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Abstract. High noise astronomical image denoising has been the bottleneck and key
point in deep space exploration. Designing an effective astronomical image denoising
method plays a crucial role in analyzing astronomical image details. The famous com-
pressed sensing (CS) has been proved to be a successful technique for high dimensional
signal. In this paper, CS is adopted to address the denoising problem of high noise astro-
nomical images, and a CS recovery model and an iterative starlet shrinkage thresholding
(ISST) reconstruction algorithm are put forward simultaneously. In l1 norm CS recovery
model, the internal structure of astronomical images is fully considered, which affects
the result of image reconstruction. Combining l1 norm and fractional-order total varia-
tion (FRTV), an improved CS reconstruction model is first established to preserve more
astronomical image details. In this framework, an adaptive starlet thresholding opera-
tor proposed in ISST algorithm is used to select these sparse coefficients in the process
of astronomical image starlet sparsity transform. Moreover, an optimized BayesShrink
thresholding is developed to pick out the reconstructed astronomical image data in each it-
eration. The results of various experiments consistently show that the algorithm proposed
can efficiently recover high quality astronomical images, and preserve more astronomical
image details. Therefore, this algorithm can be applied in the ground receiving station to
accurately recondstructing high quality images from high noise astronomical images.
Keywords: High noise astronomical image denoising, Compressed sensing, Starlet
transform, Iterative starlet shrinkage thresholding, FRTV

1. Introduction.

1.1. Problem description. In deep space exploration, important astronomical infor-
mation such as the geomorphic features of an extraterrestrial body and whether there
is extraterrestrial life, can all be directly obtained from astronomical images captured
by high resolution CCD or CMOS sensor. Therefore, these astronomical images often
contain a lot of noise information because of the influence of atmospheric disturbance,
cosmic rays, etc. Although high resolution astronomical images can bring us perfect visu-
al enjoyment, the existence of noise hinders the effective analysis of astronomical image
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information. Consequently, it is very necessary to denoise the astronomical images before
analyzing them. So far, there are two difficulties in astronomical image denoising. One
is extraction of effective data from high dimensional image, and the other is extraction
of high noise information as accurate as possible. Unfortunately, although the classical
linear filtering and nonlinear filtering algorithms commonly used can remove most noise
in astronomical image, they blur the edge and texture, resulting in poor reconstruction
effect. Therefore, how to design an effective and simple denoising algorithm for high noise
and high resolution astronomical images is an urgent problem to be solved.
In recent years, the famous compressed sensing (CS) theory [1, 2, 3, 4] has been known

to achieve great successes in high dimension signal reconstruction and has been success-
fully applied to various fields. CS states that if a signal can be represented sparsely on
a sparse basis, it can be reconstructed with high quality. There are three main sections
in CS theory: sparsity transform, measurement matrix and reconstruction algorithm. To
solve the denoising problem of high noise astronomical image and obtain excellent as-
tronomical image denoising and reconstruction effect in this paper, our research focuses
on the following parts: reconstruction model, sparsity transform and reconstruction algo-
rithm based on CS, and an improved CS reconstruction model and ISST algorithm are
proposed. The main contributions of this paper are the following aspects.
1) An improved CS reconstruction model is established based on the advantages of l1

norm model and FRTV model, which can better protect astronomical image details and
texture.
2) Starlet transform with an adaptive starlet thresholding operator is used to represent

high noise astronomical image sparsely, and most of the noise information is removed in
the processing of image sparse transformation.
3) Iterative starlet shrinkage thresholding (ISST) reconstruction algorithm is proposed

to obtain high quality astronomical reconstruction image.
The rest of this paper is organized as follows. In Section 2, starlet transform and

adaptive starlet thresholding operator are introduced in detail. In Section 3, the design
process of ISST algorithm is presented. Number experiments on high noise astronomical
images are shown in Section 4. Finally, the conclusions are given in Section 5.

