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Pyramid-like graph residual network for image super-resolution
reconstruction

ZHAO Xiao-qiang'*>1, WANG Ze', SONG Zhao-yang', JIANG Hong-mei':?:3
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3. National Experimental Teaching Center of Electrical and Control Engineering, Lanzhou University of Technology,
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Abstract: To address the problems that the most of deep learning-based super-resolution reconstruction algorithms
focus on learning from a large amount of external training data while ignoring the internal knowledge of an image itself
and focusing too much on local features, a pyramid-like graph residual network is proposed for image super-resolution
reconstruction. Firstly, the algorithm builds a residual graph convolution structure, which converts the extracted feature
maps into vertices of pre-generated graph structures to constitute graph structure data by using a kind of pre-generated
graph structure, so as to learn the internal topology of the features themselves by graph convolution, and the residuals
are used to learn a moderate deepening graph convolution network to improve the reconstruction performance. Then, the
algorithm builds a pyramid-like multi-dilated convolution structure, which avoids the defect of not completely covering all
pixel points by making full use of different sizes of perceptual fields and better fuses feature information at different scales.
Finally, experimental results show that the proposed algorithm significantly outperforms the mainstream super-resolution
algorithms with better objective and subjective metric results.

Keywords: image restoration; super-resolution reconstruction; graph convolution network; dilated convolution; residual

learning; pyramid structure
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FEAE A, DN TR T R R ST 2 B, A SO A R
SERI R AN BOIAT IR AT. X T RN N 32,
64 5 128 AT LUK, S50 25 R n e 2 .

R2 AEHRMEXERZMERERFM

PSNR
method
Set5 Set 14 BSD 100
PGRN-32 32.03 28.49 27.51
PGRN-64 32.08 28.56 27.54
PGRN-128 32.18 28.61 27.57

i % 2 1] &1, M 3 T PGRN-64 5 PGRN-32,
PGRN-128 {1 °F #4 PSNR & % %l #& 7+ T 0.10dB.
0.05dB. 0.03dB 50.15dB. 0.12dB. 0.06dB, i #
2 A S BT 35 A v R RS B 22 I T % R A B N
75> ST R A S S
323 BREZEIINEM

RT oy BB Bk 22 2 ) i 21 B i 2 X 4% ot
1506 73 3% 2 R % R 1) 20, A SOKF RGC &5 14 Y
RGCB 77 mll 15 B Johk 72 5 2] N S5 i 2278 GON, BL &
TEAETR 72 5 2] I 45 M) R 7R ResGCN, 256 45 R ank 3

MR 3 BEME 75 H, # L T GCN, ResGCN [ -3
PSNR {27 7 0.09dB. 0.03dB. 0.02dB, ii 1:¥ 5%
785 > i B P 28 9 5 v o R I 244 0 R
SR SENIIPRERE
324 FREEBREMIRERERE

N T RZERGC 451 F RGCB ML (K 7n N Q) X
HAEBCR M, L E S AN S (Q = 1,2, .. .,
8), 45 UK 4 fioR.

#*4 T FIRGCB M ER M RERIF M

PSNR
Q
Set5 Set 14 BSD 100

1 32.08 28.57 27.55
2 32.10 28.60 27.56
3 32.13 28.56 27.53
4 32.17 28.60 27.56
5 32.18 28.61 27.57
6 32.17 28.59 27.56
7 32.16 28.58 27.56
8 32.17 28.58 27.56

M 4] LI H, B RGCB MUK N, M 4% 2.
(] PR 1 e T TR, b Q = 5 45 R et 7]
I} 5 e BT A, IR EQ = 5N —HRIEN
W N T HE— DR B RGCB S E 1 520, 4 55 1 3%
%183 5> RGCB J i Hi FRHE B 5 3@ it 24> RGCB

(c) 54 RGCB ;69 i@ 1E

(d) 2/MRGCBI15569iHiE
E 5 $HEEXTEE
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e i AR RFALE P AT T AR A B, B 1 5 s, Jd i
S LLR I, @I 5 A~ RGCB J& fRFAE B BA AL 2
B2 AL S S, TR KRR E B3] 1 AR5
BT E AT 0T L, R 1 2R 69 18 TE B
MBSk LG, W] LA BLIE S 5> RGCB i HYRFAIE EI1E
e 8 % 55 T R TS B A S B DR,
YLIE 2 HUINR RGC &5 4, B8 1 53 S8 4y Hh 27 >
R A S O3 41 0 2R, SR THHA L TERE.

