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Abstract— Early detection of brain tumours is really important since symptoms are often vague, which can delay diagnosis. 

MRI scans can be affected by patient movement, bodily changes, and the need for expert interpretation. Generative Adversarial 

Networks have become a powerful tool for improving the quality of medical images for brain cancer diagnosis and filling in 

missing data. So, in this work, we aim to improve the quality of MRI images of brain tumours using an advanced deep learning 

model based on GAN, specifically the Wasserstein GAN with Gradient Penalty (WGAN-GP) with a generator G and Dual 

Discriminator D (Dual D). This method is used to make grayscale images from the Br35H (2020) dataset, which includes 

medical brain tumour images, clearer and more accurate. We conducted many experiments with different network architectures 

and learning parameters in this research. Our results show an improvement in generated MRI Brain Tumor images with an 

accuracy of 99.634% and a PSNR of 42.42 dB. This research is important because it helps doctors and researchers get clearer 

images, making it easier to diagnose Brain Tumors accurately. It also helps improve medical treatment plans and outcomes 

since original images often have noise or distortions that can affect accuracy. 

Keywords—Deep Learning (DL); Generative Adversarial Network (GAN); Wasserstein GAN with Gradient Penalty 

(WGAN-GP) 

 

I. INTRODUCTION  
AI has become a promising field and offers potential solutions for creating and improving medical images. 
Brain tumours are a serious illness, and medical experts often face a big shortage of imaging data because 
of patient privacy concerns [1]. Brain tumour segmentation aims to tell the difference between healthy 
tissue and tumour-affected areas. This step is crucial for diagnosing brain tumours and planning treatment 
to boost the chances of successful therapy. MRI provides detailed insights that are key for accurate brain 
tumour diagnosis and can help replace manual detection that relies on medical professionals' expertise. 
Also, traditional methods for diagnosing brain tumours using MRI scans are expensive, need high doses of 
radiation, take a long time to gather data, and can be inconsistent. So, accurately spotting and detecting 
brain tumours is really important for early diagnosis and creating the right treatment plans for patients.  

 
Lately, Deep Neural Networks (DNNs) have shown great results in image processing, from high-level 

recognition and segmentation to low-level tasks like denoising, super-resolution, and reconstructing 
compressed images. Even with their progress, DNNs still have challenges, like improving performance and 
dealing with different levels of image damage. The field of medical image enhancement using DNNs has 
made big strides since the mid-2010s. Deep Conventional Neural Networks (CNN) were introduced in 
[2]..[7]. This uses autoencoders with symmetric skip connections to improve image restoration. It tackles 
detail loss by passing info from early layers to later ones in a balanced way, helping to better reconstruct 
medical images. Next came the stage of developing Generative Adversarial Network (GAN) Deep Learning 
(DL) methods.  

GAN methods can be used for image-to-image translation, turning low-resolution images into high-
resolution ones. For example, generating MRI images from CT scans can help create multimodal datasets 
from just one type. Research in Medical Image-to-Image Translation has advanced with models like 
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CycleGAN and Pix2Pix. This lets you convert an image from one medical imaging style to another while 
keeping all the details, helping to simulate or enhance medical images without needing perfectly matched 
datasets. While GANs can create large datasets, their limited diversity and quality have recently been 
boosted by denoising diffusion probabilistic models, which perform better in generating natural images. 

The progress of GAN and Wasserstein GAN with Gradient Penalty (WGAN-GP) in improving medical 
brain tumour images is discussed, including the technical developments and challenges tackled up to 2025. 
Wasserstein GAN (WGAN) was introduced by Arjovsky et al. [3], swapping the standard Jensen-Shannon 
divergence for the Wasserstein distance in its loss function, which helps stabilise training and reduces 
mode collapse. Still, WGAN struggled to stick to the Lipschitz constraint, which led to an improvement 
conducted by Ishaan Gulrajani [4], where WGAN-GP was suggested by adding a Gradient Penalty to better 
enforce the rule and make training more stable. This tweak opened the door for more uses, like improving 
medical images. 

Recent reviews by Showrov et al. [8] and Jabbar Hussain et al. [9] have summed up the big advances 
GANs have made in medical imaging, looking at challenges like keeping training stable, not having enough 
data, and needing to create high-quality images with accurate medical details. These studies highlighted 
the need to use other GAN methods like Attention, Multi-scale, and Perceptual Loss, and to combine 
generative models with other DL models to boost performance. In 2025, comparisons of different GANs 
setups for Brain MRI was conducted by Chethan et al. [10], pointing out the differences between attention-
based and traditional models. The strengths and weaknesses of each setup were covered in the same study, 
with tips on choosing the right model based on the medical application and the required accuracy and speed. 

The evolution from basic autoencoders to advanced GANs with multi-level attention, multi-scale 
perceptual loss, gradient penalty, semi-supervised generation, and diffusion techniques has really 
improved Brain Tumor image enhancement. These models also boost diagnostic accuracy, provide reliable 
training data, and improve the quality and precision of Brain Tumor images to help doctors with diagnosis 
and treatment. The main challenges are still GAN training stability, limited labelled data, and privacy 
concerns. So, we need smart generation and discrimination techniques to enhance performance while 
keeping models interpretable, efficient, and generalisable for Brain Tumor diagnosis. This is the main trend 
in research in this area.  

Therefore, our work is focused on improving the accuracy and quality of MRI Brain Tumor images using 
the DL Wasserstein GAN with Gradient Penalty model (WGAN-GP) with a Generator and Dual D. The 
grayscale Brain Tumor images were taken from the Br35H Dataset. The importance of our work is in 
helping medical professionals get clearer MRI images, which help in more accurately diagnosing brain 
tumours. The rest of this research is organised like this: Section II goes over the related studies; Section III 
talks about the different GAN approaches; Section IV explains the research method; Section V shows the 
experimental results and discussion; and finally, Section VI wraps up the work with ideas for future 
research. 
 

II. RELATED STUDIES 
Lots of practical guides for effectively training GAN and WGAN-GP have been put together by many 
researchers. This makes it easier for researchers to use these models and broaden their applications, 
especially in areas that need high quality like medicine. GAN multi-model for medical data was introduced 
in 2017 by Agisilaos Chartsias et al. [11] to boost diagnosis by combining info from different images like 
MRI and CT. This helps improve the accuracy of tumour detection and analysis.  Low-dose CT (LDCT) scans 
can lower the amount of radiation a patient gets. A Progressive Wasserstein GAN with a weighted 
structurally-sensitive hybrid loss function (PWGAN-WSHL) was suggested by Wang and Xueli Hu in 2021 
[12] to help remove noise from LDCT images and make CT denoising more effective. The hybrid loss 
function cut down on artifacts while keeping more detail in the denoised results. Following this, there’s 
been a fast push to develop and improve medical image generation models to enhance original MRI images 
[13]. In 2018, Shin et al. [13] conducted GANs for generating images and boosting data while keeping things 
private by removing personal info without messing with patient confidential. 

