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Abstract

Modern multifunction radar systems have to assign limited sensing resources across multiple targets
and radar tasks. For mission specific scenarios, the allocation should not only improve simple perfor-
mance measures such as estimation accuracy or information gain. The allocation should be focusing
on the operational consequences of the decisions supported by the radar. Therefore, in this thesis
a novel Bayes risk-based radar resource management framework for joint multi-target track mainte-
nance and classification is proposed. The framework assigns resources by minimizing the expected
cost of incorrect target existence and classification decisions under a shared radar time budget.

The proposed approach represents target classes and absence within a novel joint Bayesian hypoth-
esis space. Each radar update consists of a kinematic range-azimuth measurement and a scalar
class related feature measurement. These measurements are used in a recursive Bayesian update
that accounts for target existence uncertainty, class uncertainty, missed detections, and clutter. The
resulting belief state is then used in a Bayes risk decision formulation with a user-defined cost matrix.
Mission-specific objectives can then be encoded directly, by choosing the right costs in this matrix.
These could for example include different penalties for: missed targets, false tracks, class-confusion
errors, high-priority target classes, or mission specific important regions.

Because the resulting expected Bayes risk cannot generally be evaluated in a closed analytical form,
the conditional decision probabilities have to be approximated using Monte Carlo sampling. The
sampled risk values are then converted into deterministic surrogate risk functions through smoothing,
monotonicity enforcement, and finally interpolation. After this processing, the resulting surrogate
functions are used in a constrained resource optimization.

The simulation results show that the proposed framework produces interpretable adaptive allocation
behavior. This behavior can be related directly to the specified mission costs and the estimated belief
state. The ability to encode mission-specific costs in the Bayes risk objective therefore becomes one
of the key features of the framework. By changing the cost matrix, the user can determine which
decision errors, target classes, or operational regions should have the strongest influence on the
resource allocation.

More resources are assigned to targets for which additional sensing is expected to reduce the deci-
sion risk most strongly. This can occur because of poor measurement quality, high uncertainty, target
appearance or disappearance, or increased operational cost. The framework performed particularly
well in scenarios with mission-specific objectives, with cumulative risk improvements of up to approxi-
mately 30% compared with a fixed equal-budget allocation. Overall, the optimized allocation reduced
the cumulative realized Bayes risk in all considered scenarios.

These results show that the proposed Bayes risk objective is suitable for joint track maintenance
and classification RRM. The framework shows a direct link between sensing resource allocation and
mission dependent decision costs. The observed fluctuations in the realized risk also show limitations
of the myopic one step ahead implementation. This limitation motivates future work on longer horizon
optimization and the joint optimization of multiple resources at the same time.
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ỹ
(i)
k kinematic measurement innovation under hypothesis Hi,k –

Zk validated measurement set at time step k –
Z1:k sequence of measurement sets up to time step k –
zk combined kinematic-feature measurement vector –
z
(m)
k m-th validated measurement at time step k –

ẑ
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1
Introduction

1.1. Multifunction Radar and Radar Resource Management
Modern radar systems are increasingly required to operate in complex and dynamic environments,
where they should handle multiple objectives and tasks under limited resources [1], [2]. A radar
system may need to perform detection, target tracking, and classification, while adapting its sensing
actions to the current operational situation. This requires flexibility, since different targets and sensing
tasks may become important at different times.

Older mechanically rotating radars offered only limited flexibility, since their updates were determined
by the mechanical scan pattern. Modern electronically steered phased array antennas remove this
dependence on mechanical antenna pointing [3]. By steering the beam electronically, a phased ar-
ray radar can rapidly switch between different directions and targets without physically repositioning
the antenna. This enables a single multifunction radar to perform multiple radar functions, such as
detection, target tracking, classification, and other mission-dependent sensing tasks [4], [5].

The flexibility of such radar hardware can only be fully used when the radar actively manages its
sensing resources. For example, the radar may allocate more sensing time to a sector with a high
expected threat level, revisit uncertain tracks more often, or spend more time observing a target when
improved classification confidence is required. An example of the resulting competing sensing tasks
is shown in Figure 1.1.

Figure 1.1: Multiple functions of a ship borne radar system, adapted from Moo and Ding [6].

1



2 Chapter 1. Introduction

Despite the radar’s flexibility, the available radar resources remain limited. Resources have to be
shared among multiple targets and competing radar functions. Increasing the resources assigned
to one target may improve its probability of detection, measurement accuracy, and classification per-
formance, but simultaneously reduces the resources available for other targets or sensing tasks [7].
This creates a resource allocation problem. The radar must continuously decide how to distribute its
limited sensing capacity over it’s tasks.

RRM addresses this allocation problem by determining how the available radar resources should
be divided over targets and sensing tasks. Candidate resource allocations are often evaluated us-
ing an objective function that assigns a numerical value to the expected radar performance resulting
from each allocation. The algorithm then selects the allocation that minimizes this objective function,
according to the available radar-resource constraints. In this way, the chosen objective function trans-
lates the operational goal into an objective measure, so that minimizing the objective corresponds to
achieving the goal as well as possible within the available resources.

For the joint track maintenance and classification problem considered in this thesis, the objective
should thus not only reward accurate state estimation, but also account for the consequences of
target classification decisions. More generally, RRM objectives may represent tracking uncertainty,
estimation error, information gain, target or class priority, or the expected consequences of radar
decision errors.

The selected objective function therefore defines what the radar management system considers most
valuable. It determines which aspects of radar performance are improved, how competing targets
and sensing tasks are compared, and which targets receive priority when the available resources
are insufficient to optimize all tasks at the same time. We can thus conclude that the design of the
objective function plays a central role in determining whether the resulting resource allocation reflects
the operational goals of the radar user.

1.2. Conventional Radar Resource Management Objectives
Simple resource allocation strategies, such as equal allocation, fixed scheduling, and priority-based
scheduling, do not continuously evaluate the expected benefit of spending additional resources. Al-
though these methods are sometimes straightforward to implement and provide useful reference
strategies, they cannot fully adapt it’s allocation to changes in target uncertainty, measurement con-
ditions, or sensing requirements.

More adaptive RRM approaches often use tracking based objective functions such as tracking accu-
racy or estimation uncertainty. Possible measures include individual entries, the trace, or the determi-
nant of the predicted state-error covariance. These objectives assign more radar resources to targets
for which additional measurements are expected to reduce the state estimation uncertainty most.

Schöpe [8] applied covariance-based objectives to multi-target tracking RRM under a shared radar
budget. Scalar measures of the predicted Kalman-filter covariance were used to evaluate the ex-
pected tracking performance associated with different resource allocations. As a result, the radar
assigned more resources to targets for which additional sensing was expected to reduce the tracking
uncertainty most, for example due to increased maneuverability, reduced measurement quality or
targets at further ranges.

Theoretical estimation bounds may similarly be used as the RRM objective. For example, Yi et al. [9]
formulated radar resource allocation by minimizing Bayesian estimation-error bounds. Such objec-
tives provide a mathematically well-defined relationship between the allocated radar resources and
the expected estimation performance.

Information-theoretic quantities provide another class of performance measures. Instead of directly
evaluating the tracking covariance, these objectives quantify the expected information obtained from
a future measurement. Information gain and Rényi divergence have been used to evaluate candidate
sensing actions in detection and tracking problems [10], [11]. Kullback-Leibler information has simi-
larly been applied to waveform selection for target classification [12]. Such measures can provide a
common scalar representation of uncertainty reduction across different sensing actions and tasks [8].

Although these objectives support adaptive resource allocation, they primarily quantify tracking-based
estimation quality or uncertainty reduction. They do not directly represent the operational conse-
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quences of the radar decisions made using the resulting information. A reduction in estimation uncer-
tainty is not necessarily equally valuable for every target, target class, or operational situation.

For example, a covariance-based objective may allocate more resources to a distant target because
its measurements are less accurate and its predicted state uncertainty is larger. This behavior is con-
sistent with the selected objective, since additional sensing may produce a relatively large reduction
in tracking uncertainty. However, a nearby target may be more operationally relevant, even when
its state is already estimated more accurately. An allocation that is optimal in terms of estimation
accuracy may therefore not reflect the priorities of the radar user.

Operational preferences can be introduced into conventional objectives using weighting factors, target
priorities, or additional correction terms. However, the relationship between these parameters and
the consequences of the resulting radar decisions is generally indirect. Changing the operational
objective may therefore require the performance measure to be redesigned or retuned, while the
resulting allocation behavior may remain difficult to interpret.

This motivates the development of RRM objectives that represent not only sensing or estimation qual-
ity, but also the operational relevance of the targets and the consequences of the decisions supported
by the radar measurements.

1.3. Threat-Based Radar Resource Management
Threat-based RRM provides a means of incorporating mission relevance into the resource-allocation
objective. Instead of evaluating a target only through its estimation uncertainty, threat-based methods
map target information to a measure of operational importance.

Early threat-based sensor-management approaches used target-state and classification information
to estimate the operational threat associated with a target [13], [14]. In this way, the selected sensing
action could depend on the operational context rather than on tracking or classification accuracy
alone.

Building on this multi-target resource management framework, Schöpe extended the approach to
joint target tracking and classification using a threat-variance-based objective [8]. In this formulation,
the target state and class probabilities are mapped to a common threat quantity, and the resource
allocation is determined by the expected reduction in uncertainty of that threat estimate. Tracking and
classification performance are therefore combined within a single scalar objective, while the same
constrained multi-target budget-allocation structure is retained.

This established that tracking and classification do not need to be treated as independent sens-
ing tasks with separate objectives. Instead, their contributions can be evaluated through a shared
mission-related quantity, allowing the resource allocation to account jointly for the target state, class
belief, and operational context.

However, the threat value remains an intermediate representation of mission relevance. It indicates
how important or uncertain a target is considered to be, but it does not directly specify the opera-
tional consequences of the possible radar decisions or distinguish explicitly between different types
of decision errors.

