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This research designs a Facial Expression Recognition (FER) system based on 

thedeepconvolutional neural network using facial parts. An FER is one of the most 

important nonverbal channels through which Human Machine Interaction (HMI) systems 

can recognize humans‘ internal emotions and intent. It is a type of biometric 

authentication that focuses on uniquely recognizing human facial appearance based on 

one or more physical or behavioral traits and inside emotions portrayed on one‘s face. 

Facial expression recognition has attracted considerable attention because of its use in 

numerous fields such as behavioral science, education, entertainment, medicine, and 

securitysurveillance. Although humans recognizefacial expressions virtuallywithout 

effort, reliable expression recognition by machine is still a challenge. Recently, several 

works on FER successfully uses Convolutional Neural Networks (CNNs) for feature 

extraction and classification. A CNN is a type of deep neural network that works on data 
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representations such that the input is decomposed into features and each deeper layer has 

a more complex representation which builds upon the previous layer. The final feature 

representations are then used for classification. The proposed method uses a two-channel 

convolutional neural network in which Facial Parts (FPs) are used as input to the first 

convolutional layer. The extracted eyes are used as input to the first channel while the 

mouth is the input into the second channel. Information from both channels converges in 

a fully connected layer which is used to learn global information from these local features 

and is then used for classification. Experiments are carried out on the Japanese Female 

Facial Expression (JAFFE) and the Extended Cohn-Kanada (CK+) datasets to determine 

the recognition accuracy for the proposed FER system. The results achieved shows that 

the system provides improved classification accuracy when compared to other methods. 
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CHAPTER I:INTRODUCTION 

The face, also called "the organ of emotion" is the most powerful "channel" of 

nonverbal communication. The face can send many subtle signals as an array of facial 

expressions—a smile of happiness, a frown of sadness or disapproval, the wide-open eyes 

of surprise, or a lip curled in disgust. These signals if recognized by machines can make 

human-machine interaction more robust and harmonious.  

Facial expression recognition (FER) is one of the most important nonverbal 

channels through which Human Machine Interaction (HMI) systems can recognize 

humans‘ internal emotions and intent. It is a type of biometric authentication that focuses 

on uniquely recognizing human facial appearance based on effective analysis of the 

activities of the facial nerve, Figure [I]. The facial nerve emerges from deep within the 

brainstem, leaves the skull slightly below the ear, and branches off to all muscles like a 

tree. The nerves on the face are connected bi-directionally, this means that the nerve 

communicates information based on brain signals (brain-to-muscle), and at the same time 

provides current muscle state back to the brain (muscle-to-brain)[56]. Information 

provided by the facial nerve and gathered from the brain is usually communicated 

through facial expressions. 

An FER is a system that is able to interpret and analyze the information from the 

human face and give an insight into an individual‘s internal emotions. There are seven 

universal human expressions: happy, sad, fear neutral, anger, surprise, and disgust. 
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 It has many application areas such as human-machine interaction as used in social 

robots, security-surveillance and computer games. It is used in behavioral science to 

provide social information (origin, age, and gender) and used in medical science- for pain 

monitoring and evaluation of mental retardation, depression, and anxiety patients.  

Figure 1.1 

Facial nerve connection with the human brain 

 

Although humans recognize facial expressions virtuallywithout effort, reliable 

expression recognition by machine is still a challenge. Key challenges in FERs include 

achieving optimal preprocessing, feature extraction or selection, and classification, 
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particularly under conditions of input data variability, view or pose of the head, 

environmental clutter, and illumination, multiple sources of facial variability. The system 

also suffers from aninability to control imaging conditions and big data acquisition.  

Over the years various methods and algorithms have been employed for 

improving the performance of the FER. To overcome the problem of having an input 

with multiple well-known standard face datasets, Ali [14] developed a deep neural 

network architecture that takes registered facial images as the input and classifies them.  

To recognize the facial expressions across different facial views, Tong [10], proposed a 

novel deep neural network (DNN)- driven method in which scale-invariant feature 

transform (SIFT) features corresponding to a set of landmark points are first extracted 

from each facial image. Many studies have also been conducted using engineered 

features (e.g. Scale Invariant Feature Transform (SIFT) [10] and Gabor [9], [6]) where 

the classifiers hyper-parameters are tuned to give best recognition accuracies across a 

single database.  

Recently, several works on FER successfully uses Convolutional Neural 

Networks (CNNs) [2] – [4] for feature extraction and classification. CNNs can be found 

in literature and as a special type of multilayer perceptron (MLP) that focuses on the local 

relationship between pixels by using receptive fields. They have been shown to achieve 

high recognition rates in various image recognition tasks, these methods, however,uses 

different CNN architecture to achieve thedesired result.  
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This research gives an overview of a proposed methodology and technique for 

face detection, feature extraction, and classification that uses CNN architecture for 

improving the performance of the FER and overcome the above challenges.  

1.1 Motivation 

Computers are fast becoming a ubiquitous part of human lives efficient 

computing systems are being integrated into almost every aspect of our lives - cars, 

mobile phones, agricultural machinery, and medical instruments etc. This trend has 

generated a widely accepted prediction that computing will move to the background, 

weaving itself into the fabric of our everyday living and projecting the human user into 

the foreground. To realize this goal, human computing will need to develop reliable 

human-centered user interfaces that have the ability to perceive and understand intentions 

as communicated by social and emotional signals.  

Motivated by this vision of the future, automated analysis of facial expression 

behavior has attracted increasing attention in computer vision, pattern recognition, 

machine learning and human-computer interactions [2–5]. Facial expression is able to 

give information and provide feedback based on human internal emotion. For instance, an 

online learning environment can be developed in such a way that lecture delivery 

techniques are being changed to suit a student based on the emotions detected on the 

student‘s face such as confusion – which shows that the student is not understanding the 

concept being taught and may require a different approach. Therefore this research aims 
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to develop a fast and robust facial recognition system that can be used for various 

applications. 

1.2 Applications of facial expressions recognition systems. 

Facial expression recognition helps to understand the impact of any product 

or service that brings out emotional and facial responses. A fast and robust facial 

expression recognition system has many application areas such as behavioral science, 

education, entertainment, medicine, and security. The following is a list of applications 

that can benefit from automatic recognition of facial expressions. 

A. Human-Machine Interaction- Artificial Social Agents 

An intelligent user-interface not only should interpret the face movements but 

also should interpret the user‘s emotional state. Recognizing the emotional state of the 

user makes machines communicate and interact with humans in a natural way. This 

application of FER is found in intelligent entertaining systems-computer gaming, 

interactive computers, multimedia and social robots. Latest breakthroughs in hardware 

technology, computer vision, and machine learning have laid the foundation for artificial 

social agents, who are able to reliably detect and flexibly communicate with humans. 

Apple‘s Siri is the first generation ofemotionally truly intelligent machines that are able 

to understand the current emotional state of the human user and respond appropriately 

[56]. 

 

https://imotions.com/hardware/
https://imotions.com/hardware/
https://imotions.com/hardware/
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B. SoftwareUserInterface& website design 

Monitoring facial expressions while testers browse websites or software dialogs 

provides insight into the emotional satisfaction of the desired target group [56]. The FER 

is used to ensure that users have a pleasant experience while using the websites by 

checking the level frustration and confusion levels during online navigation.Whenever 

users encounter roadblocks or get lost in complex sub-menus, you might certainly see 

increased ―negative‖ facial expressions such as brow furrowing or frown. 

C. Social Interaction 

Facial expressions are important in providing some basic social information about 

a person such as an origin, age, and gender. 

