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Abstract 

Brain tumor is a dangerous disease that requires accurate diagnosis, but medical datasets often suffer 

from class imbalance, resulting in bias in deep learning-based classification models. This study 

proposes using Categorical Focal Cross Entropy (CFCE) in a Convolutional Neural Network (CNN) 

to address this issue by comparing it with Categorical Cross-Entropy (CCE). CFCE is designed to 

emphasize minority class samples and hard-to-classify examples, thereby reducing the dominance of 

the majority class. Experiments were conducted on a brain tumor dataset with class imbalance, where 

the CNN model with CFCE achieved 84.57% accuracy, 83.57% precision, 85.27% recall, and 83.97% 

F1-score, outperforming the model with CCE (81.30% accuracy, 81.77% precision, 82.83% recall, 

and 81.15% F1-score). These results show that Focal Loss effectively improves the classification 

performance on imbalanced data, with a better ability to detect brain tumors, especially in the minority 

class. This study contributes to developing a more robust and reliable deep learning-based diagnosis 

system for medical applications. 
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1   Introduction 

Brain tumors represent one of the deadliest types of cancer, characterized by high mortality rates 

and often poor prognoses, making early and accurate diagnosis crucial for patient survival. According 

to the Global Cancer Observatory (GCO), in 2022, there were approximately 321,731 new cases of 

brain tumors worldwide, with a staggering 248,500 deaths attributed to this condition, underscoring 

the urgent need for improved diagnostic approaches [1]. Recent advances in Artificial Intelligence (AI) 

and intense learning have revolutionized the medical field by enabling more precise early screening, 

classification, identification, monitoring, and evaluation of treatment outcomes [2-4]. 

Among the various deep learning architectures, Convolutional Neural Networks (CNNs) have 

emerged as a dominant approach for brain tumor classification [5], [6]. CNNs can extract complex 

hierarchical features from medical image data through convolutional, pooling, and fully connected 

layers, providing robust and automated diagnostic support [7], [8]. However, the effectiveness of 

CNNs is highly contingent upon the quality and quantity of training data. Medical imaging data, 

especially in the context of brain tumor diagnosis, presents several inherent challenges, including 

acquisition complexity, high inter-patient variability, limited sample sizes, and significant class 

imbalance [9]. 

Class imbalance poses a significant challenge in machine learning, particularly when the 

distribution of classes within a dataset is unequal. One class (e.g., malignant tumors) is often 
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significantly underrepresented compared to another (e.g., benign tumors), potentially leading to biased 

model predictions.  This occurs when certain classes are heavily underrepresented compared to others, 

leading to biased model performance. The severity of class imbalance can vary across different levels, 

ranging from mild and moderate to high and even extreme cases, where the disproportion between 

classes is exceptionally pronounced [10]. This imbalance can cause the learning process to become 

skewed toward the majority class, reducing the model's sensitivity to minority class samples, which 

are often the most clinically significant [9], [11]. Various data balancing strategies have been explored 

in prior research to address this. Traditional approaches, such as Random Undersampling (RUS) and 

Random Oversampling (ROSE), attempt to correct this imbalance by reducing the number of majority 

class samples or artificially increasing the number of minority class samples [12], [13]. However, these 

methods can disrupt the natural variance of the original data, potentially leading to overfitting or loss 

of critical information [13], [14]. 

A more sophisticated approach uses synthetic data generation techniques like the Synthetic 

Minority Over-sampling Technique (SMOTE). SMOTE generates new minority class samples by 

interpolating between existing samples based on feature proximity, which can help alleviate data 

imbalance without simply duplicating existing data [15]. However, SMOTE has limitations, 

particularly when applied to medical images, as it can produce samples with less realistic visual 

quality, potentially compromising model performance [16]. 

In contrast, deep learning-based approaches, such as Generative Adversarial Networks (GANs) 

and their derivatives, offer a more promising solution by generating high-quality synthetic data through 

adversarial training [17]. GANs consist of two competing neural networks a generator and a 

discriminator trained simultaneously in a zero-sum game to produce highly realistic synthetic data 

[18]. However, GANs also have significant drawbacks, including high computational complexity, long 

training times, and potential instability during the training process [19]. 

