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Abstract—Facial Emotion Recognition (FER) has
become acrucial topic of study in domains including
security, healthcare, and human-computer interaction.
A thorough analysis of the most recent techniques,
models, and datasets utilized in FER is provided in this
review study. Existing surveys were analyzed to identify
research gaps and address areas needing improvement.
FER datasets are categorized into six emotions sadness,
happi- ness, fear, anger, surprise and disgust. The key
steps of FER pre-processing, feature extraction and
classification are covered in this paper along with a
comparison of several deep learning- based models and
their performance standards. Challenges such as dataset
imbalance, real-time processing, cultural biases, and
model scalability are highlighted, along with potential
solutions. Additionally, future trends like multi-modal
approaches, transfer learning, and reinforcement
learning for personalized emotion detection are
explored. The findings offer insights into model selection
for specific datasets and applications, helping future
researchers develop robust face emotion recognition
systems. Thisreview aims to facilitate advancements in
FER by guiding the creation of scalable and adaptable
models capable of performing effectively in real-world
surveillance and other applications.

Index Terms—Facial Emotion Recognition (FER), Deep
Learning, Human-Computer Interaction, Transfer
Learning, Surveil- lance Systems.

I.  INTRODUCTION

Human facial expressions are essential visual cues
that play a critical role in communicating emotions,
allowing individuals to interpret the feelings of others
through direct observation, images, or videos. While
humans naturally decode these expressions with ease,
they pose a significant challenge for machines to
accurately interpret. According to psychologist Albert
Mehrabian, emotional communication consists of
multiple components: only 7% is conveyed through
spoken language, while 38% comes from vocal
elements such as tone, pitch, and speech rhythm,
which can vary widely across cultures. Notably,
facial expressions contributea substantial 55% to

emotional communication [1], making them the most
significant factor in conveying emotional states.
Being able to read someone’s facial expressions
gives you important information about their emotions
andmental health as well as a glimpse into the actions
that are motivated by those feelings. Recognizing
these expressions accurately can inform fields like
psychology, marketing, security, and education,
where understanding emotional responses is critical.
However, current deep learning systems often
struggle to interpret emotions are inherently
complexand exhibit minor variations in expression,
facial expressions can be accurately captured and
variations in lighting, angles, and individual facial
features [2].

Despite significant advancements in computer
vision and deep learning, challenges such as these
hinder the widespread commercial application of
emotion recognition technologies. Many existing
systems face limitations in real-time analysis, cultural
bias, and the ability to recognize complex emotional
states like mixed emotions or micro- expressions.
Addressing these challenges requires further research
into more robust models that can generalize well
across diverse populations and real-world conditions,
enhancing the general dependability and accuracy of
face emotion detection systems. Developments in
this field might have a broad influence because facial
expressions are crucial for emotional communication
from enhancing human- computer interactions to
developing more intuitive assistive technologies and
improving mental health assessments [3]. Therefore,
ongoing review in facial expression recognition is
crucial to unlocking its full potential across various
industries. Numerous fields of human-computer
interaction, including  smartphones, efficient
computing, intelligent control systems, behavioral and
psychological research, pattern recognition,defense,
social media analytics, robotics, and more, have seen
extensive use of facial emotion recognition (FER).
These systems can improve decision-making, user
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experiences, and offer insightful feedback to refine
current technology by deciphering emotions from
facial expressions. Deeplearning and computer vision
advances are the driving forces behind FER
technology, which enables real-time, automated
detection, analysis, and interpretation of emotional
signals.

The development of FER systems is grounded in
foundational psychological studies. The psychologists
PaulEkman and Wallace Friesen identified six basic
emotions in the 20th century disgust, fear, pleasure,
sadness, and surprise through cross-cultural research.
These emotions were shown to be universally
identifiable despite cultural differences [4]. Later,
contempt was added as a seventh basic emotion,

expanding the emotional spectrum. This universality
in emotional expression has been instrumental in
building robust FER systems that can generalize
across populations [5]. This step recognizes and
extracts face characteristics from pictures or video
frames, including the lips, chin, eyes, nose, and
eyebrows. To find the face and facial landmarks in a
picture, face recognition algorithms like Haar
Cascades or methods based on deep learning like
MTCNN  (Multi-task  Cascaded Convolutional
Networks) are frequently used. Once facial landmarks
are detected, more detailed features are extracted from
different regions of the face to capture subtle
changesin expression [6].

