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Abstract: Noise, particularly Gaussian noise, can distort images and reduce
information. The James Webb Space Telescope (JWST) is vital for understanding the
universe and capturing images that inspire people. This paper introduces several
nonlinear filters to remove Gaussian noise from the Jupiter Image. The filters consider
similarities and distances between central pixels and preserve edges as advanced
features. These filters are crucial for advancing scientific knowledge, showcasing
technological prowess, and contributing to the broader mission of exploring the cosmos.
The results show that the Bilateral filter provides high performance in restoring images
under different Gaussian noise densities compared to the non-local mean (NLM)
denoising filter, returning high values for peak signal to the noise ratio (PSNR) and
structural similarity index measure (SSIM) respectively in the case of 50, 75 per cent of
noise ratio, which exceeds what the filters produced as in another noise ratio.

Keywords: Image Denoising; Image Restoration; Gaussian Noise; Non-Local Means
Filter; Bilateral Filter.

pilaay) cil i) aladindy A glal) ) gaall Cppaa

\J)m )L}; daal )
iz :Jﬁ'é;.j ‘PLAAA;//(:.N; i@y g 5 0¥ LS. 0 g drala !

Sy lasbeall Qi geall 43588 a5 O (Say g il sl sl Aali g celiasuall saliiond)
138 & ulil) aghi )y saall Lol 5 ()5S agdl 4y g Adansd 5 5l 811 (JWST) (ilail) (s Guara o sSsli
3 e yiiall 5y sem (3o A gill elim gaall AN 3Y Lpdadll e il pall ) DM e el Leddind Canll
ol sall e Jadlas g Aluy) 4y geall paliall el g aliall a6l i) 4 ciland jall oda 34l
Al e s cigalall 33 peall skl Ay g e ot yall o2 il s cdudl Cgl) 3 Aedile Ol jpeS
Glle &1l g U i pall o i) <yl s ey s GHLASILY s 331 Aagrall 3 Laalusall 5 ) 5iS30)
el e Jawsiall el guall QU5 e yay 45 jlie ddlide dgu g plida gt LS i ) gual) Balaiaal b
ol s (PSNR) sl sazall o () 55,00 3 )L Jlire aladinds ddle 4y ) sm 8352 i Slawss ((NLM)

b gl dans e Dl Yo 00 Alla 8 N 5ill e (SSIM ) (ASsed) bl )85

e .Lu.u)ld\ cm)« c:ﬂ:\uj\.i; slia guin 4)}.4;3\ Ol 495)}..4]\ ;Lb}.bl\ aa8Al ;2.913343\ Cilalsly
@\_\ﬂ\@ﬁﬂ“éﬂ\

Corresponding Author: E-mail: ahmed.jabbar.h89@gmail.com

ISSN:2222-2994 Vol. 14 No.3 132


mailto:ahmed.jabbar.h89@gmail.com

I R H D I University of Kirkuk Journal For Administrative
and Economic Science (2024) 14 (3): 132-140

Academic Scientific Journals
INTRODUCTION
Satellite images are essential in many real-world applications because they offer an accurate and
clear vision of the issue being investigated [1]. These applications include monitoring the velocity
of planets, galaxies, and other astronomical objects the rate of climate change and the rise and fall
of ocean levels. A digital computer can manage and store the satellite image, represented as a
sequence of integers [15]. An image is split into tiny fragments called pixels to convert into
numbers [26]. Satellite images are affected by transmission and acquisition noise, just as other
image types [23]. This may impact studies and image analysis. The noise must be reduced or
eliminated to evaluate and examine the image(s). Noise in satellite images is an unwanted physical
phenomenon resulting from atmospheric layer fluctuations [30]. Mention that there are various
types of noise, with Gaussian noise being the most prevalent [17]. Each pixel in the noisy image
[24] is the sum of the genuine pixel value and a random noise value distributed using the Gaussian
distribution. This statistical noise has a probability density function that resembles a normal
distribution and is known as additive white Gaussian noise (AWGN) [3].

