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Abstract: Understanding celestial objects and astronomical data becomes easier when astronomical
images from multiple modalities like optical images, infrared images, and radio images are combined
through effective fusion. However, tradition deep learning methods faces limitations due to absence of
large annotated datasets, which is scarce in astronomy and difference in modality characteristics of
images. This study introduces a Hybrid Multi-Scale Weighted Laplacian Fusion (HMWLF) approach
that functions without supervised training. By breaking images into a "pyramid" of layers, the system
continuously captures fine-grained textures and broad structural shapes. The process uses a hybrid fusion
strategy, which balances the weighted averaging for consistency with maximum selection to strengthen
the most important features and prevent the loss of critical detail. By aligning everything up with the
optical image, the system keeps the infrared and radio data clear and easy to understand. The
experimental results of this framework confirm its efficiency and practical relevance in astronomical
imaging with Structural Similarity Index (SSIM) of 0.742 and an average Peak Signal-to-Noise (PSNR)
0f29.92 dB.
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1 Introduction

Astronomical imaging is an important part of understanding different aspects of different celestial bodies. As different
instruments are being improved for better observation, there is an increase in the collection of different kinds of
observational data. This includes different kinds of observational data, such as optical, infrared, and radio. Each of these
kinds of observational data contains different and unique kinds of information about different celestial bodies. However,
it is a difficult task to combine all these different kinds of observational data into a single form.

The rest of the paper is organized as follows. Section 2 reviews literature work. Section 3 introduces system model.
Section 4 presents the results and discussions. Section 5 concludes the paper.

2 Literature Survey

In recent times, different research works have been carried out to examine different methods for enhancing the quality
of images and their analysis in astronomy. In the research work presented by the authors in [1], a deep learning model
based on U-Net was proposed for denoising images in astronomy. The proposed method was able to enhance the image
denoising process. In another research work presented by the authors in [6], an improved U-Net model was proposed
for enhancing the performance of image denoising using U-Net.



A learning-based deconvolution technique was proposed in [2], and this technique was used for recovering details of
high-resolution images from blurred astronomical images. This study revealed the potential of learning-based techniques
for astronomical image restoration. The potential of computer vision techniques for astronomical image analysis was
explored in [3], and this study was focused on feature detection and object identification. A traditional edge detection
technique based on the Sobel operator was also explored [4].

Spatial regularization-based fusion was proposed by authors in [5], where they introduced an efficient framework
for fusing multi-source astronomical images, maintaining spatial consistency. In [7], the authors proposed an improved
TopHat (ITH) method for removing smear artifacts, thus enhancing the clarity of the image. The authors of [8] proposed
a method for enhancing the stitching of astronomical images by utilizing a feature extraction method, i.e., XFeat, which
is a part of deep learning.

Imaging technologies using radar were also discussed in [9], where the authors presented the ways for reconstructing
the height dimensions of astronomical objects using earth-based radar technologies. In [10], the use of infrared
optoelectronic sensing technologies was discussed, emphasizing their significance for astronomical observations.

The clustering-based methods were also studied in [11], where spectral clustering, K-means, and mean shift methods
were used to efficiently cluster astronomical data. In [12], a modified convolutional neural network based on the
MobileNet architecture was proposed for crescent moon detection. Therefore, the feasibility of using lightweight deep
learning methods for astronomical data analysis was also shown.

The study in [13] aimed to introduce new advancements in the system for efficient astronomical image data analysis
using a Docker framework for online processing.

More advanced methods for fusion and representation have also been discussed in some recent research. In [14], a
cross-layer fusion network with adaptive alignment was proposed for better feature fusion, especially for multi-modal
data. Similar to this idea of improving feature fusion for complex data, a spatially resolved embedding analysis was
proposed in [15], especially for handling complex data like images, where a better understanding of spatial relationships
in multi-dimensional data is required.

