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Group targets tracking algorithm by combination of fuzzy clustering
and Quasi-Monte Carlo resampling method

LI Zhen-xing†, LIU Jin-mang, LI Chao, BAI Dong-ying, GUO Xiang-ke
(Air and Missile Defense College, Air Force Engineering University, Xi’an Shaanxi 710051, China)

Abstract: Joint probabilistic data association-particle filter (JPDA–PF) algorithm was always used to solve the data
association and nonlinear filtering problem. Aiming at the high computational complexity in data association and the sample
impoverishment problem in resampling step, an improved algorithm by combination of fuzzy clustering and Quasi-Monte
Carlo resampling method was proposed for group targets tracking in this paper. First, based on the group evolving network
model, the maximum entropy fuzzy clustering was used to achieve the data association between group individual targets
and measurements, and the association probability matrix was constructed by the fuzzy membership degree. Then, the
randomized Quasi-Monte Carlo points were transformed into some independent sub-spaces of planned duplicate particles
to improve the diversity of samples and prevent the occurrence of sample impoverishment. The computer simulations
showed that compared the JPDA–PF algorithm, our proposed algorithm can estimate group targets state and group structure
effectively, and obtain the better estimation performance.
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1 ÚÚÚóóó(Introduction)
3õ8I?è�l!°¡8Ii��Nõ�l|

µS,�lé�Ï~d�X�äkaq$Ä�ª��
m�C8I|¤,<�òda¯K8B¤+8I�l
¯K[1]. ¦++S��N8I�±3�½��SÐy
ÑÕá�$Ä�ª,�´du+8I´�����N
5$Ä,Ïd+S8II��±$ÄÓÚ,
�7L
��*d-E.Ïd,+8I�l�{ØÓu~��
õ8I�l�{. ~��õ8I�l�{��lÌN
Ì�´�N8I,
+�l�{�I�é+8I$Ä
A5?1©ÛÚï�,l
¼��Ð�+�l�J.

3+�.�ïá�¡,©z[2]JÑ
�Ó+�l
�.,ÏL|^½å�.5ïá+S8I�m��p
�^. ©z[3]JÑ
âf�.,©z[4]JÑ
+Ä+
���.. ©z[5]JÑ�«|^�äã/�/ª5é
Ü�O+(�Ú+G�,ò+S8I�+S±�Ù§
8IéXå5,l
�\O(�xÑ+�S3'X.
§æ^
éÜVÇêâ'éâfÈÅ(joint probabi-
listic data association-particle filter, JPDA–PF)�{5
?nêâ'éÚ��5ÈÅ¯K,��
�Ð��J.
�´��3ü��¡�¯K: 1)©Ùæ^�JPDA�
{L§'�E,,�´�+S'é8I�ê8�õ�,

ÂvFÏ: 2014−04−24;¹^FÏ: 2014−08−26.
†Ï&�ö. E-mail: lzxing1988@163.com; Tel.: +86 18291883590.
Ä7�8: I[g,�Æ�cÄ7]Ï�8(61102109);Ê��ÆÄ7]Ï�8(20120196003);��ó§�Æ����Æ�/ïÄ)�E

M#Ä70]Ï�8(HX1112).



1598 � � n Ø � A ^ 1 31ò

ò¬��(@Ý

©Ñy|Ü�¿; 2)�
³�â
fòzy�,©Ùæ^DÚ�­æ��{?1âfÀ
J.
ùN´��Ñyâf &¯K,3�½§Ýþ
K�
�{��O°ÝÚ$��Ç.�éü$JPDA
�{E,Ý¯K,©z[6–7]JÑ
ØÓg`�{
5~�'éb�ê8. ©z[8]JÑ����
àa
(maximum entropy fuzzy clustering, MEF){,ÏL¦
8I¼ê��z,òþÿêâ©Oy©�±8Iýÿ
 ��¥%�a¥. �é³�âf &¯K,~^�
{�)�KzPF�{Úê��Åó�AkÛ–âfÈ
Å(MCMC–PF)�{[9–10],�üö$�þÑ��.©z
[11]JÑ�«¯�[�AkÛ(Quasi-Monte Carlo,
QMC)âfÈÅ�{,ÏLò)¤��ÅzQMCS�
N��±��­âf�Ø%�f�mþ,;�
��
éæ��m?1ýÿ,k�³��� &,¿U¼�
pu�AkÛ�{��O°Ý.

