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Abstract: Melanoma, a highly aggressive form of skin cancer,
continues to rise in prevalence worldwide. Early identification of
skin lesions is crucial for enhancing patient prognosis and mini-
mizing medical expenses. Automated detection systems have
emerged as essential tools in dermatology, improving diagnostic
precision and efficiency. This paper explores recent advance-
ments in skin lesion analysis, covering both conventional ma-
chine learning techniques and state-of-the-art deep learning ar-
chitectures. Additionally, it discusses existing obstacles and po-
tential future research directions in this field.

Index Terms—SKkin lesion detection, deep learning, machine
learning, convolutional neural networks, Al in healthcare.

[. INTRODUCTION

Skin cancer remains one of the leading causes of cancer-
related mortality worldwide, with millions of new cases di-
agnosed each year. Among its various types, melanoma is
the most aggressive, making early detection essential for
effective treatment. Prompt diagnosis significantly enhances
patient survival rates and improves treatment success.

Traditional methods for identifying skin lesions rely on
the expertise of dermatologists, employing techniques such
as dermoscopy and histopathological evaluation. However,
these approaches can be subjective, require considerable time,
and may yield inconsistent results across different medical
professionals. The increasing burden of skin cancer, coupled
with a shortage of dermatology specialists, highlights the need
for more efficient diagnostic solutions.

Recent advancements in medical imaging have led to the
development of automated skin lesion detection systems capa-
ble of analyzing large datasets, identifying malignant patterns,
and assisting in real-time diagnoses. Convolutional neural
networks (CNNs) have demonstrated accuracy levels compa-
rable to, and in some cases exceeding, those of experienced
dermatologists. These technological improvements enhance
diagnostic reliability and increase accessibility to skin cancer
screening, particularly in underserved regions.

I. BACKGROUND
A. Types of Skin Cancer

Skin cancer is among the most prevalent malignancies
globally and is classified into three primary types: Basal Cell
Carcinoma (BCC), Squamous Cell Carcinoma (SCC), and
Melanoma. Additionally, rare forms like Merkel Cell Carci-
noma require specialized diagnostic and treatment strategies.
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1) Basal Cell Carcinoma (BCC): Basal Cell Carcinoma
(BCC) accounts for nearly 80% of all skin cancer cases,
making it the most frequently diagnosed type. It originates in
the basal cells located in the lower layers of the epidermis.
Although BCC typically grows at a slow pace and rarely
spreads to other parts of the body, it can cause significant
local tissue damage if left untreated. It often appears as a
translucent or pearly bump on sun-exposed areas such as the
face and neck. Early detection and treatment are crucial to
prevent disfigurement and complications. Common risk factors
include prolonged exposure to ultraviolet (UV) radiation, fair
skin, and a history of frequent sunburns. Treatment options for
BCC include surgical excision, Mohs surgery, cryotherapy, and
topical medications depending on the tumor’s size and loca-
tion. In some cases, radiation therapy may be recommended
for patients who are not good surgical candidates. Preventive
measures such as regular use of sunscreen, wearing protective
clothing, and avoiding tanning beds can significantly reduce
the risk of developing BCC.

Fig. 1. Basal Cell Carcinoma: A slow-growing cancer originating in basal
cells.

Key Features of BCC:

o Often appears as a pearly or translucent bump on areas
frequently exposed to sunlight.

e May present with visible blood vessels or a central
indentation.

o Commonly affects the face, neck, and upper body.

2) Squamous Cell Carcinoma (SCC): Squamous Cell Car-
cinoma (SCC) develops from squamous cells found in the
outer layer of the skin. It is more aggressive than BCC and
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carries a greater risk of metastasis, particularly when occurring
in high-risk areas such as the lips, ears, or scalp.

Fig. 2. Squamous Cell Carcinoma: A more aggressive skin cancer with
metastatic potential.

Distinctive Features of SCC:

o Typically appears as a rough, scaly patch or a wart-like

lesion.

o May ulcerate, bleed, or form crusts over time.

o Commonly develops in sun-exposed areas, including the

face, hands, and scalp.

3) Melanoma: Melanoma is the most deadly form of skin
cancer, originating from melanocytes and known for its rapid
spread if not identified early. Though less frequent than other
skin cancers, melanoma is responsible for the highest number
of skin cancer-related deaths.

Fig. 3. Melanoma: A highly aggressive malignancy that arises from
melanocytes.

Identifying Characteristics of Melanoma:

o Moles with asymmetrical shapes and irregular edges.

o May present multiple colors, such as brown, black, red,

blue, or white.

o Grows rapidly, often accompanied by itching, bleeding,

or ulceration.

