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In this chapter we describe some of the ideas being pursued insen-
sor scheduling as they apply to radar. A modern phased-array pulse-
Doppler radar has several di erent parameters available fo r scheduling:

waveform, beam-shape, beam direction, pulse repetition interval, etc.

Choice of di erent values for these parameters provides di erent trans-

mit modes for the radar and these modes in turn provide a variety

of \blurrings" of the image of the scene. The application of i deas in
scheduling to the di erent possible modes of the transmit ph ase of such
a radar, has been shown in simulation to improve many aspects of the
performance in tracking and detection of targets. We give a quick in-

troduction to the ideas of radar followed by a discussion of some of the
theoretical ideas involved, and with results of some simulations. We end
with a discussion of the theoretical problem of scheduling t he measure-
ments and tracking of a one-dimensional system.

Radar; sensor scheduling; waveform; beam-shape; control;,detection;
tracking; revisit time; myopic; non-myopic.
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1. Introduction

A radar system is a way of viewing a scene using electromagnret
radiation at wavelengths that can be processed using eleabnic equip-
ment. Since ambient radiation at these wavelengths tends tde low in
power, typically radars provide the illumination as well as the viewing
system. The control of the source of radiation leads to majoradvan-
tages, as well as some disadvantages. The most important gidvantage
is that the amount of illumination is limited. Most radar sys tems in
use aremonostatic; that is, their illumination source and receiver are
collocated. This has the advantage of shared electronics a@nantennas.
Much e ort is currently going into multistatic radar systems, but in this
chapter we will focus only on monostatic radars. For such radrs the en-
ergy returning to the receiver from a scatterer is inverselyproportional
to the 4th power of the distance. This means that, to achieve mgni cant
range, radars have to rely on a mix of high transmission powerclever
ideas in the use of waveforms, sophisticated antenna desigo focus the
energy, and high performance signal processing.

Our aim in this chapter is to describe ideas being explored fothe
control of radar systems. Since we are not assuming any expee in
radar, we begin with a short description of the ideas of radartheory.
This description focuses on the most commonly used form of th tech-
nology, namely a pulse-Doppler radar system. After that we dcuss some
of the basic ideas in sensor management and then give resukd simula-
tions that show the kind of improvement that the use of sensorschedul-
ing might produce. We have focused on work we have been assatgd
with, and have omitted much excellent work of other workers n this
burgeoning subject. Finally we discuss a theoretical prol#m in sensor
management.

2. Radar Fundamentals

In this rst section we discuss the basic ideas in a pulse-Dopler radar
system. Our treatment is brief and focuses on the underlyingtheory
rather than on the important issues of implementation.

2.1 Ambiguity and Radar

Illumination of the scene is provided by a signal that is emited from
the radar system. This signal is usually a waveform that is réatively
slowly varying superimposed on a rapidly oscillating sinusidal carrier.
Thus it can be expressed as

s(t) = w(t): cos(2f ct): D)
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Herew (t) is the slowly varying waveform, andf . is the carrier frequency.
It is important to make the rather obvious observation at thi s stage
that all signals transmitted and received are real-valued. However, it is
possible to represent complex waveforms in such a way that thy can be
transmitted. Thus for a complex waveform w (t) we transmit the signal

s(t) = (<w(t)):cos(2f ¢t) (=w(t)):sin(2f (t): 2)

On return, the \in-phase” or | component can be separated fran the
\quadrature" or Q component by demodulation against cos(2 (f.t)) and
sin(2f ¢t)) respectively. Much of the theory of radar processing taks
place in the complex domain. It is convenient, and a powerfutheoretical
device, to replace the signal (2) by its complex version:

Se(t) = w(t)):exp(2if ct); 3

so that s(t) = < s¢(t) . The carrier is often in the range 1{30GHz. The
waveform will typically occupy a bandwidth that is less than 1/10 of
that.

The superposition principle allows us to assume just a singl scatterer
in the view of the radar. The transmitted signal hits this scatterer
whose distance (we measure distance and time in the same usjtfrom
the (collocated) transmitter and receiver isr. Assume that the scatterer
is stationary. The return signal will be a delayed version ofthe original,
delayed by the total round trip time from the radar to the scat terer.
Speci cally the signal voltage at the antenna of the receive is

su(t) = As(t  2r) (4)

where A represents the overall attenuation and includes a phase clmye
(so is complex) due to re ection.

In the receiver some noise is added (\receiver noise"), arisg from
thermal activity generated within the components of the receiver. For
distant scatterers the return signal is often so weak that this thermal
noise can become a signi cant issue. We write

Sr(t) = su(t) + N(1);

where N (t) is a white Gaussian process, for the signal after the initia
stages of the receiver. Thermal noise is to a good approximatn white
and Gaussian.

