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The skin is one of the most important parts of the human body, serving vital functions
such as protecting internal organs from injury, shielding against direct bacterial
exposure, regulating body temperature, and more. However, the skin is also
susceptible to diseases, one of which is skin cancer. Skin cancer can be extremely
dangerous if not treated promptly, as it can lead to death. Therefore, early detection
is crucial. This study proposes a technology-based solution by classifying skin
cancer using a convolutional neural network (CNN) with a ResNet50 architecture
implemented into a mobile application viaa REST API using Flask. The HAM10000
dataset, consisting of 10,015 skin lesion images across seven classes, was used for
model training. Various testing scenarios were conducted to determine the optimal
parameter combination. The best results were achieved with an accuracy of 83.84%,
precision and recall of 83%, and an F1-score of 83%, using a training data
configuration of 70%, dropout of 0.4, and a batch size of 64. The model implemented
in this Android application can perform early detection of skin cancer quickly,
practically, and easily accessible to the general public, though healthcare
professionals must still supervise it. However, although this model can assist users
in making early predictions, the prediction results from this model are only a tool for
early detection and do not replace clinical diagnosis by professional medical
personnel.2) Figure 8 shows the display for taking pictures through the gallery or
camera. Users can choose the image they want to upload from the gallery or the
camera to be analysed and predicted by the model.

This is an open-access article under the CC-BY-SA license.

l. INTRODUCTION

As the body's largest organ, the skin is the first line of
defence against external factors like physical injuries,
ultraviolet (UV) radiation, and dehydration. Additionally,
skin plays essential roles in helping to maintain optimal body
temperature, detecting changes in the external environment,
and supporting the synthesis of vitamin D through sun
exposure. However, excessive exposure to UV radiation can
damage skin cell DNA and significantly increase the risk of
skin cancer. Skin cancer is the most commonly diagnosed
cancer globally and is often caused by prolonged sun
exposure. It can be classified into three main types: The three
main types of skin cancer include Basal Cell Carcinoma

(BCC), Squamous Cell Carcinoma (SCC), and Malignant
Melanoma (MM). Melanoma is considered the most life-
threatening form because it spreads rapidly to other body
parts. In contrast, BCC and SCC are generally treatable when
identified early. [1]. Skin cancer is considered one of the most
prevalent malignant cancers worldwide, including in
Indonesia. [2]. According to WHO data from 2020, nearly ten
million cancer cases are diagnosed globally each year, and
cancer is among the leading causes of death. In Indonesia,
skin cancer ranks third after cervical and breast cancer,
accounting for approximately 5.9-7.8% of total annual cancer
cases. [3]. Skin cancer develops in the epidermis, the
outermost layer of the skin, making it visible to the naked eye.
[4]. There are many cases of skin cancer found in various
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countries, making the diagnosis and treatment of this disease
crucial.[5].

In the medical world, skin cancer diagnosis requires a
biopsy, in which skin tissue is taken and examined in detail to
determine whether it is cancerous or not. However, this
process takes a long time and must be performed by a
dermatologist, and it is also very expensive.[6]Therefore,
innovation is needed to enable early detection in diagnosing
skin cancer. Rapid diagnosis will increase the chance of
curing cancer by 90%, but if treatment is delayed, the chance
of recovery is only around 50%.[7]Skin cancer classification
is one measure that can be taken to provide an early diagnosis
of cancer. This classification helps predict the class label for
samples.[8] Through the classification process, early detection
can be carried out, and an accurate diagnosis can be made
based on the training data. This will help the public identify
skin cancer as a common disorder. [6]. This study offers an
innovation for classifying skin cancer using the Convolutional
Neural Network (CNN) method with the ResNet-50
architecture. The ResNet-50 architecture has been proven
effective in various image processing applications, including
skin cancer detection.

