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Annexure I 

Rosemary Pre- and Post-Assessment Questionnaire Based on Bloom’s Taxonomy  

1. What is the scientific name of the rosemary plant? [Knowledge (Remembering)] 

A. Rosmarinus officinalis 

B. Lavandula angustifolia 

C. Mentha piperita 

D. Thymus vulgaris 

 

2. Which family of herbs does rosemary belong to? [Knowledge (Remembering)] 

A. Basil family 

B. Mint family 

C. Parsley family 

D. Thyme family 

 

3. Rosemary plant grows up to --------- [Knowledge (Remembering)] 

A. 5-6 feet 

B. 3-4 feet 

C. 4-5 feet 

D. 3.5 to 5 feet 

 

4. What are the medicinal benefits of rosemary? [Comprehension (Understanding)] 

A. Cell Renewal 

B. Boosting the immune system 

C. Improving digestion 

D. All the Above 

 

5. Rosemary stimulates ------------------- system. [Comprehension (Understanding)] 

A. Nervous 

B. Memory 

C. Nervous and Memory 

D. Nervous and Digestive 

 

6. Where did the name Rosemary come from? [Knowledge (Remembering)] 

A. Greek 

B. Latin 

C. French 

D. None of the above 

 

7. Is ‘Dew of the sea’ the meaning of the Latin word for rosemary?  [Comprehension 

(Understanding)] 

A. Yes 

B. No 
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8. Which color flowers are typically seen on rosemary plants? [Knowledge 

(Remembering)] 

A. Red  

B. Pale Yellow  

C. Purple  

D. White 

 

9. Which of the following options accurately describes the relationship between 

rosemary oil and essential oil? [Application (Applying)] 

A. Rosemary oil is an essential oil derived exclusively from rosemary plants.  

B. Rosemary oil is a type of essential oil commonly used in aromatherapy.  

C. Rosemary oil is not considered an essential oil but shares some similar 

properties.  

D. Rosemary oil is a separate category of oil and should not be confused 

with essential oils. 

 

10. Which of the following options best describes the concentration of rosemary oil? 

[Application (Applying)] 

A. High concentration  

B. Low concentration  

C. Moderate concentration  

D. Concentration varies depending on the brand or source. 
 

Thunder and Lightning Pre- and Post-Assessment Questionnaire Based on Bloom’s 

Taxonomy 

1. What is the main cause of thunder during a thunderstorm? [Knowledge 

(Remembering)] 

A. Rainfall 

B. Lightning 

C. Wind 

D. Hailstorms 

 

2. What is lightning? [Knowledge (Remembering)] 

A. Magnetic Spark Through Air 

B. Water Flow Through Air 

C. Giant Spark of Electricity 

D. All the above 

 

3. What temperature can the air around a lightning strike reach? [Knowledge 

(Remembering)] 

A. 5,000°C (9,000°F)  

B. 10,000°C (18,000°F)  

C. 20,000°C (36,000°F)  

D. 30,000°C (54,000°F) 



 

 

 

 

219 

 

Annexures 

Deep Learning-Based Facial Expression Recognition for Analysing Learner  

Engagement in Mulsemedia Enhanced Teaching 

4. How far can the sound of thunder be heard from a lightning strike? [Knowledge 

(Remembering)] 

A. 5 miles       B. 10 miles     C. 15 miles      D. 20 miles 

 

5. Top Part of the clouds Develops __ and the bottom part of the clouds develops 

_______during Thunderstorms and Lightning. [Comprehension (Understanding)] 

A. Negative charge, Negative charge 

B. Positive charge, Positive charge 

C. Negative charge, Positive charge 

D. Positive charge, Negative charge 

 

6. What causes the separation of positive and negative charges in a thunderstorm cloud? 

[Comprehension (Understanding)] 

A. Collision of ice crystals 

B. Rainfall  

C. Wind patterns  

D. Temperature changes 

 

7. What is the speed of lights? [Knowledge (Remembering)] 

A. 299792458 m/s    B. 399792458 m/s  C. 299792459 m/s   D. 409792459 m/s 

 

8. Why do we see lightning before we hear the thunder? [Comprehension 

(Understanding)] 

A. Lightning travels faster than sound.  

B. Thunder travels faster than light. 

C. Lightning and thunder have the same speed. 

D. Lightning is brighter than thunder. 

 

9. What is the flow of negative charge calling those rushes toward the Earth? 

[Knowledge (Remembering)] 

A. Stepped leader.  

B. Proton charge  

C. Return stroke.  

D. Lightning bolt 

 

10. What factor affects the speed of thunder? [Comprehension (Understanding)] 

A. The color of the lightning  

B. The size of the thunderstorm cloud  

C. The temperature of the air 

D. The distance between the lightning strike and the observer 
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Rosemary Informational Recall: Pre- and Post-Test Assessment 

 
* Right answers are marked as ‘1’ and wrong answers as ‘0,’ similar to the Rosemary assessment, and are then calculated 
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Thunder and Lightning Informational Recall Assessment of Pre and Post-Test 

 
*Right answers are marked as ‘1’ and wrong answers as ‘0,’ similar to the Thunder and lightning assessment, and are then calculated 
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Learners' QoE Responses to Mulsemedia Effects (Olfactory, Airflow, and Vibration) 

 
* Likert Scale Analysis: 1 - Strongly Disagree, 5 - Strongly Agree 



 

 

 

 

223 

 

Annexures 

Deep Learning-Based Facial Expression Recognition for Analysing Learner  

Engagement in Mulsemedia Enhanced Teaching 

Control Group QoE Responses  

 
*Likert Scale Analysis: 1 - Strongly Disagree, 5 - Strongly Agree 
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Experimental Group QoE Responses  

 
*Likert Scale Analysis: 1 - Strongly Disagree, 5 - Strongly Agree 



 

 

 

 

225 

 

Annexures 

Deep Learning-Based Facial Expression Recognition for Analysing Learner  

Engagement in Mulsemedia Enhanced Teaching 

Annexure II 

Control Group FER Analysis Without Mulsemedia Effects on Learning Content 
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Experimental Group FER Analysis with Mulsemedia Effects on Learning Content 
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Facial Expression Recognition (FER) is a prominent research area in Computer Vision and Arti-
¯cial Intelligence that has been playing a crucial role in human–computer interaction. The existing

FER system focuses on spatial features for identifying the emotion, which su®ers when recognizing

emotions from a dynamic sequence of facial expressions in real time.Deep learning techniques based

on the fusion of convolutional neural networks (CNN) and long short-term memory (LSTM) are
presented in this paper for recognizing emotion and identifying the relationship between the se-

quence of facial expressions. In this approach, a hyperparameter tweaked VGG-19 skeleton is

employed to extract the spatial features automatically from a sequence of images, which avoids the

shortcoming of the conventional feature extraction methods. Second, these features are given into
bidirectional LSTM (Bi-LSTM) for extracting spatiotemporal features of time series in two

directions, which recognize emotion from a sequence of expressions. The proposed method's per-

formance is evaluated using the CK+ benchmark as well as an in-house dataset captured from the
designed IoT kit. Finally, this approach has been veri¯ed through hold-out cross-validation tech-

niques. The proposed techniques show an accuracy of 0.92% on CK+, and 0.84% on the in-house

dataset. The experimental results reveal that the proposed method outperforms compared to

baseline methods and state-of-the-art approaches. Furthermore, precision, recall, F1-score, and
ROC curve metrics have been used to evaluate the performance of the proposed system.

Keywords : Arti¯cial intelligence; Bi-LSTM; computer vision; CNN–LSTM; facial expression

recognition; human–computer interaction; spatiotemporal.

1. Introduction

Emotion recognition plays a prominent role in human–computer interaction.

Humans can express emotions in di®erent ways such as, through speech, facial
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expressions, and body language. Facial expression analysis is the most signi¯cant and

active research area in recent decades among those concerned with emotion recog-

nition. Mehrabian's29 works show that 55% of the message can be obtained through

feelings and attitudes in facial expressions, 7% is expressed through speech, and the

rest by paralinguistic. Ekman and Friesen11,12 proposed six basic emotions: happy,

sad, surprise, fear, anger, and disgust. Sometimes researchers add neutral and con-

tempt in this category. These are known as universal expressions or primary emo-

tions. In the ¯elds of computer vision, deep learning, and pattern recognition, the

study of facial expression recognition (FER) is given more consideration. It has also

been extensively used in a variety of ¯elds, including education, human–robot in-

teraction, the healthcare system, autism spectrum disorder, and sophisticated driver

assistance systems.

Researchers have been working on FER using machine learning algorithms for the

past two decades. The objective of FER is to distinguish and categorize the signi¯-

cant movements of various facial musculature into meaningful diverse emotions.

Numerous research on human–computer interaction has been conducted.27 However,

the FER system comprises four main steps: face detection, pre-processing, feature

extraction, and emotion classi¯cation. First, face detection is a serious processing

step to identify or locate whether the images/video frames contain a face or not.

Second, pre-processing methods are utilized to highlight the features of the image.

The third stage involves extracting appropriate features from the detected face to

identify the considerable emotion from facial expressions. Finally, the classi¯er has

been trained to categorize emotions based on the target label.

Conventional FER commonly adopts various handcrafted feature extraction

techniques (e.g. HOG, SIFT, LBP) to extract the feature from facial images.14,37,51

Later, geometric-based and appearance-based feature extraction approaches were

used to automate the FER system. According to certain studies,2,26,30 the geometric-

based feature extraction approach retrieves geometric characteristics connected to

face action units. Both the active appearance model (AAM) and the active shape

model (ASM) extract geometric features depending on the form and location of the

facial expression.36 The appearance technique is more resistant to noise and feature

extraction than geometric-based methods. In a few situations, hybrid-based feature

extraction approaches were applied, resulting in higher detection performance. These

approaches are appropriate only in a clinical situation.

In real time, detecting emotion on the face has several challenges such as complex

backgrounds, occlusion, illumination, and spontaneous expression.26 As people vary

by culture, this spontaneous expression di®ers from the normal expression by subtle

expression. In such instances, typical feature extraction algorithms cause signi¯cant

computing costs, learning time, and poor real-time performance. Furthermore, the

complex image necessitates strong memory power and the investigation of discrim-

inative visual features to distinguish facial emotions and connect with a person's

related emotional state.
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Deep learning has gained prominence in the computer vision sector in recent years

because of increased computational power such as graphics processing unit (GPU)

and tensor processing unit (TPU) support for massive data training. It showed

signi¯cant improvement in image recognition and detection. Mainly, the convolu-

tional neural network (CNN)32 has attained remarkable achievements in the FER

system due to its strong expressive power for the feature extraction method. It is

widely used in static images which extract features based on the appearance of the

images. However, these features could not de¯ne emotion entirely because static

images lacking in dynamic sequences related to facial expressions.1 Many two-

dimensional (2D) CNN models fail to recognize temporal features in images. As a

result, numerous studies integrated both feature extraction approaches, such as CNN

with long short-term memory (LSTM)17 and CNN–recurrent neural network

(RNN).7,19 These techniques are used to extract the dynamic sequence of features

from images.

Inspired by di®erent CNN–LSTM-based algorithms, this paper presents fusion

feature extraction techniques from a sequence of facial expression images. This study

proposes (1) A CNN–LSTM fusion model for the analysis of the sequence of facial

expressions, (2) Data augmentation techniques used for generating various illumi-

nation, noise, and di®erent angles of the facial image for improving the emotion

recognition power of the system in the real-time scenario, (3) A hyperparameter

tweaked skeleton of VGG-19 used for extracting spatial feature, which overcomes the

shortcoming of conventional feature method, (4) The designed CNN–LSTM-

based Bi-LSTM method is used to extract spatiotemporal features which classify

each emotion accuracy based on feature vector sequence, and (5) The proposed

system's performance is compared to the benchmark dataset and state-of-the-art

methods.

This paper is presented as follows: Section 2 describes the related work regarding

deep learning techniques for FER systems. Section 3 explains the dataset collection

and pre-processing methods. Section 4 describes the proposed CNN with the LSTM

network. Section 5 explains the e®ectiveness of the proposed approach. Section 6

presents the discussions and limitations of this study. Finally, Sec. 7 presents the

e±ciency of the proposed method.

2. Background and Related Work

2.1. Facial expression recognition

The majority of previous research looked at facial expressions from static images,

which provide spatial information based on appearance. Facial expressions, on the

other hand, are produced by the relaxation and contraction of the facial musculature.

Therefore, it is e±cient for extracting both spatial and temporal features in facial

expressions. This paper analyzed some existing works based on FER using CNN and

its limitations.
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2.2. Deep neural network

In order to address the di±culties in facial expression detection, many researchers

have proposed various deep learning techniques based on CNN and the integration of

two or three networks in recent decades. The representation of CNN's architecture

and the use of a specialized temporal feature extraction approach while processing

visual sequences are the key di®erences between each network.

Mehendale28 proposed new techniques for facial emotion detection by combining

the two-CNN network. First, CNN removed the background of the image. The

second one concentrated on facial descriptor vector extraction which works based on

di®erent emotions and achieved 96% accuracy on CMU and NIST datasets. Zadeh

et al. proposed deep CNN with Gabor feature extraction techniques.53 It increased

the speed and accuracy of the FER system. Chowdary et al. used transfer learning

ResNet-50,16 VGG-19,43 Inception V3,46 and MobileNet to compare performance

with the CKþ dataset.8 Usually, transfer learning achieves better performance on

popular benchmark datasets over state-of-the-art techniques. Haddad et al. intro-

duced the three-dimensional (3D)-CNN network over a sequence of frames.15 This

proposed method improved the results when tested with CKþ and Oulu-CASIA

datasets. A few studies used 3D-CNN in facial emotion recognition. A hybrid CNN–

RNN network was suggested by Bai and Goecke and used to retrieve spatiotemporal

information from video sequences.3 Also, this method combines transfer learning

ResNet-5016 for training and used the VGGFace254 dataset to enhance the usefulness

of the suggested approach. The Grad-CAM heat maps visualization has been used

here to visualize the before and after training samples. Sepas-Moghaddam et al.

proposed VGG-16 with a Bi-LSTM network for extracting spatiotemporal features.39

The spatial descriptor from image sequences is ¯rst extracted by the VGG-16. Then,

spatial–angular features are learned using the Bi-LSTM RNN. This method

experimented with the IST-EURECOM Light Field Face database. A temporal re-

lational network (TRN) was proposed by Pise et al. for recognizing changes in

emotions on a student's face in an online learning environment.34 In addition, MLP

has been used as a base classi¯er for emotion recognition. The proposed framework

achieved better results on DISFAþ datasets. Jaiswal and Valstar designed an

e-learning system using the CNN network. This method has been mainly proposed

for with and without learning disabilities students.20 It achieved better results in

CKþ and JAFFE datasets. In order to jointly learn spatial features and temporal

features for FER, Liang et al. presented a Bi-LSTM network.23 This method com-

bined deep spatial network (DSN) and deep temporal network (DTN) for extracting

spatial features from image sequences. After that those features are combined and

given into the Bi-LSTM network. This combined method achieved better perfor-

mance in CKþ, Oulu-CASIA, and MMI datasets. The CNN–LSTM network was

introduced by Li et al. to extract spatial–temporal features.22 Finally, transfer

learning has been used to boost the performance of the suggested approach.

M. Mohana, P. Subashini & M. Krishnaveni

2356008-4



Bargal et al. proposed CNN with support vector machine (SVM) for emotion

classi¯cation from a video sequence.4 After a fully connected layer, SVM was asso-

ciated to classify the emotions. Xiao et al. proposed a malware classi¯cation

framework based on a CNN–SVM network which is employed to extract the features

automatically.50 Finally, the SVM classi¯er is used to classify malware according to

features with an accuracy of 0.997%. Ruiz-Garcia et al. have presented CNN–SVM

facial emotion recognition framework for socially assistive robots.38 This approach

combines self-supervised feature extraction methods and SVM for emotion classi¯-

cation. The author achieved 96.26% of accuracy in KDEF datasets. In addition,

feature extraction e®ectiveness was compared using CNN and Gabor ¯lters.

Donahue et al. presented a long-term RNN to learn spatiotemporal features from

long video sequences for activity recognition.10 Fan et al. proposed a hybrid network

of RNNs with C3D.13 First, RNN extracts the features of the image sequence based

on appearance while the 3D convolution network combines features map of both

image and audio for emotion classi¯cation. Jaiswal and Valstar proposed a combi-

nation of CNN with Bi-LSTM to learn spatiotemporal features from an image se-

quence.20 This approach achieved a great performance in FERA 2015 dataset.

Zahara et al. proposed an IoT-based facial emotion recognition using a CNN with the

help of the OpenCV library.54 It was mainly proposed to detect micro-expression on

the face in real-time facial expression. This method has used FER-2013 for training a

neural network and achieved 65.97%.

In this study, CNN is employed to extract spatial information and is trained on

labeled facial image sequences. The extracted features are then fed into the

designed Bi-LSTM network, which captures the facial expression's temporal and

contextual information. Finally, each emotion is classi¯ed by the softmax layer.

Furthermore, the performance is compared to benchmark datasets and state-of-the-

art methods.

3. Methods and Materials

The entire proposed system of numerous stages of the FER is depicted in Fig. 1. The

pre-processing pipeline runs on raw video frames of the facial images. In the pre-

processing pipelines, histogram equalization, bilateral ¯ltering, °ipping, rotating,

and normalization are performed for enhancing features and increasing dataset size.

The pre-processed dataset consists of three parts: training validation and testing,

which consists of di®erent samples. Following that, the CNN–LSTM (Bi-LSTM)

network is trained and employed to extract spatiotemporal features from the dy-

namic sequence for classifying facial expressions. Furthermore, hold-out cross-

validation techniques are used to compute the model's accuracy and loss for each

epoch. The performance of the proposed approach is measured using the following

metrics: confusion matrix, accuracy, precision, recall, and F1-score. In addition, the

proposed model is evaluated by state-of-the-art techniques.
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3.1. Dataset collection methods and description

3.1.1. CKþ dataset

A facial expression dataset is a set of static images and short video clips with a range

of emotions. The CKþ dataset25 has 593 image sequences from 123 di®erent people.

Out of 593 images, 327 have been labeled for seven facial expressions such as anger,

happy, sad, surprise, fear, contempt, and disgust. Figure 2 shows the sample facial

expression of the CKþ dataset. Each expression in this database begins with a

neutral expression and ends with a peak expression. For this study, the last three

frames have been selected for incorporating the spatiotemporal features. Out of seven

Fig. 2. Sample CKþ facial expression images26: (a) surprise, (b) disgust, (c) happy.

Fig. 1. Overall design of the proposed CNN–LSTM FER system.
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emotions, only ¯ve emotions are considered for this study. The expression of con-

tempt and disgust is less for training and testing. For training, 80% of data has been

taken and the remaining 20% has been used for testing where peak images have been

validated for the evaluation process.

3.1.2. In-house dataset

For analysis, the e®ectiveness of the proposed system, with a sequence of facial

expressions in which in-house data has been captured in a lab setting for evaluating

the spatiotemporal features. For that, Raspberry Pi and RGB camera modules are

utilized to capture real-time spontaneous facial expressions from subjects in an un-

constrained environment. The Raspberry Pi is a credit card-sized computer that

usually connects to a TV and monitor. The camera port connects the camera

with the Raspberry Pi for image and video processing in the computer vision ¯eld.

Moreover, a 5 MP camera with Raspberry Pi 3/4 Model B has been employed in

video capturing for this investigation. The goal of developing this dataset is to

distinguish subjects' emotions during learning, which include happy, surprise,

sleepy, and neutral. These emotions are recorded in a controlled laboratory setting

with a free hand and head movements. The subject consent form is obtained before

the study, and participants are asked to make subjective judgments of their feelings

after their facial expressions are recorded. It is often called a self-annotation

technique.

