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RayOcc: Occlusion-Aware Ray Occupancy Estimation via Gaussian Mixture Intensity
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¢ Existing ray-based methods typically favor a single Gaussian Initialization Analysis

dominant depth, although a camera ray may

* Qualitative Comparison with GF-2 and VG3T

intersect multiple occupied surfaces.

*+ Softmax-normalization couples depth hypotheses

through competition, while multiple occupied

regions should coexist independently along a ray.
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v Reformulate ray reasoning as multi-label occupancy
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existence, rather than single-depth estimation.
RayOcc better preserves partially occluded objects and reduces fragmented prediction by

v’ Predict a non-normalized Gaussian mixture GaussianFormer-2 VG3T Ground Truth
. . o o . . . maintaining multiple depth hypotheses along each ray.
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* denotes average number of Gaussians per scene.



