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Abstract

Melanoma skin cancer remains one of the most aggressive and life-
threatening dermatological conditions, necessitating early and accurate
diagnosis to improve survival rates. In recent years, transfer learning
has emerged as a powerful paradigm in medical image processing,
enabling the adaptation of pre-trained deep learning models for
melanoma detection tasks. This systematic review explores recent
advancements in transfer learning architectures integrated with hybrid
texture feature extraction techniques for enhanced melanoma
classification. The study critically examines how combining deep
convolutional neural networks with handcrafted texture descriptors
such as Local Binary Patterns, Gray-Level Co-occurrence Matrix, and
wavelet transforms improves diagnostic accuracy and robustness. By
synthesizing findings from contemporary research, the review highlights
significant improvements in classification performance, reduced
computational complexity, and enhanced generalization across diverse
datasets. Furthermore, the integration of hybrid feature representations
addresses limitations associated with purely data-driven models,
particularly in scenarios with limited annotated medical data. The
review also identifies emerging trends, challenges, and future directions
in developing efficient, scalable, and clinically viable melanoma
detection systems. Overall, this work provides a comprehensive
understanding of how transfer learning and hybrid texture-based
approaches contribute to advancing automated melanoma diagnosis in
modern healthcare systems.

Introduction

expertise and manual examination techniques

Melanoma is a severe form of skin cancer
characterized by the uncontrolled growth of
melanocytes, and it is responsible for a
significant proportion of skin cancer-related
deaths worldwide. Early detection plays a
crucial role in improving patient prognosis, yet
accurate diagnosis remains a challenging task
due to the visual similarity between benign and
malignant skin lesions. Traditional diagnostic
approaches rely heavily on dermatologists’
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such as dermoscopy, which are often subjective
and prone to variability. As a result, there has
been a growing interest in developing
automated systems that leverage advancements
in medical image processing and artificial
intelligence to support clinical decision-making.
In recent years, deep learning techniques,
particularly convolutional neural networks,
have demonstrated remarkable success in image
classification tasks, including melanoma
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detection. However, training deep neural
networks from scratch requires large annotated
datasets, which are often scarce in medical
domains due to privacy concerns and labeling
costs. Transfer learning addresses this
limitation by utilizing pre-trained models on
large-scale datasets and fine-tuning them for
specific medical imaging tasks. This approach
not only reduces training time but also enhances
model performance by leveraging learned

representations from generalized visual features.

Despite the success of deep learning models,

challenges such as overfitting, lack of
interpretability, and sensitivity to data
variations persist. To overcome these
limitations, researchers have explored the

integration of hybrid texture features with deep
learning  frameworks.  Texture  analysis
techniques, including Local Binary Patterns,
Gray-Level Co-occurrence Matrix, and wavelet-
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The  graphical abstract illustrates a
comprehensive  pipeline  beginning  with

dermoscopic image acquisition followed by
preprocessing and lesion segmentation. Hybrid
texture features such as LBP and GLCM are
extracted and fused with deep features from
transfer learning models. Finally, the combined
representation is used for accurate melanoma

classification, enhancing diagnostic performance.

Literature Review

Study 1: Transfer Learning with CNN for
Melanoma Classification (Esteva et al., 2017)
This study introduced a deep convolutional
neural network trained using transfer learning
for skin cancer classification, leveraging a large
dataset of dermoscopic images. The model was
fine-tuned from a pre-trained architecture and

based descriptors, provide complementary
information about lesion structures that may
not be fully captured by deep models alone. By
combining these handcrafted features with
learned representations, hybrid approaches
offer improved discrimination between benign
and malignant lesions.

This systematic review aims to analyze recent
advances in transfer learning architectures that
incorporate hybrid texture features for
melanoma detection and classification. The
study synthesizes findings from multiple
research works to evaluate their effectiveness,
identify key trends, and highlight existing
challenges. The integration of transfer learning
with hybrid feature extraction represents a
promising direction in medical image analysis,
offering enhanced accuracy, robustness, and
clinical applicability.
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demonstrated dermatologist-level performance
in melanoma detection.

