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I  

Abstract 
 

The recognition of facial expressions is of paramount importance in 

comprehending human emotions and has garnered considerable interest within 

the realm of computer vision and deep learning. Detecting facial expressions in 

videos is considered a difficult and interesting task since the face is the main 

means of communication and the most communicative part of the body to 

display emotions. The current thesis provides a detailed investigation of facial 

expression detection and its application to a proposed Quranic system that relies 

on emotions. This thesis aims to apply deep learning approaches to efficiently 

recognize and classify emotions shown in face photographs. This thesis leverages 

the capabilities of convolutional neural networks (CNN) (one dimension and two 

dimensions) and time-distributed layers in order to effectively capture temporal 

dependencies within video sequences on the CREMA-D dataset. The system has 

undergone extensive training and testing, resulting in a high level of accuracy in 

the identification of six fundamental emotions: anger, disgust, fear, happiness, 

neutrality, and sadness. 

This thesis improves its field by developing a new architecture for video-

based emotion recognition. Preprocessing, feature extraction, and classification 

utilizing 1D-CNN and 2D-CNN models comprise the architectural framework. 

The 1D-CNN model classifies features after being extracted by the histogram of 

oriented gradients (HOG), while the 2D-CNN model features extraction and 

classification simultaneously. The accuracy of the CNN 1D model is 0.99 , 

which indicates that it produces high results. Additionally, the 2D CNN worked 

superbly, with an accuracy score of 0.82. These results show the system's 

capability to identify facial expressions ,detecting emotion, and designing 

emotion-based systems for Suggest Quranic Verse. 
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Chapter One 

General Introduction 

1.1. Introduction 

 

Facial expressions are essential indicators of our emotional states and 

serve as a primary mode of communication, it plays a significant role in 

communicating emotion [1]. In recent times, deep learning algorithms have 

shown great potential for improving the accuracy and efficiency levels of 

facial expression recognition systems significantly [2]. The recognition of 

facial expressions has become increasingly precise and reliable in recent 

times due to advancements made in machine learning and computer vision 

[3]. 

The ability to recognition of facial expressions has several practical 

uses. In the medical field, it can help doctors better understand their patients' 

mental health issues and formulate effective treatment plans. Emotion 

recognition may be used in the field of customer service to get a feel for how 

happy customers are and adjust strategies accordingly. User experiences may 

be improved through human-computer interaction when emotion detection 

allows for more natural and individualized interactions with technology [4]. 

Gaming and entertainment could employ emotional reaction 

recognition to tailor and engage players based on their mood. Emotion 

detection can also improve situational awareness and identify high-stress 

situations in law enforcement and security. Recognition of pupils' facial 

expressions can assist teachers improve classroom instruction and 

comprehend their emotions. Deep learning models provide an advantage over 

prior emotion-recognition systems, but they need additional research for 

high-robust expression detection [5]. 

In addition, deep learning-based algorithms for Quranic verse 

recommendation can be used to examine user emotions and behavior and 
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provoke a wide spectrum of emotional reactions beyond verbal or textual 

interactions. In contrast to past initiatives that merely classified general 

human emotions indicated by facial expressions, such as joy or sadness, 

these ideas are personalized. The program recommends Quranic verses based 

on users' emotions[6–9]. 

1.2. Thesis Motivation 

1. With the development of deep learning models, progress has been 

made in the area of facial emotion recognition. Many existing 

approaches to emotion identification also depend on antiquated 

methodologies or on relatively tiny datasets filled with performed 

emotions, which may restrict their usefulness and accuracy. 

2. Use deep learning algorithms to create a system that can accurately 

identify emotions. This system will not only be able to categorize 

photos into the six universal emotions, but it will also be at 

recognizing and analyzing minute differences in face expressions. 

3. The Quran Verse Suggest system is able to tailor Verse to each 

individual user depending on their current emotional state by using 

deep learning techniques trained on previously observed emotional 

patterns. By doing away with potentially erroneous self-reporting and 

user biases, this new method improves and personalizes the Quranic 

experience for each user.  

 

1.3. Problem Statement 

Facial expression recognition is difficult to define and categorize, 

making it a difficult research topic. Teaching machines to decipher facial 

expressions is difficult. Dynamic facial expressions include modest muscular 

movements that shape their appearance. Advanced algorithms and methods 

are needed to capture and analyze these minute differences. Deep learning's 

popularity has expanded emotion recognition applications. 
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  However, choosing a Quranic verse based on emotion and necessity is 

difficult. There are many Quranic verses with different storylines, purposes, 

and morals. This makes choosing a Quran verse to match user feeling 

difficult. This will be done by sensing user emotions from their faces. 

 

1.4 .   Research Questions 

The following research questions will be expanded academically in this 

thesis: 

1. How can deep learning algorithms consistently and accurately 

recognize and categorize facial expressions? 

2. What is the mechanism employed for interning a sequence of frames 

into deep learning models? 

3. What is the influence of preprocessing and feature extraction 

approaches on the performance of the system in boosting emotion 

identification and communication? 

4. How could verses in the Quran be selected to correspond with the 

identified emotional states?  

1.5 .    Thesis Aim and Objectives 

  The aim of this thesis is to develop and train a Deep Learning model 

for accurate emotion recognition and suggest Quranic varse based on 

detected emotions. While the objectives of this thesis are: 

1. to develop a comprehensive system architecture capable of accurately 

and efficiently detecting and recognizing facial emotions. 

2. To combine (detecting emotions and suggesting Quranic verses) opens 

new possibilities for study and application to the science of facial 

expressions, emotion identification, and deep learning. 
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1.6. Related Works 

Deep learning methods have been used in numerous studies on facial 

expression recognition as illustrated in Table (1.1).  

Ristea et al. (2019) [10] demonstrated a real-time emotion recognition system 

based on deep Convolutional Neural Networks. By analyzing speech data as well, 

and fusing visual and aural cues, they were able to improve the recognition 

system's precision. The value of merging visual and aural input is demonstrated 

by the experimental findings, demonstrating the efficacy of the suggested strategy 

for emotion identification. Facial expression recognition accuracy was 69.42% 

using the CREMA-D datasets. 

Ryumina and Karpov (2020) [11] tested a distance importance scoring based 

feature extraction strategy for face emotion recognition using CREMA-D and 

RAVDESS databases. Facial expression recognition accuracy was 79.1% on the 

CREMA-D database and 98.9% on the RAVDESS database, compared to 

methods based on facial graphical regions. 

Birhala et al (2020) [12]  proposed a multimodal fusion strategy for emotion 

identification was presented. This technique combines audio-visual modalities 

from a temporal window with distinct temporal offsets for each modality. They 

demonstrate that the suggested strategy performs better than other methods found 

in the literature as well as the human accuracy rating. Experiments are carried out 

using CREMA-D, a multimodal dataset that is freely available to the public. 

 

Ghaleb et al (2020) [13]  proposed a Multimodal Emotion Recognition Metric 

Learning to achieve a discriminative score and robust latent-space representation 

for both modalities (MERML). Radial Basis Function (RBF)-based Support 

Vector Machine (SVM) kernel makes efficient use of the acquired measure. 

Evaluation on the eNTERFACE and CREMA-D datasets shows that prposed 

performs better than the state-of-the-art. 

Sujanaa and Palanivel (2020) [14] identified feelings by suggesting technique 
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employs a Histogram of Oriented Gradients (HOG). A Haar-Based Cascade 

classifier is used to identify mouth areas at a frame rate of 20.Next, a One-

Dimensional Convolutional Neural Network is trained using the HOG features as 

input (1D-CNN). Based on testing data, the suggested system has a 90.23 percent 

success rate in recognizing the three emotions, making it a clear winner over its 

predecessors. 

Hans and Rao (2021) [15] used 75 frames of masked facial photos for each 

prediction and offers a CNN-LSTM based Deep Neural Network architecture to 

do so. On the CREMA-D dataset, a 6-layer CNN-LSTM trained with a learning 

rate of 0.0001 yielded a test accuracy of 78.53 percent, while the same model 

tested on the RAVDEES dataset yielded a result of 63.35 percent. The model's 

accuracy could be enhanced by incorporating speech characteristics and Facial 

Action Units into the same architecture and then stacking these features together 

before sending them to the LSTM layer. 

Sujanaa et al (2021) [16] employed a dataset that consists of still frames of 

videos showing images of people's mouths conveying various emotions. Images 

of people's faces have their mouths removed using a Haar-based cascade 

classifier, and frames are taken from the video at a rate of 20 per second. Each 

histogram in the feature set represents a different image of a person's mouth, and 

each histogram is based on using tools like HOG (histogram of oriented 

gradients) and LBP (local binary pattern) (LBP). Two methods, accelerated 

robust features (SURF) and scale-invariant feature transform (SIFT), are utilized 

to separate out individual data points. Texture features are used in the training of 

a support vector machine (SVM) and a one-dimensional convolutional neural 

network (1D-CNN). Test video frames are fed into trained models that look for 

signs of emotion, and the results of the experiments show that the accuracy of 

SVM is 97.44% and that of 1D-CNN is 98.51%. 

Zamani and Wulansari (2021) [17] studied how emotions are classified and 

proposed two models that combine the best features of the In order to achieve this 
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objective, utilizing the One-Dimensional Convolutional Neural Network (CNN-

1D) as well as the Recurrent Neural Network (RNN).The RNN design includes 

Gated Recurrent Units (GRUs) and Long Short-Term Memories (LSTMs) to 

address the vanishing gradient issue common to time series data. High-Value-

High-Arousal (HVHA), Low-Value-High-Arousal (HVLA), Low-Value-Low-

Arousal (LVHA), and Low-Value-Low-Arousal (LVLA) are the four emotional 

zones that our model distinguishes (LVLA).The popular DEAP dataset was used 

in this experiment. According to the experiments, the training accuracy of the 

suggested approaches is 96.3% for the 1DCNN-GRU model and 97.8% for the 

1DCNN-LSTM model. This emotion classification task is therefore well within 

the capabilities of both models. 

Vijay and Yasutomo (2022) [18] suggested a transformer-based paradigm 

improves audio-visual emotion identification. This novel model has three 

multimodal transformer branches: one for audio processing and one for visual 

processing. Cross attention between auditory and visual stimuli is computed by 

the third strand. These branches detect relevant information in both modalities 

and any interactions that might affect users' emotional state analysis. The study's 

best results came from ablation of these three locations. They also propose block 

embedding, a new temporal embedding method that uses time information from 

many video frames to improve visual characteristics. Public audio-visual datasets 

RAVDESS, CREMA-D, and SAVEE were used to validate the design. 

 

 Comparisons with other models and a detailed ablation investigation were also 

done. Based on observations, our multi-modal transformer architecture is more 

successful than baseline techniques. 
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Srinivas and Mishra (2022) [19] introduced a multimodal system for emotion 

recognition that integrates characteristics from disparate modalities, such as audio 

and video. Energy, zero crossing rate, and Mel-Frequency Cepstral Coefficients 

(MFCC) are all strategies taken into account while extracting audio features. The 

findings from MFCC are very encouraging. First, using a spatial temporal 

Gaussian Kernel, the films are split into frames and saved in a linear scale space. 

Applying a Gaussian weighted function to the second momentum matrix of linear 

scale space further extracts characteristics from the photos. The audio and video 

features are fused using the Marginal Fisher Analysis (MFA) fusion method, and 

the combined features are then sent into the FERCNN model for analysis. 

Experiments employ audio and video data from the RAVDESS and CREMAD 

databases. Performance is improved over previous multimodal systems, with 

accuracy values of 95.56, 96.28, and 95.07 on the RAVDESS dataset and 80.50, 

97.88, and 69.66 on the CREMAD dataset in audio, video, and multimodal 

modalities. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter One General Introduction 
 

8  

 

Table (1.1): Summary of the Related Works. 

Reference and year Dataset Model Accuracy 

Ristea et al. (2019) 

[10] 
CREMA-D CNN (62.48%, CREMA-D) 

Ryumina and 

Karpov (2020) [11] 

CREMA-D 

RAVDEES 
LSTM 

(79.1%, CREMA-D) 

(98.9%, RAVDESS) 

 

Birhala et al (2020) 

[12] 

CREMA-D 

 
CNN 

(68.4%, CREMA-D) 

 

Ghaleb et al (2020) 

[13] 

CREMA-D 

eNTERFACE 

 

 (MERML) 
(66.5, CREMA-D) 

(91.5, eNTERFACE) 

Sujanaa and 

Palanivel (2020) [14] 

dataset is 

collected using a 

web camera 

1D-CNN 90.23% 

Hans and Rao 

(2021) [15]  

CREMA-D 

RAVDEES 
CNN-LSTM 

(78.53%, CREMA-D) 

(63.35%, RAVDESS). 

Sujanaa et al (2021) 

[16] 

collected using a 

web camera 

SVM and 1D-

CNN 

(97.44%, SVM) 

( 98.51%,1D-CNN) 

Zamani and 

Wulansari (2021) 

[17] 

DEAP 

1DCNN-

GRU 

1DCNN-

LSTM 

(96.3%, 1DCNN-GRU) 

(97.8%, 1DCNN-LSTM) 

Vijay and Yasutomo 

(2022) [18] 

RAVDESS, 

CREMA-D, and 

SAVEE 

CNN 

(RAVDESS ,93.59 ) 

(CREMA-D ,72.45) 

(SAVEE ,99.17) 

Srinivas and Mishra 

(2022) [19] 

RAVDESS, 

CREMA-D 

FERCNN 

model 

(RAVDESS ,96.28) 

 (CREMA-D, 97.88)  

 

1.9. Thesis Outline 

The subsequent sections of this research work are structured as follows:  

 Chapter 2 : This chapter presents in-depth assessment of the pertinent 
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literature on facial expression recognition, mood detection and Quran 

recommendation systems. It assesses various deep learning techniques 

used for analyzing facial expressions and evaluates different 

approaches to detect moods with respect to recommending suitable 

Quran. 

