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Recursive update Gaussian particle filter

ZHANG Yong-gang, WANG Gang', HUANG Yu-long, LI Ning
(College of Automation, Harbin Engineering University, Harbin Heilongjiang 150001, China)

Abstract: In traditional Gaussian particle filter (GPF), sample importance density function is constructed through com-
bining the latest measurements based on Gaussian filter (GF). However, in measurement update of the traditional GF, since
the measurement value is assimilated directly based on the linear update rule, the constructed sample importance density
function may not be approximate to the real posterior distribution under certain conditions. To solve this problem, we
propose a new recursive update GF (RUGF) based on the recursive update idea and give out its general framework. On this
basis, a new sample importance density function is constructed by using RUGF, based on which a new recursive update
GPF (RUGPF) can be derived. Simulation results demonstrate that recursive update idea can assimilate the measurement
information commendably, and compared with traditional GPF, the proposed filter has higher estimation accuracy for state

estimation in nonlinear systems.
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AR REL e A EE B 2 R pR R, AR TR b Zit1 = hep1 (Try1) + Vigr, 2

I W NIE S AR & S &) S

SR, H T AL SRRV e W g s 28 A BT b2 2k
RIRE PP AT — ML, R T2tk /N T
FEHENSRAT AR A J 96 R 2 5 R 2. LB 00 ST
IR 2k fi /N Ty 7 1 DU Ao 2 00 o AR 2 — 2 Tt gk
ITERVERBIE, BRI T IR A B2 ) — 2P 4 ey, BT
P T A G E B v 0 D B A KR T IR RN
FESZIR. SCER (12148 i, ARG LT, AR Y8 Lot i
NTT ZEREN AT B SR IR ARG A5 BPRAS 5 56
BME ATy 72, 5 2] e & 3 BUIE PR HL [, 3¢
R (13142158 ) 24 ZR Gt M R AR 2RI I, i T2k
B /N7 ZEHE N (P AR AE S8 T iR 2 B L B IR A R fx
M f. S £E BKF 1 B it b, 2t — T adhs 41 55T
(recursive update, RU) AR, Ak Hia S0 ek 20K & 1Ak
AN LB WO IRES — D T HEAT SE 8, 7 4
% B 366 HE B 00 ST A BU T A% G R 2k A /N T 2 B R
A DAS A S o RIS AG T, (H T EKEXS IR Lt
BRI ECHEAT AR AAL B, S ECRS TR ZE T Z
BT RRAEAR LA ENE LT AR, DRI SR 2 AR
B AR 5 AR AL, HEKFAS 2 FPIRES fE 30 Al THiR 22
W5 25 B APRS TR ZE W 7 22 BT, #
FUEPHREL.

N TR e A Gt v R T B U AR T, AR SCAE S
R (1317035 AH I, e RUSEARHE ™ 2 R2 M i
Beash, K BB ITVER S AR > AT A, B4 T
A HEKFEANEAL 514K 17, TS 21 1 3 HE 56 B
11 27 68 I %% (recursive updated Gaussian filter, RUGF)
() — M4k, IFAE UL AL B, % FIRUGF APFHR it &
SRR FERR B, ANTITHR H 1 T a4 SR v R
JE P B ¥k (recursive updated Gaussian particle filter,
RUGPF). 1j RA R R4 1 RUBAE B AR
DSV FITAL) 38 1Y) B R P e O R IR S LS
(115 5600 A, T FF RUGPF AT 5 i3 1 BEJAR 5 .

ACE e T ARG AL g I s 1) — A
K, JE4E L AEAL G AR St o S e s B SE R B,
R e d /N7 ZE HE W EAT DA TH I EANRE A3 B4R
TFHAS T ROR ik, R R 36 HE S8 v LU B R B

Jii, A 3 ARUGF R A4 3 PF AR 1) 55 24 25 i bR 4, 42
i T RUGPFIEW VL. IG5 IR TG HEm
B RN R
2 dE £ ¥ & B 38 ¥ 28 (Nonlinear Gaussian
filter)
T PR RS S S R

