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Abstract: Brain tumors are among the most serious
neurological disorders and require early detection for
effective medical treatment. Magnetic Resonance Imaging
(MRI) is commonly used by radiologists to analyze brain
abnormalities and identify tumor regions. However,
manual analysis of MRI scans is time-consuming and may
lead to errors due to the complexity of brain structures.
Recent advancements in artificial intelligence and deep
learning have enabled automated systems for accurate
tumor detection and segmentation. This paper presents a
deep learning-based framework for brain tumor detection
and temporal progression analysis using MRI images. The
proposed system utilizes a U-Net convolutional neural
network architecture to perform tumor segmentation and
identify tumor regions from brain MRI scans. The system
also calculates tumor location and area from the segmented
tumor mask and compares multiple MRI scans taken at
different time intervals to analyze tumor growth and
movement. By evaluating tumor size changes across scans,
the system can determine whether the tumor is growing,
shrinking, or remaining stable. The proposed model is
trained on MRI brain tumor datasets and tested using
multiple MRI images to evaluate segmentation accuracy
and progression analysis capability. Experimental results
demonstrate that the system successfully detects tumor
regions, estimates tumor size, and performs temporal
progression analysis using multiple MRI scans. The
proposed approach can assist medical professionals in
monitoring tumor development and improving diagnosis
and treatment planning.
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1. INTRODUCTION

Brain tumors are abnormal growths of cells within the brain
that can affect normal brain functions and may lead to serious
health complications. These tumors can be classified as benign
or malignant depending on their growth rate and impact on
surrounding tissues. Early detection of brain tumors is
essential for effective treatment planning and improving
patient survival rates. Medical imaging techniques such as
Magnetic Resonance Imaging (MRI) are widely used to
visualize brain structures and detect abnormalities within the
brain.
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With the rapid growth of artificial intelligence and machine
learning technologies, automated medical image analysis
systems have been developed to assist medical professionals in
detecting diseases more efficiently.

Deep learning techniques, particularly convolutional neural
networks (CNNSs), have demonstrated significant success in
medical image segmentation and classification tasks. Among
these architectures, the U-Net model has become one of the
most widely used networks for biomedical image
segmentation due to its ability to capture both local and global
image features. U-Net consists of an encoder—decoder
structure that allows precise localization of objects within
images.

In addition to tumor detection, monitoring tumor progression
over time is crucial for evaluating treatment effectiveness and
disease development. Temporal progression analysis involves
comparing MRI scans of the same patient taken at different
time intervals to determine changes in tumor size or position.
This information helps medical professionals understand
tumor growth patterns and adjust treatment strategies
accordingly.

This paper proposes a deep learning-based system for brain
tumor detection and temporal progression analysis using MRI
scans. The proposed system automatically segments tumor
regions using a trained-U-Net model and calculates tumor
characteristics such as location and size. By comparing
multiple MRI scans, the system also estimates tumor growth
and movement over time. The proposed approach aims to
provide a reliable and automated tool for assisting medical
professionals in brain tumor diagnosis and monitoring.

2. LITERATURE SURVEY

Brain tumor detection using medical imaging has been an
active area of research in the fields of medical image
processing and artificial intelligence. Researchers have
proposed numerous techniques to automatically detect and
segment tumor regions from brain MRI images. These
techniques range from traditional image processing
approaches to advanced deep learning models. The goal of
these methods is to assist medical professionals in identifying
tumor regions accurately and efficiently while reducing
manual effort and diagnostic errors.
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These methods attempted to identify tumor regions by
analyzing differences in pixel intensity and texture in MRI
images. For example, threshold-based segmentation methods
classify pixels into tumor and non-tumor regions based on
intensity  values.  Although these approaches are
computationally simple and easy to implement, they often fail
to handle variations in tumor shape, size, and intensity
distribution present in MRI scans. Furthermore, noise and
imaging artifacts can significantly reduce the accuracy of these
traditional techniques.

To overcome the limitations of basic image processing
methods, researchers began exploring machine learning
techniques for tumor detection. Algorithms such as Support
Vector Machines (SVM), k-Nearest Neighbor (k-NN),
Random Forest, and Artificial Neural Networks have been
widely used for brain tumor classification. These approaches
typically involve extracting relevant features from MRI
images, including texture features, histogram statistics,
wavelet coefficients, and shape descriptors. The extracted
features are then used to train classification models that
distinguish between normal brain tissues and tumor regions.
While machine learning methods improve detection accuracy
compared to traditional techniques, their performance heavily
depends on manual feature extraction, which requires domain
expertise and may not capture complex patterns present in
medical images.

