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ABSTRACT Convolutional Neural Networks (CNNs) have become indispensable tools in skin cancer
classification, aiding clinical experts to achieve earlier and more accurate diagnoses, improving treatment
outcomes, and driving advancements in medical research. Despite their pivotal role, the most popular
CNN architecture families exhibit a critical issue related to the distribution and quantity of available
data, potentially compromising their performance and generalization abilities. This challenge is commonly
overlooked inmost skin lesion classification papers, whichmainly rely onweighted classification techniques.
Directly using appropriately dataset balancing or Transfer Learning (TL) methods, as suggested in recent
studies, has the potential to deliver more satisfactory results, providing a more effective approach to
addressing this issue. In the effort to tackle this problem, we provide a comprehensive quantitative
evaluation aimed at identifying the most critical new emerging computational aspects and the related
effective techniques. Specifically, we propose twelve Computational Models (CMs) based on four prominent
CNN models with increasing structural complexity. We assess their effectiveness in both pretrained and
unpretrained versions, incorporating TL strategies as well. Our experiments focus on the ISIC 2018 image
dataset, a benchmark widely recognized for its extensive application in skin cancer research yet challenged
by significant class imbalance issues. To mitigate this, we also randomly extracted a balanced image subset
from ISIC 2018 for evaluation purposes. The experimental results, regarding four different scenarios, provide
valuable insights into the design and utilization of CNNs for skin lesion classification, laying the groundwork
for further investigations.

INDEX TERMS Balanced image dataset, convolutional neural network, dermoscopic image, skin lesion
classification, transfer learning, unbalanced image dataset.

I. INTRODUCTION
Convolutional Neural Networks (CNNs) have proven to be
an indispensable tool in the fight against cancer [1], [2], [3]
and in many other applicative fields [4], [5], [6], [7], [8].
In particular, CNNs excel at analyzing large image datasets
to classify suspicious skin patterns and assist dermatologists
at every main stage of the oncological journey, from early
diagnosis to treatment. Furthermore, CNNs play a pivotal
role in advancing research since they aid in a deeper
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understanding of the skin’s biological aspects and potential
therapeutic targets [9], [10], [11].

The main CNN architectures [12] used for skin can-
cer classification stem from VGGNet [13], Inception-
Net [14], MobileNet [15], ResNet [16], EfficientNet [17]
and DenseNet [18] family. These architectures, coupled
with appropriate modifications and integration with other
computational models, have yielded promising outcomes
and driven notable progress in skin lesion classification.
Nevertheless, their application remains challenging due to
numerous unresolved issues that can significantly compro-
mise the CNNs’ performance.
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The main challenges can be divided into two categories.
The first pertains to the quality of the processed images,
here abbreviated as the ‘‘IQ issue’’. The second is associated
with the distribution/quantity of images to be processed,
shortly indicated as the ‘‘ID issue’’. These issues also
have a prominent role in other tasks related to skin lesion
studies, such as color quantization [19], [20], [21], [22] and
segmentation [23], [24], [25].

In ‘‘IQ issue’’category, visual fidelity [26], [27], [28] may
be compromised by artifacts resulting from the removal of
skin hair, imperfections in the imaging process, or inadequate
resolution, all of which can either highlight or obscure
crucial details. Artifacts are typically managed through pre-
processing techniques aimed at their removal [29], [30], [31],
[32] before feeding image data into CNNs. Alternatively,
Data Augmentation (DA) methods, such as rotation, scaling,
and noise addition, are employed to mitigate the impact of
artifacts during training and improve the model’s robustness
in handling them [33], [34]. The strategy primarily used
to mitigate the effects of image resolution encompasses
appropriate image resizing techniques [35], [36], [37], [38],
and/or specialized architectures tailored to handle diverse
resolutions effectively [39], [40], [41].
In ‘‘ID issue’’category, data distribution significantly

impacts the lesion classification process since an unbalanced
distribution in the initial dataset can induce the classifier to
be biased towards the particular class holding more samples,
causing overfitting problems [9], [42], [43]. Moreover, the
data quantity also influences the lesion classification process
since a limited dataset can also lead to limitations in the
generalization process, thus affecting the performance of
the CNN [1], [9]. The consequences of an inadequate data
distribution/quantity are usually overlooked in most papers,
primarily focused on identifying specific architectures and
providing their results on unbalanced limited datasets [44].
Typically, the performance of CNN is evaluated without
considering the ID issue or simply trying to consider this
disparity in number and distribution by using weighted
classification criteria. Moreover, most comparative studies
of the main CNN architectures for skin lesion classification
disregard the ID issue.

In the alternative, when the issue is considered, a few
recent papers propose computational techniques to address
it. Specifically, DA methods are employed to address the ID
issue by generating variations of under-represented images,
thereby increasing the overall dataset size and achieving a
more balanced class distribution. Transfer Learning (TL)
techniques are considered well-suited for addressing data
distribution challenges within the class imbalance issue,
as they leverage knowledge gained from a larger source
dataset to improve model performance by adapting it to the
target data [45], [46], [47], [48], [49], [50]. In particular,
in the context of CNNs, TL involves using a ‘‘pretrained CNN
model’’ so-called since it has been trained on a large dataset,
often ImageNet [51]. Then, the pretrained CNN model is
fine-tuned on a smaller dataset for a different but related

task [52], [53], [54]. Beyond delivering more reliable results,
TL techniques also alleviate the need to train a model from
scratch, significantly reducing the required computational
time and resources. However, TL approaches often overlook
the use of balanced datasets, which are rarely considered and
employed [47], [48], [55], [56].

In this paper, we focus on the ID open issue, with new
computational aspects emerging, referring back to the IQ
issue for future investigations. In particular, we aim to
identify the most critical new emerging ID computational
aspects and the related effective techniques.

