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Abstract - Object recognition, a fundamental challenge in
computer vision, demands accurate feature extraction and
pattern recognition to classify and analyze visual data.
Traditional machine learning methods often rely on manual
feature engineering, which is time-consuming and prone to
inaccuracies. This study addresses these limitations by
exploring the implementation of Convolutional Neural
Networks (CNNs), which automate feature extraction and
have significantly advanced the field. Focusing on practical
applications, the research highlights techniques like data
augmentation, dropout layers, and regularization to
mitigate overfitting, while RelLU activation and batch
normalization tackle issues like vanishing gradients. By
analyzing real-world implementations in tasks such as
classification, detection, and segmentation, the research
underscores the transformative impact of CNNs and
identifies avenues for their broader application in fields like
robotics, healthcare, and autonomous systems.
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1.INTRODUCTION

Without proper training, Al will struggle to identify
common objects. The traditional object recognition
algorithms were mostly based on hand crafted features
and shallow machine learning techniques. Nevertheless,
the development of deep learning approaches, and
especially convolutional neural networks (CNNs), has
transformed the domain[4]. CNNs do the automatic
hierarchical feature learning of the image pixel and thus
no manual feature engineering is required. Designed to
handle data, for instance, the availability of large-scale
labeled datasets like ImageNet[2] and Fashion MNIST[10-
16] have fueled a revolution in CNNs that enable CNNs to
learn rich hierarchical representations from complex
objects. These deep learning models have proven so
successful that the state-of-the-art in object recognition
has improved dramatically leading to systems that are not
only more accurate but also become useful to a larger
number of applications.

However, CNN architecture makes all the things, it gets
features and minimizes overfitting. CNNs use
convolutional layers as their fundamental building blocks,
where patterns in images (such as edges, textures, and
corners) are extracted by applying filters[10]. These
properties are used to recognize more advanced patterns
in the deeper features of the architecture. The CNN gets
something called transformation invariance to translate
centric features, meaning the convolution operation needs
no idea where what feature is in the picture. This
invariance is important for the task of object recognition,
where the same object can appear in different images at
different scales, positions and angles. By stacking layers of
convolution over each other the network can
progressively learn more strict and complex features[12].

Despite these impressive capabilities of deep neural
networks, including CNNs, issues regarding their
computation power become the potential drawback of
their performance. With such a large number of trainable
parameters and operations, it is computationally
expensive to train. This issue is generally resolved using
ReLU (Rectified Linear Unit) activation functions, which
are used more often in CNNs[7]. One likely reason is that
the ReLU activation function adds non-linear
characteristics, allowing the network to learn more
complicated shapes, plus it is computationally efficient
since it cleans negative values by zeroing them. Moreover,
this activation function overcomes issues like the
vanishing gradient problem, which were encountered in
older functions such as sigmoid and tanh[5][7][23].
Combined with pooling layers that reduce feature maps
through downsampling (such as max pooling), the
network reduces dimensionality so that the model has to
use fewer parameters to operate on large
images[1][2][17].

Another important technique that helps to enhance CNN
performance, especially when you have less data in
datasets is Data augmentation[19][12]. Data augmentation
is a technique that improves the generalization of models
by applying random transformations such as rotations,
scaling, and translations to the input images, creating a
more diverse set of input images. This approach
minimizes overfitting, due to its exposure to a variety of
image instances in every epoch. To apply classification via
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fully connected layers once the convolutional and pooling
processes have extracted common features, the feature
map is flattened. Flattening transforms the multi-
dimensional output into a one-dimensional vector,
allowing the network to make final decisions based on the
learnt features, leading to accurate object recognition[18].

2. Background and Related Work

Prior to deep learning images were mostly processed
using manual feature extraction and shallow learning
algorithms. In the early days of image recognition, there
were approaches that used hand-crafted features like
edges, textures, and shapes which were manually
identified and extracted from images. These features were
then used for classification using machine learning models
like SVM and Kk-NN[18][11]. But this method had
constraints based on human intuition and the complexity
of the manually designed features. In addition, shallow
networks would frequently fail to model the level of detail,
as well as the compositionality of visual data, resulting in
worse performance on complicated tasks, such as object
recognition[20].

The need for more accurate and scalable image
recognition systems forces traditional methods to show
their limitation[2]. They did not generalize well across
large and heterogeneous datasets, and they needed a lot of
domain expertise to perform feature engineering. This was
the reason researchers started investigating deep learning,
and specifically, Convolutional Neural Networks (CNN),
that learned complex features directly from raw images.
Artificial Neural Networks (ANNs) were employed in
vision paradigm as early as the 1980s when they were
used to learn transformations in images, but it was
primarily Convolutional Neural Networks (CNNs) which
were introduced in 1998 and were capable of
automatically discovering aspects and hierarchical
features in images as we did, i.e, a process mimicking
human visual system[5][3].

CNNs fundamentally changed image recognition for the
better because they solved the problems traditional
methods faced. Because of hierarchical learning of
features, Convolutional Neural Networks were able to
reach a much better accuracy in such tasks like object
classification and object detection. Additionally, the
availability of large labeled datasets (e.g., ImageNet)
enabled CNNs to train on a wide variety of images,
enhancing their performance even more[2].

They provide easy access to the key works in the field that
have been instrumental in the development of CNNs. One
pivotal moment was when AlexNet demonstrated a
tremendous jump in image classification performance
with a deep CNN trained on ImageNet[2]. AlexNet proved
that deep learning is the way to go and kickstarted the
progress in this area. VGG network, from Visual Geometry

Group of Oxford, proposed a concept of very deep
networks with small convolutional filters, enhanced the
performance as well[17]. Another milestone was
introduced with ResNet where residual connections were
used to be able to train much deeper networks, solving the
vanishing gradient problem even for extremely deep
networks[28]. Such seminal works have laid the
foundation for contemporary CNN architectures and
inspired the approach adopted here.

3. Dataset: Fashion MNIST

Thus for this experiment we will work with Fashion
MNIST dataset which is the most common benchmark to
check image classifier. Fashion MNIST contains a total of
70,000 grayscale images of size 28x28 across 10 fashion
categories like t-shirts, trousers, bags, and shoes, with
60,000 training images and 10,000 test images. This
dataset is a more challenging version of the classical
MNIST dataset, which is based on handwritten digits. This
particular dataset is a more complex picture of “clothes’
types and ‘classes’ compared to MNIST dataset, as it
contains higher differences of patterns and ‘catergories’ to
learn. Each image is also associated with one of the 10
categories, constituting a rich source to train
convolutional neural networks (CNNs).

Fashion MNIST dataset has become highly popular for
easily testing and comparing deep learning algorithms.
This study also provided CNN architecture patterns for
improved recognition and high accuracy classification of
fashion items by exploiting this dataset[10-16].

4. Understanding Convolutional Neural Networks
(CNNs)

Convolutional Neural Networks (CNN) are specialized
deep learning networks primarily used for image
processing tasks such as object recognition. Here, we
describe some key architectural and structural elements of
CNNs including the flow of information through the
network. CNNs are architectures with various layers such
as convolutional layers that use filters to extract key
features within images, and pooling layers that reduce
spatial dimensions for efficiency[1][5]. Activation function,
especially ReLU, adding non-linearity to the model, which
achieves the model learning complex patterns[7].
Furthermore, we will examine the role of feature maps in
representing learned features of an image and how the
flattening of those features serves to apply fully connected
layers for classification purpose.

