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Abstract: Our life in many ways is guided by our emotions, so knowing more about human emotions will helps us to know more 

about any human’s nature. Since human emotions carry  information so, it becomes very useful for man machine interaction. 

Since emotion recognition has attracted a lot of research, it has found its applications in various domains such as market analysis, 

customer satisfaction, monitoring, e-learning, medical, etc. An Emotion recognition system (ERS) make use of the facial images 

of humans captured for the detection of emotions. The study starts with the working of ERS system which helps the user to 

detect different kinds of human emotions. The aim of this work is to show a brief comparison of some of the existing methods 

which are used for detecting emotions based on various parameters like dataset used, accuracy achieved, etc. and to recommend  

the technique which recognizes emotions with a  higher classification rate. 
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I. INTRODUCTION1 

An emotion [1] can be defined as  various forms of the 

positions or motions of  the muscles that lie below the face 

skin. With reference to the set of various theories, these 

forms of motions express the state of emotion of any 

individual to the observers. Emotions represent a form of 

non-verbal communication ([2] and [3]). 

Humans can naturally adapt to an emotion either voluntarily 

or in an involuntarily way. Although the neural mechanisms 

which are responsible for controlling of the expression 

differs in each case. Emotion recognition is often an 

experience of emotion for the amygdala and brain is highly 

involved in the process of recognition. 

The eyes of the humans are often viewed as paramount 

features of facial emotions. Aspects such as blinking rate 

can possibly be acclimated to designate whether a person is 

nervous or whether he or she is being mendacious. 

However, there are a lot of cultural differences which deals 

with the convivial propriety of maintaining eye contact or 

not. 

Beyond the appurtenant nature of face emotions in 

verbalized type of communication between the people, they 

play a paramount role in communication with dactylology. 

Many phrases in dactylology include emotions in the 

exhibit. 

There is an argument circumventing the question of 

whether emotions are ecumenical and macrocosmic exhibits 

among humans. Adherents of the Universality Hypothesis 

claim that many countenances are innate and have roots in 

evolutionary predecessors. The contrary of this view, 

question the precision of the studies used to test this claim 
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and believe that the face emotions are conditioned, and that 

view of the people and understand the emotions in 

immensely colossal part from the convivial situations 

around them. 

The work begins with a brief introduction to the ERS. Then 

the three fundamental steps of emotion classification which 

is followed by comparison of some popular techniques will 

be discussed. To identify a better method, a comparison 

table will be shown, which will compare some existing 

approaches which are based on the dataset considered and 

the accuracy achieved.  The final goal is to put forward that 

method which possess a high classification rate and to 

improvise the efficiency of the suggested method. 

II. STEPS INVOLVED IN ERS2 

An ERS process can be divided into three fundamental 

steps which are as follows: 

A. Emotion Image Preprocessing 

B. Emotion Image Feature Extraction 

C. Emotion Image Classification 
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ases all the fundamental steps which are 

required to classify emotions of humans. A 

detailed description of all these steps is 

discussed as under: 

A. Emotion Image Preprocessing 

Here capturing of image is done at initial level 

by using an electronic device. The image 

captured is in RGB color model. For processing 

of this model further, it can be converted to 

some image color models also like: HSI model, 

YCbCr model, etc. The motive of this phase is to 

generate an improvised image. Here noise and 

unwanted distortion is removed to generate an 

image which contains more enhanced details. 

The obtained image is then used for identifying 

those regions where the face of the human 

being can be in an easy way.   

B. Emotion Image Feature extraction 

This phase deals with the segmentation of those 

details in images which are required to perform 

emotion classification. Initially that region is 

located where the face exists in an image. For 

figuring out the region where the face exists, an 

image mask is used. This image mask works by 

moving from pixel to pixel and then finds out 

the face region. Then image segmentation is 

performed, which involves segmenting out the 

region which has face region available in an 

image. Here rest of the details is discarded 

because facial emotions can be recognized by 

using faces of humans only. After locating the 

face regions, some features are discovered 

which is necessary for an emotion like eyes, 

eyebrows, ears, nose, lips, gap between nose 

and lips and so on. These features extracted are 

used for further classifying human emotions.      

C. Emotion Image Classification 

This includes the classification of emotions by using 

those features which are extracted in emotion image 

feature extraction phase. Each emotion possesses 

certain characteristics like the gap between nose and 

lips, eye movement, etc. based upon these extracted 

features and emotion is classified. The classification 

process implements an algorithm and starts with the 

training for some labeled input and output samples. 

