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Abstract: Deep convolutional neural networks (CNNs) have revolutionised computer vision
technology by automatically learning hierarchical representations of image data, leading to
state-of-the-art performance in visual recognition tasks. This article presents a comprehensive review
of deep CNNSs, from their evolution and architectures to the current state-of-the-art research. The
review also provides the core concepts and building blocks of CNNs and their concise mathematical
representations. Furthermore, it explores applications of deep CNNs in three popular domains,
including medical diagnosis, remote sensing, and facial recognition. This review will benefit
researchers and practitioners in computer vision and artificial intelligence, as well as industry
professionals seeking to leverage the latest advancements in deep learning technologies.

Keywords: CNN; deep learning; facial recognition; image classification; medical imaging; neural
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1. Introduction

Deep convolutional neural networks have significantly transformed the field of computer vision
and are the state-of-the-art algorithms in image classification and segmentation tasks [1-3]. They are
at the core of modern computer vision technologies and have achieved exceptional performances in
interpreting visual information [4-6]. These networks typically consist of multiple layers, including
convolutional layers that detect spatial hierarchies in images by applying filters, pooling layers that
reduce dimensionality and highlight important features, and fully connected layers that integrate these
features into final predictions [7]. This advanced architecture allows them to solve complex image
recognition tasks that are challenging for traditional machine learning (ML) approaches [8].

Furthermore, deep CNNs are robust at extracting and interpreting intricate patterns within
vast image datasets, leading to state-of-the-art performance in a wide range of visual recognition
tasks [9-11]. Meanwhile, the impact of deep CNNs extends beyond the traditional boundaries of
computer vision, influencing numerous fields and interdisciplinary studies. From enhancing natural
language processing capabilities by integrating visual data to revolutionizing how autonomous
systems perceive their environments, CNNs are crucial in bridging technological gaps between varied
domains. For instance, their application in medical imaging has augmented diagnostic procedures and
introduced substantial improvements in predictive healthcare, enabling early detection of diseases
and personalized treatment strategies [12,13].

Similarly, in environmental monitoring, CNNs have ensured the analysis of complex datasets,
improving models for climate prediction and disaster response [14]. This cross-disciplinary
applicability demonstrates the versatility and the potential of CNNs to advance different domains.
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Furthermore, in recent years, researchers have proposed new architectures and explored their
applications in new domains, achieving varying performances, which has created the need for a
comprehensive review of these architectures, innovations, and applications. Therefore, this research
bridges that gap by providing a comprehensive review of deep CNN architectures and their evolution,
highlighting key milestones and breakthroughs in the field. The study explores the various techniques
and strategies that have been proposed to improve the performance and generalisation capabilities of
deep CNNs and examines the recent advancements in network architectures, training methodologies,
and applications.

This proposed research is important as it aims to provide a comprehensive overview of the current
state of deep CNNSs, providing up-to-date literature for beginners and experts alike. Meanwhile, by
understanding these architectures and the techniques used to improve their performance, researchers
and practitioners in the field of computer vision can gain valuable insights into how to further advance
the capabilities of deep CNNs. Also, reviewing deep CNN applications in the literature and their
performances can provide a granular understanding of how specific deep CNN configurations can be
optimally applied to different tasks, thus paving the way for more tailored and efficient CNNN-based
solutions.

The rest of this paper is structured as follows: Section II discusses some relevant related works.
Section III presents the background and overview of machine learning and deep learning. Section
IV discusses neural networks and their components, which are the main building blocks of CNNs.
Section V presents an overview of CNN. Section VI presents the evolution of Deep CNNs and their
architectures, Section VII discusses notable applications of deep CNNs, and Section VIII reviews their
applications in recent literature. Section IX presents challenges and future research directions, while
Section X concludes the study.

2. Related Works

CNNs have achieved remarkable success in tasks such as image classification, object detection,
semantic segmentation, and many others [15-18]. Several researchers have reviewed CNNSs, together
with their design principles, architectures, capabilities, and performance across various applications.
A recent study by Dhillon and Verma [17] presented a detailed review of various CNN architectures,
starting from classical models like LeNet to more recent ones such as AlexNet and ENAS. Alzubaidi
et al.[7] extended the review by investigating deep learning and CNNSs, providing a comprehensive
analysis of deep learning, which is now the gold standard in the ML community in recent years.
The review discusses the evolution of CNN architectures and highlights several applications of DL
across diverse domains, including cybersecurity, natural language processing, bioinformatics, robotics,
and medical information processing. Similarly, Cong and Zhou [19] reviewed CNN architectures
by exploring the research advancements and optimization techniques associated with typical CNN
architectures. The study then proposed a novel approach for classifying CNN architectures based
on modules, aiming to accommodate the growing diversity of network architectures with unique
characteristics.

Meanwhile, the application of CNNs spans a diverse range of fields, each with its own set
of challenges and opportunities. In the agriculture domain, Kamilaris and Prenafeta-Boldu [20]
presented an overview of several studies that have applied CNNs to various agricultural and food
production challenges. The study further examined the methodologies employed in the reviewed
research, including data preprocessing techniques, model training procedures, and validation strategies.
Similarly, Lu et al. [21] further reviewed CNN applications in plant disease classification. The study
outlined the DL principles involved in plant disease classification and summarized the main challenges
encountered when using CNNSs for this purpose, along with corresponding solutions.

CNNs have also been applied in aerial image processing. For example, Kattenborn et al. [22]
studied the use of CNN in vegetation remote sensing, highlighting its potential to transform the field.
Liu et al. [23] reviewed CNN architectures and their applications in aerial view image processing using
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drone technology. The research studied the principles and classic architectures of CNNs. Furthermore,
the study discussed the latest research trends in CNNs, including advancements in model architectures
and techniques for improving accuracy in aerial image analysis. Furthermore, CNNs have been
employed in smart homes for various applications such as activity recognition, anomaly detection, and
home automation. A review by Yu et al. [24] summarized the use of CNNs in smart home environments
and highlighted their role in improving the efficiency and convenience of residential living.

Object detection has been a fundamental task in computer vision, and CNNs have significantly
advanced this area. Reviews, such as the study by Zhigiang and Jun [25] and Sultana et al. [1] provided
an overview of the evolution of CNN-based object detection techniques and their applications in
diverse fields ranging from autonomous driving to surveillance systems. In a similar research, Ji
et al. [26] presented a review of CNN in object detection, focusing specifically on the application of
CNN-based encoder-decoder models in salient object detection (SOD). The study concludes with a
comprehensive summary that highlights the findings and provides suggestions for future research in
the field of CNN-based encoder-decoder models for SOD.

Density map generation has also been explored using CNNs, particularly in crowd analysis and
surveillance. Reviews such as the work by Sindagi and Patel [27] provide an overview of CNN-based
approaches for generating density maps from images and their applications in crowd management and
urban planning. Machine fault diagnosis is another area where CNNs have shown promising results.
Reviews by Jiao et al. [28], Wen et al. [29] and Tang et al. [30] provided comprehensive insights into the
application of CNNss for fault diagnosis in machinery and industrial systems. They highlighted the
importance of CNNs in enhancing maintenance efficiency and minimizing downtime in industrial
operations. These reviews extensively discussed the effectiveness of CNN-based approaches in
detecting and diagnosing faults, thereby facilitating proactive maintenance strategies and optimizing
equipment performance.

CNN s have been instrumental in medical image analysis, disease diagnosis, and drug discovery.
Reviews, such as Anwar et al. [31], Sarvamangala et al. [32] and Lu et al. [33] have extensively
surveyed CNN-based approaches in medical imaging. These reviews demonstrate the potential of
CNNs in improving healthcare diagnostics and treatment by enabling accurate and efficient analysis
of medical images.