4.1. Feature Extraction in Convolutional Neural
Networks (CNNs)

CNN is typically a layer-by-layer model, where several
layers work in sequence to extract information from input
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data. First, the input data are fed into the network, which
can be a 3D matrix of image (height, width, color
channel)[4][20].

The first key component is a convolutional layer, which
consists of a set of filters or kernels that apply convolution
operations to the input. This is done by moving each filter
over the input image and performing a series of
mathematical operations (for example, an element wise
product) in order to identify regions of the image that
possess specific characteristics (e.g. edges, textures)[1].
Each convolution produces a feature map, which
highlights patterns detected in certain areas of the input.

The output post convolution is transformed non-linearly
through activation functions (usually ReLU). This adds
non-linearity to the model, by setting any negative value to
zero and maintaining positive values as is (ReLU). This
allows the network to learn more complex, non-linear
mapping of the data, which is critical to solve complex
tasks such as image recognition[7][13].

After convolution and activation, pooling layers are
applied to downscale the spatial dimensions of the feature
maps, which reduces the computational load and makes
the network more efficient. Pooling allows us to keep only
the most relevant feature while removing less significant
details. The most popular down-sampling method is max
pooling, which chooses the most powerful elements from a
section of the feature map[17].

Once reduction of spatial dimensions is done, the features
are transferred through a flattening layer that transforms
multi-dimensional feature map into a one-dimensional
vector, ready to be transformed to the following
processing phase[13].

After that, the flattened data is sent through one or more
fully connected layers or commonly called dense layers.
These layers combine the features extracted and apply
high-level reasoning to generate the output from the
network, such as a class label for classification tasks[8].

This hierarchical structure allows CNNs to learn
increasingly complex representations of the input, making
them particularly powerful for tasks such as image
recognition, object detection and classification. This
structure allows CNNs to process and analyse images
effectively while capturing high-level features, making it
possible for them to understand and classify visual
information accurately.

4.1.1. Convolutional Layers

By performing convolutions—a mathematical operation
on image data—CNNs learn a spatial hierarchy of features
effectively. As we saw, deep convolutional layers learn to
identify patterns in an image, allowing the network to
recognise complex ones like types of clothes. There is a
small filter (also known as kernel), which is used to
perform a process called convolution with the input
image.

From a mathematical point of view the convolution
operation can be defined as follows:

SE)) = XmXnl(m,n) - K(i—m,j —n)

In the above, I denotes the input image, K is the filter (or
kernel), and S(i,j) indicates the position on the output
feature map. The kernel itself is overlaid on the input
image, performing element-wise multiplication at each
position and then summing the result to produce a single
output value. This is done across different areas of the
input image to generate the complete feature map. This is
how the CNN identifies these local patterns, edges,
textures, or simple shapes, it is important to recognise
these into more complex shapes later in the network.

We have selected multiple filters to allow the model to
learn different features in the convolutional layers from
the input images. In the first convolutional layer, we have
32 filters with the size of 3 x 3 which are applied to our
input image. This allows the model to learn low-level
features like edges and textures. Structure of layer 2 also
as a convolutional layer and with 64 filters with size of
3x3, enables to detect more complex patterns and upgrade
feature maps. Hence, the output of such a convolution
operation is a set of feature maps, and each feature map
gives all the responses of a filter as it slides over the input
image for a particular feature within the image like
vertical edges, horizontal edges, textures, etc.

The function of multiple filters allows the network to glean
many features from the images. The advantage of having
different filters at each level is that they can detect
different kinds of features. As such, the output feature
maps from each filter encode these different parts of the
image, and which are important to recognise each of the
types of the object or clothes of the Fashion MNIST
dataset.

Convolutional layers are integral to the feature extraction
in CNNs. Convolutional layers allow the network to gain a
better understanding of the image by applying several
filters to the input image and in a way learning the
relevant shapes (e.g edges and texture)[10]. Recognizing
that each following layer will learn increasingly abstract
features based on this understanding is essential to help
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the model to classify the types of clothing in the Fashion
MNIST dataset in the end.

4.1.2. Feature Maps in Convolutional Layers

Feature maps at the output are important model
transformation steps to make the raw input data a useful
piece of high-level information for any machine learning
task where patterns have to be recognised, or decisions
are to be made. In a convolutional layer process filters
(kernels) move over past the input data and conduct
mathematical operations (usually convolutions). This
operation produces a feature map, a 2D matrix that
contains the convolved output. The output of each
convolutional filter over the input will be known as
feature maps[1][2][3][5].

In the beginning, Feature maps created by Convolutional
layers contain bottom features like edges, corners or
simple textures. These low-level features serve as the
essential components that come together to create higher-
order representations. The deeper the data flows through
the subsequent convolutional layers, the more complex
and higher-level features the network learns. For example,
the feature maps at deeper layers may sustain more
comprehensive structures, such as shapes, components of
items, or images that could end up being crucial in
identifying the complete input.

The hierarchical feature maps assist the model in multiple
ways. First, they serve to reduce the dimensionality of the
input data, so the model can concentrate on relevant
information and ignore uninformative aspects of the data.

This helps the model to focus on crucial patterns for
making more precise predictions despite the input data
being highly complicated or noisy[13]. Secondly, feature
maps help the model generalize and build a more abstract
representation of the data, which allows it to manage
variations in scale, rotation or translation[9][22].

The feature maps allow the model to recognize and attend
to relevant aspects of the input, like objects, textures, or
other meaningful structures. As the model trains, the
learned feature maps are gradually adjusted, making the
network increasingly capable of discerning intricate
features and ultimately improving its performance on
tasks such as classification, detection, or segmentation.
Convolutional layers have the unique feature of being able
to automate the process of determining which feature
maps to use for learning, enabling us to learn feature maps
as we progress, allowing the model to hone its accuracy
and improve accuracy with the data without losing
versatility[20].

For instance a basic 3x3 matrix of a feature map could
appear like below after passing an image through a
convolutional layer.

0.2 05 03
0.1 0.7 0.6

04 09 038

Each number in this matrix corresponds to the intensity or
strength of a detected feature at a particular location in
the input. As the network goes deeper into the layers, this
matrix would evolve to represent more complex patterns,
helping the model to progressively learn and adapt to the
features of the data.

4.1.3. ReLU Activation Layer

Next, after the raw data has been filtered and mapped
through a sequence of convolutional layers, we must
include visualization guidance so that our model can
understand the non-linear structure of our data better. If
we don't do this step, the network could only perform
linear transformations, which means that the network
won't be able to detect complex patterns that are required
in cases like image classification or object
detection[6][14]. The subsequent process is crucial in
combining these features in ways that mirrors the
complexities of true data in the world.

ReLU Activation Function

10 +—— ReLU(x)

RelU(x)

T T T T T T T T
-10.0 =7.5 =5.0 -2.5 0.0 2.5 5.0 75 10.0

Fig 1:- Example of ReLU Activation Function

However, in the real world, data like images has non-
linear relationships, and linear transformations alone
cannot capture these complexities. For example, in image
classification, the edges, corners, textures, and various
parts of an object in the image interact with each other in a
non-linear manner. With only linear transformations, the
network will not be able to learn these complex
interactions between features and so would not be able to
account for complex patterns like shapes, textures and
edges. This means the network would fail to learn and
structure the more discoverable relationships on the data.

