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B 2R T IE P FastSLAM &L

BT, VFIEFRE2, 227N
(1. ERRRE FIRSIRIERL 2208, EK 400030; 2. FREARL TR E R B AR A F, EK 400037)

WE: NCE LSS A R € AL 5 2 B (simultaneous localization and mapping, SLAM)LiZ2: AR 26 PE R GUIR S A i1
s FE AN TR, H A 1 10 B, R SR M B 7 8 T o 22 40 SRR I8 I B S I B R A L3 A e B
BT S, B B9 T — Mrsterling i {8 2 sUACFESLAM A (AR 28 M 22 45 1) A, 20 1+ S 7T BB 4B B, 25 5 sk Bl 1k
b, 1% 51548 F Cholesky M RHIA, 7ESLAMME A i 7 B B 7 22V 7 iR IR - HEATAE 38, ARAIE 7 2540 B IE &
PERTF B /N T R AL AR TR 22 07 e R B, FE R T B R A 15 L, B 0 ZE 43 FastSLAM(second-
order FastSLAM, SOFastSLAM)TE A [ 1k 7 454 R (A v1-48 )2 45 0L F FastSLAM2.0F1UFastSLAM 532, H R f/b,
ESE 7 SOFastSLAM I AT ik k.

K H21R): FastSLAM; BB 52 7 5 Hh M 82 P77 ZE 00 B R T80, B b0 2200 b B8 B shplgs A

SIA & A5 B, VFMSFE, 25/, B Hp o0 22 43R0 T 8 B FastSLAMAL v #% il #1185 B H, 2018, 35(9): 1382
~1390
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Second order central difference particle filter FastSLLAM algorithm

DAI Jia-hui'?f, XU Peng-cheng?, LI Xiao-bo?
(1. College of Resources and Environmental Sciences, Chongging University, Chongqing 400030, China;
2. China Coal Technology Engineering Group Chongqing Research Institute, Chongqing 400037, China)

Abstract: For improving the accuracy of nonlinear system state estimation and calculating complex problems in a S-
LAM algorithm, this paper proposes an innovative method based on a second-order central difference filter and the novel
observational data to generate a proposal distribution function. The new algorithm uses the second order sterling inter-
polation formula to handle the nonlinear system problem in SLAM without calculating the Jacobian matrix and is easily
implemented. Furthermore, by using Cholesky decomposition technology to directly propagate the covariance square root
factor in SLAM probability estimation, the proposed algorithm not only guarantees the covariance matrix is positive and
definite but also reduces the truncation error of local linearization. Notably, as verified by simulation testing with equiva-
lent number of particles, the second-order center differential FastSLAM (SOFastSLAM) showed better estimation accuracy
than that of FastSLAM2.0 and UFastSLAM algorithms in different noise conditions with the shortest computation time,
confirming the superiority of the SOFastSLAM.
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difference particle filter; mobile robot
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1 5] (Introduction)

