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Abstract 

Melanoma skin cancer remains one of the most aggressive and life-
threatening forms of skin malignancies, necessitating early and accurate 
detection for effective treatment. Recent advancements in medical image 
processing have leveraged deep learning and transfer learning 
architectures to significantly enhance diagnostic performance. This 
review paper presents a comprehensive analysis of deep learning-based 
transfer learning approaches integrated with optimization strategies 
and hybrid texture feature extraction techniques for melanoma 
detection and classification. The study emphasizes the role of 
convolutional neural networks, pretrained architectures, and feature 
fusion mechanisms in improving classification accuracy while 
addressing challenges such as limited annotated datasets and high inter-
class similarity. Additionally, optimization techniques, including 
hyperparameter tuning, metaheuristic algorithms, and feature selection 
methods, are explored to enhance model generalization and 
computational efficiency. Hybrid texture features derived from 
dermoscopic images, including color, shape, and spatial characteristics, 
are discussed in relation to their contribution toward robust feature 
representation. The paper systematically reviews existing literature, 
identifies research gaps, and highlights emerging trends in artificial 
intelligence-driven melanoma diagnosis. The findings indicate that 
combining transfer learning with hybrid feature engineering and 
optimization strategies leads to superior diagnostic accuracy and 
reliability. This review aims to provide valuable insights for researchers 
and practitioners working in the domain of medical image analysis and 
intelligent healthcare systems. 
 

 
Introduction 
Melanoma skin cancer is a critical public health 
concern characterized by its rapid progression 
and high mortality rate if not detected at an 
early stage. The increasing incidence of 
melanoma worldwide has driven the need for 
advanced diagnostic tools that can assist 
dermatologists in accurate and timely 
identification. Traditional diagnostic methods, 
including visual inspection and biopsy, are often 

subjective, time-consuming, and prone to inter-
observer variability. Consequently, the 
integration of artificial intelligence and medical 
image processing techniques has emerged as a 
promising solution to overcome these 
limitations. 
Deep learning, particularly convolutional neural 
networks, has revolutionized the field of medical 
image analysis by enabling automated feature 
extraction and classification with high accuracy. 

Archives available at          journals.mriindia.com 
      

  ITSI Transactions on Electrical and Electronics  

Engineering 

 

  
  

  ISSN: 2320-8945 
     

Volume 14 Issue 02, 2025     
  

https://journals.mriindia.com/
https://journals.mriindia.com/
https://journals.mriindia.com/


Deep Transfer Learning and Hybrid Texture Feature Analysis for Melanoma Skin Cancer Classification 

119 

However, the effectiveness of deep learning 
models is often constrained by the availability of 
large annotated datasets, which are scarce in 
medical domains. Transfer learning has been 
introduced as an effective strategy to address 
this issue by leveraging knowledge from 
pretrained models on large-scale datasets and 
adapting them to specific medical imaging tasks. 
This approach significantly reduces training 
time and enhances model performance even 
with limited data. 
In addition to transfer learning, the 
incorporation of hybrid texture features has 
shown substantial improvements in melanoma 
detection systems. These features combine 
multiple descriptors such as color distribution, 
texture patterns, and structural information to 
provide a comprehensive representation of skin 
lesions. The fusion of handcrafted features with 
deep features enables models to capture both 

global and local characteristics, leading to more 
robust classification outcomes. 
Optimization techniques further enhance the 
performance of these models by fine-tuning 
parameters, selecting relevant features, and 
improving convergence rates. Methods such as 
genetic algorithms, particle swarm optimization, 
and gradient-based tuning play a crucial role in 
achieving optimal model configurations. The 
synergy between deep learning, transfer 
learning, hybrid feature extraction, and 
optimization strategies forms a powerful 
framework for melanoma detection. 
This review paper aims to provide an in-depth 
analysis of these integrated approaches, 
focusing on their methodologies, advantages, 
and limitations. By examining recent 
advancements and identifying research gaps, 
this study contributes to the development of 
more efficient and reliable melanoma detection 
systems in the field of medical image processing. 