Previous studies have proven the effectiveness of the
Convolutional Neural Network (CNN) algorithm in skin
cancer classification. For example, a study using a hybrid
preprocessing method divided cancer into two categories
(malignant and benign) and achieved an accuracy of 78.19%
from 1,530 image data points.[9]. Another study using
AlexNet architecture on 4,000 images and dividing the data
into four classes achieved a very high accuracy of 99.50%.[1].
Meanwhile, a comparison of the ResNet-50 and VGG-16
architectures shows that ResNet-50 is capable of providing
higher accuracy, namely 94% compared to VGG-16, which
obtained 91% in two classes (benign and malignant).[3].
Other studies have combined CNN-SVM with the VGG-19
and ResNet-50 architectures, but their accuracy results were
lower, at 65.33% and 63.67% using the HAM10000 dataset
from Kaggle.[10]. A website-based study testing CNN and
ResNet-50 achieved a training accuracy of 96.7% and a
validation accuracy of 87.3%.[11]. These studies demonstrate
high accuracy in skin cancer classification despite using a
smaller amount of data and only distinguishing between two
to four types of cancer. This is understandable because the
fewer classes there are to classify, the simpler the model's task
becomes. The model only needs to recognise the differences
between two or a few types of cancer whose differences are
sufficiently clear, making the model's learning process easier
and resulting in higher accuracy. On the other hand, most of
these studies are limited to analysis. They are still confined to
desktop sites or websites and have not yet integrated skin
cancer classification solutions into mobile applications that
are easily accessible.

This study will create the best model using the
Convolutional Neural Network (CNN) algorithm with the
ResNet-50 architecture. The dataset used in this study is
public data sourced from Kaggle, namely the HAM10000
(ISIC) dataset, which contains a total of 10,015 images of skin
cancer lesions categorised into seven (7) classes. Although the

dataset is large and classifies many categories, this will make
the model more effective because it is trained under high
difficulty levels, as the model must be able to distinguish
between more types of cancer that may have similar shapes,
colours, or textures. Additionally, the number of data points
per class may be imbalanced, causing the model to favour
classes with more data and perform less accurately on classes
with fewer data points. This research faces an additional
challenge as it is aimed at mobile applications, so the model
used must be lightweight and efficient to run on smartphones.

Therefore, despite the greater challenges, this study aims to
produce a model that is not only accurate but also practical
and ready for immediate use by the community. The final
result of this study is the ability to detect seven classes of
cancer, with the detection process being easy and efficient
using mobile devices. This study is superior to previous
studies, which only classified two classes and were limited to
desktop sites.

1. LITERATURE REVIEW

A. Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) is an extension of
Multilayer Perceptron (MLP) designed for two-dimensional
data processing. Due to its high network depth, CNN is a type
of Deep Neural network and is widely applied to image data.
CNN is part of Deep Learning, which is widely used for image
and video processing. CNNs can automatically extract
features from images, reducing reliance on manual feature
engineering. [12]JCNNs have been applied in various fields,
such as object detection, face recognition, medical image
classification, and more.[12]The advantage of CNNs is their
ability to capture spatial relationships in image data using
convolutional operations. [13]. CNN consists of several layers
that perform image extraction and classification tasks, namely
the Convolutional Layer, Activation Function (Relu),
Pooling Layer, and Fully Connected Layer.

1) Convolutional Layer

This layer is the core layer of CNN and is responsible for
extracting features from input images using filters (kernels).
Each filter is smaller than the original image and slides across
the image to generate a feature map, which represents certain
characteristics of the image, such as edges, textures, or
specific patterns.[14]

2) Activation Function (ReLu)

After the Convolution layer, Activation functions such as
Rectified Linear Unit (ReLu) are applied to introduce non-
linearity into the network. This is necessary because many
phenomena in the real world are non-linear, and these
activation functions help CNNs learn more complex
representations. [15]

3) Pooling Layer

The Pooling Layer reduces the dimensionality of feature
maps while retaining features. A commonly used type of
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pooling is Max Pooling, which takes the maximum value from
a specific region on feature maps.[15]

4) Fully Connected Layer

After the features are extracted, the results are converted
into a one-dimensional vector (flattening) and passed on to a
fully connected layer. This layer consists of neurons
connected to all neurons in the previous layer and is
responsible for classification based on the features learned.
Typically, at the final classification stage, the Softmax
activation function is used, which will generate probabilities
for each possible class.[16]