The surveyed studies have shown significant progress in employing CNN-based approaches
across diverse applications, indicating the robustness of these models in solving complex visual
recognition tasks. However, despite these advances, several studies reveal recurring limitations, such
as the intensive computational demand of training deep CNNs, lack of transparency in model decisions,
and overfitting. These challenges constrain the practical deployment of Deep CNNs and highlight the
need for continued innovation in network architecture and optimization techniques. Meanwhile, it is
evident that some CNN architectures are particularly well-suited for specific applications but may
not perform optimally in others. Hence, exploring recent CNN applications in the literature and their
performances can therefore guide future research to better match architectural choices with application
needs. Therefore, this review addresses these gaps by providing a comprehensive evaluation of recent
developments in CNN designs and their applications. It provides new perspectives and methodologies
that aim to enhance model efficiency, contributing to a deeper understanding of CNN’s capabilities
and opening avenues for future advancements in the field.

3. Background

Artificial Intelligence (Al), machine learning, and deep learning (DL) are interconnected fields that
form the backbone of modern computational technologies, which have led to innovation and efficiency
in several industries. Al is a broad discipline in computer science focused on creating systems capable
of performing tasks that typically require human intelligence [34]. Meanwhile, ML, a subset of Al,
is the study of computer algorithms that improve automatically through experience and by the use
of data. Unlike traditional programming, where humans explicitly code the behaviour, ML enables
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computers to learn and make predictions or decisions based on data [35]. DL, a further subset of ML,
involves neural networks with many layers. These deep neural networks have significantly advanced
the field of Al, achieving remarkable results in complex tasks. The relationship between these three
concepts can be described as follows:

AI DML D DL (1)

This hierarchy illustrates that while all ML is Al not all Alis ML; similarly, while all DL is ML, not
all ML is DL. Furthermore, this relationship can be visualized in Figure 1, showing a set of concentric
circles, with Al being the broadest category that encompasses ML, which in turn encompasses DL.
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Figure 1. Relationship between AI, ML, and DL [36]
4. Neural Network and Its Components

Artificial neural networks (ANNSs) are a class of machine learning algorithms inspired by the
structure and function of the human brain. They are composed of nodes, or neurons, connected by
edges, which can transmit signals processed by the neurons [37]. Neural networks have been widely
applied in various fields, including pattern recognition, speech recognition, and computer vision, due
to their ability to learn and model complex non-linear relationships [38]. A typical neural network
consists of an input layer, one or more hidden layers, and an output layer [39]. Each layer is made
up of a number of interconnected neurons. The input layer receives the raw data, the hidden layers
perform computations and transformations, and the output layer produces the final prediction or
classification. The basic structure of a neural network is shown in Figure 2.
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Figure 2. Basic structure of a Neural Network

The learning process in a neural network involves adjusting the weights and biases to minimize
the difference between the actual output and the predicted output, typically using a method such
as gradient descent. The most common loss function used in this optimization process is the mean
squared error for regression problems or cross-entropy loss for classification problems. The various
neural network components are discussed as follows:
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4.1. Neurons

A neuron is the basic processing unit of a neural network. The operation of a neuron in a neural
network can be mathematically represented as:

y=f (fwixﬁb) )
i=1

where x; are the input values, w; are the weights associated with each input, b is the bias, and f is the
activation function that introduces non-linearity into the model [40]. The neuron computes a weighted
sum of its inputs, adds a bias, and then applies an activation function to the result.

4.2. Weights and Biases

Weights (w) and biases (b) are the parameters the neural network learns during training. They
are adjusted to minimize the loss function, which measures the difference between the network’s
predictions and the actual target values [41,41].

4.3. Layers

Neural networks are structured into layers, each serving a unique function in the data processing
pipeline. These layers are categorized into three main types: the input layer, hidden layers, and the
output layer. The input layer is the gateway for data to enter the neural network. It is responsible for
receiving raw input data, with one neuron for each input feature [42]. The input layer primarily serves
to pass on the raw input data to subsequent layers without applying any transformations. It can be
represented mathematically as:

X = [xl,xz,...,xn]T 3)

where x represents the input vector consisting of 7 features that are fed into the network. Hidden layers
are the core of a neural network. They lie between the input and output layers and are responsible
for performing various computations and transformations on the input data [43]. The architecture,
number, and size of these hidden layers can vary greatly depending on the complexity of the task and
the design of the network. Each hidden layer consists of a number of neurons, where each neuron
is connected to all the neurons in the previous layer [39]. These layers apply weights, biases, and
activation functions to the inputs they receive, which allows the network to learn complex patterns
and relationships in the data. It is represented mathematically as:

h; = f(W;h;_; +b;) 4)

where h; is the output of the i-th hidden layer, f is the activation function, W; and b; are the weight
matrix and bias vector for the i-th layer, respectively, and h;_; represents the output of the previous
layer. The output layer is the final layer in a neural network. It takes the high-level features extracted
by the hidden layers and transforms them into a format suitable for making predictions. The design of
the output layer, including the choice of activation function, depends on the specific task the network
is intended to perform [39,39]. For instance, a softmax activation function is often used for multi-class
classification tasks, as it can output a probability distribution over the classes. The output layer
essentially summarizes the information that the network has learned about the data fed through the
input and hidden layers. The output vector (y) of the network is represented as:

y= f output(woutputhL + boutput) (5)

where foutput is the activation function used in the output layer and h is the output of the last hidden
layer (L).
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4.4. Activation Functions

Activation functions are another important component of neural networks that play a crucial role
in determining the output of each neuron. These functions introduce non-linearity into the network,
allowing it to learn complex patterns and relationships in the data [44]. A commonly used activation
function is the rectified linear unit (ReLU), f(x) = max(0, x), which replaces all negative values
with zero. ReLU has been shown to improve the convergence of neural networks by preventing the
vanishing gradient problem and speeding up training [45]. The sigmoid function, o(x) = H%’ is
another popular activation function, which compresses the output of each neuron to a value between 0
and 1, making it useful for binary classification tasks. Tanh, tanh(x) = %, is another activation
function that is similar to the sigmoid function, but rather compresses the output to a value between -1
and 1, making it useful for tasks where the output needs to be centered around zero.

Researchers have recently introduced new activation functions, such as the Leaky ReLU, which
allows a small, positive gradient for negative input values to prevent neurons from becoming
completely inactive, a problem often referred to as ‘dead neurons [46]. Other activation functions, such
as the exponential linear unit (ELU) [47] and the parametric rectified linear unit (PReLU) [48], have

also been proposed to address the limitations of traditional activation functions.

4.5. Loss Function

The loss function quantifies the difference between the predicted output of the network and the
true target output. It is a crucial component of training a neural network. Loss functions are vital
in the optimization process of neural networks, as they provide a measure of how well the model is
performing during training [49]. By minimizing the loss function, the neural network is able to adjust
its weights and biases to improve its predictions and ultimately improve the model’s accuracy. A
widely used loss function is the mean squared error (MSE), L(y,7) = % Y"1 (yi — 9;)?, which calculates
the average of the squared differences between the predicted and actual outputs. Another popular
loss function is the cross-entropy loss, L(y, 7) = — Y_; y;log(7;); it is commonly used in classification
tasks to measure the difference between the model’s predicted probability distribution and the true
distribution of class labels.

In addition to these common loss functions, there are also specialized loss functions designed for
specific tasks, such as the Huber loss function [50] for robust regression and the focal loss function [51]
for imbalanced classification problems. An important consideration when choosing a loss function is
its impact on the optimization process. Some loss functions may lead to faster convergence and better
generalization, while others may be more sensitive to noisy data [52]. Therefore, understanding the
characteristics of different loss functions and how they interact with the neural network architecture is
crucial for achieving optimal performance.

4.6. Optimizer

Optimizers in neural networks are algorithms used to adjust the parameters of the network, such
as weights and biases, to minimize (or maximize) an objective function [53]. These adjustments are
crucial for the learning process, ensuring the network gradually improves its accuracy by iteratively
reducing errors in predictions. The choice of optimizer can significantly influence the performance of
the model and its convergence rate. The widely used optimizers are discussed as follows:

4.6.1. Gradient Descent

Gradient descent is a fundamental optimizer that updates the model parameters, typically the
weights, by moving them in the direction of the negative gradient of the objective function with respect
to the parameters [54]. The update equation is:

Or11 =60 —nV](6), (6)
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where 6 represents the parameters, 7 is the learning rate, and V] (6;) is the gradient of the loss function
J with respect to the parameters at iteration .