M EhbLas NAER KNG PR EE B B #5717 i A% s
SR RHE S B, 15 5 U 6 42 R PR 5 ],
FE A} 33847 52 4711 (simultaneous localization and map-
ping, SLAM), 52 Zh AL & NAE AR FIA LT Hh SEI R BE
B EEME PN EARZ —. 19804F i, SLAM
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Kalman filter SLAM (UKFSLAM)% %151 Al extended
Kalman filter SLAM (EKFSLAM)H.#£0), 4R 17, 1X 28
S B B B S BEPE 2 A IE b T4 AE AN H0) — ik
Ji it EE 5 A7 = R R 8L 20034, Montermerlo $¢
i 7 3FRao-Blackwellized particle filter[JFastSLAM
SED, LA E TS A4 HIPREE B 1 M AT
THAEARMMR SRR A, O ONSLAMSBAE LA 55 7
T AR AT #4345 . FastSLAMBLI M4 PR35 R AE () Al 37
P, W = 4E 2 ShHLas N e A7 5 g 1 1a) 8 4 A s o
FiRao-Blackwillised 2~ 7 (RB 2 20) i v e A i 2
(R 4 1) ), (S SLAMSL VL s AR . Ho,
FastSLAM 1.0P TR sh a8 A ai— S Z1 (147 B Fifz
AR AT T — W ZI A B T, 25 5 R AR TR
0] {5, £EFastSLAM2.0 1 4< ', Montermerlo%s A f#
FHEKF 552 35 (19 2% b 00 0 5 4 ik N 2 2244 oR 25000 Al
ZH AR RAE AT B R I AUR X 38 31, BONAF
G R BN HLEE NI SEPR1E B, 5256 3% B, FastSLAM2.0
FEAR BRI A ) AR O T 3R TR A R AR,
{EFastSLAMBENE SR T, % Grisetti S 52 H 1 4%
Hi 1 FR [ FastSLAMSE 35001 3% 7 5 6 b P 8 A,
[F) B A5 R e A B 1145 2R W T SLAMI) B 4
SRAERREL, (R I HAFTEMHRS (104 ™ B2 52T FastSLAM
FYRR A B A, Kim% A$@ i T UFastSLAM &4,
Hooe g B R 2 FIUPFU AR # 1 FastSLAM2.0 H
[EKEF, M TS g8 A FEA5 2] TR KR, B2, 1%
FEA R Z Rl is AL F R 18] LL A K, AN ).
20094F ArasaratnafllHaykin$g i | BF R /R 2980 5
#:(cubature Kalman filter, CKF)!'2l. CKF# 1% H %% &
E K 2w DE U R M DL R AR 4R MR 38 Il TR RE AL 55,
H CKFIEMFE R SEIBCA R . 28R, A
B — L [ B SLAMYEE I ) T AN 5 87 24k
FEI8) 75 B AT B 7 ZE BT 7 AR 73 f A 5 R
5 ZEFE R A, X R AU H B R T SEARE O
TR ], 35 KA CEEEH T — Mk AR AR
FastSLAM %% (spherical single radius capacity, SSRC-
FastSLAM)!3, Z 575538 F 3B BRI F A v R o5
SLAMH [ HEZ8 P i i A AR 20 B T 9 m ARG
BARKE LI, (R AR TR e IR AR R 2
TR —SE[E A G, S R RS Y TR T
I3 KL T I8 ISLAMB AU I By B AR B 1] 8,
{2 HREIA R — I 2o B 1.

2L R I, IUA ISLAM LI AFAE B NG S
e, (FR TR I BT B, (ER A
(10D ) RO, 5% 3K 6 [ i, AR ST 1 IR H T — i eh
> 2 73 FastSLAM. 1 (second-order FastSLAM, SO-
FastSLAM). 1% 5933k T Sterling i {5 2 !, KA
A PR AR R U, AR BR R S, AT A B 1
FIBEIT AT, KA B0 22 53k iR Il

SR A SR = A E B oy A R AT, AT O
St b FME BEHEAT BRI % I I B S AR T
1) A FH B rpole 22 50 R0 - BRI I, ANE ] Taylor &
T2 A TR LR R, K 2 RIS 2 =B 28
AT, TR R AR RFRAI. 2) KT I M
SLAMIRAS B FANHf i P 1A b 77 221 7 AR DA 1 4Lk,
TEAL R R T ORAIE T B 7 ZE 56 B 1) IE 58 1 S R Rk,
I D T SRR v R R 2

2 SLAM Ja] & [¥) 4 iR (Description of SLAM

problem)

18 F LhBayes A% 0 IR I 25 /2 1R 2 SLAM B2
(3 ] 2 A, 8 B SR 0 5 00 0 7 R 380 2 4 M 1,
I Kalmanyié ik 22081, EKFIE I 58 707048 F A 2 v 10
TR 55 W00 75 A2, AR A BT 2 F — B Taylor 2 20KE
JRLR M T R N R T R TE R R B 4R B
[FISLAMAE Y iR FEKFIE AT ARG FE LI, H T
FURHL AU 10 R B
2.1 FastSLAMSIEHESE (FastSLAM algorithm fr-

amework)