B. Residual Network -50 (ResNet-50)

Residual Network (ResNet) is a Deep Learning
architecture designed to solve the vanishing gradient problem
in deep neural networks. [17]. This model has several variants
based on network depth, such as ResNet-18, ResNet-34,
ResNet-50, ResNet-101, and ResNet-152. [17]. The ResNet-
50 architecture is shown in the following figure.
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Figure 1. ResNet-50 Architecture

For this study, the researchers chose to use ResNet-50
because this model provides a balance between depth and
computational efficiency when compared to other larger
ResNet variants. With 50 layers, ResNet-50 is deep enough to
extract complex features while maintaining efficiency in
devices with limited resources. This model utilises bottleneck
residual blocks, which consist of three convolutional layers
(1x1, 3x3, 1x1), where the 1x1 convolution serves to reduce
the number of parameters, thereby accelerating training. The
following table provides a summary of the model structure.

TABLE |
RESNET-50 MODEL STRUCTURE

Layer (type) Output Shape Param #
Resnet (Functional) (None, 7, 7, 2048) 23,587,712
(Clomiavragapoolingzd) | N0, 2049 0
dropout (Dropout) (None, 2048) 0
dense (Dense) (None, 1024) 2,098,176
dropout_1 (Dropout) (None, 1024) 0
dense_1 (Dense) (None, 7) 7,175

C. Hyperparameter Tuning

Hyperparameter tuning is the process of finding the
optimal values for parameters that have not been directly
learned by the model during training (in machine learning and
deep learning). Hyperparameters greatly influence model
performance in terms of accuracy, stability, and training
efficiency (Bengio, 2012). Three hyperparameters that are
often used in deep learning are learning rate, batch size, and
dropout.

1) Learning Rate
The learning rate is a scalar factor that determines
how much the weights are updated for each iteration in
optimisation algorithms such as Stochastic Gradient

Descent (SGD).[18]

2) Batch Size
Batch size is the determination of the number of
samples used in one iteration before the weights are
updated. The selection of batch size can affect the stability
of training and the speed of model convergence.[19]
3) Dropout
Dropout is a regularisation technique that attempts to
prevent overfitting by randomly deactivating some
neurons during the training process.[20]

D. Flask

Flask is a web framework written in Python and classified
as a microframework. Flask functions as a framework for web
applications and displays. Using Flask and Python makes it
easier for developers to create structured websites and manage
web behaviour more easily. [21]. Flask is a bridge for
developers to create an API. The Flask API allows developers
to create web services that can be accessed by other
applications or systems via HTTP, enabling the sharing of
data and interaction between System 1 and other systems
using standard web protocols. [22].

11l. METHOD

Figure 2 shows the flow of the research conducted to build
the best training model to be implemented in a mobile
application (Android). The first stage is data collection. In this
stage, data is taken from the HAM10000 dataset, which is part
of the International Imaging Skin Collaboration (ISIC),
sourced from Kaggle. Then, we move on to the second stage
of data preprocessing, which is preparing the data so that it is
ready to be used in training the model. Preprocessing was
performed by applying normalisation techniques to the
images according to the input format accepted by the ResNet-
50 model. Next, the data was divided into three subsets:
training (data for training the model), validation (data for
monitoring model performance), and testing (data for
evaluating model performance). Then, parameter tuning was
performed, such as setting the Dropout, Batch Size, and
Learning Rate values. These parameters are adjusted to
control the model training process and prevent overfitting.
These steps are repeated until the best training model is found.
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This stage is referred to as the Testing Scenario. Once the best
model is obtained, it is implemented into a mobile application
via a REST API using Flask, enabling the model to perform
instant and efficient early predictions of skin cancer.

4{ )‘_{mmm ]«—[ — ]

Figure 2. Research Process

A. Dataset

In this study, the dataset used is the HAM10000 Skin
Cancer Dataset, which contains images of skin lesions from
the International Skin Imaging Collaboration (ISIC). This
dataset includes images across seven (7) classes: Actinic
Keratoses (AK), Basal Cell Carcinoma (BCC), Benign
Keratosis (BK), Dermatofibroma (DF), Melanoma (MEL),
Melanocytic Nevi (NV), and Vascular Lesions (VASC),
totalling 10,015 image data points. The dataset also includes
metadata, diagnostic labels, and lesion properties such as
body location and lesion type. Image resolution in the dataset
varies from 300x300 to 600x600 pixels. The following image
shows the number of lesions distributed across the 7 classes

according to their type.
TABLE Il
NAME, NUMBER, AND LESION SAMPLE DATASET

Number of
lesions

No Type of lesion Sample (image of lesion)

