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Table 1  Algorithm performance comparison on KITTT test set in 3D mode unit: %
Car Cyeclist Pedestrian
Modality Method

Easy = Moderate Hard Easy = Moderate  Hard Easy Moderate  Hard
AVOD™ 73.59 65.78 58.38 60.11 44.90 38.80 38.28 31.51 26.98
RGB+LIDAR F-PointNet"*" 82.19 69.79 60.59 72.27 56.12 49.01 51.21 44.89 40.23
AVOD-FPN'" 83.07 71.76 65.73 63.76 50.55 44.93 50.80 42.81 40.88
SECOND"" 83.34 72.55 65.82 71.33 52.08 45.83 51.07 42.56 37.29
VoxelNet"” 77.82 64.17 57.51 61.22 48.36 44.37 39.48 33.69 31.51

PointRCNN""  86.96 75.64  70.70  74.96 58.82  52.53 - - -
STD™ 87.95 79.71 75.09 78.69 61.59 55.30 53.08 44.24 41.97
Part-A™" 87.81 78.49 73.51 79.17 63.52 56.93 53.10 43.35 40.06

LIDAR-only

3DSSD™! 88.36 79.57 74.55 82.48 64.10 56.90 54.64 44.27 40.23
DVFENet” 86.20 79.18 74.58 78.73 62.00 55.18 43.55 37.50 35.33

DA-3DSSD 88.27 79.51 74.25 - - - - - -

CIA-SSDM* 89.59 80.28 72.87
SVGA-Net™ 87.33 80.47 75.91 78.58 62.28 54.88 48.48 40.39 37.92
DSPF-RCNN 89.90 81.04 76.45 77.95 62.73 56.24 49.10 41.45 38.21
K g . o DSPF-RCNN X Car 28 H A5 i 4 = 2& A #5 7E Moderate 7K F 1 /9 K& 1l 25 3R 73 51

SR T A W ER AL, A MEE KRR AP 84.40% . 73.90% A1 60.10% , #H B T SVGA-Net
I3 9 M 89.90% . 81.04% M 76.45% . # 2 J& DSPF-  Part-A’ W 4 2> B4R T T 4.17% .4.0% F10.05% . 1E
RCNNZE KITTIS R4 b5 30 7 3 i P ReXT LE , i 3D M BEV # . F ,DSPF-RCNN 7 KITTI % iE 4 |-
IF A PE B 46 B5 S 11 A AS [6] A T80 o7 5 A 1 SF- 208G B A G I 245 SR 40 ¢ 34 BT, L A PEAN 48 FR 2 4043
A LLA ), DSPF-RCNN Xf Car, Cyclist fll Pedestrian a1 037 B Ak (R, ) BSF- 35 K5 i .

#2 3D X T KITTISUEAE F ARk bEREXT L

Table 2 Algorithm performance comparison on KIT T validation set in 3D mode unit: %
Car Cyclist Pedestrian
Method Modality
Easy Moderate Hard Moderate Moderate
SECOND” LiDAR only 88.61 78.62 77.22 67.75 52.98
VoxelNet"” LiDAR only 81.97 65.46 62.85 - -
PointRCNN' LiDAR only 88.88 78.63 77.38 - -
STD LiDAR only 89.70 79.80 79.30 - -
3DSSDM LiDAR only 89.71 79.45 78.67 - -
SASSD! LiDAR only 90.15 79.91 78.78 - -
Part-A* ' LiDAR only 89.47 79.47 78.54 69.90 60.05
CIA-SSD™ LiDAR only 90.04 79.81 78.80 - -
DVFENet"*" LiDAR only 89.81 79.52 78.35 - -
SVGA-Net™ LiDAR only 90.59 80.23 79.15 - -
DSPF-RCNN LiDAR only 89.59 84.40 78.99 73.90 60.10
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Table 3 Detection results at 40 recall locations on KITTT validation set in 3D mode unit: %
IoU threshold Car Cyeclist Pedestrian
value Easy Moderate Hard Easy Moderate Hard Easy Moderate Hard
0.7 92.49 85.25 82.91 93.01 75.20 72.01 67.53 60.07 54.50
#4 BEVEIAT KITTIH RS b 40413 [l o7 F Ak i A6 I 45 2R
Table 4 Detection results at 40 recall locations on KITTT validation set in BEV mode unit: %
IoU threshold Car Cyeclist Pedestrian
value Easy Moderate Hard Easy Moderate Hard Easy Moderate Hard
0.7 95.77 91.49 90.81 94.01 77.30 74.20 70.27 63.22 58.28

