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

Brain Tumor Detection Using Convolutional Neural
Network

Mrs.Hemalatha B M !, Shreyas B Gowda?, Adarsh G.P3, Skanda S.P*, Akshay S.M?
12343 Dept. of CSBS. Malnad College of Engineering Hassan, Karnataka, India

Abstract— Man, brain tumors are no joke they’re still
one of the top reasons people die from cancer, all over the
globe. Pretty grim, honestly. Early and precise detection
plays a vital role in improving treatment outcomes and
survival rates. Traditional methods of diagnosis, which
rely on manual examination of brain scans, are often
time-consuming, depend heavily on expert knowledge,
and may lead to errors. With the rise of artificial
intelligence (AI) and deep learning, new opportunities
have emerged to assist doctors by providing faster, more
reliable, and consistent diagnostic support.

This research presents a detailed study on the use of deep
learning, particularly Convolutional Neural Networks
(CNNs), for detecting brain tumors. The work focuses on
the VGG16 model, a widely used CNN architecture, to
classify tumors using brain CT scan images. The dataset
employed consists of thousands of CT scans that were
carefully pre- processed to enhance image clarity and
extract meaningful features. The VGG16 model,
originally trained on the large- scale ImageNet dataset,
was fine-tuned for this specific medical application.

So, VGG16 basically crushed it nailed crazy high
accuracy, sensitivity, all that jazz when it came to telling
tumors apart from non-tumors. Blew those old-school
machine learning methods outta the water, honestly.
Makes you wonder why anyone still bothers with the
classics. The point is, deep learning isn’t just a buzzword;
it actually cuts down on those “oops” moments humans
make and speeds up the whole diagnosis thing.

But hold on, there’s more to it than just the numbers.
This study pokes at the bigger picture, like, what
happens if hospitals actually roll out this deep learning
stuff for real? Kinda wild to think about how that could
shake up the way doctors work.

Index Terms—U-Net Architecture, Glioma, Tumor
Segmentation, Brain Tumor Classification, Transfer
Learning, Medical Image Analysis, Vision Transformers
(ViT), Generative Adversarial Networks (GANs),
Federated Learning, Explainable AI (XAI), Hybrid Deep
Learning Models, 3D CNN, Medical Data Augmentation,
Al in Healthcare, Tumor Localization, Model
Generalization, Residual Networks, Data Annotation
Challenges, Ethical AI, Lightweight Models, Clinical
Deployment.
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I. INTRODUCTION

Alright, let’s cut through the medical textbook lingo
for a second. Brain tumors? Yeah, they’re as nasty as
it gets. Doesn’t matter if it’s the “nice” kind (benign,
sure, whatever) or the really bad ones both can totally
mess with your brain and make life pretty miserable.
The sooner you figure out what’s going on, the better
your odds, plain and simple.

Traditionally, doctors lean hard on MRI scans to spot
these suckers, and that makes sense MRIs give you
that crystal- clear look at brain tissue. But here’s the
catch: some poor radiologist has to squint at hundreds
of these images, and, honestly, even the best of them
gets tired or just sees things a little differently. Plus,
with the sheer number of scans piling up, there’s no
way to keep up without some help.

Now, enter deep learning. Yeah, that’s the fancy Al
stuff everyone’s buzzing about. Convolutional neural
networks (CNNs), in particular, have been killing it (in
a good way) when it comes to picking apart images,
flagging weird stuff, and telling tumors apart like a
pro. These models chew through mountains of data
and pick up on patterns that humans might totally
miss.

So, what’s this paper all about? Basically, it’s a deep
dive into how these Al tools are shaking up brain
tumor detection and classification. If you’re curious
about the latest and greatest in this field, you’re in the
right place.

Opportunities in Brain Tumor Detection

The reviewed studies encompass a wide range of
approaches, including traditional CNNs, advanced
architectures such as U- Net and Attention U-Net for
segmentation, as well as lightweight and hybrid
models designed for real-time clinical use.
Additionally, this paper proposes a unified
architecture that integrates the most effective
techniques and strategies from existing research. This
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consolidated framework can serve as a reference for
future work in this important area of medical
technology.

