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Abstract— Advancements in sensor technology provide new
multi-sensor systems with increasing flexibility. The sensor man-
agement process aims to perform sensor actions that support the
overall goal of the user of a multi-sensor system. Some sensors can
support multiple functions. When the different sensor functions
utilise shared resources then the sensor actions must be chosen
as a compromise between competing actions. The problem of
managing a multifunction Electronically Scanned Array (ESA)
radar is considered. The ESA radar is capable of performing
surveillance (search) and tracking (revisit) functions. Two criteria
are used to determine sensor actions with revisit actions based
on the expected information gain and surveillance actions based
on the probability of detection for previously undetected targets.
The characteristics of the resulting sensor management policy
are examined in an illustrative scenario.
Keywords: Sensor Management, Radar, Surveillance,
Tracking.

I. SENSORMANAGEMENT

Sensor management allows optimisation of the measurement
process in sensor fusion systems. The manner in which the
measurement process is optimised is often one of the relatively
immature components in sensor fusion systems. The goal of a
sensor fusion system is to detect objects in a region of interest
and to form estimates of the state of such objects. Sensors can
be regarded as resources that can be tasked to optimise overall
system performance [1].

In many existing military and civilian sensor systems, the
selection of sensor actions is performed by an operator who
determines how sensor resources are employed and even how
the sensor data are to be interpreted. However, the consider-
ation of all of the factors involved in using a sensor system
effectively to support mission objectives is typically a complex
task. A sensor management system that automatically tasks
sensors aims to optimise the selection of sensor actions and
to perform those actions in a timely manner. Management of
sensors must be performed in a dynamic object environment
with constrained sensor resources and account for the char-
acteristics of the sensor system. When the number and state
of undetected objects is unknown, the sensor system may be
tasked to search for objects in a mode that is also known
as the surveillance mode. Another common mode of flexible
sensor systems is the tracking or revisit mode which permits
the estimates of object states to be maintained or refined by
tasking the sensors using information about the objects that are

already known. Effective employment of the search and revisit
modes can enhance the detection and tracking of objects within
a region of interest.

Various techniques have been proposed for sensor man-
agement [2]. Information-theoretic approaches based on the
Shannon measure of entropy have been shown to perform
effectively in a variety of sensor management and object
tracking applications [3], [4]. Such approaches strive to per-
form the sensor action that maximises the expected gain
in information. Other approaches have proposed the use of
permanently existing virtual targets to influence the search
mode component of the sensor management functionality [5].

The sensor management of an active electronically scanned
phased array radar is considered where the aim is to detect
and track targets within a surveillance region. The approach
adopted is to partition the sensor management problem into
two separate subproblems corresponding to the two radar
modes. A single parameter is used to specify the ratio of
sensor time resource that is allocated to the search and revisit
modes which in turn controls the allocation of resources to
the detection and tracking functions respectively. In the case
of the search mode, the sensor action is taken to maximise the
probability of detecting previously undetected targets (based
on an assumed random distribution for the arrival of new
targets). In the case of the revisit mode, the sensor action is
taken to maximise the expected information gain.

The paper begins in Section II with a description of the
parameters of a phased array radar and outlines an approach
for selecting between the types of radar mode and the radar
beam to illuminate given the type of radar mode selected. In
Section III the sensor management approach is implemented
for a simple simulated scenario consisting of a radar illumi-
nating and receiving measurements from a set of targets that
randomly arrive and travel within the surveillance volume.

II. PHASED ARRAY RADAR CONTROL

An electronically scanned phased array radar can perform
adaptive illumination of targets by steering a radar beam
electronically.

In this section an ESA radar system is considered. The radar
is located at the origin of a surveillance area with radiusRs.
A set of discrete beamsm ∈ M = {1, . . . , M} is used to
illuminate the surveillance area. The beams are ordered by
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their azimuth centre positions such thatηm+1 > ηm and each
beam has an associated beam width∆ηm and dwell timeτm.

A radar search mode is used to scan for new targets in
the surveillance region and to update existing tracks with
measurements. A radar revisit mode is used to illuminate
selected targets. It is assumed that the two radar modes can
be operated using the same beam setM and that any target
that is illuminated by a beam may yield radar measurements
irrespective of the mode. In practice, operational radar sys-
tems may employ radar beams having different performance
characteristics for each mode [7], [8].

