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Pixel-wise Contrastive Learning for Single Image Super-resolution

ZHOU Deng-Wen' LIU Zi-Han' LIU Yu-Kai'

Abstract Deep convolutional neural network (CNN) has achieved great success in single image super-resolution
(SISR). However, SISR is still an open issue, and reconstructed super-resolution (SR) images often suffer from blur-
ring, loss of texture details and distortion. In this paper, a new pixel-wise contrastive loss is proposed to improve
the fidelity and visual quality of SR images by making the pixels of SR images as close as possible to the corres-
ponding pixels of the original high-resolution (HR) images and away from the other pixels in the local region. We
also propose a progressive residual feature fusion network (PRFFN) with combined contrastive loss, and the main
contributions include: 1) A general pixel-wise loss function based on contrastive learning is proposed, which can im-
prove the fidelity and visual quality of SR images; 2) A lightweight multi-scale residual channel attention block
(MRCAB) is proposed, which can better extract and utilize multi-scale feature information; 3) A spatial attention
fusion block (SAFB) is proposed, which can better utilize the correlation of neighboring spatial features. The experi-
mental results demonstrate that PRFFN significantly outperforms other representative methods.
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Fig.4  Multi-scale residual channel attention block

PFFG W, ¥ m (m=1,2,---, M) D> MRCAB I
Bk MY (K =1,2,3) ATRRA:
F§, = o(DCs(F5 ) (6)

n,m—1
A, FE RETHIRE, o() 2 ReLU ek ik
TEERHL, DO s ()3 x SHIF KB (FikF d =
1,2,4), F%R =F,_ .
% n A PFFG W, #m
MRCAB it 1] R R

=CA (COHV3X3 (Z Fsk >> +F7]LVI£ 1
X, CA ()& RCAN iliEE =7

2.3 ZFEEENFER

#% 8% MRCAB i/ T Zhang &M 118
R BRI IE 2 () ARG R RS TR
MRCAB % HRERS, {2 EE Ty, #t—2
BRI R Z AR C R > MRCAB 1
HARFIE P —, 1 < 1 BT RS, A
PiANEFAEE 8, P Sigmoid BREL, KiBiES R
ERE#E) (0, 1) 2, YE AR NFRERALE. 53]
T NFRHER R 2 RS &, WK 5 fs. BE
BNHRFE 53 79 Fa M1 Fg, SAFB HRRHIE il & i
FEA RN N:

K5 SRNEEmER
Fig.5 Spatial attention fusion block
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.o, #ER/NEE N 16, LR BG A RS RE
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#E, ¥y PRFFNO; 2) /£ PRFFNO 36 1, #8102
LT ERZERHE SR & (Residual feature aggregation,
RFA)™ PIRHERLA J71%, 5 RFA B X 526 H
B2 T Hu B iy RCAB, X MR PRFFNT;
3) ¥ PRFFN1 Hf RFA FRiEfl & ik & 6N
SAFB, #ATHRHERL S, X MEAFRN PREFN2; 4)
# PRFFN2 F1f] RCAB & #4 MRCAB, XM
BFK A PRFFN3; 5) £ PRFFN3 1, #ng &%
AR R Lontr, X MEBFR N PREFN B SO
AL Y12k 1000 NMEARJEA R, 5 MEBAE DIV2K
valb Wik gE b 3 58 4 #1113 PSNR M1 2%
BUWE PR R 1P, «v 7 RREN G %
Pk, “— RNV APk, B3R 1A e
E i, FEUERR PRFFNO ()°F) PSNR A4 32.259
dB; RFA $HE@ A ML T PRFFNO () PRFENT,
SE1) PSNR #07 0.048 dB. % T RFA, A&
SAFB i [ 7 2 [AVE R JIHLE, 3658 T REAE 25 A4k
WO R Z AR B, 0T REA HFRpAE B 1 a7 5t
P, fli PRFFN2 # PRFFN1 # A 2 ¥ &8 b
7 55 K, ¥ PSNREH I T 0.035 dB; AHE T
RCAB, A MRCABMEH T ik BR, /AN
R SH BRI T, ¥ K T RIEEZ S, Hals
T2 REY SKEFURHE, ff PRFFNS £ PRFFN2,
P15 PSNR #0117 0.022 dB; 1€ Ly #i2kf 5Lt
HEIME R BT EEAR Leonsr, 3750 T SR BB HIIR A
J, 8 PRFFN % PRFFN3, -} PSNR #hn 1
0.087 dB.
422  XTEERKEIZITS 9

