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Abstract— In this contribution the problem of tracking convoys
moving on the ground by means of airborne radar is discussed.
A coherent radar with multi-channel array antenna is consid-
ered which makes clutter suppression by space-time adaptive
processing (STAP) techniques possible. In addition, a technique
to estimate the lateral length component of a convoy is used in
addition to the conventional range measurement. In this way,
knowledge about the full length vector of the convoy is obtained.
In the second part of this paper we discuss how far the knowledge
about the true convoy length can contribute to improving the
tracking process.
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convoy tracking.

I. INTRODUCTION

In earlier papers [3, 4] the effect of target location by
adaptive monopulse on the tracking of single or multiple
ground targets was discussed. In this paper the impact of
knowledge about the cross-range length of a convoy of
ground targets is analysed. First the sensor part is presented.
The tracking part is described in section 4.

Consider an airborne radar which searches within the visible
area for moving targets. Ground targets are normally buried in
strong clutter returns which are Doppler coloured by the radar
motion, i.e., clutter returns are subject to a direction dependent
Doppler shift. Since returns from moving targets depend
on two parameters (Doppler and direction) detection of
moving ground targets requires two-dimensional (space-time)
clutter suppression techniques. Prerequisite for obtaining
space-time radar data is a coherent radar with multi-channel
array antenna. Theoretical studies as well as experimental
evaluations have proven that space-time adaptive processing
(STAP) is the optimum answer to this issue. STAP is in
essence based on the space-time clutter covariance matrix
which may assume large dimensions for realistic numbers of
array elements and processed echo pulses. There is plenty
of literature available on the design of low dimension cost
efficient STAP processor architectures. For an introduction
into the world of STAP the reader is referred to [1, 2].

Once a target has been detected the radar has to decide whether
this target is geometrically extended or not. This can be
done by either range measurements, cross-range target length

estimation, or both. Range measurements are a standard output
of any radar. In order to measure the extension of a target the
range resolution of the radar has to be sufficient, i.e. of the
order of magnitude of a single convoy element. Techniques for
estimation of the apparent cross-range target length component
have been described in [5, 6].
In Section 2 we summarise the principles of cross-range target
length estimation. A simple tracking scenario is assumed in
section 3, and the results of the continuous length estimation
(range and cross-range components) during tracking are plot-
ted versus the revisit time. In section 4 we present a way to
incorporate a priori knowledge about the length of a convoy
into a BAYESian tracking scheme.

II. ESTIMATING THE LATERAL TARGET LENGTH

COMPONENT

In this section some findings presented in [5, 6] are sum-
marised. The geometry of the observation of a convoy by
airborne radar is shown in Figure 1. A multi-channel phased
array antenna carried by an airborne platform is located in the
origin and moves in x-direction. The target (convoy) consists
of a number of objects moving on a straight line at the same
constant speed. The direction of motion is defined by the
course angle ϕc. The l-th object radiates an echo back to the
radar

s(ϕl) = Al exp[j
2π

λ
(1)

× ((xn cosϕl + yn sin ϕl) cosϑl − zn sinϑl)]

where Al denotes the amplitude of the l-th arrival, n the array
element, ϕl azimuth of the l-th arrival, ϑ elevation, x, y, z the
coordinates of the array elements. The total of signals can be
comprised in a matrix

A = (a1, a2, ..., aL) (2)

where the vectors al contain the signals due to the l-th arrival
at the N array elements. The covariance matrix of signal and
noise then becomes

Q = ACA∗ + PW I (3)

with C being the inter-arrival correlation matrix and PW the
white noise power. For full correlation all the entries of C
have modulus 1, for entirely uncorrelated arrivals C = I.
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Fig. 1. Geometry of convoy length estimation and tracking

Once a target has been detected a bunch of beams is steered
in the target direction. Multi-beam techniques have been used
earlier for fine location of targets inside the antenna beamwidth
[8, 9]. A bunch of beams can be described by a matrix

S = (s1, s2, ..., sK) (4)

where the K vectors have the elements as given in 1 with Al =
1, i.e. beamformer weights. The steering covariance matrix
becomes

B(∆ϕ) = S(∆ϕ)CS(∆ϕ)∗ (5)

All the beams are displaced by a certain angle ∆ϕ which is
a measure for the target extension. By varying the angular
displacement between the beams and maximum search based
on a generalised estimation technique as described below an
estimate for the cross-range target length can be found.

