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paradigms combined with hybrid texture feature extraction for
improved melanoma classification. The study emphasizes the
Melanoma Detection, | importance of leveraging pretrained convolutional neural networks to
Transfer Learning, Hybrid | overcome data scarcity and enhance feature generalization.
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Processing, Skin  Cancer | Level Co-occurrence Matrices are explored for their effectiveness in
Classification capturing both global and local image characteristics. The survey
analyzes various datasets, preprocessing strategies, model architectures,
and evaluation metrics used in contemporary research. It also highlights
key challenges such as class imbalance, overfitting, and domain
adaptation issues. The findings suggest that hybrid feature-based
transfer learning models consistently outperform standalone
approaches in terms of accuracy, sensitivity, and specificity. This work
aims to provide a structured overview for researchers and practitioners
to better understand the current landscape and identify future research
directions in melanoma detection using advanced machine learning
techniques.
Introduction patient survival rates. Traditional diagnostic

Melanoma is one of the most aggressive and life-
threatening forms of skin cancer, originating
from melanocytes and accounting for the
majority of skin cancer-related fatalities
worldwide. The rapid progression and high
metastatic potential of melanoma make early
detection critically important for improving
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techniques, including dermoscopic examination
and biopsy, rely heavily on the expertise and
experience of dermatologists, which introduces
subjectivity and variability in diagnosis. As a
result, there has been a growing interest in
developing automated and intelligent systems
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capable of assisting clinicians in accurately
identifying melanoma at an early stage.

In recent years, advancements in artificial
intelligence, particularly in deep learning, have
significantly transformed the field of medical
image  processing. Convolutional Neural
Networks have demonstrated remarkable
success in image classification tasks due to their
ability to automatically learn hierarchical
feature representations. However, the
performance of deep learning models is highly
dependent on the availability of large annotated
datasets, which are often limited in medical
domains due to privacy concerns, high
annotation costs, and the need for expert
labeling. To overcome these limitations, transfer
learning has emerged as a powerful approach
that leverages knowledge from pretrained
models trained on large-scale datasets and
adapts them to specific medical imaging tasks
such as melanoma detection.

Alongside deep learning techniques,
handcrafted texture features continue to play a
vital role in capturing subtle variations in skin
lesion patterns. Techniques such as Local Binary
Patterns and Gray-Level Co-occurrence Matrices
are widely used to extract discriminative texture
information that complements deep features.
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The integration of these handcrafted descriptors
with deep learning features has led to the
development of hybrid feature extraction
approaches,  which  provide a  more
comprehensive representation of dermoscopic
images.  These  hybrid models  have
demonstrated improved classification accuracy
by combining global semantic features with
local texture details.

This paper presents a comprehensive survey of
methods and architectures that employ transfer
learning and hybrid texture feature extraction
for enhanced melanoma detection and
classification. It systematically reviews recent
advancements in model architectures,
preprocessing techniques, feature fusion
strategies, and evaluation methodologies used
in the field. Furthermore, it highlights the key
challenges associated with melanoma detection,
including class imbalance, overfitting, and
domain adaptation issues, and discusses
potential solutions proposed in the literature. By
providing a structured overview of existing
research, this survey aims to guide future
developments in designing robust, accurate, and
clinically applicable melanoma detection
systems using advanced machine learning
techniques.
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The graphical abstract illustrates the complete
melanoma detection pipeline, starting from
dermoscopic image acquisition and
preprocessing. It highlights hybrid feature
extraction combining deep learning and texture-
based descriptors. The extracted features are
then processed through a transfer learning-
based classifier to generate accurate diagnostic
predictions.

Literature Review

The field of melanoma skin cancer detection has
witnessed substantial advancements with the
integration of transfer learning, hybrid feature
extraction, and deep learning architectures in
medical image processing. Early pioneering
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work established the foundation for Al-driven
diagnosis, particularly through the use of deep
convolutional neural networks (CNNs). A
landmark study demonstrated that transfer
learning using large-scale pretrained models
could achieve dermatologist-level performance
in skin lesion classification, highlighting the
superiority of deep learned representations
over traditional handcrafted features.
Foundational architectures such as AlexNet, VGG,
ResNet, Inception, DenseNet, and EfficientNet
have since played a crucial role in advancing
melanoma detection systems. These
architectures enable efficient hierarchical
feature extraction, improving classification
accuracy and generalization across diverse
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dermoscopic datasets. Residual connections in
ResNet address vanishing gradient issues, while
DenseNet enhances feature reuse, and
EfficientNet introduces compound scaling to
balance model complexity and performance.
Clinical validation studies have further
confirmed that Al-based systems can match or
even surpass dermatologists in diagnostic
accuracy, reinforcing their potential in assisting
real-world clinical decision-making.

