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 Bladder cancer is one type of tumor that frequently occurs in the 
urinary system, and early diagnosis is essential to improve the 
prognosis and survival of patients. The study aims to develop a 
Convolutional Neural Network (CNN) model for bladder tissue lesion 
classification from endoscopic images. This study uses a dataset 
consisting of 1754 images, which are divided into four classes: High-
Grade Cancer (HGC), Low-Grade Cancer (LGC), Non-Specific Tissue 
(NST), and Non-Tumorous Lesion (NTL). The proposed CNN model 
showed a validation accuracy of 96.29%, with high recall, precision, 
and F1-score in most classes. The results show that CNN-based 
automated methods can improve efficiency and accuracy in the early 
diagnosis of bladder cancer, reduce manual visual interpretation errors, 
and improve the quality of patient care. This study suggests increasing 
the training data, especially for the NTL class, and applying more 
complex model architecture to better results. 
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1. INTRODUCTION 
Health is an aspect that cannot be ignored because a healthy body is the key to preventing 

disease attacks [1]. Delayed diagnostics or inappropriate treatment can worsen a patient’s illness, 
especially in the case of serious diseases such as potentially fatal cancers. Bladder cancer is one of 
the most common types of cancer worldwide and one of the leading causes of death with incidence 
rates increasing over time [2]. In a previous study [3], [4], it was mentioned that Bladder Cancer is 
one of the most common types of tumors in the urinary system. 

Bladder cancer is the most common type of malignant tumor occurring in the urinary system, 
ranking tenth globally, with more cases occurring in men than in women [5]. According to global 
cancer statistics in 2018, Bladder Cancer (BC) ranked tenth as the most common type of cancer, with 
approximately 549,000 new cases diagnosed and 200,000 deaths reported annually [6]. Previous 
research mentions that based on clinicopathological characteristics, the incidence of bladder cancer 
is higher in men, older age groups, and smokers, which affects the survival rates [7]. 

The causes of BC are influenced by various factors, including genetic, environmental, and 
others. BC is highly associated with exposure to cigarette smoke [8] and occupational risks involving 
contact with chemicals such as certain aldehyde compounds, aluminum, benzidine and its 
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derivatives, and other compounds. Additionally, bladder infection by Schistosoma haematobium and 
mutations in the HRAS, Rb1, PTEN/MMAC1, NAT2, and GSTM1 genes also increase the risk of 
cancer. These mutations disrupt the regulatory functions of each gene [9]. 

A previous study [10] mentioned that in 2018, the Years of Life Lost (YLL) due to premature 
death caused by smoking-related cancer in Indonesia was 284,858.9 YLL. YLL is an indicator used 
to calculate the burden of a disease due to premature death. It was also stated that the ranking of YLL 
values for men was lung cancer (27,213), liver cancer (11,412), and bladder cancer (2,703.74). Early 
diagnosis and appropriate therapy are key to improving patient prognosis and survival rates [11], 
[12]. Early detection is crucial in increasing the chances of recovery and reducing the risk of 
complications. However, diagnosing bladder cancer often faces challenges due to its non-specific 
symptoms and the difficulty in accurately distinguishing between cancerous and non-cancerous 
lesions. 

Diagnostic methods for bladder cancer often involve the use of endoscopic technology, 
particularly cystoscopy, which allows for direct visualization of the inside of the bladder. Cystoscopy 
is a medical procedure using a cystoscope to examine the urinary tract and bladder, assisting 
physicians in identifying potential lesions or tumors. The results of this procedure are digital images 
that must be interpreted by medical professionals. However, manual visual interpretation is often 
limited by human factors such as varying levels of expertise and limitations in visual perception. 
This can result in decreased diagnostic accuracy and increase the likelihood of errors in treatment 
recommendations. Therefore, the interpretation of medical images plays a crucial role in diagnosis 
and patient care, as errors in interpretation can significantly impact patient outcomes and prognosis 
[13]. 

