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Abstract -Brain tumors are one of the leading causes of 

death worldwide, and their early detection plays a 

crucial role in improving patient survival rates. 

Traditional diagnostic methods, such as MRI and CT 

scans, require expert interpretation by radiologists, 

which can be time-consuming and prone to human error. 

To address these challenges, this project proposes an 

automated Brain Tumor Detection System that utilizes 

computer vision and deep learning techniques for 

accurate and efficient tumor identification from brain 

imaging data. 

The system integrates the YOLO (You Only Look Once) 

deep learning model, a state-of-the-art object detection 

algorithm, for real-time tumor detection in medical 

images. It applies various image processing techniques 

such as denoising, CLAHE (Contrast Limited Adaptive 

Histogram Equalization), adaptive thresholding, edge 

detection, and watershed segmentation to preprocess the 

input MRI or CT scan images before applying YOLO for 

tumor localization and classification. 

Upon detecting a tumor, the system outputs key details 

such as the number and size (in pixels) of the tumors 

present. Furthermore, the system provides an automated 

email report containing the detection results, including 

processed images and tumor details, enabling healthcare 

professionals to receive timely information. The system 

also stores detection results in a database for record-

keeping and future reference, enhancing the accessibility 

and management of patient data. 

The proposed system demonstrates a significant 

improvement in the speed and accuracy of brain tumor 

detection compared to traditional manual methods, 

providing a reliable tool for assisting healthcare 

professionals in diagnosing and treating brain tumors. 

This research highlights the potential of deep learning 

and image processing in advancing healthcare 

technology and improving patient outcomes 
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1.INTRODUCTION 

 

Brain tumors are one of the most critical health 

concerns worldwide, contributing significantly to high 

mortality and morbidity rates. Early detection of brain 

tumors can significantly improve the chances of 

successful treatment and recovery. However, 

diagnosing brain tumors remains a challenging task, 

often requiring advanced imaging techniques such as 

MRI and CT scans to identify and assess 

abnormalities. While radiologists play an essential role 

in interpreting these scans, the increasing volume of 

data and the need for timely diagnoses make it difficult 

for them to keep up. This creates a need for automated 

solutions to aid in this complex process [13][9]. 

In this context, this project focuses on developing a 

Brain Tumor Detection System using cutting-edge 

computer vision and deep learning techniques. The 

core of this system is based on the YOLO (You Only 

Look Once) model, a real-time, high-performance 

object detection model that can detect tumors in MRI 

or CT scan images with high accuracy and speed 

[7][6]. YOLO is capable of detecting objects (in this 

case, tumors) in images by processing them in one go, 

ensuring that the results are obtained rapidly. To 

achieve this, the system first applies a series of 

preprocessing techniques (such as denoising, CLAHE 

for contrast enhancement, and edge detection) to 

improve the quality of the input images. Then, YOLO 

is applied to detect and classify any tumors present. In 

addition to detecting the tumors, the system provides 

valuable information, such as tumor size and the 
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number of tumors, which aids medical professionals in 

making more informed decisions [12][4]. 

More over, the system is integrated with an email 

reporting system, allowing users to automatically 

receive reports that contain both the detection results 

and the processed images. Users can also store the 

tumor detection results in an SQLite database for 

future reference and analysis. The goal of this project 

is to leverage modern image processing and deep 

learning techniques to assist healthcare professionals 

in the timely and accurate detection of brain tumors, 

ultimately improving patient care and outcomes 

[15][10]. 

 

2. RELATED WORKS 

 

The development of automated systems for detecting 

brain tumors using image processing and deep 

learning has been a focal point in recent years. Various 

research papers and applications have been developed, 

aiming to create reliable methods to assist radiologists 

and medical practitioners in detecting and diagnosing 

brain tumors. In this section, we will discuss some of 

the most relevant works related to brain tumor 

detection using image processing techniques, machine 

learning algorithms, and deep learning models. 

I.  Deep Learning Approaches for Brain Tumor 

Detection 

Several studies have utilized deep learning techniques, 

particularly Convolutional Neural Networks (CNNs), 

for the automatic detection of brain tumors. CNNs 

have shown excellent performance in processing 

medical imaging data, as they are capable of 

automatically learning hierarchical features from 

images. In one notable study by Soboul et al. (2020), 

a CNN-based architecture was trained on MRI images 

to detect brain tumors, achieving promising accuracy 

in classification. Similarly, Iglesias et al. (2018) 

explored the use of 3D CNNs to detect gliomas from 

MRI scans, demonstrating the ability of deep learning 

models to detect complex tumor structures in multi-

dimensional imaging data. 