4.6.2. Stochastic Gradient Descent

Stochastic gradient descent (SGD) modifies the standard gradient descent algorithm by updating
the parameters using only a single sample or a subset of the training data [55]. The idea is to
approximate the gradient of the entire training set by using the gradient of a single instance, which
reduces the computational burden significantly:

0111 = 0 — V] (01 xi, i), 7)
where (x;,y;) is a randomly selected sample from the dataset.

4.6.3. Batch Gradient Descent

Batch gradient descent is a form of gradient updating where the model parameters are updated
only once per epoch, using the gradient computed from the entire dataset [56]. This approach is
computationally expensive and impractical for very large datasets but can lead to stable convergence:

Ori1 = 0: = V] (05 X,Y), (®)
where (X, Y) represents the entire dataset.

4.6.4. Mini-Batch Gradient Descent

Mini-batch gradient descent is a balance between the stochastic and batch versions [57]. It updates
the parameters using a small subset of the training dataset called a mini-batch:

0r41 = 0t — V(04 Xminis Ymini ) )

where (Xmini, Ymini) 1S @ mini-batch of the dataset. This method balances the advantage of faster
computation with the benefit of stable convergence.

4.6.5. Adaptive Moment Estimation

Adaptive moment estimation (Adam) is one of the most popular modern optimizers. It combines
the advantages of two other stochastic gradient descent extensions: adaptive gradient algorithm
(AdaGrad) and root mean square propagation (RMSProp). It computes individual adaptive learning
rates for different parameters:

01 =0 — \/%7+ i, (10)

where 7i1; and 9; are estimates of the first and second moments of the gradients, respectively, and € is a
small scalar used to prevent division by zero [58].

4.7. Backpropagation

Backpropagation is the fundamental algorithm used for training neural networks. It involves the
systematic application of the chain rule to efficiently compute gradients of a loss function with respect

to all weights in the network:
oL  dL 9y
o~ oy ow an

i% represents the gradient of the loss function L with respect to a weight w, g—; is the gradient of

the loss with respect to the output y, and g—g} is the gradient of the output with respect to the weight.
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This gradient tells us how much a small change in the weight w will affect the loss. Backpropagation
proceeds in a reverse manner across the network’s layers, starting from the output back to the first
hidden layer.

5. Overview of CNN and Its Building Blocks

Convolutional Neural Networks are a class of deep neural networks, highly effective for
processing data with a grid-like topology, such as images. CNNs are particularly known for their
ability to capture spatial and temporal dependencies in an image through the application of relevant
filters [59]. The architecture of a CNN allows it to automatically and adaptively learn spatial hierarchies
of features, from low-level to high-level patterns. Figure 3 shows the schematic of a CNN, which is
composed of several layers that transform the input image to produce an output (e.g., a class label).
Also, CNNs include several key components that contribute to their ability to effectively process and
learn from image data. Two such components are Batch Normalization and Dropout, each playing a
crucial role in enhancing the training stability and generalization of CNN models. The key components
of CNN, shown in Figure 3, are presented and discussed as follows:

Fully

Convolution Connected

Pooli ant
fput ooling .

D‘" -h._- T

Feature Extraction Classification

Figure 3. Basic CNN Architecture [60]

5.1. Convolutional Layer

The convolutional layer is the core building block of a CNN that performs most of the
computational tasks. It applies a set of learnable filters to the input image. Each filter activates
certain features from the input. These features are then passed through an activation function to
introduce non-linearity into the model, allowing it to learn more complex patterns[61]. ReLU is the
most commonly used activation function in CNNs [62]. The output of the convolutional layer is a set
of feature maps that represent different aspects of the input image. Mathematically, the convolution
operation is defined as:

F(i,j) = (G« H)(i,j) =Y_) G(m,n)H(i —m,j—n) (12)

m n

where F is the output feature map, G is the input image, H is the filter, and * denotes the convolution
operation.

5.2. Pooling Layer

The pooling layer aims to reduce the spatial dimensions (width and height) of the input volume
for the subsequent convolutional layer [63]. It operates independently on each depth slice of the input,
downsizing it spatially to reduce the amount of computation needed for the upper layers and to help
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make the feature representations more compact and robust to variations in the position of features
in the input. The most commonly used form of pooling is max pooling, which selects the maximum
value from each patch of the feature map covered by the kernel [64]. Mathematically, for a given input
volume, the operation of a pooling layer can be defined as follows for max pooling:

P;; = max Xy (13)

where P;; is the output of the pooling operation at position (i, j), X, represents the elements of the
input volume over which the pooling operation is applied, and \V; is the neighborhood defined by the
pooling window size and stride over the input volume at position (i, f).

5.3. Fully Connected Layer

In a fully connected (FC) layer, each neuron is connected to every neuron in the previous layer,
with each connection possessing its own weight. The output of this layer is computed as a weighted
sum of the inputs, to which a bias term is added and then passed through an activation function [65].
This setup allows the layer to learn complex patterns from the entire data set represented by the
activations in the previous layer, making FC layers critical for integrating learned features into final
predictions or classifications. The mathematical representation is:

y =c(Wx+Db) (14)

where x is the input vector to the fully connected layer, W represents the weight matrix, b is the bias
vector, o denotes the activation function, and y is the output vector of the fully connected layer.

5.4. Batch Normalization

Batch normalization is a technique designed to improve the speed, performance, and stability
of artificial neural networks. It is applied as a layer within the network that normalizes the inputs
to a layer for each mini-batch [66]. This normalization process involves adjusting and scaling the
activations of the previous layer such that they have a mean output activation of zero and a standard
deviation of one. Mathematically, it can be represented as:

® _ R0
ol — XY ER] (15)

Var[x(®)] + ¢

where x(¥) is the input to be normalized, E[x(¥)] is the mean of the input, Var[x(")] is the variance of
the input, and € is a small constant added for numerical stability. The normalized data () is then
scaled and shifted by learned parameters o and 5, which allows the model to undo the normalization
if that is what the data requires. Batch Normalization helps in reducing the internal covariate shift
which occurs when the distribution of each layer’s inputs changes during training, as the parameters
of the previous layers change [66]. Stabilizing the distribution of the inputs to a layer allows for higher
learning rates and reduces the sensitivity to the initial weights.

5.5. Dropout

Dropout is a regularization technique designed to prevent overfitting in neural networks. It
functions by randomly deactivating a specified fraction of the neurons (by setting their outputs to
zero) at each update during the training phase [67].

r](-l) ~ Bernoulli(p) (16)
0

where ;' is a masking neuron that is 1 if neuron j in layer [ is kept and 0 if it is dropped out, and p
is the probability of keeping a neuron active during training. Dropout can be considered a form of
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ensemble learning, where each mini-batch trains a different model with a different architecture, but
all these models share weights [68]. This randomness helps to increase the robustness of the model,
making it less likely to rely on any one feature and, therefore, improving its generalization to unseen
data. Dropout is applied by randomly setting a proportion of the activations in a layer to zero during
the forward pass. Dropout is not applied at test time; instead, the layer’s output activations are scaled
by the dropout rate to account for the reduced number of active neurons during training.

