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Abstract: This paper proposed a multi-task attention mechanism-based no-reference quality assessment algorithm
for screen content images (MTA-SCI). The MTA-SCI first used a self-attention mechanism to extract global features
from screen content images, enhancing the representation of overall image information. It then applied an
integrated local attention mechanism to extract local features, allowing the focus to be on attention-grabbing details

WisHEA: 2024-12-30; 1&E HER: 2025-02-24; FAAH: 2025-02-25

EEWE: Ui AE T E iR (BDEC2022619027); AUt M S # H 2% 2% 2023 A 710 sl (MS2023168); bt nt Elki 2%
BERCSR AT H (Ec202303, Ea202301, E6202405); b5t ElIIA RIS ABTS A 207 £ (21090224002, 21090323009,
21090124013); bt ER 2 B H BF 372438 SR A =BT H (04190123001/003) 5 Ikt i HL A2 I 25 5 38 i AR 4 [
R PSSR I H ((SKLNST-2023-1-12)

*@E1EE: Ei, dongwu@bigc.edu.cn.

WA B 5©2025 H R} e ' AL AR5 e

240309-1


mailto:dongwu@bigc.edu.cn
mailto:dongwu@bigc.edu.cn
https://doi.org/10.12086/oee.2025.240309
https://cstr.cn/32245.14.oee.2025.240309

FA T, 4. S TR, 2025, 52(4): 240309

https://doi.org/10.12086/0ee.2025.240309

within the image. Finally, a dual-channel feature mapping module predicted the quality score of the screen content
image. On the SCID and SIQAD datasets, MTA-SCI achieves Spearman's rank-order correlation coefficients
(SROCC) of 0.9602 and 0.9233, and Pearson linear correlation coefficients (PLCC) of 0.9609 and 0.9294,
respectively. The experimental results show that the MTA-SCI achieves high accuracy in predicting screen content

image quality.

Keywords: screen content image; no-reference image quality assessment; vision transformer; multi-level visual

system of human; attention mechanism
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RUEE L0 T et A UG PR A R A RFAE 1927 2D
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Table 1 Typical methods of screen content image quality assessment

Category Method Type Feature
SPQA" FR Brightness and sharpness
ESIM® FR Edge contrast
MSDL"™ FR Feature extraction using log gabor filters
The first category BLIQUP-SCI" NR Natural scene statistics features and local texture
Yang et al.”! NR The amplitude, variance, entropy, and edge structure of wavelet coefficients
Huang et al.” RR Oriented histogram, local discrete cosine transform coefficients, and gradient of
amplitude in color channels
SR-CNN™ FR Multi-level CNN features
QODCNN'" FR/NR CNN features
Gao etal.” NR CNN features
Zhang et al." NR CNN features
The second category MIC-CNN'™ NR CNN features
SIQA-DF-I["" NR CNN features
RIQA"™ NR CNN features
DAMC®" FR CNN features
MTDL"™ NR CNN features

240309-3


https://doi.org/10.12086/oee.2025.240309

FA T, 4. S TR, 2025, 52(4): 240309

https://doi.org/10.12086/0ee.2025.240309

7T, AL AN TR R AR T AN [
R, BEMSIDH G 75 S SO amaE , Ak
T S BN E X EG B Y AR s, e, il
FHOBGH T8 R AE S AT B G i A S T
TR, T IR AN 7 245 30 5 9 2 R 5
AN 2519 T i o . FE AR SCHR M MTA-SCT
VIT REAR R T EZEMEH . VIT 38R FRRIE 4
HURE 7 i A B RS e 0% T 4 M 3R LS P i 2 R A5 B
N = T e N 25 UG ST R VA A B A

2 ETEZEFEENNHNEE

R T e CNN 7E Bt 4 N 25 R BT i PR Hr Y Jmy
R, RIS 780025 R IR I IR AR i, A SCHR
1) MTA-SCI I FH 23k B 2 LTI ZE G Rl i =
IR o B U N 2 R B A2 SR R E ARy BB RRAE
IXCSHFAE AT A N IR 000 2 GRE I o X PP 24551
BEIHLEI L RIVE AL T AR ) 22 s B e
(ARSI BRAR eI R 4 5T RN A2 SR A

