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Abstract— Facial emotions are the powerful, natural and 

immediate means of nonverbal communication for humans. 

There are six basic emotions which are anger, disgust, fear, 

happiness, sadness, and surprise. Automatic emotion 

recognition is interesting and challenging and has 

applications in areas like artificial intelligence, computer 

vision etc. Emotions can be recognized using different 

modalities like facial expressions, body movements, 

gestures or speech. To extract facial features from an image 

geometric feature-based and appearance based methods can 

be used. For the emotion recognition purpose various 

machine learning algorithms have been already applied e.g. 

SVM, decision trees, linear discriminant analysis, Bayesian 

networks, naive Bayes, neural networks. For the effective 

emotion recognition for real-life applications a combination 

of adaptive classifiers can be used. For speech, the prosody-

pitch, intensity and duration- carry information related to 

emotions. This paper presents a review on various automatic 

emotion recognition techniques which uses one of the 

modalities like facial expressions, brain activities or speech. 
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I. INTRODUCTION 

Emotions are a feeling or state involving thoughts, 

physiological changes and an expression or behavior. 

According to Facial Feedback Theory [1] of psychology, 

facial expressions will reflect the emotions. The facial 

expressions are due to the motion of muscles beneath the 

facial skin. Expressions are a vital form of nonverbal 

communication. This can be voluntary or involuntary and 

the neurological system controls the expressions. The 

emotional state of a person can affect his concentration, task 

solving and decision making skills. 

In 1972, Paul Ekman and his colleagues [2] stated 

that there are six basic emotions which are anger, disgust, 

fear, happiness, sadness, and surprise. The basic emotions 

are can be distinguished from the expressions and biological 

processes. Emotion recognition is the process of identifying 

human emotions mainly from facial expressions. Automatic 

emotion recognition is of high interest in different areas like 

artificial intelligence, signal processing, computer vision 

and machine learning. Automatic emotion recognition has a 

lot of applications in different domains like software 

engineering, website customization, education and gaming. 

It focuses on the emotion of the user while they interact with 

the computer or applications. The process of automatic 

emotion recognition involves data acquisition and feature 

extraction, training and classifiers learning. Emotions can be 

recognized using different modalities like facial expressions, 

body movements, gestures or speech [3], [4]. Emotion 

recognition will be based on multimodal inputs like 

physiological sensors, video, depth sensors and standard 

input devices are considered. 

By using camera, video and depth sensors give 

information on facial expression. By geometric or 

appearance features, parameters extracted from transformed 

images such as Eigen faces the face expressions can be 

represented and can be modeled as dynamic models and 3D 

models. But the image has to be preprocessed and complex 

pattern recognition algorithms have to be used. And also it 

works well only in the case of a posed behavior and proper 

lightning. Depth sensors use non-visual infrared light 

technology and are resistant to insufficient and uneven 

lighting conditions [5]. By using standard input devices, 

such as keyboard and mouse, user’s usual computer 

activities can be collected and for this no special hardware is 

needed. Features extracted from keystrokes may be divided 

into timing and frequency parameters. Both clicking and 

cursor movement measurements are mouse characteristics. 

For the collected data an emotion has to be assigned or 

labeled to each data sample. A great many machine learning 

algorithms have been already applied in the task of emotion 

recognition, e.g. SVM, decision trees, linear discriminant 

analysis, Bayesian networks, naive Bayes, neural 

networks[3], [6]. An ideal emotion recognition method in 

the proposed real-life applications would be a combination 

of adaptive classifiers which could cope with high number 

of features of different types and would be able to improve 

its effectiveness with increasing amounts of training data 

continuously recorded during user’s typical activities.  

II. EMOTION RECOGNITION METHODS 

Static facial stimuli have been predominantly used in 

emotion research. Ekman and Friesen (1976) [2] created an 

important set of standardized photographs of facial 

expressions of happiness, sadness, fear, anger, disgust, 

surprise and neutral face, which was widely used in research 

in the past decades.  

In 1979 Bassili [7] suggested that emotions can be 

identified from the motions of image of a face even though 

the less information about the spatial arrangement of the 

features is available. In his study, he explored the role of 

motion during facial expressions. He identified the principal 

facial movements which are essential for identifying facial 

expressions. He used visible white dots on the dark surface 

of the face displaying the emotions for the experiment. And 

the results indicate that only sadness and happiness are 

easily recognizable from static images but all the 

expressions are recognizable from dynamic images with less 

error.  

