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Abstract

Accurate differentiation among melanoma, basal cell carcinoma (BCC), and benign nevi remains challenging in
clinical dermatology, despite their distinct prognostic implications. While recent advances in artificial intelligence
have improved binary skin lesion classification, multiclass scenarios reflecting real-world diagnostic complexity
remain still challenging. This study extends MultiExCam, a hybrid deep learning and machine learning framework,
to address multiclass classification with enhanced explainability for clinical decision support. By incorporating
basal cell carcinoma as a third diagnostic class, we demonstrate how hybrid integration of deep and machine
learning can effectively address real-world multiclass skin lesion scenarios. Explainability analysis via Grad-
CAM and SHAP enables identification of clinically meaningful features distinguishing melanoma (asymmetry,
irregular borders, color variation), BCC (vascular patterns, pearly appearance, ulceration), and nevi (symmetry,
homogeneity), providing interpretable decision rationales aligned with dermatological diagnostic criteria. The
framework’s ability to differentiate among three distinct lesion types with transparent decision-making processes
addresses critical requirements for clinical adoption, offering a promising foundation for Al-assisted dermatology
and screening applications in resource-limited settings.
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1. Introduction

Cutaneous melanoma is among the deadliest forms of skin cancer, with the World Health Organization
[1] reporting over 320,000 new cases and approximately 58,000 deaths annually, a number that is
expected to grow. In Europe, the incidence has steadily increased, reaching 10-25 new cases per 100,000
inhabitants by 2022 [2]. Early detection remains crucial, as timely diagnosis significantly improves
treatment outcomes and patient survival. Accurately classifying skin lesions, however, remains a
complex task. While benign lesions such as nevi typically exhibit symmetry and regular borders,
malignant lesions like melanoma often show asymmetry and irregular edges. Although distinguishing
melanoma from nevi is clinically critical, other skin lesion types also warrant accurate identification.
Basal cell carcinoma (BCC), the most common form of skin cancer, originates from basal cells in the
epidermis. While it rarely metastasizes, BCC can cause extensive local tissue damage if left untreated
[3]. A comparison of the three lesion types is illustrated in Figure 1.

Motivated by these considerations, this study extends the traditional binary classification task of
melanoma versus nevus to a multi-class setting that includes BCC alongside other lesion types. Specifi-
cally, we build upon our existing framework MultiExCAM [4], a hybrid and explainable architecture
for skin lesion classification, originally developed for melanoma/nevi discrimination, enhancing it to
support the identification of three different skin lesions types simultaneously. This extension aims
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Figure 1: The visual differences between common nevi, basal cell carcinoma, and melanomas.

to provide a more comprehensive automated diagnostic tool, improving early detection and assisting
clinicians in managing a wider spectrum of skin cancers.

In addition, this study is motivated by a set of simple yet critical research questions: although the
approaches proposed in the literature report promising performance, do they provide an adequate level
of result explainability? Are convolutional neural networks still a valid architectural choice for building
classifiers in light of the recent emergence of Vision Transformers? Consequently, does a model such
as MultiExCam remain effective when moving beyond a binary classification setting to a multi-class
scenario?

The paper is structured as follows. In the next section, a comprehensive review of the state of the
art is presented, aiming to provide an overview of current techniques and establish a baseline for
comparison. Section 3 introduces the MultiExCam architecture, detailing its individual components
and design choices. In Section 4, the experimental results are reported and critically analyzed. Finally,
Section 5 concludes the study and discusses potential directions for future research.

