BHE [EREHTOEFA ]

B E LIDAR REEHD 5 DHITERE *

—3DCNN DD RBENHEZER LR I RE—

FAERIE AR KWl < JIPERER T HF—R0 T A P

Pedestrian Detection from a Sparse LIDAR Point-Cloud
—Distribution-Based Voxel Representation for 3SDCNN—

Yoshiki TATEBE, Daisuke DEGUCHI, Yasutomo KAWANISHI, Ichiro IDE and Hiroshi MURASE

In recent years, the demand for pedestrian detection using LIDAR is increasing, as it can be used to prevent traffic ac-
cidents involving pedestrians. To avoid traffic accidents, detection of distant pedestrians is very important. However, they
are scanned sparsely even if a dense-scan LIDAR is used, and this causes the degradation of the detection accuracy. There-
fore, pedestrian detection from sparsely-scanned LIDAR point-clouds is expected to be developed. This paper proposes
a LIDAR-based pedestrian detection method using 3DCNN. Since it is difficult to train a 3DCNN directly from sparse
point-clouds, the proposed method converts them to a voxel representation using the kernel density estimation based on
LIDAR characteristics. To evaluate the performance of the proposed method, an experiment using real-world LIDAR data
was conducted. The results showed that the proposed method could detect pedestrians more accurately than detectors

trained with other conventional features.

Key words: LIDAR, 3DCNN, pedestrian detection, voxel representation, sparse point-cloud

1. # E

AR, B EHO B SRR e T 2 MR Y AT AN
OFEENEE-TE D, ERICAT I HALBAILITD
NTW5a, HEEEEEN 2T 5720108, HEHEOFHE
B EN A ERRTH Y, TORTESTHLZRMRTS
Hfff IR B 2 2 5. HilRA A Fif§E H e U785
B BE SR E N TEL—AT, T IHIEREMEOBIA
PO o 2 LBl ~NOEE bR E->T WS, ZO
#1TH, LIDAR (LIght Detection And Ranging) &K & 72 H
EHRDOTED, RREAOHEIRE HIE L 22 MRS OMED
HATWS., B1 3Lzt 3 TG LT — X Ol
FRLTWS, E1hoahd X5z, s LIDAR » 543
5N5E 3T — RIGIERICH (BERE) THY, BTHELH
AL 7= f i (ERRE) OFRIDHL WE WD &S RIS
H5.

I ETIZ, LIDAR 2R E LB TEH OB <
ONREINTHY, LIDARIZE W Bl N5 3 sty —
K5 i AT RE AR R AR R T h T B DY, Kidono 51,
h~Eft o BT E ORI ZHE LT, HITEHEOREPRIE
RERZ D AT A AR SO O 54612 3 5 Rt %
RELTWA D, $hRLE, BRANEREZBTEILTH
BEOFEE % WD 2 M FiE, ABORMZ/ 2 A 5 FiE
ERELTWS Y. ThoifllagbETHWSZ LIckY,
a5 T LM A s R & LT X h i T oM R R
FEIZEILTWS, LHL, X0EATIERICEEIEL &

* GHEEN PK304E5HATH
iRE  FR304ETH 13 H
> AR RERFIERRRIAT IR (BRI R TR R
e SRR A (BRI N R TR AR
T AEBRPRBNREIIAER (BRI B 7 TR R0 )

(

e

T P—— 2t

O 5
FI 1 = LA
7| -

Pole Pedestrian

Fig. 1 Examples of sparse LIDAR point-clouds

BEEHTH L ELT 2 UG OYEOMIIEE Xk & L
TRV WS RER D - 7=,

—F5, AR B A D I YRR R AR TR
LTETED, 3Ucalt2ige Uhkimomeditb
o252 Y, Maturana 5 1%, 3 RITEBONHEE KL LI
SHTRETH I 2IZED, 3 WaTsiftd & OYRRIRIZ RN
FWEMAHT 5 FHEERELTWS Y. ZOFHETR, LHGEH
%, JELEEE, RO 3 shs A7)y Fizk-
THRZELVEMEREL, 3Rl ESBEONmERILT
W3, FLT, R27VEHET T — £ % 3D Convolutional
Neural Network (3DCNN) IZ AN 5 Z iz kb, FRiE I
OEMONAEPRMIZHEBL BB ETRRELTWS. £
DFER, Fes Pz @ o RETRITS Z &iTkL T
5. L Lahs, ZoOFHkiE CAD o i% a4 SR gl
fig72 LIDAR (F % LIDAR) H 518602 JERIZ RE 72
BOANDHRTH D, (KEREL AR L DIE T R vl
LIDAR ({£% [ LIDAR) » 515 & 2 M Tl sz 1dE
Ol AT E v, BARMIZIE, BB E R 7 ILERBLIC

BB ZR5E/Journal of the Japan Society for Precision Engineering Vol.84. No.12, 2018 1017



EZE LIDAR REDSDHITERE

Sparse horizontally

1000 0
(a) Sparse point cloud

(b) Voxel representation

Fig.2 Example of conversion to voxel representation from a sparse point cloud
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Fig. 5 Illustration of the structure of a point cloud candidate
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Table 1 Number of pedestrians/others in scan lines

Number of scan line
L=31L=4 L=5|L=6
Pedestrian 1,134 5,343 7,016 8,258

Others 7,143 7,360 8,477 14,719

Table2 Average distance in meters of pedestrians/others in scan lines. Standard
deviation is shown in the bracket

Number of scan line
L=3 | L=4 | L=5 | L=6
Pedestrian | 27.5(5.3) | 25.4(4.7) | 18.5(4.0) | 13.0(3.8)
Others 21.7(5.9) | 205(6.5) | 21.4(55) | 148(4.6)
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Table 3 Measurement error of LIDAR used in the experiment

Groundtruth distance in meters | 5.000 | 7.500 10,000 | 25.000
Ave, of measurement in meters | 4,995 | 7.569 10,037 | 25.070
Std. of measurement in meters | 0.014 | 0.020 0.029 0.142
Table 4 Evaluation methods
Conventional Comparative | | Comparative 2 | Proposed
Feature Handcrafted" Voxel Voxel Voxel
Classifier SVM SVM 2DCNN 3DCNN

Table 5 Results of AUCs (Highest scores are indicated in bold font)

Number of scan line
L=3| L=4| L=5]|L=68
Conventional 0.924 0.931 0.975 0.974
Comparative 1 0.915 0.931 0.966 0.967
Comparative 2 0.915 0.953 0.970 0.980
Proposed 0.921 0.967 0.981 0.984

Method

T, ROC (Receiver Operating Characteristic) i AUC (Area
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Fig. 11 ROC curves of the results

Table 6 Results of p-AUC (Highest scores are indicated in bold font)

Number of scan line
e L=3|L=4| L=5]|L=6
Conventional 0.564 0.535 0.805 0.836
Comparative 1 | 0.601 0.565 0.757 0.807
Comparative 2 | 0.629 0.698 0.809 0.884
Proposed 0.658 0.802 0.881 0.914
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Fig. 12 ROC curves of the results for different network structures
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Fig. 13 ROC curves of the results for different input channels
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