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Abstract— Sentiment analysis is the computational research of emotions, states of mind, assumptions on various entities such as 
services, individuals, products, issues and their traits. Emotion detection is one of the significant steps towards emotional 
intelligence in pioneering Brain computer interfaces (BCIs). Emotion recognition is suitable to sort smooth communication 
between human & computer interaction. Emotions have a significant role in handling daily life of an individual and directly 
impact cognition, perception, memory, attention, decision making and reasoning. Everyday events are completely motivated by 
the  feelings of individuals and people need to express diverse states of emotions to communicate with each other .The 
recognition of human emotion can have broad applications in diverse field. Different physiological signals such as 
electromyogram, electroencephalogram, electrooculogram and electrocardiogram are used in recognition of different emotional 
states. Additionally, some studies have been suggested emotion recognition systems also use speech signals and facial 
expressions. The aim of this paper is to provide an overview of machine learning and then gives a comprehensive survey of its 
current methodologies and applications in Emotion recognition for different benchmark datasets. The paper has been concluded 
with dissimilar future directions and areas of research that could be addressed and worked upon. 
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1. INTRODUCTION  

 
Sentiment analysis is the computational 

identification and classification of opinions 
communicated in a form of text such as movie 
reviews, twitter data, product reviews etc. The main 
objective of sentiment analysis is to extract 
subjectivity and polarity from opinions communicated 
in different perspective.  It uses a machine learning 
approach or a lexicon based approach to investigate 
human sentiments about a particular perspective. The 
challenge for sentiment analysis lies in categorizing 
human emotions expressed in dissimilar forms of 
inputs like ECG signals, EEG signals, EMG and EOG 
signals. 
A. Machine Learning approaches 

Machine learning is an impeccable tool for mining 
the unseen patterns in the data and making effective 
forecasts on the same. One of the important points of 
interest of machine learning is the negligible 
confidence on the human factors that make it to 
deliver its best among unrelated and wide variety of 
sources. The more amounts of data is feed into a 
machine, the more it can learn and apply the outcomes 

for advanced quality perceptions. The objective of 
machine learning is to build a strategy that gains 
information from history or current events and to 
apply the same to define forecasts or choices about 
unrevealed standpoint activities. With regards to 
expansive information, it is important to scale up 
machine learning algorithms[1][2]. Machine learning 
approaches are sorted out into scientific labeling, in 
view of desired result of the algorithm as supervised 
learning, unsupervised learning, Semi-supervised 
learning and Reinforcement learning. 

Most commonly used Supervised Learning 
algorithms are Regression, Decision Tree, Random 
Forest, KNN, Logistic Regression etc. Such 
algorithms consist of a target / outcome variable (or 
dependent variable) which is to be predicted from a 
given set of predictors (independent variables). The 
training process continues until the model achieves a 
desired level of accuracy on the training data.  In 
unsupervised learning we do not have any target or 
outcome variable to predict / estimate.  It is used for 
clustering population in different groups, which is 
widely used for segmenting customers in different 
groups for specific intervention. Apriori algorithms, 
K-means are the prominent unsupervised learning 
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approaches. Semi-supervised learning is a class 
of supervised learning tasks and techniques that also 
make use of unlabeled data for training – typically a 
small amount of labeled data with a large amount of 
unlabeled data. Semi-supervised learning falls 
between unsupervised learning (without any labeled 
training data) and supervised learning (with 
completely labeled training data). Many machine-
learning researchers have found that unlabeled data, 
when used in conjunction with a small amount of 
labeled data, can produce considerable improvement 
in learning accuracy. Markov Decision Process comes 
in the category of reinforcement learning, where the 
machine is trained to make specific decisions. The 
machine is exposed to an environment where it trains 
itself continually using trial and error. This machine 
learns from past experience and tries to capture the 
best possible knowledge to make accurate business 
decisions. 

 
B. Emotion Models 

An emotion is an intricate psychological state 
which comprises of three different constituents: a 
subjective experience (number of subjects/participants 
involved in analysis), a physiological response 
(physiological signals) and a behavioral or expressive 
response (facial expressions, gestures) .Emotions have 
been defined as discrete and consistent responses to 
events (external or internal) with significance for the 
organism. They are synchronized as a set of responses 
that may represent verbal, behavioral, physiological 
and neural mechanisms. Researchers have move 
toward the taxonomy of emotions from one of two 
major perspectives. 

