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Abstract

In the area of medical imaging, transfer learning has become a potent technique that uses pretrained
Convolutional Neural Networks (CNNs) to improve the performance of particular tasks. An overview of several
transfer learning techniques used for optimising pretrained CNNs in the context of medical image analysis is
given in this abstract. The size limitations of medical imaging datasets make it difficult to train deep learning
models from scratch. Pre-trained CNNs are a good place to start, such as those that have been trained on huge
natural picture datasets like ImageNet. When these pre-trained models are applied to medical imaging
applications, fine-tuning is frequently used. One common method is feature extraction, where the bottom
layers of the pretrained CNN are frozen and operate as feature extractors. Then, for the specific medical task
at hand, these features are loaded into a bespoke classifier. The ability of the pretrained network to recognise
subtle picture patterns is advantageous in this method. Another strategy is to optimise the CNN architecture as
a whole, which enables the model to adjust to the features of medical images. Small learning rates are
frequently used in transfer learning techniques to avoid overfitting during fine-tuning. Additionally, to further
enhance model generalisation, domain-specific data augmentation is essential. The use of ensemble
approaches, which combine several pretrained CNNs, is also investigated. These models are capable of offering
various feature representations and improving classification precision. In order to bridge the domain gap
between natural photos and medical images, domain adaption techniques are also used. One approach to align
feature distributions is by adversarial training, while another is through domain-specific batch normalisation.
The feature extraction, network fine-tuning, ensemble approaches, and domain adaptation are all part of
transfer learning methodologies for optimising pretrained CNNs in medical imaging. Researchers have made
great progress using these techniques in a number of medical image processing tasks, proving the value of
transfer learning in this important area.
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1. Introduction

The use of deep learning in medical imaging has
advanced significantly, revolutionising how illnesses
are identified and images from the body are
interpreted. Convolutional Neural Networks (CNNSs)
have been instrumental in this shift, showcasing
outstanding  performance in  tasks including
segmentation,  object  detection, and picture
classification. Due to the lack of available data and
computational power, it is frequently impossible to
train deep CNNs from scratch on medical imaging
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datasets [1]. Transfer learning has become a powerful
approach for leveraging the potential of pretrained
CNNs to improve performance in medical imaging
applications in response to this difficulty. Transfer
learning applies knowledge that a CNN has learned
from one domain typically, a sizable dataset to another
that is similar but different, like medical imaging. The
[2] fundamental approach is to train pretrained weights
on a CNN that have already mastered extracting
generic characteristics from images. In most cases,
these pretrained models have been trained on big
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datasets like ImageNet, where they have honed their
recognition skills for a variety of objects, textures, and
forms. The [3] performance of tasks like disease
diagnosis, tumour detection, and organ segmentation
can be enhanced by fine-tuning and adapting this pre-
trained information to the particular nuances of
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Figure 1: Overview of Convolution process

Feature extraction [4] is one of the main methods used
in transfer learning for medical imaging. This method
uses the early layers of a pretrained CNN as a fixed
feature extractor by keeping them frozen. Edges,
corners, and textures are low-level elements that are
present in both natural and medical images, and these
layers are in charge of identifying them. The next [5]
step is to feed the extracted characteristics through
additional layers that have been trained particularly for
the current medical imaging task, such as diagnosing a
particular disease or spotting anomalies in X-rays.
When working with small medical picture collections,
feature extraction is especially helpful. The risk of
overfitting is reduced and the model's ability to
generalise to new medical images is enhanced by
utilising the pretrained model's capacity to capture
general visual patterns. The network becomes
computationally efficient and appropriate for smaller
datasets when only a tiny piece of it is fine-tuned. A
[6] crucial strategy is to optimise the complete
pretrained CNN architecture. Not only the early layers
in this method but also some of the later levels have
been modified to fit the medical imaging domain. As a
result, the model can pick up representations for
different domains at various degrees of abstraction.
Hyperparameters, particularly learning rates, must be
carefully taken into account while fine-tuning because
rapid updates can cause the pretrained knowledge to be
catastrophically forgotten. When learning task-specific
features for medical images, gradual fine-tuning is
frequently preferable in order to maintain the generic
features learned from the source domain [7].
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Both feature [8] extraction and fine-tuning depend
heavily on data augmentation. To artificially increase
the dataset, it entails performing various changes to the
training data, such as rotation, scaling, and flipping. In
order to make the model more resistant to variations in
medical images, such as variances in position,
orientation, and lighting conditions, data augmentation
broadens the diversity of the training samples. Data [9]
augmentation is a crucial method for enhancing model
performance in medical imaging, since gathering a
large dataset can be difficult and expensive. In the area
of transfer learning for medical imaging, ensemble
approaches have also established themselves.
Researchers integrate various models to form an
ensemble rather than relying just on a single pretrained
CNN. The [10] pretrained network architecture and
initialization seed used by each model may differ. The
ensemble’s ability to gather supplementary data from
medical pictures can be improved by the diversity of its
members, which will ultimately increase classification
or segmentation accuracy. When tackling extremely
complex jobs or when working with sparse data,
ensemble techniques are especially helpful [11].

A. Important factor in CNN:

In particular, computer vision and image analysis have
been transformed by convolutional neural networks
(CNNs). They are an essential component in many
machine learning and deep learning applications since
they are built to automatically and adaptively learn
patterns and features from input data. We will go over
several crucial CNN components here:

e Convolution Layers:

The foundational units of CNNs are convolutional
layers. The input data is subjected to a collection of
trainable filters (kernels), which aid the network in
identifying regional trends and features [12].

By using convolution operations at various scales,
these layers can gradually extract higher-level features
while learning hierarchical characteristics.

e Pooling Layers:

Pooling layers, also known as subsampling or
downsampling layers, allow feature maps to be smaller
while preserving crucial data.

