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Abstract—This project focuses on creating an MRI-based 

automated system to classify medulloblastoma and distinguish 
it from other brain conditions, including glioma, pituitary 
tumors, meningioma, and non-tumor cases. By applying deep 
learning methods, particularly Convolutional Neural Networks 
(CNNs), the system analyzes MRI images to extract key features 
that help in identifying each condition. Data augmentation 
and transfer learning, using models like ResNet, enhance 
classification accuracy and reduce training time. Explainability 
tools such as Grad-CAM add transparency to the model’s 
decisions, supporting its clinical credibility. This tool is designed 
to support radiologists in making quicker and additional 
accurate diagnoses, addressing a few of the challenges of manual 
interpretation. Future advancements will consider integrating 
multi-modal data and applying 3D CNNs to further improve 
classification accuracy and expand its use in neuro-oncology. 
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I. INTRODUCTION 

Brain tumors, including medulloblastomas, gliomas, pitu- 

itary tumors, and meningiomas, present significant diagnostic 

challenges, especially in neuro-oncology, where early and 

precise detection is critical for determining appropriate treat- 

ments. Medulloblastoma, a notably aggressive tumor, is more 

common in pediatric cases, requiring timely intervention for 

better outcomes. Magnetic Resonance Imaging (MRI) con- 

tinues to be the primary tool for tumor detection, although 

manual interpretation is resource-intensive and can be prone 

to errors, especially in regions with limited medical expertise. 

This project introduces an automated classification model 

designed to differentiate between medulloblastoma, glioma, 

pituitary tumors, meningiomas, and non-tumor conditions 

using MRI data. By leveraging deep learning, specifically 

Convolutional Neural Networks (CNNs), the system can auto- 

matically gather critical features from MRI scans. Pre-trained 

models, like ResNet and VGG, are employed through transfer 

learning to enhance efficiency and accuracy. Additionally, data 

augmentation methods, such as image rotations and contrast 

adjustments, are integrated to better handle variations in MRI 

datasets, improving the model’s generalization. With automa- 

tion, the classification process becomes faster and more reli- 

able, potentially reducing the occurrence of diagnostic errors 

and supporting radiologists, particularly in resource-limited 

settings. This system has the potential to improve clinical 

decision-making, facilitating quicker diagnosis of complex 

cases like medulloblastomas. Moreover, the project opens 

avenues for integrating multi-modal data, such as CT or PET 

scans, to further refine diagnostic accuracy in future research. 

 

 
 

II. PROBLEM STATEMENT 

 
Analyzing medical images manually is a demanding task for 

radiologists, often resulting in delays and a higher likelihood 

of human error. As the volume of imaging data grows, 

particularly from complex modalities like MRI and CT scans, 

it becomes more challenging for medical practitioners to 

process all data both accurately and efficiently. Quick and 

precise diagnosis is essential for initiating timely treatment, 

especially when identifying tumors or other abnormalities. 

This highlights the urgent necessity for a self-operating system 

that can analyze medical images accurately and efficiently to 

support modern healthcare needs.This research aims to tackle 

the challenge of developing an effective platform for medical 

image evaluation by employing Convolutional Neural Net- 

works (CNNs). The major objective is to create an intelligent 

solution capable of automatically detecting and classifying 

medical conditions from imaging data, which would improve 

diagnostic exactness and speed while also reducing the bur- 

den on healthcare professionals. Leveraging CNNs’ powerful 

image recognition abilities provides a promising path toward 

building a system capable of precise medical image analysis. 

The key issues to be tackled in this research include: 

1. Data Quality and Availability: Ensuring access to high- 

quality, annotated medical image datasets, and dealing with 

challenges like data imbalance. 

2. Model Accuracy and Generalization: Achieving high ac- 

curacy in detecting and classifying medical conditions while 

ensuring the model extrapolates well across different patient 

demographics and imaging protocols. 

3. Real-time Processing: Designing the system to operate 

efficiently, enabling for swift diagnosis without causing delays 

in the clinical workflow. 

4. Interpretability and Transparency: Implementing methods 

to make the system’s predictions explainable to radiologists 

and healthcare professionals. 

This research seeks to make a contribution to the advancement 

of medical image analysis systems, making them more accu- 

rate, efficient, and suitable for real-world clinical applications. 
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III. RELATED WORKS 

Fresh discoveries in machine learning and medical imaging 

have greatly enhanced diagnostic methods for brain tumors, 

especially in distinguishing medulloblastomas and other tumor 

types through MRI scans. 

Wang et al. [1] conducted a study that used a convolutional 

neural network (CNN) to classify different brain tumors, such 

as gliomas and meningiomas. The research demonstrated that 

CNNs could autonomously identify crucial features from MRI 

images, achieving over 90% accuracy. Trained on a compre- 

hensive dataset of labeled MRI scans, this model portrays how 

deep learning can enhance diagnostic accuracy. 

