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I T A3 37 S5 R B AL AN B A A4S TE N 4 B8 R AT 38 DA Bl SO MER . 32 NS5 34T N BT
ARSI T RN TE N R AT B XSG I BT T, 20T EA TR FARPLS BRGSO
Joft R RIS M 25 B RIRL S, S RIXUNIEEL, IR TIN T SR KT
FooE SO K20 B OG R IK Y R B R > B % B RS RXUR . %07 VRS i i B ) S (R
RAE R BIYIAE AT I X IR, JFEE T AR AT BRI, R S ST A o ik e T AT B X
Begb, N 7RI RGN, ASCRL S T DURRRIE, RRER RO AT B (drivable

*%%EW degree, DD) [IHHAE, ZHRFAESE X T WO AT AF ORI . 23 2% 1 DURMRE GE 45 B0 T A7 100 X

AT SR J5, R LT A 4 e A I X A M R . AR SR R BN SR R

L R VISR, {HAE ROAD-KITTI benchmark iR 36/ T i AEIIPERE . STUesh AW, %/
ficaligy VR FhZ A 3 LA R T 47 T X R R
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R 5 AR BERSY r FOR B S 5, AU IR T8
Bo B, ERSENT, HTReEE, AR
A DA PR A AN T PSP X AT R X T

* Corresponding author.
E-mail address: nnzheng@mail.xjtu.edu.cn (N. Zheng).

B, ATUON RSO RS A e AR, AN E R
NRE Y

EIRR 2 I (T st 4G I 58 S I ZRAE AR S50
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ERE L, BB Rfe e B EN, B —Fh
LRNEIRURN K FR, RIPTEM L. ik, FATIIA—
AT I OOUR TR S 3 it R R
— R R RRUR R O AR S Y g 3 ]
B RN GH S b S ET R, MR
HppERRERRN . HTGHA, ERERA I
M4 (two-dimensional, 2D) B RIAR,, —ibdk
RARFLIE . N T saljiX e n) @, A S =i
HE R R EMA R R 46 = 8dE, 50 A EdHRR .
TEIXFE LT, AT LATE 48 R AE AR R IR A 1 i &
FERAR FUR FE BRI 38 AL s

BRI, ASSCRRH T i B 3 ) AT A7 Bk X3 ey ks 0
J7i%, T ERIH I SO H AR B R E R
5O RIS B EE SRS, B s, Hd,
JE IR AN O S S AL B S EUR AR R AL bR S,
%37 Delaunay — f i 7 F[4],  PAEAS B1B0OE S 2 R =
BORFR, FHRIH =M =M T8 BE R R 8 58 IO 5
PIRERG 7028 TR, Jli B %% SR ALE BRAS ) 70 5 45
REEUG R RRE R eV AT B X A5, 18
AN [RIRFAIE 2% (8] T H SR 38 T AT B8 X 4, 3K SR AR A A 95
AJATIFERE (drivable degree, DD) #F1iE. 7%[A] & (normal
vector, NV) k. BUERHIERBREERIE: &5, FIH
DU P HE 28 Fib i s X 3 DASRAS e 28 i n] IR B X 3. A
X f# FHROAD-KITTI benchmark [S]#E/T S50, 52
ISEE RN, S5HAWFEE AL, ARSI R Tk
T IR E = S BB S A gl 78, HIAS 1
AR VERE s %4 RIS UE T IR TV
iz ALRE T

A FETTERA R

(1) $&H T — P T2 Bl & 10 6 B B A 07 v,
AT AR, MR TR 2 AR BT S @ s T
Z AR

(2) I T ARG X —Hrd, ERIA 7ROt
TR AR ML Z (A AT B il & 1 — Flop B 20 3

(3) &t T — A% NDDIFHHHRFE, LA IO
R ATAT R S

2. BXTAE
R AT B XSSO U 59 R TE N B T SR B

gye ERERLTES, BT VF 2 8 i n) B iR
PRITiE o AR K AR O 0 1% SR 28 AN [R)RE 1K 28 07 AT

Laser sensor
(point cloud)

i
1
Camera 1
(pixels) :
1

Drivable degree ‘ Initial drivable Color
feature area feature

I ¢ &

Normal vector
feature

Strength
feature

Bayesian feature
fusion

¥

Final probability maps

B 1. ASCATHE MR VR RESE . ZOE R o N = A0 R #L
PERNE . RHEFRIBCRIRA AR R 5

a2 HHEMNL TR WG RS 2 AL R
FRFLES

TR EMR R AT a5 HAb
fEIRIRAH L, MR R BN, ARG, 5T e 6.
AN, Mo AT R IR E MM E S, RA)
Wl (R I Bl . A EE LI, WD A% IR A I iR R 4
P AL N SIS0 4L 2 i B R 5 44 o 3l S ) R
Y 5 2DAE SR I B X e, an s, M R, SRR
WEFTEAR . X TEEERS, 8% R FHRGBEUE A
(6] HSIEth 7% [a] [ 7] 8% H Ath 291 €4 25 (8] 3 47 BHE 55 %1
JaufE [81HLHL T AR IR 44 A4 B9 R GBI H ST €4 7% (1]
SrEIR . FinlaysonZ [9]3 H T 25 T EL (1) L B AR
Bte 2% B] JE B, SEIL T TG B s s e ) BB R AR, A
WA T iz s AR, thah, BRI TR
SR a6 % 6 B AL IS REYE, Maddern®5[10]82 H T
T — MG AR B xR, P> TR BE G 51 R
HEAR AL IR R