4) Merkel Cell Carcinoma (Rare Type): Merkel Cell Car-
cinoma is an uncommon yet highly aggressive skin cancer
that originates from Merkel cells, which contribute to touch
sensation. It primarily affects older adults or individuals with
weakened immune systems.

Characteristics of Merkel Cell Carcinoma:

o Appears as a firm, painless, reddish or purplish nodule.

o Exhibits rapid growth and a high likelihood of early
metastasis.
o Frequently develops on the head, neck, and extremities.

B. Significance of Early Detection

Detecting skin cancer at an early stage plays a crucial role
in improving survival rates. Timely identification allows for
less invasive treatments, minimizing the risk of the disease
spreading. For instance, melanoma has a five-year survival
rate exceeding 90% when diagnosed early, whereas late-stage
cases have significantly poorer prognoses.

Various diagnostic techniques, such as dermoscopy and con-
focal microscopy, assist in identifying skin cancer. However,
these methods often require specialized expertise, limiting
their accessibility in certain regions. Advanced computational
tools now provide an alternative by analyzing medical im-
ages and aiding in early detection. These systems improve
diagnostic precision, reduce delays, and offer a cost-effective
approach to skin cancer screening. With ongoing technological
advancements, their integration into medical practice may
greatly enhance patient outcomes and overall survival rates.

C. Traditional vs. Technology-Assisted Approaches

Conventional diagnosis depends on the expertise of derma-
tologists and the microscopic examination of biopsy samples.
While dermoscopy enhances diagnostic accuracy, human as-
sessment remains time-intensive and may introduce variability,
leading to possible delays in identifying the disease.

Technology-assisted methods utilize computational models
trained on extensive datasets to differentiate between various
skin lesions. Deep learning techniques, particularly convolu-
tional neural networks (CNNSs), have demonstrated accuracy
levels comparable to experienced dermatologists, facilitating
rapid and reliable detection of skin abnormalities.

Beyond classification, these digital tools assist in lesion
segmentation, risk assessment, and clinical decision-making,
helping prioritize cases requiring urgent attention. Although
they do not replace medical professionals, their integration into
dermatology improves diagnostic efficiency, reduces costs, and
expands access to skin cancer screening on a global scale.

II. PUBLICLY AVAILABLE DATASETS
A. ISIC Dataset

The International Skin Imaging Collaboration (ISIC)
dataset serves as a widely used benchmark for training and
evaluating skin lesion classification models. It includes several
iterations, such as ISIC 2017 and ISIC 2020, providing an
extensive collection of annotated images of both benign and
malignant skin lesions.

B. SIIM-ISIC Melanoma Classification Challenge Dataset

The SIIM-ISIC dataset comprises 33,126 dermoscopic
training images of various benign and malignant skin lesions
from over 2,000 patients. Each image is uniquely associated
with a patient identifier. Malignant cases have been con-
firmed through histopathological examination, while benign
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cases have been validated using expert consensus, longitudinal
observation, or histopathology. This dataset is instrumental in
advancing automated melanoma detection research.

C. HAM10000 Dataset

The HAM10000 (Human Against Machine with 10,000
Training Images) dataset consists of 10,015 high-resolution
dermatoscopic images of pigmented skin lesions. It categorizes
lesions into seven distinct conditions:

o Actinic Keratoses (akiec)

o Basal Cell Carcinoma (bcc)

+ Benign Keratosis-like Lesions (bkl)
o Dermatofibroma (df)

e Melanoma (mel)

e Melanocytic Nevi (nv)

o Vascular Lesions (vasc)

This dataset serves as a key reference for machine learning
models in dermatology.

D. SLICE-3D Dataset

The SLICE-3D dataset includes 400,000 cropped skin le-
sion images extracted from 3D Total Body Photography (TBP)
scans for skin cancer assessment. Unlike conventional 2D
dermoscopic images, SLICE-3D incorporates volumetric data,
enabling researchers to analyze lesion depth and structural
variations in three-dimensional space. This dataset enhances
the capabilities of deep learning models in detecting spatial
features crucial for skin cancer diagnosis.

E. DERM12345 Dataset

The DERM12345 dataset is a comprehensive dermatologi-
cal dataset that comprises 40 subclasses of skin lesions. It is
curated from multiple dermatology centers, ensuring a diverse
representation of skin conditions across different demographic
groups. It includes:

o Various subtypes of melanoma, nevi, and carcinoma

« Rare dermatological conditions such as atypical vascular
lesions and uncommon keratoses

o Lesion samples from pediatric and geriatric patients

This dataset plays a significant role in enhancing machine
learning models for dermatological classification.

