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Abstract. Skin cancer represents one-third of all globally diagnosed cancers.
Despite its generally low mortality rate, late diagnosis remains a significant
cause of complications. To mitigate such risks, Computer-Aided Diagnosis
(CAD) systems have been developed to provide more accessible and timely di-
agnostic methods. While the CAD field has demonstrated considerable promise,
most existing systems rely on a single image of the lesion, and the impact of
using multiple images has not been extensively studied. This work aims to in-
vestigate how incorporating multiple images affects the efficiency and accuracy
of CAD systems. Specifically, we evaluate the performance of three different
deep learning models integrated into a stacking-like strategy that processes mul-
tiple image inputs. Notably, we achieved a 6% increase in balanced accuracy,
without adding significant training or testing burdens to the existing models.

Resumo. O cancer de pele representa um terco de todos os canceres diagnosti-
cados globalmente. Embora tenha uma taxa de mortalidade geralmente baixa,
o diagndstico tardio continua sendo o principal fator para complicagées. Para
mitigar esses riscos, sistemas de Diagndstico Assistido por Computador (CAD)
vem sendo desenvolvidos para fornecer métodos de diagnostico mais acessiveis
e oportunos. Embora os CADs vem desmostrando resultados consistentes, a
maioria dos sistemas existentes se baseia em uma tnica imagem da lesdo, e
o impacto do uso de miiltiplas imagens de uma mesma lesdo ndo vem sendo
estudado. Este trabalho visa investigar como a incorporagdo de miiltiplas im-
agens afeta a eficiéncia e a precisdo dos sistemas de CAD. Especificamente,
foi avaliado o desempenho de trés diferentes modelos de aprendizado profundo
integrados em uma estratégia de stacking que processa miiltiplas entradas de
imagem de uma mesma lesdo. De maneira geral, foi observado aumento de
até 6% na acurdcia balanceada, sem adicionar processamento significativos de
treinamento ou de teste aos modelos existentes.

1. Introduction

Skin cancer is a worldwide health problem, being one of the most prevalent types of
cancer globally [WHO 2025]. In Brazil, it accounts for approximately 31.2% of all cancer
cases [INCA 2023]. Early diagnosis significantly improves prognosis; however, accurate
identification of malignant lesions remains challenging, particularly in remote/rural areas
where access to experts is limited [Feng et al. 2018]. Also, in emerging countries such as
Brazil, the limited availability of medical instruments makes accurate diagnosis even more



difficult. In this sense, the development of Computer Aided Diagnosis (CAD) systems is
well desired to assist in skin cancer detection.

Over the past few years, CADs based on deep learning have been achieving
promising results on skin cancer classification [Tuncer et al. 2024, Kumar et al. 2024,
Cui et al. 2023, Pacheco and Krohling 2021, Celebi et al. 2019, Brinker et al. 2018].
Most of the proposed methods use only an image of the lesion to provide the diagnosis.
There are models that rely on dermoscopic images [Sinz et al. 2017], while others use
only clinical images [Magsood and Damasevicius 2023, Pacheco and Krohling 2020a].
Some models also incorporate medical anamneses along with the images to improve di-
agnosis [Pacheco and Krohling 2021, Pacheco and Krohling 2020b, Li et al. 2020]. Re-
gardless of the image type, the majority of the proposed models provide a diagnosis based
on a single image sample per lesion.

When dermatologists assess skin lesions, they typically examine the lesion from
multiple angles and light conditions to obtain a more comprehensive evaluation. This
observation suggests that CAD systems could benefit from using multiple images of
the same lesion, rather than relying on a single image, to improve diagnostic accuracy.
In fact, some studies have reported using multiple images of skin lesions for classifi-
cation purposes [Tanaka et al. 2021, Liu et al. 2020, Chen et al. 2016]. However, these
works lack detailed explanations regarding model design and do not provide comparative
metrics between using multiple images and single-image approaches. For example, in
[Liu et al. 2020], the authors disclose that their model may accept up to six images as
input. However, they do not provide details on how the model processes these images,
whether it can operate with a single image, nor present experiments evaluating the perfor-
mance based on varying the number of input images. The absence of such analysis may
hinder the understanding of the impact of multiple image inputs on the performance of
deep learning models. Although the improvement of results when using more images per
analysis is expected, the magnitude of such improvement is still underreported in current
literature.

