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Abstract

Melanoma skin cancer remains one of the most aggressive forms of
dermatological malignancies, necessitating early detection and precise
classification for improved patient outcomes. Recent advancements in
medical image processing and deep learning have significantly enhanced
diagnostic capabilities, particularly through transfer learning paradigms.
This paper presents a comprehensive review of transfer learning
architectures integrated with hybrid texture feature extraction
techniques for melanoma detection and classification. The study
explores how pre-trained convolutional neural networks, when
combined with handcrafted features such as Local Binary Patterns,
Gray-Level Co-occurrence Matrix, and wavelet transforms, contribute to
improved accuracy and robustness. Emphasis is placed on hybrid
frameworks that leverage both deep and traditional features to address
challenges such as limited annotated datasets, class imbalance, and
variability in lesion appearance. Furthermore, this review highlights the
role of fine-tuning strategies, feature fusion mechanisms, and
optimization techniques in enhancing classification performance. The
paper also examines benchmark datasets, evaluation metrics, and recent
methodological trends in melanoma diagnosis. By synthesizing findings
from recent studies, this work provides insights into the effectiveness of
hybrid transfer learning approaches and identifies potential research
directions for future developments in automated skin cancer detection
systems. The integration of advanced computational techniques with
clinical workflows is expected to significantly improve early diagnosis
and reduce mortality rates associated with melanoma.

Introduction

making. Traditional diagnostic approaches,

Melanoma skin cancer represents a critical
public health concern due to its rapid
progression and high mortality rate when not
detected at an early stage. The increasing global
incidence of melanoma has prompted significant
research efforts toward developing automated
diagnostic systems capable of assisting
dermatologists in accurate and timely decision-
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including dermoscopic examination and biopsy,
are often subjective and dependent on clinical
expertise, leading to variability in outcomes.
Consequently, there has been a growing demand
for intelligent computer-aided diagnostic
systems that can provide consistent and reliable
results.
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In recent years, advancements in medical image
processing and artificial intelligence have
revolutionized the field of dermatology. Deep

learning, particularly convolutional neural
networks, has demonstrated remarkable
performance in image classification tasks.

However, one of the major limitations of deep
learning models in medical imaging is the
scarcity of large annotated datasets required for
effective training. Transfer learning has
emerged as a powerful solution to this challenge
by leveraging knowledge from pre-trained
models developed on large-scale datasets such
as ImageNet. By fine-tuning these models for
specific medical applications, researchers have
been able to achieve high accuracy even with
limited data.

Despite the success of transfer learning, relying
solely on deep features may not fully capture the
complex textural patterns present in melanoma
lesions. Hybrid approaches that combine deep
learning features with handcrafted texture
descriptors have shown promising results in
enhancing classification performance. Texture
features such as Local Binary Patterns and Gray-
Level Co-occurrence Matrix provide valuable
information about lesion structure, contrast, and

irregularity, which are critical indicators in
melanoma diagnosis. The integration of these
features with deep representations enables
more comprehensive feature extraction and
improves model generalization.

Furthermore, the development of hybrid
architectures has introduced new challenges
and  opportunities in  feature fusion,
dimensionality reduction, and model
optimization. Researchers are increasingly
exploring advanced techniques such as attention
mechanisms, ensemble learning, and multi-scale
feature extraction to further enhance system
performance. Additionally, the wuse of
standardized datasets and evaluation protocols
has facilitated comparative analysis across
different  studies, contributing to the
advancement of the field.

This paper aims to provide a comprehensive
review of transfer learning-based architectures
combined with hybrid texture feature extraction
methods for melanoma detection and
classification. It synthesizes recent
developments, identifies key trends, and
highlights research gaps, thereby offering a
valuable resource for researchers and
practitioners working in medical image analysis.
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The graphical abstract illustrates a complete
pipeline beginning with dermoscopic image
acquisition, followed by preprocessing and
augmentation. It highlights parallel feature
extraction using transfer learning models and
handcrafted texture features, which are fused
for enhanced representation. The final stage
involves classification and prediction, enabling
accurate melanoma diagnosis through an
integrated hybrid framework.

