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Abstract: When facing the target tracking problem with high maneuver as well as large observation error, traditional low
order multiple-model fusion approach exposes the defects of degrading in estimating accuracy and robustness; high order
multiple-model fusion approach confronts the dilemma between the increasing calculating assumption and the insurance of
good real-time performance. To this end, we propose a multiple-model fusion scheme based on feeding back the historical
estimating results to the problem of tracking a class of multiple-step robust maneuvering targets. First, we accumulate and
feed back the historical estimating information, then, compute the likelihoods of the multiple-step model sequences through
combining the feedback information and the current observation, at last, obtain the Bayesian posterior fusion results. At
the meanwhile, a particle filter historical feedback multiple-model (PF–HFMM) is constructed for the real application. The
simulations show that, the proposed algorithm provides better results in fusion accuracy and robustness comparing to the
traditional particle filter multiple model algorithm.
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1 ÚÚÚóóó(Introduction)
38I�l!XÚiÿ!�æ�ä�Ãõ&EK

Ü+�,õ�.KÜ�{ (multiple-model methods,
MM)´�«A^2����dKÜ�{[1–2]. A^�
�dKÜ�{��I�Jøk��£!�.Ú*ÿ&

En���,�¢SA^¥�.&EØ(½¤���
KÜ°ÝJp���´¶[3]. õ�.KÜ�{�´�
é�.Ø(½5¤JÑ�,Äkò8IXÚï�¤Ä

uõ��.b��·ÜXÚ,,�?1¿1��dÈ
Å,���â�VÇ½né¿1ÈÅ(J?1KÜ[3].
nØþõ�.KÜ�{3�Ä��b�ä�ä��

`5;¢S¥�Ä�O�5����,Æö�JÑ

Ãõg`�{,;.�{�): 1)·�õ�.�{
(static MM, SMM)[4]; 2)2Â���d�{(general
pseudo Bayesian, GPB)[1, 5]; 3)�pªõ�.�{(in-
teractive MM, IMM)[6–7]; 4)C(�õ�.�{(varia-
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ble structure MM, VSMM)[8–9],�. �aõ�.�{
3ØÓ�¹e�ä`³,~X: SMMO�{B·^u
fÅÄ8I��
{ü�¹; GPB�Ä
$�ê��
Åb�e�VÇúª,Ï
·^u¥�ÅÄ8I��
l��O; IMM��O5U�CGPB2�O�5��
CGPB1,¤�'�p,·^��aquGPB�{;
VSMM·^upÅÄ8I½�5�k��.8�E
,�¹,ÏL3�E£k��.S�8����O�
5�ÚJpKÜ°Ý�8�[4–9]. �?�ÚJpõ�
.�{�5U,Æö��UJÑÃõU?�{,~X:
©z[10]�éE,��5�¹òâfÈÅ(particle
filter, PF)Ú\õ�.�O¿(ÜIMM�{�ï
PF–
IMM�{,Jp
õ�.KÜ�{3��5�¹e�
�O5U;©z[11]JÑ�«Äu·Üæ��õ�.
âfÈÅ�{,3Ä��±KÜ5U�Ó�ü$
O
�E,Ý;©z[12]JÑ�«3�E£ê��Å=£
VÇÝ
�g·A�pªõ�.�{,Jp
XÚ�
Âñ�Ý;©z[13]JÑ�«����"ªC(�õ
�.KÜ�{,|^3��"KÜ&EO��ck�
�.S�8,Jp
�{��O°ÝÚ°�5.

¦+Æö��éykõ�.KÜ�{�ØvJÑ

ÃõU?,��õêÑvk�ÄXÛk�|^{¤�
O&E5Jp�{5U.Ù�Ï´XJ��Ä|^{
¤�O&EK7L�Äp�ê��Åó,ò¦õ�.
�{¡�b�©||Ü�¿�(¸. Ïd�8Iâu
rÅÄ,½ö*ÿØ����,DÚ�{���U�
��c*ÿÚþ�±Ï��l(Jé8I�ªÚG