Overview of Brain Tumors

Alright, let’s ditch the med school lecture vibe. Here’s
the deal with brain tumors: they’re a wild bunch. Some
are chill, just hanging out in your head, growing super
slow (benign, we like those better), others are total
jerks fast, aggressive, and honestly, pretty terrifying
(those are malignant, and yeah, they don’t mess
around). Where do they come from? Sometimes the
tumor’s born and raised in the brain (primary), other
times it’s a traveler from, say, the lungs or boobs or
wherever else (secondary), just crashing the party up
there.

The greatest hits? You got gliomas these are the most
common, and within that crew, glioblastoma is the big
bad, practically the final boss. Meningiomas usually
not so scary, but if they grow in the wrong spot, big
trouble. Medulloblastomas extra nasty, mostly in kids’
cerebellums. Pituitary adenomas hormone drama
central, but usually not deadly. Schwannomas? They
mess with your nerves, especially the one for hearing,
so suddenly you’re missing half the conversation.
The WHO (yes, those folks again) slaps a grade on
these guys from [ to IV. Grade [ is like, “eh, no biggie.”
Grade IV? Yikes. Think aggressive, fast, not much
chill going on.

Doctors’ geek out over how these things look on MRI
scans. Every tumor type has its own “look” some glow
with contrast, some blend in, others light up on special
imaging tricks. And honestly, this is where all those
fancy Al models come in, trying to spot and sort out
what’s what. But to make those algorithms actually
useful, you gotta know your tumor types inside out
cause treating a slowpoke benign tumor is way
different than tackling a rampaging glioblastoma.
Simple as that.

Previous Work on Brain Tumor Detection and
Classification

Man, the last ten years? Absolute whirlwind for brain
tumor detection using Al. Everyone and their
grandma’s dog seem to have tried some kind of
machine learning or deep learning trick, especially
with MRI scans. Way back, people obsessed over
handcrafted features basically, nerds hunched over
keyboards, trying to pick out the right “clues” for old-
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school algorithms like SVMs and k-NN. Honestly, it
was a lot of manual work, and half the time, those
models would just fumble when you threw a new
dataset at them. Not ideal.

Then deep learning crashed the party, and suddenly
things got way more interesting. Convolutional Neural
Networks (CNNs) started flexing these things just eat
up images for breakfast. Take Kumar et al. (2022), for
example. They cooked up a CNN-based setup for
segmenting and classifying brain tumors, and it
straight-up dunked on the classic methods. The secret
sauce? Mixing up different MRI sequences and
stacking layers deep enough to actually “see” the
context, not just a blob in a scan.

Mushtaq (2023) went full deep-dive on popular
models like VGGNet, ResNet, DenseNet think of it as
the Avengers lineup of brain tumor Al. He didn’t just
hype them up, though. Dude pointed out what each
model gets right (and where they totally flop),
especially when dealing with all sorts of MRI images
and weird tumor shapes. He kept banging the drum
about using diverse data, solid pre-processing, and
basically throwing as many imaging tricks as possible
at the problem to squeeze out better results.
Al-Obaidi and crew (2023) took a different angle.
They built this lightweight deep learning model kinda
like the pocket- sized version of the big boys. It’s
perfect for clinics that don’t have NASA-level
computers lying around. Plus, they tossed in attention
mechanisms, so the model actually pays attention to
the tumor instead of getting distracted like a goldfish.

Patil et al. (2023) looked at the whole field and said,
“Hey, what if we mash up different techniques?” So,
they dug into transfer learning, data augmentation,
ensembles the works. Turns out, mixing things up
usually gives you more reliable models than betting on
just one horse.

Still, it’s not all sunshine and rainbows. Lots of
problems stick around, like lopsided datasets, Al
models acting like mysterious black boxes, and
needing mountains of labeled data that no one wants
to annotate. People are trying new stuff semi-
supervised learning, federated learning, Explainable
Al (XAI) to make these systems smarter, more
transparent, and actually useful in real hospitals. The
struggle is real, but hey, at least it’s not boring.
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II DEEP LEARNING IN BRAIN TUMOR
DETECTION

Alright, here’s the deal: Deep learning’s basically the
rockstar of machine learning these days, especially
when it comes to spotting brain tumors. Why? Because
it just gobbles up raw imaging data no hand-holding
required and spits out all these layered features on its
own. Kinda wild. And let’s be real, Convolutional
Neural Networks (CNNs) are the real MVPs here.
They’re stupid good at crunching through medical
images, like MRI scans, which doctors are always
poking at when they’re trying to find brain tumors. It’s
like giving a computer a superpower for pattern-
spotting in pictures.

