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Abstract: Photographs taken in daily life often became blurred due to shaking, out-of-focus, changes in depth of field, and movement of
photographed objects. Aiming at this problem, a double-channel cyclic image deblurring method based on edge features was proposed.
Firstly, image edge gradient operator was introduced as a threshold based on the rule that the maximum value of the image edge gradient
will decrease after the blurring process, making the blurred image be divided into two channels: edge channel and non-edge channel.
Secondly, a double-channel loop iteration network was designed, where the edge gradient was used in the edge channel to sample the main
edge structure and bilateral filtering was used in the non-edge channel to extract the detailed texture feature information. Finally, the
feature information extracted from two channels was cyclically iterated to obtain a clear image using the deblurring model with maximum a
posteriori probability. The experimental results showed that the image evaluation indexes obtained by the proposed deblurring model were

superior to those of other algorithms, and the edge structure and texture details of the image were effectively recovered with better

performance.
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0 Introduction

In the process of image acquisition, there may be
blurred.
Therefore, without changing hardware equipment and

some interference, making the image
knowing the cause of blur image, it is necessary to use
the blind image deblurring algorithm to improve the
image quality.

At present, the research on blind image deblurring is
mainly divided into image deblurring based on prior
knowledge and image deblurring based on deep learning.

The 1mage deblurring method based on prior
knowledge uses prior knowledge to constrain image
solving, and then uses iteration algorithms to gradually
restore clear images. This method 1s roughly divided into
three categories. The first is the image deblurring
method based on variable decibel Bayesian (VB) ',
which usually uses prior knowledge to maximize the
marginal distribution of the statistical features of the
blurred kernel for estimation. The second is the image
deblurring method based on maximum a posteriori
probability (MAP), which was first proposed by Levin

1 (2]

et al.” and then developed by Krishnan et al."” by using

regularization constraints to restore clear images.

Additionally, Xu et al." developed an unnatural sparse
expression that reduces the runing time, and Cao et al."”’
proposed a blind image deblurring method combining
multiple priors such as dark channel priors, gradient
priors, and intensity priors. The third is image deblurring
method of salience edge selection, which obtains blurred
kernel by estimating salience edge. Jia et al. ¥ first
extracted important edge features of images by using
image matting technology. Ding et al. ™ proposed an
edge-oriented diffusion equation to restore text images,
but it was still difficult to solve the problem of restored
images. Yang et al."" proposed a joint image restoration
and edge detection algorithm in cooperative game
formulation, with a new weighted sparse regular term as

1 [9]

noise weight to detect image edges. Cui et al." proposed

an edge-driven wavelet frame model for image
restoration, approximating the image as a piecesmart
smoothing function, and restoring the image by applying
regularization of different intensity to the smooth and
edge regions of the image.

Most image deblurring methods based on deep
learning directly utilize the nonlinear characteristics of
deep learning algorithms to learn the mapping from

blurred images to clear images, thus deblurring without
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considering the prior knowledge of image blurring. For
example, the combination of generative adversarial
network and feature pyramid network could restore the
detailed texture and small object features in the image,
but with high time complexity"”. The moving image
deblurring algorithm based on spatially variable neural
network"! restores clear images via the features
extracted by convolutional neural network. In addition,
on the basis of generative adversarial networks, a sparse
regularization method is introduced into the embedded
layer of the network to obtain a discriminant prior
algorithm of the anti-channel”®. The embedded network
of light-dark channel priors" inserts channel priors into
neural networks to effectively deblur dynamic scenes.
However, since the causes of image blurring are
complex and varied, as well as the limitations of blur
image training datasets, most image deblurring methods
based on deep learning could only train specific images,
resulting in poor adaptability to all images and a huge
amount of training time""’.
In this

deblurring algorithm based on edge features is proposed.

