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Dual learning generative adversarial network for dynamic scene
deblurring

JI Ye''2, DAI Ya-pingLQT, Kaoru HIROTAY?, SHAO Shuai'?

(1. School of Automation, Beijing Institute of Technology, Beijing 100081, China; 2. State Key Laboratory of Intelligent
Control and Decision of Complex System, Beijing Institute of Technology, Beijing 100081, China)

Abstract: For the problem of dynamic scene deblurring, a dual learning generative adversarial network (DLGAN) is
proposed in this paper. The network can use unpaired blurry and sharp images to perform image deblurring calculations
in the training mode of dual learning, which no longer requires the training image set to be a pair of blurry and their
corresponding sharp images. The DLGAN uses the duality between the deblurring task and the reblurring task to
establish a feedback signal, and uses this signal to constrain the deblurring task and the reblurring task to learn and
update each other from two different directions until convergence. Experimental results show that the DLGAN has a
better performance compared to nine image deblurring methods trained with paired datasets in structural similarity and
visualization evaluation.

Keywords: dynamic scene deblurring; dual learning; generative adversarial network; attention-guided; feature map
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& 6 K7 K8 Ko
Tk

PSNR SSIM  FSIM PSNR SSIM  FSIM PSNR SSIM  FSIM PSNR SSIM  FSIM
SCHR11] 25.088 0.787 0.928 24.634 0.762 0.863 24.286 0.716 0.868 24.895 0.816 0.898
CHR[12] 28.488 0.829 0.938 28.404 0.823 0.943 28546 0.852 0.923 28.331 0.841 0918
SCHR[13] 28.527 0.861 0944 26445 0.843 0.898 26.534 0.798 0.893 26.275 0.848 0.901
SRNN 29.784  0.901 0943 28799 0.875 0.901 29.089 0.856 0.928 28.875 0.876 0.902
DeblurGAN 28.057 0.821 0.946 24.817 0.649 0.901 24.686 0.660 0.885 24.832 0.721 0.903
UDSDeblur 27.824  0.863 0919 25.842 0.843 0.865 26.124 0.787  0.851 24969 0.834 0.867
DRIT++ 18.685 0.471 0.814 19.437 0479  0.850 15473 0.580 0.663 19.958  0.575 0.810
CycleGAN 25478 0.769 0.972 23900 0.630 0.923 20919 0.731 0.882 21.772 0.580 0.847
DeblurGAN+  29.019 0.906 0969 28.612 0.869 0.898 29.451 0909 0.971 28918 0.878  0.902
DLGAN 29.698 0914 0.979 29.044 0.897 0.934 29.526 0912 0971 29.310 0.898  0.965

2.3 HRASCIE O HR T Rk S8 43 BT

AR HEAT — TR RS2 B 9T, DAy T AR SC T g
DLGAN J5 5 H B — BUPE i FE s 2. [H S HIFE R
H5ORH R AF I3 145 FE oR B2 A (0 . A SO R BT
P 35 FE BR BOR A8 28 — 2501 300KE 2R B0 1 ) DLGAN
T LA RE R E, 16 R — B AR AR R A TSR
3 FE B BORH R A1 SRR R 450 FE 1R B R 0 7 B A & AT

1) DLGAN-v1: 7E5:filif5 FE pf £ i e 254516
BRI BSCZEL A R B — UM ARG R B L

2) DLGAN-v2: 7£ FEAli4 4 o 25 E o i s — 2
PEATURE R ZCZE AF RIVRR TR SRR ST 4534 bR B L1

3) DLGAN-v3: 7EJ:Aili 45 FE BR £ 38 IR Ak Jk
K PR B3 2L A R 5 45 o B A
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4) DLGAN-v4: 7EZERl0#E ek 25 s gk n — 2
A AFE R R 2 A