A. Generalised match of the cross-range convoy length com-
ponent (ML)

1) Clutter-free case: Three techniques for estimating the
apparent target length have been discussed in [5, 6]. In this
paper we focus on the maximum-likelihood (ML) technique.
It is assumed in this section that no clutter competes with the
signal. Numerical examples are based on parameters listed in
Table 1.

It should be noted that in the clutter-free case the length of
a target can be estimated either spatially or via Doppler or
both.

In general signal matching (or maximum likelihood estima-
tion) is given by a hermitian form

PML = b(θ)∗xx∗b(θ) = tr [xx∗b(θ)b(θ)∗] (6)

where b(θ) is the signal replica or steering vector, and x is the
data vector under test which may include signal, interference

and noise. Eq. (6) is the maximum likelihood estimator for the
case that no correlated interference (e.g., clutter) is present.
The parameter θ denotes the length of a linear convoy. As
stated above the signal received from a convoy is stochastic.
Therefore, we have to match the received signal with a
reference convariance matrix

PML = E {b(θ)∗xx∗b(θ)}
= E {tr [xx∗b(θ)b(θ)∗]} = tr [xx∗B(θ)] (7)

where E b(θ)b(θ)∗ = B(θ) is the steering covariance matrix
of the desired random signal vector. The expectation of (7)
becomes

PML = tr [RB(θ)] (8)

where R is the covariance matrix of the test data which may
include signal and noise.

This kind of generalisation to random signals has been used
in sonar signal processing by the author [8] for azimuth
estimation in shallow water. In this application sound
propagates in terms of normal modes so that the resulting
received signal vector is random.

Number of array elements N 12
Element spacing d/λ 10
Array configuration linear sidelooking
Wavelength λ 0.03 m
Number of processed echoes M 1 (12)
1/20 PRF 733 Hz
Radar platform velocity νp 110 m/s
Type of convoy linear, equidistant
Number of vehicles in convoy 9
Convoy length 0...600 m
Convoy range 20 km
Convoy course angle ϕc 0◦
Convoy velocity νt 13 m/s
Signal-to noise ratio, single array SNR 0 dB
element & echo
Clutter-to-noise ratio, single array CNR 30 dB
element & echo
Revisit interval 16 s

TABLE I

PARAMETER SET

Figs. 2 and 3 show numerical examples for illustration. In
Figure 2 we assumed that the echoes coming from different
elements of the convoy are fully correlated, that means,
the elements of the inter-arrival covariance matrix C have
modulus 1. Accordingly, in order to achieve a match between
processing and target we have to use a processor with
fully correlated channels. These assumptions are unrealistic,
especially for moving radar and moving targets. The arrivals
coming from an extended object such as a convoy are in
general mutually uncorrelated due to variability of the RCS
and the motion of the individual elements of the convoy.
Moreover, in order to apply coherent processing the phases
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of the individual arrivals have to be known. Nevertheless, let
us consider this academic case just for illustration. As can
be seen in Figure 2 the output curves of a spatial processor
show maxima at the correct target lengths. If the world
were coherent we would be able to correctly estimate the
cross-range target length component. In reality we have to
assume incoherence among the arrivals and, hence, have to
match with a processor that assumes incoherence.
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Fig. 2. Estimation of cross-range target length: coherent arrivals, coherent
spatial matching (legend shows true target lengths [m])

Figure 3 shows such an example. As can be seen we obtain
rather broad curves with the true target length being located
on the right shoulder, close to the maxima of the curves.
We get information about the target length, however biased.
Recall that the curves shown in Fig. 3 have been obtained by
spatial matching.

