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Challenges in LiDAR Geometry Compression

📦 Massive Data è Storage & Bandwidth Bottleneck

🌐 High Bit-Depth Sparsity è Broken Spatial Context

⚡ Real-Time Constraint è Limited Compute Budget

Due to these challenges, achieving both high compression efficiency and 

real-time performance becomes difficult.



Our Approach: ELiC

🔁 Reuse Information è Cross-bit-depth Feature Propagation

🎛 Adapt to Distribution è Bag-of-Encoders

⚡ Reduce Overhead è Morton-order Hierarchy

Together, these components enable ELiC to achieve efficient compression 

while maintaining real-time performance.



Cross-bit-depth Feature Propagation

• Reuse dense low-level context for sparse high-level prediction

Conventional: Level-independent Processing

• Each depth processed independently

• Re-derives spatial context every time

• Fails in sparse high bit-depth

Proposed: Cross-bit-depth Feature Propagation

• Reuse features from lower depths

• Propagate rich contextual information

• Robust even in sparse regions



Bag-of-Encoders

• Different bit-depth levels require different model capacities

Distribution varies across bit-depths

• Different occupancy patterns per level

• Single encoder is suboptimal 

Bag-of-Encoders (BoE) 

• Multiple encoders with diverse capacities

• Select the best encoder per level 

• Match model to data distribution 



Morton-order Hierarchy

• Remove redundant sorting for faster processing

Repeated Sorting Overhead

• Sorting required at each bit-depth level  

• High computational overhead  

• Increased latency

Morton-order Hierarchy

• Maintain a global Morton order  

• Eliminate per-level sorting  

• Efficient hierarchical traversal



Results: Runtime Efficiency

• ELiC achieves the fastest runtime among all methods

• Up to 4× faster than G-PCC [1] 

• Comparable to RENO [2], but with better compression

[1] WG07 MPEG, "Enhanced G-PCC Test Model v30," ISO/IEC, 2025.
[2] K. You et al., "RENO: Real-Time Neural Compression for 3D LiDAR Point Clouds," CVPR, 2025.



Results: Compression Performance

• ELiC achieves state-of-the-art compression efficiency

• Ford [3]: Best BD-rate (-26.5%)  

• KITTI [4]: Near-SOTA (-33.3%)

• Better compression–runtime trade-off than all methods

[3] G. Pandey et al., "Ford Campus Vision and LiDAR Dataset," IJRR, 2011.
[4] J. Behley et al., "SemanticKITTI: A Dataset for Semantic Scene Understanding of LiDAR Sequences," ICCV, 2019.



Ablation: Effect of Feature Propagation and BoE

• Feature propagation reduces bits even without BoE

• BoE further improves compression efficiency



Ablation: Effect of Morton-order Hierarchy

• Eliminates per-level sorting overhead

• ~15% latency reduction by removing sorting

• Encoding: 0.142s → 0.121s  

• Decoding: 0.128s → 0.111s



Conclusion

🔁 Reuse è Preserve spatial context  

🎛 Adapt è Match data distribution  

⚡ Reduce è Eliminate overhead

• State-of-the-art compression performance 

• Real-time runtime (≥10 FPS)

• Best compression–runtime trade-off

• ELiC bridges the gap between efficiency and real-time LiDAR compression


