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Image deblurring based on multi-scale alternating
connection residual network
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Abstract: To solve the problem of image blur caused by camera jitter, the relative motion between ob-
jects, and other factors, a multi-scale alternating-connection residual network is designed in this study for
image deblurring, and the “coarse to fine” multi-scale method is used to gradually restore the clear image.
First, a multi-scale residual module is proposed to expand the network width, and to extract and fuse the
feature information between different scales. Second, an alternating-connection residual module based on
dilated convolution 1s proposed to gradually recover the high-frequency information of the fuzzy image. Fi-
nally, a convolution layer is used to reconstruct the feature map. The experimental results show that the
peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) of the proposed method are 32. 3136
dB and 0. 9425, respectively, better than those obtained by the current image deblurring techniques. The
evaluation index and subjective effect suggest that the proposed deblurring method has stronger image res-
toration ability, richer texture details, can effectively improve the image deblurring effect, and has higher
practical value.
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Fig.1 Multi-Scale Alternating Connection Residual Network Module

JE TR BE A7 2 B3 = AR I x2S B
T4 MY R . 2SR NER 1 TR o

x1 SRESHR

Tab.1 Multi-scale parameter table

BRZE BEREXRN EEHK PN
Convl 3X 3 64 1
Conv2 3X3 64 2
Conv3 3X 3 64 2
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Fig.2 Multi-Scale Residual Module
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Tab.2 Multi-scale residual module parameter configura-

tion table
BRZE BB SIBIER ¢ P
Convl 1X1 16 1
Conv2 3 X3 16 1
Conv3 5X5 16 1
Conv4 7TX7 16 1
Convd 3X 3 64 1
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Fig. 3 Alternate Connection Module
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Tab.3 Parameter table of Alternating Connection Module

JZ BREX/N wESE PR PERET

Convl _1 3X 3 64 1 1
Convl 2 3X 3 64 1 2
Conv2_1 3X 3 64 1 1
Conv2_2 3 X3 64 1 3
Conv3_1 3 X 3 64 1 1
Conv3 2 3 X3 64 1 4

Conv4 1X1 64 1 1
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Tab.4 Performance comparison of different algorithms
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Tab.5 Performance Comparison of each scale

R KR BE =RE
PSRN/dB ~ 30.7145  31.5574  32.3136
SSIM 0.9216 0.9332 0.9425

5% 22 B (ACRB) X T KR L BT 55 19 A
ROME L oy ) Bk 22 4% 4R AR B (Residual Dense
Block, RDB) ", %% £ 3% $ #i Bt (Dense Connec-
tion Block, DCB) " Dk K 28 #L ) 5% 22 # B (Res-
block) ' 3fe f{ 5 A% SC 1Y 52 Br 1 4 4% 25 B 4 A

g
>| & >§ >§ ==
g§lzl= gz12 {E|zZ g 8
Ol'ol= Ol'ol4 Ol'e =0 N

ol© ol o Q S
AEEIEEHE R EHEE R
IR~ e NR7] a3 —

= =} =]

= s =

(a) Residual dense block

(c) Single scale

(d) Double scale (e) Ours

[F) Fr) 552 96 PR 458 T AT I 5 55 04, 4 2% 9 AR A B
(RDB) , %5 A (DCB) LA K R A B 4 5] 6
IR, O T PR B IE A ()R B ) LE 2 A B RO
AT

F6 BERETAERRMEREITILL
Tab.6 Performance comparison of different modules in

single scale

Bkt Res-block  DCB RDB ACRB
PSNR  28.4751 28.2878 28.3730 30.7145
SSIM 0.876 1 0. 869 3 0.8752 0.9216
x|
v
Weight layer
x
F(x) ReLu identity
Weight layer
F(x)+x (+
ReLu
(b) Res-block
H
ony ¥ X
,/ﬁj

