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ABSTRACT 
 

The peripheral psychophysiological signals (EMG, 

ECG and GSR) of 13 participants were recorded in 

the well planned Cognition and Robotics lab at 

BTH University and 9 participants data were taken 

for further processing. Thirty(30) pictures of IAPS 

were shown to each participant individually as 

stimuli, and each picture was displayed for five-

second intervals. Signal preprocessing, feature 

extraction and selection, models, datasets formation 

and data analysis and interpretation were done. The 

correlation between a combination of EMG, ECG 

and GSR signal and emotional states were 

investigated. 2- Dimensional valence-arousal model 

was used to represent emotional states. Finally, 

accuracy comparisons among selected machine 

learning classification algorithms have performed. 

 
Context: Psychophysiological measurement is one of the recent and popular ways to identify 

emotions when using computers or robots. It can be done using peripheral signals: Electromyography 

(EMG), Electrocardiography (ECG) and Galvanic Skin Response (GSR). The signals from these 

measurements are considered as reliable signals and can produce the required data. It is further carried 

out by preprocessing of data, feature selection and classification. Classification of EMG, ECG and 

GSR data can be conducted with appropriate machine learning algorithms for better accuracy results.  

 

Objectives: In this study, we investigate and analyzed with psychophysiological (EMG, ECG and 

GSR) data to find best classifier algorithm. Our main objective is to classify those data with 

appropriate machine learning techniques. Classifications of psychophysiological data are useful in 

emotion recognition. Therefore, our ultimate goal is to provide validated classified psychological 

measures for the automated adoption of human robot performance. 

 

Methods: We conducted a literature review in order to answer RQ1. The sources used are Inspec/ 

Compendex, IEEE, ACM Digital Library, Google Scholar and Springer Link. This helps us to identify 

suitable features required for the classification after reading the articles and papers that are peer 

reviewed as well as lie relevant to the area. Similarly, this helps us to select appropriate machine 

learning algorithms. 

 

We conducted an experiment in order to answer RQ2 and RQ3. A pilot experiment, then after main 

experiment was conducted in the Cognition and Robotics lab at the university. An experiment was 

conducted to take measures from EMG, ECG and GSR signal.  

 

Results: We obtained different accuracy results using different sets of datasets. The classification 

accuracy result was best given by the Support Vector Machine algorithm, which gives up to 59% 

classified emotional states correctly. 

 

Conclusions: The psychophysiological signals are very inconsistent with individual participant for 

specific emotion. Hence, the result we got from the experiment was higher with a single participant 

than all participants were together. Although, having large number of instances are good to train the 

classifier well.  

 

 

 

Keywords: Psychophysiological Measures, Machine 

Learning Algorithms, Emotions, Classification 



  iii 

CONTENTS 
 

EMPIRICAL EVALUATION OF MACHINE LEARNING ALGORITHMS BASED ON EMG, 

ECG AND GSR DATA TO CLASSIFY EMOTIONAL STATES ....................................................I 

ACKNOWLEDGMENT .......................................................................................................................I 

ABSTRACT ......................................................................................................................................... II 

CONTENTS ....................................................................................................................................... III 

LIST OF FIGURES .............................................................................................................................. 1 

LIST OF TABLES ................................................................................................................................ 2 

LIST OF GRAPHS ............................................................................................................................... 3 

LIST OF ACRONYMS ........................................................................................................................ 4 

INTRODUCTION ................................................................................................................................ 5 

1.1 INTRODUCTION TO THE FIELD ................................................................................................ 5 
1.1.1 Psychophysiology ............................................................................................................. 6 
1.1.2 Psychophysiology and Emotions ....................................................................................... 7 

1.2 BIOSENSORS MEASUREMENT ................................................................................................. 7 
1.2.1 Electromyography (EMG) ................................................................................................ 7 
1.2.2 Electrocardiography (ECG) ............................................................................................. 9 
1.2.3 Galvanic Skin Response (GSR) ....................................................................................... 10 

1.3 MACHINE LEARNING TECHNIQUES ...................................................................................... 11 
1.3.1 Algorithms Selection Criteria ......................................................................................... 11 
1.3.2 C4.5 (J4.8 Decision Tree Learner) ................................................................................. 13 
1.3.3 K-Nearest Neighbor (KNN) ............................................................................................ 13 
1.3.4 Support Vector Machine (SVM) ...................................................................................... 14 
1.3.5 Multilayer Perceptron (MLP) ......................................................................................... 15 
1.3.6 Naïve Bayes .................................................................................................................... 16 
1.3.7 Bayesian Network (BNT) ................................................................................................ 16 

1.4 CLASSIFICATION OF EMOTION ............................................................................................. 17 
1.4.1 Emotion ........................................................................................................................... 18 
1.4.2 Emotion Elicitation and Recognition .............................................................................. 18 
1.4.3 Emotion Stimulus ............................................................................................................ 18 

1.5 SUMMARY OF ALL CHAPTERS ............................................................................................... 19 

2 BACKGROUND AND PROBLEM.......................................................................................... 20 

2.1 BACKGROUND...................................................................................................................... 20 
2.2 PROBLEM FOCUSED .............................................................................................................. 21 
2.3 AIMS, OBJECTIVES AND SCOPE ............................................................................................ 22 
2.4 RESEARCH QUESTIONS ........................................................................................................ 22 
2.5 EXPECTED OUTCOMES ......................................................................................................... 22 

3 RESEARCH METHODOLOGY ............................................................................................. 24 

3.1 RESEARCH ........................................................................................................................... 24 
3.2 LITERATURE REVIEW ........................................................................................................... 25 
3.3 CONSTRUCTIVE RESEARCH .................................................................................................. 25 
3.4 QUANTITATIVE RESEARCH .................................................................................................. 26 
3.5 METHODOLOGY USED TO RESOLVE RESEARCH QUESTIONS ................................................. 26 

4 THEORETICAL WORK .......................................................................................................... 28 

file:///C:/Users/amare/Desktop/thesis%20fixing%20comments/Thesis_Final_ReportEMG%20fixing%20comments%20June%209%20reference.doc%23_Toc358561230
file:///C:/Users/amare/Desktop/thesis%20fixing%20comments/Thesis_Final_ReportEMG%20fixing%20comments%20June%209%20reference.doc%23_Toc358561230


  iv 

4.1 BIOSEMI DEVICES ................................................................................................................ 28 
4.2 EDF BROWSER .................................................................................................................... 31 
4.3 ACTIVIEW SOFTWARE ......................................................................................................... 33 
4.4 MATLAB ............................................................................................................................ 33 
4.5 WEKA ................................................................................................................................. 34 
4.6 IAPS .................................................................................................................................... 36 
4.7 SAM ASSESSEMENT ............................................................................................................ 36 

5 EMPIRICAL EVALUATION .................................................................................................. 37 

5.1 PILOT EXPERIMENT .............................................................................................................. 37 
5.1.1 Introduction .................................................................................................................... 37 
5.1.2 Objectives ....................................................................................................................... 37 
5.1.3 Experimental Setup and Methodology ............................................................................ 38 
5.1.4 Problem faced ................................................................................................................. 39 
5.1.5 Results and Conclusion ................................................................................................... 39 

5.2 EXPERIMENTAL PLANNING .................................................................................................. 40 
5.3 EXPERIMENT DETAILS ......................................................................................................... 40 
5.4 RISKS ................................................................................................................................... 41 
5.5 VALIDITY THREATS ............................................................................................................. 41 

5.5.1 Internal Validity .............................................................................................................. 42 
5.5.2 External Validity ............................................................................................................. 42 
5.5.3 Construct Validity ........................................................................................................... 43 
5.5.4 Conclusion Validity......................................................................................................... 43 

6 DATA ANALYSIS AND INTERPRETATION ...................................................................... 44 

6.1 DATA COLLECTION .............................................................................................................. 44 
6.2 PREPROCESSING OF PHYSIOLOGICAL SIGNALS ...................................................................... 44 
6.3 FEATURE EXTRACTION AND SELECTION .............................................................................. 46 
6.4 FORMATTING OF DATA ........................................................................................................ 48 
6.5 CLASSIFICATION OF DATA ................................................................................................... 50 

7 RESULTS AND DISCUSSION ................................................................................................ 51 

7.1 RESEARCH QUESTION 1 ....................................................................................................... 51 
7.2 RESEARCH QUESTION 2 ....................................................................................................... 52 
7.3 RESEARCH QUESTION 3 ....................................................................................................... 60 

8 LIMITATION AND FUTURE WORK ................................................................................... 61 

9 CONCLUSION .......................................................................................................................... 62 

9.1 ANSWERS TO RESEARCH QUESTIONS ................................................................................... 62 
9.1.1 Research Question 1 ....................................................................................................... 62 
9.1.2 Research Question 2 ....................................................................................................... 63 
9.1.3 Research Question 3 ....................................................................................................... 63 

10 REFERENCES ........................................................................................................................... 64 

11 APPENDIX ................................................................................................................................. 68 

A: SELF-ASSESSMENT MANIKIN (SAM) SCALE ................................................................................ 68 
B: SELF-ASSESSMENT MANIKIN (SAM) FORM ................................................................................. 68 
C: MORE EXPEREMENTAL RESULT USING MODEL A ......................................................................... 70 

 

 

 

 

 



  1 

LIST OF FIGURES 
 

Figure 1- EMG Measurement from zygomatic major and corrugator supercilli ...................... 8 
Figure 2 - A typical EMG signal .............................................................................................. 9 
Figure 3 - A typical ECG Heart Rate  ..................................................................................... 10 
Figure 4 - Position of electrode placements to measure GSR ................................................ 10 
Figure 5 - Typical GSR signal  ............................................................................................... 11 
Figure 6 - A maximum margin hyperplane  ........................................................................... 14 
Figure 7 - Basic perceptron model for classification with one hidden layer .......................... 15 
Figure 8 - Multilayer perceptron with a hidden layer  ............................................................ 16 
Figure 9 - Dimensional model (Valence - Arousal), Circumplex Model by Russell ............. 17 
Figure 10 - Research Methodology Overview ........................................................................ 24 
Figure 11 - Biosemi AD box with battery .............................................................................. 29 
Figure 12 - Flat electrode  ....................................................................................................... 30 
Figure 13 - USB2 Receiver front and back ............................................................................ 30 
Figure 14 - Signal on EDF Browser  ...................................................................................... 32 
Figure 15 - Signal Manipulation with EDF Browser  ............................................................. 32 
Figure 16 - ActiView acquisition software ............................................................................. 33 
Figure 17 - Waikato Environment Knowledge Analysis tool ................................................. 35 
Figure 18 - Raw signal reduced to 3 seconds ......................................................................... 45 
Figure 19 - Reduced 3 seconds signal after using low pass filters ......................................... 46 
Figure 20 - SAM Scale Rating................................................................................................ 68 
Figure 21 - SAM form for participant number 7 .................................................................... 69 
 

 

 



  2 

LIST OF TABLES 
 

Table 1- Top 10 Algorithms selected by researchers ............................................................. 12 
Table 2- Dataset and selected algorithms with the evaluation method ................................... 53 
Table 3- Classification accuracy for selected machine learning algorithms for Dataset A .... 53 
Table 4- Classification accuracy for selected machine learning algorithms for Dataset B .... 54 

Table 5- Summary of Comparison of Model A and Model B.……………………………...56 

Table 6- Datasets with three subject’s data together .............................................................. 57 
Table 7- Classification accuracy for Dataset 1A, Dataset 2A, and Dataset 3A ...................... 57 
Table 8- Classification accuracy of each subject dataset for selected learning algorithms .... 58 
Table 9- Average classification accuracy for each selected algorithms ................................. 59 
 

 



  3 

LIST OF GRAPHS 
 

Graph 1- Graph from the result of table 3 .............................................................................. 54 
Graph 2- Graph from the result of table 4 .............................................................................. 55 
Graph 3- Comparison of classification accuracy based on Dataset A and Dataset B ............. 56 
Graph 4- Classification accuracy for Dataset 1A, Dataset 2A, and Dataset 3A for selected 

algorithms ....................................................................................................................... 57 
Graph 5- Classification accuracy of each subject dataset for selected learning algorithms ... 59 
Graph 6- Average classification accuracy for each selected algorithms ................................ 60 
 

 



  4 

LIST OF ACRONYMS 
 

 

AC Affective Computing  

ANN Artificial Neural Network 

ANS Autonomous Nervous System 

AI  Artificial Intelligence     

ARFF Attribute Relation File Format  

BDF Biosemi Data Format 

BNT Bayesian Network 

BTH Blekinge Tekniska Högskola 

CLI Command Line Interface 

CSV Comma Separated Value 

ECG Electrocardiography  

EDF European Data Format 

EEG Electroencephalography  

EMG Electromyography  

GSR Galvanic Skin Response  

GSIL Game Systems and Interaction Research Laboratory 

HR Heart Rate 

HRI Human Robot Interaction  

HCI Human Computer Interaction  

IAPS International Affective Picture System 

ICDM International Conference in Data Mining  

KNN K-Nearest Neighbor 

ML Machine Learning      

MLP Multilayer Perceptron     

PsyIntEC   Psychophysiological Interaction and Empathic Cognition for Human-Robot   

Cooperative Work 

PNS Peripheral Nervous System  

SVM Support Vector Machine 

SAM Self-Assessment Manikin 

WEKA  Waikato Environment for Knowledge Analysis 

 

 

 



  5 

INTRODUCTION 
 

In this chapter, we introduce emotion recognition from psychophysiological signals; 

biosensors used; machine learning techniques. In the end, we present the summary of all 

chapters. 