Actinic B
1 Keratoses 327
(AKIEC)

Basal Cell
2 Carcinoma 514
(BCC)

Benign
3 Keratosis
(BKL)

1.099

Dermatofibroma
4 (DF) 115

Melanoma
5 (MEL) 1.113

Vascular
7 Lesions 142
(VASC)

B. Preprocessing

The dataset used in this study contains images with pixel
values ranging from 300x300 to 600x600 pixels. The average
image has a pixel value of 400x650, which does not match the
input of ResNet50, which only accepts inputs of 224 x 224 x
3 pixels. Therefore, data preprocessing is required to adjust
the input values accepted by the model. The first step in the
preprocessing workflow is to read and organise the dataset
containing the metadata. The metadata includes information
about the image_id and dx (disease diagnosis label) and the
location of the skin lesion. Then, folders are organised based
on the label for each disease lesion, which are then arranged
in order according to their labels. The images are then moved
to the appropriate folders, mapping the images to folders
labelled according to the image labels. Next, image
normalisation is performed, which is the core stage of
preprocessing, as the pixel values of the images are adjusted
to match the input required by the ResNet50 model. The data
is then divided into three parts: training, validation, and
testing, sourced from the folders organised based on skin
lesion labels.

Data division is an effort to ensure that the training
data is sufficiently diverse and to avoid overfitting on the
training data. Next, the model is built using the ResNet-50
architecture, which has undergone training using the
ImageNet dataset. The advantage of using a pre-trained model
is that it can optimise computational time and help improve
model performance. Additionally, ResNet-50 has excellent
feature extraction capabilities.

During the model development process, several initial
layers of ResNet-50 were frozen to reduce training time and
prevent overfitting. These were then replaced to perform
specific classification tasks on the skin dataset. The training
process also used several techniques, such as
Global AveragePooling2D, to reduce feature dimensions, as
well as dense layers for classification. Meanwhile,
optimisation was also carried out using the Adam Optimiser.
The training process uses 20 epochs with a callback to stop
training early if the model does not show significant
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improvement. After the training process is complete, the
model will be evaluated using several evaluation metrics,
such as the confusion matrix and ROC curve, to assess the
model's performance and effectiveness. The best model
resulting from the ResNet-50 model training will be used for
skin disease prediction on Android devices. This
implementation will be highly beneficial for efficient and
accurate predictions. The model training configuration
is summarised in the following table:

TABLE Il
MODEL TRAINING CONFIGURATION
Parameter Nilai

Epoch 20
Optimizer Adam
Learning rate 0.0001 (1e-4)
Batch size 64
Dropout 0.4
Validation split 0.2 (20%)
Regularisasi L2 0.01

C. Testing Scenario

The classification of skin cancer images using the CNN
algorithm with the ResNet50 architecture can be influenced
by several factors, such as the amount of data, image quality,
data diversity, the percentage of training, validation, and
testing data, as well as dropout, batch size, and learning rate
in obtaining the best and most efficient model performance.
In this study, parameter combinations (dropout, batch size,
and data split) were determined using a trial-and-error
approach. The researcher tested common values frequently
used in CNN model training, such as dropout rates of 0.4 to
0.6 and batch sizes of 16, 32, and 64. Each combination was
tested with data splits of 70% and 80%. The results of each
combination were compared to select the best configuration
based on the highest validation accuracy and loss stability.

TABLE IV
TESTING OF THE 70% DATA DIVISION
Training | Dropout Batchsize Accuracy Time
Data (%)
48 minutes
0,
16 78.00% 34 seconds
04 32 83.00% 36 minutes 3
seconds
39 minutes
0,
64 83.84% 15 seconds
50 minutes
0,
16 81.00% 41 seconds
0 -
70% 05 32 81.39% 50 minutes
41 seconds
50 minutes
0,
64 8231% 41 seconds
50 minutes
0,
16 77.81% 41 seconds
50 minutes
0,
0.6 3 80.66% 41 seconds
50 minutes
0,
64 81.05% 41 seconds

Based on Table 1V, the best accuracy obtained from the
70% data testing scenario is 83.84% with a dropout value of
0.4 and a batch size value of 64. This model takes 39 minutes
and 15 seconds from initialisation to model evaluation. From
the table, it can be seen that as the dropout value increases,
there is a possibility of a decrease in model performance. This
occurs because, as the dropout value increases, more neurons
are deactivated.

