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Gamma Gaussian inverse Wishart cardinalized probability hypothesis density (GGIW-CPHD) algorithm was always used to track
group targets in the presence of cluttered measurements and missing detections. A multiple models GGIW-CPHD algorithm
based on best-fitting Gaussian approximation method (BFG) and strong tracking filter (STF) is proposed aiming at the defect that
the tracking error of GGIW-CPHD algorithm will increase when the group targets are maneuvering. The best-fitting Gaussian
approximation method is proposed to implement the fusion of multiple models using the strong tracking filter to correct
the predicted covariance matrix of the GGIW component. The corresponding likelihood functions are deduced to update the
probability of multiple tracking models. From the simulation results we can see that the proposed tracking algorithm MM-GGIW-
CPHD can effectively deal with the combination/spawning of groups and the tracking error of group targets in the maneuvering

stage is decreased.

1. Introduction

In many tracking applications such as maritime surveillance,
multiple targets formation, and ground moving convoys, the
tracking objects are usually constituted by a series of targets
in a coordinated fashion according to a certain constraint in
close space, which was called group targets tracking (GTT)
problems [1]. Usually, we track the group as a whole instead
of tracking all members of the targets in the group while
the number of group targets is large or the resolution of
sensor is limited which makes it unrealistic and unnecessary
to track the single target in the group. It should indicate that
the tracking objects in this paper are mainly pointed to the
group targets: they have a large number of members and
the group has a large distant to the sensor which enables
the measurement set be similar to a cluster rather than
a geometry structure. It indicates that group targets’ math
model is similar to its extension model while the group has
a large number of members, so as to the tracking methods in

[2].

Koch [3] proposed to describe the group’s entire motion
with the kinematic state and extension state of the group, the
extension state was modeled by random matrix, and Bayesian
recursion of group targets was deduced on the assumption
that the sensor measurement error can be approximately
ignored compared to extension state error of the group.
Feldmann et al. [4] improved the estimate accuracy of
Bayesian recursive estimate algorithm by interactive multiple
models (IMM) in consideration of the measurement error
based on the frame of [3]. The kinematic state and shape
estimate can be acquired directly in the algorithms, but it
is limited to single group targets tracking and no clutter
environment. Mahler [5] deduced recursive equation of
extension targets in GM-PHD framework firstly, modeled
the amount of measurement which is submitted to Poisson
distribution with a certain measurement rate. Granstrom et
al. [6] proposed a measurement clustered algorithm based on
distance partition and achieved tracking kinematic state of
extension targets using ET-GM-PHD algorithm. In [7] the
GIW-PHD filtering algorithm was proposed using random



matrix in consideration of the extension state estimate which
was dismissed in the anterior literatures. The likelihood func-
tion of multitargets was deduced and the recursive process of
the extension state was able to achieve. GGIW-PHD filtering
algorithm was proposed to model measurement rate using
Gamma distribution and established the merging/deriving
judgment standard and math model of group targets based on
Kullback-Leibler Divergence (KL-DIV) [8].In [9] the GGIW-
CPHD filtering algorithm was proposed to achieve better
tracking accuracy than GGIW-PHD filtering algorithm, but
the tracking error will increase apparently once the group
targets were maneuvering as group motion was formed by
singer model.

Multiple models could track maneuvering targets effec-
tively [10]. In [11, 12] multiple models PHD is applied to
multiple maneuvering targets tracking where model inter-
acting had not been brought into filtering process. To solve
this problem, BFG approximation method [13] was brought
in [14] where the prediction results of multiple models were
approximated to single model in the prediction stage of PHD.
It was pointed out in [15] that models probability had not
been updated in [14] which resulted in the prior probability
of models solidified.

Therefore, the multiple models based on best-fitting
Gaussian approximation and strong tracking filter will be
introduced to GGIW-CPHD algorithm to track maneuvering
group targets with unknown number in this paper. In order to
improve the tracking accuracy when group targets maneuver,
the best-fitting Gaussian approximation method is used to
implement the fusion of multiple models in the CPHD
prediction stage and a fading factor of strong tracking filter
[16] is used to correct the prediction covariance matrix of the
GGIW component.

The rest of the paper is organized as follows: GGIW-
CPHD algorithm is introduced in Section 2; the MM-GGIW-
CPHD algorithm proposed in this paper is introduced in
Section 3; Simulations are given in Section 4; Conclusions are
drawn in Section 5.

2. GGIW-CPHD Group Targets
Tracking Algorithm

2.1. Math Model of GGIW Distribution. The purpose of
GGIW-CPHD is to estimate the group targets’ state set G, at
time k, on condition that there is a certain measurement set
zF = {Zt}le. This process is completed by transforming the
prediction part Dy,_; (-) and the update part Dy (-) of Gy.

