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Research on Limb Motion Command Recognition Technology of Lifting Robot

NI Tao' ZOU Shaoyuan' LIU Haiqiang' HUANG Lingtao' CHEN Ning® ZHANG Hongyan'
(1. College of Mechanical and Aerospace Engineering, Jilin University, Changchun 130022, China
2. School of Mechanical and Energy Engineering, Jimei University, Xiamen 361021, China)

Abstract; In view of the limited monitoring distance of Kinect for limb recognition, the large zoom
network camera was used and CNN — BP fusion network for human behavior recognition was constructed
and the nine groups of robot lifting instructions were trained and identified. Firstly, totally 18 skeleton
nodes were extracted based on OpenPose to generate RGB skeleton map and skeleton vector. Then, using
the migration learning method, the InceptionV3 network was used to extract the deep abstract features of
the image, and the training data set was rotated, translated, scaled and affine. A variety of data
enhancement methods were used to extend the training data to prevent overfitting; and then the extracted
skeleton vector was extracted from the shallow layer features such as the point line surface using BP
neural network ; the InceptionV3 network and the BP neural network output were merged and obtained by
using the Softmax solver to obtain limb classification results. Finally, the result of limb recognition was
input into the robot auxiliary hoisting control system, and the double verification control mode was
established to complete the robot auxiliary hoisting operation. The test results showed that the method
ensured the timeliness of the model operation, and the real-time recognition accuracy reached 0.99,
which greatly improved the long-distance human-computer interaction capability.

Key words: lifting robot; back propagation neural network ; limb recognition; OpenPose; InceptionV3
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Tab.1 Effect of classic CNN network on ImageNet

Topl Top5

Fo A - - SHEE  WE
Xception 0.790 0.945 22910480 126
VGG16 0.715 0.901 138357544 23
VGG19 0.727 0.910 143667240 26
ResNet50 0.759 0.929 25636712 168
InceptionV3 0.788 0.944 23851784 159
IncetionResNetV2 0. 804 0.953 55873736 572
MobileNet 0. 665 0.871 4253864 88
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