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Peer Review Information Abstract
Melanoma skin cancer remains one of the most aggressive and life-
Submission: 12 Oct 2023 threatening forms of dermatological malignancies, where early and
. accurate diagnosis plays a critical role in improving patient survival
Revision: 28 Oct 2023 rates. In recent years, artificial intelligence techniques, particularly deep
Acceptance: 17 Nov 2023 learning and transfer learning architectures, have demonstrated
significant potential in enhancing melanoma detection and
Keywords classification. This study presents a comprehensive review of artificial
intelligence techniques focusing on transfer learning archetypes
integrated with hybrid texture feature extraction for improved
Melanoma Detection, | melanoma diagnosis. The proposed framework explores the synergy
Transfer Learning, Hybrid | between pretrained convolutional neural networks and handcrafted
Texture  Features, Deep | texture descriptors such as Local Binary Patterns, Gray Level Co-
Learning, Medical Image | ©ccurrence Matrix, and wavelet-based features to improve classification
Processing, Artificial | accuracy. The study highlights recent trends in hybrid feature fusion,
Intelligence domain adaptation, and optimization strategies that enhance
generalization across diverse dermoscopic datasets. Furthermore, it
identifies key challenges including data imbalance, model
interpretability, computational complexity, and clinical integration
barriers. The review also emphasizes the importance of explainable Al
and robust validation protocols in real-world medical applications. The
findings suggest that hybrid approaches combining deep transfer
learning with traditional feature engineering significantly outperform
standalone models, paving the way for more reliable and scalable
melanoma detection systems in medical image processing.
Introduction Traditional diagnostic approaches, such as

Melanoma skin cancer has emerged as a
significant global health concern due to its rapid
progression and high mortality rate if not
detected at an early stage. The increasing
incidence of melanoma worldwide has
necessitated the development of advanced
diagnostic techniques that can assist clinicians
in achieving accurate and timely detection.

© 2023 The Authors. Published by MRI INDIA.

visual inspection and dermoscopic analysis,
often rely heavily on the expertise of
dermatologists and are prone to subjective
interpretation, leading to variability in diagnosis.
In this context, artificial intelligence has gained
substantial attention for its ability to automate
and enhance the diagnostic process through
data-driven methodologies.
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The integration of deep learning techniques,
particularly convolutional neural networks, has
revolutionized the field of medical image
analysis by enabling automatic feature
extraction and classification. However, training
deep learning models from scratch requires
large annotated datasets, which are often
limited in the medical domain. Transfer learning
has emerged as a powerful solution to this
challenge by leveraging pretrained models
trained on large-scale datasets and adapting
them to specific medical imaging tasks. This
approach not only reduces training time but also
improves model performance in scenarios with
limited data availability.

Despite the success of transfer learning, relying
solely on deep features may not fully capture the
intricate patterns present in dermoscopic
images. Hybrid approaches that combine deep
learning features with handcrafted texture
descriptors have shown promising results in
enhancing classification accuracy. Texture
features such as Local Binary Patterns and Gray
Level Co-occurrence Matrix provide
complementary information that can improve
the discriminative power of the model. The

Graphical Abstract

fusion of these features with
representations creates a more
framework for melanoma detection.
Recent advancements have also focused on
optimizing transfer learning architectures
through fine-tuning strategies, feature selection
methods, and ensemble learning techniques.
These approaches aim to address key challenges
such as overfitting, class imbalance, and domain
variability across datasets. Additionally, the
growing emphasis on explainable artificial
intelligence has highlighted the need for
transparent and interpretable models that can
gain the trust of medical professionals.

