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No-reference super-resolution image quality assessment based on
upscaling-factor aware contrastive learning
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Abstract The quality of super-resolution images is not only affected by the reconstruction algorithm, but also
there are some differences in the quality degradation levels of the reconstructed images under different upscal-
ing-factors. However, the existing no-reference super-resolution image quality assessment ( NR-SRIQA ) meth-
ods mainly focus on the visual features of super-resolution images, ignoring the available upscaling-factor infor-
mation. An upscaling-factor aware contrastive learning (UFACL) method is proposed. The network structure
is divided into a upscaling-factor recognition branch and a quality score branch. The upscaling-factor recogni-

tion branch starts from the dataset, and takes the super-resolution images of different upscaling-factors as posi-
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tive and negative samples of each other. Contrastive learning is introduced to complete the classification task,

so as to improve the expression ability of effective features. In the quality score branch, a frequency domain

attention module (FDAM) is designed, which considers both global information and channel information. At

the same time, this branch uses inverted residuals blocks (IRB) to reduce the calculation amount of the mod-

el, which ensures the accuracy of quality score prediction and improves the training efficiency of the model in

the training process. Experimental results show that the proposed UFACL can achieve better consistency with

subjective perceived quality.
Keywords

main attention network ; inverted residuals blocks
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Fig.1 The framework of UFACL
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Fig.2 Multiscale extended convolution module
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MECM = Conv, ( C(Conv;(X))) (1)
I Conv FOREPURAE, PARE AR BRI K/D;
r FREAR(r=1,2,3,4) ;X FoRE A T2
fiE 5 C F/R 7L IE 4L RE HEA T DA
1.2 XfLbFSHE

N T AL ROEE IR 3RUA o SRR 1 52 O v, AR
SCAESE MY RAE S5 I RIS GIARS Heoe ] oty
XFE s T By AR R Rk A TRl — RO 5 Y
P PEEGRBAE N IEREAS ok A AR REZEN 71
(7 0 e P IR RAE D SRR AR 4 v A S8R IE 11 26
BBES o HARK T U 3 B, UG SRR A
FOER T s =2 281, B ROE R 5 =3,4,5,6,8
(9 PRI R i PR R 1) SRR A RUBE TR
2 W HAD R B TEREA o T8 5 AN 2y > L E AR
[7) JOBE IR~ P AR A 2Z 18] 4 B, e AN [7) JOE [
?Tﬁzl-‘ZI‘Eﬂ A RE R, LRSI B By ) B B
HAAREPEAIAN BE 1 B RFE , B B 190 0E 3R
(RANIIE F‘JI‘%’*’JE’J{ZH: B A IR

AR TRk
ERF fitEE

RN EREZN

K3 ke~

Fig.3 The construction of contrastive learning

L3 SugiERRER

R TR P SR R I R R B T, A
SCHE T A 33 AR R (frequency domain
attention module FDAM) FDAM [R|B %[BT 2R
23 [ B AEE (R S o BRI, # 3R B IRk
FAE B St — 4E B A 7% 75 e (two-dimensional
discrete cosine transform, 2D-DCT) $2 BUF1E i A
WEEF,, ZJG gt thib i1 22 )2 AL 45
fiE 'ﬁﬁJ/\l@%ﬁ%ﬁﬁ@%%ﬁ’ﬁﬁT\, 73 2 FRAE
M.(F,) 5540t 3 x3 B BRHRAE R THFIE 4t
J¥ . FDAM Ay RARERAE A T LU

M, (F;) = o(MLP(maxPool(F,) W, ) +

MLP( AvgPool(F;) ,W,,.)) (2)
Ko hy sigmoid P B HK s MLP O 2 2RI 5
maxPool HI AvgPool 735l g KM AL FIF- 243t 4 5
W, AL PRI AL E

1.4 fI%RER

5% MobileNet-V2 {#|%% 2%k (inverted residuals
block, IRB) #HF) J5 & , A SCHI F HE & 1) TRB A
FRIR IR 25 2 AR BURRAE, I 18T 4 iR, 5 Mo-
bileNet-V2 A[F] B2 , 5k 22 1% 2 R TR ARRIE C,,
S HARHE €, Z 18] e AE e S e T AN DL RE, 9
& Z AL E WAKFREYIE LT Y

NI ZELR(IRB)

RETHESER(EXC, ,ExC, ,3,1)
AAAI‘A\

=S M he=s |
[ I
| I
| £ (C,.ExC,,11) HER(EXC,,C, L]
I I
| I
(— I |

#1 (C,,C,L1)

K4 i
Fig.4 Lightweight module

1.5 $HRAHIZIT
1.5.1 BKE&EEEAHE

WA [l Y08 R 2 PR B AN A 55 0 7 e
Iz A5 %KI;& RN

Zly—yl (3)



H2H

BEPFPY, 2 RUBE PR IR BE 27 ~) B TE 228 U 03 i R i A - 313 -

2y, FR WU BG4 B 90 FoR BB B
{83 N Fos U153 1) AR HA B0 AE M B Be, 4308
FRT 70 I PR 1) B 28 o e 0 B0 i A7 PR By it
I B S A% 4P R
1.5.2  shedik

