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1
Fig. 1 Comparison of different FPS algorithms.
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Table 1

ERAALEHENSHERT . Wik, AMTEE T
Z2 iR T A 2 B e A 1 IS L 1 A5 I B
(SR LI I 4 B 48 4% (CNND - oo
KREZFAERR S =B #) 3D 25 [0 M 4% 2 2D
PP M v, 3F ] 3D B 2D CNN i 47 4b 3, 3% 2
BRI & TIRRA %, mscEkle]d
W A MV3D ( Multi-view 3D object detection
network) B L% S = B 2] 2D I ALK R A%, JF:
) 15 S 4 HE ( Anchor box) A2 il K I AE . 56
T2 B EL 2D WA B9 WF 5%, SCHRL7, 9 14
THARRE 2 AL B RS R WG, SCHRES 1048 T
BT E R 5= s Tk, SCik[4, 23 J48 iy
TR AT )R 2 A Gk B TR A B ROCR .
Sh, SCHRL2 .24 PFf 55 = 20 BE 2 3D RAS w31 3D
CNN 474k 24 5 SCHRL3 25 —F i 20 76 B 3D
CNN X i = A7 AL B s SCHR[26-27 2R T 23k
I (Detection head) HILH| , 15 21| T 4 47 14 A5 ) 25
R TR R B B ROR K BB RS HER 3D
e e A, B R 2 BF 52 CNN o 5 BURE K/ 19 BR
il AN BEFE 40 B 25 W AE B . AR FPS 5k 1y %t
PO O an B 1 BT 7 o S A G B 1Y iy 44 R ) 4
1R,

(b)

no foreground point

AR FPS BRIk, (a)SegFPS B3k ; (b) {448 FPS B ik

(a) SegFPS algorithm; (b) traditional FPS algorithm
¥ 45 L]

Nomenclature

Abbreviation

Explanation

Seg-RCNN
SegFPS
SegNet

NMS
Grouping
Bev

FPS

segmentation based region-convolution neural networks
segmentation classes based further point sampling

semantic segmentation network for foreground points

non-maximum-suppression

using keypoints to group features

bird’s eye view

further point sampling
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Fig. 2 Framework of the Seg-RCNN
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raw point cloud
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Fig. 3 Network structure based on original point cloud algorithm
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Fig. 4 Structure of the SegNet
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WEZHATANWAFHIEZ —. KITTI &
AL 7481 WU ZEEHE Ctrain split F1 val split) Fl
7518 MR EHE Ctest split), SEE S % CHR[ 2]/
Jr 2K 7481 Wi Il 2k BCHE 4y S 3712 AN 2 gy 4R
(train split) 1 3769 4~ 5 iIF 43 % (val split) , I ¥
Seg-RCNN Ak 5 M A B L 7E KITTI 78 & HEAT %
B test split AT T X LG,

4.2 Seg-RCNN ZE#H S

SegNet HPHFERS> 1D & FUAL L ¥ IS4 1D 4
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Kl 2 3D 1A Z CNN AYyiE 1B £ o 5k 16,32,64,64,
KB 5 PointNet BAMRERHE , = ARG WL X R
G 2F 12 (Radius) 43 9 24 (0. 4, 0. 8),(0.8,1.2),
(1.2,2. 0, i (A, B AR AR R G ER. 1F
ROT jth Ak o B Ao 356 A X 385 53 6 X 6 X 6 4~
& B VEHE K& 25 PointNet B4 £ R A ZH-1F,
HRA AN 0.8,1.6), 78 KITTI Fdhs 4 b A6
WS % k[ 2] B W « N[0 m,70.4 m];
Wy [ —40 m, 40 m ;¥ = AL —1 m,
3SmlEREMAMAE W K/NSH X [4]&REH
[0.05 m,0.05 m,0.1 m].
4.3 YI&EAT
Seg-RCNN P iy #1) ity 1) 1 25 77 X i A7, i FH 19
A28 Adam, IZRAE 4 4 2080Ti £ b k47,
batch-size & 8,2 2 N 0. 01, 2 A E s 4 218 80
(80 epochs), F train split b WYl 2k ot F2 240 R
8 ho TES B B AT AE A 4 Ak 1] 0 B ST
128 A e A , v, i 35 i 24 HE 5 75 55448 B AE 1) LE
Bl 1+, T S AT 19 2 495 A v 2 i 2o AE AT L 52
HFRER 3D 10U K F 0. 55, Il 2R B BE 5 3 2%
AR B3CHTE B SR R < 1) 58 oo il A X R Ak B 5 2) AR
RN TR 0. 95~1. 05) Ab Bl 3 3) 4 i L = 4% =
W RS AN — /4, m/A D) AL 3 O 4% oAl
Wit f B H AR 1 A 2 #5 D13 Y R T, LRSS [R] 1Y 3
S5 5) fff B T A A K T A R 45 1Y) L S HE i AE [
— M OF- T R L AR B B B AR i i 2 AE 11
10U & 15 B Ve £ BT 100 Mg e hE , o e 4E /9 B
fEBE R 3D TOU fH . 45 B A5 BE R T 0. 7, R WK I 45
AR X I B A A R AT AR I B A 4
AR, I R AR AR B A0 T (ONMS) 2 BR TC 4% 1 i £
%2

