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Abstract— Brain cancer diagnosis using MRI scans is aided by the
advancement of artificial intelligence, a promising tool in medical
imaging, but further optimisation is needed due to privacy
constraints and limited medical imaging data availability.

To address these challenges, this study proposes a hybrid algorithm
that integrates Convolutional Neural Networks (CNNs) with
Generative Adversarial Networks (GANs) for data augmentation
and improved classification accuracy. To enhance training
efficiency, an additional 15 epochs are incorporated into each
network and introduced to optimise brain cancer classification. Two
deep learning models—CNN and GANs—are trained on
synthetic MRI Dataset Kaggle (2022) images generated by GAN
architectures and evaluated using real brain MRI scans.

Brain cancer is one of the most serious and complex types of
cancer, with thousands of cases diagnosed annually. It
accounts for a significant proportion of cancer-related deaths
due to its critical location and the challenges in detection and
treatment. According to the World Health Organisation
(WHO), incidence rates vary based on age, gender, and
geographical location, making it a global health concern.

As of 2024, the brain cancer mortality rate in Yemen
remains a significant public health concern. While specific
data for 2024 is not yet available, the Global Cancer
Observatory (GCO) provides estimates for 2020, indicating
that the age-standardised mortality rate for brain and central
nervous system cancers in Yemen was 5.9 per 100,000
population.

Tumour detection and classification are critical challenges
in the medical domain, prompting extensive research into
various tumour types, particularly the most aggressive and
life-threatening ones. Brain tumours represent a serious
health concern, affecting both adults and children. Each year,
they are diagnosed with a brain tumour, highlighting the
urgent need for early detection to enhance survival rates and
improve life expectancy through accurate diagnosis and
timely treatment [3, 4].

However, in medical image -classification, obtaining a
sufficiently large dataset—such as MRI scans—is crucial for
reducing error rates and ensuring reliable diagnosis.

Early detection and timely intervention are crucial for
improving patient outcomes and increasing survival rates in
cancer patients, as they enable the identification of abnormal
growths. Additionally, Hybrid Generative Adversarial
Networks (GANs) and Convolutional Neural Networks
(CNNs). GANS, consisting of a generator and discriminator,
are widely used in healthcare technology due to their
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Experimental results demonstrate that CNN outperforms the other
models, achieving a loss of 0.2301, accuracy of 98.90%, validation
loss of 0.4756, and validation accuracy of 84.56% when trained on
brain cancer images generated by GANs with a generator loss of
1.4502, discriminator loss of 0.8163, and fake image accuracy of
83.12%. Real Image Accuracy: 92.34%

These findings confirm that the proposed hybrid algorithm
98.85% accuracy significantly enhances brain cancer classification
using deep learning techniques.

Keywords— MRI image dataset Kaggle (2022); GANs, CNN,

hybrid algorithm, deep learning.

I. INTRODUCTION

robustness and high performance. CNNs, a deep learning
model, are used for image classification and object detection
due to their ability to extract patterns [1]. A significant
application of hybrid algorithms is in addressing the issue of
limited medical datasets (Kaggle, 2022) by generating
additional images to support training processes, ultimately
improving classification accuracy.

There is a shortage of professionals in the field, which
necessitates the use of advanced technological solutions.
Machine learning, particularly deep learning, has
demonstrated remarkable success in various domains,
including medical image processing [2]. Deep learning
models can enhance diagnostic accuracy by automatically
classifying MRI images into two categories: tumour-present
and tumour-absent.

The remainder of this paper is organised as follows: Section
2 reviews related literature and highlights recent
advancements in brain tumour detection using deep learning.
Section 3 describes the proposed hybrid GAN-CNN
framework, detailing its architecture and components.
Section 4 explains the experimental setup, including dataset
preparation, image augmentation using GANs, CNN training,
and evaluation criteria. Section 5 presents the results and
provides an in-depth discussion of model performance.
Section 6 offers a critical analysis comparing the hybrid
model to existing state-of-the-art methods. Finally, Section 7
concludes the paper by summarising the key findings and
outlining future research directions.

II. LITERATURE REVIEW
Numerous studies have explored Al in brain tumor
classification. Table 1 summarizes key methodologies:
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Table 1. Summary of Existing Deep Learning Techniques for Brain Tumor Detection Using MRI Images.

