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Abstract: Aiming at the motion blur restoration of large-scale dual-channel space-variant images,
this paper proposes a dual-channel image deblurring method based on the idea of block aggregation,
by studying imaging principles and existing algorithms. The study first analyzed the model of
dual-channel space-variant imaging, reconstructed the kernel estimation process using the side prior
information from the correlation of the two-channel images, and then used a clustering algorithm
to classify kernels and restore the images. In the kernel estimation process, the study proposed
two kinds of regularization terms. One is based on image correlation, and the other is based on the
information from another channel input. In the image restoration process, the mean-shift clustering
algorithm was used to calculate the block image kernel weights and reconstruct the final restored
image according to the weights. As the experimental section shows, the restoration effect of this
algorithm was better than that of the other compared algorithms.

Keywords: deconvolution; deblur; dual-channel

1. Introduction

During the imaging process, atmospheric disturbances, camera aberrations, and rela-
tive motion can all cause blurred images and degrade the image quality. To eliminate the
adverse effects of these factors, the current mainstream deblur algorithms mainly use the
idea of deconvolution to restore a blurred image. The common single-image deblurred
algorithms usually use the image information provided by the recovered image itself to
estimate the blur kernel, and the prior information of this estimation algorithm mostly
consists of the statistical results of general image features, such as intensity distribution,
transform domain features, etc. Fergus et al. proposed a blind deblurring algorithm based
on the statistical results of image gradients in 2006 [1], and Levin et al. proposed a method
based on sparse gradients in 2007 [2]. At present, similarly to single image blind deblur
methods, the algorithm is based on the variational Dirichlet, proposed by Xu et al. in 2015.
The Xu method has a good restoration effect [3]. Most of the current methods for single
image restoration that use blind deconvolution are based on the basic ideas of the above-
mentioned two algorithms from [1,2], which use the statistical features of the image’s sparse
characteristics in the intensity distribution for kernel estimation. The abovementioned blind
deblur algorithms for single images have a better performance in deblurring (example:
shape and detail) for cases where the features of the recovered image and the selection of
the prior information are relatively close; for example, the image intensity distribution and
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the statistical prior distribution are in the same heavy-tailed distributions [1]. However, the
larger the difference between the distributions, the worse the effect of recovery is. There-
fore, the method of obtaining more targeted image information, which would improve the
deblur restoration effect, is the main research direction for blind deconvolution algorithms
at present.

With the advancement of technology, current imaging devices, such as smartphones
and civilian drones, are usually equipped with multiple lenses to obtain images with
different optical characteristics. When images of the same target are obtained from multiple
lenses, there is more information derived from multiple-input channels than a single
image provides. Researchers have explored optimizing the restoration of image deblurring
using the prior side information provided by images [4-12]. In 2003, Liu and Abbas et al.
conducted deblur research using images with different exposure rates with time-series
characteristics [4], using the clear area of a short exposure image to replace the blurred area
in the same position of the long exposure, and finally obtained a clear image and improved
the dynamic range, which is the theoretical origin of the commonly used HDR algorithm [5].
In 2005, Rava-cha et al. proposed using the spatial correlation of multi-frame blurred images
to estimate the blur kernel [6]; Yuan et al. used long and short exposure images of the
same objectives to perform a blind restoration of multi-frame images in 2007 [7]. The Yuan
method had a higher calculation efficiency and better restoration. However, the imaging
acquisition process is complicated, and images with different exposure parameters need to
be obtained for the same target. There are higher requirements for imaging condition in this
method. In 1993, the framework of the multi-channel-based degraded signal restoration
algorithm was proposed by Katsaggelos et al. [8]. In 2005, Sroubek et al. proposed a multi-
frame image restoration technology [9] that used the inherent correlation of multi-frame
images as a priori information, which improved the restoration effect, and the method was
optimized in 2007 [10] and 2012 [11]. In [11], the subspace theory was used to enhance
the calculation effect, but, because the application model of the solution algorithm is easy
(applying total variation (TV) as regularization), and the correlation of the whole image is
not fully utilized, it is not good when dealing with large-format image motion blur with
spatial variation.

To solve the above problems, this paper proposes a restoration method named the
dual-channel block-cluster deblur algorithm (DCBCD), for the problem of space-variant
blurred image restoration, which combines the characteristics of the traditional multi-
channel restoration image algorithm and the single-channel blind deconvolution restoration
algorithm. The main content of this paper has three parts: (1) the improved model of the
dual-channel input deblur method, named DCBCD is proposed; (2) the relative side prior
information (RSPI) and non-dimensional weight-balanced Gaussian measure (WG-NGM),
which uses kernel estimation, are outlined; (3) a clustering-based algorithm is proposed, to
restore the space-variant blurred images.