Now we consider the possibility that the target is moving relative to
the radar. The scattered waveform is modi ed by the Doppler eect. If
this is done correctly it results in a \time dilation” of the r eturn signal, so
that, if the target has a radial velocity v, the return signal s, (t) becomes

su(t) = As(t 2r);



where y
_@ oy
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When v is much smaller than c this is approximated by =(1 2v=0.

A further approximation is possible if, as is usually the cag, the signal is
\narrow band"; that is, if its (Fourier) spectrum is essenti ally in a range
(f¢ ;fc¢+ )andits re ection in the origin, where is small compared
to f.. For most radar applications, this is a reasonable assumptin since
the signal modulating the carrier will have relatively low bandwidth. In

this case, the return signal is approximated by shifting thefrequency of
the return from a stationary target at the same range by fy = (2v=0f,
the so-called \Doppler frequency”. This is best written in terms of the
complex signal

2R i = 2R
su(t) = < w(t T)e2 if c(1 2v=o)(t 2R) )

This equation is the standard one used in most radar calculdbns.

When the return is received, it is demodulated to strip o the carrier
frequency. Typically, the return is \mixed with", that is mu ltiplied
by, cos 2ft and then low-pass ltered to eliminate the high frequency
component of the mixed signal. This is the demodulation phas refered
to earlier.

In the complex domain, the demodulated signal is as descrilikin (5).
The signal is then Itered against another chosen signalv(t), often v
is chosen to be the same aw (match- ltering ); that is, it is correlated
with that signal, resulting in

z

Aw;v(x;f)=  v(t) w(t x)& dt; (6)
R

after a slight change of variable.

A general scene may be regarded as a function of range and Ddpp
corresponding to a \re ectivity" assignment (t;f ) to each value of range
and Doppler. We include in this description of the scene the #enuation
due to range of the scatterer. The superposition principle ays that the
resulting return is a convolution in range and Dopper of the £ene with
the ambiguity:

27z
R(;f)= ( O,fchw;v( of f()d %r © (7)
R?2

By varying the waveform, we are able to vary the shape of the am
biguity and thereby the kind of blurring that the radar proce ss does to
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the scene. Evidently it would be best if there were no blurrirg, that
is, if the ambiguity were a \thumbtack" with a spike at the ori gin and
zero elsewhere. Unfortunately, there is a fundamental lintation that
prevents this. It is known in various forms, in particular, as (one form
of) the Heisenberg Uncertainty Principle, and as Moyal's Icentity. In
the latter formulation, it is expressed as follows:

TAwNIIL2(R2) = IIWiiL2RYIIVIIL2(R) (8)

It states that the L2 norm of the ambiguity function as a function
on R? is the product of the L2 norms of the transmit signal and the
Itering signal as functions on R. Since signals have nite energy, the
ambiguity must be an L2 function, and have a lower bound on itsL?2

norm. Accordingly a \thumbtack" is impossible. The range-Doppler
must be \blurred" by the imaging process in radar.

2.2 Beam-forming

In addition to nding range and Doppler, a radar usually needs to
estimate the direction of a target. This is done by pointing the illumi-
nation in particular directions and \ ltering" the return a ccording to
which direction it comes from.

The classical way to form a beam in radar is to use a paraboloa
dish. The beam is pointed in a given direction by mechanicalf steering
the dish. Both the transmit and return beams are \spatially Itered" by
the dish. Returns from particular directions are emphasizel and those
from other directions are attenuated. More and more this appoach is
being replaced by an electronically steered array antenna.Typically,
this is comprised of a multiplicity of small antenna element to which
the transmit signal is fed. By varying the phase of the signalacross the
array it is possible to steer the direction of the beam, and byarying the
voltage applied to each element it is possible to reshape thbeam. The
direction and the shape of the transmit beam can be varied rajally. This
is particularly important in a situation where the radar is p erforming
multiple functions such as tracking several targets while @tecting new
targets. As a receive antenna, such a system can simultanesly steer
many beams by means of the processing of the returns at each tmna
element.

In neither the mechanical nor the electronic approaches ishe beam
perfectly sharp. This is inevitable since the aperture of tre system is
nite in extent. In the case of the electronic array, this problem is
compounded by the fact that the array has discrete elementsrather
than a continuum. However, in the latter case it is controllable. As
a result of this imperfection, again the scene is \blurred”; in this case
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the directions of the scatterers are averaged over the respse of the
antenna. In the case of an electronic array, it is possible tachange the
\blurring" as well as beam-direction quickly. Thus in a phased-array
system there is scope for the control of the illumination.