Firstly, at time k state set of group targets can be
represented as

G R O0N)

where N is the unknown number of groups, ,(ci) is the state
which needs to be estimated of the ith group, measurement

rate y,((i) > 0, kinematic state X](ci) € R™, and extension state

X](:) € Si - | - | denotes the potential of set, such that |G| =
NG k-
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The motion model of the target can be represented as
@& _ (@) (@)
Xk = Fklkflxk—l + Vk N (2)

where Fy; = Fyyop ® 1, Fy_y is the state transition
matrix, I; is a unit matrix of d x d dimension, and v,((’) is

white Gaussian noise with zero mean and covariance A](c'l)k_1 =

Q-1 ®X,(c’). Qj k-1 is the covariance matrix of the state space
with single dimension.

Measurement set of group targets at time k can be
represented as

, 3)

Z; = {Zg) }izlk

where N, = |Z;| denotes the number of measurements. So,
measurement model of the target can be represented as

zl(cj) = Hkxg) + wl((]), (4)

where H, = H; ®1;; Hy is the measurement transition matrix
of the state space with single dimension. For example, while
d =2,H, = [1,0]. w,(j) is white Gaussian noise with zero

mean and covariance X,(Ci) + R. While measurement noise
covariance R is small enough compared to extension state
X](Ci), the impact of R can be ignored [2] and covariance turns
into XI(Ci).

Then, assuming the generation of measurement is a
process of Poisson point and the measurement rate is y, at
time k, hence the predicted probability density function of y;
is submitted to Gamma distribution. Therefore, measurement
rate is modeled by £</.Z(-) in order to obtain the posterior
probability density function of y; [8]:

P(Vk | Zk) = P(Yk | Zk_l)P(Nz,k [ k)

(Bpe—r) ™ (y) ! e P
) T (otegi-1)

. (yi) 2 e

Nzi!

(5)
= GA M (yi; g1 + N> Bior + 1)

T (ot + Nizge) (Brgger) ™

T (1) (Brgr + 1) Nz Ny !
= Gd M (i Xklic> [’)klk)
xZ, (‘xklk—l’ Brik-1> Ny,

where predicted likelihood function &, () is a negative
binomial distribution and ey = k-1 + Nz Bk = Brjk-1+
1. The expectation and variance of Gamma distribution are
E(ye) = o/ B> Var(ye) = (xk|k//3,f|k. Assume that the pre-
dicted probability density function is a Gamma distribution
presented as 0 < 1/#;, < 1 which is a form of index with a
fading factor, where o, = /M Pk = Brw/Mk- The
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length of efficient window in each prediction is w, = (1 -
1/n,)", and the expectation of predicted y; remains the same;
namely, E(Viy1k) = i/ B = E(yk), and variance increases
1 times at each turn; namely, Var(ye, ) = “k+l|k//3]%+1|k =
Me(oee/ ﬁiuc) = Var(yy).

Therefore, #(-) and F#'(+) are proposed to describe x;
and X, separately [3], and the posterior probability density
function is a GGIW distribution; namely,

P(Ek | Zk) = P(Yk | Zk)P(Xk | Xk’Zk)p(Xk | Zk)
= G M (Vi gpe> Brgr) V. (Xas Migger Prgge © X)) (6)
X j% (Xk’ Vklk, Vk|k) = ??j% (gk;Ck“() >

where parameters of ¥¥. % component are (j; =
(%iie> Briie Migie> Prgio> Voo Vi) and covariance (P ® X)) €
S} with Py, € S}. Moreover, assuming that the amount
of clutter generated at each time is submitted to Poisson
distribution, the appearing positions of clutter are evenly
distributed in the monitoring region. So, the mean number
of clutter measurement is ., ; - S while the monitored d area
is S.

The combination of group target refers to multiple sub-
groups uniting to form a large group. The spawning of

group target refers to one group splitting into two or more
subgroups. The combination and spawning of group targets
will result in changes of the groups which has a significant
impact on the state estimation. We choose the combination
and spawning models in [8] based on the Kullback-Leibler
criterion.

2.2. Prediction Steps of GGIW-CPHD Filter. GGIW-CPHD
filter depends on the basis of assumptions in [9]. In accor-
dance with the PHD theory, the predicted part of PHD is [9]

= Dilk—l (&) + Dlli (&)
= JPs (&-1) Prir (& 1 &y) 7)

Dklk—l (Ek)

X Dy (8hoy) d&y + Dzbc (&)

where pg(-) is survival probability of the targets, pj_;(-) is
state transition density, Dy, (&) is the predicted PHD of

survival targets, and Dz(-) is the PHD of newborn targets.

2.2.1. The Predicted PHD of Survival Targets. It can be
concluded from assumptions 4 and 6 in [9] that

Dy (&) = JPS (&-1) Prgi—1 (& | &y) X Dy (&) déiey

Je-1jk-1

()
=Ps Z wkj—llk—lj gd.u (Vk—l’“k k- 1’ﬁk k- l)pltlk—l (Ve | Vi) ¥

©) ()
where AT and Bk—llk—l denote scalar shape parameter
and scalar inverse scale parameter of estimation at time k — 1
separately, m,’ )llk , and Pk 1|1 denote mean and covariance

=1
! Measurement rate
() ) (8)
J J X
X J/V(Xk M e Bl ®Xk) X Pt (e | %515 X)) dxgey
Kinematics
NG () X
x J"jW (Xk—l’ Vk—llk—l’Vk—llk—l) X Pkt (X | Xioy) dXoy,
Extension
e ()
xIW (Xk> Vigk-1> Vilk- 1)
)
7 _ ()
where Wiy = PsWiy -

of estimation group kinematic state at time k — 1 separately,
and v,(j_) 1k and Vk( 111 separately denote degree of freedom
and scalar inverse scale matrix that estimate group extension
state at time k — 1 separately.

