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Abstract: Skin cancer particularly melanoma is significant global health concern. Early and accurate detection is
very important for improving patient outcomes. This study conducts an in-depth literature review to identify
commonly used CNN variants, datasets, and key evaluation metrics to assess their performance in classifying
benign and malignant skin lesions. Widely used Convolutional Neural Network (CNN) architectures including
ResNet, EfficientNet, DenseNet, AlexNet, VGG, GoogleNet, LeNet-5, Xception, and MobileNet were implemented.
A comparative analysis is conducted based on metrics such as accuracy, precision, recall, sensitivity, and Fl-score,
highlighting the strengths and limitations of each algorithm. The results demonstrate that VGG-16 emerged as
the best performer with an accuracy of 97%, followed by VGG-19 and Mobilenet-v2 with 88%. Lastly, this paper
highlight the trade-offs between various metrics that provides critical insights for deploying Al-based skin cancer

detection algorithms in clinical practice.

Keywords: artificial intelligence; deep learning; convolutional neural network; melanoma; skin cancer detection

1. Introduction

Skin cancer is a widespread and potentially life-threatening condition that affects millions of
individuals all across the world [1]. Timely and accurate diagnosis is important for effective treatment
and improved patient outcomes [2]. Traditional diagnosis methods often rely on subjective visual
assessment which can be time-consuming, expensive and prone to variability [3]. Moreover, many
regions lack access to skilled dermatologists which usually results in delayed or missed diagnoses.
This can negatively impact patient diagnosis and also increase treatment costs [4].

Cancer emerges when healthy cells undergo abnormal changes that lead to uncontrolled growth
and tumor formation [2]. These tumors can be classified as benign or malignant. Malignant tumors can
grow and spread to other parts of body [5]. Skin cancer detection refers to techniques which are used
to detect cancer using skin lesions. Al has been used to develop various algorithms and techniques
for skin cancer detection that increase accuracy, improve patient diagnostic outcomes and reduce the
burden on healthcare systems|[6].

Although advances in machine learning and deep learning have revolutionized the field of medical
imaging and diagnostics. Since many algorithms have been developed for skin cancer detection, each
employs different techniques of implementation, so it is crucial for industry to know the pros and
cons of these algorithms so that appropriate algorithm can be chosen as per their requirement. Some
popular deep learning algorithms used for skin cancer detection are ResNet, GoogLeNet, VggNet,
Xception, InceptionNet, etc. Evaluating the implementation of these algorithms is a big challenge.
Therefore, we will also identify metrics for evaluation of these algorithms. The most commonly used
metrics for evaluation in the state-of-the-art include Accuracy, Precision, and Recall [7,8].

We aim to evaluate and compare Al-based skin cancer detection algorithms based on key perfor-
mance metrics to identify effective algorithms for clinical use. By assessing these algorithms against
standard metrics, we seek to provide recommendations and highlight trade-offs between various
metrics. This improves diagnostic accuracy, reduces healthcare costs, and makes skin cancer detection
more accessible.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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This study focuses on survey of Al-based skin cancer detection algorithms. An in-depth literature
review will be conducted to explore the state-of-the-art. then commonly used algorithms for Al-based
skin cancer detection will be selected and implemented. Eventually, these algorithms will be evaluated
based on their performance in terms of identified performance metrics. By systematic comparison of
these algorithms, this study will provide recommendations for their practical application in clinical
settings. This will facilitate adoption of Al-driven diagnostic tools to improve patient outcomes.

2. Literature Review

Several techniques are used for classification of skin cancer using skin lesion in state of the
art, one such study proposed a novel approach for melanoma skin cancer detection using a hybrid
feature extractor (HFF) which combines HOG, LBP, SURF, and VGG-19 based CNN techniques in
[2]. Furthermore, they combined a hybrid feature extractor (HFE) and a VGG-19-based convolutional
neural network (CNN) feature extractor for classification. This study used HAM10000 dataset for
evaluation of proposed model. In addition to this, they used accuracy, precision, specificity, and
sensitivity as their performance metrics. The proposed model (HFF+CNN) achieved accuracy of 99.4%.

Another study has done a comparative analysis of different Al-based algorithms [5]. It evaluated
VGG-16, Support Vector Machine (SVM), ResNet50, and self-built sequential models with differing
layers. The results show VGG-16 has achieved highest accuracy at 93.18%.

A hybrid approach with combination of Convolutional Neural Networks (CNN) and Recurrent
Neural Networks (RNN) for skin lesion detection is proposed in [1]. They used HAM10000 dataset for
evaluation. Results of this study show that they achieved a classification accuracy of 94% for CNN
and 97.3% for RNN. Although the combination of CNN and RNN shows good results in enhancing
early skin disease detection, however, there remains a need to compare proposed models with other
popular techniques to assess its overall performance and effectiveness.

An Al-based detection model for melanoma diagnosis has been proposed in [9]. They used
Convolutional Neural Networks (CNN) architectures including AlexNet, MobileNet, ResNet, VGG-16,
and VGG-19 algorithms which were evaluated on dataset from Kaggle that contains 8598 images.
Furthermore, the evaluation metrics used to assess performance of models include accuracy, F1-score,
precision, specificity, F1-score. The results show that MobileNet has achieved the highest accuracy of
84.94%.

A novel Parallel CNN Model using deep learning for skin cancer detection and classification
is proposed in [10]. They used dataset of 25,780 images from Kaggle which has nine classes of skin
cancer. Their results show the proposed model outperforms VGG-16 and VGG-19 models by achieving
precision of 76.17%, recall of 78.15%, and F1-score of 76.92%. However, there remains a need for further
validation on larger and different datasets to ensure robustness of the proposed model.

A novel web application named DUNEScan (Deep Uncertainty Estimation for Skin Cancer) is
presented in [11]. This web application use six CNN models which includes Efficient Net, Inceptionv3,
ResNet50, MobileNetv2, BYOL and SwAV. Moreover, HAM10000 dataset was used to evaluate this
application. Additionally, this web application allows uploading skin lesions then on which it applies
different CNN models to detect cancer.

A deep learning based model to diagnose melanoma is proposed in [12]. Inception-V3 and
InceptionResnet-V2 were used for melanoma detection. The study used HAM10000 dataset for
evaluation of proposed models. Moreover, the study employs enhanced super-resolution generative
adversarial network (ESRGAN) using 10,000 training photos to generate high quality images for the
HAM10000 dataset. Moreover, they concluded that their proposed model outperformed current state-
of-the-art with an effectiveness of 89% for Inception-V3 and 91% for InceptionResnet-V2. However, it
is important to evaluate the models on additional datasets to verify consistency of the results.

A novel method for the automated detection of melanoma lesions via using a deep-learning
technique has been proposed in [13]. They’ve combined faster region-based convolutional neural
networks (RCNN) with fuzzy k-means clustering (FKM)clustering and performance has been evaluated


https://doi.org/10.20944/preprints202412.1198.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 December 2024 d0i:10.20944/preprints202412.1198.v1

3 of 40

on ISBI-2016, ISIC-2017, and PH2 datasets. Moreover, 95.40, 93.1, and 95.6% accuracy has been achieved
on the ISIC-2016, ISIC-2017, and PH2 datasets, respectively which concludes that it outperforms the
current state of the art.

Skin cancer segmentation model using deep learning algorithm called Feature Pyramid Network
(FPN) is proposed in [6] . They used CNN architectures including ResNet34, DenseNet121, and
MobileNet-v2 for segmentation and DenseNet121 is used for classification. Furthermore, dataset they
used for evaluation is HAM10000 consisting of 10,015 images of seven classes. The result shows that
proposed methodology achieved 80% accuracy with ResNet34, 70% with DenseNet121, and 75% with
MobileNetv2 in segmentation, and 80% accuracy in classification.

A hybrid approach using deep learning and classical machine learning techniques is proposed
to detect skin cancer [14]. The dataset consists of 640 skin lesion images from ISIC archive that were
used for evaluation. Their system relied on the prediction of three different methods which include
KNN, SVM and CNN trained and they achieved accuracy of 57.3%, 71.8%, 85.5%, respectively. The
prediction of these 3 methods were then combined using majority voting and it achieved accuracy of
88.4%, which shows that using hybrid approach gives the highest accuracy. However, this study could
have used more skin lesion images as it requires large data to effectively train the model.

Different Al-based methods and models used for skin cancer detection and classification is
evaluated in [7]. This study analyzed 18 papers related to skin cancer detection and classification. It
shows that the popular datasets used in state-of-the-art include HAM10000 and ISIC and the common
metrics include accuracy, sensitivity, and specificity. Additionally, results show that CNNs especially
ResNet has high performance. However, there remains a need to provide a comparative analysis of
algorithms based on different metrics.

An automatic diagnosis of skin cancer using Deep Convolutional Neural Network (DCNN) is
proposed in [15]. They used deep learning with Deep CNN and machine learning with Naive Bayes
and Random Forest. Moreover, International Skin Imaging Collaboration (ISIC) dataset which consist
of 3297 images of benign and malignant has been used in this study to evaluate proposed system.
Their proposed system outperforms state-of-the-art and has achieved accuracy of 99.5%. However,
there remains a need to further test the proposed method with different datasets.

