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Application of deep cross—hybrid genetic neural network to
fault detection of liquid rocket engines
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Abstract;: This paper proposes a new hybrid algorithm based on genetic algorithm and BP neu-
ral network. First, multi—point optimization of the BP neural network’s weights and threshold values
in GA algorithm is carried out, and some chromosomes that are random sampled in each generation
perform single BP neural network training. The result gained above is returned to the chromosomes.
Second, stable weights and threshold values are obtained after the evolution of some generations,
then they are used as the initial value to train the BP neural network by seeking along negative
grads in error forward feedback algorithm, and finally the global optimum is gained.
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The proposed algorithm can avoid the deficiency of BP algorithm that may easily be steeped in

local optimums, and can also overcome GA’s shortcomings of long seeking time and low seeking due

to the method of enumerating. The results of simulation indicates that the ability of convergence and

diagnosis of the proposed algorithm is better than that of traditional BP neural network or only using

GA, and the algorithm can be effectively applied to the fault detection of liquid rocket engine.
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Tab.1 Training samples
F5 BESA BAGH RE
1 049744 04849 052336 05025 051022 1 0 E%
2 0.50085 0.48496 0.52336  0.50249 0.50706 1 0 %
3 0.49829 0.48492 0.52425 0.5025 0.50516 1 0 E#
4 0.49915 0.48492 0.52514 050244 0.50209 1 0 E¥
5 0.50169 0.48494 0.52602  0.50246 0.50217 1 0 E¥
6 0.5 0.48497 0.52514  0.50233 0.50486 1 0 E¥
7 0.50169 0.48493 052158  0.50247 0.5079 1 0 E%
8 0.50119 0.48557 0.50302  0.5058 0.5068 1 0 E%
9 0.50329 0.4855 0.50677  0.50575 0.50561 1 0 E%
10 050405 0.48563 051027  0.50574 0.50778 1 0 E%
11 0.48511 0.4854 061596  0.51786 0.51635 0 1 i
12 0.48148 0.48538 0.6315 0.51988 0.51142 0 1 Bk
13 0.48601 0.48525 0.72551  0.53594 0.40895 0 1 i
14 054769 0.48557 0.76944  0.52907 0.42555 0 1 -
15 055387 0.48432 076034 05235 0.41295 0 1 MR
16 057143 0.48382 075434  0.51891 0.41112 0 1 43
17 051803 0.48667 0.54054  0.49474 0.49185 0 1 i
18 0.52117 0.48659 0.55497 049739 0.49265 0 1 4
19 053035 0.48644 054137  0.49893 0.27079 0 1 K
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Fig.1 Sum of error square of genetic training
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Fig.2 Sum of error square of BP neural network
training after genetic training
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Fig.3 Chart of BP neural network training
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Tab.2 Data to be detected

F5 BABA RE

1 051803 0.48667 0.54054#0.49474 0.49185 R
2 052117 0.48659 0.55497 0.49739 0.49265 HHk
3 053035 0.48644 0.54137 0.49893 0.27079 bk
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Tab.3 The result of simulation

F5 wH BP A%

GA_BP ¥ RE

1 0.00000000038796 0.23342246976918 0.00000000005122 0.99999999994474 & K

2 0.00000020366413 0.01161012087963 0.00000000000001 0.99999999999999  # bk

3 0.04884155412407 0.00000229302760 0.00000000000000 1.00000000000000 & B
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