D. Medical applications and plastic surgery 

Facial expression analysis can be used to quantify the deterioration and evaluate 

the success of surgical interventions, occupational and physical therapy targeted towards 

reactivating the paralyzed muscle groups such as Bell‘s Palsy tumor, infection, and 

diseasesPatients struggling with these medical conditions experience changes in their 

ability to communicate, physical appearance and express emotions. [56]. 

E. Security Surveillance 

Facial expression recognition technology is applied to video data to identify a 

person‘s intent. It can be used to verify the intent of a subject identified by a surveillance 
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system as harmful. This technique is also used to control access in kiosk applications 

with no human supervision such as the Automated Teller Machines and to control 

employee access to a building. 

F. Marketing and Customer Service 

Evaluating consumer preferences and delivering persuasive communication are 

critical elements in marketing. While self-reports and questionnaires might be ideal tools 

to get insights into respondents‘ attitudes and awareness, they might be limited in 

capturing emotional responses unbiased by self-awareness and social desirability. That‗s 

where the value of emotion analytics comes in: Tracking facial expressions can be 

leveraged to substantially enrich self-reports with quantified measures of more 

unconscious emotional responses towards a product or service. Based on facial 

expression analysis, products can be optimized, market segments can be assessed, and 

target audiences and personas can be identified. This is also used as an online shopping 

tool to prompt the database to display more purchase options for a client when identified 

as having the intention to make a purchase. 

G. Clinical psychotherapy 

Diseases such as Autism Spectrum Disorder (ASD), anxiety and mental 

retardation, depression or borderline personality disorder (BPD) are characterized by 

strongimpairments in processing,modulating, and interpreting their own and others‘ facial 

expressions. Monitoring facial expressions while patients are exposed to emotionally 

arousing stimuli or social cues (faces of others, for example) can significantly boost the 
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success of the behavioral therapy, both during the diagnostic and the intervention phase. 

The Temporal Dynamics of Learning Center (TDLC) at UC San Diego developed the 

―Smile Maze‖ that aids children train their facial expressions by playing a Pacman-like 

game where smiling steers the game character[56]. 

H. Psychological research 

Psychologists analyze facial expressions to identify how humans respond 

emotionally towards external and internal stimuli. During research, specific stimulus 

properties (color, shape, duration of presentation) and social expectancies can be varied 

so as analyze and understand how personality characteristics andindividual learning 

histories impact facial expressions. An excellent example is the use of FERs to monitor 

pain level and distinguish between different types of pain in different individuals by 

monitoring variations on the patient‘s facial expressions 

I. Education 

Facial expression recognition system is used to detect, recognize and record the 

expressions of students sitting in a class. A teacher can evaluate himself from the 

recorded expressions and can modify his methodology of teaching. 

 

J. Media testing and advertisement 

In media research, individual respondents or focus groups can be exposed to TV 

advertisements, trailers, and full-length pilots while monitoring their facial expressions. 
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Identifying scenes where emotional responses (particularly smiles) were expected but the 

audience just didn‘t ―get it‖ is as crucial as to find the key framesthat result in the most 

extreme facial expressions[56]. For instance, in a comedy show - scenes that trigger 

unwanted negative expressions indicating elevated levels of disgust, frustration or 

confusion improved in order to increase the overall level of positive expressions in the 

final release. 

1.3 Challenges 

Although humans recognize facial expressions virtuallywithout effort,reliable 

expression recognition by machine is still a challenge. A key challenge is achieving 

optimal preprocessing,   feature extraction or selection, and classification, particularly 

under conditions of input data variability.  The following are conditions that affect 

expression recognition.  

(i) View or pose of the head. Constraints are imposed on the position and 

orientation of the head relative to the camera as a result of the cameras‘ 

insensitivity to translation, scaling, in-plane rotation of the head, and out-of-

plane rotation.   

(ii) Environment clutter and illumination. Complex image background pattern, 

occlusion, anduncontrolled lightinghave apotentially negative effect on 

recognition. These factors would typically make image segmentation more 

difficult to perform reliably. Hence, they may potentially cause the 
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contamination of feature extraction by information not related to facial 

expression.  

(iii)  Miscellaneous sources of facial variability.  Facial characteristics  display  a  

high  degree  of  variability  due  to  a number of factors, such as differences 

across people (arising from  age,  illness,  gender,  or  race,  for  example),  

growth  or shaving of beards or facial hair, make-up, and blending of several 

expressions,  

(iv) Controlling imaging conditions: The controlling of imaging conditions is 

detrimental to the widespread deployment of expression recognition 

systemsbecause many real-world applications require operational flexibility. 

This research gives an overview of a proposed methodology and technique for 

face detection, feature extraction, normalization, selection and classification, and design 

of a system that aims at giving solutions to the problem above.   

1.4 Goal of the thesis  

The primary goal of this research is to design, implement and evaluate a novel 

facial expression recognition system using various learning techniques. This goal will be 

realized through the following objectives: 

a) A throughout literature survey that aims at describing the recent endeavors of 

the research community on the realization of facial expression recognition 

systems. 
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b) The presentation of the proposed system model, including the techniques, 

algorithms, and adaptations made for an efficient determination of an 

automatic facial expression recognizer.  

c)  The implementation of the models described and the tools, programming 

languages and strategies used for integrating all the data processing 

components into a single automatic system.  

d) The presentation of experimental setups for conducting a comprehensive 

series of tests on the algorithms detailed in the thesis. The research will also 

include the results of the tests that show the performance achieved by the 

models designed. 

e) The discussions on the current approach and the performance achieved by 

testing the facial expression recognition models on the JAFFEE and CK+ 

databases. 

The main contributions of the research can be summarized as follows:  

1) Using facial parts as input to reduce the size of theinput image and FER 

processing time when compared to other CNN architectures that used the 

whole face for facial expression recognition. 

2) Designing a two-channel CNN architecture for feature extraction and 

expression recognition that achieves a state of art results on both JAFFE and 

CK+ datasets. 
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3) 1.5 Develop a FERs that has high facial expression recognition accuracy and 

efficiency for areal-time application. 

1.5 Thesis Overview 

The structure of this thesis is as follows:Chapter 1 specifies the motivations to 

solve the problem, challenges facing today‘s FER system along with the aim and 

objectives to achieve the projectChapter 2 provides a literature review of the topics 

related to the project including the existing general approaches that have been used to 

solve this problem. A description of the characteristics and components of the DCNN, the 

way in which these components interact with each other and the crucial values that must 

be taken into consideration when designing this type of network. Chapter 3 focuses on 

the research methodology and the stages in this project, namely system design, data 

collection, pre-processing, feature extraction and classification. Chapter 4 details the 

implementation process and shows experimental results. It provides information about 

the training, testing, and evaluation of the Facial Expression Recognition system. It also 

discusses the lessons that were learned during the development of the system. Chapter 

5summarizes the project and describes new directions for future work. 
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Chapter II: REVIEW OF LITERATURE 

 

Facial expression analysis has attracted considerable attention in the advancement 

of thehuman-machine interface since it provides a natural and efficient way of 

communication between humans. This chapter explains the general approach to facial 

expression recognition and compares different works in literature.  A general description 

of the convolutional neural networks as a classifier, its features, and important elements 

that need to be considered when a model is built. Finally, training process of a CNN is 

explained in five simple steps. 

2.1 General approach for facial expression recognition 

Research has shown that to understand the emotion or intention of a person, 55% 

of the information is conveyed through facial expressions alone, 38% through vocal cues, 

and the remaining 7% via verbal cues [16]. This encourages researchers to explore deeply 

in the area of facial expressions recognition.  A detailed review of the facial expression 

recognition methods was presented in the literature [24, 3]. According to different input 

resources, facial expression recognition systems can be categorized into two main types 

which are input with static images [25, 26] and dynamic image sequences [27], 

respectively. The methods with the static images extract the representation features only 

from the current input image, while the methods with the image sequences can extract the 

temporal information of image sequences along with the features of each static image. 