MTA-SCI & & AN ER 4y B s mab . 23k |
HERFIHUE . L5 R i 25 AL RS T8 i S
B, 2k HiEE PR . 256 RER I E 1P
A3 ER BT 5 PN A IR 4 SR R AIE LR BB AR AR
MTA-SCI [ 45 25k an sl 1 s o L e Xtk
HE G TR, B2 EGS, IR G
MR E NI4T B R A [ 1 P50 . RAMERGEAR
YEALFEPIS Ay . —dE RS- Rttt RiE, HZ

Position
Data encoding

preprocessing

[

| Integi

‘ Linear projection of flattened patches ‘

rated local attention
mechanism

rated local attention
mechanism

S FERIIHLHIAT B HA KB AR SR A 2R Rk )
o HE, ML RMRERE LIRS 2 R )R
PRRRAE . R, (0 XSG A e R A 2 R (ke
AR TIN5 5 PRNAS R, JF XA TEA T IAGR AT, A
kG PN EIEIIbIoN ol 88

21 BLBEEEHNE

TEGE 55 N A MG T B PR U, CNIN Gl A
h T ML SR N A R B ARAIE . AR TR R
g (i BELAS T A4 JCR o e 9 25 UG BT A X A
B, HE RS AR M S B CHTC A A S A B
ARG E 2B A E, BB PR E A
JP At B A TC R AT 9 HA JC R 22 R A DG
M, AR RER . ARSI 2k B R ILH]
FEITMEAAEENE, SRR AT
FITEAIRIF25 P g s B, M SRS ) SR A RE
AR VIT-BR VE R ET ML, HMHT 8 ~AE
B2 (h=8) $EWU N A EUR 2 RrEE, 4k ().
= 2) fik 3) s

Attention(Q, K, V) = Softmax(

QKT)
v, (1
Vdy
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Fig. 1 Structure of the MTA-SCI proposed in the paper
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Fig. 2 Structure diagram of integrated local attention mechanism
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Fig. 3 Structure of group-wise attention mechanism with spatial shifts
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Kb wFRIRFHERIBSERE s H R FRE B 00 5 B
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Table 2 Group-based spatial shift operation

X, Spatial shift

B Shift1: move tensor x, down by one pixel vertically and
n=1 right by one pixel horizontally

5 Shift2: move tensor x, down by two pixels vertically
n=2 and right by two pixels horizontally
=3 Shift3: move tensor x; right by one pixel horizontally

and down by one pixel vertically
n=4 Without any processing

4, 1H5 3 1 21 (group-wise attention,
GA), MU E WAl A TF] 1 22 J2 R HL (MLP,
MLPy) Fil /57 15 22 076 PR ZX (Gaussian error linear unit,
GELU) XJ# A gk S b A0, M58 3 2 AL
H, W= (5) FiR.

Attn, = MLPy(GA((X.};_,)) , (%)
K Attn, FRoRZS [ AHE I EUE ; MLP, R
)R GA FORAHERIIMITHE.
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HENEA K E L
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IRz s E R, A B TR R s
EUER R FF 45 H () RAERE J) o i 23 1R] 4320 2 I PL )
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AEST o
2.2.2 FEXNFREBBUEETEE IVIH

R T AR EUE T N A G AN R RUEE 1Y SR R AR AR
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KRR MIZ AR50 R, X BEu RALAA B A0 07 T My
MEFIAGARFAE . AEX BRI 3l ad 76 24T 1) L)
AN DX FRL AR A T A, EAS S A M il 4 X 28
i EFIA AL, 1T HAT B TR AR AL i 2 2% B
A5 X PR BB A AL — A BA BRI B R 1)
f & FUZ (Conv0) . Z N AEXTFREFLZ (ConvO 1,
Conv0 2, Convl 1, Convl 2, Conv2 1, Conv2 2)
Hf& B FUZ (Conv3), BB RAF I E 7
AN 3 R o ARRIRRE: AR T ML A 2544 4
Kl 4 Fr7s o AEREALE R, S AN RIS R 1 B
VERARIBURAIE, 153 B A A R ESZ B R RHIEIR . kst
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e Sy

