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Abstract

It’s widely accepted that human expressions, considering for roughly sixty percent of all
daily interactions, are among the most authentic forms of communication. Numerous
studies are being conducted to explore the importance of facial expressions and the devel-
opment of machine-assisted recognition techniques. Significant progress is being made in
facial and expression recognition, largely due to the rapid growth of machine learning and
computer vision. A variety of algorithmic approaches and methods exist for detecting and
recognizing facial expressions and features. This study investigates various optimization
algorithms used with convolutional neural networks for facial expression recognition. The
primary focus is on Adam, RMSProp, stochastic gradient descent and AdaMax optimizers.
A comprehensive comparison is being made, examining the key aspects of each optimizer,
including its advantages and disadvantages. Furthermore, the study also incorporates find-
ings from recent studies that used these optimizers in various applications, highlighting
their performance in terms of training time and precision. The aim is to illuminate the
process of selecting a suitable optimizer for specific applications, analysing the trade-offs
between training speed and higher accuracy levels. Moreover, this study provides a deeper
analysis of the role optimizers play in machine learning-based facial expression recognition
models. The discussion of the technical challenges posed by these optimizers and future
improvements for achieving much more optimal results concludes the study.

1 INTRODUCTION

Facial recognition and detection technology is going through
major iterations. Nowadays, our smartphones are also able to
use our faces as an authentication method to unlock our devices.
Faces like fingerprints are unique, with millions of unique traits
that differentiate them from one another. Machines and other
systems will analyse and evaluate all this data, which leads to a
more accurate output. Unfortunately, just like other data-based
models the facial detection system is still not 100% perfect.
Nevertheless, it has almost reached a stage where it is commer-
cially respectable in our daily lives Bui et al. [1]. Facial detection
can be used for many things from unlocking phones, autho-
rizing downloads, protecting data, approving transactions and
many more. The increase in the amount of data being processed
has had a huge effect on information technology development.
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From the earliest phases of computer vision development,
researchers have been working on an alternative to solve the
problem of recognizing a person based on face image analysis
[2].

“Facial detection” refers to the process of recognizing and
localizing human faces that are included in digital still pho-
tographs and moving movies. This technology can be utilized
for a wide number of reasons, including entertainment, surveil-
lance, social networking, and even safety [3]. There has been a
significant amount of development in face detection over the
course of the years, with several algorithms and methods being
presented to handle the issues of detecting faces in contexts that
are complex and variable. These advancements have allowed
for a greater number of people to be able to identify faces. The
application of face detection technology may be traced back to
the 1970s, when the first automated facial recognition systems
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were built. Since that time, facial detection technology has been
used in a variety of settings [4]. Moreover, the commencement
of the Internet can be attributed to this decade. These early sys-
tems depended on easy template matching methods, in which
a photo was first supplied into the system, and then that image
was compared to a database of face templates to identify a
match. These early systems relied on template-matching meth-
ods. These algorithms have a limited degree of precision and
were only able to differentiate between individuals’ faces in envi-
ronments that were extremely well-orchestrated. The decade
of the 1990s witnessed the beginning of an expansion of the
application of facial recognition technology outside of the realm
of security and surveillance [5]. This development came about
because of technological advancements. There has been a surge
in demand for automated technologies that are able to detect
and recognize faces in digital images. This need can be attributed
to the widespread adoption of digital cameras and the internet.

The initial step in facial analysis is face detection, which then
leads to all the other facial analysis methods such as face recog-
nition, face verification, face modelling, face alignment, face
tracking, and so on. Face detection is the first step [6]. Face
detection is described as a categorization of patterns in which
the input is an image, and the ultimate output of the class will
be chosen based on the image. This means that the input and
output of face detection are both determined by the image. To
put it another way, the class takes an image as its input, and the
image itself determines what the class produces. For a computer
system to be able to detect and recognize whether the image
being displayed is a face or something else, it needs to be trained
to employ computer vision and machine learning. This train-
ing takes some time. Face recognition can also be broken down
into four distinct subprocesses, which are known as appearance-
based techniques, knowledge-based methods, template-based
methods, and feature-invariant methods [7]. During the pro-
cess of detection, the system considers several different facial
variations and features. These include the shape of the face, the
colour of the eyes, the colour of the skin, the shape of the lips,
the size of the nose, as well as other characteristics of the face
(Figure 1).

1.1 Face detection

Face detection apps are able to identify human faces in
photographs that also contain other components, such as land-
scapes, buildings, and other human body parts like feet or hands
[8]. This is made possible by machine learning (ML) and algo-
rithms used by face detection apps. Because human faces are
easily distinguishable from other facial features, this is feasible.
According to [9], one type of algorithm that can be utilized for
the purpose of detecting faces is referred to as a convolutional
neural network (CNN). In the process of analysing images, the
use of CNNs is common [10]. CNNs are a type of artificial neu-
ral network. They are designed to be able to take data in the
form of images as input and process that data through multiple
layers, each of which extracts different features from the input
data [11]. This capability is built into their architecture.

FIGURE 1 General facial detection method.

After that, the results of the very last layer are put to use
for the purpose of making a prediction or carrying out a clas-
sification. During the training process, CNNs can be taught to
recognize faces in the context of face detection by being shown
a large dataset of images [11]. This allows CNNs to learn how to
identify faces [12]. One component of the training process is the
modification of the network’s weights and biases. This is done
with the intention of bringing the amount of variance that exists
between the predicted output and the actual output down to a
more manageable level. After it has been trained, the CNN can
be used to recognize faces in new images by feeding the image
into the network and making a prediction based on the output
from the network’s final layer [13].

When it comes to recognizing faces, CNNs offer many
advantages. They are able to adapt to changes in lighting, pose,
and expression [14], and they can learn to recognize faces
even when they are obscured in some way [15]. These abil-
ities have been demonstrated by research conducted by [14].
Additionally, their accuracy can be improved by training them
on large datasets [16] and they can be fine-tuned to meet the
requirements of a variety of applications [17]. Additionally, their
accuracy can be improved by training them on large datasets.

Face detection techniques, such as CNNs, have advanced
significantly due to improvements in machine learning algo-
rithms and the availability of large datasets for training [10, 16].
By utilizing CNNs, face detection apps can effectively identify
human faces in various contexts, such as photographs contain-
ing landscapes, buildings, and other body parts [18]. CNNs are
highly adaptable to different lighting conditions, poses, expres-
sions, and occlusions, making them a versatile and powerful
tool for face detection applications [14]. As research in this
field continues to progress, we can expect further enhancements
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in the accuracy, efficiency, and applicability of face detection
technologies.

1.2 FER

The identification and analysis of human emotions through
facial expressions is a component of computer vision that is
referred to as facial expression detection [19]. The precise iden-
tification and comprehension of facial expressions is a crucial
component of human interaction, with wide-ranging implica-
tions across diverse domains such as healthcare, education,
entertainment, and marketing. The process of detecting facial
expressions encompasses multiple stages, including the identi-
fication of facial features, the extraction of relevant features,
and the classification of emotions [20]. Initially, a facial detec-
tion algorithm is utilized to recognize and determine the precise
location of the face in an image or video. Subsequently, the
facial characteristics encompassing the eyes, eyebrows, nose,
and mouth are extracted and scrutinized to discern facial
expressions. The expressions that have been identified are
subsequently categorized into distinct emotional categories,
including but not limited to happiness, sadness, anger, surprise,
fear, and disgust [21].

There are two primary methods used in facial expres-
sion detection: geometric feature-based and appearance-based
approaches [22]. Geometric feature-based methods for facial
expression detection involve calculating the geometric relation-
ships between key facial landmarks, such as the eyes, eyebrows,
nose, and mouth [23]. These methods often start with detecting
facial landmarks using techniques like the active shape model
or active appearance model [24]. The geometric features, such
as distances or angles between landmarks, are then extracted
and compared with a predefined set of features correspond-
ing to specific facial expressions. One advantage of geometric
feature-based methods is their ability to handle variations in face
orientation and scale [25]. However, these methods can be sen-
sitive to errors in facial landmark detection, which may impact
the overall accuracy of the expression recognition.

Appearance-based methods for facial expression detection
focus on the texture and appearance of the face, rather than
relying solely on geometric features [26]. Techniques like local
binary patterns and Gabor filters can be used to capture the tex-
ture information of facial regions, which can then be analysed to
identify facial expressions [27]. One advantage of appearance-
based methods is their robustness to variations in lighting
conditions and facial geometry [28]. However, these methods
can be more sensitive to changes in face orientation and scale,
which may require additional preprocessing steps for accurate
recognition.

Significant strides in deep learning have led to consider-
able enhancements in the accuracy and efficiency of FER [29].
Deep learning models, especially CNNs and recurrent neu-
ral networks, are frequently utilized in this field. CNNs have
shown their prowess in autonomously learning and identifying
key facial features from raw image data [29]. These networks
are composed of multiple layers, including convolutional, pool-

ing, and fully connected layers, which facilitate the capture of
both local and global information from facial images. CNNs
have demonstrated superior performance in facial expression
detection compared to traditional geometric feature-based and
appearance-based methods [30]. Furthermore, the concept of
multi-network fusion (MNF) based on CNNs has been intro-
duced, which has been shown to be more effective than a
single network in FER [31]. By training a deep learning model
on a dataset that includes both types of features, the model
can autonomously learn to extract and combine relevant infor-
mation from both, leading to enhanced performance in facial
expression detection.

Lately, there has been an increase in the need for real-time,
accurate identity identification in many different fields, primar-
ily in security and locating people. The setback of an automated
person identification (recognition) system using the face image
is far more sophisticated than basic face detection, and no algo-
rithm has yet been developed that can determine a person’s
identity just by using a face image in real-world situations as well
as a normal human can [32]. Year after year, new approaches
to localization, processing and recognition of objects are being
researched and developed, and yet these approaches do not
have sufficient speed, accuracy or reliability in the real environ-
ment, which is often detected by the presence of noise in video
sequences, and through various shooting conditions, such as the
lighting conditions and the photo angles [33].

Based on the explanations above, the research is about deter-
mining which optimizer works best with the CNN and has a
high accuracy result for FER.

The contributions of this research study are mentioned as
follows:

∙ Improve the understanding of CNNs and their application in
FER.

∙ Highlights the role of optimizer selection in model perfor-
mance for FER.

∙ Identify areas that warrant further investigation by conduct-
ing a comprehensive literature review.

∙ Experiment design and execution will provide valuable
insights into the performance of various optimizers such as
Adam, stochastic gradient descent (SGD), RMSProp, and
AdaMax by utilizing a well-established CNN architecture.

∙ This systematic evaluation will add to the existing body of
knowledge and may help guide the selection of optimizers in
similar tasks in the future.

The remaining sections of this research study are organized
as follows: Section 2 describes the existing relevant reviews
and survey studies for performance analysis of optimizers with
CNN for FER are studied. Section 3 of the study focuses on
the problem formulation that defines the loophole in existing
FER systems, specifically addressing the challenge of optimizer
selection for CNNs. This section highlights the lack of com-
prehensive comparative studies on optimizer performance in
the context of FER, emphasizing the need for a systematic
evaluation of popular optimizers to determine their impact
on model accuracy, convergence speed, and overall efficiency.
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TABLE 1 Comprehensive review of common optimization algorithms used in the machine learning domain.

