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 Denoising plays a crucial role in satellite and medical images. The classical 

methods struggle to find out the noisy values and might lead to some loss in 

image metadata’s essitals. In this study, a generative adversarial network 

(GAN) is introduced along with the U-Net architecture. GAN algorithm has 

the capability to provide a powerful estimated fine image compared with a 

regular neural network approach. The Modified National Institute of 

Standards and Technology (MNIST) dataset is injected with synthetic 

random noise. The proposed work demonstrated noise reduction capabilities 

and significant improvement in peak signal to noise ratio (PSNR), from 

11.70 dB for noise image to 19.41 dB for the estimated image. The structural 

similarity index (SSIM) moved from 0.61 to 0.93, showing a big restoration 

with stable convergence for the image details. The GAN visual analysis 

based on deep learning showed effective output detail recovery.  
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1. INTRODUCTION 

The renaissance in image processing related with deep learning approaches has considered the 

transformation era to enhace the quality of visual data. Nosie which considers the most distortion affects in 

images are arses due to signal transmission errors which casue a deteroration for the quality of the images [1]. In 

crticial application such as satellite remote sensing, the image metadata is crucial for interpretation and 

management and interoperability of the data [2]. A traditional method, such as medial filters, wavelet 

transformation could reduce the noise based on mathematical models. These approaches could find a 

difficulities to reduce noise and achive the same results or might overights the outputs [3].  

For these reasons, scientist looked for another method to taggle the missdifued images and denosing 

tasks by using deep learning approaches. Generative adversarial network (GAN) preserves the image details 

by subsetting the dataset and learning directly from the data with remarkable accuracy estimations [4]. 

Autoencoders, which are neural networks designed for unsupervised learning, compress input images into 

latent representations and then reconstruct them [5]. During the GAN process, the dataset passes through two 

steps. The generator which produces a low noise image same as the real one, and discriminator which gives 

an assessment and correctness between the real and fake one. The discriminator is always try to push the 

generator to produce a more reliable and indistinguishable free of noise image [6]. The GAN network then 

uses a probabilistic method to enhance the process in an incremental steps, which introduce a high quality 

image recovery [7]. However, a one can see GANs application in many fields, such as medical image.  

https://creativecommons.org/licenses/by-sa/4.0/
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Where X-ray and computed tomography (CT) scan is the target image applications [8]. While in satellite, 

GAN helps to reduce noise for image in difficult weather conditions and enable a stable monitor for  

disaster assessments. Another type of GAN application can be found in photography, where it can help in 

restoring degraded images and the capabilities of real time camera surveillance for improved footages in 

critical conditions [9]. 

In addition to the aftermentioned applications, one the advantages that GANs approach could  

have is to learn the context features by adapting the denoising method based on the structure of the image. 

Such as preserving textures, patterns, and edges of the estimated image [10]. Building on this trend of 

algorithmic optimization, a new approach used Pix2Pix GAN model to Thomson scattering diagnostic 

images. This approach achieved noise removal across the tested samples as well as reducing the time of 

image processing [11], [12]. 

GAN can also handle a scalable dataset and work in efficient performance in both offline and real 

time streaming. There is a huge interest by rearchers about the way of improving the robustness and 

efficiency of the GAN’s models, by trying to reduce the computational requirments during the network’s job. 

Furthermore, combing a hybrid method such as autho encoders with GAN algorithm is a great approach to 

push the denosing levels up to the limits. In conclude, incooprating the deep learning techiques with the 

image process became a revolution era to enhance and visual data with massive dataset to generate a more 

valuable context aware estimation for the output. 

 

 

2. LITERATURE REVIEW 

Extracting noise is the one of the most foundational approaches in computer vision. Where a lot of 

deep rearch involving aiming to underlying signals from the courrupted image. For those early methods, such 

as wavelet transforms and fourier analysis, are important strategies for specific noise tasks, but they 

struggling to matain complex edge structures and inaddition to their abilities in real-time processing the 

dataset. Therefore, a new shifting approach goes with deep learning algorithms. Such as neural network 

which goes through a deep architecture to learn the hierarchical of the image to extract the noise. Some of the 

convolutional neural network (CNN) rely on pixel-wise loss function, like mean square error (MSE) to falsy 

may lead to blurry reconstruction or overly smoothing the output estimation. 