This paper provides a comprehensive review of
artificial intelligence techniques centered
around transfer learning archetypes integrated
with hybrid texture feature extraction for
melanoma detection. It explores current trends,
evaluates existing methodologies, and identifies
critical challenges that must be addressed to
achieve reliable clinical deployment. The study
aims to bridge the gap between research
advancements and  real-world  medical
applications by presenting a structured analysis
of the field.
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Infographic representation of the proposed
melanoma detection pipeline illustrating stages
of dermoscopic image acquisition,
preprocessing, hybrid feature extraction
combining deep learning and texture features,
transfer learning-based classification, and final
diagnosis output.

The framework begins with dermoscopic image
input followed by preprocessing techniques
such as noise reduction and normalization.
Hybrid feature extraction integrates deep
convolutional features with handcrafted texture
descriptors. The combined features are fed into
a transfer learning-based classifier, resulting in
improved melanoma detection accuracy and
reliability.
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Literature Review

Study 1: Transfer Learning for Skin Lesion
Classification (Esteva et al., 2017)

Esteva et al. introduced a deep convolutional
neural network framework leveraging transfer
learning for large-scale skin cancer classification.
The study utilized pretrained models trained on
ImageNet and fine-tuned them on dermoscopic
datasets to achieve dermatologist-level
performance. The approach demonstrated the
effectiveness of deep feature extraction in
medical imaging tasks. DOL:
10.1038/nature21056

The results highlighted that transfer learning
significantly improves classification accuracy
even with limited medical datasets. However,
the model lacked interpretability and struggled
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with imbalanced datasets, indicating the need
for hybrid and explainable approaches in
melanoma detection systems.

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

Codella et al. proposed a hybrid framework
combining deep learning features with
traditional image descriptors for melanoma
classification. The study integrated CNN-based
features with texture descriptors such as color
histograms and edge features to enhance model
performance. DOI: 10.1109/]BHI.2018.2790989
The findings revealed that hybrid feature fusion
improves classification robustness compared to
standalone deep learning models. Despite
improved accuracy, the approach required
extensive computational resources and lacked
scalability for real-time clinical applications.
Study 3: Dermoscopic Image Analysis Using
CNNs (Haenssle et al., 2018)

Haenssle et al. evaluated the performance of
convolutional neural networks  against
dermatologists in melanoma detection. The
study employed transfer learning techniques to
fine-tune  pretrained CNN models on
dermoscopic datasets. DOI: 10.7326/M17-1692
The results demonstrated superior sensitivity of
CNN models compared to human experts.
However, the study emphasized the limitations
of generalization across diverse datasets,
highlighting the importance of domain
adaptation and hybrid feature integration.
Study 4: Texture-Based Melanoma Detection
(Barata et al., 2014)

Barata et al. focused on handcrafted texture
features such as Local Binary Patterns and Gray
Level Co-occurrence Matrix for melanoma
detection. The study demonstrated the
effectiveness of texture descriptors in capturing
lesion patterns. DOI:
10.1016/j.compmedimag.2013.10.001

Although texture-based methods provided
interpretable results, they lacked the ability to
generalize across complex datasets. The study
suggested integrating texture features with deep
learning models to enhance classification
performance.

Study 5: Deep Feature Extraction with
Transfer Learning (Shin et al., 2016)

Shin et al. explored transfer learning for medical
imaging tasks by adapting pretrained CNN
models to domain-specific datasets. The study
emphasized fine-tuning strategies and feature
reuse for improved classification. DOI:
10.1109/TMI1.2016.2528162

The results showed that transfer learning
significantly reduces training time and improves
accuracy. However, the study noted that deep
features alone may not capture fine-grained
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texture details, suggesting the need for hybrid
approaches.

Study 6: Ensemble Learning for Skin Cancer
Detection (Majtner et al., 2018)

Majtner et al. proposed an ensemble of deep
learning models combined with handcrafted
features for melanoma classification. The
approach utilized multiple classifiers to improve
robustness and reduce overfitting. DOI:
10.1007/s11548-018-1816-8

The ensemble model achieved higher accuracy
compared to single models. However, increased
computational complexity and training time
were identified as major challenges for practical
deployment.