  In 2024, specific applications in the medical field started to appear, like Wasserstein GAN with Gradient 
Penalty (WGAN-GP) and nearest-neighbour interpolation used by Hector et al. [14] to create high-quality 
synthetic images for diabetic retinopathy classification. Meanwhile, in 2021, a Brain Tumour detection 
system was suggested by Anuja Arora et al. [15] for segmenting Gliomas in pre-operative MRI scans using 
a U-Net-based DL model. The first step is to transform the input image data, which then goes through 
various techniques like subset division, narrow object region, Brain category slicing, and feature scaling. 
These steps are done before feeding the data into the U-Net DL model. This model is used for pixel label 
segmentation on the tumour regions and experiments were based on the BraTS 2018 dataset. 
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Attention techniques have started making their way into medical GANs. In 2021, Krithika and Suganth 
[16] introduced different GAN setups for analysing medical images. In 2023, a multi-scale attention GAN 
(MAGAN) was suggested by Guojin Zhong et al. [17] to boost medical images from unpaired ones. This 
model was trained using the adversarial interaction of two generators and two discriminators. The idea is 
to combine multi-scale info when extracting features by building a feature pyramid and filtering out 
irrelevant stuff, highlighting important areas based on attention distribution, which helps imaging and 
improves the quality of enhanced images. In 2024, Qihong Yang et al. [18] suggested a multimodal Brain 
Tumor MR segmentation approach using domain adaptation. First, they used clustering methods in the pre-
training stage for each modality to pick target domain images that complement the source domain best, 
then generated pseudo labels. Second, they added feature adapters to improve feature alignment and made 
a network that responds to both source and target domain images to use the multimodal image info. 
Meanwhile, in 2023, Asiri et al. [19] used a GAN DL method where two NNs compete to get better at creating 
realistic MRI images. The GAN network mainly has two parts: the generator and the discriminator. The 
generator is a convolutional NN and the discriminator is a deconvolutional NN. They collected the Contrast-
Enhanced MRI (CE-MRI) dataset from 2005 to 2020 from various hospitals in China, which has four classes. 
Their results reached an accuracy of 96%. 

In recent years, quite a few studies [20], [21], [22], [23], [24] and [25] have come up that mix deep 
competitive networks (GAN) and U-Net models to boost accuracy in tumor segmentation. They focused on 
using Attention GANs and Self-Attention to balance accuracy and speed, leading to big improvements in 
generation and segmentation quality compared to the usual models. Also, in 2021, Qian Wang et al. [26], 
researchers suggested a GAN algorithm to get more image features by adding multi-level GAN convolutions. 
They did this by adding multiple residual blocks and global residuals to extract and learn features from noisy 
images to avoid losing image details. Their network used a weighted sum of feature loss and perceptual loss 
to keep detailed image information while removing noise. Their experiments showed that their algorithm 
can effectively remove image noise and make the images look better. Meanwhile, in 2025, Hugo et al. [27], 
researchers looked into how to fix overfitting by carefully testing different image data augmentation 
techniques. They added different image samples to make the dataset bigger and more diverse. They showed 
results checking how these techniques affect image classification and semantic segmentation. 

Interest in MR-only treatment planning using synthetic CTs (synCTs) has grown quickly in radiation 
therapy. One big challenge is figuring out techniques that work with medical images showing unusual 
anatomy. In 2020, a spatial attention-guided GAN model was suggested by Hajar [28] to create accurate 
synCTs from T1-weighted MRI images for typical anatomy. Tests on fifteen brain cancer patients showed 
that attention-GAN did better than current synCT models, with average MAEs of 85.223±12.08, 
232.41±60.86, and 246.38±42.67 Hounsfield units between synCT and CT-SIM across the whole head, bone, 
and air areas, respectively. 

The use of GANs has become more popular in LDCT denoising research recently because of their big 
performance benefits. Differences in LDCT images’ noise and artifact levels can make GANs less robust and 
effective at denoising. In 2024, Yanling et al. [29] suggested a scale-sensitive GAN to make GANs more robust 
in LDCT denoising. Their network has an error feedback pyramid generator, which boosts the network’s 
ability to spot noise and artifacts in LDCT images by doing feature extraction and noise reduction at different 
scales. They also added a multi-scale residual discriminator with better feature extraction to make it easier 
to tell real samples from artificial ones. Cross-modal generation has become an important way to tackle the 
problem of missing modalities in medical imaging.  

Current methods rely on CNNs or vision transformers (ViTs) and their variants as the main models. But 
this comes with issues like limited receptive fields and high computational costs. To deal with this, in 2025, 
Xinmiao and Yang [30] came up with a latent feature space-based multi-scale residual ViT generative 
adversarial model (LMRT-NET). Their model combines the ViTs global sensitivity with the CNNs local 
accuracy while cutting down on computational costs. The LMRT-NET generator was based on encoder-
decoder architecture. This is done to improve performance and reduce computational expenses by 
employing multi-scale dynamic aggregation residual ViT (DART) blocks in the latent feature space. Their 
module was consisted of two layers of residual convolutional blocks and transformer blocks of varying 
scales. The transformer blocks help the convolutional blocks capture contextual features and the lower-level 
blocks support higher-level blocks in learning high-dimensional global information. In 2025, Idriss et al. [31] 
proposed an automated classification model based on CNNs to improve diagnostic consistency and speed. 
They used a dataset of 3,060 MRI images, and their model employed the Grad-CAM technique to visualize 
key regions influencing its decisions. They conducted rigorous testing and evaluated performance using 
accuracy, precision and recall metrics. Their results demonstrated that the CNN-based model provides 
superior classification performance and increased transparency compared to conventional methods. 
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In 2023, Gustav et al. [32] came up with Medfusion: a conditional latent DDPM for medical image 
generation, and tested how it stacked up against GANs. Medfusion was trained and compared with StyleGAN-
3 using fundoscopy images from the AIROGS dataset, radiographs from the CheXpert dataset, and 
histopathology images from the CRCDX dataset. Based on earlier studies, Progressively Growing GAN 
(ProGAN) and Conditional GAN (cGAN) were used as extra benchmarks on the CheXpert and CRCDX 
datasets, respectively. Medfusion showed equal or better fidelity across all three datasets. Also, in 2023, 
Ashfak  et al. [33] created semi-supervised GAN models that let you use less labelled data while still nailing 
Brain Tumour classification, which helps tackle the lack of labelled data in the medical field.  

More advanced model called UTAD-Net was introduced in 2024 by Chuan et al. [34], which focused on 
unsupervised translation between different brain tumour imaging types and showed it could accurately 
identify and translate tumour areas. The model has two parts: a teacher network and a student network. The 
teacher network first learns an end-to-end mapping from the source to the target modality using unpaired 
images and their tumour masks. Then, the translation knowledge is passed on to the student network, 
allowing it to create more realistic tumour areas and complete images without needing masks. In 2024, Abid 
et al. [35] suggested a DL GAN approach that uses transfer learning and auto-encoder techniques to improve 
Brain Tumor segmentation. The GAN has a generator and a discriminator to get better quality segmentation 
results. They used down-sampling and up-sampling in the generator for Tumor segmentation. The encoder 
was designed to keep as much information as possible, and the decoder rebuilds the image from these 
encodings. Transfer learning was applied at the bottleneck with the DenseNet model. This method improved 
the accuracy of Brain Tumor segmentation, especially for small tumors. 

Hybrid structures like Hybrid Dual-GAN (Ultra-Resolution GAN) (WGAN-GP with Real-ESRGAN) have 
been proposed to create high-quality brain images, mixing the realistic generation skills of WGAN-GP with 
the detailed enhancement and accuracy from Real-ESRGAN. The main models in image generation right now, 
focusing on GANs and diffusion models, were covered in the work. It pointed out that GANs are great at 
quickly producing diverse and high-quality images but often run into problems like mode collapse and 
training instability. On the other hand, diffusion models are known for creating detailed images, though they 
need a lot of computing power, making them tricky if resources are limited. The study also talked about the 
current challenges these models face, like biases and inefficiencies, and suggested possible solutions and 
future research directions [36][37].  Finally, in 2026, M. Yaseen et al. [38], researchers ran a survey to look 
at the current state of diffusion models for medical image segmentation. They went through the theory, new 
methods, and ways to make computations more efficient. They checked out recent improvements in latent 
diffusion frameworks, architectures, and segmentation models, while also talking about the real-world 
challenges of using these models in clinics. Their review covers uses across different medical imaging types 
like MRI, ultrasound, and X-ray. They showed that diffusion models have made great strides in tackling core 
issues like limited data, differences between observers, and measuring uncertainty. 
 