The predicted PHD can be obtained after integrating the
formula above:

Je-1jk-1

() ()
Dilk—l (&) = Z wklk 1?*97/”( Yies kjlk 1’ﬁk]|k—1)

)
X'/V<Xk’ klk l’Pklk L@ Xy)

2.2.2. The Birth PHD. The birth PHD can be obtained in
accordance with assumption 7 in [9]:

Tok

b (7) () ()
D (&) = Z%{kydﬂ (Vk’“b]k’ b]k)
i=1 (10)

x N (xk, b]])c’P(J) ® Xk) X IY (Xk) (7) V(J))

bk’ " bk

Therefore, Dy, (§) equates to the sum of the predicted PHD
of survival targets (9) and the birth PHD (10) and contains a
total of Jix—1 = Jx-1jk-1 + Jox GGIW components.



2.2.3. Predicted Cardinality Distribution of Group Targets

Py () =

Z py(n—j)
j'=0
(11)

00 li
P D) P 1-P5) ,
XZZ;'](Z ) k1|k1( ( s)
where p,,(n— j) denotes the probability for (n— j) new targets
to appear between scans k — 1 and k.

2.3. Update Steps of GGIW-CPHD Filter. Update part of PHD
can be obtained according to PHD theory [8]:

Dy (&) = Lz, (&) Dygi—r (&) - (12)

Likelihood function L 7, (&) is given as

Lz, (&) = 1-(1-¢™) pp (&) + e pp (&)

Z Z Y » (et Brge—1> IW1)

pLZ; Wep (13)

¢zk (Ek)

zkgw/\kck (z)’

where estimation of measurement rate y, is the expectation
of Gamma distribution; namely, y, = ogu/Bri- Ak =
Brax-S denotes the mean number of cluttered measurements,
and ¢(z;) = 1/S. p/Zy denotes the cluster consequence
of the pth nonempty measurement subset partitioned by
measurement set Zg. W € p denotes the Wth measurement
subset in the cluster consequence of the pth partition; [W/|
denotes measurement number in subset W. w, and d,, are
nonnegative normalization coefficients referring to partition
p and subset W, specified as

HWEde
w, = , (14)
ZP, L7y HW’ ep' dW’

wi
o )
dW 6|W|1 " Dklk . [pD( klk> e (aklk/ﬁk\k)gy )

(15)
¢, () ]

zkew/\kck ()

where Z, () denotes the likelihood function of measurement
rate and ¢zk(') denotes the likelihood function of measure-
ment. It should be illustrated that three methods about mea-
surement partition are proposed in [7]: distance partition,
prediction partition, and EM partition, in which the last two
methods were estimated on the basis of a relatively precise
consequence of first step prediction of group extension state,
but the condition cannot be satisfied while the targets are
maneuvering. Therefore, the distance partition method [7] is
used in this paper for measurement set partition.
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According to the provided model, the likelihood function
¢,, (§) can be obtained as

¢, (&) = p(z 1 &) = p (2 | % Xy)

= N (2 (Hi ® 1) i X.) »

(16)

where fklk denotes the jth component of GGIW estimated

(6)) P(J) () VJ)) In

(7)
at time k namely, Eklk klk’ /.;klk, Klk> Tkl klk’ K|k

addition, we can have [3]

~() kfi ® V1£|]k
klk = v](jli ts—sd-2
(17)
<0) Vin
K vih -2d -2

=(j) . . . .
where Pk denotes the covariance matrix of estimation con-

nected to the probability density function of x, Pkljlz denotes

covariance matrix of estimation connected to marginalized
probability density function of x;, and )A(,(CJU)C is the mean
estimation value of X, obeying inverse Wishart distribution.
In accordance with the fact whether the target can be
detected, the update part of PHD can be partitioned as

Dy (&) = k|k e (&)
. (18)
£y YoM Dg (g0 w),
pLZ Wep

where DkN”? (&) is the updated part of the target in leakage

alarm and Dklk(E(] ) W) is the update part of the target being
detected.