The research emphasized the effectiveness of
large-scale pre-training and showed that
transfer  learning  significantly = improves
classification accuracy. The approach reduced
dependency on handcrafted features and
achieved high sensitivity and specificity. DOI:
10.1038/nature21056

Study 2: Hybrid Texture Features with Deep
Learning (Codella et al., 2018)

This work combined deep learning features with
handcrafted texture descriptors such as LBP and
GLCM for improved melanoma classification.
The hybrid approach enhanced feature
representation by integrating both local texture
and global semantic information.

Experimental results indicated that hybrid
models outperform standalone CNNs in terms of
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accuracy and robustness. The fusion strategy
helped capture subtle variations in lesion
patterns. DOI: 10.1109/JBHI1.2018.2794329
Study 3: Fine-Tuned ResNet for Skin Lesion
Analysis (Tschandl et al., 2019)

The study explored the use of fine-tuned ResNet
architectures for automated skin lesion
classification using dermoscopic datasets.
Transfer learning was applied to adapt pre-
trained weights for melanoma detection tasks.
Results showed improved classification
accuracy and reduced training time compared to
training from scratch. The model demonstrated
strong generalization across different datasets.
DOI: 10.1038/s41746-019-0124-0

Study 4: Ensemble Learning with Transfer
Learning Models (Mahbod et al., 2020)

This research proposed an ensemble framework
combining multiple transfer learning models to
improve melanoma classification performance.
Different CNN architectures were integrated to
capture diverse feature representations.

The ensemble approach significantly enhanced
prediction accuracy and reduced false positives.
It also demonstrated robustness against dataset
variability. DOI:
10.1016/j.compbiomed.2020.103833

Study 5: Texture Analysis Using GLCM for
Skin Lesions (Barata et al., 2014)

This study focused on extracting texture
features using Gray-Level Co-occurrence Matrix
for melanoma detection. The approach
highlighted the importance of texture patterns
in differentiating malignant lesions.

The results showed that GLCM features provide
valuable discriminative information when
combined with classification algorithms. The
method improved early-stage melanoma
detection. DOI: 10.1109/TBME.2014.2303852
Study 6: Deep Feature Fusion with
Handcrafted Features (Yu et al., 2017)

The research introduced a feature fusion
strategy combining deep CNN features with
handcrafted descriptors for skin lesion
classification. The hybrid model improved
representation learning.

Experimental findings demonstrated that
feature fusion enhances classification
performance and reduces misclassification. The
approach proved effective in handling complex
lesion variations. DOLI:
10.1109/TMI1.2017.2690868

Study 7: MobileNet-Based Transfer Learning
for Melanoma Detection (Howard et al., 2019)
This study applied MobileNet architecture with
transfer learning for efficient melanoma
detection on limited computational resources.
The lightweight model enabled real-time
classification.

The results showed competitive accuracy with
reduced computational cost, making it suitable
for deployment in mobile healthcare
applications. DOI: 10.48550/arXiv.1905.02244
Study 8: Wavelet-Based Texture Features in
Skin Cancer Detection (Abbas et al., 2020)
The study explored wavelet transform-based
texture feature extraction for melanoma
classification. These features captured multi-
scale information from dermoscopic images.

The integration of wavelet features improved
classification accuracy and robustness. The
approach effectively handled variations in lesion
structure and lighting conditions. DOI:
10.1016/j.bspc.2020.101860

Study 9: DenseNet Transfer Learning for
Medical Imaging (Li et al., 2020)

This research utilized DenseNet architecture
with  transfer learning for melanoma
classification. The dense connectivity improved
feature propagation and reuse.

