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Figure 1 Dynamic gesture interaction diagram
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Table 1 C3D network model parameter table

I=¥4 RN B DN 5
Convla 64 (3,3,3) (1,1,1) (1,1,1)
Pooll 64 (1,2,2)  (1,2,2)  (0,0,0)
Conv2a 128 (3,3,3) (1,1,1) (1,1,1)
Pool2 128 (2.2,2)  (2.2.2)  (0,0,0)
Conv3a 256 (3,3,3) (1,1,1) (1,1,1)
Conv3b 256 (3,3,3) (1,1,1) (1,1,1)
Pool3 256 (2.2,2)  (2.2.2)  (0,0,0)
Convéda 512 (3,3,3) (1,1,1) (1,1,1)
Convab 512 (3.3,3)  (1,1,1)  (1,1,1)
Pool4 512 (2,2,2)  (2,2,2)  (0,0,0)
ConvSa 512 (3,3,3) (1,1,1) (1,1,1)
Conv5b 512 (3,3,3)  (1,1,1)  (1,1,1)
Pool5 512 (2,2,2)  (2,2,2)  (0,1,1)
Fc6 4 096

Fe7 4 096
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Figure 3 Mish activation function
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Figure 4 Multi-modal data fusion identification

model structure
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Figure 5 Partitioning of video datasets
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Table 2 Recognition accuracy of the test videos %
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right_to_left 94.4 95.0 96.2
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Figure 7 Comparison of accuracy of activation function
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Table 3 Experiment results of different gesture tests
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Dynamic Gesture Recognition Method for Machining Operations Based on Multi-modal

Data Fusion

ZHANG Fugiang'?, ZENG Xia'?, BAI Junyan"?, DING Kai'"’

(1. Key Laboratory of Road Construction Technology and Equipment of MOE, Chang’an University, Xi’an 710064, China; 2. Institute
of Smart Manufacturing Systems, Chang’an University, Xi’an 710064, China)

Abstract; In order to solve the problem of difficulty in improving the recognition accuray and the low robustness of
the model caused by the lack of feature information provided by single mode data, a dynamic gesture recognition
strategy based on multi-modal data fusion of machining operations for human-computer interaction was proposed.
Firstly, the C3D network model was used to extract features from the depth image and color image modal data based
on the spatial and temporal dimensions of videos. Secondly, the recognition results of the two modal data were fused
according to the maximum principle at the decision-making level. Meanwhile, the Relu activation function used in
the original model was replaced by Mish activation function to optimize the gradient update effect. Finally, through
three sets of comparative experiments, it was found that the average recognition accuracy of six dynamic gestures
reached 96. 8%. The results showed that the proposed method achieved the goal of high accuracy and high robust-
ness of dynamic gesture recognition in machining operation, which would play a role in promoting the application of
human-computer interaction technology in actual production scenes.

Keywords: multi-modal data fusion; machining operation; dynamic gesture recognition; C3D; Mish activation

function ; human-computer interaction