As medical technology advances, the use of endoscopic imaging has become a primary 
choice for early detection and evaluation of bladder lesions. The main challenge in diagnosing 
bladder cancer is differentiating between high-grade and low-grade cancer, as well as distinguishing 
between cancerous and non-cancerous tissue. Convolutional Neural Networks (CNN) in endoscopic 
image analysis have been widely used due to their ability to classify images with high accuracy 
without the need for manual feature extraction. A previous study proposed a deep learning approach 
for bladder cancer detection and segmentation, combining CNN with a lightweight positional-
encoding-free transformer and dual attention gates to enhance features through self and spatial 
attention. The method proposed in that study has proven to be computationally efficient, making it 
suitable for medical applications requiring real-time inference. The results showed that despite its 
compact architecture, the model is able to rival larger models in diagnostic accuracy [14]. 

CNN as a type of neural network has proven effective in various applications such as pattern 
recognition, natural language processing, computer-aided diagnosis, and computer image processing 
[15]. Table 1 summarizes recent studies that highlight the various approaches and results achieved 
in the classification and detection of bladder cancer. 

Table 1. Previous Researches 
Title Author Year Method Result 

Multiclass Tissue 
Classification of 
Whole-Slide 
Histological 
Images using 
Convolutional 
Neural Networks 

Rune 
Wetteland, 

dkk. 

2019 
[16] 

Convolutional 
Neural 
Network 
(CNN) 

The results show that the 
developed convolutional neural 
network (CNN) model has high 
accuracy in classifying urothelial 
carcinoma, with an average F1-
score of 93.4% for six classes. 
This result reflects the model’s 
ability to identify and distinguish 
important features in histological 
images, thus supporting more 
efficient and reliable cancer 
diagnosis, reducing pathologists’ 
workload, and improving the 
quality of patient care. 
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Cystoscopic Image 
Classification by 
Unsupervised 
Feature Learning 
and Fusion of 
Classifiers 

Seyyed 
Mohammad 

Reza 
Hashemi, 

dkk. 

2021 
[17] 

Metode pre-
trained 
convolutional 
neural network 
(CNN) 

The proposed method achieved an 
accuracy of 69.02 ± 0.19 when 
classifying cystoscopy images 
into four categories: bloody urine, 
benign mass, malignant mass, and 
normal cases. 

Sistem 
Pengembangan 
Deteksi Kanker 
Prostat Berbasis 
Image Processing 
dengan Metode 
Convolutional 
Neural Network 

Alimin & 
Sigit Riyadi 

2022 
[18] 

Convolutional 
Neural 
Network 
(CNN) 

Identification of prostate cancer 
based on microscopic images of 
prostate cells by applying the 
Convolution Neural Network 
(CNN) method resulted in an 
accuracy rate of 93.3%. 

Implementasi 
Algoritma 
Convolutional 
Neural Network 
Untuk Mendeteksi 
Penyakit Ginjal 

Fahri Aulia 
Alfarisi 

Harahap, 
dkk. 

2022 
[19] 

Convolutional 
Neural 
Network 
(CNN) 

Normal kidney and cyst kidney 
images can be classified well by 
the model, but for tumor kidney 
and stone kidney sometimes 
misclassification can occur 
because the image of stone kidney 
and tumor kidney is very similar 
to cyst kidney. The final test 
accuracy result obtained from the 
entire training process is 75.17% 
with the f1-score accuracy of 
68%. 

Semi-Supervised 
Bladder Tissue 
Classification in 
Multi-Domain 
Endoscopic Images 

Jorge F 
Lazo, dkk. 

2023 
[20] 

Semi-
supervised 
GAN based 
method 
 

The proposed semi-supervised 
Generative Adversarial Network 
(GAN) based method achieves an 
overall average classification 
accuracy of 0.90, precision of 
0.88, and recall of 0.89 for 
network classification in labeled 
domains (WLI). 

