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Abstract: The combined navigation method of Global Navigation Satellite System(GNSS) /Inertial
Navigation System(INS) is commonly used in the navigation field. After the GNSS signal loses,
due to the rapid accumulation of Inertial Measurement Unit(IMU) errors over time, the positio-
ning results will deviate from the true position of the carrier and the navigation accuracy will de-
crease. To solve this problem, a Deep Kalman Filter(DKF) algorithm based on Long Short-Term
Memory(LLSTM) is proposed. The core idea of the DKF algorithm is to use LSTM to train the
IMU error model, and then predict the IMU error through the trained model, and finally bring the
predicted IMU error into the IMU data to correct the navigation results. The simulation results
show that the DKF algorithm reduces the error from 1.1537m/s to 0. 3746m/s for the 200s test
data. Compared with the methods of average prediction, Kalman prediction and least square esti-
mation, the DKF algorithm has the smallest error and advanced navigation performance.
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Fig. 3 Navigation calculation model based on DKF
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