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Abstract—Scans help spot tumors in the brain. When
detection happens fast, people live longer and get
better care, so MRI plays a key role here. Bigger or
smaller, shaped differently, sitting in various spots
inside the skull - these make it hard for doctors to
judge without help. Because experts must review each
image one by one, mistakes can slip through;
consistency often suffers under such pressure. Fast
increases in medical image data mean automated tools
now help doctors choose better paths forward. Thanks
to advances in machine learning, particularly deep
learning methods, smart systems now manage to
understand complex scans well. One key player here is
the CNN - a type of network built for image tasks - with
its efficient net design standing out clearly.

Starting from existing weight values, the system first
learns basic patterns. Then, only specific parts of the
network adjust further, shaping itself to capture brain
scan details more accurately. To handle variation and
boost reliability, images are altered and scaled
uniformly during learning. Instead of relying solely on
precision metrics, outcomes are checked through loss
trends, misclassification maps, and detailed
performance tables. From the data, clear patterns
emerge - convergence is steady, classification stays
even, accuracy holds up across both cancer and normal
types. Performance lines cluster tightly, indicating the
method works well when spotting brain tumors. This
setup appears robust enough for daily practice,
offering helpful insights without adding confusion.
Workers describe it as practical, trustworthy, built to
handle actual cases. Radiologists may rely on these
outputs when making patient judgments.

I. INTRODUCTION

Finding brain tumors remains a major goal in
medical research because growths in the brain often
disrupt vital nervous system activities - delay in
detection may lead to serious consequences [1].
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Timing matters when spotting these growths; correct
identification helps doctors choose better courses of
care and improves chances for patients surviving
longer [2]. For imaging brain tissues, magnetic
resonance scanning shows detailed soft tissue details
well, making it useful for seeing unusual brain
shapes clearly [3]. Still, only experienced
radiologists can reliably review MRI scans by hand
[4]. Skill level affects how accurate diagnoses are -
mistakes happen, especially when handling many
images [5]. As digital health information piles up
fast, there’s rising need for smart systems that
support doctors in their decisions. Gains in artificial
intelligence - especially machine learning and deep
learning - have shifted how medical images are
analyzed [6].

When it comes to spotting brain tumors in images,
one reason CNNs work well lies in their power to
learn features like shape and texture directly from
pixels. Instead of hand-crafting rules, they adapt by
analyzing many kinds of images. Because of this
flexibility, building systems that classify scans
accurately has become more straightforward using
such networks. Recent studies show deeper learning
models are replacing older approaches in medical
imaging tasks where speed and precision matter.

II. LITERATURE SURVEY

Literature Survey Several research projects have
investigated various computational algorithms for
brain tumor identification utilizing MRI images [9].
Early studies relied heavily on classic machine
learning techniques and handcrafted feature
extraction approaches [10]. Support Vector
Machines (SVM) were employed in conjunction
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with texture-based features like the gray level co-
occurrence matrix (GLCM) [11]. Looking at tumor
signs in MRI pictures means pulling out numbers by
hand using stats tools. While this approach works
okay, how well it does depends heavily on how
carefully those numbers are pulled. Since most of
these raw features miss the varied and intricate
shapes of brain growths, they often struggle to keep
their accuracy steady. Notably, the K-Nearest
Neighbors algorithm shows up often in past research
when sorting brain tumors into types. Starting with
MRI scans, someone had to clean up the images
before anything else happened. From those cleaned
files came features like brightness levels, overall
form, plus surface patterns. Instead of complex
models, a decision tool relied on matching new cases
against learned patterns from earlier data. Though
KNN seems easy to build and use, it slows down
dramatically if many examples need processing.
Even more, it falters quickly when real-world data
contains small errors or outliers. When dealing with
high-dimensional medical images, this method falls
apart quickly - making it hard to use in real clinical
settings. Lately, scientists have shifted attention
toward using deep networks and adapting
convolutional neural networks through transfer
learning for detecting brain tumors.

From MRI scans, hierarchical features are pulled
using CNN methods - no need to extract them by
hand. Instead of starting fresh, researchers often tap
pre-trained systems like VGG, ResNet, or
EfficientNet. These models work well even with
limited data, boosting accuracy. Because they’re
already trained on vast amounts, less time is spent
fine-tuning. Knowledge carried over helps
predictions across different views. Ahead of older
approaches, these systems often hit higher marks on
precision, toughness under stress, while growing
easily into larger roles - making them stand out when
scoping brain tumors clinically.