HE o AT A5 1) fi 28 ) A6 I 485 S, Frp , NMES #8411
3D 10U HfH 4 0. 01,
4.4 KITTI ##EER 3D BN HEITEE

TE val split £ LIRS, 3 8 f F train split
Ik 7 KITTL B 7 M B8 test split B
R, T FT 3 A train+ val B0 #EATU0I4:. AT
PRAE S5 18 28 S 33 7 A 3 7 5 5 6 B Sk o8
f—3,
4.4.1 Fh AR

S 565 A8 PRA 4 AR A ST 28 B0 BE (mAP)
£ KITTI B 7 M4 test split F,mAP N 40 A
[F) 74 [0 38 437 B 1 i 7 38 B2, val splic 50 E % 1Y
mAP Wk 11 ANAS[R A 10307 E B .
4.4.2 BHIAFEe Tk

# 2 4 Seg-RCNN H ik 53 A B L4 KITTI
B E AR IS5 R, Hoh, Bev, HIFHLIET /9 2D
HE A6 MRS B2 L Easy . Mod , Hard 275 B F5AE (4 46 1 1k
BRA S 4 RFYE, RGB(Red, Green, Blue) i &
588, LIDAR NS = 84 . nT LR 3L, M L 3L A
Bk, Seg-RCNN B3 1k 9 A6 MK B B¢ i, WX T
Car ZEHARE 3D K, Seg-RCNN # 3L 7E Easy.
Mod, Hard YEE FEMR Y A mAP 20 E T
3.22,3.97,3.29 AN 43 s, A8 Car 28190 A0L A6z )
H1,Seg-RCNN 7£ Mod #E £ Fe i3 %) - i) mAP = /b
2R T 2,00 ME A, BEAM, Seg-RCNN Bk 1] DU
[F] A K2 Car, Pedestrian 1 Cyclist =2 H ¥, 11 3C
BRE3 . 10 iy 5303 0 > 28 1 H b e 2 B0 179
W OREIE AR val split AL S5 RUnsE 3 fr
7 Al LLE B, Seg-RCNN Bk (M REM T 8047 i &

AR ETE KITTHMRAE 1 mAP
Table 2 mAP of different algorithms on the KITTI test set

unit: %

Car-3D Car-Bev. Cyclist-3D Pedestrian-3D
Algorithm Reference Type
Easy Mod Hard Easy Mod Hard Easy Mod Hard Easy Mod Hard
MV3DH CVPR 2017 RGB-+LiDAR 74. 97 63.63 54.00 86. 62 78.93 69.80 — - - - - -
F-PointNet™ CVPR 2018 RGB+LiDAR 82.19 69.79 60.59 91.17 84.67 74.77 72.27 56.12 49.01 — - -
ContFuse™  ECCV 2018 RGB+LIiDAR 83. 68 68. 78 61.67 94. 07 85. 35 75. 88 - - -
AVOD-FPN'?  IROS 2018 RGB+LiDAR 83.07 71.76 65.73 90.99 84.82 79.62 63.76 50.55 44,93 — - -
PointRCNN™  CVPR2019 LiDAR  85.94 75.76 68.32 92,13 87.39 82.72 73.93 59. 60 53.59
SECOND™!  Sensors 2018 LiDAR  83.34 72.55 65.82 89.39 83.77 78.59 71.33 52.08 45.83 — - -
PointPillars™?  CVPR 2019 LiDAR  82.58 74.31 68.99 90.07 86.56 82.81 77.10 58.65 51.92 — - -
VoxelNet?!  arXiv 2017 LiDAR  77.47 65.11 57.73 - - ~  61.22 48.36 44.37 - - -
Ours - LIDAR  89.16 79.73 72.28 93.36 89.39 81.93 76.23 60.05 54.37 78. 17 63.89 56. 73
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%3 ARBEELE val split FAY mAP