1) W EEAR R A 2. A T IR Ee AR R A
R, LI AL T Ly v Lyere ~ Losp M Lepsr TR
K LA A X R E) PSNR R4 3T f I8 0 P 45 B AR AL
% (Learned perceptual image patch similarty,
LPIPS)™ EE . LPIPS # A NE R & N Ko
JECN, AL DL B0 R BE LPIPS ) B AR w88 n, Mg

# 1 DIV2K vals BUF&E L, ARBEA, 3 % SR 1)
¥ PSNR F1 &%=
Table 1  The average PSNRs and parameter counts of
3 times SR for different models on the DIV2K valb
validation data set

A Ly Lentr ZHE (K) PSNR (dB)
PRFFNO v — 2975 32.259
PRFFN1 v — 3222 32.307
PRFFN2 v — 3167 32.342
PRFFN3 v — 3167 32.364
PRFFN v v 3167 32.451

PSNR 1E 85, 0BG OR B R . 2k 1000 4>
EACEW, S as BnE 2 s, £ 2 hev 7R
BRI, AR “— R NGRI, ANl 1%
PR, Lener 5 AR A AR, 772 PSNR A
LPIPS . 24 Lens 5 Ly 2HLARE, 3/45 7 507 PSNR
{8 (32.451 dB); 24 Lepsy 55 Ly~ Losp ALEH, 3715
T E4F ) LPIPS 15 (0.0613). B3 2 AT 41, Lesp
YER T BURRHE S 8], 3R15 T B 47 8 LPIPS; Lener
TEF TR ESN, 3743 7 B 471 PSNR, BILREE
. Lentr 8 Losp BARAT T 4P LPIPS, {H
PSNR 7 Fr&1%.

# 2 DIV2K_vals WiFfE b, AR K HAA,
3 fi SR "4 PSNR #1 LPIPS 45
Table 2 The average PSNRs and LPIPSs of 3 times SR
for different losses and their combinations on
the DIV2K _val) validation data set

Ly Lpere Lesp Lentr  PSNR (dB)  LPIPS
v — — — 32.364 0.0978
v — — v 32.451 0.0969
v v — — 32.236 0.0672
v v v 32.305 0.0656
v — v — 32.387 0.0624
v — v v 32.432 0.0613

2) AS[F] B} b g e sg . a0k (1) Frow, b
i ZEL Ao BT LAY A B R i g 11K 1000 A
AW, £ DIV2K  vals BiE#E E, RFE A, 3
£ SR K F#5 PSNR 45 L3k 3. R 3 i LR H,
KB NE) Ao f PSNR 25 %Ak, 24 e = 1071
B, 3R15 T S i i) PSNR MERg.

3) Ao B A O R A . A SCHIRT EE R Lener
AIULS Ly« Lpere M1 Losp SRR A, T EL
i SR EIMRINORESE. Lo, WA T HARBAY, AT
DLt SR ftERE. DL 4 ) EDSR. RCAN
SwinIR-light Sy, Y%k 1000 %EACE B, A
TAFNIEIN L PR G -3 PSNR FT SSIM &5
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# 3 DIV2K val5 BiF&E L, AF Ac, 3% SR 1)
“F14 PSNR 455

# 5 DIV2K _vals Wi b, AFRK/NREIX L,
3 % SR [1°F) PSNR 45 %

Table 3  The average PSNRs of 3 times SR for different Table 5 The average PSNRs of 3 times SR for different
Ac on the DIV2K val5 validation data set size local regions on the DIV2K val5 validation data set
Ac PSNR (dB) s PSNR (dB)
1072 32.386 16 32.425
10~ ! 32.451 64 32.451
1 32.381 256 32.458
10 32.372

Wik 4 Fiow, 3 4 F e v 7 RoRIEI SR8 FZ Bk,
0 RN GRS AE R, “1 7 REESRAR LT
4 FJLLE M, Lene B2 AT LR B03E SR BHR
P 3. SwinIR-light $40 L., J&, 7€ Urban-
100 ZHEEH, img004 B 3 £5 SR &5 Rl 7
Fios. HE 7 AT LLE M, A Loy #02K 5, SR B
IR T 1 38 Y 2

# 4 DIV2K_vals WiF% b, SRR 540
Lentr 8155, 3 1% SR J°7-¥ PSNR A1 SSIM &5
Table 4 The average PSNRs and SSIMs of 3 times SR
for different models with and without Lens- loss on
the DIV2K val5 validation data set

