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Abstract: Malignant melanoma, a highly aggressive form of skin cancer, poses a significant global health challenge due to its rapid
progression and high mortality rate if not detected on time. Early diagnosis is crucial for improving patient outcomes. The effectiveness
of skin cancer detection still faces serious challenges, like visual inspection that is less accurate and time-consuming. However, deep
learning-based models provide early and accurate diagnosis, serving as a supporting tool for dermatologists. Thus, this study focuses on
indicating the most suitable model for skin diseases identification. Three prominent, pre-trained deep learning models, ResNet152,
DenseNet201 and EfficientNet-B4, were involved in order to detect benign and malignant melanoma skin lesions. The study was performed
utilizing a combined ISIC datasets gathered between 2018 and 2020 that consist of dermoscopic images. The above-mentioned deep
learning algorithms were verified using accuracy, precision, recall, and F1-score metrics. Moreover, in this study the performance of skin
cancer detection was enhanced utilizing soft, hard voting, and XGBoost ensemble learning methods. Combining two and three models were
verified. The single models obtained accuracy at the level of 89.20%, 88.20%, and 90.40% for ResNet152, DenseNet201 and
EfficientNet-B4, respectively. The soft voting ensemble, merging ResNet-152 with EfficientNet-B4 or all three models, achieved the highest
absolute accuracy of 91.30%, demonstrating superior performance in melanoma diagnosis compared to individual models. Hard voting and
XGBoost stated to be less effective in melanoma diagnosis. To confirm that the models were making decisions based on the significant
image regions representing skin lesions, a visual explainable technique was applied. Gradient-weighted Class Activation Mapping proved
the models to focus their attention to the relevant disease features. These findings underscore the potential of combining individual model
strengths through ensemble learning to achieve superior diagnostic performance in melanoma detection, supporting clinicians in making

more accurate and timely diagnosis.
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1. INTRODUCTION

Malignant melanoma is one of the most aggressive and deadly
forms of skin cancer, with its incidence rising rapidly worldwide, par-
ticularly among fair-skinned populations [1]. According to recent
data, melanoma accounts for a significant portion of skin cancer-
related deaths despite being less common than non-melanoma
skin cancers. More than 325,000 cases have been diagnosed
worldwide, with approximately 57,000 deaths. On the basis of In-
ternational Agency for Research on Cancer (IARC) scientists, the
annual incidence of new cutaneous melanoma cases is expected
to rise by over 50% between 2020 and 2040, surpassing 500,000
cases per year [2]. Additionally, melanoma-related deaths are pro-
jected to increase to over 100,000 annually [3]. The increasing
prevalence of melanoma can be attributed to various factors, in-
cluding greater sun exposure particularly in the summer months,
tanning practices, and a growing aging population. Early detection
is crucial, as the prognosis for patients significantly improves when
the tumor is identified at the initial stage [1,4]. Despite advance-
ments in diagnostic technologies, melanoma remains challenging
to detect early due to its asymptomatic nature and subtle visual
cues that often go unnoticed by patients and even healthcare pro-
fessionals [4].

Traditional diagnostic methods, such as visual examination and
dermoscopy, although valuable, have limitations in accuracy and

are subject to human error and variability. Dermoscopy, a noninva-
sive technique that enhances the visualization of skin lesions, im-
proves diagnostic accuracy but still falls short, with around 80% ac-
curacy in routine clinical settings [5]. This highlights the need for
more reliable and efficient diagnostic tools.

In recent years, the application of deep learning (DL), particu-
larly Convolutional Neural Networks (CNNs), have revolutionized
medical image analysis by significantly enhancing diagnostic accu-
racy and efficiency [6-8]. CNNs have demonstrated superior per-
formance in detecting and classifying melanoma from dermoscopic
images, often surpassing human expertise [9-11]. EfficientNet, a
state-of-the-art CNN architecture, has shown promise in melanoma
classification tasks by effectively learning complex and fine-grained
patterns from dermoscopic images [12].

Recent high-impact studies have further advanced these capa-
bilities, applying CNN architectures to diverse high-precision medi-
cal tasks ranging from skeletal action recognition to retinal disease
detection [6-8, 11]. Despite these successes, significant challenges
persist. Beyond the inherent difficulty of extracting subtle, deeper
features in complex lesions [9, 13], models remain highly sensitive
to noise [14] and artifacts characteristic of dermoscopic data. Fur-
thermore, the lack of interpretability in standard CNNs remains a
major barrier to their full clinical adoption. This underscores the ur-
gent need for diagnostic systems that combine high accuracy with
visual explanations, ensuring they are both robust and transparent
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for dermatological practice.

However, the CNNs approaches often suffer from extracting
deeper features [9], Modern techniques such as ensemble learning
allow one to combine single models by leveraging their strengths of
feature extraction, and as a result, obtaining more reliable architec-
ture This may lead to achieve higher efficiency, reducing overfit-
ting, underfitting, and susceptibility to noise. Thus, the main moti-
vation of this study is to verify how effective the single, pre-trained
CNN models with transfer learning are for melanoma identification
tasks. Moreover, the analysis concerning what type of model ag-
gregations enables skin cancer detection gets reinforced.

The aim of this study is to develop and evaluate the effective-
ness of deep neural networks, specifically state-of-the-art deep
learning models - ResNet152, DenseNet201, and EfficientNet-B4,
for the automatic diagnosis and classifying benign and malignant
melanoma. Additionally, an ensemble learning approach using dif-
ferent techniques is examined to leverage the strengths of individ-
ual models for superior diagnostic performance. This study seeks
to improve the accuracy and support melanoma diagnosis, contrib-
uting to earlier detection and better patient outcomes.

The main contributions of this study are as follows:

— Comparing the effectiveness of pre-trained ResNet152, Dense-
Net201, and EfficientNet-B4 architectures for automatic benign
and malignant melanoma identification. Accuracy, precision, re-
call and F1-score are chosen to verify the performance. The last
model stated to be the most suitable, achieving 90.40% accuracy.

— Preparing the combining dataset consisting of multiple Interna-
tional Skin Imaging Collaboration (ISIC) datasets from 2018,
2019, and 2020 to create a balanced and reliable resource.

— Combining various variants the above-mentioned models
utilizing soft voting, hard voting, and stacking with XGBoost
ensemble learning techniques. The soft voting improved the
skin cancer detection up to 0.90% while merging ResNet152
together with EfficientNet-B4 or all models altogether.

