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ABSTRACT 

Automatic human emotion recognition has been receiving increasing attention from 

researchers in the area of computer vision, and several solutions have been proposed. Most of the 

early works have focused on a single modality: typically, facial expression, or speech. More recent 

efforts have focused on multimodal fusion because human emotion is expressed through three 

modalities: facial expressions, speech and physiological signals. These efforts have primarily 

emphasized finding effective multimodal fusion approaches, including audio-visual fusion. 

Individual modalities are often combined through simple fusion at the feature and/or decision-

level. Despite some improvement of accuracy, most of the early approaches have relied on 

handcrafted features and traditional fusion and classification techniques. The use of well-

established feature extraction techniques to automatically extract effective features from 

multimodal information as well as using deep learning classifiers in fusion and classifications are 

new directions currently being actively pursued by researchers, but several challenges remain in 

realizing a multimodal, end-to-end deep learning system.  

Another challenge faced by researchers is the lack of emotion data to be used for 

classification purposes. However, using data augmentation techniques to expand the available 

dataset has become a popular and effective method for increasing training data in classification 

problems. This method was therefore implemented in the current study. 

This work investigates the use of augmentation, deep learning classification techniques and 

various fusion models to address the problem of machine understanding of human affective 

behaviour and to improve the accuracy of both unimodal and multimodal emotion recognition. 

The aim of this work is to explore how best to configure the emotion classification model through 

augmentation, deep learning classification networks and fusion to capture individually and jointly 
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the key features contributing to human emotions from the three modalities (speech, face and 

physiological signals) and, thus, to accurately classify the expressed human emotion. This work 

studies the use of well-established augmentation techniques, such as flipping, cropping, rotation 

(for video augmentation), pitch shifting, controlling volume (for speech augmentation) and adding 

noise (for speech and physiological signals). The use of several classifiers, including convolutional 

neural network (CNN), naïve bayes (NB), k-nearest neighbor (KNN), linear discriminant analysis 

(LDA) and decision trees (DT) were studied for this task as well. Proposed fusion techniques 

(weight-based fusion) were also compared to early fusion and late fusion models to capture the 

latent correlation and complementary information between the modalities, and thereby improve 

overall emotion recognition accuracy.  

Simulation results and experiments conducted on the proposed systems demonstrated that 

the augmentation and classification approaches increased performances up to 1% for audio data, 

30% for video data and 8% for physiological data. The proposed multimodal system also achieved 

up to 19% increase in performance when compared to unimodal data.  
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CHAPTER 1  

INTRODUCTION 

 

 

1.1 Overview 

Computers are increasingly becoming an essential part of human life. While the uses of 

computers are seemingly limitless, when it comes to understanding emotions, computers are still 

lacking in this area. If a computer could better understand the emotions being felt or expressed by 

a human as they interact with a computer, the computer’s performance could be maximised. 

Therefore, advancing the field of human-computer interactions based on emotion recognition has 

become a key research area in recent years.   

Within this field, affective analytics has been a particularly interesting direction of 

research. Affective analytics refers to a computer’s capabilities to automatically recognise people’s 

emotions or sentiments. It aims to mine opinions, sentiments, and emotions based on observations 

of people’s actions that can be captured using their writings, facial expressions, speech, 

physiological signals and movements. Affective data from the Web encompasses subunits, such 

as emotion, sentiment, opinion and micro-expression, as shown in Figure 1.1. There are many 

application areas, such as attention monitoring (Smith et al., 2003), customer satisfaction (X. Deng, 

2017), deceit analysis (Z. Zhang et al., 2007), computer games (Alakus et al., 2020; Frommel et 
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al., 2018) and computer-aided diagnosis systems (Tacconi et al., 2008; Wen et al., 2015), that 

could benefit from an emotion recognition system. 

 

Figure 0.1: Overview of framework for multimodal emotion data affective analytics 

 

A human’s emotions can be expressed through various states, and these include the 

following: physical indicators, such as facial expression; audio indicators, such as voice tone or 

pitch; and physiological indicators, such as heartbeat, skin response, etc. Facial expressions 

provide the most obvious information about the emotion a person is feeling, and it is perhaps not 

surprising that most of the work on detecting emotions is carried out through analysis of facial 

expressions. The most common way of capturing these visual cues is through the use of cameras, 

and it is fairly easy to collect video or images of people for facial expression analysis because 

cameras, from mobile phones and webcams to closed-circuit television (CCTV) and 360-degree 

cameras, are now commonplace. Also, audio recordings of people’s voice can be collected through 

cameras or recorders. A great number of audio data from human speech has thus far been collected 

for audio-based emotion recognition. Aside from speech, music or certain sounds that elicit 
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different emotions have also been analysed for emotion recognition. Lastly, physiological 

indicators can also be used for emotion recognition purposes. Physiological changes in the body 

caused when experiencing emotions can be captured and analysed, and these include, for example, 

heart rate, GSR, temperature and electroencephalogram (EEG). These signals can be captured 

through different kinds of sensors. Nowadays, most of these sensors have become widely 

available, though specially produced sensors used in specialized labs do provide better results. 

Although there are not as many databases available for physiological signals as there are video or 

audio emotion based datasets, it is also useful to explore this area of emotion indication because 

of their precision and accuracy where emotion recognition is involved. 

 

1.2 Motivation and Problem Statement  

The converge of digital human emotion recognition and data mining is a cutting-edge 

research area along with their being industry and community demand. Accurate digital emotion 

determination, where a computing device can in a sense read a human’s mind/thinking, is an 

important step in resolving many problems, including in areas such as mental health, business 

growth trends, and forensic analysis. However, it is a challenging task to develop an emotion 

recognition system utilising video, audio, and phycological signals to correctly determine emotions 

and their level of intensity. Prior to building such a system, several procedural issues need to be 

considered, including data augmentation, feature extraction and selection, appropriate classifier 

selection, parameter optimization, and fusion of the multimodal data. Although there exists a 

handful of methods already proposed in the affective computing domain, the need exists for a 
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robust and efficient approach to improving the performance and accuracy of emotion 

classification.  

Starting with the problem caused by the limited amount of data available, augmenting the 

data available from well-known datasets is focussed upon. There are numerous ways to augment 

video, audio, and signal data. Well known data augmentation techniques are chosen such as the 

following: rotation, cropping, and flipping on the video data; adding noise and changing the pitch 

in audio data; and adding noise on physiological signals. 

In emotion recognition, one of the most important steps is reliable feature extraction. The 

emotion recognition process comprises of determining the key features that are directly correlated 

to different emotional states so as to differentiate those properly. There exists a number of studies 

that have focused on mining new features but not the full-system through which to identify 

emotions by means of video, audio and physiological signal. 

Identifying the most-appropriate classifier which can accurately classify the human emotions is an 

additional challenging task in the journey of emotion recognition system development. The 

majority of the affective computing domain researchers used simple learning techniques to make 

their works easier; however, this was unsuccessful at reaching the targeted accuracy using video, 

audio and physiological signals. 

An accurate emotion classification system often involves data signals from different 

modalities, including video, audio and physiological signals. Data fusion from these modalities is 

typically non-trivial due to their diverse statistical features (Castanedo, 2013) and the non-linear 

relationships among them. Many researchers have concentrated on fusing multimodal 

physiological signals using concatenating features from individually modality to form one unique 

feature vector. Although this is a common practice, it is unable to calibrate the non-linear 
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emotional states across modalities because it focuses more on the relationship among features 

inside each modality rather than finding non-linear relationships across the modalities. The non-

linear emotional information across modalities is able to offer matching evidence for emotion 

classification. 

Based on the above discussion, some of the open issues in this field that need to be investigated 

and resolved to produce an automatic emotion recognition system are as follows: 

(i) For data augmentation technique: A novel synthetic dataset produced through data 

augmentation by well-established data augmentation techniques. 

(ii) For classifier: Novel deep learning classification method used.  

(iii) For fusion: Novel fusion equation using weights. 

Hence, in this thesis the focus is mainly given to the following:  

(i) Investigating data augmentation techniques for analysing and recognizing emotions in video 

and audio data.  

(ii) Proposing novel classifying techniques for improved performance results. 

(iii) Proposing a novel weight-based fusion equation for automatic emotion recognition using 

multimodal emotion data. 

1.3 Aim and Objectives  

The aim of this thesis is to propose an automatic emotion detection system for multimodal 

data using data augmentation, feature extraction, classification, and fusion techniques. To achieve 

this aim, the main objectives of this thesis are as follows. 

(i) To investigate well-established data augmentation techniques for video, audio and 

physiological signal augmentation. 
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(ii) To improve the classification procedure using a novel deep learning convolutional neural 

network (DCNN) classifier and to compare it with other classifiers such as an artificial neural 

network (ANN), k-nearest neighbor (KNN) and decision trees (DT). 

(iii) To introduce a weight-based fusion module for better performance when compared to 

commonly used fusion methods, such as feature and decision fusion. 

 

1.4 Brief Methodology  

This thesis is divided into four phases. 

Phase 1: In this phase, the audio emotion data is addressed. The audio data is augmented, 

then experiments are performed on the data and the results obtained are discussed. The details of 

the process are as follows: 

(i) Speech signals are augmented to generate additional data samples. These augmented data are 

analysed and compared to acquire the output accuracy of various well-established data 

augmentation techniques.  

(ii) The audio features from augmented data are extracted. The main extracted features are the 

mel-frequency cepstrum coefficients (MFCC). 

(iii) The acquired features are assessed using the latest classifiers (convolutional neural network 

(CNN), naïve bayes (NB) and KNN) to determine the emotion present. 

(iv)  The performance accuracy is verified. The proposed techniques are compared to non-

augmented methods. 
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Phase 2: The focus in this phase is on the video data. Data augmentations are carried out 

on the video data, then experiments are performed on the augmented data and the results are 

discussed. The considerations and work procedure can be summarised as follows: 

(i) The reason for data augmentation is to increase the number of training data so that the precision 

of classification can be increased. In this process, the video data is converted to image frames 

and the effect of different well-established data augmentation techniques was evaluated and 

compared on each image. 

(ii) The features are extracted from the augmented data using state-of-the-art open-source face 

recognition software. 

(iii) Classification is carried out on the features extracted using some of the latest classifiers (CNN, 

linear discriminant analysis (LDA), KNN and DT) to calculate the emotion within the data.  

(iv)  Finally, the performance accuracy is verified. The proposed techniques are compared to non-

augmented methods. 

Phase 3: Physiological signals are the main focus in this phase. As with the previous phases, 

physiological signals are augmented using suitable methods, experiments are done on the 

augmented data and the results obtained are discussed. The process is as follows: 

(i) In physiological data, signals are augmented with suitable well-established augmentation 

techniques.   

(ii)  Feature extraction is carried out on the augmented data. 

(iii) The extracted features are evaluated using the latest classifiers (CNN, NB and KNN) to    

predict the existing emotion. 

(iv)  The performance accuracy is verified. The proposed techniques are compared to non-

augmented methods. 
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Phase 4: In phase 4 multimodal data fusion experimentation is undertaken and the 

subsequent results are discussed. The process is as follows:  

(i) Different well-established fusion techniques are employed on the feature that had been 

extracted previously from the video, audio and physiological data. 

(ii) A novel weight-based fusion technique is developed and is evaluated using the data. 

(iii) Classification is carried out on the fused data using the latest classifiers (CNN) to acquire the 

emotion present.  

(iv)  Then, the proposed technique is compared to other fusion methods to determine effectiveness.  

(v) Finally, a cross-database classification is carried out using multiple databases to further fine-

tune the emotion classification system. 

 

1.5 Research Scope 

For a computer to determine emotion from data, multimodal emotion recognition is 

essential. For this reason, video, audio and physiological data need to be classified with even more 

precision and accuracy, and this is the focus of the thesis. Toward this target, the scope of this 

thesis includes the following: 

(i) A more accurate multimodal emotion recognition system performance will greatly impact in a 

better understanding of human behaviour compared to existing multimodal systems. 

(ii) Classification of the multimodal data is categorized into the seven well-established emotions 

(i.e. happiness, sadness, neutral, surprise, anger, disgust and fear) displayed by humans 

(Ekman, 1982a). The reason for choosing this set of classes is due to its simplicity and its 

ability to compare performance in the current study with other research due to its popularity. 
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(iii) There are many well-established data augmentation techniques. For example, audio 

augmentation includes techniques such as noise injection, pitch shifting, changing speed; video 

augmentation techniques include horizontal and vertical flipping, cropping, rotating and 

physiological augmentation techniques such as adding noise. The reason for using these 

techniques is to evaluate their effectiveness on small datasets in the context of emotion 

classification. 

(iv) Fusion techniques using weight-based modalities have to be constructed to approach a unique 

emotion classification system.    

 

1.6 Contributions and Achievements 

The main contribution of this thesis is a multimodal emotion analysis system using data 

augmentation techniques, deep learning classifier and multimodal data fusion. This system is 

proposed to improve performance and reduced computational time. Some contributions of the 

thesis have been already published/accepted as a book chapter and in a reputed journals and 

conferences.  

Contribution 1: 

(i) A comprehensive literature review of multimodal (text, image and video) affect analysis, fusion 

techniques and simple sentiment classifier model was completed. 

(ii) Past researches on big data affective analytics were reviewed, together with their respective 

advantages and disadvantages. A simple multimodal sentiment affective analysis model was 

also developed. This model was developed through pre-processing a raw database where 

videos were segmented into visual, audio and textual data. Feature extraction was carried out 
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and a feature fusion module was used on the features. Classifiers were used to identify the 

sentiment in the videos. 

(iii) This contribution has been published as a book chapter (Shoumy et al., 2019) as well as in a 

journal (Shoumy et al., 2020) which included a survey of all the data models. 

 

Contribution 2: 

(iv) A series of experiments were conducted on facial image data extracted from video data 

(SAVEE Dataset) utilizing different combination of data augmentation techniques and 

classifiers to obtain the best possible combination for accurate sentiment recognition. 

(v) The considered geometric data augmentation techniques were horizontal reflection, rotation, 

cropping, and combination of all three. Each of these geometric data augmentation technique 

was paired with four different classifiers (CNN, Linear Discriminant Analysis, K-Nearest 

Neighbor and Decision Tree) separately for system performance evaluation. The ‘combination 

of all three geometric data augmentation’ and ‘CNN’ pair was found as the most suited one for 

sentiment identification through extracted image data. 

(vi) This contribution has been published as a conference paper (Shoumy et al., 2021b) which 

included an improving human emotion recognition strategy from videos by pairing a suitable 

geometric data augmentation technique with a deep classifier. 

 

Contribution 3: 

(vii) An extensive experiment was done on audio data extracted from video data (SAVEE Dataset) 

utilizing different combination of audio augmentation techniques and classifiers to obtain the 

best possible combination for accurate sentiment recognition. 



 

11 

 

(viii) Extracted speech signals were augmented using shift pitch, control volume, adding noise and 

combination of all three to generate additional data samples. Each augmentation technique was 

paired with three classification models (CNN, NB and K-Nearest Neighbor) seperately to 

identify emotion expressed through speech, then the outputs were compared in order to decide 

which pair had the best results. The ‘combination of all three augmentation’ and CNN pair 

popped as the best performed one for sentiment identification through audio or speech data. 

(ix) This contribution has been published as a conference paper (Shoumy et al., 2021a) which 

included an improving speech/audio emotion classification method using a pair combining 

audio-augmentation with a classifier. 

 

Contribution 4: 

(x) An extensive experimentation was carried out on physiological datasets (SJTU Emotion EEG 

Dataset (SEED), MAHNOB-HCI and Database for Emotion Analysis using Physiological 

Signals (DEAP)). Training data was augmented to create a larger training set. The combination 

of augmented and original data provided best results during classification. The classifiers used 

were CNN, NB and KNN. Among these, CNN had the best output performance. 

(xi) An overall experimentation encompassing the audio, video and physiological multimodalities 

was carried out. Audio, video and physiological augmentation were implemented on all 

training data from a publicly available dataset (MAHNOB-HCI). The combined data were 

fused using three methods, feature fusion, decision fusion and weighted fusion. The proposed 

weighted fusion method outperformed the rest when combined with a CNN classifier. 

(xii) These contributions will be published as a journal paper (Shoumy, N. J., Ang, L-M., Rahaman, 

D M M., Zia, T., Seng, K. P. & Khatun, S. (2021). Multimodal Emotion Data: Data 



 

12 

 

Augmentation and Fusion. IEEE Access – In review process.) which includes the overall work 

done in this thesis. 

1.7 Organization of the Thesis 

The thesis is organised in terms of seven chapters (as shown in ). Following on from the 

current chapter, Chapter 2 comprises the literature review, where previous research works on 

multimodal data, data augmentation, emotion recognition and data fusion are discussed in detail, 

with their respective pros and cons. Based on the research gaps discussed in Chapter 2, Chapters 

3, 4, 5 and 6 comprises of specific proposals to bridge the gaps on audio, video, physiological and 

multimodal data respectively. Chapter 3 presents the audio emotion data augmentation, 

classification technique and performance analysis. Chapter 4 presents the visual (video and 

images) emotion data classification techniques with its data augmentation procedure and 

performance analysis. Chapter 5 presents physiological emotion data augmentation, classification 

technique and performance analysis. Multimodal data fusion experiments and results are discussed 

in Chapter 6. Finally, Chapter 7 gives the conclusion followed by a discussion of possible future 

research directions. 
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Figure 0.2: Overview of thesis. 

Chapter 2

• Multimodal Emotion Data Analysis: A Review

Chapter 3

• Audio Emotional Data: Augmentation, Experiments and Results

Chapter 4
• Visual Emotion Data: Augmentation, Experiments and Results

Chapter 5

• Physiological Emotion Data: Augmentation, Experiments and Results

Chapter 6

• Multimodal Data Fusion: Experiments and Results

Chapter 7

• Conclusion



 

14 

 

CHAPTER 2  

MULTIMODAL EMOTION RECOGNITION 

ANALYSIS: A REVIEW 

 

 

2.1 Introduction 

Every day, almost every second, the amount of data in the Web is expanding exponentially. 

Most of these data (text, audio, video) are contributed by Web users, who through social media, 

blogs, online communities and other such sites have been increasingly sharing information. 

Individuals utilizing the Web are always welcomed to impart their insights and preferences with 

the rest of the world, which has prompted a huge amount of opinionated online journals, reviews 

of products and services, and remarks on anything virtually (Fong et al., 2012; Abbasi et al., 2008). 

The information being shared covers a myriad of topics, including fields related to everyday life, 

such as health, commerce, education and tourism. In the midst of these data modalities, 

physiological data can be found spread among multiple data dumps from healthcare systems to 

health insurers, researchers and government entities.  

Under this tremendous increase of multimodal data, the term big data is mainly used to 

describe enormous datasets. Unlike traditional datasets, however, big data typically includes huge 

amounts of unstructured data that requires real-time analysis. Big data can be characterized in 

terms of three aspects: a massive amount of collected data (volume), the data cannot be categorized 
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into any regular database (variety), and the quick flow of the data that are generated and captured 

(velocity) (Laney, 2001). Most of these data are contributed by Web users, through social media, 

such as Twitter and Facebook, blogs (e.g., Tumblr and Blogger), online communities and other 

such sites. Analysis of all these big data can be undertaken using various techniques, such as deep 

neural networks (DNN), machine learning, genetic algorithm, and so on. Big data has promising 

applications in the business and Information Technology (IT) industries, and has generated 

significant interest in various fields, including healthcare, affective analytics and customer service. 

Relevant to the current study, physiological data can be found mainly through healthcare data. 

Among these fields, affective analytics has been a particularly interesting direction of 

research. Affective analytics refers to the automatic recognition of emotion or sentiment from 

people. It aims to mine opinions, sentiments and emotions based on observations of people’s 

actions that can be captured using their writings, facial expressions, speech, physiological signals 

and movements. Affective data from the Web encompasses subunits, such as emotion, sentiment, 

opinion and micro expression, as shown in Figure 0.1.  

In the past, researchers focused on investigating a single modality in the form of text, 

speech or facial images. However, with the advancement of computer processing power and the 

development of sophisticated sensors, multimodal approaches can now be used for emotion 

recognition, which provides a more accurate and detailed result. The affective analysis of data can 

be carried out on all sorts of multimedia, such as text, image, speech, physiological signals and 

video. A survey of past research reveals that research has been done on affective analytics in a 

single modality (uni-modal), such as on the topic of sentiment analysis of text reviews (Speriosu 

et al., 2011) or emotion analysis of facial expressions (Bartlett et al., 2005). There are also some 

available sentiment analysis tools (Eyben et al., 2009; Lao & Kawade, 2004; Saragih et al., 2009), 
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which can produce graphical pattern of emotions and feelings found in a set of data. Most of these 

available commercial tools consist of a very limited set of emotions features or modalities; hence, 

they have limitations in properly classifying emotions. However, as one of the important features 

of big data is the variety of data (Laney, 2001), it is important to focus on multimodality for data 

processing by including videos, audio, text, and physiological signals.  

As mentioned earlier, past surveys on sentiment and emotion recognition in the literature 

have been limited to discussions using text, audio, and visual modalities. Hence, to the author’s 

knowledge, a comprehensive survey combining physiological modalities with these other 

modalities for affective computing has yet to be reported. The objective of this research is to fill 

the gap in this surveyed area. The usage of physiological modalities for affective computing brings 

several benefits in that the signals can be used in different environmental conditions, more robust 

systems can be constructed in combination with other modalities and it has increased anti-spoofing 

characteristics.  

Another interesting future development in this area is multimodal fusion techniques that can be 

applied for classification purposes. So far, feature level fusion and decision level fusion have 

been mainly explored by past researchers. This chapter discusses both the known and lesser-

known techniques that have been developed and used in multimodal data analysis. The overview 

of this chapter is shown in Figure 2.1 and a brief summary of past research in affective analysis 

is shown in   
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Table 2.1. 
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Table 2.1: Overview of multimodal affective data research 

Topic Subtopic References 

Affective Framework Emotion Models Ekman & Rosenberg, 2012; 
Colombetti, 2009;  Keltner et al., 
2003; Russell & Barrett, 1999; Frijida 
& Mesquita, 1998; Mehrabian, 1997; 
Mehrabian, 1996; Reisenzein, 1994; 
Plutchik & Van Praag, 1989; Ekman 
et al., 1987; Ekman, 1982b; Russel, 
1980; Plutchik, 1980;  Ekman & 
Friesen, 1971; Tomkins, 1962;   
Wundt, 1905;  Wundt, 1896 

 Sentiment Models Poria et al., 2016; Liu, 2010; Pak & 
Paroubek, 2010; Pang & Lee, 2008; 
Benamara et al., 2007; Bikel & 
Sorensen, 2007; Liu et al., 2005;  
Rousu & Shawe-Taylor, 2005; M. Hu 
& Liu, 2004; S.-M. Kim & Hovy, 
2004; Dave et al., 2003; Nasukawa & 
Yi, 2003; Pang et al., 2002; Turney, 
2002; Osgood, C. E., Suci, G. J., & 
Tannenbaum, 1958  

 Opinion Models Qazi et al., 2014; K. Xu, Liao, Li, & 
Song, 2011; Liu, 2011; Liu, 2010; 
Ganapathibhotla & Liu, 2008; Dave 
et al., 2003   

 Micro-expression Models S. Wang, Chen, et al., 2014; S. Wang, 
Yan, et al., 2014; Shreve et al., 2009, 
2011; Polikovsky et al., 2009; 
Haggard & Isaacs, 1966    

Multimodal Framework Textual Data Hegde & Padma, 2015; Singh et al., 
2013; Yi et al., 2012;  Speriosu et al., 
2011 

 Image Data Setchi & Asikhia, 2017; Guntuku et 
al., 2016; Frome et al., 2013 

 Audio Data Deb & Dandapat, 2017; Sawata et al., 
2016); Mairesse et al., 2012  

 Video Data Gupta et al., 2017; Zhu et al., 2017; J. 
Chen et al., 2016; Soleymani & 
Pantic, 2012 

 Physiological Data Tong et al., 2018; Balbin et al., 2017; 
Abadi et al., 2015; J. Chen et al., 
2015; Koelstra et al., 2012;  
Soleymani et al., 2012; Chanel et al., 
2011; J. Kim, 2007;  Scheirer et al., 
2002; R. W. Picard et al., 2001;    
Collet et al., 1997 

Fusion Techniques Feature Level  Fusion Abadi et al., 2015; J. Chen et al., 
2015; Desmet & Hoste, 2013; 
Nicolaou et al., 2010; Hall & Llinas, 
1997 

 Decision Level or Late Fusion Kaya et al., 2017; Zhalehpour et al., 
2017; Meng et al., 2013; Koelstra et 
al., 2012 

 Hybrid Multimodal Fusion Ayache et al., 2007 
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 Model-Level Fusion Poria, Cambria, et al., 2017a; Poria, 
Cambria, et al., 2017b;  Petridis & 
Pantic, 2008; Sebe et al., 2006; Zeng 
et al., 2006; Caridakis et al., 2004; M. 
Song et al., 2004   

 Rule-based Fusion L. C. De Silva & Ng, 2000 

 Classification-based Fusion Y. Wu et al., 2004; Adams et al., 
2003 

 Estimation-based Fusion A. Sinha et al., 2008 
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2.2 Affective Framework 

The concept of affective computing was proposed by Picard et al. (1997). Affective 

computing is human-computer collaboration where the user’s emotions can be identified and an 

appropriate response can be formed in return. Sentiment analysis is the field of study that dissects 

user's assessments, evaluations, attitudes and feelings towards certain things, for example, 

services, organizations, products, people, issues and occasions. Applications of affective 

computing and sentiment analysis can be found for many different situations. Numerous 

companies perform the analysis of sentiments, such as love, hate, fear, etc., and of feelings as part 

of their mission. Sentiment mining techniques can used adventitiously for the creation and 

automated upkeep of review and opinion grouping websites. In such websites, opinionated text 

and videos are continuously gathered from the Web, and they are not restricted to just product 

reviews, but also to wider topics, such as political issues and brand perception. 

Affective computing and sentiment analysis have likewise an incredible potential as a sub-

segment innovation for different frameworks. They can improve the capacities of client 

relationship administration and suggestion frameworks permitting. For instance, to discover which 

features clients are especially positive about or to reject those with exceptionally negative 

criticisms from the proposals. Also, they can be used for affective tutoring and affective 

entertainment or for troll filtering and spam detection in online social correspondence.  

While the terms ‘sentiment’, ‘emotion’ and ‘affect’ might be used interchangeably in some 

research, these terms do not have the same meaning. Sentiment analysis usually provides 

classification with binary output, such as, ‘1’ or ‘0’ indicating ‘positive-sentiment’ or ‘negative-

sentiment’, respectively. However, the output of emotion recognition data belongs to a large set of 

emotion labels. Finally, affect incorporates both sentiment and emotion to describe them together. 
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In this section, the established theories that define opinion, emotion, sentiment, micro-expression 

and its classification are explained in detail.  

 

2.2.1 Emotion Models 

In the psychology literature, several emotion models have been proposed, beginning in the  

1960s. There are two main theories that are still used to this day: the discrete emotion theory and 

the dimensional emotion theory. These models help to better understand behaviour and how to 

bring about change. These theories are explained in detail in following subsections. 

 

2.1.1.1. Discrete Emotion Theory 

This theory states that emotions are divided into discrete categories and biologically fixed 

(Colombetti, 2009). It also states that emotions are universal to all humans and many animals. The 

basic examples of these emotions are anger, disgust, fear, happiness, sadness and surprise. 

Tomkins Model: The Tomkins model was proposed by S. Tomkins (1962) and assumes 

two phenomena: (i) naturally occurring emotions are those being experienced, and (ii) affect is 

primarily facial behaviour and secondarily outer skeletal or inner visceral behaviour. This model 

states that emotions can be classified into excitement (identified through eyebrows down, eyes 

track, look, listen), joy (identified through smile, lips widened up and out, smiling eyes which 

means circular wrinkles), surprise (identified through eyebrows up, eyes blink), distress (identified 

through crying, arched eyebrows, mouth down, rhythmic sobbing), fear (identified through eyes 

frozen open, pale, cold, sweaty, facial trembling, hair erect), shame (identified through eyes down, 

head down), dissmell (reaction to bad smell) and disgust (reaction to bad taste).  
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Ekman Model: The model proposed by Ekman (1970) (Ekman & Friesen, 1971; Ekman et 

al., 1987; Ekman, 1982b) states that humans have the ability to identify six basic universal 

emotions, which are sadness (identified through lowering of the mouth corners, the eyebrows 

descending to the inner corners and the eyelids drooping), happiness (identified through raising of 

the mouth corners and tightening of the eyelids), anger (identified through eyebrows lowering, lips 

pressing firmly and eyes bulging), fear (identified through upper eyelids raising, eyes opening and 

the lips stretching horizontally), disgust (identified through upper lip raising, nose bridge wrinkling 

and cheeks raising) and surprise (identified through eyebrows arching, eyes opening wide and 

exposing more white and the jaw dropping slightly) (Ekman & Rosenberg, 2012). A seventh basic 

emotion that has been considered universally by some researchers is contempt (identified through 

half of the upper lip tightening up and often the head being tilted slightly back). To verify the 

Ekman model, test subjects were used to classify emotions from facial images. Ekman later 

expanded this set of emotions by adding 12 new positive and negative emotions (Keltner et al., 

2003), which included amusement, contentment, embarrassment, excitement, guilt, pride, relief, 

satisfaction, pleasure and shame. 

2.1.1.2. Dimensional Emotion Theory  

Dimensional emotion theory states that emotions are a combination of one or more 

psychological dimensions (Frijida & Mesquita, 1998). This theory defines emotion in terms of one 

or more dimensions where usually one of them relates to the intensity of emotions. A few of the 

models related to this theory are as follows. 

Wundt’s Three Axes: One of the first multidimensional emotion models was proposed by 

Wundt in 1863 (Wundt, 1896, 1905; Reisenzein, 1994). This theory focuses on the feelings of 

subjective quality that is experienced through introspection. He proposed that there are three 
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dimensions of emotions, which are pleasure to displeasure, arousing to subduing and strain to 

relaxation. This three-dimensional model had a strong impact on early emotion psychology. 

Russel and Mehrabian’s ’77 PAD Model: The pleasure-arousal-dominance (PAD) theory 

was proposed by Mehrabian and Russell (1974) (Mehrabian, 1996; 1997), where they stated that 

all emotions can be represented by three dimensions: pleasure, arousal and dominance. The 

evaluation, activity and potency of this theory was repeatedly justified through highly diverse 

stimuli, such as verbal concepts, sonar signals, paintings, gestures, facial expressions, personal 

names and adjectives describing emotions applied to test subjects. Correlations were found 

between personality traits and the PAD scales, for example, nurturance and agreeableness 

correlated positively, whereas deference and alcohol use correlated negatively. Mysticism, drug 

use and obesity positively correlated with arousability. Traits such as dominance, endurance and 

autonomy positively correlated with the dominance scale, whereas sensitivity to rejection, 

conformity, social recognition correlated negatively to the dominance scale. Traits such as 

exuberance and being bored were included in all three axes of the PAD scale. 

Russell’s ’80 circumplex Model: This model was proposed by Russel in 1980 (Russel, 

1980; Russell & Barrett, 1999) where he proposed that there are multiple sets of interrelated affect 

dimensions. These affective spectrum interrelationships were presented in terms of a spatial model 

in the form of a circle, where opposite feelings were located opposite to each other as shown in 

Figure 2.2. Here, pleasure is at 0°, excitement at 45°, arousal at 90°, distress at 135°, displeasure 

at 180°, depression at 225°, sleepiness at 270° and relaxation is at 315°. 
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Figure 2.2: Circumplex model proposed by James Russell (1980) showing the eight 

affective concepts in the form of a circle 

 

This theory was verified through experimentation where 36 subjects (both male and 

female) were first used to categorize 28 stimulus words into one of the eight categories, then to 

order the eight affective states into the circular form as per the model in Figure 2.2. 

Plutchik’s wheel of emotion: Another multidimensional emotion theory was introduced by 

Plutchik in 1986 (Plutchik, 1980; Plutchik & Van Praag, 1989) where he identified eight primary 

emotions which form the basis of all other emotions. Here, the same as in Ekman’s model, the 

opposite emotions were grouped opposite to each other. The eight considered emotions were joy 

and sadness, acceptance and disgust, fear and anger, surprise and anticipation. This theory was 

based on five assumptions: (i) humans and animals experience the same basic emotions; (ii) 

emotions were present before humans; (iii) emotion has an influential role in survival; (iv) there 

are common patterns in each emotion state; and (v) the most basic emotions are trust, fear, surprise, 

sadness, disgust, anger, anticipation and joy. He also suggested that combining the various basic 

emotions will produce new ones and that there is duality in emotions, which is the reason each 
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emotion has a polar opposite. Plutchik also assumed that emotions had similarity with each other, 

and intensity from very strong to not very strong. All these assumptions produced the wheel of 

emotions, which has three main characteristics: colours, layers and relations. The eight basic 

emotions are arranged by colours, moving towards the centre of the circle intensifies the emotion, 

and therefore the colour intensifies as well, and opposite (polar) emotions can be found across 

from each other as shown in Figure 2.3. 

 

 

Figure 2.3: The model for Plutchik’s wheel of emotion 

2.2.2 Sentiment Models 

The term sentiment analysis was first introduced by Nasukawa and Yi (Nasukawa & Yi, 

2003) in 2003. The aim of sentiment analysis is to determine the attitude of a speaker or a writer 

with respect to some topic through the overall tonality of a spoken text or document. It is simply 
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the recognition of the polarity of a person’s opinion or behaviour (S.-M. Kim & Hovy, 2004; Liu, 

2010; Liu et al., 2005; Pak & Paroubek, 2010). This polarity can be stated as positive, negative or 

neutral, and in some cases, the intensity of the polarity is also considered. Previous sentiment 

models were mostly unimodal (text based), but recently, advances have been made in the field to 

include speech and video modalities (Poria et al., 2016).  

Some commonly used features in sentiment analysis are term presence versus term 

frequency (Pang et al., 2002), term position, N-gram features (Pang et al., 2002; Dave et al., 2003), 

sequence kernels (Bikel & Sorensen, 2007; Rousu & Shawe-Taylor, 2005), parts of speech (such 

as adjectives used (Pang et al., 2002) or adjective-adverb combination (Benamara et al., 2007), 

scoring algorithms, topic-oriented features (Turney, 2002) and Osgood semantic differentiation 

with WordNet (Osgood et al., 1958). These features are usually classified using different 

classification approaches, such as machine learning (both supervised and unsupervised), lexicon 

based, keyword based and concept-based approaches. Pang et al. (2002) (Pang & Lee, 2008) used 

features, including term presence, term frequency, unigrams, bigrams, parts of speech and position 

of terms, and compared their performance on supervised machine learning protocols, namely naive 

Bayes, support vector machines, and maximum entropy.  

For lexicon-based approaches, a lexicon/dictionary is generally used to find the sentiment 

score of a certain word, then the sentiment of the surrounding words are also assigned to the entity 

towards which the sentiment is directed. The sentiment analysis can be document based, sentence 

based, or phrase based. Hu and Liu (2004) created a sentiment lexicon by propagating the known 

sentiment of a few core words through the WordNet lexicon. Next, one sentiment score for each 

sentence was calculated based on the association with all the aspects mentioned in that sentence. 
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2.2.3 Opinion Models 

The term opinion mining was first introduced by Dave et al. (2003). Opinion mining and 

sentiment analysis are often used interchangeably in the literature. However, it should be noted 

that in addition to polarity, opinion mining involves identifying the opinion holder, topic and 

object/entity. Opinion analysis can be categorized into three types: regular, comparative, and 

suggestive (Liu, 2010; Ganapathibhotla & Liu, 2008).  

Regular opinions simply give a positive or negative opinion about one object without 

referencing any other objects. A regular opinion can have two types: direct or indirect opinion 

(Liu, 2011). Direct opinion is when an opinion is expressed directly towards a subject, whereas 

indirect opinion refers to opinion based on its effect.  

Comparative sentences compare an object with another similar object based on the 

preference of the opinion holder. Hu et al. (2011) proposed a graphical opinion model to determine 

comparative product quality from customer reviews. In this model, the interdependencies 

(polarity) of opinions were considered to estimate potential risks, followed by enhancement of 

existing products, further design of new products and respective marketing strategies for 

enterprises.  

A suggestive opinion is when the opinion holder suggests to the consumer about a 

product/subject implicitly or explicitly (Qazi et al., 2014). Qazi et al. proposed a method where 

comparative and suggestive opinion sentences were classified on a mobile phone review database. 