In this paper the aim of the radar sensor management
problem is to determine a time sequence of radar beams
m1,m2,m3, . . . , mk in order to satisfy requirements for target
detection and track maintenance. Each beam may be used in
the surveillance mode or the revisit mode so that there is
a corresponding sequence of radar modesπ1, π2, π3, . . . , πk,
where πk ∈ {S, R} denotes surveillance or revisit mode
respectively.

Sensor management schemes may be myopic (short term) so
that the sensor actions are decided for a single time step ahead.
Non-myopic (long term) sensor management schemes plan
multiple sensor actions in the future [3], [6], [7]. Typically,
non-myopic schemes will yield enhanced performance with a
greater computational demand. A myopic approach is adopted
here where the sensor management actions are determined one
time step in advance.

The surveillance beam indicator variablesm,k and the revisit
beam indicator variablerm,k are defined for time stepk so
that

sm,k =
{

1 if mth beam used for surveillance
0 otherwise

(1)

rm,k =
{

1 if mth beam used for revisit
0 otherwise.

(2)

At each time instantk, exactly one beam is used in either
surveillance or revisit modes so that

∑M
m=1{rm,k+sm,k} = 1.

The ratio of dwell time spent on revisits to the overall dwell
time up to and including time stepk is

γk =
T r

k

T r
k + T s

k

, (3)

where the cumulative dwell times spent in the revisit mode
and in the surveillance mode are given respectively by

T r
k =

M∑
m=1

τm

k∑
κ=1

rm,κ and (4)

T s
k =

M∑
m=1

τm

k∑
κ=1

sm,κ. (5)

A desired revisit ratioΓ ∈ [0, 1] is specified by an operator,
who can prioritise between revisit and surveillance tasks for
the radar depending on mission imperatives for maintaining
tracks on detected targets and searching for previously unde-
tected targets. The revisit ratioγk−1 is compared withΓ to

determine which type of ESA radar mode to employ at the
next time stepk:

πk =

{
R γk−1 < Γ
S otherwise.

(6)

The effect of this mode selection scheme is to maintain the
revisit ratioγk close toΓ. Once a mode is selected, the next
step is to determine which beammk ∈M to illuminate.

A. Surveillance Mode Beam Selection

The surveillance mode of the radar is used to search for
previously undetected targets. To do so, we maintain an
estimate of the spatial density of previously undetected targets.
We assume that the number of undetected targets in any region
at any time follows a Poisson distribution, but the Poisson
density may vary in time and space. We approximate the
non-homogeneous Poisson density by dividing the surveillance
volume into non-overlapping covering cellsA1, . . . ,AA such
that in any cellAi the Poisson arrival rate is constant (spatially
and temporally), and the probability of detection is constant.
We denote byλAi the Poisson arrival rate of new targets in
cell Ai, and byPAi

d the probability of detection in cellAi.
In each time interval, new targets may arrive in each cell,

targets may move from one cell to another, and targets may be
detected (such that they are no longer undetected, and hence
are no longer counted in the density of undetected targets).
In what follows, we state update rules fromΛ(Ai, t

+
k−1), the

expected number of undetected targets in cellAi at timetk−1

after the observations performed at time(k−1),1 to Λ(Ai, t
−
k ),

the expected number of undetected targets at timek prior to
the observations at timek, to Λ(Ai, t

+
k ), the expected number

of targets which remain undetected after the observations at
time k.

The first transition is made by way of approximation, since
realistic targets travel with a nominally constant velocity but
our regions are only spatial in order to keep dimensionality
manageable. We define the transition kernel:

Φk(Ai,Aj) = Pr{target is in cellAj at time tk

|target was in cellAi at time tk−1}. (7)

This transitional kernel may be learned by simulating a large
number of realistic target trajectories and observing what
proportion of the targets that commence in cellAi end in cell
Aj (averaged over all time). Alternatively, a discrete space
Markov chain motion model may be implemented directly
[9, p.83]. Our model for target transitions is thus that the
undetected targets in a cell split independently among all
cells with the probabilities given. Incorporating the number
of newly arrived targets in the same time interval yields

Λ(Aj , t
−
k ) = λAj · (tk − tk−1) +

A∑

i=1

Φk(Ai,Aj)Λ(Ai, t
+
k−1),

(8)

1The superscript ‘+’ denotes after observations at the specified time
interval, while the superscript ‘−’ denotes prior to the observations.
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whereλAj is the average rate of arrival of targets inAj .
The final transition captures the impact of observing a cell

with the radar. If the cell is not observed, we simply have
Λ(Ai, t

+
k ) = Λ(Ai, t

−
k ). If the cell is observed, we have

Λ(Ai, t
+
k ) = (1−PAi

d )Λ(Ai, t
−
k ), and the expected number of

newly detected targets resulting from the observation on the
cell is PAi

d Λ(Ai, t
−
k ).