6 345 SR I 10 MIEAREI, 1%k 1A
{8 0150 ]

Table 6 For 3 times SR, 10 epochs, comparing
the memory and time used by training
Lentr S WAT (MB) A (s)
— — 4126 1962
v 16 4836 2081
v 64 5216 2219
v 256 7541 2893

[ Lentr PSNR (dB) SSIM
— 32.273 0.9057

EDSR

32.334 (10.061)  0.9067 (1 0.0010 )

— 32.442 0.9062
32.489 (10.047)  0.9069 (1 0.0007 )

— 32.564 0.9088
32.628 (10.064)  0.9096 (1 0.0008 )

SwinIR-light

RCAN

img004 HR L,

Kl 7 Urban100 ##a4E, SwinIR-light {8 F A [F)451 5%
%L, img004 EIE T 3 £ SR 45 %
Fig.7 The 3 times SR results of SwinIR-light using
different losses on the img004 image in
the Urban100 data set

4) ARV RN R 358 DX 30t o Bl A2 2 . 155
X LEAR R K 7 T8 ey X 3k, AT X R R AN S
FEE. AXEEAx 4B R, Sx 815 FEM16 x 16 1%
RIRHBXHK, S 40518 16, 64 F1 256. 7£ DIV2K
vals BiESE b, 14 1000 NEAEE, A S H
) 3 1% SR K1 PSNR 455 L% 5. AT UG, &
K JEHE X, (RISE K S 1) AR 2, 5T
et PSNR PERE. (HAE USRI, 6 KA S {75 2

Z B IR K N A7 (LK 6). HEBIAHE T
S =64, /£ S = 256 IfF, PSNR BHR /N, R A
WP S = 64.

5) Xf HL 2z ST GRp T E AR Y. 4 X B SR 43
BINAMER Lens KL S = 16 64 F1 256 —Ff
. T 3 4% SR iIlZ: 10 NEAE B, U145
(1) N A7 A FH BN ZRES TR AN 35 6 BT, R 6, “v 7
FORTEVN LRI AE iz %, “— Rom I Gt A8
ZAR. B 6 ATLAVE W, A A .
S = 64 B, WA T2 219%, TS (RGN
T4 11%.

4.2.3 PFFG £

EM L 5ER ) $ il 10 4> PFFG 4%, B4
PFFG f1% 3 MRCAB #1 3 4 SAFB, IW.[X 3 o
i 2).

D) ¥k BRMARY KRR m. 5
RCAN H ) RCAB #tt, MRCAB ¥ 1 In &%,
I HEE 2 7 3R T 2 RERHMEE R, Jhady
sRAE (BCERER) 7K TIEZE. MRCAB 1,
3N XY BT KRAESHHEN 1, 2, 3.
1,2, 411, 2, 5. BERA 1450 KGR
Bidsk 2y 1, i MRCAB iB1k A RCAB; %j&
2N, IR RAA N 1, 2 KIS, IIZE 1000 4
BRI, AR SCRAFRY Tk RAH A, 365 SR 1
S35 PSNR 5 SR W% 7. 3 7 AT WL, ANFER
FRIERRG AT AR RE . 99K R K FRAE I A2 B
K, WA . HI KMy kR, BEFEM.
MRCAB =AM I kR IR E N 1, 2, 4 BOV AL
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# 7 DIV2K val5 BiF# I, MRCAB A [F4> AN tion, SMSR)M", Hi& MK BF & /1M %% (Adaptive

ANEYTRFH A, 3 £%5 SR -7 PSNR 45 R
Table 7 The average PSNRs of 3 times SR for the
different branches of MRCAB with different
dilation rate combinations on the
DIV2K val5 validation data set

AFEY Tk RERA A PSNR (dB)
1 32.375
1,2 32.370
1,2,3 32.392
1,2,4 32.451
1,2,5 32.415

4.3 SEEFALER

1) R ECEL. A SCH AR B =k B RAE
PR 7 PR B AE M4 (Fast super-resolu-
tion convolutional neural network, FSRCNN)*l
P L FERDHE 20 HE 2 I 4% (Sparse mask super-reolu-

cascading attention network, ACAN)" & Hi&
MR 7> HE M 4% (Adaptive weighted super-resolu-
tion network, AWSRN)". JREEIEIHHEF N L (De-