Suggestive opinion was categorized into two types: implicit or explicit. Finally, sentiment analyses 

were carried out on the results.   
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2.2.4 Micro-expression Models 

Micro-expressions were first proposed in 1996 by Haggard and Isaacs (Haggard & Isaacs, 

1966), who named them micromomentary facial expression. Micro-expressions are rapid, 

involuntary facial expressions lasting only for 1/25 to 1/3 of a second. They can be observed in a 

subject/person when he/she tries to hide some feelings and/or emotions intentionally or 

unintentionally. These facial expressions are very useful to detect someone’s actual attitude and 

intention. Micro-expressions can be classified into happiness, disgust, surprise, repression, tense, 

embarrassment, guilt, etc. Micro-expression analysis consists of two tasks, which are spotting and 

recognizing the micro-expression present.  

Polikovsky et al. (2009) compiled a posed database by asking subjects to act out seven 

basic emotions, which were low intensity disgust, anger, fear, sadness, happiness, surprise and 

contempt, and to go back to a neutral expression as soon as possible. A high-speed camera was 

used to capture the emotions that were posed by the 10 subjects. Polikovsky et al. then designed a 

3D orientation gradient orientation histogram to describe facial area variations across time. Shreve 

et al. (2011, 2009) compiled a database of 100 clips of posed micro-expressions by showing a 

video of certain micro-expressions to the subjects and then asking them to mimic the expressions. 

He then used optical strain for micro- and macro-expression spotting on the posed data, which 

indicated the deformation extent of the facial dynamics. Another method proposed (S. Wang, Yan, 

et al., 2014) improved micro-expression extraction by using local binary patterns on three 

orthogonal planes (LBP-TOP) from a tensor independent colour space. Another paper (S. Wang, 

Chen, et al., 2014) used video to view a face as a third order tensor and used local spatiotemporal 

directional features together with robust principal component analysis (PCA) for micro-expression 

recognition. 
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2.3 Multimodal Framework 

Multimodal data is any data, such as text, image, audio, video, numeric, graphical, 

temporal, relational and categorical data (Z.-N. Li & Drew, 2014). Progress in the fields of social 

networking, storage capability, electronic imaging and video devices, have meant that the amount 

of multimodal available has grown massively. These data can now be mined to identify and analyse 

data patterns, statistical relationships or for knowledge acquisition.  

There are several domains where large volumes of data are stored, some of which are the 

digital library (Lesk, 1997), image archive, bioinformatics (Salzberg et al., 1998), medical 

imagery, health care (Blum, 2013), finance and investment (Major & Riedinger, 1992), 

manufacturing and production, business and marketing, telecommunication network, scientific 

domain (Fayyad et al., 1996) and the World Wide Web (WWW) (Etzioni, 1996). However, these 

data are raw and as such are not directly beneficial. Therefore, data mining needs to be carried out 

to extract useful patterns/models by classification, regression, clustering, summarization, image 

retrieval, discovering association rules and rule extraction from the data. 

2.3.1 Textual Data 

One of the most common multimodal data types available is textual data. Text is the usual 

method of formal communication by most people through internal chat, electronic mail, digital 

libraries and electronic publication. Extracting meaningful knowledge and information from 

textual data and making them accessible to various data mining algorithms is called text mining.  



 

31 

 

Textual data that can be used for text mining are product reviews, movie reviews, tweets, 

topic opinion, etc. For example, Hegde and Padma (2015) have used online user generated mobile 

product reviews in the Kannada language for sentiment analysis. Also, Yi et al. (2012) have used 

online hotel reviews (product) together with a feature selection approach to identify sentiment 

polarity. Further, Singh et al. (2013) have used online movie reviews from sites such as Internet 

Movie Database (IMDB) to obtain the sentiment polarity using machine learning techniques. In 

addition, Speriosu et al. (2011) use the online social media platform Twitter to extract short text 

messages (tweets) and the polarity of the sentiment is then identified.  

2.3.2 Image Data 

Another important multimodal data type is images. The World Wide Web is currently the 

largest multimodal data deposit, including images in addition to other data. Transforming these 

image data into high level constructs that can be analysed would add much more value to the 

original information.  

Image mining is the process of extracting image data relationships, implicit knowledge or 

other patterns not explicitly stored in the images by use of various methods, such as pattern 

recognition, image processing, image retrieval, data mining and machine learning. Some examples 

of this visual data are Instagram images, Twitter images and Flickr images. Frome et al. (2013),  

Guntuku et al. (2016) and Setchi and Asikhia (2017) have used images from Flickr, a case study 

and a 1000-class ImageNet object recognition challenge, respectively, for sentiment analysis using 

various classifiers. 
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2.3.3 Audio Data 

Audio mining is a method used to search and analyse audio files from spoken words or 

phrases. It is usually used to save audio files in databases, then to search required specific data in 

terms of keywords within the huge and heterogeneous database. Here, keywords of interest are 

determined based on their occurrence frequency in spoken words. This method is used to obtain 

valuable information from a high volume of recorded speech.  

The audio data of spoken human language is also considered as speech data. These types 

of data are widely available from a variety of sources, such as webcasts, conversations, music, 

meetings, voice messages, lectures, television and radio. Research done by Deb and Dandapat 

(2017), Mairesse et al. (2012) and Sawata et al. (2016) focuses on sentiment analysis using audio 

data from Berlin database of emotional speech (EMODB), Interactive Emotional Dyadic Motion 

Capture (IEMOCAP) and Friedrich-Alexander-University Aibo Emotion Corpus (FAU AIBO) 

database, multiple features database (MFD) and spoken reviews (manual collection), respectively. 

2.3.4 Video Data 

Video data are usually mixtures of data, such as text, image, metadata, visual and audio. It 

is widely used in applications, including security and surveillance, entertainment, medicine, 

education programs and sports. The video data mining objective is to save the data and then detect 

and describe useful patterns from the huge amount of video data in a database. This is one of the 

core research areas within the data-mining research community.  

Video data, too, contributes to a large percentage of unstructured data. Video streams/files 

are often large in size and require a number of techniques to monitor, analyse and extract 

meaningful information. Some available video data are YouTube videos and CCTV camera 
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videos. A hierarchical video database management framework was proposed by Zhu et al. (2017) 

using video semantics to construct database indices. A hierarchical model of a video database that 

seizes the configurations and semantics of video contents was described. The proposed framework 

was for automatic mapping from high-level to low-level representative video features. To achieve 

this, the video data were partitioned into a set of manageable units (in an orderly manner), which 

were clusters, sub clusters, regions, sub regions, objects and frames. An efficient video 

representation, indexing and video data accessing can be realized by the proposed framework. 

Other authors who have used video data in sentiment analysis are J. Chen et al. (2016), Gupta et 

al. (2017) and Soleymani & Pantic (2012). 

2.3.5 Physiological Data 

Physiological data is seldom associated with multimodal data. However, physiological data 

plays an important role in sentiment analysis. Physiological data refers to any data that is collected 

from the physical body or its systems. It is the underlying responses expressed when a person is 

subjected to a certain stimulus. These responses are derived from signals of both the central and 

the autonomic nervous systems.  

The central nervous system includes the brain and spinal cord, while the autonomic nervous 

system is a control system that acts unconsciously and regulates bodily functions, such as the heart 

rate, pupillary response, and sexual arousal. Commonly measured physiological data includes 

electromyogram (EMG), EEG, electrocardiography, GSR, blood volume pulse (BVP), respiratory 

volume, skin temperature and heart rate.  
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Physiological data plays an unbiased role in sentiment analysis as it can detect the body 

changes to verify an emotion even if the other modalities convey otherwise. Table 2.2 shows some 

of the physiological signals that are usually measured and used in emotion recognition research. 

 

Table 2.2: Physiological signals and research that used them 

Physiological Signal Data Reference 

EMG This signal records the electrical activity of muscles 

(frequency of muscle tension). Normal muscles produce 

a typical pattern of electrical current that is usually 

proportional to the level of muscle activity. This 

correlates with negatively valenced emotions 

Abadi et al., 2015; J. 

Kim, 2007 

EEG This signal records of the electrical activity of the brain 

from the scalp. 

Tong et al., 2018; J. Chen 

et al., 2015; Koelstra et 

al., 2012; Soleymani et 

al., 2012; Chanel et al., 

2011   

ECG This signal is used to measure the rate and regularity of 

heartbeats. 

J. Kim, 2007; Soleymani 

et al., 2012; R. W. Picard 

et al., 2001 

electrodermal 

activity/GSR 

This signal is measured from the body surface and 

represents the changes in the electrical properties of the 

skin due to the activity of sweat glands. It increases 

linearly with a person’s level of arousal. 

Balbin et al., 2017;  

Koelstra et al., 2012; 

Soleymani et al., 2012;   

J. Kim, 2007; Scheirer et 

al., 2002; Collet et al., 

1997 

BVP/ 

photoplethysmography 

Through a process of applying a light source and 

measuring the light reflected by the skin, this signal 

measures the rate of blood flow as controlled by the 

heart’s pumping action. 

Tong et al., 2018; J. Kim, 

2007;  Scheirer et al., 

2002 

respiratory volume This process measures how deep and fast the breath is. 

The respiratory volume becomes irregular with more 

aroused emotions like anger. 

Soleymani et al., 2012;  

Collet et al., 1997 

skin temperature Skin temperature varies when there is a change in blood 

flow caused by vascular resistance or arterial blood 

pressure. 

Soleymani et al., 2012;  J. 

Kim, 2007; Collet et al., 

1997 

heart rate  This process measures heart rate variability. It increases 

with negatively valenced emotions, such as fear. 

Balbin et al., 2017;  R. W. 

Picard et al., 2001 

respiration pattern This signal measure the breathing pattern of a person in 

response to a stimuli. 

J. Kim, 2007; R. W. 

Picard et al., 2001 
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2.4 Fusion Techniques 

Fusion techniques are very important for multimodal systems. There are different types of 

information fusion techniques (feature level or early fusion, decision-level or late fusion, hybrid 

multimodal fusion, model-level fusion, rule-based fusion, classification-based fusion, and 

estimation-based fusion) that can be applied towards multimodal data. 

2.4.1 Feature Level Fusion 

In feature level fusion, a single analysis unit is used to perform the analysis task (Hall & 

Llinas, 1997). Here, the features extracted from input data are combined and then sent to the 

analysis unit. As most of the feature fusion is performed serially or in parallel, it ultimately results 

in a high-dimensional vector. This is a major problem in feature level fusion. This problem can be 

overcome through minimizing the extracted features through a feature selection/transformation 

procedure. 

 In visual data, feature fusion combines multimodal features, such as skin colour and 

motion cues, into a larger feature vector. This large feature vector is then fed into the face detection 

unit as an input to detect a face. Usually, these extracted features are based on various 

characteristic, including colour (e.g., colour histogram), texture (e.g., measures of coarseness, 

directionality, contrast), shape (e.g., blobs) and extracted anywhere from an entire image.  

Textual features are usually extracted from the automatic speech recogniser (ASR) 

transcript, video optical character recognition (OCR), video closed caption text and production 

metadata (Desmet & Hoste, 2013).  

Audio features can be generated based on the fast Fourier transform (FFT), mel-frequency 

cepstral coefficient (MFCC) together with other features, such as zero crossing rate (ZCR), linear 
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predictive coding (LPC), volume standard deviation, non-silence ratio, spectral centroid and pitch 

(Nicolaou et al., 2010).  

Motion features include kinetic energy, which measures the pixel variation within a shot, 

motion direction and magnitude histogram, optical flows and motion patterns in specific 

directions.  

Abadi et al. (2015) conduct early fusion of magnetoencephalogram (MEG), peripheral 

responses, facial activity and content-based audio-visual features to classify valence, arousal and 

dominance. J. Chen et al., (2015) propose a feature level fusion for better classification of four 

physiological modalities, including EEG results from the central nervous system and peripheral 

physiological signals (PERI) from peripheral nervous system. 

2.4.2 Decision Level or Late Fusion 

In this approach, first the decisions are made at the analysis units based on individual 

features (Kaya et al., 2017; Meng et al., 2013; Zhalehpour et al., 2017) (a decision is the output of 

an analysis unit at the semantic level). A decision fusion unit is then used to combine the local 

decisions to make a fused decision vector. The fused decision vector is analysed further to obtain 

a final decision about the task needed to perform.  

The decision level fusion has many benefits over feature fusion. For example, at the 

semantic level, usually the decisions have the same representation; features from different 

modalities (e.g., audio and video) may have different representations. Hence, to perform fusion of 

decisions becomes easier. Besides, the decision level fusion offers scalability (i.e., smooth 

upgradation or degradation) in terms of the used modalities during the fusion process, whereas 

both of the above are difficult to achieve in the feature level fusion.  
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In Chanel et al. (2011) decision level fusion was carried out by combining the outputs of 

the classifiers using the Bayes’ belief for integration of the EEG and peripheral information to 

improve classification accuracy. In Koelstra et al. (2012) classification of EEG, PERI, and 

multimedia content analysis (MCA) was carried out through a decision fusion algorithm to 

combine the results of each modality for better accuracy. 

2.4.3 Hybrid Multimodal Fusion 

Hybrid multimodal fusion strategy is a combination of both feature and decision level 

strategies, as a result it draws upon the benefits of both (early and late fusion). Therefore, 

researchers have been influenced to use the hybrid fusion strategy for solving many kinds of 

multimodal analysis problems.  

Ayache et al. (2007) proposed a hybrid fusion approach by considering normalized early 

fusion and contextual late fusion for semantic indexing of multimodal resources using visual and 

text cues. In this approach, each entry of the combined vector is normalized and then fused as an 

act of normalized early fusion. For the contextual late fusion, a support vector machines (SVM) 

based second layer classifier is used to exploit the contextual relationship, and to do that, SVM 

kernel-based fusion schemes have been considered, where the kernel functions are selected 

according to the modalities. 

2.4.4 Model-Level Fusion 

Model-level fusion uses the connection between experimental data under different 

modalities, with a smooth fusion of data (Poria, Cambria, et al., 2017). Researchers built this type 

of model to satisfy their research needs and related problem spaces.  
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M. Song et al., (2004) used audio-visual streams and a tripled hidden Markov model 

(HMM) to model the correlation properties of three component HMM. In contrast, Zeng et al. 

(2006) proposed a multi-stream fused hidden Markov model for recognition of the audio-visual 

effect. This system built an optimal connection between various streams depending on maximum 

entropy and the maximum mutual information principle. Caridakis et al., (2004) and Petridis and 

Pantic (2008) proposed using a neural network module to combine audio and visual modalities for 

emotion recognition. Sebe et al. (2006) proposed the Bayesian network topology to recognise 

emotions from audio-visual modalities. They combined the above two modalities in a probabilistic 

manner. 

2.4.5 Rule-Based Fusion 

A variety of basic rules to combine multimodal information are usually used for rule-based 

fusion method (L. C. De Silva & Ng, 2000). One of those is the statistical rule-based method, 

which includes linear weighted fusion (sum and product), MAX, MIN, AND, OR and majority 

voting. Normalized weights are assigned to every modality under consideration prior to the fusion 

of multimodal data taking place. Thus, the linear weighted fusion method is computationally less 

expensive compared to other methods. However, the weights need to be normalized appropriately 

for optimal execution, which is a drawback this method along with that the method is sensitive to 

outliers. Majority voting fusion is based on the decision obtained by a majority of the classifiers. 

Here, application specific custom-defined rules are created subject to the information collected 

from a number of modalities and the probable final outcome in order to achieve optimized 

decisions.  
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Alkoot and Kittler (Alkoot & Kittler, 2000) proved the theoretical aspects of these rules. 

In addition, there are custom-defined rules that are created for some precise applications. The rule-

based schemes mostly perform better if the quality of chronological arrangement among various 

modalities is agreeable. 

2.4.6 Classification-Based Fusion 

This fusion method comprises a range of classification techniques that are used to classify 

the multimodal observation into one of the pre-defined classes. The techniques include support 

vector machine, Bayesian inference, Dempster–Shafer theory, dynamic Bayesian networks, NNs 

and the maximum entropy model. These techniques can further be classified as generative and 

discriminative models from the machine learning point of view.  

In research by Adams et al. (2003), a system was proposed for a late fusion method for 

detecting semantic concepts in video data using a discriminate learning method for fusing different 

modalities. Y. Wu et al. (2004) proposed two methods for multimodal feature information from 

video data, which are gradient-descent-optimization linear fusion (GLF) and the super-kernel 

nonlinear fusion (NLF). In GLF, an individual kernel matrix is first constructed for each modality 

to provide a partial view of the target. The individual kernel matrices are then fused based on 

optimal weights (the gradient-descent technique is used to find the optimal weights). Then, SVM 

is used on the fused kernel matrix to classify the target videos. The NLF method is used only for 

non-linear combination of multimodal information. 



 

40 

 

2.4.7 Estimation-Based Fusion 

The Kalman filter, extended Kalman filter and particle filter fusion methods are used in 

estimation-based fusion techniques (A. Sinha et al., 2008). A Kalman filter is best-fitted for linear 

systems, while the extended Kalman filter is suitable for non-linear systems. Particle filters are 

simulation-based robust methods used to obtain state distribution of non-linear and non-Gaussian 

state-space models. The particle filter fusion needs a sufficiently large number of samples to reach 

Bayesian optimal estimation state. 

These methods have primarily been used for enhanced state estimation of a moving object 

in multimodal data. One example is object tracking, in which multiple modalities, such as audio 

and video, are fused to estimate the position of the object.  

2.5 Affective Databases 

In this section, unimodal and multimodal datasets for emotion recognition and sentiment 

analysis are described. Research in affective computing requires ground truth data for training and 

benchmarking computational models for machine-based emotion understanding. Databases 

containing audio or visual data have two types of contents: natural and posed. 

2.5.1 Textual Databases 

A large number of textual databases are available for categorization, especially polarity 

classified databases. Text databases are usually in the form of reviews, public opinions and 

political views.  

The earliest known widely available textual sentiment analysis dataset was built by Pang 

et al, and is known as the Movie Review dataset (Pang et al., 2002). It contains 1,000 positive and 



 

41 

 

1,000 negative movie reviews from the IMDB. Another recent movie review dataset with a much 

larger content is the IMDB Review Dataset (Maas et al., 2011). This dataset contains 25,000 highly 

polar movie reviews (either positive or negative) for training and 25,000 for testing. Blitzer et al. 

constructed a text database based on product reviews from the Amazon website, called the Amazon 

database (Blitzer et al., 2007). This database contains reviews of books, digital video discs 

(DVDs), electronics and kitchen appliances, with each domain having 2,000 reviews. Another 

textual dataset that is widely used is the Blogs database (Melville et al., 2009). This dataset, 

introduced by Melville et al., contains two different sets of blog posts, which are product reviews 

and political posts. Other textual databases include the Stanford Twitter Sentiment Test Set (STS-

Test) (Go et al., 2009), Obama-McCain Debate (OMD) dataset (Shamma et al., 2009) and The 

Health Care Reform (HCR) dataset (Speriosu et al., 2011). The Affective Norms for English Text 

(ANET) provides normative ratings of emotion (pleasure, arousal, dominance) for a large set of 

brief texts in the English language for use in experimental investigations of emotion and attention. 

The ANET is being developed and distributed by the Center for Emotion and Attention (CSEA) 

at the University of Florida (Bradley & Lang, 2007). 

 

2.5.2 Image Databases 

The main types of image databases that are available usually contains human faces (natural 

or posed) or random images that elicit a particular emotion. A large-scale image database that is 

publicly available and widely used is the Japanese and Caucasian Facial Expressions of Emotion 

(JACFEE) database (Biehl et al., 1997). This database consists of 56 colour photographs of 56 

different people (evenly distributed between male and female, Japanese and Caucasian), each of 
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whom illustrates one of the seven different emotions. Another image database is the Affective 

Image Classification Dataset (Machajdik & Hanbury, 2010), which contains two sets of data, 

which are abstract painting and artistic photos. These images have been labelled with eight basic 

emotions: amusement, anger, awe, contentment, disgust, excitement, fear and sadness. The Geneva 

Affective Picture Database (GAPED) (Dan-Glauser & Scherer, 2011) contains 730 pictures that 

have been labelled positive, negative or neutral. Another image database is the ImageNet database 

(Krizhevsky et al., 2012). This database contains over 15 million labelled images of various 

categories. Also, the International Affective Picture System (IAPS) is being developed to provide 

a set of normative emotional image stimuli for experimental investigations of emotion and 

attention (Lang, et al., 2008). 

2.5.3 Audio Databases 

Audio databases usually contain natural or acted emotional speech data. However, a large 

portion of the acted speech data contains unlabelled data, which makes it unsuitable for research 

purposes.  

There are two widely used databases containing acted emotional speech: the Banse-Scherer 

database (Banse & Scherer, 1996) and the Danish Emotional Speech database (Engberg et al., 

1997). The Banse-Scherer database was introduced by K. Scherer et al. in 1996. Twelve German 

professional actors acted out 14 different emotions. A total of 224 recordings are available within 

this database. The Danish Emotional Speech database was compiled by Enberg in 1997. Four 

actors (two of each gender) acted out five emotions (neutral, surprise, happiness, sadness and 

anger) to record the 30 minutes of speech database. The Berlin Corpus database (Paeschke & 

Sendlmeier, 2000) was constructed by Paeschke and Sendlmeier in 2000. The recording was done 
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by 10 speakers (five male and five female) to express six emotions (happy, fearful, sad, bored, 

angry and neutral). Another audio database is the Reading/Leeds Emotional Speech Corpus 

(Greasley et al., 2000). This database contains approximately 5 hours of emotional speech samples 

consisting of six emotions (anger, disgust, fear, happiness, sadness and neutral). The International 

Affective Digitized Sound system (IADS) provides a set of acoustic emotional stimuli for 

experimental investigations of emotion and attention. This set of standardized, emotionally 

evocative, internationally accessible sound stimuli includes content across a wide range of 

semantic categories (Bradley & Lang, 2007). 

2.5.4 Video Databases 

The most common video databases that are used in emotion analysis are facial expression 

videos, where a particular person displays a certain type of emotion which may be natural or posed.  

The Rutgers and UCSD FACS (RU-FACS-1) is a video database compiled by Frank in 2004. This 

database contains 400-800 minutes of recorded video data from 100 subjects (2.5 minutes each). 

The MMI Facial Expression database (Pantic et al., 2005) is a huge publicly available facial 

expression database that consists of over 2,900 videos of 75 human subjects. The videos are fully 

labelled with the six basic emotions and contain both posed and natural expressions. Another 

widely used public facial images dataset is the extended Cohn-Kanade AU-Coded Facial 

Expression Database (CK+) (Lucey et al., 2010). This database consists of facial behaviour image 

sequences that were captured from 210 adults (male and female), where the expressions were either 

posed or natural.  
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2.5.5 Audio and Video Databases 

Audio and video databases have been used for many studies too. A field study in 1997 by 

Scherer and Ceschi produced the Geneva airport lost luggage study (Scherer & Ceschi, 1997). This 

database contains natural videotaping and interviews with 109 passengers at an airport, and the 

emotions include anger, good humour, indifference, stress and sadness. One of the largest audio-

visual databases currently available is the Chen-Huang database (L. Chen, 2000). It consists of a 

huge acted dataset containing speech and facial expressions of basic emotions (which are interest, 

puzzlement, frustration and boredom). Another audio-visual database is the Belfast Natural 

Database (Douglas-Cowie et al., 2000), which contains acted and natural recordings, and a total of 

239 clips, each comprising of 10 to 60 seconds is included in this database. The Database of Facial 

Expressions (DaFex) (Battocchi et al., 2005) is a database containing both videos and audio video 

recordings. This database has a total of 2 hour 50 minutes with 1,008 clips (4-27 seconds each) 

obtained from eight professional actors (four male, four female). Another very popular audio-

visual database is the Audio/Visual Emotion Challenge and Workshop (AVEC 2013) (Valstar et 

al., 2013) database. This database is based on a depression study where 292 subjects perform 

human-computer interactions task while being recorded by a webcam and microphone. A total of 

340 video clips with lengths from 20-50 minutes are available in this database. The Nencki 

Affective Picture System (NAPS) database is supported by Polish Ministry of Science and Higher 

Education grants. This is a standardized dataset of stimuli, which are invaluable sources of 

information, as they allow for control and manipulation of experimental conditions. Sets of stimuli 

were developed in visual, auditory, and verbal terms, and numerous studies have been performed 
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to extensively validate them using both behavioural and neuroimaging methods (Marchewka et 

al., 2014). 

2.5.6 Audio, Video and Text Databases 

There are several datasets of trimodal affect that are available for multimodal data analysis, 

most of which consist of acted or natural human expressions.  

The Humaine database (Douglas-Cowie et al., 2007) consists of 50 video clips (ranging 

from 5 seconds to 3 minutes) of both acted and natural expressions from subjects of various 

genders and culture. Another multimodal database is the Institute for Creative Technologies’ 

Multi-Modal Movie Opinion (ICT-MMMO) dataset (Wollmer et al., 2013). This database contains 

370 multimodal review videos from YouTube and ExpoTV, which were labelled into five 

categories (strongly negative, weakly negative, neutral/ambivalent, weakly positive and strongly 

positive). Other popular multimodal dataset includes the Multimodal Opinion Utterance (MOUD) 

database (Perez-Rosas et al., 2013) and the YouTube database (Morency et al., 2011). The MOUD 

database was created by Mihalcea et al. (2013), and it contains 80 random videos (30 seconds 

each) collected from YouTube, which have been labelled positive, negative and neutral. The 

YouTube database contains 47 videos from YouTube, comprising of 20 female and 27 male 

speakers. The length of each video is 4 to 7 minutes with each video annotated as positive, negative 

and neutral.  
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2.5.7 Physiological and Multimodal Physiological Databases 

There are few physiological databases available for emotion analysis. Most databases have 

been recently created in order to analyse physiological signals, and many of them contain 

physiological data together with other captured modalities, such as audio and video.  

One of the earliest affective physiological databases was MIT Driver Stress (Healey & 

Picard, 2005). This database contains data from17 drivers under different levels of stress while 

their electrocardiogram (ECG), galvanic skin response (GSR) from hands and feet, EMG from the 

right trapezius, as well as the respiration pattern were measured. Another available database is the 

DEAP (Koelstra et al., 2012). This database contains data from an EEG, GSR, blood volume 

pressure, respiration rate, skin temperature and electrooculography (EOG) signals of 32 

participants as they watched 40 one-minute long excerpts of music videos. The participants also 

rated the videos they watched in terms of the levels of arousal, valence, polarity, dominance and 

familiarity. Frontal face videos of 22 participants were also recorded. Another database is the 

MAHNOB-HCI database (Soleymani et al., 2012), which consists of the emotional responses of 

27 participants (11 male, 16 female) viewing 20 emotional movies, 28 images and 14 short videos. 

This database contains face and upper-body video, audio, physiological and eye-gaze signals. 

Another published dataset is a multimodal dataset for decoding user physiological responses to 

affective multimodal content (Database for Decoding Affective Physiological Responses 

(DECAF)) (Abadi et al., 2015). This database contains brain signals acquired using a MEG sensor 

from 30 participants and emotional responses of the participants to 40 one-minute music video 

segments and 36 movie clips. Another dataset that has been collected by Chanel et al. (2011), who 

asked 20 participants (13 males, 7 female) to play a game (Tetris), and their physiological activity 

was measured. A GSR sensor was used to measure skin resistance, a plethysmograph to record 
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BVP, a respiration belt to estimate chest cavity expansion, a temperature sensor to measure palmar 

changes in temperature and an EEG system to record central signalling. The multimodal corpus of 

spontaneous collaborative and affective interactions (RECOLA) was designed by a collaborative 

group constituted of researchers in informatics (Document, Image and Voice Analysis group), and 

psychology (Cognitive Ergonomics and Work Psychology group), at the Université de Fribourg, 

Switzerland. The database consists of 9.5 hours of audio, visual and physiological (ECG, and 

electrodermal activity) recordings of online dyadic interactions between 46 French speaking 

participants. In the RECOLA database, psychological data was collected from 46 subjects; it is the 

very first of its kind and might be of great interest to all research groups working on the automatic 

sensing of social and affective behaviours expressed by humans in real-life conditions from 

multimodal cues (RECOLA dataset). 

The Multimodal Dyadic Behaviour (MMDB) dataset is a unique collection of multimodal 

(video, audio, and physiological) recordings of the social and communicative behaviour of 

toddlers. The MMDB contains 160 sessions of 3-5 minutes semi-structured play interaction 

between a trained adult examiner and a child between the age of 15 and 30 months. Its overall goal 

is to facilitate the development of novel computational methods for measuring and analysing the 

behaviour of children and adults during face-to-face social interactions (Rehg et al., 2013). 

The EATMINT database contains multimodal and multi-user recordings of affect and 

social behaviours in a collaborative setting. The following signals were recorded for 30 dyads (i.e., 

60 participants): (i) Physiological signals: ECG, GSR, BVP, respiration and skin temperature; (ii) 

Behaviours: eye-movements (eye-tracking), facial expressions, software actions log; (iii) 

Discourse: speech signals and transcripts (Chanel, et al., 2013). 
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Database for Implicit Personality and Affect Recognition (ASCERTAIN) is a multimodal 

dataset collected from 58 subjects in terms of video, EEG, ECG, etc. It includes 36 video clips 

(Subramanian, et al., 2016). 

Affect, Personality and Mood Research on Individuals and Groups Dataset (AMIGOS) is 

a database for research on affect, personality traits and mood by means of neuro-physiological 

signals. It consists of EEG, ECG, and GSR, which were recorded using wearable sensors 

(Miranda-Correa, et al., 2017).  

 

Table 2.3 lists some of the databases that have been compiled by researchers in the past 

years. 

 

Table 2.3: Overview of available single and multimodal affective analysis databases 

 

Name Reference Mod

ality 

Size Labelling 

approach 

Type of Data Access Policy 

Movie 

Reviews 

Pang et al., 

2002 

Text 2000 Self-

labelling 

according 

to ratings. 

Processed 

labelled 

IMDB movie 

reviews 

http://www.cs.cornell.edu/people/p

abo/- movie-review-data/ 

Amazon Blitzer et 

al., 2007 

Text 8000 Self-

labelling 

according 

to ratings. 

Reviews of 

products 

http://www.cs.cornell.edu/people/ 

pabo/movie-review-data/ 

Blogs Melville et 

al., 2009 

Text 252 Human-

labelled 

Product 

reviews and 

political posts 

- 

IMDB 

review 

Maas et 

al., 2011 

Text 50000 Self-

labelling 

according 

to ratings. 

Movie 

reviews 

- 

Stanford 

Twitter 

Sentiment 

Test Set 

Go et al., 

2009 

Text - Self-

labelling 

according 

to 

emoticons

. 

Tweets http://nlp.stanford.edu/software/cla

ssifier.shtm 

HCR Speriosu et 

al., 2011 

Text - Human-

labelled 

Tweets. https://bitbucket.org/speriosu/updo

wn 
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OMD Shamma et 

al., 2009 

Text 3,269 

tweets 

Labelled 

by 

Amazon 

Mechanic

al Turk. 

Tweets - 

GAPED Dan-

Glauser & 

Scherer, 

2011 

Imag

e 

754 

picture

s 

Human-

labelled 

Pictures - 

Affective 

Image 

Classificat

ion 

Machajdik 

& 

Hanbury, 

2010 

Imag

e 

- Human-

labelled 

Abstract 

paintings and 

artistic photos 

http://www.imageemotion.org 

JACFEE Biehl et 

al., 1997 

Imag

e 

56 - Facial 

expression 

- 

Banse-

Scherer 

Banse & 

Scherer, 

1996 

Audi

o 

224 

recordi

ngs 

Human-

labelled 

Speech - 

Danish 

Emotional 

Speech 

Engberg et 

al., 1997 

Audi

o 

30 

minute

s 

Human-

labelled 

Speech - 

Berlin 

Corpus 

Paeschke 

& 

Sendlmeie

r, 2000 

Audi

o 

 Human-

labelled 

Speech http://www.expressive-speech.net/ 

Reading/L

eeds 

Emotional 

Speech 

Corpus 

Greasley 

et al., 2000 

Audi

o 

5 hours  Speech - 

MMI 

Facial 

Expressio

n 

Pantic et 

al., 2005 

Video 2900 Two 

experts 

(FACS 

coders) 

Facial 

expression 

- 

(CK+) Lucey et 

al., 2010 

Video 97 

subject

s 

FACS-

coded 

Facial 

Expression 

http://vasc.ri.cmu. 

edu/idb/html/face/facial_expression

/ 

RU-

FACS1 

Frank, 

2004 

Video 100 

subject

s 

FACS-

coded 

Video of 

person 

speaking 

- 

 (AVEC 

2013) 

Valstar et 

al., 2013 

Audi

o 

Video 

340 Labelled 

according 

to 

standardiz

ed 

depressio

n 

questionn

aire 

Video and 

audio of 

human-

computer 

interaction 

- 

 (AVEC 

2014) 

Valstar et 

al., 2014 

Audi

o 

Video 

300 Labelled 

according 

to 

standardiz

ed 

depressio

Video and 

audio of 

human-

computer 

interaction 

- 

http://www.expressive-speech.net/
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n 

questionn

aire 

Belfast 

Natural 

database  

Douglas-

cowie et 

al., 2000 

Audi

o 

Video 

239 

clips 

- Acted and 

Natural 

recordings 

- 

Database 

of facial 

expression

s (DaFex) 

Battocchi 

et al., 2005 

Audi

o 

Video 

1008 

clips 

- Acted 

recordings 

- 

Geneva 

airport 

lost 

luggage 

study 

Scherer & 

Ceschi, 

1997 

Audi

o 

Video 

- Human-

labelled 

Natural 

recordings 

- 

Humaine 

database 

Douglas-

Cowie et 

al., 2007 

Audi

o 

Video 

Text 

50 

clips 

- Acted and 

natural 

recordings 

- 

ICT-

MMMO 

Wollmer 

et al., 2013 

Audi

o 

Video 

Text 

370 

videos 

Human-

labelled 

Review videos - 

MOUD Perez-

Rosas et 

al., 2013 

Audi

o 

Video 

Text 

80 

videos 

Labelled 

by Elan 

tool 

Opinion 

videos 

- 

YouTube Morency 

et al., 2011 

Audi

o 

Video 

Text 

47 

videos 

Labelled 

by three 

annotator

s 

Review 

Videos 

http://projects.ict.usc.edu/youtube/ 

MIT 

Driver 

Stress 

Healey & 

Picard, 

2005 

Physi

o-

logy 

17 

subject

’s 

reactio

ns 

- Electrocardiog

ram, EMG, 

skin 

conductance, 

and 

respiration 

http://www.physionet.org/pn3/drive

db/. 

DEAP Koelstra et 

al., 2012 

Physi

o-

logy 

Video 

32 

subject

’s 

reactio

ns 

- 32 channel 

512Hz EEG, 

PERI, 

face video 

http://www.eecs.qmul.ac.uk/mmv/d

ata sets/deap/ 

MAHNOB

-HCI 

Soleymani 

et al., 2012 

Physi

o-

logy 

Audi

o 

Video 

27 

subject

’s 

reactio

ns 

- 32 channel 

256 Hz EEG, 

PERI, 

face and body 

video, eye 

gaze, audio 

http://mahnob-db.eu. 

DECAF Abadi et 

al., 2015 

Physi

o-

logy 

Video 

42 

subject

’s 

reactio

ns 

 

- 

MEG, PERI, 

face video 

http://disi.unitn.it/~mhug/DECAF.h

tml 
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2.6 Current State-of-the-Art in Multimodal Big Data Affective 

Analytics 

A lot of research has been carried out in the field of multimodal data. Textual, audio, visual 

and physiological data are the main topics which has been experimented. This section discusses 

the current state-of-the-art research in multimodal big data affective analytics. 

2.6.1 Text Analysis 

Sentimental analysis of the textual modality has been researched since the 1990s and is still 

an important topic of research due to the continuous production of textual data output found on the 

Web. Sentiment analysis has two main branches: opinion mining and emotion mining. In opinion 

mining tasks, focus is given to detecting whether the textual data that is being analysed is objective 

or subjective, after which the text can be classified as positive opinion or negative opinion. This 

task also includes opinion spam detection, summarisation and argument expression detection 

(Yadollahi et al., 2017). A huge amount of big social data consists of textual data, as can be seen 

on platforms such as Facebook and Twitter.  

Affective analysis in the form of sentiment or emotion recognition from text has been 

proposed since the 1950s, when an interest in understanding text originally developed (Moreno & 

Redondo, 2016).  

Wang et al. (2012) proposed a method of harnessing big social data from Twitter for 

automatic emotion identification. In their research, 5 million tweets were collected and categorized 

into seven emotion groups (joy, sadness, anger, love, fear, thankfulness, and surprise). Then to 

find the effective features for emotion identification, a wide variety of features were explored, 
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including n-grams, emotion lexicons, part-of-speech (POS), n-gram positions, etc., using two 

machine learning algorithms: LIBLINEAR (a library for large linear classification) and 

multinomial naive Bayes. In this research, the best results were obtained by a combination of 

unigram, bigram, sentiment and emotion lexicon, and POS features with highest accuracy around 

65.57% using about 2 million tweets as training data.  