Study 7: Transfer Learning with Fine-Tuning
Strategies (Tajbakhsh et al., 2016)

Tajbakhsh et al. analyzed different transfer
learning strategies, including shallow and deep
fine-tuning, for medical image classification. The
study highlighted the importance of selecting
appropriate layers for adaptation. DOI:
10.1109/TMI1.2016.2535302

The findings indicated that fine-tuning deeper
layers improves performance but requires more
computational resources. The study suggested
combining transfer learning with feature
engineering for optimal results.

Study 8: Deep Residual Networks for
Melanoma Detection (Yu etal., 2017)

Yu et al. utilized deep residual networks with
transfer learning to classify skin lesions. The
study demonstrated the effectiveness of residual
connections in improving gradient flow and
model performance. DOI:
10.1109/TBME.2017.2712569

The model achieved high classification accuracy
but required large datasets for optimal
performance. The study highlighted the
potential of hybrid approaches to address data
scarcity issues.

Study 9: Feature Fusion Techniques in
Medical Imaging (Gao et al., 2020)

Gao et al. proposed feature fusion techniques
combining deep learning and handcrafted
features for medical image classification. The
study emphasized the complementary nature of
different feature types. DOLI:
10.1016/j.inffus.2019.10.002

The results showed improved classification
performance through feature fusion. However,
the study identified challenges in feature
selection and dimensionality reduction for
efficient model training.

Study 10: Explainable Al in Skin Cancer
Detection (Tschandl et al., 2020)

Tschandl et al. explored explainable artificial
intelligence techniques for melanoma detection
using deep learning models. The study
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incorporated visualization methods to interpret
model decisions. DOI: 10.1038/s41591-020-
0942-0

The findings emphasized the importance of
transparency in Al-based medical systems.
While explainability improved trust, the study
highlighted trade-offs between interpretability
and model performance, suggesting further
research in hybrid frameworks.

Study 11: Deep Transfer Learning with Data
Augmentation (Perez et al., 2019)

Perez et al. investigated the integration of data
augmentation techniques with transfer learning
models for melanoma classification. The study
applied geometric and color-based
augmentations to enhance dataset diversity and
improve model robustness. DOLI:
10.1016/j.media.2019.101552

The results demonstrated that augmented
datasets significantly improved classification
accuracy and reduced overfitting. However, the
study highlighted that excessive augmentation
may introduce noise, emphasizing the need for
balanced augmentation strategies in medical
imaging tasks.

Study 12: Attention Mechanisms in Skin
Lesion Analysis (Chen et al., 2020)

Chen et al. introduced attention-based
convolutional neural networks for improved
melanoma detection. The model focused on
salient regions within dermoscopic images to

enhance feature representation. DOI:
10.1109/TMI1.2020.2974109
The findings indicated that attention

mechanisms improve model interpretability and
localization accuracy. Despite these advantages,
the model required high computational
resources and complex training procedures,
limiting its applicability in resource-constrained
environments.

Study 13: Multi-Scale Feature Extraction for
Melanoma Detection (Zhang et al., 2019)
Zhang et al. proposed a multi-scale deep
learning framework to capture both global and
local features from skin lesion images. The study
utilized transfer learning with multi-resolution
inputs. DOI:
10.1016/j.compbiomed.2019.103366

The results showed enhanced performance due
to multi-scale feature representation. However,
increased model complexity and training time
were identified as challenges, suggesting the
need for optimization techniques.

Study 14: Hybrid CNN and SVM C(lassifier
(Almaraz-Damian et al., 2020)
Almaraz-Damian et al. combined convolutional
neural networks with support vector machines
for melanoma classification. Deep features
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extracted from CNNs were used as input to SVM
classifiers. DOI: 10.1016/j.as0c.2020.106060
The hybrid model achieved improved
classification accuracy compared to standalone
CNNs. However, the approach required careful
parameter tuning and lacked scalability for large
datasets.