To accomplish this, we conduct a comprehensive quantita-
tive and statistical evaluation by introducing twelve Compu-
tational Models (CMs) of increasing structural complexity.
These CMS are inspired by the aforementioned leading
CNN model families, which serve as base Classification
Models (bCMs). For each CM, we define both pretrained and
unpretrained configurations. In the pretrained configurations,
we employ a TL approach, where the base Classification
Models (bCMs) are frozen.

As a dataset, we use ISIC 2018 [57], which is widely
used in the literature [58], despite its significant imbalance.
Since one of our primary objectives is to assess the CMS’
performance both on balanced and unbalanced datasets,
we apply a classical balancing technique. Specifically,
we extract two datasets with the same total image number
from ISIC 2018: one created by randomly selecting images
from the various classes, and the other constructed by
applying a balancing technique to ensure each class is equally
represented. Then, we quantitatively and statistically evaluate
and compare the CNNs’ performance across four distinct
scenarios: 1. Pretrained CMs on an unbalanced dataset; 2.
Pretrained CMs on a balanced dataset; 3. Unpretrained CMs
on an unbalanced dataset; 4. Unpretrained CMs on a balanced
dataset.

This evaluative analysis provides valuable insights regard-
ing the favorable scenarios, the reference CMs, the practical
implications and improvement strategies (see the end of
Section IV). Our findings could guide future developments
in the design and application of CNNs for skin lesion classi-
fication, serving as a foundation for further investigation.

The remainder of the paper is organized as follows.
Section II provides a detailed description of the materials
and the methodology, including the CMs employed in the
experimental phase. Section III and Section IV present
the quantitative and statistical evaluation of the CMs’
performance across all scenarios and our interpretation of
the experimental results, respectively. Finally, Section V
concludes the paper.

II. MATERIALS AND METHODOLOGY
This section outlines the evaluative analysis by sequen-
tially describing the (un)balanced image datasets (see
Subsection II-A); the designed CMs employed in the experi-
mental phase (see Subsection II-B); the adopted evaluation
metrics (see Subsection II-C); the data preparation and
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preprocessing (see Subsection II-D); and the training process
of all CMs (see Subsection II-E).

A. UNBALANCED AND BALANCED IMAGE DATASETS
For the validation of the considered CMs, we use the
multi-class dermoscopic image dataset made available by
the International Skin Imaging Collaboration (ISIC) [59].
Specifically, we refer to the ISIC challenge dataset for 2018
[60], shortly indicated as ISIC 2018, which is widely used
for skin lesion classification tasks in many scientific papers.
The ISIC 2018 challenge includes three subtasks, focusing
on Lesion Segmentation (Task1), Lesion Attribute Detection
(Task2) and Disease Classification (Task3). We consider
the three image datasets released after the closure of the
ISIC Task3 Challenge. For clarity, we denote these datasets
as ISIC-Train, ISIC-Validate, and ISIC-Test to distinguish
them from the subsets defined below. All images, originating
from [57] and consequently from the ISIC Task 3 Challenge,
are provided in 8-bit RGB format with a resolution of
450 × 600 pixels. The images are distinct in 7 diag-
nostic classes (lesion types): AKIEC (Actinic Keratoses
IntraEpithelial Carcinoma); BCC (Basal Cell Carcinoma);
BKL (Benign Keratosis Lesion); DF (DermatoFibroma);
MEL (Melanoma); NV (Melanocytic Nevi); VASC (Vascular
Lesion) and distributed according to Table 1. Image data are
accompanied by a metadata file containing the descriptive
information for each lesion image, such as the age, the gender,
the location, the lesion class, and so on. From Table 1 and
the diagram reported in Figure 1 a), it is apparent that these
classes are not equally distributed: most of the images belong
to the class NV, while the classes AKIEC, BCC, DF, and
VASC are the least populated.

Due to the imbalance of the ISIC 2018 (and ISIC
Task 3 Challenge) dataset, we performed a data balancing
operation. This enables us to evaluate the performance of
each CM on a balanced dataset, providing insights into the
differences compared to results obtained from the unbalanced
dataset.

TABLE 1. Diagnostic classes with the corresponding image number for
each ISIC Task 3 Challenge subset.

Data balancing can be obtained by operating both at
the ‘‘data level’’, i.e., changing the training set and its
distribution, and at the ‘‘method level’’, i.e., by keeping
the dataset unchanged and adjusting the inference criteria
for classification [43]. We use a ‘‘data level’’ balancing
method and avoid a method-level balancing, even partially,
to prevent the evaluative analysis from depending on the

type of chosen balancing method. The ‘‘data level’’ balancing
can be performed through oversampling or undersampling
operations. According to oversampling, randomly selected
images from minority classes are suitably replicated and
augmented to reach the same number of instances in each
class. As opposed to oversampling, images are removed
randomly from the majority class until all classes have the
same number of samples when an undersampling technique
is applied. There is some evidence that, in our case,
undersampling is preferable to oversampling [43] even if a
portion of available data is discarded. The main motivation
is that the evaluation of the CMs’ performance is not
influenced by any preventive augmentation strategies aimed
at addressing the issue of data imbalance.

Hence, we focus solely on images of ISICTask 3Challenge
belonging to classes with the highest population indices,
i.e., MEL (with 1305 images), 2. NV (with 7737 images),
3. BKL (with 1338 images) for a total of 10380 images.
We indicate this dataset as sISIC 2018. This restriction
results in a negligible reduction in the volume of input data,
with approximately 88% of the data remaining available.
Moreover, the diagnostic class distribution is such that we
have to drastically reduce the number of input images to
perform data balancing. Consequently, we have restricted
ourselves to considering a dataset with 3000 images, reducing
the dataset to about 30%. This drastic reduction in the number
of images does not compromise the result’s reliability.
However, this reduction can affect the classification rate,
potentially leading to a lower rate than using the same model
on the entire dataset.