The cells Ai are assumed to consist of slices of the
surveillance region. The radar beam is formed from slices
in azimuth with extent∆ηi while the range extent of the
slices is chosen to ensure that the constantPd assumption
is reasonable∆ρi = ρi(upper)−ρi(lower). We denote the set
of cells within which the probability of detection of them-th
beam is nonzero asBm = ∪i∈Im

Ai, and the probability of
detection of them-th beam within cellAi as PAi,m

d and so
Im = {i : PAi,m

d > 0}. It is convenient to choose the cells
Ai such that the azimuth extent of each cell is equal to the
azimuth beamwidth∆ηm for the corresponding beamm.

The target arrival functionλAj in Eqn (8) can incorporate
three different types of arrivals: (i) arrivals from the boundary
of the surveillance region, (ii ) arrivals from known or likely
entry points, eg. airports, and (iii ) arrivals from anywhere
within the surveillance region. LetλB denote the average
arrival rate for targets at the boundary of the surveillance
region and it is assumed that the arrival can occur with uniform
probability around the outer range ring. The average arrival
rate of targets within a regionEl = ∪i∈Il

Ai associated with
the l-th entry point is denotedλl

E , where Il is the set of
corresponding cell indices that define the region in which
targets may enter. Finally, targets arrive on average at a rate of
λS uniformly within the surveillance region. Considering each
of the different types of arrivals in turn and compensating for
different cell sizes yields an expression of the form:

λAi =





λS ·∆ηi∆ρ2
i /(2πR2

s) + λB ·∆ηi/(2π),
Ai lies on the boundary in range

λS ·∆ηi∆ρ2
i /(2πR2

s)+
λl

E ·∆ηi∆ρ2
i /(

∑
i∈Il

∆ηi∆ρ2
i ),

Ai ∈ El, the l-th target entry region

λS ·∆ηi∆ρ2
i /(2πR2

s), otherwise
(9)

and∆ρ2
i in Eqn (9) is defined

∆ρ2
i = [ρi(upper)]2 − [ρi(lower)]2. (10)

In Ref [11] the sensor management objective function used
theposterior expected number of targets(PENT), but here the
posterior expected number of newly arrived targetsis used
to determine the expected number of newly detected targets.
When a surveillance action is chosen at time stepk, we select
the beam which maximises the expected number of newly
detected targets. This can be calculated as:

mk = arg max
m∈M

∑

i∈Im

PAi,m
d Λ(Ai, t

−
k ). (11)

B. Revisit Mode Beam Selection

The revisit mode of the radar is used to maintain track state
estimates on detected targets.

Consider a target whose state at timek is represented by
xk. The probability density function (pdf) of the state given
the full set of associated measurementsZk = {z1, · · · , zk} is
assumed to be available from a target tracking function and is
expressed asp(xk|Zk).

The entropy of a random variablex with a pdf p(x) is
defined by

H(x) = −
∫

p(x) loge p(x) dx. (12)

The information gain is defined by the change in entropy
from the prior state to the posterior entropy

I = H(xk|Zk−1)−H(xk|Zk−1, z̆k), (13)

wherez̆k denotes the unknown measurement (incorporating a
binary detection flag, and if true, a continuous value) at time
stepk. Conditioning upon̆zk implies an expectation over the
values that the measurement may assume. For a measurement
action at time stepk, let ζk ∈ {0, 1} be an indicator variable to
denote the cases where the target is not detected and detected
respectively. Expanding the expectation overζk allows the
conditional entropy to be written

H(xk|Zk−1, z̆k) = P̂dH(xk|Zk−1, ζk = 1, zk) +
(1− P̂d)H(xk|Zk−1, ζk = 0),

(14)

where the expected range of the target and the beam that
illuminates the target are used to evaluate the probability of
target detection̂Pd = Pd(ρ̂, m̂).

