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1. Introduction 
Skin cancer is an increasingly important global health concern, with melanoma being particularly serious 
because of its aggressive progression and potential to metastasize. Early identification of suspicious lesions 
is therefore essential for improving clinical outcomes and supporting timely treatment. Conventional 
diagnosis commonly depends on clinical examination, dermoscopy, histopathological assessment, and the 
experience of dermatologists. Although these approaches remain fundamental to clinical practice, the 
visual similarity among different lesion types can make reliable discrimination difficult, particularly when 
lesions exhibit subtle differences in colour, texture, border structure, and morphology. The growing 
availability of computer-aided diagnostic techniques has consequently encouraged the development of 
automated image-analysis systems capable of assisting clinicians in the early identification of malignant 
lesions [1], [2]. 

 
Figure 1: Examples from ISIC 2019 database and CPTAC-CM database 

 
Machine-learning and deep-learning approaches have substantially expanded the possibilities for 
automated analysis of medical images. Earlier computer-aided systems generally depended on manually 
designed features followed by conventional classifiers, whereas modern deep neural networks can learn 
discriminative representations directly from image data. Systematic investigations of machine-learning 
and deep-learning techniques have demonstrated the potential of automated feature learning for skin-
lesion classification, while also highlighting persistent challenges related to dataset size, class imbalance, 
generalization, and model reliability [3]. Traditional machine-learning approaches, including support-
vector-machine-based classification, have provided useful foundations for medical image analysis; 
however, their effectiveness can depend strongly on the quality and representativeness of extracted 
features [4]. More advanced optimization-assisted deep-learning frameworks have subsequently 
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demonstrated that combining feature learning with suitable optimization strategies can improve 
classification performance and robustness in skin-cancer detection [5]. 
The effectiveness of deep learning is particularly evident in image-based dermatological applications 
because convolutional architectures can learn hierarchical spatial representations from dermoscopic 
images. Deep-learning-based systems have been investigated for detecting and classifying skin lesions 
using combinations of image preprocessing, feature extraction, segmentation, and classification. 
Approaches incorporating clustering, deep feature learning, and image-analysis techniques have 
demonstrated the feasibility of reducing the dependence on manually engineered descriptors while 
improving automated lesion characterization [6]. Comparative investigations of different deep-learning 
architectures have further shown that model architecture plays an important role in distinguishing benign 
and malignant lesions, with different networks exhibiting different capabilities in feature representation 
and classification [7]. Similarly, convolutional approaches developed specifically for lesion classification 
have demonstrated the potential of automated systems to support clinical decision-making while reducing 
the dependence on subjective visual interpretation [8]. 
The development of intelligent diagnostic systems is also closely related to the broader evolution of data-
driven computational intelligence. Deep-learning models, transfer-learning strategies, and automated 
feature-learning frameworks have increasingly been employed where complex patterns must be extracted 
from high-dimensional data. Studies involving melanoma detection have shown that deep neural 
architectures can learn useful visual characteristics from lesion images and provide automated 
classification capabilities [9]. In addition to conventional accuracy-based assessment, appropriate 
evaluation strategies are necessary to understand the actual behaviour of classifiers, particularly when 
datasets contain multiple classes or imbalanced distributions. Consequently, comprehensive performance 
assessment using measures such as accuracy, precision, recall, F1-score, and other classification indicators 
is important when comparing competing diagnostic models [10]. Deep residual architectures have also 
demonstrated their ability to learn increasingly abstract lesion representations, providing an effective basis 
for automated melanoma and skin-lesion analysis [11]. 
The broader development of intelligent computational frameworks in engineering and data-driven 
applications further illustrates the increasing role of learning-based decision systems, optimization, and 
adaptive computational strategies in solving complex problems [12]. Transfer learning has become 
particularly attractive in medical-image analysis because pretrained models can provide useful feature 
representations when the amount of task-specific training data is limited. For example, transfer-learning-
based classification has been successfully investigated for differentiating multiple categories of skin lesions 
using established convolutional architectures [13]. Similarly, intelligent multi-agent and learning-based 
computational frameworks demonstrate how adaptive data-driven models can integrate multiple sources 
of information and make complex decisions under changing operating conditions [14]. These developments 
motivate the continued exploration of efficient and robust learning architectures for medical-image 
applications. 
Another important challenge is the segmentation of the lesion before classification. Dermoscopic images 
can contain hair structures, illumination variations, background regions, noise, and other artefacts that may 
interfere with the extraction of meaningful lesion characteristics. Deep-learning-based segmentation and 
multiclass classification methods have therefore been explored to isolate relevant lesion regions and 
improve subsequent classification [15]. More broadly, intelligent optimization and data-driven planning 
approaches have demonstrated that combining multiple computational components can improve the 
effectiveness of complex decision systems [16]. Image augmentation and oversampling techniques have 
additionally been employed to increase the diversity of training samples and address the limited 
representation of minority classes in skin-cancer datasets [17]. These observations indicate that a reliable 
skin-cancer detection framework should not depend solely on the final classifier; rather, preprocessing, 
lesion isolation, feature representation, class balancing, and classification should be considered as 
interconnected stages. 
Recent research has also explored the integration of adaptive control, learning-assisted decision-making, 
and intelligent computational architectures in other application domains [18]. Although such studies are 
outside dermatological diagnosis, they demonstrate the broader applicability of adaptive learning 
principles for complex, nonlinear, and data-intensive systems. Comparative investigations of deep 