In detail, there are 40 female subjects aged from 21 to 26 years, with varying

amounts of light, occlusion, and positions. This in-house dataset contains a sequence

of facial expressions of individuals who consented to the use of their facial expressions

for research purposes. Figure 3 depicts the experimental setup. The entire procedure

takes place in the Centre for Machine Learning and Intelligence (CMLI). On the

other hand, obtaining facial expressions is a di±cult task. The video sequence is more

useful for emotion recognition rather than static facial expression which does not

contain temporal information. In a total of 1600 video frames, four emotions are

captured. Happy represents pride and delight when studying, neutral denotes an

inactive state of learning, sleepy signals low energy while learning, and surprise

denotes a more extreme sense of enjoyment. Each clip stretched for 10–15 s, and the

frame rate is 10 frames per second. Furthermore, the frames range from three

Fig. 3. Framework for facial emotion dataset collection using IoT kit.
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peak levels. The algorithm for the facial expression dataset is collected using the

following steps:

Step 1. Start the Raspberry camera to capture the subject's spontaneous facial

expression.

Step 2. Viola–Jones48 face detection algorithms are employed to detect the

subject's facial expression. This approach is made up of four methods: Haar features,

Integral images, Ada-boost, and Cascade classi¯er. Haar features are utilized to

extract face information using line, edge, and four rectangular kernels. Integral

images are employed to speed up the Haar feature extraction process, and an Ada-

boosting classi¯er is used to build a strong feature to detect face and nonface in video

frames. Finally, a Cascade classi¯er is utilized to eliminate the nonface region from

the video frame.

Step 3. Captured video frames are converted to grayscale and scaled to 48� 48

pixels during image pre-processing. The resized frames' probability density function

is determined as

P ðGMÞ ¼ NM

N
; ð1Þ

where GM is the number of grayscale video frames in one emotion, NM denotes the

number of frames that occur, and N is the total times of pixels in one frame.

Step 4. Finally, 10 video frames of four emotions are saved in the appropriate

folder.

3.2. Pre-processing

The term \image pre-processing" describes the transformation of the images before

sending them to machine learning and deep learning techniques. The collected facial

expression frames are made up of varied lighting conditions and image noise. In

addition, grayscale images are widely used rather than color scales which contain less

information about facial expressions. Therefore, using RGB photos is not required.

So, histogram equalization24 is done across grayscale video frames to equalize visual

contrast. Figure 4 depicts the results. The blue color represents the original pictures,

Fig. 4. Histogram equalization.
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whereas the orange represents the results after HE. A bilateral ¯lter55 is used to

eliminate noise from video frames. It is one of the image-smoothing ¯lters that is

nonlinear, edge-preserving, and noise-reducing. The bilateral ¯lter reduced noise in a

video frame more e®ectively than other ¯lters such as the median ¯lter and Gaussian

blur ¯lter. Figure 5 depicts the results of the ¯lter, and the ¯nal facial expression after

all the processing procedures. Finally, each pixel is divided by 255 to achieve

normalization.

3.2.1. Data augmentation

Data augmentation42 is an e±cient technique used in deep learning for increasing the

quantity of a dataset to increase the model performance. Deep learning-based data

augmentation has been the main focus of recent image processing research.31 The

primary goal of this is to prevent over¯tting issues caused by insu±cient training

data. In addition, it helps to generate possibilities of data in a real-world environ-

ment. To address these challenges, deep learning will employ data augmentation.

The facial images are captured with a straight neck and upward direction, as illus-

trated in Fig. 5. However, the FER system takes these factors into account when it is

built, because the facial position may change in real time depending on the camera's

position or the person's posture. There are several techniques such as °ipping, ro-

tating, color space, cropping, translation, and noise injection available in data

augmentation. Moreover, there are no particular rules for applying data augmen-

tation techniques, it will di®er depending on the kind of dataset.42 For this study, the

following technique is applied to the training dataset. Initially, the video frames of

the left and right faces are horizontally °ipped. Second, each emotion's video frame

is rotated from �20� to þ20�, which is the safest rotation for facial images.42

Fig. 5. Collected emotion databases are happy (row 1), neutral (row 2), sleepy (row 3), surprise (row 4).
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The rotated frames are then horizontally °ipped. The data size is expanded by

generating synthetic frames by rotating and horizontal °ipping, which improved the

e®ectiveness of the proposed model. Figure 6 depicts the outcomes of enhancement

procedures.

3.3. Proposed model combining CNN and LSTM

The proposed technique aims to discover the relationship between the sequence of

facial expressions from their corresponding labels. As previously mentioned, the

combination of the contraction and relaxation of one or more facial musculature

produces facial expressions; hence, this study has focused on both spatial and tem-

poral features.

3.3.1. CNN model

CNN is typically employed to extract spatial information and provides state-of-the-

art performance for various computer vision tasks. It has four basic layers: a con-

volution layer, a pooling layer, a recti¯ed linear unit (ReLU) layer, and a fully

connected layer. Figure 7 depicts CNN's core architecture. CNN has been used in a

variety of applications27,32 and has performed admirably in areas such as medical

image analysis, image segmentation, object detection, and image classi¯cation. The

aim of CNN is to extract local descriptors from the top layer and transmit them to

the lower level to extract complicated descriptors.

The convolution layer is made up of ¯lters that determine the tensor of each con-

volution block's featuremap. It extracts unique attributes from the given input images.

Fig. 6. After data augmentation.

Fig. 7. Basic architecture of CNN.
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The kernels (¯lters) are applied over the input images and use up \stride(s)"

such that the result volume size comes to be a numeric matrix. The output of the

image dimension is minimized after the striding procedure. Therefore, padding is

necessary to pad an input volume with zero while maintaining the size of input

images with low-level features. The convolution layer's mathematical process is as

follows:

F ði; jÞ ¼ ðI �KÞði; jÞ ¼
X

Iðiþm; jþ nÞKðm;nÞ; ð2Þ
where i denotes the input matrix,K denotes the kernel sizem� n, and F denotes the

feature map output. I*K implies the operation between the convolution layer and

the kernel. ReLU activation layer is commonly applied to reduce nonlinearity in the

output of CNN feature maps. The exponential linear unit (Elu)9 activation function

is utilized in this experiment instead of ReLU as it overcomes the dying problem of

the ReLU activation function. It is stated numerically as de¯ned

EluðxÞ ¼ x; x > 0;

�ðex � 1Þ; x < 0:

�
ð3Þ

The pooling layer down samples incoming data to minimize the dimensionality of

feature maps. It decreases the dimension of features to learn as well as the compu-

tation time performed for each block of the convolution operation. The most frequent

approach is max pooling, which creates the largest value in an input area. Next, the

pooling layer, a purposeful dropout layer44 is employed to generalize the network. It

aids in preventing the model from over¯tting. Finally, the fully connected layer

serves as a classi¯er, making a judgment based on the basic information gathered

from the convolution and pooling layers.

3.3.2. LSTM model

LSTM is an extended version of the RNN algorithm that has di±culties of learning

high-dimensional data. The conventional RNN architecture has been giving prom-

ising results in a shorter length of image sequences, whereas it is giving a poor

performance in longer sequences of images due to the vanishing/exploding gradient

issues.17 However, unlike typical RNN units, LSTM incorporates a memory block

and was designed to tackle such an issue by o®ering memory for retaining and

forgetting past information over a lengthy period of time. Figure 8 depicts the

LSTM's basic structure. It is made up of memory units and three control gates: forget

gate, input gate, and output gate, where xt represents the current input and Ct and

Ct�1 represent the new and prior cell states. Furthermore, ht and ht�1 refer to the

new and previous outputs, respectively.45

The implementation of various gates aids in the retention of earlier information

depending on the network's dependencies. The following diagram depicts the LSTM

input gate principle. The input gate (it) stores and updates new information about

the current state.
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it ¼ �ðWi � ½ht�1 � xt� þ biÞ; ð4Þ
Ĉ t ¼ tanhðWC � ½ht�1 � xt� þ bCÞ; ð5Þ

Ct ¼ ft � Ct�1 þ it � Ĉ t; ð6Þ
where (4) is employed to pass the ht�1 and xt via the sigmoid activation layer to

determine which portion of the data needs to be added. Following that, (5) is utilized

to acquire the new knowledge after ht�1 and xt, which is then sent by the tanh layer.

In LSTM units, information transmission is determined by the sigmoid function and

the dot product. It values from 0 to 1. If the value of the sigmoid is 1, then infor-

mation must be transferred. Otherwise, it may not be transferred. Ĉ t, Ct�1 refer the

long-term memory information and current moment information are joined in (6),

where WC denotes the sigmoid output and Ĉ t denotes tanh output. In addition, WC

denotes weight matrix, and input gate bias of LSTM is bi. The forget gate (ft) is used

in (4) to forget or keep previous information based on network dependencies, where

Wf is the weight matrix and bf is the o®set.

ft ¼ �ðWf � ½ht�1 � xt� þ bfÞ: ð7Þ
The results are generated via the output gate (Ot). Using (7), this identi¯es the states

that must be continued by the ht�1 and xt inputs (8). The ¯nal values are derived by

Fig. 8. Basic architecture of LSTM.
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passing the new information, Ct, through the tanh layer using a state decision vector.

Ot ¼ �ðWO � ½ht�1 � xt� þ bOÞ; ð8Þ
ht ¼ Ot � tanhðCtÞ; ð9Þ

where bO and WO are the weighted matrix and LSTM bias output gates, respectively.

3.3.3. Fusion of CNN–LSTM model

After analysis, the fusion of CNN and LSTM is feasible for extracting the spatio-

temporal features from a sequence of facial images. The next step is to develop a

CNN–LSTM combined approach (see Fig. 9) and improve e±ciency by making the

network stronger. To avoid the complexity and sensitivity of conventional feature

extraction approaches, CNN layer is employed to extract the sequence of spatial

features from corresponding labels based on frame sequence. After that, extracted

feature vector sequence is fed into the designed Bi-LSTM model, which is incorpo-

rated with a forward and backward pass to extract spatiotemporal features. The

function of LSTM is that it obtains information about the cells preceding a given

cell. However, it is unable to access the data from the preceding cell. As a result,

the model Bi-LSTM could perform better when processing time series data. Finally,

the softmax layer is used to classify each emotion.

Figure 9 illustrates the proposed network of CNN–LSTM. Initially, increasing the

number of layers for improving the e±ciency of the network, the VGG-19 skeleton is

used for extracting the spatial features from a sequence of images. VGG-19, on the

other hand, relied on its deeper network structure and feature extraction ability,

which reduced FER and caused over¯tting issues due to the layer's size. In addition,

the vanishing gradient problem slows down the process. subsequently, the layer has

been ¯ne-tuned based on the dataset and dimension of the image sequences. The

proposed network consists of 21 layers: 8 TimeDistributed layers, 2 dropout layers, 2

batch normalization, 1 °atten layer, 4 pooling layers, 1 FC layer, and 2 LSTM layers

with softmax function for categorical classi¯cation. Each convolution block is fol-

lowed by a dropout layer or batch-normalization layer. The 3� 3 kernel convolu-

tional layer is utilized for feature extraction and is activated by the Elu activation

function. The max-pooling layer is 2� 2 in size and is used to minimize the size of the

input dimension. The batch-normalization layer18 is utilized instead of the dropout

layer to normalize the output of the activation map, increasing network performance

even more. The feature map vector is assigned to the Bi-LSTM layer after the

architecture to extract time sequence information. It combines forward and back-

ward LSTM to obtain hidden information from the past and future. The current

input points' sequence of features is calculated by the ¯rst LSTM, and the reverse

sequence features are read and added by the second LSTM. The forward and

backward propagation of neurons updates the interaction between neurons in the

two states. Therefore, it improves the ability to extract spatiotemporal features.

The input form for the LSTM layer became (4,691,903), and Table 1 gives a
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summary of the proposed techniques. The softmax layer then uses labels from the

input and the feature map that it has learned to classify and predict each expression.

Softmax has been used to e±ciently classify the nonlinear function for multi-class

classi¯cation. It does, however, boost model generality. The softmax layer equation

has given in (10). To avoid over¯tting issues,52 regularization techniques, such as

dropout, an early stopping method, and kernel initializer, are applied.

P ðxÞ ¼ exiPn
j¼1 e

xj
: ð10Þ

Fig. 9. Enhanced CNN–LSTM (Bi-LSTM) network.
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The parameters setting of the proposed CNN with the LSTM (Bi-LSTM) network

is shown in Table 2. The dataset is divided into a training set and a test set, each in

an 8:2 ratio, for the aim of obtaining features from the sequence of images. For each

round of training, the key model parameters namely the batch size, input size, hidden

units, and dropout are monitored regularly. The e®ectiveness of FER is signi¯cantly

in°uenced by the number of hidden units. So, the early stopping method, batch

normalization, and dropout are utilized to avoid over¯tting and generalize the

proposed network. Due to the limited computing capability, the proposed model is

trained with 100 iterations and 10 batch sizes. Furthermore, the Adam optimizer21

incorporates the features of the AdaGrad and RMSProp algorithms to solve the

Table 1. Summary of CNN–LSTM (Bi-LSTM) network.

# Type Kernel Size Stride Kernel/Size Kernel Initializer Parameter

Input layer 3� 48� 48� 1
1 TimeDistributed 3� 3 1 64 he normal 640

2 TimeDistributed 3� 3 1 64 he normal 36,926

3 Pool 2� 2 2 — 0

4 Dropout — — 0.45 0
5 TimeDistributed 3� 3 1 128 he normal 73,856

6 TimeDistributed 3� 3 1 128 he normal 147,584

7 Pool 2� 2 2 — 0
8 BatchNormalization — — — 128

9 TimeDistributed 3� 3 1 256 he normal 2,195,168

10 TimeDistributed 3� 3 1 256 he normal 590,048

11 Pool 2� 2 2 — 0
12 Dropout — — 0.45 0

13 TimeDistributed 3� 3 1 512 he normal 1,180,160

14 TimeDistributed 3� 3 1 512 he normal 2,359,808

15 Pool 2� 2 2 — 0
16 BatchNormalization — — — 2048

17 TimeDistributed — — — 4,691,903

18 LSTM — — 512 656,384

19 LSTM 64 164,352
20 FC — — 128 16,512

21 Output — — 5 645

Table 2. Optimized parameter for
proposed method.

Parameter Name Value

Input size 3� 48� 48� 1
Activation function Elu

Kernel size 3� 3

Learning rate 0.001

Batch size 10
Dropout rate 0.3

Iteration 100

Optimizer Adam
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network's sparse gradient and noise challenges. As a result, the Adam optimizer is

used to train this network, with a learning rate of 0.001.

4. Results and Analysis

4.1. Experimental setup

The FER datasets are partitioned into training and testing parts of 80% and 20%,

respectively, for this experiment. The hold-out cross-validation method is employed

to obtain the performance data. As can be seen in Table 1, the experimentally used

presented network has nine TimeDistributed convolution layers with learning rates

of 0.001 and 100 epochs. In order to avoid the over¯tting problem, an early stopping

method has been adopted in this experiment. The CNN, LSTM, and CNN with

LSTM networks, as well as the proposed networks, have been evaluated on Google

Colab environments using Python and Kera's package with TensorFlow backends.

Furthermore, the studies were carried out using GPU) equipped with an Intel(R)

Core (TM) i5-8400 CPU @ 2.80GHz 2.81GHz Dell desktop.

4.2. Performance evaluations

The following performance metric is used to gauge the proposed system's e®ective-

ness. TP indicates the True Positive of accurately predicted emotions. FP denotes

the False Positive of misclassi¯ed classes. The True Negative of correctly recognized

emotions is denoted by TN, whereas the False Negative of the FER system is denoted

by FN, which is misclassi¯ed emotions. The following equations are used to calculate

the accuracy, precision, recall, and F1-measure:

Accuracy ¼ ðTPþ TNÞ=ðFPþ FNþ TPþ TNÞ; ð11Þ
Precision ¼ TP=ðTPþ FPÞ; ð12Þ
Recall ¼ TP=ðTPþ FNÞ; ð13Þ

F1-measure ¼ 2� ðPrecision� RecallÞ=ðPrecisionþ RecallÞ: ð14Þ
Accuracy is de¯ned in this case as the ratio of correctly classi¯ed test frames to

total frames. Precision is de¯ned as the ratio of the number of correct frames in the

test set for that emotion to the number of correct frames in the emotion recognition

results. Recall refers to the ratio of the number of correctly identi¯ed frames in that

emotion to the total number of frames in those emotions. Finally, the F1-score

provides the proposed system's average accuracy and recall measures.

4.3. Results on proposed network

Figures 10 and 11 show the accuracy and cross-entropy (loss) performance evalua-

tions of the proposed model on the CKþ and in-house datasets during the training

and testing phases. In the CKþ dataset, at epoch 100, the training and testing

accuracy are, respectively, 0.91% and 0.84%. Similar to this, the in-house dataset's
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training and testing accuracies are 0.99% and 0.92%, respectively, at epoch 50. The

training's initial stage's slower convergence speed could be seen, but it then picked up

and converged at epochs 90–100 (see Fig. 10(a)), proving that the model's learning

e±ciency is satisfactory. The slope of the training curve is reduced during model

training. Same as in Fig. 11(a), training accuracy gradually increased with slight

°uctuation. Furthermore, the CKþ and in-house datasets have training and testing

losses of 0.84 and 0.61, respectively.

Figure 12 illustrates the confusion matrix of the proposed model on both datasets.

Figure 12(a) shows the performance on CKþ dataset. Among 750 image sequences,

21 were misclassi¯ed due to the similarity of facial appearances, with ¯ve emotions.

From Fig. 12(a), happy and surprise achieved superior performance due to the se-

quence of facial features and time series information, whereas, anger, sad, and fear

(a) (b)

Fig. 10. Timing process of CNN–LSTM in CKþ dataset (a) accuracy (b) loss.

(a) (b)

Fig. 11. Timing process of CNN–LSTM in in-house dataset (a) accuracy (b) loss.
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are misclassi¯ed as other emotions slightly. Anger is falsely classi¯ed as sad, sad is

falsely classi¯ed as happy and anger. Fear is falsely classi¯ed as sad, anger, and

happy. The precision of four emotions varied from 0.83 to 1.0, the recall ranged from

0.83 to 1.0, and the F1-score ranged from 0.83 to 1.0, respectively, while the average

precision and recall were 0.92 and 0.91, respectively (see Fig. 13). From Fig. 12(b), it

is seen that happy and sleepy achieved a greater performance compared to neutral and

surprise. Similarly, neutral overlapped sleepy expression, and surprise slightly over-

lappedwith a neutral expression. The precision of ¯ve emotions varied from 0.38 to 1.0,

the recall ranged from 0.38 to 1.0, and the F1-score ranged from 0.38 to 1.0, respec-

tively, while the average precision and recall were 0.85 and 0.84, respectively (see Fig.

14). Due to similarities in the shape and appearance of the facial features and indi-

vidual variations of the same facial expression, an expression is typically easily con-

fused with another expression. The proposed CNN with LSTM yields notable results,

more reliable true positive and true negative values, fewer false negative and false

positive values, andmore consistent true positive and true negative values. As a result,

the proposed model is able to e±ciently categorize the sequence of emotions.