Beyond data-level solutions, algorithm-level strategies have also been proposed, including 

modifying the loss function used during training. One promising alternative is the Focal Loss Function, 

initially developed for object detection tasks but increasingly recognized for its effectiveness in 

handling class imbalance [20], [21]. Unlike the conventional Categorical Cross-Entropy (CCE) loss, 

which treats all samples equally [22], Focal Loss dynamically adjusts the weight of each sample based 

on its classification difficulty [21]. This approach reduces the influence of easily classified majority 

samples, allowing the model to focus more on learning the underrepresented minority class, thus 

mitigating the impact of class imbalance. 

This study proposes integrating Focal Loss with Categorical Cross-Entropy (CCE) as 

Categorical Focal Cross-Entropy (CFCE) to enhance the performance of CCE within the CNN 

architecture for brain tumor classification. By comparing the performance of models trained with CCE 

and CFCE, the aim is to demonstrate the effectiveness of this approach in improving the sensitivity 

and overall classification accuracy for minority classes. The dataset employed in this study is of mild 

size, warranting an approach that balances model performance with the validity of outcomes. Given 

the medical nature of the data specifically, MRI (Magnetic Resonance Imaging) scans a paramount 

consideration is preserving data integrity and authenticity (data authenticity) to ensure that their 

representation accurately reflects real-world clinical conditions without excessive manipulation. By 

prioritizing minimal distortion of the original MRI dataset while effectively mitigating class 

imbalance, the selected method ensures that the resulting model remains both statistically robust and 

clinically interpretable. 

This contribution is expected to enhance the reliability of CNN-based diagnostic systems in 

clinical practice, providing a more balanced and robust decision-making framework for medical 

professionals. Ultimately, this research aims to bridge the gap between deep learning advancements 

and practical clinical applications, supporting the development of more precise, reliable, and scalable 

diagnostic tools for brain tumor detection and classification under challenging real-world data 

conditions. 
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2   Research Methods 

The initial phase of this research involves preparing a publicly available dataset, which serves as 

the foundation for training and evaluating the proposed deep learning model. This phase includes 

preprocessing steps to ensure the data is in a standardized format suitable for machine learning, such 

as resizing images, normalizing pixel values, and organizing data into structured directories. The data 

splitting process divides the dataset into distinct subsets for training, validation, and testing. This step 

is essential for achieving accurate and unbiased model evaluation, as it prevents data leakage and 

ensures that the model's performance is assessed on unseen data. Typically, the data is split into 70% 

for training, 15% for validation, and 15% for testing, maintaining the original class distribution to 

address potential class imbalance issues. Below is an our research flow showing in Figure 1. 

 

 

Figure 1 Research Flow 

 

The training phase involves feeding the prepared data into a Convolutional Neural Network 

(CNN) architecture optimized using Categorical Cross-Entropy (CCE) and Categorical Focal Cross-

Entropy (CFCE). This approach comprehensively evaluates the impact of different loss functions on 

model performance, particularly in scenarios with imbalanced class distributions. Finally, the 

evaluation phase assesses the model's predictive capabilities using various performance metrics, 

including accuracy, precision, recall, F1-score, and confusion matrix analysis, providing insights into 

the model's robustness and generalization ability [23]. As illustrated in Figure 1, this process represents 

the structured workflow adopted in this research to develop a reliable brain tumor classification model. 

3   Results and Discussion 

This section presents a comprehensive evaluation of the research results, examining each stage 

in detail. The analysis begins with preprocessing the image dataset, followed by a description of the 

CNN model architecture, including the selected layers, activation functions, and filter sizes. Next, the 

loss function is compared between the baseline Categorical Cross-Entropy (CCE) and the proposed 

method, Focal Loss, reformulated as Categorical Focal Cross-Entropy (CFCE). Finally, the model's 

performance is evaluated using a confusion matrix. 
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3.1 Data Preparation 

The dataset used in this study is sourced from Figshare [24], consisting of a total of 3064 T1-CE 

MRI images taken from 233 patients with three types of tumors: 708 images of meningioma (82 

patients), 1426 images of glioma (89 patients), and 930 images of pituitary tumors (62 patients). The 

dataset exhibits a class imbalance, with the minority-to-majority class ratio ranging from 1:1.53 to 

1:2.1, indicating a mild imbalance characteristic [25]. The dataset consists of images with a resolution 

of 512x512 pixels, and the data is imbalanced. The images are then scaled down to 128x128 pixels. 