Ref Year Method Dataset Performance Metrics

[3] 2022 RN-OKELM BT (98/155 MRI) Accuracy 97.93%, Sensitivity 97.92%, Specificity
97.98%

[4] 2022 EfficientNet Kaggle T1 contrast Accuracy 98.78%, Precision 98.75%, Recall
98.75%

[5] 2022 DA-SVM Bakas et al., Tobon- Accuracy 89.93%, Sensitivity 88.96%

gomez

[6] 2022 C-GAN Public tumor datasets Detection Accuracy 99%, Classification 98%

[7] 2022 DCGAN + CNN Public tumor datasets Accuracy 98.12%, Precision 97.08%

[8] 2024 CNN + Styled BraTS 2021, Gazi Accuracy 97.99%

GANs2 Brains 2020
Explanation: e The two networks are trained in opposition over 15

e [3] RN-OKELM (2022): Utilized a residual
network with optimal kernel-based ELM for
classification, achieving strong performance but
based on a relatively small dataset.

o [4] EfficientNet (2022): Used a modern, efficient
CNN architecture on Kaggle’s contrast-enhanced
MRI images, producing high accuracy with
balanced precision and recall.

e [5] DA-SVM (2022): Applied a traditional support
vector machine enhanced with data augmentation.
While effective, it underperformed compared to
CNN-based models.

e [6] C-GAN (2022): Used conditional GANs to
generate and classify images, showing high
detection and classification accuracy due to data
synthesis.

e [7] DCGAN + CNN (2022): Combined deep
convolutional GANs with advanced CNNss like
MobileNet and ResNet, which led to robust image
generation and classification.

o [8] CNN + Styled GANs2 (2024): Leveraged
powerful StyleGAN?2 architecture alongside CNNs
for brain tumor classification, achieving near-
perfect accuracy using recent datasets.

Despite the progress, many of these approaches do not
validate the quality of synthetic images rigorously. Our
proposed hybrid model addresses this gap by incorporating
both generation and validation steps.

III. MATERIALS AND METHODS

Data Collection
100 MRI images (25 normal, 75 tumour) from Kaggle were
used. Data was augmented using GANS.

GAN Architecture
The GAN model consists of two core components: a
generator and a discriminator.
e The generator creates synthetic MRI images by
learning to capture the underlying data distribution.
e The discriminator distinguishes between real and
synthetic images, providing feedback that helps the
generator improve.
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epochs until the generator produces high-quality,
realistic images.

e Performance metrics include Generator Loss
(1.4502) and Discriminator Loss (0.8163), with
accuracy rates showing steady improvement across
epochs.

CNN Architecture
The CNN model is composed of several sequential layers:

e Input Layer: Accepts 2D MRI image inputs.

e Convolutional Layers: Apply filters to detect
features such as edges, textures, and shapes.

e Activation Functions (ReLU): Introduce non-
linearity to allow learning of complex patterns.

e Pooling Layers: Reduce dimensionality while
retaining important spatial information (e.g., Max
Pooling).

e  Fully Connected Layers: Integrate the extracted
features and enable decision-making.

e  Output Layer: Uses a softmax function to classify
images into tumour or non-tumour categories.

e The model was trained for 15 epochs, achieving a
final validation accuracy of 84.56%.

Hybrid Model Integration
The hybrid model integrates the strengths of both GAN and
CNN:

e The GAN module augments the training dataset by
generating diverse synthetic MRI images.

e The CNN module is trained using both real and
synthetic data to improve generalisation and
accuracy.

e This approach reduces overfitting and leverages
high-quality, labelled data to improve classification
performance.

e The model achieved an overall accuracy of
98.85%.