II. YOLO (You Only Look Once) for Real-Time 

Object Detection 

The YOLO (You Only Look Once) model, primarily 

designed for object detection, has been effectively 

applied in medical imaging, including brain tumor 

detection. YOLO's advantage lies in its ability to 

detect objects in real-time, providing both the location 

and classification of tumors in one pass. In a study by 

Zhu et al. (2020), the authors successfully applied 

YOLO for detecting brain tumors in MRI images, 

where the model demonstrated real-time processing 

and high accuracy. The use of YOLO for tumor 

detection has gained popularity due to its speed and 

ability to handle large datasets. 

III. Image Processing Techniques for Tumor Detection 

Image processing techniques such as image denoising, 

contrast enhancement, edge detection, and 

segmentation have been widely utilized as 

preprocessing steps before applying classification or 

detection algorithms. Aghaei et al. (2019) applied 

multiple preprocessing steps, including denoising, 

contrast enhancement, and feature extraction, to 

improve the quality of brain tumor images before 

feeding them into a machine learning model. The use 

of these preprocessing techniques improves the 

accuracy of subsequent tumor detection methods, 

particularly when dealing with noisy medical images. 

Watershed Segmentation, a method used in image 

segmentation, has shown effectiveness in separating 

distinct regions in medical images. Gao et al. (2016) 

employed watershed segmentation for segmenting 

tumor regions from brain MRI scans, significantly 

improving the detection accuracy by isolating the 

tumor area for further analysis. 

IV. Hybrid Approaches Combining Image Processing 

and Machine Learning 

Many recent studies focus on combining traditional 

image processing techniques with machine learning 

algorithms to create hybrid systems that leverage both 

feature extraction and classification capabilities. Ravi 

et al. (2017) combined Gaussian Mixture Models 

(GMMs) with edge detection and thresholding 

techniques to detect brain tumors from CT scans. The 

hybrid approach helped in reducing false positives and 

improving tumor detection performance. Similarly, 

Tajbakhsh et al. (2016) explored a hybrid model 

combining histogram-based feature extraction and 

Support Vector Machines (SVMs) for tumor 

classification, showing a marked improvement over 

using machine learning alone. 

V. Tumor Detection Using Pretrained Models 

Another prominent area of research has involved the 

use of pretrained deep learning models such as 

VGGNet, ResNet, and Inception Net for transfer 

learning. These models, pre-trained on large image 

datasets such as ImageNet, have been fine-tuned for 
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brain tumor detection. Badrinarayanan et al. (2017) 

used a pretrained VGG16 model and fine-tuned it for 

brain tumor classification, achieving an impressive 

accuracy rate. Transfer learning has been particularly 

beneficial in medical imaging tasks where annotated 

datasets are relatively limited. 

VI. Challenges in Brain Tumor Detection 

While significant progress has been made in the field, 

challenges remain in ensuring the robustness and 

accuracy of brain tumor detection models. One of the 

key challenges is dealing with the diverse nature of 

brain tumors, which can vary in size, shape, and 

location. Moreover, medical imaging data can be 

noisy, with variations in image quality and resolution 

across different equipment and patient conditions. 

Studies by Liu et al. (2018) have addressed the issue 

of image quality by introducing methods for image 

augmentation, which allows for better generalization 

of models when training on a limited number of 

datasets. 

VII. Use of Databases and Datasets 

A key enabler in the development of automated brain 

tumor detection systems is the availability of large 

annotated datasets. Datasets such as The Brain Tumor 

Segmentation (BraTS) dataset and The Cancer 

Imaging Archive (TCIA) have become critical in 

training and evaluating machine learning models. 

These datasets contain a wide variety of brain tumor 

types, including gliomas, meningiomas, and 

metastatic tumors, and provide a diverse range of 

imaging modalities such as MRI and CT scans. Menze 

et al. (2015) leveraged the BraTS dataset to develop 

algorithms for tumor segmentation, which later 

contributed to improved detection accuracy in 

subsequent models. 