In another study, Kumar et al. [2] proposed a hybrid model 

that merged traditional image processing with machine learn- 

ing classifiers. They analyzed texture and shape characteristics 

extracted from MRI scans and used support vector machines 

(SVM) for classification. This approach yielded a classification 

accuracy of around 85%, underscoring the value of careful 

feature selection for enhancing model performance. 

Lee et al. [3] explored tumor detection through transfer 

learning techniques, utilizing pre-trained models like VGG16 

and ResNet to classify MRI images of brain tumors, including 

medulloblastomas. Their findings showed that transfer learning 

significantly reduces training duration while preserving high 

accuracy, reaching over 88% accuracy in differentiating tumor 

types. 

Zhang et al. [4] introduced a multi-modal approach that 

combined clinical data with MRI imaging to strengthen tumor 

classification. They used ensemble learning techniques to 

improve performance, showing that combining various data 

sources can increase diagnostic accuracy. 

Lastly, Patel et al. [5] focused on using advanced MRI 

methods, like diffusion tensor imaging (DTI), specifically 

for classifying medulloblastomas. Their results reflected that 

adding DTI data improved the model’s ability to distinguish 

medulloblastomas from other brain tumor types, achieving 

87% accuracy. 

In unison, these studies demonstrate how combining deep 

learning, hybrid models, and multi-modal approaches can 

significantly advance MRI-based brain tumor classification and 

improve diagnostic outcomes. 

IV. ARCHITECTURE 

Typically this process can be divided into 7 steps: 

 
A. Data Acquisition 

 
The process begins by collecting a dataset, potentially 

from medical images such as MRI scans (as suggested by the 

brain scan in the diagram). This can involve acquiring images 

from a medical imaging device, such as a scanner, or using 

publicly available datasets. The images collected are often 

2D slices of MRI data or other imaging modalities like CT, X-

ray, or ultrasound. In medical contexts, datasets can also 

include labels or annotations indicating regions of interest, 

such as tumors or abnormalities. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig 1. System Architecture 

 
B. Data pre-processing 

 
1. Resizing: Standardizing all images to a fixed size to 

ensure uniform input into the CNN model (e.g., 224x224 

pixels). 

2. Data Augmentation: Techniques like rotation, flipping, and 

zooming are applied to expand the dataset artificially and 

reduce overfitting. 

 
C. CNN Model 

 
In the InceptionV3 architecture, convolutional layers are 

tasked with identifying and extracting significant elements 

from the input data. Pooling layers subsequently reduce 

the dimensions of these feature maps, thereby enhancing 

computational efficiency. The gleaned elements are then 

processed by fully connected layers, which accomplished 

the classification tasks, such   as   disease   identification. 

The model incorporates the Rectified Linear Unit (ReLU) 

activation function to introduce non-linearity, allowing it to 

recognize complex patterns and improve the learning process. 

Additionally, InceptionV3 employs multiple filter sizes in 

parallel within its layers, which facilitates feature extraction at 

various scales and enhances its capability to handle intricate 

image recognition challenges effectively. 
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D. Model Training 

 
The data collection is dissected into training, validation, 

and test sets to ensure proper model evaluation. For 

classification tasks, cross-entropy loss is frequently used as 

the loss function. During training, optimization algorithms 

like Adam or stochastic gradient descent (SGD) update the 

model’s weights. Backpropagation is applied to suppress 

the error and improve accuracy by modifying the weights 

iteratively throughout the training workflow. 

 

E. Evaluation 

 
After training, the model is analyzed on the validation 

dataset to make sure it generalizes well to unseen data. 

Likewise trained to gauge the proportion of the correct 

predictions along with the classification results. 

 

F. Testing 

 
The model is tested on a separate, unseen test dataset 

to verify its final performance. The test set provides an 

unbiased appraisal of the model’s capacity for generalization 

to new data. 

 

G. Prediction 

 
The output possibly could be a classification label (e.g., tumor 

detected or not), segmentation map (if performing pixel-wise 

classification), or other relevant medical information. 

3. Adam Optimizer with EL Rate Decay 

 
The model utilizes the Adam   optimizer,   which   blends 

the advantages of two popular optimization algorithms: 

Momentum-based Gradient Descent: Uses the exponential 

moving average of past gradients to accelerate convergence. 

Adaptive Gradient Descent (Adagrad): Adjusts the learning 

rate of each parameter individually contingent upon the 

history of updates. 

