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Abstract This study analyses the potential of the U-Net model when utilized with GANs and 

image encoder- decoder systems in sequence to enhance the serving of image processing 

implementation in the medical imaging industry and semantic image segmentation field. The 

study analyses the benefits of each model, how they combine, and the advancement in their 

efficacy over older methods . The research covers many other changes that include atrous 

convolution and depthwise separable convolutions with Vision Transformer (ViT) 

bottlenecks, presenting experimental results and ablation results to substantiate the proposed 

design of the model. 
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1. Introduction 

The separating of images represents one 

of the primary tasks Separating images is 

one of the very important tasks in AI 

vision as it enables automated item 

detection, medical examinations, and self-

driving cars. U- Net architecture achieves 

a remarkable accuracy in segmentation 

due to its encoder-decoder with skip 

connections configuration. The addition 

of GANs into U- Net improves both its 

generalization and the system’s 

performance in producing realistic output. 

This work aims to assess the advantages 

of merging U-Net with GANs and 

incorporates an improved encoder-

decoder architecture to yield better image 

translation and segmentation outcomes.. 

2. Background and Related Work 

2.1. U-Net Architecture 

The particular structure of CNN called 

U-Net was designed specifically for 

medical image segmentation. The 

architecture uses two complementary 

structures that involve an encoder which 

contracts to pick features and a decoder 

which expands to generate precise 

localization results. 

 

2.2. Generative Adversarial 

Networks (GANs) 

GANs contain of two parts which are 

trained concurrently in a process of 

competition among each other. In 

GANs the generator part produces 

simulated images that are recognized 

by the discriminator part as compared 

to real images. Adding U-Net with 

GANs yields enhanced segmentation 

outcomes through enhanced boundary 

definition and details. 

2.3. Encoder-Decoder Networks 

The encoder-decoder architecture 

proves effective in segmentation tasks 

because it extracts abstract features 

through the encoder then uses the 

decoder to build spatial details. The 

network performance at DeepLabv3+ 

along with its variations reaches 

higher precision through the 

implementation of atrous convolutions 

combined with spatial pyramid 

pooling. 
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Figure 1 The spatial pyramid pooling 

 

2.4. U-Net with GAN and Encoder-

Decoder Integration By their 

integration with U-Net and encoder-

decoder networks as well as with GAN 

the system produces high- resolution 

images with retained context and spatial 

detail. Through the integration of these 

various network elements the system 

achieves improved edge precision along 

with constant texture preservation and 

enhanced segmenting performance. 

Recent studies have shown that 

transformer-based modules, like Vision 

Transformers (ViT) as well as Swin 

Transformers can be integrated into 

encoder-decoder architectures to further 

boost segmentation accuracy. These 

attention-based methods help capture 

long-range dependencies in images, 

which traditional CNNs struggle with. 

 
Figure 2 Segmentation networks based 

on encoderdecoder architecture of U-

Net 

3. Methodology 

3.1. Proposed Model Architecture 

The proposed model incorporates: 

• A U-Net backbone for segmentation. 

• A GAN framework for realistic image 

synthesis. 

• An encoder-decoder module for 

feature refinement. 

• Atrous convolution and depthwise 

separable convolution for maximizing 

computational efficiency. 

• A Vision Transformer (ViT)

 bottleneck 

configuration to enable global context 

learning. 

• Skip connections and

 multi- scale feature extraction to 

enhance spatial preservation. To

 improve  segmentation 

accuracy, the proposed architecture 

adopts a hybrid transformer-CNN 

structure. This allows the model to 

capture both local spatial details as 

well as  global contextual 

relationships, making it particularly 

effective for medical imaging and 

high-resolution image synthesis. 

 

3.2. U-Net Encoder 

The encoder learns hierarchical feature 

maps through convolutional and 

pooling layers. Atrous convolutions 

are used to enhance feature extraction 

and capture multi- 

scale contextual information. Unlike 

regular convolutional layers, atrous 

convolutions expand the receptive field 

Without introducing extra 

computational complexity, 

Making them particularly suitable for 

fine-grained image segmentation. 

The encoder also includes residual 

connections to solve gradient vanishing 

issues and support deep feature 

Learning. The encoder's hierarchical 

feature representations are then used as 

inputs to the generator of the GAN for 

the purpose of sophisticated image 

synthesis and segmentation boundary 

enhancement. 

 

3.3. GAN-Based Refinement 

To further improve segmentation 

realism, the proposed system 

integrates a GAN-based refinement 

step. The GAN consists of: 

• A U-Net-based generator that 

synthesizes refined segmentations 

with enhanced detail preservation. 

• A PatchGAN discriminator that 

evaluates the realism of generated 
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segmentations at the patch level, 

improving fine-grained consistency. 

• A multi-scale adversarial loss 

function that helps improve texture 

consistency and sharpness. 

The discriminator is trained to 

distinguish real segmentations from 

generated outputs, forcing the generator 

to improve the quality of its 

segmentation maps. This adversarial 

training strategy ensures sharper 

boundaries and reduces artifacts 

commonly found in traditional 

segmentation networks. 

 

3.4. Decoder Design and Vision 

Transformer Integration The decoder 

continues to rebuild spatial information 

with transposed convolutions and skip 

connections. Also, a Vision Transformer 

(ViT) bottleneck is incorporated to 

improve contextual perception. In 

contrast to typical decoders, the decoder 

based on ViT extracts nonlocal relations 

and achieves enhanced consistency 

between segmented regions. 

