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ABSTRACT 

Humans can communicate with each other in two ways, auditory and visual. The major 

modalities of these communications are: speech, vocal intonation, facial expressions and 

body movements. In usual face to face communication, many of these modalities are used. 

Human can convey message and can understand the same in either of these ways. That 

means, if a person can't understand vocal intonation, he/she can predict the same either 

through expressions or body movements. It becomes easy to understand someone's 

emotional state and intentions on the basis of the shown facial expression or his/her body 

gestures. Nonverbal communication, such as facial expressions, can be used to understand 

messages that we send and receive, though, nothing is said verbally. Due to these 

adaptability, human communication becomes highly flexible and strong. Considering a 

computer on other side of communication channel, it is required to be trained for these 

modalities for effective man machine interaction. 

The human face plays an important role in interpersonal communication. Human face to 

face communication is a principle representation for designing automated human computer 

interface system. As an example, if a computer system can analyze and recognize person's 

mood, who is driving a car, a song can be played according to mood. Similarly, facial 

expressions play a pivotal role in many other applications which include human-computer 

interface, behavioural science, lip reading, video conferencing, robotics, face animation 

etc. 

Facial expression recognition is a process to identify or reveal the information of person's 

state of mind through expressions. The seven universally defined facial expressions are, 

Angry, Disgust, Fear, Happy, Neutral, Sad and Surprise. Although humans recognize facial 

expressions virtually without any effort or delay, reliable expression recognition by 

machine is still a challenge. Even if recognition is done in a constraint of faces specific to 

some culture, several factors like presence of facial hair, glasses, variation in size and 

orientation of the face in input images etc. make this task complex. This makes some of the 

facial features unavailable, which in turn lowers down the probability of accurate 

recognition. The culture of a person also affect the recognition process because geometry 

of the face vary largely with personas belonging to different countries. And hence, making 

a FER system that works for any kind of face image is a challenging task. However, in 
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many practical applications, such as robotics, the performance of facial expressions' feature 

extraction algorithm heavily depends on the environmental factors such as lighting 

conditions. This factor would typically make feature extraction more difficult to perform 

reliably, which will in turn affect the recognition performance of the system. 

The work presented in this research concentrates on facial expression recognition from the 

images having different lighting conditions. The work carried out focuses on recognizing 

of the seven universal expressions. The novelty of research work is inclusion of images 

captured in real time environment for validating the proposed algorithm. Considering 

feature extraction as the most significant part of any FER system, three feature extraction 

techniques have been proposed for the purpose of analyzing and recognizing the 

expressions. Feature extraction using Canny edge detection is proposed in chapter 3, which 

uses geometric features of face image. Feature extraction using ROI based LBP 

incorporates appearance features and have been proposed in chapter 4. Feature extraction 

using hybrid approach is proposed in chapter 5, which employs appearance features from 

three different techniques to recognize the expressions. 

The proposed algorithms have been applied and tested with facial expressions images of 

Japanese Female Facial Expressions (JAFFE) dataset available worldwide on internet. 

JAFFE dataset contains 210 expressions posed by 10 Japanese females. The proposed 

hybrid approach is also investigated on RTIFE dataset that is created with images of Indian 

faces captured in real time environment by the researcher. This dataset contains 753 

images of 44 Indian people and includes both male and females.  
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CHAPTER – 1 

Introduction 

1.1 Overview 

The human face plays an important role in interpersonal communication. The face is the 

easiest way to identify or judge the words spoken by person using lip reading. It becomes 

easy to understand someone’s intentional or emotional state from the facial expression. 

Facial expressions depicts person's mood in very effective way. It can be analysed whether 

a person is in good mood or not via his/her expressions. As per the research, verbal words 

or vocal accent of a message contributes more than the facial expression of the speaker. 

The research in social psychology also says that facial expressions are more effective way 

of describing person's mood whether a listener enjoyed or disliked the speech of speaker.  

Facial expression recognition is a process to identify or reveal the information of person's 

state of mind through expressions. Alternatively the expressions are the parameters used by 

computer to sense the person's emotions which lead to sense some kind of situation and act 

accordingly. For example, by determining the sad mood of a person who is driving a car, 

an automated system can play a song accordingly to make him/her out of stress. 

Although humans identify the expressions of face fundamentally without any exertion or 

interruption, recognition of reliable expression done by machine is still considered as a 

challenge. The problem of recognizing emotion from face is identified to be very 

multifaceted and tricky because the face expressions vary from person to person due to 

different age and ethnicity. Even though, majority people give expression in most similar 

manner, in few cases, the expressions differ due to various visual and non visual features. 

The various visual features are like bone structure, muscle structure and the tissue system 

while non visual features are such as experience, familiarity and attention. 

The complexity of recognition task is increased with presence of some factors like glasses 

on eyes, facial hair etc. Variation of Image size and orientation of face are also a big 
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challenge for recognition. Due to this, a fixed pattern of faces in images cannot be 

generated because different angle opaque some of the facial features. However, in practical 

applications like robotics, performance depends on environmental factors such as lighting 

conditions for facial point extraction algorithm. Due to this, reliable feature extraction is 

very difficult to achieve. 

1.2 Facial Expression Recognition System 

Facial Expression Recognition (FER) process consists of following three major steps: 

 Pre-processing the face image 

To obtain images with normalized intensity, uniform size and shape, pre-processing 

step is used. The basic idea to apply pre-processing techniques in facial expression 

recognition is to eliminate variations in illumination while the main facial features 

are kept unaffected.  

 Expression features extraction 

This step is consisting of extracting the features of facial expression from pre-

processed (normalized) image. Facial muscles get changed from normal condition 

due to the facial expressions. Hence, the feature extraction process is accomplished 

by investigating the modification in the location and appearance of facial features 

or classifications of facial features expressions. 

 Classification into expression categories 

The process of classification uses extracted features and categorizes them into some 

facial expressions-interpretative categories. There are seven universal expressions. 

They are Anger, Disgust, Fear, Happy, Neutral Sad and Surprise.  

1.3 Motivation 

Recognition and understanding of human facial expressions becomes worthy in the area of 

human-computer interaction. A person can make the people understand the matter using 

facial expressions almost effortlessly. The chance of building computers to distinguish 

facial expressions and utilize that information in Human Computer Interface has achieved 

noteworthy research interest in image processing research community. In system like  

Human-Computer Interface, if the intentions or mood of users from facial expressions can 

be sensed by computers, it become possible for the system to support them by suggesting 

appropriate suggestion according to the situation sensed by computers. Being nonverbal 
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communication system and recognising this natural communication in our future living 

environment with robots, the automatic human facial expression recognition becomes 

important and crucial in sophisticated automation systems, which motivates to develop 

such system to make communication between humans and computer more effective. 

1.4 Research Objectives 

A facial expression recognition system must be able to analyze and recognize the universal 

expressions, i.e. Angry, Disgust, Fear, Happy, Neutral, Sad and Surprise. Also the system 

should be such that recognition should be done accurately without any human intervention. 

The main objective of this research work is to develop algorithm which recognize facial 

expressions, from the face images having different lighting conditions and that is to be 

done without any human intervention. 

The major objectives of this research work can be summarized as follows: 

 To develop an algorithm for expression features extraction to recognize facial 

expressions. The pre-processing technique is to be applied before features are 

extracted to compensate the illumination variations from the images. The extracted 

features are to be given to classifier for recognition purpose. The algorithm is to be 

tested for still images of JAFFE database, which are captured with different 

lighting conditions. 

 To develop an algorithm which takes significance of region of interest in account 

while extracting features. The feature extraction algorithm which itself gives 

features with illumination compensation is to be applied on regions of interest. 

These regions of interest are those which are prone to change due to the 

expressions. The extracted features are to be given to classifier for recognition 

purpose. The algorithm is to be tested for JAFFE database.  

 To develop an algorithm that uses hybrid feature extraction technique to extract 

varied texture features from different regions of the faces. These regions are known 

as region of interest as they are prominent area which gets change due to the 

expressions. The extracted features are to be used for recognition of expressions. 

The algorithm is to be tested for JAFFE dataset as well as the Indian faces of males 

and females, that are captured in real time environment. 

1.5 Contributions 
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In this thesis, method for facial expression recognition system is suggested with different 

variations and combinations of pre-processing techniques, feature extraction techniques 

and classification techniques. Images from two different kinds of database are used. One, is 

Japanese Female Facial Expressions (JAFFE) and Real Time Indian Facial Expressions 

(RTIFE) , the database created by capturing Indian face images in real time environment 

with the help of webcam.  

The main contributions of this thesis can be summarized as follows: 

 The performance of facial feature extraction algorithm heavily depends on the 

environmental factors such as lighting conditions. Hence, proper pre-processing 

techniques are needed to compensate the illumination variation. An algorithm is 

developed where a pre-processing technique is applied first before feature 

extraction. The features are detected thereafter with the help of Canny Edge 

Detection. The algorithm is tested for recognition with Neural Network and KNN 

classifiers. 

 An algorithm called Local Binary Pattern (LBP) gives texture features which are 

invariant to illumination. Hence, an algorithm is developed which directly applies 

this feature extraction algorithm to extract features. There are few and specific 

regions in the face which are prone to change due to expressions. They are, eyes, 

eye brows, lips, nose and mouth. This characteristic is used to modify the LBP 

algorithm, where the LBP operator is applied to only specific regions of the faces 

that are two eyes and a mouth. They are called ROI (Region of Interest). The 

combined features extracted and concatenated from each ROI is given to Neural 

Network and KNN classifiers for the classification purpose. Images of JAFFE 

database are used for training and testing purpose. 

 As, the performance of recognition system is heavily dependent on how accurate 

the features are, a hybrid feature extraction technique is developed that uses 

combinations of different texture feature extraction algorithms. The feature 

extraction methods, namely, Local Binary Pattern (LBP), Principal Component 

Analysis (PCA) and Gray Level Co-occurrence Matrix (GLCM) are used 

collectively to extract features from different regions of the face. The concatenated 

features extracted from these algorithms are given to K nearest neighbour classifier 

for recognition purpose. This hybrid technique is evaluated on JAFFE dataset as 

well as RTIFE. 
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1.6 Organization of the Thesis 

The contents of the thesis are organized as follows. 

Chapter 1 deals with the general introduction of the research work. It elaborates about 

basics of facial expression recognition system and its applications. It also discuss about 

major contributions in this research work. 

Chapter 2 presents the details about the research work done in the same area and their 

conclusions. 

Three types of algorithms are proposed in the thesis and each one is explained briefly in 

chapter 3, 4 and 5. 

Chapter 3 explains the proposed FER system developed with the help of three different 

techniques, that are, DCT normalization and Canny edge detection methods. Neural 

network and KNN classifiers are explained which are used to classify expressions into 

universal categories. Images from JAFFE dataset are used to evaluate the proposed system. 

Chapter 4 presents the detail discussion of LBP algorithm and proposes modification to it. 

The effectiveness of the RLBP algorithm is measured on JAFFE database by using Neural 

Network and KNN classifiers. The chapter is ended with detail discussion of results and 

conclusions thereof. 

Chapter 5 proposes hybrid approach towards developing FER system. Three methods 

namely RLBP, RPCA and GLCM are discussed in detail with application of it on 

developing hybrid FER system. The novelty of this method is established by applying this 

approach to JAFFE as well as RTIFE dataset. The effectiveness of the method is discussed 

in form of results at the end of the chapter. 

Chapter 6 contains the main conclusions of all the work proposed in this thesis. It also 

explains the possible work to be carried out in the future. 
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CHAPTER – 2 
 

Theoretical Background and Literature Survey 

2.1 Theoretical Background 

Looking at the future livelihood environment with robots, automatic facial expression 

recognition and analysis has become an emerging area of research in the field of computer 

vision and image processing. Though variety of people may have dissimilar appearance for 

different expressions, but human can still identify a wide range of dissimilar expressions. 

Although someone’s face is unfamiliar for us, we can distinguish the person’s facial 

expression because of the universal expressions. According to Meharabian [1], significant 

communicative indication has been provided by facial expression, which creates 55 of the 

effect of a communicated message. That means, a person can understand someone's state 

of mind through his/her expressions in more effective way. Facial expressions reveals not 

only emotions, but also other mental activities which is used for social interaction. This is 

because human face and the expressions are the most commanding, adaptable and usual 

means of communication. And hence, nonverbal communication also plays a vital role in 

human computer interaction. 

Automatic facial expression recognition has wide potential applications, which includes 

behavioural analysis, video conferencing, lip reading, robotics, image retrieval, face 

animation and human emotion analysis. As humans communicate effectively and are 

responsive to each other’s expression states, expression recognition plays a significant role 

in recognizing one’s expression and in turn helps in building meaningful and responsive 

HCI interfaces. Facial expression recognition system is also used in the field of business, 

where the amount of satisfaction or dissatisfaction of people is very essential. There are 

various marketing techniques in which information is gathered from customers by surveys. 
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The great opportunity to conduct the surveys in the automatic way is using customer’s 

facial expressions to measure their satisfaction or dissatisfaction. 

As human has begun to work together more and more with robots and they are becoming a 

part of our living spaces and work spaces, it’s essential that they must be more intelligent 

to understand the human’s moods and emotions. To create this intelligent visual interface 

between the man and machine, facial expression recognition systems is very helpful. In 

medical field also, facial behaviour has been studied for psychological disorder diagnosis, 

as well as to assist people with some disabilities. As example, children with Autism 

spectrum disorder to develop their social skills by learning how to recognize expressions. 

 

FIGURE 2.1: Faces with Varying Illuminations [69] 

Although there are wide spread applications of facial expression recognition system, 

developing a reliable and automatic system is still a challenging problem. The FER system 

should be able to identify and classify individual expressions for different persons. Due to 

change in face expressions at time and also due to human mood, the complexity of 

recognition system much get increased. The culture of the person also plays an important 

role in identifying features. One of the most realistic problems is variations in illumination. 

Illumination changes appear when direction of light source gets changed. If images are 

taken in different lighting conditions, there is a possibility of illumination variation in the 

images. Changes in illumination make feature extraction part more difficult. To reimburse 

illumination variations, various pre-processing techniques are proposed in literature that 

can be applied before extracting features. Face image taken with variation in illumination 

is shown in Fig. 2.1. 

However, change in pose of the face also makes the expression recognition task more 

difficult. The face may look different due to the relative camera position. Due to different 
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camera angle, sometimes, facial features like nose or an eye develop partially or wholly 

occlusion. To overcome this challenge, different pre-processing techniques which are 

invariant to RST (Rotation Scaling and Translations) are applied. Fig. 2.2 depicts face 

images that have different pose conditions. 

 

FIGURE 2.2: Faces with Pose Variations [70] 

It is also possible to have faces with partial occlusion. Faces may be partially occluded due 

to facial hair, presence of spectacles, and presence of moustaches or beard. The occlusion 

on the face hides some or many of the features which may be crucial for expression 

recognition. Fig. 2.3 shows images having occlusion on the faces.  

 

FIGURE 2.3: Faces with Occlusion 

Due to the challenges in facial expression recognition task, as discussed, devising an 

automatic and reliable facial expression recognition system is still a challenge in the field 

of computer vision and image processing. 

2.2 FER Methodology 

Facial expression recognition is generally performed with face images having expressions 

on face. The entire process of expression recognition can be divided into three main steps, 

presuming that facial expression is available on input image. First step is to pre-process the 

input image to remove any unwanted information from the image. This step is required to 

remove noise from image, if any or to compensate the illumination variations if present in 

input image. Depending upon the application, the algorithm for pre-processing of image is 

chosen. Further step is to create tools for taking out the information of facial expression 

from pre-processed image. Last step is to identify some set of categories into which facial 
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expression would be classified [2]. This three step process can be depicted pictorially as 

shown in Fig. 2.4. 

 

FIGURE 2.4: FER Methodology 

2.2.1 Pre-Processing the Image 

Even though for humans the identification of facial expressions do not require any effort or 

time, it’s still a big challenge for machine to recognize reliable expressions. Many factors 

like presence of facial hair, glasses, pose of the faces, changes in illumination etc., make 

recognition a complex task. Presence of facial hair or glasses may hide few or many 

important features. Also, difference in orientation and size of the face in input images, 

opaque some of the facial features. Hence, some good pre-processing technique is required 

to apply on input images which have good insensitivity to RST (Rotation, Scaling and 

Translations) of the head. In applications like human computer interaction, the 

environmental factors like lighting conditions can also affect the performance of feature 

extraction algorithm heavily. Here too, the compensation in variation of illumination can 

be done by pre-processing algorithms in an input image.  

Weilong Chen et al. [3], presented a novel illumination normalization approach for FRS 

(Face Recognition System) under changing lighting conditions. In their proposed approach, 

discrete cosine transform (DCT) is used in logarithm domain for illumination changes for 

real time face recognition system, which eliminates the need for modelling step and 
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bootstrap sets but failed to the shadowing and specularity problems. Computer vision 

technique for illumination compensation to process the single channel face has been 

proposed by Yea-Shuan Huang et al. [4]. Their proposed method mainly consists of 

Homomorphic Filtering, Ratio Image Generation, and Anisotropic Smoothing. They 

demonstrated experimental results showing the effectiveness of algorithm and achieved 

high recognition accuracy with conventional classifier. But the algorithm is used for face 

recognition purpose that can be extended to facial expression recognition. 

Javier Ruiz-del-Solar et al. [5] investigated illumination compensation and normalization 

in eigenspace based face recognition by comparing several pre-processing algorithms. 

They concluded that the most suitable algorithms for achieving illumination compensation 

and normalization in eigenspace-based face recognition are SQI and the modified LBP 

transform. The presented method was evaluated for face recognition of images from 

standard dataset available on World Wide Web and hence do not address the issue of real 

time captured images. 

An algorithm based on the luminance mapping is proposed by Anders Hast et al. [6]. It can 

be utilised for removal of low frequency intensity variations and for increasing the contrast 

in areas of low contrast. The algorithm can be used for preserving the intensity of objects 

which are medium sized with varying colour or intensity than their environments. 

Luminance mapping is used by this algorithm for correcting illumination and to compute 

the local deviation and mean, which is acquired by applying Gaussian filter on downscaled 

input image. The resulting images are afterwards up-scaled to full size. Band pass filtering 

is used to remove large objects in an image, having a different intensity than their 

surroundings, to escape their washing out. This process is iterated multiple times, including 

removing, correction and adding, a better result is obtained due to the band pass filtered 

image inclines to contain some low variations, although, the algorithm is not investigated 

for face images. 

M. Jasmine et al. [7] proposed and used the histogram equalization and SVM based 

method to develop face recognition system for variant pose and illumination condition. 

They compare their proposed algorithm of Oriented Local Histogram Equalization (OLHE) 

with Local Binary Pattern (LBP) and Local gradient oriented Binary Patterns (LGOBP). 