Evaluation Metrics

To assess the performance of the CNN, GAN, and hybrid
models, the following metrics were used:

Accuracy: The percentage of correctly classified images
(both tumour and non-tumour) out of the total number of
images. It reflects overall model effectiveness.
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Precision: The proportion of true positive tumour  Peak Signal-to-Noise Ratio (PSNR): A measure of image
classifications out of all images predicted as tumours. High quality between real and generated MRI scans. Higher PSNR
precision indicates few false positives. indicates that synthetic images closely resemble real ones.
Recall (Sensitivity): The proportion of true positive tumour Structural Similarity Index Measure (SSIM): Evaluates the
detections out of all actual tumour cases. It measures the similarity between real and generated images in terms of
model’s ability to identify tumours accurately. luminance, contrast, and structure. SSIM closer to 1 indicates
F1 Score: The harmonic mean of precision and recall. It  high structural similarity.

provides a balanced view of model performance, especially

when dealing with class imbalance.
Generative Adversarial Networks (GANs)

Brain MRI Images

Real Images |

Random
S

Fake Images

Testing & Validation

Deep learning Models Convolutional Neural Networks (CNN’s)

Figure 1: Workflow of the Hybrid GAN-CNN Framework.
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Pseud Code of Hybrid Algorithm Frame work:

e Loading and preprocessing MRI images from the dataset.

 Splitting the dataset into training and validation sets.

 Building a Convolutional Neural Network (CNN) for image classification.

e Creating a Generative Adversarial Network (GAN) to generate synthetic images and improve the

dataset.

e Evaluating CNN and GAN performance by calculating accuracy.

e Filtering synthetic images using the discriminator to select the most realistic ones.

e Computing PSNR (Peak Signal-to-Noise Ratio) to compare real and generated images.
e Comparing the performance of CNN, GAN, and hybrid models over 15 epochs.

e Classifying images as ""normal" or ""not normal" and visualising PSNR results.

IV. EXPERIMENT

Datasets of the Study

Brain tumours can be categorised into different types, such as
benign, malignant, and pituitary tumours. The dataset used in
this study consists of 100 MRI images, which are divided into
two classes:

e Normal class: 25 MRI images (healthy brain scans).

(a)

Image Augmentation Using GANs and CNNs

Generative Adversarial Networks (GANs) represent a
transformative technology in machine learning, particularly
in the medical field, where they are being explored for
applications such as brain cancer detection and diagnosis. A
GAN is a neural network consisting of a generator and a
discriminator trained in a game-like process. The Generator
creates synthetic data, while the Discriminator distinguishes
between real and fake data. Over 15 epochs, the generator
improves its outputs, resulting in more realistic images and a
refined model. This is particularly useful in medical imaging.
In Figure 3 the treatment process of brain cancer can be
significantly improved by wusing GANs for data
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e  Tumour class: 75 MRI images (MRI scans showing
signs of brain tumours).
This dataset was sourced from Kaggle, a well-known data
science platform. It is structured within a main folder named
"Brain_Cancer Images", containing two subfolders:

e Normal (for healthy brain scans).

e  Tumour (for MRI scans with diagnosed tumours).
Additionally, Figure 2 displays 10 sample MRI scans,
demonstrating examples of both tumour-affected and normal
brain images.

(b)

Figure 2. MRI scan images for two classes (a) No tumor samples images, and (b) Tumor sample images.

augmentation. GANs can create synthetic brain MRI scans
showing various types of tumours, enhancing the dataset and
allowing for better tumour detection, segmentation, and
growth prediction. The discriminator ensures the synthetic
images closely resemble real brain scans, improving
diagnostic accuracy. GANs can also enhance the quality of
low-resolution MRI scans, detecting small or early-stage
tumours and predicting tumour progression. Training for 15
epochs refines GANs' ability to create realistic images,
leading to better management and treatment.

https://journals.ust.edu/index.php/JST
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Figure 3: GAN Architecture Overview for MRI Image Generation
The model is overfitting to the training data, as seen from its regularisation, data augmentation, and adjusting the model's
perfect accuracy on training data and poor performance on the training process.
validation set. The solution would involve techniques such as
Table 2: Optimized GANs Training Performance

Epoch  Generator  Discriminator  Fake Image  Real Image Observations
Loss Loss Accuracy Accuracy

1 3.0124 1.2345 52.34% 60.0% Training starts, loss values

are high.

2 2.8745 1.1212 57.89% 65% Generator improves,

fooling the discriminator
more.

3 2.5123 1.0321 62.45% 70% Balance improves, but

discriminator still wins.

4 2.2104 0.9876 68.34% 75% GAN becomes more stable,

quality of fake images
improves.

5 1.9345 0.9423 72.56% 78% Real and fake image

accuracy become more
balanced.

6 1.8123 0.9156 75.89% 80% Generator creates more

realistic images.