AT TR S T B A A 42 I 2 (convolu-
tional neural network, CNN) /774, ZEIETEXR
FIN[11,12]. ], CNNH MO ZRIAEE[13,14]; 24
1M, Bl VA I — &R 5 TAE[15,16]25 T CNNFIE X



Sy BITTIEBEN T

SR, TE B AINES S AR AR, AR
HR AR 2R A AN R A T % X Sk R e — bR e, RSP IEEE
Z IR B i O B A s e R e B K. X R
RSB H AU I TV EA B T 5E . RS R T CNNI T
FEOE R DS R AF B TERE,  HEATT ™ AR T I 2R
TR, FTRETCVEAC B BT IE BRI R, JF HATRERA
A . 553 505 17 SR 2 2T [18] 45 i)
ANIE], 3 B DX 3RS W A — o A 2 ) R, S
2D1E B Rk =4E (three-dimensional, 3D) .Sz 7
Y5 FIAESS . BUAR AT DUR AV 22 G 3~ 6 RV 2k R
ZHRHI3DE R R e XA A L [19-21], FRTM, X4
3DZk F A I A B 3l /& — AN AR R (1) 1) /B [22,23]; —
B8 JUT R ] e Bk I 2k R BRIz A0 RE 7, a2
Fos .

WAk, WOGAR A I B B 1V 2 2 TR0tk
JRR AR )T B AT I 7 v, AKX e U7 AT DA X B S B
3D37 S IR FEE B AN BE o 3 8 Ty A8 IO R I A (]
B Mrms, IR X E R, AT DU

kK.

(D FETMRIITE. BT RadEEER, W
1 52 T 2D R0 A% 1) 5 1 [24-26 1R D8R AE, 7] 5 kA
TN R GETHE B ARAERED MG, A R An- 1
M K25 ST . BARIR VAR B, XA
EFE Hm s, ABHME LR E & 3 1) AR

() BT FIHAUA )78 XS VR I A R R,
T8 % A2~ 4H B R, AT RLE G 2 A 2 80k A7~ TH U
H[27,28]. HALEP G Tk AR AR, anBE L
FE—EH % (random sample consensus, RANSAC) [29].
SR, BT8R = BRI T SO A, X VA E R AR AL
BN RE R AL

(3) T AR U 822 (8] 5k R IW 7. X7k
[30,3 177 FAH &R R 22 18] 1) 245 8] 5% F R A& URFAE Cani )

(@)
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B BUEBERA,  DUE R TH I O R RS
TR (IR ZOE RO .

PA LT 2 T OG5 BRES B 153 52 B kil = Bl
PERISZI, XA 45 B AR RO sk LB 37 5 4
i}

N

i

=

o

o WU T B DX 35k AT A S R AR A IRl R, SR AR BE AL
(conditional random field, CRF) HEZEFEiZ AR AR 72
M [32,33]. MR#ESUI, CRFHEZLRZ 10 @ E LN
THE R R AR 25 1) B K e B MR ) . X2 — i
FHAEZE, @i et BE 52 pR EIORA 35 R B0 AN [R] )8 1 R
NASEI I &5 R BRIk, R T T AN [F) SRR 1 4
R RAEMALS R, ETCRFITES ZH TS
[34,35]. 2RI, ZET CRFHJ7vkes i RIR K THE I #E
MAAAEHFE, I HREF b s .

T R PR ER A, ASCHE T Rl TS A
() S S ARSI 7, 1% 07 VI I R SO AR R 2 1 s
5 B H AL B Bl E DU I T AT B X e, 158, %07
EAE JIA TP R R AR R 538 5 80 3R
(R d N R AL BE TG 18I A ORSHE AN I AU Ot
RIS BIRGBEE s FIH =351 79 506 s kAT ikt
B, DUESTEOGRZ AR R R, ML
PSR AAT IR RIREERAR R G, R R Rl & 45 R 50
FBERGY3. IRJE, B R SRR SR 4 RAHSS
G, BB TATRIX . S5 RFFIESEEL, AR SCRH
DDH#IE. NVEFE, BUERHIERGRERAE, B A IX LefkE
fEA RS L E 2207 Ao AT M R . &), EER
F)ZI0,  FIHH DU HE QERAG n] AT B DX IR R RS R 2
i &l