1.1 Introduction to the field 
 

Emotion is regarded as one of the profound factors which influence everyday life activities 

that can help us to judge, guide us on our choices, alert us to avoid danger etc. [1]. Most of 

the time emotion is acquired unwittingly in human beings depending upon the situation and 

circumstances. Recognition of emotions is therefore necessary to know more about human 

behavior. Thereby, emotion recognition has become popular in the field of human computer 

interface community, which can play an important role in the improvement of interaction 

between human and computers. The interaction between human and computers can be made 

similar just like human interact with each other, if the emotion recognition and elicitation is 

done in an effective way [1]. Human Computer Interaction (HCI) and Human Robotic 

Interaction (HRI) are the major area where emotional intelligence can be implemented. 

 

Emotion recognition by computers/robots can be done in various ways, such as affective 

computing techniques, psychophysiological measurement etc. Affective computing is 

applicable in the recognition and synthesis of facial expression, voice inflection, gestures, 

and postures, which was used primarily in [2][3]. However, this way is not reliable as an 

individual can hide their emotions/affective state. In order to overcome this problem the use 

of psychophysiological measurement was introduced[4][5]. Due to advancement in 

psychophysiology (see chapter 1.1.1 for a more detailed description), it is now possible to 

detect human like emotions in robots successfully. Moreover, in psychophysiology which 

interprets that there is a strong relation between emotions and physiology [4]. Hence, it is 

now being actively used techniques to acquire such an emotional states using different 

biosensors i.e. Electromyography (EMG), Electrocardiography (ECG) and Galvanic Skin 

Response (GSR). 

 

EMG, ECG and GSR are among the most common ways of recording human signals for 

detecting required emotional state. The signals obtained using these measurements are 

authentic, thus not alterable and cannot be concealed while measuring them as they are 

generated due to activation of sympathetic nerves of Autonomous Nervous System (ANS) 

[6]. Signals from EMG, ECG and GSR are processed using different signal processing 
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techniques and methods to convert it into feasible data (commonly stated as 

psychophysiological data here later). Psychophysiological data are obtained by recording 

signals from human participants under close observation within university laboratory. 

International Affective Picture System (IAPS) is used as a stimulus for emotion elicitation 

which is followed by a noise reduction tool, filtering, data processing, feature extraction and 

finally classification[4]. IAPS is the collection of standard pictures used as emotion stimuli 

for emotional recognition[7] . Classification is generally the identification of categories (e.g. 

emotional states) in which the data belongs to. 

 

Machine learning techniques is used to determine patterns in psychophysiological activities 

that equate to the expression of emotions by identifying emotional/affective states [9]. 

Hence, this technique is used to classify the psychophysiological data for reliable 

classification [10]. Classification of data is performed with machine learning algorithms. 

Different algorithms we used are support vector machine (SVN), Artificial Neural Network 

(ANN), K-Nearest Neighbor (KNN) etc. within the data mining tool Waikato Environment 

for knowledge analysis (WEKA). 

 

“Psychophysiological Interaction and Empathic Cognition for Human-Robot (PsyIntEC) is a 

feasibility demonstration project targeting advances that address safe ergonomic and 

empathetic adaptation by a robotic system to the needs and characteristics of a human co-

worker during collaborative work in a joint human-robot work cell” [11]. The input data for 

this project will be the classified psychophysiological data that we produced. 

 

1.1.1 Psychophysiology 
 

Psychophysiology is the branch of psychology which is concerned mainly with the 

physiological response to mental processes [12][13]. Psychophysiology has been defined as 

the interaction of mind and body [12]  and is the study of different physiological 

manifestations (e.g. facial expression, heart beat etc.) of emotional states. Physiological 

psychology (i.e. psychophysiology) studies how physiological variables such as brain 

stimulation (independent variables) that can affect other (dependent) variables. The 

independent variable can be considered as a stimulus (e.g., an image of bleeding man) and 

the dependent variable can be physiological measures (e.g., heart rate, skin conductance) 

[13][9]. The most common measures of psychophysiology used in HRI are ECG, EMG, 

GSR and Electroencephalography (EEG) [6]. 
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1.1.2 Psychophysiology and Emotions 
 

Emotions are generated implicitly when any stimulus elicited some feeling, which strikes on 

the brain (psychology) and makes alterations on physical response. The interpretation of 

psychophysiological signals along with emotion has strong correlation. Moreover, in 

psychophysiology, it has been concurred that emotions and physiology (skin conductance, 

muscle contraction and relaxation, heartbeat, blood pressure etc.) are closely related and 

influencing with each other[4]. Emotion recognition from psychophysiological measurement 

and classification of these emotions can be used as input for robotic behavior. The use of 

psychophysiological data on humans interacting with robots is a more recently emerging 

method as[6], however there is only limited research conducted on the use of 

psychophysiological measures and task performance metrics in HRI studies [11]. It is sure 

that the expression of emotion for every person varies from each other. There might be 

chances of achieving low accuracy results while recognizing individual’s emotional state 

from the available data [15]. There are proven correlations, but they are not universal among 

all individuals. Differences in individual response for the same stimuli are a challenge in the 

area of classfication of emotion [15]. 

 

1.2 Biosensors Measurement  
(Psychophysiological indices for emotions recognition) 

 

There are various ways of psychophysiological measurement like EMG, GSR, ECG, EEG 

etc. We undertook three biosensors of the measurement systems in our project excluding 

EEG. The measurement of the signals from EMG, ECG, and GSR are also known as 

peripheral signals since they are generated from peripheral nervous system (PNS). The 

peripheral psychophysiological signals can be measured from these three biosensors mention 

below.  

 

1.2.1 Electromyography (EMG)  
 

Electromyography measures voltage levels on the surface of the skin, which means it is 

measured from the activity of the muscle by detecting surface voltages that usually occur 

when a muscle is contracted or relaxed [16][5]. In psychophysiology, the correlation 

between cognitive emotion and physiological reactions can be found using EMG. To 

measure EMG the flat type active two electrodes are placed on the surface of the face to 

measure the activities of for example zygomatic major and corrugator supercilli [16] where 

zygomatic major is the muscle of upper part of eyebrow in the forehead and corrugator 
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supercilli is the muscle of the cheek near the mouth as shown in the figure 1. EMG activity is 

measured over the eyebrow region because anxiety, tension or any mental efforts are mostly 

accompanied by the increased EMG activity particularly over these particular areas [17]. 

Activities obtained from these parts have a high correlation with emotion/affective state of 

the individual. Corrugator supercilli is a good indicator of negative emotions and zygomatic 

major on positive emotions. 

 

 
 

Figure 1- EMG Measurement from zygomatic major and corrugator supercilli 

 

In the next figure 2, we have presented  the typical signals of EMG measurement  
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Figure 2 - A typical EMG signal [17] 

 

1.2.2 Electrocardiography (ECG) 
 

ECG signals occur during the activities of the heart when it contract and relax. It can be 

measured using heart rate variability with detecting voltages from skin. Heart rate is 

normally accelerated high after doing exercise, or response to emotional states, loud noise, 

sexual arousal etc. [5]. According to [5], when an individual is in the state of relaxation or 

expressing pleasant stimuli the heart rate is generally lower.  

 

ECG signals can be obtained by placing two electrodes on the chest, one in the center of the 

chest and another in left side of the chest. These signals are generated in the form of QRS 

wave. A typical ECG Heart Rate (HR) diagram is shown below in figure 3. HR is measured 

using the average time between two of the highly positive waves. The other two negative 

parts of the three-wave ECG form is irrelevant for HR measures. 
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Figure 3 - A typical ECG Heart Rate [17] 

 

1.2.3 Galvanic Skin Response (GSR) 
 

GSR has been noticed as one of the most robust and non-invasive physiological 

measurement [17]. GSR measures skin conductance as an indication of emotional arousal, 

attention, alertness and effort. GSR provides a measure of the resistance of the skin (electro 

dermal activity) by positioning two electrodes on the top of two fingers (Index and middle) 

as shown in the figure 4.  There is a chance of a decrease in resistance due to increase of 

sudation (the process of secreting a salty fluid) when an individual is inducing emotions such 

as stress and surprise. Moreover, Lang [18] discovered that the mean value of the GSR is 

related to the level of arousal.  

 
Figure 4 - Position of electrode placements to measure GSR 
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Figure 5 represents the signal measured from GSR measurement.  

 

 
Figure 5 - Typical GSR signal [17] 

 

1.3 Machine Learning Techniques  
 

Machine learning (ML) is the branch of Artificial Intelligence (AI), which is mainly used to 

program a machine to learn based on previous input data. ML mainly concerns with the 

design and development of algorithms and which can be implemented with input empirical 

data and yield required patterns or output. There are a number of machine learning 

techniques such as: supervised learning focused in classification and regression, 

unsupervised learning for clustering and reinforcement learning. Each algorithm in the 

category has its own objectives, goals, weaknesses and strengths [19]. ML is generally 

suitable if the data is enormous for example biological data like genomes, 

psychophysiological data, weather data, traffic data, security data etc. 

 

1.3.1 Algorithms Selection Criteria 
 

Several algorithms have been developed for data mining and ML. In ML, the selection of 

algorithm (classifier) is a crucial for a particular dataset. We selected algorithms based on the 

research work of previous researchers (i.e. they called them top 10 data mining techniques) 

and from literature review what others researchers used for psychophysiological data. 

According to [20], researchers selected at the IEEE International conference in data mining 
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(ICDM) identified 10 algorithms in December 2006. To select the algorithms they followed 

sequences of steps, at first researchers asked to nominate the algorithms based on algorithm 

name, brief justification and representative publication reference. In the next step, they 

remove some algorithms that do not have at least 50 citations in Google Scholar. In the last 

step researchers filtered the algorithms that did not fulfilled the above criteria [20]. The 

selected algorithms are: C4.5, k-Means, SVM, Apriori, EM, PageRank, AdaBoost, KNN, 

Naive Bayes, and CART [20]. Table 1 illustrates the algorithms based on their ranking and 

category. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[20]  

 

In the Description/Category section of table 1, we can see that the algorithms are used for 

different type of problems. 

 

Since our project is about the classification of emotions from psychophysiological data, we 

have given some detailed description of the classification and statistical learning algorithms 

below. 

 

Moreover, there are differences in the selection of features to classify psychophysiological 

data, the second criteria how we selected the algorithms are based on papers in this area i.e. 

for emotion classification. In [4] KNN, RT, Bayesian Network (BNT) and SVM have been 

used. In [21] ZeroR (baseline), Naïve Bayes, KNN and SVM have been used. In [10] ZeroR, 

OneR, FT, Naive Bayes, Bayes Net, MLP, LLR, SVM, algorithms has been selected for 

emotion classification. 

