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Abstract: In ground-based astronomical observations or artificial space target detections, images
obtained from a ground-based telescope are severely distorted due to atmospheric turbulence. The
distortion can be partially compensated by employing adaptive optics (pre-detection compensa-
tion), image restoration techniques (post-detection compensation), or a combination of both (hybrid
compensation). This paper focuses on the improvement of the most commonly used practical post-
processing techniques, Richardson–Lucy (R–L) iteration blind deconvolution, which is studied in
detail and improved as follows: First, the total variation (TV) norm is redefined using the Gaussian
gradient magnitude and a set scheme for regularization parameter selection is proposed. Second,
the Gaussian TV constraint is proposed to impose to the R–L algorithm. Last, the Gaussian TV R–L
(GRL) iterative blind deconvolution method is finally presented, in which the restoration precision is
visually increased and the convergence property is considerably improved. The performance of the
proposed GRL method is tested by both simulation experiments and observed field data.

Keywords: space target imaging; blind deconvolution; total variation regularization; Richardson–
Lucy iteration

1. Introduction

Adaptive optics image restoration [1] is a key post-processing task in ground-based op-
tical imaging of space targets [2]. Among all the restoration methods based on single or mul-
tiple frame images including speckle imaging [3], wave-front sensing deconvolution [4,5],
blind deconvolution [6,7], and phase difference [8], the blind restoration method is consid-
erably convenient and flexible. In this method, observation source data can be processed
independently of telescope equipment; therefore, there has always been a focus on the
processing and analysis of space target photoelectric detection data, and this method has
successfully been used to carry out image restoration for many large ground-based tele-
scope systems. In some cases, this method can even achieve preferable restoration of target
images under strong turbulence conditions [9,10].

In the application field of adaptive optics image restoration, current research on
blind deconvolution technology mainly focuses on imposing more effective constraints
to improve the convergence property and convergence speed of the algorithm. These
works [11,12] are all based on the Bayesian inference framework. At the same time, blind
restoration methods have been one of the very important basic research directions in the
more general field of natural image processing. In recent years, blind restoration methods
for adaptive optics images can be classified into several categories: the Bayesian inference
framework [13,14], variational and partial differential equations (VPDE) [15,16], sparse
representation [17,18] and deep learning [19,20]. Blind restoration of ground-based optical
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images for space targets is traditionally based on classic iterative methods derived from
noise model statistics under the Bayesian inference framework. Although researchers
have carried out preliminary research on adaptive optics image blind restoration methods
using VPDE, sparse representation or deep learning techniques, the published literature
shows that the restoration effectiveness of these methods was practically demonstrated for
field data.

Due to the intractability of the blind recovery problem and the stochastic nature of
the imaging scene, blind recovery methods based on Bayesian frameworks, VPDE, sparse
representations, or deep learning are not well generalized. The research work in the field of
ground-based adaptive optics image blind recovery for both space point and extended tar-
gets still focuses on improving the recovery performance by imposing physical constraints
in a Bayesian framework. VPDE image processing techniques have achieved significant
research progress in recent years, providing good results in the application fields of image
restoration, segmentation, reconstruction, recognition and analysis. In particular, image
post-processing and analysis techniques based on the total variation (TV) model [21,22]
have shown certain advantages in the field of photoelectric imaging detection.

This paper takes the total variation minimization as the improved post-processing
framework, and combines the characteristics and demands of ground-based photoelectric
detection, then focuses on addressing the deficiencies of the most commonly used blind
deconvolution algorithm, the classical Richardson–Lucy (RL) iteration [23,24]. This work
conducts research on the definition of the Gaussian total variation norm, the selection of the
regularization parameter, and the improvement of the convergence performance of the RL
iteration. The rest of this paper is organized as follows: Section 2 describes the definition
of the Gaussian total variation norm and the minimization model, and introduces a set
scheme for regularization parameter selection. Section 3 presents the proposed Gaussian
total variation constrained Richardson–Lucy iterative blind deconvolution algorithm, and
gives the flow of algorithm execution. Section 4 demonstrates the performance of our
method by simulated experiments, and deconvolution results of three synthetic space
targets with typical structures are analyzed. Section 5 draws a conclusion of this work.