2. Basic Model of DCBCD
2.1. The Dual-Channel Image Module

During the imaging process of dual input channels, it is assumed that the images are
blurred with their blur kernel, which is from the different input channels. The blur model
of a two-channel image can usually be written as:

YlTotal =X® H%"otul +m

Y2Total =X® H2Toml + 1y @
where “®” denotes the discrete convolution operator, YlT otal and YZT otal are the two-channel
input images, X is the ideal image, H°" and HJ°'! are different blur kernels, and 1
and n, denote the additive noises incurred in the imaging processes of channel-1 and
channel-2, respectively; both of which are zero-mean Gaussian noises by default. Taking
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the example of recovering an image of channel-1, the deconvolutional algorithm model
under the dual-channel framework can be written in the following form:

. 2 .
HP'! = argmin ||[HJ2 @ XTotal — Yot | (Estimate Kernel)

VH]TDMIG’}'M (2)
. 2 . L
Xy = argmin || H?"! @ XTotal — yTolal||~ (Estimate Original image)
v XTotal ¢ x
. 1
where | ||, is the norm operator, and #;, X denote the pool of allowed H{***! and XZ.T:;: .

X; is the final restoration image of channel-1. HJ%! is the iter-kernel in the process of

channel-1, and Xg);l is the iter-image in the process of channel-1. Therefore, it is the same
with channel-2.

2.2. The Struction of DCBCD

Usually, Equation (2) is an ill-posed problem, which cannot be directly solved. More-
over, if the image is a large-scale space-variant or space-invariant image, the restoration
results obtained by the method of derivation to obtain the inverse matrix are very poor.
Therefore, this paper adopted a split-block strategy, to obtain the kernels of each selected
block in the image for dealing with space-variant blurred images. Subsequently, the pro-
posed method classifies similar kernels using a clustering algorithm. Then it assigned
different weights to the clusters of kernels to determine the weights of the pixels in each
recovered image block. Finally, each pixel value of the final deblurred image was the
normalized sum of the corresponding position pixel value from each image block with
different weights.

As shown in Figure 1, the work of Equation (2) was divided into three parts in this
paper: (1) preprocess; (2) kernel estimation; (3) image restoration.

Stepl: Preprocess Step2: Estimate kernel correlation coefficients

ev e Block and Denoise v - B
T, ’ S | -®‘- |

% —_ v Mﬁﬁ "% " || Calculate correlation Iterative estimation kernel
1 4% 1 2 ‘A,

é;—-‘—" ' ¥ Block In 1 ¥ Block In2 Solved in the same method: n -
Input Step3: Clustering Algorithm-Based Aggregation Restoration -

L mm_
.
- o 2= |l M
e n .

)

Figure 1. Structure flow chart: This figure describes the flow and components of the proposed
algorithm. The input is two blurred images with different blurring patterns, but with the same object.
The first step is pre-processing, which focuses on block splitting and de-noising. The second part
estimates the blur kernel, block by block. The third step is the classification of the blur kernels using
a clustering algorithm and the final restoration.

Step 1: Preprocessing: De-noising, blocking, and building a pyramid of the input images

De-noise: In this paper, the image de-noising preprocess was performed using the
currently widely used BM3D [12] algorithm. In the process of de-noising, balancing the
image sharpness and signal-to-noise ratio after de-noising usually depends on empirical
choices. In this paper, the blur kernel estimation process was mostly calculated in the
gradient domain. Therefore, the presence of noise affected the sparsity of the gradient
domain. Thus, the parameter settings for de-noising tended to enhance the de-noising
effect, rather than protecting the image texture.
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Block: In the process of image blocking, the size of the image blocks must be divided
according to the size of the image and the forward step. The choice of block size and the
length of the step are usually based on the nature of the image itself. If the similarity of the
blur kernel-space change of the image is high, a relatively large step size can be chosen,
to reduce the number of blocks and accelerate the calculation speed. If the space change
shape is complex, a smaller block can be chosen, to improve the estimation accuracy [13].

Built pyramid: In common image deblur algorithms [2], an image pyramid is usually
created by down-sampling in the process of kernel estimation. The kernel is estimated
layer by layer, and the initial value of the next kernel is obtained by the up-sampling of the
above layer result. The algorithm for estimating the kernel is the same for each layer in all
blocks; therefore, the algorithm for the kernel estimation is presented in Section 3, as an
example for any layer of any pair of image blocks.

Step 2: Block layer kernel estimation (introduced in Section 3)

Section 3 introduces the kernel estimation method in any block layer of the image
pyramid. For space-invariant image blurred images, where the whole image has the same
blur pattern, calculating the RSPI block by block is equivalent to calculating the RSPI for
the whole image. The specific reasons were described in the section on RSPI below. The
split-block step can be omitted if dealing with space-invariant images. The blurring kernel
of the whole image is estimated directly by building an image pyramid with the original
image size as the initial value layer by layer.

With the dual-channel blurred images input, the RSPI between the sliced images was
calculated using the total information from selected image blocks as a priori information.
The image blur kernel was estimated and restored block by block.

This paper introduced the RSPI and WG-NGM to improve the accuracy of the block
layer kernel estimation in the processes of block layer iter-kernel and block layer
iter-image estimation.