TABLE V
TESTING OF THE 80% DATA DIVISION

Training Dropout | Batchsize | Accuracy Time
Data o
16 78.00% 45 minutes 59
seconds
04 32 74.01% 41 minutes 16
seconds
64 81.85% 38 minutes 23
seconds
16 79.21% 49 minutes 38
seconds
% ( :
80% 05 32 80.36% 33 minutes 48
seconds
64 81.85% 34 minutes 46
seconds
16 80.96% 53 minutes 34
seconds
i 44
0.6 32 76.69% 33 minutes
seconds
64 83.35% 38 minutes 51
seconds

From Table V above, it can be seen that the best accuracy
produced from the 80% data split is 83.35% with a dropout
value of 0.6 and a batch size value of 64. This model requires
38 minutes and 51 seconds from initialisation to model
evaluation. From the table, it can be seen that there are several
models with high accuracy at certain dropout rates, such as
dropout 0.4 with the highest accuracy of 81.85% and a
training time of 38 minutes and 23 seconds. Dropout 0.5 also
achieved the highest accuracy of 81.85% with a training time
of 34 minutes and 46 seconds. From these results, it can be
concluded that a batch size of 64 with a dropout rate of 0.6
provides the best training results, although it does require a
slight sacrifice in training time.

I11. RESULTS AND DISCUSSION

A. Best Model

Based on the tests conducted, the researchers decided
to select the best model based on its highest accuracy. From
the test scenario table, it can be seen that the highest
accuracy was obtained from a 70% data split with a dropout
value of 0.4 and a batch size of 64. The following figure
shows a graph plot of the Training and validation Accuracy
and Loss during the training process of the best model.

Implementation of ResNet-50-Based Convolutional Neural Network for Mobile Skin Cancer Classification
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Figure 3. Model Training Log
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The figure shows the results of model training over 20
epochs. In the left graph, training accuracy increases sharply
to reach 100%, while validation accuracy shows a gradual and
stable upward trend in the range of 80%. This indicates that
the model is able to learn well from the training data and
demonstrates fairly consistent performance on the validation
data. On the right graph, both training loss and validation loss
show a significant decrease as the number of epochs
increases. This decrease indicates that the model
progressively improves its ability to minimise prediction
errors on both the training and validation datasets. The
accuracy achieved by the best model in each class is presented
in the table below:

Actinic Keratoses_akiec

Basal Cell Carcinoma_bcc

Benign Keratosis_bkI

Dermatofibroma_df

Actual

Melanoma_mel

Melanocytic Nevi_nv

Vascular Lesions_vasc

©

Actinic Keratoses_akiec

55

)

Basal Cell Carcinoma_bcc

23

)

Benign Keratosis_bki

0

o

Dermatofibroma_df

Predicted

2

99

34

o

Melanoma_mel

53

Melanocytic Nevi_nv

o)

Vascular Lesions_vasc

400

200

TABLE VI
PER-CLASS MODEL PERFORMANCE EVALUATION

Class Precision Recall F1- Support | AUC/
Score ROC

akiec 0.48 0.69 0.56 42 0.94
bcc 0.71 0.65 0.68 85 0.93
bkl 0.73 0.67 0.70 174 0.94
df 0.63 0.75 0.69 16 0.98
mel 0.66 0.56 0.61 176 0.91
nv 0.90 0.93 0.91 993 0.94
vasc 0.86 0.95 0.90 20 1.00

