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ABSTRACT

Obtaining potential gains from object detection in practical systems hinges on sufficient levels of image
resolution. In this paper, a two-step guideline using deep neural network (DNN)-based super-resolution (SR)
model for object detection is presented under the assumption that the DNN model takes multiple low-resolution
images captured form the same scene. In the first step, enhanced deep residual networks for single image

super-resolution (EDSR) is exploited to recover an intermediate high-resolution image. The second step is to
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perform face and object detection based on RetinaFace and EfficientDet-D7. By capturing different training and

test image formats, the resulting design employs a transfer learning method with pre-trained EDSR to further

leverage detection performance. We adopt three degradation models for performance analysis and provide a

practical guideline for DNN-based SR reconstruction. Numerical results show the effectiveness of the proposed

method in improving small-sized object detection performance.

= A7 % 7]%(Object
Detection)< H|2FH <l HEAlS- 7{? }04 FZoll=
YOLO(Y Only Look Once)!'2} 7Fo] oiul AlA]
S 2k $2]: YOLOS} 28 Al A
2 7]%% Fg3te] GAlollr] das HES|a v
= WS 712 °ﬂ€”2]°ﬂ*i Zﬂo]’iﬁ—‘)r, 3}
oA AA A& 71E] A
125k ﬂﬂ«l 83k %‘ﬂ% JH =]
shdo]glom, 1o we} 32k s Jixe] 2
galslodck
oA Al AA AE & dF A
o WAZIAL, 4 dAel 2 AT 7]

A} =(Super-Resolution) =95 #-8-3l= 1y

>
i) m{}l

rulo A& o, fob
[e3

ru‘.
X
i)
mi r

of
0.|>L 2 2

ko
oX,

ox 2

tlo (T
2

e

s
o
oL

7]1:1 }_:SHAOLE E‘%{‘— LHEXJ o7

gul

o)
rlo
>,

¢

SRCNN(Image Super-Resolution Using Deep
Convolutional Networks)™, SRGAN(Photo-Realistic
Single Image Super-Resolution Using a Generative
Adversarial Network)™, EDSR(Enhanced Deep
Residual Networks for Single Image
Super-Resolution)’” 5] glc}. o] el EDSR-E
A Zad= 29 A i3]l Ntre 2017
Challenge!'ellA] 955 Ax|alglon,  7]&e]
SRResNet* o4 vl =] AJ5t25-5 AlAsle] dateds

EDSREI

N

Bicubict

(@) B 3 29

(b) 3-8 A4

a7 1. Ag s
Fig. 1. Experiment overview
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Fig. 2. 0_Parade_marchingband_1_355.jpg image in Widerface[8] that have been degraded by DN method and super-resolved
with EDSR. From left to right, the original, DN image interpolated by bicubic upsampling, and EDSR output.

DN "po 2 o3}l EDSRE 314 7418 o, 1ZHe ¢

2171

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "20-12 Vol.45 No.12

HAe] A3p gt Fxrt AR B3] wsielth
BI(Bicubic Downsampling)= 8} ®7bH
(Bicubic Interpolation)S £3l 3ANS o223}
Hio|w], BD(Blur and Downsampling)© 335&
%ix}(Standard Deviation)®] 1.6Q1 7X7 =71¢] 7}
Aol AE AR cdatel] Al8Ele] ke BelE
Bluring) & F, A4 WY Foh HEAE}
+ "ol DN(Downsampling and Noise)< %14
Al Brbgo R i oJaks oAl EEe ) =
o]z #l 309] 7}-AIQE o] =E Tl W]

_{

T
o

DN 33} el T 7t Zalgoe wee] A 34
4318 aelme dekek $2: EDSRE 4] o

%38t A3= (23 3] Abske] WSRol] RetinaFace -
EDSRX4(Widerface) 2 3%7]33icl =gl 1B dlo]
B #3S 2183k 3= RetinaFace 2, A <55
EDSRZE AAdgt delg AHIE A8 ZHIE
RetinaFace-EDSRX4 2, gl mrbos A3k
dlo]e] %3S AF8-gF Z 3= RetinaFace-BicubicX4
Z 37819 ek AFA g<+% EDSR- BI 43} vy o
2 ShEglem g BD, DN Abdsk:E EDSRe]

(3 21914 AE Gl FelE AP

o &

ZA)5}x

o g

werh [ 319 ()=

30024 o)A,

B
T} B emexs @A 343 $ABlER BI, (b)+= 50~3003 4, (c)= 10~5024 Z7]e] slgsh=

BD, DN 93} vb-S Esf JAke

AglS Al=gssict

0.258] = :’%‘:6}01

[Z23 319 (@2} b=

Aol E3hd A dlole Aotk

L

Zin; B7b e w

L.