2. Related Works

Several studies have proposed architectures capable of distinguishing among multiple types of skin
lesions. In [5], the authors proposed SKINC-NET, a lightweight deep learning architecture designed for
the accurate classification of multiple skin cancer types while maintaining low computational complexity.
The model is capable of classifying seven different skin lesion categories from dermoscopic images and
is built using dense layers, batch normalization, and LeakyReLU activation functions. To address the
class imbalance issue, data augmentation techniques were applied and the model was evaluated on
the HAM10000 dataset. The proposed approach was compared with several transfer learning models,
including ResNet50, VGG16, MobileNetV2, and EfficientNetB0. Furthermore, ablation studies were
conducted to determine optimal hyperparameter settings. Experimental results demonstrated that
SKINC-NET achieved superior performance, reaching an overall accuracy of 98.54% with a significantly
reduced number of trainable parameters and computational cost. Also in [6], the dataset HAM10000 was
used to evaluate three pre-trained CNN architectures (CNN, VGG16, VGG19) and three hybrid models
combining these networks (CNN+VGG16, CNN+VGG19, VGG16+VGG19). The proposed multilayered
hybrid model, designed with carefully varied filter sizes while maintaining a reduced number of
parameters, achieved the highest performance, reaching an accuracy of 91.63%. Model effectiveness
was also assessed using precision, recall, and F1-score metrics, demonstrating its capability to support
automated skin lesion diagnosis in a multi-class setting. In [7], the authors proposed a hybrid deep
learning architecture for skin cancer classification that integrates ConvNeXtV2 blocks with separable self-
attention mechanisms to enhance feature extraction and classification performance. The model leverages
ConvNeXtV2 blocks in the early stages to capture fine-grained local features and subtle visual patterns,
which are crucial for discriminating between visually similar skin lesions. In later stages, separable self-
attention is employed to focus on diagnostically relevant regions with reducing computational overhead.
The proposed approach was trained and evaluated on the ISIC 2019 dataset, encompassing eight distinct
skin lesion categories, and was further strengthened through the use of data augmentation and transfer
learning techniques. The proposed model achieved an accuracy of 93.48%, a precision of 93.24%, a recall



of 90.70%, and an F1-score of 91.82%, outperforming over ten CNN-based and more than ten Vision
Transformer-based models evaluated under similar conditions. Again, in [8], authors used ISIC2019
dataset to test different hybrid architecture, proposing SkinDWNet, a deep learning architecture for
multiclass skin cancer classification that combines depth-wise dilated convolutions (DDCs) with feature
reuse residual blocks (FRBs) to effectively extract relevant features from dermoscopic images. To
enhance classification performance, the model is coupled with Gradient Boosting, which leverages the
feature maps generated by SkinDWNet. The study also employs preprocessing techniques to remove
artifacts such as hair and air bubbles, as well as SMOTE Tomek to address class imbalance in the
ISIC 2019 dataset. SkinDWNet+GB was evaluated against six baseline and state-of-the-art models,
achieving a maximum accuracy of 97.04%, and statistical analyses including ANOVA and McNemar’s
test confirmed its performance. In addition, a Grad-CAM analysis was proposed in the work. In [9],
the authors proposed a deep learning framework for multi-class classification of dermoscopic skin
lesions using the HAM10000 dataset. Several state-of-the-art CNN architectures, including DenseNet201,
InceptionResNetV2, and Xception, were evaluated under both frozen and fully fine-tuned settings, and
Vision Transformer (ViT) models were also assessed for their potential in skin lesion analysis. To further
improve performance, ensemble learning strategies such as hard voting, soft voting, and weighted soft
voting were applied. Experimental results showed that fully fine-tuned models outperformed frozen
configurations, with InceptionResNetV2 achieving the best individual performance (accuracy 88%,
F1-score 0.77), while the weighted soft voting ensemble reached the highest overall results (accuracy
89%, F1-score 0.80). Examining the state of the art allows us to address two of the research questions
posed earlier. CNNs remain a valid approach for image analysis, although in some solutions they are
complemented or replaced by more recent architectures, such as ViTs. A persistent concern, however,
is explainability: only a small fraction of existing studies employ explainable techniques to justify
their predictions. To address this limitation, MultiExCam, even in its initial version, is designed as a
framework that is inherently explainable and capable of providing reliable predictions regarding the
nature of skin lesions.

3. Methodology

The MultiExCam framework, originally proposed in [10, 4] is designed to integrate deep learning (DL)
and traditional machine learning (ML) techniques to achieve high classification performance while
maintaining high level of results interpretability. The framework is structured in four main phases.
First of all, raw dermoscopic images are standardized for analysis through operations such as resizing
and artifact removal (e.g., occlusions caused by body hair), ensuring clean inputs for subsequent stages.
The images are then fed into the DL block where a pre-trained CNN, a ResNet50, fine-tuned via transfer
learning, performs two parallel tasks: i) a coarse initial classification providing a baseline prediction of
lesion type, and (ii) deep feature extraction, where high-level representations are obtained from the
penultimate fully connected layer. These extracted features serve as inputs for the ML classifiers in the
next phase. In the ML block, four complementary ML classifiers are applied to a hybrid feature set that
combines CNN-extracted deep features with handcrafted descriptors, such as statistical and colorimetric
features. The diversity of classifiers, designed to cover both linear and nonlinear decision boundaries,
enhances robustness and reliability of intermediate predictions. The final block is constituted by a
feedforward neural network (FFNN) meta-classifier aggregates the outputs of individual classifiers and
the hybrid features, acting as a specialized classifier, similar to a medical expert in a clinical protocol,
which receives information from the other models and produces the final classification by weighing
their contributions. Its multi-branch design, equipped with an attention mechanism, learns optimal
fusion strategies, weighing the contribution of each classifier to generate refined, context-aware final
predictions. To ensure interpretability, MultiExCam incorporates two explainable Al techniques: Grad-
CAM for image-level visualization and SHAP for feature-level transparency. This combination provides
clinicians with insight into the decision-making process, enhancing trust and supporting accurate
diagnostic decisions. A framework overview is proposed in Figure 2.
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Figure 2: The MultiExCam architecture is characterized by a hybrid design that employs three distinct
classification stages: DL, ML, and ensemble.