This paper discusses the formation of noise on telescope images throughout the acquisition or
transmission phase. Image quality is diminished by this phenomenon, which also lowers the quality
of the analysis and interpretation. This paper aims to reduce this noise by applying nonlinear
algorithms to preserve as much information as possible about space telescope images since space
telescope images are crucial for scientific research and study. Nonlocal mean (NLM) and Bilateral
(BF) are some of the best filters for image DE noising and edge preservation. NLM DE noising
algorithms, locate adjacent pixels in a broad search window and determine each pixel's weight by
summing up and comparing its similarities and intensities [7]. Buades created these algorithms [21].
On the other hand, Manduchi's [31] simple, stable, and no iterative BF minimizes noise and stays
away from edges while taking into consideration variations in both spatial and intensity from the
central pixel [6]. Moreover, we suggest an powerful image enhancement method that takes under
consideration the outcomes of greater noise on person pixels within the photo. It is necessary to
choose the best smoothing parameter for each photograph pixel. So, our proposed filter out seeks to
extract a smoothing parameter as a first step, then use it to estimate the Gaussian density feature of
the photograph, and eventually follow a de-noising approach to the calculated Gaussian feature.

In recent years, many researchers have tried to reduce noise in their experiments using these filters,
this study highlights the most notable results on image degradation. Thus, we are able to use these
methods for the desired learning purpose and improve their effectiveness by using the materials and
enhancements provided. For example, Hossain and Habib [8] found that using multiple
reconstruction NLM filtering (MRNLM) to remove irrelevant information from auxiliary images
MRNLM method increased SNR characteristic measurements from 25.1 to 28.8 when using
Gaussian filtering is being used The effectiveness of NLM using noise algorithm in MR imaging To
test it, Heo et al [18] conducted a detailed study, which provided evidence of an accurate method
for diagnosis and their results shows that the NLM breakdown process is a viable method. Feng and
Pan, [14] proposed improved methods based on diverse functions and quick or optimization terms
are intended to yield more insightful findings. A new three-step approach for enhancing infrared
images based on the relativity of the Gaussian adaptive bilateral filter. By multiplying the image by
the suggested weight coefficient, dividing it by the relativity of the Gaussian-adaptive bilateral
filter, and combining the processed base layer and detail layer, the suggested approach successfully
boosts the contrast of infrared images. Chen and Gao, [12] proposed an NLM algorithm based on
the fractional compact finite difference scheme (FCFDS) to reduce speckle noise in OCT images.
When compared to integer order difference operators, FCFDS uses more local pixel data.
Simulations demonstrate that, in comparison to other cutting-edge de-speckling techniques, the
suggested method significantly reduces noise and preserves image details. Wagner et al., [32]
proposed a hybrid denoising technique that combines a convolutional deep learning denoising
network with a set of trainable joint bilateral filters (JBFs) to predict the guidance image. The
outcome demonstrates a high level of noise reduction efficacy. Nabahat et al., [28] proposed a
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bidirectional whale optimization algorithm (WOA) filter for image denoising depending on the
selection of appropriate parameters. Appropriate parameter selection is necessary for the bilateral
filter to work properly. Using the weighted sum of PSNR and SSIM as a fitness function during
filter design, the WOA method improves the filter's parameters. The outcomes demonstrate that the
suggested strategy outperforms the others. Fabian et al., [33] suggested a bilateral filter that can be
incorporated into any deep learning algorithm and optimized only through data-driven methods by
calculating the gradient flow toward its input and hyperparameters. The proposed method can
compete with state-of-the-art denoising architectures. Huihua et al., [20] combined an improved
NLM de noising technique with the Laplacian of the Gaussian operator to more precisely extract
gradient information from images. The proposed approach preserves the image edge while
suppressing noise to recover high PSNR CT images.

1. Noise

Noise is unwanted or random variations in pixel values that can distort the true representation of the
scene or information being captured [2]. It can be considered as an undesirable interference that
obscures or degrades the quality of the image. Noise manifests as random fluctuations in pixel
values and is typically unpredictable, this randomness is due to various factors in the imaging
process [25]. Gaussian noise, also known as additive white gaussian noise (AWGN) [27]. It is one
of the most common types of noise. It is a random noise that follows a Gaussian (normal)
distribution. It appears as a subtle, smooth variation in pixel values across the image [29].

2. NON-LOCAL MEAN FILTER (NLM)

A. Buades et al. (2010) initially presented the Non-Local Mean Filter (NLM) technique, which
is predicated on a non-local average of all pixels [13]. this nonlinear filter is used to eliminate
Gaussian noise from photographs while maintaining image details [5]. The estimated value NL[v](i)
for a pixel (i) in the noise image v = v {v(i) | i€} is computed as.