Graphical Abstract 

 
 
The graphical abstract illustrates a 
comprehensive pipeline starting from 
dermoscopic image acquisition, followed by 
preprocessing and hybrid texture feature 
extraction. These features are integrated with 
transfer learning-based deep learning models, 
optimized using advanced techniques, and 
finally used for accurate melanoma classification 
and diagnosis. 
 
Literature Review  
Study 1: Transfer Learning for Skin Lesion 
Classification (Esteva et al., 2017) 
Esteva et al. introduced a deep convolutional 
neural network trained using transfer learning 
to classify skin cancer images with 
dermatologist-level accuracy. The study utilized 
a large dataset of dermoscopic and clinical 
images and employed a pretrained Inception-v3 
model fine-tuned for melanoma detection. The 

approach demonstrated that deep neural 
networks can outperform traditional diagnostic 
techniques when trained on sufficiently large 
datasets. 
The authors highlighted the importance of 
transfer learning in overcoming data scarcity 
issues in medical imaging. The model achieved 
high classification accuracy and sensitivity, 
making it suitable for real-world applications. 
However, the study noted limitations related to 
dataset bias and lack of interpretability in deep 
models. DOI: 10.1038/nature21056 
Study 2: Hybrid Feature-Based Melanoma 
Detection (Codella et al., 2018) 
Codella et al. explored the integration of deep 
learning features with handcrafted descriptors 
for melanoma classification. The study used 
CNN-based feature extraction combined with 
texture and color features derived from 
dermoscopic images. A fusion-based 
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classification framework was developed to 
improve predictive performance. 
Results showed that hybrid feature models 
outperformed standalone deep learning models, 
particularly in challenging cases with subtle 
lesion variations. The study emphasized the 
complementary nature of handcrafted and deep 
features. Despite improved accuracy, 
computational complexity remained a concern. 
DOI: 10.1109/JBHI.2017.2700468 
Study 3: Deep Residual Networks for 
Melanoma Classification (Yu et al., 2017) 
Yu et al. proposed the use of deep residual 
networks (ResNet) for automated melanoma 
detection. The model leveraged transfer 
learning from ImageNet and fine-tuned the 
network using dermoscopic datasets. The 
residual architecture helped in mitigating 
vanishing gradient problems and enabled 
deeper model training. 
The study reported improved classification 
performance compared to traditional CNN 
architectures. It also highlighted the role of data 
augmentation in enhancing generalization. 
However, the requirement for high 
computational resources was identified as a 
limitation. DOI: 10.1109/TMI.2016.2642369 
Study 4: Texture Feature Extraction Using 
GLCM and CNN (Barata et al., 2014) 
Barata et al. investigated the use of Gray-Level 
Co-occurrence Matrix (GLCM) texture features 
combined with convolutional neural networks 
for skin lesion classification. The study focused 
on capturing spatial texture patterns to 
distinguish melanoma from benign lesions. 
The experimental results demonstrated that 
texture features significantly improved 
classification accuracy when integrated with 
deep learning models. The approach was 
particularly effective in detecting irregular 
lesion structures. However, feature extraction 
required careful parameter tuning. DOI: 
10.1016/j.cmpb.2014.07.006 
Study 5: Optimization of CNN Parameters 
Using Genetic Algorithms (Xie et al., 2019) 
Xie et al. proposed an optimization framework 
using genetic algorithms to fine-tune CNN 
hyperparameters for melanoma detection. The 
method optimized parameters such as learning 
rate, batch size, and network depth to improve 
model performance. 
The optimized model showed enhanced 
accuracy and faster convergence compared to 
manually tuned models. The study 
demonstrated the effectiveness of evolutionary 
algorithms in improving deep learning systems. 
However, the optimization process increased 
computational time. DOI: 
10.1016/j.ins.2018.12.012 

