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 According to the Global Cancer Observatory, the lowest melanoma cases 
occurred in the Asian population at around 25% of the 100,000 population in 
2018. Melanoma is a malignancy of melanocytes, the melanin (pigment) 
producing cells in the basal layer of the epidermis. This research aims to increase 
the likelihood of cure and decrease the mortality rate from melanoma by 
implementing an Android-based hybrid Fuzzy C-Means (FCM) and 
Convolutional Neural Network (CNN) algorithm using the 2017 ISIC dataset. 
This algorithm leverages FCM's segmentation strengths, including creating more 
uniform regions, minimizing blob dispersion, reducing noise, and lowering noise 
sensitivity. It also employs CNN for classification, automatically extracting 
features from training data, reducing reliance on diverse base features, and 
potentially enhancing training quality. The application was developed using 
Kotlin, with the CRISP-DM methodology for data analysis, including business 
understanding, data understanding, data preparation, modelling, evaluation, and 
deployment using Rapid Application Development (RAD). Model evaluation is 
performed using K-Fold Cross-Validation, and application testing is conducted 
using Black-Box Testing. The results show that the FCM-CNN hybrid model 
achieves the best performance on an 80:20 dataset split, with 50 epochs, a batch 
size of 16, the Adam optimiser, and K-Fold 10, achieving 99.42% accuracy. The 
results of the analysis test for the detection application, conducted using a remote 
detector camera on a Samsung A23 smartphone, showed an average accuracy of 
78.33%. This research is expected to contribute to the development of medical 
technology to identify melanoma early. 
 

 

 
This work is licensed under the Creative Commons Attribution 
Non-Commercial-Share Alike 4.0 International License. 

 
INTRODUCTION  
 

According to the Global Cancer Observatory, the lowest incidence of melanoma occurs in 
Asian populations, at around 25 per 100,000 people in 2018 (Rinonce et al., 2022). Melanoma is 
a cancer that arises from melanocytes, cells that produce melanin (pigment), in the basal layer of 
the epidermis. The often-undetected presence of melanoma is one of the reasons for the high 
mortality rate from this skin cancer. Lack of awareness and knowledge about the early symptoms 
of melanoma means that many new cases go undetected. To diagnose skin cancers such as 
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melanoma, a biopsy is usually performed, in which a sample of skin tissue is removed and 
examined under a microscope. 

Therefore, there is a need for the application of melanoma early detection technology that is 
more accessible and affordable to increase the chances of recovery and reduce mortality rates from 
melanoma. This study utilises the 2017 ISIC dataset to apply this technology in the medical world. 
Several studies have been conducted to prove the accuracy of the algorithms used in other studies. 
For example, one study using a Convolutional Neural Network (CNN) achieved 82% accuracy. 
(Yilmaz et al., 2021). Another study used the Mask R-CNN algorithm to implement the technology 
on the ISIC 2017 dataset, achieving 90% accuracy. (Jojoa Acosta et al., 2021). Another study using 
the Mask R-CNN algorithm produced a melanoma research accuracy of 90.85% (Goyal et al., 
2020). And research using the Deep Convolutional Generative Adversarial Networks (DCGANs) 
algorithm produced an accuracy of 81.60% (Bisla et al., 2019). 

Although algorithms such as CNNs, Mask R-CNN, and DCGANs have achieved high 
accuracy in studies using the ISIC 2017 dataset, each still has weaknesses that can affect its 
performance. CNN, when predicting images with similar shapes and containing many objects, the 
error rate will increase, so the possibility of errors in predicting image results becomes greater 
(Reza Fahcruroji et al., 2024). Mask R-CNN requires high computational resources. (Setyaningsih 
& Edy, 2022). DCGANs suffer from instability during training due to convergence issues, leading 
to inconsistent results given their generative nature. (Jenkins & Roy, 2024). Therefore, a hybrid 
algorithm is needed that can combine the advantages of several algorithms to overcome these 
weaknesses. One approach is the FCM-CNN algorithm, which combines the Fuzzy C-Means 
(FCM) algorithm with Convolutional Neural Networks (CNN).  

