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Abstract. Astronomical images are frequently affected by sensor noise, which can negatively
impact the accuracy of subsequent data analysis. To address this issue, this study proposes an
enhanced Pix2Pix generative adversarial network model that incorporates Residual Blocks and
Self-Attention mechanisms to improve denoising performance. The effectiveness of the
proposed model is evaluated by comparing it with traditional denoising methods, standard
Pix2Pix, Pix2Pix with Residual Blocks, and Pix2Pix with Self-Attention using Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM) metrics. The findings
demonstrate that the Pix2Pix model, when combined with both Residual Blocks and Self-
Attention, significantly outperforms other models in noise reduction and detail preservation. This
improved approach offers a robust solution for high-quality processing of astronomical images,
providing clearer and more reliable data for scientific analysis. The results highlight the potential
of advanced deep learning techniques in overcoming the challenges posed by sensor noise in
astronomical imaging.
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1. Introduction

In astronomical research, high-quality images are crucial for accurate observation and analysis of
celestial objects [1]. However, astronomical images are often affected by sensor noise, which can
degrade image clarity and lead to errors in scientific data interpretation [2-3]. Thus, effectively removing
sensor noise[3] to enhance image quality is a key challenge in astronomical image processing.
Traditional denoising methods often struggle to balance noise reduction with detail preservation,
especially when handling the complexities of astronomical images [2]. Therefore, developing techniques
that can achieve this balance is of great importance. The focus of this study is to develop a deep learning-
based approach to improve the quality of astronomical images. This research proposes an enhanced
Pix2Pix generative adversarial network model that incorporates Residual Blocks and Self-Attention
mechanisms to boost performance in denoising tasks [4-7]. While Pix2Pix has shown promise in various
image transformation tasks, incorporating Residual Blocks helps mitigate the vanishing gradient
problem in deep networks, capturing finer details of the images. Meanwhile, the Self-Attention
mechanism allows the model to capture global information more effectively, leading to improved
denoising results [8]. This study compares the denoising capabilities of five different techniques:
traditional denoising methods, standard Pix2Pix, Pix2Pix with Residual Blocks, Pix2Pix with Self-
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Attention, and Pix2Pix with both Residual Blocks and Self-Attention. The author evaluates these
methods using Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM) as
performance metrics [9-10]. The results demonstrate that the Pix2Pix model, enhanced with Residual
Blocks and Self-Attention, significantly outperforms other methods in both noise reduction and detail
preservation. This research offers an effective solution for high-quality processing of astronomical
images, contributing to more accurate astronomical data analysis.

2. Literature review

In the field of astronomical image denoising, traditional methods such as mean filtering, Gaussian
filtering, and median filtering have been widely used. While these techniques reduce noise by smoothing
the image, they often lead to the loss of important image details. More sophisticated methods like
wavelet transform denoising and Non-Local Means have shown effectiveness in specific scenarios, but
they struggle to balance noise reduction and detail preservation when handling complex astronomical
images. The advent of Generative Adversarial Networks (GANs), particularly the Pix2Pix model, has
introduced significant advancements in image denoising. Pix2Pix, as a conditional GAN model, has
been successfully applied to various image processing tasks, including denoising and image restoration.
However, despite its success in generating high-quality images, Pix2Pix can face limitations in complex
noise environments, particularly in simultaneously removing noise and preserving fine image details.
To enhance denoising capabilities, the introduction of Residual Blocks in deep learning models has
proven beneficial. Residual Blocks, with their skip connections, effectively mitigate the problem of
vanishing gradients in deep networks, allowing for successful training of deeper architectures. In
denoising tasks, Residual Blocks help improve noise reduction while retaining subtle image structures,
as demonstrated in Gurprem Singh's ResDNN: deep residual learning for natural image denoising [11].
At the same time, the application of Self-Attention mechanisms in image processing has gained
considerable attention. Self-Attention enables models to focus on different regions of an image,
capturing richer global information. This mechanism has been shown to effectively remove noise while
preserving critical image details, as seen in works like Meng Li's SACNN and Zheming Zuo's IDEA-
Net [12-13]. Consequently, Self-Attention has demonstrated significant potential in image generation
and restoration tasks. Recent research has begun to explore the integration of Residual Blocks and Self-
Attention mechanisms in deep learning models to enhance image processing performance. This
combination leverages the local detail-preserving capability of Residual Blocks and the global
information capture of Self-Attention, offering a more robust approach to image denoising. For instance,
models like Long-Chen Shen's SAResNet and Huibin Zhang's RatUNet have shown the benefits of this
integration [14-15]. This innovative combination provides a new perspective on image processing,
helping to achieve a better balance between detail preservation and noise reduction.