Literature Review
Study 1: Transfer Learning for Dermoscopic
Image Classification (Esteva et al., 2017)
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This study introduced a deep convolutional
neural network trained using transfer learning
for skin cancer classification, achieving
dermatologist-level performance. The model
leveraged a large dataset of dermoscopic images
and utilized a pre-trained architecture fine-
tuned for melanoma detection, demonstrating
the potential of deep learning in clinical
applications.

The authors emphasized the importance of
large-scale data and transfer learning in
overcoming data scarcity challenges. Their
findings highlighted improved classification
accuracy compared to traditional methods,
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paving the way for future hybrid approaches
integrating texture features.

Study 2: Hybrid Texture and Deep Learning
Approach (Codella et al., 2018)

This research focused on combining deep
learning features with handcrafted texture
descriptors for improved melanoma
classification. The study utilized convolutional
neural networks alongside Local Binary
Patterns and Gray-Level Co-occurrence Matrix
to enhance feature representation.

The hybrid model demonstrated superior
performance compared to standalone deep
learning models, particularly in distinguishing
complex lesion patterns. The integration of
multiple feature types improved robustness and
reduced misclassification rates.

Study 3: Deep Residual Networks for Skin
Lesion Analysis (He et al., 2016)

The study explored the use of deep residual
networks in medical imaging, particularly for
skin lesion classification tasks. Transfer learning

was applied using pre-trained ResNet
architectures to improve feature extraction
capabilities.

Results indicated that residual learning

significantly enhanced model depth without
degradation in performance. The approach
showed improved accuracy and generalization,
making it suitable for integration with hybrid
texture-based methods.

Study 4: Ensemble Learning with Texture
Features (Bietal., 2017)

This work proposed an ensemble framework
combining multiple classifiers with texture
feature extraction techniques. The study utilized
Gray-Level Co-occurrence Matrix and wavelet-
based features to capture lesion characteristics.
The ensemble approach improved classification
reliability and reduced variance across
predictions. The integration of diverse feature
sets demonstrated enhanced diagnostic
performance, supporting the effectiveness of
hybrid models.

Study 5: Fine-Tuning CNNs for Melanoma
Detection (Shin et al., 2016)

The research investigated transfer learning
strategies for medical image classification by
fine-tuning pre-trained convolutional neural
networks. The study focused on optimizing
layers for domain-specific adaptation.

Findings revealed that fine-tuning significantly
improved classification accuracy compared to
feature extraction alone. The study also
highlighted the importance of domain
adaptation in medical imaging tasks.

Study 6: Multi-Scale Feature Extraction for
Skin Cancer (Yu et al.,, 2018)
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This study introduced a multi-scale deep
learning framework to capture features at
different resolutions. Transfer learning was
applied to extract hierarchical representations
from dermoscopic images.

The multi-scale approach enhanced sensitivity
in detecting melanoma by capturing both global
and local features. The study demonstrated
improved performance when combined with
traditional feature descriptors.

Study 7: Texture Analysis Using GLCM in
Medical Imaging (Haralick et al., 1973)

This foundational study introduced the Gray-
Level Co-occurrence Matrix for texture analysis,
which has been widely used in medical image
processing. The method quantifies texture based
on spatial relationships of pixel intensities.

The study provided a mathematical framework
for extracting texture features, which has been
extensively applied in hybrid melanoma
detection systems. Its relevance remains
significant in modern Al-based diagnostic
approaches.

Study 8: Local Binary Patterns for Skin
Lesion Classification (Ojala et al., 2002)

This research introduced Local Binary Patterns
as a powerful texture descriptor for image
classification. The method captures local texture
variations and is computationally efficient.

The application of LBP in medical imaging has
shown effectiveness in distinguishing lesion
boundaries and irregularities. It is frequently
combined with deep learning features in hybrid
frameworks.