Thus, more information can be used with the dynamic image sequences to recognize the 
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facial expression. Based on the extracted feature vector, an output decision is made by 

training a classifier as one of the assigned expressions, e.g., the seven basic expressions: 

angry, sad, surprise, happy, disgust, neutral, and fear.  

In the course of studying emotions and their connection to facial expressions, 

Ekman [3] developed the Facial Action Coding System (FACS). FACS is a manual 

method, developed from human observations, to categorize facial expression in terms of 

emotions. Expressions are categorized into action units (actions of individual muscles) 

and rated in terms of intensity [11].  

Problems with the FACS-based approach include a complex implementation and 

a possible long runtime since the architecture needs multiple stages to detect multiple 

action units. Another problem involves the datasets, as it might be difficult to get an 

adequate database annotated in terms of action units. However, the biggest problem is 

caused by the restriction of the FACS-model itself, since it affects its generalization 

capability [5]. The analyzed action units are restricted to the movement of facial muscles 

and an automated system based on FACS has to infer this movement based on visual 

features. These features must be compared with a code of action units which will 

determine the facial expression. This process restricts the execution of each expression, 

not allowing the space for different persons performing the same expression in different 

ways, which happens in natural scenarios [7]. For example, the same person can have 

different ways of smiling to express its happiness or even smile to express sarcasm. Many 

studies in this field have been conducted which utilize the handcrafted features such as 
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local binary patterns (LBP), Haarfeatures, Histograms of Oriented Gradients (HOG) to 

characterize the facial expressions, followed by construction of classifiers such as support 

vector machine, linear discriminant analysis, and linear programming to recognize the 

facial expression [18–19]. Other methods have also used engineered features (e.g. Scale 

Invariant Feature Transform (SIFT) [13] and Gabor [12], [15]) where the classifiers 

hyper-parameters are tuned to give best recognition accuracies across a single database. 

A comparison of various methods that exist in literature is shown in table 2.1. The table 

also shows recognition accuracy and the different face detection, feature extraction, and 

classification algorithms used inFERs.  

In order to obtain abetter representation of facial expressions and automatically 

extract useful features from raw data several deep learning techniques have been 

developed. Deep learning networks have been used for the applications of facial 

expression recognition [20, 21, 22, and 18]. Instead of extracting the handcrafted 

features, these methods are able to learn the set of features that best model the facial 

expression recognition. A boosted deep belief network (BDBN) is proposed to learn and 

select a set of effective features to characterize expression-related facial 

appearance/shape changes for facial expression recognition [23]. This approach performs 

iteratively the training process of three stages: feature learning, feature selection and 

classifier construction in a unique framework for facial expression recognition, which is 

different from the traditional methods that perform sequentially these three training 

stages. Heechel [4] adopted this technique to develop a deep network based on the 

combination of two different models. The first deep network extracts temporal 
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appearance features from image sequences, while the other deep network extracts 

temporal geometry features from temporal facial landmark points. These two models are 

combined using an integration method to give a more accurate result than the traditional 

method.  

Deep Neural networks with Relativity learning (DNNRL), which directly learns a 

mapping from original image to Euclidean space is used the model parameters according 

to sample importance [3].  Additionally, a deep network consisting of auto-encoders and 

Self Organizing Maps (SOM) - based classifiers was developed by Anima[16] and is 

found to be computationally more efficient and performance wise more accurate. To 

overcome the problem of having an input with multiple well known standard face 

datasets, Ali [14] developed a deep neural network architecture consisting of two 

convolutional layers each followed by max pooling and then four inception layers that 

take registered facial images as the input and classifies them.  To classify the facial 

expressions across different facial views, Tong [13], proposed a novel deep neural 

network (DNN)- driven method in which scale-invariant feature transform (SIFT) 

features corresponding to a set of landmark points are first extracted from each facial 

image. Then, a feature matrix consisting of the extracted SIFT feature vectors is used as 

input data and sent to a DNN model for learning optimal discriminative features for 

expression classification. 

Recently, Deep neural networks that work on data representations, such as 

Convolutional Neural Networks (CNN) has been successfully used in a wide variety of 
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image classification tasks and achieved good performance [28, 6, 29–31]. In general, 

CNNs have a conceptual similarity to the one used to build the FACSmodel [5]. The 

input is decomposed into features and each deeper layer has a more complex 

representation, which builds upon the previous layer. The final feature representations are 

then used for classification. But in contrast to architectures built around FACS, these 

neural networks are not constrained in any way. They learn with the data that is presented 

to the network and adapt to it. This means that as soon as the network sees different 

persons smiling, the network can build a complex feature that will be able to generalize 

the smile action and then categorize it into an emotional class [6]. It differs from the 

FACS model by the fact that, if shown enough samples, the network can actually learn a 

general representation of a smile instead of using a fixed and pre-defined structure 

representation.  

The CNN based hierarchical network has alternating types of layers: 

convolutional and sub-sampling layers. CNN architectures vary in how convolutional and 

subsampling layers are applied and how the networks are trained. Convolutional layers 

are mainly parameterized by the number of kernels and generate maps. An efficient 

method was proposed to combine the CNN model with the specific image preprocessing 

steps for facial expression recognition [21]. One of the main advantages of CNN is that 

the models‘ input is a raw image rather than hand-coded features and the representative 

features can be automatically learned to model the specified classification [21]. A CNN 

architecture was proposed for image-based static facial expression recognition based on 

anensemble of multiple CNNs with each CNN is randomly initialized and trained on the 
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perturbed data set [23]. The careful design of local to global feature learning with 

convolution, pooling, and layered architecture renders very strong visual representation 

ability, making it a powerful tool for facial expression recognition [23]. In the existing 

CNNs based method, the whole face region is employed as input and every part of the 

face is treated and fine-tuned equally no matter if it is relevant to the target facial 

expression. 

However, as suggested by the psychological studies, the information extracted 

around nose, eyes, and mouth is more critical for facial expression analysis [33]. The 

neutral expression causes no change in the muscle around the eyes and mouth. Figure 2.1 

shows how the different facial part- mouth, eyes change when expressing different 

emotions. Thus, construction of CNN model with the whole face region is not only 

computation expensive but also degrades the recognition accuracy.  

In this work, a facial expression recognition algorithm based convergence of 

information from two different Convolutional Neural Networks (CNNs) is proposed. 

First, the face image is pre-processed by image normalization and the face region is 

extracted by using the viola jones algorithm that uses a Haar like feature for face 

detection. Second, the left eyes and right eyes and mouth are detected from the face 

region using the same algorithm. Third, the face image is cropped into two smaller 

regions which are eye region and mouth region, and two CNNs are trained for the eye 

region and mouth region, individually. Finally, the classification is made by 
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theconvergence of the outputs of two CNNs.Figure 2.1: Effect of different expressions on 

facial parts.  