III. WGAN-GP APPROACHES 

Traditional GAN has a generator and a discriminator that compete while the network is training. The 
generator tries to create data that looks like the real thing, while the discriminator tries to tell the difference 
between the real and generated data. Training can get tricky because of issues like vanishing gradients, 
instability, no guarantees for the loss function to converge, and mode collapse, where the generator just 
spits out the same patterns. To fix these problems, the network was turned into WGAN (Wasserstein GAN), 
which handles some of these issues using the Wasserstein Distance metric. Eq. (1) shows how to calculate 
the Earth-Mover (EM) distance or Wasserstein Distance. 

 

𝑊(𝑃𝑟 , 𝑃𝑔) = 𝑖𝑛𝑓𝛾 𝜖 𝐼𝐼( 𝑃𝑟,𝑃𝑔) 𝐸(𝑥,𝑦)~𝑦[‖𝑥 − 𝑦‖]                       (1) 

Where 𝛱 (Pr, Pg) represents the set of all joint distributions γ(x, y) whose marginal are Pr and Pg 
respectively.  
And γ(x, y) indicates how much “mass" must be transported from x to y, this is to transform from Pr to Pg 
distributions. The EM distance here represent the “cost" of the optimal transport plan [3]. 
Whereas, Eq. (2) represents the fact that W(Pr, P0) might have nicer properties when optimized than JS(Pr, 
P0). In addition, the infimum in Eq.1 is highly intractable. This is representing the Kantorovich-Rubinstein 
duality [3].   
𝑊(𝑃𝑟 , 𝑃𝜗) = 𝑠𝑢𝑝‖𝑓‖𝐿≤1  𝐸𝑥~𝑃𝑟  

[𝑓(𝑥)] −   𝐸𝑥~𝑃𝜗  
[𝑓(𝑥)]              (2) 

The supremum is over all the 1-Lipschitz functions f: X→R. And, if we replace  for  
(consider K-Lipschitz for some constant K), then we end up with K.W(Pr, Pg).  
WGAN tackles instability and mode collapse problems in regular GANs. The main difference is that WGAN 
uses Wasserstein distance (Earth Mover’s distance, EMD) for a smoother loss and better stability, while 
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GAN uses Jensen-Shannon (JS) divergence or Kullback-Leibler (KL) divergence. Also, WGAN uses a Critic 
instead of a typical Discriminator, and the Critic doesn’t label samples as real or fake with probability; it 
gives a numerical score showing how close the generated distribution is to the real one using the 
Wasserstein distance. This make training more stable and improves quality of the generated samples. 
The critic network D is used to estimate the function f, and the critic D has to be a Lipschitz-1 function, 
which limits how fast the gradients can change so they don’t go over 1; so the aim is Eq. (3). The WGAN 
value function is built using the Kantorovich-Rubinstein duality (Eq. (3)) [39]. 
𝑚𝑖𝑛𝐺  𝑚𝑎𝑥𝐷∈𝐷   𝐸𝑥~𝑃𝑟 

  [𝐷(𝑥)] − 𝐸𝑥~𝑃𝑔 
 [𝐷(𝑥̃)]                 (3) 

Where D is the set of 1-Lipschitz functions and Pg is once again the model distribution implicitly defined by 
˜x = G(z), z ~ p(z). Then under an optimal discriminator case (called a critic, since it’s not trained to classify), 
minimizing the value function with respect to the generator parameters minimizes W(Pr, Pg). 
 
A. Gradient Penalty (WGAN-GP Loss Equation) 

In 2017, Ishaan Gulrajani [4] proposed an alternative way to enforce the Lipschitz constraint. The 
differentiable function is 1-Lipschitz if and only if its gradients have norm at most 1 everywhere. Therefore, 
they considered directly limiting the norm of the gradient of the critic’s output with respect to its input. 
They applied simple version of the constraint by imposing a penalty on the gradient norm for random 
samples  to avoid tractability problems. This is to compute Eq. (4) [4].  

 
𝐿 = 𝐸𝑥~𝑃𝑔 

[𝐷(𝑥̃)] − 𝐸𝑥~𝑃𝑟 
[𝐷(𝑥)] + ƛ 𝐸𝑥~𝑃𝑥 ̃

[(‖𝛻𝑥𝐷(𝑥̃)‖2 − 1)2]      (4) 

Where x~Pr represent the real sample and  represent the generated sample. And ^x represent the 
random sample for straight line between x and ^x. As a Sampling Distribution, they implicitly define Pˆx by 
uniformly sampling points along straight lines connecting pairs of points drawn from the data distribution 
Pr and the generator distribution Pg. This is motivated by the fact that the optimal critic has straight lines 
with gradient norm 1 connecting paired points from Pr and Pg in Eq. (1). Since enforcing the unit gradient 
norm constraint everywhere is impractical, enforcing it only along these straight lines seems sufficient and 
has been shown experimentally to give good results. 
As a Penalty coefficient, all experiments in their work use ƛ = 10, which they found to work well across a 
variety of architectures and datasets ranging from toy tasks to large ImageNet CNNs [4]. The WGAN-GP 
network was seen as better because the Gradient Penalty gives a smoother limit on the critic's function 
instead of a strict weight limit. This helps make training more stable and improves the quality of the 
generated samples, which cuts down problems like vanishing gradients and mode collapse. The Generator's 
weights are updated to minimise LG as per Eq. (5) [4]. 

£𝐺   = −𝐸𝑔𝑥  [𝐷(𝑥𝑔)]                                            (5) 

 
B. Reconstruction Loss (L1 Loss) 
Reconstruction loss encourages the model to make images really similar in pixels to the original. This is 
measured between the high-resolution output and the real image. It's often used with medical images to 
keep their structure. The discriminator still does its normal job, but now the generator has to not only fool 
the discriminator but also stay close to the real output in L2 distance. We're also thinking about using L1 
distance instead of L2, Eq. (6), since L1 usually helps reduce blurriness [7]. 
£𝐿1(𝐺) =  𝐸𝑥,𝑦,𝑧 [‖𝑦 − 𝐺(𝑥, 𝑦)‖1]                           (6) 

 
C. Perceptual Loss (Multi-Scale)  
Perceptual Loss is also known as Perceptual Loss (Multi-Scale VGG19 Features) [40][41]. It's used to 
measure the difference in high-level features between the real and generated image using VGG19. It's also 
used to calculate a high-resolution 128x128 image using VGG19 locally to improve fine details in images as 
shown in Eq. (7). 
     £ 𝑝𝑒𝑟𝑐 = ∑  || (𝐺(𝑥))𝜑𝑙 − 𝜑𝑙(𝑦)𝐿€£  ||1             (7) 
 

Where φl represents a feature from layer l in VGG19 (conv1_2, conv2_2…). 
 
 

D. LPIPS Loss (Learned Perceptual Image Patch Similarity) 

The LPIPS Loss is an AI metric for checking image quality. It measures how similar images are from a 
human perspective. Lower values mean the generated image is closer in quality to the original. Values are 
usually near zero, so smaller numbers show the images look more alike to humans. A value of 0 means a 
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perfect match. Eq. (8) is used to measure similarity between images based on how humans perceive them 
and is often used as a metric rather than the main training loss [42]. 

