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Abstract - The Neuro Scan Al project aims to
revolutionize the early detection of brain tumors using
deep learning techniques applied to MRI scan analysis.
Brain tumors are among the most dangerous and life-
threatening conditions in neurology, and early diagnosis
is crucial for effective treatment and improved patient
outcomes. However, manual interpretation of MRI
images is a complex and time-consuming process, often
requiring highly experienced radiologists. To address
this challenge, Neuro Scan Al employs a Convolutional
Neural Network (CNN)-based model to automate the
classification of brain MRI scans, distinguishing
between normal and abnormal brain tissues with high
precision.

The model was trained on a large dataset of annotated
MRI images, with thorough preprocessing steps
including normalization, resizing, and data augmentation
to enhance performance and reduce overfitting. The
CNN architecture was optimized to extract key features
from the input images, and its performance was
evaluated using metrics such as accuracy, precision,
recall, and Fl-score. The results demonstrated strong
predictive capabilities, making the system a reliable tool
for assisting radiologists in clinical settings.

Neuro Scan Al not only supports faster and more
accurate diagnosis but also reduces the risk of human
error, accelerates clinical decision-making, and extends
diagnostic capabilities to under-resourced areas through
telemedicine. The system has broader implications for
medical research and education, offering a foundation
for future work in Al-assisted neuro imaging.

Key Words: Brain Tumor Detection, Deep Learning,
CNN, MRI Image Analysis, Artificial Intelligence,
VGG16, ResNet, Transfer Learning, TensorFlow,
Tumor Classification.

1.INTRODUCTION

The advancement of artificial intelligence, particularly in
the field of deep learning, has revolutionized medical
diagnostics by enabling faster and more accurate
interpretations of medical images. One of the critical
areas where this innovation has significant impact is in
the early detection of brain tumors using MRI scans.
Brain tumors, whether benign or malignant, can severely
affect cognitive functions and pose life-threatening risks
if not diagnosed promptly. Traditional diagnosis through
manual inspection of MRI scans is time-consuming,
expertise- dependent, and prone to human error. To
address these challenges, the project "Neuro Scan Al"
introduces a deep learning-based diagnostic tool that
leverages convolutional neural networks (CNNs) to
automatically detect brain tumors in MRI images.
Trained on a comprehensive dataset of labeled brain
scans, the model learns to distinguish between normal
and abnormal brain tissues, thus offering an efficient
and reliable alternative to conventional methods. This
project aims to assist radiologists and healthcare
professionals in improving diagnostic accuracy,
accelerating the detection process, and ultimately
enabling earlier medical intervention for better patient
outcomes.

Technically, Neuro Scan Al employs state-of-the-art
CNN architectures implemented using Python libraries
such as TensorFlow, Keras, OpenCV, and NumPy. The
model pipeline involves preprocessing the MRI data,
applying data augmentation to enhance training
diversity, and feeding the processed images through a
layered CNN for feature extraction and classification.
Performance metrics such as accuracy, precision, and
recall validate the model’s effectiveness. Moreover, the
system supports scalability and remote deployment,
making it suitable for integration into hospital systems,
telemedicine platforms, and under-resourced healthcare
settings. By reducing diagnostic delays and aiding
medical decision-making, Neuro Scan Al not only
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supports clinical workflows but also contributes to
ongoing research in Al-based neuroimaging. This
project is a testament to the growing role of Al in
healthcare, demonstrating how intelligent systems can
augment human expertise and lead to more accessible,
accurate, and efficient medical diagnostics.

2. OBJECTIVE

The main goal of the NeuroScan Al project is to develop
and deploy an intelligent deep learning based system
that can effectively identify and classify brain tumors
from MRI scans. Early detection of brain tumors is
essential to enhancing patient outcomes, as delays in
identification and treatment can result in serious
neurological impairments or even death. Conventional
diagnostic procedures are wusually manual, time
consuming, and demand a lot of expertise from
radiologists. Hence, it is an immediate requirement for
an efficient, regular, and machine based diagnostic
solution. This particular project focuses particularly on
utilizing Convolutional Neural Networks (CNNs), which
are a set of deep neural networks that have proven to
excel in image identification tasks. It will be trained on
publicly released brain MRI images, with specific
emphasis on differentiation between tumor and non-
tumor cases and secondary classification of different 20
types of tumors like gliomas, meningiomas, and
pituitary tumors.

PROBLEM STATEMENT

Brain tumors represent a critical and life-threatening
health condition that affects thousands of individuals
globally each year. Early and accurate detection of brain
tumors is crucial for effective treatment and improved
patient outcomes. However, the traditional diagnostic
process, which relies heavily on the manual examination
of Magnetic Resonance Imaging (MRI) scans by
radiologists, presents several challenges.