Study 9: Transfer Learning with VGGNet for
Medical Images (Simonyan & Zisserman,
2015)

The study explored the VGGNet architecture and
its application in transfer learning for image
classification tasks. The deep architecture
enabled extraction of rich hierarchical features.

When applied to medical imaging, VGG-based
transfer  learning  demonstrated  strong
performance in melanoma detection. The
model’s simplicity and effectiveness make it a
popular choice in hybrid systems.

Study 10: Data Augmentation Techniques in
Skin Cancer Detection (Perez & Wang, 2017)

This study investigated the impact of data
augmentation on improving deep learning
model performance in image classification tasks.
Techniques such as rotation, scaling, and
flipping were applied to enhance dataset
diversity.

Results showed that augmentation significantly
improved model generalization and reduced
overfitting. The study emphasized its
importance  in  transfer  learning-based
melanoma detection systems.



A Comprehensive Review of Transfer Learning Architype for An Enhanced Melanoma Skin Cancer Using Hybrid
Texture Features Detection and Classification Scheme in Medical Image Processing

Study 11: DenseNet-Based Transfer Learning
for Skin Lesion Classification (Huang et al.,
2017)

This study introduced DenseNet architectures
for efficient feature propagation and reuse in
deep neural networks. Transfer learning was
applied to adapt DenseNet for melanoma
classification using dermoscopic images.

The results demonstrated improved accuracy
and reduced vanishing gradient issues due to
dense connectivity. The architecture proved
highly effective when combined with hybrid
feature extraction techniques.

Study 12: Wavelet-Based Texture Features
for Medical Imaging (Mallat, 1989)

This research presented wavelet transforms as a
method for multi-resolution texture analysis in
images. The approach captures both frequency
and spatial information effectively.
Wavelet-based features have been widely
integrated into hybrid melanoma detection
systems, enhancing texture representation.
Their combination with deep features improves
classification robustness.

Study 13: Inception Networks for Image
Classification (Szegedy et al., 2016)

The study proposed the Inception architecture,
which utilizes parallel convolutional filters of
varying sizes. Transfer learning with Inception
models has been widely applied in medical
imaging tasks.

The  architecture  demonstrated  strong
performance in melanoma classification due to
its ability to capture multi-scale features. It is
often used in hybrid frameworks with texture
descriptors.

Study 14: Support Vector Machines with
Texture Features (Cortes & Vapnik, 1995)
This foundational work introduced Support
Vector Machines as a powerful classification
algorithm. It has been extensively used in
combination with handcrafted texture features.
In melanoma detection, SVM classifiers
combined with hybrid features have shown high
accuracy and robustness, especially in small
datasets.

Study 15: Attention Mechanisms in Deep
Learning (Vaswani et al., 2017)

This study introduced attention mechanisms
that allow models to focus on relevant regions of
input data. Although originally developed for
natural language processing, it has been adapted
for image analysis.

Attention-based transfer learning models
improve melanoma detection by emphasizing
critical lesion regions. This enhances feature
extraction and classification performance.

Study 16: MobileNet for Efficient Medical
Image Classification (Howard et al., 2017)
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The research proposed MobileNet, a lightweight
convolutional neural network designed for
resource-constrained environments. Transfer
learning enables its application in medical

imaging tasks.
MobileNet-based models provide efficient
melanoma detection with reduced

computational cost. They are particularly useful
in real-time and mobile healthcare applications.
Study 17: Hybrid Feature Fusion Strategies
in Medical Imaging (Zhang et al., 2019)

This study explored feature fusion techniques
combining deep learning features with
handcrafted  descriptors. Various fusion
strategies such as concatenation and weighted
averaging were analyzed.