A comprehensive review of deep learning and machine learning models and methods for skin
cancer detection and classification is provided in [16]. This survey covers preprocessing, segmentation,
feature extraction, selection, and classification methods for recognizing skin cancer. Additionally,
this survey shows that CNN outperforms traditional methods in classifying image samples and
segmentation. However, this survey only used accuracy as an evaluation metric.

A hybrid deep learning model by combining VGG-16 and ResNet50 is proposed to classify skin
lesions in [17]. Moreover, they also employed various other deep learning models and machine
learning techniques including Densenet121, VGG-16 SVM, and KNN. They used dataset of 3000
images of nine different classes to evaluate proposed method. The proposed hybrid model achieved a
training accuracy of 98.75%, a validation accuracy of 97.50%, a precision of 97.60%, a recall of 97.55%,
and an F1 score of 97.58%.

The systematic review is provided in [18]. This study explore types of algorithms used to detect
skin cancer, types of optimizers applied to improve accuracy, the popular datasets used in studies, and
the metrics used to validate algorithms. This systematic review shows that widely used datasets are
HAM10000, ISIC, and PH2 datasets. Moreover, the popular evaluation metrics used in studies include
accuracy, precision, recall (sensitivity) and specificity. This study also shows that CNN particularly
Resnet outperforms other algorithms, especially when used in hybrid models.

A methodology to develop an Android application that utilizes MobileNet v2 architecture is
proposed in [19]. They used a diverse dataset of skin lesion images which include both melanoma
and non-melanoma cases to enhance accuracy of skin cancer detection. Their proposed methodology
achieved an accuracy of 91.3%. .
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A deep learning-based methodology for classification of skin cancer lesions is proposed in [20].
They used transfer learning with CNN variants such as InceptionV3, MobileNetV2, and DenseNet201.
Moreover, they used HAM10000 and ISIC 2017 datasets for the evaluation which included a total of
3,297 images of 2 classes i-e, malignant and benign. Additionally, the proposed methodology achieved
accuracy of 95.5%. They also used Grad-CAM visualization which enhances interpretability of the
model’s predictions.

Skin cancer classification method using deep learning and transfer learning using AlexNet
architecture is proposed in [21]. The proposed methodology replaced last layer of AlexNet with a
softmax layer for classification and fine-tuned the network with data augmentation. Moreover, the
proposed model is trained on PH2 dataset which has images of 3 classes i-e melanoma, common nevus,
and atypical nevus. Additionally, the proposed method achieved 98.61%, 98.33%, 98.93% and 97.73%
of accuracy, sensitivity, specificity, and precision respectively.

A novel convolutional neural network (CNN) model to improve skin cancer detection on mobile
platforms is proposed in [22]. They trained CNN from scratch on a balanced dataset using advanced
regularization techniques such as dropout and data augmentation. The model was evaluated using
composite dataset called the PHDB melanoma dataset which consists of high-resolution skin lesion
images. The proposed model achieved an accuracy of 86%.

A novel multiclassification framework for skin cancer detection by using a combination of
Xception and ResNet101 deep learning models (XR101) is proposed in [23]. This methodology use
strengths of both Xception and ResNet101 for feature extraction and classification of various skin cancer
types. They evaluated the proposed algorithm using PH2, DermPK, and HAM10000 datasets. They
also focused on balancing class distributions with the Borderline-SMOTE technique. The proposed
model achieved an accuracy of 98.21%.

Deep learning approach for melanoma skin cancer detection is proposed in [24].They used various
CNN architectures including VGG, ResNet, EfficientNet, and DenseNet. They trained models on
dataset of around 36,000 images from public sources such as SIIM-ISIC and also applied data augmen-
tation. The results show that EfficientNetB7 outperformed by achieving high accuracy, sensitivity, and
AUC of 99.33%, 98.78%, and 99.01%, respectively.

A transfer learning approach using the GoogLeNet architecture for classifying various skin lesions
has been proposed in [25]. Their methodology include preprocessing images and using pretrained
models for classification. Moreover, they trained their proposed model on the ISIC dataset which has
nine types of skin cancer. The proposed model achieved accuracy of 89.93%, precision of 78%, recall of
68%, and F1-score of 73%.

Systematic review of deep learning methods for melanoma classification is presented in [26].
They identified a total of 5112 studies initially and then they selected 55 studies out of 5112 studies.
This study shows that the most commonly used datasets are PH2, ISIC (2016, 2017, 2018) and DermlS.
Furthermore, the algorithms for skin cancer detection that are commonly used include AlexNet,
VGG-16, ResNet, Inception-v3, and DenseNet. In this study, they also highlighted that ensemble deep
learning methods and pre-trained CNN models outperforms. Additionally, this study shows that
ensemble methods that combine models like ResNet and DenseNet have achieved highest classification
accuracy.

A novel deep learning model called SkinNet-16, based on convolutional neural network (CNN)
architecture, is proposed in [27]. Their proposed methodology includes pre-processing pipeline that
has various pre-processing steps such as digital hair removal, background noise reduction and various
filtering techniques such as non-local means de-noising, Gaussian filtering. Moreover, they used
Principal Component Analysis (PCA) for dimensionality reduction. ISIC and HAM10000 datasets were
used for evaluation of SkinNet-16. The Proposed model accuracy of 99.19% in skin cancer detection.

A comprehensive review of deep learning techniques for early detection of skin cancer is pro-
vided in [28]. This study provide overview datasets, data pre-processing techniques, deep learning
approaches and other popular methods used in literature for skin cancer detection. They compared the
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studies that include Convolutional Neural Networks (CNN), Artificial Neural Networks (ANN), and
k-Nearest Neighbors (KNN) for skin cancer detection. Additionally, the study concludes that the most
commonly used datasets include HAM10000, PH2, ISIC archive, DermlS, Dermnet, and DermQuest.

2.1. Performance Evaluation of CNN Architectures Based on Literature Review

Tables 1 and 2 represent performance comparison of various Convolutional Neural Network
(CNN) architectures based on literature reviews. The architectures are evaluated on several metrics,
including accuracy, precision, recall, F1-score, specificity, false positive rate (FPR), false discovery rate
(FDR), false negative rate (FNR), and area under the curve (AUC).

Table 1. Performance Comparison of CNN Architectures

Architecture Accuracy Precision Recall F1-score
VGG-16 90% [29] 91% [29] 90% [29] 90% [29]
VGG-19 97% [30] 86% [31] 85% [31] 80% [31]

ALEXNET 99% [32] 99% [33] 93% [33] 96% [33]
MOBILENET-v2 94% [33] 98% [33] 90% [33] 94% [33]

XCEPTION 93% [29] 89% [29] 93% [29] 93% [29]
LENET-5 89.7% [29] 89.5% [29] 89.5% [29] 89.5% [29]
RESNET 69% [34] 92% [34] 82.3% [34] 90% [35]

DENSENET 89% [36] 90% [37] 88% [37] 88.94% [37]

EFFICIENTNET 98% [38] 86% [38] 86% [38] 85% [38]
GOOGLENET 93% [39] 98% [25] 96% [39] 97% [39]

Table 2. Performance Comparison of CNN Architectures

Architecture Specificity FPR FDR FNR AUC
VGG-16 86.6% [40] 8.7% [41] 47% [41] 50.6% [41] 81% [41]
VGG-19 88% [42] 65.8% [43] 28% [43] 11% [43] 84% [42]

ALEXNET 75.9% [44] 24% [44] 23.6% [44] 9.8% [44] 92% [45]

MOBILENET- 97% [46] 48% [43] 23.5% [43] 16.5% [43] 95% [45]

v2

XCEPTION 44.9% [43] 55% [43] 25% [43] 12% [43] 96%][45]
LENET-5 89% [29] 10.4% [29] 10.3% [29] 10.3% [29] 89% [29]
RESNET 100% [47] 4% [48] 4% [48] 3% [48] 73% [49]

DENSENET 92% [50] 19% [51] 22% [51] 34% [51] 74% [52]

EFFICIENT- 91% [38] 5% [53] 50% [54] 7% [53] 77% [52]

NET
GOOGLENET 100% [32] 22% [51] 33% [51] 28% [51] 92% [55]

3. System Background

This section provides an overview of steps and methods used in Al-based skin cancer detection.
It begins with an overview of image preprocessing techniques which include normalization, aug-
mentation, resizing, and histogram equalization, which enhance the quality of input images. This is
followed by a brief explanation of Convolutional Neural Networks (CNNs) and it’s architectures. We
then discuss key evaluation metrics (including accuracy, precision, recall, specificity, etc.) to assess
the performance of these algorithms. Finally, time complexity of each CNN variant is reviewed to
highlight computational efficiency in real-world applications.

3.1. Image Preprocessing

Image Preprocessing consists of augmentation for artificially expanding datasets, resizing for
maintaining same input dimensions, and normalization for standardizing pixel values.
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3.1.1. Image Normalization

Image normalization is an important image preprocessing step especially for tasks like skin lesion
detection in medical imaging [56]. Normalization standardizes pixel intensity values across images
which improves the model generalization [57]. Moreover, it makes the model more robust to variations
in the input data, which leads to better generalization on unseen data [58]. Various techniques
are used for image normalization which includes Min-Max Normalization, Z-Score Normalization
(Standardization), and Decimal Normalization [59].