AL R R = A 5 T X )T At 5 v

(D AFFEEER, ATFHEIODEIE TS,

(2) @I FH 3 2O A R RS OB AR B 5 5 H A
L, el &4, IF Bl BLN X & k375
(3) KHBEBEERH, HBEBRREIGRE RN

(b)

2. HEAE 3D A AT AL AR BRI BN T B8 7 5. (a) BDERZUSE RAF: (b) H TH R A IAS ) B B IR 25 i, 3DZ 3T REJR I
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AEPETCER, XM AL PRI SRR S T TR

SR T ik = AL R T Rl 1 779(36,37], AT
P th BT VR B A A S ORISR M 45 &, RIS T
Holfe )2 AR AR JZ T 5 R . BETTIE 2 ST R A
MR EHRFE. LEAh, A AR R R 5207
ERA GG R, SEIRA AR, ARSIk
HoAt 7 3 B A R IS . Ik, AT, A3
P BT iR — Mz A RE s Sk ey L
T NGB AT AT B DX RS 3 o

3. Bt

AREROR 7HOTE R E IR S, EAE R
R R RAE . WO RAERGBEME BRI DL S 4
2 (A A S R

3.1 BB ERRA

MR = 5 R RenflMalik [38)42 H . —ANEEMZ
FAREDAESEE FAEM—HB R, XA
TRBE TR AA BRI RS 854045 8

AR AR AR FAE R AL 20 B () f
ANEEREA T, DU BD SR G AT AT B X R . TR R
JHEVERE AR T, BB R RS T TH RN
BA,  HANC M RBOR IR . jeAh, AR R R
A5 BB BN, [E15 AL E A= RSO~ mT
PAIRTS & MR ) 45 R

T SR R AR EUR B ARER T N A
NER: B, BERRNAEBGEERZR: HIR, AR
AR RN “ME” fEEGLZ L.

Y52 CHR[39,40], —Fhd oy “IAZME" Kk
BE R FIRER,  WOR SOR L S B A8 AR 3R R AR
Tiivke R Lk U5 (simple line interface
calculation, SLIC) J7yE[4111EERE N T xHia 21 7%
S R AN 20, A R AR 3R AT DASE B 4
ME R iRin sk, MR E 2 BB EHEE, RN
7 A AT AR T 203

3.2 Wob R

WEBFTR, ARXZSMOCHER[42], ROt 1k s 1
AR bR R B BIAHPLAL PR R T . WOGALAR R FAE—3D s
P taser = (X1, Y15 21,5 1fﬁ$ﬁ£”*ﬁ*ﬂ§é*ﬂ?% —Fxﬂ'&/ﬁpicamm =
(Xe> Ver Zeo DTS AT

0 am
D _camera = RrectT\C/elopJaser (D

A, R FRTEREIEME, A SCim i i hn4s o Z 47 A
KR FAL A — AN AX AR, i ER(4,4) = 1.
T AN FEBRFERE, AR

cam cam
Tcam _ (Rvelo tvelo>

velo 0 1 2)

b, RUGAIE M RN e FE AR AR 1a i, Sk
[42]FT7R :

w, v, 1) =PY_(xe,ye,2e,1)" (3)

T

X, PLRRITA Mp JEE NG T B2
CAR A ZE AN, AN &R AL EAS B (u,,
v) Il B EIR ARG .

28 3k RS AN I nT LAAS B 55 S BEOE AR P =
P, HHP, =, v, z, u, ).

3.3. % B R A% ()

MRHE SCHR[36], S T 3RAF 0T B 52 A0 6 HR S AR B i 11
BFRE, ASCHRGBEAEIR (D B A5 5t g
lE] (L), 1FRICRAAL BT, o BFA KT E L RE 2% ]
i) {log(R/G), log(B/G) } & ZAE XS BT R 45 RGB & 5
4R, G, By A . WE4FR, ARCEEH {log(R/G),
log(B/G) ME FAETE B A BN ORI IEASHl |, INTERAS
KEEMG . MIEoE LT 5N EAZ AT,
HHUER R TR &R S, W UHTRHE. A% S
SCHR[43 1R 0V B N45°, Lo T UARPE AN T A~ 2 it5

fiog(u, v) =

log[lr (u, v)/Ig(u, v)] + log[lg(u, v)/I(u, v)] - tan 6 (4)
14 tan? 0

4. BR - REBERE

A SCEA T T AT LB R PRI B R ) A% R AR (441, T

‘ﬁk;

B3, Bolt s MG R s x5l X5, SEAMEOL R IR HIA
ISR, DA S o M 5 6] 5 2R



log (B/G)
A
Ay
LS
A
|
—— JI:-_-
|
I [ ==
| .-
|
|

(b)