Similarly, Zou et al. [13] developed adversarial denoising CNNs for industrial applications, 

achieving high noise suppression with minimal data requirements. To address the limitations of pixel-wise 

optimization, researchers turned to GANs. GANs introduce an adversarial training mechanism where a 

generator network produces denoised images and a discriminator network evaluates their authenticity [14]. 

This competitive process encourages the generator to create outputs that are not only numerically accurate 

but also perceptually convincing. The effectiveness of this approach has been validated in numerous studies. 

For instance, Wang et al. [15] demonstrated that the residual structure and cooperative attention mechanism 

(RCA)-GAN architecture significantly enhanced noise suppression and detail preservation compared to 

traditional GAN. 

However, there still a rearch limits observed, GAN could lead to unstable training performance in 

contrast with the transformer-based models that achieve a high performance and accurancy. A compelling 

framework that works on combine efficience and structure fidelity such as U-Net is proposed. This study 

address GAN model along with U-Net integration. This method expecting to achieve a balance between high 

fifelity and outperforming against CNN denosiers. Deep learning approach such as GAN network has 

showed a transformation technique for image improvments [16], it has been known for its diverse application 

in noise removal. However, current studies may focus on specific dataset types which may limits the 

algorithm’s capabilities [17], [18]. 

 

 

3. METHOD 

For the following, we present the GAN method in order to provide an intense overview for the 

system architecture. Figure 1 shows the pipeline system process that starts from the noise input signal, going 

through the preprocessing and U-Net method. The hierarchy ends with the denoised output along with the 

evaluation values. Figure 1, as shown in is a detailed explanation of the methodology including mathematical 

formulations, experimental setups, and the overall workflow. 

 

3.1.  Dataset preparation and preprocessing 

For preparing the dataset, we have used the fashion - Modified National Institute of Standards and 

Technology (MNIST) dataset. This is a suitable reference collection with about 70,000 grayscale  

image and serves as a good benchmark for value detail preservation. To train the model effectively, three 
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types of noise were synthetically corrupted to the clean images: Gaussian noise (with a standard  

deviation, σ = 25), Poisson noise, and salt-and-pepper noise (with a 5% density). High-resolution images 

with various types of noise (Gaussian, Poisson, salt-and-pepper) are included [19], and the dataset is 

augmented using transformations such as rotation, scaling, cropping and intensity adjustments to  

simulate real-world scenarios effectively [20], [21]. Mathematically, the augmentation process can be 

expressed as (1). 

 

𝐼′ =  𝑇(𝐼) =  𝛼𝑅(𝐼) +  𝛽𝑆(𝐼) +  𝛾𝐶(𝐼) (1) 

 

Where (𝐼) represents the original image, (𝑇) is the transformation function, (𝑅(𝐼)) is the rotation operation, 

(𝑆(𝐼)) is the scaling, and (𝐶(𝐼)) is the cropping. Parameters (𝛼. 𝛽. 𝛾) control the intensity of each 

transformation [22], [23]. Noise simulation is applied using additive or multiplicative noise models. For 

example, Gaussian noise is added using (2). 

 

𝐼{𝑛𝑜𝑖𝑠𝑦} =  𝐼 +  𝑁(0. 𝜎2) (2) 

 

Where (𝐼{𝑛𝑜𝑖𝑠𝑦}) is the noisy image. (𝐼) is the clean image and (𝑁(0. 𝜎2)) represents Gaussian noise with 

mean zero and variance (𝜎2). 
 

 

 
 

Figure 1. The proposed methodology pipeline 

 

 

3.2.  Proposed generative adversarial network-U-Net architecture 

The study employs a U-Net-based architecture enhanced with GANs to achieve efficient  

denoising [24], [25] and the U-Net model consists of an encoder-decoder structure with skip connections that 

preserve spatial information and the encoder compresses the input image into a latent representation while 

the decoder reconstructs a denoised image [26]. Specifically, the architecture is broken down: 

− The encoder: consists of 4 downsampling blocks. For every block, we used a 4 × 4 convolutional layers, 

and applied normalized and leaky rectified linear unit (ReLU) activation with slope 0.2 in order to 

capture the latent features.  
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− The decoder: in the section, we apply the transposed convolution upsampling, ensuring the recovery of 

the fine details lost while downsampling. 