Additionally, the receiver operating characteristic (ROC) curves between true

positive rate and false positive rate are presented in Fig. 15 to assess the overall

performance. The ROC curve clearly reveals that the suggested model performance is

determined to be 0.92 in the in-house dataset and 0.84 in the CKþ dataset. The

primary goal of this research is to discover the relationship between sequences of

images of human facial expressions and the labels that correspond to them. In ad-

dition, it aims to extract the spatiotemporal features using a CNN architecture with

LSTM (Bi-LSTM). From Fig. 15(a), happy and sleepy have been correctly identi¯ed,

however, neutral and surprise have been slightly misclassi¯ed with 0.17%. From

Fig. 15(b), happy and surprise are classi¯ed with a higher rate, fear and anger are

(a) (b)

Fig. 12. (a) Confusion matrix of CKþ. (b) Confusion matrix of in-house dataset.

M. Mohana, P. Subashini & M. Krishnaveni

2356008-18



(a) (b)

Fig. 15. ROC curve of the proposed model (a) in-house dataset (b) CKþ dataset.

Fig. 13. Recognization accuracy of proposed model on CKþ dataset.

Fig. 14. Recognization accuracy of proposed model on in-house dataset.
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given satis¯able results, and sad is given little lower results in the CKþ dataset.

Furthermore, the primary goal of this research is to achieve satisfactory results in

recognizing facial emotion from a dynamic sequence of facial expressions. The results

of the experiment show that the proposed method outperformed the competitive

state-of-the-art methods (see Tables 4 and 5).

4.4. Comparison of baseline network and state-of-the-art FER models

To evaluate the performance and generalization of the proposed model, hold-out

cross-validation techniques are used to compare it to another baseline network such

as CNN, LSTM, and CNN–LSTM. The above-mentioned model which has the same

structure as the proposed model has been designed and validated. Table 3 sum-

marizes the training parameters for each model. All models have the same learning

rate, loss function, epoch, batch size, optimizer, and activation function; these

parameters in°uence model performance while training. The gradient calculation is

heavily in°uenced by the loss function and optimizer. The Learning rate is used to

regulate the parameters which are updated with respect to the gradient. In most

cases, CNN and LSTM networks use the ReLU activation function. In this study, the

Elu activation function has been used instead of ReLU to address the dying ReLU

problem. Moreover, Elu outperformed LeakyReLU. When compared to the other

architectures in Table 3, the proposed model has the fewest parameters. The pro-

posed model and all other models have been trained and tested with CKþ and an in-

house dataset, shown in Table 4. The proposed model performance clearly boosted

from 69.85% to 84.87% onCKþ, and 74.56–92.84% on the in-house dataset due to time

series features. From Table 4, CNN architecture is given poor performance with time

sequence information whereas CNN–LSTM (only 78.34 on CKþ, 84.32% on in-house)

has given slightly superior results compared to general CNN (only 69.84 on CKþ,

74.56% on in-house) and LSTM (only 50.78 on CKþ, 79.38% on in-house) network.

In addition, the computational time is also calculated for each model. Compared to

Table 3. Parameter settings of each baseline model.

Methods Learning Rate Epoch Batch Size Loss Function Optimizers Parameters

CNN 0.001 100 10 Cross-entropy Adam 76 M

LSTM 0.001 100 10 Cross-entropy Adam 57 M
CNNþLSTM 0.001 100 10 Cross-entropy Adam 49 M

Proposed model 0.001 100 10 Cross-entropy Adam 46 M

Table 4. Comparison between di®erent models on CKþ and in-house dataset.

Methods Accuracy CKþ (%) Time Accuracy in-House Dataset (%) Time

CNN 69.84 8min 74.56 12min
LSTM 50.78 10min 79.38 16min

CNNþLSTM 78.34 7min 84.32 10min

Proposed model 84.87 5.5min 92.84 7.5min
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other baseline models proposed model took less time for training the model. The

amount of the dataset and the complexity of the image sequences always a®ect the

model's training time and accuracy. Additionally, the proposed model has been

examined using current state-of-the-art methodologies, as shown in Table 5. From

Table 5, it is found that some of the existing systems5,6,33,35,40,41,47,49 obtained

slightly lower accuracy in the range of 54.47–76.74%. The moderately reasonable

accuracy of 77.29%, 78.04%, 80.00%, 80.30%, 81.40%, and 82.68% are found in

Refs. 5, 33, 35, 41, and 49, respectively. The proposed model's 2.19% accuracy is

increased compared to the state-of-the-art methods.

5. Discussion

The proposed model has been compared with baseline models such as CNN, LSTM,

and CNN with LSTM (VGG-19) network. The collected in-house datasets have

various challenging conditions such as illumination, partial occlusion, and noise. The

proposed hyperparameter-tuned CNN with LSTM performed e±ciently in this

dataset as well as the benchmark CKþ dataset. This integrated model has been

investigated experimentally on CNN and LSTM networks individually before being

combined for extracting spatiotemporal features from a sequence of images. The

majority of the facial expression datasets were created using a high-quality camera in

a controlled setting. In this work, an emotion dataset has been captured by a low-

quality 5 MP camera module attached to a Raspberry Pi to analyze the FER sys-

tem's performance with challenging images. First, a FER has been trained with

CNN, which yielded unsatisfactory performance testing results because CNN is in-

capable of extracting spatiotemporal properties from image sequences.1 Nevertheless,

this network has been working e®ectively in 2D images. Second, the LSTMmodel has

been used to evaluate the performance of emotion recognition from the feature vector

from the image sequence. This network did not give e±cient results in images, be-

cause, when °attening the image sequence 48� 48� 3� 1, it could not handle the

massive size of the features. As a result, the performance of LSTM is insu±cient for

Table 5. Performance analysis of the proposed model with
state-of-the-art models.

Approach Dataset Accuracy (%)

SVMþNN47 CKþ 80.00
PCAþKNN48 CKþ 77.29

CNNþKNN49 CKþ 80.30

JAFFE 76.74

PCAþNMFþLNMF50 CKþ 81.40
CNN51 In-house 78.04

Topographic ContextþLDA52 CKþ 82.68

HOSVD53 CKþ/JAFFE 73.30

AAMþAUsþ SVM54 CKþ 54.47
Proposed method CKþ 84.87

In-house 92.84
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developing a FER system model. Finally, features have been extracted using the

VGG-19 architecture and fed into the LSTM network. Due to the number of layers,

the FER model su®ered from the vanishing gradient problem.16 As a result, this

model has been optimized by neuron size, layer count, batch normalization, dropout,

and learning rate.

Furthermore, the proposed model is examined with pre-processing, which boosted

the recognition rate to 0.92, and without pre-processing, which dropped the recog-

nition rate to 0.80. When CNN and LSTM models are evaluated individually, the

performance su®ered due to over¯tting and misclassi¯cation of sleepy and neutral

emotions. Similarly, the VGG-19 architecture model has been used to extract spa-

tiotemporal features from the sequence of images without tweaking the layer size,

and activation function before entering the LSTM network. This combined network

has given better results compared to the general CNN and LSTM network, even

though, a hypermeter-tuned CNN with an LSTM model improved the recognition

accuracy and classi¯cation outcomes rather than the VGG-19 architecture. Table 4

depicts the e®ectiveness of the proposed system with di®erent baseline architectures.

In addition, the proposed model marginally su®ered in generalization when training

due to insu±cient sample size. Moreover, it does not possess the ability to recognize

unseen emotions which did not fall in training. In the future, more subjects' facial

samples will be collected for each expression from neutral to peak for analyzing the

performance of the proposed system. However, when compared to the other state-of-

the-art techniques, the proposed model outperforms them.

6. Conclusion

In the last two decades, emotion recognition is an active research area due to its

application in many ¯elds. The contraction and relaxation of some facial muscles

produce continuous facial expressions. Hence, it is necessary to consider the dynamic

and temporal features when recognizing facial emotion from facial expressions. The

proposed model extracts spatiotemporal features from a sequence of frames, whereas

existing CNN–LSTM works on FER with single images for emotion recognition.

Initially, CNN is used to extract spatial features, while Bi-LSTM is used to identify

time information in order to classify emotions based on labels. For this study, the in-

house dataset has been collected with a small 5 MP camera with Raspberry Pi. The

collected dataset consisted of high illumination and noise. Those challenges have

been tried to minimize by pre-processing before entering the CNN model. This

proposed system is trained from scratch; moreover, data augmentation, batch nor-

malization, and dropout improve the proposed system's e±ciency. In addition, the

proposed model evaluated by the benchmark dataset achieved 0.84% and 0.92% on

the in-house dataset. Furthermore, baseline model e±ciency on the FER dataset is

also compared with the proposed CNN–LSTM (Bi-LSTM) which e±ciently learns

the relationship between sequences of facial expression for identifying emotions. This
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study will be expanded in the future to recognize accurate facial emotion recognition

while combining it with other multimodal aspects.
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Abstract
In the contemporary era, Facial Expression Recognition (FER) plays a pivotal role in numerous fields due to its vast applica-
tion areas, such as e-learning, healthcare, marketing, and psychology, to name a few examples. Several research studies have 
been conducted on FER, and many reviews are available. The existing FER review paper focused on presenting a standard 
pipeline for FER to predict basic expressions. However, previous studies have not given an adequate amount of importance 
to FER datasets and their influence on affecting FER system performance. In this systematic review, 105 papers retrieved 
papers from IEEE, ACM, Science Direct, Scopus, Web of Science, and Springer from the years 2002 to 2023, following 
systematic review guidelines. Review protocol and research questions are also developed for the analysis of study results. 
The review identified that the accuracy of the FER system in controlled and spontaneous facial expression datasets is being 
affected, along with other challenges such as illumination, pose, and scale variation. Furthermore, this paper comparatively 
analyzed the FER model in both machine and deep learning techniques, including face detection, pre-processing, handcrafted 
feature extraction techniques, and emotion classifiers. In addition, we discussed some unresolved issues in FER and sug-
gested solutions to enhance FER system performance further. In the future, multimodal FER systems need to be developed 
for real-time scenarios, considering the computational efficiency of model performance when integrating more than one 
model and dataset to achieve promising accuracy and reduce error rates.

Keywords  Facial Expression Recognition (FER) · Machine learning (ML) · Deep learning (DL) · Face detection · Facial 
emotion · Survey

Introduction

Facial Expression Recognition (FER) is being actively 
explored in the fields of computer vision (CV) [141], 
machine learning (ML) [18], deep learning (DL) [79], Affec-
tive computing [22, 44, 116] and pattern recognition (PR) 
[18]. It is a powerful non-verbal expression that helps under-
stand human internal states of emotions, social communica-
tion, and intent [97]. Face expressions convey 55 percent of 
communications about feelings and attitudes, with just 7% 
of those words being uttered and the rest being employed 

as non-linguistic [1, 3]. In recent years, numerous studies 
have been conducted on automatic facial expression recogni-
tion due to its wide application and practical importance in 
Human–Computer Interaction (HCI) [12], Human-Robotic 
Interaction (HRI) [36], and Psychology [36], particularly in 
the context of social robots, driver fatigue analysis, e-learn-
ing [45], medical treatment, and candidate interview pro-
cesses [36].

In the twentieth century, Ekman and Friesen [42] defined 
six fundamental universal expressions: happiness, sadness, 
anger, surprise, fear, and disgust, based on cross-cultural 
studies. Also, ‘contempt’ was often included as one of the 
basic expressions in research studies [96]. Frustration, per-
plexity, boredom, and other advanced emotions are examples 
of secondary emotions [43]. However, some neuroscientists 
argued that these basic emotions are culturally specific 
not universal [62]. Additionally, various databases can be 
employed to recognize facial emotions. Also, Emotion rec-
ognition and expression recognition are similar but not quite 
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the same [17]. Facial expression recognition is a biometric-
based technique used to identify emotions portrayed in facial 
images [62]. Facial Action Coding System [48, 147] and 
Valence-Arousal [25, 128] space are the two popular meth-
ods used to recognize emotions in the last decades of study-
ing FER [49]. Furthermore, the automation of FER analysis 
in ML is still challenging [129].

FER system can be categorized based on feature extrac-
tion into two groups: (1) the static method [1, 56], which 
involves extracting spatial features from single images, and 
(2) the dynamic method [2, 8, 10], which focuses on extract-
ing temporal features from a sequence of images/frames. 
Emotion recognition based on this approach encompasses 
audio, video, and physiological signals. However, static 
facial expression images yield purer expression results com-
pared to other modalities, as they provide complementary 
information when involving high-level frames.

Facial expression analysis using ML and DL techniques is 
the focus of this systematic review. Generally, FER follows 
four basic steps: face detection and pre-processing, facial 
feature extraction, and emotion classification or recogni-
tion as shown in Fig. 1. In the conventional FER approach, 

the first step involves face detection. Faces are identified 
and highlighted with a bounding box within desired regions 
of interest (ROIs) using various approaches. However, it 
remains a challenging task to detect faces in real-time envi-
ronments, especially under conditions of high illumination, 
occlusion, and extreme pose variation. The second step 
encompasses normalization, face alignment, and various 
pre-processing techniques such as data augmentation [139], 
noise removal, cropping, and feature enhancement.

The majority of ML techniques employ handcrafted 
feature extraction techniques such as histogram-oriented 
gradients (HOG) [1], scale-invariant feature transforma-
tion (SIFT) [115], local binary pattern (LBP), and principal 
component analysis (PCA) [38]. In the final stage, classifier 
algorithms like support vector machine (SVM) [20], k-near-
est neighbor (KNN), decision tree (DT) [38], and ensem-
ble methods are commonly utilized to classify emotions. 
However, since 2012, emotion recognition competitions 
such as FER-2013 [52] and a wild dataset [102], released a 
sufficient number of facial expressions collected from chal-
lenging real-time scenarios. Furthermore, with advance-
ments in chip processing capabilities and well-designed 

Fig. 1   PRISMA [108] flow 
diagram for paper selection for 
this study
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neural network architectures, studies in the FER approach 
have started to incorporate deep learning methods. This shift 
aims to achieve state-of-the-art accuracy and surpass exist-
ing results due to the automatic feature extraction capabili-
ties inherent in deep learning [13, 155]. In the realm of deep 
learning methods for emotion recognition, convolutional 
neural networks (CNN) [78], CNN-LSTM [101], 3D-CNN 
[103], recurrent neural networks (RNN) [120], autoencoders 
[26], generative adversarial networks (GAN) [157, 162], and 
reinforcement learning are commonly applied.

The growing demand for the development of efficient 
automatic FER systems in various applications is evident. 
Previous FER review works [4, 23, 47] have presented 
standard FER processes, encompassing handcrafted fea-
ture extraction techniques and machine learning (ML) 
classification techniques. Similarly, various deep learning 
(DL) techniques in the FER system are discussed. How-
ever, these discussions have not given adequate importance 
to the dataset and its influences on FER system accuracy, 
which serves as the motivation for this work. As a result, 
this systematic review primarily focuses on various efficient 
and robust FER techniques and their limitations. It also 
delves into face detection techniques and their associated 
challenges. Furthermore, we discuss recently released FER 
datasets and how they impact FER performance in a real-
time environment. Additionally, we focus on the shortcom-
ings in DL techniques when applied to FER datasets. Also, 
DL techniques necessitate a large amount of training data to 
overcome overfitting issues. However, existing datasets are 
insufficient to train a well-designed DL model to achieve 
promising results in a real-time environment.

A systematic literature review was conducted to gather 
FER studies utilizing ML and DL techniques spanning from 
the year 2002 to 2023. Additionally, the authors formulated 
and evaluated a significant research question to identify 
potential challenges in FER research when employing ML 
and DL techniques. This preliminary step precedes the 
analysis and retrieval of FER papers. The approach not only 
highlights potential research gaps in the specified problem 
area but also offers clear guidance to researchers, practition-
ers, and industries interested in undertaking new research 
in these domains. All associated papers were retrieved from 
various reputable databases, integrated, and analyzed to 
address the research question outlined in “Selection Cri-
teria”. Also, the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) diagram shows the 
screening process of paper selection including the inclu-
sion and exclusion reasons of FER papers for this study. 
Furthermore, this review provides valuable insights for new 
researchers, aiding in a better understanding of the state-of-
the-art FER processes.

The contribution to this Systematic review included as 
following:

•	 The primary objective is to analyze and provide a fun-
damental understanding of existing Machine Learning 
and Deep Learning techniques within the FER approach. 
This serves to assist new researchers in comprehending 
the basic FER process and gaining insights into current 
work and helps to focus and develop new solutions for 
existing challenges in FER.

•	 We present a standard FER database commonly 
employed in the FER process, encompassing facial 
expressions of both adults and children. The database 
includes 3D, video sequence, illumination, pose varia-
tion, and occlusion datasets.

•	 Face detection techniques and their methods are dis-
cussed, alongside significant challenges in the face detec-
tion process and its performance measured in terms of 
accuracy.

•	 The FER process is assessed through two methods, 
revealing that the Machine Learning (ML) approach is 
less effective in capturing subtle facial expressions, such 
as micro-expressions and compound expressions. In con-
trast, Deep Learning (DL) achieves superior accuracy on 
FER datasets but requires more time and a larger data-
set to prevent overfitting. Additionally, DL FER models 
necessitate GPUs for training.

•	 Potential challenges in FER are discussed, and solutions 
are suggested to enhance the accuracy of the FER process 
further.

This systematic review is organized as follows: “Selection 
Criteria” presents the paper selection strategy, review paper 
selection, and procedures. “Facial Expression Databases” 
provides a detailed discussion of publicly available both 
children and adult FER datasets. “Facial Expression Recog-
nition Techniques” describes a brief review of conventional 
machine learning and deep learning techniques in FER. 
“Performance Evaluation Mechanisms of FER” presents 
performance metrics commonly applied in FER analysis. 
Likewise, “Unresolved FER Challenges and Future Direc-
tions” discusses the challenges and opportunities in FER 
systems. Finally, “Conclusion” summarizes the overview of 
this systematic study analysis of this work, its findings, and 
the future scope of FER.

Selection Criteria

Numerous studies on FER have been published in the litera-
ture over the last two decades. In conducting this analysis, 
the Systematic Literature Review (SLR) adhered to ensuring 
the selection of papers that enhance the quality of reporting, 
identify existing research gaps on specific problems, and 
optimize the efficiency of the review paper for both FER 
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researchers and practitioners interested in addressing sig-
nificant research problems in a particular area.

For this critical analysis, initially, the SLR review pro-
tocol was prepared to collect the literature paper, which 
guidelines were published in 2007 [75, 108]. After, the 
review protocol is evaluated as it was recursive. This proto-
col helped to minimize potential bias in publication. First, 
research questions (RQ) were formulated by researchers. 
Four research questions are formulated to guide this SLR:

RQ1: What is the most significant process in FER using 
ML and DL techniques?
RQ2: What challenges are associated with FER data-
bases?
RQ3: How many facial expressions are the main focus of 
the FER system?
RQ4: What are the accuracy and limitations of existing 
FER studies when using ML and DL techniques?

The search query and domain list are frequently adjusted 
until the search results yield significant findings for each 
target paper based on the RQ. Next, the publications were 
identified and chosen by searching available databases dur-
ing paper selection. The paper extraction process is done 
through authors’ details, publication types and years, and 
other details that were asked in the research question. After 
this step, data synthesis was made to present an overview 
of the related studies published till 2023. The review was 
conducted at the last stage by reporting and answering the 
search questions. The review should be thoroughly examined 
in adequate detail for researchers and practitioners to evalu-
ate the comprehensive search. Also, the unfiltered research 
results have been stored for further analysis as required in 
the future.