Alongside deep learning models, hybrid feature
extraction techniques have emerged as an
effective strategy for improving melanoma
detection performance. Traditional texture-
based descriptors such as Gray-Level Co-
occurrence Matrix and Local Binary Patterns
capture spatial relationships and micro-level
variations in  skin lesions, providing
complementary information to deep features.
Studies integrating these handcrafted features

with CNN-based representations have
consistently demonstrated improved
classification  accuracy and  robustness,

particularly in challenging and noisy datasets.
Hybrid frameworks combining deep learning
with classical machine learning classifiers, such
as Support Vector Machines, have further
enhanced decision boundaries and reduced
computational overhead during inference.
Feature fusion strategies, especially at the
feature level, have proven more effective than
decision-level fusion, as they allow the model to
learn richer and more discriminative
representations. These hybrid approaches
bridge the gap between domain knowledge and
data-driven learning, making them highly
effective for complex medical imaging tasks.

Recent research has focused on enhancing
model interpretability, efficiency, and scalability
through advanced learning paradigms and
architectural innovations. Attention
mechanisms have been introduced to enable
models to focus on clinically relevant regions,
improving both accuracy and transparency.
Visualization techniques help identify lesion-
specific areas, thereby increasing clinician trust
in Al  predictions.  Segmentation-based
preprocessing,  particularly using U-Net
architectures, has become a standard step in
melanoma detection pipelines, as it isolates
lesion regions and removes background noise,
significantly improving classification outcomes.
Ensemble learning approaches, which combine
multiple pretrained models, have demonstrated
improved robustness and generalization,
particularly in imbalanced datasets. Lightweight
architectures such as MobileNet have facilitated
deployment in resource-constrained
environments, enabling real-time melanoma
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detection on mobile and edge devices.
Additionally, transformer-based models, such as
Vision Transformers, have introduced the ability
to capture global contextual relationships
through self-attention mechanisms,
complementing the localized feature extraction
of CNNs.

Emerging paradigms have further expanded the
capabilities of melanoma detection systems.
Capsule networks have been proposed to
preserve spatial hierarchies and part-whole
relationships  within  lesions, improving
robustness to variations in shape and
orientation. Generative Adversarial Networks
(GANs) have been widely used for data
augmentation, generating realistic synthetic
dermoscopic images that enhance dataset
diversity and reduce overfitting. Multi-task
learning frameworks have enabled
simultaneous segmentation and classification,
improving computational efficiency and
leveraging shared representations across tasks.
Data augmentation techniques, including
geometric  transformations and intensity
variations, have played a critical role in
improving generalization, especially in limited
data scenarios. Additionally, methods
addressing class imbalance, such as
oversampling and cost-sensitive learning, have
significantly improved sensitivity and recall for
minority classes, which is crucial in melanoma
detection.

The integration of modern machine learning
paradigms has further strengthened melanoma
detection frameworks. Self-supervised learning
approaches leverage large amounts of unlabeled
data to learn meaningful feature representations,
reducing dependency on annotated datasets.
Meta-learning techniques enable models to
adapt quickly to new datasets with minimal
training data, enhancing generalization across
different clinical settings. Federated learning
has emerged as a promising solution for
addressing data privacy concerns by enabling
collaborative model training across institutions
without sharing sensitive patient data. This
approach  maintains performance  while
ensuring compliance with healthcare data
regulations. Explainable Al techniques have also
gained significant importance, providing
insights into model decision-making processes
through visualization and interpretability tools.
These methods are essential for building
clinician trust and facilitating the adoption of Al
systems in healthcare environments.

Despite these advancements, several challenges
remain in the development and deployment of
Al-based melanoma detection systems. High
computational complexity and resource
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requirements of advanced models limit their
applicability in real-time and resource-
constrained settings. Data heterogeneity, arising
from variations in imaging devices, acquisition
protocols, and patient demographics, affects
model generalization and robustness. The lack
of standardized datasets and evaluation metrics
further complicates fair comparison across
studies. Additionally, achieving a balance
between accuracy and interpretability remains a
critical challenge, as highly complex models
often function as “black boxes.” Addressing
these issues requires the development of
efficient model architectures, standardized
benchmarking  frameworks, and robust
validation strategies across diverse populations.
In summary, the integration of transfer learning,
hybrid feature extraction, and advanced deep

Comparative Table

learning  architectures  has  significantly
advanced the field of melanoma skin cancer
detection. The combination of CNNs,
transformers, GANs, and hybrid models has
improved diagnostic accuracy, robustness, and
scalability. Emerging techniques such as self-
supervised learning, federated learning, and
explainable Al are addressing key challenges
related to data scarcity, privacy, and
interpretability. While limitations persist, the
continued evolution of these technologies
provides a strong foundation for developing
reliable, efficient, and clinically applicable
melanoma detection systems, ultimately
contributing to early diagnosis and improved
patient outcomes.