study, a double-channel cyclic image
The algorithm deblurs and restores the image when the
cause of image blur is unknown, so as to improve the
image  sharpness. According to the statistical
characteristics of image edge gradient on clear and blur
images, the algorithm introduces edge selection and
constructs a double-channel cyclic iterative network.
The edge gradient operator is taken as a prior term to
restore the main edge structure on the edge channel, and
the texture details are restored by bilateral filtering on the
non-edge channel, thus ensuring the clarity of the image
and greatly reducing the time complexity of the

algorithm.
1 Basic theory

1.1 Degradation model on image blurring

In the field of image processing and computer vision,
image blind deblurring is regarded as a highly ill-posed
problem where a clear image and a blurred kernel are
image. With the

homogeneous and spatially invariant assumption, the

solved by a known blurred
blurring process is established to be the mathematical

model as

B=I®k+n, (M
where B stands for a blurred image, I is a potentially clear
image, /4 denotes a blurred kernel, =n represents

unavoidable noise, and &) denotes a convolution operator.

In Eq. (1), B is known and I and k are unknown. Since
different I and % produce the same B , the solution process
of Eq. (1) becomes extremely difficult. To solve Eq. (1),
a prior knowledge of the image needs to be introduced into

Eq. (1) to constrain the clear image.
1.2 Image deblurring model based on MAP

Based on MAP, the image blind deblurring problem is
to obtain the maximum statistical feature of the
potentially clear image I and the blur kernel £ in term of
the known blurred image B. Namely, given the known
blurred image B , the joint posterior probability p(%,1|B)
of I and % is estimated by

(k,I)= argmax p(k,I|B)=
k.1

argmax p(Blk,I)p(I1)p(k). (2)

The log of both ends of Eq. (2) is taken as
(k,I)= argmax logp(k,I|B)=
k.1

arg max { log p( Blk, 1)+ logp(I)+logp(k)}. (3)

The estimation of the maximum value on p(k,I|B) is

equivalent to the minimum residual of | & £ — Bl| as

(k,J)=argmin|[[Qk— B||+ ap(I)+ pe(k), (4)

where |[I&) k£ — B|| is the data fidelity term, which
represents the residual of the blurred image B and the
convolution operation of I and k; ¢(I ) and ¢ (k) are the
constraint terms about I and £, respectively; and « and 3
are the corresponding weight parameters.

The image gradient VI is usually used to constrain the
potential image. Based on Eq. (4), most of the image

deblurring models based on MAP are expressed as

arg min |1 ® & — Bl + VI, + BIkIE (5)

where /, norm constraints are used in the first term and
the third term; the data fidelity term |[I&) £ — B||; is the
similarity between the observed blurred image B and the
convolution results of I and 4k; [[VI|], uses /, norm
constraint to ensure that the skeleton image is not
affected by removing the tiny deleterious structures with
sparseness; and ||£]|; is used to remove the kernel noise to
ensure that the kernel is smooth.

The idea of image deblurring methods based on MAP
is that the alternately iterative minimum of the objective
function on % and I are calculated until a local solution is

obtained by the convergence.
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1.3 Multi-scale
image pyramids

coarse-to-fine strategy of

In the multi-scale model, the gray images obtained
from different resolutions of the same image are sampled
to obtain different feature information at different
resolution scales for the image deblurring. More detailed
information is obtained at a higher resolution scale
sampling and the overall trend of image changes is
grasped at a lower resolution scale sampling.

Image pyramid is one of the important image
multi-scale models. Fergus et al." applied a “coarse-to-
fine” strategy to the image pyramid.

Firstly, the gray image with the most rough resolution
is that with the minimum resolution, and the main
structure and rough initial blur kernel of the image are
extracted by down-sampling. Then, the gray image with
higher resolution is further up-sampled by a finer scale to
extract more texture detail feature information. Finally,
the clear image and final blur kernel are obtained step by
step.

However, there exist many problems in multi-scale
networks, such as large computation, long time-
consuming, difficulty of the parameter settings at each
scale, and a large number of experiments to select the
appropriate parameters. Therefore, a double-channel

cyclic iteration network is designed.