TABLE 2. Diagnostic classes with the corresponding image number for
UDS subset.

TABLE 3. Diagnostic classes with the corresponding image number for
BDS subset.

Following the consolidated choice of 70, 20, and 10 per-
cent, we divided the input dataset of 3000 images randomly
selected from sISIC 2018 into training, validation, and test
sets comprising 2100, 600, and 300 images, respectively.
The training and validation sets are used during the learning
phase, while the test set is reserved for evaluating the CMs’
performance.
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FIGURE 1. Image class distribution of each dataset.

In the unbalanced case, images for each set (training,
validation, test) are randomly selected based on the above-
mentioned quantities, without considering class membership.
We refer to this dataset as Unbalanced DataSet, shortly
indicated as UDS, with its subsets named UDS-Training,
UDS-Validation, and UDS-Test, corresponding to the train-
ing, validation, and test sets. The class distribution of UDS
is shown in Table 2 and Figure 1 b). As expected, UDS
contains a higher proportion of images classified as NV
due to the initial distribution of the sISIC 2018 dataset.
Nonetheless, the less represented classes (BKL and MEL)
maintain proportions consistent with those in the original
dataset.

In the balanced case, images for each set (training, valida-
tion, and test) are randomly selected from sISIC 2018 based
on the above quantities, ensuring equal partitioning across
classes. Specifically, for each set, we randomly select 700 ×

3 = 2,100 images for training, 200 × 3 = 600 images for
validation, and 100 × 3 = 300 images for testing. We refer
to this dataset as the Balanced DataSet (BDS), with its
subsets named BDS-Training, BDS-Validation, and BDS-
Test, corresponding to the training, validation, and test sets.
The class distribution of BDS is shown in Table 3 and
Figure 1c.

B. THE CLASSIFICATION MODELS
As already stated, CNNs are highly effective tools, especially
for feature extraction and image classification within the
intricate landscape of deep learning architectures [61].
Among pretrained architectures, notable models such as
DenseNet121 [18], InceptionV3 [62], MobileNet [15],
and VGG16 [63] have gained significant popularity due
to their robust performance in skin lesion classification.
DenseNet121 is part of the DenseNet family, which also
includes variants like DenseNet169 and DenseNet201,
offering different trade-offs between model depth and
computational efficiency. Similarly, InceptionV3 belongs
to the Inception family — building on earlier versions
such as InceptionV1 and InceptionV2 and evolving into
more advanced forms like InceptionV4 and Inception-ResNet
— thereby providing a versatile framework for complex
image classification tasks. Additionally, VGG16 is among
several models in the VGG family, comprising variants

such as VGG11, VGG13, and VGG19. These models, here
already shortly indicated as bCMs, have been trained on
an extensive dataset of over a million images from the
ImageNet Large-Scale Visual Recognition Challenge [64]
and are readily accessible as pretrained models.

The proposed CMs are generated in the following way. For
each bCM, we append an ‘‘output layer’’ using the softmax
activation function to produce a probability distribution
and generate classifications across three classes. In this
way, we generate four CMs labeled with the name of the
corresponding bCM followed by an acronym indicating
version V0. For instance, the CM based on DenseNet121 in
version V0 is denoted as DenseNet121 V0.

To explore more complex versions, we developed other
CMs using standard strategies [47], [48], starting from the
bCMs to suit the specific target task. Specifically, before the
already ‘‘output layer’’ inserted in V0, we add new layers,
creating other two versions labeled as V1 and V2.

Indeed, the CMs in the V1 and V2 versions are obtained
by a) the addition of dense layers to enable the model to
learn complex relationships among the extracted features
and leverage them effectively; b) the inclusion of dropout
layers to improve robustness against overfitting, albeit at the
cost of slower training. In particular, for the V1 versions, a
256-unit dense layer followed by a 50% dropout and a 64-
unit dense layer is added to the corresponding bCMs before
the softmax activation function. For the V2 versions, the
corresponding bCMs are modified with a sequence of layers
applied before the softmax activation function, as follows:
a 256-unit dense layer followed by a 50% dropout, a 128-
unit dense layer followed by a 50% dropout, a 64-unit
dense layer followed by a 50% dropout, and finally, a 32-
unit dense layer. Similarly, for the V1 and V2 versions,
we distinguish the CMs by appending the version to the
name of the corresponding bCM. For instance, DenseNet121
V1 refers to the CM based on DenseNet121 in version V1.
The overall structure of the CMs, grouped by version and
illustrating all layers and dropout configurations, is presented
in Figure 2. The activation function ReLU is used for each
CM, and both pretrained and unpretrained configurations are
created, as previously stated. In particular, in the pretrained
configuration, a fine-tuning technique is employed, freezing
the corresponding bCM. A summary of the structure of the
CMs is provided in Table 4.
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FIGURE 2. The Classification Models (CMs).

Table 5 summarizes the parameters of the CMs, where
TP denotes the total parameters, TTP the total trainable
parameters, and NTP the total non-trainable parameters,
which remain constant for both pretrained and unpretrained
CMs. Additionally, PTL (UTL) indicates the total trainable
layers for the pretrained (unpretrained) CMs. The table also
includes the number of Giga Floating Point Operations per
Second (GFLOPs) for each CM.

From these tables, it can be inferred that DenseNet121,
InceptionV3, MobileNet, and VGG16 exhibit a progressively
increasing total number of trainable parameters. This number
approximately doubles (or triples) when transitioning from
the V0 to the V1 version and remains essentially unchanged
when moving from V1 to V2.

