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Distributed fusion with out-of-sequence estimates based on
Gaussian mixture probability hypothesis density

KONG Yun-bo†, FENG Xin-xi, QIAO Xiang-dong, LIU Zhao
(College of Information and Navigation, Air Force Engineering University, Xi’an Shaanxi 710077, China)

Abstract: To deal with the problem of distributed fusion of out-of-sequence estimates based on multi-target filtering
with random finite sets, we propose a distributed fusion algorithm of out-of-sequence estimates based on Gaussian mixture
probability hypothesis density. In the frame of Gaussian mixture probability hypothesis density, we present a newest avail-
able local estimate discrimination mechanism for the out-of-sequence estimates problem based on the recursive filtering of
probability hypothesis density. Then, the intensity of the probability hypothesis density acquired through the newest avail-
able local estimate discrimination mechanism is fused by using the generalized covariance intersection fusion algorithm.
If the number of components in the mixture distribution grows exponentially when data are fused, a multistep Gaussian
mixture component pruning algorithm is proposed under the premise of minimal information loss. Finally, the availabil-
ity and feasibility of the distributed fusion algorithm of out-of-sequence estimates based on Gaussian mixture probability
hypothesis density are illustrated in simulations.

Key words: Gaussian mixture probability; distributed fusion; covariance intersection; mixture component pruning;
out-of-sequence estimates (OOSE)

1 ÚÚÚóóó(Introduction)
õDaì�OKÜ(multisensor estimates fusion,

MEF),�¡©ÙªKÜ(distributed fusion, DF),´�
é8IG��O&E�KÜ,´DÚ�OnØ�&E
KÜnØ�kÅ(Ü.�XDaì�äEâÚA^�
uÐ,��©ÙªKÜÅì¤�Ì6KÜ(�. 3�
�©ÙªKÜ¥,&E�DÂÚ?n±��©Ù��
ª?1,�!:|^�/þÿ¼�8IG��ÛÜ�
O,U�Ù¦!:?1�p,|^KÜ�{¼��
Û8IG��O.�8¥ªKÜ�',�,�OKÜ
�5U3,
|Üe�U¬Ñ$�
,�ÙéXÚ]

�¦�$!��5Ú*Ð5�Ð,Ï3��+�
u�X��^[1–2]. 3��©ÙªDaì�ä¥,d
u�!:êâý?n�mØÓ±9É�äõaDÑ

Å��Ï��K�,¦�&E3DÑL§¥Ñyò´
y�,ù«ò´�U´áò´,��U´�Ú½õ
Úò´. ÃØÛ«ò´Ñò��&EØUU�~�S
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�Ú]Ô[3–4].

�âKÜµe�ØÓ.ÃS&Eq�©�8¥ª
KÜe�ÃSþÿ(out-of-sequence measurements,
OOSM)Ú©ÙªKÜe�ÃS�O[3](out-of-seque-
nce estimates, OOSE).�é8¥ªKÜe�OOSM
¯K,NõÆö?1ïÄ.©z[5]�éü�Daì�
�Úò´8I�lXÚ,�Ñ
�`ÃSþÿ�#A1
�{,¿?Ø
ØÓlÑzeA1�{��`5¯K.
©z[6]�éõDaì�ÚÃSþÿXÚ,æ^D()
�'Eâ)û
�`4í�#�O¯K.d	,�7
Ó/ÉÚæ�eõDaì&EKÜ¥�OOSM¯K±
9ü�ÃSþÿõÚò´��O¯K,ïÄ<
JÑ

Ãõ�{[7–9]. �8¥ªµe�',©Ùª�Oµe
3nÜ�O5UÚ¢�5þäk²w�`³. Ïd©
z[10]3©Ùª�OµeeJÑ
ÃS�O(OOSE)
Vg,3dÄ:þ,©z[11]±õDaìÓÚæ���
k?¿�Åò´��ä�lXÚ�é�,ïÄÃS�
O&EXÚ��`©ÙªKÜ¯K,¿ïá�«#.
�Ï^�`OOSEKÜ�{. ,,ù
ïÄþ´éD
ÚBayes�Oµeeü8IG��ÈÅ!8¥ªþÿ
KÜ±9©Ùª�OKÜL§¥OOSI¯K�&?,
¿��9Äu�Å8ÈÅEâ�õ8IG�9�O