X T E AR ONT 55, T AR BB 2R B
RS B AR — > B4 A0 AR AE , AR SO A
B RRT 27 T s  BLAORBE B [F) — SR RO REAE
NIEREAS AR AIREAAE Sy SAREAS  F IR SR
AR H A2 1 hE il SR S IEAEA Z ] Y
PREY, ISR FUREAS S SRR A Z (R RS oty T
S BHEG RPEM AR KRR B 5 HAE A A
KM, BRI, FRATTAR S Kt 52 P B2 Bt A A [) o 2 %
PG A UGTEAR 3 TE SOREAS, 424 B8 2 R IR T A
AT B 5, X e R AT Rl

2 exp(Sim(r;,r;) « 7)
I, = - log—" (4)
J; ; I, .exp(Sim(r;,r,) + 7)

1 N
Lcomrast = N Z{ li (5)

A Sim(ry, 1) Fom v, Flry BIARBEARMLE 51, 02
TR BRE R b~ i MR 1 BN 057 3R
T HER AT A RIRE SR T, FombEA @
(9 IE B N R R B

Pt A SCl R Ly G A TR R o
B Il i S U R L, THE PR R
22 KA X HAR I Lo 3 ) 4L B ALK PR
B0 IF LA ZRBERL  HLAR ] 2R

L =aly +BLy. + (1 —a=-B)L,  (6)
Ko M B R ARMERR, HMARBEN
0.33,

2 KBWHERS5ST

2.1 SEIMAATS

ARICHE MA Fl QADS A~ i HE 43 3 R o
I BIESE EEATSER . O T R BE AR B
JIT A B 3 HFEVG A T R BT b BE IH — b f5 35T Bl
AREBMKNA 32 x32 FEIG S, A G HE
PRAEX LG AR bR 28 M. BRI 252 Bk
B :batch _size Sh 128 ; W15~ 3 R Ky 0. 001 ; FFLAY
AIIEAUECH 1005 itk Adam, fiff HIEK 5 2]
AR I 2Rk X HeAB R X B AT Al A5
RS UE AN 1 B B, H 7] — i 45 o J 4 e i)
SR A R R B B A A A
SCSEE B TENT 45 GTX2080Ti GPU 1 fij 45 25 h 5
Ji, FFAE Pytorch 1. 6. 0 RSS2
2.2 BoBEGHIEE

T AP HBISIE UFACL J7 B PEfE , A< SCffi
PR 73 P G 5 DA Eidls 45 S MA AT QADS
Bl 4R, EATTRY B IR EEOR IR R R AR
A, AT LA T P AN W) 7 2 i g . Her,
MA B deks 30 sk IR EURAE R 54 s (s =
2,3,4,5,6,8) . i E N sigma(sigma =0. 8,
1.0,1.2,1.6,1.8, 2.0) BT T 47 T R AR,
PIENR T HEREG, Fh 9 Rl 0 BER AR
1 620 5K = 73 BEREIR , MOS FRZEHI I 0 3] 10,
QADS $ir4fa S WA T 20 5K i I B, 72 RUBE [
THs(s=2,3,4)TEOL T, th 21 Rl B E
AT 980 TR M PEEIG, Horb 4 4 Rk T
AIERY R 11 R T 8 7 1, DA S 6 Fif ik
T DNN )57, MOS JiE B A 0 2] 1, 2 D Edi s
A EARANTT IR 1 R, 5 8L i A S 7R IX 2
ML ESER

x 1 HOHCR IR

Tab. 1 The super-resolution quality assessment database

BICES SHEBRE RNERT  E@REIGH ARG 2R {aReEn
MA 30 6 1 620 MOS [0, 10]
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Tab.2 Comparison results of different IQA methods on the QADS and MA databases

QADS MA
LIRS

SROCCT  PLCCT  KROCC!T RMSE| SROCC!T  PLCC!T  KROCC?T  RMSE ]
SSEQ!? 0.8679  0.8643  0.6887  0.1502  0.8854  0.8832  0.7013  1.1087
BLINDS-II'®’  0.8889  0.8838  0.7100  0.1437  0.8983  0.8921  0.7252  1.2621
Mal'! 0.8954  0.8964  0.7280  0.1174  0.9139  0.9258  0.7531  0.8833
CNN'? 0.9533  0.9502  0.8114  0.0943  0.9226  0.9364  0.7599  0.949 4
CNN ++ 2 0.9525  0.9509  0.8160  0.0932  0.9312  0.9307  0.7710  0.987 4
Two-stream'™’  0.9541  0.9584  0.8192  0.1047  0.9424  0.9423  0.7931  0.964 5
DBCNN'2 0.9575  0.9449  0.8200  0.0921  0.9465  0.9509  0.8021  0.8389
HyperIQA 0.9541  0.9568  0.8151  0.0986  0.9327  0.9284  0.7717  1.0166
C2MT!! 0.9690  0.9719  0.8535  0.0918  0.9471  0.9436  0.7960  1.180 4
TADSR'*’ 0.9694  0.9711  0.8579  0.0695  0.9453  0.9473  0.8024  0.8121
ATk 0.9697  0.9727  0.8549  0.0669  0.9477  0.9575  0.8082  0.749 4
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Fig.5 Scatter plot of image quality predicted by quality evaluation algorithm on the SR image databases
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