FastSLAMCE FH 5 0 RS 0 43 il V1 e AR 2 1
(1) SLAM [ @i, A [\ F 2 Al v L 28 N A B 1 4% 4t
SLAME. 7%, FastSLAMB v ¥ S B 7E T8 FH T AL 4%
NI EWIEHE ZF = {21, 20, -+, 20}~ EFEHIE R

UF = {ug, up, -+, w b, RAGTHHLE A (938 31 81328
S* = {s1, 89, , 55, }. AL, ARHESLAMI L0 BF 55

AL B A3 ST ESE 18 B OB INLE Nis
SISk = {s1, 80, , 81}, AEHRHEO™ ={6,, 0,
oo Om AL B AR SRS, MIBCA 5 560 o> fip(sh, 0] 2%,
ub=t mE) RN A

p(s", 012", u" 1 m") =

M
p(s]2*, w7t mb) IT p(8]s", %, ut™, m"). (1)

oA FastSLAMSVE %0 Horr: mb AR &

HREBE 0™ ={0,,0,,- -+, 0m} KIS HEE, Fa-
st SLAMSLIZ: 43 MR 1R F I8 AR /R 2 80
BV SRAN TR AL RIS bR . K NN 1
IR AR AN LA NPT 56 p(sh | 2%, uk—1), Hrp
B — AR B G B — I BA 5 O R HL 2% N 2%
sk [, AL A NP 20, % T B bR
Z [B]AH BT, R AN IR B AR (G M AN J5 35p (6|
sP 2R R R B R R 2R AR AT A L X
FE RN x M+ I8 B T — A 525
SLAMZ£201,

TEFastSLAM™, RE—ANRL TR

X = (aflpll > ) ) @
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35 4%

EAQ) T XTI E S iR T 2l ik

#N SRR BT p ik 1 P07 225 (),

[Z%ﬂ)?ﬂi*ﬁ%ﬁﬁé@%ﬂ‘ﬁ%ﬁiﬁ@]Elﬂ%ﬁm’l‘ﬁ%ﬁﬂ@é)%

MERRRVE KRS P 2.

2.2 SLAM H LI A RIFE (The process of SLAM
algorithm)

— R UESLAMBER] LA LA R T LA R,

1) IR N[5 B, ¥ R AA N

2) KWL NAR S I3 i B AR A5 S AT AN
THEEHT.

3) HER T E B, e T T AR
ELSEN
3 —BrH0 £ 43 JE P % (Second-order central

difference filter)

AU ZE ST 25 (second-order center differe-
ntial filter, SOCDF)2!V & | F Stirling i 8 2 20K A £k
PR O ZE D VBT, AT EE R A
AT AR RE, FE 2 ARt pR AN I 2 HAFAEFT 5 AU A
R IR THERR VAR IR B 5| IR,

W e R"Jyndt K &, Wy =y(x) LTkt HIStirling
fHEAXEF A

v f@)+ D@ + D@, O
ReF DM DS IR — N T,
PREEUTTR

D.f(2) = 5 [T Aaypyd,) (2), (@
D2f() = 513 A2 +
> 5 A, A, (1,8,) (10, (@)
q#p

(4b)

FEIX L 6, Ron AR > 5515 pp, R EIEF T AN
4B MR DK, HRERERN? = 3t (n,,
ny T X HI4ERD).