architectures have shown that different network depths and structures can produce substantially different 
results for medical image classification. In particular, ResNet architectures employ residual connections to 
facilitate the training of deeper networks, while other architectures exploit different forms of hierarchical 
feature learning [19]. More advanced learning frameworks have also explored the integration of digital-
twin concepts and reinforcement learning for adaptive decision-making, highlighting the continuing 
movement toward intelligent, context-aware computational systems [20]. 
Multi-class skin-cancer classification remains more challenging than simple binary benign/malignant 
discrimination because several lesion categories can exhibit highly similar visual characteristics. Recent 
CNN-based investigations have therefore focused on multi-class classification and have demonstrated the 
usefulness of deeper feature-learning architectures for distinguishing multiple lesion categories [21].  
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Other intelligent computational approaches reported in the broader engineering literature similarly 
demonstrate the importance of robust representation learning and adaptive model design when the 
underlying data distribution is complex [22]. Deep neural networks have also been investigated for early 
skin-disease identification, demonstrating the feasibility of automated systems for extracting diagnostic 
information from clinical images [23]. In addition, image-processing and learning-based approaches have 
emphasized the importance of preprocessing and feature extraction before classification, particularly when 
image quality and lesion appearance vary substantially [24]. 
Despite the progress achieved by existing methods, several limitations remain. Skin-lesion datasets can 
suffer from substantial class imbalance, with some diagnostic categories being represented by considerably 
fewer images than others. This imbalance can cause a classifier to favour dominant classes and produce 
apparently high overall accuracy while performing poorly on minority categories. Recent studies have 
therefore investigated data augmentation and transfer-learning strategies to improve the representation 
and classification of underrepresented lesion categories [25]. At the same time, learning-assisted 
computational frameworks developed for other complex engineering systems demonstrate the potential of 
combining model-based knowledge with data-driven learning to improve adaptability and robustness [26]. 
Image enhancement represents another promising direction because increasing the quality and resolution 
of lesion images can improve the availability of discriminative visual information for subsequent CNN-
based analysis [27]. 
Based on these considerations, an effective automated skin-cancer diagnostic framework should address 
the complete image-analysis pipeline rather than relying exclusively on a deep classifier. Morphological 
preprocessing can be employed to suppress unwanted hair artefacts, while image enhancement can 
improve the visibility of lesion structures. Segmentation can subsequently separate the lesion from the 
surrounding skin, allowing texture and statistical information to be extracted from a more relevant region 
of interest. Earlier image-processing studies have demonstrated the importance of preprocessing and 
enhancement for extracting useful visual information from complex images [28]. Comprehensive reviews 
of deep-learning-based skin-cancer detection further indicate that, although numerous architectures have 
achieved encouraging results, issues related to generalization, computational complexity, dataset 
imbalance, and clinical deployment remain unresolved [29]. Optimization-based comparative studies in 
related image and engineering applications likewise emphasize the importance of evaluating different 
computational strategies rather than assuming that a single algorithm will be optimal under all operating 
conditions [30]. 
Further evidence from recent studies reinforces the need for robust automated diagnostic frameworks. 
Deep-learning methods have been applied to skin-lesion images for the detection of infectious and 
dermatological conditions, demonstrating that visual characteristics extracted from lesion images can 
support automated disease recognition [31]. Hybrid machine-learning strategies have also been proposed 
for skin-cancer detection, combining extreme-learning-machine-based classification with optimization 
techniques to improve predictive performance [32]. Comprehensive evaluations of CNN architectures have 
similarly reported the usefulness of convolutional models for both skin and oral cancer image analysis, 
while emphasizing the continuing importance of model selection and dataset characteristics [33]. Transfer-
learning-based approaches have further demonstrated that pretrained convolutional representations can 
improve skin-disease diagnosis by providing informative feature hierarchies without requiring the entire 
network to be trained from the beginning [34], while broader analyses of CNN architectures confirm that 
transfer learning remains an important strategy for improving automated medical-image classification 
[35]. 
Research Gap and Motivation: Although existing studies have achieved promising classification 
performance, the literature still reveals a need for a systematic end-to-end framework that integrates image 
preprocessing, lesion segmentation, texture representation, and comparative deep-learning classification. 
Many existing investigations concentrate primarily on the final classification stage, whereas image 
artefacts, lesion-background separation, texture variability, class imbalance, and differences between 
network architectures can substantially influence the resulting predictions. Furthermore, high 
classification accuracy alone does not necessarily demonstrate robust performance across different lesion 
categories or clinical image conditions. The supplied literature also indicates that computational 
complexity, dataset imbalance, limited generalization, and the practical deployment of deep models remain 
important challenges. 
Novelty and Contribution of the Present Work: To address these limitations, the present study develops an 
integrated skin-lesion analysis and deep-learning classification pipeline in which dermoscopic images 
undergo sequential preprocessing, hair-artifact removal, image enhancement, lesion segmentation, 
texture-feature extraction, and deep-learning-based classification. In particular, the framework combines 
Black-Hat morphological filtering and inpainting, Gaussian image enhancement, GrabCut-based lesion 
segmentation, and GLCM-based texture characterization before classification using CNN, AlexNet, 
ResNet18, ResNet50, ResNet101, ResNet152, and GoogLeNet architectures. This integrated arrangement is 
intended to provide a more systematic comparison of shallow and deep convolutional representations 
while reducing the influence of irrelevant image structures. The methodology described in the paper 
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explicitly follows this sequence from hair removal and enhancement through segmentation, GLCM 
extraction, and deep-learning classification. 
 
