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Automated computer-assisted tools based on deep learning explored promising results in the
instant and accurate prediction of Brain cancers. However, the availability of large medical
imaging datasets for training deep-learning models remains limited. In this work, a hybrid
approach for brain tumor classification using a Generative Adversarial Network (GAN)
called DenseUnetGAN is proposed. The GAN-based model incorporates pre-trained models
in the generator and discriminator components. Specifically, a modified U-Net architecture
serves as the generator, while DenseNet is utilized as the discriminator and classifier after
modifying the fully connected layers. Further, the hyperparameters of the GAN model are
tuned using Lemur’s optimizer. By leveraging pre-trained models and the GAN framework,
the proposed approach is presented to enhance the efficiency and accuracy of brain tumor
classification despite the limitations of limited data availability. Through extensive
experimentation and evaluation, it demonstrates the effectiveness among brain tumor
classes. The results highlight the potential of the proposed model for improving the
diagnosis of brain tumors, thereby aiding healthcare professionals and reducing the burden
on healthcare systems.

1. INTRODUCTION

An abnormal cells enlargement within the brain is known as
tumor. Brain tumors encompass a wide range of neoplasms in
the human body, which exhibit diverse characteristics
influenced by factors including the cell of origin, location,
structure, and manner of progression [1].

The tumor is divided into primary and secondary tumors.
Approximately 60% of all brain tumors are primary tumors,
while the remaining 40% are classified as secondary tumors.
The classification is based on the source of the tumors, where
primary tumors initiate in the brain itself. Conversely,
secondary tumors initiate in remaining body parts and later
spread to the brain. It is important to mention that the majority
of secondary tumors, around 40%, are malignant [2].

Medical image analysis has undergone a transformative
advancement in practicality and innovative approaches,
primarily driven by rapid hardware development and the
utilization of sophisticated mathematical tools. These
advancements enable the acquisition of highly detailed
medical images [3, 4]. Leveraging these medical images,
accurate and efficient image analysis techniques can assist
healthcare professionals in diagnosing and treating patients
effectively.

An imaging method is available for the segmentation and
classification of brain tumors, among which MRI is utilized as
a non-invasive approach. The popularity of MRI stems from
its advantages, such as ionizing radiation absence, greater
resolution of soft tissues, and the capability to capture various
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images through different imaging parameters. There has been
significant research interest in the development of automated
Al-based intelligent systems. Presently, various automated
systems are provided using Machine Learning (ML), transfer
learning approaches, and Deep Learning (DL) models [5].
Traditional approaches to classifying brain tumors using ML
algorithms involve multiple steps, such as feature extraction
and classification. Feature extraction and selection pose
requires domain expertise, precision of classification relies on
the identification of relevant features.

GAN:Ss are a type of DL model that consists of a Generator
(G) and a Discriminator (D) network [6]. GANs have been
employed in various medical imaging tasks, including image
synthesis, image-to-image translation, data augmentation, and
anomaly detection. A key difference between traditional
generative models and GANs is that GANs learn the
distribution of the input as a complete image rather than
making pixels individually. The proposed work is contributed
as follows:

*Proposing the new U-Net architecture model for the
generator part of the GAN model classification using
automated MRI image processing.

*Proposing the new GAN model for rapid tumor
classification using automated MRI images.

*The classification task of the model is improved by
applying Lemur’s optimization for parameter tuning.

*The constructed GAN model is compared with the other
models.

The remaining sections of the work are as follows: Section
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2 presents the related works of existing literature, Section 3
introduces the DenseUnetGAN model, Section 4 describes the
results and discussion, and finally, Section 5 concludes the

paper.

2. RELATED WORK

This section reviews several related works that employ DL
techniques to detect and classify brain tumours. Vidyarthi et
al. [7] proposed a novel Cumulative Variance method-based
feature selection for brain MRI. The extracted features are
used to train different ML models like AdaBoost, neural
networks and decision trees. Among these, the neural network
shows higher classification accuracy.

In their work, Yu et al. [8] proposed an improved sparrow
search approach to classify brain tumor. The search strategy of
the sparrow is applied to select relevant training features. The
optimum feature selection increases the model's classification
accuracy by 4.5% compared to without optimization.

