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Abstract

The probabilistic data association filter (PDAF) is known to
provide better tracking performance than the standard Kaman
filter (KF) in a cluttered environment. In this paper, the stability
of the modified PDAF of Fortmann et al. [6], in the presence of
uncertainties with regard to the origin of a measurement, is
investigated. The modified Riccati equation derived by
approximating two random terms with their expectations is used
to prove the stability of the modified PDAF. A new Lyapunov
function based approach, which is different from the quantitative
evaluation of Li and Bar-Shalom [16], is pursued. With the
assumption that the system and observation noises are bounded,
specific tracking error bounds are established.

1. Introduction

The target tracking problem refers to the process of
estimating the state of a target using a set of measurements
associated with the target. In a cluttered environment, a
measurement may have been originated from any one of the
following: the target of interest, interfering objects, clutter,
countermeasures, or false alarms in the detection process. The
uncertainty with regard to the origin of a measurement makes the
tracking problem much more difficult than a regular estimation
problem. Accordingly, how to overcome, or circumvent, the
vagueness of the origins of data, which is referred to as a data
association problem, is the crux of a tracking problem. A typical
algorithm in this category is the probabilistic data association
filter (PDAF) [1, 2, 4, 6, 13, 16]. The first work on the PDAF [1],
which is more complex than the standard KF [7, 12], was
originally introduced by Bar-Shalom and Tsein 1975.

While the PDAF has demonstrated a good tracking
performance in the presence of uncertainties, neither the stability
proof nor the convergence analysis of the PDAF has been
completed yet. On the other hand, the stability and the
convergence analyses of the KF algorithm for nonlinear and/or
time-varying systems are still widely investigated in the literature
[3,9, 10, 11, 17, 18, 20]. For linear systems, the standard Riccati
equation leads to the stability of the KF, provided appropriate
controllability and observability conditions hold [7, 12] and the
KF sprediction covariance aways convergesin the steady-state.

A modified PDAF algorithm was introduced by Fortmann et
al. [6], in which a deterministic Riccati equation, as an
approximate propagation of the average covariance matrix, was
derived by replacing the random terms in the original equation
with their expectations over all possible validated measurements.
The stability of the tracking algorithm in [6] depends critically on
the detection and false alarm probabilities. It is apparent from
their work that the modified Riccati equation, which consists of
target detection probability and false darm probability, converges
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to the steady-state covariance in most cases. However, the
existence of a region in which the eguation diverges is aso
apparent. Therefore, the stability issue of the modified PDAF was
not answered completely. Moreover, the approach in [6] may not
be suitable for tracking in a heavily cluttered environment.

Li and Bar-Shalom [16] introduced another modified PDAF.
The approach of [16] is hybrid in the sense that a continuous-
valued covariance matrix, as a function of a discrete-valued
random variable, is used to characterize the performance of the
considered algorithm. The covariance matrix is calculated off-line
recursively using the modified Riccati equation, which is derived
by replacing the measurement-dependent terms of the original
stochastic Riccati equation with their conditional expectations
evaluated only over possible locations of measurements in the
validation region. The dependence of the covariance matrix on
the number of validated measurements, a discrete-valued random
variable, is retained after the expectation operation. The hybrid
approach of [16] has the merit that it yields a quantification of the
transients of tracking divergence as well as substantially better
accuracy than the approach of [6]. However, an analytic proof of
the stability and the boundedness of the tracking error in a
heavily cluttered environment are not yet provided in [16]. This
paper is basically motivated by the lack of a stability proof of the
modified PDAF.

The exponential stability of the linear Kaman filter for
estimating time-varying parameters of a linear regression model,
in which the regressors are stochastic and nonstationary. The
conditions and techniques used in [9] are different from the
traditional ones in the areas of system identification and adaptive
signal processing. In this paper, the approach of [9] is utilized in
proving the stability of the modified PDAF.

The main contributions of this paper are: The stability of the
modified PDAF algorithm for estimating the state of stochastic
dynamic model, in the presence of uncertainties of the
measurement origin, is investigated. It is shown that if the
observation sequence belongs to a gate s -algebra (defined in
Section 3), the information reduction factor assumes its value
between 0 and 1, and the system and observation noises are
bounded, then the stability of the modified PDAF is guaranteed.
A new approach based on a Lyapunov function, which is different
from the quantitative evaluation in [16], is proposed. Finaly,
specific tracking error bounds for given bounds of the system and
observation noises are established.

