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Volleyball group behavior recognition method considering causality

Wan Ning Zhang Meizhu

(Department of Physical Education, China Pharmaceutical University, Nanjing 210000, China)

Abstract: Considering the characteristics of the interaction in the current volleyball group behavior recognition
methods, such as directed, delay and subject to spatio-temporal constraints, this paper proposes a volleyball group
behavior recognition method considering multi-scale spatio-temporal causal features. Firstly, the causal relationship of
behavior interaction was analyzed and judged based on the causal detection model. Secondly. based on the temporal
causality diagram reasoning model, the temporal causal features in crowd behavior were extracted to reduce the error
caused by the delay pair feature fusion process. Then, the distance and appearance constraints are introduced into the
temporal causal features to extract the multi-scale spatio-temporal causal features of crowd behavior. Finally, the
effectiveness of the proposed algorithm is verified by public datasets and self-selected datasets, and the importance of
the modules in the recognition framework is verified by fusion and comparison experiments. The experimental results
show that the proposed model can give full play to the advantages of multi-scale spatio-temporal causal maps in
describing group interaction, and the extracted multi-scale spatio-temporal causal feature maps can effectively learn the
characteristics of crowd behavior. It can improve the performance of volleyball group behavior recognition.
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Fig. 1 Group behavior recognition framework considering multi-scale spatio-temporal causal features
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Fig. 3 Temporal causality diagram
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Fig. 4 Reasoning process of temporal causality diagram
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TR S AT SR AR 25 6 AR Ml B A s R AR, DT S 3R
HU

3) B KA 2 W 4% (clustered
transformer, CST)!'" T CVPR 2021, 1% 51 8 5 i %
FHF 2 Transformer, 358 AL GE J7 . SLIFEARAT R R .

4) H W 4 R i oS 22 B I 25 (self-supervised global
spatio-temporal interaction pre-training, SGSIP)™" . 3k &
T TCSVT 2023, MM T A W B AL %5 i 4 R i 25
IE, SR RAT U

543 R X & A A Chierarchical relation inference,
HRD"™* 5 F TCSVT 2023, A% B L F 43 22 56 R 4 3
B 52 R 3 Bl A 6] 5 B R AT S U0

6) M A 2 & W 2% (empowering relational network,
ERND'"™ O ¥E T ECCV2020, 56 F [ i 75 77 4 5k 5 1 B bl
i o #6300 2R T 28 T 1A B IR A

XL S B S5 R R 4 R .

spatial-temporal

F4 FHITHER

Table 4 Compares the experimental results

s BTR% A 1 | B 2
B MPCA  BEA MCA  AMEMCA Bk MPCA Bk MCA Mk MCA

MSIR Inception-v3 94.0 94. 2 83.7 91.7 92. 1 82.1
GRAIN VGG16 92.3 92.5 82.2 90. 1 90. 5 80. 2
CST Inception-v3 93.7 94.1 83.5 91.5 91.8 81.3
SGSIP Inception-v3 93.4 93.7 82.4 90. 8 91.0 80. 8
HRI Inception-v3 88.0 92. 4 81.3 89.5 89. 8 78.6
ERN 13D 93. 6 94.0 83.1 91. 1 91.4 81.2
A AE AL Inception-v3 94.3 94. 4 84.2 92.4 92.6 82.4

RS 4 AT LI S5 5 AT LA

D GRAIN Fl ERN - 51 A5 7 DA 570 %) A 4T g A
B4 £ B R AT 2 R R 2 > 90 45 b B AR AT Ol R AR R A7
)RR AN T RIRZ R EAER, BN

ShAVETE SCHE LA (A3 80—k .

2)SGSIP Al HRI 8 51 B 78 M A AT Sy 22 18] 119 28 B
VE AT %5 58, 45 & b 25 28 Ak X 30 1 04 5 i, (R 45
K — FECRREA A A B B, MSIR B R % BT ¥
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Table 5 Results of ablation experiments
HoEE 1 Bmde 2
SR BHRRER R EAN: S AP " " " .
P f:ﬁﬁ Eliics‘%ﬁ PR RRIE  HRAE HHE HiE B HE ik T
MPCA MCA MCA MPCA MCA MCA
1 N N N 93.3 93.5 83.1 91.3 91.5 81.3
2 N N 88.2 88.5 76.9 86. 4 87.2 75. 8
3 J 93.7 93.8 83.6 91. 6 91. 8 81. 6
4 N N 94.0 94. 1 83.9 92.1 92. 4 81. 8
5 N N N 94.3 94. 4 84.2 92. 4 92.6 82.4
WPEER 5 P g R T LIAE . 8 -
DA 1 R IR A SO RS 2% , R BB 8 5 Ak a
5H A Z A AR Z 8] 1 B e Eo L B O RRIE R R . 2 R 6 \
B R A O W RAT R AR AE AR B AE A% T 4 G AR AE 5L ‘
TTHHA X R B PE RE 0 BT A7 T 151 4 2.0 |
2)SEE 2 U AR 7 ST A e 22, 3R B LR ® s L
FREAE AR 7R v ) A O AR B, i R AE TR A 32 B I R T 1Y 36 , L TS
BT B R IE RE 08 FE 43 R FE A B AR 2E B A L
PEF-2R AR PR AR . e
3% SCR BB (0 HE R AE TS50 50 450 50 4 3R 900 R N i Lol il

A PEREDL T 9256 3. 3 W] 22 RUJEE I 39 4 ik LA B A0 LR AIE 7
B v 2 e P AR AR A T o RE 68 00 I 5 DR SRR A R AT D 5E
FE IR 9 LALRE S
2.6 WEREMESN

oy MR R RS E I PR R A 1 PR 2L 4
ASPR AN AR B 451 5% ok BOR AR AR &L A I&] 7 s L il LUR
H A AT D P TR A SR 4 55k 1 4 R (E RE RS 1E 100
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MG 1.2 9 i a] b R SCRR AR 8 A, i ] SE R
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Fig. 7 TIterative change diagram of loss function
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Table 6 Recognition performance with different amounts of delay
ot 2 G/ S Bl g 2
W s N N N . N
. R MPCA R MCA MR MCA & MPCA BEIR MCA & MCA
1 89. 8 91.4 79.7 88.4 88.8 77.8
2 92.1 92.5 81.8 89. 8 90. 1 80. 2
A SRR 94.3 94. 4 84.2 92.4 92.6 82.4
*7 AEEBRETIR A
Table 7 Recognition performance under different distance scales
. . R 1 HOOSE 2
- ‘ A MPCA  BEIKA MCA  ANMAMCA  BEIK MPCA  BEA MCA Mk MCA
0.1 90. 2 92.5 80. 6 90. 1 90. 2 78.8
0.2 91.0 93.2 82.8 91.1 92.2 79.9
BRE
0.3 93.2 93.4 83.0 91.2 91.4 81.2
0.4 93.3 93.5 83.1 91.3 91.5 81.3
ZRJE [0.1,0.2,0.3,0.4] 94.3 94. 4 84.2 92.4 92.6 82.4

PR 7 g R T LLE . D AR EREHLT
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TEAR B PR TEAT Sy 114 58 B 52 0 G 38 B O A 2880, R0 8 2R 4
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