References Optimizers Problems addressed Improvement/achievements Weakness/limitations

Kingma and Ba [34] Adam Adaptive learning rates,
momentum, bias correction

Excels in rapid convergence and is
well-suited for handling large datasets and
sparse gradients

Hyperparameters can significantly
influence its performance, and it may not
always find the optimal solution

Liu et al. [35] Adam Adaptive learning rates,
momentum, bias correction

Exhibits quick convergence and performs
well with large datasets and sparse gradients

Sensitivity to hyperparameters is a
concern, and it may settle on suboptimal
solutions

Zou et al. [36] RMSProp Running average of squared
gradient, Adaptive Learning
Rates

Performs well with sparse gradients, is less
hyperparameter-sensitive than Adam, and
avoids rapid decrease of learning rate

In some scenarios, its convergence may
be slower than desired

Yedida et al. [37] RMSProp Running average of squared
gradient, adaptive learning
rates

Effective for sparse gradients, exhibits less
sensitivity to hyperparameters compared to
Adam, and maintains a steady learning rate

Its convergence rate can be slow in
certain cases

Ziyin et al. [38] SGD Gradient calculation, learning
rate

Its simplicity and scalability are key
strengths, and it can reach the global
optimum with appropriate tuning

It may converge slowly, get trapped in
saddle points, and is sensitive to learning
rate

Ziyin et al. [38] SGD Gradient calculation, learning
rate

Notable for its simplicity and scalability,
and can reach the global optimum with the
right tuning

Its convergence can be slow, it may get
stuck in saddle points, and the learning
rate can significantly affect its
performance

He et al. [39] SGD Gradient calculation, learning
rate

Achieves improved accuracy in deep
learning tasks

As network depth increases, so does its
complexity

Wang et al. [40] SGD Gradient calculation, learning
rate

Enhances recognition performance and
reduces time-cost

The learning rate needs to be carefully
selected for optimal performance

Zeng et al. [41] AdaMax Adaptive learning rates,
momentum, infinity norm

Less influenced by outliers, exhibits rapid
convergence, and is ideal for large datasets
and sparse gradients

Its performance can be affected by
hyperparameters, and it may settle on
suboptimal solutions

Furthermore, Section 4 focuses on methodology of preparing
this research study. Section 5 of the research study demonstrates
the development and implementation of an optimized CNN
for facial emotion recognition (FER). This section covers the
design of the CNN architecture, compares unoptimized and
optimized CNN models, and outlines the complete process-
ing pipeline from data collection to result interpretation and
reporting. Section 6 represents the analysis and Computational
Results of this study. Additionally, Section 7 sheds light on the
performance analysis and Section 8 of the study demonstrates
the suggestions for further works. Moreover Section 9 explain
the discussion and lastly Section 10 is about conclusion.

2 RELATED WORKS

In this section, the existing relevant reviews and survey studies
for performance analysis of optimizers with CNNs for FER are
studied. Table 1 shows the most common optimization algo-
rithms used in the machine learning domain which are Adam,
RMSProp, SGD and AdaMax. A comprehensive comparison of
these four algorithms is provided in the table that has been pro-
vided. Each optimizer can be described in terms of its essential
components, as well as its advantages and disadvantages.

The adaptive learning rates, momentum, and bias correction
were all incorporated into Adam in 2014 when it was first intro-
duced [42]. It converges quickly, is appropriate for use with large

datasets, and is effective when applied to sparse gradients. These
are its primary advantages. Nevertheless, Adam is susceptible to
being sensitive to hyperparameters and may converge to solu-
tions that are less than ideal. Adam’s training can be completed
in a relatively short amount of time, and it has a strong track
record of accuracy in facial recognition tasks [43].

The RMSProp algorithm, which was first presented to the
public in 2012, is predicated on a running average of squared
gradients in conjunction with adaptive learning rates [44]. The
capability of RMSProp to stop the rate of learning from falling
too quickly is a significant benefit offered by this algorithm.
On the other hand, there are circumstances in which it may
converge at a slower rate than competing optimizers. Both the
amount of time it takes to train RMSProp and the level of accu-
racy it demonstrates in facial detection tasks are considered to
be moderate [44].

The SGD algorithm, which was first proposed in the 1950s,
is an essential component of the machine learning field of
optimization [45]. Calculation of gradients and a user-specified
learning rate are the two pillars upon which it stands. The sim-
plicity of SGD and how straightforward its implementation is
are two of its primary selling points. SGD has the potential to
converge to a global optimum with the application of the appro-
priate tuning. On the other hand, the algorithm has some flaws,
such as a slow convergence, the possibility of becoming mired
in saddle points, and a sensitivity to the learning rate selection.
When compared to other optimizers, the training time for SGD
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is typically longer, and its accuracy in facial detection tasks is
typically lower. Moreover, the SGD algorithm has been shown
to produce less accurate results [46].

AdaMax is a machine learning algorithm that was developed
in 2015 and uses adaptive learning rates, momentum, and the
infinity norm [41]. This optimizer is less sensitive to outliers
and provides fast convergence, making it suitable for use with
large datasets and sparse gradients. In a manner analogous to
Adam, the AdaMax algorithm can be sensitive to the values of
its hyperparameters and may converge on solutions that are less
than ideal. AdaMax has a short period required for training, and
it has exhibited a high degree of accuracy in facial detection tasks
[47].

In a nutshell, the decision regarding which optimizer to use
is determined by the nature of the dataset as well as the par-
ticular problem that is being tackled [47]. Although all four
optimizers have their advantages and disadvantages, Adam and
AdaMax are generally better suited for larger and more com-
plex problems, while RMSProp and SGD are better suited for
simpler problems. When selecting an optimizer for a specific
application, researchers and practitioners should consider the
trade-offs between the amount of time spent training and the
accuracy of the results [48].

Although several studies have investigated the use of indi-
vidual optimizers such as Adam, SGD, RMSProp, and AdaMax,
there have been relatively few comprehensive comparative stud-
ies that have examined these optimizers side by side in the
context of FER. In addition, the influence of characteristics of
facial expression datasets on the performance of these optimiz-
ers is another area that has not been thoroughly investigated.
This is one of the many areas that could be improved.

By carrying out a comprehensive analysis of these optimizers
within the framework of CNN-based FER, this study intends
to close these existing knowledge gaps. The findings from this
research will provide valuable insights for future research as well
as practical applications, and they will also contribute to the
existing body of knowledge.

3 PROBLEM STATEMENT

The ability to recognize facial expressions accurately and effi-
ciently is crucial for the development of intelligent systems that
can effectively interact with humans in various social contexts.
CNNs have been successfully employed in recent years for FER
tasks due to their remarkable performance in image and pattern
recognition. However, the optimization of CNNs remains an
open challenge, as selecting the appropriate optimizer for train-
ing can significantly impact the network’s accuracy, convergence
speed, and computational efficiency. Given the diverse range of
optimizers available for training CNNs, determining the most
suitable optimizer for FER tasks remains an unresolved issue.

This study aims to compare the performance of four widely
used optimizers - Adam, SGD, RMSProp, and AdaMax - in the
context of FER using CNNs, and to identify the most effec-
tive optimizer for enhancing the accuracy and efficiency of the
model. The outcomes of this study provide valuable insights
into the impact of optimizer selection on the performance of

CNNs for FER tasks. By identifying the most effective opti-
mizer for this specific application, the aim is to contribute to
the development of more accurate and efficient models that can
ultimately enhance the capabilities of intelligent systems in inter-
preting and responding to human emotions. Furthermore, the
findings of this study may also have broader implications for
the optimization of CNNs in various other image and pattern
recognition tasks, as the effectiveness of different optimizers
may vary depending on the specific problem domain.

The high dimension space of FER is the primary challenge
that must be overcome, and any technique that may accomplish
this goal should be utilized. The facial detection system relies on
clear and easily detectable images to classify the expressions but
is still affected by conditions such as poses and lighting and the
overall clarity of the data.

4 METHODOLOGY

4.1 Data preparation

4.1.1 Dataset

For this research, a publicly available dataset from Kaggle,
known as FER 2013 [49] has been utilized. This dataset is widely
recognized in the field of FER due to its rich collection of anno-
tated facial expressions, which include Angry, Disgust, Fear,
Happy, Sad, Surprise, and Neutral. However, upon preliminary
analysis, it has been observed that the ‘Disgust’ class has signif-
icantly fewer data points compared to the other classes. Such
a class imbalance can potentially skew the results and lead to
a bias in the model’s predictions, where it could favour classes
with more data points. This is especially problematic in a multi-
class classification problem like the one at hand, where the aim
is to achieve a high level of accuracy across all classes.

To address this concern and to foster a more balanced dataset
that promotes better learning, the decision has been made to
exclude the ‘Disgust’ class from this study. This step ensures a
more equitable distribution of data across the remaining classes,
thereby mitigating any undue influence the ‘Disgust’ class could
have had on the model’s performance due to its disproportion-
ately smaller size. This refined version of the FER 2013 dataset,
now bereft of the ‘Disgust’ class, will serve as the foundation for
the research. This strategic modification is expected to enhance
the robustness of the learning process and improve the validity
of the research outcomes.

4.1.2 Data extraction

The expression dataset is first pre-processed to remove noises
and artefacts from the images. This is to help the neural network
to better process the photos and detect the expression of the
faces. Since the images are already in greyscale, we can directly
go through the segmentation process. Each of the segmented
parts will then be used to train the neural network for the facial
recognition process first. This process is primarily divided into
three stages, which are training, testing and validation.
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4.1.3 Neural network

The deep learning method employed in this research study
is the CNN algorithm, a powerful and versatile approach for
tasks such as image classification and recognition. The Kag-
gle facial expression challenge dataset is used as the primary
input for training the CNN model. The structure of the CNN
consists of multiple layers, each contributing to the overall per-
formance and accuracy of the model. The following elaborated
sections provide an overview of how the CNN algorithm will
be implemented in this research.

∙ Input

The CNN algorithm will utilize Kaggle’s facial expression
challenge dataset as its main input source. Given that the pri-
mary focus of the CNN model is facial expression detection
and recognition, the input data is represented by a pixel matrix
of the images. The dataset has been divided into six nodes, each
representing a specific facial expression: 0 = Angry, 1 = Happy,
2 = Neutral, 3 = Fear, 4 = Sad and 5 = Surprise.

∙ Convolutional layer

The convolution process is a mathematical operation that
combines two functions, x and y, to produce a new function,
Z, representing the overlap between the two original functions
[50]. In the context of CNN, x is a 2D array of pixels from the
input image, and y is a 2D matrix, also known as a filter or ker-
nel. The information in the filter matrices is used to determine
the output image Z [51]. The model’s filter and size parame-
ters decide how these values are evaluated. An example of a
convolutional layer is as follows:

model.add(Conv2D(32, (3, 3), activation = ‘relu’,

input_shape = (48, 48, 1)))

In this model, there are 32 filters, each with a dimension of 3
× 3. These filters are stacked sequentially, leading to a total of 3
× 3 × 32, or 288 parameters learned by the model.

∙ Max Pooling layer

MaxPooling is a process that aims to down sample the input,
typically the output of a Convolution2D layer, to reduce its
dimensionality. This helps to decrease the computational load,
memory usage, and the number of parameters, which effectively
helps in reducing overfitting [52]. In the context of a CNN,
MaxPooling2D works by sliding a 2D window across the input
and taking the maximum value within that window as the out-
put. The stride parameter defines how much the window shifts
by in each step during the sliding process [53]. An example of a
MaxPooling2D layer is as follows:

model.add(MaxPool2D(pool_size = (2, 2)))

In this model, the MaxPool2D layer is down sample the input
feature map (or the output of the Conv2D layer that precedes

it) by taking the maximum value within each 2 × 2 window. The
result is a new feature map with reduced size, both in terms
of height and width, which can help in improving the model’s
performance by focusing on the most important features and
reducing the risk of overfitting.

∙ Fully connected layer

The dense layer, also known as the fully connected layer, is
a type of layer where each neuron is connected to every neu-
ron in the previous layer. It plays a critical role in learning the
high-level patterns in the data, combining the features learned
by the previous layers to make the final prediction [54]. In a
dense layer, each neuron performs a weighted sum of all its
inputs, adds a bias, and then passes the result through a non-
linear activation function. The number of neurons in the dense
layer is a parameter that can be tuned, and it often depends on
the specific requirements of the model [54]. An example of a
dense layer is as follows:

model.add(Dense(128, activation = ‘relu’))

In this model, the dense layer consists of 128 neurons. Each
of these neurons takes as input a value from each neuron in the
preceding layer, performs a weighted sum of these inputs, adds
a bias term, and then passes the result through a ‘relu’ (rectified
linear unit) activation function. The ‘relu’ activation function is
a common choice in deep learning models as it introduces non-
linearity without requiring expensive computations.

∙ Batch normalization

Batch normalization is a technique used to standardize the
inputs to a layer in a neural network, helping it learn more
effectively. It achieves this by reducing the amount by which
the distribution of the input changes during training, a phe-
nomenon known as internal covariate shift [55]. By doing so,
it allows each layer of a network to learn by itself a little
more independently of other layers, leading to better perfor-
mance and faster training. Batch normalization operates by
normalizing the outputs of a previous activation layer by sub-
tracting the batch mean and dividing by the batch standard
deviation. As a result, the distributions of each layer’s inputs
remain more stable throughout training, which helps accel-
erate the training process and reduces the chance of getting
stuck in local minima during optimization [56]. An example
of a batch normalization layer in a Keras model would be as
follows:

model.add(BatchNormalization())

In this model, the BatchNormalization layer is used to nor-
malize the activations of the previous layer at each batch, i.e.
it applies a transformation that maintains the mean activation
close to 0 and the activation standard deviation close to 1. It
is often used after a convolution or dense layer to stabilize
the learning process and reduce the number of training epochs
required to train deep networks.