This study will propose an improved Pix2Pix model that integrates Residual Blocks and Self-
Attention mechanisms, specifically optimized for reducing sensor noise in astronomical images.
Compared to existing denoising methods, our approach enhances the Pix2Pix architecture to effectively
remove noise while preserving maximum image details. This method offers a robust solution for high-
quality astronomical image processing, supporting more precise scientific data analysis.

3. Methodology

The dataset used in this study consists of TIF-format astronomical images provided by the European
Space Agency (ESA) [16]. These images are high-resolution and contain various levels of sensor noise,
making them ideal for testing and evaluating different denoising methods. By utilizing ESA's official
dataset, the author ensures the quality and reliability of the images, providing a solid foundation for our
denoising experiments [16].

During the preprocessing phase, the original images were cropped to a size of 256x256 pixels to
standardize input dimensions and improve the efficiency of model training. Each type of noise was
added using specific functions that generate noise based on parameters such as mean, standard deviation,
and blending coefficients. As a result, two distinct image sets were created: one set of noise-free images,
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serving as a reference and target output, and another set with artificially added noise, used to train the
model to learn effective noise reduction.

The model used in this study is an enhanced version of the Pix2Pix generative adversarial network
(GAN), specifically designed for astronomical image denoising. This model integrates Residual Blocks
and Self-Attention mechanisms into the traditional Pix2Pix architecture to improve its ability to reduce
noise while preserving image details.
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Figure 1. Model Structure.

Figure 1 shows the overall architecture of the model, which includes both the generator and the
discriminator components. The generator is constructed using a series of convolutional and transposed
convolutional layers, augmented with Residual Blocks and Self-Attention layers. The network begins
with an initial down-sampling layer, followed by multiple encoding layers, each composed of a Block
module. These block modules consist of convolutional layers, instance normalization, and activation
functions (ReLU or Leaky ReLU), designed to extract and encode features at various scales [17-21].

To enhance the model's capability to capture intricate details and handle noise, Residual Blocks are
introduced after each encoding step. These blocks, by incorporating shortcut connections, help retain
high-frequency information and address the vanishing gradient problem. A key innovation in this model
is the inclusion of a Self-Attention layer within the bottleneck structure of the generator. This layer
enables the model to focus on different regions of the image, capturing long-range dependencies and
global context, which are crucial for effectively distinguishing noise from meaningful structures in
astronomical images. Additionally, a Residual Block with Layer Normalization is employed to stabilize
training and ensure effective feature scaling [22].

On the decoding side, the network uses up-sampling layers to gradually reconstruct the image from
the encoded features. These layers utilize transposed convolutional operations to increase resolution,
combined with outputs from previous encoding layers via skip connections, ensuring the preservation
of spatial information. The final layer of the generator applies a Tanh activation function to produce an
output image with pixel values normalized between -1 and 1[23].

The discriminator is designed to differentiate between real (noise-free) and generated (denoised)
images. It takes both the input image and the output of the generator as inputs, concatenates them, and
processes them through a series of convolutional layers. Each layer increases the number of feature maps
while reducing spatial dimensions, effectively extracting features to determine the authenticity of the

255



Proceedings of the 6th International Conference on Computing and Data Science
DOI: 10.54254/2755-2721/88/20241760

images. The final layer outputs a single-channel feature map, indicating the probability that regions of
the image are real or generated.

3.1. Training strategy and loss functions

During training, the optimization alternates between the generator and the discriminator. The
discriminator aims to maximize its ability to distinguish between real and denoised images, while the
generator is trained to minimize a combination of binary cross-entropy loss from the discriminator's
output and the L1 loss with respect to the ground truth images. This combined loss ensures that the
generator not only fools the discriminator but also produces images that closely resemble the actual
noise-free images. Specifically, the discriminator's loss function (Lp) is defined as:

Lecan(G, D) = Ey[logD(y)] + Ex ,[log (1 = D(x, G(x,2))] M

where D represents the discriminator, x is the input noisy image, y is the target noise-free image, and
G(x,z) is the denoised image generated by the generator.

