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Introduction

The fast growth of high-resolution LIDAR data creates a significant 1/O bottleneck
in large-scale analysis and high-performance computing (HPC). This is an issue
with multi-step pipelines where LIDAR point clouds are used sequentially and
required to be rewritten as files between steps.
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This work introduces a novel, unified framework that eliminates this costly
redundant storage by directly integrating a RENO-based neural autoencoder with
Point Transformer V3 (PTV3) as the segmentation backbone. \We designed this _ _ _ _ _ _ _ _
end-to-end model to leverage the feature-rich latent space of the RENO decoder Fig G: Leﬁ most QOOSE point cloud is uncc?mpressed [1], middle point cloud is Q64 RENO Compression, right
as direct input for the segmentation network, bypassing the need to write and read most point cloud is Q512 RENO Compression.

Fig 4. PTV3D simplified pipeline. The general flow of how data is
processed Iin this work. A point cloud file is inference by a segmentation
model, which outputs a class mapping for the point cloud.

point cloud files.

This approach enables semantic analysis directly on compressed data,
significantly reducing |I/O overhead and end-to-end processing time while aiming to
maintain segmentation accuracy.
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Methodology
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