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A Study on Efficient Optimization Methods for Low-cost 3D LiDAR-
based Object Detection
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Abstract: Recent research has focused on integrating low-cost 3D LiDAR sensors into vehicles to advance autonomous driving
technologies. However, most 3D object detection algorithms are developed and validated using high-cost 3D LiDAR sensors. Therefore,
this study evaluates the performance of current 3D object detection algorithms within a low-cost 3D LiDAR environment and provides

a comparative analysis to identify their effectiveness.
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a9 1 fxl YRL3.
Fig. 1. Yujin YRL3.

a9 2. $7 YRL3S] Hit HlolH.
Fig. 2. Point Cloud Data of Yujin YRL3.

a9 3. 252 MID-70.
Fig. 3. Livox MID-70.

a9 4. 21522 MID-709] At dlelH.
Fig. 4. Point Cloud Data of Livox MID-70.
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19 5. @R VLP-16.
Fig. 5. Velodyne VLP-16.

a7 6 MRURRI VLP-162] Ht dlolE.
Fig. 6. Point Cloud Data of Velodyne VLP-16.
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Table 1. Low-Cost LIDAR Preprocessin.

1 Preprocess LiDAR(PointCloud, SensorType):
2 Input: Raw PointCloud from LiDAR sensor
3 SensorType € {YRL3, MID-70, VLP-16}
4 Output: Preprocessed PointCloud
> # Step 1. Sensor-specific processing
6 if SensorType =—=YRL3 :
7 PointCloud
8 «— Assemble Frames(PointCloud, n_frames)
? else if SensorType = MID-70 :
10 PointCloud «— PointCloud
1 else if SensorType = VLP-16 :
12 return PointCloud
13
14 # Step 2. Static background removal
15 PointCloud
16 «— Remove_Static Background(PointCloud)
17
18 # Step 3. Clustering (Euclidean Distance-based)
19 Clusters «— []
20 for each point p in PointCloud :
if Distance(p, neighbor_points) <¢:

21 Add p to cluster
22 Remove clusters smaller than threshold 6
23
24 # Step 4. Surface reconstruction and upsampling (MLS)
25 for each cluster C in Clusters :
2 Surface «— Estimate Local Surface(C)
27 C«—MLS Upsampling(C, Surface)
28 . .

# Step 5. MID-70 specific tuning
29 if SensorType — MID-70 :
30 Adjust clustering parameters:
31 MinClusterSize 1, DistanceThreshold |
32
33 | return Combined Clusters(Clusters)
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Table 2. Performance comparison before and after preprocessing.

. Precision(%) Recall(%) F1 Score Runtime(s)
LIDAR Model Before After Before After Before After Before After
YRL3 SECOND 98 98.89 8.82 42.88 11.33 49.85 0.034 0.035

PART-A2-FREE 99.81 98.9 20.12 87.71 25.84 90.35 0.044 0.053
MID-70 SECOND 62.3 95.49 63.05 88.4 55.77 88.76 0.037 0.037
PART-A2-FREE 100 82.68 54.92 91.84 62.44 85.16 0.05 0.061
3# 33D AA BA A vl
Table 3. Performance comparison of 3D object detection.
LiDAR Model Precision(%) Recall(%6) F1 Score Runtime(s)
YRL3 SECOND 98.89 42.88 49.85 0.035
PART-A2-FREE 98.9 87.71 90.35 0.053
MID-70 SECOND 95.49 884 88.76 0.037
PART-A2-FREE 82.68 91.84 85.16 0.061
VLP-16 SECOND 8151 90.8 83.8 0.037
PART-A2-FREE 99.8 86.54 89.52 0.058
Livox MID-702 Solid-State 7]%F A4 2] Rosette -2]2] 831912, PART-A2-Freet= zlolBejg|dlA] Algsl= AR
A4 270 AR AgET of A F eled Ul 2Rl sk W elpre-trained model)y$ IR ARSBIAC) ok
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Fig. 7. Before and After Preprocessing of Yujin YRL3.
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19 8. &2 MID-709] 942,
Fig. 8. Before and After Preprocessing of Livox MID-70.
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Fig. 9. Object detection result of Yujin YRL3.
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Fig. 10. Object detection result of Livox Mid-70.
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Fig. 11. Object detection result of Velodyne VLP-16.
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