Deep convolutional 
neural network 
accurately 
classifies different 
types of bladder 
cancer cells based 
on their pH 
fingerprints and 
morphology 

Y. Belotti, 
dkk. 

2023 
[21] 

CNN method 
with Inception-
ResNet 
architecture 
 

By combining pH imaging and 
deep learning, CNN accurately 
classified bladder cancer cell lines 
RT4 and J82 with a high accuracy 
of 99.4% for the testing dataset, 
showing a precision, gain, and F1 
score of 98%. 

This research aims to apply CNN to experiments with endoscopic images from public 
datasets. We classify bladder endoscopic images based on specific features, including High-Grade 
Cancer (HGC), Low-Grade Cancer (LGC), Non-Specific Tissue (NST), and Non-Tumorous Lesion 
(NTL), using a CNN model. The selection of the CNN model is based on its ability to mimic the 
human image recognition system, thus it is expected to improve efficiency and accuracy in 
classification, particularly in the healthcare context for classifying cancerous and non-cancerous 
bladder tissues. 
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2. RESEARCH METHOD 
In conducting this research, several stages need to be completed. These stages aim to reduce 

errors in the research process. The research methodology flowchart is shown in Figure 1. 

 
Figure 1. Research Method 

2.1 Preparation Process 
At this stage, preparation involves reviewing relevant literature related to the research topic. 

Another aspect of preparation is data collection. For this research, data collection utilizes an open-
source dataset obtained from the Kaggle platform, specifically the Endoscopic Bladder Tissue 
Classification dataset (https://www.kaggle.com/datasets/aryashah2k/endoscopic-bladder-tissue-
classification-dataset) [22]. This dataset contains 1,754 endoscopic images of bladder tissue with a 
total size of 241 MB, and a sample image from the dataset is shown in Figure 2. The research dataset 
includes four classes: HGC, LGC, NST, and NTL. 

 
Figure 2. Sample Images of Bladder Tissue Types 

2.2 Data Cleaning 
The next stage is data cleaning, which involves the process of cleaning and preparing the 

data for use in model training. The dataset obtained from the Kaggle platform is processed through 
the following steps: 
1. Data Count Check 

https://www.kaggle.com/datasets/aryashah2k/endoscopic-bladder-tissue-classification-dataset
https://www.kaggle.com/datasets/aryashah2k/endoscopic-bladder-tissue-classification-dataset
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The first step is to count the total number of images in the dataset to ensure that all 
images have been successfully downloaded and none are missing. This process confirms that all 
1,754 images are available and ready for use in the research. 

2. Loading Sample Images  
Several images from each class (HGC, LGC, NST, and NTL) are randomly loaded to 

verify that the images can be accessed correctly and that none are damaged or corrupted. This 
step is important to ensure the quality of the data used, as corrupted images can affect the model’s 
training results. 

3. Data Normalization 
All images in the dataset are normalized so that their pixel values fall within the range 

[0, 1]. Normalization is performed to help accelerate and stabilize the model training process. 
With normalization, the model can more easily handle variations in pixel intensity and achieve 
better convergence during training. 

4. Dataset Splitting 
The dataset is divided into two subsets: training data and validation data. This division 

is done using stratified sampling to ensure that the proportion of each class is maintained in both 
subsets. Eighty percent of the dataset is used for training, while the remaining 20% is used for 
validation. This split is important for objectively evaluating the model’s performance and 
avoiding overfitting. 

5. Dataset Optimization 
To optimize performance during training, the dataset is cached and prefetching is 

performed. This step aims to reduce wait times during the training process by ensuring that data 
is always available for processing by the model. This technique uses available memory capacity 
to enhance the efficiency of the training process. 

6. Data Visualization   
Images from each class are visualized to ensure that the data has been processed and 

categorized correctly. This visualization also serves as a final check before the data is used in the 
model training process. By examining the visual representations of the data, researchers can 
ensure that the class distribution is balanced and that each class is accurately represented in the 
dataset. 

2.3 Model Building 
At this stage, the architecture of the neural network model is designed to classify bladder 

tissue images into four classes: HGC, LGC, NST, and NTL. The model is built using the Keras 
Sequential API with several layers designed for feature extraction and classification. 