Furthermore, Adam in this model is used with an Exponen- 

tial Decay Schedule for the training rate: 

The training rate starts at 1e-4 and decays by a factor of 

0.95 every 73 steps. This ensures that the optimizer takes 

large steps at the start of training (to explore the weight 

space) and progressively smaller steps as training progresses 

(to fine-tune the model). 

 

4. Categorical Cross-Entropy Loss 

 
The categorical cross-entropy   error   function   is   defined 

as the negative log probability of the true class labels, which 

promotes the model to assign higher probabilities to the 

correct classes. By minimizing this loss, the model improves 

its ability to make accurate projection on unknown data. 

Additionally, using one-hot encoding for the correct labels 

secures that the error function properly reflects the multi-class 

character of the task, allowing for effective training of the 

model. 

 

V. ALGORITHMS 

1. InceptionV3 
 

The core model in this architecture is InceptionV3, a 

popular convolutional neural network established for use with 

the dataset. InceptionV3 is structured to capture essential 

features at various scales by applying concurrent convolutional 

layers with varied kernel sizes. 

2. Dense Layers with L1-L2 Regularization 

 
Dense (fully connected) layers are incorporated on top 

of the base model to perform classification. The model 

includes two dense layers with ReLU activation, which is 

commonly used in neural networks for introducing non- 

linearity. Additionally, the final dense layer uses a softmax 

activation function for multi-class classification. The L1-L2 

regularization (also called Elastic Net regularization) is used 

in each dense layer: 

L1 Regularization encourages sparsity, driving some 

weights toward zero, which helps the model focus on the most 

important features. 

L2 Regularization penalizes large weights, helping 

prevent overfitting by reducing the model’s complexity. 

 

 

 

 

 
Fig. 2: glioma tumor Fig. 3: meningioma tumor 

 

Fig. 4: pituitary tumor Fig. 5: no tumor 

Fig. 6: 2D images slices of MRI of the human brain 
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VI. RESULTS 

Justification for CNNs in Image Classification: 

1. Statistical Data: 

i. ImageNet Benchmark: CNNs like ResNet and Incep- 

tionV3 have achieved accuracy rates of over 90% on the 

dataset, which contains millions of labeled images across thou- 

sands of classes. In contrast, traditional algorithms generally 

achieve 70-85% accuracy at best. 

ii. Parameter Efficiency: CNNs require fewer parameters to 

achieve high accuracy. As a case in point, InceptionV3 has 

around 23 million parameters, yet it performs exceptionally 

well due to its efficient architecture, while traditional models 

often require 10+ million parameters to reach acceptable 

accuracy levels. 

2. Spatial Hierarchy: 

CNNs effectively capture local patterns in images through 

convolutional layers, enabling them to learn hierarchical rep- 

resentations. For instance, they are able to identify edges in 

lower layers and more complex shapes in higher layers, which 

is crucial for tasks like facial recognition or object detection. 

3. Adaptability: 

CNNs excel in tasks involving high-dimensional data (like 

images) and can easily adapt to different datasets through 

transfer learning. For instance, a model pre-trained on Ima- 

geNet can be fine-tuned with a smaller dataset (like medical 

images or specific object classes) to achieve 90-95% accuracy, 

whereas traditional ML algorithms may require a larger dataset 

to generalize well. 

4. Real-World Applications: 

In practical applications like self-driving cars, facial recog- 

nition systems, or medical imaging analysis, CNNs have 

consistently outperformed traditional methods due to their 

proficiency to learn and generalize from complex visual data. 

 

VII. CONCLUSION 

Convolutional Neural Networks (CNNs) have appeared as 

a transformative force in image classification, demonstrating 

exceptional capabilities in feature extraction and achieving 

remarkable accuracy. By effectively learning hierarchical pat- 

terns, CNNs excel at identifying intricate visual elements. 

Innovations like EfficientNet and EfficientDet have further 

raised the bar for performance while prioritizing computa- 

tional efficiency. These architectures use a compound scaling 

technique to harmonize model depth, width, and resolution, 

enabling scalable designs that achieve state-of-the-art results 

with optimized resource use. 

Contemporary CNNs prioritize scalability and adaptability, 

allowing them to be customized for various tasks. Their 

modular architecture supports the integration of specialized 

components, facilitating the ability to fine-tune models for 

applications such as object detection, image segmentation, and 

feature extraction. This strategy not only boosts versatility but 

also ensures efficient performance across a wide range of use 

cases without significantly increasing computational costs. 

The inclusion of attention mechanisms has further elevated 

the capabilities of CNNs by directing focus toward the most 

relevant parts of the input data. Inspired by human visual 

prioritization, these mechanisms greatly improve performance 

in tasks such as segmentation and object detection, which 

require precise detail. CNNs with attention layers consistently 

outperform their conventional counterparts, particularly in 

applications where context is critical. 