Threat-based objectives therefore provide an important connection between radar resource alloca-
tion and mission relevance. A more direct decision-oriented formulation can build on this idea by rep-
resenting the consequences of the radar decisions themselves, rather than expressing operational
relevance only through an intermediate threat quantity.

1.4. Bayes Risk-Based Radar Resource Management
Following the constrained multi-target RRM settings considered in the preceding work, Chioccarello
et al. [15] introduced a Bayes Risk-based objective for radar track maintenance. Instead of using a re-
source allocation through estimation covariance, information gain, or an intermediate threat quantity,
their formulation connected the allocation to the expected consequences of target existence deci-
sions.
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In the considered track maintenance problem, the radar must determine if a maintained track corre-
sponds to a real target or to a non-existent object. Incorrect decisions include continuing a false track
and terminating a track while the target is still present.

The proposed objective function is based on Bayes risk. Each possible track maintenance outcome
is assigned a decision cost. Then the probability of that outcome depends on the available radar in-
formation and the allocated sensing resources. The objective function finally represents the expected
operational cost of the possible track maintenance decisions.

This formulation has two important advantages for RRM. First, it provides an interpretable connection
between the resource allocation and the decisions that the radar system is expected to make. Re-
sources are assigned according to their expected contribution to reduce costly decision errors, rather
than according to an abstract performance measure alone.

Second, the decision costs provide a direct mean of incorporating the preferences of the radar user.
Different errors can be assigned different levels of importance according to their operational conse-
quences. The resource allocation behavior can therefore be adapted to different missions by chang-
ing the costs associated with the decision outcomes, without redefining the underlying tracking or
resource management framework.

Compared with the threat-based objectives from Schöpe et al.[16], Bayes risk avoids the need to
first transform target information into an intermediate threat score. The operational relevance is in-
stead represented directly through the consequences assigned to the possible radar decisions. This
makes the relationship between the user-defined objective and the resulting allocation behavior more
interpretable.

The formulation introduced by Chioccarello et al.[17], however, considers a binary track maintenance
problem that distinguishes only between target absence and target presence. It does not distinguish
between different target classes. Therefore it cannot directly represent classification errors or differ-
ences in the operational consequences of different classes.

This limitation motivates the extension considered in this thesis. The objective is to retain the inter-
pretability and adaptability of Bayes Risk-based RRM while extending the decision problem to jointly
account for track maintenance as well as the classification of targets.

1.5. Research Gap and Thesis Objective
Joint tracking and classification (JTC) methods have shown that kinematic state information and
target-class information can support one another. Tracking information may provide evidence about
target class, while class dependent motion and measurement models may improve state estima-
tion [18], [19], [20]. However, these methods primarily aim to improve inference performance and
do not generally use the combined operational consequences of target existence and classification
decisions as the objective of multi-target radar resource allocation.

To the best of the author’s knowledge, a unified Bayes Risk-based RRM formulation in which track
maintenance and classification are represented within one decision objective has not yet been estab-
lished for multi-target radar resource allocation.

The objective of this thesis is therefore to extend the Bayes Risk-based track maintenance RRM from
Chioccarello et al.[15] to a joint track maintenance and classification framework. The resulting objec-
tive function should allow limited radar resources to be allocated according to both the probabilities
and the user-defined operational costs of possible target existence and classification decisions. This
leads to the following research question and subquestions:

Research question How can a Bayes Risk-based objective function be designed for the joint track
maintenance and classification of multiple targets under limited radar resources while accounting for
the differing operational costs of decision errors?

• SQ1: How can a Bayes Risk-based objective function be formulated for joint track maintenance
and classification in radar resource management?

• SQ2: How can operationally different decision errors be incorporated into this objective function
through user defined costs?
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• SQ3: How can the coupling between tracking and classification be reflected in the risk-based
resource allocation framework?

• SQ4: How does the proposed objective influence the realized Bayes Risk and
resource allocation behavior under different multi-target scenarios and decision-cost settings
compared with a fixed equal budget strategy?

1.6. Contributions
The main contributions of this thesis are:

• the extension of binary BayesRisk-based trackmaintenanceRRM to a novel joint multi-hypothesis
formulation containing target absence and multiple target classes, integrating target existence
beliefs, classification beliefs, and class dependent tracking information within one shared recur-
sive estimation and resource management framework;

• the formulation of a measurement-set-based Bayes Risk objective that accounts for multiple vali-
datedmeasurements, missed detections, clutter measurements, and uncertain target-measurement
association;

• the derivation and numerical evaluation of the conditional decision probabilities for all combi-
nations of target absence, target presence, and target class decisions under this multiple mea-
surement formulation;

• the incorporation of user defined decision cost matrices in which each matrix entry is directly
associated with a specific class dependent decision error, allowing different operational conse-
quences to be weighted explicitly;

• the development of deterministic surrogate risk functions that enable the numerically evaluated
Bayes Risk objective to be used in a constrained dwell time allocation;

• the evaluation of the proposed framework under varying target scenarios and operational cost
structures.

1.7. Thesis Structure
The remainder of this thesis is structured as follows.

The RRM problem considered in this work is formulated in chapter 2. This chapter introduces the
target hypotheses and decisions, the user defined decision costs, the available radar resources, and
the constrained multi-target resource allocation problem.

The proposed Bayes Risk-based methodology for joint track maintenance and classification is pre-
sented in chapter 3. This chapter introduces the joint target existence and classification belief repre-
sentation. Then it derives the corresponding Bayesian decision objective, and explains the numerical
evaluation of the conditional decision probabilities and expected Bayes risk. It also describes the
construction of surrogate risk functions and their use in the constrained resource allocation problem.

The assumed radar and target scenario in this work is defined in chapter 4. This chapter presents
the state evolution and radar measurement models, the dependence of the detection probability and
measurement quality on dwell time and target range, and the recursive tracking and probabilistic
data-association framework used to update the target state estimates.

The simulation setup and numerical evaluation are presented in chapter 5. This chapter evaluates
the proposed framework under different multi-target scenarios and operational cost configurations.
The results are used to investigate the realized Bayes risk, the resulting resource allocation behavior,
and the influence of the user defined decision costs.

Finally, the main findings, limitations, and recommendations for future work are summarized in chap-
ter 6.





2
Problem Formulation

This chapter introduces the problem formulation for the joint track maintenance and classification
RRM framework considered in this work. The goal is to dynamically allocate the limited radar sens-
ing resources over multiple targets such that the expected cost of tracking and classification errors,
as defined in the user specified objective function, is reduced. The framework therefore does not
aim to minimize all errors equally, but to prioritize the errors that are most costly for the considered
operational objective.

2.1. Modeling
2.1.1. State space motion model
To describe the target motion over time, a discrete time state space model is used. Each target is
represented by a kinematic state vector containing position and velocity components in two spatial
dimensions,

sk =


xk

yk
ẋk

ẏk

 , (2.1)

where xk and yk denote the target position at timestep k, and ẋk and ẏk denote the corresponding
velocity components.

The target dynamics are described by a general discrete time state transition model,

sk+1 = f(sk,wk,ak), (2.2)

where f(·) denotes the state evolution model. The termwk represents process noise, which accounts
for uncertainty in the target dynamics and unmodeled target maneuvers.

The sensing action ak contains the radar resource variables selected by the RRM framework. These
variables determine how the available sensing resources are distributed over the targets and therefore
influence the information obtained from it’s future measurements.

In addition to the kinematic state, each target is assumed to belong to one of a finite set of target
classes. The class cn is assumed constant during the considered observation interval.

2.1.2. Radar measurement model
The radar measurements are assumed to consist of two components: kinematic measurements used
for target tracking and class dependent feature measurements used for target classification.

7
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The kinematic radar measurement vector is modeled as

yk = h(sk,vy,k,ak), (2.3)

where yk denotes the kinematic radar measurement vector, h(·) denotes the radar measurement
function, sk represents the target kinematic state, and vy,k represents the kinematic measurement
noise. The dependence on the sensing action ak indicates that the selected radar resource allocation
affects the measurement noise statistics.

In addition to the kinematic measurement vector, the radar is assumed to provide a scalar class
dependent feature measurement,

ξk = g(cn, vξ,k,ak), (2.4)

where ξk denotes the feature measurement, cn denotes the discrete target class from a finite set of
classes, g(·) denotes the class dependent feature measurement function, and vξ,k represents the
feature measurement noise.

The feature measurement could represent target specific properties that can support target classifica-
tion. Possible examples could include the radar cross section or micro-Doppler signatures generated
by rotating or vibrating target components.

The radar resource allocation thus does not only influence the tracking accuracy, but also the target
classification performance, by changing the reliability of both the kinematic and feature measure-
ments.

2.2. Algorithms
For the tracking and classification algorithms, many possible approaches exist. The goal in this work
is to estimate both the target track and the target class recursively using information from previous
measurements. The objective is not necessarily to identify the optimal algorithm, but rather to provide
a flexible RRM framework that is compatible with a wide range of these recursive estimation methods.
An overview of possible tracking filters is already provided in the work by Chioccarello et al. [17].

For the classification problem considered in this thesis, the objective is to infer the target class from
noisy radar measurements. Several classification approaches can be used depending on the as-
sumed measurement model and decision framework.

For statistical classification problems, Maximum Likelihood (ML) and Maximum A Posteriori (MAP)
classifiers provide common solutions by selecting the class with the highest likelihood or posterior
probability, respectively. In radar applications, Likelihood Ratio Tests (LRTs) are frequently employed
for binary classification and detection problems due to their analytical tractability and their natural
connection to Bayesian decision theory[21].

For more complex feature spaces, machine learning approaches such as Support Vector Machines
(SVMs) [22] and Neural Networks [23] may also be considered. Recent developments in radar tar-
get classification using micro-Doppler signatures have demonstrated strong performance using data
driven learning methods [24].