The neural network model architecture is as follows: 
1. Rescaling Layer: This layer is used to normalize the pixel values of the images to the range [0,1]. 
2. Convolutional Layers: There are three convolutional layers (Conv2D) with 16, 32, and 64 filters 

of size 3x3, each followed by a ReLU activation layer and a pooling layer (MaxPooling2D) to 
reduce the dimensionality of the features. 

3. Flatten Layer: This layer is used to flatten the output from the last convolutional layer into a 1D 
vector. 

4. Dense Layers: Two dense layers are used; the first has 128 neurons and uses ReLU activation, 
while the second has some neurons corresponding to the number of classes (4) and uses softmax 
activation for classification. 

The model is then compiled using the Adam optimizer and the Sparse Categorical Cross 
entropy loss function, along with accuracy as the evaluation metric. The chosen architecture consists 
of three convolutional layers, which provide a balance between computational efficiency and feature 
extraction capability. More complex architectures such as ResNet or DenseNet were considered, but 
the simpler model was selected due to the relatively small dataset size and the need for a model that 
could achieve good performance with limited training time. While deeper architectures could offer 
potential accuracy improvements, they may also introduce overfitting, especially with smaller 
datasets, and require higher computational resources. 
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2.4 Implementation 
The implementation is carried out using TensorFlow and Keras. The cleaned and prepared 

dataset is then used to train the model. 
1. Dataset Splitting 

The dataset is divided into two parts: 80% for training and 20% for validation. This 
splitting is done stratified to ensure a balanced class proportion in both subsets. 

2. Data Normalization 
The images in the dataset are normalized using a rescaling layer that converts pixel 

values from 0-255 to 0-1. This normalization is performed to accelerate and stabilize the training 
process. 

3. Data Pipeline Optimization 
The dataset is cached and prefetched using the TensorFlow Data API to reduce wait 

times during training and ensure that data is always available for processing by the model. 
4. Model Training 

The model is trained for 50 epochs using the training dataset, and the model’s 
performance is evaluated on the validation dataset at the end of each epoch. Training is conducted 
using the backpropagation method with the Adam optimizer. 

2.5 Testing 
Testing is conducted by evaluating the model’s performance on the validation dataset after 

the training process is completed. The evaluation is done by measuring accuracy and loss on the 
validation dataset. The evaluation results show the accuracy and loss achieved by the model during 
training. Additionally, the model is assessed using other classification metrics such as precision, 
recall, and F1-score. The model is used to predict labels on the validation dataset, and the predicted 
results are compared with the actual labels to generate a confusion matrix. The confusion matrix is 
visualized as a heatmap for further analysis. 
2.6 The Analysis of the Test Results 

The analysis of the test results is conducted to assess the model’s performance in classifying 
bladder tissue images. Accuracy and loss during training and validation are plotted to observe trends 
and model performance. The accuracy and loss graphs indicate that the model achieves good 
convergence during training. The generated classification report shows metrics such as precision, 
recall, and F1-score for each class. These results provide a more detailed overview of the model’s 
performance across classes and help identify classes that may require further attention. 

The confusion matrix is used to analyze the model’s performance in predicting each class. 
This matrix displays the number of correct and incorrect predictions for each class, facilitating the 
identification of classification errors. The model’s prediction results are visualized with a heatmap 
of the confusion matrix to provide a visual representation of model performance. This visualization 
aids in understanding the distribution of predictions and the classification errors made by the model. 

3. RESULTS AND ANALYSIS 
This research utilizes an open-source dataset from Kaggle titled "Endoscopic Bladder Tissue 

Classification," consisting of 1,754 images. The entire dataset is used, which includes four classes: 
HGC, NST, LGC, and NTL. The dataset contains 469 images for the HGC class, 504 images for the 
NST class, 647 images for the LGC class, and 134 images for the NTL class. 

The next step involves creating the CNN deep learning model. The model used in this 
research is implemented in Python using Google Colaboratory. The coding process requires several 
package libraries to facilitate computation, including TensorFlow, and for data visualization, the 
necessary libraries are Matplotlib and Seaborn. 