3.1. Dataset

The original MultiExCam framework was validated using three different datasets: HAM10000, the Skin
Cancer Detection dataset (Kaggle), and MED-NODE. Since only the first two datasets contain the BCC
class, and only the first provides a sufficiently large number of BCC images, the experimental evaluation
in this study was conducted solely on the HAM10000 dataset. The HAM10000 dataset [11], released as
part of the ISIC 2018 Challenge [12], consists of 10,000 RGB dermoscopic images with a resolution of
600x450 pixels. For this study, we focused on three skin lesion classes: melanoma (1,134 images), basal
cell carcinoma (BCC, 529 images), and common nevus (6,705 images). The official training and validation
sets were merged, randomly shuffled, and then partitioned into new training, validation, and test sets
using a 70-15-15 split. The dataset is highly imbalanced, with nevi representing the majority class. To
address this imbalance, a two-pronged strategy was applied to both the training and validation sets.
Specifically, the number of nevi images was reduced to match that of melanomas, while the number of
BCC images was increased via geometric transformations. This approach brought all three classes to an
equal number of samples, while the test set remained untouched to provide an unbiased evaluation of
model performance.

4. Results

We conducted a series of experiments on the Google Colab platform with a T4 GPU runtime and high
RAM to assess the efficiency and accuracy of MultiExCam, following the same experimental setup as
the original paper. Details of these experiments will be discussed in the following section.

Table 1 reports the classification performance of the proposed ensemble model on the test set. The
results are presented per class, along with the weighted average across all classes. These metrics reflect
the effectiveness of the ensemble in combining the predictions of individual models and provide a
quantitative assessment of its predictive performance on unseen data.

The proposed model achieved a weighted average precision of 86%, recall of 85%, and F1-score of 86%
across the three classes. In comparison, the original binary version of the framework reported weighted
average metrics of 92% for precision, recall, and F1-score. While the introduction of a third class leads to
a moderate decrease in performance, the decline is not substantial, indicating that the model maintains



Table 1
Classification metrics per class.

Class Precision Recall F1-score
Nevus (0) 91% 87% 89%
Melanoma (1) 84% 85% 84%
BCC (2) 78% 84% 81%
Weighted avg 86% 85% 86%

robust predictive capabilities even under a more challenging multiclass scenario. To further analyze the
model’s performance, we present two confusion matrices on the test set. The first corresponds to the
ResNet50 model alone (Fig. 3), while the second shows the predictions after the ensemble block (Fig. 4).
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Figure 3: Confusion matrix obtained on the test set after classification with the DL block.
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Figure 4: Confusion matrix obtained on the test set after ensemble classification process.

These matrices provide a detailed breakdown of correct and incorrect classifications for each class,
highlighting the specific patterns of misclassification. This comparison allows for a clearer assessment
of the improvements introduced by the ensemble approach and complements the summary metrics
reported in Table 1. The confusion matrix shown in Figure 4 demonstrates improved recognition of
the newly introduced class (BCC, class 2), correctly classifying 67 out of 80 samples, which represents



a substantial improvement compared to individual models. For the original classes (Nevus, class 0,
and Melanoma, class 1), the ensemble maintains a performance comparable to the single ResNet50
model, correctly classifying 148 out of 170 Nevus samples and 144 out of 170 Melanoma samples. These
results indicate that the ensemble effectively balances the recognition of the new class while preserving
the accuracy on previously established classes. From an explainability perspective, the Grad-CAM
technique [13], already employed in the original binary framework, was applied to the output of DL
module. The resulting activation maps reveal that the model consistently focuses on the lesion area
correctly attributing importance to the relevant features, as could be noted looking at the warm area
present in the heatmaps. Notably, this behavior is also observed for the newly introduced BCC class, as
illustrated in Figure 5.

