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In GNSS-denied deep space exploration missions, high-precision state estimation and navigation

positioning are critical to ensuring the successful completion of complex mission objectives.

However, the environmental characteristics of extraterrestrial surfaces, such as drastic

illumination changes, monotonous textures, and sparse features, often lead to the failure of

traditional visual navigation systems. Meanwhile, IMUs, despite their high-frequency and anti-

interference capabilities, face the challenge of integration error accumulation caused by biases

and noise. Although Visual-Inertial Odometry (VIO) achieves complementary advantages through

multi-source fusion, existing end-to-end deep learning methods often lack explicit physical

modeling, this deficiency leads to a sharp degradation in generalization performance and

susceptibility to drift in extreme environments, thereby failing to meet the stringent standards

required for aerospace-grade missions.

To address the extreme environments of extraterrestrial bodies and the limitations of existing

methods regarding the lack of physical consistency and insufficient generalization, we propose a

Physics-Aware Hybrid Deep Visual-Inertial Odometry (PDVIO) navigation method suitable for

extraterrestrial bodies, this framework is dedicated to deeply coupling physics-driven kinematic

priors with data-driven deep representation capabilities to construct a navigation system that

possesses both strong robustness and high precision. Specifically, this study comprises three core

contributions: First, addressing the integration drift caused by IMU noise, we designed an

analytical physical pre-integration module based on Lie Group Theory, unlike traditional networks

that directly regress pose parameters, this module explicitly constructs IMU motion differential

equations on the SE(3) manifold, embedding hard rigid body dynamic constraints directly into the

network structure, thereby substantially reducing the risk of model divergence in extreme

environments. Second, to cope with visual perception degradation caused by high-dynamic

illumination changes and sparse textures, we introduce a FlowNet-enhanced multi-scale feature

encoder, by extracting hierarchical spatiotemporal optical flow features via a pyramid structure,

this enables the system to effectively capture ego-motion states based on optical flow field



consistency even in regions with extreme textures, significantly enhancing the stability of front-

end tracking. Finally, addressing the drawback of traditional methods relying on fixed noise

covariance, we propose a differentiable factor graph back-end framework based on Graph

Attention Networks (GAT). Utilizing an attention mechanism to dynamically learn the confidence

weights of visual and inertial modalities according to the real-time dynamic environment, this

successfully achieves adaptive end-to-end joint optimization from feature extraction to state

estimation, greatly improving the system's adaptability and navigation accuracy in complex deep

space environments.

Experiments conducted on simulation datasets and real-world ground data demonstrate that,

while maintaining the efficiency of deep learning feature extraction, this method significantly

enhances the robustness and generalization capability of the navigation system, specifically, the

trajectory estimation error is markedly reduced compared to traditional end-to-end models,

effectively mitigating long-term integration drift. Therefore, this study not only validates the

effectiveness of embedding physical priors into deep learning frameworks, addressing the issues

of insufficient robustness and limited autonomy inherent in purely data-driven methods within

aerospace scenarios, but also provides a highly reliable and high-precision navigation solution for

future planetary exploration missions involving precise pinpointing and navigation.
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