Min-Max Normalization

Min-Max normalization rescales pixel values to a fixed range such as [0, 1] or [-1, 1] which ensures
that all pixel values are on same scale. It is given by the equation:

;L A —min (A)
A= (max(A) — min(A)

)-(D—C)—i—C (1)

Where,
A’ is normalized value after applying the Min-Max normalization
A is original value being normalized
min(A)is minimum value of original dataset for the feature
max(A) is maximum value of original dataset for the feature
[C, D] is desired range for the normalized data [59].

Z-score Normalization

Z-score normalization or standardization transforms pixel values to get a mean of 0 and a standard
deviation of 1. It is very useful when pixel intensity values need to be standardized across different
images. This can also reduce the influence of outliers by centering the data. Z-score normalization is
given by the equation[59] :

,_vi—E

%= Std(E) @

Where,

v’ is the Z-score normalized value.

v; is the value of the row E in the ith column.
E is mean value.

std(E) = \/% Y (vi—E)?

Decimal Scaling

Decimal scaling gives the range between -1 and 1. In Decimal scaling the original data is divided
by power of 10, determined by number of digits in the largest absolute value of the data. Decimal
Scaling convert data into a normalized range which ensures that all values are less than 1 in magnitude.
Decimal Scaling is given by the equation [59]:

o= — €)

Where,

o' is the scaled values

v is the range of values

j is the smallest integer such that max(|v;|) < 1
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3.1.2. Image Augmentation

Image augmentation is in computer vision to artificially increase the diversity of a training dataset
by creating modified versions of images [60]. It apply various transformations to original images such
as rotation, flipping, scaling, color adjustments, etc. without chaging the actual underlying content
[61]. Furthermore, it is very important for training deep learning models especially when datasets are
imbalanced as it improves the model’s generalization ability and robustness [62].

It addresses the issue of data scarcity by generating larger and more varied dataset from a limited
number of available images [63]. Additionally, when the classes of datasets are imbalanced, like some
classes are overrepresented while others are underrepresented, augmentation can help mitigate this
difference by generating more data of underrepresented classes [64]. There are many augmentation
techniques based on basic image manipulation, for instance, geometric transformations like rotation,
flipping, translation, cropping, etc.

Translation refers to shifting an image from one position to another in plane, this operation
moves every pixel of the image either in the horizontal, vertical, or both directions . Flipping involves
mirroring an image either horizontally or vertically. Horizontal flipping is commonly used in image
augmentation for tasks like object detection and classification.

Photometric transformations also known as color space transformation are also very important.
Color space represents the range of colors that are shown in an image. Common color spaces include
RGB (Red, Green, Blue), CMYK (Cyan, Magenta, Yellow, Black), and HSV (Hue, Saturation, Value).
Mostly Color spaces are changed to enhance certain features or for tasks like color-based segmentation.
To adjust an image that’s too bright or too dark, we can loop through the image and modify each
pixel’s brightness by adding or subtracting a fixed value. Another easy way to manipulate color is by
isolating the red, green, or blue layers of the image. Additionally, transformation can be applied to
ensure that pixel values don’t go beyond a specific minimum or maximum limit. However, Geometric
and Photometric transformations have disadvantages such as increased memory and training time
[65].

Kernel filters are commonly used to alter images in various ways, such as blurring, sharpening,
or detecting edges [66]. These filters use a small matrix called kernel that slides across the entire image
[65]. Gaussian blur is another technique used in image augmentation. By applying a Gaussian filter,
which gives more weight to pixels closer to the center of the kernel and less weight to those farther
away we can simulate depth or reduce noise in images [67].

It works by applying a Gaussian function to image which smoothes pixel intensities and produce a
blur effect and 2-Dimenstional Gaussian function is the result of product of 2 1-Dimenstional Gaussian
functions. The Gaussian function used for blurring is given by the equation [68]:

1 24y?

e 2 4)

Glxy) = 2702

Where,
G(x,y) is a two-dimensional Gaussian function
(x,y) are coordinates
0 is the standard deviation of the Gaussian distribution.

3.1.3. Image Resizing

Image resizing ensures all images in a dataset have same dimensions which is crucial for batch
processing and consistent input to the model [69]. Since skin lesions may vary in size so it’s important
to resize them. Moreover, Neural networks often expect a fixed size inputs so it is very important
to resize the images [70]. Additionally, Pre-trained models, such as those based on architectures
like ResNet or VGG, are trained on datasets with specific image sizes (such as ImageNet with size
of 224x224 pixels) [71]. There are several methods to resize images, each with different levels of
interpolation. Interpolation is a way to scale images. Furthermore, it works in two directions i-e
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horizontally and vertically and it approximate a pixel’s color and intensity based on surrounding
pixel values [72]. Interpolation techniques are mainly divided into two categories i-e Non-adaptive
techniques and Adaptive techniques , however, we will only discuss a few non-adaptive techniques
below.

Nearest Neighbor Interpolation

In Nearest Neighbor Interpolation, pixel value at a new position is assigned the value of the
nearest pixel in the original image. It is fast but can produce blocky or pixelated results when it
enlarges an image. It is given by the equation [72]:

[0 |x[>05
ulx) = {1 |x| <05 ©)

Where,
u(x) is interpolation kernel for nearest neighbor interpolation
xis distance between interpolated point and grid point.

Bilinear Interpolation
Bilinear Interpolation consider the closest 2x2 pixel neighborhood in the original image and

calculates the weighted average of these four pixels to determine the new pixel value. It provides
smoother results compared to nearest neighbor interpolation. It is given by the equation [72]:

u(x) = {0 x| >1 ”

1- x| |x| <1

Where,
u(x) is Bilinear interpolation’s kernel
x is distance between interpolated point and grid point

Bicubic Interpolation

Bicubic interpolation takes the closest 4x4 pixel neighborhood (total of 16 pixels) and computes
the weighted average using cubic polynomials. It produces smoother and more natural-looking resized
images as compared to bilinear interpolation however, it is computationally more expensive. It is
given by the equation [72]:

3|x®—3x[2+1 0< x| <1
u(x) = =P+ 3x2 —4x[+2 1< |x[ <2 )
0 2 < |«

Where,
u(x) is Bicubic interpolation’s kernel
x is distance between interpolated point and grid point.

Histogram Equalization

Histogram equalization improves contrast of an image. It spread out the most frequent intensity
values and effectively makes the dark areas darker and the light areas lighter which can enhance
the visibility of features in an image. The histogram of an image is a graphical representation of the
distribution of pixel intensities (brightness values). It plots the number of pixels (frequency) for each
intensity level.
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Steps for Histogram equalization:

1. Compute the Histogram. Firstly, calculate the histogram of image, which will give the frequency
of each intensity level in image.

Pr(rk):%, k=0,1,2,...,L—1 (8)

Where,

pr(ry) represents the probability or normalized frequency of each intensity level ry

n is the total number of pixels

ny is number of pixels that have gray level ¢

L is total number of possible gray level.

2. Calculate the Cumulative Distribution Function (CDF). The CDF is computed from the histogram.
The CDF at a particular intensity level is the sum of the histogram values for that intensity and all
previous intensity levels. It gives a mapping from the original intensity levels to new levels based on
the cumulative frequency .

3. Normalize the CDEF. Divide each CDF value by the maximum value of the CDEF. This scaling will
ensure that the normalized CDF values are in the range [0-1].

4. Map the Original Intensities. Replace each pixel’s original intensity with corresponding intensity
in normalized CDF. This mapping effectively redistributes the intensity values, leading to a more
uniform histogram and improved contrast [73]. Histogram equalization is a fundamental tool in image
preprocessing and has many applications including medical imaging, satellite imaging and Object
detection.

3.2. Convolutional Neural Network

Convolutional Neural Network (CNN) is a deep learning model specifically designed for com-
puter vision tasks [74]. It can easily process grid-like data such as images [75]. Moreover, CNNs are
widely used in image recognition, object detection, and other computer vision tasks as they can auto-
matically capture features from images [76]. CNN'’s structure is inspired by human and animal brains
[77]. The main components of a CNN are convolutional layers, pooling layers, and fully connected
layers (see Figure 1) [78].

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

Figure 1. Convolutional Neural Network [79]

Convolutional Layers: Convolutional layers are first building blocks of CNNs where the network
applies filters (also known as kernels) to the input data. It takes an image as its input and then
apply 3x3 or 5x5 filters on it . These filters slide across the input image and multiply its values with
overlapping values of input image, and then it combines all these values to produce a single output
for each overlapping region and it continues this process until the entire image has been processed .
The result of this operation is called a feature map. Moreover, the padding is applied in each layer
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to retain the important information. Additionally, there is a stride which is the number of pixels by
which kernel moves. We can calculate the output volume by using the formula given below [80]:
Wous = W—I—"—i—ZP_’_1
S
Where,

W is size of an input image (W x W x D)

F is number of kernels with a spatial dimension

S is the stride and P is the padding.

