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Abstract—This paper addresses the problem of automatic
classification of dermoscopic skin lesion images into one of eight
diagnoses that include multiple cancer types. The goal of this
research was to evaluate methods to address problems of class
imbalances and image variation in skin lesion classification, as
well as to propose an ensemble model that performs well on
multi-class metrics. The widely used dataset developed for the
International Skin Imaging Collaboration (ISIC) challenge, ISIC
2019, was chosen to test the methods proposed in this paper.
Methods evaluated in this paper include modern architectures
such as Vision Transformer, Convolutional Neural Networks, and
Vision Mamba, as well as training strategies such as data aug-
mentation, test-time augmentation, and specialized loss functions
addressing class imbalance. The best performance was obtained
using an ensemble approach, achieving an overall accuracy of
74.80% and a macro F1 score of 74.30%. These results compare
favorably to the state-of-the-art, where drops in performance
with multi-class metrics have typically been observed.

Index Terms—Skin cancer, class imbalance, test-time augmen-
tation, heterogeneous ensemble.

I. INTRODUCTION

Skin cancer is one of the most widespread variants, posing
significant threats to public health and burdening healthcare
systems. Melanoma, in particular, presents high metastatic
potential and rapid progression, making early and accurate
detection crucial for successful treatment [1]. Dermoscopic
examination performed by dermatologists has been the clinical
standard for lesion diagnosis. However, accurate diagnosis is a
challenge even for clinicians, as they typically achieve around
60% accuracy in lesion classification [2]. This diagnostic
uncertainty, combined with limited availability and unequal ge-
ographic distribution of dermatologists, has motivated research
towards robust and accurate automated diagnostic methods.

Recent advancements in deep learning, particularly con-
volutional neural networks (CNNs), transformers, and hybrid
models, have substantially improved performance in medical
image analysis [3]. However, despite these advances, critical
challenges persist. First, medical datasets frequently exhibit
significant class imbalance. This imbalance can bias model
training and undermine performance on minority classes [4].
Second, due to the introduction of many hyperparameters in
ensembling techniques and complex models, standard training
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methodologies have often overlooked comprehensive hyper-
parameter optimization, limiting model generalization [5].
Additionally, techniques performing well in other problems
are underexplored in the skin lesion problem. Traditional ap-
proaches have rarely leveraged test-time augmentation (TTA)
fully, resulting in missed opportunities to improve robustness,
a critical requirement for this task given the variations com-
monly encountered in clinical practice [6]. Furthermore, while
individual model architectures have been extensively studied,
ensembles combining diverse architectures have remained un-
derexplored [7].

The official leaderboard for the International Skin Imaging
Collaboration (ISIC) 2019 challenge reveals the uneven perfor-
mance of top teams across different metrics (Table II). While
accuracy measures overall correctness, it can be misleading
in imbalanced datasets. Balanced accuracy accounts for class
imbalance by averaging recall across classes and was the
official evaluation metric of the challenge. Fl-score, on the
other hand, emphasizes the harmonic mean of precision and
recall, offering a more sensitive measure of performance in
the presence of skewed class distributions. These evaluation
inconsistencies and the underlying performance gaps motivate
this research to study methods that deliver balanced and
generalizable results across all key metrics.

The contributions of the paper can be summarized as
follows:

o Evaluating different methods that address class imbalance
and model robustness in the area of skin lesion classifi-
cation.

« Proposing an ensemble model for skin lesion classifica-
tion with high performance on multi-class metrics.

II. RELATED WORKS

Skin lesion classification methodologies generally fall into
two architecture categories: deep convolutional neural net-
works and transformer-based architectures. Hybrid approaches
and additional architecture components have also been pro-
posed to improve generalization and robustness.

Deep Learning Architectures: CNNs have become
widespread in automated skin lesion analysis [3]. Architectures
such as EfficientNet [8] have demonstrated superior perfor-
mance, effectively capturing the local spatial features critical
for lesion recognition tasks. However, CNNs have primarily
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focused on localized patterns, often lacking sufficient global
context, limiting their performance on visually ambiguous
lesion categories [9].

To address this, transformer-based models like Vision Trans-
former (ViT) [9] have introduced self-attention mechanisms
that explicitly model long-range dependencies. This global
modeling capability complements the local pattern extraction
of CNNs and is particularly beneficial in dermatology, in
which lesion differentiation may rely on subtle global con-
textual clues.

