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1 Introduction

Skin cancer is the uncontrolled growth of degenerated
cells in the skin and is one of the most prevalent types
of cancers in the world. It usually starts in the epidermis,
the most superficial skin layer, but the damage to DNA
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Abstract skincanceris one of the fastest rising malignancies in the world, where early and accurate
diagnosis plays a decisive role in the survival of patients. Even though the performance of convolutional
neural networks (CNNs) in dermoscopic image analysis has been impressive, three main issues that hin-
der their application in the clinical setting remain: severe imbalance in classes, inter-class visual similar-
ity, overfitting, and lack of interpretability. In this paper, a three-stream ensemble deep learning model
that combines ConvNeXt-Tiny, EfficientNetV2-S, and MobileNetV3-Large has been proposed to classify
automated multiclass skin lesion on the HAM10000 dataset. Balanced stratified sampling strategy (Bal-
ancedDataGen) is used in order to take care of class imbalance without synthetic oversampling in order
to have equal contribution of classes in the training. More successful feature diversity and generaliza-
tion are further improved with the help of adversarial Albumentations-based data augmentation. Each
backbone model is fine-tuned separately based on label smoothing, dropout regularization, early stop-
ping, and adaptive learning rate scheduling. The probability-level ensemble averaging is done to give
final predictions. The post-hoc explainability of the results is offered to improve clinical interpretability,
and ensemble saliency maps created through SmoothGrad allow seeing lesion-specific discriminatory
areas consistently. Experimental findings indicate that the proposed ensemble is more accurate, robust
and minority-class recognizing than individual models, and it has a test accuracy of 89.72%. The frame-
work provides a good, interpretable and computationally efficient solution to automated dermoscopic
diagnosis to fit low-resource clinical settings.
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usually caused by ultraviolet (UV) radiations, whether
sunlight or in a tanning bed, disrupts normal cell growth
and apoptosis, causing malignant transformation and
permanent cell division [1]. DNA mutations related to
UV induce aberrant signaling pathways, which promote

This work is licensed under a Creative Commons Attribution 3.0 License.

60


https://orcid.org/0000-0003-0958-2265
https://orcid.org/0009-0007-3634-3805
https://orcid.org/0009-0002-3287-6819
https://orcid.org/0009-0001-9994-5666
https://orcid.org/0009-0005-4249-0209
https://orcid.org/0009-0007-1457-5736
m.faris@hamdard.edu.pk
https://doi.org/10.21015/vtse.v14i1.2311

VFAST Transactions on Software Engineering

the emergence of tumors, and a lifetime cumulative
exposure is a major risk factor in the development of
both non-melanoma and melanoma skin cancer [2].

The most common forms of skin cancer are non-
melanoma types (basal cell carcinoma, BCC, and
squamous cell carcinoma, or SCC) and melanoma which
starts in the pigment-containing melanocytes and is the
most fatal among them since it has a high metastatic
rate and can spread into other body organs unless it
is detected early[3]. BCC and SCC are often situated
in sun-exposed areas like the face and neck and are
often curable through the use of early surgery inter-
vention, but melanoma has a much smaller proportion
of disease but a disproportionate number of deaths
[4]. It is estimated that in 2022 alone over 1.5 million
new cases of skin cancer are going to be seen globally,
including about 330 000 melanomas, tens of thousands
of deaths among which are likely to be a result of
metastatic disease, highlighting the dramatic impact of
this disease on the health of the general population, and
the importance of early and correct diagnosis [1, 5].

These aspects of disease and the epidemiology help
to pinpoint the clinical need to have effective screening
and diagnostic measures, which could be useful in
promoting early diagnosis and risk classification. Early
and correct identification of skin lesions can contribute
greatly to the clinical outcomes, including a decrease in
mortality and invasive procedures [6]. Clinicians how-
ever, using manual inspection of dermoscopic images, is
both time-consuming and highly expertise-dependent,
which results in inconsistencies and possible mistake
diagnoses. Deep learning-based automated skin lesion
classification has, therefore, become a research focus in
medical image analysis [7].