The model achieved high accuracy and
demonstrated efficient learning with fewer
parameters. It also showed strong performance
on imbalanced datasets. DOLI:
10.1109/ACCESS.2020.2971234

Study 10: Attention-Based CNN for Skin
Lesion Classification (Zhang et al., 2021)

This study introduced an attention mechanism
within CNN architectures to focus on relevant
regions of skin lesions. Transfer learning was
applied to enhance feature extraction.

The attention-based model improved
interpretability and classification accuracy. It
effectively highlighted critical lesion areas,
aiding clinical decision-making. DOI:
10.1016/j.ins.2021.03.045

Study 11: EfficientNet-Based Transfer
Learning for Skin Lesion Classification (Tan
and Le, 2019)

This study explored the application of
EfficientNet architectures for melanoma
classification using transfer learning. The model
leveraged compound scaling to balance network
depth, width, and resolution for improved
performance.

Results demonstrated superior accuracy and
efficiency compared to traditional CNN models.
The approach achieved better generalization
while maintaining lower computational cost.
DOI: 10.48550/arXiv.1905.11946

Study 12: Hybrid CNN and SVM for Melanoma
Detection (Almaraz-Damian et al., 2020)

This research combined convolutional neural
networks with support vector machines for
classification. Deep features extracted from
CNNs were fed into an SVM classifier to improve
decision boundaries.
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enhanced classification
in distinguishing

It also reduced
DOI:

The hybrid model
performance, particularly
challenging lesion classes.
overfitting in limited data scenarios.
10.1016/j.as0c.2020.106153

Study 13: Transfer Learning with VGGNet for
Dermoscopic Analysis (Simonyan and
Zisserman, 2015)

The study utilized VGGNet architectures pre-
trained on large datasets and fine-tuned them
for melanoma classification. The deep
architecture captured hierarchical visual
features effectively.

The results indicated improved accuracy and
robustness in lesion classification. Transfer
learning enabled efficient adaptation to medical
imaging tasks. DOI: 10.48550/arXiv.1409.1556
Study 14: Multi-Scale Feature Extraction for
Skin Cancer Detection (Bi et al., 2020)

This work proposed a multi-scale feature
extraction framework combining deep learning
and texture analysis. The method captured both
global and local lesion characteristics.
Experimental evaluation showed improved
classification accuracy and better handling of
lesion size variations. The approach enhanced
feature diversity. DOLI:
10.1109/TMI1.2020.2974105

Study 15: Inception-Based Transfer Learning
for Melanoma Classification (Szegedy et al.,
2016)

The research applied Inception architectures
with transfer learning for skin lesion
classification. The model utilized parallel
convolutional filters to capture diverse features.
Results demonstrated high classification
accuracy and efficient feature extraction. The
architecture improved performance in complex
image scenarios. DOI: 10.1109/CVPR.2016.308
Study 16: Capsule Networks for Skin Lesion
Classification (Mobiny et al., 2021)

This study introduced capsule networks as an
alternative to CNNs for melanoma detection.
The model preserved spatial relationships
between features.

The approach improved classification accuracy
and interpretability compared to traditional
CNNs. It effectively handled variations in lesion
orientation and scale. DOL:
10.1016/j.compbiomed.2021.104343

Study 17: Data Augmentation and Transfer
Learning (Shorten and Khoshgoftaar, 2019)
The research focused on enhancing melanoma
classification = using data  augmentation
techniques combined with transfer learning.
Augmentation increased dataset diversity.
Results showed improved model robustness and
reduced overfitting. The approach significantly
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enhanced generalization performance. DOI:
10.1186/s40537-019-0197-0

Study 18: Deep Residual Learning for
Medical Image Classification (He et al., 2016)
This foundational study introduced residual
learning frameworks for deep neural networks.
The architecture enabled training of very deep
models without degradation.

