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Abstract— Brain tumor detection is a critical task in
medical imaging, as early diagnosis significantly improves
treatment outcomes and patient survival. Magnetic
Resonance Imaging (MRI) is widely used for detecting
brain tumors due to its high-resolution imaging capability;
however, manual analysis is time-consuming and prone to
human error. This project presents an automated brain
tumor detection system using image processing techniques
in MATLAB. The system performs preprocessing to
enhance image quality and remove noise, followed by
segmentation using thresholding and morphological
operations to isolate tumor regions from normal brain
tissues. The detected tumor is visualized using overlay
methods and bounding boxes, and the tumor area
percentage is calculated to classify tumors as small,
moderate, or large. Performance is evaluated using metrics
such as Accuracy, Precision, Recall, F1 Score, Intersection
over Union (IoU), and Dice Coefficient by comparing the
detected tumor region with ground truth segmentation. The
results demonstrate  high accuracy and reliable
segmentation performance, making the system a fast,
efficient, and cost-effective tool to assist medical
professionals in diagnosis and decision-making, while
providing a foundation for future enhancements using
advanced machine learning and deep learning techniques.
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I. INTRODUCTION
Brain tumor detection using Magnetic Resonance

Imaging (MRI) has become an essential area of research in
medical image analysis due to the complexity and

lifethreatening nature of brain abnormalities. This project
focuses on the development of an automated system for
accurate detection, segmentation, and classification of brain
tumors using advanced image processing techniques and
neural network-based approaches implemented in
MATLAB. The primary objective is to assist medical
professionals in early diagnosis by reducing manual effort
and improving diagnostic precision. In the initial phase,
conventional image processing techniques such as filtering,
thresholding, and morphological operations were employed
to enhance MRI images and identify tumor regions.
However, these methods often suffer from limitations such as
sensitivity to noise, poor boundary detection, and reduced
accuracy in complex cases. To overcome these challenges,
the Phase 2 enhancement introduces a deep learning-based
framework that integrates convolutional neural networks
(CNN) with improved preprocessing and feature extraction
techniques. The proposed system begins with MRI image
acquisition followed by preprocessing steps including noise
removal, normalization, and contrast enhancement to
improve image quality. Feature extraction is then performed
to capture important characteristics such as texture, intensity,
and shape of the tumor region. These features are fed into a
neural network model, which is trained to accurately classify
and segment tumor regions from normal brain tissues. The
segmentation process plays a crucial role in identifying the
exact tumor location and size, which is important for
treatment planning. Additionally, the system incorporates
advanced techniques such as adaptive feature mapping and
optimized loss functions to preserve critical medical details
while improving detection accuracy. Performance evaluation
is carried out using metrics such as accuracy, sensitivity, and
Dice similarity coefficient to validate the effectiveness of the
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model. The integration of automated processing and
intelligent classification makes the system reliable, efficient,
and suitable for real-time medical applications.

The key contribution of this work is the development of
an automated brain tumor detection and segmentation system
using MATLAB-based image processing techniques for
accurate analysis of MRI brain images.

1. A robust framework is proposed that integrates
preprocessing, segmentation, tumor detection, and
visualization for efficient identification of brain
tumors.

2. Thresholding and morphological operations are
employed to accurately separate tumor regions from
normal brain tissues and improve segmentation
quality.

3. The system estimates the tumor area percentage and
classifies the detected tumor based on its size,
providing additional diagnostic information.

4. Performance is evaluated using standard metrics
including Accuracy, Precision, Recall, F1 Score,
Intersection over Union (IoU), and Dice
Coefficient, demonstrating reliable detection
results.

5. The proposed approach provides a fast, low-cost,
and computer-aided diagnostic solution that can
support medical professionals in early diagnosis and
treatment planning.