Yang et al. [9] proposed a tumor segmentation based on
Dual Disentanglement Network (D2-Net) that employs a
spatial frequency to decouple modality-specific data from a
dataset, which enables segmentation even with missing
modalities.

Sultan et al. [10] explored a convolutional neural network
(CNN) for tumor detection. The developed model is applied in
two datasets to classify with an overall accuracy of 95.45%
and 97.6%.

Another CNN model was developed by Huang et al. [11]
based on complex networks to categorize brain tumors. The
network structure is created using randomly generated graph
algorithms, eliminating the need for manual design and
optimization. The CNN model based on complex networks
achieves an accuracy of 95.49%, outstanding other models in
previous work.

Asif et al. [12] utilized popular DL architectures, including
Xception, GoogleNet, DenseNet121, and ResNet, for brain
tumor diagnosis. Pre-trained models are employed to extract
deep features.

Shah et al. [13] proposed a DL based on the EfficientNet-
B0 model to detect brain tumor efficiently. Data augmentation
methods are improved the quality and increase the training
data. The overall accuracy for classification and detection
reaches 98.87%. Rizwan et al. [14] proposed a Gaussian CNN
model with two datasets are utilized, one for classifying
tumors and the other for distinguishing between three grades
of glioma.

Imtiaz et al. [15] proposed a superpixel-level from 3D
volumetric MR images. The images are partitioned into
superpixels to capture precise boundaries. By considering
image planes separately, the statistical and textural features are
extracted from each superpixel. A feature selection scheme is
introduced to reduce dimensionality while maintaining
classification performance.

Zhou et al. [16] investigated UNet++ for tumor
segmentation. UNet++ addresses an unknown network depth
issue by using an ensemble of U-Nets with varying depths. It
introduces redesigned skip connections to combine features
from distinctive semantic scales, resulting in effective feature
selection. Additionally, a pruning method is devised to
accelerate inference speed without significant performance
degradation. Likewise, Micallef et al. [17] developed a U-
Net++ model for brain tumor segmentation. This modified
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model incorporates changes in the loss function and functional
layers to increase network performance.

Alhassan and Zainon [18] proposed an automated
segmentation method for brain tumor detection in MRI
images. The approach utilizes pre-processing and
segmentation processes, incorporating a modern learning-
based method with the Bat Algorithm and Fuzzy C-ordered
means clustering technique. Bat algorithms are employed to
segment the tumor by calculating initial centroids and
distances between pixels, distinguishing the tumor Region of
Interest from non-tumor.

Gumaei et al. [19] proposed hybrid feature extraction, and
extreme learning classification. Experimental results
demonstrate improved accuracy compared to existing
approaches, with accuracy increasing from 91.51% to
94.233%. Ferdous et al. [20] introduced linear-complexity
data-efficient image transformers. Teacher-student methods
are used to achieve high precision rates.

Noreen et al. [21] proposed a method for quick
identification of brain tumors using multi-level feature
learning and concatenation. Inception-v3 and DensNet201 DL
models are employed for brain tumor detection and
classification, achieving high testing accuracies of 93.9% and
94.24% respectively and demonstrating superior performance.
Mishra et al. [22] introduced a self-supervised-based
contrastive loss for feature learning. Unlabeled data is utilized
to train a DL model through contrastive learning, maximizing
similarity and contrastive instances learning. It outperforms
random or ImageNet initialization for the classification of
MRI images. Afshar et al. [23] introduced a modified CapsNet
architecture by incorporating tumor coarse boundaries as extra
inputs. This enhancement allows CapsNet to focus on the
tumor while considering the surrounding tissues, improving its
performance. The proposed approach significantly
outperforms other methods, addressing the sensitivity of
CapsNets to miscellaneous image backgrounds.

Mirza and Osindero [24] introduced a conditional version
of generative adversarial networks (CGAN) for generating
MNIST digits conditioned on class labels. The functioning of
the GAN model can be varied based on the condition given by
the user. Gurumurthy et al. [25] presented a GAN model for
varied and limited training data environments. By
reparameterizing the latent generative space and learning its
parameters alongside the GAN, DeLiGAN enables variety in
generated samples despite being trained with limited data.

