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Abstract: The reasonable selection and optimization of nonlinear filter used in maneuvering target tracking is the key

to realize the identification model and the estimation of state. Combining with ensemble Kalman filter with observation

iterated update and interacting multiple models, a novel maneuvering target tracking algorithm based on ensemble Kalman

filter with observation iterated update is proposed. Firstly, according to the mechanism of iterated observation update, the

realization framework of ensemble Kalman filter with observation iterated update is constructed. And then, the improved

method is taken as model filter in interacting multiple models to identify and estimate the motion mode and target state.

Aiming to the balance between filtering precision and calculated amount in the combination of two algorithms, state es-

timation samples are designed to use in interactive input, and simultaneously the interactive processes of estimationerror

covariance matrix in interactive input and interactive output are simplified. The theoretical analysis and experimental results

show the feasibility and validity of the new algorithm.

Key words: maneuvering target tracking; nonlinear filter; ensemble Kalman filter; interacting multiple model

1 ÚÚÚóóó(Introduction)
8I�l´<�$^�«*ÿÚO�Ãã,¢y

ÌNé�'5$Ä�N�G�ï�!�O!�l�L

§.8I�l����#,��ÆEâ3�¯!¬^
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models, IMM)Jø
�«)ûXÚ�ª��¯K�

k��{. IMMæ^�./^��0Å�,3�.E

£ÚG��O°Ý�m?1²ï[4–6].IOIMM¥�

.ÈÅìÀ^k�ùÈÅ(Kalman filter, KF),�é�

5pdXÚU
���Ð��O°Ý.����OX

Úäkr��5!�pdA5�,Ù¤À^��5È

Åì5U��K��l°ÝÚ�{¢y�O�E,

Ý[7–8].

�Ä�KF3¢y4í��d�Oþ�`�5,

3KFµee(ÜÛÜ�5zEâ,ÄkJÑ
*Ðk

�ùÈÅ(extended Kalman filter, EKF)[9–10].éur

��5XÚ,du�\Ø��È\�A, EKF´�)

ÈÅuÑy�.(ÜUTC�Úê��©�Eâ<�

q�UJÑ
ÃIO�JacobianÝ
���5ÈÅ

�{,XÃ,k�ùÈÅì(unscented Kalman filter,

UKF)[11–12]!¥%�©ÈÅì(CDF)[13]!NÈÈÅ

(CKF)[14]�.da�{��Ó"�3u���OXÚ

äkr��5!�pdA5�,�{Âñ5:ìeü.

��XO�Å5U�J,,(ÜS0�AkÛ�ý�

{(SMC)Ú4í��dg��ï�âfÈÅì

(particle filter, PF)FÃÉ�<��2�'5. PFÓ�

æ^ýÿÚ�#ü�Ä�Ú½. ØÓuKF,ýÿÚ½

´|^S0­�5æ�Eâ,�#Ú½K´ÏL­æ

��{[15]. PFÈÅ°Ý`uEKFÚUKF�®k��

5ÈÅ�{,�PF¢yÅn¦�Ã{�ÑÙ�k�â

fòzÚâfõ�5$ò¯K.,	, PFÈÅ°Ý�

ûuXÚG���êÚâfê8,���{ëê"y

éA^é��Ê·5[16] .d	,(Ü4í��dÚ8

Üý�g�, Evensen�ÆöJÑ
8ÜKalmanÈ

Å(ensemble Kalman filter, EnKF)[17]. EnKFæ^SMC

�{)¤L�G�ÚOþ�Ð©��8Ü,¿éÐ©

��8Ü¥�z���A^XÚG�=£¼ê,?


ÏLO�G�=£���8Ü�þ�Ú���¢y

�c��G��O��¦)[18] .duEnKF¢y¥Ú

\êâÓzEâk�Uõ
þÿD(�Å5éÈÅ

°Ý�Ø|K�,3O�þ�¡`uPF.