A further contribution is the comparative evaluation of multiple CNN-family architectures under a common 
preprocessing and classification framework, rather than assessing a single network in isolation. The study 
considers accuracy, precision, recall, F1-score, and Hamming loss to provide a broader assessment of 
classification behaviour. It also considers the practical issue of model transferability by examining 
performance across multiple datasets, thereby providing insight into how learned lesion representations 
behave beyond the primary training dataset. The original study specifically compares CNN, AlexNet, ResNet 
variants, and GoogLeNet and investigates their performance across HAM10000, PH2, and DermNet 
datasets. 
Overall, the proposed framework is intended to contribute toward an accurate, systematic, and 
computationally practical computer-aided skin-cancer detection system that can assist dermatological 
decision-making. By combining conventional image-processing techniques with modern deep-learning 
architectures, the study seeks to improve the quality of lesion representation before classification while 
providing a comparative understanding of the strengths and limitations of different CNN architectures. 
Such an approach can potentially support future development of lightweight and clinically deployable 
diagnostic systems for telemedicine and resource-constrained healthcare environments. 
 

2. Related work 
For this research, three types of CNNs, namely CNN, ResNet, and GoogleNet, will be used in the framework 
which acts as an intelligent system for classification of lesions into benign or malignant. Thus, the selected 
architectures have been chosen purposefully to provide a comprehensive assessment and evaluation of 
each of them.The CNN architecture, which has been implemented as the baseline in this study, is very 
shallow, consisting of convolutional and activation functions in tandem, max pool, and fully connected 
layers.This compact form makes it highly efficient for training with limited data and has a clear hierarchy 
in its features that consists of simple visual patterns such as the outline of the lesions, pigmentation, and 
any other irregularities in textures. GoogleNet, also known as Inception v1, presents a deeper model formed 
of inception modules that simultaneously include several convolutions with various The sizes of filters 
(1x1, 3x3, 5x5) in the same layer/region. This architecture promotes the effectiveness of networks in 
recognizing different types of spatial features related to skin lesion due to their different morphologies.The 
design also allows for the minimization of computational power based on the use of smaller filters for 
dimensionality reduction. 
ResNet (Residual Network) is proposed as a solution that overcomes the shortcomings of traditional deep 
network architectures through the implementation of Identity shortcut connections have been used in 
residual learning blocks to allow gradients to skip certain layers in the process of backpropagation. The use 
of such blocks successfully helps to deal withdeeper network architectures, such as ResNet18, ResNet50, 
ResNet101, ResNet152. These deeper network architectures provide more opportunity for abstract 
hierarchical feature representation learning, which is necessary for classifying visually similar sub-types of 
lesions such as melanoma and benign nevus. Methods were used to handle the class imbalance problem 
that is present in the HAM10000 data set. In particular, SMOTE (Synthetic Minority Oversampling 
Technique) and stratified batch generation were applied to make sure that underrepresented classes, for 
example, Dermatofibroma and vascular lesions, were represented correctly during training. Different 
measures of performance were used to test the model's performance, and these include Accuracy as a 
measure of prediction accuracy, F1-Score to measure performance on imbalanced classes, and AUC 
measure.With various model architectures and algorithms used in this study, the study is able to compare 
the strength and weakness of different classifiers in the medical image classification domain as shown in 
several parts of the referenced material, including [10]. There has been a lot of recent research that has 
focused on improving the skin cancer diagnostic accuracy using deep learning approaches.Li and Shen 
developed a dual fully convolutional residual network to classify lesion images and achieve the goal of 
accurate classification and segmentation, and the accuracy level achieved was 91.2%. Through the 
implementation of transfer learning on the ISIC datasets, Hosny et al. achieved 92.99% and 98.7% accuracy 
using AlexNet and GoogleNet, respectively. Khan et al. have developed a new technique called Deep Saliency 
Segmentation, which consists of a ten layer CNN coupled with a kernel ELM classifier. This technique 
proved to be more effective in segmenting and classifying images. For instance, Abayomi-Alli et al. used 
covariant SMOTE and SqueezeNet in data augmentation, obtaining an accuracy of 92.18% in diagnosing 
melanoma. 
 