2.3 Doppler Processing and Pulse Compression

One way of copying with the ambiguity trade-o problem forced by
Moyal's Identity (8) is to use a technique called Doppler processing
There are several issues associated with the accurate measment of
range and Doppler:

= A short pulse gives more accurate range measurement;

= A longer pulse has more energy in it, and the more energy used i
illumination the more will be scattered back;

m The e ect of the Doppler of typical targets on short pulses is es-
sentially trivial.

An imperfect solution to the problems arising from the contradictory (to

Moyal's Identity) requirements of good range and Doppler mesurement
is adopted by apulse-Doppler radar The solution involves the following
mechanisms:

DP-1) Pulses of a length short enough to incur relatively litle Doppler
e ect but long enough to individually give relatively high e nergy
on target are chosen;

DP-2) These pulses are chosen in such a way that their auto-ctelations
are close to a spike with small side-lobes;

DP-3) A number of such pulses are transmitted with long gaps letween
them to give time for the Doppler to have e ect across the whok
sequence of pulses.

The e ect of DP-2) is to produce a virtual pulse whose length & the
width of the central lobe. Of course, this is never completgt perfect
since it does have side-lobes, but waveforms have been dabed for
which the performance in this respect is excellent. DP-3) mans that
the Doppler frequency shift is being sampled at a discrete $eof time
points. If the sampling rate is faster than the Nyquist of the Doppler
frequency shift, then the Doppler can be unambiguously extacted.

One might ask why Moyal's Identity does not cause problems hee.
Of course it does. Whatever the sampling rate, there are Dopler fre-
guencies that are ambiguous and correspond to side-lobes the overall
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ambiguity of the series of pulses. It is important to choose he sampling
rate to be high enough that this does not happen for targets ofnterest.
On the other hand, if the sampling rate is high then returns of earlier
pulses from distant targets can appear after later pulses hae been trans-
mitted. This range-aliasing also corresponds to side-lobes in the overall
ambiguity. Thus Doppler processing also su ers the same prblems as
a single waveform. However, it provides a mechanism for conbl of the
position of the side-lobes to best t the context. Moreover, it is possible
to view the sampling rate, as well as the number of pulses usenh this
processing, as control parameters in scheduling a sensor.

3. Sensor Management | Overview

Conventional radars typically employ the same waveform andbeam-
pattern over many pulses. The received signal can be, and ah is,
processed in several ways to extract di erent kinds of infomation, or in
response to knowledge gained from the environment, but on té trans-
mit side, the mode of operation of the radar system is esserdlly static.
In these systems it may be possible to modify the waveform usk of-
ine but not during the processing period. Recent advancesm hardware
have made the possibility of changing transmit modes, and ideed most
parameters quickly; if not between pulses then at least on acale of a
few tens of pulses. Moreover, as in the case of the receivelsi adap-
tivity, these modi cations can take into account the knowle dge of the
environment gained about the scene.

The key features of a managed sensor system are that it senstdse
environment and chooses an appropriate waveform, beam-ptgrn, pulse
repetition interval (PRI), etc (collectively called the sensor modé to best
extract the required information. Any such system must have at least,
the following components in addition to the basic sensor andancillary
components:

SM-1) A method of estimating the current (that is at the time o f trans-
mission of next pulse) state of the environment. This is doneon
the basis of prior measurements together with some model ohe
dynamics of the environment. It may be important to estimate
not only the scatterers of interest (targets) but also those that
are not of interest (clutter), since knowledge of the latter may be
useful for determination of an optimal radar mode.

SM-2) A measure of e ectiveness of each potential sensor med This
should be a function of both the mode (as de ned above) and
of the environment, or at least the estimate of it mentioned n



SM-1). Most importantly, it should be based on the operational
problem at hand.

SM-3) A library of modes from which the optimal mode is chosen This
might be just a nite library, but also might be an in nite pa-
rameterized family of, say, waveforms.

SM-4) A method for nding the optimal choice of mode over one o
more epochs, based on the measure of e ectiveness.

We note that, at its simplest, the optimization will be on an epoch by
epoch basis (the so-called \greedy" or \myopic" approach). In this case,
the mode is chosen just to optimize for the next epoch and defecon-
sideration of future behavior. A more sophisticated systemwould look
several epochs ahead in applying the measure of e ectivengsthough
it would also update the scheduling policy on an epoch by epdt ba-
sis. Such an approach isa priori, very computer intensive, and much
work is needed to develop shortcuts to calculation of the ogtnal policy.
Sometimes it may be appropriate to choose to measure the e diweness
of a policy only at the last epoch of application of that policy.

