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A neural network-based approach to modelling unmanned vehicle dynamics
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(1. Intelligent Game and Decision Lab(Military Intelligence Institute), Beijing 100001, China; 2. Defense Innovation Institute, Beijing 100071, China; 3.
Jilin University, National Key Laboratory of Automotive Chassis Integration and Bionics, Changchun 130021, China)

Abstract: To meet the demands of cooperative and parallel simulation for multiple unmanned vehicles in
simulated battlefield scenarios, and to address the challenges of high data acquisition costs and low
simulation efficiency in complex terrestrial environments, this paper develops a neural network-based
method for modeling the dynamics of unmanned vehicles. This approach utilizes deep learning and physical
embeddings to achieve high-precision nonlinear dynamics simulations. Initially, tire-terrain interaction
dynamics models are built using Discrete Element Method (DEM) simulations and experimental data,
creating a dataset of tire contact forces for various terrain types such as mud and sand. This dataset is utilized
to train a nonlinear neural network tire model suited for complex terrestrial environments. Subsequently, a
three-degree-of-freedom dynamics model of the unmanned vehicle incorporating this tire model is
constructed, generating a physically meaningful and bounded dataset, which is further used to train a

residual neural network for solving vehicle dynamics. The model is validated through its application in
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unmanned vehicle trajectory tracking control and its deployment on a domestic supercomputing platform,

confirming that the model's computation time is suitable for real-time simulation tasks in military scenarios.

The results demonstrate that the neural network-based dynamics solver enables high-accuracy and efficient

simulation of unmanned ground vehicles, fulfilling the requirements for vehicle trajectory tracking tasks in

simulated battlefield environments.

Keywords: Neural Network; Deep Learning; Automotive Dynamics Modeling; Discrete Element Modeling

of Contact; Tire Friction Modeling
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Fig. 13 Neural network model dataset generation flowchart
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