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Abstract: This paper proposes a context modeling framework based on multi-stream architecture and LSTM, which aims
to overcome two difficulties for group behavior recognition. One is to fuse information from multiple visual cues in complex
scenes , the other is to model situational characters to get the long-term temporal context in the video. In addition ,decision fusion is

performed on the behavior recognition results based on global information and local information to determine the final group be-

havior attributes. The algorithm achieved 93.2% and 95.7% average recognition rates on CADI and CAD2 respectively.
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CADI ™" 40 3% AR B3 TR LISCAE (1) 44 A0
B, H2EAT MR : Crossing, Waiting , Queuing , Walking,

Talking ; /\Fp LGRS (LI PR ) 5 AR BEAT A
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TSN + LSTM (Ours) 93.2%
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HANs + HCNs (2! 71 81 72 97 99 84.3%

Latent Variable Embedding'??! 88 33 88 98 99 85.4%
YSSIHE + 47 MR ) 80 63 51 83 9% 78.9%
Recurrent modeling''*) 94.39 63. 64 100 99. 45 89. 4%
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