Ïd,3©z[5]�Ä:þ,�©Xúu)ûùü
�¯K,JÑ�«U?�+8I�l�{. Äk,ÏL
|^+üz�ä�.�O+(�,312�+(�Ä
:þæ^����
àa{é8IÚ*ÿêâ?1

'é,|^�
äáÝ5­ï+S8I�éÜ'éV
ÇÝ
. Ùg,38IG�âf�­æ�L§¥,|^
�ÅzQMCS�N��[E����f�mþ,k�
³��� &¯K.�ý¢�(J�y
�©�{�
k�5.

2 +++üüüzzz���äää���...(Group evolving network
models)
b�N�8I�¤º:8{v1, · · · , vN}, viéA

X8Ii�G�Ú��, E(i, j) = (vi, vj)5�Lº
:viÚvjm�'X.Ïd,+(��±L«�G =
({v1, · · · , vN}, E). ©z[5]JÑæ^ê¼ål�OO
K,ÏLO�ØÓ8Im�ålÚ�Ý�ê¼ål,
5�ä´ÄáuÓ�f+. Ïd,��±^Gt ={g1,

· · · , gnG}5£ã+��N�ä(�,Ù¥gi�L

1i�f+, nG�GSf+�ê. Ïd,§�8�´�
#Gt = f(Gt−1,Xt),Ù¥Xt = {xt,1, · · · ,xt,N}�
L¤k8I�G��þ, f�L+�ä(��üz�

.. §�L«�[5]

{
t = 0, G0 = fI(X0),
t > 0, Gt = fNS ◦ fNI ◦ fEU(Gt−1,Xt),

(1)

Ù¥: fI�+å©�., fEU�>��#�., fNI�º

:Ü¿�., fNS�º:�Ø�..

2.1 +++���ååå©©©���...(Group initialization model)
�©�l´3©z[12]�8IuÿEâÄ:þ?

1�,=3t = 0�8I�ê8ÚG�Ñ´®��. b
�N�8I�º:8�{v1, · · · , vN},O�viÚvj(i,

j = 1, · · ·N ; i 6= j)m�ê¼åldi,j . edi,j < ε,K
(vi, vj) ∈ E,Ù¥ε�ý���.Ïd,|^�.fI�

±¼�Ð©���+(�G0 = ({v1, · · · , vN}, E0).

2.2 >>>������###���...(Edge updating model)
Äk,�ï12�+(�G′. -g��%G�Og

= (1/ng)
∑

vi ∈ g

xg
iÚ²þ���Ý
P g = (1/ng)

∑
vi∈g

P g
i ,Ù¥ng�g�8I�ê. 2|^nG�f+

�%�¤º:8{v′1, · · · , v′nG
},O�v′iÚv′j(i, j =

1, · · ·nG; i 6=j)�ê¼åld′i,j . ed′i,j <ε′,K(v′i, v
′
j)

∈ E′,Ù¥ε′(ε′ À ε)�ý���.d���G′ =
({v′1, · · · , v′nG′

}, E′). �X,3égi(i = 1, · · ·N)S
8I?1>�#�Ó�,3E′SéÑ(v′i, v

′
j),¿égi

ÚgjS8Im?1>�#. ��,�daí,��Ì�
�#(å.

2.3 ººº:::ÜÜÜ¿¿¿���...(Node incorporation model)
Äk,O�#º:vnewÚv′im�ê¼åld′′new,i.

ed′′new,i < ε′′,Kòvnew�giS8I?1>�#,Ù
¥ε′′(ε′′ ¿ ε′)�ý���.�X,3E′¥éÑ(v′i, v

′
j),

¿òvnewÚgjS8I?1>�#. ��,Uìù«�
{,��Ì��#(å.

2.4 ººº:::���ØØØ���...(Node suppression model)
XJ3�ã�mS¼��þÿ¥Ø�¹º:

vold�?Û&E,Òlº:8¥�Øvold,¿íØ¤k
�vold�'�>.