Ghassemi et al. [26] presented a GAN method for tumor
classification in MR images. By replacing the fully connected
layers and training the network as a classifier, the proposed
approach achieves effective tumor classification. Ge et al. [27]
addressed brain tumor subcategory classification using MRI
images from various imaging systems. To overcome limited
datasets and incomplete modality issues, they employ a
pairwise GAN model to generate synthetic MRIs across
different modalities. A post-processing approach combining
slice-level classification results is proposed, and a multi-stage
training technique using GAN-augmented MRIs followed by
real MRIs is employed.

Yerukalareddy and Pavlovskiy [28] proposed a DL model
for brain tumor classification on MRI images. The trained DL
model with an auxiliary classifier in a discriminator allows
feature extraction and tumor classification. The model is tested
on publicly available MRI datasets, achieving accurate
classification of different brain tumor types.

Ahmad et al. [29] proposed a variational auto-encoder-



based GAN named VAE-GAN. The developed GAN model
uses an auto encoder to generate a noise pattern for the
generator instead of generating random noise.

Chauhan et al. [30] proposed a modified DenseNet model
for brain tumour detection with an accuracy of 95.68%.
Milletari et al. [31] introduced a deep V-net network optimized
by an improved Genetic optimization algorithm. The
optimized V-net achieves 96.64% accuracy in medical image
classification. In Huang’s research, the 3D U2-Net, which
combines U-Net with an optimized classifier, achieved an
accuracy of 95% [32]. Cheng et al. [33] applied transfer
learning with ResNet50V2. It shows 94.68% accuracy for the
public MRI dataset. Ejiyi et al. [34] developed a segmentation
network with SegNet for tumor grade classification.

Based on the existing models for brain tumor classification
face challenges with limited annotated datasets and poor
generalization across diverse MRI images. Many approaches
are based on manual hyperparameter tuning, which is time-
consuming and inefficient. Additionally, synthetic data
generated by conventional GANs often lacks the diversity and
quality needed to improve model performance. These
limitations highlight the need for a hybrid approach that uses
pre-trained architectures with GANSs to increase classification
accuracy and robustness.

3. PROPOSED GAN

The GAN model has main elements like the Generator (G)
and the Discriminator (D) [35]. The element ‘G’ is responsible
for producing an output image that closely matches the
distribution of the original image. The discriminator, depicted
in Figure 1, is responsible for differentiating the generated
image from the images generated by the generator model.

Data

Generator
Real /Fake

J10)RUIWULIISI(]

—> Generated Data >

Figure 1. General GAN model [6]

While training, the generative model processes synthetic
data, attempting to failure the process of discriminator by
making the generated samples appear realistic.
Simultaneously, the discriminator is trained to correctly
classify whether a given sample is real or generated. As
training progresses, the generative model increases its ability
to produce more accurate outputs, while the discriminator
becomes more talent to find the differ among real and
generated data.

The proposed DenseUnetGAN model combines the
strengths of DenseNet and U-Net architectures. Compared to
traditional U-Net models, the propsoed model based on simple
skip connections. The DenseUnetGAN integrates DenseNet's
dense blocks to learn more complex feature representations by
promoting feature reuse. The dense connection capture both
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local and global information more effectively. Additionally,
the DenseUnetGAN incorporates a U-Net-based generator
which is designed for precise image segmentation. The
DenseNet discriminator helps to evaluate the realism of
generated images by capturing intricate patterns across
different scales.

3.1 DenseUnetGAN

In this work, the DenseUnetGAN model incorporates pre-
trained models in the generator and discriminator components.
Specifically, a modified U-Net architecture serves as the
generator, while DenseNet is utilized as the discriminator and
classifier after modifying the fully connected layers. In
conventional GAN, the model tries to provide new images
from random noise. The generator of the GAN has very few
dimensions in input, but the output is of large dimensions.

In the proposed model, the modified UNet is the generator
to generate fake images instead of generating from random
noise. The proposed architecture with DenseUnetGAN model
is given in Figure 2(a) and Figure 2(b).

The loss functions for the modified U-Net generator and
DenseNet discriminator can be adjusted accordingly.