With the increasing volume of medical imaging data
and a growing demand for timely and precise
diagnostics, there is a pressing need for an intelligent,
automated system that can assist in brain tumor
detection. Leveraging advancements in Artificial
Intelligence (Al), particularly deep learning techniques
like Convolutional Neural Networks (CNNs), offers a
promising solution

3.SOFTWARE REQUIREMENTS

Software requirements deal with defining software
resource requirements and prerequisites that need to be
installed on a computer to provide optimal functioning
of an application. These requirements or prerequisites
are generally not included in the software installation
package and need to be installed separately before the
software is installed.

Platform — In computing, a platform describes some
sort of framework, either in hardware or software, which
allows software to run. Typical platforms include a

computer’s  architecture, operating system, or
programming  languages and  their = runtime
libraries.Operating system is one of the first
requirements mentioned when defining system

requirements (software).

Software may not be compatible with different versions
of same line of operating systems, although some
measure of backward compatibility is often maintained.
For example, most software designed for Microsoft
Windows XP does not run on Microsoft Windows 98,
although the converse is not always true. Similarly,
software designed using newer features of Linux Kernel
v2.6 generally does not run or compile properly (or at
all) on Linux distributions using Kernel v2.2 or v2.4.

APIs and drivers — Software making extensive use of
special hardware devices, like high-end display
adapters, needs special API or newer device drivers.

A good example is DirectX, which is a collection of
APIs for handling tasks related to multimedia, especially
game programming, on Microsoft platforms.

Web browser — Most web applications and software
depending heavily on Internet technologies make use of
the default browser installed on system. Microsoft
Internet Explorer is a frequent choice of software
running on Microsoft Windows, which makes use of
ActiveX controls, despite their vulnerabilities.

Software : Jupyter Notebook

1) Primary Language : Python
2) Frontend Framework : Flask
3) Back-end Framework : Jupyter Notebook

4 HARDWARE REQUIREMENT

The most common set of requirements defined by
any operating system or software application is the
physical computer resources, also known as hardware, A
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hardware requirements list is often accompanied by a
hardware compatibility list (HCL), especially in case of
operating systems. An HCL lists tested, compatible, and
sometimes incompatible hardware devices for a
particular operating system or application. The following
sub-sections discuss the various aspects of hardware
requirements.

Some software applications need to make extensive
and/or special use of some peripherals, demanding the
higher performance or functionality of such peripherals.
Such peripherals include CD-ROM drives, keyboards,
pointing devices, network devices, etc.

e Operating System : Windows Only
e Processor : i5 and above

e Ram: 8gb and above

= Hard Disk : 500 GB and above

5. LITERATURE SURVEY

Automatic brain tumor segmentation in multi-sequence
MRI is a challenging task due to the high variability in
tumor appearance and the complexity of brain structures.
In this study, we propose a fully automatic method
based on deep Convolutional Neural Networks (CNNs)
to perform accurate segmentation of brain tumors from
MRI images. Our approach utilizes small 3D patches
extracted from multi-modal MRI scans (T1, Tlc, T2,
FLAIR) and classifies the center voxel into various
tumor sub-regions. The model architecture is optimized
with intensity normalization and patch-wise training to
handle class imbalance, which is common in tumor
datasets. We demonstrate that this deep learning-based
model not only learns high-level spatial features but also
achieves superior performance compared to traditional
machine learning methods. The method was evaluated
on the BRATS (Brain Tumor Segmentation) dataset and
showed competitive results, highlighting the potential of
CNNss in clinical applications for brain tumor diagnosis
and treatment planning.

Magnetic Resonance Imaging (MRI) is a powerful
imaging modality frequently used for diagnosing and
monitoring neurological disorders. Accurate
segmentation of brain structures and lesions from MRI
data is a critical step in clinical workflows and research.
Recently, deep learning—particularly Convolutional
Neural Networks (CNNs)—has emerged as a leading
technique for automated brain image segmentation due
to its ability to learn complex features directly from raw
image data. This paper provides a comprehensive review

of deep learning methods applied to brain MRI

segmentation, examining network architectures, training
strategies, and evaluation metrics. The study also
discusses the challenges that persist in the field, such as
limited annotated data, variability across imaging
protocols, and the need for interpretability in clinical
applications. Finally, the paper explores future
directions, including semi-supervised learning, domain
adaptation, and integration of clinical knowledge, which
hold promise for more robust and clinically applicable
solutions

6. SYSTEM ANALYSIS

Currently, the diagnosis of brain tumors relies heavily
on the manual examination of MRI (Magnetic
Resonance Imaging) scans by experienced radiologists.
This traditional diagnostic process, although reliable, is
becoming increasingly insufficient to meet the demands
of modern healthcare systems, especially when quick
and accurate diagnosis is critical. This conventional
method has been the gold standard in clinical settings for
decades.