E4. )\ () EIFRRFIRGBZEAIE] (b) B 14 Hi € B 2 [0 (1 5 45t
RBTE AWERRT AR Y, ot s, BISCHOR D28k 1, [N,
TR AN FAR ) (RIS RSk ) 2 M 2 R B A e 4

sl O AR R A A AL B AR B S B H AN
LRSI ULAE B AR DL RS . AR AEERM
WREHWERM AR, MRmE: B2, JHEERS
WOt RS, DMRRITENBEEMEENE: 870, &
MRy IR IR, B RO AR 2
W RS BB EL% BB ER mifihe, DLHERTEIX
BN IEOE R e — B R A AN BT R AL FR Z T8 Y
RbE, I REE AR O ) R A O R AN R RS 4 2
BINEEIP S

4.1 B E i EHE AL B

ARSCRHI3 AT A iR R A ik, BT B
BRI, AR, BB EMBOE R AATAM: 2
WO AR TSR R H LIRS A 2 T AL LA
B EBREREMER, RIBRERMNBOL SRS ST L
BEPIE R EE RIS b, BEREESBOLE
IR TER R B B B, AR B RN
BBRER, ARG ED RPN RNALL Ao, HS
TARGR T A A% ER 2> B SRAT 46 T AT Bk XERR AL )
ko

4.2, FETIL RIS BT A5 B OUR

T O RO B BB A5 8 e R 5 )
1AL AN RDWIN, - BT BLEAT] S i ) 2 A ) ) 45 4 45
B B, =3 Z IR B RO R R E LR . %
B U SRR S IR R, ARSCEIN T — R A
&, B SRR, ORFR I AR, RT3
MURE, IR RE ST RO AR AT 21 (0 s S 21 1
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B HEIL S BRI R SIIXUN -

i A% RCBR IR T ASR TR0 55k BE T W B AN 75 2L
Jer. BRI, g nT U N5 R 1 S AT
TR AR TR . BRMFOE R Z I8 L5452
XU e B Rl A oS . X TR R R AMBOE R,
JLEAF AL IUERART 55 o Al T 28 SCRZHE AT LASRAS AT 4R 50
FEEE R TR, AR SCHE T 3 R TR I R BSGE X TR RCR .
AU, TLGAT 2 IR AT PAYH B T HH X s 1 T
RBPOGCA, ISR mH, B XA AT
FAAEME R OE R, XM ER B AT DLER = SR S Mk

IS TR, AR SCAUAHE 3G A IR R SR 91 53k 1 1 X 35
WO .. B, M ITA SR L Z IR BB &
B GM. R, AR ZIIRIVEER. H
&, BIERAGHRE T ITE K%, RALEER
SRR, KRG ERMEE. b, ASCRAER
PoRoRIBAD IS FFIRZE . TR, R AT IS+ H %
Jorl, EIFHAMAL SKIREIREY, 27 %HIEOE R
bR T, HIXFEERERA M SEIERE, X RIRY,
IR A AT HAT R

4.3. [ty

BB 73 AL RE AT LUE 1R SRR 2R o b (P 3

*%’ /H\:':Fl:
1, if P; is an obstacle point
obﬂ%){o’ otherwise (5
IrREE R 6 R
FATIN T ob(P)HIME AL I e T k0P A [ 3 1 1) ~F- 35
FREE, PUSE i Fod X pp IR S B AR O S s

TSNS

53858 ¥,
ETY
b I:

(b)
BES. LA Rl 5 () BAR, (a) BB ST 4
%}‘z}fﬁﬂﬁiﬁﬁﬁ‘ﬁ,ﬁc BREF T Z Al ERRIRE T HO6 RS
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Bmdr. DIk, BEiGA553 in) B 43 ff A1 i)
B Gt ] £ 20 P F 8] ] 2 T AN G0 ] 6 51X 48 ] 2R T A2
i

AL H Delaunay = #5143 R i B — AN 17
i [4]e X — 20 S S K Delaunay = 514, 1%
G AR S EATE Z = A5 T — = AT
AMZIFEI N o B PEAEAS 23 TR B 2P 35 B 6 N AH AR
M, HETARK EDelaunay =M #0HTE, Hik
Delaunay =4 /] F T 7EBOE i = 048 7] i 37 77 (7]
KFRo MTHE— P, = (x;, ¥, 25, Uy, v), ASON HARZ A
PR& (up, v)IBH =M EIG = (P, E}, HPE
FORP AN A 7 (B 58 R A ROL G . PR JE
FHEHAR{(u;, v,)|j =i or P,ENB(P,)} & LRI =
TR, Hr, No(P)YRRNEPEZLISAMES. XH
it 25 B B R 8 AN 2 R AL (P, P)):

(P — Pyl <& 6)

A, ||P=P||FRAR (x1, i, 2)FH(x;, vy, ) HIBK IREE B 632
NIRRT BE

XF T2 AN I, P TSR T AP SR AT LG

W HARE =ML R B E, KPP RIFTA S =M

(R 1m) B (O SAMEAE N P R R &, RO N(P) = (], ),
z)o HHIL, AILPRIE W ARG ob(P):

1, if arcsin(z}/||Nb(P;)||) > ¢

Ob(Pi):{O, otherwis(e S 7

K, cAFENRENSEG No(P)RRSPIEZR A

A, PIREREFZNP) =/, v/, 2. A LLXFEH 7

AR WERPHERESHITIAKRK T, WPHEFHE

(b)

El6. (G BRI LA . 28 RE VAR I IR AR R YR R
SERLRISANA R DR GF IS I R BEAS) CRIBR Ay BREEFIIRAE).