6. Evolution of deep CNNs and Architectures

The evolution of deep CNNs can be traced back to the early work on neural networks in the
1980s and 1990s. However, it was not until the early 2010s that deep CNNSs really began to show
their potential [69]. One of the field’s key breakthroughs was the AlexNet by Krizhevsky et al.
[70] architecture’s development in 2012, which significantly outperformed previous methods in the
ImageNet Large Scale Visual Recognition Challenge (ILSVRC). Since then, researchers have continued
to push the boundaries of deep CNNs by exploring new architectures, optimizing training algorithms,
and leveraging larger datasets. Another key advancement in recent years has been the development of
residual networks (ResNets) in 2015 by He et al. [71], which introduced skip connections to allow for
easier training of very deep networks. The different CNN architectures are discussed as follows:

6.1. LeNet

LeNet [72], a groundbreaking CNN architecture developed by Yann LeCun in the 1990s, has
played a pivotal role in the advancement of image recognition technology. Originally designed for
handwritten digit recognition, LeNet consists of two convolutional layers and three fully connected
layers, incorporating average pooling and hyperbolic tangent activation functions. Despite its relative
simplicity compared to more modern CNN architectures, LeNet has proven highly effective in various
image recognition tasks. The LeNet Architecture is described as follows:

Input - C5 —+ 52 —+ C5 — 52 — F120 — F84 — Output (17)

where C5 represents a convolutional layer with a 5x5 kernel, S2 represents a subsampling (average
pooling) layer with a 2x2 kernel, and F120 represents a fully connected layer with 120 units.

The success of LeNet can be attributed to its innovative design, which was ahead of its time. The
use of convolutional layers allows the network to automatically learn features from input images,
reducing the need for manual feature extraction [73]. This improves the accuracy of the network
and makes it more adaptable to different types of images. The incorporation of average pooling
helps to downsample the feature maps, reducing the computational complexity of the network while
preserving important information. Additionally, the use of hyperbolic tangent activation functions
allows for non-linear transformations of the input data, enabling the network to learn complex patterns
and relationships within the images.

One of the key strengths of LeNet is its ability to generalize well to new, unseen data. This is due
to the hierarchical structure of the network, which allows it to learn increasingly complex features
at each layer [72]. By combining these features in the fully connected layers, LeNet is able to make
accurate predictions on a wide range of image recognition tasks. Despite its success, LeNet does have
some limitations. For example, using average pooling can lead to losing spatial information in the
feature maps, which may affect the network’s ability to accurately localize objects within an image.
Additionally, the relatively shallow architecture of LeNet may limit its performance on more complex
tasks that require the learning of intricate features.

6.2. AlexNet

AlexNet [70] is a groundbreaking CNN architecture that revolutionized the field by significantly
outperforming traditional computer vision methods in the ILSVRC challenge. AlexNet comprises
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five convolutional layers followed by three fully connected layers, incorporating ReLU activation
functions and max pooling layers throughout. The AlexNet architecture is shown in Figure 4, and it is
considered the first deep CNN architecture as it improves the CNN’s learning ability by increasing the
depth of the network and utilising several parameter optimisation techniques [74].

I (Input) 3 x 3Convolution _,| Pooling
c 384 Fcaturc-maps layer
) ) !

11 X 11Convolution Pooling Fully
96 Feature-maps layer connected
5 x 5Convolution 3 x 3Convolution Fully
256 Feature-maps 256 Feature-maps connected

) ) )
Pooling 3 x 3Convolution | | Fully
layer 384 Feature-maps connected

Figure 4. AlexNet Architecture [74]

This architecture introduced the concept of dropout regularization, a technique used to prevent
overfitting in deep learning models. Dropout has since become a widely adopted practice in the field
of machine learning. The success of AlexNet marked a turning point in the field of computer vision,
demonstrating the power of deep learning in image classification tasks. Prior to AlexNet, computer
vision systems relied heavily on handcrafted features and shallow learning algorithms. However,
the deep architecture of AlexNet allowed for the automatic learning of hierarchical features directly
from raw pixel data, leading to a significant improvement in performance. The impact of AlexNet
extended beyond just the field of computer vision. Its success sparked a resurgence of interest in deep
learning and led to a wave of research and development in the field. Researchers began to explore the
potential of deep neural networks in a wide range of applications, from natural language processing to
autonomous driving. The success of AlexNet also paved the way for the development of even more
powerful CNN architectures.

6.3. ResNet

The ResNet [71] architecture was developed by Microsoft Research in 2015. The hallmark of
ResNet lies in its remarkable depth, with some variants boasting up to 152 layers [75]. This depth is
made possible by the ingenious use of residual blocks, which feature shortcut connections that bypass
one or more layers, as shown in Figure 5. These shortcuts allow for easier training of deep networks
by mitigating the vanishing gradient problem, which is common in deep networks. The ResNet is
described as follows:

Conv Block

I
nput = Identity Block x n

x L — Avg Pool — F — Output (18)
where Conv Block represents a convolutional block that fits the input size to the residual block, Identity
Block represents the residual blocks repeated n times, and L represents the total number of layers.
Figure 5 shows the ResNet architecture.
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Figure 5. ResNet Architecture

The success of ResNet can be attributed to its ability to effectively learn complex features from
raw data, leading to state-of-the-art performance on a wide range of computer vision tasks, such
as image classification and object detection. By allowing information to flow through the network
more easily, ResNet is able to capture intricate patterns in data that may be missed by shallower
networks [76]. An advantage of ResNet is its ability to train very deep networks without suffering
from degradation in performance. In traditional deep networks, as the number of layers increases, the
accuracy of the network tends to saturate and then rapidly degrade. This phenomenon, known as the
degradation problem, is a major obstacle in training deep neural networks. However, ResNet’s use of
shortcut connections allows for the training of extremely deep networks with minimal degradation in
performance [77].

Furthermore, ResNet has been shown to be highly efficient in terms of both computational
resources and memory usage [78,79]. This efficiency is crucial for real-world applications where speed
and resource constraints are important factors to consider. In addition to its impressive performance
on standard computer vision tasks, ResNet has been successfully applied to other domains, such
as natural language processing and speech recognition. Its versatility and ability to learn complex
patterns make it a valuable tool for a wide range of applications in artificial intelligence.

6.4. VGGNet

VGGNet [80] was developed by the Visual Geometry Group at the University of Oxford in 2014.
It is renowned for its simplicity, consisting of either 16 or 19 layers of convolutional and pooling layers.
This straightforward architecture has proven to be highly effective in extracting features from images,
leading to state-of-the-art performance on various image classification tasks. The success of VGGNet
can be attributed to its deep architecture, which allows for the learning of complex hierarchical features.
Each convolutional layer in the network acts as a filter, extracting specific features from the input
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image. These features are then passed through pooling layers, which downsample the feature maps to
reduce computational complexity and increase translation invariance [81]. This process is repeated
multiple times throughout the network, with each subsequent layer learning increasingly abstract
features. The VGGNet architecture is shown in Figure 6.
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Figure 6. VGGNet Architecture

An important aspect of VGGNet's architecture is the use of small 3x3 convolutional filters.
These small filters have been shown to be highly effective in capturing spatial information within
the image, allowing the network to learn intricate patterns and textures. Additionally, the use of
multiple convolutional layers with small filters helps to increase the depth of the network without
significantly increasing the number of parameters, making training more efficient. Additionally, its use
of max pooling layers helps reduce the feature maps’ spatial dimensions while retaining important
information. This downsampling process aids in preserving spatial relationships between features,
allowing the network to better generalize to new, unseen images [82]. Also, the use of max pooling
helps to introduce translation invariance, ensuring that the network can still accurately classify images
even if they are slightly shifted or rotated.