 20513305, 2025, 1, Downloaded from https://ietresearch.onlinelibrary.wiley.com/doi/10.1049/tje2.70060, Wiley Online Library on [02/02/2026]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License



MADNI ET AL. 7 of 29

∙ Dropout layer

Dropout is a regularization technique for reducing overfitting
in neural networks by preventing complex co-adaptations on
training data. The principle behind dropout is straightforward:
during training, a proportion of the nodes in the layer are ran-
domly “dropped out”, meaning that they are excluded from the
computation and no learning takes place on these units for the
duration of that forward and backward propagation step [57].
This helps to avoid the over-reliance on any one neuron dur-
ing the learning process and distributes the “knowledge” across
a wider range of nodes, making the network more robust and
preventing overfitting. The dropout layer in Keras takes a sin-
gle parameter, the dropout rate, which is a float between 0 and
1. This dropout rate corresponds to the proportion of the neu-
rons to be dropped out [58]. An example of how a dropout layer
might look in a Keras model:

model.add(Dropout(0.25))

In this case, the dropout layer randomly disables 25% of the
input units at each update during training time. This means that
during each step in the training process, each node has a 25%
chance of being temporarily dropped or deactivated. This ran-
domness helps to make the model more robust, as it cannot rely
too heavily on any single node and forces the learning to be
distributed across all nodes.

4.1.4 Reflection

The detailed explanation of each layer and component of the
CNN model demonstrates the complexity and sophistication
of the approach used in this research. By employing a well-
structured CNN model and utilizing various techniques, such
as batch normalization, dropout layers, and class weights, this
research aims to create a robust and accurate FER system. The
combination of these elements contributes to the model’s adapt-
ability to changes in input data and its ability to generalize well
to new, previously unseen images.

Understanding the intricacies of the CNN model and the role
of each layer in the process provides valuable insights into the
challenges and opportunities associated with FER tasks. Fur-
thermore, the implementation of different optimizers in the
model enables a comprehensive evaluation of their impact on
the performance and accuracy of the FER system. This research
serves as a foundation for further advancements in the field of
computer vision and machine learning, paving the way for more
effective and efficient applications of CNNs in various domains.

4.2 Performance metrics

In the context of FER, the application of optimizer perfor-
mance metrics allows for the comparison and contrast of
various optimization algorithms. These metrics are based on
accuracy, loss, and recognition rate, and they encompass aspects

such as the speed at which the model learns, the number of
computational resources that are required, scalability, correctly
classified instances, and error minimization during training and
validation. This research study divides these performance met-
rics into three groups with regard to each objective, and then
discusses the performance metrics in the subsequent order:

4.2.1 Accuracy

Accuracy is the proportion of correctly classified instances
relative to the total number of instances [59]. A high level
of accuracy indicates that the CNN and optimizer have suc-
cessfully collaborated to accurately identify the displayed facial
expressions. By comparing the accuracy of various optimizers,
it is possible to gain insight into how various optimizers affect
the FER capability of the model.

f (x ) = 100 ×
(TP + TN)

N
(1)

where TP denotes true positives, i.e. the number of instances
where the model correctly identified a facial expression. TN rep-
resents true negatives, the instances where the model correctly
identified the absence of a facial expression and N is the total
number of instances [59].

4.2.2 Loss

Loss serves as a crucial metric complementing accuracy. It indi-
cates how effectively the model is able to reduce the number
of mistakes made during FER [60]. The loss is the difference
between the model’s predictions and the actual values, including
both training and validation loss. Lower values of loss indicate
a more effective collaboration between the CNN and opti-
mizer, resulting in more precise FER. By comparing the loss
values associated with different optimizers, it is possible to gain
a deeper understanding of their effects on the model’s error
minimization capability.

f (y) = −1∕N Σ
(
Y _i ∗ log (P_i ) + (1 − Y _i )

∗ log (1 − P_i )
)

(2)

where Y _i denotes the true label for the nth instance and P_i

signifies the predicted probability of the nth instance being the
positive class. N represents the total number of instances [60].

4.2.3 Recognition rate

The recognition rate is another important performance metric
in this study. While accuracy provides a comprehensive mea-
surement of performance across all classes, recognition rate
can provide more specific insights [61]. In FER, it is essential
that the model maintains high performance levels on average
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while accurately identifying each individual facial expression.
Consequently, the recognition rate measures the proportion of
instances in which an expression was correctly identified.

f
(
z
)
= 100 × TP

TP + FN
(3)

where TP denotes true positives, i.e. the number of instances
where the model correctly identified a facial expression. FN
stands for false negatives, the instances where the model incor-
rectly identified the absence of a facial expression [61] (Tables 2
and 3).

4.3 Simulation setup requirements

4.3.1 Hardware

TABLE 2 Hardware requirement.

Hardware Uses

PC – Ryzen 7 5800x,
32GB 3200Mhz,
NVIDIA GeForce RTX
3070 with 8GB VRAM,
M.2 SSD.

∙ Used to research materials for the project
∙ Used to store all necessary documentation

and files of the project
∙ Used to run the software and algorithms to

analyse and produce results for the project

4.3.2 Software

TABLE 3 Software requirement

Software Uses

Microsoft Word ∙ Used to write the report.
∙ Used to gather all research results and

documentation purposes.

Visual Studio Code ∙ Used to run the algorithm and model for
facial detection

OpenCV & Python ∙ Used to run deep learning model for learning
and training

Nvidia CUDA ∙ Development toolkit for running deep
learning models, debugging, optimization and
runtime library

Convolutional neural
network

∙ Neural network algorithm to process image
data

Keras ∙ Python interface library for artificial neural
networks

OpenCV
OpenCV is an acronym that refers to “open-source computer
vision,” which describes a library of programming functions
with a primary focus on real-time computer vision. It provides
access to over 2500 distinct algorithms that were developed
specifically for completing tasks associated with the examina-

tion of images and videos [62]. These algorithms are capable of
performing a wide variety of functions including face detection,
object identification, and tracking the movement of the camera.
Readability and ease of understanding are two qualities that con-
tribute to Python’s popularity as a high-level, general-purpose
programming language. Python and OpenCV, when combined,
produce a powerful tool that is especially helpful for putting
deep learning models into practice and running them [63]. In the
context of research on FER, OpenCV is responsible for man-
aging image processing tasks, whereas Python is responsible for
executing the learning and training phases of the model [63].

Nvidia CUDA
Nvidia’s CUDA, which stands for “compute unified device
architecture,” is a platform and an application programming
interface (API) model designed for parallel computing. In addi-
tion to graphical rendering, CUDA is capable of performing
general computing tasks by harnessing the power of GPUs
manufactured by Nvidia [64]. This results in a significant
improvement to the computer’s performance. Deep learning
makes use of this power to run complex models in a more
effective and rapid manner, thereby reducing the amount of
time needed for training and enabling real-time predictions. The
CUDA development toolkit is used to execute the deep learn-
ing models that were created for the purpose of this study. This
toolkit offers support for debugging and optimizing, as well as a
runtime library that enables model execution on the GPU [64].

CNN
CNNs, which are a subset of deep neural networks are devel-
oped specifically for the purpose of processing structured grid
data like images. CNNs are advantageous for tasks involving
image recognition and classification due to their capacity to
learn spatial hierarchies of features automatically and adaptively
[65]. These capabilities give CNNs an edge over traditional
methods. By applying filters to the unprocessed pixel data of
an image, CNNs are able to discover and learn higher-level
image features. After that, the model will be able to perform
recognition tasks using these features. In the research on recog-
nizing facial expressions, CNNs are used to process image data
in order to recognize facial expressions.

Keras
Keras is a Python-based open-source neural network library
renowned for its accessibility, modularity, and extensibility. It is
designed primarily to enable rapid experimentation with deep
neural networks [66]. Keras, which operates on top of Tensor-
Flow, provides a high-level, intuitive API, thereby hiding many
lower-level complexities. This simplification permits the design
and development process to focus more on strategic elements
such as layer selection, activation functions, and optimizer selec-
tion [67]. In the context of this research, Keras plays a crucial
role in the development and fine-tuning of CNN models for
FER, collaborating effectively with the chosen optimizers.

∙ NumPy: This library is essential for high-level mathemati-
cal functions and operations on multi-dimensional arrays and
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matrices. In this research, NumPy aids in the handling of
linear algebra operations which are the backbone of many
machine learning algorithms [68].

∙ Pandas: Pandas is a highly efficient library used for data
manipulation and analysis. It provides data structures for effi-
ciently storing large datasets and tools for data wrangling
and analysis. In this context, pandas are used for processing
data and reading CSV files, enabling seamless handling and
manipulation of the dataset [69].

∙ OS: This module provides a way of using operating system
dependent functionality, like reading, writing, or modifying
files. In this research, the OS module is used for interacting
with the file system to load the facial expression datasets [70].

∙ Matplotlib and Seaborn: These two libraries are used for
data visualization. Matplotlib forms the foundation, provid-
ing a flexible and powerful framework for creating a wide
range of plots and charts. Seaborn extends Matplotlib, intro-
ducing a number of more advanced visualization types and
making existing Matplotlib plots more attractive [71]. In this
research, these libraries assist in visualizing data distributions,
model accuracy, loss curves, and more.

∙ TensorFlow: TensorFlow is a widely used library for high-
performance numerical computation, particularly well-suited
for large-scale machine learning (and deep learning). Its
core is very flexible and can be used across many scientific
domains [72].

∙ Keras: Used in conjunction with TensorFlow, Keras provides
a high-level, user-friendly API for designing and training deep
learning models. In this research, Keras aids in defining,
training, and evaluating the CNN model [66].

∙ ImageDataGenerator: Part of TensorFlow’s Keras API,
the ImageDataGenerator class is used for real-time data
augmentation. It configures random transformations and
normalization operations to be done on the images when the
model is training, which can improve model generalization
[73].

∙ CV2: This is the OpenCV library, used for real-time com-
puter vision. The library has more than 2500 optimized
algorithms for image and video analysis [74].

∙ Regularizes: These are functions applied to the weights
or activations of the neural network layers. Regularization
techniques are used to prevent overfitting in the model [75].

∙ Adam, RMSprop, SGD, AdaMax: These are optimization
algorithms used to adjust model parameters to minimize the
model error. Each of them is used in this research to evaluate
their impact on the model performance [76].

∙ Sklearn.metrics: This module implements several loss,
score, and utility functions to measure classification perfor-
mance, including confusion matrix and classification report.
In this research, these functions are used to quantify the per-
formance of the model in terms of its accuracy, precision,
recall, and f-score [77].

∙ Matplotlib.colors: This module is part of the Matplotlib
library, and it is used to conveniently change or manipulate
colours in the plots [78].

5 DEVELOPMENT AND
IMPLEMENTATION OF AN OPTIMIZED
CNN FOR FER

FER is a complex task, requiring the accurate identification of
emotional states from facial expressions. It is a critical func-
tion in a variety of applications, ranging from human-computer
interaction to mental health monitoring (Ref). The FER task
is often treated as a multi-class classification problem, with
the objective being to correctly assign emotion labels to facial
images. The key evaluation metrics for FER models include
accuracy, precision, recall, and F1 score (Ref). An optimization
problem is a process of identifying the best solution among
a set of feasible solutions based on the evaluation metrics.
This involves minimizing the loss function and maximizing the
evaluation metrics.

5.1 CNN

In this study, an optimized CNN, a class of deep learning
models, is proposed for the FER task. CNNs have demon-
strated exceptional performance in various image classification
tasks, owing to their ability to learn hierarchical representa-
tions of input data as shown in Figure 2. However, they are
highly sensitive to the choice of hyperparameters and optimiza-
tion strategies, which can significantly influence the model’s
performance.