However, some problems remain to be solved in the field of multi-modal astronomical image fusion, even if some
satisfactory results have been achieved by deep learning-based approaches, which are heavily data-dependent and may
be prone to the dominance of certain modalities. The traditional approaches, although intuitive, are challenged by the
difficulty of simultaneously maintaining the overall structures and details of images. Therefore, the problem of balanced
fusion of complementary information among optical, infrared, and radio images without losing important information
remains to be solved, and this paper proposes a novel Hybrid Multi-Scale Weighted Laplacian Fusion (HMWLF)
framework for robust and high-quality fusion images.

3 System Model

The system introduces a Hybrid Multi-Scale Weighted Fusion (HMWLF) to designed to seamlessly blend data from
optical, infrared, and radio imaging. To test the approach, we used the COSMOS multi-wavelength dataset. This method
is designed into five-stage process for clarity and accurate fusion. The five-stage process consists of (1) Data Processing,
(2) Multi-Scale Decomposition, (3) Hybrid Fusion Strategy, (4) Reconstruction and Post-Processing, (5) Evaluation
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Metrics. The detailed flow diagram our introduced work is explained in Fig. 1.
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Fig.1: Architectural Framework of the System

3.1 Data Preprocessing

Each image has different resolutions, intensity distribution, and noise characteristics depending on the modality of the
images, which makes it difficult to fuse the images directly. Preprocessing of the images is necessary for fusion, which
involves several steps. First, there is a need to remove invalid pixel values, which keeps the data clean. Then, a
logarithmic transformation is applied, which enhances the visibility of faint objects in the image. Then, all the images
are normalized to a fixed size, and after that, they are normalized to a fixed range for efficient fusion.

3.2 Multi-Scale Decomposition

A multi-scale approach is constructed with the help of Gaussian and Laplacian pyramids to effectively obtain the large,
coarse structures as well as the fine details from the given astronomical images. First, a Gaussian pyramid is constructed,
where each input image is repeatedly down-sampled to obtain smoother versions of the image at different resolutions.
This helps in extracting the large, coarse structures from the given images. Next, a Laplacian pyramid is constructed by
repeatedly taking the difference between the higher resolution images of the Gaussian pyramid, which are up-sampled,
and the corresponding images in the lower resolution. This gives a frequency decomposition of the image, where the
image decomposes into a certain number of frequency bands. Here, the high-frequency bands represent the detailed
features of the image, such as the presence of stars, and the low-frequency bands represent the overall illumination and
large-scale variations in the background.

3.3 Hybrid Fusion Strategy

The fusion done over various levels of the Laplacian pyramid. This is done by using a hybrid method for effective fusion
of information from different modal images. It uses a weighted average approach, where the weights are determined by
the intensity values of the image so that stronger intensity values have a greater influence on fused image. In addition,
maximum selection method is also used so that the important features are not compromised during the fusion process.
Further, the lowest-frequency layer of the fused pyramid is replaced with the optical image layer to maintain overall
structural consistency of the final fused image.

3.4 Reconstruction and Post-Processing

The final fused image is formed by reconstructing the Laplacian pyramid. This is done by iteratively up-sampling and
merging the fused pyramid levels, which enables the image to be reconstructed to its original resolution with the features
obtained in the multi-scale decomposition process. For further refinement a post-processing technique is used where the
base layer is replaced with the optical layer while keeping the features from infrared and radio images.



3.5 Evaluation Metrics

To estimate the performance of the model structural similarity index (SSIM) and peak signal-to-noise ratio (PSNR), are
calculated. As the ground truth for the fused image is not available, PSNR is computed separately for each of the input
images from different modalities — optical, infrared, and radio images, then their average is taken as the final PSNR for
a balanced evaluation. Additionally, qualitative analysis is carried out to visually examine how well the method is
preserving fine details and enhancing faint features while minimizing the noises.