Deep learning models have especially convolutional
neural networks (CNNSs) in recent years dominated auto-
matic classification of skin lesions because it is able to
learn hierarchical feature representations directly based
on original images[8]. Experiments on the application
of CNNs to dermatological images have shown that
deep models can outperform expert dermatologists
in terms of performance at least and sometimes sig-
nificantly better, when trained on large image corpora
and fine-tuned on dermoscopic datasets [9]. Since then,
CNN-based methods have been applied to a variety of
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architectures, such as DenseNet, Xception, MobileNet,
and EfficientNet families to improve the classification
performance over seven or more lesion types with
different visual appearances [10].

Contemporary developments have additionally dis-
cussed the lightweight models and ensemble methods
to trade undergoing accuracy and computational effi-
ciency to apply them in resource-contained clinical and
mobile conditions. Even with these advances, there are a
number of challenges that are still present. First, the im-
balance and lack of adequate data prevent generalizable
learning, as the rare categories of lesions are underrep-
resented in popular benchmarks like HAM10000 and
ISIC series, which results in bias of the classifier towards
majority classes and decreased sensitivity to important
rare diseases [11, 12].

Conventional solutions such as oversampling and
class-weighted loss functions are prone to synthetic
artifacts or learning dynamics. Second, there exist inher-
ent limitations of dealing with inter-class similarity and
inter-class variance: lesions that are visually similar (e.g.,
melanoma and benign keratosis-like lesions) and large
variability in the features within the lesion types make
the learning of standard CNNs more challenging. To
alleviate these problems, hybrid models and attention
mechanisms have been suggested, yet they have the
drawback of adding more complexity to the model, and
consume more training resources [13].

The other emerging area of research is explainability.
Although high classification metrics have been reported
by many studies, the clinical adoption of deep models
has been hindered by their black box characteristics.
The methods of Explainable Artificial Intelligence like the
Grad-CAM and SmoothGrad offer visual explanations of
any model choice, yet neither their interpretability nor
clinical usefulness has consistently been investigated
[14]. According to recent studies, saliency maps and
heatmaps may occasionally be inaccurate to clinical
interpretation, which is why more effective XAl tools that
are verified with expert annotations are required [15].
Moreover, additions of clinical metadata and multimodal
data (e.g., age of a patient, the localization of a lesion) to
classification models have reported some success but
are not yet widely used in automated systems. The few
forming studies have indicated that adding structured
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patient-based data with image characteristics in hybrid
deep learning models can enhance model resilience and
reflect life clinical diagnostic thinking more accurately
[16, 17].

Lastly, adaptations across domains and datasets and
imaging condition are also a major research challenge.
Results indicate a discrepancy between controlled exper-
imental settings and clinical practice as models that are
trained on one dataset often poorer in deployment on
images in other systems of acquisition or other patient
demographics [18, 19].

As a careful analysis of recent literature shows, even
though deep learning has made significant progress
in the classification of skin lesions, existing paradigms
are largely concerned with improving the accuracy of
models in one dimension [20]. The majority of the
studies lack the discussion of combined issues of data
imbalance, inter-class similarity, explainability, and
clinical integration in a single framework. Moreover,
explainability methods are frequently discussed as
after-hoc add-ons, not as part of the methods based
on clinical needs. Very little methods have integrated
multimodal data and successfully generalized well with
divergent datasets and conditioning of imaging.

In these gaps, to achieve the aims of compensat-
ing such deficiencies, this paper will put forward a
multi-architecture ensemble structure incorporating
complementary CNN backbones, balanced sampling of
different minority classes, targeted augmentation, and
in classifying skin lesions, enable each to plan a robust
architecture, minority-class recognition, and inter-
pretability. The proposed work will fill the gap between
the role of high-performance experimental models
and clinically feasible automated diagnostic systems by
ensuring that model design is consistent with practical
clinical constraints and diagnostic transparency.

