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Abstract—The Radar Resource Management (RRM) problem
for a multi-target tracking application is considered. The problem
is defined as a stochastic optimal control problem with resource
constraints. A novel Bayes risk-based formulation for the objec-
tive function, with the aim of allocating the radar resources by
minimizing the risk of committing track maintenance errors, is
proposed. The formulation proposed increases the interpretability
in the decision-making process and conforms more with the
system user’s wishes. The effectiveness and benefits of active time
resources management in dynamic conditions are demonstrated
by means of simulations.

Index Terms—Radar Resource Management, Bayes Risk, Hy-
pothesis Testing, Track Maintenance, Lagrangian Relaxation

I. INTRODUCTION

In long-range sensing applications, radar is the primary
system due to its unique sensing capabilities. Classic radars
typically operate with fixed scanning antennas and predefined
waveforms. Modern radar systems use advanced technologies
like active phased array antennas, digital beamforming on
transmit and receive, and digital waveform generation. This
offers agile beam steering and rapid reconfigurations to deal
with dynamic conditions, promising superior performance.
Such sensors are often called Multi-Function Radars (MFRs)
because they can handle various tasks and quickly switch
among them. These radars are used in several domains and for
different applications, such as air traffic control, vessel traffic
management, military applications and weather monitoring,
among others.

Unlike classic radars, which require minimal management,
an MFR demands active control to fully exploit its capabilities.
The resources available to the system are limited, requiring
adequate management to maintain efficiency. The problem
of controlling these sensors is often called Radar Resource
Management (RRM). It typically involves distributing the
available resources among the tasks of interest, and adjusting
system parameters dynamically based on the current situation
and predictions for its development in future. Typical tasks are
tracking and classification of moving targets or searching for
undetected objects, but. This work is focused on the tracking
task [1].

The literature on RRM presents a variety of approaches
(see, for instance, overviews [2]–[4]). RRM is commonly
formulated as an optimization problem, whose solution leads
to the optimal sensor actions or system parameters. One

critical aspect of the problem formulation is the objective
function used in the optimization problem. Defining an appro-
priate function is crucial for RRM optimization, as it directly
impacts system performance and resource allocation. Ideally,
an effective objective function should optimize tasks jointly
and incorporate their operational importance, while remaining
understandable and leading to interpretable decisions. Ulti-
mately, it is also desired to take into account the system user’s
needs for the specific application. However, balancing these
requirements remains a significant challenge.

Many RRM approaches select the sensor actions using
objective functions based on the track accuracy, whether it
is computed from the filtering or the prediction error [5],
[6]. This can lead to undesired resource allocation, requiring
heuristic adjustments to compensate. As an example, opti-
mizing for track accuracy may unintentionally prefer distant
targets due to naturally higher estimation errors in Carte-
sian coordinates. Such cases highlight the need to reconsider
whether track accuracy metrics alone are sufficient for an
effective RRM.

Other management approaches select generic information-
theoretic measures to guide sensor actions, such as Rényi
divergence or entropy [7]–[9]. While these metrics provide a
mathematically rigorous framework, they often lack intuitive
interpretability for non-experts. System users may find it
challenging to translate abstract information measures into
actionable decisions, making it unattainable to fine-tune the
resource management process according to operational needs.

However, none of these RRM approaches considers the
track maintenance process and the possible mistakes that can
occur. In resource management for target tracking, erroneous
track maintenance can lead to undesirable resource allocation,
either by continuing to track non-existent targets or prema-
turely terminating valid tracks [1]. These decision errors arise
from factors such as false alarms and missed detections, which
can be mitigated by allocating enough resources. Explicitly
accounting for such errors in the RRM process can lead to
more operationally relevant resource management. Driven by
this criterion, we propose a novel formulation of the objective
function that aims at optimizing radar resources by minimizing
the risk of committing such errors when deciding upon tracked
objects, and that could potentially replace track accuracy-based
objective functions.
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The remainder of the paper is organized as follows. Sec-
tion II presents the formulation of the RRM problem, describ-
ing the underlying assumptions and optimization framework.
In Section III, the derivation of the risk-based objective
function is presented. Section IV describes the assumed sensor
characteristics and the explicit computation of the risks. Sec-
tion V presents simulations and relative results, analyzing the
performance of the proposed approach. Finally, Section VI
concludes the paper, summarizing the main findings and
suggesting directions for future research.