— Applying Grad-CAM to highlight the image areas that are the
most significant to contribute to the way a model performs. The
EfficientNet-B4 model concentrates on the lesion’s irregular
edges and darker regions that reflect features characteristic of
melanoma, which often presents with asymmetry, irregular bor-
ders, and variable pigmentation.

To systematically evaluate these contributions, this study aims
to answer the following research questions:

— How do different state-of-the-art CNN architectures (Res-
Net152, DenseNet201, and EfficientNet-B4) compare in their
ability to extract diagnostic features from dermoscopic images?

— To what extent can ensemble learning techniques improve the
identification of malignant melanoma compared to single-model
approaches?

— Which ensemble strategy (soft voting, hard voting, or stacking)
is most effective for handling the complexities of skin lesion
classification?

This study explores the capabilities of state-of-the-art models
and their enhanced performance using ensemble learning to im-
prove melanoma detection, with the goal of establishing a robust,
automated diagnostic system that assists clinicians in making more
accurate and timely diagnoses. The findings of this study have the
potential to significantly impact the field of dermatology by providing
a reliable tool for early melanoma detection, ultimately improving
patient survival rates.
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2. RELATED WORKS

In recent years, significant advancements have been made in
the application of deep learning techniques, particularly convolu-
tional neural networks, for the classification and detection of mela-
noma and other skin lesions. Various research studies have pro-
posed and validated different models and methodologies to en-
hance the accuracy and efficiency of these systems.

One noteworthy approach is the EfficientNet architecture, pre-
sented by Runyuan Zhang, who demonstrated that employing Ef-
ficientNet-B6, optimized through neural architecture search, signif-
icantly improved the accuracy of melanoma detection, achieving an
AUC-ROC of 0.917 [12]. Similarly, S M Jaisakthi utilized Efficient-
Net with transfer learning and ranger optimizer, achieving a supe-
rior AUC-ROC score of 0.9681 [15]. These studies highlight the ef-
fectiveness of EfficientNet models in learning complex patterns and
improving classification performance. The comprehensive study
with pre-trained VGG19, ResNet18, and MobileNet_V2 utilizing the
ISIC 2018 dataset was applied for benign and malignant type can-
cer detection in [4]. The above-mentioned architectures were used
for feature extraction, while the detection was performed utilizing
Support Vector Machine (SVM), Decision Tree (DT), Naive Bayes,
and k-Nearest Neighbors (kNN). MobileNet with SVM achieved the
highest effectiveness, reaching 92% accuracy. The ensemble
learning combining ResNet-18 and MobileNet models enhances
the cancer classification up to 92.87%.

Ensemble methods have also proven beneficial in melanoma
detection. Dominika Kwiatkowska et al. employed an ensemble of
CNN models, including ResNet-101, ResNeXt, SE-ResNet, and
SE-ResNeXt, to classify malignant melanoma in dermoscopic im-
ages [16]. By leveraging the strengths of multiple architectures, the
ensemble approach demonstrated higher prediction accuracy, with
ResNeXt achieving the highest performance metrics. Deep residual
networks have been another area of focus. Lequan Yu proposed
using very deep fully convolutional neural networks with residual
networks (FCRN) for accurate skin lesion segmentation and classi-
fication [17]. This method achieved high accuracy by integrating
multi-scale contextual features, which are crucial for distinguishing
between melanoma and non-melanoma lesions. Innovative seg-
mentation techniques have also been explored. Ali Rizwan intro-
duced a fully convolutional encoder-decoder network (FCEDN) op-
timized by the Sparrow Search Algorithm (SpaSA) for precise seg-
mentation, coupled with an adaptive CNN for classification [18].
This approach achieved impressive segmentation and classifica-
tion accuracies, showcasing the potential of combining FCEDN with
optimization algorithms for enhanced performance. Combining tra-
ditional methods with advanced deep learning techniques has also
yielded promising results. Nida Nudrat integrated a deep region-
based convolutional neural network (RCNN) with fuzzy C-means
(FCM) clustering for melanoma lesion detection and segmentation
[19]. This method outperformed traditional and existing deep learn-
ing approaches, particularly in handling artifacts and achieving pre-
cise segmentation.

Data augmentation and transfer learning have been extensively
utilized to address the challenge of limited labeled medical images.
Hosny Khalid M. leveraged AlexNet with transfer learning and data
augmentation to develop a robust skin lesion classification system
[20]. The use of image augmentation significantly improved classi-
fication accuracy across multiple datasets. Additionally, Qin Zhiwei
employed a style-based GAN for generating high-quality synthetic
images, which were used to augment the training dataset of a
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ResNet50 model, leading to improved performance metrics [21].
Hybrid models combining deep learning and traditional machine
learning techniques have also shown efficacy. Mahbod Amirreza
utilized pre-trained CNNs (AlexNet, VGG16, ResNet-18) as feature
extractors, combined with support vector machines (SVMs) for
classification [22]. This fusion of deep features from multiple net-
works achieved high performance, demonstrating the advantage of
hybrid approaches in melanoma detection. Other notable contribu-
tions include the development of novel network architectures and
optimization techniques. Veeramani Nirmala introduced a Double
Decker Convolutional Neural Network (DDCNN) feature fusion
framework, which combined advanced preprocessing and feature
extraction techniques, resulting in improved specificity and accu-
racy [23]. Wu Huisi proposed FAT-Net, a dual encoder architecture
integrating CNNs and transformers, achieving state-of-the-art seg-
mentation performance by capturing both local and global features
effectively [24]. Muhammad Amir Khan et al. proposed the intelli-
gent computer-aided system for melanoma and non-melanoma
skin cancer identification [25]. The fully connected layer was modi-
fied by utilizing principal component analysis. This approach ena-
bles the discriminative feature extraction and reduces overfitting.
Rakin Sad Aftab introduced a new SkinScanNet, deep learning-
based model, for high effective melanoma identification [26]. The
study utilized Melanoma Skin Cancer dataset. The DenseNet121
and a proprietary Convolutional Neural Network were applied for
skin cancer identification [27]. The following variety of disease was
included in the study: actinic keratosis, basal cell carcinoma,
dermatofibroma, melanoma, nevus, pigmented benign keratosis,
seborrheic keratosis, squamous cell carcinoma, and vascular le-
sions. The DenseNet121 obtained 89% accuracy, while the custom
model that combines CNN and DenseNet121 utilizing augmenting
data and synthetic minority oversampling technique for class
weighing outperforms the pre-trained architecture, reaching 95%
accuracy. Explainable Al techniques in deep learning play a pivotal
role in understanding the key image regions based on which the
decision-making is performed. They give visual interpretation into
the model's prediction. Gradient-weighted Class Activation Map-
ping (Grad-CAM) has been widely applied in skin cancer detection
due to the need to develop a reliable and trustworthy supportive
system for dermatologists [26-28]. Grad-CAM can generate high-
resolution heatmaps that highlight key regions as pixel-level or seg-
mented explanations.

