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boundaries, enabling autonomous vehicles to efficiently acquire road information, generate precise trajectory plans, and
complete tasks safely and reliably. However, with continuous technological advancements, autonomous driving technology
is gradually expanding into unstructured scenarios, including agricultural plant protection, field rescue, military reconnais-
sance, and field exploration. These environments often feature complex terrain, dynamic and variable conditions, sparse
perceptual information, and lack clear boundaries between traversable and non-traversable areas. Moreover, different ter-
rain characteristics have varying impacts on vehicle traversal, increasing the requirements for the autonomous navigation
capabilities of unmanned vehicles. Therefore, in autonomous navigation tasks, the accurate extraction of traversable areas
in complex off-road environments and the construction of traversability maps are crucial for the safe operation of autonomous
vehicles. To extract traversable regions, autonomous vehicles need to use sensors such as cameras or LIDAR to acquire
real-time environmental information, including obstacle locations and terrain features. This data are then processed to ulti-
mately achieve the extraction of traversable areas. However, while cameras can capture rich semantic information in
unstructured environments, their performance is susceptible to degradation due to lighting variations. By contrast, LiDAR
provides accurate three-dimensional positional information of the environment and is less affected by lighting conditions.
However, LiDAR point clouds lack strong semantic information, making it difficult to clearly interpret terrain features, and
issues such as the sparse nature of LiDAR and environmental occlusions lead to widespread information gaps in existing
elevation maps. To address the missing information in sparse elevation maps and improve the accuracy of the completed
data, this paper proposes an elevation map completion method that utilizes multisource data fusion and a sparse kernel
Bayesian prediction approach incorporating semantic information. This method enhances the elevation map and enables the
extraction of safer traversable areas. Method The first step involves fusing monocular estimation data from cameras to fill
gaps caused by LiDAR’ s near-range blind spots. The second step applies traversability condition judgments to obtain
binary semantics (traversable and non-traversable) , assigning semantic information to the elevation map. Statistical prob-
ability judgments are then used to determine the semantics of locations with missing elevation information. The third step
employs Bayesian sparse kernel inference, combined with the semantics of missing locations, to predict and complete the
elevation information at those locations. This process results in an accurate and refined elevation map, improving the preci-
sion of traversable area extraction. Result To validate the effectiveness of the proposed multisource data fusion and
semantic-aware sparse kernel Bayesian prediction method for elevation map completion, multiple experiments were
designed to individually test the efficacy of each module. First, real off-road datasets RELLIS-3D and TartanDrive2. O were
used as data sources, and a series of experiments was conducted. Comparative experiments were designed comparing the
proposed method with other completion methods to verify the effectiveness of the proposed Bayesian inference-based eleva-
tion map completion method for off-road environments. The effectiveness, accuracy, and completeness of different methods
were evaluated using metrics such as error, accuracy rate, and completion rate. On the RELLIS-3D dataset, the informa-
tion missing rate was reduced from 25.42% to 1. 56%, with a mean error of 0. 045 5 m and an accuracy rate of 94. 37%.
On the TartanDrive2. 0 dataset, the information missing rate was reduced from 65. 16% to 25. 15%, with a mean error of
0. 103 m and an accuracy rate of 93.28%. Comparisons with existing methods across various off-road scenarios demon-
strate the generality and effectiveness of the proposed completion method. To address the limitations of LiDAR-only comple-
tion methods, such as insufficient robustness and the inability to effectively complete nearby grids, the proposed algorithm
adopts a multisource data fusion approach by incorporating monocular depth estimation to achieve effective completion of
nearby grids. A comparative experiment was designed to validate the accuracy and effectiveness of the proposed monocular
depth estimation network proposed in this chapter. Experimental results demonstrate that the depth estimation algorithm
presented in this paper achieves the smallest error, confirming its effectiveness. Conclusion The proposed elevation map
completion method, which integrates multisource data fusion and Bayesian sparse kernel prediction with binary semantics,
not only obtains continuously varying elevation information in complex environments but also provides rich and accurate
elevation data for cost computation in traversability cost maps, thereby achieving effective completion of elevation maps. To
validate the effectiveness of the method, this chapter conducts accuracy verification and performance evaluation of each
algorithmic module on the basis of real off-road environment datasets. Experimental results demonstrate that the proposed

multisource data fusion module achieves the best performance in terms of both accuracy and completion rate. By systemati-
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cally addressing issues such as elevation data sparsity, the proposed method effectively and accurately completes missing

information in sparse elevation maps, significantly improving the precision of traversable area extraction.

Key words: elevation map; semantic sparse kernel Bayesian; completion method; off-road environment; traversable area
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Fig. 7 Traversability cost maps ((a) complex field scene; (b) elevation map of complex field scene; (c) cost map of complex field

scene; (d) obstacle scene; (e) elevation map of obstacle scene; (f) cost map of obstacle scene )
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Fig. 9  Error distribution of Bayesian prediction ((a) scenes;
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Fig. 10 Effect of semantic-aware sparse kernel Bayesian estimation method ((a) original laser point cloud map ;

(b) sparse and information-deficient elevation map; (¢) completion result of the proposed )
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Table 3 Comparison of monocular depth networks
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Table 5 Error calculation for each module
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Fig. 11

Demonstration of the effectiveness of elevation map completion methods

((a) scenes; (b) sparse and incomplete elevation map; (c) completed and enhanced elevation map )
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