Tir1 = fu(Ty) + wi, (D

Hrpxy, € R, 241 € R™I37INRGHPIRA [F] &
AR A&, n, moN R G RIR A 4k E50RD B 4 4
f():R* = R, h(:) : R* — R™ 5 RGHPIRGS
R R BRI R AR, wy, vy, 730 R FR G R A
a7, Hoawy, ~ N(0,Qy), vi ~ N(0, Ry), w5 vy
ANHH G, WRPE LA /N 7 ZE e, A2 Ve ey W e Uk A
I — Mg 04
Thr1jhr1 = Trre + K1 (Zer1 — Zrgan),
Pk = Popipe — Kien PE o K 3)
Ky = P/fil\k(Plj-mk)_lv
Hrp
Thy1p = E[z)1 | Z],
Pryie =
E[(z11 — Epor1p) (Try1 — fi’k+1\k)T | Z],
Zhtilk = Elz11 | Zi],
P/f+1\k =
E[(Zrt1 — Zrs1k) (Zrs1 — Zrgn) " | Zi],
P/ﬁl\k =
E[(mk+1 - »’Jf?kﬂ\k)(zkﬂ - £k+1|k)T | Zk],
X Zy = {21,290, , 21}, R 1B ZI 1) & 0
FPHNER & JE S DR 2 AR 4 5 A e A 1
Y| Z) KR53 2GRS M E A T
M ER AR 2R g A — A T N, KR
N5 B B 2 R T R 1k /s 2 A U A R
21 DRSS — BT @1 BATAB IE. TITSCRR[12-13]
i th, £ RS W R HON A E e VS DL, SR 221 A
ANTTEAGTHEE N R E A EIE B IR A RS I AR
REMTEER. T, YRS ENREONAELER, 75
PR EN SRS AR R, TN
B I8 B R R R m RS A TR B
3 ETHRMEEFHNEYALT BB E % (The
Gaussian particle filter based on recursive up-
date)
T RSS2 TR R I ), SRR (13 R & S5 &
S R ) ARG A B, $ H — FRRUFSAE, 0
TXPIRE — B TEAT 2 Ok e HE X 587, fHRUF
SR AEEKF 1 JEA b St fr, FIEIBors 5 52 1 B i)
JiR PRV T3t SR I R, A i — UOHE e LU AR R U
HE, W T AR R OR 28 AN, S BOIRASAE T
R T 2 B T FEAE AR M DL T JEANER, A8
B A A P A 2 AR, FHEKFIS 2R 56
it Z W7 2 5 B S RPRES AL TR ZE 7 24 ™
HAFE, M SBRUFKE N R T DL BN, A5
Vb HE BARHE T 2 — s R AR I S5 M, 15 2158
SR FE IRUGE, JR7EULSEA b, $2 3T i
B E ORI . N A SO B e e
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3.1 EHETE H(Recursive update)

TERUGREH, B i 4 s o i) ZI Bt =20 By
R BT AR AL, T B TR, S2E Bk —
€ LU ZEORES— P T A T2 1. AR STt
FEYn R 13

0) _ (0) _ ~(0) _ A .
Cipi=0, Pk+1|k+1 =Pk, T i1)k+1 = Lht1lks
fori=1:N,

G-y _0h
Hk+1 B ox w=ﬁ:l(:+_11|)k+l’

i—1)
Kngrl =
1

N—-—i+1
i—1 i —1 i—1)T
(Hlizﬂ )PIEL\;HHISH : + Ryp1 +
i—1 1—1 i—1)T i—1)T\ —
Hli+1 )Clg+1 ) + Clg-i-l) H1i+1 ) ) 15
NO)

(i—1) (i—1) (i—1)
(Pk+1\k+1Hk+1 + Ck+1 ) :

Tpt1)k+1 —

igctlll)kﬂ + Klgi_ll)(zkﬂ B h(zﬁl(vtlll)fﬂrl));

Pk(,21|k+1 =

(Lown = K HEE) PG -

(Inxn - KIEiJr_ll)ngir_ll)F =+ Klii_ll)Rk-HKlgir_ll)T -

i—1 i—1 i—1 i—1)T
(Ian - KIEZ«H )ngzﬂ ))Clglﬂ )Kliz«u T
i—1 i—1)T i—1 i—1
Kl(c-i-l )ng-u ) (Ian - K/E-+1 )H15+1 ))T§

Czil)l =

i—1 i—1 i—1 i
(Ian B KIEH )HIEH ))CIEH ) — K1£421Rk+1
end for
. L (N N
Lh+1lk+1 = fl?;(ﬁ)l‘;ﬁl, Ppijp1 = P,§+1)|k+1.