F. DermNet Dataset

DermNet is a widely used dermatology dataset providing
high-resolution images of a broad range of skin conditions. It
is extensively utilized for classification tasks and educational
purposes in dermatology. The dataset encompasses various
dermatological conditions, including:

o Acne, psoriasis, and eczema

« Bacterial, fungal, and viral skin infections

o Dermatological symptoms associated with systemic dis-
eases

G. PAD-UFES-20 Dataset

The PAD-UFES-20 dataset comprises a diverse collection
of skin lesion images that have been annotated by dermatolo-
gists. It was specifically developed to reduce biases in existing
datasets by incorporating images from individuals with varying
skin tones, ethnic backgrounds, and age groups. The dataset
features multiple lesion types, making it an essential resource
for improving the generalization capabilities of deep learning
models.

H. MSK Dataset

The MSK dataset consists of high-resolution dermatoscopic
images sourced from Memorial Sloan Kettering Cancer
Center. It focuses primarily on melanoma and other malig-
nant skin conditions. Each image is meticulously labeled by
medical professionals, ensuring high-quality annotations for
skin cancer classification. The dataset is widely employed in
medical Al research, particularly for the development of deep
learning-based melanoma detection models.

III. LITERATURE SURVEY

A thorough examination of research articles spanning from
2008 to the present has been conducted, analyzing over 100
studies from prominent journals, conferences, and workshops.
The review primarily focuses on two critical domains: segmen-
tation techniques for skin lesions and classification method-
ologies. Additionally, it presents an extensive compilation of
publicly accessible datasets and a comparative assessment
of various evaluation metrics used for model performance
analysis.

o Clinical Diagnosis: This is the foremost and widely
practiced approach for skin lesion identification. Derma-
tologists visually inspect the skin for irregularities using
standardized diagnostic principles such as the ABCD rule
(Asymmetry, Border irregularity, Color variation, and
Diameter). Moreover, the ugly duckling sign—where a
lesion appears distinct from nearby moles—often plays a
significant role in assessment. While this method is non-
invasive, economical, and readily available, it remains
subjective and heavily reliant on the clinician’s expertise.
Incorrect diagnosis can sometimes occur, particularly
in the early development of malignancies, leading to
either superfluous biopsies or delayed interventions. Ad-
ditionally, environmental factors like lighting conditions
and patient skin type can affect diagnostic accuracy.
To mitigate these limitations, clinical diagnosis is often
supplemented by additional diagnostic modalities or de-
tailed patient history, including sun exposure and familial
cancer history. Training programs and decision support
tools are increasingly employed to improve consistency
among practitioners.

o Dermatoscopic Evaluation: Dermatoscopy (or der-
moscopy) is an advanced non-invasive imaging technique
that provides enhanced visualization of underlying skin
structures, including pigment networks, vascular for-
mations, and keratinous cysts, which are otherwise
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indiscernible to the naked eye. The technique employs
polarized light or a liquid interface to minimize surface
reflection, yielding clearer imagery for analysis. Research
indicates that dermatoscopy notably enhances diagnostic
precision compared to unaided visual inspection. How-
ever, it necessitates specialized training and experience,
and its widespread adoption is limited in low-resource
environments. Furthermore, variability in interpretation
among different dermatologists remains a concern, as
individual assessments of the same dermoscopic image
may differ. Recent developments include integration with
digital imaging and machine learning algorithms, which
aim to standardize analysis and support clinicians in
diagnostic decision-making. Portable dermatoscopes and
smartphone attachments are also expanding access and fa-
cilitating teledermatology consultations, enabling remote
diagnosis and follow-up in underserved areas.

« Histopathological Analysis: Regarded as the definitive
standard in diagnosing skin cancer, histopathology en-
tails microscopic scrutiny of biopsied skin tissue to
detect cellular irregularities and malignant properties.
This technique ensures high diagnostic reliability and is
indispensable for verifying ambiguous or doubtful cases.
Despite its accuracy, histopathology is invasive, labor-
intensive, and costly, necessitating specialized labora-
tories and trained pathologists. The workflow encom-
passes biopsy extraction, tissue processing, staining,
and detailed microscopic inspection, potentially leading
to delays in diagnosis. In certain instances, molecular
and genetic assays may complement histopathology to
refine the diagnosis and determine tailored treatment op-
tions. The advent of Al-driven histopathological anal-
ysis is gaining traction, aiming to enhance efficiency
and mitigate human errors within this domain. More-
over, advances in digital pathology, including whole-
slide imaging and telepathology, are facilitating remote
consultations and second opinions, improving diagnostic
turnaround times and accessibility in underserved areas.
These technologies also open avenues for large-scale data
analysis, enabling research into novel biomarkers and
improved classification systems.

e Advanced Imaging Techniques: Emerging imaging
modalities such as reflectance confocal microscopy
(RCM) and optical coherence tomography (OCT)
provide real-time, high-resolution images of skin layers
without the need for biopsy. These techniques help in the
non-invasive assessment of lesion morphology and depth,
improving early detection and treatment planning.