The dataset was randomly divided at the image level while maintaining the class distribution into 

training (70%), validation (15%), and test (15%) subsets. Although patient identifiers were available 

in the dataset, they were not used as grouping variables during data splitting in this study. Therefore, 

images originating from the same patient could potentially be distributed across different subsets. The 

training set was used to train the CNN models and update their parameters, while the validation set 

was used to monitor model performance during training. After the training process was completed, the 

final model was evaluated on the held-out test set to obtain the final classification performance. The 

test set was not used for model training or validation. 

 

 

Figure 2 Sample Images from the T1-CE Brain Tumor MRI Dataset 

3.2. Convolutional Neural Network Architecture 

The dataset is trained using the training and validation sets with the CNN algorithm. The CNN 

architecture used for this study is built with the following specifications. A vanilla CNN architecture 

is used due to its low complexity [26], assuming it will perform well with architectures like ImageNet. 

The architecture consists of 32, 64, and 128 convolutional layers, followed by max-pooling layers to 

reduce the feature dimensions generated by each convolution. Afterward, a global max-pooling layer 

is used, followed by a fully connected layer with 64 neurons and a dropout of 0.5 before entering the 

classification layer. The classification layer uses softmax activation with three output classes. The total 

number of parameters in this architecture is 101.699. The batch size was set to 32, and the model was 

trained for 20 epochs. The CNN architecture adopted from the previous study [27] is presented in 

Table 1. 
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Table 1 CNN Architecture for Brain Tumor Classification 

Layers Configuration Output Shape Activation Parameters 

Conv2D 
32 filters, 3 × 3 

kernel 

126 × 126 × 32 ReLu 896 

MaxPooling2D 2 × 2 pool 63 × 63 × 32 - 0 

Conv2D 
64 filters, 3 × 3 

kernel 

61 × 61 × 64 ReLu 18.496 

MaxPooling2D 2 × 2 pool 30 × 30 × 64 - 0 

Conv2D 
128 filters, 3 × 

3 kernel 

28 × 28 × 128 ReLu 73.856 

MaxPooling2D 2 × 2 pool 14 × 14 × 128 - 0 

GlobalMaxPooling2D - 128 - 0 

Dense 

64 64 L2 

regularization, 

ReLu 

8.256 

Dropout 0.5 64 - 0 

Dense 3 3 Softmax 195 

Total    101.699 

 Table 1 presents the architecture of the CNN model used in this study. The model consists of 

three convolutional blocks followed by GlobalMaxPooling2D and two fully connected layers. The 

convolutional layers use 32, 64, and 128 filters with a 3 × 3 kernel and ReLU activation. The extracted 

features are aggregated using GlobalMaxPooling2D and passed to a 64-unit dense layer with ReLU 

activation and L2 kernel regularization. A dropout layer with a rate of 0.5 is applied before the final 

three-unit softmax layer. The complete architecture and parameter configuration are presented in Table 

1. The model contains 101,699 trainable parameters. 

3.3. Categorical Focal Cross Entropy 

Categorical Focal Cross Entropy (CFCE)  is an extension of  Categorical Cross Entropy (CCE) 

designed to address class imbalance by assigning higher weights to misclassified or uncertain samples 

through a focusing parameter (γ) [28]. While CCE treats all samples uniformly, CFCE dynamically 

downweights the contribution of well-classified samples (high-probability predictions) and 

emphasizes those with higher uncertainty or misclassification, thereby improving model performance 

on minority classes or imbalanced datasets. This makes CFCE particularly effective in scenarios such 

as rare object detection or medical classification, where dominant classes may otherwise bias the 

learning process. The adaptive weighting mechanism enhances focus on challenging samples, leading 

to more robust generalization in skewed data distributions. The CFCE is defined by the following 

formula. 