Convolutional Neural Network (CNN) uses a filter to detect patterns in an image as shown in
Figure 2. It start with a 6x6 padded image and a 3x3 filter which slides across the image. At each
step, the filter overlaps a region of the image and performs element-wise multiplication, and sums
the result to form one value in the output matrix. For example, when applied to the region (in gray),
filter produces a sum of 7. This process continues across image to generate a 6x6 result matrix which
represent detected features.

Pooling Layers: Pooling Layers are used to reduce the spatial dimensions of the feature maps
(output of convolutional layers) while keeping the most important information. There are two types of
pooling, i-e, max pooling and average pooling. In Max pooling, layers select the maximum value from
a region of feature map where the kernel overlaps and in average pooling, layer takes the average
value from a region of the feature map where the kernel overlaps. This process reduces computational
load. Convolutional layers apply filters to the input images which outputs feature maps, which are
then processed by pooling layers to reduce dimensions while retaining key information.
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Figure 2. Working of CNN [81]

Activation Functions: Activation function is a mathematical formula that introduces non-linearity
into the mode filters. One most common activation function is ReLU (Rectified Linear Unit) that is
applied after each convolutional layer to introduce non-linearity into the model. ReLU sets all negative
values to zero which allow network to learn more complex patterns.

Fully Connected Layers: Fully connected layers are feed-forward neural network that takes flattened
output of the last pooling layer and use it to make predictions [80]. These layers work similarly to
traditional neural networks, where each neuron is connected to every neuron in the previous layer,
combining all learned features to classify the input.
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3.2.1. VGG-16

VGG-16 was developed by Visual Geometry Group (VGG) at the University of Oxford . It was
introduced by Simonyan and Zisserman in 2014. VGG-16 became a benchmark in field of computer
vision since it achieved an accuracy of 92.77% on ImageNet dataset which contains 14 million images
and 1,000 different classes [82].

Vgg-16 consists of 16 weight layers and its structure consists of 13 convolutional layers organized
into five blocks as shown in Figure 3 [83]. Each block has multiple convolutional layers and a max-
pooling layer. Moreover, there are 4096 channels in first two layers, and 1000 channels in the third
layer and represents 1000 different labels categories. The last layer is SoftMax activation function that
outputs the probability distribution over classes typically used with 1000 output units for ImageNet
classification and all hidden layers are followed by relu nonlinear activation function.

224 %224 =3 224 x 224 x 64

56/% 56 X 256
/ 98 % 28 % 512 TxTx512
> 143 14 %512

H;ﬂ'_..m_." 1= 1 %4096 1= ].I>-< “;'nn

tﬁ convolution+Re LU
f l: max pooling
fully connected+Rel.U

softmax

Figure 3. Architecture of VGG-16 [84]

The input image that VGG-16 receives is typically 224 x 224 pixels with 3 color channels, RGB.
When this input image goes through model’s first set of convolutional layers, then the number of
channels increases from 3 to 64. Then, after it passes through a max-pooling layer, the input image’s
width and height are reduced by half making it 112 x 112 pixels from 224 x 224 pixels, it will keep 64
channels though. This pattern continues as the input image moves through vgg-16s network. The
final set of convolutional layers produces an output of 7 x 7 pixels with 512 channels. After this, the
output is passed through three fully connected layers which results in 1 x 1 x 1000, which means
1000 values. These 1000 values are then fed into the SoftMax activation function that normalizes them
into a range between 0 and 1 (with all the values adding up to 1). This process helps determine the
probability that the image belongs to each of the 1000 categories that VGG-16 can classify [85] .

3.2.2. VGG-19

VGG-19 is a convolutional neural network (CNN) architecture developed by the Visual Geometry
Group (VGG) at the University of Oxford. VGG 19 architecture has 3 Fully connected layers, 16
convolution layers, 1 SoftMax layer, and 5 MaxPool layers [82]. Just like Vgg 16, Vgg-19 was also
introduced in 2014 by Simonyan and Zisserma. VGG-19 features 19 weight layers, comprising 16
convolutional layers and 3 fully connected layers. The architecture is similar to VGG-16 but with
increased depth, achieved by adding more convolutional layers to the last three blocks (see Figure 4).


https://doi.org/10.20944/preprints202412.1198.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 December 2024 d0i:10.20944/preprints202412.1198.v1

12 of 40

Each convolutional block in VGG-19 is followed by a max-pooling layer similar to vgg-16, which helps
reduce the spatial dimensions, and the network ends with the same fully connected layers as VGG-16.

Since VGG-19 has additional layers which makes it more powerful as compared to VGG-16.Additional
layers allows model to capture even finer details in data which improves its performance on complex vi-
sual tasks, such as object detection and image segmentation [86]. However, VGG-19 is computationally
more expensive than VGG-16, with approximately 143 million parameters [87].
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Figure 4. Architecture of VGG-19 [88]

3.2.3. AlexNet

AlexNet was developed by Krizhevesky et al in 2012. It won ImageNet Large Scale Visual Recog-
nition Challenge (ILSVRC) in 2012. Before AlexNet, CNN was limited to hand digit recognition tasks
and AlexNet is recognized as the first model that revolutionized image classification and recognition

[75].
Image Input
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Figure 5. Architecture of AlexNet [89]

Moreover, AlexNet introduced several key innovations that contributed to its success. One of
them was the use of the Rectified Linear Unit (ReLU) activation function that significantly sped up
the training process and to prevent overfitting, Alexnet also employed dropout in the fully connected
layers which randomly "drops" neurons during training to encourage the network to learn more robust
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features. Another innovation was the use of overlapping max-pooling which enhanced the richness of
features and AlexNet also makes use of GPUs for computing acceleration [90].

The architecture of AlexNet has eight layers with five convolutional layers followed by three
fully connected layers [91] (see Figure 5). The first convolutional layer uses 96 filters of size 11x11
with a stride of 4, applied to the input image, and is followed by a max-pooling layer. The second
convolutional layer applies to 256 filters of size 5x5 and also includes max-pooling. The third, fourth,
and fifth convolutional layers use 384, 384, and 256 filters, respectively, with only the fifth layer
followed by max-pooling. These convolutional layers are designed to extract increasingly complex
features from the input image, while the max-pooling layers reduce the spatial dimensions, helping to
control the number of parameters and computational load. Additionally, there are 4096 neurons in
each fully connected layer [91]. Following the convolutional layers, the output is flattened and passed
through three fully connected layers. The final fully connected layer has 1000 neurons, corresponding
to the 1000 classes in the ImageNet dataset and finally, the output of this last layer is processed through
a softmax function to produce the class probabilities [92].

3.2.4. LeNet-5

LeNet-5 is one of the earliest Convolutional Neural Networks (CNNs) developed by Yann LeCun
in 1998 [93]. It was specifically designed for handwritten digit recognition, such as the digits used in
the MNIST dataset [94]. The architecture of LeNet-5 is relatively simple by modern standards and is
very famous as it was the first CNN. LeNet-5 is a feed forward neural network and consists of seven
layers with two convolutional layers, two pooling layers, and three fully connected layers [90] (as
shown in Figure 6). The input to the network is a 32x32 grayscale image.

C1
62828
Input S1 C2
32%32 16%10%10
Bx14%14 1652*5 C3 F1 Output
—_— T 120 84 10
—
——
: Full-Connection
‘ Subsampling
. . Convolutions  2%2
Convolutions Subsampling 16 5%5 Convolutions
6 5%5 2%2 120 5%5

Figure 6. Architecture of LeNet-5 [95]

The first layer is a convolutional layer (C1) that consist of six 5x5 filters that produce six feature
maps of size 28x28. This layer captures low-level features such as edges and simple shapes. Next layer
is subsampling (S2) or average pooling layer that reduce dimensions of feature maps to 14x14 by uisng
a 2x2 filter with a stride of 2. This step reduces computational complexity and ensures network is
more invariant to small translations of input. Following this, another convolutional layer (C3) which
has sixteen 5x5 filters is applied that generates sixteen 10x10 feature maps. Unlike first convolutional
layer, this layer doesn’t connect every input map to every output map, instead it use specific pattern
of connections that reduces the number of parameters and introduces some degree of specialization
among feature maps.

The next layer is another subsampling (54) layer, which further reduces the feature maps to 5x5.
After this, a third convolutional layer (C5) with 120 5x5 filters is applied, but since the input size to
this layer matches the filter size, the output is a set of 120 1x1 feature maps, effectively functioning as
fully connected layers. The final layers include a fully connected layer (F6) with 84 neurons, which is
connected to the output layer that has ten neurons—one for each digit class in the MNIST dataset. The
activation function used throughout LeNet-5 is sigmoid or hyperbolic tangent (tanh) [93].
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3.2.5. GoogleNet

Googlenet also known as Inception v1 and it was introduced by Google in 2014 [96]. The main
goal was to achieve highest accuracy with less computational cost. Additionally, it won the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC) in 2014. The architecture of GoogLeNet is 22 layers
deep (or 27 layers if pooling is included) [97]. Its innovative use of the Inception module, which allows
the network to capture complex features at multiple scales with reduced computational cost [75] (see
Figure 7).

