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Abstract: Brain tumor segmentation is a critical task in medical image analysis, aimed at improving the 

accuracy of diagnosis and aiding in treatment planning. This project proposes a hybrid technique 

combining classical image processing and machine learning to segment brain tumors from MRI scans. A 

marker-based Watershed algorithm is used for segmentation by interpreting the image as a topographic 

map, where pixel intensities define elevations. Preprocessing steps such as Gaussian filtering, histogram 

equalization, and skull stripping are applied to enhance image quality and highlight tumor regions. 

Foreground and background markers are generated using Otsu’s thresholding and morphological 

operations, guiding the Watershed algorithm for precise segmentation. 

To improve classification accuracy, the system initially utilizes a Support Vector Machine (SVM) model 

but highlights the superior performance of Convolutional Neural Networks (CNNs) for more reliable 

results. The goal is to automate brain tumor segmentation to assist radiologists in achieving faster, more 

accurate diagnoses. The proposed method also aims to integrate with existing medical imaging systems 

to allow real-time analysis and decision-making, ultimately enhancing patient care. 

Despite the traditional success of Support Vector Machines (SVMs) in classification, this project 

highlights their limited performance in complex tumor structures. Alternatively, Convolutional Neural 

Networks (CNNs) demonstrate significantly higher accuracy in learning tumor features from medical 

images. The system thus provides a comparative analysis between SVM and CNN approaches, 

emphasizing the importance of deep learning in medical diagnosis. 

This project not only improves segmentation accuracy but also proposes integration with existing PACS 

(Picture Archiving and Communication Systems) to support real-time clinical workflows. The ultimate 

objective is to provide a fast, accurate, and intelligent diagnostic tool to assist radiologists and 

healthcare professionals in delivering better patient outcomes... 
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I. INTRODUCTION 

Brain tumors are among the most dangerous and life-threatening conditions, often requiring accurate and early 

diagnosis to improve patient outcomes. Magnetic Resonance Imaging (MRI) is one of the most widely used techniques 

for detecting brain tumors due to its non-invasive nature and ability to provide high-resolution images of soft tissues. 

However, manual segmentation and analysis of MRI images by radiologists is time-consuming, subjective, and prone to 

human error, particularly in identifying complex tumor structures. This motivates the need for automated brain tumor 

segmentation and classification methods that can assist healthcare professionals with precise and reliable diagnosis. 

Brain tumor segmentation refers to the process of identifying and isolating tumor regions in brain scans. It is one of the 

most challenging problems in medical image analysis due to variations in tumor size, location, shape, and intensity. 

Traditional image segmentation techniques, such as thresholding and edge detection, often fail to produce accurate 

results due to noise, overlapping tissue regions, and low contrast boundaries. 
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In this context, the Watershed Algorithm, a region-based segmentation technique, is widely used for separating 

different structures in an image. It treats the grayscale image as a topographic surface, where pixel intensities represent 

elevation. The algorithm floods the image from the lowest intensity regions and forms boundaries where waters from 

different basins meet. However, classical Watershed suffers from over-segmentation and noise sensitivity, which are 

addressed in this project using a marker-based approach. 

This research aims to enhance brain tumor detection and segmentation through a marker-based Watershed 

algorithm, integrating preprocessing techniques like Gaussian filtering, contrast enhancement, and skull stripping 

to improve segmentation accuracy. Additionally, the project evaluates the performance of traditional machine learning 

classifiers like Support Vector Machines (SVMs) and compares it with Convolutional Neural Networks (CNNs), 

demonstrating the superiority of deep learning in learning complex tumor features from MRI images. 

The ultimate goal of this project is to provide an automated, reliable, and efficient system for brain tumor diagnosis and 

segmentation, and to enable potential integration with existing hospital systems to support real-time clinical decision-

making. 

The proposed system in this research enhances the watershed algorithm through a series of preprocessing steps such 

as Gaussian filtering (for noise reduction), skull stripping (to remove non-brain regions), and contrast enhancement. 

These steps ensure that the segmentation is more accurate and focused on the regions of interest—primarily, the tumor 

tissues. The segmented tumor regions are then passed to machine learning and deep learning models for 

classification. 

