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No-Reference Video Quality Assessment Method

Based on Background Distortions
Zhu Wenjia'*,Zhang Ting’, Cheng Rugiu®,Yu Ye’

(1.Anhui Baichenghuitong Technology Co.,Ltd.,Hefei 230001, China)
(2.School of Computer and Information, Hefei University of Technology, Hefei 230000, China)

Abstract:Due to the existence of various unknown distortion types and the lack of reference videos, it is a very
challenging task to evaluate the quality of such videos. In recent years, researchers have integrated the transcendental
knowledge of human visual system into the task of quality evaluation. On this basis, a non-reference video quality
assessment( VQA ) method considering background distortion is proposed. This method not only considers the video
content, but also significantly enhances the sensitivity to the information loss in the video background,and fully considers
the extraction of background features in the feature extraction stage. Then,by introducing the channel mining technology
combined with gating mechanism, the high and low dimensional features are efficiently integrated, so that the feature
channels can focus on the details of background distortion more accurately. Finally,the time dimension model of features
is constructed by using the time series modeling module, and the objective quantitative score of video quality is generated
by linear regression method. The evaluation indexes such as SROC( Spearman rank order correlation coefficient) , PLCC
(Pearson linear correlation coefficient) and RMSE ( root mean squared error) are used to carried out experiments on
KoNViD-1k, LIVE-Qualcomm and CVD2014 datasets. The results show that this method not only has a high correlation
with human subjective perception, but also has a small prediction error, which effectively improves the accuracy and
reliability of VQA and can more closely simulate human visual evaluation of video quality.

Key words: video quality assessment ( VQA ) , no-reference, background distortion, channel mining mechanism, time

series modeling

Y75 B A . 2024-07-22.
BEETH 288 BRBFEIEA %I H (2308085MF216) % AR # R4 %8I H (62372153).
BRSSO, WL, TR, 5T 05 1] THRHULAE S BE A 5 A M, W1, W02, R O o TS B8 AT 1 15 46 5 B W1 Jt

PP E-mail ; yuye@ hfut.edu.cn

— 102 —



R, 45 75 1B R B TS 5 U B RTAN J5 ik

G I3t DAY (Image/ Video Quality Accessment, IQA/VQA) /E AT E NI ) AT 552 — 7
PATUE AR Tl A S B 7 SR A U B 53 iz i T, B B S i A .

Z I FIRIPAG S R WA 25 7E VQA v S HR A0 s R R N A5 A R 6 T &9l R
WA b 2 1 WAz 22 5. BRI, ST £ TR0 VOA AR 01 558 SR FH 3L T TmageNet 45 KB A 4 42 Fi I
SRR TR 22 ) 4% ( convolutional neural networks, CNN) A 8Y  DIHRE H AR )35 SCRFAE , 38 3o A5 $2 BRI 43
B, S IR RLAR 5 2 A ROPE A . 7R R AR B AR 5T R E L AR Bl 1 () iR, BAR(E &
B 5 TR AR T AU R IR | ) R B AL

ORI TR E S St I ] 4 s R orp 8
BRIV A A o S 2. Wk s e
AL AR B 1575 505 BAEPEAS th iy B

220/ FE R RSN

RO e IS e - Y ] L —
SRR, G A 1 AR 2 575 B SR B 36 '

GEAg (a) RIATHAF B (b) P SEE AR
LR

RIPILISR , DO S A S BB £ 2 P A9 B 1 ERHRPHBORARE
ﬁﬁ ﬁ @,, T:E*J[E }/F)ﬁ ALI‘IE ’EE % EP ,JI%L, %)j‘E ijl %,{ ’fJC fEl Tﬂ—: *Jrl].; Fig.1 Video screenshots taken in ordinary life

W T PP U, T SR R AT R A R A TR AN W] R SR SCHRL 7 ] L BT X MR B A R R
B PO AT T HEAT T 28, A 5 AR M SR B SCRR[ 8 ] ol i 4RI S 3 W R R AR R B, 4
FILEAE B AN EGR RPN 32 SCRR[ 9 ] P I 25 SEAN[R) 5 J3E 7 S0 IR R i), BRIV 58 BEAE 5 2
JO7” AT T JEE S i ) PR 5 VP A .

