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Abstract-Brain tumors pose a significant challenge in 

neurology and oncology, with early detection being 

crucial for effective treatment and improved patient 

outcomes. This project aims to automate the 

segmentation and classification of brain tumors from 

Magnetic Resonance Imaging (MRI) images using deep 

learning techniques. The proposed system leverages 

advanced methods such as pre-processing, feature 

extraction, segmentation, classification, and prediction 

to streamline the diagnostic process. MRI images are 

initially pre-processed to enhance image quality through 

resizing, grayscale conversion, and bilateral filtering. 

Statistical and texture-based features are then extracted 

using methods like mean standard deviation and Gray-

Level Co-occurrence Matrix (GLCM). Tumor 

segmentation is performed using thresholding 

techniques and the U-Net++ architecture, while 

classification is carried out using deep learning models 

such as VGG-19, Inception, and ResNet-50. The final 

output predicts the presence of a tumor and classifies it 

based on the type of disease. The system is deployed 

through a user-friendly web interface, allowing users to 

upload MRI images, receive predictions, and access 

performance metrics. This automated approach aims to 

assist healthcare professionals in providing faster, more 

accurate diagnoses, ultimately improving patient care by 

reducing the reliance on manual interpretation and 

increasing the efficiency of the diagnostic process. 
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I. INTRODUCTION 

Brain tumors represent a significant global health 

challenge, necessitating precise and timely 

diagnosis for effective treatment planning and 

improved patient outcomes [1]. The intricate and 

heterogeneous nature of brain tumors, coupled with 

the high-dimensionality of Magnetic Resonance 

Imaging data, complicates traditional diagnostic 

approaches, making manual segmentation by 

radiologists a time-consuming and subjective 

process prone to variability [2] [3]. Consequently, 

automated brain tumor segmentation, particularly 

through advanced deep learning methodologies, has 

emerged as a critical area of research to enhance 

diagnostic accuracy and streamline clinical 

workflows [4]. This paradigm shift from manual 

interpretation towards computational approaches 

leverages the power of deep learning to extract 

intricate patterns and features from MRI scans, 

thereby enabling more consistent and objective 

tumor delineation [5]. Magnetic Resonance Imaging 

is recognized as the gold standard for brain tumor 

diagnosis due to its non-invasive nature and superior 

soft tissue contrast compared to other imaging 

modalities such as Computed Tomography or X-

rays [6] [7].  

1.1 Objectives  

The main objective of our project is,  

• Develop an automated system for detecting and 

classifying brain tumors from MRI images. 

• Utilize deep learning techniques for image pre-

processing, tumor segmentation, and 

classification. 

• Improve the accuracy and efficiency of brain 

tumor diagnosis. 

• Assist healthcare professionals by providing 

faster, more reliable results. 

• Provide a user-friendly interface for easy 

interaction and prediction. 

II. LITERATURE REVIEW 

The application of deep learning has fundamentally 

transformed various facets of healthcare, including 

the recognition, prediction, and diagnosis of 

conditions such as brain tumors [8]. This 

technological advancement significantly aids 

radiologists in performing accurate and efficient 

mapping, classification, and segmentation of brain 

tumors, which is crucial for both grading and staging 

analyses [9]. Such automated segmentation, 

particularly of 3D structures, provides rapid insights 
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into tumor properties like shape and size, 

significantly enhancing the efficiency of 

preoperative planning and the success rate of 

surgical interventions [10]. Moreover, the precise 

segmentation of tumor boundaries is a fundamental 

requirement for accurate tumor extraction and 

subsequent clinical assessment [11]. Given the 

variability among human raters and the time-

intensive nature of manual segmentation, there is a 

substantial demand for automated algorithms that 

can produce reliable and accurate segmentations of 

various brain tissue types and tumor subregions 

[12]. Deep learning, particularly convolutional 

neural networks, has shown exceptional promise in 

medical image analysis, demonstrating high 

accuracy in tasks such as brain tumor segmentation, 

registration, and classification [13]. These models 

are adept at learning hierarchical representations 

from imaging data, making them particularly 

effective for complex tasks like identifying subtle 

tumor boundaries and heterogeneous tissue 

characteristics [14]. Specifically, convolutional 

neural networks have been widely adopted in 

medical imaging due to their ability to automatically 

learn intricate spatial features, which is crucial for 

interpreting complex patterns in MRI and CT scans 

[5]. This capability allows deep learning models to 

overcome the challenges associated with the diverse 

morphology and spatial distribution of brain tumors, 

leading to improved diagnostic precision and 

reduced inter-observer variability [15] [16]. The 

rapid advancement of artificial intelligence and deep 

learning algorithms over the past decade has led to 

incredible performance growth in image 

classification and segmentation architectures, 

directly impacting the medical imaging sector [17].  