BAEER IR A ] AL A I 45 R 0K 6 B 7n, DSPF-RCNN Al LA xf H A5 #E 47 i 8 /9 A% 0 F0
NG EREHESN HEE AL EAE MR IIHE . SRR EA.

real image

detection result

real image

detection result

il

K6 DSPF-RCNNFILAESUEAE 1 A9 ol UL AL AG I 25 51
Fig. 6 Visual detection results of DSPF-RCNN algorithm on KITTI validation set

3.5 HRLIIE %5 ASPF fl DFE-RPN 55 47 280 1 36 3F
H T IE A AR Bl A g A R 2% 4 R A D A Table 5 Validation of ASPF and DFE-RPN modules
SCHE AT AR e A RO X L SE 5, BRI BE A 48 AR A Average accuracy /%
KITTI 5 UE 4 - 40 A~ 7 0] {32 8 4b 1 5F K5 B |, 40 45 ASPE - DFE-RPN = o .
. Car Cyclist Pedestrian
Car, Cyclist, Pedestrian 7£ H' %5 ¥ B /K F T (19 K ) 25
) ﬁn,&Sﬁﬁi_\A 84.23 73.20 58.90
MAE R TP AU ASPE A B i 45 5 6 B 7 il J 84.69 73.78 59.10
AT — 2 N s 4 2N A+ 4 N
& T S & = 4 SCRRE A B wﬁlﬁ,W%ﬂUE J 84,79 74.30 59 43
T8 IV i R R R AE AR )RR A7 T BB A BRI A RO R A i i
ST R £ B 5 24 7E [ 2 o {8 ) DFE-RPN 5t J 7 8.2 ™20 6007
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3.6 HBEIFEXLES

DSPF-RCNN 7 KITTI % #i& 4 %32 17 i [8] 40
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Ac-Pointnet # 17 FF fE 2 0, BRI ik &5 — 26 5 = 75~
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—E W E . DFE-RPN 1 ASPF £33 514 6 T 7 ms
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RO ASFIEBIE AT )

Table 6 Running time of each algorithm module

Module 3D Conv DFE-RPN

ASPF FA PP

Other modules

Running time /ms 22 7

18 6 6

DSPF-RCNN 55 H A XU BE 322 B2 4 71 1) an 6 7
fr7c o DSPF-RCNN i i 8t — i B % & 284 (CUDA)
HEAT N, S HE 35 R R 64 ms, % B ] 24 2 7 Car.

Cyclist fl Pedestrian 2 H A5 A% I /9 REfl 3545 2189
45 R W - DSPF-RCNN B34 78 PRI o oR B2 19 Rl
FHE P AR XU BTy 2 b BAT BT B A

# 7 DSPF-RCNN 5 H AU B 7 vk 1932 17 I 8] 3 L
Table 7 Comparison of running time among DSPF-RCNN and other two-stage methods

Method PointRCNN Part-A*

STD DA-3DSSD SVGA-Net Ours

Running time /ms 100 80

80 110 62 64

37 BEREAMBIEE LHSERIE

N7 B AEA A PR TR MR LR S
WHUT-E70, i i Al 48 A /E R4 (ROS) 5 F 5 1
K el 3 5 AT BGORNER A B0 1 R4 T B 1l

human machine interface

«%
‘s\—

RSB AN 7 BT 23 T 32 O TR Ik, SRR N
10 Hz, AT B A 360°, K 45 A9 35 A B P $ie R 45 o
RO AT R T, FH A T 6 0 A 2 U 4 o 5 vk E A T
VES

lidar

Zu

global navigation satellite system

D

>

long range microwave radar

>

F7  SEERF 6 A2 I 5 2

Fig. 7 Hardware deployment of experimental platform vehicle
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e, AR TS W R R AR s AR A —

Je PR by WP £ RS 22 2 1 (o7 L AN BE A 1 B 2 A A 22
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Fig. 8 Test results of algorithm on experimental platform car
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Abstract

Object

Precise perception of the surrounding environment is the basis for realizing various functions in autonomous driving. The

accurate identification of the location of 3D targets in real scenes is key to improving the overall performance of autonomous driving.