The CMs are implemented using the Keras deep learning
framework (version 2.4.3), with Tensorflow (version 2.3.0)
serving as the backend. All experiments have been conducted
on a single workstation with an Intel Xeon Gold Core 6134
3.20 GHz CPU, 128 GB of RAM, and an NVIDIA Quadro
6000 with 24 GB of installed memory.

C. EVALUATION METRICS
The CMs’ performance is assessed in the following four
scenarios (defined also in I).

⇒ Scenario 1 (S1) - Pretrained CMs on UDS
✎ Scenario 2 (S2) - Pretrained CMs on BDS
⋄ Scenario 3 (S3) - Unpretrained CMs on UDS

➣ Scenario 4 (S4) - Unpretrained CMs on BDS
For each scenario, we quantitatively assess the CMs’

performance by metrics widely adopted in the literature.
Precisely, during the training phase, are employed the loss,
computed as categorical cross-entropy, and the accuracy A,
defined as:

A =
TP+ TN

TP+ FP+ TN + FN
(1)

where:

• TP = True Positive
• TN = True Negative

• FP = False Positive
• FN = False Negative

During the testing step, in the four scenarios, besides the
Accuracy (1), we compute the classical metrics: Precision
(P), True Positive Rate (TPR), also known as Recall (R), F1
Score (F1) and Mattews Correlation Coefficient (MCC).

P =
TP

TP+ FP
(2)

TPR = R =
TP

TP+ FN
(3)

F1 = 2 ×
P× R
P+ R

(4)

MCC =
TP× TN−FP× FN

√
(TP+ FP)(TP+ FN )(TN + FP)(TN + FN )

(5)

We also consider the confusion matrices (cms), as they
provide detailed insights into model performance by
identifying which classes are accurately distinguished or
often misclassified. This analysis is particularly valu-
able for understanding performance on the unbalanced
dataset.

Lastly, to comprehensively evaluate the model’s discrim-
inative capability, we also utilize the widely recognized
measure AUC (Area Under the Curve) - ROC (Receiver
Operating Characteristic). This measure, in addition to the
True Positive Rate (TPR), incorporates the computation of
the False Positive Rate (FPR):

FPR =
FP

FP+ TN
(6)

Since AUC-ROCwas originally defined for binary classifica-
tion, we use its multiclass classification extension, sensitive
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TABLE 4. Summary of the structure of the CMs.

to class imbalance, by computing it of each class against all
others.

We remark that all experimental measures (see Section III)
in this paper have been computed as average values using the
robust Keras libraries without sample weighting.

TABLE 5. Parameters, layers and GFLOP of the CMs model.

D. DATA PREPARATION AND PREPROCESSING
Due to the architecture of the CMs, every RGB image is
resized to 224 × 224 utilizing the bicubic interpolation
method. This ensures that the resulting performance meets
that is resulted to be an acceptable standard [38]. We also
adopt a common preprocessing step that normalizes the value
of each component pixel in the interval [0,1] before feeding
them into a CNN. This preprocessing helps in improving the
computation and stability of the whole analysis.

Unlike existing papers that undergo a preprocessing
primarily aimed at improving classification, such as a sharp-
ening filter for enhancing the image contrast [44], we prefer
to work with raw data. This decision reflects our focus
on evaluating model performance without introducing alter-
ations caused by preprocessing. Consequently, this approach
may result in lower classification values compared to values
reported in papers adopting such models with adequate
preprocessing. On the contrary, to remain consistent with
the standard use, we employ classical standard augmentation
techniques, such as scaling rotation, etc., in all CMs.

E. TRAINING PROCESS
Common challenges occurring during the training of a CM
include overfitting, limited data availability, high computa-
tional demands, and difficulties in optimizing the network
architecture. As mentioned above, TL is a technique that can
help to alleviate or resolve some of these issues.

Thus, we apply TL in the scenarios 1 and 2 in the
following way. We consider the pretrained bCM on the
corresponding (un)balanced dataset and use the Imagenet
weights as the initial weights to the training process of
each CM in version V0, V1, and V2, freezing the layers of
bCM to prevent them from being updated during training.
In scenarios 3 and 4, we train the CMs on the corresponding
(un)balanced dataset using initial weights randomly selected.
The hyperparameters used for training each CM are the
same in all scenarios. Their values are given in Table 6.
We remark that during the training trials of the CMs, even
after 100 epochs, there was no noteworthy improvement
in accuracy, i.e., the accuracy fluctuations remained within
a consistent range. This trend was also reflected in the
loss values. Consequently, it became evident that extending
the training duration beyond 100 epochs did not yield any
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TABLE 6. Training parameters of each CM.

significant performance enhancements. Therefore, limiting
the training process to 100 epochs was deemed appropriate.

To choose the optimizer, we conducted controlled experi-
ments on both balanced and unbalanced datasets, evaluating
the accuracy, the stability of the training process, and the
convergence speed. Based on the comprehensive evaluation
of these factors, we opted for the RMSprop optimizer since it
does not penalize the performance across all the considered
CMs without penalizing their effectiveness.

Each CM was trained multiple times for each scenario,
yielding diverse sets of result data. Pretrained CMs showed
minimal variation between runs, while unpretrained CMs
exhibited greater differences.

The average training times over 5 runs are reported as
1 hour plus minutes:seconds for the four scenarios in Table 7.
This table reveals that MobileNet consistently stands out
as the fastest model across all scenarios, particularly in
Scenario 2, while VGG16 is the slowest. DenseNet121 and
Inception V3 exhibit comparable training times, with slight
variations depending on the scenario. Notably, Scenario
2 emerges as the most efficient scenario in most cases,
especially for MobileNet and VGG16. In contrast, Scenario
3 tends to demand more training time compared to the other
scenarios.