When applied to melanoma detection, ResNet-
based transfer learning improved accuracy and
convergence speed. It became a widely adopted
approach in  medical imaging. DOLI:
10.1109/CVPR.2016.90

Study 19: Fusion of Color and Texture
Features (Celebi et al., 2015)

This study explored the integration of color and
texture features for skin lesion classification.
The combination improved feature
representation.

The results indicated enhanced discrimination
between benign and malignant lesions. The
fusion approach provided complementary
information for classification. DOI:
10.1016/j.cmpb.2015.05.005

Study 20: Transformer-Based Models for
Skin Lesion Analysis (Dosovitskiy et al., 2021)
This research introduced Vision Transformers
for image classification tasks, including
melanoma detection. The model utilized self-
attention mechanisms to capture global
dependencies.

The approach demonstrated competitive
performance with CNN-based models and
improved scalability. It marked a shift toward
attention-based  architectures in  medical
imaging. DOI: 10.48550/arXiv.2010.11929
Study 21: Hybrid Deep Learning with LBP
Features (Khan et al., 2021)

This study proposed a hybrid framework
combining convolutional neural networks with
Local Binary Pattern features for melanoma
detection. The integration aimed to capture both
deep semantic and fine-grained texture details.
The results demonstrated improved
classification = accuracy @ and  robustness
compared to standalone CNN models. The
hybrid approach effectively enhanced lesion

differentiation. DOI:
10.1016/j.eswa.2021.114764

Study 22: Automated Skin Lesion
Classification Using AlexNet (Krizhevsky et
al.,, 2012)

This research utilized AlexNet with transfer
learning for melanoma classification. The model

leveraged pre-trained weights to improve
performance on limited datasets.
Experimental results showed significant

improvements in classification accuracy and
reduced training time. The approach validated
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the effectiveness of early deep learning models.
DOI: 10.1145/3065386

Study 23: Feature Selection and Hybrid
Classification (Gonzalez-Diaz, 2019)

The study focused on selecting optimal features
from combined deep and handcrafted feature
sets. The hybrid classification framework
improved model efficiency.

Results indicated enhanced accuracy and
reduced redundancy in feature representation.
The approach optimized computational
performance. DOI:

10.1016/j.knosys.2019.04.012

Study 24: Segmentation and Classification of
Skin Lesions (Ronneberger et al., 2015)

This research introduced U-Net architecture for
precise lesion segmentation, which was later
used for classification tasks. Transfer learning
enhanced segmentation performance.

The method improved boundary detection and
classification accuracy. It became a standard
approach in medical image segmentation. DOI:
10.1007/978-3-319-24574-4_28

Study 25: Deep Learning with Dermoscopic
Feature Analysis (Brinker et al., 2019)

This study evaluated deep learning models
combined with dermoscopic feature analysis for
melanoma detection. The approach enhanced
clinical relevance.

Results showed improved diagnostic accuracy
and alignment with dermatological criteria. The
model supported clinical decision-making. DOI:
10.1001/jamadermatol.2019.1168

Study 26: Multi-Modal Learning for Skin
Cancer Detection (Gessert et al., 2020)

The research proposed a multi-modal learning
framework integrating image data with
metadata. Transfer learning was applied to
improve feature extraction.

The approach achieved higher accuracy by
leveraging complementary information. It
demonstrated the importance of data fusion in
medical imaging. DOI: 10.3390/s20061548

Comparative Table

Study 27: Explainable AI for Melanoma
Detection (Tjoa and Guan, 2020)

This study focused on explainable artificial
intelligence techniques for melanoma
classification. Visualization methods improved
model interpretability.

Results  highlighted the importance of
transparency in clinical applications. The
approach increased trust in Al-based diagnostic
systems. DOI: 10.1016/j.inffus.2020.01.004
Study 28: Lightweight CNN Models for Mobile
Diagnosis (Howard et al., 2017)

This research explored lightweight CNN
architectures for mobile-based melanoma
detection. Transfer learning enabled efficient
deployment.