Although these machine learning approaches are not explicitly integrated into the recursive Bayesian
framework considered in this work, they could later provide valuable class related information that
can be incorporated into the recursive estimation structure in future work. For example, the output
of a trained classifier could be interpreted as a probabilistic feature measurement or class likelihood
and subsequently combined with the tracking information within the Bayesian belief update. In this
way, the proposed framework can stay compatible with future extensions involving learned feature
representations or data driven classification modules.

For JTC algorithms, tracking and classification are performed within a shared recursive estimation
framework to estimate the kinematic target state and obtain the target class from sequential mea-
surements at the same time. Since both processes can be coupled, the estimated target motion
can provide information about the target class, while class information can be used to select more
appropriate motion models and thereby improve the tracking performance.
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Multiple Bayesian JTC approaches have been proposed in the literature. Challa and Pulford [19]
formulated the problem using a joint state class probability density, in which class dependent motion
models and flight envelope information couple the tracking and classification processes. Particle filter
implementations were proposed by Gordon et al. [18] and Vercauteren et al. [25], allowing nonlinear
and non Gaussian JTC problems to be treated using class conditioned particles and sequential Monte
Carlo filtering. Multiple-model approaches have also been developed, including the particle filter and
mixture Kalman filter algorithms proposed by Angelova and Mihaylova [26], in which separate class
conditioned filters provide both state estimates and likelihoods for the recursive update of the class
probabilities.

The framework developed in this thesis is therefore not tied to one specific tracking or classifica-
tion algorithm, but can be combined with any recursive estimation approach that provides the state
estimates, class related likelihoods, and belief information required for Bayes risk-based resource
allocation.

2.3. Radar Resource Management Problem for Multi-Target Joint
Track Maintenance and Classification

2.3.1. Resource variables: dwell time and revisit interval
The limited radar resources in this work are formulated in terms of time allocation per target. It is
assumed that the radar can point to only one target at a time, such that the available sensing time
must be distributed over all targets under consideration.

For each target n, two resource variables are assigned: the dwell time τn, representing the dura-
tion for which the radar continuously observes the target during one visit, and the revisit interval Tn,
representing the time between two consecutive observations of the same target.

The fraction of radar time occupied by target n within one scheduling interval is therefore given by

τn
Tn

. (2.5)

This quantity expresses how much of the available radar time budget is used for a single target and
forms the basic resource term in the global budget constraint.

2.3.2. Global budget constraint
As introduced in the previous section, each target consumes a fraction of the available radar time
through the ratio between the dwell time and the revisit interval. Since the radar can point at only one
target at a time, the sum of all allocated target fractions must remain within the available radar budget
during one scheduling interval.

This leads to the global time budget constraint

N∑
n=1

τn
Tn

≤ Bmax, (2.6)

where N denotes the number of targets under consideration and Bmax ∈ [0, 1]denotes the maximum
fraction of the scheduling interval that may be occupied by radar sensing. A value of Bmax = 1
corresponds to full utilization of the available radar time, while lower values reserve part of the interval
for other radar functions or operational limitations.

2.4. Final optimization problem
The objective of the RRM framework is to allocate the dwell times and revisit intervals over all targets
such that the expected decision cost is minimized while satisfying the available radar time budget.
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The resulting optimization problem is formulated as

min
T,τ

Nk∑
n=1

C(snk , τn, Tn)

s.t.
Nk∑
n=1

τn
Tn

≤ Bmax,

τ ≥ 0,

T ≥ 0.

(2.7)

where C(·) is a generic target dependent objective function used to evaluate the quality of a resource
allocation.

2.5. Bayes Risk-Based Track Maintenance as Starting Point
The optimization problem in Equation 2.7 is formulated using the generic objective function C(·). In this
thesis, the objective function C(·) is based on the Bayes risk-based RRM framework for multi-target
track maintenance introduced by Chioccarello et al. [17].

In this framework, RRM is formulated around the decisions made during track maintenance, rather
than around tracking accuracy or estimation uncertainty alone. For each maintained track, the target
existence problem is represented by the binary hypothesis set

Hk = {H0,k,H1,k} , (2.8)

where H0,k denotes the hypothesis that the target is absent at time step k, and H1,k denotes the
hypothesis that the target is present.

The uncertainty about target existence is represented by a binary Bayesian belief state,

πk|k =

[
π0,k|k
π1,k|k

]
, (2.9)

where π0,k|k = P (H0,k | Z1:k) and π1,k|k = P (H1,k | Z1:k) denote the posterior probabilities for target
absence and target presence, respectively, after processing the measurement history Z1:k.

Before processing the measurement set at time step k, the belief is first predicted from the previous
posterior belief using a Markov transition model for target existence,

[
π0,k|k−1

π1,k|k−1

]
=

[
P (H0,k | H0,k−1) P (H0,k | H1,k−1)
P (H1,k | H0,k−1) P (H1,k | H1,k−1)

] [
π0,k−1|k−1

π1,k−1|k−1

]
, (2.10)

The predicted belief is therefore given by

πk|k−1 =

[
π0,k|k−1

π1,k|k−1

]
, (2.11)

where π0,k|k−1 and π1,k|k−1 denote the predicted probabilities of target absence and target presence
before receiving the measurement set Zk. The transition probabilities account for the possibility that a
target remains absent, appears, disappears, or remains present between two consecutive time steps.

After receiving the measurement set Zk, the predicted belief is corrected using Bayes’ rule,

πi,k|k = P (Hi,k | Z1:k) =
p(Zk | Hi,k, Z1:k−1)πi,k|k−1∑1
ℓ=0 p(Zk | Hℓ,k, Z1:k−1)πℓ,k|k−1

, i ∈ {0, 1}. (2.12)

Here, p(Zk | Hi,k, Z1:k−1) denotes the likelihood of the received measurement set under hypothesis
Hi,k, conditioned on the previous measurement history. This prediction-correction structure allows
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the binary track maintenance framework to recursively update the probability that a maintained track
corresponds to an existing target.

Based on the updated binary belief state, the track maintenance framework selects one of two corre-
sponding decisions,

Dk = {D0,k, D1,k} , (2.13)

whereD0,k represents the decision to terminate the track andD1,k represents the decision to maintain
the track. Consequently, two types of incorrect track maintenance decisions can occur: a false track
may be maintained while the target is absent, or a true track may be terminated while the target is
still present.

The operational consequences of the possible decision outcomes are represented through the binary
cost matrix

Ck =

[
C00,k C01,k

C10,k C11,k

]
, (2.14)

where Cij,k denotes the cost of selecting decision Di,k when hypothesis Hj,k is true. The diagonal
entries represent the costs associated with correct decisions, while the off-diagonal entries represent
the costs of incorrect track maintenance decisions. In particular, C01,k represents the cost of termi-
nating a track while the target is present, whereas C10,k represents the cost of maintaining a track
while the target is absent.

The expected Bayes risk associated with the track maintenance problem can be expressed at a high
level as

Rk =

1∑
i=0

1∑
j=0

Cij,kP (Di,k | Hj,k)πj,k|k−1, (2.15)

where πj,k|k−1 denotes the predicted probability of hypothesisHj,k before receiving the measurement
set at time step k, and P (Di,k | Hj,k) denotes the probability of selecting decision Di,k when hypoth-
esis Hj,k is true. The Bayes Risk therefore combines the probability of each decision outcome with
the operational cost assigned to that outcome.

The decision probabilities depend on the information provided by the radar measurements. Since the
allocated dwell time and revisit interval affect the probability of detection and the measurement quality,
the Bayes Risk is indirectly a function of the radar resource allocation. The generic target dependent
objective function in Equation 2.7 can therefore be instantiated using the expected Bayes Risk,

C
(
snk ,π

n
k|k−1, τn, Tn

)
= Rn

k

(
snk ,π

n
k|k−1, τn, Tn

)
. (2.16)

The individual target risks can be summed and minimized under the shared radar time constraint. In
this way, the allocated resources are selected according to their expected contribution to reducing
costly track maintenance decision errors.

The formulation of Chioccarello et al.[17] is constrained to the binary target existence problem and
therefore considers only track maintenance decisions. Target classification is not yet included as part
of the resource management objective. In particular, the belief state only distinguishes between target
absence and target presence, and the cost matrix only represents the consequences of maintaining
or terminating a track. The formulation therefore does not account for class related information, for
the operational consequences of incorrect classification decisions, or for mission dependent priorities
in which errors involving one target class may be more important than errors involving another.

The problem addressed in this thesis is therefore to investigate how classification can be incorpo-
rated into this Bayes Risk-based RRM framework. The objective is to determine how the operational
consequences of both track maintenance and classification errors can be represented through user
defined costs.
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2.6. System overview
The proposed framework consists of two interacting components: a joint track maintenance and clas-
sification module, and a RRM module. Their interaction is shown schematically in Figure 2.1.

The joint track maintenance and classification module processes the radar measurements and recur-
sively estimates the kinematic target states, target existence probabilities, and target class beliefs.
These estimates form the information state used by the resource management module.

The RRM module then determines how the available radar time budget should be distributed among
the targets. Based on the current target state estimates, classification beliefs, sensing conditions,
and user defined decision costs, the module evaluates the expected Bayes Risk associated with the
possible resource allocations.

The resulting resource allocation is fed back into the next radar scan, thereby affecting the future mea-
surement quality, detection probability, belief update, and subsequent resource allocation decision.
The framework therefore forms a closed loop adaptive radar management system in which sensing,
estimation, decision making, and resource allocation are coupled over time.

Radar scan
with allocated resources

Validated measurement set
Zk

Recursive filtering
and data association

ŝk|k, πk|k

Predicted target state and belief
ŝk+1|k, πk+1|k

Bayes risk
evaluation
Rn,k+1

Constrained resource
allocation

Allocated resources
τ ⋆

k+1,T
⋆
k+1

User defined
cost matrix

Ck+1

Resource
constraint
Bmax

Joint track maintenance and classification

Radar resource management

Figure 2.1: System level overview of the proposed Bayes Risk-based RRM framework. The joint track maintenance and
classification module processes the validated radar measurements and estimates the target states and joint beliefs. The
RRM module evaluates the expected Bayes Risk and allocates the available radar resources for the next scan under the

imposed resource constraint.