�?1�l�O,Ù�O°ÝÚ°�5ÑÉ����
�;XJ���Äõ��.S�KO�5�¥AÛ�
³O�. �d,�©Äk3Ün©Û8I¢S$Ä5
Æ�Ä:þJÑ�a/õÚ­è08I,¿éÙ?1
êÆ£ã;,��é/õÚ­è08IJÑ�«Äu
{¤�O&E�"�õ�.KÜµe (history
feedback MM, HFMM).ÄkéõÚ{¤�O&E?
13�È\Ú�",?
(Ü�c*ÿA^��dú
ª��¤k�U�õ�õ�.S��q,¼ê;��
3�VÇúªeKÜ���cG�����O(J.
Ó�,�©�(ÜâfÈÅì�O
´uó§¢y�
âfÈÅ{¤�"õ�.KÜ�{(PF–HFMM).�
�uDÚâfÈÅõ�.�{(PF–IMM),�ý¢�
3ü�ØÓ|µeØy�{�`³.

2 ¯̄̄KKK£££ããã(Problem formulation)
�ÄXe8IXÚ:

xk = fk−1,k(xk−1,m(k)) + vk(m(k)), (1)

Ù¥: xkÚm(k)©OL«XÚ3k���G��þÚ

k��ª(�.); fk−1,k(xk−1,m(k))L«XÚlk−1
�k��Äu�.m(k)�G�=£¼ê; vk(m(k))�

L�ï�L§D(,��b�vk(m(k))�pdxD
(. b��.m(k)��u��k���lÑ�.8Ω

= {m1,m2, · · · ,mr},=m(k) ∈ Ω. ��@�,3ü
��U��8IXÚ�k��.�±3áuΩ�ØÓ

�.m?1Ä���,Ïd�±ò��ï�¤ê��
ÅL§,XJ��VÇk�®�K?�ÚL«�

pi,j(k) = p{m(k) = mj|m(k − 1) = mi}. (2)

¢SA^¥,��VÇk�´��®��,
�õ
�¹e���é�$�A�Ø��?Ûk'��V

Ç�k��£,�©=�Ä�ö�¹.
�ÄXe*ÿ�.:

zk = gk(xk) + wk, (3)

Ù¥: zkL«k���*ÿ�þ, gk´T���*ÿ¼

ê, wk´"þ�pdxD(.
õ�.�O¯K�8IÒ´Äuk��£Ú\È

�k����Ü*ÿ�Zk = {z1, z2, · · · , zk}��8
IXÚG�����Ox̂k.

3 ���`̀̀ÚÚÚDDDÚÚÚggg`̀̀KKKÜÜÜ���{{{(Optimal and tra-
ditional suboptimal fusion methods)
�â¯K£ã,ò8IXÚL§ï�¤ê��Å

ó. 3k��^m(k)L«XÚk��.,@ol0�k

��,XÚ�k��.S��L«�Ml(k)=
{m(1), m(2), · · · ,m(k)},�ù���.S���3
rk«ØÓ�´». Ïd,�|^�VÇúª��XÚ
��`���O

x̂k =
rk∑
l=1

x̂l,kp{Ml(k)|Zk}, (4)

Ù¥: r´k��.êþ, x̂l,k´Äu�.S�Ml(k)
����O, p{Ml(k)|Zk}´T�.S����VÇ.
äN5`, x̂l,k �±d�.S���ÈÅìÈÅ��,
p{Ml(k)|Zk}�|^��dúª48��

p{Ml(k)|Zk} =
1
c
p{zk|Ml(k), Zk−1}p{m(k)|Ms(k − 1)} ·

p{Ms(k − 1)|Zk−1}, (5)

Ù¥c´8�z~ê.
ª(4)−(5)�Ñ
�éõ�.�O¯K��`K

Üµe. �3A^�`KÜµe�w,���3Xe
ü:(¸: 1)�`�{�¦�Ä��b�ä,¤±O
�5�ò��.Sa�êO\¥AÛ�êO�; 2)�
`�{�¦1?n*ÿêâ,ául�O��{,"
y¢�5. Ïd,¢S¥��Ø��A^�`µe?
1KÜ�O.�d,Ø�ÆöJÑ�«g`¢y�{.
²;�{�)GPB1�{!GPB2�{[1]!IMM�
{[6]�. GPB1�{��Ä��ê��Åó,Ïd3z
�KÜ±Ï�I�Ä���.S�,
ò�@��.
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S��Ü¿?n. ��uGPB1, GPB2�{K�Ä

��ê��ÅL§,Ï
3z�KÜ±ÏI�Ä��
�.b�©|. IMM�{äk�p�¤�',Ï�T
�{´�«��Cq�{,ÙO�5��CGPB1.