3

Shs )
AP dheEl EDSR - 2ElE AEsiS o),
I & RetinaFace2] Al5o] BI2] 4<% 0.4%, 1.3%2 v|v]
= 1=
sHA BAEIch Ty (o) olAE 8.6% 714 F71sh,
= = = =) A= o = A =
3.1 U2 ZE M5 4 Y Alo] &gk EDSR= AMg5h 10.3% 744 o] 3
= 5 ° SRS
d= AE AY A= [ 31l 24 B, BD, 235Ick. BD®] 73-9-= EDSRe] (a)¢} (b)olA] 1.3%,
1 1 1
0.8 0.8 { os g
506 0.6 {506 g
=z z z
2 z g
=04 £ 04 4 & 04 g
——RetinaFace-0.969 — RetinaFace-0.961 —— RetinaFace-0.918
0.2 RetinaFace-EDSRX4(Widerface)-0.962 03 RetinaFace-EDSRX4(Widerface)-0.941 0.2 RetinaFace-EDSRX4(Widerface)-0.759 4
) RetinaFace-EDSRX4-0.962 " RetinaFace-EDSRX4-0.940 ; RetinaFace-EDSRX4-0.747
— RetinaFace-BicubicX4-0.958 RetinaFace-BicubicX4-0.928 RetinaFace-BicubicX4-0.688
o : F H F " 0 r n I n
0 0.2 0.4 0.6 038 1 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Recall Recall
1 1 1
0.8 0.8 1 0.8
So06 0.6 {E 06
z = z
S P S
Zo4 o4 {Z 04
— RetinaFace-0.969 —RetinaFace-0.961 —— RetinaFace-0.918
0.2 } [=——RetinaFace-BD-EDSR-0.962 0.2} |~ RetinaFace-BD-EDSR-0.940 0.2} |—— RetinaFace-BD-EDSR-0.731
——RetinaFace-BD-Blcubic-0.953 —RetinaFace-BD-Blcubic-0.918 —— RetinaFace-BD-BIcubic-0.634
0 0 0
0 0.2 0.4 0.6 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Recall Recall
1 1
0.8 0.8 0.8 \ 1
Eose Eoe 5 0.6 E
z -] £
g 2 g
Lo4 & 04 £04 E
—RetinaFace-0.969 —RetinaFace-0.961 —— RetinaFace-0.918
0.2 f|—— RetinaFace-DN-EDSR-0.880 0-2[|——RetinaFace-DN-EDSR-0.794 0.2 | RetinaFace-DN-EDSR-0.466 1
— RetinaFace-DN-Bicubic-0.721 ——RetinaFace-DN-Bicubic-0.604 ——RetinaFace-DN-Bicubic-0.301
0 L . L L 0 0
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Recall Recall
(a) & 27 A2 33 A% (b) F3F =27 A Q3 A} () F2 =7 4= I A

T2l 3. BL BD, DN &3} W] 7k 44} 3pd Aol w2, Widerfacel8] wlo]E] %

AW = (AP) W3},

Fig. 3.

2172

www.dbpia.co.kr

13tel| digh RetinaFace[7]9] <& 7& Wi

Face detection AP variation of RetinaFace[7] for the Widerface[8], on BI, BD, DN degradation methods



