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Group Behavior Recognition Method Based on ActionVLAD Pooling and Hierarchi-

cal Deep Learning Network

Wang Chuanxu, Jiang Chengheng
(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao, 266100, China)

Abstract: In group behavior recognition, the entire group behavior can be inferred by detecting the
behavior of each person in the group over a period of time. An end-to-end deep learning network combined
with action vector of locally aggregated descriptor (ActionVI.LAD) pooling layer and multi-layer long short
time memory (LSTM) is constructed to solve the group behavior recognition problem. Based on the input
of traditional single image information (Red Green Blue, RGB) as a deep learning network, dense optical
flow information (Dense_flow) is added to describe the motion between video frames as the input of the
two-stream network. The feature information is modeled by the underlying LSTM, and the individual
behavior is represented by the fused two stream features. While the ActionVLLAD pooling layer can fuse
features at different time and different positions of the picture, which can better integrate personal
information. Finally the top LSTM is connected with the Softmax classifier, in which group activity is
judged by the merged personal information. The test on Collective activity dataset obtains an average
recognition accuracy of 82.3%.
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Tab.1 Average recognition accuracy of different models on CAD dataset %

Class/Model XHk[15] SCH[16] Baselinel Baseline2 Baseline3 Ours

Crossing 61 88 59.53 61.48 63.82 65.34
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Queuing 96 98 87.84 92.36 95.23 96.77

Walking 80 33 55.76 74.03 84.79 82.41

Talking 99 99 93.67 94.18 97.68 99.55
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