II. RRM PROBLEM FORMULATION FOR MULTI-TARGET
TRACKING

While our ultimate goal is to develop a generically applica-
ble approach to RRM for the tracking problem, we deliberately
adopt the following simplifying assumptions in this work to
focus on the core methodological aspects. We assume that
there is a known number of multiple, independent, well-
separated targets to be tracked. Each object is treated as a
point target without any spatial extent. We allow for missed
detections and false alarms, with the assumption that there is
at most one correlating measurement per track.

Additionally, we consider the sensor to be stationary, and we
do not optimize its movement, although the proposed approach
does not exclude that possibility.

A. Motion Model
At every time step k, the current state of the n-th target can

be characterized by its position xn
k , y

n
k and velocity ẋn

k , ẏ
n
k

along x and y direction respectively on a two-dimensional
Cartesian coordinate system. The state vector is defined as
snk = [xn

k ynk ẋn
k ẏnk ]

T . The revisit interval with length
Tn defines the time between two measurements. Therefore,
the state evolution for target n can be explicitly written as

snk+∆k = f∆k(s
n
k ,w

n
k ), (1)

where snk+∆k is the next state at time k + ∆k, wn
k ∈ ℜ4 is

the maneuverability noise for target n at time k and f∆k(·) is
the function characterizing the nature of the state evolution.

B. Measurement Model
It is assumed that noisy observations of the state for target n

are acquired at time k through a sensor action ank ∈ ℜm, where
m is the number of measurement parameters, and the action
vector ank consists of the task parameters being optimized. The
measurement znk of target n at time k is expressed with the
following function

znk = h(snk ,v
n
k ,a

n
k ), (2)

where vn
k is the measurement noise for target n.

C. Tracking Algorithm
For the tracking problem considered in this paper, the

chosen tracking algorithm aims at computing the posterior
density in a recursive manner. For linear systems, a Kalman
Filter (KF) can be adopted to achieve an exact solution. For
non-linear systems, possible choices are the Extended Kalman
Filter (EKF) or the Particle Filter (PF) [10].

D. RRM Problem for Multi-Target Tracking

Based on the work [6], the choice is to formulate the
RRM problem as a stochastic optimal control problem with
time resource constraints. The stochastic nature embedded
in the RRM problem leads naturally to the assumption of
an underlying Partially Observable Markov Decision Process
(POMDP) to model the uncertainties in the process. Several
examples that adopt this formulation can be found in the
literature, e.g. [5], [11].

The resources to be optimized are the revisit intervals T =
[T1, . . . , TNk

] ∈ ℜNk , and the sensor times (or dwell times)
τ = [τ1, . . . , τNk

] ∈ ℜNk for a tracking problem with Nk

tasks (or targets) at time k, and Bmax ∈ [0, 1] is the maximum
budget available to distribute among the tasks. At time k, the
aim is to find the optimal set of parameters {T, τ} for the
sensor by solving the following optimization problem:

minimize
T,τ

Nk∑
n=1

C(snk , Tn, τn) (3a)

subject to g(T, τ ) ≤ 0 (3b)
T ≥ 0 (3c)
τ ≥ 0 (3d)

where g(T, τ ) =

(
Nk∑
n=1

τn
Tn

)
−Bmax. (3e)

where C(·) represents a generic cost function for the opti-
mization problem.

III. BAYES RISK-BASED COST FUNCTION FORMULATION

This section presents the steps towards a Bayes risk-based
objective function for the RRM problem in (3).

A. Hypothesis Testing for Track Maintenance

In the tracking process, a decision-making framework is
used to determine whether a measurement belongs to a true
target and, consequently, whether to continue or terminate the
associated track.