III. EXISTING MODEL

Most current methods for detecting brain tumors
rely on basic image handling and simple learning
frameworks. Instead of automation, they follow a
chain of labor-intensive steps: adjust images, hand-
pick visual cues, narrow down data importance, then
predict outcomes. Commonly used markers include
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pixel patterns tied to size, texture, or brightness
values pulled from MRI outputs. After that, sorting
happens through tools such as Support Vector
Machines, K-Nearest Neighbors, along with
Decision Trees. Even though these strategies work
okay under strict testing, how well they do largely
hinges on how good the feature data is and whether
correct settings get picked.

What often holds past methods back is their
dependence on manually designed traits. These
features demand expert understanding plus lots of
trial and error. Because they are built by hand, they
sometimes miss how brain tumors change shape in
unpredictable ways. Their looks shift across people
and scans, making it tough for older systems to
recognize new cases. So when fresh MRI images
appear, earlier models might struggle to adapt. Still,
regular Al systems struggle when images are blurry
or taken under different conditions - making their
outputs less reliable.

What makes older methods less reliable? They often
stick too closely to training data, especially if that
data is very small. Since health records tend to be
limited in scope, basic learning approaches miss key
patterns essential for sorting diagnoses correctly.
Because of these gaps, current tools fall short in
actual medical settings - precision, reliability, and
stability just aren’t guaranteed enough.

IV. PROPOSED MODEL

A fresh approach tackles old method flaws by
building a brain tumor detector using deep learning.
Instead of starting from scratch, it leans on
convolutional networks that handle images well.
One key tool is transfer learning - a way to borrow
insights from vast collections of data. At its core sits
the EfficientNet framework, built to perform
accurately without crushing computer speed. It
grows stronger with deeper layers, wider layers, and
more detailed inputs all combined. Because training
on cancer scans alone can be tricky, using pre-
trained models helps pull useful patterns early. That
means better results even when local datasets fall
short in size or variety.

This approach trains models in two stages. At first,
only the basic parts of the EfficientNet stay fixed, so
it picks up general clues from MRI images. Later on,
specific layers become adjustable again, fine-tuned
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using the relevant scan data. That way, the system
adapts to how brain tumors appear across different
cases. This approach boosts how well it classifies
data while helping the system adapt to unfamiliar
examples.

Still, boosting the dataset's size - by rotating,
flipping, or scaling MRI views - can lower how
much the model reacts to slight image changes.
Instead of raw inputs, pictures often get adjusted so
their features line up evenly. This setup leads to
predictions labeling whether a tumor is present or
not. From what we see, the method works well -
spotting patterns clearly while keeping errors low.
Because of that, it fits right into actual medical aid
tools where choices matter. Performance stays
strong across tests without needing extra tweaks.

V. RESULTS AND ANALYSIS

Looking at the results, four key visuals track how the
system learns during training and adjustments. Each
plot reveals shifts in performance, adaptation speed,
and ability to predict unknown cases. From these,
patterns emerge showing whether training took
proper direction. What stands out is the direct insight
they offer into whether the whole process worked as
expected.

A. Initial Training Accuracy

At first, the training accuracy climbs slowly with
each epoch. Because it uses pre-trained weights, the
network picks up key image features well. As it
goes, the rise looks even and steady. That kind of
pattern means patterns are catching on without
hiccups.

B. Initial Training Loss

From the start, training loss drops steadily across
epochs. As it goes down, the model becomes better
at predicting outcomes by reducing mistakes. A
clear, unbroken pattern in the curve shows consistent
learning, free from abrupt shifts. Without spikes or
jumps, progress moves steadily forward.

C. Fine-Tuning Accuracy

A closer look at the fine-tuning accuracy plot reveals
clearer gains than seen during first-phase learning.
Since the system now focuses on cancer-related
traits by partially activating its layers, performance
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sharpens. With adjustments, the model learns to
distinguish between tumor types more reliably.