GAN Loss: The GAN objective function measures the
adversarial loss among the generator and discriminator. It
consists of two terms:

LGAN(G, D) = E(x, y) [log(D(x, y))] + E(x) [log(1 - )
D(x, G(x)))]

G represents the modified U-Net generator, D represents the
DenseNet discriminator, x is an input image, and y is the
corresponding brain tumor category label Eq. (1). The first
term aims to maximize the discriminator (x, y) as real, while
the second term aims to maximize the discriminator data x and
its corresponding generated data G(x) as fake.

Generator Loss: It used to process generator features to
deceive discriminator. It is described in Eq. (2):

LGenerator(G, D) = AGAN * LGAN(G, D) (2)
where, AGAN is a hyperparameter that controls the importance
of the GAN loss, and LGAN(G, D) is the GAN loss.

Discriminator Loss: It is used to distinguish real and fake
data which has two classification losses:

LDiscriminator(G, D) = LClass(D, x, y) + LClass(D,
x, G() ®)

In Eq. (3) LClass(D, x, y) is the classification loss for the
DenseNet discriminator applied to real data x with the
corresponding ground truth label y. LClass(D, x, G(x)) is the
classification loss for the discriminator applied to x and G(x).

Generator Classification Loss: In addition to the GAN loss,
it includes a classification loss for the generator to directly
optimize the classification task. It can be described in formal
terms as follows Eq. (4):

LGenerator Class(G, D) = LClass(G(x), y) @)
where, LClass(G(x), y) is the classification loss for the
DenseNet discriminator applied to the created data G(x) with
the ground truth label y.
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Figure 2. (a) Proposed architecture; (b) DenseUnetGAN model

3.2 Modified U-Net

U-Nets have performed an efficient segmentation for a
complex image. It consists of an encoder that gradually
downsamples the input, learning the global context and a
decoder that executes advanced upsampling to equal the
output resolution with the input by allowing exact localization.

However, conventional U-Nets lack contextual information

[ Tnput “F
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sharing between shallow and deep layers. To address this
limitation and enhance the local and global features of the
network, the modified U-Net architecture is introduced that is
given in Figure 2(b). The Data Degradation Control Block
with Contextual Aggregation (DDCBWCA) block is
connected between the encoder to decoder is shown in Figure
3.

‘ Convolution2D E Convolution 2D (3,3) ‘ Convolution 2D (1,1)

Figure 3. DDCBWCA block
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The improved U-Net takes MRI input images and outputs
images of the same dimensions. Convolution layers with
padding are employed to ensure that the output image size
matches the input size. The encoder side has convolution
layers, pooling layers, and dropout layers to perform
downsampling. On the decoder side, the output of
DDCBWCA is connected to the Conv2DTranspose layer for
feature control from the previous block. Finally, the dropout is
applied to the concatenated output.

The Data Degradation Control Block with Contextual
Aggregation plays a crucial role. It generates middle-level
features, ensuring control over important degradation of
features. The complex size variations issues of brain tumor
size can be effectively handled by concatenated connections.
The DDCBWCA connection makes the model scale invariant
and allows contextual aggregation on multiple scales. The
DDCBWCA expands the valid field to learn and improve its
performance effectively.

The DDCBWCA block consists of five parallel
connections, each processing the input data differently as
shown in Figure 3. The first four connections apply two
convolutional layers with a specific filter size: Nx1 for the first
convolution and 1xN for the second convolution. This
approach decreases the number of parameters compared to N
x N convolution layer. The impact of the cascaded convolution
layers with fewer parameters is found to be similar to a single
layer with more parameters.

Next, skip connection is used to preserve the original input.
The outputs of all parallel connections are merged to obtain a
single output. Then, three consecutive convolutional layers
with filter sizes of 3x3, 3x3, and 1x1 are applied to the
summed output.

The improved U-Net architecture incorporates the
DDCBWCA module to bridge the gap between shallow and
deep layers, enabling enhanced integration of local and global
features. The DDCBWCA block uses dense connectivity
combined with attention mechanisms to allow the network to
focus on important features. Unlike standard UNet skip
connections that directly concatenate encoder features with the
decoder, this block provides better integration of local features
and global features. It is used for better segmentation in
complex tasks.

The discriminator in the DenseUnetGAN model is based on
a DenseNet structure which includes several dense blocks
stacked with multiple convolutional layers. Typically, the
DenseNet discriminator consists of 4 to 5 layers of dense
blocks with total feature maps growing from 64 in the initial
layers to 512 in the deeper layers. This design enables the
discriminator to attain both local and global features within the
generated images. By focusing on a rich combination of
feature patterns at multiple scales, the DenseNet discriminator
significantly improves to differentiate among fake and real
images.