T 2 3 PR AR AN T U SRR U I A
H AT TR S ARG R . DR R R T TT
ZWFE R TR 2, TRIIE T W7 ZE 56 MEAEAR f i 2
IR YE, BA RAFHEUE R H ISR R .
4 By 2 4y SLAM H ¥ (Second-order

central difference SLAM algorithm)

45T Fast SLAMSLIEEEAHELE, ASCHI N Bty
ZESPRLT IR, I T O ZE R PR AR T
TERREEACR . BRI T

4.1 ML ANBIHLZAETHRobot pose estimation)
XFT— AR 2R R 48, 12 B BRI 1] A R SR
A TTFEFLIN 7 FE N
Tipr = fr(@p, up, wy), (%)
Uk = r(Tr, vi), (6)
Hodr: 2 RN NI E SHL gy R RAE
MHE; fRINAELZMENLES NS BN AR g RN IA T
DUARERY; wuy NTE B HI TB] X TR [k 4 1, k]2 XTHLES A
B R wi ANLES N BT 2225 i A% B (0 UL e
7, B 7 2 N R v ISR NI HE S, o7 22
FEFENQ.
K F Cholesky 7 fif2 ] LA1S 2]

Q =5, x ST,
P—5 x4, @
R=S8, xSk
P—g x T ®)

T N 7 Py 2 B QAL e 75 Bl 22 KB RIVIIA
TS, 5.8, AT DL 2675 2. U 5 25 PR 5 S Al
B 77 25 PR R TS, 75 S T2 v 7S U7 £ 4 58 37
AHEIE.

BT Z It B B O IR (AL A A, T
TARLT I — P R 22 T

L. 5
S,((i)(k‘) ={—(f(Zx—1 + ASxj, Up—1) —

2 )
J(@r1 = XSy, Uk-1)) } 9)
SW) = {5 (Fhr, Beor + XS0 ~
f(@ro1, U1 — ASv )} (10)
S (6) = {55 (9 + ASw00) —
9(Tk — ASxj, Wk)) }, (11)
SU) = {55 (9@, 01+ ASi) -
9(Zh, Wp — NSy j)) }- (12)
THERGHEART ) iz h &
S2 (k) ={ T(f(@k—l + ASy D) +
F(@1 = ASy g, Drt) =2 (&1, T1)) },
(13)

VAZ -1
S (k) :{27)\2

f(Zr—1, Up—1 _)\Sv,j) —2f(&r-1,05-1)) },
(14)

(f('@kfla ’kal + )\Sv,j) +

VAZ—-1, ——
Sux (k) = {535 (0@ + ASj0s) +

g(Ty — NSxj, wp) — 29(Zg, wy,))},  (15)
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VA2 -1
272
9(Zp, W, — ASy ;) — 29(Zk, wy))},  (16)
X Sy, Sy Sxj» Swi 70 B TR HFES,, Sy, Sy
Sy BIEEGH, Tpq, T MRARHLE NIRESTEE — 18
Zo AT VLA e B 220 ) TR0 .
4.1.1 ML NREHB (Robot state forecast)
NIFENERNTEE — 1IN 2 RS THED &
BEERRT ARG, TR AL R I T E T, T51%
TR

(9(Zg, Wy, + ASy ;) +

S k) = {

N —n,—ny .. ~
Ty = 2 “f (@1, k1) +
1 nx . L R
Nz Z;[f(ﬂfkﬂ + NSy, Up—1) + f(Zho1 —
1 nry . _
ASxis U—1)] + 3% ;[f(xkfb Ugp—1 +
)‘Sv,i) + f(:i‘kfla z_}lcfl - )‘Sv,i)]y (17)

Hny, ny 73 EATLEE AR [r) B A B N 7 ) B 1)
TR R 23 ZEH BN
Su(k) =[Sy W S SR as
X L 75 2 il Householder A8 Huk K 5 LA FE S, (k)
A5 % = A AL I )5 T Cholesky IR 1, [A]I R IEAS 3 i
JEHIS, (k) x ST(k)EAAR, BIXtST (k)T QRAME,
REHRRES, (k):
[Q, R] = qr(S; (k)),
S.(k) = R.
FER(19)H, gr(-) N QR 7 i (A E s 4, ¥ 5
(1S, (k) x Se(k)Amy x ny RERE.
4.1.2  HLES NIRETE Hr (Robot state update)
Y9 5 m B AR B — IR B LS A 2R
1z FALZS NG G B e 1740 25 20 00 0 Fir 45 281 145 J2 X
TN NRAS T S I 7 22/ B AT 558, A2 an
T