T A A 71N 3 s A ks 83k AR Qe AA HAE A
E 1. Widerface[8] 7} %1% 27|l t|g+ EDSR[S]JPEGS] T Z R ek} HEe] 2T v Zaite 2
A AE e FE (%) ) ) 1:4]1;43] DN _;JL_y-]oﬂ/q [ 2t A2 el JQ-_Q_ xﬂ7{94 j_?,}-
Table 1. Face detection improvement rate of == = SiEe et
EDSR-JPEG on each face scale in Widerface (%) Z 7R B, 1&gl ot s ) A vag
[ R= AVS
Face Scale Small Medium Large 2 Rl
BI 8.6 13 04 32 ute A AE M5 S A
BD 15.3 24 13 [3 2]+ EfficientDet-D7< ARl COCO Hlo]
DN 54.8 31.5 22.1 B] 213kl tlal] 7 ZaAlw uie] B Aulwel
Average 26.2 11.7 7.9 T+ AR Average Recall)& =743+ Ao]c), [£ 2]
el BI 4% weld= ARdEseEl EDSR
247;311 o o FE FAE B, (o)olx
° ot ] /j_ ) 4 . L, (I (EDSR Pretrain)< AM8-gF A3 A7) 2w} B4
= 153%% v15 A3tk DN (@9 (b)ellA S 283 AgRie AlSo] A A=) o]
= B = = 0 X -T.
22.1%, 31.5%, (c)°lA = 54.8% = AAHoZ nj$- [_—La 41004 BHalaF 2 o], dlolE] Emale]
o i FRAlE & . s
L“#}\O s FEe Kol zjo| & qls)] <dAke] 7% e A2 54514 33 2
[ 1S (23 319] 7 3 whielld, 2 o7 2 I} F ko ¥ 4 gl achy shrjzhy, 4
1ol &t EIZSM Foln :Pﬂ“ﬂ Hli:é? «f‘o‘ Qb w7bael 13 4 l57%l EDSRe| 2318 A
52 X A5 I 1 . H} o
A 371"1 o 7?3[7]«]] Eé" oI AR 1} El-i}i;h:: o] s Aske 23S Hal 212 RetinaFace®] 2A¥}e} o}
o Al CERs ° e Iﬂ': £ oFAkald], RetinaFacet: d&9] $1A& Itsh=
- E _1]:_ . ’é‘ 7 2":’_
% FHSIPHE RetinaFace i de] & v ] Fol] xp7| A= Sh5(Self-supervised Learning)
LR 8] 9T 548 8 Bas AL

Helet 4 sich. abA @) e S 2717k

o} = "/H% o3 go] J)r?f}?ﬂ He2]9]%] RetinaFace’}

AZFe &3 Ar g 2n3 ExS B3R L3}
£ d_io 2 5 ol =3 (& 118 gels DN,

BD, BI :‘;H 2o i}- u].HJ o] i?g—tﬂ-,i 1:1 }‘6]'6‘ 6:,}%01—
Eo| 2 A9 23lrk DN 2Aelx = (27 219
Al E]13t 4= 91%0] EDSRO] k0|25 AASh= &

g

=
7k glom R Als SRANEo| ug- & oJ3RS-

¥ 2. BL BD, DN 3} 22 <44 3pd 714& cocop9] wlelel A§

it AU=(AP)9} 3 A& E(Average Recall, AR) W3}

5o g3le] dFs o A A 7 =S 53
Stk weba] b el AA HAEE FHoR 3

= EfficientDet-D7-2, dlo|E]2] Ew|gle] =2} EDSR
o] AlNZ = AE x| 37 Aol dE o =2A
Hekar, e wje} Aso] A3 AFE Bl Zlow
A=)

[3 2]94= BI 3} whelld] Aol 5%t
EDSR(EDSR—JPEG)E AXEE COCOE AHE31-S uf,

5 oJAkel| tig EfficientDet-D7[10]2] 24 7%

Table 2. Object detection AP, AR variation of RetinaFace for super-resolved images of degaraded COCO validation set