This is where the ReLU (Rectified Linear Unit) activation
function comes into the picture. ReLU is important in
introducing non-linearity to the model which enables the

© 2025,IRJET | ImpactFactor value: 8.315

ISO 9001:2008 Certified Journal | Page 699



’,/ International Research Journal of Engineering and Technology (IRJET)  e-ISSN: 2395-0056

JET Volume: 12 Issue: 06 | Jun 2025

www.irjet.net

p-ISSN: 2395-0072

network to learn more complex representations of the
data. Mathematically, the ReLU function is given as:

f(x) = max(0,x)

This transformation maps any input value less than zero
to zero, while leaving positive values unchanged.
Specifically,

for an input x:

x, ifx>0
J = {0, ifx <0

This transformation, as the name suggests introduces non-
linearity into the network and ReLU applies this
transformation. So, it just kills the negative values and
passes the positive activations to the next layer. As a
consequence, the network pays attention to the most
informative features within the data while disregarding
irrelevant or less salient features. This ability to non-
linearly transform the input is critical for the hidden
layers to find more complex relationships, particularly
when working with data like images where these
relationships can be very non-linear[7][28].

Without adding non-linearity, the network would be
executing a series of linear transformations of the same
input, irrespective of how many layers you added in the
network. But mathematically, cascading several linear
transformations only continues to describe a linear
process, one which can only characterise linear
relationships. For example, if we have a very simple 2-
layer neural network, the output without having ReLU, can
be written as:

y = Wz(Wlx + bl) + b2

Here, W, and W, are weight matrices, b; and b, are bias
terms, and x is the input. Lacking any activation function,
such as ReLU, this network would remain limited to linear
mappings, i.e., it would be capable of modeling only linear
patterns. But with the use of ReLU on each layer, the
network can capture highly complex, non-linear
relationships. By introducing this non-linearity, the output
functions via a ReLU from the network is capable of
learning the data through more complex patterns.

As an instance our experiment, receives inputs but the
arguments of the activations to a certain level decides if
the learning is further initiated or not, ReLU in this case. In
the initial layers, the network recognises basic elements
like the edges of a shirt or the textures on a pair of
trousers. These primitive features evolve into high-level
representations, like the silhouette of a shirt or the
contour of a coat, in deeper networks. ReLU filters out the
negative outputs, thus transmitting positive, meaningful

activations to the next layer, thereby helping the network
to focus its attention on the features that matter for
correct classification.

And, due to ReLU's capability to apply some non-linearity,
it helps the model to learn and generalise these features
together which enhances the overall accuracy of the
network. Hence without ReLU, it would be impossible for
the neural network to learn and describe complicated
star-parts relationships, which will cause problems in its
performance in tasks as diverse as image classification,
text recognition, etc.

To sum up, the introduction of non-linearity by ReLU is a
crucial part of current deep learning models. This allows
the network to learn complex, real-world patterns and
hierarchies of features that cannot be achieved through
simple linear transformation only. ReLU helps the network
to focus on the most important weighted images up by
moving the weighted surfaces in the form of height, width,
and depth in the 3D plane, regardless of the efficiency in
each level of activation, using the negative activation
suppression process. This not only helps the network to
recognise positive activations but also saves time by
eliminating negative activations which leads to improved
detection performance, segmentation, and classification.
Hence, ReLU is an essential component of deep learning
toolbox, enabling models to learn better and generalize
well on previously unseen data.

4.1.4. Pooling (Max Pooling)

Pooling is the next step in CNNs after the ReLU activation.
This layer is used to down sample the feature maps, giving
it a smaller spatial dimension and therefore reducing the
number of parameters in the way[1]. Convolution and
ReLU are also used to extract features from the input,
while pooling is used to downsample the features so that
their size is smaller in width and height but retains the
most significant features. Downsampling solves a few very
important issues in CNN architectures.

Feature maps can be large after convolution and activation
using ReLU. The result is often “high memory use" and
“computational complexity”" in subsequent layers. More
often, the increase in computational complexity causes the
networks to train slower and leads to inefficient modeling.
Pooling reduces the spatial dimensions of feature maps,
helping to manage computational load. This enhances the
network’s efficiency, particularly when working with large
datasets or complex architectures[20].

For instance, in a computer vision task, pooling allows the
model to retain its predictive power while being efficient
in terms of memory usage. However, as feature maps
continue to grow, it incurs computational expenses
leading to prolonged training time and inefficiencies,
particularly in larger-scale datasets. Pooling will reduce
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the size of the feature maps like max pooling and will help
in optimizing speed and performance of the model. When
developing real-time applications or when dealing with a
significant amount of data, this is vital.

Moreover, while the ReLU also adds non-linearities to the
feature maps, they can still carry and equally represent
redundant or useless information. After ReLU activation,
features like small changes in position, scale, or rotation
could still be present in the feature maps. Such changes
might not even be important for the task in question (for
instance, predicting if an image contains a certain object or
performing an image detection task). By downsampling
the feature map, pooling assists in removing these excess
details, permitting the network to focus on key pertinent
information. Doing so, pooling allows the model to
generalize to new, unseen data much better.

Another key issue that pooling addresses is the model’s
sensitivity to object position. However, for image
recognition tasks, the feature location can change for
various input images. Pooling helps to make the model
much less sensitive to small translations of the object,
enabling it to learn to classify the object correctly
regardless of its position in the image. Pooling introduces
spatial invariance, which guarantees that slight changes in
the position of features do not change the model’s
prediction[23]. This property of spatial invariance is
crucial for tasks such as object detection because the
object's position in the image may vary.

One of the pivotal reasons to apply pooling in experiment
is to make sure that the model does not become highly
sensitive with respect to tiny shifts in the location or angle
of the object. As the model learns from various pictures,
minor variations in the location of elements are
unpreventable. By facilitating this displacement
invariance, pooling strengthens the model against
variations in input data in practical scenarios[1].

Pooling helps decrease the overfitting risk of the model.
Feature maps that are too big could make the model too
complex in terms of the number of parameters, which
could lead in a network of deep architecture that could be
classifying incorrectly. This would result in learning all the
nuances of the training set while performing worse on test
data — a classic case of overfitting. Pooling works by
reducing the size of input by taking a summary of the
features it sees, so that the model can give attention to
only the most relevant features of the input which allows
it to generalize better on unseen data.

Max pooling is a common technique. It works by taking the
maximum value from each local receptive field (to be
clear, it's a small region in the feature map). It keeps the
strongest activations and reduces the size of the feature
map. Let’s go a little more in-depth into the mathematical
mechanics of max pooling.

Let’'s assume we have a feature map with dimensions
H X W, where H is the height and W is the width of the
feature map. For example, consider a 4 X 4 feature map
represented as:

Feature Map =

O h =
N =W
LV B S RN B S ]
N W oo

Now, assume the pooling window (receptive field) has
dimensions2 X 2, and the stride (the step by which the
window slides across the feature map) is 2. To apply max
pooling, we slide the 2 X 2window over the feature map
and take the maximum value in each window.

