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Figure 2 3-D and 4 spatial divisions diagram
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Table 1 PSP value when TS-MMODE takes different stage values

W3 B 4 : : ror it : :
=1 t1=50 t1=100 =150
MMF1 80. 39 96. 55 96. 97 94.74
MMF2 211. 61 431. 81 478. 38 431.26
MMF3 181.99 337.95 405.11 389.76
MMF4 121.22 139. 00 140. 12 144. 62
MMF5 35.95 43.59 43.58 43. 04
MMF6 40.93 43.34 43.50 43.38
MMF7 144.29 147.76 148.92 150. 06
MMF8 30. 35 65. 47 72. 85 72.58
MMF9 576. 90 580. 17 582.03 577.18
MMF10 2 254.30 2 328.90 2 330. 20 2 349.50
MMF11 681.95 680. 29 684. 03 681.58
MMF12 1 484.20 1 508.10 1 496. 40 1 505. 30
MMF13 56. 07 67. 86 70. 68 70.27
MMF14 32.36 32.40 32.35 32.27
MMF15 41. 60 41.48 41.71 41. 62
Omni-test 7.98 39.11 43.38 47. 05
SYM-PART_rotated 5.54 2.57 3.36 6.22
SYM-PART_simple 17.42 66. 06 67. 30 69. 20
%2 TS-MMODE FZ= BN HAREE PSP E
Table 2 PSP value with different number of TS-MMODE subspaces
HURENEEE Pb fi
Ns=2 Ns=4 Ns=6 Ns=38 Ns=9
MMF1 97.07 96.97 96. 39 95.61 95. 69
MMF2 449. 88 478.38 534.67 574.76 461.98
MMF3 474.23 405.11 476.12 474. 40 423.93
MMF4 143. 50 140. 12 117.98 106. 99 107. 50
MMF5 43.09 43.58 42.59 42.25 41.97
MMF6 43.36 43.50 42.72 42. 66 42.67
MMF7 147. 19 148. 92 147.25 147.71 144. 02
MMF38 72.77 72.85 67.63 68. 29 45.27
MMF9 579. 14 582.03 568. 62 547. 60 557.71
MMF10 2 321. 60 2 330.20 2 289. 30 2 311. 80 2 312.10
MMF11 681. 16 684. 03 671. 83 666. 90 665. 95
MMF12 1 507.50 1 496. 40 1 474.80 1 445.20 1475.10
MMF13 68. 19 70. 68 68. 12 67.28 69. 25
MMF14 32.37 32.35 32.07 31.90 31.59
MMF15 41.31 41.71 41.49 41.07 40. 86
Omni-test 46.24 43.38 46.51 45.61 50. 38
SYM-PART_rotated 41. 32 3.36 2.81 3.86 5.32

SYM-PART _simple 69. 50 67.30 58.97 56. 37 69.23
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2 3 W LLAE A SCH 1 A TS-MMODE %
A 18 MR R B A 16 A pR B 45 Bk T H
fle 5 AL BARTE MMF11 F 3R A 40 NSGATL,
{HJEARL T HoAth 4 PP 2 BS 2 HAUALAE . )
Sk, 5 MMODE B3kt ml LLE th, £E 18 4

T3 pR B AL SYM-PART _rotated X — pF %% 4 45
B MMODE

& 3 B8 T TS-MMODE 3578 PSP {H 2 T+
B K B MMF2, MMF3 . MMF7 . MMF9 . MMF10,
MMF12 3% 6 4~ i of % B4R 15 19 PF 5 B 52 PF,
M 3 Fal LLE H TS-MMODE B398 9% A H i &
R 25 W) 43 A i R PF,
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Table 3 PSP values of 6 algorithms on 18 test functions