Overall, these studies collectively illustrate the advancements
in melanoma detection using CNNs and other deep learning meth-
ods. By exploring various innovative techniques, such as Efficient-
Net architectures, ensemble learning methods, deep residual net-
works, segmentation techniques, data augmentation, transfer
learning, and hybrid models, researchers have significantly im-
proved the accuracy, efficiency, and robustness of melanoma de-
tection from dermoscopic images.

3. MATERIALS AND METHODS

The primary objective of this study is to assess the efficacy of
transfer learning techniques across various deep learning architec-
tures for the classification of skin lesions using dermoscopic im-
ages. This section begins by introducing the dataset of dermo-
scopic images, followed by a detailed explanation of the experi-
mental setup employed in this study. Subsequently, the selected
Convolutional Neural Networks architectures applied to tackle the
skin lesion classification task, along with the training configuration
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are described. The applied architectures are followed by the use of
ensemble learning techniques to improve the results. Finally, the
results of a basic feature-based classification approach used for
comparison are discussed.

3.1. Dataset

The dataset used for the study consists of 17,114 carefully cu-
rated images, specifically designed to facilitate the advancement of
the field of dermatology and computational diagnostics in mela-
noma detection [29]. It combines multiple International Skin Imag-
ing Collaboration (ISIC) datasets from 2018, 2019, and 2020 to cre-
ate a balanced and reliable resource for training and evaluation
[30]. A total of 1,249 images were collected from the 2018 dataset
(174 malignant, 1,075 benign), 5,660 from the 2019 dataset (4,439
malignant, 1,221 benign), and 10,205 from the 2020 dataset (582
malignant, 9,623 benign). These images were taken directly from
the official ISIC website and were selected to minimize data imbal-
ance and enhance the representativeness of both malignant and
benign cases. Although the images vary in size, they were resized
during training to suit the requirements of each architecture. Alt-
hough additional examples from the ISIC datasets could have been
included, this would have increased the data imbalance.

The images are available in both DICOM [29,31] and JPEG for-
mats and are accompanied by metadata (Fig. 1). This metadata
includes patient ID, gender, age, and the general anatomical loca-
tion, along with the target value. The training dataset consists of
two categories of images: benign and malignant, each labelled with
its ground truth.

a) benign skin lesions

b) malignant skin Iesins

Fig. 1. Example of skin lesions in combined ISIC datasets: a) benign
and b) malignant cases

For the melanoma classification study conducted using the ISIC
datasets, the metadata and image distribution across the training,
test, and validation sets are outlined in a Tab. 1. The dataset main-
tains an approximate 70%-30% split between benign and malignant
cases. Of the 17,114 images, 14,204 were allocated to training,
while 1,455 images were allocated for testing and an additional
1,455 for validation.
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Tab. 1. Number of the images from ISIC-Combined Dataset for skin

cancer identification

Class Total Training Testing Validation
Malignant 5192 4312 441 439

Benign 11922 9892 1014 1016

Total 17114 14204 1455 1455

3.2. Data preprocessing

To ensure the effectiveness of the melanoma detection model,
a comprehensive data pre-processing pipeline was implemented.
The primary goal of the preprocessing was to standardize and en-
hance the input images to improve the model's ability to generalize
to unseen data while mitigating overfitting. The preprocessing was
tailored to each model paying particular attention to the size of the
input image sizes.

During the training phase, a sequence of dynamic, on-the-fly
transformations was employed to virtually increase data diversity
without altering the static size of the dataset or the class distribu-
tion. This approach ensures that the model encounters slightly dif-
ferent versions of the training images in each epoch [32].

The input images were first resized to fit the requirements of
each architecture. To simulate real-world clinical conditions, such
as varying handheld dermatoscope orientations, random horizontal
and vertical flips were applied, followed by random rotations of up
to 30 degrees. This specific rotation range was chosen to introduce
sufficient variability while preventing excessive information loss or
artifacts caused by padding and cropping, which could otherwise
obscure critical diagnostic features like irregular lesion borders. Ad-
ditionally, color jittering was applied to adjust brightness and con-
trast, simulating lighting variations during image acquisition. Finally,
images were normalized using ImageNet's mean [0.485, 0.456,
0.406] and standard deviation [0.229, 0.224, 0.225] to facilitate sta-
ble and efficient training.

These preprocessing steps not only standardized the input
data, but also introduced controlled variability into the training data
set. This ultimately improved the model’s robustness and perfor-
mance of the model in melanoma detection tasks.

3.3. Deep learning architectures

The fundamental reason for selecting these three specific models
was their complementarity. Each architecture interprets skin le-
sions differently based on its unique design. By combining them
into an ensemble using the soft voting method, we successfully
mitigated individual model weaknesses and leveraged their collec-
tive strengths.

3.3.1. ResNet

The ResNet (Residual Network) architecture is a deep neural
network designed to solve the vanishing gradient problem in very
deep networks, allowing hundreds or even thousands of layers to
be effectively trained [33]. It introduces the concept of residual
learning through the use of residual blocks, where each block adds
a "shortcut connection", shown in Fig. 2, which skips one or more
layers. This connection directly propagates the input of a block di-
rectly to its output, bypassing intermediate transformations [32].
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Fig. 2. Residual blocks - building block of ResNet [34]. F (x) indicates
the input signal after processing signal through all layers

Residual blocks typically consist of convolutional layers with
batch normalization and ReLU activations, and the shortcut con-
nections can either be identity mappings or involve a linear trans-
formation to match dimensions. ResNet variants (e.g., ResNet-50,
ResNet-101) differ in the number of layers and block structures, of-
ten utilizing bottleneck designs to reduce computation. This archi-
tecture has demonstrated state-of-the-art performance on numer-
ous image recognition benchmarks, showcasing significant im-
provements in training deeper CNNs, facilitating better perfor-
mance and accuracy in various computer vision tasks.

In this study, the ResNet-152 architecture, a deep convolutional
neural network with 152 layers was used. It employs bottleneck
blocks, each consisting of three convolutional layers, along with
identity or shortcut connections. This design achieves high perfor-
mance on complex tasks like image recognition while maintaining
manageable computational complexity.