2 Double-channel cyclic image deblurring
algorithm

Prior knowledge is the key to solve the ill-posed
problem of image deblurring, and the gradient of an
image is the easily exacted information with high
information entropy. In the gradient image, the part with
higher gradient is closer to the edge of visual observation
by the human eye. Aiming at the blurring edges in the
blurred image, the gradient prior is used to constrain

image restoration',

The maximum gradient of the
image is reduced by obfuscation. Based on this, the
maximum gradient of image is introduced to be a
differentiation threshold between image edge channels
and non-edge channels. The edge gradient is used to
extract the main edge structure on the edge channel, and
the bilateral filtering is utilized to extract the texture
feature information on non-edge channels. Finally, a
double channel cyclic iteration network based on MAP
deblurring model is proposed for image deblurring. The

flow chart of the proposed algorithm is shown in Fig.1.

Input blurred image

!

Extract image edge
gradient operator

|
! !

Enter into edge channel Enter into non-edge channel

| !

Introduce edge gradient operator Introduce Bilateral filter

| |

Extract main edge structure

Extract non-edge part texture details

| |
!

Constitute
double-channel eyclic algorithm

|

Put into map-based
deblurring model

|

Output clear image

Fig.1 Flow chart of proposed algorithm

2.1 Edge gradient of image

The deblurring of the image is to improve the clarity of
the image. For most of the blurred images, blurring
edges mainly result in blurred images. Therefore, the
deblurring algorithm based on the recovery of image
edges 1s proposed. According to the experiment in
Ref.[15], the gradient value at the edge of the image is
higher in the gradient image. According to the
experiment in Ref.[16], the maximum gradient value of
a clear image becomes lower after the image 1s blurred.
Therefore, the maximum gradient of the image is taken
to be the edge gradient of image in this study.

The maximum gradient of the image is defined as

M(I(x))= max( max)’VI"(y)

YEN(2)\ cElr.g.b )’ (6)
where x and y are the pixel positions; N (x ) denotes a
patch block centered at x; r, g, b are red, green, blue
color channels, respectively; and VI ( y ) denotes the 2D
gradient operator of the image. If I is a gray image,

max}‘VI"(y)‘:‘VI(y)‘. Based on Eqg. (6), the

celrg.b
maximum gradient M (*) of the image is regarded to be
an image edge gradient operator for distinguishing edge
channels from non-edge channels.

In the following, we show that the maximum gradient

of the image is reduced by obfuscation as
M(B(x))<M(I(z)). (7)

Let x be the pixel position of the blurred image B.
Then,
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M(B(z))= maX)\VB(yﬂ: El\:;(x)lV(I(y)@)/e)l:

yEN(x

max IVI(y)X k< max IVI(y )|k =
yEN(z

YEN(z

max [VI(y)|[=M(I(x)). ()

YEN(z)

In Eq(8), the derivation from the third step to the
fourth step can be proved by use of Young’s convolution
inequality"”, and the derivation from the fourth step to
the fifth step is that the obfuscation is taken to be the
convolution operation between the clear image and the
blur kernel. Then, k|: Zk(z)z 1, where z is the

€0,

input of the convolution operation, and (2, denotes the

definition domain of the blurred kernel.

2.2 Edge
extracted by image edge gradients

channel feature information

Based on the definition of M (I)in Eq. (6), the max
1s the

operator and | « |operator are mapping matrices.
vectorization of image gradient VI to matrix A. Every
element of A is taken to be —1 or 1, related to the
extremum property of VI. The gradient operator is V =
(Vh,Vv)'. Therefore, A=(A, A,), where

1, th(l',y)>O,

A (x,y)= 9
(o) {—1, VI, (2,9)< 0. ®)

1, VI(x,y)=0,

A (x,y)= 10
‘z.y) {—1, VL(r<0. 7

Then, |VI|=A+VI, where * denotes element-wise
multiplication of two matrices.

