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ABSTRACT

We consider the problem of tracking multiple maneuver-
ing targets in the presence of clutter using switching mul-
tiple target motion models. A novel suboptimal fixed-lag
smoothing algorithm is developed by applying the basic in-
teracting multiple model (IMM) approach and joint prob-
abilistic data association (JPDA) technique to a state aug-
mented system. But unlike the standard single scan JPDA
approach, we exploit a multiscan JPDA (Mscan-JPDA) ap-
proach to solve the data association problem. The algo-
rithm is illustrated via a simulation example.

1. INTRODUCTION

We consider the problem of tracking multiple maneuvering
targets in presence of clutter using switching multiple tar-
get motion models. The switching multiple model approach
has been found to be very effective in modeling maneuver-
ing targets [1]-[4],[9]. While tracking multiple targets in the
presence of clutter, one has to solve the problem of mea-
surement origin uncertainty, i.e. how to associate the data
available at the sensor(s) with various targets or clutter
(false measurements). In the Bayesian framework the stan-
dard JPDA algorithm uses only a single (latest) scan data
available at the sensors. To use more information to solve
the data association problem, the idea of using multiple
scans of data (current and past scans) seems to have been
initially proposed by Drummond [8]. Roecker [6] has ex-
tended Drummond’s ideas where he has discussed problem
formulation and solution in some detail. In [6] only non-
maneuvering targets (i.e. one model per target) have been
considered. In this paper, we extend Roecker’s approach to
highly maneuvering targets where we allow multiple kine-
matic motion models per target. A novel suboptimal fixed-
lag smoothing algorithm is developed by applying the basic
IMM approach and multiple scan JPDA technique.

2. MULTISCAN JPDA

A disadvantage of JPDA is that it uses only the data present
in the current scan; in multiscan JPDA, we use multi-
ple scans. A marginal association event 6;-(k) is said to
be effective at time scan k when the validated measure-
ment y,”’ is associated with (i.e. originates from) target r
(r=20,1,---, N where r = 0 means that the measurement
is caused by clutter). Assuming that there are no unre-
solved measurements, a joint association event Oy is said
to be effective when a set of marginal events {6;,(k)} holds

true simultaneously. That is, © = ﬂm ir; (k) where 7; is

the index of the target to which measurement y< " is asso-

ciated in the event under consideration, (i = 1,2,---,m).
In the multiscan case with a scan window size L (L-scan—
back) and ks = k — L + s, we define multiscan joint events

L = ﬂle ﬂ:’;l Oir,, (ks) where ;. (ks) is the marginal
association event that at time scan ks, ith the validated
measurement y() is associated with target r;s. In JPDA
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we use O whereas in multiscan JPDA, we exploit Oy,
L>1.

3. PROBLEM FORMULATION

Assume that there are total N targets with the target set
denoted as Ty :={1,2,---, N}. Assume that the dynamics
of each target can be modeled as one of the n hypothesized
models. The model set is denoted as M, := {1,2,---,n}.
For target r (r € 7n), the event that model ¢ is in effect
during the sampling period (tx—1,tk] will be denoted by

M (r). For the j-th model (mode), the state dynamics and
measurements of target r (r € 7n) are modeled as

xi(r) = Flgf1(7")xkfl(7") + G£71(7’)Ui71(7“)7 (1)

2k (r) = h (zx(r)) + wi(r) (2)

where zy(r) is _of dimension ng, zx(r) is of dimension n.,
FJ_ () and GI,_,(r) are the system matrices when model
j is in effect over the sampling period (tx_1, tx] for target r

and A’ is the nonlinear transformation of z(r) to zx(r) for
model j. A first-order linearized version of (2) is given by

21(r) = H{(r)a(r) + w](r). ®3)

The noise processes v],_, () and wy (r) are mutually uncor-
related zero-mean white Gaussian processes with covariance
matrices Q7 _, (same for all targets) and R} (same for all
targets), respectively. At the initial time to, the initial con-

ditions for the system state of target r under each model
j are assumed to be Gaussian random variables with the

known mean ZJ(r) and the known covariance P} (r). The
probability of target r in model j at to, pf (r) = P{M;(r)},
is also assumed to be known. The switching from model
My, (r) to model M] (r) is governed by a finite-state sta-
tionary Markov chain (same for all targets) with known
transition probabilities p;; = P{Mj (r)|M}_,(r)}. Hence-
forth, tx will be denoted by k.

The measurement set (not yet validated) generated at
time k is denoted as Zj := {z(l),z,(f), ,z( )} where m
is the number of measurements generated at time k. Vari-
able 2! (i =1,---,m) is the ith measurement within the
set. Tkhe vahdated set of measurements at time k will be

denoted by Y%, containing m (< m) measurement vectors.
The cumulative set of validated measurements up to time

k is denoted as Z* = {V3,Ya,---, Yy }..
The goal is to find the fixed-lag smoothing state esti-
mate for target r (r € Tn) and some fixed lag d (k > d)

Ty—ak(r) = E{zr—a(r)|2*} and the associated error co-

variance matrix. We will use z(r)’ to denote the transpose
of xy(r).