 

Rank 

 

Name of algorithms Description/Category 

1 C4.5 Classification  

2 k-means Clustering 

3 SVM Statistical learning, classification, 

regression 

4 Apriori Derive association rules by finding 

frequent item sets 

5 EM (Expectation–

Maximization) 

Statistical learning, clustering 

6 PageRank Link mining, based on search ranking 

using hyperlinks on the web 

7 Adaboost Ensemble learning 

8 kNN Classification, regression 

9 Naïve Bayes Classification  

10 CART Classification  

Table 1- Top 10 Algorithms selected by researchers 
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From the above two selection criteria, we come up with these algorithms for 

psychophysiological data. 

 

 C4.5 (J4.8 Decision Tree Learner) 

 KNN (K- Nearest Neighbor Algorithm) 

 SVM (Support Vector Machine) 

 MLP (Multi-layered perceptron) 

 Naive Bayes 

 BNT (Bayesian Network) 

 

Detailed descriptions of those selected algorithms are explained in the following subsections.  

 

1.3.2 C4.5 (J4.8 Decision Tree Learner) 
 

C4.5 is one of the most widely used decision tree algorithms. It was developed by J. Ross 

Quinlan as an extension of ID3 algorithm [22]. It is implemented as J4.8 decision tree learner 

in Weka, a data mining tool. J4.8 decision tree learns real-valued and discrete -valued target 

functions. It has basic improvement of handling missing value, numeric type attribute and 

pruning techniques than ID3 [19]. It is also known as the simplest and best classification 

algorithms in ML and data mining techniques. 

 

Decision tree classification works by known attributes and classes for every instance, 

specifically targeting a goal to predict class, for unknown samples. While building decision 

tree some attributes may be removed from the input attributes selected depending on the 

dataset sample. 

 

1.3.3 K-Nearest Neighbor (KNN) 
 

K–Nearest Neighbor is a lazy or instance–based learning algorithm, used for classification 

and regression problems [19]. The algorithm is referred to as lazy because the learning is 

performed during classification without processing stored training data first. This algorithm 

works in two phases: training phase and classification phase. 

 

During training, all the training data is stored in a list structure in memory, then when the 

classification is performed, it computes the Euclidian distance between the new instances i.e. 

test instances or unknown instances from outside, and all stored training instances. After the 

distance computation is performed it will rank the stored instances with respect to shortest 
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distance, finally select the K nearest neighbor from the top of the ranked list for 

classification problem, take the majority class from K closest and for the regression problem 

pick the mean value [23]. KNN is best for a numeric attribute data with small datasets[24]. 

 

1.3.4 Support Vector Machine (SVM) 
 

SVM is a supervised learning algorithm based on statistical learning, used for classification 

and regression, usually good in handling inconsistent noisy data. According to [25], SVM 

algorithm learned by input instances from the training set and identifies or predicts the two 

possible classes for every given input instance. An imaginary line that separates the two 

classes is called maximum margin hyperplane (as shown in Fig 6 below). The instances 

having the minimum distance to the maximum margin hyperplane is called support vectors, 

which can be at least one for every class or it can be a set of support vectors. A set of support 

vector instances forms the maximum margin hyperplane and the other instances from the 

training set can be removed i.e. irrelevant [24].  

 

Figure 6 - A maximum margin hyperplane [24] 

 

In SVM nonlinear classes, usually multiple classes that cannot be separated linearly, can be 

handled by transforming instances space from nonlinear model space to linear models space 

[24]. 
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1.3.5 Multilayer Perceptron (MLP) 
 

Multilayer Perceptron (MLP), which is a Weka’s implementation of Artificial Neural 

Networks (ANN), is one of machine learning algorithms used for regression and classification 

problems. It supports real-valued, discrete-valued, and vector-valued functions [23]. In MLP, 

by setting the hidden layer with certain value, the neural network builds a network. All the 

nodes found in an ANN are sigmoid and could be used as for classification[24]. 

 

Neural network classifier builds a network for an input for each input attributes, plus a 

constant K bias, where K is vary depending on the problem, and an output node for each 

class, so that it will calculate the basic perceptron model, the aim of calculating several 

perceptron model is to separate one class from the other linearly [24].  

 

In a given neural network structure, the algorithm that modifies the weights and trains the 

network is called back propagation [24]. 

 

Figure 1 - Basic perceptron model for classification with one hidden layer 

 

In the above figure 7, X0 is the constant bias, X1 and X2 input attributes, the goal is to find 

the weights, y and R value. Applying the sigmoid function f(x), into y to get R, then we can 

classify the classes. 
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Figure 7 - Multilayer perceptron with a hidden layer [24] 

 

1.3.6 Naïve Bayes 
 

Naive Bayes algorithm is another simple algorithm in machine learning that can provide 

good result in classification problem. A Naive Bayes algorithm performs the classification 

based on calculating the probability from the likelihood of events from every instance in the 

dataset based on previous decisions. The likelihood is simply the product of all the 

associated ratios in the instances[19]   

 

1.3.7 Bayesian Network (BNT) 
 

BNT can be defined in a more general way as probability distributions over a graph for N 

variables in concise and comprehensive manner [24]. Each attribute represented by a single 

node, which connected to network of nodes in a probabilistic relationship between nodes 

without forming cycle with directed edge [24], if they have relationship one node inference 

the other one and vice versa in Bayesian network. In the joint probability distribution, the 

probability table increases exponentially with the number of variables. The key advantage of 

this algorithm is that it can be used for all kinds of problems in data mining and machine 

learning . Several researchers have already used Bayesian techniques for learning blueprints 

of affective states through audio, visual and physiological cues [26]. BNT is a statistical 

learning algorithm that overcomes the drawbacks of decision trees, where splitting of the 



  17 

training set into smaller and smaller pieces leads to a decrease in reliability of probability 

estimates [24].  

 

1.4 Classification of Emotion 
 

There are lots of studies conducted on theory of emotion by psychologists and 

neuroscientists and they found various models of emotion [12]. However, the two most 

common models of emotions mainly applied in emotion recognition are proposed by Ekman 

[27] and two dimensional valence arousal model by Lang [18]. The first approach is well 

known as basic Ekman’s theory (Ekman’s basic emotions model) [27]. Most of the 

researchers performed their experiment based upon this model. The model [27] assumes the 

existence of specified particular set of emotions that quite easy  to differentiate between each 

other. Anger, disgust, fear, happiness, sadness, and surprise are those 6 basic emotions 

chosen by Ekman [27]. In this approach a subject can pick one emotion out of six universal 

one to represent what he or she felt by looking at the picture [28]. 

 

Another model used to structure emotions is using dimensional model. Dimensional model 

has three dimensions (valence, arousal, dominance). It implies unique rating method in 

accordance with the degree of valence and arousal [18]. Dominance is left out here because it 

tends to correlate very well with arousal and is rarely used. Valence (the horizontal 

dimension) represents the pleasantness ranging from negative to positive (or from sad, agony 

to happy, ecstasy state) while arousal (the vertical dimension) ranges from very calm state to 

very excited state (or sleepy, drowsiness to alert, frenetic excitement). However, which 

approaches are best to use in emotion measurement studies has not been done yet [29]. 
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Pleasant 

 

Happy 

 

Arousal 
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Figure 8 - Dimensional model (Valence - Arousal), 

Circumplex Model by Russell [33]  
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We used dimensional model with two dimensions (Valence and arousal) in our research 

work without dominance dimension. Dominance is left due to its high correlation with 

arousal.  

 

1.4.1 Emotion 
 

Emotion can be described as the term subjective or experience of a conscious state that is 

primarily characterized by biological reactions, mental states and psychophysiological 

expressions. Emotions include subjective feeling, expressive behavior, and physiological 

arousal, while some models also include motivational state or action tendency and/or 

cognitive processing [11]. Emotions are entirely different from thoughts, which can be 

generated without any external sign or gesture. Emotion is happening automatically inside 

the person what he/she feels about the object, which always leads to a physical response like 

increased heart rate, or sweating.  

 

1.4.2 Emotion Elicitation and Recognition 
 

There are generally two methods of emotion elicitation. In the first method, individual 

participants can be asked to express how they were feeling. Here facial expressions were 

highly used for emotion recognition.  

 

In the second method, stimuli were used as emotion elicitation. The stimulus could be 

pictures, sounds, movie clips, music videos and video games. Displaying images is one of 

the most practiced stimuli to elicit the target emotional/affective state, besides movie clips 

and music. 

 

1.4.3 Emotion Stimulus 
 

Emotion in human beings can be stimulated from different ways like voice, video, music, 

pictures etc. For instance, emotion can be induced by playing videos for a certain duration 

and can be recorded his emotion via biosensors placed on his body. We used International 

Affective Picture System (IAPS) [7] images as stimuli in our project.  

 

Since, emotion recognition is regarded as one of the primary processes in HCI/HRI research 

to implement emotional intelligence. Hence, our concern is how to proceed to obtain 

required emotion or affective state as far as natural.  
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1.5 Summary of all chapters 
 

The overall structure of the thesis is organized here with different chapters and their 

contents. The paper is organized as follows: 

 

Chapter 2 describes the existing methods that are used for classifying affective/emotional 

states based on physiology and their respective accuracies. Problem definition, aims and 

objectives, expected outcome and research questions are also discussed in this chapter. 

  

 A brief description of the research methodologies implied during the research is explained 

in detail in chapter 3 including what is research and how we conducted literature review. 

 

The theoretical work during the project period, all the tools and software used were 

presented in Chapter 4. 

 

Chapter 5 includes all the empirical evaluation during the project work. Here we included 

our pilot experiment a pathway to conduct main experiment. A main experiment conducted 

is also presented here. 

 

In chapter 6, we describe the entire procedure of data analysis and interpretation of data. 

 

This is followed by the results, analysis and discussion related to research questions in 

Chapter 7.  

 

Finally, chapter 8 summarizes the limitations and the work can be expanded in the future as 

further expanded work. 

 

To sum up, chapter 9 includes the conclusion of the research. 
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2 BACKGROUND AND PROBLEM 
 

In this chapter, we have explained in detail about the background of emotion elicitation, 

recognition and classification. Problem definition, Aims and Objectives are explained which 

is followed by research questions. In the end, expected outcomes of the study are also 

discussed. 

2.1 Background 
 

“The ability of robots to understand, discern and perceive human emotions and be capable to 

react appropriately and adaptively is one of the main focus areas of research in HRI”[12]. 

The use of psychophysiological data on humans interacting with robots is a more recently 

emerging method[6]. Psychophysiology is the study of different physiological manifestations 

(e.g. facial expression, heartbeat etc.) of emotional states and it is concerned with 

measurement of physiological responses during behaviors like sleeping, problem solving, 

and reaction to stress, learning, and information processing. Combined psychophysiological 

measures have been used to determine features or emotions [4]. Classification of data more 

precisely and accurately means that it is helpful to develop automated robot behavior with 

more effective, reasonable, sensitive, autonomous and interactive features that can 

communicate more naturally and intuitively with humans and their feelings. 