The estimated kernel can be used to perform a deconvolution operation, to obtain
a deblurred image. The image deblur model in the spatial domain was obtained from
Equation (2):

Xl — argmin HHlTotul ® XTotul _ YlTotal

2 XTotal
iter +7x || R( ) (©)
X, e 2

iter

7x is the regularization coefficient for an iter-restored image as a constant value, Xopt
is the pool of allowed Xopt, th“l is the iter-image in the process, and R(ngt“l) is the
regularization term function for image restoration.

Step 3: Blurred block image restoration (introduced in Section 4)

In Section 4, this paper focuses on a mean-shift clustering method, to collocate blocks
of images that have been deblurred.

In this paper, we used the clustering method to determine the pixel values of overlap-
ping regions when stitching together images. Depending on the weights of the kernels, the
weights of the pixels in the corresponding image blocks are different. The final pixel value of
the final deblurred image’s overlapping part is determined by deriving a weighted average.

3. The Block Layer Kernel Estimation

The main improvements of the proposed method in this section, which deals with
the space-variant blurred images, are the modified regularization terms in the kernel
estimation process.

Specifically, in the kernel estimation algorithm for each layer of the image block
pyramid, this paper makes the following contributions:

1.  In the block layer iter-kernel estimation process, using the RSPI of each pair of blocks
to calculate the correlation coefficient, the integrity of the total information of the
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selected block was preserved to the greatest extent. Furthermore, the interference
caused by the information from the other parts of the global image was avoided.

2. Inthe block layer iter-image estimation process, the advanced modified regulariza-
tion term is proposed with the dual-channel images information introduced in this
paper. With the improvements, the accuracy of the clock-layer kernel estimation
was improved.

For the block layer kernel estimation problem, the estimation model from Equation (2)
can be written in the following iterative form:

H= argmithiter ® Xiter - YLH% =+ /\xHT(Xiter) || + )\h”F(hiter) H (4)
VX<h

where H is the result of the kernel estimation in this block layer, and Y is the blurred image
in this block layer, with it representing the alternate iterative minimization of the block
layer iterative image Xj;,, and the block layer iterative kernel. A, and A, are regularization
coefficients for iterative image estimation and kernel estimation in each block layer. T (Xjy,,)
and F(hj,,) are regularization terms for the block layer iterative image estimation and
layer-kernel estimation models, respectively. The choice of these coefficients is usually
based on experience, depending on the design purpose of the regularization term and the
characteristics of the image itself.

The design requirement of the regularization term F(h;,,) in the block layer iter-
image estimation process aims to improve the reliability of the block layer iter-image.
Regularization terms, such as the TV operator, are usually chosen to emphasize the gradient
part of the blurred image. However, such features are derived from the gradient of the
blurred image itself and lack reference side information to which to refer. Therefore, if the
dual-channel blurred images are the input content with weak coprime, the two images
will be more correlated. Furthermore, the more reliable information can be preserved
using RSPI as the regularization term. In Section 3.1, this paper proposed a block layer
iter-kernel estimation model with an RSPI regularization term for optimizing the block
layer iter-kernel estimation process.

The design requirements of the regularization term T(Xjy,,) in the block layer iter-
image estimation process usually need to consider the feature of the gradient image from
the block layer iter-image. This paper introduced the side information from the input
dual-channel corresponding image, to modify the regularization term NGM, which is used
in [14]. The modified regularization term WG-NGM receives information from two-channel
input images, making it more reliable than the NGM.

Therefore, through the improvements above, and by continuously iterating alternately
to convergence, the optimal solution of the block layer kernel H can be obtained.

Finally, with the repetition of the up-sample and iterative solving process, the kernels
of the blurred image blocks could be estimated.

3.1. The RSPI of Total Images

Generally, when the imaging results of the two channels are considered to be weak
coprime, the morphological difference of the kernel is a constant, which changes its direction
and size without changing its basic topology [9]. Therefore, assuming that the input two-
channel image is weakly coprime, the ideal de-noising model of the blurred image can be
obtained through the de-noise operation:

Denoise(Y{?) = DYP* — X @ a;h
Denoise(Y°!") = DYI?"! = X ® ayh
HlTotal _ alfl
HlTotul _ azfl

©)
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The /1 is the ideal shape of the kernel, a; is the deformation coefficient of kernel-1, a; is
the deformation coefficient of kernel-2, and Denoise() = D is the de-noise function.
The two equations in (5) can be combined to obtain:

(1/a1) DY @1 = x = (1/ay) DY @1} (6)
The final result is:
(DOP™) ~ DY) &= 0 @)
With quadratic items:
A NI
R(i) = ||(DO!) — DO ®)

112
Even if using the quadratic term without de-noiseing;: H ((y{eraly — (YZT‘”“Z)hH2 as a
regularization term, the result of the kernel estimation would be better than the regu-

larization term of kernel’s norm-2: ||htemp ||2 [9]. Therefore, the correlation of the whole
image is calculated with the condition of lower noise, and the result is more accurate [11].
Considering the convenience of using the sparsity of the gradient image to calculate the
correlation coefficient, the correlation coefficient can finally be written as follows:

T
Ry = {VD(YlTotal), _VD(YzTotal)} [VD(YlTotal),_VD(Ygotul)} )

“V” signifies the function of the gradient operator, and Ry is the RSPI of the whole image.