TABLE 7. Training times reported as 1 hour + minutes:seconds for the
four scenarios.

Further details about the training process can be found in
the supplementary material where Accuracy and loss change
graphs for each CM during one of the performed training and
validation steps for all scenarios are available. From these,
as expected, apart from a few cases representing anomalies
where convergence is achieved after a few epochs, we observe
the decrease in loss values and the increase in accuracy values
during the training and validation phases for each CM.

III. EXPERIMENTAL RESULTS
This section presents the experimental results, offering a
comprehensive quantitative and statistical analysis of the
CMs’ performance. It explores the model outcomes from
multiple perspectives, identifying gaps and opportunities to
enhance model effectiveness in challenging contexts. The
analysis focuses on comparing the results of pretrained and
unpretrained CMs on both UDS and BDS, according to the
four scenarios outlined above.

A. QUANTITATIVE PERFORMANCE ANALYSIS
In Tables 8- 11, for the testing phase, the Mean percent-
age (%) and Standard Deviation of A, P, R, F1 and MCC for
all scenarios after 5 runs are reported. The best values in these
tables are highlighted in bold. The corresponding bar charts
are displayed in Figures 3-4. Additional details are provided
in the supplementary material file, which includes the cms
and the AUC-ROCs of each CM obtained from a randomly
selected run among the 5 considered runs during the testing
phase.

We underline our decision to share all the aforementioned
types of experimental data, as they aid in understanding
how effectively the model differentiates among various input
classes. Indeed, additional metrics are crucial for evaluation,
particularly in unbalanced scenarios. At the same time,
Accuracy - defined as the proportion of correct predictions
relative to the total number of predictions made and often
used alone in many studies - may result to be not sufficient
from a quantitative point of view (see also Subsection III-B).
The confusion matrix provides detailed insights into both
correct and incorrect classifications. The AUC-ROC metric
comprehensively assesses the discriminative capabilities of
CMS across all output classes.

As noted in Sections II-A and II-D, the employed
evaluation metrics may yield values that are lower than those
produced for existing models adopting a reliable number of
input images and preprocessing. Furthermore, since our focus
is on examining the effects of data balance and the impact of
TL techniques, these values should be taken as they are and
cannot be considered isolated from their context.

TABLE 8. Mean percentage (%) and Standard Deviation of Accuracy A,
Precision (P), Recall (R), F1 Score (F1) and Matthews Correlation
Coefficient (MCC) for Scenario 1 (Pretrained CMs on UDS-Test) after
5 runs.
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TABLE 9. Mean percentage (%) and Standard Deviation of Accuracy A,
Precision (P), Recall (R), F1 Score (F1) and Matthews Correlation
Coefficient (MCC) for Scenario 2 (Pretrained CMs on BDS-Test) after
5 runs.

The analysis of the experimental data yields the following
results.

⇒ Scenario 1 - Pretrained CMs on UDS-Test - (cfr. the
Table 8, the bar charts in Figure 3 Top, the corresponding
cms and AUC-ROCs in the supplementary material file).
DenseNet121 V1 dominates in this scenario, achieving
the highest values for most evaluation metrics: Accuracy
∼ 80%, Precision ∼ 67%, Recall ∼ 67%, and F1
Score ∼ 66%. For this CM, the examination of the
corresponding confusion matrices shows that there are
no classes the CM struggles to predict. Moreover, this
CM also exhibits low variability, indicating consistent
performance.
The V2 version of all CMs in this scenario is ineffective
since they have F1 Score dropping below ∼ 50%, and
the metrics show even lower values than those of the
corresponding versions V0 and V1. Moreover, some
classes are not classified.

✎ Scenario 2 - Pretrained CMs on BDS-Test - (cfr. the
Table 9, the bar charts in Figure 4 Top, the corresponding
cms and AUC-ROCs in the supplementary material file).
The CM with the better performance in classifying
all classes is MobileNet V1. This model achieves the
highest scores in four evaluation metrics: Accuracy ∼

71%, Recall ∼ 71%, F1 Score ∼ 71%, MCC ∼ 57%.
Furthermore, an analysis of the confusion matrix reveals
that this model has no difficulty predicting any particular
class. Similar to Scenario 1, V2 versions perform poorly.
DenseNet121 V2, Inception V3 V2, and VGG16 V2
show F1 Score values below 60%.

⋄ Scenario 3 - Unpretrained CMs on UDS-Test - (cfr.
the Table 10, the bar charts in Figure 3 Bottom, the cor-
responding cms and AUC-ROCs in the supplementary
material file).
The CM with the better performance in classifying all
classes isMobileNet V0. This CM has the highest values
of three evaluation metrics with Recall∼ 65%, F1 Score
∼ 64%, and MCC ∼ 50%. Moreover, for this CM,
the corresponding confusion matrix examination shows
that there are no classes the CM struggles to predict.
InceptionV3 follows in performance since it has the

TABLE 10. Mean percentage (%) and Standard Deviation of Accuracy A,
Precision (P), Recall (R), F1 Score (F1) and Matthews Correlation
Coefficient (MCC) for Scenario 3 (Unpretrained CMs on UDS-Test) after
5 runs.

TABLE 11. Mean percentage (%) and Standard Deviation of Accuracy A,
Precision (P), Recall (R), F1 Score (F1) and Matthews Correlation
Coefficient (MCC) for Scenario 4 (Unpretrained CMs on BDS-Test) after
5 runs.

highest values of two evaluation metrics, particularly
Accuracy ∼ 79%, Precision ∼ 67%. Similar to
scenarios 1 and 2, the V2 version of all CMs performs
poorly, often failing to classify some classes entirely
(e.g., F1 Score values below 40% for most V2 models).