L§¥Ñy�OOSI¯K.©z[12]ÄgïÄ
õ8
IPHDÈÅL§¥OOSM�?n¯K,ù�´���
�3õ8I�Å8ÈÅµe?ØOOSI¯K�©Ù.
duOOSM��´éAu8¥ªþÿKÜ�Vg,Ï
d,õ8I�Å8ÈÅµe��©Ùªõ8IG��
OKÜ¥�OOSE¯KïÄE,?u�x.

�©épd·ÜVÇb��Ý��©ÙªÃS�

OKÜ¯K?1
ïÄ.3pd·ÜVÇb��ÝÈ
Åì�µee,ÄuVÇb��Ý(probability hypo-
thesis density, PHD)4íÈÅ�A5,ïá
·^u
õ8I�Å8G�·ÜÃS�O��#�|^�O

(newest available local estimate, NALE)�OÅ�,,
�|^*Ð������{¢yé²LNALE�OÅ
�¼��ÃSPHDrÝ�O�KÜ,�éKÜL§¥
pd©þ¯�O��¯K,3�y&E����z�
cJe,éKÜL§�ØÓ�!¢�©þà}ö�,
�Ñ
�«õ?©�©þà}�{. �ý¢��y

©¥¤J��{�k�5Ú�15.

2 ¯̄̄KKK£££ããã(Problem description)
2.1 ÄÄÄuuu���ÅÅÅkkk���888���õõõ888III���lll(Multi-target

filtering with random finite sets)
R. Mahler3:L§Ú�Å8nØ�Ä:þïá


�Åk�ÚOþ�{(finite set statistics, FISST),¿l
8��O��ÝÑuïÄõ8I�l¯K,©Oòõ
8IG�ÚþÿÀ��Åk�8Ü(random finite set,

RFS)�8�(set-valued, SV)G�Ú8�þÿ,Äuk
�8C��Vg,3½Â
FISSTÚ2ÂFISST�8
ÜÈ©Ú�ê�,í���RFSµee�õ8I�`
��dÈÅì. Ù4íúªXe:

1) ýÿÚ:

fk|k−1(Xk|Z1:k−1) =w
fk|k−1(Xk|Xk−1)fk−1|k−1(Xk−1|Z1:k−1)δXk−1. (1)

2) �#Ú:

fk|k−1(Xk|Z1:k) =
fk(Zk|Xk)fk|k−1(Xk|Z1:k−1)

fk(Zk|Xk)fk|k−1(Xk|Z1:k−1)δXk

, (2)

Ù¥: fk|k−1(Xk|Xk−1)L«õ8IG�8Ü�=£
VÇ�Ý, fk(Zk|Xk)L«ÿþ8Ü�q,¼ê,
fk|k−1(Xk|Z1:k−1)L«õ8IG�8Ü��mýÿ
VÇ�Ý, fk|k(Xk|Z1:k)L«õ8IG�8Ü���
VÇ�Ý.

duþãRFSµee�õ8I�`��dÈÅì
�O�E,Ý�X8I�ê�Oõ×�O�,�3
�õê¢SA^¥´O�Ø�1�. �d, R. Mahler
JÑ
PHDÈÅì, PHD´õ8I��VÇ�Ý��
�ÚOÝ,Ù3ü8IG��m�½«��È©�=
�T«�S8Iê8�Ï"�,lòõ8IG��
mþ�õ8I��VÇ�ÝN��ü8IG��m

þ��«Cq/Ôn0�Ý(rÝ).

b�k − 1��,8I�PHD�Dk−1(x),õ8I
G�üzª�f(Xk|Xk−1),Kk

1) ýÿÚ:

Dk|k−1(x) =

γk(x) +
w

ϕ(xk|xk−1)Dk−1(xk−1)dxk−1, (3)

ϕ(xk|xk−1) =

b(xk|xk−1) + Ps(xk−1)f(xk|xk−1), (4)

Ù¥: γk(x)L«#)�8I, b(xk|xk−1)L«�´Î
)8I, Ps(xk−1)´8I�)�VÇ,§L«
8I
�k�&E.