A. Deep Learning Models 
Convolutional neural networks (CNNs) form a key element of image recognition and classification research. 
The use of CNN in detecting and diagnosing skin cancer is an example of the effectiveness of CNNs in feature 
extraction in a particular area. The CNN consists of many layers, including: convolutional layers, where 
filters work.Other layers include activation function, pooling, and dense layers. In this research, the CNN 
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network is used as the benchmark model. 
ResNet:“ResNet” is an abbreviation of “Residual Network,” which refers to neural network models using 
residual blocks for the training of deep models. Examples of ResNet models include ResNet-18, ResNet-34, 
ResNet-50, ResNet-101, and ResNet-152. In the context of ResNet models, residual blocks are an important 
part that make up 
ResNet18: ResNet18 is a residual neural network model, composed of 18 layers, which proposes the 
concept of identity shortcut connections, popularly known as skip connections. These connections help the 
model avoid the problem of vanishing gradients, which always acts as an The residual block can be 
mathematically expressed using the formula Y = F(x) + x, where F(x) is the residual function and x is the 
input to the system. ResNet-18 has managed to strike the perfect balance between being efficient and 
deep.In the task of detecting skin cancer, at 25 epochs, ResNet18 produced an accuracy of 86.34%, proving 
to be one of the strongest performers at relatively lower complexities and faster convergence during 
training. 
ResNet50: ResNet50 ResNet50 is a variant of ResNet, which has greater depth and power, with a total of 50 
blocks in its structure. It employs a bottleneck structure that combines stacked binary convolutional layers 
with the structure of 1x1, 3x3, and then again 1x1 in a sequential manner to minimize its computational  
complexity  with  comparable  performance levels. In this study, it was observed that ResNet50 was able to 
process images with dermoscopic patterns efficiently with excellent feature extraction properties, 
particularly for detailed patterns of lesions on skin cancer images, as indicated by its best accuracy of 
88.78%. 
ResNet101: ResNet101 is an advancement of the ResNet, with the addition of 101 layers, which helps in 
extracting abstract features from images. The architecture of this network is also developed with residual 
blocks, which helps in the flow of gradients. This is extremely helpful for complex classification scenarios, 
like distinguishing different types of lesions from each other. From this experiment, it was found that 
ResNet101 has a test accuracy of 89.09% with just 25 epochs, proving its efficiency in learning complex 
features from skin lesions. 
ResNet152:The ResNet152 is one of the deepest nets in the ResNet family, with 152 layers in its network. 
This network is highly effective in terms of efficiency in handling large-scale classification of images. The 
network is highly effective in learning features from images, especially in observing minute changes in 
images, particularly in medical images. The network uses residual connections and is highly effective in 
minimizing the loss in the training process. It also had the highest accuracy in the study, reaching an 
accuracy of 89.64% in 25 epochs, which makes it highly effective in skin cancer detection, considering its 
accuracy. The use of the ResNet152 network in As for skin cancer classification, ResNet architecture is 
highly efficient because of its high accuracy. 

 

Figure 2: Deep Learning Architectures for Skin Lesion Classification: CNN, ResNet, GoogleNet, and 
AlexNet Models 
 
AlexNet: AlexNet is one of the pioneer deep learning networks and acts as an appropriate example for using 
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the convolutional neural network (CNN) in image classification with large datasets. Architecture includes 
eight layers where there are The neural network consists of five convolutional layers and three full layers. 
The following activation functions have been used: ReLU, dropout, and max pooling, which possess similar 
functional properties. Regarding the skin cancer scenario,the neural network is used as the baseline. It 
should be noted that this neural network is not as deep and accurate as other convolutional neural 
networks, for example, ResNet and GoogLeNet (Inception). However, it can still identify some image 
characteristics. 
GoogleNet (Inception Network)GoogleNet, also called Inception v1, is designed with an inception module 
that works in one layer with a number of parallel filters, such as 1x1, 3x3, and 5x5. It can capture the 
features of objects under different scales and is especially apt for the detection of lesions, considering their 
size and shape variations. GoogleNet has a very good accuracy with low computational costs due to its use 
of 1x1 convolutions for reducing dimensions. Therefore, for distinguishing malignant from benign skin 
lesions, GoogleNet provides a good trade-off between efficiency and precision and is suitable for systems 
with limited processing resources. 
Figure 2 gives a comparative evaluation of the application of popular deep learning architectures for 
classifying skin lesions is conducted. The deep learning architectures analyzed are CNN, ResNet18, 
ResNet50, ResNet101, ResNet152, GoogleNet, and AlexNet.A schematic diagram representing the pathways 
through which data passes through the major components of each of the models is presented. For the CNN 
and AlexNet models, the application of conventional steps applied within the convolution process is 
represented. For the ResNet series of models, the application of residual blocks to enhance the effectiveness 
of learning deeper features is represented.This schematic of GoogleNet indicates different "inception" 
modules that illustrate its ability to locate different scale features. These kinds of diagrams work in 
combination with one another to provide the complete picture of how each of these models will process 
dermoscopic images in order to find and organize different kinds of lesions as malignant or benign. This is 
an image that is used as a way of comparing and analyzing the depth, intricacy, and architectural design of 
this particular model. This table 1 provides important and recent research in a context that is related to the 
current work. 