NL[v] = Xja w(i, j)v(j) 1)

The weights, represented by w (i, j), are established based on how similar pixels (i) and (j) are to
each other. They also need to satisfy the conventional requirements ¥; w(i, j) = 1 and 0<
w (i, j) < 1. [10]. The two pixels (i) and (j) are similar when the vectors v(Ni) and v(Nj) have
identical intensities. A fixed-size square neighbourhood with a pixel (k) at its center is indicated by
(NK). A diminishing function of the weighted Euclidean distance is used to quantify the similarity.

2
lvaND = v(Np)||2 0
In noisy neighbourhoods, the Euclidean distance increases the following equality [35].

2 2
IVOND = vaN) | = [[vON) —vND|ID + 202 (3)
It explains the resilience of the (NLM) since the Euclidean distance is predicted to preserve the
order of similarity between pixels [36]. The weights are defined as follows:

L ~[lvov)-vasp |l
w(i,j) = ok h2 4)

Z(i) is the normalising constant and (h) is the filtering degree or smoothing parameter.
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It regulates the weights' decay as a function of Euclidean distances by controlling the exponential
function's decay.

3. BILATERAL FILTER (BF)

It is a nonlinear filter used to smooth images and maintain their edges [4]. Unlike conventional
convolutional filters, it measures proximity in intensity space using a different kernel [16]. A
weighted average of nearby pixels is represented by the symbol [1].

BE[I], = - Tqes Go (Ip — alDGo, (I1p = lalDls -~ (8)

where {G, } and {G,} is the spatial filtering and Gaussian range respectively, (Wp) is the
normalization factor, which is defined as follows [22]:

W, = Dges Go, (I — alD G, (|1, = I4|P1q ™

The amount of filtering that is done to image (I) will depend on the values of o5 and o,. The
influence of (q) pixels is lessened by the Gaussian range G, when their intensity values deviate
from (Ip). A Gaussian weight called G, is used to reduce the impact of far-off pixels.

4. DISCUSSION OF RESULTS

The experiment was conducted by adding AWGN with zero mean and 0.01 variance to the
approved image as shown in Figure 1, which is the JWST image of
Jupiter(https://webb.nasa.gov/). JIWST is expected to be the most influential observatory in the next
ten years, with thousands of astronomers utilizing it globally. It looks at every phase of the history
of our universe, from the earliest bright lights seen after the Big Bang theory to the formation of
solar systems that might support life on planets like Earth and the evolution of our own Solar
System. Thus, this image needs to be pure and unclouded. Taking these image significances into
consideration. So, the process of eliminating noise is fundamental and significant in this instance .
We applied the chosen filters—whose MATLAB code was written—after adding varying
percentages of Gaussian noise to the selected image to assess the effectiveness of the filters.

B

Figure (1): (A) Jupiter Original Image, (B) Jupiter Gaussian Noise Image.
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The Structural Similarity Index Measure (SSIM) and the Peak Signal Noise Ratio (PSNR) are used
to calculate the quality of the results that are obtained. PSNR is a quality metric that is widely used
to assess the quality of reconstruction for images and videos [19].

2552

PSNR =10 % lo * 8
810 (MSE(X'y)) (8)
Where:
xy) MN &i=1 4j=1\2]) Y1]

Where {x;;} the clean image, {y;;} the noisy image. However, SSIM is a quality metric that assesses

the degree of similarity between the two digital image structures [34]. It is given by the following
equation:

SSIM = (I(x, 1))* * (c(x )" * (s(x, )Y (10)

Which represent three weights with the exponents (a), (B), and (y), respectively [9].

2pxpy+C
Ixy) = Wéwi (11)
20x0y+C
Cixy) = G)z(Tng (12)
_ ny+c3
SxY) =0 (13)

where the small quantities for numerical stability are C1, C2, and C3.

the results showed that the NLM filter outperforms Bilateral filters in terms of noise removal,
recording a (34.47 PSNR), and (0.92 SSIM) respectively as shown in Table 1. Where the Bilateral
filter ranks second with 31.62 PSNR and 0.82 SSIM. Figure 2 displays the images that have been
restored.