Attn, = Concat (attn, + attn, + attn,) , (6)
Attention_Map = Hcons (Attny) @)
X, = Attention Map® X, , )

b X Ron i AFRIE B X, 08 B b Ak 18]
Hegns R B RAG, BMVEH F 220G R R T
ROHIAEL, KRS IR B e A 2 A
attn, (i=0,1,2) &7~ {8 AN [ RS 46 B Bl 1 Jmy 3 1
B4 Sk BOHRE s Attn, 2R TR ] A B D RRAE
Attention_Map &7 (8 F AE X Bk 46 AR 18 1 = I pLH
A R A

2 3 AR VABIMLF X,

Table 3 Convolutional kernel size and padding method

Convolution layer Kernel size Padding size

Conv0 5%x5 2x2
Conv0_1 1x5 0x2
Conv0_2 5%1 2x0
Conv1_1 1x13 0x6
Conv1_2 13x1 6x0
Conv2_1 1x19 9x0
Conv2_2 19x1 0x9

Conv3 1x1 1x1

SRR, X AR B AL A A
FRSESRAHE I B RALRE S, ERENS A 3l = T ARIR
JERRHIEAR B, AT B e b A7l P g A RS E P v 0 SC
RE, JFHBME ST SR BT (E R R0 i E
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Fig. 4 Structure of asymmetric convolutional channel attention
mechanism
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JEARM (B, C, H, W) By (B, H*W, C)o XFEALHLY
H ) 2 4 25 (8] 4 J3 5 4 o RRAE4E TS, LUGE J5 220
MLP Zb3H . FFAEB SR B P73 SR AL & MLP i
it M2, X3 nlfdi T ReLU 1 Sigmoid 3X M4~
AELMEBON R AL, TERREMLR AL, MLP
FA I 5 P28 I 2% B A 1 2 RD i R R R
(exponential linear unit, ELU) ZH i .

TEFE s o, bR A BER BB E x5
(PN FHEAT I 45 0 3 T3 PR A5 Bk i T i L A
BEMNEw s R RIE SRR RS B
PR w AT, FFXHITA PR BRI AE R EA ToR A5
Hie e bR DIASCE (9 B R, BT 345 2R L PRUAR 14 o it o)
B 0., kAN

N

Zfi'wi

i=1

QA = N s (9)
o
K. N FORBER N EUG T RS g
Predicting quality score
5§29
=
! S Q, —> Scores
L]

Predicting saliency weight

A5 SUEE RS ARG M

Fig. 5 Structure of dual-channel feature mapping module

3 KWEREH

3.1 BiiEE

AR, IR GAETR TR AT RE N2
BIGEdRSE, Hilin SCID™ . SIQAD™ 4%, X4
SRR AN 4 FoR . AERIEE SR N A S B
RIF, AT EMPR R R, T AT Y
R . BB IRETREAL S, AERTS b
e NS BRI LB & DA o B, T e
FEEMVEAME, SRIE R BEEC A St ik
P BT A 24 1Y 300 PR 4380 . SCID %4k 4 Fn
SIQAD %Hfs £E 73 5 2% FH 7341 = W 43 %X (mean opinion
score, MOS) 1 22 73 ~F- ¥4 32 WL 43 %4 (differential mean
opinion score, DMOS) 1 4 F W i iFME . 24 MOS
A N EL DMOS BUE R, B A S 1Y
RE™E, RRNARGRN R ERE; RZ, e
NS MR G LR T, DU e P 2 R ) o B