3.3 EUSERITM

N T IRAEA ST A R, 2 Set 5. Set 144
BSD 100 1 Urban 100 45 Il 1046 b, ¥ A SCEVE
Bicubic. EDSR-baseline!’’. CARN!?', AWSRN-SI!'!I|
SeaNet-baseline!*¢! Fl1 Cross-SRNP7 #1472 1% 35+ 4
5 B 18 B LK, 75 1 35 PSNR A 1135 SSIM
1B, & B VPAl 45 R w2 5 frows. Hob it A i g 1,
TRIZ A IRARS .

£S5 AEISREZEEMAMEH 2.3, 48189 PSNRE 5 SSIM (&

PSNR/SSIM
method
Set5 Set 14 BSD 100 Urban 100
Bicubic 33.68/0.9304 30.24/0.869 1 29.56/0.8435 26.88/0.8405
EDSR-baseline 37.99/0.960 4 33.57/0.9175 32.16/0.8994 31.98/0.9272
AWSRN-S 37.75/0.959 6 33.31/09151 32.00/0.8974 31.39/0.9207
CARN 37.76/0.9590 33.52/0.9166 32.09/0.897 8 31.92/0.9256
SeaNet-baseline 37.99/0.9607 33.60/0.9174 32.18/0.8995 32.08/0.9276
Cross-SRN 38.03/0.960 6 33.62/0.9180 32.19/0.8997 32.28/0.9290
PGRN(ours) 38.02/0.9605 33.62/0.9181 32.18/0.8995 32.20/0.9285
Bicubic 30.93/0.868 2 27.55/0.7742 27.21/0.738 5 24.46/0.7349
EDSR-baseline 34.37/0.9270 30.28/0.8417 29.09/0.8052 28.15/0.8527
AWSRN-S 34.02/0.9240 30.09/0.8376 28.92/0.8009 27.57/0.839 1
CARN 34.29/0.9255 30.29/0.8407 29.06/0.803 4 28.06/0.8493
SeaNet-baseline 34.36/0.9280 30.34/0.8428 29.09/0.8053 28.17/0.8527
Cross-SRN 34.43/0.9275 30.33/0.8417 29.09/0.8050 28.23/0.8535
PGRN(ours) 34.38/0.926 8 30.33/0.8419 29.09/0.8053 28.19/0.8529
Bicubic 28.42/0.8104 26.00/0.7027 26.96/0.667 5 23.14/0.6577
EDSR-baseline 32.09/0.8938 28.58/0.7813 27.57/0.7357 26.04/0.7849
AWSRN-S 31.77/0.8893 28.35/0.776 1 27.41/0.7304 25.56/0.767 8
CARN 32.13/0.8937 28.60/0.780 6 27.58/0.7349 26.07/0.7837
SeaNet-baseline 32.18/0.894 8 28.61/0.7822 27.57/0.7359 26.05/0.7896
Cross-SRN 32.24/0.8954 28.59/0.7817 27.58/0.736 4 26.16/0.788 1
PGRN(ours) 32.25/0.8955 28.64/0.7825 27.60/0.736 5 26.17/0.788 5