2.3.1. Update Part of the Target in Leakage Alarm. While the
target is in leakage alarm, namely, the emerged target has
not been detected, component parameters cannot be updated
by measurement at the moment, so it can be represented by
prediction of the target state, specified as

Jrik1
G B )
Dy ( Z wkfk?ﬂ M (Vk>“kj|k’ ﬁkfk) )
19

x N (Xk;ml(cjlk’ klk) xIW (Xk> 1(<J|1)< Vk(ljk)

where w!) = (1-(1-e (“k|k/ﬁk|k))p<1))w

klk klk—1°
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2.3.2. Update Part of the Detected Target. When the target is
detected, component parameters can be updated by measure-
ment, specified as

D (8 W)

w), W),x,X W) H3GW)
ﬁp%lg , yg 4 ga.an (yk’akjlk /3k]|k )

(20)
(W)

X /V(xk, Mg , P

K|k ® Xk)

x IUW (X v, vy .

ka klk

The likelihood function of measurement rate 55,(3 WY s
expressed as

a?
(o) ()"

pMeale

I () (BU)™ wn

M = (21)

Pk (1)

_ 2psz Zwep VoG (0) (GFA (0) (7w [0, 11/ |p]) (P (1]

n—|pl / (n _

The likelihood function of measurement gl(cj’w)’x’x is
expressed as

(7, W).x.X
gk
o)
/2 0 (W) 22)

(v,‘:.i J2)

) .
(e Wi sy IVéfz

k\k /

klki denotes the covariance of innovation, |V/|

denotes determinant of V, |W| denotes the measurement
number of subset W, and I;(-) denotes multiple Gamma
function. Assuming that there are p kinds of measurement
partitions at k time, | p, | denotes the number of the pth parti-
tion subsets W. Therefore, the number of GGIW components

in the update Step of CPHD is ]klk = ]k|k*1 + ]k|k71 21;:1 |pP|

where S

2.3.3. Posterior Cardinality Distribution of Group Targets [9]

|P|)!) Osipl + Gl (0) (P’HPH/ (n—|p| + 1)!) 8n2|p|—1) (23)

Zp[Z ZWep \Pp,Wlp,W

Gyjk-1 () and Gp,() denote the predicted probability gen-
erating function of the state and the probability generating
function of the false alarms; the coefficients are defined as
follows:

Mw 2 Prjk- 1[pD()Guvm(.>]1—[Pz(z/)

7! pFA( ’)
(Iph n (Ipl-1)
lp,W = GFA (0) Gkﬁc—l (P) |VT + Gllgxl (0) Gkﬁ( 1 (P) >
p (24)
Yoy = H fw'>
W'eP-w

hs}
|

2 Prjk-1 [1 -Pr()+Pp(-)Gy (9>] .

3. Multiple Models GGIW-CPHD Algorithm of
Group Tracking Based on BFG and STF

3.1. Best-Fitting Gaussian (BFG) Approximation Method.
BFG approximation method [15] is a function estimation
method of IMM on the condition of jump Markov linear
systems (JMLS). The basic thought is to approximate state
transition equation and covariance matrix of process noise
with a BFG distribution and keep the target’s mean value
and variance of prediction state to be the same in the
approximation model, so as to achieve rational transform

from multiple models to single model. Therefore, it can be
obtained according to BFG approximating method.
We take the following JMLS model into account:

X = Feoy () Xy + Groy () v (1) » (25)

where 1, denotes the target motion model in time interval
[k — 1,k), F_,(r,) and G;_,(r,) denote the state transition
matrix in model 7, and v;_,(r;) denotes white Gauss noise
whose mean value is zero and covariance matrix is Q;_; (r¢).
Model transition matrix is 7r;; = Pr{r, = j | r_; =i}.

BFG approximation is to replace the above formulas with
a BFG distribution:

X = (Dk_lxk_l + Vi_p» (26)

where v;_; ~ N(0,%;_,); Z,_, is the process noise variance
after approximation.

Formulas (25) and (26) in JMLS are replaced by factor A
and factor B, respectively. The key of the BFG approximation
is to find out rational ®@;_, and ¥, _; to make the following
formulas established:

E{xc1 | A} = E{x, | B},

(27)
cov {x,_, | A} = cov{x,_, | B}.



According to the conclusion in [14], set gy, = E{x;_; |
A}, Oy = covix,_; | A}, and we can get

M
T
D, = Zpk,rFk—l’
r=1

T
%1 =0 D0, Dy,

M
Oy = Zpk,r [F}:—l (®k—1 + Vk—l“lf—l) (Fl:—l)T
= (28)

r r r \T
+ G, Qi (Gry) ] - q)k—lﬂk—IVZ—lq)z—l’

e = Qi1 gy

M
r= Zﬂirpk—l,r>
i=1

where M is the number of tracking models, py , is the occur-
rences probability of model r at k time, and 71;, represents the
model transition matrix.

3.2. Prediction Steps of Multiple Models GGIW-CPHD.
According to the theory described above, prediction part
of GGIW-PHD Dy, (&) at time k includes the GGIW-
PHD birth intensity DZ(fk) at time k and prediction part of
posterior GGIW-PHD intensity Dy, _, (§) at time k — 1.

3.2.1.D° +(&). One-step prediction of parameter in Dk(fk) can
be obtalned by the prior knowledge.

3.2.2. Dy, (§). One-step prediction of parameter in
Dklk—l (&x) can be specified as

Je-1k-1

() ()
Dilk—l (&) = Z wkjlk—lg‘d‘% (Vk’“kfk 1’ﬁk|k 1)
=1

(29)

G
.'/V<Xk’mk|k*1’Pk|k 1®Xk)

() ()
xIUW (Xk’vklk 1> Vijk- 1)

where (xl(cjll)c—l and ﬂ,(j”)(fl, respectively, represent one-step
prediction of scalar shape parameter and scalar inverse
scale parameter of the jth component of the measurement
rate, m](dk , and P,Elj,z | ® X, respectively, represent Gauss
mean value and one-step prediction of covariance of the
jth component, and v}(cjli and V( 4ik> Tespectively, represent
inverse Wishart degree of freedom parameter and one-step
prediction of inverse scale matrix of the jth component.