A

(c) Dense connection block

6

A TR SE H

Fig. 6 Different Modules



1692 e KEE TR

29 %

M 6 R LA H AR SCRT 18 14 A2 85 o 4 Bk 2 At
e BA A A vERE  OF HONIE 7 W T R 22

(d) Res-block

(¢) DCB

B IR E B R R R A
Uf ) R AR

(c)RDB

F7 BROBETR A [l A e ) 32 AR

Fig.7 Subjective effects of different modules under single scale

4 % ®

Bt Xt I PR AR 25 RO A BT A7 AR T R K
YR UG AT A Ph 82 26 (R, AR SO i T —Fh 3k
2 R AR ek 22 M 4 AT IRIR R 0000, A
SCAT R AR St 22 ROBERILARL , LA DORLEI 20 (4 775X
IR ST AR, 22 RO i A RE DD PR 1R Dy
LRGN . ARSI T — M 2 ROk 22

Sk

[1] KOUR A, YADA V K, MAHESHWARI V, et
al. A review on image processing[J]. International
Journal of Electronics Communication and Comput-
er Engineering, 2013, 4(1) :270-275.

[2] MAIRAL J, BACH F, PONCE J, et al. Non-lo-
cal sparse models for image restoration [C]. 2009
IEEE 12th international conference on computer vi-
sion. IEEE, 2009: 2272-2279.

[3] DONG WEISHENG, WANG PEIVAO, YIN
WOTAOQO, et al. Denoising prior driven deep neural
network for image restoration [J]. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence,
2019, 41(10) :2305-2318.

[4] NAHS, HYUN KIM T, MU LEE K. Deep multi-

e FH T 2 BOAS TR) RO B R 1 B SO fF B
A I 45 AR L) Y S R T AR 2 Ol &
T, o BGAK ZAT 55 SR A T 2R AEAE R, R HF
Ay ot JoF 5% 2 8% O R 285 ) A 2 e ) 24 ROYIN24 )y 1nl
MR 24 T v i 1 PR . SRR g SRR AR
SCH R B WAL A W LG 32,313 6 dB, 45 14 A B
JE R 0. 942 5, BB RO B B H S HE 1 25 A5
BARM LA T

scale convolutional neural network for dynamic
scene deblurring[C]. Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recogni-
tion, 2017: 3883-3891.
[5] BODI WANG, GUIXIONG LIU, JUNFANG
WU. Blind deblurring of saturated images based on
optimization and deep learning for dynamic visual in-
spection on the assembly line [J].

2019, 11(5).
[6] PANJ, HU Z, SU Z, et al. Deblurring text images

Symmetry,

via LO-regularized intensity and gradient prior [C].

Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition, 2014: 2901-2908.
[7] LIL, PANJ, LAIW S, etal. Learning a discrimi-

native prior for blind image deblurring [ C]. Proceed-



573

RISV, A « 22 RS SR JE H R 22 I 2% T T PR 5 B

1693

[9]

[10]

[11]

[12]

[13]

ings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2018: 6616-6625.
RUAN G SH,SUN J X,SUN Y, et al. Restoration
of camera jitter blurred image processing outliers
[J]. Journal of Image and Graphics,2019,19(5) :
677-682.
Mok, KT IRGEREED SRR EER
BEFTHRMAI]. k% #% T, 2019, 27
(12): 2702-2712.
CHEN Q J, ZHANG X. Application of hybrid re-
sidual learning and guided filtering algorithm in im-
age defogging[J]. Opt. Precision Eng. , 2019, 27
(12): 2702-2712. (in Chinese)
Cmm,RES RET,F . ATHREERMHERN
W E AR B R LR RT]. b F A E LA,
2020,28(5):1152-1164.
FANLL, ZHAOH W,ZHAOH Y, etal. A sur-

’

vey of target detection based on deep convolution
neural network [J]. Opt. Precision Eng. , 2020,
28(5): 1152-1164. (in Chinese)

EVPF REH,HRA . FHEHRMN MR A
T2 g SR S FILT]. R M % A2, 2019,
27(11):2429-2438.

