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High-efficiency 3D object detection for road traffic scenes

LU Jun, LU Linchao, ZHAI Xiaoyang, LIU Shuang
(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Based on the 3D object proposal generation and detection from pointcloud, namely PointRCNN network, this
study proposes an RandLA-RCNN architecture to address the issues of high time cost and inefficiency in the point cloud
downsampling stage of the current two-stage point cloud object detection algorithm. Firstly, by taking advantage of the
efficiency of random sampling method, the large-scale point cloud data are downsampled to handle massive point cloud
data. Then, the spatial positions of each neighboring point of the input point cloud are encoded to effectively enhance the
ability of each point to extract local features from the neighborhood. Attention-based pooling rules are used to aggregate
local feature vectors and obtain global features. Finally, an extended residual module formed by stacking multiple local
spatial encoding units and attention pooling units is used to further enhance the global features of each point and avoid
the loss of key point information. Experimental results show that this detection algorithm retains the advantages of
PointRCNN network in detecting 3D objects, while achieves nearly twice the detection speed compared with
PointRCNN, reaching an inference speed of 16 frames per second.

Keywords: deep learning; 3D object detection; point cloud; random sampling; local feature aggregation; attention mech-

anism; autonomous driving
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FERECE B E R 64, XF 45 AR A B AE
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O PRBC T, AR -1, YR Wb B,
551 B B 28 11 2k 1Y BRI IR Bateh size 4 16, |
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epoch, 2% 2] F& 4y 0.002, ffi il Adam fLfb A% . 56
2 [ B X 2% LA 18 8 S B0 A0 AR RO 5 Sk [11]
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Fig. 7 Time consumption of different sampling approaches
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Fig. 8 Visualization of vehicle detection in point clou
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Fig. 9 Visualization of vehicle detection in bird’s eye view
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Table 2 3D detection results of vehicle targets in the KITTI validation set for each algorithm

ZEHi(10U=0.7)/%

1A (10U=0.5)/%

ik s {7 £ Hh &g 3 mAP a7 o Hh4E PRI #fE mAP
MV3DE! 0.36 71.29 62.68 56.56 63.51 — — — —
F-Point Net 0.17 83.76 70.92 63.56 72.75 — — — —
Voxel Net 0.23 81.98 65.46 62.85 70.10 — — — —
SECONED 0.03 87.43 76.48 69.10 71.67 — — — —
PointRCNN 0.12 87.92 77.69 76.43 80.68 50.22 42.01 39.63 43.95
RandLA-RCNN 0.06 88.64 77.62 76.24 80.83 50.31 42.03 39.59 43.98
*3 SEFEKITTIRIEEFEHIITABHR BEV HENER
Table 3 BEYV detection results of vehicle target in the KITTI validation set for each algorithm
- - _ $;%(IQU=0.7)/% _ 17 i\(IoU=O.5)/%>
fi] &g I mAP fij 5 &g PRI mAP
MV3D 0.36s 86.55 78.10 76.67 80.44 — — — —
F-Point Net 0.17 s 88.16 84.02 76.44 84.45 — — — —
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&5k 3
. X ZH(1oU=0.7)/% 7 AN (10U=0.5)/%
(=R A [a)/s — - - — = -
(LN 45 R mAP 157 EfL. 45 PRI ¥ mAP
Voxel Net 0.23s 89.60 84.81 78.57 84.33 — — — —
SECONED 0.03 s 89.96 87.07 79.66 85.56 — — — —
PointRCNN 0.12's 91.21 86.89 82.51 86.87 56.62 49.43 44.78 50.28
RandLA-RCNN 0.06 s 91.33 86.78 82.41 86.84 56.78 49.39 44.73 50.30

E K RS B 5 1T, RandLA-RCNN 5 Point-
RCNN # kb, “F-#7K5 fE % (average precision) FE A<
— 5, TR WS H AR B AR DR T T
0.72 T 53 s, 145 52 Z% H AR 1 A6 UK J32 s A5 [
G, J PR AT B A TR ME H AR RE A AS B 1) 0 2 B 4K
D, BEHLR AR SRR A 5 B R, S EOZEH
P A I ROCR WA T B, (B TE 3 D MERE Y F- 1Y
A5 % (mean average precision, mAP) #£F+ T 0.15
H o3 Mo TEAT N BARJT I, X ] B LA K rp 55 H AR
A DN RS B2 B 23542 T T 0.09 #110.02 T 43 44, T
Xof DR P 4 ) ARG UK B2 T B T 0.04 1 0 a5, 8y
FEEESRTE T 0.03 F 28 i 1E A 2 55 AT i A6z
SE R, KRS B 5 PointRCNN JEAR—5, Mk
K, 75 REAS RS J VRS D 3 188 %) [) i, AR SC e
RFENT HAL %

34 HEXE

ARSCHEAT T B RIH AR IS, A T
P SR A A [ B A TH FE N 8], 25 R sk 4. 78
HRAE HE B BX, PointRCNN #E0F 60 ms, (& &0 [a]
T 50%, 1A SCHC k) RandLA-RCNN ) 4 2 3
FESETEEN 20 45 o e HAR B, IR T AR I
[ HEAAME . 275K, Bk /5 Y RandLA-RCNN
R0 JEE B T3 P, IKE 16 fs o

x4 WHBEESRERSERQ A E XL

Table 4 Comparison of the detection time of each module
between the improved algorithm and the origin-

al algorithm ms
AL Tk
, B TRHIE I .
y [ =
RS V2 ROVERL SR20 B2 St a)
PointRCNN 60 42 22 124
RandLA-RCNN 3 39 22 64

A SCIA X LSE B L K DRB A %0 47
THE . X R 2 [ S R 4 5 e T LR
XA RS B T B 0 L2 s AR . LR
33 40 5 AR B pt A o A DL S BT 40 5 AR
(Do P) « GRS T S50 300 40 25 A B LA B v 5, 15 30
AL ARIE B (p ot [P p1)) B 0 A
T AP A5 AR AR DL AR X7 B (piy s pi— PY), SEG 25 R
e s iR

x5 LSEEMIFLLELIGLER

Table 5 LSE module comparison experiment results %

IS FRIESE B mAP
2] 74.32

) 75.43

(pinP) 75.49

(P2t lpi = Pl) 76.86
(pi»Pls i = P}) 79.92
(pi-pto2i= PP = ) 80.83

[A] i, RandLA-RCNN H1H T 9 U Jmy &8 45 8] 2
5 B I AAE I — AR HEFR 22 P KRB, o
T I UEBR 25 A R AR 2R A BRI 1Y BR e X R
Mg TR, X T R 1 IR IER & 5 it
173 WHRHER GRS g5 1, 25 ]k 6.

% 6 DRB &R L NI %R

Table 6 DRB module comparison experiment results %

PR IRAIDRB G
LR AFIE RS 78.01
2L R (B i) 80.83
SRFFIERL A 80.28
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I AT T THAG A 52, 3 R A 2R FH 22 IR Ak
Ra MRS, SEGEE, IR
PR SR 5 B 24 i A Az I 37 5%
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