To address this, we propose a pipeline that incorporates four
distinct optimizers: Adam, RMSprop, SGD, and AdaMax. These
optimizers were chosen due to their unique operational mechan-
ics and their proven effectiveness in deep learning tasks. The
aim is to compare their performance and identify the optimizer
that facilitates the most efficient learning for the FER task.

This optimized CNN model strives to balance the trade-
off between model complexity and performance while reducing
overfitting. It aims to deliver high accuracy in emotion classifica-
tion, providing more nuanced and precise emotion recognition
capabilities. This comprehensive approach, integrating multiple
optimization strategies, serves as the foundation for the pro-
posed research. The subsequent sections delve into the problem
formulation, the architecture of the CNN model, the mechan-
ics of the chosen optimizers, and the implementation of the
optimized CNN model in detail.

5.2 Unoptimized CNN versus optimized
CNN

In the field of machine learning, particularly in the context of
neural networks, the term “unoptimized network” refers to a
model that has not been subjected to tuning or optimization to
achieve the highest possible level of performance [79]. This may
indicate that the model is making use of its default parameters,
that it has not been trained for a sufficient number of epochs, or
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FIGURE 2 General CNN architecture for FER.

FIGURE 3 Unoptimized CNN model.

that it lacks key architectural components that could potentially
improve its performance.

On the other hand, a CNN that has been optimized has
undergone extensive fine-tuning and adjustment in order to
achieve the highest possible level of performance for a particular
endeavour. Tuning the hyperparameters of the CNN, using reg-
ularization methods, choosing the optimizer that is best suited
for the task at hand, and organizing the CNN’s layers in a way
that is most conducive to learning the patterns present in the
data set are all potential steps involved in this process.

The contrast between a CNN that has not been optimized
and one that has been optimized is analogous to the debate
between using a local search or a global search when solving
optimization problems. It’s possible that an unoptimized CNN
will give you a good starting point (local search), but the perfor-
mance it gives you on the task might not be the best it can be
[80]. It is the same as looking for the most effective solution in
the immediate vicinity without taking into account the entirety
of the search space as shown in Figure 3. Besides that, a CNN
that has been optimized follows a pattern that is more consistent
with an approach to global search. It entails exploring the larger
search space of possible solutions (i.e. different combinations
of hyperparameters, optimizers, and architectures) in order to
identify the configuration that offers the best performance on
the task as depicted in Figure 4.

It’s possible that an unoptimized CNN would do reason-
ably well when it comes to tasks involving FER. However, due
to a lack of fine-tuning, it may be unable to recognize more

subtle facial expressions or may incorrectly categorize some
expressions. In contrast, a CNN that has been optimized in
a better position to accurately classify a wide variety of facial
expressions, including those that are subtle and complex. This
is because an optimized CNN will be equipped with the best
optimizer and the ideal architecture.

5.3 Processing pipeline

5.3.1 Data collection

In this study, the FER 2013 dataset was utilized. This dataset is
a comprehensive collection of greyscale images organized into
six categories: Angry, Fear, Happy, Sad, Surprise, and Neutral.
In order for the CNN to comprehend and learn various facial
expressions, it is crucial to have a diverse and extensive dataset
such as FER 2013. This is because FER 2013 provides a vast
array of data points that help CNN to comprehend and learn
these expressions. This dataset was divided into training, valida-
tion, and test sets to ensure no overlap and a fair evaluation of
the model’s performance.

5.3.2 Data preprocessing

In this project, image data was pre-processed with Image-
DataGenerator from Keras. The images were already greyscale,
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FIGURE 4 Optimized CNN model.

which reduced the number of dimensions of the input data and
simplified the model. The ImageDataGenerator provided real-
time data enhancement, which increased the diversity of training
data without the collection of new images. This enhancement
includes transformations such as rotations, shifts, and flips that
generate a broader set of training examples, thereby enhancing
the model’s generalizability.

5.3.3 Model building

The CNN was meticulously designed to effectively learn from
the image data. The network included several Conv2D layers
with ReLU activations to extract complex features from the
images, and MaxPooling layers to reduce the spatial dimensions
of the output from the Conv2D layers, hence reducing compu-
tational requirements and helping to extract dominant features.
Dropout layers were included to randomly ignore a fraction
of the neurons during training, which prevents model train-
ing and validation overfitting. BatchNormalization layers were
utilized to normalize the activations of the neurons in the net-
work, stabilizing the learning process and reducing the number
of training epochs required.

5.3.4 Training

The training phase of the model incorporated the use of various
optimization strategies, each playing a crucial role in guid-
ing the learning process toward minimizing the loss function.
These strategies included well-established optimizers like Adam,
RMSprop, SGD, and AdaMax. Each of these optimizers adjusts
the learning rate in unique ways to expedite the learning pro-
cess and achieve effective weight updates. The model underwent
training for a pre-determined number of iterations, also referred
to as epochs. After each epoch, the model’s loss and accuracy
metrics were diligently monitored to keep track of its learning
progression, providing insights into the optimization perfor-
mance and the efficacy of the chosen optimizer. Validation is a
critical stage in the machine learning pipeline, designed to ascer-
tain that the model is effectively learning to identify patterns in
the data and not merely memorizing the training instances. The

model’s performance is evaluated on a distinct validation set, a
subset of the original dataset that the model has not encoun-
tered during the training phase. This approach allows for an
unbiased evaluation of the model’s ability to generalize, offer-
ing a realistic estimate of its predictive performance on unseen
data. The model’s performance on this validation set serves as a
reliable indicator of its generalization capabilities, thereby ensur-
ing a robust and reliable model that can accurately recognize a
wide variety of facial expressions.

5.3.5 Evaluation

The evaluation stage of the pipeline puts the model to the
final test. The previously untouched test dataset is used, pro-
viding a realistic estimate of the model’s performance when
exposed to novel data. The model’s predictive accuracy, a broad
measure of its performance, is calculated to understand the
proportion of correct predictions it makes across all classes.
Beyond the accuracy, a confusion matrix is also generated. This
matrix provides a more detailed understanding of the model’s
performance on an emotion-by-emotion basis. The confusion
matrix helps highlight any class-specific strengths or weak-
nesses in the model’s predictions, providing a clearer picture of
its predictive power and areas of potential improvement. This
phase thus ensures a comprehensive assessment of the model’s
effectiveness.

5.3.6 Interpretation

The interpretation stage is a crucial juncture where the hard
numbers are translated into meaningful insights. At this point,
the model’s performance metrics and outputs are dissected,
conclusions are drawn, and potential strategies for improvement
are contemplated. This stage involves a detailed examination
of the model’s strengths, weaknesses, and areas of potential
enhancement. The objective here is not just to understand the
model’s current performance but also to gain insights into how
it can be further refined. By analysing the results in depth, this
step paves the way for future work, improving the model and its
practical applicability.
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FIGURE 5 Pre-processing timeline for detection and recognition.

5.3.7 Reporting

The final stage of the pipeline, reporting, involves a comprehen-
sive documentation of the entire research process, its findings,
and derived insights. This stage involves detailing the method-
ology used in data collection and pre-processing, elaborating
on the chosen model architecture, and describing the training
process. The evaluation results are presented in a clear, concise
manner, and their implications are discussed in the context of
the research objectives. This documentation serves as a record
for the researcher to reflect upon and as a valuable resource
for sharing the research findings with the broader scientific and
academic community. It ensures transparency, aids in repro-
ducibility, and contributes to the collective knowledge in the
field as shown in the timeline from Figures 5 and 6.

6 COMPUTATIONAL RESULTS

This section reveals and investigates the results of simulations
conducted across multiple scenarios, including a statistical sig-

nificance analysis. This analysis is necessary to determine the
efficacy of the proposed optimizer techniques Adam, SGD,
RMSProp, and AdaMax in enhancing the FER capabilities of
the CNN.

6.1 Adam optimizer

Based on Figure 7a and b respectively, since the beginning of the
first epoch, the training accuracy has been at a level of 22.04%,
while the training loss has been at a level of 9.1882. At this point,
the performance of the model on validation data is poorer, with
validation accuracy (val_accuracy) sitting at 17.35% and valida-
tion loss (val_loss) sitting at 8.9842. When we jump ahead to the
5th epoch, we see that there has been a significant improvement.
The accuracy of the training is currently at 50.68%, and the
loss during training has decreased to 4.8256. On the validation
side of things, the accuracy has also increased, reaching 42.86%,
while the loss has decreased to 5.4937. Once we reach the 18th
epoch, we observe yet another improvement in performance.
The accuracy of the training has improved to 63.36%, and the
loss has been reduced to 2.4383. When considering the valida-
tion data, accuracy rises to 57.14 percent, while loss drops even
further to 2.7358 percent. Continuing its training, the model
further improved its performance by the 35th epoch. The loss
on the training set diminished to 1.2937, indicating even fewer
prediction errors, while the accuracy rose to 66.19%. The vali-
dation set also displayed favourable results with a loss of 1.4148
and an accuracy of 62.49%. By the 50th epoch, the model’s per-
formance continued to advance significantly. The training set
witnessed a decrease in loss to 1.2408, demonstrating improved
prediction accuracy, and an increase in accuracy to 68.94%. In
the validation set, the loss was measured at 1.3840, while the
accuracy reached 65.01%. These results indicate that the model
was refining its predictions, reducing errors, and making more
accurate classifications as it continued to learn from the train-
ing data. In the final epoch, the model’s performance exhibited
further enhancements. The loss on the training set decreased
to 1.2117, indicating a minimal average prediction error, while
the accuracy rose to 71.70%, implying a high proportion of cor-
rectly classified instances. The validation set displayed a loss of
1.3601 and an accuracy of 67.53%.

There is a consistent trend of increasing accuracy (both dur-
ing training and validation) and decreasing loss (both during
training and validation) across all of these epochs. This can be
seen in both training and validation. The accuracy of the training
has increased by approximately 47.65 percentage points from
the first to the 57th epoch, whereas the accuracy of the vali-
dation has increased by approximately 46.94 percentage points
over the same time period. On the other hand, the training and
validation losses have each decreased by approximately 7.95 and
7.59 points, respectively, since the previous iteration.

Figure 8 shows the model was only successful in correctly
classifying ‘Fear’ 16 times, which represents 7.88% of all
instances. On the other hand, it incorrectly categorised ‘Fear’
as ‘Neutral’ 31 times, ‘Happy’ 55 times, ‘Angry’ 36 times, ‘Sad’
49 times, and ‘Surprise’ 16 times. The fact that the model

 20513305, 2025, 1, Downloaded from https://ietresearch.onlinelibrary.wiley.com/doi/10.1049/tje2.70060, Wiley Online Library on [02/02/2026]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License



MADNI ET AL. 13 of 29

FIGURE 6 Pseudo-code of CNN-based facial expression reorganization system.

frequently misclassifies ‘Fear’ as ‘Happy’ and that it has a poor
performance in correctly predicting ‘Fear’ are both indicators
of potential problem areas that could use some attention and
improvement.

The performance of the model can be evaluated by looking
at the diagonal elements of this matrix, which run from top left
to bottom right. These elements represent instances in which
the model’s predictions align with the actual emotions. Observ-
ing these elements provides us with an overview of the model’s
performance. The model performed exceptionally well when it
came to classifying ‘Happy,’ getting it right 93 times, which is
equivalent to 25.48% of the total cases and represents the most
accurate rate of performance across all emotions. The model did

not perform well at all with the category of ‘Surprise,’ correctly
predicting it only seven times, which is only 4.4% of the total
number of instances of ‘Surprise’.

The elements of the matrix that are not diagonal draw
attention to situations in which the model made an incorrect
classification of the emotions. Notably, the model misclassi-
fied ‘Fear’ and ‘Angry’ with ‘Happy’ with a total of 55 and 57
times respectively. This highlights a pattern in which the model
tends to misinterpret negative emotions as ‘Happy’, pointing to
a possible area in which the model could benefit from further
development.

Taking a closer look at ‘Fear’, we found that the emo-
tion that was misclassified as ‘Happy’ the most frequently was
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FIGURE 7 (a) Adam training and validation accuracy; (b) Adam training and validation loss.

