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Tab.1 Ammunition storage failure data

FFo BEARRR IREZIK AR/ % A7) /a 2R

1 10 293 40 5 0
2 10 293 40 8 1
3 10 293 40 13 1
4 10 293 40 17 2
5 10 293 40 23 3
6 10 298 50 6 0
7 10 298 50 10 1
8 10 298 50 15 2
9 10 298 50 21 3
10 10 298 50 23 4
11 10 303 35 5 0
12 10 303 35 9 1
13 10 303 35 12 0
14 10 303 35 19 2
15 10 303 35 24 3
16 10 298 45 5 0
17 10 298 45 8 1
18 10 298 45 13 1
19 10 298 45 17 2
20 10 298 45 23 3
21 10 303 55 6 1
22 10 303 55 10 0
23 10 303 55 15 2
24 10 303 55 21 2
25 10 303 55 23 3
26 10 308 40 5 1
27 10 308 40 9 1
28 10 308 40 12 2
29 10 308 40 19 3
30 10 308 40 24 3
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Fig.5 Effect diagram of BP neural network training optimized
by genetic algorithm: a) fitness curve; b) prediction value of
BP neural network before and after optimization; c) predic-
tion error value before and after BP neural network
optimization
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