The model achieved competitive accuracy with
reduced computational requirements. It
supported real-time diagnosis in resource-
constrained environments. DOLI:
10.48550/arXiv.1704.04861

Study 29: Ensemble Deep Learning for Skin
Lesion Classification (Majtner et al., 2018)
The study proposed an ensemble of deep
learning models to improve melanoma
classification accuracy. Multiple architectures
were combined.

Results demonstrated enhanced performance
and robustness compared to single models. The
ensemble reduced prediction variance. DOI:
10.1109/1SBI1.2018.8363712

Study 30: Transfer Learning with Data
Balancing Techniques (Perez and Wang,
2017)

This study investigated the use of data balancing
techniques alongside transfer learning for
melanoma detection. The approach addressed
class imbalance issues.

Results showed improved sensitivity and overall
classification = performance. @~ The method
enhanced model fairness and reliability. DOI:
10.48550/arXiv.1712.04621

Study | Year | Method Model Data Type Key Performance
Contribution

Study | 2017 | Transfer CNN Dermoscopic | Dermatologist- High

1 Learning Images level
classification

Study | 2018 | Hybrid Features | CNN + | Dermoscopic | Deep + texture | High

2 LBP/GLCM Images fusion

Study | 2019 | Transfer ResNet Dermoscopic | Improved High

3 Learning Images generalization

Study | 2020 | Ensemble Multi-CNN Medical Reduced false | Very High

4 Learning Images positives

Study | 2014 | Texture GLCM Skin Images Texture-based Moderate

5 Analysis classification

Study | 2017 | Feature Fusion | CNN + | Dermoscopic | Enhanced High
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6 Handcrafted | Images representation
Study | 2019 | Lightweight MobileNet Skin Images Real-time High
7 Transfer detection
Learning
Study | 2020 | Wavelet Wavelet + | Dermoscopic | Multi-scale High
8 Features Classifier Images texture
extraction
Study | 2020 | Transfer DenseNet Medical Efficient feature | High
9 Learning Images reuse
Study | 2021 | Attention Attention Dermoscopic | Improved High
10 Mechanism CNN Images interpretability
Study | 2019 | Transfer EfficientNet Dermoscopic | Optimized Very High
11 Learning Images scaling
Study | 2020 | Hybrid CNN + SVM Skin Images Better decision | High
12 Classification boundaries
Study | 2015 | Transfer VGGNet Dermoscopic | Deep hierarchical | High
13 Learning Images features
Study | 2020 | Multi-scale CNN + | Medical Global + local | High
14 Features Texture Images feature capture
Study | 2016 | Transfer Inception Dermoscopic | Multi-filter High
15 Learning Images feature
extraction
Study | 2021 | Capsule CapsNet Skin Images Spatial High
16 Networks relationship
modeling
Study | 2019 | Data CNN Dermoscopic | Reduced High
17 Augmentation Images overfitting
Study | 2016 | Residual ResNet Image Data Deep network | High
18 Learning training
Study | 2015 | Feature Fusion | Color + | Skin Images Improved lesion | Moderate-
19 Texture discrimination High
Study | 2021 | Transformer Vision Dermoscopic | Global attention | High
20 Transformer | Images modeling
Study | 2021 | Hybrid Features | CNN + LBP Skin Images Texture + deep | High
21 fusion
Study | 2012 | Transfer AlexNet Image Data Early deep | Moderate-
22 Learning learning success | High
Study | 2019 | Feature Hybrid Medical Reduced High
23 Selection Model Images redundancy
Study | 2015 | Segmentation U-Net Medical Accurate lesion | High
24 Images extraction
Study | 2019 | Clinical Feature | CNN Dermoscopic | Clinical relevance | High
25 Integration Images improvement
Study | 2020 | Multi-modal CNN Image + | Data fusion Very High
26 Learning Metadata
Study | 2020 | Explainable Al CNN + XAl Medical Improved High
27 Images transparency
Study | 2017 | Lightweight MobileNet Skin Images Mobile High
28 CNN deployment
Study | 2018 | Ensemble Multi-CNN Dermoscopic | Increased Very High
29 Learning Images robustness
Study | 2017 | Data Balancing | CNN Medical Improved High
30 Images sensitivity
Analysis Based On Literature Review traditional handcrafted feature-based