The Inception module is main building block of GoogLeNet [98]. It was designed to address the
issue of choosing optimal filter size at each layer. Instead of selecting single filter size, the Inception
module applies multiple filters (1x1, 3x3, and 5x5) as well as a 3x3 max-pooling operation in parallel to
input. Then the outputs from these operations are concatenated along depth dimension which results
in rich feature representation that captures both local and global features at the same time. The 1x1
convolutions within the module serve two purposes i-e they help reduce the dimensionality of the
data, thereby lowering the computational complexity, and they also enable network to learn more
intricate patterns by combining multiple feature maps [97].

The overall architecture of GoogleNet begins with convolutional and max-pooling layers to
process input, which is typically 224x224 pixels. The initial layers apply a 7x7 convolution followed
by max-pooling, then a series of 1x1 and 3x3 convolutions to further refine feature maps. After these
preliminary layers, the network transitions into main body, which consists of 9 stacked Inception
modules. These modules are grouped into three sections each progressively increasing in complexity.
This modular design allows network to capture increasingly abstract representations of the input as it
moves deeper into the network.

[

lea]
9]

30 h
30
3

To address vanishing gradient problem, GoogLeNet includes two auxiliary classifiers which are
connected to intermediate layers [100]. These auxiliary classifiers act as additional sources of gradient
flow during training which can help network converge more effectively.
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Figure 7. Architecture of GoogleNet [99]

Rather than using fully connected layers as we have seen in earlier CNN architectures, GoogLeNet
use a global average pooling layer before the final output [101]. This layer averages spatial dimensions
of feature maps which produce a compact 1x1 feature vector for each class, which is then fed into a
softmax layer to generate final classification probabilities. This approach significantly reduces the
number of parameters that make GoogLeNet more efficient in terms of both memory and computation.
Moreover, GoogleNet has approximately 5 million parameters [102]. GoogLeNet show that deep
networks can achieve high performance without being overly resource intensive.

3.3. ResNet

ResNet stands for Residual Network, was introduced by He et al in 2015 [103] . ResNet employed
residual learning that can handle the vanishing gradient problem [104]. This problem occurs when
gradients become too small during back-propagation which makes it difficult to update the weights
effectively in very deep networks. In a traditional neural network, each layer learns a function that
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directly maps input to output. However, as networks grow deeper, it becomes difficult to optimize
this mapping. ResNet addresses this by introducing residual blocks that allow each layer to learn
the residual or difference between the input and the desired output, rather than directly learning
the output [105]. This skip connection helps preserve the flow of gradients during backpropagation,
making it feasible to train very deep networks without encountering the vanishing gradient problem.
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Figure 8. Architecture of ResNet [106]

The architecture typically starts with a conventional convolutional layer, followed by a series of
residual blocks grouped into stage where each stage is responsible for learning features at different
levels of abstraction. In a residual block the input x is passed through two weight layers, each followed
by a ReLU activation function, producing an output F(x). This output F(x) is then added to the
original input x .The combined result F(x) + x is then passed through another ReLU activation as
shown in Figure 9 .

identity

Figure 9. Residual blocks [106]

Residual block use skip connection. The identity shortcut directly pass input to output, while
convolutional shortcut involves a 1x1 convolution operation. This approach allows ResNet to handle
cases where input and output have different dimensions which ensures shortcut connections are
valid. Additionally, ResNet blocks often include batch normalization and ReLU (Rectified Linear
Unit) activation functions, which further stabilize training and improve the network’s ability to learn
complex patterns (see Figure 8 ).

Another significant aspect of ResNet is its bottleneck design in deeper variants like ResNet-50,
ResNet-101, and ResNet-152 [107]. In these architectures, each residual block contains three layers in-
stead of standard two, i-e a 1x1 convolution layer that reduces the number of channels (dimensionality
reduction), followed by a 3x3 convolution layer that processes the reduced representation, and finally
another 1x1 convolution layer that restores the original number of channels. This bottleneck structure
reduces computational load and memory usage.

At the end of network, ResNet typically use global average pooling layer, similar to GoogLeNet,
to reduce the spatial dimensions of the final feature maps before feeding them into a fully connected
layer that produces the output classification. The global average pooling layer helps to minimize
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number of parameters and avoid overfitting while also ensuring that network remains computationally
efficient.

ResNet architectures come in various depths such as Resnet-50,101 and 152. However, Resnet-
152, which has 152 layers, won the 2015-ILSVRC competition. The performance of ResNet in image
recognition tasks highlights the crucial role of representational depth in a wide range of visual
recognition tasks [75].

3.3.1. MobileNet

MobileNet’s main goal was to provide an efficient, lightweight model suitable for mobile and
embedded devices, where computational resources are limited. Moreover, MobileNet introduces depth-
wise separable convolutions ,= a technique that can reduce number of parameters and computational
complexity which make it good for environments with restricted computational power [108].

In a standard convolutional layer, each filter is applied to all input channels, and then the results
are combined to produce the output feature map. This process is computationally expensive, especially
as the number of filters and input channels increases. MobileNet addresses this inefficiency by breaking
the standard convolution operation into two simpler and more efficient operations, i-e depthwise
convolution and pointwise convolution [109]. In depthwise convolution, a single convolutional filter
is applied independently to each input channel, rather than across all channels. This step reduces the
number of computations significantly because each filter only needs to process one channel at a time.
Architecture of Mobilenet is shown in Figure 10.

Following the depthwise convolution, MobileNet uses a pointwise convolution, which is es-
sentially a 1x1 convolution applied across all channels [108]. The pointwise convolution combines
the outputs from the depthwise convolution and allows the network to mix the information across
channels. By separating the spatial and channel-wise operations, MobileNet dramatically cuts down
the number of parameters and floating-point operations (FLOPs) required, without a significant loss in
accuracy.

The original MobileNet architecture, often referred to as MobileNetV1, is composed of a series
of these depthwise separable convolutions, organized in blocks that allow the network to learn
increasingly complex features at each layer. MobileNetV1 also introduces a couple of hyperparameters
i-e width multiplier and resolution multiplier that allow users to tradeoff between model size, speed,
and accuracy [110]. The width multiplier reduces the number of channels in each layer, effectively
thinning the network, while the resolution multiplier reduces the input image size, making the model
faster and lighter at the expense of some accuracy.
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Figure 10. Architecture of MobileNet [111]
Building on the success of MobileNetV1, MobileNetV2 introduced several enhancements, in-

cluding the inverted residual block with linear bottlenecks. The inverted residual block begins with
a pointwise convolution to expand the number of channels, then applies a depthwise convolution,
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and finally uses another pointwise convolution to reduce the number of channels back to the original
count . The use of linear bottlenecks at the end of these blocks prevents the loss of information during
dimensionality reduction, which can occur with non-linear activations like ReLU . This structure
maintains efficiency and improves the performance of the model.

MobileNetV3 further refines the architecture by incorporating advances like the swish activation
function and squeeze-and-excitation (SE) modules. These SE modules adaptively recalibrate the
channel-wise feature responses, enhancing the representational power of the network. MobileNetV3
use NAS (Neural Architecture Search) to automatically discover and optimize the model architecture,
striking a better balance between latency and accuracy across a range of mobile devices [90].

3.3.2. Xception

Xception stands for “Extreme Inception” is a deep Convolutional Neural Network (CNN) archi-
tecture proposed by Frangois Chollet in 2017 as an extension and improvement of the Inception model
family. The core idea behind Xception is to replace the Inception modules with depthwise separable
convolutions [75]. Depthwise separable convolutions significantly enhances both the computational
efficiency and the representational power of the network.

3x%3 max pool, (2

3x3 max pool, /2
3x3 scony, 256
3x3 max pool, /2
3x3 sconv, 728

3x3 sconv, 128

224 x 224 RGB Image
3x3 convy, 32 (2
3x3 conv, 64
Filter Concat
Filter Concat
Filter Concat

|1x1 conv, 256| 3x3 sconv, 256‘

‘1){1 conv, 128| ‘3):3 sconv, 128‘

‘ 11 conv, 728 || 3x3 sconv, 728 ‘

3x3 max pool, /2

3x3 sconv, 728
3x3 scony, 728
3x3 sconv, 728

3x3 sconv, 728

Filter Concat
3x3 scony, 1538
3x3 sconv, 2048

global afg pool

‘1:{1 conv, 1024 H 3x3 sconv, 1024 ‘

Figure 11. Architecture of Xception [112]

The architecture of Xception is based on principle of depthwise separable convolutions which
decompose standard convolution operation into two separate steps i-e depthwise convolution and
pointwise convolution [113] . In a depthwise convolution, a single filter is applied to each input
channel independently, rather than applying multiple filters across all channels simultaneously. This
step captures spatial relationships within each channel without mixing channels. Following this,
a pointwise convolution (a 1x1 convolution) is applied across all channels to combine the features
learned in the depthwise step [75]. This separation of spatial and cross-channel convolutions reduces
the computational complexity significantly while allowing the network to learn more nuanced and
fine-grained features.