A. Preprocessing and Augmentation

The presence of artifacts in raw skin lesion images, whether
collected from clinical sources or publicly available datasets,
can significantly hinder accurate lesion detection, segmenta-
tion, and classification. To enhance diagnostic accuracy, pre-
processing steps are essential to refine image quality, eliminate
inconsistencies, and optimize input data for analysis. These

steps may involve noise suppression, contrast adjustment, and
artifact removal, all contributing to improved model perfor-
mance and reliability.
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Fig. 4. Illustration of the ABCDE criteria for melanoma assessment

o Hair Strands: Stray hair in images can obscure crit-
ical lesion features. Techniques such as morphological
operations or inpainting algorithms help remove these
obstructions while preserving the underlying skin texture.

« Bubble Artifacts: The presence of air bubbles or residual
fluids on the skin surface can distort visual features.
These artifacts are often mitigated using smoothing filters
or image restoration techniques.

o Measurement Scales: Markers like rulers, commonly
included for scale reference, can interfere with image
analysis. Automated segmentation methods are employed
to detect and eliminate these elements for accurate lesion
evaluation.

« Ink Anneotations: Dermatologists often use pen markings
to highlight regions of interest, introducing extraneous
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patterns in images. These can be effectively removed
through color-based segmentation techniques.

e Uneven Illumination: Shadows and varying lighting
conditions can create dark edges around lesions, affecting
segmentation accuracy. Adaptive histogram equalization
and other illumination correction techniques help stan-
dardize lighting variations.

Beyond artifact elimination, data augmentation techniques
enhance dataset diversity and model robustness. Strategies
such as rotation, flipping, scaling, and color variations pre-
vent overfitting and improve the generalization capability of
machine learning models. Augmented datasets enable more
reliable and adaptable diagnostic systems.

Fig. 5. Illustration of hair artifacts affecting lesion visibility.

Standardizing image dimensions and resolution is another
crucial preprocessing step. Deep learning models typically
require fixed input sizes, necessitating image resizing and
normalization. Additionally, color standardization techniques
mitigate variations due to different camera settings and lighting
conditions. These steps ensure a consistent dataset, facilitating
more accurate and reproducible diagnostic outcomes.

Lastly, preprocessing and augmentation strategies should
be customized to match dataset-specific characteristics and
diagnostic objectives. Different imaging conditions introduce
unique artifacts that require tailored preprocessing pipelines.
A well-structured approach to preprocessing enhances both
model performance and the interpretability of automated di-
agnostic solutions, making them more reliable for clinical
applications.

IV. SEGMENTATION

Segmentation plays a fundamental role in skin lesion anal-
ysis by distinguishing the lesion from the surrounding skin.
Precise segmentation is crucial for extracting relevant features
and ensuring robust classification. Traditional techniques, in-
cluding thresholding, edge detection, and region-based meth-
ods, have been extensively utilized. However, these approaches
often face challenges due to irregular lesion boundaries, low
contrast between the lesion and skin, and the presence of
artifacts.

Deep learning methods, particularly convolutional neural
networks (CNNs), have significantly enhanced segmentation
accuracy. One of the most effective architectures is U-Net,
specifically designed for biomedical image segmentation. This
network integrates a contracting path to capture contextual

information and an expanding path for precise localization,
leading to superior segmentation performance even in noisy
or artifact-heavy images.

Attention mechanisms have further improved segmentation
accuracy by dynamically emphasizing relevant regions of
the image. Attention-based models focus on critical features,
enhancing the delineation of lesion boundaries. Additionally,
post-processing techniques such as conditional random fields
(CRFs) refine segmentation outputs by incorporating spatial
dependencies and smoothing the results.

V. CLASSIFICATION

Classification is the final stage in skin lesion analysis, where
segmented lesions are categorized into diagnostic classes such
as benign, malignant, or specific cancer types. Traditional
classification models rely on handcrafted features like texture,
shape, and color, which are then used by classifiers such as
support vector machines (SVMs) and random forests for lesion
identification.

The emergence of deep learning has transformed lesion
classification, allowing models to learn features directly from
raw images. CNNs, including ResNet, DenseNet, and Effi-
cientNet, have demonstrated exceptional performance in lesion
classification by capturing hierarchical patterns. Transfer learn-
ing, utilizing pre-trained models on large-scale datasets like
ImageNet, has become a standard approach, enabling effective
learning from limited medical data.