In recent years, machine learning techniques like Support Vector Machines (SVMs) have been used for brain tumor 

classification due to their robustness in high-dimensional data. However, they require manual feature extraction, which 

can limit their performance. Convolutional Neural Networks (CNNs), on the other hand, are capable of learning 

hierarchical features directly from the raw image data, making them particularly suitable for medical image analysis. In 

this study, the performance of CNN-based classification is compared with SVM-based methods to highlight the 

advantages of deep learning. 

  

II. LITERATURE REVIEW 

In paper [1] In their 2024 study, Mohammad Zafer Khaliki and Muhammet Sinan Bas¸arslan demonstrated that CNN-

based transfer learning models outperformed traditional methods in brain tumor detection from MRI images, achieving 

accuracy rates up to 74%. However, the lack of data augmentations like rotation and cropping limited adaptability, 

suggesting that future improvements in augmentation could enhance model robustness and accuracy for diverse image 

variations.. 

In paper [2] Lifang Chen and Shuping Yuan (2021, 2022) introduced digital image processing techniques utilizing the 

Fuzzy Genetic Clustering Algorithm (FGCA) and Artificial Neural Networks (ANN) for improved segmentation 

accuracy. Their work emphasized the Problem-Based Learning (PBL) approach and demonstrated FGCA’s 

effectiveness in enhancing segmentation in noisy medical images, while ANN models improved stability and precision 

in complex imaging tasks.. 

In paper [3] Shruthishree S.H. and Harshvardhan Tiwari (2017) showed that combining Canny edge detection with 

CLAHE improves MRI clarity for tumor detection. Limitations include a lack of support for other imaging types and 

user interaction. Future work could focus on multi-modal integration and user-friendly interfaces for clinical use. In 

paper [4] Wang et al. (2021) used image processing techniques to improve lung nodule detection in CT images, 

enhancing diagnostic accuracy. However, MRI is suggested as a better alternative for brain tumor detection due to its 

superior soft tissue contrast and radiation-free imaging.  

In paper [5] McAuliffe et al. (2001) developed MIPAV, a platform-independent tool for image segmentation, 

quantification, and visualization, enhancing diagnostic accuracy and treatment planning in clinical research. 

In paper [6] Recent advancements in medical image analysis highlight the use of deep learning, particularly CNNs, to 

improve diagnostic accuracy in MRI, CT, and X-ray imaging. AI frameworks like NiftyNet and MIScnn enhance 

applications such as classification and segmentation, aiding early disease detection. 
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System Architecture: 

1. Training Phase (Top Half of the Diagram)

This phase is where the system learns from a labeled dataset

 Step 1: Image Dataset 

A large collection of MRI brain images is

These images are labeled (tumor present or not, tumor type, etc.).

The quality and quantity of this dataset are 

 Step 2: Preprocessing 

Enhances image quality and prepares it for analysis.

Purpose: Remove noise, improve contrast, and standardize images.

Common preprocessing techniques: 

Resizing/scaling images to a uniform size.

Noise reduction using Gaussian or median filters.

Contrast enhancement using Histogram Equalization or CLAHE (Contrast Limited Adaptive

Equalization). 

Normalization of pixel values for consistency.

 Step 3: Segmentation 

The MRI image is divided into regions to isolate the tumor.

Goal: Extract the region of interest (ROI), i.e., the 

Techniques used: 

Thresholding 

Region growing 

Clustering methods (K-means, Fuzzy C-Means)

Edge-based segmentation 

This step helps in removing irrelevant parts

Step 4: Feature Extraction 

After segmentation, the system extracts key features

Types of features: 

Shape-based features: area, perimeter, circularity.
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1. Training Phase (Top Half of the Diagram) 

learns from a labeled dataset to identify patterns associated with brain tumors.

is gathered. 

(tumor present or not, tumor type, etc.). 

The quality and quantity of this dataset are crucial for accurate model training. 

Enhances image quality and prepares it for analysis. 

e, improve contrast, and standardize images. 

images to a uniform size. 

using Gaussian or median filters. 

using Histogram Equalization or CLAHE (Contrast Limited Adaptive

of pixel values for consistency. 

to isolate the tumor. 