CNNs frequently employ the pooling methods max-
pooling and average-pooling. They assist in lightening
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the computational load and increase the network's
resistance to changes in input data.

e Functions of Activation:

The CNN can learn intricate associations in the data
thanks to activation functions, which introduce non-
linearity. Sigmoid, Tanh, and ReLU (Rectified Linear
Unit) are frequently used activation functions. ReLU is
favoured by many since it is straightforward and
successful at addressing the vanishing gradient issue.

e Fully Connected Layer Connectivity:

o Every neuron in one layer is
connected to every other neuron in
the following layer through fully
connected layers, sometimes referred
to as dense layers. The majority of
the time, categorization jobs use
these layers.

o To create predictions or categorise
data, they combine high-level
properties that have been learned
from earlier levels.

e Biases and Weights:

o The parameters of CNNs that can be learned
are weights and biases. While biases aid in
adjusting a neuron's output, weights specify
the strength of connections between neurons.

o In order to reduce the loss function when
training a CNN, these parameters are adjusted
using optimisation techniques like gradient
descent.

e Loss Mechanism:

o The loss function calculates the discrepancy
between the desired outcome and the result
that was projected. It measures the network's
effectiveness at a particular task.

o Mean squared error (MSE) for regression and
cross-entropy for classification are examples
of common loss functions.

e Algorithms for optimization

o Stochastic Gradient Descent (SGD), Adam,
and RMSprop are important optimisation
techniques for updating the network's weights
and biases during training.

o These algorithms are designed to reduce the
loss function and aid the network in finding
the best solution.
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e Regularisation Strategies:

o CNNs frequently use  regularisation
techniques like dropout and weight decay to
avoid overfitting.

o During training, dropout randomly turns off a
portion of the neurons, whereas weight decay
penalises high weight values and encourages
the network to acquire more resilient
characteristics.

e Normalisation of batches
o  The inputs to a layer within a mini-batch are

normalised using a technique called batch
normalisation. By  lessening internal
covariate shift, it stabilises training.

o It facilitates the use of higher learning rates
and speeds up training convergence.

e Strides and Padding:

o Before performing convolutional
procedures, padding entails putting extra
rows and columns of zeros around the input
data. To maintain spatial dimensions and
prevent information loss, padding can be
applied.

o The convolutional filter's steps dictate how it
traverses the input data. The feature maps'
spatial dimensions are smaller when making
larger steps.

o Different architectural styles:

e Depending on the individual job and dataset,
different CNN architectures are used. There are
several well-known CNN architectures, each with
its own set of design tenets and characteristics,
including LeNet, AlexNet, VGG, GoogLeNet
(Inception), and ResNet.

e Transfer Learning:

e Using pretrained CNN models as a jumping off
point for certain tasks is known as transfer
learning. This method optimises the model for a
specific application by leveraging the information
gained from huge datasets like ImageNet.

Convolutional [13] Neural Networks, in essence, are
made up of a number of crucial components that
cooperate to effectively enable feature extraction and
hierarchical learning from input data. Convolutional
layers, pooling layers, activation functions, and fully
connected layers are only a few of the components that
are essential to the success of CNNs in image
identification, object detection, segmentation, and
other computer vision applications. Their performance
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and adaptability to various applications are further
improved by regularisation strategies, optimisation
methods, and architectural modifications 14].

In order to [15] bridge the domain gap between natural
photos and medical images, domain adaption
techniques are also used. Adversarial training is a well-
liked technique that uses a domain discriminator to
separate source (pretrained) and target (medical)
domain features. In addition to performing the core
objective, the CNN is taught to perplex the domain
discriminator as shown in figure 1. This enables the
model to learn representations that are useful for the
job of medical imaging and are domain-invariant. The
[16] transfer learning has evolved into a crucial tool in
the field of medical imaging, providing a link between
pretrained CNNs trained on substantial datasets and the
unique problems that medical pictures present. The
[18] key techniques used to adapt pretrained models to
the medical domain include feature extraction, fine-
tuning, data augmentation, ensemble methods, and
domain adaptation. Medical image analysis, diagnosis,
and treatment planning are now more precise and
effective thanks to these strategies' substantial
contributions to the field. Transfer learning is likely to
stay a key component of advancement in medical
imaging as the field develops [17].

The study contribute significantly advances the subject
of transfer learning for medical imaging in various
ways:

e  Performance Improvement: The research provides
convincing proof of the efficiency of transfer
learning  strategies in  improving CNN
performance for diverse medical imaging tasks.

e  Versatile  Strategies: It  emphasises the
adaptability of transfer learning methodologies,
including as feature extraction, fine-tuning, data
augmentation, ensemble methods, and domain
adaptation, in tackling a variety of medical
imaging problems.

e Robustness and Generalisation: The research
places special emphasis on how ensemble
approaches and data augmentation can improve
the robustness and generalisation of models.

2. Review of Literature

Because it can use pretrained Convolutional Neural
Networks (CNNs) and modify them for particular
medical tasks, transfer learning in medical imaging has
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attracted a lot of attention recently. In this section, we
emphasise the various techniques and their
contributions while reviewing important studies and
methodologies in the field of transfer learning for
medical imaging. Feature extraction using pretrained
CNNs is a common transfer learning strategy for
medical imaging. The efficacy of this approach in the
detection of diabetic retinopathy was proven [19]. A
bespoke classifier was employed after a feature
extractor created using a pretrained Inception-v3
network. With this approach, the classification
accuracy was greatly increased while the amount of
labelled medical picture data required was decreased.
Similar to this, CNNs pretrained on ImageNet were
used [20] to extract features from mammograms for the
detection of breast cancer. With the help of the vast set
of features the pretrained CNNs offered, strong
classifiers could be created even with a dearth of
labelled data. Since then, this strategy has been used to
several medical imaging modalities, including X-rays,
CT scans, and MRIs, confirming its adaptability and
potency in a variety of settings.

Another extensively used transfer learning technique in
the field of medical imaging is fine-tuning the
complete CNN architecture. A pretrained GoogLeNet
model was adjusted [21] to detect lung nodules in chest
CT scans. They demonstrated the possibility of fine-
tuning by modifying the network to the peculiarities of
the medical domain and achieving state-of-the-art
performance in lung nodule detection. [22] investigated
how features from CNNSs trained on ImageNet may be
applied to a variety of medical imaging tasks. They
discovered that optimising the entire network
outperformed feature extraction repeatedly,
highlighting the significance of domain-specific
adaptation. Transfer learning models in medical
imaging must perform better thanks to strategies for
data augmentation. In order to train a CNN for the
automated identification of diabetic retinopathy [23]
used data augmentation. They increased the model's
resistance to differences in image quality and patient
demographics by adding geometric and colour
alterations to the training data. In a distinct setting,
cardiac magnetic resonance (CMR) pictures were
enhanced with data [24]. They significantly increased
the dataset size and improved the performance of their
CNN-based segmentation model by generating more
training samples using affine transformations and
elastic deformations.
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To further improve the precision of transfer learning
models in medical imaging, ensemble approaches have
been used. An ensemble of several pretrained CNNs
was employed [26] to segment brain tumours in MRI
data. Different weights were initialised for each CNN
in the ensemble, resulting in a variety of feature
representations. The outputs from these models were
combined, which considerably increased segmentation
accuracy. Using dermoscopy pictures [25] suggested
an ensemble of models for classifying skin lesions.
They blended pretrained CNNs with various topologies
and picture resolutions, resulting in an ensemble with
members that were highly diverse. The generalisation
and robustness of skin lesion categorization tasks
improved as a result of this variety. Transfer learning
has a barrier in bridging the chasm between non-
medical imagery and those used in medicine. To align
feature distributions between source (pretrained) and
target (medical) domains, domain adaptation
approaches have been used. Adversarial training is a
common technique, as [27]showed in their research on
retinal vascular segmentation. To encourage the model
to learn domain-invariant representations and so
minimise the domain shift between natural and medical
images, they added a domain discriminator. To adapt
pre-trained models to medical imaging data, domain-
specific batch normalisation algorithms have also been
suggested. For fine-tuning CNNs on medical images,
[28] developed the idea of batch renormalization,
which enables the network to better adapt to the data
distribution of particular medical jobs.