This paper is organized as follows: In Section 2, the standard
KF agorithm and the modified PDAF agorithm are compared.
The problem formulation is provided in Section 3. The main
stability analysis is carried out in Section 4. In Section 5,
conclusions are stated.

2. KFvsModified PDAF



To enhance understanding of the issues of this paper, the
standard KF and the modified PDAF are compared in this section.
Consider the following state-space representation of the target
motion and observation:

X1 = FX twy, k30, (2.1)

Vi = Hgxe +nye . k3 1, (2.2)
where x 1T R% and y, 1 R® are the state and observation
vectors, respectively; wy and ny are mutualy uncorrelated

white Gaussian noise vectors with zero mean and covariances Q
and R, respectively; and R, and H, are assumed to be

known time-varying system and observation matrices. Initial state
Xy s assumed to be Gaussian and uncorrelated with the system
and observation noises wy and ny . It is assumed that system
(2-1) and (2-2) is uniformly completely observable (see [12,
p.232] or [3, 17, 18] for the definition of the uniform complete
observability).

The two algorithms are now summarized as follows:
2.1. KF Algorithm [12, p.200]

The state estimate equation for (2.1)-(2.2) is

X1 = Fre1Xie g 10 23

)A(k|k = )A(k|k.1+ Ky (¥ - Hk)A(kik.l) , (24)
where )A(k|k»l is the state estimate at time k conditioned on
measurement data up to time k-1;

D

Ky =Pyi1HILR+ Hi Py oH g1 isthe KF gain matrix at time
k . The associated covariance equation is

Pak-1= P 1B - 1A 1+ Qe (29

Pk = Fqi-17 KiK'k - (26)
where F{<|k_ , is the covariance matrix of the state error
~ D ~ . . .
Xk 17 % * Xqk- 1 S is the covariance matrix of the
. . D ~
innovationterm hy =y, - Hkxk|k-1'

2.2. Modified PDAF Algorithm [2, p. 210]
The state estimate equation is

Xigk-1 = Fe- 13X 1k 1 (2.7)

)’Zklk = )A<k|k.1+ Ky by, (Yk;i - Hk>A<k|k.1) 7 (28
where Ky has the same form as the KF gain matrix of (2.4);
b.; is the a posterior probability for y.; to be target-
originated, where y ; is the i-th validated measurement at
time k. The modified Riccati equation, which corresponds to
the covariance eguation of the KF, is

k-1~ FI(-lPk-].'k—le¢-l +Qx-1, (29

R(lk = Pk|k-1' B K SKE. (2.10)

where §¢ in (2.10) is the covariance matrix of the innovation

D
term hy =3 7k by (Vi - ka(klk_l); z, is the number of

validated measurements at time k; qp is the information
reduction factor to be defined in Section 3 next, see [2, 6].
Remark 1 (2.9)-(2.10) are deterministicaly approximated
prediction and update equations of the covariance matrix, which
utilize the averaged covariance matrix obtained by replacing

random terms of the PDAF with their expectations over all
possible validated measurements.

3. Problem Formulation

In many tracking problems, uncertainties in the target motion
and in the measured values are usualy modeled as additive
random noises. The covariance matrices of the process and
measurement noises specify the uncertainties in target motion and
measured values, respectively. In practice, when tracking a target
in clutter, however, more than one measurement are possibly
available at any time step, and therefore the optimal estimate does
not hold anymore unless a correct and complete target-
observation assignment is accomplished at each time step. In this
situation, the tracking performance depends not only upon the
noise covariance but also upon the amount of uncertainty in
measurement origin. This dependence is characterized in terms of
the probabilities of detection and false alarm. The dependence of
error covariance upon the detection and false alarm probabilities
is explicitly characterized by a scalar parameter ¢, in the
modified Riccati equation.