Let’s illustrate this:

1. First window (top-left 2 X 2 block):

B

The maximum value in this window is 6.

2. Second window (top-right 2 X 2 block):

B

The maximum value in this window is 8.

3. Third window (bottom-left 2 X 2 block):

<]

The maximum value in this window is 9.

4. Fourth window (bottom-right 2 X 2 block):

;)

The maximum value in this window is 6.

After applying max pooling with a 2 X2 window and a
stride of 2, the output feature map will look like this:

Output Feature Map = [g 2]
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This new feature map is of size 2 X 2, which is half the size
of the original 4 X 4 feature map. The spatial dimensions
have been reduced by a factor of 2, leading to a reduction
in memory usage and computational complexity.

The output dimensions of the feature map after pooling
depend on the input dimensions, the size of the pooling
window, and the stride. If the input feature map has
dimensions H X W, the output dimensions H,,; and W,,,;

can be calculated as follows:

H-pool_size
Hout - ( stride ) +1
H—-pool_size
Wout = ( stride ) +1

Where pool_size is the size of the pooling window (e.g.,
2 X 2) and stride is the stride (e.g., 2).

For example, if the input feature map has dimensions
4 X 4, the pooling window is 2 X 2, and the stride is 2, the
output dimensions would be:

Houe = (57) +1 =2
Wour = (55) +1=2

So, the output feature map would be 2 X 2.

The maximum value is taken over a window size
(receptive field). Higher values correlate with larger
windows and more downsampling. A 4 X 4 window would
provide even more downsampling than a 2 X 2 window.
The stride defines how much the window moves after
each pooling operation. A stride of 2 means the window
moves 2 steps at once. With a larger stride, the reduction
in spatial dimension, becomes more pronounced.

Max pooling allows us to reduce the spatial dimensions
while also keeping the most relevant features. Using
maximum value in each window better simulates these
aspects, thus the edge and texture preserving, which is
significative for tasks like object detection and category
recognition. This makes these functions less responsive to
tiny tweaks in the input, which helps the model become
less sensitive to minor variations in an image, such as
shifts, rotations, and distortions.

While it helps with spatial invariance such that if there are
slight translations or shifts in position, it should not
drastically affect the network’s ability to recognise
features of interest. This is particularly useful for tasks
such as object recognition, in which the objects may
appear in various locations in the input images. Max
pooling helps in the generalisation of the network, which

further helps. Thus pooling also addresses problems of
overfitting since it reduces the feature map size and forces
the model to learn to spot the most salient features that
matter instead of learning on fine details of the training
data.

Thus max pooling operation is an important operation in
CNN especially after ReLU activated. Max pooling enables
down-sampling of the spatial dimensions of feature maps
while preserving important information so as to promote
efficiency, robustness, and generalisability of the model.
Whether practicing image classification, object detection,
or more, the max pooling operation helps keep your
network computation-light while focusing only on the
most useful features.

4.1.5. Flattening Layer

Flattening is a crucial operation in convolutional neural
networks (CNNs) that is especially used during the
transition from feature extraction to decision-making. It
involves converting the multidimensional feature maps
generated by convolutional and pooling layers into a one-
dimensional vector. This flattened vector functionality
becomes the input feeding into the fully connected layers
where the network combines and weighs features to
produce predictions. This helps to retain the hierarchical
and spatial information learned from the previous layers
and make sure the information is prepared as per the
decision making through dense layers[2][20][13].

To understand why flattening is essential, let us look back
on the architecture of CNNs. Specifically, convolutional
layers of a CNN capture spatial information like edges,
textures and patterns in the earlier layers, and pooling
layers downsample the spatial dimensions of the data,
hence the feature vectors, resulting in a more
computationally tractable size. These feature maps often
retain their multidimensional structure, with dimensions
typically represented as H X W X D, where H is the
height, W is the width, and D is the depth (or the number
of channels). Now the depth indicates the number of filters
that are used during the convolution, and each filter
identifies a different aspect of the input. This
multidimensional representation is advantageous for
feature extraction but a one-dimensional input is
necessary in fully connected layers, which perform the
classification or regression task. Flattening bridges this
gap by changing multidimensional feature map into a
single vector.

Mathematically, flattening is straightforward. If a feature
map has dimensions H X W X D, the total number of
elements can be calculated as:

Total Elements =H-W - D
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Flattening reshapes this feature map into a one-
dimensional vector of size (H - W - D) X 1. For instance,
consider a feature map with dimensions 2 X 2 X 3. The
feature map could look like this:

Feature Map = [B i], [g g], [191 ig”

Flattening this feature map involves concatenating all
elements along the depth and spatial dimensions into a
single vector:

Flattened Vector = [1,2,3,4,5,6,7,8,9,10,11,12]T

Flattening incorporates information from spatial and
channel dimensions into a single representation, allowing
dense layers to observe features uniformly. With each
entry in the flattened vector corresponding to an
individual feature, there is no loss of features between
feature extraction and the classifications. It is
quintessential to objectives such as object recognition,
where obtained features should then be used to correctly
predict the presence or identity of an object.

Flattening has the advantage that it is computationally
simple. It has no added parameters nor does it increase
the complexity of the model. Instead, it restructures that
data from its multidimensional form into a linear format.
The operation can be expressed mathematically as:

v = reshape(F,[H-W - D, 1])

Here, F represents the original feature map, and v is the
resulting  flattened vector. This reshaping is
computationally efficient and allows the model to
maintain the integrity of the learned features while
simplifying the representation for subsequent layers.

Flattening is also critical because it allows the decision-
making layers of the network, such as fully connected
layers, to work with the features optimally. Fully
connected layers are the decision-making layers for CNNs
where the network learns to weight the importance of
each feature and incorporate it to provide output
predictions. Dense layers require a linear input, without
flattening, they would have difficulty processing
multidimensional feature maps, which have an
incompatible structure. Flattening facilitates a smooth
transition from the feature extraction process to the
classification, as it performs a one-dimensional
representation.

In addition, flattening is significant to maintain the
hierarchy in nature of features acquired by the CNNs. In
lower layers, features are those that capture local

characteristics, while in higher layers they capture global
characteristics, or semantic information. It is so the
network can have access to local and global information
when making its predictions, by flattening all these
features into one massive vector.

4.2. Network Layers

This is a layer that connects feature extraction with
decision-making. It connects all input neurons to all
neurons in the next layer which helps the network
understand the features learned by the previous
layers[18].

The dense layer does this by computing the weighted sum
of each neuron in the previous layer and adding a bias
term before applying an activation function (in our case
ReLU). This enable the network to extract much higher-
level features like shapes or patterns that would not be
directly represented in the convolutional or pooling
layers. The dense layer was important in summarizing and
understanding the learned features for the ultimate state
task[21].

Often, after the dense layer, a softmax layer is used,
especially in the case of multi-class classification. Finally
the output of the dense layer is processed using a softmax
function to get class probabilities that allow the networks
to make predictions based on the most probable class[12].

This process of feature extraction, followed by abstraction
via a dense layer, and then classification with softmax
allows CNNs to efficiently tackle some deep learning
problems, such as image recognition, that require
hierarchical understanding of the data being analyzed in
order to generate accurate predictions.