Äu±þ©Û,ÏLIMMÚEnKFü«�{¢y

(��Ä�KÜ,�©�Ñ�«#�¢yõ�.XÚ

G��O?n�{. Äk,�?�ÚJ,IMM¥¤æ

^�.ÈÅì��O°Ý,3EnKFµee,(ÜS�

�#üÑ�ï
ÄuþÿS��#�8Ük�ùÈ

Åì(iterated ensemble Kalman filter, IEnKF).�e5,

òIEnKFA^uIMMµe,=±IEnKF��IMM��

.ÈÅì.3dÄ:þ,JÑ
�«ÄuþÿS�

�#�8Ük�ùÈÅ�ÅÄ8I�l�{(IMM-

IEnKF).©¥±;.ÅÄ8I$Ä�.�y
�{�

`�5.

2 þþþÿÿÿSSS������###EnKF(EnKF with observation
iterated update)

2.1 888ÜÜÜkkk���ùùùÈÈÈÅÅÅ(Ensemble Kalman filter)

½Âx̂k−1/k−1∈R
n×qÚx̂k/k−1∈R

n×q©O�k−1

��G��O��8Úk��G��Úýÿ��8.

nÚq©OL«��OXÚG��êÚ��8¥��

��ê:

x̂k−1/k−1

∆
=(x1

k−1/k−1,x
2
k−1/k−1, · · · ,xq

k−1/k−1
),

(1)

x̂k/k−1

∆
= (x1

k/k−1,x
2
k/k−1, · · · ,xq

k/k−1
), (2)

G��Úýÿþ�x̄k/k−1ÚG��ÚýÿØ��

��Ý
Pk/k−1dª(3)Úª(4)¼�:

x̄k/k−1 =
1

q

q
∑

i=1

x̂i
k/k−1

, (3)

Pk/k−1 =
1

q − 1
ẽxx

k/k−1(ẽ
xx
k/k−1)

T, (4)

Ù¥ẽxx
k/k−1

L«G��ÚýÿØ�:

ẽxx
k/k−1

∆
=(x̂1

k/k−1 − x̄k/k−1, x̂
2
k/k−1 − x̄k/k−1,

· · · , x̂q
k/k−1

− x̄k/k−1). (5)

�¢yÈÅOÃKk�O�,ÄkI�¦)G��

ÚýÿÚþÿØ����Ý
P
xz
k Úþÿí����

Ý
P
zz
k :

P
xz
k =

1

q − 1
ẽxx

k/k−1(ẽ
zz
k )T, (6)

P
zz
k =

1

q − 1
ẽzz

k (ẽzz
k )T, (7)

Ù¥ẽzz
k ∈ R

r×qL«þÿí��þ:

ẽzz
k

∆
= (z1

k − z̄k/k−1,z
2
k − z̄k/k−1,

· · · ,zq
k − z̄k/k−1), (8)

z
i
k = zk + v

i
k, (9)

z̄k/k−1 = h(x̄k/k−1), (10)

z
i
kL«N\6Ä(pdxD()�þÿêâ, v

i
kÑlþ

��",���σ
v,k(þÿDaì�°Ý)�pd©Ù.

ª(9)¥¤Nyg�=|^ênÚO�{ü$þÿê

â�Å5�êâÓz�{[19]. z
i
k�Ú\Ì��)û

þÿD(�Å5éÈÅ°Ý�Ø|K�. z̄k/k−1L«

þÿýÿ�, h(·)L«G��m�þÿ�m�N��

f.�e5,3Kk¦)�Ä:þ�âª(12)¼�k�

�^uG��O���x̂i
k/k :

Kk = P
xz
k (P zz

k )−1, (11)

x̂i
k/k = x̂i

k/k−1+Kk(z
i
k−h(x̂i

k/k−1)). (12)

�ª,(Üª(13)Úª(15)O�G��O�x̄k/kÚ
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G��OØ����Ý
Pk/k :

x̄k/k =
1

q

q
∑

i=1

x̂i
k/k, (13)

Pk/k =
1

q − 1
ẽxx

k/k(ẽ
xx
k/k)

T, (14)

ẽxx
k/k

∆
= (x̂1

k/k − x̄k/k, x̂
2
k/k − x̄k/k,

· · · , x̂q
k/k − x̄k/k), (15)

Ù¥ẽxx
k/kL«G��OØ�.

