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Abstract

Low-thrust trajectory optimization is a critical enabler for ambitious space missions, including deep-
space exploration and large constellation deployment. However, traditional methods, namely Direct and
Indirect approaches, are plagued by either high computational costs or complex analytical derivations,
limiting their applicability to intricate problems. While Al-driven methods have emerged, they often
necessitate extensive trajectory datasets for effective training, hindering their versatility.

To address these challenges, we present an innovative trajectory optimization framework based on
Neural Ordinary Differential Equations (Neural ODEs) for unconstrained low-thrust scenarios. Our
method distinguishes itself through data-independence and efficient optimization. Unlike conventional
and data-dependent AI techniques, we eliminate the need for pre-generated trajectory datasets and la-
borious analytical derivations. Instead, we directly embed mission performance metrics, such as transfer
time and fuel consumption, into a differentiable loss function. Leveraging the continuous-time modeling
capability of Neural ODEs, our framework achieves gradient-based optimization with high efficiency.

The adoption of Neural ODEs offers several key advantages. Firstly, it inherently handles continuous
dynamics, circumventing discretization errors prevalent in traditional numerical methods. Secondly, the
flexibility of differentiable programming facilitates seamless integration of performance metrics and effi-
cient gradient computation. This allows for direct exploration of optimal trajectories within the continuous
control space, fully capitalizing on the benefits of low-thrust propulsion.

We validated our method through a series of benchmark tests encompassing classical orbital optimiza-
tion scenarios. These included rendezvous maneuvers modeled with Clohessy-Wiltshire (C-W) equations,
Earth-Mars transfers based on two-body dynamics, and geocentric orbit transfers incorporating J; pertur-
bation effects. Experimental results demonstrate that our Neural ODE optimizer successfully generates
optimized trajectories across these diverse scenarios, meeting performance criteria without relying on any
prior trajectory data or analytical derivations. Compared to traditional methods, our approach exhibits
competitive computational efficiency and trajectory quality.

In summary, our proposed data-independent Neural ODE framework provides a robust and compu-
tationally efficient alternative for low-thrust mission design. This method holds significant potential to
overcome the limitations of traditional approaches and empower future space mission planning, partic-
ularly for scenarios demanding rapid and adaptive trajectory generation. This work underscores the
transformative potential of Neural ODEs and Al-driven techniques in astrodynamics, paving the way for
more intelligent space mission design methodologies.