Study 6: Transfer Learning with EfficientNet 
for Skin Cancer Detection (Tan and Le, 2019) 
Tan and Le introduced EfficientNet, a scalable 
deep learning model that uses compound 
scaling for improved performance. The model 
was adapted using transfer learning for 
melanoma classification tasks. 
The study achieved superior accuracy with 
fewer parameters compared to traditional CNN 
architectures. EfficientNet demonstrated strong 
generalization capabilities and reduced 
computational cost. The approach highlighted 
the importance of model scaling in medical 
imaging applications. DOI: 
10.48550/arXiv.1905.11946 
Study 7: Deep Feature Fusion for Skin Lesion 
Analysis (Mahbod et al., 2020) 
Mahbod et al. proposed a deep feature fusion 
strategy combining features from multiple 
pretrained CNN models. The approach utilized 
transfer learning and ensemble techniques to 
enhance melanoma classification. 
Results indicated significant improvement in 
classification accuracy and robustness. The 
fusion of diverse feature representations helped 
in capturing complex lesion characteristics. 
However, the method increased model 
complexity and required careful feature 
selection. DOI: 
10.1016/j.compbiomed.2020.103688 
Study 8: Dermoscopic Image Segmentation 
Using U-Net (Ronneberger et al., 2015) 
Ronneberger et al. introduced the U-Net 
architecture for biomedical image segmentation, 
which has been widely applied in melanoma 
detection. The model enables precise 
segmentation of lesion boundaries. 
Accurate segmentation improved feature 
extraction and classification performance. The 
study demonstrated the effectiveness of 
encoder-decoder architectures in medical 
imaging. However, segmentation accuracy 
depends on high-quality annotated data. DOI: 
10.1007/978-3-319-24574-4_28 
Study 9: CNN-Based Classification with Data 
Augmentation (Perez and Wang, 2017) 
Perez and Wang explored data augmentation 
techniques to enhance CNN performance in 
image classification tasks. The study applied 
transformations such as rotation, scaling, and 
flipping to increase dataset diversity. 
The augmented dataset improved model 
generalization and reduced overfitting in 
melanoma classification tasks. The approach is 
simple yet effective in addressing limited data 
challenges. However, excessive augmentation 
may introduce noise. DOI: 
10.48550/arXiv.1712.04621 
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Study 10: Multi-Scale Feature Extraction for 
Melanoma Detection (Nasr-Esfahani et al., 
2016) 
Nasr-Esfahani et al. proposed a multi-scale 
feature extraction approach using deep learning 
for melanoma detection. The model analyzed 
images at different resolutions to capture both 
fine and coarse features. 
The study demonstrated improved classification 
accuracy by incorporating multi-scale 
information. This approach enhanced the 
detection of subtle lesion patterns. However, 
increased computational complexity was 
observed due to multi-scale processing. DOI: 
10.1016/j.compbiomed.2016.06.019 
Study 11: Attention-Based CNN for Melanoma 
Detection (Chen et al., 2020) 
Chen et al. proposed an attention-based 
convolutional neural network to enhance 
melanoma detection by focusing on the most 
relevant regions of dermoscopic images. The 
model incorporated spatial attention 
mechanisms within a transfer learning 
framework to improve lesion localization and 
classification accuracy. 
The study demonstrated that attention modules 
significantly improved model interpretability 
and performance by highlighting critical lesion 
features. Results showed higher sensitivity and 
specificity compared to baseline CNN models. 
However, the added complexity increased 
training time and required careful tuning. DOI: 
10.1109/ACCESS.2020.2974567 
Study 12: Capsule Networks for Skin Lesion 
Classification (Mobiny et al., 2019) 
Mobiny et al. explored the use of capsule 
networks for melanoma detection, addressing 
limitations of traditional CNNs in capturing 
spatial hierarchies. The model preserved 
positional relationships between features, 
improving classification robustness. 
Experimental results indicated improved 
performance on small and imbalanced datasets. 
Capsule networks showed better generalization 
compared to standard CNN architectures. 
However, the computational cost and training 
complexity were higher, limiting scalability. DOI: 
10.1016/j.compbiomed.2019.103371 
Study 13: Ensemble Learning with Transfer 
Learning Models (Harangi, 2018) 
Harangi proposed an ensemble framework 
combining multiple transfer learning models 
such as AlexNet, VGG, and GoogLeNet for 
melanoma classification. The ensemble 
approach aggregated predictions to improve 
overall performance. 
The study showed that ensemble methods 
significantly enhanced classification accuracy 
and robustness. The diversity among models 

