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Abstract

In this paper, we propose a high-speed image noise removal module that can remove image noise in real time
from image signals transmitted through a microscopic endoscope device to inspect the inside of the upper bundle of
a standard steam generator installed in a high radiation area of a nuclear power plant. The total variation (TV)
minimization-based image noise removal technique is evaluated to have excellent noise removal performance while
reducing image boundary blurring. In this paper, we propose a smoothing norm function for efficient image noise
removal and a TV loss function incorporating this function. This paper shows that Adamax has a fast convergence
speed and excellent noise removal performance, by applying and analyzing various optimization search techniques
used in deep neural network learning to the proposed TV loss function minimization. By implementing the proposed
TV-based noise removal algorithm Adamax-TV on edge computer level GPUs, it is shown that the noise removal of
the VGA-class image of nuclear reactor endoscope can be processed in real time at a rate of 15 to 27 fps.
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Fig. 1. Visual inspection, control system and endoscope
device for nuclear power plant
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Fig. 8. Micro endoscope system with image noise removal
module
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Fig. 10. Noise reduced video images of nuclear reactor micro-endoscope system

V. 22 3 &= A

B2 =roAe 94 Wl A el AAd
FFY 71718 AHEHE RS AARE] 9
g 243 UAIA ZAAE B8 AEEE Y Az
o F" I FFas AARE AAL + de
I& G Fe AA ZES AYST 2 =79
AT total varation”|¥t B3 Fs AA Eags:
Adamax-TVE AIHHATH Adamax-TV Eile|E
B =74 ALS smoothing norm ¥4+ §°E &

dste] A3 TV &4 45 Ha 86k Adamax
HAs| &M AT FAFHET. AR Adamax-
TV ¢18&S A AFH FF GPUAA 38t
o e AA B £25 Frlsisth 434A%
FgHE AolE dol 15m, 27 2.2mme] 640x480
VGAT WEEE Ad dAE SIS 24F
WA 7heigte] 94 JS AAE 1527 $EE
AAREe R Aed F oS B B3 2 =&
qAe ATAAT SFd gy ARREHIL e
SGD, RProp, RMSProp, AdaGrad, AdaDelta, Adam,
Adamax A3} duPEFES AR TVZINE &4
g Aol A&t FH Sx9F I e Al

= NP DS s
Uslol A WER =B U7 v B2Y Z7]84]
A3 AAE AT AT

Total Variation 7]|%F GA4AL AA 2E Qe

s A
References

[1] Hosang Shin,
Direction", Korea Institute of Nuclear Safety, 2016
[2] Gyung Sub Kim, Seung Keun Baek, Ki Chul
Kim, "Steam Generator Secondary Side Inspection

"Steam Generator Regulation



Journal of KIIT. Vol. 19, No. 7, pp. 101-112, Jul. 31, 2021. pISSN 1598-8619, e[SSN 2093-7571 111

Technology Development", The 14th Nuclear
Safety Technology Information Conference, 2009.

[3] Liu, Jiaming, Yu Sun, Xiaojian Xu, and U.
Kamilov, "Image Restoration Using Total Variation
Regularized Deep Image Prior", ICASSP 2019 -
2019 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP) (2019),
Brighton, UK, pp. 7715-7719, May 2019. https:/
doi.org/10.1109/ICASSP.2019.8682856.

[4] Kai Zhang, Wangmeng Zuo, Yunjin Chen, Deyu
Meng, and Lei Zhang, "Beyond a Gaussian
denoiser: Residual learning of deep CNN for
image denoising", IEEE Transactions on Image
Processing, Vol. 26, No. 7, pp. 3142-3155, Feb.
2017, https://doi.org/10.1109/TIP.2017.2662206.

[5] K. Zhang, et al., "Plug-and-Play Image Restoration
with Deep Denoiser Prior", in IEEE Transactions
on Pattern Analysis & Machine Intelligence, pp.
1-1, Jun. 2021. https://doi.org/10.1109/TPAMI.2021.
3088914.

[6] Linwei Fan, Fan Zhang, Hui Fan, and Caiming
Zhang, "Brief review of image denoising
techniques”", Visual Computing for Industry,
Biomedicine, and Art, Vol. 2, No. 2, pp. 7, Jul.
2019, https://doi.org/ 10.1186/s42492-019-0016-7.

[7] P. Perona and J. Malik, "Scale-space and edge
detection using anisotropic diffusion”, in IEEE
Transactions on Pattern Analysis and Machine
Intelligence, Vol. 12, No. 7, pp. 629-639, Jul.
1990, https://doi.org/10.1109/34.56205.