Despite these advancements, challenges remain in
developing systems that can accurately recognize a
wide range of complex and subtle emotions, including
mixed or masked expressions. The accuracy of
systems can also be impacted by facial angles,
occlusions,  lighting  conditions, and cultural
differences. Further research is needed to address
these limitations, particularly by incorporating more
diverse datasets and improving the robustness of
models in real-world environments [7]. As FER
technology develops further, it has the potential to
transform a number of sectors by giving robots the
ability to recognize and react to human emotions
bringing us closer to more empathetic and human
centered deep learning systems.

Emotions are cognitive states or phases that humans
experience, often intertwined with moods, attitudes,
temperament,  personality,  disposition,  and
motivation. These emotions are complex, multi-
dimensional phenomena that can be influenced by

both internal cognitive processesand external stimuli

(8].

They can be broadly categorized into binary
sentiments, such as positive and negative, depending
on the psychological context or the specific events that
trigger them. An individual’s behavior, ideas, and
interactions are greatly influenced by theseemotional
states, which frequently result in dynamic changes
throughout time.
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Fig. 1. Facial emotion classification process

Due to this inherent complexity, researchers face
significant challenges when studying emotions,
especially whenattempting to model or simulate them
in human-computerinteraction systems. Emotions
vary not only from person to person but also across
different cultural and situational contexts, and
researchers often adopt their own definitionsand
assumptions about emotions, It may result in
inconsistent results and make it challenging to draw
broad generalizations about face emotion
identification. The absence of agreed-upondefinitions
for emaotions, coupled with their subjective nature,
presents an ongoing challenge for developing
universally accurate systems for emotion detection.

Despite these challenges, emotions are universal to
humans and a core set of emaotions is recognizable
across cultures, which forms the basis for discrete
emotion theory [10]. This theory suggests that certain
basic emotions are biologically innate and can be
identified through specific facial expressions,
regardless of cultural background. According to Paul
Ekman, people from all walks of life experience the
six main emotions of fear, joy, sorrow, surprise,
disgust, and anger that shown in figure 1. Ekman’s
model of basic emotions has been widely validated
and is a cornerstone in the making of facial emotion
recognition systems which use both facial and vocal
cues to identify and classify these emotional states.

Ekman’s theory has greatly influenced the design of
FER systems which rely heavily on facial expressions
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and vocal data to categorize emotional states
accurately. FER systems areable to identify patterns
linked to each of the six fundamental emotions by
examining particular facial characteristics, suchas
the movements of the lips, eyes, and eyebrows [11].
The inclusion of vocal data, such as tone, pitch and
speech rhythm further enhances the accuracy of these
systems enabling amore nuanced understanding of
emotions in real-time.
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Fig. 2. Plutchik’s Emotion Wheel Model

Alternatively, In Plutchik’s Emotion Wheel as
shownin figure 2 offers a more comprehensive
model of human emotions. Plutchik expands the
range of The eight main emotions joy, fear, anger,
sorrow, trust, contempt, surprise,and anticipation are
considered fundamental emotions. Hismodel suggests
that emotions exist on a spectrum where complex
emotions emerge as combinations of the basic ones.
For instance, combining joy and trust results in love
while fear and surprise combine to create. Plutchik’s
model also introduces the idea of emotional intensity
where each basic emotion can vary in strength
offering a more granular approach to understanding
emotional states [12]. Plutchik’s theory emphasizes
the interconnectedness of emotions proposing that
they are not isolated states but can blend to form more
complex emotional experiences. This approach has
been used to develop more complex systems for
emotion identification and analysis in a number of
domains, including affective computing, psychology,
and artificial intelligence.

Regarding the recognition of facial emotions (FER),
both Ekman’s and Plutchik’s models are critical in
shaping how these systems are trained and developed.
By focusing on universally recognizable facial cues
and combining them with vocal and contextual data,
In practical applications, FER systems are becoming
more and more adept at identifying a variety of
emotions However, many challenges remain

particularly in distinguishing between subtle or
mixed emotions, where the expression of multiple
emotions overlaps, making it harder to classify them
with high accuracy.