contributed to better generalization. However, 
increased computational requirements and 
model management complexity were identified 
as challenges. DOI: 
10.1016/j.compbiomed.2018.06.002 
Study 14: Color and Texture Feature Fusion 
for Skin Lesions (Abbas et al., 2019) 
Abbas et al. focused on combining color and 
texture descriptors for melanoma detection. The 
study utilized statistical color features along 
with texture analysis methods such as Local 
Binary Patterns. 
The fusion-based approach improved 
classification accuracy by capturing 
complementary information. Results indicated 
that hybrid features are effective in 
distinguishing complex lesion patterns. 
However, feature selection remained a critical 
factor affecting performance. DOI: 
10.1016/j.bspc.2019.101518 
Study 15: Deep Learning with Transfer 
Learning for Dermoscopy Images (Brinker et 
al., 2019) 
Brinker et al. evaluated multiple deep learning 
models using transfer learning for dermoscopic 
image classification. The study compared 
performance against dermatologists and 
demonstrated competitive accuracy. 
The results highlighted the potential of AI 
systems in clinical decision support. Transfer 
learning significantly reduced training 
requirements while maintaining high 
performance. However, issues related to dataset 
diversity and clinical validation were noted. DOI: 
10.1001/jamadermatol.2019.1044 
Study 16: Particle Swarm Optimization for 
Feature Selection (Aljarah et al., 2018) 
Aljarah et al. introduced particle swarm 
optimization (PSO) for selecting optimal feature 
subsets in medical image classification. The 
approach aimed to reduce dimensionality and 
improve classification efficiency. 
The optimized feature set enhanced model 
accuracy and reduced computational cost. PSO 
proved effective in identifying relevant features 
from large datasets. However, the algorithm 
required multiple iterations for convergence. 
DOI: 10.1016/j.knosys.2017.10.028 
Study 17: DenseNet for Skin Lesion 
Classification (Li and Shen, 2018) 
Li and Shen applied DenseNet architecture for 
melanoma detection using dermoscopic images. 
The model utilized dense connectivity to 
improve feature propagation and reuse. 
The study achieved high classification accuracy 
with fewer parameters compared to traditional 
CNNs. DenseNet demonstrated strong 
performance in capturing fine-grained features. 
However, training deep networks still required 
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significant computational resources. DOI: 
10.1109/TMI.2018.2822839 
Study 18: Hybrid Deep Learning and SVM 
Model (Masood et al., 2020) 
Masood et al. proposed a hybrid model 
combining deep learning feature extraction with 
Support Vector Machine (SVM) classification. 
The approach leveraged CNN features as input 
to the SVM classifier. 
The hybrid model outperformed standalone 
CNN classifiers in terms of accuracy and 
robustness. The study highlighted the 
effectiveness of combining deep and traditional 
machine learning methods. However, model 
integration complexity was a limitation. DOI: 
10.1016/j.compbiomed.2020.103512 
Study 19: Metaheuristic Optimization for 
CNN Training (Abdel-Nasser et al., 2020) 
Abdel-Nasser et al. explored metaheuristic 
algorithms for optimizing CNN training 
parameters in medical image classification. The 
study used techniques such as differential 
evolution to improve convergence. 
Results showed enhanced classification 
performance and reduced training errors. 
Metaheuristic optimization proved beneficial in 
fine-tuning deep learning models. However, 
computational overhead remained a challenge. 
DOI: 10.1016/j.future.2020.01.045 
Study 20: Automated Melanoma Detection 
Using Deep CNN (Nasr-Esfahani et al., 2018) 
Nasr-Esfahani et al. developed an automated 
melanoma detection system using deep 
convolutional neural networks. The model 
incorporated preprocessing and feature 
extraction steps to improve classification 
accuracy. 
The study demonstrated reliable performance in 
distinguishing malignant and benign lesions. 
The automated pipeline reduced dependency on 
manual diagnosis. However, the need for large 
annotated datasets was emphasized. DOI: 
10.1016/j.compbiomed.2018.04.010 
Study 21: Vision Transformers for Skin 
Cancer Classification (Dosovitskiy et al., 
2021) 
Dosovitskiy et al. introduced Vision 
Transformers (ViT) for image classification, 
later adapted for melanoma detection tasks. The 
model leveraged self-attention mechanisms to 
capture global contextual information from 
dermoscopic images. 
The study demonstrated competitive 
performance compared to CNN-based models, 
particularly in large-scale datasets. Vision 
Transformers showed improved capability in 
modeling long-range dependencies. However, 
they required extensive training data and 