1.2. Related research. This section will mainly introduce the research and development
of CS reconstruction model, sparse transform, and CS reconstruction algorithm.
1) CS reconstruction model. In CS, the classical l1 norm model [5, 6] is often used

as image reconstruction model for recovering the original image, which increases the prior
information of the original image. However, the l1 norm model cannot fully consider the
internal information structure of the image, which has a negative impact on the quality
of the reconstructed image. In astronomical image analysis, detailed features and texture
information are of vital importance.
In image processing, total variation (TV) method [7, 8] can effectively suppress the

pseudo-gibbs phenomenon, but it will cause edge effect in the reconstructed image. Conse-
quently the edge and texture of the reconstructed image are unsatisfactory, and fractional-
order total variation (FRTV) method [9] can better protect image details and texture,
and reduce edge effect and pseudo-gibbs effect. Therefore, in this paper an improved CS
reconstruction model is established based on the advantages of l1 norm model and FRTV
model to effectively protect astronomical image details and texture.
2) Sparse transform. Image sparsity transform is the first step of CS. After image

sparse transform, the image data is mainly divided into two parts: important informa-
tion and unimportant information. When using CS, the importance of image sparsity
transform for image denoising has always been ignored for the following reasons.
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• Most scholars usually use the classical transforms such as wavelet transform as the
sparse basis. However, wavelet transform [10, 11] cannot fully screen the detailed
features in high dimension astronomical image.

• For CS image denoising, we often consider how to design excellent reconstruction
algorithm while ignoring the importance of sparse denoising process. In fact, it is
very important for image denoising to design an adaptive denoising operator in the
process of image multi-scale decomposition.

To obtain more astronomical image details and texture, a specific wavelet transform
called starlet transform [12, 13] is proposed. Compared with wavelet transform, the as-
tronomical image can be effectively sparsely represented by starlet transform. Moreover,
starlet transform and wavelet transform have the same computational procedure. There-
fore, to represent astronomical images more sparsely, starlet transform is chosen as the
sparsity transform in this article. Simultaneously, an adaptive starlet thresholding oper-
ator is proposed to improve the ability of high noise astronomical image denoising in the
process of starlet sparse transform.

3) CS reconstruction algorithm. At present, various CS denoising reconstruction
algorithms have been proposed, which use the few noisy observations obtained to re-
cover the original image. By analyzing, these algorithms can be summarized into three
categories.

• Iterative shrinkage thresholding/filtering (IST/ISF) methods [15, 16, 17, 18], such as
iterative hard thresholding algorithm, and iterative contourlet algorithm [19]. Such
methods mainly use a filtering or thresholding operator to select image data while
removing noise information, which are quite robust and simple to be implemented by
the scholars. Another advantage is that most transforms can be incorporated easily
into the framework of IST/ISF. Consequently, it is a very popular tool for solving
linear inverse problems. However, the denoising effect of IST/ISF methods for high
noise images needs to be further improved.

• CS total variation methods [20, 21]. To obtain better image denoising effect, TV
method and its improved versions are often used in the process of CS image recon-
struction to adjust the reconstructed images, such as weight TV method [22], and
brute force-based adaptive TV method [23]. This kind of algorithms can obtain bet-
ter reconstruction effect for low noise or noiseless images. However, the limitations of
CS total variation methods are that they do not fully consider the prior information
of original images, which affects the effective protection of detail features.

• CS reconstruction methods combined with machine learning. Machine learning is a
very active research focus in data mining, and it is an effective means for people to
understand and explore the intrinsic link between things. Deep learning [24] is a com-
plex machine learning algorithm, and its ultimate goal is to make machines acquire
analytical learning capabilities. In image denoising, deep learning can effectively
mine effective data information by building deep learning network and consequently
recover the original image accurately. Recently, deep learning was applied to CS
for solving the denoising problem of high dimension and high noise images, such
as Net-FLICS method [25], GDgAPG method [26] and CSRRN method [27], and
had achieved a superior result for low noise or noiseless image denoising. However,
large amount of data is needed for model training, the acquisition of training data
samples is expensive and time-consuming, and some scene samples are difficult to be
obtained. Also, most importantly, the model size is quite large because of the huge
number of parameters, which makes it hardly to be used in mobile devices. For high
noise astronomical image denoising, such methods remain to be further studied.
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In view of the above analysis, to overcome the defects of traditional CS denoising
methods, we will design the CS reconstruction algorithm in the framework of IST/ISF
algorithm. At the same time, an optimized BayesShrink thresholding proposed and soft
thresolding function are used to select the reconstructed astronomical image data in each
iteration.
By combining the above techniques, the proposed ISST algorithm in this article can