Therefore, it can be obtained according to BFG approxi-
mating method.
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As prediction probability density function of measure-
ment rate is a Gamma distribution, an index fading factor
1/n;_; is introduced specified as

p(J)

(6) klk—1,r ()

K1 = Z < >“k-1|k—1>
r=1

-1,

p(])
klk—1,r
/sklk 1_2< >/3k 1lk-1°

-1,

where 7, > 1 and the length of effective prediction
window of the rth model is length, . = 1/(1 - 1/m_;,) =

ﬂk—l,r/(nk—l,r - 1)
The prediction part of kinematic state:

() () ()
Mot = Lot Mo

() () () () ()
Pklk 1= q)klk 1P 1lk- l((l)klk 1) +Zk|k r (31)

(@)
Dy Zpklk o F
where
() (J)
Lkt Zpklk lr{ [ k—1lk-1

() () T
+mk]1|k l(mkjllk 1) ](FI:—I)

+ G Qi (G

. T
_‘ij|1)< 1 I(c])llk—l (ml(c]—)llkfl) ((Dl(cjul 1)

(32)

G p G \F
_(Dklk IPk 1]k— l(q)klk—l) :

The rth model of prediction probability p,i{]l_l)r is

M
() &)
Prjic-1,r Z”irpk—l,i' (33)
i=1
The prediction part of extension state:

M

() ()

Vi1 = Zpklk—l,re
r=1

T /t1, . (J)
Ve
(34)
v kwl_d_lvw
klk-1 — (]) —d-1 k-1lk-1*
Vi-1lk-1 -

3.2.3. Fixed One-Step Prediction Covariance Using STF. It
should be indicated that it is available to adjust the filter
gain online by STF on the basis of measurement set partition
in order to prevent the problem of tracking model mis-
matched which eventually makes the discrepancy sequence
orthogonal. The adaptation of STF is mainly reflected in
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the identification of prediction variance, namely, fixing pre-
diction covariance with a fading factor [16]. In this paper,

P,Eljkv_vl) is fixed by a fading factor @™ of STF where P,Eljkv_vl)
represents one-step prediction covariance which means the
jth component of the Wth measurement subset. The GGIW
of survival targets is mainly modified and the specific calcu-

lation formula is

GW) _ GW) 5 GW) (W) GWNT | «Gw)
Pklk—l - a)k q)klk—lpk—llk—l ((I)klk—l) 2ka—l’
GW) (W) GW)
oiw _ ] T > wy W (6]
P ; kT T Gm
Lo e, [0

0
. . Y .

W W klk—1 W
G = N (k) - e HEL _ gy,

|W| k|k—1
GW) _ 1y ey GW) p(W) GWNT 1 (35)
L= H(Dklk—lpk—llk—l ((Dklk—l) H,
GW) 1y _ 1 0 (W)
N ) =E || o Y ) -Hmg")
| | (i)
Z; ew
T
1 0) (W)
Wl Z z’ —Hmy | >
z,((’)ew
=(j;W) i Gw) . . .
where zk] = (1/|W]) Zz}j)ew z,((') - Hmkjlk—l is innovation,

¢ is a weakening factor, and £ > 1. The single dimension
state space process in [8] is transformed to all dimensional
state space process due to the using of BFG approximation

method. Therefore, Y;{{;{_l = Xg,i_l can be obtained referring

to the all dimension process method in [3] and Xli{liq is the

jth component of one-step prediction of extension state.

3.3. Update Steps of Multiple Models GGIW-CPHD. In accor-
dance with the fact whether targets can be detected, the
updating part of PHD can be partitioned as two parts [17, 18].

Dy (&) = DkNll? (&) + Z z Dﬁk (EeW). (36)

pLZ, Wep

3.3.1. Update Part of Targets in Leakage Alarm. D,Ic\lj,? (+) is the

update part of PHD while the targets are in leakage alarm,
specified as

Tijk-1
ND () (ORP))
Dy () = Z wk{k?‘dﬂ (Vk;‘xk{k’ﬁk]lk) 37
j=1 37

) pl) D )
X ./V(xk,mklk, Pklk) X IUW (Xk,vklk, Vklk)’

7
wl(cjli = <1 - <1 - e_(a’i{’i/ﬁ’i{i)) Pg)) wl?l?c—l’ (38)
ah =,
ﬁl(cjll)c = ﬁli{llfl’
ml(cjll)c = mli{ll—l’
(39)
K- HL
Vl(j;c = Vlifll—l’
Vit = Vv

The formulas above indicate that the parameters cannot be
updated by measurement while the targets are in leakage
alarm, but its’ update parameters can be replaced by one-step
prediction.