Extract the region of interest (ROI), i.e., the tumor area. 

Means) 

removing irrelevant parts of the image and focuses the analysis on potentially affected areas.

key features to describe the tumor. 
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Texture features: entropy, contrast, energy, GLCM (Gray Level Co-occurrence Matrix). 

Intensity features: pixel brightness statistics. 

These features form a feature vector, which is used for classification. 

The more relevant and distinctive the features, the better the model’s accuracy. 

 

2. Testing Phase (Bottom Half of the Diagram) 

In this phase, the trained system is used to analyze a new test MRI image and decide whether it contains a tumor. 

Step 5: Test Image 

A new brain MRI image is input to the system (not part of the training dataset). 

The goal is to evaluate the model's performance on unseen data. 

 Step 6: Preprocessing 

The same preprocessing steps from the training phase are applied to the test image. 

Ensures consistency in input quality and format. 

Step 7: Segmentation 

The preprocessed test image is segmented to isolate the suspected tumor region. 

Helps focus classification on the area of concern. 

 Step 8: Classification 

The extracted features from the test image are fed into the trained model. 

Classifiers used may include: 

Support Vector Machine (SVM) 

Random Forest 

Convolutional Neural Networks (CNN) 

Deep Learning models like ResNet, U-Net (if end-to-end learning is used) 

The model predicts whether the tumor is present or absent, and possibly its type or severity. 

 

Final Step: Detect Brain Tumor or Not 

Based on classification, the system produces a final decision: 

Tumor Detected or No Tumor 

In advanced systems, additional details may be given: 

Tumor type (e.g., glioma, meningioma) 

Tumor grade or stage 

Tumor location 

 

III. METHODOLOGY 

Image Acquisition: MRI scans of the brain are obtained as the primary input for analysis, ensuring high-quality images 

for accurate processing. 

Preprocessing: This stage includes converting MRI images to grayscale, applying a median filter for noise reduction, 

and using Canny edge detection to identify edges, which are essential for tumor delineation. 

Segmentation: The Watershed segmentation technique is employed to isolate the tumor from normal brain tissue, 

allowing precise localization of the tumor area within the MRI images. 

Feature Extraction: Texture features are extracted from the segmented images using the Gray Level Cooccurrence 

Matrix (GLCM), focusing on metrics such as energy, contrast, correlation, and homogeneity to differentiate between 

normal and abnormal tissues. 

Classification: A Multi-Layer Perceptron (MLP) is utilized for classifying the MRI images as normal or abnormal based 

on the extracted features. The model’s performance is evaluated using accuracy, sensitivity, specificity, and F1 score 

metrics, ensuring robustness through crossvalidation. 

Evaluation and Validation: To ensure the effectiveness of the proposed methodology, the performance of the 

classification model is evaluated using metrics such as accuracy, sensitivity, specificity. 
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This methodology outlines a systematic approach to developing an automated brain tumor detection system using MRI 

images. By following these modules, the project aims to provide a comprehensive solution that enhances diagnostic 

accuracy and supports healthcare professionals in tumor analysis and treatment planning. 

 

A. MRI Image Acquisition  

To obtain high-quality MRI images for brain tumor detection.  

Process: Collect MRI scans from reputable medical databases or collaborate with healthcare institutions to access 

patient data. Ensure the dataset consists of diverse MRI images representing various brain tumor types and stages. 

Maintain ethical standards by obtaining necessary approvals and patient consent for data usage.  

B. Preprocessing  

To enhance the quality of MRI images for subsequent nalysis.  

Process: Noise Reduction: Apply techniques like Gaussian filtering to reduce noise and improve image clarity. Intensity 

Normalization: Normalize the intensity levels of MRI images to standardize the data for analysis. Contrast 

Enhancement: Utilize Contrast Limited Adaptive Histogram Equalization (CLAHE) to enhance the contrast of the 

images, making tumor regions more visible. Resizing: Resize the images to a consistent dimension suitable for 

processing by subsequent algorithms.  

C. Segmentation  

To accurately delineate tumor regions from healthy brain tissue.  