In particular, it should be noted that if the blurred image is a space-variant blurred
image, the step of split-block in the pre-processing is not required. The experimental part
of this paper was devoted to testing the restoration of the space-invariant images, except
for Group 4.

Furthermore, the problem that the algorithm in [11] faced is that the correlation
coefficient just contains part of the information of the whole image, which is called the
“effective part”, and would inevitably lose global information [15]. In the process of kernel
estimation, if the kernel is calculated by the block method with the space-invariant blurred
image, there is no need to consider the change of kernel morphology in the overlapping
regions. This can be directly performed in simple equal-sized blocks. When the change of
overlapping regions is not considered, the block operation actually introduces more edges
that do not exist, and these non-existent edges will destroy the image’s smooth properties;
this will lead to the appearance of unexpected ringing, which in turn affects the recovery of
the image. As such, if the blurred image is a space-invariant blurred image, there will be a
better restoration using the whole image to calculate the RSPI.

3.2. Block Layer Kernel Estimation: Applied RSPI and Weight-Balanced NGM (WG-NGM)

The kernel estimation problem is a non-convex underdetermined problem, so the
method of using a gradient-like optimization algorithm to solve it often cannot obtain good
results [16]. At present, the mainstream methods are based on the idea of the expectation-
maximization (EM) algorithm [17], which estimates the iterative kernel and iterative image
alternately. Based on the above framework, this paper proposed two regularization terms,
which used RSPI and image correlation to improve the block layer iter-kernel and block
layer iter-image estimation in space-variant image deblurring. The new method with the
two regularization terms was found to enhance the accuracy of kernel estimation, as shown
in Table 1 and Figure 2. The specific processes and methods for kernel estimating are
described below.
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Table 1. Example of the method with RSPL

Length of Kernel Angle SSIM

RSPI 0.9818
Norm_2 Len=6 15, —60 0.9764
RSPI 0.9580
Norm_2 Len =25 0,90 0.9416
RSPI 0.9365
Norm_2 Len =35 70, —150 0.9334

Kernel Estimation in the block-layer Equation(4)

H = argmin|h,, ® X,,, -, [ + 2, [TX o |+ 2 |F (B, )|
VX=h

rer

ﬂ Iterative alternate solution

Apply the in the block-layer iter-
image estimation

Get Iterative Image by Equation (16)

. : . 2
temp—pixel 1 iter _ iter —temp |
||VXl-block-laya' & hl-block-la_\'er Vy;-block-img ”2 + /1;' T(Xifer )
@
WG-NGM

l—b/ock—/ayer —block—/ay

‘V iter ) iter
i

Apply the in the block-layer
iter-kernel estimation

Get Iterative kernel by Equation (11)
. . 2 )
OVIL it -VEST |, 4 [F, )

h 1-block—layer 1-block—ker
@
RSPI

temp

Figure 2. The block layer kernel estimation flow chart. According to the EM algorithm idea, iterative
kernels are estimated alternatively with the iterative image, which needs to be fixed in the iterative
image when estimating the kernel and vice versa.

As previously mentioned, the proposed method builds an image pyramid by down-
sampling and uses the same method to estimate the blur kernel at each layer.

As Figure 2 shows, the blur kernel estimation model Equation (4) for block layer
images is divided into Equations (16) and (11), according to iterative image estimation and
iterative kernel estimation, respectively. In addition, the iterative image and iterative kernel
are estimated alternately using the EM method.

The block layer kernel estimation model in the gradient domain is obtained from
Equation (2) as:

HlTotal _ argmin tht"frtul ® (VXTotal) _ vyTotul

argmin o) (10)
(Total e

iter
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hiter

1—block—layer =

block—layer

where A}, is the regularization coefficient of kernel estimation, H denotes the pool of allowed
block layer kernel HlT otal, qb(hgl‘,’:“l) is the regularization term function for kernel estimation

as F(hjsr), and hl,thf”I is the temp iter-kernel in the process (same as H Totaly Owing to its
higher calculation efficiency [18], the kernel estimation model Equation (10) is solved in the
sparsity gradient domain.

3.2.1. Block Layer Iter-Kernel Estimation with RSPI
First, the correlation coefficient of the two-channel image of this block-layer is calcu-
T
lated as RSPT: Ry_piocx = block( [VD(YlToml), —VD(yotal )} [VD(YlTofﬂl), —VD(YZT"””)} )

(function block() means the area of the block in the whole images), and then the RSPI is
applied to improve the block layer iter-kernel estimation model:

argmin (Hhtemp ® VXiter yiter—temp

2
2 2

1—block—layer — 1—block—ker ||, + IR —prock | ||hfemz7||z)
6?'[ii‘er

SEY R —1and 1> K2 >

temp temp —

ite

. .
where 1 signifies channel-1, h{%;, ., ayer

represents the block layer iter-kernel, H;;,, denotes

the pool of allowed block layer kernel b, ayer h represents the temp value of
iter
1—Block—layer

temp
Bl ok ayer 1N the iterative kernel estimation process, VX is the block layer

gradient of the ideal image, VY{Z;;:I@ , Ker 18 the temp iteration blurred image’s block layer

. . . l
gradient image in the process, and hfez;ep

Expanding this expression yields:

is each pixel of the htepp.