In recent years, deep learning has emerged as a powerful
approach for medical image analysis. Convolutional Neural
Networks  (CNNs) have  demonstrated  remarkable
performance in tasks such as image classification, object
detection, and image segmentation. Unlike traditional machine
learning methods, deep learning models automatically learn
hierarchical features directly from raw image data, eliminating
the need for manual feature extraction. Several studies have
applied CNN-based models to brain tumor detection and
segmentation tasks using MRI images.

Among various deep learning architectures, the U-Net model
has become one of the most widely used networks for
biomedical image segmentation. U-Net consists of an
encoder—decoder architecture that allows the network to
capture both contextual information and spatial details of the
input image. The encoder path extracts high-level features
through convolution and pooling operations, while the decoder
path reconstructs the segmentation map using upsampling
layers. Skip connections between encoder and decoder layers
help preserve spatial information and improve segmentation
accuracy. Many research studies have reported high
performance of U-Net models in brain tumor segmentation
tasks, particularly when trained on benchmark datasets such as
the Brain Tumor Segmentation (BraTS) dataset.

The proposed brain tumor detection system is designed to
automatically identify tumor regions in MRI images and
analyze tumor progression over time. The methodology
consists of several stages including MRI image preprocessing,
tumor segmentation using deep learning, tumor feature
extraction, and temporal progression analysis

A. MRI Image Preprocessing

MRI images obtained from medical datasets often contain
noise and variations in intensity. To improve the performance
of the deep learning model, the input images are first
preprocessed. The preprocessing steps include grayscale
conversion, image resizing, normalization, and noise removal.
All MRI images are resized to a fixed resolution to ensure
consistency during model training.

B. U-Net Based Tumor Segmentation

The core component of the proposed system is the U-Net deep
learning model. U-Net is a convolutional neural network
architecture specifically designed for biomedical image
segmentation. The network consists of two main parts: the
encoder and the decoder.

The encoder extracts important features from the input MRI
image using convolutional layers and pooling operations. The
decoder reconstructs the segmentation mask using upsampling
layers and combines feature maps from the encoder through
skip connections. These skip connections help preserve spatial
information and improve segmentation accuracy.

The model is trained using labeled MRI images where tumor
regions are provided as ground truth masks. During training,
the network learns to differentiate between tumor and non-
tumor regions.

C. Tumor Localization and Size Estimation

After segmentation, the predicted tumor mask is analyzed to
determine tumor location and size. Image processing
techniques are used to identify tumor contours and calculate
the tumor area. The center of the tumor region is computed
using image moments.

D. Temporal Progression Analysis

To analyze tumor progression, the system compares MRI
scans taken at different time intervals. The tumor area and
center location from each scan are calculated and compared to
determine tumor growth and movement.

Tumor growth is calculated as the difference between tumor
areas in two scans, while tumor movement is calculated as the
distance between tumor centers.

E. System Workflow

The overall workflow of the proposed system includes the
following steps:

1. MRl image is provided as input to the system.

The image is preprocessed and resized for model input.
The trained U-Net model performs tumor segmentation.
Tumor area and center location are calculated.

Multiple MRI scans are compared to analyze tumor
progression.

Researchers have also proposed several variations of the U-
Net architecture to improve segmentation accuracy and
computational efficiency. For instance, attention-based U-Net
models incorporate attention mechanisms to focus on relevant
tumor regions while ignoring irrelevant background features.

a s wn

Residual U-Net architectures integrate residual learning to
improve gradient flow during training and enable deeper
network structures. Additionally, 3D U-Net models process
volumetric MRI data rather than individual slices, enabling
more accurate tumor localization.
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3. METHODOLOGY

The proposed system performs brain tumor detection and
temporal progression analysis from MRI images using deep
learning techniques. The framework consists of several stages
including MRI preprocessing, tumor segmentation using a
deep learning model, tumor feature extraction, and temporal
comparison between scans. The overall workflow of the
system is illustrated in the system architecture.

3.1 MRI Dataset Preparation

The system utilizes brain MRI scans obtained from publicly
available datasets such as the Brain Tumor Segmentation
(BraTS) dataset. Each MRI scan contains multiple slices
representing different cross-sections of the brain. These slices
are extracted and converted into two-dimensional images to
train the segmentation model.