 Chapter 3 :  This chapter introduce the proposed methodology for 

recognizing facial expressions and detecting moods incorporating a 

comprehensive explanation of dataset integration, architecture design 

of Deep Learning Models. Furthermore, it outlines the training process 

employed in carrying out face expression analysis coupled with 

emotion estimation using AI technology integrating harmony vectors 

towards improving personalized Quran Recommendations Systems. 

 Chapter 4 : Contains the outcomes and discussions derived from the 

proposed methodology. The chapter aims to determine how effective a 

deep learning model is in recognizing facial expressions and detecting 

moods through an evaluation of accuracy, precision, recall, and F1-

score metrics. Furthermore, user feedback will be used to evaluate the 

Quran recommendation system's efficiency based on satisfaction 

levels. Additionally, it analyzes the strengths and limitations of the 

method utilized while identifying areas for improvement along with 

applications that come with its implementation. 

 Chapter 5:  Provides a summary of research findings based on results 

obtained earlier; conclusions drawn are also specified here accordingly 

while elaborating potential avenues for future exploration within facial 

expression recognition systems alongside mood detection mechanisms 

including Quran recommendation software development as parting 

note.
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Chapter Two 

Theoretical Background 

2.1. Introduction 

This chapter provides a comprehensive overview of the literature on human 

emotions, with a focus on facial expression analysis. It will explain how various 

computer programs can be utilized for recognizing facial expressions. The current 

state of research and practical applications for identifying these feelings will be 

given via a review of the literature. Since deep learning (DL) has emerged to help 

put ML into practice, particularly through the application of neural networks for 

both learning and prediction [20] . Various deep learning algorithms that can be 

used for face expression recognition are covered in this section. 

2.2. Human Emotions Representation Overview 

In the twenty-first century, computers are ubiquitous and play a crucial role 

in society. The ability to recognize emotion is being built into computers, and one 

day they may even be programmed to experience emotions. Emotional theory has 

a long and illustrious history, dating back to the Stoics, Plato, and Aristotle of 

Ancient Greece [21]. The classic Aristotelian theory of emotions by Aristotle 

examines the evolution of his thinking on emotions by defining and explaining a 

wide range of emotions, contrasting and comparing them, and characterizing the 

emotions themselves. Remarkable insights emerged from his ideas, such as the 

following: Emotions, such as anger, pity, fear, and its opposites, are the reasons 

people undergoing transformations have different perspectives and experience 

both positive and negative feelings [5]. 

The usage of biometric data is becoming increasingly commonplace, with 

examples ranging from fingerprint scanning technology for logging into secure 

databases to face recognition via passport photos for gaining entry to a nation.  

The primary goal is to provide a more foolproof method of identification than, 



 

Chapter Two                                                  Theoretical Background 
 

 

 

11 
 

 

say, a password. By removing the need for human intervention, this technology 

streamlines the process and increases security, reducing the likelihood of forgery 

or fraud. Biometric identification can be accomplished using a variety of human 

characteristics, including the face, iris, voice, and fingerprints [22, 23].  

A further subfield of HCI is devoted to processing feelings; this area Is known 

as affective computing. Researchers in the field of computer vision use these 

datasets and attempt to decipher their machine-readable meaning. Many 

academics are focusing on this problem, hoping to find a way to automatically 

identify affective feelings [24, 25]. One's choices in many domains can be 

influenced by awareness of one's emotional condition. 

 Recognizing pain when there are no words to express it. When a doctor 

isn't present, a radiotherapy patient may feel such intense pain that he can't 

even utter a sound or move his eyes from where they're fixed ahead. 

 Identifying symptoms of subject despair and hostility to provide early 

warning and avert potential incidents. If staff have access to information on 

patients' affective emotions, they will be better equipped to assess the 

patients' behavior. 

 Machines can be used to detect the earliest stages of autism and other 

disorders that manifest as weaknesses or observable differences from a 

healthy individual. 

 Service to Customers To ensure customer satisfaction, it's important for 

operators to gauge their customers' emotional states so they can avoid 

asking questions that could inflame the situation. 

 If a car is able to identify when its driver is getting tired or sleepy, it can 

issue warnings to the driver to pull over or find the closest rest stop for 

them. 

To reach a future when machines can comprehend how to communicate and 

handle humans, further investigation is required in this area to enhance the 

naturalness of human-computer interaction and assist whenever it is required . 
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2.2.1. Facial Expressions 

Expressions of emotion and mental condition are frequently conveyed 

through a person's each emotion that determines how strongly an expression will 

be shown. Intentions, action tendencies, assessments, other cognitions, 

neuromuscular and physiological changes, expressive behavior, and subjective 

emotions all fall under this category [2]. Because of these factors, the face 

muscles contract to produce an expression that may be seen by other people. 

Ekman [26] identified six core facial expressions representing the full range of 

human emotions (happiness, surprise, fear, sadness, anger, and disgust; see 

Figure 2.1). The basic displays of emotion can be expanded upon to convey a 

wide range of nuanced sentiments. 

 

Figure 2.1: A screenshot of six essential lines from the Bosphorus corpus [26]. 

 

2.2.2. Image Attributes 

The image can be normalized into a vector space and various features 

extracted from it. There are a number of methods we may use to deduce the 

feeling, such as calculating the ellipses on the face or the angles between the 

various features. The following are examples of salient characteristics that can be 

utilized to educate AI systems: 

A. Faces 

To assign a numerical value to a facial expression, the Facial Action Coding 

System is employed. An "action unit" is any one of these numbers. A face 

expression is the consequence of a combination of action units. A facial 

activity unit is a measure of the minute contractions and relaxations of facial 
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muscles. A pleasant expression, such as a smile, can be broken down into the 

coordinated movements of six action units (AU6) and twelve (AU12) of 

muscle. The cheek riser is represented by Action Unit 6, and the lip corner 

puller by Action Unit 12. An action unit-based facial action coding system is 

useful for identifying which face muscles contribute to a given expression. 

They can be used to create face models that can be used in real time[27]. 

Figure 2.2: Action Units corresponding to different movements in face [27]. 

 

B. Landmarks 

Important and useful facial landmarks can be used for face recognition 

and identification. The same anchors apply to expressions as well. The  68 

facial landmark detector that pinpoints the location of 68 facial landmarks. 

Figure (2.3) shows the 68 different facial landmarks. The x,y coordinates of 

each facial point can be retrieved with the help of the dlib library. Each of the 

68 points corresponds to a distinct body part, such as the left or right eye, the 

left or right eyebrow, the mouth, the nose, or the jaw[1]. 
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Figure 2.3: Landmarks on face [1]. 

 

2.3. Models for Color Digital Images 

The use of color digital images is extensive across multiple fields, such as 

computer vision, image processing, and multimedia applications. Various models 

have been created to handle the representation and manipulation of color 

information in digital images. One commonly employed model is the RGB model 

which combines different intensity levels of these three primary colors to 

represent colors. The RGB model is widely supported by imaging software and 

devices due to its intuitive nature. Another well-known color model is CMYK, 

frequently utilized in printing and graphic design practices [28, 29]. 

The CMYK color model is utilized to represent colors by utilizing the 

concept of subtractive color mixing. This involves combining different inks to 

achieve the desired colors. Moreover, there are alternative color models such as 

HSV, Lab, and YUV/YcbCr that offer different perceptual properties and aid 

specific image processing tasks. These models have significant importance in 

analyzing, manipulating, and comprehending color images. They enable the 

creation of algorithms and techniques for various applications related to color 
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analysis[30]. Using a Deep Learning Model for Emotion Recognition necessitates 

the following preprocessing steps: 

1. RGB to Gray Conversion: 

By linearly combining the red, green, and blue primary colors, the RGB color 

model can be used to define any conceivable color. Computers and televisions 

both employ this color display technology. A digital color picture is composed of 

three RGB 2-D matrices, one for each basic color. The visual on the screen is 

constructed by multiplying the values of these three matrices together[29], [30]. 

Typically, 8 bits are used to represent each of the three components of the three 

matrices. As can be seen in Figure(2.4), there are a total of 24 bits in a color pixel 

(3 x 8).  

 

Figure 2.4: RGB to Gray[31]. 

 

2. Grey color model: 

  Gray scale images only have one color channel, while RGB (Red Green 

Blue) images have three. It is possible to lower the processing burden and 

simplify the data by converting the RGB image to grayscale. The formula for the 

transformation is as follows [29], [30]: 

                                                                     (2.1) 
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2.4.  Enhancement of Digital Images 

The visual quality of photographs as well as their interpretability may be 

significantly improved by the application of various digital image enhancement 

techniques. This section will focus on a method known as histogram equalization, 

which is one of these techniques. The process of histogram equalization is one of 

the most common techniques for boosting the contrast of digital photos as well as 

improving their overall look. 

Histogram Equalization 

     Histogram equalization dispersing intensity values improves visual contrast. 

Histogram equalization is performed on an input picture having pixel values from 

0 to L-1 (where L is the number of intensity levels, generally 256 for an 8-bit 

image)[32, 33]: 

1. Create a histogram of the supplied image to see how often each brightness 

level appears. The histogram value at intensity level I will be denoted by 

H(i). 

2. Calculate the cumulative distribution function (CDF) of the histogram. 

The CDF, denoted by CDF(i), represents the cumulative probability of each 

intensity level up to level i. It is computed using the following equation [32]: 

 

                                                                                         (2.2) 

Map intensity values from [0, L-1) to [0, L-1] by normalizing the cumulative 

distribution function (CDF). The new intensity values are comprehensive 

because of the normalizing procedure. The following formula is used to 

calculate the intensity at any level I [32]: 

                               –                   –      

    –                                                                                                        (2.3) 

 

   Where M*N is the number of pixels in the picture, L is the number of 
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intensity levels, and NewValue(i) is the new intensity value CDF(i) is the 

cumulative probability of intensity level I is the minimal cumulative 

probability among all intensity levels; and. 

3. Apply the following equation to each pixel in the supplied picture, replacing 

its value with NewValue(i). 

By using the histogram equalization method, the final image will have better 

aesthetic appeal and be more appropriate for further image analysis and 

processing because of the increased contrast and more even distribution of 

intensity values [34]. 

Algorithm (2.1):   Histogram Equalization 

Input:  The pixel values of a grayscale facial image span from 0 to 255. 

Output:  An enhanced grayscale facial image. 

BEGIN 

Step 1: Understanding the dimensions of the grayscale image (E*F) requires pixel values 

between 0 and 255. Set every element of a matrix G of size 256 to 0. 

 

Step 2: To create an image histogram, the corresponding elements must be updated in the 

matrix. – The image matrix is updated by scanning each pixel to create the histogram. 

G[gray_value(pixel)] = G[gray_value(pixel)] + 1 

Step 3: Using Eq. (2.2), CDF calculations can be performed. 

CH[0] = H[0] 

Each pixel (1 to 255) has CH[i] equal to CH[pixel-1] plus H[pixel]. 

 

Step 4: Referring to Eq (2.3), compute the updated pixel values through the process of 

general histogram equalization. 

Step 5: Update image-wise, new values replace the original grayscale image. 

NewImage[E][F] = T[OldImage[E][F]] 

 

END 
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2.5. Standard Scaler 

The standard scaler is a core preprocessing method in machine learning, with 

the goal of normalizing a dataset's features such that they all have the same mean 

value of zero and the same standard deviation of one. For many algorithms, 

especially those that are sensitive to the magnitude of input characteristics, this 

change is crucial for boosting convergence and speed. By subtracting the mean 

(µ) of the feature's values from each individual value and dividing by the 

standard deviation (σ) of the feature's values, the standard scaler calculates the Z-

score for each feature[35]: 

 

  
   

 
                                                                                                     (2.4) 

Each data point is denoted by x, the feature mean is mu, the feature standard 

deviation is sigma, and the converted Z-score is z. In order to prevent bigger 

magnitude characteristics from dominating the learning process, the data is 

transformed so that it is centered around 0. This transformation also accounts for 

differences in scale. Therefore, the standard scaler is an important preprocessing 

step that contributes to the development of more accurate machine learning 

models across a variety of datasets.  

2.6.  Face Detection Algorithms 

In the modern world, face identification jobs are needed increasingly 

frequently. It results from the creation of security measures in response to 

terrorist attacks. The speed of technological advancement is a result of computers' 

increasing intelligence. This new era of computer-human connection brought 

about by these intelligent computer's aids in the exploration of many different 

subjects [36]. One of the areas of computer-human interaction is face detection, a 

branch of object detection. The technique of object detection involves finding 

instances of items belonging to a specific class (such as people, cars, buildings, or 
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faces) in an image or video. In this new era, object detection has a wide variety of 

uses, including pedestrian and face detection [37].  

 Viola & Jones Algorithm 

Facial expression recognition systems rely heavily on the face detection phase, 

which entails finding and pinpointing facial regions within an input image or 

video frame. The Viola and Jones technique is extensively used because it 

efficiently detects faces in real-time using a cascade of weak classifiers. Due to 

its high detection accuracy and fast processing speed, the Viola & Jones 

algorithm is well-suited for use in real-time settings [38]. Simple rectangular 

filters that record local intensity variations in the image form the basis of its 

operation, and these filters are known as Haar-like features. The system can 

recognize faces of diverse sizes and orientations thanks to the computation of 

these features at many scales and locations across the image [39]. 

The Viola and Jones face detection method consists of a number of sub-

steps, each of which aids in the recognition and localization of individual facial 

features. In brief, the algorithm consists of the following steps [40]: 

1. Haar-like features are basic rectangular filters that capture local picture 

intensity fluctuations. These traits allow face recognition. The method 

chooses Haar-like characteristics that can distinguish face and non-facial 

areas. 

2. Calculating the integral picture accelerates Haar-like feature calculation. 

The integral picture sums pixel intensities in a rectangle region from the top-

left corner. This equation efficiently computes [40]: 

                                                                    

                                                                                                              (2.5) 
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where Integral Image is the integral picture value at coordinate (      ) and 

Image(      ) is the pixel intensity in the original image. 

