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ABSTRACT

For the commercialization of autonomous vehicles, precise perception based on three-dimensional (3D) spatial
recognition is imperative. While cameras offer valuable insights, their perception capabilities are inherently
limited for comprehensive 3D spatial awareness. Therefore, the integration of LIDAR-based spatial recognition
technology is indispensable. This study delved into methods for augmenting point cloud data to maximize the
accuracy of LIDAR-based 3D Object Detection. Through this point cloud augmentation approach, techniques
such as Jitter, Uniform Sampling, Random Sampling, Scaling, and Translation were employed and analyzed for
their impact on detection accuracy. Furthermore, we explored optimal combinations of these techniques to
amplify the precision of 3D Object Detection. Experimental outcomes, benchmarked against the KITTI dataset,
showcased an improvement in the average precision (AP) by approximately 0.5-0.8. In addition, it was
discerned that adopting distinct augmentation techniques, in particular Jitter, for different classes yielded
enhanced results.
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Original 86.6348 76.7511 74.1702 81.8677 63.6617 60.9022 51.4595 47.9421 43.8050
Jitter 87.2811 77.3158 74.1093 82.4805 64.3629 61.4332 47.4443 43.5501 39.0476
Ur(l(l)f;m 86.2287 76.7708 73.8777 81.0273 64.4466 | 60.3510 | 47.9338 43.5965 38.5858
R?gdsc;m 85.3115 75.9889 | 73.4751 77.0455 61.3112 58.8526 50.4546 | 44.6814 40.5198
Unlf0$i2.9) 85.9516 76.6039 74.0007 81.8220 63.6605 60.2763 45.3127 41.7275 37.1625
Rarid(;irzi(;).% 86.1892 76.5855 73.7485 82.1111 62.8816 | 60.0747 47.8165 43.8841 39.0488
Scale 85.2639 75.9625 73.7198 80.6946 62.2883 59.3586 50.3248 45.3508 41.7913
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