Ensemble methods, which aggregate predictions from mul-
tiple models, have further improved classification accuracy by
mitigating overfitting and enhancing generalization. Moreover,
the adoption of explainable AI (XAI) methods, such as Grad-
CAM, provides interpretable insights into model predictions,
fostering trust in automated diagnostic systems.

VI. METHODS FOR SKIN LESION DETECTION &
CLASSIFICATION

A. Image Preprocessing Techniques

Preprocessing is a crucial step in skin lesion analysis,
addressing noise, artifacts, and inconsistencies in raw images.
Key preprocessing techniques include:

o Denoising: Unwanted noise in lesion images may result
from poor lighting, sensor defects, or compression ar-
tifacts. Filtering methods, such as Gaussian smoothing,
median filtering, and deep learning-based approaches,
help remove noise while preserving lesion details.

« Augmentation: To enhance dataset diversity, augmenta-
tion techniques such as flipping, rotation, scaling, and
color adjustments are applied. Augmentation strengthens
model robustness and mitigates overfitting, especially
when working with limited data.

« Segmentation: Segmentation isolates lesions from sur-
rounding skin, allowing more precise analysis. While
traditional thresholding and edge detection methods are
used, deep learning models like U-Net and attention-
driven networks have demonstrated superior performance
in delineating complex lesion structures.
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B. Feature Extraction Methods

Feature extraction focuses on identifying key characteristics
that facilitate classification. Traditional approaches extract
features such as:

o Color Features: Lesions exhibit distinctive color dis-
tributions, which can be quantified using histograms or
statistical measures.

o Texture Features: Texture analysis techniques, such as
Gray-Level Co-occurrence Matrix (GLCM) and Local
Binary Patterns (LBP), capture fine details within lesions.

« Shape Features: Geometric properties like asymmetry,
border irregularity, and compactness are vital in distin-
guishing between benign and malignant lesions.

Deep learning models eliminate the need for handcrafted
features by automatically extracting hierarchical patterns from
images, improving classification performance.

C. Traditional Machine Learning Approaches

Traditional classification techniques rely on handcrafted fea-
tures and statistical models to classify skin lesions. Common
approaches include:

o Support Vector Machines (SVM): Effective for bi-
nary classification, SVMs determine optimal decision
boundaries in feature space, distinguishing between lesion
categories.

« Random Forest: This ensemble learning method con-
structs multiple decision trees to enhance classification
accuracy and mitigate overfitting.

o k-Nearest Neighbors (k-NN): A simple yet effective
method that classifies lesions based on feature similarity
with neighboring samples in the dataset.

Although these techniques are computationally efficient and
interpretable, deep learning-based approaches have demon-
strated superior performance in handling complex patterns and
large-scale datasets.

D. Deep Learning Techniques

Deep learning has significantly enhanced the accuracy of
skin lesion detection and classification by enabling direct
learning from images. Some key architectures include:

1) CNN-Based Models: Convolutional Neural Networks
(CNNs) form the foundation of modern skin lesion analysis.
Notable architectures include:

o ResNet: Residual Networks incorporate skip connections
to counteract vanishing gradients, facilitating the training
of deeper models. They have demonstrated high perfor-
mance in classifying skin lesions.

e VGG: This architecture is characterized by its uniform
convolutional layers and depth, effectively capturing in-
tricate lesion details.

« EfficientNet: By scaling depth, width, and resolution in
a balanced way, EfficientNet achieves high classification
accuracy while maintaining computational efficiency.

2) Transformer-Based Networks: Initially developed for
language processing, Transformers have been adapted for
vision-based tasks, including skin lesion classification:

o Vision Transformers (ViTs): These models divide an
image into patches and process them using self-attention
mechanisms, effectively capturing global context.

o Swin Transformers: Swin Transformers introduce a hier-
archical approach with shifting windows, improving effi-
ciency and scalability for high-resolution medical images.

3) Hybrid Approaches: Hybrid architectures leverage the
benefits of both CNNs and Transformers:

e CNN-Transformer Combinations: These models use
CNNs for extracting local features and Transformers for
capturing broader contextual information, achieving an
optimal balance between precision and computational
demand.

« Attention-Enhanced CNNs: CNNs integrated with atten-
tion mechanisms allow the model to prioritize clinically
significant regions in skin lesion images.

E. Interpretable Al in Skin Lesion Analysis

Ensuring transparency in automated diagnostic systems is
crucial for clinical trust. Some key explainability techniques
include:

o Grad-CAM: Gradient-weighted Class Activation Map-
ping visualizes the areas that most influenced the model’s
decision, offering intuitive explanations.

o« SHAP Values: SHapley Additive exPlanations assess
the contribution of each input feature, aiding in model
interpretability.

o Attention Visualization: Transformer models utilize at-
tention maps to highlight image regions of primary im-
portance during classification.

