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Abstract: To improve the accuracy of group activity recognition in video, a group activity
recognition algorithm was proposed based on tensor feature and twin support vector machine.
Firstly, the activity of group in each frame was described by combining the posture structure
information in the joint skeleton of the group members and the social network information of the
group. The tensor form was used to represent the features of group activity. Then, the tensor
kernel was decomposed by using multi-channel nonlinear feature mapping and the model
parameters of the tensor kernel twin support vector machine were optimized by using the particle
swarm optimization method. Finally, the group activity recognition in video was realized by
combining tensor features and twin support vector machine. Experiments performed on the CAD2
dataset and the self-built dataset show that the tensor feature can effectively represent the group
activity. Compared with the existing approach, the proposed algorithm can effectively improve
the accuracy of the group activity recognition.
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Fig. 1 Recognition results of the proposed algorithm on the CAD2 video set

T nam
1nifil i

(b) 473}

2 ARSCHTERAE A A UAE T BN 25

Fig. 2 Recognition results of the proposed algorithm on the self-built video set
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Tab. 1 Recognition rate of different algorithms on the CAD2 video set

Bk oA IE e/ Yo 15/ % Wi/ Y% HEBL/ %6 Be /% 1 81/ %% SFY1E /%

A 95.6 76.0 96. 2 99.1 96. 4 84.6 91.3
SCHR7] 94.3 54.9 89.3 99.2 84.1 96.5 87.3
SCHikC8] 78.0 71.0 92.0 71.0 81.0 91.0 80.7
SCHkC10] 78.0 81.4 84.6 99.1 86. 1

A5 SRR 1] s LS A O B 7 B’ (HOG)
FEAE O DL B AR A S ) LA A ok AR AR E A
AR LR R IR 2. mE 2 TIE R T
AT A K A REAE T 44 S N M REIARAT R iR
J7 1 e HOG R4k 1R 51 58 5 .

K2 FRFHMEEBEHFEE LHARER

Tab. 2 Recognition rate of different features on the self-built

video set
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