Emotions: Current issues and future directions. New 
York: Guilford Press., pp. 152-191, 2001. 

43. R. Dawkins, The Selfish Gene. NY: Oxford Univesity Press., 1976. 
44. M.A. Nowak, “Five rules for the evolution of cooperation”, Science, vol. 314, no. 

5805, pp. 1560-1563, 2006. 
45. F.C. Santos, and J.M. Pacheco, “A new route to the evolution of cooperation”, 

Journal of Evolutionary Biology, vol. 19, no. 3, pp. 726-733, 2006. 
46. P. Ekman, R. J. Davidson, and W.V. Friesen, “The Duchenne smile: Emotional 

expression and brain physiology II”, Journal of Personality and Social Psychology, 
vol. 58, pp. 342-35, 1990. 

47. M.E. Hoque, L.P. Morency, and R.W. Picard, “Are You Friendly or Just Polite? – 
Analysis of Smiles in Spontaneous Face-to-Face Interactions”. International 
Conference on Affective Computing and Intelligent Interaction, LNCS, vol. 6974, 
2011, pp. 135-144. 

48. P. Ekman, “Strong evidence for universals in facial expressions: A reply to Russell’s 
mistaken critique”. Psychological Bulletin, vol. 115, pp. 268-287, 1994. 

49. M.G. Frank, and P. Ekman, “Not all smiles are created equal: the differences between 
enjoyment and non-enjoyment smiles”, International Journal of Humor Research, 
vol. 6, no. 1, pp. 9-26, 1993. 

50. B. Duchenne, The mechanism of human facial expression or an electro-physiological 
analysis of the expression of the emotions. Cambridge University Press,  (Original 
work published 1862): pp. 72, 1990. 

51. P. Ekman, The argument and evidence about universals in facial expressions of 
emotion. In H. Wagner & A. Manstead (Eds.), Handbook of psychophysiology: The 
biological psychology of the emotions and social processes, pp. 143-164, 1989. 

52. R. J. Davidson, P. Ekman, C. D. Saron, J. A. Senulis, W. V. Friesen, “Approach-
withdrawal and cerebral asymmetry: Emotional expression and brain physiology I”. 
Journal of Personality and Social Psychology, vol. 58, no. 2, pp. 330-341, 1990. 

53. R. J. Davidson, “Affect, cognition and hemispheric specialization”. In: Izard CE, 
Kagan J, Zajonc RB, editors. Emotions, Cognition, and Behavior, pp. 320-365, 1984. 

54. N. A. Fox and R. J. Davidson, “Patterns of brain electrical activity during facial signs 
of emotion in 10-month old infants”. Developmental Psychology, vol. 24, pp. 230-23, 
1988. 

55. D. Matsumoto, “Cross-cultural communication of emotion,ˮ  Ph.D. dissertation, 
University of California, Berkeley, 1986. 

56. F. Steiner, Differentiating smiles. In E. Branniger-Huber & F. Steiner (Eds.), 1986, 
pp. 139-148. 



141 
 

57. S. D. Gunnery, and M. A. Ruben, “Perceptions of Duchenne and non-Duchenne 
smiles: A meta-analysis,ˮ Cognition and Emotion, vol. 30, no. 3, pp. 501-515, 2016. 

58. P. Ekman, G. Roper, and J. C. Hager, “Deliberate facial movementˮ. Child 
Development, vol. 51, pp. 886-891, 1980. 

59. P. Thibault, M. Levesque, P. Gosselin, and U. Hess, “The Duchenne marker is not a 
universal signal of smile authenticity - But it can be learned!,ˮ Social Psychology, vol. 
43, no. 4, pp. 215-221, 2012. 

60. K. L. Schmidt, S. Bhattacharya, and R. Denlinger, “Comparison of deliberate and 
spontaneous facial movement in smiles and eyebrow raises,ˮ Journal of Nonverbal 
Behavior, vol. 33, pp. 35-45, 2009. 

61. F. V. Michel, G. Hatice, and P. Maja, “How to distinguish posed from spontaneous 
smiles using geometric features,ˮ In Proc. 9th international conference on Multimodal 
interfaces, 2007, pp. 38-45. 

62. J. C. Borod, E. Koff, and B. White, “Facial asymmetry in posed and spontaneous 
expressions of emotion,ˮ Brain Cognition, vol. 2, no. 2, pp. 165–175, 1983. 

63. Z. Ambadar, J. F. Cohn, and L. I. Reed, “All Smiles are Not Created Equal: 
Morphology and Timing of Smiles Perceived as Amused, Polite, and 
Embarrassed/Nervous,ˮ Journal of Nonverbal Behavior, vol. 33, no. 1, pp. 17–34, 
2009. 

64. K. L. Schmidt, Z. Ambadar, J. F. Cohn, and L. I. Reed, “Movement differences 
between deliberate and spontaneous facial expressions: Zygomaticus major action in 
smiling,ˮ  Journal of Nonverbal Behavior, vol. 30, no. 1, pp. 37–52, 2006. 

65. J. F. Cohn, and K. L. Schmidt, “The timing of facial motion in posed and spontaneous 
smiles,ˮ  International Journal on Wavelets, Multiresolution Information Process, vol. 
2, no. 2, pp. 121–132, 2004. 

66. M. F. Valstar,  M. Pantic, Z. Ambadar, and J. F. Cohn, “Spontaneous vs. posed facial 
behavior: Automatic analysis of brow actions,ˮ In Proc. 8th international conference 
on Multimodal interfaces, 2006, pp. 162–170. 