As shown in the table, the CNN-ResNet50 model was
evaluated to assess its ability to classify seven categories of
skin cancer. This model demonstrated excellent performance
for Melanocytic Nevi (nv) and Vascular Lesions (vasc), with
an F1 score above 0.90 and an AUC value of 1.00 for the vasc
class. These results confirm the model's accuracy in
identifying these two categories. Meanwhile, other categories
such as Benign Keratosis (bkl), Basal Cell Carcinoma (bcc),
and Dermatofibroma (df) also produced satisfactory results.
Interestingly, even though the df class only had 16 samples,
the model was still able to classify them effectively. This is
evidenced by an AUC value of 0.98. Meanwhile, the
performance for the Melanoma (mel) and Actinic Keratoses
(akiec) classes was relatively low compared to other classes,
with F1 scores of 0.61 and 0.56, respectively. However, their
AUC values remain high (0.91 and 0.94, respectively),
indicating that the model can generally distinguish these
classes from others. However, threshold adjustments or
additional training strategies may be needed to improve its
sensitivity in recognising specific cases within these classes.

Based on the overall model evaluation results, the CNN-
ResNet50 achieved an accuracy of 83.84%, with precision,
recall, and F1-score values of 83% each. These values are
weighted averages across all classes, indicating that the model

Figure 4. Confusion Matrix Best Model

Figure 4 shows the results of the confusion matrix
evaluation, indicating that the classification performs very
well for the Melanocytic Nevi (nv) class, with 968 correct
predictions. However, the model struggles to distinguish
between certain types of skin lesions with visual similarities,
such as melanoma, which is often misclassified as the nevus
class, and benign keratosis (bkl), which is frequently
misclassified as melanoma and nevus. Meanwhile, the VAS
class has a high accuracy rate because it only has one
prediction error. For classes with a small amount of data, such
as df and akiec, the accuracy is low, indicating that the model
needs to be improved to handle minority classes effectively.
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Figure 5. ROC Curve Best Model

Figure 5 shows the ROC curve illustrating the test set
results in skin cancer classification using the trained model.
The ROC curve illustrates the relationship between the True
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Positive Rate (TPR) and False Positive Rate (FPR). TPR
represents the model's ability to identify positive cases, and
FPR represents the model's error in classifying negative data
as positive. The higher the TPR and the lower the FPR, the
better the model's performance. In this graph, each skin cancer
class, such as Actinic Keratoses akiec, Basal Cell
Carcinoma_bcc, Benign Keratosis bkl, and others, is
represented by a different curve with the AUC (Area Under
the Curve) value included. AUC is an important indicator in
assessing how well the model distinguishes between positive
and negative classes. The AUC value ranges from 0 to 1, with
higher values indicating better model performance. From the
image, it can be seen that this model provides a very good
ROC Curve value (above 0.90) in distinguishing each skin
cancer class.

The researchers also conducted studies on other models to
assess the efficiency of models from various algorithms, such
as MobileNet and GoogleNet Inception V3. The comparison
can be seen in the table below.

TABLE VII
MODEL COMPARISON
No. Model Result
1. MobileNet 78.08%
2. InceptionV3 81.00%
3. ResNet-50 83.84%

B. Integrating the model into the Android application

This stage involves implementing the creation of endpoints
from the model created using Flask API. The previously
trained model is saved in .h5 format, which is then converted
in the API using Flask. The API process can be seen in the
following image.

P —
| Model Training Save Model h P Model P 1

Android > User

s HTTP API .
'=0! (Flask) oS!

Figure 6. API Process

Image

Figure 6 shows the process that illustrates how the API
works in connecting the model and the mobile application so
that it can perform image prediction. This process allows
users to send images to be predicted by the trained model.
This API consists of 2 endpoints that ensure the API runs
properly and receives images to be predicted by returning the
prediction results. The sent image is first processed to match
the input desired by the model, such as image size, format,
and normalisation. After that, the model will predict the image
class and will return the prediction results along with the
confidence or level of trust in the class prediction results.