Table 3 mAP of different algorithms on the val split unit: %

Algorithm Reference Type Mod Easy Hard
MV3D CVPR 2017 RGB-+ LiDAR 62. 68 - -
ContFuse ECCV 2018 RGB-+LiDAR 73.25 - -
F-PointNet CVPR 2018 RGB-+ LiDAR 70.92 - -
AVOD-FPN" IROS 2018 RGB+LiDAR 74. 44 - -
PointRCNNF CVPR 2019 LiDAR 78.63 - -
STD™" ICCV 2019 LiDAR 79. 80 - -

Ours - LiDAR 81.11 91. 33 77.49

AT HEEWH R AR BRI KSR, BT
#h43 val split B AR5, anE 5 fras, Hop, A

Pgdestrian

@ ground truth

F AR S B3 €0 8 S, n DU B, AR SRR RE
HERL I Y R A

Pedestrian

detected results

[ 5 ASEIELE val split b0 AT A4k 45 I 45 2R

Fig. 5 Visual detection results of our algorithm on the val split
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IS A A R A PR R, — O R
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Table 4 3D mAP of SegNet with different strategies

SegNet 1 SegNet 2 3D mAP/ %
J 78. 23
N 81.11
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4.5.2 ScgFPS # 7 2H 5 7

FPS J2 5 T BR FC I 2 10 Bt R ke, Y ok
B SQ B R A I, 2 R R i 4 s i ) 1Y) 4 S T
JL L ARE B SegFPS fift thiZ ) 5, 78 KITTI
val split IR ZE RN 5 Fios . aTRLE L FPS
B AEMERE T 3D mAP S 78. 21 %, 1fi SegFPS
VETE R & P A 3D mAP 81, 11%, ix £ W
SegFPS ] LA R i Bk i RS 2

5 SegFPS HIA R B AIE

Table 5 Validation of the SegFPS
FPS SegFPS zfnd FPS fusion SegFPS 3D mAP /%
sampling strategy
V/ 78.21
v 79.01
v 81.11
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FUBR » 22 BV 18 b 0 D R G 00 3 0030 026 A 4G U0
JERAR. TN E XE AR B AR A B, R
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Fig. 6 Unlabeled targets in the KITTI dataset
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Fig. 7 Detected result of the Pedestrian category
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Fig. 8 Seg-RCNN online detection based on ROS
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2 6 AR Point-based #4332 17 B [H]
Table 6 Running time of the Point-based part of

our algorithm

Name of operation SegFPS Grouping FP
Number of operation 1 6 6
Running time /ms 0.141 32.7 5.2
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sparse 4D tensor
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Fig. 9 Principle of the Voxel-based algorithm
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(Conv 1~ Conv 4) B ILJHFEZY 26. 5 ms, iX K
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Table 7 Running time of the Voxel-based algorithm

Conv Running time /ms
Conv 1 (16,16) [1] 1.12
Conv 2 (16,32) [3] 6. 40
Conv 3 (32,64) [3] 8.62

Conv 4 (64,128) [3]

SegNet L7 8 JZMZ ML (6 )2 1D B .2 JZ 1D
AEFD , Hoop, 1D B BLE 17+ 43 5 80, 76 SegNet #
SFHIFERTZ) 1. 24 ms, SegFPS i i} CUDA #:47 1 Jf
A, #E B 29 1 ms, NMS #: 4E /948 17 B [8] 4y
6.5 ms, ARF LB A BT ] 415K 8 Fraw, &l 10
RAREDAE KITTI k5 b Ags 17 |, ol L& 81,
AR Y2 1T RN 298 80 ms,

# 8 Seg-RCNN 145 A1 18 47 B 1]
Table 8 Running time of each module in Seg-RCNN

10. 40

Module Running time /ms
Voxel-based 26. 54
Point-based 38. 04
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Fig. 10 Running time of our algorithm on the val split
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Abstract