D. Fine-Tuning Loss

After fine-tuning, the loss curve drops even more,
then stabilizes at a fresh lower point. That drop
indicates stronger alignment and fewer redundant
patterns learned during training. With this trend,
predictions shift toward fitting new MRI images
more accurately.
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VI. CONFUSION MATRIX

A closer look at the confusion matrix reveals how
well the suggested model guesses tumor and non-
tumor images. Where the diagonal cells show
accurate grouping, it means guesses were right. Yet
values in other cells point to mistakes - when tumors
were called normal or vice versa. This layout also
helps check if decisions shifted unevenly between
tumor and non-tumor types.
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Actual / No Tumor Tumor
Predicted
No Tumor 98 2
Tumor 3 97
Confusion Matrix
No Tumor

Actual Label

Tumor

No Tumor Tumor
Predicted Label

VII. CLASSIFICATION REPORT

A look at the classification output checks how well
the system does by measuring precision, recall, and
the F1-score. When results show strong accuracy, it
means fewer incorrect predictions are made. Good
recall leads to clear tumor identification without
losing useful information. Scores that sit close
together on both sides of one indicate steady and
trustworthy grouping work across different cases.

Class Precision | Recall F1- Support
score
NO 0.9703 | 0.9800 | 0.9751 100
Tumor
Tumor 0.9798 | 0.9700 | 0.9749 100
Accuracy | ------- | -mmeee-- 0.9750 200
Macro 0.9750 | 0.9750 | 0.9750 200
Avg
Weighted | 0.9750 | 0.9750 | 0.9750 200
Avg
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VIII. COMPARISON WITH PREVIOUS
METHODS

Earlier work pointed toward ways to spot brain
tumors from MRI shots. At first, old-style learning
tricks - like basic shallow setups - were tried, though
they now seem lacking against today’s advanced
tools. Here, the new approach sits beside three well-
known earlier methods, each weighed against the
others’ strengths.

Starting off, researchers often turn to Support Vector
Machines for analysis. Instead of relying on deep
learning, they pull insights from MRI frames by
hand crafting keys like texture patterns or brightness
levels. While these methods handle tiny datasets
fairly well, how they do tends to hinge on how good
the feature design is plus adjustments made along
the way. Not every tumor fits what these digital tools
expect to see. Real images often show shapes the
software misses.

Next up comes the K-Nearest Neighbors algorithm,
ranked second by popularity. Instead of guessing, it
matches new MRI images to past ones based on how
close they look. Before comparing, someone must
first pull out key details from each picture. Once
those traits are gathered, the model checks nearby
examples in the collection. Even though setting it up
feels straightforward, handling massive sets can
slow things down. Tiny errors or extra junk data?
They shift results fast, making reliability tricky.
When dealing with vast amounts of medical image
data, this method falls short quickly. Its usefulness
drops sharply as dimensions grow. Because of that,
using it in broad clinical settings becomes unlikely.
Not every old approach leans on transfer learning.
Some rely instead on CNNs built without it. From
raw images like MRIs, they pull useful features on
their own. These systems often beat older prediction
tools. Yet accessing vast amounts of labeled data
becomes essential. So does powerful hardware. Both
tend to lack in medical settings.

On the flip side, the suggested EfficientNet-based
transfer learning model draws on pre-trained
understanding while adjusting it through fine-tuning
- this leads to stronger results, quicker learning, and
improved ability to generalize when data is limited.
Because of this, the proposed approach performs
better than current techniques and works more
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effectively for identifying brain tumours in actual
settings.

IX. ADVANTAGES

The suggested deep learning method eliminates the
requirement for manual feature extraction and
minimizes human intervention. Transfer learning
enhances accuracy even with small datasets and
greatly shortens training time. The model produces
reliable and reproducible results that are suited for
real-world clinical applications.

X. CONCLUSION

fresh approach takes shape here - sorting brain scan
images without heavy loads. Instead of starting
blank, it leans on a proven network shaped by
EfficientNet roots. One pass pulls basics; another
refines details using existing knowledge. Tumor
traits emerge through layers trained on diverse MR
outputs. Classification grows sharper when early
patterns meet specialized tuning. From the graphs
you can see clear results. Accuracy stands out right
away when looking at accuracy and loss over time.
Convergence happens smoothly across each
iteration. The model generalizes well based on
testing outcomes. A clear picture emerges through
both the confusion table and system-level
assessment report. Less reliance on people means
fewer mistakes during feature pulling tasks. This
method cuts down on guesswork tied to human
handling steps.

Looking at things overall, this method works well
for finding brain tumors through images - turning
into a helpful aid for doctors studying scans. Down
the road, the system might handle more types of
cancer at once, also pinpointing exactly where
growths appear.
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