[8] Leonid 1. Rudin, Stanley Osher, and Emad Fatemi,
"Nonlinear total variation based noise removal
algorithms", Physica D: Nonlinear Phenomena,
Vol. 60, No. 14, p. 259-268, Nov. 1992,
https://doi.org/10.1016/0167-2789(92)90242-F

[9] Qin, Zhiwei, D. Goldfarb, and Shigian Ma, "An
alternating direction method for total variation
denoising", Optimization Methods and Software,
Vol. 30, No. 3, pp. 594-615, Jun. 2015. https:/
doi.org/10.1080/10556788.2014.955100.

[10] Secbastian Ruder, "An overview of gradient

descent optimisation algorithms",

arXiv:1609.04747, Sep. 2016.
[11] Kingma, Diederik P., and Ba, Jimmy, "Adam: a

Method for Stochastic Optimization", International

arXiv preprint

Conference on Leamning Representations, San
Diego, pp. 1713, May 2015. https:/hdl.
handle.net/11245/1.505367

[12] H. Robinds and S. Monro, "A stochastic
approximation method", Annals of Mathematical
Statistics, Vol. 22, No. 3, pp. 400-407, Sep. 1951,
https://doi.org/10.1214/a0ms/1177729586.

[13] A Mosca and G. D. Magoulas, "Adapting
resilient propagation for deep learning", CoRR,
Vol. abs/1509.04612, Sep. 2015.

[14] Duchi, J., Hazan, E., and Singer, Y., "Adaptive
Subgradient Methods for Online Learning and
Stochastic ~ Optimization", Journal of Machine
Learning Research, Vol. 12, No. 7, 2121-2159,
Jul. 2011.

[15] Tieleman T. and Hinton, E, "Lecture 6.5 -
rmsprop”, COURSERA: Neural networks for
machine learning, 2012,

[16] Zeiler, M. D. "ADADELTA: An Adaptive
Learning Rate Method", arXiv:1212.5701, Dec.
2012.

[17] C. Tomasi and R. Manduchi, "Bilateral Filtering
for gray and color images", Sixth International
Conference on Computer Vision, New Delhi,
India, pp. 839-46, Jan. 1998, https://doi.org/
10.1109/1CCV.1998.710815.

[18] K. He, J. Sun, and X. Tang, "Guided Image
Filtering", IEEE Transactions on Pattern Analysis
and Machine Intelligence, Vol. 35, No. 6, pp.
1397-1409, Oct. 2012. https:/doi.org/10.1109/TPA
MI1.2012.213.



ol X 2l (Jimin Lee)

d WA Az

e

Rius

A=

¥

112

()
Al

XMAL2IH

T T 5
\eJ
BRI A oA o
o o R B R -
AP G- wf_ﬂ
PR T X T X Ao
ﬁﬁﬁém\m&wm m},ﬂﬁ_
..M..EO ..ﬂom UOJH\.%
oo P o P o M o=
N pr S S MM
om T T o R s BN
ZﬂonﬁoﬁﬂoMXo_]mﬂA
STETRTREY=T
5 Ay
J%z,_ﬂv%l
4 m T
=BT
B N
HTN&L.U&
ooy B
N o zpn B
ISR
m, T P
X J =5 € F
NS v oW i Ly Lo F
ETH T ey g 5B TE T g% wﬁwwnﬁﬁ?ﬂ
T BB W o N FXE YT W - F oo T Ho B A BB
G U R e TG T T TR v o 1 S0 g - o8 T
o TR F BN N Mo NI Fo N o ! T © Ho TR DK
o ey _HmﬁN_é.qo_m W\W\W\NM%ﬁ, o B g ™
PP PP > P Do W o P T el R I
850250250801 )ZEOZJOZEOQJ ) N gy © e~
T =~ )y ) E_ﬂ.ﬂ S _ T .._._.E_ s EOH/_N__/O
LALH_-.A,._L .ALHQE_r m,WLXLL]_,_AI,W‘_ﬂLLL_OE_ \)Hﬂﬂﬁﬂﬁ_bﬂﬂﬂf
SEPEVERE4T OFRERENELT  EENENEwZD
L
o PUE T o % 2
T Ao w O HMwm 5
L o OE T 5 w8 A 5
= TR . D T2 D
Bl - ™oL ~
)A
o] HE o Ho ok 1_% = o lof
= WMoy S Poap X o
K e & kio = Mﬁ oF <0
0F e &l o ol




	원자로 초소형 내시경의 실시간 영상 잡음 제거 기법
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. Adamax 최적화를 적용한 Total Variation 기반 영상 잡음 제어 알고리즘
	Ⅳ. 영상잡음제거 실험 및 성능 평가
	Ⅴ. 결론 및 향후 과제
	References


