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Fiber Optical Gyro Random Errors Prediction
Based on EMD-SVR
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Abstract: In order to improve the accuracy and compensation result of fiber optic gyro random
error modeling, a random error prediction method based on empirical model decomposition and
support vector machine is proposed. In view of the non-linearity and non-stability of random er-
rors, as well as the low accuracy of direct prediction, the empirical model decomposition is used to
decompose the original data to reduce the complexity of time series. The intrinsic mode function
and trend sequence are constructed with the empirical model decomposition, and the prediction
model based on support vector machine is constructed. Then, the prediction results of the obtained
components are combined to obtain the prediction result of the fiber optic gyro random error.
Based on the random error data of fiber optic gyro. the results show that compared with the tradi-
tional prediction method, RMSE and MAE are reduced by 78.4% and 75. 5%, respectively, which
effectively improves the regression accuracy.
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Tab. 1 Prediction error of series

T ¥ 5 RMSE MAE
IMF1 0.1265 0.1025
IMF2 0.1029 0.0853
IMF3 0.1089 0. 0936
IMF4 0.1518 0.1361
IMF5 0.0572 0. 0467
IMF6 0.0101 0. 0098
IMF7 0.0016 0.0014
trend 0.0046 0. 0046
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Tab. 2 Prediction error of three algorithms

T 77 2% RMSE MAE
ARMA 3.0328 2.5582
SVR 1. 2093 0. 8284
EMD-SVR 0. 2601 0.2023
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