In discrete theory of emotions, all humans are 
assumed to have an intrinsic set of cross culturally 
familiar basic emotions and are expected to be 
divergent by an entity’s facial expression and other 
biotic processes 

Dimensional models of emotion came into 
existence as an attempt to hypothesize human 
emotions by delineating where they exist in two or 
three dimensions. Valence and arousal or intensity 
dimensions are considered to be the most commonly 
used dimensions. As recommended by dimensional 
models, a most communal and connected 
neurophysiological system is accountable for all 
affective states. 

Russell Circumplex model suggests that emotions 
are disseminated in a two-dimensional circular space, 
having arousal and valence dimensions. Arousal 
signifies the vertical axis and valence signifies the 
horizontal axis, whereas the center of the circle 

signifies a neutral valence and a medium level of 
arousal. In this model, affective states can be denoted 
at any level of valence and arousal, or at a neutral 
level of one or both of these factors[3][4]. Valance 
represents the polarity of emotion and arousal 
represents the intensity of emotion. All emotions can 
be plotted on the valance-arousal plot[5] based on their 
corresponding valence arousal values as mentioned in 
TABLE 1. Circumplex model have been identified as the 
most commonly used emotional model to test stimuli 
of emotional words, facial expressions, 
and affective states. 

 
TABLE 1. VALENCE AND AROUSAL VALUE OF EMOTIONS 

Emotion Arousal Valence 
Happy 

High 
High 

Positive 
Positive 

Pride 
Satisfaction 
Amusement 
Excitement 

Calm 

Low Positive 
Relief 

Gratitude 
Contentment 

Sadness 
low Negative Boredom 

Agony 
Guilt 

high Negative 

Embarrassment 
Anger 

Surprise 
Fear 

Jealous 
 The PAD emotional state model is 
a psychological model developed by Albert 
Mehrabian and James A. Russell to describe and 
measure emotional states. PAD uses three numerical 
dimensions, Pleasure/Displeasure 
(P), Arousal/Valence  (A) and Dominance/submission 
(D)  to represent all emotions [6][7] . Each of which has 
a value ranging from -1.0 to +1.0 .The pleasure 
dimension determines the level of pleasure of an 
emotion, arousal determines the intensity and 
dominance represents the control and dominance 
aspect of emotions[8].  Its initial use was in a theory of 
environmental psychology, the core idea being that 
physical environments influence people through their 
emotional impact. Thus moods are calculated by 
finding the average of several emotions over certain 
intervals. Thus the three dimension space can be 
divided into 8 octants, each corresponds a mood with 
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different names. The intensity levels of emotions can 
be distinguished as mentioned in TABLE 2

[8]. 
 

TABLE 2. PAD SPACE OF EMOTIONS 

P A D Emotion 
+ + + Exuberant 
+ + - Dependent 
+ - + Relaxed 
+ - - Docile 
- - - Bored 
- - + Disdainful 
- + - Anxious 
- + + Hostile 

  
The remainder of the paper is organized as follows; 
section II clearly portrays the various background 
works for emotion recognition from different bio-
signals. Section III explains the numerous standard 
datasets available for emotion recognition, the 
inference of the survey is clearly depicted in section 
IV and finally, the brief of the survey and future work 
is concluded in section V 
 
 
2. RELATED WORK 

 
A. Emotion Recognition from phsiological signals 

The emotional classification structure of the 
physiological signals intended to discover the plotting 
relationship among the various features of various 
physiological signal and emotional states, which can 
be divided into four parts, as shown in TABLE 1. 
Various mathematical tools are used to extract the 
features of physiological signals that are collected via 
effective sensors and opt for the minimal 
physiological feature in order to shrink the trouble of 
the entire signal processing system and finally 
emotional states will be classified among various 
subjects. The sensitivity of physiological signals relies 
on an array of sensors. The main physiological signals 
include electroencephalogram (EEG), galvanic skin 
response (GSR), blood volume pulsation (BVP), 
electrocardiogram (ECG), photoelectric pulse (PPG), 
skin temperature (SKT), electromyography (EMG), 
eye movements (EOG) blood pressure (BP), heart rate 
(HR), respiration (RSP) and other physiological 
signals. These signals can express different emotional 
states. According to the reported researches, the most 
widely used signals are EEG, GSR, ECG, HR, RSP 
and BP [9]. 