CNNs extract features directly from input images
through multiple convolutional layers, removing the
need for manual feature design. This enables CNNs to
capture intricate patterns and subtle differences in
tumor shape, texture, and intensity that traditional
methods might miss. Architectures such as LeNet,
AlexNet, VGG, ResNet, and DenseNet have been
widely used in brain tumor detection, leading to
enhanced classification accuracy, sensitivity, and
specificity.

The U-Net architecture, designed specifically for
biomedical image segmentation, has proven
particularly effective in tumor localization and
delineation. Its encoder-decoder structure with skip
connections facilitates the precise capture of spatial
context and boundary information, making it ideal for
segmenting brain tumor regions in MRI scans.
Variants of U-Net, such as Attention U-Net and
Residual U-Net, further enhance performance by
focusing on relevant image regions and preserving
feature depth.

So, it’s not just CNNs getting all the attention folks are
also messing around with stuff like RNNs, LSTMs,
and those flashy Transformer models when it comes to
picking apart sequences and grabbing time-based
features from all sorts of imaging data. And get this:
when you mash up CNNs with LSTMs, you end up
with these hybrid models that actually do a pretty solid
job snagging both the “where” and the “when” of brain
tumors. Pretty wild, right?

Transfer learning is another critical strategy in brain
tumor detection, wherein pre-trained models on large-
scale image datasets (e.g., ImageNet) are fine-tuned on
medical images. This strategy helps shorten training
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time and improves model performance, particularly
when labeled medical datasets are scarce.
Additionally, data augmentation methods such as
rotation, flipping, and scaling are used to expand
dataset variety and reduce overfitting.

Generative Adversarial Networks (GANs) are also
applied in this field to create synthetic MRI data,
helping to overcome issues of data scarcity and
imbalance. These generated images can augment real
datasets and enhance the robustness of deep learning
models.

Honestly, explainable Al (XAI) is kinda having its
moment right now. You see it creeping into deep
learning stuff everywhere, mostly cause people
actually want to know what their models are thinking
no more “black box” nonsense. Stuff like Grad-CAM
or those saliency maps? They basically light up the
parts of an image that made the model go, “Yep, that’s
a cat,” or whatever. Super handy in hospitals too.
Doctors tend to trust tech more if they can literally see
what made the Al spit out a certain diagnosis. Makes
sense, right? Nobody wants mystery meat predictions
when lives are on the line.

In summary, deep learning has transformed brain
tumor detection by offering accurate, scalable, and
efficient solutions. Ongoing improvements in model
architectures, data augmentation, transfer learning,
and explainable Al are likely to further increase the
reliability and clinical usefulness of these systems.

III. DEEP LEARNING MODELS FOR BRAIN
TUMOR DETECTION

A variety of deep learning models have been
developed to address the challenges of brain tumor
detection, segmentation, and classification. These
models vary in architecture, network depth, learning
approach, and specific application areas.

e LeNet-5: LeNet-5, a CNN architecture with
innovation, classifies tasks that are basic suitably.
It has given us all a base framework for some later
models though its use within complex medical
imaging is quite limited.

e AlexNet: Deep CNNs were brought into the
forefront by AlexNet, introduced in 2012. Fairly
simple datasets have used it with eight layers
along with ReLU activation functions to classify
brain tumor types. It achieves accuracy higher
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than conventional models. However, the
performance of it is limited when it is dealing with
large spatial variations. VGGNet

VGG16 and VGGI19, recognized for their
consistent  architecture with small (3x3)
convolutional filters, are commonly employed in
transfer learning for brain tumor detection. These
models have been fine-tuned with medical MRI
datasets to achieve reliable performance.

ResNet: Residual Networks (ResNets) tackle the
vanishing gradient issue through identity shortcut
connections. Models like ResNet50 and
ResNet101 have achieved impressive
performance in brain tumor classification,
particularly in the presence of with transfer
learning and fine-tuning.

