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3D Point Cloud Object Detection Based on CCF-PointPillars

LI Zifei, HUANG Yingping
(School of Opto-Electronic and Computer Engineering , University of Shanghai for Science and Technology , Shanghai 200093, China)

Abstract: 3D object detection is critical in autonomous driving environment perception. To address the issue of low accuracy in detecting
sparse and small objects in point cloud—based object detection for autonomous driving scenarios, this paper proposes a 3D point cloud object
detection method based on CCF-PointPillars. Firstly, to tackle the lack of effective feature information in 2D pseudo—images, the CBAM con-
volutional attention mechanism is introduced to dynamically adjust the attention to features in different regions, extracting more representative
and effective features while suppressing irrelevant ones. Secondly, to enhance the feature extraction capability of the backbone network , which
relies solely on simple convolutions, ConvNeXt V2 is integrated into the downsampling sub—network. Finally, to address the issue of insuffi-
cient utilization of spatial information from low—level feature maps in the feature fusion stage , where channel concatenation is directly applied,
this method redesigns the feature fusion module by incorporating the multi-scale feature fusion concept from FPN. The proposed approach fully
leverages features at different levels by fusing shallow and deep feature maps. Experimental and evaluation results on the KITTI dataset demon-
strate that, compared to existing detection algorithms and the original algorithm, the proposed method achieves significant improvements in de-
tection accuracy, particularly for small objects, thereby validating its effectiveness for sparse small-object detection in point clouds.
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Fig. 1 The structure of the CCF-PointPillars network
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Fig. 2 The structure of CBAM module
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Fig.3 The structure of channel attention module
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Fig.4 The structure of spatial attention module
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Fig.7 The structure of FPN-based multi—scale feature fusion
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Table 1 Results of 3D object detection models on KITTI validation set
£1 3D Bir&MERAE KITTI S ZRIFE LRGN &R

Car(1oU=0.7) Ped.(10U>0.5) Cyc.(10U>0.5)

Method Modality
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

LiDAR
MV3D & 71.09 62.35 55.12 N/A N/A N/A N/A N/A N/A
(Img.
AVOD  LiDAR
81.94 71.88 66.38 46.35 39.00 36.58 59.97 46.12 42.36
-FPN &lmg.
LiDAR
EPNet++ 91.37 81.96 76.71 52.79 44.38 41.29 76.15 59.71 53.67
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lars

Ours LiDAR 88.95 80.03 76.54 57.60 53.32 47.78 84.15 67.83 61.74
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Fig. 8 Images and 3D object detection results in different scenes
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Table 2 Comparison of detection results of different modules in 3D

mode
2 3DEXTREERME L R ILE
Experiment CBAM FPN ConvNeXt I C——
Car  Ped.  Cyc.
Baseline 80.71 49.10 67.59 65.80
Experiment 1 v 80.83 5025 69.93 67.00
Experiment 2 N 80.67 49.35 68.73  66.25
Experiment3 v N 8120 51.74 69.95 67.63
Ours N N N 81.84 5290 71.24 68.66
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