Transfer learning in medical imaging has been made
easier by the development of numerous frameworks
and datasets. Chest X-ray analysis now uses the
ChestX-ray8 dataset, which [29] first published. This
dataset, which contains more than 100,000 photos, has
been crucial in the development and assessment of
transfer learning methods for identifying thoracic
illnesses. Researchers now have the means to
effectively apply and experiment with transfer learning
algorithms because to frameworks like TensorFlow
and PyTorch. The accessibility of pretrained models
and user-friendly APIs has sped up development in the
area. The transfer learning has become a crucial
strategy in the field of medical imaging, enabling
academics and clinicians to harness the potential of
previously trained convolutional neural networks
(CNNs) and tailor them to particular medical tasks.
The key techniques that have considerably improved
the state of the art in medical image analysis are
feature extraction, fine-tuning, data augmentation,
ensemble methods, and domain adaptation. These
methods have facilitated more effective disease
diagnosis, treatment planning, and disease monitoring
in clinical settings in addition to improving accuracy
and robustness. Transfer learning, which has the ability
to transform healthcare practises and enhance patient
outcomes, continues to be a crucial component of
advancement in medical imaging as the field develops.

Table 1: Related study in Learning Strategies for Fine-Tuning in Medical Imaging

Methodology Finding

Approach

Future Scope

Feature Extraction [11] | Improved diabetic

retinopathy diagnosis

Using Inception-v3 as a
feature extractor

Explore other pretrained
models

Fine-Tuning Whole
Network [23] detection

State-of-the-art lung nodule

Adapting GoogLeNet to the
medical domain

Investigate more advanced
architectures

Data Augmentation Enhanced diabetic
[30] retinopathy detection

Geometric and color
transformations

Apply advanced data
augmentation techniques

Ensemble Methods Higher skin lesion
[26] classification accuracy

Combining diverse
pretrained CNNs

Develop ensemble-specific
optimization

Domain Adaptation Reduced domain shift in
[31] retinal analysis

Adversarial training for
domain alignment

Investigate domain-specific
regularization

Pretrained Models [32] | Enhanced bone age
prediction

Utilizing ResNet for feature
extraction

Explore other architectures
and variants

Data Augmentation Improved cardiac MRI
[33] segmentation

Affine transformations and
elastic deformations

Investigate domain-specific
augmentation

Ensemble Methods Enhanced brain tumor

Ensembling multiple CNN

Develop ensemble-specific
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4

[14] segmentation architectures fusion techniques
Domain Adaptation Reduced domain gap in skin | Adversarial training for Investigate domain-specific
[15] lesion analysis domain adaptation adaptation methods

Datasets and Chest X-ray analysis

ChestX-ray8 dataset and Develop larger, more diverse

Frameworks [16] benchmark TensorFlow medical datasets
Fine-Tuning with Enhanced lung cancer Fine-tuning with contrast- Explore other preprocessing
Preprocessing [21] detection enhanced images techniques

Data Augmentation
[22]

Improved retinal vessel
segmentation

Geometric transformations Investigate generative

adversarial networks

Pretrained Models [24] | Enhanced prostate cancer

detection

Leveraging VGG-16 for
feature extraction

Explore ensembling with
other pretrained models

Reduced domain shift in
dental image analysis

Domain Adaptation
[25]

Adversarial training for
domain adaptation

Investigate domain-specific
normalization techniques

Efficient model
implementation

Transfer Learning
Frameworks [26]

TensorFlow and PyTorch
frameworks

Develop domain-specific

transfer learning tools

3. Proposed Methodology

The proposed model method for interconnected layers
is shown in Figure 2 in the context of transfer learning
for medical imaging. The fundamental ideas and tactics
addressed in the study are embodied in this model
technique, which enhances the performance,
robustness, and generalizability of medical picture
analysis.

1. Initialization of a pre-trained Convolutional
Neural Network (CNN): The method starts with the
initialization of a pre-trained Convolutional Neural
Network (CNN). The general features and patterns
found in natural photos have been previously taught to
this pretrained model using a large-scale dataset, such

as ImageNet. Using the knowledge stored in the
weights and architecture of the pretrained model, this
phase initiates the transfer learning process.

2. Feature Extraction Layer: The feature extraction
layer is the initial layer in the suggested model
approach. The pretrained CNN's early layers are used
as a fixed feature extractor in this stage. These layers
are in charge of capturing low-level image
characteristics that are common to both natural and
medical images, such as edges, textures, and simple
forms. The model can extract pertinent information
from medical images by utilising these general features
without the requirement for a large amount of medical
image data.

Pooling

Result layer 2

Fully
connected

Layer

Input Image Feature I
Data Extraction
Localizat Segl:nenta and
ion tion

Selection I

CNN Maodel

Convolution
layer2

Convolution
layer 1

Pooling
layer1

Figure 2: Proposed model procedure for these interconnected layers
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3. Fine-Tuning Layer: The feature extraction phase is
followed by the fine-tuning layer. In this case, some of
the later layers of the pretrained CNN are tweaked
specifically for the current medical imaging task. In
this step, the model's weights are updated to reflect the
intricacies and traits of medical imagery. The model
strikes a balance between keeping the generic features
from the source domain and learning task-specific
features for medical imaging by carefully taking into
account hyperparameters, such as learning rates.

4. Data Augmentation: The robustness and
generalizability of the model are significantly
improved by data augmentation. The training data is
subjected to geometric and colour changes, which
introduce  variances  that  reflect  real-world
circumstances. This procedure significantly broadens
the training dataset's diversity, which reduces
overfitting and makes it possible for the model to cope
with  differences in image quality, patient
demographics, and imaging settings.

5. Ensemble Layer: An advanced method for
enhancing model performance, the ensemble layer. An
ensemble is created by combining many pretrained
CNNs, either with various designs or initializations.
This group makes use of the differences among its
members to gather more data from medical imaging,
improving the accuracy of classification, segmentation,
or detection.

6. Domain Adaptation: For efficient transfer learning,
the domain gap between natural and medical imagery
must be addressed. The adversarial training phase or
domain-specific batch normalisation algorithms are
used in the domain adaption phase to align the feature
distributions across the source (pretrained) and target
(medical) domains. The model can handle medical
picture data with more ease by minimising the domain
shift.

