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Abstract :

Recently, with the growing interest in the field of autonomous driving, many researchers have been

focusing on developing autonomous driving software platforms. In particular, we have concentrated on developing 3D

object detection models that can improve real-time performance. In this paper, we introduce a self-constructed 3D

LIDAR dataset specific to domestic environments and propose a VariFocal-based CenterPoint for the 3D object

detection model, with improved performance over the previous models. Furthermore, we present experimental results

comparing the performance of the 3D object detection modules using our self-built and public dataset. As the results

show, our model, which was trained on a large amount of self-constructed dataset, successfully solves the issue of

failing to detect large vehicles and small objects such as motorcycles and pedestrians, which the previous models had

difficulty detecting. Consequently, the proposed model shows a performance improvement of about 1.0 mAP over the

previous model.

Keywords : Dataset, 3D Object Detection, Autonomous Driving
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Table 1. Performance comparison of 3D detection models with
four dataset

Dataset

3D | Class | Model
Waymo | Apollo. H3D A3D
AP Cp 69.88 65.10 39.24 48.31
V_CP| 70.92 66.27 40.95 48.35
Car Cp 73.84 68.70 51.80 62.51
V_CP| 7453 69.52 52.70 62.52
Bus Cp - - 7.44 66.02
V_CP - - 9.24 67.15
Truck Cp - - 2857 60.74
V_CP - - 28.19 59.78
CP - - 1341 13.33
ap | Oy cp| - - 1623 | 1536
. Cp 72.48 69.88 65.39 11.95

Bicyec.

V_CP| 73.22 70.87 67.70 9.99
Motor | CP - - 59.98 70.37
biike | V_CP - - 63.85 70.40
Ped Cp 63.32 56.71 4811 53.22
V_CP| 65.00 53.41 48.71 53.27

H 2. 4l JHe| HIo|E Alof| o2 ZRIE 7He| BEV HIt MS H|W
Table 2. Performance comparison of BEV detection models with
four dataset

Dataset

BEV | Class | Model
Waymo | Apollo. H3D A3D
AP CP 72.50 71.09 46.711 51.82
V_CP| 74.09 71.66 4743 52.35
Car CP 82.01 7707 68.29 76.76
V_CP| 83.94 78.97 68.30 76.22
Bus CP - - 20.01 74.12
V_CP - - 16.42 74.13
Track CP - - 39.94 68.95
V_CP - - 38.98 68.90
CP - - 15.85 14.50
ap | Q0 Iy ep| - - 1943 | 16.94
Bieye. CP 63.47 7150 68.13 10.49
V_CP| 64.38 72.11 69.99 12.19
Motor | CP - - 60.06 73.23
biike | V_CP - - 64.11 73.32
Ped CP 72.03 64.10 54.69 44.70
V_CP| 72.03 64.52 54.78 44.73
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