The FCM-CNN hybrid algorithm has been proven effective in research published in the 
journal "Enhanced Automatic Classification of Brain Tumours with FCM and Convolution Neural 
Network", with an accuracy of 91% (Rao et al., 2020). This algorithm leverages the segmentation 
advantages of Fuzzy C-Means, including producing more homogeneous areas than other methods, 
reducing the spread of blobs, eliminating noise spots, and minimizing sensitivity to noise. This 
algorithm also utilises a CNN in the classification process, which automatically extracts features 
from the training data, eliminating reliance on specific features and potentially improving training 
quality. 

The Android platform offers simple access and excellent flexibility, making it an ideal choice 
for Artificial Intelligence (AI)-based applications. This research is expected to make a significant 
contribution to health, particularly oncology, as well as to information technology through the 
development of innovative mobile applications. In addition, this research provides new insights 
into the application of artificial intelligence, especially FCM-CNN. 
 
METHOD  

 
This study uses a quantitative approach, with the CRISP-DM (Cross Industry Standard 

Process for Data Mining) framework as the basis for designing and implementing algorithms for 
melanoma early detection applications. This framework consists of six main stages, namely 
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business understanding, data understanding, data preparation, modelling, evaluation, and 
implementation, which help researchers organise their workflow systematically and 
comprehensively. The research approach is applied, with a focus on developing machine learning-
based applications. Data was collected through an online, open-source skin image dataset. Data 
analysis was performed by preprocessing (e.g., CLAHE and Monte Carlo Denoising), segmenting 
with Fuzzy C-Means, extracting features using GLCM, and classifying with a CNN. The CRISP-
DM framework has proven effective as a guide in various case studies, including the development 
of machine learning-based applications. This has been proven in research on visitor review 
classification (Singgalen, 2023) and the problem of clustering fire-prone areas (Dhewayani et al., 
2022). 

 

 
 

Figure 1. Framework CRISP-DM. 

RESULTS 

 
1. Result of Data Pre-processing 

The initial step in image processing is labelling each image according to its originating 
folder: healthy skin (label 0), melanoma (label 1), or non-melanoma (label 2). These labels are 
used as class markers during model training and testing. All images were read from three separate 
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folders by class, then uniformly resized to 100×100 pixels to be compatible with the Convolutional 
Neural Network (CNN) architecture. After size normalisation, image quality was improved 
through the Monte Carlo Denoising method to reduce noise that could interfere with feature 
extraction (Huo & Yoon, 2021). This process results in a smoother, more natural pixel distribution 
by removing anomalous values that reflect visual noise. Next, contrast enhancement is performed 
using the Contrast Limited Adaptive Histogram Equalisation (CLAHE) method via the 
apply_clahe function to achieve more even lighting and improve the sharpness of image details 
(Momeni Pour et al., 2020). 

 

 
 

Figure 2. Monte Carlo Denoising Pixel Matrix. 

Before denoising, the top pixels appear relatively uniform, with almost all values set to 3. 
However, there are some anomalies or noise, such as spikes in the bottom-right corner (e.g., values 
10 and 11), indicating interference or unnatural sharp edges. After denoising, the pixel values 
become more varied but smoother, no longer dominated by the number 3, and exhibit a more 
natural transition between pixels. 

 

 
 

Figure 3. CLAHE Pixel Matrix. 

In the initial condition, the pixel values in the area have a narrow range, ranging from 0 to 
7. After applying the CLAHE process shown in the second image, the distribution of pixel values 
changes significantly. The previously small values are now more widely distributed, with numbers 
reaching up to 25. This means that the local contrast within the area has been enhanced. 