It should be noted that this regime allows the possibility that the
sensor is spread over several platforms and/or is comprisedf several
physically di erent sensors within each platform. It can encompass tra-
jectory control for platforms and even control of data ratesin connecting
platforms to each other and to a central node. In each case theystem
can be viewed as consisting of many real or virtual sensors, vere a vir-
tual sensor can be a particular mode of a sensor, a position af platform,
a particular bit of a measurement made by a sensor, etc. Thushe sensor
management problem may seen in all of these cases as one of abing
to switch between many di erent sensors, where the choice isnade on
the basis on knowledge of the environment. This view is scheatically
represented in Figure 1.

The ultimate goal of research in this area is to \close the lop" in
radar signal processing by producing algorithms for scheding of beam-
directions, beam-shapes, waveforms and other radar moddis so as to
optimally extract information from the environment (targe ts and clut-
ter). Several sub-objectives contribute to this. As we havealready said,
in order to choose the best modality for a given radar enviroment, an
estimate of that environment needs to be available at the timre of making
the selection, a method of assessing the e ectiveness of avgh modality
in a given environment is required, as well as an optimal schauling algo-
rithm to make the selection of an optimal modality for each ofa number
of future epochs. Because of space constraints, we limit owtiscussion to
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Figure 1.  Schematic of Sensor Management

simulations for just one- and two-step ahead scheduling. Biere proceed-
ing to the simulation work, we discuss the theory of waveformlibraries.

The choice of the library of modes between which the sensor oaswitch

is, of course, an important consideration in the developmenof scheduled
radar systems.

4. Theory of Waveform Libraries

With the advent of radars capable of waveform agility, the design of
optimal waveform libraries comes into question. The purpog of this sec-
tion is to consider the design of such waveform libraries foradar tracking
applications, from an information theoretic point of view. We note that
waveform libraries will depend in general on the speci ¢ apftications in
which the systems are to be used. Airborne radars will requie di er-
ent libraries from ship-borne ones. Radars used in a trackigp mode will
require di erent optimal libraries than radars in a surveil lance mode.

The idea of selecting waveforms adaptively based on trackip consid-
erations was introduced in the papers of Kershaw and Evans [3}]. There
they used a cost function based on the predicted track error avariance
matrix.

In designing or improving a waveform library certain questions arise.
Firstly it is important to establish the measure of e ective ness (MoE)
for individual waveforms (cost function) and then to extend this to an
MoE for the library. If a particular set of waveforms is added, will this
improve the library in these terms and, on the other hand, howmuch
will removing some waveforms reduce the utility of the library? It is the
purpose of this chapter to develop an information theoreticframework
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for addressing such questions, at least from the target tradng point of
view and to look at its application to speci ¢ waveform collections.

We use the basic sensor model proposed in [4]. While this hasrlita-
tions, it is simple and therefore useful as a starting point br discussion
of the problem. In this model, the sensor is characterized by measure-
ment noise covariance matrix which is waveform dependent

R =T'J T; (9)

whereJ is the Fisher information matrix corresponding to the measure-
ment using waveform 2 L2(R), and T is the transformation matrix
between the time delay and Doppler measured by the receiverra the
target range and velocity. The Fisher information matrix is given by
an expression involving the normalized second order time ahfrequency
moments of the waveform . Itis also expressible in terms of the Hessian
of the squared absolute value of the ambiguity function of tre waveform
at the origin of the range-Doppler plane. This calculation is done in [6].

It should be pointed out that the use of the Fisher matrix here is an
approximation. It really corresponds to the Craner-Rao lower bound
on the estimator for the target from this measurement. It can be shown
that the estimator here is asymptotically e cient (see[2], pp. 38{39)
in that the covariance matrix approaches the Craner-Rao lover bound
over a large number of measurementsldc. cit.).

We note that the Hessian equivalence means that the Fisher ntax
expresses purely local information about the ambiguity furction at its
peak. It says nothing about the structure of the ambiguity away from
that peak. This local nature of the Fisher matrix is of some cacern
when considering its use in expressing a measure of e ectiwess for a
waveform. It can be argued, however, that this is a reasonalgl approach
for tracking (where the return is \gated" in the vicinity of t he predicted
target position and Doppler) and in relatively low clutter s ituations. In a
detection problem in a highly cluttered environment, the side-lobes will
play a signi cant role and alternative measures of e ectiveness ought to
be considered.