achieve superior denoising reconstruction performance for high noise and high resolution
astronomical images. To confirm the validity of the algorithm proposed, detailed theoret-
ical analysis and experiments are performed.

2. The Basic Theoretical Knowledge. In this section, we will briefly describe starlet
transform process, and focus on the detailed design of the adaptive starlet thresholding
operator used in starlet transform and the improved CS reconstruction model.

2.1. Starlet transform and adaptive starlet thresholding operator. Starlet trans-
form implementation contains convoluting the original image with a 2D convolution kernel
representing a two dimensional scaling function in astronomical image decomposition. The
focus of starlet transform is that one subband wj containing the wavelet coefficients can
be obtained at each decomposition level j, which has the same number of pixels as the
original image. The starlet decomposition is achieved by using the filter h. To imitate the
subsampling process and extract details of various sizes from the original image, the filter
length has been changed for each next decomposition level. It can be seen that starlet
transform has better sparse representation performance. Therefore, it is very suitable
for designing an excellent starlet thresholding operator to remove the noise information
effectively in the process of high noise astronomical image startlet transform.
To effectively remove noise information while protecting astronomical image details in

the process of starlet sparse transform, an adaptive thresholding operator u(x) is designed
as follows:

u(x) =

{

x, |x| ≥ γ

sign(x)γ(1−j)|x|j, |x| < γ,
(1)

where γ denotes an adaptive VisualShrink thresholding, which is used to select these
wavelet coefficients α′ = u(α) in the process of image sparsity transform. Figure 1 shows
u(x) versus x and the decomposition level j when γ = 8, which implies that the adaptive
thresholding operator not only improves the flexibility of sparsity transform, but also
improves the denoising capability.
In case of starlet transform, its main transform process is wavelet transform. Most

energy of the image converges in the first layer when the image is multi-scale decomposed
by wavelet transform, and little energy that can be almost ignored is stored in the last
layer. To obtain better astronomical image denoising effect while preserving the details
of the original astronomical image, we should make greatest efforts to decrease the loss of
energy in middle layers in the process of astronomical image denoising. Combined with
the law of change in the energy and the length of the coefficients, a scale parameter β is
proposed as:

β = 21−j

√

log2

(

Lk

J

)

, (2)

where Lk is the subband length of k level, J denotes the total decomposition levels and j ∈
(1, 2, . . . , J). Here, the scale parameter β is used to adjust the VisualShrink thresholding
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Figure 1. u(x) versus x and j when γ = 8

[28], and then an adaptive VisualShrink thresholding γ is proposed as follows:

γ = βσ
√

2In(N ×N) = 21−j

√

log2

(

Lk

J

)

σ
√

2In(N ×N), (3)

where N ×N represents image dimension, and σ denotes noise standard deviation, which
is generally calculated by robust median estimation method [29],

σ =
Median|si,j|

0.6745
. (4)

2.2. Improved CS reconstruction model. In deep space exploration, astronomical
image is mainly disturbed by cosmic noise which belongs to the additive Gaussian noise
[30]. For an N × 1 original clear signal x, CS reconstruction model can be considered as:

y = Φx+ e, (5)

where e denotes the additive noise signal, and the additive Gaussian white noise is con-
sidered in this article. Φ is a measurement matrix of dimension M × 1, and y is the noisy
observations of dimension M × 1. It can be seen from the above analysis that the recon-
struction of the original signal x is an ill-conditioned problem since M << N . However,
CS theory indicates that x can be reconstructed with high quality from the observations
y if the original signal x can be represented by a sparsity transform Ψ which is unrelated
to the measurement matrix Φ with RIP [31]. In this case, Formula (5) can be rewritten
as:

y = Φx+ e = ΦΨ−1Ψx+ e = Θs+ e. (6)

Here, s = Ψx denotes the signal sparse coefficients. Θ = ΦΨ−1 is used to directly observe
the sparse coefficient s, which can be regarded as a CS measurement matrix.