 

Scientific research in the area of emotion began in the 19th century by Charles Darwin [30] 

and William James[31] when they proposed the first theories of emotion [32][9]. Picard is 

regarded as a recent pioneer in the field of affective computing [9]. Another Sufficient 

research has been done in the field of emotion recognition. Paul Ekman [27][34], who has 

not only developed a basic emotion model but has done many ground breaking research in 

psychophysiology and emotions. Thus lots of methods have been developed for emotion 

recognition for instance, rule based system using facial expression recognition[35], and 

fuzzy logic [36] was developed. Further, research was conducted based on speech 

recognition by introducing some algorithms. For example KNN algorithm [37], linear and 

nonlinear regression analysis [26] and discriminate analysis while discriminate analysis is 

used to analyze affective psychological states [38]. Neural network was used for detecting 

facial expressions largely [39]. Moreover, emotion recognition/detection has also explored 

using various approaches like adaptive neuro-fuzzy techniques, Hidden Markov Models, 

Bayesian approaches etc. [40][41]. Despite of conducting various researches still lacks of a 

systematic comparison of the strengths and weakness of these methods [4]. 
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As on the process of ransacking the relevant literature we figure out that tremendous amount 

of potential was extensively implied in the research to determine psychological states from 

physiological data. However it must be noted that this field is still fairly novel and large 

number of problems exist which is needed to be resolved mainly while effective pertaining 

to emotion/affect recognition in terms of measures of psychological data or signals and how 

these data are evaluated using various algorithms [42]. During recent years, many 

psychophysiological measures such as Heart Rate Variability (HRV), EEG, EMG, Eye blink 

rates and other measurement systems have been used together [4]. More recent innovations 

in Affective Computing (AC) using wearable computers make it feasible to process 

physiological signals using small and lightweight biofeedback sensors that are non-invasive, 

unobtrusive, and comfortable [43]. Hence recognizing emotions/affective states from 

physiological signals is proposed as an effective method that can be used in HCI and HRI. 

Several researches implied various methods and algorithms to achieve the best classification 

accuracy as far as possible. Picard [44] achieved 81% classification accuracy while 

classifying 8 emotions using the combination of two different Sequential Floating Forward 

Search and Fisher Projection methods. SVM and Fisher Linear Discriminant Analysis has 

been found accuracy of 90% and 92 % in six emotion states using five physiological signals 

[45]. Similarly, Lisetti and Nasoz [46] got accuracy of 74% on Discriminant Function 

Analysis, 71% on KNN and 83% on Marquardt Backpropagation algorithms to differentiate 

among six emotions. Researchers tried to classify according to task difficulties as well. 

Wilson and Russell [47] used Artificial Neural Network (ANN) and observed 85%, 82% and 

86% classification accuracies for the baseline, low difficult task and highly difficult task 

respectively. Moreover, classification accuracies of 78.4%, and 61.8%, were discovered 

using Support Vector Machine (SVM) for user independent based upon emotion recognizers 

for rearrangement of emotions with three and four respectively [48]. The mean correct 

classification accuracies for all participants with all emotions with 85.81% for SVM, 83.50% 

for RT, 75.16% for KNN and 74.03% for BNT was investigated [4].  

2.2 Problem focused 
 

The classification of psychophysiological data is challenging because the emotional states of 

participants or subjects alter depending on their moods (long-term feelings), and most 

research has been performed with a small number of subjects. The research gap we found is 

that many researchers worked in the classification of emotions but there is no single way to 

classify the emotion. The accuracy is dependent on the various factors such as type of signal 
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analyses techniques, parameter/feature selection, and the algorithm selected. Due to this 

reason, we are motivated to do this thesis. 

 

2.3 Aims, Objectives and Scope 
 

The aim of this research work is to investigate the correlation between physiological signals 

and human emotional/affective states. It also aimed to investigate machine learning 

techniques to predict emotion/affective states using IAPS pictures as stimuli without losing 

the performance in different participant. The existing classification techniques are identified 

and the best algorithms are chosen based on their data handling techniques. Furthermore, the 

common features, signal processing techniques, machine learning algorithms and models 

used to represent physiological signals are identified to compare to get better accuracy in a 

two dimensional valance-arousal model of emotion representation. 

 

Our scope is limited to investigating the key features and best machine learning techniques 

for emotion classification from the combination of EMG, ECG and GSR signal data. 

Experiment will be conducted to acquire physiological data in the Cognition and Robotics 

lab at BTH, Karlskorna. The investigated features and algorithms including the data can be 

used as an input for HCI and HRI for developing emotional intelligence machine and for 

PsyIntEC [11]  Project.  

 

2.4 Research Questions 
 

RQ1: What features of psychophysiological data (ECG, EMG and GSR signals) are the most 

common to perform classification? 

 

RQ2: Which classifier algorithm is the most suitable for the classification of 

psychophysiological data (ECG, EMG and GSR signals) according to its features? 

 

RQ3: How accurately ECG, EMG and GSR data were classified with chosen features and 

selected classifier algorithms? 

 

2.5 Expected Outcomes 
 

The ultimate goal of our project is to classify psychophysiological data (using machine 

learning techniques) to the PsyIntEC project [11]. Experiment is conducted and further 
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processing is undertaken strictly and properly as much as possible to acquire correctly 

classified emotional states. As psychophysiology measures are useful evaluation tools for 

HRI [12], data produced will be of interest for robot control systems. Hence, in the context 

of the PsyIntEC project the subjective emotional correlates of physiological measures must 

be validated for the target operational and task environment, prior to the use of physiological 

measures for automated adaptation of robot performance in collaborative human robot tasks. 

Our finding of how accurately different classifiers classified emotions are useful when 

developing emotional state prediction modules for PsyIntEC. Hence, the research we 

conducted is ultimately aimed in the contribution of PsyIntEC project in the following points 

 Most common features that used for classification of emotions. 

 Identifying the most appropriate algorithm based on experiment. 

 Suitable methods and models to represent psyhophysiological data in a proper way. 

 Identifying correlation between physiological signals and human emotional/affective 

states. 
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3 RESEARCH METHODOLOGY 
 

In this chapter, we presented the overall process of research methodology. We explain what 

research is, how literature review was conducted along with research methods. In the end, 

the methodology used to solve research questions is also discussed. The diagram below is a 

pictorial representation of our research methodlogy overview. 

 

 
 

Figure 9 - Research Methodology Overview 

 

3.1 Research 
 

Research can be defined as “original investigation undertaken in order to gain knowledge 

and understanding” [49]. There are 3 different types of research i.e. quantitative, qualitative, 

and mixed approaches according Creswell [50]. These methods should be selected after 

discovering the research problem. Therefore, it is crucial to select a proper methodology 

before setting up research experiments. Quantitative research methods are associated with 

measuring things on numeric scales. According [51], these methods stem are mainly 

concerned with understanding ‘how something is constructed, built, works’. In the natural 

sciences it is usually concerned with the testing of hypotheses and ‘repeatability of the 
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experiments and the testing of hypotheses are vital to the reliability of the results [51]. 

Among the different approaches of research, we have chosen experimental type.  

 

Experiments are usually performed in development, evaluation and problem solving projects 

[49]. Generally, experiments are conducted in the laboratory under the full control. It has 

basically followed five characteristics [52]. 

 

 To confirm existing theories 

 To confirm conventional wisdom 

 To hold a relationship 

 To evaluate the accuracy of models, algorithms 

 To validate measures 

3.2 Literature Review 
 

Literature Review (LR) is the important step in any kind of research and plays a prime role 

in the overall research process. Generally LR is regarded as the first step of any research 

which helps to discover the scope, to identify problems and gaps of the particular area [53]. 

Hence, it would be easy to collect relevant papers once the objective of the research is 

identified.   

 

We had gone through many articles and research papers in order to conduct a literature 

review by using keywords in the area of our study such as emotion recognition, machine 

learning, psychophysiology, EMG, ECG, GSR, peripheral signals etc. individually or with 

combinations of these. During LR, we have used IEEE (Institute of Electrical and 

Electronics Engineer), ACM (Association for Computing Machinery), Scopus, Engineering 

village (inspec/compendex) and Google scholar and found relevant information from 

articles, journals, research reports, eBooks etc.  

3.3 Constructive Research 
 

Constructive Research (CR) is one of the most common types of research method in 

computer science [54]. It is used to generate knowledge how the problem can be solved 

according to the predefined prototype or principle [55]. Real world problems are resolved 

using this approach and it occurs generally in two phases. First phase is the construction of a 

system and in another phase the constructed system will be evaluated [52]. 
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“CR methodology indicates the building of an artifact i.e. practical, theoretical or both which 

purpose to figure out a domain specific problem in order to generate knowledge about how 

the problem can be resolved, described, understood or modeled in principle. The result 

obtained from CR gives results which can have both practical and theoretical relevance” 

[55]. 

 

We applied a methodology as construct in our research. The methodology and procedure we 

have been used lies in the category of experimental research. Therefore, a construct can be 

the theory, models, algorithms or software’s we are dealing with and the validity of the data 

we are playing with. Furthermore, it is important to note that the constructive research can 

also be observed as one form of conducting case research parallel to ethnography, grounded 

theory, theory illustration, theory testing and action research [56]. 

 

In CR, fuzzy information is collected from various information sources such as literature 

studies, different processes, work experience etc. that provide a theoretical knowledge. An 

innovative design, theoretical framework or solution extracted from the theoretical amount 

of knowledge depends on its relevance to the problem. 

 

3.4 Quantitative Research 
 

We performed an experiment in our project, which is a part of quantitative research. An 

experiment was conducted in order to collect data from three different biosensors 

measurement ECG, EMG and GSR. Experiment was conducted to evaluate and validate the 

innovative construct obtained from constructive research. 

 

3.5 Methodology used to resolve Research Questions 
 

To answer the research questions, we undertook a literature review, experiments and 

comparative data analysis. The literature review process involves key word identification 

and material location followed by a thorough analysis of the useful documents and materials 

within our literature map [53]. 

 

RQ1: What features of psychophysiological data (ECG, EMG and GSR signals) are the most 

common to perform classification? 

 

Main parts of this research questions can be addressed through literature reviews of relevant 

papers, articles, journals and eBooks to identify which features of ECG, EMG and GSR 
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signals are the most common for classification of data features in terms of affective states. 

We have conducted an extensive LR and included papers having the most common features 

of the signals only recorded from ECG, EMG and GSR biosensors. Further, we look after the 

target emotions using data of those particular biosensors to narrow down the specific 

problem. Features giving better results were selected for further processing. For instance we 

were able to identify features like mean, standard deviation, minimum and maximum 

[57][58][59] as the most common ones.  

 

RQ2: Which classifier algorithm is the most suitable for the classification of 

Psychophysiological data (ECG, EMG and GSR signals) according to its features? 

 

RQ2 requires gathering relevant data based on conducting an experiment in the Cognition 

and Robotics lab at BTH. We successfully conducted experiments in two parts, one was a 

pilot experiment and another was a large-scale experiment. The data obtained were used to 

compare the suitability of the classifiers for our problem, and in order to decide which 

approach has the best accuracy and running time. 

 

RQ3: How accurately ECG, EMG and GSR data were classified with chosen features and 

selected classifier algorithms? 

 

Hence, RQ3 can be answered based on the outcome of RQ2, in order to converge on the 

right conclusion. 
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4 THEORETICAL WORK 
 

In this chapter, we present all the hardware and software that has been used during the entire 

project. Emotion acquisition recorder tool ActiView, signal processing tools EDF browser 

and Matlab, and data mining tool Weka for classification are discussed. 

 

4.1 Biosemi Devices 
 

Biosemi Active Two system is used to measure physiological signals like ECG, EMG, GSR 

and EEG. Its prime goal is to provide scientific community with state of the art 

instrumentation for electro physiology research. It is intended only to be used for research 

applications not use for medical purposes like diagnosis or treatment of disease. Moreover, 

this device offers maximum freedom in configuration and flexibility during integration 

between hardware and software. 

 

We used Biosemi Active Two system, which is the successor of Active one system. This 

provides new standards for multi-channel, high-resolution bio potential measurement system 

for research applications. It has significantly increased number of channels, digital 

resolution, input range, and sample rate, smaller electrodes but with no increase in size and 

power consumption and costs [60]. 

 

Biosemi was introduced by electronic engineers Robert Hosbeek, Ton kuiper, physicist Coen 

Metting and Van Rijn in 1998 at medical physics department, university of Amsterdam. It 

took more than a decade to develop it after working on research in research instrumentation 

[61]. 

 

All the following components should be connected together in order to make the Biosemi 

system work properly. Biosemi system components used in our thesis project are as follows.  

 

 AD box: is used for recording /receiving signals from the active electrode and 

responsible for the conversion of analog to digital signals as shown in figure 11. 
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Figure 10 - Biosemi AD box with battery[60] 

 

 Batteries: The Biosemi system is operated by battery, which can be attached at the 

bottom of the AD box as shown in figure 11. The battery is rechargeable and the low 

battery indicator light in the AD box governs when the battery needs to be recharged 

[60]. 