 
B. Emotion Recognition from EEG 

  Electroencephalogram (EEG) reveals the 
changes of internal emotional state of the subject 
compared to other traditional methods (face 
recognition, gestures, speech). Identifying the 
emotional changes from EEG signals has recently 
gained attention among Brain Computer Interface 
(BCI) researchers for developing different BCI 
devices. Various features extraction techniques had 
been proposed for emotion recognition from EEG 
signals, including frequency domain techniques, time 
domain techniques, time-frequency analysis 
techniques, and other approaches.  

 Petrantonakis et.al uses novel AsI 
(Asymmetry Index) based algorithms to effectively 
retrieve the emotion related information from EEG 
recordings. SVM was used as the classification 
algorithm, whereas higher order crossings and cross-
corelation techniques were used for feature extraction. 
The experiments were conducted for 16 subjects with 
Pictures from International Affective Picture System 
(IAPS) as stimuli. As a result, 6 dissimilar affective 
states were identified with an accuracy rate ranging 
from 64.17% to 82.91%. The proposed system fails to 
achieve greater accuracy on large scale datasets [10]. 

 Murugappan et al. performs an experiment 
on 20 subjects by collecting EEG signals using 62 
channels. The research work was carried with the aim 
of inducing 5 different emotions like Neutral, anger, 
happy, fear, surprise and disgust using audio-visual 
stimuli. Fast Fourier Transform (FFT) was used for 
feature extraction and statistical features like spectral 
entropy and spectral centroid were calculated. 
Classification algorithms like K- Nearest Neighbour 
(KNN) and Probabilistic Neural Network (PNN) are 
used for classification of dissimilar emotional states. It 
was identified that KNN performs well over PNN 
with lesser computational complexity and giving the 
maximum mean emotion classification rate. But it is 
necessary to check the feasibility of the proposed 
algorithm on long time EEG signals [11]. 

  Hayfa et al. proposed fuzzy logic based 
emotional recognition system, where the EEG data is 
collected through Emotiv Epoch Headset. FFT and 
band pass filters were used to extract valence, arousal 
and dominance features. Affective states like neutral, 
anger, fear, surprise and disgust were identified with 
an accuracy ranging from 50% – 80 %. Yet the 
proposed work failed to concentrate on statistical 
features [12]. Zirui et al. concentrated on the stability of 
EEG features and a real time emotion recognition 
algorithm with the stable features was proposed. The 
experiment was conducted among 4 subjects and four 
emotions like Happy, pleasant, angry and frightened 



International Journal of Research in Advent Technology, Special Issue, March 2019 
E-ISSN: 2321-9637 

Available online at www.ijrat.org 
 

14 

 

were induced. Fractal Dimension was used for feature 
extraction and SVM was used for the classification of 
emotional states. The proposed algorithm was 
implemented with real-time emotion application. Yet 
the experiment is conducted with less number of 
subjects [13]. 

  Yisi et al. concentrated on studying about the 
non-linear property of EEG. He used Higuchi Fractal 
Dimension Spectrum to improve the classification 
accuracy of emotional states. He also inferred that the 
accuracy is increased on reducing the number of 
emotions. Yet the proposed algorithm can be 
validated across multiple modalities and number of 
channels in EEG can be increased [14]. Priyanka et al. 
aimed at developing a three dimensional emotional 
model based on time frequency analysis. The 
combination of adaptive filters and Daubechies 
wavelet db4 helped to achieve an accuracy of about 
65% in all the three dimensions. Celia et al suggested 
the usage of principal component analysis (PCA) to 
attain unique characteristics and statistical properties 
of signals.In order to increase the performance, other 
signals such as BVP, SC, GSR can also be pooled 
with EEG [15][16]. 

Yonghui et al tried using ReliefF genetic 
algorithms for processing the EEG signals. ReliefF 
algorithm is used to calculate the feature weights and 
it reduces the probability of over adaption of genetic 
algorithm, improves the efficiency of computing. The 
use of genetic algorithm results in reduced operational 
efficiency and classification accuracy [17].Yong et al. 
used Short Time Fourier Transform (SFT) to classify 
emotions in the valence arousal coordinate space. It 
was found that less number of positive emotions was 
recognized and accuracy of attaining negative 
emotions can be increased [18]. With an aim of 
selecting the most suitable and consistent method for 
feature extraction, Prashant et al proposed the usage 
of Kernel Density Estimation (KDE) and Frequency 
Cepstral Coefficient (FCC) for feature extraction and 
K- Nearest Neighbour for classification[19]. The 
combination of KDE and FCC with KNN helped in 
achieving an accuracy of 80-90%. Regarding the 
classification techniques most the researchers had 
used SVM for effective classification of emotional 
states [13][14][15][16][18]. 

