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Bidirectional Time-Domain Feature Flow Blind Motion Deblurring Algorithm

Zhao Yuejin, Liu Wenlong, Liu Ming, Dong Liquan, Hui Mei
(School of Optics and Photonics, Beijing Institute of Technology, Beijing, 100081, China)

Abstract: Portable imaging devices are ubiquitous in everyday life. However, as the hand jitter or the fast
moving objects in the scene during shooting process, the captured image or video is often blurred, causing
important details loss. In order to restore the blurred video and image to a clear state, we combine the
recent research hotspots—Generative adversarial network, and propose a novel end-to-end bidirectional
time-domain feature flow blind motion deblurring algorithm. The algorithm makes full use of the feature
information of spatio-temporal continuity constraint to establish a bidirectional transmission channel of time-
domain features between the adjacent frames. The multi-stage autoencoder deblurring network structure
and the parallel coding and hybrid decoding fusion solution can fuse the multi-channel content information
of a frame triplet and restore a clearer frame for a video. Experimental results show that the proposed
algorithm is superior to the existing advanced algorithms on the traditional image quality evaluation
indexes, i.e., peak signal to noise ratio (PSNR) and structural similarity (SSIM) , and visual quality
within acceptable time cost.
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Fig.1 Basic architecture of the bidirectional time-domain

feature flow blind motion deblurring network
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36 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 1, 2019

S5 — B B[R] E 2 e 4 A 2 oh P G B 88 AL, 33X T 1 G 5% 45 43 501 6t i A3 ( B+ Po) FL( By + Po) 3
T4ty [ B ok A 38 — B BE Y I SRR AE AR 8. o TS PR R 4 g S 1 S Hh — A ) i A 2 I A A A
R T WO SRR AR A5 B AR SR 10X 1 R/ BB GE IR SRR A 5 24 151 2 B9 28 17 1) i R AR A 3 s
TR A RE AR DR A7 45 B, P I P 1 2 5 i 0 1) A S AN [) B 3s 1 4 i o R 4 A R A B S . IR L, R
SR T G B 2 EL A A TR A 25 R FR 2 L (BRI B8

VA 4 B 40 10 0 B O 05 A 0k ST R A i R AR B 5 00 O 3L AR SCOKE R 4 S E S S A B
N RIS SR . A T A P Z (S B AR SCR T 1X 1T RN B 2% 20 51 W1 2 55 45 A0F A% A0 17
FAE . )5 55— W BE@ i ge 2500, WA 45 K o0 2 i 5 5 35 A2 0 v 4k 2 100 TR A 90 B3 5 AE bR BE K
25 B R K /N Z A % o [RRE R 1 e o9 4% Wie 84, I REAE PR ML 20KS A0 008 1k S g, AR SCAE A
A4 T PS5 R Z AT A R B 2, DAURE 4% 2 2] B0 R Al 1T Py B AR 25 1 OE Tk, 1R J2
ISk T U6 A BT M Y AR . DR, B AN 25 AR R0 48 A R T 24 R B Y R R 45 R E KR N Eo=
I+ Pos
2.3 MKEEIEE

A SCHYER R 2% L) LSGANMUG REAMES . LSGAN Ay 3= B EUAH 5t J2& 78 1) 91 2% D i FH 58 fin S
Ve I AR ARR B A K PRI, R, Mao S5 N FH /N AR AR B Lo 101 G A T 5 B S0 4 AR I 1Y
Bl o AE Al B, AR 0 AR BRER G M A DSBS Paawe T RA LSGAN VI 25 11 %5 51 1 453 2% F1 AR B
AR =X (4,5) F R .