67. H. Dibeklioğlu, A. A. Salah, and T. Gevers, “Are you really smiling at me? 
Spontaneous versus posed enjoyment smiles,ˮ In Proc. 12th European conference on 
Computer Vision, 2012, pp. 525–538. 

68. T. Pfister, X. Li, G. Zhao, and M. Pietikäinen, “Differentiating spontaneous from 
posed facial expressions within a generic facial expression recognition framework,ˮ 
International Conference on Computer Vision Workshops, 2011, pp. 868–875. 

69. Q. Gan, C. Wu, S. Wang, and Q. Ji, “Posed and spontaneous facial expression 
differentiation using deep Boltzmann machines,ˮ In Proc. International Conference on 
Affective Computing and Intelligent Interaction, 2015, pp. 643-648. 

70. H. Liu, and P. Wu, “Comparison of methods for smile deceit detection by training au6 
and au12 simultaneously,ˮ In Proc. 19th International Conference on Image 
Processing, 2012, pp. 1805-1808. 

71. L. C. Trutoiu, J. K. Hodgins, and J. F. Cohn, “The temporal connection between 
smiles and blinks,ˮ In Proc. 10th International Conference and Workshops on 
Automatic Face and Gesture Recognition, 2013, pp. 1–6. 

72. M. Rupenga, and H. B. Vadapalli, “Investigating the temporal association between 
eye actions and smiles,ˮ In Proc. Pattern Recognition Association of South Africa and 
Robotics and Mechatronics International Conference, Stellenbosch, 2016, pp. 1-6. 

73. T. McLellan, “Dementia and the recognition of emotion,ˮ  PhD Thesis, University of 
Canterbury, 2008. 



142 
 

74. L. Miles and L. Johnston, “Detecting happiness: Perceiver sensitivity to enjoyment 
and non-enjoyment smiles,ˮ Journal of Nonverbal Behavior, vol. 31, pp. 259-275, 
2007. 

75. K. R. Scherer, and G. Ceschi, “Criteria for emotion recognition from verbal and 
nonverbal expression: Studying baggage loss in the airport,ˮ  Personality and Social 
Psychology Bulletin, vol. 26, pp. 327-339, 2000. 

76. P. Gosselin, M. Perron, M. Legault, and P. Campanella, “Children’s and adults’ 
knowledge of the distinction between enjoyment and nonenjoyment smiles,ˮ Journal 
of Nonverbal Behavior, vol. 26, pp. 83-107, 2002. 

77. D. Keltner, “Signs of appeasement: Evidence for the distinct displays of 
embarrassment, amusement, and shame,ˮ Journal of Personality and Social 
Psychology, vol. 68, pp. 441-454, 1995. 

78. E. Krumhuber, and A. Kappas, “Moving smiles: The role of dynamic components for 
the perception of the genuineness of smiles,ˮ Journal of Nonverbal Behavior, vol. 29, 
pp. 3-24, 2005. 

79. U. Hess, A. Kappas, G. J. McHugo, R. E. Kleck, and J. T. Lanzetta, “An analysis of 
the encoding and decoding of spontaneous and posed smiles: The use of facial 
electromyography,ˮ Journal of Nonverbal Behavior, vol. 13, pp. 121-137, 1989. 

80. P. Gong, H. T. Ma, and Y. Wang, “Emotion recognition based on the multiple 
physiological signals,ˮ In Proc. IEEE International Conference on Real-time 
Computing and Robotics, Angkor Wat, Cambodia, 2016, pp. 140-143. 

81. R. A. Calvo and S. D’Mello., “Affect Detection: An Interdisciplinary Review of 
Models, Methods, and Their Applications,ˮ IEEE Transactions on Affective 
Computing, vol. 1, no. 1, pp. 18-37, 2010. 

82. J. N. Langley, “On the union of cranial autonomic (visceral) fibres with nerve cells of 
the superior cervical ganglion,ˮ Journal of Physiology, vol. 23, pp. 240-270, 1898. 

83. D. Todman, “Autonomic nervous system,ˮ Eur. Neurol., vol. 60, pp. 215-216, 2008. 
84. B. S. McEwen, “Stress, adaptation, and disease. Allostasis and allostatic load,ˮ Ann. 

N. Y. Acad. Sci., vol 840, pp. 33-44, 1998. 
85. M. A. Gray, L. Minati, N. A. Harrison, P. J. Gianaros, V. Napadow, and H. D. 

Critchley, “Physiological recordings: basic concepts and implementation during 
functional magnetic resonance imaging,ˮ Neuroimage, vol. 47, no. 3, pp. 1105-1115, 
2009. 

86. J. Kim, “Bimodal emotion recognition using speech and physiological changes,ˮ In 
M. Grimm & K. Kroschel (Eds.), Robust Speech Recognition and Understanding, 
Vienna, Austria: I-Tech Education and Publishing, 2007, pp. 265-280. 

87. C. Peter, E. Ebert, and H. Beikirch, “Physiological sensing for affective computing,ˮ 
In J. Tao & T. Tan (Eds.), Affective Information Processing, Springer-Verlag 
London, 2009, pp. 293-310. 

88. J. Campion, R. Latto, and Y. M. Smith, “Is Blind-Sight an Effect of Scattered Light, 
Spared Cortex, and Near-Threshold Visionˮ. Behavioral and Brain Sciences, vol. 6, 
no. 3, pp. 423-448, 1983. 

89. G. Rees, “Neural correlates of the contents of visual awareness in humansˮ. 
Philosophical Transactions of The Royal Society B: Biological Sciences, vol. 362, no. 
1481,  pp. 877–886, 2007. 