Figure 2.1 

Effect of different expressions on facial parts.  
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2.2 The FER System Structure 

FER can be considered as a special face recognition system or a module of a face 

recognition system. So it should be instructive to look at the general architecture of a face 

recognition. Face detection finds the face areas in the input image. If the input is a video, 

to be more efficient and also to achieve better robustness, face detection is only 

performed on key frames and a tracking algorithm is applied to interval frames. Face 

alignment is very similar to detection, but it is aimed at achieving a more accurate 

localization. In this step, a set of facial landmarks (facial components), such as eyes, 

brows, and nose, or the facial contour are located; based on that, the face image is rotated, 

cropped, resized and even warped, this is called geometrical normalization. Usually, the 

face is further normalized with respect to photometrical properties such as illumination 

and grayscale. Feature extraction is performed on a normalized face to provide effective 

information that should be used for recognizing and classifying labels in which there is 

interest, such as identity, gender, or expression. The extracted feature vector is sent to a 

classifier and compared with the training data to produce a recognition output. In 

literature, several methods for face detection, feature extraction, and expression classifier 

exists. Table2.1 lists some of the common methods that are used in various combinations 

by researchers to define a facial expression recognition system while table compares 

existing work on FERs using various facial recognition techniques.  
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Table 2.1 

Various Methods and Technologies used for FER 

FACE DETECTION 

& TRACKING 

FEATURE EXTRACTION CLASSIFIER 

Template Matching Gabor Wavelets Bayesian Loss Functions 

Color Histogram Feature Point Displacement Histogram-based Classifiers 

Manual Detection Optical Flow Kernel Density Estimation 

Adaboost Labeled Graph Nearest-neighbor Classifiers 

 Eigen Faces Neural Networks 

  Fisher Discrimination Analysis 

  Gabor Wavelets 

  Support Vector Machine 

  Hidden Markov Model 

 

2.2.1Face Detection 

Face detection is the first step in the face recognition process and it is a form of 

image preprocessing which represents an essential part of a facial expression recognition 

system. It has asignificant impact on the robustness and performance of the system. The 

aim is to reduce the influence of noise on feature extraction and enhance the 

discriminative information contained in images. Several cues can be used for face 

detection, for example, skin color, motion (for videos), facial/head shape, and facial 
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appearance. Most successful face detection algorithms are based on only appearance [19]. 

This may be because appearance-based algorithms avoid difficulties in modeling 3D 

structures of faces. However, the variations of 3D structures due to facial expression and 

head pose actually heavily affect the facial appearance and make the face/non-face 

boundary highly complex [46]. To deal with this, various methods have been proposed 

since the 1990s.Turk and Pent land [20] described a detection system based on 

eigendecomposition which is also known as principal component analysis (PCA). In their 

method, an image is represented by an average face plus a set of weightedeigenfaces". 

Whereas only the face images are considered in eigenface, Sung and Poggio [21] also 

considered the distribution of non-face images and apply Bayes' rule to obtain a 

likelihood estimation. Rowley et al. [22] use neural networks and Osuna et al. [23] 

trained a Kernel Support Vector Machine to classify face and non-face images. In these 

systems, a bootstrap algorithm is iteratively used to collect meaningful examples for 

retraining the detector. Schneiderman and Kanade [24] use AdaBoost learning to 

construct a classifier based on wavelet representation of the image. This method is 

computationally expensive because of the wavelet transformation. To overcome this 

problem, Viola and Jones [25] replacedwavelets with Haar features, which can be 

computed very efficiently [26]. Their system is the first real-time frontal-view face 

detector [27]. Under Viola's framework, some improvements have been proposed. 

Lienhartet al. [28] use rotated Haar features to deal with in-plane rotation. Li et al. [29] 

[30] propose a multi-view face detection system which can also handle out-of-plane 

rotation using a detector-pyramid. In the following sections, the Viola-Jones algorithm 
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will be described: The Viola-Jones framework is the most successful face detection 

algorithm and it is used in this work to successfully detect the Face, mouth and eyes 

region in a given input image.  

2.2.2 Viola-Jones Framework 

Almost all the state of the art face detection systems are developed upon Viola's 

framework, based on AdaBoost and Haar features.  

In this system, the Viola-Jones face detection framework, which is a robust 

algorithm capable of processing images extremely rapidly for real-time situations is used 

[7]. The face detection is achieved by combining classifiers in a cascade structure that is 

capable of increasing the detection performance while reducing computational 

complexity. The basic principle of the Viola-Jones algorithm is to scan a sub-window 

capable of detecting faces and face parts across a given input image using various 

rectangular boundary boxes with dark-bright alternate patterns i.e. Haar cascade classifier 

figure2.2.  

Figure 2.2 

Haar Features 
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In order to detect the face and facial features- Eyes, Nose, and Mouth, a given 

image is scanned several times through the Haar-like features, starting from the top left 

corner to the bottom right corner of the image. In this method, the presence of a Haar-

feature is determined by subtracting the average dark-region pixel value from the average 

light- region pixel value. If the difference is above a threshold (set during learning), that 

feature is said to be present. The integral value for each pixel is the sum of all the pixels 

above it and to its left.   

ii(x, y)=  𝑖(𝑥 ′
𝑥 ′≤𝑥 ,𝑦 ′≤𝑦  ,𝑦 ′)            (1) 

 where,ii(x, y) – integral image, i(x, y) – input image. 

AdaBoost is used iteratively as a weak classifier to extract only the relevant 

features of the face. This algorithm results in a normalized face image showing regions of 

interest marked as Right Eyes and Mouth. The regions of interest are cropped, into the 

CNN.The philosophy of AdaBoost is that if it is hard to find a good (strong) classifier 

directly, a lot of poor quality ones are constructed and the combination of them is used to 

form a strong classifier [31]. 

2.2.3 Feature Extraction 

After the face is located, the next step is to extract and represent the facial 

changes caused by facial expressions. Feature extraction converts pixel data into a 

higher-level representation of shape, motion,color, texture, and spatial configuration of 

the face or its components. The extracted representation is used for subsequent 

classification. Feature extraction generally reduces the dimensionality of the input space. 



25 
 

 

The reduction procedure should (ideally) retain essential information possessing high 

discrimination power and high stability" [32]. In the face recognition area, various 

features have been used. The coefficients of Eigenface can be used as features and 

recently, an extension of Eigenface [33] defines Tensorface which has shown a promising 

choice for thefeature.  

2.2.4Expression classification 

Learning a model that is able to classify facial expressions requires two important 

components: a score function and a loss function. The first component maps the input 

data to class scores, and the second component quantifies how close the prediction the 

model is to the true value. For any model, then, it is crucial to establish a relationship 

between these functions by creating an optimization problem that minimizes the loss 

function with respect to the parameters of the score function [31, 30].  

A wide range of classifiers have been applied to the automatic expression 

recognition problem: In [4], Matsunoet al. classify expression by thresholding the 

Normalized Euclidean distance in the feature space. [33] Implements a Bayesian 

recognition system where they find the facial expression that maximizes the likelihood of 

a test image. Another method which has been used in facial expression recognition 

include Fisher discrimination analysis [35], Locally Linear Embedding [36], Higher 

Order Singular Value Decomposition [38] and Support Vector Machine [39] [37] [38]. 

Wavelet filters have also been used as expression classifiers, the most popular of which is 

the Gabor filter which has been shown [37] to be a reasonable model of visual processing 

in primary visual cortex. Yin and Wei use topographic primitive features to represent 
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faces [41].  In [43], Aleksic and Katsaggelos use Facial Animation Parameters which are 

based on Active Shape Model. Among these classifiers, the most successful ones are 

Neural Network [42] [44]. Neural networks are a series of functional transformations that 

are formed by a set of computational units, also known as neurons that were inspired by 

biological neural networks. These networks use basis functions similar to [48], in which 

each of these is a nonlinear function from a set of input variables to a set of output 

variables controlled by a vector of adjustable parameters [49, 50]. 

In this work, a CNN is used for classification. A CNN is considered as another 

category of thestandard neural network [54-56]. The network first was coined by 

Fukushima in 1980 and then developed by LeCun et al. It is constructive to integrate 

previous knowledge into thestructural design of the network so that to obtain better 

generalization. CNNs usually can spend less time on pre-processing. They intend at using 

spatial information among data elements. 