???ØØØ 1 ¦+3Nõ|µeA^²;�{(GPB,
IMM�)U
��Ø��KÜ�J,�Ù¥�õêÑ
ØU�Ñ/|Ü�¿0(J,¤±J±í2�p�/
ª. �3¡éE,¯K�(X8IpÅÄ½*ÿØ�
���),²~�3Xegñ: ��¡,�Jp°ÝI
��Ä�.S��p�/ª;�,��¡,p�/ª
�5�O�5�  ¥AÛ?êO�. Ïde��Ä
õ��.S�,Ò7L)ûO�5��¿�¯K.

4 {{{¤¤¤���"""õõõ���...KKKÜÜÜ���{{{ (History feed-
back multiple-model fusion approach)
�
3�Äp�õ�.S��Ó���O�5�,

�©JÑ�«Äu{¤&E�"�õ�.KÜ�{.
�dI�)ûü:¯K: 1)~��.S��|Üêþ;
2)¢��"Ú|^{¤�O&Eé�.S�VÇ?
1�O.Ïd,ÄkJÑ�a/õÚ­è0ÅÄ8I,
,��E�éTa8I��"ªKÜµe,��(Ü
âfÈÅì�Ñ´uó§¢y�PF–HFMM�{.

4.1 õõõÚÚÚ­­­èèèÅÅÅÄÄÄ888III(Multiple-step robust man-
euvering target)
¢S¥,ØÓ8I�ÅÄ�ªA�,ÅÄu)�m

ÚªÇÑ�Ø�Ó,ÏdJ±é¤kÅÄA5�ó±
-�.¦+Xd,�,�±lÜ6þ�âu)ÅÄ�
��ªÇòÅÄ8I©�üa. 1�a8IÅÄ�ª
éØ­½,Pkép�ÅÄ��ªÇ,=ª�UCÙ
ÅÄ�ª,òùa8I¡�/»´08I.~X,�a
qÙK$Ä�8I=áu/»´08I.�é/»
´08I?1KÜ�O,3nØÚó§þÑ4ä]Ô,
�©6Ø�Ä.1�a8I�,3ÅÄ�ªA�Úu
)ÅÄ��mþ�Ø�Ó,��5´Øª�UCg�
�ÅÄ�ª,�ó�,�u)�gÅÄ�ª���,�
�¬3�½�mS�±�c�ª,òùa8I¡�
/õÚ­è0ÅÄ8I.e¡ÏL½Â?�Ú�x�
a/HÚ­è0ÅÄ8I�êÆA5:

½½½ÂÂÂ 1 �Ä?¿H��UlÑ��S = {k −
H + 1, k−H + 2, · · · , k}, k∈N, M(H)´,��S

�éA��.S�, M(H)={m(k−H + 1),m(k−
H+2), · · · ,m(k)}. ^δ(m(t))∈{0, 1}, t∈SL��

.m(t)3t��´Äu)ÅÄ�ª��, δ(m(t))=1
L«u)ÅÄ�ª��, δ(m(t)) = 0L«�u)Å
Ä�ª��.XJ÷v^�1,¡M(H)´��/HÚ

­è0�.S�.

^̂̂��� 1

s.t. δ(m(t1)), δ(m(t2)) ∈ {0, 1},

if δ(m(t1)) = 1, then δ(m(t2)) = 0,

t1, t2 ∈ S,

t1 6= t2, (6)

½½½ÂÂÂ 2 �é¯K£ã¥�ÅÄ8I,�Ä?¿
H��UlÑ��S={k −H + 1, k −H + 2, · · · ,

k}, k ∈ N,Ù¤kH�õ�.S��L«�M =
{MH

l,k}, l = 1, 2, · · · , rH , rH�H��.S�oê.
é?¿MH

l,k ∈ M ,eØ´½Â 1¤5½�/HÚ­

è0õ�.S�,K p(MH
l,k) = 0,¿¡T8I�/H

Ú­è08I.