Super-Resolution Method

BI Degradation

Bicubic | EDSR[5]-Pretrain EDSRJ[5]-JPEG HR
AP [ IoU=0.50:0.95 | area=  all | maxDets=100 ] 0.312 0.267 0.357 (14.4%) 0.526
AP [ IoU=0.50 | area=  all | maxDets=100 ] 0.464 0.403 0.526 (13.4%) 0.716
AP [ IoU=0.75 | area=  all | maxDets=100 ] 0.327 0.278 0.374 (14.4%) 0.569
AP [ IoU=0.50:0.95 | area= small | maxDets=100 ] 0.104 0.070 0.125 (20.2%) 0.353
AP [ IoU=0.50:0.95 | area=medium| maxDets=100 ] 0.328 0.271 0.387 (18.0%) 0.559
AP [ IoU=0.50:0.95 | area= large | maxDets=100 ] 0.532 0.477 0.578 ( 9.6%) 0.650
AR [ IoU=0.50:0.95 | area= all | maxDets= 1 ] 0.283 0.259 0.309 ( 9.2%) 0.393
AR [ IoU=0.50:0.95 | area= all | maxDets= 10 ] 0.440 0.400 0.477 ( 8.4%) 0.639
AR [ IoU=0.50:0.95 | area= all | maxDets=100 ] 0.466 0.424 0.505 ( 8.4%) 0.677
AR [ IoU=0.50:0.95 | area= small | maxDets=100 ] 0.195 0.150 0.226 (15.9%) 0.510
AR [ IoU=0.50:0.95 | area=medium | maxDets=100 ] 0.511 0.454 0.564 (10.4%) 0.711
AR [ IoU=0.50:0.95 | area= large | maxDets=100 ] 0.717 0.691 0.753 ( 5.0%) 0.812
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BD Degradation Bicubic EDSR-JPEG HR
AP [ IoU=0.50:0.95 | area=  all | maxDets=100 ] 0.376 0.399 ( 6.1%) 0.526
AP [ IoU=0.50 | area=  all | maxDets=100 ] 0.547 0.577 ( 5.4%) 0.716
AP [ IoU=0.75 | area=  all | maxDets=100 ] 0.397 0.423 ( 6.5%) 0.569
AP [ IoU=0.50:0.95 | area= small | maxDets=100 ] 0.144 0.164 (13.9%) 0.353
AP [ IoU=0.50:0.95 | area=medium| maxDets=100 ] 0.413 0.439 ( 6.3%) 0.559
AP [ IoU=0.50:0.95 | area= large | maxDets=100 ] 0.596 0.617 ( 3.5%) 0.650
AR [ IoU=0.50:0.95 | area=  all | maxDets= 1 ] 0.318 0.334 ( 5.0%) 0.393
AR [ IoU=0.50:0.95 | area=  all | maxDets= 10 ] 0.498 0.516 ( 3.6%) 0.639
AR [ IoU=0.50:0.95 | area=  all | maxDets=100 ] 0.525 0.546 ( 4.0%) 0.677
AR [ IoU=0.50:0.95 | area= small | maxDets=100 ] 0.248 0.283 (14.1%) 0.510
AR [ IoU=0.50:0.95 | area=medium | maxDets=100 ] 0.587 0.606 ( 3.2%) 0.711
AR [ IoU=0.50:0.95 | area= large | maxDets=100 ] 0.767 0.777 ( 1.3%) 0.812
DN Degradation Bicubic EDSR-JPEG HR
AP [ IoU=0.50:0.95 | area=  all | maxDets=100 ] 0.074 0.223 (201.4%) 0.526
AP [ IoU=0.50 | area=  all | maxDets=100 ] 0.119 0.347 (191.6%) 0.716
AP [ IoU=0.75 | area=  all | maxDets=100 ] 0.075 0.226 (201.3%) 0.569
AP [ IoU=0.50:0.95 | area= small | maxDets=100 ] 0.010 0.047 (370.0%) 0.353
AP [ IoU=0.50:0.95 | area=medium| maxDets=100 ] 0.075 0.214 (185.3%) 0.559
AP [ IoU=0.50:0.95 | area= large | maxDets=100 ] 0.146 0.433 (196.6%) 0.650
AR [ IoU=0.50:0.95 | area=  all | maxDets= 1 ] 0.120 0.229 ( 90.8%) 0.393
AR [ IoU=0.50:0.95 | area=  all | maxDets= 10 ] 0.186 0.349 ( 87.6%) 0.639
AR [ IoU=0.50:0.95 | area=  all | maxDets=100 ] 0.194 0.369 ( 90.2%) 0.677
AR [ IoU=0.50:0.95 | area= small | maxDets=100 ] 0.026 0.099 (280.8%) 0.510
AR [ IoU=0.50:0.95 | area=medium | maxDets=100 ] 0.171 0.391 (128.7%) 0.711
AR [ IoU=0.50:0.95 | area= large | maxDets=100 ] 0.388 0.665 ( 70.9%) 0.812
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S BAhE S AREE wH, dF AE e 3 AR gAellA ZE AW b et mEl
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olellA] gl 4= gl=o], dlole]e] wmele] X3t o AEsisint Adpden el dakel o]
E5 2ndS Ae] sk b A AEe] s v A @& w22 AES Fedte] S A
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Fig. 4. 000000574810.jpg image in COCO 0.25>X bicubic downsampled and super-resolved with EDSR. From left to right,
bicubic upsampling, EDSR pretrained on DIV2K, and EDSR-JPEG trained on DIV2K-JPEG, and the original