They demonstrate the effectiveness of proposed algorithm with highest efficiency and 

recognition rates, for standard datasets having images captured in controlled environment. 
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Muwei Jian et al. [8] proposed an effective algorithm to compensate illumination and to 

enhance face images. Here it overcomes the Lambertian model limitation, as it does not 

require assuming a single-point light source. They claimed the algorithm suitable for any 

outdoor environments without any guess of light sources. Experiments have been 

demonstrated to show the effective performances of the proposed methods for face 

recognition rate and visual quality. 

Vassilios Vonikakis et al. [9] presented a new comparison framework, for helping 

researchers to select the most appropriate illumination compensation algorithm in pre-

processing applications of computer vision. The proposed framework represents an 

effective tool for approximating illumination compensation algorithms, highlighting their 

main features and second, it provides authority to their appropriateness for pre-processing 

in computer vision applications. They showed effectiveness of this framework by utilizing 

synthetic images, which are degraded by artificial illumination and these images are 

enhanced by the proposed tested algorithms. The illumination compensation method 

proposed by Ju Zhiyong et al. [10] consistently convert unequally lighted document image 

to equally lighted document image, then segment the equally lighted document. 

Experimental results show that the proposed method can get the correct equally lighted 

document images so that the document can be segmented precisely and this algorithm is 

more efficient to process unequal lighted document images than traditional binarization 

methods. The algorithm successfully overcomes the trouble in handling unequal lighting 

and improves segmentation quality noticeably. 

Yongping Li et al. [11] reviewed different methods of illumination processing in face 

recognition. They reviewed bilinear illuminating, Lambertian lighting, bilinear 

illuminating and some recent models under changed state of face like different facial 

expression head pose and how illumination impacts the result of recognition. They gave 

the solution to fuse Thermal-IR and visible sensors for illumination-invariant face 

recognition. A novel approach has been presented by Ahmed Mhariv et al. [12] on the 

effect of light compensation on a skin colour detection model which is based on the 2-

dimensional normal distribution of the skin chromatic. Author used a number of images 

captured in indoor and outdoor environments to prove the effect of the proposed algorithm 

which is based on the normal distribution of the skin chromatic subspace. The model used 

the 2D SGM and GMM to represent the skin colour distribution and also based on the 

image segmentation using an automatic and adaptive multi-thresholding technique. 
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Zhang Haiyang [13] presented work using PCA as feature extraction technique for face 

recognition. As PCA technique is highly affected by changes in illumination as well as 

noise in the image, five pre-processing techniques are used to pre-process the image, 

namely, Intensity normalization, Gray world normalization, Comprehensive colour image 

normalization, Standard definition of hue and Statistical methods. However, results are not 

concluded in terms of recognition rate. G. Hemalatha et al. [14] have experimented various 

pre-processing techniques for face image recognition. As pre-processing is needed to 

compensate lighting variations, or pose variations, different techniques are used. Authors 

used median filter for colour normalizations and noise reduction. For edge enhancement, 

Gabor filter is used. Image contrast for illumination variation is achieved using Histogram 

Equalization. The hybrid filters with Histogram Equalization produced enhanced quality of 

image. 

Sagar Adatrao et al. [15] presented work on different image pre-processing methods and 

compared them based on their capability to eliminate noise and to segment the images. 

Median filter and Wiener filter and image segmentation methods namely, Canny edge 

detection, Sobel,  Laplacian of Gaussian (LoG), Prewitt, Roberts basic global thresholding 

(BGT) and Otsu's global thresholding (OGT) are applied. The pre-processing results are 

effectively compared by visual inspection of image. However, it is not sufficient to 

compare different pre-processing methods by visual inspection. Therefore, root mean 

square (RMS) errors in centroid detection using Hough transform are used to compare 

results of different pre-processing techniques. Comparison of RMS errors show that for 

images of low SNR value, Median filter gives good result, while for images of high SNR 

values, Wiener filter performed better. P. Rajeswari et al. [16] explored four pre-processing 

techniques namely, Gamma Intensity Correction, Logarithm Transform, Histogram 

Equalization and Discrete Cosine Transform to compensate illumination variations in 

image. Authors have tested each technique for images with the same head pose and one 

facial expression that is surprise.  

2.2.2 Facial Expression Feature Extraction 

The second step in facial expression recognition methodology is to formulate mechanisms 

to extract information of the facial expression from pre-processed image. For static images, 

this process of extracting the information of facial expression is known as localizing the 

face and its features in the scene. In sequences of facial image, this process is known as 
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tracking the face and its features in the scene. The facial features that are prominent 

features of the face are eyebrows, eyes, nose, mouth, and chin. The methods for extracting 

features of facial expression can be, divided into two major approaches, geometrical 

feature-based and appearance-based [17]. The geometrical feature-based methods depend 

on the geometric facial features, which can be and locations and the shapes of facial 

components like nose, eyes, mouth, eyebrows etc. For appearance-based approaches, 

feature extraction uses the whole-face or specific regions in a face image through optical 

flow or some types of filters. 

Feature Extraction using Geometric features: Facial Expressions on face can be 

revealed by determining characteristics of expressions from the face. Face geometry can 

help for the same. Facial expression deforms the geometry of face and few specific facial 

regions in large way. For example, the length and width of mouth can be different during 

surprise expression compared to neutral face. This measure can be used to extract 

information about surprise expression. Similarly, distance between eyebrows and eyes gets 

changed during surprise expression, which can be taken into account as feature 

information. Literature shows varied FER techniques that are using geometric features, few 

of which are reviewed further.  

Liying Ma et al. [18] presented a new facial expression recognition method that utilizes K-

means algorithm, 2-D DCT and vector matching. They divided complicated facial 

expression such as anger and sadness into several subcategories which is clustered using 

K-means algorithm. The experimental results are shown only on five facial expressions 

that are neutral, smile, anger, sadness and surprise. Keith Anderson et al. [19] presented a 

real-time face recognition system which is fully automated. It uses facial motion to 

describe monochrome frontal views of facial expressions and is able to work well in messy 

and dynamic scenes, recognizing the six emotions. Spatial ratio template tracker algorithm 

is used to locate faces. Robust gradient model in real time is implemented for determining 

the optical flow of the face. The expression recognition system then takes the mean of 

facial velocity information over recognised areas of the face and cancels out rigid head 

gesture by taking ratios of this averaged motion. The experimental result shows the 

recognition rate in limited environment around 75%. 

Junkai Chen et al. [20] proposed feature extraction technique which works on face 

components instead of entire face. As facial expressions are caused by facial muscle 
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movements, these movements were labelled by Histogram of Oriented Gradients (HOG) 

features. Support vector machine is used as a classification tool which uses these encoded 

features for training purpose. Authors experimented the results on two databases, JAFFE 

and CK+. Aruna Bhadu et al. [21] used two different techniques for facial feature 

extraction, namely, Discrete Cosine Transform and Wavelet Transform. The hybrid 

features are extracted with the help of DCT and DWT and Adaboost-based classifier is 

used for classification. The experiments performed on JAFFE database shows that hybrid 

features gives better result compared to individual feature extraction technique. 

S. P. Khandait et al. [22] proposed combination of SUSAN edge detector, edge projection 

analysis and facial geometry as feature extraction techniques. Morphological operations 

are also used for localizing face and face components. The hybrid features are obtained 

from gray scale images of JAFFE dataset. Feed forward back propagation neural network 

is used for classification. More than 95% accuracy is claimed by the authors where it was 

noted that images were with frontal pose and captured in controlled environment. Hong 

Bao et al. [23] proposed a new feature extraction method based on Bezier curve. Bezier 

control points are used to identify key parts of the face like eyes, eyebrows and mouth. As 

the facial components, having curvature shape, can be easily mapped with curve, the four 

control points of Bezier curve is used to locate them. The neutral expression is used as a 

template for extracting deformation information of face components so as to identify the 

different expressions. Support vector machine is used for classifying the expressions of 

faces from JAFFE dataset. 

Elena Lozano-Monasor et al. [24] presented a method for real time facial expression 

recognition of elderly people. The proposed method is based on geometric features. The 

features are extracted with the help of active shape model. Active shape model is used to 

track the fiducial points and then threshold segmentation is applied to determine position 

of mouth. After extracting geometric features, SVM classifier is used to classify 

expressions into seven universal categories. Eva Cerezo et al. [25] presented an automated 

facial expression recognition system based on facial feature’s tracking. Classification of 

expressions is done based on the changes in certain distances and angles from the neutral 

face. The experimental results show the recognition rate ranges from 34% to 84%.  

Mohammad Shahidul Islam et al. [26] presents a technique to extract features for facial 

expression recognition invariant to lighting conditions. The work presented is finding 
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direction of a pixel having specific rank among its neighbouring pixels. The rank is given 

based on the gray scale value. It is concluded that second minima of the gray scale value 

gives best recognition rate. The classification of expressions is done using support vector 

machine. The experiments are carried out on CK+ dataset. 

Feature Extraction using Appearance Features: As discussed previously, features of 

expression play vital role in recognition accuracy. Although geometric features based 

techniques provide comparable recognition rate, appearance based features also have been 

used by many literatures for FER purpose. Appearance based features meant for the 

features that concentrate on change of appearance of face or facial parts. One of the 

possibilities is to extract texture information of face or facial regions. The wrinkles and 

bulges appearing due to expression can also be accounted as appearance features. Brief 

review of the literature using these kinds of features is described below.  

P. Mohanaiah et al. [27] presented gray level co-occurrence matrix (GLCM) applied for 

extraction second order statistical texture features for estimating motion of images. The 

features namely, Entropy, Angular Second Moment, Inverse Difference Moment 

Correlation are computed. The results show that these texture features have high accuracy 

of discrimination and it takes less computation time and hence effectively used for 

applications of real time pattern recognition. S L Happy et al. [28], proposed a novel 

framework to express recognition with the use of presence features of selected facial 

patches. A few noticeable facial patches, depending on the position of facial landmarks, 

have been extracted which are active through emotion elicitation. These active patches are 

further processed which have discriminative features to classify each pair of expressions. 

One-against-one classification method is used to obtain these features. An automated 

learning-free facial landmark detection technique has been proposed, which achieves 

similar performances compare to other state-of-art landmark detection methods, but takes 

considerably less execution time. The proposed method performs well steadily in changing 

resolutions, and giving a solution to recognize expression in images of low resolution.  

Hung-Fu Huang et al. [29] proposed facial expression recognition method using Speeded-

Up Robust Features (SURF) technique. Probability density function is used as initial 

classification. Weighted majority voting classifier is used finally to get output of 

recognition.  The proposed method is experimented on JAFFE database where more than 

90% accuracy is claimed. Seyed Mehdi Lajevardi et al. [30] examined the performance of 
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different feature extraction methods for facial expression recognition, which uses the local 

binary pattern (LBP) operator and higher-order local autocorrelation (HLAC) coefficients. 

Autocorrelation coefficients are characteristically shift-invariant, less time consuming and 

fairly robust against changes in facial expression. Recognition of expressions from images 

having different resolutions are focused. The entire process of recognition, which includes 

face detection, feature extraction, feature selection and classification, is fully automatic. 

Results using local binary pattern operator (LBP) in low resolution images improved the 

average percentage of correct classifications from 65.9% to 69%. The precision for high 

resolution images based on HLAC features was better than LBP features, yet the 

complexity and time consuming were more notable in HLAC feature extraction process. It 

is concluded that yet the total recognition ratios are improved in LBP operator, it is not as 

good as HLAC features in high resolution images. 

Siti Khairuni Amalina Kamarol et al. [31] proposed a facial expression recognition method 

which uses appearance based feature extraction using spatiotemporal texture map (STTM) 

to extract features. This method is used due to its ability to capture spatial and temporal 

changes of facial expressions. Three-dimensional Harris corner function is used to extract 

spatiotemporal information from faces. The histogram of these features is used to classify 

the expressions with the help of support vector machine classifier. 84.52% recognition rate 

is claimed for real world expressions. Vedantham Ramachandran et al. [32] proposed new 

algorithm based on Particle Swarm Optimization for selection of features. Authors used 

PCA algorithm to extract principal components of features and then optimize the features 

using particle swarm optimization technique. The optimized features are then given to 

back-propogation neural network for classification purpose. It is concluded that optimized 

features give better recognition rate compared to PCA features. 

Feature Extraction using Hybrid Features: Geometric features and appearance based 

features can be combined to extract feature information for FER purpose. The idea behind 

combining both types of feature is to make feature extraction part more commanding and 

powerful that can result in improved recognition rate. The discussion below shows the 

literatures that are using these fundamentals. 

Aliaa Youssif et al. [33] presented automatic facial expression recognition (AFER) for a 

computer vision system, which consists of extraction of facial feature and pattern 

recognition parts that separates among different facial expressions. A combination between 
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holistic and analytic methods is used to extract 83 facial expression features. Six basic 

emotions are recognized by Artificial Neural Network with radial basis function. 

Toan Thanh Do et al. [34] proposed combination of geometric feature based method with 

independent component analysis. The paper presents comparison between geometric 

feature based method combined with PCA method and geometric feature based method 

combined with independent component analysis method. This method is using second and 

higher order statistics compared to principal component analysis. Features are extracted 

from different regions of the face like eyes, mouth and nose. The combined features are 

applied to neural network for classification. The experimental results, claimed as more than 

90%, are shown on CalTech dataset as well as dataset created by researcher.  

Ali K. K. Bermani et al. [35] proposed hybrid approach for feature extraction technique for 

recognition of expressions. The geometric based features and appearance based features 

are combined for feature extraction. Radial Basis Function (RBF) based neural network is 

used as classification. Average recognition rate of 94% is achieved for person independent 

expression classification. Experimental results show that the fear and sad expressions gives 

minimal recognition rate compared to other expressions. Anas Abouyahya et al. [36] 

presented state-of-art review on various feature extraction techniques for facial expression 

recognition. The methods, namely, Active Contours Models, Active Shape Models, Active 

Appearance Models and Constrained Local Models are reviewed. Although, no 

experimental results are shown. 

2.2.3 Facial Expression Classification 

The third and final step in facial expression recognition methodology is to describe some 

set of categories into which facial expression would be classified [37]. The expressions are 

to be classified into some interpretive categories. Many of the previous works 

[20][21][22][23] on facial expression recognition are based on the presence of six universal 

expressions (disgust, anger, fear, surprise, happy and sad). While, many of the recent 

research work also includes neutral face as one of the expression, hence the expressions 

needed to be classified into seven categories. The universal expressions are shown in Fig 

2.5. 

Classification using Neural Network: Artificial neural network is a supervised 

classification technique where working of neurons in neural network is similar to the actual 

working of neuron structure of human brain. The processing of records gets done one at a 
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time by neural network. The network learns by comparing its classification of the samples 

with the available authentic classification of the data. The errors from the preliminary 

classification of the first sample is served back into the network, and used to change the 

networks algorithm for further iterations. 

 

               Angry                            Disgust  Fear                          Happy 

 

                                 Neutral                           Sad                          Surprise 

FIGURE 2.5: Facial Expressions [75] 

A neuron in an artificial neural network is defined as a set of input values and associated 

weights. A training function adds the weights and associates the results to an output. In 

general neural network structure, three layers are configured for organizing neurons that 

are input layer, hidden layer and output layer. The input layer comprises value of records 

that are to be given as inputs to the next layer of neurons. Hidden layer is the next layer. 

One Neural network may consist of several hidden layers. Then number of hidden layers 

can vary based on the application. The output layer is the final layer, where each node is 

available for each class.  

An important characteristic of neural networks is an iterative learning process. Here 

records (rows) are presented to the network one at a time, and the weights associated with 

the input values are accustomed each time. The process is repeated after all cases are 

presented. Through this learning phase, the network trains by regulating the weights to 

predict the exact class label of input samples. Many FER algorithms have been using 
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neural network as a classification technique due to the high tolerance of neural network to 

noisy data as well as their ability to classify patterns on which they have not been trained. 

Ke Shan et al. [38] presented method which uses deep convolution neural network (CNN) 

to improve a facial expression recognition system, which is capable to discover deeper 

feature representation of facial expression to achieve automatic recognition. They proposed 

system which is composed of the input module, the pre-processing module, the recognition 

module and the output module. The work is simulated and evaluated on two databases, 

Japanese Female Facial Expression Database (JAFFE) and the Extended Cohn-Kanade 

Dataset (CK+). Performance of the system is evaluated under the influence of different 

factors like network structure, learning rate and pre-processing. They also compared results 

with K-nearest neighbour (KNN) algorithm. The accuracy of the proposed system reaches 

76.7442% and 80.303% in the JAFFE and CK+, respectively. 

Xiaoguang Chen et al. [39] presented an improved method of facial expression recognition 

based on CNN. A new convolution neural network structure is designed which uses 

convolution kernel to extract implicit features and max pooling to reduce the dimensions of 

the extracted implicit features. CK+ facial expression database is used for simulation 

purpose. Junnan Li et al. [40] demonstrated effectiveness of deep neural network on CK+ 

database. Presented work uses one input layer, two hidden layer and one output layer for 

classifying seven universal expressions. Greedy strategy is used to train neural network. A 

multilayer back propagation neural network, trained with Zernike moments was used by 

Mohammed Saaidia et al. [41]. The neural network is configured with three layers of 

neurons, one for each input, hidden and output layers. Facial expression recognition using 

bank of multilayer perceptron neural network was proposed by Seyed Mehdi Lajevardi et 

al. [42]. Six different neural networks were trained for six different emotions and 

classification was obtained for static images of Cohn-Kanade database. Young-Hyeb 

Byeon et al. [43] proposed expression recognition methodology where 3D-Convolution 

neural network is used. The experiments are performed on video. The neural network 

structure have 5 layers respectively for input, convolution, sub sampling, convolution and 

sub sampling. The experimental results performed well compared to traditional methods. 

Classification using Support Vector Machine (SVM): Support Vector Machines are 

supervised learning classification technique which analyses data to be used for 

classification and regression analysis. The SVM algorithm was originally introduced by 
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Vapnik [44], and further extended by many researchers. SVM, when used for classification 

purpose, separate a given set of training samples with a hyper-plane that is maximally 

away from them. This can be work out when samples are linearly separable. If the samples 

are such that are not linearly separable, technique of kernel is used which does non-linear 

mapping with feature space [45]. Polynomial kernel and Gaussian kernel are two most 

used kernel functions in non-linearly separable samples. The distance between sample 

point and decision boundary is multiplied with output label to determine classification. If it 

gives a positive value, sample is considered to be correctly classified.  

SVM has been used by many researchers [48][49][50][51] for facial expression 

classification and recognition. Liyuan Chen et al. [46] presented work for person relevant 

and person irrelevant expression recognition. SVM with both linear function and Radial 

Basis function (RBF) is used for classification purpose. Recognition of approx. 80% is 

achieved for few of the cases. Irene Kotsia et al. [47] also uses SVM for their proposed 

facial expression recognition technique for image sequences. The manual intervention is 

required to select face marker for first frame of the sequence. The displacement of the face 

markers from one frame to other frames, is used as an input to multiclass support vector 

machine for classification purpose. Authors used two-class SVM and modified two-class 

SVM for classification. The classical SVM method is modified such that classification can 

be obtained by constructing the optimal separating hyper plane for separable and non-

separable cases. The image sequence of CK+ dataset is used for experimental work. 