The papers were retrieved from six different standard 
databases such as IEEE, Web of Science, Scopus, ACM, 
Springer, and Science Direct. The initial search query was 
“Facial expression recognition” AND “Facial emotion rec-
ognition”. Open Access papers, journals, conference materi-
als, and manuscripts were used in the search method. The 
final search query is as follows: ((“Facial Expression Rec-
ognition” OR “Facial Emotion Recognition” OR “Facial 
Expression Analysis”) AND (“Emotion Recognition” OR 
“Emotion Detection”) AND (“machine learning” OR “deep 
learning”)). There are many keywords available to search the 
FER manuscript, but search techniques have used limited 
keywords for selecting more appropriate papers. Also, the 
search query was additionally filtered with the years 2002 
to 2023, open access papers and the language is English.

All selected papers are carefully validated to exclude the 
inappropriate papers for this review analysis, resulting in a 
total of 560 non-duplicated papers. First, 180 publications 
were selected after a rapid scan of all the titles and abstracts 

to weed out research that did not apply to the subject of this 
systematic review or did not match the selection criteria. 
The remaining studies that did not fit the selection criteria 
were then removed by carefully reading the entire texts of the 
remaining publications, leaving 310 papers. The following 
listed exclusion criteria (EC) were used to exclude irrelevant 
studies:

EC 1: Theoretical studies and improper FER results in con-
ference papers.
EC 2: Papers are not related computer science field.
EC 3: Survey and short communication papers.
EC 4: Duplicate publication of multiple sources.
EC 5: Older version of FER research techniques before 
2002.

Following the listed EC criteria, finally, 105 papers were 
left for further review. To answer the RQ accordingly, the 
data from the database was extracted and synthesized. The 
systematic review's search and exclusion procedures are sum-
marized in Fig. 2. It is significant to note that some included 
publications were excluded from “Facial Expression Recogni-
tion Techniques” because they did not disclose results, were 
inconclusive, or deviated from the accepted research paradigm. 
Nevertheless, such studies still contributed to the other parts.

Furthermore, despite the extensive history of endeavours 
in the field of FER, there have been some notable FER com-
parisons using conventional machine learning (ML) and deep 
learning (DL) techniques. Review and survey papers were one 
of the exclusion criteria during the analysis of retrieved papers. 
The following review paper has been omitted such as Li et al. 
[81], presented a detailed review of DL techniques applied in 
the FER process. Huang et al. [61] compared ML techniques 
and focused little on DL techniques in FER. Canedo et al. [23] 
mainly focused on FER using conventional techniques, such as 
the Convolutional Neural Networks (CNN) approach. Among 
these, some notable systematic reviews have not focused exten-
sively on face detection techniques and other significant chal-
lenges in the FER system, particularly during training with 
DL and ML techniques using broader facial expression data-
sets and testing the FER model in real-time environments. To 
address this gap, this paper systematically analyzes ML and 
DL techniques, examines existing challenges in emotion rec-
ognition and face detection, and explores the challenges in the 
FER system when utilizing wider facial expression datasets 
and validating the FER model in real-time environments.

Facial Expression Databases

This section provides some existing popular databases that 
are frequently used in FER in both the training and test-
ing phases. The performance of the system is affected when 
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training is not done with sufficient datasets. Most of the 
facial expression dataset contains six basic emotions plus 
neutral, which consists only of the frontal face with some 
challenges like pose variation and illumination. Table 1 
shows some popular publicly available databases used in 
the Facial Expression Recognition (FER) system in recent 
decades, and it also contains recently released facial expres-
sion datasets. In general, FER datasets have been catego-
rized under two conditions: (1) Spontaneous and (2) Posed. 
Spontaneous datasets are captured naturally, presenting 
more realistic expressions, and are often considered gen-
uine and authentic. Posed expressions, on the other hand, 
are deliberately created and controlled by subjects. Early 
research exploring facial expressions primarily used posed 
expressions, where respondents were instructed to exhibit 
or reproduce each basic six expressions, which expression 
may not always accurately identify participants’ emotions 
on their faces [71, 112]. Most FER systems are still trained 
using posed expressions along with spontaneous ones due 
to a lack of a sufficient count of spontaneous expressions 
in the available dataset. Figure 2 shows the sample facial 
expression of spontaneous vs. posed.

JAFFE [93]: The Japanese Female Facial Expression 
(JAFFE) database consists of 213 photographic images cap-
turing the posed facial expressions of 10 female Japanese 
individuals. Each image resolution is 256 × 256 pixels. It 
includes six primary emotions along with neutral expres-
sions. This database is openly accessible for non-commercial 
research purposes. KDEF [91]: The Karolinska Directed 
Emotional Faces (KDEF) consists of a total of 4900 images 
of facial expressions. It includes 17 subjects, 7 different 
facial expressions of 5 different angles. CK + [90]: The 
Extended Cohn-Kanade (CK +) database comprises 593 
sequences obtained from 123 subjects. The sequences do 
not have fixed lengths, and their durations range from 10 
to 15 frames. It contains 6 primary expressions besides 
neutral along with facial landmark location. Out of 593 
videos, only 309 were labeled as six basic emotions. It is 
also available to all kinds of researchers. The images in the 
database have a pixel resolution of 640 × 480 and 640 × 490 
pixels, while their grey levels are represented in an 8-bit 
precision format. MMI [111]: The Multimedia Interface 
(MMI) database includes 740 images and 2900 videos from 
32 subjects. A total of 213 images are labeled with six pri-
mary emotions. The pixel of the image size is 720 × 576 
resolution. Multi-PIE[53]: The Multi-PIE database con-
tains 7,50,000 photography pictures of 337 subjects, which 
includes 15 viewpoints, 19 illumination conditions, and 5 
different facial expressions. Oulu-CASIA [168]: It contains 
six facial expressions from 80 subjects. The size of the frame 
is 320 × 420-pixel resolution of 25 frames per second. Also, 
the camera distance face is about 60 cm. FER-2013 [52]: 
The FER-2013 dataset is comprised of 35,887 grayscale 

images, each with a resolution of 48 × 48 pixels. The data-
set is divided into three sets, with 28,709 images allocated 
for training, 3589 images for validation, and another 3589 
images for testing purposes. Researchers can access and 
download this dataset for research purposes. EmotioNet 
[46]: EmotioNet is an extensive database that encompasses 
a collection of one million human faces sourced from the 
internet. This database is accompanied by annotations for 
each expression captured in the images. Approximately, 
9,50,000 photo images were annotated through Action 
Units (AUs) with the help of the intensity of their emotions. 
The remaining 25,000 images were annotated manually by 
11 action units. AffectNet [102]: The AffectNet database 
includes more than one million human faces collected from 
the World Wide Web. Those images are manually labeled 
for 8 facial expressions (happy, sad, neutral, angry, fear, sur-
prise, disgust, contempt) based on the strength of valence 
and arousal space. Researchers can access this dataset by 
email request. Ferv39k [153]: The Ferv39K is a large-
scale video sequence database, which has been collected 
from real-time video clips from various real-world contexts 
such as scenes, movies, TV, live shows, and official events. 
It contains 38,935 video clips of 7 labeled facial expres-
sions. PEDFE [99]: The Padova Emotional Dataset of 
Facial Expression (PEDFE) newly created dataset with six 
universal expressions. It contains 1458 facial images of 56 
participants. UIBVFED-Mask [95]: The UIBVFED-Mask 
dataset is an extended version of the UIBVFED [107] data-
set. Recognising facial expressions from occlusion is a chal-
lenging task due to the loss of significant facial expression 
information. This dataset contains 640 images of 32 facial 
expressions of 20 participants.

NIMH-ChEFS [41]: The NIMH-ChEFS (National Insti-
tute of Mental Health Child Emotional Faces Picture Set) 
comprises a set of 482 stimuli showcasing angry, fearful, 
neutral, and sad facial expressions exhibited by children. 
This dataset is useful for affective and neuroscience research. 
RaFD [77]: The Radboud Faces Database (RaFD) consists 
of a comprehensive collection of images featuring individu-
als of different age groups, including adults and children. 
This database encompasses six fundamental emotions, in 
addition to neutral and contempt expressions. Each emo-
tion has been created with five different camera angles 
and three various gaze directions. DDCF [35]: The Dart-
mouth Database of Children’s datasets contains 40 female 
and 40 male photographs in a black background and aged 
between 6 and 16 years. This photograph was collected with 
5 various camera angles (60° right,30° right,0°,30° left, 60° 
left) and 8 facial expressions (neutral, content, happy, sad 
surprised, afraid, angry, and disgusted). CAFE [87]: The 
Child Affective Facial Expression (CAFÉ) set contains 1192 
photographs taken from 2 to 8-year-old children with 154 
subjects. This database includes six basic expressions along 
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with neutral emotions. It is freely available for researchers. 
CEPS [126]: The Child Emotions Picture Set (CEPS) con-
tains six basic emotions of 17 children. Those emotions are 
created with three divergent intensities (low, medium, and 
high). EmoReact [106]: EmoReact is a comprehensive mul-
timodal emotions database specifically designed for chil-
dren aged 4–14 years old. It comprises 1102 audio-visual 
clips, each meticulously annotated with 17 distinct emo-
tions. These emotions encompass the six primary emotions, 
neutral expression, and valence, as well as nine complex 
emotions, including curiosity, uncertainty, and frustration. 
DuckEES [51]: The University of Oregon ("Duck") Emo-
tional Expression Stimulus (DuckEES) database consists of 
142 dynamic video sequences featuring children between 
the ages of 8 and 18 years. This database encompasses a 
range of facial expressions, including negative emotions 
such as disgust, embarrassment, fear, and sadness, as well 
as positive emotions like happiness and pride. Additionally, 
neutral expressions are also included in the dataset. LIRIS-
CSE [74]: The Children’s Spontaneous Facial Expression 
(LIRIS-CSE) contains 208 video sequences from 12 eth-
nically diverse children. It includes spontaneous (natural) 
six universal facial expressions (happy, sad, anger, surprise, 
disgust, and fear) along with videos created in the open 
environment (no restriction for head and hand moments) 
conditions. ChildEFES [105]: The Child Emotional Facial 
Expression Set (ChildEFES) dataset encompasses a video 
sequence consisting of 1,985 instances featuring children 
aged between 4 and 6 years. Within this dataset, there are 
varying numbers of stimuli for each emotion, including 87 
neutral, 363 happiness, 170 disgust, 140 surprise, 152 fear, 
144 sadness, 157 anger, and 183 contempt expressions. 
Researchers can freely access and utilize this dataset for 
non-commercial research purposes.

Furthermore, existing FER datasets have some limita-
tions, such as a lack of large-scale expressions, varied sizes, 
inconsistent image quality, and susceptibility to indoor and 
outdoor conditions. However, numerous solutions have 
been proposed to overcome these challenges. In cases of 
low image quality, a diverse range of cleaning and enhancing 
pre-processing techniques is required to improve FER accu-
racy. Generally, FER models are trained on a limited number 

of facial expressions. However, deep learning techniques 
necessitate a large amount of data for effective training and 
to attain promising results. Therefore, data augmentation 
techniques can be applied in this context.

Facial Expression Recognition Techniques

The conventional FER approach using ML techniques com-
prises four key methods: face detection, pre-processing, fea-
ture extraction, and emotion classification or recognition, as 
illustrated in Fig. 3.

Machine Learning‑Based FER Approach

Face Detection

Face detection holds a significant role as the initial step in 
many areas including face alignment, face recognition [15], 
face verification, and recognizing emotions from face images 
or video sequences [17, 57]. It serves as a crucial component 
in the process of emotion recognition. The primary objec-
tive of face detection is to ascertain the presence of a face 
within an image, as this region is vital for emotion detection 
as well as facial recognition of individuals, as depicted in 
Fig. 4. The accurate detection of faces lays the foundation for 
subsequent steps in the process. In addition, face movement 
has been tracked in the video sequence. It is part of object 
detection used in many places like security, biometrics, per-
sonal safety, and so on. Face detection and facial recognition 
are not the same but are interrelated [16]. Face detection 
allows a system to identify the presence of a human face in 
an image or video sequence, whereas face recognition can 
indicate the name of the person in that image.

Different Approaches of Face Detection

Different face detection methods, including knowledge-
based, feature invariant, template matching, and appear-
ance-based techniques, are employed for detecting faces, 
as depicted in Fig. 5. These methods encompass a range 

Fig. 2   Sample facial expression 
of posed (Ck +) [90] vs sponta-
neous (AffectNet) [102]
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of approaches used to accurately identify and locate faces 
within images or video sequences.

Knowledge‑Based  The knowledge-based method follows a 
set of rules developed by humans [16]. Firstly, facial fea-
tures such as the nose, eyes, mouth, shape, size, texture, etc., 
are obtained from images. Secondly, this type of face detec-
tion process relies solely on predefined rules, which are per-
formed based on prior knowledge of facial geometry created 
by human-crafted knowledge [57]. However, these methods 
prove to be less effective in real-world scenarios, such as 
faces with illumination, pose variation, and diverse facial 
features. Nevertheless, this method was found to be useful 
for front-face images and in well-controlled environments.

Feature‑Based  Feature-based methods extract structural 
features from images [144]. These structural features 
include skin color, shape, texture, and facial local features. 
Other features such as eyes, mouth, eyebrows, and nose are 
extracted with the help of filters. According to some studies, 
skin color is considered one of the best features for detecting 
a face in images [160]. For instance, methods like HOG [1] 
and Viola-Jones [60, 151] are employed for feature extrac-
tion to identify faces or objects in images. However, these 
features are sometimes corrupted due to factors such as high 
illumination, face orientation, occlusion, and noise, as they 
heavily rely on the visibility of specific features Further-
more, these methods may fail to capture the full complexity 
of facial patterns in diverse datasets. Also, feature bound-
aries can be weakened for the face, and shades can cause 
strong edges, collectively making existing feature extraction 
methods less fruitful in certain scenarios.

Template Matching  The template matching method is a 
straightforward approach that detects faces through the cor-
relation between pre-determined face templates and input 
images using a predefined or parameterized face template 
[100]. The edge detection model and filters are employed to 
construct edges in images. However, this method has some 
limitations. Accuracy is affected by real-world scenarios 
with diverse conditions, and computation time increases 
when searching for faces in larger images. Additionally, it 

Fig. 3   Conventional FER in machine learning

     (a) Original Image                       (b) Detected Face Image

Fig. 4   Face detection from digital images

Fig. 5   Face detection methods
Face Detection 

Methods

Knowledge -based Feature -based Template matching Appearance-based
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suffers from overlapping faces with complex backgrounds, 
leading to a higher false-positive rate. Furthermore, select-
ing an efficient template for various conditions is less robust, 
as different scenarios may require different templates. 
Moreover, illumination on the face image also impacts the 
performance of the template matching method, resulting in 
non-face region detection.

Appearance‑Based  The appearance-based method identi-
fies relevant patterns and features from facial images using 
a machine learning algorithm instead of explicit templates. 
Commonly used techniques in face detection include Haar-
like features [144], PCA [160], SVM, Eigenface, Hidden 
Markov Model, Naïve Bayes Classifier, and CNN [82]. 
Furthermore, this method is considered robust compared 
to other face detection techniques, especially in challenging 
real-world environments. Nowadays, most face detection 
techniques are developed based on this approach. However, 
it often requires a large and diverse set of annotated face and 
non-face images for training; otherwise, it may suffer from 
overfitting. Additionally, it may struggle with low-quality 
image resolution, partial occlusion, noise, blurriness, or 
compression, and the computational cost is high when 
developing a face detection model with large real-world 
images using deep learning techniques.

Table 2 shows the comprehensive study of the exist-
ing face detection methods that have been widely used in 
recent years. This analysis considers the factors related to 
the type of techniques used in both pre-processing and face 

detection, the name of the datasets used for training and test-
ing the model, the platform environment to develop the face 
detection model, and finally permeance of the developed 
face detection algorithm. During the last decades, several 
face detection approaches have been proposed and tested in 
various environments with many conditions. To begin with, 
You Only Look Once (YOLO) [11, 29, 163] is a real-time 
object detection neural network-based algorithm used in 
face detection. It contains three techniques namely, residual 
block, bounding box regression, and intersection over union 
(IOU). For face detection, YOLO is trained with a larger 
dataset for face detection like FDDB, Wider face, and Celeb 
face benchmarks. The VGG-16 and DarkNet-53 model has 
been used to extract features from the images before apply-
ing the YOLO algorithm. YOLO algorithm detects the vari-
ous positions, illumination, and different skin complexations 
in real-time. However, it suffers from the precise location of 
small and multiple faces, and different scales of face image 
on the real-time scenario

Similarly, Dual-Branch Center Face detector (DBCFace) 
[82], and ResNet-50 [146] are convolution neural network-
based algorithms designed to reduce problems in non-max-
imum suppression (NMS). It has trained with various data-
bases like AFW, PASCAL face, FDDB, and WIDER FACE. 
It detects the occulted face with higher accuracy. Adaboost 
[38] is also known as an adaptive boosting machine learn-
ing-based ensemble method which is used to find out the 
strong features and to identify the face in the YCbCr color 
model. Multi-task Convolution neural networks [69, 165] 

Table 2   Existing face detection techniques from the year 2001 to 2023

Ref Techniques Dataset Accuracy/result

[11] You Only Look Once (YOLO), Vgg-16 FDDB, Real-Time Live Video Achieved 95% average precision
[82] Dual-Branch Center Face detector (DBC-

Face)
AFW, PASCAL face, FDDB, WIDER 

FACE
Achieved 90.34% accuracy

[146] Soft-NMS, Resnet-50 FDDB Achieved 94.2% accuracy
[160] Improved AdaBoost Real-Time Data Reduced false detection rate
[165] MTCNN WIDER FACE Obtained 85.7% results
[29] YOLOv3, Darknet-53 WIDER FACE, FDDB, Achieved 93.57% accuracy
[123] Improved MTCNN MIT, Casia, NICE-II Achieved 98% accuracy
[163] You Only Look Once (YOLO) WIDER FACE, Celeb Faces, FDDB Achieved efficient face detection time than 

the traditional algorithm
[67] Three-category face detector, Fast R-CNN WIDER FACE, FDDB Obtained 97% true positive rates
[119] Haar Cascade Instagram Selfie Images Achieved 71.48% accuracy
[37] Single-Stage Joint WIDER FACE Achieved 56.66% average precision
[33] Haar Cascade Open internet images Achieved a Positive Prediction Value (PPV) 

of 98.01%
[152] Region-based Fully Convolutional Networks 

(R-FCN),
WIDER FACE dataset, FDDB dataset Achieved True Positive Rate 98.99%

[60] Viola-Jones MIT, FERET Achieved 98.97% accuracy
[69] Compact CNN FDDB Achieved high speed compared with tradi-

tional GPUs and CPUs
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and Viola-Jones [33, 60] algorithms are used to solve the 
numerous challenges in face detection methods. MTCNN 
consists of three networks namely the Proposal Network 
(P-Net) gives more false-positive predictions, the Refine 
Network (R-Net) which uses the NMS method to reduce the 
false positive rate, and the Output Network(O-Net) which 
gives a more accurate face position with five landmark loca-
tions of eyes, nose, and mouth corner [123, 165]. Those 
networks are not connected directly but the result of one 
network is given to the input of another network.

Furthermore, Viola-Jones [60] is a conventional face 
detection algorithm widely used to figure out a front face 
in digital images. This method follows the four main steps 
namely Haar-like feature, integral images, AdaBoost, and 
cascade classifier. The Haar-like feature is used to extract 
features from the images [33]. These features are trans-
formed into pixel values with the help of integral images. 
AdaBoost algorithm selects the important features from 
whole extracted features [160]. A final cascade classifier 
is used to discard the non-face in an image which speeds 
up the face detection process. Viola-Jones algorithm gives 
a more false-positive rate when the face angle is over 45o 
and above. Single-stage joint face detection [37] is a fully 
convolution neural network. It contains three components: 
feature pyramid network gets input face and outputs five 
scale feature map; context head module calculates multi-task 
loss from feature map and cascade multi-task loss predict 
the bounding box from the regular anchor. Region-based 
Fully Convolutional Networks (R-FCN) serve as an object 
detection framework [67, 152]. This framework incorporates 
a ResNet with over 101 layers to extract features from facial 
images, resulting in enhanced accuracy for face detection in 
benchmark datasets such as WIDER and FDDB. Moreover, 
R-FCN has demonstrated superior performance in accurately 
detecting faces compared to other methods.

