BE [EfRRTOERFA]

AAAIZER PointNet IC & 2 BEzEZRH

WA K
T

B N o0
%

- I N /R 1 i .
17 A N T

Cyclist Recognition via Size-Adaptable PointNet

Taiki YAMAMOTO, Fumito SHINMURA, Daisuke DEGUCHI, Yasutomo KAWANISHI,
Ichiro IDE, Kazuki KATO and Hiroshi MURASE

In recent years, many researches on surrounding environment recognition using a LIDAR have been actively conducted

in order to develop autonomous driving. PointNet, which is a DNN-based object recognition method that directly processes

3D point clouds, has shown good performance. However, it has a limitation that since the number of input points is fixed,

it cannot be applied to point-clouds containing varying numbers of points. Therefore, this paper proposes a novel sampling
module that allows the input of an arbitrary number of points into the PointNet. The proposed module features two

functions: down-sampling that can maintain the shape of target objects, and up-sampling based on LIDAR characteristics.

To evaluate the effectiveness of the proposed method, an experiment is conducted on point clouds provided by the KITTI

Vision Benchmark Suite. The experimental result shows that the recognition method using PointNet with the proposed

sampling module outperforms the conventional methods.
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Fig. 1 Samples of point cloud
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Fig. 2 Outline of the proposed size-adaptable cyclist recognition method
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Fig. 5 Outline of the proposed PointNet framework
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Table 1 Number of cyclist point clouds and non-cyclist point clouds in the dataset

‘ Number of point clouds

Cyclist 805
Non-cyclist 2,735

Table 2 Number of point clouds per number of points

Number of points | 1-64 [ 65-128 [ 129-256 | 257-

Cyclist 165 248 167 225
Non-cyclist 625 859 684 567

Table 3 Number of point clouds per distance

Distance 0-10 m 10-20m | 20-30m
Cyclist 135 365 305
Non-cyclist 340 1,110 1,285
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5. RESCTHE, p-AUC % ROC HHARDFEFEIER A 5% AR O
KTk D Z 2T, HEEHZRIC L o TEHIE L 4 5 3H3HE
MMEWKRNCER LT, RkE26d 5.

53 ERRE

ANEEE N = 128 5, 41 HioREZ VSV TY v
FHEIZBT 2 3 RuEROSEEE (X,Y,2) = (2,2,10) &
U7z, GHUSPMEEE LTS PO M2 LYV T VI 57

D EEERELSTEHZENEFT L WY, HIEZHDOHEKRER
DEREEAVNE WD, IEHAONEHE KEL T2 L Hin
HOFH AR 2 WHEKA S < FHAT 5. HiRED S
NERHMTH B0, KERTIREHEED L DA% M\ 75
ATERNBTES LS, KEAMELETAMOHERKE 2 &
U7z, ShiE 5o 43 #1%80%, Kidono & DIREL A5 1 2
WE Y iz, 102 Lz, KITTI F—Z 12y b THWSHRT
% Velodyne LiDAR #:0 HDL-64E D HIEkEE 9 12 & 5 &,
25 m DFHEZH BWREJIE L2 & SIZFHHEIC A U %
N+2cm THH728H, 2=0.02m, D=25m & L7, 7,
Ty T T IROEHOMERELT S, A=3 &
L7-.

PointNet DH%i21%, Qi AMRtLTWETu 5420 2/
Wiz, AL, BEHED 3 R E B (x, y, 2 B 12
MA, REEEZ2 &bk 4 RTOERE AW, EEIIH!
5T Ry 78X 600, Ny FH A XL 32 \-uXiElJt_. IRy
IEIE, FEHIEOBIEBOWR 2 R oD, @EEHNEE LN
LS ITERIIIRKD . Ny FHA f&i)‘(ﬁk O ¥ Jd U fili % i
W7z,

VoxNet DEH17 1%, Maturana AAREL T W3 To s 5 42D
EBEIZEE L. RZELDREZIZ20x20x 20 RTTE L
7. FEIZB 3Ry Z8IE 100, Ny FH A XiE 32 12
% U7z. PointNet & @12, TR v ZEITEERMIZRKRD, v
FH A RISk L E Ul E W72,