A4 F R RR NS BGE L

Table 4 Commonly used screen content image datasets

Dataset Number of reference Number of distortion Distortion types count Distortion levels count Subjective score type
SCID 40 1800 9 5 MOS
SIQAD 20 980 7 7 DMOS
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SCID $ili 8L 5 40 5K S FIEIFR R 1800 7K 2K FL
K% . 1E SIQAD i 4 A% 1y 2k H S AU Y HEaily |-,
SCID i di fe Zo4 1 XF LU 2R X Rk AN, Jf
Jn T B4 4 A A8 4K (color saturation change, CSC) .
e BT G 55 1) BE e TN 25 TR 45 (HEVC screen
content compression, HEVC-SCC) F1 £} 5l (1) il {4, & {1k
X =R R HRAL

SIQAD i 4E 20 5K ZH KIS FI 980 5K 2K HL
FIG, 58 B il BE K298 600~900 4> pixel, X4k
EUGRIE TR 0T . L1477 Al 722k 55 . 8t
o7 ROARFIR R A SR | E TR 125
B . X BB JPEG R4 . JPGE2000 JR45 Fl5y
JEA 45

AR DR B A 2R RS, BB
SRR R IX SR BN R e e . AN, B BBk ]
REZ P AR R J7 In) ISR, JPEG Ml BB <3 7R
G AT AL S AR . I, ASCR T E) MTA-SCI
PRELT FrAE N ARG R AE , REAETE 4r b P4 ot
HEN AR R .

3.2 EMMERR

QR bR N ARG B PR SR s PR RE R, B4
B BT PRI A3 02 5 308 i o B e B
[l PR e 9 25 EUZ BT it PR Sk FH A = A PEREDE
MABPRUNTT FiR

B2 IR R 281 AH 2 R (Pearson linear correlation
coefficient, PLCC) T P¥Ali Bk 4 25 5 5 i PR 5
LRI AERR P, HIRETEEA-1~1. PLCC By

Z:mrm@—a

S

AP a TR b N A EUG BT T R 15 20 &0
BRI 480 b, T N TG 38500 20 s P
GBI @by 227 3 L o A 43 5O 0
R fa s ORI

Hr Bz R 2 BR T A O¢ R%L (Spearman rank order
correlation coefficient, SRCC) FH F PEA % WL i 43 4%
I OS5 B [ B, LB R Ry -1~1
SRCC M%7k

6 Zil (m;— ni)z

N(N?-1)
KA m FoR o s 0 308 b 9T

PLCC = (10)

SRCC=1- (11)

Y15 #1222 (Root mean squared error, RMSE)
TR R B0 0T A8 8] B4 X iR 22
RMSE (%t 3Rk =0k
ZZI (ai_bi)z (12)

N

W SRCC. PLCC Ay B A #& 5E 3 1, [A i
RMSE MYHUERR/INET, U] 9 25 UG % WL o e PP
R RE R AT
3.3 IWNERERESH

S BR BT G CE R S BN S frs, SER
Python 3.7.0 1 Pytorch-GPU 1.13.1, M4k, SCBeisfd
T HAT 64.0 GB A7 Intel Core i7-13700 CPU FlI
HA7 24.0 GB £ NVIDIA RTX 4090 GPU, 7E5E
g, EABURI RS E R 224x224, YIRS
IEAE R LIS E N 8 - 2, I R IR E T E N
13107, FEMHATLIR KL sh SR R, [
A fif F RMSE 1R A5 2k BB, A< SCH 9 MTA-SCI
MLZEAERINZE T 200 48, HHRKATFE 90,

A5 EReh IS E AL AK

Table 5 Environmental configuration and parameters of the

RMSE =

experiment
Parameter Value
Param count 307.94577 M
Compilation Python 3.7.0, Pytorch-GPU 1.13.1, and CUDA
Environment 11.3
CPU model Intel Core i7-13700
GPU model NVIDIA RTX 4090
Average time/epoch Ns