More recently, hybrid vision architectures such as Mam-
baVision [10] aim to balance contextual awareness with com-
putational efficiency by integrating ViT-style attention and
Mamba’s linear-time sequence modeling. While such hybrid
architectures have shown promising results in broader medical
imaging domains, their application in dermatology remains
limited and underexplored.

Strategies for Class Imbalance and Robustness: Ad-
dressing class imbalance has been a significant research area,
with methods such as Weighted Cross-Entropy and Focal
Loss [4], [11] widely applied to balance model attention
towards minority classes. Data augmentation methods have
also been extensively studied as a means to improve gener-
alization performance [12]. Test-time augmentation, although
effective in other domains, has rarely been optimized in the
context of dermatology [6]. Thus, systematic exploration and
evaluation of augmentation techniques, combined with robust
loss functions, have remained limited in dermoscopic image
tasks.

Ensemble Learning: Ensemble methods have proven
highly effective in various machine learning tasks by lever-
aging model diversity to enhance predictive performance and
robustness [7]. However, heterogeneous ensembles combining
fundamentally different architectures (CNNs, transformers, hy-
brids) have remained under-explored in dermatological image
classification, motivating the explicit exploration present in
this paper.

In summary, while significant advancements have been
made, critical aspects such as class imbalance, robust aug-
mentation strategies, and heterogeneous ensemble modeling
have remained insufficiently addressed. This paper explicitly
targets these gaps, systematically integrating and evaluating
these strategies for robust, accurate, and generalizable skin
lesion classification.

ITII. PROPOSED APPROACH

The primary goal of the proposed methodology is to achieve
robust and generalizable multiclass image classification by
addressing several critical challenges, including high class im-
balance, limited data for underrepresented classes, sensitivity
to image variability, and combining the strengths of different
deep learning architectures. In this section, each design choice
is explicitly justified by detailing its expected contribution
towards solving these specific challenges.

Loss Functions for Class Imbalance: To improve model
performance on skewed class distributions, the proposed

method explicitly incorporates loss functions designed to
address class imbalance, including standard cross-entropy,
Weighted cross-entropy, and focal loss [4] functions. Focal
Loss was selected due to its focus on difficult and minority-
class samples.

Test-Time Augmentation (TTA): Another issue is to ob-
tain robustness with different viewpoints and variations in
appearance caused by lighting, orientation, or scale. Test-time
augmentation is implemented at inference time to improve the
robustness of predictions by averaging model outputs across
augmented versions of each input image. The augmentation
strategies selected include horizontal flips, rotations at in-
crements of 90°, and additional small-degree rotations, color
jittering, and resizing.

The TTA approach aims to reduce prediction variance
caused by alterations in images obtained in a clinical scenario.
Indeed, producing predictions from multiple augmented views
improves the output stability and model accuracy, as demon-
strated in our experiments. The enhanced reliability and gen-
eralizability are important in real-world clinical deployment
scenarios.

Hyperparameter Optimization: Model performance and
generalization capability critically depend on careful hyperpa-
rameter tuning [5]. To systematically address this challenge,
hyperparameters were optimized by comparing validation
macro-F1 scores using Optuna, a state-of-the-art optimiza-
tion framework that efficiently explores parameter spaces via
Bayesian optimization methods [5]. Key hyperparameters that
were tuned include: learning rate, weight decay, and focal loss
gamma.

Learning rate impacts convergence behavior and final ac-
curacy; weight decay controls regularization and prevents
overfitting; and focal loss gamma determines the trade-off
between focusing on challenging examples and ignoring easily
classified ones.

Heterogeneous Ensemble Learning: Different deep learn-
ing architectures inherently possess distinct internal biases,
capturing complementary visual features [7]. Therefore, a
heterogeneous ensemble comprising three fundamentally dif-
ferent architectures (EfficientNet-B5 (CNN-based) [8], Vision
Transformer (ViT-base-patch16-224, transformer-based) [9],
and MambaVision (ViT-Mamba hybrid) [10] is proposed in
this work. Aggregating predictions from these complementary
architectures was implemented through simple mean ensem-
bling, i.e., averaging their class probability outputs, which
enhances overall accuracy, robustness, and generalizability by
leveraging their diverse strengths.