➣ Scenario 4 - Unpretrained CMs on BDS-Test - (cfr.
the Table 11, the bar charts 4 bottom, the corresponding
cms and AUC-ROCs in the supplementary material file).
The CM with the better performance in classifying all
classes is InceptionV3 V1, achieving the highest values
in three metrics with Accuracy ∼ 70%, Recall ∼ 70%,
MCC ∼ 55%. Moreover, for this CM, the examination
of the corresponding confusion matrix shows that
there are no classes that the CM struggles to predict.
Similar to other scenarios, V2 versions fail to deliver
competitive performance. For example, MobileNet V2
has F1 Score values below 40%, and DenseNet121
V2 performs similarly poorly. Note that some V2
versions exhibit the highest standard deviations, sug-
gesting more variability and inconsistency than other
scenarios.

B. STATISTICAL PERFORMANCE ANALYSIS
To assess the performance differences among the CMs,
we conduct a statistical analysis [65], which allows a deeper
understanding of the quantitative results.

Based on the insights about Accuracy discussed
in Subsection III-A from a quantitative perspective,
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FIGURE 3. Bar charts for pretrained and unpretrained DenseNet12, InceptionV3, MobileNet and VGG16 in V0, V1, V2
versions on UDS-Test (scenario 1 and 3) .

we highlight that, from a statistical viewpoint, this perfor-
mance analysis should prioritize the F1 Score over Accuracy.
The main compelling reasons for this preference are the
following.

1) Accuracy provides a general indication of how well
a CM performs in classifying benign and malignant
lesions. This metric is especially relevant for balanced
datasets, where the counts of benign and malig-
nant cases are comparable. However, its significance
diminishes in unbalanced datasets, where one class
overshadows the other, potentially distorting the out-
comes. In such situations, relying solely on Accuracy
can bemisleading, as it does not capture the proficiency

of the CM in identifyingminority classes. Furthermore,
it fails to account for the differing clinical implications
of false positives and false negatives, which can vary
significantly in importance.

2) F1 Score is the harmonic mean of Precision and Recall,
providing a balance between these metrics and high-
lighting configurations where both are important. It is
particularly valuable for identifying false positives and
analyzing errors from missed correct classifications.
By accounting for false positives and false negatives,
the F1 Score comprehensively evaluates the overall
CMs’ performance across the analyzed scenarios. This
holistic and balanced perspective makes it an essential
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FIGURE 4. Bar charts for pretrained and unpretrained DenseNet12, InceptionV3, MobileNet and VGG16 in V0, V1, V2
versions on BDS-Test (scenario 2 and 4) .

metric for assessing prediction effectiveness. In partic-
ular, the F1 Score is crucial in skin lesion classification,
where balancing Precision and Recall is necessary
since it is important to avoid overdiagnosis (Precision)
and detect all malignant lesions (Recall). Indeed, a high
F1 Score ensures that the model maintains a balance
between detecting all malignant lesions and minimiz-
ing incorrect diagnoses. Moreover, it is particularly
relevant in unbalanced datasets, such as those common
in skin lesion analysis, where prioritizing Recall
should not come at the expense of Precision (or vice
versa).

Thus, we generate F1 Score boxplots for each scenario,
shown in Figure 5, highlighting the average percentage of F1
Score for each CM and its respective version V0, V1, V2.

Since we are considering 12 different CMs and a potential
non-normal distribution of the data, to determine whether
the medians are significantly different, we apply the non-
parametric Kruskal-Wallis test [66]. The resulting p-value is
compared against a significance level of α = 0.05. A p-value
less than α indicates the presence of significant differences
between the medians of at least one pair of CMs.

In each scenario, we found a statistically significant differ-
ence between at least one pair of the CMs, as evidenced by a
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FIGURE 5. Boxplots of mean percentage of F1 Score for all scenarios.

p-value from the Kruskal-Wallis test lower than α. However,
this test does not specify which CMs differ from each other.
To pinpoint these significant pairs, we conduct a post-hoc
Dunn test [67], implementing the Benjamini-Hochberg
correction to control for type I [68]. This correction is deemed
particularly suitable given the nature and distribution of the
data, especially when comparing the accuracy and F1 Score
of the 12 CMs.

Following the post-hoc test, we identified the pairs of
the CMs with significant differences. Figures 6 present the
F1 Score heatmaps (also simply as F1 Heatmaps). In these
heatmaps, the CMs are labeled from ‘‘a’’ to ‘‘n’’ as indicated
in the legend. Warm colors between two CMs denote high
correlation, meaning that the CMs produce very similar
results. Conversely, cool colors (shades of blues) indicate
a low correlation, reflecting significant differences in their
outcomes.

Comparing the obtained boxplots and heatmaps, the
following considerations emerge.

⇒ Scenario 1 - Pretrained CMs on UDS-Test
DenseNet121 V1 leads in achieving a balanced trade-off
between Precision and Recall, with medians close to
70%, and narrow interquartile range (IQR) indicating
low variability. In contrast, InceptionV3 V2 performs
the worst, with a notably low median (∼ 40%) and high
variability.
Analysis of the heatmap reveals strong correlations
within the same model families. Indeed, models
like VGG16 or MobileNet exhibit strong correlations
between their respective versions, e.g., between VGG16
V1 and V2 and MobileNet V0 and V1, indicating
similar performance patterns. Different model fami-

lies, such as InceptionV3 and MobileNet, show low
correlations, e.g., InceptionV3 V2 and MobileNet V1.
There are some exceptions, e.g., MobileNet V0 and
V1 and DenseNet121 V0 display higher-than-expected
correlations, suggesting similar behavior between these
CMs.

