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Crossover elite opposition-based particle swarm optimization algorithm
for positioning control of rock drilling robotic drilling arm
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(1. School of Mechanical and Electrical Engineering, Jiangxi University of Science and Technology, Ganzhou Jiangxi 341000, China;
2. School of Mechanical and Automotive Engineering, South China University of Technology, Guangzhou Guangdong 510640, China)
Abstract: In the positioning process of rock drilling robotic drilling arm using particle swarm optimization (PSO)
algorithm, there are some problems, such as low convergence speed, tending to be trapped in local optimal solution, etc..
In order to solve these problems, a crossover elite opposition-based particle swarm optimization (CEOPSO) algorithm is
presented and the algorithm flow is given in this paper. The kinematics model of drilling arm is established, and the inverse
kinematics is solved by using the CEOPSO algorithm. The crossover operator is introduced into EOPSO. The adaptive
inertia weight and the crossover probability parameter control technologies are adopted. On the basis of maintaining the
information exchange between the individual and the optimal solution, the global searching ability of the algorithm and the
positioning efficiency of drilling arm are improved by increasing the information exchange between the individual particles.
Simulation results show that the average position error and mean posture error of CEOPSO are less than those of PSO and
EOPSO, and its iterative process is stable. The positioning and control performance of rock drilling robotic drilling arm
can be improved effectively.
Key words: rock drilling robot; drilling arm; positioning control; particle swarm optimization (PSO); elite opposition-

based learning; crossover operator; inverse kinematics
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Fig. 1 The structure diagram of drilling arm
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Fig.2 The coordinate diagram of drilling arm
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Table 1 The D-H parameters of moving joints of
drilling arm
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Fig. 3 The coordinate model of drilling arm on MATLAB



3 1

FOTIRSE: M E ML as N R R i 52 ORI S e TR ESE 307

k2 BEMsg

Table 2 The structural parameter of drilling arm
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Fig. 4 The working space diagram of the end of drilling arm
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Fig. 5 The convergence accuracy curve of three algorithms

with 50 iterations
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Fig. 6 The convergence accuracy of three algorithms with

100 iterations
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Fig. 7 Iteration times of the three algorithms with different

convergence accuracy
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Fig. 8 Convergence curves of three algorithmsat the same
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Table 3 The convergence properties of CEOPSO with
different population size
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Fig. 9 Convergence times of CEOPSO with different
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Table 4 The convergence properties of CEOPSO with
different inertia weight
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Fig. 10 Convergence properties of CEOPSO with different

AN HL

maximum limited speed
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Table 5 Convergence properties of CEOPSO with
different maximum limited speed

BOKBRERE PR %
Vmax = 0.05 85.3 34.86
Umax = 0.10 70.7 29.06
Vmax = 0.15 75.4 31.96
Vmax = 0.20 78.7 30.67

A XM S R MR 2 A5 B AT E SR
HADZEORAZ, 43 BE B R 0] dEpo flp,., X ELA
B RMEN1-12F1FR6 7.

i B g R, /N A8 XM 2 /D R 2 (]
(115 B AT, TCiE P SIGE ;3o K 128 R 4
flERL TR T A, BN T RHMA T R e ). &
N HTE R S A SOBEER (IR FE, 1k /NAE SCRE iR
R PRARAS VLA 8, 7= — S e A 22 X
b K22 X TR 5 5 5 305 SRR B T B AL
IR, 15 HIE NS IR R
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Fig. 11 Convergence times of CEOPSO with different

crossover probability



310 B owo#H w5 N

34 3

100 T

AR E

1 1 1 1
500 10 20 30 40 50

HE LR EL
B 12 ANFZE B4 CEOPSO IS #
Fig. 12 Convergence times of CEOPSO with different

crossover update probability
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Table 6 Convergence properties of CEOPSO with
different crossover probability and cross-
over update probability

WA X Pk %
po = 0.5 79.3 24.43
po = 0.6 773 28.86
po=0.7 70.8 26.38
po = 0.8 74.6 30.39
po = 0.9 79.3 24.99

TXEFMR  CPEIERRE =
pr = 0.1 77.04 36.43
pr =02 70.56 33.80
pr=0.3 75.92 34.36
pr =04 81.84 41.16

R4 ] 12 136 6 £, 24 po = 0.7 Fl p, = 0.21,
CEOPSO B A & M RIS SIGE

iz R R SRR i A Las NS g 3l
i, FLE A I R DA AT AL K v 5 H A
L R 28 R SR R (P3G DL P AL, R, i e
PR ERM B BTN T X E G
N ZE ], AR T SRR g e, 1 HLA %
R HIZRAR PR, A R TR P Rada ).

5 %5 (Conclusions)

1) i 5] A3 XE T, CEOPSOffHF T ki 7Nk
SRR BAS e, JEIN TR AMAZ E HIE R
e, MR MR B SRR <R A S RE,
Bt — 20 3 T PSOS v 1 WAL I B R RS 2. B2
CEOPSO#T# A ML N8 s A4z, AN AT LLBE
G = AL AT SR BERUC AR A, 10 ELYE ARIE B AR -3 52
PORZEMRIR T, 3&m T R R RMAEN R,
T RARRENE.

2) AE M HE R MR E 22 X B AR A B
B 2 A7 pers i |1 S o T VA S RS ST BB v = 5
15 BL53 B E PR A T BRAE DA R3S R A

#, [EAICEOPSO A A £ & [ e PRI SIGE FE, LASR v
BRI LR

3) BRI T A X ARG S S 7 2 2] 5k, {H
FH G T 384 B0k mlph 22 ) 245 45 Ho A AR 5575, CEO-
PSOSVEEATHAR I H\ 5 T-9fs . S H Bt B /DAl
PR SRS £, SRANZ AT S A LA ARG B AL
SE R, oA B i T RESE A .
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