This is done to train the system for identifying the 

various types of human facial emotions using a training 

dataset. After training the system, it is finally checked 

for its accuracy using test dataset and this shows that  

up to what extent the system has learned.  

III. LITERATURE STUDY 

Extracting faces using AdaBoost as in [4], which is 

followed by selection of the most appropriate models 

AAM1 & AAM2 based on degree of facial similarity and 

face direction. A frontal view of the image is generated by 

using a Vector Equation. Further SVM is used for 

classifying the emotions. 

Neha Kulkarni et. al. [5] has used VCF and snakes for 

emotion recognition. Here the faces are divided in to 2 

halves (upper and lower) and scrutinizes each one of them 

separately. It uses horizontal and vertical axes to figure out 

the facial features. Then extraction of the contours of the 

eyes, mouth and the eyebrows are performed by using 

active contour technique. This is followed by Facial 

features extraction.  

Deep network framework is used in [6]. The concept of 

successive frames is employed to detect facial regions and 

the features are extracted from each detected region. The 

features are segmented using those algorithms that are 

suitable for segmentation. Automatic Extraction of 

Regional LBP Features uses the information given by 

equations of gray scale value of pixel and thresholding 

binary operator to generate histograms of facial regions. 

Each of these feature vectors is then concatenated and a 

concatenated histogram can be defined eventually. Data 

Fusion Using the method of Autoencoders involves 

extensive learning & implementation of mathematical 

functions to learn a better representation of a feature set in a 

compressed form. A feature vector x is used that 

corresponds to a facial image and the output of the classifier 

y represents the emotion class that has 6 emotions in it. 

The work in [7] consists of Pose alignment and Shape 

Normalization. In Pose Alignment, 4 facial landmarks are 

considered as rigid points and are applied for the alignment 

of the tilted face image. In Shape Normalization, a 

technique for shape normalization makes use of an affine 

transformation to accommodate variability in shape. Here 

Bayesian type of Network is employed  for representation 

of probability distribution and utilizes graph theoretic 

algorithms for learning and inference. 

Making use of the concept of deep belief network  and local 

direction based robust features for emotion identification as 

 
Figure 1 Emotion Recognition Steps 
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discussed in [8]. In Feature extraction, a LDDP code which 

is an eight-bit code is given to each pixel of an input depth 

face. Once locally salient features are obtained, it results in 

increase in the dimension of features. Hence PDA is 

adopted for dimension reduction.   

K-means Approach [9] for detection of emotions. The Pre-

Processing phase starts with several image processing 

stages which is required to for enhancement of the image 

quality and to minimize noise level. The mouth as well as 

eye region present in the image are detected using the edge 

detection method. Canny method  for edge detection is 

applied as it has low error rate. Feature extraction step is 

performed, and the features of mouth along with eyes are 

stored into a dataset for use in classification. Three equal 

zones are created, the smile mouth expression falls in upper 

and middle zones and the neutral expression in middle and 

lower zones. 

Feature extraction in [10] is done by splitting face in 80 

regions and optical flows are calculated for each region 

based on the movements in vertical directions. Here 

discrete type of Hopfield neural networks is implemented 

for emotion recognition. The optical flow data is converted 

in discrete form for the neural networks. Furthermore, 

personal learning is used for neural networks.  

Contourlet transform as in [11]. Decomposition of the 

image is done at different levels to obtain band pass image, 

which is further processed by the DFB method. Image 

preparation and face detection is done using Viola jones 

method which is tested on Caltech Image Database. The 

feature area is extracted by cropping image according to the 

predefined measurements. Further, gaussian smoothing 

filter is applied to resize the image and then histogram 

equalization is performed to overcome illumination 

differences. Feature selection phase involves entropy of 

different directional sub bands at different levels.  

The work in [12] shows a 3D Average Face and 

Ameliorated AdaBoost for identification of emotions. If 

after a facial detection, the features are not extractable, an 

average face is reconstructed in 3-D. The rotation and 

coordinate algorithms for the same are implemented. A 

weak classifier based on Hair-Like feature is constructed to 

train emotional features by multi-class AdaBoost. 