2. Gaussian Total Variation Constrained Regularization Methods
2.1. Definition of Gaussian Total Variation Norm

Among the image restoration methods based on VPDE, the TV minimization model
proposed by Rudin et al. [25] has attracted most attention due to its good edge-preserving
properties, which provide considerable advantages in restoration problems such as de-
noising, deblurring and patching. The TV parameter of the image u(x, y) is defined as the
integral of the gradient magnitude of the image, i.e.,

TV(u) =
x

Ωu
|∇u|dxdy =

x

Ωu

√
ux 2 + uy 2dxdy (1)

where Ωu is the support domain of image u, and the gradient of the image is the derivative
with respect to the horizontal and vertical direction variables x, y, expressed by the gradient
operator ∇u = (∂u/∂x, ∂u/∂y) =

(
ux, uy

)
. |∇u| denotes the gradient magnitude of an

image defined by
∣∣∣∇u

∣∣∣= √ux 2 + uy 2 .
The diffusion operator of the TV regularization recovery method can control its dif-

fusion only along the tangential direction of the edges. Therefore, the target details can
be recovered. However, in flat regions, the diffusion along the orthogonal direction of the
gradient is likely to result in false edges. To mitigate this problem, we propose the Gaussian
TV norm in this paper. Compared with the TV norm that is defined based on the forward
finite difference gradient operators, the Gaussian TV norm defines the gradient of an image
based on the Gaussian smooth gradient operators [26] Gx and Gx as follows:

Gd =
∂

∂d
g(x, y|σ ) = − d

σ2
1

2πσ2 exp
(
− x2 + y2

2σ2

)
(2)
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where d ∈ {x, y} represents the horizontal and vertical directions, and g(x, y|σ ) is a
Gaussian function with scale parameter σ. After using the Gaussian gradient operator,
based on the definition of TV in continuous space, the Gaussian TV (GTV) norm presented
in this paper is defined as

GTV(o) = ∑
x,y

|∇Go| = ∑
x,y

√
(Gx ⊗ o)2 + (Gy ⊗ o)2 (3)

where ∇G denotes the Gaussian gradient, and o is the target image. In this way, the
anisotropic diffusion operator (ADO) corresponding to the Gaussian TV norm becomes

ADOGTV(o) = −∇ ·
(

∇Go
|∇Go|

)
(4)

with its diffusion coefficient |∇Go|−1. The use of first-order Gaussian partial derivatives
to define the TV norm has two advantages over the finite difference operators: First, the
Gaussian smoothed gradient operation can pre-suppress parts of the noise, reducing the
possibility of mistakenly treating the noise as image edges in the flat region, whereas the
finite difference operators amplify the noise. Second, the gradient magnitude of Gaussian
(GMG) |∇Go| can remove a large amount of image space redundancy and extract the edge
information such as lines and corners more accurately. Consequently, |∇Go|−1 can more
accurately control the diffusion behavior during the iterative solving process.

2.2. The Gaussian Total Variation Minimization Model

For the space target ground-based adaptive optics imaging model, the real image
of the target o(x) becomes a degraded focal plane observation i(x) after the action of the
degradation function h(x) and the imaging noise n(x), i.e.,

i(x) = (h ⊗ o)(x) + n(x) (5)

where x = (x, y) denotes the space coordinate of the image, h(x) represents the point
spread function (PSF), and ⊗ is a two-dimensional convolution operation.