R T R INEEAR I AL, AR SCAE ZRa R i
T BhASKENLER B ik A BRSO A B
SRR AR R, (R E Rt B,
G AS R A9 36 B9 X 3 A 2] MTA-SCI A, WA
R TR AR AL, I HIS58 T MTA-SCI BRI
ZALRE 1. A, ARSCRA T ImageNet-21k 4
£ O SE R TIIZ50 VIT-B/8 BERIVE Ry SE il | 3%
BRI 2223 T AR R & WIS REIE . FTLL, TERR4E
WA UGB E BA B DB AE LT, RgigxA
SCHEH ) MTA-SCI W28 BEALIEA T 7853 A il 25

3.4 EMEREXTLL

A4y AE SCID % 45 . SIQAD % 4 L 5%
UE MTA-SCI [ EARPERE, @04 6 Fim. FE4 6,
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il FPRUARRIEE T ICS7% Bt A A UG S B A Sk o
RACEITER Fa bR . N 6 ATLLE H, A SCH 1K)
MTA-SCI 7£ SCID %4l 4 . SIQAD $u#lEE A R
U I

1 SCID ¥l 4E I, Hif 5S4EF RIS % bt
WA RGP Bk A, MTA-SCI B A L)
PEfRE, 5 EAY PLCC Ml SRCC 43 9] 5 35 0.9602
0.9609. H5&Z% N R G s M EEAMLT,
I3 PLCC il SRCC {UXFS AL T DAMC Hik,
] I3 PN AR K T ESIM 841 SR-CNN 2532
MTA-SCI 55 TF THRIUFHEM 2% ESIM JrikAH
I, H PLCC #1 SRCC 4rll#m 1 11.34% 1 13.26%.

1F SIQAD % #% 42 |, MTA-SCI#J PLCC HI

SRCC 43514 0.9233, 0.9294, ST 54EFERM LS
% it e N 2 R o = VA B AH L, MTA-SCI Y
PLCC {HHE# 25—, [RIFF L 7L SRCC {5 Zhang
200y SRCC fH R A fR/NK 221, X % MTA-SCI
BATR A 554 J1. MTA-SCI 55 T F T BURRAE
(%) ESIM J7 =4 1, H PLCC H1 SRCC 43 %il48 & 1
6.96% K1 5.76%.

7E SCID %44 #1 SIQAD %k 4 I+, MTA-SCI
) PLCC. SRCC F#ii R fH A8 fhth & an &l 6. 51 7
Jime WX Pisk R LAE H, BEE VIZRFE Ry 38,
PLCC il SRCC el infmta ThaE . MR
AR SCHE H ) MTA-SCT ARG 5 PP 15 53 1)
LRMEA DGRBS, T EL U AR 5 PR

/6 BERRBBGIREIRNIE AR

Table 6 Performance comparison of various screen content image quality assessment algorithms