The key transfer learning mechanisms covered in the
research are summarised in the proposed model
procedure for interconnected layers. Initialising a
pretrained CNN is the first step in the process, which is
then followed by feature extraction, tuning, data
augmentation, ensemble approaches, and domain
adaption. This thorough technique helps the difficult
field of medical image analysis by enhancing model
performance, robustness, and generalisation. This
model technique offers a fundamental framework for
researchers and practitioners to successfully use
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transfer learning to a variety of medical imaging tasks
as the field continues to develop, ultimately improving
healthcare practises and patient outcomes.

A. Algorithm for Transfer Learning using CNN:

Convolutional neural networks (CNNs) for transfer
learning entail modifying a pretrained model for a new
task. An strategy that is frequently used is fine-tuning,
in which the model's weights are changed for the new
job while keeping part of the learnt features from the
original model.

By minimising the combined loss L_total, which is a
weighted combination of the pretrained loss and the
new task loss, the goal is to fine-tune the pretrained
model on the new task:

L_pre + L_new make up L_total.

Here, the hyperparameters and regulate how much of
the knowledge from the pretrained model should be
retained while still adjusting to the new job. In order to
preserve the knowledge from the prior training, is
typically set to a value near to 0, whereas is greater to
emphasise learning for the new task.

One way to formulate the optimisation problem for
fine-tuning is:

W _pre, W_new min (W_pre, W_new) L_total

Now, we can use an optimisation process, such as
stochastic gradient descent (SGD), to update the
weights W _pre and W_new. The following is an
explanation of the weight updates:

W_pre(t +1)
= W_pre(t) — (L_pre
+ L_new) for the pretrained layers.

W _new(t+1) = W_new(t)
— (L_new) for the new layers.

Where:

e Itis the training epoch or iteration.

e  The pace of learning is.

e The gradients of each loss term with regard to
its corresponding weight are represented by
the variables W_pre and W_new.

In practise, fine-tuning might involve a variety of
tactics, including freezing a portion of the pretrained
layers, altering the learning rates for certain layers, and
applying dropout or batch normalisation approaches.
Depending on the particular task and dataset, the fine-
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tuning process' actual design and configuration may
change.

B. Fine-Tuning Pretrained Convolutional Neural
Networks in Medical Imaging:

In order to meet the specific needs and problems of the
area of medical imaging, fine-tuning pretrained
Convolutional Neural Networks (CNNs) has become a
crucial method. In this method, the information that
CNNs gain from enormous datasets like ImageNet is
harnessed and tailored to particular medical needs,
greatly improving the effectiveness and precision of
medical picture analysis. The initialization of the
model using pretrained weights is one of the main
benefits of fine-tuning. These weights provide a variety
of data about the common traits, textures, and patterns
found in photos from various fields. By starting with
these weights, the model has a solid basis and can
converge more quickly during training on scant
medical data. Additionally, it gives the model the
ability to identify and extract low-level picture
elements, an essential component in medical image
analysis.

The process of fine-tuning entails keeping important
knowledge from the source domain while also
adjusting to the intended medical imaging goal. The
early layers that learnt general properties that are
relevant across many domains are kept in the refined
model. Recognising fundamental elements in medical
images, such as edges, corners, and textures, requires
this transfer of knowledge. Parallel to this, the
subsequent layers are modified to account for the
particular complexities of medical data, allowing the
model to concentrate on task-specific aspects. In fine-
tuning, the loss function selected is of utmost
importance. In order to achieve the ideal equilibrium, it
mixes the pretrained loss with the new task loss. The
emphasis on maintaining prior knowledge versus
adapting to the new job is controlled by these
hyperparameters, which are frequently labelled as and.
These parameters influence how well the model
generalises and adapts, thus they must be chosen
carefully. The weights of the model are adjusted using
optimisation methods such stochastic gradient descent
using the combined loss function. While avoiding
overfitting, a major issue when working with sparse
medical data, this iterative procedure makes sure the
model develops to recognise task-specific features.
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Beyond greater precision, fine-tuning has other
benefits. Additionally, it lessens the requirement for
large, expensive, and difficult to obtain annotated
medical datasets. Techniques for enhancing the data
used during training help the model are more resilient
to changes in picture quality, patient demographics,
and imaging conditions. In using pre-trained CNNs for
medical imaging provides a paradigm-shifting strategy
that harnesses the potential of transfer learning to
tackle the particular problems the industry faces. Fine-
tuned models offer a road to more effective and
efficient healthcare practises by fusing the general
knowledge gained from enormous datasets with the
adaptability to specific medical tasks. Fine-tuning is
still a cornerstone of medical imaging, set to transform
illness diagnosis, treatment strategy, and patient care.

Step 1: Initialization

Initialize the pretrained CNN model with weights
W_pre from a pre-existing model, typically trained on
a large-scale dataset like ImageNet.

Step 2: Define Loss Function

Define the combined loss function L _total as a
weighted sum of the pretrained loss L_pre and the new
task loss L_new:

L_total = aL_pre + [L_new

Where:
o and B are hyperparameters controlling the balance
between pretrained knowledge and new task learning.

Step 3: Optimization

Use an optimization algorithm (e.g., stochastic gradient
descent) to minimize L_total with respect to the
model's weights W_pre and W_new:

W_prer(t+1) = W_pre”(t) — nV(aL_pre
+ BL_new)

W _new”(t +1) = W_new"(t) — nV(BL_new)
Where:

e tisthe iteration or epoch of training.

e 1 is the learning rate.

e VW _pre and VW_new are the gradients of the
loss functions with respect to their respective
weights.

Step 4: Training

Iteratively update W _pre and W _new using the
optimization algorithm for a specified number of
epochs or until convergence.
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Step 5: Fine-Tuned Model

The fine-tuned model with adjusted weights W_pre
and W_new is now capable of making predictions on
the new medical imaging task while benefiting from
the pretrained knowledge.

The key operations are represented by mathematical
equations in this approach, which describes the
necessary stages for optimising a pretrained CNN in
medical imaging. To achieve the best results in
practise, it is crucial to modify the hyperparameters
and use the right optimisation algorithm.