. . T .
iter _ : T iter iter
hlfblockflayer - ar;glgln(htemp ® (V <X17hlockfluyer) \ <X17blockflayer) + /\hRV—bZOCk)
S

. T__; 12
7h1¥;mr)v (?Clltirblockflayer> ) vy{tj;;;ieliﬂ—pker) ( )
s.t.thZﬂ =1and hfgﬂ >0

It is easy to see that there are many ways to solve this problem, as [16] shows. How-
ever, the usual method of maximum a posteriori probability estimation (MAP) does not
accommodate both the normalization and non-negativity conditions of the kernel in a single
objective function. Therefore, this paper found a probability distribution that satisfies the
multivariate Dirichlet distribution by variational estimation, to fit the real distribution of
the kernel based on statistical theory. In this paper, the variational Dirichlet (VD) method
was used to solve Equation (12) [3]; the gradient projection algorithm [3] was used to
solve this problem. This method typically uses a given step-size minimum as the iteration
termination threshold. Based on experience of selection, it is usually decided to terminate
the iteration when the maximum number of iterations is 20 or when the relative change in
the objective function is less than 10~°. The Dirichlet function for fitting the kernel is better
than the other methods in its speed and accuracy of kernel estimation; for example, the
gradient-like method and other functions (multivariate mixed Gaussian function etc.) to fit
the kernel [3]. With the results obtained from the VD method, the block layer iter-kernel
can be obtained.

Usually, the norm-2 of the kernel || ey ||2 is used as the regularization term in the esti-
mation of the layer iter-kernel estimation [14]. Furthermore, it can be seen in Equation (11)
that the computation of the Hhtgmp H2 regularization term adds the unit matrix to the di-
agonal of the ||/temp HZ result of the block layer iterated image. The essence of the RSPI
operator involves introducing the two-channel image correlation to the ||htemp HZ result of

the block layer iterated image. Therefore, the use of RSPI instead of the ||hemp Hz as the
regularization term can effectively improve the kernel estimation accuracy.
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As shown in Table 1, three sets of simulated blur images were obtained using images
from the GoPro image library. The sizes of kernel were selected in sizes of (6, 6), (25, 25),
(35, 35) pixels and blur angles of (15, —60), (0, 90), and (70, —150) degrees, respectively.
The similarity index SSIM was chosen to examine the similarity between the RSPI and the

Hhtemp ||2 results in the kernel estimation process. The RSPI and Hhtemp H2 were used as the

layer iter-kernel regularization terms H(p(h;gf”l) H in Equation (10):

. T . . T ;
. T T iter—tem
arhgrzln(htemp ® (V (Xlltfrblockfluyer> v (Xlltirblockflayer) + )‘hl) - htempv (Xlltirhlockfluyer) VYlfblockfpker) (13)
S
T . . T ;

: T T ter—t

arhgr?{ln(htemp (V (Xl Jblockflayer) v (Xlltirblockfluyer> + /\thfblock) - hi&empV (Xitirblockflayer) VYi frhlocekm—pker) (14)
S

and used with the same NGM term in the layer iter-image (without blocking because of
un-space-variation).

It can be seen that the RSPI results were more similar than the norm-2 ||hemp Hz results,
except that the blurred kernel vectors were in quadrants 1 and 3, respectively (the advantage
was, therefore, not obvious).

3.2.2. Block Layer Iter-Image Estimation with WB-NGM
As mentioned above, the ordinary regularization term NGM was improved upon

with the WB-NGM. As shown in Figure 2, the A, ‘ VX;tirbyorf]ffll ayer

proposed WG-NGM method was found to effectively improve the texture restoration effect
of the iterative image and improve the restoration accuracy of the iterative kernel.
The calculation method of WB-NGM is as follows:

from channel-2 of the

iter—pixel
‘vxlfblockflayer

T(Xiter) = (15)

iter—pixel
‘ M ‘ vleblockflayer

iter—pixel
) ’ vX27blockflayer

iter—temp
+E [vylfblockfimg

where E [VYllt_erbl_otcg,:”_ pl " g} indicates the mathematical expectation operation performed on

the channel-1 iterative blurred block layer image gradient map VY{%Z;E@ pl - in the block

layer iter-image estimation process, and the value is the mean of the gradients of all pixels of

iter—temp iter—pixel iter—pixel .
the VYl—block—img' vxl—block—layer and vxz—block—layer are the pixel values of the selected
location in the gradient images of the block layer iter-images from channel-1 and channel-2.

A1 and A, (determined by experience) are weighting factors to control the ratio of two pixels.

If the located pixel’s gradient value Vletfrbjoiffll ayer is larger than the E {VY{TZ;}ZT_ pi - g] , the
pixel is retained; otherwise, it is discarded. By updating the threshold and iterative formula
repeatedly, only small parts of the pixels are retained in the final result, which improves
the accuracy of the blur kernel estimation, while ensuring sparsity.