B E I 25 0 28 AR Ak S HCh T REZ L 552k O s, AT 17— R 9 525, SR Tl e M
ST s AR TR AR (AnT&] 2 BT7R ) , 4545 Grad _CAM "' H R AT RAL AR IER T . SE9 45 0 R | 45
TEAL BRSO A DU, R RER AR T2 80, S A i 5| 5 0 A B35 A7 HUER MR F) i e OB, LA
FEFNFR I SR L (A8 T R AT A ) Sy T RAT B

(a) 2R AL (b) FEH AL ]

2 KEMSMEERAE

Fig. 2 Distorted video frames and their heat maps
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Fig. 3 The overall network structure diagram
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Table 1 Configuration of channel parameters in convolution layer of CMM

Params Subl Sub2 Sl.lb3 Sub4 Params Subl Sub2 Sub; Sub4
C 1 In channel 4 096 1 024 256 64 Conv2 In channel 4 096 1 024 256 64
o Out channel 1024 256 64 16 o Out channel 512 128 32 8
Con In channel 4 096 1024 256 64 Comd In channel 1792 448 112 28
onv Out channel 256 64 16 4 onv Out channel 1024 256 64 16
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(1) Intel i7-8700K AbFH &S,

(2)NVIDIA GTX 2080 Ti %+ (11GB 2A47) ;

(3)32GB WA

BATS BESCHR[ 4] 097 205 i AR e rh b AL B4 B B S50, SR FHBEDILES B2 1 Bk, I IR 27 ) %
WHE A 0.0001, H-#E47 T 53 2000 YR, R E AL BRGHER KN E N 16.
3.1.2 Sk

S AR A BE 5 8 KonViD-1k' | LIVE-Qualcomm! Fl CVD2014"%* . KonViD-1k Hy BEHTHH 2% K
SEWFFE R A SRR A sl 4R T sl 1200 SRS, A0 T 4 A SRR ELELSE ; CVD2014
EAE T —EM G R R A B R ; LIVE-Qualcomm D)2 H 28 E AR v R s B VT i 4
SR T 2525 % ( Laboratory for Image & Video Engineering) H#:57. £ 5 T 208 /N2 ELALA. £ 5 19 1:40
5 EANER 2 Fis.

R2 VQABIREHAER
Table 2 The details of VQA datasets

Bt KR KEMB  GRWER RERER REH Uig NS VA IES Wi (FPS)

LIVE Qual  SZEE 208 54 8 6 0-100 15s 1920x1080 /
CVD2014 P 234 5 78 / 0-100 10 s-25 s 1 280720 11-31
KoNViD-1k A, 1200 1 200 >164 / 0-5 8s 960x540 24/30

ST A RO B UE 45 B NR-VQA J5 2, FATTEE$: T VSFA' | VBLINDS'*/ | VIDEO'* |
BRISQUE'’ . CORNIA"™* [ QSA-VQM'™ MDFFN" FI NIQE"™' X 7 A~ T3 % WM J7 ik, DL EAT X% He 4y
Br. Jor VSFA Jy B AR T CNN AT 3 SR o i A T PP A 7 k.

3.1.3  KEIEAR

AGE ST R B SE 50 48 B o8 3 B2 R = Bk A & &R 2 (spearman rank order correlation coefficient
SROCC) .18 /K & #H ¢ £ % ( Kendall rank order correlation coefficient, KROCC ) . J7 /K #b & 1 #H 5 Z %%
(Pearson linear correlation coefficient, PLCC) F1¥J /7 H2 122% (root mean squared error, RMSE ).
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3.2 LIOERE

TES TR 4 KoNViD-1k \LIVE-Qualcomm F1 CVD2014 [P RESZEy SR 3:1:1 BYBCHE , HIlZ: Bk
AL = F oy JCE E. FEALII 43 T 585 B8 i 4 i A A b U 24 sl a4 | 5% S R0UR. R,
AR SR FHBEHLRI 310 71 B 10 WP 3E N e e 255, A/ i 25

M3 FIF 4 hATLIE T, SE TS 7R NR-VQA BRI L A SO vE7E 3 N 4E ERgPERER
FHRTE. 05T UL TR 2% 2 19 NR-VQA BAI VSFA MDFFN il QSA-VQM A H , A 37 325 (1) #4454