Emotions are recognized using Hessian Regularized 

Support Vector Machine in [13]. In this technique the Face 

images are normalized. Facial features are extracted. To 

avoid dimension dilemma, only the Gabor coefficients are 

extracted on some fiducially face points. By making use of 

the extracted Gabor coefficients, Hessian matrix was 

computed. The Hessian matrix and the extracted features 

were provided as an input to the HesSVM classifier for 

training. 

An image is inputted in [14] for emotion categorization. 

Multi-pose AAM templates are fitted that includes view 

based AAM templates training, orientation assignment, 

expression key point descriptor and optimal AAM template 

matching. This will help in facial landmark tracking. A 

SIFT descriptor is run that gives AAM_SIFT feature 

descriptions, feature points which are later grouped giving a 

more detailed description of the face. The centers are 

clustered, and the regions are weighted based on FCM. The 

expressions are classified with the help of SVM classifier. 

Multi -Scale Filter [15] begins with image acquisition 

which can be done with a camera. The image is 

preprocessed. Gabor Wavelet can be used for the same as it 

gives detailed and appealing information about the image. 

The filters are implemented for emotion feature extraction 

because of its optimal localization properties in both spatial 

as well as frequency domain.  

An auto encoder is a symmetrical three-layer neural 

network [16], where encoding is done in the input layer and 

decoding in the output layer and there is a layer between 

them which is the hidden layer. In these layers, the input 

features are mapped into the hidden representation which is 

further mapped into the output layer. Deep sparse auto 

encoders are a neural network that is built by stacked sparse 

auto encoders are used for improvising the results.  

The work cited in [17] has come up with Boosted NNE 

Collections for Multicultural Facial Expression 

Recognition. Here the probabilities of the existence of the 

expression are calculated and the output of the neural 

network is combined which indicates the existence of a 

particular face expression. Inter Expression 

Correlation method is used to quantify the similarities 

between various expressions and values obtained. System 

Verification involves the performance of system using test 

data is evaluated.  

A framework which is based on the concept of local 

Zernike moment and motion history image [18] for emotion 

identification. Feature extraction consists of 8 steps which 

begin with computation of Motion History Image, followed 

by Optical Flow Algorithm where the dynamic information 

is captured, then comes the Optical Flow Based MHI. Next 

there is entropy where the probabilities of intensity values 

occurring in the face image are examined. The entropy 

values of discrete intensities and enMHLOF are examined. 

The local spatial textural information is incorporated to 

achieve a higher classification rate. Dimension reduction is 

done using PCA technique.  

A 3D emotion recognition [19] by making use of kernel 

method on Riemannian manifold is discussed. The data is 

acquired in the beginning, then preprocessing of the image 

where the image undergoes a lot of processes like 

smoothing etc. to essentially refine it. After that feature 

points are extracted, and feature vector is computed which 

encodes the local geometric and spatial properties of the 

point and each facial patch is characterized in a covariance 

matrix. When the covariance matrices are extracted and 

geodesic distances have been defined, a Gaussian Kernel 

representation can be done, and its expression is shown in 

the paper. A multi-class SVM classification algorithm is 

used for emotion categorization.  

An automated technique to discover the pixels present in a 

face image is discussed in [20]. The process begins with 

Preprocessing, where the image undergoes several 

operations such as rotating and reshaping the face 

dimensions, normalizing face size to 50*50 and histogram 



equalization, wherein the features are detected as well as 

the orientations etc. are corrected and the width and height 

values are computed.  

A fuzzy based classification approach is discussed in [21]. 

For the face segmentation, Viola-Jones method is used to 

segment the face from the image background.  The 

irrelevant contents of the face are removed by splitting the 

face image into its 3 color components, subtracting the 

green component and then the resulting image is binarized. 

Adjustments of the face dimension wherein the moments of 

the image are estimated as well as the edges of the faces are 

estimated and finally the face image is segmented. Then the 

mouth and forehead/eye segmentation are done. Feature 

extraction is done with the help of Gabor functions. PCA is 

performed for dimensionality reduction. The classifier 

operates in a supervised form to generate several clusters 

for each class.  

A PCA based dictionary method [22] for building an 

efficient emotion categorization system via a sparse 

representation. A class label is allocated to test sample by 

making use of the coefficients of the vector estimated. 

Different images are used to create a dictionary. Difference 

in images is studied with different expressions.  

An experimental method to showcase the influence of facial 

expressions on recognition performance has been 

implemented [23]. The experimental design consists of 2 

factors. The very first factor over here is represented by 

emotional display of the person targeted. The other factor is 

determined by an emotional display of identification of 

previously seen person. Each factor has emotional displays 

of positive and negative facial expressions.  