In summary, ML face-based face detection methods are 
less robust in real-time environments because this approach 
relies solely on human-crafted features. They also suffer 
from challenges such as high illumination, pose variation, 
and face orientation. On the other hand, the neural network-
based approach has demonstrated significant face detection 
performance in real-time scenarios, especially in challenging 
environments. CNNs, in particular, are capable of learning 
relevant patterns and representations for face detection with-
out human intervention for feature identification. However, 
DL methods, especially those involving large neural net-
works, may have higher computational requirements dur-
ing both training and inference compared to traditional ML 
methods.

Figure 6 illustrates the accuracy rates of various face 
detection techniques. The x-axis represents the names of 
the face detection methods, while the y-axis indicates the 
corresponding accuracy levels obtained from Table 2. The 
graph provides a visual representation of the performance of 
each face detection technique in terms of accuracy.

Challenges in Face Detection

The advancement of computer vision over the last few dec-
ades has made research more efficient. The challenges in 
face detection/face recognition affect the quality of the out-
come [94]. The face detection process is difficult due to the 
various sizes of the face, pose variation, occlusion [138], 
aging, noise, low resolution, and illumination [100]. Fig-
ure 7 shows the challenges that occur in face detection and 
recognition.

Illumination and  Pose Variation  To begin with, illumina-
tion refers to lighting conditions and the presence of shad-
ows on the face images that cause a cluttered background 

Fig. 6   Accuracy rate of face 
detection techniques
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for expression images, which can pose challenges in facial 
detection and recognition. Secondly, the pose of a face can 
significantly varies due to head movements and changes in 
viewing angles, leading to inaccuracies or failures in face 
recognition or detection. Facial expressions constantly 
change at both macro and micro levels. In 2D facial images, 
to reduce computational costs, the extraction of spatial 
features is extremely difficult. Similarly, in 3D images, a 
side view could affect the system's performance. However, 
most existing facial expression datasets were collected in a 
controlled environment, where expressions are static and 
captured by both professional and non-professional actors. 
Consequently, the performance of FER is degraded in the 
real world, where spontaneous and sequential facial images 
are common.

Aging  Similarly, aging involves changes in facial appear-
ance and texture over time, presenting a significant hurdle 
in accurate detection and recognition due to alterations in 
features, shapes, lines, and other aspects of the face. To sup-
port this claim, studies suggest that when investigating the 
performance of optical flow and high gradient detection on 
infants, the developed algorithm showed lower performance 
on infant facial images than on adults [31]. The reason is 
that infant skin texture, fatty tissues, and the absence of 
transient furrows reduce the algorithm’s performance. This 
claim is further emphasized by Ref. [70], indicating that dif-
ferent physical appearances, such as skin texture, can affect 
FER performance. This is also the main reason for not com-
bining multiple facial expression datasets when training the 
FER model.

Partial Occlusion  A partial occlusion occurs when certain 
parts of the face are blocked, resulting in incomplete input 
images where the entire face is not available for detection. 
These factors collectively contribute to the complexities 

and challenges faced in facial detection and recognition 
[84]. These challenges extend to natural occurrences such 
as beards, wearing glasses, hijabs, mustaches, cosmetics, 
and headscarves. Moreover, in recent times, many studies 
have been designed to detect faces even when individuals 
are wearing face masks [127, 134–138], and this technique 
could prove fruitful in overcoming these kinds of challenges.

Pre‑processing

Pre-processing plays a crucial role in enhancing the effi-
cacy of FER systems before the facial feature extraction 
process. It involves a series of steps aimed at refining, 
reducing redundant information, and optimizing the input 
data features, ultimately improving the accuracy and reli-
ability of the FER system. This process is essential in both 
conventional machine learning and deep learning methods. 
Moreover, this phase consists of different types of pro-
cesses such as face localization, facial landmark detection, 
normalization, and augmentation. Additionally, it includes 
various image-enhancing techniques like scaling, contrast 
adjustment, improving image clarity, histogram equalization, 
gamma correction, pixel brightness transformation, Fourier 
transform, and filtering.

Face Localization  Face Localization is generally used to 
detect the region and size of the human face in images or 
video sequences [125]. This approach removes unrelated 
background information that can affect prediction accuracy. 
Moreover, to detect the face from the input images, Viola-
Jones [60], Haar features [33], and the AdaBoost algorithm 
[163] have been actively used for decades. These algorithms 
were optimized for speed with integral images. However, 
Viola-Jones has some shortcomings, including non-robust-
ness in partial occlusion and pose variation. In addition, 
Region of Interest (ROI) segmentation is one of the most 

Fig. 7   Typical challenges in 
face detection
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important functions used in face localization to identify and 
mark the facial organs [113]. Nevertheless, the method fails 
to implement bounding box regression. This study [92] has 
explored the issues in bounding box regression using a CNN 
model to determine if the bounding box accurately fits on 
the face. The authors applied these steps iteratively until 
they achieved a significant face location in face images or a 
sequence of face frames.

Face Alignment  On the other hand, face landmark detection 
(face alignment) is used to mark facial features such as eye-
brows, mouth corners, eyes, and lips as shown in Fig. 8. This 
process is performed after the face detection step. It serves 
as another pre-processing method for determining the geo-
metrical model of the human face [54, 83]. This landmark 
improves the FER system performance, for instance, the 
SIFT algorithm is often employed to identify facial features. 
Subsequently, all facial expressions are aligned using related 
reference images. The facial landmarks visualize parts of 
the human face such as the eyes, mouth, nose, eyebrows, and 
jawlines, as shown in Fig. 8. Normally, it is used for images 
or video sequences to detect faces and objects [68, 156, 
167]. Also, a comprehensive review is available in this face 
mark localization for readers [68]. After, the advancement 
of deep learning methods, face landmark detection became 
easier and more proved its superiority over existing machine 
learning-based methods.

Face Normalization  Face normalization is an important pre-
processing technique employed to alleviate the impact of 
irrelevant and redundant information, such as background, 
hair, and clothing, in order to streamline the detection pro-
cess [142, 144]. By removing these non-essential elements, 
face normalization aims to enhance the effectiveness and 
efficiency of the recognition process, focusing solely on the 
facial region of interest. In layman’s terms, normalization 
is a method of rotating a non-frontal facial expression to a 
frontal pose in terms of improving face recognition. For nor-
malization, Euclidean points are being used to measure the 
position between facial features [27]. Furthermore, several 
pre-processing methods have been used but ROI and histo-
gram equalization are widely applied in FER pre-processes. 
Also, cropping and scaling were decided to apply to the face 

images, with the nose of the facial parts chosen to take as 
the central axis as well as other points physically involved. 
Noise reduction is to reduce the noise from facial images as 
median filter (MF), adaptive median filter (AMF), gaussian 
filter (GF), and bilateral filter (BF) are often used as filters 
in FER systems. Gaussian filter is used to resize the image 
which provides the smoothness of the images. Similarly, 
Histogram Equalization (EQ) is a pre-processing method 
used to enhance color contrast in image histograms which 
separates the most frequency intensity pixel values [110], 
which is commonly used in FER.

Data Augmentation  Data augmentation is a technique 
used to increase the dataset size through computational 
manipulation, including flipping, cropping, rotation, zoom-
ing, scaling, and many more. This approach helps improve 
the performance of machine learning models, particularly 
deep learning models. Data augmentation can be imple-
mented in two ways: (1) offline approach is employed when 
data should be stored in a separate folder after augmenta-
tion, and (2) the online approach dynamically augments 
data during training. This approach is widely applied in 
all deep learning (DL) techniques. However, some existing 
literature and Facial Expression Recognition (FER) papers 
have suggested [139, 169] that automatic augmentation can 
introduce possible biases through a random selection of 
samples and incorrect augmentation policies. Recently, the 
AutoAugment approach, using reinforcement learning, has 
been introduced [32], but it is computationally expensive. 
Similarly, population-based augmentation (PBA) [58] and 
population-based training (PBT) [63] have been presented, 
but they have not achieved significant results. In computer 
vision, robust research on data augmentation is still open to 
researchers.

Facial Feature Extraction Methods in ML

The feature extraction method of the FER system is the 
subsequent phase after the pre-processing stage. This stage 
involves extracting and highlighting useful information from 
unstructured data [3, 16]. This approach helps reduce poten-
tial biases in recognizing facial expressions from a vast num-
ber of features, playing a crucial role in Computer Vision. 
This section comprehensively discusses the existing machine 
learning feature extraction techniques as follows:

Global and local feature extractors are the two types of 
feature extractors commonly utilized in digital photographs 
[110, 164]. For image retrieval, object detection, and clas-
sification, global descriptors are used. Local descriptors, on 
the other hand, are utilized in object detection and identifica-
tion. Moreover, PCA is a dimensionality-reduction approach 
for extracting local and global level dimensional information 
[38, 133]. Through multi-channel observation, Independent Fig. 8   Facial landmark detection (ChildEFES dataset [105])
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component analysis (ICA) retrieves local features. The fea-
ture extraction approach stepwise linear discriminant analy-
sis (SWLDA) features extracted from forward and backward 
linear regression. It is determined by the estimated class 
label F-test values for regression models. The local curvelet 
transform (LCT) serves as a geometric feature descriptor that 
effectively captures geometrical features through a wrapping 
mechanism. This technique extracts features such as mean, 
median, and standard deviation. Additionally, energy and 
kurtosis characteristics are obtained by utilizing three-stage 
directional pyramid representations. These extracted fea-
tures contribute to a comprehensive understanding of the 
geometric properties of the analyzed data. The Gabor Filter 
serves as a texture descriptor utilized for feature extraction, 
encompassing both magnitude and phase parameters [19]. 
The magnitude feature provides limited information regard-
ing the arrangement of facial image components, while the 
phase feature complements it by providing a more compre-
hensive description. Together, these features offer a compre-
hensive representation of the texture characteristics present 
in the face image. LBP is a texture descriptor that is used 
to retrieve features from images [121]. It generates binary 
code, which can be obtained by differing the threshold levels 
between both the center and locality pixel resolution.

The HOG feature descriptor is a window-based technique 
that leverages gradient filters to extract features from images 
[38]. Specifically, it focuses on the edge information derived 
from authorized facial expression images. The HOG descrip-
tor captures visual characteristics, such as smile expressions 
characterized by curved-shaped eyes. By analyzing the gra-
dients and orientations of local image regions, HOG effec-
tively captures key facial expression features. Similarly, the 
active shape model (ASM) [40] is a mathematical prototype 
model that is frequently used to extract feature marks from 
a facial expression by incorporating local texture charac-
teristics [40, 89]. To handle the high-dimensional nature of 
extracted features, various dimensionality reduction tech-
niques, such as PCA and linear discriminant analysis (LDA), 

are employed. These techniques aim to reduce the dimen-
sionality of the feature vectors while retaining the most 
important information. Additionally, different algorithms, 
such as Viola-Jones and similar ones, are utilized to select 
the most relevant features, further enhancing the efficiency 
and effectiveness of the overall facial expression recogni-
tion process.

In summary, ML-based feature extraction techniques are 
not commonly applied in FER systems these days due to the 
handcrafted feature extraction approach. Additionally, these 
techniques are not sufficient for extracting subtle, intricate, 
and complex patterns in facial expressions. Furthermore, the 
ML approach faces challenges in handling high-dimensional 
data in the FER dataset, as well as unseen data in real-time 
scenarios with variations in illumination, pose, and extreme 
facial expressions. Moreover, it is a time-consuming process 
to find relevant features to build robust FER systems.

Classification/Recognition Approach of FER in ML

The final stage of the FER system involves emotion recog-
nition or classification, responsible for predicting specific 
labels such as happy, neutral, sad, disgust, anger, surprise, 
fear, boredom, confusion, and frustration, given input 
images. This is illustrated in Fig. 9. The FER system is typi-
cally trained with six primary emotions (happy, sad, anger, 
fear, surprise, disgust) [43, 44] due to the limited availability 
of facial expression counts in the FER dataset. Additionally, 
compound facial expressions are formed through the com-
bination of two basic emotions, resulting in a more nuanced 
emotional state [39]. In the context of facial expressions, a 
total of twenty-one emotions are represented, including the 
six main emotions, along with a neutral expression. Further-
more, there are twelve compound emotions that individuals 
can exhibit, along with three additional emotions (awed, 
appalled, and hated). On the other hand, micro-expressions 
refer to spontaneous and subtle facial muscle movements 
that occur impulsively [21, 117]. These micro-expressions 

Fig. 9   Facial expression in AffectNet [102]
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are often unobtrusive and provide valuable insights into an 
individual’s underlying emotions. They are incredibly short, 
lasting approximately 1/25 to 1/3 of a second [61].

Table 3 presents a comprehensive examination of the 
most applied machine learning algorithms in FER systems. 
The study considers factors such as the year, feature extrac-
tion techniques, machine learning algorithms for facial 
expression classification, types of datasets, the number of 
expressions, and the accuracy of each method in FER.

To begin with, HOG [1], Gabor filter [19], PCA [38], 
HAAR filters [56], Log-Gabor filter [121], LBP [121], and 
ASM [7, 89] are feature extraction methods used to extract 
facial features from pre-processed images. This approach has 
already been discussed in the previous section. The FER sys-
tem targets more than five emotions and commonly utilizes 
FER datasets such as CK, CK + , JAFFE, MMI, and PIE. 
Viola-Jones [20, 150, 159], Haar features, and the AdaBoost 

algorithm are employed to identify a face in digital images, 
as facial emotion recognition requires only the face region 
for processing and classifying emotions. Ensemble tech-
niques (combining more than one technique) are used to 
enhance facial emotion recognition efficiency before intro-
ducing the deep learning approach.

Upon closer examination, the Support Vector Machine 
emerged as a powerful supervised learning algorithm com-
monly employed for classification tasks in FER [1, 19, 140]. 
SVM works by creating an optimal line or decision bound-
ary, known as a hyperplane, that effectively separates differ-
ent classes in the data. Through a recursive process, SVM 
iteratively generates the best possible hyperplane to mini-
mize errors and maximize the margin between data points 
of different classes. This enables SVM to make accurate 
predictions and handle complex classification and regression 
problems effectively. SVM employs the maximum marginal 

Table 3   Conventional FER in machine learning

Ref Feature extraction tech-
niques

Classifier Dataset Emotions Accuracy/result

[140] Improved Cat Swarm 
Optimization (ICSO), 
DCNN,

SVM, Neural network JAFFE, CK + , PIE, 
Real-world images

Normal, Happy, Sad, 
Surprised, Anger, Fear

It gave good results in 
comparison with the four 
datasets

[1] Viola-Jones, HOG SVM Own Dataset Smile and No smile
Speech: Crying and No 

crying

Speech: 85.72%
FER: 92.88%

[19] Gabor filter SVM JAFFE, CK, CK +  Angry, Contempt, Dis-
gust, Fear, Happiness, 
Sadness, Surprise

JAFFE:96.30%,
CK:94.20%, CK + :94.26%

[159] Modified Viola-John’s KNN, SVM JAFFE, LNMIIT, CK + , 
MMI

Neutral, Happy, Sad, 
Fear, Disgust, Surprise, 
Anger

MMI:97.5, JAFFE: 
97.65, LNMIIT:99.77, 
CK + :98.56

[38] Viola-Jones-face detec-
tion, HOG-Feature 
extraction, PCA-reduce 
dimensionality of the 
feature

SVM, KNN, and 
MLPNN

CK +  Neutral, Anger, Con-
tempt, Disgust, Fear, 
Happy, Sadness, 
Surprise

93% of accuracy

[12] Viola-Jones KNN, SVM, RF, CART​ N/A Happy, Surprise, Sad, 
Anger, Disgust, Fear

98.24% of accuracy

[56] HAAR filters SVM CK, CK +  Neutral, Happy, Sad, 
Anger, Contempt, Dis-
gust, Fear, Surprise

93.7% of accuracy

[115] RST-Invariant features 
and texture features

KNN, SVM, ANN JAFFE Happy, Anger, Sadness, 
Fear, Disgust, Surprise

90% of accuracy

 [121] Viola-Jones, Haar 
feature, AdaBoost 
learning, Log-Gabor 
filters, LBP

SVM CK +  Anger, Disgust, Fear, 
Happy, Sad, and 
Surprise

79% of accuracy

[7] Active Shape Model 
(ASM) tracker

SVM CAFÉ (Child Affective 
Facial Expression)

Surprise, Anger, Hap-
piness, Sadness, Fear, 
and Disgust

93% of accuracy

[20] Haar features, Viola, 
and Jones, AdaBoost 
Classier (EmguCV, 
OpenCV)

SVM Real-time face Stimuli Joy, Sad, Surprise, 
Neutral

87.9% of accuracy
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hyperplane (MMH), facilitating the classification of features 
into six distinct emotions. Similarly, K-Nearest Neighbor is 
also a machine learning-based supervised algorithm. KNN 
[115] can be used in both classification and regression but 
is mostly employed for classification purposes. It saves all 
available occurrences and categorizes new cases based on 
image similarity measurement (distance), which is used for 
better clarification and quick calculation. The training sam-
ple is stored in n-dimensional space for analysis.

Random Forest (RF) [2] is an ensemble learning tech-
nique that combines multiple classifiers to address complex 
problems and enhance model performance. It operates in 
two phases. In the first phase, the random forest is created 
by combining multiple decision trees. In the second phase, 
predictions are made by each individual tree generated in 
the first phase. RF offers several advantages, including 
reduced training time compared to other algorithms, high 
prediction accuracy, and efficient performance with larger 
datasets. Similarly, one popular decision tree algorithm used 
within RF is classification and regression trees (CART) 
[12]. CART employs a tree-based structure and utilizes the 
if-then-else rule to predict outcomes for data points. This 
algorithm finds applications in both facial emotion recogni-
tion and facial expression recognition tasks. By leveraging 
the inherent decision-making capabilities of decision trees, 
CART contributes to accurate predictions and the effective 
recognition of facial emotions and expressions. Moreover, 
a nature-inspired algorithm was also applied to optimize the 
feature search techniques. For instance, cat swarm optimiza-
tion (CSO) is an intelligent optimization technique inspired 
by the behavior of cats and operates in two distinct modes: 
seeking mode and tracing mode [140]. In the seeking mode, 
the cat assumes a relaxed position, while in the tracing 
mode, it mimics the behavior of a cat searching for prey. 
This swarm-based approach draws upon the natural instincts 
and behaviors of cats to efficiently explore and exploit search 
spaces, leading to effective optimization results. CSO is used 
in the FER system to select the best features to improve FER 
recognition accuracy. Additionally, particle swarm optimiza-
tion (PSO) [85] and ant colony optimization (ACO) [9, 161] 
have been used in FER systems in the past.

Furthermore, neural network-based techniques have 
begun to be applied in the FER system. This architecture, 
consisting of three layers, includes the input layer, which 
receives the input data; the hidden layer, responsible for 
processing and transforming the input; and the output layer, 
which produces the classification results. This neural net-
work architecture enables the model to effectively learn and 
extract meaningful features from facial expressions, facili-
tating the accurate classification of various emotions in this 
network, parameters such as the classification feature vec-
tors, the dimension of the feature vector, and the total num-
ber of classes, such as happy, sad, surprise, neutral, angry, 

and fear, are used. One of the major strengths of feedforward 
artificial neural network techniques is the multiple-layer 
perceptron neural network (MLPNN) [38]. The neurons in 
the MLP are trained with a backpropagation learning algo-
rithm for classification, recognition, approximation, and 
prediction.