The WG-NGM could be applied to rewrite the block layer iter-image model as:

. . 2
iter o . temp—pixel iter . iter—temp
vXl—block—layer - argmm( H Vleblockflayer ® hl—block—luyer VYlfblockfimg )
VXifer—pixel (16)
+A ) 1—block—layer )
X iter— pixel iter—pixel iter—temp
‘Al ‘Vxl—bluck—luyer +/\2‘VX27black—layer +E [vyl—hlack—img}

To solve this problem, this paper used an iterative shrinkage-threshold (abbreviated
as IST) algorithm [19], which has a good restoration effect for the non-uniform kernel. The
WG-NGM can be thought of as a norm-1 regularization term. The IST algorithm typically
uses the given maximum number of iterations or the difference between the target values of
the two iterations as the threshold critical. In this paper, the maximum number of iterations
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was set to 10 times, based on the design experience in the references, and the minimum
threshold was 102

In order to verify that the introduced multi-channel information could improve the
estimation of iterative images, two images from the Levin image set were selected for
testing in this paper.

As shown in Figure 3, it was found that the iterative results estimated by the WG-NGM
term performed better than those estimated by the NGM term (the different scales caused
the step-like performance in the image pyramid, as Figure 3 shows, because the smaller
images had a better performance). The data were displayed for approximately 90 iterations
(the pyramid was divided into nine layers, and the number of iterations estimated for each
layer of the iterative image was ten, so there were 90 iterations), which was in line with the
results of the Group-1 experiment below.

PSNRin iteration SSIM in Iteration
23 1
I - Compration method Comparation method
Proposed method Proposed method

2 09
2 08
)
°
c =
=220 ® 07
4 w
z
7
a |

19 y 06

18 0.5

17 04

0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90
Itertion Iteration

Figure 3. Levin image restoration experiment. Left is PSNR and right is SSIM. This paper used the
same parameters and solution methods to test the performance of the two regular terms of WG-NGM
and NGM under the same conditions.

The same parameters were used to create a pyramid of images of the same size as the
baseline. The performance of the WG-NGM and NGM algorithms was compared separately
to the iterative images for 90 iterations. PSNR and SSIM were chosen as the test indicators.

As the figure shows, the WG-NGM method performed better in terms of PSNR, and
the final three results in the SSIM were compared, as follows:

The value of SSIM is usually small, so the difference in the final stages in the Figure 3
appears to be small. Table 2 lists the comparison of the SSIM values of the last three terms
of the two methods. It can be noticed that WG-NGN performed better.

Table 2. Final results of SSIM.

WG-NGM 0.5498 0.5509 0.5519
NGM 0.5415 0.5474 0.5488

Therefore, it was demonstrated that the WG-NGM term can effectively improve the
accuracy of the existing algorithm.

4. Blocked Image Restoration Based on Clustering Algorithm

The main improvement of the proposed method in this section, which deals with
space-variant blurred images, is the block strategy, which is based on the mean-shift method
to restore large-scale blurred images.

In space-variable blurred images, the kernel of each block is different [13]. Therefore,
it is necessary to fully consider the selection of pixel values in the overlapping area in the
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process of restoring image block stitching. It is hard to obtain a good kernel estimation
result, due to the weak intensity of the texture edge in some parts of images. Furthermore,
if the blocks are derived from different blurred transition regions, the results of estimating
the blur kernels have no valuable reference significance area. Therefore, if the mean value of
the corresponding pixels in the relevant blocks is used as the corresponding pixel value of
the restored image directly, the result is inaccurate [13]. To solve these problems, this paper
used a kernel classification technique based on the mean-shift clustering algorithm [13] to
distinguish high-weight kernels from low-weight kernels. In the final step of stitching, the
value of the corresponding pixel was determined according to the quality weight of the
blur kernel. The restoration of the final image has three main components:

1.  Block image restoration

As mentioned above, if the blurred images are all divided into N groups horizontally
and M groups vertically, for a total of N x M blocks, the number of corresponding kernels
is also N x M. First, this paper used the kernel of each block to restore the corresponding
block of the images separately. For each blur kernel Kernel; (i means the order of the kernel,
and i € N x M), the alternating direction method of multipliers (ADMM) [20] algorithm
was applied to restore the block of blurred images corresponding to that kernel.

2. Mean-shift cluster weight calculation

In the process of image restoration, the determination of the pixel values of the
overlapping parts of the image blocks is an important part of image deblurred. The method
used in this paper requires all the weights of the image blocks. The weights are used in
determining the rate of value in the final recovered image from each image block. Generally,
the more blur kernels that have a similar blur form, the more pixels in the whole image
that are blurred according to that blur pattern. Therefore, this paper used a mean-shift
clustering algorithm to classify the blur kernels and finally obtain a clustering result where
the blur kernels are classified according to similarity as the flow shown in Table 3.

Table 3. The flow of the mean-shift cluster method in kernel categorization.