The cultural variability of emotional expression also
complicates FER. While core emotions like happiness
or anger are universally recognizable the intensity
and way these emotions are expressed can differ
significantly across cultures [13]. For instance,
certain cultures may promote the repression of
specific emations, like grief or anger, which results
in more muted facial expressions, whilst other cultures
may promote the more overt exhibition of emotions.
FER systems must account for these cultural
differences to improve accuracy across diverse
populations.

Furthermore, contextual elements like social
interactions and  environmental  circumstances
frequently have an impacton emotional states which
are not always captured by facial expressions alone.
Current research is exploring multi-modal approaches
that incorporate contextual information such asbody
posture  environmental cues and situational
background to offer a more comprehensive
comprehension of emotional states [14]. Combining
these with deep learning techniques FER systems are
evolving toward more robust, context-aware models
that can detect emotions with greater precision in real-
time applications.

The goal of this review paper is to:

- To review all the research paper conducted on
Human Behaviour Analytics in Deep Learning,
with a focus on Facial Expression Recognition.

- To provide a comparative analysis of research
acrossdifferent categories of datasets, including
used in surveillance-based emotion recognition.

- To discuss the challenges faced in FER for
surveillance systems and propose possible
solutions to address these issues.

- To explore future trends that are expected to
shape the field of human behaviour analysis in
surveillance systems.

- To offer insights into potential real-life
applications of Human Behaviour Analytics,
particularly in enhancing security monitoring and
public safety using surveillance systems.

In this review prior studies that employed small
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datasetsto examine deep learning models with a focus
on research conducted up until August 2024. This
section outlines theprogression of these models and
highlights key milestonesin their development.
Next, They give a thorough rundown of the
approaches, strategies, and tactics employed in these
investigations, addressing the advantages and
disadvantages of different datasets as well as their
processing methodologies.

Following this, the paper delves into an in-depth
analysis of the key concepts, algorithms and
techniques that were prominent in publications prior
to 2020. This historical contextsets the stage for
understanding how current approaches have evolved.
The discussion addresses not only the technological
advances but also challenges related to scalability
model interpretability and ethical concerns, such as
data privacy and bias in deep learning.

After presenting this technical foundation we are offer
a critical analysis of existing research gaps and
provide forward looking recommendations. These
include emerging trends in deep learning such as
transfer learning, explainable DLand the integration
of multimodal data to enhance behaviour analysis in
complex environments. The recommendations aim
to guide future research toward approaches that could
significantly increase the scope and depth of
knowledge inthis field.

This research draws from a wide range of academic
sourcesincluding peer reviewed papers from Scopus,
Google Scholar, Elsevier, IEEE and additional
scientific datasets. By synthe- sizing insights from
these diverse sources The purpose of the study is to
present a comprehensive assessment of the stateof
behavior analysis powered by deep learning in
educational contexts and propose actionable steps for
future improvements.

Il. DATASETS USED FOR FER SYSTEMS

In order to continuously improve face emotion
identification algorithms, facial expression datasets
are essential gathering relevant data is to creating
automated algorithms that identify emotional groups.
Although the accuracy rate for emotionclassification
has improved significantly it has yet to reach optimal
levels. Taking into account that a person may exhibit
awide range of emotions, frequently shifting quickly
in a little period of time a comprehensive training
dataset is essentialto account for these variations.

As the number of emotions to be recognized
increases without a large enough and varied training
set, neural networks find it harder to discriminate
between them correctly. Moreover, training datasets
must be sufficiently diverse to avoid biases
particularly when dealing with minority classes.

The impact of illnesses or physical disabilities that
might result in either temporary or permanent facial
paralysis is another important factor to consider,
potentially leading to misclassification or even
incorrect diagnoses of psychological disorders [1].
The accuracy of emotion classification can vary
significantly between different datasets even when the
same neural network architecture is used [15].

Currently, there are an enormous number of datasets
for emotion detection that contain photographs with
varying dimensions, poses, emotions on faces,
lighting and topics per image. Usually, these photos
are taken in either controlled settings where
expressions are simulated or in natural, uncontrolled
settings where variations are more extensive. Images
captured in controlled environments tend to have
limited background variation while those collected in
natural settings reflect a broader diversity. The
environment in which the data is collected can impact
the accuracy of emotion classification, particularly in
relation to factors like skin colour or ethnicity. In this
review has also shown that cultural norms and societal
influences affect how individuals express certain
emotions.