ICASSP 2004



4. IMM/MSCAN-JPDA SMOOTHING

4.1. The State Augmented System
For each target 7, augment the state variable . (r) to T ()

as
O G N SN A SN O I
where Egcj) (r) = xp—;(r). Suppose that for the

augmented system, we obtain the filtered state esti-
mate Ty (r) := E{Ek |Zk} It therefore follows that
2(7) ~(i ~

Zon () = B30 (012"} = B ()
ments apply to the associated covariance. Using the above

definitions and the measurement equation (3), the aug-
mented system can be written as

Similar com-

T (r) = F_ Te_1 (r) + G_yv)_, (), (5)

2 (r) = Hy (r) T (r) + w] (r) (6)

where the matrices Flg 1 Gi_l and IA{T,JC (r) for the aug-
mented system are defined in an obvious manner (see [11]).

4.2. Fixed-Lag Smoothing Algorithm

We now extend the single scan IMM/JPDA fixed-lag
smoothing algorithm of [5] to apply to the multiscan case.
As in [6] we will follow a sliding window multiscan approach.
We assume that the scan window size is two. Given state
estimate at time k — 1 based on data up to time k — 1,
in Sec. 4.2.1 we provide first scan steps (using data up to
time k) and in Sec. 4.2.2 we provide the second scan steps
(using data up to time k + 1). Sec. 4.2.1 mimics [5] for the
most part with a few exceptions, hence, it is only briefly dis-
cussed. Assumed available: Given the state estimate

) ) |Mi (r), Zkil}, the associated co-

LTk—1|k— 1( =F {-Tk
variance P (r) and the conditional mode probability

k—1]k—1
wl_(r) = PIM]_,(r)|2¥7'] at time k — 1 for each mode
j € M,, and each target r € Tn.

4.2.1. FIRST SCAN STEPS:
Step 1.1. Interaction — mixing of the esti-
mate from the previous time (V; € M,, Vr €
TN): .The expressions for the predicted mode probabil-
ity pi (r) := P{M}(r)|2*7'} and the mixing prob-
ability p'V(r) = P{M;_(r)|Mi(r),Z2*"'} are as in
[5, Sec. 4.2]. Similarly, the expressions for the mixed
~0j .
estimate Ekj,l‘k,l(r) = EB{Zp_1(r)|M](r),2F '} and

the associated covariance PISZMk—l(T) = E{[mp-1(r) —

207 ~ 207 , j b1 .
Cp1jk—1 (N)][@h-1(r) =g 1o (r)]'| M (r), 2°7 "} are as in
[5, Sec. 4.2].

Step 1.2. Predicted state (Vj € M,, Vr € Ty):
State prediction:

]
F,g_lxk_l‘k_l(r).
(M)

=

Tp—1(r) := E{Zx(r)|MI(r), 2571} =

State prediction error covariance:
Plz\kfl( r) = F ij 1k— V(M Fy + G Qi1 Gy (8)

The mode-conditioned predicted measurement of target r,
z;(r), and the covariance Sj(r) of the mode-conditioned

residual uj(l)( ) = z,(f) —Z1(r) are as in [5].

Step 1.3. Measurement validation: This is exactly as
in Step 3.3 of [5]. Denote the volume of validation region

for the whole target set by Vi = Zf;l Vi (7).
Step 1.4. State estimation with validated measure-
ments (Vj € M,, Vr € Tn): From among all the raw

measurements at time k, i.e., Zy := {z(l) (2)7 ce z,(cm“))},
define the set of Vahdated measurement for sensor 1 at time

k as Yy = {yk ,y(2) (m(k))} where m(k) is the total
number of validated measurement at time k and y (l )
where 1 < Iy <l < -+ < lmp) < m(k) when m( ) 75 0.
Define the validation matrix

Q=wy] i=1,---,mk), r=0,---,N 9)

where w;» =1 if the measurement ¢ lies in the validation
gate of target r, else it is zero. A joint association event Oy
is represented by the event matrix

QAOk) = [@ir(O8)] i=1,---,m(k), r=0,-
where ©;(0)) = 1 if GW( ) C O, else it is 0. A fea-

sible association event is one Ix\yhere a measurement can
have only one source, i.e. o Oww((ak) =1 Vi, and
where at most one measurement can originate from a tar-
get, i.e. 0,(Ok) Zm(k)wW@k <1lforr=1,---,N.
The above joint events ©f are mutually exclusive and ex-
haustive. Define the binary measurement association in-

dicator 7;(©y) = Zi\f L Wir(Ok), i=1,---,m(k), to in-

dicate whether the validated measurement y( 9 is associ-
ated with a target in event Oy. Furthermore the num-
ber of false (unassociated) measurements in event O is

$(Or) = Z7n(k>[1 — 7:(Ok)]. We will limit our discussion
to nonparametric JPDA [2],[5]. One can evaluate the like-
lihood that the target r is in model j, as [5] A} (r) :=

= pl¥ilOk, Mi"(r), 25| P{OL}.

