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Multimodal 3D Object Detection Method Based on Pseudo Point Cloud Feature
Enhancement
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Abstract Environment perception is one of the key technologies to ensure the landing of autonomous vehicle,
and it is crucial to improve the safety and reliability of autonomous vehicle. Three dimensional (3D) object
detection is a core task in environment perception technology. It aims at identifying and locating different objects
in 3D space, and provides important information for the subsequent decision-making and action of autonomous
vehicle. Point clouds and images are the most commonly used input data for 3D object detection task. However,
point clouds are composed of irregularly distributed scattered points in 3D space, while images are composed of
regularly distributed pixels in 2D space. Therefore, it is difficult to map and fuse irregularly distributed point
clouds and regularly distributed image pixels in an effective way. In recent years, as a type of image information
input in the form of point cloud, image pseudo point clouds have received widespread attention from researchers
in this field. But 3D object detection methods based on image pseudo point clouds still have some issues. On the
one hand, the feature extraction process for image pseudo point clouds is still relatively rough. On the other hand,
the representation ability of Region of Interest (Rol) features of image pseudo point clouds is still poor. This
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paper conducted research on the above two issues, proposed fine-grained attention convolution and multi-scale
group sparse convolution, respectively. Fine-grained attention convolution introduces the commonly used
depth-wise separable convolution in regular image processing into irregular point cloud processing process. On
this basis, channel attention mechanism and group attention mechanism are embedded for fine image pseudo
point cloud feature extraction, and to enhance image pseudo point cloud features. This kind of convolution can
enhance the fine-grained information of image pseudo point cloud features. Multi-scale group sparse convolution
groups the image pseudo point cloud Rol features after grid pooling, performs differential feature learning on the
grouped Rol features to obtain Rol features at different scales. This kind of convolution can enhance the
representation ability of Rol features grouped from image pseudo point clouds. On this basis, this paper
constructed SFD++ multi-modal 3D object detection network, which introduced the proposed fine-grained
attention convolution into the feature extraction process of image pseudo point cloud, and introduced multi-scale
group sparse convolution into its Rol features learning process of image pseudo point cloud in SFD (Sparse Fuse
Dense) 3D object detection network. Experiments were carried out on the authoritative KITTI autonomous
driving dataset, and the results show that the constructed SFD++ can process 8.33 frames of data per second. It
achieved an average precision of 95.74%, 88.80%, and 86.04% in easy, moderate and hard 3D car detection
subsets, respectively. The achieved average precision is 0.15%, 0.84%, and 0.58% higher than the current
second-best 3D object detection network SFD. In addition, a series of ablation experiments and supplementary
experiments were also conducted on KITTI datasets, the results verified the effectiveness of the proposed
fine-grained attention convolution and multi-scale group sparse convolution, as well as the rationality of related
parameter settings.

Keywords autonomous driving; 3D object detection; pseudo point cloud; attention mechanism; depth-wise
separable convolution; group Convolution
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L g

WIRES R S T T T
SECOND™! 2018 L 9055 81.61 78.61 83.59
PointPillarst”! 2019 L 87.75 78.39 75.18 80.44
PointRCNN# 2019 L 91.82 80.57 78.08 83.49
PartA*Net!*? 2020 L 9156 84.27 82.05 85.96
PV-RCNN++8] 2021 L 91.79 84.62 82.49 86.30

VoTr#! 2021 L 9195 84.63 8250 86.36

E2-PV-RCNNPY 2022 L 92.12 84.83 82.63 86.53
VoxSeTE 2022 L 89.55 80.64 78.14 82.78
SRIF-RCNNM! 2022  1+L 92.23 85.43 83.17 86.94
SFDM 2022  1+L 95.59 87.96 85.46 89.67
SFD++ - I+L 95.74 88.80 86.04 90.19
BIF - +0.15 +0.84 +0.58 +0.52
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= AP@R40, {HHFIAP@R40i% #70.67%
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SECONDP 55.94 51.14 46.16 82.96 66.74 62.78 60.95

PointPillarst! 57.30 51.41 46.87 81.58 62.94 58.98 59.85

PoIntRCNN 61.69 54.97 48.48 91.64 73.26 68.78 66.47
PartA’Net!*2 66.89 59.68 54.62 90.34 70.14 66.93 68.10
PV-RCNN-++“ 65.05 58.23 53.31 91.11 70.00 65.50 67.20
VoTrt*! 54.65 49.44 45.86 88.50 70.09 65.61 62.36

E%-PV-RCNNEY 66.47 58.58 53.30 92.17 72.71 68.90 68.69

| e e e N N N
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SRIF-RCNNIY  |+L 65.30 57.82 52.25 90.20 69.29 64.51 66.56

SFDM I+L 72.37 64.91 57.99 90.00 66.12 61.64 68.84
SFD++ I+L 74.99 65.48 58.53 89.90 69.84 65.29 70.67
FET] - +2.62 +0.57 +0.54 -0.10 +3.72 +3.65 +1.83
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P2 (%)