Horp: NASBHEREL, Cr 8 SNy 1 5 R
P i yE

AT EIRFAE R, JN = 18, BRI RE S
A 235 v 17 U0 S U BT B B AR A, 3 4 Ik B
N > 18}, fEBHE S b, SE0E Bk A T
B TEARAS— 25 T, 17 B 2 2 R BB
S HAERE HLC D, TR e S A o
FUBCR AR AL, T HL5 5 R HUA B 2R T
BEAH DG (B A TR 1A, B HE T T Sk AR AR A
HAE]. LASCHR [15]F 42 H 3%/ Rsigma s R /R 2 8 3%
9, AT FE I A A& K H Gauss-NewtoniZ K K fif
RGHIMRSEIAG T, B — R R T A3 i &=
WIS EXPRAS— S TINHATBIE, BN T RS
— TR AT AR i — P (3 RS LS. BRI B
AT, SEAIE B AR BR TN R S — 25 Tl
SESEZ 8RR Z. 1 H.Gauss-NewtoniZ A7 7E L
SR ARG R ZE RN - ASBEPRAE S5 YL S5 45 1] .
ST T AN ), 0 il R T DA AR R 4 i %)

AT TR AT & e T RE 4+~ /R

SRR AR A RO I AR, SEIEIXPIRAS LR

PR

3.2 3 HE OB = W 98 B 3% (Recursive update
Gaussian filter)

FE N RASOR B HE S B AR 2 — R =
B s st A BUE T H 7500 E i b 4T
HEAL, DR RRUFHIRS B

A SCHR (1315 U IMRUEAR, Bl Zh & R &l R
B AL, Wik R SIS SRS — 25 Tt gk
FHEIE. IKHBE X Dy =E[(M(®h41) —Zr11j8) V341
ZHOCHER[13], 7] LA BIFEARS M m ik s, Hofw
PLIE a3 H A

K1 = (P11 + Cria) -
(P, +1+ Dyi1 + D13+1)_1v &)
HHP, 1, Py 0 5 S — 22 00 7 22 R
AN — D B P52, R, fECHR[13]9, 3K
T —M 288 A i 7 =R 15

_ pi-1) (i—1)T
Pfcz,k+1 - Pk+1|k+1Hk+1 ’

P .= Hliir_ll)Pk(i_ullengrll)T + Ry
XA SR AR TV 4 1) A E T 7 ZE R SR ARG 2 52 PR
BER, @ Al TE
i1kt = Trgie T Kip1(Zor1 — Zige), (6)
MPRAS JE Rt TH iR 22
Lr4+1 — ikﬂ\kﬂ =
Thg1 — g1k — K1 (zi1 — 2k+1\k) =
Tp1— Thy1)k — Kipr (M Tr1) + k01— Zpap) =

Try1 — Brgape — Kpg1 (R(Try1) — Zogan) —

Kk+1vk+1. (7)
A = (7), AT AAR BPR S J5 Al 1R Z T o7 =
PN

Pyiijp1 =

E[(@h41 = Trr1jpor1) (Brar — Ergappor1) ' | Ziga] =

P — (Poopsr + Cr) Ky —

Kii1(Po gy + Crn)" +

Ki1(P.ji1je + Dyr + D)KL ®)
eSS, T DY), 5 DY) Tk B

BB fEbr kR, R AT R A R 7 s T I B

AbFE

Dyy = E[(M(®x11) = Zry1p)Vpsn] =
E[(h(@rs1) = M(®rs1) op,)Vnsa] =

EH 1 (Trg1 — 53k+1|k)’l’1?+1] =
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Hk+1Ck+17 (9)

oh
/ﬂ\:EPHk+1 = 3.

‘w:fc o .
ox k+1|k

FFH Z(9) AT 1T A AL 3L I T 5 281 328 4 B8 3 s e
PRSI — M

1) IRAST.
Tpy1pk = ff(wk) X N(xg; o, Prji)da,

Py = ff(ilfk)fT(ka) X N(xy; Tk, Prjr)da,, —

. T
Tpy1kZpyrp + Qe

2) IBHEEIN T
0 (0) _ - (0) —
a) Oy =0, Py = Popurs T3y =
Thg1|ks
b) fori=1: N,

S(i-1)
Zriik =

L alie1) (i—1)
Ih(xkﬂ) X N(@p11; wkz+1\k+1v Pk:-uk+1)dwk+u

(i-1) _
Pz,k+1|k -

J hkh® (@)