Nevus Melanoma Basal Cell Carcinoma

Figure 5: Grad-CAM analysis revealed consistent and rigorous behavior across all classes

Beyond confirming the model’s attention to clinically meaningful regions, the explainability analysis
also allowed us to identify two recurring sources of difficulty. First, images in which the lesion area is
not clearly visible (Figure 6 (a)), making it inherently harder for the model to extract discriminative
features. Second, non-dermoscopic images (Figure 6 (b)), which differ significantly from the standard
acquisition protocol and may interfere with the model’s learning and predictive behavior. Although
such cases represent a small fraction of the dataset, their presence may nonetheless affect both training
stability and inference reliability.

5. Discussion, Limitations and Future Perspectives

The results obtained with MultiExCam show a weighted F1-score of 0.86, with precision and recall of
0.86 and 0.85, which are competitive compared to some related works, as [9]. Models such as SKINC-
NET [5] or SkinDWNet+GB [8] achieve higher accuracies, above 97-98%, thanks to more complex
architectures and advanced data augmentation strategies. However, these solutions require extensive
preprocessing, a large number of parameters, and often lack explainability, limiting the transparency of
their predictions. In various medical contexts, and beyond, we have shown how important it is not only
to achieve good results but also to explain the reasoning behind them, in order to fully understand from
a clinical perspective how reliable they are [14], as is already done in MultiExCam. However, this does
not justify achieved performances and further investigation is needed. In fact, despite the encouraging
results obtained, the current implementation of our framework presents some limitations that merit
discussion. Firstly, the ensemble strategy followed the same protocol as the original MultiExCam
implementation, operating on the discrete predictions of the individual models rather than on their
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Figure 6: Examples of challenging images identified through Grad-CAM analysis: (a) non-dermoscopic image,
(b) image with poorly visible lesion area.

predicted probabilities. Utilizing probabilistic outputs would likely provide a richer signal for the
ensemble, potentially enhancing its discriminative capability, especially in multiclass scenarios [15].
Secondly, while both the machine learning models and the neural network were retrained, including
hyperparameter tuning and architectural modifications to accommodate three classes, no task-specific
strategies, such as a refined model selection or weighting scheme, were employed. This design choice
was intentional, aiming to evaluate the robustness of the originally proposed solution in a new, more
challenging multiclass context. Nevertheless, these decisions also expose clear areas of improvement;
the reliance on discrete predictions limits the potential of the ensemble, and the lack of task-specific
optimization suggests that performance could be further enhanced with a more targeted strategy.
Given the new multi-class scenario, it is important to test different deep learning architectures, such
as ConvNeXtV2 [7] or Vision Transformers [9], which have so far been evaluated only in binary
classification tasks in our original framework. overall, while the current approach demonstrates the
feasibility and generalization potential of the MultiExCam framework in an expanded multi-class
setting, these limitations highlight several avenues for future development. These include probability-
based ensemble methods, selective model inclusion, advanced data augmentation techniques, and the
extension of the framework to cover additional classes of skin lesions beyond the three considered
here. Addressing these aspects will not only improve classification performance but also strengthen the
clinical applicability of MultiExCam, moving it closer to a comprehensive and interpretable tool for
automated skin lesion diagnosis.

6. Conclusions

In this study, we have explored the application of MultiExCam framework in a multi-class skin lesion
classification scenario, demonstrating that it can generalize beyond the originally tested setting while
maintaining performance interpretability. Our results show that MultiExCam provides competitive
performance on multiple lesion classes and offers explanations that support clinical understanding,
addressing a key limitation of many high-performing yet opaque DL models.

At the same time, our findings highlight persistent challenges, particularly regarding the quality
and diversity of available datasets. Skin lesion datasets remain imbalanced, with some classes under-
represented, which can limit model performance and generalization. In addition, similar to what has
been reported for the melanoma class, extending the same datasets to multi-class scenarios reveals the



same underlying bias, as most images still correspond to lighter skin phototypes, limiting the models’
applicability across diverse populations [16, 17]. Addressing these limitations is crucial not only for
improving accuracy across all lesion types but also for ensuring equitable clinical decision support.

Future work will focus on extending MultiExCam to additional lesion classes and testing advanced
deep learning architectures, ensemble strategies, and sophisticated data augmentation techniques. Only
by addressing both model and data limitations can we move toward robust, interpretable, and clinically
relevant automated skin lesion diagnosis.
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