3. The approach uses the Adaboost machine learning technique to combine 

numerous weak classifiers into a strong one. The system picks a subset of 

training pictures and iteratively modifies the weights of weak classifiers 

depending on their performance in distinguishing face and non-facial areas. 

4. The Viola & Jones technique uses a cascade of classifiers to efficiently 

reject non-facial areas and focus computation on possible face regions. 

Multiple weak classifiers make up each cascade level. An area is deleted if it 

doesn't fulfill a stage's criteria, decreasing computation for succeeding 

stages. 

5. The technique uses a sliding window to scan the picture at multiple sizes 

and places. At each window point, the integral image computes Haar-like 

characteristics, and the cascade of classifiers sequentially determines if the 

region includes a face. 

6. Eliminates redundant face detections and improves accuracy. Selecting 

the region with the greatest detection confidence score eliminates overlapped 

detections. 

 

The Viola and Jones approach detects faces in real time using Haar-like features, 

integral pictures as illustrated in Algorithm (2.2), Adaboost training, cascade 

classifiers, sliding window detection, and non-maximum suppression[40]. 
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Algorithm (2.2): Viola & Jones 

Input: Image I 

Output: A collection of image rectangles that correspond to the identified 

faces. 

BEGIN 

Step1: Initialize Haar-like features for face recognition 

Step2: Calculate Integral Image for accelerated Haar-like feature calculation 

   for x from 1 to imageWidth: 

       for y from 1 to imageHeight: 

                   use Eq.(2.5) 

 

Step3: Implement Adaboost for combining weak classifiers into a strong one 

   Initialize weights for weak classifiers 

   for each training iteration: 

 Normalize weights 

 Train weak classifiers on subset of training images 

 Calculate weak classifier error and importance 

 Update weights based on classifier performance 

 

Step4: Implement Viola & Jones cascade of classifiers for efficient face detection 

   for each cascade level: 

       for each classifier: 

           if region doesn't fulfill criteria: 

               reject area and move to next stage 

           else: 

               continue to next stage 

 

Step5: Perform sliding window face detection 

   for each window size: 
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2.6 . Resizing: 

The computational cost of running the model can be decreased by making the 

image lower in size. Based on the needs of the model, the new size can be 

established. To scale an image, use this formula[41]: 

                                    

                                                                       (2.6) 

where the width and height of the previous image are old width and old height, 

respectively, and the height of the new image is desired height. The input image 

for emotion recognition with a deep learning model can be optimized with the 

help of these preprocessing processes. 

2.7. Feature Extraction  

Human face detection, facial feature extraction, and facial expression 

recognition (FER) technologies all rely heavily on feature extraction. There are a 

       for x from 1 to imageWidth – windowWidth: 

           for y from 1 to imageHeight – windowHeight: 

               Compute Haar-like features using Integral Image 

               for each cascade level: 

                   if region doesn't pass current cascade level: 

                       break 

               if all cascade levels passed: 

                   mark region as potential face 

 

Step6: Eliminate redundant face detections and improve accuracy 

   for each potential face region: 

       calculate detection confidence score 

   eliminate overlapping detections by selecting regions with highest 

confidence scores 

End 
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number of different approaches that can be used to extract useful and 

distinguishing characteristics from facial photos. Several feature extraction 

strategies currently in use within FER are discussed below[42]. 

 

1. Region and geometric-based techniques for face feature extraction 

collect global and local details. Global features consider the entire 

face, whereas local ones focus on specific areas. Region-based and 

geometric features are extracted using various approaches. 

Characteristics, including Gabor features, Local Binary Patterns 

(LBP), Local Ternary Patterns (LTP), Linear Discriminant Analysis 

(LDA), Histogram of Oriented Gradients (HOG), Active Shape Model 

(ASM), and Active Appearance Model (AAM). These techniques 

permit the description of facial features, textures, poses, and 

patterns[43]. 

2. Appearance-based feature extraction methods are useful for a variety 

of tasks, including facial emotion classification. Important facial cues 

can be captured by these techniques thanks to their use of texture-

based, pose-based, and pattern-based representations. One such 

method that examines changes in facial texture is the Gabor wavelet 

representation. The accuracy of expression classification can be 

enhanced by using these strategies to extract change-sensitive 

elements from facial expressions[44]. 

3. Deep learning has made CNN-derived deep features common in FER. 

CNNs may learn hierarchical representations from facial pictures and 

discover highly discriminative features. Deep learning features might 

create missing data due to location and illumination changes or 

overlapping and non-overlapping areas. Deep learning features may 

need significant computational resources[42, 45]. 
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 In conclusion, FER's feature extraction methods cover a wide range of 

approaches, from those based on regions and geometry to those based on 

appearance to those based on deep learning. Different approaches have different 

advantages and disadvantages, thus picking the right one for a given facial 

expression identification task is essential. 

 

Histogram of Oriented Gradients 

Facial expression detection is just one application of computer vision and 

image processing where the Histogram of Oriented Gradients (HOG) is a 

common feature extraction approach. By evaluating the distribution of gradients 

in different orientations, the HOG method extracts local texture and shape 

information from an image. HOG feature extraction, when applied to facial 

emotion recognition, seeks to extract discriminative aspects of the face. The usual 

procedures are as follows[46, 47]: 

 The quality of the supplied facial image is improved through 

preprocessing to remove noise and artifacts. To do this, it may be 

necessary to perform actions such as face detection and alignment. 

 Computation of Image Gradients Entails Determining the Magnitude 

and Direction of Gradients for Each Individual Pixel in a Prepared 

Image. Each pixel's intensity shift is represented by the magnitude of 

the gradient, while the orientation of the gradient shows the direction 

of the shift [46, 47]. 

                                                                            (2.7) 

                                                                           (2.8) 

 The picture is broken up into cells, often 8x8 or 16x16 pixels in size. 

Cell creation serves to preserve spatial linkages by encapsulating 

localized information within individual cells. 

 A histogram of gradient orientations is calculated for each cell. 

Quantizing the gradient orientations into a set number of bins for the 
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various angles is done. The histogram represents local texture 

information concisely by capturing the distribution of gradient 

orientations  Histogram(cell) = [H(0), H(1), ..., H(n-1)] [46, 47]. 

                                                 (2.9) 

 

  Using a technique called "block normalization," adjacent cells are 

clustered together to account for differences in illumination and 

contrast. To make the feature descriptor more resilient to these 

fluctuations, normalization techniques are applied to each block, such 

as contrast normalization or block-wise normalization. 

  The histogram values of each block are combined to create a feature 

vector for the complete face image. Input to a classifier or machine 

learning system for facial expression recognition, this feature vector 

reflects the face expression. 

  

 Face expression recognition algorithms benefit greatly from HOG feature 

extraction because it accurately captures key face traits associated to expressions 

such wrinkles, eyebrow movement, and mouth shape. Classifiers that can tell the 

difference between neutral emotions and those conveying joy, sadness, rage, or 

surprise can be trained using the resulting feature vectors [48], [49]. 

 When it comes to recognizing facial expressions, HOG feature extraction is 

invaluable because it provides a reliable and interpretable representation of local 

facial features that can be put to good use in a number of contexts, such as 

human-computer interaction, emotion analysis, and behavior understanding. 
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2.8. Deep Learning  

Deep learning (DL) is a new area of study focused on developing theories and 

algorithms that mimic human neural networks to enable machines to learn new 

information autonomously. Deep learning is a subfield of ML that was originally 

developed as an AI technique to mimic human learning processes in a particular 

domain [50]. Deep learning algorithms are layered in a complex and abstract 

hierarchy comprising of layers; each higher layer is built on the previous lower 

layer, hence the name hierarchical learning . Traditional machine learning 

algorithms follow a linear structure. In 2007, deep learning made its debut. 

 Algorithm (2.3): HOG feature extraction 

Input: Image I 

Output:  HOG feature vector . 

BEGIN 

Step 1: Use a gradient operator to determine the magnitude and direction of the 

gradient for each pixel in the image (e.g., Sobel operator) using Eqs (2.7) and 

(2.8). 

Step 2: Create a grid by slicing the image into cells of uniform size. 

For each cell: 

 Generate a histogram of cellular gradient orientations. 

 The values in the histogram can be normalized by using 

histogram normalization (for instance, L2-norm) using 

Eq (2.9). 

Step 3: Bring together the histograms of all cells in a set region. 

Step 4: The block histograms should be normalized using a block 

normalization technique (such L2-norm). 

Step 5: The final HOG feature vector is obtained by concatenating all the 

normalized block histograms. 

Step 6: HOG feature vector should be returned. 

END 
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Microsoft, Facebook, Amazon, Google, and Baidu all utilize it regularly because 

of its capacity to process large datasets and solve difficult problems [51]. In order 

to describe complex structures in vast and massive datasets, deep learning uses 

computer models comprised of multiple processing layers to represent the data at 

varying degrees of granularity. As a novel method of machine learning, deep 

learning bridges the gap between traditional ML and AI. Object detection, speech 

recognition, and even medicine is just a few of the many applications of deep 

learning [52]. Learning is aided when the characteristics are informative and 

accurately characterize the database. In machine learning, feature extraction is a 

crucial process. However, natural information may be beyond the capabilities of 

typical machine learning to process and deal with in their raw form  [53]. 

Since deep neural networks are superior to shallow ML methods in most 

applications involving the processing of text, picture, video, voice, and audio 

data, DL is also very beneficial in many fields with huge, high-dimensional data. 

When only a little amount of training data is available, shallow ML typically 

outperforms deep neural networks and is ideal for low-dimensional data entry. 

The rapid development of machine learning algorithms and processing is a major 

factor in the widespread use and success of deep learning[54, 55].  

2.8.1. Convolutional Neural Network  

The diagnosis and treatment of brain tumor rely heavily on accurate 

prognoses of the condition. There have been multiple attempts to develop deep 

learning models for this problem. When it comes to machine vision, 

convolutional neural networks (CNNs) are among the most popular forms of deep 

neural networks . The Convolutional Neural Network (CNN) is a deep learning 

approach that attempts to mimic how the brain processes information[56]. It is a 

subset of the feed-forward neural network family used in AI. CNN networks are 

quite similar to multi-layer networks (Perceptron), with the exception that they 

can integrate multiple locally connected networks into a single one. In addition to 

the layers employed for feature extraction, there are also layers employed for 
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categorization. Increased accuracy in automated diagnostic systems and disease 

prediction are two areas where CNN shows great promise. Due to their high data-

processing capability, CNNs have become increasingly popular in the field of 

artificial intelligence[57]. 

In a convolutional neural network (CNN), data flows from one layer to the 

next, with each layer's output feeding into the next layer's input. The input layer 

is the first in the network, and the output layer is the final. The network's hidden 

layers are found between the input and output nodes. Each "layer" consists of a 

single "activation function" algorithm. Overall, the CNN model improved 

prediction accuracy by identifying high-level interactions between genes and the 

target collection[58]. 

 

1. Basic Components of CNN Architecture 

It is possible to create a convolutional neural network that acts and thinks like 

a human brain. Prediction is a major advantage of this network in general. There 

are two primary elements that make up a CNN[59]: 

 

A) Feature Extractor 

Feature extraction and feature map creation is CNN's first step in 

processing data. CNN is made up of many filters, each of which performs a 

specific function. This led to the development of a plethora of feature maps, each 

of which represents a certain set of filters. The features vector with its low 

dimensionality is the output of the features extraction technique and is fed into a 

classifier. The feature extractor is built up from several layers (multiple 

convolution layers with optional pooling layers). First, the input and filter are 

convolved in a convolution layer to generate feature maps, which are then pooled 

down in a reduction layer. The output feature maps are then fed back into the 

system as input feature maps, where the process is repeated layer by layer in 

order to extract more sophisticated features. Finally, the feature maps with 
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reduced dimensions are flattened to produce a low-dimensional feature 

vector[60]. 

 

B) Classifier 

After feature maps have been extracted, the best features from each have been 

selected to create a low-dimensional feature vector, which is then fed into a 

classifier. The likelihood of an input belonging to a certain class is reported by 

the classifier. One or more fully linked layers make up the classifier to do this 

[61]. 

 

2. Activation Functions 

To introduce non-linearity into the activation map, non-linearity layers are 

typically placed immediately after the convolutional layer. This is because the 

convolution process is linear, while images are nonlinear. Some of the more 

common types of non-linear operations are outlined here[62]: 

 Sigmoid: The sigmoid function is represented by the mathematical formula 

[63]: 

                                                                                            (2.10) 

 It is used to convert a real number into a value between zero and one. 

However, when it comes to backpropagation, the vanishing gradient problem 

can occur with Sigmoid activation if the local gradient becomes extremely 

small and eventually disappears. 

 Tanh: Tanh activation "squishes" a real number into the range of -1 to 1. 

Similar to sigmoid activation, this neuron's output also saturates; however, 

instead of being centered around an axis, it is zero-centered. 

 ReLU: The Rectified Linear Unit activation function, denoted as [64]: 

                                                                                                    (2.11) 

Can be calculated to determine the value of κ. In simpler terms, ReLU 

applies a threshold set at zero for activation. It is worth noting that ReLU has 
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several advantages over sigmoid and tanh functions. Firstly, it induces 

convergence six times faster than these other activation functions. 

Additionally, ReLU provides enhanced reliability in deep learning 

models[65]. 

 Leaky ReLU: Another variation of the ReLU function is called Leaky 

ReLU. Similar to its predecessor, Leaky ReLU sets a threshold at zero but 

incorporates a slight slope for negative values instead of being flat like 

regular ReLU[66]. The coefficient determining this slope is predetermined 

and remains constant throughout training iterations. Leaky ReLU may be 

formally defined as follows in Eq. (2.12): 

                                                              {
       

        
}             (2.12) 

If x is higher than zero, as in the input, the LeakyReLU acts like a regular 

ReLU function and lets the input through unmodified; otherwise, it does its 

usual thing when x is less than zero. A slight slope, m, is added to the output 

by the LeakyReLU when x is less than or equal to zero. Unlike ReLU, 

which completely shuts off the input, m-ReLU instead lets some of the input 

in. This solves the "dying ReLU" problem, which occurs when neurons get 

stuck during training and never update their weights. 