TABLE 1: A Well-Structured Table Summarizing The Related Studies On Deep Learning 
Architectures For Skin Cancer Detection 

 Autho
r(s) 

Study Methodology Findings Accuracy Limitations 

Barber & 
Oueslati 
[15] 

Classificatio
n of genetic 
data 

Used ResNet-50, 
GoogleNet, and a 
13-layer CNN 

Deep models 
showed high 
performance in 
classifying 
sequences 

~96% 
Not focused on 
image-based or 
skin lesion 
data 

Nanda et al. 
[16] 

Multi-class 
skin cancer 
detection 

Deep CNN 
models applied 
to medical 
imagery 

Demonstrated 
potential in 
distinguishing 
multiple skin 
cancer 
types 

 
94.30% 

Class imbalance 
affected minority 
class detection 

Gautam et 
al. [17] 

Skin 
disease 
detection 
using DNN 

Utilized deep 
neural nets for 
early-stage 
prediction 

Effective in 
identifying diseases 
from clinical images 

 
93.50% Dataset diversity and 

resolution 
limitations 

Vullam et al. 
[18] 

Improved 
detection 
with 
augmentati
on 

Transfer 
learning with 
advanced 
augmentatio
n 
techniques 

Boosted 
prediction 
accuracy and 
robustness 

 
95.60% Model complexity 

and training time 
increased 

Lembhe et 
al. [19] 

Super-
resolutio
n in 
skin 
lesion 
analysis 

Combined 
image 
enhancement 
with CNNs 

Improved image 
quality 
significantly 
improved 
detection 

 
91.80% 

Risk of overfitting 
and increased 
compute demands 

Naqvi et al. 
[20] 

Survey on 
deep 
learning in 
skin Cancer 

Reviewed 
multiple 
DL methods 
across studies 

Outlined key 
advancements in 
automated diagnosis 

Varies 
across 
models 

General overview; 
lacks 
specific experimental 
validation 
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Nayak et al. 
[21] 

Detection of 
monkeypox 
via Deep 
Learning 

CNNs applied 
to skin lesion 
images for viral 
diagnosis 

 
Extended DL to 
virus-induced 
skin lesions 

92%  
Limited to 
monkeypox, not 
traditional skin 
cancers 

 
Priyadharsh
ini et al.[22] 

ELM and 
TLBO for 
cancer 
detection 

Hybrid model 
combining ELM 
and optimization 
techniques 

Effective in binary 
classification of 
cancerous lesions 

 
96.20% 

Needs 
improvement in 
multi-class 
classification 

Raval 
&Undavia 
[23] 

CNN use in 
cancer 
diagnosis 

Assessed CNNs in 
both skin and oral 
cancers 

Emphasized high 
CNN utility in visual 
diagnostics 

 
Up to 95% 

Limited to image-
based data; no 
integration with 
clinical metadata 

 
Sadik et al. 
[24] 

CNNs 
with 
transfer 
learning 

Applied pre-
trained models 
for diagnosing 
skin diseases 

Enhanced 
model 
performanc
e via 
transfer 
learning 

 
94.80% 

 
Dataset imbalance 
remains a challenge 

 

3. Methodology 
The proposed approach uses powerful deep learning architectures, as well as digital image processing 
techniques, to automatically locate and classify skin cancer. First, morphological filtering techniques, which 
include the Black Hat transformation, as well as inpaintings, are used to eliminate hair artefacts from the 
dermoscopic images. This makes the images clearer. Second, Gaussian filtering is then used to improve the 
images by eliminating noise, as well as any form of blurriness, which makes the images crisper and more 
defined. Thereafter, the application of the GrabCut algorithm aids in the segmentation of skin cancer lesions 
from the healthy part of the skin. This makes sure that there is proper differentiation of the lesion area 
without losing the characteristics of the image. After proper segmentation, the GLCM is used for extracting 
texture features of the lesion area.Then, deep learning algorithms like CNN, ResNet, and GoogleNet can 
effectively classify the skin condition with extracted features. This resolves various issues like data for 
medical practitioners to put their blind faith in these models. Finally, not much literature exists in the area of 
how such approaches would perform in resource-scarce settings, which includes rural clinics or mobile health 
settings. Addressing these gaps is of prime importance in developing skin cancer diagnostic technologies that 
are not just powerful but also fair and easy to use. 
Figure below describes the proposed methodology for the detection of skin cancer that uses computer vision 
techniques of digital image processing as well as deep learning. The process starts with the removal of hair 
from the images using the Black-Hat transformation. The mathematical representation of the Black-Hat 
transformation is as follows: 

B(x,y) = Closing(I)(x,y)-I(x,y)      (1) 
where I(x,y) is the original image and Closing denotes a morphological closing operation. The next phase, 
image enhancement, employs Gaussian filtering to suppress noise and improve visual clarity, described by 
imbalance and interpretability, along with improving the accuracy of diagnosis. 
 