SCID SIQAD

Type Method SRCC PLCC SRCC PLCC

MIC-CNN'™ - - 0.9636 0.9669

R ESIM®! 0.8478 0.8630 0.8632 0.8788

DAMC®"! 0.9617 0.9617 0.9304 0.9373

SR-CNN'™ 0.9400 0.9390 0.8943 0.9042

Yang et al.” 0.7562 0.7867 0.8543 0.8738

QODCNN™ 0.8760 0.8820 0.8890 0.9010

RIQA"™ - 0.9000 0.9110

Zhang et al."™ 0.9050 0.9133 0.9242 0.9260

BLIQUP-SCI™ - - 0.7990 0.7705

NR Yang et al.”! 0.7562 0.7867 0.8543 0.8738

SIQA-DF-II'" - - 0.8880 0.9000

Gao et al.™ 0.8569 0.8613 0.8962 0.9000

MTDL" - - 0.9233 0.9248

DFSS-IQA* 0.8146 0.8138 0.8820 0.8818

Zhang™”! 0.9445 0.9433 0.8640 0.8889

MTA-SCI 0.9602 0.9609 0.9233 0.9294

E 10 ) = - s ~—- aa n 0.16 - —— Loss
z'z e 014}
o ol ‘ o 0.12
9 S o0.10f

& 06 o

g osl g 0.08 |
4 ol Z 006f
: 0.04
031 —PLCC 0.02

0.2 ) . . . . . . . SRCIC 0 L . . . . . . . -

0 25 50 75 100 125 150 175 200
Epoch

0 25 50 75 100 125 150 175 200
Epoch

B 6 /£ SCID %3 % F13349 PLCC. SRCC A4 %1869 Zth£k. (a) PLCC. SRCC #E b, (b) 47 k8 4Y Elbth £
Fig. 6 Variation curves of PLCC, SRCC, and loss values obtained on the SCID dataset. (a) Variation curves of PLCC and SRCC; (b) Variation
curve of the loss value
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AR A B i — 2k . edh, MO
ATLE M, SREEE R PR, X3k
BH MTA-SCI B9 TN BE ) 7E 2 T 1 o

3.5 HETNLER
8 J7n TR A SCID b 2% [ gl 22ad
ARREEREMEG . Hh, 5] 8(a) E—sRZE

H 0_9_

0.8
0.7 -
0.6
0.5

SRCC/PLCC

0.4 r

0.3 —PLCC
——S8RCC

0-2 1 1 1 1 1 1 1 1 1
0 25 50 75 100 125 150 175 200

Epoch

WS EZEG, CRAEMEENRE, & 8(b).
8(c). 8(d) 4+ BB T %412 8(a) 4T A W FLHE JPEG
FE4RJE R B EG, HARBESEH S HIH 3, 4.5, X
FoRIRARR W IN . BE R BRI N, ER
A SO T AT R, PRI R A AT RT3 R 32 R S
BRI,

i A SCHE A MTA-SCI X 4] 8 1Y 2k B [E% 3

n 0.16

0.14
012
0.10
0.08
0.06
0.04
0.02

0 -I 1 1 1 1 1 1 1 1
0 25 50 75 100 125 150 175 200

— Loss

Loss

Epoch

B 7 7 SIQAD #k4% % E1F3)49 PLCC. SRCC #edf & {69 Tt 4. (a) PLCC. SRCC #) L1k ih £;
(b) # KAL) AL Bh 2%,
Fig. 7 Variation curves of PLCC, SRCC, and loss values obtained on the SIQAD dataset. (a) Variation curves of PLCC and SRCC;
(b) Variation curve of the loss value

SCI33_5_5.bmp

B8 XRAMEFZAZBMEESG. (@) 2% B4, (b)SCI33_5 3.bmp; (c)SCI33_5 4.bmp; (d) SCI33_5 5.bmp
Fig. 8 Distorted screen content image. (a) Reference image; (b) SCI33_5_3.bmp; (c) SCI33_5_4.bmp; (d) SCI33_5_5.bmp
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PP, REEUR A B a5 7 iR, M
FTATLVE Y, RRI EUR B HTAE S5 H MOS {7 HE
P EEA 80, X R AE A SCHRE Y MTA-SCI BE
A RO R R R B, IS5 AR W RIT
WA FF R — 2tk . s, SiE S I3 — k5
MOS {HZ BRI T & B e, LT
ASCHE ) MTA-SCI Ab B JG S 2 MG T AL AT 55
TR ERR I AR . B2, MTA-SCI AMUREEFE
TRV BE 4 2 A DL WER DAL EUS AR f, IR
BB b T AR 2 LR ) RS T it . X R T
W5 F P Z 8] ) — BRI MTA-SCI 7E 52 PR
FH i BAT 35 ) S Y (L

3.6 HELE
T BAEA SCHE A MTA-SCI A Rk, A SC
£ SCID $Hln g b HEAT T W5 43 ) Al S 36
FES— IR I RS, AR Gl AT LI
23 (8] 434 1 78 I AL SR e 1 3-8 AR X B R
AR AEXTFRGE UL G, NI A SR
() MTA-SCI HA S AR B R . AN 4 41 850t

