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Quasi-Monte Carlo particle filter algorithm
based on the good point set and its application
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Abstract : A quasi-Monte Carlo particle filtering algorithm based on the good point set ( GPS-QMCPF') is proposed for
solving the problem of particle shortage and sample aggregation. In the proposed algorithm, a new quasi-Monte Carlo
sequence is constructed by using the good point set theory in the number theory. Considering that the good point set
has a more homogeneous distribution and lower discrepancy than the standard QMC sequence and the random se-
quence , GPS-QMCPF can obtain a faster convergence speed in the filtering process and a better accuracy of the state
estimation. Furthermore the re-sampling frequency is reduced, which results in a lower computational cost. Experi-
mental results show that the proposed algorithm gets a more accurate estimation than the standard QMC filter and par-
ticle filter in the system state estimation, as well as with the video target tracking application. The proposed algorithm
possesses the advantages of good tracking accuracy and a real-time standard, even in the case of occlusions.
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Table 3 Comparison of simulation parameters
. ABREAKL HRAEEL SRR %
ik N=300 N=200 N=100 N=300 ~N=200 N=100 N=300 N=200 N =100
PF 179.400 118.345  58.811 203.7 203.7 214.0 50.9 52.4 53.5
NQMCPF 183.448  121.959  60.259 192.2 195.6 197.6 48.1 48.9 49.4
GPS-QMCPF 186.951  124.052  63.856 182.0 184.5 186.6 45.5 46.1 46.7
x4 BITRIEXTEL
Table 4 Comparison of running time
. BT/ s FERDAL BEF- 2 i
Sk N=300 N=200 N=100 N=300 N=200 N =100
PF 17.827 16.674 15.621 22.438 23.989 25.607
NQMCPF 17.777 16.544 15.489 22.501 24.178 25.825
GPS-QMCPF 17.221 16.045 15.006 23.227 24.930 26.656
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Table 5 Comparison of simulation parameters
N=300 N =200 N =100 N=300 N =200 N =100 N=300 N =200 N =100
PSO-PF 198.306  130.010  65.479 145.6 147.8 148.2 36.4 37.0 37.1
PSO itk GPS-QMCPF 203.369  134.082  68.754 138.5 140.5 142.6 34.6 35.1 35.6
&6 BTHIEIXTEL
Table 6 Comparison of running time
o BATHE]/ s R RO A B H o4
N =300 N=200 N =100 N=300 N =200 N=100
PSO-PF 27.923 23.703 19.490 14.325 16.876 20.523
PSO {4t GPS-QMCPF  27.438  23.334  19.131 14.578  17.142  20.908
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2014 International Conference on Robotics, Micro-Mechanotronics and Artificial Intelligence ( RMAI 2014 ) will be
held from December 6 to December 7, 2014, in Shenyang, China. RMAI2014 is sponsored by Shenyang Aerospace Uni-
versity and co-sponsored by Shenyang University, Liaoning Shihua University, University of Management and Economics
(Cambodia) . This conference is a premier international forum for scientists and researchers to present the state of the art
of Robotics, Micro-Mechanotronics and Artificial Intelligence. Topics of interests are in the broad areas of Robotics, Micro-
Mechanotronics and Artificial Intelligence.

Robotics: The design, manufacture, navigation, control, sensors, actuators, environmental perception, obstacle a-
voidance technology, formation technology and application of all kinds of robot like industrial robots, health robot,special
robot, land robots, underground robot, aerial robot (also known as UAV) , USV( Unmanned Surface Vehicle) ,underwater
robot, space robot, parallel robot, nano-robots, etc.

Micro-Mechanotronics ; advanced mechanotronics equipment, sensing and control of mechanotronics, intelligent actu-
ator and materials, MEMS (Micro electro metro- mechanical system), NEMS ( Nanoelectromechanical system) , the ap-
plication of microsystems and mechanotronics in life sciences, Networked electromechanical systems sensor and network
etc. Artificial Intelligence ; troubleshooting, comprehensive health management, health forecast, fault-tolerant control, ma-
chine vision, image processing, biological characteristics and behavior analysis, pattern recognition and its application,
neural network, SVM ( support vector machine ), fuzzy logic, artificial intelligence algorithm, control and optimization
technique, expert system, decision support system(DSS) , DM ( data mining) , etc.

website ; hitp://rmai2014.sau.edu.cn/