 

3. Softmax Function 

When given a vector of K real values, the softmax function will return 

another vector of K real values where each component sums to 1. The softmax 

transforms the input values, which might be positive, negative, zero, or greater 

than one, into a range from 0 to 1 so that they can be used to represent 

probabilities[67]. If one of the inputs is small or negative, Softmax will scale the 

probability down to 0 and scale it up to 1 if the other input is large. 

Softmax is another term for multi-class logistic regression. Because of its 

similarity to the sigmoid function used in logistic regression, the softmax can be 
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applied to multi-class classification. The classifier's softmax function can be 

utilized only when the classes are completely unrelated[68]. 

In multi-layer neural networks, the intermediate layer is responsible for 

generating real-valued scores, which are not easily scaled. Because it transforms 

the scores into a probability distribution, the softmax is useful here because it 

may be shown to the user or used as input by other systems. The data from this 

distribution can be used in other applications as well. To this end, a softmax 

function is often used to finalize the neural network in Eq. (2.13) [69]. 

   ⃗   
   

∑  
  

 

   

                                                                                            (2.13) 

For i=1,……,K and z=(z1,……,zk) €R. Here, zi is a numeric value that might be 

included in the input vector. As can be seen in Figure (2.5), a legitimate 

probability distribution necessitates the use of a normalization term at the very 

end of the computation to guarantee that the sum of the function's output values 

equals 1. 

   

 

Figure 2.5: Softmax function [69]. 
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5. Loss Function 

A loss function can be used to find the best possible settings for the 

parameters of a neural network model. When applied to a set of network 

parameters, loss functions aggregate them into a single metric that quantifies the 

network's efficiency in completing the task at hand. Simply put, a loss function 

evaluates how well your prediction model performs in comparison to the desired 

result (or value). Through the introduction of a loss function, the original learning 

issue is transformed into one of optimization[70]. 

6. Adam Optimization Algorithm 

Adam can change network weights iteratively based on training data, unlike 

stochastic gradient descent. Adam combines AdaGrad with RMS Prop to solve 

sparse gradients in noisy situations [71]. Adam dynamically scales learning rates 

for each parameter to increase convergence and speed. Averaging previous 

gradients and squared values yields adaptive learning rates for each parameter[72, 

73]. Through two main equations: 

1. The momentum term (first moment estimation) calculates the exponential 

moving average of gradients [71]: 

 

                                                                                    (2.14) 

 

   Where m is the first moment estimation, which is essentially an exponentially 

weighted moving average of the gradients. It represents the average gradient 

values encountered so far during training.    is the exponential decay rate for the 

first moment. It's a hyperparameter usually set to a value close to 1 (e.g., 0.9) that 

controls how much historical gradient information is retained. A higher value 

makes the moving average smoother. g is the current gradient. It represents the 

gradient of the loss function with respect to the model parameters at the current 

iteration. 
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2. The second moment estimation weights squared gradients exponentially [71]. 

                                                                                        (2.15) 

 v is the second moment estimation, which is also an exponentially weighted 

moving average, but of the squared gradients. It represents the average of the 

squared gradient values encountered during training.    is the exponential decay 

rate for the second moment. Like   , it's a hyperparameter typically set close to 1 

(e.g., 0.999). It controls how much historical squared gradient information is 

retained.     is the element-wise square of the current gradient. 

These equations let Adam fine-tune each parameter's learning rate by estimating 

the gradient's momentum and variance over time. Last update iteration [71]: 

                                                                                            (2.16) 

   where m and v are the first and second moments, α is the learning rate, and is a 

tiny constant to avoid division by zero. The Adam optimizer combines 

momentum-based optimization with adaptive learning rates to improve deep 

learning model training by dynamically adjusting each parameter's learning rate 

depending on its past gradients[71, 74].  

7. Learning Rate 

The weights of the neural network adapt to the loss gradient based on the 

value of the hyper-parameter learning rate. The parameter controls how often the 

network reviews previously learned material. In order for the network to 

converge on a viable solution, The best pace of learning is somewhere between 

very slow and very fast (so that it can be taught in a practical length of time) [75]. 

Less time is needed to train a model with a higher learning rate since more 

substantial changes are made to the weights with each update. When training 

speeds are increased, the resulting final weight set is generally subpar. Epoch 

denotes the total number of weight updates applied to the model since the first 

time each training vector was utilized.  
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When training in batches, the learning algorithm processes all of the 

training data in a single epoch before any weights are adjusted [76]. 

8. Training Parameters 

Training in deep learning can be enhanced in terms of accuracy and training 

time by modifying a number of parameters. The following are examples of 

training variables: 

a) Batch Size 

The amount of time it takes to train a model depends on the batch size, or 

how many datasets are supplied to the network during each iteration. If the 

complete dataset is given to the network during each iteration, the training 

time may be lowered. The accuracy of the network will suffer if it is made 

too generalized with regard to the dataset [77, 78]. 

b) Epoch 

If the dataset has 1100 rows and the batch size is 100, then one epoch will 

require 11 iterations to finish feeding the full dataset into the network. 

Epochs allow for the recycling of previously used training data sets. 

2.8.1.1. CNN Architecture 

In face expression recognition, 2D CNNs with time distribution efficiently 

capture spatial and temporal information from video sequences. 2D CNNs with 

time distribution differ from image-based CNNs by include the temporal 

dimension by using a sequence of frames as input [79]. The two-dimensional 

convolutional neural network (CNN) can learn spatiotemporal patterns and 

reliably record changing face expressions by adding time distribution. 2D 

convolutions in the spatial (height, width) and temporal (frames) axes of the input 

video achieve this. 

The time distribution lets the network exploit temporal relationships in face 

expression sequences to completely understand expression dynamics. This lets 

the model track expression evolution. A 2D CNN with temporal distribution 

typically has many convolutional layers followed by pooling layers for spatial 
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down sampling. These layers develop hierarchical face expression representations 

at various abstractions. Next, fully linked layers with softmax activation 

classify[80]. 

A CNN's input layer reflects the model's input (explicitly specified 

features) and is independent of the network's size. When processing gene 

expression data, a convolutional neural networks (CNN) input layer typically 

consists of a two-dimensional (n m) matrix, where n is the sample size and m is 

the number of features [81, 82]. Figure shows a neural network's layers (2.6). 

Levels are: 

a) Convolutional layer. 

b) Max pooling layer (or Sub Sampling layer). 

c) Fully Connected Layer (Classification layer). 

d) Dropout Layer 

 

 

 

Figure 2.6: Example of a 2D-CNN Structure[82]. 

 

a) Convolutional layer 

The convolution layer is the foundation of the CNN architecture and can 

process data in high dimensions. The convolution layer is the first layer of 

a convolutional neural network and it is partially connected to the second 

layer (the pooling layer). For example, a window of input neurons (3x3) 
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will be connected to the pooling layer, and this window moves forward in 

the data from the top left corner to the bottom right corner at regular 

intervals (the "stride" value, which is typically 1).The kernel shifts right by 

one cell until it reaches the end of the columns, then shifts down by one 

cell until it reaches the end of the rows, and so on, until all the information 

has been recorded[83]. 

The receptive field is a tiny window region created from the input data. 

To extract features, a tiny section of the input data will be convolved with a 

shared weights window called kernel or filter  . Figure (2.7) depicts the 

convolution process. 

 

  

Figure 2.7: Input image after being processed with a Convolution filter [69]. 

 

 A single entry is wrapped with many different filters. In the convolutional 

layer, the activation maps are merged to produce a single output file, which 

serves as the input data for the subsequent layer. The default weights 
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accurately represent the values in the filter matrix. Each filter needs to have 

unique values for these parameters in order to endow its output matrices with 

distinctive characteristics or features [84]. 

Furthermore, a Convolutional Neural Network's (CNN's) architecture has 

several parameters that are used to regulate things like the model's behavior, 

the size of its output, and how long it takes to operate (hyperparameters). 

These hyperparameters are crucial for convolutional neural networks 

(CNN): 

1. Number of filters: It is possible to utilize a wide variety of filters, 

each of which comes in a slightly varied size. 

2. Filter size: The filter or kernel size, expressed as L2 or L2, must be 

less than or equal to the X2 size of the input data. 

3. Stride: Number of cells that must be shifted simultaneously to 

produce a filter's local receptive field. In one fluid motion, a single 

cell travel both horizontally and vertically. Overlap occurs when the 

stride is too short, and vice versa. 

4. Padding :In order to improve accuracy, the CNN architecture 

incorporates the idea of padding. In order to regulate the contraction 

of the convolutional layer's output, padding is used. 

The convolutional layer produces a feature map that is much more compact 

than the original image. The produced feature map emphasizes central pixels 

and thus downscales the prominence of information at the map's periphery. 

To stop the feature map from getting too small, blank rows and columns are 

appended to the image's borders. When determining the size of the output 

feature map, the equations (2.17) and (2.18) define the relationship between 

the feature map size, the kernel size, and the stride[85]. 

                                                                         (2.17) 

                                                                         (2.18) 
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Equation (2.17) calculates the width (Wnx) of the output feature map at layer n. 

It does this by taking the width of the input feature map at layer n−1 (Wn−1x), 

subtracting the width of the kernel (Fnx) multiplied by the stride (Snx), and then 

adding 1. In essence, this equation computes how much the kernel "slides" 

across the width of the input, taking into account the kernel size and the step 

size determined by the stride. The "+1" accounts for the starting position of 

the kernel. 

Equation (2.18) is analogous to Equation (2.17), but it calculates the height 

(Wny) of the output feature map at layer n based on the height of the input 

feature map at layer n−1 (Wn−1y), the height of the kernel (Fny), and the vertical 

stride (Sny). 

 

b) Max pooling layer or Sub Sampling layer 

      CNN achieves its outcomes via a combination of convolution and 

pooling layers. This layer's major goal is to produce reduced-dimensional 

output by reducing the input dimensions while keeping the most crucial 

information. This layer uses maximum and average pooling to accomplish 

its dimensionality reduction. When in max or average pooling mode [86], 

the pooling layer divides the input feature map into non-overlapping blocks 

and returns a single value for each block. Maximal pooling is shown in 

Figure (2.8). 
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Figure 2.8: Max and Average Pooling Patterns[87]. 

The maximum pooling layer performs the same operation on each of the 

feature maps that were previously produced from the preceding convolution 

layer. 

 

c) Fully Connected Layer (Classification layer) (FC). 

As the final layer of the network, a fully connected layer (FC), also 

commonly referred to as a dense layer, is present. A fully linked layer is one 

in which every neuron from the layer below it is coupled to every neuron in 

the layer above it. Before the resulted feature map from the previous layer 

can be fully connected with the output layer, it must first be flattened into 

the form of a feature vector. The output layer is comprised of neurons that 

are equal in number to the number of classes according to the softmax or 

sigmoid activation functions that are used in the final CNN layer to classify 

the trained data. These activation functions are optimized for multi-class and 

binary class classification, respectively [88]. Figure (2.9) presents a visual 

representation of the relationship that exists between completed feature 

maps and a layer that is fully connected. 
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Figure 2.9: Connection Between convolution layer and Fully Connected 

Layer [88] . 

d) Dropout Layer 

Overfitting the training dataset occurs when all features are connected to the 

fully connected layer. When a model does exceptionally well on training 

data, but then struggles to generalize to novel data, this phenomenon is 

known as overfitting. To address this issue, a dropout layer is used to 

remove neurons and their associated connections from the network at 

random during training[61]. The procedure of dropping out is shown in 

Figure (2.10). 

 

Figure 2.10  : Schematic comparison of (a) a regular neural network and (b) 

a neural network trained with Dropout[89] 
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Using 2D CNNs with time distribution has the benefit of allowing for more 

accurate and robust recognition of facial expressions in video sequences 

because of its capacity to capture both spatial and temporal cues. In the realm 

of face expression analysis, this method has been widely used since it 

outperforms those that focus just on the spatial information of individual 

frames. Facial expression identification relies on modelling spatiotemporal 

patterns, and 2D CNNs with time distribution provide a powerful tool for 

doing so. These models are able to comprehend the dynamic character of 

expressions and increase the precision of emotion categorization in video data 

by include the temporal dimension in the network architecture. 

2.9 Time Distributed layer 

The Time Distributed layer is a crucial component in deep learning 

architectures for handling sequential data. It is specifically designed to process 

sequential information in recurrent neural networks (RNNs) or convolutional 

neural networks (CNNs) [90]. The main purpose of the Time Distributed layer is 

to apply a specific layer or operation to each time step or frame of the input 

sequence independently. The Time Distributed layer plays a vital role in 

capturing temporal dependencies and patterns within a sequence. By applying a 

layer or operation to each time step individually, the model can effectively learn 

and understand the sequential nature of the data [91]. The algorithm for the Time 

Distributed layer can vary depending on the specific layer or operation being 

used. For instance, let's consider an example where we have an input sequence 

with the shape (batch_size, sequence_length, input_dim), and aim to apply a fully 

connected layer independently to each time step[92]. The algorithm for the Time 

Distributed layer would be as follows: 
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Algorithm (2.4): Time Distributed Algorithm 

Input: Sequence of inputs X of shape (batch_size, time_steps, input_dim) 

Output: Collection of outputs Y of shape (batch_size, time_steps, output_dim) 

BEGIN  

Step 1: Initialize an empty collection of outputs Y. 

Step 2: For each time step t in the range from 0 to time_steps-1: 

 Select the input at time step t from the sequence X[:, t, :] of shape 

(batch_size, input_dim). 

Step 3: Apply the designated layer or operation to the selected input at each time step: 

 Pass the input at time step t through the designated layer or operation. 