2 1 2

1 .
mezganDuyﬂ]+§EMmeﬂ (4)

%&mﬂXﬂfﬂz (5)

F 2 P 7278 B EE 70 A0 1P 28 A BUEHE 70 A s 38 BLSEREAS s 0 ROR A AR AE UREAS o BR T
FEA XAz B Z A1 SRy T AR R TG B A B T LS R DB N A 25 R AR SRR A A
PR B FVR IR R AR L IR AR Lo 1 N LR S

15 P AR — Ml MSE 5t MAE i &, A8 SCE £ MSE, It LLAR SCHY Lo 8 R B3 B B 25 15081 25
B 5 HFREE #) Euclidean 55 2 Fl

L

I‘adv—g -

1
v WOH LG
U IO IR A R B B ) A SR G Ls 26 7 4 it By B9 H F5 FE Soo
T BEAE S 4 2R B Perception loss) 78 BG4S 93 15 2 732 B, B B2 78RR 10 2 20 1 i /)
S5 HARER N 2R . RICE X L W EB EGR £S5 BEPRER SofE VGG19 41 relu3 3 2 L FRE
B LR B . LA Lo T VAR

|10 =1 (6)
2

1 ~
L[emzm\\mw— (|| (7)
A ¢, R A BMEAE VCGL9 5 j )2 R R . £8 LTk, R SO S A sl 2k vl LA R 7
Lg - La(lv—g + /lleim + Ao L (8)

2P A, 43 ) 3R s AR 2 G I RN RR AE 353 9 AH A X B AR R R BAUE . FEAS SCHY SRS L I B A =10, 4=
5 AR L I ZRER .
2.4 E@ET

XHTC 0 265 U1 5 S — A 2R e R 001 05 R L 5 S M B MR A R . AR SCHE— B NVIDIA Tian V100
B b S A U SR A S . SE SR E batch_size Ry 1, AR AR BR T 5 B BUZ M Tanh #0006 4,



AR A MR AR R E R B SR & 37

LA 26 BRI 5 45 PR AE T PR 2 % ReL U, i ] Instance Normalization 1F Wl Ak, 1iij %5 51 25 (1) &
FRUZ 0% R B0 26 #% Leaky ReL U, {#i i Layer Normalization 1F WAL, i B R I ZRAE A K/ 9 1 280
12 X 72018 2%, T LI ZRRE A R BE AL 35 1) 1 256 1% 5 X 256 1% 5 R/ G H /e N 8 g A . AR
SCEFE AdamP2WE N AL B, W06 B 2 ST g Te ™, IR A8 U 2k ) ok 7 b 2 4 A0 5 0, B0 R « = 0.3,
eI SRR B, A 2% 5 S 0 4 B 0 R e — AN R R 5 — A S EORAE . AR SO E R K ep-
och#°h 300, 24 it 72 K 29 75 2 3~5 d i (i) .

3 LT

AT E VEFIGE S PE A A SCRL NG T B i R 58 BT A A O T8 43 IR AR SR 5 Y i Sk
RO RL AT LR
3.1 HZItEE=E

A SRR B 32 2R RO AR e BT i, BT DA KOG AR G PR IE AN H8 A o (HR R T i
— 25 U I AR SO TR (8 R 35, A SR AR Y 55 Y i — B R T 9 2SO BRI AT R L o BT AR SO A At A
BB 46, A% 0 09 RS 5 & 2 A b o - 08 15 142 Lk (Peak signal to noise ratio, PSNR) F1 45 #4 #H {8 4
(Structural similarity , SSIM) B Adi Jf- 71 580 B A I 32 A A S 2 &b R A R o A SC 386 % Multi-scale CNNUY,
RDNEHI DeblurG ANUWE Jy L3R 42, K R B AT 0 0 28 HAT AdURe B9 254 0 HACRIE o o T AR
-4, Horh RDN B 7 814K B2 3% 8 O 3, 1 Multi-scale CNN AR K {5 3% 3. BT A R4 7E 2 018 4
WA AR S At LA T, MR AR K /N 256 18 K X 25618 %K . LA L nE 1R

®1 FIHESTEINER

Tab.1 Results of statistical evaluation

Bk Multi-scale CNN RDN DeblurGAN ZN
PSNR 28.032 27.384 28.338 28.695
SSIM 0.886 0.878 0.894 0.897
B ] /s 4.405 0.102 0.033 0.054