The famous l1-norm minimization with sparsity constraints is often used to solve the
CS problem (5) or (6),

min
x

{

1

2
||y − Φx||22 + λ||Ψx||l1

}

, (7)
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or the reconstruction of the sparse coefficients s,

min
s

{

1

2

∥

∥y − ΦΨ−1s
∥

∥

2

2
+ λ||s||l1

}

. (8)

Here, the first term in the l1 minimization reconstruction problem (7) or (8) is used
to calculate the discrepancy between the observation and the solution; the second term
denotes a regularization term, which represents the prior information of original signal x,
and λ denotes an adjustment regularization parameter.
In (7) or (8), the prior information of original image is only considered, but the texture

and details are not sufficiently considered. In astronomical image analysis, the texture
can directly reflect the characteristics of the object surface.
In image denoising, FRTV model is exploited to characterize the image smoothness

property, which can effectively solve the problem of ladder effect caused by TV model.
FRTV model can more effectively protect astronomical image details and texture than
TV model. To obtain high quality astronomical images while protecting more details and
texture, an improved CS denoising reconstruction model combined with l1-norm model
and FRTV model is introduced as

min
x

{

1

2
||y − Φx||22 + λ||Ψx||l1 + µ||x||FRTV

}

, (9)

where λ and µ are the adjustable parameters. To protect image detailed information
while eliminating the ladder effect, it is required that λ < µ in this article. FRTV model
is given by

||x||FRTV =
N
∑

i=1

N
∑

j=1

√

[

(ωα
h )i,j

]2

+
[

(ωα
ν )i,j

]2

, (10)

where (ωα
h)i,j and (ωα

ν )i,j denote the fractional-order derivatives in the directions of the
columns and rows,

(ωα
h )i,j =

R−1
∑

r=0

Eα
r ω(i− r, j), (ωα

ν )i,j =

R−1
∑

r=0

Eα
r ω(i, j − r), (11)

Eα
r = (−1)r

Γ(α + 1)

Γ(r + 1)Γ(α− r + 1)
. (12)

α is the fractional order of the FRTV norm, and Γ(x) is the Gamma function. ω(i, j) is
the pixel in the ith row and the jth column of an N × N image ω. R is the number of
terms involved in the computation of the fractional-order derivative, which is often set as
R = N .

3. The Nonlinear Recovery by ISST Algorithm. In CS, most algorithms usually
ignore the importance of sparse transform in image denoising. For high noise image
denoising, it is a very effective method to introduce filter operator into sparse transform.
In this article, the adaptive thresholding operator u(x) in ISST algorithm is used to select
starlet coefficients, and the filtering process of astronomical image data is completed in the
process of starlet sparse transformation. Although the adaptive thresholding operator in
starlet transform can remove most noise from high noise astronomical image, there is still
some noise information in the detail features, which affects the quality of the reconstructed
image. Therefore, an effective thresholding function is designed to adaptively select the
reconstructed image data in each iteration, which will further improve the denoising ability
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of the algorithm. To summarize, the recovery process of ISST algorithm for astronomical
image x is defined as,

x = S(x) =
∑

ρ{u[(< x,Ψ >)]}Ψ, (13)

where ρ(x) represents the thresholding function. In practice, how to design appropriate
optimal thresholding function and threshold T for image denoising is an open problem.
In image denoising, the denoising ability of soft threshold function is better than that of
other classical thresholds [32]. Therefore, the soft thresholding function is chosen as ρ(x)
in this article,