Ok
(11)
The first term in the last line of (11) can be written as

ZZZZ

Jji=1 —1=1jr41=1 in=1

plYi| M7 (r), 27

pYi|Ok, M7 (r), 2571

p[Yk|®k7MIzl(1)a7MIzN(N)7Zk71] X P{Mlil(l)vv

M (1), M (D), MY (N)| O, M7 (), 257,
(12
The second term in the last line of (11) turns out to be [5

P&} = AOE TT(Po) (1 = Po) @9 (13

s=1

where Pp is the detection probability (assumed to be the
same for all targets) and ¢ > 0 is a “diffuse” prior (for
nonparametric modeling of clutter) whose exact value is
irrelevant. We assume that the states of the targets (in-
cluding the modes) conditioned on the past observations
are mutually independent. Then the first term in (12) is

p[Yk|®kaM]zl(1)7 Tty

~ H Pl ykZ) ‘ezn

MY (N), 2471

Vi), 247, (k) C O (14)
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where the conditional pdf of the validated measure-
ment 3" given its origin and de, is given b

Yy g1ven_1ts origin and target mode, is given by
plyg” 0ir, (k), M7 (1), 2271 = N (g5 207 (i), S (ro) it
7:(Ok) = 1, else it equals 1/V, where

N(z;y, P) := |27TP|71/26XP[—%($ —y) P Yz —y)]. (15)

The second term on the right-side of (12) is given by
Hﬁ’zl’s#r e~ (s). Moreover, P{©x| M (r), 2" V3 }

1 ) 3 .
= —p[YilOk, M} (r), 2* | P{Ox} =: BL(r, Ok)
where c is such that Z@k Bi (r,©k) = 1. The following up-

dates are done for each target r (r € 7). Calculate AJ"(r)

(needed in Step 1.5 later) via (11)-(15). Define the target

and mode-conditioned innovations v (r, ) := y,(:> —Z1(r)

if 0;r(k) C O, else 0. Using ﬁ‘k,l(r) and its covariance
Bl 1), on
covariance P, (r) according to the standard PDAF [5].

Step 1.5. Update of mode probabilities (Vj € M,
Vi€ Tn): il (r) = P[M](r)| 2]

=~
r), one computes the state update x,(r) and its
\

= PIM{(r)| 2 Vi M (), 2] = Ll (r)AL)

where c is such that " wi(r) = 1.

Step 1.6. Combination of the mode-conditioned es-
timates (Vr € Tn): The final state estimate update at

= n =3 ; .
time k is given by @y (r) = 23:1 Ty (7)1, (r) and its co-
variance ]Sk‘ x(r) is given by

n

S { B + Bntr) = Fr0NEwer) = Bl } 0.

j=1

4.2.2. SECOND SCAN STEPS:

Here we update to scan k+1, given data up to time k41,
with a sliding scan window of size two. Compared to Sec.
4.2.1, here we have an additional conditioning on Oy.
Step 2.1. Interaction — mixing of the estimate from
the previous time (Vj € M,,, Vr € Ty):

14 (r, Ok) := P{M](r)| 2", Ok} = cB](r, O)p} " (r). (16)
predicted mode probability:

n

1 (1, k) o= P{M] ()| 2,0k} = pis ik (r, Or).

=1
mixing prob. p'V (r, ©) 1= P{M; (r)|Mj, (r), 2", O}
= pijui(r, Ok) /1l 1 (v, O%). (17)

~0j ,
mixed estimate Ekik(r, Ok) == E{Z(r)|M], (r), Z*, Ok}

= T, O (1, 04). (18)
i=1

covariance of the mixed estimate ﬁ,?ljk(r, Q) =

07

Z{ﬁéw(ﬁ Or) + [§2|k(7", Or) — §k|k(r7 Or)]

~i

I~ 207 il

X [Tapi (r, Ox) — Tap (r, ©4)) Y’ (r, O). (19)
Step 2.2. Predicted state (Vj € M,, Vr €
7n): This step is as Step 1.2 except for an addi-
tional conditioning on Of. We compute Zriﬂ‘k(r,@k) =
E{Zgi ()| My, (r), 2%, 01} and the associated covariance
Pl ,
ment of target r, %_‘_1&,@;@), and the covariance of the

(r,0k). The mode-conditioned predicted measure-

residual 1/,5:)1 (r,O) = z,ﬁl — /Z\ZH(T, Oy) follow similarly.