In 1994, Yacoob Y. and Davis L.S. [8] developed 

algorithms using optical flow computation to determine the 

direction of motions which are resulted by the facial 

expressions. The main steps in the algorithm are optical 

flow computation, region tracking, statistical analysis of 

direction of motion field and characterization of the global 

motions of natural facial components. The principal regions 

of the face are tracked effectively and at high intensity 
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gradient points flow computation is done. Lot of 

improvements was required in this method to deal with the 

emotion free facial images. Improvement in optical flow and 

tracking are required to process real time video that consists 

of subjects with rigid and nonrigid motions.  

In the same year, Rosenblum M., Yacoob Y. and 

Davis L.S. [9] developed radial basis function network 

architecture for emotion recognition which uses the 

correlation of facial feature motion patterns and emotions. 

This approach is hierarchical. At the lower level it will 

identify the direction of motion, mid layer determines 

motion of facial expressions and the highest degree level 

identifies the emotions. A sequence of images of one 

emotion for many subjects is used to train the network for 

each emotion. In this method, the face is viewed from a near 

frontal view throughout the sequence. The overall rigid 

motion of the head is assumed to be small between any two 

consecutive frames. The main components of this system are 

optical flow computation, region tracking and architecture 

for recognizing the emotion from facial motion information. 

Experiments are conducted to test the ability of the network 

to retention, exploration and rejection.  

In 1995, Essa I.A. and Pentland A.P. [10], 

proposed a method in which a video database of facial 

expressions is built for the representation of facial 

expression and then the facial muscle activation which is 

associated with each expression is probabilistically 

characterized using a detailed physical model of the skin and 

muscles. By combining the physical model of the human 

face and musculature with registered optical flow 

measurements from human faces, muscle actuations within 

the human face are estimated reliably. This muscle-based 

representation of facial motion is used to recognize facial 

expressions.  

In 1996, Padgett C. and Cottrell G. [11] compared 

the generalization performance of three distinct 

representation schemes for facial emotions using a single 

classification strategy. The face images are classified based 

on their emotional content and various representational 

strategies impact the generalization results of a classifier are 

examined. For this face images presented to the classifiers 

are represented as: full face projections of the dataset onto 

their eigenvectors (Eigen faces); a similar projection 

constrained to eye and mouth areas (Eigen features); and 

finally a projection of the eye and mouth areas onto the 

eigenvectors obtained from 32x32 random image patches 

from the dataset. Although care was taken in collecting the 

original images, natural variations in head size and the 

mouth's expression resulted in significant variation in the 

distance between the eyes and in the vertical distance from 

the eyes to the mouth. Each image was scaled so that 

prominent facial features were located in the same image 

region and to achieve scale invariance. From the normalized 

database, three distinct representations that form 

independent pattern sets for a single classification scheme is 

developed.  

In 1997, Black M.J. and Yacoob Y. [12] suggested 

a method for recovering and recognizing the non-rigid and 

articulated motion of human faces using local parameterized 

models. These models give information about the motion 

using a small number of parameters which can be used to 

extract information about the motion of facial features due 

to expressions. The location of the face, eyes, brows, and 

mouth are used to estimate the rigid motion of the face 

region using a planar motion model. Experiments carried out 

in many subjects in natural situations, including television 

clips, shows that even in the presence of significant head 

motion expression recognition from motion can be 

accurately achieved.  

In the same year, Essa I. and Pentland A. [13] 

proposed a computer vision system for observing facial 

motion by using an optimal estimation optical flow method 

coupled with geometric, physical and motion-based dynamic 

models describing the facial structure. This method can be 

used for the coding, analysis, interpretation and recognition 

of facial expressions. This method has the capable of 

detailed, repeatable facial motion estimation in both time 

and space, with sufficient accuracy. By observing expressive 

articulations of a subject's face in video sequences the 

system analyzes facial expressions. By using an optimal 

optical flow method the visual observation or sensing is 

done. The motion is coupled to a physical model describing 

the skin and muscle structure, and then the muscle control 

variables estimated. A minimal parametric representation of 

facial control can be extracted by observing the control 

parameters over a wide range of facial motion.  

In 1998, Zhang Z., Lyons M., Schuster M., and 

Akamatsu S. [14] made a comparison between geometry-

based and Gabor-wavelets-based facial expression 

recognition using multi-layer perceptron. The first type 

involves the geometric positions of a set of fiducial points 

on a face. The second type is a set of multi-scale and multi-

orientation Gabor wavelet coefficients extracted from the 

face image at the fiducial points. An architecture based on a 

two-layer perceptron is developed. To code the facial 

expressions reasonably at least two hidden units are 

necessary and to code the facial expressions precisely. The 

recognition performance with Gabor wavelet coefficients is 

more powerful than geometric positions. 

