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ABSTRACT

Background: Melanoma, a malignant type of skin tumor, ¢an suddenly appear on normal skin without warning or develop on a pre(!
existing mole. Therefore, moles should be ¢arefully monitored.

Objective: In this study, the aim was to use deep learning methods to su¢éessfully ¢lassify skin ¢ancer ¢ases and apply this approach
to patientdiagnosis.

Materials and Methods: The study used a publi¢ly available dataset of 10,015 images. For training and testing, 80% of the dataset is
divided into training and validation sets, and 20% into test sets. In the methodologi¢al sequence, we first trained a ¢ustomized
Convolutional Neural Network and then applied finetuning on ResNet50, VGG16, VGG19, and DenseNet101 deep learning models.
Afterwards, each model was assessed using test acéurady and test F1'score metrics.

Results: At the end of the trials, we observed that the VGG16 fine'tuned deep learning model a¢hieved 96% accéurady in training and
86% inthe test set.

Conclusion: Artifi¢ial intelligence in health management and services is gaining popularity. In today's literature, there are different use
¢ases of deep learning and artifi¢ial intelligence applied in the diagnosis and treatment of other diseases. This study suggests that deep

learning methods ¢an be used to speed skin ¢ancer diagnosis and applied in the patient diagnosis process.
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INTRODUCTION
Melanoma, a malignant type of skin tumor, ¢an suddenly
appear on normal skin without warning or develop on a
prefexisting mole. Therefore, moles should be carefully
monitored.

The sourée of melanoma, the most lifelthreatening skin
¢ancer, is the melanocyte cell. Melanoc¢ytes produce the
pigment melanin, whi¢h gives our skin its ¢olor and
enables us to tan. Melanoma results from abnormal,
excessive, and uncéontrolled proliferation of melanocytes
and ¢an spread to other organs.

While melanoma ¢an appear suddenly on normal skin, it
¢an also o¢c¢ur on a prelexisting mole. As a result, it is
essential to identify the lo¢ation and appearance of moles
on the body so they ¢an be appropriately monitored and
diagnosed. In some ¢ases, melanoma ¢an be mistaken
for a normal mole, but the mole ¢ould also have been
melanoma from day one [1].

Pigmented lesions on the skin are the first sign of whether
a mole is potentially malignant or benign. Generally,
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patients do not pay attention to skin pigmentation, and
even when they do, practitioners may misinterpret early
¢hanges [2].

Basal and squamous cell type skin ¢ancers are the most
widespread types of skin ¢ancer, and according to
research, there are 5.4 million skin ¢ancers diagnosed
every year, only in the United States of Ameri¢a. These
numbers show an inc¢reasing trend as people are more
exposed to the sun, allergen ¢hemicéals are used more
frequently on the skin, and our daily exposure to
¢hemicals inéreases exponentially.

In various areas of health servi¢es and patient ¢are, using
machine learning and deep learning methods to support
diagnosis and treatment has become increasingly
important. One of the key areas that new algorithms and
artificial intelligenée methods are being fo¢used on is
¢lini¢al decision support systems. These systems aim to
improve the quality of health Care servi¢es and minimize
foreseeable practitioner errors. These systems help
practitioners be more productive in diagnosing and
treating various illnesses.

The diagnosis of pigmented lesions poses a ¢hallenge for
dermatology practitioners, and the use of deep learning
methods to support their decisionimaking ¢an be a vital
tool for early detection of skin ¢ancer. This kind of
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appli¢ation ¢an serve as a decisionsupport mechanism
for early diagnosis and ¢ontribute to the overall diagnosti¢
procCess for skin ¢ancer. In the following sections, we
aimed to introduce the different deep learning
approaches we applied to images of pigmented skin
lesions to succéessfully diagnose the type of mole and
¢onfirm whether or notitis malignant.

LITERATURE REVIEW
While there are various appli¢ations of artificial
intelligence methods in health services and patient
management, we analyzed studies foéused on the
diagnosis and treatment of ¢ancer, spedifically skin
¢ancer.

In one study, researchers focused on mobile health and
machine learning via Ccloudibased serviées. They
presented an appli¢ation running on a wearable device
that proCesses a skin image and uses ¢loud services to
suggest a diagnosis for the problemati¢ skin lesion. Aprel]
trained Convolutional Neural Network (CNN) was used
foranalyzing the images [3].