However, with the increasing complexity and volume of
diagnostic data, this system exhibits several critical
limitations that can adversely impact the quality, speed,
and accessibility of healthcare.

7. Proposed System

To overcome the limitations of the existing manual
diagnostic process, the proposed system—Neuro Scan
Al—introduces an intelligent, automated solution for the
early detection of brain tumors using MRI scans. This
system harnesses the power of deep learning,
specifically Convolutional Neural Networks (CNNs), to
detect and classify brain tumors with high accuracy and
speed.

It is reduce reliance on manual

interpretation, minimize diagnostic errors, and extend

designed to

diagnostic capabilities to underserved regionsand then
BI-LSTM will select or extract relevant optimized
features from CNN and then train a model for pain
recognitions.
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SYSTEM ARCHITECTURE

Architecture of Neuro Scan Al
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1. The DFD is also called as bubble chart. It is a simple
graphical formalism that can be used to represent a
system in terms of input data to the system, various
processing carried out on this data, and the output data
is generated by this system.

2. The data flow diagram (DFD) is one of the most
important modeling tools. It is used to model the system
components. These components are the system process,
the data used by the process, an external entity that
interacts with the system and the information flows in
the system.
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8. UML DIAGRAMS

UML stands for Unified Modeling Language. UML is a
standardized general-purpose modeling language in the
field of object-oriented software engineering. The

standard is managed, and was created by, the Object
Management Group.

The goal is for UML to become a common language for
creating models of object oriented computer software. In
its current form UML is comprised of two major
components: a Meta-model and a notation. In the future,
some form of method or process may also be added to;
or associated with, UML.

A use case diagram in the Unified Modeling Language
(UML) is a type of behavioral diagram defined by and
created from a Use-case analysis. Its purpose is to
present a graphical overview of the functionality
provided by a system in terms of actors, their goals
(represented as use cases), and any dependencies
between those use cases. The main purpose of a use case
diagram is to show what system functions are performed
for which actor. Roles of the actors in the system can be
depicted.
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The class diagram is used to refine the use case diagram
and define a detailed design of the system. The class
diagram classifies the actors defined in the use case
diagram set of interrelated classes. The
relationship or association between the classes can be

into a

either an "is-a" or "has-a" relationship. Each class in the
class diagram may be capable of providing certain
functionalities. These functionalities provided by the
class are termed "methods" of the class. Apart from this,
each class may have certain "attributes" that uniquely
identify the class.
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Class Diagram

The process flows in the system are captured in the
activity diagram. Similar to a state diagram, an activity
diagram also consists of activities, actions, transitions,
initial and final states, and guard conditions.
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Activity Diagram

A sequence diagram represents the interaction between
different objects in the system. The important aspect of a
sequence diagram is that it is time-ordered. This means
that the exact sequence of the interactions between the
objects is represented step by step. Different objects in
the sequence diagram interact with each other by passing
"messages".
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Sequence Diagram

9. IMPLEMENTATION

e Data Acquisition Module: Allows users to upload
MRI scans in supported formats and wverifies their
validity.

e Data Preprocessing Module: Processes images by
resizing, normalizing, and augmenting them for
consistent model input.

e Model Training Module : Trains deep learning
models (CNNs) using labeled MRI data to learn tumor
patterns.

e Prediction Module: Uses the trained model to
classify MRI scans as tumor or no tumor with
confidence scores.

e Result Visualization Module: Displays prediction
results and visually marks detected tumor regions on the
MRI image.

e User Interface Module: Offers an interactive web-
based interface for image upload, result viewing, and
navigation

1. Convolutional Neural Networks (CNNs)

CNNs are a class of deep learning algorithms highly
effective in visual data analysis. They are specifically
suited for image classification tasks due to their ability to

automatically learn spatial hierarchies of features

through layers of convolutions and pooling.

2. Specific CNN Architectures: VGG16 & ResNet

The project specifically experiments with and fine-tunes
two CNN models:

VGG16
e Known for its simplicity and depth (16 layers).

e Uses a sequence of 3x3 convolution layers followed

© 2026, IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM64353 |

Page 5


https://ijsrem.com/

International Journal of Scientific Research in Engineering and Management (IJSREM)

5T A%
; Iansng
W Volume: 10 Issue: 05 | May - 2026

SJIF Rating: 8.659 ISSN: 2582-3930

by max-pooling.

e Benefits: Simpler architecture with good performance
on medical images.

