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G-IDRN: A Group-information Distillation Residual Network for

Lightweight Image Super-resolution

WANG Yun-Tao' ZHAO Lin*> LIU Li-Man' TAO Wen-Bing?

Abstract Recently, most super-resolution algorithms based on deep learning have achieved satisfactory results.
However, these methods generally consume large memory and have high computational complexity, and are diffi-
cult to apply to low computing power or portable devices. To address this problem, this paper introduces a light-
weight group-information distillation residual network (G-IDRN) for fast and accurate single image super-resolution.
Specially, we propose a more effective group-information distillation block (G-IDB) as the basic block for feature ex-
traction. Simultaneously, we introduce dense shortcut to combine them to construct a group-information distilla-
tion residual group (G-IDRG), which is used to capture multi-level information and effectively reuse the learned fea-
tures. Moreover, a lightweight asymmetric residual Non-local block is proposed to model the long-range dependen-
cies and further improve the performance of super-resolution. Finally, a high-frequency loss function is designed to
alleviate the problem of smoothing image details caused by pixel-wise loss. Extensive experiments show the pro-
posed algorithm achieves a better trade-off between image super-resolution performance and model complexity
against other state-of-the-art super-resolution methods and gets 56 FPS on the public test dataset B100 with a scale
factor of 4 times, which is 15 times faster than the residual channel attention network.
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K% SR tskfe # H A BB H AR AL ek 202
WgERtiRZ (B Ly 002%) AR 2 (B Ly $22K).
55— BB 2 g B 0 — R ARSOR AT Ly
RAF N EE R EERR LR SR KBS AL &S
e HR BIMRZ AR ZE R, Ly R LU h:

1 .
L= 5> Min — Lsnll, (11)
=1
o, Ih, M TE p okl G-IDRN A58 i 7k SR
PG RIAR X B 26 4 5K HR EUE.
SR, A Ly X Ly #1595 5 1 i SR EHE
B AT, Foak T 0 SO AE DL BB
L NE MR mE 6 Fros. FIFMHREHN SR 7
1% RCAN X} Set14 44 + barbara.png EZ K
K 3 AT K SR EE. 5H S HR BEx)
ELAl LA H, B SRR AR 45 SU 3 X dekid T
S I AR B R G AR AT R AR
FEHL, AT LIS #HE R SR 5 HR B2 5. BAoh, XF
R SR MG IR ATURN AT 43 5 % B HR IR AT
R AR 5 ) v B {E 5 e Lt (Peak single-to-
noise ratio, PSNR), 19 %] SR K ) PSNR 164
26.05 dB, {4l PSNR {4 36.72 dB, /i PSNR
B4 7.30 dB, X £ SR EIUIKE T b & 1 w4
= K

DRI Uk, A SCAf 17 B 2301 e A4 2R Sf e 1k
XA AR S A R R L SR BB
A HR BG4I S, SR )5, R P4t i 2
fir s SR KGN HR BUR A0 2 7. i FE T

1 Y , .
Lhy =+ > | Hup(Liw) — Hap(I3) |, (12)
=1
o, Hyy () Rom m AR IR . AR SCRIH & E
R 2R SR 5 HR WA 5 R, A M
BN HARRECN L = aly + BLuys, Hafp
AT 2 A R AR .

i

HR (barbara.png)

K6 Setl4 ' barbara.png UK 3 5 HI it I K&
((a) #BYMY HR E%; (b) HR BUE M = AR He B A,
(c) #BIM SR EZ; (d) SR EE I Eie i A)
Fig.6  High-frequency extraction images for 3 times
barbara.png on Set14 ((a) Cropped HR image; (b)
High-frequency extraction image of HR image;

(c) Cropped SR imag; (d) High-frequency
extraction image of SR image)