It should be noted that similar curves can be obtained by
Doppler matching [5]. The curves are identical to those
achieved with spatial processing in Figure 3. This reflects the
well known fact that estimation of spatial target features is
not necessarily restricted to the use of phased array antennas
as long as the radar is moving.

It should be noted that the last two examples have been
calculated on the basis of a priori knowledge of the target
velocity and the course angle. Both parameters are unknown.
Therefore, these examples have only academic relevance. This
problem has been further addressed in [7].

2) Remarks on the practical use of the estimation proce-
dure: In the previous numerical examples it was assumed
that the position of the convoy as well as its radial motion
are precisely known. This is fulfilled in practice only up
to the beamwidth or the conventional Doppler resolution,
respectively. A more precise knowledge may be obtained
by estimating the point of gravity by means of adaptive
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Fig. 3. Estimation of cross-range target length: incoherent arrivals, incoherent
spatial matching (legend shows true target lengths [m])

monopulse (see [10]). In this case the bunch of beams should
focus first on the center and then spread out in both directions
(left and right) in order to estimate the apparent convoy
length. The issue of estimating the cross-range extension of
a convoy when its location is known only at the accuracy of
a beamwidth has not been discussed in this paper and will be
subject of further investigations.

B. Cross-range length estimation of convoys in clutter

The ML estimator in presence of interference is given by

PML =
x∗Q−1b(θ)b(θ)∗Q−1x

b(θ)∗Q−1b(θ)
(9)

where x is the vector of test data. It is well known that the
inverse interference covariance matrix Q−1 provides clutter
suppression down to the noise level. The unknown parameter
θ has to be varied until PML becomes maximum. Eq. (9) can
be modified by replacing the dyadic b(θ)b(θ)∗ by a steering
matrix B(θ)

PML =
tr

(
Q−1B(θ)Q−1R

)
tr

(
Q−1B(θ)

) (10)

In this form matching to a random signal is incorporated.
The covariance matrix R includes signal, noise and clutter.

Figure 4 shows numerical results for the estimator as given by
(10), i.e., with clutter suppression included. One gets useful
curves with maxima slightly below the true value (Figure
3). SNR and CNR were chosen to be 0 and 30 dB, respectively.

III. CONVOY LENGTH ESTIMATION DURING TRACKING

The numerical results shown in this section are based on
the ML estimator given by (10). This form produces the
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Fig. 4. Space-time generalised ML estimator with clutter suppression (legend:
true target lengths [m]).

expectation of the target length estimate since the dyadic of
received signals has been replaced by the covariance matrix
of signal, clutter and noise.

The estimate of the cross-range target length was retrieved
in the following way: As can be seen from the curves given
in Figures 2, 3, and 4 the maximum is always downward
biased. For the following curves for each revisit an estimation
procedure a maximum search was carried out. The target
length value associated with the maximum was then multiplied
by a factor of 1.3 which was found empirically to be an
appropriate correction factor.
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Fig. 5. Convoy length ML estimation during tracking in clutter (course angle
=0◦)

Let us come back to the track scenario shown in Figure 1.
For the following example we assumed that the radar moves

along the x-axis at a faster speed than the convoy (110 m/s
compared to 13 m/s). At a certain instant of time the radar
will overtake the convoy and, possibly at another instant of
time, the target motion relative to the radar will be zero. If
the target course angle is zero, that means, the target moves
parallel to the radar, then the radial target velocity becomes
zero at the moment the radar overtakes the target.

As was mentioned earlier we use a sparse array as a
compromise between available computer memory and
necessary array resolution. In a similar way the PRF
was chosen so that the clutter bandwidth was 20 times
undersampled. This means, however, that the radar is
ambiguous, i.e., returns from more than one direction may be
received. Also, more than one clutter notch may be generated
by Q−1.

In Figures 5-7 the output of the radar during a track is plotted
versus the revisit number. The figures show estimates of the
range and cross-range components of the convoy length as
well as the vector sum (total) and the true convoy length.
Recall that these curves are based on the covariance matrix
R of received echo data (10) rather than on single snapshots x.