Study 15: Domain Adaptation in Medical
Imaging (Ganin et al., 2016)

Ganin et al. explored domain adaptation
techniques to address dataset variability in

medical imaging. The study introduced
adversarial  training to align feature
distributions across domains. DOLI:
10.1007/978-3-319-58347-1_10

The findings highlighted improved
generalization across datasets. However,

domain adaptation models required complex
training and were sensitive to hyperparameter
selection.

Study 16: Lightweight CNN Models for Mobile
Diagnosis (Howard et al., 2017)

Howard et al. proposed lightweight
convolutional neural networks optimized for

mobile and embedded devices. The study
focused on reducing model size while
maintaining performance. DOLI:

10.48550/arXiv.1704.04861

The results demonstrated that lightweight
models enable real-time melanoma detection on
portable devices. However, slight reductions in
accuracy compared to larger models were
observed, indicating a trade-off between
efficiency and performance.

Study 17: Texture Feature Optimization
Using Genetic Algorithms (Singh et al., 2018)
Singh et al. applied genetic algorithms to
optimize the selection of texture features for
melanoma classification. The study focused on
reducing feature redundancy and improving

classification efficiency. DOL:
10.1016/j.knosys.2018.06.015

The optimized feature set improved
classification accuracy and reduced

computational cost. However, the approach
required extensive computational time for
optimization, limiting its scalability.

Study 18: Deep Learning with Class
Imbalance Handling (Buda et al., 2018)

Buda et al. investigated the impact of class
imbalance on deep learning models for medical
image classification. The study evaluated
techniques such as weighted loss functions and
resampling strategies. DOLI:
10.1016/j.neunet.2017.11.002

The results showed that imbalance handling
techniques  significantly improve model
performance. However, selecting appropriate
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balancing methods remains a challenge in real-
world datasets.

Study 19: Explainable Deep Learning Models
(Selvaraju et al., 2017)

Selvaraju et al. introduced Grad-CAM, a
visualization technique for interpreting deep
learning models. The method highlights
important regions contributing to classification
decisions. DOI: 10.1109/ICCV.2017.74

The study improved transparency in Al-based
systems, enhancing trust among clinicians.
However, explainability methods sometimes
lack precision, requiring further refinement for
clinical reliability.

Study 20: Ensemble Deep Learning for Skin
Lesion Classification (Harangi, 2018)

Harangi proposed an ensemble of deep
convolutional neural networks for melanoma
detection. The approach combined predictions
from multiple models to improve classification
accuracy. DOI: 10.1016/j.cmpb.2018.02.028

The ensemble model achieved superior
performance compared to individual networks.
However, increased computational
requirements and complexity were identified as
barriers to real-time clinical implementation.
Study 21: Vision Transformers for Skin
Lesion Classification (Dosovitskiy et al., 2021)
Dosovitskiy et al. introduced Vision
Transformers as an alternative to convolutional
neural networks for image classification tasks.
The study explored transformer-based
architectures for capturing global dependencies
in dermoscopic images. DOLI:
10.48550/arXiv.2010.11929

The results indicated that Vision Transformers
achieve competitive performance compared to
CNNs when trained on large datasets. However,
their dependence on extensive training data
limits applicability in medical domains with
limited annotated samples.

Study 22: Self-Supervised Learning for
Medical Imaging (Azizi et al., 2021)

Azizi et al. explored self-supervised learning
techniques to leverage unlabeled medical data
for feature learning. The study demonstrated
improved representation learning without
relying on large labeled datasets. DOI:
10.48550/arXiv.2101.05224

The findings highlighted that self-supervised
approaches enhance  transfer  learning
performance. However, designing effective
pretext tasks remains a challenge in achieving
optimal results.