AR, 5075 0 R ORI S A B, AR SCHR ) B A #E SSIM R PSNR J5 ¥ R AL 5+ . — i,
A SC R L ) PSNR AN A I # 3 RDN 89 1.31 dB #l Multi-scale CNN % 3% 0.66 dB, 1fi H. 7£ Deblur-
GAN g L filh b 4255 0.36 dB. Jf H A SC% SSIM 4 i F HoAth 5% 4 X5 T+ o8 31 22 1 J2 |, 76 Ab 3808 3 7
T, Multi-scale CNN JL-F 80 fi5 3K 1&g F A SCAEAY 0 0 7 2 3 PR Ay A SCAR AR ) £ B BE 2 AL - f i 2 A
W S5 AL, A SCRE R4 T 1.6 15 42 T DeblurGAN . (HEZEG 1T 5, A SCHEHY AT LU 4 b 52 390 PE g 5 3 2
A
3.2 MRRE

15 PSNR Hl SSIM Jf- A 45 [0] T 4 1 25 ORI R, o AR SCIB SR /Y A U2 B8 4 i P03 T 3 o A5 88
Multi-scale CNN Hl DeblurGAN 5 74 SCHERIAE L #E . A SC I 285 S o B WL 38 455 22 1> S b 0 1R
B A RLSE X A & 5 BT o H 5 A LU 5 AR B A Ll | AR SORRE AU Y 2o AR 45 2R i R T A Y
PR I i, 2 AR e AR A O ) 3 BN 4T R A () TR 7 3 3R B R RO A SR AR T AR SO
RUANTE BEAC AR 1132 AR R ) B0 % 8 B8 5 AL B 25 Al I 0 T 3 B 132 S sl [nl . ek, 5
A5 0 S TR RO 1 DX, AR S 2 RROR AR L AT AR R 5 A b £ R LR AR BT L TS s A RSl A £
i .



38 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 1, 2019

() B 4l N (b) DeblurGAN%: (c) Multi-scale CNN%5 5 () BXHEIEL R (e) Ground-truth[&
(a) Blurry input frame  (b) Result of DeblurGAN (c) Result of Multi-scale  (d) Result of the proposed (e) Ground-truth
CNN algorithm imgae

KI5 BLGE BT T AN X 45 2R

Fig.5 Results of visual quality comparison



AR A MR AR R E R B SR & 39

4

&RIE

AR S SR UL 1] S U A 5 Bl ) A — A v B 1) 38 Sl SR 0 4R 2 B A O SR T T i

B AT 5 T EL AL TS T O AR BRI AT S o Bk — 28, X T A A B 2 AR IR A, AR SR T —
oft XL ) B 3ol T 3L T 3 8l 2 AR A o1 2%, 32 08 4% BB — i Wt T4 e 910 A kg i A R D 22 B B 1) 4 14 -

45

Hay o AR FCH S T FE 50 R P A 8 i Ak SR AR UL AN SR Y — b I AT 2 A AN TR A A R BT S SRR

IR SR SR T A SCHR A A TR S8 3 B DA UG B e DA O T S O TS T S B . (2
AR SCT5 1 L AF A Ak B R X B 7 B SR g A (R B S B T 5 B — 2 A

SE Sk

[1]

(2]

[10]

[11]

[12]
[13]

[14]

[15]

[16]

[17]

Kupyn O, Budzan V, Mykhailych M, et al. DeblurGAN: Blind motion deblurring using conditional adversarial networks[EB/
OL]. https://arxiv.org/abs/1711.07064, 2017.

Proakis J G, Manolakis D G. 3075 5 b Bl —— 508 . 05 5 0 [M]. 4 bR . 6507 Tolk i At 2013: 863-871.
Proakis J G, Manolakis D G.Digital signal processing—Principles, algorithms and applications[M]. 4th ed. Beijing: Electronic
Industry Press, 2013: 863-871.

Lam E Y, Goodman J W. Iterative statistical approach to blind image deconvolution[J]. Journal of the Optical Society of
America: A Optics Image Science & Vision, 2000, 17(7):1177.

Ma L, Zhang R, Qu Z, et al. Blind image deconvolution using sparse and redundant representation[J]. Optik-International
Journal for Light and Electron Optics, 2014, 125(23): 6942-6945.

Xu L, Ren J S J, Liu C, et al. Deep convolutional neural network for image deconvolution[C]// NIPS'14 Proceedings of the
27th International Conference on Neural Information Processing Systems. Cambridge, MA, USA: MIT Press, 2014: 1790-
1798.