Figure 2.3 

Neural Network 
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The main properties of CNNsare shown in the presence of local receptive 

fieldsandshared weights in the system.Patterns are presented to the network via the 'input 

layer', which communicates to one or more 'hidden layers' where the actual processing is 

done via a system of weighted 'connections'. The hidden layers then link to an 'output 

layer' where the answer is outputted as shown in figure 2.3 layer. The convolutional 

neural network is adapted for this system because knowledge is built through a learning 

process. Second, the interconnections (synaptic weights) between neurons in the network 

are used to store the learned knowledge.  

Table 2.2 

 Comparison of different facial recognition approaches using deep neural network 

REFERENCE PRE-

PROCESSING 

FEATURE 

EXTRACTION 

CLASSIFICATION RECOGNITION 

PERFORMANCE (%) 

Junnan Li et al 

[6] 

Images of 

human faces are 

preprocessed 

with 

photometric 

normalization 

and histogram 

manipulation to 

remove 

illumination 

variance.  

Facial Extraction 

is extracted by 

convolving each 

preprocessed 

image with 40 

Gabor filters. 

Kernel PCA is 

applied to 

features before 

feeding them 

into the deep 

neural network.  

Softmax classifier 

using greedy layer-

wise strategy.  

Classes: 6 basic 

expression 

prototypes(anger, 

disgust, fear, joy, 

sadness, and surprise) 

and a 7
th

 class 

(contempt) to test the 

robustness of the 

classification system. 

Database: Extended 

Cohn-Kanada (CK+) 

 

Recognition accuracy: 

96.8% for six emotions 

and 91.7% for seven 

emotions. 
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Ali M., et al 

[8] 

Used bi-

directional 

warping of 

Active 

Appearance 

Model 

(AAM)and a 

supervised 

Descent 

Method(SDM) 

called intraFace 

to extract facial 

landmarks 

The images are 

resized to 48x48 

pixels for 

analysis. 5 crops 

of 40x40 from 

the four corners 

and the center of 

the image to 

extract of static 

geometric 

measurements 

from landmarks 

on the contours 

of the eyebrows, 

eyes, nostrils, 

mouth, and chin 

Four classifiers were 

used(SVM, Nearest 

Mean Classifier, 

weighted Template 

matching and k-

nearest neighbors).  

Classes: 6 basic 

expression 

prototypes(anger, 

disgust, fear, joy, 

sadness, and surprise) 

Database:  

CMU MultiPIE, MMI, 

CK+, DISFA, 

FERA,SPEW,  

FER2013 

Recognition accuracy: 

94.7% recognition of 

facial expression. 

 

Dragoş D. 

[12] 

Automatically 

detects key 

facial regions 

Geometric 

features of 

dimension 22 

(with directional 

displacement 

information of 

facial landmarks) 

and appearance 

feature of 

dimension 236 

(using regional 

LBP) are fused 

using two layers 

of autoencoders 

to get a better 

representation of 

facial attributes.  

A soft threshold 

technique introduced 

at the output nodes of 

the SOM-based 

classifier which 

reduces false 

prediction rate.  

Classes: 6 basic 

expression 

prototypes(anger, 

disgust, fear, joy, 

sadness, and surprise) 

Database: MMI and 

CK+ 

The fusion algorithm is 

implemented with 

support vector machine 

(SVM) classifier on 

both networks. 

Recognition accuracy:  

The SOM based 

architecture has an 

accuracy of 93.19 for 

MMI and 95.01 for 

CK+.  

Using the SOM-based 

classifier gives 

significant 

improvements over the 

SVM, of 3.4% for the 

CK+ DB and 4.36% for 

the MMI DB. 

Yeshudas M., 

Virani H.G 

[7] 

Viola-Jones 

algorithm was 

applied to 

extract the 

region of 

interestfrom an 

image. A 

maximum 

number of 

images were 

correctly 

detected. 

A maximum 

number of 

images was 

correctly 

detected. Local 

binary pattern 

algorithm was 

used to extract 

the features from 

an image.  

Two neural network 

based approaches are 

used for classification; 

Radial basis function 

(RBF) and 

backpropagation (BP) 

algorithm. Classes: 6 

emotions (anger, 

disgust, fear, joy, 

sadness, and surprise)  

Database: Japanese, 

Taiwanian 

Recognition accuracy: 

91.7% for RBF and 

90.5% for BP 

Heechul J. et al 

[4] 

An image 

sequence is 

made into a 

fixed length. 

The faces in the 

Feature 

extraction is 

based on two 

different models. 

The first extracts 

The two models are 

combined using the 

joint Fine-Tuning 

method to boost 

theperformance of the 

Database: CK+, Oulu-

CASIA, and MMI. 

Recognition accuracy: 

The algorithm 

performed well in 
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input sequence 

are detected, 

cropped, and 

rescaled to 

64x64. Facial 

landmarks are 

extracted using 

theInfraFace 

algorithm. 

temporal 

appearance 

features from the 

image sequence 

while the other 

dep network 

extracts temporal 

geometry 

features from 

temporal facial 

landmark points.  

FER.  

Classes: 6 basic 

expression 

prototypes(anger, 

disgust, fear, joy, 

sadness and surprise) 

 

recognizing the 6 

expressions with a 

98.8% accuracy the 

CK+ DS. Oulu-CASIA 

and MMI performed 

below 90% due to 

difficulties in 

recognizing some of the 

emotions. 

 

2.3 The inside of a Convolution Neural Network. 

In a CNN, basic calculations are performed by many layers of artificial neurons 

and the resulting results are feed-forward in a simple manner. The power of CNNs and 

their advantage over other neural networks- comes from the clever arrangement of the 

simple steps illustrated in figure 2.4 below, which keeps the computational load within 

reasonable bounds. 

Each neuron in a CNN is called a filter. It that scans an image for one particular 

feature in order to understand the attributes of the image – whether the CNN is trying to 

distinguish between different facial expression – ―happiness‖ or ―fear‖  or carry out 

simple classification between a cat and a dog– it may use thousands of filters arranged in 

multiple layers, which collectivelyperforms lots of calculations.  

The first layer of filters looks at the digital image on the pixel scale, taking in 

each pixel‘s numerical values for its red, green and blue channels. One filter may detect 

vertical lines while another may look for a certain color every filter examines the image 

in small and manageable chunks, seeking its particular feature in each selected chunk, 
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and then represents its findings as numerical values in a feature map. These next filters 

will respond to features that are slightly larger or more abstract, such as the edge of an 

object or the presence of a flesh tone. This routine continues, with each layer identifying 

increasingly complex forms or patterns until the input image is completely scanned [57]. 

Finally, a layer sends its output to a ―fully connected layer‖ that does not do a 

chunk styles can of the feature maps but instead looks at them in their entirety. CNNs 

typically finish with a couple of fully connected layers that looks at the big picture and 

determineshow well it matches the CNN‘s template for an object. The holistic view 

enables the final layer to declare: This is ―fear‖ or ―happiness‖ during a facial expression 

recognition process. It can make this assessment even though human programmers never 

tell the network what filters to use. Important to the CNN‘s success is the set of the image 

provided for training. The images must represent the range that will be encountered in the 

real world and must be correctly sorted into labeled categories. This paper is unique in 

using facial parts for training because research has shown that information about a 

persons‘ inner emotion is captured from the data provided by the eyes and the mouth 
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Figure 2.4 

Inside a CNN[57] 
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2.4. Typical CNN Architecture 

An input image is fed to the first convolutional layer. The convoluted output is 

obtained as an activation map. The filters applied in the convolution layer extract relevant 

features from the input image to pass further. Each filter shall give a different feature to 

aid the correct class prediction. In case the size of the image needs to be retained, Zero 

padding is used to help reduce the number of features. 

Figure 2.5 

Diagram of a typical CNN architecture[57]. 

