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Abstract: To resolve weight degeneracy and avoid sample impoverishment in resampling algorithms of particle filter, a
method, named layered transacting MCMC-resampling algorithm, is proposed. When the effective sample size is below a
fixed threshold, particles are dived into two sample subsets according to their individual weights. Mutation operator and
PSO, which are considered as transition kernels of MCMC, are applied to sample subsets respectively. Then an acceptance-
rejection rule of Metropolis-Hastings algorithm is used to generate the Markov chain with the stationary distribution which

is equivalent to target posterior density. The simulation results show that the proposed method is superior to other resampling

algorithms both in accuracy and convergence speed.
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FEIL B IR R A8 XOFIAG S 5, R RE AR AR R 1)
T BURE AR AT AR S B DL RRUAE 1) 723 i, DA v A
AR S ARPUAR AL FEA. GA B ks iR E L <54 v
KA FEAR, &8 2 EACE AR 2 AR 12k R A5k
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G HR A I I /AUE OB, $54E 2 R, AT
SECREARTA (LS. 7E MCMC #ENF, BB i
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SEE PN T PR-MCMC S92 (S0 5, MCMC
XA FE A it L 3 B A% I 38 ik A2 8 J 2 I [) 3k 34~
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Btz v it 7 20 R T REAS T A2 HAR S, R4S 7 3
PRIRT WL I . 48 28 4 [B] by 22 (B IR PSO & A N
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2(b) 5 RGA-PF 5 RMH-PF [¥) tb 4. & & 1F
MCMC 7 ) 1 % 5 SR A 5 kL1~ BR8] v 1)
AR X 35, i R T B 80 5 kL1454 Bayesian J5 46 1)
T, PIRAE H IR Bk AR I, 40X T RGA-PF, RMH-
PF fig 50 PR b e S BPIRAS T I I, Wy 3 [F) s TR
FEJG BN ZFENE, AR R A R J5 — FE 2k 0
HARIE AL, HZ L E AR S AT AT WAL, 76 Al v K B
IR T SIR. AR 2 YGEARE, FEARTTAATSAS v 3k A,
HXF T CAAMFEAA BA WA, hat i 3280
VRS BN B AE B A S, B 2(b) 1t > 50 S5, Al TE R
FE W R

2(c) y PSO MH-PF 5 Muta&PSO MH-PF [{]
Fei%. Wi [ J& T MCMC-PF 2% (UL MCMC # # A0 8
& 58 F R ), /£ MCMC ¥ B % LR T AN F Sk
WAL TN T A 48 TR S50 ) RRUAE 25 7 /)N
BUE RT3 A AR, £ MCMC HEZE R 5] S0 FE
A AR X RS By, K T BN R A AR X
B X3, M A AR A I8 A 1) [ I 38 S T 22 FE 1)
R, HHECRFE G BN Z PR, SRR
P37 S AL RS BE, B8 LA /N IR Ak T 5 22 Wil 5
HArR A

HH 1 2(c) AT WL, AR R S B AR I, PR AN L

REPRFFXT H A5 FLSLRA IR, I, PSO MH-PF X
T AT FEAY R PSO 1N 1%, 20 T KA
TR R, PE A Rt BRSE Ak () K AUAE R T 22 90 A
FE R R XIS, )RS 2 () B AL B B B 45/,
U AU e BT NACR (IR I 2735 N i B VAR N
X T PSO Z B AR AL HEUE, PSO S /MR Ak Bk 2 bt
BLR BN #8248 358 43 KAUERL T 85 HARZS 25 ) e A A
DI W 2(c) T2 AR IEAE AU L T 5 FLSR A
J B R ) A 25

IS AERE R ARG F WA FE T AT 3 )2, 43 90
K AL S ZGH AN PSOAE N R 4%, 78 R FEA T AL
B R ASRAS ST PR (S S R, ]I Sk T PSO B
P R BURE 1 A TMCMCHE B I 774 (AN 2. K
2(c) AR H, AIRASSRBAZ IS, (1 T3 ROk 71148 5
BRI — KA R, B T PSO kAR TR, A
7Lt PSO MH-PF 45 1 53 $R (1) Wi S0 B2, 5 22 IR
WA R, BT SN Al R 22, DA ARL O 1% 25
1 HARELSOIRE.

#1 EiHHEESITERR

ik RMSE-mean average of execution time
SIR 5.0752 0.3280
RGA-PF 47498 0.6753
RMH-PF 3.6742 0.7402
PSO MH-PF 2.8732 0.4517

Muta &PSO MH-PF

M1 AT DUF Y, AR SOOI AR o ik RS B 11 [
i, PR TRV S IF RS AR 3, P 3818 47 I TR T [
2& MCMC-PF 5.3 /1 1) PSO MH-PF (A SCHL2 %0 #4343
b7 AR S B G T PSO AR TR, AR VLB AT
I 1) 5 7 280RE AR 75 IR B O, A R A
K, R B BORL T R A P o Ll oK, BRE A
it AR e B — 0 SRR IR R 3 K. TE AR B A 2k
PERGURAL h, ARSCREAE AR DA A WA, 1) ) B 3 4
THREARTA, RPARAS A v HE A 2 B B AL T PF A
%, 5 RMH-PF LUER, RUAHERG A3 5 42.59%.
7 4 ®

AR AR SCHE H 1) LA AR S S0 R PSO k4T 43 )2
R i MCMC KA 575 (Muta & PSO MH-PF), i
R AR LM R G R AT T O 7 B IR AR S
5% 5 SIR, RGA-PF, RMH-PF il PSO MH-PF #4171
RMSE FUIR A BUAE A 25 15 Lo, i) ik xof S92 P A F R
FERCSIGHR BEJEAT T 407, 193 F 41

1) AL GE IR PR REASE AL In) 8L J5 i — M
KA G BN ZFEE, W RGA-PF Il RMH-PF, X
LIRS BAWE R J), HBEAE B3
I, REAR T AN AT 3 f. AN SCER B S U 0 S i

2.1091 0.3903
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2, 51U AR AR TR 2 ) LR X R B, 1Y
ITRIFEA 5 B AR X (¥ B B DX 35, 17 AR A% 48 KA
Hh DA BORE 1 A S AR, DU R AR 1 2 £
63 (N R A

2) 28 MCMC K Af £737:, 41 RMH-PF, PSO MH-
PF I Muta & PSO MH-PF, /& AEH#5 56 W T H b 5L
AR5 5645 T, Ui B MCMC ¥ )R bz 7 4 3 2 5]
R ) R AUAR IX 3, h Markov 8% 1 & 43 Aii 47
75 HME—VERT, B0k T % 3 J5 ki1 46X Bayesian Ji7 %

3) 28 MCMC R AF 055 IR 2 A 1 1 ff 2% A
W S0 R B e T MCMC % # 1% 111 % 1. PSO MH-PF
LA PSO fE b B B 4%, X 1 43 A 45 i Al SR DX 35 B 30 1)
re ASURE 7, 1) R 25 1) g P (B B 20 B 25 A /DS, ik AR
Tok A I Y P A ARG B3, AR R bR A B
PSO Z 5B A UK, S 4 ANt B BENLPR B 2455
BT P M, A3 43 im ASORL T T 25 LA AR X 3,
NI T B0 B ARASEE K 25, A SCHIER oy |2 55
T S, K A0 5 20 5 PSO 43 B A s T A2 5 ik
TR, RSB, 73R EEX B Ar B Sk
ARG, 5% % F R FE J5 MCMC % 3) 5% L
B AT HER RS T 42.59%.
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