EfficientNet-B5 was chosen due to its parameter-efficient
scaling, enabling effective processing of high-resolution im-
ages critical for capturing detailed lesion features [8]. ViT
was selected for its capability to model global context and
dependencies between image regions, aiding recognition of
overall lesion structures and patterns [9]. MambaVision, as
a hybrid architecture, was selected because it combines the
global context modeling of Vision Transformers with the
efficient sequential state-space modeling of Mamba layers,
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effectively capturing both global dependencies and structured
representations [10].

IV. EXPERIMENTS AND RESULTS

Experiments are conducted to evaluate different methods
that address challenges such as class imbalance, sensitivity
to image variability, and other previously mentioned chal-
lenges in the skin lesion classification problem. These methods
include: different architectures, data stratification, data aug-
mentation, test-time augmentation, and different losses. All
experiments are conducted using the ISIC 2019 dataset.

Dataset: The ISIC challenge was organized to bench-
mark automated classification algorithms using the ISIC 2019
dataset [13]-[15] - a publicly available collection of dermo-
scopic skin lesion images. ISIC 2019 was selected since it
is the most established multi-class benchmark, unlike newer
ISIC datasets that are larger but framed differently (e.g.,
binary classification in 2020). The challenge leaderboard uses
multi-class balanced accuracy as the metric with which to
compare algorithms. The ISIC 2019 challenge has an official
training and test split, consisting of 25,331 images for training
and 8,238 images for testing. There is no official split for
validation.

The class distribution of the ISIC 2019 training set is as
follows: Melanocytic nevus (NV) 50.8%, Melanoma (MEL)
17.9%, Basal cell carcinoma (BCC) 13.1%, Benign keratosis
(BKL) 10.4%, Actinic keratosis (AK) 3.4%, Squamous cell
carcinoma (SCC) 2.5%, Vascular lesion (VASC) 1.0%, and
Dermatofibroma (DF) 0.9%. As can be seen, the distribution
is highly biased; NV makes up over half of all samples, while
DF and VASC contribute about 1% each. This resembles the
real-life distribution of these skin lesions, which makes the
ISIC 2019 dataset appropriate to evaluate methods that address
class imbalance. To maintain class distribution during training
and validation, a stratified splitting was used, specifically, 80%
for training and 20% for validation. As for the final evaluation,
the official test set was used.

All images in the dataset are color dermoscopic photographs
in three-channel RGB format. There is no fixed aspect ra-
tio; the majority of images fall within the resolution range
of 576 x 768 pixels to 1024 x 1024 pixels. This variability
reflects the diversity of capture devices and clinical settings
encountered in real-world practice.

Data Augmentation and Transformations: Data augmen-
tation was applied to improve model generalization given
the class imbalance and variations typically encountered in
clinical imaging scenarios. A series of stochastic and geo-
metric transformations was applied during training only. The
transformations included:

« Random rotation up to 45°

« Horizontal and vertical flips

« Random affine transformations (translation up to 10%,
scaling between 1.0 and 1.05)

o Color jitter with brightness and contrast adjustments (0.1)

« Normalization using ImageNet statistics (mean = [0.485,
0.456, 0.406], std = [0.229, 0.224, 0.225])

o Center square crop: Crops the central square region of
the image, to preserve aspect ratio.

For validation and testing, only deterministic transforma-
tions were applied (center crop, resize, and normalization) to
ensure consistent evaluation conditions.

Model Training: Models were initialized with ImageNet
pre-trained weights, then trained for 25 epochs on the ISIC
2019 dataset using AdamW. As found by hyperparameter tun-
ing on EfficientNet-B5, ViT, and MambaVision, the learning
rate was set to (8.4E-05, 1.00E-05, 4.56E-05) and weight
decay to (8.6E-03, 8.6E-03, 4.9E-05). Training and validation
accuracies, losses, and macro F1-scores were monitored. The
best checkpoints were selected by the highest validation macro
FI1.

The loss function and TTA configuration used for the
final evaluations were selected based on the results of the
experiments conducted on different loss functions and TTA
configurations, as explained as follows, with the gamma hy-
perparameter for focal loss being further tuned to 2.41.