6.5. GoogleNet

GoogleNet [83], or Inception v1, marks a significant advancement in CNN architecture for visual
recognition tasks. Introduced in the seminal paper "Going Deeper with Convolutions," GoogleNet was
designed to optimize the depth and width of the network while maintaining computational efficiency.
The hallmark of GoogleNet is the inception module (shown in Figure 7, a novel architectural unit that
allows for increased depth and width without the proportional increase in computational cost. The
inception module is based on the idea that instead of deciding which size of convolutional filter to
use (e.g., 1x1, 3x3, 5x5), a CNN should utilize all of them in parallel to capture information at various
scales. The outputs of these filters are then concatenated along the channel dimension. This approach

allows the network to adapt to the most relevant scale of features for each task, improving its ability to
capture complex patterns:

Inception(x) = [Convy1(x), Convzy3(x), Convsys(x), Pool(x)] (19)
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Figure 7. GoogleNet Architecture

GoogleNet significantly increased the depth of the network to 22 layers, a notable increase from
previous architectures. Despite its depth, the inception module enables GoogleNet to achieve high
computational efficiency. This efficiency is partly achieved by using 1x1 convolutions to reduce the
dimensionality of the input feature map before applying larger convolutions, thereby reducing the
computational cost [83]. To combat the vanishing gradient problem and encourage gradient flow
through the deep network, GoogleNet introduces auxiliary classifiers. These classifiers are added to
intermediate layers of the network and contribute to the total loss during training. Although they are
not used during inference, these auxiliary structures improve training convergence and, ultimately, the
performance of the network. GoogleNet employs global average pooling at the end of the last inception
module, replacing the fully connected layers traditionally used in CNNs. This approach significantly
reduces the total number of parameters in the network, mitigating overfitting and decreasing the
computational burden. GoogleNet's inception architecture has had a significant impact on the field
of deep learning, inspiring a series of Inception models that further refine and improve upon the
original design.

6.6. DenseNet

Densely Connected Convolutional Networks (DenseNet) [84] is a CNN architecture that was
proposed by researchers at Cornell University in 2017. DenseNet introduces a novel architecture that
implements the concept of feature reuse, leading to significant improvements in efficiency, compactness,
and performance. The defining characteristic of DenseNet is its dense connectivity pattern, shown
in Figure 8, where each layer receives input from all preceding layers and passes its own feature
maps to all subsequent layers. This connectivity pattern facilitates feature reuse, improves the flow of
information and gradients throughout the network, and reduces the number of parameters needed.
The fundamental building block of DenseNet is the dense block, where each layer is directly connected
to every other layer. Mathematically, the output of the I layer, x;, is computed as:
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Figure 8. DenseNet [84]

X] = Hl([x()/xl/"'/xl*l]) (20)

where [x, X1, ..., x;_1] denotes the concatenation of the feature-maps produced in layers 0, ..., I —
1, and H;(-) represents a composite function of operations (BN, ReLU, Conv) [84]. This architecture
ensures that each layer can access the gradients from the loss function and the original input signal. A
crucial parameter in DenseNet is the growth rate (k), which controls the amount of new information
each layer contributes to the global state of the network. The growth rate regulates how much new
information is added by each layer, balancing between model capacity and complexity [85,86]. A
smaller growth rate keeps the model compact, while a larger growth rate increases the model’s capacity
to learn complex features. The dense connectivity pattern significantly reduces the need for learning
redundant feature maps, thus allowing for a reduction in the number of parameters without sacrificing
the depth or capacity of the network. This efficiency makes DenseNet particularly well-suited for
applications where model size and computational resources are limited.

To control the size of the feature maps and manage computational complexity, DenseNet
introduces transition layers between dense blocks. These layers consist of a batch normalization layer,
a 1x1 convolutional layer, and a 2x2 average pooling layer. Transition layers help in compressing the
feature-maps and reducing their dimensionality, thus ensuring efficient computation and preventing
the network from growing too wide. DenseNet has demonstrated remarkable performance on a wide
range of tasks, including image classification [87], object detection, and segmentation. Its ability to
efficiently parameterize and learn feature representations makes it a powerful tool for deep learning
research and applications. The DenseNet architecture has influenced subsequent developments in
CNN design, indicating the benefits of feature reuse and efficient information flow.

6.7. EfficientNet

EfficientNet was developed in 2019 by Tan and Le [88] to systematically balance network depth,
width, and resolution in CNNs, which are key factors in determining the model’s size, speed, and
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accuracy. Prior to EfficientNet, scaling these dimensions was typically performed in an ad-hoc manner,
often focusing on just one aspect, such as width or depth, to improve performance. EfficientNet
introduces a more structured and effective method for scaling up CNNs, using a compound coefficient
to manage the scaling of network dimensions uniformly. The core idea behind EfficientNet is
compound scaling [89,90]. Unlike traditional scaling methods that independently scale depth, width,
or resolution, EfficientNet scales these dimensions with a fixed set of scaling coefficients determined
by a simple yet effective compound coefficient (¢). This coefficient is used to simultaneously scale
network width, depth, and resolution in a balanced way based on the following formulas:

depth :d = af (21)
width : w = B¢ (22)
resolution : r = o (23)

where &, B, and 7 are constants that define how each dimension should be scaled, and ¢ is a
user-specified coefficient that controls the overall resources available for the model. This method
ensures that each additional unit of resource boosts performance in the most efficient way possible.
The EfficientNet models are built upon a baseline model, EfficientNet-B0, designed through a neural
architecture search (NAS) that optimizes accuracy and efficiency. EfficientNet-B0 is the foundation,
and the rest of the EfficientNet models (B1 to B7) are scaled versions of B0 using the compound scaling
method [91]. Each subsequent model in the series, from B1 to B7, offers incrementally higher accuracy,
with correspondingly higher computational requirements.

EfficientNet models have achieved state-of-the-art accuracy on ImageNet and other benchmark
datasets while being significantly more efficient than previous models [92,93]. For example,
EfficientNet-B7 achieves much higher accuracy than previous CNN architectures while requiring
substantially fewer floating point operations per second (FLOPS), making it powerful and efficient for
a wide range of applications, from mobile devices to high-end hardware []. Other CNN architectures
have been developed in the last few years, including HRNetV2 [94], mobilenetv2 [95], and FractalNet
[96] Table 1 presents a summary of the various CNN architectures.
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Table 1. Summary of CNN Architectures

Architecture Author Year Innovation Depth
LeNet LeCun et al. [72] 1998 Early CNN, handwritten 5
digit recognition
AlexNet Krizhevsky et al. [70] 2012 Uses Dropout and ReLU 8
VGGNet Simonyan and Zisserman [80] 2014 Increased depth, small filter 16, 19
size
GoogLeNet Szegedy et al. [83] 2015 Inception modules, 22
concatenation
Inception-V3 Szegedy et al. [97] 2015 Improved feature 48
representation
Highway Srivastava et al. [98] 2015 Introduced multipath 19, 32
concept
Inception-V4 Szegedy et al. [99] 2016 Divided transform and 70
integration concepts
ResNet He et al. [71] 2016 Residual connections to fight 152
vanishing gradient
Inception-ResNet-v2 Szegedy et al. [100] 2016 Combination of Inception 164
and ResNet
FractalNet Larsson et al. [96] 2016 Developed Drop-Path 40, 80
regularization
Xception Chollet [101] 2017 Depthwise and pointwise 71
convolution
Residual attention Wang et al. [102] 2017 Introduced attention method 452
DenseNet Huang et al. [84] 2017 Blocks of layers connected to 201
each other
MobileNet-v2 Sandler et al. [95] 2018 Inverted residual structure 53
EfficientNet Tan and Le [88] 2019 Scaling up CNNis efficiently 380
HRNetV2 Wang et al. [94] 2020 High-resolution -
representations

7. Notable Applications of Deep CNN

In this section, we explore some notable applications of Deep CNNs across different fields,
illustrating their versatility and crucial role in advancing modern technology.

7.1. Computer Vision

In computer vision applications, CNNs have established themselves as the main approach for
a wide range of image analysis tasks. These include image classification, where CNNs categorize
entire images into labels based on the visual content; object detection, which involves identifying
and localizing objects within an image complete with bounding boxes; and the more complex
image segmentation, which partitions an image into multiple segments to simplify and change
its representation.

Image Classification: CNNs are particularly robust at image classification tasks, consistently
achieving high accuracy. This robustness enables diverse applications ranging from organizing large
photo libraries and enhancing multimedia platforms to providing critical diagnostics in medical
imaging, thereby aiding in the early detection and treatment of diseases [103,104].

Segmentation: CNNs are able to analyze and understand the context and the detailed pixel-level
composition of images [105]. This capability is crucial in autonomous vehicle systems, which rely
on precise interpretations of road conditions, obstacles, and pedestrian areas to navigate safely
and efficiently.

