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Real-Time Video Image Deblurring Model Based on Lightweight GAN

JIA Fan, ZHANG Ying-Jun, XIE Bin-Hong
(College of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract: Due to the shaking of a handheld camera or the movement of targets, the video image data is subject to motion
blur, which reduces the image quality of human perception. With regard to the problem, from how tQ obtain clear images
from the original process to how to obtain clear images efficiently, a new model for real-time.wvideo image deblurring
based on the lightweight Generative Adversarial Network (GAN) is proposed in t“his study. The model defines PatchGAN
as a discriminant network and sets up a dual-scale discriminator for global images and local features on the basis of it; the
generation network takes lightweight MobileNetV3 as the backbone network and introduces a feature pyramid for feature
extraction to solve the problem of low utilization of feature information in the discrimination network and low inference
efficiency of the generation network: This model uses an end-to-end approach to efficiently deblur the video image. After
experiments on the GoPro and Kohler datasets, the results show that the sharp image deblurred by this model has a high
peak signal-to-noise'ratio and great structural similarity, and the inference speed reaches 1.7—127 times faster than that of
other models.
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GAN Hbr U SUA:
mgn max V(D,G) = Ex-pdaa(x) [log(D(x))]
+ Ez~pz() [log(1 - D(G(2))]  (2)
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Element-wise addition
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ZHTIIES j AN BRI RS AR AL ST

3 SEEG SR
3.1 HEE

GoPro ##2 4 1§ Hf GoPro Hero 4 FINLEFFP i 35
240 i (fps) FLARUT 51, il i de 3ok~ 357 e 48 1) i B o' ot
A RO PR . L 3214 ANBORT L IR I B X, A
2103 XFHEATNGR, FoA 1111 XT3 T VP4l DU

Kohler ¥R th 4 15 (R 415, 65— 10 IR 25

A 12 %*Xﬁﬁﬁﬁﬁﬂf%&ﬁﬁ#ﬂﬁfi BRI E X
FORI 7 10 A A M . R e i 4
SRR AL 2 AR, HAERL T & 34T B,
ISR T — RFEMH ENR, Lot 6D AL 2 3hE1
IEEAT RAE.

DVD HIEEP W EFHL. B, LU AR
BLEA 240 fps [P FEHATRI 71 BeALS, S8 5 8 it -1
TSR GMURIT ACBE G, BT 6708 MR AE
T
3.2 LEIFE

A S AE FH B4R A 589 Ubuntu 16.04.6 #:4F &
4t. PyTorch 1.5 IR % >IHESE . Python 3.7 iff & WA,

T {38 35 3= B2 47 NVIDIA GeForce RTX 2080Ti &,
11 GB & 17, Intel(R)Xeon(R)Silver4210CPU@
2.20 GHz 4b#E 4%, 10 GB YA

3.3 TS

WX 28 1 2K FH 1) 20 B2l i AN GoPro i #l 45
2103 XF A1 DVD ##E 4 6708 SR & 4L Zh5E, Sk
KT AT AR i e S i B UL . AR P i 440
i RS, 2 A GoPro $#E4E (1111 %), Kohler
MR (48 Xb). ¢\

) epoch BB A 300, 2 (3) FHIMERE T a.
bl ¢ 43 5BEA 0.5, 0.006 F1 0.01. K Adam 14k 222"
KB, batchsize BB N 1, % ST RAELA 107,
ZEI%5 150 A~ epoch J5 2% S A PEREME] 107, AN
RIYIZRIT 112 h. SR FH 2 W B A0 10 5 = DA 4 b, B0
{H A5 ¥ LE (Peak Signal to Noise Ratio, PSNR) Fl145 1) 4
BLEE (Structural SIMilarity, SSIM)™*, H:rf1, PSNR 7 &
MR (CERR) BB SR BURTER R E L% 7,
(B e AR AR R A B/, MR B g 1T SSIML M
LR NTECRE . SRS R 3 J T R B i 1 2 T
HAAURE, HAM B T 1, R EA 12 [aEAR L.

Y ik R 1R 453 2% bR £ K PSNR. SSIM FR bR fk
PrekEuniE 4 pror.

3.4 XJLESKIE

S0 R R 530 4 SR LR ERE R P 2 T
PAEALHEAT L, AARSCHR [8J B AL . DG-wild",
DeepDeblur”§ ]S_G[l] FITR2Z,

34.1. GoPro ¥i#t

CORSCHR R BRI AR L REHE AT (PSNR. SSIM).
HEFE B (7R8> GPU B & &4 BB F s A7
1) DA R R K /N 5 HA A A 4T T LA, 45 Rk 2
Frw, Saes b e 5 FroR.