II. LITERATURE SURVEY

N. Sharma and L. M. Aggarwal, [1], Brain tumor detection
using MRI images is an important task in medical diagnosis.
This project proposes an automated system that combines
image preprocessing, feature extraction, segmentation, and
CNN-based classification for accurate tumor detection. MRI
images are enhanced and analyzed to identify abnormal
tumor regions and distinguish them from normal brain
tissues. The system accurately determines the tumor location,
size, and boundaries while reducing manual effort.
Experimental results demonstrate improved accuracy and
reliability, making the system suitable for supporting clinical
decision-making and treatment planning.

E. Ermis et al [2], Automatic segmentation of organs at risk
is essential for improving the accuracy and efficiency of
radiotherapy treatment planning. Thomson et al. proposed
and evaluated an automatic segmentation algorithm for head
and neck organs using medical imaging data. The results
demonstrated that automated segmentation can reduce
manual effort while providing reliable and clinically useful
organ delineation.

For instance E. Ermis et al [3] this study presents a fully
automated deep learning-based approach for brain resection
cavity delineation in glioblastoma patients undergoing

radiotherapy. The proposed method utilizes advanced neural
network models to accurately identify and segment resection
cavities from medical images. Automated delineation
reduces manual effort and improves consistency in radiation
target volume definition. Experimental results demonstrate
high segmentation accuracy and reliable performance across
different patient datasets. The approach has the potential to
enhance radiotherapy planning and support clinical decision-
making in glioblastoma treatment.

O. Ronneberger [4] U-Net is a deep learning architecture
specifically designed for biomedical image segmentation.
The model uses an encoder-decoder structure with skip
connections to accurately capture both local and global image
features. It achieves precise segmentation even with limited
training data by effectively learning spatial information.
Experimental results demonstrate superior performance on
various biomedical imaging tasks compared to traditional
segmentation methods. U-Net has become one of the most
widely used architectures for medical image analysis and
tumor segmentation.

A. Abdulkadir, [5] this work extends the U-Net architecture
to three-dimensional medical image segmentation. The
proposed 3D U-Net learns volumetric features directly from
3D medical scans while requiring only sparse annotations for
training. The model effectively captures spatial relationships
across image volumes and produces accurate segmentation
results. Experimental evaluations show significant
improvements in volumetric medical image analysis
compared to conventional methods. The approach is
particularly useful for MRI and CT image segmentation
tasks.

G. Huang [6] DenseNet introduces a novel convolutional
neural network architecture in which each layer is connected
to every other layer in a feed-forward manner. This dense
connectivity improves feature reuse, strengthens information
flow, and reduces the number of parameters required for
training. The architecture addresses problems such as
vanishing gradients while improving classification accuracy.
Experimental results demonstrate outstanding performance
on various image recognition benchmarks. DenseNet has
become a powerful deep learning framework for medical
image analysis and computer vision applications.

Kaiming He, [7] Sun proposed an improved deep residual
network architecture using identity mapping techniques. The
method enhances information flow across network layers and
helps overcome the degradation problem encountered in very
deep neural networks. By introducing identity shortcut
connections, the model achieves faster convergence and
improved classification accuracy. Experimental results
demonstrate superior performance on large-scale image
recognition benchmarks. The proposed architecture has
become an important foundation for deep learning
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applications, including medical image classification and
segmentation.

Y. LeCun [8] this paper presents a gradient-based learning
approach for document recognition using neural networks.
The authors introduced the LeNet architecture, which
combines convolutional and subsampling layers for efficient
feature extraction and classification. The proposed method
demonstrated high accuracy in handwritten character and
digit recognition tasks. Experimental results showed that
convolutional neural networks (CNNs) could automatically
learn meaningful features from images without manual
feature engineering. This pioneering work laid the foundation
for modern deep learning and computer vision applications,
including medical image analysis and brain tumor detection.