3 SERERMOT

3.1 HIREAIEMR

DIV2K!" & &l &/ PER B G5, &
10005 2 K 27 #8 % RGB Eg, BN EES
HEY) W52 A5, Hd 800 7k EIEH T
Zk, 100 5k EFEH T I8E, 100 5k EGA/E AR 4E.
MR SCHik [11-12, 22], A 800 5k HR IR
GANGRpT A AL SR LR % B HR 0=
RORRFEAE R, T RFEEECN 22 3 F1 4. 4 7K
A SRR REAZ A B FRAE Set51™) Set 1417,
B100"Y, Urban100®” Al Mangal09P% 5 A~/ F ) H.
KIS o 7% 20 v B e 4 L gk AT UG B = VP
7EH RGB A48 42 3] YCbCr ¥ IA] () Y FiiiE b
43 ) A AR e LR Y RN S5 MM BLRE (Structural
similarity, SSIM)®™ $8¥5. ] PSNR Lt# SR &5
KA HR BEUE A 15 = 2 55, H SSIM ¥ SR 1)
SERIARLE (INFERE. X ELEAEE ). 2 AN mARhR
(RO T v, 0 BH T TSI R ) W 52 AR B P

3.2 BUTAET

5 EDSR —#f, 1 BEHL I K87 0 90 FE
SR AT R 0. R R, BENLAN LR &
HRHRHEL 32 7K 64 x 64 152 K ) RGB EIE. XH Adam
oAb 8, Hodr— B 45 A B 40 48 B R B E N
B1 = 0.900, B2 =0.999, FEFEEHFE e =108, ¥
WA RRE NS x 1074, A REET 2 x 10° 1K
BRI ARG, RN —. R4 as
1000 IEAR, FEII1Z5E 1000 5. #4E IMDN, Leaky
ReLU S H% E N 0.05. & B A EFK /4%
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Eitd 50 %

g=C/m, HF C =72, m=8. #RREMIBE
BNa=04, B=0.6. J8ESZL0H 10 AT A BT
FIFEINGR, CATTE GRS (0], A SCR VR e 3¢
7E NVIDIA GTX1080Ti GPU - HEATUIZRFIMI,
£ Pytorch HE4E |- SIZjifi.

KA ZHENEE (BZ s HE (Flo-
ating point operations, FLOPs)) #JH AIM-2020
Efficient Super-resolution $&38H 7 AT AT 5.

HAASCIR ST A

N T B E P4 W 2 A RIS R A Rk, At
17 TIHRSEEG. T A2 REDN (1 et i
B R REDN fE AR A SLIG I B AL, DL
RFDN HEZE HREARELS ) 73 7 L RFDB Al G-IDB
RFEARY, T 1A H T XS EE RN, DS A
ANRB fE Set5 MAREE . K 2 435 B b sz o6 45
R, R ex " FoRAEH YT, ¢ v R
AT 2 IR R B R

1) WU E A SRmE . WIEh 2.1 AT, AT LB
RFDN # & RBkERIEA 2 BIURE], K& A
R 1A 5 x 5 A 0 5 2 S 25 SE UL PP R,
FERRON AU B SRS, fHER 1 R EE 1. 2 T XAl &
H, OSSR AE Seth B E I, SRS T BRI
PERESRETE (10.038 dB), [FIf %5 /b (119.8 K),
Horpeq e |7 IR IR AT R H RFDB AL
B UATEAR TR T B, HE A 256 x 256 15 &
1%+ 5 RFDN My W B 2 1) REDN BAL {5
BN 34.53 G FLOPs 1 33.23 G FLOPs. £
SR /1, ZH07EE A AE B S R AE B
e A L E . RO IR SRS 2 UK, 3
i JE I — OHRS B GO RRAR T . A S K
T JE P A R AR B HR MG 7R A5 B HR Y,
wE 7 Fros. IR & RAE B EG AR R
f HR B —FF, R H KRR Z B S RZ ML

3.3

PR UG IR EUE B, ARG T E i, AR
T NBRBUBR RS B, 8 1 5 & 7 MR 1S 31
Tt

2) DS ER:. NHER DS ERRIAH R, 45
% REDN /7 3 & RFDB #8415 3 4~ RFDB
BEYEH DS &8, BB IEGRE 6 M
Concat #4F. HEE 1 05 147MEE 3 4T5F LT LLE
H, 5 Concat #/E# ¥4 DS J5, 1F Setb H i 4E
b, PSNR A&/ 7 0.002 dB, (HS % & &> T
14 K. IEXHBEEHN DS KIhiEF] T Concat 1
PERE, JRSLIL TR ZE EBE M mAE. ;& 1+ RF-
DB FEAB )G 2 176 LT DU Y, DS 5 XU &
ARG ANRB 454, i bt H A A 00U B 4 o i
FIANRB PEREEAL, XK DS &R ke E it
R it B 4 R BE A ANRB.