− The discriminator: utilize a PatchGAN classifier structure. Instead of classifying the whole image as 

real/fake, it classifies N × N Local patches, forcing the generator to focus on high-frequency texture 

sharpness. The detailed kernel sizes, strides, and padding configurations for all layers are summarized  

in Table 1. 
 

 

Table 1. Detailed configuration of the generator and discriminator network architectures 
Network Layer Kernel size Stride Padding Output channels Activation/norm 

Generator (encoder) Input - - - 3 -  
Conv 1 4 × 4 2 1 64 LeakyReLU (0.2)  
Conv 2 4 × 4 2 1 128 BN + LeakyReLU (0.2)  
Conv 3 4 × 4 2 1 256 BN + LeakyReLU (0.2)  
Conv 4 4 × 4 2 1 512 BN + LeakyReLU (0.2) 

Generator (decoder) DeConv 1 4 × 4 2 1 256 BN + ReLU  
DeConv 2 4 × 4 2 1 128 BN + ReLU  
DeConv 3 4 × 4 2 1 64 BN + ReLU  

Output 4 × 4 2 1 3 Tanh 
Discriminator (PatchGAN) Conv 1 4 × 4 2 1 64 LeakyReLU (0.2)  

Conv 2 4 × 4 2 1 128 BN + LeakyReLU (0.2)  
Conv 3 4 × 4 2 1 256 BN + LeakyReLU (0.2)  
Output 4 × 4 1 1 1 Sigmoid 

 

 

For the GAN setup, the generator (𝐺) learns to produce denoised images, while the discriminator 

(𝐷) evaluates the quality of these images and the adversarial loss for GANs is defined as (3). 

 
{𝐿}{𝐺𝐴𝑁} =  {𝐸}{𝑥 ∼𝑝{𝑑𝑎𝑡𝑎}(𝑥)}[𝑙𝑜𝑔 𝐷(𝑥)] +  {𝐸}

{𝑧 ∼𝑝𝑧(𝑧)}[𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧)))]
 (3) 

 

Where (𝑥) denotes real data, (z) represents noise input, (𝑝{𝑑𝑎𝑡𝑎}(𝑥)) the real data distribution, and (𝑝𝑧(𝑧)) the 

noise distribution and in addition to adversarial loss, perceptual loss is integrated to enhance high-frequency 

detail preservation as shown (4). 

 

{𝐿}{𝑝𝑒𝑟𝑐} =  ∑ |𝑁
{𝑖=1} 𝜙𝑖(𝐼{𝑑𝑒𝑛𝑜𝑖𝑠𝑒𝑑}) − 𝜙

𝑖(𝐼{𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ})|2
2   (4) 

 

Where 𝜙𝑖 is the features extracted from the (𝑖)ـ𝑡ℎ layer of the model and (𝑁) represents the number of layers 

considered [25]. 

 

3.3.  Loss functions and optimization 

The training process employs the MSE loss and the adversarial loss to address the limitations of 

using MSE alone, which results in blurry images. We identify the total objective as a weighted sum of 

adversarial, pixel-wise, and perceptual losses as in (5). 

 

𝐿𝑡𝑜𝑡𝑎𝑙 =  𝜆1𝐿𝐺𝐴𝑁 + 𝜆2𝐿𝑀𝑆𝐸 +  𝜆3𝐿𝑝𝑒𝑟𝑐 (5) 

 

𝐿𝐺𝐴𝑁 is the adversarial loss, which ensures the generated images are realistic and difficult for the 

discriminator to distinguish from real ones, where 𝐿𝑀𝑆𝐸  is the pixel-wise MSE loss, which enforces structural 

consistency and fidelity between the generated image and the target image, where 𝐿𝑝𝑒𝑟𝑐 is the perceptual 

loss, which measures the difference in high-level feature representations (from a pre-trained network) to 

improve visual quality and semantic similarity. The parameters λ₁, λ₂, and λ₃ are hyperparameters that control 

the relative contribution of each loss term to the overall objective. The weights were set empirically to the 

following values: λ₁ = 1, λ₂ = 10, λ₃ = 0.1. 