3 +++888III���lll���{{{(Group targets tracking algo-
rithm)

3.1 ������VVVÇÇÇ���ÝÝÝ���...(Posterior probability den-
sity model)
�t��8I�G��þ�xt,i = (xt,i, ẋt,i, yt,i,

ẏt,i)T,=�Lx¶Úy¶� �Ú�Ý. g^���Å

k�85ï�[4],=Xg
t ={xg

t,1, · · · ,xg
t,ng
}. Ïd,�

N+(��G = {g1, · · · , gnG},éA�8IéÜG
��þXt = {Xg1

t , · · · ,X
gnG
t }. Pt��þÿ�zt,

å©�t����Üþÿ8�Z1:t,Ïd,��VÇ�
Ýp(Xt,Gt|Z1:t)�

p(Xt,Gt|Z1:t)=
p(zt|Xt,Gt)×p(Xt,Gt|Z1:t−1)

p(zt|Z1:t−1)
,

(2)

p(Xt,Gt|Z1:t−1) =

p(Gt|Xt,Z1:t−1)× p(Xt|Z1:t−1)=w
p(Gt|Xt,Gt−1)× p(Xt|Xt−1,Gt−1)×

p(Xt−1,Gt−1|Z1:t−1)dXt−1dGt−1, (3)

Ù¥p(Gt|Xt,Gt−1)´|^12!��#�{5O
�.d	,3b�ØÓf+�pmÕá�cJe��
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p(Xt|Xt−1,Gt−1) =
∏

gi∈Gt−1

p(Xgi

t |Xgi

t−1). (4)

3O�p(zt|Xt,Gt)�,Ì�æ^JPDA�{[12]5)

ûþÿå
�Ø(½5¯K.©z[5]�
~�êâ'
éb��ê8,JÑ312�+(�G′µeS,�éÓ
áE′�f+S8Im?1êâ'é. -G′={g′1,
· · · , g′n′G},KJPDA��?nL§Ì�3g′i(i = 1,

· · · , nG′)S?1,d���

p(zt|Xt,Gt) = p(zt|Xt,Gt,G
′
t) =

∏
i=1,··· ,nG′

p(zg′i
t |Xg′i

t−1). (5)

3.2 ���NNN888III$$$ÄÄÄ���...ÚÚÚ***ÿÿÿ���...(Dynamic model
and observation model of individual target)

1) +S�N8I�$Ä�..

ëì©z[5, 13]��.��,æ^CV�.é+S
�N8I�$Ä�¹?1ï�. 3��²¡S,1
i(i = 1, 2, · · · , N)�8I�G��#�§�

xt,i = f(xt−1,i,vt−1) = Fxt−1,i + vt−1, (6)

ª¥: F =diag{F1, F1}, F1=

[
1 T

0 1

]
;L§D(vt−1

∼N (0, Q),=þ��0;����Q�pdxD(.
�
CX�õ�$Ä�ª,��p(vt−1)=αN (0, Q1)
+(1− α)N (0, Q2), α ∈ [0, 1]ùpò+��Ó&E
$^�G��#�§¥. Pxg

t,i ∈ Xg
t = {xg

t,1, · · · ,

xg
t,ng
},K��

xg
t,i =xg

t−1,i+
1
ng

·
ng∑
l=1

(Bxg
t−1,l)+vt−1, (7)

Ù¥: B = diag{B1, B1}, B1 =

[
0 T

0 0

]
.

2) *ÿ�..

-þÿ�mZ ⊆ Rnz ,Kt��¼��þÿzt,j(j
= 1, 2, · · · ,Mt)�±^eªL«:

zt,j =

{
h(xt,i) + wt,i, rj = i,

ut, rj = 0,
(8)

Ù¥: þÿ¼êh(xt,i)���5¼ê,þÿD(wt,i

∼ N (0, R), ut�þÿ�m¥�,Å. rj = iL«þ

ÿj5
u8Ii, rj = 0L«þÿj5
u,Å.þÿ
¼êh(xt,i)½Â�

h(xt,i)=(
√

x2
t,i + y2

t,i, arctan
yt,i

xt,i

)T. (9)


3g′iS?1�?nL§,I�(@8Ii�k�þ

ÿzt,j ,=

{zt,j : g2
i (zt,j) 6 ξ, j = 1, 2, · · · ,Mt}, (10)

Ù¥: g2
i (zt,j) = [zt,j − µzt,i

]T Σ−1
zt,i

[zt,j − µzt,i
],

ξ�ý�K�, µzt,i
=

Np∑
n=1

w
(n)
t,i z

(n)
t,i , Σzt,i

= Σ0 +

Np∑
n=1

w
(n)
t,i [z(n)

t,i − µzt,i
][z(n)

t,i − µzt,i
]T,Ù¥: Σ0L«D

aì�þÿ���Ý
, z
(n)
t,i �t��1i�8I1

n�âf�ýÿþÿ,=z
(n)
t,i = h(x(n)

t,i ), Np�æ�â

foê.