Tedeschi et al. (2015) proposed a cloud based big data sentiment analysis application for 

brand monitoring through Twitter. They developed an application prototype named social brand 

monitoring (SBM) based on a client-server architecture using Java. For a twitter-based input 

platform, any enterprise can use this tool to monitor its brand and image as well as its competitor 

by analysing the user-generated data. This research achieved favourable results through a practical 

application trial of SBM.  

Qazi et al. (2017) proposed assessing consumers’ opinions through online surveys. Their 

focus was to find users’ sentiments on multiple types of opinion and the effect of sentiment words 

on customer satisfaction. They carried out a survey through LinkedIn and university mail servers 

to collect data. They used expectancy disconfirmation theory (EDT), a set of seven hypotheses, 

confirmatory factor analysis (CFA) and structural equation modelling (SEM) to analyse the data 

and evaluate their research model. Based on the results obtained, they concluded that regular, 

comparative and suggestive opinions have a positive effect in raising users’ expectations. Besides, 

sentiment words were proven to accurately predict user satisfaction with any purchased items.  

Lo et al. (2015) proposed a sparse overlapping user lasso model for mining opinions from 

social reviews. They performed resulting optimization using an alternating direction method of 

multipliers (ADMM) to generate sentiment classification and opinion identification from social 

reviews of various databases. This system showed good performances in terms of sentiment 

https://www.csie.ntu.edu.tw/~cjlin/papers/liblinear.pdf
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classification, opinion identification and decreased running time. However, the drawbacks are: (i) 

the system is not generalized and can only be used with limited input data, and (ii) the iteration 

time is not optimum and needs to be reduced further.  

Kherwa et al. (2014), proposed that opinion can be mined from popular social media sites 

using the textual data from the constraints of grammatical and lexicon-based data. This system 

classifies the sentiments that are extracted polarity-wise as either positive or negative. However, 

the polarity detection of reviews are categorized too broadly to be useful for product manufacturers 

or government in gauging response. Hence, the efficiency and/or accuracy of the system is not as 

per expectation.  

Ha et al. (2015) proposed a system where the frequency of sentimental words from a movie 

review were computed. Then, a heatmap visualization was used to effectively discover the main 

emotions, and, finally, a sentiment-movie network combining the multidimensional scaling (MDS) 

map and social network was formed. This research classified the movie review database according 

to 36 sentiment words, with seven emotion categories (happy, surprise, boring, sad, anger, disgust, 

and fear). A sentiment-movie network was structured and k-means clustering operation was 

conducted for classifying cluster characteristics of each node (where each node is a feature on the 

network). This approach garnered faster reaction times; however, the participants need to discover 

the nodes from a certain number of movies in order to infer the characteristics of clustering. Hence, 

enhancement of the system is required.  

Guzman and Maalej (Guzman & Maalej, 2014) proposed a system on analysis App 

reviews. The textual review data of apps were combed to extract fine grained and coarse-grained 

features, and an automated sentiment analysis technique was presented in their research for 

aggregating the sentiment of a certain feature. They claimed to have precision and recall efficiency 



 

54 

 

of about 0.59 and 0.51, respectively, for their system. Their extracted features are found to be 

coherent and relevant to requirements evolution tasks. This approach could help apps developers 

to systematically analyse user opinions on single features and filter irrelevant reviews. However, 

features that are not mentioned/used frequently are often not detected; hence, the system needs to 

be enhanced and generalized.  

Pang et al. (2002) proposed a method of classifying sentiments in movie reviews through 

machine learning techniques. Three machine learning techniques, naive Bayes, maximum entropy 

and SVM, were used and compared in terms of performances. The efficiency of machine learning 

techniques was acceptable for a single modality, with best and worst performance shown by SVMs 

and naive Bayes, respectively. However, the approach needs further enhancement for better 

efficiency and acceptability.  

Socher et al. (2013) proposed a method of using recursive deep model using the Stanford 

sentiment treebank. They used deep learning to categorize text into positive or negative sentiments. 

The accuracy of the proposed system was around 80.70%. However, the method needs to be 

generalized for more acceptability.  

Luyckx et al. (2012) proposed a thresholding approach to multi-label classification of 

emotion detection in suicide notes. They used the 2011 medical natural language processing (NLP) 

challenge database with SVM to classify the text into positive and negative sentiments. The 

accuracy of the proposed system was 86.40%.  

SVM was used by Hasan et al. (2014) and Sawakoshi et al. (2015) to determine sentiment 

found in Tweets and customer travel reviews, respectively. Amazon reviews data was used by both 

Taboada et al. (2011) and Z. Hu et al. (2015) using dictionary and deep learning methods, 

respectively.  
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Li and Xu (W. Li & Xu, 2014) proposed applying the support vector regression (SVR) 

method with data from microblogging websites. However, all the proposed systems using machine 

learning (SVM/SVR) are not generalized and need further enhancement both in terms of 

generalization and efficiency.  

In a recent paper by L. Wang et al. (2018), the authors proposed a cross-domain sentiment 

classification algorithm called SentiRelated to address cross-domain sentiment classification 

problem in short texts. A collection of product reviews and self-collected reviews were used, then, 

feature vectors were extracted from the source domain with additional features extracted from the 

target domain. The sentiment related index (SRI) based cross-domain sentiment classification 

algorithm was applied, and an accuracy of above 80% was achieved. 

2.6.2 Image Analysis 

Facial expression and visual data analysis studies have been investigated since 1970; 

however, at the beginning, only six basic emotions (anger, sadness, surprise, fear, disgust and joy) 

were under consideration (Cohn, 2006). Then, a seventh emotion, contempt, was added to create 

a more rounded facial expression database (Kanade et al., 2000). An interesting development 

undertaken in research by Ma et al. (2014) is the facial expression coding system (FACS), which 

codes facial expression using action units of certain facial muscles. With the help of this 

development, facial expression decoding has become much simpler than it was earlier. Also, due 

to the popularity of social networks, images have become a convenient carrier for information 

among online users. Current approaches to conducting visual big social data emotion or sentiment 

analysis include using low-level features (Jia et al., 2012; X. Wang et al., 2012) through facial 
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expression detection (Vonikakis, & Winkler, 2012), user intent and through attribute learning 

(Borth et al., 2013). 

You et al. (2015) proposed a method for non-facial image recognition where a CNN was 

applied to images collected from Flickr and Twitter. They overcame the challenges to garnering 

the image sentiments from noisy image samples in the large databases. This model showed an 

average accuracy of 75%; however, there were several mistakes in classified images, especially 

for the image samples with low-level features.  

Zhao et al. (2016) proposed a visual data classification where personalized emotion 

perceptions of images were handled using factors such as visual content, social context, temporal 

evolution, and location influence. Their used method for image sentiment classification was rolling 

multi-task hypergraph learning (RMTHG), and the classified features/factors were combined and 

a learning algorithm was designed for automatic feature optimization. This research also developed 

a large-scale Flickr image dataset for experimentation and testing. Their proposed method 

outperformed previous baseline methods of feature extraction.  

Guntuku et al. (2016) proposed a system to model personality traits of users using a 

collection of images the user liked on Flickr. This research used a machine learning approach to 

model the users’ personality based on the semantic features extracted from images; it achieved 

results with up to a 15% improvement.  

An empirical study was conducted by Setchi and Asikhia (Setchi & Asikhia, 2017), who 

proposed a model to validate that users’ experiences can be directly linked to specific images used 

(in the model) when dealing with a product. However, the linguistic resources and sentiment 

analysis techniques were very basic, which is the limitation of this work. Hence, more advanced, 
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sentiment analysis techniques and linguistic resources need to be considered for further 

enhancement.  

Frome et al. (2013) proposed a deep visual-semantic embedded model using a deep neural 

network. The model was then trained to identify visual objects using both labelled image data and 

unannotated text. This model performs quite well when trained and evaluated on flat 1-of-N 

metrics to correctly predict object category labels for unseen categories.  

A research work by S. Wang et al. (2014) focuses on micro-expression recognition using 

LBP-TOP on tensor independent colour space (TICS). They used the Chinese Academy of 

Sciences Micro-Expression (CASME) databases to detect all seven emotions (happiness, surprise, 

disgust, fear, sadness, repression and tense) with maximum accuracy about 58.6366% in TICS 

colour space. 

2.6.3 Speech Analysis 

Sentiment analysis from speech-based data is a relatively new area of research in affective 

computing. Sentiment analysis of speech signal focuses on identifying the emotional or physical 

state of a person by analysing their voice. Previous studies in this area have been done on 

identifying several acoustic features, such as intensity, loudness, and pitch of the speech signal in 

terms of amplitude and frequency. 

Emotion recognition from speech was first conducted around the mid-1980s using the 

statistical properties of certain acoustic features (Bezooijen, 1984). Nowadays, through the 

evolution of computer architectures, the implementation of more complex emotion recognition 

algorithms is possible. Therefore, tackling automatic speech recognition for big data affective 

analysis services can now be carried out in a convenient way. In recent research by Deb and 
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Dandapat (Deb & Dandapat, 2017), a method is proposed for speech emotion classification using 

vowel-like regions (VLRs) and non-vowel-like regions (non-VLRs). They employed a region 

switching based classification technique as the proposed method. Three databases, EMODB 

(Burkhardt et al., 2005), IEMOCAP (Busso et al., 2008) and FAU AIBO (Batliner et al., 2004), 

were used to test this method with average accuracy of 85.1%, 64.2% and 45.2%, respectively. 

However, variation of features were not enough to enhance the accuracy of the system compared 

to other similar research works. Sawata et al. (2016) suggested using kernel discriminative locality 

preserving canonical correlation analysis (KDLPCCA)-based correlation with EEG features for 

favourite music classification. The average accuracy of this system for favourite music 

classification was claimed at being around 81.4%. However, improvements need to be done with 

music and participation selection. Mairesse et al. (2012) conducted an experiment on short spoken 

reviews that were collected manually and processed with the openEAR/openSMILE toolkit. The 

sentiments were categorized according to positive and negative reviews with an accuracy of 

72.9%.  

Caridakis et al. (2007) put forward a system of multimodal emotion recognition which 

focuses on faces, body gesture and speech. The Human-Machine Interaction Network on Emotion 

(HUMAINE EU-IST) project (Douglas-Cowie et al., 2007) was used in conjunction with a 

Bayesian classifier to obtain an average accuracy of 80%. J. Deng et al. (2013) suggested a method 

for speech emotion recognition using sparse auto encoder-based feature transfer learning. The 

FAU Aibo database (Steidl, 2009) was used with an ANN module to categorize sentiments in 

terms of positive and negative.  

In summary, all the methods discussed have their respective drawbacks and require further 

enhancements. 
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2.6.4 Video Analysis 

Analysis of sentiment has also been carried out on video data in recent years. Extracting 

sentiment from video poses high volumes of data handling and extracting meaningful information 

from the video content, which is a non-trivial problem. This area of research is gaining importance 

due to the advancements and availability of automation tools. Sentiment analysis can be carried 

out on two types of videos: videos containing one or more person making facial expressions, body 

movement, posture, gestures, etc. or videos containing objects or places or events. Either of the 

videos can be classified according to emotions, the most common of which are happiness, anger, 

disgust, fear, sadness, and surprise. 

Social media users often share text messages with accompanying images or video, which 

contribute to additional information in expressing user sentiment. The amount of video data 

collected over time through video platforms, such as YouTube or Facebook, serves to create big 

databases which may be exploited for user sentiment/emotion analysis. Video sequences also 

provide more information about how objects and scenes change over time compared to still images, 

and therefore provide a more reliable emotion/sentiment recognition. Rangaswamy et al. (2016), 

proposed extraction and classification of YouTube videos, where certain aspects of metadata were 

retrieved within the video content. Then, the video datasets were categorized according to positive, 

negative or neutral sets. However, the size of the dataset was quite small for a comprehensive 

study. In a recent work by Gupta et al. (2017), a database of 6.5 million video clips of labelled 

facial expressions, and 2,777 videos labelled for seven emotions was created. The classifications 

for video datasets were carried out using a semi-supervised spatio-temporal CNN. It was done by 

combining the CNN with an auto-encoder with a classification loss function, and then training 

them in parallel. Finally, the video sets were classified according to seven emotions. However, 
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further research needs to be carried out to make this method more robust by taking into account 

video transition boundaries and mixed facial expressions along with other features. In another 

recent work by Oveneke et al. (2017), a framework for continuously estimating the human 

affective state using a Kalman filter as estimator and a multiple instance sparse Gaussian process 

as sensor model was proposed. It was an automated system based on Bayesian filtering to estimate 

human effective states, given an incoming stream of image sequences as input. However, there is 

scope for further enhancement of the system towards reliable affective state estimation.  

J. Chen et al. (2016) proposed a multiple feature fusion for video emotion analysis for the 

CK+ and Acted Facial Expression in Wild (AFEW) 4.0 databases. The system used Histogram of 

Oriented Gradients from Three Orthogonal Planes (HOG-TOP) and multiple kernel SVM to obtain 

an accuracy of 89.6%. Soleymani and Pantic (Soleymani & Pantic, 2012) proposed a technique 

for video classification using EEG, pupillary response and gaze distance. Three affective labels 

(unpleasant, neutral, and pleasant) were determined through classification of body responses using 

SVM classifier with radial basis function (RBF) kernel. B. Xu et al. (B. Xu et al., 2015) proposed 

a method of heterogeneous knowledge transfer for video emotion recognition using the YouTube 

video datasets. The videos were classified into eight emotions (anger, anticipation, disgust, fear, 

joy, sadness, surprise and trust) using SVM and CNN.  

In a recent research work by Zhu et al. (2017), a depression diagnosis method based on 

DNN was proposed. This paper used the AVEC 2013 and AVEC 2014 databases in conjunction 

with DCNN to classify emotions into different range of depression severity. Another recent paper 

by Kaya et al. (2017) proposed a video-based emotion recognition using deep transfer learning and 

score fusion. This research used the Emotion Recognition in the Wild (EmotiW) 2015/2016 
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datasets with DCNN to obtain seven emotion classes (angry, disgust, fear, happy, neutral, sad and 

surprise) and achieved an accuracy of 52.11%. 

2.6.5  Physiological Analysis 

Physiological data used in affective analytics is a fairly new research direction. The main 

reason for this is due to the difficulty of collecting physiological data compared to the other 

modalities. However, information gathered from physiological signals have proven to be of great 

importance in sentiment analysis as it gives an unbiased result through autonomous body reaction 

(Novak et al., 2012). The recent advancement on context-aware multimodal emotion detection 

with mobile and wearable devices can be found in details in a special issue of Future Generation 

Computer Systems, 2019 (Costa, A., Rincon, J. A., Carrascosa, C., Julian, V., & Novais, 2019; 

Lee, O.J., & Jung, 2019; Nalepa, G. J., Kutt, K., & Bobek, 2019; Nalepa, G. J., Palma, J., & 

Herrero, 2019; Przybyło, J., Kańtoch, E., & Augustyniak, 2019). 

In early research by Collet et al. (Collet et al., 1997) pictures which were neutral and 

emotionally loaded were shown to participants in order to elicit happiness, surprise, anger, fear, 

sadness, and disgust. Skin conductance, skin potential, skin resistance, skin blood flow, skin 

temperature and respiratory frequency were measured and distinguished using Friedman variance 

analysis. Statistical comparison of data signals was performed pairwise, where six emotions 

formed 15 pairs. Skin conductance, skin potential, skin resistance distinguished 13 pairs 

successfully, and a combination of skin blood flow, skin temperature and respiration could 

distinguish 14 emotion pairs successfully. In another early research (R. Sinha et al., 1992), imagery 

script development was used to elicit neutral, fear, joy, action, sadness, and anger of 27 male 

participants (ages 21- 35). The physiological signals measured were heart rate, skin conductance, 
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finger temperature, blood pressure, electro-oculogram, and facial EMGs. The data was then 

analysed using discriminant function analysis with a classification accuracy of 99%. This indicated 

that emotion-specific response pattern for fear and anger are accurately differentiable from each 

other and from neutral.  

In (R. W. Picard et al., 2001), showed pictures eliciting happiness, sadness, anger, fear, 

disgust, surprise, neutrality, platonic love, and romantic love. The physiological signals measured 

were GSR, heartbeat, respiration, and ECG. The algorithm that produced the best classification 

achievement was through seeding a Fisher projection with the results of sequential floating forward 

search, which resulted in 81% overall accuracy. Research conducted by Chanel et al. (Chanel et 

al., 2007) focuses on the fusion of EEG and peripheral signals to recognise emotions from the 

valence-arousal space (calm-neutral, excited-positive and excited-negative). Three participants 

were asked to remember and re-feel past emotional events, and also to stay relaxed and calm. The 

classifiers used were LDA and SVM. In this research, the best results were obtained by SVM 

where an accuracy of 79% was attained using EEG, 53% using peripheral signal for three 

categories and 76% using EEG and 73% using peripheral signals for two categories (excluding 

positive vs. negative). Another research also conducted by Chanel et al. (Chanel et al., 2011) 

assesses the emotion response gathered through physiological signals when participants play 

Tetris. Twenty participants’ EEG signals and peripheral signals (skin resistance, BVP, chest cavity 

expansion, palmar changes in temperature) were recorded as they played the game. Three 

classifiers were used on the acquired data: LDA, a quadratic discriminant analysis (QDA), and a 

SVM with RBF kernel. The results obtained had an accuracy of around 55% for peripheral features 

and 48% for EEG features. In a recent study by (Tong et al., 2018) five channel EEG signals and 

photoplethysmographic (PPG) signal were obtained from the DEAP database. Logistic regression 
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algorithm and the Adaboost algorithm were used to classify arousal and valence and the results 

show an accuracy of 68% and 66% for arousal and valence, respectively. Some research has also 

been carried out about the connection of movement with emotions (Salmeron-Majadas et al., 

2018). Table 2.4 lists some of the single modality sentiment analytics that have been compiled by 

researchers in the past years. 

 

Table 2.4: Overview of single modality sentiment analysis from previous research 

 

Research Modality Database Classification 

Technique 

No. of 

Emotion 

Outcome 

Lo et al. (2015) Text (Opinion 

Mining) 

Dianping, 

Douban, 

IMDB 

 

Sparse overlapping 

user lasso 

(SOUL) model 

2 The average 

accuracy of the 

proposed system 

was 70%.  

Kherwa et al. 

(2014) 

Text (Opinion 

Mining) 

SentiWordNet Multimap structure 2 - 

Ha et al. (2015) Text (Opinion 

Mining) 

Movie Review 

(NAVER) 

data 

MDS Map 7 - 

Guzman & Maalej, 

(2014) 

Text (Opinion 

Mining) 

User Review 

(Apple App 

Store and 

Google Play) 

- 5 - 

 Pang & Lee, 

(2008) 

Text (Opinion 

Mining) 

Movie reviews NB and SVM 2 The accuracy of 

the proposed 

system was 

86.40%. 

 Socher et al. 

(2013) 

Text (Emotion 

Mining) 

Stanford 

Sentiment 

TreeBank 

Deep Learning 2 The accuracy of 

the proposed 

system was 

80.70%. 

Luyckx et al. 

(2012) 

Text (Emotion 

Mining) 

2011 medical 

NLP challenge 

SVM 2 The accuracy of 

the proposed 

system was 

86.40%. 

Hasan et al. (2014) Text (Opinion 

Mining) 

Tweets SVM and KNN 2 -- 

Taboada et al. 

(2011) 

Text (Opinion 

Mining) 

Amazon Dictionary 2 -- 

 Sawakoshi et al. 

(2015) 

Text (Emotion 

Mining) 

Customer 

Travel Review 

SVM 2 -- 

Z. Hu et al. (2015) Text (Opinion 

Mining) 

Client reviews 

on 

TripAdvisor 

and Amazon 

Deep Learning 2 The accuracy of 

the proposed 

system was 

87.50% 
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W. Li & Xu, (2014) Text (Emotion 

Mining) 

Microblogging 

website 

Support Vector 

Regression 

2 -- 

You et al. (2015) Image Flickr images Convolutional Neural 

Network 

2 The proposed 

system report an 

accuracy of 75%. 

Zhao et al. (2016) Image Flickr images Hypergraph Learning 2 -- 

Guntuku et al. 

(2016) 

Image Flickr images Feature Selection 

Based Ordinal 

Regression 

2 The accuracy of 

the proposed 

system was 

80%(average) 

Setchi & Asikhia, 

(2017) 

Image Case study Novel algorithm using 

image schemas and 

lexicon based 

approach 

2 -- 

 Frome et al. (2013) Image 1000-class 

ImageNet 

object 

recognition 

challenge 

deep visual- semantic 

embedding model 

4 -- 

Deb & Dandapat, 

(2017) 

Audio EMODB, 

IEMOCAP 

and FAU 

AIBO 

database 

region switching 

based method 

2 The accuracy of 

the proposed 

system was 

85.1% 

Sawata et al. 

(2016) 

Audio MFD KDLPCCA 2 The accuracy of 

the proposed 

system was 

81.4% 

Mairesse et al. 

(2012) 

Audio Spoken 

Reviews 

(manual 

collection) 

openEAR/openSMILE 

toolkit 

2 The accuracy of 

the proposed 

system was 

72.9% 

Caridakis et al. 

(2007) 

Audio HUMAINE 

EU-IST 

project 

Bayesian classifier 8 The accuracy of 

the proposed 

system was 80% 

(average) 

Deng et al., (2013) Audio FAU Aibo 

database 

sparse autoencoder 

(ANN) 

2 - 

Gupta et al., (2017) Video Cohn Kanade 

Dataset 

MMI Dataset 

NN 2 The accuracy of 

the proposed 

system was 

94.18% and 

66.15% for each 

respective 

database. 

 Chen et al., (2016) Video CK+ database, 

 AFEW 4.0 

database 

HOG-TOP 

SVM 

2 The accuracy of 

the proposed 

system was 

89.6% 

 Soleymani & 

Pantic, (2012) 

Video Case Study SVM 2 -- 

 Xu et al., (2015) Video YouTube 

emotion 

datasets 

SVM 

CNN 

2 -- 
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Zhu et al., (2017) Video AVEC 2013 

AVEC 2014 

NN 2 -- 

 Kaya et al., (2017) Video EmotiW 2015 

EmotiW 2016 

CNN 2 The accuracy of 

the proposed 

system was 

52.11%  

Collet et al., (1997) Physiological Self-collection Friedman variance 

analysis 

6 -- 

R. Sinha et al., 

(1992) 

Physiological Self-collection Discriminant Function 

Analyses 

5 The accuracy of 

the proposed 

system was 99%  

Picard et al., (2001) Physiological Self-collection Fisher Projection 

sequential floating 

forward search 

8 The accuracy of 

the proposed 

system was 81% 

Chanel et al., 

(2007) 

Physiological Self-collection LDA, 

SVM 

2 An accuracy of 

79% was attained 

using EEG and 

53% using 

peripheral 

signals. 

Chanel et al., 

(2011) 

Physiological Self-collection LDA, QDA, SVM 2 An accuracy of 

around 55% for 

peripheral 

features and 48% 

for EEG features 

were obtained. 

Tong et al., (2018) Physiological DEAP Logistic regression 

algorithm and the 

Adaboost algorithm 

2 An accuracy of 

68% and 66% for 

arousal and 

valence 

respectively. 

 

2.6.6 Multimodal Analysis 

In the field of affective/sentiment analysis within the big data domain, information such as 

service or product reviews and social media content, are gradually shifting from single modality 

(uni-modal) to multimodal. Therefore, it is understandable that researchers find it increasingly 

difficult to keep up with this deluge of multimodal content, and it is hence essential to organize it.  

A recently developed method for processing multimodal big data is multimodal/hybrid 

fusion (Cambria, 2016), which is basically integration of multiple media, their associated features 

or the intermediate decisions in order to perform a certain analytical task. Existing research works 
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on multimodal big data fusion can be categorized through several types of classifications based on 

the fusion method and the type of fusion (feature, decision, and hybrid). Feature level fusion (Datcu 

& Rothkrantz, 2011) is the most extensively used method; it fuses the information extracted at the 

feature level. Decision level fusion (Hall & Llinas, 1997) fuses multiple modalities in the semantic 

space. A combination of feature level and decision level fusion produces a hybrid level fusion 

approach (Z. Wu et al., 2005). Nicolaou et al. (2011) proposed a hybrid output-associative fusion 

method for dimensional and continuous prediction of emotions in valence and arousal space by 

integrating facial expression, shoulder gesture and audio cues. They collected data from the 

Sensitive Artificial Listener (SAL) database for emotion prediction and used bidirectional long 

short-term memory neural networks (BLSTM-NNs) and SVR for classification. They showed that 

BLSTM-NNs outperform SVR, and the proposed hybrid output-associative fusion performs 

significantly better than the individual feature level and model-level fusion. Another research by 

Nicolaou et al., (2010) proposed an audio-visual emotion classification method using model-level 

fusion in the likelihood space by integrating facial expression, shoulder, and audio cues. They 

collected data from the SAL database, and used maximum likelihood classification, HMM and 

SVM for data/emotion classification with a classification accuracy around 94.01%. Kanluan et al., 

(2008) put forward a method for estimating spontaneously expressed emotions in audio-visual 

data. This research used the audio-visual database recorded from the German television (TV) talk 

show “Vera am Mittag” (VAM) corpus to classify sentiment into three primitive emotion 

categories: (i) from negative to positive (valence), (ii) from calm to excited (activation), and (iii) 

from weak to strong (dominance). SVR and decision level fusion was used to achieve an average 

performance gain of 17.6% and 12.7% over the individual audio and visual emotion estimations, 

respectively.  
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Chen et al., (2016) suggested a multiple feature fusion for video emotion analysis for the 

CK+ and AFEW 4.0 databases. The system used HOG-TOP and multiple kernel SVM to obtain 

an accuracy of 89.6%. Poria et al., (2015) Poria et al., (2017) Poria et al., (2015) conducted 

multimodal data analysis of text, audio and video using the YouTube dataset, MOUD, USC 

IEMOCAP database, International Survey of Emotion Antecedents and Reactions (ISEAR)1 

dataset, and CK++ dataset. A combination of feature and decision level fusion were used in their 

research. For classification, they used DCNN based on multiple kernel learning, distributed time-

delayed dependence using DCNN with multiple kernel learning, KNN, ANN, extreme learning 

machine (ELM), and SVM for emotion classification. 

 Perez-Rosas et al., (2013) proposed a method of speech, visual and text analysis in order 

to identify the sentiment expressed in video reviews. They used the MOUD and feature level fusion 

of data in their research. For data/sentiment classification, they used SVM classifier with ten-fold 

cross validation, obtaining an accuracy of around 74.66%. Paleari & Huet, (2008) suggested an 

architecture which extracts affective information from an audio video database and attached the 

obtained semantic information to the data. The Audio-Visual Emotion Database (eNTERFACE) 

was used, and features were extracted through semantic affect-enhanced multimedia indexing 

(SAMMI). The features were classified by neural networks (NN) and SVM together with feature 

and decision level fusion. The outcome showed an average recognition rate of feature fusion and 

decision fusion of around 35% and 40%, respectively. Mansoorizadeh & Charkari, (2010) 

proposed multimodal emotion recognition from facial expression and speech using an 

asynchronous feature level fusion approach that creates a unified hybrid feature space out of the 

individual signal measurements. The TMU-EMODB database and eNTERFACE database were 

used in their research. The audio and video features were extracted with PCA and LDA, 
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respectively. An adaptive classifier together with a Kalman filter state estimator was used for 

classification. The model used both feature and decision level fusion. The feature fusion and 

decision fusion for the TMU-EMODB database yielded an accuracy of 75% and 65%, respectively, 

whereas for the eNTERFACE database the accuracy was 70% and 38%, respectively. Chen et al., 

(2015) developed a feature level fusion approach for emotion recognition from video and 

physiological data obtained from the DEAP database. HMMs were used to classify the emotions 

into arousal and valence. The feature-fusion when compared to decision-fusion obtained better 

accuracies with 85.63% for arousal and 83.98% for valence.  

Research done by Bailenson et al., (2008) developed an automated real time classification 

of emotions using facial videos and physiological response. The data consists of 41 participants 

watching emotional movies while their facial features, cardiovascular activity, somatic activity 

and electrodermal responding were recorded. The data was classified using SVM with a linear 

kernel and a Logitboost with a decision stump. The results showed that both classifiers performed 

equally well, with precisions nearing 70% for amusement, 50% for sadness, and 94% for neutral 

in the face. In research by Hussain et al. (2012), physiological (ECG, skin conductivity (SC), and 

respiration) and video data were collected from 20 students (8 males and 12 females) with an age 

range from 18 to 30. Three types of base classifiers (DT, KNN, and SVM) were used to detect 

affect in terms of valence and intensity using features from the multichannel physiology and facial 

video. The KNN classifier exhibited the highest accuracy for physiological modality at 50%, video 

modality at 60% and fusion of both at 62% in valence. Decision tree classifier exhibits the highest 

accuracy for both physiological modality at 49% and fusion at 56% with slightly higher accuracy 

than KNN for video modality at 57% in arousal. SVM shows comparatively low accuracy in face 

for both valence and arousal. In Zhong et al. (2017), the MAHNOB-HCI database was used with 
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an AdaBoosted trees classifier and both feature and decision level fusion were applied. The results 

showed an accuracy of 69% and 72% for valence and arousal, respectively. 

So far, all the proposed/developed methods for processing multimodal big data along with 

multimodal fusion for affective analysis and emotions prediction have their own respective 

drawbacks in terms of reliability, accuracy, efficiency and presentation. Another major challenge 

for handling big multimodal data is in reducing the computational time and memory consumption, 

which is not addressed in most of the research works. Hence, there is room for further research 

and enhancement in this area. Table 2.5 lists some of the multimodal modality sentiment analytics 

that have been compiled by researchers in the past years. 

 

Table 2.5: Overview of multimodal sentiment analysis from previous researched 

 

Research Modality Database Fusion Technique No. of 

emotion

s 

Outcome 

Nicolaou 

et al., 

(2011) 

Audio 

Video 

Sensitive 

Artificial 

Listener 

Database 

Feature 

and 

Decisio

n 

SVR and 

BLSTM-NNs 

2 Over leave-one-sequence-

out cross validation, best 

result is attained by fusion 

of face, shoulder and audio 

cues, RMSE=0.15 and 

COR=0.796 for valence 

and RMSE=0.21 and 

COR=0.642 for arousal. 

Nicolaou 

et al., 

(2010) 

Audio 

Video 

Sensitive 

Artificial 

Listener 

Database 

Model HMM and 

Likelihood Space 

via SVM 

2 over 10-fold cross 

validation, best mono-cue 

result is 91.76% from 

facial expressions, best 

fusion result is 94% by 

fusing facial expressions, 

shoulder and audio cues 

Kanluan 

et al., 

(2008) 

Audio 

Video 

VAM corpus 

recorded from 

the German TV 

talk show Vera 

am Mittag 

Model Support Vector 

Regression for 3 

continuous 

dimensions 

3 average estimation error of 

the fused result was 17.6% 

and 12.7% below the 

individual error of the 

acoustic and visual 

modalities, the correlation 

between the prediction and 

ground truth was increased 

by 12.3% and 9.0% 



 

70 

 

Chen et 

al., 

(2016) 

Audio 

Video 

Extended Cohn-

Kanade 

dataset, Geneva 

Multimodal 

Emotion 

Portrayals 

(GEMEP-FERA 

2011) dataset 

and the AFEW 

4.0 dataset 

Feature HOG-TOP, 

inspired by a 

temporal 

extension of 

Local Binary 

Patterns, LBP-

TOP. 

7 Overall classification 

accuracy obtained by using 

HOG-TOP on the CK+ 

database, GEMEP-FERA 

2011 database and AFEW 

4.0 database is 89.6%, 

54.2% and 35.8%, 

respectively, while 

applying LBP-TOP 

produces the result of 

89.3%, 53.6% and 30.6%, 

respectively. 

Poria, 

Cambria

, & 

Gelbukh

, (2015) 

Text 

Audio 

Video 

YouTube 

Dataset 

Feature 

and 

Decisio

n 

DCNN based on 

multiple kernel 

learning 

2 Results for accuracy of 

each modality separately, 

with feature level fusion 

and with decision level 

fusion was 87.89%, 

88.60% and 86.27%, 

respectively. 

Poria, 

Chaturv

edi, et 

al., 

(2017) 

Text 

Audio 

Video 

MOUD 

and 

USC IEMOCAP 

database 

Feature Distributed time-

delayed 

dependence using 

DCNN with 

multiple kernel 

learning 

4 Results obtained for 

accuracy of the four 

emotions, angry, happy, 

sad and neutral, were 

79.20%, 72.22%, 75.63% 

and 80.35%, respectively. 

Poria, 

Cambria

, 

Hussain, 

et al., 

(2015) 

Text 

Audio 

Video 

ISEAR dataset 

and CK++ 

dataset and the 

eNTERFACE 

dataset 

Feature KNN, ANN, 

ELM and SVM 

7 The overall accuracy of 

87.95%, outperforming the 

best state-of-the-art system 

by more than 10%, or in 

relative terms, a 56% 

reduction in error rate. 

Perez-

Rosas et 

al., 

(2013) 

Text 

Audio 

Video 

MOUD Feature SVM classifier in 

ten-fold cross 

validation 

2 The accuracy of multiple 

modalities with feature 

level fusion is 74.66%, 

with error rate reductions 

of up to 10.5% as 

compared to the use of one 

modality at a time. 

Paleari 

& Huet, 

(2008) 

Audio 

Video 

The 

eNTERFACE 

database 

Feature 

and 

Decisio

n 

Extraction of 

features through 

SAMMI and 

classified by NN 

and SVM. 

6 The average recognition 

rate of feature fusion and 

decision fusion was around 

35% and 40%, 

respectively. 

Mansoor

izadeh 

& 

Charkar

i, (2010) 

Audio 

Video 

The TMU-

EMODB 

database and 

eNTERFACE 

database 

Feature 

and 

Decisio

n 

PCA and LDA 

used for feature 

extraction. 

Adaptive 

classifier together 

with a Kalman 

filter state 

estimator is used 

for classification. 

6 The feature fusion and 

decision fusion for the 

TMU-EMODB database 

yielded 75% and 65%, 

respectively. The feature 

fusion and decision fusion 

for the eNTERFACE 

database yielded 70% and 

38%, respectively. 

Chen et 

al., 

(2015) 

Video 

Physiolo

gical 

DEAP database Feature 

and 

HMMs 4 The feature-fusion when 

compared to decision-

fusion obtained better 
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Decisio

n 

accuracies with 85.63% for 

arousal and 83.98% for 

valence. 

Bailenso

n et al., 

(2008) 

Video 

Physiolo

gical 

Self Database  Data was 

classified using 

SVM with a linear 

kernel and a 

Logitboost with a 

decision stump. 

3 The results showed that 

both classifiers performed 

equally well, with 

precisions nearing 70% for 

amusement, 50% for 

sadness, and 94% for 

neutral in the face. 

Hussain 

et al., 

(2012) 

Video 

Physiolo

gical 

Self-collection feature DT, KNN, and 

SVM 

2 The KNN classifier 

exhibited the highest 

accuracy for physiological 

modality at 50%, video 

modality at 60% and 

fusion of both at 62% in 

valence. Decision tree 

classifier exhibits the 

highest accuracy for both 

physiological modality at 

49% and fusion at 56% 

with slightly higher 

accuracy than KNN for 

video modality at 57% in 

arousal. SVM shows 

comparatively low 

accuracy in face for both 

valence and arousal. 

Zhong et 

al., 

(2017) 

Video 

Physiolo

gical 

MAHNOB-HCI feature 

and 

decisio

n 

AdaBoosted Trees 

Classifier 

2 The results showed an 

accuracy of 69% and 72% 

for valence and arousal, 

respectively. 
 

 

 

2.7 Applications of Multimodal Big Data Affective Analytics 

There are many current applications of multimodal big data affective analytics(Desmet & 

Hoste, 2013; Liao et al., 2018; Plutchik & Van Praag, 1989; Woolf et al., 2008). A few examples 

are discussed below. 
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2.7.1 Automated Depression Diagnosis 

Automated depression diagnosis is becoming an increasingly popular research topic as 

more and more people are becoming diagnosed with this illness. In an early work, Meng et al., 

(2013) used the AVEC 2013 (Valstar et al., 2013) database for depression recognition. This 

research utilised a motion history histogram (MHH) to extract the dynamic features of the video 

and audio in the database. Then, partial least square regression algorithm was used to map each 

feature to its respective modality, and, finally, decision level fusion was used to predict the 

outcome. In another research, using the same database, Wen et al., (2015) created an automatic 

depression diagnosis system by using sparse coding and discriminative mapping to reduce noise, 

improve feature processing and recognition accuracy. Next, SVR is applied and then a decision 

level fusion is used to obtain the results. A recent paper by Zhu et al., (2017) conducted research 

on two depression databases, AVEC 2013 and AVEC 2014 (Valstar et al., 2014). In this research, 

a DCNN was applied to the input, which consisted of facial appearance and facial dynamics. Then, 

the individual DCNNs were fine-tuned using joint tuning layers to predict the depression score. 