Authors concluded that modified SVM performs better compared to original two-class 

SVM.  

Chun Fui Liew et al. [52] have investigated performance of SVM classifier among seven 

other classification techniques. The experiments were performed on four major datasets of 

facial expressions and concluded that SVM along with feature selection using Adaboost 

performs better compared to all other feature extraction and classification combination 

techniques. 

Classification using K-Nearest Neighbour: K-Nearest neighbour, known as KNN, is a 

supervised classification technique widely used in pattern recognition applications. The 

input has k closest training samples in the feature space. The output is a class membership. 

An object is categorized by a maximum vote of its neighbours, with the object being 

allocated to the class most common among its k nearest neighbours. The value of k is a 
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positive integer, generally small. If k = 1, then the object is merely allotted to the class of 

that single nearest neighbour. 

Predicting the target class by finding the nearest neighbour class is the simplest version of 

the K-nearest neighbour classifier algorithms. Euclidean distance is generally used as a 

distance measure to identify the closest class. The best choice of k depends upon the data 

to be used for classification. If k values are larger then it minimizes the effect of noise on 

the classification, but make restrictions between classes less distinct. Various heuristic 

techniques can be used to select good k value. The special case where the class is expected 

to be the class of the closest training sample, i.e. when k = 1 is named the nearest 

neighbour algorithm. The accurateness of the k-NN algorithm can be strictly degraded by 

the existence of noisy or irrelevant features. 

Due to its simplicity of implementation and quick execution for small training data 

samples, many researchers [53][54][55] have used KNN as classification method for 

developing FER techniques. The result optimization have been done by varying size of 

neighbourhood i.e. value of k. None of the literature has shown any determined technique 

to decide the value of k. Hence, it is concluded that the value of k is solely dependent on 

the application and more precisely, on the kind of input features given to classify the 

samples. 

2.3 Summary 

It can be summarized from the literature that FER system is much in demand due to its 

versatility and applicability for various human computer interface systems. The day to day 

life is getting advanced, more precisely, replaced by various automated systems. FER is 

one of the major applications towards automation. Automated and real time FER involves 

many parameters to be addressed, like, lighting conditions, resolutions of camera, 

occlusion on face, pose of the face etc. Numerous literatures can be found addressing many 

of the above issues still fully automated and real time FER is a challenging task. 

As mentioned, FER system basically consists of three major steps to be performed, those 

are, pre-processing the image, facial expression feature extraction and expression 

classification. Majority of the literature have concentrated on these three steps using varied 

techniques. Pre-processing of the image is the beginning step towards any FER system, as 

described above. This step is used to make the input image uniform and consistent as far as 

resolution and lighting conditions is concerned. The techniques which can normalize the 
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intensity value of pixels of an image can be helpful in achieving the task of lighting 

condition and resolution invariance. The geometric transformation, like rotation and 

scaling needs to be applied to make the image into proper pose and shape. The 

normalization of input images boost up the possibility of positive recognition.  

FER system is highly dependent on accuracy of features used for classification and 

recognition. Feature extraction phase is the most significant part of the entire FER process. 

And hence, most of the research is highly concentrated on development of expression 

feature extraction techniques and its accuracy towards recognition. Although, many 

techniques are available for the same, there is a scope of advancement considering real 

time FER system. A real time FER system needs to be able to process the images which 

are captured in real time environment with different cluttered background, resolution and 

lighting conditions. Many techniques have been explored by researchers which extracts 

features that are themselves invariant to certain conditions. The characteristics of such kind 

of feature extraction techniques can be exploited in development of real time FER system. 

Along with feature extraction, classification also plays an important role in recognizing the 

facial expressions. Various classifiers are explored by researchers that are prominent in the 

field of pattern recognition. For each classifier, training is the most important phase in 

classification and recognition. Each classifier has to be trained with proper training data to 

classify the pattern into appropriate class. In particular, Neural Network, K-nearest 

neighbour and Support vector machine are most widely used for FER purpose.  

 



FER using Canny Edge Detection 

 

23 
 

 

CHAPTER – 3 
 

FER using Canny Edge Detection 

3.1 Introduction 

Facial expression recognition methodology proposed in this chapter is working upon 

mainly three aspects of recognition task, that are, pre-processing the image, facial 

expression feature extraction and classification into expression categories. As the image 

quality may affect the process of recognition considerably, it is desirable to make the input 

images uniform in terms of any variations it has. The proposed approach has used canny 

edge detection method for feature extraction, which may get affected due to noise in image 

or varied illumination and resolution of image. Considering this fact, the proposed 

algorithm uses DCT Normalization technique to pre-process the input image, specifically, 

to compensate illumination variations of the image. Thereafter, the pre-processed image is 

used to detect features with the help of canny edge detection method. Finally, Neural 

network and KNN classifiers use the extracted features to classify expressions into seven 

universal expression categories, that are, angry, disgust, fear, happy, neutral, sad and 

surprise. The schematic diagram of proposed architecture is shown in Fig. 3.1. 

3.2 Methodology 

3.2.1 Pre-processing using DCT Normalization 

First step in facial expression recognition methodology is to pre-process the input image to 

remove any unwanted information from the image. Pre-processing step is aimed to obtain 

images which have normalized intensity, uniform size and shape. It may also require 

removing noise from image, if any. Depending upon the application, the algorithm for pre-

processing of image is chosen. 
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FIGURE 3.1: Proposed Architecture 

The human visual system generally do not face problem in recognizing person or person's 

expressions due to variations in illumination. The reason is, human visual system always 

look at main features of a face, such as shape or deformation of facial features, in 

recognizing face or facial expressions. In contrast, an automated computer system can't 

visualize these changes and hence encounters problems in recognition. And hence, one of 

the objectives for applying pre-processing techniques in facial expression recognition is to 

remove illumination variations while keeping the main facial features unchanged.  

One possible way to deal with illumination variation is to normalize the face image to a 

standard form under consistent lighting conditions. DCT Normalization is a filtering 

technique that can reduce the effect of lighting conditions and improve image quality [3]. 

The technique sets a number of DCT coefficients corresponding to low-frequencies to zero 

and hence tries to achieve illumination invariance. DCT normalization is performed using 

three steps that are, converting an image into logarithm domain, finding DCT coefficients 

and illumination compensation. 

1. Logarithm Transform 

Logarithm transform is used in image enhancement to expand the values of dark pixels. 

The further explanation shows why illumination compensation should be implemented in 

logarithm domain.  
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The image gray level f(x, y) can be assumed to be proportional to the product of the 

reflectance r(x, y) and the illumination e(x, y). 

 (   )   (   )   (   )      (3.1) 

Taking logarithm transform, we have  

    (   )        (   )       (   )     (3.2) 

Let e’ is the desired uniform illumination (it will be same for all pixels) 

     (   )        (   )              (3.3) 

     (   )       (   )       (   )    (   )   (3.4) 

     (   )       (   )    (   )     (3.5) 

where, log f’(x,y) is the pixel value under desired uniform illumination. From(3.5), it can 

be concluded that the normalized face image can be obtained from the original image by 

using an additive term e(x,y), which is called compensation term, where, compensation 

term is the difference between normalized illumination and the original illumination in the 

logarithm domain. 

2. Discrete Cosine Transform 

In every image, pixels reveal certain kind of correlation with its neighbouring pixels. A 

mapping of this correlated data into uncorrelated coefficients can be achieved by transform 

coding. Transform coding is based on these fundamentals. DCT is also a transformation 

coding that try to decorrelate the image data.  After decorrelation, each coefficient can be 

encoded individually without losing image information. The benefit of image 

transformation is to remove the redundancy between neighbouring pixels. This 

decorrelation can be best achieved by DCT. To obtain all frequency components of the 

image, the DCT can be performed on the face image using (3.6). 
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3. Illumination Compensation 

As shown earlier, illumination compensation can be obtained by adding or subtracting the 

compensation term e(x,y) of (3.5) in logarithm domain. Here it is required to know the 

details like where illumination variations and important facial features are. However, 

compared to reflectance, illumination usually changes slowly, which results illumination 

variation in low frequency band. Therefore, illumination variations can be reduced by 

removing low-frequency components. So, it will work like a high pass filter. As mentioned 

earlier, setting the low-frequency DCT coefficients to zero makes compensation of 

illumination variation, raises fundamental question that which coefficients and how many 

coefficients should be made zero. If we see standard deviation of the DCT coefficients 

having greater magnitude mainly lies in upper-left corner of the DCT coefficient matrix. 

And hence, illumination variations of face images can be compensated by discarding these 

low frequency components. The manner of discarding low frequency coefficients are 

shown in Fig. 3.2. 

 

FIGURE 3.2: Illumination Compensation [3] 

We have tried to vary number of DCT coefficients to be made zero from 5 to 30 for input 

images of resolution 256 x 256. The results obtained by making 5, 10, 15, 20 and 30 DCT 

coefficients zero respectively are shown later in the result section of this chapter. It can be 

visually concluded from the results that making large number of DCT coefficients zero 

makes an adverse effect on image quality and hence number of coefficients in the range of 

10 to 20 can be considered as applicable.  

3.2.2 Feature Extraction using Canny Edge Detection 

Feature extraction is an imperative step in any pattern recognition process, where 

sometimes pattern word is also used as feature descriptor. The aim of feature extraction is 
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to identify and collect the most relevant and important information from the image. Here, 

features are those important characteristics of image which can be utilized in the 

recognition process. The desirable property of any feature is the uniformity and 

repeatability in same kind of images. Considering features of facial expression images, one 

expression generates same or more of same kind of features. The nearby variation in input 

image's features' values or in location of features' presence in an image can be considered 

by classifier and image will be classified in same class. But variation in an image features, 

may be due to some external factors, will result in wrong classification. Thereby, feature 

extraction task is considered as most critical part of any pattern recognition process. 

Canny Edge Detection: In an image, edge pixels are those pixels at which the intensity of 

a pixel changes abruptly. Edges are called sets of connected edge pixels. A line can be seen 

as an edge segment where the intensity of background on either side of the line will be 

either much higher or much lower compared to the intensity of line pixels.  

Edge models are classified based upon their intensity profile. A step edge is called when a 

transition between two intensity levels occurs over the distance of 1 pixel. Edges can also 

be modelled as having an intensity ramp profile, where the slope of the ramp is inversely 

proportional to the degree of blurring in edge. Third type of edge is called roof edge that 

can be modelled as lines through a region determined by the thickness and sharpness of the 

line. These three types of edges with their intensity profile can be seen in Fig. 3.3. 

 

 

  

 

   

 

   

 

 

 

FIGURE 3.3: Step, Ramp and Roof edges 

The edges and change in intensity levels of the edges can be obtained by first and second 

derivative of the intensity. If we consider ramp edges, moving from left to right along the 

intensity profile, first derivative will be positive at starting of the ramp and at points on the 

ramp, and it will be zero in areas of constant intensity. While, second derivative is positive 

at the beginning of the ramp, negative at the end of the ramp and zero on the points on the 
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ramp where intensity is constant. It can be concluded that magnitude of the first derivative 

can be used to detect the presence of an edge in an image. Also, sign of the second 

derivative can be used to determine whether an edge pixel lies on the dark or light side of 

an edge. 

An image processing techniques used to detect the edges are known as edge detector. 

Canny edge detection algorithm [71] is derived using a step edge model. The basic steps 

followed by canny edge detector are as follows: 

1. Smooth the input image with a Gaussian filter. 

It is possible that image captured through camera may contain noise. To prevent that noise 

is mistaken for edges, it is preferable to remove noise before edge gets detected. Canny 

edge detection first smoothen the image by applying a Gaussian filter. Equation3.7 shows 

the kernel of a Gaussian filter with a standard deviation of σ = 1.4. 

     (3.7) 

2. Compute the gradient magnitude and angle images. 

Gradient of the image is used to find the area of the image where the gray scale intensity 

value of the images changes most. At each pixel of the smoothed image, gradient can be 

determined with the help of Sobel operator. The basis matrix to approximate gradient in x 

and y-direction is shown in (3.8). 

    [
    
    
    

]     [
   
   
      

]    (3.8) 

The gradient magnitudes, which are also known as edge strengths, can be found using 

(3.9). 

       (3.9) 
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3. Apply nonmaxima suppression to the gradient magnitude image. 

The aim of applying non-maxima suppression to the gradient image is to convert the 

blurred edges into sharp edges by retaining all local maxima in the gradient image and rest 

of the pixels will be deleted. Following process is done for all pixels in the gradient image. 

a. The gradient direction, θ, is rounded near to 45º considering 8-connected 

neighbourhood to be used.  

b. The edge strength of the current pixel is to be compared with that of the pixels in 

positive and negative gradient direction, that is, if the gradient direction is north, 

comparison is to be done with north and south direction pixels. 

c. If the current pixel's edge strength is largest, the value of the edge strength will be 

preserved. All other pixels' value will be removed. 

4. Use double thresholding and connectivity analysis to detect and link edges. 

The reason to apply thresholding is to remove false edges that may get detected due to 

some noise. Here, the pixels remaining after non-maxima step will be marked with their 

edge strength. From these edges, there may be some true edges and some of them false. To 

distinguish between these edges, a threshold is to be applied and those edges which are 

having value greater than threshold, would be preserved.  

Canny edge detector uses double thresholding. Here, the edge pixels that have value 

greater than threshold are called strong edges. Those are having value lower than threshold 

would be discarded and the edge pixels having value between two threshold would be 

marked as weak edges. 

ROI Extraction: A region of interest, usually called as ROI, is a specific area in an image 

that can be used to narrow down certain calculations. The ROI selection is generally done 

as an intermediate step in an entire process, that is, when user wants to focus on tuning a 

specific area of the entire image. Many times, a situation in an application arises where 

there are small area that needs more attention. By stipulating a region of interest that 

surrounds only this small area, we can allow our algorithm to deal exclusively with the 

pixels we select. No extra processing time will be spent in computing portions of the input 

image that is of less important in an application. These areas may be specified and selected 

by user manually or can be automatically obtained with the help of some algorithms.  
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The work presented here concentrates on expression in a face image. As discussed in 

previous section, facial expressions can be revealed by looking at specific area of a face 

image. For example, a happy expression widens the lips and may also generate wrinkles 

near mouth, due to which height and width of the mouth may get changed. Similarly, 

surprise expression widens the eyes as well as mouth. Angry and disgust expressions is 

generated by deformation of facial movements near eyes and eyebrows.  

That means, few specific areas of a face, like eyes, eyebrows, nose and mouth plays a vital 

role in revealing all expressions. The remaining area of face, like area near ear, or upper 

portion of forehead does not contribute in expression generation. And hence, features 

extracted from those areas, which do not contribute in expression, will not make much 

effect in overall recognition result. Considering this fact, proposed approach uses two eyes, 

two eyebrows and a mouth as ROI for extracting features, instead of entire face. 

The proposed work applies knowledge based approach in determining different regions 

from the face. It is known that eyes and eyebrows lie in upper part of the face, while mouth 

is found in lower part of the face. Using this knowledge, the edge image is divided into 

lower and upper part. To detect eyes and eyebrows, upper part of the face is chosen. After 

finding the edge image, an iterative search algorithm is applied which traverses in the 

vertical direction and counts the number of white pixels in horizontal overlapping blocks. 

The block which contains maximum number of white pixels is the required block which 

contains the two eyes. For extracting mouth region, lower part of the face image is used. 

The same iterative search algorithm is used to find the area where maximum number of 

white pixels can be found in lower part of the face, which designate mouth area of the face.  

Feature Extraction: The ROIs found from an edge image, are further processed to extract 

some important features. Again, an iterative search algorithm is applied on these regions 

which traverses in vertical and horizontal direction and extract the information like height 

of the mouth, width of the mouth, distance of corner point of the eye with corner point of 

the eyebrow etc. Total 14 such feature points are detected and extracted from various ROI 

to process further for recognition. These feature points are listed below. 

i. Left eyebrow width 

ii. Distance between left corner point of left eyebrow and left eye 

iii. Distance between centre point of left eyebrow to left eye 

iv. Distance between right corner point of left eyebrow and left eye  
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v. Left eye height 

vi. Left eye width 

vii. Right eyebrow width 

viii. Distance between left corner point of right eyebrow and right eye 

ix. Distance between centre point of right eyebrow to right eye 

x. Distance between right corner point of right eyebrow and right eye  

xi. Right eye height 

xii. Right eye width 

xiii. Mouth height  

xiv. Mouth width  

The feature points listed above are extracted for each image and a single enhanced feature 

vector is used as an input to the classification stage which is described further. 

3.2.3 Classification  

Classification using Neural Network: Neural network is an information paradigm that is 

inspired by the biological nervous system Large number of highly interconnected neurons 

makes this unique structure of the information processing system. From training data or 

initial experience, Neural Network is able to learn how to perform tasks. During learning 

time from collected information data, it can form its own structure. An artificial neuron is a 

device with multiple inputs and single output. The neuron has two approaches of operation; 

the training mode and the using mode. In the training mode, the neuron can be trained to 

fire, for certain input arrangements. In the using mode, when a taught input pattern is 

identified at the input, its corresponding output becomes the present output. If the input 

pattern does not fit in the taught list of input patterns, the firing rule is used to conclude 

whether to fire or not. 

The commonest type of artificial neural network as shown in Fig.3.4 having three layers, a 

layer of "input" units is connected to a layer of "hidden" units, which is connected to a 

layer of "output" units.  The fresh information is fed into the network. The activity of each 

hidden unit is described by the activities of the input units and the weights on the 

connections between the input and the hidden units. The performance of the output units be 

determined by action of the hidden units and the weights between the hidden and output 

units. 
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FIGURE 3.4: Common type of Neural Network 

Every neural network holds knowledge which is contained in the values of the connections 

weights as shown in Fig. 3.5. Changing the knowledge stored in the network as a function 

of experience denotes a learning rule for changing the values of the weights. 

The behaviour of an ANN (Artificial Neural Network) is determined by the weights and 

the input-output function (transfer function) that is identified for the units. This function 

can be under any of these categories: linear, threshold and sigmoid. 

In linear units, the output activity is proportional to the total weighted output. 

In threshold units, the output is set at one of two levels, subject to the total input is greater 

than or less than some threshold value. 

In sigmoid units, the output differs constantly but not linearly as the input variations occur. 