𝐶𝐸(𝑦, 𝑦̂) = ∑ 𝑦𝑖  𝑙𝑜𝑔(𝑦𝑖̂)
𝐶

𝑖=1
 (1) 

Where 𝐶𝐸(𝑦, 𝑦̂) represents categorical cross entropy loss. 𝑦𝑖 is the true label (0 or 1 from each 

class) derived from one-hot encoding and 𝑦𝑖̂ is the predicted probability for each class 𝑖 with 𝐶 

representing the number of classes. Focal Cross Entropy is defined as [29]:  

𝐹𝐿(𝑝𝑡)  =  𝛼(1 −  (𝑝𝑡))𝛾 × 𝐶𝐸(𝑦, 𝑦̂) (2) 

𝐹𝐿(𝑝𝑡) is the categorical focal cross entropy, 𝛼 balances the positive and negative values, and 

the 𝛾 parameter adjusts the level of down-weighting for easy samples. When 𝛾 = 0, FL becomes 

equivalent to CE, but increasing 𝛾 amplifies the modulation effect, to calculate 𝑝𝑡 describe in equation 

(3) and in this experiment parametter used is 𝛼 = 0.25 and 𝛾 = 2.0. These parameter values were used 

as the predefined configuration of CFCE and were not determined through an ablation study. 
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𝑝𝑡  =  {
𝑝

1 − 𝑝
   𝑖𝑓 𝑦 =  1

    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (3) 

3.4. Adam Optimizer 

Adam is an adaptive optimization algorithm with several advantages for training neural network 

models. It automatically adjusts the learning rate for each parameter, making it suitable for various 

data and models. Adam is efficient in estimating gradients and squared gradients, effective for 

fluctuating data, and has adjustable settings. The number of learning rate (lr) used is 0.001, beta1 is 

0.9, beta2 is 0.999, and epsilon value is 1e-07. The algorithm combines the first and second moments 

of the gradients to update parameters. The following equation (4-8) shows Adam's calculation [23], 

[27]: 

 

𝑚1 =  𝑏𝑒𝑡𝑎1 × 𝑚1 + (1 − 𝑏𝑒𝑡𝑎1) ×  𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡 (4) 

𝑚2 =  𝑏𝑒𝑡𝑎2 × 𝑚2 + (1 − 𝑏𝑒𝑡𝑎2) ×  𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡 (5) 

𝑚1ℎ𝑎𝑡  =  𝑚1 ÷  (1 −  𝑏𝑒𝑡𝑎1𝑡) (6) 

𝑚2ℎ𝑎𝑡  =  𝑚2 ÷  (1 −  𝑏𝑒𝑡𝑎2𝑡) (7) 

𝑝 =  𝑝 −  𝑙𝑟 ×  𝑚1̂   ÷  (√𝑚2̂ +  𝑒𝑝𝑠𝑖𝑙𝑜𝑛) 
(8) 

3.5. Modeling and Model Evaluation Results 

The model's performance was evaluated by training the CNN on the training dataset and testing 

it using the validation data. The training results are shown in Figure 3 below. 

 
Figure 3 Model Training Results: Loss and Accuracy Comparison 

Figure 3 shows that the model with Categorical Focal Cross Entropy (CFCE) achieved a lower 

loss of 0.390 compared to Categorical Cross Entropy (CCE) at 0.404, indicating that CFCE performs 

better in minimizing classification errors, especially for complex samples from minority classes. 

Regarding training accuracy, Categorical Focal Cross Entropy also outperforms CCE, with an 

accuracy of 84.10% compared to 83.96%, highlighting its effectiveness in addressing class imbalance 

without compromising overall model performance. The consistent gap between loss and accuracy 
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further supports the conclusion that CFCE reduces bias towards the majority class while maintaining 

training stability. The validation results can be seen in Figure 5.  

The validation results, shown in Figure 4, confirm that the model with CFCE consistently 

outperforms the CCE approach in various aspects. The validation loss for CFCE is 0.390, significantly 

lower than CCE's 0.444, indicating better generalization and handling of overfitting. The validation 

accuracy is 84.10%, surpassing CCE's 81.30%, which further supports that CFCE is more effective in 

handling class imbalance during validation. The significant difference in both loss and accuracy 

suggests that this approach reduces classification errors and improves overall prediction accuracy, 

especially for more complex cases in the validation set. Next, the model was tested on the test data, 

and the confusion matrices are shown in Figure 5. 

 
Figure 4. Model Validation Results: Loss and Accuracy Comparison 

 

  
(a) (b) 

Figure 5. Confusion Matrics: (a) CCE, (b) CFCE  

Figure 5 presents the confusion matrics (CM) for the model's performance on the test data. The 

values in the CM are used to evaluate accuracy, precision, recall, and F1 score. Accuracy represents 

how well the model predicts correctly, both for positive and negative classes. Precision measures how 

accurate the model is in identifying positive classes, while recall evaluates how well the model 

identifies all positive classes [30]. 