3.3 ������������


àààaaaêêêâââ'''ééé(Maximum entropy
fuzzy clustering data association)
b�k��*ÿêâ8�{zt,j, j = 1, 2, · · ·Mt},

Mt�þÿ�ê,8Iàa¥%(=8I�ýÿG�)
�{xt|t−1,i, i=1, 2, · · · , N}, N�àa¥%�ê. à
aL§�±£ã�±e`zL§[8]:

Äk,ïá�A��d¼ê�

Et =
Mt∑
j=1

N∑
i=1

[µji · d(zt,j,xt|t−1,i)], (11)

Ù¥: d(zt,j,xt|t−1,i)�þÿzt,j�8Ixt|t−1,i�m�

î¼ål, µji�éA�äáÝ,�ÑlXe��å^
�:

N∑
i=1

µji = 1, ∀µji ∈ [0, 1]. (12)

�
��Ã /£ãêâ:Úa¥%�äáÝ,æ^
����n½Â8I¼ê�

J =−
Mt∑
j=1

N∑
i=1

(µji lnµji)−
Mt∑
j=1

αj

N∑
i=1

(µji · d(zt,j,xt,i)) +

Mt∑
j=1

λj(
N∑

i=1

µji − 1), (13)

Ù¥λjÚαj�.�KF¦f,��zþª�O�Ñä
áÝµji�

µji =
exp(−αj · d(zt,j,xt|t−1,i))

N∑
i=1

exp(−αj · d(zt,j,xt|t−1,i))
, (14)

�
Jpαj�O°Ý,3O�,Å�Ý�,�±é{
g×£á\Å�S�ÿþê?1²þ,=^²þ,Å
�Ýλ5O�

λ =
1

Vt · t
t∑

l=1

Ml, (15)

Ù¥: Ml´l��á\Å�S�ÿþê, Vt´(@«�

NÈ.duJPDAI��ï'éVÇÝ
,�
«O�
k�'éVÇÝ
{βji}i=1,··· ,N,j=1,··· ,Mt

,�þÿ�
8I�m�'éVÇÝ
�

γ = {γji} =




γ11 . . . γ1N

...
. . .

...
γMt1 · · · γMtN


 , (16)
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Ù¥γji�zt,jÚ1i�8Im�'éVÇ,�

γji =

{
µji, �zt,jÚ1i�8I�k�*ÿ,

0, Ù¦.
(17)

�zt,j�õ�8I'é,Ï~Iéγ�Ø(½5?n,
äN�

γji =





γji, �γji = max
m=1:Mt

γmi,

min
i∈Ω

{γji}, Ù¦,
(18)

Ù¥ΩL«�zt,j'é�¤k8I8Ü.Ïd,�^
γji5�O8I�þÿ�'éVÇβji.

3.4 QMC­­­æææ���ÚÚÚ½½½(QMC resampling step)
QMC�{[11, 14]ÏL)¤�$�É5�(½S

�(XHaltonS�[15]),l
U'MCæ��)���
ÅS�ÑÙ��\þ!,Ï
�±Uõæ�����
þ. �
ü$æ��O�þ,�©3[E����­
âf�f�mS)¤�ÅzQMCS�,5�ODÚ�
��E���­âf��{. §�Ì�Ú½´:

ÚÚÚ½½½ 1 (½���[E�ê8. b���oê
�Np,�ât����{x(L)

t }Np
L=1éA��­{w(L)

t }Np
L=1,

(½z���[E��ê8{n(L)
t }Np

L=1;

ÚÚÚ½½½ 2 �Eæ�f�m. �S�[E��êØ

�"���8Ü,��ê�N1, s��{��8Ü,�
�ê�N2,KNp = N1+N2. -����ê�d, S�

¹����Si = {xi, wi, ni}N1
i=1, ni�[E��ê8.