Study 23: Federated Learning in Healthcare
Al (Sheller et al., 2020)

Sheller et al. proposed federated learning for
collaborative model training across multiple
institutions without sharing sensitive patient
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data. The study focused on privacy-preserving

melanoma detection. DOI: 10.1038/s41598-
020-69250-1
The results demonstrated improved

generalization and data privacy. However,
communication overhead and model
synchronization issues were identified as
limitations in large-scale deployments.

Study 24: Capsule Networks for Skin Lesion
Analysis (Afshar et al., 2018)

Afshar et al. introduced capsule networks to
preserve spatial relationships in medical images.
The study applied capsule architectures for

melanoma classification tasks. DOI:
10.48550/arXiv.1804.04241

The findings showed improved feature
representation and robustness. However,
capsule networks required high computational
resources and complex training, limiting

practical usage.

Study 25: GAN-Based Data Augmentation
(Frid-Adar et al., 2018)

Frid-Adar et al. utilized generative adversarial
networks to generate synthetic medical images
for training deep learning models. The study
addressed data scarcity in melanoma datasets.
DOI:10.1016/j.media.2018.02.004

The results indicated that GAN-based
augmentation improves classification accuracy.
However, the quality of generated images
significantly impacts model performance,
requiring careful validation.

Study 26: Multi-Modal Learning for Skin
Cancer Detection (Combalia et al., 2019)
Combalia et al. proposed a multi-modal
framework integrating clinical metadata with
dermoscopic images for melanoma detection.
The study emphasized the importance of
combining different data sources. DOI:
10.1109/TMI1.2019.2891423

The findings showed improved diagnostic
accuracy through  multi-modal learning.
However, integrating heterogeneous data

sources posed challenges in model design and
training.

Study 27: Transfer Learning with Fine-
Grained Classification (Xie et al., 2020)

Xie et al. explored fine-grained classification
techniques using transfer learning for
distinguishing subtle variations in skin lesions.
DOI: 10.1109/TIP.2020.2969714

The study demonstrated improved classification
of visually similar lesions. However, fine-grained
models required high-resolution images and
increased computational complexity.

Study 28: Automated Lesion Segmentation
Using Deep Learning (Ronneberger et al.,
2015)

Ronneberger et al

introduced  U-Net



Artificial Intelligence Techniques for Transfer Learning Architype for An Enhanced Melanoma Skin Cancer Using
Hybrid Texture Features Detection and Classification Scheme in Medical Image Processing: Trends and Challenges

architecture for biomedical image segmentation.
The study significantly improved lesion
boundary detection in dermoscopic images. DOI:
10.1007/978-3-319-24574-4_28

The results highlighted the importance of
accurate segmentation in improving
classification performance. However,
segmentation models required extensive labeled
data and precise annotations.

Study 29: Optimization Techniques in Deep
Learning Models (Kingma and Ba, 2015)
Kingma and Ba proposed the Adam optimization
algorithm for efficient training of deep neural

parameter tuning may lead to suboptimal
performance, emphasizing the need for careful
optimization strategies.

Study 30: Explainable and Trustworthy Al in
Healthcare (Rudin, 2019)

Rudin emphasized the importance of
interpretable models over black-box approaches
in high-stakes domains such as healthcare. The
study advocated for transparent Al systems in
medical diagnosis. DOI: 10.1038/s42256-019-
0048-x

The findings highlighted that trust and
interpretability are critical for clinical adoption.