4.2.1. Dense Layer

The Dense Layer, acts as a bridge between the feature
extraction and decision stages. This experiment contains a
layer with 128 neurons using the ReLU activation function.
This layer uses the output of flattening step which is
where our multidimensional feature maps are converted
into a one-dimensional vector. By first transforming input
data this way, since the network needs to learn exactly
how arrays relate before it can be effective on more
complex tasks whereby the data needs to be fully
connected to be used for classification.

Let x represent the input vector to the dense layer, where
N is the total number of features obtained after flattening.
If the previous layer generates feature maps of size h X w
with ¢ filters, then N = h-w -c. For example, in this
architecture, if the second pooling layer outputs feature
maps of size 4 X 4 with 64 filters, thenN =4 -4-64 =
1024. This vector x serves as input to the dense layer,
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where each neuron calculates a weighted sum of its inputs,
adds a bias term, and applies an activation function.

Mathematically, the output z; of the j-th neuron in the
dense layer is expressed as:

zj = f(Zi:1in + bj):
where:

* w;; is the weight connecting the i-th input to the j-th
neuron,

e x; is the i-th input feature,
. bj is the bias term for the j-th neuron, and

e f(+)is the activation function (ReLU).

The dense layer introduces a significant number of
trainable parameters. For a dense layer with M neurons,
the total number of parameters, including weights and
biases, is given by:

Parameters =N -M + M,

where N is the number of inputs. Substituting N =
1024and M = 128, the parameters are calculated as:

Parameters = 1024 - 128 + 128 = 131,200.

These parameters are learned during training, enabling
the network to identify meaningful patterns in the data.

To reaffirm, the dense layer in this CNN architecture
converts features that have been extracted into high-level
abstractions. We have used 128 neurons with the ReLU
activation function, which allows the model to learn
complex relationships in the data that are critical for
making accurate classifications. Its importance in the
network’s learning process is reflected in the
mathematical foundations, from computing weights to
updating gradients. The regularising strategies make sure
that the dense layer is efficient and generalises well, hence
itis one essential element in deep-learning.

4.2.2. Output Layer

The output layer is one of the last layers in the CNN, and
also one of the most important layer in a CNN which
performs the final steps of classification by mapping the
features learned into probabilities for the target classes.
This layer depends on the nature of the problem we'’re
dealing with, for example for tasks like multi-class
classification for a dataset like Fashion MNIST, it consists
of ten classes representing ten different clothing types.

The output layer has ten neurons in this architecture,
representing ten potential categories. We represent each

class with one neuron, and we use softmax as the
activation function for this layer. Mathematically, softmax
can be given by:

PO) =5z
]‘=1 tel

where z; is the output of the i-th neuron, and n is the total
number of neurons in the layer (here, n = 10). This
produces outputs that are probabilities such that, when
summed over all probabilities, the total is equal to 1. This
way, the network can make a prediction, either based
classification the highest probability transferred by
softmax function.

The input to the output layer is taken from the previous
dense layer, which combines high-level features extracted
from earlier parts of the network. Such features are
patterns and abstractions with very important relevance
to class separation. That might be, for example, the general
form of a shoe or the fabric of a shirt in the Fashion MNIST
dataset. The output of the dense layer is a vector of size
128 which is fully connected to the ten neurons of the
output layer. The output layer consists of neurons, where
each computes a weighted sum of these inputs, adds a
bias, and applies the softmax activation.

During training, the output layer's weights and biases are
learned via backpropagation. The most commonly
employed loss function paired with the softmax activation
is the categorical cross-entropy, which is defined as:

# ==Y ylog$)
i=1

where y; is the true label for classi, y, is the predicted

probability for class i, and n is the total number of classes.
This loss function measures the dissimilarity between the
predicted probability distribution and the true
distribution (where the true class has a probability of 1
and all others are 0). Minimizing this loss during training
ensures that the network improves its predictions over
time.

The number of parameters in the output layer can be
calculated as:

Parameters = (Input Size X Output Size)
+ Output Size

Here, the input size is the size of the vector from the dense
layer (128), and the output size is the number of neurons
in the output layer (10). Substituting the values:

Parameters = (128 x 10) + 10 = 1290
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These parameters consist of the weights from the dense
layer to the output layer, as well as the bias for each
neuron. While this number of parameters is modest when
compared with early layers, the output layer is crucial as it
gives the final decision of the model.

Now throughout the training, we compute the gradients of
the loss with respect to the output layer weights and
biases using backpropagation. The Updated parameters
are using with the help of some optimization algorithm
usually either SGD (Stochastic Gradient Descent) or one of
its variant Adam[19][5][18]. The role that the derivative of
softmax activation plays in this process is crucial because
it dictates how the error is propagated in the backward
pass through the network.

Within the supervised machine learning framework, you
can also assess the output layer's generalization capability
to novel data not used in training. To assess the quality of
predictions made by the output layer, there are common
metrics such as accuracy, precision, recall and F1-
score[10][17][23]. Again, confusion matrix provides a
more elaborate illustration of how well your network is
able to discriminate between several classes.

Some regularization techniques can be used to make the
output layer more robust. For instance, one example of
regularization is weight decay (L2 regularization), which
penalizes large weights and aids the network in learning
simpler and more generalizable representations. Further,
techniques such as dropout could be utilized in prior
layers to combat overfitting, indirectly enhancing the
output layer's performance[5].

To wrap it up, the role of the output layer in CNNs is to
map the learned features to high level classes to generate
meaningful predictions. It is certain that this is designed
for task Fashion MNIST dataset with the softmax
activation function that has ten neurons. Then in the final
output layer, softmax activation converges the outputs
from the dense layer into probabilities enabling the
network to make confident and interpretable predictions.
Designing and training this layer carefully is crucial for
obtaining good accuracy and generalization in image
recognition, making this part of the architecture a key
component of CNNs.

5. Model Training

Next crucial step in the convolutional neural network
(CNN) development is Model training, where the goal is to
fine-tune the model's parameters to learn to make
accurate predictions. This step is after the model is
compiled, where the architecture is set, the loss function is
defined, and the optimizer and performance metrics are
chosen. The training process is a repetitive cycle of
refining the network's weights and biases to minimize the

disparity between the model's predictions and the target
values.

We compile this CNN architecture with the Adam
optimizer, sparse categorical cross-entropy loss, and
accuracy as the performance metric in the model. The
Adam Optimizer is an adaptive optimizer that takes
advantages from both RMSProp and Stochastic Gradient
Descent (SGD)[19][17]. It adjusts the learning rate for
each  parameter dynamically, ensuring efficient
convergence even in complex architectures. Sparse
categorical cross-entropy, by the way, is especially well-
suited to multi-class classification problems like Fashion
MNIST, where the class labels are given as class integers,
not as a one-hot encoded vector. Accuracy is chosen as the
primary metric to evaluate the proportion of correctly
classified samples during training and validation.

The model is trained using the fit function, which takes in
the training data (X¢rqin, Virain)and optionally validation
data (X¢est) Yeest)- In each epoch, the model goes through
the training dataset, makes predictions for each input
sample, and compares these predictions with the true
labels using the loss function. Loss value shows how
wrong the model predictions are. Next, the
backpropagation algorithm is used to calculate the
gradients of the loss function with respect to the model’s
weights. These gradients point to the direction and scale
of parameters updates required to bring down the loss.
Using these gradients, the Adam optimizer adjusts the
network's weights and biases to enhance performance
over time.

