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Geostationary orbital proton energy spectrum inversion
based on machine learning

Chen Jianfei, Zhou Hongtao, = Fang Meihua, =~ Wu Kang, Song Dingyi

(Institute of Aerospace, Nanjing University of Aeronautics and Astronautics, Nanjing 211100, China)

Abstract: Based on the correlation between ground neutron detection and the cosmic ray environment, a dataset
was constructed using the detection data of geostationary operational environmental satellites and various neutron
detection stations worldwide for the solar activity quiet period. Models for inverting the cosmic ray proton
environment from ground neutron detection data were established based on the extreme gradient boost decision tree
(XGBoost) and artificial neural network. They use genetic algorithm to solve the optimal hyperparameter and train the
parameters of each neuron of the neural network to realize the inversion of the cosmic ray proton environment. The
mean square error of the model training is 0.499, and the average inversion error of the test set is 26.9% respectively.
Compared with the radiation environment model commonly used in aerospace, the error is usually within 200%, which
is significantly improved. Multiple other machine learning algorithms, including support vector regression, error back
propagation training, long short-term memory network, were compared and the results show that the model established
in this paper has the advantages of short training time, fast computation speed, and low resource consumption.
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Table 1 Dataset overview

total data volume number of data used for the training set number of data used for the test set

8442 700 7598 430 844 270
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Table 2 Various indicators of different parameter schemes

indicators MSE RMSE MRE/%
default parameter scheme 0.605 0.778 19.6
initial parameter scheme 0.635 0.797 25.5
optimal parameter scheme 0.499 0.706 17.6
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Table 3 Comparison of indicators for four machine learning models

model MSE RMSE MRE/% training time/s
GA-XGBoost 0.499 0.706 12.5 135
SVR 2.632 1.622 264.6 620
BP 0.641 0.801 84.2 3625
LSTM 0.131 0.361 17.5 6390
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Fig.3 Fluxes calculated by our model and SVR, BP, LSTM models, Fig. 4 Fluxes calculated by our model and SVR, BP, LSTM models,
in comparison with flux data detected by GOES10 in comparison with flux data detected by GOES13
detector in solar minimum detector in solar maximum
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Fig. 5 Calculated fluxes comparison among our model, the CREME96 Fig. 6 Calculated fluxes comparison among our model, the CREME96
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