 

 
Output Layer 
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Pooling layers are then added to further reduce the number of parameters. Several 

convolutions and pooling layers are added before the prediction is made. Convolutional 

layer helps in extracting features. Deeper into the network more specific features are 

extracted as compared to a shallow network where the features extracted are more 

generic. The output layer in a CNN as mentioned previously is a fully connected layer, 

where the input from the other layers is flattened and sent so as the transform the output 

into the number of classes as desired by the network. The output is then generated 

through the output layer and is compared to the output layer for error generation. A loss 

function is defined in the fully connected output layer to compute the mean square loss. 

The gradient of error is then calculated. The error is then back propagated to update the 

filter (weights) and bias values. One training cycle is completed in a single forward and 

backward pass.  

The functions of the different kinds layers making up the convolutional neural 

network are summarized bellows:  

 Convolution: The convolution layer convolves the input image with a set of 

learnable filters, each producing one feature map in the output. Let fk be the filter 

with a kernel size n×m applied to the input x. n×m is the number of input 

connections each CNN neuron has. The resulting output of the layer calculates as 

follows: 

C (Xu, v) =   𝑓𝑘(𝑖, 𝑗)𝑥𝑢−𝑖 ,𝑣−𝑗

𝑚

2

𝑖=−
𝑚

2

𝑛

2

𝑖=−
𝑛

2

   (2) 
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 Pooling: Max-pooling partitions the input image into a set of non-overlapping 

rectangles and, for each such sub-region, outputs the maximum. Max Pooling 

reduces the input by applying the maximum function over the input xi. Let m be 

the size of the filter, then the output calculates as follows: 

M(xi) = max{xi+k,i+l ||k| ≤
m

2
, |l| ≤

m

2
 k, l ∈ N}  (3) 

 Rectified-Linear (ReLU): The ReLU layer adds nonlinearity to the network, 

which enables the network to approximate the nonlinear mapping between image 

pixels and the semantic content of an image. Given an input value x, The ReLU 

layer computes the output as x if x > 0 and negative slope * x if x<= 0. 

 Fully Connected hidden layer: The image is treated as asingle vector with each 

point contributing to each point of the new output vector. This results in a Matrix 

W ×k.  

F(x) = σ (W ∗x)  (4) 

σ is the so called activation function. In our network σ is the identity function. 

 Output Layer: The output layer is a one hot vector representing the class of the 

given input image. It, therefore, has the dimensionality of the number of classes. 

The resulting class for the output vector x is: 

C(x) = {i | ∃i∀j 6= i: xj ≤ xi}    (5) 

 

 For each component 1 ≤ j ≤ N, the output is calculated as follows: 
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S(x)j = 
e

x j

 ex iN
i=1

   (6) 

2.4.1 Backpropagation algorithm 

Backpropagation provides a computationally efficient method for evaluating the 

derivatives of the error function with respect to the weights [51]. The purpose of this 

algorithm is to calculate the error contribution of a particular node in the output. The 

back-propagation algorithm is described below [51-52]:  

Algorithm 1: back-propagation 

 

In a Deep Convolutional Neural Network (DCNN) model, the convolutional 

operation is applied to the gradient as part of the backpropagation algorithm.  

For the convolutional operation, the gradient is calculated as follows: 

∇𝑤k
L 

J(W,b;x,y)=Σ(aL
(L)

)∗flip(δk
(L+2)

)  (7) 

∇wk
L
J (W, b; x, y) =Σ (δk

 (L+1)
) a, b  (8) 

  

 Apply a feed-forward to an input vector 𝑥𝑛 using 𝑎𝑗=Σ 𝑗=0 𝑤𝑗𝑖𝑥𝑖 and 𝑧𝑗=ℎ (𝑎𝑗) to 

 Find the activations of all the hidden and output units. 

 Evaluate 𝛿𝑘 for all the output units using 𝛿𝑘=𝑦𝑘−𝑡𝑘. 

 Back propagate the 𝛿𝑘 using 𝛿𝑘=ℎ′(𝑎𝑗)Σ 𝑘𝑤𝑘𝑗𝛿𝑘 to obtain 𝛿𝑘 for each hidden unit in 

the network. 

 Use 𝜕𝐸𝑛/𝜕𝑤𝑖𝑗=𝛿𝑗𝑧𝑖 to evaluate the required derivatives. 
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Where J is the cost function; (W,b) are the parameters; and (x,y) is the training data and 

label pairs [51, 52]. 

2.5 Training a Convolutional Neural Network 

The overall training process of the Convolution Network may be summarized as 

below: 

 Step1: Initialize all filters and parameters/weights with random values 

 Step2:The network takes a training image as input, goes through the forward 

propagation step (convolution, ReLU, and pooling operations along with 

backward propagation in the Fully Connected layer) and finds the output 

probabilities for each class.  

o Let‘s say the output probabilities for the face image are [0.1, 0.5, 0.1, 0.4, 

0.2, 0.7, 0.8] 

o Since weights are randomly assigned to the first training, output 

probabilities are also random. 

 Step3: Calculate the total error at the output layer (summation over all 7 classes)  

o  Total Error = ∑  ½ (target probability – output probability) ² 

 Step4: Use Backpropagation to calculate the gradients of the error with respect to 

all weights in the network and use gradient descent to update all filter 

values/weights and parameter values to minimize the output error.  
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 The weights are adjusted in proportion to their contribution to the total error. 

 When the same image is input again, output probabilities might now be [0.1, 0.1, 

0.7, 0.1, 0.5, 0.1, 0.4], if these values are closer to the target vector: 

o This means that the network has learned to classify this particular image 

correctly by adjusting its weights/filters such that the output error is 

reduced. 

o Parameters like a number of filters, filter sizes, thearchitecture of the 

network etc. have all been fixed before Step 1 and do not change during 

training process – only the values of the filter matrix and connection 

weights get updated. 

 Step5: Repeat steps 2-4 with all images in the training set. 

The above step trains the CNN – this essentially means that all the weights and 

parameters of the network have now been optimized to correctly classify images from the 

training set. When a new image is an input into the CNN, the network would go through 

the forward propagation step and output a probability for each class (for a new image, the 

output probabilities are calculated using the weights which have been optimized to 

correctly classify all the previous training examples). If the training set is large enough, 

the network will hopefully generalize well to new images and classify them into correct 

categories. 
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CHAPTER III: RESEARCH METHODOLOGY 

  The facial expression recognition method used in this research is based on a two-

channel architecture that is able to recognize facial expressions. Fig.1 shows the process 

diagram of the proposed facial expression recognition system which is divided into three 

stages- Image Pre-Processing which involves Face and facial parts detection using Viola-

Jones algorithm, facial parts and feature extraction the local regions around the eyes and 

mouth are extracted from the detected facial regions and final classification achieved by 

information converged by two CNNs.  

 The detected facial parts are cropped and extracted and then used as the input into 

the inception layer of the CNN. The Training phase involves the feature extraction and 

classification using convolution neural network. It is expected that using the facial parts 

instead of the whole face image as input to the inception layer will reduce training time 

and increase the probability of high-level feature extraction thereby increasing system 

accuracy. 