2 Methodology

This section outlines the suggested ensemble deep
learning system of automated multiclass of skin lesions.
The methodology is designed to address major limita-
tions of dermoscopic image analysis, which are a strong
imbalance of classes, high inter-class similarity, scarce
data, and the need to be clinically interpretable. The
overall pipeline consists of balanced data sampling,
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targeted data augmentation, multi-architecture transfer
learning, probability level ensemble fusion, and post-hoc
explainability via ensemble SmoothGrad saliency maps,
as shown in Fig. 1.

2.1 Dataset Description

The model being examined was tested using the
HAM10000 publicly available benchmark which is widely
used in the detection of dermatological images from
Harvard Dataverse [21]. The sample is 10,015 high-
resolution dermoscopic images collected through a
variety of sources and clinical settings. It consists of
seven types of diagnosis: Melanoma (MEL), Melanocytic
Nevi (NV), Basal Cell Carcinoma (BCC), Actinic Keratoses
and Intraepithelial Carcinoma (AKIEC), Benign Keratosis-
like Lesions (BKL), Dermatofibroma (DF), and Vascular
Lesions (VASC) [21]. There is a sharp imbalance in
classes: NV predominates in the distribution of samples,
and DF and VASC are significantly underrepresented, as
shown in Fig. 2. This is an immense setback to traditional
supervised learning systems.

2.2 Data Splitting Strategy

The dataset is stratified by stratified sampling to guaran-
tee dependable evaluation and to maintain the distribu-
tion of classes between subsets by dividing the dataset
into a training set (70%), a validation set (10%), and a
test set (20%). Stratification ensures that all subsets built
represent the distribution of diagnostic classes and thus
avoids bias when selecting the model and evaluation of
performance.

2.3 Image Processing
Before the model training, all of the dermoscopic im-
ages will go through the uniform preprocessing pipeline,
which ensures uniformity across samples, and adher-
ence to the relevant deep-learning architectures. All
pictures are downsampled to a spatial resolution of 224
x 224 pixels, which is the default size of the input needed
by ConvNeXt-Tiny, EfficientNetV2-S, and MobileNetV3-
Large. This resolution is a sensible trade-off between
patients who only characterize lesions clinically (includ-
ing border irregularities, pigmentation patterns, and
textural details) and patients who are simple to compute
(in training and inference).

After resizing, pixel values are normalized based on
ImageNet statistics and this brings the input distribution
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Figure 1. Methodology Workflow

to the pretrained weights. The importance of this step of
normalization to transfer learning is to reduce distribu-
tional shift between the source domain (ImageNet) and
the target domain (dermoscopic images), which in turn
stabilizes optimization and speeds up the convergence.
As an additional measure to make the architecture com-
patible, the individual models use their own preprocess-
ing functions, which enables the feature extraction to be
in line with the original training setup of the backbone
networks.

The preprocessing pipeline itself is implemented as
part of the data creating pipeline and run on-the-fly
during their training and testing. The design does not
incur unnecessary memory overheads and also can
be efficiently loaded, transformed, and normalized in
batch. The standardization of image resolution, intensity

distribution, and preprocessing semantics of all models
makes the proposed framework to provide fair compari-
son of the individual networks and also aids in the ability
to fuse probabilities at the probability level.

2.4 Class-Balanced Sampling Using

BalancedDataGen
The HAM10000 dataset has a strong imbalance in
classes, with the bulk of the samples being melanocytic
nevi, and several clinically important groups (including
dermatofibroma and vascular lesions) being severely
underrepresented. Training deep neural networks with
standard random sampling often produces a biased de-
cision boundary, which disadvantages minority classes
and thus adversely affects the sensitivity for large rare
lesion types. To address this, a custom class-balanced
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Figure 2. Dataset Class Distribution

sampling scheme, referred to as BalancedDataGen, is
applied when training the models (see Figure 3 for the
training, testing, and validation split).

BalancedDataGen requires all the classes to con-
tribute equally at the mini-batch level by initially
randomly choosing a diagnostic class and then selecting
an image at random from the chosen class. This step
is repeated until a complete batch is assembled. As
a result, each of the seven categories of lesions con-
tributes equally to gradient updates throughout the
training regime, having a neutral effect on the loss func-
tion. This method is not associated with any synthetic
oversampling methods or class-weighted losses; unlike
those, it does not inject artificial samples or create
notoriously unstable gradients, thus maintaining the
natural distribution of dermoscopic features realistically
while better representing minority classes (see Figure 4
for a pseudo-code illustration of BalancedDataGen).