Process: Watershed Algorithm: Implement the Watershed Algorithm to detect tumor boundaries, treating the image as a 

topographical surface. This technique effectively segments overlapping regions. Thresholding: Use Otsu’s Method for 

automatic thresholding to separate tumor regions from the background. This helps in identifying the most suitable 

threshold value to distinguish tumor pixels.  

D. Feature Extraction  

To extract relevant features from the segmented tumor regions for classification.  

Process: Utilize texture analysis techniques such as Gray Level Co-occurrence Matrix (GLCM) to extract features like 

contrast, energy, homogeneity, and entropy from the segmented images. Other features may include shape descriptors 

(area, perimeter) and intensity statistics (mean, variance). Compile the extracted features into a feature vector for each 

segmented tumor region.  

E. Classification  

To classify the extracted features and determine the presence and type of tumor.  

Process: Select appropriate machine learning algorithms (e.g., Support Vector Machines, Random Forest, or Deep 

Learning models like CNNs) for classification. Split the dataset into training and testing subsets to evaluate the model’s 

performance. Train the model using the training dataset, finetuning hyperparameters for optimal performance. Evaluate 

the model using metrics such as accuracy, precision, recall, and F1-score on the testing dataset. Implement cross-

validation to ensure robustness and avoid overfitting. stages of image processing  

In my project, I utilized a dataset composed of MRI images for training and testing the automated brain tumor detection 

system, following a distribution of 80 percents for training and 20percents for testing. The training phase involved 

feeding the model with a substantial number of annotated MRI images, enabling it to learn and identify patterns 

associated with tumor presence and characteristics. By allocating 80percents of the dataset for training, the model could 

effectively optimize its parameters and improve its predictive capabilities. The remaining 20percents of the dataset was 

reserved for testing to evaluate the model’s performance in accurately detecting and classifying tumors in unseen 

images. This approach ensures that the model is well-trained while allowing for rigorous assessment of its 

generalization ability in real-world scenarios.  

F. Dataset for Training  

Here’s a explanation of the algorithms and techniques are used in project, focusing on their principles and applications 

in project:  
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Grayscale Conversion :  

Grayscale conversion is the process of transforming a color image into shades of gray, which removes the color 

information but retains the brightness levels. This

values typically ranging from 0 (black) to 255 (white). 

Usage in Project: In the MRI image processing workflow, grayscale conversion simplifies the images, making 

subsequent tasks like filtering, edge detection, and segmentation more efficient by reducing computational complexity

Contrast Limited Adaptive Histogram Equalization (CLAHE):CLAHE is an image enhancement technique that 

improves contrast by working adaptively on small region

common issue with global histogram equalization 

Usage in Project: CLAHE is applied to grayscale MRI images to enhance low

and aiding in accurate segmentation and analysis. 

Otsu’s Thresholding :  

Otsu’s method is an automatic thresholding technique that separates an image into foreground (tumor) and background 

by finding the threshold value that minimizes intra

Usage in Project: Otsu’s thresholding is employed to automatically segment the tumor regions from the background in 

MRI images, providing effective tumor localization for further analysis. 

Gray Level Co-occurrence Matrix (GLCM) Texture Featu

GLCM is a statistical method used to analyze the texture of an image by capturing the spatial relationships between 

pixel intensity values. It helps to characterize the texture of the tumor and distinguish between normal and abnormal 

tissues.  

Usage in Project: GLCM is used to extract texture features from the segmented tumor regions, allowing for 

differentiation between normal and abnormal tissues. These features are critical inputs for the classification phase of the 

project.  

 

 

 Hardware Resources Required: 

To ensure smooth and efficient execution of the brain tumor detection system using image processing and machine 

learning, certain minimum hardware configurations are necessary:

Processor: Pentium-IV 

The system requires at least a Pentium-IV processor. While it is a basic requirement, for more advanced deep learning 

models, higher-end processors (like Intel i5/i7 or AMD Ryzen series) are recommended for faster computation.

Speed: 1.1 GHz 

A minimum clock speed of 1.1 GHz is required to run basic image processing and machine learning tasks. Higher 

speeds will improve the performance during tasks such as training models, segmenting images, or extracting features.
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Grayscale conversion is the process of transforming a color image into shades of gray, which removes the color 

information but retains the brightness levels. This simplifies the data by reducing it to one intensity channel, with pixel 

values typically ranging from 0 (black) to 255 (white).  