2.7.2 Emotion Detection in Suicide Notes 

Fine-grained emotion detection in suicide notes may in some way help to detect suicide 

tendencies and prevent suicides. One of the earliest works in emotion detection of suicide notes 

was introduced by Stone & Hunt, (1963). This paper made use of a system called General Inquirer 

and was used to detect fake suicidal notes. This system used a huge lexicon of words that were 

labelled into 182 categories such as ‘positive’, ‘negative’, ‘family’ and ‘self’. Next, the system 

used the distribution of the words in the categories to detect genuine and fake suicide notes. In 

Pestian et al., (2010) used machine learning models to extract textual features from suicides notes 
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in the dataset 2011 i2b2 NLP Challenge. Sixty-six features were extracted from the suicide notes, 

then emotion analysis was carried out by assigning a lexicon of words into 19 categories and 

comparing them with the suicide notes. The system was then compared with the results obtained 

by human psychology professionals, and it was found that the system had better performance. A 

more recent work by Desmet & Hoste, (2013) introduced a system to detect fine grained emotion 

automatically using SVM classifiers. Seventeen feature sets were classified into 15 emotions, 

which included love, thankfulness, instructions, hopelessness and others. This system showed a 

modest improvement compared to previous methods and demonstrated that further improvements 

could be carried out in this field of application.  

2.7.3 Sentiment Analysis of Customer Reviews 

The most common application of big data affective analytics is sentiment analysis of 

customer reviews. The importance of sentiment analysis is being recognised globally by many 

organizations. Big data affective analytics can help an organization to predict customer purchasing 

behaviour patterns, detecting fraud and complaints. This has proven to be effective at easy data 

collection and has the ability to get feedback at low cost. Priyanka & Gupta, (2013) identified the 

best features to classify positive and negative customer reviews through sentiment analysis. The 

proposed method used consisted of pre-processing (data pre-processing), feature extraction (n-

gram features, POS tagging based features, SentiWordNet features) and model building (feature 

representation, support vector machines). The proposed model produced the highest accuracy of 

91.9% among the entire feature combinations when applied to a small dataset and 95% on the large 

dataset. Gräbnera & Zankerb, (2012) proposed a system that performed customer reviews 

classification of hotels by sentiment analysis. A classification approach of the customer reviews is 
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carried out based on an existing domain-specific corpus. A lexicon of textual components with a 

semantic orientation was built, then a classification function was used to calculate the sentiment 

value, and, finally, the system was compared to a predefined baseline. The proposed system 

achieved precision values of 84% and 92% for positive and negative reviews, respectively.  

In research by Singla et al., (2017), mobile phone reviews from Amazon were collected. 

The data were filtered (to remove noisy data), pre-processed (to evaluate the sentiment polarity) 

and, finally, classified (using machine learning classification models like naive Bayes, SVM and 

decision tree) to find the best classifier. Classification with SVM resulted in 81.77% accuracy, 

meanwhile, decision tree and naive Bayes had 74.75% and  66.95% accuracy, respectively. In a 

recent work by Kumar et al., (2017), Amazon product reviews were used for sentiment 

classification of the Apple IPhone 5s, Samsung J7 and Redmi Note 3. The classifiers used were 

naive Bayes, logistic regression and SentiWordNet, with best results obtained through the 

SentiWordNet classifier (82% for Apple IPhone 5s, 65.1% for Samsung J7 and 62% for Redmi 

Note 3). 

2.7.4 Irony and Sarcasm Detection 

Text-related sentiments where people are able to express their negative feelings in terms 

of positive or intensified positive words is known as sarcasm. It acts as an interfering object in any 

text that can flip the polarity. Sarcasm sentiment analysis is a rapidly growing area of NLP 

research. It ranges from word-, phrase- and sentence-level classification to document- and concept-

level classification. Based on used text features, sarcastic sentiment detection can be classified into 

three categories: lexical, pragmatic and hyperbolic. A Hadoop-based framework proposed in 

Bharti et al. (2016) allows the user to obtain and save tweets in a distributed environment. A 
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MapReduce programming model is used to process them for detecting sarcastic content in a real 

time basis.  

2.7.5  Hate Speech Detection 

Hate speech is used to expresses disgust towards a specific intended group. It also can be 

used to humiliate, or to insult the members of the group in any social media. In social media, hate 

speech can cause harm or a dangerous situation for the victim. It is bias-motivated, unreceptive, 

negative speech aimed at a person or a group of people due to some of their characteristics. In 

research by Gitari et al., (2015), a classifier is developed to detect hate speech through topics 

related to race, nationality and religion. A hate speech lexicon was built, and a system was 

developed using Java programming to predict hateful sentences and rate their strengths. This 

system resulted in precision of slightly above 70%. 

2.7.6  Lie Detection 

 A lie can be defined as a message knowingly transmitted by a sender to foster a false belief 

by the receiver. In this digital era of computer-facilitated interactions, to discriminate truthful 

messages from false is a main concern for most users. This is crucial for activities when the risk 

factors are very high. Examples include online banking, shopping or information seeking in vital 

matters such as health or financial advice. Mihalcea & Strapparava, (2009) proposed an automated 

classifiers for a binary deceitful or truthful message detection using 2,200 words. Here, the words 

were grouped into 70 broad word categories, adapted from a lexicon used for psycholinguistic 

analysis. The average classifier performance had a 70% success rate in discriminating unseen lie 

statements from truthful ones. In research by Mohammadian et al., (2008), 62 subjects were used 
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to accurately detect deceit using reaction time analysis in combination with event-related brain 

potentials using EEG. The accuracy of analysis of reaction time was found to be 81%, and the 

accuracy of event-related brain potentials was found to be 80%. 

2.7.7  Stress Detection 

Modern society suffers from many forms of stress, which influences our mental and 

physical health. Stress can be defined as a reaction from a calm state to an excited state for the 

purpose of preserving the integrity of a person. Stress can have many negative effects on the 

productivity of a person’s work/life by causing impaired decision-making capabilities, decreased 

situational awareness and degraded performance. (Healey & Picard, 2005) collected and analysed 

physiological data (ECG, EMG, skin conductance, respiration) to determine a vehicle driver’s 

stress level. The results showed that driver stress levels were most closely correlated with SC and 

heart rate. In Liao et al., (2018), a technique was proposed to release stress using music. In this 

study, EEG signals were acquired using NeuroSky Mindwave Mobile brainwaves from seven test 

subjects while listening to music. Then, back-propagation neural network was used to predict 

user’s stress feeling, with a prediction rate of 80%. In (Chittaro & Sioni, 2013), stress is induced 

through a fire emergency simulator virtual reality (VR) in 36 participants (21 male, 15 female, 

with ages between 16 and 35). The eye-blink startle response was gathered, and the data was 

analysed using the Shapiro-Wilk test. The results of the study show that the sound played is able 

to elicit an eye-blink startle response.  

Research done by Balbin et al., (2017), developed a system that gave a preliminary 

diagnosis regarding the detection of post-traumatic stress disorder (PTSD). The facial expression, 

heart rate and skin conductance of 10 subjects (5 control and 5 PTSD) watching videos that 
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stimulates happy, sad and fear emotions were collected and observed. After getting the mean facial 

action units (AU) of the control and PTSD group, the corresponding mean emotion is matched to 

the emotion that is presented by the video. The statistics and correlation of the measures data were 

tested in Excel to get the normalized values and then used to analyse the effectivity of each 

stimulus of that in a normal person compared to the response of subjects with high-risk of PTSD. 

Research by Zhang et al., (2016) carried out a study on 17 PTSD patients, 20 trauma-exposed 

controls without PTSD and 20 non-traumatized healthy controls to determine the diagnostic 

potential of multimodal magnetic resonance imaging (MRI) in identifying individuals with and 

without PTSD. A SVM classifier was used with leave-one-out cross-validation method to obtain 

an accuracy of 89.19%, 90.00%, and 67.57% for PTSD compared to healthy subjects, trauma-

exposed controls compared to healthy subjects, and PTSD compared to trauma-exposed controls, 

respectively. 

2.7.8  Cognitive Assistance 

After the age of 60, human beings start to decline in terms of remembering and cognitive 

elasticity. This decline can often contribute to aggravating their physical health. In the Ambient 

Assisted Living (AAL) domain, the primary research focus is on developing low-cost technical 

solutions for the elderly and disabled people, to help them with their daily tasks. A key sub-area 

of AAL focuses on Cognitive Assistants (CA). CA is a subset area of personal assistants focused 

on ubiquitous and pervasive platforms and services. They are intended to meet elderly people’s 

requirements, behaviours, and emotions by being dynamic, adaptive, sensitive and reactive. Hence, 

an important application of multimodal affective models is cognitive assistants. Helping people to 

remember is the main focus of CA research, which aims to help people with their daily activities 
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by providing information about past events or individuals. For instance, CA projects may focus on 

intelligent calendars, activity recognition systems or memory banks. The domain of action of CA 

projects is broad and touches several aspects of human activities. The diversity and potential of 

CA solutions are presented in Preum et al., (2021) with associated examples. 

 

2.8 Chapter Summary 

This chapter has surveyed the area of multimodal big data affective analysis, including the 

combination of physiological modalities. The multimodal big data affective framework was 

discussed, and emotion models were reviewed. The increasing amount of research published in 

this field shows that there is a high demand in both research and business sectors for multimodal 

big data affective analysis. Through this survey, it can be seen that multimodal big data is more 

effective at obtaining significant performance than unimodal data for big data analysis. In addition, 

it can be understood that multimodal big data affective analytics has a future in research because 

many new techniques and possibilities are arising and will continue to arise that will further 

improve the systems presently available.  

The survey work discussed in this chapter opens a number of interesting directions for 

future work. A few issues that have yet to be addressed in this field include building a 

comprehensive multimodal database for affective analysis with a verified benchmark for a wide 

range of emotion displays, developing an automated affect analysis system that combines all 

signatures of the human body, including, facial expression, pupil dilation, speech, body movement 

and body temperature to obtain detailed emotion recognition, and also developing better 

multimodal fusion methods for analysis. These challenges require in depth understanding of 



 

79 

 

human behaviour and computer-human interaction among a wide variety of other fields related to 

computer and social science. Therefore, a lot of research needs to be carried out in this field to 

further the effort to improve the multimodal big data affective analysis systems currently available. 
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CHAPTER 3  

AUDIO EMOTIONAL DATA: AUGMENTATION, 

EXPERIMENTS AND RESULTS 

 

 

3.1 Introduction 

The emotional state of human beings plays a key role in human computer interactions, and 

automated methods for understanding and recognizing human emotions are increasingly in 

demand. Emotion recognition is the ability to consistently recognise people's feelings at each 

moment within a time period and to recognise the relation between their feelings and related 

expressions.  

Audio mining is a method used to search and analyse audio files from spoken words or 

phrases. Initially, the audio files are saved in relevant databases, then as per requirement, a search 

engine is used to search specific data in terms of keywords within the huge and heterogeneous 

database. Here, keywords of interest are determined based on their occurrence frequency in spoken 

words. This method is used to obtain valuable information from a high volume of recorded speech.  

The audio data of spoken human language is also considered as speech data. These types 

of data are widely available from a variety of sources, including webcasts, conversations, music, 

meetings, voice messages, lectures, television, and radio.  
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Emotion recognition using speech/audio signals has been an emerging research field in the 

last two decades within the area of effective computing. It is usefully defined by E. Ayadi (el Ayadi 

et al., 2011) as mining the emotional state of any speaker from her/his speech. Usually, the non-

verbal elements of speech contain the emotional features, which provide significant feedback 

without affecting its linguistic content (Ververidis & Kotropoulos, 2006). Research done by 

(Burkhardt et al., 2005; Busso et al., 2008; Deb & Dandapat, 2019) focuses on sentiment analysis 

using audio data (speech) from IEMOCAP, FAU AIBO databases, MFD and Spoken Reviews 

(manual collection). The speech recognition system and/or application innovation is evolving 

rapidly due to the increase in the available computational power nowadays. A ticket reservation 

system named ‘SmartKom’ is reported by Ang, et. al in 2002 (Ang et al., 2002). The ‘SmartKom’ 

is an automated speech recognition system and is able to identify a person’s frustration and/or 

annoyance state as they are speaking. Another such emotion recognition system was developed in 

2005 to monitoring the progression of tele-conversations for call centres (Lee & Narayanan, 2005). 

In addition to the above two, two more successful automatic emotion recognition systems have 

been reported:  

(i) An in-car mental state navigation system to be used in any transportation for monitoring 

driver’s concentration and motive in order to increase safety (Schuller et al., 2004).  

(ii) A system model to recognise and classify emotional states in a two-person interaction 

for a longer-time-duration along with their mutual influence (Busso et al., 2009).  

In the proposed work, the considered emotional states were the same as the seven emotion 

labels of Ekman’s model, which are happiness, sadness, neutral, anger, fear, disgust, and surprise. 

Ververidis & Koropoulos (Ververidis & Kotropoulos, 2006) mentioned that the happiness emotion 

label depicts a positive valence with a high energy instigation pattern. This energy pattern and its 
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strength may vary depending on the situation; hence, a happiness pitch indicates a range of 

increased variance. Murray and Arnott mentioned that bands of frequencies (for energy) that 

determine the phonetic quality of speech increase when smiling with happiness (Murray & Arnott, 

1993). The frequency pattern also shows that an increase in the signal amplitude and period for 

some speakers indicates an increase in their happiness.  

On the other hand, during anger the controlling parameters of a human deteriorates. Hence, 

anger requires the highest level of energy and pitch to be articulated, along with the observed 

‘widespread pitch range’ and ‘most-frequent pitch alteration’ compared to the rest of the emotions, 

which are sadness, neutral, fear, disgust, and surprise (Murray & Arnott, 1993; Ververidis & 

Kotropoulos, 2006). Another significant feature of the angry state is a faster speech rate compared 

to the other emotions (Burkhardt et al., 2004).  

The emotion fear has comparable features to anger, which includes wide pitch range, and 

high speech rate (Murray & Arnott, 1993). In the fear state, the signal contour contains correlated 

high levels of pitch and intensity (Ververidis & Kotropoulos, 2006). In this case, the observed 

pitch contour trend is nearly a downwards slope, similar to sadness, and very different than the 

emotions of happiness or joy (which have rising slopes) (Ververidis & Kotropoulos, 2006).  

Murray and Arnott (1993) reported that the lowermost speech rate, along with longer 

silences are observed in the signal contour of disgust. The same features of disgust are confirmed 

by Ververidis and Kotropoulos (2006), who state that it contains a slower speech rate, along with 

lower intensity and mean pitch labels in comparison with neutral and surprise emotions.  

The sad emotion requires very low energy, together with a negative valence degree. The 

sadness signal contour depicts that the pitch pattern is always below normal or normal in average 

and has an arrow pitch range and slow pulse rate (Murray & Arnott, 1993). Besides, the speech 
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rate of a sad individual is always slower than for the neutral emotion (Ververidis & Kotropoulos, 

2006). 

Research on emotional recognition is primarily divided into two areas: (i) single modality 

for the classification of emotions, such as facial expressions in images or video, or speech or EEG 

signals; and (ii) multimodal approaches for the classification of emotions by integrating different 

modalities of emotion. Audio data (unimodal) is analysed for the proposed work in this research, 

whereas multimodal systems are left for future works.  

One of the major drawbacks of any recognition method is the lack of data for the training 

of the classifier. When large datasets are used for training, the more likely it is that there will be a 

similarly matched example of training during testing. As a consequence, output accuracy is likely 

to improve when more training data are available. However, there are inadequate data in many of 

the databases currently available. One way to solve this issue is to perform data augmentation in 

order to increase the number of data samples. There are several ways to increase the data, including 

using audio-specific augmentation techniques like pitch shifting, time-scale modification, time 

shifting, noise addition, and volume control. In addition, the data augmentation often overcomes 

the system's over-fitting problems (Shoumy et al., 2021a). New data augmentation phases are 

employed in our proposed emotion recognition method to resolve the problems created by the lack 

of data for classifier training.  

The classification of data is an integral part of the emotion recognition system. NN, NB, 

LDA, SVM, fuzzy logic, DT and genetic algorithm (GA) classifiers comprise some of the state-

of-the-art classifiers (Bahkre, 2016.; L. Chen et al., 2012; Mustaqeem & Kwon, 2020; Zamil et al., 

2019). CNN have especially provided outstanding success in terms of performance accuracy in the 

field of emotion recognition in speech signals (Mustaqeem & Kwon, 2020), while classifiers such 
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as NB (Bahkre, 2016) and KNN (Hajarolasvadi & Demirel, 2019) have also shown great promise. 

In order to compare the output accuracy, three different classifiers (CNN, NB and KNN) were 

used separately for audio data classification for this experiment. 

Here, various well-established data augmentation techniques and classifiers are analysed 

and their influences on the output accuracy of emotion recognition models are compared. This was 

carried out in three stages: augmentation of data, extraction of features and, finally, classification. 

In order to identify the six fundamental expressions along with a neutral state, the experiments 

were performed on the publicly accessible and well-established SAVEE dataset. 

The chapter is organized as shown in Figure 3.1. Section 3.2 presents the audio 

augmentation methods. Section 3.3 discusses the system framework. Section 3.4 shows the 

experimental method, and Section 3.5 presents the experimental results and discussion. Finally, 

Section 3.6 provides a summary of the chapter.  
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3.2 Audio Augmentation Methods 

Preparation and augmentation of audio data is one the main hurdles in automatic speech 

recognition in audio analysis. For speech recognition problems, classic augmentation methods 

 

Figure 3.1: Overview of Chapter 3 
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involve distorting (or injecting additional noise to distort) the audio waveform that is to be used 

for the training set. To analyse audio data, the time or frequency domains can be modified, which 

makes the process more complex when compared to other modalities, such as images. To augment 

audio data, techniques such as noise injection, shifting time, changing pitch and speed can be 

applied. In this project, shift pitch, volume control and noise addition were used. The sections 

below explain each augmentation technique in more detail. 

3.2.1 Audio Data Augmentation – Shift Pitch 

The pitch shifting technique changes the original pitch of a sound by raising or lowering 

the pitch of the speech signal. Two main types of pitch shifting are repitching (time-dependant) 

and time-independent (Computer Music, 2015). Repitching involves increasing or decreasing the 

playback speed via resampling to push the pitch up and down. However, this changes the time 

scale of the audio waveform which is not suitable for the system proposed. The time-independent 

pitch shifting involves a method where the pitch and time are disconnected, so raising (up-shifting) 

or lowering (down-shifting) the pitch does not affect the playback speed. Therefore, time-

independent pitch shifting is used in this system.  

Generally, when changing the pitch of an audio, a semitone is the most normally used 

smallest interval of pitch. Since perception of pitch is based on a logarithmic scale, a semitone 

does not correspond to a fixed frequency difference (Royer, 2019). In the proposed system, the 

pitch is increased and decreased according to semitone values for the training dataset while the 

testing dataset is kept entirely unchanged. 
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3.2.2 Audio Data Augmentation – Control Volume 

Controlling the volume is another method of data augmentation. In controlling the volume 

of an audio track, the decibel (dB) is the most common unit of measure to quantify what can be 

heard and changed. Basically, the dB is a unit of measure for sound intensity or level (Galen Carol 

Audio, 2021). It is a logarithmic scale developed to express wide-ranging quantities on a simple 

scale. As an example, a doubling of the volume is not equal to twice the number of dBs. In the 

proposed method, the volume is increased and decreased according to a range set in dBs for the 

training dataset. The testing dataset is left unchanged by any audio augmentation. 

3.2.3 Audio Data Augmentation – Add Noise 

Another approach of data augmentation is to add random noise to the dataset. The 

advantage of adding noise to a dataset is that each time a training sample containing random noise 

is exposed to the model the network is able to memorize more training samples, resulting in smaller 

network weights and a more robust network that has lower generalization error (Brownlee, 2018). 

Generally, Gaussian noise or white noise is added with the input dataset prior to being fed 

into an artificial intelligence (AI) module, such as a NN, for training. The accumulation of 

Gaussian noise to the NN inputs is denoted as the uncorrelated random noise to electrical circuits. 

It is usually generated as per necessity using a pseudorandom number generator by maintaining a 

zero mean and standard deviation of one. 

The amount of noise needed to be added must be precise by means of the configurable 

hyperparameter, such as spread and/or standard deviation, because the addition of a noise that is 

too loud will make the NN mapping function too tedious to learn, whereas a noise that is too quiet 
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will contribute to negligible effect or no effect at all. The standard deviation is able to control the 

spread span and can be fine-tuned depending on the measure of respective input variables.  

Of note, noise can only be added just before or during NN training; hence, it cannot be 

used for the NN model testing (evaluation), validation, or making predictions on new (not used for 

training, testing and validations) datasets. 

3.3 System Framework 

The main aim of the proposed work is to research the efficacy of data augmentation 

strategies in conjunction with various emotion processing classifiers in speech signals. Each part 

of the proposed framework is discussed in detail in the remainder of this section. 

3.3.1 Data Preprocessing and Augmentation 

To create the training set, 50% of the speech signals from each of the seven different 

emotion categories were separated. Then, various augmentation techniques were implemented to 

increase these training images, which were shift pitch, control volume and add noise.  

For shift pitch, the pitch of the audio samples is increased and decreased by semitones. The 

range of the semitones to shift the pitch was -2 to 2. The four values used in this range were -2, -

1, 1 and 2. The duration of the audio track remained unchanged. This augment was only applied 

to the training samples, while the testing samples were kept unchanged. 

For control volume augmentation, the volume of the audio samples is increased and 

decreased in dBs. The range of volume gain/loss was set from -3 to 3. The six values used in this 

range were -3, -2, -1, 1, 2, and 3. 
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Finally, for add noise augment, Gaussian white noise was added to the training sample. 

The noise addition in the signal-to-noise ratio (SNR) was measured in dBs and set to the range of 

0 to 10. The five values used in this range were 2, 4, 6, 8 and 10. 

The reason for choosing these particular ranges in terms of pitch shifting, volume gain/loss 

and noise addition is because outside these ranges the audio signal becomes too distorted for 

extraction of any useful information. By creating new copies of the original speech signals for the 

emotion model training phase, the size of the training set was increased for better performance and 

a more robust system. 

3.3.2 Feature Extraction 

In the proposed system, the feature extracted from the audio data is undertaken using the 

mel-frequency cepstral coefficients (MFCC) technique. In short, MFCC are coefficients that make 

up mel-frequency cepstrum (MFC). MFC is a short-term power spectrum representation based on 

a linear cosine transform of a log power spectrum on a nonlinear mel-frequency scale (M. Xu et 

al., 2017). MFCC has 39 features and contains 12 parameters which are related to the amplitude 

of frequencies that are typically optimal for speech analysis. The reason for choosing only 12 

parameters is because even though more parameters would offer an increase in spectral details, 

selecting large number of features would increase the complexity of the model without providing 

a sufficient increase in performance.  

Figure 3.2 shows the workflow of extracting the MFCC features. At first, the audio signal is 

converted from analogue to digital format. Next, filtering is carried out to emphasize the higher 

frequencies. This is called pre-emphasis. The reason pre-emphasis is carried out is because usually 

in a speech signal the lower frequencies have a more energy than higher frequencies (Rao & K E, 
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2017). Increasing the high frequency energy makes higher formant data more accessible to the 

acoustic model. This in turn improves the detection accuracy and hence improves the model. 

 

 

 

Figure 3.2: Flow chart showing the process of extracting features using the MFCC technique 

(Jonathan Hui, 2019). 

 

After this, the windowing process is carried out. Here, for stable acoustic characteristic 

detection, the audio waveform was sliced into short segments. However, the audio waveform 

cannot simply be cut at the edge of its frame since this will create noise at the high-frequency 

portion of the wave. Therefore, for the amplitude of the wave to gradually fall near the edge of the 

frame, a Hamming or Hanning window can be used (the difference between a Hamming and 
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Hanning window is that the Hamming window has a slight drop at the edge, but the Hanning 

window does not).  

Next discrete Fourier transform (DFT) is applied to convert the signal from the time-

domain to the frequency-domain. The equation of the DFT is as follows: 

𝑋(𝑘) =  ∑ 𝑥(𝑛)𝑒
−𝑗2𝜋𝑛𝑘

𝑁

𝑁−1

𝑛=0

,    0 ≤ 𝑘 ≤ 𝑁 − 1 (3.1) 

where N is the number of points used to calculate the DFT. 

After this, a mel-filter bank (a set of band-pass filters) is used to filter-out the unwanted 

components of the Fourier transformed frequency domain signal to obtain the mel spectrum. The 

mel-frequency spectrum is a unit indicating the human audible frequency band. It is usually non-

linear to the actual frequency of the tone; this is determined by recognizing the behaviour of the 

human auditory system which is unable to distinguish pitch linearly. The equation for the mapping 

is as below: 

𝑀𝑒𝑙(𝑓) = 1127 ln(1 + 
𝑓

700
) (3.2) 

where f represents the physical frequency in Hz, and mel (f) represents the perceived frequency. 

  Next, the log function is applied to the output of the mel-filter to mimic the specifications 

of the human hearing system. This process also reduces acoustic variations that are unnecessary. 

After this, the inverse discrete Fourier transform (IDFT) of the output from the previous step is 

carried out. The first 12 cepstral values/coefficients of the signal are then taken. Together with 

this, the 13th coefficient is the energy of the signal in each frame. 

Finally, other than the 13 features, the first order derivative and second order derivatives 

of the features create the rest of the 26 features. These derivatives are computed by taking the 

difference of the coefficients between the samples of the audio signal. This helps in understanding 
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how the transition is occurring. Therefore, applying the MFCC technique generates 39 features 

from each audio signal sample, which are used as input for the proposed model. In this model, in 

order to obtain the MFCC with a 40 ms Hanning window and a 10 ms overlapping, 94 mel-filter 

banks were used for each speech signal. 

3.3.3 Feature Selection and Classification 

In our model, all the 39 features extracted from MFCC were used as input to the classifiers 

for better performance.  

To train the various classifiers to construct the prediction model for each classifier, the 

emotion labels associated with each speech data and the augmented audio were used. Then, the 

proposed system was assessed with three classifiers, CNN, NB and KNN.  

CNN is a deep learning neural network, a kind of machine learning that recognises data 

patterns by learning and memorizing the features of trained data. The machine learning technique 

empowers AI to perform self-learning by handling large datasets, whereas deep learning facilitates 

training AI with a certain dataset to predict outputs with high accuracy. Training can be done 

through either supervised learning or unsupervised learning, and the control is provided based on 

the assimilated outcomes to the labelled inputs in the supervised learning. On the other hand, 

unsupervised learning uses uncertain states, and the control is entirely managed by AI. The 

architecture of ANN is alike to human brain neurons both functionally and in their appearance and 

where the neurons are connected with one another their cumulative effect on outcome is 

determined by their respective weight function. The ANN comprises of three layers: input layer, 

hidden layer and output layer. The number of considered hidden layers govern the final output and 

accuracy efficiency depends on given inputs and targeted outputs. The term “deep” in DNN refers 
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to an architecture consisting of multiple hidden layers, that means a structure with an increased 

number of hidden layers (more than three). As a result, it is capable of improved intelligence and 

can make relations among datasets and empower the DNN to produce better outcomes.  

The CNN belongs to the DNN algorithm family, used for image processing purposes, 

which contributed a noteworthy evolution in recent years and is commonly used in research areas, 

including face recognition, object detection and speech recognition. The CNN general structure 

comprising of multi-layers is shown in Figure 3.3. The brief description of the middle three layers 

are as follows. 

 

Figure 3.3: General structure of CNN (Gu et al., 2019) 

 

Convolutional Layer: This layer contains a set of filters whose parameters need to be learned. The 

height and weight of the filters are less than those of the input size. It receives input data from the 

input layer; each filter is then convolved with the input size to compute an activation map made of 

neurons, and, finally, it prepares a feature map by shifting the filters over the input data size. These 

feature maps can be considered as pixel values representing the image according to the specified 

filters.  
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Pooling Layer: This layer receive input from the convolutional layer. It operates on each feature 

map independently and reduces the spatial size of the feature maps that were acquired from the 

convolution layer. The objective of this procedure is to preserve the significant features by 

reducing the number of parameters to reduce the computation load in the network. 

Fully Connected Layer: In this layer, all the inputs from the pulling layer are connected to 

every activation unit of the next layer. It compiles the data extracted from pulling layers to form 

the final output to feed into the classifier layer. Here, the final feature vectors are obtained, and the 

procedure is accomplished by determining the neuron numbers in the former layer conferring to 

the number of classes needing to be classified. 

NB is a probabilistic machine learning model which assumes that there is no relation 

between the existence of a specific feature in a class and the presence of any other feature. NB 

classifier is based on the principle of Bayesian theorem with the strong (naive) independence 

assumptions between every pair of features. It is a supervised machine learning algorithm (a 

dataset which has been labelled) based on the Bayes theorem of probability. It is very fast, has a 

good performance, and works quite well to solve many real-world problems. It is used for binary 

as well as multiclass classification problems, particularly in the arena of document classification 

and diseases diagnosis. The key advantages of this classifier are the conditional independence 

assumption that helps to accomplish a fast classification, and the probabilistic hypotheses. 

The KNN is a supervised machine learning algorithm that can be used to solve both 

classification and regression problems. It functions in classification problems to define the 

distances between a test sample and the given training examples, choosing the specified number 

of examples (k) nearest to the test sample, then voting for the most frequent class or name. It 

always uses training data for classification purposes of new data. The training data samples are 
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usually in vector forms in a multidimensional feature space. Each feature is marked with a class 

label, and the KNN classifier discovers a set of neighbours to outline the class where the new 

sample belongs., and the constant ‘k’ is defined as the number of neighbour samples. Its advantages 

include that it is very robust to noisy training data and works efficiently with small as well as large 

data sets with zero learning process cost. The main drawbacks of KNN include that it is 

computationally heavy to determine the value of k (the nearest neighbours) for a large dataset, and 

it has very slow testing steps due to the requirements of the distance calculation of each specific 

interrogation occurrence for all training samples. Hence, KNN is not very effective for live 

applications, including emotion recognition classification purposes. 

Emotion prediction models can process audio data from the dataset and predict one of the 

seven human emotions (anger, sadness, surprise, happiness, disgust, fear or neutral). The goal of 

this system model is to determine accurately the emotion prediction using a combination of a data 

augmentation technique and a classifier. 

3.4 Experimental Method 

The entire experimental process was implemented using MATLAB. A flowchart of the 

experimental model is shown in Figure 3.4. 

This experiment was conducted to determine if state-of-the-art classification algorithms 

together with well-established data augmentation techniques can produce improved performance 

in terms of accuracy of predictions for speech-based emotion classification of the SAVEE dataset. 

Based on the experiments, it can be determined which data augmentation technique (or 

combination of techniques) and which classifier provide the best result across all stimuli and 

subjects. The experiments were carried out with the goal of classifying seven classic emotions 
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based on audio signals and using features generated through the application of the MFCC 

technique. The experiment used the publicly available SAVEE dataset, which contains audio-

visual data suitable for speech emotion classification application. 

Finally, three state-of-the-art classifiers, CNN, NB and KNN were used to evaluate the 

performance of the augmented audio data. To run the data through the CNN classifier, the 39 

features were reshaped into a 2D vector format with the shape of 3 x 13. This matrix was arranged 

as follows: 

1st layer: 13 original MFCC features 

2nd layer: first order derivative of the first 13 features 

3rd layer: second order derivative of the first 13 features 

This structure aligns the audio features in such a way that it is easy to perform convolution on it. 

To perform the classification, the CNN structure with the most successful architecture was as 

follows: 

• Convolution layer with filters: 128, filter size: 3x3, padding: same, activation function: 

ReLU,  

• Maximum Pooling with pool size: 2x2, stride: 2x2 

• Convolution layer with filters: 256, filter size: 3x3, padding: same, activation function: 

ReLU,  

• Maximum Pooling with pool size: 2x2, stride: 2x2 

• Convolution layer with filters: 512, filter size: 3x3, padding: same, activation function: 

ReLU,  

• Fully connected layer, dense layer with units: 7, activation function: softmax 
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The optimizer used for the network was adaptive moment estimation (ADAM) and the maximum 

epoch for the network was 80. This CNN network model performed most fluidly with least errors. 

 For training the NB classifier, each feature of each class was modelled using a kernel 

density estimation, which is a more flexible nonparametric technique. Then, a feature matrix is 

formed by utilizing the acquired features (39 features per speech file), where each row indicates 

one specific speech file. This feature matrix is fed into the classifier model, which was created by 

utilizing the MATLAB statistical toolbox function fitcnb. This model then carries out classification 

by obtaining the features of the new data samples from the testing set. Once all the features are 

extracted, the classifier uses the developed model to compute the probability of the sample 

belonging to a specific class.  

 For the KNN classifier, this algorithm was implemented by choosing 5 as the value 

of k initially as the number of the nearest neighbour points. Afterwards, either one of the Euclidean 

or Hamming distance or Manhattan methods is used to calculate the distance between each row of 

training data and test data respectively. This is followed with the up-to-date K values (the highest 

ones) being determined based on the calculated distance values. 
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Figure 3.4: General overview of experimental method 

3.5 Experimental Results and Discussion 

In the following subsections, the experimental results for the data augmentation techniques 

and classifiers are presented in detail, along with comparison. 
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3.5.1 Datasets Used 

SAVEE dataset provides audio utterances of British speakers (Haq & Jackson, 2009). The 

speakers were four British male actors who spoke the sentences showing six emotions: anger, 

sadness, disgust, happiness, surprise, fear. The sentences chosen were phonetically balanced. The 

dataset comprises of 480 audio utterances. The data is processed and labelled under the visual 

media lab using high quality audio and video equipment. 

3.5.2 Data Augmentation Technique and Classifier Comparison 

By training the proposed system with augmented SAVEE audio data and testing with the 

original audio data from the dataset, the emotion recognition model evaluation procedure was 

conducted. With the considered data augmentation techniques, the SAVEE dataset augmented 

audio data was as follows: (i) 240 audio augmentations created with shift pitch, (ii) 240 audio 

augmentations produced with control volume and (iii) 240 audio augmentation created with add 

noise. The training database size was set to 960 audio features when all three techniques together 

with original training data were used. With CNN, NB and KNN classifiers, the data augmentation 

techniques were processed to be grouped into particular emotion labels. Test data consisting of 

50% of the un-augmented, original data from the SAVEE dataset was entered into the individual 

classifier prediction models and the output accuracy of each classifier was obtained.  

The performance accuracy (in percentage) was calculated using the following equation: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑠
× 100% (3) 
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Considering the different geometric augmentation techniques and classifiers, Table 3.1 

summarises the values of the overall accuracy of emotion recognition achieved. A combination of 

augmentation and original training set gave 83.2% accuracy, which was the highest output 

accuracy obtained with the CNN classifier, and an accuracy rate of 82.4 % was achieved when no 

data augmentation technique was applied. With an accuracy of 82.8%, 82.8% and 82.7%, 

respectively, shift pitch, control volume and add noise together with the original training had slight 

increases in accuracy. The best accuracy achieved with NB and KNN classifier were 77.1% and 

76.9%, respectively, by using a combination of data augmentation techniques. Figure 3.5 shows 

the confusion matrix generated through best performance, that is, CNN classifier with all the audio 

augmented data (shift pitch, control volume, add noise and original training data). 

It can be shown that the strategy that incorporates all the augmented techniques 

outperforms the rest, and the best result was obtained by the CNN classifier. The output is likely 

to improve by providing additional audio data and modalities to the training database. 

 

Table 3.1: Performance accuracy achieved with the SAVEE dataset using different data 

augmentation techniques and classifiers 

Data Augmentations 
Performance Accuracy 

CNN NB KNN 

Training data (no augmentation) 82.4% 76.1% 76.0% 

Shift pitch + training data 82.8% 76.7% 76.3% 

Control volume + training data 82.8% 76.6% 76.4% 

Add noise + training data 82.7% 76.5% 76.3% 

Shift pitch + Control volume + Add 

noise + training data 
83.2% 77.1% 76.9% 

 

Furthermore, a confusion matrix (Figure 3.5) was used to visualise the performances of the 

proposed technique. A confusion matrix summary is presented of the number of samples correctly 
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and incorrectly identified and separated into each class with a number, where the diagonal and off-

diagonal elements represent correctly and incorrectly identified samples, respectively. It should be 

mentioned here that only one group of experimental results and the average result of three 

iterations is presented. 