ρ(x) =











x− T ′, x ≥ T ′

0, |x| < T ′

x+ T ′, x < −T ′

, (14)

where T ′ is the thresholding, which can be hard thresholding, soft trhresholding or
BayesShrink thresholding. In case of threshold denoising, we usually consider how to
design a superior thresholding function in the IST/ISF algorithms, but ignore the influ-
ence of threshold on denoising performance. Too large or too small thresholds all have
an impact on image denoising performance. Therefore, it is very important to design a
suitable thresholding for thresholding denoising method. Compared with other classical
thresholds, BayesShrink thresholding is relatively simple but effective and robust to image
denoising. Therefore, an optimized BayesShrink thresholding is proposed based on the
traditional BayesShrink thresholding. For iterative thresholding denoising, noise informa-
tion is constantly altered in each iteration. To play out the maximum performance of soft
thresholding function, the optimized BayesShrink thresholding T ′ is proposed as

T ′ =
1
3
√
q

σ2

σ2
x

. (15)

Here, q denotes the iterative number. σ denotes the noise standard deviation, which is
also calculated by robust median estimation method. For an N ×N original noisy image,
its standard deviation σ′

x can be calculated by

σ′

x =
√

σ2
x + σ2 =

1

N ×N

∑

i,j

s2i,j, (16)

where si,j is the wavelet coefficients of the original image input. Therefore, the origi-

nal clear image standard deviation σx =
√

σ′2
x − σ2. The tresholding T ′ is used in soft

thresholding function for selecting astronomical image strarlet wavelet coefficients in each
iteration.

Let xi = xi−1 + ΦT (y − Φxi−1), and the iterative process of ISST algorithm is defined
as

xi = S(xi) =
∑

ρ{u[(< xi,Ψ >)]}Ψ. (17)

The model in (9) can be divided into two parts: l1 norm model and FRTV model,

X1 = min
x

{

1

2
||y − Φx||22 + λ||Ψx||l1

}

, (18)

X2 = min
x

{

1

2
||y − Φx||22 + µ||x||FRTV

}

. (19)

After this analysis, the above model in (18) and (19) can be rewritten as the following
standard form,

minF (x) = o(x) + ζ(x) (20)
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o(x) = 1
2
||y − Φx||22 is convex function, and ζ(x) = λ||Φx||l1 or µ||x||FRTV is a non-

smooth continuous convex function. Consequently, we can respectively solve Formulas
(18) and (19).
In summary, the ISST algorithm proposed for high noise astronomical image denoising

can be implemented as follows.
Step 1: Initialization. Setting iterative index i = 1, the noisy observations y = Φx+e =

ΦΨs+e, the restored image x0 = 0 and x1 = ΦT y; Ψ denotes starlet transform, Φ denotes
the random matrix, and s = ΨTx represents the sparse coefficients.
Step 2: Updating the reconstructed image data,

xi = xi−1 + ΦT (y − Φxi−1). (21)

Step 3: Solving respectively l1 norm model and FRTV model, and obtaining respec-
tively the reconstructed images X ′

1 and X ′

2,

X ′

1 = argmin
x

{

1

2
||y − Φxi||22 + λ||Φxi||l1

}

, (22)

X ′

2 = argmin
x

{

1

2
||y − Φxi||22 + µ||xi||FRTV

}

. (23)

Step 4: The average evaluation method is used to get the recovery astronomical image
xi,

xi =
1

2
(X ′

1 +X ′

2) . (24)

Step 5: Starlet transform Ψ with the adaptive thresholding operator u(x) is applied
to sparse representation of the reconstructed image xi, and obtaining the reconstructed
starlet wavelet coefficients x′

i,
x′

i = u (< xi,Ψ >) . (25)

Step 6: Calculating the optimized starlet BayesShrink thresholding T ′.
Step 7: The reconstructed image is obtained by sparse inverse transformation, then

the soft thresholding function ρ(x) and T ′ are used to select the reconstructed image data,
and obtaining the filtered reconstructed astronomical image xi,

xi =
∑

ρ {x′

iΨ} . (26)

Step 8: If ‖xi − xi−1‖l2 > ǫ, i = i + 1 and return to Step 2; else, stop the iterative
process and output the reconstructed image xi.