4 Results and Discussion

4.1 Dataset Description

The COSMOS dataset, a multi-wavelength astronomical dataset used in this study contains astronomical images from
different spectral domains — optical, infrared, and radio spectra. Each modality corresponds to the same sky region but
captures different insights due to wavelength sensitivity differences. The COSMOS dataset contains optical images
captured using Advanced Camera for Surveys (ACS) provides detailed structural information. On the other hand, the
infrared images in the COSMOS dataset captured using Infrared Array Camera (IRAC) reveals thermal characteristics
which are not visible in the optical range, while the radio images from the Very Large Array (VLA) shows large-scale
emission patterns. As the images from different modalities varies in resolution and dimension, all images are
standardized through cropping and resized to 256x256 pixels after preprocessing.

4.2 Performance Evaluation

The performance of the models is evaluated using SSIM (Structural Similarity Index) and PSNR (Peak Signal-to-Noise
Ratio), which measures the structural similarity and reconstruction quality, respectively. The results of WAF (Weighted
Average Fusion) indicates poor preservation of structural details and has low potential to reduce noise. The performance
of LPF (Laplacian Pyramid Fusion) significantly improves due to multi-scale approach but has limitations in adaptive
feature fusion. The results obtained from MSAFNet (Multi-Scale Attention Fusion) which is a deep-learning based
approach shows highest SSIM value, indicating strong structural preservation but it tends to prioritize the optical
modality, thus producing a less balanced fusion. In comparison to these models, the HMWLF (Hybrid Multi-Scale
Weighted Fusion) with an SSIM of 0.742 and PSNR of 29.92 dB demonstrates a balanced performance, effectively
preserving features from all modalities. The quantitative comparison of different fusion models using SSIM and PSNR
is presented in Table 1.

Table 1: Quantitative Comparison Of Image Fusion Methods

Model SSIM  PSNR(dB)
WAF (Weighted Average Fusion) 0.119 19.97
LPF (Laplacian Pyramid Fusion) 0.625 31.76
MSAFNet (Multi-Scale Attention Fusion) 0.830 29.90
HMWLF (Hybrid Multi-Scale Weighted Laplacian Fusion) 0.742 29.92

4.3 Qualitative Visual Analysis

The qualitative results presented in Fig. 2 and Fig. 3 highlight the effectiveness of the proposed HMWLF framework in
comparison to existing methods.

Each modality provides information that is complementary to the others. Optical images show crisp structural details,
infrared images show faint and thermal features, and radio images show large-scale emission patterns that cannot be
seen in other modalities.
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Fig.2: Astronomical Images From Different Modalities (Optical, Infrared, Radio)
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Fig.3: Comparison of different image fusion methods

As observed in Fig. 3, the WAF approach provides a blurred image due to its averaging process, which results in the
loss of important structural details. The LPF approach provides better preservation of features by using multi-scale
decomposition. However, it does not provide a well-balanced fused image with respect to different modalities. The
MSAFNet approach provides better preservation of structures. However, it is more biased towards optical images and
hence suppresses important information from infrared and radio images.

The proposed HMWLF approach provides a well-balanced fused image with respect to different modalities.
Moreover, it provides better preservation of both fine structures and faint features simultaneously. The ability to
differentiate between different characteristics of optical, infrared, and radio images in a single image provides evidence
that our proposed approach is able to integrate different information without any bias towards any modality.
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Conclusion

In this paper, a novel method for the fusion of multi-modal images in the field of astronomy is proposed, which is referred
to as HMWLF. This method is efficient for handling the problems faced by the existing techniques, which need a large
dataset for training a model. This method provides a strong fusion of feature for different modal images. Experimental
results for the proposed method are performed, which prove that the proposed method provides a good trade-off between

the

structure, noise reduction, and enhancement of feature for different modal images. This method is efficient for

handling the problems faced by the existing techniques, which are influenced by artifacts as well as the techniques of
deep learning that are influenced by modality bias. This method provides visually appealing results for fusion images.
The capability of the proposed framework for maintaining small and significant features in the field of astronomy makes
this method highly efficient.
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