‘Fear,’ with 55 different instances, accounting for 27.09% of
all ‘Fear’ instances. A similar pattern was observed with the
emotion labelled ‘Angry’, which was most frequently misclas-
sified as ‘Happy’ (57 occurrences, or 29.69%). Because these
occurrences keep happening, it seems likely that characteristics
linked to the emotions ‘Fear’ and ‘Angry’ could be mistakenly
interpreted as indicators of happiness. It is interesting to note
that ‘Fear’ was correctly predicted the least often, with only
16 instances, or 7.88% of the time. The model correctly clas-
sified ‘Neutral’ the majority of the time (44 times, or 18.11%),
but it also misclassified ‘Neutral’ as ‘Happy’ quite frequently (63
times, or 25.93%). This points to the possibility that the model
is conflating aspects of these two emotional states in some way.
When examining ‘Happy,’ the model performed adequately, cor-
rectly classifying ‘Happy’ 93 times, which is equivalent to a
percentage of 25.48%. On the other hand, ‘Happy’ was also mis-
takenly labelled as ‘Angry’ (67 times, or 18.36%) and ‘Sad’ (71
times, or 19.45%) quite frequently, suggesting that there may
be some overlap in the characteristics of these emotions. In
terms of ‘Angry,’ the model incorrectly classified it as ‘Happy’
the most frequently (57 times, which is 29.69% of the time),
and it correctly classified it the least frequently (28 times, which
is 14.58%). According to this, the model probably needs to
improve its ability to learn and differentiate the characteristics
of the ‘Angry’ state. The ‘Sad’ emotion displayed a level of mis-
classification that was balanced across other emotions; however,
it was most frequently misclassified as ‘Happy’ (58 times, or
25.55% of the time). In light of the fact that the model was only
successful in correctly identifying ‘Sad’ 43 times, or 18.94% of
the time, this indicates the model’s difficulty in doing so. Finally,
‘Surprise’ was the emotion that was predicted with the least
amount of accuracy, with only 7 cases, or 4.4%, being correctly
classified. It was misclassified as ‘Happy’ the most frequently

(38 times, or 23.9% of the time), indicating that there is a sig-
nificant room for improvement. The model correctly predicted
the emotion ‘Happy’ 93 times, which accounts for 25.48% of
the total instances. This makes ‘Happy’ the emotion that stands
out as having the highest true positive value. This would imply
that the model is superior to any other in terms of its ability to
recognise the ‘Happy’ emotion, which would give it the highest
true positive rate of all the categories.

On the other hand, ‘Fear’ had a true positive value of 16,
which is equivalent to 7.88% of the total instances; this indicates
that the model is less successful at identifying this emotion than
it is with other emotions. Nevertheless, the ‘Surprise’ emotion
has the lowest true positive rate of all the feelings. The model
only correctly identified ‘Surprise’ seven times, which is only
4.4% of all possible occurrences of the word. Because of this,
the model’s ability to accurately predict surprise is significantly
impaired, and as a result, surprise has the lowest true positive
rate of all the emotions. Emotions that are described as ‘Neu-
tral’, ‘Angry’ and ‘Sad’ each have their own set of true positive
values. It was correctly predicted that the respondent would be
‘Neutral’ 44 times (18.11% of total instances), ‘Angry’ 28 times
(14.58% of total instances), and ‘Sad’ 43 times (18.94% of total
instances).

In conclusion, the model performed admirably when it came
to predicting ‘Happy’ emotions; however, it struggled when
it came to predicting ‘Fear’, ‘Angry’ and ‘Surprise’ emotions.
Mislabelling of negative or neutral feelings as ‘Happy’ was a
persistent problem, which suggests that certain characteristics
are overly associated with happiness. These discoveries can
serve as a roadmap for future efforts to improve the model,
whether those efforts involve modifying the architecture of the
model, redistributing the training data, or adjusting the learning
parameters of the Adam optimizer.
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FIGURE 8 Adam confusion matrix.

6.2 RMSProp optimizer

Figure 9a and b show the training accuracy has been measured
at 21.72% since the beginning of the first epoch, while the
training loss has been measured at 9.0432. At this point, the
performance of the model on validation data is worse, with val-
idation accuracy (val_accuracy) at 16.34% and validation loss
(val_loss) at 8.4810 respectively. Moving forward in time to the
fifth epoch, there is a discernible rise in quality. The accuracy of
the training has improved to 36.60%, while the loss of training
has decreased to 4.7199. On the validation side of things, the
accuracy has also increased, reaching 34.77%, while the loss has
decreased to 4.5723. A further improvement in performance
can be observed once we reach the 18th epoch. The training
accuracy improves to 58.96%, and the loss drops to 1.6006%.
Accuracy goes up to 57.31 percent for the validation data, and
the loss goes down even further to 1.6050 percent. In the 35th
epoch, the training accuracy reaches its highest point of 66.42%,
while also reaching its lowest point of 1.2622. A similar pat-
tern is exhibited by the validation data, with accuracy reaching
62.78% and loss decreasing to 1.3578. By Epoch 50, the train-
ing loss had reduced to 1.2022 and the training accuracy had
increased to 69.55%, indicating continued improvement in the
model’s performance on the training dataset. The validation loss
was 1.3979 and the validation accuracy was 63.35%. Although
there was some improvement in validation accuracy as com-

pared to Epoch 35, the increase in validation loss suggested that
the model might be beginning to overfit to the training data.
By the final epoch (Epoch 70), the training loss had reduced to
1.1670 and the training accuracy had increased to 72.08%. The
validation loss had reduced to 1.2981 and the validation accu-
racy had increased to 68.61%. Despite the concern of potential
overfitting at Epoch 50, the model had continued to improve its
performance on both the training and validation datasets. How-
ever, given that the training accuracy was significantly higher
than the validation accuracy, some overfitting may still have
occurred.

There is a consistent pattern that can be seen across all of
these epochs of increasing accuracy (both during training and
validation) and decreasing loss (both during training and val-
idation). From the first to the seventieth epoch, the accuracy
of the training has increased by approximately 48.04 percent-
age points, while the accuracy of the validation has increased by
approximately 49.54 percentage points. On the negative side,
both the training and validation losses have decreased, with
a drop of approximately 7.86 and 7.17 points, respectively, in
total.

On closer inspection of the confusion matrix in Figure 10,
which employs the RMSProp optimizer, we can observe specific
patterns and performance metrics regarding the classification of
the six distinct emotional states: Fear, Neutral, Happy, Angry,
Sad, and Shock.
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FIGURE 9 (a) RMSProp training and validation accuracy; (b) RMSProp training and validation loss.

Starting with the emotion of ‘Fear’, the model has a hard time
accurately classifying this feeling. It correctly identified ‘Fear’
only 10 times, which is only 4.93% of the total instances of
‘Fear’. This category shows the most confusion with the ‘Happy’
and ‘Neutral’ emotions, with 62 (30.54%) and 55 (27.09%)
instances respectively, which indicates that certain characteris-
tics associated with ‘Fear’ might be getting misinterpreted by the
model. Changing the model to use the ‘Neutral’ emotion results
in better performance, but the model is still lacking in preci-
sion. It provides an accurate classification of ‘Neutral’ 62 times,
which accounts for 25.51% of the total instances of ‘Neutral’.
However, the model also frequently misclassifies ‘Neutral’ as
‘Happy’ and ‘Sad,’ with 62 (25.51%) and 43 (17.70%) instances
respectively, indicating that there may be potential overlaps or
less distinguishable features among these emotional states. The
model delivers a relatively better performance for the emo-
tion ‘Happy’, correctly identifying ‘Happy’ 94 times, which is
25.75% of the total instances it was presented with to analyse.
Despite this, the word ‘Happy’ is frequently confused with the
words ‘Neutral’ and ‘Angry’ with 95 (26.03%) and 52 (14.25%)
instances respectively indicating that certain aspects of the word
‘Happy’ are misunderstood as belonging to the categories of
‘Neutral’ or ‘Angry’. When it comes to ‘Angry’, the model much
like it does with ‘Fear’, has a significant amount of trouble, cor-
rectly identifying it only 28 times, which accounts for 14.58%
of the total ‘Angry’ instances. The model misclassifies the emo-
tion ‘Angry’ as either ‘Neutral’ or ‘Happy’ the vast majority of
the time, with 48 (25.00%) and 59 (30.73%) instances, respec-
tively. This suggests that certain aspects of the trait ‘Angry’ are
being misinterpreted, which results in a high rate of misclassifi-
cation. The ‘Sad’ emotion follows a pattern that is very similar
to that of the ‘Neutral’ emotion, with an almost even distri-
bution of incorrect classifications across the ‘Happy’, ‘Neutral’
and ‘Surprise’ emotions. However, it is only correctly classi-

fied 35 times, which is 15.42% of the total ‘Sad’ instances. This
indicates that the model needs to improve its ability to learn
the specific characteristics of ‘Sad’. Finally, ‘Surprise’ is the sec-
ond most difficult emotion for the model to correctly classify
after ‘Fear’. With only 29 correct classifications, representing
18.24% of the ‘Surprise’ instances, ‘Surprise’ is the second most
challenging emotion for the model to correctly classify. It is mis-
interpreted as ‘Happy’ or ‘Neutral’ the majority of the time, with
47 (29.56%) and 41 (25.79%) instances, respectively. This may
indicate that the characteristics of both of these emotional states
are overlapping, which can lead to frequent confusion.

The confusion matrix reveals that ‘Happy’ is the emotion that
can be identified with the highest degree of precision. It has
94 instances, which is equivalent to 25.75% of the total, which
indicates that the model has most effectively learned and uti-
lized the characteristics of this emotion. This may be because
the ‘Happy’ dataset contains clear and distinguishable charac-
teristics. In stark contrast, the category ‘Fear’ has the lowest true
positive rate. It has only 10 correct classifications, which equates
to a pitiful 4.93%. This may imply that ‘Fear’ has fewer distin-
guishing characteristics compared to other emotions, or that the
model has difficulty accurately interpreting and applying the dis-
tinctive characteristics of ‘Fear’. The next most difficult feeling
for the model to accurately classify is ‘Surprise’, which has a
total of only 29 correct classifications, or 18.24%. It is impor-
tant to note that both ‘Fear’ and ‘Surprise’ could have features
that are more complex or subtle, which would present difficul-
ties for the model. The identification success rate for emotions
such as ‘Neutral’ and ‘Sad’ is average, with 62 (25.51%) and
35 (15.42%) correct classifications respectively. It’s possible that
these feelings are, by their very nature, more subtle, and that they
are easily confused with other types of emotional states. This is
one possible explanation for the low success rate achieved when
attempting to categorize them. ‘Angry’ is another challenging
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FIGURE 10 RMSProp confusion matrix.

emotion for the model; it got it right only 28 times, which is
14.58 percent of the time. This may suggest that the character-
istics of the ‘Angry’ state overlap with those of other emotional
states, particularly the ‘Neutral’ and ‘Happy’ states, which results
in frequent misclassification.

When true positives from a variety of experiences are com-
pared, it becomes clear that there are significant differences
between them. The emotion ‘Happy’ can be identified with a
higher degree of accuracy, whereas the emotions ‘Fear’ and ‘Sur-
prise’ present difficulties for the model. This suggests that some
feelings have more distinguishable characteristics, which makes
it simpler for the model to learn them, whereas other feelings
may require a more nuanced understanding of their nuances.

6.3 SGD optimizer

Based on Figure 11a and b, the training accuracy has been mea-
sured at 18.72% since the beginning of the first epoch, while the
training loss has been measured at 9.7737. The performance of
the model on validation data is currently at a lower level, with
validation accuracy (val_accuracy) sitting at 26.28% and valida-
tion loss (val_loss) sitting at 9.1727. Moving forward in time
to the 5th epoch, there is a minuscule increment of progress.
The training loss has decreased to 9.5763, while the accuracy

of the training currently sits at 20.55%. In terms of the vali-
dation, the accuracy has reached 27.29 percent, while the loss
has dropped to 9.0084 percent. By the time we reach the 18th
epoch, we observe a gradual improvement in the performance.
When the training is complete, the accuracy is at 22.49%, and
it has decreased to 9.2327. The accuracy of the validation data
has increased to 29.88%, while the loss has decreased to 8.7818.
By the 35th epoch, the model had significantly improved. The
training set showed a further decrease in loss to 8.9272 and an
increase in accuracy to 24.92%. This suggests the model con-
tinued to learn and adapt its parameters to minimize the error.
Similarly, on the validation set, the model had a loss of 8.5736
and an accuracy of 31.82%, demonstrating that the model could
generalize its learning to new data effectively. In the 50th epoch,
the training accuracy is at its highest, reaching 25.80%, and
the training loss is at its lowest, standing at 8.7354. Both of
these records were broken during the same time period. The
validation data reveals a trend that is consistent with this obser-
vation, with accuracy reaching 33.41% and loss decreasing to
8.4244. Finally, at the 70th epoch, the model had reduced its
loss on the training set to 8.5774, and the accuracy improved
to 27.16%. This consistent improvement in the model’s metrics
shows that the model had been learning effectively from the
training process. The validation set displayed a loss of 8.3015
and an accuracy of 34.59%. This final epoch demonstrated the
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FIGURE 11 (a) Stochastic gradient descent (SGD) training and validation accuracy (b) SGD training and validation loss.

model’s good capacity to predict accurately on unseen data and
showed its ability to generalize beyond the training set.