The related works presented in this section illustrate 

the diverse approaches being used to detect brain 

tumors in medical images. Techniques such as deep 

learning (particularly CNNs), real-time object 

detection with YOLO, and traditional image 

processing methods have all been successfully applied 

to the task. However, challenges such as image quality, 

tumor heterogeneity, and dataset limitations persist. 

The hybrid approaches that combine multiple 

techniques offer promising solutions by improving the 

accuracy and robustness of detection systems. As 

research progresses, combining the strengths of 

different methods and improving the generalization 

capabilities of models will continue to enhance the 

ability to detect brain tumors reliably. 

 

3. METHODOLOGY 

 

The methodology employed in this brain tumor 

detection project integrates various image processing 

techniques, deep learning models, and a user-friendly 

interface using Streamlit to detect and analyze brain 

tumors from medical images. The key aspects of the 

methodology include image preprocessing, tumor 

detection using the YOLO (You Only Look Once) 

deep learning model, and result presentation via an 

interactive web application. This section outlines the 

detailed steps involved in the methodology, from data 

collection and preprocessing to tumor detection, 

reporting, and result storage. 

I.  Data Collection and Preprocessing 

The initial stage of the methodology involves 

acquiring medical images of the brain, typically in the 

form of MRI (Magnetic Resonance Imaging) or CT 

(Computed Tomography) scans. These images often 

contain noise and artifacts that can degrade the quality 

of the tumor detection process. Therefore, 

preprocessing techniques are essential to enhance the 

quality of the images and prepare them for more 

accurate analysis. 

The following preprocessing techniques are 

employed: 

• Denoising: The first step is to remove any noise 

that may obscure the tumor details. A Gaussian 

Blur filter is applied to reduce image noise while 

preserving the important features. 

• Contrast Limited Adaptive Histogram 

Equalization (CLAHE): This technique is applied 

to enhance the contrast of the image, making 

tumor regions more distinct. CLAHE improves 

the visibility of subtle changes in pixel intensity, 

especially in low-contrast regions. 

• Adaptive Thresholding: This method is used to 

segment the image into foreground (tumor) and 

background. By calculating a threshold for each 

pixel based on the local neighborhood, adaptive 

thresholding improves segmentation quality, 

especially when the image has uneven lighting. 

• Edge Detection (Canny Edge Detection): The 

Canny Edge Detection method is used to detect 

the edges of structures in the image, which can 
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help highlight boundaries between the tumor and 

normal tissue. This provides additional 

information for further analysis. 

• Contour Detection: By detecting and filtering 

contours in the image, this step helps to identify 

the boundaries of the tumor and separate it from 

other objects in the image. 

• Watershed Segmentation: The Watershed 

Algorithm is used to segment distinct regions in 

the image. This segmentation method is 

particularly useful when detecting overlapping or 

closely adjacent tumors. 

These preprocessing techniques improve the clarity of 

the image and provide a more accurate foundation for 

subsequent tumor detection. 

 

II. Tumor Detection with YOLO 

The YOLO (You Only Look Once) model, a deep 

learning object detection algorithm, is employed to 

detect brain tumors in the processed medical images. 

YOLO is particularly suitable for this task due to its 

ability to detect objects in real-time with high 

accuracy. 

Step-by-Step Process for Tumor Detection: 

• Model Loading: The YOLO model is pre-trained 

on a dataset of medical images (if a custom 

dataset is used, it should be trained with images 

containing labeled tumor locations). The model 

is loaded using the Ultralytics YOLO framework, 

which supports efficient and high-performance 

detection. 

• Image Preprocessing: Before feeding the image 

to the YOLO model, preprocessing steps (as 

described in Section 1) are applied. This ensures 

that the model receives a clean and well-

processed image, improving detection accuracy. 

• Prediction: The preprocessed image is passed 

through the YOLO model, which performs object 

detection and identifies regions that are likely to 

contain tumors. YOLO predicts bounding boxes 

around the detected tumors, along with a 

confidence score that indicates the likelihood of 

the detection being correct. 

• Tumor Length Calculation: After detecting 

tumors, the lengths of the tumors are calculated 

by measuring the width of the bounding boxes 

generated by the YOLO model. These lengths are 

reported in pixels. 

• Post-Processing: After detection, the output 

image is annotated with bounding boxes and 

labels that indicate the location and size of each 

tumor. This annotated image is then ready for 

visualization. 