90. D. J. Simons and C. F. Chabris, “Gorillas in Our Midst: Sustained Inattentional 
Blindness for Dynamic Eventsˮ. Perception, vol. 28, no. 9, pp. 1059–1074, 1999. 

91. O. AlZoubi, S. K. D’Mello, and R. A. Calvo, “Detecting Naturalistic Expressions of 
Nonbasic Affect Using Physiological Signals,ˮ IEEE Transactions on Affective 
Computing, vol. 3, no. 3, pp. 298-310, 2012. 



143 
 

92. J. William, “What is Emotion?,ˮ Mind, vol. 9, no. 34, pp. 188-205, 1984. 
93. F. Nasoz, K. Alvarez, C. L. Lisetti, and N. Finkelstein, “Emotion recognition from 

physiological signals using wireless sensors for presence technologies,ˮ Journal of 
Cognition, Technology and Work, vol. 6, no. 1, pp. 4-14, 2004. 

94. B. Herbelin, P. Benzaki, F. Riquier, O. Renault, H. Grillon, and D. Thalmann, “Using 
physiological measures for emotional assessment: a computer-aided tool for cognitive 
and behavioural therapy,ˮ International Journal on Disability and Human 
Development, vol. 4, no. 4, pp. 269-277, 2005. 

95. G. Chanel, J. Kronegg, D. Grandjean, and T. Pun, “Emotion Assessment: Arousal 
Evaluation Using EEG’s and Peripheral Physiological Signals,ˮ Multimedia content 
representation, classification and security, LNCS, vol. 4105, 2006, pp. 530-537. 

96. C. Liu, P. Agrawal, N. Sarkar and S. Chen, “Dynamic Difficulty Adjustment in 
Computer Games Through Real-Time Anxiety-Based Affective Feedback,ˮ 
International Journal of Human-Computer Interaction, vol. 25, no. 6, pp. 506-529, 
2009. 

97. C. Liu, K. Conn, N. Sarkar, and W. Stone, “Online Affect Detection and Robot 
Behavior Adaptation for Intervention of Children with Autism,ˮ  IEEE Transactions 
on Robotics, vol. 24, no. 4, pp. 883-896, 2008. 

98. A. Lichtenstein, A. Oehme, S. Kupschick, and T. Jürgensohn, “Comparing Two 
Emotion Models for Deriving Affective States from Physiological Data,ˮ In Proc. 
Affect and Emotion in Human-Computer Interaction, LNCS, vol. 4868, 2008, pp. 35-
50. 

99. P. Aghaei Pour, M. S. Hussain, O. AlZoubi, S. D’Mello, and R. A. Calvo, “The 
Impact of System Feedback on Learners’ Affective and Physiological States,ˮ 
Intelligent Tutoring Systems, LNCS, vol. 6094, pp. 264-273, 2010. 

100. G. Rigas, C. D. Katsis, G. Ganiatsas, and D. I. Fotiadis, “A User Independent, 
Biosignal Based, Emotion Recognition Method,ˮ User Modelling, LNCS, vol. 4511, 
pp. 314-318, 2007. 

101. G. Chanel, C. Rebetez, M. Bétrancourt, and T. Pun, “Emotion Assessment from 
Physiological Signals for Adaptation of Game Difficulty,ˮ IEEE Transactions on 
Systems, Man, and Cybernetics-Part A: Systems and Humans, vol. 41, no. 6, pp. 
1052-1063, 2011. 

102. J. Wagner, J. Kim, and E. Andre, “From physiological signals to emotions: 
Implementing and comparing selected methods for feature extraction and 
classification,ˮ IEEE International Conference on Multimedia and Expo, 2005, pp. 1-
4. 

103. K. H. Kim, S. W. Bang, and S. R. Kim, “Emotion recognition system using short-term 
monitoring of physiological signals,ˮ Medical and Biological Engineering and 
Computing, vol. 42, no. 3, pp. 419-427, 2004. 

104. A. Haag, S. Goronzy, P. Schaich, and J. Williams, “Emotion recognition using 
biosensors: First steps towards an automatic system,ˮ In Proc. Affective Dialogue 
Systems, Tutorial and Research Workshop. LNCS, Kloster Irsee, Germany, 2004. 

105. C. M. Jones, and T. Troen, “Biometric valence and arousal recognition,ˮ In Proc. 19th 
Australasian conference on Computer-Human Interaction: Entertaining User 
Interfaces, Adelaide, Australia, 2007. 

106. R. Sinha, W. R. Lovallo, and O. A. Parsons, “Cardiovascular Differentiation of 
Emotions,ˮ Psychosomatic Medicine, vol. 54, no. 4, pp. 422-435, 1992. 

107. T. Partala, and V. Surakka, “Pupil Size Variation as an Indication of Affective 
Processing,ˮ International Journal of Human-Computer Studies, vol. 59, pp. 185-198, 
2003. 



144 
 

108. M. J. Kang, M. Hsu, I. M. Krajbich, G. Loewenstein, S. M. McClure, J. T. Wang, and 
C. F. Camerer, “The Wick in the Candle of Learning: Epistemic Curiosity Activates 
Reward Circuitry and Enhances Memory,ˮ Psychological Science, vol. 20, pp. 963-
973, 2009. 

109. J. T. Wang, M. Spezio, and C. F. Camerer, “Pinocchio’s Pupil: Using Eye-tracking 
and Pupil Dilation To Understand Truth-telling and Deception in Sender-Receiver 
Games,ˮ American Economic Review, 2009. 