Sigmoid units tolerate a greater similarity to real neurons than do linear or threshold units, 

but all three must be measured rough approximations. 
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FIGURE 3.5: Mathematical Representation of Neural Network 

Neural networks have been used in resolving difficulties that are not directed by rules, or in 

which traditional methods have unsuccessfully performed or proved insufficient. The 

intrinsic parallel architecture and the fault accepting nature of the ANN is greatly 

employed to solve problems in variety of application areas of image processing. They are 

used in pattern recognition, image segmentation, image classification, image clustering, 

image feature selection, texture analysis, image compression, color representation and 

several other aspects of image processing with applications in military applications, 

medical imaging, radars, remote sensing and aerospace. 

The proposed algorithm uses pattern recognition neural network with back propagation 

algorithm to classify inputs according to target classes. The features obtained from feature 

extraction process are used as an input to the network. Considering seven expressions to be 

classified, target layer has 7 neurons, one for each expression. Mainly two variations are 

employed for evaluation of the algorithm. One, test images are selected randomly by 

neural network and second, test images are given by user. The neural network is 

constituted with input Layer having 14 Neurons (14 feature values of each image), hidden 

Layer having neurons varies from 35 to 50 and output Layer with 7 Neurons pertaining to 

7 expressions classes. 

Classification using K-Nearest Neighbour: K-Nearest Neighbours (K-NN) is a well-

known and comprehensively used instance-based classification algorithm [56].The basic 
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idea behind this classification hypothesis is to compute the similarity between a test sample 

and all the samples in the training set. The selection of k most similar training set and the 

class of the test sample is chosen based on the classes of this k nearest neighbours. Let us 

take an example of classifying a round shape among all other shapes like square and 

triangle. 

The test sample, blue circle shown in Fig. 3.6, is to be classified either to the first class of 

green squares or to the second class of orange coloured triangles. If k=3 (circle having 

solid line), circle will be assigned to the second class because there are two triangles and 

only one square inside the circle. If k=5 (circle with dashed line), blue circle will be 

assigned to the first class, that is green square because there are 3 squares and 2 triangles in 

outer circle. As can be seen from Fig. 3.6, value of k makes significant impact on 

classification result. And hence, best choice for k is dependent on type of data to be 

classified. On one hand, large value of k reduces the effect of noise on the classification 

but on the other hand it makes boundaries between classes less diverse. The special case 

where the resultant class is predicted as the class of nearest training sample (that is, when 

k=1), is called the nearest neighbour algorithm. 

 

 

 

 

 

 

 

FIGURE 3.6: Example of classification using KNN 

KNN is generally named as non parametric lazy learning algorithm. The reason for saying 

it as non parametric is that it does not make any assumptions on the underlying data 

distribution. Also, it does not use the training data points to do any generalization. That is, 

no explicit training is done. Lack of generalization means that KNN retain all training data 

during testing phase. KNN is advantageous for multi-modal classification because decision 

of classification is based on a small neighbourhood of similar objects. Due to these 
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characteristics, KNN can give good classification accuracy even if the target class consists 

of objects whose independent variables have different characteristics for different subsets. 

The most common distance measure used to find similarity by KNN classifier is Euclidian 

distance, which can be obtained as: 

   √∑ (     ) 
 
          (3.10) 

where, f represents the number of features used to represent each pattern. Smaller distance 

values represent greater similarity. Classification occurs after identifying the k most similar 

training sample values with a testing sample value. 

The work presented here uses KNN for classification purpose. The features obtained from 

five ROI of the faces, namely, left eye, right eye, left eyebrow, right eyebrow and a mouth 

constitutes the entire feature vector. Considering seven universal expressions to be 

classified, target class is divided into seven classes.  

3.3 Experimental Results 

The proposed algorithms are simulated on Intel Core i5, 2.60 GHz processor, 64-bit 

Operating System in MATLAB 2017b environment. The effectiveness of the algorithm is 

measured by applying it on standard dataset, i.e. JAFFE which contains 210 facial 

expression images of 10 Japanese females. As mentioned in section 3.1, proposed 

algorithm incorporates following sub processes for developing a FER system. 

 Pre-processing using DCT Normalization 

 Feature extraction using Canny edge detection 

 Classification using KNN classifier 

The results obtained at each sub processes as mentioned above, are shown further in this 

section. 

3.3.1 Experimental results of DCT Normalization  

As discussed in section 3.2.1, normalized image can be found by compensating those DCT 

coefficients where illumination variation lies. The number of such coefficients can be 

decided by visual look of image quality. The results shown below are obtained by varying 

number of DCT coefficients to be made zero from 5 to 30 for input images of resolution 

256 x 256. It can be visually concluded from the results that making large number of DCT 
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coefficients zero does not serve the purpose. Instead, number of coefficients in the range of 

10 to 20 can be considered as applicable.  

 

FIGURE 3.7: 

Upper row: Original Images 

Lower Row: Pre-processed Images with 05 DCT coefficients made zero 

 

 

FIGURE 3.8: 

Upper row: Original Images 

Lower Row: Pre-processed Images with 10 DCT coefficients made zero 
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FIGURE 3.9: 

Upper row:   Original Images 

Lower Row: Pre-processed Images with 15 DCT coefficients made zero 

 

 

FIGURE 3.10: 

Upper row:   Original Images 

Lower Row: Pre-processed Images with 20 DCT coefficients made zero 
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FIGURE 3.11: 

Upper row: Original Images 

Lower Row: Pre-processed Images with 30 DCT coefficients made zero 

 

3.3.2 Experimental results of Feature extraction  

This section shows the results obtained by applying canny edge detection technique on pre-

processed images. The edge detected images are then used to find the different geometric 

features like length of mouth, width of mouth etc. Such 14 feature points are extracted 

from each image. The sample results are shown further. 

 

  FIGURE 3.12: Edge detection 
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FIGURE 3.13: ROI Extraction 

 

 

 

FIGURE 3.14: ROI Extraction (with bounding box) 
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FIGURE 3.15: Feature point detection from ROI 
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3.3.3Experimental results of classification 

Classification using neural network: As mentioned in section 3.2.2, feature extraction 

process extracts 14 features from each image. Considering 210 images of JAFFE dataset, 

size of feature vector is of 14 x 210. Hence, 14 neurons are required for input layer of 

neural network as discussed in section 3.2.3. The experiments have been carried out using 

various images for testing purpose arbitrarily. Two variations are used for the same, that 

are, the testing images selected manually by user and testing images selected by neural 

network. In both cases, testing images are excluded from training phase. The results of 

various test cases are shown further. 

 

1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.16: Confusion matrix of Testcase1 
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1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.17: Confusion matrix of Testcase2 
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1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.18: Confusion matrix of Testcase3 
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1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.19: Confusion matrix of Testcase4 

 

FIGURE 3.20: Analysis of Results of various Testcases 
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The input images in various test cases shown above consists of combinations of all 

expressions. However, The algorithm has also been examined by giving individual 

expressions as an input. Fig. 3.21 shows the recognition efficiency for each expression. 

 

FIGURE 3.21: Analysis of Results of various expressions 

Classification using K-Nearest Neighbour: The efficiency of proposed FER algorithm 

has been investigated using KNN classifier also. The experiments have been carried out on 

various test cases consisting of varied input expressions of different subjects. The input 

expression images are chosen randomly and have been excluded from training phase. The 

results of such five cases are shown further. 
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1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.22: Confusion matrix of Testcase1 
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1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.23: Confusion matrix of Testcase2 
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1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.24: Confusion matrix of Testcase3 
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1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.25: Confusion matrix of Testcase4 



FER using Canny Edge Detection 

 

50 
 

 

1:Angry  2:Disgust  3:Fear  4:Happy  5:Neutral  6:Sad  7:Surprise 

FIGURE 3.26: Confusion matrix of Testcase5 
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FIGURE 3.27: Analysis of Results of various Testcases 

The proposed algorithm has also been examined for various expressions individually. The 

same methodology of arbitrary selection is adopted here also for selecting input images. 

The different expressions of various subjects from JAFFE database has been selected 

arbitrarily for recognition purpose. Fig. 3.28 shows the average recognition rate achieved 

for all seven expressions. As the methodology of feature extraction uses low level iterative 

search algorithm to detect various feature points, the algorithm could achieve more than 

75% recognition rate only for angry, happy and surprise expression. 

 

FIGURE 3.28: Analysis of Results of various expressions 
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3.4 Concluding Remarks 

The FER system proposed in this chapter involves pre-processing of the images before the 

extraction of features. Pre-processing on input images is accomplished first due to the fact 

that canny edge detection technique do not work properly for images having variations in 

resolution as well as lighting conditions. Also, pre-processed image having uniform 

resolution make the feature extraction more robust. The proposed work uses DCT 

normalization to pre-process the image, which lower down the effect of varying 

illuminations from the images.  

The FER system involves use of geometric features of the faces where maximum variation 

can be found. As discussed earlier, efficiency of each FER system is highly dependent on 

feature extraction part. And hence, to make the part of feature extraction more robust, 

various locations are detected where the expression may affect. It has been revealed that 

these locations majorly lie in facial areas like eyes and mouth. Considering this fact, the 

algorithm tries to extract various measures from these ROI of the face. The feature vector 

consisting of various feature points have been used as an input to the classifier. 

Various experiments have been performed to analyse the effectiveness of the proposed 

algorithm. The experiments have been conducted for various test cases including different 

expressions of various subjects using neural network as well as KNN and results are 

analysed. It has been observed that compared to Neural Network, algorithm works better 

with KNN classifier and achieves recognition rate ranges from 50 to 69% for various test 

cases. It is because, KNN compares the features with its most matching neighbour and 

hence gives better recognition compared to neural network. The experiments have also 

been conducted on various expressions individually. The expressions of different subjects 

have been chosen arbitrarily and results are examined. Looking at the recognition rate, it 

has been concluded that angry, happy and surprise are most prominent expressions that 

have been recognized most correctly with more than 75% recognition rate using KNN 

classifier. The remaining expressions are less correctly recognized due to the limitation of 

algorithm for proper differentiation of feature points between these expressions.   
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CHAPTER – 4 
 

FER using ROI based Local Binary Pattern 

4.1 Introduction 

The work presented in this section is using ROI based Local Binary Pattern (RLBP) for 

extracting appearance features of facial expressions. The features that observe the changes 

in appearance or exterior in the expression image are known as appearance features. The 

texture information of an expression image can be used as a measure of the change in 

appearance. The appearance features differ from geometric features in a way that take 

exterior of an image into account instead of locations of facial points. Local Binary Pattern 

(LBP) is one of the widely used feature extraction technique for extracting texture features 

from image. RLBP is a modified version of LBP, where LBP is applied to each ROI 

instead of entire face. As the presented approach works with images having different 

lighting conditions, pre-processing technique is needed before extraction of features. 

However, the most important property of LBP features is their tolerance against 

illumination changes and their computational simplicity [57-60]. And hence, use of LBP 

features perfectly suits to the methodology that extract texture features from expression 

images.  

The general methodology for any FER technique is divided into three steps that are, pre-

processing the image, facial expression feature extraction and classification into emotion 

categories. As the work presented here uses RLBP to generate illumination invariant 

texture features, the pre-processing step is omitted in the methodology. After extracting 

features using RLBP, classification is performed using Neural Network as well as KNN 

classifier, which classifies the expressions into seven universal categories. The proposed 

architecture can be seen in Fig. 4.1. 
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FIGURE 4.1: Proposed Architecture 

4.2 Methodology 

4.2.1 Feature Extraction using ROI based Local Binary Pattern 

ROI Extraction: As discussed in chapter 3, ROI is an explicit area of an image which is 

used when specific type of information is needed to be extracted. The idea behind using 

ROI in proposed work is to exploit the expression specific information from an image. As 

discussed in previous section, facial expressions can be revealed by looking at change in 

appearance of specific area of a face image. For example, a happy expression widens the 

lips and may also generate wrinkles near mouth. Similarly, surprise expression changes the 

appearance of eyes as well as mouth. Angry and disgust expressions deforms the exterior 

near eyes and eyebrows area.  

Looking at these characteristics, the area near ear, or upper portion of forehead, area near 

chicks do not give much information about expressions compared to areas like eyes, 

eyebrows, nose and mouth. Considering this fact, proposed approach uses left eye, right 

eye and a mouth as ROI for extracting features, along with entire face. 

The work presented here uses Viola Jones algorithm [61] to extract ROI. Viola Jones 

algorithm is well proven and most widely used method as far as face detection and 

recognition is concerned. This algorithm is used in many literatures for detecting person’s 
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face, noses, eyes, mouth, or upper body. The major steps followed by Viola Jones 

algorithm for detecting face and facial parts are, extraction of Haar like rectangle features 

using integral image, feature selection using Adaboost and cascading of classifiers. The 

brief discussion of the same is shown as under. 

 

FIGURE 4.2: Rectangle features [61] 

1. Extraction of Haar like features using integral image 

Viola Jones uses three kinds of features. Those are two-rectangle feature, three-rectangle 

feature and four-rectangle feature, as shown in Fig. 4.2. The value of a two-rectangle 

feature is obtained by taking difference between the sum of the pixels within two 

rectangular regions using (4.1). The regions have the same size and shape and are 

horizontally or vertically adjacent. A three-rectangle feature computes the sum within two 

outside rectangles subtracted from the sum in a center rectangle. Finally a four-rectangle 

feature computes the difference between diagonal pairs of rectangles. 

∑ ∑  (   )   (   )          ∑ ∑  (   )   (   )                                       (4.1) 

Rectangle features can be obtained very quickly using an midway representation for the 

image which is called an integral image. An integral image at location (x,y) contains the 

sum of the pixels above and to the left of (x,y) inclusive, that is 

 (   )   ∑  (     )                                                       (4.2) 

https://en.wikipedia.org/wiki/File:Prm_VJ_fig1_featureTypesWithAlpha.png
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Using pair of recurrences shown in (4.3), an integral image can be found in one pass over 

an original image. 

 (   )    (     )    (   ) 

 (   )    (     )    (   ) (4.3) 

As an example, the sum of the pixels within rectangle D, of Fig. 4.3, can be computed with 

four array references. The value of the integral image at location 1 is the sum of the pixels 

in rectangle A. The value at location 2 is A + B, at location 3 is A + C, and at location 4 is 

A + B + C + D. The sum within D can be computed as 4 + 1 − (2 + 3). That is, a two-

rectangle feature can be computed in six array references. These features are used to form a 

classifier. 

 

FIGURE 4.3: Array Features [61] 

 

FIGURE 4.4: Rectangle features [62] 

2. Feature selection by Adaboost 

A variant of Adaboost is used to select the features and train the classifier. For the task of 

face detection, the initial rectangle features selected by Adaboost can be easily understood. 

It can be perceived from the face that region of the eyes is often darker than the region of 

nose and area near by nose. By focusing on this property, Adaboost select the first feature 

for the purpose of face detection by measuring the difference in intensity between the 
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region of eyes and a region across the upper cheeks. The second rectangle feature is 

selected by comparing the intensities of the eye regions with those of across the bridge of 

the nose. Fig. 4.4 shows two rectangle features that are used to detect the regions. Fig. 4.5 

shows two features which are overlaid on a training face. 

 

FIGURE 4.5: Rectangle features applied on training face [62] 

3. Cascaded classifiers 

A cascade of classifiers gains increase in detection performance rate and reduction in 

computation time. Here, the smaller boosted classifier is constructed which reject many of 

the negative sub-windows and detect almost all positive instances. Stages in the cascade 

are constructed by training classifiers using AdaBoost, starting with a two-feature classifier 

as shown in Fig. 4.4. Even though, two rectangle feature classifier may not give accurate 

detection, it can significantly reduce the number of sub-windows that need further 

processing. The following steps are performed for cascading of classifier. 

 Evaluate the rectangle features. 

 Compute the weak classifier for each feature 

 Combine the weak classifiers 

 

FIGURE 4.6: Cascading classifiers 
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As shown in Fig. 4.6, a positive result from the first classifier triggers the evaluation of a 

second classifier. A positive result from the second classifier triggers a third classifier, and 

so on. The parameters like threshold can be adjusted to achieve sufficiently high detection 

rates. A negative outcome at any point leads to the immediate rejection of the sub-window. 

Local Binary Pattern: Local Binary Pattern was first introduced by T. Ojala et al. [63] as 

texture feature extraction technique and was proven as most effective for texture 

description of the image. As far as facial expressions are concerned, the changes in face 

appearance due to the expressions can be represented as texture measures. Due to the 

ability of LBP features describing appearance changes of expression images, feature 

extraction using LBP for facial expression recognition is used by many researchers [57-

60].  

The LBP operator labels the pixels of an image by thresholding a 3×3 neighbourhood of 

each pixel with the center value and considering results as a binary number, called as Local 

Binary Patterns or LBP Codes as shown in Fig. 4.7. 

 

                             

FIGURE 4.7: LBP Feature Extraction 

After labeling an input image with LBP operator, a histogram of the labeled image x1(i,j) 

can be defined as  

      ∑  (  (   )   )                                              (4.4) 

where n is the number of different labels produced by the LBP operator. 

As we take 3 x 3 neighbourhood, we get 8 neighbours for center pixel. For 8 neighbours, 

we get 2
8
, that is 256 compositions, which are called LBP labels. This 256-bin histogram, 

obtained using (4.4), consisting of LBP labels and contains information about the 

distribution of the local micro-patterns, such as edges, spots and flat areas, as shown in Fig. 

Thresholding Binary: 10001100 

Decimal: 140 
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4.8. Because of these characteristics, LBP labels can be used as a texture descriptor to 

describe image appearance characteristics. 

 

FIGURE 4.8: Texture primitives detected by LBP [57] 

The basic LBP operator uses 3 x 3 neighbourhood which can be extended for 

neighbourhood of different sizes too. The work presented here uses 3 x 3 neighbourhood to 

find LBP labels. LBP histogram effectively describes micro-pattern available in a face 

image. Some parameters can be optimized for better feature extraction. One is the LBP 

operator, and the other is the number of regions divided.  

Here, the LBP operator can be modified by changing the number of pixels in 

neighbourhood, say P and the radius between spacing of the pixels, say R. Fig. 4.8 shows 

the example of 8 pixels in neighbourhood and radius of 1 pixel spacing among the numbers 

which can be represented as LBPP,R where value of P is 8 and value of R is 1. 

The LBP operator LBPP,R can generate 2
P
 distinct output values that are corresponding to 

the 2
P
 distinct binary patterns formed by the P pixels in the neighbourhood set. Ojala et al. 

[63] has shown that certain bins contain more information than others. And hence, it is 

possible to use only a few of the 2
P
 Local Binary Patterns to illustrate the texture of 

images. These fundamental patterns are called uniform patterns. A Local Binary Pattern is 

called uniform if it contains at most two bitwise transitions from0 to 1 or vice versa when 

the binary string is considered circular. For example, 11000011, 00111000 and 11100001 

are uniform patterns. Considering neighbourhood of 8 pixels of a texture image, 

approximately 90% patterns would fall in the category of uniform patterns, and for 

neighbourhood of 16 pixels with radius 2, approximately 70% patterns would be of 

uniform patterns [62]. Gathering the patterns which have more than 2 transitions into a 

single bin forms an LBP operator, denoted as LBP
u2

P,R, with less than 2
P
 bins. For 

example, the number of labels for a neighbourhood of 8 pixels is 256 for the standard LBP 

but 59 for LBP
u2

. 
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Looking at the above characteristics, modified LBP with 59 bins would be advantageous to 

use for finding texture patterns from an image. As the aim of using LBP here is to extract 

texture features pertaining to expressions, modified LBP with 59 bins is used to extract 

features. 