Consider the modified PDAF (2.7)-(2.10) for estimating the
state of (2.1)-(2.2) in the following form:

R =Pk +RRHEHiea RHE +R 78 52 B i e - HieFice)

=R HRRHEaHiaRHE: R ™ Ve~ HeaRi&o,
(3.1
Pen = FkRFg- G P AHBAlR+ Hica PH ] T H i RFG+Q,
(32
where yk+l:é_izzkfbk+liyk+1,i , Ry is a symmetric positive
definite matrix, and R and Q are positive definite matrices.
R and Q may be regarded as a priori estimates for the
variancesof n, and wy , respectively.
The following notation and terminology are introduced: For a
matrix X, | max(X) and | in(X) denote the maximum and
minimum  eigenvalues and the induced norm s

D
I XN ={1 max (XX }% , where ¢denotes the transposition.
Regarding the modified PDAF agorithm, let Y, denote the
cumulative observation seguence set consisting of al the

measurementsuptotime k suchthat Y* ={§ 7% y;;}%.; . First,
assume that the true measurement at time k+1, conditioned
upon Yk , isnormally distributed, i.e.,

PLYics1 1Y T = NIYicori HisaFe R Sien]
A region in the measurement space, where the measurement will
have some (high) probability, is defined as follows:

Lia(©) =1V * Vie - HitPeR Skl Ve - Hica R £€)
={Yis1 : NBaScithica £ €}
where ¢ isathreshold parameter to be selected beforehand and

h is the innovation term [2]. The region defined above is called

the validation region or the gate. It is an €ellipse of minimum
volume. Related to a validation region, the following definition is
introduced.

Definition 1 A s -algebra on an abstract set Q is a
collection of subsets of Q which containsthe null set f andis
closed under countable set operations. If the set Q assumes



values in a certain validation region or a gate, it is particularly
cdled agate s -agebra
In the PDAF, it is also assumed that the correct measurement

is detected with probability Py and that all other measurements
are Poisson-distributed with parameter Cng , Where Vg is the

volume of the validation gate and Cj; is the expected number of
false measurements per unit volume [2, 6, 16]. Also, the
information reduction factor g, depends upon the probabilities

of detection and false alarm, and a so upon the volume of the data
association gate as follows:

02 = 0a(Pp ., CtVy) -
The following assumptions are now made.
Al: Assume that there exists a constant d >0 and an integer
h>0 such that

E}é(”fl)h1M| Ammy‘* d1, amost surely,"m3 0.
| Hyaa I
which  A.,.q is the gale s -algebra generated by

{Yo " Y1 -
A2: {ny,w} is random or deterministic process satisfying

s =supE([In II" + llwyc I | Ay_1} <¥ ,for somer >4,
K

. 1en
my =limsup—& ot in I1* + i [} <¥ , amost surely.
n® ¥
A3: The observation sequence Yy, belongs to a gate s -

algebra and the information reduction factor g, assumes a value

between 0 and 1.

Remark 2 Assumption A1 assures the observability of the
system considered. Assumption A2 characterizes the system and
observation noises. Assumptions A and A2 are adopted from [9],
see also [21] or [8, p. 372-374]. Note that assumption Al is
weaker than the uniform complete observability condition [19,
21] because an upper bound is not required. Finally, assumption
A3 characterizes the uncertainty of measurement origin.

Remark 3 It is known that if the noises {w,nx} is white

Gaussian and assumption A3 holds, then %, generated by (3.1)
and (3.2) is the best estimate for x, with estimation error

D
covariance R, [2,10],i.e, let X, =X - X, then
i =EDfAi 1], R = EIXGA ], (33
provided E[wy |Ay.1]=Eny |A.11=0, Q=Eww§|Ac 4],
R=Enngl A1l % =Elx] ad Ry =E[%XJ]. in which
A, 1 isthegate s -algebra generated by {yg,--, Y- 1} -

The main theorem of this paper is now stated. In Section 4, it
will be shown that the above conditions are the best possible.

Theorem 1 Let assumptions AL-A3 hold. Then, for {%}
given by (3.1)-(3.2),

1) limsUpE|| %, - X, I*€ Cagls , 17, and
n® ¥
. 10 - ~

2) limsup=& "% - % | £ Cy(ap)¥2[m, 4
ney N

amost surely ,
where s, ,my and r are defined in assumption A2, and o is

an information reduction factor introduced in A3. C; and Cp

are deterministic constants.

