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Image quality assessment based on bilinear feature fusion and
gate recurrent unit quality polymerization

WANG Yaru, YANG Chunwang, QU Zhuo, ZHAO Shun, ZHANG Shiyin, ZHAI Yongjie
(Department of Automation, North China Electric Power University, Baoding 071003, China)

Abstract: Current image quality assessment methods suffer from simple feature fusion strategies, insufficient extraction
and utilization of quality information, and neglect of the correlation between different image regions. This paper pro-
poses an image quality assessment method based on bilinear feature fusion and gate recurrent unit (GRU) quality ag-
gregation. We extract global and local features of images and perform selection operations on local features based on de-
formable convolution. Under the guidance of semantic and contextual information, information unrelated to distortion is
filtered out. A bilinear feature fusion module is constructed to enhance the interaction between global and local features,
capturing changes in image quality in terms of spatial relationships and contextual information. A quality aggregation
module based on GRU is constructed, combining block-wise quality prediction and global dependency modeling. This
dynamically adjusts the weight proportion of each image block, ultimately aggregating the quality information of all
blocks to generate a quality score for the entire image. For the CSIQ, TID2013, and PIPAL datasets across different dis-
tortion types and various scenarios, the proposed method achieved optimal Pearson linear cor-relation coefficient
(PLCC) and Spearman rank-order correlation coefficient (SROCC) metrics. Notably, on the PIPAL dataset, the PLCC
improved by 3.9% and the SROCC improved by 3.1% compared with the second-best method.

Keywords: deep learning; image quality; bilinear pooling; gate recurrent unit; deformable convolution; feature extrac-
tion; feature selection; features fusion
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B, W, KE & P (image quality assess-
ment, IQA)P 7E1F Z UG A FRAT: 55 AR 1R 2 OCHE 2,

SR Yrin e e i =R U EERa w=RIN K (VP NEF A
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BRI s SRR L 4y 0 3 25 22 H KA EN
(full reference, FR) 1 252 1% i &2 74 (re-
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AR 2Z (8] (1 22 545 B, 38 b X 22 545 B 43
Br b BEARAT R IR i, PP 4 RERF G
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MR LR PERE M . S T T R M s A 2R, S
AR [11] 4 5 7 4544 A ABL 1 45 45 (structure similarity
index measure, SSIM ), Z5& 2% JE EG (A58 BE . X
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{E AL fl 22 ( gradient magnitude similarity devi-
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W M M 7 s, $e i 1 R T a PE A 1 1
WhPE . SR, 348 5 2 AR TH AR T T T 4 Uy 4
fiE, 33X 75 %) AR R 1L 1) 42 TR Gk A 3 R R BR
PE, JCVE AP AT G N R EMIRAZ o B, fF 58
FAHE T 3T 2 Wk DA S IR T TR URRAE
AIAE, A0 DeepQA! | PieAPPU®! | LPIPS-VGG!'" |
DISTS!"*)| JND-SalCAR!" %5 Jy ik . HE X 6y
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PR T TR BE A R, 3 sk VR R b 2 ) 4% i TR
R EAFHE, THE 2% B RRF ITAL S A RRAE AR
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EUR BRI 43 o or PaBALGIKAE FRUp 28 o 45 210
& T N R G b oy 2 BOALHL, B
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IRALFRAE, ST A Bl . WaDIQaM-FR J5 ik
HitHEE 2N ERUZ AL Z A SRS ARG
KMRHE . Ak, Cheon %3 $2H T 1QT 77 ik,
FIH] Transformer [ 28 45 g FRAES2 RS, BRA5 407
2208 AR BOEMG KM B 2 RIRRE . TR 2%
> W 2% 35 T 6 UG R AIE (R 2 2 RE 1, A A%
i o7 e T BRI R IR R, (B 1
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W, I H N EALGE R Ge Xt R 3 2k B2 A 8 B
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G TR RFE XS F EE B v EA BA AR >,
Lao P4 TR T HEE IR A WM 7
£ (attention-based hybrid image quality assessment,
AHIQ), %k H Vison Transformer( Vit) #4174 J7)
FRAEFR AL, [A] Bsp e FH CONINC X 246 42 B Pl 45 v 1 )
FRRFAE, X 2w AR IE AT b 7, i — P TR
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XFF AR A, AR SCHR T — OB PR R
BlE A1 GRU Jii & 2 4 (bilinear feature fusion and
GRU quality aggregation, BFFGQA ) 9 K14 Jii & 1F
Wik, EETTERANT