110. S. T. Iqbal, X. S. Zheng, and B. P. Bailey, “Task-Evoked Pupillary Response to 
Mental Workload in Human-Computer Interaction,ˮ In Proc. CHI’04 Extended 
Abstracts on Human Factors in Computing Systems, 2004, pp. 1477-1480. 

111. [Available] https://www.seeingmachines.com/. 
112. The Eye Tribe romote eye tracking system. Retrieved from http://theeyetribe.com/. 
113. J. Beatty, “Task-Evoked Pupillary Responses, Processing Load, and the Structure of 

Processing Resources,ˮ Psychological Bulletin, vol. 91, no. 2, pp. 276-292, 1982. 
114. F. T. P. Oliveira, A. Aula, and D. M. Russell, “Discriminating the relevance of web 

search results with measures of pupil size,ˮ In Proc. The SIGCHI Conference on 
Human Factors in Computing Systems, 2009, pp. 2209-2212. 

115. E. H. Hess, and S. B. “Petrovich, Pupillary behaviour in communication,ˮ In: 
Siegman, A.W., Feldstein, S. (Eds.), Nonverbal Behaviour and Communication. 
Erlbaum, Hillsdale, NJ, 1987, pp. 327–348. 

116. A. Kushki, J. Fairley, S. Merja, G. King, and T. Chau, “Comparison of blood volume 
pulse and skin conductance responses to mental and affective stimuli at different 
anatomical sites,ˮ Physiological Measures, vol. 32, no. 10, pp. 1529-39, 2011. 

117. S. Kreibig, “Autonomic nervous system activity in emotion: a review,ˮ Biological 
Psychology, vol. 84, no. 3, pp. 394-421, 2010. 

118. T. Dalgleish, and M. Power, Handbook of Cognition and Emotion. John Wiley & 
Sons, Ltd., 1999. 

119. N. Nourbakhsh, Y.Wang, F. Chen, R. A. Calvo, “Using Galvanic Skin Response for 
Cognitive Load Measurement in Arithmetic and Reading Tasks”. Australian 
Computer-Human Interaction Conference, 2012, pp. 420-423. 

120. R. Guo, S. Li, L. He, W. Gao, H. Qi, G. Owens, “Pervasive and unobtrusive emotion 
sensing for human mental health”. International Conference on Pervasive Computing 
Technologies for Healthcare, 2013, pp. 436-439. 

121. A. Nakasone, H. Prendinger, and M. Ishizuka, “Emotion Recognition from 
Electromyography and Skin Conductance”. BSI, 2005, pp. 219-222. 

122. M. M. Bradley, L. Miccoli, M. A. Escrig, P. J. Lang, “The pupil as a measure of 
emotional arousal and autonomic activation”. Psychophysiology, vol. 45, no. 4, pp. 
602-607, 2008. 

123. J. Engstrom, E. Johansson, and J. Ostlund, “Effects of Visual and Cognitive Load in 
Real and Simulated Motorway Driving”. Transportation Research, vol. 8, no. 2, pp. 
97-120, 2005. 

124. M. Soleymani, G. Chanel, J. J. M. Kierkels, and T. Pun, “Affective Characterization 
of Movie Scenes Based on Content Analysis and Physiological Changes”. Internation 
Journal Semantic Computing, vol. 3, no. 2, pp. 235-254, 2009. 

125. Z. Zeng, M. Pantic, and T. S. Huang, “A Survey of Affect Recognition Methods: 
Audio, Visual, and Spontaneous Expressions”. Transactions on Pattern Analysis and 
Machine Intelligence, vol. 31, no. 1, pp. 39-58, 2009. 

126. [Online]. Available: http://emotion-research.net/wiki/Databases. 



145 
 

127. V. Willenbockel, J. Sadr, D. Fiset, G. O.  Horne, F. Gosselin, J. W. Tanaka, 
“controlling low-level image properties: the SHINE toolbox”. Behavior Research 
Methods, vol. 42, no. 3, pp. 671-684, 2010. 

128. M. Z. Hossain, M. M. Kabir, and M. Shahjahan, “A robust feature selection system 
with Colin’s CCA network”. Neurocomputing, vol. 173, no. 3, pp. 855-863, 2016. 

129. A. K. Jain, R. P. W. Duin, and M. Jianchang, “Statistical pattern recognition: a 
review”. Transactions on Pattern Analysis and Machine Intelligence, vol. 22, no. 1, 
pp. 4-37, 2000. 

130. L. Kuncheva, “Classifier Ensembles for Changing Environments Multiple Classifier 
Systems”. International Workshop on Multiple Classifier Systems, 2004, pp. 1-15. 

131. N. C. Oza, and K. Tumer, “Classifier ensembles: Select real-world applications”. 
Information Fusion, vol. 9, no. 1, pp. 4-20, 2008. 

132. M. Muhlbaier, and R. Polikar, “An Ensemble Approach for Incremental Learning in 
Nonstationary Environments”. In M. Haindl, J. Kittler and F. Roli (Eds.), Multiple 
Classifier Systems, vol. 4472, pp. 490-500, 2007. 

133. M. Myowa-Yamakoshi, “Early social cognition in chimpanzees (Pan troglodytes) ”. 
In: Suddendorf E, Ross S, Matsuzawa T (Eds.) The mind of the chimpanzees. 
Chicago: The University of Chicago Press., 2010, pp. 23-31. 