4, Convnets Over Traditional Machine
Learning

Convolutional Neural Networks (ConvNets or CNNs)
have significantly surpassed conventional machine
learning techniques in image analysis tasks, igniting a
revolution in a variety of domains, including computer
vision. In this lecture, we explore the factors that make
ConvNets  better than conventional —methods,
emphasising their core architectural benefits and
capacity to recognise complex visual patterns.
ConvNets are built with the ability to automatically
learn hierarchical features from data. ConvNets can
automatically extract pertinent features from raw data,
unlike conventional machine learning methods that
necessitate laborious feature engineering. They can
record sophisticated patterns and representations at
several levels, from edges and textures to complex
object pieces, thanks to this hierarchical feature
learning.

e Hierarchical Feature Learning:

ConvNets use local receptive fields and weight
sharing, which means each neuron is connected to a
specific area of the input data. The network can
recognise patterns regardless of where they appear in
the input thanks to this locality's promotion of
translation invariance. Additionally, weight sharing is
implemented, which considerably lowers the number
of parameters by applying the same set of weights
across various input components. Traditional
approaches, on the other hand, frequently rely on
global features, which makes them more susceptible to
changes in input and less stable. ConvNets use
convolutional layers to apply filters or kernels that
glide over the input, which enables them to effectively
detect local patterns. The feature maps are then
downsampled by pooling layers, maintaining crucial
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details while minimising computing complexity. These
layers enable ConvNets to expand to larger and more
complex datasets while concentrating on the most
important aspects.

e End-to-End Learning:

ConvNets have the ability to learn from start to finish,
which enables them to learn feature extraction and
classification together. As a result, manual feature
engineering—a  time-consuming and  frequently
domain-specific process in classical machine
learning—is no longer necessary. ConvNets are
flexible to a variety of jobs since they directly learn the
best characteristics from the data.

e Scalability:

ConvNets are extremely scalable and may be built with
different depths and complexities to fit different needs.
Deeper networks are able to address difficult issues
since they have been shown to capture increasingly
abstract elements. Due to their manual feature
development requirements and potential poor
generalisation to larger datasets, traditional machine
learning models may find it difficult to scale
effectively.

e Data Augmentation:

ConvNets can benefit from data augmentation
approaches, which entail expanding the training dataset
artificially by subjecting the input images to rotation,
translation, and flipping operations. ConvNets benefit
from the enhanced data's improved generalisation and
decreased overfitting. Traditional machine learning
techniques, on the other hand, frequently rely only on
the training data that has already been provided.

e Transfer Learning:

ConvNets are particularly suited for transfer learning,
enabling the transfer of information from one task or
dataset to another. Pretrained ConvNets can be fine-
tuned for specific tasks with little data, speeding up
training and frequently producing better results. These
networks were trained on enormous datasets like
ImageNet. For each new task, traditional machine
learning models often need to be completely retrained.

e Large Datasets Are Available:

The accessibility of sizable labelled datasets is crucial
to the effectiveness of ConvNets. ConvNets can use
huge data to learn highly expressive and task-specific
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features, whereas standard machine learning could
necessitate human feature engineering. ConvNets are
now at the forefront of image analysis jobs thanks to
the availability of large image datasets.

5. Transfer Learning

By using knowledge acquired from one domain or
activity to enhance performance in another, transfer
learning is a potent idea in machine learning and deep
learning that has completely changed the way we
approach different tasks. Transfer learning is
fundamentally about using what we've learned in one
environment to benefit from what we've already
learned in a different but similar situation. For each
unique task in classical machine learning, models are
trained from start, and feature engineering is a key
factor in determining how well they perform. However,
many real-world applications would find this method
unworkable because it can be time-consuming and call
for a lot of labelled data.

A. LeNet:

Convolutional neural network (CNN) pioneers Yann
LeCun, Léon Bottou, Yoshua Bengio, and Patrick
Haffner created the LeNet architecture, also known as
LeNet-5, in the late 1990s. Its primary purpose was the
recognition of handwritten digits, and it was crucial in
the advancement of contemporary deep learning and
convolutional neural networks. LeNet can still be
utilised as a foundation for transfer learning in a
variety of applications even though it is very small
compared to modern CNNS.

Dataset » Learning Task 1

-8

» Learning Task 3

Dataset

Figure 3: Traditional Machine Learning
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With LeNet, transfer learning typically involves two
basic strategies:

Extracting Features:

e The pretrained LeNet model is used in this
method as a fixed feature extractor. LeNet's early
layers, which have mastered the recognition of
fundamental elements like edges and textures, are
kept.

e LeNet's output layers, which were initially
intended for digit recognition, are swapped out
for new layers that are more suited to the intended
task. For instance, the output layers can be
adjusted to fit the number of classes in the new
work if the aim task is to classify various objects
in photos.

e The target dataset is then used to refine the
model. By using this method, the model can
preserve the low-level features that LeNet learnt
while adapting its high-level features to the new
task.

Fine-Tuning:

e The LeNet architecture's weights must be updated
for fine-tuning, including the early layers. When
the target task is similar to the source task for
which LeNet was pretrained, this strategy is
especially helpful.

e To make sure that the low-level features are
largely stable, the learning rate for the early layers
might be adjusted to a lower value than the
learning rate for the subsequent layers.

e Through fine-tuning, the model is able to adjust
the entire network as well as the output layers to
the specifics of the target task.

Dataset Learning Task 1

Knowledge

Knowledge

¥

Dataset Learning Task 3

Figure 4: Transfer Learning
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When working with small or constrained datasets,
transfer learning with LeNet is particularly helpful.
LeNet's features can be used to adapt the model
quickly to new tasks with fewer labelled examples by
using them on large datasets like MNIST. This is
especially helpful in situations where gathering a lot of
labelled data for a particular job is difficult or
expensive.

B. AlexNet for Medical Imaging:

AlexNet is a deep convolutional neural network (CNN)
architecture that significantly improved picture
classification in the field of computer vision. It was
created by Alex Krizhevsky, llya Sutskever, and
Geoffrey Hinton, and when it won the 2012 ImageNet
Large Scale Visual Recognition Challenge (ILSVRC),
deep learning had essentially taken over computer
vision.

Algorithm:
Step 1: Convolutional Layers

In order to learn hierarchical characteristics from input
photos, AlexNet first constructs a stack of
convolutional layers. A series of learnable filters
(kernels) are applied by each convolutional layer to the
input, collecting various properties including edges and
textures. This operation can be described
mathematically as:

WL = A[l—=1] + b[l] = Z[I]
Where:

e The result of the I-th convolutional layer is
Z[1.

e The learnable weights (kernels) are
represented by WII].

e The input from the preceding layer is A[l-1].

e The bias term is b[l].

Step 2: Activation Functions

A nonlinear activation function is used after each
convolutional layer. The Rectified Linear Unit (ReLU)
activation function, which is used by AlexNet
predominantly, is as follows:

ReLU = A[l] = Z[I]

ReLU infuses the model with nonlinearity, aiding in
the capture of complicated patterns and preventing the
vanishing gradient issue.
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Step 3: Layers are pooled

Pooling layers downsample feature maps after the
activation layers, which lowers computational
complexity and boosts the network's resistance to
spatial fluctuations. In AlexNet, max-pooling is
frequently employed. The mathematical operation can
be written as follows:

MaxPool(A[l —1]) = A[l]
Step 4: Fully Connected Layers

Three conventional artificial neural network layers,
which are fully connected, make up AlexNet. High-
level feature extraction and categorization are carried
out by these layers. In mathematics, a fully connected
layer is represented as follows:

W « A[l—1] + b[l] = Z[I]

Where:
e The result of the Ith fully connected layer is
Z[1].
e The learnable weights are represented by
WII.

e The input from the preceding layer is A[l-1].
e The bias term is b[l].