 Obtain the output O_t of shape (batch_size, output_dim) at time step t. 

Step 4: Collect the output at each time step and append it to the collection of outputs Y: 

 Append the output O_t to the collection Y. 

Step 5: Repeat steps 2-4 for each time step in the range from 0 to time_steps-1. 

Step 6: Return the collection of outputs Y as the final output of the TimeDistributed 

layer. 

END  

 

By utilizing this algorithm, the model can effectively capture temporal 

patterns and dependencies within the sequence. The Time Distributed layer is 

commonly employed in tasks such as sequence classification, sequence-to-

sequence prediction, and video analysis, where individual time steps or frames 

require separate processing to comprehend the sequential information effectively. 

2.10. Performance Evaluation  

The classification precision of the model was calculated at this stage. The 

performance of the classifier was evaluated by comparing the actual to the 

predicted labels for each category. Accuracy can be determined by comparing the 

percentage of correctly categorized cases (true positives) against the percentage 

of correctly classified but irrelevant examples (true negatives), correctly 
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classified but inaccurate examples (false positives), and unclassified instances 

(false negatives)[93 - 94].  

2.10.1  Confusion Matrix:  

 Classification algorithms can be evaluated scientifically using a number of 

different metrics. Accuracy, f1-score, precision, and recall are all examples. 

These metrics are derived from a confusion matrix, which is a table summarizing 

the proportion of correct and incorrect predictions made by a specific 

classification model (see Figure (2.11)). Detailed explanations of the table's 

values follow below[88]: 

 

Figure 2.11: Confusion matrix [88]. 
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2.10.2  Performance Metrices 

Metrics that measure performance are crucial for figuring out how efficient and 

trustworthy a given system, algorithm, or model is. They provide us a numerical 

basis for judging performance and making educated choices. These 

measurements shed light on how precise, effective, and high-quality a process or 

system is. Performance metrics let us to objectively evaluate and contrast several 

solutions, allowing us to pick the best one for a given job by assessing specific 

parameters such as accuracy, precision, recall, and F1 score. 

 Accuracy: As demonstrated in Eq. (2.19), accuracy can be defined as the 

fraction of predictions that turn out to be correct relative to the total 

number of forecasts[94]. 

 

        
     

           
                                                                   (2.19) 

 

 Precision : The precision of a document set is measured by how well it 

describes its topic and, by extension, how exactly the documents were 

categorized. As demonstrated in Eq. (2.20), the precision of the class ci 

denoted by the symbol (Pi) is as follows [94]: 

    
   

       
                                                                                     (2.20) 

 Recall: To what extent a classifier is able to correctly identify documents 

as belonging to a particular class is quantified by recall (as shown by Eq 

(2.21). The formula for class ci recall (Ri) is [94]: 

   
   

        
                                                                                    (2.21) 

In this case, TPi points to a true-positive value. FPi stands for false 

positives and FNi represents false negatives. 
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 F1-score: The correlation between precision and recall is denoted by F1. If 

F1 is high, the performance of the whole system improves. The following 

is a description of function F1 given Eqs. (2.22) and (2.23) [94]: 

   
                   

                
                                                                       (2.22) 

 

 
   

         
                                                                                 (2.23) 
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Chapter Three 

The Proposed System 

3.1. Introduction 

 

This chapter presents a summary of the proposed system that uses deep 

learning techniques to recognize facial expressions to establish a person's attitude and 

then tailors recommendations from the Quran to that mood. The system is comprised 

of multiple stages, including as Dataset, preprocessing, feature extraction, and 

classification are just few of the processes in the system. These phases can be used 

with still images or video clips. 

3.2 Proposed System 

The method proposed in this thesis employs a systematic approach, as 

illustrated in Figure (3.1) , to efficiently analyze image frames and videos and 

precisely classify facial expressions. The workflow is partitioned into two distinct 

models: a one-dimensional convolutional neural network (1D CNN) and a two-

dimensional convolutional neural network (2D CNN) . The first stage of the process 

focuses on pre-processing processes designed to improve the quality and 

interpretability of the supplied data. Following the feature extraction step, the use of 

the 1D CNN model is implemented, capitalizing on its ability to proficiently 

categorize emotions in video sequences. Furthermore, the utilization of a 2D 

Convolutional Neural Network (CNN) model enables the concurrent extraction of 

features and classification, hence facilitating a thorough assessment and efficient 

categorization of emotions depicted in videos. The suggested technique employs two 

models to compare the accuracy of various models in the classification of facial 

emotions and subsequently select Quranic verses from the higher model accuracy on 

the classified emotions., as described in Algorithm (3.1) and (3.2).  



Chapter Three The Proposed System 

46 

 

 

 

Figure 3.1 : Proposed System. 
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Algorithm (3.1): 1D CNN Model 

Input: Video sequence or Image frames 
Output: Predicted facial expression category 

 

BEGIN 
Step 1: Insert Dataset 

Step2:Preprocessing 

 Apply preprocessing steps to enhance the quality of the input video sequence or 

image frames (RGB to Gray Conversion). 

 Apply Histogram Equalization using algorithm (2.1). 

 Apply Viola and Jones using algorithm (2.2). 

 Apply Resizing using Eq. (2.6). 

 

Step 3:HOG Feature Extraction + 1D CNN Model 

 For each frame in the video sequence or image frames: 

o Apply the HOG algorithm to extract hand-crafted features from the frame 

using algorithm (2.3).  

o Store the extracted HOG features in a feature vector for each frame. 

 Construct the input data for the 1D CNN model using the feature vectors obtained 

from the HOG algorithm. 

 enter the input data into the 1D CNN model. 

 The 1D CNN model performs classification based on the learned features, 

predicting the facial expression category for each frame. 

 

Step 4:  1D CNN model : Once the model has classified an emotion, it chooses appropriate        

verses from the Quran that relate to that feeling. 

  

End of Algorithm. 
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The system utilizes MP3 audio recordings to propose Quranic verses that 

correspond to the identified emotions. The utilization of both the 1D CNN and 2D 

CNN models in the proposed approach facilitates precise identification of facial 

expressions. Additionally, the incorporation of Quranic verses based on the user's 

emotions enhances the system, offering a distinctive and spiritually advantageous 

encounter for users.   

Algorithm (3.2): 2D CNN Model 

Input: Video sequence or Image frames 
Output: Predicted facial expression category 

 

BEGIN 
Step 1: Insert Dataset 

Step2:Preprocessing 

 Apply preprocessing steps to enhance the quality of the input video sequence or 

image frames (RGB to Gray Conversion). 

 Apply Histogram Equalization using algorithm (2.1). 

 Apply Viola and Jones using algorithm (2.2). 

 Apply Resizing using Eq. (2.6). 

 

Step 3: 2D CNN Model 

 For each frame in the video sequence or image frames: 

 Apply preprocessing steps to the 2D CNN model (e.g., resizing to the 

desired input size for the 2D CNN). 

 Construct the input data for the 2D CNN model using the preprocessed frames. 

 Use the time-distributed layer to feed the input data into the 2D CNN model as 

a sequence of frames. 

 The 2D CNN model applies a series of convolutional layers to extract spatial 

patterns and hierarchical representations from the raw image data. 

 The 2D CNN model performs classification based on the learned features, 

predicting the facial expression category for each frame. 

 

   

Step 4:The 2D CNN model's suggests Quranic verses to the identified emotions after 

producing results in emotion classification. 

    

End of Algorithm. 
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3.2.1 Dataset Characterization 

The Crema-D dataset, which is a Crowd-sourced Emotional Multi-modal Actors 

Dataset, comprises a total of 7442 clips. These clips were produced by theater 

directors and feature 91 actors, consisting of 48 males and 43 females. The actors' 

ages range from 20 to 74, and they represent diverse ethnicities.  

 

3.2.2 Video Processing and Capturing 

        Every video or animation is composed of a series of static images. Subsequently, 

these images are sequentially displayed multiple times per second, thereby deceiving 

the visual perception into perceiving the object as being in motion. The video stream 

achieved a frame rate of approximately 30 frames per second, with each discrete 

image referred to as a frame.  One of the essential prerequisites of this methodology 

entails the provision of a suitable environment for accessing the videos.  

3.2.3 Preprocessing Step  

Preprocessing image frames is crucial for analysis. This phase includes 

essential efforts to improve visual information quality and processing 

appropriateness. To enhance the incoming video sequence or picture frames, 

preparation begins by converting RGB photos to grayscale simplifies analysis by 

removing color information while keeping facial expression intensity fluctuations. 

Next, histogram equalization, improves pixel contrast and distribution, improving 

visual cues that aid emotion identification. 

A standard scaler normalizes pixel values throughout the dataset. This stage 

provides a consistent data distribution and allows following models to learn from the 

input data without scale biases. Face identification and alignment are improved by 

using the Viola and Jones method . This method efficiently recognizes face areas in 

photos, leading to feature extraction and emotion categorization. To standardize 

picture dimensions, requires image resizing. This approach simplifies picture 
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comparison and feature extraction and preserves face expressions as image size 

changes. 

3.2.3.1 RGB to Grayscale Conversion 

The conversion from RGB to grayscale is a key stage in the image preparation 

process. This entails turning the color photos into the grayscale images, which 

simplifies the subsequent processing processes while maintaining the relevant facial 

expression information. The red, green, and blue color channels of the original image 

are taken into consideration throughout the conversion process, and weights are 

allotted to each channel so that a single intensity value may be obtained for each 

pixel. The color information in the image is lost during this conversion, but the 

overall structure and brightness of the picture is maintained. Grayscale photographs 

are frequently utilized in facial expression analysis because they decrease the 

complexity of the data and concentrate attention on the intensity fluctuations that 

occur in various facial regions. 

3.2.3.2  Histogram Equalization 

         The histogram is then equalized to improve the contrast and details in the 

localized facial regions that were produced in the prior stage. The visibility of 

significant features can be improved with this strategy, letting such features stand out 

more clearly for later examination. 

The contrast of an image can be improved by using a technique called 

histogram equalization, which involves redistributing the pixel intensities in the 

image across a larger range. This is accomplished by modifying the histogram of the 

image in order to obtain a more even distribution of intensities throughout the picture. 

The technique works to maximize the visibility of facial expression cues including 

wrinkles, contours, and other small variations in the facial areas. This is accomplished 

by equalizing the histogram. This step of preprocessing increases the quality of the 
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image frames as well as their capacity for discrimination in preparation for 

subsequent feature extraction and mood categorization. 

The histogram equalization technique is employed when digital facial images 

exhibit low contrast values, such as inadequate allocation of image lighting or poor 

illumination. After converting the inputted colored images to grayscale, the resulting 

gray image's contrast is enhanced using the cumulative histogram equalization 

technique. This technique is chosen due to its effective performance in histogram 

equalization. The implementation of this stage of image preprocessing follows the 

steps outlined in section (2.5.1). 

3.2.3.3  Viola-Jones Face Detection: 

Within the grayscale images, facial regions are detected and localized with the 

help of the Viola-Jones method, which is utilized by the suggested system. This stage 

is essential for the feature extraction and categorization that will take place later. The 

efficient detection of faces in images is accomplished by the Viola-Jones algorithm, 

which makes use of Haar-like features and a learning framework based on AdaBoost. 

Developing a powerful face classifier requires training a hierarchy of somewhat 

ineffective classifiers using a substantial amount of both positive and negative 

examples. When the grayscale image frames are processed, the trained cascade is 

applied to them in order to accurately detect the presence of faces. Calculating the 

integral image requires only one pass through the original image. To compute this 

integral image serves as important means of effective feature computation. Four 

different metrics are used to refer to this region which includes Region D. These 

references correspond to specific points on the integral image: points 1, 2, and 3. 

Amplitude differences, i.e., integration of the image points for a period of time, 

enable accurate determination of pixels of interests. This involves significant regions 

including (A+B), (A+C) and A. Taken together, these actions help to determine the 

count of all pixels of region D. However, for some tasks such as face detection one 



Chapter Three The Proposed System 

52 

 

 

must have very quick and precise calculations, therefore, this method becomes 

especially helpful. 

Haar-like characteristics are calculated from the Haar wavelet transform, which 

breaks down an image into wavelet patterns. The designs are rectangular with dark 

and bright sections. Calculating the difference between dark and bright pixel 

intensities creates Haar-like characteristics. The system can recognize face traits by 

applying these attributes to picture areas. 

The method slides rectangular filters across the picture and studies intensity 

differences to build Haar-like features. Two-rectangle, three-rectangle, and four-

rectangle patterns provide versatile picture data processing. Each feature is a visual 

pattern, and their existence or absence in an image can reveal its content. The Haar-

like properties offer a complete set of templates for rectangular filter setups. These 

templates help the program scan the picture at various sizes and places. The system 

can recognize face characteristics in the picture by calculating their responses at 

different locations and sizes. A strong technique, Haar-like features collecting, scans 

the image quickly in the Viola-Jones face identification procedure to discover 

prospective face locations.  

3.2.3.4 Image Resizing: 

Resizing the images is a crucial step in the preparation phase for image frames 

in the system that has been developed. The facial photographs are then scaled to a set 

dimension following the face detection and histogram equalization processes. The 

photos should be resized to a constant size before continuing, as this will assure 

uniformity and simplify the remaining processing procedures. The fixed dimension 

makes it possible to compare and extract features from multiple photos with greater 

ease. In addition, reducing the size of the photos by shrinking them to a smaller size 

lowers the amount of computational complexity and memory needs, which makes the 

future phases of feature extraction and mood categorization more effective. 
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The proposed system prepares the image frames for further analysis by resizing 

them to a standardized dimension before doing so. This ensures consistency and 

makes it easier to extract meaningful features that can detect facial expressions and 

moods by capturing the essential information related to those areas of the face. 

3.2.4 Features Extraction and Classification Step 

The proposed model comprises two discrete models, namely the HOG (Hand-

crafted Features) + 1D CNN model and the 2D CNN model. Each model assumes 

responsibility for distinct stages within the comprehensive workflow, encompassing 

feature extraction and classification. 

