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1 Introduction

Transmitting point cloud data is vital for applications like au-
tonomous vehicle navigation, especially when vehicles are compute
limited and unable to run large 3d semantic segmentation models
locally. LiDAR data filmed over several hours or days easily grows
to gigabytes or terabytes uncompressed, making cloud-based model
inference or peer to peer vehicle networks costly, especially on low-
power devices like drones. While recent research has advanced
point cloud compression, most work evaluates performance us-
ing object detection and on urban datasets like SemanticKITTI [1]
or nuScenes [2]. These do not exactly reflect performance on off-
road outdoor data, which is typically noisier and less structured. We
benchmark 3 LiDAR compressors, RENO (neural-based) [8], TMC13
(rules-based baseline) [5], and LCP [9] (scientific particle compres-
sor untested in this domain) on the GOOSE dataset [6]. We trained
2 3d semantic segmentation models on this decompressed LIiDAR
data to observe their downstream segmentation performance.

Code is available at https://github.com/AdamNiem/goose-reno-
compression-suite.
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2 Methodology
2.1 Preprocessing and Overall Pipeline

To conduct this experiment, we followed these general steps:

(1) Convert files to ply with only xyz data

(2) Quantization (if necessary)

(3) Compression + Decompression (including dequantization)

(4) Due to point loss, reconnect labels by connecting each point
to the closest label from original via K-Nearest Neighbors
using a neighborhood of 1

(5) Restore intensity values via the same method as step 4 into
file to turn it from xyz only to xyz and intensity. Also con-
verts them back into binary files

(6) Sphereformer (25 epochs) [4] and PTV3 (50 epochs) [7] model
is trained on this decompressed data with configuration
based on GOOSE PTV3 example config from scratch for each
compression level [6]. Both were allotted 30 hours and 2
A100s

Additionally, for RENO, since it is a machine learning approach, it
requires training the compressor. Therefore the compressor was
trained on the training data of goose. This was done to prevent
the compressor from leaking information about the test data to the
downstream semantic segmentation models.

2.2 Timing

We also benchmarked the speeds of the commpressors to serve
as a rough comparison only since RENO utilizes GPUs [8] while
LCP and TMC13 are currently CPU only [9] [5]. The timings were
collected from the printed times provided by each compressor

Table 1: Resources allocated for compressing the entire
GOOSE dataset with different compressors. All CPU cores
were Intel® Xeon® Gold 6258R @ 2.70GHz (x86_64).

Compressor CPUs GPUs Memory
RENO 32 x Xeon Gold 6258R 1 x V100 64 GB
LCP 4 x Xeon Gold 6258R None 16 GB
TMC13 4 x Xeon Gold 6258R None 16 GB
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2.3 Evaluation Metrics

For evaluation 4 key metrics were used. Those being mIoU, Com-
pression Ratio, PSNR D1 (Point to Point), and PSNR D2 (Point to
Plane). Here mIoU serves as a metric to highlight the downstream
semantic segmentation model’s accuracy on the validation data
where higher mIoU is better. Compression Ratio is used here to
measure the effectiveness of each compressor in compression and
in this case is calculated as the file size in bytes of the original
LiDAR point cloud as an ASCII PLY file divided by the size of the
compressed file in bytes. This is done so as to keep all compres-
sion ratios between compressors consistent And for measuring the
quality of the decompressed point clouds we use PSNR D1 and D2.

3 Results
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3.1 LCP

LCP achieves competitive results to RENO and TMC13 despite
never having been used in this domain before. Although it also has
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wide disparities across models, with a 9% difference in mIoU at error
bound 0.0859 between the 2 models tested. It also has the fastest
decoding time of those tested although with a similar encoding
time to TMC13.

3.2 RENO

RENO compressor performs the best on downstream semantic seg-
mentation with minimal decay in performance over the levels of
compression tested. Across the compression ratios tested, RENO is
able to maintain a downstream mloU above 74% for all compression
ratios on PTV3 and Sphereformer, ranging from a compression
ratio of 50 all the way to 400.

3.3 TMC13

TMC13 achieves median to low mIoU compared to LCP and RENO,
performing worse or similarly to LCP at similar compression ratios.
Specifically, it initially gets an mIoU of 77% for both models at a CR
of 25 and gradually degrades consistently for both models

4 Conclusion

Overall we find RENO to perform the best of the compressors
evaluated, bolstering neural-based compressors as viable for diverse



Evaluating LiDAR Compression for 3D Semantic Segmentation in Diverse Off-Road Environments

off road navigation. We also find LCP to be competitive in this
domain although the data suggests LCP introduces distortion to the
point clouds that can greatly vary the performance of downstream
semantic segmentation models. Meanwhile TMC13 does moderately
in comparison to both LCP and RENO overall. We ultimately find
RENO’s compression capabilities transfers well to outdoor off-road
scenarios as well as highlighting LCP’s potential usefulness in
forming future point cloud compressors.

5 Future Work

Future work would include exploring the reason for LCP’s discrep-
ancy between models as well as looking into further exploring how
sensitive RENO is to out of training distribution point clouds. An-
other promising direction would be investigating building upon
RENO to go from a single frame compressor to a multi-frame com-
pressor. For example, one paper, when testing on the KITTI LiDAR
dataset, “...find that on average 99% of each point cloud is geomet-
rically overlapped with the previous point cloud.” [3]. They also
claim to have been able to have a “40x to 90x compression rate” via
exploiting this temporal relationship. Therefore expanding RENO
to take advantage of this temporal redundancy could see major
improvements in compression performance.
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