This configuration is chosen in order to have a balance between the different aspects in image 

quality. A significantly higher weight on 𝐿𝑀𝑆𝐸  (𝜆2 =  10) ensures that the model prioritizes structural 

consistency and accurate pixel-level reconstruction with the ground truth and adversarial and perceptual 

terms (𝜆1 = 1 and 𝜆3 = 0.1) then act as refinements. The output results of the GAN have sharper texturesand 

also it enshace the overall realism. However, the 𝐿𝑝𝑒𝑟𝑐 tries to imprve the details and edge sharpness which 

give a more visual interests as a result. 
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3.4.  Training protocol and implementation details 

As mentioned that 𝜆1 and 𝜆2 are hyperparameters that act as the contributions of GAN loss and MSE 

loss. The optimization is performed using the Adam optimizer with a learning rate of 10{−4}). (𝑏𝑒𝑡𝑎1 =  0.9) 

and (𝑏𝑒𝑡𝑎2 =  0.999). The GAN training steps involve multiple looping until it reaches convergence [27]. 

While the model evaluation is measured using peak signal to noise ratio (PSNR) and structural similarity 

index (SSIM) [28], as in (6). 

 

𝑃𝑆𝑁𝑅 =  10 ⋅ 𝑙𝑜𝑔
{10}(

{𝑀𝐴𝑋𝐼
2}

𝑀𝑆𝐸
)

   (6) 

 

Where 𝑀𝐴𝑋𝐼  is the maximum possible pixel value and MSE error as shown in (7). 

 

𝑆𝑆𝐼𝑀 =
{(2𝜇𝑥𝜇𝑦+ 𝐶1)(2𝜎{𝑥𝑦}+ 𝐶2)}

{(𝜇𝑥
2+ 𝜇𝑦

2+ 𝐶1)(𝜎𝑥
2+ 𝜎𝑦

2+ 𝐶2)}
 (7) 

 

Where (𝜇𝑥 . 𝜇𝑦) are the means, (𝜎𝑥. 𝜎𝑦) the variances, and (𝜎{𝑥𝑦}) the covariance of images (𝑥)and (𝑦). The 

output results are inspected using histogram equalization as a post-processing techiques as in [29]. In Table 2, 

we expose the difference aspect methods used in our case study in compare with the traditional methods.  

 

 

Table 2. Comparative analysis of proposed and traditional image denoising methods 
Aspect Proposed method Traditional methods 

Architecture U-Net with GAN CNN-based denoisers 
Loss function GAN + Perceptual + MSE MSE only 

Optimization algorithm Adam (10 − 4 ∗ 10{−4}) SGD 

Noise types handled Gaussian, poisson, salt-and-pepper Gaussian only 

Evaluation metrics PSNR and SSIM PSNR 

 

 

The deep learning method shows outperforming conventional approach with hight quality denosing 

the output image in compared with the other algorithms. The model performed a 50 epochs along with a 

btach size equal 128, and the model is measured using (6) and (7). 

i) Generator (U-Net architecture): for the generator part, it is based on U-Net build model, in which it has 

a strong encoder and decoder structure. Where the first term contains a sequence of down sampling 

blocks in order to capture the contextual information. While the second term (decoder) works on 

transpose convolution for up sampling. The layers between the two methods are interconnected using 

skip connections. These connections are important enabling the reconstruction of the estimated image.  

ii) Discriminator architecture: the discriminator works as a binary classifier, where the image goes through 

a multiple setpes of convolutional layers to determine if the image is real or fake denoised output.  

iii) Loss functions and optimization: to achieve a balance between pixel-level accuracy and perceptual 

realism, the generator is optimized using a hybrid loss function. 

− Loss-adversarial (LGAN): works on the competitive training process as defined in (3). 

− Loss-perceptual (L Perc): enhances high-frequency preservation by looking for the feature maps 

from a pre-trained visual geometry group (VGG) network, as defined in (4). 

− Loss- mean square error (LMSE): ensures structural stability and works on minimizing the pixel-

wise differences between the denoised and original clean images. 

The total loss function for the generator is a weighted combination of these components as in (5). 