 Active Electrodes: There are two types of active electrodes (Pin type and Flat type). 

These electrodes contain a chemical Ag/AgCl pallet to serve for recording. For this 

project we used a Flat type active electrode to measure all the PNS signals from 

different part of the body (detailed in section 1.2)[60].  

 Pin-Type: It is manufactured in two types, some of them are individual and some 

are in ribbon cables. It is used when we measure EEG signals from the scalp plug 

into the cap [60].  

 

 Flat Type: It is used for recording signals from flat surface of the body and does not 

require a cap. For instance, EMG for face, ECG for Heart Rate and GSR from finger 

part. It has the same chemical as pin type, but different in their shape as shown in 

figure 12 [60].  



  30 

 

Figure 11 - Flat electrode [60]  

 

 USB2 Receiver: It is used for receiving recorded data via fiber optic cable from AD 

box as shown in figure 13. This box is responsible to relay the data to the data 

acquisition computer through USB cable. In addition, using parallel cable it receives 

the stimulus code from the stimulus presentation computer. Moreover, the codes are 

added to the signal data streams and sends to the acquisition computer from the 

USB2 receiver to be recorded. The USB2 receiver is found in two versions: USB 

version can be put outside the recording computer or PCI card version, inserted into 

the computer [60]. 

 

Figure 12 - USB2 Receiver front and back [60] 
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4.2 EDF Browser 
 

European Data Format (EDF) browser is a multi-platform viewer and signal processing tool 

for EMG, ECG, GSR, EEG etc. storage files. It is completely free and open source universal 

viewer, which is not only limited to time series of storage files. It is very easy and flexible 

tool to work with signals in respect to reduction of signals size, required cut off section of  

signals and quite good on extraction of the data for further processing [62]. 

 

The description of EDF was published in "Electroencephalography and clinical 

Neurophysiology" in 1992. It supports the EDF, EDF+, BDF, and BDF+ file formats [63].  

 

Some of its features are mentioned below[62] . 

 Down sampling signals 

 EDF/BDF to ASCII converter 

 Power spectrum (FFT) 

 ECG Heart Rate detection 

 WAV to EDF converter 

 reads Biosemi trigger inputs from the BDF "Status" signal 

 Annotation editor 

 Header editor, fixes also lots of different format-errors 
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Figure 13 - Signal on EDF Browser [62] 

 

 
 

Figure 14 - Signal Manipulation with EDF Browser [62] 
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4.3 ActiView Software 
 

Actiview is the acquisition software for the Biosemi ActiveTwo system. This is an open 

source program written in labVIEW which can be edited easily according to the user’s 

requirement. It is available in 4 different screen resolutions 1280*1200, 1440*900, 

1600*1200 and 1920*1200 [64]. Figure 16 shows the signals recorded when we 

measured from body of human participants using various channels in an ActiView 

acquisition software.  

 

 

Figure 15 - ActiView acquisition software 

 

ActiView is a fully designed acquisition software program to display all the channels 

configured on the screen and automatically stored all the BDF format data to drive or disk. It 

is generally used for acquisition of ECG, EMG, EEG and other extra connected sensors to 

the Biosemi device for example temperature, ergometers, plethymmograph, GSR etc [64]. 

 

4.4 MATLAB 
 

Matlab (a language of technical computing) is a high level programming language which 

enables to analyze data, develop algorithms, models and applications creation, visualization 
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and numeric computation [65]. This language is used to integrate between computation, 

visualization, and programming in a simple and easy way where program problems and 

solutions are expressed in familiar mathematical notation. 

 

It was developed by Mathworks Inc, and branded as MathWorks by Jack Littley, Cleve 

Moler and Steve Bangert on December 7, 1984 [66].  

 

Some of the important features that Matlab have are listed below. 

1. Data Import/export 

2. Support object oriented programming 

3. Nice graph plotting techniques 

4. Support almost all formats 

5. Data analysis and mathematical operation 

6. East application development  

 

For our thesis project we used the Matlab to calculate the features from the 

psychophysiological data using a script code. Since psychophysiological data is too large to 

form a dataset, because for every IAPS picture 5 channels was recorded with sampling rate 

of 2048HZ for 3 Sec i.e. 6144 data points, which is much time consuming and occupied 

space if we used as it is. Instead we perform statistical value calculation for every channel to 

build a dataset. 

 

4.5 WEKA 
 

Weka stands for Waikato Environment for Knowledge Analysis. It is written in Java 

programming language used for solving real world data mining problems and runs on almost 

all platforms. It has been tested under Windows, Linux and MAC operating systems. 

University of Waikato in New Zealand developed this tool and distributed under the GNU 

General Public License as open source and is absolutely free. It contains 49 data 

preprocessing tools, 76 classification/ regression algorithms, 8 clustering algorithms, 3 

algorithms for finding association rules etc. [67]. The algorithms written in Java can be 

applied directly to a dataset or can be called from own java code to extend it according to the 

users requirement [68]. 

 

Weka itself is a sufficient tool for entire data mining experimental process (preparation of 

input data, statistically evaluation of learning schemes and visualization of data). Its interface 
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remains same for all learning algorithms while performing pre or post processing and 

evaluating them on any provided dataset [24].  

 

 

Figure 16 - Waikato Environment Knowledge Analysis tool 

 

Weka, a Java implemented suite for Machine Learning (ML) algorithms is quite popular 

because the user interface is simple and very intuitive. It has both a command line and a 

graphical user interface, and thus is easy to setup and use. Moreover, it is an API that can be 

utilized when developing new algorithms and best suited for various ML goals i.e. algorithm 

benchmarking and development of new algorithms.  

 

Weka Interface has four operations they are Explorer, Experimenter, Knowledge Flow and 

Command Line Interface (CLI). In order to operate Weka, it has two main graphical 

interfaces, the explorer and experimenter views.  

 

The explorer view is an easily navigated Weka exploration tool. It contains preprocessing, 

attribute selection, associate, classification, clustering and visualization. Generally explorer 

can be applied only in small or medium size problems because it loads immediately 

everything in main memory when dataset is opened with it. Similarly, different dataset 

aspects can be viewed such as missing values and attribute distribution. It is possible to see 

simple results while running the data through a classifier however this is not recommended 

for running batch runs. 

 

As another alternative mode, experimenter is used for testing and evaluating machine 

learning algorithms. It is in two modes simple and advanced. Experimenter enables to setup 

and perform large-scale experiments to compare the performance of different learning 

schemes. Users can easily customize algorithms with different attribute configurations and 
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datasets with required evaluation options like cross validation, learning curve etc. Moreover, 

the experiment results can be analyzed in the built in experiment analyzer and user can tailor 

how the results to be displayed with many different options, also allows to export them to a 

file in ARFF format. 

 

Knowledge Flow is an alternative mode to the explorer. It is used in streamed data 

processing for the design and configurations, which cannot be performed by explorer. This is 

mainly suitable in terms to see how data flows across the system. 

 

Simple CLI is a command line interface, seems not popular that much but still it is more 

direct than rest of others, the same operation can be executed accessing it directly. 

 

4.6 IAPS 
 

The International Affective Picture System (IAPS) has been developed to provide ratings for 

a large set of emotional state stimulated using colorful pictures or photographs. It has 

included contents across a wide range of semantic categories.  

 

The IAPS pictures we have selected for the experiment was categorized as positive 

valance/arousal, negative valence/arousal and neutral pictures. Due to confidentiality we are 

not allowed to put the visual pictures in this thesis report. However, we tried to mention the 

name of pictures in each category.  For each category we selected 6 pictures. The aim of the 

categorization of the pictures was to cluster different pictures for illustration of intended 

emotions. We represent various pictures for positive valance/arousal for instance violin, 

erotic couple, sky diver etc were selected in this category. In the same manner we selected a 

person in jail, homeless man, Baby Tumor etc pictures for negative valance / arousal. For 

neutral emotions we selected male face, water supply pipes, fruits in basket etc.  

 

4.7 SAM Assessement 
 

SAM is a pictorial representation or a non verbal represetion of assesement techniques that 

can used to measure and validate the affective reaction response to different stimuli. It is 

usual design to express the affective states  rating in the valance, arousal and dominace form 

that we used for the validation purpose of our work [73]. Details in the Appedex A. 
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5 EMPIRICAL EVALUATION 
 

We present our pilot experiment followed by large scale experiment in this chapter. We 

conducted experiments in the Cognition and Robotics lab at BTH. Risks and validity threats 

during the experiments and the entire project have presented. 

 

5.1 Pilot Experiment 
 

A pilot study/experiment is a feasibility study prior to conducting the large experiment and 

provides guidelines and valuable experience for large-scale experiments. This is well known 

as pre studies or a trial to fix the problem that may come during the real experiment. 

 

5.1.1 Introduction 
 

We conducted our pilot experiment in the Cognition and Robotics lab at BTH, where we 

have planned to conduct our main experiment as well. The main purpose of this pilot 

experiment was to produce high quality data as well as to become familiar with the hardware 

and software available in the laboratory environment. 

 

The experiment was performed in a laboratory environment in a controlled temperature and 

illumination. All the peripheral physiological signals were recorded using a Biosemi Active 

Two system. The placement of the electrode should be in a fixed position for every subject 

and every session to get accurate and consistent results. The goal of sensors placement is to 

achieve a location where good and stable surface signal can be obtained. 

 

We took 3 participants in our pilot experiment. They were master level male students 

studying at BTH with age ranging from 21-30. 

 

5.1.2 Objectives 
 

 To test the methodology and procedures  

 To investigate the experiment design to test the feasibility 

 To figure out possible effects and problems 

 To explore test procedure methods and what might be needed in the future real 

experiment. 

 To estimate the time and other resource requirements  
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5.1.3 Experimental Setup and Methodology 

5.1.3.1 Experimental planning 

 

 Booking equipments (Biosemi Active Two System, detailed in section 4.1) and 

laboratory room at BTH Universtiy. 

 Arranging subjects for experiment. 

 Scheduling laboratory room for experiment and backup free slots/ participants. 

 Arranging other required electrodes, wires and tapes. 

 Pre-informing subjects about their experiment time slot. 

 Designing experimental setup to conduct experiment. 

5.1.3.2 Experimental preparation 

 

 Setting up experimental guide. 

 Setting equipments for experiment. 

 Subject should be in the relaxed and comfortable mood. So he/she will be provided 

with a chair to sit and full information step by step. 

 Each experimental session required the subject to sit in front of monitor in same 

distance and biosensors were place over them in 3 different parts (details in chapter 

1). 

 The subject assured that the biosensors will not harmed physically or mentally. 

 The subjects were advised to stay as still as possible (to comprehend or simply 

observe the emotion rather than to mimic the facial expression) and not to blink or 

move, as much as possible, during the picture projection phase to reduce the 

appearance of relevant artifacts in the recordings and especially from EMG i.e. from 

facial muscles. 

5.1.3.3 Experiment operation 

 

 First of all ActiView software was started to record all the activities of signals.  

 

 An interface containing automatic projection of emotion related 30 pictures (IAPS) 

were displayed on the monitor. 

 Tobii 120 eye tracker was displayed first to attract user attention towards the monitor 

and visibility of user was checked. 

 30 Sec eyes open/closed counter balanced deployed. 

 IAPS 30 pictures (6 pictures per emotion cluster, which are neutral, positive 

arousing/calm, negative arousing/calm) were projected randomly for 5 seconds each 
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after a random black screen period between 5 to 12 seconds. The black screen phase 

was employed in order to provide some relaxation time for the subjects.  

 Right after the completion of the experiment, we asked each subject to fill in the Self 

Assessment Manikan (SAM) rating. This rating was done in order to know how the 

subject feels on that particular picture. 

 SAM is the test to verify that their subjective emotions match the emotions a picture 

is supposed to elicit. 

 The reference electrodes we used were CMS and DRL. 

 For each individual subject the same procedure repeated. 

 The laboratory environment should be free from any external interference but their 

was experimenters in order to conduct experiment. 

