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Abstract: Inertial/Global Navigation Satellite System (GNSS) integrated navigation has been widely applied in various mobile
platforms such as unmanned aerial vehicles (UAVs). However, during GNSS signal outages, INS errors accumulate rapidly, severe-
ly degrading navigation accuracy. Existing research primarily focuses on horizontal two-dimensional error modeling while neglect-
ing the dynamic characteristics in the vertical (altitude) direction, limiting its practical application in three-dimensional space. To
address this issue, this paper proposes a dual-branch neural network model for three-dimensional navigation, which simultaneously
models position increments in the longitude, latitude, and altitude directions to cater to the demands of dynamic navigation in 3D
space. The model adopts a decoupled dual-branch structure built with LSTM and GRU networks, designing separate modeling
paths for the horizontal and vertical components. A convolutional neural network (CNN) is further incorporated into the main
branch to enhance temporal feature extraction. Experimental results demonstrate that the proposed network significantly improves
three-dimensional navigation accuracy. Compared with conventional positioning methods, it reduces the root mean square error
(RMSE) along the east, north, and up axes by 97.8 %, 97.9 %, and 26.2 %, respectively, demonstrating its strong potential for prac-
tical deployment.
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