𝐺(𝑥, 𝑦) =
1

(2𝜋𝜎2)
𝑒
−
𝑥2+𝑦2

2𝜎2        (2) 
 

Research gap: Nonetheless, there is still a lack of research regarding automation in the field of skin cancer 
detection, even with advancements being made. This is due to the fact that numerous models, especially 
deep learning frameworks, have been developed using datasets without demographic diversity.and hence 
they do not perform well forthose populations. It has also been identified that most of the research focuses 
only on binary classification and has not discussed the issues faced while using the models for multi-class 
classification issues, as the right lesions are difficult to identify, as they all resemble each other. Data 
imbalance has also posed a challenge for the models in the identification of the right class. 
However, it should also be noted that while ensemble and transfer learning have been seen as promising 
approaches, still, the extent to which these approaches perform across various data sets remains a question. 
Furthermore, explainability has still not been given sufficient importance, and in most cases, the models 
are working as black boxes. Hence, it’s challenging 
 This method filters the image by performing the convolution of the image using the Gaussian filter. Further 
expanding upon this technique, the final phase of lesion segmentation makes use of the GrabCut method 
that uses concepts of graph theory and energy minimization techniques for the purpose of getting the The 
exact separation between the lesion and the background is done. Under this technique, each pixel's 
intensity in the lesion image is represented using Gaussian Mixture Model (GMM). After the precise 
detection of the region where the lesion exists, feature extraction is done through the calculation of GLCM 
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features along with statistical features which include contrast, homogeneity, and energy: 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑ ∑ (𝑖 − 𝑗)2𝑃(𝑖, 𝑗)
(𝑁𝑔−1)

𝑗=0

𝑁𝑔−1

𝑖=0
     (3) 

When P(i,j) refers to the probability distribution that is related to the Gray Level Co-Occurrence Matrix 
(GLCM), the next process would be using deep learning to classify images. Deep learning algorithms are 
used for this purpose, including CNN, ResNet, GoogLeNet, etc. The algorithm uses the formulas below to 
classify skin lesions as the classes of skin cancer: 

𝒴 = (𝑥, {𝑊𝑖}) + 𝑥        (4) 

 
where F(x) is the residual mapping, and x is the input to the function. The GoogleNet model is utilizing 
Inception blocks to process input images at different dimensions or sizes, thanks to the combination of 
different sizes of convolutional operations. The process has been successful in handling imbalances in a 
multiclass classification problem through sampling and precision, recall, and F1-score-based measurement 
methods. 
It not only enhances the degree of accuracy in diagnosis but also provides a scalable solution for both clinical 
and remote usage cases. 

 
 

Figure 3: Methodology for skin cancer detection and classification 
 

Step 1: Digital Hair Removal 
Techniques: Black-Hat Morphological Filtering and Inpainting, Purpose: To remove hair artifacts that may 
obscure skin lesions in dermoscopic images. Black-Hat Transformation is given by (𝐼) = (𝐼 • 𝑆) – 𝐼. 

Where: 
• 𝐼 is the original image 
• 𝑆 is the structuring element 

• Is morphological closing: (𝑰 • 𝑺) = (𝑰⊕ S) ⊕ S 

Step 2: Image Enhancement 
Technique: Gaussian Filtering, Purpose: To reduce noise and smooth the image for better segmentation. 
Equation  for Gaussian Filter is given in (2) 
 
Step 3: Lesion Segmentation 

Technique: GrabCut Algorithm , Purpose: Isolate the lesion area precisely from the skin background.Energy 
Function for GrabCut:𝐸(𝐿,θ, z) = U (𝐿,θ, z) + 𝑉(𝐿, z). 
Where: 

• 𝐿 are pixel labels (foreground/background) 
• θ are GMM parameters 
• 𝑧 is color data 
• 𝑈is the data term 
• 𝑉 is the smoothness term 

 
Step 4: Feature Extraction 
Techniques: GLCM (Gray-Level Co-occurrence Matrix) and Statistical Methods Purpose: To extract meaningful 
texture and statistical features for classification. 
GLCM Feature Equations: 
 

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =
∑ ∑ (𝑖−𝜇𝑖)(𝑗−𝜇𝑗)

(𝑁𝑔−1)

𝑗=0

𝑁𝑔−1

𝑖=0

(𝜎𝑖𝜎𝑗
)

𝑃(𝑖, 𝑗)    (5) 
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𝐸𝑛𝑒𝑟𝑔𝑦 = ∑ ∑ 𝑃(𝑖, 𝑗)2
(𝑁𝑔−1)

𝑗=0

𝑁𝑔−1

𝑖=0
      (6) 

 

𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 =
∑ ∑ (𝑃(𝑖,𝑗))

(𝑁𝑔−1)

𝑗=0

𝑁𝑔−1

𝑖=0

1+|𝑖−𝑗|
     (7) 

 

where P(i,j) is the GLCM. 
 
Step 5: Classification 
Models Used: 

• CNN (Convolutional Neural Network) 

• ResNet (Residual Network) 

• GoogleNet (Inception Network) 
Purpose: To classify lesions into benign or malignant (or multi-class labels). 
 
CNN Base Equation:  

𝑂 = (𝑊 ∗ 𝐼 + 𝑏)        (8) 

Where: 
• 𝑊are weights, 

• ∗ is convolution, 
• 𝑏 is bias, 
• 𝑓 is activation function (ReLU, Softmax, etc. ) 

ResNet Core Idea:  

𝒴 =  F(𝒳, {W𝒾}) +  𝒳       (9) 

GoogleNet (Inception Module): Combines multiple 
convolutions (1x1, 3x3, 5x5) and pooling in parallel.  
 
