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A Survey of Vision-based Motion Quality Assessment

SHEN Yuan-Yuan' ZHANG Yan-Ming® SHEN Yan-Fei'

Abstract Vision-based motion quality assessment utilizes computer vision techniques to analyze the quality of indi-
vidual movement behavior automatically and provide the corresponding assessments of movement quality. It has
gradually become the hot issue at the intersection of the sport science and artificial intelligence, and has widely used
in the fields of sporting events, athlete selection, fitness and rehabilitation. This article conducts a retrospective ana-
lysis of the involved technologies from three aspects: Data acquisition and annotation, motion feature representa-
tion, and motion quality assessment. It categorizes and compares various mainstream methods on three datasets:
AQA-7, JIGSAWS, and EPIC-Skills 2018. Finally, potential future research directions are discussed.
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Table 1

Main tasks and existing challenges in different stages of vision-based motion quality assessment
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Table 2  Brief overview of mainstream motion quality assessment dataset
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Fig.2 A CNN framework for motion quality assessment
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Fig.3  The schematic diagram of human skeleton
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Table 3

Advantage and disadvantage comparison for two types of motion feature methods
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Table 4

Advantage and disadvantage comparison for RGB-based deep motion feature methods
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Table 5 Advantage and disadvantage comparison for skeleton-based deep motion feature methods
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Fig.4  The method based on sorting prediction
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Table 6 Performance comparison of different methods on sports scoring dataset AQA-7

JiiE Diving  Gym Vault Skiing Snowboard ~ Sync. 3m  Sync. 10m  AQA-7 1RG5 /IRE RFFM
Pose+DCT+SVR® 0.5300 0.1000 — — — — — 1£45; 2014
C3D+SVR™ 0.7902 0.6824 0.5209 0.4006 0.5937 0.9120 0.6937 R 2017
C3D+LSTMP 0.6047 0.5636 0.4593 0.5029 0.7912 0.6927 0.6165 IR 2017
Li 21 0.8009 0.7028 — — — — — R 2018
S3D! — 0.8600 — — — — — WE 2018
All-action C3D+LSTM® 0.6177 0.6746 0.4955 0.3648 0.8410 0.7343 0.6478 IR 2019
C3D-AVG-MTLE 0.8808 — — — — — — REE 2019
JRG!! 0.7630 0.7358 0.6006 0.5405 0.9013 0.9254 0.7849 R 2019
USDL!" 0.8099 0.7570 0.6538 0.7109 0.9166 0.8878 0.8102 IR 2020
ATME 0.7419 0.7296 0.5890 0.4960 0.9298 0.904 3 0.7789 R 2020
DML 0.6900 0.4400 — — — — — WE 2021
CoRel® 0.8824 0.7746 0.7115 0.6624 0.9442 0.9078 0.8401 IR 2021
Lei 25 0.8649 0.7858 — — — — — REE 2021
EAGLE-EYE™ 0.8331 0.7411 0.6635 0.6447 0.9143 0.9158 0.8140 R 2021
TSA-Net? 0.8379 0.8004 0.6657 0.6962 0.9493 0.9334 0.8476 IR 2021
Adaptive! 0.8306 0.7593 0.7208 0.6940 0.9588 0.9298 0.8500 R 2022
PCLN®Y 0.8697 0.8759 0.7754 0.5778 0.9629 0.9541 0.8795 R 2022
TPT™ 0.8969 0.804 3 0.7336 0.696 5 0.9456 0.9545 0.8715 b3ic 2022
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(TSN) MALSI H A ERHE, FRBCE 0-1 HE 74t
JFARAL L B AR H b ek 3, s & AEDTME S5
SREBHE 7 HER 2 20 0 R 71.5% « 70.2%  83.2%
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Table 7 Performance comparison of different methods on JIGSAWS
3 ¥ 7 AN T HefgKP B RVAL S i o S e > 7
Tk HARES PR T PN AR PfERE - SU KT NP REEMR
LOSO Accuracy  0.897 — 0.821 2018
k-NNI FIERHL GRS [LES
LOUO Accuracy  0.719 — 0.729 2018
X LOSO Accuracy  0.899 — 0.823 2018
LR™ BIERHE GRS GBS
LOUO Accuracy  0.744 — 0.702 2018
LOSO Accuracy  0.754 — 0.754 2018
SvMt EIERFAE GRS (GBS
LOUO Accuracy  0.798 — 0.779 2018
) LOSO Accuracy  0.990  0.996  0.999 2018
SMTH FEEHE  Self-proclaimed =2
LOUO Accuracy  0.353  0.323  0.571 2018
LOSO Accuracy 1.000 0.997  0.999 2018
DCTY HERFE  Self-proclaimed =k
LOUO Accuracy  0.647 0.548  0.357 2018
LOSO Accuracy  1.000 0.999 0.999 2018
DFT!MY EYERHE  Self-proclaimed =2
LOUO Accuracy 0.647  0.516  0.464 2018
LOSO Accuracy  1.000  0.999  1.000 2018
ApEn" ESFE  Self-proclaimed =3
LOUO Accuracy  0.882 0.774  0.857 2018
CNNU2 SHERFE  Self-proclaimed =% LOSO Accuracy  0.934  0.898  0.849 2018
CNN{e EFRFME GRS =% LOSO Accuracy  0.925  0.954  0.913 2018
) Micro F1 1.000  0.921 1.000 2018
CNN!107 EYERHE  Self-proclaimed =2 LOSO
Macro F1 1.000  0.932 1.000 2018
Micro F1 0.897  0.611 0.963 2018
Forestier 1 ENTERHE GRS =3 LOSO
Macro F1 ~ 0.867 0.533  0.958 2018
LOSO SRC 0.680  0.640 0.570 2018
S3DM WA E s GRS =k
LOUO SRC 0.030  0.140  0.350 2018
Micro F1 1.000 0.921 1.000 2019
FCNMI EMERFAE  Self-proclaimed =2 LOSO
Macro F1 1.000  0.932 1.000 2019
3D ConvNet (RGB)"  M#¥#E  Self-proclaimed =2 LOSO Accuracy  1.000 0.958  0.964 2019
3D ConvNet (OF)™ MAEE  Self-proclaimed =2 LOSO Accuracy  1.000  0.951  1.000 2019
JRGM P E R GRS =% LOUO SRC 0.350  0.190  0.670 2019
USDL! FATH GRS =% 4-fold cross validation SRC 0.710  0.710  0.690 2020
MIEAR .
AIMPY = K GRS = LOUO SRC 0.450  0.610  0.340 2020
AEHHE *
) LOSO SRC 0.790 0.630  0.730 2020
MTL-VF (ResNet)"®  W4i%E GRS =2
LOUO SRC 0.680  0.720  0.480 2020
) LOSO SRC 0.770  0.890  0.750 2020
MTL-VF (C3D)"™ ¥R GRS =3
LOUO SRC 0.690  0.830  0.860 2020
CoRe® AR GRS =% 4-fold cross validation SRC 0.840 0.860  0.860 2021
S, eI, 4
VTPE Tﬁl*ﬁﬂlﬁl%& GRS —3 LOUO SRC 0.450  0.590  0.650 2021
BFRHAE 4-fold cross validation SRC 0830 0.820 0.760 2021
LOSO SRC 0.840 0.920 0.930 2022
ViSAL A ARBAE GRS =3 LOUO SRC 0.720  0.760  0.900 2022
4-fold cross validation SRC 0.790  0.840 0.860 2022
s R o LOUO SRC  0.600 0.690 0.660 2023
Gao FF o GRS =R
BERHE 4-fold cross validation SRC 0.830  0.950 0.830 2023
X LOSO SRC 0.860  0.890  0.710 2023
Contra-Sformer!"”” ke GRS =2k
LOUO SRC 0.650  0.690 0.710 2023
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Table 8 Performance comparison of different methods on EPIC-Skills 2018
VikiS Chopstick-Using Surgery Drawing Rough-Rolling RFFAN
Siamese TSN with L,.qnz3 ?! 71.5% 70.2% 83.2% 79.4% 2018
Rank-aware Attention 84.7% 68.5% 82.3% 86.9% 2019
RNN-based Spatial Attention™! 85.5% 73.1% 85.3% 82.7% 2019
Adaptivel 87.7% 71.9% 88.2% 88.5% 2021