This work aims to perform a quantitative evaluation to assess the impact of us-
ing multiple images of the same skin lesion in a deep learning model. Specifically, we
investigate if incorporating additional views of the lesion improves classification perfor-
mance at a considerable rate. To achieve this, we employ Convolutional Neural Networks
(CNNs), common in the field of skin lesion CAD systems, to analise the multiple views
of the lesion, leveraging their capacity to extract intricate patterns from medical images.
By systematically evaluating the model with varying numbers of input images, we aim to
provide insights into the benefits of multi-image approaches for skin cancer diagnosis.

The remainder of this paper is organized as follows: Section 2 details the data used
in this research, including its quantity, source, distribution, and the partitioning methods
applied. Section 3 introduces the system developed for model comparison and analysis,
describing the training process and performance evaluation with and without the multi-
input approach. In Section 4, we present the results obtained from these evaluations,
along with a statistical analysis of the data. Section 5 presents the discussion surround-
ing the results presented in the previous section. Finally, in Section 6, we conclude the
experiment’s findings and discuss potential directions for future research.
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Figure 1. An example for each type of skin disorder present in PAD-UFES-20+
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Figure 2. An example for each type of skin disorder present in ISIC-19 dataset

2. Data

In this work, we employ two different datasets of skin lesions: PAD-UFES-20+ and
ISIC-19. An expansion of PAD-UFES-20 [Pacheco et al. 2020], the PAD-UFES-20+ is
a database composed of clinical skin lesions, along with the respective clinical informa-
tion. The dataset contains 15,112 clinical images, of a total 5,589 patients, collected from
smartphone devices, comprising 21 patient clinical features such as age, gender, anatom-
ical region, cancer history, skin prototype, among others, and six different skin disor-
ders, Basal Cell Carcinoma (BCC), Squamous Cell Carcinoma (SCC), Actinic Keratosis
(ACK), Seborrheic Keratosis (SEK), Melanoma (MEL), and Nevus (NEV).

The ISIC-19 Challenge dataset [Tschandletal. 2018, Codella et al. 2017,
Hernandez-Pérez et al. 2024] is widely used in the current literature for skin lesion di-
agnosis. The diagnosis present in ISIC-19 that exceeds PAD-UFES-20+ are Vascular
Lesions (VASC) and Dermatofibroma (DF), both labels combined total less than 2% of
the images avaliable in the dataset.

Table 2 shows the diagnostic distribution of all datasets, and Figures 1 and 2
present an example of each type of skin disorder present on each dataset. While the
datasets share some of its diagnostic labels, the type of image collected in both are differ-
ent, PAD-UFES-20+ presents clinical images, and ISIC-19 presents dermatoscopic im-
ages.

All employed datasets provide skin lesion evaluations with multiple images per
lesion for some samples. To analyze the impact of multiple images on diagnosis, lesions



Label PAD-UFES-20+ ISIC-19

ACK 8400 867
BCC 3042 3323
MEL 346 4522
NEV 253 12875
SCC 2282 628
SEK 689 2624
VASC - 253
DF - 239
Total 15112 25331

Table 1. Diagnostic distribution per images in each dataset

with more than one image were isolated from the main dataset, enabling model evaluation
after training, as shown in Table 2. As a result, PAD-UFES-20+ contains 12,521 lesions
with a single image and 660 lesions with at least two images, while ISIC-19 includes
8,872 single-image lesions and 3,393 with two or more images. The existence of lesions
with a single image and others with multiple reflects the reality in witch the colletion
process finds itself, this variability shows the value of a system capable of processing
both use cases.