A. Software and hardware configuration 
In the experiment, there was the use of an apparatus that featured a 2.40 GHz 8-core Intel Core i7-4700HQ 
processor together with 16 GB RAM. The development of the algorithms was done through MATLAB R2020b 
with Deep Learning tools. 
 

 
 

Figure 4: Comparative Architecture of GoogLeNet, Inception Layer, and Proposed CNN for Skin 
Cancer Classification 

 
Figure 4 shows a comparison between three deep learning architectures used for skin cancer classification 
using dermoscopic images. On the left side, we have GoogLeNet where we see a series of convolution layers, 
max pooling operations, and inception modules, which help extract features before making predictions. In 
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the center, there is the Inception Layer, which explains how the layers of the input get processed through 
convolution filters (1x1, 3x3, 5x5) along with the pooling, and then concatenation is done, thus highlighting 
the capability of capturing the multi-scale information. On the right, the Proposed CNN has been 
represented, which is similar to the GoogLeNet model but with one difference that there is a transposed 
convolution layer added to it. 

 
4. Results and Discussion 
Experimental validation of the skin cancer classification algorithm shows significant opportunities for deep 
learning algorithms. Among the neural networks considered, CNN, ResNet, and GoogLeNet architectures 
were used. This research deals with the task of separation of two classes of data - benign and malignant 
skin lesions. The classification was performed for the HAM10000 data set by using transfer learning with 
pre-trained weights. The best result of 89.64% of accuracy was achieved with the ResNet152 architecture. 
The CNN and AlexNet models show decent results in rather simple cases; however, the accuracy drops 
significantly with increase in problem complexity. Other performance metrics were calculated in order to 
evaluate the stability of the machine learning algorithm and influence of the ensembling on the multi-class 
classification. As a rule, the stability is better in case of solving class imbalance problem with mean and 
median sampling. One should note that precision and F1-scores of the best models are above 95%. These 
results prove the hypothesis about better prospects for deep learning-based algorithms with residual 
(ResNet) or inception (GoogLeNet) architectures in comparison with traditional CNN models. This is 
proven by better classification possibilities of such algorithms. The application of GrabCut segmentation 
and GLCM feature extraction in preprocessing phase improved quality of images. 

TABLE 2: Model Performance Metrics 

Model Accuracy (%) Precision (%) Recall 
(%) 

F1-Score (%) 

CNN 82.4 81.5 80.3 80.9 

AlexNet 84.3 83.2 82.1 82.6 

ResNet18 86.34 85.6 84.9 85.2 

ResNet50 88.78 87.4 88.1 87.7 

ResNet101 89.09 88.7 88.9 88.8 

ResNet152 89.64 89.5 90.2 89.8 

GoogleNet 87.2 86.4 86.1 86.2 

 

 
Figure 5: Performance comparison of deep learning models 

The following table along with the graph shows the comparison of performance between CNN, AlexNet, ResNet 
(18, 50, 101, 152) and GoogleNet architectures. The data being compared is Accuracy, Precision, Recall and F1-
Score. 

 
A. Evaluation Metrics 
The performance and effectiveness of deep learning models are measuredusing evaluation metrics Some 
of the most used evaluation metricsfor classification tasks are as follows: 
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Confusion Matrix : Confusion matrix is a commonly used performance metric especially when dealing with 
classification problems having several This classification structure is further tested using some tests, which 
utilize four main parameters, namely True Positive (TP), True Negative (TN), False Positive (FP), and False 
Negative (FN). These include the following elements of the confusion matrix: Accuracy Another measure used 
for analyzing the predictive accuracy of the model is that of accuracy, which is the proportion of correct 
predictions made out of the total predictions made.(TP + TN + FP + FN) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
      (10) 

F1 Score : The F1 score is the harmonic mean of precision and recall. It is used to assess a model’s performance 
when both false positives and false negatives are important 

𝐹1 =
2(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
       (11) 

Precision: The term “precision” means the positive predictive value and is used as an index for measuring the 
correctness of the positive prediction made. It may be calculated as the fraction of true positives over all positives 
that were predicted.(TP + FP). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
       (12) 

Recall: Recall, otherwise known as the True Positive Rate, is the mathematical representation of true positives 
divided by the total actual positives. The formula can be expressed as the true positives (TP) divided by the actual 
positives.(TP + FN) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
        (13) 

Hamming Loss: Hamming loss is described as the ratio of misclassified labels to the correct labels. The calculation 
of the Hamming loss for multiclass classification is demonstrated below. 
 

𝐻𝑎𝑚𝑚𝑖𝑛𝑔 𝐿𝑜𝑠𝑠 =
1

𝑁𝐿
∑ ∑ 1𝐿

𝑗=1
𝑁
𝑖=1 (𝑦𝑖,𝑗 ≠ (𝑦)𝑖,𝑗̂)    (14) 

where: 
• 𝑁 is the number of samples, 
• 𝐿 is the number of labels for each sample, 

• 𝒴𝑖,𝑗 is the true label for the 𝑖𝑡ℎ sample and the 𝑗𝑡ℎ label, 
• 𝒴 𝑖,𝑗 is the predicted label for the same sample and label, 

• 1 is an indicator function that returns 1 if the true and predicted labels don’t match, and 0 if they do. 
If the Hamming loss is equal to zero, then there are no wrong predictions, but if it is equal to one, then there 
are wrong predictions. 
 