To do so, we resort to a decision-theoretic approach that
involves binary statistical hypothesis testing. Through the
hypothesis test we infer a decision based on the received
data. We formulate a null hypothesis H0 and an alternative
hypothesis H1. The null hypothesis represents the case in
which the object is not present; hence, any measurement
received is considered a false alarm, and the consequence
is to delete the track. The alternative hypothesis is that the
measurement is true and it belongs to a true target. Hence, the
track will be continued. The hypotheses are then:

Hn
0,k : n-th object is not present at time k,

Hn
1,k : n-th object is present at time k,

with some prior probabilities πn
0,k, π

n
1,k. In a Bayesian frame-

work, the observation process can be used to update them
recursively:

πn
0,k = P (Hn

0,k | Y n
k−1), (4a)

πn
1,k = P (Hn

1,k | Y n
k−1), (4b)
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where Y n
k = {yn0 , . . . , ynk } is the vector of observations up

to time step k. The decision rule used to determine which
hypothesis occurs is the Likelihood Ratio Test (LRT) [12].

Consider an observation of the n-th object ynk at time k.
The LRT is then defined as the ratio of the likelihoods of ynk
conditioned on the two hypotheses compared with a certain
threshold ηnk :

Λ(ynk ) =
p(ynk | Hn

1,k, Y
n
k )

p(ynk | Hn
0,k, Y

n
k )

Hn
1,k

≷
Hn

0,k

ηnk . (5)

The explicit definition of the conditioned likelihoods depends
on the modeling assumptions and may vary according to
the system specifications. The LRT will determine which
hypothesis is true and consequently, a decision is made:

Dn
0,k : choose Hn

0,k,
Dn

1,k : choose Hn
1,k.

B. Bayes Risk-based Function for Tracking

In hypothesis testing for track maintenance, the conse-
quences of incorrect decisions vary depending on the task. For
instance, discarding a track when a true target is present can
lead to a critical failure, while maintaining a track for a non-
existent object wastes radar resources. Still, such occurrences
may not have the same impact. In the Bayes risk approach,
costs are associated with each possible outcome of the hy-
pothesis test Cn

ij,k, that is, the cost of deciding Dn
i,k when

Hn
j,k is true, with i, j ∈ {0, 1}. In general, these costs might

change over time and be different for each n-th object, and
they can be defined according to the user’s needs. Without loss
of generality, and given that we are interested in the mistakes
made in track maintenance, we can set Cn

00,k = Cn
11,k = 0,

which represent the costs of taking a correct decision in the
track maintenance mechanism. The expected Bayes risk for a
decision rule is defined as [12]:

Rn
k =

1∑
i=0

1∑
j=0

Cn
ij,kPi(Hn

j,k)π
n
j , (6)

where Pi(Hn
j,k) is the probability of deciding Dn

i,k when Hn
j,k

is true and πn
j , j ∈ {0, 1} are the prior probabilities as in (4).

The optimal decision rule minimizes Rn
k by comparing the

expected costs associated with each hypothesis. The Minimum
Bayes Risk (MBR) threshold is given by the ratio of the prior
probabilities and the respective decision costs:

ηnk =
πn
0C

n
10,k

πn
1C

n
01,k

. (7)

This threshold selects the hypothesis that has the Maximum
a Posteriori (MAP) probability. Hence, the MBR estimate
is also a MAP estimator. The benefit of this formulation is
twofold. Not only does it ensure the minimization of the Bayes
risk function, but it can also be embedded in an iterative
process such as a tracking task. The risk function for the n-th
object at time k is given by:

Rn
k = Cn

10,kP1(Hn
0,k)π

n
0,k + Cn

01,kP0(Hn
1,k)π

n
1,k, (8)

where P1(Hn
0,k) can be interpreted as the probability of

keeping a track active while the n-th target is not present
anymore and, vice-versa, P0(Hn

1,k) represents the probability
of deleting a track while the n-th target is still present. It
should be noted that Rn

k is a function of the time parameters
Tn and τn, which are omitted here for simplicity. Using this
function as a base for defining the objective function in (3a)
will theoretically lead to the optimal parameters that minimize
the risk of committing an error in a tracking scenario.

The advantage of using this formulation is that the inter-
pretability of the cost function is improved. In fact, a practical
meaning can be assigned to the quantity in (8), that is, the
risk of making the wrong decision when tracking an object.
Moreover, the costs Cij,k can be tuned according to the
specifics of the mission.