1) X ) FS AR ik i A 5 1 P AR A4 AR O e
1, R A & UE B LR SUFE B4 R AR 1k
HEAT W] AR I A5 BRI B 2 >, ol LT A bl
by 2s [ AR AL FUR TR A, 51 5B FURRIE OC 1
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1.1 Vision Transformer

Transformer™ EH] & — 10 T ik B R IE
Qb FRAT: 55 (1) 22 $AR R . Image Transformer B VCHf
Transformer I FH 7E G AL BAT 55, S oim A
() T 2 7 AL ] 200 i 45 A58 A8 7 Ak B PRI I O 1
EHMER Y 42 Jm {5 B, 76 45 Jm 38 4 AiF [a] 23 57 44 i ¢
2, o A HFEH ) LR S0 &R . Vison Trans-
former®® [t 1 B Transformer B i13E FH F EGAT:
%5 o Vit BEALEE R 53 it T+ BS S AL B Trans-
former BEf% 40 3 (1Y) 7 5 Bcds , 10 A T 1AL
il e A% [F] B 4 B2 RR 1Y 4 Jm) 45 48 0 Jag 3 40 3,
T 4 e G 2 DA A E AR M o O ) SRR AR 4

BUIN SR 3% 0 52 75 SR 1 L R A% 35 17 AN [] 7 2 FL 2K
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IR T 1 3RR B 2 b TR Y i B[R] 20 B A etk
Ao M E T TH T HE—A FRARETE S H )



55 4 1 L, 5 RS AL fl 5 R0 PO 0 B0 o R A 9 R TR T £ 949 «

A BRA T R B 20 P s A5 B, AT LS 4 4l
ﬁfﬁﬂiﬁlﬁ*ﬂﬁ%ﬂ%ﬁ*ﬁ%fn B R TR0 %
T 0 RN E 2 M 2 T — D RURAS AR R, i
T 1 B2 iR B AT — RSB E B o

2 KX
A SCLASCHiR [26] B 32 R FE LR AR AR, #4) 8 X0
Lk 4 )R — R R FRE Al & ( BFF) BLHFI 3L F GRU

XT3 SR AR BB

RE
G

B it i R A (GRU-QA) Bid . 48 1 i BFFGQA
G 0 7 I B S HE SR an & 1 s s
T CNN F Vit [ 35 SRR AE 4 Bss Y, 43 31
WS 75 ERFUR LRGSR BURRAIE 5 SR 5 38 1 W
LM A R — R T R AE il A X 4 R — SR S AR AR
PEAT XU AL Rl A 5 B2 ) H 3T GRU A9 i i 3R
ALY T EG TT EPE A, A R B ER A
L

T GRU Y
i R A AR

UL MR AR

XU M4 =)
PR R AR

‘ |

|

—’ |
17 vdis. |

|

[%‘Hvﬁ] [E@ﬁ&]

3
' 1 B MSE

Gz

B 1 BFFGQA M 4&1E2%E
Fig.1 BFFGQA network framework

2.1 WMo ZHFERIER
B T W53 S 45, % i AR LS
2 PG HEA T 4 s 0 Jy B AR AIE 2 1
SRR AE SRR SR T Vit R4, B R Vit iy

4 Jmy L PR 7 PG A A R B 2 T g RS G
FZE R, W 2R R IE . X 4 Ja) e i ML
A BT AR R G 4 BE R AR, DT B A b
AR R EE R . KREMSH KGR 24 Vit N

FRAE R AT Y, BBk KT, BRGNS &)a, SR 2R RE Fog NS5 42 R R
SRR, S5 2 FoR . R HEBAIVLEIZE Ak Freo
IR |
T 2 3 14 15 16
. . /
3L 4] | | | VlSl(l)Il Transformer | | | 157574
o - | 2 3 14 15 16 5167
o T | | | | | | 9 101112
Ui LRI T e 13| 14|15 16
) @l ¥ ]
ls,dra- * r]‘ ‘ i i i L JRRHE
l I--
AR B

