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Abstract In this paper, we proposed a method using sub-edge information extracted through a
hierarchical structure in the process of generating super resolution based on a single image. In
order to improve the quality of super resolution, it is necessary to clearly distinguish the shape of
each area while clearly expressing the boundary area in the image. The proposed method assists
edge information of the image in deep learning based super resolution method to create an
improved super resolution result while maintaining the structural shape of the boundary region,
which is an important factor determining the quality in the super resolution process. In addition
to the group convolution structure for performing deep learning based super resolution, a separate
hierarchical edge accumulation extraction process based on high-frequency band information for
sub-edge extraction is proposed, and a method of using it as an auxiliary feature is proposed.
Experimental results showed about 1% performance improvement in PSNR and SSIM compared to
the existing super resolution.

Key Words : Super resolution, Hierarchical Structure, CNN, Deep Learning, Edge

* Corresponding Author : Hyun Ho Han(hhhan@ulsan.ac.kr)
Received November 18, 2022 Revised December 5, 2022
Accepted December 20, 2022 Published December 28, 2022



54 CIXEFMEEX| M1d H2s

1. M2

A YIS LIz oS S 4 A
/\]71-;@ 9l B E3] JALS st ;\}%94 Q7 o
ol o] HaL, I 94 7lee 8=

Oll A 75 AEE Hdstked 288 ¢ 02 A
A/FL o= Sl ol Az s A9 3Hd
Mst e 23k 7Ieo] AR AFEHAL
2T "o 71e9 4 9 80w Fs| olE
2= Vel A8 3 &8 wokEe
o“’ S HQF YA o= Y 4, v &
gt AE HA Zle 5ol AH1.2)

ZOH*C}E 71 < dgE Y GRE o83 A4
O Sha a7 B2 AR PEE TSOfoF dt
A = 3k g Fgsiorely| wiel et
#ol fle =AIE sEsfor st 2= 2] 5
3 & F4o] Eojintd AxEo] wEAYHA AU

£ 7ledl &8s A ARt 2aVd=rt 23512 9f
=E 29E e & Qo] 2= 2] FAS A
Astete d77F A& ATH3].

2= 2] FEE AAdsted Fde +=24
S48 FABIEAE Fao] Haokd FHj 23E
ojiof gttt Jo F24 EF 9 2ol 2 9%
£ 993 29
Eﬂ‘é £ 3ol7] WZo EASH] = ok
e FIE 9 ofdal 34 2t UEAYA
A U2 5 Qo] 98 AAE SHeR HdstEe o
T o AYHIL UoH4] Aldske W2 2
oA A 99 s g 749 T_AZ TR
73‘74] Y HEE 7153t AZs] H3) o 27129

7 Hge] JRE PPE oA e ASH T2

141110}01 Held 719e] 23 Yo Hx EFo=
H Z-goto] 2aVIE Ao FEZ ARSI

SIe) r.YL

By S

kI E o [0 o2 rE E

diE
l—J
39

mN oy
N >~
—=1
™ o
=AY
_SL

l

IS %‘1% oz 34 s gol AunE Bad
JJol nE5h dele] A HHE 2P 4 go] 29

Be A9l #
A7} A&
o Aot=|dtt. 2719] s I8 ¥ g 7%t
WO R w7 @E FE A= QT s
T Y A BZ FH/dste] < HlolHHo|AE F
getet. o] JHE ASYE JAolA A @99
Y= THste] o]d] tf&st= g Hlo]EH|o]AY
T E A E o] &df JMEDS o= T
Sha HZFRPA] o] FEo] Hold o= AnE Halrt
(6. ol#gt g5 7I8E] AL CNN(Convolutional
Neural Network) 7]519] Wl o g ¥hAsto] Kot 11}
Ao sks wig HHS B 24T Ao E4
FAE BHYh FHxO CNN 7§ =
SRCNN(Super Resolution CNN)2.2 94 ARA 4%
FA19] g5 Wy fiH] A" 29E Yt o] Y
EQA9] ol& A HASH 4 52 TYsh 4
5 7§A41%t VDSR(Very Deep Super Resolution)©]
ALEHAoH, o]F SEAY S gt FH Y
HEo] o ARMEATH7,8]. T2y 2 2
o] 4 7/MAE Sls HIEEYAY ZHol7F AUAA 2o
A g 9 £ a3t dilkgpo] WolRl= A7}
Rom, A FA tFt A2 ELS YTt A
A AAlo] FEef int o o] Aoy EZ B
51717} o2& EAIF0] Ut o= o] EAE A
Ast7] sl 2= HAollA F4d W BA HEE
F7H8Q FE 24 Z-8sk= dio] o A=l
ohgel of|A] & WAE EE5l FEE tY O]]X]
A=E i ARE SEotAY, HEY of)#] & Y
ERIFE F4sto] 7i4 % A& FEst= TY OE“_rL
7t APEJAH9-11]. FEH oA E LEF2EH 7]
29| ded 7IRE W SofA 23} S oA Y] &
HEE vid £ol= FHE AT 5 U2HA: 7
A 29E 4 4 ok

UOII et O—}G% 71 Ei s E
WO 544 7]ut

3. Highol= Ui

ARtele ASH Bx B4 $5¢ o183 9 34
2P H L olg ojalnjrlo] Al EX] EolS o3
0”‘*0}94 Fuf tqo] HRE Ffolo] Hx FAE F=5t

= HZ AAE EA =& oA AAE 2} A
EOII WE 5o Agsjel i | 1% At 54
25k Aloksle Hise] 32X Fig 13} Zth



Input LR Result SR

: Deconvolution Block

l
' : Feature Block ‘ : Group Convolution Block

' : Sub-edge Extract Block

Fig. 1. Flowchart of proposed method
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Fig. 2. Structure of group convolution block
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Fig. 3. Hierachical pyramid structure for sub edge
extraction
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Fig. 5. Experimental result (182053 image, scale 4)
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Fig. 6. Experimental result (3096 image, scale 4)
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Fig. 7. Experimental result (108005 image, scale 4)
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Table 1. Quantative comparison (PSNR)

PSNR Comparison

Model Scale BSD100 Setb Set14
Bicubic 29.55 33.64 29.98
Glasner 30.29 35.41 31.17
ScSR 2 30.77 35.72 31.44
SRCNN 31.36 36.66 32.42
Proposed 31.93 37.62 33.23
Bicubic 27.21 30.38 27.31
Glasner 27.07 31.08 27.99
ScSR 3 27.72 31.31 28.00
SRCNN 28.41 32.75 29.28
Proposed 28.93 33.96 29.89
Bicubic 25.98 28.42 25.77
Glasner 26.19 28.82 26.20
ScSR 4 26.62 29.06 26.21
SRCNN 26.90 30.48 27.49
Proposed 27.37 31.69 28.23
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Table 2. Quantative comparison (SSIM)
SSIM Comparison
Model Scale BSD100 Setb Set14
Bicubic 0.830 0.909 0.843
Glasner 0.849 0.923 0.860
ScSR 2 0.862 0.927 0.868
SRCNN 0.888 0.954 0.906
Proposed 0.897 0.959 0.914
Bicubic 0.717 0.838 0.741
Glasner 0.714 0.850 0.756
ScSR 3 0.744 0.856 0.764
SRCNN 0.786 0.909 0.821
Proposed 0.800 0.923 0.835
Bicubic 0.641 0.773 0.664
Glasner 0.647 0.781 0.675
ScSR 4 0.672 0.787 0.683
SRCNN 0.710 0.863 0.750
Proposed 0.727 0.888 0.771
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