In summary, ML classifiers have struggled to general-
ize well to diverse FER datasets and real-world scenarios. 
A classifier trained on one FER dataset may not be effec-
tive when tested with unseen facial expressions, consider-
ing variations in illumination, pose, and facial expressions. 
Moreover, these classifiers are designed to handle static 
images independently, making them insufficient for extract-
ing and classifying temporal facial image sequences. Addi-
tionally, ML classifiers require a substantial amount of well-
annotated FER datasets and may encounter issues related to 
class imbalance, leading to reduced classification accuracy 
in FER. Furthermore, ML classifiers face challenges in accu-
rately recognizing emotions from facial expressions when 
dealing with variations across different individuals.

Deep Learning‑Based FER Approach

Deep learning is a field within machine learning that draws 
inspiration from the functioning of the human brain, spe-
cifically neural networks. It aims to develop algorithms and 
models that can learn and make predictions by mimicking 
the complex processes of the brain. There are several kinds 
of deep learning techniques such as Artificial Neural Net-
works (ANN), Autoencoders, Recurrent Neural Networks 
(RNN) [120], and Reinforcement learning are shown in 
Figs. 10 and 11. Among all, Convolutional Neural Networks 
(CNN) or ConvNets are frequently adapted in FER image 
processing, The main advantage of this method is combining 
the feature extraction and classification parts, which greatly 
reduces the handcrafted feature extraction process and its 
challenges. The following subsections present an overview 
of CNN and transfer learning (TL) [5, 86] techniques that are 
commonly employed in FER systems. In addition, state-of-
the-art techniques like autoencoder, GAN, Bi-LSTM, RNN, 
reinforcement learning, and ensemble methods have recently 
been applied in the FER system. These techniques increase 
the accuracy of emotion recognition when compared to 
conventional approaches and are also highly efficient for 
extracting spatiotemporal features in a sequence of facial 
expressions [34, 139].

Table 4 presents a comprehensive study of a frequently 
used deep learning algorithm in FER systems. This study 
considers factors related to deep learning techniques, data-
sets, the number of emotions, accuracy, and results across 
various datasets. The conventional FER system typically 
involves three main methods: face detection, feature extrac-
tion, and the classification of emotions such as happy, fear, 
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sad, anger, neutral, surprise, and fear. First, pre-processing 
techniques are applied to facial images, including histo-
gram equalization and conversion to grayscale. Then, face 
detection techniques such as Viola-Jones, Haar cascade, and 
multi-task convolutional neural networks are employed to 
detect a face in images or video frames. Finally, convolu-
tional neural networks extract useful information and clas-
sify emotions based on labeled datasets.

Based on analysis, CNN [13, 45, 55, 59, 64, 78] is a 
subfield of neural networks, comprised of two major 
blocks: feature extraction and classification. The CNN 
architecture includes layers such as the convolution layer, 
pooling layers, dropout, activation function, and fully con-
nected layers, along with batch normalization and regu-
larization, which are employed when CNN encounters an 

overfitting problem [2, 30, 65]. The convolution layer, the 
lowest layer, is used to extract various information from 
the input images using an (MxM) filter, and the result is 
known as a feature map. Feature maps provide information 
about the edges and corners of an image. The pooling lay-
er’s primary purpose is to reduce the dimensionality of the 
feature map and computation expense. The fully connected 
layer, responsible for connecting multiple layers, consists 
of bias, weight, and neurons. Typically, it is placed before 
the output layer of the CNN. The dropout layer is used to 
address the overfitting problem in the CNN architecture. 
The activation function initiates the connection between 
layers using neurons. Several commonly used activation 
functions include Softmax, ReLu, TanH, and Sigmoid. To 
build the CNN model, the dataset can be divided into three 

Fig. 10   Training process of FER in CNN models

Fig. 11   FER process in deep learning approach
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Table 4   Emotion classification techniques in deep learning

Conventional FER Techniques in Deep Learning

Ref Techniques Dataset Emotions Accuracy/result

[5] DCNN (VGG-16) KDEF, JAFFE Afraid, Angry, Disgust, Happy, 
Neutral, Sad, Surprised

KDEF: 93.47%,
JAFFE: 100%

[120] CNN, RNN, ConvLSTM FER-2013 Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

CNN: 65%
RNN:41%

[30] CNN, OpenCV FER-2013 Neutral, Happy, Sad, Angry, 
Surprised, Disgusted

93.95%

[118] DCNN Real-time dataset Angry, Happy, Neutral, Sad, 
Surprise

78.04%

[55] CNN FER-2013 Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

Training:97
Testing:57.4

[64] CNN FER-2013 Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

62%

[122] CNN, Haar-Cascade Classifier FER-2013 Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

Experimental done with different 
epochs

[13] CNN FER-2013 Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

Accuracy 79.8

[66] CNN FERC-2013, JAFFE Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

FERC:70.14
JAFFE: 98.65

[88] CNN, Viola-Jones, Haar feature NIMH-ChEF, CAFÉ, AM-FED, 
and EmoReact

Neutral, Happy, Sad, Surprise, 
Fear, Disgust, and Anger

46.05%

[78] CNN FER-2013 Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

70%

[2] DCNN, OpenCV ADFES-BIV, WSEFEP Happy, Sad, Anger, Surprise, 
Disgust, Fear, Neutral, Pride, 
Contempt, Embarrassment

95.12%

[149] CNN, DNNs Karolinska Directed Emotional 
(KDEF)

Afraid, Angry, Disgusted, 
Happy, Neutral, Sad, Sur-
prised

86.73 5

[65] DNNs CK + , JAFFE Sad, Happy, Surprised, Angry, 
Neutral, Disgust, Fear

JAFFE: 95.23
CK + : 93.24

[45] CNN CK + , KDEF Anger, Disgust, Fear, Happy, Sa, 
Surprise, Neutral

Testing: 97.53
JAFFE:97.53

[148] CNN FER-2013 Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

57.1%

[76] CNN FERC-2013, CK +  Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

Around 90 + 
accuracy

State-art-of-the Techniques
[162] Feature separation

model exchange-GAN
Multi-PIE, FACES, Oulu-

CASIA
Sad, Happy, Surprised, Angry, 

Neutral, Disgust, Fear
Multi-PIE: 91.08
FACES: 95.24
Oulu-CASIA:86.33

[26] Residual Variational Autoen-
coder

Affectnet Neutral, Happy, Sad, Surprise, 
Fear, Disgust, and Anger

98.0%

[98] CNN-LSTM FER-2013, CK +  Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

FER-2013:78.2
CK + : 99.7

[166] GAN Multi-PIE, MMI, RAF-DB Sad, Happy, Surprised, Angry, 
Neutral, Disgust, Fear

Multi-PIE: 93.66
MMI: 76.44
RAF-DB: 89.01

[6] Ensemble Classifier JAFFE, TFEID, Moroccan, 
Caucasian

Sad, Happy, Surprised, Angry, 
Neutral, Fear

JAFFE: 86.67
TFEID: 83.19, Moroccan: 89.47,
Caucasian: 86.36
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sets: training, validation, and testing, along with batch size 
and epochs [76, 148].

Typically, training a neural network requires a massive 
amount of data to achieve significant accuracy. In deep 
learning, data augmentation techniques, such as flipping, 
rotating, scaling, cropping, translation, and adding Gauss-
ian noise, are used to increase the size of the dataset when 
the DL model suffers from overfitting issues. TensorFlow, 
Keras, PyTorch, and various Python libraries are commonly 
employed to develop the CNN architecture. FER utilizes pre-
trained deep convolutional neural network (DCNN) models 
through appropriate transfer learning, such as VGG-16 [5], 
ResNet, DenseNet, and Inception, which are trained with 
large datasets (e.g., ImageNet) containing different classes. 
CNN yields better results when combined with transfer 
learning as the base model [5]. Also, fine-tuning is a crucial 
step in transfer learning-based FER systems, and carefully 
chosen techniques are employed to fine-tune the proposed 
model for better results. Moreover, optimizers such as Adam, 
AdaGrad, and RMSProp, along with the learning rate, are 
used to select relevant features from the available ones in this 
optimization process. Furthermore, in recent years, state-
of-the-art techniques such as Bi-LSTM [101], Autoencoder 
[26], and GAN [163] have been applied in FER to enhance 
accuracy and overcome challenges, such as the vanishing 
gradient problem in the conventional CNN approach [148]. 
Also, this approach is efficient for the extraction of spati-
otemporal features from video sequences.

In this systematic review, the performance evaluation of 
Facial Expression Recognition (FER) systems is analyzed 
by comparing various FER datasets and their accuracy, as 
presented in Tables 3 and 4. The number of facial emotions 
recognized by different machine learning and deep learning 

techniques is captured and summarized in Fig.  12. On 
the x-axis, the number of expressions recognized by FER 
methods is represented, while the y-axis displays the names 
of FER methods within the machine and deep learning 
domains. Based on the analysis conducted in this survey, it 
is observed that the majority of papers recognize up to eight 
facial expressions as the maximum number of emotions in 
their FER systems. This comparison provides insights into 
the range and diversity of emotions recognized by different 
FER methods various machine learning and deep learning 
approaches.

Figure 13 shows the most frequently used datasets, as pre-
sented in both Tables 3 and 4. The FER-2013 [52], JAFFE 
[93], and CK + [90] facial expression datasets are widely 
applied in the FER system. Moreover, many authors com-
bine more than one dataset for their experiments and test 
their FER model's accuracy, as analysed in Tables 3 and 4.

In summary, the DL model in FER is capable of learning 
hierarchical representation features from raw input images 
and capturing complex patterns of facial expression. Con-
sequently, it reduces the need for manual feature engineer-
ing, demonstrating the ability to adopt diverse large data-
sets and generalize effectively on unseen data. Moreover, it 
exhibits significant performance in handling challenges such 
as illumination, pose variation, and extreme facial expres-
sions. However, certain research gaps persist within the FER 
domain, particularly concerning posed facial expressions 
that may appear too artificial. These concerns have been 
addressed in FER datasets. Notably, when training a model 
using a posed dataset, higher accuracy is achieved. Yet, chal-
lenges arise during real-time testing, where the model may 
fail to accurately recognize facial expressions in dynamic 
environments. Additionally, issues such as poorly annotated 

Table 4   (continued)

Conventional FER Techniques in Deep Learning

Ref Techniques Dataset Emotions Accuracy/result

[72] Multi-scale convolutional and 
residual block based DCNN

FER2013, JAFFE, CK + , 
KDEF, RAFDB

Neutral, Sad, Happy, Surprised, 
Angry, Neutral, Fear, Disgust

FER2013: 80
JAFFE:99
CK + :98
KDEF:97
RAFDB:87

[145] Frequency neural network 
(FreNet)

CK + 
OULU
KDEF

Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

CK + : 98.91
OULU: 88.33
KDEF: 91.22

[104] Mobile-Net FER + 
RAF-DB

Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

FER + : 88.11
RAF-DB: 84.49

[132] Bi-LSTM SAVEE, RAVDESS, and RML Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral, Calm

SAVEE: 99.75
RAVDESS: 94.99
RML: 99.23

[102] Convolutional 3D CK + , MMI
Oulu-CASIA

Angry, Disgust, Fear, Happy, 
Sad, Surprise, Neutral

CK + : 93.45
MMI: 84.53
FERA: 93.45
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datasets with high ambiguity contribute to the complexity 
of FER research. Publicly available facial expression data-
sets are often limited in both quantity and basic expression 
variety, rendering them insufficient for training models to 
recognize real-world facial expressions. Furthermore, it is 
important to note that DL FER models are computation-
ally intensive, necessitating powerful hardware like GPUs 
or TPUs and considerable time for training. Regularization 

techniques are also crucial to address pattern generalization 
and overfitting issues arising from imbalanced datasets.

Performance Evaluation Mechanisms of FER

Performance evaluation is a crucial aspect in the field of 
FER as it allows for the quantitative comparison of different 
datasets and the effectiveness of machine learning and deep 
learning models [154]. By conducting performance evalua-
tions, researchers and practitioners can assess the accuracy, 
robustness, and overall performance of FER models in rec-
ognizing and classifying facial expressions. This evaluation 
process enables the identification of strengths and weak-
nesses in different datasets and models, facilitating improve-
ments and advancements in FER technology. There are three 
different mechanisms commonly used in FER as follows.

Subject‑Independent Analysis

Subject-independent analysis typically separates the data-
set into three parts, namely, training, validation, and testing 
(e.g., 60%, 20%, 20%). This process is commonly known 
as Hold-out cross-validation. Generally, training has more 
data than testing, also validation data could be separated 
from training data. This method helps to provide fast com-
puting analysis in FER models. However, it might produce 
high variance during evaluation, since it solely depends on 

Fig. 12   Number of Facial 
Expressions commonly used in 
FER systems
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which data point ends up training, and testing, also, it heav-
ily depends on the dataset split.

On the other hand, the K-fold cross-validation technique 
is used to overcome above mentioned issues as overfitting 
problems in FER and provide insight into model generali-
zation capabilities in unknown and independent datasets. 
Furthermore, it can be divided into:

•	 K-fold cross-validation [124], which is used to ran-
domly split the entire dataset into k groups. One group 
for testing and the remaining k-1 group for training. This 
process will repeat until each group is used for testing. 
Moreover, it has advantages when using this process in 
FER, since each group was used for training and tested 
once during model training. However, it increases com-
putation time when the train model k-times.

•	 Leave-p-out cross-validation [24], which is all possible 
of p set is used for training and validation. This method 
leads to robust evaluation of the FER model than k-fold 
validation, also it could be computationally infeasible 
depending on the p set. Furthermore, it is efficient for 
imbalanced facial expression datasets.

Cross‑Database

Cross-database validation involves assessing the perfor-
mance of the FER model on multiple datasets to ensure its 
generalization across different sources. Some studies [80, 
114, 158] have experimented with combining more than one 
dataset to enhance FER performance, primarily to address 
the limitation of annotating sufficient training samples. 
Additionally, the Deep Emo-transfer Network (DETAN) 
[81] has been introduced to mitigate dataset bias, specifically 
addressing class imbalance challenges in FER model train-
ing. Similarly, adversarial graph representation adaptation 
(AGRA) [28] has been employed in experiments to evaluate 
the cross-dataset generalization ability of FER models. How-
ever, this approach has the potential for bias when combin-
ing FER datasets, such as those from different cultures and 
age groups, which may impact accurate emotion recognition. 
Furthermore, variation in annotation styles across datasets 
can lead to confusion and affect model learning. So, before 
combining the FER dataset, through analyse is required in 
each dataset annotation style, expression count, and cultural 
context.

Evaluation Metrics

The evaluation measure plays a vital role in the training 
process, as it helps in distinguishing and selecting the best 
classifier. Choosing the appropriate evaluation metrics is 
crucial for accurately assessing the performance of a classi-
fier. Commonly used evaluation metrics in the field of FER 

include accuracy, precision, recall, F1-score, confusion 
matrix, and the Receiver Operating Characteristic (ROC) 
curve. The number of precise predictions divided by the total 
number of predictions is used to calculate accuracy.

where TP represents True Positive, FN represents False 
Negative, TN represents True Negative, and FP represents 
False Positive.

The precision metric is useful for conveying more infor-
mation compared to accuracy. It is calculated as the ratio 
of true positives (TP) to the sum of true positives and false 
positives (FP) for each class.

The recall metric measures the ability to correctly iden-
tify all positive instances. It is calculated as the ratio of true 
positives (TP) to the sum of true positives and false nega-
tives (FN) and ranges from 0 to 1, with 1 being the optimal 
value.

The F1-Score metric represents a weighted average of 
precision and recall, where a score of 0.0 indicates the worst 
performance and a score of 1.0 signifies the best perfor-
mance. In addition to the commonly used evaluation metrics 
mentioned earlier, other techniques are essential for assess-
ing the performance, efficiency, and scalability of classifi-
ers in practical applications. These evaluation techniques go 
beyond the accuracy and predictive capabilities and consider 
factors such as execution time, training time, and resource 
occupancy.

Visualization Techniques

Furthermore, Explainable Artificial Intelligence (XAI) [73, 
109] techniques are actively applied to understand and inter-
pret the results of deeper insights into DL model outcomes. 
These methods aid in comprehending which facial features 
or regions significantly contribute to FER model decisions. 
Commonly used techniques for quantifying the significance 
of different features include Shapley Additive exPlanations 
(SHAP) [73] and local interpretable model-agnostic expla-
nation (LIME) [73] Similarly, gradient-weighted class acti-
vation mapping (Grad-CAM) [131] is employed to highlight 
regions of facial features that the FER model focuses on 
when making predictions. Likewise, layer-wise relevance 
propagation (LRP) [14] decomposes the output of the neural 
network to understand the contribution of each input feature, 

(1)Accuracy = (TP + FN)∕(TP + TN + FP + FN)

(2)Precision = TP∕(TP + FP)

(3)Recall = TP∕TP + FN

(4)
F1 − Score = (2 ∗ (Precision ∗ Recall))∕((Precision + Recall))
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helping trace the feature influence on the final prediction. 
Moreover, the effectiveness of XAI approaches depends on 
the specific FER systems and the level of interpretability 
required for particular applications.

Unresolved FER Challenges and Future 
Directions

Numerous FER techniques have evolved across both theo-
retical and practical evaluation during the last few decades. 
As per the literature review, we further introduced some 
potential FER issues still not solved efficiently that depend 
on the deep learning model. The challenges are as follows:

•	 The FER system is still facing a lot of challenges such as 
illumination, pose variation, and occlusion [50]. Firstly, 
changes in lighting effects can lead to variations in the 
appearance of facial features. Also, poor lighting con-
ditions, shadows, or overexposure can obscure facial 
landmarks, affecting the system's ability to recognize 
subtle expressions. Secondly, different head poses alter 
the spatial feature relationship between facial features, 
which means extreme head rotations or tilts may result 
in partial or distorted facial information, making it dif-
ficult for the system to recognize expressions accurately. 
Thirdly, occlusion can lead to the loss of critical facial 
information, especially around key regions like the eyes 
and mouth, which are essential for accurate expression 
recognition. Many researchers have proposed solutions 
to existing challenges in a real-world setting, but they are 
still working to improve the facial expression detection 
system's accuracy. Moreover, a combination of feature 
engineering, pre-processing techniques, and the appli-
cation of advanced models can effectively generalise 
across a variety of facial situations. Furthermore, training 
FER models that function well in real-world situations 
requires a broad and representative dataset comprising 
samples with different illumination, postures, and occlu-
sions.

•	 On the other hand, the major issue is the smaller amount 
of high-quality publicly available data for FER systems. 
The existing FER dataset is mostly captured in a con-
trolled environment by professional and non-professional 
actors. Also, it consists of the basic expression pulse neu-
tral. As a result, the currently developed FER systems 
struggle to significantly generalize unseen facial expres-
sions in real-time environments. By incorporating spon-
taneous datasets with illumination and pose variation, 
FER systems can be better equipped to handle real-world 
situations. Moreover, in the domain of deep learning 
methods, FER requires a sufficient quantity and quality 
of training samples to build promising models for real-

world scenarios. These challenges necessitate efficient 
data augmentation techniques to overcome the limita-
tion of data insufficiency in FER and to help mitigate the 
class imbalance problem. Additionally, this study sug-
gests combining different well-annotated FER datasets 
to enhance the generalizability of FER systems.