3.3 Lemur optimizer based parameter tuning

Optimization is a crucial process used to provide the most
favorable solution for a given problem while considering
constraints. The objective function is typically minimized or
maximized to determine the optimal outcome. Optimization
plays a vital role in decision-making across various domains
[36]. However, many real-world problems are intricate,
involving multiple nonlinear constraints. This complexity
adds to the difficulty of achieving effective optimization.
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It is based on a metaheuristic optimization algorithm that is
inspired by the behaviors of lemurs [37]. The two important
behaviors of lemurs like leap-up and dance-hub. are
statistically translated into solving optimization problems. In
the exploration stage, the dance-hup behavior is used.
Similarly, the leap-up behaviour is used for exploiting the
search space. The problem solving approach is mathematically
modelled as follows.

The solution for decision variable j with 7 as Eq. (5):

Sl=r«(ul— 1) vi €(12,...d) (%)

where, 7 is the random variable varies between zero to one.
s/ =

{s(i,j) +abs(s(i, ) — s(lé,j)) *(r—05)*2;r<f;
s(i, /) + abs(s(i,j) —s(G, ) * (r = 0.5) = 2;7 > f,

(6)

where, B represents the nearest best lemur and G denotes
global best lemur.

fr = f * (hrr) — curriter * (hrr — lrr) /maxiter (7)
where, f, is the free risk rate, 4rr and Irr is high and low risk
rates, curriter is the current iterations. The above steps are
applied to the fitness function iteratively to get optimal GAN
parameters. The pseudocode for proposed parameter tuning is
given below:

Pseudocode: Lemur Optimizer based Tuning

1. Initialize parameters:

a. Initialize n lemurs (solutions) randomly within the
bounds [/], ul].

b. Set the current iteration to 0 (curriter = 0).

c. Define high-risk rate (A7) and low-risk rate ().

d. Evaluate the fitness of each lemur using F.

2. Determine the best lemur:

a. Identify the global best solution (G) with the highest
fitness.

b. Identify the nearest best lemur (B) for each lemur based
on fitness.

3. Loop until maxIter is reached:

a. For each lemur (i):

i. Generate a random number r in the range [0, 1].

ii. Update decision variable S/ for each dimension j using
Eq. (6). ‘

b. Update S} using the Eq. (7).

c. Clip Sij within bounds [//, u/] to ensure valid solutions.

d. Evaluate the new fitness of each lemur using F.

e. Update the global best (G) and nearest best (B) lemurs
based on the new fitness values.

4. Increment the iteration (currlter = currlter + 1).

5. Output the global best solution (G) as the optimal GAN
parameters.

The algorithm starts by defining the population size,
bounds, and other parameters. Each lemur's position
represents a possible set of GAN parameters. The fitness
function F evaluates how well the parameters perform in
training the DenseUnetGAN model. In the early iterations, the
algorithm prioritizes exploration, broadly searching across the
parameter space. This is controlled by f,., which starts high
(encouraging risk-taking) and gradually decreases over time.
As iterations progress, f, lowers, focusing on refining
solutions near the best candidates. Lemurs move closer to



either the closest best solution. The updated solutions are
clipped to remain within the specified bounds. The process is
repeated, adjusting positions and fitness evaluations, until the
maximum number of iterations is reached. The global best
solution (G) represents the optimal parameters for training
DenseUnetGAN.

4. RESULT AND DISCUSSION

Table 1. Experimental Settings

Parameter Value

Dataset Brain Tumor Dataset (e.g., BRATS 2018)
Train-Test Split 80% train, 20% test

Image Dimensions 240%240%4
Batch Size 16
Number of Epochs 50
Optimizer Adam
Learning Rate le-4
Momentum 0.9
Weight Decay le-5
Random rotations (10-30 degrees),
Data . . .
A . flipping, scaling (0.8-1.2), elastic
ugmentation .
deformation
Dropout Rate 0.5
Actlvafuon ReLU and SoftMax
Function
Evaluation Dice Similarity Coefficient (DSC), IoU,
Metrics Accuracy
Hardware NVIDIA Tesla V100 (16GB VRAM)

This work uses two datasets for the purpose of training and
evaluating a classification method using MRI. The first
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dataset, created by Cheng et al. [38] comprises a total of 3064
T1-CE MR images. This dataset includes three distinct types
of brain tumors: 708 meningioma tumors, 1426 glioma
tumors, and 930 pituitary tumors. It encompasses MR images
captured in all different planes. Table 1 offers simulation
parameters related to this research study.