1010003-10


https://arxiv.org/abs/1910.04093
https://arxiv.org/abs/1910.04093

£ 50% £ 10 H9/2023 £ 5 B/ EH:

Lidar has become pivotal in this field because of its superiority in sensing richer 3D spatial information while being less affected by
weather and other environmental factors. Current 3D target detection methods are mainly based on deep learning, which can achieve a
higher detection accuracy than traditional clustering and segmentation algorithms. The key to target detection based on deep learning
is the in-depth extraction and utilization of point-cloud feature information. If feature information cannot be fully utilized, the target is
misdetected or missed (Fig. 1), which has a significant impact on the safety of the automatic driving function. Therefore, deep

extraction and utilization of point cloud information are key to improving the accuracy of 3D target detection.

Methods This study proposes a two-stage 3D target detection network (DSPF-RCNN, Fig. 1). In the first stage, the unordered
original point cloud is divided into the regular voxel space, and the point-wise feature is converted into voxel-wise feature by using
convolution neural network. The down-sampling output of the last layer is transformed into a 2D bird’s eye view (BEV), whereby the
BEV is input into the deep feature extraction-region proposal network (DFE-RPN, Fig. 2) for depth extraction of 2D features.
Through the fusion of deep and shallow texture features with deep semantic features, the ability of the network to capture 2D image
features is enhanced. In the second stage, some point clouds are selected as center points in the latter two 3D down-sampling voxel
spaces through the farthest point sampling, and the center points are input into the aware-point semantics and position feature fusion
(ASPF) module (Fig. 3), allowing the integration of the 3D semantic features and location information of the surrounding point
clouds. In this manner, the network can adaptively extract more diverse features of the target because these center points have a
stronger feature aggregation ability when aggregating neighboring point clouds, which improves the network’s ability to aggregate
different feature information of the target. These center points are then used to aggregate the features of the surrounding point clouds
in the 3D voxel space (Fig. 4). Subsequently, the region-of-interest pooling is conducted for the aggregated features and target
candidate boxes generated in the first stage. Finally, the more refined classification and boundary box regression are conducted for the
target through the fully connected layer.

Discussions The DSPF-RCNN is tested and evaluated using the official KITTI test and validation sets. The detection results for
Car are better than those of the existing mainstream algorithms in the test set (Table 1), and the detection accuracies at the three
difficulty levels are 89.90% , 81.04%, and 76.45%. In the KITTI validation set (Table 2), at the 11 recall positions, the detection
accuracy is improved by 4% compared with those of the SVGA-Net and Part-A2 networks at moderate levels for Car and Cyclist.
The DSPF-RCNN can accurately detect the three types of targets (Fig. 5). The effectiveness of the proposed innovation module is
further compared and analyzed (Table 5). The results show that, after integrating the 3D semantic features and position features of the
surrounding point cloud, the central point can better aggregate the feature information of the surrounding point cloud in the feature
aggregation stage. However, when the DFE-RPN module is added, the network’s ability to capture features increase further, and the
ability to extract small-target feature information, such as cyclists and pedestrians, is significantly improved. Finally, a comparative
analysis is performed on the network time utilization, including the time consumed by each module in reasoning through a frame of
point cloud data (Table 6). The comparison between DSPF-RCNN and the other two-stage algorithms (Table 7) shows that the total
inference time of DSPF-RCNN is 64 ms, which is more advantageous in terms of the inference speed of the two-stage algorithm.
Finally, the algorithm is deployed on a real vehicle platform to realize online detection (Fig. 7).

Conclusions In this study, a two-stage target detection algorithm, the DSPF-RCNN, based on a laser point cloud is proposed.
First, the proposed DFE-RPN module extracts abundant target feature information from 2D images. In the second stage, the
proposed ASPF module allows the central points to aggregate the salient features of different targets. Through testing on the KITTI
test set and validation set, and comparison with mainstream methods, it is concluded that DSPF-RCNN performance is more
advantageous in accurately detecting targets with different sizes, including small targets. At moderate levels in the KITTI validation
set, the detection accuracies for Car and Cyclist are improved by approximately 4% , and the total network inference time is 64 ms.

Finally, the DSPF-RCNN is applied to a local dataset to verify its engineering value.

Key words remote sensing; automatic drive; LIDAR; 3D target detection; feature fusion
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