2 Vit FHER IR &

Fig.2 Architecture of Vit feature extractor



+ 950 » O R

NN
N

S 520 %

AT AE U Gt B i o 2 2 09 [ 3 L]
Koz AR ROBE I RHIE R, Vit REWE A R AL B
AN TR /I 23 3 228 00 TR R X ey 0 P14 Do a7
FRAE LT/ o T CNN 25 78 4 412 J5) 38 5 A A
045 77 T AT AR, BB 8 T IS T G A0 il 2%
AT HERG AR 53 Hr . PIIE, SR H ResNet50 9 2% 4
H JRy ER R AR 4 RS, B2 BR ResNet50 fi fi i -F- 34 3l
U IE o8 G 12 2, R UG Jm) 0 445 k) R S0 B R
Ik, Rk EANS % R T 4 ResNet50 W25 5, 3R15
A5 25 [AE B I R AR E Fog B Foer, X422 R HF
fEHEAT RN T, AR 2 U B 15 B
22 VWEMHEERH-FHMHIERESER

YL RE RS TE R BE (15 B8 0 42 J) e FiE )
filt b, 38 200 BE AR S RS, A A B hn 5
SEEE@L i NS X P S = DO N ESEC BTl
TR

A X R R AT 8 BIGR H AL P, ResNet50 [
25 FR MR R S AR A R s 233 ol 5 2k BN A
KETUARMAE B, X BRI G T4 R
FHRT 2SS B R Fogiy RN F o 30 I 3 8 9 K 7
B, T RHIEXT 2 5 5 B R sT ik BE DL S 5 2= %R
TIE A0 AR L, 07 B s A A C R TU AR 945 2L, AT
T IORS B b A B2 B ERRAE FL RFL o AR TR
&Rl W & Offset HEA1T 3 ACRAE, v Xt EI4
AN [R) DX 35 ) R A T 2 R AT A . B8 £ Offiset 38
i Vit JE I S % EUR 2 R RHIE Fe B35 N 2%
BE, HT3H S REMVENMBE . FooPS
T RT BG4 0 MO X IR 15 8., BEIE S
B AR AL X 3k % ik AR ) A N R A RO
B Al AR B R it Offset Xif 5 FHAZ SR AL A7 B (1)
PR AN ) IR T A o 1 DA SR AR TR B
WBHNRGE F 042 E T 30— e X
S, (] B 22 W AN A G B TT AR X B

SR G K A BRI 45 53 X Fry T F g, F
F oo FEATHRAEXT AL B, FF 245 AFRLG IS 20 045
FIALFE 4 Jm AR B A5 B AR BARME Fyy M2 %45
fIE Fopo 3% T RXT Fyg A Foo AT WML A, H
AR R AR AN 3 TR, ASAUAT LA 2 2% B
k5 225 Rk 2 (8] B 40 22 5, 38 7T LAYS 3 AN [
i 3H 8] 1) 22 AR B

TSR G BT B4 6 A SRR F gy A
F, . A7 40, 76 0% 88 I it 45 8 2R Al i1t
B, R X RS SRR F R F 98 1T 22 {H s
B AR R F,, IR R BRRE S 2 55
fIE 22 [B) B 22 5, foi A5 760 B 40 B 0 00 b s e i A [
G0 B ISR ARl o P A R M Ak o5 e iz B

Xf Fy MFy JEA7 0E— 0 R 5 MR, 15 2R 5 )5
AP AR ) B Fy, LSS BES R A T8 G A S L, 1 0R
FHEFR 19 42 5 B, TR AN

F,=AAP(F ®F))
Arp: e IMRITEE, AAP() SRR W RHAE 5K 5 3R 4T
FI 38 - 2 v A Ak 2

(B~ con R

G- -

B3 WE&MHHER A RIE
Fig. 3 Bilinear feature fusion operations
F, BABGR A RIKBE ST, 7T 5 22 iy E8 5T
S o] AR A S R A AR RN (HE 282
W, N T fRiAL)E SR 5 ML BE, B F, WS 5]
BREC 2510, ic M P, S 2

_sign(F)o /|F|
U sienFpe /IR
K oR/RBILRMIAE,

23 EFGRUMRERASEHR
AL 3 WA 53 5 — 5 T 4 RS R B
FA) JB 1 43 A8, — 7 TR A LR N 2 0 AR Ak B 2
RS BMR B AR, B 5 R S BT 3 2K
REB R R HIER R B 8L, A 4 s
GRU Jii 2 5 & fHe 5 e i 2 w0l 43 32 fd

