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Sim2Real LiDAR Segmentation with Synthetic Raydrop Noise
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In 3D scene understanding tasks using LiIDAR data, constructing training data poses a challenge

due to its high annotation cost.

To this end, annotation-free simulator-based training has recently

been gaining attention, while the domain gap between simulators and real environments often leads to
decreased generalization performance. This paper introduces a Sim2Real domain adaptation method that
mitigates the domain gap by reproducing realistic raydrop noise onto labeled simulation data using deep
generative models, enhancing its applicability to real-world scenarios. We demonstrate the effectiveness

of our approach in multiple segmentation tasks.
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Synthetic Real
Fig.1: Synthetic and real LiDAR range images

(Black
areas indicate ray-drop noises)
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Fig.2: Example of segmentation results (Range image
based method) : Red circles indicate the areas that should
be identified as a car or a road.
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Config-D (GAN inversion)
Example of segmentation results (Point cloud

based method) : Red circles indicate the areas that should
be identified as a car.

Fig.3:
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A: Simulated range image

B: Global frequency

C: Pixel-wise frequency [2]

E: Real range image
Fig.4: Examples of synthetic and realistic ray-drop noises

Fig.5: Examples of inaccurate synthetic ray-drop noises
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Table 2:

(a) Range image based method

Comparison by methods of simultating ray-drop probability (SynLiDAR [5] — SemanticKITTI [11])
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