2.2 þþþÿÿÿSSS������###üüüÑÑÑ(The observation iterated

update strategy)

dEnKF�{¢yL§��,éu�c��XÚG

��O=|^
G�ï�&Ex̂i
k/k−1

.
x̂i
k/k��´

3x̂i
k/k−1

Ä:þ,(ÜKk±9�#þÿ&Ez
i
k¢y

�?�Ú`z. Ïd, x̂i
k/k3é��OXÚý¢G

�xk%C§Ý�`ux̂i
k/k−1

.w,,XJæ^x̂i
k/kO

�x̂i
k/k−1

?1þÿ�#Ã¦òU
UõEnKF�ÈÅ

°Ý.þÿS��#g��Ä�Ñu:,=òXÚ

�7G��Ox̂i
k/kO�x̂i

k/k−1
­#?1þÿ�#.

IEnKF¢yäNÚ½Xe:

Äk,(ÜEnKF�{¢yL§,ÏL¦)x̄k/k−1

ÚPk/k−1,¢yG��Úýÿ�!:

x̄k/k−1 =
1

q

q
∑

i=1

x̂i
k/k−1,L, (16)

Pk/k−1 =
1

q − 1
ẽxx

k/k−1,L(ẽxx
k/k−1,L)T, (17)

lL«þÿ�#¥1lgS�¢y, l = 1, 2, · · · , L.

LL«��S�gê. Ùg,|^S��#��ª¢y

G��O�`z. |^êâÓzEâé1lgþÿ�

#¥z
i
k,l?1æ�,¿�âª(10)O�z̄k/k−1 .

z
i
k,l = zk + v

i
k,l. (18)

�e5,3¦)P
xz
k,lÚP

zz
k,l�Ä:þO�1lgþ

ÿ�#�Kk,lÚx̂i
k/k,l:

P
xz
k,l =

1

q − 1
ẽxx

k/k−1(ẽ
zz
k,l)

T, (19)

P
zz
k,l =

1

q − 1
ẽzz

k,l(ẽ
zz
k,l)

T, (20)

Kk,l = P̂ xz
k,l(P̂

zz
k,l)

−1, (21)

x̂i
k/k,l = x̂i

k/k,l−1+Kk(z
i
k,l−h(x̂i

k/k,l−1)), (22)

�ª,(Üª(23)Úª(24)¢yx̄k/k,lÚPk/k,l�¦

):

x̄k/k,l =
1

q

q
∑

i=1

x̂i
k/k,l, (23)

Pk/k,l =
1

q − 1
ẽxx

k/k,l(ẽ
xx
k/k,l)

T, (24)

�E|^þÿ�#�ªUõÈÅ°Ý�Uå´k

��.3¢SA^¥,�Ä�{ÈÅ°ÝÚO�þ�

m�²ï,S�gêØA�õ,S�gêÏ~L�1

�2g[20].

3 ÄÄÄuuuþþþÿÿÿSSS���EnKF���ÅÅÅÄÄÄ888III���lll���{{{
(Maneuvering target tracking algorithm based
on EnKF with observation iterated update)
3IMM�{¢SA^¥,�.E£ÚG��O°

ÝJ,�'�3u�â��Oé�A:Ú5UÜn

ÀJ^u�.ÈÅì. �Ä�IEnKF�éuEnKFä

k�p�ÈÅ°Ý,ÏLIEnKF�IMMkÅ(Ü,±

¢yIMM5U�Uõ. 3dÄ:þ,�!JÑ
�«

ÄuþÿS��#8Ük�ùÈÅ��pªõ�.

