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Tab.1 The average optimal solution of three algorithms with 10 runs
PIO PSO LSPIO
F1 0 5. 16E-14£5.2E-29 4. 58E-15+3E-30 0+2. 7E-50
F2 0 7.5E-05+2. 5E-10 1. 67E-12+1. 3E-25 1. 1IE-16+6. 6E-35
F3 0 7.3E-07+3. 7TE-11 2.2E-07+1. 03E-12 8. 8E-08+1. 2E—-12
F4 0 0. 7ZE+00+0. SE+00 1. 04E+00+0. 9E+00 0. 93E+00+0. 1E+00
F5 0 2. 1E-11+1.7E-22 4.9E-14+2. IE-29 1. 2E-17+2. 2E-36
Fo6 0 0. 26E-01+0. 7E-02 0.25E-01+0. 3E-02 0. 2E-01+9. 2E-02
F7 0 0. IE-03+4. 4E-08 1. 1IE-11%2. 6E-24 2.4E-15+1. 9E-31
F8 -1 -0.98E+00+1. 7E-09 -0.99E+00+1. 65E-24 -1E+00+1. 6E-24
F9 -959. 640 -9.24E+02+7. 3E+02 -9.20E+02+5. 1E+2 -9. 51E+02+0. SE+0
1 &1 ¢
Pp=—Y |- x; — %) 7 19
pE(VE (wmw7) ()
:D ;
4 9 10
LSPIO
PSO PIO LSPIO
3
Fig.3 Best fitness evolution curve
2 3 10
Tab.2 Statistical test of 10 results of three algorithms
LSPIO vs PIO LSPIO vs PSO
P P
F1 1. 8E-04 + 1. 8E-04 +
F2  1.8E-04 + 1. 6E-04 +
F3  7.6E-06 + 3. 1E-04 +
F4  0.3E+00 = 0. 9E+00 =
F5 2.4E-04 + 1. 8E-04 +
F6  1.8E-01 3.8E-01 =
F1  1.5E-04 + 1.2E-04 +
F8  1.8E-04 + 0. 8E+0 = 4
F9  0.1E-04 + 4.1E-04 + Fig.4 Evolution curve of divergence of population
- 0 0 distribution
+ 7 6
= 2 3 4
“+7 LSPIO ‘-7 P10/

PSO
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Improved Pigeon Herd Optimization Algorithm with
Lost Exploration and Cluster Splitting Mechanism

SHANG Zhigang' >° WANG Li'> LI Mengmeng' > LI Zhihui' >’

( 1.School of Electrical Engineering Zhengzhou University Zhengzhou 450001 China; 2.Industrial Technology Research Insti—
tute Zhengzhou University Zhengzhou 450001 China; 3.Henan Key Laboratory of Brain Science and Brain—Computer Interface
Technology Zhengzhou 450001 China)

Abstract: As an emerging optimization technology pigeon inspired optimization ( P10) algorithm had the ad-
vantages of fast convergence and high precision. But it was not ideal for some problems with local optimal val-
ues. By introducing lost & exploration and cluster splitting mechanisms of natural flying pigeons an improved
PIO algorithm based on lost & exploration and cluster splitting ( LSPIO) was proposed in this paper. The lost
& exploration mechanism enhanced the global search performance of the algorithm and the cluster splitting
mechanism increased the diversity of the population. In this paper 9 standard test functions were selected for
algorithm performance evaluation. Compared with standard pigeon group algorithm and particle swarm algo—
rithm the results showed that the new LSPIO algorithm could effectively avoid premature problems improve
the population diversity while maintaining good convergence properties.

Key words: pigeon-inspired optimization; lost & exploration; cluster splitting; global search; population di—

versity

Robot Active Disturbance Rejection Control Based
on an Enhanced Pigeon-inspired Optimization

HAI Xingshuo XU Binghui RENYi CUI Jingjing

( School of Reliability System Engineering Beihang University Beijing 100191 China)

Abstract: In this paper an evolutionary game theory based pigeon-inspired optimization ( EGTPIO) algorithm
was proposed to automatically tune the parameters of active disturbance rejection control ( ADRC) controllers.
The novel approach combining EGTPIO and ADRC was subsequently used to improve the performance of the
deformable ground mobile robot ( DGMR) . Based on our design  EGTPIO not only could keep the advantage
of fast convergence of PIO but also determine the proportion of the two operators through the process of group
evolution. Thus the probability of results falling into local optimum was reduced and the speed and stability of
the controller was improved. Simulation results showed that the superiority of EGTPIO in the quantity quality
and convergence speed of optimal solutions made ADRC reach stable state quickly and improved the maneuver—
ability of DGMR.

Key words: deformable ground mobile robot; active disturbance rejection control; local optima; evolutionary

game theory; pigeon-inspired optimization