 
C. Emotion Recognition from EMG 

EMG signal is the bioelectricity signal 
produced by Neuromuscular during the independent 
movement of human body. EMG signifies the 
comprehensive performance of action potential of 
muscle group on skin surface in both time and space. 

The significant features of EMG signal are nonlinear 
and non-stationary. EMG signal reflects the states of 
nerve and muscle, and shows the mood changes in 
some respects. There is great significance to apply 
EMG signals to emotion recognition.  

 Yang et.al proposed a multi-scale decomposition 
algorithm that extracts features based on radial basis 
function. It is inferred that the proposed algorithm 
achieves higher recognition rate for positive emotions 
than negative emotions [20]. Ying et al. had worked 
with wavelet transformation techniques for feature 
extraction, Tabu search (TS) for feature selection and 
Sequential Backward Selection (SBS) algorithm for 
classification. The rate of testing and verification 
ranges from 80 – 90%. Tabu search and Sequential 
backward selection techniques work well for EMG, 
additional modalities can be added to make the 
correctness of the optimization techniques[21]. 
Similarly, Hong et al experimented on Tabu search 
algorithm with Fisher’s classifier and extracted 
statistical features like mean, median and standard 
deviation. Additionally, he used uses correlation 
analysis for dimensionality reduction for optimized 
feature extraction and genetic algorithms for effective 
classification[22]. Murugappan et al performed a 
comparative analysis between K- nearest neighbour 
and Linear Discriminant Analysis (LDA) and found 
that KNN shows greater performance and 
classification rate when compare with LDA [23]. 
While most of the researches of sentiment analysis 
concentrated on the recognition of positive emotions, 
Khadidija et al focused on negative emotion 
recognition [24]. Discrete wavelet Transform was used 
as the most effective feature extraction 
technique[23][24]. Dilranjan et al worked on a unique 
idea of experimenting anger detection system that 
works both online and offline, using Hilbert Huang 
Transform for feature extraction and SVM for 
classification[25]. 

 
D. Emotion Recognition from ECG 

The electrocardiogram (ECG) signal 
replicates the variation of the cardiac electrical 
potential over certain time intervals. The ECG signal 
is measured by attaching electrodes on the surface of 
human body using the standard 12 lead ECG system. 
Various features extraction techniques had been 
proposed for emotion recognition from ECG signals, 
including PQRST wave characteristics, prosodic 
parameters, Hurst component, and other approaches. 
Table 5 summarizes the various techniques used in 
ECG based emotion recognition systems. 
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Bo Li et al analyzed the integration of ECG 
signals and speech signals in terms of ECG 
parameters and prosodic parameters, using principal 
component analysis for feature extraction. On an 
average, ECG parameters showed greater recognition 
rate when compared with prosodic parameters. In 
terms of the speech signals, the results of people with 
dissimilar pronunciation were not satisfactory[26]. 
Zhanji et al concentrated on discrete wavelet 
transformation techniques for processing ECG 
signals. Yet multiple emotions were not given much 
importance[27]. Jeritta et al used Hurst components like 
Rescaled Range statistics (RRS) and Finite Variance 
Scaling (FVS) for feature extraction. Hurst 
component was used to extract the emotional 
information pertaining to emotional states. The 
algorithm was tested among the data collected across 
different age groups. Further improvement is needed 
in order to design a robust emotion recognition 
system [28].  

