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Autonomous robot trajectory planning for online
inspection of compliant sheet parts

WANG Yuanmin, LI Yanzheng, WANG Xueqi, DUAN Zhenxia, LIU Yinhua
(School of Mechanical Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: A vision inspection robot online trajectory planning algorithm based on generative adversarial
neural networks was proposed for industrial robots to address the problems of low trajectory planning
efficiency and poor adaptability of planning results in unstructured environments. Firstly, a point cloud

dataset construction method based on robot operating system simulation was proposed. Secondly, a new
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coding-decoding structure-based generative adversarial networks was proposed to generate robot
inspection trajectories end-to-end using the point cloud data of the input inspection features by
extracting the point cloud data of the inspection features and automatically labeling the robot inspection
trajectories. Meanwhile, the accuracy of the generated trajectories was improved by incorporating a self-
attention mechanism module with point cloud geometric features of compliant sheet parts. Then, a
diversity loss function was proposed in conjunction with the robot kinematics to improve the diversity of
the data generated by the generative adversarial network and solve the solution problem under the
uniqueness of the mapping from Cartesian space to robot joint space. Finally, the effectiveness of the
algorithm in this paper was verified by case comparison analysis. The results show that the robot

inspection planning time is reduced by 52.6% and the end trajectory accuracy is improved by 67.4%.

Keywords: compliant sheet parts inspection; industrial robot; trajectory planning; generative

2024 4 5 46 &

adversarial networks

BiE N TR e . 1 . P28 FE 15 BRI
P A Re, Tl ilas N R bR AW, H
KIEFTMGTEENAEE, BAA%IREIM
18 SR O o — A EE RS Al s s
RIJE F) A AR AR U AR5 B, 1A Y i &
B B R 2 1 o Rl e AL B AR . H RiE sh LR 7
TEAT LAy R 35 TR AE () 32 3l A0 Fn 3 2 2 Bk
11z B

TR A B B L0 B R R
(probabilistic roadmap, PRM)"! 1 1t 3 45 & B HL B
% (rapidly exploring random tree, RRT)" #4 i , 8K
PR PR T R T A URRE R RRT 80, i i
DEEVERFE, BT RRE R, TIREE"
P&t T B A AP K A R & 2 RRT*-Connect 52
B, g1 B bR ] 55w E AT R Bk T 2 ROR A
5 SRAE 5T LA B i S B e M8 ot i
ARG AN TG —H & Y RRHE A
e, SEPLT BEARS R Rk B R AR /N L il A
SEfE L, Qureshi 45 R RE AL PROE IR R
% (IB-RRT*) F T & e 5 b AL N iz sh # ] .
Gao 2! 1 FH 725 3SR ARE LA P S BIERAG U A 5
7S S e TR 28 A IR A 1 S ) e RO R

SR, MXTAESS Mk 5, T REEMWEE)
FRI T3 3E AN AOME LA 2 S M5 oK, i Hosk = 5t
BAER, W TCEMAH =R REE, BIERN
G ST T A S Bk s R i, R
TR 2> (deep learning, DL) 557 ) 41 25 0 4% &% 1
RE I DR I A DR A A B A rp B2 BURRAE , S
RIS B B R 25 5 e 5 . Fang 20 42 1 — A

ity 1) ity A PICIBCLE A F0 I 2, LA o 2= i 1 Sl )
BN L I HAIL 4 AT )5 1] . Zhao 5
PR — PP B O HE SR S A T AR O BT 2
#% (generative adversarial networks, GAN) #4J ## — 4~
B g A, T ORI RS . A
RSB RAT P 5], HKGE 3% GAN ik A 2
RRT Bk, firdk 17 HATKIE 25 2 B BofE: 55 X LA
FL R ) BT . DeepMind M1 BA #F 17 fill & 9 1k 2% >
(reinforcement learning, RL), B — Fh iR R Ak
% 3] (deep reinforcement learning, DRL) J7 7 ',
Zhu 2" 4R 3L T Actor-Critic # % 5 AI2-THOR
FESR, $RALT —ANE BT = 4E Y 5t, fi#k T DRL
ME LA SO ik = 68 B Rz ALBE T, X HESR
Uiy B w2507 20, BEAR T RRAE DG e Bz = 4k o gt ik
TR HE e . TR ER AR 4 3 T T i S e AR
B AT H ik, BTt — ol 8 R B b 28 I 4%
PG G B S s A E O 2 b eE 4 ek 800 AL
R AHOCHK , TEARZS LI T, Bk 1 3 kxd
TIAB AR AENYE, BT T ATESHAR R
BT RVENBE S o Qureshi 28" 76 A5 DL JFLUA 24K
P ARG BAE M AR, RSB A
25 W 2% (convolutional neural networks, CNN) 2% >J
X HAE SUIE BAE U R A, B T R AT
B BRI S5 5. Huh 260 (e Al 5 ol A -
AT A PR AL AL 2, 440 Softmax 17 sl BEEE 71k,
B T RRT B AR

g LTk, b T EE Tk ALEs AFEAES 1L
INEE T #00 FR (RGBT 6, AR SO —
T AT HT M 28 4% 1Y P A N TR S R D b



% 5

FEITR, A TR AR P TELAG I AL B N B A 32 AR 519

WA, G A R S is s
RIRRTHE T, M T —Fh PR 25z 3 iy B
Jithe

1 Wl TZHESENE
FIATBI2LHY DL SRR TR R, 7

Xt AL ARSI [R) R, R B AR 5C A Xdie 42 Bt
Pt o O TSIl NAELARIN T 2R, A

——— — —— —— — — — —

ROS 1} ELI

M T BA RSl A AR A IR A i A
D A% A B B o T LA N 3RAE R SE (robot
operation system, ROS) /i H. ¥ 455 3 UM ¢ 55 = 17
JSS; S anC XX LR SN ol BuR eIl EY SN 3
ZARAT o8 B B R DU K HE B . BRI B Al 1 B
7R Hr, URDF BB 48—l ds A gl A% 2R 3C
AR

RIS = B s T ZX LI AL = LA A K
DAY IZ S FEATARTE

i f
,'H'\K{rl/n

%

HLas Nis ik

Kinect

(jocat(y

lilg

C

—

B1 #lRAELRNIZANEESEHEE

Fig.1 Construction of online planning dataset for robotic inspection
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Fig.2 Hole feature boundary point cloud data extraction
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Fig.3 Labeling of robot inspection motion trajectory
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Fig.6 Generation results of inspection trajectory for features located in different locations
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