7.2. Speech Recognition

In speech recognition, CNNs transform audio waveforms or spectrograms into rich, representative
features that capture phonetic and temporal variations, making them ideal for recognizing spoken
words or phrases [106]. This technology indicates the significant advancements in voice-activated
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systems, such as personal virtual assistants like Siri, Alexa, and Google Assistant, enhancing
their responsiveness and accuracy. It also plays a critical role in developing more robust and
efficient transcription services to convert speech from various languages and dialects into text with
high performance.

7.3. Natural Language Processing

Though recurrent neural networks (RNNs) and transformers predominantly dominate NLP,
CNNs have carved a niche in processing sequential data for NLP tasks [107]. They excel in extracting
hierarchical features from text, making them suitable for applications such as sentiment analysis,
where they determine the emotional tone behind a series of words, and text classification, categorising
text into predefined categories [108-110]. CNNs are also employed in aspects of machine translation,
particularly in feature learning from large text corpora, enhancing the quality and contextuality of
translated content [111,112].

7.4. Object Detection

CNNs have been widely applied in object detection, where they classify images and precisely
locate and outline various objects within those images [113]. This dual capability is crucial for
applications like security surveillance systems, where continuously detecting and tracking individuals
or objects is vital. Additionally, in the digital media industry, CNNs facilitate advanced image editing
tools that automatically modify or enhance image elements [114]. Furthermore, they significantly
contribute to the reliability and effectiveness of advanced driver-assistance systems (ADAS) by
improving the accuracy of detecting and responding to traffic elements, thus enhancing road
safety [115-117].

8. Review Deep CNNs in Recent Literature

This section presents a review of recent studies that employed Deep CNNSs to solve real-world
problems. Specifically, the review focuses on three popular application domains: medical imaging,
remote sensing, and face recognition.

8.1. Medical Imaging

Convolutional neural networks have become the core technology in Al-driven medical imaging,
achieving excellent performance in automating diagnosis, enhancing image quality, and improving
patient outcomes. Their ability to extract and learn features from medical images has led to significant
advancements in detecting, classifying, and segmenting various diseases. This section explores some
of the key applications of CNN architectures in medical imaging.

CNNs have been widely applied in the detection and classification of diseases from medical
images. CNN architectures such as VGG, ResNet, and Inception have been fine-tuned to accurately
identify conditions like pneumonia, breast cancer, and diabetic retinopathy from X-rays, mammograms,
and retinal images, respectively. For example, Yadav and Jadhav [118] employed a CNN-based
architecture to detect pneumonia using chest X-ray images. The study applied transfer learning on two
CNN architectures, including the Inceptionv3 and VGG16. Other techniques used for performance
comparison include a capsule network (CapsNet) and a support vector machine (SVM). Furthermore,
the study applied data augmentation, which significantly improved the performance of the various
algorithms. Additionally, the transfer learning on the CNN models proved crucial compared to the
SVM and capsule network. The VGC16 achieved the best performance with an accuracy of 93.8%,
while the Inception3, CapsNet, and SVM achieved 86.9%, 82.4%, and 77.6%, respectively.

Khatamino et al. [119] employed CNN for detecting Parkinson’s disease (PD). PD is a condition
affecting the human brain that can cause stiffness and shaking, which can worsen with time. A
non-invasive approach for detecting PD has been around for many years. This study proposed a
CNN model to learn the features of suspected PD patient’s handwritten texts. The study aimed to
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identify the handwriting drawing spirals that are usually drawn by PD patients. The study achieved
an accuracy of 88%. Similarly, Alissa et al. [120] proposed an approach to detect PD using CNN.
Meanwhile, the CNN consists of two convolutional layers with 32 filters, another two convolution
layers with 64 filters, and another two convolution layers with 128 filters. The CNN architecture
also consists of three max-pooling layers, dense layers, and a flattened layer. The proposed model
reached a classification accuracy of 93.5%. Also, Jahan et al. [121], Kurmi et al. [122], Shaban [123] used
Inception-V3, ensemble of VGG16, Inception-V3, ResNet50, and Xception, respectively, for detecting
PD, achieving an accuracy of 96.6%, 98.45%, 88%, respectively.

Furthermore, Islam et al. [124] proposed a method for detecting COVID-19 disease from X-ray
images by combining CNN and LSTM. The CNN was used for feature extraction, while the LSTM
classified the extracted features. The study was conducted using 4575 X-ray images, which had 1525
images labelled as COVID-19 positive. The combination of CNN and LSTM resulted in a robust model,
achieving 99.4% accuracy. Pan et al. [125] proposed a heart disease detection framework using CNN
and MLP. The CNN module was employed for feature extraction, and the MLP classified extracted
features. The approach achieved an accuracy of 99.1%, outperforming other baseline models, including
a simple RNN and ANN.

Feng et al. [126] proposed an approach for detecting Alzheimer’s disease (AD) using a 3D-CNN
and stacked bidirectional LSTM (BiLSTM). The deep learning model was proposed to learn using both
magnetic resonance imaging and positron emission tomography (PET). Using the AD neuroimaging
initiative (ADNI) dataset, the proposed deep learning model achieved an accuracy of 94.82%. Similarly,
Farooq et al. [127] used CNN for detecting AD. The study also employed the ADNI dataset. Meanwhile,
the authors stated that the use of a high-performance graphical processing unit further enhanced the
experimental process and time, with the CNN achieving a classification accuracy of 98.8%.

Sharif et al. [128] developed an approach for identifying gastrointestinal tract (GIT) infections
using CNN and k-nearest neighbor (KNN). The study used the wireless capsule endoscopy (WCE)
dataset, and the disease regions were extracted using a novel technique called contrast-enhanced
colour features. The study used the VGG16 and VGG19 for the feature extraction and the KNN for the
classification task. The experimental results indicated an accuracy of 99.42%, showing the robustness
of the novel approach.

Furthermore, CNN has also played crucial roles in enhancing the quality of medical images
through techniques such as denoising, super-resolution, and artefact reduction. These improvements
are essential for better visualization and interpretation of the images by medical professionals [129,130].
For example, Kumar et al. [131] proposed a CNN-based approach for identifying brain tumors.
The study aimed to achieve enhanced performance and reduced computational complexity by
preprocessing the training images in order to remove noise, thereby enhancing the quality of the
images. The proposed approach is a fusion of ResNet and transfer learning, which obtained an
accuracy of 99.57%.

CNNs have also been used for automated annotation of medical images, which can significantly
reduce the manual effort required in labelling anatomical structures and abnormalities. This application
is time-saving and helps create large annotated datasets necessary for training deep learning models.
For instance, Dolz al al. [132] proposed a method for suggesting annotations within images using a 3D
CNN ensemble. The annotation was a step in an overall model aimed at infant brain MRI segmentation.
The study demonstrated the capability of CNNs in the automated annotation of medical images. A
summary of the reviewed CNN applications in medical imaging is provided in Table 2.

d0i:10.20944/preprints202408.1288.v1
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Table 2. Summary of Medical Imaging Papers
Reference Year Architecture Application Accuracy(%)
Farooq et al. [127] 2017 CNN Alzheimer’s disease 98.8
Khatamino etal. [?] 2018 CNN Parkinson’s disease 88
Feng et al. [126] 2019 3D-CNN and stacked Alzheimer’s disease 94.82
BiLSTM
Sharif et al. [128] 2019 CNN and KNN Gastrointestinal tract 99.42
infection

Yadav and Jadhav [118] 2019 VGG16 Pneumonia 93.8
Islam et al. [124] 2020 CNN and LSTM COVID-19 disease 99.4
Pan et al. [125] 2020 CNN and MLP Heart Disease 99.1

Dolz al al. [132] 2020 3D CNN ensemble Automated annotation of -
medical images

Shaban [123] 2020 VGG-19 Parkinson’s disease 88
Alissa et al. [120] 2021 CNN Parkinson’s disease 93.5
Jahan et al. [121] 2021 Inception-V3 Parkinson’s disease 96.6
Kumar et al. [131] 2022 CNN Enhancing image quality for 99.57

Brain Tumor
Kurmi et al. [122] 2022 ensemble of VGG16, Parkinson’s disease 98.45
Inception-V3,
ResNet50, and
Xception

8.2. Remote Sensing

Remote sensing refers to the gathering and interpretation of data without direct physical contact.
Much research is being done on the use of Deep CNNs for interpreting data gathered by long-range
sensing technologies. One application of this is vehicle detection, which has militaristic advantages.
Wang et. al [133] implemented a lightweight framework for aircraft detection called CGC-Net. It
utilises a CNN consisting of three convolutional layers, two pooling layers, one dropout layer, and one
dense layer. This framework achieved an accuracy of 83.59%, outperforming other benchmark models,
including an R-CNN. Remote sensing can also be used for environmental protection purposes. For
example, work has been done to identify oil spills from satellite imagery. Huang et al. [134] used a
dataset built from 1786C-band Sentinel-1 and RADARSAT-2 vertical polarization synthetic aperture
radar (SAR) images containing 15,774 labelled examples of oil spills. They trained and tested a Faster
R-CNN model to detect the spills and achieved precision and recall of 89.23% and 89.14%, respectively.