o2, AA AE 71 AAAQ des A networks for single image super-resolution” in
& Elslsick Proc. IEEE Conf Computer Vision and
Pattern Recognition Wkshps., pp. 136-144,
References Hawaii, USA, Jul. 2017.
[6] Y. Liu, et al., WIDER Face and Person
[1] J. Redmon and A. Farhadi, “Yolov3: An Challenge 20192019), Retrieved Jul. 28,
incremental improvement,” arXiv preprint 2020, https://wider-challenge.org/2019.html
arXiv:1804.02767, 2018. [71 J. Deng, et al., “RetinaFace: Single-shot
[2] S. Heo, D. Kim, Y. Kim, and J. Lee, “Real- multi-level face localisation in the wild,” in
time face de-identification in visual media Proc. IEEE/CVF Conf. Computer Vision and
using a deep neural network for object Pattern Recognition, pp. 5203-5212, Jun. 2020.
detection,” in Proc. KICS Summer Conf., vol. [8] S. Yang, et al., “Wider face: A face detection
69, no. 1, pp. 609-610, Jeju Island, Korea, benchmark,” in Proc. IEEE Conf. Computer
Jun. 2019. Vision and Pattern Recognition, pp. 5525-
[31 C. Dong, et al, “Learning a deep 5533, Nevada, USA, Jun. 2016.
convolutional network for image [9] T.-Y. Lin, et al., “Microsoft coco: Common
super-resolution,” in Eur. Conf Computer objects in context,” in Eur. Conf Computer
Vision, Zurich, Switzerland, Sep. 2014. Vision, pp. 740-755, Zurich, Switzerland, Sep.
[4] C. Ledig, et al., “Photo-realistic single image 2014.
super-resolution using a generative adversarial [10] M. Tan, R. Pang, and Q. V. Le, “Efficientdet:
network,” in Proc. IEEE Conf Computer Scalable and efficient object detection,” in
Vision and Pattern Recognition, pp. 4681- Proc. IEEE/CVF Conf Computer Vision and
4690, Hawaii, USA, Jul. 2017. Pattern Recognition, pp. 10781-10790, Jun.
[5] B. Lim, et al, “Enhanced deep residual 2020.
2175

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "20-12 Vol.45 No.12

[11] E. Agustsson and R. Timofte, “Ntire 2017
challenge on single image super-resolution:
Dataset and study,” in Proc. IEEE Conf
Computer Vision and Pattern Recognition
Wkshps., pp. 126-135, Hawaii, USA, Jul.
2017.

[12] Y. Zhang, et al., “Residual dense network for
image super-resolution,” in Proc. IEEE Conf
Computer Vision and Pattern Recognition, pp.
2472-2481, Utah, USA, Jun. 2018.

[13] M. Haris, G. Shakhnarovich, and N. Ukita,
“Deep back-projection networks for super-
resolution,” in Proc. IEEE Conf. Computer
Vision and Pattern Recognition, pp. 1664-
1673, Utah, USA, Jun. 2018.

5| (Daehee Kim)®
A 2020 29 FEldfEtal A

Edlelshy- 24

A} A}
<FRol AT xS

I=(Super-Resolution)
[ORCID:0000-0001-9676-9604]

2176

7 9 & (Youngjun Yoo)

20206 29 : =ldiEta
Egolsh 4]

20204 3Y~&A) Ik
AFE g} A

<ol AFAE, ZIA
X=(Super-Resolution)

[ORCID:0000-0001-9836-8732]

ik

&£ & (Song Noh)

20081 2% : FAIGSk A HE
FAAAEE- (35D
2010 29 3=EERlby|ed
A7) E AR (3

Ah

20151 129: 75 Purdue
University, Electrical and
Computer Engineering (3-g1HD

2015 129~2018'd 74 : v|5- Intel Corp. AlZ~E]
A= o

2018 9d~HA : AT HrFAlsle) 2

2~
T

<Al ALEAR], ZPhE Aze) A

[ORCID:0000-0002-0106-7106]

0| X T+ (Jackoo Lee)
20113~2013 : LGHAF CTO
T FEAT)
20181 : Al e igha A7)
El-F-EHE WAL
; 2018 : SK¥#HF ICT7 |
. RIREY
20181 3~3A . sidstal A=

2 a2t

Egojeht 2w
<IAliEel ¥ Als, 71AE<, Data Science

[ORCID:0000-0002-5947-5487]

www.dbpia.co.kr



	깊은 신경망 기반 영상 화질 개선 모델을 활용한 저품질 영상에서의 객체 검출 성능 향상
	요약
	ABSTRACT
	Ⅰ. 서론
	Ⅱ. 현실 영상 환경 시뮬레이션
	Ⅲ. 실험
	Ⅳ. 결론
	References