Let us consider Figure 5. The course angle was assumed to
be 0◦, that means, radar and convoy move on parallel paths.
At about revisit 14 the radar overtakes the convoy. At this
moment the range extension of the convoy as seen by the radar
is zero. The steps in the range curve denote the uncertainty
due to quantisation into intervals of the size of the range
gate. In contrast, the cross-range extension shows a maximum.
Moreover, it should be noted that in the point of overtaking
the convoy Doppler is equal to the clutter Doppler so that
the cross-range estimate shows impact of the clutter notch.
Such an effect does not appear in the range extension curves
because they were simply derived from the geometry of the
track scenario and not estimated. At about revisit No. 30 an
ambiguous clutter notch can be noticed. If a fully filled array
were assumed and the PRF were chosen to satisfy the Nyquist
condition for the clutter Doppler bandwidth, then no effect
by ambiguous clutter notches on the length estimates would
show up. The fat curve (”total”) shows the vector sum of range
and cross-range convoy length estimates. As can be seen this
curve is a good approximation of the true convoy length. For
different course angles different from zero the minimum of the
range curve, the maximum of the cross-range curve and the
clutter notch appear at different revisit times as can be seen
clearly in Figures 6 and 7. In particular, for a course angle
90◦ the role of range and cross-range curves are interchanged.
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Fig. 6. Convoy length ML estimation during tracking in clutter (course angle
=45◦)
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Fig. 7. Convoy length ML estimation during tracking in clutter (course angle
=90◦)

IV. ASPECTS OF CONVOY TRACKING

A. Preliminary remarks on Bayesian tracking

In this section we present a way to incorporate the con-
voy length attribute information into a tracking algorithm.
The main task in target tracking based on the BAYESian
formalism is to iteratively update the probability density
function p(xk|Zk) which comprises all available knowledge
on the target state x at revisit time tk, conditioned on the
incoming measurements up to tk, Zk = {z1, z2, ..., zk} [11,
12]. Exploiting BAYES rule leads to

p(xk|Zk) = p(xk|zk, Zk−1) (11)

=
p(zk|xk, Zk−1) p(xk|Zk−1)∫

dxk p(zk|xk, Zk−1) p(xk|Zk−1)
(12)

The additional length information is included by writing the
pdf as a function now depending on two random variables, xk

and lk = (lrlϕ)�k , conditioned on the kinematic measurements
zx
k and on zl

k = (zlrzlϕ)�k where zlr denotes the measurement
of the radial length component and zlϕ denotes the estimate of
the cross-range length component. Both quantities are treated
as measurements. It follows

p(xk, lk|Zk)

=
p(zx

k, zl
k|xk, lk, Zk−1) p(xk, lk|Zk−1)∫ ∫

dxkdlk p(zx
k, zl

k|xk, lk, Zk−1) p(xk, lk|Zk−1)
(13)

Thus in order to solve equation (13), first of all one has
to calculate the prediction p(xk, lk|Zk−1) and the likelihood
function p(zx

k, zl
k|xk, lk, Zk−1).

B. Prediction

Applying the conditional pdf’s definition, the prediction
function can be rewritten as

p(xk, lk|Zk−1) = p(lk|xk, Zk−1) p(xk|Zk−1) (14)

The second factor is the ordinary kinematic part - independent
of lk. The first factor however, the prediction function of the
target length, depends on the target state at time tk, xk, which
is intuitively clear: To predict the actual orientation of the
convoy, the current target velocity vector ṙ has to be known
due to the collinearity of lk and ṙ. As in the prediction step
the best estimate for the current kinematic target state is the
predicted one, obviously the kinematic part in equation (14)
has to be calculated first.