�{.

3.1 ���pppªªªõõõ���...(Interacting multiple model)

�Ä±eäk�.���õ�.��5XÚ:

xk = f(xk−1, rk,uk−1), (25)

zk = h(xk, rk,vk), (26)

rk∼p(rk|rk−1), (27)

Ù¥: xkÚzk©OL«XÚG�CþÚþÿ�. uk

Úvk�÷vÕáÓ©ÙA5�XÚD(ÚþÿD(.

rkL«k��XÚ�.�G�. ½ÂD
∆
=

{

1, 2, · · · ,

d
}

�÷vlÑ�m!àg!k�G����Markov

ó��.G�8. µa
0 = Pr {r0 = a}L«�.G�Ð

©VÇ.�.G��k�=£VÇÚ=£VÇÝ


©O�πab =Pr {rk+1 =b| rk =a}ÚΠ =[π1 π2 · · ·

πd]
T, πa = [πa1 πa2 · · · πad], �

d
∑

b=1

πab = 1,

a, b, d ∈ D. IMM¢y�Ä�g�3u�±XÚ¥¤

k�.¿1ÈÅ,¿ÏLO��.VÇ�­é��.

ÈÅ�ÑÑ?1�OnÜ. IMM¢yÚ½Ì�©�Ñ

\�p!�.ÈÅ!�.VÇ�#ÚÑÑ�p4��

![4] .Ñ\�p�!¥I�O��.ýÿVÇ
↔

µ
a

k−1!

�.·ÜVÇ
↔

µ
a/b

k−1!��.��.·ÜG��O
↔

x
a

k−1/k−1±9·ÜG��OØ����
↔

P
a

k−1/k−1.

�.ÈÅ�!=éz��.¿1ÈÅ,3ù��!�

���.G��Ox̄a
k/k!G��OØ����Ý


P
a
k/k!þÿí�ẽzz,a

k ±9í����
P
zz,a
k .�

.VÇ�#�!Ì�´|^ẽzz,a
k ÚP

zz,a
k O��.8

¥z��.q,Ýℓa
kÚ�.VÇµa

k.ÑÑ�p�!K

´ÏL
↔

x
a

k/kÚ
↔

P
a

k/k¦)k��XÚG��O
↔

xk/kÚG

��OØ����

↔

P k/k.

3.2 ÄÄÄuuuþþþÿÿÿSSS������###EnKF���IMM ���{{{(Inter-

acting multiple model based on EnKF with ob-

servation iterated update)

�Ä�IMMµe¥�.ÈÅì�ÈÅ°Ý��
û½XÅÄ8I�l��J,òIEnKFÄ�Ú\IMM
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�{µe,¿òÙ��IMM��.ÈÅì=IMM-

IEnKF�{¢yg�. IMM-IEnKF¢yL§Xe: ®

�k − 1���.8¥��.VÇµa
k−1, Π9XÚG

��O��8
{

x̂i,a
k−1/k−1,L, i = 1, 2, · · · , q

}

.Äk,

|^µa
k−1ÚΠO�

↔

µ
b

k−1Ú
↔

µ
a/b

k−1,¿|^�.ÈÅì

ÑÑ�G��O��x̂i,a
k−1/k−1,LO�k − 1����

.�·ÜG��O���8
{

↔

x
i,a

k−1/k−1,L, i = 1, 2,

· · · , q
}

:

↔

µ
b

k−1 =
d

∑

a=1

πabµ
a
k−1, (28)

↔

µ
a/b

k−1 =
πabµ

a
k−1

↔

µ
b

k−1

, (29)

↔

x
i,a

k−1/k−1,L =
d
∑

b=1

x̂i,b
k−1/k−1,L

↔

µ
a/b

k−1. (30)

Ùg,3��.ÈÅäN¢y¥± IEnKF���.È

Åì.Äk(ÜL�XÚG�=£A5ª(25)�¤

é��G��Úýÿ��8{xi,a
k/k−1,L , i=1, 2, · · · ,

q}�æ�. ?
dª(16)−(23)O�k����.�

x̄a
k/k−1

, P
a
k/k−1

, P
xz,a
k , P

zz,a
k , K

a
k,L±9x̄a

k/kÚP
a
k/k.