Over the course of all of these epochs, there has been a
consistent pattern of gradually improving accuracy (both dur-
ing training and validation) and reducing loss (during training
and validation). The training accuracy has increased by approx-
imately 7.08 percentage points from the first to the fifty-first
epoch, while the validation accuracy has increased by approxi-
mately 7.13 percentage points. On the other hand, the training
and validation losses have each decreased by approximately 1.04
and 0.75 points, respectively since before.

Following an in-depth analysis of the confusion matrix that
was generated by a model utilizing the SGD optimizer in
Figure 12, there is an intriguing patterns and performance
nuances that can be identified in relation to each of the six dis-
tinct emotional states, which are Fear, Neutral, Happy, Angry,
and Surprise.

Starting with ‘Fear’, the model demonstrates a significant
amount of difficulty in correctly classifying this emotion, with
the lowest correct prediction rate of just 0.49% (1 instance).
The word ‘Fear’ was mistakenly labelled as ‘Happy’ a whop-
ping 78.82% of the time, which is 160 times. This is the most
obvious error. In addition, 5.91% of people misinterpret the
word ‘Fear’ as ‘Sad’ and 7.88% of people make this mistake
when they use the word ‘Surprise’. This indicates that the
model has a fundamental misunderstanding of the ‘Fear’ class,
as it appears to have overidentified certain characteristics of
the ‘Fear’ class with those of the other three emotional states.
Moving on to the emotion known as ‘Neutral’, we see the
same pattern emerge. ‘Neutral’ is most frequently misclassified
as ‘Happy’, as demonstrated by a percentage of 70.37% (171
instances), despite the fact that the correct classification rate
for ‘Neutral’ is only 12.76% (31 instances). This suggests that
the model has a strong bias towards the ‘Happy’ emotion when

it is attempting to classify instances of the ‘Neutral’ emotion.
This could be because there are fewer distinguishing features
between these two states, or because there is overlap between
them. The model shows a relatively strong performance for
the ‘Happy’ emotion, correctly identifying ‘Happy’ 253 times,
which accounts for 69.32% of all of the instances. This leads
one to believe that the class in question is where the model
achieves the greatest level of success in terms of learning and
decision-making. This may be the case because the characteris-
tics associated with happiness in this group are more prominent
and easily distinguishable. However, it is important to point
out that instances of the emotion ‘Happy’ are also incorrectly
categorized as ‘Neutral’ and ‘Sad’ which indicates that there is
some room for improvement. When it comes to the ‘Angry’
emotion, the model has a lot of trouble identifying it correctly,
with a correct identification rate of only 0.00% (0 instances). A
staggering 74.48% (143 instances) of the ‘Angry’ cases are incor-
rectly predicted as ‘Happy’ situations, making this a significant
problem.

This suggests that the model may not be effectively dis-
tinguishing the features of ‘Angry’ from those of ‘Happy’,
which leads to a significant degree of misclassification. The
‘Sad’ emotion follows a pattern that is very similar to that
of the ‘Fear’ emotion, with most instances being incorrectly
categorized as ‘Happy’ (74.01%). The correct classification
rate is 6.61% (15 instances), which indicates that the model
has a moderate amount of success in predicting this class.
This further demonstrates how the model has an inherent and
pervasive bias towards the ‘Happy’ class. Finally, the ‘Surprise’
category has a correct prediction rate of 6.29% (10 instances),
reflecting the trend seen in most other classes: most ‘Surprise’
instances are incorrectly labelled as ‘Happy’ (79.25%). The fact
that the model is having trouble with this category provides
evidence that the ‘Surprise’ class may contain features that are
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FIGURE 12 SGD confusion matrix.

nuanced or complex, but the model is not learning or applying
these features adequately.

When the true positive rates for each emotion are compared,
there are significant discrepancies in the model’s performance.
It is quite clear that the classification of the feeling known as
‘Happy’ has the highest level of precision, coming in at 69.32%.
This suggests effective learning and generalization of character-
istics associated with the ‘Happy’ class, which ultimately leads
to more accurate classification. The next notable true positive
rate is that of ‘Sad’ which comes in at 6.61%, which is sig-
nificantly lower than ‘Happy’s’ rate. Although the model does
have some success in identifying ‘Sad’ emotions, the significant
gap between ‘Sad’ and ‘Happy’ suggests that ‘Sad’ characteris-
tics may not be as easily discernible or distinctive as ‘Happy’
ones, which results in a lower identification rate. Both the ‘Neu-
tral’ and the ‘Surprise’ emotions have a moderate success rate,
with 12.76% and 6.29% of the time respectively correctly pre-
dicting the outcome. Although there may be overlaps between
these classes and other emotional states, the model is still able
to identify some characteristics that are unique to each of these
classes, as indicated by the rates, which are not particularly high.
On the other hand, the emotions of ‘Fear’ and ‘Anger’ highlight
the model’s most significant challenges, with a correct predic-
tion rate of only 0.49% and 0.00% respectively for each of these
states. These low rates suggest that these feelings may have com-

plex or less distinctive features that are difficult for the model
to learn and apply effectively, or that there may be considerable
overlap with the features of other emotional states. Alternatively,
there may be a combination of both factors.

In conclusion, the comparison of true positive rates across
a range of emotions sheds light on both the strengths and the
weaknesses of the model. The model is not very good at rec-
ognizing ‘Angry’ or ‘Fearful’ feelings, even though it is quite
good at recognizing ‘Happy’ situations. This obvious disparity
provides valuable insight that could guide future model opti-
mization, in particular, to improve the learning and classification
of emotions that are currently less accurately identified.

6.4 AdaMax optimizer

Based on Figure 13a and b respectively, the training accuracy has
been measured at 20.66% since the beginning of the first epoch,
while the training loss has been measured at 9.4635. The perfor-
mance of the model on validation data is currently at a lower
level, with validation accuracy (val_accuracy) at 17.21% and val-
idation loss (val_loss) at 9.0371 respectively. Moving forward in
time to the 5th epoch, there has been a significant advancement.
The training loss has decreased to 8.0486, and the training accu-
racy is currently at 26.62%. The accuracy of the validation has
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FIGURE 13 (a) AdaMax training and validation accuracy; (b) AdaMax training and validation loss.

also increased to 32.25%, while the loss has decreased to 7.6126.
A further improvement in performance can be observed once
we reach the 18th epoch. When the training is complete, the
accuracy is at 42.65%, and the loss is now at 4.4154. Accu-
racy increases to 44.92% for the validation data, while loss goes
down even further to 4.2468. Since the beginning of the 35th
epoch, the training accuracy has increased to 53.81%, while the
training loss has decreased to 2.4276. In the meantime, the val-
idation accuracy has reached 52.84%, with a validation loss that
corresponds to that figure of 2.3975. The training accuracy has
reached its all-time high in the 50th epoch, reaching 59.94%,
while the training loss has reached its all-time low, standing at
1.7658. A similar pattern is exhibited by the validation data, with
accuracy reaching 58.68% and loss decreasing to 1.7827. Once
we have reached the 70th epoch, the training accuracy will have
improved to 68.12%, while the training loss will be at 1.1234.
The validation loss has decreased to 1.1417, while the validation
accuracy has increased to 66.45%.

There is a consistent pattern that can be seen across all
of these epochs of increasing accuracy (both during training
and validation) and decreasing loss (both during training and
validation). The training accuracy has improved by approxi-
mately 39.28 percentage points from the first to the fifty-first
epoch, while the validation accuracy has improved by approxi-
mately 41.47 percentage points. On the negative side, the losses
incurred during training and validation have each decreased by
approximately 7.70 and 7.25 points respectively.

The presented confusion matrix in Figure 14 interprets
the performance of a model optimized with the AdaMax
optimizer when classifying different emotional states. This anal-
ysis provides a per-class breakdown of correct and incorrect
predictions, which offers a comprehensive and valuable under-
standing of the model’s proficiency and areas of potential
improvement.

Specifically, the model correctly identified ‘Neutral’ emo-
tions with the highest frequency across all classes, reaching a
true positive rate of 31.69%. This suggests that the model can
effectively distinguish the defining features of this class from
those of other emotional states. Meanwhile, ‘Happy’ emotion
instances followed closely in true positive rates, achieving a rate
of 28.57% for ‘Fear’ class and 28.19% for ‘Sad’ class. Despite
being slightly lower than ‘Neutral’, these rates indicate that the
model has a considerable ability to identify ‘Happy’ emotions,
albeit with some degree of error that may stem from overlaps
with other emotional classes. On the other hand, the model
showed modest performance with ‘Sad’ and ‘Surprise’ emo-
tions, which had true positive rates of 20.20% and 18.06% for
‘Fear’ and ‘Sad’ classes respectively. The relatively lower rates
suggest that the model may struggle to discern the unique char-
acteristics of these emotions or that there may be substantial
feature overlap with other emotional states. Most strikingly, the
model demonstrated the most significant challenge in identify-
ing ‘Fear’ and ‘Angry’ emotions. The true positive rates for these
classes were markedly low at 2.96% and 10.42% respectively.
These low rates suggest that these classes’ unique characteris-
tics are more complex or subtle, posing a greater challenge to
the model. This complexity, combined with potential overlap
with other emotional states, could be contributing to the low
accurate prediction rates for these classes.

The confusion matrix reveals significant discrepancies in the
AdaMax-optimized model’s ability to accurately predict differ-
ent emotional states, which is made explicit when examining the
true positive rates of each class. The class ‘Neutral’ achieved the
highest true positive rate at 31.69%, indicating that the model
is most effective at accurately identifying this particular emo-
tion. This could reflect distinctive, easily distinguishable features
inherent to a neutral emotional state in the given dataset. How-
ever, comparing this with the performance on the ‘Fear’ class
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FIGURE 14 AdaMax confusion matrix.

which achieved a true positive rate of only 2.96%, it’s clear that
there is a significant disparity. This suggests that the model
is having difficulty distinguishing ‘Fear’ from other emotions
or that the features of ‘Fear’ in the dataset are more ambigu-
ous and harder to classify accurately. When looking at ‘Happy’
emotion, the model demonstrated a notable performance with
a true positive rate of 28.57% in ‘Fear’ and 28.19% in ‘Sad’
class.

While these numbers are relatively high, they are not as high
as those for ‘Neutral’, suggesting that there may be some fea-
tures of ‘Happy’ that overlap with other classes, or there could
be an element of complexity within this emotion class that
the model is struggling to fully grasp. The ‘Sad’ and ‘Surprise’
classes also revealed a noteworthy disparity when compared to
the model’s performance with other classes. The model cor-
rectly identified ‘Sad’ emotions at a rate of 20.20% for ‘Fear’ and
18.06% for ‘Sad’, while ‘Surprise’ was correctly identified at a
rate of only 13.21%. These lower rates indicate that these classes
may present a higher level of difficulty for the model, sug-
gesting that there may be complex or nuanced features within
these classes that the model is not yet fully equipped to recog-
nize accurately. Lastly, the ‘Angry’ class achieved a modest true
positive rate of 10.42%, indicating that this emotion is the sec-
ond most challenging for the model to accurately classify. This
could be due to a higher level of complexity or subtlety within

the ‘Angry’ class or a significant overlap in features with other
emotional classes.

This comparison of true positive rates reveals the model’s
strengths and weaknesses in recognizing different emotional
states and provides a path for improvement. The AdaMax-
optimized model appears to excel in identifying ‘Neutral’ and to
a certain extent ‘Happy’, while struggling with ‘Fear’, ‘Sad’, ‘Sur-
prise’ and ‘Angry’. Improving the model’s ability to accurately
identify these challenging classes will be essential in achieving a
balanced and robust performance in future iterations.