54 RRER

FRRIZE D ESNEETFED ROC ikt 2 M 8 1277

BEFFEIIMTE L AT, ROC kA LIZAIE L TW
52 ENMERTE, ABBEICNT 2RBEEOR EA1HRT
5. 7z, RAWCFERIZEVESNZEFIEOD p-AUC %R
3. PointNet % i\ % Fik (REFIE, HIETE3 B L OHE
Fik4) NEVp-AUC 26N TEY, ZTOHRTHREY VT
VY IZEVa—VEANATIREFENL D &V p-AUC %15
SNTWVWBILWHERTES. DD, %%ﬁyiuyﬁ%
Va—VOBEAZLYD, HEEHEIZEELRREREIMKVEG
B BEEIBE DN LR L.
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Table 4 p-AUC of the results

Method p-AUC
Proposed: SA PointNet 0.974
SVM 0.906
VoxNet 0.935
PointNet 0.963
PointNet + Sampling 0.966

1.00
0.95
o 0.90
<
~
2 0.85
&
& 0.80
[}
=
& 075
0.70 /| === SA PointNet (Proposed)
’ PointNet + Sampling
== PointNet
0.65 VoxNet
== SVM
0.60 ' :

0.00 0.01 0.02 0.03 0.04 0.05
False Positive Rate

Fig. 8 ROC curves of the results (N = 128)
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EERFERZ2E 212, BEY VTV UV ITEV 2 - LVOHEPA
ﬁﬁﬁN%ﬁméﬁttgwwﬁ@m,éﬁﬁif@ﬁ%%
DRI DODWTEET 5.

61 REYVITYVITEV2—-ILOHR

BEFE L T3 (PointNet) IZEHT 5 &, %%%&@
TEIEE N EF > TWB Z DR TE S, IBEFHEIC
ﬁhi@ﬁ%%ﬁ%@ﬁ@ﬁ@%gﬁﬁb%ﬁ#b%%&ﬁﬂ
RO ZIT, TEORBEO AR S DR EREMEZL S
ZeT, BlEEXAELZ2EZOND. 2, FHEAPSD
BREI G U CEAEHA ST EEY 2 1R, sEEOZE & BRI K
ELLTHZ ey, HBEEOHMEIZEHMUZEEZ 5NS.

FERCIRBEY VS VBV a -V EEHAL, HiEHEARY
XYy TV UEKERER 9 IZRT. K 9a) ik 128 5L
U EOFH A THEER I NS BIRH OO, Xuvy 7
VIZREAING., 2T, BEV VTV UITEYV -z K
DR VYT U TINAERBEIDb) THY, VXL
BT U TINFERPKIC) TH L. KD H WD
FEHTRUZBMICERT 2L, SV XY 07 V7 TiRHE
BEO TV —AR XA Y Lo HEEDHIERS Ol A2k
b L, BEF VT VISRV a -V TREHIEEZY
VIV UTILERIMUTWB Z D

it,#aﬁﬁﬁﬁﬁﬁéﬁﬁ%ﬁﬁ%ﬁﬁyﬁyfuyﬁ
LR A2R 10 1I2RT. ZOHFHERHE, BEFEIC
JEHERE & U THEBEI NSO —FITH S, TV /7 ]
DREBEVE 10(a) TH Y, BEV VTV UV ITEY 2T LD
oY TV TINAERME 100b) THDE. Xy vy
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(c) After down-sampling by random
sampling

(b) After down-sampling by the
proposed module

Fig. 9 Example of down-sampling results

(b) After down-sampling by the
proposed module

(a) Original point cloud of a
pedestrian

Fig. 10 Example of down-sampling results for non-cyclist

TV 2 THBEBTH ERDO LD SO HEIRDE R SN TH
D, HEHEHODMAHIRE ZRZZ>TVWEZ W ond. %
D7, FHEHEE UTELSREBTEREEZIONS.
Wz, BEF VTV Vv FSEYa— 0V EEAL, Bid AR
Ty TH )T UEMERER 11 RS, X 11(a) 1% 128
MAMOF A TR I NS BisHEARED 720D, REBROLE
TRETY TPV RRBREREHTH D, BREY VTV
FEVa—VIZEOD Ty TH YT U INEERIE 11(b)
TH5. KFHHAIZ LIDAR Dl @ IO ER %Mz %
22T, HIEEHOSHONMIERE RESEIEL I LA
<, MBEOBEZEDOMINMIKIIL TWE Z &0 hb.