�e5,�âª(31)−(32)¦) k����.�ℓa
kÚ

µa
k:

ℓa
k = (2π)−1/2|P zz,a

k,L |−1/2 ·

exp(−
1

2
(ẽzz,a

k,L )T(P zz,a
k,L )−1(ẽzz,a

k,L )), (31)

µa
k =

↔

µ
a

k−1ℓ
a
k

d
∑

b=1

↔

µ
b

k−1ℓ
b
k

. (32)

�ª,nÜ�.ÈÅ�!��x̄a
k/kO�

↔

xk/k:

↔

xk/k =
d

∑

a=1

x̄a
k/k,Lµa

k. (33)

�'DÚIMM¢y(�, IMM-IEnKF¥�O
�

.ÈÅì�XÚG��O��8O�Ú½,¿{z


Ñ\�p�!ÚÑÑ�p�!¥ÈÅØ����Ý


��pL§. XÚG��O��8O�Ì�´�Ä

�XÚG��O��¤%¹éuG�%C�&E7

,puÙþ�&E.Ïd3IEnKF�Ñ\�p�!�

�æ^XÚG��O��?1Ñ\�p7,`u|

^Ùþ���ª. 
éÑ\�p�!ÚÑÑ�p�!

¥ÈÅØ����Ý
��pL§{z,KÌ�´�

ÄIEnKF4í¢y¿ØI�G��O���Ý
��

�ë�,ù«?n�ª�k|uü$�{�O�þ.

4 ���ýýý(((JJJ���©©©ÛÛÛ(Simulation results and analy-
sis)
��y�{��15Úk�5,¢�¥æ^Äu

ü�IX�þÿêâ¢yÅÄ8I�l��ý|µ.

X�×£«�8I$ÄL§Xe: �*ÿ8I3

c10�æ�±Ï�=���Ý�+0.4 rad/s2�!�

�±$Ä;3111−25�æ�±ÏS�=���Ý

�−0.2 rad/s2�!��±$Ä,3���10�æ�±

ÏE�=���Ý�+0.4 rad/s2�!��±$Ä.Ù

¥,�ÒÚKÒL«!�=�$Ä���,/+0L«

_��,/−0L«^��. (ÜÅÄ8I$Ä�Äå

ÆA5ÚX�DaìÔnA5,�lXÚG��§Ú

þÿ�§Xe:

xk =











F1xk−1 + Γ u1,k−1, 1 6 k 6 10,

F2xk−1 + Γ u2,k−1, 11 < k 6 25,

F1xk−1 + Γ u1,k−1, 26 < k 6 35,

zk = [γk θk ]T + vk,

γk =
√

x2
k + y2

k,

θk = tan−1 yk

xk

,

xk =
[

xk ẋk yk ẏk

]T
,

Ù¥: xk, ẋk, ykÚẏk©OL«8IG�3Y²��Ú

ç���þ �©þÚ�Ý©þ.

F1 =

















1
sin(w1τ)

w1

0 −
1−cos(w1τ)

w1

0 cos(w1τ) 0 − sin(w1τ)

0 −
1−cos(w1τ)

w1

1
sin(w1τ)

w1

0 sin(w1τ) 0 cos(w1τ)

















,

F2 =



















1
sin(w2τ)

w2

0 −
1−cos(w2τ)

w2

0 cos(w2τ) 0 − sin(w2τ)

0 −
1−cos(w2τ)

w2

1
sin(w2τ)

w2

0 sin(w2τ) 0 cos(w2τ)



















�XÚG�=£Ý
. w1 =+0.4 rad/s2Úw2 = −0.2

rad/s2L«8I$Ä�=���Ý,æ�m�τ�0.5.