Figure 3.1 

Process diagram of the proposed FER system 
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3.1 The stages of FERs 

3.1.1Image Pre-processing 

This is the first phase of the proposed system and it involves the Face Detection 

and FPs detection/extraction. The Viola-Jones face detection framework, which is a 

robust algorithm capable of processing images extremely rapidly for real-time situations, 

is used [7]. This algorithm detects face region irrespective of thevariance in size, 

background, brightness and spatial transformation of the raw input image. The face/FP 

detection is achieved by combining classifiers in a cascade structure that is capable of 

increasing the detection performance while reducing computational complexity. Final 

classifier is computed by the linear combination of all weak classifiers, which separates 

the positive and negative in terms of the weighted error (weight of each learner is directly 

proportional to its accuracy). A line segment is formed from one eye center to the other 

eye center. To correct the rotation of face region, the spatial normalization is performed 

by aligning the line segment with the horizontal axis of the image. Finally, the facial 

image region is cropped and the facial image is normalized to the same size of 64 × 64 

pixels. Thus, the non-face components such as backgrounds and hairs, which are not 

related to facial expression, are removed to reduce their negative effects and the face 

components (eyes, mouth, eyebrow, etc.) are captured in the image. 
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Fig.3.2 

Face/Facial parts detection and extraction 
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3.1.2 Facial parts and feature extraction 

In most existing CNNs based methods [5], the whole face region is employed as 

input and every part of the face is treated and fine-tuned equally. However, according to 

the psychological studies, the local face regions around eyes, nose, and mouth may have 

different effects on the recognition of facial expressions [16]. Construction of CNN 

model with the whole face region is not only computation expensive but also sacrifices 

the recognition accuracy. It is well known the eye and mouth components are mostly 

related to the recognition of facial expressions. Different from the existing methods that 

input the whole face region into the CNN, here two smaller local regions according to the 

eye and mouth positions are extracted from the face region.  

 The face is first detected, cropped, extracted and normalized to a size of 64 x 64 

pixels.The intuition behind is that face recognition is difficult to address due to the large 

variability between face poses. If the CNN received the images as they are, it would have 

to deal with people looking in all directions, background noise, different positions of the 

face in the image, etc. Therefore, it makes sense to first try to reduce this variability by 

centering faces in the image Because of that, the first step would be to have all faces in the 

middle of the image and transform them so that they look at the front. Doing so makes it 

much easier to successfully analyze them. In our system, we have made use of the face 

frontalization library from [Hassner et al., 2015], as they provide a reliable 

implementation that works fast enough. Facial parts (both eyes and mouth) are then 

detected, cropped and extracted from the normalized face image. The extracted facial parts 

are resized to an equal size of 32 x 64 pixels. The reduced image scale helps to reduce the 
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information that has to be learned by the network and also makes training faster and with 

less memory cost [1]. Figure 3.2 represents a set of extracted FPs from an image in the 

wild without resizing. 

3.1.3 Classification 

CNNs employ the concepts of receptive field and weight sharing. Through these 

concepts, the number of trainable parameters is being reduced and the propagation of 

information through the layers can be calculated by convolution. A signal is convolved 

with a filter map, containing the shared weights to produce a feature map. 

The proposed CNN architecture proposed in Figure3.3 consists of two channels of 

CNNs that takes in the eyes and mouth separately. Each of the CNN channels receives an 

input grayscale image of 32 x 64 pixels; Information from both channels converges in a 

fully connected layer (FC) which is used to learn global information from these local 

features and is then used for classification. 

Figure 3.3 

Illustration of the proposed CNN architecture 
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A given input image is passed through the CNN architecture as illustrated in 

Figure 3.3 Each CNN channel is made up of 5 convolutional layers, 5 max-pooling 

layers, 2 full connection layers, and 1 output layer. The first CNN layer applies a 

convolution kernel of 5 x 5, followed by a max pooling layer with akernel of 2 x 2 to 

reduce the image to half of its size using the maximum function. This inception layer 

learns 5 different kernels and outputs five feature maps.  The second CNN layer applies a 

new convolution to each of the five feature maps from the first layer using 5 different 

filters of 5 x 5 followed by another max-pooling using a filter size of 2 x 2. The output 

from both channels converges to a fully connected hidden layer that has 256 neurons 

which connects all neurons of the previous layer to every neuron of its own layer. 

Classification is based on the class with the maximum probability. Each time Max-

Pooling is added, the number of the next convolution filters doubles. The number of 

convolution filters is 64, 128, and 256,512, and 1024 respectively. The window size of 

the filters is 3x3. Max pooling layers with a stride of size 1x1 are placed after every 

convolutionallayer except the fifth layer that has a 2x2 stride. Max-Pooling is used to 

summarize the filter area which is considered as a type of non-linear down-sampling. 

Max-Pooling is helpful in providing a form of translation invariance and it reduces the 

computation for the deeper layers. To retain the spatial size of the output volumes, zero-

padding is added around the borders. The output of the convolution layers is flatted and 

fed to the dense layer. The dense layer consists of 2048 neurons linked as a fully 

connected layer Each of the Max-Pooling and dense layers is followed by a dropout layer 

to reduce the risk of network over-fitting by preventing co-adaptation of the feature 
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extractor. Finally, a softmax layer with seven outputs is placed at the last stage of the 

network.  

3.2 Hardware and Software Requirement 

 The proposed system runs on a 3.0GHz Intel i5-2320 CPU, 8GB RAM and 

developed in MATLAB 2017 software. The performance of the proposed method is 

evaluated using the classification accuracy obtained from experiments performed on the 

JAFFE and the CK+ datasets. 

The algorithm of the system is implemented in MATLAB R2017a software.  

Various tool boxes were used for algorithm development: 

1. Image Acquisition Toolbox 

2. Image Processing Toolbox 

3. Geometric-based feature extraction toolbox 

4. Neural Network Toolbox is used for thealgorithm. 

As mentioned before, the preprocessing stage, feature extraction, and 

classification algorithms are all developed in a MATLAB based environment. Initially, 

theViola-Jones and CNN algorithms are have been developed separately. However, in 

order to create a complete system, integration of both parts is needed.  

MATLAB tools are used to build the system because it creates an environment 

that enables the system to run continuously without requiring the user to manually open 

each file to run all the steps. The generated files will be automatically saved in a folder 

and are accessible whenever the system needs them. 
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A general user interface (GUI) is developed in MATLAB for the system to 

interact with users The GUI consists of 4 components. The first part is to add new users 

to the system. The second part is the image preprocessing step. During this process, the 

face region in each input image is resized to64 x 64. The face regions are then extracted 

and resized to a 64 x 32 image and finally the 64 x32 image is used for classification.  
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CHAPTER IV: EXPERIMENTS AND RESULTS 

An FER system is one that views the facial expression on an image or video of a 

person and compares it to one that is in the database. It does this by comparing structure, 

shape, and proportions of the face; thedistance between the eyes, eyebrow, mouth, and 

jaw; upper outlines of the eye sockets; the sides of the mouth; location of the mouth and 

eyes. 

To detect the eyes the Viola-Jones algorithm exploits the hypothesis that the eyes 

are darker than other parts of the face. An input image is scanned in small segments using 

the haar features to find the region that is as large as the eyes and darker than its 

neighboring regions. A potential region must satisfy the characteristics of the human eyes 

such that both eyes must align with the same line. The eyebrows are discarded by using a 

simple histogram analysis which results in the two peaks for the eyes and one peak for 

the brows. This same algorithm is used to detect, extract and verify the mouth.  