 

 

Figure 3.5: Confusion matrix generated when CNN classifier is used with all three types 

of audio augmentation method 

3.6 Chapter Summary 

Using data augmentation techniques (shift pitch, control volume and add noise) to augment 

the obtained dataset, this chapter presented an emotion recognition model and tested it with three 

well-known classifiers: CNN, NB and KNN. The results show that data augmentation 

transformations, specifically shift pitch, control volume, and add noise combinations, provide 

performance improvements of up to 1% compared to when data augmentation is not used.  This 
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improvement is comparable to existing state-of-the-art methods in audio augmentation such as 

(Salamon & Bello, 2016) and (Wei et al., 2020) which achieved performance improvements of up 

to 0.5% and 1% respectively. Through this experiment, it can be shown that a large amount of data 

is needed in speech signals for more accurate emotion detection and that augmented audio offers 

an option to compensate for lack of data in the case of small datasets or small numbers of audio 

data. The results of the experiment in this chapter underlines the value of training data for 

emotional recognition tasks and the efficacy of the correct data augmentation technique when large 

datasets are not available. The use of generative adversarial network (GAN) on audio datasets to 

create a synthetic novel dataset for an emotion recognition system from audio data with better 

accuracy and precision is a future work to be considered. The use of EEG modalities with other 

data augmentation techniques should also be considered.  

The next chapter presents the seven emotion recognition performances using video data 

from the SAVEE dataset.
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CHAPTER 4  

VISUAL EMOTION DATA: AUGMENTATION, 

EXPERIMENTS AND RESULTS 

 

 

4.1 Introduction 

Affective computing is a field of study that is interested in a new form of human computer 

interaction that enables computers to recognise, feel, understand and interpret human emotions. It 

is an emerging multidisciplinary research field that is increasingly drawing the attention of 

researchers and practitioners from various domains (Kleinsmith & Bianchi-Berthouze, 2013). 

Research in affective computing covers many fields, and one major area of development is emotion 

recognition. Emotion recognition is the ability to identify peoples’ feelings continuously within a 

time duration and understand the connection between their feelings and their related expressions. 

It is a challenging interdisciplinary task for experts from various research fields, including 

psychology, physiology and computer science (Porcu et al., 2020). Ekman and Friesen (Ekman & 

Friesen, 1971) proposed a model stating that humans have the ability to identify six basic universal 

emotions, which are sadness, happiness, anger, fear, disgust and surprise. Emotions can also be 

expressed in terms of one or more dimensions by relating them to the intensity levels of the 

emotions (Frijida & Mesquita, 1998). A theory proposed by Mehrabian (Mehrabian, 1996, 1997) 

stated that all emotions can be represented by three dimensions: pleasure, arousal and dominance. 
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In their proposed work, they intended to classify the emotions captured through the video data into 

discrete emotion categories (Ekman model). The emotion recognition researchers are mainly 

divided into two areas: (i) single modality for emotion classification, such as facial expressions in 

images or video, or speech or EEG signals; and (ii) multimodal emotion classification models by 

combining different emotion modalities. Single modality data (video) is adopted for the proposed 

work here, whereas multimodal systems are left for future works. 

One of the major limitations faced by a recognition system is the lack of data for training 

the classifier. When a large dataset is fully used for training there will be no new data at hand for 

system testing and validation. This may result in some scenario, such as, during testing, the more 

likely testing sample will be closely matched to a training sample, therefore, the performance 

accuracy is likely to increase compared to usual cases. However, there are insufficient data in many 

of the currently available datasets to train and test a classifier system successfully with targeted 

accuracy. One way to overcome this problem is to augment the data to increase the number of data 

samples. Data warping is one of the key ways of data augmentation; it works in such a way that 

the existing images are transformed but their respective labels are preserved. Some such 

augmentation techniques are geometric and colour transformation, random erasing and adversarial 

training. Additionally, data augmentation also overcomes the system over-fitting problems 

(Shorten & Khoshgoftaar, 2019). Here, in the proposed emotion recognition system, new data 

augmentation phases are employed to overcome the problems caused by lack of data for classifier 

training.  

An essential part of the emotion recognition system is the classification of data. State-of-

the-art classifiers include CNN, NB, LDA, SVM, fuzzy logic, DT and GA (Gavali & Banu, 2019). 

In the field of emotion recognition in images, CNN has produced exceptional performance in terms 
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of performance accuracy(Shorten & Khoshgoftaar, 2019), while classifiers such as NB (Setchi & 

Asikhia, 2017), LDA (Bartlett et al., 2005) and DT (Dapogny et al., 2016) have also shown great 

promise. For this experiment, four different classifiers, CNN, LDA, KNN and DT, were used 

separately for image classification to compare the performance accuracy.  

Focus is given here on evaluating and comparing the effect of different well-established 

geometric data augmentation techniques and classifiers on performance accuracy along with newly 

added data-augmentation techniques. This was performed in three phases: data augmentation, 

feature extraction and, finally, classification. The experiments were carried out on the publicly 

available and well-established SAVEE dataset in order to recognise the six basic expressions along 

with a neutral state. 

The rest of this chapter is organised as follows (shown in Figure 4.1). Section 4.2 describes 

the considered video augmentation methods which are proposed to be added to the proposed 

system to overcome data insufficiency. Section 4.3 presents the proposed system framework. 

Section 4.4 focuses on experimental methods. Section 4.5 presents experimental results and 

discussion, and, finally, the chapter is summarised in Section 4.6, appended at the end of the 

chapter.  
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Figure 4.1: Overview of Chapter 4 
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4.2 Video Augmentation Methods  

Data augmentation is carried out on the available video data to artificially expand the size 

of the training data to create large datasets. This is because large datasets are essential in 

classification purposes to achieve better performance of deep learning models and to avoid over-

fitting problems. The video augmentation process is quite similar to that of image augmentation 

because a video is essentially a collection of pictures (frames) that run in high speed (frames per 

second) on a screen. Therefore, for these ‘images’ two commonly used augmentation techniques 

for image manipulation are position augmentation and colour augmentation. The position 

augmentations include flipping the images horizontally, vertically, padding, cropping, rotating, 

scaling, translation and many more. Colour augmentations include altering the brightness, contrast, 

saturation and hue. In the proposed model, the three considered position augmentation techniques 

are horizontal reflection, rotation and cropping, which are described in detail in the following 

subsections.  

4.2.1 Video Data Augmentation - Flipping 

Images can be flipped vertically or horizontally. When an image is flipped, the pixels are 

rearranged while the features of the image are protected. A horizontal flipping technique generates 

a mirrored image from the original one along the vertical direction; this approach is used in the 

proposed model. A few examples of the horizontally flipped augmented data along with an original 

one from the SAVEE dataset is shown in Figure 4.2 for three emotions ‘happy’, ‘angry’, and ‘sad’.  
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Figure 4.2: Examples of geometric data augmentation implemented images (HR: 

horizontal reflection, R: rotation, CR: cropped) for training samples (happy, angry, sad) 

4.2.2 Video Data Augmentation - Rotation 

One of the most popular image augmentation techniques is image rotation. For the rotation 

augmentation, the image can be rotated anywhere between 0 degree and 360 degrees. Here, in the 

proposed system, the image was rotated 14 degrees to the right. The reason for using 14 degrees 

was that rotating it any further made the important parts of the face go outside of the boundary 

box. 

An example of the rotation augmented data along with an original one from the SAVEE 

dataset is shown in Figure 4.2 for three emotions, happy, angry and sad. 

 

Original Data Horizontal Flipping Rotation Cropping 
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4.2.3 Video Data Augmentation - Cropping 

Cropping is a data augmentation technique that facilitates creation of an arbitrary subset of 

an original image dataset. This helps to generalize the proposed model better because the object(s) 

of interest necessary to feed into the model to learn (or train) are not always wholly visible in the 

image-domain or the same scale. The cropping technique crops a section of the original image and 

resizes the cropped image to a specific resolution. The size of the cropped image should be large 

enough to contain a part of the face that is relevant. In this experiment, the cropped image size was 

200 by 150 pixels. 

Figure 4.2 shows a few examples of the geometric data augmentation techniques that were 

applied in this work along with their original data sample. These approaches seek to increase the 

size of the training dataset by generating new copies of the original images for the emotion model 

training purposes. 

4.3 System Framework 

The main purpose of the proposed work is to investigate the effectiveness of data 

augmentation techniques in combination with different classifiers for emotion recognition in 

emotive videos. The overall framework of the proposed emotion recognition system is shown in 

Figure 4.3. The function details of each module of the proposed system are presented in the 

following subsections. 
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Figure 4.3: A overall framework of the proposed emotion recognition system 
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4.3.1 Feature Extraction 

Firstly, a suitable dataset was selected; in our case, a multimodal dataset (SAVEE) was 

acquired. Details of this dataset are discussed in the Subsection 4.5.1. The videos which contained 

human faces showing seven different emotions (happiness, sadness, surprise, fear, anger, disgust 

and neutral) were extracted from the dataset for further analysis. Since the videos that were 

obtained only contains human faces (single subject facing the camera), no other face detection 

operation was carried out separately. The videos were then converted to image frames with as little 

loss as possible for further processing using a simple video to image tool, Adobe Premiere Pro. 

The next step in the process was to extract the facial features using OpenFace, an open-

source face recognition software that uses AU to track facial movements (Baltrusaitis et al., 

2018a). OpenFace implements state-of-the-art algorithms for facial behaviour analysis, including 

facial landmark detection, head pose tracking, eye gaze and estimation of the facial AU. In this 

experiment, focus was given on the use of facial landmarks to train the emotion recognition system. 

In total, 68 facial landmarks that correspond to the facial features, such as eyes, eyebrows, nose-

tip, mouth, and facial outline, were detected for each training image sample. An example of the 68 

facial landmarks detected is shown in Figure 4.4. 
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 Figure 4.4: Example of facial landmark position detected in OpenFace software 

(Pampouchidou et al., 2017) 

In order to train the classifier to predict facial expressions, a function vector is first 

generated by using the function presented in Equation (4.1).  

�⃗�𝑖,𝑗 = (𝑓1, 𝑓2, 𝑓3, ⋯ 𝑓𝑛) (4.1) 

where i and j represents the i-th facial landmark set for the j-th training sample, n denotes 

the number of extracted landmarks (here, n = 68), and f = (x, y) is the Cartesian coordinate for the 

landmark ‘f’ (C. Silva et al., 2014). 

4.3.2 Feature Selection and Classification 

Here, all 68 facial landmarks (their x and y coordinates) acquired using OpenFace are fed 

into the classifier as input for achieving best performance. The emotion labels associated with each 

video and the augmented images are used to train the selected four classifiers (CNN, LDA, KNN, 

DT) to create the prediction model for each of them, and then the proposed system is evaluated 

with all four classifiers individually.  
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As explained in Section 3.3.3, CNN is a deep learning neural network which allows a 

system to understand the features of the training data with foresight and remember the features. 

This algorithm is then able to predict the class of a new image based on its training data. 

LDA is a tool for classification, dimension reduction and data visualization. For 

classification, LDA attempts to determine which variables (or their combinations) have the best 

discriminate boundary between two or more data group (Belhumeur et al., 1996). Probabilistic 

LDA outperforms deterministic LDA for facial detection application and, thus, is applied to the 

proposed system. The probabilistic LDA assumes that in the classification process there are two 

different subspaces, which are ‘class’ and ‘sample’. Basically, if there are a total of ‘i’ classes and 

each class contains a total of ‘j’ samples, then the j-th image and i-th class is defined as (Fabris et 

al., 2017): 

𝑥𝑖𝑗 =  𝜇 +  𝐹ℎ𝑖 + 𝐺𝑤𝑖𝑗 + 𝜖𝑖𝑗, (4.2) 

where 𝜇 +  𝐹ℎ𝑖 depends on the class (between-class variation) and 𝑤𝑖𝑗 + 𝜖𝑖𝑗 is different for every 

sample of the class (within-class variation). Here, 𝜇 is the overall mean of the training dataset, 𝐹 

is a factor matrix for the between class subspace, ℎ𝑖 is the unique position of the class in the 

subspace, 𝐺 is a matrix for the within class subspace, 𝑤𝑖𝑗 is the position of the sample in the 

subspace and 𝜖𝑖𝑗 is the stochastic noise which is used to represent remaining unexplained data 

variation (defined by Gaussian diagonal covariance, Σ). LDA predictive classifier has two phases: 

1) learning phase where the parameters 𝜇, 𝐹, 𝐺 and Σ are computed, and 2) recognition phase 

where inferences are made about the likelihood of a sample matching a class.  

The supervised machine learning algorithm, KNN (described in detail in Section 3.3.3) is 

usually used to solve both classification and regression problems. For KNN classification 

problems, the distances between a test sample and the provided training examples are determined 
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by means of the specified number of examples (k) closest to the test sample, then the most frequent 

class or label is accordingly elected. 

DT is a non-parametric supervised learning method used for classification and regression. 

DT works by learning basic decision rules estimated from the data features of the training samples; 

it then creates a model that predicts the value of a test sample. In contrast to NNs, DTs are rules 

based, where a DT consists of nodes, branches, and leaf nodes. Nodes test for the value of certain 

features, branches are related to the outcome of a test and keeps the process flowing to the next 

node and a leaf node is the last outcome of the decision and represents a class. Selecting the 

attribute is important for the splitting criterion that partitions the data. There are a few popular 

attribute selection measures, such as gain, gain ratio and Gini index. For the proposed model here, 

Gini method was used to create splits in the DT. The following equation represents a Gini split: 

𝐺𝑖𝑛𝑖(𝑡) = 1 −  ∑ 𝑃(𝑖|𝑡)2
𝑗

𝑖=1
 (4.3) 

where, 𝑡 is the dataset, 𝑗 is the number of classes, 𝑃(𝑖|𝑡) is the ratio of the class at the 𝑖-th node. 

The reason for these techniques being chosen was to use well-established, state-of-the-art methods 

to compare the proposed approaches in terms of the performance when data augmentation is 

implemented. The emotion prediction models should be able to process the testing images and 

predict one of the seven human emotions (anger, sadness, surprise, happiness, disgust, fear or 

neutral). The aim of this experiment is to evaluate the effect of each data augmentation technique 

together with a classifier on the performance of the emotion prediction, using 50% of the images 

of the dataset that were excluded from training data images in order to carry out unbiased 

evaluation. 
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4.4 Experimental Method 

The purpose of this experiment is to determine whether better performance can be achieved 

for video-based emotion classification using state-of-the-art classification algorithms in 

combination with data augmentation techniques for the SAVEE dataset. Based on the experiment 

performed, the goal is to determine the best combination of augmentation technique and classifier 

(across all emotions and subjects) that provides the best results to classify the seven-class emotions 

based on video data, where the features were generated through OpenFACE software. The 

experiment used the publicly available SAVEE dataset, which contains audio-visual data suitable 

for video/facial emotion classification application. 

As described in Section 4.2, three image augmentation methods (horizontal flip, rotation 

and crop) were applied to video data that had been split into image frames. After the addition of 

the augmented image data to the training samples, feature extraction was carried out on all data 

using OpenFACE software where 68 parameters (their x,y coordinates) were acquired from each 

image frame. From the SAVEE dataset, which contained 480 separate videos, 240 videos were 

used for training purposes and the other 240 videos were set aside for testing and validation. Each 

video lasted for 3 seconds, therefore at 60 fps, each video produced 180 image frames. Therefore, 

the original training video produced 43,200 image frames. The 240 training videos (the image 

frames of videos) were augmented by the three augmentation techniques mentioned above. Hence, 

the augmented data together with original training data amounted to 172,800 picture frames. Each 

frame has 136 features, therefore in total 23,500,800 individual feature values were trained. 

Next, the state-of-the-art classifiers, CNN, LDA, KNN and DT were used to evaluate the 

performance of the augmented video data. In the case of the CNN classifier, the input to this model 

was the 68 facial landmarks of 172,800 frames, each containing an x and y coordinate; hence, the 
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input is of dimension 68 x 172800 x 2. To perform the classification, the CNN (identified 

heuristically) structure with the most successful architecture was as follows: 

• Convolution layer with filters: 64, filter size: 3x3, padding: same, activation function: 

ReLU, 

• Maximum Pooling with pool size: 3x3, stride: 2x2, 

• Convolution layer with filters: 128, filter size: 3x3, padding: same, activation function: 

ReLU, 

• Maximum Pooling with pool size: 3x3, stride: 2x2, 

• Convolution layer with filters: 256, filter size: 3x3, padding: same, activation function: 

ReLU, 

• Fully connected layer, dense layer with units: 64, activation function: ReLU 

• Fully connected layer, dense layer with units: 7, activation function: softmax 

The optimizer used for this network model was stochastic gradient descent (SGD), and the 

maximum epoch for the network was 1000. This proposed CNN model performed smoothly with 

least errors. 

 Next the predictive LDA, the average frame to frame distance is calculated. Then, a fusion 

metric is applied to both the sum of the likelihoods of two frames taken separately and to the joint 

likelihood under the hypothesis that they share the same class. 

 After this for the KNN classifier, the Euclidean distance is chosen. Then, as the samples 

are classified by a majority vote of its neighbours, here k is chosen to be 5. This value was chosen 

through trial and error as larger values of k reduce the effects of misclassification.  
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 Finally, the DT classifier was used by using a feature input matrix where each row 

represents the characteristic of a face. Then the DT algorithm is applied to classify all seven 

emotion classes. 

 The whole experimental process was implemented using MATLAB. 

4.5 Experimental Results and Discussion 

4.5.1 Dataset Used 

The experiments were performed using the publicly available dataset SAVEE dataset. The 

SAVEE dataset consists of recordings from four English male actors in seven different emotions 

(anger, sadness, surprise, happiness, disgust fear and neutral). The actors spoke a total of 480 

English sentences (120 utterances per actor) with 15 sentences per emotion except for neutral, 

which had 30 sentences. The sampling rate for audio was 44.1 kHz and 60 fps for video (Haq & 

Jackson, 2009). In this work, 1,260 images were captured to be used from the SAVEE dataset, 180 

images for each facial expression. The selected images were divided into two parts, which was 

50% for training and 50% for testing. 

4.5.2 Data Augmentation Technique and Classifier Comparison 

The emotion recognition model evaluation process was performed by training the proposed 

system with augmented SAVEE image data and testing with the original image data from the 

dataset. The SAVEE dataset augmented images with the considered geometric augmentation 

techniques were as follows: (i) 180 images created with horizontal flipping, (ii) 180 images created 

with cropping (200 by 150 pixels) of each image and (iii) 180 images created with rotation (14◦ 

rotation to the right). The size of the training database was 720 images when using all three 
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horizontal flip, crop, and rotation techniques together with original training samples. The data 

augmentation techniques were processed with CNN, LDA, KNN and DT classifiers to be 

categorized into specific emotion labels. The testing data, which consisted of 50% of un-

augmented, original data from the SAVEE dataset, was input into the prediction models of the 

individual classifiers and the performance accuracy of each classifier was obtained.  

 Table 4.1 summarises the values of the overall emotion recognition accuracy achieved 

considering different geometric augmentation techniques and classifiers. The best performance 

accuracy achieved with the CNN classifier was a combination of HR, cropping and R, which was 

97.8%, and when no data augmentation technique was applied an accuracy rate of 85.4% was 

achieved. HR technique produced little change compared to no data augmentation with an 

accuracy of 85.2 %, while cropping and R had a slightly decreased accuracy of 80.1% and 83.5%, 

respectively. This decrease might have been caused by the reduction of facial data in the images 

when cropped or rotated. This trend is repeated for each classifier with best accuracy for LDA, 

KNN and DT being 92.8%, 90.9% and 89.2%, respectively, when a combination of the geometric 

data augmentation techniques is used. In a paper by Nguyen et al., (2020), the SAVEE dataset was 

used on a PathNet-based transfer learning method. The best performance achieved in that paper 

was 93.75%. In another recently published paper, Avots et al., (2019), an accuracy of 77.4% was 

obtained for the SAVEE dataset when CNN was used for classification. Figure 4.5 shows the 

confusion matrix generated through best performance, that is, the CNN classifier with all the audio 

augmented data (horizontal flipping, rotation, cropping and original training data). 

 It can be seen that the approach combining all the augmented techniques outperforms the 

rest, and the CNN classifier achieved the best performance. By incorporating additional images 
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and modalities in the training database, the performance is likely to increase, which would be the 

target for our future experiments.  

 

Table 4.1: Emotion recognition accuracy achieved with the SAVEE dataset considering 

different augmentation techniques and classifiers 

Data 

Augmentations 

Performance Accuracy 

CNN LDA KNN DT 

No data 

augmentation 
85.4% 78.0% 73.2% 68.2% 

Horizontal flipping 

+ No data 

augmentation 

85.2% 77.8% 73.0% 68.0% 

Crop+ No data 

augmentation 
80.1% 75.1% 70.1% 65.9% 

Rotation+ No data 

augmentation 
83.5% 76.0% 71.7% 65.6% 

Horizontal flipping, 

Crop and Rotation 

+ No data 

augmentation 

97.8% 92.8% 90.9% 89.2% 
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Figure 4.5: Confusion matrix generated when CNN classifier is used with all three types 

of video augmentation method 

 

4.6 Chapter Summary  

An emotion recognition model using all geometric data augmentation techniques is 

presented here to extrapolate the obtained SAVEE dataset, and it is evaluated with four well-

known classifiers: CNN, LDA, KNN and DT. The results demonstrate that geometric data 

augmentation transformations, specifically, a combination of HR, cropping and R, provide 

performance improvements up to 30% with respect to the case where data augmentation is not 

used. It can be seen through this experiment that a large amount of data is required for more 

accurate emotion recognition in images and that in the case of small datasets or small number of 

images, augmented images provide an alternative to make up the lack of data. However, the 

downside to data augmentation is that manipulating images causes data loss, and because of 
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computational complexity, large quantities of images need extra processing time. The outcome of 

this experiment emphasizes the significance of training data for emotion recognition tasks and the 

effectiveness of the geometric data augmentation technique when large datasets are not available. 

Future work to be considered are the use of GAN on image datasets to create a synthetic novel 

dataset for emotion recognition system from facial images with better precision and accuracy. The 

use of audio and EEG modalities with geometric data augmentation techniques is also to be 

considered. 
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CHAPTER 5  

PHYSIOLOGICAL EMOTION DATA: 

AUGMENTATION, EXPERIMENTS AND 

RESULTS 

 

 

5.1 Introduction  

In existing research trends, the researchers classified the emotion recognition models into 

two categories: (i) physiological signals based and (ii) non-physiological signals based. The 

priority is given to the use of physiological signals as they are not susceptible to subjective factors 

and are able to show human emotional states truly. Therefore, emotion recognition based on 

physiological signals has many benefits in terms of trustworthiness and practicality.  

There are many forms of physiological signals including EEG, facial expression, eye 

movement (EM) and ECG. The true emotions of a participant can be judge correctly through the 

acquired physiological signals. In the field of emotion recognition research based on physiological 

signals, EEG is a spontaneous, non-subjective physiological signal, which can objectively reflect 

human emotional states (Zangeneh Soroush et al., 2018).Therefore, EEG-based emotion 

recognition has become an important research topic and an area to be investigated to achieve 

successful practical implementation.  
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This chapter is organized as follows. Section 5.2 discusses physiological signal details, 

Section 5.3 presents the augmentation method details. A system framework explaining feature 

extraction and classification methods is discussed in Section 5.3. Section 5.4 presents the 

methodology of the proposed system. Experimental results and discussion are presented in Section 

5.5. Finally, Section 5.6 provides the chapter summary. The chapter overview is shown in Figure 

5.1. 

 

 

Figure 5.1: Overview of Chapter 5 
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5.2  Physiological Signal Details  

Previous works on EEG based emotion classification are limited. Yaacob et al. (2004) 

verified that EEG played a key role in emotion study and illustrated that the activity of different 

brain regions was closely related to some kind of emotional states. 

Some works have focused on traditional machine learning. Here, feature extraction is 

carried out using manual methods and input into classifiers, such as NB, SVM, to classify and 

recognise. Other (F. Wang et al., 2018a) have focused on deep learning where the features are 

automatically learned through deep learning methods and emotions are recognised using methods 

such as long short-term memory (LSTM) and recurrent neural network (RNN). Our work focuses 

on a combination of traditional and deep learning methods where both data augmentation and 

classification are applied.  

Publicly available datasets containing EEG signals related to emotion detection are limited. 

Some of the popular datasets are DEAP (Koelstra et al., 2012), SEED (W. L. Zheng & Lu, 2015), 

Database for Emotion Recognition Through EEG and ECG Signals From Wireless Low-Cost Off-

the-Shelf Devices (DREAMER) (Katsigiannis & Ramzan, 2018) and AMIGOS (Miranda-Correa 

et al., 2017). However, one thing to be noted about these datasets are that the size of the datasets 

is small. For increased performance accuracy in emotion classification, the more data available for 

training, the better the results as the classifier are able to learn the data through different angles. 

Hence, for small datasets, in order to increase the number of training samples, data augmentation 

can be applied. For physiological data, specifically the EEG signal, the data available in the 

datasets are in the signal format. Therefore, to augment the signal, signal-based augmentation 

methods, such as adding noise, have been used in the proposed system.  
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In recent years, many classifiers have been used to evaluate physiological signals. For 

example, in a recent paper by Zheng et al., (2021) EEG data emotion recognition using 3D feature 

maps together with CNN classifier for improved emotion recognition accuracy is proposed, and 

the results obtained were 93.61% and 94.04% for valence and arousal, respectively. In another 

recent study by Phan et al., (2021) the correlation of EEG signal channels were used to enhance 

emotion prediction performance. 2D CNN classifiers were used with a ten-fold cross validation on 

the DEAP dataset with an achieved accuracy of 98.27% and 98.36% for arousal and valence, 

respectively. In another paper by Goshvarpour & Goshvarpour, (2021), EEG asymmetry indices 

were used to analyse a four-class emotion recognition system with KNN, SVM and NB classifiers. 

SEED-IV and DEAP datasets were used to evaluate the model and best performance was achieved 

with the KNN classifier, with an accuracy of 95.49% and 98.63%, respectively. Another paper, by 

Sumana et al., (2021), used NB, ECLAT (equivalence class clustering and bottom-up lattice 

traversal), SVM, PCA and RNN to detect drowsiness through EEG and ECG signals. The best 

accuracy was obtained through RNN with 95.27%. Lastly, a study by Fatima et al., (2021) used 

EEG signals to determine gender in mobile games. Three classifiers KNN, random forest and NB 

were used to classify the signals. KNN performed gave the best accuracy with 97.36%. In view of 

the latest research carried out in the physiological data classification field, the classifiers chosen 

in the proposed system were CNN, NB and KNN. 

However, very few studies have considered the use of physiological data augmentation and 

its effect on performance accuracy in an emotion classification model. Hence, the proposed 

physiological data emotion classification model in this thesis attempts to verify the hypothesis that 

increasing the physiological signals through data augmentation allows for better classification with 

less errors irrespective of the classifier used for classification process. In the proposed model, three 
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well-known publicly available physiological datasets, SEED, MAHNOB-HCI and DEAP, are 

enhanced with a data augmentation technique suitable for physiological signals. Features are 

extracted from the extended datasets and classified with state-of-the-art classifiers, CNN, NB and 

KNN. The performance accuracy is then compared with results obtained where no data 

augmentations are used. 

 

5.3 Physiological Augmentation Method 

For physiological data, to create the training set, 50% of the EEG signals (SEED Dataset) 

from each of the three different emotion categories were separated. Then, an augmentation 

technique termed as “Add Noise”, was implemented to increase these training images. This 

technique is described in detail below. 

For EEG signal data, the types of noise that can be added are Gaussian, Poisson, Salt, 

Pepper, etc. (F. Wang et al., 2018b). However, adding Poisson, Salt or Pepper noise randomly 

could cause changes to important features in the EEG data that are needed for classification. 

Therefore, the type of signal considered for this experiment was Gaussian noise which causes the 

least amount of changes to the EEG features. Gaussian noise is a statistical noise having a 

probability density function (PDF) equal to normal distribution. In general, distribution is 

accomplished by subtracting the centre of the distribution from a given element in the distribution 

and dividing the result by the standard deviation of the distribution. The Gaussian distribution has 

its elements standardized with its centre at zero and has a variance of unity (Farver, 2008). The 

elements of the standard Gaussian distribution are traditionally designated by the letter z so that it 

can be said that z is N (0,1). Therefore, the equation of the PDF of Gaussian noise added is: 
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𝑃𝐺(𝑧) =  
1

𝜎√2𝜋
𝑒

−
(𝑧−𝜇)2

2𝜎2  (5.1) 

where μ is the mean value and σ is the standard deviation. As mentioned previously, the 

centre/mean value is at zero and the variance of unity here is set to o = 0.00, 0.0, 0.02, 0.1, 0.2 and 

0.5. 

5.4 System Framework 

A typical emotion classification system using EEG signals consists of two phases: training 

and testing. In the training phase, the EEG signal acquired from the dataset are first pre-processed. 

The features are then extracted through differential entropy (DE). Next, the data is augmented to 

generate more EEG data. These data are fed into the classifier to train towards obtaining a learned 

model. The learned model is then used to predict the label of EEG data in the test stage. 

5.4.1 Feature Extraction 

EEG features are generally categorized into three main domains, which are time, frequency 

and time-frequency. Time-domain features usually have a good correlation with different 

emotional conditions. Statistical features, such as mean, maximum, minimum, power, standard 

deviation (SD), 1st difference, normalized 1st difference, SD of 1st difference, 2nd difference, SD of 

2nd difference, normalized 2nd difference, quartile 1, median, quartile 3 and quartile 4, are good for 

classifying different basic emotions, including happiness, fear, sadness and anger (Tong Yuen et 

al., 2009). Hjorth parameters, including activity, mobility and complexity, are another significant 

time-domain feature to be considered for emotion recognition purposes (Chanel et al., 2007, 2011). 

These parameters signify the mean power, mean frequency and the number of standard slopes from 

the signals, which have been used in EEG-based studies on sleep disorder and motor imagery (Oh 
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et al., 2014; Redmond & Heneghan, 2006). All of the aforementioned features were useful for real-

time emotion recognition applications because they have the minimum complexity in comparison 

with the other related existing methods (Khan et al., 2011).  

Frequency-domain features have been shown to be more effective for automatic EEG-

based emotion recognition compared to time-domain features. The power of the EEG signal among 

different frequency bands is a good indicator of different emotional states. Features such as power 

spectrum, logarithm of power spectrum, maximum, minimum and standard deviation should be 

extracted from different frequency bands, namely Gamma (30–64 Hz), Theta (13–30 Hz), Alpha 

(8–13 Hz) and Beta (4–8 Hz), as these features have been shown to change during different 

emotional states (Koelstra et al., 2012; Pizzagalli et al., 2003; Rushby et al., 2007). The limitation 

of frequency-domain features is the lack of temporal descriptions. Therefore, time–frequency-

domain features are suitable for capturing the non-stationary and time-varying signals, which is 

able to provide additional information to characterize different emotional conditions. Here, the DE 

feature from the recorded EEG signal segment is used. It has been shown that DE features can 

obtain superior performance in comparison with other commonly used features (Phan et al., 2021). 

For the time series X obeying the Gauss distribution N (l, r2), its DE can be defined as the following 

formulation: 

ℎ(𝑋) =  − ∫
1

√2𝜋𝜎2
𝑒𝑥𝑝

−
(𝑥−𝜇)2

2𝜎2 log (
1

√2𝜋𝜎2
𝑒𝑥𝑝

−
(𝑥−𝜇)2

2𝜎2 ) 𝑑𝑥
∞

−∞

=  
1

2
𝑙𝑜𝑔2𝜋𝑒𝜎2 (5.1) 

 

where 𝜇 is the mean value and 𝜎 is the standard deviation. For a fixed length EEG signal, 

DE feature is equivalent to the logarithm energy spectrum in a certain frequency band, assuming 

that the EEG signal is recorded with n-channel and the length of an EEG signal segment is ls. 
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5.4.2 Feature Selection and Classification 

In this work, three machine learning and deep learning models are used as the classifiers 

to recognise EEG-based emotion category. These three models are CNN, NB, and KNN. The 

classification methods have previously been discussed in Section 4.3.2.  

5.5 Experimental Method 

The goal of this experiment is to determine the efficiency of EEG-based emotion 

classification along with the combination of data augmentation and classifier. Through the 

experimental process, recognition of the three classic emotions was considered based on EEG 

signals collected from three public datasets: MAHNOB, SEED and DEAP. The data signals in 

these datasets contain EEG signals obtained in 32 channels. The obtained data are then pre-

processed, and the DE extracted. The detail of the procedure is as follows. 

Initially, the band pass filter was used to separate and obtain the five frequency bands from 

each EEG channel. The bands and their frequency ranges are delta (1–3 Hz), theta (4–7 Hz), alpha 

(8–13 Hz), beta (14–30 Hz) and gamma (31–50 Hz).  

Next, a 256-point Fourier transform was considered with a non-overlapped Hamming 

window of one second to acquire the frequency spectrum of each itemised frequency band. 

Subsequently, the DE feature was extracted for each frequency band by manipulatiing the 

logarithm of frequency spectrum. Hence, a second DE feature consisting of n-channel DE obtained 

for all five frequency bands resulted in the size of each EEG feature sample being n x l x 5. 

In order to explore the effect of different noise intensity (standard deviation) on the work 

of EEG data augmentation, the value of r is set to 0.001, 0.01, 0.02, 0.1,0.2, and 0.5. Here, m is 
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used to represent the augmented multiplier, where m = 1 means there is no data augmentation 

stage, and the training samples input into the classifier only include the original training data.  

The proposed deep learning CNN classifier has a custom architecture that has been chosen 

through trial and error specifically for EEG analysis. In this work, the custom CNN is used to 

obtain the EEG-based emotion recognition model due to the superiority of CNN compared to other 

classifiers, as shown in Chapters 3 and 4. The considered design parameters of CNN is presented 

in Table 5.1. It contains four convolutional layers, two pooling layers, and three fully connected 

layers. Usually, the three high frequency bands, alpha, beta and gamma, of EEG are more 

predictive of the emotional states compared to the delta and theta bands; hence, they were 

considered as the input for the CNN classifier. 

Table 5.1: Configuration of the custom CNN architecture. 

Layer Name 

Kernel Size, 

#Filters 

Input Size Output Size Stride 
Activation 

Function 

Input (62, 62, 3) (62, 62, 3) - - 

ConvNet-1 (7x7), 

64 
(62, 62, 3) (56, 56, 64) 1 ReLu 

Max Pooling (3x3) (56, 56, 64) (54, 54, 64) 1 - 

ConvNet-2 (5x5), 

128 
(54, 54, 64) (50, 50, 256) 1 ReLu 

ConvNet-3 (4x4), 

256 
(50, 50, 256) (24, 24, 256) 2 ReLu 

ConvNet-4 (3x3), 

512 
(24, 24, 256) (22, 22, 512) 1 ReLu 

Batch Norm (22, 22, 512) (22, 22, 512) - - 

Max Pooling (2x2) (22, 22, 512) (11, 11, 512) 2 ReLu 

Flatten (11, 11, 512) (61952,1) -  

Dense-1 (61952,1) (1024,1) - Sigmoid 

Dense-2 (1024,1) (512,1) - Sigmoid 

Dense-3 (512,1) (3,1) - SoftMax 

Classifying Layer (Positive, Negative, Neutral) 
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The size of an input sample was n x 62 x 3. The same voting method with LeNet was used to 

acquire the predictive label for each EEG test segment. The ReLU activation function was mainly 

considered, besides Sigmoid, and SoftMax, for all hidden layers to optimize the network using 

MATLAB.  

For the proposed model, the NB algorithm technique is also applied. This is because in the 

proposed model NB can give high accuracy results of emotion detection in different situations in 

a fixed environment. The steps of the NB algorithm are listed below: 

Step 1: Calculate the prior probability by given class labels 

Step 2: Find the likelihood probability for each class from the data 

Step 3: Calculate posterior probability by using the naive Bayes formula. 

Step 4: Choose the highest probability and find those classes and mentioned it as probability class. 

Some of the key terms used in NB calculation of classification are: 

TPR: True positive rate 

FPR: False positive rate 

FN: False negative 

F-Measure: Accuracy test  

Basically, precision and recall are measured by the harmonic mean and it is denoted by F. 

𝐹 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =  
(2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)
 

(5.2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃𝑅

(𝑇𝑃𝑅 + 𝐹𝑁)
 

(5.3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃𝑅

(𝑇𝑃𝑅 + 𝐹𝑃𝑅)
 

(5.4) 
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Correctly classified instances are used for addition of true positive and true negative. The same 

incorrectly classified instances are used for false negative and false positive. 

Correctly classified instances = True positive + true negative. 

Incorrectly classified instances = False positive + false negative. 