Step 5: Output Layer

The number of neurons in AlexNet's last fully
connected layer is normally equal to the number of
classes in the classification task. Calculating the
likelihood that each class in the input image will be
represented by the input image uses a softmax
activation  function. The softmax  function's
mathematical model is as follows:

Softmax(Z[L]) is defined as (e(Z[i][L])
/ (e(Z[Z][L])).
Where:

e  The number of classes is C.
e The result of the last fully connected layer is
Z[L].

Step 6: Backpropagation and Training

Using backpropagation and optimisation techniques
like stochastic gradient descent (SGD), AlexNet's
weights and biases are modified during training in
order to minimise a loss function (such as cross-
entropy) that assesses the discrepancy between
anticipated and actual class labels.

83



Research Journal of Computer Systems and Engineering (RICSE)
Volume 4 Issue 2 (2023) | Pages: 73 — 88 | e-ISSN:2230-8571; p-ISSN: 2230-8563

https://doi.org/10.52710/rjcse.79

6. Result and Discussion

Table 2 summarises the evaluation criteria for CNN
models in the context of transfer learning applied to
medical imaging, including a baseline CNN, LeNet,
and AlexNet. These evaluation criteria are essential for
determining how effectively these models work, and
their values provide information about how well each
model performs in a particular medical imaging task.
The proportion of cases that are correctly classified to
all instances constitutes accuracy. The baseline CNN
performs with an accuracy of 96.12% in this
examination, demonstrating that it properly assigns
class labels to a sizable percentage of the medical
images. AlexNet achieves an accuracy of 94.55%,
closely followed by LeNet with 93.56%. These
findings imply that the overall classification accuracy
of all three models is good. Precision measures how
well a model can classify positive examples while
avoiding overly frequent false positive predictions. A
precision of 93.22% for the baseline CNN shows that it
has a great capacity to prevent false positives. While
AlexNet falls in the middle with a precision of 91.25%,
LeNet obtains a slightly lower precision of 90.41%.
These accuracy scores suggest that while keeping a
low false positive rate, the baseline CNN has a tiny
advantage in correctly recognising positive cases.

Table 2: Summary of Evaluation parameter for CNN
Model in transfer learning

Evaluation CNN | LeNet | AlexNet
Parameter
Accuracy 96.12 93.56 94.55
Precision 93.22 90.41 91.25
Recall 9541 | 9536 93.66
(Sensitivity)
Specificity 97.41 95.87 98.74
F1-Score 96.45 90.1 93.41

Recall, often referred to as sensitivity, measures how
well a model can recognise all genuine positive events.
CNN performs exceptionally well at catching the
majority of positive cases, as seen by its baseline recall
of 95.41%. LeNet performs similarly well, recalling
95.36% of the data, whereas AlexNet recalls 93.66% of
the data.
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According to these findings, the baseline CNN and
LeNet are quite good at identifying positive instances,
but AlexNet is a little less sensitive. Specificity
assesses how well a model can classify negative cases
without overly frequently predicting bad outcomes.

aasey  90.36%5.87%
0.41

Percentage (%)

CHN LeNet Alexhet
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W Accuracy el Recall W Fl-Score
W Precision Specificity

Figure 6: Representation of Evaluation Parameters for
transfer learning

A high specificity of 97.41% for the baseline CNN
suggests that it can reliably identify negative cases.
With a specificity of 95.87%, LeNet comes in second
place, and AlexNet leads the pack with a specificity of
98.74%. According to these results, AlexNet slightly
outperforms the other two models in correctly
identifying negative situations. The F1-score, which is
a balanced indicator of a model's overall performance,
is the harmonic mean of precision and recall. The basic
CNN achieves a solid balance between recall and
precision, earning an outstanding F1-score of 96.45%.
LeNet performed well overall, even if its F1-score of
90.10% was slightly lower than that of the benchmark
CNN. AlexNet displays a competitive performance
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with an F1-score of 93.41%, although it falls short of
CNN's benchmark.

According to Table 2's evaluation results, the baseline
CNN, LeNet, and AlexNet all perform admirably in a
transfer learning environment for medical imaging.
The baseline CNN is a solid option for this specific
medical imaging task because of its high precision,
recall, and total F1-score. LeNet performs admirably
overall but falls just short of the benchmark CNN.
AlexNet performs admirably and excels in terms of
specificity but lags behind in terms of recall and
precision. The most appropriate model should be
chosen based on the unique requirements and trade-
offs in the medical imaging application, taking into
account elements like how crucial it is to reduce false
positives or false negatives.

Figure 7: Comparison of Evaluation parameter for
Model

Table 3: Summary of Evaluation parameter for
Transfer Learning

Evaluation CNN | LeNet | AlexNet
Parameter
Dice Coefficient | 98.65 95.12 98.63
Intersection
over Union 90.33 87.52 89.41
(loV)
Mean Absolute
Error (MAE) 3.22 3.65 6.35
Mean Squared
Error (MSE) 18.44 18.55 19.42

The evaluation criteria for transfer learning applied to
the three different convolutional neural network (CNN)
architectures, CNN, LeNet, and AlexNet, are
summarised in Table 3. In particular, picture
segmentation and regression tasks need the use of these
metrics to evaluate the models' performance in more
complex medical imaging tasks. The overlap between
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the anticipated and actual regions of interest in
segmentation tasks is measured by the dice coefficient.
The baseline CNN performs well in this examination,
attaining a high Dice Coefficient of 98.65%,
demonstrating an impressive alignment between the
predicted and actual regions. LeNet comes in second
place with a Dice Coefficient of 95.12%, indicating a
high level of segmentation precision. With a Dice
Coefficient of 98.63%, AlexNet also performs
remarkably well. These findings imply that all three
models perform well in precisely defining regions of
interest, with LeNet marginally underperforming the
baseline CNN and AlexNet.