networks. The study demonstrated faster However, achieving a balance between accuracy
convergence and improved performance. DOI: and explainability remains a significant
10.48550/arXiv.1412.6980 challenge in Al-based melanoma detection
The optimizer became widely adopted in systems.
medical image analysis. However, improper
Comparative Table
Study | Year | Method Model Data Type Key Performance
Contribution
1 2017 | Transfer CNN Dermoscopic | Dermatologist- High accuracy
Learning Images level
classification
2 2018 | Hybrid CNN + | Image Data Feature fusion | Improved
Features Texture improvement robustness
3 2018 | CNN Analysis | CNN Dermoscopic | Human vs Al | High sensitivity
comparison
4 2014 | Texture LBP, GLCM Image Data Interpretable Moderate
Analysis features accuracy
5 2016 | Transfer CNN Medical Reduced training | High efficiency
Learning Images time
6 2018 | Ensemble Multi-CNN Dermoscopic | Reduced High accuracy
Learning overfitting
7 2016 | Fine-Tuning CNN Medical Layer-wise Improved
Images adaptation results
8 2017 | Residual ResNet Dermoscopic | Deep feature | High accuracy
Networks extraction
9 2020 | Feature Hybrid Model | Medical Complementary | Enhanced
Fusion Images features performance
10 2020 | Explainable Al | CNN + Grad- | Dermoscopic | Model Moderate
CAM transparency performance
11 2019 | Data CNN Image Data Improved High accuracy
Augmentation generalization
12 2020 | Attention CNN + | Dermoscopic | Focused feature | High precision
Models Attention learning
13 2019 | Multi-Scale CNN Image Data Multi-resolution | Improved
Learning features accuracy
14 2020 | Hybrid Model | CNN + SVM Dermoscopic | Combined High
classifiers performance
15 2016 | Domain Adversarial Medical Cross-domain Improved
Adaptation NN Images learning generalization
16 2017 | Lightweight MobileNet Image Data Real-time Efficient
Models detection
17 2018 | Optimization Genetic Texture Feature selection | Reduced
Algorithm Features complexity
18 2018 | Imbalance CNN Medical Balanced Improved
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Handling Images training accuracy
19 2017 | Explainability | Grad-CAM CNN Visualization Interpretability
20 2018 | Ensemble Multi-CNN Dermoscopic | Combined High accuracy
CNN predictions
21 2021 | Transformer ViT Image Data Global feature | High
learning performance
22 2021 | Self- SSL Models Medical Unlabeled Improved
Supervised Images learning features
23 2020 | Federated Distributed Multi-center | Privacy Robust
Learning NN Data preservation
24 2018 | Capsule CapsNet Image Data Spatial Moderate
Network relationships accuracy
25 2018 | GAN GAN Image Data Synthetic  data | Improved
Augmentation generation accuracy
26 2019 | Multi-Modal Hybrid Model | Image + | Data fusion High accuracy
Metadata
27 2020 | Fine-Grained CNN High-res Subtle High precision
Images classification
28 2015 | Segmentation | U-Net Biomedical Accurate High accuracy
Images segmentation
29 2015 | Optimization Adam Neural Fast convergence | Efficient
Networks
30 2019 | Explainable Al | Interpretable | Medical Data | Trustworthy Al Moderate
Models

Analysis Based on Literature Review

The comprehensive analysis of the reviewed
studies reveals a clear evolution in melanoma
detection methodologies, transitioning from
traditional handcrafted feature-based
approaches to advanced deep learning and
hybrid frameworks. Early studies emphasized
texture-based descriptors such as Local Binary
Patterns and Gray Level Co-occurrence Matrix,
which provided interpretable but limited
representations. With the advent of deep
learning, convolutional neural networks
significantly improved classification accuracy by
automatically extracting hierarchical features.
However, challenges such as data scarcity, class
imbalance, and lack of interpretability persisted.
Transfer learning emerged as a crucial solution,
enabling the adaptation of pretrained models to
medical imaging tasks with limited datasets.
Hybrid approaches integrating deep features
with handcrafted texture descriptors
demonstrated superior performance by
capturing both global and local patterns. Recent
advancements, including attention mechanisms,
transformers, and self-supervised learning,
further enhanced feature representation and
generalization capabilities. Additionally,
explainable Al and federated learning addressed
critical concerns related to transparency and
data privacy. Despite these advancements,
challenges such as computational complexity,
scalability, and clinical integration remain
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significant barriers, indicating the need for
optimized and interpretable hybrid frameworks.