The KNN classifier is a relatively simple, nonlinear and nonparametric classifier [12]. A 

large training and test dataset is required for classification. It is based on similarity between the 

trained and test dataset. The m-features are categorized by datasets. Based on k-nearby dataset of 

training, a test dataset is assigned to a class. The datasets near-ness is calculated as Euclidean 

distance (ED) and measured as: 

(𝐸𝐷) =  √∑ (𝑌1𝑖 − 𝑌2𝑖 )2
𝑛

𝑖=1
 (5.5) 

where  𝑌1𝑖 and 𝑌2𝑖 are Euclidean vectors in a n-space. 

As an alternative to taking the single nearest dataset, the classifier normally takes a majority 

vote from the k-nearest neighbors. The value of k, the number of neighbours that gives the 

minimum error rate has been chosen as 2. Sensitivity, selectivity and accuracy are calculated as 

performance parameter for KNN classifier. 

The whole experimental software was implemented using MATLAB. 

5.6 Experimental Results and Discussion 

The performance of EEG-based emotion recognition with the shallow and deep model 

before and after data augmentation on three standard EEG-based emotional datasets, SEED, 

MAHNOB-HCI dataset and DEAP dataset, is discussed below. 
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5.6.1 Datasets Used 

The SEED dataset, which was measured by EEG-CAP on the international 10-20 system 

for 62 channels, comprises of 630 EEG segments from 14 test people viewing 15 emotional video 

clips during three sessions as a standard dataset for emotion recognition. Each EEG segment is 

roughly four minutes long. The raw EEG data is scaled down to a sampling rate of 200 Hz after 

processing. This dataset contains three basic emotional states: positive, neutral and negative. There 

are an equal number of segments in each emotional state. For this experiment, each original 

segment is divided into three smaller EEG samples, whose length is 62s. There are a total of 1,890 

samples for experiments. For these samples, all samples from the first nine sections in each session 

are used as training data, the rest as test data.  

The MAHNOB-HCI dataset, a multimodal dataset for shock recognition and implicit 

labelling, contains EEG data recorded by EEG Cap for 32 channels according to the international 

10-20 system. The duration of the emotional video as arousal was 34.9s and 117s. In this 

experiment, the EEG categories were divided into three categories according to self-reported 

perception of the valence space, negative (1-3), neutral (4-6) and positive (7-9). In total, there were 

188 negative, 208 neutral, and 131 positive samples.  

The DEAP dataset (Koelstra et al., 2012) was also used in this work signals. This dataset 

provides peripheral physiological and EEG signals of 32 subjects with an equal number of male 

and female participants. They were asked to watch 40 one-minute music videos as the sources of 

emotion elicitation, and during that time, 32 electrodes placed on the scalp according to the 

international10–20 system recorded the activities of neural signals. Each subject had 40 trials 

corresponding to 40 videos, and there was a total of 1,280 signal sequences (32 subjects × 40 trials) 

in the dataset. The first 3s when participants had not watched the movies were used as base line 
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signals and the next 60s were used for emotion recognition. After watching each clip, subjects 

were asked to rate the emotional state as valence, arousal, dominance, and liking in the range of 1 

to 9. 

5.6.2 Data Augmentation Technique and Classifier Comparison 

Firstly, the accuracy of EEG-based emotion recognition is compared based on the NB, 

CNN, and KNN models without increasing the data. Table 5.2 shows that for the CNN model the 

accuracy is 74.2%, which is at least 5% better than the performance of NB and KNN. The lack of 

EEG training samples may affect the accuracy of emotional recognition of those models. In order 

to prove this conjecture and solve this problem, the proposed data augmentation method is used to 

increase the amount of training samples and test its effect on CNN. 

Table 5.2 also shows the best recognition accuracies of CNN, NB and KNN trained by the 

augmented training data. It is clear that the data augmentation can effectively improve the 

performance of CNN. The standard deviation of Gaussian noise used in data augmentation and the 

scale of the augmented training data influenced the performance enhancement.  

In the case of CNN, the average accuracy improved from 68% to 70% after data expansion. 

Data expansion improves the accuracy of CNN's performance. Hence, the data augmentation 

method can improve the performance of EEG-based emotion recognition with CNN. 

It also shows that the accuracy using the DEAP database is lower than that achieved using 

the SEED dataset. This may be due to the poorer labelling quality of the samples in the DEAP 

dataset. Some reference studies employ varying re-labelling strategies on the samples of the DEAP 

dataset to revise class labels, and this automatically increases the reported prediction accuracy 

levels. For this case, the CNN average accuracy improved from 71% to 73% after data expansion. 
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Table 5.2: Performance for physiological modality for SEED, MAHNOB-HCI and DEAP datasets 

with and without augmentation (where PD: physiological data, AN: add noise) 

 

Data 

Augmentation 

SEED MAHNOB-HCI DEAP 

Performance Accuracy Performance Accuracy Performance Accuracy 

CNN NB KNN CNN NB KNN CNN NB KNN 

PD 74.2% 65.4% 60.0% 68.9%% 58.2% 49.1% 71.3% 56.5% 53.2% 

AN+PD 82.1% 78.0% 73.4% 70.8% 69.7% 62.0% 73.5% 60.3% 59.2% 

 

 

 

 

(a) 

 

(b) 

 

(c) 
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Figure 5.2: (a) SEED dataset confusion matrix with data augmentation and CNN in 

percentage (%) (b) MAHNOB-HCI dataset confusion matrix with data augmentation and CNN 

in percentage (%) (c) DEAP dataset confusion matrix with data augmentation and CNN in 

percentage (%) 

5.7 Chapter Summary  

In the case of physiological data, the only augmentation implemented was the addition of 

Gaussian noise for all three datasets: SEED, MAHNOB-HCI and DEAP. The results show that the 

SEED dataset had the best performance with CNN, having the best accuracy result of 82.1% with 

an average of 8% increase in performance. The addition of augmented data to the training set 

increased the performance of the models. Future work in this case may include the addition of 

various other types of signal manipulation as augmented data. The use of other physiological 

modalities (such as temperature, EMG, GSR and respiration) with other geometric data 

augmentation techniques may also be taken into consideration. 

Here, the data augmentation method (data expansion) applied to the EEG signal is proposed 

to overcome the problem of train-data-lacking, as available EEG data is not sufficient for 

emotional recognition with deep learning models. Experiments were conducted on three standard 

EEG-based emotion recognition datasets (SEED, MAHNOB-HCI, DEAP) for proof of concept. 

On the datasets, the accuracy of CNN, NB, and KNN were observed with and without data 

augmentation. It is found that the data augmentation method can effectively improve the 

performance of deep models. Hence, the data augmentation is a useful method to address the issue 

of the lack of training samples in EEG data for deep learning models. In future, other data 
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augmentation methods will be used, such as generative adversarial networks, to generate more 

effective samples of EEG data and to improve the performance of EEG-based emotion recognition.  
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CHAPTER 6  

MULTIMODAL DATA FUSION: EXPERIMENTS 

AND RESULTS 

 

 

6.1 Introduction 

In the 21st century human-computer interaction is an essential part of peoples’ daily life 

that cannot be overlooked. Hence, research is seeking to find a better and more user-friendly 

human-computer interaction system to allow improved interaction facility. Towards this goal, the 

computer systems must be redesigned in such a way that they have the capability of understanding 

the human emotions and react and/or behave like humans. Usually, human behavioural patterns 

and relevant emotions can be identified through their written-text, voice, facial expression, gesture, 

physiological signals and/or a combination of these during an interaction. A number of works have 

already been done in this research direction; however, most of the research estimated human 

behaviours using a single modality by considering either written text or voice or facial expression 

or gesture. However, it is worthwhile to investigate multimodal emotion recognition where more 

than one type of expression is analysed in order to accurately predict the emotion being classified.  

A survey of past research reveals that a huge amount of research has been done on affective 

analytics with a single modality (unimodal), such as emotion analysis in terms of facial 

expressions, or speech, or physiological signals (Speriosu et al., 2011). There are also some 
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available sentiment analysis tools (Eyben et al., 2009; Lao & Kawade, 2004; Saragih et al., 2009) 

which can produce graphical patterns of emotions and feelings found in a set of data. Most of these 

available commercial tools consist of a very limited set of emotions features or modalities and, 

hence, have limitations in classifying an emotion correctly. As one of the important features of 

emotion recognition is the variety of data (Laney, 2001), it is important to focus on multimodality 

for data processing by including videos, audio and physiological signals (such as EEG signals).  

Working with multimodal data as input, data fusion (or multimodal fusion) is essential to 

combine or fuse the variety of data (e.g., text, audio and video) coherently in a single platform, 

along with their features. In multimodality, usually data needs to be combined in a context-

dependent way to fuse the variety of information. Information fusion can be performed in two 

stages: (i) pre or early fusion and (ii) post or late fusion. In early fusion feature level signal 

information integration is imposed, whereas in late fusion, information is fused at a semantic level. 

The basis of multimodal information fusion is based on the number of modalities, synchronization 

of information derivation process, fusion procedure and the proper fusion levels (Soleymani et al., 

2017).  

In multimodal emotion recognition, the challenging task is to fuse features that belong to 

diverse modalities. So far, the majority of the research in multimodal emotion analysis has focused 

on the feature vectors concatenation, which were extracted from diverse modalities, or late fusion, 

where the decision of an emotion outcome is made through classification of feature vectors. 

Besides, for unimodal modalities, conflicting information may occur, and this has to be taken into 

consideration. So far, limited work has overcome these issues of fusion approaches and been able 

to enhance the overall multimodal data fusion system.  
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In this research, a weight-based fusion strategy based on late fusion is proposed. The 

proposed model firstly carries out feature selection on each modality through established feature 

extraction methods. Then, CNN is used to classify the features of each modality per their weight. 

Finally, a weighted average is calculated to determine which modality/modalities carry the most 

weight or which modality affects the outcome result the most. This weight is used on the training 

dataset to classify emotions. The proposed method is compared with results from early fusion and 

late fusion models. A comparison is also made to compare the results of unimodal, bimodal and 

trimodal results, along with the results of relevant existing works. 

This chapter is organized into five sections as follows (shown in Figure 6.1). Section 6.2 

presents the details of multimodal data fusion strategies. Section 6.3 presents the proposed system 

framework, which includes the feature extraction, selection, fusion and classification modules. 

Section 6.4 presents the experimental model, followed by results, discussion and their comparison 

analysis in Section 6.5. A chapter summary is given in Section 6.6. 
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Figure 6.1: Overview of Chapter 6 

   

 

6.2 Multimodal Data Fusion 

The feature vectors (text, image, physiological signals, video and audio) can be fused 

together using the two main fusion techniques: early fusion, or feature level fusion, and late fusion, 

or decision level fusion. Here, focus is given on feature extractions and the fusion of three data 
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variations, including audio signals, physiological signals and video. The proposed weight-based 

fusion strategy approach is presented at the end of this section. 

6.2.1 Early Fusion 

The fusion of feature vectors acquired from various modalities, including text, image, 

video, speech, and physiological signals, is known as early fusion or feature fusion. Early fusion 

is usually imposed on the features extracted from multimodal data that reside in a known dataset. 

These features are fed into a classifier model so as to utilise as many features as possible for reliable 

classification towards accurate emotion estimation/recognition. Usually, the feature vectors 

extracted from audio signals, physiological signals and images are numerical values.  

For example, the feature vector extracted from any image can be represented as 

𝑋𝑡 = (𝑥𝑡1, 𝑥𝑡2, … 𝑥𝑡𝑛)  ∈ 𝑅𝑛, where 𝑅𝑛 is a n-dimensional vector.  

Whereas, the respective feature vectors attained from audio signals, and physiological signals can 

be represented as 

𝑋𝑒 = (𝑥𝑒1, 𝑥𝑒2, … 𝑥𝑒𝑚)  ∈ 𝑅𝑚, where 𝑅𝑚 is a m-dimensional vector, and 

𝑋𝑧 = (𝑥𝑧1, 𝑥𝑧2, … 𝑥𝑧𝑝)  ∈ 𝑅𝑝, where 𝑅𝑝 is a p-dimensional vector.  

The fused feature vectors, 𝑋𝑓, can be obtained by the concatenation of 𝑋𝑡, 𝑋𝑒, 𝑋𝑧, which is 

an (𝑛 + 𝑚 + 𝑝) dimensional vector using the early fusion formula as shown in Equation (6.1). 

𝑋𝑓 = 𝑋𝑡⨁𝑋𝑒⨁𝑋𝑧 = (𝑥𝑡1, 𝑥𝑡2, … 𝑥𝑡𝑛, 𝑥𝑒1, 𝑥𝑒2, … , 𝑥𝑒𝑚, 𝑥𝑧1, 𝑥𝑧2, … , 𝑥𝑧𝑝), 𝑋𝑓 ∈ 𝑅𝑛+𝑚+𝑝 
(6.1) 

 

The discriminant correlation analysis (DCA) (Haghighat et al., 2016) is used to fuse 

together the three feature vectors to form a single long feature vector as in Equation (6.1). The 

DCA technique is chosen due to its important dimension reduction capability, low computational 
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complexity and usefulness for pattern recognition. The canonical correlation analysis (CCA) (Sun 

et al., 2005) is an extended version of DCA created by adding the class structure information on 

top of it. Concisely, DCA pursues alterations that maximize the paired correlation of matched 

features across any two feature groups (similar to CCA); concurrently it confines the correlation 

depending on the number of items of the class and removes the inter-class correlation. 

6.2.2 Late Fusion 

Late fusion (or decision fusion) is a commonly used image-data fusion technique, which 

combines matching image information collected from various sensors. It performs information 

fusion by performing a preliminary information classification for each individual data source one 

after another until the data is exhausted (J Benediktsson et al., 1999). In this technique, the 

classification accuracy is better for multi-sensor data than for individual sensor data. There are 

many late fusion approaches proposed for use in remote-sensing research. Some of the related but 

significant approaches include the max rule (Jimenez et al., 1999), consensus theory (J. A. 

Benediktsson & Sveinsson, 2000), SVMs (Waske et al., 2007), Bayesian approaches (Solberg et 

al., 1994), Dempster–Shafer evidence theory (Desachy et al., 1996) and the weights of evidence 

model (B. Song et al., 2014).  

Six distinctive ensemble rules are usually employed for decision level fusion, which are 

“Majority vote”, “Max”, “Sum”, “Min”, “Average”, and “Product”. These decision-level rules 

were researched in two studies (Farhoudi & Setayeshi, 2021; S. Zhang et al., 2018) in order to 

determine the best performing one. Both studies reported that the product rule is the one that 

produces the best results in decision level fusion. It was stated that the performance of the 
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“Product” rule is calculated by multiplying the score of all modalities, and then the class with the 

maximum score is the output. The score calculation is presented in Equation (6.2): 

𝑆𝑐𝑜𝑟𝑒𝑘 =  
𝑆𝑐𝑜𝑟𝑒𝑘(𝑉) × 𝑆𝑐𝑜𝑟𝑒𝑘(𝑉, 𝑆) × 𝑆𝑐𝑜𝑟𝑒𝑘(𝑉, 𝑆, 𝑃)

∑ 𝑆𝑐𝑜𝑟𝑒𝑘′(𝑉) × 𝑆𝑐𝑜𝑟𝑒𝑘′(𝑉, 𝑆) × 𝑆𝑐𝑜𝑟𝑒𝑘′(𝑉, 𝑆, 𝑃)𝑗′
 

(6.2) 

where, V, S and P stand for video, speech and physiological features, respectively, with 

𝑘′ ≠ 𝑘, and 𝑘 representing the class index.  

Overall, in late fusion, the unimodal feature vectors were obtained first, then they were 

classified separately into their respective sentiment classes. Finally, they were classified into a 

single emotion class depending on their separate classification scores. 

6.2.3 Weight-Based Fusion 

Poria et al. proposed majority voting, which is a kind of late fusion or decision fusion 

method to fuse several signals together (Poria, Cambria, et al., 2017). It can be considered as a 

basic equal-weight fusion method; however, it is unable to imitate individual advantages for a 

mode in emotion classification. Weighted voting (Khezria et al., 2015; Thammasan et al., 2017) is 

proposed to overcome the above drawbacks, and it is the most used one. Commonly used 

weighted-voting fusion rules include maximum, minimum and median. Weight calculation is 

performed based on assigned weight values for various decision level fusion features depending 

on the classifier’s test correlation performances (Wei et al., 2018). The weight calculation can also 

be performed based on the perception of signal stability (Thammasan et al., 2017).  

In this work, a weight-based fusion strategy based on decision level is established by 

combining three weight assignment methods, which are based on (i) individual data modality’s 

classification precision, (ii) the correlation amongst different data modalities and (iii) the stability 
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of the data modalities. Thus, the weight-based fusion is able to reflect both modal and cross-modal 

information features of image/video data, audio signals and physiological signals.  

 

6.3 System Framework 

This section depicts a multimodal affective analytics system for multimodal data analysis. 

This system is able to classify data from a known database using multiple modalities, such as 

image/video, audio and physiological signals, of the sentiment that is being conveyed by a human 

subject.  

The traditional approaches for multimodal data-based emotion recognition require heavy 

data processing that are inefficient and unrealistic with a high computational time and memory 

requirement. To overcome these problems, machine learning methods are a promising processing 

technique to handle such data, and they benefit from their strong mathematical background and 

accurate information extraction (Poria, Cambria, et al., 2017).  

6.3.1 Feature Extraction 

The detail of feature extraction for each of the modalities are explained in Chapters 3 and 

4. The audio feature extraction using the MFCC technique is explained in Section 3.3.2; there are 

39 features that contain 12 parameters which are related to the amplitude of frequencies and are 

typically optimal for speech analysis.  

The video feature extraction is explained in Section 4.3.1, where the facial features were 

extracted from videos using OpenFace (Baltrusaitis et al., 2018b). There are 68 facial landmarks 
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which correspond to the facial features, including eyes, eyebrows, nose-tip, mouth and facial 

outline. These features were extracted and used for training the considered classifiers.  

The physiological feature extraction is explained in Section 5.3.1, where DE feature 

extraction was conducted for a 1 second time window from the recorded EEG signal segment using 

a device with 32 electrodes. Each captured EEG signals is distinctly filtered to get the 5 frequency 

bands of each channel, which are delta (1–3 Hz), theta (4–7 Hz), alpha (8–13 Hz), beta (14–30 

Hz), and gamma (31–50 Hz). 

6.3.2 Feature Selection, Fusion and Classification 

Feature vectors are formed after feature extraction of each candidate region from a signal 

and/or image data, they are then concatenated to formulate higher weighted fusion features. This 

is done to compensate for data insufficiency of single modality in data classification. However, 

this method produces some redundancy in terms of correlation and information among the features, 

which is higher for higher dimensional features, resulting in higher computational complexity. 

Hence, the best candidate to use is the PCA for features dimensionality reduction purposes, and it 

is used here. The eigenvalue statistical rates are defined as the ratio of number of principal 

components (eigenvalues) taken by PCA to number of whole components. The eigenvalue 

statistical rate is selected as 50% that means the eigenvectors matching to the top 50% of principal 

components (eigenvalues) can be considered to develop a projection direction matrix for features 

dimensionality reduction. 

For weight-based fusion, the adaptive weights are used to determine the emotion 

classification. In the proposed weight-based fusion technique, it can be observed that different 

values of the weighting factor influence the quality of the resulting fusion performance. Thus, it is 
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essential to determine the value of the weighting factors in the different modalities. To determine 

the value of the weighting factors, there is a need to learn which factors influence the value so that 

it provides a better emotion recognition. At the beginning, the accuracy matrix WI replicates the 

decision assurance level of each individual classifier in a multimodal system. The classification 

accurateness is used as feedback to compute WI because classification accuracy varies depending 

on classifiers. This is followed by the computation of the correlation coefficient WII, which 

indicates the uniformity among various independent classifiers, and, finally, the computation of 

instability coefficient WIII, which signifies the stability of the samples under consideration to be 

tested. If a modality is distorted or affected by some exterior influence, the weight of the matching 

classifier must be reduced accordingly in order to dynamically adjust the WIII coefficient 

rendering to the data value of a test sample.  

After multimodal features fusion, feature classification is done by utilizing the fused 

features. For feature classification, a number of fully connected CNN layers is considered, where 

each neuron in a fully connected layer is entirely connected with all the neurons in the previous 

and next layers accordingly. With the aim of improving network performance, the considered 

activation functions are ReLU for each neuron in the fully connected layer, and Softmax for the 

neurons at the input and output layers. The output layer performs the final classification. The input 

𝑋𝑓 is fed into the input layer for classification, whereas the output is 𝑌𝑖 =  𝑌𝑖1, 𝑌𝑖2, … , 𝑌𝑖𝑐, a C-

dimensional feature vector, where the dimension C is the same as the total number of data classes. 

Two additional established data feature fusions, namely, early fusion and late fusion are 

also considered here. The reason for these techniques being chosen was to use well-established, 

state-of-the-art methods so that approaches may be compared in terms of the performance when 

the weight-based fusion method is implemented. 
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Early fusion helps acquiring image features completely to describe their ironic core 

information. Then, the compact representation of the integrated features can be gained after 

dimensionality reduction, ensuing improved face detection performance with less computational 

complication in a free environment. 

For late fusion, CNN was applied to each individual modality. Then equal product is used 

to calculate the scores and determine the emotion. The posterior probabilities can also be combined 

using a product rule as per Equation 6.2 based on the assumption that the feature spaces are diverse 

and class-conditionally independent (Tax et al., 2000). It is convenient for a specific single domain 

model to combine it by means of joint CNN with diverse feature information. The inter-modality 

dynamics of the joint-CNN system is more enhanced through the use of late fusion techniques. 

The full emotion prediction models should be able to process the testing data signals and 

images and predict one of the two classes (arousal or valence). The aim of this experiment is to 

evaluate the effect of each fusion technique on the performance of the emotion prediction model, 

which is computed using 50% test samples from the dataset that do not include any samples used 

to train the model in order to carry out unbiased evaluation. 

6.4 Experimental Method 

The DCA is applied to the video, audio and physiological feature matrices, which resulted 

in a fused dataset and three transformation vectors. The fused dataset is a n × 3 matrix, where the 

first column represents a projection of the video features, the second column is a projection of the 

audio features and the third column is a projection of the physiological features. The individual 

row represents a full observation intended to be used for CNN classifier training. The 

transformation vectors are the projections of other audio, video, and physiological features 
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matrices, respectively, into the same DCA space as presented in Gofman and Mitra (2016). The 

dimensions of the transformation vectors are 1 × 39, 1 × 136 and 1 × 160 for video, audio and 

physiological signals, respectively. The fused training matrix, 𝐹𝑡𝑟 is then used to train the classifier. 

The test data is projected onto the DCA subspace using the transformation matrices. The fused 

feature set used for testing is then classified as positive, negative or neutral by the classifier. After 

the audio, video and physiological representation features are combined to create one vector 

feature map, CNN classifier is used to classify the data. The architecture of the CNN used is 

described in CNN Classifier Using 1D, 2D and 3D Feature Vectors - File Exchange - MATLAB 

Central (n.d.).  

In decision level fusion, one feature vector is extracted from each individual modality and 

then used to train the classifier independently, so each modality returns a set of predicted labels. 

The returned predicted labels are then combined to produce a final result by means of a fusion 

method, which is then fed into the CNN classifier for multimodal feature classification. The CNN 

architecture used comprised of a cross entropy loss-based Adam optimizer with an initial learning 

rate of 0.001. Training of CNN was performed for 20 epochs with a premature ending condition, 

where the validation loss was found with a patience factor of 6. The hyperparameter details for the 

fusion model were 𝑤1, 𝑤2 and 𝑤3 with values of 0.33, 0.33 and 0.33, respectively, for video feature 

weights, audio feature weight and physiological feature weights.  

Finally, in the weight-based fusion, for emotion classification, the input of this model are 

the video, audio and physiological data, and the output computed is the predicted emotional state 

j. Here too, the sub-classifier was trained for each modality. Then, the accuracy matrix WI from 

the test results of the sub-classifier was computed. Next, the correlation coefficient WII was 

calculated among sub-classifiers from the training dataset. After that, the instability coefficient 
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WIII of the modalities were computed from the sample to be tested. Finally, the sub-classifier 

weight ωi in combination with WI, WII and WIII was constructed. The results of the weighted 

sub-classifiers were fused to achieve the output of the emotional label.  

6.5 Experimental Results and Discussion 

The performance of multimodal emotion recognition with three fusion methods on a 

standard multimodal emotional dataset, MAHNOB-HCI dataset, is reviewed in this section. 

6.5.1 Dataset Used 

The MAHNOB-HCI dataset, a multimodal dataset for shock recognition and implicit 

labelling, contains EEG data recorded by EEG Cap for 32 channels according to the international 

10-20 system. The duration of the emotional video for arousal was 34.9s and 117s. In this 

experiment, the EEG categories were divided into three categories according to self-reported 

perception of the valence space: negative (1-3), neutral (4-6) and positive (7-9). In total, there were 

188 negative, 208 neutral and 131 positive samples. 

6.5.2 Data Fusion Technique and Classification 

Table 6.1 shows the performance results obtained for single and multimodal data with data 

augmentation and data fusion (early, late and weighted).  

It shows a 98.70% maximum average emotion classification accuracy achieved by the 

weighted fusion in combination with the CNN classifier. It also shows that the weight-based fusion 

outperforms both the early (DCA) and late fusion (‘Product’ rule) methods.  
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Compared with other methods, weight-based fusion yields the best classification accuracy, 

scoring 0.54% higher than late fusion for bimodal data (audio and video) and 0.64% higher than 

late fusion for trimodal data. The feature-based fusion remained least accurate of all the three 

fusion methods with 89.19% and 96.36% for bimodal and trimodal data, respectively. Among the 

combination of modalities, single modalities did poorly compared to bimodal or trimodal data. 

These results confirm the effectiveness of the proposed method, whose high-performance stems 

from the weighted fusion strategy’s robustness. Namely, the classifier’s weight is adjusted by 

considering three distinct aspects, consequently improving the algorithm’s robustness.  

All experiments were conducted on a dedicated desktop machine DELL OPTIPLEX 7050 

(with Intel Core i7-7700 GPU @ 3.60 GHz, Graphics NVIDIA GeForce RTX3050 Ti (4GB), 16 

GB RAM and 250 GB HDD) running 64-bit Windows 10 operating system.  
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6.6 Chapter Summary  

The basic modalities (unimodal, bimodal, and multimodal) and their methods of fusion for 

affective analytics along with emotion analysis have been investigated and presented in this 

chapter. It also presents a general categorization of multimodal sentiment analysis and fusion 

techniques that have been developed so far and compared them with the developed weighted fusion 

method. The weighted decision fusion approach is proposed to combine or fuse the multimodal 

feature information to give a robust emotion recognition system. In this approach, the accuracy 

matrix is formed, then three diverse weight values are extracted based on it, including the 

correlation coefficient and the instability coefficient. These are utilised to achieve a trade-off 

 

Table 6.1: Performance results for single and multimodal data with data augmentation and data 

fusion 

 

Modality Fusion 

Method 

Accuracy Recall Precision F-Measure 

A  73.3% 0.73 0.63 0.64 

V  87.8% 0.87 0.72 0.71 

P  74.2% 0.74 0.84 0.73 

A+V Feature 

fusion 

89.19% 0.89 0.80 0.85 

Decision 

fusion 

89.72% 0.89 0.80 0.82 

Weight-

based fusion 

90.26% 0.90 0.81 0.85 

A+V+P Feature 

fusion 

96.36% 0.96 0.78 0.77 

Decision 

fusion 

98.06% 0.98 0.72 0.89 

Weight-

based fusion 

98.70% 0.98 0.73 0.87 
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between classification accuracy and dynamic adaptability using the MAHNOB-HCI dataset. With 

multimodal data this approach is able to produce significantly better results (at least 10%) in terms 

of emotion classification accuracy and recall time compared to unimodal and/or bimodal 

modalities. In addition, in comparison with early and late fusion methods, the proposed weighted 

fusion method demonstrates higher accuracy in emotion classification by showing its superiority. 

However, despite the progress made in the field of multimodal sentiment analysis, there is 

still a long way to go research-wise. Human emotions do not only manifest in the face, voice or 

words but the whole body, through hand gestures, body movement, pupil dilation, etc. For the 

computer to fully understand human emotion, a lot more research needs to be carried out. Future 

work would need to be done on a much larger scale of multimodal data and also to explore different 

domains of emotion analysis to generalize the proposed system. 

The next chapter summarises the whole thesis by highlighting the achievements made in 

reliable emotion recognition. 
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CHAPTER 7 

CONCLUSION 

 

 

7.1 Summary of Research Findings 

This thesis contributed to the development of methods and models to improve emotion 

recognition systems data augmentation and data fusion. Four main issues were addressed with the 

aim of moving towards building robust and high performance emotion recognition systems using 

multimodal emotion data: (i) the accuracy in using augmentation methods and deep learning for 

audio emotion classification; (ii) the accuracy in using augmentation methods and deep learning 

for video emotion classification; (iii) the accuracy in using augmentation methods and deep 

learning for physiological emotion classification; and (iv) fusing video, audio and physiological 

signals using early, late and weighted fusion techniques to automatically maximize emotion 

classification based on multimodal data. The four main studies were conducted to address the 

aforementioned issues and improve the performance of emotion classification.  

In Chapter 3, audio augmentation methods and classification performances were presented. 

The use of the augmentation methods and the performance of the classifier on the SAVEE dataset 

was evaluated. This study evaluated the performance of the shift pitch, volume control and adding 

noise augmentations on the SAVEE datasets, which was classified using CNN, NB and KNN 

classifiers.  
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In Chapter 4, a framework was presented to verify the influence of three well-established 

data augmentation techniques and four classifiers on an emotion recognition model's output 

accuracy. This was carried out in three stages: augmentation of data, extraction of features and 

classification, in order to identify the six fundamental expressions along with a neutral state. The 

experiment was carried out on the SAVEE dataset as well.  

In Chapter 5, the physiological modality is focussed upon in terms of augmentation and 

classification. Gaussian noise was added to augment the available EEG signals in an effort to 

validate the assumption that augmented data provided better performance accuracy using the CNN, 

NB and KNN classifiers when compared to augmented data. This assumption was validated 

through the experimental results.  

In Chapter 6, fusion of the modalities was explored. A weight-based fusion strategy was 

proposed. The features were extracted from audio, video and physiological modalities through 

well-established feature extraction methods. Then a CNN classifier was used to fuse the features 

through early, late and weight-based fusion. The results were compared for unimodal, bimodal and 

trimodal fusion classification accuracy. The trimodal weight-based fusion performed with the 

highest accuracy. 

To summarise, experiments conducted on the proposed systems demonstrated 

augmentation and classification increased performances up to 1% for audio data, 30% for video 

data and 8% for physiological data. The proposed multimodal system also achieved up to 19% 

increase in performance when compared to unimodal data. Therefore, it can be concluded that the 

proposed methods achieved significant performance gains in emotion classification. 

The beneficial implications of this study include use in applications towards mental health 

diagnosis, lie detection, stress detection, cognitive assistance and customer satisfaction. There are 
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some limitations of this study, for example, micro-expressions have not been considered and a 

limited set of emotion features were used. In order to overcome these limitations, further research 

may be carried out in future works. 

 

 

7.2 Future Research Directions 

This work has focused on emotion recognition system, including (i) unimodal emotion 

recognition systems, such as facial expression, speech emotion and physiological signal 

recognition system, (ii) bimodal emotion recognition systems, such as audio-visual emotion 

recognition, and (iii) trimodal audio-visual-physiological emotion recognition system. 

Augmentation, deep learning classification techniques and fusion methods have been proposed to 

improve the performance of these systems. The  proposed techniques could extend the work of 

this thesis. 

Future Research Direction 1: Popular data augmentation techniques have been explored in 

this thesis. Other methods not included in this study such as MFCC feature scaling, spectral 

centroids, spectral roll-off and chromogram for audio augmentation; GAN, piecewise affine 

transform, and downsampling for video augmentation could also further enhance classification 

performances. Novel augmentation methods for audio, video and physiological signals also could 

be constructed for classification purposes. 

Future Research Direction 2: Emotion recognition may be carried out using different 

emotion models, such as sentiment, opinion or micro-expression models. Future research may 

focus on a different model or a combination of models. 
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Future Research Direction 3: Classification techniques are evolving fast and the use of the 

latest (including, transformer neural networks) or hybrid classification techniques would introduce 

better accuracy in terms of performance. 

Future Research Direction 4: Trimodal emotion recognition systems, such as audio-visual-

physiological emotion recognition system (facial expression, speech and EEG), have been 

successfully tested and experimented with. However, multimodal systems combining facial 

expression, speech, physiological signals and bodily movement have not been considered. Text 

(transcribed from speech), which will give additional emotion information arising from the words 

and phrases used by the subject, can also be usefully considered.  



 

158 

 

REFERENCES 

 

Abadi, M. K., Subramanian, R., Kia, S. M., Avesani, P., Patras, I., & Sebe, N. (2015). DECAF: 

MEG-Based Multimodal Database for Decoding Affective Physiological Responses. IEEE 

Transactions on Affective Computing, 6(3), 209–222. 

https://doi.org/10.1109/TAFFC.2015.2392932 

Abbasi, A., Chen, H., & Salem, A. (2008). Sentiment analysis in multiple languages. ACM 

Transactions on Information Systems, 26(3), 1–34. https://doi.org/10.1145/1361684.1361685 

Adams, W. H., Iyengar, G., Lin, C. Y., Naphade, M. R., Neti, C., Nock, H. J., & Smith, J. R. 

(2003). Semantic indexing of multimedia content using visual, audio, and text cues. In 

Eurasip Journal on Applied Signal Processing (Vol. 2003, Issue 2, pp. 170–185). 

https://doi.org/10.1155/S1110865703211173 

Alakus, T. B., Gonen, M., & Turkoglu, I. (2020). Database for an emotion recognition system 

based on EEG signals and various computer games – GAMEEMO. Biomedical Signal 

Processing and Control, 60, 101951. https://doi.org/10.1016/j.bspc.2020.101951 

Alkoot, F. M., & Kittler, J. (2000). Improving the Performance of the Product Fusion Strategy. 

164–167. 

Ang, J., Dhillon, R., Krupski, A., Shriberg, E., & Stolcke, A. (2002). PROSODY-BASED 

AUTOMATIC DETECTION OF ANNOYANCE AND FRUSTRATION IN HUMAN-

COMPUTER DIALOG. http://www.iscaaspeech.org/archive 

Avots, E., Sapiński, T., Bachmann, M., & Kamińska, D. (2019). Audiovisual emotion recognition 

in wild. Machine Vision and Applications, 30(5), 975–985. https://doi.org/10.1007/s00138-

018-0960-9 



 

159 

 

Ayache, S., Quénot, G., & Gensel, J. (2007). Classifier Fusion for SVM-Based Multimedia 

Semantic Indexing. 29th European Conference on Information Retrieval Research, 494–504. 

https://doi.org/10.1007/978-3-540-71496-5_44 

Bahkre, S. & Bang, A. (2016), Emotion recognition on the basis of audio signal using Naive Bayes 

classifier. 2016 International Conference on Advances in Computing, Communications and 

Informatics (ICACCI), (2016), 2363-2367 

Bailenson, J. N., Pontikakis, E. D., Mauss, I. B., Gross, J. J., Jabon, M. E., Hutcherson, C. A. C., 

Nass, C., & John, O. (2008). Real-time classification of evoked emotions using facial feature 

tracking and physiological responses. International Journal of Human Computer Studies, 

66(5), 303–317. https://doi.org/10.1016/j.ijhcs.2007.10.011 

Balbin, J. R., Pinugu, J. N. J., Basco, A. J. S., Cabanada, M. B., Gonzales, P. M. V., Marasigan, J. 

C. C., & Sejera, M. M. (2017). Development of scientific system for assessment of post-

traumatic stress disorder patients using physiological sensors and feature extraction for 

emotional state analysis. 2017IEEE 9th International Conference on Humanoid, 

Nanotechnology, Information Technology, Communication and Control, Environment and 

Management (HNICEM), 1–6. https://doi.org/10.1109/HNICEM.2017.8269424 

Baltrusaitis, T., Zadeh, A., Lim, Y. C., & Morency, L. P. (2018a). OpenFace 2.0: Facial behavior 

analysis toolkit. Proceedings - 13th IEEE International Conference on Automatic Face and 

Gesture Recognition, FG 2018, 59–66. https://doi.org/10.1109/FG.2018.00019 

Banse, R., & Scherer, K. R. (1996). Acoustic Profiles in Vocal Emotion Expression. Journal of 

Personality and Social Psychology, 70(3), 614–636. https://doi.org/10.1037/0022-

3514.70.3.614 

https://doi.org/10.1007/978-3-540-71496-5_44


 

160 

 

Bartlett, M. S., Littlewort, G., Frank, M., Lainscsek, C., Fasel, I., & Movellan, J. (2005). 

Recognizing facial expression: Machine learning and application to spontaneous behavior. 

Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern 

Recognition, 2, 568–573. https://doi.org/10.1109/CVPR.2005.297 

Batliner, A., Hacker, C., Steidl, S., & Nöth, E. (2004). ’You Stupid Tin Box’-Children Interacting 

with the AIBO Robot: A Cross-linguistic Emotional Speech Corpus. Proceedings of LREC. 