4.2 {{{¤¤¤���"""õõõ���...KKKÜÜÜµµµeee (History feedback
multiple-model fusion scheme)
�é½Â2¥JÑ�/HÚ­è0ÅÄ8I,éD

Úõ�.S�8?1Ün{z¿ÏL{¤�O&E

�È\Ú�"JÑ�«õ�.KÜµe.

�â½Â1Ú2òª(4)�XeU�:

x̂H
k =

N(H)∑
l=1

x̂H
l,kp{MH

l (k)|Zk}, (7)

N(H) = r[(H − 1)(r − 1) + 1], (8)

Ù¥: N(H)´¤k�U�HÚ­è�.S���ê,
x̂H

k ´Äu�CH±Ï&E8I3 k���G��

O, MH
l (k) = {ml(k −H + 1), · · · ,ml(k)}�L�

CH±Ï�­è�.S�, x̂H
l,k´Äu�.S�

MH
l (k)8I3k���G��O.�âª(8)��,�

�uHÚ��b�ä¥��.S�,­è�.S��
êþ���õ,=N(H) << rH .

w,��|^�§(7)�±�O1?nª�KÜ�
O�{. ¦+1?n�{nØþäk�p��O°Ý,
�´du�¦1?n*ÿ&Eü$
�{�¢�5.
�d,òé�§(7)?�Ú©ÛÚUE±¢yS0?n
�KÜ�O�{.

��BQã,ò/HÚ­è0ÅÄ8IKÜ�O

¯K­#�nXe: b�3k − 1��,�C�H−1
Ú{¤�O{x̂H

k−H+1, x̂
H
k−H+2, · · · , x̂H

k−1}Úk��
.8Ω = {m1,m2, · · · ,mr}®�,¯K�XÛ(Ü
�c*ÿzké8I��cG�?1�O.

�éþã¯Kòª(7)U�Xe:

x̂H
k ≈

N(H)∑
l=1

x̂H
l,kp{MH

l (k)|zk, x̂
H
k−H+1,

x̂H
k−H+2, · · · , x̂H

k−1}. (9)

|^��dúª�±òHÚ�.S����VÇ

O�Xe:

p{MH
k |Zk, x̂

H
k−H+1, x̂

H
k−H+2, · · · , x̂H

k−1} =

p{MH−1
l (k − 1),ml(k)|zk,

x̂H
k−H+1, x̂

H
k−H+2, · · · , x̂H

k−1} =
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1
c
p{zk|MH−1

l (k − 1),ml(k),

x̂H
k−H+1, x̂

H
k−H+2, · · · , x̂H

k−1} ·
p{MH−1

l (k − 1)|x̂H
k−H+1, x̂

H
k−H+2, · · · , x̂H

k−1} =
1
c
p{zk|ml(k), x̂H

k−1}p{x̂H
k−1|ml(k − 1), x̂H

k−2} ·
p{MH−2

l (k − 2)|x̂H
k−H+1, x̂

H
k−H+2, · · · , x̂H

k−2} =
...

1
c
p{zk|ml(k), x̂H

k−1}p{x̂H
k−1|ml(k − 1), x̂H

k−2} · · ·
p{x̂H

k−H+2|ml(k −H + 2), x̂H
k−H+1}, (10)

c´8�z~ê, p{zk|ml(k), x̂H
k−1}´�.�'q,

¼ê, p{x̂H
k−i|ml(k−1), x̂H

k−i−1}, i=1, · · · ,H−2�
Lü��U{¤��m��.��VÇ.

�ïHFMMKÜ�{µe(�ã1):

1) 3k���å©�ã,�"È\�CH − 1�
��G��O(J{x̂H

k−H+1, x̂
H
k−H+2, · · · , x̂H

k−1}Ú
�c���*ÿ�zk;

2) ,�ò±�CH±Ï�\È&E�"��.

S�VÇ�O�¬,¿�âª(10)O�¤k�U�­
è�.S��q,¼ê;

3) ?
ò�.S��VÇ�O(J�"�õ�
.�Oì¿�âª(9)���cG���O(J;

4) ��,3ÑÑ�cG��O(J�Ó�òÙ?
1�"��k + 1��#�\È&E.