In the context of our discussion in this chapter, we representhe
measurement obtained using the waveform as a Gaussian measurement
with covariance R . The current state of the system is represented by the
state covariance matrix P. Of course, the estimated position and velocity
of the target is also important for the tracking function of t he radar, but
in this context they play no role in the choice of waveforms. h a clutter
rich (and varying) scenario, the estimate of the target parameters will
clearly play a more important role. The expected information obtained
from a measurement with such a waveform, given the current site of
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knowledge of the target, is
I (X;Y)=logdet(l + R P): (10)

This is the mutual information between the target variable (range and
Doppler) X and the processed (with a matched lter) radar return Y,
resulting from the use of the waveform . | is the identity matrix. We
use this expected information as the MoE of the waveform in this
context. The more information we extract from the situation the better.

We assume a knowledge of the possible state covariancBsgenerated
by the tracking system. This knowledge is statistical and isrepresented
by a probability distribution F (P) over the space of all positive de nite
matrices.

We de ne the utility of a waveform library L L2(R), with respect
to a distribution F, to be

z
Ge (L) = maxlogdet(l + R 'P)dF(P): (1)
p>0 2L
Thus we have assumed that the optimal waveform is chosen in &or-
dance with the MoE de ned in equation (10) and have averaged his over
all possible current states, as represented by the covariame matricesP
and in accordance with their distribution F(P).

We consider two librariesL and L°to be weakly equivalent with re-
spect to the distribution F, if Ge (L) = Gg (L9, and strongly equivalent
if GE(L)= Gg (L9 forall F.

In what follows we will work in receiver coordinates, i.e., teat T
above asl. This amounts to a change in parameterization of the positive
de nite matrices in the integral in (11).

Having de ned the utility of a waveform library we go on to inv estigate
the utilities of a few libraries. Speci cally, we consider libraries generated
from a xed waveform g, usually an unmodulated pulse of some xed
duration, by symplectic transformations. Such transformations form a
group of unitary transformations on L?(R) and include linear frequency
modulation as well as the Fractional Fourier transform (FrFT) in a sense
that we shall make clear.

Under such transformations = U g, the ambiguity function of the
waveform o, is modi ed according to the following equation.

JA (x)j = JA (S )] (12)

where x = (t;f)T and det(S) = 1, and ¢ ranges over all members
of L2(R). Indeed, a reasonable de nition of symplectic transformation
in this context is any unitary operator on L?(R) that transforms the
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ambiguity function according to equation (12). There is a technical
problem here that requires resolution. A waveform isnot determined by
the absolute value of its ambiguity. Thus there may be more than one
transformation S under which equation (12) is valid. It turns out that
in this case the the transformation is unique.

It is not hard to see that such transformations form a group. Suppose
that U; and U, are symplectic in this sense andS; and S, correspond
to them. Then

AU, o()] = (AU, 4(S1 X)) = JA 4(S,1S )i = JA (((S1S2) X)i:
(13)
Furthermore, under symplectic transformations, it is relatively easy to
show, using the Hessian formula for calculating the Fisherriformation
matrix, that the measurement covariance matrix transforms as

Ry,=SR,S (14)

when S is associated withU.
An LFM (\chirp") waveform library consists of

L chirp = fexpl(i t2:2) o) min max 9 (15)

where ¢ is an unmodulated pulse, min and max are the minimum and
maximum chirp rates supported by the radar, andt is the (unbounded)
operator on L2(R) de ned by

t (t)=t (t): (16)
It follows that
(exp(i t2=2) )(t) =exp(it 2=2) (t): (17)

For this library the corresponding measurement covariancenatrices are
given by (14) with
10

s()=

(18)
It is relatively easy to see that
I-ghirp = fexp(i mint2:2) 0, exp(i maxt2:2) 09 (19)

is strongly equivalent to L chirp . That is, we do just as well if we keep only
the LFMs with the minimum and maximum rates. In range-Doppler co-
ordinates, the error covariance matrix for each LFM can be r@resented
by

R( )= S( )"RoSS( ); (20)
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where Ry is a diagonal matrix with 1; » on the diagonal; that is, a
covariance matrix for the rectangular pulse [1, 4]. Direct omputations
give the following expression for the mutual information 1 (X ;Y):
2 .
I(X;Y):4E— 4E—+J_£J_+1+ E+@: (21)
2 4 22 JRj 1 2
This is a quadratic in  with positive second derivative sinceP and R
are both positive de nite, and therefore achieves its maxinum at the
end points, i.e at maximum or minimum allowed sweep rate.
Another way to create a waveform library is to take an ambiguity
and rotate it. In this case, the new waveform is a fractional Fourier
transform of the old one.