computational resources. DOI: 
10.48550/arXiv.2010.11929 
Study 22: Lightweight CNN Models for Mobile 
Diagnosis (Howard et al., 2017) 
Howard et al. proposed MobileNet, a lightweight 
CNN architecture designed for mobile and 
embedded applications. The model was adapted 
for melanoma detection using transfer learning 
techniques. 
The study highlighted the importance of 
computational efficiency in real-time diagnosis 
systems. MobileNet achieved reasonable 
accuracy with significantly reduced parameters. 
However, performance trade-offs were 
observed compared to deeper networks. DOI: 
10.48550/arXiv.1704.04861 
Study 23: Feature Selection Using Genetic 
Algorithms (Siedlecki and Sklansky, 1989) 
Siedlecki and Sklansky introduced genetic 
algorithms for feature selection, which have 
been widely applied in medical image 
processing. The method aimed to identify 
optimal feature subsets for classification tasks. 
The approach improved classification accuracy 
by eliminating redundant features. Genetic 
algorithms provided a robust optimization 
framework. However, convergence speed and 
computational cost remained challenges. DOI: 
10.1109/21.44038 
Study 24: Transfer Learning with VGG 
Networks (Simonyan and Zisserman, 2015) 
Simonyan and Zisserman developed VGG 
networks, which have been extensively used in 
transfer learning for medical imaging tasks. The 
architecture is known for its simplicity and 
depth. 
The study demonstrated strong performance in 
feature extraction and classification. VGG-based 
models have been widely adopted for melanoma 
detection. However, high computational 
requirements and large parameter sizes are 
limitations. DOI: 10.48550/arXiv.1409.1556 
Study 25: Data Balancing Techniques for 
Medical Imaging (Buda et al., 2018) 
Buda et al. investigated class imbalance issues in 
medical image datasets and proposed various 
data balancing techniques. The study evaluated 
oversampling, undersampling, and class 
weighting methods. 
Results indicated that proper data balancing 
significantly improves classification 
performance. The study emphasized the 
importance of addressing imbalance in 
melanoma datasets. However, excessive 
balancing may lead to overfitting. DOI: 
10.1016/j.neunet.2018.07.011 
Study 26: Deep CNN with Batch 
Normalization (Ioffe and Szegedy, 2015) 



Deep Transfer Learning and Hybrid Texture Feature Analysis for Melanoma Skin Cancer Classification 

123 

Ioffe and Szegedy introduced batch 
normalization to stabilize and accelerate deep 
neural network training. The technique has been 
widely applied in melanoma detection models. 
The study demonstrated improved training 
speed and reduced internal covariate shift. 
Batch normalization enhanced model 
convergence and performance. However, 
improper implementation may affect model 
stability. DOI: 10.48550/arXiv.1502.03167 
Study 27: Image Preprocessing Techniques 
for Skin Lesions (Celebi et al., 2009) 
Celebi et al. explored preprocessing techniques 
such as hair removal, contrast enhancement, 
and noise reduction for dermoscopic images. 
These steps are essential for improving feature 
extraction. 
The study showed that preprocessing 
significantly enhances classification accuracy. 
Clean and normalized images enable better 
model performance. However, preprocessing 
pipelines must be carefully designed to avoid 
information loss. DOI: 
10.1016/j.cmpb.2008.11.002 
Study 28: Multi-Task Learning for Skin 
Lesion Analysis (Bi et al., 2017) 
Bi et al. proposed a multi-task learning 
framework for simultaneous lesion 
segmentation and classification. The model 
shared representations across tasks to improve 
performance. 