The generator's loss function (Lg) combines adversarial loss and L1 loss to ensure the generated
images are both realistic and close to the ground truth:

LcGAN(G: D) = Ex,y [lOgD(X' Y)] + EX,Z [IOg (1 - D(X' G(Xr Z))] + k(EX,y[”y - G(X, Z)” 1] (2)

where A is a weighting parameter that balances the impact of adversarial loss and L1 loss.
Final goal function is:

G™ = arg mci,n "5 Legan(G, D) + ALy, (G) 3)

Furthermore, to stabilize the training process and accelerate convergence, optimization techniques
such as learning rate scheduling and gradient scaling are employed. These strategies help the model
produce high-quality denoised images while maintaining training stability and convergence speed.

3.2. Experimental environment

The experiments were conducted on a system equipped with an NVIDIA RTX 4090 GPU and an AMD
Ryzen 9 7950X CPU, paired with 48GB of DDRS RAM running at 5200 MHz. The operating system
used was Windows 11. The deep learning models were implemented using PyTorch version 2.3.1, with
CUDA version 11.8 and cuDNN version 8.2 for GPU acceleration. Additional Python libraries such as
NumPy, OpenCV, and TensorBoard were employed for data manipulation, image processing, and
visualization. The Pix2Pix model implementation was based on the GitHub repository by Aladdin
Persson, which was further extended and customized to meet the specific requirements of this study [24].
The use of these specific hardware and software configurations ensured efficient training and testing of
the models, providing consistent and reproducible results.

4. Experiment design and analysis

4.1. Training flow

The training process for the enhanced Pix2Pix model is structured to ensure effective learning and
convergence. The dataset is first split into training and validation sets. In each training iteration, the
discriminator and generator are updated alternately to improve their respective performances. The
discriminator is provided with both real (noise-free) images and fake (denoised) images. The real images
are paired with their corresponding noisy images, while the fake images are generated by passing the
noisy images through the generator. The discriminator's task is to correctly identify the real images and
distinguish them from the generated ones. It evaluates both sets and updates its weights based on the
calculated loss, which measures its ability to differentiate between real and fake images. After the
discriminator's update, the generator is trained to generate images that can successfully deceive the
discriminator. It takes noisy images as input and produces denoised images, which are then evaluated
by the discriminator. The generator's loss is calculated based on its ability to deceive the discriminator
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and how closely the generated images resemble the actual noise-free images, using L1 loss for this
purpose. The generator's weights are updated to minimize this combined loss. This process is repeated
over multiple epochs to continuously improve the performance of both the generator and the
discriminator. Periodic evaluations on the validation set are conducted to monitor the model’s
performance and prevent overfitting, ensuring the selection of the best-performing model.

4.2. Optimization methods

To ensure efficient training and faster convergence, several optimization techniques are employed. The
Adam optimizer is used for updating the weights of both the generator and discriminator. Adam is
preferred for its ability to handle sparse gradients and noisy gradients, combining momentum and
adaptive learning rate adjustment to facilitate faster convergence. Learning rate scheduling is
implemented to further enhance the model's performance. Techniques such as Cosine Annealing are
used to dynamically adjust the learning rate during training [25]. This helps in finding the optimal
learning rate at different stages of training, avoiding local minima and accelerating convergence [25].
Additionally, gradient clipping and scaling techniques are applied to address the issues of exploding and
vanishing gradients commonly encountered in GAN training. Gradient clipping limits the maximum
norm of gradients, while mixed-precision training with gradient scaling improves training stability and
efficiency.

4.3. Result presentation

As shown in table 1, the data indicates that incorporating residual blocks and self-attention mechanisms
into the standard Pix2Pix model significantly enhances image denoising performance. Particularly, the
version with residual blocks alone performs exceptionally well in both PSNR and SSIM, demonstrating
its effectiveness in improving image quality. While the combination of residual blocks and self-attention
did not achieve the highest PSNR, it still offers excellent performance in preserving image details.

