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They can slowly alter how someone thinks, moves, remembers, or speaks, and many people only discover the 
problem once the symptoms have silently progressed. Each year, over 300,000 people around the world are 
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decision-making, yet manual interpretation of MRI scans remains time-

consuming and prone to human variation. This study presents an automated 

for distinguishing tumor and non-tumor brain MRI images. A curated dataset 

demonstrating a notable improvement over the baseline CNN accuracy of 

for use in supportive diagnostic workflows or resource-constrained 

environments.
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diagnosed with brain and central nervous system tumors, which shows how serious and widespread the issue 

abnormalities because they give clear images of brain tissue without exposing patients to radiation. Even then, 
the process of reading MRI scans is not always clear-cut. Radiologists often face blurred tumor boundaries, 
changes in image quality, and variations in how tumors appear. When many scans have to be reviewed in a 

Deep learning has become an important support technology in medical imaging because it can learn patterns 
directly from images. CNN-based models have already shown good results in similar tasks, but they usually 
require large datasets and strong hardware. This is not always available in smaller hospitals, academic labs, or 

unreliable. This is a practical research graph to build a model that still performs well even when the data is 
limited.

students or smaller research groups. The results show that, with the right training approach and preprocessing 

medical experts, but they can assist with initial screening and reduce the workload in situations where early 

 

MRI provides high-resolution visualization of soft tissue and is widely used to detect structural abnormalities 

Deep learning, especially CNNs, has gained attention because it automatically extracts meaningful features 
from images, reducing the dependency on handcrafted methods traditionally used in medical imaging.

Most existing studies rely on large, well-curated datasets that are not always available in real hospital or 

many high-performance models require heavy computational resources, which limit their practical use outside 

reliably even with restricted data and hardware.

This makes it suitable for academic projects, preliminary screening applications, and resource-limited medical 

CNN when trained on a small dataset of MRI scans, and whether such an approach can still deliver meaningful 
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Several researchers have explored automated approaches for analyzing brain MRI images to support early 

irregular shapes and unclear boundaries, and emphasized the role of machine learning in improving diagnostic 
consistency [1]. Researchers working with CNN architectures demonstrated that deep-learning models can 
automatically extract meaningful visual features from MRI scans, reducing dependency on manual feature 

system is illustrated in Fig.1, and each stage is described in detail in the following subsections.

axial MRI slices were selected for model training. The dataset distribution is provided in Table 1.

Dataset Distribution

Tumor
Non-tumor 98
Total

Before model training, all MRI images were processed to ensure uniformity and enhance the model’s 
learning capability. The following preprocessing steps were applied:

settings.

represented.
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Example MRI images from the dataset of six cases, including tumor and normal (non-tumor) are shown in 
Figs.(1, 2).

  

  

  

 Sample MRI Images of Non-Tumor Case-1

 Sample MRI Images of Non-Tumor Case-2

 Sample MRI Images of Non-Tumor Case-3

Figure 1 shows the cases of normal brain MRI scan images of three sample cases.

 Sample MRI Images of Tumor Case-1
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 Sample MRI Images of Tumor Case-2

Sample MRI Images of Tumor Case-3

Figure 2 shows the cases of abnormal brain tumor MRI scan images of three sample cases.

Two separate deep-learning models were developed to compare baseline performance with transfer-learning 
performance:

A simple Convolutional Neural Network was created using convolution layers, ReLU activation, max-

to evaluate how well a lightweight architecture performs when trained on a small MRI dataset.

high accuracy with fewer parameters compared to traditional CNNs. The model was loaded with pre-trained 

aligns with the requirements of this study.

using the Keras Image Data Generator. The training process was carried out on both the custom CNN and the 

are summarized in Table 2.
Figure 3 shows a sample brain MRI image used as input for model training and validation. This grayscale 
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Sample brain MRI image used for brain tumor model training and validation

1. The CNN model consisted of multiple convolution layers with ReLU activations and max-pooling 

2. The model was trained for 10 epochs with a batch size of 32, using the Adam optimizer and binary 
cross-entropy loss.

loss and accuracy trends, respectively.

 
 Training & Validation Loss vs Epochs
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Training & Validation Accuracy vs Epochs

3. Training was performed for 10 epochs, using the same batch size and optimizer.

the accuracy and loss curves across epochs.
 

 Training & Validation Loss vs Epochs 
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Training & Validation Accuracy vs Epochs

Training Parameter

CNN 10 32 Adam BinaryCross-Entropy No
10 32 Adam BinaryCross-Entropy

on unseen MRI images.

CNN in both accuracy and loss.

Model Performance Metrics

CNN

The detailed training and validation performance of both models is presented in Table 3.The developed 
models were evaluated on the test dataset of 126 MRI images, which included both tumor and non-tumor 
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was more reliable in detecting tumor regions, minimizing false negatives, a critical factor in medical diagnosis.A 

Model Performance Comparison

CNN(Baseline)
0.86

Detecting brain tumors is not just a technical challenge;it is a matter of human lives. Even a small 
misdiagnosis can have profound consequences for a patient and their family. In this study, the baseline  
CNN model performed moderately well, capturing the general patterns of tumor and non-tumor MRI scans. 

scenarios.

highlighting the power of modern AI tools when applied thoughtfully. By leveraging knowledge from millions 
of pre-trained images, the model could recognize nuanced patterns that might escape simpler architectures. 

additional layer of reliability that can support radiologists in their decision-making.
From a human perspective, this research shows how technology can be a true ally in healthcare. The models 

diagnoses, which could ultimately save precious time for treatment. Every MRI image analyzed is a potential 
life impacted, and knowing that AI can assist in making these assessments more accurate is both motivating 
and humbling.

Moreover, the study underscores a hopeful reality: even with a small dataset, careful model design and 
transfer learning can create meaningful results. This opens doors for hospitals and clinics with limited resources, 
showing that advanced diagnostic tools are not limited to large research institutions.

In essence, this work is more than just numbers and graphs. It’s a step toward a future where AI and human 
expertise collaborate to detect brain tumors early, accurately, and compassionately, helping doctors save lives 
and giving patients hope.

 In the future, the model can be extended to 

 Instead of only classifying, we could integrate segmentation 

is in the MRI. This would make the system more clinically useful. 
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 Adding interpretability (like Grad-CAM or other saliency methods) will help 
doctors understand why the model is predicting a tumor, and which region is most responsible. This 
builds trust.

Rather than relying on completely random MRI images, 

This could improve performance and reliability.

 Collect more MRI scans or use other datasets, 

larger, varied datasets generalize much better.

 Develop a user-friendly tool (web app or desktop software) that 
radiologists can use to upload MRI scans and get predictions, along with heatmaps or segmented regions.

Explore newer lightweight architectures (or custom 

devices.

aiming to distinguish between tumor and non-tumor brain MRIs. While the initial CNN model showed promise 

when working with small datasets.

even in resource-constrained scenarios.
In essence, the success of this project lies in the combination of human insight and AI power. While the 

decision-making in critical domains such as healthcare. Beyond the numbers, this work underscores a broader 
impact: AI can serve as a reliable companion to medical professionals, supporting faster and more accurate 
diagnoses, and ultimately, helping to save lives.
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