Where 𝜆 1, 𝜆 2  and 𝜆3 are hyperparameters that balance the influence of each loss term. Optimization is 

performed using the Adam optimizer with a learning rate of 10−4 and beta parameters β1 = 0.9, β2 = 0.999. 

 

 

4. RESULTS AND DISCUSSION 

In this paper, a GAN is used to denoise and improve the quality of the image. The results are 

analyzed as follows, focusing on the technical aspects of each form and its practical results: Figure 2 shows 

the comparsion the original (clean) input images and the corrupted images. The first row observes the ground 

truth images from the fashion-MNIST dataset, which express fine details, patterns, and object boundaries. In 

sharp contrast, the bottom row shows the effect of the added noise, which was generated using a normal 

distribution Gaussian noise. The outcome simulated degradation significantly blurs boundaries and obscures 

key visual features, hindering feature extraction and object recognition. This figure establishes the necessary 

baseline to visually measure the effectiveness of the proposed denoising model.  
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Figure 3 represents the loss curve of the model during training and is a basic indicator used to 

evaluate the performance of the GAN. The curve shows a gradual decrease in the loss value with increasing 

number of epochs. Which reflects the improved performance of the generator in accurately reconstructing the 

original images, and the improved performance of the discriminator in distinguishing between real images 

and produced images. 

 

 

     

     
 

Figure 2. Comparison of original and noisy images 

 

 

 
 

Figure 3. Training loss curve for the GAN model 



Int J Artif Intell  ISSN: 2252-8938  

 

Improving image processing and noise removal using generative … (Firas Abdulrahman Yousif) 

4673 

Initially, the loss is high due to the large divergence between the resulting images and the  

original images and for training continues, the generator learns to improve the quality of the resulting images 

so that they become very close to the original images. The discriminator evaluates the produced images more 

accurately and the stabilization of the curve in the last loops indicates that the GAN has reached an 

equilibrium state. Where the generator has learned to effectively represent the basic patterns of noisy  

images and the loss curve also reflects the model's generalization ability. As the divergence between the loss 

of the training set and the validation set remains small, indicating that the model does not exhibit an 

overfitting problem. 

Figure 4 is the most important for model evaluation as it shows a bar chart gives an empirical 

comparison of image quality, which is measured through the PSNR in two different conditions. The orange 

bar which represents noisy images implies low quality of the baseline, as the PSNR is about 9.5 dB. In 

contrast, the green bar that displays denoised images achieves significantly better quality as the PSNR will go 

above 17.5 dB. The given considerable enhancement of PSNR justifies the effectiveness of the developed 

image denoising algorithm. PSNR can be obtained based on the MSE and is a common quantitative measure; 

larger numbers indicate a high-quality image reconstruction. 

 

 

 
 

Figure 4. Comparison of original, noisy and denoised images and measured in PSNR 

 

 

Moreover, the resulting images do not contain any additional noise, which is evidence that the 

generator did not introduce any random elements that might affect the quality of the images. This balance is a 

direct result of GAN training where the generator and discriminator work together to continually improve 

image quality. The use of a GAN here was a strategic decision to remove noise, as the generator learns the 

visual patterns of clean images through the feedback, it receives from the discriminator and the generator 

attempts to produce images that the discriminator cannot differentiate from the original images. On the other 

hand, the discriminator tries to improve its ability to distinguish between original and generated images and 

this competitive process allows incremental improvements of the model. Ultimately leading to restored 

images with high resolution and what distinguishes these results is that the model not only removed noise, 

but also improved the images comprehensively, making them very close to the original images in terms of 

quality and accuracy. The model showed high efficiency in recovering small details in images such as fine 

patterns on clothes, which is a remarkable achievement considering the complexity of the added noise and 

these results demonstrate the great potential offered by GAN in image enhancement applications and confirm 

its ability to deal with noise-related problems and restore original images with high accuracy and quality. 

i) PSNR for the noisy images was calculated compared to the original images and the value was 11.70 dB. 