Mean-Shift Cluster Method in Kernel Categorization

Step 1:
Calculate the pixel sum of squares for each kernel as its weight:
Weight; = n% Kernel;ixel
Step 2:

Taking the Weights as the center value of the clusterCs
Cs = {Weights_c}; Weights_c € Kernel(Weight < Band)
Step 3:
Taking the Weights as the center value of C,
Calculate the sum of all the vectors:
— - =
Dsum = Z D]'; D] = Wez'ghtj — Wez'ghts
jes—c
Step 4:

N
Calculate the new center Weight e,y with the Dyt
N
Weight ey = Weights + Dsym

5

Add all the kernels which weigh less than Dyy,;,in the cluster Cs
Step 5:

If

N

Weight ey — Weights < Dy

do:

two clusters can be merged

else

A new cluster should be obtained
Step 6:

Run step 3

—

Until Dy < t (t as selected by the experiment)
Step 7:

Run step 2
Until all the kernels are visited
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Weight; denotes the weight of the i-th kernel, i € N x M is the order number of the
, 2

;ix .1|| means

the sum of squares for all pixel values in the kernel, Cs is the cluster of all the kernels

(representative weight value as Weights_¢ for all of them) whose absolute values of the

difference between their weight values are less than a threshold (names Band in follow,

kernel, n, m are the length and width of the kernel (unit: pixel), and HKernel

-
which was determined by experience), D; is the weight vector for the difference of the j-th
kernel’s weight in the cluster Cs, the pool of j is the element’s order number in Cs, and
Weight ey is the new center.

3. Each pixel’s value from the sum of the normalized weights

For computational convenience, all image blocks should be complemented first. For
example, if the original image size was 800 x 800 and the image block size was 200 x 200,
fill in zeros around the image block according to its position on the original image, until
it is the same size as the original image; 800 x 800 as layer-recovered images. Then, the
value of the pixels in the final restoration image was determined by all values from the
same location pixels in all layer-recovered images. The weight of layer-recovered images
was calculated using the ratio of the total element number of the corresponding kernel’s
class to the total number of kernels. For example, if there are two kernels that have similar
forms in one cluster and the total number of kernels is 8, then the weight of the pixels in
the blocks recovered by the two kernels is 0.25.

The calculation of the pixels’ value of the final restoration image was performed
as follows: B

Xpixel = 2 /\k(Xlasz;xe ) (17)
keQc

Xpixel denotes the selected pixel’s value for the final restoration image X. Ay means the

weights of the k-th kernel, XZ?M

k-th layer-recovered image, and (), means all of the layers recovered images.

signifies the same selected location pixel value as the

5. Experimental Results

To verify the restoration effect of the proposed algorithm, three groups of experiments
were used for verification. The Group-1 experiments were simulation experiments with
simulation data; the Group-2 experiments involved real-shot image restoration with space-
invariant images; and Group-3 were real-shot experiments with space-variant images.
The three groups of experiments verified the practicability of the algorithm by comparing
the restoration results of the Levin Library, sample images provided by other literature,
and our images. Among them, the simulated images sets were quantitatively analyzed
through a variety of indicators, and the real-shot images sets were generally selected to
use the method of visual observation to evaluate the restoration quality. Moreover, the
results from [11] (code download on http:/ /zoi.utia.cas.cz/download_toolbox (accessed on
28 May 2020) with permission) and [14] (code used with GNU) were calculated using the
copyright permission when the software was downloaded. Group-4 used space-variance
blurred images of the target plate to test the recoverability of this method.

All programs were running on the student version of MATLAB 2017 under the licensed
Windows 11 platform. The CPU was an Intel Core i7 8750H, and 32G memory with Intel
750 SSD. Peak signal-to-noise ratio (PSNR, unit: dB) and structural similarity index (SSIM)
were calculated using MATLAB’s functions, with default parameters.

Group 1: In this group, the non-space-variant blurred images of the Levin image
library were used to compare and test the restoration ability of the algorithm for non-space-
variant blurred images. This group mainly verified the estimation ability of the algorithm
to the kernel, so we chose to compare all 32 results from the total of four original images
and eight kernels. The comparisons were obtained from the studies by Xu et al. [14,21-23].
The codes of those papers were downloaded from their official websites on GitHub, with a
GPL or GNU open-source license. The comparison method also used the PSNR and SSIM
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to measure the results from the two algorithms. The total images, and kernels are shown in
Figure 4, and the results are shown in Figure 5.

=)

Figure 4. The Levin library; (a) the original images from the Levin library; (b) kernels.
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Figure 5. The result; Left is the SSIM; Right is PSNR. The red line is the average. The blue box is the
main area of concentration for the median 50% of the data. The black horizontal line indicates the
highest value in the median region. The red cross indicates the highest value for the entire set. If
there is no red cross, then the highest value is at the black horizontal line above.

Furthermore, the results of [21-23] were provided by their official GitHub site. The
results were not obtained by the authors of this paper running the program on this machine,
except running times or special declarations.

Figure 4a shows the original images and Figure 4b the self-designed simulation blur
kernel. Figure 5 shows all the results obtained when simulations were performed in two-
by-two teams in the order of images and blur kernels. It can be seen that the proposed
algorithm performed well overall, in terms of the PSNR and SSIM.