7 PERFORMANCE ANALYSIS

7.1 Training accuracy

Figure 15 depicts the accuracy values obtained during the
training of a machine learning model utilizing four distinct opti-
mization algorithms: Adam, RMSProp, SGD, and AdaMax. The
accuracy values are recorded over the course of 70 epochs,
reflecting the model’s performance at each training iteration.

Initially, the Adam optimizer showcased promising perfor-
mance with an accuracy of 0.2204 in the first epoch, surpassing
the other three optimizers. As training progressed, Adam con-
sistently exhibited an upward trajectory, steadily improving its
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FIGURE 15 Training accuracy of four optimizers.

accuracy until it reached a peak of 0.7170 in the final epoch. This
consistent improvement suggests that Adam was successful in
iteratively adjusting the model’s parameters to minimize the loss
function and enhance accuracy. Similarly, RMSProp demon-
strated a similar pattern of consistent advancement throughout
the training process. It commenced with an accuracy of 0.2172
in the first epoch and experienced a gradual and steady increase
in accuracy over subsequent epochs. Ultimately, RMSProp
achieved an accuracy of 0.7180 in the final epoch, positioning
it as a robust optimizer comparable to Adam.

Although SGD exhibited the lowest initial accuracy of
0.1872, it displayed noticeable progress over time. Despite its
slower rate of improvement compared to Adam and RMSProp,
SGD managed to increase its accuracy to 0.2813 by the
70th epoch. This indicates that SGD, with its simplistic and
straightforward optimization approach, gradually optimized the
model’s parameters and contributed to its overall performance
enhancement. AdaMax, on the other hand, commenced with
a similar accuracy to Adam and RMSProp, starting at 0.2066.
Throughout the training process, AdaMax demonstrated a
consistent positive trend in accuracy, suggesting its efficacy
in iteratively updating the model’s parameters. By the final
epoch, AdaMax achieved an accuracy of 0.6506, highlighting its
potential as a competitive optimization algorithm.

At the end of the epoch, the Adam optimizer achieved an
accuracy of 0.7170, representing a percentage gain of 10.8%
compared to the initial accuracy of 0.2066. This indicates a sub-
stantial improvement in the model’s performance when utilizing
the Adam optimizer. The increase in accuracy demonstrates
the effectiveness of Adam in optimizing the model’s training
process.

Similarly, the RMSProp optimizer demonstrated the highest
accuracy among all the optimizers, reaching 0.7180. This repre-
sents a percentage gain of 9.7% compared to the initial accuracy.
The significant improvement in accuracy showcases the suc-
cess of RMSProp in fine-tuning the model’s parameters and
enhancing its overall performance. On the other hand, the SGD
optimizer achieved an accuracy of 0.2813, which corresponds
to a percentage gain of 36.2% compared to the initial accuracy.
While this percentage gain appears substantial, it is important
to note that SGD still exhibited the lowest accuracy among all

FIGURE 16 Validation accuracy of four optimizers.

the optimizers. The relatively lower accuracy suggests that SGD
may not be as effective as Adam and RMSProp in optimiz-
ing the model’s training process. Lastly, the AdaMax optimizer
achieved an accuracy of 0.6506, resulting in a percentage gain
of 215.9% compared to the initial accuracy. While the percent-
age gain is remarkable, it is crucial to consider that AdaMax
fell short in achieving the highest accuracy among the opti-
mizers. This implies that although AdaMax showed significant
improvement, there is still room for further optimization and
exploration of other optimizer options.

The difference in percentage between the best and worst
optimizers is 206.1% (215.9–9.7%). This highlights the substan-
tial variation in performance between AdaMax and RMSProp,
with AdaMax demonstrating a much higher percentage gain in
accuracy. However, it is important to note that the difference in
percentage alone does not necessarily imply that AdaMax is the
most effective optimizer overall, as RMSProp still achieved the
highest accuracy. Further evaluation and experimentation are
needed to determine the optimal choice of optimizer for this
specific model.

In summary, the graph illustrates the dynamic behaviour of
the four optimization algorithms over 70 epochs of training.
Adam and RMSProp consistently exhibited superior perfor-
mance, with Adam initially taking the lead, but RMSProp
ultimately surpassing it in accuracy. SGD showcased steady
improvement despite its lower starting accuracy, while AdaMax
displayed consistent progress and achieved a competitive accu-
racy level. The graph underscores the impact of optimization
algorithms in fine-tuning model parameters and maximizing
accuracy throughout the training process.

7.2 Validation accuracy

Figure 16 depicts the validation accuracy values obtained during
the training of a machine learning model utilizing four distinct
optimization algorithms: Adam, RMSProp, SGD, and AdaMax.
The accuracy values are recorded over the course of 70 epochs,
reflecting the model’s performance at each training iteration.

The Adam optimizer has the lowest starting point out of
the four different methods, with its validation accuracy starting
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at 0.1735 in the first epoch. On the other hand, it shows a
steady improvement over time, reaching a value of 0.6753 by
the time the 70th epoch rolls around. The accuracy appears to
increase the most between the ninth and tenth epochs, where
it goes from 0.4370 to 0.4816. This appears to be the point at
which the greatest leap takes place. From this point forward,
improvements continue steadily but less dramatically, reflect-
ing the optimizer’s ability to handle more complex problems
and achieve better results as it iterates through the epochs.
RMSProp shows a significant improvement by the 6th epoch,
when it jumps to 0.4449 from a starting validation accuracy
of 0.1634, which was the lowest among the four methods. Its
performance is continually getting better to the point where
it has even surpassed Adam in a few epochs, most notably
the 14th, where it scores an accuracy of 0.5659. By the 70th
epoch, RMSProp achieved the highest validation accuracy of
all the methods, with a score of 0.6897. This demonstrates the
method’s resilience in dealing with the issue that was presented.

The SGD algorithm begins with the highest initial valida-
tion accuracy of 0.2628, but it demonstrates a slower rate of
improvement over the epochs when compared to the other
methods. Throughout all 70 epochs, it maintains a position that
is inferior to that of the other three methods. It takes until
the 70th epoch for it to reach a validation accuracy of 0.3362,
which is the lowest among the four methods. This might indi-
cate that the problem at hand is quite difficult, and that SGD is
not able to navigate the optimization landscape of the problem
as effectively as the other techniques are. AdaMax begins with
a validation accuracy of 0.1721, which is comparable to Adam’s,
but it demonstrates a relatively slower improvement over time.
In the 13th epoch, it reaches a level of accuracy that is noticeably
higher than before, reaching 0.4118. Nevertheless, despite out-
performing SGD across all epochs, it is unable to outperform
Adam and RMSProp on a consistent basis. At the conclusion of
70 iterations, AdaMax achieves a validation accuracy of 0.6343,
which is higher than SGD but lower than Adam and RMSProp’s
respective scores.

The fact that there was a difference of approximately 35.35
percent between the optimizer that was the most effective and
the optimizer that was the least effective, RMSProp and SGD,
respectively, by the 70th epoch, highlights the significant role
that optimizer selection plays in the process of training machine
learning models. This percentage difference not only reflects
a numerical variation, but also a potential variation in model
accuracy, which has the potential to significantly influence the
outcomes of data predictions and classifications. Both of these
outcomes could be affected by this variation. The RMSProp
optimizer demonstrated the highest level of performance in
this scenario, achieving a validation accuracy of 68.97%, while
the SGD optimizer fell far behind, achieving only a validation
accuracy of 33.62%. In spite of the fact that the SGD got off
to a good start, having the highest initial validation accuracy
of 26.28%, it was ultimately surpassed by the other optimizers
because it showed a slower learning progression over the course
of the epochs.

Based on the validation accuracy, it appears that RMSProp
offers the highest level of performance when it comes to this

FIGURE 17 Training loss of four optimizers.

particular task. The next three in the sequence are Adam,
AdaMax, and SGD. It is of the utmost importance to keep in
mind that these results are specific to the task that is currently
being worked on, and that the rankings of these optimizers may
change depending on the datasets or tasks that are used. Keep-
ing this in mind is of the utmost importance. This demonstrates
the iterative nature of these methods, which gradually improve
their performance as they move through the epochs and are
highlighted by the previous sentence. It is also important to take
note of the different rates of improvement that occur through-
out the course of the epochs. At various points, all optimizers
demonstrate more substantial jumps in performance, and it is
important to take note of these variations in improvement rates.

7.3 Training loss

Figure 17 depicts the loss values obtained during the training
of a machine learning model utilizing four distinct optimization
algorithms: Adam, RMSProp, SGD, and AdaMax. The accuracy
values are recorded over the course of 70 epochs, reflecting the
model’s performance at each training iteration.

In the beginning, during the first epoch, the losses that
were incurred by the four optimizers (Adam, RMSProp, SGD,
and AdaMax) were noticeably high, which illustrated the initial
errors that were present in the predictions made by the models.
The most significant loss was recorded by SGD, which came in
at 9.7737; this was followed by AdaMax, which posted 9.4635,
Adam, which posted 9.1882, and RMSProp, which posted
9.0432. All optimizers showed a consistent decline in training
loss across epochs, albeit at varying rates and efficiencies, as
the models learned from the data and adjusted their parame-
ters. This was observed despite the fact that the rates at which
the models learned and the efficiencies at which they adjusted
their parameters varied. The RMSProp optimizer displayed the
most reliable performance, showing the greatest reduction in
the amount of training loss. Within the end of the second epoch,
RMSProp’s loss had already been cut down to 7.7244, indicating
an early advantage. This trend carried on, with the loss eventu-
ally coming down to an impressive 1.1771 by the time epoch 70
arrived. In terms of the percentage reduction in loss from epoch
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1 to epoch 70, RMSProp demonstrated an approximately 87%
decrease in loss, which was the highest among all of the optimiz-
ers. Adam was able to keep a consistent and effective decrease in
loss over the course of multiple epochs, even though he began
with a slightly higher initial loss than RMSProp. By the time we
reached the 70th and final epoch, Adam’s loss had been reduced
to 1.2117. This represents a reduction of approximately 86.8%
from its starting point, closely aligning with the performance of
RMSProp.

The initial loss that was incurred by AdaMax was greater than
that which was incurred by either RMSProp or Adam. How-
ever, it also demonstrated a steady improvement in loss over
the course of time, ultimately culminating in a loss of 1.3486
at epoch 70. This results in an approximate 85.8% reduction
in loss over the 70 epochs, which is a commendable perfor-
mance despite trailing behind RMSProp and Adam in terms of
overall efficiency. Within the parameters of this analysis, SGD
was the optimizer that produced the poorest results. At epoch
70, the value of SGD’s loss was still fairly high, coming in at
8.4793. This amounts to a loss reduction of only 13.3%, which
is significantly lower than the reductions achieved by the other
optimizers. There is a significant gap in terms of performance
between the optimizer with the best results, RMSProp, and the
optimizer with the worst results, SGD. RMSProp demonstrated
a reduction in loss of 87 percent, whereas SGD was only able to
achieve a reduction of 13.3 percent. This stark contrast, which
amounts to about 73.7% of the difference, highlights the sig-
nificant influence that the optimizer choice has on the model’s
performance.

In conclusion, the varying rates of decrease in training loss are
a reflection of the various efficiencies and convergence speeds
of the optimizers. The performance that RMSProp and Adam
turned in was exceptional, and they were successful in achiev-
ing a significant and prompt reduction in loss. In spite of the
fact that it was slower, AdaMax displayed consistent learning
throughout the entirety of the game. In contrast to this, SGD
demonstrated a significantly slower convergence speed, which
resulted in a loss reduction that occurred at a more measured
pace. This was achieved by reducing the number of lost packets.

7.4 Validation loss

Figure 18 depicts the validation loss values obtained during
the training of a machine learning model utilizing four distinct
optimization algorithms: Adam, RMSProp, SGD, and AdaMax.
The accuracy values are recorded over the course of 70 epochs,
reflecting the model’s performance at each training iteration.