XÚL§D(u1,kÚu2,kæ^þ��",IO�©O

�0.2IÚ0.4I�pdxD(, I =

[

1 0

0 1

]

.þÿD(

vkæ^þ��",IO��

[

Rγ 0

0 Rθ

]

�pdxD(.

Ù¥»�å©þ�D(IO�Rγ�km,� �©

þ�D(IO�Rθ�0.1o. Γ =

[

τ 2/2 τ 0 0

0 0 τ 2/2 τ

]T

L«L§D(Ý
. Monte Carlo�ýÌ�gê�50.

�ýÚ��35. PF¥���ê�1000, EnKFÚIEnKF

¥���ê�500, IEnKF¢y¥��S�gê8L

�2.8IG�Ð��x0 =
[

5 0.5 4 0.3
]T

.�ý¢

�¥é'
IMM-EKF, IMM-UKF, IMM-EnKF, IMM-
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PFÚ IMM-IEnKF�5«�{,=©O±EKF, UKF,

EnKF, PFÚIEnKF��IMM��.ÈÅì.

ã1�Ñ
Äu�ý¢�|µ�½e8I�ý¢

$Ä;,Úþÿ&E.ã2−6±�.E£VÇ��

�.ÀJ�O(5�I,©O�ÑIMM-EKF, IMM-

UKF, IMM-PF, IMM-EnKFÚIMM-IEnKF�5«�{

ÈÅ¢y¥�.���¹.ã7Úã8�Ñ
50gÕá

¢�^�eG��O�þ��Ø�(root mean square

error, RMSE)'�.

ã 1 8I;,�þÿ

Fig. 1 Target trajectory and observation

Äk,dã2−6¥5«�{�.E£O(5þ��

IMM-EKF�O(5��,Ù�ÏÒ3uEKFÃ{J

øp°Ý�G�(J.Ùg, IMM-UKF`u IMM-

EKF,Ó�IMM-PFÚIMM-EnKF3�½§ÝþK`

uIMM-UKF, �±þ4«�{�Ó�"�´�.E£

O(5þ3ÈÅ¢yL§¥�3��ÅÄ.
IMM-

IEnKF�éÙ¦4«�{3�.E£O(5Ú­½5

�¡þ¼�
Uõ. ¯¤±�,3IMMµeeæ^°

Ý�Ð��.ÈÅìU
|±IMM¢yk�L��

c��G�üz�.�k�E£,
�.�O(E£

�L5ò|±fÈÅì3e���ÈÅ¢y¥¼�

Ð�G��O(J,ù«A5?�Ú�N3ã7Úã8.

�±wÑ3�{ÈÅ°Ý�¡,��{G��O°Ý

dÐ���g´IMM-IEnKF, IMM-PF, IMM-EnKF,

IMM-UKFÚIMM-EKF.

ã 2 IMM-EKF�.VÇ

Fig. 2 Model probability based on IMM-EKF

ã 3 IMM-EKF�.VÇ

Fig. 3 Model probability based on IMM-UKF

ã 4 IMM-EnKF�.VÇ

Fig. 4 Model probability based on IMM-EnKF

ã 5 IMM-PF�.VÇ

Fig. 5 Model probability based on IMM-PF

ã 6 IMM-IEnKF�.VÇ

Fig. 6 Model probability based on IMM-IEnKF
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ã 7 Y²�� �

Fig. 7 Position estimation in horizontal direction

ã 8 ç��� �

Fig. 8 Position estimation in vertical direction

��5¿�´: IMM-IEnKFÈÅ°Ý`uIMM-

PF,
 IMM-PF°Ý� IMM-EnKF��C,� IMM-

EnKF�{Ñ�=´IMM-PF�29. IMM-IEnKF�{

Ñ��éuIMM-EnKFO\
59%,,
,ÈÅ°Ý

Ó�J,
50%�m. ©ÛÙ�Ï3u: IEnKF¥Ï

LÚ\þÿS��#üÑ¢yéEnKF�ÈÅ�O°

Ý�?�ÚUõ. �Ä�âfê8�æ�.ÈÅ°Ý

äkCq��'�A5,d±þ�ý(J��: �3

âfê8�Ó^�e, IMM-EnKFÚIMM-IEnKF�È

Å°ÝÚ¢�57,òþ`uIMM-PF; IMM-IEnKF

ÈÅ°Ýò`uIMM-EnKF, ¢�5KguIMM-EnKF.

Ïd,3¢�5�¦�p|Ü,�±ÀJIMM-EnKF;


3ÈÅ°Ý`k�|Ü,�±ÀJIMM-IEnKF. �

?�Ú½þ©Û±þ5«�{ÈÅ°ÝÚ¢�5�¡

äN�É,L1�Ñ50gÕá�ý^�eRMSE�þ

�±9²þ$1�m'�,Ùêâ&EÓ��y
±

þ(J©Û.

duIEnKFæ^
�Å5æ�?n�ª,Ùæ�

âfê8ò��K�IMM-IEnKFÈÅ5U.��yæ

�âfê8é�{°ÝÚ¢�5�K�,L2¥½þ

�Ñ
âfê8©O�100, 200, 500, 1000±95000

^�eIMM-IEnKF�RMSEþ�±9²þ$1�m

�&E.lL2¥êâ��: �Xæ�âfê8O\

IMM-IEnKFÈÅ°Ýò��ÅìUõ,�¿ØÑlî

���5'X.�âfê8100O\500L§¥, IMM-

IEnKF°ÝUõ'�²w; 
�âfê8?�ÚO\

�,l500O\�5000L§¥,ÈÅ°ÝJ,�Jk

�.±þ(Ø�¢SA^¥o��{ÈÅ°ÝÚ¢�

5ü�ÈÅì'��Iëê,k�u�IMM-IEnKF5

UJø
�½ë�d�.

L 1 Äu50gÕá�ý^�eRMSEþ�±9²þ

$1�m'�

Table 1 The mean of RMSE and time-consuming

under 50 independent simulations

�{ Y²��/km ç���/km Ñ�/s

IMM-EKF 0.1525 0.2330 0.0040

IMM-UKF 0.1158 0.1782 0.0102

IMM-EnKF 0.0519 0.0784 0.2934

IMM-PF 0.0454 0.0693 1.0136

IMM-IEnKF 0.0231 0.0357 0.4651

L 2 âfê8ØÓ��eIMM-IEnKF�RMSEþ�

±9²þ$1�m'�

Table 2 The mean of RMSE and time-consuming in

condition of different particles numbers

âfê Y²��/km ç���/km Ñ�/s

100 0.2124 0.3486 0.1015

200 0.0827 1.0239 0.1923

500 0.0231 0.0357 0.4651

1000 0.0192 0.0224 0.9428

5000 0.0176 0.0208 4.6822

5 ooo((((Conclusions)
ÅÄ8I�l��´8I�l+�ïÄ�9:.

�éda¯K�?n,�©JÑ
�«ÄuþÿS�

�#EnKF�ÅÄ8I�l�{. Cc5JÑ�EnKF

�Ñ
)û��5XÚ�O¯K�«k�?n�{,

3EnKFµee,©¥ÏLþÿS��#�!�Ú\

?�ÚUõ
ÙÈÅ°Ý. IMM|^õ��XÚ�.

����ÈÅì¿1?n(J�nÜ,U
�Ð/?

nXÚ(�ÚëêØ(½½Cz¯K.#�{Ï

LIEnKFÚIMM�Ä�(Ü¢yÅÄ8I$Ä�ª

ÚG��k�E£Ú�O.�ý(J�y
�{k�
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