In another attempt at ¢lassifying skin ¢anéer, researchers
proposed a method for early detection. In his paper, he
proposed a 3istep approach c¢omprising feature
extraction, dimensionality reduction, and ¢lassifi¢ation.
The research used discrete wavelet transforms for
feature extraction, feediforward neural networks for
¢lassification, and kinearest neighbors. The resear¢h
achieved 95% accuracy [4].

In another study, authors utilized deep ¢onvolutional
neural networks for automated C¢lassification of skin
lesions. They trained their model using 129,450 ¢élini¢al
images from 2021 of different diseases. The basi¢ CNN
model they used was able to diagnose the most common
skin ¢ancer types [5].

In one study, it was used to support a vector machine
learning algorithm for the Ccorreét Célassification of
melanoma skin ¢ancer ¢ases. In this study, dermoséopy
images, prelprocessing, and statistical featurelextraction
techniques were used for early Cancéer detection.
Afterwards, prin¢ipal ¢omponent analysis (PCA) and
Support Vector Machine (SVM) algorithms were used for
Classification. The model achieved 92.1% accéuracy [6].

In another research effort, the authors focused on
therapeuti¢ te¢hniques for treating skin ¢ancer. Surgery
is one of the main treatments presented for skin ¢ancer,
but it cannot be applied to all ¢ases. In this study, the
researchers review different radiation therapy te¢hniques
and dis¢uss their effects on skin tumors [7].

METHODS

In the study, a secondary dataset of 10,015 publicly
shared skin pigmentation images was used [8]. For

training and testing, 80% of the dataset is divided into
training and validation sets, and 20% into test sets. In the

methodologic¢al sequence, we first trained a ¢ustomized

Convolutional Neural Network and then applied fine
tuning on ResNet50, VGG16, VGG19, and DenseNet101

deep learning models. Afterwards, each model was
assessed using test acéuracy and test F1[s¢ore metrics.

Data Collection and Pre-processing

Data from 10015 skin lesions a¢ross seven skin ¢anéer
types were used in this study. The gender distribution of
the datawas 54% male, 45% female, and 1% unknown.

The distribution of 7 different ¢ancer types and the
number of samples for ea¢h type are summarized in
Table 1.

Table 1: Case type distribution.

Cancer Type Abbreviation Count
Melanoc¢yti¢ nevi nv 6705
Melanoma mel 1113
Actini¢ keratoses kie¢ 327
Vascular lesions vas¢ 142
Dermatofibroma df 115

The highest number of ¢ases in the dataset was from
melanocyti¢ nevi. As shown in Fig. (1), the distribution of
¢cases per sex showed a similar pattern, with more
images from male patients than from female patients.

Distribution of Patients Based on Sex
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Fig. (1): Distribution of patients based on sex.
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Fig. (2): Sample images from the data set.
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For the deep learning models, RGB images of skin
lesions were taken, resized, and normalized. In Fig. (2),
we ¢an observe sample images of skin lesions and the
types of ancer.

Convolutional Neural Networks-Based Deep
Learning Model

The first step of the study was to train a model from
scérat¢h and evaluate its performance. For eac¢h detection
method, the same image size, enhanéer, number of
epochs, and bat¢h size were used. The images were
res¢aled to a 75x100 size and normalized for the deep
learning model. As hyperparameters, 20 epoc¢hs and a
bat¢h size of 32 were used in all different method trials.
SGD (Stoc¢hasti¢ Gradient Descent) optimizer was used.
The archite¢ture of the CNN model is summarized in
Fig. (3). The normalized images were proc¢essed by a
¢onvolutional blo¢k ¢omprising two hidden layers with
256 and 128 filters, respectively. The features extracéted
by the first block were then pro¢essed with a Max pooling
and dropout layer, and the same proc¢ess was repeated
for another convolutional blo¢k. At the end, the obtained
feature matrix was flattened and fed into a 4ayer fully
¢onnected neural network.

75x100 Max
Normalized =4  Conyv Block 1 Pooling (2.2)+
Image Dropoput(0.2)

Conv Block 2

Fully Max
Connected Flatten Pooling (2.2)+
Layers Dropoput(0.2)

Fig. (3): CNN architecture.

Fine-tuning Application on Pre-trained Models

In the se¢ond part of the experiments, we used prel]
trained CNN models: VGG16, VGG19, ResNet50, and
DenseNet101.

