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Fast Calculation Method of High-altitude Electromagnetic Pulse Environment Based on Machine
Learning

WANG Jinjin,CHENG Yinhui, NIE Xin and LIU Zheng

State Key Laboratory of Intense Pulsed Radiation Simulation and Effect, Northwest Institute of Nuclear Technology,Xi’an 710024 ,China
Abstract The calculation of the environment of high altitude electromagnetic pulse is the basis of the electromagnetic pulse effect
technology and the protection. In order to quickly calculate the high altitude electromagnetic pulse environment parameters and
their distribution,a new method combining traditional calculation method with neural network method is proposed. Firstly.,it cal-
culates the HEMP discrete data with different explosive height,different equivalent and different position in space using the exis-
ting method. Second,it establishes the fast multi-parameter calculation model using neural network based on these discrete data.
Finally, this paper calculates the HEMP environment parameters of different explosive height, different equivalent and different
position in space using the established model in parallel batch. The distribution of the high altitude electromagnetic pulse is also
can be calculated quickly. Experimental results show that HEMP environment parameters and their distribution are accelerated
using the fast method. It can provide a large number of incident field parameters for the calculation of high altitude electromagne-

tic pulse conduction environment.

Keywords High-altitude electromagnetic pulse, Machine learning, Neural network, Fast calculation, Field distribution
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Input: hob,et,longtitude,latitude, m,n

Output:E[i][j]

1. num i=5 % hob/n;

.num j=2 * pi/m;

.E[i][1]=NeModelEmax(hob,et,i* n);
theta[i][1]=CalculatethetaA(longtitude,latitude,hob,i* n,0);
A=E[i][1]/thetali][1];

6
7.for j from 1 to numj do
8

2
3. for i from 1 to numi do
4
5

. theta[ i][j] = CalculatethetaA (longtitude, latitude, hob,i * n, numj *
s
9. E[LiJ[jJ=A * theta[i][j];
10. end for
11. end for
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