ARSI S k2, NIEEEY S . c8 X T ERKMAE
B, 9B A EL60°, S L4y KRS A 1 o B
TE TR

las \
er
coorq,',,a te 1,
ame

BE7. Bk IR . AR NEO e i TN A ] 9
Z T Delaunay = fii il 70438, AEBOGAR RS AAR 2 F 5 = A
Bk CROF S M= MIBREL i, BOgik: o
VRIS R E AR ED .

5. PI{TRE i

AT T % TT IR S D R A AT B X
W B, BTG 7> 845 RIS TT 1A S R B Iopage 15
TR, LR Loy SRR S S RSRATHIAE T AT B X,
AR SCR AN [FDW DU A (R4 AE R AL BT 46 W] AT B X3 28
Ja, BT RAE IR AT AT BEIX IR A (R R R
TRAT B DI s e, A DL HE 2 R v 2%
AMRFIEAS B B 2 AT B X IR A R ]

5.1, VFEATAR AT Gk X 35k

5.1.1. B2
E1741(C8- 70 i i ) A
B IME T SR

Input:
The set of laser points {P*};
Output:
Direction ray map, Ipgy
1: Initial /j,py, With the size of / and zeros elements
2:for h=1to H do
3 Find obstacle set O = {Pob(P) =1 & P, P"}
4: if O = then
5 P = arg maxpn dist (P, P,,.)
6: else
7 PV =arg rnin,,fme0 dist (P, P,,..)
8: endif
9: Line point P, with point Py, in Jpgy
0

10: end for

B, ASORAE—PHAEAREINARIR R T, LAE 4



MR R ATAT B X3, 2 B, (u, v G B A AR,
A i &R 2 BRI B B AR B R R AP -
Hik, APER PPV, Hpp® = (PP, PPER
JB T2 hsh VS 0 . PR R IEA SR T AW
R PSRRI B —, ] s RO 2R ks 1
W~ B, U MR B 5 45 Hh 3RAF R 2 1R R
X 45, o

R T FEREE— AN, AR BMG A R &R X T4
KT, WS (d) Fim. BTN EE AT
2, DRt — 2 O 2R AR SR 1 DX 3l 15 AT AT Bl A e T
X TE R . AR UL, G ARG ER A A 1 X AR A DA
ETAREEWEESGET, TZXIRL 4 FH, #HAR
AIATH . Rk, SR B /N U0 S 2R B AT Ab 2,
U T MR A, RS (o) FiR.

XFFE AN, e AR AR R T SR K H . B
s, XFEM IR AN R, I, AR SO e S
R A DR YIAR AT B X S, . 1 g, Uk

fRI T ZAEW AN A Bk, Bl HBERE G
x, KRR THIESE: £, Emd THRERSEM
At s B .

Tl S BB EMAEZ G, AXH—HBER
(1) i AR R OR VI IR AT AT B0 X IR, % TR B ONS,, =
{SiIS;U Ipg = D} Py FRORFAERR ZR S, X I N 13
RIS Bk, DUF BT R TE R 38 2 A Tk

531

BERMARBR, BIIANGERNOREL, X 7
BAIE.

5.1.2. 715 DD Rk
o IR AT B X3 P ARV T LR k1 BRI R ALY
fiE . ARCHEH T DDERHIE, WEE2FTR.
BIE2 11 DDFHIE

Input:

The set of laser points {P*}7;
Output:
DD feature for every point D(P")
1: Initial D(P") with the zero (h = 1—-H, i = | >N")
2:for h=1to Hdo
3: fori=1to N" do
4:  ifob(P") =1 then
5. forj=1to N do
6 D(P") =D(P") + abs(zp» — zpm)
7: end for
8: endif
9: end for
0

10: end for

Fe PO S G P SE MR ARKR R T IO EE B REAT Ak
B, AFAPY ) R -

diSt(PEh)’ Pbase) > dlSt(PEﬁ)] ) Pbase), i=2— N<h) (8)

300

250

200

150

Length of rays before filtered

e |_ength of rays after filtered B

100

(c)

E8. “IhE " MR R (a) v “libR” AN G Py
SR T B NIB B A FR 1T CRE (i 22D %D/_): T’*é OES2

50 100 150 200 250 300 350
Index

()

7E (b) EF' TR 2l 4R (o) FoRi/ NS A Ron &85 (D
NI A FEE R0 1
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K97~ T DDRHIEE T FH i E K. B10 (o &
7~ T 51 NDDHHIE 5 B [45]