An Emotion  Recognition System along with its application 

which is based on the concept of PSO-SVM and the 

curvelet transform is implemented in [24]. Here, the images 

are first normalized to 100*100.The curvet transform of the 

image is done. Dimension reduction of the curvelet 

coefficients is performed because the size of curvelet 

coefficients was extremely large. For this problem 2 types 

of SVM are used i.e., LibSVM and PSO-SVM. In the first, 

2 matrices are used for classification which are label and 

attribute matrices. The PSO-SVM is a parallel evolutionary 

computation technique; this is where optimization of SVM 

parameters takes place. 

Sparse local fisher discriminant analysis [25] is employed, 

which helps in extraction of facial features, enhancing 

discriminant power of LFDA and work well for multimodal 

problem and to control weights of original variables or 

features. Moreover, the algorithm for sparse LFDA is 

formulated with the help of concepts of matrices. 

Experiments have been performed on multiple databases. 

Table 1 shows a comparative analysis of some of the work 

done for recognizing human emotions based on some 

aspects like dataset considered, accuracy achieved, etc.   

Paper  Algorith

m Used 

Dataset 

Used 

Rate of Accuracy 

of the System  

[4] Support 

Vector 

ATR 

Facial 

82% 

Machine Expression 

Image  

[5] Support 

Vector 

Machine 

Own 

Dataset 

Approximately 

90% 

[6] Self-

Organized 

Maps 

based 

classifier 

MMI and 

extended 

Cohn-

Kanade 

(CK+) 

97.55% and 

98.95% 

[7] Bayesian 

Network 

Own 

Dataset 

95.7% 

[8] Deep 

belief 

Network 

Own 

Dataset 

96.67% 

[9] K- Means Own 

dataset 

76.5% 

[10] Discrete 

Hopfield 

Neural 

Networks 

Own 

dataset 

92.2% 

[11] Support 

Vector 

Machine 

JAFFE and 

Cohn-

Kanade 

98.67-99.33% 

And 95.33%-

99.67% 

[12] AdaBoost JAFFE 85%-95% 

[13] Hessian 

regularize

d Support 

Vector 

Machine 

JAFFE Around 95% 

[14] Fuzzy C 

Means 

Clustering 

Algorithm 

BU-3DFE 81.4% 

[15] Gabor 

filter 

Cohn-

Kanade 

AU-Coded 

Facial 

Expression  

89.04% 

[16] Deep 

Sparse 

Autoenco

ders 

Cohn-

Kanade 

(CK+) 

95.79% 

[17] Boosted 

NNE 

Collection 

JAFFE, 

TFEID, 

and 

RadBoud 

52.76%, 

55.85%,68.57% 

[18] Support 

Vector 

Machine 

CK+ and 

MMI 

88.3%,79.8% 

[19] Support BU-3DFE 92.62%, 86.14% 
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Vector 

Machine 

and 

Bosphorus 

[20] Multi-

Layer 

Perceptro

n 

GENKI, 

JAFFE and 

FERET 

92%,82%,91% 

[21] Fuzzy 

classificat

ion 

KDEF 97.5% 

approximately 

[22] Principal 

Compone

nt 

Analysis 

based 

dictionary 

building 

CK+, 

MMI, and 

Bosphorus 

95.67%, 78.51%, 

72.41% 

[23] Own 

method 

Own 

dataset 

Approximately 

95% 

[24] Particle 

Swarm 

Optimizat

ion with 

Support 

Vector 

Machine 

JAFFE 94.94% 

[25] Sparse 

Local 

Fisher 

Discrimin

ant 

Analysis 

JAFFE and 

C-K 

Around 90%, 

around 97% 

 

IV. CONCLUSIONS3 

The work cited some of the popular techniques which have 

been used for identifying the facial emotions. An analysis 

of these methods along with their accuracy rates has been 

carried out for emotion recognition. For figuring out a 

better algorithm various parameters were taken into 

consideration like accuracy rate, dataset used, and the type 

of features used. Based on this work, it can be finally 

concluded that Support Vector Machine technique produced 

the best results when compared to some of the other 

methods. It is obvious that always there are chances of 

improvement of the SVM algorithm too. So, the efficiency 

of this technique can be enhanced by combining it with 

other classifier along with the combination of appearance 

and geometric based features . 
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