7z, JEHEBEAHCHISTHERHE Ty T T T
UZ-dE R 2R 12 1R T, ZOHTHE AL, LA 2 A0k

TEPSFHUSI NN TH Y, REFHRICIDIEGEEE
LTRMEINmHo—#lThHs. 7Y v IHiOSHED

M 12(a) THH, BEF Y SV U FTEV2a—LIZED T v IY
VTN U TEINERERAK 1200) THB. Ty TH TS
B DBITH ST, WH L& OGRS AR D
DEWIRE IZRE S TVWB I RN 5,
INSDFERNSHWPZEY, |EYF VTV VITEVa—

FEHBHEARICH U TOBRRRERET L5007 v

ANYZE PointNet (C K2 BErEs358,

(a) Original point cloud of a cyclist (b) After up-sampling by the

proposed module

Fig. 11 Example of up-sampling results

(a) Original point cloud of two
pedestrians

(b) After up-sampling by the
proposed module

Fig. 12 Example of up-sampling results for non-cyclist

EEBELTEY, #BAKEDH EIZENTH S ¥ HERT
7.

F7o, MEFIRLIEFIESZ, HKFE4 O 3FHEICERT
%Y, KD PointNet (12 LT 4.1 fiDREXD VY 7Y v
TFRHBE A2 HIDIRET v TH TV VS FREEEATEI L
THRENHWEL, TS5IT43HOFEEFIERELEAT LI L TH
EDH LT B Z VMR TE -,

62 AR N 2ZI /& DM

PointNet D AJ BN % 64 B LU 256 IZBL X2 &D
ROC #if# 2B 13 L E 14 IZZNZT RS, b, HEFE ]
(SVM) & X ULl F#: 2 (VoxNet) 1%, ASI B0 D
5T L2TOMBEEAVTRBEANERT 2720, YTV Vs
BAHLTRTOANEREZHAVTWS., ZOROHBIEEIZE
i3, M8 RUTHB. £/, REITIEEFHELRERD
PointNet D A 58 N 2 2L X7 & ED p-AUC % /<7 .

¥9, N=64 OFRHBHEICHEETS. NPLO/NI <o
7228T, RovH TV U IREAIND AN RBEOEEH
BIL, Xy oy r ) v IFEOEBRDK E < 725 ERE
TH5. BETEPRED PointNet F VW HEWVWEEZRLT
WBZENS, BEXI VYT U ITFENEIICEREL T
WEZEDHERTES. N =128D5E LT 5, kD
PointNet DFFREEME R L TWB DT L. BEFEORR
WERDLDITPIE T UAEETIZEE>TWA I RN S, Z
nix, FEICHV SN D EHIAAIRYD, /D PointNet THW
5NBITVRLRY VYT VTR HEGE SO OHR
ERECEIRMBEEMETLAZDICNL, BEXY VYV T
) ¥ T FE T AR SO D TR & SRR T & 72 72 D R
EOM T2 B/NRIZHIH TEZeHEZONS.

WIZ, N = 256 DRMEEIZHEEHTS. NBREhKkEL
olzZ T, Ty 7V r ) WP EHES NS AN SEEDH
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Fig. 13 ROC curves of the results (N = 64)
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Fig. 14 ROC curves of the results (N = 256)

ESDEEML, 7Ty TH T VI FEOERDPKE RS ER
BETHD. LRI, REFIELVHRERD PointNet & D £ 5
WHEZRLTWAZ s, RET Yy VU7V IFiEN
BIZHEREL CVWB Z LA HERTES. N=1280F4¢LH
5L, BETHELHMEKD PointNet Ol T & & 122K
ERDLTIET U7z, HARZ, AfEE SR MRS 220
MM VIE Y HEHOFMARS S 10, DaniEEHiKH
DK EDPRIIRL D430 572\, PointNet (& AJT S8 N D
BONMRRE S LIZEETLOT, N 2 KETHIHIZE
OFMBRETCERTEZ 2 I2RhS. Lrl, BETY T
VIV TFRHFEIZE D SEEOBEE EBRUMICE S LTWB D,
ANEB N PREL%B1FE, T2 DEHEOBEIRDRNE
R D SRl B 20T 2 Z 8 IFH LW, wRIZ, &
BREEPDLTPETLZEEZ NS,