Usage in Project: In the MRI image processing workflow, grayscale conversion simplifies the images, making 

ke filtering, edge detection, and segmentation more efficient by reducing computational complexity

Contrast Limited Adaptive Histogram Equalization (CLAHE):CLAHE is an image enhancement technique that 

improves contrast by working adaptively on small regions (tiles) of the image. It avoids over-amplification of noise, a 

common issue with global histogram equalization  

Usage in Project: CLAHE is applied to grayscale MRI images to enhance low-contrast areas, improving tumor visibility 

gmentation and analysis.  

Otsu’s method is an automatic thresholding technique that separates an image into foreground (tumor) and background 

by finding the threshold value that minimizes intra-class variance (or maximizes inter-class variance). 

Usage in Project: Otsu’s thresholding is employed to automatically segment the tumor regions from the background in 

MRI images, providing effective tumor localization for further analysis.  

occurrence Matrix (GLCM) Texture Features :  

GLCM is a statistical method used to analyze the texture of an image by capturing the spatial relationships between 

pixel intensity values. It helps to characterize the texture of the tumor and distinguish between normal and abnormal 

in Project: GLCM is used to extract texture features from the segmented tumor regions, allowing for 

differentiation between normal and abnormal tissues. These features are critical inputs for the classification phase of the 

To ensure smooth and efficient execution of the brain tumor detection system using image processing and machine 

learning, certain minimum hardware configurations are necessary: 

IV processor. While it is a basic requirement, for more advanced deep learning 

end processors (like Intel i5/i7 or AMD Ryzen series) are recommended for faster computation.

nimum clock speed of 1.1 GHz is required to run basic image processing and machine learning tasks. Higher 

speeds will improve the performance during tasks such as training models, segmenting images, or extracting features.
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simplifies the data by reducing it to one intensity channel, with pixel 

Usage in Project: In the MRI image processing workflow, grayscale conversion simplifies the images, making 

ke filtering, edge detection, and segmentation more efficient by reducing computational complexity 

Contrast Limited Adaptive Histogram Equalization (CLAHE):CLAHE is an image enhancement technique that 

amplification of noise, a 

contrast areas, improving tumor visibility 

Otsu’s method is an automatic thresholding technique that separates an image into foreground (tumor) and background 

s variance).  

Usage in Project: Otsu’s thresholding is employed to automatically segment the tumor regions from the background in 

GLCM is a statistical method used to analyze the texture of an image by capturing the spatial relationships between 

pixel intensity values. It helps to characterize the texture of the tumor and distinguish between normal and abnormal 

in Project: GLCM is used to extract texture features from the segmented tumor regions, allowing for 

differentiation between normal and abnormal tissues. These features are critical inputs for the classification phase of the 

 

To ensure smooth and efficient execution of the brain tumor detection system using image processing and machine 

IV processor. While it is a basic requirement, for more advanced deep learning 

end processors (like Intel i5/i7 or AMD Ryzen series) are recommended for faster computation. 

nimum clock speed of 1.1 GHz is required to run basic image processing and machine learning tasks. Higher 

speeds will improve the performance during tasks such as training models, segmenting images, or extracting features. 
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RAM: 8 GB 

The system should have at least 8 GB of RAM to handle large image datasets and to perform parallel processing 

operations. This memory size ensures that multiple operations (like image loading, filtering, and classification) can be 

executed without system lag or crashes. 

Hard Disk: 500 GB 

A 500 GB hard disk is recommended to store datasets (e.g., MRI images), intermediate results, trained models, software 

dependencies, and logs. If multiple models or large datasets are used, more storage may be beneficial.

Software Resources Required 

For development and execution of the brain tumor detection project, the following software environment is specified:

IDE: Spyder 

Spyder (Scientific Python Development Environment) is chosen as the IDE due to its user

variable explorer, and strong support for scientific libraries such as NumPy, SciPy, and Matplotlib. It is ideal for 

Python-based data science and image processing projects.