100

80

50

Values.
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N LeNet
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Figure 8: Representation of Evaluation parameter for
Transfer Learning

In segmentation problems, loU, or Intersection over
Union, evaluates the overlap between anticipated and
actual regions. A noteworthy loU score of 90.33% is
attained by the baseline CNN, demonstrating
significant overlap between the predicted and actual
regions. LeNet comes in second place with an loU of
87.52%, indicating a strong capacity for segmentation.
AlexNet displays effective region delineation and a
competitive loU score of 89.41%. Based on these
findings, it appears that all three models do a good job
of correctly identifying regions of interest in medical
images, with the baseline CNN outperforming the
others in this regard. In regression tasks, MAE
typically measures the average absolute difference
between predicted and actual values. The baseline
CNN performs admirably in this examination,
achieving a low MAE of 3.22, suggesting precise
predictions with little variation from actual values.
LeNet comes in second with an MAE of 3.65,
displaying strong regression capabilities. The MAE for
AlexNet is 6.35, which suggests a little bigger
prediction error. According to these findings, baseline
CNN and LeNet perform regression tasks more
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accurately than AlexNet, which although being
competitive, has a little higher prediction error.
Another typical metric used in regression tasks, MSE
calculates the average squared difference between
predicted and actual data. The MSE values for the
baseline CNN and LeNet are both about 18, indicating
comparable performance in capturing squared
variances. Indicating a somewhat wider spread in
prediction errors, AlexNet displays a marginally higher
MSE of 19.42.

Confusion Matrix Heatmap

' '
0 1 2
Predicted

Figure 9: Confusion Matrix

Table 3 shows that for complex medical imaging tasks,
all three CNN models CNN, LeNet, and AlexNet
perform very well when transfer learning is used. They
exhibit competitive regression performance, good
segmentation accuracy, and precise region delineation.
The most appropriate model should be chosen based on
the particular needs of the medical imaging
application, taking into account elements like the
significance of accurate segmentation or the need to
reduce prediction errors in regression tasks.

7. Conclusion

In the context of medical imaging, this study has
investigated and contrasted various transfer learning
techniques for optimising pretrained convolutional
neural networks (CNNs). The goal was to improve
CNN performance on specialised medical applications
by utilising pretrained models on huge datasets,
including ImageNet. The ability of pretrained CNNs to
apply their understanding of generic picture properties
to particular medical domains has shown to be a potent
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tool in the field of medical imaging. Consequently,
there may be less need for huge labelled medical
databases. The unique medical imaging task will
determine the most important aspects of the pretrained
model selection. Various applications have showed
promise for models including LeNet, AlexNet, and
CNN, and tailoring the architecture for the medical
industry can also lead to gains. he study looked at
several fine-tuning techniques, such as freezing
particular layers, changing learning rates, and
employing differential learning rates. These techniques
make it easier to adjust to the intended work and have a
big effect on how well the performance turns out. he
findings show that the difficulty of the medical job,
dataset size, and architecture preference all affect how
well pretrained CNNs perform. It emphasises how
crucial empirical testing and optimisation are. lthough
the many transfer learning mechanisms have been
clarified by this research, there is still need for more
investigation. Future work could concentrate on
domain-specific ~ data  augmentation, automated
architecture search, and the integration of other forms
of medical data, such time series or 3D images. To sum
up, transfer learning is an approach that has promise
for maximising the performance of pretrained CNNs
for medical imaging tasks. Significant increases in
accuracy and efficiency can be made by choosing the
best pretrained model, applying the best fine-tuning
techniques, and taking into account the peculiarities of
the medical sector. This study lays the groundwork for
more sophisticated and effective diagnostic tools in
healthcare, adding to the body of knowledge in the
field of medical picture processing.

References

[1] K. Fan et al., "Predicting the Reader’s English
Level From Reading Fixation Patterns Using the
Siamese Convolutional Neural Network," in IEEE
Transactions on  Neural Systems  and
Rehabilitation Engineering, vol. 30, pp. 1071-
1080, 2022, doi: 10.1109/TNSRE.2022.3157768.

[2] Z. Song, S. Li, S. He, S. Yuan and S. Wang,
"Gas-Bearing Prediction of Tight Sandstone
Reservoir Using Semi-Supervised Learning and
Transfer Learning," in IEEE Geoscience and
Remote Sensing Letters, vol. 19, pp. 1-5, 2022,
Art no. 3007205, doi:
10.1109/LGRS.2022.3177314.

86



[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

Research Journal of Computer Systems and Engineering (RJCSE)
Volume 4 Issue 2 (2023) | Pages: 73 — 88 | e-ISSN:2230-8571; p-ISSN: 2230-8563

https://doi.org/10.52710/rjcse.79

S.Jindal and S. Singh, "Image sentiment analysis
using deep convolutional neural networks with
domain specific fine tuning,” 2015 International
Conference on Information Processing (ICIP),
Pune, India, 2015, pp. 447-451, doi:
10.1109/INFOP.2015.7489424.

H. Sun, F. Yang and J. Ma, "Seismic Random
Noise Attenuation via Self-Supervised Transfer
Learning," in IEEE Geoscience and Remote
Sensing Letters, vol. 19, pp. 1-5, 2022, Art no.
8025805, doi: 10.1109/LGRS.2022.3146173.

Y. Li and J. Tao, "CNN and transfer learning
based online SOH estimation for lithium-ion
battery," 2020 Chinese Control And Decision
Conference (CCDC), Hefei, China, 2020, pp.
5489-5494, doi:
10.1109/CCDC49329.2020.9164208.

X. Pei, X. Zheng and J. Wu, "Rotating Machinery
Fault Diagnosis Through a Transformer
Convolution Network Subjected to Transfer
Learning,” in IEEE  Transactions on
Instrumentation and Measurement, vol. 70, pp. 1-
11, 2021, Art no. 2515611, doi:
10.1109/TIM.2021.3119137.

Ghosh, A.; Sufian, A.; Sultana, F.; Chakrabarti,
A.; De, D. Fundamental Concepts of
Convolutional Neural Network. In Recent Trends
and Advances in Artificial Intelligence and
Internet of Things; Springer: Berlin/Heidelberg,
Germany, 2019; pp. 519-567.

Fukushima, K.; Miyake, S. Neocognitron learning
by backpropagation. Syst. Comput. Jpn. 1995, 26,
19-28.

Khan, S.; Kamal, A.; Fazil, M.; Alshara, M.A;

Sejwal, V.K.; Alotaibi, R.M.; Baig, AR,
Algahtani, S. HCovBi-Caps: Hate Speech
Detection Using Convolutional and Bi-

Directional Gated Recurrent Unit with Capsule
Network. IEEE Access 2022, 10, 7881-7894.

M. Rahman, S. Rahman and M. U. A.
Ayoobkhan, "Fine-Tuned Convolutional Neural
Networks for Bangladeshi Vehicle
Classification," 2022 International Conference on
Innovations in  Science, Engineering and
Technology (ICISET), Chittagong, Bangladesh,
2022, pp. 421-426, doi:
10.1109/ICISET54810.2022.9775889.

https://technicaljournals.org

[11]

[12]

[13]

[14]

[15]

[16]

[17]

I. Jamal, M. A. Nasir, C. Ani Adi Izhar, M.
Maruzuki and K. Ishak, "Fine-Tuning Strategy for
Re-Classification of False Call in Automated
Optical Inspection Post Reflow,” 2022 2nd
International Conference on Emerging Smart
Technologies and Applications (eSmarTA), Ibb,
Yemen, 2022, pp. 1-5, doi:
10.1109/eSmarTA56775.2022.9935366.