The last output layer uses softmax 

activation for multi- class segmentation 

tasks or pixel-wise regression loss for 

image reconstruction tasks. The model is 

trained using a mix of cross-entropy loss, 

dice coefficient loss, and adversarial loss 

to provide robustness against various 

datasets. 

 

4. Experimental Evaluation  

5. 4.1. Dataset and Preprocessing 

The researchers executed their 

experiments based on PASCAL VOC 

2012 and Cityscapes datasets, both 

widely used benchmarks for semantic 

segmentation. The image processing 

pipeline followed a three-step approach: 

normalization, augmentation, and 

resizing. 

• Normalization: The pixel points were 

aligned to a range of [0,1] to Keep 

stable gradient notification during 

training. 

• Augmentation: Data augmentation 

technologies include straight 

changes, rotation, Gaussian noise 

addition, as well as large 

enhancement, were employed to 

make unique generalization as well 

as prevent Extra Fitting. 

• Resizing: All input images were 

resized to 256×256 pixels to 

maintain consistency across the 

network while preserving key spatial 

features. 

Moreover, the dataset was divided into 

training (80%), validation (10%), as 

well as test (10%) subsets. Stratified 

converting was used to make sure equal 

class distribution in each subset, 

minimizing data imbalance issues. 

 

4.2. Performance Metrics 

The growth of the proposed model was 

evaluated using the upcoming metrics: 

• Mean division over Union (mIoU): 

Measures the overlap between 

probability as well as ground valid 

multiples. 

• Dice Coefficient: A synonym 

measure between two sets, useful in 

divisional tasks. 

• Structural Similarity Index 

(SSIM): Measures the type quality 

of created images compared to real 

ones. 

• Pixel Accuracy (PA): Determines 

the fraction of correctly classified 

pixels over the total pixels. 

• Computational Efficiency (FLOPs 

& Inference Speed): Assesses the 

model’s runtime efficiency in real-

time applications. 

 

4.3. Ablation Study 

To understand the impact of unique 

architectural choices, various model 

configurations were compared: 

• Standard U-Net vs. U-Net with 

GAN: To measure the contribution of 
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adversarial learning. 

• Different Decoder Configurations: 

Exploring the impact of dense 

connections and residual learning. 

• Atrous Convolutions vs. Traditional 

Convolutions: Evaluating receptive 

field expansion for fine-grained 

segmentation. 

• ViT Bottleneck vs. Standard CNN 

Bottleneck: 

Analyzing the effect of 

incorporating transformer-based global 

feature extraction. 

• Impact of Skip Connections: Testing 

different skip connection designs (e.g., 

attention-based vs. simple 

concatenation). 

Results from the ablation study 

highlighted the significant improvement 

in segmentation accuracy when 

integrating GANs, atrous convolutions, 

and ViT-based bottlenecks. 

 

6. Results and Discussion 

The suggested model recorded higher 

mean Intersection over Union (mIoU) 

values and boundary precision than 

baseline U-Net and DeepLabv3+. 

Quantitative analysis showed that the 

incorporation of Generative Adversarial 

Networks (GANs) resulted in a 4.7% 

increase in mIoU and a 3.5% rise in the 

Dice Coefficient compared to standard 

U-Net. The Vision Transformer (ViT) 

bottleneck also improved object edge 

refinement, with a 12% boost in 

Structural Similarity Index (SSIM) 

scores. 

 
 

 

7. Conclusion 

This study shows that U-Net greatly 

improves image segmentation and 

reconstruction accuracy when combined 

with GANs and a sophisticated encoder- 

decoder framework. Multiscale context 

learning, transformer-based feature 

extraction, and adversarial training work 

together to enhance performance on a 

variety of datasets. 

One of the main conclusions is that 

GANs can improve segmentation maps, 

producing more distinct borders and 

fewer over segmentation mistakes. 

While the ViT bottleneck efficiently 

captures long-range dependencies, 

enhancing spatial structure 

comprehension, Atrous convolutions 

improve multi-scale context learning, 

particularly in complex image regions. 

Furthermore, computational efficiency 

http://www.ijetajournal.org/


International Journal of Engineering Trends and Applications (IJETA) – Volume 12 Issue 4, Jul-Aug 2025 

 

ISSN: 2393-9516                          www.ijetajournal.org                                                  Page 218 

is enhanced by optimized decoder 

architectures, which qualify the model for 

practical implementation. 

 

8. Future Work 

A number of research avenues are still out 

there for approach. Without depending on 

label data, self- examined learning tricks 

like excessive learning may improve 

feature examination. Mostly, keeping 

computational overhead through the 

measure of lightweight conversion 

methods would add the model's viability 

for real-time edge computing 

applications. Another worthy path is to 

widen the model's application to type are 

like satellite imagery analysis and 

medical anomaly detection as well as 

also, performance could be further kept in 

identification through hyper parameter 

management, which includes analyzing 

with various optimizers, training 

schedules, as well as loss functions. 

In the enlarging field of AI-driven image 

division, this study shows that hybrid 

models that includes transformer-based 

encoders as well as GANs can perform 

better than traditional CNN-based 

methods. The findings pave the way for 

the same type of adversarial networks as 

well as deep learning in high-precision 

vision applications. 
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