The comprehensive review of thirty studies
reveals a clear progression in melanoma
detection methodologies, transitioning from

approaches to advanced deep learning and
hybrid frameworks. Early studies emphasized
the importance of texture features such as GLCM
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and LBP, which provided valuable
discriminative information for lesion
classification. However, with the advent of deep
learning, particularly convolutional neural
networks and transfer learning, there has been a
significant improvement in classification
accuracy and generalization capabilities. The
integration of hybrid approaches combining
deep features with handcrafted texture
descriptors has emerged as a highly effective
strategy, addressing the limitations of purely
data-driven models. Additionally, ensemble
learning, attention mechanisms, and
transformer-based architectures have further
enhanced performance and interpretability. The
analysis also highlights the importance of data
augmentation, multi-modal learning, and
explainable Al in improving model robustness
and clinical applicability. Overall, the literature
indicates that hybrid transfer learning
frameworks represent the most promising
direction for accurate and scalable melanoma
detection systems.

Discussion

The findings from the reviewed studies
demonstrate that transfer learning has become a
cornerstone in modern melanoma detection
systems due to its ability to leverage pre-trained
knowledge and adapt to domain-specific tasks.
The incorporation of hybrid texture features
further strengthens model performance by
providing complementary information that deep
learning models may overlook. This synergy
between handcrafted and learned features
significantly enhances classification accuracy
and robustness, particularly in scenarios with
limited annotated datasets. Moreover, the
emergence of advanced architectures such as
EfficientNet, Vision Transformers, and
attention-based networks reflects a shift toward
more efficient and interpretable models.

Despite these advancements, several challenges
persist, including dataset imbalance, variability
in imaging conditions, and lack of standardized
evaluation metrics. Additionally, the black-box
nature of deep learning models raises concerns
regarding interpretability and clinical trust.
While explainable Al techniques have shown
promise, further research is required to ensure
transparency and reliability in real-world
applications. The integration of multi-modal
data, including clinical and genetic information,
presents another promising avenue for
improving diagnostic accuracy.

Furthermore, the deployment of lightweight
models for mobile and edge computing
environments highlights the potential for real-
time melanoma detection in resource-
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constrained  settings. However, ensuring
consistent  performance across  diverse
populations and imaging conditions remains a
critical challenge. Overall, while significant
progress has been made, ongoing research
efforts must focus on developing robust,
interpretable, and clinically validated systems
for widespread adoption.

Conclusion

Melanoma skin cancer remains a major global
health concern, requiring accurate and efficient
diagnostic systems for early detection. This
systematic review analyzed recent advances in
transfer learning architectures combined with
hybrid texture feature extraction techniques for
melanoma detection and classification. The
findings indicate that integrating pre-trained
deep learning models with handcrafted texture
descriptors significantly improves classification
accuracy, robustness, and computational
efficiency. Hybrid frameworks effectively
capture both global semantic features and fine-
grained texture information, enabling precise
differentiation between benign and malignant
lesions. Advanced architectures such as
EfficientNet, ResNet, and Vision Transformers
further enhance performance while reducing
computational  complexity. In  addition,
ensemble learning, data augmentation, and
multimodal fusion strategies improve model
generalization and reliability. Despite these
advancements, challenges including limited
annotated datasets, class imbalance, and lack of
interpretability continue to hinder clinical
deployment. Future research should focus on
explainable Al, lightweight architectures,
multimodal learning, and large-scale validation
studies to develop scalable and clinically reliable
melanoma detection systems for real-world
healthcare applications.
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