Remark 4: Theorem 1 asserts that the stability of the
modified PDAF is guaranteed if the system is uniformly
completely observable, the process and observation noises are
bounded, and all the measurements in a cluttered environment
belong to a validation region established in the detector. It is
known that the PDAF, in a cluttered environment, shows better
tracking performance than the standard Kalman filter. This is
because the uncertainty of the measurement origin can be
adjusted by introducing Q5.

4. M ain Results: Sability Proof

Before proving Theorem 1, the following lemmas are stated:
Lemmal: Let

— -1

Q =RARFRE pRAHE (HaRHE. +R) "HaRRE.  Let
Y, bethetransition matrix associated with {Fk}‘};il such that
Yii =Fc1Yki = =R RYq Y =1 "k-1303 0.
Let assumption A3 hold. Then, for any integers m3 0, h>0,
and ki [mh,(m+1)h], where is h an arbitrary but fixed
integer which breaks the time axis into blocks of length h, the
following inequality holds:

tr@Q) £1tr (P ) - {0 AgHS: (R+HiaGrnHe) "Hica R

+O(tr (P 5n)) +O()
D
where P mn=Y mephsrmbPnnY et mn and

D
o k=mh+h+1
Gin=Pmn *& ompar Yk 1mbQY € 1mi -
Proof: First of al, note that Qy is positive semi-definite for all
k30,i.e,
Q = RRRE- R ReH G (R+ Hywg RcHE) HH AR
=[(FRFO ™+ (Hi 1R DM (03" - DH o PH gy
+02' R H(Hy R D2 0

(4.2)

where the matrix inversion formula has been used to drive the

second equality. The covariance equation of the modified PDAF
of (3.2) attime Kk is
R =R 1R 1Rg 1~ Rk 1Re H(R* H P iHE) tHR 1R, +Q

£ Fy 1R 2 FiFoPoFfRe - REFE, + Q+ R 1QRE, +---

+ P 1R 2 - F FoQRgFE-- Fy oF& ;.

Now, to simplify the above expression, the state transition matrix
defined in the statement of Lemma 1 is utilized as follows [14,
15]:
P £Y 1 0PoY €0 + Y ikQY &k + Vi k-1QY Eien +---+ Yy 0QY o

D
o k

=Y oPo Yo +aisoYkiQY &

And therefore
o k+1,

FRRSE Y1 oRY 10+ & o Y ke QY ia-
In particular, for any k1 [mh, (m+2)h]
FRFEE Frnen Frneh-17++ Fnhet Foh Pron Fefin P e - Fiffinen- 15 fineh

o k=mhth+1
+ta k=mh+L Yk 1 mhQY I@—lmh



D D
o k=mh+h+1
=P o0 +& o Y- 1mhQY £ 1. =Gion-
(4.2)
Hence, by (4.2), (3.1) and (3.2) we have

tr [QETE[{ Gaf + (Hiwa P D (02" - DHa RH G + 'R
>(H k+1Fk-l)}- 1]4
=tr[{ G+ (HieaFid V(02 - DHiaaPHE + 'R
{HiatFk N Gon - oFGrnHE
MHis1GmH B2 + R  Hi 1 Gon FO ]
EU[{ Gt + (it Fe HE(GR - DHi i RH G + 03 'RT
{Hi P 1G]
£1r (G ) - {02 GinFkGrnH 2 (His1GrnH B + R)
Hi11GinFG

(4.3
Now, the following inequality is claimed:

tr{02GonFiGinn H 841 (Hi+1Grn H 1 + R) T H 4 1Grn P

- tr{0pGon FgH B1 (Hie G Hwa + R TH iR} 2 0,
(4.4)
(4.4) can be easily shown by using Lemma 1.7 and Lemma 1.10
of [5]. By substituting (4.4) into (4.3), the following inequality is
derived.

tr(Q) £1r(Grn) - tr{dz GonF#H Bia (HiceaGrinH Bt + R T Hica R
(4.5)
Now, by applying the Holder’ s inequality, the first term in the
right hand side of (4.5) can be written as [10]

tr (G ) £ (P ) +O(tr (P 7)) +O(D.  (4.6)

Consequently, by substituting (4.6) into (4.5), the assertion of
Lemmalisobtained. O

The result of Lemma 1 will be used in proving Lemma 2 next.
To guarantee the stability of a stochastic system, the stability of
moments as well as a sample should be assured. Now let’ s prove
the boundedness of fourth-order moment of the state error
covariance.
Lemma 2: Under assumptions Al and A3,

SUpE || B [I*< ¥.
k

From the boundedness of fourth-order moment, we can prove
that second-order moment of the state error covariance is aso
bounded.