•	 Likewise, the sheer volume of data presents another chal-
lenge, with datasets growing into terabytes in size. This 
poses difficulties in terms of data storage, transmission, 
and processing for FER systems. Additionally, in real-
world environments, there is a growing demand for data 
compression techniques to optimize the performance 
of FER systems. Moreover, data compression becomes 
more critical for FER systems when operating in real-
world environments.

Furthermore, based on this systematic review analysis, 
recognizing emotional states solely from facial expressions, 
without revealing the exact emotional state of the person, is 
a challenging task [143]. To address this limitation, multi-
modal emotion recognition would be beneficial for accu-
rately identifying human emotional states [130]. We also 
recommend the creation of a FER dataset encompassing dif-
ferent emotions, including both primary and secondary facial 
expressions. This initiative aims to encourage researchers 
to explore and develop efficient deep learning architectures 
capable of recognizing as many as possible facial expres-
sions accurately. Moreover, it's essential to note that the 
accuracy of deep learning models varies across datasets. 
Facial expressions are not universally standardized and are 
culturally specific. Therefore, constructing FER databases 
and annotations must prioritize label correlation and dis-
crepancies with careful consideration. In the future, young 
researchers focusing on FER should emphasize multimodal 
emotion recognition and take into account factors such as 
ethnicity, race, and cultural behavior [6].

Conclusion

In this paper, we present a detailed comparative study of 
both machine learning and deep learning techniques in FER 
systems. To conduct this analysis, we formulated a system-
atic review protocol and research questions based on the 
performance of FER systems across diverse datasets and 
the challenges they face in real-world environments. The 
conventional FER approach encompasses face detection, 
pre-processing methods, feature extraction techniques, and 
emotion classification using ML classifiers. However, these 
hand-crafted feature extraction techniques prove inefficient 
in handling complex facial features, and classifiers often 
struggle to predict accurate emotions in real-time scenar-
ios. On the other hand, DL-based techniques in FER have 
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demonstrated significant improvements in the extraction of 
relevant features for facial expression recognition, eliminat-
ing the need for manual intervention in the feature extraction 
process. Consequently, DL methods show robustness in han-
dling complex facial images, including challenges such as 
illumination, pose variation, and extreme facial expressions. 
However, it's worth noting that these methods consume more 
time in both training and testing, necessitating the use of 
GPU and TPU processors. Moreover, ensemble DL tech-
niques, as well as the use of GANs, LSTM, and Autoencod-
ers, have shown promising accuracy in current FER systems 
based on this analysis. Moreover, efficient data augmentation 
techniques, the combination of FER datasets, a hybrid well-
designed DL model, and transfer learning with fine-tuning 
techniques could help to increase FER accuracy in real-time 
scenarios. However, micro-expression and addressing cul-
tural diversity in different FER expression analyses remain 
challenging tasks due to the presence of invisible features 
and varying intensity levels of facial expressions among dif-
ferent groups, respectively.

Additionally, various types of datasets related to FER 
are examined in two ways: (1) posed and (2) spontaneous. 
The existing FER systems are mostly trained with posed 
facial expression datasets due to the limitations of spontane-
ous facial expressions. However, the available spontaneous 
dataset is highly complex, encompassing different levels of 
facial expression intensity, illumination, and pose variation. 
This analysis is conducted based on the FER approach and 
its accuracy on various datasets. As a result, there is still a 
need to design a highly efficient FER system with reduced 
computation time. This is particularly crucial with the inte-
gration of IoT for various applications, such as healthcare 
for continuous monitoring of patients' pain to customize the 
treatment plan, e-learning for assessing learners’ emotions to 
suggest content based on their engagement levels, and FER 
via IoT can help with surveillance in crowded settings by 
tracking crowd behavior, spotting possible threats, or spot-
ting emergencies based on people’s facial expressions.
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Abstract. In recent years, face detection has emerged as a prominent research field within Computer Vision (CV) and
Deep Learning. Detecting faces in images and video sequences remains a challenging task due to various factors such as
pose variation, varying illumination, occlusion, and scale differences. Despite the development of numerous face detection
algorithms in deep learning, the Viola-Jones algorithm, with its simple yet effective approach, continues to be widely used in
real-time camera applications. The conventional Viola-Jones algorithm employs AdaBoost for classifying faces in images and
videos. The challenge lies in working with cluttered real-time facial images. AdaBoost needs to search through all possible
thresholds for all samples to find the minimum training error when receiving features from Haar-like detectors. Therefore,
this exhaustive search consumes significant time to discover the best threshold values and optimize feature selection to build
an efficient classifier for face detection. In this paper, we propose enhancing the conventional Viola-Jones algorithm by
incorporating Particle Swarm Optimization (PSO) to improve its predictive accuracy, particularly in complex face images.
We leverage PSO in two key areas within the Viola-Jones framework. Firstly, PSO is employed to dynamically select optimal
threshold values for feature selection, thereby improving computational efficiency. Secondly, we adapt the feature selection
process using AdaBoost within the Viola-Jones algorithm, integrating PSO to identify the most discriminative features for
constructing a robust classifier. Our approach significantly reduces the feature selection process time and search complexity
compared to the traditional algorithm, particularly in challenging environments. We evaluated our proposed method on a
comprehensive face detection benchmark dataset, achieving impressive results, including an average true positive rate of
98.73% and a 2.1% higher average prediction accuracy when compared against both the conventional Viola-Jones approach
and contemporary state-of-the-art methods.

Keywords: AdaBoost, Computer Vision (CV), face detection algorithm, particle swarm optimization, Viola-Jones

1. Introduction

Face detection and tracking play pivotal roles
in a multitude of computer vision applications,
encompassing human-computer interaction (HCI),
human-robot interaction (HRI), computer surveil-

∗Corresponding author. M. Mohana, Department of Com-
puter Science, Avinashilingam Institute, India. E-mail:
mohana cs@avinuty.ac.in.

lance systems, biometrics, facial recognition, facial
expression recognition (FER), and various authen-
tication solutions [22]. Yet, it remains an intricate
challenge within the realms of computer vision,
image processing, and pattern recognition. Face
detection involves the identification of faces in digital
images or videos, encompassing tasks such as deter-
mining their precise locations, recognizing facial
landmarks, and even discerning emotional expres-
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sions [15]. Furthermore, achieving high detection
accuracy in complex backgrounds holds paramount
importance in real-time scenarios, where factors such
as pose variations, varying illumination, occlusions,
and scale variations pose significant hurdles [28].

In recent years, researchers have introduced vari-
ous techniques to address the challenges associated
with face detection. These techniques leverage dif-
ferent types of prior knowledge about faces and can
be broadly categorized into four distinct approaches:
(i) Knowledge-Based Approach: This approach, as
outlined in [16], relies on predefined rules based on
human understanding of facial geometry. These rules
dictate the relative distances and positions of facial
features. By applying these rules, faces are detected
and recognized. A subsequent verification process is
often employed to eliminate incorrect detections. (ii)
Template Matching Method: The template matching
method, as described in [20], involves using a pre-
defined face template or a parameterized face model
to identify faces within input images. This technique
entails analyzing the pixels within an image window
using a predefined pattern to determine the presence
of a human face. After initial detection, a verification
step is typically applied to refine the results. The edge
detection method is employed to detect specific facial
features such as eyes, nose, and mouth within a face
model. This method is utilized both for face detection
and facial feature localization. (iii) Feature-Invariant
Approach: The feature-invariant approach, as dis-
cussed in [9], focuses on extracting structural features
of the face. Initially, these features are utilized for
classifier algorithms that distinguish between faces
and non-faces in images or videos. Such features may
include skin tone, facial contours, and specific facial
elements like eyes, nose, and mouth. (iv) Appearance-
Based Approach: In the appearance-based approach,
detailed in [29, 32], a collection of representative
training face images is used to create a face model.
This model encapsulates pixel intensities, effectively
representing the human face. Machine learning tech-
niques are often employed to identify relevant facial
image characteristics.

The Viola-Jones algorithm yields significant
results in real-time scenarios. It was introduced by
Paul Viola and Michael Jones in 2001 [21]. This
algorithm is a general-purpose tool for object detec-
tion when trained with datasets of other objects. It
comprises four key components: Haar-like features
with thresholds, integral images, AdaBoost, and a
cascade classifier. Haar features are used to extract
a vast number of features for identifying faces in

images. These features are designed as black-and-
white rectangular regions where the difference in
pixel intensities is calculated. If the feature values fall
below a threshold, the detection window is classified
as positive (indicating a face); otherwise, it’s classi-
fied as negative (non-face). Integral images expedite
the Haar-like Feature extraction process. AdaBoost,
a machine-learning algorithm, selects Haar-like fea-
tures and combines them to build a strong classifier
by iteratively selecting the weak features [7]. How-
ever, constructing a classifier with a low error rate
often requires a significant number of rounds for
identifying optimal features. When using a decision
stump as a weak classifier, AdaBoost may require
more time to identify optimal features. This often
leads to a higher false-positive rate, particularly in
dynamic environments [31]. Furthermore, AdaBoost
must search among over 180,000 possible features,
involving a staggering 2.16× 1013 feature evaluation
combinations. The cascade classifier efficiently dis-
misses non-faced regions in images or video frames.
Besides, the algorithm is sensitive to face rotation,
potentially leading to missed detections if faces
are not upright. Scale variations are another chal-
lenge, impacting accuracy for extremely small or
large faces. The algorithm’s computational complex-
ity during training time is one of its shortcomings, as
it necessitates a large number of features due to the
exhaustive search mechanism used in the AdaBoost
algorithm. Moreover, faces that are partially obscured
or hidden by occlusions might not be accurately
detected. These challenges stem from the selection of
numerous features in AdaBoost and the time required
to determine the optimal threshold values for iden-
tifying strong features while detecting faces in the
search window. However, several studies [5–7, 9]
have suggested exploring more homogeneous feature
types to enhance detector performance. Nevertheless,
expanding the number of features inevitably leads to
a larger feature set and increased storage memory
requirements. As the feature space grows signifi-
cantly, it becomes evident that the exhaustive search
mechanism employed in the standard AdaBoost algo-
rithm is inadequate for efficiently managing the
search process. Consequently, this prolongs the train-
ing time, which constitutes one of the primary factors
discouraging many approaches from exploring alter-
native feature types.

On the other hand, the advancement of deep learn-
ing approaches, such as YOLO [40, 41], SSD [44],
Fast-RCNN [47], and CNN-based face detection
[43], offers significant performance in a real-time
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environment. These algorithms are general object
detection methods designed for real-time process-
ing speed but may not be as specialized for face
detection. They could encounter challenges, espe-
cially in scenarios with crowded faces, impacting
optimal face detection performance. Similarly, Faster
R-CNN achieves high accuracy in complex scenarios
in images and video sequences but demands a sub-
stantial amount of training data and computational
resources. This makes it less suitable for simple appli-
cations. Notwithstanding, these algorithms require a
large amount of data for training and significant com-
putational resources [46] for implementation on small
devices such as mobile cameras.

In this paper, we proposed a Particle Swarm Opti-
mization (PSO) algorithm that integrates into the
AdaBoost framework and replaces the exhaustive
search used in the original AdaBoost for efficient fea-
ture selection and finding the optimal threshold values
in the decision stump. PSO is used in a wide range of
feature screening optimization and computer vision
tasks and has given promising results so far [8, 11].
The proposed approach aims to expedite the training
process time, minimize the training error, and develop
a robust classifier for face detection by selecting dis-
criminative features. The essential contributions of
this paper are as follows:

• We have optimized the extraneous feature
selection process in AdaBoost with the PSO
algorithm,
• Threshold values of the AdaBoost selection pro-

cess are optimized using PSO,
• The proposed method has reduced the computa-

tional time during the feature selection process,
and,
• The performance of the proposed method has

been compared with the conventional method
using related metrics of the face detection algo-
rithm.

This paper is organized into five sections. Sec-
tion 2 presents related works regarding face detection
using evolutionary and heuristic approaches and
challenges. Section 3 summarizes background infor-
mation on conventional methods. Section 4 discusses
the proposed Viola-Jones algorithm utilizing PSO.
Section 5 presents the experimental results and com-
parison of other state-of-the-art algorithms. Finally,
Section 6 concludes the overall works, findings, and
results summary.

2. Related work

2.1. Selection criteria

This section presents existing works in the face
detection approach, focusing on efforts to reduce
computational time and optimize the feature selec-
tion using evolutionary and heuristic approaches like
PSO. To gather related works for this analysis, we
conducted searches across various databases, includ-
ing Scopus, Web of Science, IEEE, and Science
Direct. We used specific keywords such as “Face
Detection”, “PSO”, “Viola-Jones algorithm”, and
“Object Detection and PSO” to refine the search.
While many keywords were available, we limited our
search to find papers related to Viola-Jones and evo-
lutionary algorithms. Fig. 1 illustrates the PRISMA
(Preferred Reporting Items for Systematic Review
and Meta-Analysis Protocols) flow diagram, depict-
ing the paper selection process and the exclusion
criteria applied to carry out this research work. Addi-
tionally, this paper [2, 27] provides insights into
existing face detection methods and highlights cur-
rent challenges that occur still in the real-time face
detection process.

2.2. Face detection using machine learning

Perez and Vallejos [7] proposed using PSO to
optimize template-based face detection on frontal
faces. This approach yielded significant results, rely-
ing on face size and line integral values. Lu and Ming
[35] introduced a composite feature-based face detec-
tion algorithm to enhance the detection rate of rigid
objects on faces. They conducted an experiment using
the FDDB benchmark dataset and achieved consid-
erable results compared to conventional approaches.
Huang et al. [34] improved the Viola-Jones algorithm
by upgrading it with HoloLens and enhancing face
detection using Haar-like rectangle features. This
approach resulted in a 12% increase in average detec-
tion accuracy compared to existing face detection
methods. Mohemmed et al. [5] proposed optimizing
the AdaBoost feature selection process using the PSO
evolutionary algorithm. This method selects the best
features and optimizes the threshold values within
the search space. Experiments were conducted with a
“Wisconsin Breast Cancer” image dataset, achieving
an average classification rate of 0.97% and a false-
negative rate of 0.02%. Similarly, Zakaria and Suandi
[38] combined a neural network with AdaBoost
methods for face detection, improving detection per-
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Fig. 1. Prisma flow diagram for paper selection for this study.

formance and creating a robust AdaBoost classifier.
However, the method was too complex for rapid
face detection. An AdaBoost neural network, devel-
oped by Zakaria et al. [39], is hierarchical, with the
skin module roughly identifying faces, the AdaBoost
filtering non-face regions, and the neural network
serving as the primary face recognition tool. Li et al.
[19] created a Gaussian model for skin color distri-
bution, identified regions with different shades, and
detected skin color areas using a cascade classifier.
Additionally, the work of Lee et al. [33] attempted
to incorporate a weight adjustment factor into a nor-
malized support vector machine (SVM) as the base
learner for AdaBoost.

In addition, Zhang and Ye [14] modified AdaBoost
by incorporating two features: used PSO to determine
the threshold values corresponding to the optimal
solution of these two features, and they formed a
strong classifier by combining weak classifiers based
on these dual features. Zhang and Fan [12] employed
Q-statistic correlation determination in training weak
classifiers to reduce commonality among them and

eliminate similar rectangular functionalities. In a
study conducted by Yang et al. [36], they utilized a
neural network and AdaBoost to develop an efficient
pedestrian detection algorithm. Krishnan et al. [46]
designed face detection for thermal and visible image
registration using a saliency map strategy integrated
with PSO techniques. The author achieved an aver-
age improvement of 16.93% similarity index score
and 7.02% image quality index score. Subsequently,
Besnassi et al. [47] introduced a dispersed Haar fil-
ter and optimized it with PSO, differential evolution,
and genetic algorithm. The author achieved signif-
icant results when using Haar-differential evolution
on frontal face detection on various state-of-the-art
face detection datasets. Babu et al. [50] presented
a facial expression recognition system based on a
Deep belief network and PSO used for feature extrac-
tion with PCA. Taherkhania et al. [4] developed a
CNN based on AdaBoost to reduce the computational
processing time required for component prediction
over large training datasets. These approaches either
reduce training time or enhance detection rates, but
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Fig. 2. Sample Face Detection challenge images [30].

none of them completely address the shortcomings of
the Viola-Jones-based face detection algorithm. Sim-
ilarly, Deep learning-based approaches like the paper
[45] have presented a modified version of U-NET for
significant face detection and recognition accuracy
of face images captured by AI cameras with filters.
This study attained reasonable detection and recog-
nition accuracy on AI face images. Ranjan et al. [42]
introduced a deep pyramid single-shot face detec-
tor method for face verification and identification.
However, this study does not focus on face-detection
challenging images.

2.3. Face detection challenges

Face detection is the first step of various face-
related applications such as face recognition, facial
emotions recognition, face tracking, and face anal-
ysis. The process of face detection is to identify
the location of the face in images or video frames.
There are two different types of factors that affect
the effectiveness of the face detection algorithm.
One is intrinsic factors that affect face appearances
through facial hair, sunglasses, age, and cosmetics,
and another one is extrinsic factors, which are illu-
mination, pose variation, scale variations, and noise
[30]. However, face detection techniques always
require an efficient method to detect the face in var-
ious challenging conditions [12]. Figure 2 shows
examples of typical challenges associated with faces.

The first one is locating, and detecting the face is
not an easy task in motion and when it has a com-
plex environment. The second one is the illumination
which affects the image visibility by the magnitude
of light intensity as well as patterns of shading and
shadows of the visible image. The third one is, pose

variations with different rotations of the face ori-
entation. It is one of the serious problems for face
identification. However, the face detection system can
handle rotation of head movement up to 40◦ in the
Viola-Jones algorithm. It becomes more challenging
when it goes to a higher angle if the trained image
is with a particular angle. The final one is occlusion,
which is a blockage on the face. It is one of the hard-
est challenges in face detection when the whole face
is not available as input images.

Hence, there are several face detection algorithms
in deep learning and machine learning. Currently, the
Viola-Jones algorithm is still widely used in digital
cameras and social networking applications. Many
authors have attempted to modify the Viola-Jones
algorithm using various techniques for general object
detection purposes. However, there is still a gap in
identifying problems and exploring new approaches
for improvement.

3. Methodology

This section briefly explains the fundamental tax-
onomy of the Viola-Jones and PSO algorithms and
their significance in integrating to enhance face detec-
tion performance.

3.1. Viola-Jones algorithm

Viola and Jones [21] introduced the Viola-Jones
algorithm for general object detection, but it was later
trained using face images for face detection.

The Pseudocode for the AdaBoost algorithm is as
follows:
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Algorithm 1 Pseudocode for AdaBoost [21]

Given N examples (x1, y1) , . . . (xi, yi) .., (xM, yM ) where yi ∈ {0, 1}
Define initial weights w1,i = 1/2m, 1/2l for yi = 0, 1 respectively, where m and l

represent the number of negative and positive entries.
for t=1,. . . ..,T do

(1) For each feature j, train a classifier hj ()
(2) Evaluate the error of the classifier ∈t =

∑
i=0 wt,i.bi

(3) Select a classifier ht() with the minimum error ∈t

Update weights:wt+1,i = wt,iβ
1−bi
t (2)

where bi=0 if ht(xi) = yi, bi =1 otherwise
with βt = ∈t/(1− ∈t) (3)

end for
Output strong classifier:

H (x) =
{

1, if sign
(∑T

t=1 αtbt (I) ≥ θ
∑T

t=1 αt

)
is positive

0, otherwise

With αt = log (1/βt)

Fig. 3. Haar-like Features for feature extraction.