(=) (i—1)
N(@hy1; Lri1)kt1 Pk+1|k+1)dmk+1 -
(i—1) A(i—1)T

b1kt T Bt

P(ifl)

zz,k+1|k =

jﬂ3k+1hT(ﬂ3k+1) X

401 (i—1)
N(2pi1; Tr1kt1 Pk+1|k+1)d$k+1 -

z

A (i—1) A(i—-1)T
k+1(kFk+1k
-y _ Oh

Hi” = gale=siin, 0
i—1 i—1 1—1

Dl(c—i-l) = H}£+1 )CIE-+1 )7
(0 _

Ky =

(i—1) (i—1) (i—1)T\—
(Pz,k+1|k + Dy + Dy, ) g

- (1) _ a(i-1) (4) 5 (i—1)
Tk = Toqajor T Kz — zk+1\k)a

(1) _
Pk+1|lc+1 =

(i—1) (i—1) (i—1) (i)T
Pk+1|k+1 - (sz,k+1|k + Ck+1 )Kk+1 -

i i—1 i—1
K/ill(Pz(z,sznk + Cli-&-l ))T +

7 i—1 i—1 i—1)T )T
Kli-O)-l(Pz(,k:Jri\k + Dl(<+1) + Dl(c+1) )Kli-i)-h
C(i) — (I — K(i) H(i—l) C(i—l) _ K(i) R

k+1 — < k+1 k+1 ) k+1 k++14Vk+1
end for

— P(N)

0 & =z P
k+1lk+1 = Lpiq|k410 L kt1]k+1 k+1|k+1°

Hort NONIEHECEL.
B AT, b3 o R R B R A i

FHESE T FEARL, i DR 85 TN 132 i 8 00 5 e ) e A
A7 AT LR AN R BB T SR, ol A e sl
BURBAEN 25T 53R45, G T EKFH i —Br 28 g
TFERIEA 51 BRPIRZS il v 22 B 77 22 BB 7 R AN
BRI TP . ERSRAEAZ I A S F T, MR AR 5 2o S
v b M E Y ARUE B AR P R S AL A B
Dyiy = E[(h(2rs1) = Zp1jp) vy, F3CRRI3]HH]
RUFZA BT AR, 571k, RUGERF 2 EESCHR [13]H
Fe ! FRUFM:RE S 9t
3.3 T BN EOR T8I O S (The
modified algorithm of Gaussian particle filter
based on recursive update)

PRAEFIPEYE [ S8 S ML 7 AT R BEH LI BBORE 77, 24
ARG AT S5 0 T R MR B B R P
I, 2 BB R AL R AIILR . A i — A AL
ARREZ SR A IS A B R R . BEE
b, TR PR B U 2 R IR A R LK
GrARBL 53174 e L B BT T DA SE St R
DRPREREATAEIE, TSRS A SR A PR
Ja Bttt B, ASCH] FHRUGFAEPF A B v 2 244
L PR B LA BRE SR B A, 38 S BT
ABAk, 3 T A5 30 T 34 BT B v TR DB B S B
.

RUGPFSVEAG AT :

[{Cci, wi ;Vil] = RUGPF[{.’E?;?D wifl}j‘vilv 2]

1) ¥igatk: k= 0.

forj=1,2,---, M, x) ~ p(x,), w) = 1/M

a = Blxg]

P = Bl(x} — @)(xp — &7)"]

end for

2) k=1.

HENE PR ECRAE:

forj=1,2,--- , M.

@ RUGF# i 5 FE bR B F SR iR

[}, Pl] = RUGF[2}_, P, ).
@ HFr AR T
xl ~ q(@] | 2], 2) = N(&], B)).
© TR RUE:

Wl — p(z | =)p(=}, | wi_l)_

P q(i:i | mi—lvzk)
end for
‘ M
BUEIA—: wi, = wi/ > wi.
=1
R
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{@}, wi}jLi] = resample[{a] ;,wi_i}L,]-

REAE T

. 1 M,
(Ek:M];xk,
» 1 X i _ 4 J _ & \T
Pk:M;(a:k—wk)(wk—mk) .