 

 
 

Figure 4. Pre-Processing Result. 
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2. Result of Segmentation 

After data preprocessing, segmentation is performed using the Fuzzy C-Means (FCM) 
algorithm. After the image is segmented, the extract_glcm_features function extracts texture 
features using the Grey-Level Co-Occurrence Matrix (GLCM) method, which helps detect texture 
patterns by providing statistical information about grey-level co-occurrences in an image. 
Melanomas are classified into three types based on thickness: thin (<0.76 mm), intermediate (0.76-
1.5 mm), and thick (>1.5 mm). Thin melanomas generally have a smooth, homogeneous texture, 
characterised by high homogeneity and energy values and low contrast, reflecting the still uniform 
tissue. In intermediate melanoma, texture irregularities begin to appear as cancer cells penetrate 
the dermis, leading to increased contrast and correlation values. Meanwhile, thick melanoma 
shows a rough, irregular texture, with high contrast, low homogeneity, and decreased correlation, 
reflecting greater tissue invasion and complexity. (Patil & Bellary, 2022). 

 

 
 

Figure 5. Segmentation Result. 

 
3. Hybrid FCM-CNN 

At this stage, the original image is combined with the FCM segmentation result mask as an 
additional channel, so the CNN receives four input channels: 3 RGB channels and 1 FCM 
segmentation channel. CNN will learn the combination of the original image and the segmentation 
results, so FCM provides additional information such as colour, texture, and object shape. After 
all images undergo data preprocessing and segmentation and are assigned to the specified folder, 
the data is converted to an array so the CNN layer can capture information from the features 
generated. 

 
4. Modelling 

Table 1. Amount of Training and Testing Data. 

Data Proportion 
of 30% 

Test 

Proportion 
of 20% 

Test 

Proportion 
of 10% 

Test 
Training Data  840 960 1080 

Testing Data 361 241 121 

 
Table 1 shows the proportion of the melanoma dataset available on Kaggle, typically 

images labelled to support research on developing melanoma detection models. This dataset for 
melanoma detection was obtained from John C's ISIC-2017 dataset, which contains images of two 
types of skin cancer: melanoma and seborrheic keratosis (nevus). 
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Table 2. Model Summary. 

Layer Output Shape Parameter 

conv2d_12 (Conv2D) (None, 100, 100, 32) 1,184 

max_pooling2d_12 
(MaxPooling2D) 

(None, 50, 50, 32) 0 

conv2d_13 (Conv2D) (None, 50, 50, 64) 18,496 

max_pooling2d_13 
(MaxPooling2D) 

(None, 25, 25, 64) 0 

conv2d_14 (Conv2D) (None, 25, 25, 128) 73,856 

max_pooling2d_14 
(MaxPooling2D) 

(None, 12, 12, 128) 0 

flatten_4 (Flatten) (None, 18432) 0 

dense_7 (Dense) (None, 128) 2,359,424 

Dropout_4 (Dropout) (None, 128) 0 

dense_8 (Dense) (None, 3) 387 

 
Table 2 model summary shows that the Convolutional Neural Network (CNN) architecture 

used in this study has a total of 2,453,059 trainable parameters. The CNN layer consists of three 
convolutional layers, each followed by a pooling layer, which gradually reduce the data dimension 
from 100x100x32 to 12x12x128 by extracting important features from the input image. The Flatten 
layer then converts the data into a 1D vector of size 18,432, which is further processed by two 
Dense layers. The first Dense layer has 128 units, followed by a Dropout layer to reduce 
overfitting. The last layer is a Dense layer with three units for class classification. (Islam et al., 
2020). 
 

Table 3. Hyperparameter Tuning Test. 

Parameter Value  

Batch Size 16, 32 
Epoch 50, 100 

 
5. Evaluation 

1) K-fold 3 
Table 4. K-Fold 3 Model Evaluation Results. 