DenseNet: ~ DenseNet  improves  feature
propagation and reuse through dense connections
between layersDenseNet architectures,

particularly DenseNet121, have shown strong
performance in both classification and
segmentation of brain tumors

U-Net: Developed specifically for medical image
segmentation, U-Net is widely used for brain
tumor segmentation. Its encoder decoder
architecture, along with skip connections, helps
retain spatial information throughout the network.
Attention U-Net: Enhances the original U-Net by
integrating attention mechanisms that highlight
relevant regions in MRI scans, improving
segmentation precision.

Hybrid CNN-LSTM Models: These models
integrate spatial feature extraction capabilities of
CNNs with the temporal modeling power of
LSTMs. This hybrid approach is beneficial when
analyzing time-sequenced or multi-modal images.
3D CNNs: These models process 3D volumetric
data, making them ideal for handling full 3D MRI
brain scans. They maintain contextual integrity
across slices, improving segmentation and
detection accuracy.

Transformers and Vision Transformers (ViT):
Recently, transformer-based architectures have
been adopted for image recognition tasks. ViTs
divide images into patches and learn relationships
globally,

IV. REVIEW OF EXISTING APPROACHES

Man, the way we’ve tried to spot brain tumors in MRI
scans has gotten seriously wild over the years. Back in
the day, it was all about some poor expert poring over
images, yanking out little tidbits like textures and
shapes that looked “important.” Seriously some of it
was just vibe-based science. After that, folks would
toss those nuggets into classic machine learning toys
like SVMs or, you know, good old k-nearest
neighbors. Sometimes a random forest, because why

not?

Were those methods kind of useful? Yeah, sure, up to

a point. But the second you needed to scale things up,
or, heaven forbid, generalize to new data, the whole
thing just sort of face-planted. Too much human
guesswork, too many handcrafted features it just
didn’t hold up, especially when you wanted anything
close to consistency or efficiency.

As computer vision advanced, deep learning
approaches started surpassing conventional
methods, especially with the introduction of
Convolutional Neural Networks (CNNs). CNNs
removed the requirement for manual feature
extraction by automatically learning hierarchical
patterns from image data. The U-Net architecture
marked a significant milestone in brain tumor
segmentation, offering precise delineation of
tumor boundaries. Its successors, including
Attention U- Net and Residual U-Net, brought
improvements in localization and sensitivity.
Research has also explored ensemble models,
where predictions from multiple deep learning
architectures are combined to enhance accuracy
and robustness. Transfer learning has become a
standard approach to deal with limited medical
imaging datasets, leveraging pre-trained models
such as VGGNet, ResNet, DenseNet, and
Inception Net. These models are optimized using
brain MRI datasets to enhance the accurate
classification of tumor types such as gliomas,
meningiomas, and pituitary tumors.

Hybrid approaches made up of a blend of
Convolutional Neural Networks (CNNs) and
Long Short-Term Memory (LSTM) networks
have demonstrated the capability to derive spatial
as well as temporal features from MRI images.
Further, 3D CNNs were introduced to leverage
advantages from volumetric images and preserve
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inter-slice spatial relations, inevitably lost in 2D
assessment.

Recent studies have adopted Transformer- based
architectures, particularly Vision Transformers
(ViT), which capture global contextual
relationships between different image regions.
Although computationally intensive, ViTs
demonstrate high performance in classification
tasks and are being actively explored in
combination with CNNs.

Honestly, researchers are finally getting creative
with this whole data problem like, they're using
GANSs to whip up fake-but-convincing MRI scans
just to beef up their training sets. Pretty wild,
right? Plus, there's this buzz around federated
learning and semi-supervised stuff. Basically,
teams can train models together without having to
swap sensitive patient info. Makes sense,
especially if you want your model to actually
work outside your own lab.

Although considerable progress has been made,
challenges remain, such as understanding model
decisions, ensuring performance on new and
unseen data, and effectively incorporating Al into
clinical practice. Continuous work in Explainable
Al (XAI), domain adaptation, and rigorous
validation is crucial to translate research into real-
world applications. A survey of current studies
highlights a fast-moving field where collaboration
across disciplines is key to advancing brain tumor
detection and classification technologies.