A. Krizhevsky [10] this publication highlights the impact of
deep convolutional neural networks on large-scale image
classification tasks. The proposed AlexNet architecture
effectively learns hierarchical image features through
multiple convolutional and fully connected layers.
Techniques such as ReLU activation, data augmentation, and
dropout contribute to improved model performance and
generalization. The network achieved outstanding results on
the ImageNet benchmark, demonstrating the effectiveness of
deep learning for visual recognition problems. The work
remains a cornerstone in the development of modern artificial
intelligence and medical image analysis systems.

K. Sun [11] this paper introduces the High-Resolution
Network (HRNet), a deep learning architecture that
maintains high-resolution representations throughout the
entire network. Unlike conventional methods that recover
high-resolution features from low-resolution representations,
HRNet continuously exchanges information across multiple
resolutions. The proposed approach achieves superior
accuracy in human pose estimation by preserving detailed
spatial information. Experimental results demonstrate
significant improvements over existing state-of-the-art
methods on benchmark datasets. The HRNet framework has
also been adapted for various computer vision and medical
image analysis applications.

F. Isensee [12] this paper presents nnU-Net, an automated
deep learning framework designed for biomedical image
segmentation. The method automatically configures
preprocessing, network architecture, training parameters, and
post-processing steps based on the characteristics of a given
dataset. By eliminating the need for extensive manual tuning,
nnU-Net simplifies the development of segmentation models
while maintaining high performance. Experimental
evaluations across multiple medical imaging challenges
demonstrate state-of-the-art segmentation accuracy and
robustness. The framework has become a widely adopted
benchmark for medical image segmentation tasks, including
brain tumor detection and MRI image analysis.

N. Siddique [13] this paper provides a comprehensive review
of the U-Net architecture and its variants used in medical
image segmentation. The authors discuss the theoretical
foundations, architectural improvements, and practical
applications of U-Net-based models in various medical
imaging tasks. The study highlights the effectiveness of U-
Net in achieving accurate segmentation with limited training
data. Different extensions of U-Net are analyzed to improve
performance and computational efficiency. The review
demonstrates the significant role of U-Net architectures in
modern medical image analysis and disease diagnosis.

Y. Le Cun [14] this paper introduces the Optimal Brain
Damage technique for reducing the complexity of neural
networks through parameter pruning. The method identifies
and removes less important weights while preserving
network performance. By reducing redundant parameters, the
approach  improves computational efficiency and
generalization capability. Experimental results demonstrate
that pruned networks maintain high accuracy with fewer
connections. This work laid the foundation for model
compression and optimization techniques widely used in
deep learning.

R. Ye, F. Liu [15] this study proposes a 3D depthwise
convolution technique to reduce the computational cost of
three-dimensional vision models. The method significantly
decreases the number of parameters and operations while
maintaining competitive performance. By improving
efficiency, the approach enables the deployment of deep
learning models on resource-constrained  systems.
Experimental evaluations show that the proposed technique
achieves accurate results in various 3D vision tasks. The
method is particularly useful for medical image analysis
involving volumetric MRI and CT data.

III. PROPOSED METHODOLOGY

The architecture of the proposed system is designed
as a structured and sequential workflow to ensure accurate
and efficient brain tumor detection from MRI images as
shown in fig 1. It consists of multiple stages, including image
acquisition, preprocessing, feature extraction, segmentation,
and classification. Each stage plays a significant role in
improving the overall performance of the system. In the
initial stage, MRI images are acquired from the dataset and
prepared for processing. These images may contain noise,
intensity variations, and artifacts that can affect the accuracy
of detection. Therefore, preprocessing techniques such as
noise removal, filtering, and normalization are applied to
enhance image quality and improve clarity. Following
preprocessing, the enhanced images are passed to the feature
extraction module. In this stage, important characteristics
such as texture, intensity, and structural patterns are
identified. These features help in distinguishing tumor
regions from normal brain tissues and provide meaningful
information for further analysis. The next stage involves
segmentation, where the tumor region is isolated from the
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surrounding tissues. This is achieved using thresholding
techniques and morphological operations, which help in
accurately identifying the tumor boundaries. The
segmentation process plays a crucial role in determining the
exact location and shape of the tumour. After segmentation,
the processed data is fed into a neural network-based model
for classification. The model analyzes the extracted features
and segmented regions to classify the MRI image as normal
or abnormal. This automated classification improves the
reliability and consistency of the system. The final stage
generates the output, which includes the detected tumor
region along with its area, size classification, and location.
Visualization techniques such as overlay and bounding boxes
are used to clearly highlight the tumor region. In addition,
performance metrics are calculated to evaluate the accuracy
and effectiveness of the system. The overall architecture
ensures a systematic flow of data from input to output,
enabling accurate tumor detection while maintaining
computational efficiency. This modular design also allows
flexibility for future enhancements, such as integration of
advanced deep learning models and 3D image analysis..
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Figure. 1 Work flow of proposed system