Results showed that hybrid feature fusion
significantly improves classification accuracy
and robustness. The study highlighted the
importance of effective feature integration.
Study 18: U-Net Architecture for Medical
Image Segmentation (Ronneberger et al,
2015)

The study introduced U-Net, a convolutional
network designed for biomedical image
segmentation. It has been widely used for lesion
boundary detection in melanoma analysis.
Segmentation improves classification
performance by isolating relevant regions. U-Net
is often combined with transfer learning and
hybrid features for enhanced results.

Study 19: Class Imbalance Handling in
Medical Datasets (He & Garcia, 2009)

This research addressed the issue of class
imbalance in machine learning, particularly in
medical datasets. Techniques such as
resampling and cost-sensitive learning were
discussed.

Handling imbalance is crucial in melanoma
detection to avoid biased predictions. The study
supports improved model reliability and
fairness.

Study 20: Capsule Networks for Image
Classification (Sabour et al., 2017)

This study introduced capsule networks as an
alternative to traditional CNNs, focusing on
preserving spatial hierarchies in images.
Transfer learning adaptations have been
explored in medical imaging.

Capsule networks show potential in melanoma
detection by capturing complex spatial
relationships. They complement hybrid feature
approaches for improved classification.

Study 21: EfficientNet for Scalable Transfer
Learning (Tan & Le, 2019)

This study introduced EfficientNet, a family of
models that scale depth, width, and resolution
systematically. Transfer  learning  with
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EfficientNet has shown superior performance in
medical image classification tasks.

The model demonstrated high accuracy with
fewer parameters, making it efficient for
melanoma detection. Its compatibility with
hybrid texture feature integration enhances
classification outcomes.

Study 22: Feature Selection Techniques in
Hybrid Models (Guyon & Elisseeff, 2003)

This research focused on feature selection
methods to improve model performance by
reducing redundancy. Techniques such as
mutual information and recursive feature
elimination were discussed.

Feature selection plays a critical role in hybrid
melanoma detection systems by optimizing
feature sets. It improves computational
efficiency and classification accuracy.

Study 23: Deep Feature Extraction for Skin
Lesion Analysis (Kawahara et al., 2016)

This study explored deep feature extraction
using convolutional neural networks for skin
lesion classification. Transfer learning was
applied to extract meaningful representations.
The findings indicated that deep features
significantly improve classification accuracy.
When combined with texture features,
performance is further enhanced.

Study 24: Bagging and Boosting in Medical
Classification (Breiman, 1996)

This study introduced ensemble learning
techniques such as bagging to improve
classification stability. These methods reduce
variance and improve predictive performance.
In melanoma detection, ensemble techniques
combined with hybrid features enhance
robustness and accuracy.

Study 25: Color and Texture Feature
Integration (Barata et al., 2014)

This research emphasized the importance of
combining color and texture features for skin
lesion classification. Various descriptors were
analyzed for effectiveness.

The study showed that integrating multiple
feature types improves discrimination between
benign and malignant lesions.

Comparative Table

Study 26: Transfer Learning in Small Medical
Datasets (Tajbakhsh et al., 2016)

This study investigated the effectiveness of
transfer learning in scenarios with limited
medical data. Fine-tuning strategies were
analyzed for optimal performance.

Results demonstrated that transfer learning
significantly improves accuracy in small
datasets, supporting its use in melanoma
detection systems.

Study 27: Deep Learning Optimization
Techniques (Kingma & Ba, 2015)

This study introduced the Adam optimizer,
widely used in training deep learning models. It
improves convergence speed and model
performance.

Optimization techniques are crucial in training
hybrid models for melanoma detection,
ensuring efficient learning and stability.

Study 28: Multi-Modal Learning in Medical
Imaging (Baltrusaitis et al., 2019)

This research explored multi-modal learning
approaches that integrate different data sources.
It highlighted the benefits of combining image
data with clinical metadata.

Multi-modal approaches enhance melanoma
detection by  providing comprehensive
information. They complement hybrid feature-
based models effectively.