For FER systems to achieve robust performance,
large and diverse datasets, particularly those captured
in natural settings with dynamic conditions, are
essential. Since that each person’s facial expressions
vary somewhat from another,the quality and diversity
of training datasets greatly influenceshow effective
these systems are emotions may overlap orindividuals
may not visibly express their emotions at all.

In table 1 presents a summary of the most widely used
emotion recognition datasets commonly referenced in
neural network training literature. These datasets
which include both single images and sequences of
images or videos depicting specific emotions provide
key information such as the envi- ronment used for
data collection the number of images, the type of
color images, the number of subjects involved and
the variety of facial expressions captured. This
information is based on a review of existing studies.
To effectively analyze both facial and body behavior
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for emotion detection it’s crucial to leverage a
comprehensive dataset. The training procedure which
depends on a sizable set of labeled instances is
crucial to the effectiveness of DL models. In the
context of Facial Expression Recognition (FER)
numerous datasets have been developed to support
researchers in this task. These datasets vary in the
number of images and videos they contain aswell
as other factors like lighting conditions diversity in the
population and variations in facial expressions and
poses. Eachdataset provides unique challenges and
advantages for building accurate models.

I1l. APPROACHES BASED ON DEEP
LEARNING ALGORITHMS

In many artificial intelligence applications
including those neural networks are widely utilized in
data science, computer vision, machine learning, deep
learning, and natural language processing. They
efficiently strike a balance between classification
accuracy and processing speed and complex
architectures that can quickly recognize and
categorize patterns by performing the necessary
operations to extract certain attributes have been
developed as a result of recent advancements.
Typically, a neural network goes through threemain
stages of operation:

Training phase: By comparing its predictions with the
actual ground truth values, In order to enhance
performance, thenetwork modifies its settings.

Phase of wvalidation: In this stage, the model’s
performance is objectively evaluated against a
different validation dataset, helping to ensure that the
model generalizes well.

Phase of testing: In this stage, input data are sent
throughthe various components of the network in
order to generatean output value or forecast.

In computer vision applications, neural networks have
been shown to be effective like picture
categorization particularly in applications like face
identification and facial emotion recognition. Beyond
their primary use in surveillance systems neural
networks are increasingly being applied in medical
diagnostics to identify patient conditions [34] and in
user interaction applications [35].

As previously mentioned, Deep neural networks
havegained popularity in the field of emotion

identification dueto their exceptional performance.
The domain of computervision is particularly fond
of the following kinds of DNNs:

Multi-layer Perceptron: Made up of several fully
linkedlayers, MLP is the most basic kind of DNN.
It can lessen the significant processing power
demands that more intricatedeep learning models
sometimes entail.

Convolutional Neural Network: CNNs automatically
extractfeatures from input data and are widely utilized
in computer vision, facilitating tasks like image
classification. They useone or more convolutional
layers that carry out convolutional operations using
filters, enabling the model to represent the input data
at a high level.

Recurrent Neural Network: RNNs are excellent at
handling sequential data, including text and time
series. Natural language processing (NLP), image
captioning, speech recognition, and language
translation all often employ them. RNNSs include a
”memory” mechanism that enables them to use
knowledge from past inputs for determining current
outputs, and they are distinguished by parameter
sharing throughout network levels.

TABLE |
A SUMMARY OF SOME DATASETS

datasets Description Emotions

AffectNet Over 440,000 photos Six fundamental

[15] gathered from emotions
the internet. an

dneutral.

RAFD DB | Real world 30,000 images.| Six fundamental

[16] emotions

an
dneutral.

SFEW [17] | 700 photos including Six fundamental
varying head emotions
poses, lighting, an
occlusion, andages. dneutral.

FER 2013 | 35,887 grayscale photos Six fundamental

[18] that were emotions
gathered via Google Image an
Search. dneutral.

MMI [19] 2,900 videos annotated Six fundamental
with neu- emotions
tral, onset, peak, and an
offset labels. dneutral.

RaFD [20] | 8,040 photos including Six fundamental
various age, emotions
gender, sex, and facial an
postures. dneutral.