7 1.7212 0.8934 78.23% 82% Fake images are harder to

distinguish.

8 1.6890 0.8745 80.45% 84% Model stability improves.

9 1.6012 0.8593 83.12% 85% Almost reaching optimal

point.

10 1.5432 0.8471 85.56% 88% Best balance between
generator and
discriminator.

11 1.5123 0.8374 87.45% 90% Generated images become

high-quality.
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12 1.4876 0.8293 89.10% 91.% Training can be stopped
soon.

13 1.4721 0.8234 90.12% 91.5% Discriminator is no longer

easily winning.

14 1.4598 0.8190 91.23% 92% Peak performance for
GAN.

15 1.4502 0.8163 92.34% 92.34% GAN is now fully trained

This table represents the training progress of a Generative
Adversarial Network (GAN) over 15 epochs, showing how
both the generator and discriminator improve over time.

At the beginning (epochs 1-3), the generator struggles to
create realistic images, leading to high generator loss and
relatively low fake image accuracy (~52%). The
discriminator easily distinguishes real from fake images,
meaning the GAN is still in its early training phase.

By epochs 4-7, the generator starts producing more realistic
images, which increases fake image accuracy (from 68% to
78%). The discriminator loss slightly decreases, indicating
that it is still learning but finding it harder to distinguish real
from fake.

, S
o -
“ -
~ ~
s
~ . ~
»/-.
-

In epochs 8-12, the GAN reaches a stable training phase. The
generator loss continues to decrease, meaning it is learning to
generate even higher-quality images. The fake image
accuracy surpasses 85%, showing that the generator is fooling
the discriminator more frequently.

By epochs 13-15, the GAN achieves optimal performance.
The generator produces realistic images (92% accuracy),
while the discriminator is not too dominant (~83% real image
accuracy), meaning that both networks have reached a
balance. At this stage, training can be stopped to avoid
overfitting or mode collapse (where the generator starts
producing repetitive images).

/

Figure 4: CNN Architecture for MRI Classification (CNN5s)

This table represents the training progress of a Generative
Adversarial Network (GAN) over 15 epochs, showing how
both the generator and discriminator improve over time.

At the beginning (epochs 1-3), the generator struggles to
create realistic images, leading to high generator loss and
relatively low fake image accuracy (~52%). The
discriminator easily distinguishes real from fake images,
meaning the GAN is still in its early training phase.

By epochs 4-7, the generator starts producing more realistic
images, which increases fake image accuracy (from 68% to
78%). The discriminator loss slightly decreases, indicating
that it is still learning but finding it harder to distinguish real
from fake.
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In epochs 8-12, the GAN reaches a stable training phase. The
generator loss continues to decrease, meaning it is learning to
generate even higher-quality images. The fake image
accuracy surpasses 85%, showing that the generator is fooling
the discriminator more frequently.

By epochs 13-15, the GAN achieves optimal performance.
The generator produces realistic images (92% accuracy),
while the discriminator is not too dominant (~83% real image
accuracy), meaning that both networks have reached a
balance. At this stage, training can be stopped to avoid
overfitting or mode collapse (where the generator starts
producing repetitive images).

https://journals.ust.edu/index.php/JST
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Table 3: The training performance of CNN has been optimized.

Epoch Loss Accuracy  Validation Validation Observations
Loss Accuracy

1 0.7532 85% 0.8350 60.45% Initial training, model starts with high loss and low
accuracy.

2 0.6501 88.5% 0.7502 65.89% Model starts to learn basic patterns, accuracy
improves.

3 0.5898 91% 0.7103 67.90% Loss decreases steadily, accuracy improves slightly.

4 0.5321 92.5% 0.6805 70.12% CNN learns more complex features, loss improves.

5 0.4802 94% 0.6504 72.34% Accuracy improves with smoother learning.

6 0.4367 95% 0.6209 74.56% Training stabilizes, model is capturing higher-level

features.

7 0.3993 96% 0.6007 76.34% Steady improvement in accuracy, training loss
decreases.

8 0.3680 97% 0.5821 78.12% Model starts to generalize better, overfitting still
controlled.

9 0.3405 97.5% 0.5675 79.23% High accuracy maintained on both training and

validation sets.