4. Number Experiments and Discussions. In this section, we compare 5120× 3840
high noise astronomical images denoising result of ISST algorithm, optimized neural dy-
namics optimization algorithm (ONDOA) [33], Inter BM3D algorithm (IBM3DA) [34],
MP-DCNN algorithm (MP-DCNNA) [35], NCCST algorithm (NCCSTA) [2] and CS
modified total variation algorithm (CSMTVA) [36] in terms of visual quality, PSNR,
structural similarity index (SSIM) [37], mutual information (MI), the relative l2 norm
error (RLNE) and transferred edge information (TEI). In these comparison algorithms,
CSMTVA, ONDOA and NCCSTA are CS methods. The input astronomical images are
corrupted by a Gaussian white noise with zero mean and five different standard deviations
σ ∈ [20, 25, 30, 40, 50]. All methods were run on Matlab 2017b and Windows 7 on a PC
with an Intel Core i5-7500 3.4 GHz CPU, 8 GB memory and GTX1050Ti GPU. Moreover,
we take 2048 × 2048 local image from 5120 × 3840 astronomical image captured as the
experimental object for saving reconstruction time (RT) in this article.
We first consider compression sampling ratio κ = 0.3 and σ = 25, the reconstructed

2048× 2048 moon images from various algorithms are illustrated in Figure 2. As can be
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(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 2. The reconstructed moon images from different algorithms: (a)
original image; (b) noisy image; (c) CSMTVA (PSNR = 30.29 dB, RT =
10.67 s); (d) ONDOA (PSNR = 30.57 dB, RT = 13.26 s); (e) IBM3DA
(PSNR = 30.84 dB, RT = 26.43 s); (g) MP-DCNNA (PSNR = 31.06 dB,
RT = 33.25 s); (f) NCCSTA (PSNR = 31.46 dB, RT = 12.56 s); (h) ISST
algorithm (PSNR = 31.68 dB, RT = 12.54 s)

seen from the experimental results, CSMTVA loses more details and the reconstructed
image contains a small amount of noise information in terms of visual quality. Compared
with CSMTVA, other algorithms can obtain better visual quality of the reconstructed
moon image. As far as PSNR is concerned, ISST algorithm can achieve relatively higher
PSNR than the other five comparison algorithms. The enlarged local image in Fig-
ures 2(c)-2(h) demonstrate that IBM3DA, MP-DCNNA, NCCSTA and ISST algorithm
outperform other comparison algorithms in protecting astronomical image details, and
the craters are clearly visible on the surface of the moon. In addition, compared with
MP-DCNNA, IBM3DA and NCCSTA, ISST algorithm can yield relatively satisfactory
reconstruction results with less reconstruction time. From the comprehensive analysis,
the denoising and reconstruction performance of ISST algorithm is superior to that of the
other algorithms.
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Setting the noise standard deviations σ unchanged, PSNR and RT from different algo-
rithms are respectively compared in Figures 3(a) and 3(b), which show that the recon-
struction ability of various algorithms is gradually improved with the increase of κ while
the reconstruction time consumed by different algorithms increases rapidly. Compared
with other algorithms, ISST algorithm can obtain relatively higher PSNR under different
values of κ. In case of RT, RT consumed by ISST algorithm and NCCSTA is very close,
which is lower than that of other comparison algorithms with the exception of CSMTVA.
Suppose the PC memory used in the experiment is increased, the reconstruction time
taken by different algorithms will be further shortened. Through the comprehensive anal-
ysis of Figure 3, the proposed ISST algorithm proposed can take less time to get superior
reconstruction performance.
Under the condition of the certain κ, Figures 4(a) and 4(b) respectively show recovery

error and PSNR versus the noise standard variation σ, which demonstrate that as σ
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Figure 3. The reconstructed results from different algorithms: (a) com-
parison of PSNR from variance algorithms; (b) comparison of RT from
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increases, ISST algorithm can obtain relatively lower recovery error and higher PSNR
compared with other algorithms. As can be seen from Figure 3 and Figure 4, the higher
κ and the lower σ, the better the denoising and reconstruction performance of ISST
algorithm. In the case of the guarantee of the reconstruction quality of astronomical
image, ISST algorithm can give full play to its advantages when κ > 0.2 and σ < 45.