We define the target state at revisit time tk as

xk =
(

r�k ṙ�k
)�

= (xk:1 . . . xk:4)
� (15)

i.e. the target’s acceleration is not considered here due to
the typically low agility of ground targets. The prediction of
the target state is based on the well known Kalman update
equations for Gaussian pdf’s. Thus it is fully described by its
mean and covariance and can be written as

p(xk|Zk−1) = N (xk; xk|k−1, Px
k|k−1) (16)

with

N (x; x0, P) ≡ [det(2πP)]−
1
2 exp[−1

2
(x − x0)�P−1(x − x0)]

(17)
Here xk|k−1 and Px

k|k−1 denote expectation and covariance
of the random variable xk at revisit time tk, incorporating all
measurements up to tk−1. For the dynamics model we assume
a linear Markov process [11], implying that the target state at
revisit time tk is fully determined by the prior target state at
tk−1:

xk = Fk|k−1xk−1 + Gkvk (18)

with normalized white process noise vk, process noise covari-
ance Dk = GkG�

k and evolution matrix Fk|k−1. In addition the
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kinematic measurement zx
k is assumed to be a linear function

of the target state xk:

zx
k = Hkxk + wk (19)

with normalized white measurement noise wk and
measurement matrix Hk. The linear dynamics model
and measurement equation are essential to keep the formalism
within the Gaussian framework. The expectation and
covariance in equation (16) can now easily be derived yielding

xk|k−1 = Fk|k−1xk−1|k−1

Px
k|k−1 = Fk|k−1Px

k−1|k−1F�
k|k−1 + Dk

(20)

The prediction of the target length depends on xk and lk−1.
Thus in order to derive an expression for the first factor in
equation (14) we include lk−1 by writing

p(lk|xk, Zk−1) =
∫

dlk−1p(lk|lk−1, xk)p(lk−1|Zk−1) (21)

where we have exploited the fact that the pdf of lk, given
lk−1, does not depend on the measurements Zk−1 and that xk

has no relevance for the pdf of lk−1. The probability density
function for the target length at the prior revisit time tk−1 is
assumed to be described by a normal distribution:

p(lk−1|Zk−1) = N (lk−1; lk−1|k−1, Pl
k−1|k−1) (22)

In order to keep the Gaussian framework of the algorithm,
we want to approximate the first factor in equation (21) by a
normal distribution as well. Thus in analogy to the kinematic
part we have to find an expression for the predicted change of
the target length vector. We assume that

lk = Lklk−1 + vk−1 (23)

with linear transformation matrix Lk and process noise vk−1.
We now try to determine Lk and vk−1 and start by writing

lk = |lk|
(

cosαk

sin αk

)
(24)

where αk = arctan(vy/vx)k is the course angle of the convoy.
For the change in total length we write |lk| = |lk−1| + λk−1.
This yields

lk = |lk−1|
(

cosαk

sin αk

)
+ λk−1

(
cosαk

sin αk

)
(25)

The second addend is taken as the process noise vk−1. Regard-
ing the first addend, the problem is that a linear transformation
from lk−1 to lk does not exist because of the nonlinearities in

|lk−1| =
√(

lxk−1

)2 +
(
lyk−1

)2
(26)

At this point we perform a linearization by assuming only
small changes in course angle from revisit to revisit, i.e.

αk = αk−1 + εk (27)

with sin εk ≈ εk and cos εk ≈ 1. This assumption is
justified by the small agility of a convoy. Thus equation (25)
considering only the first addend can be written as

lxk = l · cosαk lyk = l · sin αk

lxk−1 = l · cosαk−1 lyk−1 = l · sin αk−1
(28)

with |lk−1| = l. Applying the sum formula for sine and cosine
on equation (27) and exploiting the relations in (28), it follows

lxk = lxk−1 − εk · lyk−1

lyk = εk · lxk−1 + lyk−1

(29)

which is equivalent to(
lxk
lyk

)
= Lk

(
lxk−1

lyk−1

)
=

(
1 −εk

εk 1

) (
lxk−1

lyk−1

)
(30)

The random variable εk has to be substituted by the difference
of expectation values εk = αk|k−1 − αk−1|k−1.