34 (FC) 2 XT B rh B AN R B B RRAE i
TP b 3, N G S BT i 3E 47k S 0,
X I 1) JoT e o A e] e g MR A 115 0 3
B FC 2. GRU JZ 1 FC JZ 41 i%, 11 Xt fir A E 14
e 2z [a) B B P O 28 IR AR 6 1 A A7 A R
B, ol P00 2 34 i VRl A5 B 22 (i) %) A B 5 i AR 42 J) B
Z, U R TR BSOS T A v s R Y R B
FF T LA R A EE, B I A s ke P ) o A
JoT o 5 X 1 AR BB 0 1) R B U R 7 A A
R, Y/ G S5 2 o it A B S e o B 0T
R A R SR P B 1) i w, T YEHH FC 24
Je& V1Y R B R AIE F B 5 0 385 & GRU AR BEAY
FEN B, B 24 R SRR, 1228 x, JT A
F| GRU JZ. X x HEATALHE.

z=0(W. ¢ [hi,x])

ri=cW, [h_,x])

h; =tanh(W_ ¢ [h;._, * r;,x;])
h,=1-z)h_, +zh;



55 4 1 L, 5 RS AL fl 5 R0 PO 0 B0 o R A 9 R TR T - 951 -

g R T R EE ] x A5 R
VRFIE 5 by J2 56 | DRI R ALE, =1, 2, -,
N, N, BB R ; o J2 Sigmoid P%E W,
W.. W, 53 R g BE FROIRAS | BRI TR B ] 1A
HHME, B2, GRU 25 e A R B3] 464X
FIFH, LA he h &3t 54 FC 2890 —fb4b
B, T T AR fe A R A 1) i w,

Ao i B ERRA RS, o A1 w, 735025
i > PR T 7 A A — A T
R,

e P AR o i 73 K ) o g A PR AR B AR 17
w AT S BLE S, 15 B sk HER A i Q, it
/N

NI‘
SIS LA 2/ P (B A (R A4 1 T ) S g,
B, H—Ah I I
«; ¢ ;Wﬂ[ o
Wi: Np a Za[
Za’" i=1
i=1 Hirp g, J2 56 i A G S 0 4345
STl
— BRRREG Y g
I S
Iy iy iy :
&) O O ol |
53 &3 &9
o
o
L/ o
o
g 00 | |b |
2 3| e 2=
X i S
I WETERT] .
L) GRU )2 L—
A TR 555 % IR w

Bl 4 GRUFRERAER
Fig. 4 Quality aggregation based on GRU

3 kb &R
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Table 1 Statistics information of datasets

et stk SHEGE KEEGE KRR

LIVE 29 982 5
CSIQ 30 866 6
TID2013 25 3000 25
PIPAL 81 10 125 40

LIVE #4085 41 7 982 7k K ELIEIMR 1 29 7k &
HEMR, HA S Fhk B2, Rk G B BT
2243 7 W43 %84 (differential mean opinion score,
DMO) U {EEFI7E [0,100], 4 Y DMO R H 42
AT & . CSIQ da 442 7% 866 5Kk HEZ I
30 kS HEG, A 6 fk BRI, HA 5000 4~

DMOs T £ 4, BUE {5 24 [0,1]. TID2013 4
AL T 3000 5K K FLEMR R 25 kS H KL, B
H 25 Pk H A, K34 7 UL 43 %0 ( mean opinion
score, MOS ) BUELJE [l 24 [0, 9], MOS i R 7= #i
B SR . PIPAL P42 005 T 10 125 KK K
4R 81 5k 5% MG, HAT 40 Fk FL 57, Horp
W ALFE T A 1 45 i A B B MG TR A B R B
32 ELWSH

A SCHE NVIDIA 3090 GPU | #4752 50, % H
PyTorch 42 #4#5 AR . 442 8 6:2:2 (Y L4941 5k
P A v i 6 L EUE R 43 S U R B L 50 A R
£ o K ARSI R R A T I — AR RN BE ALK - B
5 SEREHLER BT N 224%224 [N, SR AL HEF T
Yo R 50 TIE B R TR B ) 45 2 00 f L B AR A
el FFT 000 3 0 3 D 286 11 RS T P M RE . FEAR
SO B R3S RFAE B U He H, CNINRFAIE 12 i
77 32 R FHAE Imagenet [ il Il 25 4F 1) Resnet50;
Vit FEAF R L5 32K I AE Imagenet T 25 4 1)
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Table 2 Ablation experimental results of different modules