ROI Based Local Binary Pattern: When LBP features are obtained for the whole face 

image, it determine only the occurrences of the micro-patterns. As the entire face is used 

for deriving LBP codes, it cannot indicate the locations of occurrences of micro-patterns. 

To also consider shape information of faces, face images can be divided into small regions.  

TheLBP features extracted from each sub-region are concatenated into one enhanced 

feature histogram. Here, the extracted feature histogram represents the local texture and 

global shape of face images.  

As discussed, facial expressions are the result of deformation of facial muscles. These 

deformations occur in few areas of the face. For example, the surprise expression can be 

identified by the deformation near mouth area or eyebrow area. Angry expression can be 

revealed by looking at deformation near eyes. Hence, there are few regions in a face that 

are prominent to change due to facial expressions that are eyes, eyebrows, nose and mouth. 

We call these areas as Region of Interest (ROI). The proposed work uses these 

characteristics of facial expressions to modify original LBP algorithm.  

The modified LBP algorithm, we call as RLBP, do the computation of LBP codes from 

different ROI of the face instead of computing LBP codes for only face region. By using 

3x3 neighbourhood for thresholding the center pixel, we get 2
8
, that is, 256 bin histogram. 

As discussed in previous section, considering uniform patterns from these LBP codes, we 

get 59 bins instead of 256 bin histogram. This histogram is obtained for all ROIs, resulting 

into number of feature vectors equal to number of ROIs. The Fig. 4.9 describes how final 

feature histogram is obtained by concatenating various histograms of face ROI.  

In Fig. 4.9(b), (1) represents the histogram of region 1, say left eye as shown and (n) 

represents the histogram of region n, say mouth as shown. These histogram values are 

concatenated to make an enhanced single feature vector which is then forwarded to 

classification stage. 
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(a) 

 

 

 

 

 

 

(b) 

FIGURE 4.9: (a) Face with different ROI (b) Concatenation of histograms of various ROI 

4.2.2 Classification  

Classification using Neural Network: Neural network is used in pattern recognition 

applications to recognize patterns based on input data and their corresponding target. The 

network is trained using training samples for their target and tested thereafter for testing 

samples. The technical details of the same is discussed in section 3.2.3 of chapter 3 and 

hence excluded from the discussion here.  

The work presented here uses pattern recognition neural network which uses features 

obtained by RLBP technique of feature extraction. Corresponding to seven expressions, the 

target class is categorized into seven neurons. The results obtained for various test inputs 

have been included into results section.  

Classification using K-Nearest Neighbour: K-nearest neighbour algorithm [53-56] is 

used to categorize the sample depending upon closest training samples in the feature space. 

K-nearest neighbour algorithm is the simplest classification technique amongst all other 

machine learning algorithms. In multiclass classification, along with value, each image's 

feature is labelled with class label. As mentioned in section 3.2.3, the test sample is 

classified based on the labels of its k nearest neighbours by majority vote. That means, the 

unlabeled test sample is simply assigned to the label of its k nearest neighbours. If k=1, the 

input sample is simply classified as the class of the samples nearest to it. The most 

common distance function used in KNN is Euclidean distance. 

(1) 

(n) 
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The work presented here uses KNN for classification purpose. The features obtained from 

three ROI of the faces, namely, left eye, right eye, mouth and features of entire face 

constitutes the entire feature vector of the length 236 x 210. Considering seven universal 

expressions to be classified, target class is categorized into seven classes by adding class 

label to features of each of training images.  

4.3 Experimental Results 

The proposed algorithms are simulated on Intel Core i5, 2.60 GHz processor, 64-bit 

Operating System in MATLAB 2017b environment. The effectiveness of the algorithm is 

measured by applying it on standard dataset, i.e. JAFFE which is available worldwide. As 

discussed in previous sections, RLBP involves following sub steps to be performed. They 

are: 

 Find ROI from input face image 

 Find LBP features from each ROI 

 Make an enhanced feature vector by combining features of different ROI 

The further section demonstrates results obtained from each sub steps stated above 

followed by classification results.  

4.3.1 Experimental results of ROI extraction 

As discussed in section 4.2.1, ROI extraction is done using Viola-Jones algorithm. The 

algorithms find three ROI, namely left eye, right eye and mouth along with face itself. The 

sample results obtained for each expression is shown below. 
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(b) 
 

(d) 

 

 

 

(c) 

FIGURE 4.10: ROI extraction of Angry expression 

(a) Face (b) Left Eye (c) Right Eye (d) Mouth 

 

 

 

(b) 
 

(d) 

 

 

 

(c) 

FIGURE 4.11: ROI extraction of Disgust expression 

(a) Face (b) Left Eye (c) Right Eye (d) Mouth 
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(b) 
 

(d) 

 

 

 

 

(c) 

FIGURE 4.12: ROI extraction of Fear expression 

(a) Face (b) Left Eye (c) Right Eye (d) Mouth 

 

 

 

(b) 

 

(d) 

 

 

 

(c) 

FIGURE 4.13: ROI extraction of Happy expression 

(a) Face (b) Left Eye (c) Right Eye (d) Mouth 
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(b) 
 

(d) 

 

 

 

(c) 

FIGURE 4.14: ROI extraction of Neutral expression 

(a) Face (b) Left Eye (c) Right Eye (d) Mouth 

 

 

 

(b) 
 

(d) 

 

 

 

(c) 

FIGURE 4.15: ROI extraction of Sad expression 

(a) Face (b) Left Eye (c) Right Eye (d) Mouth 
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(b) 

 

(d) 

 

 

 

(c) 

FIGURE 4.16: ROI extraction of Surprise expression 

(a) Face (b) Left Eye (c) Right Eye (d) Mouth 
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4.3.2 Experimental results of LBP features of each ROI 

As discussed in section 4.2.1, proposed algorithm obtains uniform LBP features from each 

ROI. If uniform patterns are to be considered for circular neighbourhood of 8 pixels, we 

get 59 bins of LBP histogram. The table4.1 shows sample LBP code values for different 

ROI of surprise expression and same is represented in Fig. 4.17, Fig. 4.18, Fig. 4.19 and 

Fig. 4.20 as shown below. 

 

 

 

FIGURE 4.17: Left eye LBP features of Surprise expression 
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FIGURE 4.18: Right eye LBP features of Surprise expression 

 

FIGURE 4.19: LBP features of Mouth of Surprise expression 
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FIGURE 4.20: Face LBP features of surprise expression 

 

TABLE 4.1: LBP feature values for ROI of surprise expression 

Number 

of 

Features 

Left Eye Right Eye Mouth Face 

1 0.3418 0.3450 0.2686 0.3786 

2 0.0733 0.0555 0.0495 0.0596 

3 0.0336 0.0153 0.0280 0.0226 

4 0.0501 0.0722 0.0723 0.0885 

5 0.0239 0.0190 0.0102 0.0216 

6 0.0338 0.0582 0.0380 0.0469 

7 0.0137 0.0310 0.0170 0.0163 

8 0.0692 0.0674 0.0511 0.0842 

9 0.0223 0.0271 0.0228 0.0222 

10 0.0445 0.0360 0.0403 0.0359 

11 0.0512 0.0201 0.0441 0.0353 

12 0.0399 0.0297 0.0424 0.0296 

13 0.0338 0.0480 0.0267 0.0339 
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Number of LBP Features 
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14 0.0312 0.0625 0.0345 0.0300 

15 0.0349 0.0504 0.0394 0.0278 

16 0.0455 0.0357 0.0289 0.0342 

17 0.0627 0.0407 0.0545 0.0432 

18 0.0963 0.0843 0.1414 0.0692 

19 0.0433 0.0485 0.1485 0.0371 

20 0.0554 0.0591 0.1148 0.0500 

21 0.0455 0.0768 0.0413 0.0497 

22 0.0450 0.0928 0.0979 0.0513 

23 0.0704 0.0659 0.1219 0.0444 

24 0.1220 0.0780 0.1225 0.0605 

25 0.0772 0.0381 0.0707 0.0654 

26 0.0898 0.1278 0.2097 0.0706 

27 0.1315 0.0779 0.2231 0.0612 

28 0.1092 0.1013 0.0564 0.0749 

29 0.0586 0.1866 0.0799 0.0755 

30 0.1077 0.1344 0.1292 0.0728 

31 0.1130 0.0886 0.2659 0.0647 

32 0.1356 0.0663 0.1380 0.0979 

33 0.1499 0.0678 0.0661 0.0949 

34 0.0628 0.0531 0.1693 0.0507 

35 0.0474 0.0471 0.1228 0.0476 

36 0.0677 0.1146 0.0288 0.0734 

37 0.0746 0.0866 0.0798 0.0506 

38 0.1218 0.0988 0.1402 0.0644 

39 0.0909 0.0670 0.1017 0.0504 

40 0.1074 0.0480 0.0795 0.0871 

41 0.0547 0.0782 0.1233 0.0521 

42 0.0265 0.0290 0.0599 0.0343 

43 0.0324 0.0247 0.0481 0.0316 

44 0.0272 0.0507 0.0297 0.0307 

45 0.0340 0.0365 0.0620 0.0331 

46 0.0546 0.0375 0.0673 0.0402 

47 0.0483 0.0667 0.0424 0.0458 

48 0.0493 0.0371 0.0391 0.0443 

49 0.0592 0.0382 0.0663 0.0422 

50 0.0231 0.0401 0.0315 0.0301 

51 0.0344 0.0456 0.0627 0.0402 

52 0.0285 0.0375 0.0156 0.0284 
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53 0.0487 0.0751 0.0431 0.0763 

54 0.0505 0.0371 0.0433 0.0382 

55 0.0631 0.0534 0.0820 0.0539 

56 0.0311 0.0258 0.0462 0.0351 

57 0.0615 0.0525 0.0623 0.0806 

58 0.4120 0.4160 0.3494 0.4471 

59 0.6683 0.6727 0.5633 0.7004 

 

4.3.3 Experimental results of enhanced feature vector 

The features obtained from each ROI describe the texture of each individual ROI. The aim 

of extracting LBP features from each ROI is to strengthen the impact of feature extraction 

by way of utilizing ROI information to identify expression. The classification of an 

expression would be based on the features of the entire face and hence, features of all ROI 

are concatenated to make a spatially enhanced feature vector. Fig. 4.21 shows the 

concatenated feature values of LBP for surprise expression. As individual ROI generates 

59 feature values, and considering four ROIs, that is, left eye, right eye, mouth and face, 

the enhanced LBP feature vector would have 236 feature values per image. 

 

 

FIGURE 4.21: Concatenated LBP features of surprise expression 
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4.3.4 Experimental results of classification 

Classification using Neural Network: The proposed algorithm is using neural network 

for the purpose of classification. The experiments have been conducted for various 

combinations of test and training images. The test and training images are diverse in each 

experiment case, that is, for every experiment, test set images are excluded from training 

set images. Two variations of experiments are employed in selecting test and training 

images. Experiments are conducted for test images selected manually as well as selected 

by neural network. The Neural network has been parameterized to select 15% images for 

testing, 15% images for validation and remaining images for training. The results of ten 

such test cases are shown further. 

 

1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.22: Confusion matrix of Testcase1 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.23: Confusion matrix of Testcase2 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.24: Confusion matrix of Testcase3 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.25: Confusion matrix of Testcase4 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.26: Confusion matrix of Testcase5 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.27: Confusion matrix of Testcase6 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.28: Confusion matrix of Testcase7 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.29: Confusion matrix of Testcase8 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.30: Confusion matrix of Testcase9 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.31: Confusion matrix of Testcase10 

 

FIGURE 4.32: Analysis of Results of various Testcases 
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The proposed algorithm has also been experimented for various expressions individually 

given for testing purpose. The expression images given as test input are selected arbitrarily 

from set of images of respective expression. The average recognition of each expression is 

shown in Fig. 4.33. 

 

FIGURE 4.33: Analysis of Results of various Expressions 

Classification using K-Nearest Neighbour: The proposed algorithm is also using KNN 

classifier for classifying the expressions. The experiments have been done for various test 

cases consisting of various test and training images. In each test case, care has been taken 

such that test images should not be available in training set. That is, classifier is trained for 

some set of images of each expression, randomly picked up. The remaining images of the 

dataset are used for the testing purpose. The recognition rate of 10 such test cases are 

shown further from which 7 test cases are using 42 test images (20% of total 210 images) 

and 168 training images (80% of total 210 images). Here, test images consist of 6 images 

of each expression chosen randomly. Remaining 3 test cases have used 65 test images 

(30% of total 210 images) and 145 training images (70% of total 210 images). In these 

cases, test images consist of 8  to 10 images of each expression selected randomly. As the 

JAFFE database consists of total 210 images, posed by 10 different females, while 

performing experiments, expression image of each subject is included in test set. 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.34: Confusion matrix of Testcase 1 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.35: Confusion matrix of Testcase 2 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.36: Confusion matrix of Testcase 3 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.37: Confusion matrix of Testcase 4 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.38: Confusion matrix of Testcase 5 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.39: Confusion matrix of Testcase 6 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.40: Confusion matrix of Testcase 7 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.41: Confusion matrix of Testcase 8 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.42: Confusion matrix of Testcase 9 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 4.43: Confusion matrix of Testcase 10 
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The experimental results obtained for various test cases as mentioned earlier have been 

optimized by varying parameter k of classifier. Varying the value of k makes the cluster of 

nearest distance clusters more diversified. As KNN classifier uses Euclidian distance to 

measure the distance between different features of the clusters, greater value of k includes 

more features in similarity measure and hence makes the cluster less diverse. This way, it 

may result in poor recognition rate. In this work, value of k has been made varied from 1 to 

5 and the recognition rates are observed. After analyzing the results, it can be concluded 

that increasing value of k lowers the recognition rate. Maximum recognition is achieved by 

keeping value of k as 1, that is features of test expression has to be compared and its 

nearest neighbour which has minimum value of Euclidian distance is considered to be 

resultant expression. The results of various test cases with different k values have been 

summarized in Fig. 4.44. 

 

FIGURE 4.44: Analysis of results with varying parameter k  

The proposed algorithm has also been tested for various expressions individually. That is, 

different test cases are applied to find the recognition rate where test images are consists of 

individual expressions of various subjects. The recognition rates for all seven expressions 

in various test cases are shown in Fig. 4.45. It can be seen that expressions angry, disgust, 

happy and surprise are more accurately recognized compared to fear, neutral and sad. The 

reason behind it is that expressions like angry, disgust, happy and surprise are more likely 

to change the appearance of the face compared to other expressions. The expressions like 
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fear and sad do not change the features of the facial regions in comparable way and hence 

less likely to get distinguished. 

 

 

FIGURE 4.45: Analysis of results for different expressions  

4.4 Concluding Remarks 

The algorithm proposed in this chapter is using appearance features of the facial 

expressions as the distinguished measure for developing FER system. As the expressions 

on face deforms few of the facial muscles in specific areas of the face, the appearance 

features are obtained from different ROI of the face along with the entire face region. The 

original LBP algorithm is enhanced by applying it on different ROI to obtain the texture 

features. As LBP features are known as illumination invariant features, pre-processing step 

is excluded from FER process. 

LBP algorithm can be enhanced and optimized by varying two aspects, one is the 

neighbourhood of the pixels and other is number of regions. In this approach, second 

variation is applied. The face can be divided into number of regions to extract LBP 

features. More number of regions can increase the computational complexity and only face 

region do not reveal much information about the location of the micro pattern occurrences. 

And hence, ROI information is added to establish the significance of texture variance in 

specific regions.  
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Various experiments have been performed to examine the performance of proposed RLBP 

and its effectiveness in recognizing various expressions. The effectiveness of the proposed 

algorithm has been investigated with different set of test cases considering combination of 

different expressions using Neural Network as well as KNN classifiers. It can be seen from 

the results that Neural network achieve recognition accuracy between 60 to 72%, which is 

in the range of 82% to 92% with KNN classifier. It is due to the reason of similarity 

measures observed by KNN classifier for its nearest neighbour. In case of Neural Network, 

the input features are matched with bigger cluster of trained images which lowers down the 

recognition accuracy. The proposed algorithm has also been tested for individual 

expressions from the set of test images. It can be concluded from various results that 

except fear and sad, recognition accuracy has been achieved in the range of 90% to 94% 

for all other expressions using KNN classifier. 
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CHAPTER – 5 
 

FER using Hybrid Approach 

5.1 Introduction 

The work presented in this chapter is achieving facial expression recognition with the help 

of fusion of various feature extraction techniques. As seen in previous chapter, few regions 

of face contribute in dominant way in recognizing expressions compared to entire face. 

The significance of these regions, generally called ROI, is established by applying various 

feature extraction technique in these regions. Particularly, Local Binary Pattern (LBP), 

Principal Component Analysis (PCA) and Gray Level Co-occurrence Matrix (GLCM) are 

the texture features extraction techniques which are applied on various ROI of the face to 

enrich the features for recognition task. The idea behind developing a hybrid technique for 

extracting features is to make the feature extraction part of the recognition task more 

enhanced and commanding such as to increase the overall recognition performance. The 

features extracted using each of above mentioned technique are used as an input to the 

classification process. K-Nearest Neighbour classifier is used to classify the expressions 

into different categories. Further part of this chapter describes each of above mentioned 

technique in detail. 

The novelty of this work lies in hybrid methodology used for texture feature extraction and 

also applications of it on standard data set as well as on RTIFE, a dataset with real time 

captured images of Indian faces having different background and lighting conditions. For 

any recognition system, it is considered to be very difficult to work upon real time images. 

The images having different background and varying lighting conditions make the task 

more difficult compared to images captured in controlled environment. The effectiveness 

of proposed algorithm have been measured on RTIFE and found significantly good 
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recognition rate for these real time images. The schematic diagram of proposed 

architecture is shown in Fig. 5.1. 

 

FIGURE 5.1: Proposed Architecture 

5.2 Methodology 

5.2.1Feature Extraction using Hybrid Approach 

The proposed work is taking advantage of ROI in the process of expression recognition. As 

discussed in section 3.2.2, ROI is the area of an image where more information is hidden. 