Ïd,±xi�Ø%,�EN1�d�f�m{[xi − 0.5∆,

xi + 0.5∆]}N1
i=1,Ù¥∆�f�m�Nþ,3ØÓ�þ

�∆�±Uì¢S�ÿþ°Ý5©O��.

ÚÚÚ½½½ 3 ��)¤9�­©�. �éS¥�xi,Ä
k²þ©�âf�­{wi(j) = 1/ni}ni

j=1,�X)¤�
Ý�ni − 1��ÅzQMC:8,2ò:8ÝK�
xi�f�m¥,��{xi(j)}ni−1

j=1 . �
(�f��
\��O�I��±��,kxi(ni) = ni × xi −
ni−1∑
j=1

xi(j). d	,3ØÓ�þI�æ^ØÓ�S�m

�5Ä�HaltonS�.

ã1�Ñ
�g�ý¢�¥3«�{�é¤k8I
�²þk���Nþ�é'(J.l(J¥��,�
©�{U
�±�p�k���Nþ,vkÑyâf
 &y�.ù´du�©�PF–MEF–QMC�{3z
g���#�Ñ�1­æ�L§±~���òz,2
�1QMCæ�±³��� &�Ñy. 
©z[5]æ
^�IOPF�{,´ÏLæ^DÚ­æ��{5Jp
k���Nþ. 
DÚ­æ�����¬3f�mS
Ñyà8,��G��OØ�C�,¬¦���3�
Y4íL§¥ÅìÃ{¿©£ã��VÇ�Ý¼ê,
¿�ª��,
��Ñyâf &y�,?�ÚO�

G���OØ�.

ã 1 ²þk���Nþé'(J

Fig. 1 Results comparison of average effective sample size

3.5 ���©©©���{{{666§§§(Proposed algorithm process)
Uì+(��(½5�#ÚØ(½5�O©O�

Oü«�{, P�PF–MEF–QMC1ÚPF–MEF–QMC2.
Ù¥, PF–MEF–QMC1´ÏLGt =f(Gt−1,Xt)5�
#+(�,
PF–MEF–QMC2�{´òGt��8I

G���Ü©,/¤*ÐG�(Xt,Gt),=|^+8
I�éÜæ�âf�¹�8IG�&E5�OÑ�

A�+(�,2râf��­��T+(�Ñy�V
Ç.e¡©Oéü«�{?1�ã:

1) ÄuPF–MEF–QMC1�+�l�{6§.

äNÚ½X�{1¤«,b�t���N8I�o

ê�N ,æ��âfê�Np. 3Ú½1S,Äk,±f
+�ü 5?1�m�#,¿ò8IG��k�VÇ
��­�5�Ý¼ê,3Ú½2S,kUìª(5)Ú
MEF–JPDA�{O�âf�­,Ù¥MEF–JPDA�{
Ú½��{2. ,�,é�­?18�z?n. �XU
ì+üz�.nØ,|^âfX

(L)
t ¥éA�Ü©Ú�

­5�O8IX̂tÚGt. 3Ú½3S,�1QMC­æ�
Ú½.

���{{{ 1 ÄuPF–MEF–QMC1�+�l�{.

Ñ\: Gt−1, {X(L)
t−1, w

(L)
t−1}Np

L=1, zt.

ÚÚÚ½½½ 1 ýÿÚ.l­�5©Ùqgi
(Xgi

t |Xgi,(L)
0:t−1 ,

z0:t−1)¥Ä���X
gi,(L)
t .

ÚÚÚ½½½ 2 �#Ú.

1) ���­O�:Uìª(10)(@8I�k�þ
ÿ,�XUìª(5)ÚMEF–JPDA�{5O����
­,¿é�­?18�z;

2) 8IG��O:|^G�Ä���Ú�­�
Ox̂t,i(i = 1, · · · , N),¿�ª��X̂t = {x̂t,i}N

i=1;

3) �#+(�: Gt = f(Gt−1, X̂t).

ÚÚÚ½½½ 3 ­æ�.�1QMC­æ�Ú½.

ÑÑ: X̂t, {X(L)
t , w

(L)
t }Np

L=1, Gt.
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���{{{ 2 MEF–JPDA�{.