J
3) Xk =k+ 1, EPTR)HEIEMHL R,
Horp M kL1 B8, RUGFRY SZ it A5 3§ O 7E 553.2

Rl g
A H BIAMAE T 45 i — AN FE 2 FIRUGPF AL,

M2 T RUGPFSE I —MBAESE, FIFH A EUE

i+ Jj ¥, W UKF, CDKF, CKF, 7] LA 3k 15 A [&] Y

RUGFH %, tIRUUKF, RUCDKFAMIRUCKE, #f —#5,

IR Lo R R R SR A 53 A, AT AT BASR

MRAFFRUGPFEE. fE4: N RRUL R TH R 4

G AT RH S 1 B AR, AR SO I 25 R B ) R s

RUGF&.

4 RUGFi+H & %5 #Hr(Computation com-
plexity analysis of RUGF)
PEWEFIRITHR R 4T e — AN E TR S A 20

xS — A0 @ AH bE TAE S M GPFALE, AR H

[FIRUGPF S AN ] s 7E TR AR e v B 2

5 5 bR BT i B RUGF A 38 0 7 RUGS AR,

BIX B AT TR T S, RS A K

THRL T B BV 2 R eR A PR R S AR SRR R

RUGFHE 2 AT 5 2 44 B 1) 22 ). DA RRSRARE )

S, Z AR T I P CKESR T 1 B B 5 i

BRI, T AH XS R R B HE BE R S AURL 5 8 U DA

RUCKFK /742, RUISFR 1T 55 2% B = B s HE 5

FRBIN &, A EL T CKE, RUCKFH N Y35 4 58 it

BEZH TN — LRI IEHETE v 2 MUK SN

C{) . Fr PGB HEE B 5 B L.

k1 FRBER AT HE

Table 1 Calculation amount of single recursive update

process
THEI HHE
‘él(cZJ:llﬁc an’m
Pz(fk_jilk 4m2n + 3m?
z(,iz,_li)er: 4n’m + 2mn
H](:_i__ll) mn
K](;)H m? 4+ 6m?n + 3mn
:i:](jj_llk+1 2mn +m
Pé?l\k-&-l 5m2n + 5n%m + n? + 6mn
c 2m?n + 4n’m — n?

k+1

Rt PO P 0 SR BT
SCHER[16). HHOCHR[16] W] &N, CKEREVERITHR B %
fCKFyg13£n3+ 10n2+10n°m+8m2n+2mn—+m?>+
3m? + m.

M4E& 31, 7 LS BIRUCKFS L H 5 6 E
fCKF%j?Tlg—F 100+ N (17n*m~+1Tm?*n+14dmn+
m?® +3m? +m). B XA UR B A5t AHEE T
CKF, RUCKFi150 8 N 32 22 f1 T N UGB HE S B
ARG, Bk, 7852 bR TRESEH h, RUGFH
SRS EN B R AU LA TR BT A .
5 4 E(Simulation)

N A ST SR I 22 MR WL 1 LA A A —
B B R AT AL R TR S4B HR ) b R B ]
BSUEA SCHE HE I RUGPF AL A AU
51 B & JEF2 3 K B & (Univariate non-

stationary growth model)

AR P ARG AR g B ek V2 A 3R
ZRIEREAY, Sy MR () — 2 2R MRS 139 1T HL g 2t
RUIR IR :

1 25y 4 n
Ty = —X;
R Ll B
8cos(1.2(t — 1)) + w;_1, (10)
]
=50 + vy,
Horb: RGME R w,_; ~ N(0,1), ZMEE S v, ~ N(0O,

0.1).
FEIX L, 58 SCIRES ST 77 AR ZRMSE SR A
JER AR M RE:

1 L, . »
RMSE = 7 > (@), — 2,.)% (11)
=1

A @) RO R FUN IR 2 RS O, 2,
TN Bk A F I RIS 2 BOIR 25 D8 W AG THE, LA
Monte Carlofjj FLREL. 11 F A& R IR W46 HSH
xopo = 0.1, &N EHIIE KM 200 = 0, Pojo = 1,
KT E0M = 500, RUGPFH i #E 5 51 IR EUFIICPEH
PIEAIRELN = 20, 47 EIRELL =100, B AT =60s.
TEIX B, A SR FH A FHE U 36 40E B tH [ RUGPF
5. R AR SO B L RUF, RUCKEF, CPF, ICPF
ARUCPFHISESRAERE. 4 1 5 EOWL T LR D8 e 23 1)
fl i M B8, % 2% H T RUF, RUCKEF, CPF, ICPF,
RUCPF#- 6 2sRMSEMA. 25 & 1R 24 LUE
i, CPFIY JiE % 2% R #% %, ICPFit T-CPFE. J& [A £ T
ICPFe B ) 1 B % 2 ek U 5 A CKF, ELCKFR] A
SRS OIRAS 52 704 {HCPF, ICPF) M RE#T
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7 TRUFARUCKE. X 13 1 8 HE s 3 B B R 10 # 3 RUF, RUCKEF, CPF, ICPF, RUCPF 45 % %