5) DLGAN-v5: 7£ A4 FE bR 20 E Vs 1 S5 4046
BRBUAA

6) DLGAN-v6: 7E =il 4516 BR £ IRk B
FAFE R B A

7) DLGAN-V7: £ A4 6 pR 250 Vs I — S
PEARE 2R B ZH A 1B S5 A o K2 A AR A0 J S 45
FERR B A

w3 2 F & 10 B o, i 2 WA ) DLGAN
(DLGAN-v7) Lt 17 6 A~ DLGAN it A B 45 5 #f ) &
RO e, AR 95 2% 2 th I PP A5 5 515 73, DLGAN-v1
DLGAN-v2 il DLGAN-v3 fi A% (1) 3 A P4k 48 b5 15 43
AHIT, B SRR — SOVE T RE BR 2 1 55 400RE R ORI
U TR SR 453 R 502 A ) 7 P L R D) 4 25 3] [ 240 3R
2k FEBAIRY, TCY2:45 DLGAN () 45 22 BRI 1 g iy
Ktk — 5 T, 28U, DLGAN-vS 1 DLGAN-v6
R AR (1) 3 AN VP Ak 48 bR 45 20 AH AT, 1E S5 450 FE BR HIORTRR
TR JBC N A5 A BR) 50 2L A4 P B T 0o I 28 25 3] ) 240
1% e ALK, To 1245 DLGAN 1 5 2= K081 P e 5

SRt — BRIt ik — D W5 I, 1 oR B
A B RN RAT B VP Ak F R4S (K T 40 FE R B4
A 1R 9 79 2L SR AR UF Ak 48 B 15 43, 00 BH 450 FE R 2
ZH A B P R 2 B REE A 3E TT DLGAN (1) 25 A0 14
e, 3 MVEAGFRARTF 23 10 S A A AN o5t v B 23 ) % 92 T
DLGAN-v4 Al DLGAN-v7 &A%, 5 & 10 o 1) a] #L 4L
48 FONF LSRR EAT B8 AIE 3BT, 3% ME PRI SE SN T
TATSRAIE 1 FE T B A T R 78 79 245 O 453 B 40
A, 3 AR R B PR A A ARG T e iy
(R EBRIVERE. X — UL 1 3 R RE e B AT
A AE AT AR A AN, A 24 T+ DLGAN ) 25 BOR]
PERE.

# 2 7/ DLGANKAE J& B &3t K i HeiR 7 &

Jrik PSNR SSIM FSIM
DLGAN-v1 25.033 0.805 0.889
DLGAN-v2 25.033 0.805 0.899
DLGAN-v3 25.087 0.796 0.888
DLGAN-v4 8.165 0.255 0.680
DLGAN-v5 24.645 0.789 0.884
DLGAN-v6 24.267 0.780 0.879
DLGAN-v7 29.395 0.905 0.962

“
= yo

o

(a) DLGAN-vl (b) DLGAN-v2 (¢c) DLGAN-v3 (d) DLGAN-v4 (e) DLGAN-v5 (f) DLGAN-v6 (g) DLGAN-v7
B 10 HEASKIUR S REGARMLER

3 & @

AR SCEF O BN 2537 5 F MR Ty 12 5 A5 Bk I
CHRBCHR 1 I) RL, Bty T — o o 25 53 2 ot B Y 5.
G TR S S . BRI,
I 1 — S A5 R RN R 0 S AR B T A% B
R P45 B B0 3 R AL, A 85 058 D A 1 25

Heda A DO 2 2] i sCse B H s B R i 3h 483 55
FM, SOk T R AR R B R A D 2K
YRR 17 /. A SCTE GoPro B 88 BEAT 1 K& 1S
56, BrIE 1 i3 DLGAN J7V2 e % {3 F AR poxt Hode 42
WIZRIN 2%, 45 S5 K ARABLEE AT RLAL P J5 T, DLGAN
59 ol A FH RSO B a4 11 2 Y B 2B 7 VR AR B
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HA SR vERE. Conference on Computer Vision. Cham: Springer, 2016:
694-711.
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