3.3.2. DenseNet

The DenseNet architecture is designed to address the vanish-
ing gradient problem and improve feature propagation by connect-
ing each layer to every other layer in a feed-forward manner [35].
Each layer receives feature maps from all preceding layers and
passes its own feature maps to subsequent layers, facilitating fea-
ture reuse and reducing the number of parameters (Fig. 3).

ey
e

L Loy
= Smcr&g;\
Zosiie
/1/,

Fig. 3. Dense Convolutional Network with 5-layer dense block [35]
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DenseNet divides the network into multiple dense blocks, main-
taining the same feature map size within blocks and using down-
sampling operations outside these blocks. This architecture sup-
ports hundreds of layers, enabling efficient training and high perfor-
mance in deep networks. DenseNet201, a variant selected in this
study containing 201 layers, utilizes this dense connectivity to
achieve excellent accuracy on image recognition tasks while being
computationally efficient compared to similarly deep architectures.

3.3.3. Efficient-Net

EfficientNet is a family of convolutional neural networks de-
signed to achieve state-of-the-art accuracy while being significantly
smaller and faster than previous models [36]. These models use a
novel scaling method that uniformly scales all dimensions of depth,
width, and resolution using a compound coefficient, enabling a prin-
cipled way to scale up ConvNets for better performance. This ap-
proach balances computational efficiency and accuracy, address-
ing the challenges of scaling deep networks. The schematic repre-
sentation of EfficientNet shown in Fig. 4.

EfficientNet-B4 is a mid-sized model in the EfficientNet family,
optimized for a balance between accuracy and computational cost.
It maintains the core characteristics of EfficientNet, including the
compound scaling method, inverted bottleneck residual blocks, and
Squeeze-and-Excitation (SE) blocks. EfficientNet-B4 employs Mo-
bile Inverted Bottleneck layers (MBConv), which are based on
depth wise separable convolutions combined with inverted residu-
als. These blocks also include SE modules that improve perfor-
mance by emphasizing important features while de-emphasizing ir-
relevant ones.

& & 5 2 2 2 2 =2 2

Fig. 4. EfficientNet — schematic representation [37]

3.3.4. Ensemble Learning

Ensemble learning is a powerful machine learning paradigm
that combines the predictions of multiple models to improve overall
performance and robustness. Ensembles, especially when individ-
ual models have complementary strengths, often achieve higher
accuracy than individual models. They are also more robust to data
outliers and noise, as errors in individual models are often corrected
by others. There are several types of ensemble techniques, includ-
ing voting, stacking, bagging and boosting [38,39]. Weighted ma-
jority voting (also known as soft voting) and majority (hard) voting
methods to aggregate predictions from the ensemble were applied
in this study (Fig. 5).
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Fig. 5. Example of an ensemble learning with hard and soft voting

In hard voting, the final prediction is determined by a majority
vote, with each model contributing equally to the decision. In con-
trast, soft voting averages the predicted probabilities from all mod-
els, using confidence scores to produce a more nuanced and po-
tentially more accurate result, especially for unbalanced datasets
[39]. These techniques capitalize on the complementary strengths
of individual models, ensuring a well-rounded and robust perfor-
mance in dermoscopic image classification.

The mathematical formula for voting [40]:

= N wm!
y=arg, max Y-, wm;(x) (1)

where: K stands for the number of classes, w; represents the
weight assigned to the i-th model m;, m; (x) is the output of the
i-th model for the j-th category label. Hard voting can be readily
modeled by assigning the same positive value to each individual
weight w; such as setting w;= 1 for all models.

Two main types of voting approaches exist: hard voting and soft
voting. In hard voting, each model's prediction counts as a single
vote, and the final output is determined by the majority or plurality
of votes. While straightforward, hard voting can disregard useful in-
formation about classifier confidence. Soft voting, on the other
hand, integrates class probabilities or confidence scores, weighting
each classifier’s vote according to how certain it is about its predic-
tion. This approach can lead to more nuanced ensemble decisions,
particularly for datasets with overlaps or class imbalances.

In addition to evaluating the performance of individual models,
ensemble methods such as soft voting, hard voting, and stacking
were applied to further enhance classification performance. The en-
semble was composed of diverse deep learning architectures
trained independently on the same dataset. In case of soft voting,
the predicted class probabilities from each base model were aver-
aged to produce the final prediction, allowing the ensemble to re-
flect the relative confidence of each model. For hard voting, the final
class was selected based on the majority class label predicted by
each model.

Stacking was also explored as a higher-level ensemble strat-
egy. In this approach, the outputs of multiple base learners are
combined using a meta-learner trained to optimize the final predic-
tion. The XGBoost algorithm, an efficient and scalable implementa-
tion of gradient boosting, was selected as the meta-classifier due
to its high predictive performance and ability to model complex fea-
ture interactions. XGBoost builds an ensemble of decision trees in
a sequential manner, where each new tree corrects the errors made
by the previous ones, and is particularly effective in handling struc-
tured data and reducing overfitting through regularization [41].

In this study, XGBoost was employed as a meta-classifier in a
stacking ensemble framework. Specifically, the output probabilities
obtained by trained ResNet152, DenseNet201, and EfficientNet-B4
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models were used as input features for the XGBoost model, which
learned to optimize the final prediction by leveraging the individual
strengths and compensating for the weaknesses of each base
model. This hierarchical ensemble strategy aimed to improve gen-
eralization and overall classification accuracy by combining diverse
model architectures. The predictive performance of the stacked
model was compared against that of the individual CNNs to evalu-
ate the added value of this ensemble learning approach.

3.4. Evaluation metrics

The trained model's performance was evaluated using bal-
anced accuracy (2), precision (3), recall (4), and F1 score (5) on the
test dataset. Due to the imbalanced nature of the dataset, accuracy
was used. The other metrics were calculated using the parameter
average=weighted to account for class imbalance. True Positives
(TP) and True Negatives (TN) denote the number of correctly pre-
dicted subjects, while False Positives (FP) and False Negatives
(FN) correspond to the incorrectly predicted subjects.

) (2)

1 TP TN
Balanced Accuracy = - * (
2 “TP+FN = TN+FP

Precision = — 3)
TP+FP
Recall (sensitivity) = TPT_:)FN (4)
F1score = —2 (5)
2TP+FP+FN

3.5. Experimental Setup

All experiments were conducted on the same hardware setup
to ensure consistency and reproducibility. Model training was car-
ried out entirely on local equipment, allowing for greater control over
the process.

