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Abstract

Target navigation is a core skill for robots to perform tasks in complex real-world environments, which requires robots to integrate
multi-domain capabilities such as visual perception, scene understanding, and motion planning to achieve target localization and
obstacle avoidance. The unknown and uncertain nature of unstructured environments makes it difficult for robots to obtain prior
knowledge of the environment, leading to problems such as low navigation efficiency and weak generalization ability. Traditional
SLAM methods rely solely on geometric point cloud modeling and ignore semantic information, thus requiring global exploration to
be completed before planning the target path, resulting in low navigation efficiency. Although there are current studies that construct
a fused semantic map by associating semantic information with geometric mapping, these methods are still limited to modeling the
observed areas, and the unobserved areas can only be modeled after being approached. Therefore, this paper proposes an environment
prediction map method based on semantic segmentation, which predicts the unobserved areas and generates semantic maps by
learning semantic priors, and combines the uncertainty of the semantic classes in the unobserved areas to locate the navigation
targets, thereby improving navigation efficiency.
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