£ LPIPS = LPIPS (G (x), y)                                       (8) 
 
 
E. Feature Matching Loss 
The Feature Matching Loss encourages the Generator to match the intermediate features of the 
distinguished examples rather than just fooling them. Equation 9 measures this as a distortion in the layers 
of the general and local distinguishable features, which helps speed up learning and improves the gradients 
for the Generator [43][44]. 

£𝐹𝑀 =  ∑ ||(𝐺(𝑥))𝐷(𝑖) − 𝐷(𝑖)(𝑦)||  1                     (9) 

Where D(i) is the output from layer i in the discriminator. 
 

 
F. Structural Consistency Loss (MSSSIM) 

It is used to maintain the structural framework between the generated and original image. Eq. (10) is 
calculated on the high-resolution image [45]. 
£struct  = 1 -  MSSSIM (G(x), y)                                   (10) 
 
 
G. Total Generator Loss (our Proposed) 
We conducted a set of loss functions as shown in Eq. (11) to be used in our proposed WGAN-GP approach. 
£total = ƛ1. £WGAN+ ƛ2. £perc+ ƛ3. £L1+ƛ4. £FM+ ƛ5. £struct   (11) 
 

IV. RESEARCH METHODOLOGY 

This section gives more details about the main steps of our suggested improved WGAN-GP approach for 
enhancing MRI brain images to help detect brain tumors.  

 
 A. Data Preparation and Pre-processing 
The input image samples for the proposed model are Grayscale Brain Tumor images from the Br35H 
Dataset [46]. The Br35H Dataset has 4 types of Brain images (“Yes”, “No”, “Pred”, and “Br35H-Mask-RCNN”) 
stored in 4 folders. The “Yes” folder has MRI Brain images with Tumor infection and is often used to classify 
or detect Tumors. These are in the "Positive" class and we used them as a training set to train a GAN model 
to generate pathological images. The “No” folder has MRI images of a normal Brain without a Tumor 
("Negative Class") and can be used for GAN training if we want to create images of a healthy Brain.  

The “Pred” or Prediction class (Predicted Masks) usually contains images generated by a previously trained 
model, like processed images or ones with Tumors identified (segmented). These aren’t typically used for 
direct training, but for evaluating results. We chose to use 1500 image samples from the “Yes” folder in the 
Br35H Dataset, using 80% for training and 20% for testing to make sure the images are randomly 
distributed. The image size was changed to 128×128 pixels to balance detail and accuracy, while being good 
for memory and processing time, which works well with convolution layers. We did a few transformations 
to get the images ready for training, including:  

• Normalizing: this is key in GAN networks, changing image values from [0-255] to [0-1] for the network. 
The image values should be within [-1,1]. 

• Data Augmentation was used to boost data variety, help the model generalize better, and cut down 
overfitting. We used several data augmentation methods to make the model more robust and reduce 
overfitting, like random rotation, flipping, intensity scaling, and adding noise. The DataLoader handled 
batches of data during training. All these data changes create a realistic simulation of brain images and 
make the model's training more stable. Table I shows the different data augmentation techniques. 

 
TABLE I DIFFERENT TECHNIQUES OF DATA AUGMENTATION 

 
Data Augmentation Description 
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Rando Rotation Simulating different angles from ±15°  to ±30 ° 
Flipping Random Horizontal and Vertical Flipping. Compensating for different brain 

states 
Intensity Scaling Adjusting the brightness. Simulating different camera devices. Changing the 

contrast and brightness. 
Gaussian Noise  

Injection 
Add noise to strengthen the model against interference. 

Elastic Deformation ElasticGrid: Flexible distortion through simulating tissue transformations of 
Tumor. 

Crop & Resize Improving the positioning of model. Crop the image center, then resize. 
 
B. GAN Network Architecture 
The proposed model has two parts: a Generator (G) and a Dual-Discriminator. The Generator Network uses 
an Attention U-Net with Residual and Self-Attention Blocks. The Attention U-Net architecture includes a 
Residual Block, Self-Attention, and Multi-Scale Output. Fig.1 shows the overall setup of the proposed 
method. 
1) The Generator (G)  
The Generator is used to make high-resolution images with good structure and fine details. Its 
architecture is based on a modified U-Net. 

 
Fig. 1 General architecture of the proposed approach for improving Brain images to detect Brain Tumors. 
 
a) The Encoder 
The encoder has a bunch of convolutional layers (Conv) with down sampling (MaxPooling), and it 
includes Residual Blocks (ResNet) to boost deep learning (deepen representation power) and stop 
gradient vanishing. 
 
b) Self-Attention layers  
Self-Attention layers are built into the Encoder and Decoder to capture long-range spatial dependencies. It 
helps the model focus on important areas like the tumour. Self-Attention lets the model concentrate on key 
regions in the image across all locations (global dependencies) and strengthens connections between 
distant regions Tumor boundaries). The Decoder: UpSampling. Self-Attention includes: 
• Attention Gates smartly pick info from the encoder and only use the useful stuff. In U-Net, they stop 

unnecessary info from getting through from the Encoder and send the important features to the Decoder. 
They sit just before merging the upstream and downstream layers (Skip Connections). 

• Residual connections and self-attention to make the output better. The self-attention is used in two spots 
in the generator: in the middle of the encoder after the second layer, and in the decoder before the last 
layer. 

c) Skip Connections 
Skip Connections pass spatial features between levels. Each level in the Encoder is connected to its match 
in the Decoder. They also keep the spatial details of the image. Here's what the layers do: The Decoder uses 
UpSampling, Convolution, and Attention to rebuild the output. 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml                      International Journal of Artificial Intelligence and Machine Learning 
 

Vol.6, No.3, 2026                                                                                                                                                                            520 
 

 
d) The Decoder architecture 
The Decoder includes: Enhanced Attention U-Net with Residual Blocks; and Multi-Scale Outputs. It takes a 
128×128 image and outputs two images. 
• High-resolution output (fake_high): The 128×128  (the main one). 
      fake_high = Conv(64→3, kernel=3, padding=1) →  Tanh(): 128×128×3 

• Auxiliary low-resolution output (fake_low): An 64x64 auxiliary version used to calculate the loss 
at a smaller scale.        

   fake_low = (fake_high, size=64×64): 64×64×3 

The decoder input is a noisy or low-quality brain image while the decoder output is a perceptually 
improved medical image. ResBlock is used in both the Encoder and Decoder. Each ResBlock includes: 
Input→Conv→BN→ReLU→Conv→BN→Add(input)→ReLU 
This let info flow straight from previous layers, makes training more stable, and help pick up deep features. 
 