3) ANRB. % 15 4 4745 77 RFDN 14
JEXTFR Non-local 5% 22 B ¥ 556 25 3. AH EL T IR 4G
M4 (RFDB FEABRMES 1 17), 3 7 ANRB #%
fE, ZHEMINT 0.3 K (BIEHCN 48), PSNR
FTF T 0.023 dB. 24 ANRB 5 XU 5 2 5 [ in
I, HEREH BRI T, RN S50 RIE PG, R
P Zhao SF17 H2 H (1) 6 T B I AR A SRE R (R
4 BN & B AR ML B 4 FAS [ R B RFAE ),
K 4 AN A EAE IR 4 NS R B H R AE R ST 40 3
HN1x1.2x2.3x3H6x6, A3 (8) 5 KAE
FHIE S AKPE S = 50. A T IRFURAE SO VERE 152
Wi, B, CASCRR [47) RERAE DT (BPEEE S = 50 )
NFEERE. SRE KR S EEY K 2 5 A 4 £ 4
K 2 fi5iF, R HARRE R ST S S X RR R,
AL E S =110, X A6 i B 4R AE R ST 4 51
H1x1.3x3.6x6M8x8; FKh, L1 K4
REIE, BEE S = 222, X th A H ARFAE R~ 433
HN1x1.6x6+8x8F11 x 11. 7£ Set5 fl Man-
gal09 J=AE I B i £ 1 S 45 1 (SR UK 2 %,

T MR
Table 1  Ablation experiment results
FA R K T 2 S DS %8 ANRB PSNR (dB) ¥ (K) HiE PSNR (dB) | 28 (K)
X X X 37.893 534.0 00
v X X 37.931 514.2 1 0.038 | | 19.8
X v X 37.891 520.2 1 0.002| | 13.8
RFDB
X X v 37.916 534.3 10023 | 1+ 0.3
v X v 37.934 514.4 1 0.041 | | 19.6
v v v 37.940 500.5 1 0.047 | | 335
X X X 37.955 449.4 1 0.062 | | 84.6
G-IDB
v v v 37.965 383.2 1 0.072 | | 150.8
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(a) HR Elf& (Urban100) (b) 1A B BB
(a) HR image (Urban100) (b) The low-frequency
information image

7 HR EUGRR R A F e 03 i IR 2 S H 7
S 5
Fig.7 HR images and their low-frequency information
images extracted by the Gaussian low-pass filter

PEREVEAN R A5 PSNR Ml SSIM) 1% 2 fiow, %
S = co RIRANHAT & FEMALKEE, FE0 54
THEINE o HER G RN ST AE 128 x 128 5 R F11180 x
180 18R FHINAEIEFE. TLLEH, MAMH &7
ALK AR 7 v, Bl G ORSE3G 0, A7 T B 2 48
HOHEK, W/E Mangal09 $i#E4E I, H4 A\ LR
B EPF RS R 413 x 585 18 %, i 11 GB 1080-
Ti i, WA R B X AR MR T IS 3 4% 24
BEAT RS SR A — S R AE 258 (W S = 50, 110,
222) B, WAFEFERE S (1) BT /NI O, Tk RE
HARREAE S )38 0800 ; 75 AR RO AL s 4L
(4n S =222) B, PERER MK, XATREZH T4 S
KRS, RS RAER TG L. B E A S SL L
o, BCS = 110, B 4 ASEEmAL R Az R~ 1.
3. 6 1 8.