 
Fig. 1: Comparison of geometric and Gabor based methods 

In 2000, Chen L.S. [15] introduced the joint 

processing of audio and visual information for the emotion 

recognition in human computer interaction. It consists of a 

computer which has microphone to listen to user’s voice and 

with a video camera to get the visual information about the 

user. The input speech signals and image sequences are 

digitized and given to the computer, and processed to extract 

features, and then the different expressions are classified. 

For speech, the prosody-pitch, intensity and duration- carry 

information related to emotions. By locating the face of the 

user and tracking different features on the face, different 
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facial expressions can be recognized. The audio and video 

channels can be used independently to learn the computer to 

recognize different expressions. The two modalities can also 

be combined to check whether it is more beneficial to use 

both modalities simultaneously.  

Later in the same year, Cohen I., Garg A. and 

Huang T.S. [16] proposed a method which uses video 

sequences to recognize the human emotions. Multilevel 

HMM performs this automatic segmentation and recognition 

of facial expression. There will be a unique temporal pattern 

for any displayed emotion. For this reason all of the 

available temporal information is utilized effectively. this 

system uses a single level HMM Maximum likelihood 

classifier, where the input to this classifier is a pre-

segmented video sequence, in contrast to a multilevel HMM 

architecture fed with a continuous video sequence. 

Experiments were done on emotion specific HMM and 

multilevel HMM. Segmentation of a continuous video into 

sequences of facial expressions is performed by the specific 

emotion HMM. Automatic segmentation and recognition 

from a continuous signal is done by the multilevel HMM.  

For effective real-time processing and robust 

performance against lighting changes Guney F. [17] 

proposed a local appearance-based representation using 

Discrete Cosine Transform (DCT) and support vector 

machine classifiers are trained for each emotion type. First 

step of this approach is face detection and alignment. The 

face and eyes are automatically detected using a modified 

census transformation (MCT) based face and eye detector. 

Alignment of detected face is necessary to decrease the 

variation in feature space caused by pose, angle and scale 

changes. The next step is Local Appearance-based Face 

Representation in which face is divided into non-

overlapping blocks and instead of whole face the feature 

extraction using DCT is performed on these blocks. DCT is 

robust to lighting changes and scaling variations due to its 

decomposition capability, with which the elements sensitive 

to lighting changes and scaling variations can be removed. 

The last step is Emotion Recognition using SVM. Overall 

feature vector is obtained by concatenating features of each 

block and before applying SVM each feature is scaled. 

In the year 2004, Sebe N. et al [18] used a model 

based non-rigid face tracking algorithm to extract motion 

features that serve as input to a classifier used for 

recognizing the different facial expressions. An authentic 

facial expression database was created where the test 

subjects are showing the natural facial expressions based 

upon their emotional state. For the extraction of the facial 

features a real time facial expression recognition system 

composed of a face tracking part and which outputs a vector 

of motion features of certain regions of the face is 

developed. The features are used as inputs to a classifier. A 

3D-wireframe model of the face is constructed to use as a 

face tracker. Face detection, facial feature extraction, and 

emotion classification are the three main challenges in 

designing a facial expression recognition system. 

Magnitudes of some predefined motion of various facial 

features are used to represent the recovered motions.  

In 2004, Busso C. et al [19], proposed an emotion 

recognition system using facial expressions, speech and 

multimodal information. It introduces two approaches used 

to combine audio and visual information: decision level and 

feature level integration. Using a database four emotions 

was classified. They are sadness, anger, happiness, and 

neutral state. Prosodic information and the duration of 

voiced and unvoiced segments are used as acoustic features. 

Markers are used to extract the facial features. Because of 

this, there is no need of face detection and tracking 

algorithms. Three different approaches were implemented 

using support vector machine classifier (SVC) with 2nd 

order polynomial kernel functions to compare the unimodal 

systems with the multimodal system 

In 2005, Shan C. , Gong S. and McOwan P.W. [20] 

introduced a method for facial emotion recognition using 

local binary patterns. It is a low-computation discriminative 

feature space which is capable of robust performance over a 

range of image resolutions. For representing salient micro-

patterns of face images Local Binary Patterns (LBP) are 

used. In order to classify facial expressions Template 

matching with weighted Chi square statistic and Support 

Vector Machine are adopted. From extensive experiments, 

the results show that the LBP features are robust to low-

resolution images in real-world applications where only 

low-resolution video input is available. The LBP features 

are effective and efficient for facial expression 

discrimination.  