2) PHD�#Ú:

Dk(x) =

(1− PD(x))Dk|k−1(x) +
∑

zk∈Zk

PD(x)ρ(zk|x)

λkck(zk) +
w

PD(x)ρ(zk|x)Dk|k−1(x)dx
,

(5)

Ù¥: λk´Ï"�,Å�ê, ck(zk)´��,Å:�
Ý, PD(x)´8IuÿVÇ.

PHD´8I�ê3G��m�©Ù,§�´�¹
8IG�&E,ØU��Jø8I�G�. 8c
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PHD�¢y�{Ì�kÄuS0�AkÛ�âf
PHDÚÄupdÚ�pd·ÜPHD.�©Ì�ïÄp
d·ÜPHDµee�ÃS�OKÜ¯K.

2.2 ¯̄̄KKK£££ããã(Problem description)
3��©ÙªDaì�ä¥,�!:3��kS

þÿ�,k3�/?1ÈÅ?n,¼�8IG��Û
Ü�O,,�òÙDx�Ù¦!:,U|^KÜ�
{,d�/ÛÜ�OÚ¤�Â�Ù¦!:�8IG�
ÛÜ�O¼�(Cq)�Û8IG��O.É�äêâ
DÑØ(½�K�,Daì�ä�DÑ´�Å�,¿
�U�)Ø�ý��ò´,ù«ò´�U´áò
´!�Úò´ÚõÚò´��Å�OÑy,Ïd=B
´ÓÚæ�e�Daì�ä��©ÙªKÜXÚ¥

�ÛÜ�O&E����!:��  ¥yÃS�

G�,�k�½�^S��Å�Ï,ã1�Ñ
��©
ÙªKÜ¥·ÜOOSE«¿ã.

ã 1 DaìXÚÃS�O

Fig. 1 Out-of-sequence estimates of sensor system

éu?�!:ó,duPHDÈÅì�4íO�
A5,#¼��ÛÜ�Oo´�¹T!:kc¤k�
ÛÜ�O&E[3],Ïdéu·ÜOOSEKÜ¯Kó,
3�OKÜ�c,ÄkI��éz�ë�KÜ���
!:�ä=��ÛÜ�O´Ù�#�|^�(NALE
�O),�dI�ïá�A�NALE�O�OÅ�,ù
´Daì�ä¥¢yõ8I�Å8G�·ÜÃS�

OKÜ�cJ.Ïd,I�ïÄ·^uõ8I�Å8
G�·ÜÃS�OKÜ��1k��NALE�OÅ
�,U3dÄ:þïÄdNALE�OÅ��½��
!:NALE�OKÜ¯K.

3 pppddd···ÜÜÜVVVÇÇÇbbb������ÝÝÝÃÃÃSSS���OOOKKKÜÜÜ���{{{
(Out-of-sequence estimates based on gaus-
sian mixture probability hypothesis density)

3.1 pppddd···ÜÜÜVVVÇÇÇ���ÝÝÝÈÈÈÅÅÅ(Gaussian mixture
probability hypothesis density)
pd·ÜVÇb��ÝÈÅ´PHDÈÅ��«¢

y/ª,ÏL����pd©þ5Cq8IrÝ¼ê,
§b�|µ¥�z��8IÑÑl�5·Üpd�

.. pd·ÜVÇ�ÝÈÅì�4íÌ�©�ýÿÚ
�#ü�Ú½:

1) PHDýÿ:

Dk|k−1(x) =

γk(x) + Ds,k|k−1(x) =
Jr,k∑
l=1

ω
(l)
γ,kN(m(l)