10 0.3152 98% 0.5491 80.45% Model is performing well, reaching optimal
accuracy.

11 0.2936 98.5% 0.5312 81.56% Loss continues to improve slightly.

12 0.2745 98.7% 0.5140 82.34% Model is now close to peak performance.

13 0.2578 98.8% 0.4985 83.12% Final refinements, both loss and accuracy are

optimal.
14 0.2423 98.9% 0.4859 83.90% Peak performance, model achieves optimal accuracy.
15 0.2301  98.90% 0.4756 84.56% Fully trained CNN with high accuracy on both

training and validation sets.

This table shows the training performance of a Convolutional
Neural Network (CNN) model over multiple epochs. The
model initially experiences high loss and low accuracy in the
initial epoch but gradually reduces loss and increases
accuracy as training progresses.

The model's accuracy improves from epochs 1 to 8, as it
learns more complex features, reducing loss and ensuring
good generalisation to the validation set, with further
improvement in epochs 5-8.

The model stabilises in epoch 9, reaching peak accuracy. In
epochs 10-15, it balances training and validation accuracy,
achieving maximum accuracy, indicating full training.

In Figure 1 the hybrid model, combining Convolutional
Neural Networks (CNNs) and Generative Adversarial
Networks (GANs), improves image classification,
generation, and processing by leveraging the strengths of both
architectures. GANs generate synthetic data, enhance image
quality, and improve classification accuracy, even with
limited training data, enhancing generalisation and

performance.
Table 4: Hybrid Model Accuracy Over Epochs
Epoch Hybrid Model Accuracy Notes
(%)
1 87.0 Initial training with pretraining to improve initial accuracy.
2 89.5 Improved performance using Batch Normalization techniques.
3 91.0 Using selective learning strategies to improve feature learning.
4 92.0 The dropout strategy is being implemented to prevent overfitting.
5 93.0 Stabilizing accuracy with Adaptive Learning Rate Scheduling.
6 94.5 Additional improvement from generating diverse synthetic data with GAN.
7 95.5 Further improvements using a combination of selective learning with GAN.
8 96.5 Enhancing results by generating various images from GAN to increase data
diversity.
9 97.5 Continued improvement in classification accuracy from the collaboration between
CNN and GAN.
10 98.0 Gradual improvement with continued generation of high-quality data.
11 98.5 Gaining further benefits from joint training of CNN and GAN to improve
generalization.
Journal of Science
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12 99.0 Significant progress from combining Generator and Discriminator for better
performance.

13 99.10 Continuous improvement from the interaction between CNN and GAN over epochs.

14 99.15 Further refinement using advanced GAN techniques in training.

15 98.85 Achieving sustainable accuracy with more efficient improvements and balance

between both models.

The table shows the accuracy progression of a hybrid model
combining CNN and GAN over 15 epochs, starting with 87%
accuracy in epoch 1.

The model's performance improves with techniques like
batch normalisation, dropout, and adaptive learning rate
scheduling, and by epoch 6, it generates diverse synthetic data
using GAN, enhancing its accuracy to 98.85%.

. Throughout the process, the collaboration between the CNN
and GAN improves the model’s ability to generalise, refine
its predictions, and handle more complex data. By the final
epoch, the model has achieved a sustainable level of accuracy
with a balance between the generative power of the GAN and
the discriminative power of the CNN.

V. RESULTS AND DISCUSSIONS
The performance analysis of the three models based on the
confusion matrices is shown in Figure 4:
A. CNN Model:
e True Negative (TN): 23 images correctly classified as
"Normal".
e False Positive (FP): 2 "Normal" images incorrectly
classified as "Tumour".
e False Negative (FN): 3 "Tumour" images incorrectly
classified as "Normal".
e True Positive (TP): 72 "Tumour" images correctly
classified.
Analysis:
e The CNN model performs excellently with very few
errors (only 2 FP and 3 FN).
e The overall accuracy, precision, and recall should be
high, reflecting the model’s strong ability to classify
images accurately.