No. of Lesions
PAD-UFES-20+ | ISIC-19
1 12,521 8,872
2 plus 660 3393

No. of Images

Table 2. The number of lesions containing a single image or at least two image
samples.

3. Methodology

As previously mentioned, the main goal of this work is to quantitatively evaluate the
impact of using multiple images of the same lesion in the classification of skin lesions
using deep neural networks. To do so, we design the following experiment protocol:

* We employed three well-known Convolutional Neural Network (CNN) ar-
chitectures:  ResNet-50, ResNet-101 [He et al. 2016], and MobileNetV2
[Sandler et al. 2018] to classify skin lesions. These architectures were selected
because they are widely used in the literature and have shown good performance in
the classification of skin lesions [Souza et al. 2024, Pacheco and Krohling 2021].
All three models were pre-trained on the ImageNet dataset [Deng et al. 2009] and
then fine-tuned on each employed dataset using samples with a single image of
each lesion.

* An ensemble stacking-like strategy [Pavlyshenko 2018] was employed for each
model, during the inference phase, to classify skin lesions using multiple images
of the same lesion. Next, we compare the results using only a single image of each
lesion with the results using multiple images of the same lesion.



Each CNN architecture was fine-tuned for each dataset using the samples with a
single image of each lesion, described in Table 2, the lesions with multiple images used
in the next stage of this study were not used in this tunning phase. We employed a 5-
fold cross-validation strategy, stratified by lesion frequency and patient. The models were
trained separately, the ISIC-19 tested model was trained' using the SGD optimizer with
a learning rate of 0.0001, momentum of 0.9, and weight decay of 0.01. For ISIC-19,
the learning rate was reduced by a factor of 0.1 if no improvement was observed for 10
consecutive epochs, with early stopping triggered if this pattern persisted for 15 epochs.
For PAD-UFES-20+, these thresholds were set to 5 and 7 epochs, respectively. To ad-
dress class imbalance in the dataset, we used a weighted cross-entropy loss function, with
weights assigned based on label frequencies. All images were resized to 224 x 224, and
data augmentation was performed using common image transformations, including hori-
zontal and vertical flips, brightness, contrast, and saturation adjustments, image scaling,
and random noise addition [Pacheco and Krohling 2020a, Gessert et al. 2020].

Figure 3 illustrates the stacking-like strategy employed in this work. This ap-
proach involves the use of multiple images of one skin lesion. Formally, let us consider
a sample with multiple images as X = {xj,...,X;}, where k represent the number of
images for a single lesion. Each image is processed by a CNN model, producing a set of
predictions Y = {§1,...9.}:

Y = CNN(X) = §;, = CNN(x;) (1)

with Y € R**™_where n is the number of classification labels present in the dataset. In
other words, each label n of each image k is associated with a prediction probability (7¥).
Next, we aggregate all prediction probabilities associated to the same image k as follows:

k
o=yt 2)
=0

As such, we have the aggregated predictions considering all k£ image samples (y =
{¥1,.-.,Un}). The final prediction (ysna) is computed according to the following equa-
tion:

Ufinal = argmax o(y) 3)

n

where () is the softmax function computed as o(y;) = Ekeyieyj. This straightforward
j=1

yet effective strategy enables the model to take into account any number of images of the
same lesion for classification.

4. Experimental Evaluation

In this section, we present the results of the different CNN architectures using the
stacking-like strategy. We compare the results obtained using only a single image of

'All models were implemented using PyTorch, and the code will be made publicly available after the
review phase.
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Figure 3. The schematic of the stacking strategy pipeline used to evaluate multi-

ple images per lesion in the classification of skin lesions using CNNs

Model Input ACC BACC F1 AUC
MobileNet Single | 0.684 £0.015 0.670 £ 0.013 0.696 £ 0.014 0.803 £ 0.008
Multi | 0.724 £ 0.011 0.687 £0.011 0.738 £0.010 0.815 £ 0.006
Resnet50 Singl‘e 0.655 £ 0.017 0.635 £0.014 0.670 £0.017 0.782 £ 0.008
Multi | 0.714 £ 0.008 0.695 £0.013 0.726 £ 0.008 0.818 £ 0.007
Resnet101 Singlhe 0.686 + 0.012 0.674 +£0.023 0.698 £0.010 0.805 + 0.013
Multi | 0.728 £0.017 0.689 £ 0.008 0.738 £+ 0.013 0.816 £ 0.006