If it is assumed that a missed detection does not provide
any information about the target state (ie., that the detection
probability does not vary substantially within the region of the
target) then

H(xk|Zk−1, ζk = 0) = H(xk|Zk−1) (15)

and so Eqn (13) can be expressed as

I = P̂d

(H(xk|Zk−1)−H(xk|Zk−1, zk)
)
, (16)

where the indicator reference variable is implied and therefore
omitted for the convenience of notation.

If the target indexj ∈ J is introduced, andmk,j is the beam
that would illuminate thejth target at time stepk, then the
expected information gain for each targetIj can be computed
to determine the next revisit beam

mk = mk,j∗ with j∗ = arg max
j∈J

Ij . (17)

III. E XAMPLE IMPLEMENTATION OF PHASED ARRAY

RADAR CONTROL

In this section a simulated scenario is considered where the
beam selection scheme described in the preceding section is
implemented for a set of targets that are injected and travel
according to specified random distributions.
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A. Target and Radar Configurations

It is assumed that the radar position is fixed at the centre
of the surveillance region which is depicted in Figure 1 by
the outer circle which has radiusRs = 200km. A set of 10
targets exist at the beginning of the scenario, numbered 1 to10
in large text in Figure 1. During the scenario additional targets
are injected randomly into the surveillance region according
to a Poisson distribution at a rate ofλS = 0.2s−1 until
the end of the scenario which is of durationt = 96s. The
target state is represented by a vector in Cartesian coordinates
as x = [x1, ẋ1, x2, ẋ2]T . Once a target is injected into the
surveillance area, its state evolves according to a discrete time
linear dynamical system:

xk+1 = Fkxk + wk, (18)

where the state transition matrix is

Fk =




1 ∆T 0 0
0 1 0 0
0 0 1 ∆T
0 0 0 1


 (19)

and∆T = tk+1 − tk is the time interval between successive
time steps. The dynamics noisewk is assumed to be described
by a continuous white noise acceleration model with process
noise covariance matrix [1, p.674]

Qk =




∆T 3/3 ∆T 2/2 0 0
∆T 2/2 ∆T 0 0

0 0 ∆T 3/3 ∆T 2/2
0 0 ∆T 2/2 ∆T


 q, (20)

whereq is the intensity of the process noise [10, p.269].
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Fig. 1. Distribution of targets positions overlaid on the radar surveillance
volume. Target velocity vectors emanate from the target positions. The set
of radar beams is numbered in a clockwise directionm = 1, . . . , 18. The
displayed range of each beam sector corresponds to the rangeρ50(m) where
the probability of detection is 0.5.

The set ofM = 18 discrete radar beams is also shown
in Figure 1 and the range that is displayed for each beam
corresponds to the nominal rangeρ50(m) at which the prob-
ability of detection isPd = 0.5. A given beam has a value of
ρ50 = 90, 100 or 114km. The dwell time for each beamτm

is a function of the beam index as shown in Figure 2. The
cumulative beam dwell time

∑M=18
m=1 τm = 6s. Furthermore,

the beamwidth∆η(m) may take one of three possible values:
4.5◦, 9◦ or 18◦.
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Fig. 2. Dwell times for each radar beam.

The probability of detection as a function of rangeρ and
beamm is evaluated in the following manner:

1) The required Signal to Noise Ratio (SNR) for radar
detection with a probabilityPd = 0.5 is determined for
a specified probability of false alarmPfa [12, Fig 14.5].
For aPfa = 10−6, SNR(ρ50) ≈ 11.25.

2) The SNR is estimated for a given target rangeρ

SNR(ρ,m) = 40 log10

ρ50(m)
ρ

+ SNR(ρ50) (21)

3) Albersheim’s detection equation allows the probability
of detection to be computed [12, p.351]:

Pd(ρ,m) =
eb

1 + eb
, (22)

whereb = (10SNR(ρ,m)/10−a)/(0.12a+1.7) and where
a = loge(0.62/Pfa).

The range distribution for the probability of detection ob-
tained from Eqn (22) is shown in Figure 3. When a beam
illuminates a target that lies within the geographical extent
of the beam, a random sample is drawn according to the
probability of detection to determine if the target is detected
or not.