AR
%3 KonViD-1k #1 CVD2014 ##E %t RE &k Ayl aE
Table 3 Performance of different algorithms on KoNViD-1k and CVD2014 datasets
KoNViD-1k CVD2014
SROCC 1 KROCC 1 PLCC T RMSE | SROCC 1 KROCC T PLCC T RMSE |
BRISQUE!™)  0.654(+0.042) 0.473(£0.034) 0.626(+0.041) 0.507(£0.031) 0.709(+0.067) 0.518(x0.060) 0.715(+0.048) 15.197(=1.325)
NIQE? 0.544(+0.040) 0.379(£0.029) 0.546(+0.038) 0.536(+0.010) 0.489(+0.091) 0.358(+£0.064) 0.593(+0.065) 17.168( +1.138)
CORNIAL'S!  0.610(£0.034) 0.436(+0.029) 0.608(0.032) 0.509(+0.014)  0.614(0.075) 0.441(0.058) 0.618(=0.079) 16.871(=1.200)
VIDEO!'4! 0.298(+0.052) 0.207(+0.035) 0.303(%0.049) 0.610(+0.012) 0.023(£0.122.) 0.021(+0.081) -0.025(+0.144) 21.822(+1.152)
VBLINDS! 2] 0.695(0.024) 0.509(=0.020) 0.658(=0.025) 0.483(=0.011) 0.746(=0.056) 0.562(=0.057) 0.753(£0.053) 14.292(£1.413)
MDFFNL8] 0.789 / 0.788 / 0.847 / 0.849 /
QSA—VQM[ 17] 0.810 / 0.810 0.391 0.861 / 0.870 11.030
VSFAL4] 0.773(+0.019) 0.578(£0.023) 0.775(£0.020) 0.421(+0.021) 0.870(+0.037) 0.695(+0.046) 0.868(+0.031) 10.857(+1.352)
Ours 0.804(+0.030) 0.612(£0.029) 0.812(£0.033) 0.451(+0.030) 0.880(+0.024) 0.701(+0.041) 0.872(£0.027) 11.543(£1.123)

T TIRRMEBK TR SRR, | AR MR BN SR AUE ML T PSR B HEACR IR R4 FoR AR

& 4 LIVE-Qualcomm #IF&E 52 A FEE L ARE LR ERE

Table 4 Overall performance and performance of different algorithms on LIVE-Qualcomm dataset

LIVE-Qualcomm

Overall Performance

ik SrRocC 1 KROCC T PLCC T RMSE | SROCC 1 KROCC 1 PLCC T RMSE |
BRISQUE[™]  0.504(£0.147) 0.365(+0.111) 0.516(0.127) 10.731(£1.335) 0.643(£0.059) 0.465(£0.047) 0.625(+0.053) 3.895(+0.380)
NIQE(?! 0.463(+0.105) 0.328(+0.088) 0.464(+0.136) 10.858(+1.013) 0.526(+0.105) 0.369(=0.041) 0.542(+0.054) 4.214(+0.323)
CORNIA['S)  0.460(+0.130) 0.324(+0.104) 0.494(£0.133) 10.759(£0.939) 0.591(0.052) 0.423(+0.043) 0.595(+0.051) 4.139(+0.300)
VIDEO['3] 0.127(£0.137) 0.082(+0.099) -0.001(+0.106) 12.308( +0.881) 0.237(+0.073) 0.164(+0.050) 0.218(+0.070) 5.115(+0.285)
VBLINDS[ 2 0.566(£0.078) 0.405(0.074) 0.568(+0.089) 10.760(+1.231) 0.686(+0.035) 0.503(£0.032) 0.660( +0.037) 3.753(+0.365)
MDFFNL#] 0.807 0.823 0.814 0.820
QSA-VQM[!™! 0.740 0.770 7.930 0.803 0.816 6.450
VSFA[4] 0.745(+0.037) 0.559(+0.046) 0.748(+0.031) 8.542(+1.352) 0.771(£0.028) 0.582(£0.029) 0.762(0.031) 3.704(+0.448)

Ours 0.763(£0.033) 0.587(+0.042) 0.752(0.037) 8.482(=1.245) 0.815(%0.029) 0.633(+0.056) 0.811(+0.032) 8.482(+0.799)

FEVHAR S PERERS , FATTIAEE H] CVD2014 $di4E 1A I (0, 3759 25 T A A A& v,
7 KoNViD-1k 3R FL482 —. SR, 4T %T LIVE-Qualcomm $HEAENT | b T84 & Zu bk 540 T &
EMERE B T — SRR NI, FRIHEE T KoNViD-1k 7K. AT & B, CVD2014 $i4E 4 19 RMSE {4
& KoNViD-1k fPf% , iX T2 th T HAdE RN, 85 FERA UG S o0 T siiR 2. M2 T,
LIVE-Qualcomm U4 1 P 28T R B 2% , AT AR BB AL RS, T 235 SR s b AN .

