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Abstract: In LiDAR point cloud segmentation tasks, the high cost of constructing labeled data is a significant challenge. To
address this issue, methods that leverage labeled data generated by simulators have gained attention. However, domain gaps
between simulated and real data often degrade generalization performance. To mitigate this, we have developed a method
that uses diffusion models to transform simulation data into more realistic pseudo-real data. In this paper, we explore a semi-
supervised scenario where this pseudo-real data is mixed with real data for training. By evaluating various mixing ratios and
loss designs, we aim to demonstrate the effectiveness of pseudo-real data in segmentation performance.
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Fig.1 Comparison between simulation data® and real data®
of LiDAR range images (partial azimuth angles extracted for
display)
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Pseudo-real data®

Fig. 2 Examples of pseudo-real data. we can see that our
method can successfully reproduce the missing noise and re-
flectance intensity characteristics of real data while maintain-
ing the scene structure of the simulation data.
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Table 1 Dataset used in our experiments

Dataset Domain #Classes #Samples  Resolution
SynLiDAR” Simulation 32f 198,396 64 X 1024
SemanticKITTI'? Real 257 43,552 64 X 1024

T We use the common 19 classes.
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Fig. 3 Comparison of semi-supervised learning strate-
gies. We show mloU (%) scores on the 19-class semantic
segmentation task. The plot compares a baseline (training on
real data only) against three proposed configurations (Config-
A, B, C) that mix real data with our pseudo-real data at various
ratios.
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Table 2 Quantitative comparison of Sim2Real methods on semantic segmentation (SynLiDAR — SemanticKITTT).
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