This value is relatively low, indicating that the noisy images contain a large amount of noise that 

negatively affects their quality. In contrast, the PSNR value for the purified images was 19.41 dB, 
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reflecting a significant improvement in the quality of the restored images after applying the model. The 

high PSNR indicates that the model was able to effectively remove noise while reducing the error 

between the restored images and the original images. 

ii) SSIM was used to measure the extent of structural similarity between images and in the noisy images, 

the SSIM value was 0.61, reflecting a significant degradation in the textual structure of the images due 

to noise and the denoising images achieved SSIM of 0.93, indicating that the model restored the 

structural and detail very accurately and  making the restored images very close to the original images 

in terms of quality and text and these calculations show that the GAN-based model was able to 

effectively reduce noise in the images, showing significant improvements in both PSNR and SSIM and 

this indicates that the restored images not only removed noise but also preserved the fine details and 

visual patterns that characterize the original images. Higher SSIM reflects the stability of the textural 

structure, while higher PSNR indicates reduced numerical differences between the original and restored 

images and the numerical results support the visual analysis of images and confirm that the model is an 

effective and powerful solution for image enhancement in applications that require high resolution such 

as medical imaging and visual data analysis. 

In Table 3, GAN and U-Net have an excellent result among different algorithms used for image 

enhacement. With a PSNR equal to 19.41 dB and SSIM equal to 0.93. Using a T-test statistical analysis, the 

results with p-value < 0.01 showed a significant performance in compared with CNN denosiers. This 

corresponds to a substantial improvement over the standard CNN base model (+1.59 dB) and the traditional 

median filter (+4.16 dB). Regarding computational efficiency, the inference time of model (0.042 s/frame) is 

slightly higher than that of the resource-efficient CNN (0.015 s), yet it remains within an acceptable range for 

real-time applications on modern GPUs. This model used 3.5 million parameters, reflecting the complication 

of the U-Net generator to capture texture information. This constitutes a justifiable trade-off: a slightly higher 

computational overhead translates into a significant improvement in perceived image quality. 

 

 

Table 3. Comparative performance analysis on the fashion-MNIST dataset 
Method PSNR (dB) SSIM Inference time (s/image) Model parameters (M) 

Noisy image (input) 11.70 0.61 – – 

Median filter (traditional) 15.25 0.75 0.002 – 

CNN denoiser (e.g., DnCNN) 17.8 0.86 0.015 .0 6 
GAN-U-Net (Ours) 19.41 0.93 0.042 3.5 

 

 

4.1.  Error analysis and limitations 

The analysis of failure cases shows certain limitations. The GAN parameter sometimes struggles 

with high-frequency textures in low-contrast images, such as dark 'Coat' or 'Shirt' classes, where the 

generator may fail to capture subtle fabric details as noise, leading to diminished texture details. On the other 

hand, under rare circumstances (< 5%), the model detects slight “hallucination” artifacts. In which plausible 

but non-existent textures are generated. Future work may discuss the limitation by introducing self-attention 

to identify the difference between noise and semantic features. 

 

4.2.  Potential application scenarios 

The image processing demonstrated by the architecture that forms gated attention unit (GAU) are of 

an amazing nature, a fact that can be attributed to their selective attention processes. GAUs adopt salience 

weighting and denoising methods in the process of denoising tasks of visual data on a large scale. These 

features have therefore been significantly used in improving medical imaging. The model architecture 

demonstrates adaptability suitable for deployment in the following: 

− Medical imaging: the model can be adapted to remove Rician noise from magnetic resonance imaging 

(MRI) scans, where preserving tumor boundaries (edges) is critical for diagnosis. 

− Satellite imaging: in remote sensing, the GAN-U-Net can work on reducing the sensor data noise, 

contributing to achieving feature analysis. 

− Real-time surveillance: with a low inference time of 0.05s per frame, the model is able to enhance  

low-light video feeds, improving object recognition in noisy environments. 

The multimodal large language models (MLLMs) [30], showed an increasing convergence between 

language understanding and visual content generation. This trend, although not directly focused on denoising, 

underscores the capability of advanced models to comprehend and process complex visual information, a 

fundamental ability also for effective denoising tasks. The accelerator architectures for deep neural networks 

discussed [31] provide the necessary hardware foundation to support these complex models. The outcomes 
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observed are similar to the results of Li et al. [4], who also showed the importance of GAN-based models in 

denoising tasks. The model presented successfully combines the GAN method with the consistency of the 

encoder-decoder architecture. 