Scale of 
Dataset 
Division 

Batch Size Epoch Testing Accuracy Training Accuracy 

70:30 16 50 0.9593 0.9963 
70:30 16 100 0.9709 0.9979 
70:30 32 50 0.9750 0.9992 
70:30 32 100 0.9501 0.9979 
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80:20 16 50 0.9884 0.9950 
80:20 16 100 0.9734 0.9988 
80:20 32 50 0.9742 1.0000 
80:20 32 100 0.9717 1.0000 
90:10 16 50 0.9617 0.9967 
90:10 16 100 0.9626 0.9996 
90:10 32 50 0.9667 0.9983 
90:10 32 100 0.9601 0.9992 

 
2) K-Fold 5 

Table 5. K-Fold 5 Model Evaluation Results. 

Scale of 
Dataset 
Division 

Batch Size Epoch Testing Accuracy Training Accuracy 

70:30 16 50 0.9792 0.9988 
70:30 16 100 0.9851 0.9992 
70:30 32 50 0.9809 0.9996 
70:30 32 100 0.9817 0.9994 
80:20 16 50 0.9801 0.9983 
80:20 16 100 0.9867 0.9996 
80:20 32 50 0.9909 0.9977 
80:20 32 100 0.9817 0.9990 
90:10 16 50 0.9859 0.9923 
90:10 16 100 0.9817 0.9996 
90:10 32 50 0.9842 0.9975 
90:10 32 100 0.9734 0.9967 

 
3) K-Fold 10 

Table 6. K-Fold 10 Model Evaluation Results. 

Scale of 
Dataset 
Division 

Batch Size Epoch Testing Accuracy Training Accuracy 

70:30 16 50 0.9767 0.9960 
70:30 16 100 0.9867 0.9989 
70:30 32 50 0.9934 0.9983 
70:30 32 100 0.9909 0.9983 
80:20 16 50 0.9942 0.9946 
80:20 16 100 0.9934 0.9944 
80:20 32 50 0.9917 0.9971 
80:20 32 100 0.9926 0.9995 
90:10 16 50 0.9892 0.9980 
90:10 16 100 0.9925 0.9992 
90:10 32 50 0.9925 0.9975 
90:10 32 100 0.9909 0.9981 
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In the Table above, the highest and optimal accuracy results from all experiments are 
obtained with epoch 50, batch size 16, Adam optimiser, and an 80% training, 20% testing dataset 
split, with k-fold 10. The best results were testing accuracy of 0.9942 and training accuracy of 
0.9946. 

 
6. Deployment 

This research adopts the Rapid Application Development (RAD) method as its primary 
approach to software development. This method focuses on deeply understanding user needs by 
actively involving users during the development cycle. After the model is trained and saved in 
HDF5 (.h5) format, the next step is to convert it to TensorFlow Lite (.tflite) format for integration 
into the Android application. 

 

 
 

Figure 6. Rapid Application Development (RAD) Method. 

7. Result of Application 
 

   

    
 



Alda Ellsa Faradilla1, Wiyli Yustanti2 (2025).  JIEET (Journal of Information Engineering and Educational Technology). Vol. 9(2x) PP. 129-140 

 

137 
Early Detection of Melanoma Using an Android-Based Hybrid FCM-CNN Algorithm 

Figure 7. Melanoma Early Detection Application. 

Table 7. List of Smartphones. 

No Smartphone Camera Resolution 
1 Samsung A30s 25 mp 
2 Samsung A23 50 mp 
3 Samsung A35 50 mp 

 
Table 8. Black Box Testing Results. 

Test Scenarios Expected Results Results 
1 2 3 

Opening the 
App 

Displays the home page. ✓ ✓ ✓ 

Clicking the 
home menu 

Displays the home page. ✓ ✓ ✓ 

Clicking the 
"Select Image" 
button 

Displays a gallery for uploading images. ✓ ✓ ✓ 

Clicking the 
"Detection" 
button 

Displays the detection results. ✓ ✓ ✓ 

Clicking the 
scan menu 

Displays the camera detector in real time. ✓ ✓ ✓ 

Clicking the 
"Finish" button 

Saves the detection results in .pdf format 
to the smartphone storage. 