γ,k, P
(l)
γ,k) +

Ps

Jk−1∑
l=1

ω
(l)
k−1N(m(l)

s,k|k−1, P
(l)

s,k|k−1), (6)

Ù¥: {ω(l)
γ,k,m

(l)
γ,k, P

(l)
γ,k}Jr,k

l=1L«#)8I8�rÝ

¼ê, {ω(l)
k−1,m

(l)

s,k|k−1, P
(l)

s,k|k−1}Jr,k

l=1L«�¹8I8

�rÝ¼ê,z�pd©þ�ýÿþ�m
(l)
k|k−1Ú��

�P
(l)

k|k−1�ÏLk�ùÈÅ?1O�:

m
(l)
s,k|k−1 = F (k, k − 1)m(l)

s,k−1, (7)

P
(l)

s,k|k−1 =

Q(k, k−1)+F (k, k−1)P (l)

s,k|k−1F
T(k, k−1). (8)

2) PHD�#:

Dk(x) = (1− Pd)Dk|k−1(x) +

∑
z∈Zk

Jk|k−1∑
l=1

ω
(l)
k N(m(l)

k , P
(l)
k ), (9)

Ù¥pd©þ���!þ�Ú����O�Xe:

ω
(l)
k =

Pdω
(l)

k|k−1N(ẑ(l)

k|k−1, S
(l)

k|k−1)

κk(z) + Pd

Jk|k−1∑
l′=1

ω
(l′)
k|k−1N(ẑ(l′)

k|k−1, S
(l′)
k|k−1)

,

m
(l)
k = m

(l)

k|k−1 + K
(l)
k (z − ẑ

(l)

k|k−1),

P
(l)
k = [I −K

(l)
k H]P (l)

k|k−1,

ẑ
(l)

k|k−1 = Hm
(l)

k|k−1,

K
(l)
k = P

(l)

k|k−1H
T[S(l)

k|k−1]
−1,

S
(l)

k|k−1 = HP
(l)

k|k−1H
T + R.

3.2 ���###���|||^̂̂���OOO���OOOÅÅÅ���(Newest available
local estimate)
3DÚü8IG�·ÜOOSEKÜ�ïÄ¥,k

'�#�|^�O(NALE)��OÅ��3ü«�Y,
=�N�YÚ4í�Y[3, 11]. 3ü8IG�OOSE�
OKÜ¥,Ñlpd©Ù�8IG��O�=dþ�
Ú��L«,��{ü,æ^��ê|Cþ�;�ª
��NNALE�OÅ�Ø�3���¯K.,,éu
dê8¯õ�·Üpd©þ�¤�õ8I�Å8

PHDrÝ�O�KÜ¯Kó, NALE�OÅ���
N�YÄ�Ø�1,AO´ÄuDaì�ä���©
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ÙªKÜ,Ù!:O�!�;]��Ò�©É�,�
	�;ê8¯õ�Ø½�pd©þ´Øy¢�,ù¦
�DÚü8I·ÜOOSE�OKÜ¥Äu�mZÚ�
��NALEÅ�A�Ø2�1. Ïd,�©æ^Äu4
í�Yïáõ8I�Å8G��O�NALE�OÅ
�.�OÅ�Xe:

1111ÚÚÚ -Cþϑ(k)L«�#�|^�O���
mZ, MiL«(k − 1, k]KÜ±ÏSDaìi�ÃS�

O�ê. b����(k − 1)��,KÜ!:¼���
#�|^�ÛÜ�O��Dκ|κ(x),Kkϑ(k) = κ,
Mi = 0;KÜ!:3(k − 1)���PHDrÝ�O�
ÏLé�N!:'uõ8I�Å8G���£KÜ

�O5¼�[13],l|^ª(6)¼�KÜ!:��Ú
ýÿDk|k−1(x),-D0

k|k(x) = Dk|k−1(x);

