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Improved 3D object detection algorithm based
on sparse enhancement and geometric attention

CHEN Qidong"*?, LI Jiawei'*, WU Hao™”", LOU Qiongdan’

(1. School of Computer Science & School of Software Engineering, Nanjing University of
Information Science and Technology, Nanjing 210044, China;
2. School of Internet of Things Engineering, Wuxi University, Wuxi 214105, China;
3. Jiangsu Provincial University Key Laboratory of Vehicle-Road Multimodal Perception and Control,
Wuxi University, Wuxi 214105, China)

Abstract: To address the issue of insufficient detection accuracy for small objects such as pedestrians in
existing PointPillars-based frameworks, we propose an improved method that integrates sparse enhancement
with geometric attention. First, we introduce a sparse Pillar enhancement mechanism during the Pillar
feature encoding stage to fill in the gaps in geometric information in sparse regions, thereby providing
effective material for subsequent feature enhancement. Second, we design a point-aware spatial attention
mechanism embedded in the encoding process. Based on two types of geometric features of the completed
Pillars, namely point cloud density and average point-to-center distance, we generate dynamic attention
weights via a lightweight MLLP to prioritize the amplification of feature signals from Pillars related to
targets, thereby addressing the shortcomings of traditional attention mechanisms that rely on channel
statistics and are ill-suited to point cloud characteristics. To validate the effectiveness of the method,
experiments are conducted on the public KITTI 3D object detection dataset, with a focus on evaluating
detection performance for small objects. The experimental results demonstrate that, compared to existing
improved frameworks based on PointPillars, the average detection accuracy for pedestrian targets
increases by 2.54% in 3D mode, and 5.91% in bird’ s-eye-view mode. This results fully validates the
effectiveness of the proposed innovative module in optimizing features for small targets and provides a
practical solution for perception tasks in long-tail scenarios of autonomous driving.

Key words: computer vision; 3D object detection; attention mechanism; point cloud; light detection and
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Fig.3 Architecture of point-wise spatial attention mechanism
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Tab.1 Performance comparison of models in Bird’s-Eye View mode

Models Car AP/ % Pedestrian AP/ % Cyclist AP/ %
Easy Mod. Hard mAP Easy Mod. Hard mAP Easy Mod. Hard mAP
VoxelNet'™” 89.35 79.26 77.39 82.00 46.13 40.74 38.11 41.66 66.70 54.76 50.55 57.34
SECOND"" 88.07 79.37 77.95 81.80 55.10 46.27 44.76 48.71 73.67 56.04 48.78 59.50
PointPillars'"’ 88.35 86.10 79.83 84.76 58.66 50.23 47.19 52.03 79.14 62.25 56.00 65.80
PointRCNN 89.14 87.62 86.05 87.60 62.82 58.18 51.46 57.49 84.51 69.11 64.15 72.59
ET-PointPillars'"”’ 88.67 87.91 87.27 87.95 56.07 50.40 47.41 51.29 79.77 61.14 58.46 66.46
EC-PointPillars™’ 88.65 86.45 84.32 86.47 61.36 57.84 51.02 56.74 83.25 68.45 63.01 71.57
PE-Pillar"™” 89.73 87.31 85.65 87.56 63.74 59.48 53.06 58.76 85.23 70.63 65.52 73.79
PV-RCNN* 89.89 87.55 86.37 87.94 67.21 58.67 54.50 60.13 87.64 72.50 69.07 76.40
PASS-PV-RCNN-+ -+ 90.11 88.10 87.60 88.60 66.86 62.00 56.84 61.90 93.76 74.91 70.65 79.77
DensePointPillars™” 92.13 86.31 81.12 86.52 47.80 40.31 37.49 41.87 75.14 63.27 56.70 65.04
Ours 90.82 89.54 88.21 89.52 67.25 62.26 57.56 62.36 93.83 75.05 70.21 79.70
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Tab.2 Performance comparison of models in 3D View mode
Car AP/ % Pedestrian AP/ % Cyclist AP/ %