The max operator is replaced by a sparse matrix G as

1, z=argmax|VI|(y),

G(I,Z): YEN(z) (11)
0, otherwise.
Let H= G*A-*V, and then
M(I)=H-I. (12)

Therefore, the obtained M (I) is the feature information
extracted from the image edge channels.

2.3 Non-edge feature information

extracted by bilateral filtering

channel

Bilateral filtering™ is that the pixel value similarity
weights are introduced into the Gaussian filtering to
remove the noise and preserve the clarity of the image. In
an image, the pixel variation is low in some flat areas
where Gaussian filtering can be used directly to reduce
the noise. However, in most of the image edges, the
pixel values tend to change drastically and the pixel

values on both sides of the edges are vastly different,

therefore, the pixel similarity weights are introduced to
carry out the constraints on the pixel values. Suppose
that a region S that contains the image edges is found,
which is divided into two pieces A, B by the image
edge, and then a center point is found in this region.
During the noise reduction, more weights are given to
the region similar to the center point. Namely, if the
center point is close to the junction of A and B and is
within A, the given weights of the pixels at A are higher
than those at B when the pixel value of the center point is
calculated.

The weights of distance and similarity are considered
in the bilateral filtering, we have

=36

)
w, yeES

I(x)=

[z =y )| ()= 1) 1),

(13)
where w, :ZG4<H r—y H)G(‘I(I)*I(y)‘); x and

y are the positions of the target pixel and any pixel,
respectively; I (x) and I <y) are the pixel values at x and
y, respectively; I(x) is the pixel value at x by the
o= y) and G

bilateral filtering; and G,,( Ty H)

are defined as

G Iy)—eXp( . 12;;’ | ) (14)
1 —1
(;( I(x)I(y))exp( (:C)Zy(y)),(w)

where H r—y H denotes the Euclidean distance between the

pixel points x and y; | I(x)—1(y )‘ represents the absolute
value of the difference of pixel values between pixel points
2 and y; and 87 and &7 represent the two standard deviations.

In this study, the bilateral filtering is utilized to extract

the feature information from the non-edge part of the image.

2.4 Image fusion by a double-channel loop
algorithm

The image is divided into edge channel and non-edge
channel by the edge gradient operator. The edge feature
information is extracted by the edge gradient at the edge
channel and the texture details are extracted by the
bilateral filtering at the non-edge channel. Then, the
convolutional results of the edge feature information, the
estimated blur kernel and the minimum loss function of
the blurred image are used to determine the parameter
weights shared at the non-edge channel. Thus, the

double-channel loop algorithm is established.
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In this study, /, norm is utilized to constrain M (I ),
IM (I)]],is applied to the image deblurring model based on
MAP, and the corresponding image deblurring model is

expressed as

min [1& & — Bl + alM (D[, + IVl + Y2l (16)

where «, B and y are the coefficients of the regularization
terms, the first term is a data fidelity term to ensure the
similarity between the observed blurred image B and the
obtained image I &) £ by the convolution of the clear image
I and the blur kernel %, the second term is our newly added
regularization term, the third term is used to ensure the
texture details, and the last term can constrain the kernel
noise to ensure that the blur kernel is smooth.

Since the direct solution of Eq. (16) has the large and
complex computation, the image deblurring problem
from Eq. (16) is decomposed into two sub-problems
Egs. (17) and (18) by the coordinate descent method.
Egs. (17) and (18) are solved alternatively to estimate
the clear intermediate potential image and the blur

kernel, respectively.

min| @& — B[, +a|M(D| +p|vI], (7)

.
min| 1@ & — B[+ y| £ (18)

The double-channel loop iteration algorithm is
designed to estimate the clear potential image I and the

blur kernel 2, where the blurred image B is regarded as

—————

P
|
Edge gradient |
operator

| Pole}llial Potential
| edge image edge image

RN

. s .

|
|
|
| Kernel Kernel | Kernel
| A |
Input blurred | l :
THegs Bilateral ] |
filter R } - |
1 ! '
| Restmd | | Restrod |
| 1mage | | image |
| |
\ e e

First iteration Second iteration

Kernel

the input image I,. The concrete steps are as follows:

Step 1) The input image I, is substituted into Eq. (18)
to extract the main edge information and the blur kernel &,
is obtained by half quadratic splitting method.