The Xception architecture consists of 36 convolutional layers organized into 14 modules, with
each module containing one or more depthwise separable convolution layers [114] (see Figure 11).

Xception uses residual connections inspired by the ResNet architecture [101]. In Xception, residual
connections are employed across most modules to allow for more efficient gradient flow and to mitigate


https://doi.org/10.20944/preprints202412.1198.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 December 2024 d0i:10.20944/preprints202412.1198.v1

18 of 40

the vanishing gradient problem. These connections help the network maintain high accuracy even
as the number of layers increases, enabling the training of deeper networks without significant
degradation in performance.

In the final stages of the architecture, Xception employs global average pooling instead of fully
connected layers [115]. This layer averages each feature map into a single value which drastically
reduces the number of parameters and prevents overfitting. The output from this layer is then fed into
a softmax classifier to produce the final predictions.

3.3.3. DenseNet

DenseNet stands for Dense Convolutional Network and was introduced by Gao, et al. in 2017 The
main idea behind DenseNet is its unique connectivity pattern where each layer is directly connected
to every other layer in a feed-forward manner to improve information flow between layers . In
a DenseNet, each layer receives inputs from all preceding layers and passes on its output to all
subsequent layers [116] (as shown in Figure 12). This is achieved by concatenating feature maps from
previous layers, rather than summing them up as done in traditional residual networks like ResNet.
As a result, the input to any given layer includes not only the raw input data but also feature maps
from all of the preceding layers that provide network with a rich set of features at each stage . This
dense connectivity allows more efficient flow of information and gradients throughout network.

The structure of DenseNet is organized into blocks known as Dense Blocks. Within each dense
block, every layer is connected to every other layer that forms a highly interconnected network.
Between these dense blocks, transition layers are used to control complexity of model by reducing the
size of the feature maps through a combination of convolution and pooling operations .
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Figure 12. Architecture of DenseNet [117]

DenseNet has better parameter efficiency as compared to Resnet . Despite the dense connections,
DenseNet requires fewer parameters. For instance, there are 15.3 M parameters in 250-layer Densenet
model. DenseNet also benefits from improved feature reuse because of input concatenation, the
feature-maps learned by any of the DenseNet layers is accessible to all subsequent layers [116].

DenseNet is available in several variants, such as DenseNet-121, DenseNet-169, DenseNet-201,
and DenseNet-264, which differ primarily in the number of layers and the depth of the dense blocks.

3.3.4. EfficientNet

EfficientNet is introduced by Google in 2019 [118]. It is designed to achieve state-of-the-art
performance on image classification tasks while being more computationally efficient than previous
architectures [119]. The key innovation behind EfficientNet is the development of a compound scaling
method to balance the depth, width, and resolution of model systematically and efficiently [120]. This
approach allows EfficientNet to scale up the model to achieve higher accuracy while maintaining a
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lower computational cost compared to traditional methods that scale only one dimension at a time,
such as depth or width alone.

EfficientNet begins with EfficientNet-B0 that is a relatively small and simple model trained using
techniques like neural architecture search (NAS) which is a technique for automating the design of
neural network [118]. The real power of EfficientNet comes from its scaling strategy. The authors
of EfficientNet introduced a compound scaling method that uniformly scales all dimensions of the
network including depth (the number of layers), width (the number of channels in each layer), and
resolution (the input image size) [121]. Compound scaling applies a carefully balanced scaling factor to
all three dimensions simultaneously, ensuring that the network grows in a balanced and optimized way.
This method allows EfficientNet to maintain high accuracy while using significantly fewer parameters
and FLOPs (floating point operations) than previous state-of-the-art models. Furthermore, it utilizes
Squeeze-and-Excitation Networks that improve channel interdependencies [118]. Architecture of
EfficientNet is shown in Figure 13 .
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Figure 13. Architecture of EfficientNet [122]

The architecture of EfficientNet is built upon MobileNetV2’s inverted residual blocks [118]. These
blocks consist of an expansion phase, a depthwise convolution, and a projection phase, which helps
the network learn more complex features without a significant increase in computational cost.

EfficientNet-B0, the smallest model in the EfficientNet family, starts with a 224x224 input image
size and uses these inverted residual blocks throughout its architecture. As you move up the Efficient-
Net family from BO to B7, the models become progressively larger, and use higher input resolutions,
more channels, and deeper networks, all according to the compound scaling formula. One of the most
impressive features of EfficientNet is its scalability across a wide range of model sizes. The smallest
model, EfficientNet-B0, has only 5.3 million parameters [123].

3.4. Evaluation Metrics

Evaluation metrics give a quantitative mean to see how well a model performs [124]. They
also help with comparison of different models to determine the most effective one for a certain
task. Additionally, evaluation metrics are derived from confusion matrix [125]. Confusion matrix
summarizes the performance of a model by comparing predicted labels to actual labels. The key
components of confusion matrix are True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN) . We have discussed all of these in details below.

True Positive: True positive is when both prediction and actual values are correct or we can say
when the model’s prediction matches the actual values . For instance, correctly identifying a malignant
case as malignant.

True Negative: When both prediction and actual values are same such as correctly identifying a
benign case as benign, it is considered a true negative.

False Positive: False positive is when a model prediction is yes but actual value is no such as model
predicts a benign caseas malignant (Type I error).

False Negative: False positive is when a model prediction is no but actual value is yes such as
model predicts a malignant case as benign (Type II error) [126].
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The key performance metrics that we used to evaluate CNN architectures are discussed below. It
includes Accuracy, Precision, Recall, Specificity, F1-Score, False Positive Rate (FPR), False Negative
Rate (FNR), False Discovery Rate (FDR), Area Under the Curve (AUC), and Time Complexity.

3.4.1. Accuracy

Accuracy measures overall correctness of model. It is calculated as number of all correct pre-
dictions (both benign and malignant) divided by total number of the dataset . Accuracy is given by

equation [126]:
TP + TN
Accuracy = *
TP + TN + FP + FN

©)

Where,
TP is True Positive, FP is False Positive, FN is False Negative, and TN is True Negative.

3.4.2. Precision

Precision focuse on quality of positive predictions (malignant cases). It answers the question,
"Out of all predicted malignant cases, how many were actually malignant?". It is calculated as amount
of True positive divided by predicted. It is given by the equation [126]:

TP

Precision = TP+ FP

(10)
Where,
TP is True Positive and FP is False Positive.

3.4.3. Recall (Sensitivity or True Positive Rate)

Recall measures the ability of model to identify all actual malignant cases. It answers “Out of all
actual malignant cases, how many did the model correctly predict?". It is calculated as an amount of
True positive divided by actual yes . It is given by the equation [126]:

TP

Recall = — —
AT TP EN

(11)

Where,
TP is True Positive and FN is False Negative.

3.4.4. Specificity

Specificity is how correctly model predicts the benign cases (true negative rate) . It answers the
question, "Out of all actual benign cases, how many were correctly identified?". It is given by the
equation [127]:

TN

TN+ FP (12)

Specificity =

Where,
FP is False Positive and TN is True Negative.

3.4.5. Fl-score

The F1-Score is the harmonic mean of precision and recall. It is a balance between precision and
recall. F1-Score is very useful when we have uneven class distribution. It is given by the equation

[128]:

Precision x Recall
F1 =2 1
score % Precision + Recall (13)

or
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TP % TP
TP+FP TP+FN

F1 score = 2 %
( TP ) ( TP )
TP+FP TP+FN

Where,
TP is True Positive, FP is False Positive, FN is False Negative, and TN is True Negative.

3.4.6. False Positive Rate (FPR)

FPR measures the proportion of benign cases that were incorrectly classified as malignant. It is
also known as probability of a Type I error and is important in understanding the model’s performance
in distinguishing between benign and malignant cases. FPR can be calculated by the equation [129]:

FP

False Positive Rate (FPR) = FPLTN

(14)
Where,
FP is False Positive and TN is True Negative.

3.4.7. False Negative Rate (FNR)

FNR represents the proportion of malignant cases that were incorrectly classified as benign, also
called probability of Type II error [130]. ENR is given by the equation [129]:

FN

False Negative Rate (FNR) = NG TP

(15)

Where,
TP is True Positive and FN is False Negative.

3.4.8. False discovery Rate (FDR)

FDR measures the proportion of incorrect predictions such as malignant cases that were actually
benign [131]. A high FDR indicates that the model has a high number of false positives. FDR is given

as [132]:
FpP

FP+TP (16)

False Negative Rate (FNR) =

Where,
TP is True Positive and FP is False Positive.

3.4.9. Area under the curve (AUC)

The AUC is derived from the Receiver Operating Characteristic (ROC) curve [127]. It plots True
Positive Rate (Sensitivity) against False Positive Rate at various threshold levels [133]. AUC value of 1
shows perfect classification while a value of 0.5 indicates random guessing [134].

3.5. Time Complexity

Time complexity specifically refers to the amount of computational time an algorithm takes to
complete as the size of the input data grows. It is often expressed using Big O notation (e.g., O(n),
O(log n)). Moreover, it is an important factor in determining efficiency of machine learning models.