5.2. HE N A RHEAE Y
BT PR AT AR AT AT BEIX I, AT DLAAS [R5 2

‘e 4
P, 9
®
P, , °
p ® 3
4, g |
P3
b ,‘ = 8 I Zp, = Zp,
p ‘e i Zp — 2,
1. L ' P, P,

P, P, P, P

Point index

E9. DD 3 o e Ml ) 38 € fE LR 3RO T P R B 2. M TSR
ARARBERSYIBOE R, L RFORBERGIROL R, KRG RIR Py 0 1%
P rf, PO A SO IRES R BTk, PRIPY [ (¥ 7 R 2 i £
P2 JE KT fEIDDYFIEE b, P,

1 2 4 5 6

(b)

(8] oF 4 AN AR [ 3 N 2 > g e v AT Il X 3k, a4
FF{EN: DD. NV. Fifhflgm .

5.2.1. DD ¥+
B —i1% K D(S) I DDAFAEAE B an R A 5

1

HTDP) 5 mEEZEM K, W, DP)BN, P,
JIT X IS B DX IS T AT B BB Ry o D9 T A5 3 i ik T AT 38
DXk, it — > i A ] TR AE DDAFAE ) H & M
MR, R

2 .
meb(si) _ { exp{_[D(Si) - .uD] /ZO-ZD}7 if D(Sl) 2 :uD( 10)

0, otherwise

At wpMop NI BT A SH, W3 T S, M

(c) (d)

E10. Ipgys DDRHETHFARA R AR BRI RR K, () SoREmEE, HhaS RFERS S, WRdsss, JEEAER R m g . (b

SR TS Iy P i T EBE R T AT B XIR,  DUE RS RS, () {2ox 7 DDAFE[44], X IEGBRE,

AT B ORIl AL, B B

DOURARF i, MNATEN T OMA 2 W, WEMERER YNNI 0. (d) SoR AT B ORI, TEBIA ST 5 K 77 VA A
ANEE BT RBLR Ao B NAT NGRS AT BRI ZL AR 1 IRATHI 7000/ bR CARSS — 50 o BHE Y AOAT AT ) AOAC BEECR R o KT AT 111 ) 30
DDFRFHEAEAR &7, B & AEIX AT AT 5 I R DX 35 (1 5 DDHRFAEME SR T R, R WIIX £/ N B bR S0 eI AG 2]
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WRPE4.377, VEELEz 7 EREBR, REAAT
R REER O, DRI, AR SCE T RS R S N VAR
fiE, FIN(S)ER. BT 5EP H 2 1 MEAFEINS) -
FALT LRDDFFE A, A E S B, Mo 255
Wi Y SRAE [ & A AR A AIE 2% (]«

N (s — § eXP{=INGS) — w207}, if N(S) = p,
prob(31) = 1, otherwise (1D
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Obs = {D(S;), C(Si), N(Si),5g(Si)|Si € Sine} (14

TR, B BB 4R SR AT AR B N e s
FAPR . RSN R AR, WA
R 28 T AT B XI5 R a0

4
o Hp(S, = R’Obsj)p(sl = R) (15)

j=1

X, p(S = RFREBERSIE T AT B XA,
MR A R AR S, R T E R F

p(S; = R/Obs)

6. SRRLERMITIE

N T MARFT 7%, A LAEROAD-KITTI benchmark
EREAT SRS, AE T 289 I 25 BB AT 290 4 3 B 4R
[5]. £ (bird’s eye view, BEV) T, flifILLF6
A FRbRo6 g2 g8 25 BT VAL BORFIE (max F-mea-
sure, MaxF). Y8 & (average precision, AP). f#
W% (precision, PRE). #[H3% (recall, REC). %4k
# (false positive rate, FPR) FIR 7 F|Z (false negative
rate, FNR). SZIGMEAH 734 Eudi 4. boid A3 T 2
£ (urban marked, UM). £ bpid 3 1 2038 % (urban
multiple marked, UMM) FIRFRIC I T 2 HEEE (urban
unmarked, UU). A T UEBAARSCHT e B 7 a8 20k CF
LRAFF A “Our method with co-point” F/R), AK
H 5 ROAD-KITTI benchmark b () 1) FH 306 1 J8% 3 0 i
=&ML J5%: (HybridCRF. MixedCRFAILidarHisto)
AT L. BRUOAARSCIR H 7R M Ed R & 5275
SCHR[36]H E B #9773 (RES3D-Velo) 25181, A %1
t 7 5 RES3D-Velo 7 VERIX IR SLIG 45 R . AT Bonid@
I e SO T BR O ST AR S e, AR ST LU T
A RIR A L A B k. A, ARSCAENI G
JEos Tt A L e TR B RE . AR B U7 V2