The hardware specifications used for training are as follows:

— Graphics Card: NVIDIA GeForce RTX 3060 Ti, equipped with
8GB VRAM;

— Processor: Intel Core i5-10600K, 4.1 GHz base clock speed;

— RAM: 16GB DDR4, operating at 3200 MHz.

This setup provided sufficient computational power for training
moderately sized deep learning models while addressing the chal-
lenges posed by memory limitations.

The preparation of the study environment involved installing Py-
thon version 3.11, along with essential libraries such as PyTorch
(version 2.4.1), NumPy (version 1.23.5), and Pandas (version
2.2.2). Additionally, libraries for image processing and result visu-
alization, such as Matplotlib (version 3.9.2), were imported. The en-
vironment configuration also included setting the GPU as the pri-
mary device for model training, enabling faster computation and
parallel processing to speed up the learning process.

3.6. Training models

The model training process began with data pre-processing,
which included image resizing and normalization. The choice of im-
age size was determined by the selected architecture, 224x224 for
ResNet152 and DenseNet201, and 380x380 for EfficientNet-B4.
The pre-trained architectures, adapted for the skin image
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classification task by tuning the final network layers, were trained
on 14,204 images from the ISIC database. To address the dataset
imbalance, a cost-sensitive learning approach was adopted by ap-
plying class weights to the loss function. The weights were calcu-
lated based on the inverse frequency of each class (1.44 for benign
and 3.29 for malignant), ensuring that the minority class signifi-
cantly influenced the model’'s optimization process. The training
was conducted using the AdamW optimizer with weight decay to
further enhance regularization and prevent overfitting. The training
process was monitored using callbacks such as EarlyStopping,
which halts training when the model's performance stops improv-
ing, and weight decay regularization, which helps to prevent over-
fitting by penalizing large weights during training. These parame-
ters, summarized in Table 2, were selected based on preliminary
tuning to maximize the accuracy and stability of each model. Addi-
tionally, the technique of freezing and unfreezing layers in pre-
trained models was applied; however, it led to performance im-
provement only in the case of EfficientNet-B4.

Following the training process, the models were tested on a
separate test set of 1,455 images. Testing the model involves as-
sessing its ability to correctly diagnose melanoma based on previ-
ously unknown data. Each image was classified as ‘malignant’ or
‘benign’ and the results were saved for later analysis.

The final step of the study involved comparing the performance
of the models created using ensemble learning techniques with
other popular CNN architectures, such as ResNet152, Dense-
Net201, and EfficientNet-B4. This analysis aimed to determine
which architecture performs best in the automatic diagnosis of cu-
taneous melanoma. Additionally, the performance of the ensemble
learning model was compared to that of the individual models to
assess the potential advantages of combining multiple architec-
tures.

Tab. 2. Optimized training hyperparameters for each deep learning

architecture
Hyperparame- | pooNet152 | DenseNet2o1 | Crcient:
ter Net-B4
Input Size 224x224 224x224 380x380
Optimizer AdamW AdamW AdamW
Learning Rate 0.05 0.05 0.05
Batch size 32 32 16
Weight Decay 0.001 0.001 0.0001
Early Stopping
Patience 5 8 5

3.7. Visualization technique: Grad-CAM

To enhance the transparency and trustworthiness of the pro-
posed diagnostic system, Gradient-weighted Class Activation Map-
ping (Grad-CAM) was employed. This technique produces a local-
ized heatmap by utilizing the gradients of a specific target class
(e.g., 'Malignant') flowing into the final convolutional layer of the net-
work [42]. By calculating the importance of each neuron through
global average pooling of the gradients, Grad-CAM highlights the
specific pixels and regions that most significantly influenced the
model's prediction.

In this study, Grad-CAM was applied to each individual base
model (ResNet152, DenseNet201, and EfficientNet-B4) rather than
the ensemble as a whole. This approach allows for a granular
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analysis of how different architectures perceive dermatological fea-
tures. By verifying that each network in the ensemble focuses on
clinically relevant areas, such as irregular borders or pigment dis-
tribution, we ensure that the final combined decision (via soft vot-
ing) is based on meaningful medical patterns rather than image ar-
tifacts.

4, RESULTS AND DISCUSSION
4.1. Single deep learning architectures studies

Plots of loss and accuracy curves for each model provide visual
insight into the training process, illustrating stability and rate of con-
vergence (Fig. 6-8). The graphs provide a better understanding of
the performance of each architecture in the melanoma identification
task. In addition, these plots allow one to see the differences that
occur during training due to the use of the layer freezing technique
of the pre-trained model.
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Fig. 6. Loss function and accuracy curves for DenseNet201 model

Analysis of the plots indicates that all models learn efficiently,
and that the differences between loss and accuracy on the training
and validation sets are within acceptable limits. In the early epochs,
we observe a significant reduction in loss for both the training and
validation sets, indicating that all models are learning effectively. As

acta mechanica et automatica, vol. 20 no.2 (2026)

training progresses, the differences between the loss for the valida-
tion and training sets become small, indicating good generalization
of the model. The small differences in accuracy between the test
set and the training set indicate an appropriate balance between
learning and generalization. In case of the EfficientNet-B4 model,
the loss and accuracy curves have the most dynamic start due to
the layer freezing technique and its unfreezing after the 10th epoch
of training. However, in the further stages of training, the differences
decrease and the accuracy on the test set reaches a high level. The
higher test accuracy compared to training in some epochs may be
indicative of the effectiveness of the regularization used in this par-
ticular model of the model.
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Fig. 7. Loss function and accuracy curves for ResNet152 model

After the learning process, each model was evaluated to as-
sess its performance and reliability. Model performance was deter-
mined by making predictions on test data and comparing the results
to actual labels (Tab. 3). To ensure the robustness and consistency
of the evaluation, each model was tested across 10 independent
runs, with performance metrics averaged to account for variability
and improve result reliability. The comprehensive evaluation per-
formed on the test dataset yielded insightful results, with the perfor-
mance metrics for each model summarized in Tab. 3. In addition,
Fig. 9, 10, and 11 present the corresponding confusion matrix,
providing a detailed breakdown of each model’s classification per-
formance. Tables 4, 5, and 6 further present the inference results
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for the trained models, with a breakdown for each class.