# 2 ANRB 1, INEERFERHIE 80 S50 25 1
Table 2 The experimental results for different sampled

feature points in ANRB

RFDB HILR GG, 46 T HEHM G-IDB
M MBS EE T 7 RFDB Mfg. XAl fEE H
T FARMEE, BRZATUE N — AN EEYE + =
()4 ) = HE D8R A, H LA R A L S it 2 se Bt
I T A DG AN A T A S MR B A T, TR E
T[] PR AF PR RN 23 (R AH DG 2 mT LLB RS & 10, e
A1 T Wi g 08 B B 47 5O R P T Ay H B AR A A
)6 AN B AR 15 B R AIE P 2 TR] (P8 B PR RAIG, R
(1) EBAHRFAEAN R, vT A3 2B TR 78 P RRAE B, AT
e RN M. &, G-IDB 454 Ui B i 5
W% DS EFA ANRB /£S5 &0 29 151 KIiG o
T, PSNR {E#25 1 0.072 dB.

5) mAIAR . ASCHE 5 AN SEER R 4R R T
RSIZEG: DASS IR 4 i S0 O (A e AR SCAE
BEBUR L1 R AR K L, AR BLE 4 A 1 5256
R BOK 2 fEE o EAS R R 3 Fo. AL
B, W T SRR Ly J5, AR 5 AN EUHEEE 5
L#HAS T PSNR 2, Ha =04, B=06H, i
BRGER. N T EEWME R e mES,
A L1 (Bl a = 1.0, 8=0) 8 &MWL L PS-
NR EAENEL, tFE AL 4 FARNEMNAES
M, ZESRNE S FiR. wLLEH, L1
BERE B H AR kLT, M B e,
tkfe 26 BIE R BERES. [, TSR
B MELE Urban100 $0954, 0 7 &4
PR RESE T AR H B R IX R B T AR ST R AR
] DAASE [ 286 B oG G R I SscBR A Y. 2% B R
A, ARSCIEE N A 2R H AR N £ = 0.4L,, +
0.6L; .

# 3 A FEIRRACE R PSNR X 45 R (dB)
Table 3  Comparison results of PSNR with
different loss weights (dB)

Seth Mangal09 128 x 128 4% 180 x 180 {3 %

LR PSNR (dB) PSNR (dB) WH#E (MB) HWAFHAE (MB)
J. ANRB  37.888 38.396 216 419
S =50  37.893 38.439 224 436
S =110 37.895 38.443 232 452
S =222  37.861 38.325 246 480

S = oo 37.883 A A7 i 2266 8431

Y Set5  Setl4 B100 Urbanl00 Mangal09
a=10, =0 37907 33.423 32.063 31.830 38.483

a=0.8, =0.2 37900 33.406 32.071  31.850 38.476
a=0.6, =04 37930 33421 32.075 31.843 38.483
a=0.4, =06 37975 33.444 32.084 31.878 38.576
a=0.2, =08 37901 33.467 32.084 31.860 38.462

4) G-IDB. N 1 #t—BRAEA i RFDB
ZERLH 5 S AR YA %M, % RFDN ' RFDB
Br ik G-TDB. 2 Fh W4 45 K78 [FIBE A Se i B B R B
Wy, S gs Ransk 1 s, XFH3E 1+ RFDB
FEARBS 14T G-IDB AW 117, K

3V L S SR M, R 2% SR O S 5
W (5 AR, SRR AN IE XS AR Non-
local FRZE P L MM 2%, AT Ly B35 A0 A5 %
MR E BRI ML, SCIREE RIS 3.4 75,

3.4  SEHEEZENXES
ATCAE 5 A TT BUGIE 7 B A3 S Hidi £
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2072 H ]
—a=08,6=02
0.09 ¢ a=0.6,0=04
ema =04, 5=0.6
aa) maa =02, 0=0.8
T 0.06
e
=
i 0.03F
pu|
&
0 ru
-l*[TJJUT 7(]% =0.002
~0.03 ) ~0.017 ) ) ) | —0-021
' Seth Set14 B100  Urbanl00 Mangal09
iR
K8 A F R BUE R PSNR 2 B2 {E X LS5 R
Fig.8 Comparison results of PSNR score differences