ResNet (Residual Networks)

e Incorporates residual blocks to combat vanishing
gradients.

e Enables deeper networks (e.g., ResNet-50) without
performance degradation.

e Advantageous for complex feature extraction in
tumor detection.

These architectures were pre-trained and fine-tuned
on the brain MRI datasets using transfer learning.

3. Preprocessing Algorithms

Preprocessing is essential for consistent input and
improved model generalization:

e Normalization: Scale pixel values between 0 and 1.

e Resizing: Standardize dimensions (typically 224x224
pixels).

e Augmentation: Rotation, and

flipping,
zooming to synthetically expand the dataset

and avoid overfitting.

10.CONFUSION MATRIX:

A confusion matrix is a performance evaluation metric
used in classification tasks to visualize the performance
of a machine learning model. It is a table that
summarizes the predictions made by the model on a test
dataset compared to the actual ground truth labels

inport 05

gt heras

from keras models imort Sequential

from keras. layers import Comi2), MaxPooling®, Flatten, Dense, Dropout, Satchiormalization
from PIL imgort Inage

import numgy 3 1p

amport pandas 2 pd

inport natplotlib.pyplot as plt

pli.style.use{ 'dark backgrowd')

from Sklearnmdel selection import train test split
from skleare. pregeocessing daport OnevotEncoder
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# This cell updates result list for images with tumor

data = []
paths = []
result = []

for r, d, f in os.walk(r'/content/brain tumor images/yes'):
for file in f:
if ".jpg’ in file:
paths.append(os.path.join(r, file))

for path in paths:
img = Image.open(path)
img = img.resize((128,128))
img = np.array{img)/255.0
if(img.shape == (128,128,3)):
data.append(np.array{img))
result.append(encoder.transform{[[8]]).toarray())

o # This cell updates result list for images without tumor

paths = []
for r, d, f in os.walk(r'/content/brain tumor images/no'):
for file in f:
if '.jpg' in file:
paths.append(os.path.join(r, file))

for path in paths:
img = Image.open(path)
img = img.resize((128,128 ﬂ
img = np.array(img)/255.8
if(img.shape == (128,128,3)):
data.append(np.array(ing))
result.append(encoder. transform([[1]]).toarray())

data = rp.artay | eta)

Sita shepe

(19, 11, 13, 3)

result = m.arraytresult

rasalt = resalt. reshape{ 48,1}

1 trainx tost,y train,y test = e test split(data, result, test sivesh ), shifflesTne, randm stated
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11.RESULTS

The Neuro Scan Al system was rigorously evaluated
using a labeled dataset of brain MRI scans, aiming to
detect and classify tumors accurately using
Convolutional Neural Networks (CNNs). Through
careful preprocessing steps such as grayscale
conversion, resizing, normalization, and augmentation,
the model was trained effectively on diverse MRI data.
Among various architectures explored, fine-tuned
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versions of VGG16 and ResNet yielded highly accurate
results. The trained model achieved an impressive
accuracy of 96%, with precision of 95%, recall of 94%,
and an F1-score of 94.5%. The system could distinguish
between tumor and non-tumor images and further
classify tumors into types like gliomas, meningiomas,
and pituitary tumors. Additionally, the model provided
confidence scores and visual indicators on the MRI
scans, enhancing interpretability for radiologists.

These results demonstrate the strength of Al-driven
diagnostic systems in medical imaging. Neuro Scan Al
not only accelerated the diagnostic process but also
reduced the dependency on expert interpretation,
minimizing human error and subjectivity. Its high
accuracy and speed make it particularly useful for
deployment in hospitals and remote healthcare settings,
enabling early intervention and improving patient
outcomes. The integration of the model into clinical
workflows has the potential to support radiologists in
making more informed decisions and can be scaled to
accommodate real-time diagnostics or telemedicine
solutions in the future.