Loss Functions: Experiments were conducted on 3 loss
functions: standard cross-entropy, weighted cross-entropy, and
focal loss, all conducted on the ViT model. The gamma
parameter for focal loss was set to the default (2) [4]. Other
parameters for training were set as mentioned previously.
As seen in Table I, focal loss markedly outperformed both
standard and weighted cross-entropy, achieving up to a 1.75%
point gain in weighted F1 score on the class-imbalanced
dataset.

Test-Time Augmentation (TTA): To evaluate the appli-
cability of TTA, 4 configurations were tested with 8 and 16
views, using stochastic transformations of flips, 90°rotations,
additional 10-15°rotations, and color jitter of 10%. All exper-
iments were conducted with focal loss, which gave the best
results in initial experiments. Test-time augmentation yielded a
0.79% point improvement in F1 compared to no augmentation,
highlighting the value of inference-time transformations in
enhancing model robustness.

TABLE I
PERFORMANCE OF VIT MODEL WITH DIFFERENT SETTINGS

Loss Function Test F1 (%)  Acc (%)
Focal Loss (gamma=2) 72.15 72.41
Weighted Cross-Entropy 71.21 71.54
Cross-Entropy 70.40 71.72
Test-time Augmentation Test F1 (%)  Acc (%)
8x (Flip + Rotate90 + Rot10) 72.15 72.41
8x (Flip + Rotate90 + Rotl5) 72.12 72.38
16x (Flip + Rotate90 + Rotl5 + ColorJitter) 72.00 72.30
No test-time augmentation 71.36 72.01

Ensemble Results: As can be seen from Table II, a
heterogeneous ensemble of three architectures resulted in a
1.67% and 1.02% point increase in F1 score and accuracy,
respectively, compared to our best-performing single model.
Furthermore, the confusion matrix in Table III confirms
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these improvements by demonstrating accurate classification
of major classes and consistent performance on minority
classes. Moreover, the proposed ensemble represents notable
improvements over leading literature and leaderboard methods,
with the highest Fl-score (0.743) and AUC (0.942). Overall,
the ensemble method effectively leverages the complementary
strengths of different architectures, demonstrating enhanced
robustness and generalization performance in skin lesion clas-
sification tasks.

TABLE II
COMPARISON OF ISIC 2019 PERFORMANCE: LEADERBOARD,
LITERATURE, AND PROPOSED METHODS (BEST IN BOLD, SECOND BEST
UNDERLINED)

Method Weighted F1 ~ AUC  Bal. Accuracy

ISIC2019 Leaderboard:

DaisyLAB [16] 0.685 0913 0.636

DysionAl [17] 0.703 0.780 0.607

AlmagelLab

-PRHLT [18] 0.709 0.886 0.593

Literature:

Doctors’ Average [2] 0.597 — —

Skin-Net [19] 0.713 — —

Kassem et al. [20] 0.575 — —

This work:

EfficientNet-B5 0.736 0.925 0.598

ViT 0.722 0.912 0.587

MambaVision 0.723 0.918 0.591

Proposed Ensemble 0.743 0.942 0.607
TABLE III

CONFUSION MATRIX FOR THE PROPOSED ENSEMBLE MODEL.

| MEL NV BCC AK BKL DF VAS SCC
MEL 918 225 67 40 69 0 7 1
NV 119 2216 71 21 52 1 3 6
BCC 27 29 828 46 26 3 5 11
AK 20 11 84 168 87 0 4
BKL 83 94 60 70 333 10 0 10
DF 1 15 16 1 3 53 0 2
VASC 11 8 24 0 0 1 54 6
SCC 9 4 62 15 13 1 0 61

V. CONCLUSION

Our work presents the performance of several deep learning
architectures optimized to address class imbalance and im-
prove robustness in multi-class skin lesion classification. The
results demonstrate the value of focal loss, systematic hyperpa-
rameter optimization, and an optimized test-time augmentation
strategy, each contributing measurable gains in generalization.

This study also introduces an ensemble model that achieves
strong performance across multi-class metrics. The proposed
ensemble model achieved the highest Fl-score (0.743) and
AUC (0.942) among all evaluated methods, outperforming
both the leading literature and the official ISIC 2019 leader-
board submissions. Future work will extend this framework to

larger and more recent datasets and explore the use of metadata
and external data sources to further improve the recognition
of underrepresented classes.
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