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Abstract

Due to the visual instability and the complexity of the environment, first-person action is difficult
to recognize accurately. In this paper, we propose an action recognition network framework based
on local feature shift networks. Specifically, the framework first builds the undirected spatio-temporal
graph topology of the hand skeleton, and uses adaptive graph convolution network to extract joint
features and connection information of the hand skeleton topology; after that, in order to obtain
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global spatial information, we use ResNet152 network to extract RGB features. Getting the hand
skeleton features and the RGB image features, we input them into the proposed local feature shift
convolutional network respectively where through the mutual learning between samples, the
model could receive better generalization. Experiments on FPHA data set show that the proposed
framework is accurate in motion recognition, which proves that the model can effectively deal
with video background interference and has strong robustness.
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Figure 1. Network architecture
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Figure 2. Spatial-temporal graph of hand skeleton
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Figure 3. Bottleneck structure
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Table 1. ResNet152 dimension setting
Fz 1. ResNet152 #E % E

HBRE LN W
Conv_1 (224, 224, 3) (112, 112, 64)
Conv_2 (112, 112, 64) (56, 56, 256)
Conv_3 (56, 56, 256) (28, 28, 512)
Conv_4 (28, 28, 512) (14, 14, 1024)
Conv_5 (14, 14, 1024) (7,7, 2048)
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Figure 4. Feature shift convolution module
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Figure 5. Shift convolution network module
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Table 2. Action recognition performance comparison

2. BMEIRAIMEREXTEE

il BT RGB E#& Y ES

Two stream [25] S 75.30
H + 0 [26] S 82.43
2s-AGCN [8] % 84.12
Shift-GCN [27] % 86.31
OURS \ S 90.73
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Table 3. Comparison of branch network performance

F 3 XMEMEREXTEL

R Top-1 Top-5
AGCN + SCN 89.32 96.77
ResNet152 + SCN 81.74 97.83
All 90.73 98.61
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