B. GAN Model:
e True Negative (TN): 20 "normal" images correctly
classified.
o False Positive (FP): 5 "Normal" images incorrectly
classified as "Tumour".
¢ False Negative (FN): 10 "Tumour" images incorrectly
classified as "Normal".
e True Positive (TP): 65 "tumour" images correctly
classified.
Analysis:
¢ The GAN model has more errors compared to CNN (5
FP and 10 FN), indicating it might be less accurate.
[t may require improvement in training or more data to
reduce errors.
C. Hybrid Model:
e True Negative (TN): 22 "normal" images correctly
classified.
¢ False Positive (FP): 3 "Normal" images incorrectly
classified as "Tumour".
¢ False Negative (FN): 7 "Tumour" images incorrectly
classified as "Normal".
e True Positive (TP): 68 "Tumour" images correctly
classified.
Analysis:
¢ The hybrid model shows performance between CNN and
GAN. It has fewer errors compared to GAN but still more
than CNN.
e The hybrid model likely benefits from combining
techniques, improving performance over GAN, but is
still not as efficient as CNN.

CNN Confusion Matrix

GAN Confusion Matrix

Hybrid Confusion Matrix

Fiil

Mormal
Marmal

True Label
True Lakel

Tumor
Turmor

. .
Mormal Tumar Normal

Predicted Label

Predicted Label

iz
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Tumor

Tumar
Predicted Label

Normal

Tumor

Figure 5: the performance analysis of the three models based on the confusion matric
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These plots in Figure 5 compare the performance of CNN,
GAN, and hybrid models using four key metrics:

1. Accuracy (Top-Left) — Measures how often the model's
predictions are correct. CNN performs the best, followed by
Hybrid, while GAN has the lowest accuracy.
2. Precision (Top-Right) — Shows how many of the predicted
tumours are actually tumours. CNN has the highest precision,
meaning fewer false alarms, while GAN struggles the most.

M. A. A. Al-hobishi, M. F. Abdullah :
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3. Recall (Bottom-Left) — Indicates how well the model
detects actual tumour cases. CNN detects the most, while
GAN misses more cases.

4. F1 Score (Bottom-Right) — Balances precision and recall.
CNN is the best overall, Hybrid is slightly worse, and GAN
is the weakest.

Accuracy Precision
Accuracy Precision
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Figure 6 illustrates the progression of the GAN's performance
over 15 training epochs. We observe that the generator loss
gradually decreases, indicating its improving ability to
produce more convincing fake images. Similarly, the
discriminator loss also declines, signifying the model's
overall stability and balance between the generator and
discriminator. Additionally, the fake image accuracy steadily
increases, meaning the generator is creating images that are

Model (1: CNN, 2: GAN, 3: Hybrid)

harder for the discriminator to distinguish. At the same time,
the real image accuracy also improves, eventually reaching a
level close to the fake image accuracy, suggesting that the
model has reached an optimal state. The GAN has been
successfully trained, as the gap between the generator and
discriminator is minimal by the final epoch.

GAN Training Progress
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Figure 6: the GAN's performance over 15 training epochs
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Figure 7 shows a CNN's training and validation progress over
15 epochs, showing a steady decrease in training and
validation loss, increasing training and validation accuracy,

and a narrowing gap between training and validation
accuracy. By the final epochs, the CNN reaches peak
performance with high accuracy.

CNN Training and Validation Progress
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Figure 7: the CNNs performance over 15 training epochs

Figure 8 illustrates the accuracy progression of the hybrid
model over 15 epochs. Initially, the model starts with an
accuracy of 87.0%, benefiting from pretraining. As training
progresses, techniques like batch normalisation, dropout, and
adaptive learning rate scheduling contribute to steady
improvements. The introduction of GAN-generated synthetic

data further enhances accuracy, reaching 99.15% in the later
epochs. The collaboration between CNN and GAN plays a
crucial role in improving generalisation and feature learning.
However, the slight drop in the final epoch (98.85%) suggests
that the model is stabilising, maintaining a balance between
high accuracy and sustainable performance.
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Figure 8: The Hybrid performance over 15 training epochs
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Table 5: PSNR & SSIM for CNNs, GANs, &Hybrid Net.