Furthermore, CNNs have significantly improved the accuracy of land cover and land use
classification, a fundamental task in remote sensing. By extracting hierarchical features from satellite
images, CNN models like U-Net [135] and SegNet [136] have demonstrated superior performance
in distinguishing between various land cover types, such as forests, water bodies, urban areas, and
agricultural land. This enhanced classification capability is vital for tracking environmental changes,
urban development, and managing natural resources. For instance, Carranza-Garcia [137] proposed
a CNN-based model for land use and land cover (LULC) classification. The proposed method uses
remote sensing data, including radar and hyperspectral data. The method comprises 2D CNN, having
two convolution layers and max-pooling, reaching an accuracy of 99.36% on the Flevoland dataset.

Memon et al. [138] also used CNN for land cover classification using the RISAT-1 dataset over
the Indian region of Mumbai. The CNN obtained an accuracy of 98.37%. Similarly, Dewangkoro
and Arymurthy [139] employed CNN and SVM for land use and land cover classification using the
Eurosat remote sensing dataset. The study employed different CNN architectures for feature extraction,
including InceptionV3, VGG19, and ResNet50. Meanwhile, the SVM and twin-SVM (TSVM) were used
as the classifiers. The experimental results showed that the VGG19 architecture and TSVM obtained
the best performance with an accuracy of 94.7%.

The application of CNNs in object detection and recognition in remote sensing images has opened
new avenues for detailed Earth observation [140,141]. High-resolution satellite images analyzed
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with CNNs enable the identification of specific objects like vehicles, buildings, and trees. This
technology is crucial for urban planning, monitoring infrastructure development, and conducting
detailed environmental studies. For instance, Krishnaraj et al. [142] employed a discrete wavelet
transform (DWT) based CNN model for real-time image processing, and Wang et al. [143] used Faster
Region-cNN (Faster R-CNN) for real-time vehicle type identification, achieving excellent performances.

CNNs have been applied in agriculture to monitor crop health, predict yields, and detect diseases
or pests. Satellite and UAV images processed with CNNs provide valuable insights into crop conditions,
enabling precise agriculture practices. Radha and Swathika [144] used CNN for plant monitoring
and detecting diseases using an image dataset of plants comprising healthy and diseased leaves. The
plants included Grape, Corn, Tomato, and Strawberry. The CNN model achieved an accuracy of
85%. Similarly, Sankar et al. [145] employed CNN for evaluating crop health using a multi-stage
approach of image acquisition, preprocessing, image augmentation, and prediction. The CNN obtained
a classification accuracy of 85%. Other studies that employed CNN for plant disease classification
include [146-149]

While CNNs have significantly advanced remote sensing applications, there are certain challenges
that remain and have gotten the attention of researchers in the field, including the need for large
labelled datasets, the interpretation of complex CNN models, and ensuring the models’ generalizability
across different regions and conditions [150,151]. Meanwhile, the reviewed remote sensing research
works are summarized in Table 3.

Table 3. Summary of Remote Sensing Papers

Reference Year Architecture Application Accuracy(%)
Wang et al. [143] 2017 Faster R-CNN Real-time vehicle 90.65
type identification
Carranza-Garcia [137] 2019 2D CNN land use and land 99.36
cover
Krishnaraj et al. [142] 2019 DWT-based CNN Real-time image -
processing
Agarwal et al. [147] 2020 VGG16 Plant disease 93.5
prediction
Lietal. [146] 2020 CNN and Kernel Plant disease -
SVM prediction
Quet. al [152] 2021 SCONE (CNN Supernovae 98.18 + 0.3%

Ensemble with 4 classification
convolutional blocks)

Memon et al. [138] 2021 CNN land cover 98.37
Dewangkoro and Arymurthy [139] 2021 VGG19 and TSVM  Land use and land 95.7
cover
Radha and Swathika [144] 2021 CNN Plant monitoring and 85
disease prediction
Bansal et al. [149] 2021 Ensemble of Plant disease 96.25
DenseNet and prediction
EfficientNet
Sankar et al. [145] 2021 CNN Crop health 85
classification
Wang et. al [133] 2022 Lightweight CNN Aircraft detection 83.59%
Huang et. al [134] 2022 Faster R-CNN Oil spill detection -
Moradi and Sharifi [153] 2023 4-CNN Ensemble Forest Cover Change 95%
Kamdi and Biradar [148] 2023 Ensemble of Crop health 99%
ResNet101 and classification
VGG16

8.3. Face Recognition

Convolutional Neural Networks are the foundational technology in the advancement of facial
recognition systems. CNNs have enabled significant breakthroughs in accuracy, speed, and reliability
in facial recognition. One area where CNNs have played a key role is in enhancing recognition accuracy.
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Deep CNNSs, through layers of feature extraction, have the capability to identify subtle facial features
with a high degree of precision, even in challenging conditions such as varying lighting, angles, and
facial expressions [154? ]. Studies have shown that architectures like DeepFace [155] and FaceNet [156]
have achieved near-human levels of accuracy in face verification tasks. Sahan et al. [157] developed a
CNN-based model to enhance facial recognition accuracy. The approach employed a deep 1D CNN
classifier together with a linear discriminant analysis (LDA) algorithm, leading to an enhancement
in the facial recognition performance. The experimental results indicated that the proposed model
achieved an accuracy of 100%.

One of the primary applications of CNNs in facial recognition is extracting distinctive facial
features. Deep CNN models can accurately identify unique facial characteristics, such as the distance
between the eyes, nose shape, and jawline contour, which are crucial for matching faces with existing
databases. The work by Wang et al. [158] focused on obtaining fine-grained feature extraction to
enhance the discrimination of facial features. The study employed an enhanced CNN that incorporates
a new operator based on the local feature descriptor with the aim of achieving the extraction of
fine-grained features of disordered point clouds, leading to an accuracy of 98.9%. Similarly, Awaji
et al. [159] proposed an approach for facial feature extraction by integrating a hybrid random forest
algorithm with CNN. The random forest utilises features from the VGG16-MobileNet model, obtaining
an accuracy of 98.8%.

Furthermore, CNNs have been instrumental in enabling real-time facial recognition, a critical
requirement for applications in security and surveillance. The efficiency of CNN architectures
allows for the rapid processing of video feeds, enabling the immediate identification and tracking
of individuals in live scenarios. This capability is essential for public safety, border control, and
preventing unauthorized access to secure locations. For instance, Ullah et al. [160] developed an
approach for real-time anomaly detection within a surveillance network using CNN and BiLSTM. The
proposed approach involves extracting spatiotemporal features from a sequence of frames using the
ResNet-50. Meanwhile, the extracted features were passed to the BILSTM model for classification. The
experimental results showed the proposed approach is able to classify normal/anomaly events in
complex surveillance scenes, achieving 85.53% accuracy using the ResNet-50 and BiLSTM.