Validation data is essential to measure the performance of
the model on unseen data over the training process. After
the completion of every epoch, the predictions on the
validation dataset are evaluated and validation loss and
accuracy metrics are calculated. These metrics give an idea
of the generalization of the model to the new data and
whether overfitting or underfitting has occurred.
Overfitting occurs when the model does well on the
training data but poorly on the validation data, it is a sign
that the model simply memorized certain patterns existing
in the training set rather than learning features that can
generalize. Overfitting is mitigated either by controlling
the architecture of the neural network using techniques
like early stopping, dropout, or using regularization which
add constraints on the network’s capacity.

The training process is highly dependent on the hyper-
parameters selected. The learning rate defines the
magnitude of the steps that the optimizer takes to change
the weights. If the learning rate is too large, it can cause
the training process to vary widely and it cannot reach a
convergence point, whereas too low a learning rate would
mean the training is taking time to execute. As stated, the
number of epochs is the number of times your model is
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going to iterate the complete training dataset. The model
training is for 25 epochs, so the network has plenty of time
to learn very complicated patterns in the data. The
number of samples that will be used to calculate the
gradient and update the model weights, is known as Batch
size. By using a smaller value, it can update more often and
helps to enhance the generalization, and for a higher batch
size can help to increase the speed of training and
stabilizes the update.

In addition, tracking the learning rate is part of the
training process. One of the most popular techniques is
learning rate scheduling which gradually decrease the
learning rate throughout training. This method helps to
encourage large changes at first, when the loss is high, and
the changes become a lot smaller later in the training
process as the parameters are fine-tuning. Methods like
Adam use early applications of this theory for adaptive
learning rates by basing a multiplier for the learning rate
of each parameter input based on its relative significance.

The trained model is then evaluated on a separate test
dataset that was not used for training or validation. By
evaluating-test set usage, we can get an unbiased
approximation of the model's ability to generalize. Quality
of predictions is evaluated by calculating metrics like
accuracy, precision, recall, and F1-score[20]. This enables
you to make fine-tuned adjustments to improve the
model's performance on specific classes.

Test performance is not the only aspect to take into
account, we also need to think about the computational
efficiency of the training process. Training deep neural
networks, in particular on very large datasets, is
computationally expensive. Utilizing hardware
accelerators such as GPUs or TPUs greatly accelerates
training by parallelizing matrix operations.

6. Results(Without Data Augmentation and
Dropout Layers)

In the training and validation result of the model, we could
see how it has been learning to capture data and
generalize it across 25 epochs. For the training accuracy, it
begins at 60% in the first epoch and rises to 99% in the
last epoch, highlighting how learning continues
throughout the training process. The increase in training
accuracy over the epochs indicates that the model is
slowly learning and optimizing its parameters to fit the
training data better and better.

Training and Validation Accuracy Training and Validation Loss

—— Training Loss

0.6 4 Validation Loss

0.5 1

0.4 4

0.3 q

0.84 —— Training Accuracy
Validation Accuracy

6 é 1'0 1‘5 2‘0 2‘5 6 g l‘D lIS ZID 2'5
Fig -2: Training and Validation Accuracy and Loss.

As for the loss, the training loss has a steady decrease from
0.7 in the first epoch up to 0.26 in the last epoch, which is
an indication that the model is continuously fine-tuning
itself to minimize the prediction errors. Looking at the
validation loss we can see a similar trend, where the value
started at 0.36 and decreased to 0.62 by the last epoch,
also solidifying the idea that overfitting has occured.

Although the model performs well on the training, but we
can see a huge gap occurring in the results of both
suggesting that model has overtrained itself on the
training data and now as a result of which model faces
overfitting.

7. Data Augmentation

Data augmentation is used to execute better from a small
dataset by artificially expanding the training dataset.
Model retrains using the same dataset but this time many
different transformations are performed on the initial data
to create new, mutated original datasets[12][23]. Small
and imbalanced datasets limit the model's ability to
generalize, which is where the need for data augmentation
arises. If there is interaction between two covariates it
leads to overfitting and the model starts to memorize
instead of learning multiple distinct patterns of the
training data which is not the real world.

Data augmentation is a standard technique to combat
overfitting which is a significant challenge while learning
deep neural networks. Overfitting happens when the
model learns the training data too well but fails in
generalizing on unseen data. This is usually a result of the
model memorizing noise or spurious correlations that do
not extend into real-world situations. Data Augmentation
is a technique that generates more variability in the
training examples by applying transformations (rotations,
flipping, zooms, translations) on top of the existing data,
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making it harder for the model to memorize the specific
attributes of the data. This forces the model to learn more
generic features that can be used with new, unseen
examples.

Data augmentation used as a technique also improves the
robustness of the model. In the case of image classification
task, for example, if the model is trained on images taken
in camera angle then it is less likely to perform well on the
images taken in a different camera angle. In the image
classification domain, consider an example where we want
to recognize objects in images of different orientations.
Similarly, when the model is trained with a low number of
samples, modifying the dataset by varying with small
alterations, such as lighting, scale or color distribution, can
allow it to generalize better in different scenarios and
environmental conditions.

Additionally, for training models on unbalanced datasets
where one or more classes may be underrepresented, data
augmentation is imperative. If this happens the model
would get biased towards the majority class which
sometimes causes poor performance on the minority class.
This helps the learning algorithm to have more training
data and balance in the training set leading to better
performance on minority class.

In tasks having limited or imbalanced data, one of the
powerful techniques to improve machine learning model
is data augmentation. It helps to avoid overfitting, allows
for added robustness of the model, and provides
generalisation by exposing the model to different
examples. It can help the model learn more generalisable
features, instead of it overfitting on the data, thus
increasing its adaptability in the real-world application. It
has been proven that the power of data augmentation
relies on its ability to generate realistic and different
training data that reflect real-world randomness and
therefore produce more effective and reliable predictions.

8. Dropout Layer

Dropout is a regularization method employed in deep
learning networks to mitigate overfitting by randomly
setting a percentage of the input units to zero at each
update during training. This approach prevents the model
from over-relying on any one neuron or feature, which
ultimately leads to improved generalization and better
performance on unseen data. Dropout is particularly
helpful in the case of complex neural networks that have a
large number of parameters and are likely to overfit to
small and limited datasets[1][21][17].

The primary function of dropout is to force the network to
learn redundant representations of the data. During
training, each neuron has a probability p of being
“dropped out” (deactivated), typically ranging from 0.2 to
0.5. By randomly dropping out a subset of neurons in each

iteration, the model is encouraged to learn different
combinations of features, making it more robust to
variations in the input data[17]. This process also
prevents the network from becoming too dependent on
specific neurons, thus reducing overfitting.

In neural networks, Dropout layers are often added after
fully connected layers. Depending on the kind of model
and architecture, dropout can be applied to one or more
layers. The basic idea behind it is, on a training run, the
dropout layer will turn off neurons in a layer at random,
requiring the rest of the neurons to learn more general
features[10]. However, during testing or inference,
dropout is not used, and the full network with all neurons
is utilised for prediction. To compensate for the larger
capacity of the network at inference time, the neurons
outputs are scaled by the dropout factor at training time.