VGG16 and VGG19 are both deep ¢onvolutional neural
networks developed at Oxford University. Versions of the
network trained on more than one million images from the
ImageNet database are open to methods such as
transferlearning in various deep learning studies, and the
preltrained network ¢an Categorize images into 1000
object Categories, such as keyboard, mouse, pen, and
many animals. This preltrained object ¢lassifier ¢an be
reused for different study purposes [9, 10].

ResNet50, as the name suggests, is a 50Tayer CNN
trained on the ImageNet dataset and has 25.6 million
parameters. The preltrained CNN model has aéhieved
first place in image segmentation and detection on the
COCO dataset. Architecturelwise, the model has 48
¢onvolution layers, ¢ombined with one max pooling and

one average pooling layer [11, 12]. Model architeéture is
summarized in Fig. (4).

layer name| output size 18-layer | 34-layer | 50-layer | 101-layer |

convl | 112x112 7x7, 64, stride 2

3 x 3 max pool, stride 2
1x1,64 1x1,64 1x1,64
3x3,64 |x3 3x3,64 |x3 3x3,64 |x3
1x1,256 1x1,256 1x1,256

] 1x1,128 1x1,128 1x1,128

152-layer

conv2x | 56x56 3x3,64 ]

3x3,64

3x3,128 | x4 3x3,128 | x4 3x3,128 | x8
1x1,512 1x1,512 1x1,512
1x1,256 1x1,256 1x1,256
3x3,256 |[x6 3x3,25 |x23||3x3,25 |x36
1x1,1024 1x1,1024 1x1,1024
1x1,512 1x1,512
3x3,512 [x3 3x3,512 |x3 3x3,512 [x3
1x1,2048 1x1,2048
1x1 average pool, 1000-d fc, softmax

FLOPs 18x100 [ 36x100 [ 3sxa0 [ 7ex100 |

convdx | 14x14 313,25 ]

3x3,256

3x3,512

conv5.x Tx7 3x3,512

3x3,128 x3,128
conv3.x | 28x28 [3’{3,'23] 2 [ 3x3,128

131,512
3x3512] ]

3x3,51 1x1,2048

11.3x10°

Fig. (4): ResNet50 archite¢ture (Sr¢: https://ig.opengenus.org/resnet50(]
architecture/)

The DenseNet101 aréhitec¢ture is another famous prel]
trained deep learning model that ¢onsists of Dense
blo¢ks, each c¢ontaining c¢onvolution and bat¢h
normalization layers. Ea¢h dense bloc¢k is connected to a
¢onvolutional and pooling layer to reduce the feature map
size. Unlike ResNet50, whi¢h operates on correlated
features, DenseNet models are built on diverse features
[13,14].

In our appli¢ation, these four prelfrained models were
fineltuned, meaning all hidden and pre(trained layers of
each model were retrained from sératch. In our
¢ustomized training method, the fully cConnected layers of
each model were removed, and a 6llayer fully éonneéted
neural network was added for output and ¢lassification,
with a softmax activation funcétion at the end. For this part
of the experiments, our hyperparameters were as
follows: 20 epochs, a bat¢h size of 32, and the SGD
optimizer. Ac¢¢uracy and F1 scores were used for
evaluation. The training set was divided into 80% for
training and 20% for validation.

STATISTICAL ANALYSIS
In eaéh experiment, the dataset was split into training,
validation, and test sets to ensure reliable model
evaluation. To assess the stability and statistical
signifiCanée of model performance, a fivelfold ¢ross(]
validation pro¢edure was c¢onduéted across all deep
learning architectures.

For ¢omparing the performanée of VGG16 with the
baseline CNN and other preffrained models, a paired t[
test was applied to the ¢rossivalidation aééuracy scores.
The resulting plvalues were ¢onsistently below 0.05,
indi¢ating that the VGG16 model's superior performance
was statisti¢ally significant and unlikely to be due to
random variation. These findings c¢onfirm that the
observed improvement in ¢lassifi¢ation acéurady reflects
a genuine performance advantage rather than noise
introduéed by dataset splits or training variance.
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RESULTS
In the first part of the experiments, we trained the
CNN model and monitored its a¢¢uracy and loss
throughout training, in Figs. (5) and (6), the ac¢uracy
and loss behavior for training and validation are
shown.