Components of the mouth include the lips, and difference between the color distribution 

of the lips and normal skin. The Viola-Jones algorithm is used to observe the pixels of the 

lips which is found to vary from dark red to purple under normal light conditions. The 

proposed system algorithm is implemented using MATLAB. The Image is pre-processed 

using the Viola-Jones algorithm, the resulting normalized image of the eyes and the 

mouth is used as input into the CNN and implemented using the architecture in figure 

4.1.The CNN network architecture in figure[4.3] is designed from scratch. The 

networkconsists of five convolution layers, five Max-Pooling layers, followed by two 

dense fully connected layers. 
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Figure 4.1 

The CNN architecture of proposed method 
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The topology of the network showing twenty-three layers is summarized in the table 

below:  

Table 4.1 

List of Layers in the deep neural network architecture 

 Layer Type Description  

1. 'input' Input 227x227x3 images with 'zero center' normalization  

2. 'conv1' Convolution 96 11x11x3 convolutions with stride [4 4] and 

padding [0 0] 

3. 'relu1' ReLU  

4. 'norm1' Cross Channel Normalization cross channel normalization 

with 5 channels per element  

5. 'pool1' Max Pooling 3x3 max pooling with stride [2 2] and padding 

[0 0]  

6. 'conv2' Convolution 256 5x5x48 convolutions with stride [1 1] and 

padding [2 2]  

7. 'relu2' ReLU 

8. 'norm2' Cross Channel Normalization cross channel normalization 

with 5 channels per element  

9. ‗pool2‘ Max Pooling 3x3 max pooling with stride [2 2] and padding 

[0 0]  

10. 'conv3' Convolution 384 3x3x256 convolutions with stride [1 1] and 

padding [1 1]  

11. 'relu3' ReLU 

12. 'conv4' Convolution 384 3x3x192 convolutions with stride [1 1] and 

padding [1 1]  

13. 'relu4' ReLU 

14. 'conv5' Convolution 256 3x3x192 convolutions with stride [1 1] and 

padding [1 1]  

15. 'relu5' ReLU 

16. 'pool5' Max Pooling 3x3 max pooling with stride [2 2] and padding 

[0 0]  

17. 'fc6' Fully Connected 4096 fully connected layer  
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18. 'relu6' ReLU 

19. 'fc7' Fully Connected 4096 fully connected layer  

20. 'relu7' ReLU 

21 'fc8' Fully Connected 1000 fully connected layer  

22. 'probability' Softmax 

23. 'classification layer' 

 

Classification Output  

 

In the implementation, the whole facial expression recognition algorithm consists 

of offline training and online testing. The image data set is divided into training image set 

and testing image set. For the whole image data set, each image is processed to extract 

the local regions around the eye and mouth. The training image set is used to training the 

CNN model for classification, while the testing image set is used for testing. The output 

of each trained CNN is the probabilities that the test image belongs to each of the 

expression classes, and the final classification output is a class label that indicates one of 

the seven basic expressions.  

4.1 Datasets 

 The performance of the proposed method is evaluated using the classification 

accuracy obtained from experiments performed on the JAFFE and the CK+ datasets. 
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4.1.1 JAFFE Dataset 

 

Figure 4.2. A sample of images from the JAFFE dataset with their corresponding 

emotions. 

 The JAFFE dataset contains 213 grayscale facial expression images of 7 facial 

expressions -disgust, Fear, Joy, surprise, sadness, anger, and neutral, posted by 10 

Japanese females. A sample of images from the dataset is shown in figure 4. Each image 

is of size 256 x 256[9]. The images in this database were divided into 149 images (70%) 

for Training and 64 images (30%) for testing.  

  The network is trained for classification using the training subset of 70% while the 

testing subset of 30% is used to test the probability that a given facial image belongs to a 

particular facial expression class. Training of the CNN is achieved in a supervised manner 

using the standard back-propagation algorithm. The average recognition accuracy is used 

to evaluate the performance of the network. Image preprocessing took an average of 0.1s 

while image classification took an average of 0.2s. Table I shows the confusion matrix of 
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the recognition accuracy for seven facial expressions using the training weights obtained 

with the best accuracy. The recognition accuracy achieved using this method is 97.71%. 

Table 4.2 

Confusion Matrix on JAFFE 

 

  The method gives a high recognition accuracy of at least 98% for asurprise, 

disgust, happy and sad while Angry, Neutral and Fear had lower accuracy between 96.6% 

– 97.6%. 

4.1.2 CK+ Dataset 

 The CK+ dataset consists of 593 image sequences from 123 subjects from ages 18-

50 of both male and females from different ethnic groups comprising of 69% female and 

19% from African America and Asians [1].  
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Figure 4.3 

A sample of images from the CK+ dataset with their corresponding emotions. 

 

 Here we use 350 images of size 640 x 480 or 640 x 490 which were randomly 

selected from 50 subjects in the database. The contempt expression in the dataset was not 

used in the experiment. An illustration of the datasets is seen in Fig. 5. A 10-fold cross-

validation was carried out using the selected 350 images, 245 images (70%) were used for 

training and 105 images (30%) were used for testing. The network is trained for 

classification using the training subset and tested using the testing subset. The CK+ 

dataset is used to show the robustness of the network. Table II shows the confusion matrix 

of the recognition accuracy for seven facial expressions on the CK+ dataset. 
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Table 4.3 

 Confusion Matrix on CK+ 

 

 The CK+ dataset achieved a recognition accuracy of 95.2%. This result is lower 

than that achieved by using the JAFFE because of the varied nature of the images in the 

CK+ dataset which was captured under more challenging pose and illumination 

conditions. This results in a number of the Sad expressions being confused with Anger or 

Fear expressions. The recognition accuracy for the different expressions using the CK+ 

dataset shows that the CK+ dataset achieved a higher recognition for the neutral and 

surprise expressions than that achieved with the JAFFE dataset but slightly lower accuracy 

for angry, disgust, fear, happy and sad ranging from 91.8% - 98.1%. 
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Table 4.3 

 Comparison on JAFFE Dataset 

Approach Recognition Accuracy 

SVM[5] 95.60% 

Gabor[9] 93.30% 

2-Channel CNN[4] 94.40% 

Proposed Method 97.71% 

 

Table 4.4 

Comparison on CK+ Dataset 

Approach Recognition Accuracy 

SVM[15 ] 95.10% 

Gabor[9] 90.62% 

3DCNN[16] 95.00% 

Proposed Method 95.72% 

 

 The average recognition accuracy of the proposed method is compared to other 

methods for facial expression recognition. Table III and Table IV show the comparison of 

the performance accuracy obtained with this method and that of other methods on the 
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JAFFE and CK+ database respectively. The proposed method is seen to achieve superior 

recognition accuracy when compared to other methods already existing in theliterature. 
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CHAPTER V: CONCLUSION AND FUTURE WORK 

 The works reviewed in literature includes previous research in facial expression 

recognition that provides an in-depth analysis of corresponding approaches whichare 

mostly based on deep learning techniques such as CNNs and attention mechanisms.These 

works have shown that deep learning can be applied successfully to the task facial 

expression recognition in more realistic scenarios. Therefore, following new 

developments andadapting them to the task of emotion recognition is a worthwhile 

direction of research.  

In the existing CNNs based method, the whole face region is employed as input 

and every part of the face is treated and fine-tuned equally no matter if it is relevant to the 

target facial expression. However, as suggested by the psychological studies, the 

information extracted around nose, eyes, and mouth is more critical for facial expression 

analysis [33]. Thus, construction of CNN model with the whole face region is not only 

computation expensive but also degrades the recognition accuracy.  

 This work presents a new convolution neural network architecture that uses feature 

information from facial parts (Eyes and Mouth) as input into two separate CNN channels. 

The output from the two channels converges into a fully connected layer and the result 

used for classification. This method is aimed to have an advantage over using the whole 

face as an input by having an increased recognition accuracy and reduced cost. 

Experimental results based on the JAFFEE and a dataset created from randomly selected 

image samples from the CK+ database confirms the effectiveness and robustness of this 
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method. It is shown that our proposed method can achieve the average expression 

recognition accuracy of 97.71% and 95.2% respectively for the two datasets. Another 

interesting aspect of this work that can be explored in the future would be to test this 

approach on more databases to ensure robustness and to use facial landmark points of the 

facial parts to further increase accuracy and processing time of the system.  
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