3
Methodology

This chapter develops the methodology proposed in this thesis for solving the joint track maintenance
and classification RRM problem formulated in Equation 2.7. Building on the Bayes risk-based track
maintenance framework introduced in section 2.5, the proposed methodology extends the binary
target existence decision problem to a joint target existence and classification setting. The central
objective is to connect the operational consequences of both track maintenance and classification
decision errors to the allocation of the available sensing resources.

The chapter first introduces the proposed joint belief representation used to describe target existence
and classification uncertainty. It then presents the measurement-set model required for Bayesian
belief updating and Bayes Risk evaluation. Based on these beliefs, a Bayes Risk decision framework
is introduced, after which the expected Bayes risk is evaluated numerically. Finally, the resulting risk
objective is used into a surrogate-based constrained radar resource allocation method. The general
formulation allows both dwell time and revisit interval to be considered as radar resource variables.
The implemented optimization method in this thesis focuses on a one dimensional surrogate risk
allocation.

3.1. Joint Belief Representation
In the joint track maintenance and classification problem, the radar must infer both whether a target
is present and, if present, to which class it belongs. To represent this coupled uncertainty, this the-
sis proposes a joint hypothesis space in which target absence and the possible target classes are
modeled as mutually exclusive hypotheses.

This joint formulation is important because these two sources of information can be coupled. Kine-
matic evidence that supports the presence of a target, should also affect the credibility of the class
hypotheses, while class dependent feature measurements can provide extra evidence that a target
is indeed present. For example, a measurement with a feature value that is highly consistent with
one target class should not only increase the probability of that class, but also increase the probability
that the measurement originated from a real target rather than clutter. On the other hand, if the target
existence probability is low, high conditional class likelihoods should not by themselves be interpreted
as reliable evidence that a real target of that class is present.

The hypotheses are therefore formulated asmutually exclusive joint events: either no target is present,
or a target is present and belongs to one of the possible classes. This allows the posterior belief to
capture the interaction between track maintenance and classification in a single probability vector. As
a result, the following Bayesian decision rule and Bayes Risk objective can evaluate the operational
consequences of absence, missed detection, and class confusion within one consistent framework.

The joint hypothesis space is defined as

H = {H0,k,H1,k, . . . , HNc,k}, (3.1)

where H0,k denotes the hypothesis that the target is absent at time k, while Hi,k, for i = 1, . . . , Nc,
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denotes the hypothesis that the target is present and belongs to class i from a set of total Nc classes.

The belief over the hypotheses can then be represented by the posterior probability vector

πk =


π0,k

π1,k

...
πNc,k

 , πi,k = P (Hi,k | Z1:k), (3.2)

where Z1:k = {Z1, . . . , Zk} denotes the sequence of measurements up to time k.

3.2. Prior Prediction of Hypothesis Probabilities
Between consecutive radar scans, the joint hypothesis probabilities may change even before a new
measurement is received. For example, a target that was present at the previous time step may
disappear from the surveillance region because it was neutralized. Conversely, a previously absent
target may enter the surveillance region. The belief state should therefore not only be updated by
measurements, but also predicted forward in time to account for possible changes in target existence
and class state.

To describe this temporal evolution, the hypotheses are assumed to evolve according to a first-order
Markov process. The predicted prior probabilities are therefore given by

πk|k−1 = Tπk−1, (3.3)

where T is the hypothesis transition matrix with entries

Tij = P (Hi,k | Hj,k−1). (3.4)

The transition matrix therefore models the probability that the joint target existence and class hypoth-
esis changes between two consecutive scans. In this way, the predicted prior πk|k−1 represents the
belief before the new measurement set Zk is incorporated.

3.3. Measurement-Set Likelihood Model
This section develops the probabilistic measurement-set model required to evaluate the Bayesian
decision framework introduced in section 3.1. The formulation accounts for multiple measurements,
missed detections, clutter generated measurements, and uncertain target measurement associations.

The resulting measurement-set densities are used both for the recursive Bayesian belief update and
for the numerical evaluation of the conditional decision probabilities required in the Bayes risk.

3.3.1. Joint Kinematic and Feature Measurements
The radar measurement process is represented through conditional measurement-set densities under
the joint hypotheses defined in Equation 3.1. These densities describe the possible measurement-
set realizations under each hypothesis and provide the likelihood model used for both Bayesian belief
updating and Bayes Risk evaluation.

The complete single target radar measurement zk is written as

zk =

[
yk

ξk

]
. (3.5)

where yk contains the kinematic measurement , and ξk denotes the class related feature measure-
ment.

3.3.2. Single-Measurement Target Likelihoods
For each present state hypothesis Hi,k, with i = 1, . . . , Nc, the likelihood of a target generated mea-
surement is evaluated using both kinematic and class related information. The kinematic component
describes whether the measurements are consistent with the predicted target position, while the fea-
ture component describes whether the measured class related feature is consistent with the assumed
target class. Combining these two sources of information provides a more discriminative likelihood
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than using either source individually, since a measurement must be both spatially plausible and class
consistent to receive a high target originated likelihood.

The complete measurement vector therefore contains both the kinematic measurement yk and the
class related feature measurement ξk,

pi(zk | Z1:k−1) = p(yk, ξk | Hi,k, Z1:k−1). (3.6)

For the absent hypothesis H0,k, the measurements are assumed to originate from clutter. The clutter
density is shown as,

p0(zk | Z1:k−1) = p(yk, ξk | H0,k, Z1:k−1).. (3.7)

3.3.3. False Alarm Cardinality Model
At scan k, the radar may receive a random number of measurements. Therefore, the complete radar
measurement is represented as the random measurement set

Zk = {z(1)k , . . . , z
(Mk)
k }, (3.8)

where Mk denotes the number of measurements in the set.

Let MFA denote the number of false alarm measurements inside the measurement region. The prob-
ability of receiving exactly m false alarm measurements is defined by

pF (m) ≜ P (MFA = m | Z1:k−1), m = 0, 1, 2, . . . . (3.9)

The function pF (m) describes the false alarm count distribution inside the measurement region.

Under the absent hypothesis, the total number of measurements equals the number of false alarms.
Hence,

P (Mk = m | H0,k, Z1:k−1) = pF (m). (3.10)

Under a present target hypothesis, the total number of measurements depends on if the target is
detected. If the target is missed, all m measurements are false alarms. If the target is detected,
we assume one measurement is target generated and the remaining m− 1 measurements are false
alarms. Therefore,

P (Mk = m | Hi,k, Z1:k−1) = (1− P
(i)
D )pF (m) + P

(i)
D pF (m− 1), i = 1, . . . , Nc, (3.11)

with the convention that pF (−1) = 0, as a negative amount of measurements is assumed impossible.

3.3.4. Count Weighted Measurement-Set Likelihoods
The cardinality model above only describes the probability of obtaining a measurement set withMk =
m elements. To evaluate a realized measurement set, the densities of the measurement values must
also be included. The resulting count weighted measurement-set likelihoods combine the probability
of the required false alarm count with the density of the observed measurement values.

Under the absent hypothesis H0,k, all measurements are clutter originated. For a realized set with
Mk = m, this gives

p(Zk,Mk = m | H0,k, Z1:k−1) = pF (m)

m∏
ℓ=1

p0

(
z
(ℓ)
k | Z1:k−1

)
. (3.12)

Under a present-class hypothesisHi,k, the same two cardinality cases fromEquation 3.11 are weighted
by the corresponding measurement-value densities. This gives

p(Zk,Mk = m | Hi,k, Z1:k−1)

= (1− P
(i)
D )pF (m)

m∏
ℓ=1

p0

(
z
(ℓ)
k | Z1:k−1

)
+ P

(i)
D pF (m− 1)

m∑
ℓ=1

pi

(
z
(ℓ)
k | Z1:k−1

) m∏
r=1
r ̸=ℓ

p0

(
z
(r)
k | Z1:k−1

)
.

(3.13)
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for i = 1, . . . , Nc. The first term corresponds to a missed detection, while the second term sums over
all possible associations of the single target-originated measurement.

After Zk has been observed, its realized cardinalityMk = m is part of the observation. Therefore, the
count weighted densities in Equation 3.12 and Equation 3.13 can be used directly as the likelihoods
in the posterior belief update.

3.4. Recursive Bayesian Belief Update
The measurement-set densities derived above are next used to evaluate the likelihoods required in
the Bayesian posterior update.

During recursive filtering, the radar receives one realized measurement set,

Zk = {z(1)k , . . . , z
(Mk)
k }, (3.14)

for which the number of measurements is known. Let this realized cardinality be denoted byMk = m.

After the measurement set has been observed, the realized cardinality is part of the observation.
Therefore, the likelihood used in the recursive Bayesian update is the count weighted measurement-
set density

Li,k(Zk) ≜ p(Zk,Mk = m | Hi,k, Z1:k−1), i = 0, . . . , Nc. (3.15)

This likelihood includes both the density of the received measurement values and the probability of
obtaining the observed number of measurements.

The evaluated likelihood values are then inserted into the Bayesian posterior update equation to
compute the posterior hypothesis probabilities. After receiving the measurement set Zk, with realized
cardinality Mk = m, the posterior probabilities are updated using Bayes’ rule:

πi,k =
Li,k(Zk)πi,k|k−1

Nc∑
j=0

Lj,k(Zk)πj,k|k−1

, i = 0, . . . , Nc. (3.16)

Here, Li,k(Zk) denotes the likelihood of the realized measurement set and its realized cardinality
under hypothesis Hi,k, conditioned on the measurement history up to time step k − 1.

Altogether, the first-order Markov hypothesis transition model, the Bayesian measurement update,
and the radar resource allocation actions through the dwell time τ and revisit interval T can be inter-
preted as a myopic Partially Observable Markov Decision Process (POMDP) framework [27], [28].