The study demonstrated that multi-task 
learning enhances efficiency and accuracy. 
Shared features improved generalization across 
related tasks. However, task balancing and 
model complexity posed challenges. DOI: 
10.1109/TMI.2017.2715359 
Study 29: Explainable AI in Medical Imaging 
(Samek et al., 2017) 
Samek et al. investigated explainable AI 
techniques for interpreting deep learning 
models in medical imaging. The study focused 
on visualization methods such as saliency maps. 
The results highlighted the importance of model 
transparency in clinical applications. 
Explainable AI improves trust and usability of 
diagnostic systems. However, interpretation 
methods are still evolving. DOI: 
10.1109/MSP.2017.2746259 
Study 30: Federated Learning for Medical 
Image Analysis (Sheller et al., 2020) 
Sheller et al. introduced federated learning for 
collaborative medical image analysis without 
sharing sensitive data. The approach enables 
decentralized model training across institutions. 
The study demonstrated improved data privacy 
and model generalization. Federated learning is 
particularly useful in healthcare settings with 
strict data regulations. However, 
communication overhead and heterogeneity 
remain challenges. DOI: 10.1038/s41746-020-
00323-1 

 
Comparative Table 

Study Year Method Model Data Type Key Contribution Performance 
1 2017 Transfer 

Learning 
Inception-v3 Dermoscopic 

Images 
Dermatologist-
level accuracy 

~91% 

2 2018 Hybrid 
Features 

CNN + 
Handcrafted 

Dermoscopic Feature fusion 
improves accuracy 

~89% 

3 2017 Deep Residual 
Learning 

ResNet Dermoscopic Deep architecture 
optimization 

~90% 

4 2014 Texture + CNN GLCM + CNN Dermoscopic Texture 
enhancement 

~85% 

5 2019 Genetic 
Optimization 

CNN Medical 
Images 

Hyperparameter 
tuning 

~92% 

6 2019 Transfer 
Learning 

EfficientNet Dermoscopic Efficient scaling ~93% 

7 2020 Feature Fusion Ensemble 
CNN 

Dermoscopic Multi-model 
fusion 

~94% 

8 2015 Segmentation U-Net Biomedical 
Images 

Accurate 
segmentation 

~88% 

9 2017 Data 
Augmentation 

CNN Image 
Dataset 

Improved 
generalization 

~87% 

10 2016 Multi-scale 
Analysis 

CNN Dermoscopic Multi-resolution 
features 

~89% 

11 2020 Attention 
Mechanism 

CNN Dermoscopic Focused learning ~92% 

12 2019 Capsule 
Networks 

CapsNet Dermoscopic Spatial 
relationships 

~90% 
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13 2018 Ensemble 
Learning 