Step 2) The potential edge image I, is obtained
from Eq. (17) based on the blur kernel &;.

Step 3) The detailed texture information image I,
extracted is obtained from the potential image I, by the
bilateral filtering.

Step 4) The blur kernel &, is obtained from Eq. (18)
based on I,.

Step 5) If the termination conditions are met, the final
clear image I = I, and the blur kerne £ = &, are obtained.
Otherwise, let I, = I, and k, = k,, then turn to Step 2.

The flow chart of the double-channel loop iteration
process by n times iterations is shown in Fig.2.

The half quadratic splitting method"” is used to
optimize Eq. (17) by introducing two new variables u
and v, where u replaces M(I) and v replaces VI.
Eq. (17) can be rewritten as

min ([f @ & — BI + a'llull, + &l +
oM ()= ulli + BIVI— o), (19)
where o' and " are the penalty parameters. Substituting

Eq.(12) into Eq.(19) , we have
min (|1 & k — Bl + ollull, + £loll,

allHeI — ul* + BIVI — o|2). (20)

r—
\

Potential
edge image

| Potential
| edge image

Kernel

%J—

Restrod |
image | P
[ s o

The nth iteration

Output clear image

e

Third iteration

Fig.2 Flow chart of double-channel loop iteration process

Now, Eq. (20) will be solved by alternating I,u,v
optimization.
Firstly, Eq.(21) is obtained by fixing I as
min '|lull, + alHI — ull5,
L (21)
min Follo + BIVI — .

The solutions of Eq. (21) are

!

u=sgn(H°I)-max(H-I|—;, 0), 22)
a

18/
VI, |NVIf==—,
V= VI e (23)
0, otherwise.

Substituting Egs. (22) and (23) into Eq. (20), we
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have

min |1 & — Bl + allHI — ull: + BIVT — ol (24)

Eq. (24) is solved by the fast Fourier transform
(FFT), and the potential edge image I, is obtained as
I, =
F(k)F(B)+ aF (H)F(u)+ pF(v)— BF(VI)
F(k)F(k)+ aF(H"H)

F 1

(25)

The detailed texture information of image I, extracted

from the potential image I, by the bilateral filtering is

substituted into Eq. (13), and finally clear image is
obtained 1.

To speed up the convergence, the kernel estimation

method"”'is employed and Eq. (18) is redefined as
min [VI& & — VB + yllél:. (26)

The optimal solution of the blur kernel % is obtained
directly by FFT.

Thus, the clear image I and the blur kernel £ are
alternately got by a multi-scale coarse-to-fine image

pyramid strategy.

Image 3

Image 4

(d)
Fig.3 Comparison of image restoration effects in synthetic world datasets. (a) Clear image; (b) Blurred image; (c) Ours;
(d) Pan et al. ®'; (e) Liu et al. '®'; (f) Wen et al. ®'; (g) Krishnan et al. *’; (h) Cao et al. *'; (i) Zhang et al. **!

3.1 Qualitative evaluation of image deblurring

Fig.3 shows the results of some restored images in the
synthetic world datasets. It can be seen that the restored
images obtained by our method have more obvious
advantages, such as texture details, image main edge
structure. Fig. 4 shows the results of some restored
images in the real world datasets. It can be seen that
better restoration results are from our method, such as
texture details and clearness, which means that our

algorithm is superior to other algorithms. For the natural

3 Experimental results and analysis

In the experiments, the parameters in Eq. (17) and
Eq. (18) were set to a=0.004, £==0.000 1, and y=1.
The size of the image block was 65 during the
computation of edge channel via Eq. (16). The
experiments were all performed in Matlab R2019a. The
computer was Inter (R) Core (TM) i7-10700 CPU @
2.90 GHz, 8.00 GB of RAM. Three mainstream
benchmark datasets were provided by Levin et al. ®”,
Kohler et al.”", and GoPro dataset™.