Rajeshkumar et. al [161] proposed a security system that is functional in an office environment
to ensure only employees can pass through a door. A database containing images of the employees
was utilised for training. The study employed a Faster R-CNN with VGG-16 architecture. The
Faster R-CNN was used to generate bounding boxes, and the VGG-16, pre-trained on the ImageNet
dataset, was then used for facial landmark extraction. The approach obtains an accuracy of 99.03%,
outperforming other algorithms. Saravanan et al. [162] proposed a novel face mask identification
model for security purposes. The justification for the implementation is due to the difficulty of tracking
if members of the public were wearing face masks during the COVID-19 outbreak. A transfer learning
approach is utilised, with the model of choice being a pre-trained VGG-16 model in which all the
layers were functional, and only the fully connected layer was trained to reduce training time and cost.
Specifically, the VGG-16 architecture contained 13 convolutional layers, 5 max-pooling layers, and 3
fully connected layers. Two face mask datasets were used: one with 1484 pictures and another with
7200, and VGG-16 obtained an accuracy of 96.5% and 91%, respectively.

CNNs have also been used in virtual facial recognition. For example, Chirra et al. [163] developed
an approach to detect the facial emotions of virtual characters using a DCNN architecture. The
study employed a multi-block DCNN comprising four blocks to extract different discriminative facial
attributes from the input images. Meanwhile, in order to enhance the stability and improve the
classification performance, the study proposed using an ensemble of DCNN and SVM, leading to
enhanced prediction performance with an accuracy of 99.57% on the Japanese female facial expressions
(JAFFE) dataset. In a similar facial expression recognition research, Febrian et. al [164] utilised a
combination of BiILSTM and CNN to obtain an accuracy of 99.43%.
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Mehendale et al. [165] utilised a 2-part CNN architecture. The first part was for background
removal and the second part was aimed at facial feature vector extraction. A 24-component expressional
vector generated after background removal was used to identify the 5 possible target facial expressions.
The training dataset used contained 10,000 images from 154 distinct individuals, and the proposed
method achieved an accuracy of 96%. Debnath et al. [166] used a ConvNet CNN model to detect
seven possible emotions from the image datasets. The study utilised the local binary pattern (LBP)
for Feature extraction to produce an image feature map. LBP was utilised due to its resistance to
fluctuations in light conditions. The proposed model achieved a 92.05% accuracy on the JAFFE set and
98.13% on the CK+ dataset.

Agrawal et al. [6] investigated the impact of CNN parameters on the prediction performance
of models using the FER-2013 dataset. The parameters include the number of filters and kernel size.
The study concluded by highlighting the significant impact of both parameters on the performance
of the CNN and reported that the CNN architecture with a kernel size of 8 and 32 filters achieved a
human-level accuracy of 65%. Other facial expression recognition studies have been developed by
Almabdy and Elrefael [167], Bendjillali et al. [168], Alkhand et al. [169], and Li et al. [170].

Despite the significant advancements, the field of facial recognition with CNN architectures
continues to evolve. More research is still being done to further enhance the accuracy and
speed of recognition, reducing biases in facial recognition algorithms and improving the ability
to detect spoofing and impersonation attempts [171,172]. Table 4 summarises the reviewed facial
recognition studies.

Table 4. Summary of Face Recognition Papers

Reference Year Architecture Application Accuracy(%)
Luetal. [173] 2017 VGG-Face Enhancing facing recognition -
Almabdy and Elrefael [167] 2019 CNN AlexNet with Face recognition -
SVM
Bendjillali et al. [168] 2019 DCNN with DWT Facial Expression 98.63
Recognition
Mehendale et al. [165] 2020 2-part CNN Facial Emotion Recognition 96.0
Agrawal et al. [6] 2020 CNN with a kernel Facial expression recognition 65
size of 8 and 32 filters
Lietal. [170] 2020 Attention Facial expression recognition 94.33
mechanism-based
CNN
Chirra et al. [163] 2021 DCNN-SVM Virtual facial expression 99.57
Debnath et al. [166] 2021 ConvNet Facial Emotion Recognition 98.13
Alkhand et al. [169] 2021 Deep CNN Facial Emotion Recognition 96.51
Ullah et al. [160] 2021 ResNet-50 and Real-time anomaly detection 85.53
BiLSTM
Febrian et al. [164] 2022 BiLSTM and CNN Facial Expression 99.43
Recognition
Saravanan et al. [162] 2022 VGG-16 Masked face detection 96.5
Vu et al. [174] 2022 CNN and LBP Masked face recognition -
Sahan et al. [157] 2023 IDCNNand LDA  Enhancing facing recognition 100
Singh et al. [175] 2023 3D-CNN and Facial Expression 95.1
ConvLSTM Recognition
Dang [176] 2023 FaceNet with SSD Attendance System 95.0
Rajeshkumar et al. [161] 2023 Faster R-CNN Smart Office Automation 99.03
Wang et al. [158] 2023 Enhanced CNN Facial Feature Extraction 98.9
Awaji et al. [159] 2023 VGG16-MobileNet Facial Feature Extraction 98.8

Hangaragi et al. [177] 2023 Face Mesh Face Recognition 94.23
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9. Challenges and Future Research Directions

Despite the success of CNN, several challenges exist, necessitating ongoing research to enhance
the capabilities and efficiency of Deep CNNSs. This section outlines key challenges faced by current
CNN architectures and potential future research directions to address these issues.

One of the significant challenges for Deep CNNs is the requirement for large annotated datasets
to achieve high performance [178]. CNNs have shown impressive performance on tasks with large
datasets, and they often struggle when faced with limited or imbalanced data. This can lead to biases
in the model and reduce its ability to generalize to new, unseen data. This dependence demands
extensive data collection and labelling resources and limits the ability of CNNs to generalize from
small datasets. Research could focus on developing more efficient learning algorithms that require less
data to train. Additionally, exploring transfer learning and few-shot learning could provide pathways
to better generalization from limited examples.

The training and deployment of state-of-the-art CNN models often require significant
computational resources and energy, which can be prohibitive for real-time applications or deployment
on edge devices [179]. CNNs are computationally expensive and require significant resources in
terms of both time and hardware. Efforts could be directed toward creating more efficient CNN
architectures that maintain high accuracy while reducing computational complexity and energy
consumption. Techniques such as network pruning, quantization, and knowledge distillation offer
promising approaches to model optimization.

CNN:s are often criticized for their "black box" nature, making it challenging to understand how
they arrive at specific decisions. While CNNs are able to accurately classify images and detect objects,
it is often difficult to understand how these decisions are being made. This lack of transparency is a
critical issue in fields where explainability is essential, such as healthcare and autonomous driving.
Developing methods to enhance the interpretability of CNNs without compromising their performance
could bridge the gap between Al and user trust. Research into explainable Al (XAI) aims to make
models more understandable to humans, facilitating broader acceptance and ethical deployment.

The issue of bias in machine learning models, including CNNs, is well-documented [180-182].
Biases in training data can lead to skewed or unfair outcomes, affecting the model’s fairness and
ethical implications. Addressing bias and ensuring fairness in CNN models requires concerted
efforts in developing unbiased data collection practices, bias detection and mitigation techniques, and
fairness-aware machine learning algorithms. Addressing these challenges through innovative research
will be essential for achieving more versatile, efficient, and ethically responsible Al systems. Future
advancements in CNN architectures and learning algorithms promise to unlock new capabilities and
applications, further expanding the impact of deep learning across diverse fields.

10. Conclusions

This paper has provided a comprehensive review of Deep CNNSs, including their main building
blocks, evolution, architectures, and applications across diverse fields such as medical imaging, facial
recognition, and remote sensing. The study showed how CNNs drive advancements in accuracy,
efficiency, and automation, offering innovative solutions to complex problems. Despite these successes,
challenges remain in the form of data dependency, computational demands, interpretability, and
ethical concerns. Future research directions have been identified to address these issues, emphasizing
the need for efficient learning algorithms, improved model robustness, and fairness in Al applications.
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