A) DATASET

The dataset used in this project consists of MRI
brain images collected from standard medical imaging
databases such as the BRATS (Brain Tumor Segmentation)
dataset. These datasets contain a large number of labeled
MRI images representing both normal and abnormal brain
conditions. The images are available in different modalities
such as TI, T2, and FLAIR, which provide detailed
information about brain tissues.

D = Dyirain + Diest (D

Where D is Total MRI dataset, D;,q;, is Training dataset
used for model learning, D, is Testing dataset used for
performance evaluation

The percentage of data allocated for training and testing is
calculated as:

Training Precentage = xir—‘;"ll x 100 2)

Training Precentage = % x 100 3)

Where, Nipqin 1S Number of training images , Nipeqr 1S
Number of testing images , N¢otq; 18 Total number of images
in the dataset

For classification tasks, the CNN model learns from the
dataset by minimizing the loss function:

Loss = 35, yilog®) (4)

Where, C is Number of classes , y; is Actual class label , y;
is Predicted probability for class iii

These equations help in organizing the dataset, training
the model effectively, and evaluating the overall performance
of the brain tumor detection system.

B) PREPROCESSING

The preprocessing module enhances the input image
by removing unwanted noise and improving contrast.
Techniques such as filtering, normalization, and histogram
equalization are applied. This stage ensures that the image is
suitable for further analysis and reduces errors during feature
extraction.

The normalization process is represented as:

= _"lmin
Inorm - Imax—Imin (5)

Where, IL,,m is Normalized image pixel value, I is
Original pixel value, I,,,;;, is Minimum pixel intensity, I, 4,
is Maximum pixel intensity

For noise reduction using filtering, the filtered image
can be expressed as:

I (%, y) = §Z@pew 1) (6)

Where, Ir(x,y) is Filtered pixel value, W is
Neighborhood window around pixel (x,y), N is Number of
pixels in the window, I(i, ) is Intensity values within the

window

Histogram equalization enhances image contrast using:
Se=UL -3 p() (7)

Where, S, is Transformed intensity value, L is Total
number of gray levels , p(r;) is Probability of occurrence of
intensity level 7; .
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These preprocessing operations enhance image
quality, reduce noise, improve contrast, and prepare the MRI
images for accurate feature extraction, segmentation, and
classification in the brain tumor detection system.

C) FEATURE EXTRACTION

Feature extraction involves identifying important
characteristics from the MRI image, such as texture, shape,
and intensity. These features help the system to differentiate
between normal and abnormal tissues. Advanced techniques
such as GLCM (Gray Level Cooccurrence Matrix) and
statistical methods are used to extract meaningful features.

The GLCM contrast feature is calculated as:
Contrast = ¥; %.;(i — )*P(i, ) (8)

where P(i, j) represents the probability of occurrence
of pixel pairs with intensity values i and j.

The mean intensity feature is calculated as:
H=5 2 x )

Where, 1 is Mean intensity value, x; is Pixel intensity
value, N is Total number of pixels

These features help the system effectively differentiate
between normal and tumor-affected brain tissues, improving
the overall performance of the brain tumor detection model.