Integrating explainable Al techniques enhances model trans-

parency, allowing clinicians to validate results and mitigate
biases effectively.

Input Data

DenisingAugmentation, oL

Segmentation Interpretable Al in

Skin Lesion Analysis

Explanibility

Learning
Approaches

Output

Fig. 6. Workflow

CHALLENGES IN EXISTING WORK
o Data Quality and Quantity:
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Many datasets suffer from class imbalance, where
certain types of skin lesions are underrepresented.
This imbalance can lead to biased models that per-
form poorly on minority classes.

Variability in image quality (e.g., lighting, resolu-
tion, and artifacts) across datasets can hinder model
generalization.

For example, the HAM10000 dataset, while large,
still faces challenges in representing rare skin con-
ditions adequately.

The DERM12345 dataset, despite its large size and
40 subclasses, lacks external validation, raising con-
cerns about its generalizability.

« Computational Requirements:
— Training deep learning models on large datasets

requires significant computational resources, which
may not be accessible to all researchers or healthcare
institutions.

For instance, ensemble models like those used in
the ISIC 2018 challenge (e.g., PNASNet-5-Large,
InceptionResNetV2) are computationally intensive
and may not be feasible for real-time applications.
The Hybrid Approach for Melanoma Detec-
tion paper highlights the computational intensity of
combining multiple algorithms (e.g., VGG16, XG-
BOOST, LightGBM), which limits scalability.

« Segmentation Accuracy:
— Accurate segmentation of skin lesions is crucial for

diagnosis but remains challenging due to irregular
lesion boundaries, hair occlusion, and low contrast
between lesions and surrounding skin.

Papers using the SLICE-3D dataset highlight the
complexity of integrating 3D imaging data with
segmentation techniques, which adds to the compu-
tational burden.

The Segmentation and Classification of Skin Le-
sions for Disease Diagnosis paper reports low F-
measure scores (SVM: 46.71%, k-NN: 34%, Fusion:
61%), indicating limited effectiveness in segmenta-
tion and classification.

o Generalization Across Datasets:
— Models trained on one dataset often fail to generalize

well to others due to differences in imaging modali-
ties, patient demographics, and lesion characteristics.
For example, models trained on HAM10000 may not
perform well on ISIC 2020 due to differences in
image acquisition and annotation protocols.

The Comparative Study of 2D vs. 3D Imaging
Techniques paper highlights the difficulty of com-
paring results across datasets with varying imaging
modalities.

« Interpretability and Explainability:
— Deep learning models, particularly CNNSs, are often

considered “black boxes,” making it difficult to un-
derstand their decision-making process.

— The paper on A Trustworthy Framework for Skin

Cancer Detection addresses this by using Grad-
CAM for explainability, but such methods are not
yet widely adopted.

The Skin Disease Classification versus Skin Lesion
Characterization paper highlights the challenge of
disease-targeted classification, which is less inter-
pretable compared to lesion-targeted classification.

o Overfitting and Model Robustness:
— Deep learning models, especially those with high

complexity, are prone to overfitting, particularly
when trained on small or imbalanced datasets.

The Deep Learning Approaches for Skin Le-
sion Analysis on the SLICE-3D Dataset paper
acknowledges potential overfitting concerns due to
the complexity of CNN architectures like ResNet and
EfficientNet.

The Automated Skin Lesion Classification Using
Ensemble of Deep Neural Networks paper reports
a best validation score of only 0.76, indicating room
for improvement in model robustness.

o Implementation Complexity:
— Advanced techniques, such as integrating 3D imag-

ing data or multimodal learning, often require com-
plex implementations that are difficult to replicate or
scale.

The Enhancement in Skin Cancer Detection Using
Image Super Resolution and CNN paper high-
lights the complexity of implementing 3D imaging
techniques, which require specialized equipment and
expertise.

The Accurate Skin Lesion Classification Using
Multimodal Learning paper notes the challenges
of handling multimodal data, which adds to the
implementation complexity.

« False Positives and Diagnostic Accuracy:
— High false positive rates can reduce the reliability

of skin lesion classification systems, particularly in
clinical settings.

The Hybrid Approach for Melanoma Detection
paper reports higher false positives, which could lead
to unnecessary biopsies or treatments.

The AI Progress in Skin Lesion Analysis paper
highlights the challenge of low-shot learning, where
baseline deep learning algorithms perform close to
chance with limited training data.

o Limited External Validation:
— Many studies lack external validation, raising con-

cerns about the generalizability of their findings to
real-world scenarios.

The DERM12345 dataset, despite its large size,
lacks external validation, which limits its applica-
bility in clinical practice.