Before proceeding to the model training phase, the data is separated into training and 
validation sets. The validation data is a portion of the dataset used to check whether the deep learning 
model can operate efficiently and correctly. In this testing phase, 20% of the total dataset per class is 
used for validation. The division of training and validation data is shown in Table 2. 
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Table 2. Data Splitting for Training and Validation 
Class Training Data Validation Data 
HGC 375 94 
LGC 403 101 
NST 518 129 
NTL 107 27 

The next stage is training the data. In deep learning, the training data is a collection of data 
used to train or build the model. The data used for training has image dimensions of 180x180 pixels 
and a batch size of 32. Matplotlib and Seaborn library packages are used to facilitate the visualization 
of the training data, allowing the displayed training data to be labeled for easier identification. 

The following step is to build the model for classifying endoscopic images. In general, the 
CNN model consists of several modeling process steps, including convolution, pooling, flattening, 
and fully connected layers. The model filtering process is illustrated in Figure 3 and Table 3. 

 
Figure 3. CNN Model 

Table 3. CNN Model 
Layer (type) Output Shape Parameter # 
rescaling_1 (Rescaling) (None, 180, 180, 3) 0 
conv2d (Conv2D) (None, 180, 180, 16) 448 
max_pooling2d (MaxPooling2D) (None, 90, 90, 16) 0 
conv2d_1 (Conv2D) (None, 90, 90, 32) 4640 
max_pooling2d_1 
(MaxPooling2D) 

(None, 45, 45, 32) 0 

conv2d_2 (Conv2D) (None, 45, 45, 64) 18496 
max_pooling2d_2 
(MaxPooling2D) 

(None, 22, 22, 64) 0 

flatten (Flatten) (None, 30976) 0 
dense (Dense) (None, 128) 3965056 
dense_1 (Dense) (None, 4) 516 
Total Parameters 3989156 
Trainable Parameters 3989156 
Non-trainable Parameters 0 

After defining the model architecture, the model is then compiled with the ‘Adam’ optimizer, 
‘SparseCategoricalCrossentropy’ as the loss function, and ‘accuracy’ as the metric. The training 
process is conducted for 50 epochs. The training data is used to train the model to effectively classify 
the images. The results of the training data are presented in the graph shown in Figure 4. 
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Figure 4. Accuracy and Loss (Training and Validation) 

Based on the training results conducted over 50 epochs, both the training and validation 
results approach a value of 1. At epoch 50, the training accuracy achieved is 1.0000, while the 
validation accuracy (val_accuracy) is 0.9629. At this epoch, the loss value is 4.4272e-05 for training, 
and the validation loss (val_loss) is 0.1732. 

The next step is to calculate the accuracy, precision, recall, and F1-score. These values are 
obtained from the confusion matrix. The confusion matrix is a table that contains information about 
the prediction results and actual values with four different combinations. It represents the 
classification results with four values: True Positive (TP), True Negative (TN), False Positive (FP), 
and False Negative (FN). The results of the validation test confusion matrix are shown in Figure 5. 

 
Figure 5. Confusion Matrix 

From the confusion matrix above, there are several values resulting from the validation test, including 
True Positive (TP), False Negative (FN), False Positive (FP), and True Negative (TN) for each class. 
Here is the mathematical calculation for accuracy, precision, recall, and F1 score. 
a. Accuracy. Accuracy represents how accurately a model classifies correctly and is calculated 

using the formula (1) 



IT Jou Res and Dev, Vol.9, No.2, March 2025 : 95 - 107  
 

CNN-based Classification of Bladder Tissue Lesions from Endoscopy Images, Lutviana 

103 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁	× 100% (1) 

=
83 + 133 + 95 + 26

83 + 2 + 2 + 3 + 1 + 133 + 1 + 0 + 1 + 0 + 95 + 1 + 1 + 1 + 0 + 2683 + 133 + 95 + 26 × 100% 

=		
337
350 × 100%	 = 0.9629	 × 100% = 	96.29% 

b. Precision. Precision represents the accuracy of the predictions made by the model relative to the 
actual data, and is calculated using the formula (2). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 	× 100% (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	(𝐻𝐺𝐶) = 	
83