The basic idea of the blind recovery algorithm based on the TV method is to transform
the ill-posed inverse problem into a well-posed benign problem by adding additional
constraints on the target image and the point spread function. The basic framework for its
solution is to minimize the energy functional. For the above imaging model, the TV energy
functional can be achieved by adding the TV constraints on the target image [21]:

JTV(o) = F(h ⊗ o) + γTV(o) (6)

where F(h ⊗ o) is the data fitting term associated with the noise statistical model, and γ
is the regularization parameter that is generally referred to as the inverse of the Lagrange
multiplier. Considering the commonly used Gaussian noise model as an example, the
specific form of the above equation is as follows:

JTV(o) =
x

Ω
(h ⊗ o − i)2dxdy + γ

x

Ω
|∇o|dxdy (7)

For this expression, the Euler–Lagrange equation for the TV minimization energy
functional [21] is

h− ⊗ (h ⊗ o − i)− γ ∇ ·
(

∇o
|∇o|

)
= 0 (8)
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where ∇ · (s) = div(s) = ∂s/∂x + ∂s/∂y is the divergence operator. The energy functional
of our Gaussian TV blind deconvolution method is obtained by applying the Gaussian TV
constraint to the TV minimization model as follows:

JGTV(o) = ∑
x,y

[(h ⊗ o − i)T(h ⊗ o − i)] + γ∑
x,y

√
(Gx ⊗ o)2 + (Gy ⊗ o)2 (9)

where the superscript T denotes the matrix transposition. So the diffusion equation for the
target image evolution under this energy functional is

∂o
∂t

= −h− ⊗ (h ⊗ o − i) + γ ∇ ·
(

∇Go
|∇Go|

)
(10)

where h− = h(−x). This diffusion equation is derived based on the Euler–Lagrange
equation for the energy functional of the TV minimization. Further details of this derivation
will not be provided here due to some general mathematical treatments.

2.3. Determination of Gaussian Total Variation Regularization Parameters

Based on the previous research progress about the selection of regularization parame-
ters, Gong et al. [27] proposed a systematic model for the construction of TV regularization
parameters. It is given as

γ(x, y) = γ0 · f [β · EI(x, y)] (11)

where γ0 is a preset intensity factor, f (·) is a monotonically decreasing constructor, β is a
positive constant used for adjusting the intensity of γ0, and EI(·) is a non-negative edge
measure function. It can be gathered that although (11) provides a general model for the
selection of the TV regularization parameters, it is still not straightforward to determine γ0,
f (·) and EI(·).

For the regularization parameter selection problem of the TV blind recovery method
for space target ground-based optical images, followed by the above combined model of
Equation (11), three specific parameter determination strategies are proposed: (1) The value
of γ0 should be gradually reduced during the iterative process in order to avoid the trivial
solution as much as possible; (2) an easy-to-handle expression of f (s) = 1/(1 + s) is used
to ensure that the constructor f (·) is a monotonically decreasing convex function within
the [0, +∞) interval; (3) it is proposed to utilize the second-order Gaussian derivatives, i.e.,
the Laplacian of Gaussian (LoG) operator, to construct the edge measure function EI(·).
The LoG is defined as follows [28]:

LoG = ∂2

∂x2 g(x, y|σ ) + ∂2

∂y2 g(x, y|σ )

= x2+y2−2σ2

σ4
1

2πσ2 exp
(
− x2+y2

2σ2

) (12)

In this way, the edge measure function can be expressed as EI(s) = abs(LoG ⊗ s),
where abs(·) computes the absolute value of the matrix elements to ensure the non-negative
property of the edge measure. The LoG operator is proposed for the edge metric com-
putation due to the following reasons: First, LoG filtering can reveal the key structural
information at the zero-crossing point of the image, which is widely used in the semantic
structure representation of the image. Second, the flat region of the space target ground-
based images includes not only the flat region of the target in the general sense, but also
the background of the deep space. The values of the parameters within the flat region
should be distinguished and, therefore, from the perspective of adaptive selection, the LoG
operation should be used to calculate the edge metric function instead of the first-order
gradient operator.

Combining the above three selection strategies, the final regularization parameter
calculation method is obtained as
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γG(x, y) =
γ0

1 + β · abs[LoG ⊗ o(x, y)]
(13)

where γ0 decreases gradually as the iterations increase, which can be handled in practice
by varying it as γk+1

0 = 0.99γk
0 or other simple methods.

