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LC fusion action recognition algorithm based on skeleton coordinates
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Abstract: Action recognition is a key technology for computers to understand human behavior. To improve the ability of extracting
spatio—temporal features of action recognition algorithms, this paper proposes an action recognition algorithm that integrates LSTM
and CNN. LSTM subnet captures temporal information, CNN subnet captures spatial features, and then fuses features for action
recognition. The accuracy of CS verification on NTU RGB-D dataset and CV verification is 87.0% and 91.5% respectively. Aiming

at the problem of non — uniform action time length, this paper compares the nearest neighbor interpolation and zero vector

interpolation, and concludes that the former performs better.
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Fig. 1 LC fusion network
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Fig. 2 LSTM subnet
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Fig. 4 Sample and mask diagram
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Fig. 5 Visualization of standing up action
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Fig. 6 Example of NTU RGB-D skeleton dataset
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WIR7S CS/% CV/%
HBRNN-L[7 59.1 64.0
Dynamic Skeletons'®! 60.2 65.2
Part—aware LSTM ! 62.9 70.3
ST-LSTM + Trust Gatel ') 69.2 77.7
STA-LSTM ! 73.4 81.2
GCA-LSTM!'?] 74.4 82.8
URNN-2L-T!# 74.6 83.2
Clips+CNN+MTLN 4] 79.6 84.8
ESV (Synthesized + Pre—trained) ('] 80.0 87.2
IndRNN (6 layers) [1%] 81.8 88.0
ST-GCN (with JPD) 7! 83.4 8.8
LC Fusion (Zeros Pad) 85.8 88.7
LC Fusion (NN Pad) 87.0 91.5
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Fig. 7 ROC curve of LC fusion algorithm
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