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Visual Tracking System Design of Excavation Robot Based on Long

Short-Term Memory Network
DING Pan, PANG Xiaoping, CHEN Jin
( State Key Laboratory of Mechanical Transmission, Chongging University, Chongqging 400044, China)

Abstract : To input the excavation target to the excavating robot through the visual system and solve the easy loss of the excavation
target in movement, a visual tracking method based on the long and short term memory network is proposed. The target tracking
system is directly selected from the camera image without limiting the specific target category, After the feature is extracted by Dlib,
the position of the mining target is tracked by training to optimize the short-term memory network. Long-term and short-term memo-
ry network modeling and training are conducted for three common problems of brightness change, obstacle occlusion and back-
ground interference. The simulation training of the picture sets and actual tracking experiment shows that the network model can be
used to effectively correct the interference and output the target position stably. In the network model, the neural network is combined
with the traditional electromechanical control method to improve the accuracy of visual tracking. This paper makes a preliminary ex-
ploration that the neural network is applied to the intellectualization for the excavating robot.

Keywords ; long and short-term memory network; visual tracking system; time sequence; excavating robot
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2.1 LSTM &EEN

LSTM 125 W 45 2 78 16 T4 1 2 ) 4% (recurrent neural
networks, RNN)JEAfi - & TR A, RNN #2825 1) fi
AAUA 1 20 B4 A B A 55— %) RNN 21 i B3
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FEU AN RIS A TR — ) L 0 ] SRS
X RNN ZH MRS 5200, 78 RNN 40 A2 il 2
B0 S I 7 3 ST M, X R T LSTM 41 Jil,
LSTM 20 {0 217 5 A% 128 I [B) 7 42 il — J2% LSTML il 22 ) 2%
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LSTM #iiff B4 3 AN T4l 45 . 5 A 1] (Input Gate) |
#5507 ( Forget Gate ) Fl i H 7 ( Output Gate) , #H % F
RNN Zffd, LSTM 00 1 PSR : BOOZ RS h 5 i i
A e BRORZARAS h S LSTM 40 i i A i A8 4, 41
MRS ¢ Fee LSTM 4RI IZ 284k, X PR RZS 2 LSTM
KRB s R R Al

1) #RTTHRE ¢ B Z0 A RS v R 5 B T
B, BORT -1 I ZIRORZ RS b AR ¢

fi=0(W,Th,_, ., .%1+b,) (1)

2) FATT i, WY TR 20 ¢ i 20 MR S T A
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11, I 4 B2 RS
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h,=0, - tanh (¢,) (5)
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