Later Sebe N., Cohen I., Gevers T. and Huang T.S 

[21] introduced a system for recognition of emotion based 

on joint visual and audio cues. For bimodal fusion Bayesian 

networks are applied. Into the Bayesian network, a variable 

is integrated which indicates whether the person is speaking 

or not. To reduce the detrimental influence of speech on the 

information provided by facial expression a smoothing 

method is applied. The data was divided into two parts for 

every subject. One half of every subject’s frames are 

selected as training data and the other half as testing data. 

The experimental results show that the average recognition 

accuracy is about 56% for the face-only classifier, about 

45% for the prosody-only classifier, but around 90% for the 

bimodal classifier. Anger, boredom, and happiness have 

high recognition accuracies while sadness and interest have 

low accuracies. 

 
Fig. 2: Bayesian network topology for bimodal emotion 

recognition 

In 2006, Neiberg D., Elenius K. and Laskowski K. 

[22] proposed a system for emotion recognition in 

spontaneous speech using GMMs. In this automatic 

detection of emotions has been evaluated using standard 

Mel-frequency Cepstral Coefficients, MFCCs, and a variant, 

MFCC-low, calculated between 20 and 300 Hz, in order to 

model pitch. Plain pitch features also have been used. 

Gaussian mixture models, GMMs with diagonal covariance 

matrices measured over all frames of an utterance are used 



Automatic Emotion Recognition Techniques 

 (IJSRD/Vol. 4/Issue 01/2016/353) 

 

 All rights reserved by www.ijsrd.com 1283 

to model these acoustic features, on the frame level. The 

method has been tested on two different corpora and 

languages. The occurrence of emotions such as happiness 

and anger is typically low in spontaneous speech. The two 

MFCC methods used show similar performance, and 

MFCC-low outperforms pitch features. This is because the 

MFCC-low gives a more stable measure of the pitch. And it 

is able to capture voice source characteristics. 

In the year 2007, Kotsia I. and Pitas I. [23], 

presented two methods for facial expression recognition 

system using geometric deformation features for image 

sequences and Support Vector Machines. The proposed 

facial expression recognition system is semi-automatic. The 

user has to manually place some of Candide grid nodes to 

face landmarks depicted at the first frame of the image 

sequence under examination.  The tracking system is based 

on deformable models and will track the facial expression as 

it evolves over time. The input to the SVMs system is 

geometrical displacement. The facial expression recognition 

system is composed of one six-class SVMs, one for each 

one of the six basic facial expressions to be recognized. 

Bos D.O. [24] proposed EEG-based emotion 

recognition system to recognize emotion from brain signals 

measured with a BraInquiry EEG PET device. The EEG 

PET device has five electrodes of which two were used for 

measuring ECG activity, and the final three for acquiring 

brain signals using the 10-20 system. Influential EEG 

features are detected during various emotional stimuli 

because of the limited number of available electrodes. 

Stimuli of different modalities will activate different areas 

of the brain to process the stimuli cognitively. The ability 

for modality recognition highly depends on the electrode 

placement.  

In the year 2008, Zeng Z., Tu J., B. M. Pianfetti Jr., 

and Huang T.S [25] developed a computing algorithm that 

uses both audio and visual sensors to detect and track a 

user’s affective state. With an automatic affect recognizer, a 

computer can respond appropriately to the user’s affective 

state rather than responding to user commands. Audio and 

visual streams are analyzed and coupled using Multistream 

Fused Hidden Markov Model (MFHMM), to detect four 

cognitive states (interest, boredom, frustration and 

puzzlement) and seven prototypical emotions (neural, 

happiness, sadness, anger, disgust, fear and surprise). Every 

feature could be modeled by one component HMM which 

has optimal connection among other streams.  

Petrantonakis P.C. and Hadjileontiadis L.J. [26], 

developed emotion recognition system from EEG using 

higher order crossings, in the year 2010. To efficiently foster 

emotion induction by the process of imitation the mirror 

neuron system concept was adapted. For the feature 

extraction scheme higher order crossings (HOC) analysis 

was employed and for robust classification HOC-emotion 

classifier (HOC-EC), was implemented testing four different 

classifiers. The oscillatory pattern of the EEG signal 

providing a feature set that convey the emotion information 

to the classification space is obtained by the HOC-EC where 

these emotion information can be used by different types of 

classifiers to discriminate among different emotion states.  