Sun J, Cao W, Xu Z, et al. Learning a convolutional neural network for non-uniform motion blur removal[C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition. [S.L.J:IEEE, 2015: 769-777.

Nah S, Kim T H, Lee K M. Deep multi-scale convolutional neural network for dynamic scene deblurring[C]// 2017 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR). Honolulu, Hawaii, USA: IEEE, 2017, 2: 3.

Gulrajani 1, Ahmed F, Arjovsky M, et al. Improved training of Wasserstein GANS[EB / OL]. https://arxiv. org / abs /
1704.00028v3, 2017.

Kim T H, Lee K M. Generalized video deblurring for dynamic scenes[C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. [S.I.]:IEEE, 2015: 5426-5434.

Hyun Kim T, Ahn B, Mu Lee K. Dynamic scene deblurring[C]//Proceedings of the IEEE International Conference on
Computer Vision. [S.I.:IEEE, 2013: 3160-3167.

Su S, Delbracio M, Wang J, et al. Deep video deblurring for hand-held cameras[C]// 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Honolulu, Hawaii, USA: IEEE, 2017, 2: 6.

Goodfellow 1, Pouget-Abadie J, Mirza M, et al. Generative adversarial nets[EB/OL]. https://arxiv.org/abs/1406.2661, 2014.
Johnson J, Alahi A, Fei-Fei L. Perceptual losses for real-time style transfer and super-resolution[C]//European Conference on
Computer Vision. Cham, Switzerland: Springer, 2016: 694-711.

Mao X, Li Q, Xie H, et al. Least squares generative adversarial networks[C]//Computer Vision (ICCV), 2017 IEEE
International Conference on. [S.1]: IEEE, 2017: 2813-2821.

Mao X, Shen C, Yang Y B. Image restoration using very deep convolutional encoder-decoder networks with symmetric skip
connections| EB/OL] . https://arxiv.org/abs/1603.09056, 2016.

Tao X, Gao H, Wang Y, et al. Scale-recurrent network for deep image deblurring[EB / OL]. https://arxiv. org / abs /
1802.01770, 2018.

He K, Zhang X, Ren S, et al. Identity mappings in deep residual networks[C]//European Conference on Computer Vision.
Cham, Switzerland: Springer, 2016: 630-645.



40 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 1, 2019

[18] He K, Zhang X, Ren S, et al. Deep residual learning for image recognition[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. [S.I.:IEEE, 2016: 770-778.

[19] Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image recognition[EB/OL]. https://arxiv.org/
abs/1409.1556, 2014.

[20] Ulyanov D, Vedaldi A, Lempitsky V S. Instance normalization: The missing ingredient for fast stylization[EB/OL]. https://
arxiv.org/abs/1607.08022, 2016.

[21] Ball, Kiros J R, Hinton G E. Layer normalization[EB/OL]. https://arxiv.org/abs/1607.06450, 2016.

[22] Kingma D P, BaJ. Adam: A method for stochastic optimization[EB/OL]. https://arxiv.org/abs/1412.6980, 2014.

[23] Wieschollek P, Hirsch M, Schélkopf B, et al. Learning blind motion deblurring[C]// 2017 IEEE International Conference on
Computer Vision. Venice, Italy: IEEE, 2017: 231-240

EEE N

RBRHE(1958-), 95, 4%, 18
AR T B ST I T
MEMS ) £ 5 A% $ A
R 2% AR AR 7S D
R %, E-mail: yj-
zhao@bit.edu.cn,

B R1979-), 9 BT,
W T T 1] G o A2 AR
HIUEs 3 NI Ai1IE R ES 2NN}
AR A8 Ak B2 A0 R
oAk,

X3 #(1979-), 5, B+ F
A BESE 5 ) < ik TR
22 EUGAL BE AR

XIBA(1979-), 95, mI 42, BF
EOw N RE A K T USR]
A L5 U] DA

HH(1963-), o, @ H o
T ] AH RS TP 5 4
=3 VAR IS NN
MEMS Z 4t W A& AL R
it

(% 4 TR HB%)