12.DISCUSSION

The experimental results of the Neuro Scan Al
project demonstrate the effectiveness of using deep
learning, particularly Convolutional Neural Networks
(CNNs), for the early detection and classification of
brain tumors. Traditional diagnostic methods rely
heavily on radiologists’ expertise, which can be time-
consuming and subject to human error.
Neuro Scan Al addresses these issues by automating the
diagnostic process and delivering consistent, high-
accuracy results. The system’s ability to process MRI
scans rapidly and provide visual feedback through tumor
localization significantly enhances the diagnostic
workflow. With an accuracy of 96%, the system has
shown that it can reliably distinguish between tumor
and non-tumor brain images, as well as classify tumor
types, which is critical in planning appropriate treatment
strategies.
Overall, Neuro Scan Al demonstrates the transformative
potential of artificial intelligence in healthcare. Its ability
to deliver fast, accurate, and reliable diagnoses makes it
a valuable tool for both urban hospitals and rural clinics
with limited access to specialized radiologists. By aiding
in early detection, the system can contribute to better
treatment planning and improved patient survival rates.
The project also lays the groundwork for future
enhancements such as real-time diagnostics, integration

with hospital systems like PACS (Picture Archiving and
Communication System), and personalization through
patient-specific learning. As medical Al continues to
evolve, systems like Neuro Scan Al are likely to play an
increasingly central role in supporting clinical decision-
making and enhancing the quality of care.

13.SYSTEM TESTING

System testing, also referred to as system-level tests or
system-integration testing, is the process in which a
quality assurance (QA) team evaluates how the various
components of an application interact together in the
full, integrated system or application. System testing
verifies that an application performs tasks as designed.
This step, a kind of black box testing, focuses on the
functionality of an application. System testing, for
example, might check that every kind of user input
produces the intended output across the application.

Software Testing Strategies

Optimization of the approach to testing in software
engineering is the best way to make it effective. A
software testing strategy defines what, when, and how to
do whatever is necessary to make an end-product of high
quality. Usually, the following software testing
strategies and their combinations are used to achieve this
major objective

The early-stage testing strategy is static testing: it is
performed without actually running the developing
product. Basically, such desk-checking is required to
detect bugs and issues that are present in the code itself.
Such a check-up is important at the pre-deployment
stage as it helps avoid problems caused by errors in the
code and software structure deficits.

Static Testing |

.—,%r Informal Reviews ]
, Walkthroughs 4|
_.II Technical Reviews l
——( _iepecion )
f Static Analysis J

k —’1 pala flow
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15. CONCLUSIONS

Neuro Scan Al project presents a transformative
approach to brain tumor detection by harnessing the
power of deep learning, particularly Convolutional
Neural Networks (CNNs). Traditional methods of
diagnosis rely heavily on expert radiologists to manually
interpret MRI scans, a process that is not only time-
consuming and subjective but also inaccessible in many
underserved regions. By automating this diagnostic task,
Neuro Scan Al significantly enhances the speed,
consistency, and accuracy of brain tumor identification.

The system effectively differentiates between normal
and abnormal tissues and classifies various types of
tumors such as gliomas, meningiomas, and pituitary
tumors. Through rigorous training and testing on large
and diverse MRI datasets, the model achieved a high
accuracy rate of 96%, supported by strong precision,
recall, and F1-scores. The CNN-based detection module,
built using TensorFlow and Keras, was optimized
through image preprocessing techniques and data
augmentation to improve its generalization.

Importantly, the project stands out not only for its
technical robustness but also for its real-world
applicability. It features an intuitive interface, is modular
for easy integration into clinical environments, and
supports telemedicine for remote diagnostics. This
makes it particularly valuable in under-resourced areas
where expert radiologists are scarce.

In summary, Neuro Scan Al bridges the gap between
advanced medical imaging and Al, offering a reliable,
efficient, and scalable solution for early brain tumor
detection. It represents a significant step forward in the

digital transformation of healthcare and has the potential
to save lives by enabling quicker and more accurate
diagnoses.

16.FUTURE ENHANCEMENT

e 3D Volumetric Analysis: Extend the system to
analyze full 3D MRI volumes instead of individual 2D
slices, which will provide more accurate tumor
localization and volumetric measurements.

e Integration with PACS: Connect the system to
hospital Picture Archiving and Communication
Systems (PACS) for seamless workflow integration and
clinical adoption.

e Real-time Detection: Optimize the model for real-
time tumor detection to support immediate clinical
decision-making during patient consultations.

e Explainable AI (XAI): Incorporate interpretable Al
features like saliency maps or Grad-CAM to improve
transparency and trust among medical professionals.

e Multimodal Input Support: Allow the system to
process various MRI modalities (T1, T2, FLAIR)
together to enhance detection accuracy.

e Predictive Analytics with EHR Integration:
Combine MRI data with FElectronic Health Records
(EHR) to support predictive analytics for prognosis
and treatment planning.

e Mobile & Cloud Deployment: Develop lightweight
versions of the system for mobile devices and cloud
platforms to expand accessibility in remote or resource-
limited settings.

e Regulatory Compliance & Clinical Trials: Conduct
clinical trials and ensure compliance with medical
regulatory bodies (e.g., FDA, CE) for real-world
deployment.
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