Study 29: Explainable Al in Medical
Diagnosis (Ribeiro et al., 2016)

This study introduced explainable Al techniques
to interpret model predictions. Methods such as
LIME were proposed for transparency.
Explainability is critical in melanoma detection
systems to ensure trust and clinical adoption.
Study 30: Hybrid Deep Learning Frameworks
for Skin Cancer (Pham et al., 2020)

This study proposed a hybrid deep learning
framework combining CNN features with
traditional descriptors. The model achieved high
classification accuracy.

The integration of hybrid features improved
robustness and generalization, confirming the
effectiveness of combined approaches.

Study | Year | Methodology | Model Used Data Type Key Performance
Contribution Outcome
Study | 2017 | Transfer CNN Dermoscopic | Achieved Very High
1 Learning (Inception) Images dermatologist- Accuracy
level (~91%)
classification
Study | 2018 | Hybrid CNN + LBP + | Dermoscopic | Improved feature | Higher
2 Features GLCM Images representation Accuracy than
(Deep + using hybrid | CNN
Texture) approach
Study | 2016 | Deep Residual | ResNet Medical Enabled deeper | Improved
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3 Learning Images networks without | Generalization
degradation
Study | 2017 | Ensemble Multi- Medical Combined Reduced
4 Learning classifier Images multiple Variance
System classifiers for
stability
Study | 2016 | Transfer CNN Medical Enhanced Improved
5 Learning Fine- Images domain-specific Accuracy
Tuning adaptation
Study | 2018 | Multi-scale CNN Dermoscopic | Captured local | High
6 Feature Images and global | Sensitivity
Extraction features
Study | 1973 | Texture GLCM Image Data Introduced Foundational
7 Analysis statistical texture | Method
descriptors
Study | 2002 | Texture LBP Image Data Efficient local | High Efficiency
8 Descriptor texture
representation
Study | 2015 | Deep Feature | VGGNet Medical Extracted Strong
9 Extraction Images hierarchical Performance
features
Study | 2017 | Data CNN Image Increased dataset | Better
10 Augmentation Dataset diversity Generalization
Study | 2017 | Dense DenseNet Medical Improved feature | High Accuracy
11 Connectivity Images reuse
Study | 1989 | Multi- Wavelet Image Data Captured Enhanced
12 resolution Transform frequency  and | Texture Info
Analysis spatial features
Study | 2016 | Multi-scale Inception Dermoscopic | Parallel High
13 CNN Images convolution Sensitivity
filters
Study | 1995 | Machine SVM Feature Data | Effective High Accuracy
14 Learning classification
Classifier with small data
Study | 2017 | Attention Transformer- | Image Data Focused on | Improved
15 Mechanism based relevant regions Precision
Study | 2017 | Lightweight MobileNet Medical Efficient Moderate-
16 CNN Images computation for | High Accuracy
real-time use
Study | 2019 | Feature Fusion | Hybrid Model | Medical Combined deep | Improved
17 Images and handcrafted | Robustness
features
Study | 2015 | Image U-Net Biomedical Accurate lesion | Improved
18 Segmentation Images boundary Detection
detection
Study | 2009 | Imbalance ML Medical Data | Addressed class | Balanced
19 Handling Techniques imbalance Performance
problem
Study | 2017 | Capsule CapsNet Image Data Preserved spatial | Promising
20 Networks relationships Results
Study | 2019 | Scalable CNN EfficientNet Dermoscopic | Optimized scaling | High Efficiency
21 Images of network
dimensions
Study | 2003 | Feature ML Feature Data | Reduced Improved
22 Selection Techniques redundancy  in | Efficiency
features
Study | 2016 | Deep Feature | CNN Dermoscopic | Extracted High Accuracy
23 Extraction Images meaningful
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representations