Table 3. Performance of the CNN models for the PAD-UFES-20+ dataset using a
single and multiple images of the same skin lesion

each lesion with the results obtained using multiple images of the same lesion, as seen
in Table 3 for the PAD-UFES-20+, and Table 4 for the ISIC-19. The data used as the
single image portion of tests is part of the multiple images set, in order to make a precise
comparision between the methods. To measure the performance, we computed the aver-
age and standard deviation of the following metrics: accuracy (ACC), balanced accuracy
(BACC), Fl-score (F1) and the aggregated area under the curve (AUC). As the dataset
is imbalanced, we consider BACC as the main metric [Gessert et al. 2020]. We also per-
formed a statistical analysis using the Wilcoxon signed-rank test with a significance level
of 0.05 [Derrac et al. 2011] to compare the results obtained using a single image of each
lesion with the results obtained using multiple images of the same lesion. The result for
the statistical test is presented in Table 5.

As we may observe, the results for the three CNN architectures show that em-

Model Input ACC BACC F1 AUC
MobileNet Singl.e 0.653 £0.011 0.588 +0.022 0.660 £ 0.011 0.767 = 0.012
Multi | 0.704 £ 0.007 0.631 +£0.025 0.708 = 0.007 0.792 £ 0.013
Resnet50 Single | 0.675 £0.015 0.575 £0.024 0.678 &£ 0.015 0.762 £ 0.013
Multi | 0.716 £0.016 0.605 +0.040 0.716 £+ 0.014 0.780 £ 0.021
Resnet101 Single | 0.674 £ 0.022 0.605 £ 0.010 0.676 = 0.021 0.776 +£ 0.007
Multi | 0.723 £0.016 0.639 £0.024 0.722 +0.019 0,797 £0.013

Table 4. Performance of the CNN models for the ISIC-19 dataset using a single
and multiple images of the same skin lesion



pvalue
Model PAD-UFES-20+ ISIC-19

MobileNetV2 ~ 10~% ~ 10708
Resnet50 ~ 10731 ~ 10704
Resnet101 ~ 10716 ~ 10704

Table 5. The result of the Wilcoxon pairwise test for all models. Each comparison
pair is given by the model using a single and multiple images of the same skin
lesion
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Figure 4. The confusion matrix for each type of input, considering the Mo-
bileNetV2 model

ploying multiple images of the same lesion slightly improves all classification metrics
for all models, varying marginally between datasets. The balanced accuracy increases
approximately 3% for the models regarding the ISIC-19 dataset and, in the best case of
PAD-UFES-20+, we observe an improvement of 6%. This analysis is on pair with the re-
sults of the statistical tests, which show that the differences between the results obtained
using a single image of each lesion and multiple images of the same lesion are statistically
significant in all cases.

Figure 4 presents the confusion matrix for each input type using the MobileNetV?2
architecture. The matrices show that employing multiple images of the same lesion im-
proves diagnostic accuracy across all classes, except for melanoma. This is a concern-
ing result, since melanoma is the deadliest type of skin cancer. This outcome may be
attributed to the limited number of melanoma samples in the dataset; hence, any misclas-
sification of a melanoma sample significantly impacts the overall performance. Nonethe-
less, the results suggest that, in some cases, incorporating additional images of the same
lesion can lead to mistakes in the classification process.