In 2011, Kalamkar N.B. and Ali M.S. [27] 

proposed an Emotion Recognition technique with the help 

of Neuro-Fuzzy System. The information theory approach 

of coding is used to identify the facial expression of humans. 

Extraction of appropriate facial features using Principal 

Component analysis and consequent recognition of the 

user’s emotional state using feed forward back propagation 

Neural Network with the use of Eigen vector for calculating 

Eigen values of images are the two steps in this recognition 

process. A Neuro-Fuzzy system with concepts of artificial 

intelligence is the architecture for implementation. The 

approach chosen for the implementation is Soft Computing 

which is basically a synergistic integration computing 

paradigms. Fuzzy logic could help in capturing the 

uncertainty and the complex nature of emotions.  

In the year 2012, Yang N. et al [28] developed a 

speech-based emotion classification using multiclass SVM 

with hybrid kernel and thresholding fusion. Digital signal 

processing methods are applied on each audible segment to 

extract the acoustic features. Only the most basic features: 

pitch, energy, and formant are considered. From speech 

samples basic acoustic features are extracted, and the One-

Against-All (OAA) Support Vector Machine (SVM) 

learning algorithm is used. Outputs from the OAA 

classifiers are normalized and combined using a 

thresholding fusion mechanism to finally classify the 

emotion. Samples with low ‘relative confidence’ are left as 

‘unclassified’ to further improve the classification accuracy.  

In the year 2015, S.E. Kahou et al [29] proposed a 

multimodal deep learning approach for emotion recognition 

called as EmoNets in video clips. Different methods of 

combining predictions of modality-specific models, includes 

a deep convolutional neural network (ConvNet) trained to 

recognize facial expressions in single frames, a deep belief 

net that is trained on audio information, a relational auto 

encoder that learns spatio-temporal features, which help to 

capture human actions; and a shallow network that is trained 

on visual features extracted around the mouth of the primary 

human subject in the video. In this method, many 

configurations are explored in a space of moderate 

dimensionality quite rapidly and increased performance is 

obtained. 

 
Fig. 3: Training ConvNet on faces 

In the same year, Gil Levi and Tal Hassner [30] 

presented a novel method for classifying emotions from 

static facial images using Convolutional Neural Networks 

and Local binary patterns. The proposed method is designed 

to deal with automatic emotion recognition from still images 

in two different ways. The first is for training deep CNN 

models when only small amount of labeled data is available 

and the second is appearance variation, especially 

illumination variability. A mapping from intensities to 

illumination invariant, 3D spaces, based on the well-known 

Local Binary Patterns (LBP) feature transform is defined. 

Local Binary Patterns (LBP) was developed as a means of 

describing texture images. Basic operation performed by a 

CNN on its input values is a convolution. 

Each face image is processed using the following steps: 



Automatic Emotion Recognition Techniques 

 (IJSRD/Vol. 4/Issue 01/2016/353) 

 

 All rights reserved by www.ijsrd.com 1284 

1) The pixels of each image are encoded by applying LBP 

coding using different values for the LBP radius 

parameter.  

2) A mapping of map LBP codes into a 3D space is done. 

3) To train multiple, separate CNN models to predict one 

of seven emotion classes, the original RGB image, 

along with the mapped code images is used. A final 

classification is obtained by a weighted average over 

the outputs of the network ensemble taking the 

predicted emotion class to be the one with the 

maximum average probability. 

III. CONCLUSION 

A review on various emotion recognition techniques 

developed is presented in this paper. Categorization of 

human emotion on the basis of facial expression is an 

important topic of research in psychology. The automatic 

emotion recognition can be done by using different 

modalities like facial expressions, body movements, 

gestures or speech. All facial expressions which are able to 

be displayed on the face can be classified under the six basic 

emotion categories. For speech, the prosody-pitch, intensity 

and duration carry information related to emotions. These 

acoustic features have more overlaps between different 

emotional categories, which lead to lower overall accuracy. 

The data for emotion recognition can be obtained from static 

images by template based or feature based methods. 

Features of the face can be extracted using Optical flow or 

by using Gabor wavelets. SVMs were used as a classifier. 

Recently neural networks and deep learning concepts are 

also introduced to detect emotions automatically. Neural 

networks are well known for their good performance in 

classification and function approximation. Their conceptual 

simplicity and ease of implementation have been used in the 

field of preprocessing, segmentation, and recognition. 
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