III. METHODOLOGY 

This section details the proposed methodology for 

automated brain tumor segmentation using deep 

learning, specifically outlining the architecture, 

training regimen, and evaluation metrics employed. 

The approach integrates state-of-the-art deep 

learning models, such as variations of the U-Net 

architecture, optimized for volumetric medical 

image analysis to precisely delineate tumor 

boundaries and sub-regions [18]. The model 

leverages an ensemble of advanced neural network 

architectures, including EfficientNetB0 and 

ResNet50, combined with transfer learning to 

enhance generalization and accelerate training [19]. 

These models are instrumental in achieving high 

segmentation accuracy by leveraging pre-trained 

weights from large image datasets, which provides a 

strong foundational knowledge for medical image 

features [20]. The selection of these architectures is 

predicated on their proven efficacy in capturing 

complex spatial hierarchies and robust feature 

representations essential for accurate pixel-wise 

classification in challenging medical imaging tasks 

[21] [22]. Specifically, the U-Net architecture, with 

its symmetrical encoder-decoder structure and skip 

connections, has emerged as a cornerstone in 

biomedical image segmentation due to its capacity 

to integrate both contextual and localized 

information, thus enabling precise delineation even 

with limited training data [23] [24]. Further 

enhancements, such as U-Net++ with its nested skip 

connections, have been developed to improve 

feature reuse and segmentation quality, particularly 

in complex datasets, addressing the intrinsic 

variability of tumor morphology [25]. Moreover, 

innovative approaches like the Stationary Wavelet 

Transform coupled with new Growing 

Convolutional Neural Networks have been proposed 

to further enhance the accuracy of conventional 

segmentation systems [26]. This versatility and 

adaptability make U-Net and its variants highly 

suitable for diverse medical imaging tasks beyond 

brain tumor segmentation, including lung 

segmentation and general medical image analysis 

[25], [27]. The U-Net's success stems from its ability 

to capture fine details through skip connections that 

integrate high-resolution features from the encoder 

path with the upsampled features from the decoder 

path, thereby preserving spatial information crucial 

for accurate segmentation [28].  

IV. RESULTS 

This section presents the outcomes of the automated 

brain tumor segmentation methodology, evaluating 

the performance of the integrated deep learning 

models against established metrics. The evaluation 

encompasses quantitative measures such as Dice 

similarity coefficient, sensitivity, and specificity, 

alongside qualitative assessments of segmentation 

masks to validate clinical utility and precision. 

These results will be critically analyzed to 

demonstrate the efficacy and robustness of the 

proposed deep learning framework in real-world 

clinical scenarios, highlighting its potential for 

improving diagnostic accuracy and guiding 

treatment planning.  
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Fig.1 Automated segmentation of brain tumor MRI 

images using deep learning 

 
Fig.2 Cancer Detection- Brain Tumor 

 
Fig. 3 Automated segmentation of brain tumor 

MRI images using deep learning  

 
Fig. 4 Original image – Identified as NO 

TUMOUR 

 
Fig. 5 Original image – Identified as TUMOUR 

 
Fig. 6 Original image – Identified as GLIOMA 

 
Fig.7 Original image – Identified as 

MENINGIOMA 

 
Fig. 8 Affected Region 

 
Fig. 9 Glioma. 

 
Fig. 10 Meningioma 



© September 2025| IJIRT | Volume 12 Issue 4 | ISSN: 2349-6002 

 

IJIRT 184373 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1292 

 
Fig. 11 Notumor 

 
Fig. 12 Pituitary 

 
Fig. 13 Original Image  

 
Fig. 14 Resized Image  

 
Fig. 15 Gray scale image  

 
Fig. 16 Original image  

 
Fig. 17 Affected image  

 
Fig. 18 Comparison graph  
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Fig. 19 Line chart of Accurancy 

 
Fig. 20 Pie Chart of Accuracy for all models  

 
Fig. 21 Bar chart of metrics of each model  

V. CONCLUSION 

This project aims to automate brain tumor 

segmentation and classification from MRI images 

using deep learning techniques. The proposed 

system includes pre-processing, feature extraction, 

segmentation using U-Net++ architecture, and 

classification using models like VGG-19, Inception, 

and ResNet-50. The output predicts tumor presence 

and type, and the system is deployed through a user-

friendly web interface. The methodology leverages 

advanced neural network architectures and transfer 

learning to enhance segmentation accuracy. The 

results are evaluated using quantitative measures 

such as Dice similarity coefficient, sensitivity, and 

specificity, and qualitative assessments of 

segmentation masks. The automated approach aims 

to assist healthcare professionals in providing faster, 

more accurate diagnoses, ultimately improving 

patient care. 
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