Table 1: PSNR and SSIM Values for The Restored Images at Each Filter

Image Quality
. Measurements
Filters
PSNR SSIM
NLM 34.47 0.92
Bilateral 31.62 0.82
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FIGURE (2). Restored Image at 0.01 Noise Ratio by (A) NLM Filter, (B) Bilateral Filter

Instead of focusing only on the immediate neighborhood, the NLM averages pixel values based on
the similarity of patches throughout the entire image. A patch that is centerd on each pixel in the
image is defined. A similarity metric is used to determine how similar the patch surrounding the
current pixel is to the patches surrounding every other pixel in the image. Utilizing these acquired
similarity values, weights for every pixel are determined. The similarity between the patch
surrounding the current pixel and patches surrounding other pixels is represented by these weights.
A weighted average of the pixel values in the patches surrounding each pixel—weights chosen
based on how similar they are to the patch surrounding the current pixel—is used to compute the
denoised value for that pixel. Taking lines from the whole image rather than just the surrounding
areas. In contrast, the two-dimensional filter uses a demising method that takes into account both
the near-field and intensity similarities of individual pixels Each pixel has a filter-defined window
of bars that specifies the area separating the central pixel from pixels a in the surrounding area.
Additionally, it calculates the pixel-to-pixel intensity difference (also known as similarity) between
the center pixel and its neighbors. Each neighboring pixel's weight is determined by the Bilateral
Filter based on its spatial proximity as well as its intensity similarity. The filtering process assigns
higher weights to pixels that are close to each other spatially and have similar intensities. Next,
using the spatial and intensity factors as weights, the filter computes a weighted average of the pixel
values inside the window.

when the noise ratio increased, the bilateral filter superiority over the NLM filter in terms of noise
removal persisted as the result shown in Table 2. In 50% and 75% noise densities, the bilateral
filter has noise density values of 32.02 PSNR, 0.98 SSIM at 50%, 32.56 PSNR, and 0.99 SSIM at
75%. Thus, we observe that the bilateral filter forward to first place when the noise ratio increased,
having previously placed second when the noise level was 0.01. As if the bilateral filter reduces
noise while maintaining image edges because it gives pixels that are both spatially close and have
similar intensity values more weight. This gives the filtered image a smoother visual quality by
maintaining edges and reducing noise without sacrificing important features. On the other hand, the
nonlocal mean filter is a versatile and effective denoising technique that considers the overall
structure of an image. However, because it is computationally demanding, it needs to be adjusted
and modified to make it more practical for use in real-world applications.
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Table 2: PSNR and SSIM Values of The Restored Images Calculated at Different Noise Ratio

Image Quality Measurements

50% of Noise 75% of Noise
Ratio Ratio

PSNR SSIM PSNR SSIM

Filters

Bilateral 32.02 0.98 32.56 0.99

NLM 19.28 0.82 18.21 0.82

FIGURE (3). Restored Image by (A) Bilateral Filter at 0.5 noise ratio, (B) Bilateral Filter at 0.75 noise ratio (C) NLM
Filter at 0.5 noise ratio, (D) NLM Filter at 0.75 noise ratio.

5. Conclusion

The bilateral filter provides a comprehensive image denoising method that separates noise and
image structure, it reduces noise while preserving image features like edges and textures. The
bilateral filter is adaptable, allowing easy parameter adjustments for different noise levels, and also
provides quantitative metrics for evaluation, allowing objective comparison of different denoising
methods and parameter settings. So, the outcomes demonstrate how adaptable the bilateral filter
was in lowering noise levels without sacrificing any of the original image's characteristics. It moved
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the PSNR more than 20 degrees away from its nearest filter and achieved a high image quality
index. On the other hand, the NLM filter assigns more weight to pixels that are both spatially close
and have similar intensity values, it effectively reduces noise while maintaining image edges. In this
manner, critical features are retained while noise is reduced and edges are maintained, giving the
filtered image a smoother visual quality. To effectively remove noise while maintaining edges and
image structures, the NLM filter takes into account patches from the entire image instead of just the
immediate neighbourhood. This method is based on the logical assumption that similar image
patches will probably contain similar image structures and should, thus, effectively aid in denoising.
The ability of NLM to handle a variety of noise types, such as additive Gaussian noise, is one of its
main advantages. However, NLM can be computationally demanding, particularly for large images
or when comparing a large number of patches.
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