Mathematically,

/B,
(M

¢; ~ Uniform({1,..., C}),x; ~ Uniform(D,),i =1, ...
where the mini-batch is defined as

B={x,...,Xg} )

and the class prior distribution satisfies

1

PY=0= ¢ €)

The expected number of samples from class c in a
batch is therefore:

0)

B
Elnc = = 4)

The proposed framework is able to maintain compu-
tational efficiency by incorporating BalancedDataGen
into the data generator, which avoids the extra pre-
processing costs. This sampling approach provides a
significant enhancement to the ability of the model
to learn discriminative features to all types of lesions
and is critical in boosting recall and F1-scores on
underrepresented classes.

2.5 Data Augmentation Strategy

In order to increase the generalization and reduce over-
fitting, a carefully developed data augmentation protocol
is applied with the help of Albumentations library. Der-
moscopic images have a natural variability due to varia-
tions in light levels, variations in imaging equipment, pig-
mentation of the skin on the patient, as well as the angle
at which they are taken. Without appropriate augmen-
tation, deep learning models can erroneously overfit to
data specific features instead of learning clinically rele-
vant lesion features.

The augmented pipeline generated by the con-
struction adds controlled geometric and photometric
corrections which do not alter morphology of the lesions
but consist of more robustness. Spatial transformations
(horizontal flipping and shift-scale-rotate) enhance varia-
tion to both orientation and positional mismatches, but
variations in brightness and contrast variations explain
variations in illumination. The color changes caused by
perturbation of hue and saturation are reminiscent of
the changes in color that can be regularly seen during
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Figure 4. Pseudo-code of BalanceDataGen

dermoscopy practice, and contrast limited adaptive
histogram equalization boosts contrast in the local area
to better expose the fine structures of lesions.

The application of all augmentation operations
is done stochastically when training and not when
performing validation and testing to ensure that per-
formance is evaluated without any bias. Given that the
augmentation strategy can enhance the generalization
ability of the training dataset to reassign previously
unknown clinical situations, the augmentation strategy
acts synergistically with the balanced sampling protocol
by increasing both the functional diversity and the
diagnostic semantics of the training dataset.

2.6 Deep Learning Architectures

The suggested architecture as shown in Figure 5 is a
combination of three complementary convolutional
neural network models, which are all pretrained on the
ImageNet database.

2.6.1 ConvNeXt Tiny

ConvNeXt tiny is a current convolutional architecture
that is inspired by the principles of transformer design.
It uses corn kernel convolutions, depth wise separable
layers and simplified normalization schemes thus sup-
porting the robust top-down feature derivation process
without distortion of the convolutional inductive biases.

2.6.2 EfficientNetV2-S
EfficientNetV2 -S is created to be more efficient in train-
ing and scale the parameters. The architecture imple-

+ BalancedDataGen(train_data, batch_size, augmentation, model preprocess)

ments fused MBConv blocks, scaling of depth and width
optimization and better regularization, which makes it es-
pecially appropriate in medical image classification prob-
lems where data is scarce.

2.6.3 MobileNetV3-Large

MobileNetV3-Large is a small network that is capable
of being deployed to resource-constrained devices. It
makes use of inverted residual blocks, squeeze-and-
excitation modules, and efficient nonlinearities, which
allows its successful use in generating texture-sensitive
feature extraction with a low amount of computational
overhead.

2.7 Transfer Learning and Model Training
The two-stage transfer learning strategy is used to
train each backbone network separately. The first step
involves pretrained backbone layers that are frozen and
the classification head is only trained to fit the high-level
representations to dermoscopic images. Then all the
layers are un-frozen to allow end-to-end fine-tuning.
The Adam optimizer is used to implement training with
an initial learning rate of 0.0001 ,dropout regulariza-
tion and label smoothing to enhance the process of
generalization and calibration. Principles used in the
mitigation of training and overfitting with early stopping
and learning-rate scheduling are implemented.