The Segmentation and Classification of Skin Le-
sions for Disease Diagnosis paper uses a small,
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proprietary dataset of 726 samples, which may not
generalize well to larger, more diverse populations.

CHALLENGES IN FUTURE WORK

o Integration of Multimodal Data:

— Future systems must integrate diverse data types,
such as dermoscopic images, patient metadata (e.g.,
age, gender, lesion location), and genomic data, to
improve diagnostic accuracy.

— Developing robust multimodal learning frameworks
is a key challenge.

o Low-Shot and Zero-Shot Learning:

— Many rare skin conditions lack sufficient labeled
data for training. Low-shot and zero-shot learning
techniques are needed to address this issue.

EMERGING APPROACHES

Recent advances such as self-supervised learning have
shown promise in addressing limitations of traditional deep
learning models, especially in settings with limited labeled
data. For example, Dutt et al. [dutt2024parameterefficient]
conducted a comprehensive investigation into self-supervised
learning methods for skin lesion classification, highlighting
potential pathways to improve model robustness and general-
izability.

Future directions include:

Self-supervised PEFT: Combining SSL with parameter-
efficient tuning (e.g., [dutt2024parameterefficient] ’s
findings on pre-trained models)

Cross-domain adaptation: Leveraging PEFT for multi-
modal dermatology datasets

PAPERS ON SLICE-3D DATASET

Deep Learning Approaches for Skin Lesion Analysis on the
SLICE-3D Dataset

noitemsep,topsep=0pt

Dataset: SLICE-3D

Feature Representation: Deep features learned via
CNNs

Segmentation: CNN-based segmentation

Algorithm: CNN architectures (e.g., ResNet, Efficient-
Net)

Feature Extraction: Automatic feature learning
Performance Metrics: Accuracy: 92.5%; Sensitivity:
90.1%; Specificity: 94.3%

Strengths: Effective on large-scale datasets
Weaknesses: High computational resources; potential
overfitting

Enhancement in Skin Cancer Detection Using Image Super
Resolution and CNN

noitemsep,topsep=0pt

Dataset: SLICE-3D
Feature Representation: Combines 3D imaging with
ML features

Segmentation: Integrates segmentation with 3D data
Algorithm: ML models with 3D spatial information
Feature Extraction: Traditional and 3D-specific features
Performance Metrics: AUC: 0.89; F1-Score: 0.85
Strengths: Added value of 3D data

Weaknesses: Complex implementation; requires 3D
equipment

PAPERS ON HAM10000 DATASET

Comparative Study of Skin Cancer Classification Approaches

noitemsep,topsep=0pt

Dataset: HAM10000, ISIC

Feature Representation: Color and texture features
Segmentation: Histogram equalization

Algorithm: Naive Bayes, Random Forest, CNN
Feature Extraction: PCA for dimensionality reduction
Performance Metrics: Accuracy: 80%—92%
Strengths: Compares ML vs. DL approaches
Weaknesses: CNNs require extensive resources

Accurate Skin Lesion Classification Using Multimodal Learn-
ing on the HAM10000 Dataset

noitemsep,topsep=0pt

Dataset: HAM10000

Feature Representation: Image data + patient metadata
(sex, age, lesion location)

Segmentation: Not specified

Algorithm: Multimodal deep learning model (ALBEF)
Feature Extraction: Automatic feature extraction from
images and metadata

Performance Metrics: Accuracy: 94.11%, AUC-ROC:
0.9426

Strengths: Integrates multiple data types for improved
accuracy

Weaknesses: Complexity in handling multimodal data

PAPERS ON ISIC 2020 DATASET

DSCC_Net: Multi-Classification Deep Learning Models for
Skin Cancer Detection

noitemsep,topsep=0pt

Dataset: ISIC 2020, HAM10000, DermlIS

Feature Representation: Dermoscopic images
Segmentation: Not specified

Algorithm: DSCC_Net (CNN-based)

Feature Extraction: Automatic feature extraction via
CNN

Performance Metrics: Accuracy: 94.17%, AUC:
99.43%, Recall: 93.76%, Precision: 94.28%, F1-Score:
93.93%

Strengths: High accuracy and AUC, effective in multi-
class classification

Weaknesses: Not specified
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Skin-Net: A Novel Deep Residual Network for Skin Lesions
Classification
noitemsep,topsep=0pt
« Dataset: ISIC 2020
+ Feature Representation: Dermoscopic images
« Segmentation: Not specified
o Algorithm: Deep Residual Network (Skin-Net)
o Feature Extraction: Automatic feature extraction via
deep residual network
o Performance Metrics: Accuracy: 98.37% in classifying
lesions as benign or malignant
o Strengths: High classification accuracy
o Weaknesses: Not specified