Discussion: As shown in Figure 5, with the PSNR, this algorithm not only produced
a result up to 35+, but the mean and the concentration of the distribution interval of the
PSNR of this algorithm were higher than the other algorithms. Moreover, the lower bound
of this algorithm in the PSNR was higher than the others.

The proposed algorithm also performed well in for the SSIM. It led, both in terms of
the maximum and mean values, and the lower bound of the interval.

This shows that the recovery results of this method are more stable overall, with less
variation in the results for images with different blurring patterns. Moreover, with stability
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and balance, this method provided the highest performance results and high lower bounds.
It is also worth mentioning that, since the Levin library is a space-invariant blurred image
simulation library, this algorithm does not fall short in terms of time consumption. The time
cost of the remaining algorithms was essentially close, except for the frequency domain-based
L.P’s algorithm, which has a significant advantage over the present algorithm as Table 4 shows.

Table 4. Restoration quality evaluation table of times.

Indicators Proposed Sroubek Xu YC.B EWen L.P
Times (Unit: s) 27.33 43.02 17.19 27.24 23.19 12.96

Group 2: In this group, two sets of test images from the literature [11] were used as
the test objects. The first set of photos in this group were real images without the original,
and the second set were real-shot images.

Set 1 Discussion: The images in this set are real images provided from the open-source
algorithm by Mr. Sroubek’s official website. There is no original image, so the PSNR and
SSIM cannot be used to test the restoration. Fortunately, in this paper, it is not too difficult
to obtain meaningful visually observed results.

Looking at the details of the license plate in Figure 6, it can be seen that both Xu’s
algorithm and YC. B’s algorithm [22] can roughly identify the character B. The proposed
method could identify the number. The main reason for this difference is that both the Xu’s
and YC. B’s algorithms had a certain ringing effect, so in the recovery results there are some
horizontal stripes in the middle of the plate, which unexpectedly enhance the recognition
of the letter B. Therefore, on balance, the proposed algorithm had a better performance in
removing ringing and recovering the details of the numbers.

Set 1:

blurred image 1 /=

Xu result

blurred image 2

Proposed result YC.B result L.P result

Figure 6. Sroubek’s sample restored experiment setl. On the left, the top image is the blurred imagel,
and the blurred image 2 is at the bottom. In the top from left to right, is the Sroubek’s result, Xu’s
result, and F.Wen’s result; the bottom list, from left to right, shows the proposed method’s result,
YC.B’s result, L.P’s result.

The proposed method provided a good recovery result. Although slightly worse in
terms of horizontal image features, it avoided more ringing in the whole image. In addition,
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the proposed method also recovered the numbers in the license plate clearly, which shows
that this method has better generalizability, rather than good recovery for specific targets.

Set 2 Discussion: From the directed observation in Figure 7, the proposed algorithm
performed better. For example, the checkered texture of the clothes on the left shoulder,
and the texture of the face in Figure 8. Moreover, the image recovered by the proposed
method is sharper and has more details than the original image size.

Both the PSNR and SSIM mean that the algorithm has a leading location in Table 5. It
is worth noting that the F. Wen'’s algorithm achieved better results, both in the Levin library
and in Sroubek’s image library. Therefore, the next set of experiments, represented by the F.
Wen'’s method, tested the effectiveness of the present algorithm on a color image.

Set 2:

W

Original image

blurred image 1 blurred image 2

N

- {
Proposed result

\\L )

\

F.Wen result YC.B result L.P result

Figure 7. Sroubek’s sample restored experiment set 2. In the top line, it is the original image; the
second line shows the input blurred images 1 and 2; the third line, from the left to right, are the results
of Sroubek, Xu, and the proposed method; the fourth line, from the left to right, are the results of
FEWen, YC.B, and L.P.
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Xu's result Proposed

- N

YC.B’s result L.P’s result

F.Wen’s result

Figure 8. Sroubek’s sample restored experiment set 2 details. At the top, from left to right, are the
results of Sroubek, Xu, and the proposed method; The next line, from left to right, shows the results
of FWen, YC.Bai, and L.P.

Table 5. Restoration quality evaluation table of Sroubek’s set2.

Indicators  Proposed Sroubek Xu YC.Bai EWen L.P
PSNR 27.64 25.47 26.23 23.21 13.62 26.81
SSIM 0.8572 0.8317 0.8572 0.8348 0.7469 0.7947

Group-3: The eighth blur image of the bell, one of the most difficult image to deblur
in the Kohler library, was chosen to test the proposed method’s ability for blurred color
image restoration, and shown in Figure 9 and Table 6. Since the results of these images are
only provided in the open-source code of F. Wen’s program, without other methods, this
experiment only examined the proposed algorithm’s results, which were compared to Xu's
and F.Wen'’s results.
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Xu’s result F.Wen’s result

blurred image

Figure 9. Result of the Kohler library. At the top, from left to right, are the results of the proposed
method, Xu, and FWen, and the estimated kernel; 