𝟖𝟑 + 1 + 1 + 1	× 100% =	
83
86	× 100% = 	97% 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	(𝐿𝐺𝐶) = 	
133

2 + 133 + 0 + 1	× 100% =	
133
136	× 100% = 	98% 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	(𝑁𝑆𝑇) = 	
95

2 + 1 + 95 + 0	× 100% =	
95
98	× 100% = 	97% 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	(𝑁𝑇𝐿) = 	
26

3 + 0 + 1 + 26	× 100% =	
26
30	× 100% = 	87% 

c. Recall or Sensitivity. Recall describes the model’s success in retrieving relevant information and 
is calculated using the formula (3). 

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁	× 100% (3) 

𝑅𝑒𝑐𝑎𝑙𝑙	(𝐻𝐺𝐶) = 	
83

83 + 2 + 2 + 3	× 100% =	
83
90	× 100% = 	92% 

𝑅𝑒𝑐𝑎𝑙𝑙	(𝐿𝐺𝐶) = 	
133

1 + 133 + 0 + 1	× 100% =	
133
135	× 100% = 	99% 

𝑅𝑒𝑐𝑎𝑙𝑙	(𝑁𝑆𝑇) = 	
95

1 + 0 + 95 + 1	× 100% =	
95
97	× 100% = 	98% 

𝑅𝑒𝑐𝑎𝑙𝑙	(𝑁𝑇𝐿) = 	
26

1 + 1 + 0 + 26	× 100% =	
26
28	× 100% = 	93% 

d. F-1 Score. The F-1 score represents the weighted average of precision and recall and is calculated 
using the formula (4). 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×	
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙 (4) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒	(𝐻𝐺𝐶) = 2 ×	
97%× 92%
97%+ 92% = 94% 



        IT Jou Res and Dev, Vol.9, No.2, March 2025 : 95 - 107 

 CNN-based Classification of Bladder Tissue Lesions from Endoscopy Images, Lutviana 

104 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒	(𝐿𝐺𝐶) = 2 ×	
98%× 99%
98%+ 99% = 98% 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒	(𝑁𝑆𝑇) = 2 ×	
97%× 98%
97%+ 98% = 97% 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒	(𝑁𝑇𝐿) = 2 ×	
87%× 93%
87%+ 93% = 90% 

From the mathematical calculations above, the model performance metrics are presented in 
Table 4. 

Table 4. Model Performance Metrics 
Class Precision Recall F1-Score Support 
HGC 97% 92% 94% 90 
LGC 98% 99% 98% 135 
NST 97% 98% 97% 97 
NTL 87% 93% 90% 28 

After training the model, the evaluation results on the validation dataset show that the model 
achieved a validation accuracy of 96.29%. Overall, the model’s accuracy reached 96%, with average 
precision, recall, and F1-score values of 95% for macro average and 96% for weighted average. 

The imbalance in the number of data between the NTL class and the other classes seems to 
contribute to the model’s decreased performance in classifying non-tumorous lesions. With only 134 
images for the NTL class compared to more than 400 images for the other classes, the model may 
struggle to learn representative patterns from the NTL class. As a result, the precision, recall, and f1-
score values for the NTL class are lower than those for the other classes, at 87%, 93%, and 90%, 
respectively, indicating that the model tends to make more mistakes in distinguishing this class from 
others. 

Several approaches can be taken to address this imbalance issue, such as using oversampling 
techniques or data augmentation to increase the number of images in the NTL class or applying a 
class-weighted loss function to give more weight to errors occurring in the NTL class during training. 
Another alternative is to use focal loss, which is designed to handle data imbalance by focusing on 
errors from minority classes. Implementing these solutions is expected to improve the model’s ability 
to more accurately recognize patterns in non-tumorous lesions. While these techniques were not 
implemented in this study, they represent potential strategies for addressing the class imbalance issue 
in future research. 

