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Abstract: Sharing videos on the Internet is becoming increasingly common, therefore, video quality assess-
ment is becoming increasingly important. In existing video quality assessment research, convolution is
widely used for feature extraction in the spatial and temporal domains of video, but due to its inherent local
perceptual characteristics, the global information perception for video is neglected. At the same time, exist-
ing methods do not fully integrate spatial and temporal features. To solve the above problems, this paper
proposes a no-reference video quality assessment method that combines convolution with a self-attention
mechanism and spatiotemporal fusion. To extract more effective spatial and temporal features, the method
first designs a spatial feature extraction module and a temporal feature extraction module, where the spatial
feature extraction module enhances the global information of the local features extracted by convolution
through long-range dependencies by the proposed feature perception and enhancement module that combines
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convolution and self-attention. The temporal feature extraction module jointly learns the temporal features of
video using Video Swin Transformer and 3D convolution based on video frame sequences and video frame
difference sequences. Then, the spatiotemporal feature fusion and enhancement module is used to fuse and
enhance the temporal and spatial features through the self-attention mechanism, and finally predict the video
quality. Experimental results on the KoNVid-1k and YouTube-UGC datasets show that the proposed method
has better performance compared to existing video quality assessment methods, and ablation experiments
also verify the effectiveness of each proposed module.
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7t SROCC 1 PLCC 43537 0.022 F1 0.016;
f£ YouTube-UGC ¥4 I, %75 SROCC H1
PLCC 1, b e B i1 HVS-5ME AT SimpleVQAR
Dk, S EE R, AR SO R AR R
I ELAT S50 (BT RE g, AR L vk, REfeaiAs
5 3 LR — EA PR 25

®2 TRFEELNHEE LSS R

P KoNVid-1k YouTube-UGC
SROCC PLCC SROCC  PLCC
VSFALS 0.755 0.744 0.724 0.743
ColINVQ!X® 0.767 0.764 0.816 0.802
TLVQME! 0.773 0.769 0.657 0.647
VIDEVAL™ 0.783 0.780 0.779 0.773
PVQPI 0.791 0.786
RAPIQUES! 0.803 0.817 0.759 0.768
BVQIE! 0.833 0.830 0.816 0.804
BVQA-2022[%! 0.835 0.834 0.825 0.818
STDAM®! 0.845 0.842 0.834 0.830
CONVIQTHY 0.851 0.849 0.832 0.822
MD-VQAL! 0.851 0.853
HVS-5M! 0.853 0.856 0.852 0.845
SimpleVQAP4 0.856 0.860 0.847 0.856
AR 0.878 0.876 0.861 0.868

I MR R, T RIZFRRALE.

3.3 HRRSIIG

3 RT3 SRR S URSTH | ISR 4 BB B
FIVES 25 R A fl A 3 S BT HRHEA TV Rl S 56, S0l A
SO AR A . 7E YouTube-UGC £#i
£ LT 4 ATHBhSCEE: PR A T SRR 4R U
o Bl 2 SRR SR ORI | R AR A PR
J7 2Rl SRR A 2 SURRAE, DL AR SOOT . K
o, 7R FUR IR R OB T St g R, 3 —
RE 2 Ao AT AR, s A VST, B
3D FHFMFEMHEH VST A1 3D 41, 45 sk 3
FiER. ATLAE Y, S fef T AT SsRe A (4 28R AN i
M 28 BURRE AU ROR . BCA 8] VST Fi1 3D B AH
fiE . 25 M B T B SRR AR B BB i M 5 Al
i 2 SRR AR A B, A TAE bR F Y 0 3 GE
T W I SRR AR RN 2 SRR AR SR A T G I DR O 1
#£ SROCC F1 PLCC L4354 7 0.008 F1 0.010; 1fij
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i FZS SCHR H 0 B 23 R AE Bl 4 5 AR H /. SROCC
1 PLCC 435427 0.026 F10.031, Fufdi 8 8 Bf
BT IR T 225% 11 210%. I fill S 56 45 51 58

G1FRWTT A SCHR Y A 2 G 1 SRR 1 A AR
# 3 7£ YouTube-UGC #iE5E LAIHRI LI Xt LE
25 45 A 45k fié&  SROCC  PLCC
y x x 0.835 0.837
x VST x 0.755 0.765
x 3D B} x 0.588 0.580
x VST #i1 3D & x 0.797 0.802
y V Pz 0.843 0.847
y S y 0.861 0.868

. HARFR R,

AT ResNets0 [P FE IR, f = 4
#7 FasterNet*?l 255z % ¥R, i il FasterNet [
BRI AN BRAR A B0 i DT B 2 TN 2
H:SROCC 1 PLCC 1X 43 %14 0.700 8 F10.712 4, 1fij
% J1 ResNet50 i} SROCC #1 PLCC 434124 0.930 2

1 0.939 8; A I LRJT, FE I PR B
4 B IEAT A RRAE PR OB E 1 Il ZRisf, H: SROCC
Al PLCC W /5K ZE 0.582 F1 0.571, ik
ResNet50 iif SROCC #l PLCC 43 1|2 0.835 F/1 0.837.
R, 7S SCE FH ResNet50 1 Jy 23 SRR AF $i2 B R 4.

