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Activity recognition based on attention network

ZHOU Yi, FAN Loumiao, ZHANG Zhou
(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

[ Abstract] Action recognition is an important research topic in the field of computer vision and has promising potential
applications. On the basis of the fact that modeling the whole sequence of videos in reality will increase a large amount of noise, a
framework of action recognition based on spatial —temporal attention Long - Short Term Memory ( STA-LSTM) is proposed to
improve the efficiency of action recognition. We use GoogLeNet to convolute the frames of videos layer —by —layer, so it can
aggregate the low feature of sides, angles and lines automatically to generate high semantic feature which possesses salient structure.
We introduce an attention network in LSTM to learn attention weight and use optical flow mask to segmente the foreground of
effective motion for the optimization of attention weight. We combine attention weight matrix with convolutional features as the input
of STA-LSTM for action recognition. We evaluate our method on UCF101 and experimental results demonstrate that our approach
significantly outperforms state—of—the—art techniques.
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Fig. 2 Single unit of STA-LSTM
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Tab. 1 The influence of experiment result by spatial —temporal
attention factor %
URES UCF101
GoogleNet+LSTM 81.5
GoogLeNet+STA-LSTM 88.7
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Tab. 2 The influence of experiment result by different 7/ value %

Th 0.5 0.6 0.7 0.8 0.9
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Tab. 3 Comparison of recognition performance of different
methods %
J7 UCF101
Soft Attention Model '] 84.96
Composite LSTM Model ') 84.3
Beyond Short Snippets Models ') 88.6
RMDN! ! 82.8
RS 88.7
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