As far as facial expression is concerned, these regions are eyes, nose and mouth, which are 

more prone to change due to expression and hence, more of importance compared to only 

face. The extraction of ROI is done using Viola Jones [61] algorithm, as described in 

section 4.2.1. As shown in proposed architecture in Fig.5.1, the work proposed in this 

chapter extract hybrid features from face as well as from facial region of interests using 

three feature extraction techniques, namely Local Binary Pattern (LBP), Principal 

Component Analysis (PCA) and Gray Level Co-occurrence Matrix (GLCM). Remaining 

part of the section describes these techniques. 
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Feature Extraction using ROI based Local Binary Pattern: As discussed in earlier 

chapters, facial expression gives the evidence of their presence through deformation of 

various features in a face. These variations can be measured as texture information and the 

variation can be revealed by analyzing changes in intensity levels of various pixel 

positions. LBP measures the texture characteristics of the input image very effectively. The 

effectiveness of LBP features can be increased by applying it to specific regions from 

where the information is needed to be determined. Hence, LBP is applied to face as well as 

facial ROI for feature extraction purpose. The detailed methodology is explain in section 

4.2.1 of chapter 4and hence excluded from the discussion here.  

Feature Extraction using ROI based Principal Component Analysis: Field of Image 

processing and computer vision is very rich in terms of diversity of techniques and 

mathematical models to process an image. The widespread research in the field of image 

processing is the proof of the same. The pattern recognition is very important and 

fundamental area in the field of image processing which addresses many problems to be 

resolved pertaining to recognition. Here, the pattern word represents any object in the 

world, artificial or real world. This section describes a mathematical technique, called 

PCA, for the purpose of facial expression recognition.  

Principal Component Analysis is a statistical methodology which is used for varied 

purpose in the field of image processing. PCA is generally used for dimensionality 

reduction that is to reduce the size of dimension of feature vector. It is also used for feature 

extraction purpose as it represents texture information of the image as well as for data 

compression purpose. 

PCA is a methodology for finding patterns in data and represent the data in such a way so 

as to distinguish the similarity and differences between the data. It is a mathematical 

technique which is used to measure the data in terms of principal components instead of 

usual x-y axis. As the patterns in data having high dimension would be difficult to analyze, 

PCA technique help by finding principal components of the data. Here, principal 

component of the data can be defined as set of values of linearly uncorrelated variables that 

are differentiated or converted from set of possible correlated observations. In simple 

words, the principal components are the underlying structure in the data. They are the 

directions where there is the most variance, the directions where the data is most spread 

out. The main idea of PCA is to find the vectors which best describe the distribution of 
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features within entire image space. These vectors can be defined as the subspace of face 

images, which alternatively can be called as face space.  

When the set of data points is available, the same can be deconstructed into the set of 

eigenvectors and eigenvalues. Eigenvectors and values exist in pairs, that is, every 

eigenvector has a corresponding eigenvalue. An eigenvector is a direction of variance and 

an eigenvalue is a number that tell us how much variance there is in the data in that 

direction. The eigenvector with the highest eigenvalue is therefore considered as the 

principal component. 

The basic methodology of PCA [64] is based on few statistical measurements such as 

mean, variance and covariance which are described as below. 

1. Mean 

Let we have a set of data X with some values in it. Mean of these data is simply an average 

value of the given set and can be described mathematically as 

      
 

 
∑    

        (5.1) 

Unfortunately, mean does not describe much about the data except an average value or a 

middle point. 

2. Standard Deviation 

The standard deviation of a data set is the average distance from the mean of the data set to 

a point. Standard deviation of a data set describes how the data in the data set is spread out. 

It can be found using following equation, 

    √
∑ (     )  

   

(   )
     (5.2) 

where x' is the mean value of the data set and SD is the standard deviation. 

3. Variance 

Variance is another statistical measure to describe how the data in the data set is spread 

out. It is almost same as standard deviation, which can be found as 

    
∑ (     )  

   

(   )
     (5.3) 
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Variance, that is same as standard deviation, is introduced to make the fundamental of 

covariance much understandable. 

4. Covariance 

Mean, standard deviation and variance are statistical measures which represent data in 1-

dimensional. However, many data sets are in nature of more than one dimension and the 

reason of the statistical analysis of these data sets is to determine whether any relationship 

is there between these data or not. As standard deviation is calculated for each dimension 

of the data set independently of the other dimensions, it is required to have some statistical 

measure that find the amount of variance of dimensions from the mean with respect to each 

other. The covariance is a measure that finds the variance between two dimensions.  

PCA uses these mathematical fundamental to find the principal components, also known as 

eigenvectors of the input images. The methodology followed by PCA is explained further. 

Let us consider N images of size M x M for which eigenvalues and eigenvectors are to be 

found. Suppose N images are represented as I1, I2, I3....IN. 

The first step towards finding principal components is to find average image which can be 

calculated as  

   
 

 
∑    

         (5.4) 

This equation basically calculates the mean image. After finding mean image, mean-

centered images are attained by subtracting the mean image from each image using (5.5) 

             (5.5) 

Let all these mean-centered images is represented in matrix form as 

   ,         -     (5.6) 

Next step is to find the covariance matrix. Covariance is a statistical measure that fundamentally 

based on standard deviation and variance. As it is known, standard deviation of a data set is a 

measurement of how spread out the data is. The standard deviation can be found as the average 

distance from the mean of the data set to a point. Mathematically, it can be found as can be found 

as 

           (5.7) 
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This covariance matrix would be of smaller size compared to M x M and hence will have less 

number of calculations. Now let us consider the eigenvectors Vi of M
T
M such that 

                  (5.8) 

Multiplying the equation by M on both sides, we get 

           (     ) 

    (    )   (   (    ))    (5.9) 

Here eigenvector corresponding to MM
T 

is M Xi, denoted by Ui and λi is the eigenvalue. It 

is worth to note here that number of eigenvalues will be equal to number of images used.  

The purpose of the proposed work is to find the texture features of a face image. The 

presence of expression in an image can be represented as intensity variations in specific 

area of the face. As the textures are one of the characteristics of the measure of intensity 

variations, texture information of a face and facial regions form strong evidence for 

recognizing the expression. The methodology of finding PCA, as described above, is used 

in the proposed work for finding the principal components of facial regions of an image. 

Here, the set of input images are the facial regions i.e. ROI of a face image from which 

eigenvalues and eigenvectors are found, along with eigenvalue and eigenvector of entire 

face. The principal components, that is, eigenvectors of face and facial regions are used as 

features to be given for further recognition process. 

Feature Extraction using Gray Level Co-occurrence Matrix: Texture information of an 

image can be considered as one of the significant characteristics in recognizing objects or 

regions of interest in an image. Textures in images measure following three characteristics: 

 Gray level differences, also called contrast 

 Defined size of area where change in intensity occurs, that is neighbourhood  

 Directionality 

As texture includes important information about the structural arrangement of the image, it 

can be used as one of the prominent feature for image classification and recognition. In 

statistical texture analysis, texture features are calculated from the statistical distribution of 

combinations of gray level intensities at specified locations relative to each other in the 

image. According to the number of intensity pixels in each group, statistics are classified 
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into first-order, second-order and higher-order statistics. The Gray Level Co-occurrence 

Matrix (GLCM) method is a method of extracting second order statistical texture features. 

Here, second order means the relationship between groups of two pixels in the original 

image is considered. The second order term here is not the same as "second order 

equations‖ which mathematically meant for equations with some variables squared. First 

order texture features are statistics which are calculated from the original image values, 

like variance, and do not consider pixel relationships. In other hand, third and higher order 

textures consider the relationships among three or more pixels that are theoretically 

possible but not practically due to calculation complexity [65]. 

A GLCM is a matrix where the number of rows and columns is equal to the number of 

gray levels in the image. The matrix element of GLCM is the relative frequency of two 

pixels having different intensity values and separated by a pixel distance of some given 

neighbourhood. It can be also said that the matrix element contains the second order 

statistical probability values for changes between gray levels i and j at a particular 

displacement distance d and at a particular angle [66]. That means, GLCM is obtained by 

calculating how often a pixel with some grayscale intensity value i occurs adjacent to a 

pixel with the value j. Each element (i,j) in GLCM specifies the number of times that the 

pixel with value i occurred adjacent to a pixel with value j. The adjacent pixel position can 

be in each of four directions 0º, 45º, 90º and 135º degrees in a two-dimensional square 

pixel image that represents directions horizontal, vertical, left and right diagonals. 

Consider a 4x4 image represented in Table 5.1 with four gray level values 0 through 3. A 

generalized GLCM for that image is shown in Table5.2 where #(i,j) stands for number of 

times gray levels i and j have been neighbours such as to satisfy the condition stated by 

displacement vector d. GLCM texture considers the relation between two pixels at a time, 

called the reference and the neighbour pixel. To understand the formation of GLCM 

matrix, let the neighbour pixel is chosen to be the one to the east (right) of each reference 

pixel. This can also be articulated as a (1,0) relation, 1 pixel in the x direction, 0 pixels in 

the y direction. Each pixel within the window becomes the reference pixel in turn, starting 

in the upper left corner and moving towards to the lower right. It is not possible to have 

neighbour of right edge and hence pixels along the right edge are not used for this count. 

The Table 5.2 shows the combinations of the gray levels that are possible for the test 

image, and their position in the matrix. For example, a reference pixel with value 0 next to 
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a neighbour pixel in the (1,0) relationship would lead to an entry in the (0,1) box. The top 

left cell of Table5.2 will be filled with the number of times the combination 0,0 occurs in 

Table5.1 i.e. how many times within the image area, a pixel with gray level intensity value 

0 (neighbour pixel) falls to the right of another pixel with gray level intensity 0 (reference 

pixel). Each cell can be filled in this pattern with suitable changes in numbers. The 

resultant GLCM is shown in Table 5.3. 

TABLE 5.1: Image with gray level values 

0 0 1 1 

0 0 1 1 

0 2 2 2 

2 2 3 3 

 

TABLE 5.2: General form of GLCM 

Gray 

Levels 
0 1 2 3 

0 #(0,0) #(0,1) #(0,2) #(0,3) 

1 #(1,0) #(1,1) #(1,2) #(1,3) 

2 #(2,0) #(2,1) #(2,2) #(2,3) 

3 #(3,0) #(3,1) #(3,2) #(3,3) 

 

The difference between the original image and its pixel values, and the entries in the 

GLCM is that values in GLCM matrix shows counts of frequencies of the neighbouring 

pairs of image pixel values. The generalized property of GLCM is described as follows: 

 It is square. That means the reference pixels have the same range of possible values 

as the neighbour pixels. 

 It has the same number of rows and columns as the quantization level of the image. 

 GLCM need to be symmetrical around the diagonal. Here a symmetrical matrix 

means that the same values occur in cells on opposite sides of the diagonal. For 

example, the value in cell 2,3 would be the same as the value in cell 3,2.  
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Texture calculations are best performed on a symmetrical matrix. The GLCM obtained and 

shown above is not symmetrical matrix. Any matrix can be made symmetrical by adding it 

to its transpose. The transpose is created by interchanging the rows and columns of the 

original matrix. The transpose matrix of the one shown in Table5.3 would come as shown 

in Table 5.4. 

TABLE 5.3: GLCM of image shown in Table 5.1 

2 2 1 0 

0 2 0 0 

0 0 3 1 

0 0 0 1 

 

TABLE 5.4: Transpose matrix of Table 5.3 

2 0 0 0 

2 2 0 0 

1 0 3 0 

0 0 1 1 

 

Now, a symmetrical matrix can be found by adding transpose matrix to its original matrix, 

that is obtained as shown in Table 5.5. 

TABLE 5.5: Symmetrical GLCM 

4 2 1 0 

2 4 0 0 

1 0 6 1 

0 0 1 2 

 

To obtain the texture measures from GLCM, it is represented as normalized symmetrical 

GLCM. Here, normalized term is related to probability which is defined as the number of 

times this outcome occurs, divided by the total number of possible outcomes. The 

normalization of the matrix can be obtained by using (5.10). 
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∑       
     

      (5.10) 

where i, j: number of rows and columns in GLCM matrix 

Vij: Value at cell i,j in the matrix 

Pij: Probability value for the cell i,j 

By applying (5.10) on symmetrical GLCM found in Table 5.5, normalized GLCM would 

be obtained as shown in Table 5.6. 

TABLE 5.6: Normalized GLCM 

0.166 0.083 0.042 0 

0.083 0.166 0 0 

0.042 0 0.250 0.042 

0 0 0.042 0.083 

 

The normalized GLCM is to be reduced to a single number that will sum up and enumerate 

the qualitative perception of texture in the image, also called texture measure. There are 

multiple ways to do this, which results in several different descriptive statistics. These 

statistics summarize the relative frequency distribution, that shows how often one gray 

level intensity value appear in a denoted spatial relationship to another gray level intensity 

of the image. Various statistics can be obtained from GLCM, few of them are energy, 

correlation, entropy, contrast and homogeneity. Following are the notations used in the 

various equations that find these statistical measures. 

P(i,j) : (i,j)
th

 entry in GLCM 

G : Number of distinct gray levels in an image 

Px (i) : i
th

 entry in P(i,j) obtained by ∑    
    

Py(i) : i
th

 entry in P(i,j) obtained by ∑    
    

µx, µy : Mean of Px and Py 

σx, σy : Standard deviation of Px and Py 
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Energy: This statistic is also called Uniformity or Angular second moment. Texture 

uniformity that is how many times pair of pixels is getting repetitions is measured by 

energy. In other words, energy statistics detects disorders in textures. Maximum value 

energy can have is equal to one. When the gray level distribution has a constant or periodic 

form, high energy values occur. In other words, it gives high value when image has very 

good homogeneity that is when pixels are very similar. Energy can be calculated as 

        ∑ ∑  (   )    
   

   
        (5.11) 

Correlation: The correlation feature quantifies gray levels linear dependencies of specified 

neighbouring pixel pairs in the image and can be computed as 

             ∑ ∑
*   +   (   )  *       +

       
   
   

   
     (5.12) 

Entropy: The disorder or density of an image is measured by this statistic. The value of 

entropy comes large when the image is not texturally consistent and numerous GLCM 

elements have very small values. Complex textures tend to have high entropy. Entropy is 

strongly, but inversely correlated to energy. 

          ∑ ∑  (   )      ( (   ))   
   

   
      (5.13) 

Contrast: The spatial frequency of an image is measured by this statistics and it is the 

difference moment of GLCM. That means, it is the difference between the highest and the 

lowest values of a contiguous set of pixels. It can also be said that it measures the amount 

of local variations present in the image. A low contrast image presents GLCM 

concentration term around the principal diagonal and features low spatial frequencies. 

          ∑ ∑ (   )  (   )   
   

   
      (5.14) 

Homogeneity: This statistic is also known as Inverse Difference Moment. It measures 

image homogeneity as it assumes larger values for smaller gray level intensity differences 

in pair elements. It measures the closeness of the distribution of elements in the GLCM to 

the GLCM diagonal and hence more sensitive to the presence of near diagonal elements in 

the GLCM. It has maximum value when all elements in the image are same. GLCM 

contrast and homogeneity are strongly, but inversely, correlated in terms of corresponding 

division in the pixel pairs population. It means homogeneity decreases if contrast increases 

while energy is kept constant.  
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            ∑ ∑
 

  (   ) 
  (   )   

   
   
      (5.15) 

From the textural features described above, the angular second moment (i.e. energy), 

entropy, correlation and homogeneity have been considered as most efficient parameters 

for discriminating different textural patterns [65-68]. The proposed work computes these 

properties for expression image. The statistics computed from face is used as features 

along with region based LBP and PCA features, as described in earlier section. 

5.2.2 Classification using K-Nearest Neighbour Classifier 

As discussed in section 3.2.2, KNN classifier is easiest and most widely used classifier for 

pattern recognition applications. KNN works on the principle of computing the similarity 

between a test sample and training samples. It does so by measuring the Euclidian distance 

between the test sample and training samples. The test sample is classified based on k most 

similar training samples in its neighbourhood. The technical details of KNN classifier is 

described in section 3.2.3 and hence excluded from the discussion here. 

The experimental work proposed here is using features obtained from hybrid feature 

extraction techniques to discriminate the expressions. As discussed in section 5.2, RLBP, 

RPCA and GLCM techniques are used to extract features. RLBP generates 59 features for 

each region, concluding to 236 features after combining of all regions. Here, regions are 

left eye, right eye, mouth and face itself. In addition to this, principle component of each 

region, i.e. eigenvectors, are also extracted. Lastly, five statistical measures of textures are 

computed using GLCM, namely, autocorrelation, entropy, energy, correlation and 

homogeneity. These all features are concatenated to make an enhanced feature vector 

which constitutes the feature vector size as 245 per image, considering 236 LBP values, 

four eigenvectors and five GLCM features. Using these features, KNN classifier classifies 

seven universal expressions from standard dataset as well as from RTIFE. Both data sets 

have images with front faces and having variation in lighting conditions.  

5.3 Experimental Results 

5.3.1 Experimental Results on JAFFE dataset 

The effectiveness of proposed hybrid approach for FER has been explored using JAFFE 

dataset in which images are captured in fixed environment with variation in lighting 

conditions. As described in the chapter 4, 210 images of JAFFE dataset are divided into 
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different set of test and training images. The experiments are conducted on various set of 

test images, which are excluded from training phase. As shown in Fig.5.2, except fear and 

sad expression, all other expressions achieves recognition rate in the range of 93% to 96% 

which has a perceivable improvement over previous proposed method of FER using 

RLBP. 

 

FIGURE 5.2: Analysis of results for different expressions  

5.3.2 Experimental Results on RTIFE dataset 

The proposed FER method has also been investigated on real time captured images of 

facial expressions, RTIFE, posed by different students and faculties of both gender. The 

images are taken in the premises of scholar's institution and nearby institutions. There are 

such 753 images taken from which 99 image are used for testing purpose and remaining 

654 images are used in training the classifier. The experimental results of various steps 

performed for the proposed hybrid approach is shown further in this section. 

Experimental Results of ROI Extraction: Similar to proposed RLBP method, the hybrid 

approach also requires extracting regions from the faces, which has been achieved using 

Viola Jones cascade object detector. The detector for real time captured images works 

similar to gray scale images for region extraction. The sample results for ROI extraction of 

each expression is shown further. 
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(a) 

(b) 

    (c)                                                             (d) (e) 

 

FIGURE 5.3: ROI Extraction of Angry Expression 

(a) Original Image (b) Face (c) Left eye (d) Right eye (e) Mouth 
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(a) 

(b) 

(c) (d) (e) 

 

FIGURE 5.4: ROI Extraction of Disgust Expression 

(a) Original Image (b) Face (c) Left eye (d) Right eye (e) Mouth  
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

FIGURE 5.5: ROI Extraction of Fear Expression 

(a) Original Image (b) Face (c) Left eye (d) Right eye (e) Mouth 
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(a) 

(b) 

(c) (d) (e) 

 

FIGURE 5.6: ROI Extraction of Happy Expression 

(a) Original Image (b) Face (c) Left eye (d) Right eye (e) Mouth 
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(a) 

 

(b) 

(c) (d) (e) 

 

FIGURE 5.7: ROI Extraction of Neutral Expression 

(a) Original Image (b) Face (c) Left eye (d) Right eye (e) Mouth 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

FIGURE 5.8: ROI Extraction of Sad Expression 

(a) Original Image (b) Face (c) Left eye (d) Right eye (e) Mouth 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

FIGURE 5.9: ROI Extraction of Surprise Expression 

(a) Original Image (b) Face (c) Left eye (d) Right eye (e) Mouth 

As it can be seen from above results, the images are captured in real time environment with 

different background, resolution and lighting conditions. Although, there are significant 

changes in illumination conditions in various images, Viola Jones algorithm identifies 

regions accurately for almost all expressions. 