CASME IlI| 247 of micro{ Regression,

[21] seque Surprise,
nces Disgust, Happy,
expressions. and others.

Oulu-CASIA| 2,880 films taken under Six fundamental

[22] three dis- emotions
tinct lighting scenarios. an

dneutral.
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In table 2 summarizes, a number of DNN-based
architec- tures have shown notable progress in

emotion identification.

TABLE Il

ARCHITECTURE TYPES AND MODELS

IJIRT 170726

'(:EEEQ/IAEPZB 289 picture sequences. Andger, ll_:efar, IArchitecture [Type
(23] P RELEt CNN ResNetl2, ResNet34, ResNet56, 2D-

Human3.6M| A Tlarge-scale dataset forl Walking, Sitting, ResNet,

[24] hu- o Discussing, Eat- EmoResNet, VGG14, VGG16, VGG17,
man pose estimation and Ing, Talkmg,
behavior recognition, VGG-
featuring 3.6 million 3D M, GoogleNet, LeNet, YOLOV3,
human - poses ~ captured EfficientNet, AlexNet, CAER-Net, CAER-
from multiple
viewpoints. ' Net-S, MTCNN

gllPllHuman IALmIO?Jt 40,000 persons Walksl_ng, Jugp- GAN GAN, 2k GAN

ose apele ) ing, Sitting, Run-

Dataset[25] | across  approximately | ning, Dancing. RNN LSTM, EmoNet
25,000 pho- tos from
YouTube recordings of .
reqular people. ' Convolutional Neural Networks (CNNs) are the most

COCO [26] ]E’éirftm%fltithe COCO dataset _Runnsl_f:t@ JUPTP- used DNN architecture in facial emotion recognition

- Ing, Sitting, Play- . .
person keypoint mg, Riding‘Ta&_ (FER) systemsshown in figure 3. A sequence of
gg;e;tjigrﬁtigﬁ'nutﬂim??g ing. convolutional and pooling procedures make up a
various real-world typical CNN architecture, then a Soft- Max function
SCEnes. for multiclass classification and multiple full

Kinetics 700] A large-scale dataset Running, P y

[27] containing Dancing, connected (FC) layers.
around 650,000 video Playing,
clips labeledwith 700 Cooking, Fully
human activities. E;%gtr:ﬂ?g T | Concn;ctcd

PoseTrack | Dataset for multi-person| Walking, Input Gl

[28] pose esti- Running, o} o
mation and tracking, | Dancing, i
featuring an- notated | Interacting. o
body joints and ~. O
movements in  video 0
sequences. \ J\ )

ActRec- A dataset for classroom| Listening,

Classroom bEhlalV'_or i 5000 Reading, Feature Extraction Classification

[29] analysis  witl ,000+ | Writing, Raising H H
images, in- cluding | Hand, Fatigue. Fig. 3. CNN Architecture
student_ ) behav_lor
e '\:\',‘ﬁtingp_ay'”g There are several benefits of using a CNN for FER

'3\{At An?otatela actions in. Walking, systems. First, CNNs perform at very high levels.

atase! real-wor i .

[30] scenes,  focusing  on Li'g&?ﬁg They also eliminate the need for human feature
IspatiIC)tenjporalf ) Clapping, Sitting. extraction because the learning process is done
ocalization o man . .. .
actio:fs ' in ,ongf’form automatically on the training data. The capacity to

SIETAT \éideos. - - N transfer learning, which enables later models to be

ocuses on uman Q| , oad, Neu- .

i behavior anal- t,afr?/mking constructed upon the fundamental layers of previously
ysis under varying pose, trained CNNs, is one of the most prominent
lighting, and  facial
expressions, ideal for advantages [36].
real-world applications.

J-HMDB A smaller but highly] Walking, . .

[32] curated Climbing, Because information from one task may be
gsga%e; d")‘/’ggrfztr?r']'gg{i’gzz E.QCE'QS transferred to another transfer learning is especially
in various actions from | Running, beneficial as By doing away with the requirement to
real-world video clips. i ini i H

i i ' acquire new training data for every job, it cuts down

Penn Action | Includes 2,326 video Walking, . :

[33] sequences of Running, on processing time [37].Consequently, compared to
15 different activities Jumping, A ;
with detailedhuman joint | Kicking. building a network from scratch,It is usually faster
and action annotations. Dancing. and often takes a smaller dataset to usea network

that has been trained with transferable learning.The
majority of pre-trained networks were developed
using portions of the ImageNet collection which
contains a wide variety of picture data [38].