Leer = fexp(i (t2+f9)=2) o] 2 g (22)

where the set [0;2 ] can be chosen so as not to violate the band-
width constraints of the radar, and f is the operator on L2(R) de ned
by

f@)=1i q: (23)
For this library the corresponding transformation in range-Doppler space
is given by the rotation

cos sin

R()= sin cos

(24)

It is possible to consider combinations of the rotation and tirping
transformations applied to an unmodulated waveform g; that is, we
consider all transformations of the following form:

Lerr = fexp(i (tz + f2):2) exp(i t2=2) o) min max; 2 0O
(25)
where the set is chosen so as not to violate the bandwidth corstraints
of the radar, and f is the operator on L?(R) de ned by

f =i 9v; (26)

where ®denotes di erentiation in time. Note that f andt commute up
to an extra additive term (the \canonical commutation relat ions"). To
be precise,
[t;f]=tF ft = il: (27)
For this library the corresponding measurement covariancematrices
are given by (14) with

., _ cos sin 1 0 .
S( )= sin cos 1 (28)
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In the case of a nite number of waveforms in the library, we observe
that the utility of the rotation library improves with the nu mber of
waveforms in the library. We can show that there exists a unique which
maximizes the mutual information 1 (X ;Y) and, in a similar fashion to
the pure chirp library case,

I-l(ngT-chirp
fexp(i (t2+f2):2)eXp(i t2:2) o] 2f min; max® 2 9 (29)

is strongly equivalent to L gret-chirp -

5. Sensor scheduling simulations and result

Here we discuss simulations for sensor scheduling problentser up
to two epochs into the future. The di culties here reside in t he design
of the cost function and tracking of the scene. Our aim here igo show
that sensor scheduling does, at least in simulation, achiey performance
improvement.

Several aspects are common to all of the simulations descrild here.
The scenarios all involve multiple maneuvering and crossig targets in
simulated clutter. The simulated targets move according toan interact-
ing multiple models (IMM) method; that is, at each epoch one d a nite
number of dynamical models is chosen. The choice changes finoepoch
to epoch according to a Markov chain. Each of the dynamical mdels is
linear. Process noise is, in each case, white and independdrom epoch
to epoch. Measurement is made using a waveform from a small ite
library of waveforms, that we specify in each case.

A brief description of the tracking and waveform schedulingaspects
of the scheme is as follows:

Tracking Since we are tracking multiple maneuvering targets, we usera
iterated multiple modes (IMM) based tracker. This assumes hat
each target assumes at each epoch one of a nite number of dyna
ical models, such as \constant velocity", \constant linear acceler-
ation", \fast left turn", etc, and implements a Iter for eac h such
dynamical model. As is normal in IMM the dynamical model is as
sumed to evolve by means of a Markov chain. We remark that the
models and transition matrices are not identical with those used
in constructing the scene. All noise on the processes is agaed
Gaussian and independent between epochs. Multiple targetand
clutter are addressed by an integrated probabilistic data &socia-
tion tracker, speci cally the LMIPDA-IMM algorithm descri bed
in [5]. This is a recursive algorithm combining a multi-target data
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association algorithm (LMIPDA) with manoeuvring target st ate
estimation implemented using IMM. Each track carries alongwith
it a \probability of track existence" which is updated at eac h epoch
along with the track. In addition the probability of each dyn amical
model is updated from the measurements.

Waveform Scheduling  The choice of measurement is made using the
control variable n(k). In fact two choices are made at each epoch,
the target to be measured and the waveform used. The waveform
impinge on the measurement process through the covariance an
trix of the noise ! |, (k). In this model, the sensor is characterised
by a measurement noise covariance matrix which is waveform el
pendent

R =T"J T: (30)

where J is the Fisher information matrix corresponding to the
measurement using waveform and T is the transformation ma-
trix between the time delay and Doppler measured by the receier
and the target range and velocity. It is assumed thatN di erent
measurement modesare available for each target, each given by a
measurement matrix H{ n=1;2:::;N.

In order to determine which target to measure and which wavedérm to
use, for each existing target and each waveform the track eaor covariance
P& 1k 1 is propagated forward using the Kalman update equations. In
the absence of measurements, as will be the case in the study visit
times, the best we can do is to use current knowledge to predidorward
and update the covariance matrix, dynamic model pdf and prolability
of track existence. The tracking and scheduling algorithmsnow becomes
as follows:

= |IMM mixing as in [5] is conducted as usual,

m Forward prediction is then performed separately for each dynami-
cal model.