ã 1 HFMMKÜ�Oµe

Fig. 1 Fusion framework of HFMM

4.3 âââfffÈÈÈÅÅÅ{{{¤¤¤���"""õõõ���...���{{{(PF–HFMM
algorithm)
nØþòÜ·�ÈÅìi\þãHFMMµeB�

�E´uó§¢y�HFMM�{. �©ÀJâfÈ
Åì(PF)��SiÈÅ�{´du§ä�±e`³:
1) PF·^u��5�pdXÚ[14],¤±·^¡�°;
2) PFÏLâf¦Ú/ª¼��O(J,�BL��·

Ü�O�/ª,¤±·Üu?nõ�.�O¥�.S
��b�©|�Ü¿[15]. ~X,�é/HÚ­è0Å

Ä8I�ïHFMM�{,I�z�KÜ�O±Ï�Ä
N(H) = r[(H − 1)(r − 1) + 1]«ØÓ��.S�,
¤±��ISiN(H)�¿1ÈÅì. duâfÈÅ
ì�±L�¤·Ü�O\�/ª,¤±�ISi��
ÈÅì=÷vI¦. äN5`,�ÏLâf©|éz
��.S�e���©Ù�ÑÕá�O,��ò¤k
�.S�e��O\�KÜ=�. PF–HFMM�{ä
N¢yXe:

k − 1��:

1) È\�CH − 1�±Ï�KÜ�O(J
{x̂H

k−H+1, x̂
H
k−H+2, · · · , x̂H

k−1}Ú�c*ÿzk;

2) �ÄN(H) = r[(H − 1)(r− 1) + 1]�ØÓ�
.S�{MH

l (k)}, l = 1, · · · , N(H),Ó�éz��
.S�©�n�âf,�n ·N(H)�âf;

3) (½k��ÈÅcn ·N(H)�âf�G�,X
J´Ð©±ÏK�âk�©Ùéâf?1æ�;XJ
Ø´Ð©±Ï,Klþ��KÜ±ÏU«âfG�
x̃i

l,k−1, i = 1, · · · , n, l = 1, · · · , N(H).

k��:

1) |^G�=£�§éz�âf�G�?1�
Úýÿ:

x̃i
l,k =

fk,k−1(x̃i
l,k−1, ml(k)) + vk(ml(k)), (11)

Ù¥ml(k)´�.S�MH
l (k)¥�����..

2) �â�§ (10)�±O�z�âf��­wi
l,k,

i = 1, · · · , n, l = 1, · · · , N(H):

wi
l,k ∝

p{zk|ml(k), x̃i
l,k}p{x̂H

k−1|ml(k − 1), x̂H
k−2} · · ·

p{x̂H
k−H+2|ml(k −H + 2), x̂H

k−H+1}, (12)

p{zk|ml(k), x̃i
l,k} = p{zk|x̃i

l,k}, (13)

p{x̂H
k−d|ml(k − 1), x̂H

k−d−1} =
p{x̂H

k−d|fk,k−1(x̂H
k−d−1,ml(k)) + vk(ml(k))}.

(14)

3) 8�zâf�­:

w̄i
l,k =

wi
l,k

N(H)∑
l=1

n∑
i=1

wi
l,k

. (15)

4) KÜ���cG��O(J:

x̂H
k =

N(H)∑
l=1

n∑
i=1

w̄i
l,k · x̃i

l,k. (16)

5) é�câf?1­�5­æ�[14]:

{x̂i
l,k} = resample{x̃i

l,k},
l = 1, · · · , N(H), i = 1, · · · , n, k = k + 1.
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???ØØØ 2 8cJÑ�HFMM�{�vk�ÄØÓ
|µ¥H�(�.S��ê)��O¯K.¢S¥�U
�3±e¯K:��¡,e��l8Iv
­è,·�
O�H�òk|uJpKÜ�J,�Ó���5��
�O�Kú;,��¡,e��l8Ij­è,L��
H��
�Uü$KÜ°�5. Ïd,�5ó���
éØÓ|µeHFMMKÜ�J!°�5ÚO�Kú�
�ï¯KïÄH��g·A`zÅ�.

