el 52 % 2011, 26(6) 888-892 DOI: ISSN: 1001-0920 CN: 21-1124/TP

AWMB R | THAER | aMHE | GRez (FTAAR] [£00]
KA D FHE 3 % sigma® # UPFE 2
® 4

HEHIBEFTHRGEFTHR

% %

4 2jcondensation B2 VK AR BEGHREU DM B GURGERGEO R, BRET A EEXRI)HBEZEY
sigmaUKF £ 2 242 > % @UPF 3it. B I 8AE RPUKFA 2 G N K23 £%, BHIEKFN G F 4T &H T &
% ¥k K4 9 54 )acobian £ K GHE KX, L DL ADG. BFEBBLEKB DT, L EW0 K EEL A& DMAPE
H FBIhA-—SHBWNEE, LERETEHARA. G RAD, G E2VATHWNHEALRLNURAGCEHE S E
B, RETHEAREROULBEHBE,

%z
Fwdd: ganb; RIHME F¥sigma £4; CREAF S EERR; £FER

Unscented particle filter using iterated minimal skew simplex UKF

Abstract:

To resolve the weight degeneracy in condensation algorithm which uses transition prior as the proposal
distribution, a unscented particle filter algorithm(ISUKF-PF) is proposed by using iterated minimal skew
simplex

UKF(ISUKF) as the proposal distribution. Statistical liner error propagations are obtained by ISUKF; and
the IEKF iterated

equations are derived by replacing the system model Jacobian matrix with statistical liner error
propagation terms. Then

the states mean and covariance are iterated and updated by the IEKF iterated equations to be
convergent to the state MAP

estimation for near zero-residual. The outputs of the ISUKF-PF have the higher estimation accuracy,
smoothing errors by

one-step prediction of states estimations. The results show that the ISUKF achieves the more overlap
regions of prediction

samples and peak zones of observation likelihood and increases the accuracy of state estimating in
nonlinear system.

Keywords: proposal distribution; minimal skew simplex sigma points; iterated unscented Kalman
filter; particle filter
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