Battocchi, A., Pianesi, F., & Goren-bar, D. (2005). DaFEx : Database of Facial Expressions 1 

Description of the Database. 303–306. 

Belhumeur, P. N., Hespanha, J. P., & Kriegman, D. J. (1996). Eigenfaces vs. Fisherfaces: 

Recognition using class specific linear projection. Lecture Notes in Computer Science 

(Including Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in 

Bioinformatics), 1064(7), 45–58. https://doi.org/10.1007/bfb0015522 

Benamara, F., Irit, S., Cesarano, C., Federico, N., & Reforgiato, D. (2007). Sentiment Analysis : 

Adjectives and Adverbs are better than Adjectives Alone. In Proc of Int Conf on Weblogs and 

Social Media, 1–4. https://doi.org/citeulike-article-id:9387439 

Benediktsson, J. A., & Sveinsson, J. R. (2000). Consensus based classification of multisource 

remote sensing data. Lecture Notes in Computer Science (Including Subseries Lecture Notes 

in Artificial Intelligence and Lecture Notes in Bioinformatics), 1857 LNCS, 280–289. 

https://doi.org/10.1007/3-540-45014-9_27 

Benediktsson, J. & Kanellopoulos, I. (1999) Classification of multisource and hyperspectral data 

based on decision fusion. IEEE Transactions on Geoscience and Remote Sensing, 37(3), 

1367-1377, doi: 10.1109/36.763301.  



 

161 

 

Bezooijen, R. Van. (1984). The Characteristics and Recognizability of Vocal Expression of 

Emotions. 

Biehl, M., Matsumoto, D., Ekman, P., Hearn, V., Heider, K., Kudoh, T., & Ton, V. (1997). 

Matsumoto and Ekman’s Japanese and Caucasian facial expressions of emotion (JACFEE): 

Reliability data and cross-national differences. Journal of Nonverbal Behavior, 21(1), 3–21. 

https://doi.org/10.1023/a:1024902500935 

Bikel, D. M., & Sorensen, J. (2007). If We want your opinion. ICSC 2007 International 

Conference on Semantic Computing, 493–500. https://doi.org/10.1109/ICSC.2007.81 

Blitzer, J., Blitzer, J., Dredze, M., Dredze, M., Pereira, F., & Pereira, F. (2007). Biographies, 

bollywood, boom-boxes and blenders: Domain adaptation for sentiment classification. 

Annual Meeting-Association for Computational Linguistics, 45(1), 440. 

https://doi.org/10.1109/IRPS.2011.5784441 

Blum, R. L. (2013). Discovery and Representation of Causal Relationships from a Large Time-

Oriented Clinical Database: The RX Project. Springer Science & Business Media. 

Borth, D., Ji, R., Chen, T., Breuel, T., & Chang, S.-F. (2013). Large-scale visual sentiment 

ontology and detectors using adjective noun pairs. Proceedings of the 21st ACM International 

Conference on Multimedia - MM ’13, 223–232. https://doi.org/10.1145/2502081.2502282 

Burkhardt, F., Paeschke, A., Rolfes, M., Sendlmeier, W., & Weiss, B. (2005). A database of 

German emotional speech. 9th European Conference on Speech Communication and 

Technology, 1517–1520. https://doi.org/10.21437/INTERSPEECH.2005-446 

Burkhardt, F. (2004). Verification of acoustical correlates of emotional speech using formant-

synthesis. Isca-Speech.Org. Retrieved December 9, 2021, from https://www.isca-

speech.org/archive_open/speech_emotion/spem_151.html  

https://www.isca-speech.org/archive_open/speech_emotion/spem_151.html
https://www.isca-speech.org/archive_open/speech_emotion/spem_151.html


 

162 

 

Busso, C., Bulut, M., Lee, C. C., Kazemzadeh, A., Mower, E., Kim, S., Chang, J. N., Lee, S., & 

Narayanan, S. S. (2008). IEMOCAP: Interactive emotional dyadic motion capture database. 

Language Resources and Evaluation, 42(4), 335–359. https://doi.org/10.1007/s10579-008-

9076-6 

Busso, C., Lee, S., & Narayanan, S. (2009). Analysis of emotionally salient aspects of fundamental 

frequency for emotion detection. IEEE Transactions on Audio, Speech and Language 

Processing, 17(4), 582–596. https://doi.org/10.1109/TASL.2008.2009578 

Cambria, E. (2016). Affective Computing and Sentiment Analysis. IEEE Intelligent Systems, 

31(2), 102–107. https://doi.org/10.1109/MIS.2016.31 

Caridakis, G., Castellano, G., Kessous, L., Raouzaiou, A., Malatesta, L., Asteriadis, S., & 

Karpouzis, K. (2007). Multimodal emotion recognition from expressive faces, body gestures 

and speech. IFIP International Federation for Information Processing, 247, 375–388. 

https://doi.org/10.1007/978-0-387-74161-1_41 

Caridakis, G., Malatesta, L., Kessous, L., & Amir, N. (2004). Modeling naturalistic affective states 

via facial and vo- cal expressions recognition. Proceedings of the 8th International 

Conference on Multimodal In- Terfaces, 146–154. 

Castanedo, F. (2013). A Review of Data Fusion Techniques. 2013. 

Chanel, G., Ansari-Asl, K., & Pun, T. (2007). Valence-arousal evaluation using physiological signals 

in an emotion recall paradigm. Conference Proceedings - IEEE International Conference on 

Systems, Man and Cybernetics, 41(22), 2662–2667. 

https://doi.org/10.1109/ICSMC.2007.4413638 

Chanel, G., Rebetez, C., Bétrancourt, M., & Pun, T. (2011). Emotion assessment from 

physiological signals for adaptation of game difficulty. IEEE Transactions on Systems, Man, 



 

163 

 

and Cybernetics Part A:Systems and Humans, 41(6), 1052–1063. 

https://doi.org/10.1109/TSMCA.2011.2116000 

Chen, J., Chen, Z., Chi, Z., & Fu, H. (2016). Facial Expression Recognition in Video with Multiple 

Feature Fusion. IEEE Transactions on Affective Computing, 3045(c), 1–1. 

https://doi.org/10.1109/TAFFC.2016.2593719 

Chen, J., Hu, B., Xu, L., Moore, P., & Su, Y. (2015). Feature-level fusion of multimodal 

physiological signals for emotion recognition. Proceedings - 2015 IEEE International 

Conference on Bioinformatics and Biomedicine, BIBM 2015, 395–399. 

https://doi.org/10.1109/BIBM.2015.7359713 

Chen, L. (2000). Joint processing of audio-visual information for the recognition of emotional 

expressions in human-computer interaction. In University of Illinois at Urbana-Champaign. 

Chen, L., Mao, X., Xue, Y., & Cheng, L. L. (2012). Speech emotion recognition: Features and 

classification models. Digital Signal Processing: A Review Journal, 22(6), 1154–1160. 

https://doi.org/10.1016/j.dsp.2012.05.007 

Chittaro, L., & Sioni, R. (2013). Exploring eye-blink startle response as a physiological measure 

for affective computing. Proceedings - 2013 Humaine Association Conference on Affective 

Computing and Intelligent Interaction, ACII 2013, 227–232. 

https://doi.org/10.1109/ACII.2013.44 

CNN classifier using 1D, 2D and 3D feature vectors - File Exchange - MATLAB Central. (n.d.). 

Retrieved December 8, 2021, from 

https://au.mathworks.com/matlabcentral/fileexchange/68882-cnn-classifier-using-1d-2d-

and-3d-feature-vectors 



 

164 

 

Cohn, J. F. (2006). Foundations of Human Computing: Facial Expression and Emotion. Proc. 

Eighth ACM Int’l Conf. Multimodal Interfaces (ICMI ’06), 8, 233–238. 

https://doi.org/10.1007/978-3-540-72348-6_1 

Collet, C., Vernet-Maury, E., Delhomme, G., & Dittmar, A. (1997). Autonomic nervous system 

response patterns specificity to basic emotions. Journal of the Autonomic Nervous System, 

62(1–2), 45–57. https://doi.org/10.1016/S0165-1838(96)00108-7 

Colombetti, G. (2009). From affect programs to dynamical discrete emotions. Philosophical 

Psychology, 22(4), 407–425. https://doi.org/10.1080/09515080903153600 

Computer Music. (2015). How to understand the basics of pitchshifting. 

https://www.musicradar.com/tuition/tech/how-to-understand-the-basics-of-pitchshifting-

625517 

Costa, A., Rincon, J. A., Carrascosa, C., Julian, V., & Novais, P. (2019). Emotions detection on 

an ambient intelligent system using wearable devices. Future Generation Computer Systems. 

Dan-Glauser, E. S., & Scherer, K. R. (2011). The Geneva affective picture database (GAPED): a 

new 730-picture database focusing on valence and normative significance. Behavior 

Research Methods, 43(2), 468–477. https://doi.org/10.3758/s13428-011-0064-1 

Dapogny, A., Bailly, K., & Dubuisson, S. (2016). Dynamic Pose-Robust Facial Expression 

Recognition by Multi-View Pairwise Conditional Random Forests. 3045(c), 1–14. 

https://doi.org/10.1109/ICCV.2015.431 

Datcu, D., & Rothkrantz, L. J. M. (2011). Emotion recognition using bimodal data fusion. 

Proceedings of the 12th International Conference on Computer Systems and Technologies - 

CompSysTech ’11, 122. https://doi.org/10.1145/2023607.2023629 



 

165 

 

Dave, K., Lawrence, S., & Pennock, D. M. (2003). Mining the peanut gallery: Opinion extraction 

and semantic classification of product reviews. Proceedings of the 12th International 

Conference on World Wide Web, 519–528. https://doi.org/10.1145/775152.775226 

De Silva, L. C., & Ng, P. C. (2000). Bimodal emotion recognition. Proceedings - 4th IEEE 

International Conference on Automatic Face and Gesture Recognition, FG 2000, 332–335. 

https://doi.org/10.1109/AFGR.2000.840655 

Deb, S., & Dandapat, S. (2017). Emotion Classification using Segmentation of Vowel-Like and 

Non-Vowel-Like Regions. IEEE Transactions on Affective Computing, 3045(c), 1–1. 

https://doi.org/10.1109/TAFFC.2017.2730187 

Deng, J., Zhang, Z., Marchi, E., & Schuller, B. (2013). Sparse autoencoder-based feature transfer 

learning for speech emotion recognition. Proceedings - 2013 Humaine Association 

Conference on Affective Computing and Intelligent Interaction, ACII 2013, 511–516. 

https://doi.org/10.1109/ACII.2013.90 

Deng, X. (2017). Big Data Technology and Ethics Considerations in Customer Behavior and 

Customer Feedback Mining. 3924–3927. 

Desachy, J., Roux, L. (1996). Numeric and symbolic data fusion: A soft computing approach to 

remote sensing images analysis. Elsevier. Retrieved December 9, 2021, from 

https://www.sciencedirect.com/science/article/pii/S0167865596000931 

Desmet, B., & Hoste, V. (2013). Emotion detection in suicide notes. Expert Systems with 

Applications, 40(16), 6351–6358. https://doi.org/10.1016/j.eswa.2013.05.050 

Douglas-cowie, E., Cowie, R., & Schröder, M. (2000). A New Emotion Database: Considerations, 

Sources and Scope. Speech and Emotion: Proceedings of the ISCA Workshop, 39–44. 



 

166 

 

Douglas-Cowie, E., Cowie, R., Sneddon, I., Cox, C., Lowry, O., McRorie, M., Martin, J.-C., 

Devillers, L., Abrilian, S., Batliner, A., Amir, N., & Karpouzis, K. (2007). The HUMAINE 

Database: Addressing the Collection and Annotation of Naturalistic and Induced Emotional 

Data. Affective Computing and Intelligent Interaction, 488–500. https://doi.org/10.1007/978-

3-540-74889-2_43 

Ekman, P. (1982a). Emotion in the Human Face (2nd ed.). Cambridge University Press. 

Ekman, P., & Friesen, W. V. (1971). Constants across cultures in the face and emotion. Journal of 

Personality and Social Psychology, 17(2), 124–129. https://doi.org/10.1037/h0030377 

Ekman, P., Friesen, W. V., O’Sullivan, M., Chan, A., Diacoyanni-Tarlatzis, I., Heider, K., Krause, 

R., LeCompte, W. A., Pitcairn, T., Ricci-Bitti, P. E., Scherer, K., Tomita, M., & Tzavaras, A. 

(1987). Universals and cultural differences in the judgments of facial expressions of emotion. 

Journal of Personality and Social Psychology, 53(4), 712–717. https://doi.org/10.1037/0022-

3514.53.4.712 

Ekman, P., & Rosenberg, E. L. (2012). What the Face Reveals: Basic and Applied Studies of 

Spontaneous Expression Using the Facial Action Coding System (FACS). In What the Face 

Reveals: Basic and Applied Studies of Spontaneous Expression Using the Facial Action 

Coding System (FACS). Oxford University Press. 

https://doi.org/10.1093/acprof:oso/9780195179644.001.0001 

El Ayadi, M., Kamel, M. S., & Karray, F. (2011). Survey on speech emotion recognition: Features, 

classification schemes, and databases. Pattern Recognition, 44(3), 572–587. 

https://doi.org/10.1016/j.patcog.2010.09.020 



 

167 

 

Engberg, I. S., Hansen, A. V, Andersen, O., & Dalsgaard, P. (1997). Design, Recording and 

Verification of a Danish Emotional Speech Database. Proceedings of Eurospeech 1997, 4, 

1695–1698. 

Etzioni, O. (1996). The World-Wide Web: Quagmire or Gold Mine? Commun. ACM, 39(11), 65–

68. https://doi.org/10.1145/240455.240473 

Eyben, F., Wöllmer, M., & Schuller, B. (2009). OpenEAR - Introducing the Munich open-source 

emotion and affect recognition toolkit. Proceedings - 2009 3rd International Conference on 

Affective Computing and Intelligent Interaction and Workshops, ACII 2009. 

https://doi.org/10.1109/ACII.2009.5349350 

F. Burkhardt, A. Paeschke, M. Rolfes, W. Sendlmeier, B. Weiss. (2005). A Database of German 

Emotional Speech. Proc. Interspeech, 1517–1520. 

Fabris, A., Nicolaou, M. A., Kotsia, I., & Zafeiriou, S. (2017). DYNAMIC PROBABILISTIC 

LINEAR DISCRIMINANT ANALYSIS FOR VIDEO CLASSIFICATION. IEEE 

International Conference on Acoustics, Speech, and Signal Processing (ICASSP) 2017, ii, 

2781–2785. 

Farhoudi, Z., & Setayeshi, S. (2021). Fusion of deep learning features with mixture of brain 

emotional learning for audio-visual emotion recognition. Speech Communication, 127, 92–

103. https://doi.org/10.1016/j.specom.2020.12.001 

Farver, T. B. (2008). Chapter 1 - Concepts of Normality in Clinical Biochemistry. In J. J. Kaneko, 

J. W. Harvey, & M. L. Bruss (Eds.), Clinical Biochemistry of Domestic Animals (Sixth 

Edition) (Sixth Edit, pp. 1–25). Academic Press. 

https://doi.org/https://doi.org/10.1016/B978-0-12-370491-7.00001-5 



 

168 

 

Fatima, B., Raheel, A., Arsalan, A., Majid, M., Ehatisham-Ul-Haq, M., & Anwar, S. M. (2021). 

Gender Recognition using EEG during Mobile Game Play. 2021 International Conference 

on Information Technology, ICIT 2021 - Proceedings, 634–639. 

https://doi.org/10.1109/ICIT52682.2021.9491673 

Fayyad, U., Haussler, D., & Stolorz, P. (1996). Mining Scientific Data. Commun. ACM, 39(11), 

51–57. https://doi.org/10.1145/240455.240471 

Fong, B., Member, S., & Westerink, J. (2012). Affective Computing in Consumer Electronics. 

IEEE Transactions on Affective Computing, 3(2), 129–131. https://doi.org/10.1109/T-

AFFC.2012.20 

Frank, M. (2004). RUFACS1 (Rochester/UCSD FacialActionCodingSystem Database 1). 

http://mplab.ucsd.edu/grants/project1/research/rufacs1-dataset.html 

Frijida, N. H., & Mesquita, B. (1998). The analysis of emotions Dimensions of variation. In What 

develops in emotional development Emotions personality and psychotherapy (pp. 273–295). 

Springer US. https://doi.org/10.1007/978-1-4899-1939-7_11 

Frome, A., Corrado, G. S., Shlens, J., Bengio, S., Dean, J., Ranzato, M. A., & Mikolov, T. (2013). 

DeViSE: A Deep Visual-Semantic Embedding Model. In C. J. C. Burges, L. Bottou, M. 

Welling, Z. Ghahramani, & K. Q. Weinberger (Eds.), Advances in Neural Information 

Processing Systems 26 (pp. 2121–2129). Curran Associates, Inc. 

Frommel, J., Schrader, C., & Weber, M. (2018). Towards Emotion-based Adaptive Games. 173–

185. https://doi.org/10.1145/3242671.3242672 

Galen Carol Audio. (2021). THE RELATIONSHIP OF VOLTAGE, LOUDNESS, POWER AND 

DECIBELS. https://www.gcaudio.com/tips-tricks/the-relationship-of-voltage-loudness-

power-and-decibels/ 



 

169 

 

Ganapathibhotla, M., & Liu, B. (2008). Mining opinions in comparative sentences. Proceedings 

of the 22nd International Conference on Computational Linguistics - COLING ’08, 

1(August), 241–248. https://doi.org/10.3115/1599081.1599112 

Gavali, P., & Banu, J. S. (2019). Deep Convolutional Neural Network for Image Classification on 

CUDA Platform. In Deep Learning and Parallel Computing Environment for Bioengineering 

Systems (pp. 99–122). Elsevier. https://doi.org/10.1016/B978-0-12-816718-2.00013-0 

Gitari, N. D., Zuping, Z., Damien, H., & Long, J. (2015). A lexicon-based approach for hate speech 

detection. International Journal of Multimedia and Ubiquitous Engineering, 10(4), 215–230. 

https://doi.org/10.14257/ijmue.2015.10.4.21 

Go, A., Bhayani, R., & Huang, L. (2009). Twitter Sentiment Classification using Distant Supervision. 

Processing, 150(12), 1–6. https://doi.org/10.1016/j.sedgeo.2006.07.004 

Gofman, M. I., & Mitra, S. (2016). Multimodal biometrics for enhanced mobile device security. 

Communications of the ACM, 59(4), 58–65. https://doi.org/10.1145/2818990 

Goshvarpour, A., & Goshvarpour, A. (2021). Innovative Poincare’s plot asymmetry descriptors 

for EEG emotion recognition. Cognitive Neurodynamics. https://doi.org/10.1007/s11571-

021-09735-5 

Gräbnera, D., & Zankerb, M. (2012). Classification of customer reviews based on sentiment 

analysis. 19th Conference on Information and Communication Technologies in Tourism 

(ENTER), 12. https://doi.org/10.1007/978-3-7091-1142-0_40 

Greasley, P., Sherrard, C., & Waterman, M. (2000). Emotion in language and speech: 

Methodological issues in naturalistic approaches. Language and Speech, 43(4), 355–375. 

https://doi.org/10.1177/00238309000430040201 



 

170 

 

Gu, H., Wang, Y., Hong, S., & Gui, G. (2019). Blind channel identification aided generalized 

automatic modulation recognition based on deep learning. IEEE Access, 7, 110722–110729. 

https://doi.org/10.1109/ACCESS.2019.2934354 

Guntuku, S. C., Zhou, J. T., Roy, S., LIN, W., & Tsang, I. W. (2016). Who likes What, and Why? 

Insights into Personality Modeling based on Image `Likes’. IEEE Transactions on Affective 

Computing, 3045(c), 1–1. https://doi.org/10.1109/TAFFC.2016.2581168 

Gupta, O., Raviv, D., & Raskar, R. (2017). Multi-velocity neural networks for facial expression 

recognition in videos. In IEEE Transactions on Affective Computing (Vol. 3045, Issue c, pp. 

1–1). https://doi.org/10.1109/TAFFC.2017.2713355 

Guzman, E., & Maalej, W. (2014). How do users like this feature? A fine grained sentiment 

analysis of App reviews. 2014 IEEE 22nd International Requirements Engineering 

Conference, RE 2014 - Proceedings, 22, 153–162. https://doi.org/10.1109/RE.2014.6912257 

Ha, H., Hwang, W., Bae, S., Choi, H., Han, H., Kim, G. N., & Lee, K. (2015). CosMovis: Semantic 

Network Visualization by Using Sentiment Words of Movie Review Data. 19th International 

Conference on Information Visualisation, 19, 436–443. https://doi.org/10.1109/iV.2015.79 

Haggard, E. a., & Isaacs, K. S. (1966). Micromomentary facial expressions as indicators of ego 

mechanisms in psychotherapy. Methods of Research in Psychotherapy, 154–165. 

https://doi.org/10.1007/978-1-4684-6045-2_14 

Haghighat, M., Abdel-Mottaleb, M., & Alhalabi, W. (2016). Discriminant Correlation Analysis: 

Real-Time Feature Level Fusion for Multimodal Biometric Recognition. IEEE Transactions 

on Information Forensics and Security, 11(9), 1984–1996. 

https://doi.org/10.1109/TIFS.2016.2569061 



 

171 

 

Hajarolasvadi, N., & Demirel, H. (2019). 3D CNN-based speech emotion recognition using k-

means clustering and spectrograms. Entropy, 21(5). https://doi.org/10.3390/e21050479 

Hall, D. L., & Llinas, J. (1997). An introduction to multisensor data fusion. Proceedings of the 

IEEE, 85(1), 6–23. https://doi.org/10.1109/5.554205 

Haq, S., & Jackson, P. J. B. (2009). Speaker-Dependent Audio-Visual Emotion Recognition. VSP 

2009 -- International Conference on Audio-Visual Speech Processing, University of East 

Anglia, Norwich, UK, September 10--13, 2009, 1–6. 

Hasan, M., Rundensteiner, E., & Agu, E. (2014). EMOTEX: Detecting Emotions in Twitter 

Messages. ASE BIGDATA/SOCIALCOM/CYBERSECURITY Conference, 27–31. 

Healey, J. A., & Picard, R. W. (2005). Detecting stress during real-world driving tasks using 

physiological sensors. IEEE Transactions on Intelligent Transportation Systems, 6(2), 156–

166. https://doi.org/10.1109/TITS.2005.848368 

Hegde, Y., & Padma, S. K. (2015). Sentiment Analysis for Kannada using mobile product reviews: 

A case study. Souvenir of the 2015 IEEE International Advance Computing Conference, 

IACC 2015, 822–827. https://doi.org/10.1109/IADCC.2015.7154821 

Hu, M., & Liu, B. (2004). Mining and summarizing customer reviews. Proceedings of the 2004 

ACM SIGKDD International Conference on Knowledge Discovery and Data Mining - KDD 

’04, 168. https://doi.org/10.1145/1014052.1014073 

Hu, Z., Hu, J., Ding, W., & Zheng, X. (2015). Review Sentiment Analysis Based on Deep 

Learning. 2015 IEEE 12th International Conference on E-Business Engineering, 87–94. 

https://doi.org/10.1109/ICEBE.2015.24 

Hussain, M. S., Monkaresi, H., & Calvo, R. A. (2012). Combining classifiers in multimodal affect 

detection. Conferences in Research and Practice in Information Technology Series, 103–108. 



 

172 

 

Jason Brownlee. (2018). Train Neural Networks With Noise to Reduce Overfitting. 

https://machinelearningmastery.com/train-neural-networks-with-noise-to-reduce-

overfitting/ 

Jia, J., Wu, S., Wang, X., Hu, P., Cai, L., & Tang, J. (2012). Can We Understand Van Gogh’s 

Mood?: Learning to Infer Affects from Images in Social Networks. Proceedings of the 20th 

ACM International Conference on Multimedia, 857–860. 

https://doi.org/10.1145/2393347.2396330 

Jimenez, L. (1999). Classification of hyperdimensional data based on feature and decision fusion 

approaches using projection pursuit, majority voting, and neural networks. 

Ieeexplore.Ieee.Org. Retrieved December 9, 2021, from 

https://ieeexplore.ieee.org/abstract/document/763300/?casa_token=Nzq1bbIRKWkAAAAA

:8yXUJ1dyC2yyaVOiv31ZhHY5wl5t-

Jgj8c1i5gob4ffMRTgiYBK0JF5efalvAcNYVTHO5KdCkQucLg 

Jonathan Hui. (2019). Speech Recognition — Feature Extraction MFCC & PLP. https://jonathan-

hui.medium.com/speech-recognition-feature-extraction-mfcc-plp-5455f5a69dd9 

Kanade, T., Cohn, J. F., & Tian, Y. (2000). Comprehensive Database for Facial Expression 

Analysis. Proc. IEEE Conf. Face and Gesture Recognition (FG’00), 46. 

Kanluan, I., Grimm, M., & Kroschel, K. (2008). Audio-visual emotion recognition using an emotion 

space concept. 16th European Signal Processing Conference, 16, 486–498. 

https://doi.org/10.1007/s00426-009-0232-4 

Katsigiannis, S., & Ramzan, N. (2018). DREAMER: A Database for Emotion Recognition 

Through EEG and ECG Signals From Wireless Low-cost Off-the-Shelf Devices. IEEE 



 

173 

 

Journal of Biomedical and Health Informatics, 22(1), 98–107. 

https://doi.org/10.1109/JBHI.2017.2688239 

Kaya, H., Gürpınar, F., & Salah, A. A. (2017). Video-based emotion recognition in the wild using 

deep transfer learning and score fusion. Image and Vision Computing, 65, 66–75. 

https://doi.org/10.1016/j.imavis.2017.01.012 

Keltner, D., Ekman, P., Gonzaga, G. C., & Beer, J. (2003). Facial expression of emotion. In 

Handbook of affective sciences (pp. 415–432). https://doi.org/10.1177/1754073910361979 

Khan, M., Ahamed, S. I., Rahman, M., & Smith, R. O. (2011). A Feature Extraction Method for 

Realtime Human Activity Recognition on Cell Phones Related papers. 2011 RESNA_ICTA 

Conference. 

Kherwa, P., Sachdeva, A., Mahajan, D., Pande, N., & Singh, P. K. (2014). An approach towards 

comprehensive sentimental data analysis and opinion mining. 2014 IEEE International 

Advance Computing Conference, IACC 2014, 606–612. 

https://doi.org/10.1109/IAdCC.2014.6779394 

Khezria, M., Firoozabadib, M., & Sharafat, A. R. (2015). Reliable emotion recognition system 

based on dynamic adaptive fusion of forehead biopotentials and physiological signals. 

Computer Methods and Programs in Biomedicine, 149–164. 

Kim, J. (2007). Emotion Recognition Using Speech and Physiological Changes. Robust Speech 

Recognition and Understanding, June, 265–280. https://doi.org/10.5772/4754 

Kim, S.-M., & Hovy, E. (2004). Determining the sentiment of opinions. Proceedings of the 20th 

International Conference on Computational Linguistics - COLING ’04, 1367-es. 

https://doi.org/10.3115/1220355.1220555 



 

174 

 

Kleinsmith, A., & Bianchi-Berthouze, N. (2013). Affective Body Expression Perception and 

Recognition : A Survey. IEEE Transactions on Affective Computing, 4(1), 15–33. 

https://doi.org/10.1109/T-AFFC.2012.16 

Koelstra, S., Mühl, C., Soleymani, M., Lee, J. S., Yazdani, A., Ebrahimi, T., Pun, T., Nijholt, A., 

& Patras, I. (2012). DEAP: A database for emotion analysis; Using physiological signals. 

IEEE Transactions on Affective Computing, 3(1), 18–31. https://doi.org/10.1109/T-

AFFC.2011.15 

Krizhevsky, A., Sutskever, I., & Hinton, G. E. (2012). ImageNet Classification with Deep 

Convolutional Neural Networks. Advances In Neural Information Processing Systems, 1–9. 

https://doi.org/http://dx.doi.org/10.1016/j.protcy.2014.09.007 

Kumar, S., Desai, J., & Majumdar, J. (2017). Opinion mining and sentiment analysis on online 

customer review. 2016 IEEE International Conference on Computational Intelligence and 

Computing Research, ICCIC 2016. https://doi.org/10.1109/ICCIC.2016.7919584 

Laney, D. (2001). 3D data management: controlling data volume, velocity, and variety. 

Application Delivery Strategies, 949(February 2001), 4. 

https://doi.org/10.1016/j.infsof.2008.09.005 

Lao, S., & Kawade, M. (2004). Vision-Based Face Understanding Technologies and Their 

Applications 2 The Key Technologies of Vision-Based Face Understanding. Sinobiometrics, 

339–348. https://doi.org/10.1007/b104239 

Lee, C. M., & Narayanan, S. S. (2005). Toward detecting emotions in spoken dialogs. IEEE 

Transactions on Speech and Audio Processing, 13(2), 293–303. 

https://doi.org/10.1109/TSA.2004.838534 



 

175 

 

Lee, O.-J., & Jung, J. J. (2019). Modeling affective character network for story analytics. Future 

Generation Computer Systems. https://doi.org/10.1016/j.future.2018.01.030 

Lesk Michael. (1997). Practical Digital Libraries: Books, Bytes, and Bucks The Morgan 

Kaufmann series in multimedia information and systems (M. Kaufmann, Ed.). 

Li, W., & Xu, H. (2014). Text-based emotion classification using emotion cause extraction. Expert 

Systems with Applications, 41(4 PART 2), 1742–1749. 

https://doi.org/10.1016/j.eswa.2013.08.073 

Li, Z.-N., & Drew, M. S. (2014). Fundamentals of Multimedia. https://doi.org/10.1007/978-3-319-

05290-8 

Liao, C., Chen, R., & Tai, S. (2018). Emotion stress detection using EEG signal and deep learning 

technologies. 2018 IEEE International Conference on Applied System Invention (ICASI), 2, 

90–93. https://doi.org/10.1109/ICASI.2018.8394414 

Liu, B. (2010). Sentiment Analysis and Subjectivity. Handbook of Natural Language Processing, 

1, 1–38. https://doi.org/10.1145/1772690.1772756 

Liu, B. (2011). Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data. In Exploring 

Hyperlinks, Contents, and Usage Data (2nd ed.). Springer. 

https://doi.org/10.1145/2020408.2020428 

Liu, B., Hu, M., & Cheng, J. (2005). Opinion Observer : Analyzing and Comparing Opinions on 

the Web. Proceedings of the 14th International Conference on World Wide Web, 342–351. 

https://doi.org/10.1145/1060745.1060797 

Lo, W., Tang, Y., Li, Y., & Yin, J. (2015). Jointly Learning Sentiment, Keyword and Opinion 

Leader in Social Reviews. 2015 IEEE Conference on Collaboration and Internet Computing 

(CIC), 70–79. https://doi.org/10.1109/CIC.2015.10 



 

176 

 

Lucey, P., Cohn, J. F., Kanade, T., Saragih, J., Ambadar, Z., & Matthews, I. (2010). The Extended 

Cohn-Kanade Dataset (CK+): A complete dataset for action unit and emotion-specified 

expression. 2010 IEEE Computer Society Conference on Computer Vision and Pattern 

Recognition - Workshops, July, 94–101. https://doi.org/10.1109/CVPRW.2010.5543262 

Luyckx, Luyckx, Frederik Vaassen, Claudia Peersman, & Walter Daelemans. (2012). Fine-

Grained Emotion Detection in Suicide Notes: A Thresholding Approach to Multi-Label 

Classification. Biomedical Informatics Insights, 5, 61. https://doi.org/10.4137/BII.S8966 

Ma, B., Yao, J., Yan, R., & Zhang, B. (2014). Facial Expression Parameter Extraction with Cohn-

Kanade Based Database. International Journal of Electrical Energy, 2(2), 103–106. 

https://doi.org/10.12720/ijoee.2.2.103-106 

Maas, A. L., Daly, R. E., Pham, P. T., Huang, D., Ng, A. Y., & Potts, C. (2011). Learning Word 

Vectors for Sentiment Analysis. Proceedings of the 49th Annual Meeting of the Association 

for Computational Linguistics: Human Language Technologies, 142–150. 

https://doi.org/978-1-932432-87-9 

Machajdik, J., & Hanbury, A. (2010). Affective image classification using features inspired by 

psychology and art theory. Proceedings of the International Conference on Multimedia - MM 

’10, 83. https://doi.org/10.1145/1873951.1873965 

Mairesse, F., Polifroni, J., & Di Fabbrizio, G. (2012). Can prosody inform sentiment analysis? 

Experiments on short spoken reviews. ICASSP, IEEE International Conference on Acoustics, 

Speech and Signal Processing - Proceedings, 5093–5096. 

https://doi.org/10.1109/ICASSP.2012.6289066 



 

177 

 

Major, J. A., & Riedinger, D. R. (1992). EFD: A hybrid knowledge/statistical-based system for 

the detection of fraud. International Journal of Intelligent Systems, 7(7), 687–703. 

https://doi.org/10.1002/int.4550070709 

Mansoorizadeh, M., & Charkari, N. M. (2010). Multimodal information fusion application to human 

emotion recognition from face and speech. Multimedia Tools and Applications, 49(2), 277–297. 

https://doi.org/10.1007/s11042-009-0344-2 

Mehrabian, A. (1996). Pleasure-arousal-dominance: A general framework for describing and 

measuring individual differences in Temperament. Current Psychology, 14(4), 261–292. 

https://doi.org/10.1007/BF02686918 

Mehrabian, A. (1997). Comparison of the PAD and PANAS as models for describing emotions 

and for differentiating anxiety from depression. Journal of Psychopathology and Behavioral 

Assessment, 19(4), 331–357. https://doi.org/10.1007/BF02229025 

Melville, P., Gryc, W., & Lawrence, R. D. (2009). Sentiment analysis of blogs by combining 

lexical knowledge with text classification. Proceedings of the 15th ACM SIGKDD 

International Conference on Knowledge Discovery and Data Mining - KDD ’09, 1275. 

https://doi.org/10.1145/1557019.1557156 

Meng, H., Hunag, D., Wang, H., Yang, H., Al-shuraifi, M., & Wang, Y. (2013). Depression 

recognition based on dynamic facial and vocal expression features using partial least square 

regression. ACM International Workshop on Audio/Visual Emotion Challenge, 21–30. 

https://doi.org/10.1145/2512530.2512532 

Mihalcea, R., & Strapparava, C. (2009). The Lie Detector: Explorations in the Automatic 

Recognition of Deceptive Language. Proceedings of the ACL-IJCNLP 2009 Conference 

Short Papers, August, 309–312. 



 

178 

 

Miranda-Correa, J. A., Abadi, M. K., Sebe, N., & Patras, I. (2017). AMIGOS: A Dataset for Affect, 

Personality and Mood Research on Individuals and Groups. http://arxiv.org/abs/1702.02510 

Mohammadian, A., Abootalebi, V., Moradi, M. H., & Khalilzadeh, M. A. (2008). Multimodal 

detection of deception using fusion of reaction time and P300 component. 2008 Cairo 

International Biomedical Engineering Conference, CIBEC 2008. 

https://doi.org/10.1109/CIBEC.2008.4786064 

Morency, L.-P., Mihalcea, R., & Doshi, P. (2011). Towards multimodal sentiment analysis. 

Proceedings of the 13th International Conference on Multimodal Interfaces - ICMI ’11, 169. 

https://doi.org/10.1145/2070481.2070509 

Moreno, A., & Redondo, T. (2016). Text Analytics: the convergence of Big Data and Artificial 

Intelligence. International Journal of Interactive Multimedia and Artificial Intelligence, 3(6), 

57. https://doi.org/10.9781/ijimai.2016.369 

Murray, I. R., & Arnott, J. L. (1993). Toward the simulation of emotion in synthetic speech: A 

review of the literature on human vocal emotion. Journal of the Acoustical Society of 

America, 93(2), 1097–1108. https://doi.org/10.1121/1.405558 

Mustaqeem, & Kwon, S. (2020). A CNN-assisted enhanced audio signal processing for speech 

emotion recognition. Sensors (Switzerland), 20(1). https://doi.org/10.3390/s20010183 

Nalepa, G. J., Kutt, K., & Bobek, S. (2019). Mobile platform for affective context-aware systems. 

Future Generation. Future Generation Computer Systems. 

Nalepa, G. J., Palma, J., & Herrero, M. T. (2019). Affective computing in ambient intelligence 

systems. Future Generation Computer Systems. 

https://doi.org/https://doi.org/10.1016/j.future.2018.11.016 



 

179 

 

Nasukawa, T., & Yi, J. (2003). Sentiment analysis: Capturing favorability using Natural Language 

Processing. Proceedings of the International Conference on Knowledge Capture - K-CAP 

’03, January, 70. https://doi.org/10.1145/945645.945658 

Nguyen, D., Sridharan, S., Nguyen, D. T., Denman, S., Dean, D., & Fookes, C. (2020). Meta transfer 

learning for emotion recognition. ArXiv. 