eply-recursive convolutional network, DRCN)*

HIRTR Z M 4% (Cascading residual network, CA-
RN)PY, OISR-RK2 (Apply ODE-inspired schemes
to super-resolution network designs-Runge-Kutta)®'\
OISR-LF (Apply ODE-inspired schemes to super-
resolution network designs-leapfrog)®. MSRN. #X
HEGHEIMNZS (Soft-edge assisted network, SeaNet )"
AP BEiE & 71 4% (Two-stage attentive network,
TSAN) P 7y AT eas. 76 5 AN s A R a4
I, 2 £ 3 £5H0 4 £% SR 1I°F3) PSNR fil SSIM &
RIE 8. S et i) TSAN M b, AR 24
AT E KL T 1/3, HEHEE R KW T —
Fo, (APERETELE. fltn, X T 2 £% SR, ANk
TSAN Hi24; %fF 3 {581 4 £ SR, 76574 M Ko

# 8 5 MRHENNREEAE L, A SISR J7AR) 2 5. 3 f5F1 4 £ SR f°F-2 PSNR Al SSIM 45 R
Table 8 The average PSNRs and SSIMs of 2 times, 3 times, and 4 times SR for different SISR methods on
five standard test data sets
W ZHE HHE RN Set5 Set14 B100 Urban100 Mangal09

(X) (@) (ms) PSNR/SSIM  PSNR/SSIM  PSNR/SSIM PSNR/SSIM PSNR/SSIM
FSRCNN 13 6.0 26 37.00/0.9558 32.63/0.9088 31.53/0.8920 29.88/0.9020 36.67/0.9694
SMSR 985 224.1 536 38.00/0.9601 33.64/0.9179 32.17/0.8990 32.19/0.9284 38.76/0.9771
ACAN 800 2108.0 — 38.10/0.9608 33.60/0.9177 32.21/0.9001 32.29/0.9297 38.81/0.9773
AWSRN 1397 320.5 506 38.11/0.9608 33.78/0.9189 32.26/0.9006 32.49/0.9316 38.87/0.9776
DRCN 1774 17974.0 — 37.63/0.9588 33.04/0.9118 31.85/0.8942 30.75/0.9133 37.55/0.9732
CARN 1592 222.8 352 37.76/0.9590 33.52/0.9166 32.09/0.8978 31.92/0.9256 38.36/0.9765
2 OISR-RK2 4971 1145.7 715 38.12/0.9609 33.80/0.9193 32.26/0.9007 32.48/0.9317 38.79/0.9773
OISR-LF 4971 1145.7 722 38.12/0.9609 33.78/0.9196 32.26/0.9007 32.52/0.9320 38.80/0.9774
MSRN 6078 1356.8 810 38.08/0.9607 33.70/0.9186 32.23/0.9002 32.29/0.9303 38.69/0.9772
SeaNet 7471 3709.1 1920 38.08/0.9609 33.75/0.9190 32.27/0.9008 32.50/0.9318 38.76/0.9774

TSAN 3989 1013.1 1183 38.22/0.9619 33.84/0.9218 32.32/0.9015 32.77/0.9345 —/—
PRFFN 2988 656.4 792 38.18/0.9611 33.90/0.9207 32.30/0.9012 32.75/0.9337 39.02/0.9777
FSRCNN 13 4.6 14 33.16/0.9140 29.43/0.8242 28.53/0.7910 26.43/0.8080 30.98/0.9212
SMSR 993 100.5 281 34.40/0.9270 30.33/0.8412 29.10/0.8050 28.25/0.8536 33.68/0.9445
ACAN 1115 1051.7 — 34.46/0.9277 30.39/0.8435 29.11/0.8065 28.28/0.8550 33.61/09447
AWSRN 1476 150.6 263 34.52/0.9281 30.38/0.8426 29.16/0.8069 28.42/0.8580 33.85/0.9463
DRCN 1774 17974.0 — 33.85/0.9215 29.89/0.8304 28.81/0.7954 27.16/0.8311 32.31/0.9328
. CARN 1592 118.8 177 34.29/0.9255 30.29/0.8407 29.06,/0.8034 27.38/0.8493 33.50/0.9440
s OISR-RK2 5640 578.6 366 34.55/0.9282 30.46/0.8443 29.18/0.8075 28.50/0.8597 33.80/0.9442
OISR-LF 5640 578.6 367 34.56/0.9284 30.46/0.8450 29.20/0.8077 28.56/0.8606 33.78/0.9441
MSRN 6078 621.2 476 34.38/0.9262 30.34/0.8395 29.08/0.8041 28.08/0.8554 33.44/0.9427
SeaNet 7397 3233.2 994 34.55/0.9282 30.42/0.8444 29.17/0.8071 28.50/0.8594 33.73/0.9463