 

5.1.4 Problem faced 
 

During the experiment, some minor problems were observed. Nobody wants to have any 

kinds of electrodes placed on their body unless they are hospitalized or using for treatment 

purpose. These problems are as follows:  

 The participants were not comfortable to have electrodes placed on their body. 

Especially, knowing that the electrodes are going to be placed on their different part 

of the body. 

 It was time consuming placing electrodes on different part of participants body and 

due to this, some participants were bored of the process. 

5.1.5 Results and Conclusion 
 

The result of the pilot experiment was good enough. We obtained up to 50% accuracy with 

Support Vector Machine (SVM). This encourages us to go further with the exact procedure, 

methods, techniques and steps that we adopted. Therefore, the success of a pilot study should 

be stated which is based on the primary feasibility objectives as mentioned. The results not 

only provide output from the experiment but also help to determine the possibility to proceed 

for the main experiment or with some minor or major modifications. 

 

A pilot experiment can be concluded most of the time with following four measures. 

i) Stop 

ii) Continue (Major modifications) 

iii) Continue (Minor modifications) 
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iv) Continue (without any modifications) 

 

If the experiment results proved to be insufficient, it is better to stop such kind of experiment 

from further processing. In addition, we can continue in the rest of the cases with minor or 

major modifications on the methodology or techniques used.  

 

5.2 Experimental Planning 
 

As aforementioned, we also conducted our main experiment in the Cognition and Robotics 

lab at BTH. The main experiment was designed entirely based upon the pilot experiment due 

to the reason of having a good result and appropriate required data. The difference is that 

conducting experiments with large number of participants.  

 

5.3 Experiment Details 
 

The main experimental design is almost similar to a pilot experiment. Here we are more 

careful, serious, more experienced and familiar with devices. An experiment was conducted 

with 13 participants and out of them 9 participants data were taken and proceded. 4 

participants data were discarded due to not providing sufficient data, interrupted signal in the 

middle of experiment that we needed. Among selected 9 participants 8 were male and 1 

female master level university students (Blekinge Tekniska Hogskola, Sweden) age between 

21-30. 

  

The participants are instructed to come to the lab 15 minutes before the experiment begins. 

First basic information was given to each participant regarding experiment and general 

questions were asked (for example: age, sex). The same procedure was repeated for all 

participants. Subjects/participants must be in good health to take participation in the 

experiment because the subject will not be allowed to make any movement of their body 

parts and alert them to look toward screen constantly as much as possible. So each subject 

was asked whether they were good in health, mentally not in stressed or not tired at all. 

Otherwise, they were not allowed to sit in the experiment. The first instruction given was to 

be ready for the experiment by washing their hands since GSR measurement is affected by 

temperature and pressure. It is strictly forbidden to observe the experiment of one participant 

by another participant. So they must wait in another room to take part in the experiment 

seating in another room. This is to control them for not seeing IAPS picture which highly 

affects the signals recorded from them.  
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All the electrodes, Biosemi Active Two, gels and SAM assessment paper are placed in a 

proper location with standby of the ActiView software to capture the signals. 

 

Participants are allowed to sit in the chair comfortably from where he/she can observe the 

monitor easily. We arranged the chair according to participants height and level of visibility. 

 

Before starting the experiment Tobii 120 eye-tracker is used to check eye visibility. The 

placements of electrodes for 3 biosensors are described in detail in chapter 1. We started to 

place the flat electrodes in different part of the muscles for measuring EMG signal. Flat 

electrode EX1 and EX2 was used and place on the upper part of the eye called zygomatic 

major and on the cheek muscles called corrugator supercilli. Similarly, to record ECG two 

electrodes named as EX3 and EX4 were used. One electrode was placed in the left part of 

the chest and another in the center of the chest. We measured GSR from the tips of first and 

middle finger on the palm side right hand. The GSR electrodes were connected to the correct 

input in the Biosemi Active Two devices. For skin conductance distinct electrode gel was 

used because it works differently with sweat glands. The GSR cable was large about 150 cm 

long gives comfort to participant. We placed the reference electrodes CMS and DRL which 

are 2 cm apart each other on the BioSemi headcap’s where DRL is just for ground purpose 

only. Biosemi device was checked after setting up everything and of course everything was 

perfect which is indicated by blue light on Biosemi device and red light indicate to the 

power. 

 

5.4 Risks 
 

A risk can be a limited time to conduct all the experiments and it was difficult to find the 

required number of participants. To address this we were able to manage the schedule in an 

appropriate way. While some participants felt difficulties during the experimental period in 

that case we provided enough guidelines. During and after the experiment there is always the 

probability of losing the data. If it happens then the whole experiment will be meaningless 

and need to do new experiment. For the reason, we took sufficient backups in different 

storage devices and in the cloud. 

 

5.5 Validity Threats 
 

The results that we obtained from the measured data should be valid. So it is important to 

consider threats to validity in the initial phase of the experiment in order to achieve better 
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experimental data and results. Validity is generally divided into 4 major classes, internal, 

external, construct and conclusion [50]. 

 

 

5.5.1 Internal Validity 
 

According to Wohlin [50] internal validity is the validity between reliability of the results 

with the provided environment [50]. In our case provided environment can be considered as 

the laboratory (Cognition and Robotics lab), which might affect the entire experiment. The 

laboratory should be free from noise and any kind of disturbance and we conducted 

experiments with involvement of experimenters in the room. While selecting the subject, 

how they are instructed and compensated during the experiment also plays a vital role [50]. 

In the process of subject selection, we tried to pick those who have patience and have enough 

time. This threat was eliminated by selecting subject who are not in a hurry and have at least 

some interest on experiments. Instruction was provided for individuals until they felt easy 

and comfortable to take part in.  

 

Most of the participants were somehow known figures from the university and reject to take 

some compensation. 

 

5.5.2 External Validity 
 

This can be the wrong decision while choosing the experimental design. External validity 

occurs mainly with 3 facts they are 

 Selection of wrong subjects 

 Experiment conducted in the wrong environment 

 Timing (if participant is in upset mood, signals might be same for all the emotion 

elicited) 

This validity mainly concern about the results from outside of experimental setting. It can be 

a wrong decision of choosing a design. It would be clearer, if the subject chosen did not 

understand about the experiment and think something else which highly affects sensitive 

sensors (ECG, EMG and GSR signals). The entire experiment in the wrong environment and 

the timing for instance, if the subject is in sad mood may be the signal recorded will be same 

for every emotion. 
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5.5.3 Construct Validity 
 

Constructs validity refers to the extent of threats while constructing experimental setting 

[50]. The use of a pilot study before the main study helps to reduce probable negative 

impacts on construct validity. We assured each subject that their identity will not be 

disclosed. For this we wrote their name as participant 1 (P1). Biosemi system, IAPS and 

SAM rating were used as a standard way of conducting experiments such as emotion 

recognition.  

 

5.5.4 Conclusion Validity 
 

Conclusion validity is also stated as statistical conclusion validity [50]. Threats to conclusion 

validity are the relation between the output obtained from the experiment and the way of 

conducting the experiment. Errors in this process can lead to false statements which should 

be avoided at all costs. Therefore, experiment was conducted using standard measurements 

to avoid from obtaining bad results. To obtain the expected output data analysis and 

interpretation was done in a proper way. During the experiment, instruction and SAM 

assessment of subjects was constructed after consulting with supervisor. 

According to Wohlin [50], heterogeneity of subjects is one potential threat to conclusion 

validity. To get rid of this threat we performed our experiments with subjects from different 

educational levels, backgrounds and experiences. The subjects chosen were male/female, 

bachelor/master level university students. 
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6 DATA ANALYSIS AND INTERPRETATION 
 

The signals obtained from the experiment have analyzed and interpreted in this chapter. 

Starting from a collection of data, converting it into a useable format, feature selection 

procedure for classification of data has explained in detail. Details of the experimental 

session have explained step by step. 

6.1 Data Collection 
 

The selected biosensors for data collection were Electromyography (EMG), 

Electrocardiograph (ECG) and Galvanic Skin Response (GSR) [detail in chapter 1]. All 13 

subjects were invited to take participation on the experiment in the Cognition and Robotics 

lab at BTH. Instruments used for recording the signals are Biosemi Active Two system (2 

flat electrodes each for EMG, ECG and GSR signals and AD box), Tobii 120 Eye tracker 

system and ActiView software to record the signals. 

 

Three different sessions have conducted in order to accomplish the experiment comfortably. 

Out of 13 subjects 12 were males and 1 was female. All the biosensors signals were recorded 

at a sampling rate of 2048 Hz to obtain high sampling rate and not to loose valuable 

information. The duration was 30 minutes for each individual separating 10 minutes for 

SAM rating approximately.10 minutes for fixing biosensors on the subject. However, 1 

subject recording has 10 minutes long raw signal only. 

 

6.2 Preprocessing of physiological signals 
 

Preprocessing of data has done in order to make useable and reliable data. Raw signal was 

preprocessed using EDF browser tool [62] due to high chances of contamination of noises 

and artifacts. One major reason could be the movement of the subjects while recording [16] 

and it was observed mostly in the initial and final of the recording. 10 minutes long raw 

signal was reduced to 3 seconds for all 30 pictures individually using EDF browser tool. Out 

of projected 5 seconds time for every single pictures only 3 seconds signal were used by 

removing initial and final 1 second assuming that, it was the time taken by subject to induce 

the emotion for that specific picture. In the stage of preprocessing we figure out 4 subjects 

singals were interrupted and values from them were not enough to process thus we simply 

discarded those subjects. We clearly obsereved interrupted signal while using EDF browser. 

We left 9 (8 males and 1 female) subjects for further processing. 
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To obtain smooth signals from the contaminated noises and artifacts some researchers 

preferred low pass filters at 500 Hz and 100 Hz for facial EMG and ECG respectively and 

smoothing filters i.e. moving average for GSR [69] [5]. Another paper [70] also use 

smoothing filters for GSR but Butterworth band pass filter was used for EMG signals with 

the range of 4Hz to 40 Hz mentioning that the most of the facial contraction muscles lies in 

the range. Various types of filtering was used but low pass filters were preferred by many to 

remove noise and artifacts without loss of information [16]. 

 

In fact, our main concern was, not to lose any important information from signals, which 

might affect the entire emotion recognition process. Therefore, we used low pass filters to 

remove noise and artifacts from the signals in EDF browsers.  

 

Figure 17 - Raw signal reduced to 3 seconds 

EXG1and EXG2 represents channel 1 and 2 from EMG 

EXG3 and EXG4 represents channel 3 and 4 from ECG 

GSR1 represents channel 5 from GSR 
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Figure 18 - Reduced 3 seconds signal after using low pass filters 

 

Low pass filter [71], which is an electronic filter used for passing only low frequency signals 

and attenuates higher frequencies than the predefined cutoff frequency. We applied low pass 

filters at 500 Hz and 100 Hz for facial EMG and ECG respectively but for GSR we did not 

apply any filters because its not contaminated by external noises and artifacts. 

6.3 Feature Extraction and Selection  
  

After obtaining smooth signals, features were extracted and selected to reformat the signal 

data to useable data that can be used in ML algorithms.  

 

To find the features of the biosensors signals for every channel, we measured a set of signals 

for different IAPS and cut signals in specific emotional states used for recognizing emotion. 

It is important to define methods in order to translate those signals coming from the 

biosensors into specific emotions. The primary step was the extraction of useful information 

from biosensors data bearing features for emotion classification. Moreover, to build a dataset 

for emotion classification, the features of each biosensors data for every IAPS must be 

extracted.  

 

Primarily, we extracted eight common features for physiological measurement data for every 

biosensor from literatures. Features were mean, standard deviation, minimum, maximum, 
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mean of absolute values of the first differences of raw signals, mean of absolute values of 

first differences of the normalized signals, mean of absolute values of the second differences 

of the raw signals, mean of absolute values of the second differences of the normalized 

signals[44][58][43]. 

 

From the literature review out of 8 common features, 4 most common features are selected to 

represent whole ECG, EMG and GSR signals data. Features that we have selected from 

extracted features are mean, standard deviation, minimum and maximum which are regarded 

as the most common features with the signals obtained from EMG, ECG, and GSR[59]. 