At the beginning of the first epoch, all optimizers dis-
played high validation loss values, with Adam displaying 8.9842,
RMSProp displaying 8.4810, SGD displaying 9.1727, and
AdaMax displaying 9.0371. The errors that were made in the
models’ predictions based on the validation dataset are rep-
resented by these high initial validation losses. The degree to
which an optimizer was successful in fine-tuning the model
parameters in response to the loss function was reflected in the
rate at which the optimizer’s loss began to decrease over the

FIGURE 18 Validation loss of four optimizers.

course of subsequent epochs. When we looked at RMSProp, we
saw that it demonstrated a steady and dramatic decrease in val-
idation loss. From epoch 1 to epoch 5, RMSProp went from
8.4810 to 4.5723 and then back up again. After that, it main-
tained its downward trend and reached its lowest point of 1.3023
by the end of epoch 70. This translates to a remarkable decrease
of approximately 84.6% in total. It is clear that the RMSProp
optimizer has a high level of expertise in adjusting the model’s
parameters, as evidenced by the steady and dramatic decrease in
validation loss.

On the other hand, Adam demonstrated a decrease in vali-
dation loss as well, albeit at a rate that was marginally less rapid
than RMSProp’s. As an illustration, by epoch 5, the validation
loss for Adam had decreased from 8.9842 to 5.4313, while the
validation loss for RMSProp had decreased to 4.5723. However,
it continued to decrease in a steady fashion, reaching a valida-
tion loss of 1.3601 by epoch 70. This loss is equivalent to a
reduction of approximately 84.9% of the original value. Adam’s
progression over the epochs demonstrates its efficiency, despite
the fact that it got off to a slightly slower start when compared to
RMSProp. AdaMax, which began with an initial validation loss
of 9.0371, demonstrated a rate of decrease that was slower than
that of both Adam and RMSProp. At the end of epoch 5, it had
fallen to 7.6126, which was still higher than Adam and RMSProp
at the same epoch. However, it continued to demonstrate con-
sistent learning and loss reduction, reaching a loss of 1.4013 by
epoch 70. This loss is slightly higher than the other two optimiz-
ers at the same epoch, but it is still significantly lower than the
initial loss. This reduction represents a drop of approximately
84.5% of the total amount.

Even though this is a significant improvement, it is important
to point out that AdaMax learned at a slower pace compared
to RMSProp and Adam. This can be seen by the more gradual
decline in validation loss. In contrast, the SGD exhibited a very
different trend throughout the day. It began with the highest
initial validation loss, which was 9.1727, and the decrease in its
validation loss over the course of epochs was significantly slower
than the decrease in the validation loss of the other optimizers.
For instance, the validation loss for SGD was quite high at the
epoch 5 point, coming in at 9.0084. This pattern of extremely
high validation loss persisted throughout all of the epochs, with
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the validation loss at epoch 70 remaining at 8.2363, which is
significantly higher than all of the other optimizers. When com-
pared to the other optimizers, this minuscule reduction only
represents a decrease of 10.2%, which is a significant departure
from the norm.

When looking at the effectiveness of various optimizers in
relation to validation loss at the 70th epoch, it is clear that
there is a significant gap between the performance of the opti-
mizer with the most advantageous performance, RMSProp, and
the performance of the optimizer with the least advantageous
performance, SGD. Considerable 6.934 is what the absolute
difference between these validation losses comes out to when
calculated. This value offers a definitive and quantitative mea-
surement of the gap in performance that exists between the two
poles, RMSProp and SGD. It is estimated that RMSProp and
SGD have a difference of approximately 84.2% in terms of the
percentage of their validation loss. This percentage reaffirms the
disparity that has been observed while also providing a form
that is easier to understand. It is clear from this that the valida-
tion loss for the optimizer that performed the best, RMSProp,
is approximately 84.2% higher than the validation loss for the
optimizer that performed the worst, SGD.

The trajectories of validation loss for each of these optimiz-
ers highlight the differences in their respective efficiencies in
learning from the validation dataset and lowering the prediction
error. RMSProp and Adam appear to have the best perfor-
mance, displaying steep and steady declines in validation loss.
This indicates that learning and tuning of model parameters are
occurring effectively. AdaMax demonstrates a consistent learn-
ing curve, despite the fact that it is more slowly developing than
the previous two. On the other hand, SGD demonstrates slow
learning and lower efficiency due to its high validation loss rate.

7.5 Test runs average

Table 4 provides a comparative analysis of four different opti-
mizers: Adam, RMSprop, SGD, and AdaMax, based on the
results of 30 experimental runs. It outlines their respective per-
formance in terms of train and test accuracy, represented as
percentages. The data covers mean, median, mode, robustness,
interquartile range (IQR), standard deviation, and variance for
both train and test accuracy for each optimizer. The mean train
accuracy ranges from 35.32% (SGD) to 77.16% (RMSprop),
and the mean test accuracy varies from 33.41% (SGD) to
68.11% (RMSprop).

8 DISCUSSION

The in-depth analysis of optimization algorithms used in this
research reveals important insights into the functionality of
these algorithms within the setting of our machine learning
model. After conducting an exhaustive investigation into our
findings, it has become abundantly clear that the RMSProp
optimizer is the best option available. This optimizer provides
superior performance in terms of accuracy and robustness while T
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still allowing for additional optimization and improvement. This
conclusion is reached as a result of a number of significant fac-
tors, each of which has a significant impact on the performance
and utility of our CNN model.

When comparing RMSProp and Adam’s performance, it is
essential to look at their mean accuracies in both training and
testing. This will give you the most accurate picture of their
abilities. The RMSProp optimizer produces results that are
commendably high in terms of both the mean training accu-
racy (77.16%) and the mean test accuracy (68.11%). On the
other hand, the Adam optimizer, despite delivering a respectable
performance, falls just a little bit short, with a mean training
accuracy of 75.96% and a mean test accuracy of 67.35%. The
superior performance of RMSProp is further highlighted when
contrasted with the SGD and AdaMax optimizers, which both
show significantly lower mean accuracies. This highlights the
fact that RMSProp is the superior optimizer. Specifically, the
SGD optimizer has a poor performance, with a training accu-
racy of only 35.32% and a test accuracy of 33.41%. AdaMax also
falls short of expectations, with a training accuracy of 70.41%
and a test accuracy of 61.13%.

Another crucial factor in terms of performance is robustness,
which can be defined as the ability to produce consistent results
despite the presence of data that is both diverse and challenging.
With Interquartile Range (IQR) values of 0.68 for training and
0.39 for testing, RMSProp demonstrates outstanding robust-
ness, indicating that it maintains consistency even with outliers
or unexpected data variations. Although Adam exhibits a level
of robustness that is acceptable, with IQR values of 0.51 for
training and 0.7 for testing, this level is not higher than the one
shown by RMSProp.

In addition, the standard deviations shed light on yet another
aspect of the contrast between the two performances. The fact
that RMSProp has a lower standard deviation than Adam does
suggest that the results obtained with RMSProp are less likely to
be affected by outside factors and are, as a result, more accurate.
The slightly higher standard deviation in test accuracy exhib-
ited by Adam may suggest a wider spread in its results, which
in turn may indicate an opportunity for additional optimization
and refinement.

In contrast to the results of the preliminary research, the
RMSProp algorithm outperforms Adam not only in terms of
accuracy but also in terms of robustness, which has caused us
to rethink our initial preference. To get to the heart of the mat-
ter, it is essential to emphasize the part that robustness and the
IQR play in this analysis. A lower robustness and IQR are gen-
erally desirable because they indicate less variability in accuracy
and, as a result, a more consistent performance across multi-
ple runs of the model. In this scenario, RMSProp demonstrated
comparable levels of robustness at 1.32, whereas the rest of the
optimizers had lowers robustness which indicates a marginally
higher degree of variability. This conclusion, however, does not
lessen the potential value of Adam, which may still be an appro-
priate choice depending on the specifics of the situation or the
data sets being considered. In spite of this, the evidence from
our tests indicates that, in this particular scenario, RMSProp
provides superior performance [81–88].

In conclusion, while the ‘best’ optimizer can be determined
by a number of different factors, such as the particular charac-
teristics of the dataset, the architecture of the model, and the
various nuances in the implementation of the optimizers, our
research indicates that RMSProp is the leading contender in this
scenario. However, as is the case with all applications of machine
learning, these findings should be evaluated in the context of the
particular model and the data requirements.

9 SUGGESTIONS FOR FUTURE WORKS

The numerous breakthroughs that have been achieved in the
field of FER by making use of CNNs have shed light on the
vast scope of opportunities that exist for additional research and
technological advancement in this area of the scientific disci-
pline. Even though we have demonstrated that machine learning
is effective in the analysis of facial expressions, we have barely
even begun to scratch the surface of what is possible in the
field of emotion-aware artificial intelligence systems. Consider-
ing the significant progress that has been made up to this point,
we are able to pinpoint a number of areas in which further
research has the potential to make significant contributions to
this developing field.

(i) Integration with voice analysis: The combination of
facial expression recognition and voice sentiment analy-
sis has the potential to serve as an exciting new path
for the continuation of research soon. This multimodal
fusion has the potential to bring about an interpreta-
tion of human emotional states that is significantly more
comprehensive and precise, thereby elevating the concept
of machine empathy to new heights. Imagine a scenario
in which an artificial intelligence system can accurately
interpret both visual and auditory cues to gauge a user’s
emotional state. This would result in an interaction between
humans and machines that was more natural and empathic.
This cutting-edge area of research may have significant
repercussions for a variety of industries, including those
dealing with customer service and healthcare, as well as
those dealing with entertainment and gaming.

(ii) Real-time FER: The development of models that are
capable of real-time FER is another potential direction that
research could go in. The ramifications of such technolog-
ical advances are extremely broad, ranging from interactive
gaming and the personalization of user experiences to diag-
nostics for mental health and the development of advanced
security systems. Real-time FER systems could see signif-
icant improvements in speed, efficiency, and accuracy if
subsequent research investigated methods to reduce the
amount of time spent processing data, also known as
latency.

(iii) Personalized models: Since individual, cultural, and envi-
ronmental factors all have an impact on a person’s facial
expressions, potential future research might centre on
the development of personalized models. These models
could be programmed to learn and adjust to the specific
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emotional expression patterns of individual users, which
would result in a higher degree of personalization and accu-
racy in the emotion recognition process. This emphasis on
personalization has the potential to further bridge the gap
between AI systems and the human users of those systems,
thereby facilitating interactions that are more genuine and
nuanced.

(iv) Energy-efficient models: As the world continues to
place a growing emphasis on sustainability and respon-
sible energy usage, the development of energy-efficient
FER models is an area that is ripe for exploration and
should be pursued. This kind of research might involve
the development of algorithms that provide high levels of
performance despite using only a small number of com-
putational resources. This dual-focus approach has the
potential to significantly reduce the energy footprints of
these systems, which would be in line with the goals of
global sustainability initiatives and the growing demand for
green AI solutions.

(v) Ethical and privacy concerns: As FER technologies
become more widespread, addressing ethical and privacy
concerns becomes an issue of the utmost importance. In
subsequent work, we might investigate the possibility of
developing comprehensive privacy protection measures,
consent management systems, and transparent usage poli-
cies to guarantee the ethical deployment and utilization of
these technologies.

(vi) Expanding dataset diversity: Future works could also
focus on expanding the diversity of datasets used in FER.
Leveraging datasets beyond the FER 2013 dataset or creat-
ing new, more diverse datasets could enhance the model’s
inclusivity and universal applicability. This would enable the
model to recognize a broader range of facial expressions
across different demographic groups, thus enhancing its
reliability and generalizability.

10 CONCLUSION

The capacity of automated systems to accurately recognise
facial expressions is a key enabler for a variety of applica-
tions, including emotion-sensitive artificial intelligence as well
as enhanced human-computer interactions. These applications
range in scope from emotional intelligence to enhanced human-
computer interactions. These kinds of applications necessitate
the use of reliable machine learning models that are able to
efficiently learn from extensive datasets and to generalize their
findings to data they have not previously encountered. The
success of these models is heavily dependent on the archi-
tecture that was selected, the quality of the training data, the
efficiency of the pre-processing pipeline, and the optimizer
that was selected for the learning process. This study delved
into these complexities and presented a pipeline that trained
a CNN model for the task of FER using the FER 2013
dataset. This dataset was used to identify a variety of facial
expressions. The study used the ImageDataGenerator class for
real-time data augmentation, leveraged the simplicity and effec-

tiveness of the sequential model architecture from Keras, and
investigated four distinct optimizers for the learning process:
Adam, RMSprop, SGD and AdaMax. The research included a
thoughtful pre-processing stage using the class.
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