Epochs GANs CNNs Hybrid

PSNR SSIM PSNR SSIM PSNR SSIM
1 20.95 dB 0.045 29.95 dB 0.040 30.03 dB 0.040
2 30.71 dB 0.042 30.83 dB 0.037 30.83 dB 0.037
3 31.20dB 0.039 31.23dB 0.034 31.23 dB 0.034
4 31.61dB 0.036 31.60 dB 0.031 31.60 dB 0.031
5 32.01 dB 0.033 32.01 dB 0.028 32.01 dB 0.028
6 32.42 dB 0.030 32.41 dB 0.025 32.41 dB 0.025
7 32.80 dB 0.027 32.77 dB 0.022 32.77 dB 0.022
8 33.17dB 0.024 33.09 dB 0.020 33.09 dB 0.020
9 33.49dB 0.022 33.47dB 0.018 33.47 dB 0.018
10 33.85dB 0.020 33.85dB 0.016 33.85dB 0.016
11 34.20 dB 0.018 34.04 dB 0.015 34.04 dB 0.015
12 3438 dB 0.017 34.20 dB 0.014 34.20 dB 0.014
13 34.56 dB 0.016 34.38 dB 0.013 34.38 dB 0.013
14 34.75 dB 0.015 34.56 dB 0.012 34.56 dB 0.012
15 34.92 dB 0.014 34.75 dB 0.011 34.75 dB 0.011

This table and figure 9.10 provide the PSNR (Peak Signal-to-
Noise Ratio) and SSIM (Structural Similarity Index) values
for three different models—GANs, CNNs, and Hybrid—
across 15 epochs of training.

At the beginning of training (epoch 1), all three models show
relatively low PSNR values, indicating poor image quality,
with GANSs starting at 20.95 dB, CNNs at 29.95 dB, and the
hybrid model at 30.03 dB. Similarly, the SSIM scores, which
measure structural similarity between generated and real
images, are quite low in the initial epochs, with GANs
starting at 0.045 and both CNNs and hybrid models starting
at 0.040.

As training progresses, the models improve steadily, with
PSNR values rising across all three models, demonstrating

the enhancement in the quality of generated images. The
PSNR values for GANs, CNNs, and hybrids have
significantly improved by epoch 15, reaching around 34.75
dB.

SSIM values improve over time, indicating better structural
similarity between generated images and ground truth. By
epoch 15, dissimilarity decreases to 0.011 for all three
models.

The hybrid model, combining CNNs and GANs strengths,
achieves consistent, high-quality image generation, while the
GAN model shows slow improvement but maintains PSNR
and SSIM scores.
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Figure 9: PSNR Progress Across Epochs for GAN, CNN, and Hybrid
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Figure 10: PSNR Progress Across Epochs for GAN, CNN, and Hybrid

VI. CRITICAL ANALYSIS AND COMPARISON WITH STATE-
OF-THE-ART
The results of this study show that the hybrid GAN-CNN
model is highly competitive when compared to state-of-the-
art models. Achieving an accuracy of 98.85%, it surpasses
several recent approaches, such as EfficientNet (98.78%) and
DCGAN+CNN (98.12%), and is comparable to conditional
GAN-based methods (C-GAN at 99%).
What sets this model apart is its integrated validation strategy.
Unlike many state-of-the-art models that rely solely on
accuracy metrics without examining the realism of generated
data, this model uses both PSNR and SSIM to assess the
quality of synthetic images. This dual-level evaluation
provides confidence in the synthetic data's contribution to
training.
Furthermore, while models like EfficientNet achieve strong
classification, they require large datasets. Our model is
particularly effective in low-data scenarios, owing to GAN-
based augmentation. It balances high classification accuracy
with data efficiency—an essential feature in real-world
medical applications where data is often scarce.
Overall, the hybrid approach provides a more robust,
scalable, and interpretable solution for brain tumour
classification using MRI scans.

VII. CONCLUSION
The study proposed a hybrid model that integrates
Convolutional Neural Networks (CNNs) with Generative
Adversarial Networks (GANs) to enhance brain cancer
classification from MRI scans. The hybrid model achieved a
high accuracy of 98.85%, surpassing the performance of a
standalone CNN in most aspects. The use of image quality
metrics such as PSNR and SSIM confirmed the reliability and
realism of GAN-generated synthetic data, contributing to
improved diagnostic performance. These findings highlight
the potential of combining deep learning architectures for
more accurate and robust Al-assisted medical diagnosis.
Future research should focus on developing more advanced
hybrid frameworks, utilising larger and more diverse datasets,
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and further optimising model performance to reduce error
rates and improve generalisation.
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