BB BTH
2013 4£7 A

Bk 5 & #

Electronics Optics & Control

Vol.20 No.7
July 2013

doi: 10. 3969/j. issn. 1671 —637X. 2013. 07. 023

ETREZNESERY RFRBIEKS

F #, FERE, FHe, 2K
(BEBFMATRET, R 300061)

B E: b TEZRAENMNTIE Jacobian 4EME KT R FRERBEAGB AL T AR, ABRATEFR
FREABN - FHRERFIBBE BRREIANERTRAFTRERE, FHT —HEFERTVEFTREERLY
o AR IR AL AT, BT B 69 B R AT RSB R H Jacobian #EFE, B R R E N, RHAGAER
A BRI T R ER T REFTREBERAPABFTREEL B TERTREFREER,

REEIR: B, 5 RRBE; B - FEk; BBk

RESEE: V271.4; TN911.72 XEEREEG: A XEH S 1671 - 637X(2013)07 - 0099 - 03

Derivative Free IEKF Based on Secant Method
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Abstract; It is always hard to derive Jacobian matrix of some kind of nonlinear measurement functions in
nonlinear filtering problems. Thus, the application of the iterated extended Kalman filter (IEKF) is much
limited. The TEKF is derived through the Gauss-Newton method in this paper, and a new filtering method
called derivative free extended Kalman filter ( DF-IEKF) is presented through introducing secant method
into TEKF. In the new method Jacobian matrix is substituted by the secant slope matrix, which makes it more
applicable. The results of digital simulations validate that the precision of DF-IEKF is better than EKF and
UKEF, and is slightly better than IEKF.
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MSE of different methods with 50 Monte Carlo runs
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