3.5. Bayes Risk Decision Framework
3.5.1. Decision Set and Cost Matrix
Based on the posterior hypothesis probabilities P (Hi,k | Z1:k), a decision is made from the decision
set

D = {D0,k, D1,k, . . . , DNc,k}, (3.17)

where Di,k denotes the decision to select hypothesis Hi,k.

To account for the operational consequences of incorrect decisions, a joint cost matrix is proposed:

Ck =


C00,k C01,k · · · C0Nc,k

C10,k C11,k · · · C1Nc,k

...
...

. . .
...

CNc0,k CNc1,k · · · CNcNc,k

 , (3.18)

where Cij,k denotes the cost associated with selecting decision Di,k when hypothesis Hj,k is true.

Introducing this joint cost matrix allows different decision errors to be weighted according to their
operational significance very directly. In practical radar systems, not all decision errors have equal
consequences. For example, failing to detect a target or incorrectly classifying a hostile target may
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be significantly more critical than confusing two similar non-threatening target classes. By explicitly
incorporating these relative penalties into the decision process, the Bayesian framework can prioritize
decisions that minimize the expected operational impact rather than only maximizing classification
accuracy. This provides a very direct relation between the assigned costs and the decision errors.

3.5.2. Conditional Bayes Risk and Minimum-Risk Decision Rule
The conditional Bayes risk associated with selecting decisionDi,k is defined as the expected posterior
cost [21], [29]:

r(Di,k | Z1:k) =

Nc∑
j=0

Cij,kP (Hj,k | Z1:k). (3.19)

The minimum Bayes risk decision rule selects the decision that minimizes the conditional risk:

D̂k = arg min
Di,k∈D

r(Di,k | Z1:k). (3.20)

Although these decisions are currently not used in this framework to delete tracks, they are used to
define the Bayesian decision regions.

3.5.3. Bayesian Decision Regions
The Bayesian decision rule partitions the measurement space into decision regions corresponding to
the minimum risk decision. The decision region associated with decision Di,k is therefore defined as

Γi = {Zk : r(Di,k | Z1:k) ≤ r(Dℓ,k | Z1:k), ∀ℓ ∈ {0, . . . , Nc}} , (3.21)

where Γi denotes the region of the measurement space for which decision Di,k yields the minimum
conditional Bayes risk.

Equivalently, the decision regions can be expressed through the pairwise inequalities

r(Di,k | Z1:k) ≤ r(Dℓ,k | Z1:k), ℓ ̸= i. (3.22)

For measurement sets with variable cardinality, these regions are later indexed by the realized cardi-
nality m, since each value of m corresponds to a different measurement value space.

3.6. Expected Bayes Risk Evaluation
3.6.1. Expected Bayes Risk Objective
The expected Bayes risk is obtained by taking the expectation of the decision cost over all possible
true hypotheses and decisions. Therefore, for a single target at time k, the expected risk can be
written as

Rk =

Nc∑
i=0

Nc∑
j=0

Cij,kP (Di,k | Hj,k, Z1:k−1)πj,k|k−1. (3.23)

where P (Di,k | Hj,k, Z1:k−1) denotes the probability of selecting decision Di,k when hypothesis Hj,k

is true, conditioned on the measurement history available up to time step k − 1.

Building on the Bayes risk-based objective formulation introduced in chapter 2, the objective function
C(·) in Equation 2.7 is now specified using the total risk derived in Equation 3.23. Since this risk is
evaluated before the next measurement set is observed, the resulting allocation is myopic and opti-
mizes the expected decision cost one step ahead. This total risk combines the expected operational
consequences of the joint track maintenance and classification decisions into a single objective value.
Assuming that the targets are sufficiently separated and can be treated as conditionally independent,
the overall system objective is modeled as the sum of the individual target risks,

C
(
snk ,π

n
k|k−1, τn, Tn

)
= Rn

k

(
snk ,π

n
k|k−1, τn, Tn

)
. (3.24)

where Rn
k denotes the expected Bayes risk associated with target n.
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3.6.2. Conditional Decision Probabilities
Evaluating the Bayes risk in Equation 3.23 requires the conditional decision probabilities

P (Di,k | Hj,k, Z1:k−1). (3.25)

These probabilities describe how likely it is that the Bayesian decision rule selects decisionDi,k when
hypothesis Hj,k is true, conditioned on the measurement history available before scan k.

In the multiple measurement case, these probabilities must account for all possible numbers of mea-
surements and all possible target measurement associations. Let δk(Zk,m) denote the Bayesian
decision rule from Equation 3.20 applied to a measurement set Zk with cardinalityMk = m. For each
possible cardinality, the corresponding Bayesian decision region is defined as

Γ
(m)
i = {Zk : δk(Zk,m) = Di,k} . (3.26)

Hence, Γ(m)
i contains all m-measurement sets for which the Bayesian decision rule selects decision

Di,k.

Using the measurement-set formulation from Equation 3.8, the conditional decision probability can
then be written directly in terms of the count weighted measurement-set density as

P (Di,k | Hj,k, Z1:k−1) =

∞∑
m=0

∫
Γ
(m)
i

p(Zk,Mk = m | Hj,k, Z1:k−1) dZk. (3.27)

This expression integrates the probability density of all measurement sets that lead to decision Di,k,
while summing over all possible measurement-set cardinalities.

The count weighted form in Equation 3.27 is equivalent to first conditioning on the measurement-set
cardinality. Indeed, for fixed Mk = m, the joint density of the measurement values and the cardinality
can be factorized as

p(Zk,Mk = m | Hj,k, Z1:k−1) = P (Mk = m | Hj,k, Z1:k−1)p(Zk | Hj,k,Mk = m,Z1:k−1). (3.28)

Substituting Equation 3.28 into Equation 3.27 gives

P (Di,k | Hj,k, Z1:k−1) =

∞∑
m=0

P (Mk = m | Hj,k, Z1:k−1)

∫
Γ
(m)
i

p(Zk | Hj,k,Mk = m,Z1:k−1) dZk.

(3.29)
Here, P (Mk = m | Hj,k, Z1:k−1) can be taken outside the integral because it does not depend on the
measurement values in Zk. The integral itself is the probability that the Bayesian decision rule selects
Di,k, conditioned on both the true hypothesis Hj,k and the measurement-set cardinality Mk = m.
Hence, the count weighted expression in Equation 3.27 is equivalent to averaging the cardinality-
conditioned decision probabilities over the probability mass of Mk.

In general, the decision regions Γ
(m)
i are defined implicitly by the Bayesian decision rule. These

regions may have complex nonlinear boundaries and therefore do not generally admit closed-form
analytical integration. Numerical approximation is therefore used in this work.

3.6.3. Motivation for Numerical Approximation
In principle, the decision region integrals in Equation 3.29 can be evaluated analytically once the
Bayesian decision regions are explicitly characterized. However, these regions are not defined di-
rectly, but implicitly through pairwise comparisons of conditional Bayes risks. As a result, their bound-
aries are generally nonlinear functions of the measurement variables.

For low dimensional problems with Gaussian likelihoods and equal covariance matrices, such de-
cision boundaries may reduce to analytically tractable hypersurfaces. In the present joint tracking
and classification formulation, however, the measurement model contains nonlinear radar measure-
ments, class dependent likelihoods, missed detections, clutter, and uncertain data association. Con-
sequently, the corresponding Bayesian decision regions become highly complex and generally do
not admit a closed form analytical expression.
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The first analytical route considered in this work was therefore to simplify or approximate the Bayesian
decision regions themselves. Analytical formulations for cost sensitive Bayes risk have been inves-
tigated in the literature, but the directly applicable reductions identified in this study are primarily
restricted to binary classification problems [30], [31], [32]. In the binary case, the Bayes risk can be
expressed using two competing conditional-risk functions, and the corresponding decision boundary
can often be characterized by a single likelihood-ratio threshold, as also shown in [17]. This struc-
ture does not extend straightforwardly to the multiclass setting considered here, where each decision
region is determined by the minimum over multiple cost weighted conditional risks, as shown in Equa-
tion 3.20.

Several approximate analytical formulations were also considered to avoid direct integration over the
full measurement space. In particular, hierarchical and gate based approximations were investigated,
in which the joint decision process is decomposed into sequential detection and classification stages.
In such a formulation, the detection decision can first be approximated by neglecting class confusion
errors, leading to likelihood-ratio thresholds determined by themissed-detection and false alarm costs,
such as C0i and Ci0. Classification can then be performed only within the region where target pres-
ence is selected. This decomposition reduces the complexity of the decision problem by replacing
the global Bayesian decision regions with locally defined detection and classification subregions.

However, this sequential decomposition breaks the equivalence with the global Bayes decision rule in
Equation 3.20. In particular, the resulting subregions do not directly preserve the decision regions in-
duced by the full cost matrix, since target existence and class confusion costs are treated in separate
stages rather than jointly. This neglects the coupling between target existence, classification, missed
detections, clutter, and data association in the complete joint measurement-set formulation. There-
fore, no sufficiently accurate and general analytical approximation of the Bayesian decision regions
was found.

A second alternative considered in this work was to replace the exact conditional decision probabilities
by analytical bounds. A substantial body of literature provides bounds on the probability of error
of the MAP decision rule. Classical examples include the Bhattacharyya and Chernoff bounds, as
well as bounds based on other statistical divergence measures [30], [33]. Although many of these
methods were originally developed for binary hypothesis testing problems, extensions to multiclass
MAP classification have also been proposed. These extensions commonly express the multiclass
error probability in terms of pairwise binary risks, pairwise class affinities, or generalized multiclass
separability measures [34], [35], [36], [37].

However, these multiclass bounds generally assume a zero-one loss function, under which every in-
correct decision incurs the same cost. In that case, the Bayes risk reduces to the total probability of
misclassification, and the Bayes optimal decision rule becomes the MAP rule. This differs from the
decision problem considered in this work, where an arbitrary Bayesian cost matrix assigns different
consequences to different combinations of true and selected hypotheses. The resource manage-
ment objective is therefore explicitly cost sensitive, and cannot be evaluated from the total MAP error
probability alone.

