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Abstract

Image deblurring technology has advanced significantly, and many methods
have been proposed for deblurring. However, most of them are designed to
prevent camera shake, and there are few methods that are effective against
object motion blur. Therefore, in this research, we aim to remove subject
blur from images by using ESRGAN, a method in the field of super-resolution
that has excellent perceptual quality. To perform pair learning, we prepare
a dataset by adding artificial blur to the images. Then, in order to make
the input and output image sizes the same, we removed the upsampling layer
and performed learning. Although we were not able to obtain satisfactory
results, we confirmed that ESRGAN, a method in the field of super—resolution,

can be used to correct object motion blur.
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(b) Object motion blur image.

Fig.1 Camera shake image and object motion blur image.
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2.2 PERFIE

2.2.1 Deblur-GAN
Deblur-GAN [E#% 5 #31Z Relativistic Discriminator Z£¢H L TH YD, T X
Y BEAF L Tldaknl 45 T Wasserstein FEREEZ IEFEIZITELT D 72 DI [E] & @l % &
AE LT 7=s3, Relativistic Discriminator TIiEAEp#R & FkAISROMET L& 1 A
Ty T CRITOEHT L OFEERREN LR E fe o TV D, E RO )
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2.2.2 ESRGAN
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ThHDHIEDRRHMTHSH, ESRGAN 1F SRGAN ZHiHIZH B, SRGAN OFEETH

2



SF RS LT A NEBROERKENE XITELD ) A DN B0, R b
U i O BB A B 1 B TRV BB 2 AT BRI 8 2 EHUET 5 8 & B
DR ET A REHHI L, FEEEZEO T LIS H K LT A I8I[4l,



BIE RBRFE

3.1 =
AETIE, BREGEOSEOFELZ AT, AR T VA T2l 57 L O
WG 2 /LRl D TTIEIZ OV TR D,
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ARG TG O FETH S ESRGANMIO R > hU— 7 ICY B AN T, #
FARZ Va0 Br< AT T VEERT 5, ESRGAN O/ERERITEG O 7 %
MW TARYE & AR O Pixel D72 HHEKZFHET 2 Pixel loss, A4
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A O TS TR AT 5 Perceptual loss, Efkgs & kbR H Ik
FEHWT, FHXIIC—FH RY, £/ OBBR S 59— HOEBR XD LAY TH Dt
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DIy T —7 %, BEHiAHE (Convolution J&) . 23 {f @ Basic Block (Residual-
in-residual Dense Block(LL ' RRDB)) , &4 iARE, 7 v T Y 7Y 7L A ¥ —,
Z L T2 o08HAHED LRSS RRDB I3 Dense Block @ 1 2 THYH |, £D
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Y,

B AR TIEEERDO 7 VI L TORMIEZAT O 1o, 7y 7Y 7Y o 7iF
TOFITFE T,

ESRGAN /X SRGAN ® Batch Normalization J&§ (BN J&) &MINn 2T —
DY) &3 D B RHEE DO IEFUL 21T 2 S 2 IR L TRV . ZHiZ L Y SRGAN @
METHSTHHT — X LT AT =2 NPRESBRDEXITELD ) A A&k
LTW5o, ZORER % Fig.3 IZ7R7,

RRDB (%, BEECCERBA T 2 & THERER M BT 25 LD TRIICESNT,
SRGAN OA Y Uo7 vy 7 L0 < M Residual-in-residual Ok
ZE M L THEDY . Dense Block #55 VEZETHIG L TW\W5, RRDB & v 7z L 0 W
BT VIE B ITEE T OFANA 2 E OB RERE & b 2 2 KB m < AR
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Fig.2 Network structure of the generator[4].
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SRGAN RB w/0 BN

BN

Fig.3 Structure of residual block[4].
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Fig.4 Structure of RRDB[4].
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Moo L1 /v OS2 G 5 18 5B 4% Pixel loss & W5, G &L Rk#s, x; & (Kfif
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b, ZORE 11X :/*‘V?:ijo)‘ﬁ‘&f@?“j“?@ﬁi@%ﬁﬂéﬁﬁ%‘@‘éo [ES
B OBREZ MW FIEE 2175 2 L T, L BARBEMRGEG A EkT 2 Z &0
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Lpercep = Ex,|IF(G(x)) = FO)II1
ZDLE, F FOIFEGNLELNLFE~ vy 7 Th 5, RIT, s & kb o
FifEF 2 DT, A —77 CR¥, ERD OED S 5 — T OB I D LAY TH
LR A5 9 5 Adversarial loss [ZLL F O Y 12725,

IR* =—F, [log (1 - DRa(xr,xf))] Ef[log (DRa(xf xr))]

DIFDR(a,D)iF a b KV AMTHHIEFLE 1ITHDOX, AYTRWEE 01Zir5<,

Dga(x5, %) = O'(C(Xf) —E[C(x)])

Dra (%7, x7) = 0(C(x,) — E[C(xf)])

o EPEALBE %KL
Xy, Xp: AW, SRR
CO: BRI 7]
E[: 31 (2 =Ny FOETF —X D))

EEDBND,

Adversarial Loss 1ZZ N ENDAERADOHIMEDZEICH LT 2 iR e b
—HRAEID L ICEHHE SN D AERERD /3T A — 2 TR Dgg (27, %7 )23 012720 |
Dpa(xp, %, )23 112725 K OB T 5, LAk Adversarial loss # 5 Z & Tk
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KIEONT L A b DT ODEMEE N, n&2nT 52 & THEM LIEMEZ EkasD
Loss & LC, AR HE 217 5[4,

Le =Lpercep + ALE® + 1Ly
kB DR IBAEI T BT AERLER @ Adversarial Loss & [FRIBRICUL N TEFR SN D
(2],
LR = —E, [log (DRa(xr xf))] log (1 DRa(xf xr))]
AR DA FRER & 1XIFIT /ST A — & O F R tiDRa(xr,xf)i)) 112729 . Dga(xp, %)%
012725 Ko lzET 541,
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Fig.5 Learning images.
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Fig.6 Generator and Discriminator loss

WIZ1E BRI T2 72, FRICT LOREWEGZ AW ET VI, Filo 7 Vi
WZEBR L7 VEBIMLTE 2 5O7 A MEBRE AT LT A MERZ Fig.7. 2 HA O
FHEETNNOELNR R A Fig.8 (-7, [AARIZ 1 IR OFEET VI, FEIC
L7 VEiBE A LT A MERE Fig9, Fig.1ll | 2EHOFEET AN
HFoniE R % Fig.10 | Fig.12 25~ 7,

T T NS . TR N R S AT R N S

— TN A&

(a) Small blur (b) Small blur output (c) Big blur (d) Big blur output (e) real image

Fig.7 Model trained on highly blurred images(Doberman).
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(a) Small blur (b) Small blur output (c) Big blur (d) Big blur output (e) real image

Fig.8 Model trained on slightly blurred images(Doberman).

(a) Small blur (b) Small blur output (c) Big blur (d) Big blur output (e) real image

Fig.9 Model trained on highly blurred images(Bulldog).

(a) Small blur  (b) Small blur output  (c¢) Big blur (d) Big blur output (e) real image

Fig.10 Model trained on slightly blurred images(Bulldog).

(a) Small blur (b) Small blur output (c) Big blur (d) Big blur output (e) real image

Fig.11 Model trained on highly blurred images(cat).
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(a) Small blur (b) Small blur output (c) Big blur (d) Big blur output (e) real image

Fig.12 Model trained on slightly blurred images(cat).
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