3.3.2. Update Part of the Detected Targets. Firstly, in update

steps, kinematic measurement i,‘y and ZkW scattering matrix
of the Wth measurement subset are

_w 1 o)
zZ, = — z
k b
w2
zZ; ew

ZV= Y (-7 -7) .

(i)
2, €W

(40)

Update steps are also needed to be conducted in all
dimension state space which has been used in prediction
steps of BFG approximating method. Specified update steps
are

W) _ g w1,

Kk~ Fklk-1
GW) _ H()
Bix =B + L
GwW) _ () (W) (W)
ke = Mo T K &
(41)
GW) _ p(i) GW) qGW) (1 GWNT
Pklk - Pklk—l - Kklk—lsklk—l (Kklk—l) >
(FAL%) ()

Vik = Vi T IV

GW) _ () (W) w
Viik = Vigker ¥ Nigemr + 2k

G:W)
klk-1

represents the innovation matrix,

(W, . .
where K(J ) represents gain matrix, &€

klk—1
. . W
innovation vector, N ,ifkfl)

represents the



and Skjl}c | represents the innovation covariance. Specified

calculation formulas are

GW) _ (j,W)
Kt = P Hy (Sgi 1) ;

Gw) _ Zw )

k-1 = Hkmk|k v

GW) _ (GW\L_Gw) ¢ GwnT (42)
Neje-1 = <Sklk 1) &t (i)

5
(W) _ () T k|k—1
Skik-1 = WP Hy + Wl

In addition, the weight of the jth GGIW component of the
subset W is

w o w
W) = 0 el /ﬁ;f,:“»( it >
;W)
dW /3k|k Brak (43)

p(J)g W) (J)

Welk-1°
where
g?{j’w) _ gl((j’w),)’ % gij’w%x»x’
wi
Trik-1 OC(] W)
B [ TRk
dy =S+ e (B ) gy
j=1 ﬁk|k ﬁFAk
() JW ()
P L Wik
where w, can be calculated by formula (14). Therefore, it

can be di:duced that the update of PHD can be calculated
by formula (20) where the weight can be calculated by
formula (43), and Gamma parameters of measurement rate,
Gauss parameters of kinematic state, and inverse Wishart
parameters of extension state can be calculated by formulas
(41)~(42) [17].

The updated cardinality distribution is specified:

pk|kr (m) P(J)

- (45)
o Pk|k . (1) P(])

P (1) =

3.4. Update of Models Probability. Here, the conducting of
updating is divided into two parts.

3.4.1. Newborn Target Component. Lacking the posterior
information, as model probability of newborn target com-
ponent is mainly influenced by posterior information, the

probability of model r can be assumed as p,(c]:

1
pk,r = M’ (46)

where M is the number of tracking models in model sets.
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3.4.2. Existing Target Component. Model probability is
mainly updated by likelihood function, specified as

() (j,W)
j Pi-1,Z%
P = Sa T #7)

(jsW)’
zr:l pk|k—1 rgk r

where 3 ) is the likelihood function of the rth model and
can be spec1ﬁed as

()
T (e ) (B ”) m

r(egh ) (ﬁkfk”?) = iy

(j,W)
gk,r

o)
klk 1r

(j
1 |Vk|k 1r (48)
g W] 412 G7,W) k\kr 012
(w15, |) |Vk|]I;,r '

Ly (vier 12)
(Vl(cjlzc lr/z)

where [W| represents the measurement number of subset W
and |S| and |V| denote the determinant of matrices S and V.
One-step prediction parameters of the rth model are

)

B [0
k-1lk-1
(xl(cjll)c—l r | >
nk—l,r
:Bk Pr-1jk-1
ﬁklk L >
Mie-1,r (49)
() _ T/, ()
Vierr =€ TV e
) _
v el —d-1_
Kk-1r = ) RS
Vi-1]k-1 -

Update formulas parameters of the rth model are

(W) ()

Nkr = “k|k WL
;W) ()

By = B, + 1
GW) _ ()

Vikr = Viker, T IV

+ NUW oW

W) _ ()
v =V klk-1,r

klk,r klk—1,r
NOW) (S(]W) )-1 (W) ((j,W> )T)

Klk—1,r kk-1r)  Cklk-1r \Eklk-1,r (50)

(j;W)
Sklk 1,r

) T TV 4T
= H; [Fk 1Pk]1|k L (Fo) + G Qi (Gry) ] Hy

(J W) _ZW _
Shlk-1,r
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It can be analyzed that the model probability is updated
by using the likelihood function of different models from
each GGIW component in the process of updating, namely,
introducing the newest measurement information to update

the model probability.