The dataset includes both MRI images and corresponding
tumor masks, which serve as ground truth labels for
supervised learning. These masks indicate tumor regions
within the MRI scans.

3.2 Image Preprocessing

MRI images often contain noise and intensity variations that
may affect segmentation performance.  Therefore,
preprocessing is performed before training the model.

The preprocessing steps include:

e Normalization: Pixel values are normalized between 0
and 1 to maintain consistency across the dataset.

e Image Resizing: All MRI slices are resized to 128 x 128
pixels to ensure uniform input size for the neural
network.

e Noise Reduction: Filtering techniques are applied to
reduce noise and enhance important structural features.

These preprocessing operations improve the quality of input
data and enhance model performance.

3.3 Tumor Segmentation Using U-Net

The core component of the proposed system is the U-Net
convolutional neural network, which is widely used for
biomedical image segmentation.

The U-Net architecture consists of two main parts:
Encoder(ContractingPath):

The encoder extracts hierarchical features from MRI images
using convolution and pooling layers. This stage captures
contextual information about brain structures.
Decoder(ExpandingPath):

The decoder reconstructs the segmentation map using
upsampling layers. Skip connections are used to combine
encoder features with decoder layers, enabling precise
localization of tumor regions.

The output of the network is a binary segmentation mask,
where tumor regions are highlighted.

The model is trained using Binary Cross-Entropy loss and
optimized using the Adam optimizer.

3.4 Tumor Mask Post-Processing

After segmentation, the predicted tumor mask may contain
small artifacts or holes. Morphological operations such as
closing are applied to refine the tumor region and improve se

This step ensures smoother tumor boundaries and removes
small noise regions from the predicted mask.

3.5 Tumor Feature Extraction

Once the tumor region is segmented, important tumor
characteristics are extracted from the mask.

The extracted features include:

The tumor size is estimated by counting the number of pixels
belonging to the tumor region.

The centroid represents the geometric center of the tumor
region and indicates the spatial location of the tumor within
the MRI image.

These features provide quantitative measurements required
for tumor progression analysis.

3.6 Temporal Tumor Progression Analysis

To analyze tumor development over time, the system
compares tumor features extracted from two MRI scans taken
at different time intervals.

The progression analysis includes:

Tumor growth is determined by calculating the difference
between tumor areas in two scans.
Growth = Areascan2 — Areascant

Tumor movement is measured by computing the Euclidean
distance between tumor centroids of the two scans.

Movement = V(xz — x1)2 + (y2 — y1)?

This analysis helps determine whether the tumor has grown,
shrunk, or shifted between scans.

3.7 Visualization of Results

The final module visualizes the results of tumor detection and
progression analysis. The system displays the original MRI
scans along with segmented tumor regions and highlights the
tumor center. Additionally, tumor growth statistics and
movement direction are presented graphically to assist
medical professionals in interpreting the results.

3.8 System Architecture
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4. RESULT AND DISCUSSION

he proposed brain tumor detection and temporal
progression analysis system was implemented using
Python and deep learning libraries such as
TensorFlow, OpenCV, and NumPy. The system was
trained using MRI images obtained from publicly
available brain tumor datasets. The trained model was
evaluated using unseen MRI scans to analyze its
ability to accurately detect tumor regions and track
tumor progression between scans.

Brain Tumor Detection &
Progression Analysis

Fig:4.1 User Input

4.1 Tumor Segmentation Results

The U-Net deep learning model was trained to
segment tumor regions from MRI images. During
training, the model learned to distinguish tumor tissues
from normal brain structures by analyzing spatial
features and intensity patterns present in MRI scans.
The segmentation output generated by the model
highlights tumor regions in the form of binary masks.
These masks clearly separate abnormal tumor tissues
from surrounding healthy brain tissues. Experimental
results indicate that the model can successfully
identify tumor boundaries in most MRI images.

The segmentation results demonstrate that the U-Net
architecture is highly effective for medical image
segmentation tasks due to its ability to preserve spatial
information through skip connections between
encoder and decoder layers.

4.2 Tumor Feature Extraction

After tumor segmentation, the system extracts several
important tumor characteristics from the predicted
segmentation mask. These include tumor area and
tumor centroid location.

The tumor area is calculated by counting the number
of pixels belonging to the tumor region. This provides
an estimate of tumor size within the MRI image. The
centroid represents the geometric center of the tumor
region and provides information about tumor location.
These features are essential for understanding tumor
characteristics and performing progression analysis
between multiple MRI scans.