If a target is detected then a radar measurementzk is
generated with range and azimuth components that are related
to the target state via the nonlinear equation

zk =
[

ρk

ηk

]
= h(xk) + νk, (23)
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of ρ50.

whereh(xk) is the nonlinear measurement function

h(xk) =
[ √

x2
1 + x2

2

tan−1(x1/x2)

]
. (24)

The measurement noiseνk follows a white process process,
νk ∼ N{νk; 0, R} and the measurement noise covariance
matrix is given by

R =
[

σ2
ρ 0
0 σ2

η

]
. (25)

The distribution of the measurement error is assumed to
be independent of the beam used. Values for the standard
deviations of the range and azimuth components are chosen
to beσρ = 100m andση = 1◦ respectively.

B. Tracking Function

A tracking function is used to initiate and update a track on
each target based on measurements received from the radar.
A simple scheme is adopted whereby a track on each target
is initiated based on the first measurement received for that
target. The implemented tracking function does not account
for data association uncertainty when initiating or updating a
track.

An extended Kalman filter is implemented to update track
state estimates for each of the targets that are detected. It is
assumed that the association problem is solved so that each
of the radar measurements is available to update the track
state estimate for the corresponding target. The equations for
the extended Kalman filter are as follows for the propagation
step:

x̂k|k−1 = Fkx̂k−1|k−1 (26)

Pk|k−1 = FkPk−1|k−1F
T
k + Qk (27)

and for the update step:

x̂k|k = x̂k|k−1 + Kk[zk − h(x̂k|k−1)] (28)

Pk|k = Pk|k−1 −KkH̄kPk|k−1 (29)

Kk = Pk|k−1H̄
T
k [H̄kPk|k−1H̄

T
k + Rk]−1, (30)

whereH̄k is the linearised measurement matrix defined by

H̄k =
∂h

∂x

∣∣∣∣
x=x̂k|k−1

. (31)

Using the extended Kalman filter, the distribution of the
target state at timek conditioned on measurements up to time
k − 1 is approximated as Gaussian with meanx̂k|k−1 and
covariancePk|k−1, ie. p(xk|Zk−1) ≈ N{xk; x̂k|k−1, Pk|k−1}.
Likewise, the distribution of target state at timek is approxi-
mated as a Gaussian,p(xk|Zk−1, zk) = N{xk; x̂k|k, Pk|k}.
C. Sensor Management Function

Selection of the radar beams follows the scheme described
in Section II. Simplifying assumptions are used to explore a
reduced feature set of the algorithm.

A decision for the type of beam to implement at time step
k is made by comparing the desired revisit ratioΓ with the
cumulative dwell times spent in the surveillance and revisit
modes up to and including the time stepk − 1.

For the example considered in this section the cellsAi

of the surveillance region are chosen with azimuth extents
corresponding to those of the radar beams and with range
extents of1000m. Figure 4 illustrates how each beam region
Bm and target entry regionEl is constructed from cells of the
form Ai.

Bm

El

Ai

Fig. 4. Diagram illustrating how the surveillance region is partitioned using
the range and azimuth coordinates into cellsAi, from which beam regions
Bm and target entry regionsEl are constructed.

The parameters for the surveillance beam selection are
simplified by assuming that the targets are stationary. This
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assumption can be justified if the targets are observed regularly
enough and so the transition kernel in Eqn (7) is

Φk(Ai,Aj) =

{
1 ∀ i = j

0 otherwise.
(32)

Targets that are assumed stationary and are injected in regions
where the probability of detection is close to zero will have
little influence on the selection of surveillance beams through-
out the duration of the scenario. In practice, the movement of
non-stationary targets from a region where the probability of
detection is initially low may lead to a subsequent influence
on the selection of surveillance beams. In this paper the
assumption of stationary targets simply serves to illustrate the
general concept of the sensor management scheme.

If a surveillance beam is required, then the expected number
of undetected targetsΛ(Ai, t

−
k ) is computed from Eqn (8)

and substituted into Eqn (11) to select the beam which yields
maximum expected number of measurements for new target
arrivals.

Turning our attention to the revisit mode, we note that for an
n-dimensional Gaussian random variable, the entropy is given
by the analytic expression [13]:

H(x) =
n

2
loge(2πe) +

1
2

loge |P |, (33)

where|P | is the determinant of the covariance matrixP .
Substituting the covariance matrix expressions from

Eqns (29) and (30) into equations of the form of Eqn (33)
allows the information gain in Eqn (16) to be expressed as

I =
P̂d

2
loge

|Pk|k−1|
|Pk|k|

(34)

=
P̂d

2
loge

|H̄kPk|k−1H̄
T
k + Rk|

|Rk| . (35)

If a revisit beam is required, then the beam chosen is that
which illuminates the track that yields maximum expected
information gain according to Eqn (17).