ÚÚÚ½½½ 1 äáÝ.�âª(11)−(15),O�äáÝ
µji,Ù¥xt|t−1,iL«âf�ýÿG�þ�;

ÚÚÚ½½½ 2 'éÝ
.�âª(16)−(18),­ï8I'
éÝ
γ = {γji},¿�Ø(½5?n;

ÚÚÚ½½½ 3 ���­.

O�L
x

(L)
t,i

=
Mk∑
j=0

βi,jp(zt,j

∣∣x(L)
t,i ),2|^ω

(L)
t,i =

w
(L)
t−1,i · Lx

(L)
t,i
O����­. Ù¥,8I�þÿ�>�

'éVÇβi,j|^γji5�O.

2) ÄuPF–MEF–QMC2�+�l�{.

T�{?n���´+8I�éÜæ�âf,¿
312�+(��Ä:þ�¤âf�æ�. Ó�|^
z�éÜæ�âf�¤+(��æ�,+(�æ�
�­�5�Ý¼êQ(Gt|X(L)

0:t ,G
(L)
t−1) = p(Gt|Xt,

Gt−1). 3æ^MEF–JPDA�{O�âf�­�,k|
^X

(L)
t Úw

(L)
t �O8IG�X̂t,2|^+(���

G
(L)
t ÚéA��­,�O+(�ÚÑyVÇ{Gt,l,

pt,l}NG

j=1. Ù¥: NG�L+(�«a, Gt,l�Lt��

1la+(�, pt,l�LGt,lÑy�VÇ.

���{{{ 3 ÄuPF–MEF–QMC2�+�l�{.

Ñ\: Gt−1, {X(L)
t−1, w

(L)
t−1}Np

L=1, zt.

ÚÚÚ½½½ 1 ýÿÚ.l­�5©Ùqgi
(Xgi

t |Xgi,(L)
0:t−1 ,

z0:t−1)¥Ä���X
gi,(L)
t ,l­�5©ÙQ(Gt|X(L)

0:t ,

G
(L)
t−1)¥Ä�+(����G

(L)
t .

ÚÚÚ½½½ 2 �#Ú.

1) ���­O�.Uìª(10)(@8I�k�þ
ÿ,�XUìª(5)ÚMEF–JPDA�{5O����
­,¿é�­?18�z;

2) 8IG��O.|^G�Ä���Ú�­�
Ox̂t,i(i = 1, · · · , N ),¿�ª��X̂t = {x̂t,i}N

i=1;

3) �#+(�. |^+(�Ä���G
(L)
t ÚéA

�­,�OØÓ+(��VÇ.

ÚÚÚ½½½ 3 ­æ�. �1QMC­æ�Ú½.

ÑÑ: X̂t, {X(L)
t , w

(L)
t }Np

L=1, {Gt,l, pt,l}NG

j=1.

4 ���ýýý(((JJJ(Simulation results)
4.1 ���ýýý|||µµµÚÚÚ+++(((������OOO(Simulation scenario

and group structure design)
ëì©z[5]��ý��,�O
����+8I

��$Ä��l|µ,Ù¥���)ü�f+,z�
f+S�)ü�8I.b�4�8Iþ�!���$
Ä,Ð©G�©O�

x1
0 = (15 km,−0.21 km/s, 4.9 km, 0.21 km/s),

x2
0 = (15 km,−0.21 km/s, 4.8 km, 0.21 km/s),

x3
0 = (15 km,−0.22 km/s, 9.1 km,−0.2 km/s),

x4
0 = (15 km,−0.22 km/s, 9.2 km,−0.2 km/s).

o��ý���40 s,b½,ÅêÑlëêλ = 2�Ñ
t©Ù,§�3±8Iþÿýÿ��¥%�ý¥«�
Sþ!©Ù.Daì� ��[0 m, 0 m],Daì�ÿ
åØ�σr = 60 m,ÿ�Ø�σθ = 0.01 rad,uÿVÇ
�Pd = 0.98,�VÇPG = 0.9997, ξ = 16,~þη =
0.01. y©f+�ê¼ål��¥εposition = 200 m ,
�Ý���εvelocity = 20 m/s,�f+�%y©+�
��ε′

position
=4εposition. �©��
�ý|µ¥�U

Ñy�4«+(�,äNXL1¤«.
L1+(���¥

Table 1 Matching base of group structure

+(�¢Ú f+(�y©

1 g1 = {1, 2}, g2 = {3, 4}
2 g1 = {1}, g2 = {2}, g3 = {3, 4}
3 g1 = {1, 2}, g2 = {3}, g3 = {4}
4 g1 = {1}, g2 = {2}, g3 = {3}, g4 = {4}