4.3 Temporal Tumor Progression Analysis

One of the key contributions of the proposed system is

the ability to analyze tumor progression over time. The
system compares tumor features extracted from two

MRI scans captured at different time intervals.

The temporal analysis module calculates tumor growth by
measuring the difference in tumor area between two scans. If
the tumor area increases, the system identifies it as tumor
growth. Conversely, a reduction in tumor area indicates
tumor shrinkage, which may occur due to treatment or
medical intervention.

In addition to tumor growth, the system also analyzes tumor
movement by calculating the Euclidean distance between
tumor centroids in two MRI scans. This measurement
indicates whether the tumor position has shifted over time.
Experimental ~ results demonstrate that the system
successfully detects both tumor growth and tumor movement
between MRI scans, providing useful insights into tumor
development.

4.4 Visualization of Tumor Detection

The system includes a visualization module that displays the
detected tumor region along with the original MRI image.
The predicted tumor mask is overlaid on the MRI scan to
highlight tumor boundaries.

The visualization also displays the tumor center location
using markers and arrows to indicate tumor movement
between scans. This graphical representation helps users
easily understand tumor progression patterns.

Additionally, tumor growth statistics such as tumor area and
movement distance are displayed alongside the MRI images
to provide quantitative analysis of tumor changes.

4.5 Discussion

The experimental results demonstrate that deep learning—
based segmentation techniques can effectively detect brain
tumors from MRI images. The U-Net model shows strong
performance in identifying tumor regions due to its encoder—
decoder architecture,” which captures both spatial and
contextual features.

The integration of tumor feature extraction and temporal
analysis provides additional insights beyond simple tumor
detection. By measuring tumor growth and movement, the
system enables continuous monitoring of tumor progression,
which can assist medical professionals in evaluating
treatment effectiveness.

However, the system has certain limitations. Tumor
segmentation accuracy may vary depending on image quality,
tumor shape, and dataset diversity. Future improvements may
include training the model on larger datasets and
incorporating multi-modal MRI images to enhance
segmentation performance.

Overall, the proposed system demonstrates the potential of
deep learning techniques in automated medical image
analysis and tumor monitoring.
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Scan 1 Results

Fig:4.2 Scan 1 Result

Scan 2 Results

Fig:4.3 Scan 2 Result

Temporal Analysis
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Fig:4.4 Tumor Growth

5. CONCLUSION

In this research, a deep learning—based system for brain
tumor detection and temporal progression analysis using
MRI images was proposed and implemented. The system
utilizes a U-Net convolutional neural network architecture
to perform accurate tumor segmentation from MRI scans. The
segmentation model is capable of identifying tumor regions
and generating binary masks that clearly separate abnormal
tissues from normal brain structures.

The proposed framework integrates several important
components including MRI image preprocessing, deep
learning—based tumor segmentation, tumor feature extraction,
and temporal progression analysis.

After segmentation, the system extracts important tumor
characteristics such as tumor area and tumor centroid location.
These features allow quantitative analysis of tumor size and
position within the brain. The extracted tumor features are
then used for temporal progression analysis by comparing
multiple MRI scans taken at different time intervals.

The temporal analysis module measures tumor growth and
movement by comparing tumor areas and centroid positions
between scans. This capability allows the system to monitor
tumor development and identify changes in tumor size or
location over time. Such information is valuable for tracking
disease progression and evaluating treatment effectiveness.
Additionally, the system includes a visualization module that
displays tumor segmentation results and progression statistics
in an intuitive format. The visualization of tumor boundaries,
tumor center locations, and movement direction enables easier
interpretation of the results by medical professionals and
researchers.

The experimental results demonstrate that deep learning—
based segmentation methods are effective for automated brain
tumor detection. The proposed system successfully identifies
tumor regions and provides meaningful insights into tumor
progression patterns.

However, the system can be further improved by
incorporating larger datasets and multi-modal MRI images to
enhance segmentation accuracy. Future work may also focus
on developing predictive models that estimate future tumor
growth patterns based on historical MRI scans. Integrating the
system into a clinical decision support platform could further
assist doctors in diagnosing brain tumors and monitoring
patient treatment outcomes.

Overall, the proposed approach highlights the potential of
artificial intelligence and deep learning techniques in
medical image analysis, providing an efficient tool for
automated brain tumor detection and progression monitoring.
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