BB SEIREE RN 8 rn. & 8 ATLIEH, M4
R k=4 I, BIERCR LS

F9RRT 6 IEBUZA A7 PLCC Fl SRCC 5§
br EERM, &L 9 nLIE N, Kernal=5. 13, 19 4
A HERE B, B UE 1A B A S B K/INAE MTA-
SCI M IE M /E M o [E B, o K& RS
Kernal=15. 23, 27) AJ fig RERSZ BF 520 K 2208 Jay i 4
W, SEEIEMERE TR

AN, TESS 2 TR AL SE g, SRR T AR SR
255 JR 1 B T LI (integrated local attention
mechanism, ILAM) 5 XUif 18 B 5 £ B (dual-channel
feature mapping module, DFM) AY43 &0PE, T ASEEG 1Y
GEIRANE 10 FiR e FE5E 1L ANS2h, T 2R Efe
5 E]HY PLCC Fl SRCC 43714 0.8792, 0.8651. 7F
B2 AN, R T ORGE T A e, A5 B
PLCC Fil SRCC 435l 4 0.8832. 0.8796., 53 ifida
FHEL PLCC i1 SRCC 438 T 0.5% M 1.7%. T
U T WS A5 5 T R R E S AR AR
BEUR G 250, TR Rl S IR 25 SR IR T s B g

(7 R ABBGTN %

Table 7 Predicted scores of the distorted screen content images

Image ID Prediction value MOS Normalized MOS
SCI33_5_3.bmp 0.1067 36.7569 0.2711
SCI33_5_4.bmp 0.0653 25.4741 0.0619
SCI33_5_5.bmp 0.0658 25.6376 0.0650

2.8 KR #HtaskEst MTA-SCI 45698 %

Table 8 Impact of different numbers of groups on the MTA-SCI performance

Group count PLCC SRCC
k=2 0.9471 0.9520
k=3 0.9591 0.9587
k=4 0.9602 0.9609
k=5 0.9572 0.9487

A9 TR AEATAREARIZLEAT MTA-SCI M6 = £ 69 %R

Table 9 Impact of different asymmetric convolution kernel combinations on the performance of the MTA-SCI

Kernel combination PLCC SRCC
Kernal=3, 15, 19 0.9568 0.9585
Kernal=5, 7, 9 0.9569 0.9584
Kernal=5, 13, 19 0.9602 0.9609
Kernal=7, 11, 21 0.9575 0.9563
Kernal=9, 17, 25 0.9581 0.9589
Kernal=15, 23, 27 0.8967 0.9005
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N0 HFERFER A4 B E ARSI A R E E TR ML 0 F 0

Table 10 Impact of ILAM, DFM, and residual connection on the algorithm performance

No. ILAM DFM RC PLCC SRCC
1 x x x 0.8792 0.8651
2 x \ x 0.8832 0.8796
3 J x x 0.9481 0.9508
4 \ x 0.9571 0.9592
5 \ J 0.9602 0.9609

R R T X e N A UGS B AR RS FE . FE5R 3
A, R LA R EE AL, 14580
PLCC F1 SRCC %3511 9 0.9481, 0.9508, 5 yfida
FHLE, PLCC Hl SRCC 435l T 7.8% H19.9%. H
FLEA R AL ARG o B N AR U R s
BIRIERES), BIHm IS5 R EHIE T 456 RifE R
TP RESR M AR . 265 4 D ScEerh, Rl
ZEA TR T T ML AT BUAE T e B A e, 5 B
PLCC Al SRCC 43 %4 0.9571, 0.9592., 5y vk
FH H, PLCC Hil SRCC 43 5l $2 71 T 8.9% F1 10.9%.
FEER S AL, FEFEME LS iy St T R i 28
Je FB B ML OO T B S e RN B 22 i
(residual connection, RC) 15 24 SCHE H () MTA-SCI £
A RIS R PLCC A1 SRCC LY 3 W 25 43 1] 12
BT 9.2% M 11.1%.