Lemma 3: Under assumptions A2 and A3,
1%t 2
limsup =g || P I°£ ¥,
ne¥ Nk=o

Third, we will deal with the exponentia boundedness which
isinevitable to Theorem 1.

Lemma4 [9]: Let {a]} be an adapted sequence of the gate

s -dgebra A, a3 1 "k3 0.If for someinteger h>0, and

almostsurely.

constants O<a <1, | <¥,
Elay | Ac.q] £aay.1+1, "k®1, O<a <1, 0<I|<¥,
then there exist constants g1 (01) and M <¥ such that

€D e 14
EeQ ¢i- —EMg™ ™1 "n3m "m30.
g€ A
Now, we prove the most critical lemmain this paper.
Lemma5: Let us now denote X, =X, - Xy , and consider the

following stochastic Lyapunov function V :
Vie = X% 4.7)
then for any k3 0 and by A3,
) % Vi
4+ etr(g,F R FY
+O( | aF RFEIL I 17 +lIwi 173 )

where e=2||Q 1.
Proof: Subtracting the second equation of (3.1) from (2.1)
yields the error equation in the following form:

Xea1 = X + Zeaa (4.8)

Vir1 £ 05"V

where

Ik = Fi - KiarHia Fio

KI<+1 = Fk Pk H Q:+1(R+ H k+lF)kH I@+1)— l,

Zen == Ky + Wy
Andrewrite (3.2) using Ky, defined above as
Per1 = (1- a2) RS+ a2d A g + BaK e RK g + Q.

4.9

Then, from (4.7), Vi41 with (4.8) and (4.9) becomes
Vierr = (QeXic + Ze) Pt (e Re +Zic)

=XGIPRH I K +2284 1P I X + 281 P FiZien
(4.10)
By (4.9) and the matrix inversion formula, we know that

J6RA 3 = I (1- AR+ 0o I RIE+ K g Ry +Q 13y
=[ R + 3 (- &) I FRRE+ K REE +Q (3D Y
=R PPl o3Y - { ol + P72 381 o) FRFE
+0Ky 1 RK g +Q]'1Q2Jkpﬂ/2}'l] Py v
£ (R0 K 1- (1+ | IR I [(1- ap)
R P FE+ 0Ky RK G + Q1N 1)
£(6P) Y 1- [1+ | (L FRFE+QQ 11 1}
o1 1 1
R I g Rrer 2
(4.11)

To derive the third equality in (4.11) the matrix inversion formula
has been used. To derive the second inequality,

G2 fRJk £ Q2R RFE+Q

and

{(L- &) FPFg+ Ky qRKEy +QHE£QT
have been used.
Substituting (4.11 into (4.10) we get

1
2+ 0,Q R PRSI

+228 PRI + 8Pz
1

- - dz
2+ 1 Q" Il oz R PRI

14 -1
+22f 1P i + 2841 PiaZi

~ € -1 _ll:I~
Vie1 £ XA R) - (9P 0x,
g g

£ 05 'Vi Wi

(4.12)
Now, if using the elementary inequality 2xy| £ x* +y?, the
second term of (4.12) yields:



2| 84 Peh ik |£ 2284 Ptz (2411 Q7 Nl azF PR
+ o2 Vi
2(2+[1Q [l aoF R R

(4.13)
In deriving the last term in (4.13), the following relation from
(4.7) and (4.11) has been used:

XEIGP I % £ V.
Byusing zyy =- Ky ki + W it follows that
(Z8:1PC 2 41) (281 R A2i0)
= 20,1 P A2y I P2 (- Kt an +Wi) IP
£ 2801 P izl (KR K ) It 17 +RE w171
£ O([K 1P F1Kaal Iniaa 12) + Ol 1)

£O(IINgsg I? +Iwic 1),
(4.14)
Consequently, substituting (4.13)~(4.14) into (4.12) we get
1

y,
4+ 21Q loph AR & ¢

2 Joi(le
+ ZE+1H<_+1:LZK+1§+—” qzl::é?([:k " g

Vieq =65\ -

B 1 B
quj\/k - 1 QZJVk
4+2]1Q " [Itr (a2F PR

+O{ (w17 + Ny g 1)1 a,F PFEI -
415 O
Remark 5: It is noted that {ac} in Lemma 4 is the form of

a =4+etr(pRRF) . where e:2||Q'l||. Therefore, if
W(n,Kk) isdefined as

Wn+1K)=Gap - % Sk
C7 dver(@FPFDE
Wk,K) =1, "n3k30
(4.16)

then
EWn+LK)]EMg™ 2, "n3k30 0<g<l M<¥.