WARES PR RS PO ——
SECOND?! 2018 L  87.43 76.48 69.10 77.67
PoINtRCNNI?2 2019 L  88.88 78.63 77.38 81.63
sTD®! 2019 L 89.70 79.80 79.30 82.93
MVLSNE2 2020 L  86.31 77.32 73.21 78.95
3DsSDE 2020 L 89.71 79.45 78.67 82.61
SA-SSDEY 2020 L 90.15 79.91 78.78 82.95
PartAZNet!*Z 2020 L 89.48 79.47 78.54 82.50
PV-RCNN[ 2020 L 83.90
Point-GNN! 2020 L  87.89 78.34 77.38 81.20
DVFENet®! 2021 L 89.81 79.52 78.32 82.55
CIA-SSDI! 2021 L 90.04 79.81 78.80 82.88
VoTrH 2021 L 89.04 84.04 78.68 83.92
VoxSeTP! 2022 L  88.45 78.48 77.07 81.33
MV3DE% 2017 4L 71.29 62.68 56.56 63.51
AvODH 2018 I+L  84.41 74.44 68.65 75.83
ContFusel® 2018 I+L  86.32 73.25 67.81 75.79
F-PointNett® 2018 I+L  83.76 70.92 63.65 72.78
F-ConvNet®®” 2019 I+L  89.02 78.80 77.09 81.64
PI-RCNNE7 2020 I+L  88.27 78.53 77.75 81.52
3D-CVFM 2020 I+L  89.67 79.88 78.47 82.67
Azimuth-aware
Fusion® 2020 I+L  86.77 76.84 75.92 79.84
Multi-Layer Fusion®™ 2021 I+L  83.77 73.84 67.37 74.99
SFDM 2022 I+L  89.74 87.12 85.20 87.35
SFD++ - I+L  89.95 87.29 86.04 87.76
=7t - -0.20 +0.17 +0.84 +0.41
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SA-SSDE! 2020 L 8875 7979 7416 80.9
PartA’Netl®2 2020 L 87.81 7849 7351 79.94
PV-RCNNE 2020 L 9025 8143 7682 82.83
Point-GNN! 2020 L 8833 7947 7229 80.03
DVFENet™l 2021 L 8620 7918 7458 79.99
CIA-SSD! 2021 L 8959 8028 7287 8091
VoTrl*l 2021 L 9007 8209 79.14 8377
VoxSeTl 2022 L 8853 8206 77.46 82.68
Mv3DE 2017 4L 7497 6363 5400 64.20
AvoD) 2018  I+L 83.07 7176 6573 73.52
ContFusel™ 2018  I+L 83.68 6878 6167 71.38
F-PointNet®®! 2018  I+L 8219 6979 6059 70.86
F-ConvNetl®" 2019 4L 87.36 7639 66.69 76.81
PI-RCNNLT 2020 I+ 8437 7482 70.03 76.41
3D-CVFL 2020  1+L 89.20 80.05 73.11 80.79
SFDM 2022 I+L 9173 8476 77.92 84.80
SFD++ I+L 90.93 8246 77.27 83.55
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L L I+L I+L I+L
11.00 29.41 2.30 8.42 8.33

4.2.2 JHRERSLE

ARATREAT — R FIH fl S 5656 UE A SCHR HFAC
FIMGSCIA %t 2 10 N FACHIMGSC 1 31 i 5Kz
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#10 FACHIMGSCHYHRhStIg 4E R

155 (%)
FAC MGSC
] e ] i 15
N/A N/A 95.59 87.96 85.46 89.67
\ N/A 95.67 88.56 85.98 90.07
N/A N 95.50 88.46 85.62 89.86
\ \ 95.74 88.80 86.04 90.19
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AR GRS I I 4 v BT A B4 5 2 Rol i 1Y
XI5y RSF AT T 4 Fn s,
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RSB <l 15 < ) e PR i
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125656 95.74 8880  86.04
125454 9567 86.82  83.97
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Background

With the development of the automotive industry and the
improvement of computing power, autonomous driving
technology has been widely studied in recent years.
Environment perception is a core issue of autonomous vehicles.
It needs to perceive the surrounding environment with high
accuracy by analyzing the data obtained by camera, LiDAR,
and other sensors. Real driving scenarios have extremely strict
requirements for safety, and any seemingly insignificant
mistake can lead to traffic accidents, causing casualties and
economic losses. Based on comprehensive 3D information, the
autonomous driving system can make accurate driving
decisions and control operations in complex real scenes to
ensure the safety and reliability of autopilot. Therefore, this
article researches 3D object detection in autonomous driving
scenarios.

In 2022, Wu et al. proposed SFD, which converts LiDAR
point clouds and image data into voxels and image pseudo
point clouds, then effectively integrates point cloud voxels and
image pseudo point cloud features based on Region of

Interests, achieving advanced 3D object detection precision. It
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achieved average precision at 40 recall positions (AP@R40) of
95.59%, 87.96%, and 85.46% for easy, moderate, and hard car
detection in KITTI autonomous driving dataset. However, this
network has problems with rough feature extraction of image
pseudo point clouds and poor feature representation ability of
image pseudo point cloud Rol grid features. To this end, this
paper proposes Fine-grained Attention Convolution (FAC) for
point cloud representation data, which combines attention
mechanism and depth-wise separable convolution for fine
feature extraction to enhance the representation ability of image
pseudo point cloud features. In addition, Multi-scale Group
Sparse Convolution (MGSC) is also proposed for Rol grid
feature learning, which helps Rol to obtain multi-scale features,
and enhances the representation ability of image pseudo point
cloud Rol grid features. Based on FAC and MGSC, this paper
constructs SFD++ 3D object detection network. Experiments
on KITTI datasets show that SFD++ leads SFD by 0.15%,
0.84%, and 0.58% in 3D car detection.
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