» Covariance update: this is normally done with the data, but since
we are interested in choosing the best sensor mode at this ge
the following calculations are required. If the target doesnot exists
there will be no measurements originating from the target aml the
error covariance matrix is equal to thea priori covariance matrix,
if the target exists, is detected, and the measurement is rezived
then the error covariance matrix is updated using the Kalman
equation.
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= The dynamic model and track existence pdfs are updated. If tie
target does not exist it produces no measurement; if it does rad
is detected the expected measurement pdf,dynamical modelna
track existence pdfs are using the LMIPDA-IMM lter.

= The next step is to combine the estimates for all dynamics modls
mulae [5]. We refer the interested reader to this paper for dails.

51 One- and Two-Step Ahead Scheduling

Our rst aim is to do a simple comparison of one-step and two-$ep
scheduling of waveforms and other radar parameters. The maeb of the
radar system (beam-direction and waveform) are chosen fortte next one
or two PRIs based on the predicted scene over that time. We na that
in the two-step case the choice of radar mode is updated on a ARy
PRI basis. A comparison between one and two-step ahead schelthg is
an important issue, since if it is shown that the improvement achieved
by two step ahead optimal scheduling over just one-step ahahschedul-
ing is slight, it is reasonable to guess that one-step aheadckeduling is
for practical purposes optimal. Since multi-step schedulig is inherently
much more computationally intensive, it is best avoided if it results in
only a marginal improvement. We emphasize that, of course, esults of
this kind are very likely to be scenario dependent unless the is some
inherently mathematical reason why optimal multi-step ahead schedul-
ing is achievable by a myopic approach. That would appear urikely.
We emphasize too that this work has been done on a simulator. fie
structure of the scene is highly arti cial and the clutter mo dels very
simplistic.

We have compared one-step and two-step ahead scheduling ngitwo
performance measures. The rst is the root mean square erroof the
track estimation; this is a fairly obvious measure of the peformance
of the tracker. The second measure was the number of track upates.
Since the sensor is managed in such a way that track updatingsi done
only when the predicted track error exceeds a threshold, tt8 also gives
a measure of how far the estimation process is diverging frorthe actual
target state.

We refrain here from giving detailed descriptions of the exgriments.
Their outcome suggests that, in the presence of clutter, thetracking
performance can be improved with multiple step ahead scheding as
opposed to one step ahead. The results are represented in kigs 2
and 3. One observes that for two steps ahead the tracking aceacy is
improved, albeit slightly, while the number of times the track had to be
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updated is reduced. In both cases the improvement is not larg, and is
worse immediately after the aircraft has maneuvered. Oncehe aircraft
has settled back into a linear model again the two-step aheadcheduler
does better.

5.2 Scheduling of Waveform Libraries

The next series of experiments is focused on how the choice wiave-
form libraries a ect the problem of tracking of maneuvering targets.

As in the previous experiments, at each epoch we would like tese-
lect a waveform (or really the error covariance matrix asso@ted with a
measurement using this waveform) so that the measurement Wimini-
mize the uncertainty of the dynamic model of the target. We study two
possible measures: entropy of thea posteriori pdf of the models and
mutual information between the dynamic model pdf and measurement
history. Both of these involve making modi cations to the LM IPDA-
IMM approach that are described in [5]. Since we want to minimze the
entropy beforetaking the measurement, we need to consider thexpected
value of the cost. To do this we replace the measuremert in the IMM
equations by its expected value. In the case of the second msare, for
a model we have

X z M
1(; 2)= Pf glogPf g+ Pfzg Pf jzglogPf jzgdz;
=1 =1
(31)
where Pf g is the a priori probability of the model 2 , and zis the
measurement.

Simulations were performed for both cost functions. Targettrajecto-
ries in range and Doppler were randomly created. The maneuvs for
the trajectories were generated using a given transition pobability ma-
trix. We identi ed four maneuvers: 0 acceleration; 10m/s? acceleration;
50m/s? acceleration; 10m/s® acceleration.

In the experiments we considered rotation-LFM waveform likraries
with 1 waveform (max upsweep chirp), 2 waveforms (max upswege and
max downsweep chirps), and 6 waveforms (maximum upsweep, ma
imum downsweep chirps and 2 rotations @ and 0.4 as dened in
equation (22) to the left for the maximum upsweep and maximumdown-
sweep chirps).

The results are presented in Figures 4, 5, 6, and 7. Clearlyof either
cost function, waveform scheduling using the six-waveforndibrary out-
performs waveform scheduling using the two-waveform libray, which in
turn outperforms no scheduling (one waveform) in both estination ac-
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curacy (Figures 4 and 6) and correct identi cation of target maneuver
(Figures 5 and 7).

