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Feature flow-based point cloud object detection method

LU Jun, ZOU Kangcheng, LI Yang
(College of Intelligent Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Aiming at the problem of missing scene information and missing target detection caused by the sparsity of
point cloud in the existing 3D target detection method of lidar point cloud, this paper proposes a single-stage 3D target
detection algorithm based on feature flow, and the algorithm optimizes the detection performance through multi-frame
spatio-temporal feature fusion and dynamic alignment mechanism. Firstly, a multi-frame fusion framework driven by
gated network is constructed. The deformable attention mechanism is used to cooperate with the spatio-temporal feature
extraction module to realize the dynamic alignment of cross-frame features and suppress the false detection caused by
unaligned feature fusion. Secondly, a deformable attention mechanism guided by spatio-temporal features is designed to
predict feature offset and weight through target motion information, so as to improve the feature matching accuracy of
sparse point clouds. Finally, a hierarchical feature flow extraction module is designed to enhance the scene representa-
tion ability by combining multi-scale feature extraction and progressive fusion strategy. Experiments show that the pro-
posed algorithm achieves 63.73% mAP on the NuScenes verification set, which is 4.51% higher than the voxel bench-
mark method, and the detection accuracy of small targets such as motorcycles and bicycles is improved by more than
14%. Ablation experiments show that the multi-frame complementary mechanism increases the recall rate of long-dis-
tance targets (>50 m) by 16.2%, and reduces the missed detection rate of occlusion scenes by 11.8%. This study
provides an effective solution for three-dimensional detection of sparse point clouds for autonomous driving.

Keywords: lidar point cloud; object detection; feature flow; feature alignment; temporal feature fusion; deformable at-
tention mechanism; bird’s-eye view; multi-frame point cloud fusion
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mASE). -5 1] 1% 22 (mean average orientation er-
ror, nAOE) ., “F-¥J 3 & 1% 2% (mean average velocity
error, mAVE) . “F-34J& P£ 1% 2 (mean average attrib-
ute error, mAAE) ., NuScenes Z¢ & £ Il #8 A5 (NuS-
cenes detection score, NDS), &2 H br 54 46 ]
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Table 2 Average accuracy comparison results of the detection algorithm %
B mAP] mATE] mASE| mAOE| mAVE] mAAE| NDS?t
PointPillar 44.69 33.85 26.00 31.91 28.79 20.26 33.85
Second 50.56 31.20 25.52 26.32 26.22 20.38 62.32
CenterPoint-Pillar 50.03 31.13 26.04 42.92 23.90 19.14 60.70
CenterPoint-Voxel 59.22 28.80 25.43 37.27 21.55 18.24 66.48
VoxelNext 60.52 30.10 25.23 40.57 21.69 18.56 66.65
TranFusion-LiDAR 63.51 28.35 25.60 34.81 20.12 19.36 70.12
CenterPoint++ 62.86 29.52 25.73 36.23 20.88 19.54 68.92
AR 63.73 27.89 25.65 33.40 19.49 19.67 69.26
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Table 3 Comparison results of various accuracy of detection algorithms %

BILATR IR R ARE S % ETE TN BERE AfTE i BESY
PointPillar 81.3 49.9 63.4 353 12.1 72.4 29.4 6.0 47.0 49.8
Second 81.5 51.6 66.7 374 14.8 71.7 42.4 17.0 57.3 59.3
CenterPoint-Pillar 82.0 50.9 64.5 37.1 14.6 76.3 43.8 18.1 56.9 56.2
CenterPoint-Voxel 84.9 57.4 70.8 38.1 16.9 85.1 59.0 42.0 69.8 68.3
VoxelNext 83.9 55.5 70.5 38.1 21.1 84.6 62.8 50.0 69.4 69.4
TranFusion-LiDAR 85.2 58.8 70.5 40.1 20.3 83.7 67.4 52.3 70.1 65.8
CenterPoint++ 84.0 55.2 69.8 39.5 19.8 82.5 65.1 48.7 68.9 63.2
AREE 85.9 56.0 73.1 42.3 23.4 85.5 73.1 58.9 74.6 62.6
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Table 4 Algorithm ablation experiment comparison

results %
i FREXTE BPESRHERREL 145G NDST mAPt
A 0 0 0 66.30 58.76
B 1 0 0 67.95 61.85
C 0 1 0 68.20 61.12
D 0 0 1 67.33 60.34
E 1 1 0 68.60 61.85
F 1 0 1 68.54 62.49
G 0 1 1 68.22 61.24
H 1 1 1 69.26 63.73
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Fig.7 Ablation experiment detection comparison
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Table 5 Feature flow module superposition compari-

son results %
FHE I Z 2L mAP1 NDS1?
1 61.53 67.89
2 62.91 68.76
3 63.73 69.26
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