Han et al had tried extracting Heart rate 
visibility (HRV) features from ECG signals. He was 
able to recognize 5 different emotional states using 
PCA for feature extraction and SVM for emotional 
state classification [23]. Similar to the previous 
research, Hany et al had performed his research by 
extracting HRV features using a set of feature 
extraction techniques like Intrinsic Mode functions 
and Empirical Mode Decomposition. On using these 
techniques, three class valence arousal problems were 
able to be solved. This research work was specially 
done to design emotional tracking systems that could 
help in healthcare systems. The research work 
achieved greater results on using KNN for emotional 
states classification. The drawback behind the work 
was the use of short time ECG signals that may result 
in the loss of HRV analysis[30]. Zi cheng et al had 
identified a set of linear and nonlinear features in time 
and frequency domain. ECG based negative emotion 
recognition system using feature fusion was proposed 
and the system made it feasible to detect emotions in 

short time events. When compared to the previous 
researches, the accuracy attained is not adequate for 
real time applications and the same methodology can 
be tested across various positive emotional states [31]. 
While many of the researchers concentrated on 
machine learning approaches, there were few 
researchers who had concentrated on the combination 
of machine learning algorithms with genetic 
algorithms for ECG based emotion recognition. But 
the combinations were not as successful as there were 
no chances for recognizing multiple emotions. Wang 
et al collected ECG signals from multiple subjects 
and applied continuous wavelet transform techniques 
for feature extraction and the combination of Genetic 
Simulated Annealing algorithms (GASA) and Fisher 
classifier for classification[32]. Chang et al had 
concentrated on statistical features and HRV features 
by applying Ant Colony system for feature selection. 
The accuracy was analyzed between single emotion 
and two emotions, but not more than that [33]. In the 
same way, Cheng et al had tried discrete wavelength 
transformation techniques for feature extraction and 
Particle Swarm Optimization (PSO) for feature 
selection [34]. As far as genetic algorithms are 
concerned, they were able to produce good accuracy 
in case of identifying single or two emotions and 
KNN shows better classification results[33][34].  

 
E. Emotion Recognition from Combined 

physiological signals 
Physiological signals like Skin temperature 

(SKT), Skin conductivity (SC), Electrodermalactivity 
(EDA), Photoplethysmogray (PPG), Respiration 
changes (RC) supports emotion recognition by 
combining with other signals like EEG, ECG and 
EMG. The survey also deals with the combination of 
major physiological signals .TABLE 3. Summarizes the 
various techniques used in multi-modal based emotion 
recognition systems. 

 

 
TABLE 3. EMOTION RECOGNITION USING COMBINED PHYSIOLOGICAL SIGNALS 

Author Physiological 
signals used 

Features 
extracted 

Classification 
Algorithm 

Observations Accuracy 
rate 

Identified 
Issues 
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Eun-Hye 
et.al 
(2012) 
[35] 

ECG,SKT, PPG and 
EDA 
 

meanGSR, 
NSCR, 
meanSCR, 
meanSKT, 
STD(s) 
meanPPG,  
maxSKT, 
Mean RR(s),  
 

SVM The proposed 
work identifies 
negative 
emotions 
using  
Classification 
And 
Regression 
Tree (CART), 
LDF, SOM, 
SVM and 
Naïve Bayes  
 

 SVM 
achieves the 
maximum 
accuracy of 
100% for 
four 
affective 
states 

Positive 
emotions are 
not considered 

Byoung 
et al. 
(2013) 
[36] 

ECG,SKT, PPG and 
EDA 
 

Statistical 
features, 
Geometric 
approaches in 
time and 
frequency 
domain  for 
each signal 

Fuzzy c-
means 

clustering 
based neural 

networks 

The proposed 
method 
achieves 
higher 
recognition 
accuracy than 
previous 
research in 
literatures 

Neural 
networks 
achieves an 
accuracy of 
70-74% 

Common 
emotions like 
happy, sad and 
fear are not 
considered 

Yujing 
(2013) 
[37] 

ECG, EMG, RC,SC Statistical 
features like 
mean and 
standard 
deviation 

KNN and 
Tabu search 
heuristic 
algorithm 

The 
experiment 
shows that the 
Tabu search is 
effective and 
feasible for 
affective states 
recognition 

ECG –   50 -
96%, EMG 
–  58-90%, 
SC -  41.60 
- 100% and   
RSP -    64 – 
100% 
 
 
. 

Additional 
physiological 
signals and 
extraction of 
more features 
can be done to 
make the 
system more 
effective 

Szwouch 
et al 
(2013) 
[38] 

ECG, 
EMG,RSP,SC,EDA, 
BVP 

standard 
deviation, 
mean,  
high frequency 
and low 
frequency 
powers, first 
derivative, 
Fourier 
Transforms 
and Wavelet 
Transform 
coefficients 

SVM, KNN, 
Naïve Bayes 
(NB) ,   
Discriminant 
Analysis 
techniques, 
Genetic 
Algorithms,  
CART, 
Neural 
Networks 

A short review 
of  
emotions 
recognition   
using 
physiological 
signals was 
presented.  
 The literature 
work was 
done as a pilot 
study for 
developing 
real time 
applications 
like gaming 
and other 
software 
applications. 