By finding an expression for Lk and vk−1, we have shown
that under the assumptions stated above we can write the first
factor in equation (21) as a Gaussian:

p(lk|lk−1, xk) = N (lk; Lk lk−1, Rl
k−1) (31)

where Rl
k−1 is the covariance of the noise factor vk−1.

Inserting (22) and (31) in (21), exploiting the well-known
product formula for Gaussian distributions [13] and integrating
over lk−1 finally results in

p(lk|xk, Zk−1) = N (lk; lk|k−1, Pl
k|k−1) (32)

with
lk|k−1 = Lk lk−1|k−1

Pl
k|k−1 = LkPl

k−1|k−1L�
k + Rl

k−1
(33)

C. Likelihood function

As a starting point we write the likelihood function from
equation (13) as

p(zx
k, zl

k|xk, lk, Zk−1)
= p(zr, zϕ, zlr , zlϕ |xk, lk) (34)

= p(zr, zϕ|xk) p(zlr , zlϕ |xk, lk) (35)

= p(zr, zϕ|xk) p(zlr |xk, lk) p(zlϕ |xk, lk) (36)

thus separating the kinematic and the length part. In addition
the radial and azimuthal length part can also be separated as
these quantities are obtained by different methods, from real
measurement, zlr , and from an estimation process, zlϕ . The
first factor in equation (36) is the ordinary kinematic part for
which a simple Kalman filter normal distribution likelihood is
assumed:

p(zx
k|xk) = N (zx

k; Hkxk, Rx
k) (37)

with measurement error covariance Rx
k . We now face the

difficulty to find analytic expressions for the last two factors
in equation (36). This is nontrivial due to the geometric
dependencies of the quantities zlr , zlϕ on xk and lk.
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To simplify these dependencies, we introduce a new coordinate
system by a) shifting the origin to the actual position of
the sensor, and b) rotating the axes by an angle of −ϕ, i.e.
the sensor−target connection line is the new x-axis and the
measurement in the direction of y is zero by definition, see
Figure 8. Using cartesian coordinates for the target state and
denoting quantities in the new coordinate system by a tilde
symbol, equation (37) can be rewritten as

p(z̃x
k|x̃k) = N (z̃x

k; Hkx̃k, R̃
x

k) = N
[
z̃x
k;

(
zr

0

)
, R̃

x

k

]
(38)

with

R̃
x

k =
(

σ2
r 0
0 r2σ2

ϕ

)
(39)

This transformation also allows a simple analytic intergration
of range rate measurements [14]. In the new coordinate
system, it holds that zlr = zlr(l̃x) and zlϕ = zlϕ(l̃y). Thus
the remaining two factors in equation (36) can now be written
- assuming Gaussian distributions - as

p(zlr |x̃k, l̃k) = p(zlr |l̃x) = N (zlr ; l̃x, σ2
lr ) (40)

and

p(zlϕ |x̃k, l̃k) = p(zlϕ |l̃y) = N (zlϕ ; l̃y, σ2
lϕ) (41)

with one-dimensional standard deviations σlr and σlϕ . For
σlr the measurement error of the length measurement in
range direction can be taken, but for σlϕ there is no obvious
equivalent from the estimation process.
We propose to include simulated interference with statistical
properties [1] to create reference distributions of the estimated
lateral length component for different orientations of the
convoy relative to the sensor. By means of the predicted
convoy velocity, the actual orientation can be derived and the
width of the corresponding distribution could be taken as a
measure of σlϕ .
This can be achieved in the following way: Due to its hermitian
property, a covariance matrix S can be factorized, S = D D∗.
Now an interference data vector with statistical properties is

introduced by c = D n, where n is a vector of complex
independent gaussian numbers with E{n n∗} = 1. As

E{c c∗} = D D∗ = S (42)

then
S′ = (1/N)

∑
N

c c∗ (43)

is an estimate for S. Applying this method to the covariance
matrices Q and R in equation (10) leads to the desired
distributions.

