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Abstreat: Particle filtering is a sequential Monte Carlo simulation based on nonlinear filtering algorithm. An
overview of the status and development of research on particle filtering is presented. The principle, convergence,
application and evolution of particle filtering are described in detail. First, the principle of sequential importance-
sampling, the choice of importance distribution function, and the method of re-sampling are analyzed within Bayesian
framework. Secondly, the improvement methods and novel variations of particle filtering are then summarized. Thirdly,

the application and development in various areas are reviewed. Fourthly, the novel extension and trends of particle

filtering are illustrated. Finally, further research prospects are introduced.
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2 R F )R K IR I F0 U 80U ( Principle and
convergence of particle filtering )
2.1 $rF¥Eik/EIR (Principle of particle filtering)
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3 PFIRKEZBMET T (Varation of particle
filtering )
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HIRA B Es X PF LA

HAth i A Higuchi S5t H k5 PF
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EERRE ARG _E BT BB MU B , R
FHRMER) PF. Bruno X 2 BRFFI BB &
bR B (A AR ) T — b () Bayes % TR
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4 PrFiE R ES R R A iE ( Application area
of particle filtering )
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25" Doucet 44} BkEL Markov R 48tk A5 14 i
TEA¥H PF &L Guo 42 PF FI T8 M 45
T # v 1] BR B, Freitas %5 Bl PF Il 45 4 & W)
4! Srivastava %48 PF FIF 1 30 H AR L30T,
Fox 4401 PF I T & ahtlas AEA ), Ward 468 i
BRI PF R Orton 25%1 3k B MK
BTN 2T PF % HARIRE F{E B
&7, Penny 4 i i PF 5C 91 4 15 100 28 W I &%
RE M B  Hernandez %454 PF KR A&
AL E RS & (e A I IR B gt ke
PF B Kb RS A TRHZ—.

PF 7EIFEHLASE | FT 90 1k R S22 40008 4 R g 4 3R
# (CONDENSATION) ™ % 45 #5{ /& PF ) — 4>
JE 4 % BRI 7 473, Bruno 48 1 B B 3 vh 4R
BREZHY PF B ™" Maskell 45§ H 36 T B4 4% ns
% HARBRER ) PF B RS W& B bR E
{LFNBRER 5 1 , Vermaak %5F ] PF 32t 75 & A P38

A A RUBR B, Zotkin 5 1] PF Ok B B4
B TR (LB T 5 R RS BRER R B H
FRUL FER T R U A T — SR G A M R ) LN
EHARI RS 38 X R IR T RIS .

EXAEIRT PR ERATHEEEHH. B
il | 22 P R 5 1, SCk [ 52 ) P40 BB T PF
FEER BRI . Hew B0y U A pLas A aE
Bt S EgaeE EyE A5 R
BWRHGL R H  SRER LR & R
HATEA 6 3F B R 20 o R 40 A 58 A B R 4 BT B
PF #B.EA WAL HIME

13— MR E N ¥ FTE PF IR F iy
VFE R, BRI F PF B R —MIBS RAHER
AU LW B ek, Chen %51 ) PF HUIUAE
Sk RGN, RS MR TIMAER ™ Li 4548
HEEF PF ] 4040 BB B J7 7%, Shan %548
3T PR FIEBRER D715, Hu 248 R o5k
P T PR BRI B 4% s TARHMESH T PR EH
WIS
5 BRFAHEHHFHERE(New development of

particle methods)

L Uk 28 R F — A R F B DR S M R IR
BEER S A, A PTREFR B FIR A, H T ERE
iR F ek SRV, B 1 B I 0 A i AL TS 2
(RS 38 43 A R R 22 , Doucet 5576 3CH#R [ 24 | vh R A
MCMC J7 iE3E A2 22 2 P B 18 o 38 58 - 1 B
1847 IR, Fong 4541 RBPF #E T Fk 7 F 1 4%,
HFRTIES RS, -

1€ PF it RE 4L F i, HRT KB HAE TR
TRAS T BEAS B , 0 E B AL 5 2295, Doucet %
RIMEHLE AT PF & TREA2 R RE1sbr i 174
AL Chan % A jt— B FI 7] SPSA BEHLIEALIT 5
R4k PR GBGR T AR BT E . B TR R
#i15 PF REF T SC A iR AL 22, Foxt $2 10 T 11
B[ AR B 3E RURL TR 281, Kwok Z53TU6EF R
S RANRE, BAMEARE W] LU T AR T, SR
RN A 77 B8 R S G 300 ), Brun 46 4
i PF BYFFATEE M 1 LA RIS TR AR St R T

BIEJUVE BT H BT N SHN R R, —
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PRAB LR — AR R iRk, 3 TR e A
BBYA R zh gD LK Kernel 9% 7
¥ Doucet 48t i) A4 11 7 9 B %) B 8
HECRAE, AR FHEZE T A F R VR A3 (ML)
ARV K (EM) Bk HEMA TR ma 5™
TEREDLOLAL 5, H B0 T 8 TR0 F ik BB A 1
B, R T ikt AT &80 H 2 S
Andrieu, Doucet Z&7E SC#R [ 70 | o 1% 40 B iR 1 kr F
FEEAE AR (ORI | R G BER AN i o 8% 1 R B
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R REBLAE P AR B T X B0 B F 4 4
6 B4 5RE (Summarization and prospect)
HArN FIEE SR CIRBIF S E K
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AR REE 2 5 BB U 4% R T Al R AU A B Bk
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