4. Simulations

4.1. Scene Settings. The cluttered group targets motion scene
is two dimensions. Monitoring area is [-1000, 1000] m x
[-1000, 1000] m and the number of group targets is unknown
and time-varying, the simulation time is 30s, and the sam-
pling interval of measurement data is T, = 1s. Kinematic
state of group targets contains position and velocity; namely,
X, = [Xp Vi X 7, ). The time evolution model of group
targets’ kinematic state refers to formula (2); three motion
models are applied to describe the targets motion process in
the simulation scene of this paper including 1 CV model and
2 CT models [19]. The two kinds of models are both satisfied
with the following state transform equation:

x, = Fx;_; + Gvy_,. (51)
In CV model, there has been
10 T, 0
. 010 T,
“Y“loo1 o0
(00 0 1
2 ] (52)
= 0
2
T2
G=|0 =
2
T, 0
| 0 T, |
In CT models, there have been
[ sin (QT;) 1 - cos (QTy) ]
Q Q
1-cos(QT,)  sin(QT;)
Fer = 0 9 ’
0 0 cos(QTy) —sin (QT;)
[0 0 sin(QT)) cos (QT;)
. i (53)
L
2
T2
G=|0 =],
2
T, 0
L 0 T ]

where Q) denotes turning angular velocity of CT models

and sets Q =

+0.5rad/s. Observation model of group

targets refers to formula (4) where measurement equation

9
600 ..
.. o Group‘l * -
. . . * \I *
400 + . o» > . » N » *
e & - Combination of
R .. & % Groups 1 and 2
g 200 F + 'C',rgup@@@'@ @@4{9 .
- E »* .@ .
Nt 3 83 @ hGroupZ % » i
P~ 0 | Group Sﬁ %ﬁ eg@‘@x - » J
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- Combinati f o < -\ 1
=200 . G(I'g‘u[:?? la?xnd% 0 Nl © mupl i
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- Grou‘p 3«5 .« *
—400 L . .
-600 —-400 —200 0 200 400
X (m)
FIGURE 1: Trajectories of group targets.
H = [1 0]. In addition, transformation matrix of model
probability is
0.9 0.05 0.05
II=1]0.05 09 0.05 (54)
0.05 0.05 0.9

Observation location of sensor in the simulation was
assumed as (x, ¥,) = (0,0) m, the generation of clutter is a
process of Poisson point which obeys a Poisson distribution
with mean value A, = 10, and ¢, (z; ) is the clutter distribution
and uniformly distributed in monitoring area. The detection
probability of group targets is pp, = 0.99, and survival
probability of the target is pg = 0.95. The real extension
state of the ith group targets is X, = Ridiag([a? bR,
where R} represents a rotation matrix which is related to the
angle between long axis of the ellipse and coordinate axis,
a; represents long axis of the ellipse, and b, represents short
axis of the ellipse. The number of mixture components of
the newborn targets’ intension function is J,;, = 3, w,g{,i =
0.1; set the real originate position of the target to be the
random set of each newborn target’s components; variances

are P(j) = diag([100* 45°]). The extension state of new-
born group obeys inverse Wishart distribution and V(]) =

7, Vb)]k) = diag([1 1]). The measurement rate of the newborn
targets state set is y,; = 10,15,20; parameters of Gamma
distribution are oy, ) = 10,20,30, B, = 1,1, 1. The fading
factors of Gamma distribution prediction of the 3 models set
in this paper are 7, = 5, 6, 6. In addition, in the clipping and
merging of GGIW components, set the GGIW components
number maximally as ], = 100, pruning threshold is T, =
107°, merging threshold is Uy, = 10% and the picked state
threshold is E;;, = 0.5.

Figure 1 describes motion status of 3 group tar-
gets in clutter, group 1 is initialed with kinematic state
[-254 m, 509 m, 0 m/s, —50 m/s] , extension state (a,,b;) =
(10, 5), and measurement rate y(l) = 20. Group 1 is generated
at time k = 1, is extinct at time k = 30, and is
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FIGURE 2: Single simulation of GGIW-CPHD algorithm.

motioned in CT model where QO = m/l16rad/s during 1~
9s, QO = -—m/8rad/s during 10~17s, and QO = m/8rad/s
during 18~30s. Group 2 is initialed with kinematic state
[-248 m, 232 m,41.4m/s,0m/s]’, extension state (ay,b,) =
(15,6), and measurement rate y,(cz) = 10. Group 2 is generated
at time k = 3, is extinct at time k = 23, is motioned in
CV model during 3~9s, is motioned in CT model where
Q = -m/8rad/s during 10~17s, and is motioned in CV
model during 18~32s. Group 3 is generated at time k = 13,
is extinct at time k = 28, is motioned in CV model during
13~16 s, is motioned in CT model where QO = —m/10rad/s
during 17~21s, and is motioned in CT model where Q =
n/8rad/s during 22~25s. Specified measurements are pre-
sented in Figure 1, where the black dots represent the group
targets’ real measurements, and black “s” represents the

clutter.

4.2. Analysis. The MM-GGIW-CPHD algorithm in this
paper is mainly compared with GGIW-CPHD algorithm
in [9]. Single simulation results of the two algorithms are
presented in Figures 2 and 3. We can see from the sim-
ulation results that the two algorithms can track multiple
group targets well on the whole and can deal with the
merging and spawning factors. It can be deduced that
the tracking error of GGIW-CPHD algorithm increases
apparently while the group targets are maneuvering. How-
ever, MM-GGIW-CPHD can make full use of the posterior
measurement information in tracking process which can
decrease the tracking error while the group targets are
maneuvering.