JUE NG, FEPT BRSS9k R A AT SR DR AR5 7 1 7K, AL B ek 56 2 %) T 0 b A > . A
5 VSFA Bk iy e AT R BUA SCHR H B 07 W 7E 3 B AE B R SR RMSE (RS & X 82 i
PR AR T T I B (IS BUZ OB N I 1T B () S B0 | AR R e DI Ghad 72 o DL 5E 42
LA, NI F B S5 MOS {H2Z [ AR 2208 K. i (EARFE R A S, Hoflh = 0UAH SC PR P8 AR 4R s
AT BRI B KA A S UL e

e, FRATTHE AR SCHRE s A B AR X 3 A Bl 4 v 0 A R A 1 T, 25 SR Aan i 7 R, 5 sciEk
[ 47 AJriA L, FRATT AR AR F0 f) 55 £ 3 5 Bz MOS (B, 3% i — 25 B8IE T 4878 (1) 5 3Pk
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Fig.7 The predicted score and MOS of our model and VSFA
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Fig.8 The predicted scores of our method on traffic monitoring videos
%5 KoNViD-1k b EI#5R L1 4 Ak
Table 5 Performance of different modules on KoNViD-1k dataset

FEM CAM TSMM SROCC T KROCC 1 PLCC T RMSE |
0.773 0.578 0.775 0.421
vV 0.798 0.601 0.798 0.401
Vv 0.801 0.610 0.803 0.616
Vv 0.788 0.591 0.791 0.409
2 Vv 0.795 0.604 0.808 0.381
vV VvV 0.799 0.607 0.795 0.424
Vv Vv 0.794 0.603 0.806 0.474
Vv VvV Vv 0.804 0.612 0.812 0.451

NEART | TRl 3 AR 45 0 4 X6F 7 58 53, REAR e B e B N O PEREAS /2. 7R 3 sk
FLFEVEFHT , KoNViD-1k £l 4E A9 SROCC 1 PLCC Y47+ % 0.8 LI |, KROCC i£%] 0.6 D) F. RAEHT5
HRIRZEAH LG VSFA A BT (HLER EAORREAE— A B A iR 22 KT

R T BUERRIE T E AL ResBlock1 .23 Fil 4 FYRFIEZH 502 5 A3 880, AT AT T 30k, AU fff
T 8B FE S B PR 5 AN R ResBlock 214 AUAFIESEA 75256, SL00 Fe 2445 R NEE 6 T/, ResBlock1 Fl
2 HAMFFIES ResBlockd Fl AYE SCRFEAH EL , HAE SROCC %5 ULAH SC A8 b #0A F0 R T 8, 3K 1dd
W1 T e )= B8 SCRAEFE R BT 5 DA A1 55 AT 9K -+ 2r FL L. 1K ResBlockl F1 3 43511 5 4 #4740 5 J5 A1
LT 4 BARA TR ABAEIA ResBlockz i R IE JE B IR PR RE AT T /MR AL T, IR AT ResBlock2
SF T 50k EURRE R BN 52 3% . F 5 P44 ResBlock1 PEREANA B 2 7. % T ResBlock1 H#iF 8 i
BN AU 32, BRI AN Ai‘bniﬁcﬂﬁﬁ%@ ARl R PERR R T, B A A ST T ResBlock1.,2.3 Al
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Table 6 Performance of fusing features from different ResBlocks

Module SROCC KROCC PLCC RMSE Module SROCC KROCC PLCC RMSE
ResBlock 4 0.794 0.603 0.806 0.474 ResBlock 1,2 and 4 0.798 0.605 0.809 0.482
ResBlock 1 and 2 0.771 0.572 0.775 0.503 ResBlock 2,3 and 4 0.802 0.608 0.809 0.454
ResBlock 1 and 4 0.787 0.595 0.798 0.473 ResBlock 1,2,3 and 4 0.804 0.612 0.812 0.451
ResBlock 3 and 4 0.792 0.599 0.803 0.465

BEAR SR EIE TN 2 S5 e 7E KoNViD-1k B4 I FF RS0 K M3 TC ResNet50 28 [ 1
1 TINGAT 5. W% 7 s, L2 SRR KoNViD-1k $da 8 1)1 2G4 THE 2 B8R 45 L agtERE | (HAE
HADEEEE RSO E S F . 17 ImageNet SIS 3 N EiE 4 DEREIIAE. g Ryl | miil

SRACR SRR SR LA ImageNet TN 2 S B0E H vk T4, TN 28, BOBAR SCR .
®7 FEHEELRERISSHIRUR

Table 7 Performance of different pretraining parameters on different datasets

Module Network parameter SROCC KROCC PLCC RMSE

. KoNViD Pretrained 0.813 0.631 0.823 0.391

KoNViD-1k ImageNet Pretrained 0.804 0.612 0.812 0.451
o

CVD2014 KoNViD lrelrallned 0.851 0.653 0.860 15.423

ImageNet Pretrained 0.880 0.701 0.879 11.543

LIVE-Quale KoNViD Pretrained 0.751 0.563 0.726 10.122

“enaicomm ImageNet Pretrained 0.763 0.587 0.752 8.482

4 g
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