1112ÚÚÚ �Daìi���ÃS�ODa|a(x)��
KÜ!:�,Ù¥a < k − 1,kMi = Mi + 1;

1113ÚÚÚ ea > κ,Kϑ(k) = a,�k

DMi

k|ϑ(k)(x) = γk(x) + DMi

s,k|ϑ(k)(x) =
Jr,k∑
l=1

ω
(l)
γ,kN(m(l)

γ,k, P
(l)
γ,k) +

Ps

Jϑ(k)∑
l=1

ω
(l)

ϑ(k)N(m(l)

s,k|ϑ(k), P
(l)

s,k|ϑ(k)), (10)

Ù¥:

m
(l)

s,k|ϑ(k) = F (k, ϑ(k))m(l)

s,ϑ(k), (11)

P
(l)

s,k|ϑ(k) = Q(k, ϑ(k)) +

F (k, ϑ(k))P (l)

s,k|ϑ(k)F
T(k, ϑ(k)), (12)

ÄK,¿ïP{�ODa|a(x),�k

DMi

k|k(x) = DMi−1
k|k (x). (13)

ÚÚÚ½½½ 4 EÚ½2ÚÚ½3,��KÜ!:¼�
Daìi�¤kÃS�O,PMN = Mi.

ÚÚÚ½½½ 5 l��Daìi�`OOSE�O�

Di
k|k(x) = DMN

k|k (x). (14)

±þ=�üDaì�`OOSE�{,3©ÙªD
aì�ä¥,�KÜ!:�'��!:�¤NALE�
O�,�k���5�,=�|^*Ð�����KÜ
(generalized covariance intersection, GCI)�{,�¤é
NALEýÿ�O��KÜ.

3.3 ***ÐÐÐ���������������(GCI)KKKÜÜÜ���(Generalized
covariance intersection fusion)
�Ä!:iÚ!:j,ÙÑÑ�õ8I�mýÿV

Ç�Ý©O�fiÚfj ,Ù©ÙÑlÕáÓÙqL§,K




fi(X) = n! · pi(n)
∏

x∈X

si(x),

fj(X) = n! · pj(n)
∏

x∈X

sj(x),
(15)

KÄuGCI�{KÜ�O�õ8I�mýÿVÇ©Ù
Xe[14]:

fω(X) =
fi(X)(1−ω)fj(X)ω

r
fi(X ′)(1−ω)fj(X ′)ωδX ′ , (16)

Ù¥ω ∈ [0, 1]û½
ü�VÇ�Ý�é�.

Ï�fiÚfj©ÙÑlÕáÓÚqL§,� fω(X)
�ÑlÕáÓÚqL§,k

fω(X) = n! · pω(n)
∏

x∈X

sω(x), (17)

Ù¥:

sω(x) =
s
(1−ω)
i (x)sω

j (x)w
s
(1−ω)
i (y)sω

j (y)dy
, (18)

pω(n) =

p
(1−ω)
i (n)pω

j (n)(
w

s
(1−ω)
i (x)sω

j (x)dx)n

∞∑
m=0

p
(1−ω)
i (m)pω

j (m)(
w

s
(1−ω)
i (y)sω

j (y)dy)m

.

(19)

�!:æ^pd·ÜVÇb��ÝÈÅì�,!
:iÚ!:j�ÛÜ ��Ý�O�

si(x) =
Ni∑

a=1

wa
i N(x;ma

i , P
a
i ), (20)

sj(x) =
Nj∑
b=1

wb
jN(x; mb

j, P
b
j ). (21)

òª(20)–(21)�\(18),�

sω(x) =

(
Ni∑

a=1

wa
i N(x; ma

i , P
a
i ))(1−ω)(

Nj∑
b=1

wb
jN(x; mb

j, P
b
j ))ω/

w
[(

Ni∑
a=1

wa
i N(y;ma

i , P
a
i ))(1−ω) ×

(
Nj∑
b=1

wb
jN(y; mb

j, P
b
j ))]ωdy. (22)

dupd·Ü�ÅCþ²L¦�$����Ø2

Ñlpd·Ü©Ù,Ïd,Ï~�¹eKÜ�� �
�Ý�Osω(x)Ø2Ñlpd·Ü©Ù,lÃ{�
¤8I$ÄG��J�,KÜO��k�5;�»�,
l¦�KÜ��¢S¿Â:�éd¯K,�©æ�
�ÑØÓ©þ��¦È���{,±�±pd·Ü¦
��pd·Ü©ÙA5[15],=