5 ���ýýý©©©ÛÛÛ(Simulation analysis)
�ý©Ûò�©JÑPF–HFMM�{�PF–

IMM[7, 10]�{A^uü�ØÓ­èÅÄ8I�l|

µ,?1500g�Akâ�ýé',ü�{âfêþ
�1600, PF–HFMM¥H��5. �Ä�l��(k�
�IXe�pÅÄ�18I,Ù$Ä�§Xe:

x(k) = F · x(k − 1) + D · a(k), (17)

Ù¥: x(k) = [xp(k) xv(k) yp(k) yv(k)]TL«k�

�8IG��þ,�©þ�g�8I3x�y�I¶þ

� ���Ý©þ; a(k) = [ax(k) ay(k)]T�k��

Ñ\\�Ý�.¥þ,Ù¥©þL«x�y�I¶þ�

\�Ý©þ, a(k) ∈ Ω. k��.8Ω�)±e21�
�.,��.^���þL«,�©þ©OL«÷x�

y¶���\�Ý©þ(m/s2):

m1 = [0 0]T, m2,3 = [0 ±10]T,

m4,5 =[±10 0]T, m6−9 = [±10 ± 10]T,

m10,11 = [0 ± 20]T, m12,13 = [±20 0]T,

m14−17 = [±20 ± 20]T,

m18,19 = [0 ± 40]T, m20,21 = [±40 0]T.

F�D�Xe½~Ý
:

F =




1 1 0 0
0 1 0 0
0 0 1 1
0 0 0 1


 , D =




1 0
0.5 0
0 1
0 0.5


 ,

Ù¥T = 1 s�XÚæ�±Ï.

XÚ*ÿ�§Xe:

Z(k) = Y (k) + W (k), (18)

Ù¥: Y (k) = [xo
p(k) yo

p(k)]T´Daì3k��é8

I ��*ÿ, W (k) = [wx(k) wy(k)]T�*ÿØ�
�þ,�©þ�pÕá��Ñl���Ý
�R�"

þ�pd�ÅL§.

5.1 |||µµµ 1(Scenario 1)
�Ä�­èpÅÄ8I,Ð©G��þ�

x(1) = [104 m 150m/s 104 m 250 m/s]T,

ëY�1150 s,æ�±Ï�1 s,Ùmu)3gÅÄ:
11gu)u131�180 s��fÅÄ,\�Ýa(k)
= [10 m/s2 − 10m/s2];12gu)u181�1119 s,
\�Ýa(k) = [−30m/s2 30m/s2]T �rÅÄ;13
g��rÅÄ,u)u1120 s�1150 s,\�Ýa(k)
= [20 m/s2 20m/s2]T,Ù{�m�!���$Ä,Å
Ä�����131 s, 81 sÚ120 s. 8I;,Xã2¤
«,\�Ýýé�CzXã3¤«.

ã 2 8Iý¢;,ã

Fig. 2 Target real trace

ã 3 8I\�Ýýé�

Fig. 3 The absolute value of the acceleration

|µ1¥Ì��	8IÅÄ�ª��é�{5U
�K�,�d�½��*ÿØ�: R = diag{252 m2,

252 m2},�� ��lØ�ýé�Xã4¤«,�Ý
�lØ�ýé�Xã5¤«.

ã 4  ��lØ�ýé�'�
Fig. 4 Comparison of the absolute values of position

estimating error
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ã 5 �Ý�lØ�ýé�'�
Fig. 5 Comparison of the absolute values of speed

estimating error

éìã4Úã3��,�8I?u!���$Ä(0 s
∼30 s)½öÅÄ�f�(31 s∼80 s),�©JÑ�PF–
HFMM�{ÚPF–IMM�{3 ��l°Ýþ�C,
PF–HFMM�{Ñk`³;�8I?u�r(120 s∼
150 s)ÚrÅÄ�(81 s ∼119 s), PF–HFMM�{� 
��l°Ý²wpuPF–IMM�{,�ÅÄ�r`³
�²w. ã5L²,�8I?u!���$Ä�,ü�
{��Ý�lØ��C,�8Iu)ÅÄ�PF–
HFMM�{��Ý�lØ��uPF–IMM�{,�Å
Ä�rPF–HFMM�`³�²w.