with different loss weights

AT SRS IR 5 HoAl SR FVRIFAT R LG, 6P Bk
fLFE Bicubic. SRCNN, FSRCNN. VDSR. DRCN.
Fr LT 48 SR %% (Laplacian pyramid SR
network, LapSRN)PO PR FE i3 9 5% 22 M 2% (Deep
recursive residual network, DRRN)F", MemNet.
IDN. i) 2 B4k SR M (Fine-tuning SR net-
work for multiple degradations, SRMDNF)F®
CARN. WM 4% (Sparse mask super-resolu-
tion, SMSR)"™, IMDN. IMDN-Et & #1# SR (IM-
DN-joint distillation super-resolution, IMDN-JD-
SR) AR R EE SIS (Pixel attention network,

PAN)“, REDN-L" #I LatticeNet. [ &7~ € &
I3 BT RN S P A3 BT 45

1) EEAHT. R4 BRI TTE b M EAERIRLE L,
EUETBOR 2 5. 3 fi5 4 fi5h), FHERS40E . PSNR
1 SSIM JE b éh B, Ho it ReFe pn R B i (E
MRS, AR N FRIZ R R, N TSN HE S
ATV O R IR SOk [12] B S ae 3 B
%7 RFDN-L. IMDN (CRH & J5 Il g 2l
RFDN-L FUA S 53 (MR T R R IR A 5. i
F 4T, H5HANTIEMEL, A G-IDRN 7E 5 4
SEMERR AR T R Sl T iR N T By
B H A TTER S AUR, L IMDN ) PSNR
1 SSIM {1 N34, REDN-L M4 771 G-IDRN
(1) PSNR 1 SSIM {f 437 5 HAH sk, 15 20 1 248 K
WK 9 Fin. B9, B ST y =0 i R
~ELIMDN N34 REDN-L ESANHE 4 R T
IR . 7 T4k 5 3 S P2k i 2 5% 7R L RFDN-
L N#E4, G-IDRN 7E&AE s 4 L3 TH e
& 9 ] LAFE 1, RFDN-L 78 548 R () B100 A1
Urban100 %4 4 & 1 fe 5 3 T+ 8 s m T~ (I
Bl 9(a) A 9(d)), A ST EAE A O R4 L,
% IMDN #1 RFDN-L ¥ 327 WRFHIREE, &
W73 RFDN-L #£ PSNR #5458 E3R1E 1 8 K42
Tt 1E 5 NEEUERHEAE L, MG HOK 2 £5. 3 5 F0 4

R4 AE 5 MEEEHURE L, BURIIOK 2 £5. 3 A0 4 50, %5 S0 PSNR A1 SSIM 5E #4345
Table 4 Parameters, PSNR and SSIM quantitative comparisons of various algorithms for 2, 3, and
4 times images on the five benchmark datasets
ik ﬁilj( SH R Setb Set14 B100 Urban100 Mangal09
¥ (K)  PSNR (dB) /SSIM PSNR (dB) / SSIM PSNR (dB) / SSIM  PSNR (dB) / SSIM  PSNR (dB) / SSIM
Bicubic - 33.66 / 0.9299 30.24 / 0.8688 29.56 / 0.8431 26.88 / 0.8403 30.80 / 0.9339
SRCNN 8 36.66 / 0.9542 32.45 / 0.9067 31.36 / 0.8879 29.50 / 0.8946 35.60 / 0.9663
DRCN 1774 37.63 / 0.9588 33.04 / 0.9118 31.85 / 0.8942 30.75 / 0.9133 37.55 / 0.9732
LapSRN 251 37.52 / 0.9591 32.99 / 0.9124 31.80 / 0.8952 30.41 / 0.9103 37.27 / 0.9740
DRRN 298 37.74 / 0.9591 33.23 / 0.9136 32.05 / 0.8973 31.23 / 0.9188 37.88 / 0.9749
MemNet 678 37.78 / 0.9597 33.28 / 0.9142 32.08 / 0.8978 31.31 / 0.9195 37.72 / 0.9740
IDN 553 37.83 / 0.9600 33.30 / 0.9148 32.08 / 0.8985 31.27 / 0.9196 38.01 / 0.9749
SRMDNF o 1511 37.79 / 0.9601 33.32 / 0.9159 32.05 / 0.8985 31.33 / 0.9204 38.07 / 0.9761
CARN 2 1592 37.76 / 0.9590 33.52 / 0.9166 32.09 / 0.8978 31.92 / 0.9256 38.36 / 0.9765
SMSR 985 38.00 / 0.9601 33.64 / 0.9179 32.17 / 0.8993 32.19 / 0.9284 38.76 / 0.9771
IMDN 694 38.00 / 0.9605 33.63 / 09177 32.19 / 0.8997 32.17 / 0.9282 38.88 / 0.9774
IMDN-JDSR 694 38.00 / 0.9605 33.57 / 0.9176 32.16 / 0.8995 32.09 / 0.9271 -/ -
PAN 261 38.00 / 0.9605 33.59 / 0.9181 32.18 / 0.8997 32.01 / 0.9273 38.70 / 0.9773
RFDN-L 626 38.03 / 0.9606 33.65 / 0.9183 32.18 / 0.8997 32.16 / 0.9282 38.88 / 0.9772
LatticeNet 759 38.03 / 0.9607 33.70 / 0.9187 32.20 / 0.8999 32.25 / 0.9288 -/-

