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Abstract

The Weapon Target Allocation(WTA) problem is the NP-Complete problem. The WTA problem is that the threatful air
targets are assigned by weapon of allies for killing the targets. A good solution of NP-complete problem is heuristic
algorithms. Genetic algorithms are commonly used heuristic for global optimization, and it is good solution on the diverse
problem domain. But there has been very little research done on the generation of their initial population. The initialization
of population is one of the GA step, and it decide to initial value of individuals. In this paper, we propose to the
population initialization method to improve a Genetic Algorithm. When it initializes population, the proposed algorithm
reflects the characteristics of the WTA problem domain, and inherits the dominant gene. In addition, the search space
widely spread in the problem space to find efficiently the good quality solution. In this paper, the proposed algorithm to
verify performance examine that an analysis of various properties and the experimental results by analyzing the
performance compare to other algorithms. The proposed algorithm compared to the other initialization methods and a
general genetic algorithm. As a result, the proposed algorithm showed better performance in WTA problem than the other
algorithms. In particular, the proposed algorithm is a good way to apply to the variety of situation WTA problem domain,
because the proposed algorithm can be applied flexibly to WTA problem by the adjustment of RMI.
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E 2. Random Mutation Inheritel Pseudo Code
Table 2. Pseudo Code of Random Mutation Inherit
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E 3. &2|EY population A AlZHms)
Table 3. Time of Generating population with each

Algorithms(ms)
oty W=2 W=20 W=30 W=50
B pop=200 | pop=200 | pop=200 | pop=200
GA
(MT) 0.000071 | 0.000473 | 0.000716 | 0.000528
GA-S 0.000079 | 0.000464 | 0.000873 | 0.002514
(MMR) ) ) ) '
S(SSI_S%A 0.007490 | 0.045239 | 0.072428 | 0.127571
Pro- 0.01036 | 0.050336 | 0.081203 | 0.145381
posal

¥ darEls ¢ke] O 2713k W (MT:Mersenne twister)
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Genetic Diversity $4-2 A A slgdxo], w2k}
7} BA FZF St & BRo R 28 &= 9le=rtE Hrlet
= EAoly. fRlAew
F2 273t s, ol Hrtsle
¥ 4. d12|EH mean @t

Table 4. Result of mean value with each Algorithms

1A WxT WxT WxT WxT
el 20x20 30x30 50x50 30x50
GA 276.063 521.99 947772 | 1478473
(M.T) (9.55) (16.165) | (22.59) (20.91)
GA-S 147.146 222.821 | 341.116 1019.95
(MMR) (0.485) (0.926) (0.405) (0.097)
SSI_GA | 283.138 529.57 958.8 1491.73
(SSI) (11.273) (19.39) (22.63) (22.96)
Pro- 146.849 | 222.428 | 340.62 1019.91
posal (0.297) | (0.879) | (0.658) | (0.109)

¥ garglE <o O+ =718) W (M T:Mersenne twister)
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