Experimental Results of Feature Extraction: The proposed algorithm uses combination 

of LBP, PCA and GLCM techniques to extracts texture features from images. As discussed 

previously, LBP features are found for four regions, namely, left eye , right eye, mouth and 

face itself. LBP in each region gives 59 features, making 236 features considering four 

regions. Similar methodology is applied for finding principle components of each region 

using PCA algorithm. The mean value of eigenvectors of each region is taken as feature 
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value. Lastly, the texture properties of the face is extracted using GLCM approach. The 

five texture measures, as discussed in last section, has been extracted for each expression. 

The feature values of a sample happy expression of one subject is shown further. 

 

FIGURE 5.10: GLCM Features of Happy expression 

 

 

FIGURE 5.11: PCA Features of Happy expression 
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FIGURE 5.12: LBP Features of Happy expression 

The features extracted from each individual feature extraction technique have been 

concatenated to make an enhanced hybrid feature vector. The concatenated feature vector 

will be having length of 245 features which will be given as an input to the classifier. 

Experimental results of classification: The proposed hybrid approach is using KNN 

classifier for expression categorization. The experiments have been performed for various 

set of test images consisting of different expressions. The database of real time captured 

images has been divided into test and training sets. The total number of images in database 

is 753 from which 99 images are separated for testing purpose and remaining images are 

used for training purpose using which classifier is trained. The effectiveness of algorithm is 

observed by applying various images from test set which are excluded from training. The 

recognition rates of five such test cases are shown further in this section.  
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 5.13: Confusion matrix of Testcase1 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 5.14: Confusion matrix of Testcase2 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 5.15: Confusion matrix of Testcase3 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 5.16: Confusion matrix of Testcase4 
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1: Angry 2: Disgust 3: Fear 4: Happy 5: Neutral 6: Sad 7: Surprise 

FIGURE 5.17: Confusion matrix of Testcase5 

The experimental results attained for various test cases as mentioned earlier have been 

optimized by varying parameter k of classifier. As discussed in chapter 4, varying the value 

of k makes more number of features in similarity comparison which may result into 

different recognition accuracy. In this work, value of k has been made varied from 1 to 5 

and the recognition rates are observed. After analyzing the results, it has been concluded 

that more number of neighbourhood lowers the accuracy of recognition in majority of the 

test cases. The results of various test cases with different k values have been summarized 

and shown below in Fig. 5.18. 
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FIGURE 5.18: Analysis of results with varying parameter k  

The proposed algorithm has also been explored to find recognition accuracy for various 

expressions individually. That is, different test cases consisting of individual expressions 

of various subjects are tested to measure the accuracy of recognition. The recognition rates 

for all seven expressions in various test cases are shown in Fig.5.19. It can be seen that 

expressions angry, disgust, fear, happy and surprise are more accurately recognized 

compared to neutral and sad. As the expressions are captured spontaneously by instructing 

the subjects to act accordingly, few of them may have been resulted into less diverse 

expressions. Moreover, expressions like angry, happy and surprise are more likely to 

change the appearance of the face compared to other expressions which resulted into 

higher recognition accuracy.  
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FIGURE 5.19: Analysis of results for different expressions 

5.4 Concluding Remarks 

The algorithm proposed in this chapter make use of hybrid features obtained from three 

feature extraction techniques, namely, RLBP,  RPCA and GLCM. Each feature extraction 

technique is used to generate individual features and concatenated enhanced features are 

used for classification. As known, few regions of the faces play a vital role in 

discriminating expression features on face image. Also, texture properties of the faces 

contribute in wider way for revealing the appearance changes in face image. This 

perception has been exploited to enhance the feature extraction part of the FER process.  

The effectiveness of the proposed novel hybrid technique is investigated by experimenting 

on two databases, JAFFE and RTIFE. Various experiments have been performed on both 

datasets to observe the performance of proposed algorithm. Different set of test cases, 

incorporating different expressions, are tested with the algorithm. The proposed algorithm 

has also been examined for all seven expressions separately from the set of test images. As 

seen from the results obtained on JAFFE dataset, the algorithm achieves accuracy in the 

range of 93% to 96% except fear and sad expression. It is worth to note that the proposed 

algorithm could achieve more than 90% accuracy for all expressions. 

The novel approach proposed here is having major focus on developing FER system that 

work upon real time captured images. If the images are captured in outer side of controlled 

0

10

20

30

40

50

60

70

80

90

100

Angry Disgust Fear Happy Neutral Sad Surprise

R
ec

go
n

it
io

n
 R

at
e 

Expressions 



FER using Hybrid Approach 

 

125 
 

environment, may incorporate variety in terms of resolution and lighting conditions. The 

dataset of such kind of images have been created by scholar which contain images of both, 

male and females. Various experiments have been performed on the dataset RTIFE to 

measure the efficiency of algorithm in recognizing expressions. It can be seen from the 

results that angry, happy and surprise expression achieves accuracy in the range of 81% to 

93% and more accurately recognized compared to other expressions.  
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Chapter 6 

Conclusion and Further Directions 

6.1 Conclusion 

Facial expression recognition system is primarily involves three fundamental steps, 

namely, pre-processing the image, feature extraction and classification. The first proposed 

method involves all these steps in developing a FER system. The proposed approach 

employs DCT normalization technique to compensate illumination variations from input 

images. As illumination variation lies in lower frequency coefficients, illumination 

compensation is achieved by removing those DCT coefficients. The number of DCT 

coefficients to be made zero are determined by looking at visual quality of image. Edges 

are detected using Canny edge detection method which are used further for detection of 

features. An iterative search algorithm is applied to find ROI from edge detected image 

and various geometric feature points from each ROI. The classification of expressions is 

achieved using Neural Network and KNN classifier, from which KNN classifier performs 

well and attained accuracy between 50% to 69%. The proposed approach reaches more 

than 75% recognition accuracy for angry, happy and surprise expressions. Disgust, fear, 

neutral and sad expressions could not get recognized properly due to lower capability of 

iterative search algorithm and geometric features to discriminate features of these 

expressions. 

Appearance features of facial expressions have been explored in second proposed FER 

technique which modifies original LBP algorithm. As LBP algorithm is characterized in 

generating illumination invariant features, pre-processing step is excluded from the entire 

process. Original LBP technique was proposed to apply on entire face image, which has 

been modified here by applying it on ROI. Left eye, right eye and mouth regions are 

detected from each face image, that have been used to extract LBP features along with 

entire face region. The augmented feature vector, consisting of LBP features from each 
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ROI as well as face, has been exploited as input to the KNN classifier. The proposed 

method is experimented on JAFFE dataset and achieves recognition in the range of 82% to 

92% using KNN classifier. The proposed technique could achieve recognition accuracy in 

the range of 90% to 94% for all expressions which is noteworthy improvement compared 

to first proposed technique.  

Along with RLBP algorithm, PCA and GLCM algorithms are employed to extract 

appearance based features in third proposed FER technique. Here, PCA is exploited for 

finding principle components, instead of dimension reduction of feature vector. The 

eigenvectors and eigenvalues are found for each ROI and mean value of each ROI's 

eigenvector is used as features. Similarly, texture statistics like energy, entropy, 

homogeneity are obtained using GLCM approach. The novelty of this approach lies in 

applying hybrid texture features obtained from RLBP, RPCA and GLCM as input to the 

KNN classifier. Another uniqueness of the proposed hybrid approach is investigating 

recognition efficiency of the same on JAFFE as well as RTIFE dataset. It accomplished 

more than 90% recognition accuracy for all expressions, which is an observable 

improvement over other proposed methods as well as methods reported in [23][56-

58][64][65][68]. It has been a difficult task always to deal with spontaneous images. The 

images in RTIFE dataset has been captured in uncontrolled environment. Although the 

images have cluttered background and varying light source, the proposed technique 

achieves recognition accuracy in the range of 71% to 86% for various test cases. The 

accuracy of angry, happy and surprise expressions ranges from 81% to 93% which is 

higher compared to other expressions due to their diverse appearance even if the images 

are captured naturally.  

6.2 Further Directions 

Our proposed FER techniques of RLBP and hybrid approach can be used in developing 

real time applications like mood player, driving assistance, satisfaction survey etc. The 

proposed approaches can be extended by considering pose variations in an image with the 

help of appropriate pre-processing techniques to invariant the pose variations. There is also 

a scope of development of an algorithm which considers image sequences instead of still 

images. The individual frames of image sequence can be dealt with separately by 

considering first frame or a template as key frame to discriminate face with expression. 
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APPENDIX-A: JAFFE Image Dataset 

Japanese Female Facial Expressions (JAFFE) 

JAFFE dataset is most widely used by the researchers for developing facial expression 

recognition system. The dataet is containing 210 images of 10 subjects. Each subject has 

posed for seven universal expressions, concluding to 210 total images. The distribution of 

images and sample images of each subject per expression are shown further. 

 

TABLE A.1: Distribution of images in JAFFE dataset 

 
Number of Images  

Angry Disgust Fear Happy Neutral Sad Surprise Total 

Subject1 03 03 04 04 03 03 03 23 

Subject2 03 04 03 03 03 03 03 22 

Subject3 03 02 03 04 03 04 03 22 

Subject4 03 03 03 02 03 03 03 20 

Subject5 03 03 03 03 03 03 03 21 

Subject6 03 03 03 03 03 03 03 21 

Subject7 03 02 03 03 03 03 03 20 

Subject8 03 03 03 03 03 03 03 21 

Subject9 03 03 03 03 03 03 03 21 

Subject10 03 03 04 03 00 03 03 19 

Total 30 29 32 31 27 31 30 210 
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 Subject1 Subject2 Subject3 Subject4 Subject5 

Angry 

     
      

Disgust 

     
      

Fear 

     
      

Happy 

     
      

Neutral 

     
      

Sad 

     
      

Surprise 
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 Subject6 Subject7 Subject8 Subject9 Subject10 

Angry 

     
      

Disgust 

     
      

Fear 

     
      

Happy 

     
      

Neutral 

    

-Not available- 

      

Sad 

     
      

Surprise 

     
 

FIGURE A.1: Sample images of each subject, each expression
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APPENDIX-B: RTIFE Image Dataset 

Real Time Indian Facial Expressions (RTIFE) 

RTIFE dataset is created by us by capturing facial expressions into real time environment. 

The images are captured with the help of webcam in premises of scholar's institution, B V 

M Engineering College and A D Patel Institute of Technology located at Vallabh 

Vidyanagar, Anand. The expressions captured are of undergraduate students and faculties 

of Information Technology department of both the institutes. The dataset is consists of 

images of 44 subjects including female and males. The distribution of images and sample 

images of each expression are shown further. 

TABLE B.1: Distribution of images in RTIFE dataset 

 
Number of Images  

Angry Disgust Fear Happy Neutral Sad Surprise Total 

Subject1 01 01 01 01 00 00 00 04 

Subject2 04 09 02 12 02 04 12 45 

Subject3 19 06 15 11 07 12 14 84 

Subject4 03 02 04 03 03 07 04 26 

Subject5 03 02 03 04 02 07 04 25 

Subject6 02 00 02 01 00 03 06 14 

Subject7 03 02 03 02 03 00 05 18 

Subject8 03 05 01 05 02 04 06 26 

Subject9 01 00 00 01 00 00 01 03 

Subject10 01 02 02 03 00 03 00 11 

Subject11 02 00 00 02 02 00 00 06 

Subject12 02 00 01 00 01 00 00 04 

Subject13 13 04 04 04 03 06 02 36 

Subject14 02 04 00 00 05 00 00 11 

Subject15 01 00 02 00 00 00 00 03 

Subject16 03 03 02 08 04 04 00 24 

Subject17 04 04 04 09 06 00 07 34 

Subject18 03 05 02 03 01 00 03 17 
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Subject19 02 04 04 04 00 00 00 14 

Subject20 07 00 00 00 00 00 00 07 

Subject21 12 02 00 09 05 02 01 31 

Subject22 02 04 02 16 04 01 13 42 

Subject23 05 01 03 03 08 03 00 23 

Subject24 01 05 00 04 00 02 04 16 

Subject25 05 05 04 00 04 00 00 18 

Subject26 00 02 02 00 06 04 11 25 

Subject27 00 02 01 00 02 01 00 06 

Subject28 00 04 01 02 02 00 06 15 

Subject29 00 03 00 11 00 00 00 14 

Subject30 00 02 00 01 04 00 00 07 

Subject31 00 08 01 06 04 00 02 21 

Subject32 00 02 00 06 04 00 04 16 

Subject33 00 02 06 11 12 10 07 48 

Subject34 00 00 02 00 02 02 00 06 

Subject35 00 00 02 00 00 00 01 03 

Subject36 00 00 02 00 00 00 00 02 

Subject37 00 00 00 02 01 00 01 04 

Subject38 00 00 00 10 03 00 00 13 

Subject39 00 00 00 07 01 00 00 08 

Subject40 00 00 00 05 04 05 02 16 

Subject41 00 00 00 00 01 00 00 01 

Subject42 00 00 00 00 02 00 00 02 

Subject43 00 00 00 00 03 00 00 03 

Subject44 00 00 00 00 00 01 00 01 

Total 104 95 78 166 113 81 116 753 
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Angry 

     
      

Disgust 

     
      

Fear 

     
      

Happy 

     
      

Neutral 

     
      

Sad 

     
      

Surprise 

     
 

FIGURE B.1: Sample images of each expression from RTIFE dataset 
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APPENDIX – C 

Supplementary Results of FER using RLBP 

 

 

FIGURE C.1: Left eye LBP features of Angry Expression 

 

 

FIGURE C.2: Right eye LBP features of Angry Expression 
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FIGURE C.3: LBP features of Mouth of Angry Expression 

 

 

FIGURE C.4: Face LBP features of AngryExpression 
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TABLE C.1: LBP feature values for ROI of Angry Expression 

Number 

of 

Features 

Left Eye 
Right 

Eye 
Mouth Face 

1 0.3712 0.3621 0.3097 0.3712 

2 0.0576 0.0368 0.0512 0.0576 

3 0.0211 0.0224 0.0234 0.0211 

4 0.0842 0.0684 0.0864 0.0842 

5 0.0184 0.0332 0.0076 0.0184 

6 0.0484 0.0478 0.0356 0.0484 

7 0.0167 0.0205 0.0105 0.0167 

8 0.0929 0.0767 0.0331 0.0929 

9 0.0243 0.0412 0.0099 0.0243 

10 0.0422 0.0194 0.0488 0.0422 

11 0.0375 0.0207 0.0661 0.0375 

12 0.0295 0.0374 0.0420 0.0295 

13 0.0292 0.0358 0.0024 0.0292 

14 0.0317 0.0521 0.0179 0.0317 

15 0.0388 0.0633 0.0251 0.0388 

16 0.0391 0.0270 0.0239 0.0391 

17 0.0410 0.0274 0.0269 0.0410 

18 0.0620 0.0439 0.1095 0.0620 

19 0.0504 0.0464 0.2133 0.0504 

20 0.0467 0.0596 0.0416 0.0467 

21 0.0447 0.0613 0.0115 0.0447 

22 0.0493 0.0891 0.0328 0.0493 

23 0.0529 0.1596 0.0882 0.0529 

24 0.0631 0.0832 0.0463 0.0631 

25 0.0671 0.0298 0.0232 0.0671 

26 0.0875 0.1146 0.4365 0.0875 

27 0.0678 0.0852 0.1354 0.0678 

28 0.0649 0.0633 0.0073 0.0649 

29 0.0688 0.0743 0.0118 0.0688 

30 0.0742 0.1742 0.1095 0.0742 

31 0.0719 0.1939 0.0954 0.0719 

32 0.0759 0.0577 0.0108 0.0759 
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33 0.0906 0.0349 0.0425 0.0906 

34 0.0676 0.0613 0.2735 0.0676 

35 0.0384 0.0599 0.0274 0.0384 

36 0.0644 0.0731 0.0085 0.0644 

37 0.0381 0.0761 0.0184 0.0381 

38 0.0718 0.2250 0.1154 0.0718 

39 0.0480 0.0702 0.0398 0.0480 

40 0.0825 0.0464 0.0267 0.0825 

41 0.0455 0.0295 0.0996 0.0455 

42 0.0360 0.0436 0.0313 0.0360 

43 0.0381 0.0456 0.0258 0.0381 

44 0.0338 0.0595 0.0226 0.0338 

45 0.0435 0.0390 0.0234 0.0435 

46 0.0431 0.0545 0.0198 0.0431 

47 0.0468 0.0611 0.0462 0.0468 

48 0.0412 0.0271 0.0276 0.0412 

49 0.0427 0.0217 0.0911 0.0427 

50 0.0232 0.0165 0.0187 0.0232 

51 0.0549 0.0719 0.0459 0.0549 

52 0.0281 0.0375 0.0079 0.0281 

53 0.0810 0.0682 0.0622 0.0810 

54 0.0403 0.0395 0.0149 0.0403 

55 0.0508 0.0534 0.0861 0.0508 

56 0.0356 0.0294 0.0333 0.0356 

57 0.0722 0.0525 0.0746 0.0722 

58 0.4623 0.4193 0.3529 0.4623 

59 0.6941 0.6284 0.5622 0.6941 
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FIGURE C.5: Left eye LBP features of Disgust Expression 

 

 

 

FIGURE C.6: Right eye LBP features of Disgust Expression 
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FIGURE C.7: LBP features of Mouth of Disgust Expression 

 

 

FIGURE C.8: Face LBP features of Disgust Expression 
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TABLE C.2: LBP feature values for ROI of Disgust Expression 