✓ ✓ ✓ 

Clicking the 
instructions 
menu 

Displays the instructions page. ✓ ✓ ✓ 

 

Analysis of detection results is performed to further test the detection features of melanoma 
applications under various conditions and at different distances from the skin.  

1) Import Gallery 
 From the analysis of test results for the application using imported images, the 
highest average accuracy is obtained with a Samsung A23 smartphone, with a total 
accuracy of 0.7500. With a healthy skin detection accuracy of 0.8500, melanoma of 
0.7500, and non-melanoma of 0.6500. The quality of the input images influences the 
accuracy of the results, the unoptimized segmentation processing, and the smartphone 
software. 

2) Close-range Detection Camera 
 From the analysis of the application using a close-range camera detector, the 
highest average accuracy is achieved with a Samsung A23 smartphone, with a total 
accuracy of 0.7166. With a healthy skin detection accuracy of 1.0000, melanoma of 
0.6500, and non-melanoma of 0.5000. Image capture conditions influence this accuracy; 
the segmentation process is not optimal, and smartphone software. 

3) Long-range Detection Camera 
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 From the analysis of the application using a long-range camera detector, the highest 
average total accuracy is achieved with a Samsung A23 smartphone, at 0.7833. With a 
healthy skin detection accuracy of 1.0000, melanoma of 0.8000, and non-melanoma of 
0.5500. Image capture conditions, suboptimal segmentation processes, and smartphone 
software influence this accuracy. 

DISCUSSION 

The results of the study show that combining FCM and CNN algorithms can improve the 
system's ability to detect melanoma, as FCM segmentation yields a more homogeneous lesion area 
with minimal noise, thereby enabling the CNN to extract visual features more effectively. These 
findings align with previous research on medical images, which also reported improved 
performance with the FCM-CNN hybrid approach. However, in this study, the achieved accuracy 
was higher than that of single algorithms such as CNNs, Mask R-CNNs, and DCGANs on the ISIC 
2017 dataset. Although the model performed very well in a controlled environment, its 
implementation in an Android application showed a decrease in accuracy in real-world conditions, 
due to variations in camera quality, lighting, and FCM segmentation that were not yet optimal on 
mobile devices. This performance difference shows that, although the model is effective during 
training, integrating it into mobile devices requires further optimisation to ensure more stable, 
consistent detection results across different conditions. These findings emphasise the importance 
of improving segmentation and standardising input quality in the development of future Android-
based melanoma detection systems. 

 

CONCLUSION 

Based on research on the melanoma detection system using the Android-based FCM-CNN 
algorithm, it can be concluded that the FCM-CNN hybrid model developed and applied achieves 
an optimal accuracy of 99%. 42% of the overall experiment was conducted using epoch 50, batch 
size 16, the Adam optimiser, and an 80% training, 20% testing split across 10 folds. This result is 
better than the evaluation results of other studies using the 2017 ISIC dataset using CNN at 82% 
(Yilmaz et al., 2021), Mask R-CNN at 90% (Jojoa Acosta et al., 2021) and 90.85% (Goyal et al., 
2020), and DCGANs at 81.60% (Bisla et al., 2019). This shows that the hybrid model achieves 
high accuracy in recognising melanoma. 

 An Android-based melanoma detection application, developed in Kotlin and integrating 
TensorFlow Lite, can detect melanoma by combining the FCM algorithm for image segmentation 
and a CNN for visual feature extraction. The results of the analysis test for the most optimal 
melanoma detection application were as follows: healthy skin, 1.0000; melanoma, 0.8000; and 
non-melanoma, 0.5500. Image capture conditions influence these results; the FCM-based 
segmentation process in Android is not optimal, and the smartphone software used is not optimal 
either. 
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