2.8 Ensemble Prediction and
Explainability via Ensemble

SmoothGrad
Final predictions are then made by probability-level en-
semble averaging after the training of every single model.
On every input image, ConvNeXt-Tiny, EfficientNetV2-S,
and MobileNetV3-Large softmax probability outputs are
averaged and the mean probability of the highest-ranked
class is used as the final prediction. Such a fusion strat-
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egy minimizes the prediction variance, autocratic inten-
tionsin the individual models, and enhances strength, es-
pecially in small, not the majority classes of lesions. For
a predicted class, SmoothGrad generates saliency by av-
eraging gradients over noise-perturbed inputs:

N
1
S= N ; |vac(X + 6n)| .
The ensemble saliency map is computed as:

1
Sens = 3 (Sconvnext + Seffv2 t Smobilenet) :

(6)
Saliency maps based on SmoothGrad are created on
each of the trained models to guarantee interpretabil-
ity by averaging gradients on inputs with noise perturba-
tion. The saliency maps that are generated by the three
models are then averaged to come up with an ensemble
explanation. This method will emphasize predictable ar-
eas of lesion, including pigmentation patterns, irregular
edges whereas reducing the background artifact making
clinical confidence on the model predictions better.

3 Results and Discussion

The proposed three-stream ensemble was tested on
HAM10000 data set based on the independent test set
of 20 percent of the total image. The performance was
measured based on the overall accuracy, class-wise
precision, and recall, F1-score, and the confusion matrix.
They report the results of individual models and the en-
semble classifier to study the standalone and combined
performance.

3.1 Performance Classification

The proposed hybrid ensemble model as summarized
in Table 1 shows better classification performance than
all the backbone networks. ConvNeXt-Tiny with the
highest test accuracy of 89.37 percent and balanced
macro-averaged precision, recall, and F1-score repre-
sents the model with the highest overall generalization.
EfficientNetV2-S, and MobileNetV3-Large give competi-
tive results using lower computational complexity, but
their relatively low macro-level scores imply that they
are insensitive to underrepresented classes of lesions.
The hybrid ensemble based on probability-level aver-
aging with the complementary feature representations
of ConvNeXt-Tiny, EfficientNetV2-S, and MobileNetV3-
Large achieves the maximum test accuracy (89.72), and
significant improvements in the macro-averaged preci-
sion (0.8756) and F1-score (0.8551). As Table 1 shows,
these findings confirm that the ensemble strategy is able
to overcome individual model constraints, increase ro-
bustness and improve classification consistency across
all lesion types.

3.2 Confusion Matrix Analysis

The confusion matrices in Fig.6, 7, 8 and 9 give a more
in-depth understanding of how each of the individual
models and the proposed ensemble will behave in
terms of class prediction. The melanocytic nevi (NV)
are always recognized with a high level of accuracy
across all architectures, as they are overwhelming in the
dataset and have specific visual features. Nonetheless,
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Table 1. Performance Comparison of Models

Model

Acc. (%)

Prec. Rec. F1

ConvNeXt-Tiny
EfficientNetV2-S
MobileNetV3-Large
Proposed Model

89.37
86.82
86.12
89.72

0.826
0.808
0.810
0.876

0.843
0.781
0.812
0.840

0.832
0.793
0.808
0.855

the individual models are characterized by significant
confusions in terms of visually similar classes, namely,
melanoma (MEL) and benign keratosis-like lesions (BKL),
basal cell carcinoma (BCC) and actinic keratoses (AKIEC).
ConvNeXt-Tiny is somewhat balanced in its performance
but has been misclassified MEL mostly as NV, whereas
EfficientNetV2-S is more confused with AKIEC and BKL.
MobileNetV3-Large is better at sensitizing to minority
classes like dermatofibroma (DF) and vascular lesions
(VASC) at the expense of confusion between MEL and
NV. Conversely, the ensemble confusion matrix demon-
strates a more vivid diagonal dominance and a better
separation of the classes and less misclassification in
most categories. It is important to note that the ensem-
ble causes less confusion between clinically critical pairs
like MELBKL and BCCAKEC, but it does not lower famil-
iarity with few common classes such as DF and VASC.
All of these observations confirm that probability-level
ensemble fusion is an effective solution to the individual
model weaknesses, to the issue of high-robustness to
class imbalance, and to providing more clinically reliable
classification results.