✎ Scenario 2 - Pretrained CMs on BDS-Test
MobileNet V1 stands out as the best-performing model
due to its combination of high mean F1 Score (∼ 70%),
comparable to DenseNet121 V0 and V1 where the
version V0 delivers a similar F1 Score but with slightly
higher variance, reducing its overall stability.
The heatmap analysis reveals that CMs within the same
family tend to be uncorrelated strongly. For example,
MobileNet V0 and MobileNet V1 demonstrate a very
low correlation. Similarly, VGG16 V1 and VGG16 V2
also exhibit a weak correlation. In contrast, CMs from
different families, such as DenseNet121 andMobileNet,
generally show higher correlations; e.g., MobileNet V0
shows a high correlation.

⋄ Scenario 3 - Unpretrained CMs on UDS-Test
MobileNet V0 and InceptionV3 V1 are the top perform-
ers in Scenario 3, with MobileNet V0 demonstrating
consistent performance across all classes. In contrast,
the poor performance of the V2 models is clearly
visible. This analysis aligns closely with the visual
representation.
The heatmap reveals strong correlations for the
family DenseNet121: DenseNet121 V0 with Incep-
tionV3 V2, DenseNet121 V1 with VGG16 V0, and
DenseNet121 V2 with MobileNet V2. In contrast,
correlations between CMs from different families,
such as DenseNet121 and MobileNet or VGG16
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FIGURE 6. F1 heatmaps for all scenarios.

and MobileNet, tend to have lower correlations. For
instance, MobileNet V0 and V1 display a moderate
correlation with VGG16 V2.

➣ (Scenario 4 - Unpretrained CMs on BDS-Test
InceptionV3 V0 and V1, followed by VGG16 V0,
stand out as reliable and high-performing models in this
scenario.
The heatmap analysis reveals strong intra-family
correlations, with versions of the same CM family-
such as DenseNet121 and InceptionV3 - showing high
correlation values, indicative of similar performance.
In contrast, cross-family correlations are present. For
instance, the VGG16 family shows a strong correlation
with InceptionV3 and MobileNet families.

The statistical analysis results align closely with those
of the quantitative analysis. The presence of only a few
isolated outliers across all boxplots further highlights the
robustness and consistency of the performance evaluation
for the CMs. Additionally, the poor performance of the V2
versions of the CMs across all scenarios, as identified in
the quantitative analysis, is corroborated by the statistical
evidence. Furthermore, the statistical analysis reinforces
the insights derived from the quantitative analysis when
examining each scenarios individually.

IV. DISCUSSION
In this section, we interpret the experimental data of each
scenario given in Section III, trying to offer a comprehensive
framework based on the quantitative and statistical assess-
ments of the performance of each CM, seeking to glean useful
insights for CM design and employment.

To this purpose, we perform a comparative analysis
focusing on two key computational aspects: the first pertains
to data balancement, namely ‘‘UDS-Test versus BDS-
Test’’, see subsection IV-A, and the second concerns TL
strategies, namely ‘‘Pretrained versus Unpretrained’’, see
subsection IV-B. Next, we draw comparisons across all four
scenarios to highlight overarching trends and differences; see
subsections IV-C.

A. UDS-TEST VERSUS BDS-TEST
To assess the impact of data balancing, we analyze the
experimental results comparing Scenario 1 versus Scenario 2
(Scenario 3 versus Scenario 4) for the pretrained (unpre-
trained) CMs. Both quantitative and statistical analyses reveal

a consistent decline in performance on UDS compared to
BDS, regardless of the employed training approach. Indeed,
Recall, which measures the correctness of classification for
the minority class, and F1 Score, which simultaneously
evaluates correctness and coverage for the minority class,
improve significantly for all CMs after balancing, regardless
of whether they are pretrained or unpretrained. This obser-
vation is substantiated by the comparison of R and F1 Score
values in Table 8 and Table 9 for pretrained CMs, as well as
in Table 10 and Table 11 for unpretrained CMs. Additionally,
an analysis of the confusion matrices (see supplementary
material) confirms that high Accuracy values may sometimes
coincide with incorrect classifications on UDS-Test.

It is worth emphasizing that this improvement of R and
F1 after balancing is particularly crucial in the context of
skin lesion classification, where theminority class often holds
the greatest importance: missing a cancer diagnosis (false
negative) can lead to a delayed treatment, while a false diag-
nosis may lead to unnecessary interventions. Consequently,
these experimental results confirm the hypothesis that data
balancing should be prioritized whenever feasible, regardless
of the training type (pretrained or unpretrained).

From a methodological perspective, we remark that these
experimental data underscore the importance of evaluating
CMs using additional metrics beyond Accuracy in the quan-
titative analysis and highlight the relevance of employing the
F1 Score in the statistical analysis, as previously discussed
(see Sections III-A and III-B).

B. PRETRAINED VERSUS UNPRETRAINED
To evaluate the impact of pretraining, we compare the
experimental results of Scenario 1 versus Scenario 3 (Sce-
nario 2 versus Scenario 4) for the unbalanced (balanced)
dataset. Quantitative and statistical analyses reveal a general
decline in performance for unpretrained CMs compared to
pretrained ones. Indeed, with few exceptions, all metrics
improve significantly for pretrained CMs, regardless of the
dataset balancing. This metrics improvement can be argued
by comparing the metrics in Table 8 and Table 10 for
UDS-Test and in Table 9 and Table 11 for BDS-Test. These
comparisons suggest that the learned features during pretrain-
ing are well-suited for skin lesion classification, enabling
the CMs to generalize effectively when a TL technique is
employed.
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FIGURE 7. Trend of average performance in terms of Accuracy, F1 Score,
Precision, Recall, and MCC across scenarios. Each line represents the
average value of one metric.