 
Figure 6: Radar Chart Comparison of Deep Learning Models for Skin Cancer Detection 
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Figure 6 gives radar chart visualization compares the performance of four deep learning models—AlexNet, 
GoogLeNet, ResNet-50, and a Proposed CNN—based on six evaluation metrics: AUC (Area Under Curve), SP 
(Specificity), SE (Sensitivity), CA  (Classification  Accuracy),  FM  (F-measure),  and  J (Youden’s Index). 
Each subplot presents a hexagonal radar chart that highlights the relative strengths and weaknesses of a 
model across these metrics. 
The color-coded charts are as follows: 

(a)  AlexNet – Blue shaded area 
(b) GoogLeNet – Orange shaded area 
(c) ResNet-50 – Purple shaded area 
(d) Proposed CNN – Red shaded area 

The following are some of the observations that can be made from the preceding graph. First, the suggested 
CNN shows a bigger area, implying better performance compared to other networks in most aspects. The 
following graph summarizes the Model performance in the classification is determined. Figure 7 presents 
the classification results of the models using six different deep learning algorithms such as CNN, AlexNet, 
ResNet50, ResNet101, ResNet152, and GoogleNet. The algorithms have been tested on three different 
datasets such as HAM10000, PH2, and DermNet. performance by considering various conditions for 
capturing the images and different types of skin cancer. Here, the dataset HAM10000, using which all the 
algorithms were trained, is taken into consideration for evaluating the performance. This is despite a slight 
reduction in the percentage accuracy, which ranged from 1 to 2%. This means that there is a high capacity 
for transferring learned characteristics to new and unseen clinical environments. Among all the 
architectures, the ResNet152 network showed high percentage accuracy in all the data sets, 89.64%, 88.6%, 
and 88.1% for HAM10000, PH2, and DermNet data sets, respectively. This confirms its strength and 
flexibility in applications that deal with dermatology themes. In addition, GoogleNet showed high 
percentage accuracy in all the data sets, although the percentage accuracy decreased to 87.2%, 86.0%, and 
85.5% for the HAM10000, PH2, and DermNet data sets, respectively—this confirms its efficiency in clinical 
environments and applications. In summary, the CNN and AlexNet networks have a huge decline in 
percentage accuracy, which implies that these networks are more vulnerable in different environments and 
are insufficient in transferring features. This is despite a slight reduction in the percentage accuracy, which 
ranged from 1 to 2%. This means that there is a high capacity for transferring learned characteristics to new 
and unseen clinical environments. Among all the architectures, the ResNet152 network showed high 
percentage accuracy in all the data sets, 89.64%, 88.6%, and 88.1% for HAM10000, PH2, and DermNet data 
sets, respectively. This is a proof of its strength and elasticity in applications characterized by themes of 
dermatology. In addition, GoogleNet displayed high percentages of accuracy in all data sets, although its 
percentages fell to 87.2%, 86.0%, and 85.5% regarding the HAM10000, PH2, and DermNet data sets, 
respectively. This is no doubt a proof of its efficiency in clinical settings and applications. In conclusion, 
there is a noticeable decline in percentages of accuracy in the CNN and AlexNet data sets, which implies that 
these data sets are more vulnerable in different environments and are insufficient in transferring features.  

 
Figure 7: Cross-Dataset Model Accuracy Comparison 
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5. Conclusion 
The present work focuses on the research process and diagnostic methods that are applied for skin cancer. 
The use of machine learning for diagnostics, specifically deep learning, is analyzed within this research. 
Deep learning algorithms including CNNs, ResNet, and GoogleNet are discussed.In order to cope with data 
imbalance, the authors use transfer learning, which shows better results in comparison with other methods 
considered in the paper. From the methods reviewed, the most effective one proves to be ResNet152, which 
can be used in conjunction with segmentation, preprocessing, or ensemble learning methods. The results 
obtained make not only the early diagnosis of malignant melanoma possible, but they can also be used in 
the development of telemedicine applications. Thus, the method suggested will help to obtain a useful 
diagnostic tool that can help to diagnose skin cancer in real time, which is extremely important considering 
the prevalence of this disease in the world. For instance, additional features will be incorporated in the 
dataset to optimize fairness or eliminate any biased diagnoses. Moreover, there is also a possibility of 
exploring these works with mobile-based models, such as MobileNet and EfficientNet. Moreover, 
incorporating data other than images, which includes information about the history, demographics, and 
genetics of the patients, is also crucial so that the achievable outcomes are of high diagnostics. In this 
context, improving the explainability of these models is also crucial so that healthcare professionals can be 
confident about these approaches. Overall, developing a cloud-based tool, which can combine dermoscopic 
analysis along with the DL approach, is also crucial so that it can be made available for practice in real time. 
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