Lastly, Figure 5 illustrates an example of the variation in prediction probabilities
when the model is fed with single and multiple images of the same lesion. In this example,
the MobileNetV2 model classifies the skin lesion as BCC with a 45.9% probability when
using a single image. When two images are used, the probability increases to 68.1%, and
with three images, it reaches 98.6%. This example demonstrates how the model’s confi-
dence improves as more images of the same lesion are supplied. Thus, this experiment



(a) 45.9% probability of a BCC (b) 68.1% probability of BCC (c) 98.6% probability of BCC
using a) and b) using a), b), and c)

Figure 5. An illustration showing the variation in prediction probabilities when
the MobileNetV2 model is provided with one (a), two (b), and three (c) images of
the same skin lesion

shows that the use of multiple images may also lead to a more confident classification,
which may be useful in clinical practice.

5. Discussion

Regarding the benefits of the method, one can observe its improvements, once the behav-
ior could be maintained regardless of its backbone or dataset. The bigger the amount of
images presented of the same lesion, the preciser the prediction, as presented in Figure 5.
One of our method’s benefits is its implementation that does not require additional cost
or extension in the CNN architectures we employ. The major difference we propose is
the introduction of multiple samples in the input, keeping the trivial architecture of the
CNN models to be trained and further evaluated. Hence, in terms of model size, our
method does not present any harming effect to any architecture do be used, facilitating its
implementation to a wide range of different backbones.

As Tables 3 and 4 depict, the use of multiple images indeed enhances the correct
classification of skin lesions not only in absolute values but in statistical terms, as shown
by the Wilcoxon statistical evaluation presented in Table 5, the use of multiple images not
only statistically improved the correct classification of skin lesion, but also suggests im-
provements in the classifier confidence since more instances of the same lesions are used
during the inference task. Indeed, this process of multiple instances being used refines the
capability of the classifier to understand and extract patterns of the current lesion being
classified. Figure 5 clearly highlights this process, where different images of the same
lesions make the generalization of features more robust to changes in illumination and
angulation when extracting and learning patterns of skin lesions.

In principle, the inference of samples based on multiple images should enhance
the correct classification and also the confidence related to the classification itself since
more are used and the same classification of multiple samples corroborates such decision.
In fact, we understand that, according to the quality and aspect of the different samples
from the same lesion, different classification outcomes could confuse the final and cor-
rect prediction. We address such limitation in our method, understanding its dependence
on high-quality samples for the inference input set. Even considering that, when high-



quality samples are used in inference time, the classification confidence is improved in
computational and clinical terms.

Finally, we address one more limitation in our method: the necessity of multiple
samples for the inference. Not every dataset presents more than one sample for the same
subject, and such a lack may represent a bottleneck of our approach. Nonetheless, we still
defend our method, leveraging the CNN model generalization capability without adding
extra layers or transformations to its architecture, in a design that makes the final skin
lesion class decision more robust and trustworthy since it is based on multiple instances
of the same evaluated lesion.

6. Conclusions

In this work, we evaluated the impact of employing multiple images of the same lesion on
the performance of deep learning models for skin lesion classification. Our experiments,
conducted using the PAD-UFES-20+ and ISIC-19 datasets and three well-known CNN
architectures (MobileNetV2, ResNet-50, and ResNet-101), demonstrated that incorporat-
ing multiple images leads to a consistent, improvement in classification metrics for all
models. Also, employing multiple images contributed to a more confident classification,
as demonstrated by the increase in prediction probabilities, which may be useful in clini-
cal practice. On the other hand, our analysis also highlighted potential limitation, as seen
in the case of melanoma classification, where additional images did not consistently im-
prove diagnostic performance. Overall, our findings suggest that using multiple images
may enhance the confidence and accuracy of skin lesion classification models up to 6%
in balanced accuracy. This improvement could be beneficial in clinical settings, where
confident diagnoses are important. Future research should focus on optimizing models to
fully exploit the benefits of multi-image inputs, especially for underrepresented classes
such as melanoma, datasets, and explore other aggregation methods.  Also, including
the use of multiple images in the models’ training process, ensuring that the previously
considered redundant data can be used at its full potential.
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