The methodology of this research focuses on the use of GANs, and Li et al. [32] presents an 

interesting approach for lightweight GANs for text-guided image manipulation. Despite the different 

application, the principle of building efficient and lightweight GAN models resonates directly with your goal 

of creating robust and scalable solutions. While recent state-of-the-art models, particularly those based on the 

transformer architecture (e.g., SwinIR and Restormer), demonstrate marginal performance superiority in 

certain metrics, our proposed GAN-U-Net architecture achieves an optimal trade-off. It provides high 

denoising efficacy (evidenced by the PSNR jump from 11.70 dB to 19.41 dB) combined with superior 

computational efficiency and significantly lower latency, making it a more viable solution for resource-

constrained and real-time deployment scenarios. Research results that showed significant improvement in 

PSNR and SSIM using a U-Net-based GAN, are evidence of the power of this approach. Recent literature is 

heavily leaning towards diffusion models, as demonstrated [33] with the diffusion probabilistic models 

(DPM)-solver for fast sampling. 

However, powerful generative techniques come with challenges, Westerlund [34] discusses the 

emergence of deepfake technology, Santosh et al. [35] highlights the “cat and mouse game” between 

diffusion models and detection methods, while Bianchi et al. [36] illustrates how easily accessible  

text-to-image generation can amplify demographic stereotypes. Oppenlaender [37] suggest the potential on 

the creativity of text-to-image generation for integrating advanced denoising techniques into more intuitive 

and interactive content creation tools. Schulhoff et al. [38] explores jailbreaking large language models and 

mitigating their vulnerabilities, although your goal is constructive denoising. 

Peebles and Xie [39] on scalable diffusion models with Transformers, and Tian et al. [40], which 

focuses on self-supervised discrimination in diffusion transformers, these models, which often outperform 

GANs in generation quality, could offer future avenues for improving the denoising results you have 

achieved, the ability of your model to restore fine details (as shown in Figure 3) could be compared to what 

these more modern models can achieve. These ethical considerations and security challenges are important 

for understanding the technological landscape in which you operate, many subsequent studies focus on text-

to-image generation using transformers, such as Thakur et al. [41] on scaling autoregressive models,  

Khmag [42] with Muse, Ding et al. [43] with CogView, and Yang et al. [44] with CogView2. While these 

differ from the denoising task, advancements in Transformer architectures and their ability to model complex 

relationships in data could be inspirational for improving the encoder-decoder components of your U-Net 

architecture, or even for developing hybrid models. 

Finally, there is the issue of the efficiency of these powerful models. The research [45], [46] 

presents methods for accelerating diffusion models through various distillation techniques, these techniques 

could be crucial for making advanced models (whether improved GANs or future diffusion models) practical 

for the real-time applications you target, such as medical imaging or satellite data analysis, where processing 

speed can be a critical factor. Additionally, Chen et al. [47] demonstrates the cutting-edge capabilities of 

large commercial models in generating high-quality images from text, setting a benchmark that academic 

research can aspire to or attempt to achieve similar efficiency with open-source techniques.  

 

 

5. CONCLUSION 

In this study, a generative deep learning is proposed with GAN and U-Net to enhance image quality 

with a perceptual loss and adversarial learning. The proposed method removes noise while preserving the 

image details, outperforming traditional approaches in both quantitative and qualitative metrics. The 

methodology showcases adaptability across various noise types and imaging scenarios, emphasizing its 

utility in domains such as medical imaging, environmental monitoring and real-time video analysis. This 

study used the fashion-MNIST dataset as a benchmark for structural detail recovery. The GAN-U-Net 

architecture is designed to be domain-agnostic where integration of perceptual loss makes it highly suitable 

for more complex real-world scenarios. Such as, in medical imaging, this framework can be adapted to 

remove Rician noise from MRI scans without blurring tumor boundaries also in satellite remote sensing 

applications. It can effectively mitigate cloud cover and sensor noise, preserving crucial topographical 

details. A future work may focus on external validation using the BSD68 and Set12 datasets, as well as 

reducing the computational overhead to enable deployment on edge devices for real-time surveillance 

applications. A one should focus on reducing computational overhead and exploring hybrid generative 

models to further optimize performance for real-time. 
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