The initial step in the first model involves feature extraction utilizing the HOG 

(Hand-crafted Features) algorithm, followed by the application of a 1D CNN. The 

algorithm employed in this thesis effectively captures and represents the local 

gradient patterns present in the input image. These patterns are subsequently 

converted into a feature vector for further analysis and processing. The features 

obtained from the Histogram of Oriented Gradients (HOG) algorithm are 

subsequently inputted into a one-dimensional Convolutional Neural Network (CNN) 

model. The architectural design of the 1D Convolutional Neural Network (CNN) is 

carefully constructed to effectively analyze and interpret the facial expressions in 

video sequences. This particular architecture enables the model to accurately perceive 

and understand the dynamic changes in facial expressions that occur over a period of 

time. The system utilizes the retrieved characteristics as input and proceeds with the 

classification job, intelligently assigning the input sequences to their corresponding 

facial expression categories. 

In the second model, the 2D Convolutional Neural Network (CNN), the 

process of feature extraction and classification is integrated. The proposed model 

utilizes input images and applies a sequence of frames by using TimeDistributed to 

convolutional layers to extract spatial patterns and hierarchical representations of 

facial expressions. The 2D convolutional neural network (CNN) model effectively 
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leverages its inherent capacity to acquire discriminative features from unprocessed 

image data in order to extract pertinent information. Subsequently, the system 

proceeds to conduct classification utilizing the acquired features, effectively 

assigning appropriate categories to the facial expressions depicted in the input 

images. 

The proposed method effectively tackles the feature extraction and 

classification stages of facial expression recognition through the utilization of these 

two models. After feature extraction using HOG then send features to 1D CNN model 

utilizes manually designed features and temporal analysis, whereas the 2D CNN 

model directly extracts features from processed image data. The utilization of a two 

model approach allows the system to proficiently encompass temporal and spatial 

attributes, resulting in precise and resilient classification of facial expressions. 

3.2.4.1 Histogram of Oriented Gradients (HOG) Features Extraction Step 

The Histogram of Oriented Gradients (HOG) technique is used in the system that 

has been proposed in order to extract features from the video frames. The HOG 

technique records the distribution of gradients within the localized facial areas, which 

are key cues for understanding facial expressions. These gradients serve as essential 

cues since they vary from region to region on the face.  In order for the HOG method 

to function, the facial region is first segmented into smaller cells, and then the 

gradient magnitude and orientation within each cell is calculated. The gradient 

orientations are then arranged in a histogram, with the histogram bins being 

determined by the magnitude of the gradients as shown in Figure (3.2). The HOG 

method is able to capture local patterns of edge directions and gradients that are 

characteristic of various face expressions as a result of this . 
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Figure 3.2: Histogram of Oriented Gradients Algorithm's. 

The information on the shape and texture of the facial areas in the video frames 

is efficiently captured by the suggested method, which does this by extracting HOG 

features from the frames. Different facial expressions reveal varied patterns and 

arrangements of edges and gradients, and these traits serve a significant part in 

differentiating between the many expressions that can be found on the human face. In 

order to facilitate future categorization and mood detection, the HOG features offer a 

condensed and informative representation of the localized face regions. 

3.2.4.2  Convolutional Neural Network (1D CNN) Classification Stage 

The suggested system for facial expression recognition and mood detection 

relies heavily on the 1D Convolutional Neural Network (1D CNN). In-depth 

discussion of the 1D CNN model's layers and the forms their outputs take is provided 

here. In the first layer, denoted 'conv1d 1,' a 1D convolution is carried out, with the 

following output shape: (None, 574, 16). To the input data, it applies 16 filters, each 

with a size of 3x3. With a pool size of 2x2, the next layer, "max pooling1d 1," 
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completes max pooling to get an output shape of (None, 574, 16). By picking the 

highest value in each pooling region, max pooling minimizes the input's 

dimensionality in space. 

In the 'conv1d 2' layer, another one-dimensional convolution is applied, this 

time using 32 filters with a size of 3x3. This operation results in an output shape of 

(None, 572, 32). The same output shape is maintained in the subsequent 'max 

pooling1d 2' layer by applying max pooling. This pattern of convolution followed by 

max pooling is repeated in the subsequent layers ('conv1d 3', 'max pooling1d 3', 'max 

pooling1d 4', 'conv1d 4', 'max pooling1d 5', 'conv1d 5', 'max pooling1d 6', 'conv1d 6', 

'max pooling1d 7', 'conv1d 7', 'conv1d 8', 'max pooling1d 8'). These layers 

progressively reduce the spatial dimensions of the data while increasing the number 

of filters. This process helps capture and extract higher-level features from the input 

data, allowing the network to learn and represent complex patterns in the data. 

The 'dense 1' layer is a completely linked 128-neuron layer that preserves the 

input-to-output mapping. Subsequent "dense 2," "dense 3," and "dense 4" layers are 

all fully linked and feature 64, 64, and 16 neurons, respectively. Another 1D 

convolution operation is carried out by the 'conv1d 9' layer, this time using 55 filters 

to provide an output shape of (None, 560, 55). This layer is responsible for capturing 

finer patterns and adding additional nuance to the feature representation. 

The input is transformed into a one-dimensional vector of shape (None, 30800) 

via the 'flatten 1' layer. Six neurons, one for each of the six mood categories, are 

represented in the final layer ('dense 5'), which acts as the output layer. This layer's 

output is shaped like (None, 6). 

The 1D CNN model has a total of 247,037parameters, all of which can be 

modified by training. During the training phase, these settings are fine-tuned to 

increase the model's precision when classifying facial expressions. In order to learn 

complicated patterns and collect discriminative characteristics from the preprocessed 
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facial images, the 1D CNN classification phase makes use of the capabilities of 

convolutional operations, max pooling, and fully connected layers. The model's 

ability to extract hierarchical representations and make predictions based on the 

observed mood is made possible by the sequential arrangement of layers. 

Table 3.1: Representation of the layers in the 1D Convolutional Neural Network (1D 

CNN) model. 

Layer (type)               Output Shape      Param #  

 conv1d_1 (Conv1D)          (None, 574, 16)   64       

 max_pooling1d_1            (None, 574, 16)   0        

 conv1d_2 (Conv1D)          (None, 572, 32)   1568     

 max_pooling1d_2            (None, 572, 32)   0        

 conv1d_3 (Conv1D)          (None, 570, 64)   6208     

 max_pooling1d_3            (None, 570, 64)   0        

 conv1d_4 (Conv1D)          (None, 568, 32)   6176     

 max_pooling1d_4            (None, 568, 32)   0        

 conv1d_5 (Conv1D)          (None, 566, 64)   6208     

 max_pooling1d_5            (None, 566, 64)   0        

 conv1d_6 (Conv1D)          (None, 564, 64)   12352    

 max_pooling1d_6            (None, 564, 64)   0        

 conv1d_7 (Conv1D)          (None, 562, 32)   6176     

 conv1d_8 (Conv1D)          (None, 560, 32)   3104     

 max_pooling1d_7            (None, 560, 32)   0        

 dense_1 (Dense)            (None, 560, 128)  4224     

 dense_2 (Dense)            (None, 560, 64)   8256     

 dense_3 (Dense)            (None, 560, 64)   4160     

 dense_4 (Dense)            (None, 560, 16)   1040     
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 conv1d_9 (Conv1D)          (None, 560, 55)   2695     

 flatten_1 (Flatten)        (None, 30800)     0        

 dense_5 (Dense)            (None, 6)         184806   

 

The table provides a clear overview of each layer's type, output shape, and the 

number of trainable parameters (param #). It helps visualize the architecture and the 

flow of data through the network.  

 

Figure 3.3: 1D CNN classification model layers. 

 

3.2.4.3 Convolutional Neural Network (2D CNN)  

The first phase in the process of emotion classification entails employing a 

two-dimensional convolutional neural network (CNN) to simultaneously carry out 

feature extraction and classification. The 2D convolutional neural network (CNN) is 

of special significance because to its capacity to capture the feature emotions in 

consecutive frames. Through the integration of spatial and temporal information, the 
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utilization of a two-dimensional convolutional neural network (2D CNN) facilitates 

the classification of facial expressions, thus enabling the precise identification of 

emotions. The model's dual functionality enables it to extract prominent 

characteristics and smoothly transition into the classification phase. This 

methodology effectively leverages the inherent benefits of deep learning models, 

enabling the assessment of the complex patterns that are unique to face emotions. As 

a result, this approach effectively captures the subtle changes in emotions displayed 

through facial expressions, thereby providing a strong foundation for reliable and 

precise emotion classification. 

Table 3.2: Representation of the layers in the 2D Convolutional Neural Network (2D 

CNN) model. 

Layer (type) Output Shape Param # 

time_distributed_11 (None, 6, 25, 25, 64) 640 

time_distributed_12 (None, 6, 13, 13, 64) 36928 

time_distributed_13 (None, 6, 6, 6, 64) 0 

time_distributed_14 (None, 6, 3, 3, 128) 73856 

time_distributed_15 (None, 6, 2, 2, 128) 147584 

time_distributed_16 (None, 6, 1, 1, 128) 0 

flatten_1 (Flatten) (None, 768) 0 

dense_3 (Dense) (None, 1024) 787456 

dense_4 (Dense) (None, 512) 524800 

dropout_1 (Dropout) (None, 512) 0 

dense_5 (Dense) (None, 6) 3078 

 

The provided layers constitute a deep learning model architecture with a 

TimeDistributed layer applied to handle sequential data. The input to the model is a 

tensor with a shape of (None, 6, 25, 25, 64). This tensor represents a sequence of six 

frames, each of size 25x25 pixels and with 64 channels. The TimeDistributed layers 

play a crucial role in processing the sequential data.  
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Then comes the next layer which successively reduces the size of the data, 

transforming it into new shapes gradually. The first is (None, 6, 13, 13, 64), the 

second is (None, 6, 6, 6, 64), the third is (None, 6, 3, 3, 128), This helps represent the 

changes happening at different stages in the sequence of frame without consuming a 

significant amount of computational power. The output from the final 

TimeDistributed layer is then flattened to a 1D tensor of shape (None, 768). This 

flattened representation is then passed through two fully connected layers, with 

dimensions (None, 1024) and (None, 512) respectively. The Dropout layer is applied 

after the second dense layer to mitigate overfitting.  

Overall, this architecture leverages the TimeDistributed layers to effectively 

process and extract temporal features from the sequential data, followed by dense 

layers for classification. The model learns to capture the temporal dynamics and 

patterns within the input sequence, enabling accurate emotion recognition. 

 

Figure 3.4: 2D CNN model . 
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3.2.5 Quranic Verses Based on  Emotions  

In addition to the facial detection and emotion recognition functionalities of the 

proposed system, also present a distinctive attribute wherein Quranic verses are 

recommended based on the identified emotions. Through the process of associating 

distinct Quranic verses with various emotions, individuals have the opportunity to 

access pertinent verses that can potentially provide comfort, motivation, or 

introspection. 

The audio files are stored in the MP3 format to facilitate convenient retrieval 

and playback. When the system identifies a particular emotion based on the user's 

facial expression, it proceeds to query the database containing Quranic verses that are 

linked to that specific emotion. The proposed model subsequently chooses the 

Quranic verse that is most pertinent, taking into account the identified emotion. The 

chosen verse is delivered to the user via an auditory playback, enabling them to 

engage in active listening and contemplate the verse's inherent meaning and 

significance. The primary objective of this feature is to offer emotional and spiritual 

assistance to individuals experiencing various emotional conditions.  

Quranic verses are integrated into the system to use technology to deliver 

emotional recognition, face identification, and spiritual direction. Adding Quranic 

verses to the proposed system makes emotional counseling unique. The website 

allows people to practice their religion, take consolation in the Quran, and heal 

emotionally by reciting sacred verses. 
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Chapter Four 

Experimental Results and Discussion 

4.1 Introduction 

The steps and processes involved in the proposed emotion recognition system 

were explored in detail in the preceding chapter. The results and performance of the 

proposed system are discussed in this chapter. The system is split into two steps, the 

first of which uses HOG to extract characteristics from videos before classifying them 

with deep learning algorithms, and the second of which uses the convolutional neural 

network CNN algorithm to enter the videos directly to it for classification. These are 

the main points that are elaborated upon throughout this chapter. 

4.2. Hardware and Software Requirements 

To successfully carry out the process of designing, implementation, training, and 

testing the system, particular software and hardware requirements must be met. Some 

essential requirements include installing the right software programs and sufficient 

processing power and memory to handle the system's demands. 

4.2.1. Hardware Requirements: 

The proposed emotion recognition classification system employs a personal 

computer hp with parameters such as Intel(R) Core(TM) i5-7300U CPU @ 2.60GHz 

(4 CPUs), ~2.7GHz for CPU, RAM 8GB,Windows 10, and 64-bit Operating System. 

4.2.2. Software Requirements 

The suggested system was developed using IDLE and Python version 3.9. The 

system uses open-source libraries (TensorFlow, Keras, open-cv, numpy, and pandas). 
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4.3. Description of CREMA-D dataset 

The CREMA-D dataset [95], short for "Crowd-Sourced Emotional Multimodal 

Actors Dataset," is a widely used database of facial expressions, vocalizations, and 

emotional information. They created it to provide a comprehensive collection of 

multimodal data for research in affective computing, emotion recognition, and related 

fields. 

The participants of the study were instructed to verbalize a set of 12 predetermined 

phrases while exhibiting one of six distinct emotional states, namely Disgust, Fear, 

Sadness, Anger, Neutrality, and Happiness as shown in Figure (4.1). Additionally, the 

actors were required to deliver the phrases in three varying intonations. (Low, 

Medium, High). The auditory, visual, and audiovisual recordings were evaluated by a 

group of 2,443 raters through crowdsourcing, with the assessment being based on the 

intensity of the emotion and sensation.  

   

   

Figure 4.1 : Original Dataset. 

