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Abstract: This project presents an automated approach for detecting brain tumor using Magnetic 

Resonance Imaging (MRI) and image processing techniques. Traditional methods rely on human 

inspection, which can be error-prone and time consuming. Our framework consists of several modules: 

acquiring MRI images, preprocessing to enhance image quality (including noise reduction and edge 

detection), and segmenting the tumor using the Watershed algorithm. We extract texture features from the 

segmented images using the Gray Level Co-occurrence Matrix (GLCM), focusing on metrics like energy, 

contrast, correlation, and homogeneity. Finally, we classify the MRI images as normal or abnormal using a 

Multilayer Perceptron (MLP) model. This automated detection process improves the efficiency of tumor 

identification, providing insights into the size, shape, and position of the tumor while alleviating the 

workload of radiologists. 
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I. INTRODUCTION 

The human body is composed of numerous types of cells. Each cell has a specific function. These cells in the body 

grow and form some new cells. These new cells help to keep the human body healthy and ensures proper functioning. 

When some of the cells lose their ability to control their growth, they grow without any order. The extra cells formed 

form a mass of tissue which is called tumor. A brain tumor is a collection of abnormal cells in the brain. Malignant 

tumors lead The detection and diagnosis of brain tumors is one of the most critical tasks in the field of medical imaging. 

Traditionally, this process has relied heavily on manual inspection by radiologists, which is time-consuming, subjective, 

and prone to human error, especially when dealing with large volumes of patient data. To overcome these challenges, 

there has been a growing interest in applying advanced image processing techniques, machine learning algorithms, and 

automation to medical imaging.  

This project aims to develop an automated system for brain tumor detection from MRI images. The system will 

leverage cutting-edge image processing techniques to preprocess, extract features, and classify MRI images, thereby 

enabling faster and more accurate detection. Early and accurate detection of brain tumors is crucial for planning 

treatment and improving patient outcomes. Automation can help in reducing diagnostic time, minimizing human error, 

and making the process more cost-effective and accessible.  

Automated brain tumor detection is a critical advancement in the field of medical imaging, offering a potential solution 

to the limitations of manual analysis. By combining advanced image processing techniques and machine learning 

algorithms, this project seeks to create a tool that can support medical professionals, improve the speed and accuracy of 

tumor detection, and ultimately enhance patient outcomes. As the project progresses, the hope is to contribute to the 

broader effort of making medical diagnostics more efficient and accessible through technological innovation.  
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II. LITERATURE REVIEW / DISCUSSION

In paper [1] In their 2024 study, Mohammad Zafer Khaliki and Muhammet Sinan Bas¸

based transfer learning models outperformed traditional methods in brain tumor detecti

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 ima

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

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

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 tumo

superior soft tissue contrast and radiation-free imaging

In paper [5] McAuliffe et al. (2001) developed MIPAV, a platform

quantification, and visualization, enhancing diagnostic accuracy and

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

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

 

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

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

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 th

abnormal based on the extracted features. The model’s performance is evaluated using accuracy, sensitivity, 

specificity, and F1 score metrics, ensuring robustness through crossvalidation.
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II. LITERATURE REVIEW / DISCUSSION 

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 ima

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 

k 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 

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. 

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 

free imaging.  

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.

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

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

III. METHODOLOGY 

Fig 3.1 Architecture diagram 

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

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.

egmentation: 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. 

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

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. 

egmentation: The Watershed segmentation technique is employed to isolate the tumor from normal brain 

using the Gray Level 

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

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. 
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Fig 3.2 stages of image processing 

 

Dataset for Training  

 
Fig 3.3 MRI image as input 

 

IV. ALGORITHM 

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

in project:  

 

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 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 

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

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-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.  

 

Gray Level Co-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 

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.  

 

V. FEASIBILITY OF THE PROJECT 

This project is technically, economically, and operationally feasible based on the following factors:  

1) Technical Feasibility:  

Image Processing Techniques: The project utilizes established image processing techniques such as CLAHE,  

Watershed Algorithm, and Otsu’s Method, which have been successfully implemented in various medical imaging 

applications. The technical feasibility is high, as these methods are well-documented and supported by libraries like 

OpenCV and scikit-image in Python. Machine Learning Integration: The incorporation of machine learning algorithms 

for classification is feasible due to the availability of extensive datasets and frameworks (e.g., TensorFlow, Keras) for 

training models. The project can leverage transfer learning with pre-trained models to enhance performance and 

accuracy. Web-Based Interface: Building a user-friendly web interface using Flask is technically feasible, given the 

wide adoption of this framework for web applications in Python. The ability to allow users to upload images and 

receive processed results is straightforward and achievable.  

 

2) Economic Feasibility:  

Cost-Benefit Analysis: While initial development costs may include software development, hardware for processing, 

and data acquisition, the long-term benefits of early and accurate tumor detection can outweigh these costs. Improved 

diagnosis leads to timely treatment, which can significantly reduce healthcare costs associated with advanced stages of 

disease. Funding Opportunities: Potential funding sources include government grants for medical research, partnerships 

with healthcare institutions, and collaborations with universities. Additionally, there may be opportunities for 

sponsorship from tech companies interested in healthcare solutions.  

 

3) Operational Feasibility:  

User Adoption: The system is designed with a focus on usability for healthcare professionals, which increases the 

likelihood of adoption in clinical settings. The visualization tools (3D views, heatmaps) and the web interface will 

facilitate easy interaction, thus enhancing user experience.  

Training and Support: Adequate training and support will be necessary for users to effectively utilize the system. 

Developing comprehensive documentation and providing hands-on training sessions will ensure that medical 

professionals can confidently operate the system. 
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VI. SCOPE OF THE PROJECT 

1) Enhancement of MRI Images:  

The project enhances MRI brain images using Contrast Limited Adaptive Histogram Equalization (CLAHE). This 

technique improves the contrast and visibility of tumor regions, making it easier for medical professionals to identify 

abnormalities. By enhancing image quality, CLAHE aids in the overall accuracy of tumor detection and analysis.  

 

2) Tumor Boundary Detection:  

The Watershed Algorithm is applied to detect tumor boundaries, facilitating clear segmentation of tumor regions from 

healthy tissue. This method is effective in distinguishing complex structures in MRI images, which is essential for 

precise diagnosis and treatment planning.  

 

3) Automatic Thresholding : 

Otsu’s Method is utilized for automatic thresholding, which helps separate tumor regions from the background. This 

approach minimizes the need for manual intervention, ensuring a more efficient and standardized process for tumor 

detection.  

 

4) Visualization Tools : 

The system includes visualization tools, such as 3D views and heatmaps, which assist professionals in analyzing tumor 

size, location, and characteristics. These visual aids enhance interpretability, allowing clinicians to make informed 

decisions regarding patient treatment and care.  

 

5) Web-Based Interface:  

A user-friendly web-based interface is built using Flask, enabling users to upload MRI images and receive processed 

results. This accessibility is crucial for healthcare professionals, as it allows them to utilize the system without needing 

extensive technical expertise.  

 

6) Future Integration with AI Techniques:  

The project has the potential for future integration with advanced Artificial Intelligence (AI) techniques for more 

sophisticated tumor classification and predictions. This enhancement could lead to improved diagnostic accuracy and 

personalized treatment options, thereby furthering the capabilities of the system  

 

VII. 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.  
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