ok H3W O S O I ¢ Vol. 42 No. 3
2021 43 H Chinese Journal of Scientific Instrument Mar. 2021

DOI: 10. 19650/]j. cnki. ¢jsi. J2107351

E F CNN-GRU BB #E1EW =8 N IRIEZ R 7
SEENEEERGE"

A, RER, AP E FAE
(FRERFUEBE S TSR B 210096)

B ARG RE AR R G M UNE 912 S B2 58 S HOR THRAEH AR . O 1 P e s (] 4R A R Gy 2 21k | 12
T — MR TR B R A R B UM A S R B P T v, SR TR S T B BIE  F il T — M T B 2 R 45 (CNN) AT
PEFEPRBATE (GRU ) P22 160 2% 14 il 15 R R OR X 48 AR 255 ) T EE HEA T ARUB0 702, JBIB T JUAL 52 13 A S R V0 T PR R AT R A
H BRI S0 3 2 P UNMER FRIA B 92. 71% I ELAEMCHERl b6 11 e 9% PID S BU M S HIUBRES () 11 365 17 o J3E s ] . 52
B W RO 45 AR 2t AT LA R3] i) R 2 A5 R R P 00 T 5 R 22 ) 46 AT Bt 22 I 2% ( RNIN) F9 5 A8 | S
DT BB 22 P 28 A RIICAZ (LSTM) ot 2 I 285 10 A5 ABE 8 5 BT a2 A5 14 19 3 738 42 1) T AT PRI A S LA 32 sl L e
AT T FEARAUBE A S BE | A7 B T4 5 2 AL A R G & 2k

KR 2SR BB W2 TR PRI TTR 22 R 2% 5 J3 2% PID 5 38 B2 4%

RES XS, TP242 TH-39 XEARIRES: A ERREFRSENR: 460. 40

Operator recognition and adaptive speed control method
of teleoperation robot based on CNN-GRU

Yang Yuyan, Song Aiguo, Shen Shuxin, Li Huijun

(School of Instrument Science and Engineering, Southeast University, Nanjing 210096, China)

Abstract : The movement speed of the slave manipulator arm in traditional space teleoperation system completely depends on the operating
speed of the operator. In order to improve the safety of the space teleoperation system, an adaptive speed control method based on the
recognition of the operating speed of the operator is proposed. Combining with the theory of deep learning, a fusion model based on
convolutional neural network (CNN) and gate recurrent unit ( GRU) neural network is proposed to identify and classify the speed of
operator. Nine subjects were selected to construct an operator speed sample library. The operating speed of the operators is divided into
three categories, and the final recognition accuracy rate reaches 92. 71%. And, on this basis, the cascade PID is used to realize the
adaptive speed control of the slave manipulator arm. Experiments confirm that the model can also accurately identify new operators. At
the same time, the accuracy of the model is better than that of the fusion model of convolutional neural network and recurrent neural
network (RNN), and the real-time performance of the model is better than that of the fusion model of convolutional neural network and
long short-term memory (LSTM) neural network. Besides, the adaptive speed control based on this model can reduce the end linear
speed of the manipulator arm while ensuring that the movement trajectory of the slave manipulator arm remains unchanged, which helps
to improve the safety of the space teleoperation system.
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Fig. 1 Unit structure of GRU neural network
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Fig.2  Structure of CNN-GRU neural network
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Fig. 3  Composition of a typical teleoperation system
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Fig.4 Adaptive speed control system framework
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Fig.5 Structure of the cascade PID controller
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Fig. 6 Experiment scenes at the main site and slave site
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Table 1 Average linear velocity of the end of the slave

manipulator arm for each velocity category
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