Consequently, although analytical approximations are available for certain binary cost sensitive prob-
lems and analytical bounds are available for multiclass MAP error probabilities under zero-one loss,
no sufficiently general and computationally applicable analytical method was found for the cost sen-
sitive multihypothesis problem considered in this thesis. More importantly, the available methods do
not directly provide the individual conditional decision probabilities required to evaluate the complete
Bayesian cost matrix in Equation 3.19.

Multiclass Bayes Risk formulations with arbitrary loss functions have been presented in the litera-
ture [38]. When the resulting decision region integrals do not admit closed form expressions, these
probabilities are commonly approximated numerically by sampling from the conditional distributions
and evaluating the resulting classification decisions. This motivates the Monte Carlo approximation
adopted in this work, which directly estimates the required conditional decision probabilities without
requiring an explicit analytical characterization of the Bayesian decision regions.

3.6.4. Monte Carlo Approximation of Conditional Decision Probabilities
The decision probabilities in Equation 3.29 contain two sources of randomness. First, the number
of measurements Mk is random. Second, for a fixed measurement-set cardinality Mk = m, the
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measurement values in Zk are random. The computation is therefore separated into two steps. In
this subsection, the decision probability is estimated for a fixed hypothesisHj,k and a fixed cardinality
m. In subsection 3.6.5, these conditional estimates are then averaged over the possible values of m.

For a fixed hypothesis Hj,k and measurement-set cardinality Mk = m, measurement sets are sam-
pled from the corresponding conditional measurement-value density,

Z
(q,j,m)
k ∼ p(Zk | Hj,k,Mk = m,Z1:k−1), q = 1, . . . , NMC. (3.30)

Each sampled measurement set is then passed through the same Bayesian decision procedure that
would be used for a realized measurement set. For every Monte Carlo realization, the count weighted
likelihood values

p(Z
(q,j,m)
k ,Mk = m | Hℓ,k, Z1:k−1), ℓ = 0, . . . , Nc, (3.31)

are evaluated and inserted into the Bayesian posterior update from Equation 3.16. The resulting
posterior probabilities are then used in the Bayesian decision rule from Equation 3.20. This gives the
selected decision

D̂
(q,j,m)
k = δk

(
Z

(q,j,m)
k ,m

)
. (3.32)

The conditional decision probability for fixed Hj,k and Mk = m is then estimated by the relative
frequency with which decision Di,k is selected:

P̂ (Di,k | Hj,k,Mk = m,Z1:k−1) =
1

NMC

NMC∑
q=1

I
(
δk(Z

(q,j,m)
k ,m) = Di,k

)
. (3.33)

Here, NMC denotes the number of Monte Carlo samples and I(·) represents the indicator function.

This estimator can equivalently be interpreted as a Monte Carlo approximation of the decision region
integral. The decision region Γ

(m)
i contains all measurement sets with cardinality m for which the

decision rule selects Di,k. Hence,

Z
(q,j,m)
k ∈ Γ

(m)
i ⇐⇒ δk(Z

(q,j,m)
k ,m) = Di,k. (3.34)

Therefore,∫
Γ
(m)
i

p(Zk | Hj,k,Mk = m,Z1:k−1) dZk ≈ 1

NMC

NMC∑
q=1

I
(
δk(Z

(q,j,m)
k ,m) = Di,k

)
. (3.35)

3.6.5. Cardinality Averaging and Truncation
The conditional Monte Carlo estimate in Equation 3.33 only accounts for the randomness of the mea-
surement values given a fixed cardinality m. To obtain the full conditional decision probability given
only the true hypothesisHj,k, the result must also be averaged over the possible values of the random
measurement-set cardinality Mk.

Substituting the fixed cardinality Monte Carlo estimate into the count weighted decision probability in
Equation 3.29 gives

P (Di,k | Hj,k, Z1:k−1) ≈
∞∑

m=0

P (Mk = m | Hj,k, Z1:k−1)P̂ (Di,k | Hj,k,Mk = m,Z1:k−1) . (3.36)

In practice, the infinite summation over m must be truncated at a maximum measurement-set car-
dinality Mmax. Using the false-alarm count probability introduced in Equation 3.9, Mmax is selected
such that

P (MFA ≤ Mmax) ≥ γ, (3.37)

where γ is a probability mass threshold selected close to one. This ensures that the omitted false
alarm cardinalities contain at most 1− γ of the total false alarm probability mass.
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The resulting truncated estimator combines the two steps: Monte Carlo averaging over measurement
values for each fixed m, followed by probability weighted averaging over the possible cardinalities:

P̂ (Di,k | Hj,k, Z1:k−1) =

Mmax∑
m=0

P (Mk = m | Hj,k, Z1:k−1)
1

NMC

NMC∑
q=1

I
(
δk(Z

(q,j,m)
k ,m) = Di,k

)
. (3.38)

The outer summation accounts for the probability of receiving different numbers of measurements,
while the inner Monte Carlo summation estimates the probability that the Bayesian decision rule se-
lects Di,k for measurement sets with that fixed cardinality. In this way, the approximation preserves
the statistical effects of missed detections, multiple clutter measurements, and probabilistic measure-
ment association while keeping the Bayes Risk evaluation tractable for adaptive RRM.

3.7. Surrogate-Based Resource Allocation
3.7.1. Solution Strategy
The Bayes Risk objective derived in the preceding sections is incorporated into the constrained re-
source allocation problem from Equation 2.7. The selected solution method must therefore support
constrained minimization while maintaining feasibility with respect to the available radar time budget.

Lagrangian relaxation provided an elegant framework in previous works[15], [39], offering both per
target decomposition and an intuitive interpretation of the dual variable . However in the current
non-convex settings, the associated dual subgradient method may exhibit slow convergence and
sensitivity to step size selection [40]. Maximizing the dual function yields the best lower bound on
the primal objective, but does not guarantee recovery of a feasible or optimal primal solution in non-
convex problems such as the objective function considered in this thesis.

For this reason, a primal method with explicit feasibility enforcement is used. This ensures that the
radar time budget constraint is satisfied at every iteration.

3.7.2. Original Resource Allocation Problem
For completeness, the resource allocation problem from Equation 2.7 is restated here in terms of the
individual target risks. In the general formulation, the decision variables are the dwell times τn and
revisit intervals Tn:

min
{τn,Tn}

N∑
n=1

Rn,k(τn, Tn) (3.39)

subject to
N∑

n=1

τn
Tn

≤ Bmax. (3.40)

The individual risk Rn,k also depends on the predicted target state and predicted joint belief state.
These quantities are not shown explicitly in this subsection because they are not decision variables
of the resource allocation problem. At a given resource allocation step, the predicted state and belief
are treated as fixed inputs, while the optimization is performed only over the selected radar resource
variables.

This formulation allows the Bayes Risk objective to be evaluated for different radar resource variables.
In the surrogate basedmethod developed below, the optimization is formulated for one selected scalar
resource variable un. Depending on the assumed radar implementation, this variable may represent
dwell time or revisit interval.

3.7.3. Computational Challenge of Direct Bayes Risk Optimization
Direct optimization of the Bayes Risk objective is computationally demanding because its evaluation
relies on the Monte Carlo procedure from subsection 3.6.4. Consequently, each evaluation of the ob-
jective function would require a new set of sampled measurement realizations and repeated Bayesian
decision evaluations.

This introduces twomajor difficulties. First, the estimated risk values contain sampling noise, such that
the resulting risk curve is no longer perfectly smooth. Small fluctuations may appear even when the
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true underlying risk function is monotonic. Second, during iterative optimization, the objective function
must be evaluated repeatedly at different candidate allocations. If a new Monte Carlo simulation is
required at every iteration, the computational cost becomes very big.

Thus, the optimization problem becomes both expensive and numerically unstable. The combination
of noisy objective values and finite difference gradient approximations leads to unreliable descent
directions and slow or no convergence. To overcome these issues, a deterministic surrogate approx-
imation of the Bayes risk function is proposed.

3.7.4. Surrogate Risk Construction
To avoid repeated Monte Carlo evaluation during the iterative optimization, a deterministic surrogate
risk function is constructed for each target. The Bayes risk is evaluated on a predefined grid of the
selected resource variable un, after which the sampled values are processed and interpolated to
obtain a continuous approximation of the curve.

For every target n, a resource grid is defined as

un ∈ {u1, u2, . . . , uNu
}. (3.41)

At each grid point uj , the corresponding Bayes risk is evaluated while the remaining resource variables
are kept fixed:

Rn,k(uj). (3.42)

Since these values are obtained throughMonte Carlo simulation, the resulting sampled curve consists
of discrete noisy estimates of the true underlying risk function with respect to the selected resource
variable.

The sampled Monte Carlo risk values are postprocessed in order to obtain a numerically stable ap-
proximation:

First, a Savitzky-Golay smoothing filter [41] is applied to suppress high frequency sampling fluctua-
tions, while preserving the overall curvature of the risk curve.

Second, a monotonicity constraint is enforced using isotonic regression [42]. The monotonicity di-
rection is chosen according to the physical interpretation of the selected resource variable. If the
resource variable is expected to improve sensing performance when increased, such as dwell time,
the surrogate risk is constrained to be non increasing. If increasing the variable is expected to reduce
information availability, such as for the revisit interval, the surrogate risk is constrained to be non de-
creasing. This regularization suppresses Monte Carlo fluctuations that violate the expected physical
trend of the Bayes Risk function.

After the regularization, the processed samples are converted into a continuous surrogate function
using piecewise cubic Hermite interpolation (PCHIP) [43]. This interpolation method preserves the
local shape of the data and avoids the oscillatory behavior that may happen with standard cubic
splines, while maintaining the monotonic trend of the processed samples [44].

The final surrogate risk function for target n is denoted by

R̃n,k(un), (3.43)

which provides a smooth and computationally efficient approximation of the original Monte Carlo
Bayes risk.