Model Accuracy

—— Training
0.95 9 —— validation

0.90 -

0.85

accuracy

0.80 A

0.75

0.70

0.65 -

00 25 50 75 100 125 150 175
epoch

Fig. (5): CNN model training & validation ac¢urady.

Model loss
—— Training
—— Validation
2.0 4
1.5 A
a
o
1.0 4
0.5 1
001 r r r r r r r
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
epoch

Fig. (6): CNN Model training & validation loss.

As shown in both figures, the training ac¢uracy ex¢eeds
90%, whereas the validation a¢¢uracy does not exéeed
70%. Similar behaviour is observed for the loss values.
Training loss decreased gradually, whereas validation
loss in¢reased after a ¢ertain number of epochs. On the
test set, the CNN model achieved 0.69 a¢¢uracy and 0.66
F1sc¢oreonascaleofOto1.

In the following experiment, we evaluated the training and
validation results for the VGG 16 model.

As shown in Fig. (7), the training ac¢uracy for the VGG16
model was 95%, and the validation a¢éuracy ¢limbed

over 75% in the last epoc¢hs. In the test set, the model
performed 0.86 a¢¢urac¢y and 0.81 F1 s¢ore.

Model Accuracy

0.95
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0904 — Validation
0.85 A
0.80 4

accuracy
o
~
w

0.70 A
0.65 4
0.60 A
0.55 4
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
epoch

Fig. (7): VGG16 training & validation ac¢uracy.

In the ResNet50 experiment, the training acéuracy
stabilized after the 15th epoch, and the validation
accuracy did not exceed 77% (Fig. 8). The model
achieved 0.81 a¢curacy and 0.77 F1 s€ore on the test set.
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Fig. (8): ResNet50 training and validation acéurady.
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Fig. (9): DenseNet101 training and validation aééuracy.
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In the experiments with DenseNet101, we observed
behavior similar to that of ResNet50 (Fig. 9). The training
accuracy was around 95%, whereas the validation
accéuracy remained below 75%. In the test set, the model
performed 0.77 aé¢ura¢y and 0.75 F1 sc¢ore.

In the final attempt, we analyzed the behavior of the
VGG19 model and observed training behavior similar to
that of the VGG16 model, as both are derived from the
same architeéture. The test results for VGG19 were 0.81
accéuracy and 0.79 F1 score.

The ¢omparison of all deep learning methods on the
test set is displayed in Fig. (10).

Deep Learning Model Test Results

1
0.9

0'860 81 0.81
08 : ©70.77
069 ¢¢

0.7
0.6
0.5
0.4
03
0.2
0.1

0

CNN

VGG16 ResNet50

081079 077075

VGG19 DenseNet101

W Accuracy M F1

Fig. (10): Deep learning model test results.

As shown in the figure above, the VGG16 model
achieved the best a¢curac¢y and F1 score. Preltrained
CNN models showed improved performanée ¢ompared
to the CNN model, and there was a small gap in test
results between VGG16, VGG19, and ResNet50.

In this study, we propose using an application to aid in
diagnosing skin ¢ancer. As practitioners facée ¢hallenges
in identifying lesion type and deciding whether biopsy is
required, an appli¢ation grounded in deep learning ¢an
display the probabilities of ea¢h potential ¢anéer type and
support the praétitioner's diagnosis.

In Fig. (11), a potential computeraided image processing
application using a VGG16based model is
demonstrated. The appli¢ation displays the probability of
each ¢ancertype for the inputimage.

lesion_id HAM_0003577 akiec
image id:ISIC_0024307 bee
dx: v bkl:
dx_type: follow_up df:

695063220
10446755¢-20

48396687¢-09
8466873¢-16
age: 50.0 mel: 1.7117104e-18

male nv: [ ]

localization lower extremity vase: 20603427€-25

ISIC_0024307

Fig. (11): Skin ¢ancer ¢lassification appli¢ation.

In our proposed process, the practitioner decides to use
the help of the deep learning based skin ¢ancer ¢lassifier
and requests further diagnostic¢ tests, su¢h as a biopsy, if
the appli¢ation shows a potential canc¢er probability. This
approach ¢an reduce the number of additional diagnosti¢
tests requested per patient and enhance the
effectiveness of ¢ost and material management within
the health institution. Fig. (12) illustrates the proposed
process atahigh level.

Evaluation
from Deep
learning based
Application

First Inspection by
Practitioner

Decide to use the Deep
Learning App

Potential Cancer
A Probabilities Presented

Request further tests

Fig. (12): Skin ¢ancer diagnosis process.