To verify the effectiveness of the proposed algorithm,
the dark channel prior algorithm proposed by Pan et al.”*,
the /,/[, regularized sparse prior algorithm proposed by
Krishnan et al.”’, and the low-rank sparse prior algorithm
proposed by Liu et al."”, the local minimum intensity prior

algorithm by Wen et al.”*”!

, a variety of prior combination
algorithm by Cao et al.”’, and the edge retention regular
term algorithm by Zhang et al. ™ were selected for
comparison. Figs.3 and 4 are the results of restoring the
blurred image from the real world and the blurred images

from the synthetic world, respectively.

landscape image 5, the texture details obtained by our
algorithm are the clearest. For the license plate image 6,
the license plate number can be observed clearly by our
algorithm, but there exist some ghosting by other
algorithms. For the face images 7 and 8, the details of
the faces obtained by our method are more clearer than
that obtained by other compared algorithms, such as
details of the eyes. For the text image 9, although the
text from the restored image by our algorithm can be
seen more clearly, there exists ringing, which means

that our algorithm needs to be improved further.
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Image 5

Image 6

Image 7

Image 8

Image 9

(a) (b) (c) (d)
Fig. 4 Comparison of image restoration effects in real world datasets. (a) Blurred image; (b) Ours; (c)Pan etal.”®; (d) Wen
et al. ®'; (e) Krishnan et al. ¥'; (f) Caoetal.'™; (g) Liuetal. " ; (h) Zhang et al. '

3.2 Quantitative evaluation of image deblurring

After the qualitative evaluation and comparison of the
deblurring effects of different methods on blur images in
Section 3.1, four evaluation indexes, peak signal-to-noise
ratio (PSNR), structural similarity (SSIM), graph
average gradient (AG) and information entropy (En) , are
used to evaluate the deblurring effects of different methods.
SSIM is a fully referenced image quality evaluation
criterion, which is measured from brightness, contrast and
structure. The larger the SSIM, the more the restored
image similar to the clear image, and the better the restored
effect. PSNR is the error between corresponding pixel
points, which is used for the image quality evaluation based
on error-sensitivity. The larger the PSNR, the smaller the
errors between the restored image and the clear image, and
the better the restored effect. AG is used to measure the
clarity of the restored image. the larger the AG, the better
the clarity of the restored image, and the better the restored
effect. En reflects the information amount in the image. The

larger En, the more information contained in the restored

image.
SSIM is defined as
oss (2, y)=1(x,y)c(x,y)s(x,y), 27
2y, + C
where Z(x,y)Z#,
pet o+ G
( ) 20.0,+ C,
c\x, — L,
Y ol +to +C,

() M (2) (h)

0., 1+ C;
o.0,% C, ’

t., 1, and o,, o, denote the means and variances of the

s(a,y)=

images x and y, respectively, and C,, C, and C; are the
constants.

PSNR is defined as

2 2
OPSNR — 101g o ’ (28)

OMSE

UMSE:M;M.AZMIZ\/:[I(Z',]’)*IAUJ)}

i=1j=1

2

.29
where I and I denote the original image and the restored
image, respectively, M X N is the size of the image,
(7,j) is the coordinates of the pixel, and gy, is the
maximum pixel value of image I.

AG isdefined as
1
(M—1)(N—1)

MoINEL (T +1,7)— 10, 7))+ (TG, j+1)—1(i,j))
55 ;

OAG —

)
i=1 i=1

(30)
where I is the deblurred image, M X N is the size of the
image, and (7,7 )is the coordinates of the pixel.

Enis defined as

255

aEn:_gp[lgPiv (31)

where p, is the proportion of the number of the pixels

with the gray value 7 in the deblurred image.
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Tables 1 and 2 are the compared results on PSNR,
SSIM, AG, and En by our algorithm and the other

algorithms on the images in Figs.3 and 4.

and the proposed method has better performance in
deblurring.

