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Abstract: In order to simplify the feature extracting process of Human Activity Recognition (HAR)
and improve the generalization of extracted feature, an algorithm based on multi-scale deep
convolution neural network was proposed. In this algorithm,the depth video was selected as research
object and a parallel CNN (Convolution Neural Network) based deep network was constructed to
process coarse global information of the action and fine-grained local information of hand part
simultaneously. Experiments were executed on MSRDailyActivity3D dataset. The average recognition
accuracy on actions ranging from No. 11 to No. 16 was 98% , while that on all actions was 60. 625 %.
The experimental results showed that proposed algorithm could take effective recognition for human

activity. Almost all of the actions with obvious movements and most of actions with local movements
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just in hands could be recognized effectively.
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Fig.1 Framework for HAR based on CNN and deep learning
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Tab.1 Deep networks and their parameters in this paper

Mz ZE BRE No s Nig,-o REHZ
2CNN2F 2 5X5.5X5 32,128  1024.512
3CNN2F 3 5X5,7X7,5X532,64,128 1 024,512
5X5,5X5,

4CNN2ZF 4 16.32.64.128 1 024,512
66,55
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Fig. 2 Activity videos before processing

(top:drinking, bottom:writing)
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Fig.3 Activity videos after processing

(top:drinking, bottom:writing)

AR B

SRRELT o

P4 A7 R AR T Ak 20 B
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Tab. 2 Performance comparison between artificial feature

extraction method and proposed method

Bk A E
LOP features'” 42.5
Joint Position features™™ 68
Dynamic Temporal Warping™®” 54
2CNN2F 56. 875
2CNN2F_] 60. 625
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Tab. 3 Recognition accuracies in different networks with

different parameters
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