Google’s Inception network is one of the most well-
known CNN-based designs for a variety of picture
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categorization applications [39]. Known for its
complex architecture the inception network has
evolved continually in terms ofspeed and accuracy,
resulting in several versions from V1 (also referred
to as GooglLeNet) to V4 [40]. Due to the impressive
performance of ResNet a hybrid version knownas
Inception-ResNet has also been developed [41]. The
foundation of Inception networks is the Inception
module,which integrates convolutional, pooling, and
concatenationoperations. The distinctive feature of
the Inception moduleis its ability to execute
convolutional operations at the same level with
several filters of varying sizes. This design choice
allows the model to become wider rather than deeper,
effectively mitigating the risk of overfitting.
Additionally, the architecture replaces fully connected
layers with average pooling at the network’s end,
significantly reducing the number of unnecessary
parameters. Throughout its evolution each version of
the inception network has aimed to enhance
computational efficiency while minimizing the
number of parameters achieving improvements that
also contributed to reducing the error rate. As a result,
various research use different variants of the Inception
network for fine-tuning,emotion recognition, transfer
learning and feature extraction [42].

The Visual Geometry Group (VGG) convolutional
neural network is another noteworthy design that
performs well in emotion recognition. [43]. The VGG
model has other versions such as VGG16 and
VGG19 which function based on the same
fundamental principles but differ mainly in their
level of detail. The network’s depth rises as the model
moves from basic to more sophisticated iterations
adding more convolutional layers in succession to the
initial layers. Despite the large size of the VGG
architecture, which requires substantial time for
parameter training, it has yielded promising results in
various applications. Consequently, different VGG
variants have been employed in numerous studies
focusing on emotion recognition and related tasks
[44].

AlexNet [45] and LeNet [46] feature similar
architectural designs but AlexNet is distinguished by
its significantly greater number of stacked
convolutional layers, while LeNet incorporates a
pooling layer immediately following certain
convolutional layers. LeNet is notable for being
one of the pioneering models that introduced
convolutional neural networks (CNNs). By using

some of the channels from the previous layer for each
filter in the convolutional layers, LeNetbreaks the
network’s symmetry and lowers the computational
cost. Average pooling is used by the subsampling
layers. Although designed for low-resolution images,
LeNet’s performance was limited by the
computational power available at the time, resulting
in less impactful outcomes. Both AlexNet and LeNet
have been utilized in [47] this to assess techniques for
transfer learning applications and face expression
recognition [48].

With convolutional layers, the YOLOv3 [49]
architecture  substitutes  independent  logistic
classifiers for the conventional SoftMax activation
functions. This allows for predictions to be made
at three different scales, enhancing the model’s
accuracy in object detection. The YOLOv3 face
detection model has been utilized for feature
extraction in [50] this.

Another notable CNN is EfficientNet [51], It has been
enhanced to get a high degree of precision.
Compound scaling is a technique used in this model
to efficiently expand the model size. EfficientNet
achieves balanced and Using a predetermined set of
coefficients to scale each dimension uniformly
improves efficient performance instead than altering
the width, depth or resolution randomly.

Convolutional neural networks (CNNs) as shown in
table 3 are often the neural network design most
frequently utilized for emotion recognition. CNNs
have continually shown notable results in both
practical applications and theoretical ~model
development, whether they are combined with other
types of networks or utilized individually for
extraction of features fol-lowed by classification.
Moreover, this architecture enables the creation of
functional solutions for real-time implementation.

TABLE 111
CNN DESIGN UTILIZED IN FER SYSTEMS

Architecture Emotions | Accuracy | Dataset Used
Detected

CNN [37] 7 99.69% CK+
VGG16 [44] 6 76.2% FER-2013
AlexNet, 8 99.93%, Multi-PIE,
GoogLeNet, 98.58% CK+
LeNet [45]
SVM [52] 7 94.69% BU4D
ResNet50 [53] 9 85% Caltech-256
Two-level CNN 5 96%, 85%| Caltech
[54]

aces,

NIST
ResNet50 [55] 6 92.78% FER-2013
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Deep neural networks, which are being developed to
sim- ulate intricate human cognitive functions are
becoming more and more reliant on generative
adversarial networks (GANs) for facial emotion
recognition (FER) systems.