3.7.5. Scalar Resource Optimization
After the surrogate risk functions have been constructed, the stochastic Bayes Risk optimization prob-
lem is replaced by a deterministic scalar resource optimization problem. Restricting the optimization
to one scalar resource variable per target avoids the additional complexity of constructing and opti-
mizing a multidimensional surrogate risk function. The resulting optimization can then be performed
directly on the one dimensional surrogate risk functions.

Using the surrogate risk approximation, the scalar optimization problem becomes

min
{un}

N∑
n=1

R̃n,k(un), (3.44)
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where R̃n,k(un) denotes the surrogate Bayes Risk function for target n as a function of the selected
resource variable.

The corresponding feasible set depends on the interpretation of un. If un is chosen as the dwell time,
the revisit intervals are fixed and the radar time budget constraint becomes

N∑
n=1

un

T
≤ Bmax. (3.45)

If un is chosen as the revisit interval, the dwell times are fixed and the budget constraint becomes

N∑
n=1

τ

un
≤ Bmax. (3.46)

The projected optimization method below is written for a generic feasible set U . Therefore, the same
optimization structure can be used for any selected scalar resource variable, provided that projection
onto U can be performed efficiently.

The constrained scalar resource problem is solved using a projected subgradient method[40]. At
iteration ℓ, the resource allocation vector is written as

uℓ =
[
uℓ
1 · · · uℓ

N

]⊤
. (3.47)

The vector is first updated in the negative subgradient direction:

uℓ+ 1
2 = uℓ − ρℓg

ℓ, (3.48)

where gℓ is a subgradient of the surrogate objective function and ρℓ is the step size.

To ensure that the radar time budget constraint remains satisfied after each update, the intermediate
iterate is subsequently projected back onto the feasible set:

uℓ+1 = ΠU

(
uℓ+ 1

2

)
, (3.49)

where U denotes the feasible set from the selected scalar resource variable.

This projection enforces the maximum budget constraint and the imposed lower and upper bounds
on the selected resource variable at every iteration. Due to the projection, every accepted iterate will
result in a feasible radar resource allocation.

Since the surrogate objective does not explicitly provide analytical derivatives, the subgradient is
approximated numerically using finite differences. For each target n, the corresponding component
of the subgradient is approximated as

gℓn ≈ R̃n,k(u
ℓ
n + ϵ)− R̃n,k(u

ℓ
n)

ϵ
, (3.50)

where ϵ is a small perturbation chosen such that uℓ
n+ϵ remains within the predefined resource interval.

Although the feasible set of the scalar resource optimization problem may be convex for a suitable
choice of un, the surrogate Bayes Risk functions are known to be non convex. Consequently, the
projected subgradient method may converge to different stationary solutions depending on the initial
resource allocation. To reduce the sensitivity of the solution to the initialization, the solver is executed
from multiple deterministic starting points.

The first initialization is the previously selected resource allocation. This provides a warm start based
on the allocation obtained during the preceding resource allocation step and is expected to be partic-
ularly suitable when the target states and belief probabilities change gradually over time.

The second initialization distributes the available radar time budget equally among all targets. In
addition, a set of target prioritized initializations is considered. For each target, one initialization
assigns as much of the available resource budget as permitted to that target, while the remaining
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budget is distributed among the other targets. These initializations are referred to as single heavy
initializations.

Each initialization is projected onto the feasible set before the iterative optimization begins. The
projected subgradient solver is then run independently from every starting point. After convergence,
the total surrogate Bayes risk is evaluated for each resulting feasible allocation. The final resource
allocation is selected according to

u⋆ = argmin
u(j)∈{u(1),...,u(Ninit)}

N∑
n=1

R̃n,k

(
u(j)
n

)
. (3.51)

Because the surrogate Bayes Risk functions are non convex, this multi start procedure does not
guarantee recovery of the globally optimal allocation. It only selects the best feasible allocation among
the stationary solutions found from the considered deterministic initializations. The resulting solution
should therefore be interpreted as a practical locally optimized allocation, rather than as a global
optimum.

3.7.6. Remark on Multi Variable Resource Optimization
The scalar resource formulation optimizes one resource variable per target while keeping the remain-
ing resource variables fixed. This means that the method can be applied to dwell time optimization
or revisit time optimization, but it does not optimize both simultaneously.

A full joint dwell and revisit formulation would require a surrogate risk function of the form

R̃n,k(τn, Tn), (3.52)

and the resulting optimization problem would be

min
{τn,Tn}

N∑
n=1

R̃n,k(τn, Tn) (3.53)

subject to
N∑

n=1

τn
Tn

≤ Bmax. (3.54)

Such a formulation would allow the radar to adapt both how long each target is observed and how
often each target is revisited. However, it would require constructing a multidimensional surrogate risk
function and solving an optimization problem with nonlinear coupling between the decision variables
through the ratio τn/Tn. The reliable combination of such joint optimization with the Monte Carlo-
based surrogate risk construction used in this thesis is left as future work.



4
Assumed Scenario

This chapter presents the modeling assumptions used in the final simulations. The goal is to model
a radar system that performs both target tracking and target classification under limited sensing re-
sources.

The radar is assumed to dynamically allocate dwell time to multiple targets, while the revisit time is
kept fixed for all targets and class hypotheses. This choice keeps all targets on a common discrete
time update grid and avoids the need for an explicit scheduling model that determines when each
target is revisited. As a result, the adaptive resource allocation can be studied independently from
radar timeline scheduling constraints. The allocated dwell time affects the signal to noise ratio (SNR),
which in turn influences the probability of detection and the quality of both the kinematic and feature
measurements. The resulting measurements are subsequently used for recursive kinematic state
estimation, classification, and Bayes Risk-based resource allocation.

Throughout this chapter, superscript (i) shows dependence on the present state class hypothesis
Hi,k, with i = 1, . . . , Nc. The absent hypothesis is denoted by H0,k. The time index k is included
when a quantity changes over time, for example through the range and dwell time dependent SNR.
For readability, the target index n is omitted unless it is needed explicitly.

4.1. Target Motion Model
The target motion is modeled using a discrete time constant velocity linear state space model. Con-
ditioned on present state class hypothesis Hi,k, the target dynamics evolve according to

sk+1 = F sk +w
(i)
k , (4.1)

where the state vector is defined as

sk =
[
xk yk ẋk ẏk

]⊤
. (4.2)

The state-transition matrix is given by

F =


1 0 T 0
0 1 0 T
0 0 1 0
0 0 0 1

 , (4.3)

where T denotes the revisit time. With a fixed revisit time, all targets are updated on a common
discrete time grid and the state transition matrix F can be evaluated using the same value of T .

The process noise is assumed Gaussian,

w
(i)
k ∼ N

(
0, Q(i)

)
, (4.4)
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with class dependent process noise covariance

Q(i) =
(
σ(i)
ω

)2


T 4

4 0 T 3

2 0

0 T 4

4 0 T 3

2
T 3

2 0 T 2 0

0 T 3

2 0 T 2

 . (4.5)

Here, σ(i)
ω denotes the class dependent maneuverability standard deviation. The process noise ac-

counts for unmodeled target accelerations and deviations from ideal constant-velocity motion.

4.2. Radar Measurement Model
The considered radar system is assumed to provide both kinematic measurements and target de-
pendent feature measurements. The kinematic measurements are used for target tracking, while the
feature measurements provide additional information for target classification.

The radar directly measures the target range and azimuth angle. The nonlinear kinematic measure-
ment function is

h(sk) =

[ √
x2
k + y2k

arctan 2(yk, xk)

]
. (4.6)

The first component corresponds to the target range, while the second component corresponds to
the azimuth angle.

The kinematic measurement under hypothesis Hi,k is modeled as

yk = h(sk) + v
(i)
y,k, (4.7)

where yk denotes the range-azimuth measurement vector and the kinematic measurement noise is
additive zero mean Gaussian,

v
(i)
y,k ∼ N

(
0, R

(i)
k

)
. (4.8)

The corresponding kinematic measurement noise covariance is

R
(i)
k =


(
σ
(i)
r,k

)2

0

0
(
σ
(i)
θ,k

)2

 . (4.9)

The range and azimuth measurement errors are assumed statistically independent.

Under class hypothesis Hi,k, the feature measurement is modeled as

ξk = µi + v
(i)
ξ,k, (4.10)

where µi denotes the nominal feature value associated with class i, and v
(i)
ξ,k represents the feature

measurement noise. The feature noise is assumed additive zero mean Gaussian,

v
(i)
ξ,k ∼ N

(
0,
(
σ
(i)
ξ,k

)2
)
. (4.11)

Each validated radar measurement is written as the combined kinematic feature measurement

zk =

[
yk

ξk

]
, m = 1, . . . ,Mk, (4.12)

where Mk denotes the number of validated measurements at time step k.
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4.3. Measurement Quality
The quality of the radar measurements is assumed to depend on the allocated dwell time and the
target range. This dependency is modeled through the SNR. For class hypothesisHi,k, the predicted
target range is obtained from the class conditioned predicted state estimate as

r̂
(i)
k|k−1 =

√(
x̂
(i)
k|k−1

)2

+
(
ŷ
(i)
k|k−1

)2

. (4.13)

The SNR is modeled as [45]

SNR
(i)
k = SNR0

(
τ

τ0

) r0

r̂
(i)
k|k−1

4

, (4.14)

where τk denotes the allocated dwell time, τ0 denotes the reference dwell time, r0 denotes the refer-
ence range, and SNR0 is the reference SNR.

The probability of detection is modeled using a Swerling-I target fluctuation model [46],

P
(i)
D,k = P

1

1+SNR
(i)
k

F , (4.15)

where PF denotes the constant false-alarm probability.