TR W BN & VR 7 VA AR REAT T 4 T A
FEAIER T T B SR S ERHIER IR DL B
R E VT = AP R R R BAR DT, FEE AQA-T.
JIGSAWS. EPIC-Skills 2018 =/M¥di4% Fit4ay
BT AR 532 g 1 e 38 3L mi 3 e &5 R Bl i, wT DU
BRI T/EEESMERETFM AR T H A IE T
— e AR AR, YRR B R A AR
Ib, MAFTEVE 2 ER RN R BB N 25, 8tk
AIRERIR A LA 28 A KT B B 78 3 s AT
CLHA J5 12 S0 25 3 0 A o s P B gk — 2D i 9.

1) B3 I I 4

Bl A RS 22 ST HR B A B A f2 ) 28 T4 Bk 3
()77 1 LA E s A & PEAE 25 R B H BORTE
77, BAR R RIARL ., 22 B PR FAR SR M ) T B 3 1
BOCHEE. IRk, BARCAE KA T AL AT EHE
EH T ME R &AL S 5L, (HAH B AN SRR
PSR e, A1 7% B B 5 A TF B 4, DA
BEZAE A — 0 R . A, —NEEE LA
RSN AE ot 2 VP4 B0 45 BE 0% B (7 A 400 B 5
TEOL, TN 51 4 i 5 HL Bk 12 1 ) . SR, TR
A VAT ENAE 2 VAN 8 5 A BT B 18
Yy, HBWRE RN, TR, B 54 B sh 75 i &
PR R FH A (W56 154 F B0 i B B R A 1)
g — N KA B AR ot 2 VRO B PR AR B L L
R R N A S 2 R0 s E 123
Y 535, 3 HAHE SRR IR 118 3 MEEL
P&, Befe AT IR, B s AN elodk A 18 1 sh 4 B = 0T
Wi, ITHES Z A ) & e . fEER et g ik
e, & RKARiE R AER A — St 2 e E B @
WG OUR, MR IEAE B T E VRO B T
RVME, BE TH RN 12 3R 2 55 I8
Tl KiK.

2) S L KR R IR R 2]

AR B TR 1% 3 — AR ZR W] 5 4 ) A 40
BN, SRR PEANAT 55 AR 5 s s R, S
PRSERE A R B B R E VR, AESNERHIE R R
i, Inse 51232, s ahish ., 188 SR %
FEARACUL, W12 Bl AH DA R IR RN B B s
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B, S FEE AT L 5 R 2 5 U f AR AL
FLRRRG 5 SRR, LB 1 L0 Rl 5 5 4 B
5 B R A A 15

3) I b 5 3 R

B 25 5 2 46 00 SR B RS D 8, S
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5 8 BB SR R I R, 5 B AT TAE 2 1 i A
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