3. Gaussian Total Variation Constrained Richardson–Lucy Iterative Blind Deconvolution
3.1. Richardson–Lucy Iterative Blind Deconvolution

The Richardson–Lucy iterative blind deconvolution (RL-IBD) method is a synthesis
of the iterative blind deconvolution (IBD) algorithm and the non-blind Richardson–Lucy
deconvolution algorithm. The spatial and frequency domain expressions of the imaging
model given by (5) are rewritten as{

i(x, y) = h(x, y)⊗ o(x, y) + n(x, y)
I(u, v) = H(u, v)Θ(u, v) + N(u, v)

(14)

where I, H, Θ, N represent the Fourier space of the observed image, the degraded PSF, the
real target image and the noise term, respectively. The principle of the IBD algorithm can
be summarized as follows: Starting from the initial estimate ô0 of the target image, the
algorithm iterates alternately in spatial and Fourier frequency domains. Physical constraints
are imposed on the target image and the point spread function in the spatial and frequency
domains, respectively, until the predefined number of iterations is reached. The principle
of the algorithm is based on the maximum likelihood estimation under the Poisson noise
model of the image, i.e., the main noise in the image is considered to be photon noise, and
the target image is estimated using ô = arg maxp(i|o) . The iterative estimation formula
can be written [23,24] as follows:

ok+1 =

(
i

h ⊗ ok ⊕ h
)
· ok (15)

where ⊕ denotes the correlation operation, and “·” represents dot multiplication. The R–L
algorithm has two properties that are useful for image restoration: (1) The R–L iterative
process can maintain the non-negativity of the image grayscale, and (2) the sum of the
intensity of all the pixels of the image remains unchanged during the iterations.

3.2. Gaussian Total Variation Constrained RL-IBD Blind Deconvolution Algorithm

The execution of the RL-IBD algorithm is based on the IBD framework, which is simple
in design and easy to handle. However, the iterative formula derived from the maximum
likelihood estimation does not incorporate regularization constraints on the target image.
Consequently, the stability and convergence of the algorithm are not guaranteed when
dealing with the inverse problem of blind image recovery. It is possible that the recovery
results completely consist of amplified noise when the number of iterations is large. On
the other hand, the RL-IBD algorithm sharpens the image during its execution process;
therefore, the gray value of the edge region increase in the early stage of the iteration.
However, since the algorithm ensures that the sum of the gray values of the image remains
unchanged, the gray values of the flat region are reduced that cause the image to darken
visually. This phenomenon continues over a large number of iterations, meanwhile, the
noise is severely amplified for a very high number of iterations.

Therefore, the iterative process should be terminated before the edge regions of the
image reach a certain degree of clarity and the noise is amplified. The design of the RL-IBD
algorithm does not automatically determine the termination condition. The gray values
of the flat regions of the image become smaller during the early and middle stages of
the algorithm execution because of the edge sharpening. Thus, it is possible to apply the
Gaussian TV constraints proposed in the previous section to the image so that the gradient
of the edge regions or the overall gradient of the image do not increase too fast, which
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makes the image deblurring process smoother. The objective functional of the RL-IBD
algorithm after adding the Gaussian TV constraint is defined as:

JGRL(o) := JRL(o) + JGTV(o)
= ∑

x,y
(−i log(h ⊗ o) + h ⊗ o) + γGRL ∑

x,y
|∇Go| (16)

where γGRL is the regularization parameter that balances the likelihood and constraint
terms. Minimization of (16) using a gradient-based numerical optimization algorithm is
equivalent to employing a penalized likelihood expectation maximization algorithm. This
requires the computation of the partial derivatives of the objective function with respect to
the image and the PSF as follows:

∂JGTV(o)
∂o

= −γGRL∇ ·
(

∇Go
|∇Go|

)
(17)