4 % B

FT NIR Z G AREE , A SCH T —Fh 5k
T 255 AL R TC S 7% B N A R B DA
Ak AR TEA RERERE IS, Bl
Sy IR X PR R LRI AR — 7
T, L5 Rt s AL o 2 8] 43 2H AL
FRASCHE 1 MTA-SCI REE7E Ja 5 DX I 9 il 2 21 o
Rz EE R S—, AL AR FRAE R
HEE PR £ i TR N A G h 2 RS R
MRS, FRD 1AL 1 SR A Y X PE A
AR AR . AN, MTA-SCI ) XU 8
TIER SIS, i FHAT A AR5 BN R A5 38 R
BUE T7ik . SEEREs R, MTA-SCI 7 Fuill o4 6
AR T EA B . MTA-SCLRAEAE LR P Ry BR
D) ZFIEMHE T VIT BAL, AR N A7 F 3T
REJIMT KI5 2) TERAF A SRR IE A2 Ry
FRIERRLG T b, T st — L& 2 Rl e
BLl

Jit- e N2 RGBT VAN AR AT T AE AT A 7
AT H—, 454 VIT 5 CNN B9E3CY, 1aem 4
SRR S R S A Ay H T, P TR
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BRG] XA R BB A PR R Ay SR i
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Multi-task attention mechanism based no
reference quality assessment algorithm for
screen content images

Zhou Ziyi, Dong Wu', Lu Likun, Ma Qian, Hou Guopeng, Zhang Erqing

g
g
i
§
£
£

T Ll Rem=ws

Network structure of MTA-SCI

Overview: The previous screen content image quality assessment algorithms failed to fully consider the multi-level
visual perception characteristics of the human eye. To address this limitation, we propose a multi-task attention
mechanism-based no-reference quality assessment algorithm for screen content images (MTA-SCI), which better
simulates human visual perception. The MTA-SCI combined the advantages of both global and local features of SCIs,
enabling it to capture the overall structure while focusing on visually significant details. This approach significantly
enhanced the SCI quality evaluation capability. Specifically, the MTA-SCI employed a self-attention mechanism to
extract global features, improving the representation of overall information in SCIs. Subsequently, it utilized an
integrated local attention mechanism to extract local features, allowing the algorithm to focus on more salient and
attention-grabbing details in the images and suppressing channels containing background texture noise, reducing the
impact of background texture noise on image quality assessment. The integrated local attention mechanism consists of
the group-wise attention mechanism with spatial shifts and asymmetric convolutional channel attention mechanism. In
the MTA-SCI algorithm, they perform different tasks, working together to improve the performance of screen content
image quality assessment. Finally, a dual-channel feature mapping module is adopted to predict SCI quality scores. In
the first channel, it predicted the quality score of image patches; in the second channel, it predicted the saliency weights
of the image patches. The dual-channel feature mapping module effectively quantifies the importance of different image
patches within the overall image, making the predictions more aligned with subjective human assessments. Experiments
on the SCID dataset demonstrate that the proposed MTA-SCI achieves a Spearman’s rank-order correlation coefficient
(SROCC) of 0.9563 and a Pearson linear correlation coefficient (PLCC) of 0.9575. On the SIQAD dataset, it achieves an
SROCC of 0.9274 and a PLCC of 0.9171. Overall, the multi-task attention mechanism consists of three components:
multi-head self-attention mechanism, group-wise attention mechanism with spatial shifts, and asymmetric
convolutional channel attention mechanism. These three attention mechanisms perform different tasks in the proposed
MTA-SCI algorithm, working together to improve the performance of screen content image quality assessment. By
integrating self-attention for global feature extraction, integrated local attention for detail refinement, and a dual-
channel feature mapping module for prediction, MTA-SCI effectively captures the complex perceptual characteristics of
the human visual system. The high performance achieved on benchmark datasets validates its accuracy and reliability,
making it a promising solution for future applications in screen content image quality.
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