It is supposed that measurements are independent and that
Nk targets are well-separated and can be considered uncorre-
lated with each other. Therefore, it is fair to assume that the
overall risk of the system is the sum of the individual risks.
Then, the objective function in (3a) to minimize becomes:

C(snk , Tn, τn) = Rn
k . (9)

C. Computation of the Probabilities

The probabilities in (8) necessary to determine the overall
risk for target n are hereby defined. With the previous assump-
tions, the computation of the probabilities is directly related
to the decision regions of the LRT. The probability of deleting
the track for object n at time k while the object is still present
is equal to the area of the likelihood function conditioned on
the alternative hypothesis Hn

1,k where the LRT is below the
threshold ηnk :

P1(Hn
0,k) =

∫
Λ(yn

k )<ηn
k

p(ynk | Hn
1,k, Y

n
k ) dynk . (10)

Similarly, the probability of keeping the track of object n at
time k while the object is not currently present is given by
the area of the likelihood function conditioned on the null
hypothesis where the LRT is above the threshold ηnk :

P0(Hn
1,k) =

∫
Λ(yn

k )>ηn
k

p(ynk | Hn
0,k, Y

n
k ) dynk . (11)

In general, these integrals might not be straightforward to com-
pute and may require numerical methods and approximations.
In the case of a tractable formulation of the likelihoods, and
making assumptions such as Gaussianity, they might be easier
to solve, and a closed-form expression may be derived.

IV. SENSOR MODEL AND RISK COMPUTATION

A. Sensor Characteristics

It is assumed that the probability of detection for the sensor
PD follows a Swerling II model:

PD,k = P
1

1+SNRk

F , (12)
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where PF is the probability of false alarm. Moreover, let us
assume that measurements zk representing a false alarm are
uniformly distributed over the observation volume V :

pFA(zk) =
1

V
, (13)

and the number NFA of false measurements is Poisson-
distributed with a probability mass function:

pF(NFA) =
(βFAV )NFA

NFA!
exp−(βFAV ), (14)

with βFA being the average number of false measurements per
unit area.

B. Measurement Likelihood Functions

We assume that there is at most one measurement per target
per scan. There are no data association issues; hence, the
received measurement is either from the true target or a false
alarm. The case of no measurement (e.g., a missed detection)
at time k is defined as ynk = ∅. With these assumptions, we
can define the conditioned likelihoods of an observation ynk at
scan k as:

p(ynk | Hn
1,k, Y

n
k ) =



1

V
pF(1)(1− PD,k) + pF(0)PD,k

× 1√
2π|Sn

k |
exp

(
−1

2
(ỹn

k )
T (Sn

k )
−1ỹn

k

) if yk = zk

pF(0)(1− PD,k) if yk = ∅

,

(15)

p(ynk | Hn
0,k, Y

n
k ) =

{
1
V pF(1) if yk = znk
pF(0) if yk = ∅

, (16)

where the residual vector ỹn
k = yn

k − ŝkn is the difference
between the measured quantity and the predicted quantity as
the output of the tracking filter, and Sn

k is the corresponding
residual covariance matrix.

C. Probabilities in the Risk Function

The computation of the probabilities is directly related to
the decision regions of the LRT, namely the probability that a
measurement falls within a M -dimensional Gaussian ellipsoid
of size G, where M is the dimension of the measurement [1].
The size of the ellipsoid can be derived by solving (7) for the
non-data dependent terms:

Gn
k = −2 ln

(
βFA(η

n
k − 1 + PD)

√
2π|Sn

k |
PD

)
. (17)

Using this formulation, we can explicitly express the prob-
abilities in (10) and (11). For M = 2, we have:

P0(Hn
1,k) = exp(−Gn

k/2), (18)

P1(Hn
0,k) =

1

V
PF(1)π

√
|Sn

k |Gn
k . (19)

D. MBR Threshold Cost Function

This formulation allows to act directly on the decision costs
in (6) based on the user’s needs. The cost function1 can
be designed to reflect the operational meaning of a certain
metric. For instance, the costs could decrease depending on
the range of the object: this way, the risk for further targets
decreases, and fewer resources shall be allocated to those.
Constant values for the costs, instead, are less operationally
meaningful, and the same threshold would be applied for every
target at every instant, regardless of its state.