[
Ni∑

a=1

wa
i N(x; ma

i , P
a
i )]ω ∼=

Ni∑
a=1

[wa
i N(x; ma

i , P
a
i )]ω =

Ni∑
a=1

(wa
i )

ωκ(ω, P a
i )N(x; ma

i , P
a
i /ω). (23)

l��
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sω(x) =

Ni∑
a=1

Nj∑
b=1

wab
ij N(x; mab

ij , P ab
ij )

w Ni∑
a=1

Nj∑
b=1

wab
ij N(x;mab

ij , P ab
ij )dx

=

Ni∑
a=1

Nj∑
b=1

wab
ij N(x;mab

ij , P ab
ij )

Ni∑
a=1

Nj∑
b=1

wab
ij

, (24)

Ù¥:

P ab
ij = [(1− ω)(P a

i )−1 + ω(P b
j )−1]−1, (25)

mab
ij =P ab

ij [(1− ω)(P a
i )−1ma

i + ω(P b
j )−1mb

j], (26)

wab
ij = (wa

i )
(1−ω)(wb

j)
wκ(1− w,P a

i )κ(w,P b
j ) ·

N(ma
i −mb

j; 0,
P a

i

1− ω
+

P b
j

ω
), (27)

κ(ω, P ) ∆=
[det(2πPω)] 1

2

[det(2πP )]ω
2

. (28)

,,þãCqO�¿�o´¤á�,=�¤kØ
Ópd©þ�m�ÚOålv
���¹eâ�1.
��l�88I�,þãCqO�¬Ñy���Ø�.
2ö,b�ü!:ÛÜPHDrÝ�O�pd©þê8
©O´NiÚNj ,=BØ�Äpd·Ü�ÅCþ�$
�¥�ØÓ©þ���¦È�,KÜ�O�pd·Ü
©þ�ê8�òC�Ni ×Nj ,AO/,éu��©Ù
ªKÜó,�/�O��¤k��!:�ÛÜ�O
?1KÜ,�XKÜL§�?1,�¤PHDrÝ�O
�pd©þê8:ìO\,ùéu!:O�Ú�;]
É��Daì�äó�´ØU�É�,l¦�
KÜO����15. Ïd,�©3?1NALEýÿ�
O�KÜc,3�y&E�����cJe,�éK
Ü!:�ØÓ�!¢�üg©þà}ö�,�Ñ
�
«õ?©�©þà}�{,Ù«¿ãXã2.

ã 2 à}�{6§

Fig. 2 The process of pruning algorithm

lã2¥�±wÑ,11g©þà}´3�/!:
G��#�¤¿?1e���G�ýÿ�?1(?u
ÈÅ4íO�L§¥),ÙÌ�8�´lO��ÝÑ

u,3ÈÅL§¥~�pd©þ�ê±ü$ÈÅO�
þ,Ó����y&E����;12g©þà}ö�
´3�/G��#�¤�Ú3ÛÜ?1KÜc?1,
Ù8�´�1þépd©þ?1à},¦�pd©þ
��ê�u�O8I��ê,l�cã�KÜME
^�.�âØÓ�ã©þà}Ü¿ö�½ �ØÓ,
©O�Ñü«©þà}ö��{.

1) 11g©þà}ö�.

11g©þà}´l~�O�þ�ÝÚ�y&E
������Ý�Ä,à}5KXe:

1111ÚÚÚ �½����W0,�.Ü¿��ηÚ·

Ü�.�ê��K. ·Ü�.U����?1ü�,
ewi > W0,K�3T©þ,ÄK�±íØ.ëê�ä
N��ÀJ�ë�©z[16].