 

III. Result Presentation and Reporting 

Once the tumors are detected and the necessary 

measurements (such as tumor lengths) are extracted, 

the results are presented in an interactive web 

application using Streamlit. The application allows 

users to upload MRI or CT images and apply the tumor 

detection process in real-time. The results, including 

tumor count, tumor lengths, and an annotated image, 

are displayed within the application. 

Key features of the web application: 

• Image Upload: Users can upload MRI or CT 

images of the brain using the file uploader 

component in Streamlit. 

• Preprocessing Options: The application provides 

buttons to apply different preprocessing 

techniques such as denoising, CLAHE, adaptive 

thresholding, and edge detection, giving users the 

ability to improve the image quality before tumor 

detection. 

• Tumor Detection Button: Users can click a button 

to initiate tumor detection using YOLO. The 

application processes the image and displays the 

result with bounding boxes drawn around 

detected tumors. 

• Result Display: Once the tumor detection is 

complete, the application displays: 

• The processed image with bounding boxes and 

labels. 

• The number of tumors detected. 

• The calculated tumor lengths in pixels. 

• Downloadable Report: Users can download the 

processed image and a detailed report containing 

the detection results. 

• Email Report: The application offers the option to 

send a detailed tumor detection report, including 

the processed image, tumor measurements, and 

patient information, via email to the user. 

 

IV. Database Storage 

To maintain a record of the tumor detection results, the 

application stores the detection data (patient name, 

tumor count, tumor lengths, detection time, and 
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processed image) in an SQLite database. This allows 

users to review their previous detection results and 

retrieve historical data when necessary. 

 

Database Functionality: 

• Store Detection Data: Each tumor detection result 

is stored in the database, with the processed image 

stored as a BLOB (Binary Large Object). 

• History Retrieval: Users can access their previous 

detection results through a history management 

system, which displays a list of past detections 

along with tumor measurements and processed 

images. 

• Clear History: Users can clear the history of 

detections from the database. 

 

V. Email Integration 

For convenience, the system can send an email report 

to the user. The email contains: 

• The patient's name and tumor detection results. 

• A detailed summary of the detected tumors and 

their sizes. 

An attachment of the processed image. 

This report is automatically generated and sent 

through SMTP (Simple Mail Transfer Protocol) using 

the smtplib library. The email is sent securely by 

logging into the sender's email account, and the report 

is sent to the user’s specified email address. 

 

VI. Chatbot Integration 

A chatbot interface is integrated into the application to 

assist users with any queries related to brain tumor 

detection or to provide further information about the 

detection process. This chatbot can respond to 

questions in real-time and guide users through the 

different steps of the detection process. 

 

VII. User Interface and Interaction 

The user interface is built using Streamlit, which 

provides a simple, interactive platform for users to 

upload images, apply processing techniques, detect 

tumors, and view results. Streamlit allows for seamless 

integration of various components, including image 

upload, interactive buttons, and data visualization 

tools. 

This methodology integrates multiple image 

processing techniques and a deep learning model 

(YOLO) to detect brain tumors in medical images. The 

process includes preprocessing the images to improve 

quality, applying the YOLO model for tumor 

detection, and presenting the results through an 

interactive web application built using Streamlit. The 

system also features the ability to store detection 

results in a database, send email reports, and provide a 

chatbot interface for user interaction. This 

comprehensive approach aims to assist medical 

practitioners and researchers in detecting brain tumors 

efficiently and effectively. 

 

4. ALGORITHM 

 

Algorithm for Brain Tumor Detection 

The following steps outline how we can detect brain 

tumors in medical images (like MRIs or CT scans) 

using image processing and the YOLO deep learning 

model: 

Step-by-Step Process 

Step 1: Image Upload and Preprocessing 

I. Upload Image: The user uploads an image of a brain 

scan (MRI or CT scan). 

II. Preprocess the Image: Perform various 

preprocessing techniques to enhance the image: 

• Denoising: Remove noise from the image to 

improve clarity using techniques like Gaussian 

Blur. 

• Enhance Contrast: Use CLAHE (Contrast 

Limited Adaptive Histogram Equalization) to 

improve the contrast and make the tumors more 

visible. 

• Thresholding: Convert the image to black and 

white using adaptive thresholding. This helps in 

separating the foreground (tumor) from the 

background. 

• Edge Detection: Detect edges in the image using 

the Canny Edge Detection technique. This 

highlights the boundaries of the tumors. 

Step 2: Tumor Detection with YOLO 

III. Load YOLO Model: Load the pre-trained YOLO 

model for tumor detection. 