2) Dual-Discriminator (Local and Global) 
Dual-Discriminator uses PatchGAN with Self-Attention to tell real images from fake ones and ensures the 
images it generates are good. Images are evaluated using local classification maps with both local and global 
accuracy. A 64×64 crop from the centre is used to check fine details like tumour texture, edges, or tissue 
boundaries, providing tissue details (Local D). There are two types of Dual-Discriminator, Global and Local, 
and both use PatchGAN with Self-Attention. Using BatchNorm and LeakyReLU helps speed up and deepen 
learning. Fig.2 shows the main steps for the Generator and the Dual Global and Local Discriminator in this 
approach. 
 
a) Global Discriminator (D) 

The Global Discriminator takes a 28×128 image and checks it based on its overall structure. It uses: 
• PatchGAN: Labels each patch as real or fake.  
• Self-Attention: Makes sure the model focuses on tumour structure or brain symmetry.  
• Conv layers + LeakyReLU + InstanceNorm: outputs a probability matrix for each patch.  
Global D: H=W=128 → PatchMap = 16×16  
Local   D: H=W=64 → PatchMap = 7×7 
 
b) Local Discriminator (D_local) 
The Local Discriminator checks out the center 64×64 patch (local structure). It does this by putting a center 
crop into the 64x64 image and looking at the local parts. It judges how real the image patches look instead 
of the whole image. This helps focus on the important details. Plus, it’s designed the same as D, just smaller. 
 
c) Self-Attention layers in Discriminator 
Self-Attention layers in the Discriminator help it learn overall consistency and structure. They give patch-
by-patch probabilities showing if something is real or generated. Usually used after the second or third 
layer, they focus on small local details. This is handy for checking structural relationships and makes D and 
D_local better at noticing complex geometric details in the image. 
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Fig. 2 Generator, Dual Global and Local Discriminator 

 
3) Loss Functions  
We tried out different loss functions in our suggested WGAN-GP approach. Table II shows the usual 
values of the parameters for the functions we used. 
• Wasserstein Loss with Gradient Penalty (WGAN-GP) for both discriminators to make training more 

stable (2-Discriminator Loss, 1-Generator Loss). 
• Multi-Scale Perceptual Loss using VGG19 features from different layers. 
• Reconstruction Loss (L1). 
• Feature Matching Loss (using intermediate features of D and D_local). 
• LPIPS Loss: optional perceptual distance for fine textures. 
• Structural Consistency Loss: via MSSSIM between generated and real images. 

 
C)Training Procedure Details 

This section lays out all the key stuff needed to make sure the improved WGAN-GP model trains stably, 
efficiently, and with high quality for enhancing MRI Brain Tumor images.  
• Batch Size: A small, fixed batch size is used for training to make the most of memory and keep 

adversarial training steady. Usually, smaller batch sizes are more stable for WGAN-GPU and allow more 
frequent updates. 

• Single D: Batch size depends on memory limits. 

• Dual D: Batch size can be 4, 8, or 16 on the GPU.  Number of Epochs: The model is trained across 
multiple Epochs (many options available). 

• Number of Epochs: The model is trained over several Epochs with various options. 

• Discriminator Update Frequency: In line with WGAN-GP recommendations, the Discriminator (Critic) 
is updated more frequently than the Generator (approximal 5 times). This allows the Discriminator to 
provide more stable gradients before the Generator is updated. 

• Optimizers: Both Generator and Discriminator are trained using the Adam optimizer with WGAN-GP-
specific parameters: Discriminator: Updated 5 times per generator step; Optimizer: Adam with 
β1=0.5, β2=0.999, LR=0.0002; and Learning Rate: Initially 0.0002, reduced using CosineAnnealingLR 
scheduler. 
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• Learning Rate Scheduler: To gradually reduce the learning rate and to stabilize long training and avoid 
overshooting.  CosineAnnealingLR is used: Scheduler = 100.  It reduces the learning rate over time in a 
cosine pattern to allow smooth convergence. 

• Stability Enhancements : Label Smoothing is used for training stability. Rather than using labels of 1.0 
for real images, a smoothed value is used: Real Label= 0.9. This helps prevent the Discriminator from 
becoming too confident. Real image labels are set to 0.9 instead of 1.0 to reduce overfitting. Label Noise: 
Also used for training stability in some cases, randomly flipping a small percentage of labels is used to 
inject noise and improve generalization. 

• Data Augmentation: many augmentation techniques were applied to increase robustness and 
prevent overfitting: Random rotations (±15–30°); Horizontal and vertical flips; Random 
brightness/contrast changes; Elastic deformation; Cropping and resizing; and Gaussian noise 
injection. 

• Evaluation Metrics: Performance is measured every 10 epochs using: PSNR (Peak Signal-to-Noise 
Ratio) [47]; LPIPS (Learned Perceptual Image Patch Similarity); FID (Frechet Inception Distance) [48]; 
and SSIM (Structural Similarity Index) [49]. 

• Output Image Saving: generated images per epoch are saved for qualitative assessment. 

• Best Model Saving: The Generator is monitored and saved based on PSNR performance: 

• Update weight: Update Dual D for reduced DL; and update G for reduced GL.  
 

TABLE II    TYPICAL VALUES OF THE USED FUNCTIONS PARAMETERS 
Parameters Typical value 
Wasserstein 1.0 
Gradient Penalty Loos to control training stability of WGAN-GP  10 
L1 (Reconstruction Loss) 1 
Perceptual Loss (Lperc) that depend on quality of the images required. 0.1 – 1 
Feature Matching Loos (LFM) 10 
Structural Loos (Lstruct) 1.0 
Image size (real image of the human Brain) and it is depended on image 
size. 

128 x128  

Number of layers of VGG19 used. This is used to extract multi-level 
features. 

conv1_2, conv2_2, conv3_4  

Learning. Common settings for training a GAN Adam Optimizer,  lr = 1e-4 
Batch size 4, 8,16 
Epoch Manu option 
Execution environment GPU 
No. of Layers(G) 200 
No. of Layers(D) D=100.D Local=100 

 
V. RESULTS AND DISCUSSION 

Many experiments were conducted in this research. All of them were run on a PC with an Intel(R) Core 
(TM) i5-10210U CPU, 64 GB of RAM, and 10 GB NVIDIA RTX 3080 graphics card. The model was built using 
Python 3.313 and PyTorch version 2.1.0, with CUDA 11.8 for GPU-accelerated training. Training was done 
locally using custom setup that included all needed dependencies and files. Different metrics were used to 
check this model (FID, SSIM, LPIPS, and PSNR). The FID (Frechet Inception Distance) is a solid metric for 
checking the quality of medical images made by GAN models compared to real ones, as shown in Eq. (12).  
 
It looks at how much the statistical distribution of generated image features matches that of real image 
features. It checks similarity just at pixel level [48]. Steps to get FID: 
•  Feature extraction: Get features from real and generated images. 
• Distribution calculation: Work out the mean and covariance of the image features.  
• Distance measurement: FID work out distance between two feature distributions using Frechet 

distance. 
To check the results, if the values are under 50, they’re seen as very good in some cases. But for some, values 
under 10 are considered excellent. When the value gets close to 0, the generated images are seen as very 
realistic. On the other hand, if the value is high, it means the generated images are quite different from real 
ones and their quality is poor [48]. 
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𝐹𝐼𝐷 = ‖𝑚 − 𝑚𝑤‖2
2 +  𝑇𝑟   (𝐶 + 𝐶𝑤 − 2(𝐶𝐶𝑤)1 2⁄ )              (12) 

The SSIM (Structural Similarity Index) analysis is important because it measures quality from a perceptual 
perspective. When SSIM value close to 1, this is indicating strong structural similarity between the original 
and generated images. If the SSIM is steadily increasing, reaching values of 0.90 or higher, for example, it 
indicates excellent performance.  
This metric compares images based on structure and composition, not just the numerical value of pixels. It 
focuses on the similarity of shapes and details in images. Its value ranged from 0 to 1.  
A value of 1 indicates a perfect match between the two images. The closer the value is to 1, the higher the 
structural similarity—that is, the generated images resemble the originals in terms of detail and [49].  
Many experiment results were tested on the proposed WGAN-GP model using various optimisations in a 
GPU environment and compared with each other. It's also known that the original WGAN-GP network uses 
UNET, which is common in medical image processing, especially for optimization and segmentation. It has 
an encoder and a decoder path, with skip connections between matching layers, helping preserve fine 
details when reconstructing the image. During the experiments, UNet was swapped with Attention U-Net, 
which focuses on the most important parts of the image rather than processing all the information, reducing 
noise. 
Attention units are used in skip connections to filter out important information. They also boost 
performance by capturing fine details, especially in tricky or complex areas, which are key for spotting 
tumor structures. The model development process began to enhance medical images of brain tumor areas 
using the WGAN-GP approach. This is done with a network that has one generator and one discriminator, 
using between 30 and 300 images and choosing the number of iterations between 100 and 300. 
We ran experiments with several models (M1 to M10) using a batch size of 8, and the M9 model came out as 
the best with an average PSNR of 27.95 and SSIM of 0.5624. This shows that this model can restore images 
fairly well, but the visual quality is still limited. The images also have some noise and lose fine structural 
details, as seen in Fig.3 and Fig.4 for model M8 and Fig.5 and Fig.6 for model M9. 