(4.17)

Finally, with these lemmas we are able to prove the main result of
thispaper.

Proof of Theorem 1 From (4.16) and Lemma 5 it follows
that

81 2 2.9
Vh EWN0) Vo +0§§ W0, K) [l aR PRGN 17 + v 17T
=0 7]
So by the Minkowski inequality we have
{E0 P £(Hwnov,
s’
OékaV\(nk) Il coF R RNl 1P +llwie IIZ)-u y
4 b

B .
£ o?é [E{WN,K) | 6o Fe PR (e 12 + T 1212194 S
k=0 %}

+[E{W(n0)Vo} 194,

(4.18)
Now, by the Holder inequality, Lemma 2, Assumption A2,
Assumption A3, and the fact that W(n,k) £1, we know that

EQW(N,K) | dp e PRl (1N e 1 17+l w 7)1
£ O((0) V3 EPWMN KM PLE(IN ey IF + llwy 1)} #°7)

£0((ap) s ( 19* [E{Wn k)11 73).
Hence, it follows from (4.17) and (4.18) that
limsupl E{V,,} ¥3]%4

ne ¥

£ timsup| OF & [(4o) ¥l 1Y% [EQw(n,k)} 148194

ne¥ { &k=0 [4]
+{E(W(n,k)Vo) Y3194
=0(qpls 17").

Therefore, we have the result as follows:

limsup E[ || X, 1] £ limsupE(| P, [IV,))
n® ¥ n® ¥
£ limsup(E || P, [1*) Y4 E(v,,) /%) ¥4
n® ¥
£0(ayfs 1%7).
Now, it remains to prove the second result of Theorem 1. By
Lemmalb, it is evident that

¥ % Vi
k=0 4+etr (QZFk H( F@

n1
= A (0" - Vk+l)+0§ alIQZH(Pkaq:"{ Pkt 17+l II2}_

k=0 %]

=0() +o§ a || Ao R PREI lInieag [+l w ||2}-

o

So by the Schwarz inequality, Assumption A2 and A3, and
Lemma 3,

1% 1 -

||msup_ a Ll\/k
no¥ nk:o4+e"(°a':kpk':|9

nl 0
song AimsupE & (N IP +lwy 1)
¥ Nio i 2

EO(Qz(nl)]/z).
Consequently, by thisand Lemma 3 it followsthat (f =1+e)
n:1 n1 1% .
alxl=a [4+{r(q F0)]
k=0 X k=0[4+f{"(°e':kpkﬁ<‘1)} 212 FRF9
£o‘?nll21 1% IP pj/ZO
é fk=0 tr(QZﬁRHQ{4+etr(q2Fk|q<|:k©}E
& -1 Y20
R G o R
cogialy — %M
é %lgo4+e“(qzﬁ<ﬁ<ﬁﬁt)%
= o(n(ap) 2 (V.

Therefore, we obtain the result in this paper as follows:

limsup=— L IR £ 0 @) (m YY) O
n® ¥ ko



5. Conclusions

The modified PDAF, which was developed for solving the
uncertainty problem regarding the origin of a measurement, is
known to show better tracking performance than the standard
Kaman filter in a cluttered environment. In this paper, using the
Lyapunov function approach, the stability of the modified PDAF
was analytically proved. It was shown that if the measurement
sequence belongsto agate s -algebra, the information reduction
factor takes the value between 0 and 1, and the process and
observation noises are bounded, then the state estimation error is
exponentially bounded and the bounds are determined by the
bounds of the process and observation noises.

It is expected that the analytic methods developed in this
paper can be extended to the stability and performance analyses
of the PDAF with the stochastic Riccati equation and the PDAF
with interacting multiple models.
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