Combining the R–L algorithm with (17) will result in the following expression by
searching for the solution of equation ∂JGRL(o)/∂o = 0:(

i
h ⊗ ok ⊕ h

)
· 1

1 − γGRL∇ ·
(

∇Gok

|∇Gok|

) = 1 (18)

where ok is the image estimation at the kth iteration. Multiplying both ends of the equation
simultaneously by ok, and using the Picard iteration principle, the target image iteration
formula of the Gaussian TV constrained R–L algorithm can be obtained as:

ok+1 =

(
i

h ⊗ ok ⊕ h
)
· ok

1 − γGRL∇ ·
(

∇Gok

|∇Gok|

) (19)

Finally, similar to the treatment of PSF estimation in the RL-IBD algorithm, substitut-
ing both the target image and the PSF estimation into the IBD framework, the iterative
computational formulation of the Gaussian total variation constrained RL-IBD algorithm
(GRL algorithm) proposed in this section is given as follows:

hk+1 =
(

i
hk⊗ok ⊕ ok

)
· hk

ok+1 =
(

i
hk+1⊗ok ⊕ hk+1

)
· ok

1−γGRL∇·
(

∇Gok

|∇Gok|

) (20)

The regularization parameter γGRL is selected according to the strategy proposed in
the previous section. To maintain the computational efficiency, the correlation as well as
convolution operations involved in the GRL algorithm proposed in this section are realized
in the Fourier domain. The final hybrid iterative formula corresponding to the above
equation is: 

hk+1 = hkF−1
[
Θ∗

kF
(

i
F−1(HkΘk)

)]
ok+1 = ok

1−γGRL∇·
(

∇Gok

|∇Gok|

)F−1
[

H∗
k+1F

(
i

F−1(Hk+1Θk)

)] (21)

where F and F−1 represent the Fourier transform and its inverse transform, respectively,
Θ∗ and H∗ represent the complex conjugate of Θ and H, respectively. The algorithm is
terminated when the number of outer iterations reaches a predefined limit or the relative
error of the successive estimations (RESE) between two neighboring iterations is less than a
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predefined value. The selection of the initial value of the target image and the point spread
function is similar to the selection of the initial value of the RL-IBD algorithm.

The key feature of the GRL iterative blind deconvolution algorithm is that the Gaussian
TV norm constraints are imposed during the iterations over the target image. Compared
with the existing regularization recovery methods based on VPDE, the algorithm’s compu-
tational complexity is significantly less. However, a larger number of iterations are needed
for convergence, which is attribute to that the GRL iterative blind deconvolution algorithm
is still based on the simple IBD framework. At the same time, compared with the classical
RL-IBD algorithm, the maximum penalized likelihood estimation makes the deblurring
process smoother by adding effective regularization constraints. This sharpens the edges of
the image without excessively suppressing the grayscale values of the smoothed regions.
Algorithm 1 shows the execution steps of the entire GRL iterative blind deconvolution
algorithm, where the superscripts of the image o and PSF h represent the inner iteration,
and the subscripts represent the outer iteration.

Algorithm 1. GRL iterative blind deconvolution algorithm

Initialization: h0, γ0
GRL, K, E∞, AF0

o , AF0
h , k = 0

Input: i → o0
While k ≤ K do

m = 1; AFh = AF0
h ; h1 = hk;

For m ≤ AFh
hm+1 = HGRL(hm, ok); AFh = AFGRL(hm+1, ok, E∞); m = m + 1;

End
hk+1 = hm+1; n = 1; AFo = AF0

o ; o1 = ok;
For n ≤ AFo

γn
GRL = γGRL(γ

0
GRL, on); on+1 = OGRL(on, hk+1, γn

GRL);
AFo = AFGRL(hk+1, on+1, E∞); n = n + 1;

End
ok+1 = on+1; k = k + 1;

End
Output: ô = ok+1; ĥ = hk+1

The above AF0
o , AF0

h denote the asymmetric factors [29] of estimated image and
PSF, respectively. E∞ is an empirical guess of the energy ratio between actual PSF and
sharp target image. The idea of asymmetric iteration from Biggs [29] is also adopted in
our method, since the number of inner iteration for PSF is a little bigger than that for
the estimated image at the beginning of iteration. The flow chart of our proposed GRL
deconvolution algorithm is illustrated by Figure 1.
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4. Simulation Results and Analysis