19)

ToEmI &5 FE:
Yr =
AN —n,—ny . _
Tg(xk, wy,) +
1

o2 Zx:l [9(Zk—ASx i, Wi) +9 (T + AT, Wi )| +

1 n
e > 19(Tk, Wi+ ASy i)+ 9(Tk, W — ASy 5)], (20)
i=1
FH 1 A N 75 ] 14N
TN 387 ZE 5 N

Sy (k) = [S%) s 82 5@, 1)

X H [G)R: 35 3548 FH HouseholderZ5 3, ELAARSFEAN T

GT
{ [_627 R] = qT(Sy (k))7 22)
Sy (k) = R.

ERQ22)H, qr(-) IQRA) i 5 4F R 2L, A2 4 J5 1
Sy (k) x Sy (k)Amny, x n, FHEE.

N TR IR SRR ARSI LA RS AT 55T,
BT E R AL N TR S RN IR 2% b A 7 22
Hh7 2%

Py(k)=5.(k) x SD(R)] . @3
SRR BIEMEE, HLENRETEH A

Ky = Py (B)[Sy (k) ST(R) . 4

K\ AKalmand BB, JERORATT LN
T, = Tp + Kip(yr — Un)- (25)

1T & Cholesky [K
S (k) = [Su(k) — KiS3 (k)

K84 K82 Ky S3). (26)

Wk Z) 8 5 PIALES RS RN Z,, ATEMIIAE S

W 2R P (k) = S, (k) x ST (k).

4.1.3 HX#FE (Importance weight and resampling
strategy)

TERIZ, 25 FEBIHLA8 N SA L2 1 Bl C A7
(AR, AR HE 20(17)~(18) % i (1) EE B4 AT i AT
FEAFR0HT—AORLT. W SRR A AE KT 20000 30— A
BUZ AN B, TR I e £ FH (2(20)—(26)) B —
AN EEBR BB ATL 2% NGRS S = 7 Z 5 R AT
SEB, BT R A b — k4 RAEAWIIGE.
BroEtESa, B M WLEE RS 70 R — kLT,
i &l ~ N Pk)).

(RN, AR i 0 21 815 B AN S S B o 2=
K AR T I E A B W]

[i] (v —Tk) (i —3g) T

wp o []e AP . 27)
4.2 WIERFE{E 1T (Environment feature estimati-

on)

FERIS 2, B A ) — AN RN AL N AL
(R 2 AT SR 5, SRE N T IR I BT R
AR W B, X E AT 2 00 F ) AR A
YOI Z] P B8 A 75 450 FH AN [F] PR SHE M 3R A T AL 2.

4.2.1 X H 2 UL B 5 B b ) 4L 2 (Deal with the
observed landmarks)

FERISS Z1), T 2 SO0 B0 R R bR, A SCR K
AAERAL T BEAT B AR A, J T B AR RRAE A B8 B, A8
FH B 0 22 53 YRR 2 X0 BR R AR AR AT 58T, DRI UGAE
WL AL S 3 BT BB R, RSN
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bR (™, S A #; ,
g = Neff = - vy (38)
)\2 —ny — nw ; (w )