This system accelerates the detection process by
promptly eliminating non-face images upon detec-
tion. It employs four fundamental sets of Haar-like
features, Integral images, AdaBoost, and Cascade
classifier. For identifying facial features, this sys-
tem utilizes five sets of Haar-wavelet features, which
are black-and-white regions subtracted to compute
features (refer to Fig. 3(a)). Approximately 1.80 mil-
lion pixels of features are generated by varying the
height, width, and feature position in a 24× 24 mov-
ing window, as depicted in Fig. 3(b). Integral images
play a crucial role in rapidly computing these simple
features, as defined by Equation (1). To construct a
robust classifier, it’s important to note the abundance
of rectangle attributes associated with sub-windows
[35, 13].

II (x, y) =
∑

xi≤x,y′≤y

I
(
xi, yi

)
(1)

Recalling a substantial number of features selected
from rectangles allows for the construction of an

effective classifier. The primary objective is to iden-
tify the relevant features. The fundamental AdaBoost
algorithm is presented in Algorithm 1. This algorithm
iteratively trains a weak classifier over T rounds.
During training, the algorithm adjusts the weights
for samples that were misclassified, increasing the
weight for those misidentified and decreasing it for
those correctly identified. Likewise, correctly clas-
sified samples are less likely to be included in the
next iteration, while misclassified samples are given
greater consideration. AdaBoost takes a training sam-
ple, denoted as S = (x1, y1) , . . . (xi, yi) .., (xm, ym)
with a size M, as input. In this context, each sample
xi represents a vector in the domain space X, and yi

represents a label in the label space Y. A weight vector
is assigned to each sample and updated during each
iteration of the training process (as described in Equa-
tion (2)). The error rate for each sample is calculated
using Equation (3), as shown AdaBoost algorithm.
Based on the weights assigned to the weak classi-
fiers h1, and h2, the final strong classifier, H(x), is
determined. Therefore, this algorithm is particularly
focused on challenging facial samples that are diffi-
cult to detect. This research work focuses on binary
classification in which Y = {0, 1}.

3.2. Particle swarm optimization

This algorithm works based on a population
approach to determine optimal function parameters
through a naturally inspired optimization method
known as particle swarm optimization (PSO) [5, 18,
25]. PSO, a stochastic gradient technique inspired
by the collective behavior of a swarm, was initially
proposed by James Kennedy in 1995. In the PSO
algorithm, each solution is referred to as a particle
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in the search space. These particles have cost val-
ues that are optimized by a cost function, and their
velocities define their orientation [26, 3].

The PSO process begins with a random population
of particles drawn from the original solution space,
and their velocities are initialized at irregular inter-
vals within the problem search area. The motion of
all particles is guided by the most promising location
in the search space, as well as the best position of
each particle. The ideal position for each particle is
attained by adjusting the particle’s speed and acceler-
ation [37]. According to the following equation, the
velocity and position of each particle ‘i’ are updated
at iteration ‘t’:

Vi (t + 1) = Vi (t)+ c1s1 (Pi (t)−Qi (t))

+ c2s2
(
P

g
i (t)−Qi (t)

)
(4)

Qi (t + 1) = Qi (t)+ Vi(t + 1) (5)

Here, s1 and s2 represent random values within the
range [0,1], while c1 and c2 represent cognitive con-
stants, andP andV denote the position and velocity of
the particles, respectively. In each iteration, all par-
ticles undergo dynamic modifications based on the

aforementioned position and velocity, as defined by
the algorithm above. Consequently, in most cases,
the velocity quickly attains extremely high values,
especially for a population distant from its global
optimum. PSO consists of two topologies: the Global
Neighborhood Topology, which promotes informa-
tion sharing among particles, and the Ring Topology,
which restricts knowledge transfer and prevents a
population from converging to a local best solution
[3].

4. Combining Viola-Jones with PSO

In this paper, we propose two ways of approaches
to optimize the Viola-Jones algorithm for enhancing
prediction accuracy and minimizing training errors.
First, we employ PSO to select the optimal threshold
values in the decision stump for choosing the best
features. Second, we optimize AdaBoost to select the
optimal features, enhancing face detection accuracy
and speed on cluttered real-time images.

The proposed algorithm of Viola-Jones using PSO
pseudo-code is given below.

Algorithm 2 Proposed Viola-Jones algorithm using PSO

Input: Original sample images
Output: Identified face will be shown in the bounding box

for i← 1 to number of different scale images do
Load sample image to create imagesi
Calculate integral image, imagesi,i

Given N labeled samples (x1, y1) , . . . (xi, yi) .., (xN, yN ) where yi ∈ {0, 1}
(0,1 class labels)

Initialize w1,i = 1/2m, 1/2p for yi = 0, 1, where m and p represent
no. of negative and positive samples respectively.

for t=1,. . . ..,T do
(1) Initialize the weights: wt,i = wt,i∑n

j=1
wt,j

for each feature j, instruct a classifier hj ()

(2) If t ≤ T/2

Optimize weak classifiers
{

hj()
}J

j=1
using PSO algorithm:

{ht,∈t} = PSO
({

hj

}j

j=1
, {xn, yn, wn}Nn=1

)
Evaluate the fitness function for each particle
Select the classifiers ht() matching to the particles at the best global position

end if

(3) Assess the classifier weights αt = log
1−Ïµt

Ïµt

(4) Reform weights:wt+1,i = wt,iβ
1−bi
t where bi=1 if ht(xi) = yi, bi =–1 otherwise

with βt = ∈t/(1− ∈t)
end for
Output strong classifier:

H (x) =
{

1, if sign
(∑T

t=1 αtbt (I) ≥ θ
∑T

t=1 αt

)
is positive

−1, otherwise

With αt = log (1/βt)
If sub-window verified all per-stage checks then

Select this sub-window as a face
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end if
end for

Optimization Function PSO ( ) for AdaBoost method
Input arguments

{
{hi()}jj=1, {xn, yn, wn}Nn=1

}
Define Cs, Cg = 2, Wmin = 0.2, w = wmax = 1.5
Define random parameters: rs, rg ∈ [0, 1]
Define state vector: X

j
t ∈ RD and V l

t ∈ RD with random values.
for l=1, . . . , L

for i=1, . . . , I
(1) Set a classifier h (Xl

t ; ; x) to the training examples using weights Adwn

(2) Evaluate ∈j
t =

∑N

n=1
wn X

∣∣h

(
Xl

i
;;xn

)
−yn

∣∣∑N

n=1
Wn

(8)

(3) Updates the particles:
Vi (t + 1) = Vi (t)+ csrs (Q1 (t)−Xi (t))+ cgrg(Qg

2 (t)−Xi (t))
Xi (t + 1) = Xi (t)+ Vi(t + 1)

(4) Update the personal best point Qs
i , if necessary

end for
(5) Update the global best point Qg, if necessary
(6) Update momentum: w wmax − l

L
(wmax − wmin)

end for

return
{

hQg (),∈h
Qg()

}

4.1. Selecting threshold value using PSO

In the proposed method, for selection of threshold
values, a weak classifier has significantly improved
the computational efficiency of the base algorithm by
utilizing a decision tree with two leaves, commonly
known as a decision stump instead of exhaustively
searching for a multitude of features to construct a
weak classifier, we employ PSO to pinpoint the opti-
mal decision stump threshold. When decision stumps
are employed as weak classifiers on complex datasets,
the algorithm must explore all possible thresholds
to minimize training error. Consequently, finding the
best threshold values can be time-consuming. In such
cases, an evolutionary search strategy PSO is invalu-
able as a proposed approach, accelerating the training
of an AdaBoost classifier. Furthermore, each iteration
of the PSO approach is dedicated to learning a new
weak classifier, and through numerous runs, it may
uncover the ideal set of values that collectively form
a strong classifier.

In the PSO algorithm, the cost function is uti-
lized to optimize each particle within the entire
solution space. Particles employ thresholding values
to categorize the solution space into two classes: 1
(representing ’face’) and 0 (representing ‘non-face’).
In the initial stage, sample values greater than the
threshold are classified as 1, while values below the
threshold are classified as 0. This classification is
reversed in the subsequent stage during the training
of weak classifiers. The training loss is computed
for each subgroup, and the weak classifier output

with the lowest error is selected. For instance, let
S = ((x1, y1) . . . . (xn, yn)) represent a training set of
weak classifiers, where the labels yi ∈ {0, 1}. To cal-
culate each particle, a decision stump requires three
parameters: the decision limit (+1 or 0), index charac-
teristics (j), and the optimized threshold value to split
the solution space. For input examples x, Equation
(6) defines the positive cost function, while Equation
(7) defines the negative stump.

hj,θ + (x) =
{
+x, if x(j) ≥ θ

x, otherwise
(6)

hj,θ − (x) =
{
−x, if x(j) ≥ θ

x, otherwise
(7)

The computational cost of the enhanced Viola-
Jones algorithm depends on two factors: the
population size (S) and the number of iterations
(T). Each step in the boosting procedure opti-
mizes the S×T classifiers. PSO is employed to
select the best threshold Haar-like features in the
AdaBoost.

4.2. Selecting the best features in the AdaBoost
algorithm using PSO

Enhancing the speed of the face detector with-
out compromising classifier accuracy is a crucial
objective. However, the exhaustive feature selection
process in AdaBoost often leads to increased com-



A
U

TH
O

R
 C

O
P

Y

M. Mohana et al. / Revisiting face detection 10735

Fig. 4. Training and testing sample images (a) Face images (Positive Images) [23] (b) non-face images (Negative Images) [24].

plexity. Furthermore, the limited learning capacity
of the simple decision stump classifier reduces the
efficiency of conventional face detection approach.
To address this, we have incorporated the PSO in
AdaBoost for the selection of the optimal features
for face detection and optimizing the computa-
tional processing time. Considering these factors,
we propose two improvements to our face detec-
tor to reduce the computational burden of feature
selection and enhance the selection speed. Firstly,
we employ PSO to select optimized threshold val-
ues, as discussed in the previous section. Lastly,
we combine the PSO technique with the AdaBoost
algorithm, enabling rapid exploration of the entire
feature space and the selection of the most optimal
feature sets, thus expediting the training pro-
cess and minimise the training error. Algorithm
2 illustrates the proposed Viola-Jones using PSO
approach.

In the AdaBoost classifier, exhaustive searches are
conducted each time to select relevant features and
minimize classification errors. To address the high
complexity associated with this exhaustive search,
we introduced the use of PSO within the AdaBoost
algorithm. PSO is applied to explore potential fea-
ture locations, sizes, orientations, and combinations,
resulting in the selection of a discriminative feature
set. These selected features are then incorporated into
AdaBoost to construct an ensemble classifier. The
PSO demonstrates efficient search capabilities com-
pared to exhaustive search techniques. In PSO, each
particle could explore not only its own space but also
the spaces of other particles. Consequently, many par-
ticles collectively strive to identify the best possible
positions. However, this collaborative approach can
lead to a decline in the diversity of selected features
as we integrated a random feature selection approach.
Specifically, we initially employ PSO to identify the
most relevant features at an early stage. As the boost-

ing phase unfolds, our proposed approach transitions
to random feature selection to uncover additional
discriminative features, thus expanding the pool of
candidate features. This adjustment strikes a balance
between efficient feature selection and the preserva-
tion of feature diversity, enabling us to discover a
wider range of optimal features during the boosting
process.

5. Experiments and discussion

This section analyzes the performance of the con-
ventional Viola-Jones algorithm and compares it
with an improved approach incorporating PSO opti-
mization. In the conventional Viola-Jones algorithm,
AdaBoost employs an exhaustive search to build
a weak classifier, while in the proposed approach,
AdaBoost utilizes an optimized search to select the
best features and threshold values. Furthermore, sig-
nificantly reduced the false positive rate.

5.1. Dataset description

Face images were collected from the Year-
book Dataset of frontal-facing American high-school
seniors [23], while non-face images were obtained
from the Stanford Background Dataset [24] and Ima-
geNet [10]. These images are used for both training
and testing purposes. These databases contain 4,999
different face images and 6,960 non-face images,
all with a pixel resolution of 25× 25. The positive
and negative images are randomly divided into two
folders. The training folder comprises 1,200 positive
and 1,000 negative grayscale images (See Fig. 4).
The test set consists of 750 positive and 658 nega-
tive images. This experiment was validated using the
Wider Face test benchmark dataset, which includes
various real-time facial detection challenge images
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[30]. The dataset comprises 32,203 photographs and
labels 393,703 faces, covering a wide range of scales,
poses, and occlusions.

5.2. Evaluation metrics

The face detection algorithm has two classes: faces
and non-faces. The performance of the proposed
method is evaluated using Equations (9) and (10).
The True Positive Rate (TPR) is used to measure how
well the model correctly predicts the positive class.
The equation for TPR is given below:

TPR = True Positive (TP)

True Positive (TP)+False Negative (FN)
(9)

False Positive Rate (FPR) is used to measure the
outcome of the model that incorrectly predicted the
negative classes. This equation is given below:

FPR = False Positive (FP)

False Positive (FP)+True Negative (TN)
(10)

To construct the weak classifier for selecting the
best threshold value, we examined the particle’s size
and maximum iteration using the ImageNet dataset.
The results are displayed in Table 1 showing the per-
formance of various particle sizes and their iterations.
The selected optimal threshold value is then applied
in the feature selection section of AdaBoost to opti-
mize the features and computation time. Besides, the
best PSO parameters were chosen according to Table
1 (Particle size 20 and iteration 100).

5.3. Parameter setting and threshold selection

To analyse the proposed approach reliability, accu-
racy and time spend of each sample parameter are
used. The proposed approach consists of 200 par-
ticles and could run for up to 1,000 iterations for
constructing a weak classifier. However, it terminates
if there is improvements are observed in the feature
selection process within the global solution search
space. Initially, the population is randomly defined,
with the feature selection parameters (x, y, w, h) in
the range of [0, 250] and the feature type in the range
of [0, 4]. The social value parameters are set to c1 and
c2, both ranging from 100 to −100. Random values
are independently sampled from the range [0, 1], and
Q1 and Q2 are both set to 3.05. These experiments
were conducted with 1,000 iterations, and the results,

Table 1
The training error of the training dataset

S (No. of particles) T (Iterations) Training Error

5 50 0.9034
5 100 0.8912
10 100 0.8713
10 50 0.9613
20 100 0.8531
20 50 0.1034
30 100 0.8989

Table 2
Number of features needed for detection

Best Average Worst

Viola-Jones 340 340 340
Proposed 120 134 150

including the best, worst, and average, are reported
in Table 2. These experiments were run on Google
Colab with GPU K80.

5.4. Feature selection using PSO

The proposed approach is analyzed in terms of
classifier accuracy and execution time. The experi-
ments were repeated ten times for each algorithm,
and the best, average, and worst outcomes are pre-
sented in Table 2. Additionally, the analysis indicates
the number of features required for face detection
process on complex face images. The performance
of face detection is influenced by both the population
size and the number of PSO iterations. The results
demonstrate the effectiveness of PSO for optimal fea-
ture selection in this problem when compared to the
conventional Viola-Jones algorithm.

This experiment reveals that the proposed method
utilizes as few features as possible compared to the
conventional algorithm. Table 2 shows the number
of features generated for a strong classifier during
the training process. Viola-Jones with PSO required
only 120 features in the best case, 134 in the average
case, and 150 features in the worst case for building
the weak classifiers, whereas the conventional Viola-
Jones algorithm required 340 features in the best case.
Therefore, the proposed method constructs superior
classifiers using only 120 features in the best case,
which is significantly fewer than the conventional
Viola-Jones method.

Table 3 summarizes the overall comparison
between the conventional Viola-Jones and the pro-
posed method on the ImageNet test dataset. The
proposed approach achieved an average classification
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Table 3
Face detection performance

Approach TPR(Average) FPR(Average) Time

Viola-Jones 96.63 % 0.0337 52.5s
Proposed 98.73 % 0.0127 30.6s

Fig. 5. ROC curves of Conventional-VJ and VJ with PSO.

accuracy rate of 98.73% and a False Positive Rate
(FPR) of 1.27% on the face images when testing.
In contrast, the conventional Viola-Jones algorithm
achieved an average accuracy of 96.63% and a 3.37%
FPR on the face images. These results indicate that
the proposed method is not only more efficient than
the Conventional-VJ algorithm but also more effec-
tive in classifying unseen datasets. Furthermore, the
proposed method requires less time to test the dataset
compared to the conventional algorithm.

The performance of the proposed approach and
the conventional Viola-Jones algorithm is depicted
using the Receiver Operating Characteristic (ROC)
curve (See Fig. 5). The performance of the proposed
method is represented in orange color, whereas the
conventional Viola-Jones algorithm’s performance is
shown in green. According to the ROC curve, the
proposed approach achieved a 98.73% accuracy on
the face and non-face image dataset, whereas the
conventional algorithm achieved 96.63%. After a
successful testing process, the proposed approach
converted as face detection model also saved as .XML
file, allowing it to detect faces in various challenging
contexts. Finally, a comparison of the performance
of the classic machine learning based face detection
algorithm and the proposed technique is presented in
Table 4. The Viola-Jones algorithm with PSO per-
formed effectively in various face detection complex
real-time face images, including scale variation, illu-
mination, pose variation, and occlusion, compared to

Table 4
Performance comparison of the proposed method with another

approach in Face Detection

Face detection approach Accuracy

Viola–Jones, Geometric Distribution [17] 95%
Viola–Jones, Condensation Algorithm
(CA), NN, SVM [6]

95%

Skin Color Algorithm, Circular Hough
Transform [1]

80%

Kalman Filter, Principal Component
Analysis (PCA), Local-Binary-Pattern
(LBP), SVM [2]

95%

Proposed (Viola-Jone with PSO) 98.73%

the conventional method. Table 5 shows the results
of prosed approach detection performance and con-
ventional approach.

The computational complexity of the optimized
Viola-Jones algorithm is determined by two parame-
ters: S, which represents the number of particles, and
T, which represents the number of iterations. In con-
trast, the computational complexity of the AdaBoost
algorithm is determined by the parameter N, denoting
the number of samples. The time complexity of the
proposed algorithm at each stage of the boosting tech-
nique is O(S×T), whereas the time complexity in the
base model is O(Nˆ2). The basic AdaBoost technique
trains a weak classifier in polynomial time, while the
improved PSO-based Viola-Jones algorithm’s time
complexity scales linearly with S and T.

6. Conclusion

In this paper, we propose an efficient and enhanced
face detection approach using PSO in Viola-Jones to
improve prediction accuracy for complex real-time
face images. This research work aims to enhance the
optimal feature selection process and global thresh-
old determination in AdaBoost and Haar-like features
using PSO. The use of PSO enables a reduction in
false-positive rates and computational time signif-
icantly. The proposed approach constructs a more
efficient weak classifier for face detection in com-
plex face images. Instead of an exhaustive feature
search, PSO optimizes the selection process, lead-
ing to better performance. The proposed method is
validated on the Wider face detection benchmark
and demonstrated superior results compared to the
conventional algorithm. It achieved an impressive
average true positive rate of 98.73% with only a
1.27% false positive rate. Additionally, the proposed
approach significantly reduced face detection time
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Table 5
Performance comparison of proposed and conventional Viola-Jones algorithm on the Wider benchmark dataset [30]

Challenges in Face Detection Conventional Viola-Jones Viola-Jones with PSO

Scale variation

Illumination

Pose variation

(Continued)
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Table 5
(Continued)

Occlusion

on the test samples. Although the proposed approach
outperformed the conventional algorithm in terms of
true positive rate, longer training time on the dataset.
The results suggest that the proposed method can be
a promising solution for achieving accurate and rapid
face detection in various applications.
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