Study | Year | Method Model Data Type Key Performance
Contribution

21 2019 | Transfer EfficientNet Dermoscopic | Scalable High accuracy
Learning Images architecture

22 2021 | Self- Vision Medical Global feature | Improved
Attention Transformer Images extraction accuracy

23 2020 | Hybrid CNN + LBP Skin Lesions Texture + deep | Enhanced
Features fusion accuracy

24 2016 | Hybrid ML CNN + SVM Dermoscopic | Improved Better precision

Images classification
boundary

25 2012 | Deep AlexNet Image Data Baseline Moderate
Learning architecture accuracy

26 2018 | Imbalance CNN Medical Data | Improved Higher recall
Handling sensitivity

27 2017 | Explainable | CNN Dermoscopic | Model Reliable
Al Images interpretability predictions

28 2017 | Meta MAML Medical Fast adaptation Improved
Learning Images generalization

29 2020 | Self- Contrastive Unlabeled Reduced labeling | Better features
Supervised Learning Images need

30 2020 | Federated Distributed Multi-center Privacy Consistent
Learning CNN Data preservation accuracy

Analysis Based on Literature Review

The reviewed studies collectively demonstrate
the significant evolution of melanoma detection
methodologies through the integration of
transfer learning and hybrid feature extraction
techniques. Early approaches relied heavily on
handcrafted texture features, which provided
meaningful insights into lesion patterns but
lacked generalization capability. The
introduction of deep learning, particularly
convolutional neural networks, revolutionized

feature extraction by enabling automatic
learning of hierarchical representations.
Transfer learning further enhanced this

paradigm by leveraging pretrained models,
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thereby addressing the challenge of limited
medical datasets. Hybrid approaches combining
deep features with traditional texture
descriptors have consistently shown improved
performance, as they capture both global and
local characteristics of dermoscopic images.
Additionally, advancements such as attention
mechanisms, ensemble learning, and data
augmentation have contributed to improved
robustness and accuracy. Emerging techniques
including Vision Transformers, self-supervised
learning, and federated learning indicate a shift
toward more scalable, privacy-preserving, and
data-efficient solutions. Overall, the literature
suggests that combining multiple strategies
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yields  superior diagnostic  performance

compared to standalone methods.

Discussion

The rapid advancement of artificial intelligence
in medical image processing has significantly
influenced melanoma detection systems.
Transfer learning has emerged as a critical
technique, enabling the adaptation of pretrained
models to specialized medical datasets with
limited annotations. This approach reduces

training  time and improves model
generalization. Furthermore, hybrid feature
extraction techniques that combine deep

learning features with handcrafted descriptors
have proven to be highly effective in capturing
complex lesion characteristics. These models
leverage complementary information, resulting
in enhanced classification performance. Despite
these advancements, several challenges persist,
including class imbalance, data scarcity, and
variability in dermoscopic imaging conditions.
Techniques such as data augmentation, GAN-
based synthesis, and meta-learning have been
proposed to address these issues. Additionally,
the growing emphasis on explainable Al
highlights the need for transparent and
interpretable models in clinical applications.
Emerging paradigms such as Vision
Transformers and federated learning offer
promising directions for future research by
enabling better feature representation and
privacy-preserving data sharing. However,
further validation in real-world clinical settings
is necessary to ensure reliability and scalability.
The  integration  of  these  advanced
methodologies has the potential to significantly
improve early melanoma detection and support
clinical decision-making.

Conclusion

Melanoma detection remains a critical challenge
in medical image processing due to its
aggressive progression and the necessity for
early and accurate diagnosis. This survey has
comprehensively examined transfer learning-
based approaches for melanoma classification,
emphasizing the role of hybrid texture feature
integration. The findings indicate that transfer
learning significantly mitigates the limitations of
small medical datasets by utilizing knowledge
from large-scale pretrained models. Advanced
architectures such as ResNet, DenseNet,
EfficientNet, and Vision Transformers have
demonstrated strong capabilities in feature
extraction and classification. Furthermore, the
integration of handcrafted texture features,
including Local Binary Patterns and Gray-Level
Co-occurrence Matrices, enhances model
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robustness by capturing fine-grained lesion
characteristics. Hybrid models combining deep
and handcrafted features consistently
outperform standalone methods in terms of
accuracy and reliability.

The study also highlights the importance of
preprocessing techniques such as segmentation
and data augmentation in improving model
generalization. However, challenges including
class imbalance, domain adaptation, and limited
interpretability persist. Emerging approaches
like self-supervised learning, meta-learning, and
federated learning provide promising directions

for addressing these issues. Additionally,
incorporating explainable Al techniques is
essential for clinical acceptance. Overall,

combining advanced transfer learning with
hybrid feature extraction offers a powerful
pathway for developing accurate, scalable, and
clinically applicable melanoma detection
systems.
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