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[ Abstract] The Graph Convolution Network (GCN) is widely used for skeleton-based recognition methods, whereby a
predefined spatiotemporal topology graph is used to model human skeletal features. However, the existing GCN has
limitations in two aspects: the predefined skeleton topology structure limits the generalization ability of the model, and
single-granular spatiotemporal features limit'the' capacity of the model. To solve the aforementioned problems, an
adaptive multi-scale graph convolution network is proposed. The adaptive spatial graph convolution layer regards the
topology of the skeleton as parameters'to optimize, thereby generating data-driven skeleton topology by samples. The
multiscale temporal graph convolution layer uses various temporal graph convolution kernels to dynamically integrate
the multi-granular spatiotemporal features. Extensive experiments were conducted by combining joint, bone, joint
motion, and bone motion streams.as inputs of the proposed model. The experimental results show that the classification
accuracy of the proposed model under NTU RGB+D 60 action recognition data set for the Cross-Subject(CS) and Cross-
View (CV) subsets was 90.5% and 96.8%, respectively, and the classification accuracy of the NTU RGB+D 120 action
recognition dataset for the CS and Cross-Setup (CT) subsets was 86.0% and 88.7%, respectively. The model can
effectively extract the spatiotemporal features of skeleton motion, thereby improving the classification performance of
human skeleton motion recognition.
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Fig.4 Algorithm procedure of multi-scale temporal graph convolution network
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Fig.5 Overall architecture of spatiotemporal graph convolutional network model
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Fig.6 Comparison between original skeleton sample and

preprocessed skeleton sample
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Table 3 Results comparison of different models under

the NTU RGB+D 60 data set %
U %
iR
CSHE CV L
P-LSTM!"! 62.9 70.3
IndRNN!? 81.8 88.0
Clips+CNN+MTLN!#! 79.6 84.8
ST-GCNP 81.5 88.3
25-AGCNP 88.5 95.1
DGNN 89.9 96.1
MS-G3D"?"! 91.5 96.2
Sem-GCN™*! 86.2 94.2
CTR-GCNPY 92.4 96.8
SATD-GCNP? 89.3 95.5
A-GCN+MS-TCN 90.5 96.8




270 Computer Engineering

TR

2023410 H 15 H

R4 AEEEZENTURGB+D 120 IBE THE R T

Table 4 Results comparison of different models under

the NTU RGB+D 120 data set %
PUNAET %
Al
CS L CTHLR
ST-LSTM!"® 55.7 57.9
GCA-LSTM!"" 61.2 63.3
Body Pose Evolution Map!**! 64.6 66.9
ST-GCN™*! 70.7 73.2
25-AGCNP 82.9 84.9
MS-G3D™ 86.9 88.4
CTR-GCNBY 88.9 90.6
A-GCN+MS-TCN 86.0 88.7
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