Another source of over-fitting in deep models is the co-
adaptation of neurons, where some neurons learn to
respond only in conjunction with others, rather than to
complement each other by learning different useful
features, dropout also helps to mitigate this in training. It
appears that by allowing different weights of neurons to
scale appropriately, it creates a network that generalises
better to new data while preventing over-fit and retains
performance of the model.

In terms of its practical impact, dropout has been shown to
improve the performance of neural networks, especially in
tasks like image classification, speech recognition, and
natural language processing[6]. The simplicity and
effectiveness of dropout make it one of the most widely
used techniques in modern deep learning architectures.

Dropout has been demonstrated to be beneficial for the
performance of neural networks, especially in matters of
tasks in image classification, voice, and discourse
recognition. Easy to implement, and very effective,
dropout is one of the most used techniques in current
deep learning architectures.

In summary, dropout is a potent regularization
mechanism that enhances the generalization ability of
neural networks by randomly deactivating neurons during
the learning process. Dropout, as a regularization
technique, improves the model's ability to generalize on
unseen data by reducing overfitting and encouraging the
model to learn diverse and strong representations. Due to
its efficacy in regularizing deep networks, it has become a
widely used technique in many state-of-the-art models in
various domains.
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9. Results after Data Augmentation and Dropout
Layers

Training and Validation Accuracy Training and Validation Loss
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Validation Loss
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Fig -3: Training and Validation Accuracy and Loss after
Data Augmentation and Dropout

It can be seen that results from the performance of model
with application of data augmentation and dropout layers
have some interesting trends related to the training and
validation phases spanning 25 epochs. This result
indicates that the model has learned very well from the
training data, and it is able to generalize to new datasets
as well, taking advantage of data augmentation as well as
the dropout layers that served as a regularization
technique.

The training accuracy gradually and consistently rises
from 67% in the first epoch to 90% in the last epoch. Then
with each passing epoch, the training accuracy continues
to consistently increase, signifying that the model is
learning, honing its existing knowledge base on the
training data, and adjusting its parameters accordingly.
This improvement was due to the data augmentation
process which added more noise in the training data and
helped the model to learn from diversified situations. In
addition, the effect associated with dropout layers, which
deactivate a random fraction of the neurons during each
update, was probably also responsible for forcing the
model to learn more generalized and robust features
instead of memorizing the training dataset.

However, the validation accuracy follows a similar
increase, it starts at 80% and goes up to 89% at the end of
the training. This rising trend of validation accuracy
indicates that the model is not only fitting the training data
but is also generalizing well on unseen data. As we can see,
since the training accuracy and validation accuracy are
close to each other, we can be assured that our model is
not overfitting. In this instance, there is still a small gap

between training and validation accuracy, adding to the
confidence that the model is indeed generalizing well.

Training loss is decreasing from 0.89 to 0.26 by the last
epoch. Seeing a continual decrease in the training loss
shows that the model is learning and performing better
and is able to reduce the error or cost of the model during
the task over time. The validation loss also decreases
consistently from 0.53 to 0.30, indicating that the model is
generalizing well on the validation data. In fact, the fact
that both the training and validation loss are coming down
also indicates that the model is not overfitting.

Although the shown performance indicates that the model
is performing well, we should be careful of overfitting if
we would have trained longer than 25 epochs. When the
training accuracy increase to nearly 100% and at the same
time training loss decrease to nearly zero, it may indicates
that continued training will lead the model to start to
memorize the data, which will make validation accuracy
plateau or even decline. Nonetheless, these results
indicate that the data augmentation and the dropout
layers have helped alleviate this risk, and the model is
performing well on unseen data.

10. Challenges

Training Convolutional Neural Networks (CNNs) requires
going through various challenges, which are important for
the model's performance, as well as achieving a certain
amount of generalization. During the training of a CNN,
one of the major challenges is overfitting. This can be a
particular problem in tasks that involve smaller or less
diverse datasets, where the model could default to
remembering the specific data rather than understanding
the commonalities.

The vanishing gradient problem is popular one as well
during training the CNN. The phenomenon of gradients
becoming vanishing is more prevalent in deep networks
where the gradients can become infinitesimally small
while travelling backward through the deep papers of the
network during backpropagation. This means that weight
updates will lose their significance, which leads the
learning process to converge or stall. This problem is
common in deep architectures, especially when activation
functions are used that squash gradients towards zero,
such as sigmoid or tanh.

Another critical challenge is computational complexity,
especially for training CNNs with deep architectures on
large datasets. And having so many parameters can be
brutal in terms of computational and memory overhead,
often requiring a long training time, and purchase of heavy
hardware such as GPUs for faster trainings. If not
addressed, these challenges will prevent the model from
achieving its full accuracy and generalization potential.
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10.1. Overfitting

Overfitting is one of the major issues when training CNN. It
occurs when the model learns to memorize the training
data, including its noise, peculiarities, or outliers, rather
than identifying general patterns that are relevant to the
task. Such overfitting causes the model to develop high
accuracy on the training set yet poor performance on data
that has not been encountered before, which is a
substantial problem in practice[10][17]. Overfitting can
cause the model to perform poorly in production because
it fails to generalize the underlying data structure and
instead simply tailors itself to the training examples. As a
result, overfitting impacts the model's ability to adapt to
new data points. Therefore, the model may get high
variance, i.e., it performs well on certain data but fails on
others.

There are many strategies and techniques that can be
utilized to prevent overfitting for Convolutional Neural
Networks (CNNs), and all strategies aim to enhance the
performance of the model and make it generalizes better
on new data. Data Augmentation creates additional
examples that help with overfitting by adding diversity to
the training dataset. These transformations may involve
random angles, translations, zoom, flipping, etc. which
provide the model with training from possible conditions
and required to work under multiple scenarios. Training it
on more diverse data, in terms of providing scenarios
rather than just classes, allows the model to learn more
generalized features, which helps with prediction in new
scenarios with previously or unseen data in the real world
environment.

Apart from data augmentation, regularizor methods
including L2 regularising are ready to use to reduce
overfitting. Another type of regularisation is that of L2
(also known as Ridge regularisation), which adds a
penalty term to the loss function to combat overfitting,
specifically by penalising large weights by summing up the
squared values of the weights and adding it to the overall
cost[5]. This strategy prevents the model from relying on
excessive solutions with large weights, and enables it to
learn the most salient features while searching for the
solution, avoiding noise by ignoring unnecessary or
repetitive patterns.

Dropout is another powerful method to prevent CNNs
from overfitting. Dropout is a regularisation technique
where at each iteration during training, a random subset
of neurons in the network are turned off (or “dropped
out”). This encourages the model to extract the most
general features possible instead of overfitting on a small
number of patterns for particular neurons.

Along with these techniques, early stopping is another
method that can be used to prevent overfitting. Early
stopping means tracking the performance of a model on a
validation dataset throughout training and stopping the
training process when the validation error is no longer
improving. This prevents the model from overtraining and
memorizing the training data, which can reduce
overfitting. Using the patience argument in our early
stopping callback is powerful still and can guide the
training process to converge at just the right point where
the model has learned quite a lot but not overfitted yet.