4.2 ���ýýý(((JJJ©©©ÛÛÛ(Simulation results analysis)
Uìcã��{Ú½,ÏL 50g�AkÛ�ý

¢�,����ý(JXã2−69L2¤«. Ù¥ã1,
ã2©O�Ñâfê�300�,�©�ü«PF–MEF–
QMC�{Ú©z[5]�PF–JPDA�{� �Ú�Ý�
O�þ��Ø�[11](root mean square error, RMSE)'
�,L2�Ñ
3«�{��O5Ué'. l(J¥�
�,ü«PF–MEF–QMC�{��l5U�`u©
z[5]�{,§�é �Ú�Ý�²þþ��Ø�,±
9�O¥�º¸Ø�Ñ�$u©z[5]�{.

ã4�Ñ
�,ÅêÑlëêλ = 2�Ñt©Ù
�, 3«�{3ØÓâfêeé8I �Ú�Ý�
²þþ��Ø�é'. l�ý(J��,�Xâfê
O\, 3«�{é8I �Ú�Ý��O°ÝÑ�A
Jp,
�âfêO\��½§Ý�,�{��O°
ÝÅìªu²­. 3«�{�p�mé'��, PF–
MEF–QMC�{�O°Ý�puPF–JPDA�{.

ã 2  ��Oþ��Ø�

Fig. 2 RMSE of position estimation
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ã 3 �Ý�Oþ��Ø�

Fig. 3 RMSE of velocity estimation

(a)  ��O�²þþ��Ø�

(b) �Ý�O�²þþ��Ø�

ã4 ØÓæ�âfê�(J'�

Fig. 4 Results comparison with different number of particles

�©ÿÁ�{�PCÅ²�´3.10 GHz Inter(R)
Core(TM) i3)2100, RAM 2.00 GB, MATLAB

(R2010b). ã5�Ñ
3«�{3ØÓê8âfe�
²þüg$1�mé',l(J¥��, PF–MEF–
QMC1�{´²þüg$1�m��,Ì�´du
T�{¥|^����
àa����
äáÝ

5O�8I�'éVÇ,Jp
�{�$��Ç.
PF–MEF–QMC2�{�²þüg$1�m�Xâf

ê�O\
ÅìO�,ù´duT�{I��O+8
I�z�éÜæ�âf�+(�9éAu)�VÇ.
ã6�Ñ
PF–MEF–QMC2�{�O�+(�,lã
¥��,T�{U�Ð/�OÑ�«+(�Ñy�V
Ç,l
U�\�\/�«Ñ+(��S3Czª³.

L2æ�âfê�300���{5U'�
Table 2 Comparison of the three algorithms with 300

particles

�{a.

 �²þ�Ý²þ �¸��Ý¸�

RMSE/ RMSE/ Ø�/ Ø�/
m (m · s−1) m (m · s−1)

©z[5]�{ 46.61 3.56 84.97 5.21
�©�{1 43.97 2.27 75.27 3.74
�©�{2 43.74 2.39 74.09 3.36

ã5 ØÓæ�âfêe²þüg$1�m
Fig. 5 Computation time for per scan with different number

of particles

ã6 +(�ÑyVÇ�O

Fig. 6 Occurrence probability estimation of group structure

5 (((ØØØ(Conclusions)
�é�k+8I�l�{¥êâ'éÚ�� &

¯K,�©JÑ
Äu�
àaÚQMC­æ��+�
l�{. Uì+(���O�ª,3dÄ:þ©O�
O
ü«PF–MEF–QMC�{. �ý¢�(JL²,
PF–MEF–QMC�{U3�p�$��Ç�Ä:þ,
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¼�'PF–JPDA�{�p��O°Ý.Ù¥, PF–
MEF–QMC1�{äk���O�þ,
PF–MEF–
QMC2�{U�Ð/�«Ñ+(��S3Czª³.
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