L ix:[g(ig]‘i‘)\a‘gx,uwk)‘f‘g(i'g]—)\gxmwk)] +
202 4
L S @, @A)+ 9@, D= As)]. 28)
223 5
BRI (4577 2258
Sy(k) =S5 S 8% S 29
SIS EF AR T F AT 45
[Q, R] = qr (55 (k)),
S;(k) = R.
KHRI/REEEATER L2 N RS AR5
FEARUI 22 B 5 2
Py (k) = S,(k) x [SVT (k). (31)
HETAR IR B, WL RS B A
Ky = Py (k) x [Sy(k) x ST(R)] ™', (32)
K, N R/REEES . Wk ZIBE0E 5 i 58 5 B bRl
i = "+ Ky — ) (33)
e(k) = [Sx(k) — K,SE (k)
K8 KSE KuSP). (34
o ZAERE D (k) = (k) x T (k).
4.2.2 X E OB 2 (1) % b5 0 4k B (Deal with the
new landmarks)
X B UOWIM B B bR G LR 515 m), 2E T
BRI ST PR B K K 22, AR SCSR FHEK I 4%
RN LI 21 B i A e A TR U A

(30)

zi ~ plaelsily, u), (35)
AL E A

Hae = 97 (zeys™), (36)
RAMLE T %

(k) = (P(RR;P(R)) . G7)

4.3 H kWi & 5 M (Algorithm process and
analysis)

SOFastSLAM AR R4 T -

1) HiRE: 7E kI 2R EASRL T3 — i 21 S0 T,
i R AL A i fr el Ly Epll | R
(7)—(19), FRAFHLEE AALLR BB A BB, FE M bl
PERE IR

2) PERLE: AR QI AR T RE

3) JIWTE A T BT EOR A @i 38 i A
O BN R A 52 & 15 75 L E KA. M Neff/N T3t
AMBAERT, FEAT ERAE, DR ISR T IR LIS ;

4) HE SR SN R, K e Ol
IR AE I H P, FE%F 3 S I 2 b AT B
(BT

5) EEIT ER(T)-B8)iFE, HEITHR EAN
T BT BWIE A k.

I S, B AR AR R HEAT 2R AL I B
16 TSm0 A Gl AR 2 1 ok B0 S i i
F%. FastSLAME X} AR £ 14 R 85 f () 7 2y A 2R VAL
a8, Bl f(z) = f(2)+V f(2)(z — ). PV f(2)
NAERT LU RE. BT 2 0L, 4 f(2) AR R R R
I, HREEN (f(2), p) THEE B HEmE.

ASAEFH W H 0 22 o B AT RS s LA NI )
i e A 5 P X 4R N, IR AR B kAT 5,
T B n,, BUE AR T UFastSLAM A 6 728 45 i fir
WEMI2n, + 1, PLECP AR AR 783 59 BT 75
B2, BT TR SRS, Bl SRS
B TARKHI$E . AR SCHR [24], B CHOLESKY 4
AR T ZHERE P (k — 1) 7 A BEAT v 10 5 4 s
NON216), HAt5 bt 22 45 55 5T 75 ZE IR T30
Hny; BRI 2P (K 2B R0 (n3), BIAL )
J7ERFEE A E N0 (2 4+ n216). TR
{RA7- 25 55 B IR A0 3th P, 50 6 e B 1) B2 24 15 M
O(n2 + n3/6) (M NFAEED). FIF SCHk A = X 25
FFEAEHFE, 2 A BT I B, sk DA B oy mr s, —
B o 22 20 SR M B 44 S /N T FastSLAM2.0.

A, HEAE AT 22 F TR TP (k) BT
B, DR 28 T bt ORI Bip 5 22 0 B 1) O e 1k 5 e R 12k
B b AR e BRI, A8 QR M, LAMS1S 2 b
T3 223 5 MR- = A J B, 3t T A P v ) [ AR
TR AAESLAM vl 5 rp 5 K P st R B4 ) st AT 33— 20
PR SLAMKIRIARCR.