D. Results

The sensor management scheme outlined in this paper has
been implemented in order to select the radar mode and
beam to illuminate target configurations with specified random
distributions. Two different values for the desired revisit ratio
parameter are considered.

Firstly, the desired revisit ratio parameter was set to a
value Γ = 0 so that the beams were selected according to
the surveillance beam selection process only. Figure 5 shows
the radar beam illuminations as a function of time for each
radar beamm when Γ = 0 and when the target arrival
function captures only the arrival of targets uniformly within
the surveillance region, so thatλB = λE = 0. The horizontal
width of the bar corresponds to the dwell timeτm for that
beam. Each radar beam is initially illuminated in turn, but
then the beams are illuminated at regular time intervals. Radar
beamsm = 3 and m = 8 are illuminated most often, while
beamsm = 14 andm = 15 are illuminated least often.
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Fig. 5. Radar beam illuminations for each radar beam whenΓ = 0.

TABLE I

SCAN TIMES FOR EACH BEAM WITH DESIRED REVISIT RATIOΓ = 0.

Beam Nominal beam Beamwidth Mean
m rangeρ50(m) (km) ∆ηm (degs) Scan Time (s)
1 100 9.0 6.4
2 100 9.0 6.4
3 114 18.0 2.9
4 114 9.0 5.5
5 114 4.5 10.0
6 114 4.5 10.6
7 114 4.5 5.5
8 114 18.0 2.9
9 100 9.0 6.5
10 100 9.0 6.5
11 100 9.0 6.5
12 90 18.0 4.4
13 90 9.0 8.2
14 90 4.5 15.7
15 90 4.5 16.0
16 90 9.0 8.2
17 90 18.0 4.4
18 100 9.0 6.6

Table I lists scan times for the set of radar beams, with the
mean scan time defined as the mean time interval between
successive illuminations of a given radar beam. A comparison
of beams that have the same beamwidth but different nominal
detection range shows that the beams with the longest nom-
inal detection range have the smallest time interval between
illuminations. Similarly, for beams that have the same nominal
detection range but different beamwidth, the beams with the
largest beamwidth have the smallest time interval between
illuminations. This result arises because beams that have long
nominal detection range and large beamwidth typically yield
the greatest expected number of new target measurements.

Secondly, the desired revisit ratio parameter was set to a
valueΓ = 0.4. A single target entry point with an arrival rate
of λ1

E = 0.01s−1 was defined with the entry region extending
between the ranges75 and 80km and spanning the beams
m = 15 and m = 16. The entry regionEl, where l = 1, is
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depicted in Figure 4.
For the first6s of the scenario, each beam is illuminated

in the surveillance mode only. After that time the type of
radar mode is chosen to be either surveillance or revisit by
comparingΓ with the ratio of the dwell time spent on revisits
to the total cumulative dwell time (fromt = 6s) according
to Eqn (6). If a surveillance action is chosen, the beam that
yields the maximum expected number of measurements of
new targets is selected. If a revisit action is chosen, the beam
that corresponds to the track which yields maximum expected
information gain is selected. Figure 6 shows the radar beam
illuminations as a function of time for each radar beamm
when Γ = 0.4. As is the case for Figure 5, the surveillance
beam illuminations are depicted in blue vertical bars, but in
Figure 6 revisit beam illuminations are interleaved and these
are depicted with red bars.
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Fig. 6. Radar beam illuminations for each radar beam whenΓ = 0.4. The
two radar modes are distinguished by the blue (surveillance) and red (revisit)
vertical bars.

It can be seen in Figure 6 that the illumination of beams is
far more dynamic than is apparent in Figure 5. The coupling
between the surveillance and revisit modes is evident because
for some beams the revisit mode substitutes for the surveil-
lance mode by illuminating the beam at regular time intervals.
Several beams are each illuminated using the surveillance
mode only (eg.m = 1, 2, 5, 6 and9) and so any detected and
tracked targets that are illuminated by these beams evidently
do not lead to sufficient expected information gain compared
to that of other tracked targets. The mean scan time for beams
that are illuminated using the surveillance mode is typically
greater for the case in whichΓ = 0.4 compared to the case in
which Γ = 0 because beam dwell time is allocated to revisits
when Γ 6= 0. For example the mean scan times for beam
m = 5 are10.0s and12.7s forΓ = 0 andΓ = 0.4 respectively.
In contrast, the mean scan time for beamsm = 15 andm = 16
can be seen to decrease with the presence of the entry region
E1 which spans these beams. For example, the mean scan times
for beamm = 15 are16.0s and5.9s for Γ = 0 (with no entry

TABLE II

TARGET LABEL FOR TRACK INDEX j.