AR SR B UE T R AF JER 48 SR A e i 3 B4
AHEE I L WE S, FEXT R LA A
JI R R B A AT T R S, He,
BB RS G T A B R ) G E

2 R IALE], 45 R R 4 PR, ARRIJTERRE
TES T E AL 5 .
F4 FREFENDESAEE FAERSE T
Jrik SROCC PLCC
B 0.826 0.814
ERE-wil 0.822 0.823
BRER SR 0.823 0.817
SHBEREN =W 0.825 0.822
ORI 1 R A 0.835 0.837

. MRS R,

a. R AL

b. BT R B
K5 AR B R E g T

AT LI, AR SCHE Y A RRAE SRR 39 i A
Here 2 Sl R AF B2 B B T B RO, T
— BB AR, RO T E TS
NG ERE IR, BREE RS RA
Qs R, XOE RO E R E 2 RE R,
T OB R BEAR T X 52 M (1455t ) DG B DX 1) 1
B, Amisgm TSR R, IR 5 ATLUE
B AR B A HORGE T R B 2 O A

c. BN d. RPAE R AR

JaAE B, T e 2 5 TR PR 2 32 A DXk ) R A (L
L BRERNRSCEEN S RFE R L THEE T
T IARE); AR SC R R A JER A R S AR B BE [ B
UL b X R () S 3 RN 42 Jmy A5 B AT R T

HE—2, X as SRR $2 OB B (1) U1 2k B BE 1Y
SRAEITCR AT I AL SR, B UE T A [R] SR A A8 %6 Xf
ZEIARE S SR, 25 NSRS . T LUE Y,
REEWRE R 1, 2, 4 B, BAIRPHEREILT—8; S5k



2178 AU B i 115 BB 222 4 %37 4%

BEATR 1 FRFEAR 2 L, BEBCRAEIIR 4 BT
247 T5%F1 50%IGEUR, 1Ak LIG IRAE AR S
SEEIRIMEREI B R R, ASSCERE 4 1 s
Il T B B e 11 5 A SRR AT

RS5 TRRMEMEI = ERHR AR

SRHERTR SROCC PLCC
1 0.836 0.838
2 0.837 0.835
4 0.835 0.837
6 0.826 0.819
8 0.820 0.821

AL T R Bk EE L, AR SCGHETT T GAPL &R
% KAk (global max pooling, GMP)F1 GSP ix 3 i
FIER M, s8Rk 6 iR, wLLEH,
GAP 5 GSP M AR REAF, GMP IRUR i 2,
HILABZE S GMP AL A BRI AN EA k. R
K& GMP {UCTE EMR i i Ry e KA, 72006 T
fh & AR Bz, I BL7e 5 HAl Jy vk 414 il
TS ZIURFEE R, 765202 2 W B Ao L
A A 2 FR X e (5 S 1T GAP REAS 42 2]
DX 33 P () B AR5 L, GSP I 56 7 IX 38 N 1 i I
3, AT LA BIRHIE B B O B, WA 4 G ] LA
TR T - b AR B R AR 2 R, DT 4 v AR Y 3R
ikfiE ]

[

®6 ARG EAETE ERHRSIIEER

ik SROCC PLCC
GAP 0.831 0.833
GSP 0.828 0.820
GMP 0.816 0.812
GAP+GMP 0.822 0.824
GSP+GMP 0.820 0.817
GAP+GSP 0.835 0.837
GAP+GSP+GMP 0.823 0.828

T MR R AL,

4 4 I8

Btk BEA AT A J7 7 R R RE [A] X 41
B0 HJ) 8 A 4 Jr RO R LA R S R R Rl
FUHIA R BT, AP B S AERE 4 S
I 25 fil 5 59 0 2 25 ST R PPA 5 5. Sl A 45
A BRI A T R HLE A R AR SR e, A
AL B 2 I B 2 WU AT Sy v A 4 Je £ B 0 2 I

FRAF; TERPIRAERE, fii ] VST A1 3D B RUbh 2 M 2%
& A Jy ) T B B SURRAE ;S8 A I A R R 1
SRS HRONE BT SSORN 23 SRR IR UEA T Al B 3 0, e X
U R AT TN, 7E KoNVid-1k 1 YouTube-UGC
Bl RS A R R, AR SOk LA ik
BAWEHAMRR,; HREEWR 705k
BB RE. R I, A ST R 45
WH AR SR, TR IR, RRBATHRRE
FE T B A P 2 A AR
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