TSAN 4174 565.6 650 34.64/0.9282 30.52/0.8454 29.20/0.8080 28.55/0.8602 —/—
PRFFN 3167 312.5 441 34.67/0.9288 30.54,/0.8460 29.23/0.8084 28.65/0.8621 34.03/0.9473
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Table 8 The average PSNRs and SSIMs of 2 times, 3 times, and 4 times SR for different SISR methods on
five standard test data sets (continued table)

Wt SR HEE R Set5 Set14 B100 Urban100 Mangal09
(K) (@) (ms) PSNR/SSIM ~ PSNR/SSIM  PSNR/SSIM PSNR/SSIM PSNR/SSIM
FSRCNN 13 4.6 8 30.71/0.8657  27.59/0.7535  26.98/0.7150 24.62/0.7280 27.90/0.8517
SMSR 1006 57.2 192 32.12/0.8932  28.55/0.7808  27.55/0.7351 26.11/0.7868 30.54/0.9085
ACAN 1556 616.5 — 32.24/0.8955  28.62/0.7824  27.59/0.7379 26.31,/0.7922 30.53,/0.9086
AWSRN 1587 91.1 188 32.27/0.8960  28.69/0.7843  27.64/0.7385 26.29/0.7930 30.72/0.9109
DRCN 1774 17974.0 — 31.56/0.8810  28.15/0.7627  27.23/0.7150 25.14/0.7510 28.98/0.8816
CARN 1592 90.9 121 32.13/0.8937  28.60/0.7806  27.58/0.7349 26.07/0.7837 30.47/0.9084
OISR-RK2 5500 412.2 241 32.32/0.8965  28.72/0.7843  27.66/0.7390 26.37/0.7953 30.75,/0.9082
OISR-LF 5500 412.2 239 32.33/0.8968  28.73/0.7845  27.66/0.7389 26.38/0.7953 30.76/0.9080
MSRN 6078 365.1 352 32.07/0.8903  28.60/0.7751  27.52/0.7273 26.04/0.7896 30.17/0.9034
SeaNet 7397  3065.6 704 32.33/0.8981  28.72/0.7855  27.65/0.7388 26.32/0.7942 30.74/0.9129
TSAN 4137 415.1 452 32.40/0.8975  28.73/0.7847  27.67/0.7398 26.39/0.7955 —/—
PRFFN 3131 200.1 316 32.43/0.8983  28.75/0.7857  27.70/0.7398 26.55,/0.7974 30.93,/0.9133
L AR EBT TSAN. R Z7E Urban100 2) EMACR LB &% Fh75% SR B ROR B
B gk &, P33 PSNR & RSt 7r 7105 0.1 dB M BOLE 8 ~ 10. WTRAE Y, A7 E 1 SR Bl
0.16 dB. L5 AR T A 5725, it % Urban100 #4/

Set14 (barbara) SeaNet TSAN SwinIR-light OISR-RK2

K8 2% SR LI RCR AL

Fig.8 Visual comparison for 2 times SR

HR

Bicubic FSRCNN CARN MSRN

!

Urban100 (img012) SeaNet TSAN SwinIR-light OISR-RK2 PRFFN

9 31 SR KM RUR EL#R
Fig.9 Visual comparison for 3 times SR
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Bicubic FSRCNN CARN MSRN
Urban100 (img076) SeaNet TSAN SwinlIR-light OISR-RK2
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SeaNet

Urban100 (img092)

& 10
Fig.10

FrP I EIMR img076, HABTTIEKE [ SR BIRAFAE
I R BR80T AR R, AR SOERE 11 SR K
GG TR HR BIHE; HAB BRI E 45 R B

5 Z5RiE

ASCHEH — AN I T b2 2] B R R
REAHL Lener, AR ) SR BUGAZ RAE NEREA,
J& HR BT RAE R AE N IEFEAR, ,\W%%Ef’ﬁjj
FREAR. Lo, MR ARR AT BEBIL IEFEA FEi

GiREA, AT DL 2 ot SR G 4% 32 AL B )7
H.ONTRAE Lo, PIPERE, ASCHEH —A SR KM
25504 PRFFN. SE625 B3R B, ASCH) PRFFN 4
B Lener B3 TIRA T4 110 SR 1 BE
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