?�Ú©Û¢�(J: 1)�©�Ä�õ�­èÅ
Ä8I,ÅÄ�ªäk�½�{¤òY5. DÚPF–
IMM�{vk�Ä\ÈÚ|^{¤�O&E,=��
�c(��)�O&E�ä���.�VÇ.�c�O
&E�U�N8I�cG���O(J,ØU�N8
I�{¤�ªCz&E.¤±�8I?urÅÄ�ª
�,É��{���O°Ý���,DÚPF–IMM�
{éJÄu���O&Eé8I�ý¢�ª�ÑO

(�ä,l
�O5Ueü. �©JÑ�PF–HFMM
�{,¿©|^
{¤�O&E5©Û8IÅÄ�ª
�Cz5Æ,Jp
é8Iý¢�ª��OUå,l

J,
�{�KÜ�O5U. 2) PF–HFMM�{�
Ø%´ÏL{¤&E�"5Jpé8Iý¢�ª�

�OUå,du$Ä�ª��K�8Ip�$ÄA5
(�Ý!\�Ý),¤±�{3Jp�Ý�O°Ý�¡�
`³�\²w(é'ã4Úã5).

5.2 |||µµµ 2(Scenario 2)
�|µ¥��l8I$ÄA5�|µ1¥�Ó,Ø

Ó:3u)ö?�Ú�	�*ÿØ�é�{5U�

K�.�d�½��*ÿØ�: R = diag{1502 m2,

1502 m2},ÙIO����|µ1¥IO��6�,�
®��¿�L8I��\�Ý�êþ?. ¢��� 
��lØ�ýé�Xã6¤«,�Ý�lØ�ýé�
Xã7¤«. ã6L²Ø+8I´Äu)ÅÄ, PF–
HFMM�{� ��O°ÝÑ²w`uPF–IMM�

{. ã7`²8IÅÄ�f�,ü�{�Ý�OØ��
C,�8IÅÄCr�, PF–HFMM�{`³C²w.
?�Ú©Û¢�(J: 1)|µ2¥,du*ÿD(Y²
��¿�L8I\�Ý�ê?,��8Iý¢�ª�
ìvu�D(�µ¥,ÃØÛ«�{Ñ�Jé8I�
ý¢�ª�ÑO(�ä,¤±��u|µ1¥�(J
PF–HFMM3�Ý�O�¡�`³���fz. ¦+
Xd,�8Iu)rÅÄ�, PF–HFMM�{3�Ý�
O°Ý�¡�,�±²w`³. 2)�,|µ2¥éJ
é8I�ý¢�ª?1O(�ä, PF–HFMM�{�
,�±ÏL�"{¤�O&E5©Û8I��«�

ªS�3 ��O�¡��þ,ép�þ��ªS�
D��p�q,VÇ,JpPF–HFMM�{é�D(
�-|Uå,Ïdd|µ¥T�{� ��O°Ý3
�õê��ÑpuDÚPF–IMM�{.

ã 6  ��lØ�ýé�'�
Fig. 6 Comparison of the absolute values of position

estimating error

ã 7 �Ý�lØ�ýé�'�
Fig. 7 Comparison of the absolute values of speed

estimating error

nÜü�|µ�¢�©Û(J: PF–HFMM�{
'DÚPF–IMM�{�·^uE,�¸e�­èpÅ
Ä8I�l¯K,ÃØ´8I?urÅÄ�ª�´*
ÿØ�����¹, PF–HFMM�{ÑLyÑ�p�
�O°ÝÚ�r�°�5. Ó�lL1��,du|^

õÚ{¤&E,�¢�¥�5�PF–HFMM�{3
¼��p�l°Ý�Ó�ò'DÚ$�õ�.�{

(PF–IMM)Ñ¤���O�þ.
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L 1 ü�{�é$1�m
Table 1 Relative computing time of two algorithms

�{ PF–IMM PF–HFMM

�é$1�m 1 1.861

6 (((ØØØ(Conclusions)
DÚ$�õ�.KÜ�{vk�Ä\ÈÚ�"|

^{¤�O&E,Ï
3¡é8IrÅÄÚ�*ÿØ
���3�O°ÝeüÚ°�5Øv�¯K.�d,
�©JÑõ�­èÅÄ8I�Vg,ÏL�ïõÚ{
¤&E�"õ�.KÜ�O�{(HFMM)k�)û

{¤�O&E��"|^¯K,l
J,é�cÅÄ
�ª��O°Ý,?�Ú3HFMMµeeJÑPF–
HFMM�{)ûT�{�ó§A^¯K.�ýL²:
�DÚPF–IMM�{�', PF–HFMM�{KÜ�O
°Ý�p!°�5�r.
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