MRV BRAPUR, BATRTTEAE UMMATUU SR 5
H, fEPREMIFPRIZ & EHUISRAERCR, RWIHAR I
B VEBg Xk, WiR4KE, RN ITIE/EAP. PRE
FMFPRE & P3P it e, RIHMLTEEA R
h A G, 5EA L AU TR, FRATR 3L
R VR R T ORZI30 % EOLEdE (RS, EAA
2] 7RG . X — IR, 3 AL RT A
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TR BN, HSEETEME, WORERAMRK W, RHERL S N MaxFAI AP S 808 ROR B35

SE SRR A A OE R 77 (IR 3CER T “Fusion
WAk, ST IO UERRE Al A I AR A M RE R A without co-point”) AR, EA L AL 0 T VATE VI SRR

[, ARCKFFERNG SR S RMRES R ERL  PPRED TA30%E0E A (RS, ERES Tk

SinbA S IEHEREAT T HUAL, RO RIFR. FFEAMIM  IRIPERE.

R RS EREAT R IS . NROERIATLUE S, fERECFIFNRJEZ & FRILH LR HIPERE, 5“3

K1 S5HHBKEMITEE UM (BEV) AR b 6] I szib 25 5

Method MaxF AP PRE REC FPR FNR
HybridCRF 90.99 % 85.26% 90.65% 91.33% 4.29% 8.67%
MixedCRF 90.83% 83.84% 89.09% 92.64% 5.17% 7.36%
LidarHisto 89.87% 83.03% 91.28% 88.49% 3.85% 11.51%
RES3D-Velo 83.81% 73.95% 78.56% 89.80% 11.16% 10.20%
Our method with co-point 83.94% 84.83% 79.11% 89.40% 10.76 % 10.60%
Our method without co-point 84.82% 85.37% 78.61% 92.09% 11.42% 7.91%
Our method on training set 85.87% 87.85% 81.56% 90.67 % 9.43% 9.33%

K2 S HATRAN =FI7E UMM (BEV) SR SE X fseI 4 1

Method MaxF AP PRE REC FPR FNR
HybridCRF 91.95% 86.44% 94.01% 89.98% 6.30% 10.02%
MixedCRF 92.29% 90.06 % 93.83% 90.80% 6.56% 9.20%
LidarHisto 93.32% 93.19% 95.39% 91.34% 4.85% 8.66%
RES3D-Velo 90.60 % 85.38% 85.96% 95.78% 17.20% 422%
Our method with co-point 91.80% 92.09% 91.31% 92.29% 9.65% 7.71%
Our method without co-point 92.41% 9231% 91.61% 93.22% 9.38% 6.78%
Our method on training set 92.15% 93.56% 92.84% 91.48% 7.70% 8.52%

R3  H5HARMM=RI7EAEUU (BEV) RS LR HES280 25

Method MaxF AP PRE REC FPR FNR
HybridCRF 88.53% 80.79% 86.41% 90.76 % 4.65% 9.24%
MixedCRF 82.79% 69.11% 79.01% 86.96 % 7.53% 13.04%
LidarHisto 86.55% 81.13% 90.71% 82.75% 2.76% 17.25%
RES3D-Velo 83.63% 72.58% 77.38% 90.97 % 8.67% 9.03%
Our method with co-point 82.57% 81.49% 75.54% 91.04% 9.61% 8.96 %
Our method without co-point 83.09% 83.25% 75.52% 92.36% 9.76% 7.64%
Our method on training set 82.03% 82.82% 74.63% 91.05% 11.01% 8.95%

R4 SHARMK =R EEURBAN (BEV) AR B szt 45, URBANAURAESL: A T UM, UMM A UUMUEE, Bhas B LL F=Fisidi 4
BASE R T

Method MaxF AP PRE REC FPR FNR
HybridCRF 90.81% 86.01% 91.05% 90.57% 4.90% 9.43%
MixedCRF 89.46% 83.70% 88.52% 90.42% 6.46% 9.59%
LidarHisto 90.67 % 84.79% 93.06% 88.41% 3.63% 11.59%
RES3D-Velo 86.58% 78.34% 82.63% 90.92% 10.53% 9.08%
Our method with co-point 87.02% 86.55% 83.49% 90.87% 9.90% 9.13%
Our method without co-point 87.70% 87.31% 83.50% 92.36% 10.06% 7.64%

Our method on training set 86.68% 89.71% 87.23% 91.78% 42.22% 8.44%
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Our method with co-point

Our method without co-point Eliminating rate

Training set 13 194 18 873 30.09%

Testing set 12 902 18 663 30.87%
®R6 FEUMIIZEE (BEV) Lmb&ERES

Item compared MaxF AP PRE REC FPR FNR
Baseline 81.34% 86.42% 77.09% 86.09 % 11.76 % 13.91%
Initial drivable area 78.61% 64.00% 67.25% 94.58% 21.18% 5.42%
Color feature 83.97% 78.65% 77.57% 91.52% 12.17% 8.48%
Strength feature 81.39% 84.44% 80.00% 82.82% 9.52% 17.18%
DD feature 84.56% 74.42% 78.71% 91.34% 11.36% 8.66 %
NV feature 85.38% 77.10% 81.81% 89.28% 9.13% 10.72%
Fusion with co-point 85.87% 87.85% 81.56% 90.67% 9.43% 9.33%
Fusion without co-point 86.55% 88.10% 81.90% 91.76% 9.33% 8.24%
RT FEUMMINZEE (BEV) L& MERe s