Moreover, comparing all metric values, accuracy excluded,
reported in Table 8 and Table 9 respectively relative to
Scenario 1 versus Scenario 2, e. g. metrics values for
pretrained CMs on UDS-Test and BDS-Test respectively,
it can be observed that pretraining is more effective on
balanced datasets, albeit with slightly lower accuracy. This
highlights that utilizing TL techniques can improve the
performance of a CM, particularly when applied to balanced
datasets.

C. SCENARIOS COMPARISON
Figure 7 illustrates the trend described in subsec-
tions IV-A and IV-B. Accuracy (blue line) remains the
highest-performing metric across all scenarios, starting
around 80% in Scenario 1, dipping slightly in Scenario 2,
peaking in Scenario 3, and then dropping in Scenario 4.
Precision (red line) peaks slightly in Scenario 2 at around
67%, showing improved performance in that scenario and
a slight dip in Scenario 3 before recovering in Scenario 4.
Recall (green line) and F1 Score (orange line) show similar
trends, both declining in Scenario 3 and increasing slightly
in Scenario 4, mirroring Precision’s trend. MCC (light blue
line) starts relatively lower compared to other metrics in
Scenario 1, and it follows the trend of Precision, Recall, and
F1 Score, with a noticeable dip in Scenario 3 and partial
recovery in Scenario 4.

A similar trend is observable for P, R, F1, and MCC,
suggesting that Scenario 2 delivers superior performance
compared to the other scenarios, whereas Scenario 3 exhibits
the weakest performance across these metrics. The opposite
trend exhibited by Accuracy confirms that this metric alone
cannot reliably assess the CMs’ performance despite being
frequently used for this purpose. Scenario 1 performs better
than Scenario 4 and Scenario 3, with Scenario 3 being the
worst-performing.

Overall, based on the experimental data, we infer the
following.

✓ Favorable Scenarios - Scenario 2 represents ideal
conditions where CMs deliver better performance. Con-
versely, Scenario 3 underscores the need for more robust

strategies to manage increased complexity, significant
data unbalancing, and the lack of pretraining.

✓ Reference CMs - The quantitative and statistical
analyses allowed us to identify the most reliable
CMs demonstrating high and stable values in specific
scenarios. The experimental results further suggest
that implementing an optimized version of baseline
models can effectively handle complex scenarios more
efficiently.

✓ Practical Implications - Using multiple metrics, such
as P, R, F1, and MCC, is crucial for identifying
weaknesses that may be overlooked when relying solely
on Accuracy. This is particularly important in skin
lesion classification, where minimizing false negatives
in malignant cases and ensuring accurate diagnoses are
critical. Consequently, we recommend prioritizing P,
R, and F1 for evaluation. Furthermore, our analysis
of the experimental data demonstrates that combining
quantitative and statistical analyses with class-specific
assessments, such as confusion matrices and AUC-
ROCs, is essential for identifying limitations and ensur-
ing a comprehensive evaluation of dermatopathology
categorization performance.

✓ Improvement Strategies - The experimental data indi-
cate that balancing an unbalanced dataset is beneficial
for improving performance since, both in pretrained and
unpretrained scenarios, better performance is achieved
when the balanced dataset is used. Similarly, the experi-
mental data indicate that pretraining of the (un)balanced
dataset is advantageous for improving performance as,
both on UDS and BDS, better performance is observed
when a TL strategy is employed.
To address the CMs’ limitations, in complex and
unbalanced cases (e.g., Scenario 3), we recommend
applying data balancing techniques to ensure equal class
representation. In contrast, in complex and unpretrained
CMs (e.g., Scenario 4), we suggest employing TL meth-
ods to enhance the training and the CMs’ performance.

V. CONCLUSION
In this paper, we address the open issue related to the
distribution/quantity of images in CNN-based skin lesion
classification, which is commonly overlooked inmost papers.
A few papers have proposed using balanced datasets or
TL techniques, but not their combination, to overcome the
hurdles related to this challenge.

We investigate this issue by proposing twelve computa-
tional models with increasing structural complexity based on
four prominent CNN models and providing a comprehensive
quantitative evaluation of their effectiveness. The computa-
tional models are tested on a balanced and unbalanced dataset
extracted from the ISIC 2018 dataset. Each computational
model undergoes training using the same hyperparameters
and loss function, either through a TL technique or a standard
procedure, originating four different scenarios that consider
various combinations of classification modes.
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The performed comprehensive quantitative and statistical
evaluation has highlighted the advantages and computational
limitations of considered CMs in different scenarios. This
analysis provides crucial insights, laying a basis for further
investigations into the effective design and use of CNNs for
skin lesion classification.

One of the main limitations of our study, which focuses on
the specific application of skin lesion classification, is that
the validity of our analytical findings is restricted to this
domain. Whether our conclusions can be generalized to other
medical imaging tasks or broader computer vision applica-
tions remains uncertain. Future research could investigate
the applicability of our approach to different classification
problems beyond dermatology.

Furthermore, in scenarios where pretrained models are
used, our analysis is constrained by the fact that fine-tuning
has been performed with ImageNet weights. Although lever-
aging ImageNet pretrained models is a common practice,
the significant differences between ImageNet images and
dermatological images suggest that using weights obtained
from large dermoscopic datasets could potentially improve
the evaluation process. However, this approach is currently
not feasible due to the unavailability of such pretrained
weights.

APPENDIX
SUPPLEMENTARY MATERIAL FILE
In the supplementary material file, as additional figures, for
all scenarios are available:

• the accuracy and loss change graphs of each CM for the
training and validation steps;

• the cms and AUC-ROCs of each CM for the test step.
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