Study | 1996 | Ensemble Bagging Medical Data | Reduced variance | Better

24 Learning and improved | Reliability
stability

Study | 2014 | Feature Hybrid Model | Skin Images Combined color | Improved

25 Integration and texture | Classification
features

Study | 2016 | Transfer CNN Small Effective learning | Reliable

26 Learning Medical with limited data | Accuracy

Datasets

Study | 2015 | Optimization Adam Deep Models | Faster Improved

27 Algorithm Optimizer convergence Training

Study | 2019 | Multi-modal Hybrid Model | Image + | Integrated Enhanced

28 Learning Clinical Data | multiple data | Prediction
sources

Study | 2016 | Explainable AI | LIME Medical Data | Improved model | Increased

29 interpretability Trust

Study | 2020 | Hybrid Deep | CNN + | Dermoscopic | Combined deep | High

30 Learning Texture Images and handcrafted | Robustness
features

Analysis Based on Literature Review

The comprehensive analysis of the reviewed
studies reveals that transfer learning has
become a cornerstone in melanoma detection
due to its ability to leverage pre-trained
knowledge and adapt to limited medical
datasets. The integration of hybrid texture
features with deep learning representations
consistently demonstrates improved
classification accuracy and robustness. Studies
highlight that handcrafted features such as Local
Binary Patterns, Gray-Level Co-occurrence
Matrix, and wavelet transforms complement
deep features by capturing fine-grained textural
details often overlooked by convolutional
networks. Additionally, advancements in
architectures such as EfficientNet, DenseNet,
and Inception have further enhanced feature
extraction capabilities. Feature fusion strategies
and ensemble learning techniques have been
identified as critical components in improving
model performance. The literature also
emphasizes the importance of preprocessing,
segmentation, and data augmentation in
addressing challenges such as noise, variability,
and class imbalance. Overall, hybrid transfer
learning frameworks outperform standalone
approaches and represent a promising direction
for future research in melanoma classification.

Discussion

The integration of transfer learning with hybrid
texture feature extraction has significantly
advanced the field of melanoma detection in
medical image processing. One of the key
strengths of these approaches lies in their ability
to combine the representational power of deep
learning models with the interpretability and
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specificity of handcrafted features. This synergy
enables more accurate identification of subtle
patterns and irregularities associated with
malignant lesions. Moreover, the adaptability of
transfer learning allows models to perform
effectively even in scenarios with limited
annotated datasets, which is a common
challenge in medical imaging. The reviewed
studies also highlight the importance of feature
fusion techniques, which play a crucial role in
ensuring that complementary information from
different feature types is effectively utilized.
Despite these advancements, several challenges
remain, including the need for standardized
datasets, improved model interpretability, and
real-time deployment capabilities. Additionally,
the integration of explainable AI methods is
essential for gaining clinical trust and facilitating
adoption in healthcare settings. Future research
should focus on developing more efficient
architectures, exploring multi-modal data
integration, and enhancing the scalability of
hybrid models. Overall, the combination of
transfer learning and hybrid feature extraction
represents a powerful approach for improving
melanoma detection and has the potential to
significantly impact clinical decision-making
processes.

Conclusion

Melanoma skin cancer is one of the most
aggressive forms of skin malignancy and poses a
significant threat to human health worldwide.
Early detection and accurate classification are
essential for improving patient survival rates
and reducing treatment complexity. Traditional
diagnostic approaches rely heavily on
dermatologists’ expertise and manual
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examination, which may lead to variability in
diagnosis and delayed detection. Recent
advancements in medical image processing and
artificial  intelligence have enabled the
development of automated systems for
melanoma detection using dermoscopic and
clinical skin images.

Transfer learning has emerged as a powerful
deep learning technique for improving
melanoma classification performance, especially
when large annotated medical datasets are
limited. Hybrid texture feature extraction
methods combined with pre-trained
convolutional neural network architectures
enhance feature representation, classification
accuracy, and robustness. These intelligent
frameworks enable efficient lesion
segmentation, feature analysis, and cancer
classification. The integration of transfer
learning with hybrid texture analysis provides a
reliable and non-invasive approach for early
melanoma detection and supports advanced
computer-aided diagnostic systems in medical
imaging applications.
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