C. Application Flow

Figure 7. Model Implementation Flow to Mobile Applications

D. Application display

The developed mobile application provides a simple
interface for loading skin lesion images from a gallery or
camera. Once the image is selected, the application sends it to
the API server to be processed by the classification model.
The classification results, along with the confidence score, are
displayed and can be saved in the user's history.
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predictions (Analyse results along with
N— [ 068 % - N b button). confidence levels for
Andlysis Results Asclepius the predictions.
. Save Prediction Results Can save prediction Success
é Function results, which are then
. (Save Button) stored in the history
Melanocytic Nevi Melanoma_mel Close the button if you After pressing the Close | Success
’ do not want to save the button, you will return
F‘. . : | prediction results to the Home page.
ar # e‘* | " Prediction History Page | Can Display History Success
B % 4 | (History Button) From Image Prediction
et T Vascular Lesions Melanocytic Nevi Results
=) e - . 2) Prediction Visualisation
B 3
R ' Figure 9 shows the prediction results of the CNN-
e ot Corci | | Voot Lo ResNet50 model on 2 two skin lesion images from the

® .0

(© (d)
Figure 8. illustration of application display (a) home, (b) upload image, (c)
result, (d) history.

E. Application Testing

1) Black Box Testing

Testing is a process to check a program to find errors in the
program and to test whether the program can run properly
according to its function. One of the testing methods that can
be done is Black Box Testing. [23]. Blackbox testing is a
method that works to check the results based on the input
given. Blackbox box testing focuses on the needs of the
application. The Blackbox testing process is carried out by
trying the program with various inputs available in the
application. This testing function determines whether the
application that has been created can run according to
stakeholder needs. A black box performs checks that are
focused on the source code or program module. This testing
is only based on external specifications, Such as checking the
functionality of the application and observing the basic
aspects of the application. [24]

TABEL VIII
PENGUJIAN APLIKASI
No Function Tested Expected Result Status
1. Function: Displays the Can display the Home Success
Home page containing Page
application information
(Home button)
2. Image Capture Function Can Take Pictures Success
via Gallery Through the Gallery
(Gallery Button)
3. Image Capture Function Can Take Pictures Success
via Camera Through the Camera
(Camera Button)
4. The Analyse function on Can perform analysis Success
an image is used to make | on input images and
provide prediction

HAM10000 dataset. The model classifies the images into
Melanoma and Vascular Lesions classes, with a confidence
level of 100% for Melanoma and 100% for Vascular Lesions.
This visualisation shows that the model is able to recognise
the visual characteristics of skin cancer lesions and provide
predictions accompanied by probability values, so that it can
help users understand the level of system confidence in the
classification results provided.

To ensure that the model can run efficiently on mobile
devices, performance testing was carried out on real devices
using the Samsung Galaxy A71 smartphone. This device has
a Qualcomm Snapdragon 730 processor specification, 8 GB
of RAM, and the Android 12 operating system.

BULERE - X lE 1548 ¥ - MR a

Analysis Results Analysis Results

Melanoma_mel : 100.0%

Vascular Lesions_vasc : 100.0%

1] (8] < x " (@] < &
Figure 9. Prediction Visualisation

The test was carried out by accessing the CNN-ResNet50
model that had been trained and saved in .h5 format via the
Flask API. Based on the test results, the average inference
time to process one image to produce a prediction is around
1.3 seconds under stable network conditions. The size of the
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.h5 model file is about 294 MB, and the server API can
respond in less than 2 seconds.

1VV. CONCLUSION

Based on the results of the research that has been done, it
can be concluded that the use of the Convolutional Neural
Network (CNN) model with the ResNet-50 architecture is
able to provide good performance in classifying skin cancer
images into seven classes, namely: Actinic Keratosis (akiec),
Basal Cell Carcinoma (bcc), Benign Keratosis (bkl),
Dermatofibroma (df), Melanoma (mel), Melanocytic Nevi
(nv), and Vascular Lesions (vasc). The model was developed
and tested using several scenarios, including variations in data
division (70:30 and 80:20) as well as different dropout and
batch size settings. From these scenarios, it was found that the
best combination was obtained at a data division of 70:30,
with a dropout of 0.4, a batch size of 64, and training for 20
epochs. The model managed to achieve the highest accuracy
of 83.84%, with precision, recall, and F1-score values of 83%
each. These results indicate that the model is able to recognise
various types of skin lesions in a balanced manner. In
addition, the best model has been successfully implemented
into an Android-based mobile application by utilising the API
so that it can predict the input image according to the type of
lesion given. Although this model can help users to make
early predictions, the prediction results of this model are only
used as an early detection tool and do not replace clinical
diagnosis from professional medical personnel.
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