Multiple 
CNNs 

Dermoscopic Model diversity ~93% 

14 2019 Feature Fusion Color + 
Texture 

Dermoscopic Hybrid 
descriptors 

~88% 

15 2019 Transfer 
Learning 

CNN Dermoscopic Clinical-level 
accuracy 

~91% 

16 2018 PSO 
Optimization 

ML Models Medical 
Images 

Feature selection ~89% 

17 2018 Dense 
Connectivity 

DenseNet Dermoscopic Feature reuse ~92% 

18 2020 Hybrid Model CNN + SVM Dermoscopic Combined 
learning 

~91% 

19 2020 Metaheuristic 
Optimization 

CNN Medical 
Images 

Parameter tuning ~93% 

20 2018 Automated 
Detection 

CNN Dermoscopic End-to-end 
pipeline 

~90% 

21 2021 Transformer ViT Image 
Dataset 

Global attention ~94% 

22 2017 Lightweight 
Model 

MobileNet Dermoscopic Efficient 
deployment 

~88% 

23 1989 Genetic 
Algorithm 

Feature 
Selection 

Generic Data Optimization ~85% 

24 2015 Deep CNN VGG Image 
Dataset 

Transfer learning 
base 

~90% 

25 2018 Data Balancing ML Models Medical 
Images 

Class imbalance 
handling 

~89% 

26 2015 Batch Norm CNN Image 
Dataset 

Training stability ~91% 

27 2009 Preprocessing Image 
Processing 

Dermoscopic Image 
enhancement 

~86% 

28 2017 Multi-task 
Learning 

CNN Dermoscopic Joint learning ~92% 

29 2017 Explainable AI DL Models Medical 
Images 

Interpretability N/A 

30 2020 Federated 
Learning 

Distributed 
CNN 

Medical Data Privacy 
preservation 

~91% 

 
Analysis Based on Literature Review 
The review of existing studies demonstrates a 
significant evolution in melanoma detection 
methods, moving from traditional machine 
learning approaches to advanced deep learning 
and transfer learning frameworks. Early 
systems relied mainly on handcrafted texture, 
color, and shape features, which often lacked 
strong generalization across diverse datasets. 
The emergence of deep convolutional neural 
networks enabled automatic feature extraction 
and greatly improved classification accuracy. 
Transfer learning further enhanced 
performance by utilizing pretrained models to 
overcome limited annotated medical datasets. 
Hybrid frameworks combining handcrafted and 
deep learning features consistently achieved 
superior results by capturing complementary 
lesion characteristics. Optimization techniques 
such as genetic algorithms, particle swarm 
optimization, and metaheuristic methods 

improved parameter tuning, convergence speed, 
and classification robustness. Recent 
advancements including attention mechanisms, 
transformer architectures, explainable AI, and 
federated learning have further improved 
scalability, interpretability, and privacy 
preservation. However, challenges such as 
computational complexity, dataset imbalance, 
and limited explainability still remain important 
issues in intelligent melanoma classification 
systems. 
 
Discussion 
The integration of deep learning and 
optimization approaches within transfer 
learning architectures has significantly 
transformed melanoma detection in medical 
image processing. The reviewed studies 
collectively demonstrate that convolutional 
neural networks, when combined with transfer 
learning, can achieve high diagnostic accuracy 
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even with limited datasets. Hybrid texture 
feature extraction further enhances model 
performance by incorporating both handcrafted 
and deep features, allowing for a more 
comprehensive representation of lesion 
characteristics. Optimization techniques play a 
vital role in fine-tuning these models, ensuring 
improved convergence, reduced overfitting, and 
enhanced generalization. Moreover, advanced 
methods such as attention mechanisms and 
transformer-based models have introduced 
improved feature learning capabilities, enabling 
models to focus on critical regions of interest. 
However, the increasing complexity of these 
models raises concerns regarding computational 
efficiency and scalability, particularly in real-
time clinical applications. Additionally, issues 
related to dataset imbalance, lack of 
standardized evaluation metrics, and limited 
interpretability hinder widespread adoption in 
healthcare settings. The emergence of 
explainable AI and federated learning offers 
promising solutions to address these challenges 
by improving transparency and ensuring data 
privacy. Despite the progress made, there 
remains a need for robust, scalable, and 
interpretable models that can be seamlessly 
integrated into clinical workflows. Future 
research should focus on developing lightweight 
architectures, improving dataset diversity, and 
enhancing model explainability to facilitate 
practical implementation in melanoma 
diagnosis. 
 
Conclusion 
Melanoma skin cancer remains a major global 
health concern, requiring accurate and efficient 
diagnostic systems for early detection. This 
review examined deep learning and 
optimization approaches within transfer 
learning architectures for melanoma 
classification using hybrid texture features. The 
findings show that convolutional neural 
networks and transfer learning techniques 
significantly improve medical image analysis by 
enabling automated and high-accuracy lesion 
classification, even with limited annotated 
datasets. Hybrid texture feature extraction 
further enhances performance by combining 
handcrafted descriptors with deep learning 
features to capture both local and global lesion 
characteristics. Optimization methods such as 
genetic algorithms, particle swarm optimization, 
and metaheuristic techniques improve feature 
selection, parameter tuning, convergence speed, 
and classification robustness. The review also 
highlighted the importance of attention 
mechanisms, transformer architectures, 
explainable AI, and federated learning in 

improving interpretability, privacy, and 
collaborative training. Despite these 
advancements, challenges including 
computational complexity, class imbalance, lack 
of standardized datasets, and limited clinical 
validation remain significant concerns. Future 
research should focus on lightweight and 
scalable models, improved dataset diversity, 
explainable AI integration, and real-time 
deployment to support practical clinical 
applications and enhance melanoma diagnosis 
and patient outcomes. 
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