Coding Language: Python Version 3.8 

The system is developed using Python 3.8, which supp

OpenCV (for image processing), NumPy and Pandas (for numerical and data manipulation), Scikit

learning), and possibly TensorFlow or PyTorch for deep learning models.

Operating System: Windows 10 

The system is developed and tested on Windows 10, which provides a stable and widely supported environment for 

Python development. Windows also supports a wide range of development tools and Python libraries.

Database: DB Sqlite 

SQLite is used as the database for storing metadata, patient information, classification results, or image records. It is a 

lightweight, serverless database engine that integrates easily with Python and does not require separate server 

installation. 

Architecture 
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at least 8 GB of RAM to handle large image datasets and to perform parallel processing 
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The sequence diagram represents a complete workflow of a brain tumor detection system that interacts between a 

and a System. Initially, the user begins by either 

ensure authenticated access to the system. Upon successful login or registration, the system acknowledges the user and 

initiates the brain tumor detection pipeline. The first step in this pipeline is 

image (usually an MRI scan) for further analysis. This step might involve noise reduction, resizing, or normalization to 

standardize the image data. Following this, 

within the brain scan. Enhancing the contrast helps highlight the edges and tissues more clearly, which is critical for 

accurate detection. 

Next, the system performs RGB conversion

versa, depending on the model requirements. After RGB conversion, the system converts the image to 

simplifying the image by representing it with only two colors: black and white. This is done to make the segmentation 

and edge detection tasks computationally simpler and more efficient.

The system then performs Edge Detection

abnormal tissues such as tumors. The user is notified once the edges are successfully detected

system applies the Watershed Algorithm

overlapping objects in the MRI image. This helps to isolate the tumor region from the rest of the brain.

Once the segmentation is complete, the system proceeds to 

This may include shape descriptors, area, perimeter, and other region

in the next stage called Geometry-based Cl

physical characteristics. 

In the final phase, these features are passed through a 

model specifically designed for image classification tasks. The CNN analyzes the image features and classifies whether 

the brain contains a tumor or not. The system then communicates the final result to the user, indicating whether a 

tumor disease has been detected or not. 

 

Early Detection Rate: Enabled earlier identification of brain tumors, improving chances of timely treatment.

Cost Savings: Reduced need for manual diagnosis and second opinions, cutting down diagnostic costs.

Operational Efficiency: Automated preprocessing

Scalability: Capable of handling large patient datasets without significant performance drops.

Clinical Support: Supports radiologists by providing second
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The sequence diagram represents a complete workflow of a brain tumor detection system that interacts between a 

. Initially, the user begins by either logging in or registering on the platform. This step is crucial to 

ensure authenticated access to the system. Upon successful login or registration, the system acknowledges the user and 

initiates the brain tumor detection pipeline. The first step in this pipeline is Pre-processing, which prepares the input 

image (usually an MRI scan) for further analysis. This step might involve noise reduction, resizing, or normalization to 

standardize the image data. Following this, contrast enhancement is applied to improve the visibility of feat

within the brain scan. Enhancing the contrast helps highlight the edges and tissues more clearly, which is critical for 

RGB conversion, which may involve converting grayscale images to RGB format or vice 

ersa, depending on the model requirements. After RGB conversion, the system converts the image to 

simplifying the image by representing it with only two colors: black and white. This is done to make the segmentation 

computationally simpler and more efficient. 

Edge Detection, which identifies the boundaries and structural outlines of the brain and any 

abnormal tissues such as tumors. The user is notified once the edges are successfully detected. Following this, the 

Watershed Algorithm, which is a powerful image segmentation technique used to separate 

overlapping objects in the MRI image. This helps to isolate the tumor region from the rest of the brain.

s complete, the system proceeds to extract geometric features from the detected tumor region. 

This may include shape descriptors, area, perimeter, and other region-based features. These extracted features are used 

based Classification, which helps refine the model's understanding of the tumor's 

In the final phase, these features are passed through a Convolutional Neural Network (CNN), a type of deep learning 

assification tasks. The CNN analyzes the image features and classifies whether 

the brain contains a tumor or not. The system then communicates the final result to the user, indicating whether a 

 

IV. RESULTS: 

Enabled earlier identification of brain tumors, improving chances of timely treatment.

