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Abstract: Human detection using a single laser range finder (LRF) has been used for autonomous vehicles
such as cargo carrying robots. In these detections, a method using hand-crafted feature values and a one-class
classification model is applied to determine whether an object is a detection object or not. In this paper, we
propose a method in which the input to a one-class classification model is replaced by features generated by
a deep learning model instead of hand-crafted features. In the experiment, the detection rate was compared
with the method using the hand-crafted feature. Furthermore, the processing speed was measured using the
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Jetson Nano to verify its practical applicability.
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Fig. 1 The processing flow of person detection by LRF.
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Fig. 2 Chung et al. features (created with reference to Ref. [7]).
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Fig. 3 PointNet-AutoEncoder Architecture (created with reference to Ref. [12]).

LIFEEED,. 72, 2 KICHIED AutoEncoder 1ZFH5:
ML LTEZ vV T EDERE AN, mitdT—%
DA CINEFF D 2 7D AT LTl L D L7z il 2 i
HATCMEICERIERS 2 L3 T& 4R\, 22T, Chamfer
distance & MHIN D AN EBEDO D 5 51 & Z D FITHR DI
WA REEO KO FEeBEEMEEE 5. S &
ATJERE, Sy AR EHE, v 2 ANEHICEENLE, 3
EFHRITEBICEEINLEE L2 &, Chamfer distance @
EFEIT

CD(S),S5) :I%S:l min {[|z—y| |§}+I;2 min {] z—yl3}
Thh.

PointNet-AutoEncoder DFE A& T L72#%13, Encoder
FHEBEAEE TV E LT, global feature # 1 7 5 A%
s ~O AT e LTl .

3.1 EFILOERE

PointNet-AutoEncoder (& Chainer [23] 12 & o T
N%. FEEL PointNet [12] DEHEEZRX—ZIZLTW5.
PointNet-AutoEncoder OO LK v 7 #d 250, fixi
1bi2iE Adam, FE=FII TR v 7 I X - TERE ML
FTAHLEIIhoTWAS, FERREIRY JBEH10127455 %
T 0.001, 20 T 0.003, 100 T 0.001, 150 % T 0.0003,
200 % T 0.0001, 230 % T 0.00003, 250 % T 0.00001 7%
HE)HEEINTVAS.

4. BEARLRF #HVWERBRMOSAE T —420D
WMEFE
ARFZeCIE, BAKLRF % HWVCaBET— ¥ 2 BUS L, 1%
W B E 7 N O LRI 720 0 LMk Lo i
BEAIUET 5. BT 27-00FNEH U TFICRT.

4.1 LRF OEET—2II0T 508 L RTE

(1) LRF zHui & LT, Aifao#iiiE —1.0~4.0m, 724
DFPIEZ —1.0m~1.0m OFEPHIZH 5 HEED A% Tk

© 2021 Information Processing Society of Japan

X4 rEEOSE
Fig. 4 Clustering point clouds.

. @A HIR L22FENE, LRE (SRS SRR
LEBLIZDDANDATHLLENHY, iz AL
WNDFTT 7 NS 72, FOF TV MIS
MFEF721E T A T =7 1AL 2 EZ 20T
H5.

(2)RIZZ A ) 7ML TRt DEIS 5. 77
AZN) T ENZEBERED L IT5E NS DT
fEL72b0xR 4 IR, M4 TR, 79A%1) »
TR R T WL TV =7 P EIERTY
Lo SNLDOEWET T AL ) ¥ 7 & pTHBHI,
FEBIBE T R G I T A BICMBE S NS T IE 2
TAZN) TG LT BN S TH D,

(3) PE SN THOPTIRD HOBDP L VL E 7T
L. TNEGE SN mEEZ T RTRIFELTLE D
L, LRF 2L RTEEEPEL-TLE oL &I
FEICBENTLE o 72 2D —E DA - 72 sl % PR 1T
LTLE) ZLZPCADTH .

CDOTNT) AL %FTo>TWAR, LRF ICHi->Twa A
34T L DS S £ 5 0 oIk E LRF I2H4E LT
HEARGFESEL., SMrPoRks &L (B R xiaalls
& XA O BHEOIIZEAL LT <, F72, Mkl
7 ORI WIRIRIEFHA NS IS L > TEDO &

249



BERAIEFREHEE Vol.62 No.1 246-253 (Jan. 2021)

5 LRF 2263 L7-miEr—%
Fig. 5 Point cloud data obtained from LRF.
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Fig. 6 Evaluation process.
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Table 1 One-class classification result.
B (%) Tk 5 (%)
=% iE 1% it | Ik 1% &t
Chung 5® 3 DOfEE [7] | 89.26 84.50 86.88 | 93.16 68.0 80.58
Jung 50 5 D DFHEE (8] 86.36 96.23 91.30 | 85.39 84.10 84.75
PointNet-AutoEncoder 83.39 98.26 90.83 | 90.90 92.50 91.70

x 2 HOREKEEOMR

Table 2 Relationship between number of points and accuracy.
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MO | IE 1% CERE 1% Ll
32 7743  97.80 87.61 | 88.40 88.06 88.23
64 83.39 98.26 90.83 | 90.83 88.56 89.70
128 75.70  99.13  87.41 | 90.90 92.50 91.70
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Table 3 Measurement results of processing time.

7T AYE 11 12 13 14 15 16 17 18 19 20

AL 6.8ms 72ms 80ms 86ms 9.0ms 91ms 94ms 9.8ms  104ms 10.6ms

PointNet-AutoEncoder 41.3ms 39.6ms 42.7ms 42.0ms 46.5ms 444ms 47.7ms 46.0ms 52.1ms 52.3ms

RBFSVM @ 1 7 A%34H | 14.4ms 15.5ms 16.8ms 17.9ms 19.1ms 20.5ms 21.8ms 23.1ms 24.0ms 25.8ms

x4 RIS 2 RUBLIE R RS
Table 4 Measurement results of processing time.

7T A8 1 2 3 4 5 6 7 8 9 10

HiALER 1.3 ms 1.8 ms 2.3ms 2.8 ms 3.2ms 3.5ms 4.5ms 5.2ms 5.9ms 6.3 ms

PointNet-AutoEncoder 38.7ms 38.6ms 385ms 39.5ms 40.8ms 41.3ms 41.1ms 39.7ms 43.1ms 41.3ms

RBFSVM O 1 7 Z A47% | 1.8ms 3.1ms 4.5ms 5.9 ms 7.2ms 8.5 ms 9.9 ms 109ms 12.3ms 13.5ms
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