3.3 Training and Convergence Analysis

The validation accuracy-loss curves and the valida-
tion loss of ConvNeXt-Tiny, EfficientNetV2-S, and
MobileNetV3-Large show that all models converge
steadily and can generalize successfully. ConvNeXt-Tiny
exhibits a high convergence rate, with the first few
epochs showing rapid improvement in accuracy, and
the validation accuracy reaching a high of 0.90. Training
and validation errors decrease steadily, indicative of
efficient learning with limited overfitting (see Figure 10
for ConvNeXt-Tiny). EfficientNetV2-S also shows fairly
smooth convergence, achieving acceptable validation
accuracy and reduction of validation loss with a steady
increase (Figure 11 for EfficientNetV2-S). MobileNetV3-
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Figure 6. Confusion Matrix of ConvNeXt-Tiny

Large demonstrates slower convergence due to its
lightweight structure, but the integration converges well,
keeping the deviation between training and validation
curves minimal, suggesting good generalization despite
lower model capacity (Figure 12 for MobileNetV3-Large).

In all models, the moderate separation between train-
ing and validation measures shows that label smooth-
ing, balanced sampling, and targeted augmentation ef-
fectively curb overfitting. The convergence trends val-
idate that the proposed training strategy is well-tuned
and supports robust feature learning for dermoscopic
image classification.

3.4 SmoothGrad-Based Explainability
Analysis

SmoothGrad-based visualizations of saliency provide a

qualitative understanding of how the proposed models

process images, indicating areas that contribute most to

the predicted class. Each individual model produces a
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SmoothGrad map, shown in Figure ??, by averaging gra-
dients across multiple noise-perturbed versions of the
input image. This approach produces sharper and more
stable explanations than traditional gradient-based
methods.

For ConvNeXt-Tiny, the saliency map highlights the
lesion shape in the center and the edges of the image,
indicating that the model focuses on hierarchical and
global elements. EfficientNetV2-S captures a smaller
attention region concentrated on high-contrast lesion
areas, suggesting sensitivity to discriminative texture
patterns. MobileNetV3-Large emphasizes smaller-scale
texture and color differences over a larger lesion size,
consistent with its lightweight local feature extraction
structure. The SmoothGrad visualization resulting from
averaging all three models shows the most consistent
and clinically significant attention pattern, focusing
on the lesion core, peripheral margins, and vascular
regions while avoiding background artifacts.  This
cross-architectural cooperation demonstrates that the
ensemble is not only more effective in classification but
also provides higher-quality explanations that align with
dermatological diagnostic criteria, increasing clinical
confidence and transparency.

According to the recent findings as Table 2. shows on
the automated classification of skin lesions based on the
HAM10000 dataset, our proposed ensemble model out-

performs all the models obtaining an accuracy of 89.7%.
Previous studies conducted by Mahbod et al. (2023) used
a multi-Cnn ensemble model, which gave an accuracy
of 86.2%. After that, Thwin S.M. et al. (2024) trained
heterogeneous deep systems (VGG16, Inception-V3, and
ResNet50) and applied them to a deep ensemble system,
which increased the performance to 87.9%. Recently, a
fuzzy rank-based deep ensemble based on a combina-
tion of Xception, InceptionResNetV2, and MobileNetV2
and having the highest recorded accuracy of 89.3, was
presented by Halder A. et al. (2025). These findings sug-
gest that a wide variety of model fusion and smart deci-
sion aggregation have a considerable positive impact on
the classification in the analysis of dermoscopic images.

3.5 Qualitative Prediction Analysis

Figure 14 shows a representative test image that is right-
fully diagnosed with Basal Cell Carcinoma (BCC). A pos-
terior probability of the BCC class in the model (0.825) is
significantly higher than the probabilities of the clinically
similar classes, including Melanoma (0.0297) and Benign
Nevus (0.0628), thus demonstrating a robust discrimina-
tive performance of the model.