V. LIMITATIONS, OBSERVATIONS, AND
CHALLENGES

Although deep learning has revolutionized the
detection and classification of brain tumors, several

limitations and challenges remain. One major
limitation is the lack of large, diverse, and annotated
datasets. High-quality labeled MRI data are essential
for training reliable deep learning models, but medical
image annotation requires expert radiologists, making
it time-consuming and expensive. This constraint
often leads to overfitting and poor generalization of

models on unseen data.
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Another major challenge is ensuring that deep
learning models are interpretable and their
decision- making processes can be understood..
Clinicians often hesitate to trust 'black-box'

models whose decision-making processes are not
easily understood. Efforts are ongoing to develop
Explainable Al (XAI) frameworks that provide
visual and textual explanations for model
predictions to gain clinician trust and ensure
clinical applicability.

Data heterogeneity also poses a challenge. MRI
images can vary significantly due to differences
in imaging equipment, scanning protocols, and
patient populations. Without proper
standardization = and  domain  adaptation
techniques, models trained on one dataset may not
perform well on another, limiting their robustness.
Additionally, deploying deep learning models in
real-time clinical settings is challenging because
of their substantial computational demands,
possible delays in generating results, and limited
compatibility with existing hospital information
systems. Lightweight models and optimization
techniques like model pruning and quantization
are being explored to overcome this bottleneck.
Ultimately, the moral and legal considerations for
the use of Al in healthcare cannot be taken lightly.
Data  privacy, informed consent, and
responsibility for errors in diagnosis are to be
handled at a very high sense of caution. Federated
learning methods and differential privacy are
being considered for the construction of privacy-
enforcing and safe models.

Observations highlight that while segmentation
models like U-Net and classification models like
ResNet or DenseNet show high accuracy in
benchmark datasets, their real-world applicability
is limited unless they are rigorously validated in
clinical settings. = Multimodal  approaches
combining MRI with other imaging techniques or
clinical data are also emerging as promising
solutions to enhance diagnostic accuracy.

In conclusion, while deep learning holds immense
promise in brain tumor detection, its successful
clinical deployment depends on addressing data
limitations, improving interpretability, ensuring
robustness, and navigating ethical challenges.
Collaborative efforts between data scientists,
clinicians, and regulatory bodies are crucial to
transform these research innovations into
practical healthcare tools

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 2921



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

VI. SUMMARY

So, here’s the gist: the lit survey basically walks you
through this wild evolution of brain tumor detection
like, we’re talking from old-school, manual stuff all
the way to Al flexing its muscles. Deep learning
(shoutout to CNNs) kinda stole the show, making
things way more accurate and honestly just less
painful for everyone involved. Used to be, people had
to do a ton of manual labor, squinting at images and
hand-picking features like it was the Stone Age. Then
CNNs crashed the party. Suddenly, you’ve got stuff
like U-Net, ResNet, and even those fancy Vision
Transformers, all making the whole process slicker
and more automated.
And wait, there’s more people didn’t just stop there.
They started mixing and matching models (hybrids,
ensembles), trying out wild ideas like GANs, or even
this thing called federated learning. It’s not just “hey,
computers are better now,” it’s a whole new ball game
for diagnosing stuff with medical images. Basically,
science fiction is real and it’s living in your MRI
scanner.

e Despite notable progress, several significant
challenges still exist, including the need for
transparent and interpretable models, access to
large labeled datasets, ensuring robustness, and
seamless integration into clinical practice. The
study underscores the importance of aligning
technological advancements with clinical
validation and ethical practices. Future work
should aim to create deep learning systems that
are explainable, efficient, and practical for real-
world clinical use in brain tumor diagnosis.

e preserve privacy and reduce latency (especially in
IoT contexts).

e  Transfer Learning:

Helps to adapt a model trained on one dataset (e.g.,
NSL-KDD) to another environment (e.g., CICIDS),
reducing the need for large retraining.

e Explainability and Visualization: As deep models
are often "black boxes," recent work is focusing
on adding interpretability using tools like SHAP
or LIME, to assist human analysts.
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