 

For each recorded signal, we compute the four statistical parameters proposed by Picard[44] 

on the N data points where N is 6144 (3 seconds at 2048Hz sample rate i.e.2048 sample 

points per second gives N=6144) which is a good way to secure all valuable information 

from the signals. We found the statistical parameter values based on the following 

mathematical equations. The mean of the raw signals (Eq.1), the standard deviation of the 

raw signals (Eq.2). 

 

Where t is the sampling number and T is the total number of sample. 

 

The performance of each algorithm varies on how they can deal with the noisy conflicting 

data and the features or attributes of datasets. Since different algorithms are better and worse 

on different types of attributes, for example float value attributes of psychophysiological 

data. In this thesis, we want to investigate and prove that there is a correlation between signal 

data and emotional state. To give the sight of the features selected for the signal we have 

done literature review that showed the most powerful common features for a certain 

psychophysiological measurement. From the selected features data, we formulated different 

models of dataset explained in the next section. 
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6.4 Formatting of Data 
 

After preprocessing of signal data should be formatted in order to process by Weka. Weka 

can process Comma Separated Value (CSV) and ARFF format files; however, ARFF format 

is the recommended one. Therefore, we converted our data into ARFF format in order to 

perform and compare classification accuracy. We built our dataset for each and every 

possible combination. We designed two models to format the psychophysiological data, i.e. 

Model A and Model B. The models we have developed are used to find the relationship 

between three emotions (Positive arousal/valance, Negative arousal/valance, Neutral) and 

their selected features. Based on these two models, we have formulated datasets to indicate 

the probability to classify emotions from a single signal to all the three psychophysiological 

signals from our experiment. The two models we designed were: 

 

Model A 

 

EMG1F1….. EMG1F4 EMG2F1….. EMG2F4 GSRF1….. GSRF4 ECG1F1….. ECG1F4      

ECG2F1….. ECG2F4……. Class Value  

 

Where EMG1, EMG2, ECG1, ECG2, GSR are 5 channels of EMG, ECG and GSR 

biosensors. F1, F2, F3, F4 are the features extracted from every biosensor signals and class 

value is the predefined class of emotions.  

 

Formation of dataset instances using Model A has its own advantage and disadvantage. It has 

a small number of instances because all the channels are listed in a row i.e., the emotions are 

elicited from a combination of all the signals. It can be seen well for the recognition of 

emotions from more than one biosensor. It is considered less for classification since it 

generates fewer instances and the classifiers learn in a small diversity of instances. 

Classifiers with this model provide better accuracy with less time for classification since it 

has a small number of instances. 

 

Model B 

 

EMG1F1….. EMG1F4……..Class Value 

EMG2F1….. EMG2F4……. Class Value 

ECG1F1….. ECG1F4 ……..Class Value    

ECG2F1….. ECG2F4 ……. Class Value   

GSRF1….. ..GSRF4………..Class Value 
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Where EMG1, EMG2, ECG1,ECG2,GSR are the biosensors channels signals, F1,F2,F3,F4 

are the features extracted from every biosensor signals and Class value is the predefined 

class of emotions. 

 

Formation of dataset instances using Model B has a large number of instances compared to 

Model A. Datasets having large number of instances are best for supervised learning 

problems i.e. classifications. Hence, the classifier train more diversely and expected to 

provide better accuracy. For emotion classification, this method might not give better 

accuracy because using a single biosensor channel it is difficult to correlate the emotions 

with the stimuli. In addition, the classifiers will take more time for classifications depending 

on the algorithms.  

 

After completion of model designs, two different datasets (Dataset A and Dataset B) are 

made for Model A and Model B respectively. 

 

Dataset A file contains all datasets for every subject designed in the form of Model A. 

Dataset A1, Dataset A2, Dataset A3, Dataset A4, Dataset A5, Dataset A6, Dataset A7, 

Dataset A8, Dataset A9 are datasets designed using Model A of subject 1 to 9 respectively. 

 

For example, Datasets with Model A from all subjects was combined to form Dataset A as 

follows. 

Dataset A1 + Dataset A2+ Dataset A3 + Dataset A4 + Dataset A5 + Dataset A6 + Dataset 

A7 + Dataset A8 + Dataset A9 = Dataset A 

 

Accordingly, Dataset B file contains all datasets for each subjects designed in the form of 

Model B. 

 

Dataset B1, Dataset B2, Dataset B3, Dataset B4, Dataset B5, Dataset B6, Dataset B7, 

Dataset B8, Dataset B9 are datasets designed using Model B for subject 1 to subject 9 

respectively. 

 

Likewise, datasets formation with Model B, for all subjects was combined to form Dataset B 

as follows:- 

Dataset B1 + Dataset B2 + Dataset B3 + Dataset B4 + Dataset B5 + Dataset B6 + Dataset B7 

+ Dataset B8 + Dataset B9 = Dataset B 
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So far we discussed design of two datasets formation (A and B): The main objectives of 

building a dataset individually and in a combined form for both models separately are to see 

the difference among the models for a single subject and/or all subjects together. After 

finalization of datasets specific format, experiment was conducted passing dataset into Weka 

experimenter. Then we select the best model to represent the classification of emotions. 

Following the selected models, we have a number of combinations of datasets using different 

channels of measurements. All possible combinations of datasets are presented in the section 

7.2. 

6.5 Classification of Data 
 

Machine learning algorithms with each of the combination of datasets are used in Weka tool 

to classify the psychophysiological data from ECG, EMG, and GSR signal. 10 fold cross 

validation was used to evaluating classifiers, which is generally a default mode in Weka. 

Cross validation works dividing the input dataset into ‘n’ sets randomly where one set is 

used for testing purpose and remaining ‘n-1’ is for training and it continues for ‘n’ times so 

that all sets are used for testing iteratively [24]. In Weka, Weka experimenter was used to 

evaluate among 6 different machine learning algorithms. 

 SVM  

 MLP 

 BayesNet 

 Naive Bayes 

 KNN 

 C4.5 
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7 RESULTS AND DISCUSSION 
 

In this chapter, we discussed all the research questions in detail based on the literature 

studies, quantitative research and data analysis. Results were also presented. 

7.1 Research Question 1 
 

What features of psychophysiological data (ECG, EMG and GSR signals) are the most 

common to perform classification?   

 

The feature extraction and selection of psychophysiological raw data is crucial because it is 

not possible to represent data as it is measured from raw signals due to of large data points 

(i.e. 3 Sec signals = 6144 data points). Not all those data points are helpful to find the 

correlation of the emotions and the EMG, ECG, GSR signals. Moreover, it is difficult to 

design a dataset with such a huge number of data points as attributes or features. In 

classification problems, it is advisable to have a large number of instances. The more 

instances in the dataset, the more the classifier shall be trained. As a rule, the number of 

instances should be around 10 times the number of attributes. Therefore, having large 

number of attributes may reduce the classifier accuracy. So, we studied literatures to find the 

most common features when classification of emotions is done from psychophysiological 

measurement data.  

 

Features extraction and selection is an essential way to represent the recorded signals. This 

helps to determine which features are more relevant to differentiate each emotional/affective 

state [59]. Thus, representing signals in a better way and which may lead to a better 

separation of the specified classes. In the process of identifying most common and relevant 

features [57][72] extracted mean, standard deviation, minimum value and maximum value 

are the common features for peripheral psychophysiological data from ECG, EMG and GSR 

signals. Similarly in [60] features were extracted for peripheral signals among many mean, 

variance, minimum value and maximum value was used. Furthermore, mean and standard 

deviation was extracted and chosen features in [61] from 4 peripheral signals and statistical 

values.  

 

Based upon the papers we conclude that the four features mean, standard deviation, 

minimum and maximum [59][57][58] are the most common features among many features 

extracted. In fact, these are the most common  and preferred features from EMG, ECG, and 

GSR signal [59].  
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In our thesis project, based on finding from literatures above the features we selected to form 

datasets are mean, standard deviation, minimum and maximum according to researcher’s 

outcome during literature review. 

7.2 Research Question 2 
 

Which classifier algorithm is the most suitable for the classification of Psychophysiological 

data (ECG, EMG and GSR signals) according to its features? 

 

After the selection of useful common features, we have formulated different models of 

datasets to find the most efficient machine learning algorithms (mentioned and discussed in 

the section 1.3.1). For the selected candidate algorithms, we performed experiments in Weka 

for different models of datasets (detail in section 6.4). After performing experiments, we 

made comparison and selection of better algorithm based on classification accuracy 

measurement for every dataset. 

 

Weka tool provides the significantly better or competitive algorithms from the six algorithms 

we selected for this experiment. We conducted the experiments in the following specification 

of computer. HP G62 Notebook PC, Intel (R) Core (TM) i3 CPU M330@2.13 GHz, 64-bit 

Operating Systems, 4GB RAM. We performed experiments for all selected algorithms with 

same datasets for two models. All the experiments were conducted in Weka experimenter 

environment with default value. 

 

All the datasets were formed from statistical values which obtained from experiment while 

taking psychophysiological data and processed in Matlab. The Weka experimenter 

environment has three tabs, Setup, Run and Analyse to process any dataset in CSV and 

ARFF extension format. It also provides the comparison of algorithms for same datasets and 

tells about the statistically significant algorithms.  

 

We have formulated two models of datasets as discussed in section 6.4. Then all the datasets 

were passed to the Weka tools based on the selected algorithms. Each subject has own 

dataset and passed to the Weka tool for offline analysis. The dataset consists of input and 

output attributes, where the output/target attribute is known as class. For each dataset, we 

have three classes such as positive arousal/valence, negative arousal/valence and neutral. We 

passed the datasets to classify every instance either positive arousal/valence or negative 

arousal/valence or neutral. After the classifiers trained the dataset, it has given to a certain 

number of classification accuracy. If we get 100 % accuracy means the classifiers classify 

mailto:M330@2.13
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the instances accordingly with specified classes, if not some of the instances are classified in 

other classes which is incorrectly classified. While we passed the datasets for selected 

techniques, we used the default value of all the parameters in Weka for each algorithm. In 

addition, we used 10 fold cross validation for better measurement and has proven to be an 

optimal approach. Hence, different researchers extensively tested this technique as the best 

measurement to build, training set and test set. 10 fold segmentation of the dataset is 

generally optimal, to avoid overlapping of test sets [24]. Weka experimentation results for 

separate models of datasets have presented and explained in detail as follows. 

 

Primarily, we want to classify the emotions with the two general models (Model A and 

Model B) for all combinations of subject (Dataset A and Dataset B). The datasets and 

algorithm names are presented in table 2. 

 

Dataset Models Selected algorithms and Description  

Dataset A BNT, Naïve-Bayes, MLP, SVM, KNN, 

J48 with 10 fold cross validation 

Dataset B BNT, Naïve-Bayes, MLP, SVM, KNN, 

J48 with 10 fold cross validation 

 
Table 2- Dataset and selected algorithms with the evaluation method 

 

To start experiment in Weka, it requires Weka fire up. Four different interfaces are displayed 

namely Explorer, Experimenter, Knowledge Flow and command-line interface (see section 

4.6 for detail description) after the Weka fire up. After preparing the data, first we fired up 

the experimenter environment and load Dataset A and Dataset B (detail in section 6.4) in it. 

In the next step we selected the learning algorithms. Both models were used for classifying 

psychophysiological data and to show the difference among the models. The classification 

accuracy of selected machine learning algorithms for Dataset A is presented in table 3 and 

bar graph 1. 

Selected Machine learning algorithms  Classification accuracy  

BNT 45.15 

Naïve-Bayes 39.34 

MLP 41.65 

SVM 48.05 

KNN 38.3 

J48 48.55 

 

Table 3- Classification accuracy for selected machine learning algorithms for Dataset A 
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To visualize the classification accuracy we plot a bar graph for table 3 

 

 
 

Graph 1- Graph from the result of table 3 

 

The graph above shows J48 algorithm has the best accuracy among all selected techniques. 