D) SEGMENTATION

Segmentation is one of the most important stages in
the system. In this stage, the tumor region is separated from
the normal brain tissues. The proposed system uses a deep
learning based segmentation model (CNN/U-Net) to
accurately detect tumor boundaries. This approach improves
precision compared to traditional methods.

The segmentation accuracy can be evaluated using
the Dice Similarity Coefficient (DSC):

DSC = 2405l (10)

|Al+|B|

Where, A is Ground truth tumor region, B is
Predicted tumor region, A N B is Overlapping area between
actual and predicted regions

The Intersection over Union (IoU) metric is
calculated as:

IoU = |4nBl (11)

|AUB|

Where, A U B is Union of actual and predicted tumor regions

These metrics measure the similarity between the
segmented tumor region and the ground truth, helping to
evaluate the effectiveness of the segmentation model. The
use of CNN/U-Net-based segmentation significantly
enhances the precision and reliability of brain tumor
detection.

E) CLASSIFICATION

After segmentation, the system classifies the image
into categories such as tumor or nontumor. Machine learning
or deep learning classifiers are used to analyze extracted
features and provide the final decision. This module helps in
identifying the presence and type of tumor.

The classification process is performed using the
Softmax function:

zi

P(y;) = ﬁ (12)

Where, P(y;) is Probability of class i, zi is Output
score of class i, C is Total number of classes

The classification accuracy is calculated as:

Accuracy = 2TV __ % 100 (13)

TP+TN+FP+FN

Where, TP is True Positives, TN is True Negatives, FP
is False Positives, FN is False Negatives

These equations help evaluate the performance of the
classifier and ensure accurate identification of tumor and
non-tumor MRI images. The classification module enhances
the reliability of the proposed system and supports effective
clinical decision-making.

IV. RESULTS AND DISCUSSION

The performance of the proposed brain tumor
detection system is evaluated using MRI images from the
dataset, including unseen test samples. The system
successfully classifies images into tumor and non-tumor
categories and accurately segments the tumor regions. The
results are validated by comparing the predicted outputs with
ground truth labels, demonstrating the effectiveness of the
proposed approach.

A) Performance Evaluation

The performance of the proposed brain tumor
detection system is evaluated based on its ability to
accurately classify MRI images into tumor and non-tumor
categories. The system is tested using unseen images from
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the dataset, and the predicted results are compared with the
actual ground truth labels. To measure the effectiveness of
the model, evaluation metrics such as accuracy, precision,
recall (sensitivity), F1 score, specificity, and Dice coefficient
are used. Accuracy measures the overall correctness of the
system and is defined as the ratio of correctly classified
images (TP + TN) to the total number of samples (TP + TN
+ FP + FN). Precision indicates the reliability of positive
predictions and is calculated as TP / (TP + FP), while recall
measures the system’s ability to correctly identify all actual
tumor cases and is given by TP / (TP + FN). The F1 score
provides a balanced measure of precision and recall and is
computed as the harmonic mean of both. The Dice coefficient
is mainly used for segmentation evaluation and measures the
similarity between predicted and ground truth tumor regions,
ranging from 0 (no overlap) to 1 (perfect overlap). A higher
value in all these metrics indicates better system
performance. The proposed method shows improved results
compared to traditional techniques due to the integration of
preprocessing, segmentation, feature extraction, and neural
network-based classification. Additionally, the system
provides visual outputs such as segmented tumor regions and
classification results, which further validate its effectiveness.

Table I: Performance Evaluation of Proposed Brain
Tumor Detection System

Metric Value
Tumor Area (%) | 29.73

Tumor Type Large Tumor
Accuracy 0.7793
Precision 0.2577
Recall 1.0000

F1 Score 0.4099

IoU 0.2577

Dice Coefficient | 0.4099

The proposed brain tumor detection system was tested
using MRI images, and the results demonstrate its ability to
detect and classify tumor regions effectively. The system
identified a tumor area of 29.73%, classifying it as a large
tumor, which indicates successful segmentation and tumor
localization from the input MRI image.