200 orders of Monte-Carlo experiments are conducted.
OSPA missing distance is used to estimate the performance
of the two algorithms; specified calculation formulas are real
state finite sets: G, = {Eij)}ﬁ.\f’l", ,(j) 2 (y,i]),xlij),xli])) and
estimation state finite sets G, = {E,(z)}f\fl‘k, Ei) 2 (?g),ig),

XS)), where Ng; and N ¢ separately represent the real and
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FIGURE 3: Single simulation of MM-GGIW-CPHD algorithm.
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FIGURE 4: OSPA distance of GGIW-CPHD algorithm.

estimation number of group targets. While N, < N tio the p
order OSPA distance is defined [20]:

Ny .
: ) =(D\P
min Z d<c>< ;(;)) Ekj)

mellig joi

1/p
+CP (Nf,k_NE,k)>> 5

where measurement rate d(c)(y](j ), ?;j)) = min(cy, Iylij ) ?,(j) D,

E;C) = -
NE’k
(55)

¢, =35 p=2 kinematic state d© (x,(cj), A}(j)) = min(c, ||X;(<j) -
?{I(j)nz), ¢ = 60, p = 2; extension state d(c)(X(j),)’il(;)) =

min(c, ||X,(CJ) - XZ)HF), cx = 120, p = 2; || - || represents
the absolute value, | - ||, represents 2-norm of vector, and | - ||
represents F-norm of vector.

Figures 4 and 5 represent the OSPA distance and the cor-
responding standard deviation (dotted line) of kinematical
states. We can know from the simulation results that while
the newborn group targets are emerging or the group targets
are maneuvering, the OSPA distances of kinematic state of
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FIGURE 5: OSPA distance of MM-GGIW-CPHD algorithm.
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FI1GURE 6: OSPA distance of GGIW-CPHD algorithm.

GGIW-CPHD algorithm and MM-GGIW-CPHD algorithm
will both increase. Through the comparison of the results
we can find that while the algorithm is stable, the OSPA
distance of kinematic state of MM-GGIW-CPHD algorithm
is less than that of GGIW-CPHD algorithm on the whole. The
fluctuation range of estimation results is also smaller in the
MM-GGIW-CPHD algorithm due to the interactive fusion
of different models and the introducing of STF filter.

Figures 6 and 7 represent the OSPA distance and the
corresponding standard deviation (dotted line) of extension
states. We can know from the comparison of simulation
results that the OSPA distance of extension state of MM-
GGIW-CPHD algorithm is close to that of GGIW-CPHD
algorithm on the whole, but the fluctuation range of estima-
tion results of the MM-GGIW-CPHD algorithm is smaller
mainly due to the interactive fusion of different models to
estimate the extension state that make the stability of the
MM-GGIW-CPHD algorithm better.

Figures 8 and 9 represent the measurement rate estima-
tion (solid line) and the corresponding standard deviation
(dotted line) of the two algorithms. We can know from the
comparison of simulation results that the estimation accuracy

1
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FIGURE 7: OSPA distance of MM-GGIW-CPHD algorithm.
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FIGURE 8: OSPA distance of GGIW-CPHD algorithm.

of MM-GGIW-CPHD algorithm is better than that of GGIW-
CPHD, and the former algorithm has a smaller standard
deviation of estimation results and a better robustness.
Figures 10 and 11 represent the number estimation of the
group targets (solid line) and the corresponding standard
deviation (dotted line) of the two algorithms. According
to PHD theory, the sum weight of GGIW components is
the estimation number of the group targets. We can know
from the comparison of simulation results that the estimation
results of MM-GGIW-CPHD algorithm are closer to the real
number of the group targets than GGIW-CPHD algorithm.
What is more, the standard deviation of MM-GGIW-CPHD
algorithm is smaller than that of GGIW-CPHD algorithm.
In order to contrast the calculation amount of MM-
GGIW-CPHD algorithm and GGIW-CPHD algorithm, we
take the comparison with the CPU time used in each step
into consideration. In 100 time Monte Carlo simulations,
the average time each step needed in single simulation of
GGIW-CPHD filter is 10.35 s, as to MM-GGIW-CPHD filter
proposed in this paper 13.69 s is needed. As the introduction
of the multiple models filter, the calculating time of the MM-
GGIW-CPHD algorithm will increase accordingly. With the
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FIGURE 9: OSPA distance of MM-GGIW-CPHD algorithm.
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FIGURE 10: Group number of GGIW-PHD algorithm.

applying of BFG approximation method in this paper, the
calculating amount decreases in a certain degree due to the
approximation of multiple models to single model.

5. Conclusions

The MM-GGIW-CPHD algorithm based on best-fitting
Gaussian approximation and strong tracking filter was pro-
posed to solve the large error problem in multiple maneuver-
ing group targets tracking. The best-fitting Gaussian approx-
imation method is proposed to implement the fusion of
multiple models using the strong tracking filter to correct the
predicted covariance matrix of the GGIW component. The
corresponding likelihood functions are deduced to update
the probability of multiple tracking models using the newest
measurement information. We can see from the simulations
that the tracking performance of the MM-GGIW-CPHD
algorithm is better than the GGIW-CPHD algorithm in the
estimation of kinematic state, extension state, and the number
of group targets.
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