5 {iEMFF(Simulation result)

15 EIR A EMATLAB2015 4 F, R 2 K
AP A HLEE N 0 (ACFR) R AT FISLAM S FL 8%
RIETFHY. Nt T AN EL AN [F) S 2 TR B 1 R
ASCRH T Car-like AU E AR SR N 1S B AL,
Bearing-Rang 0t B IA B RUAE IR WL Y, [] A
1&HL 7 FastSLAM2.0 5, UFastSLAM 3%, 4581 &
SE 6 AN S BR AU 5 AR SCHE H YISOFastSLAM S i 3t
ITE .

B2 A IR, Horb: gy “3¢” &
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AN RHIE R IEON N AT RN S # A2, BN

R R IRIE IR S i Aria T2l e 17 k. N ERTRT S
FERES 94 m, ARG AT RO R /940 m, HHEAA180°
RIRTHLA.

80 -

Y/m

-100 -50 0 50 100
X/m
B 1 (iR

Fig. 1 Simulation environment

=100 =50 0 50 100
X/m
K2 Hlas NEsiR
Fig. 2 Robot path graph

5.1 AS[E W& S &4 BFISLAM S ¥ R
(Performance of SLAM in different measure-
ment noise)

1L 81 FastSLAMGELE: 8 P 1) 8 Bk i BOOF R

ALE 2 HT PR EINAE 2., R, A% 5 it Bop 1B 1k

i) . Ay B IR A SR H ) B A0 2 R R UK

SLAM B3 58 Rk Gk (PR 4k v 8, 7EAZH &

P Bsege b, AR R 1 A B w20, AR

(1)1 75 1) N (0, =0.3 m/s, o = 3°), fli FHSZH A [H]

[y 2 85 1 750 (0. 1 m, 1°), (0. 2 m, 1°), (0. 2 m, 2°),

(0.3 m, 3°), (0. 4 m, 5°). HIEIIPERE VAl AR iR FH 1Y)

J7HRIRZE (root mean square error, RMSE), 7€ SUN

Ns 9
5o
RMSE = (= —7—
Kot o AR L N TE RN 2 1 B SR A, &, 4R
HSLAM &3R5 F At HE.

)%, (39)

Bt o} A 4L B 5 1 W 7 KT, AR IR A FH FastSLAM
2.057% . UFastSLAMEEFIA S HE H () SOFastSLAM
FIEPAT S04 825, FERTALAS N B2 RMSE -3
TEHEAT VR (JB13) LK.

¥R ZE / m
R T )

0.01 m/s1° 0.02 m/s1° 0.02 m/s 2° 0.03 m/s 3°0.04 m/s 5°
PN g
u FastSLAM 2.0 u UFastSLAM
m SOFastSLAM

3 AN FDLIEE P K P N SLAMUS 1045 SR ELEL

Fig. 3 Algorithm comparison in different measurement noise

FH 300, B T R R 39, 30 L ITRMSE A2
B v 22 1513 5 88 11, 1 SOFastSLAMSL 7% (I RMSE )
{EHRT A 2R 5%, It 8H, SOFastSLAM&AL %
(PR B a1 o e b vk, H bR 22 38 Kl FE
W A8 T H e Hik. X IR SOFastSLAM AL 1) £
TEMERL 2 T AN RE L A, 3R EAAR G T
R FE AR ) & e 7 7K - B Ak v, HL T R R
TR EIERG T S aT R RO S &0 T
J WKL S8 I SR B2 4 5| B imp Wi SR X .
5.2 AFERTFHET K SLAM HEM:#E(The per-

formance of SLAM with different number of
particles)

fiff 72 SOFastSLAM 5327 b7 A K (1 1 0 T (1)
PERE, FEE 240 05 FLsLeh, AR E A IR (0, =
0.3m/s,0¢=23°), Wil FHE RN (0, =0.2 m, 09 =6°).
EERP3MAS[E 5, 73 SR T4 1) M =5;2)
M=10;3) M = 20;4) M = 50;5) M = 100i#475L
U6 [A) B 7E % 46 1F T X% FastSLAM 2.0A1UFastSLAM
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