The second data set used in this study is a collection of
whole brain volume MR images initially presented by Marcus
et al. [39]. This dataset was primarily designed to investigate
dementia in elders. It comprises longitudinal images of 372
sets obtained from 100 aged subjects among 50 and 93 years.
The sample data set image is shown in Figure 4.

Figure 4. Data set image

The DenseUnetGAN’s hyperparameters are tuned before
evaluation. The best hyperparameters of the model are
identified by lemur optimization. The fitness function is used
to find the best values of the optimizer, dropout rate (DR) and
learning rate (LR). The performance of the model for different
LR, DR, and optimizer is given in Tables 2 and 3. The best
optimizer is identified as Adam with an LR of 0.001. Likewise,
the best DR is identified as 0.5 with the highest accuracy. The
generated images of the GAN model are shown in Figure 5.
The training curve of the model is given in Figure 6.
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Figure 5. Generated images

Training and Validation Loss

144 —— Training Loss
Validation Loss

0.4 1

0.2 1

Epoch

(a)

Training and Validation Accuracy

1.0 1 -
—— Training Accuracy

Validation Accuracy

0.9 1

0.8 1

0.7 4

Accuracy

0.6

0.5 1

0.4 1

2 4 6 8 10 12
Epoch

(b)

Figure 6. Training curve (a) DenseUnetGAN loss vs epochs, (b) DenseUnetGAN accuracy vs epochs



Table 2. Performance of different optimizers

Optimizer LR
1 0.1 0.01 0.001
Adam 702 702 702 96.78
Stochastic Gradient ) 4 702 80.56  84.83

Descent

RMSProp 60.4 60.4 70.2 94.55
Adaptive Gradient ~ 70.2 70.2 8856  92.43
Adaptive delta 9356 9078 8023 7256

Table 3. Performance of different dropout rates

DR 0.1 0.3 0.5 0.7 0.9
Accuracy 95.6  96.78 97 95.2 79.4

Table 4. Classification results of the GAN model

Glioma Meningioma Pituitary

Rec 81.56 84.28 77.89
Acc 87.21 89.86 88.19
Pre 86.59 76.65 78.27
F1-Score 84.85 80.99 78.28

Table 5. Classification results of DeLiGAN model

Glioma Meningioma Pituitary

Rec 82.7 85.56 79.22
Acc 88.32 90.93 89.82
Pre 87.15 77.23 79.43
F1-Score 85.79 81.11 79.12

Table 6. Classification results of the VAE-GAN model

Glioma Meningioma Pituitary

Rec 954 91.14 85.45
Acc 92.15 95.14 96.74
Pre 91.78 87.46 93.86
F1-Score 93.67 89.73 89.33

Table 7. Classification results of DenseUnetGAN model

Glioma Meningioma Pituitary

Rec 98.89 94.44 88.77
Acc 95.76 98.49 98.9
Pre 95.78 91.37 97.80
F1-Score 96.43 92.88 92.79

Table 8. Performance analysis of different classifier models

Method Accuracy
CapsNet 90.8
CNN 88.6
CGan 92.6
GAN 81.6
DeLiGAN 82.5
GAN -random split 85.6
VAE-GAN 923
DenseUnetGAN 95.32

Tables 4-7 present a comparison of DenseUnetGAN against
conventional generative models. Among the models

evaluated, the GAN model achieved an average accuracy of
81.6%, while the DeLiGAN model reached an average
accuracy of 82.5%. The GAN model utilizing a random split
strategy achieved an average accuracy of 85.6%. Additionally,
the VAE-GAN model [29] demonstrated a higher average
accuracy of 92.3%. Notably, the DenseUnetGAN model
achieved a notable average accuracy of 95.32%.