 
Fig. 3 Loss Curves for Model (M8) of WGAN-GP training 
 

 
Fig. 4 Quality Metrics for Model (M8) of WGAN-GP training 
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Fig. 5 Loss Curves for Model (M9) of WGAN-GP training 

 

 
Fig. 6 Quality metrics for Model (M9) of WGAN-GP training 

 
During this process, we noticed some issues, like oscillations in the training curves, poor edge quality, and 
fine details of the tumor region in the generated images, plus instability in the model's output. These 
problems were down to the network architecture, not enough used losses, and relying on just one 
discriminator for global image evaluation. So, we changed the network architecture to make it better and 
show its effect on image enhancement. We did this by swapping the generator with a Self-Attention U-Net 
Network. Then we added Attention Gates layers with Residual Blocks in the U-Net structure. This led to a big 
improvement in the structural details of the tumour regions, with the PSNR going up to 36.76 dB and the 
SSIM up to 0.9716. On the other hand, adding self-attention to the generator and discriminator helped the 
model get spatial relationships better. This makes the improved images look more visually coherent, as 
shown in Fig.7 and Fig.8 for the M10 model. 
To make the generated images better and more accurate, a Global Dual Discriminator was used to look at 
the whole image, while a Local Dual Discriminator focused on the centre of the image (64×64), with a batch 
size of 4 and the same CPU setup. This helped boost detail resolution in sensitive parts of the brain, giving a 
big jump in image accuracy. Using Multi-Scale Generator Outputs helped the generator create both a high-
resolution image (128×128) and a low-resolution one (64×64). This helps with Multi-Layer Learning and 
keeps an eye on image quality at different levels and details. This approach balanced losses across multiple 
scales, reaching a PSNR of 42.22, as shown in Fig.9 and Fig.10 for the M11 model. Table III shows the 
experimental results of WGAN-GP models for enhancing tumour images. We also used advanced and 
multiple losses in the multi-level model to boost the quality of the generated image: multi-scale perceptual 
loss using VGG19 (from multiple layers); feature matching loss using feature layers; and structural 
consistency loss using MSSSIM. 
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Fig. 7 Loss Curves for Model (M10) of WGAN-GP training 
 
 

 
Fig. 8 Quality metrics for Model (M10) of WGAN-GP training 
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Fig.9 Loss Curves for Model (M11) of WGAN-GP training 
 

 
Fig. 10 Quality metrics for Model (M11) of WGAN-GP training 

 
TABLE III RESULTS OF WGAN-GP MODELS FOR IMAGE ENHANCEMENT 

Mode
l 

No. of 
image
s 

Epoc
h 

Type 
D 

Batch
-size 

G-
Loos 

D-
Loos 

PSNR SSIM FID LPIPS 

M1 30 100 Single 
 D 

8 0.534 0.502
3 

18.810
5 

0.612
1 

55.21 0.08543 

M2 30 200 = 8 0.541
6 

0.518
2 

18.123
1 

0.512
2 

53,66 0.08765 

M3 30 300 = 8 0.641
9 

0.604
3 

17.701
8 

0.641
9 

56.54 0.12986
1 

M4 100 100 = 8 0.618
2 

0.520
8 

19.234
1 

0.613
2 

51.91 0.09275
4 

M5 200 100 = 8 0.698
2 

0.654
1 

20.127
6 

0.687
1 

52.43 0.07437
6 

M6 200 200 = 8 0.401
2 

0.126
1 

23.287
1 

0.698
7 

50.98 0.04321
5 

M7 300 300 = 8 0.432
5 

0.124
5 

23.874
1 

0.673
1 

50.65 0.30543
2 

M8 100 300 = 8 1.423
2 

0.000
6 

27.14 0.718
7 

33.32 0.02543
5 

M9 300 300 = 8 0.052
8 

0.021
2 

27.95 0.562
4 

20.99 0.01087
3 

M10 300 300 = 8 0.513
7 

0.038
2 

36.76 0.971
6 

13.42 0.00908
8 

M11 300 300 Dual
D 

4 0.432
1 

0.001
6 

42.22 0.925
5 

9.2 0.00703
2 

M12 300 300 = 8 0.431
5 

0,002
3 

42.54 0.921
3 

9.0102 0.00732
1 

M13 1000 300 = 16 0.543
2 

0.002
7 

42.42 0.946
3 

9.0.10
1 

0.00632
6 

 
On the other hand, the traditional GAN network works by making the generator trick the discriminator into 
producing images that look real. But the nice thing about using a feature matching loss is that it gives the 
generator an extra guide, helping it match the deep feature representations from the discriminator with 
real and generated images. Inside the discriminator, there are several layers that create feature maps 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml                      International Journal of Artificial Intelligence and Machine Learning 
 

Vol.6, No.3, 2026                                                                                                                                                                            527 
 

showing different aspects of the image (like edges, shapes, textures, complex structures, fine details), which 
the discriminator picks up when checking out the real image. 
The generator tries to make images so that their feature maps look like the feature maps of real images at 
different levels in the discriminator. This has led to a bunch of improvements in model M11.  
• Better training stability: it helped the generator learn image features so they look 'real',  
• Finer details: the generated images not only copied the outer look but also the inner structural features 
in the discriminator,  
• Less Mode Collapse: the generator used to make very similar images, but Feature Matching Loss 
encouraged more variety and realism, making unnatural images less likely. 
 

When all these improvements were combined in the M11 model, the training began with relatively high 
PSNR values from the first iterations, reaching a PSNR value of 34 at the beginning of training, that is, in the 
first 50 epochs. It continued to improve steadily until the PSNR values reached 42.22 and SSIM = 0.9952, 
which are results that clearly outperformed all previous versions of the proposed models.  

On the other hand, when developing the models M1 to M10 using one feature with a batch size of 8 to 
feed images for training, in the case of model M10 and a training sample size of 300 images, this would pass 
37 images per batch. This led to a steady improvement in the PSNR value and made training with the 
WGAN-GP model more stable. Since the WGAN-GP algorithm relies on computing the GP, which involves 
calculations for every batch, a small batch size strikes a good balance between training stability and speed. 
But when we tried using 16 and 32 for the Batch Size, it caused gradient instability during training, so it's 
better to keep the size small. On the other hand, a Batch Size of 8 improved generalization by updating the 
weights more often and in a more varied way, helping the model generalize better as it learned from 
different images in each batch. “Fig.11” shows the M10 model with a Batch Size of 8 for the epochs (300, 
290, 170, 150, 110, 80), with gradual improvement from the start of training on a GPU. 