G-IDRN 554 38.09 / 0.9608 33.80 / 0.9203 32.42 / 0.9003 32.42 / 09311 38.96 / 0.9773
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Table 4 Parameters, PSNR and SSIM quantitative comparisons of various algorithms for 2, 3, and

4 times images on the five benchmark datasets (continued table)

S bﬁ(}\ ZHE Set5 Set14 B100 Urban100 Mangal09
%  (K)  PSNR (dB) / SSIM PSNR (dB) / SSIM  PSNR (dB) / SSIM  PSNR (dB) / SSIM  PSNR (dB) / SSIM
Bicubic - 30.39 / 0.8682 27.55 / 0.7742 27.21 / 0.7385 24.46 / 0.7349 26.95 / 0.8556
SRCNN 8 32.75 / 0.9090 29.30 / 0.8215 28.41 / 0.7863 26.24 / 0.7989 30.48 / 0.9117
DRCN 1774 33.82 / 0.9226 29.76 / 0.8311 28.80 / 0.7963 27.15 / 0.8276 32.24 / 0.9343
LapSRN 502 33.81 / 0.9220 29.79 / 0.8325 28.82 / 0.7980 27.07 / 0.8275 32.21 / 0.9350
DRRN 298 34.03 / 0.9244 29.96 / 0.8349 28.95 / 0.8004 27.53 / 0.8378 32.71 / 0.9379
MemNet 678 34.09 / 0.9248 30.00 / 0.8350 28.96 / 0.8001 27.56 / 0.8376 32.51 / 0.9369
IDN 553 34.11 / 0.9253 29.99 / 0.8354 28.95 / 0.8013 27.42 / 0.8359 32.71 / 0.9381
SRMDNF 1528 34.12 / 0.9254 30.04 / 0.8382 28.97 / 0.8025 27.57 / 0.8398 33.00 / 0.9403
CARN o 1592 34.29 / 0.9255 30.29 / 0.840°7 29.06 / 0.8034 28.06 / 0.8493 33.50 / 0.9440
SMSR 993 34.40 / 0.9270 30.33 / 0.8412 29.10 / 0.8050 28.25 / 0.8536 33.68 / 0.9445
IMDN 703 34.36 / 0.9270 30.32 / 0.8417 29.09 / 0.8047 28.16 / 0.8519 33.61 / 0.9445
IMDN-JDSR 703 34.36 / 0.9269 30.32 / 0.8413 29.08 / 0.8045 28.12 / 0.8498 -/-
PAN 261 34.40 / 0.9271 30.36 / 0.8423 29.11 / 0.8050 28.11 / 0.8511 33.61 / 0.9448
RFDN-L 633 34.39 / 0.9271 30.35 / 0.8419 29.11 / 0.8054 28.24 / 0.8534 33.74 / 0.9453
LatticeNet 765 34.40 / 0.9272 30.32 / 0.8416 29.10 / 0.8049 28.19 / 0.8513 -/-
G-IDRN 565 34.43 / 0.9277 30.41 / 0.8431 29.14 / 0.8061 28.32 / 0.8552 33.79 / 0.9456
Bicubic - 28.42 / 0.8104 26.00 / 0.7027 25.96 / 0.6675 23.14 / 0.6577 24.89 / 0.7866
SRCNN 8 30.48 / 0.8626 27.50 / 0.7513 26.90 / 0.7101 24.52 / 0.7221 27.58 / 0.8555
