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Current Challenges: 1. Convert files to ply with only xyz data (15,000 point clouds total) 0.68 _ 5
- Most Lidar Compressors in literature struggle between achieving competitive 2. Quantization (if necessary) Model 2500859
compression and real time performance [1] 3. Compression + Decompression (including dequantization) 0.66 o p71y3
- Recently compressors have been beginning to achieve this balance but their impact on 4. Due to point loss, reconnect labels by connecting each point to the closest label from original via --»- SphereFormer W . .
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how well it IZan extend to}:jpiversi off-road environments [1] intensity. Also converts them back into binary files 0 PSNR VS Compression Ratio (random samble of 100)
6. Sphereformer (~25 epochs) and PTV3 (50 epochs) model is trained on this decompressed data
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segmentation tasks for diverse off-road navigation S 50
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- RENO compressor performs the best on downstream semantic segmentation with minimal decay in
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One-Shot s ‘ - TMC13 achieves median to low mloU compared to LCP and RENO, performing worse or similarly to LCP at
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& . o8 e « o« iRelLocation: - Ultimately bolsters neural-based compressors as viable & most performant for diverse off road navigation
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