3% . RUCKFIJE I AR AR T-RUF, Ui 1 A SCHE
SCHR (1315850 EAE T >R RUCKF AL A 2. 18
I EEA F, RUCPFI S MERERR L. 0 L5 EA, 2
TYERUCPFHY, 38 58 3 o] DLUSE 47 R il & 0045 S,
FIT DAL T RUCKFAA 3 1) 2 180 2 A1 A LA 4 (1) AR
a5 A5, (F43RUCPFAH LLCPF, ICPFA A ¥ & 1)

#3445 1 T RUF, RUCKF, CPFE, ICPF, RUCPF# JiE
W %% B4 32 47 I 6] . CPF, ICPFATRUCPF )32 47 5[]
ELH % %5 T RUF, RUCKFH AN CE 2, H B 22 J5 [F 2
P TR R OR B RT3 . ICPRIEAT Tk
#1, RUCPFEAT 1 i HETE ¥, Bt LU AT I (] 4R 2K T
CPF. RUCPFI1)iz 17 I 8] S 1, {H G 808 14 e A1 /2 i
.

18 T T T T T
o
X
N
ﬁ
P
iy
=3
BN
Q
t/s
—— RUCKF -+ RUF
% CPF —— RUCPF
—o- ICPF
Kl 1 RUF, RUCKEF, CPF, ICPF, RUCPFIRAL 113 7R
R ZE L

Fig. 1 Comparisons of state estimate RMSEs of RUF,
RUCKEF, CPF, ICPF and RUCPF

% 2 RUF, RUCKEF, CPF, ICPF, RUCPF&-J:4 %
RMSE#) & b4z
Table 2 Comparisons of averaged RMSEs of RUF,
RUCKE, CPF, ICPF and RUCPF

JENSE  RMSEXMHE

RUF 5.9030
RUCKF 5.0450
CPF 7.7381
ICPF 7.1225
RUCPF 4.4753
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Table 3 Comparisons of one-step operation time of
RUF, RUCKEF, CPF, ICPF and RUCPF

TEBEA t/s
RUF 0.0012

RUCKF 0.0017
CPF 0.1353
ICPF 0.5957

RUCPF  0.8572
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Fig. 2 Comparisons of state estimate RMSEs of RUCPF
when N = 25,10, 20
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Table 4 Comparisons of state averaged RMSEs of
RUCPF when N = 2, 5,10, 20

RUCPF RMSE¥/H/s

N=2 7.3820
N=5 5.6417
N =10 5.0236
N =20 4.7825

5.2 JrEREE(Bearing tracking)
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FoAEE v, ~ N(0, R), R = 0.001.
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Table 5 Comparisons of one-step operation time of
RUF, RUCKEF, CPF, ICPF and RUCPF

JEBE A t/s
RUF 0.0014

RUCKF 0.0033
CPF 0.0616
ICPF 0.6468

RUCPF 0.7116
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Fig. 5 Comparisons of state s RMSEs of RUCPF when
N =2,5,10,20
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Fig. 6 Comparisons of state ¢ RMSEs of RUCPF when
N =2,5,10,20
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Table 6 Comparisons of state s and ¢ averaged
RMSESs of RUCPF when N = 2,5,10, 20

RUCKF sRMSE¥{H tRMSE¥/A
N=2 4.3650 8.4755
N=5 1.7165 5.1248
N =10 1.4831 4.6646
N =20 1.4215 4.4612

6 45 (Conclusions)

TEAE AR LM = B € 2 45 4, S BT B
CETRNG B R BN AR TR, BT BRI T et i
ANT 22 HE U T B LR AN T IR 2 R L. RU
FEARE T B %46 1 E R B HE LR E, X &S
ST S HEW R, 1T DA S B AR SRR
AR LR VE R AR ) A L, HE S H T RUGFH—
WELERe. FFIETIX —254, AR T DARUGF#) i #
T P R B R e O BVARUGPF. H5 1 5
SEIRIGUE TR SVEI A R E RN .
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