Item compared MaxF AP PRE REC FPR FNR
Baseline 79.48% 84.04% 72.83% 87.47% 35.59% 12.53%
Initial drivable area 88.06 % 79.48% 82.21% 94.81% 22.38% 5.19%
Color feature 91.41% 89.92% 89.96% 92.90% 11.31% 7.10%
Strength feature 88.15% 90.71% 83.72% 93.08% 19.74% 6.92%
DD feature 90.75% 86.23% 89.64% 91.89% 11.58% 8.11%
NV feature 91.83% 89.33% 93.05% 90.64 % 7.38% 9.36%
Fusion with co-point 92.15% 93.56% 92.84% 91.48% 7.70% 8.52%
Fusion without co-point 92.99% 93.81% 93.11% 92.87% 7.49% 7.13%
+®/8 {EUUVIZME (BEV) ERymbAPERE s b7

Item compared MaxF AP PRE REC FPR FNR
Baseline 73.02% 76.96 % 68.57% 78.10% 12.74% 21.90%
Initial drivable area 74.26% 57.49% 60.61% 95.85% 22.16% 4.15%
Color feature 78.37% 69.23% 68.64% 91.31% 14.84% 8.69 %
Strength feature 78.62% 81.54% 74.39% 83.37% 10.21% 16.63%
DD feature 81.00% 68.05% 72.23% 92.19% 12.61% 7.81%
NV feature 81.23% 69.53% 73.85% 90.24% 11.37% 9.76 %
Fusion with co-point 82.03% 82.82% 74.63% 91.05% 11.01% 8.95%
Fusion without co-point 82.99% 83.36% 75.80% 91.69% 10.41% 8.31%

#E” HIEPAKFPR, B, S, ATt S8 &3 17
. TEUEST.

WETFr7R, {EROAD-KITTIUE S H, HI 402k
il (10 PRI A5 DX AR AN 2 i o 5 D 3 B S AL M1 DX 2R
MM, 51388 DO R #OP AT AT Bk, I HAS I W] 4T
B DX AT T 2 EE QI B [, AR ST [ T X
DR A N AT . AR VFR IR T, ARSCHT5E

BAFFPRIEE . SEbr b, XU 5 X IUHE A B
OB S, BLHE AAT TE ATE 2 18] L P X PA s
AN A 20 T B NAT I8 2 BT R R . e B, dx sk
DI KT T AT B ARSI TE T, AT
B A B BRI SRR AU DU I 7 4 XA
NRIEIE B CHBETT RAREES I 4D . R, LRI
TR TE 5y 75 FEIR L X I
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R9 {EURBANIZE (BEV) L& TEREDHr

Item compared MaxF AP PRE REC FPR FNR

Baseline 77.95% 82.47% 72.83% 83.88% 20.03% 16.11%
Initial drivable area 80.31% 66.99 % 70.02% 95.08% 21.91% 4.92%
Color feature 84.58% 79.27% 78.72% 91.91% 12.77% 8.09 %
Strength feature 82.72% 85.56% 79.37% 86.42% 13.16% 13.58%
DD feature 85.44% 76.23% 80.19% 91.81% 11.85% 8.19%
NV feature 86.15% 78.65% 82.90% 90.05% 9.29% 9.95%
Fusion with co-point 86.68 % 88.08 % 83.01% 91.07% 9.38% 8.93%
Fusion without co-point 87.51% 88.42% 83.60% 92.11% 9.08% 7.89%

¢ e e A

B 11, B AT S DR ] B o 202G BRI IR R IXCIAE B SO EANE iR 7, BRI L X R RV 22 X 9 R A0AT B e i 19

7. Ze M TIERE

ARSCHEH T — iR T L AU ) 3 R T AT I Xk
R 753, T iERE TR RAE B REOE RS AAE
B, T ANMERE (DD NV, B MR, I
B A REAEAE DU W RE L p b AT Rl . 2 T HUE G
BT T AR T A FH BN A SRR 2R A A 3 v AT LRT B2 2% 1
W RSB S AR S . BT EAN T R . IR
i AEEbR IR . Ak, A ROAD-KITTI bench-
mark BEATSELG, UERH T RSV RCR IS M. KT
KRR TAE, 1 EAT S K8 B I 53 T AT 3 X SR 7
FBIE LT T X, BTk, RE—MEE
1% B 7 b Ak BRSO 15 S 10 8 ) AT AT B X . B

Ja, T EAT I AT AR TR S (field-programmable
gate array, FPGA) SCIL T2, DMELE A3 &3R4 E
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