Generator Model

Binary Classification
Real/Fake)

Fig. 4. GAN Architecture

Researchers are exploring GANS’ potential to enhance
the capabilities of neural networks, particularly their
ability toapproach human-like thought processes. For
example, in the realm of computer vision GANs not
only attempt to replicate images based on training data
but also train themselves to create entirely new highly
realistic images [59].

In GAN architecture shown in figure 4, the generative
model creates outputs based on given input and these
are evaluated by a discriminator model which
identifies whether the results are real or generated
by the network. GANs arealso flexible in that they
can impose relational inductive biases in the data. For
instance, in facial recognition tasks, facial landmarks
are modeled as graphs, allowing the systemto make
inferences about facial attributes and identity [60].

Recurrent neural networks (RNNs) are also
commonly usedin facial emotion recognition (FER)
systems. shown in figure 5, The key distinction
between RNNSs and traditional neural networks lies in
their recurrent layers, where connections between
neurons form cycles. In FER, RNNs are often utilized
for processing sequences of images. In these cases,
each imagein the sequence can depend on the context
established by priorimages enabling more effective
emotion recognition. RNNs use forward propagation
and store data that may be required later. If the
model’s prediction is incorrect adjustments are made
using the learning rate. With each backpropagation
cycle, the model’s accuracy improves incrementally.

2D CNN-LSTM 7 79.9% RAF-DB
[56]
CNN-RNN [57] 7 78.4%, MMI, CK+
3.9% Input layer Hidden layers Output layer
MTCNN [58] 8 60.99%, FER 2013,
99.22% iSPL

Fig. 5. RNN Architecture

Facial Emotion Recognition (FER) systems are
capable of recognizing and detecting human
emotions, but because each person experiences
emotions differently, they are not always 100%
accurate. Interpreting the context is also crucial for
understanding human emotions, which remains a
challenging task for Al-based systems. However, the
process of recogniz- ing facial emotions enables
differentiation between allies and adversaries between
potential and real threats, serving as a vital source of
information in social interactions. From this
standpoint the significance of FER systems
becomes clear.As interpersonal relationships deepen,
perceiving the emotionsof others becomes critical for
effective communication. Addi- tionally, In human-
computer interaction, automated emotion recognition
is crucial, helping to reduce some of the artificial
aspects of such interactions and improving
communication.

IV. RESEARCH CHALLENGES AND OPEN
ISSUES

We analysis various papers research gaps in existing
methods for group tracking in video monitoring
systems, particularly when comparing learning-based
approaches. One key issue is the extended inference
time of learning-basedmethods, which can take 1 to
4.5 times longer than the total running time of a
video, making them impractical for real-time
applications. Current methods often fail to maintain
accurate tracking when objects are blocked from
view [63].

Need for representative datasets tailored to specific
environments, considering factors like age, gender,
race, culture, clothing, and climate, which can restrict
the model’s applicability across diverse settings.
Model aims to maintain low computational
complexity, there are concerns aboutits processing
speed and efficiency, especially for real-time
applications, which must be addressed to enable
practical deployment in surveillance systems [64].

The scalability and adaptability of the model are also
not addressed, particularly how it can be extended to
different surveillance environments or handling
varying numbers ofconsumer products, a key factor
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for practical deployment.The paper does not consider
user privacy and data protection crucial aspects when
using video surveillance for consumer product
detection in today’s technology-driven landscape [15].

One significant gap is the limited use of temporal
information, as in HAR studies have focused on
traditional machine learning algorithms without fully
utilizing thepotential of deep learning to model time
sequences effectively.Additionally, the variability of
activities and residents in smart home environments
poses a challenge, with existingmodels often failing to
account for the diversity in human behavior, including
differences in age, health conditions, and interactions
with pets [65].