This study identified EfficientNet-B4 as the optimal pre-trained
model for melanoma classification, providing the highest accuracy
and stability on the test dataset. These results highlight the poten-
tial of deep learning models to improve diagnostic accuracy and
assist dermatologists in detecting malignant melanoma lesions.
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Fig. 8. Loss function and accuracy curves for EfficientNet-B4 model

Tab. 3. Average performance on the 10-iteration test set for single DL
models (mean * standard deviation)
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Tab. 4. Performance for each class for ResNet152 model (mean +
standard deviation)

Class Precision (%) Recall (%) F1-Score (%)
Bening 95.8+0.007 88.4+0.020 91.8+£0.012
Malignant 77.3£0.021 91.2+0.008 83.3+0.020

Tab. 5. Performance for each class for DenseNet-201 model (mean +
standard deviation)

Class Precision (%) Recall (%) F1-Score (%)
Bening 95.2+0,003 87.6+0,004 91.340,002
Malignant 75.9+0,002 89.8+0,002 82.5+0,003

Tab. 6. Performance for each class for EfficientNet-B4 model (mean +
standard deviation)

Model Precision (%) | Recall (%) F1-Score (%)
Bening 94.8+0,004 91.3£0,005 93.0+0,005
Malignant 81.6+0,006 88.4+0,005 84.7+0,005

Model Accuracy | Precision Recall F1-Score
(%) (%) (%) (%)
Res- 89.2+0.014 | 89.8+0.012 | 90.2+0.014 | 89.4+0.013
Net152
Dense- | 88.3+0.004 | 89.3+0.003 | 88.2+0.006 | 88.5+0.005
Net201
Efficient- | 90.4£0.003 | 90.8£0.002 | 90.4+0.002 | 90.6+0.003
Net-B4
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The analysis performed on the test set (Tab. 4-6) provided de-
tailed results, comparing the performance metrics of different mod-
els to assess their effectiveness in melanoma classification. Effi-
cientNet-B4 outperformed all other models in key metrics, achiev-
ing an F1-score of 90.6%, indicating an excellent balance between
precision (90.8%) and sensitivity (90.4%). This confirms its effec-
tiveness in classifying melanoma as malignant or benign, as it iden-
tifies positive cases exceptionally well as true positives, effectively
detecting malignant melanoma lesions. ResNet152 performed sim-
ilarly but slightly lower, while DenseNet201 had the weakest perfor-
mance in each category, although it also achieved high scores. The
small differences in results between the models highlight the supe-
riority of EfficientNet-B4 in analyzing complex dermoscopic pat-
terns.
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Fig. 9. Confusion matrix for ResNet152 model
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Fig. 10. Confusion matrix for DenseNet201 model
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Fig. 11. Confusion matrix for EfficientNet-B4 model

Analysis of confusion matrix (Fig. 9-11) reveals that all models
have a high number of correct predictions for the 'Benign' class.
The main difference between the models is the number of misclas-
sified malignant lesions (false negatives). EfficientNet-B4 recorded
51 false negatives (FN), indicating a need for further optimization,
particularly for melanoma diagnosis. Based on the results for each
class (Tab. 4-6), the average precision for the '‘Benign' class was
95 £ 1%, demonstrating all models' ability to accurately diagnose
benign lesions. Conversely, for the 'Malignant' class, the precision
was lower, 78 + 4%, highlighting the challenge of diagnosing ma-
lignant lesions, which often have subtle and variable characteris-
tics. The F1-score for the 'Malignant' class averaged 83 + 2%, indi-
cating a good balance between precision and sensitivity, although
there is still potential for improvement.

The results, gathered in Tab. 4-6, suggest that the EfficientNet-
B4 architecture, with frozen layers during training, is the most suit-
able for skin cancer identification, combining high precision with ex-
ceptional stability. This model is particularly notable for its ability to
balance precision and recall for malignant cases (the minority
class), making it the most reliable model for this task.

4.2. Ensemble learning studies

This study focuses on evaluating how various ensemble learn-
ing techniques influence on enhancing the performance of mela-
noma skin cancer detection. The soft voting, hard voting and
XGBoost methods were compared. The use of a soft-voting ap-
proach, which combines the probabilities predicted by different
models, produced better results than individual models (Tab. 7).
This approach allows the strengths of each model to be exploited.

Tab. 7. Performance of soft voting ensemble model on the 10-iteration
test set (mean + standard deviation)

Model Accuracy | Precision | Recall F1-Score
(%) (%) (%) (%)
All models 91.3 91.2+ 91.3 91.2+
0.08 0.07 0.07 0.07
DeneNel 20 | gr0x | ot2s | otox | ot
0.06 0.06 0.05 0.05
B4

ResNet152 + 91.3¢ 91.2+¢ 91.3¢ 91.2+¢
EfficientNet-B4 0.06 0.05 0.05 0.05
ResNet152 + 89.5+ 89.4+ 89.5+ 89.2+
DenseNet201 0.06 0.08 0.07 0.08
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The peak accuracy of 91.3% was shared by two ensemble var-
iants: the combination of all three models and the pairing of Res-
Net152 with EfficientNet-B4. Notably, the latter combination proved
to be slightly more robust, yielding a lower standard deviation of
+0.06 compared to +0.08 for the three-model ensemble, suggest-
ing that a two-model synergy is sufficient to achieve optimal results
in this task. The combination of ResNet152 and EfficientNet-B4
also achieved an accuracy of 91.3%, suggesting that these models
classify exceptionally well together. The ensemble of DenseNet201
and EfficientNet-B4 achieved an accuracy of 91.0%, which is
slightly lower, but still indicates a very good generalization. On the
other hand, the combination of ResNet152 and DenseNet201 re-
sulted in an accuracy of 89.5%, which is the lowest of the ensem-
bles tested. However, it still shows a slight improvement over the
individual models, by 0.3% and 1.2% for ResNet152 and Dense-
Net121, respectively. All variants of the ensembles outperformed
the accuracy of the individual models, highlighting the advantages
of ensemble learning in the classification of dermoscopic images.

In contrast to the results obtained with soft voting, the perfor-
mance of the ensemble models with hard voting and the XGBoost
stacking ensemble is noticeably lower across all metrics (Tab. 8-9).
Only combination of all deep learning models, or DenseNet201 to-
gether with EfficientNet-B4 with hard voting provided improvements
according to the single architecture performance. In the case of
XGBoost this technique is stated to slightly improve skin cancer de-
tection according to DenseNet201.

