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Conservative enclosing box construction algorithm based on implicit geometric
coding with Lipschitz linear constraints
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Abstract: Currently the mainstream enveloping box methods are widely used in 3D scene rendering, ray tracing, and
collision detection tasks; however, these methods suffer from the problems of low space utilization and insufficient
fitting accuracy in fitting complex geometries, which are difficult to ensure strict conservatism and still have room for
improvement in reducing false detection rates. To address these issues, a conservative bounding-box construction
method combining implicit geometric coding and Lipschitz constraints was proposed. Implicit geometric coding
mapped the input coordinates to a high-dimensional space via position coding, thus capturing local and global
geometric information and improving bounding-box adaptability. A trainable Lipschitz-constrained linear layer was
introduced to dynamically adjust Lipschitz constants control gradient changes, and Lipschitz regularization loss was
combined with dynamically weighted cross-entropy loss to reduce the FP rate while optimizing the boundary fitting.

The experimental results demonstrated that the method can achieve a false-negative rate of 0 on multiple 3D models
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and reduce the false-detection rate by up to 3.1% compared to the benchmark method, and improve the single-ray

query method by 1.7 ms, providing a highly efficient and robust solution for high-precision conservative bounding

box fitting.

Keywords: conservative bounding box; Lipschitz constraint; implicit geometric encoding; ray tracing; collision detection
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Fig. 6 Comparison of FPR for each bracketed box methodology ((a) ShapeNet dataset; (b) Stanford 3D scanning repository)
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Table 2 Comparison of single ray query time/ms
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Table 3 Comparison of ablation experiment results
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