The dataset contains videos and audio recordings of actors performing various 

emotional expressions. It features 91 actors (48 male and 43 female) from various 

ethnic backgrounds, providing a diverse representation of emotions across different 
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genders and cultures. The database contains videos of various sizes, where the 

smallest video size is (90 KB) with a frame count of (17 frames), and the largest video 

size in the database is (674 KB) and the total number of frames within the video is 

(169 frames). Table (4.1) provides an overview of the dataset utilized and can consult 

for further information. 

Table 4.1: Brief description of the CREMA-D dataset 

Characteristic Values 

Number of videos 7442 

Number of actors 91 

Age for actors From 20 to 74 

Number of sentences 12 

Number of classes 6 

Sentence levels Three levels (low, middle, high) 

 

The CREMA-D dataset provides a rich set of annotations for each video and 

audio sample, including categorical labels for the expressed emotion, dimensional 

ratings (e.g., valence and arousal), and transcriptions of the spoken sentences. Figure 

(4-1) shows the number of videos for each type of class and the number of classes in 

the database. 
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Figure 4.2: Number of videos for each class.  

4.4. The Proposed System  

This section of the thesis discusses an emotion recognition system based on 

images of human faces. Each stage of the system, including the preprocessing step, 

data split into (70% train and 30% test), face detection from the image, feature 

extraction, and classification using a conventional deep neural network, will be 

described in detail, along with a set of procedures that will be explained and put into 

practice. A sample of the first frame that was taken from random videos to illustrate 

the preprocessing before entering it into the proposed system is shown in Figure (4.3). 
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Figure 4.3: First frame from random video. 

4.4.1. Data Preprocessing  

The preprocessing data schedule for the two models included the following steps: 

(Extract frames, Frames to gray, Histogram Equalization, ),  Face detection based on 

(haar cascade), and resize), shown in Figure (4.4). 

 

Figure 4.4: The preprocessing data scheduled. 
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 The proposed recognition method begins with the first step, which involves 

preprocessing video frames. Preprocessing is crucial, and frames will go through 

numerous phases, each producing a different frame and having a different influence on 

the frame. Each of these steps will also have a different effect on the frame. The step 

of preprocessing, which consists of a set of steps to provide us with correct and ideal 

facial images to work within the stage of categorization, is broken down into the 

following four steps: 

4.4.1.1. Extract Frames  

In the preprocessing stage of video analysis or editing, extracting frames refers 

to capturing individual frames from a video file. As shown in Figure (4-2), Each frame 

represents a single image in the video sequence and can be treated as a standalone 

image for further processing or analysis. In order to access and process a video file by 

using the OpenCV library. Subsequently, the frames can be sequentially accessed. The 

present methodology accepts Frames as input and produces a boolean value that 

signifies whether the frame was successfully read or not, along with an accompanying 

visual representation. The individual frames of the movies may be readily extracted 

and manipulated according to your preferences, allowing for flexible usage. 

Once extracted, a frame can perform various preprocessing operations on it if 

necessary. These operations might include resizing, filtering, or any other image 

processing technique requirements. Save the extracted frames to store them in memory 

for further analysis. 

4.4.1.2. Convert Frames to Gray Level. 

The image is initially changed from a color image to a grayscale image in the 

first stage of the preprocessing procedure. The process of transformation will result in 

the image requiring less space for storage and fewer channels in its representation. 

This is an essential aspect of the classification procedure because it allows the 
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classifier to complete recognition tasks with the proposed emotion recognition system 

more quickly and accurately while requiring less time overall. Samples of face 

photographs that have been transformed to the grayscale color space are displayed in 

Figure (4.5). 

 

Figure 4.5: (a) represents RGB frames, and (b) represents the converted frame to a 

grayscale level.  

In Figure (4.5), represent  RGB frames by the OpenCV library in Python. It 

converts an image from the BGR color space to grayscale. In the RGB color space, an 

image is represented by three color channels: Blue (B), Green (G), and Red (R). Each 

channel contains intensity values ranging from 0 to 255, indicating that the colors 

contribute to the image's overall appearance. Grayscale images, on the other hand, 

have only one channel representing the intensity or brightness of each pixel. The 

intensity values typically range from 0 to 255, with 0 being black and 255 being white.  

4.4.1.3. Apply Histogram Equalization 

This step converts the face photographs to grayscale before applying the 

histogram equalization technique. This helps increase the contrast of the photos, 
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making the image details more transparent, which is helpful during the detection 

phase.  

Histogram equalization is a method that redistributes the pixel intensities of an 

image to make full use of the available intensity range. It aims to improve the overall 

contrast and enhance the details in the image by stretching the intensity values across 

the entire range. Following histogram equalization, an example of the resulting face 

photographs is presented in Figure (4.6). 

 

 Figure 4.6: (a) Before applying Histogram Equalization (b) After applying 

Histogram Equalization. 

Figure (4.6) shows that to enhance the contrast of a grayscale image using 

histogram equalization. The equalizeHist function takes a grayscale image as its input 

and applies histogram equalization to enhance the contrast. It automatically calculates 

the image's histogram and adjusts the pixel intensities accordingly. The result is an 

image with improved contrast and enhanced details. Histogram equalization is 

particularly useful when dealing with images with low contrast or limited dynamic 

range. 

4.4.1.4. Face detection based on haar cascade (viola&jones) 

After utilizing Adaboost machine learning to identify the relevant details in the 

face photos and remove all undesirable details from the photographs, this stage's goal 
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is to achieve the viola&jones detection technique. This is accomplished by removing 

all unnecessary details from the images. The examples of the results of the detection 

technique are shown in Figure (4.7). 

 

Figure 4.7: (a) Faces before applying (b) Face detection based on haar cascade(Viola 

Jones) 

After defining the face, we cut the face area only by calculating the values (x, y, 

w, h). Figure (4.8) shows the stage of cutting the face only because it is a crucial part 

of classifying human feelings. 

 

Figure 4.8: faces cropping after using haar cascade(Viola Jones). 
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4.4.1.5. Resize Images 

After conducting face detection, the following stage is to accomplish the 

resizing process, during which the digital facial grey picture will attain a new 

dimensional value, during which it will become smaller. This will take place after the 

previous phase has been completed. All photographs were reshaped using a ratio of 

(50 * 50) for the distances. After the scaling procedure, the facial picture is shown in 

Figure (4.9). 

 

 Figure 4.9 : Applying resizes on frames. 

 

4.4.2. Feature extraction  

After processing, the work is divided into two parts, considered unified for both 

proposed models. The frames are entered directly into the CNN algorithm in the first 

part. As for the part in which one-dimensional deep learning is used, use another 

processing method to extract the characteristics before entering them into the model. 

The HOG algorithm was applied to the resized frame (20 * 20 ) to extract the 

features for subsequent analysis and modeling. The following Figure (4.10) shows the 

characteristics extracted from the images after processing. 
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Figure 4.10: HOG feature extraction   

After extracting the 576 characteristics utilizing HOG and storing them in a CSV 

file, the next step was to input them into the machine and Deep learning reduction 

(CNN 1D). 

4.4.3. CNN 1D 

This thesis applies deep learning, often known as CNN, which is one of the most 

popular and widely used deep learning classification techniques. Deep learning 

algorithms are believed to be flawless in classification, producing highly accurate 

results. This is especially true when working with large data sets; each workbook 

created using deep learning techniques consists of several layers. 

The CNN 1D layers used for facial emotion detection proposed in this thesis can 

be found in Table (4.2), which provides comprehensive information on each layer that 

constitutes the CNN classification algorithm. 

Table 4.2: CNN Layers Specific Details 

Type Filter Parameter 

Convolution 1D 16 64 

Max pooling 1D 16 0 

Convolution 1D 32 1568 
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Max pooling 1D 32 0 

Convolution 1D 64 6208 

Max pooling 1D 64 0 

Convolution 1D 32 6176 

Max pooling 1D 32 0 

Convolution 1D 64 6208 

Max pooling 1D 64 0 

Convolution 1D 64 12352 

Max pooling 1D 64 0 

Convolution 1D 32 6176 

Convolution 1D 32 3104 

Max pooling 1D 32 0 

Dense 128 4224 

Dense 64 8256 

Dense 64 4160 

Dense 16 1040 

Convolution 1D 55 2659 

Flatten 1D 30800 0 

Dense 6 184806 

Total parameter 247,037 

Table (4.2) describes information about each layer of the CNN1D  that was 

implemented and shows the total number of transactions, which amounted to 248,687. 

In addition, the results show that the use of CNN1D with the HOG algorithm 

improved accuracy over what was extracted in the first model; The assessment and 

deployment results for the second model, CNN1D-HOG, for facial expression 

recognition are displayed in Tables 4.3 and 4.4. The performance of the model is 
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measured through assessment measures including precision, recall, f1-score, and 

accuracy. 

The assessment scores for each group are shown in Tables 4.3. Precision, recall, 

and f1-score values range from 0.99 to 1.00 across the board for each emotion 

category, including ANG (Anger), DIS (Disgust), FEA (Fear), HAP (Happiness), SAD 

(Sadness), and NEU (Neutral). These results show that the CNN1D-HOG model 

performs very well in classifying facial expressions into their respective emotion 

categories. 

 

Table 4.3: Deep CNN1D-HOG evaluation in every class 

Classes Pression Recall f1-score 

ANG 0.99 0.99 0.99 

DIS 0.99 0.99 0.99 

FEA 0.99 0.99 0.99 

HAP 0.99 0.99 0.99 

SAD 1.00 0.99 0.99 

NEU 0.99 0.99 0.99 

Table 4.4: CNN-HOG implementation. 

Accuracy Pression Recall f1-score 

0.99 0.99 0.99 0.99 

The implementation results can now be analyzed.in Figure 4.11. All metrics, 

including accuracy, precision, recall, and f1, are at a perfect 0.99. That the CNN1D-

HOG model is so successful across the board in terms of assessment criteria is clear 

evidence of its high degree of overall accuracy. With an accuracy of 0.99, the model 

has a high degree of confidence in its ability to properly categorize facial emotions. 
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Tables (4.3) and (4.4) show that the suggested CNN1D-HOG model for facial 

expression recognition is effective and reliable. High precision, recall, f1-score, and 

accuracy scores demonstrate the model's outstanding ability in correctly categorizing 

emotional states. These findings demonstrate that the CNN1D-HOG model can 

accurately capture and categorize the nuances between facial expressions that convey 

various emotions. The enhanced capacity to extract important features and predict 

outcomes more accurately than the prior model shows that HOG features added to the 

CNN1D architecture are responsible for the improvement. 

 

Figure 4.11: Accuracy and val- accuracy for CNN1D Classification. 

Figure (4.11) shows the accuracy and validation accuracy (val-accuracy) trends 

for 1D CNN1D classification. The model's accuracy in categorizing emotions on the 

training dataset is called accuracy, while its validation dataset accuracy is called val-

accuracy. The graph shows how model accuracy changes after training. Initial 

accuracy and val-accuracy values rise, indicating that the model is learning from the 

training data. As training progresses, accuracy stabilizes, suggesting that the model 

makes reliable predictions on the training dataset. Val-accuracy follows a similar 

trend, but can vary significantly owing to validation data. 
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It's important that accuracy and val-accuracy converge and stay nearby. A large 

gap between these two curves may suggest overfitting, where the model performs well 

on training data but struggles to generalize to new data. Figure (4.10) shows how the 

CNN1D model's accuracy develops throughout training, which is crucial to 

understanding its training dynamics and performance. 

4.4.4. CNN 2D  

To classify the video based on counting the frames within the video and extract 

the most accurate characteristics, one of the complex challenges we face is inserting a 

series of video frames into the CNN network. This is because we rely on the time 

sequence of frames to provide clear landmarks and impressions for each video.  

In this case, a time-distributed layer that allows the CNN model was used to 

process a series of images, share weights over time steps, reduce parameters, and 

improve computational efficiency, allowing the model to learn and capture temporal 

patterns in the input sequence. 

Table (4.5), which includes thorough information on each layer that creates the 

CNN classification algorithm, contains the CNN 2D layers that were used for facial 

emotion recognition in this thesis. 

Table 4.5: CNN 2D Layers Specific Details 

Type Filter Parameter 

TimeDistributed(Conv2D) 64 640 

TimeDistributed(Conv2D) 64 36928 

MaxPooling2D 64 0 

TimeDistributed(Conv2D) 128 73856 

TimeDistributed(Conv2D) 128 147584 

MaxPooling2D 128 0 

Flatten 2D 768 0 
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Dense 1024 787456 

Dense 512 524800 

Dropout 512 0 

Dense 6 3078 

Total parameters 1,574,342 

Trainable parameters 1,574,342 

Non-trainable 0 

 

The TimeDistributed layer in the given Table (4.5) is used to apply the same layer 

to each time step independently. 

In the context of the Table above provided, the input shape of the model is (6, 50, 

50, 1), which means we have a sequence of 6 grayscale images, each with dimensions 

50x50. The TimeDistributed layer allows the processing of each image in the sequence 

individually while sharing the same weights and biases across all time steps. 

Table (4.6) and Figure 4-11 show the outcomes of testing the proposed CNN 2D 

system on different types of emotions. Each class's performance in correctly 

identifying instances of that feeling is displayed in the table with metrics like 

Precision, Recall, and F1-score. Upon closer inspection, we find that results vary 

significantly between categories. For example, for classes like ANG, DIS, and HAP, 

the system demonstrates high Precision, Recall, and F1-score, indicating strong 

accuracy in identifying instances of these emotions. Comparatively lower Precision, 

Recall, and F1-score values are displayed by classes like FEA and SAD. The NEU 

group is in the middle, with acceptable efficiency indicators. 
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Table 4.6: CNN 2D evaluation for every class. 