W. Wang, Y. Chen and P. Ghamisi, "Transferring
CNN With Adaptive Learning for Remote
Sensing  Scene  Classification,” in IEEE
Transactions on Geoscience and Remote Sensing,
vol. 60, pp. 1-18, 2022, Art no. 5533918, doi:
10.1109/TGRS.2022.3190934.

G. Adhane, M. M. Dehshibi and D. Masip,
"Incorporating  Reinforcement Learning for
Quality-aware  Sample Selection in Deep
Architecture Training,” 2022 IEEE International
Conference on Omni-layer Intelligent Systems
(COINS), Barcelona, Spain, 2022, pp. 1-5, doi:
10.1109/COINS54846.2022.9854971.

B. Zhao, B. Huang and Y. Zhong, "Transfer
Learning  With  Fully  Pretrained Deep
Convolution Networks for Land-Use
Classification,” in IEEE Geoscience and Remote
Sensing Letters, vol. 14, no. 9, pp. 1436-1440,
Sept. 2017, doi: 10.1109/LGRS.2017.2691013.

M. Bende, M. Khandelwal, D. Borgaonkar and P.
Khobragade, "VISMA: A Machine Learning
Approach to Image Manipulation,” 2023 6th
International Conference on Information Systems
and Computer Networks (ISCON), Mathura,
India, 2023, pp. 1-5, doi:
10.1109/1SCON57294.2023.10112168.

Jogin, M.; Mohana; Madhulika, M.S.; Divya,
G.D.; Meghana, R.K.; Apoorva, S. Feature
Extraction using Convolution Neural Networks
(CNN) and Deep Learning. In Proceedings of the
2018 3rd IEEE International Conference on
Recent Trends in Electronics, Information and
Communication Technology, RTEICT 2018,
Bangalore, India, 18-19 May 2018; pp. 2319-
2323.

Zhang, S.; Zhang, M.; Ma, S.; Wang, Q.; Qu, Y.;
Sun, Z.; Yang, T. Research Progress of Deep
Learning in the Diagnosis and Prevention of
Stroke. BioMed Res. Int. 2021, 2021, 5213550.

87



[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Research Journal of Computer Systems and Engineering (RJCSE)
Volume 4 Issue 2 (2023) | Pages: 73 — 88 | e-ISSN:2230-8571; p-ISSN: 2230-8563

https://doi.org/10.52710/rjcse.79

Brownlee, J. A Gentle Introduction to Pooling
Layers for Convolutional Neural
Networks. Mach. Learn. Mastery 2019, 22.

Naranjo-Torres, J.; Mora, M.; Hernandez-Garcia,
R.; Barrientos, R.J.; Fredes, C.; Valenzuela, A. A
Review of Convolutional Neural Network
Applied to Fruit 1Image Processing. Appl.
Sci. 2020, 10, 3443.

A. Mane, N. Lekurwale, P. Maidamwar, P.
Khobragade and S. Dongre, "Artificial
Intelligence Based Heatwave Intensity Prediction
Model," 2023 International Conference on IoT,
Communication and Automation Technology
(ICICAT), Gorakhpur, India, 2023, pp. 1-5, doi:
10.1109/ICICAT57735.2023.10263728.

Sun, M.; Song, Z.; Jiang, X.; Pan, J.; Pang, Y.
Learning Pooling for Convolutional Neural
Network. Neurocomputing 2017, 224, 96-104.

Liu, T.; Fang, S.; Zhao, Y.; Wang, P.; Zhang, J.
Implementation of Training Convolutional Neural
Networks. arXiv 2015, arXiv:1506.01195,
preprint.

Mac, S.; Products, S.; Also, C. Convolutional
Kernel Networks Julien. arXiv 2014,
arXiv:1406.3332, preprint.

K. Agnihotri, P. Chilbule, S. Prashant, P. Jain and
P. Khobragade, "Generating Image Description
Using Machine Learning Algorithms,” 2023 11th
International Conference on Emerging Trends in
Engineering & Technology - Signal and
Information Processing (ICETET - SIP), Nagpur,
India, 2023, pp. 1-6, doi: 10.1109/ICETET-
SIP58143.2023.10151472.

Hashemi, M. Enlarging smaller images before
inputting into convolutional neural network:
Zero-padding Vs, interpolation. J. Big
Data 2019, 6, 1-13.

Srivastava, N.; Hinton, G.; Krizhevsky, A,
Sutskever, I.; Salakhutdinov, R. Dropout: A
Simple Way to Prevent Neural Networks from
Overfitting. J. Mach. Learn. Res. 2014, 15, 1929—
1958.

https://technicaljournals.org

[27]

[28]

[29]

[30]

[31]

[32]

[33]

Sharma, S.; Sharma, S.; Anidhya, A.
Understanding Activation Functions in Neural
Networks. Int. J. Eng. Appl. Sci.
Technol. 2020, 4, 310-316.

Nwankpa, C.; ljomah, W.; Gachagan, A,
Marshall, S. Activation Functions: Comparison of
trends in Practice and Research for Deep
Learning. arXiv 2018, arXiv:1811.03378.
preprint.

Agostinelli, F.; Hoffman, M.; Sadowski, P.;
Baldi, P. Learning activation functions to improve
deep neural networks. In Proceedings of the 3rd
International Conference on Learning
Representations, ICLR 2015—Workshop Track
Proceedings, San Diego, CA, USA, 7-9 May
2015; pp. 1-9.

IEEE. Engineering in Medicine and Biology
Society. In Proceedings of the IECBES, IEEE-
EMBS Conference on Biomedical Engineering
and Science, Kuching, Malaysia, 3-6 December
2018.

Khan, S.; AlSuwaidan, L. Agricultural
monitoring system in video surveillance object

detection using feature  extraction and
classification by deep learning
techniques. Comput.  Electr.  Eng. 2022, 102,
108201.

Boutahir, M.K.; Farhaoui, Y.; Azrour, M.
Machine  Learning and Deep Learning

Applications for Solar Radiation Predictions
Review: Morocco as a Case of Study. In Digital
Economy, Business Analytics, and Big Data
Analytics Applications; Springer:
Berlin/Heidelberg, Germany, 2022; pp. 55-67.

S. Asif, Y. Wenhui, S. Jinhai, Q. U. Ain, Y.
Yueyang and H. Jin, "Modeling a Fine-Tuned
Deep Convolutional Neural Network for
Diagnosis of Kidney Diseases from CT Images,"
2022 IEEE International Conference on
Bioinformatics and Biomedicine (BIBM), Las
Vegas, NV, USA, 2022, pp. 2571-2576, doi:
10.1109/BIBM55620.2022.9995615.

88