For this paper, an equal, constant cost function is compared
with a sigmoid-shaped cost function:

• Constant costs:
Cn

ij,k = Cn
ij , (20)

• Sigmoid decaying costs:

Cn
ij,k =

Cn
ij,base

1 + exp(σs(dnk − dref ))
+ ϵ, (21)

where Cn
ij,base is a default cost for target n, dnk represents the

distance of the target from the radar, dref is the location at
which the sigmoid is centered, and σs determines the steepness
of the curve. The constant ϵ can be used to avoid the cost going
to zero and encounter numerical issues.

V. SIMULATION RESULTS

In this section, we present the simulation results of the
risk-based approach for time budget management in a two-
dimensional target tracking scenario. Some assumptions for
the simulations are detailed first. Then, results for two different
scenarios are presented to highlight some aspects of the
proposed cost function formulation.

A. Modeling Assumptions

1) Motion Model: Targets are assumed to move according
to a linear constant velocity model. Therefore, the state evo-
lution (1) for target n can be explicitly written as

snk+1 = Fn · snk +wn
k , (22)

where Fn ∈ ℜ4×4 is the state transition matrix defined as

Fn =


1 0 Tn 0
0 1 0 Tn

0 0 1 0
0 0 0 1

 , (23)

and the maneuverability noise wn
k follows a zero-mean

multivariate Gaussian distribution with the covariance matrix

Qn =


T 4
n

4 0
T 3
n

2 0

0
T 4
n

4 0
T 3
n

2
T 3
n

2 0 T 2
n 0

0
T 3
n

2 0 T 2
n

σ2
w,n , (24)

where σ2
w,n is the maneuverability noise variance.

1The term “cost function” in this context does not refer to the objective
function of the optimization problem in (3a), but rather to a mathematical
function that can be assigned to the decision costs to follow a certain behavior.
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TABLE I
PARAMETERS OF THE REFERENCE MEASUREMENT.

SNR0 τ0 [s] r0 [km]
1 1 50

2) Measurement Model: It is assumed that the radar sensor
acquires noisy measurements of range r and azimuth angle θ.
The relationship between the measurement vector znk and the
current object’s state can be expressed as

znk = h(snk ) + vn
k , (25)

where the function

h(snk ) =
[√

(xn
k )

2 + (ynk )
2, arctan(ynk , x

n
k )
]T

, (26)

describes the non-linear transformation between the Cartesian
coordinates of the state and the polar coordinates of the
measurements, and vn

k ∈ ℜ2 is the zero-mean Gaussian
measurement noise for target n. The range and azimuth are
assumed to be independent, hence vn

k =
[
vr,nk , vθ,nk

]T
with

variances σ2
r,n, σ

2
θ,n, respectively. The SNR at time k for target

n is assumed to follow the model:

SNRn
k (τn, r

n
k ) = SNR0 ·

(
τn
τ0

)
·
(
rnk
r0

)−4

. (27)

The noise variances σ2
r,n, σ

2
θ,n can be defined as [13]:

σ2
⋆,n =

σ2
⋆,0

SNRn
k (τn, r

n
k )

, (28)

where ⋆ ∈ (r, θ) and σ2
⋆,0 is the measurement noise variance

for a reference target (Table I). The assumption of independent
measurements leads to the following measurement covariance
matrix Rn

k ∈ ℜ2×2

Rn
k =

[
σ2
r,n 0
0 σ2

θ,n

]
. (29)

3) Tracking Algorithm: Since the assumed measurement
function is non-linear, an EKF is applied for state estimation.
It is assumed that separate EKFs are used to track the objects.
Therefore, at this stage, no data association problem is taken
into account. It is also assumed that there are no track drops
or re-initializations.

