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A GPS/INS Integrated Positioning System Based on
CNN-GRU Model to Improve Positioning Performance in GPS
Shaded Areas
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Abstract Positioning technology is essential for the safe operation of moving objects in real-time, such
as autonomous vehicles and UAVs. While traditional GPS/INS fusion positioning systems offer high
accuracy, their performance degrades in GPS shadow zone due to the error accumulation problem of
the INS. To address this issue, a GPS/INS fusion positioning system based on CNN-GRU is proposed in
this paper. The proposed system predicts the position of the moving object in GPS shadow zone using
a CNN-GRU model and inputs the predicted values into a Kalman filter to estimate the position with
high accuracy even in GPS shadow zone. In order to validate the performance of the proposed model,
training and simulations were performed on the North Campus Long-Term (NCLT) dataset. Experimental
results show that the proposed positioning system reduced the positioning error in GPS shadow zones

by up to 83.3% compared to the positioning results using only the traditional Kalman filter.
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Fig. 1. Block diagram of Kalman filter.
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Fig. 2. Model structure of 1D—-CNN.
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Fig. 3. Structure of the CNN-GRU based GPS/INS
fusion sensing system in GPS unshadow
zone.
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Fig. 4. Structure of the CNN-GRU based GPS/INS
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Table 1. RMSE, Max Position Error in Outage #1, #2.

Max Position

RMSE (m) Error (m)
North East North East
Pure INS 282.79 | 524.97 | 319.14 | 544.93

#1 Kalman Filter 26.64 7.39 57.62 | 21.19
KF + CNN-GRU 3.93 4.86 9.63 13.83

Pure INS 679.89
#2 Kalman Filter 36.99 10.82 | 54.00 18.75
KF + CNN-GRU 11.80 3.62 19.39 4.87
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