Figure 5 shows the performance of different algorithms on 2048 × 2048 Jupiter image
at σ = 25 and κ = 0.1. In the case of lower CSR, the PSNR gap from various algorithms
is relatively smaller. However, ISST algorithm still can get higher PSNR and visual
quality than that of other algorithms in relatively short reconstruction time. ONDOA
and CSMTVA lose more image information, and other algorithms still can obtain rela-
tively better visual quality. The local amplification of images in Figures 5(c)-5(h) show

(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 5. The reconstructed Jupiter images from different algorithms: (a)
original image; (b) noisy image; (c) CSMTVA (PSNR = 29.17 dB, RT =
7.36 s); (d) ONDOA (PSNR = 30.16 dB, RT = 8.54 s); (e) IBM3DA (PSNR
= 30.18 dB, RT = 15.96 s); (f) MP-DCNNA (PSNR = 30.29 dB, RT =
18.01 s); (g) NCCSTA (PSNR = 30.43 dB, RT = 9.19 s); (h) ISST (PSNR
= 30.93 dB, RT = 9.16 s)
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that ISST algorithm can effectively remove noise hidden in astronomical image feature
information, and preserves more image detailed information.
κ is set as 0.3, MI and TEI obtained by different algorithms with the increase of σ are

compared in Figure 6. The simulation results in Figure 6(a) show that ISST algorithm can
get higher MI than that of other compared algorithms, which means that ISST algorithm
can recover more astronomical image information. The objection criteria in Figure 6(b)
imply that the proposed ISST algorithm can reconstruct more image edge information
than other algorithms.
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Figure 6. The reconstructed results from different algorithms: (a) com-
parison of MI from variance algorithms; (b) comparison of TEI from vari-
ance algorithms

Setting the above parameter value unchanged, SSIM and RLNE versus σ shown in
Figure 7 demonstrate that ISST algorithm can obtain relatively higher SSIM and lower
RLNE than that of other algorithms. In other words, the structure in the recovery image
reconstructed by ISST algorithm is most similar to that of the original clear astronomical
image.
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Figure 7. Comparison of (a) SSIM and (b) RLNE of different algorithms
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From the evaluation indexes in Figures 6 and 7, it can be seen that ISST algorithm
can obtain more accurate image data, and effectively protect the detailed information of
astronomical image.

To prove the effectiveness of ISST algorithm, more high noise astronomical images are
tested. We set σ as 25, PSNR obtained by various algorithms is shown in Table 1. In ad-
dition, Table 2 shows PSNR from different algorithms under κ = 0.3. It can be seen from
Tables 1 and 2 that ISST algorithm still can obtain better superior reconstruction ability
for different high noise astronomical images, which effectively proves the effectiveness of
the proposed ISST algorithm for high noise astronomical image denoising. Even in lower
κ condition, ISST algorithm still can achieve higher PSNR.

Table 1. PSNR from various algorithms versus κ

Image Algorithm
κ

0.1 0.2 0.3 0.4 0.5 0.6

Jupiter

CSMTVA 29.17 29.85 30.31 31.26 33.41 33.62
ONDOA 30.16 30.21 30.56 31.87 33.67 33.87
NCCSTA 30.43 30.78 31.19 32.06 34.03 35.24
ISST 30.93 31.28 31.42 32.36 34.53 35.73

Saturn

CSMTVA 28.26 29.34 30.46 31.18 33.28 34.13
ONDOA 29.25 29.68 30.68 32.06 33.59 35.26
NCCSTA 30.12 30.28 31.65 32.78 34.12 35.57
ISST 30.46 30.86 32.05 33.09 34.87 36.11

Mars

CSMTVA 29.33 29.74 30.15 31.43 32.54 33.29
ONDOA 29.67 30.15 31.14 32.19 33.28 35.03
NCCSTA 30.05 30.65 32.18 33.68 35.24 36.53
ISST 30.25 31.06 32.49 34.12 35.69 36.83