Table2  Comparison of evaluation indexes obtained by

Table 1 Comparison of evaluation indexes obtained by different algorithms in Fig. 4

different algorithms in Fig. 3 Image No. Method PSNR SSIM AG En
Image No. Method PSNR  SSIM AG En Ours 243152 0.6562 11.1672 10.2589
Ours 258695 08516 119276 23.816 1 Panetal® 188977 0.4551 4.7514 0.6193
Panetal?) 230091 07243 61701  3.199 3 Krishnan et al.*) 16.657 1 0.2336 5.7431  1.9139

= [22] = =
Krishnan et al”) 18.9658 0.3552 7.3640  2.6449 fmage 5 Wenetal. =0 151932 0.2551 58294 0.3738
Image 1  Wenetal® 231433 07889 89386 2.1685 Livetal™  17.2100 0.3730 9.9965 2.4997
Liu et al.1% 93028 07864 117691 21241 Caoetal”™  18.0102 0.3385 8.1240  6.9014
Caoetal™ 124104 02840 80244 12.4104 Zhangetal ™ 239518 05173 82153 59362
Zhang etal®  19.1147 0.8205 4.8100  6.9323 Ours  27.6770 0.8773 58447  6.6698
Ours 250137 08046 155203 36.420 1 Panetal®™ 250217 0.7365 41420  1.9305
Panetal® 238065 06797 77098  1.898 5 Krishnan et al.”! 224538 0.6528 4.3679  2.6314
; [22] - o g
Krishnan etal.’) 18.9658 0.3742 8.9204  2.2487 Image 6 Wenetal. 26.1077 07931 4.3436  2.748 0
Image 2 Wenetal™  23.6602 0.7829 9.2417  4.764 5 Livetal™ 193530 05396 56228  3.3002
Livetal™ 213778 07454 105203 21787 Caoetal®™ 242416 0.7176 4.8482 7.4323
Cacetal™ 134976 02866 7.9631 1.9236 Zhang etal.® 249565 0.6615 2.1303  5.3364
Zhangetal ™ 245915 0.8063 4.7333 11.483 3 Ours 24.8936 0.8495 104776 6.4608
Ours 26.0208 0.8574 13.4976 4.2707 Panetal ™ 225964 0.7921 6.8975 1.8455
Panetal?l 258233 08175 88629 27029 Krishnan et al.”) 24.3902 0.8155 6.0889  9.148 1
o ' ' ' ' . o1 [22] =
Krishnan etal.’) 195157 0.4656 8.7659  2.084 2 Image7 ~ Wenetal. 22.3643 06385 6.2587  3.538 8
Image3  Wenetal?” 236965 08225 99378 2.4573 Livetal" 211487 08205 57634 56078
Livetal™ 170643 07061 10.2048 2.249 4 Caoetal”  17.4935 04737 47269  6.2845
Caoetal™  13.0468 02707 8.6572 27089 Zhang etal. ! 23,9565 0.6507 10.3615 5.4401
Zhang etal® 16,2652 05541 10.7459 2.083 8 Ours 30.6841 0.8068 6.7100 10.9726
Ours 296354 09012 73580 27003 Panetal? 281276 0.6920 52711 1.9309
Panetal?!l 266588 0.8526 71798  2.602 2 Krishnan et al.”) 28.9993 0.6981 6.2056  2.0733
[22] I~ [
Krishnan et al.®) 19.7355 04747 6.258 7 24608 Image 8 Wen et al. 26.0340 0.7195 6.2558 6.640 0
Image4  Wenetall” 24114 08527 6.2056 2.1481 Livetal" 211782 06780 6.0238  3.5715
Livetal™ 179814 07459 71191 2.5916 Caoetal™ 265551 0.7229 5.1382  8.9372
Caoetal™® 145615 02961 7.2666  2.103 5 Zhang etal. ! 25.0294 0.3533 5.0983  9.186 9
Zhang etal®™ 16,2261 0.7100 4.8992  1.4467 Ours 274313 08626 6.5903 182693
Panetal® 246472 06511 1.6778 1.4621
It can be seen from the data in Table 1, the indexes of Krishnan et al.”)  21.6448 0.6748 4.0487  4.4261
. [22] - -