Tab. 8. Performance of hard voting ensemble model on the 10-iteration
test set (mean + standard deviation)

Model Accuracy | Precision Recall F1-Score
(%) (%) (%) (%)

All models 90.74£0.13 | 90.6+0.12 | 90.7+0.13 | 90.6+0.13

DenseNet201

+ EfficientNet- | 90.5+0.08 | 90.4+0.08 | 90.5+0.11 | 90.4+0.09
B4

ResNet152 +

EfficientNet- | 88.1+£0.09 | 88.1£0.1 | 88.0£0.09 | 87.5+0.11
B4

ResNet152 +

DenseNet201 87.4+0.07 | 87.7£0.09 | 87.4+0.08 | 86.9+0.1

Tab. 9. Performance of XGBoost ensemble model on the 10-iteration
test set (mean + standard deviation)

Model Accuracy | Precision Recall F1-Score
(%) (%) (%) (%)
XGBoost 88.9+0.08 | 89.2+0.07 | 88.9£0.06 | 89.0+0.07

These results clearly demonstrate the superiority of soft voting
for skin cancer classification tasks. The improved performance of
soft voting is likely due to its ability to leverage the probabilistic out-
puts of individual models. This allows for a more nuanced and ef-
fective combination of predictions [43]. In contrast, both hard voting
and the XGBoost stacking ensemble, which rely on discrete or
weighted decisions, appear to be less effective at capturing the
complementary strengths of individual models, resulting in lower
accuracies and balanced accuracies. This further highlights the im-
portance of using soft voting in ensemble learning to achieve opti-
mal results in dermoscopic image classification.
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4.3. Explainable of deep learning models

Machine learning models used for melanoma detection often
leverage visualization techniques like Grad-CAM. These tech-
niques help understand which areas of an image influence the mod-
el's decisions.

The ResNet152 model primarily focuses on the central part of
the skin lesion, particularly areas with the highest color intensity
(Fig. 12). It emphasizes the dark center while largely ignoring the
surrounding skin. This suggests that the model effectively isolates
key diagnostic regions, making it particularly useful for detecting
lesions with well-defined borders and intense pigmentation.

v

7
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e/ |
Fig. 12. Analysis of cutaneous melanoma with Grad-CAM mapping using
the ResNet152 model

|
s

Fig. 13. Analysis of cutaneous melanoma with Grad-CAM mapping using
the DenseNet201 model

The DenseNet201 model distributes its attention more evenly
across the lesion, a pattern commonly observed in benign lesions
with regular shapes and uniform color (Fig. 13). Its broader focus
suggests an analysis of the lesion’s overall context, including sur-
rounding tissue. The absence of sharply highlighted areas indicates
lesion consistency, making this model suitable for identifying le-
sions with unclear boundaries that require a more comprehensive
assessment.
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The EfficientNet-B4 model concentrates on the lesion’s irregu-
lar edges and darker regions, features characteristic of melanoma,
which often presents with asymmetry, irregular borders, and varia-
ble pigmentation (Fig. 14). This model exhibits a more complex pat-
tern of interest, analyzing multiple features simultaneously. Such
an approach is valuable for detecting intricate and irregular lesions
that require multifaceted evaluation.

Each of these models effectively identifies key diagnostic re-
gions in skin lesions, though their interpretations vary based on ar-
chitectural differences. Grad-CAM visualizations not only provide
insights into model performance but also enhance interpretability.

Fig. 14, Analysis of cutaneous melanoma with Grad-CAM mapping using
the EfficientNet-B4 model

4.4, Training stability and generalization

A critical challenge in deep learning for medical imaging is
maintaining an optimal balance between learning complex patterns
and ensuring generalization. In this study, the risk of overfitting was
mitigated through a combination of weight decay regularization and
EarlyStopping callbacks, which prevented the networks from over-
optimizing on the training data. Furthermore, the use of dynamic
data augmentation simulated real-world variability, ensuring that
the models remained robust to noise and minor image artifacts. As
shown in the training curves (Fig. 6-8), the convergence of training
and validation metrics indicates that the models successfully
avoided significant overfitting. Conversely, the risk of underfitting
was addressed by employing powerful pre-trained architectures
and fine-tuning their deep layers to capture the subtle, irregular fea-
tures characteristic of malignant melanoma. The ensemble ap-
proach further stabilized these results, as the soft voting mecha-
nism helped compensate for individual architectural biases.

4.5. Comparison with the state-of-the-art

The state-of-the-art studies (Tab. 10) provide an in-depth in-
sight into skin cancer identification utilizing various types of CNN
and deep learning architectures. The studies performed using the
ISIC datasets were only considered. The majority of papers involve
the single models. The pre-trained architectures assure accuracy
between 71.19% for VGG-19 and 90.40% for the EfficientNet-B4.
Among the common deep learning architectures, ResNet-based
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models are the most applied for melanoma detection. However,
various CNN-based solutions provide quite good performance that
vary between 71% and 97.41% accuracy, depending on their con-
figurations and hyper parameters. The minority of studies concern
ensemble learning for melanoma identification. Three types of en-
semble learning methods, hard voting, soft voting, and stacking,
were analyzed. The highest performance, 93% accuracy, was ob-
tained for the stacking model. It should be emphasized that ensem-
ble learning is a promising direction of studies in enhancing skin
cancer identification. That is why the studies presented in this pa-
per are of great values.

Tab. 10. Comparison with the-state-of-the-art of DL models utilizing Skin
Imaging Collaboration datasets

acta mechanica et automatica, vol. 20 no.2 (2026)

ISIC VGG-19 - 7119 [51]
ISIC CNN ; 71.00 [52]
ISIC 2018- Res-
2020 Net152 - 89.20 Own
ISIC 2018- Dense-
2020 Net201 - 88.30 Own
ISIC2018- | Efficient-
2020 Net-B4 - 90.40 Own
Res-
Net152,
ISIC 2018- Dense- Soft
2020 Net20t, | wvotng | O30 Own
Efficient-
Net-B4
ResNet-
ISIC 2018- | 152, Effi- Soft
2020 cientNet- | voting 91.30 Own
B4
Res-
Net152,
ISIC 2018- Dense- Hard
2020 Net201, | voting %0.70 Own
Efficient-
Net-B4

Ensem- Acc
Dataset Model ble (%) Ref.