Table 2. PSNR versus σ

Image Algorithm
σ

25 30 35 40 45 50

Jupiter

CSMTVA 30.31 29.15 27.26 25.53 22.48 19.76
ONDOA 30.56 29.86 27.58 26.17 23.07 20.73
IBM3DA 30.87 30.43 28.15 26.76 23.49 20.97

MP-DCNNA 31.06 30.74 29.32 27.34 24.25 22.36
NCCSTA 31.19 30.85 29.64 28.25 26.33 25.73
ISST 31.42 31.04 30.29 29.17 26.86 26.43

Saturn

CSMTVA 30.46 30.01 27.25 25.33 23.16 20.42
ONDOA 30.68 30.14 27.68 25.76 24.21 23.19
IBM3DA 30.94 30.35 28.39 26.18 25.19 24.09

MP-DCNNA 31.28 30.72 29.69 26.85 27.13 25.86
NCCSTA 31.65 31.16 30.37 28.29 27.48 26.84
ISST 32.05 31.63 30.85 29.03 27.89 26.98

Mars

CSMTVA 30.15 28.68 26.33 24.67 22.73 19.59
ONDOA 31.14 30.76 28.01 25.33 23.62 20.42
IBM3DA 31.76 31.03 30.46 26.12 24.17 22.33

MP-DCNNA 32.01 31.25 30.66 27.37 25.16 22.65
NCCSTA 32.18 32.06 31.15 30.24 28.83 26.45
ISST 32.49 32.17 31.35 30.46 29.15 27.29
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To study the recovery ability of ISST algorithm for the local characteristic information
in astronomical image, a 1024 × 1024 astronomical local feature image is taken from
5120×3840 original noisy moon image. The reconstructed results from different algorithms
when κ = 0.3 and σ = 25 are shown in Figure 8. The similar results can be obtained
that ISST algorithm can preserve more details, and obtain high quality reconstructed
astronomical image. In other words, the ISST algorithm can effectively select the image
internal information from high noise astronomical image.

(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 8. The reconstructed images from different algorithms: (a) original
image; (b) noisy image; (c) CSMTVA (PSNR = 32.33 dB, RT = 6.32 s); (d)
ONDOA (PSNR = 33.26 dB, RT = 7.98 s); (e) IBM3DA (PSNR = 34.35
dB, RT = 23.29 s); (f) MP-DCNNA (PSNR = 33.82 dB, RT = 25.26 s); (g)
NCCSTA (PSNR = 35.18 dB, RT = 7.34 s); (h) ISST algorithm (PSNR =
35.24 dB, RT = 7.36 s)

In conclusion, it can be seen from the above analysis that ISST algorithm can effectively
solve the denoising problem of high noise astronomical image, which can preserve more
astronomical image details and textures, and recover a high quality astronomical image
from high noise observations.
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5. Conclusions. In this article, a simple and effective ISST algorithm which joints an
adaptive starlet thresholding operator and an optimized starlet BayesShrink thresholding,
is proposed to address the denoising problem of high noise astronomical image. The
proposed ISST algorithm contains two astronomical image data filtering processes. For
the first time, the proposed adaptive starlet thresholding operator is used to select the
starlet wavelet coefficients in astronomical image starlet sparsity transform, which can
remove most noise information. The second time, we use the optimized BayesShrink
thresholding to select the reconstructed astronomical image data in each iteration, which
can effectively remove the noise information hidden in the details. In addition, to fully
consider the texture and details of astronomical images, an improved CS recovery model
combining with l1 norm model and FRTV model is established. The experimental results
demonstrate the effectiveness of the proposed ISST algorithm, which can reconstruct high
quality astronomical images and preserve more astronomical image details and texture.
The proposed algorithm can be applied in deep space exploration for rapidly recovering
clear astronomical images from high noise astronomical images.

In the future work, we will further reduce the reconstruction time taken by the ISST
algorithm. In the meantime, we will also further study new denoising reconstruction
methods for solving the problem of high noise astronomical image denoising.
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