The paper 
includes 
various 
algorithms 
and 
accuracy 
ranges from 
50 – 100% 

Review on 
feature 
extraction 
techniques can 
be more 
added. 
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Zied 
 et al. 
(2015) 
[39] 

EMG, ECG, RESP, 
SC 

Continuous 
Wavelet 
Transform, 
 

SVM Techniques 
like 
Daubechies 
Symlet, Haar 
and Morlet 
wavelet 
transform 
were used to 
analyse the 
non-stationary 
signals  

 SVM was 
used as the 
classifier to 
identify 
patterns and 
an accuracy 
of 95% was 
obtained  
EMG – 85%  
RESP- 90%,  
SC - 65%, 
ECG – 70% 

In order to 
check the 
working of the 
proposed 
multi-
resolution 
framework, the 
techniques can 
be tested 
across other 
databases like 
MAHNOB, 
DEAP 

Zied  
et al. 
(2016) 
[40] 

EMG, ECG, SC and 
RESP 

Continuous 
Wavelet 
Transform , 
set of various 
Statistical 
features and 
Wilson 
Amplitude 
(WA)  

SVM From the 
results it was 
inferred that  
EMG and 
RESP to be 
the robust 
physiological 
signals . 
 

SVM was 
used as the 
classifier to 
identify 
patterns and 
an accuracy 
of 95% was 
obtained  
 

In order to 
check the 
performance 
of the 
proposed 
multi-
resolution 
framework, the 
techniques can 
be tested 
across other 
databases like 
MAHNOB, 
DEAP 

Stamos 
et al. 
(2018) 
[41] 

EEG and ECG PQRST and 
HRV features 

SVM The findings 
show  that the 
usage of low-
cost  
ECG and EEG 
devices for 
emotion 
recognition 
applications 
Can be a 
feasible 
substitute to 
non-portable   
and expensive 
medical 
Equipment 

The 
proposed 
work 
concentrates 
on three 
dimension 
emotion 
states  
EEG – 62%, 
ECG – 62%, 
Fusion of 
EEG and 
ECG – 61% 

Classification 
techniques 
other than 
SVM can be 
applied to the 
same database 
that can 
predict the 
affective states 
more 
effectively  

Mona 
 et al. 
(2018) 
[42] 

EEG and EMG Recurrence 
Quantification  
Analysis 

SVM, 
Regression 
tree and KNN 

ANOVA test 
had been 
carried out for 
features 
Optimization.  
Two 
dimensional 
emotion 
models were 
used to predict 

Two 
dimension 
emotion 
states: 
Arousal – 
94% and 
Valence – 
92% 

RQA has some 
shortcomings 
like complex 
calculations , 
huge 
processing 
time and the 
complication 
in 
understanding 
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3. DATASETS FOR EMOTION RECOGNITION  

 
Datasets are used to check the performance of the 

algorithm. Benchmark datasets like IAPS, DEAP, 
Mahnob-HCI database, Bio vid Emo Dataset are 
available with audio and visual stimuli and that can be 
used for testing the correctness of emotion recognition 
algorithms. 

 
 

4. DISCUSSION 
 
The proposed work summarizes the various 

characteristics of different physiological signals, 
various algorithms and datasets that are considered for 
emotion recognition. The use of physiological signals 
is more appropriate for sentiment analysis as 
emotional states tends to produce numerous human 
reactions from diverse biological structures of the 
human body. It is found that emotion recognition 
using EEG signals had gained lot of attention as they 
afford an appropriate way of catching signals 
associated to emotional states in the brain, with 
effective time resolution. Moreover, many studies 
have discovered the prospective of such systems to 
discriminate discrete emotions and affective states 
paving the way of new methodology to the 
so-called Affective Computing area. 

The major signals like ECG, EEG and EMG can 
be used as single modality for emotion recognition as 
they are considered to be most associated with human 
emotion, whereas in case of signals like SC, RSP, 
EDA and BVP cannot be used as a single modality 
and hence it is combined with the other major signals 
like ECG, EEG and EMG to design a multimodal 
framework for sentiment analysis.  