RETFIE LMK PointNet DI FIEIZENT, N =128 D
LEILRBEE IR EVEREESNZ. BIRLZED,
PointNet D AJJSRE N 2/NE <58, @BV N5
MDD 72 ORENRORERZ D Z L RE. —
BT, AEBN 2RkELT2L, HHBHNROBREHRZP
TLRBN, Ty TH ) I TCORRDEICIZEAE N D %
=&, FHHl RO HERHE GBI T 5 R E MR T T
5. INSE ML= RAT7OBRBRIZHZ720, FiHRIZEU
TEGER AN AR RIS 5 2 21%, 5B OHAS B2
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Table 5 p-AUC of the results in case of various N

Method | p-AuC
SA PointNet (N = 64) 0.968
SA PointNet (N = 128) 0.974
SA PointNet (N = 256) 0.968

PointNet (N = 64) 0.943
PointNet (N = 128) 0.963
PointNet (N = 256) 0.958

Thb.

6.3 BEEOMEEX COMEREDRMIMAE

AT/ 0-10 m OALEIZFET 2 B BT L, 1RE
FIL L RFIL 2 (VoxNet), Lg% 3 (PointNet) Zi#H L
THIEERRZ/T o7/~ D ROC it 2R 15 125773, Rk
IZ, 1020 m, 20-30 m DALEIZFEET 5 HEsE 5B D ROC
Ahifi % = 16, 17 1272 NTFNmRY. 78, PointNet D AT
BN=128 L7, 72, ROXKERIZIVEBEONEZKTF
D p-AUC 23157

£9, DY 0-10m D& X ORBMIFE ICHEHT 5. SRR

TIEHEBOBRENEGLRDZDT, %< OEHED AN B 128
MU EDFAETHEI NG, LT, L DA LEY
VYT N EHE NS, IRETELIRKED PointNet &
DEEVWEEZRLTWSEZe0S, #REEXY VYT v
FENEIIHEREL TWE Z LR TE S, 72, EEEIC
BV FHIE NS 728, VoxNet AEWHIEAZRLTWSZ &
A INES)

Wiz, FEEEAS 1020m D& EORMKEICEH TS, 2D
BT H % < D EBED AT SBUE 128 LA ETH B 0%, HHEED
0-10 m D MEEL LR B LEHIS R DR Wz, X vd T
Vv DOWIETEBEOZIINZ V. ZFDRd, BEFEER
D PointNet A3 ELERINTE WFEEE 2 R L 7=,

%I, BEEEAY 20-30 m D & EORMKEEICERT . &
PR IS O BEAMEL B DT, %< O EBED AN SEAN
128 LA R DA T I NS, Lo T, £ DEBHTRL
Ty T T IAEME NS, AN E WK REIZ TR
KFEDRERD PointNet £ 0 HEWKHEEZRLTE D, Hil
WWEEZH LTy Y27 795 PointNet & L T,
RET Y Y2 7))V TFEIAENTHEEREL TV 5B Z & DR
T3, %7z, BN EEN 2L 72085 T VoxNet DRz fE
WRELBETLTWEDIZH L, BEFETIIBEMEREDET
EMHTETNEZ D05

64 TvTHYTY U ITEOEEOKRES

KX TlE, LIDAR OERHEN 2 FHAIIH L T—HE A
U, Ty 7H 7Yy IRCEHI A LEB R M /2. L
MU, FEBITIEAKE A RRTE 51 & BLAT 5 1A O ek 1L 52
WBEEZONS, BEHS WX, KEAFAIZOWT, LIDAR
DY — LIEEKFEFHADORERED 2 DD > YR E W
TRHADOEFEET BT MRS M EERLTWD
LIDAR % & 4t & 15 LASER SGIdiE %2 FH, T OlEIEEHH
INE2UEETOHMINEL RBIFEREL RS, ZTOIROH
FRIZYHEDREETNIERE LTI B 720, FHIAIX
LASER K DIE 5 OALEDBEGRMEZF> Z & 2 F @ L THERS
fEERLTNE. —F, BITARIZDOWTIE, BT AR
EMAEERH VRS GEEZER LTS, 2D XS REES D
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Fig. 15 ROC curves of the results (0—10 m)
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Fig. 16 ROC curves of the results (10-20 m)
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Fig. 17 ROC curves of the results (20-30 m)

ETMEDRAHIZOWTI, SHBOIMARELRETH 5.
6.5 Frustum PointNets & DffHEHOHIC & 5 BEEMRH
YEE Dl ER
RGB-D 7 — X % & O YK H F1£ T H % Frustum Point-
Nets Y AfEEEmE e LT L, MBS S oYk
DIREFERZEATEZ LT, BEFEOEVEEWGE
L/f:.