 
Fig.11 The M10 model with a Batch Size=8 for the epochs (300, 290, 170, 150, 110, 80) 
 
However, when making improvements, we developed model M11 and ramped up computations by using 
dual discriminators: a global one to check entire images at 128×128 resolution and a local one to check 
focused areas at 64×64 resolution. This made each training iteration a lot more demanding 
computationally. So, the batch size was cut down to 4, which improved memory use since adding more 
discriminators means each image is checked twice, doubling computations and upping memory use, 
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especially with extra losses like LPIPS, Perceptual Loss and structural consistency loss. This made training 
better and more stable. Also, smaller batch sizes help make gradient updates for weights smoother, 
lowering the chance of value spikes or crashes from differences in evaluation by the two discriminators. 
On the other hand, this hit a good balance between quality and resources. Even though the batch size was 
reduced, performance didn’t take a hit; in fact, the experiments showed a big boost in metrics like PSNR, 
which went over 40, showing that this change really helped improve the model’s results. So, dropping the 
batch size to 4 after adding the double discriminators was a smart move that balanced training stability, 
quality, computational efficiency, and image accuracy. Fig.12 shows model M11 with a batch size of 4 for 
Epochs=(300, 290, 170, 150, 110, 80) with high PSNR and big improvements from the start of training on 
a GPU. There was also a clear visual and perceptual upgrade when checking FID. 

 
Fig. 12 The M11 model with a Batch Size of 4 for the iterations Epoch=(300,290,170,150,110,80) 
 
When using a batch size of 8 for the M10 model and picking 480 real images and 480 generated images 
from all iterations, this sample was taken randomly every 10 epochs. Using such a large number of images 
in the calculation shows that the result is more stable and accurate, reaching FID=13.42. Also, it shows the 
model's quality across a wide dataset, with the generated images looking very close to the real ones in 
terms of details and variety. There might be tiny differences that could be improved, but they don't really 
affect the overall look. Still, these details were better in the M11 model for the same samples. The FID value 
hit 9.2, showing that the generated images are really high quality and match the original images closely. 
This shows the model is strong and does a great job at making realistic images, and it can even be used to 
generate images for diagnosing brain tumors in medical applications. 
To check out the M11 model, it was retrained using the same settings as the M12 and M13 models, with 
batch sizes of 8 and 16. Changing the batch size sped up operations in the WGAN-GP model and made it 
possible to use features that need heavy computation like Attention Blocks, Perceptual Loss with VGG19, 
and Dual Discriminator. This didn’t really mess with training results or image accuracy. Basically, training 
was super quick, especially when increasing the training samples from 300 to 1000 images for the same 
M13 model parameters. “Fig.13” shows the M12 model with a batch size of 8 for epochs (300, 290, 270, 
200, 150, 110) with a high PSNR value and big improvement from the start of training on a GPU. 
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Fig.13 Results of M12 model with a Batch Size of 8 for epochs (300, 290, 270, 200, 150, 110) 

 

To check the results, we tested models M11, M12 and M13 using 100 images that weren't part of the 
training. They all gave great results, but it's safe to say that model M13 is the best for quickly generating 
real images with a GPU and BatchSize=16, as shown in Fig.14. This helps speed up diagnosis and treatment 
since speed is key for this type of disease, with a high PSNR and low SSIM shown in Fig.15 for all 100 test 
images. 

 
Fig. 14 Testing Images Samples from Model (M13) with a Batch Size of 16 
 

 
Fig.15 PSNR and SSIM for 100 Testing Images Samples 
 
The SSIM values range from 0 to 1, which means SSIM keeps increasing with training. This shows that the 
model is getting better at the details and shapes of images, getting closer to the quality of real images 
visually. At the same time, the LPIPS values decrease as training goes on, meaning the model generates 
images that look more like what a human would see in a real image. Fig.15 shows the SSIM and LPIPS values 
over the epochs. Fig.16 shows two test image samples individually to clarify model M13. Also, “Fig.17” 
shows three test image samples individually for model M13. And “Fig.18” shows three test image samples 
individually for model M13. 
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As a result, we can say that our suggested Wasserstein GAN with Gradient Penalty approach can be used to 
achieve high-strength MRI enhancement for early Brain Tumor diagnosis. Table IV shows the model type, 
main specifications, used data base, strengths and limitations related to different related studies and our 
suggested approach. 
 

 
Fig.16 Values of SSIM and LPIPS over the Epochs. 
 

 
Fig.17 Two Testing Image Samples of are individual for clarification of Model (M13). 
 

 
Fig.18 Three Testing Image Samples of are individual for clarification of Model (M13). 
 
TABLE IV  DIFFERENCES BETWEEN REFERENCES  AND OUR APPROACH 

Refere
nce 

Model 
Type 

Main Idea Used 
Database  

Results Limitations Used 
Attentio
n 

[11]  

CycleGA
N 
(unpaire
d image-
to-image 
translati
on). 

Synthesize 
one modality 
(MR) from 
another (CT) 
using 
unpaired data 
to expand 
training sets 
for 

Cardiac MR 
and CT images 
from different 
patients 
(unpaired). 

-15% 
accuracy 
improvement 
in 
segmentation 
when training 
with real and 
synthetic 
data. 

-They cannot 
directly 
evaluate 
synthetic 
images due to 
lack of ground 
truth. 
-Limited to 
cardiac 
datasets. 

Not 
used 
Attentio
n 
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Refere
nce 

Model 
Type 

Main Idea Used 
Database  

Results Limitations Used 
Attentio
n 

segmentation 
tasks. 

-Synthetic 
images alone 
achieve 
accuracy with 
95% of real 
data model 
performance.  

-Require post-
processing for 
segmentation 
refinement. 
 

[13]  

GAN for 
image 
synthesi
s (MRI 
brain 
tumors). 

Generate 
synthetic MRI 
images for 
data 
augmentation 
and 
anonymizatio
n to overcome 
class 
imbalance. 

BRATS 
(2015) and   
ADNI 
Two public 
brain MRI 
datasets. 

-Improve 
tumour 
segmentation 
performance 
using 
synthetic 
images. 
-Synthetic 
data can 
replace real 
data with 
minimal loss 
in accuracy.  
-
Accuracy=96
%. 

• -Synthetic 
image realism 
may vary. 
-Limited 
testing on 
other imaging 
modalities.  
-Potential 
domain gap 
between real 
and synthetic 
data. 
 

Not 
used 
Attentio
n 

[19] 

GAN Create 
artificial 
realistic data 
for MRI brain 
tumor  

images. Data 
Augmentation
. 

Contrast-
Enhanced MRI 
(CE-MRI),  
Four classes 
collected from 
Chinese 
hospitals 
(2005-2020). 

-The model 
achieved 
accuracy that 
surpasses 
previous 
methods in 
generating 
improved 
brain tumour 
images. 

-They didn’t 
assess image 
quality using 
metrics (SSIM, 
FID, PSNR). 
-They didn’t 
test the impact 
of generated 
images on 
classification or 
segmentation. 
 

Not 
used 
Attentio
n 

[20] 

Improve
d  
2D U-
Net 
(CNN) 

Improving 
brain tumor 
segmentation 
using 2D U-
Net with 
removal of 
irrelevant 
background to 
reduce 
execution 
time. 

BraTS 2017, 
BraTS 2018, 
BraTS 2019, 
BraTS 2020. 

-Good 
segmenting 
brain tumors 
from MRI 
images.  
-Remove 
irrelevant 
background 
to reduce 
computation 
time, and 
improve 
extraction of 
different 
tumour areas. 
-Good 
accuracy. 
 

-They focused 
on 2D images 
and didn’t take 
advantage of 
the 3D spatial 
relationships 
between slices. 