Number 

of 

Features 

Left Eye 
Right 

Eye 
Mouth Face 

1 0.3719 0.3135 0.3435 0.3719 

2 0.0593 0.0302 0.0788 0.0593 

3 0.0235 0.0144 0.0260 0.0235 

4 0.0802 0.0674 0.0678 0.0802 

5 0.0182 0.0203 0.0173 0.0182 

6 0.0524 0.0647 0.0545 0.0524 

7 0.0150 0.0166 0.0141 0.0150 

8 0.0873 0.0794 0.0787 0.0873 

9 0.0217 0.0148 0.0256 0.0217 

10 0.0429 0.0334 0.0493 0.0429 

11 0.0401 0.0439 0.0312 0.0401 

12 0.0307 0.0153 0.0360 0.0307 

13 0.0283 0.0331 0.0214 0.0283 

14 0.0249 0.0475 0.0184 0.0249 

15 0.0290 0.0473 0.0373 0.0290 

16 0.0337 0.0209 0.0473 0.0337 

17 0.0401 0.0385 0.0298 0.0401 

18 0.0621 0.0610 0.0573 0.0621 

19 0.0430 0.0417 0.1529 0.0430 

20 0.0431 0.0411 0.0460 0.0431 

21 0.0402 0.0664 0.0339 0.0402 

22 0.0462 0.0888 0.0612 0.0462 

23 0.0534 0.1258 0.1573 0.0534 

24 0.0520 0.0341 0.0737 0.0520 

25 0.0680 0.0247 0.0458 0.0680 

26 0.0796 0.1842 0.1897 0.0796 

27 0.0661 0.0535 0.1780 0.0661 

28 0.0585 0.0980 0.0636 0.0585 

29 0.0674 0.0976 0.0377 0.0674 

30 0.0679 0.2431 0.1722 0.0679 

31 0.0698 0.1014 0.1832 0.0698 

32 0.0788 0.0255 0.0544 0.0788 
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33 0.0928 0.0225 0.0485 0.0928 

34 0.0616 0.0628 0.1768 0.0616 

35 0.0386 0.0290 0.0519 0.0386 

36 0.0456 0.0788 0.0206 0.0456 

37 0.0389 0.0598 0.0410 0.0389 

38 0.0672 0.1429 0.2058 0.0672 

39 0.0437 0.0231 0.0516 0.0437 

40 0.0915 0.0335 0.0464 0.0915 

41 0.0537 0.0667 0.0596 0.0537 

42 0.0357 0.0274 0.0620 0.0357 

43 0.0335 0.0253 0.0300 0.0335 

44 0.0333 0.0417 0.0267 0.0333 

45 0.0326 0.0538 0.0633 0.0326 

46 0.0403 0.0354 0.0449 0.0403 

47 0.0426 0.0422 0.0300 0.0426 

48 0.0407 0.0258 0.0358 0.0407 

49 0.0407 0.0416 0.0438 0.0407 

50 0.0314 0.0240 0.0294 0.0314 

51 0.0444 0.0528 0.0541 0.0444 

52 0.0297 0.0432 0.0304 0.0297 

53 0.0690 0.0825 0.0562 0.0690 

54 0.0329 0.0179 0.0360 0.0329 

55 0.0564 0.0398 0.0925 0.0564 

56 0.0373 0.0133 0.0166 0.0373 

57 0.0639 0.0489 0.0489 0.0639 

58 0.4791 0.4666 0.3777 0.4791 

59 0.6929 0.6508 0.6142 0.6929 
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FIGURE C.9: Left eye LBP features of Fear Expression 

 

 

FIGURE C.10: Right eye LBP features of Fear Expression 
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FIGURE C.11: LBP features of Mouth of Fear Expression 

 

 

FIGURE C.12: Face LBP features of Fear Expression 
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TABLE C.3: LBP feature values for ROI of Fear Expression 

Number 

of 

Features 

Left Eye 
Right 

Eye 
Mouth Face 

1 0.3875 0.3620 0.3060 0.3549 

2 0.0693 0.0592 0.0703 0.0680 

3 0.0240 0.0093 0.0293 0.0242 

4 0.0658 0.0616 0.0625 0.0733 

5 0.0234 0.0138 0.0316 0.0197 

6 0.0379 0.0640 0.0667 0.0563 

7 0.0243 0.0355 0.0195 0.0177 

8 0.0864 0.0612 0.0398 0.0721 

9 0.0205 0.0191 0.0188 0.0153 

10 0.0377 0.0184 0.0295 0.0359 

11 0.0319 0.0288 0.0281 0.0291 

12 0.0261 0.0348 0.0626 0.0297 

13 0.0162 0.0304 0.0323 0.0290 

14 0.0219 0.0381 0.0214 0.0248 

15 0.0426 0.0738 0.0346 0.0310 

16 0.0677 0.0329 0.0238 0.0320 

17 0.0572 0.0324 0.0351 0.0339 

18 0.0464 0.0474 0.0833 0.0584 

19 0.0343 0.0316 0.1606 0.0430 

20 0.0473 0.0315 0.0736 0.0408 

21 0.0366 0.1123 0.0378 0.0439 

22 0.0442 0.0728 0.0811 0.0403 

23 0.1558 0.1627 0.1428 0.0538 

24 0.0816 0.0307 0.0665 0.0463 

25 0.0571 0.0346 0.0417 0.0500 

26 0.0599 0.1037 0.2028 0.0599 

27 0.1171 0.0617 0.2421 0.0619 

28 0.0374 0.0805 0.0428 0.0625 

29 0.0356 0.1628 0.0431 0.0605 

30 0.0957 0.2257 0.1547 0.0615 

31 0.2076 0.1452 0.2093 0.0679 

32 0.1097 0.0293 0.0865 0.0725 
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33 0.0758 0.0701 0.0403 0.0888 

34 0.0510 0.0594 0.2078 0.0603 

35 0.0378 0.0319 0.0738 0.0344 

36 0.0396 0.1476 0.0289 0.0571 

37 0.0587 0.0799 0.0523 0.0353 

38 0.1881 0.2121 0.1806 0.0718 

39 0.0696 0.0380 0.0760 0.0377 

40 0.0845 0.0392 0.0448 0.0743 

41 0.0384 0.0472 0.0657 0.0457 

42 0.0245 0.0161 0.0449 0.0301 

43 0.0282 0.0282 0.0330 0.0335 

44 0.0412 0.0557 0.0495 0.0353 

45 0.0403 0.0496 0.0379 0.0296 

46 0.0765 0.0472 0.0432 0.0377 

47 0.0553 0.0381 0.0459 0.0386 

48 0.0385 0.0423 0.0351 0.0449 

49 0.0295 0.0214 0.0459 0.0393 

50 0.0373 0.0269 0.0306 0.0352 

51 0.0302 0.0658 0.0650 0.0446 

52 0.0363 0.0520 0.0188 0.0310 

53 0.0745 0.0552 0.0512 0.0564 

54 0.0507 0.0174 0.0302 0.0340 

55 0.0783 0.0534 0.1060 0.0548 

56 0.0393 0.0311 0.0446 0.0382 

57 0.0661 0.0647 0.0675 0.0612 

58 0.3920 0.4225 0.3725 0.4904 

59 0.6571 0.6086 0.5907 0.7076 
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FIGURE C.13: Left eye LBP features of Happy Expression 

 

 

FIGURE C.14: Right eye LBP features of Happy Expression 
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FIGURE C.15: LBP features of Mouth of Happy Expression 

 

 

FIGURE C.16: Face LBP features of Happy Expression 
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TABLE C.4: LBP feature values for ROI of Happy Expression 

Number 

of 

Features 

Left Eye 
Right 

Eye 
Mouth Face 

1 0.3215 0.3269 0.3340 0.3511 

2 0.0712 0.0809 0.0565 0.0654 

3 0.0240 0.0139 0.0127 0.0195 

4 0.0552 0.0729 0.0741 0.0775 

5 0.0084 0.0114 0.0086 0.0126 

6 0.0458 0.0599 0.0239 0.0503 

7 0.0174 0.0251 0.0129 0.0149 

8 0.0727 0.1147 0.0794 0.0871 

9 0.0302 0.0120 0.0188 0.0157 

10 0.0400 0.0350 0.0287 0.0339 

11 0.0424 0.0364 0.0389 0.0375 

12 0.0377 0.0358 0.0322 0.0301 

13 0.0232 0.0347 0.0144 0.0261 

14 0.0348 0.0462 0.0363 0.0293 

15 0.0448 0.0436 0.0386 0.0345 

16 0.0577 0.0388 0.0536 0.0341 

17 0.0528 0.0307 0.0467 0.0334 

18 0.0790 0.0511 0.0903 0.0659 

19 0.0809 0.0511 0.1446 0.0544 

20 0.0455 0.0313 0.0596 0.0523 

21 0.0267 0.0576 0.0455 0.0438 

22 0.0603 0.1011 0.0821 0.0538 

23 0.1243 0.1352 0.1194 0.0543 

24 0.0975 0.0632 0.1016 0.0574 

25 0.0772 0.0367 0.0426 0.0583 

26 0.1308 0.1559 0.2239 0.0936 

27 0.1257 0.0849 0.1921 0.0701 

28 0.0465 0.0529 0.0375 0.0535 

29 0.0339 0.1443 0.0652 0.0685 

30 0.1892 0.1989 0.1588 0.0797 

31 0.1890 0.1311 0.2153 0.0782 

32 0.0780 0.0298 0.0676 0.0763 
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33 0.0665 0.0434 0.0754 0.0745 

34 0.1007 0.1046 0.1702 0.0769 

35 0.0454 0.0320 0.0574 0.0421 

36 0.0405 0.0876 0.0314 0.0539 

37 0.0611 0.0644 0.0491 0.0367 

38 0.1744 0.1614 0.1951 0.0748 

39 0.0734 0.0488 0.0768 0.0441 

40 0.0851 0.0539 0.0530 0.0757 

41 0.0729 0.0499 0.0604 0.0540 

42 0.0191 0.0251 0.0497 0.0328 

43 0.0241 0.0311 0.0175 0.0269 

44 0.0192 0.0511 0.0429 0.0316 

45 0.0272 0.0482 0.0597 0.0382 

46 0.0646 0.0527 0.0436 0.0384 

47 0.0595 0.0412 0.0407 0.0391 

48 0.0434 0.0385 0.0266 0.0361 

49 0.0564 0.0369 0.0613 0.0465 

50 0.0137 0.0173 0.0206 0.0289 

51 0.0479 0.0383 0.0349 0.0428 

52 0.0259 0.0308 0.0376 0.0356 

53 0.0761 0.0519 0.0599 0.0662 

54 0.0261 0.0428 0.0168 0.0328 

55 0.0380 0.0516 0.0639 0.0493 

56 0.0229 0.0317 0.0205 0.0378 

57 0.0637 0.0444 0.0536 0.0562 

58 0.3943 0.4141 0.3718 0.4957 

59 0.6666 0.6619 0.6029 0.6902 
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Neutral 

 

 

FIGURE C.17: Left eye LBP features of Neutral Expression 
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FIGURE C.18: Right eye LBP features of Neutral Expression 

 

 

FIGURE C.19: LBP features of Mouth of Neutral Expression 
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FIGURE C.20: Face LBP features of Neutral Expression 

 

TABLE C.5: LBP feature values for ROI of Neutral Expression 

Number 

of 

Features 

Left Eye 
Right 

Eye 
Mouth Face 

1 0.3564 0.3452 0.3483 0.3749 

2 0.0639 0.0593 0.0513 0.0529 

3 0.0256 0.0219 0.0194 0.0219 

4 0.0530 0.0585 0.1108 0.0808 

5 0.0123 0.0239 0.0244 0.0186 

6 0.0526 0.0600 0.0455 0.0509 

7 0.0263 0.0247 0.0100 0.0186 

8 0.0483 0.0851 0.0276 0.0830 

9 0.0164 0.0208 0.0188 0.0197 

10 0.0666 0.0258 0.0579 0.0388 

11 0.0163 0.0328 0.0692 0.0317 

12 0.0224 0.0281 0.0468 0.0307 

13 0.0249 0.0432 0.0222 0.0295 

14 0.0280 0.0415 0.0277 0.0281 

15 0.0373 0.0720 0.0224 0.0304 

16 0.0929 0.0522 0.0263 0.0357 

17 0.0624 0.0532 0.0318 0.0402 

18 0.0794 0.0677 0.0748 0.0613 

19 0.0416 0.0350 0.1690 0.0405 

20 0.0232 0.0576 0.0481 0.0423 

21 0.0363 0.0446 0.0211 0.0449 

22 0.0602 0.0905 0.0436 0.0443 

23 0.0823 0.0877 0.1118 0.0443 

24 0.1097 0.0683 0.0592 0.0567 

25 0.1101 0.0287 0.0336 0.0599 

26 0.0968 0.1011 0.2079 0.0737 

27 0.0589 0.0906 0.1864 0.0639 

28 0.0591 0.0635 0.0287 0.0722 

29 0.0366 0.1005 0.0155 0.0655 

30 0.1311 0.1123 0.1488 0.0626 
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31 0.1083 0.1395 0.1851 0.0703 

32 0.0972 0.0537 0.0394 0.0774 

33 0.0787 0.0700 0.0495 0.0800 

34 0.0486 0.0469 0.2427 0.0554 

35 0.0298 0.0505 0.0357 0.0384 

36 0.0399 0.0786 0.0213 0.0721 

37 0.0505 0.0960 0.0507 0.0419 

38 0.1281 0.1059 0.1591 0.0580 

39 0.0852 0.0515 0.0479 0.0392 

40 0.1365 0.0393 0.0279 0.0847 

41 0.0534 0.0315 0.0493 0.0407 

42 0.0141 0.0234 0.0509 0.0323 

43 0.0380 0.0434 0.0313 0.0342 

44 0.0372 0.0300 0.0274 0.0337 

45 0.0520 0.0545 0.0234 0.0350 

46 0.0536 0.0468 0.0305 0.0352 

47 0.0422 0.0562 0.0339 0.0368 

48 0.0630 0.0231 0.0552 0.0388 

49 0.0344 0.0272 0.0701 0.0314 

50 0.0229 0.0195 0.0364 0.0275 

51 0.0368 0.0420 0.0411 0.0369 

52 0.0301 0.0332 0.0287 0.0289 

53 0.0570 0.0854 0.0477 0.0794 

54 0.0417 0.0358 0.0110 0.0360 

55 0.0902 0.0544 0.0552 0.0482 

56 0.0353 0.0220 0.0543 0.0331 

57 0.0365 0.0540 0.0757 0.0647 

58 0.4540 0.4339 0.3847 0.4756 

59 0.6629 0.6952 0.6127 0.7005 
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FIGURE C.21: Left eye LBP features of Sad Expression 

 

 

FIGURE C.22: Right eye LBP features of Sad Expression 
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FIGURE C.23: LBP features of Mouth of Sad Expression 

 

 

FIGURE C.24: Face LBP features of Sad Expression 
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TABLE C.6: LBP feature values for ROI of Sad Expression 

Number 

of 

Features 

Left Eye 
Right 

Eye 
Mouth Face 

1 0.3348 0.3549 0.3831 0.3720 

2 0.0707 0.0521 0.0643 0.0605 

3 0.0180 0.0202 0.0096 0.0206 

4 0.0618 0.0764 0.0728 0.0773 

5 0.0060 0.0220 0.0201 0.0177 

6 0.0429 0.0620 0.0616 0.0540 

7 0.0076 0.0275 0.0171 0.0194 

8 0.0798 0.0828 0.0737 0.0780 

9 0.0314 0.0219 0.0049 0.0174 

10 0.0636 0.0273 0.0319 0.0398 

11 0.0485 0.0345 0.0304 0.0317 

12 0.0284 0.0343 0.0260 0.0288 

13 0.0229 0.0249 0.0299 0.0281 

14 0.0211 0.0414 0.0363 0.0319 

15 0.0343 0.0728 0.0573 0.0361 

16 0.0773 0.0338 0.0454 0.0347 

17 0.0579 0.0263 0.0432 0.0339 

18 0.0710 0.0307 0.0462 0.0588 

19 0.0777 0.0445 0.0970 0.0454 

20 0.0397 0.0516 0.0484 0.0505 

21 0.0292 0.0551 0.0251 0.0352 

22 0.0503 0.0800 0.0596 0.0515 

23 0.1489 0.0840 0.1240 0.0582 

24 0.0666 0.0302 0.0579 0.0479 

25 0.0926 0.0244 0.0499 0.0598 

26 0.1390 0.0846 0.1957 0.0827 

27 0.0824 0.0734 0.1562 0.0571 

28 0.0673 0.0571 0.0380 0.0599 

29 0.0548 0.1145 0.0484 0.0589 

30 0.1741 0.1310 0.1390 0.0720 

31 0.1559 0.2199 0.1529 0.0780 

32 0.0959 0.0117 0.0385 0.0741 
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33 0.1437 0.0285 0.0627 0.0911 

34 0.0969 0.0716 0.1542 0.0603 

35 0.0369 0.0353 0.0386 0.0380 

36 0.0315 0.0781 0.0241 0.0497 

37 0.0582 0.0722 0.0409 0.0424 

38 0.2030 0.1287 0.1686 0.0788 

39 0.0702 0.0468 0.0482 0.0417 

40 0.1372 0.0308 0.0738 0.0806 

41 0.0650 0.0358 0.0295 0.0461 

42 0.0283 0.0284 0.0286 0.0314 

43 0.0278 0.0353 0.0318 0.0306 

44 0.0291 0.0541 0.0291 0.0331 

45 0.0363 0.0775 0.0347 0.0371 

46 0.0865 0.0364 0.0599 0.0431 

47 0.0558 0.0239 0.0499 0.0367 

48 0.0497 0.0299 0.0424 0.0424 

49 0.0378 0.0378 0.0321 0.0415 

50 0.0141 0.0257 0.0360 0.0289 

51 0.0366 0.0551 0.0748 0.0468 

52 0.0175 0.0310 0.0399 0.0321 

53 0.0524 0.0472 0.0595 0.0639 

54 0.0564 0.0256 0.0323 0.0332 

55 0.0778 0.0461 0.0825 0.0534 

56 0.0518 0.0217 0.0291 0.0344 

57 0.0416 0.0753 0.0583 0.0600 

58 0.3694 0.4101 0.3542 0.4596 

59 0.6513 0.6952 0.6640 0.7101 
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APPENDIX – D 

Supplementary Results of FER using Hybrid Approach 

 

FIGURE D.1: GLCM Features of Angry expression 

 

FIGURE D.2: PCA Features of Angry expression 
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FIGURE D.3: LBP Features of Angry expression 

 

 

FIGURE D.4: GLCM Features of Disgust expression 
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FIGURE D.5: PCA Features of Disgust expression 

 

 

FIGURE D.6: LBP Features of Disgust expression 
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FIGURE D.7: GLCM Features of Fear expression 

 

 

FIGURE D.8: PCA Features of Fear expression 
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FIGURE D.9: LBP Features of Fear expression 

 

 

FIGURE D.10: GLCM Features of Neutral expression 
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FIGURE D.11: PCA Features of Neutral expression 

 

 

FIGURE D.12: LBP Features of Neutral expression 
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FIGURE D.13: GLCM Features of Sad expression 

 

 

FIGURE D.14: PCA Features of Sad expression 
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FIGURE D.15: LBP Features of Sad expression 

  

 

FIGURE D.16: GLCM Features of Surprise expression 
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FIGURE D.17: PCA Features of Surprise expression 

 

 

FIGURE D.18: LBP Features of Surprise expression 
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