Discussion

The rapid advancement of artificial intelligence
techniques in melanoma detection has
significantly = transformed medical image
analysis, offering improved diagnostic accuracy
and efficiency. Transfer learning has emerged as
a cornerstone in addressing the limitations of
limited annotated datasets by enabling the reuse
of pretrained models. The integration of hybrid
texture  features with  deep learning
architectures has further enhanced classification
performance by combining complementary
feature representations. Studies have
consistently demonstrated that hybrid models
outperform standalone approaches, particularly
in complex and heterogeneous datasets.
However, the increasing complexity of these
models introduces challenges related to
computational cost, scalability, and deployment
in real-world clinical environments. Moreover,
the lack of standardized datasets and evaluation
protocols complicates the comparison of
different methodologies. The growing emphasis
on explainable artificial intelligence highlights
the need for transparent models that can
provide meaningful insights into decision-
making processes, thereby increasing trust
among healthcare professionals. Additionally,
privacy-preserving techniques such as federated
learning are gaining importance in collaborative
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medical research. Despite these advancements,
achieving a balance between accuracy,
interpretability, and efficiency remains a critical
challenge. Future research should focus on
developing lightweight, interpretable, and
robust models that can be seamlessly integrated
into clinical workflows while maintaining high
diagnostic performance.

Conclusion

Artificial intelligence has emerged as a
transformative force in the field of medical
image processing, particularly in the detection
and classification of melanoma skin cancer. This
study has provided a comprehensive review of
transfer learning architectures integrated with
hybrid texture feature extraction techniques,
highlighting their potential in improving
diagnostic accuracy and reliability. The analysis
of existing literature demonstrates that
traditional handcrafted features, while
interpretable, are insufficient for capturing the
complex patterns present in dermoscopic
images. Conversely, deep learning models,
particularly convolutional neural networks,
offer powerful feature extraction capabilities
but require large annotated datasets and often
lack interpretability. Transfer learning has
effectively bridged this gap by enabling the
adaptation of pretrained models to domain-
specific tasks, significantly reducing training
time and improving performance.

The integration of hybrid texture features with
deep learning representations has proven to be
a promising approach, combining the strengths
of both methodologies to achieve superior
classification results. These hybrid frameworks
enhance the discriminative power of models by
capturing both global and local image
characteristics. Furthermore, advancements in
attention mechanisms, self-supervised learning,
and transformer-based architectures have
further improved feature representation and
generalization capabilities. The incorporation of
explainable Al techniques has also addressed
critical concerns related to transparency and
trust in medical applications, facilitating the
adoption of Al-based systems in clinical practice.
Despite these advancements, several challenges
remain unresolved. Data scarcity, class
imbalance, and domain variability continue to
hinder the development of robust and
generalizable models. Additionally, the high
computational complexity of advanced deep
learning models limits their deployment in
resource-constrained environments. The lack of
standardized evaluation frameworks further
complicates the comparison of different
approaches. Moreover, ensuring data privacy
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and security in collaborative research settings
remains a significant concern.

Future research directions should focus on
developing lightweight and efficient models that
maintain high accuracy while reducing
computational requirements. The exploration of
federated learning and privacy-preserving
techniques can facilitate collaborative model
training without compromising patient data.
Additionally, the development of interpretable
models that provide clear insights into decision-
making processes is essential for gaining the
trust of healthcare professionals. The
integration of multimodal data, including clinical
and genetic information, may further enhance
diagnostic performance.

In conclusion, the combination of transfer
learning and hybrid texture feature extraction
represents a promising paradigm for melanoma
detection in medical image processing. While
significant progress has been made, continued
research and innovation are required to address
existing challenges and ensure the successful
integration of Al-based systems into clinical
practice. The future of melanoma diagnosis lies
in the development of intelligent, reliable, and
interpretable systems that can assist clinicians
in making accurate and timely decisions,
ultimately improving patient outcomes and
reducing mortality rates.
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