The recovery results of space target optical images are evaluated through the accuracy
and stability of the presented algorithms. In this section, the performance of the GRL
iterative blind deconvolution algorithm will be tested against the RL-IBD algorithm via
simulation experiments. The atmospheric turbulence degraded images are simulated based
on the Zernike polynomials and Kolmogorov Spectra inversion methods [30,31]. The short
exposure imaging was set to adjust the frozen flow hypothesis, and the adaptive optics
was also used for tip/tilt compensation in simulation, more high-order aberrations were
not corrected in simulated images. The random Gaussian and Poisson noise with 5~40 dB
noise intensity were simultaneously added to the observed images. The recovery accuracy
is verified by the commonly used Normalized mean squared error (NMSE) metric, which
is defined as NMSE(k) = ||ôk − odl ||2/||odl ||2 with ôk is the deconvolution output of the
kth iteration, and odl denotes the diffraction limited image. The stability of the iterative
deconvolution process is verified by ERDB (Energy ratio of de-blurred and blurred image)
metric with the expression [32,33] of

ERDB(k) = ∑ ôk
2

∑ i2
(22)

where i is the observed single frame blurred input. The ERDB metric can measure the
fluctuation of image total energy during the iteration.

Three simulation images with typical space target structures are selected for the
experiments: The first one (T1) has an obvious antenna structure, the second one (T2)
has distinct solar panel structures and the third one (T3) has the characteristics of a space
vehicle. The diffraction limited images with a 1.2 m-diameter telescope of the three targets
are shown in Figure 2.
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Figure 2. Simulation of three typical space target diffraction limited images.

Figures 3–8 compare the recovery results of the simulation targets T1, T2 and T3, as well
as the NMSE and ERDB results versus the number of iterations. The turbulence intensities
used to simulate the blur in T1, T2 and T3 images are D/r0 = 10, 8, 15, respectively. The
initial value of the regularization parameter is set to 0.05 for the GRL algorithm and the
results are shown up to 1000 iterations. The time taken in minutes for the recovery of the
three images is as follows: T1 [1.9535, 2.2097], T2 [2.4604, 2.6439], and T3 [1.1041, 1.3158],
where the first entry in parentheses is the time consumption of the RL- IBD algorithm, and
the second entry is that of the GRL algorithm. The computing environments used Windows
7+MATLAB 7.12, Intel i7 2.8 GHz CPU and 16 GB RAM.

From the visual point of view, the recovery results of the GRL algorithm are more
detailed compared with the RL-IBD results, referring to the diffraction limited images. The
edge shapes of the T1 target antenna and body, the detailed textures of solar panel and
connecting units of the T2 target, as well as the tail region shape and structure of the T3
target are more accurately recovered.



Photonics 2024, 11, 576 9 of 13Photonics 2024, 11, x FOR PEER REVIEW 10 of 15 
 

 

 
Figure 3. Comparison of simulated T1 target recovery results. 

 
Figure 4. T1 target recovery results in terms of NMSE and ERDB. 

 
Figure 5. Comparison of simulated T2 target recovery results. 

Figure 3. Comparison of simulated T1 target recovery results.

Photonics 2024, 11, x FOR PEER REVIEW 10 of 15 
 

 

 
Figure 3. Comparison of simulated T1 target recovery results. 

 
Figure 4. T1 target recovery results in terms of NMSE and ERDB. 

 
Figure 5. Comparison of simulated T2 target recovery results. 

Figure 4. T1 target recovery results in terms of NMSE and ERDB.

Photonics 2024, 11, x FOR PEER REVIEW 10 of 15 
 

 

 
Figure 3. Comparison of simulated T1 target recovery results. 

 
Figure 4. T1 target recovery results in terms of NMSE and ERDB. 

 
Figure 5. Comparison of simulated T2 target recovery results. Figure 5. Comparison of simulated T2 target recovery results.