B3 5 0113, 73 MATEBORE F8 2. 34 41560 F I
Set 5. Set 14, BSD 100 A Urban 100 #ll £ |, #H Lt H:
fh 6 Fh = 30 B, AR SC TR 1 PGRN ByE#3R A5 1
BB AR 1T 22 PSNR i AP 14 SSIM AR 91 1, 24
K R ¥4 2 ), PGRN $i%7E Set 14 MK 4E F 3RS
T B T 1) SSIM 1, EE Cross-SRN H 12 38 15 /1K
3725 SSIM {H 5 0.000 1; 24 78 K [K ¥4 3 i, PGRN
SHVEAE BSD 100 R4 E3RAF 1 5 = 113 SSIM
{H, tt Cross-SRN 5 % 3K 43 19 X A °F- ¥ SSIM 1 &
0.000 3; K5 71l 1, 24 JBOK K - 4 IF, PGRN BV AE 4 Fh
MR EASIRAT T B i 1¥°7- 3 PSNR {5 SSIM 1H,
kg A7 $27F T 0.01 dB.0.03 dB.0.02 dB
}0.01 dB. 5256 45 J 3K B, PGRN 514 BE % o8 4 M i&
7 . Fe A FEE B K ) TR A5 i AR [R] B B 5 T B
FEAFAEAN [F) AT B A0 1 R AE 1 B . AR SCHE H 1 PGRN
SR 2 T DA R 8% 3 M P 28K R TSR A ) B, 2
FAH 35T PMC 45 74 J2 RGC 45 #), PMC 45 ¥4y 7] DAAT %%
Hh 3R BRI JR) BB AR ABURR A, RGC 45 ¥4 BE 1% 78 40 2% S

TEEI BB FR R OC R, OR B B 2 s 2.

BE 5 AT T WSO BV, B 6 N A S
HoAh X E 595 7E Set 14.BSD 100. Urban 100 = Fh 45
£ FTBOR 445 1 B AL 0 R L X T Set 14 H
14 barbara, H-Ath X bb 5725 1 5 g MG T T AH AR 1 48
ZTA) )3 2 DA 433, B 7 B RO IR, T A SO
V2 G 1 PRMB R W B R 3 A 2 % L R 2015 4 2 T)
(13214 %t T BSD 100 5 1 B4 8023, HAth xif bt 32
A BRSO R 2 A S0 AN R R
FEE BB, T A SCEE LT 58 R R T /NS E
Z 18] i) 8C 3 % Urban 100 5 ) 4% img 005, £ K
J5EE To i P [ 358, A EU T 5 4 ol = 47 1Y CARN 92 g 1)
Jv, PGRN 532 5 2 (1) PG AE S 1 LRI 25 4 1 2k
FLILA, RN R 7 SR A SCBE. 25 E iR, PGRN
FEA R EE AN AE PSNR B AT SSIM i 7 T 5K
LT PERE ST, T HL7E 25 PR R A g T B A
LSRIEVRnRYE
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AWSRN-S

22 Z

CARN EDSR-baseline PGRN(ours)

CARN EDSR-baseline PGRN(ours)

NVY 20 0 850 S

6 FREMRET 4 ERAIMTERRELE

4 & #

S 3 T IR BE 2% S A WER R SR K2
T KRNI RO b 2 51, T 2 B A S 1
A S 6 SR, DA B 3o T 26 ) R AAE 4 0, A S
P T P T 2K & B IRIBR 25 9 4% (PGRN) i [
R4 W B BV, KT 2 B R (PMC)
G B K DL AR S B B AR R
PR R 7 2K, A3 LT 58 4 7 R I 1 8CR,
BT S 3R I R AR LR AE 1 R 7, B 2
(RGC) & 15 FF T2 I 119 77 3, 7 T LS A 89 -5
FRA TR S0 K R L g T A o PR 4 M 0 T
SRt i P 5 K B 0 T 4 D PRI A e 2 S A [ A
B (R G5, T e 0 7 2 25 0 385 24 o PR
I 2 DL 7 PR K BT 1 Pk 5. 78 40 10 5236 45 SR 30 41E
T A SCHTAR H PGRN B3 1 LU A
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