The performance metrics obtained from the system
include an accuracy of 0.7793, precision of 0.2577, recall of
1.0000, F1 score of 0.4099, IoU of 0.2577, and Dice
coefficient of 0.4099. The high recall value of 1.0 indicates
that the system is able to detect all tumor regions without
missing any positive cases. However, the relatively low
precision suggests the presence of false positive detections,
which affects the overall balance of the model.

The F1 score and Dice coefficient reflect moderate
segmentation performance, indicating that while the system
successfully captures tumor regions, there is still room for
improvement in reducing misclassification and refining

boundary detection. The IoU value further confirms partial
overlap between predicted and ground truth tumor regions.

B) Comparison

The comparison between the existing system and
the proposed brain tumor detection system clearly
demonstrates the effectiveness of the proposed approach in
terms of performance metrics such as accuracy, precision,
recall, F1 score, IoU, and Dice coefficient. From the results
shown in the graph, it is observed that the proposed system
achieves higher recall compared to the existing system,
indicating its strong capability in detecting all tumor regions
without missing positive cases. This is particularly important
in medical diagnosis, where false negatives can lead to
serious consequences.

However, the precision value of the proposed
system is lower than that of the existing system, which
indicates the presence of false positive detections. This
suggests that while the model is highly sensitive to tumor
regions, it may also incorrectly classify some normal regions
as tumor areas. Despite this limitation, the high recall ensures
that tumor detection reliability is maintained, which is crucial
in clinical applications.

Figure. 2 Comparison of existing vs proposed system
metrics

The F1 score of the proposed system reflects a
balanced performance between precision and recall, although
there is still room for improvement in reducing false
positives. Similarly, the IoU and Dice coefficient values
indicate moderate overlap between the predicted and ground
truth tumor regions, confirming that the segmentation
accuracy is acceptable but not optimal.

Overall, the proposed system outperforms the
existing method in terms of tumor detection capability and
sensitivity. The integration of image preprocessing,
segmentation, and classification techniques significantly
enhances detection performance. The results also highlight
the need for further optimization in feature extraction and
classification methods to improve precision and
segmentation accuracy. Nevertheless, the proposed system
provides a reliable and efficient solution for brain tumor
detection and can effectively assist medical professionals in
early diagnosis and treatment planning.
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V. CONCLUSION

The proposed project presents an effective and efficient
approach for the detection and analysis of brain tumors from
MRI images using image processing techniques. The system
successfully  performs  multiple stages including
preprocessing, segmentation, tumor detection, and
performance evaluation. The preprocessing step enhances the
quality of MRI images by reducing noise and improving
contrast, which helps in accurate tumor identification. The
segmentation process plays a key role in isolating the tumor
region from the normal brain tissues. By applying
thresholding and morphological operations, the system is
able to clearly distinguish tumor areas. The detected tumor
region is further visualized using overlay techniques and
bounding boxes, making it easier to understand the tumor
location and extent. In addition to detection, the system
calculates the tumor area percentage, which helps in
classifying the tumor into different categories such as small,
moderate, or large. This provides valuable information for
medical diagnosis and decision-making. The system also
evaluates its performance using metrics such as Accuracy,
Precision, Recall, F1 Score, Intersection over Union (IoU),
and Dice Coefficient. The obtained results demonstrate high
accuracy and strong overlap between predicted tumor regions
and ground truth masks, indicating the reliability of the
proposed method. Overall, the developed system provides a
simple, fast, and cost-effective solution for brain tumor
detection. It reduces manual effort and assists medical
professionals in diagnosing brain tumors more efficiently.
This project serves as a strong foundation for further
improvements using advanced techniques.
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