By combining equations (40) and (41), the likelihood function
(36) based on the rotated coordinate system can finally be
written as a product of two normal distributions:

p(z̃x
k, zl

k|x̃k, l̃k) = N (z̃x
k; Hkx̃k, R̃

x

k) N (z̃l
k; l̃k, R̃

l

k) (44)

where

R̃
l

k =
(

σ2
lr 0
0 σ2

lϕ

)
(45)

is the combined measurement error covariance matrix.

D. Filter update

Finally the derived expressions for prediction and likelihood
have to be combined. After the transformation of the prediction
quantities into the new coordinate system, the initial probabi-
lity density function (13) reads

p(x̃k, l̃k|Zk)

∝ N (z̃x
k; Hkx̃k, R̃

x

k) N (z̃l
k; l̃k, R̃

l

k) ×
× N (x̃k; x̃k|k−1, P̃

x

k|k−1) N (̃lk; l̃k|k−1, P̃
l

k|k−1) (46)

We now apply the product formula for Gaussian distributions
[13] to the kinematic part (factors 1 & 3) and length part (fac-
tors 2 & 4), respectively. And by exploiting the normalization
property for Gaussian distributions, the denominator can be
eliminated yielding

p(x̃k, l̃k|Zk) = N (x̃k; x̃k|k, P̃
x

k|k) N (̃lk; l̃k|k, P̃
l

k|k) (47)

with

x̃k|k = x̃k|k−1 + W̃
x

k(z̃x
k − Hkx̃k|k−1)

P̃
x

k|k = P̃
x

k|k−1 − W̃
x

kS̃
x

kW̃
x

k
�

S̃
x

k = HkP̃
x

k|k−1H�
k + R̃

x

k

W̃
x

k = P̃
x

k|k−1H�
k (S̃

x

k)−1

(48)

for the kinematic part and

l̃k|k = l̃k|k−1 + W̃
l

k(z̃l
k − l̃k|k−1)

P̃
l

k|k = P̃
l

k|k−1 − W̃
l

kS̃
l

kW̃
l

k
�

S̃
l

k = P̃
l

k|k−1 + R̃
l

k

W̃
l

k = P̃
l

k|k−1(S̃
l

k)−1

(49)

for the length part. The final result is obtained by transforming
the quantities x̃k|k, P̃

x

k|k , l̃k|k and P̃
l

k|k back into the initial
coordinate system. This closes the iterative loop of the
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algorithm.

We presented a way how in principle the additional length
information can be incorporated into a tracking scheme. We
have derived Kalman filter update equations for the combined
tracking of kinematic state and target extension. The scheme
is open to extensions for finite detection probability, false
alarms, etc. The performance of this algorithm will be tested
in simulation scenarios including single and multi-target
situations and the mentioned constraints mitigated in further
studies.

V. CONCLUSIONS

This contribution deals with the issue of tracking moving
convoys of ground targets by airborne radar. For the radar
sensor three main tasks can be identified:

1) detection of the moving target in heavy clutter
2) estimation of the apparent convoy length in range direc-

tion
3) estimation of the apparent convoy length in cross-range

direction

Detection of moving targets in strong clutter background by
a moving radar requires space-time processing techniques
for adaptive clutter suppression, such as space-time adaptive
processing (STAP). Prerequisite for this kind of processing
is a coherent radar with multi-channel phased array antenna.
The convoy extension in range direction is a standard output
of the radar provided that the range resolution is sufficient.
For the cross-range component of the convoy extension the
ML technique can be shown to produce suitable estimates
even in presence of strong clutter. With both the range and
cross-range component of the convoy length the total length
can be obtained by simple vector addition. In this work
precise knowledge of mean convoy Doppler and position was
assumed. Further studies are required to resolve the issue of
low accuracy estimates.
To take advantage of this a priori knowledge, a tracking
scheme is presented which incorporates the additional at-
tribute information of the convoy length within the BAYESian
formalism. The performance of the algorithm will be tested
in simulation scenarios and the results presented in further
studies.
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