ANTYZE PointNet ([CX2 BErEEs358,

Table 6 p-AUC of the results in case of various distances

Distance ‘ Method ‘ p-AUC
SA PointNet 0.998
0-10 m PointNet 0.954
VoxNet 0.991
SA PointNet 0.979
10-20 m | PointNet 0.967
VoxNet 0.939
SA PointNet 0.965
20-30 m | PointNet 0.962
VoxNet 0.906

Frustum PointNets (&, 3 HEHH 5Pkt %470 2 oo
22l ETOYKBEHOER O EZ KD S, 2 RTEM ETD
L, 3 WRoTERM BTk 2 oLz ETOMEE EIRE U
A #EE (Frustum) & L CTERI NS, 22T, 2% E
TOMHBAEZ D &I, rffzmAadaRicgoEd. g
SNRHEPSYRICE ENBFHREZR L, TOWIAD 3
WICALE R RD B FETH 5. REBRTIE, Frustum PointNets
P A HEAIRITE] D B S 72 s E D S B R E A O G 2
HUZZBIZ, ZORBEPAHIE S P2 REFIRICL 0BT
5Z & T, §$i$®u/uu%h*ﬁﬁ?ﬁ)mkﬁ_éﬁ‘T7)) S L 7=

Frustum PointNets D321k, Qi gL Tcwas 7u s 5

2 % Wiz, Frustum PointNets D& /85 A — & &, #H{H#
é NTVWE 77T LOBEMEREMERA V., REFIEDOX
NI A—RIZHOERE FARIZ, AL N = 128 1%,
3REHROAEEE (X,Y,2) = (2,2,10), 2 = 0.02 m,
D=2m, A=3& L7 T—&Xtv &, KITTI 7 — X
ty O izEENAEEMIAEINEZT X2 2548,
3712 MAEFEICHAL, &0 D 3,769 HUx #Efi i W 72. 3F
fii /73 1%, KITTI Vision Benchmark Suite (Z 31} % 3D Object
Detection Evaluation D ZFEEEHE 19 % F /=,

FERIZ & D185 N7 _EFE%E A U 72 Frustum PointNets
& fit3k @ Frustum PointNets @ Precision-Recall Hifi# & 18 (2
AT, ilitiE, Easy #5828 & U Moderate 5B D & & D
BFEOREZRL TS, MRV A RICMET 21 Z 8 ERE
THY, REFEZEATAEZ L TREDA LTS Z &R
T& 3. Precision 2[H_ELTW3 Z &5 5, Frustum PointNets
Wio CTHIEEHEFEM L COW-IEHEESED, REFIEC
o TIEULK JEHIEH A L TE Bz EZ NS, L
=0T, MEFHEEZMASGLETHWSZ2ITLY, fiEkD
Frustum PointNets & 0 & @5 E L HiEHMIE L WETH D Z
L RHER LT,

7. %

ARG Ti%, LIDAR IZ & 0 GHll S N7z siliE D & HERHE 2 32
M BTEERELZ. BARIZIE, PointNet D A J7 AN E
ETHDEVIHFNCH L, mEEOLGRRERERRELZZY v
Y 7Y vk LIDAR OJIERE2FZEB LT v T+ 7Y
VORIV VTV UTEV AV EREL, INHDEAIZ
& b PointNet D A2 A EREAL U 2. BARBNIZIE, REXY

[}

2 KITTI ¥ — & & v b WO BT THE 40 TiELL EDOK Z X oYk
DRI HIET 5.

SBKITTI ¥ — & & v b Wi Tt 25 Wi EOX & X ok
DG 5.
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Fig. 18 Precision-Recall curves of the results

VYTV U IFREICE ST, SRR 3 ROCHEE E 2D E
%, BOEREBNOHI RO & EEERD, mMEOKEE
WMPMREEEIND X 5 GO ERERICEAFIILTY VT
VY7 %FD 22T, BIREDHEMRIENEF O SEEOEE KRN
Wb o DMERY VT v eaiee Uz, &7z, BET Y
TYH T VT FHEICL 5T, FHAEIZ LIDAR OHEREE
WZHED MG U2 BB R IR 5 2 & TREEOEE 2 EL
7z. KITTI =& v b Sl U7z HlRs s, FEERE
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