M 2 T LAE H, A EBRIEAYAE PSNR F1 SSIM
B _F R R R KT, HF LR A T W5 Tt
262 vh, STHR [8] FBE R I 2R BT P B0 B 2 k)
A% AN I BS 6 AG B, X 5 LS 3g Sdh (RROR A
TR, DA ke 7 FH 81 B S A AR A AN e e
WPk % M T GoPro ds 48 #EAT I 2 A
WA DG-wild', A SCHEAL ) PSNR 4271 T 1.46 dB,
SSIM th A i s, SC#k [9,29] FIBEAL. DG 54
PR PSNR #FIAF) T 28 LLE, SSIM A T 0.9 LA L,
VB A SO AT DA s s B R . HEGEIE
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FHIE I EMS, S8 DeepDeblurt™ AR Hb HE 38 18 2 $2
T 127 £%; 5K IRV2PY HH L, A8 SR HY Sk
R SFE/NZ (233 MB vs. 10.5 MB), [7] i HE B 55 i
BETIE 10 1%, 5306 1% &% 4% MobileNet £
APV HIE, PSNR A1 SSIM #4 T T, A A/
A, HEPFHE FEARTE 73T 1.7 . 1X 8 WA SR AL ap
LAXE 29 fps AIRRAT AT S A 0 25 A5 Adb B A SO AR Y
A2 B 1% [ I S LT 3 RIRS 5 SR 1 2 A A 7.
3.42 Kohler ##i4E

FAERAE Kohler i 4 EAIIARSE B AINE 3 PR,
SLae T E B 6 i, 55 GoPro 45 L, I ELT3C
HiR [8] HAE 48 ZSBORIRE Y, SCHR [1,9,29] B ZY FH AR 3¢

T80 S 3 3 1) 90 4 485200 450 80 1) 25 BER B4R SSIM
B, A TR 1 2 O R K AR 5. PSNR
ST . 3RS, 3 [ o T R Y 4 2
S 03 3 2 AR TR A4 AT U1 R 1 B 4, 24
B S 5 0 25 850 R R P RS I, R A 2
SIS MR AT, S B0 2 10 25 O I (% 78 o E 4
Az 2 FF 3 DG-wild F1 DG AR
TSR 5 SR A2 R g 1 25 5 ) 43 e H B R [ o
S, T LAE S 5 5 152 BOME I 4 B 1 25, 3
SRAAR R e ) L, 6 Sk AT KB W 5 1
HARHE UL, R Sh0TA 4 8 02 (4 1 B2 5K A
o .

0.095 | 0.0040 |
0.094 0.0035 |
s 0.093 ”
g 2 0.0030 |
— —
0.092 |
0.0025 |
0.091 |
0.0020 |
0.090 L— . . . . . . . . . . . . .
0 50 100 150 200 250 300 0 50 100 150 200 250 300
FEARIREL (epoch) IERIKEL (epoch)
(a) Ak 2k (b) ik 2k
29.6 0.864
29.5 0.862 1
0.4 0.860 |
z >
% 2 0858 |
& 293 @
0.856 |
29.2
0.854 |
291 1 1 1 1 1 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 0 50 100 150 200 250 300
ER UL (epoch) IEARIREL (epoch)
(c) PSNR (i £2 & (d) SSIM i £ %]
K4 A
22 GoPro FHu4E psLie Xt Lh gk 5t
ERAEELD SCHR[S] DG-wild"! DeepDeblur™ DG IRv2™! MobileNet?”! AT
PSNR 24.64 26.82 29.23 28.70 29.55 28.17 28.28
SSIM 0.842 0.894 0.916 0.927 0.934 0.925 0.929
Time 20 min 0.85s 4335 0.85s 0.35s 0.06 s 0.034 s
Size (MB) — — 457 — 233 12.8 10.5
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(a) BRI % (b) SCHR[8] (c) DeepDeblur’® (d) IRv22% (&) AR T7i: (GRELIASEES
- e
s SkmdE | b\, e

%3 Kohler iﬁ?@%ﬂ’]%tlﬁ%%

PEM SRR CHR[S] DG-wild!"! \ DeepDeblur” DG IRv2P MobileNet>”! A HT i

PSNR 25.22 26,10 - 2648 25.86 26.72 26.36 26.05
) 8 -

SSIM 0773 %, o0s1g ¥ 0.807 0.802 0.836 0.820 0.819

(a) BB & (b) CHR[8] (¢) DeepDeblur® (d) IRv22 (e) A3LT7 ik (f) 7 E G

Bl6  seiex b &l
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