Confusion Matrix

1000
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Meningioma

- 400

- 200

Pituitary

i i
Glioma Meningioma Pituitary
Predicted

Figure 7. Confusion matrices of the proposed model

The proposed confusion matrix result is shown in Figure 7.
When considering the type of Pituitary test images of 1044 and
spotting the matrix horizontally, the 1023 images are predicted
properly as Pituitary by classifier. It wrongly classified the
remaining 21 images of Pituitary: 13 as glioma and 8 as
meningioma.

Table 8 provides a summary of performance results in terms
of accuracy percentages for various classifier models.
DenseUnetGAN attained the accuracy of 95.32. It shows
promising performance in generating high-quality output or
making accurate predictions. Other models such as CapsNet,
CNN, CGan, GAN - random split, VAE GAN, DeLiGAN, and
GAN achieved accuracies ranging from 81.6% to 92.6%.

Table 9 presents a Comparative analysis of Results for Brain
Tumor Classification along with standard benchmark models.
The proposed DenseUnetGAN model achieved the highest
accuracy at 95.3%, outperforming all other models. U-Net
followed with an accuracy of 92.1%. The DenseNet achieved
92.7%. The 3D U-Net model recorded an accuracy of 93.2%,
and ResNet achieved 91.2%. V-Net had an accuracy of 90.8%,
and SegNet showed the lowest accuracy at 88.9%. Thus, the
proposed model showed the best results in terms of accuracy.

To assess the performance robustness and variability of the
DenseUnetGAN model, statistical analysis was conducted on
the classification metrics across different tumor types. The
parameters used for the statistical analysis include mean,
standard deviation (SD), and 95% confidence intervals (CI).
The results are given in Table 10.

The DenseUnetGAN model shows high recall, accuracy,
and precision across all tumor types. The low standard
deviations across metrics highlight the model's stable and
reliable performance in tumor classification.



Table 9. Comparative results for brain tumor classification

Model Accuracy (%) Dice Similarity Coefficient (DSC) IoU Precision Recall F1-Score
DenseUnetGAN (Proposed) 953 0.88 0.82 0.91 0.88 0.89
U-Net 92.1 0.85 0.80 0.89 0.86 0.87
ResNet [33] 91.2 0.83 0.78 0.87 0.84 0.85
DenseNet [30] 92.7 0.86 0.81 0.90 0.87 0.88
V-Net [31] 90.8 0.80 0.75 0.85 0.82 0.83
3D U-Net [32] 932 0.87 0.81 0.89 0.87 0.88
SegNet [34] 88.9 0.77 0.72 0.83 0.79 0.81

Table 10. Statistical analysis of classification results for DenseUnetGAN

Metric Tumor Type Mean (%) SD (%) 95% CI Lower Bound (%) 95% CI Upper Bound (%)
Glioma 98.89 1.2 97.89 99.89
Recall Meningioma 94.44 1.4 93.04 95.84
Pituitary 88.77 1.8 86.97 90.57
Glioma 95.76 1.0 94.86 96.66
Accuracy Meningioma 98.49 0.9 97.74 99.24
Pituitary 98.90 0.8 98.10 99.70
Glioma 95.78 1.5 94.28 97.28
Precision Meningioma 91.37 1.6 89.77 92.97
Pituitary 97.80 0.7 97.05 98.55

5. CONCLUSION

This paper proposed a hybrid model for brain tumor
classification using DenseUnetGAN. By incorporating pre-
trained models in the generator and discriminator components,
aimed to overcome the limitations of limited data availability
in medical imaging datasets. The generator is performed by
modified U-Net architecture, while the DenseNet model is
utilized as the discriminator and classifier after modifying the
fully connected layers. Through extensive experimentation
and evaluation, the proposed approach is accurately
distinguishing between different tumor classes. The results
obtained from experiments highlight the potential of proposed
techniques in improving the identification of brain tumors.
One significant limitation of the proposed GAN-based
approach is its handling of class imbalance. The proposed
GAN-based approach may exacerbate class imbalance by
generating biased synthetic images that reflect the dominant
class distribution. Moreover, GAN training is computationally
expensive, requiring significant resources that may not be
available in all settings. Future work could focus on addressing
class imbalance by incorporating strategies such as adaptive
loss functions or using GAN-generated images for
oversampling underrepresented classes.
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