Step 2.3. Measurement validation: Let

',@ =a ax
(Jr, Ok) rg{jegm@k

‘Si+1(r7 @k)} . (20)

Then measurement z
if and only if

W (i =1,2, - m(k+1)) is validated

s =2 (B0 1873, (. B) o)y 3 (8] <

(21)
where v is an appropriate threshold. The volume of the
validation region with the threshold ~ is

Vi1 (r) = ca 2180, (r, 80)]? (22)

where n, is the dimension of the measurement and ¢, is
the volume of the unit hypersphere of this dimension. The
volume of validation region for the whole target set is ap-
proximated by Vii1 = Zi\;l Viet1(r).

Step 2.4. State estimation with validated measure-
ments (Vj € M, Vr € Ty): This part is quite similar to
Step 1.4 except for the additional conditioning on ©. The
variables Wiy (Ok+1), 0r(Okt1), etc. have the same meaning

as in Step 1.4. One can evaluate the likelihood that the
target r is in model j, as

Ay (r) = plYaga M (r), 28] = Z Z

O Oky1

PIYit1]Ok, Orpr, MY (), ZX]P{Ok 11 }P{Ok| M1, (r), 2"}

(23)
The first term in the last line of (23) can be written in a
manner similar to (12), P{®k11} is computed as in (13)
and the third term is given by

P{OKM, (r), 2"} = epr, (r, ©k) P{Ok }p[Yi|Ok, 2571,
(24)
plYil©k, 2°7] =D p[YilOk, M} (r), 251" (r). (25)

The probability of the joint association events ©yy1 and
Oy, given that model j is effective for target r from time k
through £+ 1 is

P{Ojs1,0u| M}, ,(r), 2%, Yies1}
1 .
= Ep[Ykﬂ\@kH, O, M, (r), Z"]P{O41}

x P{Ok| M}, (r), 2"} =: B, (r, Ok11,0%) (26)

where c¢ is such that Z@Hl Z@k ﬁiﬂ(r, Ok+1,05) = 1.
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Figure 1. Trajectories (zy positions) of the three targets.
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Figure 2. Root mean-square error (RMSE) in position using
single scan IMM/JPDAF [5] and the proposed multiscan (win-
dow size 2 scans) approach; smoothing is with lag d = 1.

) . . ~.
Using Tj41)x (7, ©&) and its covariance P]zﬂ‘k(r, O%), one
=J
computes the state update 2,1 1jx41(r) as

=

Tig1p41(r) == E{Trya(r) \M,§+1 (r), 2%, Vier1}

f:j .
=) Frprpr (1, Ok 1, O0)BL (1, Opi1, k) (27)

Okt1 Oy

where ﬁﬂwﬂ(r,@;cﬂ,@k) follows from a Kalman filter;
we omit the details.
Step 2.5. Update of mode probabilities (Vj € M,,

Vr e In):
(1) = P, (0127 = Lt ad ) (29

where c is such that Z;;l M1 (r) =1 and

() = 3l (n 00 P{OpIYE|O, 241 (29)
O

Combination of the mode-conditioned

Step 2.6.
The final state estimate

estimates (Vr € Ty):
update at time k + 1 is given by Zppippy1(r) =

> %’L+1|k+1(r)ui+1(r) and its covariance is computed
as in Step 1.6.

Finally we obtain the smoothed state estimate for the
IMM /Mscan JPDA algorithm (in addition to filtered state
estimate) as Tyi1—ik+1 (1) = Ezll‘kﬂ (r) fori =0,.....,d.,
and similarly the associated state covariance.

5. SIMULATION EXAMPLE

We consider three targets whose true trajectories are shown
in Fig. 1. The three motion models were selected for each
target, exactly as in [5, Sec. 5]. The initial model probabil-
ities and the mode switching probability matrix for three
targets is also as in [5, Sec. 5]. A single sensor (radar)
is used to obtain the measurements which are range, az-

imuth and elevation angles. The measurement noise wj

has covariance matrix R = diag[400m?, 49mrad?, 4mrad?].
The sensor is assumed to be located at the origin of the
coordinate system. The sampling interval was T° = 1s
and the probability of detection Pp = 0.997. The clut-
ter was assumed to be Poisson distributed with expected
number of A = 0.1/m rad?. However, a nonparametric
clutter model was used for implementing all the algorithms
for target tracking. The simulation results were obtained
from 50 Monte Carlo runs. Fig. 2 shows the RMSE (root
mean-square error) for the filtered position estimates and
smoothed state estimates for the three targets as a function
of time. It is seen that the multiscan smoothing approach
does provide a significant improvement over the multiscan
filtering and the single scan smoothing approaches.
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