The confusion matrix in Figure 5. provides a more detailed view of the prediction errors. For 
example, there are some misclassifications where HGC tissue is classified as NTL and vice versa. 
These errors may be caused by the visual similarity between these tissues or possibly by the 
limitations of the training data available for the NTL class. 

This custom CNN model demonstrates advantages in terms of simplicity and computational 
speed due to its lighter architecture. However, to further enhance performance, several steps can be 
taken, such as adding more training data, especially for the NTL class, or exploring more complex 
model architectures. 

Table 5. Comparison with previous research 
Title Author Year Method Accuracy 

Multiclass Tissue Classification 
of Whole-Slide Histological 
Images using Convolutional 
Neural Networks 

Rune 
Wetteland, 
dkk. [16] 

2019 Convolutional Neural 
Network (CNN) 

93.4% 
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Cystoscopic Image 
Classification by Unsupervised 
Feature Learning and Fusion of 
Classifiers 

Seyyed 
Mohammad 

Reza 
Hashemi, 
dkk. [17] 

2021 Metode pre-trained 
convolutional neural 
network (CNN) 

69,02% ± 
0,19 

Sistem Pengembangan Deteksi 
Kanker Prostat Berbasis Image 
Processing dengan Metode 
Convolutional Neural Network 

Alimin & 
Sigit Riyadi 

[18] 

2022 Convolutional Neural 
Network (CNN) 

93,3%. 

Implementasi Algoritma 
Convolutional Neural Network 
Untuk Mendeteksi Penyakit 
Ginjal 

Fahri Aulia 
Alfarisi 

Harahap, 
dkk. [19] 

2022 Convolutional Neural 
Network (CNN) 

75,17% 

Semi-Supervised Bladder 
Tissue Classification in Multi-
Domain Endoscopic Images 

Jorge F 
Lazo, dkk. 

[20] 

2023 Semi-supervised 
GAN based method 
 

90% 

Klasifikasi Lesi Jaringan 
Kandung Kemih Berbasis CNN 
dari Citra Endoskopi 

Lutviana, 
dkk. 

2024 Metode 
Convolutional Neural 
Network (CNN) 
Custom 

96.29% 

4. CONCLUSION 
In this research, a CNN-based model was developed to classify bladder tissue images 

into four classes: HGC, LGC, NST, and NTL. The model achieved an overall accuracy of 
96%, demonstrating effective performance in identifying cancerous tissues. The precision, 
recall, and F1-score for the HGC, LGC, and NST classes were all above 90%, indicating the model's 
ability to accurately classify these classes. However, the model's performance was slightly lower for 
the NTL class, with a precision of 87% and a recall of 93%, largely due to the limited number of 
images in this class. 

The results highlight the effectiveness of the proposed CNN architecture in classifying 
bladder cancer images, although the imbalanced dataset remains a challenge, particularly for the NTL 
class. Addressing this issue by incorporating advanced techniques such as oversampling, data 
augmentation, or using a class-weighted loss function could improve the model's ability to 
distinguish non-tumor lesions. 

The potential practical application of this study lies in its contribution to automated cancer 
diagnosis, particularly in assisting pathologists with rapid and accurate bladder cancer classification. 
The CNN model could be integrated into clinical workflows, reducing the manual labor and potential 
human error associated with traditional diagnostic methods. However, the primary challenge in 
adopting this model for clinical practice lies in the need to address data imbalance issues, particularly 
for rare or less-represented classes like NTL. Moreover, further validation on larger and more diverse 
datasets will be essential to ensure the model's robustness and generalizability in real-world clinical 
settings. Additionally, the model may require optimization or adaptation to comply with clinical 
standards and regulatory requirements for medical device software. 

This study provides a basis for further research in bladder cancer classification using deep 
learning techniques. Future studies could focus on enhancing model performance for 
underrepresented classes by utilizing more complex architectures or techniques aimed at mitigating 
data imbalance, which could lead to more accurate and reliable classification results. By overcoming 
these challenges, the model holds the potential to significantly streamline and improve bladder cancer 
diagnostics in clinical practice. 
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