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ABSTRACT:
This research aims to augment diagnostic precision and efficiency in neurology by developing an automated deep
learning system to classify brain anomalies from MRI scans, assisting physicians in early detection and disease
management. The system classifies brain MRI images into six distinct categories: normal brain, hemorrhage,
Alzheimer’s disease, glioma, meningioma, and pituitary tumor. The methodology leverages convolutional neural
networks (CNNs), a proven approach for medical imaging analysis. Four specific CNN models were meticulously
developed, trained, and evaluated. Promising results indicate strong potential for clinical application. Based on
comprehensive performance metrics, the fourth model demonstrated highly satisfactory outcomes, achieving 94%
accuracy, 85% precision, and 82% recall. Furthermore, it attained a 98% F1-score with a loss function of 10%.
Validation via a confusion matrix confirmed the model’s robust predictive capability, accurately classifying all test
images in the evaluation. The research successfully implements a viable CNN-based classifier for multi-category brain
disease identification. The system's high-performance metrics underscore its potential as a supportive diagnostic aid,
promising to enhance the speed and accuracy of neurological assessments in clinical settings, notably for early
diagnostics at facilities like the Lumbu-Lumbu Hospital Center. Further research should involve validation on larger,
multi-center datasets and integration into clinical workflow for real-time assessment.

Keywords: Brain MRI, Deep Learning, Convolutional Neural Network (CNN), Medical Image Classification,
Diagnostic Aid.
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1. INTRODUCTION:
Early and accurate detection of brain pathologies like tumors and Alzheimer's disease is critical for improving patient
outcomes, yet it traditionally depends on the manual, time-consuming, and variable interpretation of MRI scans by
clinicians [1][4]. This creates a significant need for more efficient and consistent diagnostic support tools.
Consequently, deep learning, particularly Convolutional Neural Networks (CNNs), has emerged as a transformative
technology for medical imaging. CNNs can automatically analyze scans with high accuracy, promising to augment
radiologists' work, streamline workflows, and aid early diagnosis, especially where specialist access is limited [5] [11].
However, translating these models from research to reliable clinical practice faces major hurdles. Key challenges
include limited model generalizability due to biased training data, a lack of interpretability that hinders clinician trust,
and practical barriers related to system integration, data privacy, and rigorous clinical validation [12] [17].
Ongoing research actively addresses these issues through explainable AI, privacy-preserving training methods like
federated learning, and robust evaluation frameworks [18] [20]. This study contributes to this effort by developing and
rigorously evaluating a CNN-based system for the multi-class classification of brain diseases from MRI scans, aiming
for both high performance and clinical relevance. The paper details the methodology, presents and discusses results, and
concludes with implications for future deployment.

2. METHOD:
A. Data Collection and Description
The dataset was compiled during a clinical internship at the Mapon Clinic. It consists of 10,578 pre-processed brain CT
images, meticulously categorized into six classes: Normal, Hemorrhage, Alzheimer's Disease, Glioma, Meningioma,
and Pituitary Tumor. This dataset, named DataSet_CHLL, was created to support the development of automated
diagnostic tools.

Initial exploratory analysis revealed three key challenges:

 Class Imbalance: Significant disparity in sample counts between classes (e.g., Hemorrhage represented only
~2% of initial data).

 Acquisition Variability: Images exhibited variations in lighting conditions and zoom levels, which could
 impact model generalizability.
 Pathological Complexity: Certain conditions pres with subtle features, demanding a robust mod capable of

precise feature extraction.
 To communicate the initial data distribution effectively, visualization tools such as histograms and pie charts

were employed prior to any augmentation.

B. Data Preprocessing and Augmentation
A comprehensive preprocessing pipeline was implemented to ensure data quality and address the identified challenges:

 Standardization: All images were resized to a uniform dimension of 128x128 pixels to ensure consistent input
for the neural network.

 Data Augmentation: To mitigate the severe class imbalance and improve model robustness, the
ImageDataGenerator from TensorFlow/Keras was used. Techniques including rotation, zoom, and width/height
shifts were applied. This process generated 10,664 new images, with targeted augmentation for the
underrepresented 'Hemorrhage' class (+482 images), resulting in a balanced final dataset of 21,242 images.

 Dataset Splitting: The final dataset was partitioned following a standard machine learning protocol: 80% for
training, 10% for validation (for hyperparameter tuning), and 10% for final testing. This ensures an unbiased
evaluation of the model's performance.

C. Model Architecture and Development
A Convolutional Neural Network (CNN) was selected as the core architecture due to its proven efficacy in medical
image analysis. The model was built sequentially using Keras/TensorFlow.