DISCUSSION

Our study indi¢ates that optimized deep learning
architectures, parti¢ularly VGG16, provide a solid basis
for automatic¢ ¢lassifi¢ation of pigmented skin lesions. All
preltrained networks achieved ¢onsiderably higher test
acéuracy and F1iscéore than our ¢ustom CNN, in line with
the beneficial effect of transfer learning when examining
¢omplex visual patterns su¢h as keratosis or melanoma.
The relatively small differences in performan¢e among
the VGG16, VGG19, and ResNet50 models suggest that
the appli¢ability of feature representations from large
naturallimage datasets is essential for achieving reliable
diagnosti¢ performance, rather than the depth of the
architecture.

These results agree with previous studies. For instance,
ensembles of prelfrained networks su¢h as VGGI19,
ResNet, DenseNet, and Inc¢eptionResNet achieved
accuracdies of ~98% on ISIC arc¢hive images, well above
most singlelmodel baselines, acéording to a
¢omprehensive review of deep learning methods in skin
¢ancer detection [15]. Along these lines, another reéent
study, using VGG16 and VGG19 transfer learning on a
subjectispecific dataset, reported significant
improvements in lesion c¢lassification ac¢¢urady, noting
that a wellldesigned transferllearning framework ¢an
achieve high a¢c¢uracy even without data augmentation
[16].

Besides, a 2025 study c¢ombined ResNet(18 and
MobileNet with a hybrid ¢lassifier and achieved ~92.9%
acturady using segmentation + transfer learning,
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outperforming simpler CNNTlonly pipelines [17]. Transfer
learning is superior ¢ompared to c¢ustom CNNs.
Secondly, in the study using the HAM10000 dataset, the
best test aécurady, ~77%, was observed with VGGI16,
followed by VGGI19 and In¢eptionV3. These results
support our ¢onclusion that VGGibased models remain
¢ompetitive among transfer learning approaches [18].

Yet, a few works identify limitations similar to those
dis¢ussed in our study. For example, one work using
EfficientNet architectures for dermoscopi¢ images
demonstrated outstanding performance, on the order of
AUC ~ 0.968 for the task of melanoma vs. non‘melanoma
¢lassification, but emphasized the importan¢e of ¢lass
imbalance, heterogeneity of the dataset, and the need for
augmentation and metadata use in achieving
generalization performance [19].

The imbalanc¢e between high training and much lower
validation acéurady has been wellldocumented in the
literature for skinflesion classification studies like ours.
Many authors attribute this to limited dataset size or
diversity, ¢lass imbalance, and other factors that make
lesions highly variable both intralland inter(¢lass [20].
These ¢hallenges illustrate how difficult it is to Create a
generalizable skinllesion ¢lassifi¢ation model, even with
transfer learning, where overfitting ¢an be a problem.

Considering this background, our results support the
notion that deep learning, espedially transfer learning of
pretrained CNNs, signifi¢éantly enhanc¢es skin lesion
Classification and may be employed as a s¢reening tool in
¢omputeriaided diagnosis systems. However, the
success of sucéh systems requires ¢lass balanée and
lesion diversity in the datasets, appropriate
regularization/augmentation techniques, and external
validation across different patient populations.

CONCLUSION

In this study, to aécelerate the diagnosis of skin ¢ancer,
the aim was to achieve an a¢¢urate Classifi¢ation of skin
¢ancer patients using skin lesion images from different
body parts. We applied a CNN model and fineltuning
methods acéross different CNN architec¢tures to determine
the best model for supporting decisionmaking and
diagnosti¢ proéesses in skin ¢anéer. Our approach is to
run an image processing appli¢ation to analyze the skin
lesions and display potential ¢ancer types to the
practitioner. This way, a deep learningbased model ¢an
be used not as a standlalone decisionimaker but to
indicate the potential ¢anéer type and help the
practitioner with further diagnosis.

Compared with other studies in the literature, we aimed to
evaluate different deep learning models for skin ¢anéer
diagnosis and to propose an appli¢ation for the diagnosti¢
process.

In the future steps of this study, we plan to apply
parameter optimization and image prelprocessing
te¢hniques to improve our results and feed an improved
deep learning model into our proposed solution;
moreover, we plan to use these tec¢hniques for early
diagnosis of other cancer types.
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