Track j 1 2 3 4 5 6 7 8 9 . . .
Target 3 10 9 4 8 1 2 7 5 . . .

Track j 10 11 12 13 14 15 16 17 18 19
Target 6 30 26 16 23 32 13 24 21 27

point) andΓ = 0.4 (with one entry point) respectively.
Figure 7 shows the beam illuminations for the set of tracks

that are initiated using measurements received from the radar.
The target injection time is indicated by an asterisk for each
target. An open circle indicates the track initiation time, which
here corresponds to the first measurement received from the
target. The track indexj is incremented with each new track
initiated on a target. A list of the target labels for each of the
initiated tracks is given in Table II.
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Fig. 7. Radar beam illuminations for each track on a target whenΓ = 0.4.
The times at which the target is injected and at which a track is initiated on
the target are shown by an asterisk (*) and circle (◦) respectively.

The black line in Figure 7 corresponds at each time stepk
to loge |Pk|k|, which is a measure of the entropy or uncertainty
in the track state estimate as expressed in Eqn (33). When a
radar beam illumination yields a measurement on a target then
the entropy of the track estimate decreases but an increase in
the entropy is evident in the absence of any illuminations or
when no measurement arises.

Inspection of Figure 7, together with Figures 1 and 6, and
Table II, permits the following observations. Bursts of revisit
beams typically follow soon after a track has been initiated
on a target and when the entropy of the track has grown
in the absence of subsequent measurements on the target. A
comparison of the illumination sequence for beamm = 8 in
Figure 6 and the illumination of tracks in Figure 7 reveals
that tracksj = 2, 9, 11, 13, 15 and16 are each illuminated by
beamm = 8 only. Table II shows that trackj = 8 is formed
on target7 and Figure 1 indicates that the target moves from
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being illuminated by beamm = 11 to beamm = 12 which
is evident in the illumination sequence for trackj = 8 in
Figure 7 where the beam dwell times change at a time of
about 65s. After this time no other targets are detected in
the coverage of beamm = 11 and Figure 6 shows that the
illumination sequence for beamm = 11 consists primarily of
revisit beams until65s when the illumination continues with
surveillance beams only.

IV. CONCLUSIONS

In this paper a sensor management approach has been
described for phased array radar applications where the aim is
to detect targets and to maintain a track estimate on each target.
The approach adopted treats the sensor management problem
as a separate subproblem for each radar mode. In the case
of the surveillance mode the objective function for selecting
the next beam is the expected number of measurements for
previously undetected targets. In the case of the revisit mode
the objective function for selecting the next beam is the
expected information gain.

Future work should consider extending the approach to look
ahead multiple time steps instead of a single time step as
presented in this paper. The selection from a fixed set of radar
beams has been considered but flexible sensors such as phased
array radars typically have many parameters whose values may
be optimised.

A desired revisit ratio must be specified in the sensor
management approach considered in this paper. Exploration
of the impact of the revisit ratio on tracking accuracy and
initiation time remains the topic of further study. While the
desired revisit ratio affords some level of operator control
in the distribution of resources between the different radar
modes, further investigations are required to determine means
of unifying the separate objective functions within a single
framework. The objective functions presented in this paper do
not account for the varying beam dwell time and so subsequent
work may investigate the potential trade between the benefit
from taking sensor actions and the time cost for those actions.

The surveillance subproblem is treated by partitioning the
surveillance region into a discrete spatial grid of cells. A
more complete representation of the target space would extend
the dimensions of the discrete grid to consider the velocity
components. Dynamically choosing the size of the discrete
grid cells may lead to more efficient implementations [9].

In realistic environments targets such as low flying aircraft
may be obscured from radar detection by terrain features
such as mountains. Incorporating the state dependent aspects
into the probability of detection permits the current sensor
management framework to capture targets that disappear from
the scene.

Assessment of any sensor management scheme must ad-
dress the key performance aspects of importance to employ-
ment of the sensor system. Further work is required to assess
the advantages and disadvantages of the presented sensor
management approach compared to alternative approaches.
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