M., Naufal et al  Jurnal Masyarakat Informatika, 17(2), 2026 

 

225 

 

 

Table 2 Model Performance Evaluation on Test Data with Class Imbalance Handling Techniques 

Algorithm Accuracy Precision Recall F1-score 

CNN  81.30 81.77 82.83 81.15 

CNN - Class Weighted [31] 81.74 82.75 84.35 81.80 

CNN - CFCE 84.57 83.57 85.27 83.97 

Bold values indicate the best performance for each evaluation metric among the compared models 

Based on the results in Table 2, the use of Categorical Focal Cross-Entropy (CFCE) in the CNN 

architecture shows a performance improvement compared to Categorical Cross-Entropy (CCE). 

Overall, the CNN-CFCE achieved an accuracy of 84.57%, surpassing CNN-CCE's 81.30%. CNN-

CFCE also resulted in higher precision (83.57%), recall (85.27%), and F1-score (83.97%) compared 

to CCE (81.77%, 82.83%, and 81.15%, respectively). These results demonstrate that CFCE is more 

effective at addressing class imbalance, as it reduces the learning on the majority class and focuses on 

complex (hard) samples, thus improving classification performance on imbalanced datasets. 

In addition, one of the common strategies to handle class imbalance is the use of class weighting, 

as adopted in [31]. When applied to our dataset (CNN - Class Weighted), this approach achieved a 

slight performance improvement over the baseline CNN-CCE, with accuracy increasing to 81.74% 

and gains observed in precision (82.75%), recall (84.35%), and F1-score (81.80%). This indicates that 

class weighting can help balance the contribution of each class during training, mitigating bias toward 

the majority class, although in this experiment CFCE yielded a more substantial improvement. 

To further examine the interpretability of the CNN model, Score-CAM was applied to visualize 

the image regions contributing to the model's predictions. Figure 6 presents Score-CAM visualizations 

for representative images from the meningioma, glioma, and pituitary tumor classes. The original MRI 

images are shown alongside their corresponding Score-CAM heatmaps, where warmer colors indicate 

regions with higher activation. 

 
Figure 6. Score-CAM Visualizations of Representative Model 
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As shown in Figure 6, the Score-CAM visualizations, extracted from the last convolutional layer, 

indicate that the model correctly classified the representative images with relatively high confidence; 

however, the highlighted regions are not consistently concentrated on the tumor areas. In several cases, 

the activation extends to the surrounding brain structures, skull boundaries, and peripheral regions of 

the image. This suggests that the model may rely on broader image characteristics rather than 

exclusively focusing on the tumor region when making its predictions. Therefore, the high 

classification performance should not be interpreted as evidence that the model has learned clinically 

meaningful tumor localization. These findings highlight an important limitation of the current CNN 

model in terms of interpretability and indicate the need for further XAI and localization analysis in 

future studies. 

 

4   Conclusion 

The research conducted using a CNN model evaluated the effectiveness of Categorical Focal 

Cross-Entropy (CFCE) compared with Categorical Cross-Entropy (CCE) for brain tumor classification 

on a mildly imbalanced dataset. The CNN model with CFCE achieved an accuracy of 84.57%, 

precision of 83.57%, recall of 85.27%, and F1-score of 83.97%, compared with 81.30%, 81.77%, 

82.83%, and 81.15%, respectively, for the CNN model with CCE. These results indicate that the use 

of CFCE in the evaluated CNN configuration yielded higher classification performance than CCE on 

the investigated dataset. The success of CFCE can be attributed to its ability to address class imbalance, 

focus training on complex examples, and reduce bias towards the majority class, ultimately enhancing 

brain tumor detection. In addition, the implementation of class weighting, as proposed in [31] and 

applied to this dataset, also resulted in a modest improvement over the baseline CCE, indicating that 

balancing the contribution of each class during training can partially mitigate the negative effects of 

imbalance. However, the performance gap between class weighting and CFCE highlights that while 

both methods address imbalance, CFCE offers a more adaptive and targeted approach, making it 

particularly effective for medical imaging tasks where minority class detection is critical. For future 

research, a patient-wise data split is recommended to prevent data leakage between training and testing 

sets and to ensure a more robust and clinically realistic evaluation of the model's generalizability. 
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