ISIC2017 | ResNet50 - 8157 [41]

ISIC 2017 '”Cevpg'on' 81.29 [41]

ISIC 2017 E;”;& - 73.44 [44]
ISIC Archive CNN - 85.50 [45]

KNN,
ISIC Archive | SVM, V*:z;‘; 88.40 [42]
CNN
ISIC2018 | ResNet50 - 87.10 [46]
ISIC 2018 '”Cf/pst"’” 89.70 [46]
Res-
Net50, Soft
ISIC 2018 Inceotion voting 89.90 [46]
VF()S (average)

ISIC2018 | AlexNet - 84.00 [47]
ISIC Archive | AlexNet - 84.70 [48]
ISIC Archive | VGG16 - 84.43 [48]
ISIC Archive | ResNet50 - 86.54 [48]
ISIC Archive Niﬁsd 1 - 86.81 [48]
ISIC Archive MLP - 83.00 [49]
ISIC Archive LeNet - 84.00 [49]
ISIC Archive | VGG-11 - 89.00 [49]

MLP,
ISIC Archive vfgit% Stacking |  93.00 149]
KNN

ISIC2019 | MobileNet - 85.00 [50]

ISIC2019 | VGG16 - 87.00 [50]

ISIC 2019 '”C‘\*gw” 90.00 [50]

ISIC 2019 'g’:spr:ft” 91.00 [50]
ISIC Archive E;lfft'%r;t i 85.62 [50]
ISIC Archive EJ;'eBrg - 84.27 [50]
ISIC Archive N(iggi/z - 83.13 [50]
ISIC Archive | VGG16 - 84.07 [50]

ISIC CNN - 79.45 [51]
ISIC VGG-16 - 69.57 [51]

This study highlights the great potential of advanced deep
learning models in classifying skin lesions for melanoma diagnosis,
improving accuracy of detection. The results show that deep learn-
ing models such as ResNet152, DenseNet201 and EfficientNet-B4
achieve high accuracy in melanoma identification. In particular, the
application of an ensemble learning technique, using soft-voting
combining all three architectures, improved the precision rates and
F1-score up to 91.3%.

In addition, soft-voting proved to be much more effective on an
unbalanced dataset than the hard-voting technique. In contrast, the
stacking method using XGBoost did not produce the expected im-
provement in performance, suggesting that this technique may be
less effective for dermoscopic images.

The results align with existing literature (Tab. 10), highlighting
the high performance of EfficientNet models in melanoma diagno-
sis, with precision and F1-scores exceeding 85%. Similar to this
study, other research has demonstrated improved classification
rates using ensemble learning techniques, particularly voting,
which confirms the accuracy of this approach. Conversely, the re-
sults for stacking suggest that this method may not be optimal for
classifying highly complex images. This study confirms the effec-
tiveness of deep learning models and ensemble learning tech-
niques in skin melanoma classification. In particular, EfficientNet-
B4 models and the use of an ensemble model with soft-voting
proved to be particularly effective, achieving higher precision and
F1-scores than individual models.

The results of this study successfully address the formulated
research questions. While all models showed high competence, Ef-
ficientNet-B4 emerged as the most reliable single architecture,
achieving 90.40% accuracy. Its success is attributed to its com-
pound scaling and SE-blocks, which effectively capture asymmetric
borders. For research question 2 and 3, our findings demonstrate
that ensemble learning, specifically soft voting, significantly en-
hances performance, reaching an absolute accuracy of 91.30%.
This confirms that leveraging probabilistic confidence scores is
more effective than the discrete logic of hard voting or the meta-
classification approach of XGBoost stacking in this domain.
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5. CONCLUSION

In this study, three robust convolutional neural network models
based on popular architectures ResNet152, DenseNet201, and Ef-
ficientNet-B4 for dermoscopic image identification were introduced.
Extensive experiments were conducted to evaluate the perfor-
mance of the models with different architectures. Given the com-
plexity of dermoscopic images, deeper and more powerful versions
of these architectures were employed to achieve optimal results,
demonstrating their effectiveness in improving diagnostic accuracy.
Among them, the EfficientNet-B4 emerged as the most reliable
model, striking a balance between precision and recall, both of
which are critical for reliable medical diagnosis.

Moreover, the application of ensemble techniques, such as vot-
ing proved beneficial, as they combine the strengths of individual
models to deliver superior performance over single model ap-
proaches. In particular, soft voting emerged as the most effective
ensemble method, outperforming both hard voting and the
XGBoost stacking ensemble. The XGBoost model, while demon-
strating potential in other contexts, performed comparatively poorly
in this study, further emphasizing the advantage of soft voting in
achieving higher accuracy and balanced performance for dermo-
scopic image identification. This may be attributed to limitations
such as the relatively small dataset size, high dimensionality of the
input features, or the model’s sensitivity to parameter tuning. Addi-
tionally, tree-based models like XGBoost may not capture spatial
patterns in image-derived data [41] as effectively as CNN-based
models.

Expanding the training data to include a more balanced and di-
verse representation of lesion types represents a potential area for
future research aimed at improving model robustness and general-
ization across diverse datasets. As machine learning continues to
rapidly evolve, the potential of these and emerging models to trans-
form melanoma diagnosis remains promising.

While the proposed ensemble model demonstrates high diag-
nostic accuracy, its transition into actual clinical practice requires
addressing several implementation challenges. A primary barrier to
Al adoption in medicine is the transparency of the decision-making
process; however, our integration of Grad-CAM facilitates a more
interpretable diagnostic workflow by providing visual justifications
that are essential for medical accountability. To bridge the gap be-
tween research and practice, future work will focus on implement-
ing an automated pre-segmentation module using architectures like
U-Net. This stage would allow the system to isolate the lesion as a
specific Region of Interest (ROI), effectively filtering out non-diag-
nostic elements such as hair, clinical markers, or air bubbles,
thereby enabling the ensemble to focus exclusively on fine-grained
diagnostic features.

Furthermore, we intend to evolve the system into a multimodal
framework by incorporating clinical metadata, including patient age,
gender, and anatomical location, which are already provided within
the ISIC datasets. We also envision deploying the model as a mo-
bile or web-based decision support tool designed to assist general
practitioners during early screening phases. These advancements,
coupled with rigorous clinical validation and continued collaboration
between Al researchers and healthcare specialists, hold the poten-
tial to significantly improve early detection and treatment outcomes
for malignant melanoma.

The ultimate validation of this approach lies in its alignment with
expert medical judgment. Future efforts will involve qualitative clin-
ical studies where dermatologists evaluate the correlation between
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Grad-CAM visualizations and established diagnostic criteria, such
as the ABCDE rule. By comparing the ensemble’s 91.30% accu-
racy against traditional dermoscopic accuracy, which often falls
short at 75% in routine settings [53], we aim to demonstrate the
system’s utility as a robust decision-support tool. This collaborative
validation is essential to mitigate human error and variability, par-
ticularly in identifying asymptomatic lesions with subtle visual cues
that might otherwise go unnoticed.
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