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Fig. 2 Inversion results of thermal conductivity with different o
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Tab. 1 Inversion results of each algorithm without
using multi-round upgrading strategy
T max Finitial Algorithm Ffinal Ew/%  Time/s
PSO 8.272 98. 823 920. 5
1 64.423 QPSO 14. 692 — 966. 9
MAQPSO 6. 086 61.54 249. 6
PSO 39. 776 — 920.7
10 61.746 QPSO 61. 746 — 967.2
MAQPSO 43. 888 — 250.1
PSO 100. 705 — 921.3
100 369.818 QPSSO 211. 851 966. 8
MAQPSO 164. 858 — 249.1
PSO 375. 399 — 920. 4
1000 482.743 QPSSO 227.936 — 967.1
MAQPSO 217.698 — 249. 2

T — FR R SOEG R XT 3R2E En KT 1002,
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Tab. 2

using multi-round upgrading strategy

Inversion results of each algorithm

Tmax  Finital Algorithm Final Ew/%  Time/s
PSO 3.850 4.047 922.3

1 64.423 QPSO 3.811 2.052 969. 1
MAQPSO 3.811 2.862 252.6

PSO 11. 394 41,227 922. 4

10 61.746 QPSO 3.812 2.173 969. 5
MAQPSO 3.811 2.567 253.3

PSO 85.407 71.973 922.9

100 369.818 QPSO 3. 810 2.102 969. 2
MAQPSO 3. 815 2. 350 252.5

PSO 267.626 — 921.6

1000 482.743 QPSO 3.811 2.524 969. 4
MAQPSO 3.812 2.716 252.1
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Fig.5 Thermal conductivity inversion results obtained by
different algorithms in the search range of (0,1)
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Thermal conductivity function estimation approach based on improved

quantum-behavior particle swarm optimization algorithm

XI Zhen-xiang, YU Fan”
(School of Energy and Environmental Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract; In this paper,the improved quantum-behavior particle swarm optimization algorithm is applied
to the estimation of thermal conductivity function of materials,and a multi-round upgrading strategy is
proposed to optimize the search process of the algorithm, which forms a robust and efficient inversion
method. The performance of this method under measurement errors and system errors is tested by
numerical experiment, and the performance of different particle swarm optimization algorithms is
compared and studied. The results show that the inversion method presented in this paper can converge
stably in a large search range and dimension,and has low sensitivity to measurement errors. The multi-
round upgrading strategy can improve the searching efficiency of various kinds of particle swarm

optimization algorithms in thermal conductivity function estimation problems.

Key words: thermal conductivity function estimation; inversion method; improved quantum-behavior

particle swarm optimization algorithm;multi-round upgrading strategy;search efficiency
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