1112ÚÚÚ À��3©þ¥�����©þ{wmax,

mmax, Pmax},ò{wmax,mmax, Pmax}�Ù¦©þ�
g?1|Ü,|^MahalonobisÚOål5Ýþüp
d©þ�m�ål,=

d2
ij =

wiwj

wi + wj

(mi −mj)TΣ−1(mi −mj), (29)

Ù¥Σ�pdÚ�|Ü��,eål�u,��½�
��η,Kòü©þ?1Ü¿,��#pd©þ���:
wc = wi + wj . þ�:

mc =
1

wi + wj

(wimi + wjmj),

��:

Σc =
1

wi + wj

[wiΣi + wjΣj +

wiwj

wi + wj

(mi −mj)(mi −mj)T].

1113ÚÚÚ |^�å^�e��g·A`z�{é

��?1N�[11].

min
w
[

N∑
i=1

αiN(x,mi, Pi)−
K∑

j=1

βjN(x,m′
j, P

′
j)]

2dx,

s.t.
K∑

j=1

βj = 1. (30)

1114ÚÚÚ e·Üpd©Ù��ê��ýk�½�

�$�ê½ö°Ý���¦,KÊ�.

2) 12g©þà}ö�.

1111ÚÚÚ �½����W0,Ï~À�W0 = 0.5,
U·Ü�.����?1ü�.

1112ÚÚÚ ÀJ·Ü�.w > W0�©þ|¤#�

·Ü�..

1113ÚÚÚ |^#�·Ü�.ÑÑ8IG�.

3|^*Ð�����KÜ�{�¤éNALEý
ÿ�O��KÜ�,�k���þÿ�5�,�|^
ª(9)éPHDrÝ�O�#.
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4 ���ýýý©©©ÛÛÛ(Simulation analysis)
�©�¢�3��²¡S?1,*ÿ«��x

∼ [−1000m, 1000m], y ∼ [−1000m, 1000m], �
Ä3Daì�l4�8I�$Ä�¹, 3Daì�I©
O�S1 = (−800m,−1000 m), S2 = (600 m, 0m),
S3 = (1000m, 0m),æ�±ÏT = 1 s,DaìS1Ú
DaìS3Uì5Æz����DaìS2uxG�&
E,DaìS1?1G�KÜ. 4�8I�UÑy,�8
IÐ©G�±9Ñ)Ú����mXL1¤«. æ�
±ÏT = 1 s,��*ÿ�m±Y100 s. ã3�Ñ
�
ý¢���³ã.

L 1 �8Iå©G�Ú)�±Ï
Table 1 Initial state and life cycle of targets

8I Ð©G� Ñ)/k��m

1 [100
400

99
500 450 − 1350

99
−900]

1

100
s

2 [−450
1350

40
900 − 450 − 50

40
−500]

20

60
s

3 [450 − 600

40
− 150 − 209 − 691

40
−900]

40

80
s

4 [−350
350

40
0 − 350

1050

40
700]

40

80
s
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m
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ã 3 8I$Ä;,

Fig. 3 The trace of the targets

�ý¥�8I$ÄG��§Úþÿ�§Xe:

Xk+1 = FXk + Gkwk, (31)

Zk = HXk + Wk, (32)

Ù¥:

Fk =




1
0
0
0

T

1
0
0

0
0
1
0

0
0
T

1


 , Gk =




0.5T 2

T

0
0

0
0

0.5T 2

T


 ,

H =

[
1
0

0
0

0
1

0
0

]
, wk ∼ N(.; 0,

[
σ2

w 0
0 σ2

w

]
),

σw = 2, Wk�äk���R�"þ�xÚpdþÿ

D(S�,þÿØ��20 m.