134. A. M. Groh, and R. GI, “Adults’ autonomic and subjective emotional responses to 
infant vocalizations: The role of secure base script knowledge”. Development 
Psychology, vol. 45, pp. 889-893, 2009. 

135. D. Out, S. Pieper, M. J. Bakermans-Kranenburg, M. H. van Ijzendoorn, 
“Physiological reactivity to infant crying: a behavioral genetic study”. Genes Brain 
and Behavior, vol. 9, pp. 868-876, 2010. 

136. J. Giardino, A. Gonzalez, M. Steiner, AS. Fleming, “Effects of motherhood on 
physiological and subjective responses to infant cries in teenage mothers: A 
comparison with non-mothers and adult mothers”. Horm Behav, vol. 53, pp. 149-158, 
2008. 

137. S. Mizugaki, Y. Maehara, K. Okanoya, M. Myowa-Yamakoshi, “The Power of an 
Infant's Smile: Maternal Physiological Responses to Infant Emotional Expressions”. 
PLoS ONE, vol. 10, no. 6, pp. 1-12, 2015. 

138. HC. Hsu, A. Fogel, and M. DS, “Infant non-distress vocalization during mother-infant 
face-toface interaction: Factors associated with quantitative and qualitative 
differences”. Infant Behav Dev, vol. 24, pp. 107-128, 2001. 

139. L. Murray, PJ. Cooper, and A. Hipwell, “Mental health of parents caring for infants”. 
Arch Women’s Ment Health, vol. 6, pp. 71-77, 2003. 

140. R. S. Woodworth, Experimental psychology. New York: Henry Holt, 1938. 
141. S. S. Tomkins, and R. M. Carter, “what and where are the primary affects? Some 

evidence for a theory”. Perceptrial and Motor Skills, vol. 18, pp. 119-158, 1964. 
142. D. Keltner, T. E. Moffitt, and M. Stouthamer-Loeber, “Facial expressions of emotion 

and psychopathology in adolescent boys”. J Abnorm Psychology, vol. 104, no. 4, pp. 
644-652, 1995. 

143. D. Keltner and P. Ekman, Facial expression of emotion. Handbook of emotions, New 
York: Guilford Publications, Inc., 2000, pp. 236-249. 

144. N. Eisenberg, R. A. Fabes, P. A. Miller, J. Fultz, R. Shell, R. M. Mathy, R. R. Reno, 
“Relation of sympathy and personal distress to prosocial behavior: a multimethod 
study”. J Pers Soc Psychol., vol. 57, no. 1, pp. 55-66, 1989. 

145. F. Esteves, U. Dimberg, and A. öhman, “Automatically elicited fear: Conditioned skin 
conductance responses to masked facial expressions”. Cognition and Emotion, vol. 8, 
no. 5, pp. 393-413, 1994. 



146 
 

146. D. Keltner, R. C. Young, and B. N. Buswell, “Appeasement in human emotion, social 
practice, and personality”. Aggressive Behavior, vol. 23, pp. 359-375, 1997. 

147. D. A. Pizzagalli, D. Lehmann, A. M. Hendrick, M. Regard, RD. Pascual-Marqui, RJ. 
Davidson, “Affective judgments of faces modulate early activity (approximately 160 
ms) within the fusiform gyri”. NeuroImage, vol. 16, no. 3, pp. 663-667, 2002. 

148. R. W. Picard, Affective Computing. The MIT Press, Cambridge, Massachusetts, 
London, England, 2000, pp. 175. 

149. A. Paulus, M. Rohr, R. Dotsch, D. Wentura, “Positive Feeling, Negative Meaning: 
Visualizing the Mental Representations of In-Group and Out-Group Smiles”. PLoS 
ONE, vol. 11, no. 3, pp. 1-18, 2016. 

150. A. Dhall, R. Goecke, J. Joshi, K. Sikka, and T. Gedeon, “Emotion Recognition In The 
Wild Challenge 2014: Baseline, Data and Protocol”. International Conference on 
Multimodal Interaction, 2014, pp. 461-466.  

151. A. Dhall, R. Goecke, S. Lucey, T. Gedeon, “Collecting Large, Richly Annotated 
Facial-Expression Databases from Movies”. IEEE MultiMedia, vol. 19, no. 3, pp. 34 - 
41, 2012. 

152. Multimodal Analysis of Human Nonverbal Behaviour in Real-World Settings, 
Retrieved from https://mahnob-db.eu. 

153. S. Petridis, B. Martinez, and M. Pantic, “The MAHNOB Laughter database”. Image 
and Vision Computing, vol. 31, no. 2, pp. 186-202, 2013. 

154. M. Pantic, M. Valstar, R. Rademaker, and  L. Maat, “Web-Based Database for Facial 
Expression Analysis”. International Conference on Multimedia and Expo, 2005, pp. 5. 

155. M. F. Valstar, and M. Pantic, “Induced Disgust, Happiness and Surprise: an Addition 
to the MMI Facial Expression Database”. International Conference on Language 
Resources and Evaluation, Workshop on EMOTION, 2010, pp. 65-70. 

156. T. Kanade, J. F. Cohn, and Y. Tian, “Comprehensive database for facial expression 
analysis”. International Conference on Automatic Face and Gesture Recognition, 
2000, pp. 46-53. 

157. P. Lucey, J. F. Cohn, T. Kanade, J. Saragih, Z. Ambadar, and I. Matthews, “The 
Extended Cohn-Kanade Dataset (CK+): A complete expression dataset for action unit 
and emotion-specified expression”. International Workshop on CVPR for Human 
Communicative Behavior Analysis, 2010, pp. 94-101. 