Time Complexity of CNN is given by the equation [135]:

D
TC:O(ZM%K?-CFl -c) (17)
i=1

Where,
D is number of convolution layers of the neural network
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i is the ith convolution layer of the neural network
M denotes the side length of the output characteristic graph of each convolution kernel
K is side length of each convolution kernel
C; is output channel of the ith convolution layer of the neural network.
Time complexity of VGG-16 is given by the equation [136]:
222 & 2
TC:O ; 1Ml-kl-Cl_1-C1+‘1C]‘,1-M]'~m]‘ (18)
= ]:

Where,
D is number of all convolutional layers of neural network
1 is first convolutional layer of the neural network
C; is number of output channels Coy; of the Ith convolutional layer
Dpc is number of fully connected layers
m;j is number of features to be output in that layer.
Time complexity of VGG-19 is given by the equation [137]:

d

TC:O (Z n_1-s7 -1 m%) (19)
=1

Where,

1 is subscript of convolutional layer

d is number of convolutional layers

n; is number of convolution kernels in the 1th network

n;_1 is number of input channels in the Ith network

s; is size of a convolution kernel

m is the size of the output feature map.

Time complexity of AlexNet is given by the equation [138]:

n
TC: O (Z yjlx]zyjzjz> (20)
j=1

Where,
n represents number of convolutional layers
Yj—1 is number of input channels of the jth layer
y; is number of filters of the jth layer
x; is spatial size of the filters
zj denotes size of output feature map.
Time complexity of Mobilenet-v2 is given by the equation [139]:

L M N

Nop =YY Y F(ijk) (21)

i=1j=1k=1
Where,
L is number of layers and M is number of output feature maps in each layer
N is number of input feature maps in each layer

F(i, ], k) is the number of operations performed.
The total number of operations is given by the following equation:

Niot = Nop x D (22)
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Where,
D is the number of images in the dataset. The computational complexity is given by the following

equation:

TC : N;"t (23)

Where,
F is the number of floating-point operations per second.
Time complexity of Xception is given by the equation [135]:

D
TC: o<2 M?-K?-Ci g +M?- G- cl-> (24)
i=1
Where,
D is number of convolution layers of the neural network
i is the ith convolution layer of the neural network
Mdenotes the side length of the output characteristic graph of each convolution kernel
K is the side length of each convolution kernel
C; represents the output channel of the ith convolution layer of the neural network.
Time complexity of ResNet is given by the equation [140]:
L L
Tc:o< Neam—1) Y ((1+InP)* - HY - N, - Niye ) + 2( . -Ngut)> (25)
=1 I=1
Where,
Npam is the number of target symbols.
L represents the number of convolution layers in the i-th residual block (res-block).
H, I'is a characteristic of the convolution layer (e.g., kernel size).
N ! and N! . denote the input and output sizes of the I-th layer in the residual block.

out

H! , refers to the output characteristic at the I-th layer (e.g., height or dimensionality of the
output).
Time complexity of GoogleNet is given by the equation [141]:

1.5 x 101 (26)

Computational complexity can be given by Floating Point Operations Per Second (FLOPs). FLOPs
indicates how many floating-point calculations a system can perform per second.

Time complexity of EfficientNet is given by the equation: FLOPs(Floating Point Operations Per
Second) of EfficientNet are only 22.34 Million [142].

Time complexity of DenseNet is given by the equation [143]:

TC : O(D3.H.W.F1.F2.T) 27)

Where,
F1 is input feature map channel
H, Wandchannel F2 be dimensions of output feature map
T is map temporal dimension stacking
D is convolutional kernel size .
Time complexity of Lenet-5 is given by the equation [144]:

TC : ~o[(1-32 32 Nr NT>+<32~32 64 - AR NT)] o« O(Ng - N7) (28)

2 2 4 4

Wl
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Where,
Nr is the number of transmit antennas at the transmitter
Np is the number of receive antennas at the receiver.

4. Methodology

The following methodology outlines systematic approach used to conduct this research. It
involves data collection, image preprocessing, algorithm selection, algorithm implementation, perfor-
mance evaluation, and providing recommendations based on our findings. We started our research
with a comprehensive literature review to explore state-of-the-art. Moreover, we selected commonly
used algorithms, datasets, and evaluation metrics. Then we implemented selected algorithms and
assessed their performance on the basis of key performance metrics. Lastly, we provided comparative
analysis and highlighted the trade-offs between various performance metrics.

Firstly, we conducted an in-depth literature review to identify commonly used datasets for
skin cancer detection and classification. The most commonly used datasets in state-of-the-art are
HAM10000, the dataset from ISIC archive, and PH2 [18]. We’ve summarized these datasets in Table 3.

[H]

Figure 14. Benign and Malignant images from ISIC archive

HAM10000. The HAM10000 (Human Against Machine) dataset is one of the largest and most
used datasets for skin lesions classification [145]. It contains 11,720 images and sourced from Inter-
national Skin Imaging Collaboration (ISIC) archive . Additionally, it’s created to facilitate training of
machine learning and deep learning models in diagnosing skin cancer. This dataset include seven
different classes of skin lesions which are Actinic Keratosis, Basal Cell Carcinoma , Benign Keratosis,
Dermatofibroma , Melanoma , Melanocytic nevus and Vascular lesion [146]. The dataset is publicly
available through the ISIC (International Skin Imaging Collaboration) Archive.

ISIC-2017. The ISIC 2017 dataset was developed for 2017 ISIC Challenge. It was developed for
image analysis tools that can automatically diagnose melanoma from skin lesions [147]. ISIC 2017
dataset consists of 2750 skin cancer images with 2000 images for training datasets, 150 images for test
datasets, and 600 images for validation datasets . Additionally, the size range for ISIC-2017 is 540 x
722 x 3 to 4499 x 6748 x 3 pixels [148].

ISIC-2018. The ISIC 2018 dataset was developed for 2018 ISIC Challenge. This dataset has more
images as compared to ISIC 2017 dataset. It consists of 11527 images with 10,015 images for training
and 1512 images for testing dataset. Moreover, ISIC 2018 consists of 7 different classes of skin lesions
including Melanoma (MEL), Nevi (NV), Basal cell carcinoma (BCC), Actinic keratosis / Bowens disease
(intraepithelial carcinoma) (AKIEC), Benign keratosis (BKL), Der- matofibroma (DF) and Vascular
(VASC) [149].

PH2. The PH2 dataset is significantly smaller compared to other datasets listed above. It is
collected from the Hospital Pedro Hispano in Portugal and it consists of only 200 images. Each image
has a size of 768 x 560 pixels . It has 3 different types of skin lesions including Atypical Nevus,
Common Nevus and Melanoma . Additionally, it includes 80 images of atypical nevi, 80 images of
common nevi, and 40 images of melanoma cases [150].
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Table 3. Datasets commonly used in literature for Al-based skin cancer detection

Ref Dataset Source No. of Images

[18] HAM10000 ISIC ARCHIVE 11,720

[13] ISIC-2017 ISIC ARCHIVE 2750

[8] ISIC-2018 ISIC ARCHIVE 11527

[18] PH2 Hospital Pedro 200

Hispano, Portugal

For this study, we used a dataset from Kaggle, which is from ISIC archive. It consists of 3297 skin
lesion images with a resolution of 224 x 224 pixels. Additionally, the dataset consists of two classes i-e
benign and malignant. The benign class has 1440 training images and 360 testing images while the
malignant class has 1197 training images and 300 testing images.

Table 4. Dataset

Benign Malignant
Training Dataset 1440 1197
Testing Dataset 360 300
Total 1800 1497

The image preprocessing stage consist of several steps to ensure dataset is ready for model’s
training:

Resizing. Dataset is resized to uniform dimensions. It ensures consistency across the dataset.
Moreover, it is useful to meet the input requirements of various CNN architectures.

Normalization. Pixel values will be normalized to a standard range (e.g., 0-1). It improves the
convergence of the neural networks during training.

Augmentation. Data augmentation techniques such as rotation, flipping, and zooming are applied
to increase diversity of training set. It helps prevent overfitting. Moreover, data augmentation enhances
the model’s generalization by exposing it to various transformations of images.

The commonly used CNN architectures for skin cancer detection and classification were selected.
The selected algorithms for our study include DenseNet, AlexNet, VGG-16, VGG-19, MobileNet,
Xception, EfficientNet, LeNet-5, ResNet and GoogLeNet. These models are chosen for their proven
track record in image classification tasks.

The selected algorithms were implemented in Python with TensorFlow and Keras libraries. We
used Google Collab for the implementation of the selected algorithms. Goggle Collab is a cloud-based
platform that provides free access to GPUs which accelerates the training process. The results of
implemented algorithms are given in Table 5 and 6.

Additionally, we conducted an in-depth literature review to find the key performance metrics
used to assess performance of algorithms in medical image analysis. The most commonly used metrics
include accuracy, precision, recall, F1-score and specificity [7] - [18]. In addition to this, Specificity, False
Positive Rate (FPR), False Negative Rate (FNR), False Discovery Rate (FDR), Area Under the Curve
(AUC), and Time Complexity are also used in literature to evaluate the performance of algorithms.
Therefore, we used these key performance metrics to assess the performance of selected algorithms.