4 Conclusion and Future Work
This paper proposed a strong and explainable deep
learning model of automated multiclass skin lesion
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Figure 9. Confusion Matrix of Proposed Ensemble Model

ComyNeXe-Tiny Training

Figure 10. Training accuracy and loss of ConvNext-Tiny Model

classification based on dermoscopic pictures of the
HAM10000 dataset. The proposed approach, through
the combined use of three complementary convolutional
architectures, such as ConvNeXt-Tiny, EfficientNetV2-S,
and MobileNetV3-Large, successfully reduced the major
issues in the analysis of dermatological images, such as
extreme bias in classes, high similarity between them,
scarcity of data, and the necessity to interpret the results
clinically.

The sampling strategy was designed to provide
the same representation of the classes in the training
without depending on the synthetic oversampling or
loss reweighting mechanism, and maintain the natural
distribution of the lesion features. Data augmentation
on the Albumentations was done selectively to further
generalization and decrease overfitting. Ensemble-
based fusion at the probability level tapped into the
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Figure 11. Training accuracy and loss of EfficientnetV2-S
Model

Mabilehietv3.Large Training

Figure 12. Training accuracy and loss of MobileNetV3-Large
Model

complementary ability of the separate models leading to
more robustness, as well as improved macro-averaged
performance, especially of underrepresented lesion
classes. The experimental findings proved that the
hybrid ensemble obtained the best overall test accuracy
and macro F1-score than individual backbone models.

Besides quantitative performance improvements,
stable and clinically significant explanations of model
predictions were also obtained through incorporation
of SmoothGrad-based ensemble saliency visualization.
The collective explanations were always restricted to
the areas of the lesion that were diagnostically relevant
(like: pigmentation patterns, pigmentation borders, and
vascular structures), whereas other background artifacts
were suppressed. This interpretability is vital in terms of
clinical acceptance and helps to deploy the suggested
framework as a decision-support tool in practice in
dermatology.

In general, the suggested system provides a de-
sirable accuracy, robustness, interpretability, and
computational efficiency ratio, which can be deployed
to low-resource clinical settings and may be used in
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Figure 13. SmoothGradCam showing explainabilty of models
on the affected area

Table 2. Accuracies Comparison with Previous Studies

Ref.
[22]

Year Model

2024 Multi-CNN

Ensemble
2024 VGG16

Inc.-V3
ResNet50

Ens.
2025 Xception

+ IncRes-
NetV2 + Mo-
bileNetV2

Fuzzy Ens.
Proposed 2025 ConvNeXt-T

+ EffNetV2-
S + Mo-
bileNetV3
Ens.

Acc. (%)
86.2

[23] +

+

87.9

[24] 88.9

89.7

possible mobile or edge-Al screening services. Even
though the findings may be promising, there are still
a number of future research directions. First, it might
be further improved by adding explicit lesion seg-
mentation or attention-based mechanisms that would
better distinguish between similarly looking lesions, e.g.
melanoma and benign keratosis-like lesions. Second,
the framework could be expanded to incorporate clinical
metadata (e.g. the age of a patient, the placement of his
or her lesions, or the medical history) and theoretically
a greater number of factors could be used to boost the
accuracy of diagnosis and its relevance.

There is also the possibility that future research
can develop hybrid CNN-transformer networks to have
enhanced power to capture long-range contextual
dependencies without compromising the computational
efficiency. Furthermore, it would be beneficial to test
the suggested framework on bigger and more hetero-
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Figure 14. Qualitative Prediction Analysis

geneous multi-center datasets to determine how it can
be applied to other populations and imaging cases
in general. Deployment wise, additional optimization
of real-time inference and validation in prospective
clinical studies would be the next steps leading to
real-world implementation. Lastly, further develop-
ment of explainability and uncertainty estimation and
clinician-in-the-loop evaluation may contribute to the im-
provement of trust and usability, thus facilitating reliable
and transparent Al-assisted dermatologic diagnosis.
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