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Figure 2 Flowchart of PSO clustering based on GPU
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struct Particle_t{
double x;
double y;
double fitness;
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struct Particle_t{

double* x;
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double* y;

double* fitness;
} particle;
particle.x =new double n];
particle.y =new double [n ];
particle.fitness =new double [n]o
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Table 1 Algorithm running time comparison
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32 6. 045 28. 357 4.69
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256 10. 741 195. 987 18.25
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Table 2 Experimental results comparisons of four algorithms

e PATIFIE /s AN T s
TPHA K-means-AC ~ PSO-AC GPSO-AC TPHA K-means-AC ~ PSO-AC GPSO-AC
bayg29 0.15 0.12 42.00 1. 80 14 293.10 14 223.30 10 403.20 10 403. 20
berlin52 0.27 0.30 87.35 3.50 9 754.85 9 743.70 8 423.24 8 470. 35
st70 0.40 0.38 124.94 11.88 1 077. 00 1 083.50 830. 09 826.93
eil101 1. 00 1.30 226.72 18.77 926. 74 906. 80 695. 27 681. 10
ch150 3.18 3.51 499. 82 32.32 9 817.40 1 006. 71 7 347.33 6 673.28
kroA200 7.41 7. 60 704. 10 35.13 36 926.40 36 563.10 31 940.70 31 271.10

B 5 GPSO-AC 7£ eill01 FRYIEITER
Figure 5 Result of GPSO-AC on eil101
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Figure 6 Result of GPSO-AC on ch150
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Table 3 Results of GPSO-AC for traveling salesmen

e A% & it IALH

Rt AR i
1 6 818.70 7 126.05 7349.15
2 5 661.20 7224.70 7354.95
3 5 500. 55 7 278.90 7357.25
4 8 414.75 7 199. 60 7 339.80
B 26 395.20 28 829.25 29 401.15
PRfEZ 1165.26 54.97 6.74
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Figure 7 Results of GPSO-AC on chn31 with 4 salesmen
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CUDA -based Parallel Swarm Intelligence Method for Solving Weighted MTSP

SU Shoubao'*, ZHAO Wei"?, LI Zhi'?

( 1.School of Computer, Jiangsu University of Science and Technology, Zhenjiang 212003, China; 2.Jiangsu Key Laboratory of
Data Science and Smart Software, Jinling Institute of Technology, Nanjing 211169, China)

Abstract: To solve the low running speed of the multi-raveling salesman problem ( MTSP) using the heuristic
method, a CUDA-based hybrid particle swarm clustering-ant colony algorithm ( GPSO-AC) was proposed by
integrating their parallel characteristics with programming techniques optimally. GPSO-AC used GPU’s instruc—
tion architecture with multiple stream processors ( SM) and single instruction multithreading ( SIMT) to
parallel the search process of numerous independent individuals, so as to accelerate the execution speed of the
hybrid iterative method. GPSO-AC was tested on 6 datasets compared with other methods, such as PSO-AC,
TPHA and K-means-AC. Then the influence of cost equilibrium constraint on the convergence performance of
the optimal solution of weighted MTSP problem was discussed. Furthermore, the cost standard deviations
obtained from GPSO-AC on chn31 with different traveling salesmen, were 1 165.26, 54.97 and 6. 74 in the
three cases respectively. The experimental results showed that the proposed algorithm was much faster than oth—
er CPU based algorithms and the advantage becomed more obvious with the expansion of the model size, and
the convergence precision of the algorithm was better than the similar algorithms for solving MTSP problems.

Keywords: multiple traveling salesman problem( MTSP) ; CUDA parallel algorithm; cost-balanced; particle

swarm clustering; ant colony algorithm
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Robust H  Filtering for Markov Jump Systems with Unknown Transition

Probabilities and Packet Dropouts

ZHANG Duanjin, WANG Zhongkun

('School of Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: The robust H, filtering problem of Markov jump systems with partly unknown transition probabilities
and packet dropouts was investigated. Assuming that the probability of packet dropouts would obey Bernoulli
distribution, a discrete-time Markov jump system with uncertain parameters and mode-dependent full-order fil—
ter were constructed based on the Delta operator. The slack matrix variables were introduced to solve the cross
coupling between the system matrices and the Lyapunov positive matrices. The Lyapunov function, Schur com—
plement and linear matrix inequalities were used to obtain sufficient conditions for the system to be stochasti—
cally stable and satisfy H_ performance. The optimal H_ performance index of the Delta operator system and the
shifting operator system were obtained respectively with the known probability of packet dropouts. When the
probability of the packet dropouts were lower, the robust performance as well as the optimal H_ performance of
Delta operator system were better than the shift operator system. Numerical simulation proved that the method
proposed in this paper not only was effective and feasible, but also had certain advantages.

Keywords: Markov jumping systems; uncertain parameters; packet dropouts; Delta operator