Classes Pression Recall f1-score 

ANG 0.87 0.74 0.80 

DIS 0.91 0.82 0.86 

FEA 0.76 0.82 0.79 

HAP 0.91 0.92 0.92 

SAD 0.68 0.81 0.74 

NEU 0.85 0.79 0.82 

 

Next, the overall accuracy of the proposed method in recognizing all six 

emotions is demonstrated in Table (4.7) and Figure (4.12). Metrics like Accuracy, 

Precision, Recall, and F1-score are included in the table to provide a holistic 

assessment of the system's efficacy. 

A reasonable degree of classification accuracy was attained by the proposed 

method across all classes, as indicated by the accuracy score of 0.82. This indicates 

that the algorithm did a decent job of recognizing and differentiating between the six 

emotions. 

Table 4.7: CNN 2D implementation. 

Accuracy Pression Recall f1-score 

0.82 0.83 0.82 0.82 
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Figure 4.12: Proposed model. 

The findings show that the suggested CNN 2D system is effective at recognizing 

facial expressions. In addition to adequate accuracy across all classes, the system 

demonstrates high performance for particular emotional states. The system's 

effectiveness in categorizing emotions with lower accuracy and recall values should be 

improved with more research and assessment to determine what variables contribute to 

the variances in performance among emotions. 

 

Figure 4.13: Accuracy and val- accuracy for CNN2D Classification. 
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Figure (4.13) shows 2D Convolutional Neural Network classification accuracy and 

validation accuracy (val-accuracy) trends. This graph shows model accuracy during 

training and validation. The model classifies emotions across the training dataset as 

shown by the accuracy curve. In contrast, the val-accuracy curve shows the model's 

validation dataset accuracy. This curve shows the model's learning progress and 

capacity to generalize to new data. 

When training begins, the accuracy and val-accuracy curves climb, suggesting that 

the model is learning patterns and features from the training data. The model's 

consistent performance on the training dataset stabilizes the accuracy curve as training 

proceeds. Although validation data may cause modest oscillations, the val-accuracy 

curve follows a similar trend. Accuracy and val-accuracy curves should converge and 

stay close, indicating that the model is not overfitting and can generalize to new data. 

For CNN2D model learning dynamics, Figure (4.13) is useful. It helps academics and 

practitioners evaluate the model's training, data pattern capture, and performance. 

4.5.  Quranic verses based on Face Recognition  

A recommendation algorithm with Quranic principles is easily integrated into the 

system so that it may deliver individualized content suggestions to the user. This 

algorithm also takes into consideration the user's emotional condition. The user is 

greeted by a clear interface upon initialization of the system, where they are given the 

opportunity to submit an image including a facial representation for the purpose of 

emotion categorization. Following the recognition and localization of faces, the 

software makes use of a deep learning model to assign each facial expression to one of 

the following six primary states of mind: anger, disgust, fear, happiness, neutrality, and 

sadness. After that, it displays the emotion label that was predicted in addition to a 

confidence score that indicates how certain the model is. 

The suggestion system conducts an analysis of the identified emotions and links 

them with appropriate verses from the Quran. This process is informed by the 
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principles outlined in the Quran. These recommended verses provide users direction 

and a connection to their emotions depending on the feelings they have discovered for 

themselves. The user may easily switch between input alternatives, such as utilizing a 

camera or picking photos from a library, thanks to the interface's supplemental 

features, which include webcam support and the ability to select images from a library. 

Users also have the option to store the findings they acquire for future reference or for 

sharing with others. 

4.6. Result Comparison with Other Studies 

The tables below compare with other works using the evaluation methods 

mentioned above. In addition, it is comparable to several papers that used CREMA-D 

datasets. The findings depicted in Table (4.8) exhibit the enhanced efficacy of the 

suggested model in contrast to the CNN 1D model proposed by Srinivas and Mishra 

[19]. The model under consideration demonstrated a superior accuracy of 0.99, 

surpassing the accuracy of the reference model, which stood at 0.9788. This 

observation demonstrates the efficacy of the proposed model in accurately forecasting 

facial expressions, as indicated by its superior precision, recall, and F1-score metrics 

compared to the performance of the reference model. 

 

 

Table 4.8: Comparison with CNN 1D model. 

Reference Accuracy Pression Recall F1-score 

Srinivas and Mishra [19] 0.9788 0.716 0.7 0.688 

The proposed 0.99 0.99 0.99 0.99 
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Table (4.9) presents a comparative analysis of the proposed model with several 2D 

convolutional neural network (CNN) models sourced from different references. The 

model under consideration demonstrated a level of accuracy of 0.82, surpassing the 

accuracy values documented in the referenced studies. The accuracy values reported 

by Vijay and Yasutomo [18], Hans and Rao [15], Ryumina and Karpov [11], Ghaleb et 

al. [13], and Ristea et al. [10] were 0.7245, 0.7852, 0.791, 0.665, and 0.6248, 

respectively. The findings of this study indicate that the proposed model demonstrates 

superior accuracy in the recognition of facial expressions when compared to the 

reference models. 

 

Table 4.9: Comparison with CNN 2D model 

Reference  Accuracy 

Vijay and Yasutomo [18] 0.7245 

Hans and Rao [15] 0.7852 

Ryumina and Karpov[11] 0.791 

Ghaleb et al  [13] 0.665 

Ristea et al. [10] 0.6248 

The proposed 0.82 

 

Figure (4.14) presents a graphical depiction of the accuracy performance 

observed in different studies. The accuracy of the proposed model is illustrated, 

demonstrating its performance in comparison to the studies referenced. The graph 

presented in this study provides a comprehensive visual representation of the 

comparative accuracy results, shedding light on the efficacy of the proposed model in 

accurately discerning facial expressions. 
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Figure 4.14: Accuracy Performance for Various Studies. 

Figure 4.14 presents a comparative examination of accuracy performance across 

several investigations, encompassing the proposed models as well. The objective of 

these research was to investigate face expression recognition through the use of 

various approaches and procedures. Significantly, the proposed model demonstrated a 

noteworthy accuracy of 0.82, surpassing the performance of several prior 

investigations.  

Upon examining the comparison between the two models, it becomes evident that the 

1D CNN model exhibits exceptional accuracy, reaching an impressive rate of 99%. In 

contrast, the 2D CNN models demonstrate different degrees of achievement, all about 

at 82%. The enhanced efficacy of the one-dimensional convolutional neural network 

(1D CNN) model may be ascribed to a multitude of pivotal elements. 
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To begin with, it is worth noting that one-dimensional convolutional neural 

network (1D CNN) models exhibit remarkable proficiency in processing sequential 

input, rendering them very suitable for jobs that include time series or 

sensor/measurement data. The ability of the model to identify complex patterns within 

the dataset enables it to achieve a high level of precision in classification. 

Furthermore, the particular configuration of the one-dimensional convolutional neural 

network (1D CNN) architecture demonstrated greater compatibility with the dataset 

under consideration. Two-dimensional convolutional neural networks (CNNs) 

demonstrate superior performance in handling data organized in a grid-like structure. 

Conversely, one-dimensional CNNs exhibit exceptional capabilities in processing 

sequential data. The aforementioned versatility rendered the use of the 1D CNN a 

more pragmatic selection for this specific undertaking. 

 

Nevertheless, it is important to acknowledge that attaining such impressive 

precision necessitated substantial hyperparameter adjustment and refining, a practice 

that is prevalent in contemporary scholarly investigations. The performance of a deep 

learning model is heavily influenced by the careful selection of hyperparameters such 

as kernel size, stride, and filter types. In addition, the significance of both the quality 

and amount of data cannot be overstated in the attainment of elevated levels of 

accuracy.
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Chapter Five 

Conclusions and Future Works 

5.1 Conclusions 

The findings of this thesis provide convincing evidence that important 

contributions were made toward answering the study's research questions and 

accomplishing its stated goals. 

 

1. When entering frames into deep learning models, the time-distributed layer is 

used. The time-distributed layer aims to apply different layers or processes to 

each input sequence time step. This component helps the model efficiently 

learn sequence temporal patterns and dependencies. 

 

2. The utilization of the Histogram of Oriented Gradients (HOG) approach is of 

utmost importance in the feature extraction process from video frames inside 

the suggested system. The Histogram of Oriented Gradients (HOG) approach 

is proficient at capturing substantial texture and shape information, hence 

enhancing the system's capability to properly interpret face emotions. The 

utilization of HOG-extracted features enhances the system's efficacy in 

obtaining pertinent data for later phases of emotion categorization. 

 

 

3. The effectiveness of deep learning algorithms in accurately recognizing and 

classifying facial expressions has been extensively researched. Developing 

the layered structure in deep learning led to improvements in the model’s 

performance and predictive ability to detect emotions. 
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4. The purpose of histogram equalization is to make the most of the range of 

available intensities by redistributing the pixel intensities within an image. It 

aims to improve the overall contrast of the image and draw attention to the 

smaller features that help to more accurately identify faces and improve the 

effectiveness of the model. 

 

5.2 Future Works: 

Despite the impressive progress made in face expression detection and its 

incorporation with Quranic texts, there are still many questions to be answered and 

areas to be improved upon. 

 

 

1. Using supplementary data sources, the accuracy of emotion identification 

might be improved by including additional modalities such as audio, 

physiological signs, or textual information. 

 

 

2. Increasing the amount and variety of the training dataset through the use of 

cutting-edge data augmentation techniques can assist enhance the model's 

generalization and resilience. 

 

3. Further studies may focus on the Using fuzzy to choose Quranic verses based 

on feelings by choosing the surah that is closest to expectation using the fuzzy 

membership function. 

 

 

4.  Using the optimization approach known as the Adaptive Gradient approach  

in deep learning to train models. During training, it is intended to adjust the 

ratesb at which various model parameters learn.
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 صةلاالخ
 

الإَسبَٛت ٔلذ حظٙ ببْخًبو كبٛش فٙ فٓى انًشبعش  ٚعذ انخعشف عهٗ حعبٛشاث انٕخّ را أًْٛت لصٕٖ

فٙ يدبل سؤٚت انكًبٕٛحش ٔانخعهى انعًٛك. ٚعخبش اكخشبف حعببٛش انٕخّ فٙ يمبطع انفٛذٕٚ يًٓت صعبت 

ٔيثٛشة نلاْخًبو حٛث أٌ انٕخّ ْٕ ٔسٛهت الاحصبل انشئٛسٛت ٔاندضء الأكثش حٕاصلاا فٙ اندسى نعشض 

نهكشف عٍ حعبٛشاث انٕخّ ٔحطبٛمّ عهٗ َظبو لشآَٙ انًشبعش. حمذو الأطشٔحت انحبنٛت بحثب يفصلا 

يمخشذ ٚعخًذ عهٗ انعٕاطف. حٓذف ْزِ الأطشٔحت إنٗ حطبٛك أسبنٛب انخعهى انعًٛك نهخعشف عهٗ 

انًشبعش انخٙ حظٓش فٙ صٕس انٕخّ ٔحصُٛفٓب بكفبءة. حسخفٛذ ْزِ الأطشٔحت يٍ لذساث انشبكبث 

ٍٚ( ٔانطبمبث انًٕصعت صيُٛاب يٍ أخم انخمبط انخبعٛبث ( )بعذ ٔاحذ ٔبعُذCNNانعصبٛت انخلافٛفٛت )

. ٔلذ خضع انُظبو CREMA-Dانضيُٛت بشكم فعبل ضًٍ حسهسلاث انفٛذٕٚ فٙ يدًٕعت بٛبَبث 

 نخذسٚب ٔاخخببس يكثف، يًب أدٖ إنٗ يسخٕٖ عبل يٍ انذلت فٙ ححذٚذ سخت يشبعش أسبسٛت: انغضب،

 انحضٌ.ٔالاشًئضاص، ٔانخٕف، ٔانسعبدة، ٔانحٛبد، ٔ

حطٕٚش بُٛت خذٚذة نهخعشف عهٗ انًشبعش انًعخًذة  حعًم ْزِ الأطشٔحت عهٗ ححسٍٛ يدبنٓب يٍ خلال

 D-CNN1عهٗ انفٛذٕٚ. حشخًم انًعبندت انًسبمت ٔاسخخشاج انًٛضاث ٔانخصُٛف ببسخخذاو ًَبرج 

ٔD-CNN 21هٗ الإطبس انًعًبس٘. ٚصُف ًَٕرج عD-CNN  انًٛضاث بعذ اسخخلاصٓب بٕاسطت

ببلاسخخشاج ٔانخصُٛف    D-CNN  2ًٕرج ، بًُٛب ٚخًٛض َ(HOG) نشسى انبٛبَٙ نهخذسخبث انًٕخٓتا

يًب ٚذل عهٗ أَّ ٚحمك َخبئح عبنٛت. ببلإضبفت إنٗ  1D-CNN (0.99)  فٙ ٔلج ٔاحذ. حبهغ دلت ًَٕرج

. ٔحظٓش ْزِ (2..0)ثُبئٛت الأبعبد بشكم سائع، حٛث بهغج دسخت دلخٓب  CNN رنك، عًهج شبكت

انُخبئح لذسة انُظبو عهٗ انخعشف عهٗ حعببٛش انٕخّ ٔاكخشبف الاَفعبلاث، ٔحصًٛى أَظًت حعخًذ عهٗ 

 .لالخشاذ آٚت لشآَٛتالاَفعبلاث 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

  

 خًٕٓسٚت انعشاق

 ٔصاسة انخعهٛى انعبنٙ ٔانبحث انعهًٙ

خبيعت بببم   

  انًعهٕيبث حكُٕنٕخٛبكهٛت 

 لسى بشيدٛبث
 

 

 

 

 

 

 

 

 

 

 

خوارزهيات التعلن العويق للكشف عي الحالة الوساجية 

 واقتراح الايات القراًية الوٌاسبة
 

يمذيت سسبنت  

ٔانخٙ ْٙ خضء يٍ يخطهببث خبيعت بببم  فٙ انًعهٕيبث ٕخٛبكُٕنإنٗ يدهس كهٛت ح

دسخت انًبخسخٛش فٙ حكُٕنٕخٛب انًعهٕيبث / انبشيدٛبث انحصٕل عهٗ  
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