The study identifies several critical concerns related
to the detection of depression using video analysis,
focusing on the issues of false positives, false
negatives, and the importance of reliable data
annotation. One major risk is the occurrenceof false
positives, where individuals may be mistakenly iden-
tified as depressed, potentially causing unnecessary
distress. Conversely, false negatives represent missed
opportunities for early intervention, where individuals
in need of support are overlooked. Both scenarios
highlight the need for improved accuracy in detection
systems [66].

V. FUTURE DIRECTIONS

There are a number of exciting avenues for
developing deception detection with contemporary
deep learning (DL) methods. Convolutional neural
networks (CNNs) and recurrent neural networks
(RNNs), two sophisticated models that can
automatically uncover intricate patterns from
unprocessed data, may be integrated in future
studies. While most of the existing literature relies
on Adopting deep learning methodologies can
provide deeper insights into the interactionbetween
verbal and nonverbal clues in deception scenarios, in
contrast to typical machine learning techniques like
decision trees and support vector machines (SVMs).
Combining these methods may result in detection
systems that are more reliable and accurate in fields
like behavioral video analysis and natural language
processing.

Furthermore, Super-Resolution techniques can
enhance the effectiveness of deception detection
systems by improvingthe quality of surveillance
footage. Traditional interpolation methods like bi-
linear or bi-cubic interpolation often fail to reconstruct

the lost information accurately. In contrast, models
such as SRCNN (Super-Resolution Convolutional
Neural Network) and VDSR (Very Deep Super-
Resolution) offer superior performance by learning
high-level representations of low-resolution inputs
which could significantly benefit small or blurry
visual data in surveillance.

Transfer learning, which enables models trained on
huge, popular data sets to change to smaller, domain-
specific datasets, is another significant development
in the area. In Facial Emotion Recognition (FER)
systems, transfer learning ensures that pre-trained
models can be fine tuned to identify emotions with
minimal data requirements significantly reducing the
time and resources needed to train models from
scratch. This approach provides a workable
alternative forreal-time emotion identification as it is
particularly applicable in situations when labeled data
is limited.

In addition, Deep Reinforcement Learning presents an
innovative direction for emotion behavior analysis.
Deep Reinforcement Learning enables Al agents
to interact with their environment, receive feedback
through rewards,and optimize their actions over
time. This capability can be extended to facial
emotion classification systems by continuously
learning from diverse scenarios and emotional states.
DRL can help detect personalized emotional
responses that vary across individuals, thus improving
the overall performance of emotion recognition in
real-world applications.

These future directions collectively highlight the need
for multi-disciplinary approaches that incorporate
deep learning algorithms, advanced vision systems,
and reinforcement learn-ing. With further exploration,
these innovations can drive significant progress in
deception detection and human behavior analysis,
paving the way for more reliable, scalable and
adaptive surveillance systems.

VI. CONCLUSION

Due to its numerous uses in fields including
education, surveillance, and human-computer
interaction, facial emotion recognition, or FER, has
attracted a lot of interest lately. However, the research
in this domain still faces challenges including the need
for comprehensive datasets, improved model
accuracy and better handling of complex emotional
states. By emphasizing important elements including
datasets, pre-processing techniques, feature extraction
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methods, and classification methodologies, this study
sought to present a comprehensive picture of the
current status of FER.

The paper conducted an in-depth analysis of the
existing surveys and datasets categorizing them
into groups suchas sadness, happiness, fear, anger,
surprise  and disgustto emphasize the diversity
required for FER systems to generalize well across
different populations. It was observed that a major gap
exists in well-balanced datasets for children, adult
people indicating a potential area for future work.
Through a comparison of deep learning models, their
architectural differences and benchmark accuracies
the study offers insights that will help guide
researchers in selecting appropriate models based on
specific datasets and applications.

The study examined outstanding issues such real-time
processing limits in addition to reviewing the
advantages and  disadvantages of  current
approaches. interpretability of the model, dataset
imbalance and cultural biases in emotion recognition.
Possible solutions were suggested to overcome these
challenges, along with a discussion of future trends in
FER, including transfer learning, multi-modal
analysis andreinforcement learning techniques.

The development of FER systems will be greatly
aided by developments in architectures for deep
learning and the acces- sible availability of more
varied datasets as the field develops.By addressing the
identified research gaps and open issues future studies
can develop more robust, adaptable, and scalableFER
solutions, especially in surveillance environments
where the need for accurate emotion recognition is
paramount.
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