158. Loom.ai, Personalized 3D Avatar API. Retrieved from https://www.loomai.com/2017. 
159. M. Z. Hossain, T. Gedeon, S. Caldwell, L. Copeland, R. Jones, C. Chow, 

“Investigating differences in two visualisations from observer’s fixations and 
saccades”. Australasian Computer Science Week Multiconference, no. 7, pp. 1-4, 
2018. 

160. [Online] https://neulog.com/. 
161. The E4 wristband from empatica. Retrived from https://www.empatica.com/  
162. M. Z. Hossain, T. D. Gedeon, R. Sankaranarayana, D. Apthorp, A. Dawel, “Pupillary 

responses of Asian observers in discriminating real from fake smiles: A preliminary 
study”. International Conference on Methods and Techniques in Behavioral Research, 
2016, pp. 170-176. 

163. V. Xia, N. Jaques, S. Taylor, S. Fedor, and R. Picard, “Active learning for 
electrodermal activity classification”. Signal Processing in Medicine and Biology 
Symposium, 2015, pp. 1-6. 

164. M. Z. Hossain, T. Gedeon, and R. Sankaranarayana, “Observer’s Galvanic Skin 
Response for Discriminating Real from Fake Smiles”. Australasian Conference on 
Information Systems, 2016, pp. 1-8. 



147 
 

165. G. D. Clifford, “Signal processing methods for heart rate variability”. Doctor of 
Philosophy, Engineering Science, University of Oxford, 2002. 

166. R. W. Picard, E. Vyzas, and J. Healey, “Toward machine emotional intelligence: 
analysis of affective physiological state. Transactions on Pattern Analysis and 
Machine Intelligence, vol. 23, no. 10, pp. 1175-1191, 2001. 

167. M. Z. Hossain, and T. Gedeon, “Classifying Posed and Real Smiles from Observers’ 
Peripheral Physiology. International Conference on Pervasive Computing 
Technologies for Healthcare, 2017, pp. 460-463. 

168. Mathôt, S. “A simple way to reconstruct pupil size during eye blinks”, available at 
http://dx.doi.org/10.6084/m9.figshare.688001, 2013. 

169. W. L. Zheng, B. N. Dong, and B. L. Lu, “Multimodal emotion recognition using EEG 
and eye tracking data”. International Conference on Medicine and Biology Society, 
2014, pp. 5040-5043. 

170. V. F. Pamplona, M. M. Oliveira, and G. V. G. Baranoski, “Photorealistic Models for 
Pupil Light Reflex and Iridal Pattern Deformation”. ACM Transactions on Graphics, 
vol. 28, no. 4, pp. 1-12. 2009. 

171. N. Nourbakhsh, Y. Wang, F. Chen, R. A. Calvo, “Using Galvanic Skin Response for 
Cognitive Load Measurement in Arithmetic and Reading Tasks”. Australian 
Computer-Human Interaction Conference, pp. 420-423, 2012. 

172. G. Marsaglia, W. Tsang, and J. Wang, “Evaluating Kolmogorov’s Distribution”. 
Journal of Statistical Software, vol. 8, no. 18, pp. 1-4, 2003. 

173. R. C. Blair, and W.W. Karniski, “An alternative method for significance testing of 
waveform difference potentials”. Psychophysiology, vol. 30, no. 5, pp. 518-524, 1993. 

174. P. Jouni, R. Okko, and K. Serdar, “Feature selection methods and their combinations 
in high-dimensional classification of speaker likability, intelligibility and personality 
traits”, Feature selection code available: 
http://users.spa.aalto.fi/jpohjala/featureselection/. Computer Speech & Language, vol. 
29, no. 1, pp. 145-171, 2015. 

175. D. L. Hall, and J. Llinas, “An introduction to multisensor data fusion”. Proceedings of 
the IEEE, vol. 85, no. 1, pp. 6-23, 1997. 

176. F. Castanedo, “A Review of Data Fusion Techniques”. The Scientific World Journal, 
no. 704504), pp. 1-19, 2013. 

177. H. F. Nweke, T. Y. Wah, G. Mujtaba, M. A. Al-garadi, “Data fusion and multiple 
classifier systems for human activity detection and health monitoring: Review and 
open research directions”. Information Fusion, vol. 46, pp. 147-170, 2019. 

178. K. Liu, Z. Chen, J. Wu, Y. Tan, L. Wang, Y. Yan, H. Zhang, and J. Long, “Big 
Medical Data Decision-Making Intelligent System Exploiting Fuzzy Inference Logic 
for Prostate Cancer in Developing Countries”. IEEE Access, vol. 7, pp. 2348-2363, 
2019. 

179. Y. Zhong, Z. Mengyuan, W. Yongxiong, Y. Jingdong, and Z. Jianhua, “Recognition 
of emotions using multimodal physiological signals and an ensemble deep learning 
model”. Computer Methods and Programs in Biomedicine, vol. 140, pp. 93-110, 
2017. 

180. G. A. Gunadi, A. Harjoko, R. Wardoyo, N. Ramdhani, “Fake Smile Detection Using 
Linear Support Vector Machine”. International Conference on Data and Software 
Engineering, 2015, pp. 130-107. 

181. T. E. Michael, “Sparse Bayesian Learning and the Relevance Vector Machine”. 
Journal of Machine Learning Research, vol. 1, Jun., pp. 211-244, 2001. 

182. A. V. Moere, and H. Purchase, “On the role of design in information visualization”. 
Information Visualization, vol. 10, no. 4, Oct., pp. 356-371, 2011. 