Table 1. Different Pix2Pix Model Performance in Image Denoising.

PSNR SSIM

Pix2Pix 36.78 0.9408

Pix2Pix-self-attention 37.64 0.9524

Pix2Pix-residual block 38.02 0.9588

Pix2pix+residual block-+self 37.7 0.9554
attention

Input Image Output Image Ground Truth

Pix2Pix

Pix2Pix+Self Attention

Pix2Pix+Residual Block

Pix2Pix+Residual Block+Self Attention

Figure 2. Denoising Results of Astronomical Images by Different Pix2Pix Model Variants.
In Figure 2, it is evident that various Pix2Pix model variants demonstrate commendable performance

in denoising astronomical images, producing outputs that closely resemble the ground truth. However,
an intriguing observation emerges from the analysis: despite the significant reduction in noise, the output
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images exhibit noticeably lower saturation compared to the target images. This phenomenon likely
results from the models' tendency to overly suppress color intensity during the noise reduction process,
potentially leading to a loss in detail and vibrancy of colors. This insight suggests a need for further
refinement in the models to balance noise suppression with color preservation, ensuring that essential
image qualities are not compromised in the quest for clarity.

5. Limitations and future trends

While the enhanced Pix2Pix model proposed in this study shows significant improvements in denoising
tasks, there are still limitations that require further investigation. Although incorporating Residual
Blocks and Self-Attention mechanisms enhances noise removal and detail preservation, these
modifications can increase model complexity and computational demands. This poses a challenge for
practical applications, especially when processing large-scale astronomical datasets, where
computational efficiency remains a critical concern. Another limitation is the use of software-simulated
noise to validate the model's effectiveness. While these simulated noises provide a controlled
environment to test the model's capabilities, they may not fully represent the complexity of real-world
noise encountered in astronomical observations. This discrepancy might explain the limited
performance differences observed among the various models tested. Future research should incorporate
real observational noise types, such as sensor noise, light pollution, and background noise, to better
evaluate and enhance the model's robustness and applicability in real scenarios.

Additionally, although high-resolution image datasets were used in this study, future work could
explore the application of this model to even higher resolutions or full-image scales to capture finer
details in astronomical images. Achieving this will require further optimization of the model design and
training strategies to handle larger inputs and more complex features effectively. Future research could
also involve integrating this model with other advanced deep learning techniques, such as Transformer
architectures, to further improve denoising performance and flexibility. Moreover, developing
automated data preprocessing and augmentation techniques could enhance the model's generalization
across different datasets and observational conditions.

Addressing these challenges and expanding the scope of research could make the enhanced Pix2Pix
model a more effective and versatile solution for astronomical image denoising, providing clearer and
more reliable images for scientific analysis.

6. Conclusion
This study presents an enhanced Pix2Pix model specifically designed for denoising astronomical images
affected by sensor noise. By incorporating Residual Blocks and Self-Attention mechanisms, the model
demonstrated significant improvements in noise reduction and detail preservation. Compared to
traditional denoising methods and other Pix2Pix variants, this enhanced model achieved superior
performance in terms of Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM),
especially in scenarios where maintaining image details is crucial. The use of Residual Blocks
effectively mitigated the vanishing gradient problem in deep networks and helped retain high-frequency
information. The Self-Attention mechanism improved the model's ability to capture global context,
making it more effective at distinguishing noise from meaningful structures. Experimental results
confirmed that these enhancements contribute to the model's robustness and accuracy in denoising tasks.

However, there are limitations to this study, including increased computational complexity and
reliance on simulated noise. Future research should focus on incorporating real observational noise to
validate the model’s effectiveness in practical applications. Additionally, further optimization of the
model architecture and training strategies is needed to handle larger datasets and higher resolution
images. Exploring the integration of other deep learning techniques, such as Transformer architectures,
could also enhance the denoising performance and flexibility of the model.

In conclusion, this enhanced Pix2Pix model offers an effective solution for denoising astronomical
images, providing clearer and more accurate data for scientific analysis. The study highlights the
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potential of advanced deep learning techniques in addressing the challenges posed by sensor noise,
paving the way for more precise astronomical observations.
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