The RL-IBD recovery framework combined with the Gaussian TV constraint presents
more refined results by subjective assessment. It can be said that the Gaussian total variation
constraint brings visual improvement of the recovery results, especially for the target edge
region. Meanwhile, the time consumption of the algorithm after imposing the Gaussian TV
constraint only increases by about 10% compared with the RL-IBD algorithm.

The NMSE and ERDB results of the three targets show that the RL-IBD deconvolution
algorithm is always non-convergent. It sharpens the image after a certain number of
iterations while continuously amplifying the noise. However, our GRL algorithm proposed
in this work can guarantee the basic convergence property of the deconvolution process,
and the experimental results show that it exhibits significantly improvement of convergence
behavior. For moderate atmospheric turbulence intensity, i.e., a D/r0 value of around 12,
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the GRL algorithm can ensure that the deconvolution output results become steady after
approximately 400 iterations.
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The NMSE values between the iterative outputs and the diffraction-limited images in
the experiments are maintained below 0.08, and the ERDB values no longer fluctuate with
increasing iterations. This behavior indicates that the gradient of the edge region increases



Photonics 2024, 11, 576 11 of 13

while the overall image energy does not decrease considerably during the deconvolution
process. However, the RL-IBD algorithm starts to become unstable after approximately
400 iterations at medium turbulence intensity, which is primarily attributed to that the
unconstrained sharpening of the edge regions severely suppresses the gray intensity values
of the flat regions in the image as the iteration going on. The image energy continuously
decreases within a certain period, which can also be observed from the restoration results
of the T1 and T2 targets in Figures 3 and 5, respectively. It seems that the recovery results
obtained by RL-IBD algorithm are visually darker than our GRL algorithm.

Further, the performance of the post-processing methods under different atmospheric
turbulence intensities should also be considered. Figure 9 shows the recovery results
obtained using the GRL and RL-IBD algorithms with different turbulence strengths. Note
that the RL-IBD algorithm selects the outputs before the noise is amplified. An obvious
improvement of the image sharpness can be seen from the NMSE values by our GRL
algorithm under different turbulence conditions. This improvement occurs due to the
addition of the Gaussian TV constraints. It can be noted from the figure that the GRL algo-
rithm performs better accuracy for recovering degraded images with weak and moderate
turbulence intensity from D/r0 = 6 to D/r0 = 20.
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5. Conclusions and Discussion

This paper proposed an improved Richardson–Lucy iterative blind deconvolution
algorithm for ground-based space targets adaptive optics images restoration. The main
contributions of this work are as follows: First, a Gaussian gradient-based TV norm was
defined, and a set of regularization parameter selection strategies was presented. This was
subsequently used to propose a Gaussian TV regularized blind deconvolution algorithm.
Second, we proposed to incorporate Gaussian TV constraints into the original RL-IBD algo-
rithm, and then resulting in the Gaussian TV constrained RL-IBD blind recovery method.

The TV regularization method has high recovery accuracy and is theoretically conver-
gent; however, it is computationally intensive and requires a large amount of time to reach
the steady-state solution. On the other hand, the RL-IBD method has a simple design and
is easy to deal with, but its recovery process is unstable and requires human intervention.
The proposed algorithm combined the respective advantages of these methods to overcome
their shortcomings. We verified the performance of our proposed algorithm by three sets
of simulation experiments. It was experimentally verified to be effective in terms of accu-
racy, stability, and computational efficiency, and could recover qualified images degraded
under less than moderate turbulence strengths. For image recovery with strong turbulence
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conditions, wave-front measurement data can be derived for estimating high-precision a
priori information of the point spread function before deconvolution, which would be the
future research work.

Author Contributions: Conceptualization, S.G. and Y.L. (Yi Lu); methodology, S.G. and Y.L. (Yi Lu);
software, Y.L. (Yibin Li); writing—original draft preparation, S.G.; writing—review and editing, Y.L.
(Yi Lu); visualization, Y.L. (Yibin Li); funding acquisition, S.G. All authors have read and agreed to
the published version of the manuscript.
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