WANG ZH Y, NI XY, SHANG ZH D. Autono-
mous driving semantic segmentation with convolu-
tion neural network [J]. Opt.
2019, 27(11): 2429-2438. (in Chinese)

LIU C, ZHANG X H. Deep convolutional autoen-

Precision Eng. ,

coder networks approach to low-light level image
restoration under extreme low-light illumination
[J]. Opt. 2018, 26 (04)
951-961.

Precision Eng. ,

PENG W, HONG X, ZHAO G. Video action rec-
ognition via neural architecture searching[ C]. 2019
IEEE International Conference on Image Process-
ing (ICIP). IEEE, 2019: 11-15.

MoK, R E T, R AR R T AR 22 R U B A AR
2 45 (0 FAEWHILT]. = & 5 2 &, 2020, 35
(12):1299-1308.

CHEN B, ZHU J N, DONG Y ZH. Expression
recognition based on residual rectifier enhanced con-

volution neural network [J]. Chinese Journal of

[16]

[17]

[18]

[19]

[20]

[22]

[23]

Liquid Crystals and Displays, 2020,35(12) :1299-
1308. (in Chinese)

REE BRIAAMT, FFF R, F . 2 RERHIERLA 2
17 45 T ResNet i® & B @5 o 8ILT]. L5 4
% T42,2020,28(07):1588-1599.

XU SH J, OUYANG P X, GUO X Y, et al.

A

Building segmentation in remote sensing image
based on multiscale-feature fusion dilated convolu-
Opt.  Precision Eng. , 2020, 28
(07):1588-1599. (in Chinese)

WENG Y, ZHOU T, LIU L, er al/. Automatic

tion resnet [J].

convolutional neural architecture search for image
classification under different scenes[J]. IEEE Ac-
cess, 2019, 7: 38495-38506.

SCHULER C J, HIRSCH M, HARMELING S,
et al. Learning to deblur[J]. IEEE transactions on
pattern analysis and machine intelligence, 2015, 38
(7): 1439-1451.

SUNJ, CAO W, XU Z, et al. Learning a convo-
lutional neural network for non-uniform motion blur
removal[ C]. Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition,
2015: 769-777.

TAO X, GAO H, SHEN X, et al. Scale-recur-
rent network for deep image deblurring [C]. Pro-
ceedings of the IEEE Conference on Computer Vi-
ston and Pattern Recognition, 2018:8174-8182.
YU F, KOLTUM V. Multi-scale context aggrega-
tion by dilated convolutions [J]. arXiv preprint
arXiv:1511. 07122, 2015.

LIM B, SON' S, KIM H, ez al. Enhanced deep re-
sidual networks for single image super-resolution
[C]. Proceedings of the IEEE conference on com-
puter wvision and pattern recognition workshops,
2017: 136-144.

ZHANG Y, TIAN Y, KONG Y, ez al. Residual
dense network for image super-resolution [C].
Proceedings of the IEEE conference on computer vi-
ston and pattern recognition, 2018:2472-2481.
HUANG G, LIU Z, MAATEN LVAN DER, et
al. Densely connected convolutional Networks

[C]. Proceedings of the IEEE conference on com-



1694 b=

K TR

29 %

puter vision and pattern recognition, 2017: 4700-
4708.
[24] KRIZHEVSKY A, SUTSKEVER I, HINTON

EE R :

BRIEIL(1966— ), 5 W m {5 A, Bl
+ U2, 2003 4F F 15 BH T 1 24 B 1K A
27, 2006 48 T 74 22 32 38 K2 AR
2 r, SN AT BIR AL 3
515 5 4b ¥ 77 | AF 5F . E-mail:

\ 7
> / qjchen66xytu@126. com

G E. Imagenet classification with deep convolution-

al neural networks [C]. Advances in neural infor-

mation processing systems, 2012: 1097-1105.

HEH(1996— ), 20 BRVEIH A, 70
2 HURLF K =W 5 R L 2019 4F
B AR IR T R B e B o VA
TN T, BRI 5 (R
b #1771 B S (AR SCGEIRVER ) o E-
mail:1227409677@qq. com