Objective The low detection accuracy of the perception system in autonomous vehicles will seriously affect the
reliability of autonomous vehicle and the safety of passengers. The traditional LiDAR-based three-dimensional (3D)
object detection algorithms, such as the rule-based clustering method highly relies on hand-designed features probably
be sub-optimal. Following the great advantages in deep learning for image field, a large body of literature to explore
the application of this technology for 3D LiDAR point clouds. Among them, point-based methods directly use raw
point clouds as the input of the detection model, and the further point sampling( FPS) algorithm is applied to sample
a set of keypoints from raw point clouds, keypoints groups neighbor raw points to extract the feature for object
detection. However, the proportion of foreground points (points in 3D bounding box) in keypoints collected through
FPS algorithm are relatively low, especially for the remote object, foreground points almost totally lost in FPS (Fig.
1). Foreground points contain the important 3D space location information of objects, a low proportion of foreground
points in keypoints will hurt the detection accuracy. To this end, we propose a semantic segmentation based two-
stage 3D object detection algorithm named Seg-RCNN (segmentation based region-convolution neural networks), in
which we propose a novel further point sampling strategy (segFPS) for sampling keypoints, and a segmentation
network (SegNet) for semantic segmentation of foreground points and background points (Fig. 4).

Methods Seg-RCNN is a two-stage 3D object detector (Fig. 2), in the first stage, the raw points are first
voxelized as voxel-wise features, then the sparse 3D CNN is adopted to extract voxel features, the output of sparse
3D CNN squeeze into 2D CNN for further feature propagation, and then box proposals are generated in 2D bird’s eye
view feature map through anchor-based strategy. The SegNet output the foreground and background points
segmentation results of point clouds. In the second stage, the SegFPS is adopted to sample the keypoints according to
the segmentation results obtained from SegNet. SegFPS, distinguished with previous FPS, uses both segmentation
classes (foreground points and background points) and Euclidean distance as sampling criteria, which can improve the
proportion of foreground points in keypoints (Fig. 1), and then can improve the detection accuracy by 2.90
percentage points in the KITTI dataset. Using keypoints to represent the whole point clouds not only reduces the
complexity in time and space but also retains a certain proportion of foreground points and background points. Multi-
scales 3D voxel features of different layers are aggregated into a set of keypoints through PointNet backbone to obtain
the features aggregated by the keypoints (named key-features), so that achieve feature compression (grouping, as
shown in Fig. 3, calculates the relative distance between the keypoints and neighbor raw points). Then, 2D CNN is
adopted to further propagate the key-features. Project the box proposals onto the key-features map to extract the
region of interests, finally the detection heads output the final perception results.

Results and Discussions  Extensive experiments on KITTI dataset are conducted to demonstrate the higher
performance of our framework as compared with previous mainstream methods, and the detection accuracy of the car
class in moderate and easy level are 79.73%,89.16%, respectively(Table 2). The mean average precision (mAP)
of Seg-RCNN, on car objects easy, moderate and hard levels, increased by at least 3.22, 3.97 and 3.29 percentage
points, respectively. There are two output strategies in SegNet, experiment results suggest that SegNet 1 is better
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than SegNet 2 (Table 4). Adopting SegFPS to sample the keypoints indeed can improve the detection accuracy by
2.90 percentage points as compared with FPS (Table 5). The accuracy of annotation in dataset affect the detection
performance of algorithm (Fig. 6), since the correct detection box will be judged as false positive due to the missing
of data annotation. The similarity of the shape between different objects, such as the shape of tree pole and
telephone pole are very similar to the pedestrian in point clouds, would decrease the classification accuracy, and then
decrease the detection accuracy(Fig. 7). Runtime of the proposed method is 80 ms (Table 8). To further facilities
the application of engineering, we achieve online real-time detection through robot operating system, which has

great values for engineering projects.

Conclusions In this paper, we consider the problem of low proportion of foreground points in keypoints after FPS
sampling, and introduce Seg-RCNN, a novel 3D object detection algorithm that has potential values of application for
autonomous vehicle projects. Extensive experiments on KITTI dataset are conducted, the experiment results suggest
that our algorithm has higher detection accuracy as compared with previous mainstream methods, specifically, the
mAP of car class on easy, moderate and hard levels increase to at least 3.22, 3.97 and 3. 29 percentage points,
respectively. The runtime of our algorithm is only 80 ms. Our results suggest that Seg-RCNN is an effective
architecture for 3D object detection on point clouds.

Key words remote sensing; autonomous vehicle; LiDAR; three-dimensional object detection; deep learning
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