The proposed survey would like to introduce the 
usage of Electrooculography (EOG) for emotion 
recognition. EOG is the measure of electrical 
activities that tends to happen across various eye 
movements. EOG is widely used in the diagnosis of 
ophthalmological diseases especially Best disease. 
Various researchers had used EOG for wheelchair 
navigation, depression detection, drowsiness detection 
and activity recognition. Psychologically it is proved 
that any changes in emotional states are reflected in 
pupil dilation and eye movements, hence sentiment 
analysis research can be extended using 
Electrooculography signals. 

Multimodal Emotion Recognition (MER) is 
considered to be the most prominent applications of 
machine learning that paves way for most of the 
intelligent human computer interaction (HCI) 
systems. Emotion classification is one of the core 
processes to implement emotional intelligence in HCI 
research. Predominantly, in significant HCI 
applications like computer aided learning, it is highly 
anticipated that the response of the computer takes 
into account the emotional or cognitive state of the 
human user. There are numerous prospective of 
numerous classification  techniques proposed in the 
survey for the affective states recognition and the 
well-known emotion models are discrete and 
dimensional spaces where the affective states are 
well-defined in terms of some basic emotions and 
covert dimensions accordingly.. The most common 
dimensional spaces of classification are valence 
/arousal model and valence/arousal/dominance 
models that allow a greater range of affective states to 
be evaluated.  

The researchers had used various classification 
algorithms like SVM, K-Nearest Neighbor, Linear 
Discriminant Analysis, Fisher Discriminant Analysis, 

affective 
states. 
 

the 
reappearance 
Plot by visual 
means. 

Farnaz  
et al. 
(2018) 
[43] 

EEG and EMG Wavelet 
Transform 
Techniques 
and 
Convolution 
Neural 
Network 
(CNN) 

 Long Short 
Term 

Memory 
networks 

(LSTM) and  
Deep Belief 
Networks 
(DBN) 

The proposed  
work focused   
on affective 
states 
recognition 
using four 
dissimilar 
modalities: 
EEG, 
EMG, audio 
and video 

EEG –
62.8% 
EMG –  
34.1 % 
Images – 
41.2 % 

Both 
generative and 
discriminative 
models 
performs well 
individually 
but failed to 
work better 
when 
combined  
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Naïve Bayes, CART, Genetic algorithms and many. 
The classification algorithms shows greater accuracy 
in recognizing less number of emotions and the 
accuracy is less if the emotions to be predicted are 
more. It is found from the survey that SVM shows the 
better classification accuracy in recognizing the 
affective states. SVM is the optimum algorithm that is 
capable of categorizing multiple emotions with 
greater accuracy. At the same time SVM shows better 
performance in case of multi modalities. It is to be 
noted that SVM performs better in recognizing the 
basic emotions but it fails to identify other emotions 
like frustration, pride, jealous. The classifier should be 
chosen in such a way that it has to be accurate even 
with larger datasets. It is believed that emotion 
recognition systems provide greater potential for HCI 
applications and hence more advancement have to 
brought forth in predicting more number of emotions 
with greatest recognition rate. 

Although, several biological signals offer an 
excessive prospective for the emotion recognition , in 
order to fully utilize the benefits of physiological 
measures, normalizations of experimental procedures 
have to be recognized on the emotional model, 
stimulus utilized for the innovation of physiological 
patterns, physiological constraints for analysis, and 
prototype for pattern recognition and classification. 

 
 

5. CONCLUSION &  FUTURE SCOPE 
 
In this paper a brief review of utilizing 

physiological signals for emotions recognition is 
presented. Affect recognition has become the more 
promising domain in human computer interaction 
systems, as it is strongly related with human and their 
emotional states. The comparative analysis shows that 
some problems have been solved but still many of 
them wait for a solution. Similar to the use of EEG, 
ECG, and EMG for sentiment analysis, the research 
on EOG can be added as it is useful for recording eye 
movements. 

Multimodal approaches for automatic emotion 
recognition have gained substantial scientific concern. 
In future, the role of different modalities and the 
derived features in the classification should be 
validated across advanced machine learning and deep 
learning techniques. Additional modalities, such as 
electrooculography can be included in the 
experimental protocol. Thus, the combination of these 
physiological signals may offer greater potential for 
more precise recognition of emotion. 
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