Nicolaou, M. A., Gunes, H., & Pantic, M. (2010). Audio-Visual Classification and Fusion of 

Spontaneous Affective Data in Likelihood Space. 2010 20th International Conference on 

Pattern Recognition, 3695–3699. https://doi.org/10.1109/ICPR.2010.900 

Nicolaou, M. A., Gunes, H., & Pantic, M. (2011). Continuous Prediction of Spontaneous Affect 

from Multiple Cues and Modalities in Valence-Arousal Space. IEEE Transactions on 

Affective Computing, 2(2), 92–105. https://doi.org/10.1109/T-AFFC.2011.9 

Novak, D., Mihelj, M., & Munih, M. (2012). A survey of methods for data fusion and system 

adaptation using autonomic nervous system responses in physiological computing. 

Interacting with Computers, 24(3), 154–172. https://doi.org/10.1016/j.intcom.2012.04.003 

Oh, S.-H., Lee, Y.-R., & Kim, H.-N. (2014). A novel EEG feature extraction method using Hjorth 

parameter. International Journal of Electronics and Electrical  Engineering, 2(2). 

https://doi.org/10.12720/ijeee.2.2.106-110 

Osgood, C. E., Suci, G. J., & Tannenbaum, P. H. (1958). The Measurement of Meaning. American 

Journal of Sociology, 63(5), 550–551. https://doi.org/10.1086/222316 

Oveneke, M., Gonzalez, I., Enescu, V., Jiang, D., & Sahli, H. (2017). Leveraging the Bayesian 

Filtering Paradigm for Vision-Based Facial Affective State Estimation. IEEE Transactions 

on Affective Computing, 14(8), 1–1. https://doi.org/10.1109/TAFFC.2016.2643661 



 

180 

 

Paeschke, A., & Sendlmeier, W. F. (2000). Prosodic characteristics of emotional speech: 

Measurements of fundamental frequency movements. Speech and Emotion. ISCA Tutorial 

and Research Workshop, 75–80. 

Pak, A., & Paroubek, P. (2010). Twitter as a Corpus for Sentiment Analysis and Opinion Mining. 

In Proceedings of the Seventh Conference on International Language Resources and 

Evaluation, 5(12), 1320–1326. https://doi.org/10.1371/journal.pone.0026624 

Paleari, M., & Huet, B. (2008). Toward emotion indexing of multimedia excerpts. 2008 

International Workshop on Content-Based Multimedia Indexing, 425–432. 

https://doi.org/10.1109/CBMI.2008.4564978 

Pampouchidou, A., Pediaditis, M., Maridaki, A., Awais, M., Vazakopoulou, C. M., Sfakianakis, 

S., Tsiknakis, M., Simos, P., Marias, K., Yang, F., & Meriaudeau, F. (2017). Quantitative 

comparison of motion history image variants for video-based depression assessment. Eurasip 

Journal on Image and Video Processing, 2017(1). https://doi.org/10.1186/s13640-017-0212-

3 

Pang, B., & Lee, L. (2008). Opinion Mining and Sentiment Analysis (Vol. 2, Issues 1–2). 

https://doi.org/10.1561/1500000001 

Pang, B., Lee, L., & Vaithyanathan, S. (2002). Thumbs up?: Sentiment Classification using 

Machine Learning Techniques. Proceedings of the Conference on Empirical Methods in 

Natural Language Processing, 79–86. https://doi.org/10.3115/1118693.1118704 

Pantic, M., Valstar, M., Rademaker, R., & Maat, L. (2005). Web-based database for facial 

expression analysis. IEEE International Conference on Multimedia and Expo, ICME 2005, 

2005, 317–321. https://doi.org/10.1109/ICME.2005.1521424 



 

181 

 

Perez-Rosas, V., Mihalcea, R., & Morency, L. (2013). Utterance-Level Multimodal Sentiment 

Analysis. Proceedings of the 51st Annual Meeting of the Association for Computational 

Linguistics, 973–982. https://doi.org/10.1.1.387.1131 

Pestian, J., Nasrallah, H., Matykiewicz, P., Bennett, A., & Leenaars, A. (2010). Suicide Note 

Classification Using Natural Language Processing: A Content Analysis. Biomedical 

Informatics Insights, 2010(3), 19–28. https://doi.org/10.1007/s00115-005-1965-y 

Petridis, S., & Pantic, M. (2008). Audiovisual discrimination between laughter and speech. 2008 

IEEE International Conference on Acoustics, Speech and Signal Processing, 5117–5120. 

https://doi.org/10.1109/ICASSP.2008.4518810 

Phan, T. D. T., Kim, S. H., Yang, H. J., & Lee, G. S. (2021). EEG-Based Emotion Recognition by 

Convolutional Neural Network with Multi-Scale Kernels. Sensors, 21(15). 

https://doi.org/10.3390/s21155092 

Picard, R. (1997). Affective Computing. MIT Press. 

Picard, R. W., Vyzas, E., & Healey, J. (2001). Toward machine emotional intelligence: Analysis 

of affective physiological state. IEEE Transactions on Pattern Analysis and Machine 

Intelligence, 23(10), 1175–1191. https://doi.org/10.1109/34.954607 

Pizzagalli, D., Oakes, T. (2003). Coupling of theta activity and glucose metabolism in the human 

rostral anterior cingulate cortex: an EEG/PET study of normal and depressed subjects. Wiley 

Online Library, 40(6), 939–949. https://doi.org/10.1111/1469-8986.00112 

Plutchik, R. (1980). A GENERAL PSYCHOEVOLUTIONARY THEORY OF EMOTION. In 

Theories of Emotion (4th ed., pp. 3–33). https://doi.org/10.1016/B978-0-12-558701-3.50007-

7 



 

182 

 

Plutchik, R., & Van Praag, H. M. (1989). The measurement of suicidality, aggresivity and impulsivity. 

Progress in Neuro-Psychopharmacology and Biological Psychiatry, 13, 523–534. 

Polikovsky, S., Kameda, Y., & Ohta, Y. (2009). Facial micro-expressions recognition using high 

speed camera and 3D-gradient descriptor. 3rd International Conference on Imaging for 

Crime Detection and Prevention (ICDP 2009), P16–P16. 

https://doi.org/10.1049/ic.2009.0244 

Porcu, S., Floris, A., & Atzori, L. (2020). Evaluation of Data Augmentation Techniques for Facial 

Expression Recognition Systems. Electronics, 9. https://doi.org/10.3390/electronics9111892 

Poria, S., Cambria, E., Bajpai, R., & Hussain, A. (2017a). A review of affective computing: From 

unimodal analysis to multimodal fusion. Information Fusion, 37, 98–125. 

https://doi.org/10.1016/j.inffus.2017.02.003 

Poria, S., Cambria, E., & Gelbukh, A. (2015). Deep Convolutional Neural Network Textual 

Features and Multiple Kernel Learning for Utterance-level Multimodal Sentiment Analysis. 

Proceedings of the 2015 Conference on Empirical Methods in Natural Language Processing, 

September, 2539–2544. https://doi.org/10.18653/v1/D15-1303 

Poria, S., Cambria, E., Howard, N., Huang, G. Bin, & Hussain, A. (2016). Fusing audio, visual 

and textual clues for sentiment analysis from multimodal content. Neurocomputing, 174, 50–

59. https://doi.org/10.1016/j.neucom.2015.01.095 

Poria, S., Cambria, E., Hussain, A., & Huang, G. Bin. (2015). Towards an intelligent framework 

for multimodal affective data analysis. Neural Networks, 63, 104–116. 

https://doi.org/10.1016/j.neunet.2014.10.005 



 

183 

 

Poria, S., Chaturvedi, I., Cambria, E., & Hussain, A. (2017b). Convolutional MKL based 

multimodal emotion recognition and sentiment analysis. Proceedings - IEEE International 

Conference on Data Mining, ICDM, 439–448. https://doi.org/10.1109/ICDM.2016.178 

Preum, S. M., Munir, S., Ma, M., Yasar, M. S., Stone, D. J., Williams, R., Alemzadeh, H., & 

Stankovic, J. A. (2021). A Review of Cognitive Assistants for Healthcare: Trends, Prospects, 

and Future Directions. In ACM Computing Surveys (Vol. 53, Issue 6). Association for 

Computing Machinery. https://doi.org/10.1145/3419368 

Priyanka, C., & Gupta, D. (2013). Identifying the best feature combination for sentiment analysis 

of customer reviews. Advances in Computing, Communications and Informatics (ICACCI), 

2013 International Conference On, 102–108. https://doi.org/10.1109/ICACCI.2013.6637154 

Przybyło, J., Kańtoch, E., & Augustyniak, P. (2019). Eyetracking-based assessment of affect-

related decay of human performance in visual tasks. Future Generation Computer Systems. 

Qazi, A., Raj, R. G., Tahir, M., Cambria, E., & Syed, K. B. S. (2014). Enhancing business 

intelligence by means of suggestive reviews. Scientific World Journal, 2014(1). 

https://doi.org/10.1155/2014/879323 

Qazi, A., Tamjidyamcholo, A., Raj, R. G., Hardaker, G., & Standing, C. (2017). Assessing 

consumers’ satisfaction and expectations through online opinions: Expectation and 

disconfirmation approach. Computers in Human Behavior, 75(September), 450–460. 

https://doi.org/10.1016/j.chb.2017.05.025 

Rangaswamy, S., Ghosh, S., & Jha, S. (2016). Metadata Extraction and Classification of YouTube 

Videos Using Sentiment Analysis. 1–7. 

Rao, K. S., & K E, M. (2017). Speech Recognition Using Articulatory and Excitation Source 

Features. Springer International Publishing. https://doi.org/10.1007/978-3-319-49220-9 



 

184 

 

Redmond, S. J., & Heneghan, C. (2006). Cardiorespiratory-based sleep staging in subjects with 

obstructive sleep apnea. IEEE Transactions of Biomedical Engineering, 53(3). 

https://ieeexplore.ieee.org/abstract/document/1597499/?casa_token=WA_Yy6-

kwRYAAAAA:SuXkvY9pMC9wr6gWU7J_sLIbVb9L7lERkmYIvUGD2HhGQweO3V3T

mq-p2zLPb4IcQjVdraYNTlZYqQ 

Reisenzein, R. (1994). Pleasure-Arousal Theory and the Intensity of Emotions. Journal of 

Personality and Social Psychology, 67(3), 525–539. https://doi.org/10.1037/0022-

3514.67.3.525 

Rousu, J., & Shawe-Taylor, J. (2005). Efficient computation of gapped substring kernels on large 

alphabets. Journal of Machine Learning Research, 6, 1323–1344. 

https://doi.org/10.1.1.65.466 

Royer, T. (2019). Pitch-shifting algorithm design and applications in music. 

Rushby, J., Barry, R., Clarke, A., & Johnstone, S. (2007). EEG differences between eyes-closed 

and eyes-open resting conditions. https://ro.uow.edu.au/hbspapers/1640/ 

Russel, J. A. (1980). A Circumplex Model of Affect. In Journal of Personality and Social 

Psychology (Vol. 39, Issue 6, pp. 1161–1178). 

Russell, J. A., & Barrett, L. F. (1999). Core affect, prototypical emotional episodes, and other 

things called emotion: Dissecting the elephant. Journal of Personality and Social Psychology, 

76(5), 805–819. https://doi.org/10.1037/0022-3514.76.5.805 

Salamon, J., & Bello, J. P. (2016). Deep Convolutional Neural Networks and Data Augmentation 

for Environmental Sound Classification. https://doi.org/10.1109/LSP.2017.2657381 

Salmeron-majadas, S., Boticario, J. G., Baker, R. S., & Santos, O. C. (2018). A Machine Learning 

Approach to Leverage Individual Keyboard and Mouse Interaction Behavior From Multiple 

https://doi.org/10.1037/0022-3514.76.5.805


 

185 

 

Users in Real-World Learning Scenarios. IEEE Access, 6, 39154–39179. 

https://doi.org/10.1109/ACCESS.2018.2854966 

Salzberg, S., Searls, D., & Kasif, S. (1998). Computational Methods in Molecular Biology (1st 

ed.). 

Saragih, J. M., Lucey, S., & Cohn, J. F. (2009). Face alignment through subspace constrained mean-

shifts. 2009 IEEE 12th International Conference on Computer Vision, Clm, 1034–1041. 

https://doi.org/10.1109/ICCV.2009.5459377 

Sawakoshi, Y., Okada, M., & Hashimoto, K. (2015). An Investigation of Effectiveness of 

“Opinion” and “Fact” Sentences for Sentiment Analysis of Customer Reviews. Proceedings 

- 2015 International Conference on Computer Application Technologies, CCATS 2015, 98–

102. https://doi.org/10.1109/CCATS.2015.33 

Sawata, R., Ogawa, T., & Haseyama, M. (2016). Novel EEG-based Audio Features using 

KDLPCCA for Favorite Music Classification. 3045(JUNE), 1–14. 

https://doi.org/10.1109/TAFFC.2017.2729540 

Scheirer, J., Fernandez, R., Klein, J., & Picard, R. W. (2002). Frustrating the user on purpose: A 

step toward building an affective computer. Interacting with Computers, 14(2), 93–118. 

https://doi.org/10.1016/S0953-5438(01)00059-5 

Scherer, K. R., & Ceschi, G. (1997). Lost luggage: A field study of emotion antecedent appraisal. 

Motivation and Emotion, 21(3), 211–235. https://doi.org/Doi 10.1023/A:1024498629430 

Schuller, B., Rigoll, G., & M Lang. (2004). Speech emotion recognition combining acoustic 

features and linguistic information in a hybrid support vector machine-belief network 

architecture. Ieeexplore.Ieee.Org. Retrieved December 9, 2021, from 

https://ieeexplore.ieee.org/abstract/document/1326051/?casa_token=radApbiTLZYAAAAA



 

186 

 

:O9Xwtz8C0NPFyUUY0udnQuwzgtF5CG57VeWiwLifu_kIuLppf_DsLtO8uO1sDZxCqn

AMeCoR6DroOQ 

Sebe, N., Cohen, I., Gevers, T., & Huang, T. S. (2006). Emotion recognition based on joint visual 

and audio cues. Proceedings - International Conference on Pattern Recognition, 1, 1136–

1139. https://doi.org/10.1109/ICPR.2006.489 

Setchi, R., & Asikhia, O. K. (2017). Exploring User Experience with Image Schemas, Sentiments, 

and Semantics. IEEE Transactions on Affective Computing, 1–1. 

https://doi.org/10.1109/TAFFC.2017.2705691 

Shamma, D. A., Kennedy, L., & Churchill, E. F. (2009). Tweet the debates. Proceedings of the 

First {SIGMM} Workshop on Social Media - {WSM} ’09, 3. 

https://doi.org/10.1145/1631144.1631148 

Shorten, C., & Khoshgoftaar, T. M. (2019). A survey on Image Data Augmentation for Deep 

Learning. In Journal of Big Data (Vol. 6, Issue 1). https://doi.org/10.1186/s40537-019-0197-

0 

Shoumy, N. J., Ang, L. M., Rahaman, D. M. M., Zia, T., Seng, K. P., & Khatun, S. (2021a). 

Augmented Audio Data in Improving Speech Emotion Classification Tasks. International 

Conference on Industrial, Engineering and Other Applications of Applied Intelligent Systems, 

12799 LNAI, 360–365. https://doi.org/10.1007/978-3-030-79463-7_30 

Shoumy, N. J., Ang, L. M., Rahaman, D. M. M., Zia, T., Seng, K. P., & Khatun, S. (2021b). 

Improving Human Emotion Recognition from Emotive Videos Using Geometric Data 

Augmentation. International Conference on Industrial, Engineering and Other Applications 

of Applied Intelligent Systems, 12799 LNAI, 149–161. https://doi.org/10.1007/978-3-030-

79463-7_13 



 

187 

 

Shoumy, N. J., Ang, L. M., Seng, K. P., Rahaman, D. M. M., & Zia, T. (2020). Multimodal big 

data affective analytics: A comprehensive survey using text, audio, visual and physiological 

signals. Journal of Network and Computer Applications, 149, 1–24. 

https://doi.org/10.1016/j.jnca.2019.102447 

Shoumy, N. J., Ang, L.-M., & Rahaman, D. M. M. (2019). Chapter 3: Multimodal Big Data 

Affective Analytics. In Multimodal Analytics for Next-Generation Big Data Technologies 

and Applications (pp. 45–72). Springer International Publishing. https://doi.org/10.1007/978-

3-319-97598-6 

Shreve, M., Godavarthy, S., Goldgof, D., & Sarkar, S. (2011). Macro- and micro-expression 

spotting in long videos using spatio-temporal strain. 2011 IEEE International Conference on 

Automatic Face and Gesture Recognition and Workshops, FG 2011, 51–56. 

https://doi.org/10.1109/FG.2011.5771451 

Shreve, M., Godavarthy, S., Manohar, V., Goldgof, D., & Sarkar, S. (2009). Towards macro- and 

micro-expression spotting in video using strain patterns. 2009 Workshop on Applications of 

Computer Vision (WACV), 1–6. https://doi.org/10.1109/WACV.2009.5403044 

Silva, C., Sobral, A., & Vieira, R. T. (2014). An automatic facial expression recognition system 

evaluated by different classifier. X Workshop de Visão Computacional (WVC’2014), October. 

https://doi.org/10.13140/2.1.2789.2801 

Singh, V. K., Piryani, R., Uddin, A., Waila, P., & Marisha. (2013). Sentiment analysis of textual 

reviews; Evaluating machine learning, unsupervised and SentiWordNet approaches. 2013 5th 

International Conference on Knowledge and Smart Technology (KST), 122–127. 

https://doi.org/10.1109/KST.2013.6512800 



 

188 

 

Singla, Z., Randhawa, S., & Jain, S. (2017). Sentiment Analysis of Product Reviews using Support 

Vector Machine Learning Algorithm. 2017 International Conference on Intelligent 

Computing and Control (I2C2), 10(September), 5. 

https://doi.org/10.17485/ijst/2017/v10i35/118965 

Sinha, A., Chen, H., Danu, D. G., Kirubarajan, T., & Farooq, M. (2008). Estimation and decision 

fusion: A survey. Neurocomputing, 71(13–15), 2650–2656. 

https://doi.org/10.1016/j.neucom.2007.06.016 

Sinha, R., Lovallo, W. R., & Parsons, O. A. (1992). Cardiovascular differentiation of emotions. 

Psychosomatic Medicine, 54(4), 422–435. https://doi.org/10.1097/00006842-199207000-

00005 

Smith, P., Shah, M., & da Vitoria Lobo, N. (2003). Determining driver visual attention with one 

camera. IEEE Transactions on Intelligent Transportation Systems, 4(4), 205–218. 

https://doi.org/10.1109/TITS.2003.821342 

Socher, R., Perelygin, A., Wu, J., & Chuang, J. (2013). Recursive Deep Models for Semantic 

Compositionality Over a Sentiment Treebank. Proceedings of the 2013 Conference on 

Empirical Methods in Natural Language Processing, 1631–1642. 

https://doi.org/10.1371/journal.pone.0073791 

Solberg, A., Jain, A K. and Taxt, T. (1994) Multisource classification of remotely sensed data: 

fusion of Landsat TM and SAR images. IEEE Transactions on Geoscience and Remote 

Sensing. 32(4) 768-778. doi: 10.1109/36.298006.  

Soleymani, M., Garcia, D., Jou, B., Schuller, B., Chang, S.-F., & Pantic, M. (2017). A survey of 

multimodal sentiment analysis. Image and Vision Computing, 65, 3–14. 

https://doi.org/10.1016/j.imavis.2017.08.003 



 

189 

 

Soleymani, M., Lichtenauer, J., Pun, T., & Pantic, M. (2012). A multimodal database for affect 

recognition and implicit tagging. IEEE Transactions on Affective Computing, 3(1), 42–55. 

https://doi.org/10.1109/T-AFFC.2011.25 

Soleymani, M., & Pantic, M. (2012). Multimodal Emotion Recognition in Response to Videos. 

IEEE Transactions on Affective Computing, 3(2), 211–223. 

Song, B., P. L.-I. J. (2014). A novel decision fusion method based on weights of evidence model. 

Taylor & Francis, 5(2), 123–137. https://doi.org/10.1080/19479832.2014.894143 

Song, M., Bu, J., Chen, C., & Li, N. (2004). Audio-visual based emotion recognition - A new 

approach. IEEE Conf. Comp. Vision and Pattern Recognition, 2, 1020–1025. 

Speriosu, M., Sudan, N., Upadhyay, S., & Baldridge, J. (2011). Twitter Polarity Classification with 

Label Propagation over Lexical Links and the Follower Graph. Proceedings of the 

Conference on Empirical Methods in Natural Language Processing, 53–56. 

https://doi.org/10.1017/CBO9781107415324.004 

Steidl, S. (2009). Automatic Classification of Emotion-Related User States in Spontaneous 

Children’s Speech. 

Stone, P. J., & Hunt, E. B. (1963). A computer approach to content analysis: studies using the 

general inquirer system. Proceedings of the May 21-23, 1963, Spring Joint Computer 

Conference on - AFIPS ’63 (Spring), 241. https://doi.org/10.1145/1461551.1461583 

Sumana, K. R., Phaneendra, H. D., & D, B. C. (2021). A Model to Detect Drowsiness Using 

Machine Learning And Deep Learning Techniques For Bio-Medical Signals. International 

Research Journal of Engineering and Technology. www.irjet.net 



 

190 

 

Sun, Q., Zeng, S., Heng, P. (2005). The theory of canonical correlation analysis and its application 

to feature fusion. Cjc.Ict.Ac.Cn. Retrieved December 9, 2021, from 

http://cjc.ict.ac.cn/eng/qwjse/view.asp?id=1866 

Taboada, M., Brooke, J., Tofiloski, M., Voll, K., & Stede, M. (2011). Lexicon-Based Methods for 

Sentiment Analysis. Computational Linguistics, 37(2), 267–307. 

https://doi.org/10.1162/COLI_a_00049 

Tacconi, D., Mayora, O., Lukowicz, P., Arnrich, B., Setz, C., Tröster, G., & Haring, C. (2008). 

Activity and emotion recognition to support early diagnosis of psychiatric diseases. 

Proceedings of the 2nd International Conference on Pervasive Computing Technologies for 

Healthcare 2008, PervasiveHealth, 9–10. 

https://doi.org/10.1109/PCTHEALTH.2008.4571041 

Tax, D. M. J., van Breukelen, M., Duin, R. P. W., & Kittler, J. (2000). Combining multiple 

classi"ers by averaging or by multiplying? In Pattern Recognition (Vol. 33). 

Tedeschi, A., & Benedetto, F. (2015). A cloud-based big data sentiment analysis application for 

enterprises’ brand monitoring in social media streams. 2015 IEEE 1st International Forum 

on Research and Technologies for Society and Industry, RTSI 2015 - Proceedings, 186–191. 

https://doi.org/10.1109/RTSI.2015.7325096 

Thammasan, N., Hagad, J. L., Fukui, K., & Numao, M. (2017). Multimodal Stability-Sensitive 

Emotion Recognition based on Brainwave andPhysiological Signals. 2017 Seventh 

International Conference on Affective Computing and Intelligent Interaction Workshops and 

Demos (ACIIW). 

Tomkins, S. S. (1962). Affect, Imagery, Consciousness (1st ed.). Springer. 



 

191 

 

Tong Yuen, C., San, W. S., Rizon, M., Seong, T. C., Tunku, U., & Rahman, A. (2009). 

Classification of Human Emotions from EEG Signals using Statistical Features and Neural 

Network. International Journal of Integrated Engineering, 1(3). 

https://publisher.uthm.edu.my/ojs/index.php/ijie/article/view/118 

Tong, Z., Chen, X., He, Z., Tong, K., Fang, Z., & Wang, X. (2018). Emotion Recognition Based 

on Photoplethysmogram and Electroencephalogram. 2018 IEEE 42nd Annual Computer 

Software and Applications Conference (COMPSAC), 402–407. 

https://doi.org/10.1109/COMPSAC.2018.10266 

Turney, P. D. (2002). Thumbs up or thumbs down? Semantic Orientation applied to Unsupervised 

Classification of Reviews. Proceedings of the 40th Annual Meeting of the Association for 

Computational Linguistics (ACL), July, 417–424. https://doi.org/10.3115/1073083.1073153 

Valstar, M., Schuller, B., Smith, K., Almaev, T., Eyben, F., Krajewski, J., Cowie, R., & Pantic, M. 

(2014). AVEC 2014: 3D Dimensional Affect and Depression Recognition Challenge. 

Proceedings of the 4th ACM International Workshop on Audio/Visual Emotion Challenge 

(AVEC ’14), 3–10. https://doi.org/10.1145/2661806.2661807 

Valstar, M., Schuller, B., Smith, K., Eyben, F., Jiang, B., Bilakhia, S., Schnieder, S., Cowie, R., & 

Pantic, M. (2013a). AVEC 2013: The Continuous Audio/Visual Emotion and Depression 

Recognition Challenge. Proceedings of the 3rd ACM International Workshop on 

Audio/Visual Emotion Challenge (AVEC ’13), 3–10. 

https://doi.org/10.1145/2512530.2512533 

Ververidis, D., & Kotropoulos, C. (2006). Emotional speech recognition: Resources, features, and 

methods. Speech Communication, 48(9), 1162–1181. 

https://doi.org/10.1016/J.SPECOM.2006.04.003 



 

192 

 

Vonikakis, V., & Winkler, S. (2012). Emotion-Based Sequence of Family Photos. Proceedings of 

the 20th ACM International Conference on Multimedia, 1371–1372. 

https://doi.org/10.1145/2393347.2396490 

Wang, F., Zhong, S., Peng, J., & Jiang, J. (2018a). Data Augmentation for EEG-Based Emotion 

Recognition with Deep Convolutional Neural Networks. 1, 82–93. 

https://doi.org/https://doi.org/10.1007/978-3-319-73600-6_8 

Wang, F., Zhong, S., Peng, J., & Jiang, J. (2018b). Data Augmentation for EEG-Based Emotion 

Recognition with Deep Convolutional Neural Networks. 1, 82–93. 

https://doi.org/https://doi.org/10.1007/978-3-319-73600-6_8 

Wang, L., Niu, J., Song, H., & Atiquzzaman, M. (2018). SentiRelated: A cross-domain sentiment 

classification algorithm for short texts through sentiment related index. Journal of Network 

and Computer Applications, 101(June 2017), 111–119. 

https://doi.org/10.1016/j.jnca.2017.11.001 

Wang, S., Chen, H.-L., Yan, W., Chen, Y., & Fu, X. (2014). Face Recognition and Micro-

expression Recognition Based on Discriminant Tensor Subspace Analysis Plus Extreme 

Learning Machine. Neural Processing Letters, 39(1), 25–43. https://doi.org/10.1007/s11063-

013-9288-7 

Wang, S., Yan, W., Li, X., Zhao, G., & Fu, X. (2014). Micro-expression Recognition Using 

Dynamic Textures on Tensor Independent Color Space. 2014 22nd International Conference 

on Pattern Recognition, 4678–4683. https://doi.org/10.1109/ICPR.2014.800 

Wang, W., Chen, L., Thirunarayan, K., & Sheth, A. P. (2012). Harnessing Twitter “Big Data” for 

Automatic Emotion Identification. 



 

193 

 

Wang, X., Jia, J., Hu, P., Wu, S., Tang, J., & Cai, L. (2012). Understanding the Emotional Impact 

of Images. Proceedings of the 20th ACM International Conference on Multimedia, 1369–

1370. https://doi.org/10.1145/2393347.2396489 

Waske, B. (2007). Fusion of support vector machines for classification of multisensor data. 

Ieeexplore.Ieee.Org. Retrieved December 9, 2021, from 

https://ieeexplore.ieee.org/abstract/document/4358858/?casa_token=JkE5j6jRV4UAAAAA

:T0JRhDmBUfAL4si3rqpkmA6y6YkuV59zoNnDTyAKCOQFO3xAkzMfwoztlcazVgq2Es

aXi-XBFADlHQ 

Wei, S., Zou, S., Liao, F., & Lang, W. (2020). A Comparison on Data Augmentation Methods 

Based on Deep Learning for Audio Classification. Journal of Physics: Conference Series, 

1453(1). https://doi.org/10.1088/1742-6596/1453/1/012085 

Wei, W., Jia, Q., Feng, Y., & Chen, G. (2018). Emotion Recognition Based on Weighted Fusion 

Strategy of Multichannel Physiological Signals. Computational Intelligence and 

Neuroscience, 2018. https://doi.org/10.1155/2018/5296523 

Wen, L., Li, X., Guo, G., & Zhu, Y. (2015). Automated depression diagnosis based on facial 

dynamic analysis and sparse coding. IEEE Transactions on Information Forensics and 

Security, 10(7), 1432–1441. https://doi.org/10.1109/TIFS.2015.2414392 

Wilhelm Wundt. (1896). Grundriss der Psychologie (7th ed.). Engelman. 

Wollmer, M., Weninger, F., Knaup, T., Schuller, B., Sun, C., Sagae, K., & Morency, L. P. (2013). 

You tube movie reviews: Sentiment analysis in an audio-visual context. IEEE Intelligent 

Systems, 28(3), 46–53. https://doi.org/10.1109/MIS.2013.34 

Woolf, B. P., Arroyo, I., Cooper, D., & Burleson, W. (2008). Affective Tutors : Automatic 

Detection of and Response to Student Emotion. Shute 2008, 207–208. 

https://ieeexplore.ieee.org/abstract/document/4358858/?casa_token=JkE5j6jRV4UAAAAA:T0JRhDmBUfAL4si3rqpkmA6y6YkuV59zoNnDTyAKCOQFO3xAkzMfwoztlcazVgq2EsaXi-XBFADlHQ
https://ieeexplore.ieee.org/abstract/document/4358858/?casa_token=JkE5j6jRV4UAAAAA:T0JRhDmBUfAL4si3rqpkmA6y6YkuV59zoNnDTyAKCOQFO3xAkzMfwoztlcazVgq2EsaXi-XBFADlHQ
https://ieeexplore.ieee.org/abstract/document/4358858/?casa_token=JkE5j6jRV4UAAAAA:T0JRhDmBUfAL4si3rqpkmA6y6YkuV59zoNnDTyAKCOQFO3xAkzMfwoztlcazVgq2EsaXi-XBFADlHQ


 

194 

 

Wu, Y., Lin, C.-K., Chang, E. Y., & Smith, J. R. (2004). Multimodal information fusion for video 

concept detection. Proceedings of the International Conference on Image Processing, 4, 

2391–2394. https://doi.org/10.1109/ICIP.2004.1421582 

Wu, Z., Cai, L., & Meng, H. (2005). Multi-level Fusion of Audio and Visual Features for Speaker 

Identification. In D. Zhang & A. K. Jain (Eds.), Advances in Biometrics (pp. 493–499). 

Springer Berlin Heidelberg. 

Wundt, W. M. (1905). Grundzüge der physiologischen Psychologie (Principles of Physiological 

Psychology). In Nature (5th ed., Vol. 71, Issue 1849, pp. 529–530). 

Xu, B., Fu, Y., Jiang, Y.-G., Li, B., & Sigal, L. (2015). Heterogeneous Knowledge Transfer in 

Video Emotion Recognition, Attribution and Summarization. IEEE Transactions Affective 

Computing, 3045(c), 1–13. https://doi.org/10.1109/TAFFC.2016.2622690 

Xu, K., Liao, S. S., Li, J., & Song, Y. (2011). Mining comparative opinions from customer reviews 

for Competitive Intelligence. Decision Support Systems, 50(4), 743–754. 

https://doi.org/10.1016/j.dss.2010.08.021 

Xu, M., Duan, L.-Y., Cai, J., Chia, L.-T., Xu, C., & Tian, Q. (2017). HMM-Based Audio Keyword 

Generation. Advances in Multimedia Information Processing – PCM 2004: 5th Pacific Rim 

Conference on Multimedia. 

Yaacob, S., Murugappan, M., Nagarajan, R., & Yaacob, S. (2004). Studies of Emotion: A 

Theoretical and Empirical Review of Psychophysiological Studies of Emotion. European 

Journal of Scientific Research, 48(2), 281–299. 

https://urresearch.rochester.edu/fileDownloadForInstitutionalItem.action?itemId=2746&ite

mFileId=3791 



 

195 

 

Yadollahi, A. L. I., Shahraki, A. G., & Zaiane, O. R. (2017). Current State of Text Sentiment 

Analysis from Opinion to Emotion Mining. ACM Computing Surveys, 50(2). 

Yi, B., He, W., & Yang, X. (2012). A new feature selection approach in sentiment classification 

of Internet product reviews. 2012 IEEE Symposium on Robotics and Applications (ISRA), 

480–484. https://doi.org/10.1109/ISRA.2012.6219229 

You, Q., Luo, J., Jin, H., & Yang, J. (2015). Robust Image Sentiment Analysis using Progressively 

Trained and Domain Transferred Deep Networks. The Twenty-Ninth AAAI, 381–388. 

https://doi.org/10.1145/2733373.2806284 

Zamil, A. A. A., Hasan, S., Jannatul Baki, S. M., Adam, J. M., & Zaman, I. (2019). Emotion 

detection from speech signals using voting mechanism on classified frames. 1st International 

Conference on Robotics, Electrical and Signal Processing Techniques, ICREST 2019, 281–

285. https://doi.org/10.1109/ICREST.2019.8644168 

Zangeneh Soroush, M., Maghooli, K., Kamaledin Setarehdan, S., & Motie Nasrabadi, A. (2018). 

Emotion classification through nonlinear EEG analysis using machine learning methods. 

Journals.Sbmu.Ac.Ir. https://doi.org/10.15171/icnj.2018.26 

Zeng, Z., Hu, Y., Liu, M., Fu, Y., & Huang, T. S. (2006). Training combination strategy of multi-

stream fused hidden Markov model for audio-visual affect recognition. Proceedings of the 

14th Annual ACM International Conference on Multimedia - MULTIMEDIA ’06, 65. 

https://doi.org/10.1145/1180639.1180661 

Zhalehpour, S., Onder, O., Akhtar, Z., & Erdem, C. E. (2017). BAUM-1: A Spontaneous Audio-

Visual Face Database of Affective and Mental States. IEEE Transactions on Affective 

Computing, 8(3), 300–313. https://doi.org/10.1109/TAFFC.2016.2553038 



 

196 

 

Zhang, S., Zhang, S., Huang, T., Gao, W., & Tian, Q. (2018). Learning Affective Features with a 

Hybrid Deep Model for Audio-Visual Emotion Recognition. IEEE Transactions on Circuits 

and Systems for Video Technology, 28(10), 3030–3043. 

https://doi.org/10.1109/TCSVT.2017.2719043 

Zhang, Z., Singh, V., Slowe, T. E., Tulyakov, S., & Govindaraju, V. (2007). Real-time automatic 

deceit detection from involuntary facial expressions. Proceedings of the IEEE Computer 

Society Conference on Computer Vision and Pattern Recognition, 0–5. 

https://doi.org/10.1109/CVPR.2007.383383 

Zhao, S., Yao, H., Gao, Y., Ding, G., & Chua, T.-S. (2016). Predicting Personalized Image Emotion 

Perceptions in Social Networks. IEEE Transactions on Affective Computing, X(X), 1–1. 

https://doi.org/10.1109/TAFFC.2016.2628787 

Zheng, W. L., & Lu, B. L. (2015). Investigating Critical Frequency Bands and Channels for EEG-

Based Emotion Recognition with Deep Neural Networks. IEEE Transactions on Autonomous 

Mental Development, 7(3), 162–175. https://doi.org/10.1109/TAMD.2015.2431497 

Zheng, X., Yu, X., Yin, Y., Li, T., & Yan, X. (2021). Three-dimensional feature maps and 

convolutional neural network-based emotion recognition. International Journal of Intelligent 

Systems, 36(11), 6312–6336. https://doi.org/https://doi.org/10.1002/int.22551 

Zhong, B., Qin, Z., Yang, S., Chen, J., Mudrick, N., Taub, M., Azevedo, R., & Lobaton, E. (2017). 

Emotion recognition with facial expressions and physiological signals. 2017 IEEE 

Symposium Series on Computational Intelligence (SSCI), 1–8. 

https://doi.org/10.1109/SSCI.2017.8285365 



 

197 

 

Zhu, Y., Shang, Y., Shao, Z., & Guo, G. (2017). Automated Depression Diagnosis based on Deep 

Networks to Encode Facial Appearance and Dynamics. IEEE Transactions on Affective 

Computing, X(X), 1–1. https://doi.org/10.1109/TAFFC.2017.2650899 

  