Models Easy Mod. Hard mAP Easy Mod. Hard mAP Easy Mod. Hard mAP
VoxelNet 77.47 65.11 57.73 66.77 39.48 33.69 31.50 34.89 61.22 48.36 44.37 51.32
SECOND"" 83.13 73.66 66.20 74.33 51.07 42.56 37.29 43.64 70.51 53.85 46.90 57.09

PointPillars™” 79.05 74.99 68.30 74.11 52.08 43.53 41.49 45.70 75.78 59.07 52.92 62.59
PointRCNN™" 85.94 75.76 68.32 76.67 49.43 41.78 38.63 43.28 73.93 59.60 53.59 62.37
ET-PointPillars""” 88.67 77.76 77.00 81.14 50.10 44.30 41.22 45.21 73.40 56.19 52.25 60.61
EC-PointPillars™” 85.99 77.66 72.51 78.72 53.47 44.68 42.75 46.97 79.51 62.85 57.11 66.49
PE-Pillar™ 86.69 80.13 77.98 81.60 54.21 44.79 42.84 47.28 82.94 63.29 60.51 68.91
PV-RCNN" 90.25 81.43 76.82 82.83 52.17 43.29 40.29 45.25 78.60 63.70 57.65 66.65
PASS-PV-RCNN+ -+ 87.65 81.28 76.79 81.91 47.66 41.95 38.90 42.84 80.43 68.45 60.93 69.94
DensePointPillars™*"” 84.60 75.46 68.43 76.16 52.76 45.38 42.63 46.92 75.95 62.36 54.98 64.43
Ours 88.56 81.53 77.75 82.61 55.52 44.37 43.65 47.85 83.64 69.07 61.65 71.45
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Tab.3 Ablation experiment results on pedestrian
. Pedestrian mAP/ % o )
SRk E BEV BEV#Jt/%  3D#TH/% SRR /M e /He
Baseline 58.76 47.28 — — 4.83 65.0
Baseline+SEPA 60. 25 47.52 1.49 0.24 4.83 61.7
Baseline+PASA 59.61 47.49 0. 85 0.21 4.83 63.3
Baseline+SP 62.36 47.85 3.6 0.57 4.83 60.2
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Tab.4 Ablation experiment results on cyclist
Cyeclist mAP/ % )
S % o i~ BEV#7/%  3D#TH/% BEE/M BT/ Hy
Baseline 73.79 68.91 — — 4.83 65.0
Baseline+SEPA 76.26 70. 35 2.47 1.44 4.83 61.7
Baseline+PASA 75. 34 69.12 1.55 0.21 4.83 63.3
Baseline+ SP 79.70 71.45 5.91 2.54 4.83 60. 2
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Tab.5 Sensitivity analysis of the hyperparameters for «

Pedestrian Cyeclist
SRS mAP/ % mAP/ %

BEV 3D BEV 3D

a.,=0 58.75 46.36 74.64 69.25

I#] 7

0.8 a,,=0.1 60.15 47.23 76.84 70.83
Apax— VY. O

_20 »=0.2 62.36 47.85 79.70 71.45
s a,,=0.3 61.49 47.61 78.21 71.30
=0.7 62.14 47.73 78.13 71.26

I# 7
0.2 Ap—=0.8 62.36 47.85 79.70 71.45

Amin=0.
20 a—0.9 60.84 47.58 77.68 71.13

y=4
Aux—1.0 059.26 46.87 76.32 70.14

y=0.5 60.35 47.35 76.03 70.05

[#] % y=1.0 60.97 47.66 77.54 71.03
Anin=0.2, y=2.0 62.36 47.85 79.70 71.45
@n=0.8 y=3.0 61.04 47.67 76.82 70.67
y=5.0 57.63 45.64 73.49 68.74
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Fig.5 Point cloud detection results. (a) False negative;

(b,c) False negative and false positive; (d) False

positive.
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