s 2 PSP &
IRZWESR:' - P
NSGAII MO_Ring_PSO_SCD DN-NSGAII Omni-Optimizer MMODE TS-MMODE
MMF1 45.40 72.55 62.79 63. 35 68. 55 96.97
MMF2 147. 19 173. 56 90. 17 113.00 287. 89 478. 38
MMF3 179.70 208. 68 66.74 76. 49 327.54 405.11
MMF4 58.02 122. 06 33.75 34. 00 120. 37 140. 12
MMF5 20. 61 35.87 15.13 15. 10 32.99 43. 58
MMF6 18.22 38. 84 16. 61 17.24 24.78 43.50
MMF7 84. 85 110. 10 106. 06 105.70 123.71 148. 92
MMF8 1.58 54. 54 12.74 12. 38 60. 07 72. 85
MMF9 4.59 391.97 8.53 12. 17 504.71 582.03
MMF10 1 761.50 306. 45 2 025. 80 2 009. 00 1 635.60 2 330.20
MMF11 761. 63 533.74 521.74 547. 47 683. 89 684. 03
MMF12 978. 54 670. 72 958.23 1 101. 96 1 343.30 1 496. 40
MMF13 36. 37 52.67 23.78 28.35 49.03 70. 68
MMF14 27. 84 30. 26 15. 87 17.35 29.25 32.35
MMF15 39.51 36. 38 24. 86 26. 62 40. 10 41.71
Omni-test 7.13 10. 22 1.12 0. 87 43.32 43. 38
SYM-PART_rotated 3.29 25.56 0. 88 0.50 59. 68 3.36
SYM-PART_simple 0.15 32.33 0.30 0.29 64. 88 67. 30
1.0 §
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Figure 3 Obtained PF by TS-MMODE algorithm and true PF
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Delimitation and Evolution Pattern of Chinese Airports’ Aviation

Logistics Space Radiation Scopes

LI Yumin, LIU Yang, WANG Xianshun

(School of Management Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; It was significant to delimit reasonably the space radiation scope of airport aviation logistics and to
study on the evolution pattern of airports in the development and decision-making of airport. The principal
component analysis method was used to evaluate the aviation logistics comprehensive strength of 19 large air-
ports in 2007,2012 and 2017 in China.On the basis of this, the weighted Voronoi diagram method based on
the breaking point model was adopted to divide the aviation logistics radiation scope of each airport, which re-
vealed their evolution pattern and influencing factors of evolution in recent years. The paper drawed the follow-
ing conclusions: China’s eastern and southern airports had strong comprehensive strength in aviation logistics,
that of western and northern regions was weak. In recent years, most of the airports that their aviation logistics
radiation ranges expanded, were located in the central and western regions of China. Most of the airports that
their radiation ranges shrank and had no significant change were located in the southeast coast, north and
northeast of China. The overall economic and export-oriented industry development of the city where the airport
was located had gradually became key factors affecting the development of airport aviation logistics.

Key words: aviation logistics; space radiation scope; evolution pattern; principal component analysis

method ; weighted Voronoi diagram

(L% 14 T0)

Multimodal Multi-objective Differential Evolution Algorithm Based

on Two-stage Search

WANG Shenwen'?, ZHANG Jiaxing>, CHU Xiaokai"®, LIU Hong’, WANG Hui'

(1. School of Information Engineering, Hebei GEO University, Shijiazhuang 050031, China; 2. Laboratory of Artificial
Intelligence and Machine Learning, Hebei GEO University, Shijiazhuang 050031, China; 3.Tel Terminal Laboratory, China
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Abstract: In multimodal multi-objective optimization problem, the same position of Pareto front often corre-
sponded to multiple Pareto optimal solutions in decision space. However, the existing multi-objective optimiza-
tion algorithms could only obtain one of the Pareto optimal solutions. Therefore, in this paper, a two-stage
search multimodal multi-objective differential evolution algorithm was proposed, which divided the optimization
process into two stages; elite search and partition search. In the elite search stage, elite mutation strategy was
used to generate high-quality individuals to ensure the search accuracy and efficiency of the population. In the
stage of partition search, the decision space was divided into several subspaces, and the detected population
was used to explore each subspace in depth, so as to reduce the complexity of the problem and to improve the
expansion and uniformity of the population in the decision space. The performance of the algorithm was com-
pared with five classical algorithms NSGAII MO _Ring_PSO_SCD  DN-NSGAII, Omni-Optimizer MMODE on
18 multimodal and multi-objective optimization test functions, such as MMF1. Experimental results showed
that there were 16 test functions in the performance index of Pareto approximation ( PSP) of the proposed algo-
rithm, which were better than the other five comparison algorithms.

Key words: multimodal multi-objective optimization; differential evolution; two-stage search; elite variation;

partition search
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