B. Simulation Details

1) Solution of the Optimization Problem with Lagrangian
Relaxation (LR): The constrained optimization problem in (3)
is solved using the LR algorithm. The approach follows the
work presented in [6] and the previous work. The reason is
that the LR technique allows to relax the constraints of the
problem, as well as to break down the main optimization prob-
lem into multiple sub-optimization problems, thus reducing
the complexity. To find the optimal Lagrangian multipliers for
the Lagrangian dual problem, the subgradient method [14] is
used. It is assumed that the optimization problem is iteratively
solved at fixed time intervals, and the computed time budget
parameters are used until the next iteration.

TABLE II
SENSOR PARAMETERS.

PF βFA

Inside Area 1E-3 1E-2
Outside Area 1E-4 5E-4

2) Myopic Approximation of the POMDP Solution: For this
paper, the underlying POMDP is assumed to be approximated
in a myopic fashion. Hence, risk optimization takes into
account only the one-step-ahead evolution of the system.

3) Measurement Modeling Assumptions: In these simula-
tions, false alarms and missed detections were not explicitly
generated as separate events within the loop. Instead, their
effects were incorporated into the measurement likelihood
functions, ensuring that their statistical impact was captured
without directly simulating individual occurrences.

C. Tracking Scenario A

This scenario evaluates the behavior of the risk function
and resource allocation by the management system when
different shapes for the cost function are used. All objects
start equidistant from the radar, with two moving faster than
the others, and share identical features except for their initial
states. Sensor parameters for this scenario are listed in the
second row of Table II.

Two simulations are conducted with different cost models
for the MBR threshold computation: constant costs model
(20); sigmoid-decaying model (21) with parameters σs = 0.01
and dref = 10000 (10 km). The results of the time budget
optimization are compared with those obtained by a default
policy; namely, time resources are equally split among the
objects. This comparison assesses the impact of parameter
optimization on risk reduction, efficiency, and robustness.

As shown in Figure 3a, constant costs cause risk to increase
as targets move away, prompting the management algorithm to
allocate more resources to faster targets (1 and 5), as depicted
in Figure 4a.

In contrast, the sigmoid-shaped cost function reduces the
risk for distant targets beyond 10 km (Figure 3b), enabling
the algorithm to reallocate resources to closer targets (2, 3,
and 4), as shown in Figure 4b.

In both cases, the total system risk is significantly lower
with the optimized parameters than with the naı̈ve equal budget
allocation (Figures 3a and 3b).

0 5000 10000 15000
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Fig. 1. Scenario A Trajectories.
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Fig. 3. Comparison of risk for scenario A with different cost functions.
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Fig. 4. Comparison of budget allocations for scenario A with different cost
functions.

D. Tracking Scenario B

Scenario B illustrates how the management algorithm adapts
to changing environmental conditions during tracking. In this
case, two targets are tracked, with Target 2 temporarily enter-
ing an area with higher false alarm probability and density,
as specified in Table II. The cost function is uniform for all
outcomes.

Results show that the risk for Target 2 rises upon enter-
ing the high false alarm area (Figure 5). In response, the
management algorithm allocates more resources to Target 2
than Target 1. Once Target 2 exits the area, resources are
then evenly redistributed (Figure 6). The allocation difference
during this period is modest—about 48% for Target 1 and
52% for Target 2 — yet the impact on the risk function is
significant.
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Fig. 5. Total risk for scenario B.
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Fig. 6. Budget distribution for scenario
B.

VI. CONCLUSIONS

This paper presented a novel Bayes risk-based formulation
for the objective function in a RRM problem for a multi-target
tracking scenario, integrating a probabilistic decision-making
approach within a full optimization framework. Contrarily to
track accuracy metrics and generic information-theoretic mea-
sures, the proposed approach explicitly incorporates notions of
operational importance through a cost function that minimizes
track maintenance errors.

Simulations demonstrated how resource allocation can be
influenced by selecting a different function shape for the costs
and how the risk-based approach can deal with changing con-
ditions of the environment. The solution led to a slightly higher
risk for some instances. Possible causes for that are numerical
approximations, the myopic solution, and the potential non-
convexity of the risk function, which remains to to be further
explored. Nevertheless, the risk-based approach demonstrated
effectiveness in dealing with the RRM problem.
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