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(A Study on the Video Inpainting Performance using Denoising
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Abstract :

In this paper, we study the effect of noise on video inpainting, a technique that fills missing regions of

video. Since the video may contain noise, the quality of the video may be affected when applying the video inpainting

technique. Therefore, in this paper, we compare the inpainting performance in video with and without denoising

techniqueDAVIS dataset. For that, we conducted two experiments: 1) applying inpainting technique after denoising
the noisy video and 2) applying the inpainting technique to the video and denoising the video. Through the

experiment, we observe the effect of denoising technique on the quality of video inpainting and conclude that video

inpainting after denoising would improve the quality of the video subjectively and objectively.
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.M 2 Uehte #AHE A9 tFoAA] EUrt. 1 o 7
oA ZgE g 2ol 4 MAGA ZE g
A4 AFE WA Bope we srw gdaw o & BRI wolzsh £3€e] da, ol Gyl @
AFE vAe] Fof & AU (inpainting)71E-S ©]H]A| AJNY 7ES AHEE W G FE TS = 5 dd

A=
A &8 Qe Fu

o] ety WA} fARSA A=
1R olnA Ex JA AR AA AA, &4 54, ‘4
Hula AA 59 452 29 & gl AHgY 7)&L
A olu =] 28 (image inpainting)¥} H]T]Q. <lH <l

o 1

¥ (video inpainting) F+ /¢ #of2 Wrof Xtk XF 74X
AARIG ] Hek W2 AF7E o] FolH AR gkl QlHl
%"% :FL@_O}L H]“ qﬂ%ﬁa ﬂvT’— ME]i ] ] ]
A" JHE mEAJ HEE 7]¥E  (non-learning
based) 1= NY 7% [1-4]3% 8% 7]4F (learning based)
Moz s $ Qu [5-8]. <5 7]uke) ojm|x] <lHoy]
< M A A A7 (Generative Adversarial

‘0, o,
ﬂl3
[

Network, GAN) [9]e] F& ARg®Th HTQ <lselEE
e THE 99 AU 54 2AE AAste 4
H g9s Hdake b AHgEds Aol omA s dd 3t
ARt shAlRE QIFIIE Ves dde] ddoE Gt
7] el g dAgdE =l P AFAR] dAS
HESe 7)eo]l aqdnh Wde A" Ve HEl
ZY AT RS BESE S AR AT,
A AAS] wmolz=rt 23E JAdel Aud"E S HEF o

*Corresponding Author (s.park@knu.ac.kr)

Received: Oct. 19, 2022, Revised: Oct. 25, 2022, Accepted: Nov. 26, 2022.
J. Y. Seo: Kyungpook National University (B.S. Student)

H K. Baek: Kyungpook National University (M.S. Student)

. H. Park: Kyungpook National University (Asst. Prof.)

| =EL 20209% AR (ﬂ%% o Ao FdxATAGe] A&
e 71z ?A}%I d No. 2020R111A3072227).
o] =79 AT Ay T d¥E A EAIEE ‘A3 &= QFAT o

iy 3% rE % D)
* o

]
e A T ET vt ol

© IEMEK J. Embed. Sys. Appl. 2022 Dec. 17(6) 329-335
ISSN : 1975-5066
http://dx.doi.org/10.14372/IEMEK.2022.17.6.329

1. ofo|x| elufelel
1.1 ®lgkg 719k om]A] <l

=

#H<l

il [e)

TAAQ v g 7|uke] QIHAY 7|ES AA A 7]t
ek gk jdk o R Us 4 9k 9% 7)uke] <l
o’ wd [1 2] ¢#x 99 (known region)2] IA
ARE T3 ou|x9 &y JIg ALk A s|ue
olgole] wdl [3 4]& £Ad o9 FHe ARE &49
9 (missing region) o2 AT}sle] o|w|xE st} 1
Hu o]yt nlgkE7Inke] AFAY VHES AM HHE
7F =3, 4 9o & we ou|EAQ ARE upedh
F givE= A7 gk

1.2 855 714k o]m] 7] Q=Y

g8y 71Eo] vefg o whd sl wigl ZFE WA &
o HejdS =il HAh HE AHAE JEddE
d8dS 483 At st A olFoixa it [5lE



e ®MAH 712 7lgte| H|C|

330

An Architecture of Video Inpainting Method

Fig. 1.
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Dataset Method Evaluation metric
PSNR 1 SSIM 1
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() 20.861387 0.806348
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bmx-trees
() 28.142090 0.888364
(a) Experiment 1 : Denoising — Inpainting
(b) Experiment 2 : Inpainting — Denoising
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