DRCN 1774 31.53 / 0.8854 28.02 / 0.7670 27.23 / 0.7233 25.14 / 0.7510 28.93 / 0.8854
LapSRN 502 31.54 / 0.8852 28.09 / 0.7700 27.32 / 0.7275 25.21 / 0.7562 29.09 / 0.8900
DRRN 298 31.68 / 0.8888 28.21 / 0.7720 27.38 / 0.7284 25.44 / 0.7638 29.45 / 0.8946
MemNet 678 31.74 / 0.8893 28.26 / 0.7723 27.40 / 0.7281 25.50 / 0.7630 29.42 / 0.8942
IDN 553 31.82 / 0.8903 28.25 / 0.7730 27.41 / 0.7297 25.41 / 0.7632 29.41 / 0.8942
SRMDNF . 1952 31.96 / 0.8925 28.35 / 0.7787 27.49 / 0.7337 25.68 / 0.7731 30.09 / 0.9024
CARN e 1592 32.13 / 0.8937 28.60 / 0.7806 27.58 / 0.7349 26.07 / 0.7837 30.47 / 0.9084
SMSR 1006 32.13 / 0.8937 28.60 / 0.7806 27.58 / 0.7349 26.11 / 0.7868 30.54 / 0.9084
IMDN 715 32.21 / 0.8948 28.58 / 0.7811 27.56 / 0.7354 26.04 / 0.7838 30.45 / 0.9075
IMDN-JDSR 715 32.17 / 0.8942 28.62 / 0.7814 27.55 / 0.7350 26.06 / 0.7820 -/-
PAN 272 32.13 / 0.8948 28.61 / 0.7822 27.59 / 0.7363 26.11 / 0.7854 30.51 / 0.9095
RFDN-L 643 32.23 / 0.8953 28.59 / 0.7814 27.57 / 0.7363 26.14 / 0.7871 30.61 / 0.9095
LatticeNet 777 32.18 / 0.8943 28.61 / 0.7812 27.57 / 0.7355 26.14 / 0.7844 -/-
G-IDRN 530 32.24 / 0.8958 28.64 / 0.7824 27.61 / 0.7378 26.24 / 0.7903 30.63 / 0.9096

iy, AT ER PSNR P4 T T 15.50 5.
1.93 fi5. 1.90 fi%; ASCT7¥ERI SSIM “FIe T+ T
15.75 %+ 2.50 fi5. 1.90 5. Feolih, B S HFEE
SERISUAE B Urban100 20884 b 8 2256 8
BAFK, R G-IDRN a8 23T, B Ay
TERERS T B T E SOy

2) SEMEAHT. % J5¥EAE Urban100 L 4 % SR

s et an il 10 Bras. AT LA B 51 B Pk
PEAH K B BB Tmg005 AT Tmg020, £ %077 V44T
AR SRR AN B 2 19 4% . IMDN A1 RFDN-L &
SR AR R AR 2 I 2 Ay, B4 T
ANFEFEE R ERGEE. 2 T, A3 G-IDRN i#
IR SR TE I ERE LS, RS T ST R
SR HEER G, R T BUR Tmg020, BT A
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RS Do oo VERERUBCES ALY ST AT,

S o @;@{5{? T e ‘2’;&@%@? 2) ML R S AR A 2 Ok e AR A 11

(@) QZ (b) 3g BREAREANEE, THE AR — A E B

(a) 2 times (b) 3 times FH 256 x 256 1%%%5@$g&1%, KH FLOPs fii & G-
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