Not 
used 
Attentio
n  

[21] 
Dual 
CNN  

Classifying 
three types of 
brain tumors 

Dataset of 
3064 images 
with three 

-The model 
achieved 
accuracy 

-The model is 
limited to 
classification 

Not 
used 
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Refere
nce 

Model 
Type 

Main Idea Used 
Database  

Results Limitations Used 
Attentio
n 

(VGG-16 
and 
Custom 
CNN). 

using a DCTN 
model based 
on merging 
VGG-16 with a 
customized 
CNN. 

types of brain 
tumors 
(Glioma, 
meningioma, 
and pituitary). 

during 
training and 
testing after 
about 22 
experiments 
using 
different 
architectures. 

with no 
comprehensive 
evaluation 
metrics and no 
checking 
against 
external 
databases. 
 

Attentio
n 

[24]  

Cascade 
CNN  
(C-CNN) 
with 
Distance
-Wise 
Attentio
n. 

Segment brain 
tumors from 
multi-model 
MRI efficiently 
using 
attention 
mechanism 
focusing on 
tumor 
regions. 

BRATS (2018)  
multi-model 
MRI dataset 
(T1, T1c, T2, 
FLAIR). 

-Dice scores, 
whole 
Tumour = 
0.9203. 
- Enhance 
Tumour 
(0.9113). 
-Tumour Core 
(0.8726). 
-
Accuracy=98
%. 
 

-The model 
requires multi-
model MRI 
input. 
-Limited to 
BRATS 2018 
dataset. 
-Performance 
depends on 
preprocessing 
accuracy. 
 

Distance
-Wise 
Attentio
n (DWA) 

[30] 

Hybrid 
GAN 
(CNN + 
Vision 
Transfor
mer) 

LMRT-NET 
model to 
generate 
multi-modal 
medical 
images using 
latent feature 
space with 
multi-scale 
transformers 
and multi-
level 
information 
fusion. 

Spinal 
Disease,  
BraTS2020 
(Multi-
Contrast 
Brain Tumor 
MRI Dataset), 
Multi-Model 
Pelvic MRI-CT 
Dataset 
(MalePelvis). 

-The model 
achieved 
higher quality 
in image 
generation 
and better 
generalization 
compared to 
the latest 
methods. 
-PSNR=30.62. 
-SSIM=0.634. 

-The model 
needs multi-
model data. 
-The structure 
is complex and 
relies on ViTs, 
which 
increases 
training 
requirements. 

Multi-
scale 
Residual 
Vision 
Transfor
mer – 
DART 
Blocks 

[31] 

CNN Developing an 
automated 
framework to 
classify brain 
tumors from 
MRI images 
using CNN 
with decision 
interpretation 
through Grad-
CAM. 

3060 MRI 
Brain Images. 

-The model 
achieved 
better 
accuracy and 
classification 
with 
increased 
transparency 
using Grad-
CAM 
compared to 
traditional 
methods. 

-The model 
relies on a 
single database 
and it is limited 
to classification 
without 
generation or 
segmentation. 

Not 
used 
Attentio
n. 
 
Grad-
CAM is 
used for 
interpre
tation, 
not 
Attentio
n inside 
the 
model. 

[34] 

GAN and 
Teacher
–
Student 
Network 

Unsupervised 
translation of 
multimodal 
brain image 
focusing on 

BRATS 2020 
dataset 
of brain 
tumor images 
of four 

-Improve 
quality of 
generated 
images, 

-The model 
relies on 
tumour masks 
during network 
training. 

Not 
used 
Attentio
n. 
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Refere
nce 

Model 
Type 

Main Idea Used 
Database  

Results Limitations Used 
Attentio
n 

tumor areas 
using 
knowledge 
distillation. 

modalities: 
Flair, T1, T1ce 
and T2 
Unpaired 
Multi-modal 
MRI. 

-Get 
competitive 
results.  
-Enhance 
segmentation 
performance. 

-The training is 
more 
complicated 
because there 
are two 
networks. 

Tumor-
aware 
mechani
sm and 
not 
Attentio
n 
Module 

[35] 

GAN, 
Autoenc
oder, 
Transfer 
Learnin
g 
(DenseN
et) 

Improving 
brain tumor 
segmentation 
using GAN 
with 
Autoencoder 
and DenseNet. 

BraTS 2021 
for MRI brain 
Tumor image 
(1251 MR 
images). 

-Improve 
tumour 
segmentation 
accuracy 
compared to 
traditional 
CNN-based 
methods. 

-Instability of 
GAN training. 
-The model 
needs large 
amount of data. 
-The model 
affected by 
differences in 
tumour 
characteristics. 

Not 
used 
Attentio
n 

[36] 

Hybrid 
GAN + 
CNN 

Using GAN to 
generate 
synthetic MRI 
images and 
improve CNN 
training for 
brain tumor 
classification. 

Kaggle Brain 
MRI Dataset 
(2022), 100 
images (75 
tumors, 25 
healthy). 

-Results 
showed that 
the hybrid 
model has 
better 
classification 
accuracy 
compared to 
traditional 
methods. 

-Small database 
(no standard 
DB like BraTS) 
-No 
segmentation 
mechanisms. 

Not 
used 
Attentio
n 

Our 
Paper 

WGAN-
GP  
with  
Self-
Attentio
n 

One 
Generat
or,  
Two 
discrimi
nators 
to 
generate 
and 
enhance 
MRI 

Enhancement 
of generated 
MRI Brain 
Tumor. 

Br35H (2020) 
MRI datasets 
(1000 
sample). 

-
Enhancement 
of generated 
MRI Brain 
Tumor. 
-PSNR = 42.42 
dB 
-Accuracy= 
99.634%. 
 

-Lack of real 
patient images. 
So, we 
conducted our 
study on Br35H 
(2020) dataset. 
-The model 
require laptops 
with high 
performance 
specifications. 

Self-
Attentio
n in D 
and G 

 

VI. CONCLUSION 

Catching brain tumors early is really important because the symptoms can be pretty vague, which can delay 
diagnosis. MRI scans can get messed up by patient movement, changes in the body, and need experts to 
interpret them. Generative Adversarial Networks (GANs) have become a great way to boost the quality of 
medical images for brain cancer diagnosis and fill in missing data. So, in this work, we're looking to improve 
the quality of MRI images of brain tumors using a fancy deep learning model based on GAN, specifically the 
Wasserstein GAN with Gradient Penalty (WGAN-GP) with a generator G and Dual Discriminator D (Dual D). 
This method is used to make grayscale images from the Br35H (2020) dataset, which has medical brain 
tumor images, clearer and more accurate. We ran loads of experiments with different network 
architectures and learning settings in this study. 
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The cumulative improvements in GAN architecture, losses, dual features, and output resolution variety 
have really boosted the quality of generated medical images. The big jump in PSNR from the first iterations 
after the latest updates shows that the M13 model has started learning better and more efficiently right 
from the start. You could say this improved model is a strong and promising setup for making high-quality 
medical images and can be trusted for clinical diagnostics or to back up other models. 
After adding all the upgrades, we noticed that the performance curves kicked off with high values right 
from the start, unlike the baseline model which took dozens of iterations to hit average results. This shows 
that the improved model's architecture and its losses were set up strongly from the get-go, showing in great 
early results. These results show that the step-by-step improvement approach based on solid architecture 
and picking advanced loss functions has really boosted the model's performance. 
The final model creates top-notch images with a perceptual and anatomical accuracy of 99.634% and a 
PSNR of 42.42 dB. This makes it great for medical image analysis, keeping things precise and safe. In future 
work, we'll use Deep Learning with upgraded versions of GANs that are better at generalising features to 
boost resolution and enhance coloured MRI images for Brain Tumour diagnosis. 
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