�ýëê����pd©þê8Jmax = 100,?
}��Tp = 10−5,Ü¿��U = 5,8I�¹VÇ
Ps =0.99,uÿVÇPd =0.99. ,ÅÑlþ��10
�Ñt©Ù,þ!©Ùu*ÿ�m¥. {üå�,Ø�
Ä8Iû)L§,#)8I�PHD�

Db(x)=0.1×N(x; mb, Pb)+0.1×N(x;−mb, Pb),

(33)

Ù¥:

mb = [250 250 0 0]T,

Pb = diag{100, 100, 25, 25}.
ã4Úã5�Ñ
50g�AkÛ�ý¢�²þ��

��KÜ�OÚ=!:1éõ8I�ê�O��mC
z�.�Xã¥¤«,KÜ�OÚ=!:1�OþU
�Ð/Âñ�ý¢�8I�ê. ?�Úlã¥��,
38I�êu)Cz���,KÜ�OÚ=!:1�
Oé8Iê8�Oþk���ÅÄ,���?\8I
ê8ð½�ã,KÜ�Oé8I�ê��O(J�`
u=!:1�(J.
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Fig. 4 The estimated number of targets
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Fig. 5 The RMSE of estimated number

duPHDÈÅìvk?1êâ'é,þ�Ø�
(RMSE)Ã{éÈÅì�5U?1µd. �ÚOü«
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�{�²þ5U,�©æ^OSPAøqåléü«�
{�5U?1µd, OSPAål�O�ªXe:

dc
p(X, Z) =

(
1
n

(min
π∈Πn

m∑
i=1

d(c)(xi, zπ(i))
P + cp(n−m)))

1
p .

(34)

3OSPAål¥,ëêcÚp�ÀJé8Ü³Ø�Ú

 �Ø�k��K�.3¢�¥ëêc = 200,ë
êp = 2. ã6�50g�AkÛ�ý¢�(J.�Xã6
¥¤«,3�õê��,KÜ�{��l(JÑ�u
=k!:1��l(J,38I�êu)Cz���,
ü«�{¤���OSPA�����,Å¸�p,Ù
Ì��Ï´8I�êu)
Cz,Ïd,�Ì��
N�´8I�ê�Cz. oN5w,KÜ�O��
OSPAål��.

ã7�Ñ�g�AkÛ�ýt = 3��pd©þ�
Cz�¹. lã7(a)¥�±²wwÑ,�3õ��C�
pd©þ£ãÓ��rÝ¸��¯K.²L11g©
þà},íØ
�Ü©vkþÿ| �·Ü©þ,�
X12g©þ�à}5?�Ú�yz��rÝ¸�d

��pd©þ5L«.
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Fig. 6 OSPA distance

ã8�Ñ
50g�AkÛ�ýpd©þê��m
�Cz�ã. lã8¥�±wÑ,3é©þà}c,
pd©þ��ê�X�m�O�¥AÛ/ªO�,�
©¤�Ñ�à}�{U�Ð�³�pd©þ�O�,
²L©þà}�,pd©þ�êþA��8I�ê�
��,�e�ÚKÜC½Ä:�Ó�,~�
KÜ!
:�O�Kú.
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Fig. 7 Gaussian mixture component pruning when t = 2
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Fig. 8 The change of Gaussian mixture component

5 ooo((((Conclusion)
�©ïÄDaì�ä¥õ8I�Å8G�·Ü

ÃS�O�KÜ¯K.3pd·ÜVÇb��ÝÈ

Åì�µee,ÄuPHD4íÈÅ�A5,ïá

·^uõ8I�Å8G�·ÜÃS�O�NALE�
OÅ�,,�|^*Ð������{¢yé²
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LNALE�OÅ�¼��ÃSPHDrÝ�O�K
Ü,�éKÜL§¥pd©þ¯�O��¯K,3
�y&E����z�cJe,éKÜL§�ØÓ
�!¢�©þà}ö�,�Ñ
�«õ?©�©þ
à}�{. e�ÚòéâfVÇb��ÝÈÅµe
e�ÃS�O¯KÚ�Û�£KÜ¯K?1ïÄ.
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