PSNR, SSIM, AG and En obtained by our method are Image 9 Wen et a]['m 20111705281 3.5893  4.8178
. . i Liu et al./ 23.5879 0.6269 4.3010 7.9381
all higher than those obtained by the other algorithms for Caoetal™  18.2200 04729 40565 3.9328
the synthestic world images, indicating that the Zhangetal™  26.8248 0.8287 25275  3.9947

recovered image obtained by our algorithm has more
complete structure information, less distortion, higher
image quality, and less loss of brightness and contrast,
thereby having better deblurring effect.

It can be seen from Table 2 that for real-world images,
PSNR, SSIM, AG and En of evaluation indicators
obtained by the proposed method are mostly higher than
those obtained by the comparison algorithm, indicating that

the image has higher clarity and contains more information,

To verify the operation rate of the proposed algorithm,
taking the average running time on the blurred images with
different sizes on Fig.4 for comparison. Table 3 shows the
time complexity from image 1 to image 9. It is found that the
running time of the proposed method is less than those of
other algorithms, which indicates that the time complexity
of the proposed algorithm is small, which is more beneficial

to batch deblurring multiple images.

Table 3 Comparison of running time of different algorithms

Running time/s

Resolution/
pixels per inch Ours Panetal®  Krishnan et al.®  Wen et al.%?! Liu et al.*”! Cao et al.”! Zhang et al.”®*!
256 X256 126.59 215.96 512.37 384.09 876.52 789.12 198.13
512X 512 387.97 608.35 872.41 824.67 1230.21 1028.26 572.49
768X 768 551.23 958.16 1238.71 1152.03 1630.78 1325.26 701.13
1024X1024 757.84 1 005.90 1691.28 1524.06 2012.31 1826.78 813.52
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3.3 Validity evaluation of |[M (I )||,

The regular term [[M(TI)|, were added to the
deblurring model in Section 2.4 previously. The
experimental results in Sections 3.1 and 3.2 show that

Blurred image

With [M(1)l,

Without [|M(D)l],

Image 2

Image 1 Image 3 Image 4

the proposed method has better deblurring effect, but it
does not specifically verify the validity of ||M (I)]],. In
this section, we will provide more examples that visually
illustrate the difference between the images with and
without [M (I)|],, as shown in Fig.5.

Image 5 Image 6 Image 7 Image 8 Image 9

Fig.5 Comparison of images with | M (1) and without | M (I)|

It can be seen that the restored images without
[IM (I)]], have little difference with the blurred images,
and the image restoration effect is poor, while the
restored images by deblurring algorithm with ||M (I )],
are clearer, and the clarity of texture details has been
significantly improved. Therefore, the validity of the
regular term ||[M (I )]], is evaluated.

4 Conclusions

Aiming at the blurring in images caused by various
reasons, the double-channel loop deblurring algorithm
based on edge features was proposed. A double-channel
cyclic iteration algorithm was designed, the edge
gradient was taken as the discrimination threshold to
distinguish edge channels from the non-edge channels.
The main edge structure of the image was obtained at the
edge channel and the image details and texture
information were obtained at the non-edge channels.
Afterwards, the image was substituted into the
deblurring model based on MAP to be deblurred. The
experimental results show that the proposed algorithm
can effectively deal with the blurring images, and
improve deblurring effectiveness. This method can be
applied to the deblurring in real images universally.
However, for the image datasets with the complex
scenes, since different objects have different degree of
blurriness, there are still some blurry residues in the
deblurred image by our method, which will be the
direction of future efforts.
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