10.2. Vanishing Gradient Problem

Vanishing gradients are another major problem in
Convolutional Neural Networks (CNNs) and specifically in
very deep networks. An issue that comes up here is during
the backpropagation phase of training when we need to
backpropagate the gradients of loss function through the
network in order to update the model’s weights. What
happens is that in very deep networks with many layers
the gradients can get vanishingly small as they propagate
through each layer. This leads to the updates of the
weights becoming insignificantly small and no relevant
adjustments to the model’s parameters are changed which
leads to learning process being stuck or slowed down. This
is especially an issue for deep neural networks with many
layers, since the gradients can shrink at an exponential
rate causing learn to be ineffective[3].

The disappearing gradient problem usually occurs with a
specific set of activation functions like the sigmoid or
hyperbolic tangent (tanh) functions, that compress their
output into a tiny range, therefore making the gradients
prohibitively small. Since these small gradients are
multiplied layer by layer in backpropagation, they decay
even more inside the backward path through the layers.
Thus, there is almost no gradient signal for the first few
layers of the network making it almost impossible to learn.
This can also mean that training deep networks can be
slow and inefficient, since the network has trouble
adjusting its weights in the earlier layers[21].

ReLU activation functions are one of the most successful
methods of reducing the vanishing gradient problem. It is
known to give better gradient actions than functions such
as sigmoid or tanh. Here the ReLU is a non-saturating
activation function, which means it does not squashing its
output into a small range. This also helps prevent the
vanishing gradient problem, as backpropagated gradients
do not vanish as quickly and the network is able to update
parameters meaningfully and continue learning[24][26].
ReLU is simple to understand and efficient, which has
contributed to its adoption as the default activation
function in most CNN architectures and has improved the
performance of deep neural networks dramatically.
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Also, batch normalization and methods like it can help
mitigate the vanishing gradient problem. Batch
normalization is when we take the activations of each
layer and scale them, such that they have zero mean and
variance of 1. By normalizing the activations, the process
reduces the internal covariate shift, which is a
phenomenon where the distribution of each layer’s input
changes as the parameters of the previous layers change.
Reason is, it makes them fast because gradual maintained
as retain through layer and preserving input is through
use of normalization layers. Batch normalization also aids
convergence by reducing internal covariate shift, allowing
the network to generalize better and perform better
overall[23]. This is especially beneficial in deep CNNs
because a lot of layers cause the activations to change after
each layer, which is not ideal for a stable activation
through all the network.

10.3. Computational Complexity

Training Convolutional Neural Networks (CNNs) is not
without its challenges, with computational complexity
being a major one in the design of deep architectures and
large datasets. The computational resources involved in
training were particularly massive since the CNNs
typically have a great number of parameters like weights
and biases in multiple layers. This further leads to
significant memory consumption, as well as high
processing power demand. However, deep architectures
that have various convolutional layers, pooling layers, and
fully connected layers, increase the number of parameters,
making both the train and inference very expensive in
terms of computation. These challenges can be
compounded in the case of big data and can lead to not
just problems with the quality of the model but also lead
to exponentially larger training times depending on the
scale and size of the data[23][27].

The power of the CNNs comes also with its huge
computational cost which is almost impossible to train
with standard CPUs due to non-parallel processing power
needed to compute significant operations in CNNs. This is
particularly important for the case of deep networks, as
many layers require repeated multiplication and
convolution operations. This can make training such
models computationally expensive in time, especially on
large datasets, if that it may even refrain from testing a
more complex architecture[5].

This was precisely the reason why we use hardware
accelerators (like GPUs) to train large deep learning
models more efficiently in terms of time. They are meant
for doing parallel computations and run lots of the
operations on a lot of data points at the same time. This
allows them to perform matrix and tensor operations in a
way that is optimal for CNNs, enabling faster training than
on CPUs. Moreover, using dedicated Tensor Processing

Units (TPUs) in deep learning training can further enhance
performance, as TPUs are specifically designed for the
types of computations commonly used in deep learning.

Along with hardware acceleration, model optimization
techniques such as pruning can reduce the computational
cost of inference and training. It consists of eliminating
neurons or weights that are less important to the
execution of the network, decreasing the parameters
without degrading the execution of the model too much.
Pruning helps to create a more compact and efficient
network by gradually removing those parameters that do
not contribute significantly to the overall network
performance. It also reduces the computational burden,
helping the model to run more effectively on existing
hardware[4].

Other methods involve techniques like quantization, which
represent model weights with lower precision and
knowledge distillation, which entails training a smaller,
more efficient model based on the knowledge acquired
through larger models to minimize computational cost
while dealing with CNNs. This is particularly useful in
scenarios where models need to be deployed in resource-
limited settings, such as on mobile devices or embedded
systems, where computation and memory resources are
scarce.

This property enables us to reduce computational
complexity, making it acceptable to train deep CNNs on
hardware accelerators and deploy them on processors.

11. Future Work

In our quest to enhance the performance of Convolutional
Neural Networks (CNNs), several directions for future
work can be considered. Perhaps the most promising area
is fine-tuning. The pre-trained model can then be fine-
tuned for specific dataset. This method can enhance the
performance of the model by utilizing the knowledge
obtained from a larger and diverse dataset. Classifying
food pictures using deep learning pre-trained models such
as ResNet or Inception, trained on ImageNet (for example)
through transfer learning, fine-tuning the model for the
data nuances of the task. Especially when the dataset at
hand is limited in size, utilizing fine-tuning can drastically
reduce training time while also enhancing the model's
performance on unseen data[2].

Transfer learning represents another approach with
considerable potential for future enhancements. Transfer
learning is (basically) training one model, and using that
knowledge and applying it to a different (but related)
domain[5]. The recent progress on transfer learning using
pre-trained models, e.g., CNN, helps a lot. This is especially
useful when dealing with scarce annotated data where the
pre-trained model provides strong initialization. Transfer
learning allows these models to be fine-tuned on smaller,
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domain-specific datasets and can result in faster
convergence, improved generalization, and ultimately,
more accurate models, as collecting large amounts of
labeled data in such domains is not always feasible.

Our CNN models yield some great results, however, more
advanced techniques such as those involving fine tuning,
more advanced architectures like ResNet and Inception, as
well as transfer learning offer some significant potential to
improve the performance of the model even further. In
doing so, the potentialities of CNNs can be augmented
across a number of applications to develop more efficient
and precise models going forward.

12. Conclusion

This study investigated Convolutional Neural Networks
(CNNs) for object recognition followed by techniques to
improve the performance of models. CNNs learn
hierarchies of features directly from the raw image data
and often outperform traditional machine learning
techniques on tasks such as classification and detection,
meaning far less feature engineering is required to train a
model. The overview of several key techniques used in this
study are data augmentation to avoid overfitting, and
dropout layers that lead to better generalization, avoiding
dependence on specific neurons.

However, issues such as overfitting, vanishing gradients,
and computational complexity remain. Regularization
techniques such as L2 regularization and batch
normalization overcome this problem. Future directions
that building the advanced architectures such as Resnet,
Inception etc, can boost further improvements and
Transfer learning with the help of pre-trained model can
yield better efficiency.

CNNs have demonstrated considerable progress in object
recognition, and the ongoing research will allow them to
continue improving and finding new applications in
robotics, healthcare, etc.
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