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Tab.1 Data comparison of automatical output of material identification with the quantify of material scaled by man
/N /mm /g/cm? /g/cm? ( ) ( ) /mg
5880. 00 6.074 1.6362 0.0026 499. 2 498. 7 0.5
4468. 80 6. 145 1.6141 0.0042 498. 4 498.0 0.4
1644. 44 6.958 1.4275 0. 0044 496. 6 495. 8 0.8
5353. 05 6.136 1. 6165 0.0022 497.7 498. 6 —0.9
2009. 00 6. 643 1.4937 0. 0041 500. 4 501.2 —0.8
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Application of neural networks based on genetic algorithms to

identification of loading materials for initiating explosive device
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Abstract: Based on the analysis of the pressing model of loading materials for initiating

explosive device and the cooperation of computing intelligent theories, an identification

system of loading materials for initiating explosive device was developed with neural

networks and genetic algorithms. Experiment results show that this system can satisfy the

identification requirement of loading materials for initiating explosive device.

Key words: genetic algorithms; neural networks; loading materials for initiating explosive
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