Reduced need for manual diagnosis and second opinions, cutting down diagnostic costs.

Automated preprocessing and classification increased speed and consistency.

Capable of handling large patient datasets without significant performance drops. 

Supports radiologists by providing second-level verification. 
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The sequence diagram represents a complete workflow of a brain tumor detection system that interacts between a User 

on the platform. This step is crucial to 

ensure authenticated access to the system. Upon successful login or registration, the system acknowledges the user and 

which prepares the input 

image (usually an MRI scan) for further analysis. This step might involve noise reduction, resizing, or normalization to 

is applied to improve the visibility of features 

within the brain scan. Enhancing the contrast helps highlight the edges and tissues more clearly, which is critical for 

, which may involve converting grayscale images to RGB format or vice 

ersa, depending on the model requirements. After RGB conversion, the system converts the image to binary format, 

simplifying the image by representing it with only two colors: black and white. This is done to make the segmentation 

, which identifies the boundaries and structural outlines of the brain and any 

. Following this, the 

, which is a powerful image segmentation technique used to separate 

overlapping objects in the MRI image. This helps to isolate the tumor region from the rest of the brain. 

from the detected tumor region. 

based features. These extracted features are used 

, which helps refine the model's understanding of the tumor's 

, a type of deep learning 

assification tasks. The CNN analyzes the image features and classifies whether 

the brain contains a tumor or not. The system then communicates the final result to the user, indicating whether a brain 

Enabled earlier identification of brain tumors, improving chances of timely treatment. 

Reduced need for manual diagnosis and second opinions, cutting down diagnostic costs. 

and classification increased speed and consistency. 



 

 

               International Journal of Advanced 

                               International Open-Access, Double

 Copyright to IJARSCT         
    www.ijarsct.co.in 

 

ISSN: 2581-9429 

Parameters: 

Image Preprocessing: CLAHE for contrast enhancement, Canny for edge detection.

Texture Feature Extraction: GLCM (Gray Level Co

Superpixel Segmentation: SLIC algorithm for regional analysis

Shape Detection: Circular Hough Transform for tumor boundary detection.

Model Architecture: CNN-based classifier with 

Training Strategy: 250 epochs, batch size of 32, Adam optimizer, learning rate of 0.001.

 

Accuracy: 

Model Accuracy: 92.4% on test dataset. 

Precision: 91.8% – correctly identified tumor regions.

Recall: 93.1% – effective at detecting most actual tumor cases.

F1-Score: 92.4% – balance between precision and recall.

Training Strategy: Achieved low training/test loss (0.6/0.4), confirming reliable learning.

Validation Method: 80-20 train-test split with continuous monitoring of performance metrics.
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CLAHE for contrast enhancement, Canny for edge detection. 

GLCM (Gray Level Co-occurrence Matrix) for tissue texture analysis.

SLIC algorithm for regional analysis. 

Circular Hough Transform for tumor boundary detection. 

based classifier with tuned hyperparameters. 

250 epochs, batch size of 32, Adam optimizer, learning rate of 0.001. 

correctly identified tumor regions. 

effective at detecting most actual tumor cases. 

balance between precision and recall. 

Achieved low training/test loss (0.6/0.4), confirming reliable learning. 

test split with continuous monitoring of performance metrics. 
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occurrence Matrix) for tissue texture analysis. 
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V. CONCLUSION 

Medical image analysis and visualization using image processing play a critical role in modern healthcare, enhancing 

the ability to diagnose, treat, and monitor patients. As technology advances, these tools will continue to evolve, offering 

more precise and personalized healthcare solutions.  

Incorporating GLCM for feature extraction and machine learning-based classification, the project capitalizes on the 

strengths of automated processes to overcome the limitations of conventional human inspection. Furthermore, the use 

of advanced data augmentation techniques and a robust classification system allows the model to be more adaptable to 

variations in MRI images. The integration of user interaction features and the exploration of complementary imaging 

modalities further strengthens the system’s practicality and reliability in real-world clinical settings.  

Overall, this project holds the potential to revolutionize medical imaging by providing a scalable and efficient solution 

for brain tumor detection, ultimately contributing to improved healthcare accessibility and patient care.  