After implementing the selected algorithms their performance is evaluated based on identified
metrics. Furthermore, a detailed comparative analysis of implemented algorithms based on identified
key metrics is provided.
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Figure 15. Proposed Approach Schematic

5. Results & Discussion

A detailed comparison of Convolutional Neural Network (CNN) architectures that we have
implemented is given below. The Tables 5 and 6 show the performance of these architectures across
several key metrics that include accuracy, precision, recall, F1-score, specificity, False Positive Rate
(FPR), False Negative Rate (FNR), False Discovery Rate (FDR), and the Area Under the Curve (AUC).

Table 5. Performance Comparison of CNN Architectures

Architectures Accuracy Precision Recall F1-score
VGG-16 97% 87% 87% 87%
VGG-19 88% 87% 88% 87%

ALEXNET 87% 87% 87% 87%
MOBILENET-v2 88% 88% 88% 88%
XCEPTION 82% 82% 81% 81%
LENET-5 51% 50% 50% 49%
RESNET 77% 78% 77% 76%
DENSENET 81% 82% 80% 81%
EFFICIENTNET 55% 27% 50% 35%

GOOGLENET 82% 82% 82% 82%
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Table 6. Performance Comparison of CNN Architectures
Architectures Specificity FPR FNR FDR AUC
VGG-16 87% 13% 13% 15% 87%
VGG-19 88% 12% 13% 14% 88%
ALEXNET 84% 16% 10% 18% 87%
MOBILENET- 87% 13% 10% 10% 88%
v2
XCEPTION 88% 12% 26% 16% 81%
LENET-5 63% 37% 64% 55% 50%
RESNET 68% 33% 13% 31% 77%
DENSENET 90% 10% 29% 15% 80%
EFFICIENTNET 100% 0% 100% 0% 50%
GOOGLENET 86% 14% 23% 17% 82%
0
00F 970 Accuracy (%)

VGG-16 achieved highest accuracy of 97%, followed by VGG-19 with 88%, and MobileNet-V2
with 88% as shown in Table 16. These results show that VGG-16 is the most reliable in terms of making
correct predictions. Other CNN architrectures such as GoogLeNet and Xception also performed well
with an accuracy of 82%. However, models like Lenet-5 and EfficientNet show poor performance as

88%

& &
ST
& 4

Figure 16. Accuracy of CNN models

they achieved accuracy of only 51% and 55%, respectively.
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Figure 17. Precision of CNN models

As shown in Figure 17, MobileNet-V2 achieved highest precision of 88%, closely followed by
VGG-16, VGG-19 and Alexnet. VGG-16, VGG-19 and Alexnet performed equally well by achieving
precision of 87%. These models show consistent precision which indicates that they can be trusted to
avoid false positives. However, EfficientNet had a precision score of only 27% which shows that it is
highly unreliable. Lenet-5 also performed poorly as it achieved precision of only 50%.
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Figure 18. Recall of CNN models

As shown in Figure 18, VGG-16 again had the best recall score of 87%, followed closely by
MobileNet-V2 and VGG-19 with recall of 88% and 87% respectively. GoogLeNet and Xception also
performed well with 82% recall each. However, Lenet-5 and EfficientNet performed poorly as they
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achieve only 50% recall which indicates that they have failed to detect a huge portion of malignant
cases which may result in missed diagnoses in real-world applications.

F1-score(%)
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Figure 19. F1-Score of CNN models

Furthermore, MobileNet-V2 stands out with highest F1-score of 88% as you can see in Figure 19.
It shows MobileNet-V2’s balanced performance in both precision and recall. VGG-16 and VGG-19
follow closely, both have achieved an F1-score of 87% each. EfficientNet with its F1-score of just 35%
show poor performance as compared to other architectures. It also shows that it does not perform well
in both precision and recall. Lenet-5 also performed poorly here with only 50%.
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Figure 20. Specificity of CNN models
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As you can see Figure 20, Densenet has achieved specificity of 90%, followed by VGG-19 at
88%, and VGG-16 at 87%. This shows that these algorithms excel in correctly identifying benign
cases. Lenet-5 performed the worst, with a specificity score of 63% which means that it frequently
misclassified benign cases as malignant cases.
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Figure 21. FPR of CNN models

Densenet perfromed well by achieving FPR score of 10% as shown in Figure 21. Followed by
VGG-19 and VGG-16 with False Positive Rate of 12% and 13%, respectively. These models performed
well in minimizing false positives. Additionally, EfficientNet had the lowest FPR of 0%, but we have to
be careful when considering this result since the model’s overall performance was not good in other
metrics. On the other hand, Lenet-5 had the highest FPR at 37% which means a very high chance of
misclassifying benign cases and could lead to overdiagnosis.
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Figure 22. FNR of CNN models

As you can see in Figure 22, AlexNet and MobileNetv2 both performed very well and achieved a
low FNR of 10% each. Closely followed by VGG-16, VGG-19 and ResNet with an FNR of 13% each.
This shows they can be a good choice for effectively identifying malignant cases. On the other hand,
EfficientNet and Lenet-5 achieved highest FNR of 100% and 64%, respectively. This makes EfficientNet
and Lenet-5 a poor choice for skin cancer detection.
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Figure 23. FDR of CNN models

As shown in Figure 23, MobileNetv2 again performed well with FDR of only 10%, closely followed
by VGG-19 which achieved False Discovery Rate (FDR) of 14%. These models show robustness in
minimizing false discoveries. Additionally, EfficientNet had the lowest FDR of 0%, but we have to
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be careful when considering this result since the model’s overall performance was not good in other
metrics. Moreover, Lenet-5 had a high FDR of 55% which further shows its unreliability in this study.
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Figure 24. AUC of CNN models

As shown in Figure 24, both VGG-19 and MobileNet-v2 achieved highest AUC scores of 88%.
Followed by VGG-16 and AlexNet with an AUC of 87%. These models demonstrate a strong ability
to distinguish between malignant and benign cases which makes them highly reliable. On the other
hand, EfficientNet and Lenet-5 had the lowest AUC of 50% which further shows their unreliability.
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Figure 25. Comparison of CNN models based on performance metrics
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When we look at overall performance of algorithms across all metrics, we can see that certain
CNN architectures perform well in specific metric. For instance, VGG-16 performed well in terms of
accuracy, Precision, recall, and F1-score. VGG-19 also performed well in terms of precision and AUC.
This means it’s good at distinguishing benign and malignant cases without too many false positives.

MobileNet-V2 also performed well across many metrics which include Precision, Recall, F1-
score, FNR, FDR, and AUC. This make MobileNet-V2 a reliable choice for skin cancer detection and
classification. Additionally, Densenet achieved lowest False Positive Rate (FPR) and False Discovery
Rate (FDR) which make it highly reliable for avoiding unnecessary treatments. Meanwhile, Lenet-5
consistently struggled across almost all metrics which shows that it is not suitable for skin cancer
detection and classification. Overall, choice of algorithm really depends on specific context and
priorities in a medical setting. It depends whether you prioritize avoiding missed diagnoses (recall) or
reducing false positives (specificity).

6. Conclusions

Based on our evaluation, we can conclude that MobileNetv2, VGG-16 and VGG-19 were top-
performing CNN architectures in this study. MobileNetv2 performed well across many metrics which
include Precision, Recall, F1- score, FNR, FDR, and AUC. It achieved the highest Precision, Recall,
F1- score and AUC scores of 88% each. VGG-16 achieved the highest accuracy of 97%. VGG-19
also performed well with 88% accuracy and the highest recall and AUC of 88% which shows its
strong ability to differentiate between malignant and benign cases. Furthermore, DenseNet also
demonstrated strong performance especially in False Positive Rate (FPR) and False Discovery Rate
(FDR). It achieved a specificity of 90% and lowest FPR of 10%. However, models like Lenet-5 and
EfficientNet performed poorly across most metrics. Therefore, they are not recommended for practical
skin cancer detection. In a practical clinical setting, the choice of model would depend on the priorities
of the healthcare provider. For instance, MobileNetv2, VGG-16 and VGG-19 with recall of 88%,88%
and 87%, respectively, would be excellent choice if detecting malignant cases (recall) is prioritized.
However, if avoiding false positives (specificity) is more critical then Densenet with 90% specificity or
VGG-19 with 88% specificity would be more appropriate choices.

Overall, performance of these models show promising results for improving skin cancer detection
and diagnosis using Al-based algorithms. However, careful selection of algorithm is important to
optimize diagnostic accuracy. Furthermore, choice of algorithm may depend on various factors such
as specific clinical requirements or computational resources, etc. Additionally, challenges such as data
privacy, model interpretability, ensuring robust performance under varied conditions, and managing
computational costs are important in deploying deep learning models for skin cancer detection. To
address these challenges, robust countermeasures such as data augmentation techniques, model
regularization, and interpretability methods can be implemented. Overall, Al-based skin cancer
detection algorithms have huge potential to support clinical decision-making and improve patient
outcomes.
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