PAPERS ON DERM 12345 DATASET

Multi-Class Skin Lesion Diagnosis with the DERMI12345
Dataset
noitemsep,topsep=0pt
o Dataset: DERM 12345
o Feature Representation: Dermoscopic images with 40
subclasses
o Segmentation: Not specified
o Algorithm: No
o Feature Extraction: Automatic feature extraction via
CNNs
« Performance Metrics: Not specified
o Strengths: Focuses on multi-class classification of skin
lesions
o Weaknesses: Lack of external validation

Enhancing Skin Lesion Classification Accuracy Using the
DERM 112345 Dataset
noitemsep,topsep=0pt
o Dataset: DERM12345
o Feature Representation: Dermoscopic images with 40
subclasses
« Segmentation: Not specified
o Algorithm: No
o Feature Extraction: Automatic feature extraction via
CNNs
o Performance Metrics: Not specified
o Strengths: Focuses on multi-class classification of skin
lesions
o Weaknesses: Lack of external validation

CHALLENGING PAPERS

Skin Disease Classification versus Skin Lesion Characteriza-
tion
noitemsep,topsep=0pt
o Dataset: AtlasDerm, Danderm, Derma, DermlS,
Dermnet, DermQues
« Feature Representation: Raw image pixels
« Segmentation: Not specified
o Algorithm: Convolutional Neural Networks (CNNs)
o Feature Extraction: Automatic CNN-based extraction

o Performance Metrics: - Disease-targeted classification:
Top-1 Accuracy: 27.6%, Top-5 Accuracy: 57.9%, Mean
Average Precision (mAP): 0.42 - Lesion-targeted classi-
fication: mAP: 0.70

« Strengths: Highlights the challenge of disease-targeted
classification and suggests lesion-targeted classification
as a more effective approach

+ Weaknesses: Low accuracy in disease-targeted classifica-
tion indicates difficulty in distinguishing between diseases

Al Progress in Skin Lesion Analysis

noitemsep,topsep=0pt

o Dataset: ISC 2018

o Feature Representation: Raw image pixels

« Segmentation: Not specified

o Algorithm: Deep Learning algorithms

o Feature Extraction: Automatic feature extraction

o Performance Metrics: Accuracy with 10 training exem-
plars per class: - Baseline DL algorithm: 56.41% - Best
performing low-shot algorithm: 85.26%

o Strengths: Addresses the challenge of low-shot learning
in skin lesion analysis

o Weaknesses: Baseline deep learning algorithm performs
close to chance with limited training data

DISCUSSION

The literature review underscores notable progress in skin
lesion analysis, driven by diverse datasets and deep learning
techniques. The SLICE-3D dataset highlights the potential of
3D imaging combined with deep learning, demonstrating high
classification accuracy. However, the increased computational
demands and susceptibility of CNNs to overfitting remain
significant challenges. The HAM10000 dataset integrates
multimodal data, including patient metadata, to enhance clas-
sification performance. While effective, handling multimodal
inputs adds complexity, and class imbalance within the dataset
continues to be a limitation affecting model fairness.

The ISIC 2020 dataset has facilitated the development of
advanced CNN architectures like DSCC_Net and Skin-Net,
achieving state-of-the-art performance in multi-class lesion
classification. Nevertheless, a lack of external validation in
many studies raises concerns regarding model generalizability
to real-world clinical applications. Similarly, the DERM12345
dataset, with its extensive subclass diversity, provides a solid
foundation for multi-class classification but faces challenges
related to external validation and real-world applicability.

Recent research on low-shot learning and targeted classifi-
cation for rare diseases has exposed limitations in traditional
deep learning models, particularly when training data is scarce.
These challenges highlight the necessity for more robust,
generalizable models and the integration of explainable Al
(XAI) techniques to enhance trust and transparency in clin-
ical decision-making. Additionally, the inclusion of federated
learning frameworks may address data privacy concerns while
enabling model training across diverse institutions.
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CONCLUSION

Advancements in deep learning and imaging technologies
have significantly improved skin lesion analysis. Datasets such
as SLICE-3D, HAM10000, ISIC 2020, and DERM 12345 have
contributed to the development of accurate classification and
segmentation models. However, key challenges persist, includ-
ing computational overhead, dataset imbalances, the need for
external validation, and complexities in handling multimodal
data. Future research should prioritize the development of low-
shot learning techniques, improved interpretability methods,
and the integration of federated and transfer learning to
enhance diagnostic accuracy and generalizability. Addressing
these challenges will pave the way for more reliable and
accessible Al-driven tools in dermatology, ultimately leading
to early detection and improved patient care outcomes.
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