CNNs also exhibit impressive generalization abilities, often 

outperforming traditional machine learning models and fully 

connected networks. Techniques like dropout and batch nor- 

malization help minimize overfitting, enabling these networks 

to perform well on new data. This is especially beneficial in 

fields such as medical imaging, where labeled datasets are 

scarce. Moreover, self-supervised learning techniques allow 

CNNs to derive meaningful insights from unlabeled data, 

which can subsequently be fine-tuned with minimal labeled 

samples to achieve robust outcomes. 

The rise of hybrid models and advancements in transfer 

learning have expanded the scope of CNN applications even 

further. Hybrid architectures, integrating CNNs with Recur- 

rent Neural Networks (RNNs), are particularly effective in 

handling multi-modal and sequential data. Transfer learning, 

meanwhile, allows pre-trained CNN models to be adapted to 

new tasks, significantly reducing the requirement for extensive 

training data. 

Another area of rapid growth is the incorporation of CNNs 

with edge computing and IoT (Internet of Things) devices, 

enabling real-time processing in resource-constrained envi- 

ronments. By deploying CNNs on edge devices, industries 

can harness the strengths of deep learning while minimizing 

latency and reducing reliance on cloud infrastructure. This 

approach is particularly impactful in applications such as 

smart surveillance, autonomous navigation, and environmental 

monitoring, where on-device inference is essential for timely 

decision-making. As hardware accelerators continue to evolve, 

CNNs are becoming even more accessible for edge-based so- 

lutions, widening their practical impact across various sectors. 

Across various industries, CNNs are proving to be indis- 

pensable tools. In healthcare, they are instumental in diag- 

nosing conditions, such as detecting tumors in MRI scans, 

aiding clinicians in decision-making. In agriculture, CNNs are 

employed to detect crop diseases, improving productivity and 

promoting sustainable practices. Collaborative efforts between 

research and industry continue to drive innovation, ensuring 

that theoretical advances translate into practical solutions. 

CNN can similarly be used in various other medical fields 

like radiology, imaging, pathology, ophthamology, cardiology, 

dermatology, neurology, oncology and more such domains 

to be precise. CNNs provide cutting-edge solutions for early 

diagnosis, efficient treatment planning and continuous patient 

monitoring, enhancing the overall healthcare. 

To conclude, CNNs are continually advancing, forming 

the backbone of progress in image classification and related 

fields. As researchers develop more efficient designs and 

explore innovative techniques, CNNs are poised to deliver 
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vectors 

SVM, KNN) 

TABLE I: Comparison of CNNs with Other Algorithms for Image Classification 

Feature CNN 
Traditional   ML   (e.g., 

Input Type Primarily image data 
Structured data or feature

 

 
Fully Connected Net- 
works (FCNs) 

Image data (but less effi- 
cient) 

 
Recurrent Neural Net- 
works (RNNs) 

Sequential data (e.g., text, 
time series) 

Automatic feature extrac- 
tion via convolutions 

Fewer parameters: often 
Parameter Efficiency 1-5 million for complex 

tasks 
High accuracy: 85-98% 

Accuracy on benchmark datasets 
like ImageNet 
Faster training: can re- 

Manual feature extraction 
required 

Higher parameters: can 
exceed 10 million without 
careful feature selection 

Lower accuracy: 70-85% 
for similar tasks 

Limited to shallow 
features; requires manual 
tuning 

High parameter count: 

5-20 million typical 
 

Moderate accuracy: 70- 
80% for image tasks 

Not suitable for image 
data; better for sequences 

 

High parameter count: 

often 10+ million 

Lower accuracy: not de- 
signed for images, typi- 
cally ¡ 70% 

Speed of Training 

 

Transfer Learning 

Capability 

 

Robustness to Noise 

duce training time by 50- 
75% with GPU accelera- 
tion 
Highly effective:  can 
achieve 90-95% accuracy 
with transfer learning 
High  robustness: can 
handle noisy images 
well due to convolutional 
layers 

Slower: training can be 2- 
5 times longer 

 

Limited transferability: 
generally low effective- 
ness 

Sensitive: performance 
can degrade significantly 
with noise 

Slower: longer due to 
dense connections 

 
Limited     effectiveness: 

typically 60-70% 
 

Moderate robustness: 
less effective in noisy 
conditions 

Slower: longer training 
due to recurrent structure 

 

Not applicable for im- 
ages: performance not rel- 
evant for images 

 

Sensitive: struggles with 
noisy input sequences 

High flexibility: can be 
Deployment Flexibility deployed on various plat- 

forms, including mobile 

Limited: often requires 
specialized hardware 

Limited flexibility: needs 
more resources for de- 
ployment 

Limited: typically 
requires more processing 
power for inference 

 
 

 

transformative solutions across numerous industries. 
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