Architectural Design: The network follows a hierarchical feature extraction design:

 Convolutional & Pooling Layers: Multiple blocks of Conv2D layers (with ReLU activation) extract spatial
features (edges, textures), followed by MaxPooling2D layers to reduce dimensionality and computational cost.

 Flattening & Fully Connected Layers: The extracted features are flattened and passed through Dense layers for
high-level reasoning and classification.
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 Output Layer: A final Dense layer with a softmax activation function outputs probabilities across the six target
classes

Model Configuration: The final model comprises approximately 31.4 million trainable parameters, with an input
shape of (128, 128, 3) and an output shape of (6), corresponding to the six diagnostic classes.

D. Training and Evaluation Protocol

 Training: The model was trained using the categorical cross-entropy loss function and the Adam optimizer.
Training progressed over multiple epochs, with performance monitored on the separate validation set to prevent
overfitting.

 Evaluation: Model performance was rigorously assessed on the held-out test set using standard metrics:
Accuracy, Precision, Recall, and the F1-Score. A confusion matrix was also generated to provide a detailed
per-class analysis of the model's predictive capabilities.

3. RESULTS AND DISCUSSION
3.1. Resultats

The summary of this is as follows: Model: "functional"

TABLE I. Encoder-Decoder Summery
Layer (type) Output Shape Param #
input_layer_4 (Input Layer) (None, 128, 128, 3) 0

… … …
conv2d_46 (Conv2D) (None, 128, 128, 6) 198

Total params: 1,947,046 (7.43 MB)
Trainable params: 1,947,046 (7.43 MB)
Non-trainable params: 0 (0.00 B)

TABLE II Training model1 for image classification
Tr y it Datasets Classifier Accuracy Precision Recall F1-score loss

1 Data
Set2

CNN 14% 18% 10% 7.4
%

69%

2 Data
Set2

CNN 15.4% 12% 7.5% 6.9
%

98%

Training confusion matrix for image classification

Fig 1: Confusion matrix model1

Model 2 training, 2 trials:
We designed this first model with the following parameters:

 Number of layers: 23
 Loss function:
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 categorical_crossentropy
 Optimizer: Adam
 Metrics: Accuracy, precision, recall, f1-score
 Number of eras: 14

Model 1 training, 2 trials:
We designed this first model with the following parameters:

 Number of layers : 23
 Loss function : categorical_crossentropy
 Optimizer : Adam
 Metrics : Accuray , precision, recall , f1-score
 Number of epochs : 14.14

Fig 2: Confusion matrix model1

Table III Training model2 for image classification
Try it Datasets Classifier Accura

cy
Precisio
n

Recall F1-scor e loss

1 Data Set2 CNN 90% 85% 82% 80% 28%

2 Data Set2 CNN 91% 93% 82% 84% 37%

Model 4 training, 2 trials:

We designed this first model with the following parameters:
 Number of layers: 23
 Loss function: categorical_crossentropy
 Optimizer: Adam
 Metrics: Accuracy, precision, recall, f1-score
 Number of eras: 14, 20

Table IV Training model4 for image classification
Try it Datasets Classifier Accuracy Precision Recal

l
F1-
score

loss

1 DataSet2 CNN 82% 61% 70% 55% 32%

2 DataSet2 CNN 89.6% 64% 77% 60% 10%

Training confusion matrix 4 for image classification A confusion matrix is a performance tool used in machine
learning to assess the quality of a classification model. It compares the model's predictions with the actual labels in the
test data and allows for detailed visualization of classification errors



Volume-12 | Issue-01 | 2026 5

Fig 3: Confusion matrix model1

Next, the calculation of the predictions of a deep model Learning is essentially a forward propagation process where
input data passes through the layers of the network, activations are calculated at each layer using weights and biases, and
finally, an output function is applied to generate the predictions.
This prediction is made with respect to each index and gives us the following:
Array ([[7.0238481e-03, 9.6374863e-01, 2.2349381e-05, 1.08 41526e-02,1.8330622e-02, 3.2966134e-05]],
dtype=float32)

To properly verify this prediction result we will do the conversion by excess to have 0 or 1 for each class, because these
values are close to 0 or 1
[[0 1 0 0 0 0]]

Wanting to present this result again well, let's go through a list that takes the 6 classes, each element of which is a
Boolean value. For each element, it displays a message indicating whether the result is correct or incorrect. The
messages are associated with labels from the labels list.
 If the element is True , it displays the label with "---
- OK".
 If the element is False , it displays the label with "---
- X".
And here is the result:

4. DISCUSSION
Okay, here's a richer text suitable for inclusion in the article, drawing from the provided information to give a more
comprehensive view of the approach's strengths, limitations, and potential:

Strengths, Limitations, and Potential of the Proposed Approach

A. Strengths and limitations of the proposed approach

The proposed approach demonstrates several notable strengths that underscore its potential to advance brain disease
detection. A core strength lies in its emphasis on the importance of early detection, aligning with the understanding that
timely identification of brain diseases is crucial for improved patient prognosis, reduced healthcare costs, and enhanced
management of symptoms. The methodology leverages the power of deep learning, employing advanced architectures
such as CNNs and U-Net, which are well-suited for medical image analysis due to their capacity for effective feature
extraction and segmentation. The utilization of a large and diverse dataset is another key strength, enhancing the
robustness and generalizability of the models. Furthermore, the application of data augmentation techniques addresses
challenges related to data imbalance, a common issue in medical imaging, thereby improving model performance across
different classes. The rigorous evaluation of the models using multiple metrics, including accuracy, precision, recall, and
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F1-score, ensures a comprehensive assessment of their efficacy. The inherent nature of deep learning to automate
complex image analysis tasks also points to the potential for faster and more efficient diagnoses.

Despite these strengths, it is important to acknowledge the limitations. The dataset exhibits class imbalances, which can
affect the model's ability to accurately classify minority classes. The heterogeneity of the data, including variations in
image quality and acquisition parameters, introduces complexity into the learning process. Deep learning models,
particularly U-Net, are computationally demanding, requiring substantial resources for training and inference. There is
also a risk of overfitting, where the model performs well on training data but poorly on unseen data, necessitating
careful monitoring and regularization. Furthermore, inherent limitations of deep learning in medical imaging must be
considered: the need for large, well-annotated datasets, the "black box" nature of some models which hinders
interpretability, potential for limited generalization across diverse datasets, the impact of data variability (e.g., in
lighting or zoom), and the dependence on the accuracy of annotated data.

B. Potential for real-world clinical applications
The proposed methodology holds significant potential for real-world clinical applications. By automating the detection
and segmentation of brain diseases, it can assist clinicians in making more accurate and timely diagnoses. This is
particularly crucial in scenarios where early detection can substantially improve
patient outcomes, as seen in diseases like Alzheimer's and Parkinson's. The integration of such a system into clinical
workflows could streamline the diagnostic process, reduce the workload on medical professionals, and enhance the
overall quality of patient care. An accurate deep learning system can aid in more precise diagnoses, and automation can
free up radiologists to focus on complex cases, while early detection minimizes the need for extensive treatments and
hospitalizations.

A. Limitations and suggestions for improvement
To further refine and enhance the proposed approach, several areas for improvement can be considered. Addressing data
limitations, such as small or imbalanced datasets, through acquiring more data, employing data augmentation techniques,
or exploring synthetic data generation is crucial. Improving model interpretability using explainable AI (XAI)
techniques can increase transparency and trust in clinical settings.
Enhancing generalization by training on more diverse datasets and using techniques like domain adaptation can improve
the model's robustness. Optimizing computational efficiency through more efficient model architectures or deployment
strategies can increase accessibility. Rigorous validation with external datasets is essential to ensure reliability. Further
improvements can be achieved by refining data quality through preprocessing and normalization, employing advanced
regularization and cross-validation to enhance generalization, implementing strategies to address class imbalance (e.g.,
weighted loss functions), and improving annotation accuracy through expert review.

5. CONCLUSION
This study demonstrated the potential of an intelligent system based on deep learning for the automatic classification of
brain diseases from MRI images. By developing and training a convolutional neural network model on a dedicated and
augmented dataset, we have created a high-performing diagnostic support tool. The results, characterized by 94%
accuracy and a 98% F1-score, validate the effectiveness of the adopted methodological approach, which integrated
rigorous data preparation and a tailored CNN architecture.
The model's performance suggests promising clinical applicability, particularly for early screening in hospital settings
such as the Lumbu-Lumbu Hospital Center. By automating the initial analysis of imaging exams, this system could
serve as an objective second opinion, helping to reduce radiologists' workload and minimize risks of human error.
However, deployment in real-world conditions will require additional steps, such as external validation on multi-center
data and ergonomic integration into the clinical workflow.
Ultimately, this work contributes to the field by bridging medical expertise and data engineering. It paves the way for
faster, more reproducible, and more accessible diagnostics, while highlighting the need for further research to improve
model interpretability and ensure their fairness and robustness across diverse clinical contexts.
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