IV.  Process Image with YOLO:  

• YOLO will analyze the preprocessed image and 

predict areas where tumors might be. 

• It will draw bounding boxes around the detected 

tumor regions in the image. 

• YOLO will also calculate the size of the tumor by 

measuring the length of the bounding boxes. 
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Step 3: Display the Results 

V. Show Annotated Image: After detecting tumors, 

display the image with the bounding boxes drawn 

around the tumors. 

VI. Show Tumor Count and Size: Display the number 

of tumors detected and the size (in pixels) of each 

tumor. 

Step 4: Save Results 

VII. Save to Database: Store the following information 

in a local database (SQLite): 

• Patient's name. 

• Number of tumors detected. 

• Tumor sizes. 

• Processed image (with bounding boxes). 

VIII. View History: Allow the user to view past results 

from the database. 

Step 5: Send Email Report (Optional) 

IX. Send Email: If the user provides their email, send 

a report with: 

• The patient's name. 

• The number of tumors detected. 

• The size of each tumor. 

• The processed image (with bounding boxes) as an 

attachment.  

 

X. Pseudocode for Brain Tumor Detection 
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Fig1.1. Pseudocode for Brain Tumor Detection 
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Fig 1.2 . Pseudocode for Brain Tumor Detection 

 
Fig 1.3. Pseudocode for Brain Tumor Detection 
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5. EXPERIMENTAL RESULTS AND ANALYSIS 

 

The brain tumor detection system, utilizing YOLO and 

various image processing techniques (denoising, 

CLAHE, adaptive thresholding, and edge detection), 

showed excellent results in detecting tumors from 

brain MRI scans. The system achieved an accuracy of 

92%, precision of 95%, and recall of 94%, which 

demonstrated its effectiveness in identifying both 

tumor presence and size. The average processing time 

per image was 3.5 seconds, making it efficient for real-

time usage in clinical environments. The image 

processing techniques played a crucial role in 

enhancing the detection capabilities, particularly in 

noisy or low-contrast images. Denoising helped 

reduce unwanted noise, CLAHE enhanced contrast for 

better visibility of the tumor, and adaptive 

thresholding and edge detection improved the 

accuracy of tumor boundaries. Despite the high 

performance, the model still faced challenges with 

false negatives, particularly for smaller tumors, and 

occasional false positives. Overall, the system 

performed well but could benefit from further 

improvements, including expanding the dataset to 

enhance generalization, reducing false negatives 

through better segmentation, and optimizing the model 

for even faster processing times. This would make it 

even more suitable for clinical use, where speed and 

accuracy are crucial. 

 
Fig 2. Block diagram for Brain Tumor Detection 

 
Fig 3. User Interface Brain Tumor Detection Project 

 
Fig 4. Email Integration 

 
Fig 5. Patient Corner Page 
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Fig 6 . Chatbot Implementation 

 

Fig 7 . Patient brain tumor Detection History 

 
Fig 8. Dataset Images 

 
Fig 9. Brain Tumor Detection 

 
Fig 10. Testing Images 

 
Fig 11. Processing Time By Steps 

 
Fig 12. Training Graphs 
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6. CONCLUSION 

 

this brain tumor detection system, combining the 

YOLO model with various image processing 

techniques, demonstrates significant potential for 

accurate and efficient tumor identification in brain 

MRI scans. The system achieved a high level of 

performance, with 92% accuracy, 95% precision, and 

94% recall, which showcases its ability to effectively 

detect tumors while minimizing false positives. The 

preprocessing steps, including denoising, contrast 

enhancement, and edge detection, contributed greatly 

to improving the image quality and overall detection 

accuracy. Despite these promising results, the system 

faces challenges, particularly with false negatives for 

smaller tumors and occasional false positives. These 

issues highlight the need for further refinement, 

including better segmentation techniques and a more 

diverse dataset to ensure robustness across different 

image qualities. Future work will also focus on 

optimizing the model for faster processing to meet 

real-time clinical requirements. Overall, the proposed 

system offers a valuable tool for assisting healthcare 

professionals in brain tumor detection, improving 

diagnostic accuracy, and potentially accelerating the 

clinical workflow. With continuous improvements and 

further testing, it has the potential to become a vital 

tool in medical imaging and assist in the early 

detection and treatment of brain tumors, ultimately 

contributing to better patient outcomes. 
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