148 
 

183. K. Sedig, S. Rowhani, J. Morey, and H. Liang, “Application of Information 
Visualization Techniques to the Design of a Mathematical Mindtool: A Usability 
Study”. Information Visualization, vol. 2, no. 3, pp. 142-156, 2016. 

184. M. Olivera, “Using Collaborative Visual Analytics for Innovative Industry-inspired 
Learning Activities”. Australasian Conference on Information Systems, 2015, pp. 1-
12. 

185. M. Smiciklas, The Power of Infographics: Using Pictures to Communicate and 
Connect With Your Audiences. Indiana, 2012, pp. 3. 

186. H. Bruce, A. Jocelyn, and M. Tanya, “Optimizing Visual Layout for Training and 
Learning Technologies”. Australasian Conference on Information Systems, 2016, pp. 
1-11. 

187. N. Gershon, and W. Page, “What storytelling can do for information visualization”. 
ACM Communications, vol. 44, no. 8, pp. 31-37, 2016. 

188. E. Segel, and J. Heer, “Narrative Visualization: Telling Stories with Data”. 
Transactions on Visualization and Computer Graphics, vol. 16, no. 6, pp. 1139–1148, 
2010. 

189. J. Hullman, and N. Diakopoulos, “Visualization Rhetoric: Framing Effects in 
Narrative Visualization”. Transactions on Visualization and Computer Graphics, vol. 
17, no. 12, pp. 2231–2240, 2011. 

190. G. Robertson, R. Fernandez, D, Fisher, B. Lee, and J. Stasko, “Effectiveness of 
Animation in Trend Visualization”. Transactions on Visualization and Computer 
Graphics, vol. 14, pp. 1325–1332, 2008. 

191. A. Majooni, M. Masood, and A. Akhavan, “An eye-tracking study on the effect of 
infographic structures on viewer’s comprehension and cognitive load”. Information 
Visualization, vol. 17, no. 3, pp. 1-10, 2017. 

192. L. Jason, J. Ritchie, and R. Crooks, Infographics: The Power of Visual Storytelling. 
Hoboken, N.J.: John Wiley & Sons, Inc., 2012. 

193. J. H. Larkin, and H. A. Simon, “Why a Diagram is (Sometimes) Worth Ten Thousand 
Words”. Cognitive Science, vol. 11, no. 1, pp. 65–100, 1987. 

194. J. Goldberg, and J. Helfman, “Eye tracking for visualization evaluation: Reading 
values on linear versus radial graphs”. Information visualization, vol. 10, no. 3, pp. 
182-195, 2011. 

195. A. Prouzeau, A. Bezerianos, and O. Chapuis, “Evaluating multi-user selection for 
exploring graph topology on wall-displays”. Transaction on Visualization and 
Computer Graphics, vol. 23, no. 8, pp. 1936-1951, 2017. 

196. A. Ghaffari, H. Abdollahi, M. R. Khoshayand, I.  Soltani Bozchalooi, A. Dadgar, M. 
Rafiee-Tehrani, “Performance comparison of neural network training algorithms in 
modeling of bimodal drug delivery”. International Journal of Pharmaceutics, vol. 
327, no. 1-2, pp. 126-138, 2006. 

197. L. V. Kamble, D. R. Pangavhane, and T. P. Singh, “Neural network optimization by 
comparing the performances of the training functions -Prediction of heat transfer from 
horizontal tube immersed in gas–solid fluidized bed”. International Journal of Heat 
and Mass Transfer, vol. 83, pp. 337-344, 2015. 

198. H. Demuth, M. Beale, and M. T. Hagan, Neural Network Toolbox for Use with 
MATLAB, Neural Network Toolbox User’s Guide. The Math Works Inc., Natick, MA, 
2005. 

199. W. Hager, W. Zhang, H. A. “Survey of Nonlinear Conjugate Gradient Methods”. 
Pacific Journal of Optimization, vol. 2, no. 1, pp. 35-58, 2006. 

200. H. T. Gavin, The Levenberg–Marquardt method for nonlinear least squares curve-
fitting problems. Duke University, 2013. 



149 
 

201. W. Zou, Y. Li, and A. Tang, “Effects of the number of hidden nodes used in a 
structured-based neural network on the reliability of image classification”. Neural 
Computing and Applications, vol. 18, no. 3, pp. 249-260, 2009. 

202. R. Judith, and P. Isabel, “Crowdsourcing for Rating Image Aesthetic Appeal: Better a 
Paid or a Volunteer Crowd? ” International ACM Workshop on Crowdsourcing for 
Multimedia, 2014, pp. 25-30. 

203. C. Aracena, S. Basterrech, V. Snáel, J. Velásquez, “Neural Networks for emotion 
recognition based on eye tracking data”. International Conference on Systems, Man, 
and Cybernetics, 2015, pp. 2632-2637. 

204. L. Cahill, “His Brain, her brain. Scientific American, vol. 292, pp. 40-47, 2005. 
205. J. Huang, Y. Cai, and X. Xu, “A hybrid genetic algorithm for feature selection 

wrapper based on mutual information”. Pattern Recognition Letter, vol. 28, pp. 1825-
1844, 2007. 

206. P. L. Lai, and C. Fyfe. “A neural implementation of canonical correlation analysis”. 
Neural Networks, vol. 12, no. 10, pp. 1391-1397, 1999. 

207. M. F. Valstar, H. Gunes, and M. Pantic, “How to  Distinguish  Posed  from  
Spontaneous Smiles using Geometric Features”. International Conference on 
Multimodal Interfaces, 2007, pp. 38-45. 