Srocc =1

AHIQ BFF GRU-QA PLCC SROCC
Y 0.978 0.975
V V 0.985 0.981
V \ 0.986 0.980
V \/ \ 0.988 0.982

TE: IFAAR) iR iR

AHIQ BRI FS il BFF Bidk 5, PLCC #& & T
0.72%, SROCC #2755 T 0.62%; 73/l GRU-QA 5 e
J&, PLCC 45 5 0.82%, SROCC 2755 T 0.5%; [a] i
S Im BFF BLHLHI GRU-QA #58k, F 7Y 1 BE 35 1]
i, PLCC #2551 1.0%, SROCC $2 5 1 0.72%, 5
I 45 B W], BFF Hl GRU-QA #5534 ] 45 24 4% 7
R (1 PG 5 e PE A P B, I e [ s
HAE o] A B 2t
3.42 EI4FAERRA T X 490K Gk
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Table3 Comparison of different feature fusion methods

FHIEREA 72X PLCC SROCC
Pk 0.981 0.978
= 0.987 0.980
KF 0.985 0.973
e 0.980 0.970

MR G 0.988 0.982

XL il G T 2 2k 4 J 4 i R Jmy 8 A4 ik
PEATAE EL A, O G b dlT R PRG54 R DR &R
T SUFE B B A A, (AR R 5 v
PERESR AL, B H MR A 72, PLCC Z/AD 4R
0.1%, SROCC £ /45 0.2%.,
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Table 4 Performance comparison of different feature ab-
lation experiments

FHIESERY PLCC SROCC
global 0.886 0.861
local 0.864 0.856
global + local 0.988 0.982

B e FH 42 JRy ERAIE B, PLCC Al SROCC 43 3
55 0.886 F1 0.861, B & i F A 4 FH Jmy 5 e iF
(PLCC 4 0.864, SROCC 4 0.856), 3 I 5% £ 43
A X Eb B 45 4 JR) e T AR I AR R AR R 0T T AR
R B T RAER . 2RI R B R
P, BB A2 4 i b S AL AT LA S0, RSO | %
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Table 5 Performance comparison results on public datasets

ok LIVE CSIQ TID2013 PIPAL
PLCC SROCC PLCC SROCC PLCC SROCC PLCC SROCC

PSNR! 0.865 0.873 0.819 0.810 0.677 0.687 0.277 0.249
SSIM!! 0.937 0.948 0.852 0.865 0.777 0.727 0.391 0.361
MS-SSIM!'™ 0.940 0.951 0.889 0.906 0.830 0.786 0.163 0.369
GMSD!"? 0.957 0.960 0.945 0.950 0.855 0.804 0.608 0.537
VSt 0.948 0.952 0.928 0.942 0.900 0.897 0.517 0.458
NLPDE” 0.932 0.937 0.923 0.932 0.839 0.800 0.401 0.355
MADF® 0.968 0.967 0.950 0.947 0.827 0.781 0.580 0.543
VIFE 0.960 0.964 0.913 0.911 0.771 0.677 0.479 0.397

FSIMcl! 0.961 0.965 0.919 0.931 0.877 0.851 — —

DeepQA!'™ 0.982 0.981 0.965 0.961 0.947 0.939 — —
WaDIQaM-FR!'? 0.980 0.970 — — 0.946 0.940 0.548 0.553
PieAPP!'”) 0.986 0.977 0.975 0.973 0.946 0.945 0.597 0.607
LPIPS-VGG!'® 0.978 0.972 0.970 0.967 0.944 0.936 0.633 0.595
DISTS! 0.980 0.975 0.973 0.965 0.947 0.943 0.687 0.655

JND-SalCARPY 0.987 0.984 0.977 0.976 0.956 0.949 — —
QT — — — — — — 0.790 0.799
AHIQPY 0.989 0.984 0.978 0.975 0.968 0.962 0.823 0.813
TOPIQ™! 0.989 0.984 0.980 0.978 0.958 0.954 0.830 0.813
AR CBFFGQA 0.987 0.980 0.988 0.982 0.972 0.965 0.863 0.838

# LIVE 2k B B8 4 b, A SC07 Gk
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Jii 0.2%, SROCC 7% J&i 0.4%; #H b T Hofth 7 ik, A
X H R PLCC 2/ T 0.9%, SROCC /04
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SROCC # T 3.1%. L S 25 R0, A 3C
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G 5 PE A 1 R HL A B A A
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Fig. 5 Visual comparison of image quality evaluation results of different methods
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Table 6 Comparison of parameters, FLOPs, inference
time, and memory usage

; - izf7 RORE
ek BEUE 105 FLOPs/10° T LR

BE] /s & FH /MB
BFFGQA 29.96 1.73 0.8013  2373.6
AHIQ 44.96 1.65 0.7868 29435
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