5.3 Re-visit Time Scheduling

Finally in this section on simulations, we brie y describe a project
that includes many of the ideas we have presented already. Téncrucial
problem is to use scheduling to reduce the amount of time spdnon
tracking known targets while retaining a given level of tradk accuracy.
By doing this we permit the sensor to spend more time in survdiance
for new targets.

We postulate a radar system tracking T targets whereT is a random
variable 0 T  Tg and the tth target is in state x!(k) at epoch k. In
addition the radar undertakes surveillance to discover newargets. This
surveillance is assumed to require a certain length of timesay Tscan
within every interval of length Tiota . The remainder of the time is spent
measuring targets being tracked. We aim to schedule revisitimes to
targets within these constraints.

At each epoch a target track and a beam direction have to be setted.

of the numbers | is a number of epochs representing the possible times
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between measurements of any of the existing targets. It is asimed
for the purposes of scheduling and tracking that during any & these
revisit intervals the target dynamics do not change, thoughthe simulator
permits target maneuvers on an epoch by epoch basis.

The LMIPDA-IMM calculations are performed for all combinat ions of
revisit times in and waveforms in the library. Evidently th en the num-
ber of combinations grows exponentially in the number of stps ahead,
and soon becomes impractical for implementation. Having otained the
error covariance matrix for all possible combinations of sesor modes,
the optimal sensor mode (waveform) is then chosen for each tget to
be the one which gives the longest re-visit time, while constining the
absolute value of the determinant of the error covariance maix to be
smaller than the prescribed upper limit K . In other words, our objective
is

; =argmax ; subjecttojdet(Pyk)j K: (32)

Scheduling is then done to permit a full scan over the preschied scan
period while also satisfying the constraints imposed by therevisit times
obtained by the sensor scheduler. Once a target is measureils revisit
time is re-calculated.
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We note that for many manoeuvring targets there may be no soltion
to the scheduling problem that satis es the constraints. However, we
have not been able to simulate a situation in which this happe@s.

We have, on the other hand done simple simulations for the cas
of one-step ahead and two-step ahead scheduling. In the ladt case,
the revisit times and waveforms are calculated while the taget states
are propagated forward over two measurements, with the costunction
being the absolute value of the determinant of the track err@ covariance
after the second measurement. Only the rst of these measuments is
done before the revisit calculation is done again for that taget, so that
the second may never be implemented.

Simulations were performed to compare the e ects of no schading
with random choice of waveform against one-step and two-s{g ahead
beam and waveform scheduling as described in the last sectio All three
simulations were performed 100 times on the same scenarion the rst
case, measurements were taken at each scan with no further rasure-
ments beyond the scan measurements permitted. The waveforsnwere
chosen at random from the three waveforms in the library. Thesimulated
scene corresponded to a surveillance area of 15km by 15km ¢aimed two
maneuvering land targets in stationary land clutter which had small ran-
dom Doppler to simulate movement of vegetation in wind. The rumber
of clutter measurements at each epoch was generated by sangsl from
a Poisson distribution with mean 5 per scan per sg.km. Target mea-
surements were produced with probability of detection 09. The target
state x! consisted of target range, target range rate and target azimth.
The targets were performing the following maneuvers: congint velocity,
constant acceleration, constant deceleration and coordiated turns with
constant angular velocity. In these experiments we used thevaveform
library consisting of three waveforms: an up-sweep chirp, alown-sweep
chirp and an unmodulated pulse. In the scheduling cases, sueillance
time used approximately 80 percent of each scan period, theemaining
20% being allocated as described above to the maintenance whcks of
existing targets.

The outcome of experiments suggests that in the presence ofutter
tracking performance can be improved with scheduling and ean more
with multiple step ahead scheduling as opposed to one step &ad. The
results are represented in Figure 8. It should be observed ifrigure 8
that RMS error was considerably worse especially during thesarly part
of the simulation for the unscheduled case. In fact the RMS awor in the
unscheduled case is 5larger immediately after signi cant ranoeuvres as
can be expected. Of course, in this case the revisit time is ®8d and is
not plotted in the second subplot. One observes, that, for tle two-step
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Figure 8. Root Mean Square Error (RMSE) and Revisit Count for one vs. tw o step
ahead beam and waveform scheduling

ahead case, tracking accuracy is improved (top plots) sligtly over the
one-step ahead case but with a signi cant reduction in revig times to
maintain those tracks.
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