Similarly, SVM performs almost equal which is followed by BNT, MLP, Naïve Bayes and 

KNN respectively. In Model A, each emotion represented by features of all 

psychophysiological data thus, numbers of instances are fewer in the dataset. Our project 

target was to classify the emotions using a data obtained from all the biosensors signals 

together. Therefore, we assumed that Model A could be the best for representing all the 

channels together, which has diverse signals at the same time. Here we have a classification 

accuracy of Dataset B both in table and graph form to visualize. 

 

Selected Machine learning algorithms Classification accuracy 

BNT 42.95 

Naïve-Bayes 41.08 

MLP 41.40 

SVM 41.60 

KNN 32.71  

J48 42.95 

 

Table 4- Classification accuracy for selected machine learning algorithms for Dataset B 
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Graph 2- Graph from the result of table 4 

 

As we have seen in Table 4 and Graph 2, it illustrates BNT and J48 algorithms provide the 

best accuracy from the rest of selected algorithms.  

 

When considering Model B for classification of emotions from EMG, ECG and GSR data, 

each channel is represented by feature vectors for all the features with specified classes. 

Moreover, instances represented with single channel features, which formed a large number 

of instances in the dataset. Model A provides better accuracy than Model B for all numbers 

of participants. Both models have their own advantage and disadvantages which is stated in 

table 5. The numbers of instances are large enough in Model B, which leads to create slow 

training time. Moreover, it has shown there is a possibility to represent emotions with only 

single channel. We consider Model A could represent the aim of this research to classify the 

emotions from a combination of EMG, ECG and GSR data and provide better results for our 

data. 

 

We have shown the difference between the two models of datasets. For further study of our 

research, we have described the two models based on their classification accuracy given in 

the graph 3.  
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Graph 3- Comparison of classification accuracy based on Dataset A and Dataset B 

 

It is clearly seen that Model A performs better than Model B from Graph 3.  

 

Model A Model B 

Suitable for representing all signals together Does not represent all signals together 

Channels are listed in columns Channels are listed in rows 

Less number of Instances are generated by 

this model 

More Instances are generated by this 

model 

Consume less time for classification Consume more time for classification 

Gives better accuracy for classification of 

emotions 

Single channel is difficult to correlate 

emotions hence classifier could not 

produce better accuracy 

 

Table 5- Summary of Comparison of Model A and Model B 

 

Hence, Model A is better than Model B, rest of the experiment for possible combination of 

dataset is carried out using Model A. 

In order to see the number of subjects could affect the classification accuracy, we divided 

Dataset A in three datasets each having 3 subject’s data together.  
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Datasets Number of subjects  

Dataset 1A 3 

Dataset 2A 3 

Dataset 3A 3 

 

Table 6- Datasets with three subject’s data together 

 

After preparing the datasets, first, we fired up Weka tool, and then we choose the 

experimenter environment and load the dataset in it. In the next step we selected the learning 

algorithms to run the experiment for all datasets with default value with 10 fold cross 

validation of all selected machine learning techniques. In table 7 the classification accuracy 

for all datasets (Dataset 1A, Dataset 2A and Dataset 3A) are presented. 

 

Selected Machine learning algorithms Classification accuracy 

 Dataset 1A Dataset 2A Dataset 3A 

BNT 43.63 43.75 41.97 

Naïve-Bayes 28.00 38.75 30.64 

MLP 38.00 43.75 36.96 

SVM 39.88 38.88 34.49 

KNN 31.50 46.38 26.67 

J48 41.38 38.63 42.56 

 

Table 7- Classification accuracy for Dataset 1A, Dataset 2A and Dataset 3A 

  

To visualize table 7 accuracy result we presented in the graph below 

 
Graph 4- Classification accuracy for Dataset 1A, Dataset 2A, and Dataset 3A for selected 

algorithms 
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From the table 7 and the graph 4, we can see the different accuracies for each selected 

algorithm. This is due to difference and difficulties of physiological signals from each 

participant for same emotional states and diversity of the data.  

 

The next possible way of classifying emotions is using the dataset of each participant 

/subjects. The main objective of doing these experiments was to see the classification 

accuracy of a single participant. In addition, there was a strong relation of participant to 

correlate stimulus with a specific emotion compared to merging more than one participant 

data. Dataset A is divided into 9 datasets i.e Dataset A1, Dataset A2…Dataset A9. Each 

dataset represents the data of a single subject. For all the 9 datasets we have performed the 

experiment in Weka using selected machine learning algorithms i.e BNT, Naïve-Bayes, 

MLP, SVM, KNN, J48.  

 

Datasets are loaded in Weka experimenter environment and algorithms selection is also 

done. We have seen a difference in accuracies among subjects while performing an 

experiment with individual datasets. An increment on the accuracy of individual subjects 

compared to more subjects in one datasets (Dataset A, Dataset 1A, Dataset 2A and Dataset 

3A) as represented in table 8 and graph 5. 

 

Subject  Datasets  BNT Naïve 

Bayes 

MLP SVM KNN J48 

Subject1 Dataset A1 39.67 59.67 60.17 46.33 50.17 42.50 

Subject2 Dataset A2 45.33 17.67 33.83 40.33 21.33 29.50 

Subject3 Dataset A3 45.00 23.67 28.33 32.33 26.33 40.33 

Subject4 Dataset A4 37.67 51.00 38.50 58.83 43.33 37.83 

Subject5 Dataset A5 52.33 16.67 30.67 49.83 29.33 41.50 

Subject6 Dataset A6 36.67 43.67 44.00 46.00 50.00 37.67 

Subject7 Dataset A7 33.33 30.00 31.00 40.33 34.33 34.67 

Subject8 Dataset A8 49.00 32.33 33.33 45.17 26.67 42.00 

Subject9 Dataset A9 31.67 45.00 33.67 51.33 42.67 36.00 

 

Table 8- Classification accuracy of each subject dataset for selected learning algorithms 
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Graph 5- Classification accuracy of each subject dataset for selected learning algorithms 

 

In Table 8 and Graph 5, we have presented the percentage of correctly classified instances 

for individual subject with separated dataset using those selected algorithms.  

 

To select the best algorithms we added the result of each subject from table 8 and average 

result for selected algorithms individually was calculated. We have presented the average 

algorithm's accuracy in table 9 and graph 6.  

 

Selected Machine learning 

algorithms 

Average accuracy for all subjects  

BNT 41.19 

Naïve-Bayes 35.52 

MLP 37.06 

SVM 45.61 

KNN 36.02 

J48 38 

 

Table 9- Average classification accuracy for each selected algorithm 

 

To visualized table 9, we presented the graph below having average classifier accuracy  
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s  

 

Graph 6- Average classification accuracy for each selected algorithms 

 

7.3 Research Question 3 
 

How accurately ECG, EMG and GSR data were classified with chosen features and selected 

classifier algorithms?  

 

Research question 3 rely on research question 2 results. Since, we have performed 

experiments with combinations of many datasets that is; with all participants, single 

participant etc. Results vary dramatically with different algorithms from subject to subject 

due to this reason it is very difficult to say this particular algorithm is the best one. In most of 

the cases, the selected algorithms provide competitive accuracy. However, SVM showed 

better accuracy in most of the combinations of datasets.  

 

We found SVM gives the highest accuracy among all 6 classifiers (graph 6) when taking 

average accuracy of all subjects. Bayes Net has the second highest classification accuracy 

rate, which is followed by J48, MLP, KNN and Naïve Bayes at last. 
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8 LIMITATION AND FUTURE WORK 
 

We wanted to conduct an additional experiment with 20 participants but due to many factors, 

we were unable to do that. Limited time, unavailability of participants, busy schedule of 

university laboratory were some major factors. However, we conducted experiments with 13 

participants which were also not worthy because the recorded signals from each participant 

were not good enough in fact some signals were not captured properly. Thus, we removed 

those signals for further processing which might degrade classifier performance by 

increasing incorrectly classified class numbers. 

 

Future work can be done in many ways to improve the accuracy of classifiers. Following 

points can be considered as future work. 

 

 Conducting experiment with more participants.  

 Multimedia (song, music, audio, and video) may be another alternative to elicit 

specific emotions which seem more promising than IAPS pictures. 

 Features selection for EMG, ECG and GSR can be done separately instead of 

picking common features and adding the highly correlated features.  

 More and variety of features can be added which can improve the accuracy. 

 Different machine learning algorithms with different evaluation parameter can be 

used to train classifier and increase accuracy rate.  

 Uses of different signal processing techniques.  

 Use of dynamic analysis techniques.  

 An experiment can be done with long duration of IAPS pictures 

 Several features selection criteria can be used to choose appropriate features. 

Features selection criteria like sequential forward selection (SFS), backward 

selection (SBS), principal component analysis (PCA) and Fisher projection. 
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9 CONCLUSION 
 

The thesis is focused to classify emotional states from physiological signals. Features 

extraction and selection of the physiological signal was done, which was used for dataset 

formation and then classification of those emotional states. IAPS pictures were used to elicit 

emotional/affective states. Experiment was conducted with 13 participants in cognition and 

Robotics lab using biosensors EMG, ECG and GSR at BTH University. Nine participants 

data were taken for further preprocessing. 

 

We observed in our thesis the classification of emotions which could be analyzed by a 

combination of psychophysiological signal as Model A and Model B. Since signals of 

subjects are different for same emotional state, the accuracy was better for single participant 

than all participants together. 

 

Classification of emotional states is useful for HCI and HRI to manufacture emotional 

intelligence robot. So, it is essential to provide best classifier algorithms which can be 

helpful to detect emotions for developing emotional intelligence robots. Our work 

contribution lies in providing best algorithms for emotion recognition for 

psychophysiological data and selected features. 

 

Most of the results showed that SVM performed best with classification accuracy up to 59 % 

for single participant and 48.05 % for all participants together. For a single dataset and single 

participant, we found 60.17 % accuracy from MLP but it consumed more time and memory 

than other algorithms during classification. The rest of the algorithms like BNT, Naive 

Bayes, KNN and J48 also gave competitive accuracy to SVM. 

 

We conclude that SVM algorithm for emotion recognition from a combination of EMG, 

ECG and GSR is capable of handling and giving better classification accuracy among others.  

Tally between IAPS pictures with SAM helped to remove less correlated signals and to 

obtain better accuracies. Still the obtained results are small in percentage. Therefore, more 

participants are probably needed to get a better accuracy result over the whole dataset. 

9.1 Answers to Research Questions 
 

9.1.1 Research Question 1 
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What features of psychophysiological data (ECG, EMG and GSR signals) are the most 

common to perform classification? 

From the literature review and feature selection we selected following four features.  

 

 Mean  

 Standard deviation 

 Minimum 

 Maximum 

 

9.1.2 Research Question 2 
 

Which classifier algorithm is the most suitable for the classification of Psychophysiological 

data (ECG, EMG and GSR signals) according to its features? 

 

After a number of experiments for different datasets, in most of the cases SVM gave us 

better accuracy  

 Support Vector Machine (SVM) 

  

9.1.3 Research Question 3 
 

How accurately ECG, EMG and GSR data were classified with chosen features and selected 

classifier algorithms? 

 

Based on the experimental result, we obtained 59% for single participant using support 

vector machine. So, up to 59% percentage of accurately EMG, ECG and GSR data were 

classified with chosen features and selected algorithms with SVM.  
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11 APPENDIX 

A: Self-Assessment Manikin (SAM) Scale 
 

 
Figure 19 - SAM Scale Rating 

 

SAM rating scale was used in the end of experiment for each subject separetely. It has rating 

scale from 1 to 9. Figure above(top) is for valence ranging from low valence 1 to highest 

valence (right to left). Similary figure above (bottom) ranging from low arousal 1 to highest 

arousal 9 (right to left). 5 is taken as Neutral. 

 

B: Self-Assessment Manikin (SAM) Form 
 

SAM was conducted in the end of experiment session by allowing filling the form fig: 11.2. 

The table consists of aimed emotion (concealed from subject while filling), all 30 pictures 

and scales for valence and arousal. Each subject gave their valuable input seeing the IAPS 

pictures again without any time limit according to figure 20 SAM scale. 
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                            Figure 20 - SAM form for participant number 7 
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C: More Experemental result using Model A 

 
 

 
 