208. L. Chen, T. D. Gedeon, M. Z. Hossain, and S. Caldwell, “Are you really angry? 
Detecting emotion veracity as a proposed tool for interaction”. Australian Conference 
on Human-Computer Interaction, 2017, pp. 412-416. 

209. K. Palanisamy, M. Murugappan, and S. Yaacob, “Multiple Physiological Signal-
Based Human Stress Identification Using Non-Linear Classifiers”. Elektronika IR 
Elektrotechnika, vol. 19, no. 7, pp. 80-85, 2013. 

210. P. Shangguan, G. Liu, and W. Wen, “The Emotion Recognition Based on GSR Signal 
by Curve Fitting”. Journal of Information and Computational Science, vol. 11, no. 8, 
pp. 2635-2646, 2014. 

211. N. Sharma, and T. Gedeon, “Modeling observer stress for typical real environments”. 
Expert Systems with Applications, vol. 41, no. 5, pp. 2231 - 2238, 2014. 

212. A. Vehtari, A. Gelman, and J. Gabry, “Practical Bayesian model evaluation using 
leave-one-out cross-validation and WAIC”. Journal of Statistical Computing, vol. 27, 
pp. 141-153, 2017. 

213. T. Wong, “Performance evaluation of classification algorithms by k-fold and leave-
one-out cross validation”. Pattern Recognition, vol. 48, pp. 2839–2846, 2015. 

214. J. F. Cohn, and K. L. Schmidt, “The timing  of  facial  motion  in  posed  and  
spontaneous smiles”. International  Journal  of  Wavelets, Multi-resolution and  
Information  Processing, vol. 2, pp. 1-12, 2004. 

215. M. Chih-Min, Y. Wei-Shui, and C. Bor-Wen, “How the Parameters of K-nearest 
Neighbor Algorithm Impact on the Best Classification Accuracy: In Case of 
Parkinson Dataset”. Journal of Applied Sciences, vol. 14, pp. 171-176, 2014. 

216. R. Romero, E. L. Iglesias, and L. Borrajo, “A Linear-RBF Multikernel SVM to 
Classify Big Text Corpora”. International BioMed Research, pp. 1-14, 2015. 

217. W. Zou, Y. Li, and A. Tang, “Effects of the number of hidden nodes used in a 
structured-based neural network on the reliability of image classification”. Neural 
Computing and Applications, vol. 18, no. 3, pp. 249–260, 2009. 

218. J. Chen, Y. Leong, CJ. Honey, CH. Yong, KA. Norman, U. Hasson, “Shared memo-
ries reveal shared structure in neural activity across individuals”. Nature 
Neuroscience, vol. 20, no. 1, pp. 115-125, 2017. 



150 
 

219. M. Seymour, K. Riemer, and J. Kay, “Interactive Realistic Digital Avatars - 
Revisiting the Uncanny Valley”. International Conference on System Sciences, 2017, 
pp. 547-556. 

220. K. M. Gothard, “The amygdalo-motor pathways and the control of facial 
expressions”. Frontiers in neuroscience, vol. 8 no. 43, pp. 1-7, 2014. 

221. A. Sel, B. C. Merino, S. Tuettenberg, B. Forster, “When you smile, the world smiles 
at you: ERP evidence for self-expression effects on face processing”. Social Cognitive 
and Affective Neuroscience, vol. 10, no. 10, pp. 1316–1322, 2015. 

222. P. Denman, L. Nachman, and S. Prasad, “Designing for “a” user: Stephen Hawking’s 
UI”. Participatory Design Conference, no. 2, pp. 94-95, 2016. 

223. M. Seymour, C. Evans, and K. Libreri, “Meet Mike: epic avatars”. ACM SIGGRAPH 
VR Village. no. 12, 2017, pp. 1-2. 

224. Z. Zeng, J. Tu, M. Liu, T. Zhang, N. Rizzolo, Z. Zhang, T. S. Huang, D. Roth, and S. 
Levinson, “Bimodal HCI-related affect recognition”. International conference on 
Multimodal interfaces, 2004, pp. 137 - 143. 

225. A. Asthana, C. Sanderson, T. Gedeon, and R. Goecke, “Learning-based face synthesis 
for pose-robust recognition from single image”. British Machine Vision Conference, 
2009, pp. 1-10. 

226. M. Del Giudice, and L. Colle, “Differences between children and adults in the 
recognition of enjoyment smiles”. Developmental Psychology, vol. 43, pp. 796-803, 
2007. 

227. C. L. Lisetti, S. M. Brown, K. Alvarez, and A. H. Marpaung, “A social informatics 
approach to human-robot interaction with a service social robot”. Transactions on 
Systems, Man, and Cybernetics, vol. 34, no. 2, pp. 195-209, 2004. 

228. M. M. Maack, “Meet Nadia, the scarily ‘human’ chatbot who can read your 
emotions”. Retrieved from http://bit.ly/2yyZ9jb, 2017. 

229. D. Zhu, T. Gedeon, and K. Taylor., “Moving to the centre: A gaze-driven remote 
camera control for teleoperation”. Interacting with Computers, vol. 23, no. 1, pp. 85-
95. 2011. 

230. Park, J. “The Effect of Character’s Visual Style on Viewer’s Empathy and Sympathy 
Responses”. Master’s  thesis. Purdue University, West Lafayette, Indiana. Retrieved 
from http://bit.ly/2yEYj3F, 2017. 

 

 


