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Abstract: Ensuring robust 3D object detection is a core challenge for autonomous driving systems
operating in urban environments. To tackle this issue, various 3D representation, including point cloud,
voxels, and pillars, have been widely adopted, making use of LiDAR, Camera, and Radar sensors.
These representations improved 3D object detection performance, but real-world urban scenarios with
unexpected situations can still lead to numerous false positives, posing a challenge for robust 3D
models. This paper presents a post-processing algorithm that dynamically adjusts object detection
thresholds based on the distance from the ego-vehicle. While conventional perception algorithms typically
employ a single threshold in post-processing, 3D models perform well in detecting nearby objects but
may exhibit suboptimal performance for distant ones. The proposed algorithm tackles this issue by
employing adaptive thresholds based on the distance from the ego-vehicle, minimizing false negatives
and reducing false positives in the 3D model. The results show performance enhancements in the 3D
model across a range of scenarios, encompassing not only typical urban road conditions but also

scenarios involving adverse weather conditions.
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[Fig. 1] (a) and (b) show the representation for point cloud. (a) is
the voxel, which subdivides point clouds into a 3D grid
structure, collecting point cloud counts or information within
each grid cell. (b) is pillar, which structurally organizes 3D
space into a 2D grid column structure and represents coordinate
information, including the height of point clouds
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[Fig. 2] (a) Image of the urban road near the Cheongwadae. (b)
Point clouds of the urban road near the Cheongwadae. (c) 3D
Object Detection results that mistakenly identify bushes as
vehicles using a single threshold. (d) The proposed algorithm
improves the misidentification situation as depicted in (c)
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2.1 Adaptive thresholding
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2.2 3D Object Detection

2.2.1 LiDAR based 3D Object Detection
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2.2.2 Camera based 3D Object Detection
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[Fig. 3] Overall architecture illustrating pipeline of proposed algorithm
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2.2.3 Fusion based 3D Object Detection
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3.2 3D Object Detection model
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3.3 Analysis Dataset and 3D Object Detection Result
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[Fig. 4] PointPillars® Detection Result Analysis based on
distance about number of objects and ratio with different score
threshold values. Blue color is Ground Truth result and Red
color is Detection result. (a) is 0.5 score threshold, (b) is
detection result with high score threshold (=0.7), (c) is detection
result with low score threshold (=0.3). Single score threshold is
not effective in managing both false negatives and false positives
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3.4 Distance based Adaptive Thresholding
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[Fig.5] Confidence score with a single threshold (=0.4). The
blue dots represent the score mean values at each distance (10
m), and the blue-shaded area indicates the standard deviation
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[Fig. 6] (a) The post-processed confidence score results of
detected objects using the conventional single threshold (=0.5)
(b) In contrast to (a), the post-processed confidence score results
of detected objects applying our algorithm. Through score
thresholding with a quadratic function shape based on the
distance from the ego-vehicle, we predict detection results that
align with the characteristics of the data based on the distance
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[Table 1] Recall, Precision and mAP comparison for PointPillars'®!
applying various single threshold and adaptive threshold

Threshold Recall Precision Trade-off | mAP
0.3 0.895 0.646 0.249 77.28
0.5 0.807 0.847 0.040 77.29
0.7 0.655 0.943 0.2838 77.49

Ours 0.786 0.813 0.025 77.29

[Table 2] Recall, Precision and mAP comparison for various 3D
Object Detection models applying single threshold 0.5

Model Recall Precision Trade-off | mAP
PointPillars'® 0.807 0.847 0.040 77.28
SECOND"! 0.808 0.856 0.048 78.62
PointRCNN! 0.899 0.848 0.051 78.74
PV-RCNN'®! 0.969 0.731 0.238 79.25

[Table 3] Recall, Precision and mAP comparison for various 3D
Object Detection models applying adaptive threshold

Model Recall Precision Trade-off | mAP
PointPillars® 0.786 0.813  |0.025(-0.015)| 77.28
SECOND!! 0.792 0.823 |0.031(-0.016) | 78.62
PointRCNN™ | 0.849 0.815  |0.034 (-0.017) | 78.73
PV-RCNN®! 0.893 0792 |0.101 (-0.137) | 79.49
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[Fig. 7] Qualitative results of Our algorithm. (a) Left: Images of urban roads near Gangneung in foggy conditions. Center: 3D Object
Detection’s misidentification situation using the single threshold where a significant amount of fog data appears as noise at similar
height to LiDAR, leading to the misclassification of vehicles as suspended in the air. Right: The proposed algorithm improves the
misidentification situation as depicted in (a)’s middle image. (b) Left: Images of urban roads near Cheongwadae in rain conditions.
Center: 3D Object Detection’s misidentification situation using a single threshold where a significant amount of rain data lead to the
misclassification of vehicles and mistakenly identify bushes in the adjacent lane as vehicles. Right: The proposed algorithm improves
the misidentification situation as depicted in (b)’s middle image
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