An increase in SNR is assumed to improve the radar measurement accuracy. The baseline noise
parameters are allowed to depend on the target class. The resulting time and class dependent mea-
surement standard deviations are modeled as [45]

σ
(i)
r,k =

σ
(i)
r,0√

SNR
(i)
k

, σ
(i)
θ,k =

σ
(i)
θ,0√

SNR
(i)
k

, σ
(i)
ξ,k =

σ
(i)
ξ,0√

SNR
(i)
k

. (4.16)

Here, σ(i)
r,0, σ

(i)
θ,0, and σ

(i)
ξ,0 denote the class dependent reference standard deviations for range, az-

imuth, and feature measurements, respectively. The quantities σ
(i)
r,k, σ

(i)
θ,k, and σ

(i)
ξ,k denote standard

deviations; their squared values are used as variances in the corresponding covariance matrices.

Consequently, larger dwell times generally lead to improved detection performance and more accu-
rate tracking and classification measurements.

4.4. Class Conditioned Predicted Measurement
The class conditioned predicted state is assumed Gaussian, as maintained by the class conditioned
EKF prediction step. To be able to define the single measurement likelihoods, the corresponding
predicted measurement quantities have to be defined. For each present state class hypothesis Hi,k,
the predicted state distribution is written as

p(sk | Hi,k, Z1:k−1) = N
(
ŝ
(i)
k|k−1, P

(i)
k|k−1

)
. (4.17)

The prediction step is performed using the constant velocity motion model,

ŝ
(i)
k|k−1 = F ŝ

(i)
k−1|k−1, (4.18)

and
P

(i)
k|k−1 = FP

(i)
k−1|k−1F

⊤ +Q(i). (4.19)

For each class hypothesis, the predicted kinematic radar measurement is then obtained as

ŷ
(i)
k|k−1 = h

(
ŝ
(i)
k|k−1

)
. (4.20)

Because the range-azimuth measurement model is nonlinear, the predicted kinematic measurement
distribution is approximated by linearizing h(·) around the predicted state estimate.
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The class conditioned measurement Jacobian is denoted by H
(i)
k and is defined as

H
(i)
k =

∂h(s)

∂s

∣∣∣∣
s=ŝ

(i)

k|k−1

. (4.21)

For the state vector sk = [xk, yk, ẋk, ẏk]
⊤, this gives

H
(i)
k =

[ xk√
x2
k+y2

k

yk√
x2
k+y2

k

0 0

− yk

x2
k+y2

k

xk

x2
k+y2

k
0 0

]
sk=ŝ

(i)

k|k−1

. (4.22)

This matrix maps uncertainty in the Cartesian state estimate to uncertainty in the range-azimuth mea-
surement space.

The class conditioned innovation covariance is given by

S
(i)
k = H

(i)
k P

(i)
k|k−1

(
H

(i)
k

)⊤
+R

(i)
k . (4.23)

The covariance S
(i)
k defines the predicted uncertainty of the kinematic measurement under class

hypothesis Hi,k.

These class conditioned predicted measurement quantities are used both to define the measurement
likelihoods in section 4.5 and to perform the PDA-EKF update in section 4.6.

4.5. Measurement Likelihoods and Validation Region
This section specifies the single measurement likelihoods under the present target and absent tar-
get hypotheses. The present target likelihoods are first defined using the Gaussian measurement
assumptions. These likelihoods are then used to construct a common effective validation region. Fi-
nally, the absent hypothesis clutter density and clutter-count model are defined using the resulting
validation volume.

4.5.1. Present Target Measurement Likelihood
For each present target hypothesisHi,k, with i = 1, . . . , Nc, the target generated likelihood of validated
measurement zk is denoted by

pi(zk | Z1:k−1). (4.24)
In the assumed scenario, the kinematic measurement and feature measurement are conditionally
independent given the class hypothesis and the prior information Z1:k−1. Therefore,

pi(zk | Z1:k−1) = p(yk | Hi,k, Z1:k−1)p(ξk | Hi,k, Z1:k−1). (4.25)

Using the Gaussian measurement noise assumptions, the kinematic likelihood is given by

p(yk | Hi,k, Z1:k−1) = N
(
yk; ŷ

(i)
k|k−1, S

(i)
k

)
, (4.26)

and the feature likelihood is given by

p(ξk | Hi,k, Z1:k−1) = N
(
ξk;µi,

(
σ
(i)
ξ,k

)2
)
. (4.27)

Consequently, the target generated single measurement likelihood becomes

pi(zk | Z1:k−1) = N
(
yk; ŷ

(i)
k|k−1, S

(i)
k

)
N

(
ξk;µi,

(
σ
(i)
ξ,k

)2
)
. (4.28)

Equivalently, this likelihood can be written as a Gaussian density in the joint measurement space,

pi(zk | Z1:k−1) = N
(
zk; ẑ

(i)
k|k−1,Σ

(i)
k

)
, (4.29)

with

ẑ
(i)
k|k−1 =

[
ŷ
(i)
k|k−1

µi

]
, Σ

(i)
k =

S(i)
k 0

0
(
σ
(i)
ξ,k

)2

 . (4.30)

The joint Gaussian form in Equation 4.29 is used to construct the common validation region.
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4.5.2. Moment-Matched Validation Region
A common effective validation region is introduced in the joint measurement space of range, azimuth,
and the class related feature. The purpose of this region is to determine, before the measurement set
is processed, which measurements are retained as plausible target originated measurements. Since
the target class is uncertain, a validation region based on only one class conditioned prediction could
reject measurements that are plausible under another class hypothesis. The validation region should
therefore cover the dominant probability mass of the relevant present target class hypotheses.

This validation step cannot be based directly on the Bayesian decision regions introduced in chapter 3.
These decision regions depend on the realized measurement set and, in particular, on the number of
validated measurements received in the scan. As a result, they are not fixed pre-measurement gates
and cannot be used to define a constant validation volume before the measurement set is observed.

One possible approach would be to construct separate class conditioned validation regions and use
their combined region. However, the corresponding validation volume would then require accounting
for the overlap between the class conditioned regions in the joint measurement space. This overlap
volume is not analytically tractable in the present setting. Since the clutter density requires a single
validation volume, a common effective validation region is used instead.

The common effective validation region is constructed by moment-matching [47] the class conditioned
joint Gaussian measurement distributions in Equation 4.29. This yields one validation gate and one
corresponding volume V

(0)
k , while still retaining measurements that are plausible under the dominant

present target class hypotheses. The subsequent likelihood evaluation remains class conditioned
through the individual single measurement densities pi(zk | Z1:k−1).

The normalized predicted class weights are defined as

wi,k =
πi,k|k−1∑Nc

j=1 πj,k|k−1

, i = 1, . . . , Nc. (4.31)

These weights represent the relative predicted probability of each present target class hypothesis,
conditioned on the target being present.

The effective predicted measurement is approximated as the class probability-weighted mean

ẑ
(0)
k|k−1 =

Nc∑
i=1

wi,kẑ
(i)
k|k−1. (4.32)

Similarly, the effective validation covariance is approximated as

Σ
(0)
k =

Nc∑
i=1

wi,k

[
Σ

(i)
k +

(
ẑ
(i)
k|k−1 − ẑ

(0)
k|k−1

)(
ẑ
(i)
k|k−1 − ẑ

(0)
k|k−1

)⊤
]
. (4.33)

The common effective validation region can then be defined as the ellipsoidal gate

Gk =

{
zk :

(
zk − ẑ

(0)
k|k−1

)⊤ (
Σ

(0)
k

)−1 (
zk − ẑ

(0)
k|k−1

)
≤ F−1

χ2
3
(PG)

}
. (4.34)

The corresponding effective validation volume is Gating Citation

V
(0)
k =

4

3
π
(
F−1
χ2
3
(PG)

)3/2
√∣∣∣Σ(0)

k

∣∣∣. (4.35)

The gate probability PG is chosen sufficiently large such that the dominant probability mass of the
relevant class conditioned measurement distributions is contained in the effective region.

4.5.3. Absent Hypothesis Clutter Model
For the absent hypothesis H0,k, validated measurements are assumed to be clutter-originated. The
clutter density is modeled as uniform over the common effective validation region,

p0(zk | Z1:k−1) =
1

V
(0)
k

. (4.36)
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This density assigns equal likelihood to all validated measurements inside the common effective val-
idation region.

The number of clutter measurements inside the common effective validation region is modeled as
a Poisson random variable, which is a standard assumption in target tracking and probabilistic data
association for representing randomly occurring false alarms in clutter [48]. Thus,

MFA,k ∼ Poisson (λFA,k) , (4.37)

with
λFA,k = βFAV

(0)
k . (4.38)

Here, βFA denotes the false alarm density in the considered measurement space, and V
(0)
k denotes

the volume of the common effective validation region. The corresponding false alarm count probability
is

pF (m) = P (MFA,k = m | Z1:k−1) =
λm
FA,ke

−λFA,k

m!
. (4.39)

Together, the uniform density and the Poisson cardinality model define the clutter model used in the
recursive filtering and measurement-set likelihood evaluation.

4.6. Recursive Filtering and Probabilistic Data Association
The measurement-set densities introduced in Equation 3.13 define the probabilistic measurement
model used throughout the recursive estimation and decision process. As described in subsec-
tion 4.5.2, the radar measurements are first validated using the common effective validation region
Gk. The recursive filter therefore operates on the validated measurement set

Zk =
{
z
(1)
k , . . . , z

(Mk)
k

}
, (4.40)

where each validated measurement may be either target originated or clutter originated.

Because the radar measurement model in Equation 4.6 is nonlinear, an Extended Kalman Filter (EKF)
is used. Since the origin of each validated measurement is unknown, probabilistic data association
(PDA) is used to account for measurement-origin uncertainty [48]. In the joint tracking and classifica-
tion framework considered here, a separate PDA-EKF is run for each present state class hypothesis
Hi,k, with i = 1, . . . , Nc. Each class conditioned filter maintains its own kinematic state estimate and
covariance.

In the PDA framework, each validated measurement is assigned an association probability. In this
work, the association likelihood includes both the kinematic measurement and the feature measure-
ment through the target generated likelihood in Equation 4.28. For notational compactness, this
likelihood is written as

L
(m)
i,k ≜ pi(z

(m)
k | Z1:k−1). (4.41)

The class dependent association probability of validated measurement m is approximated by

β
(m)
i,k =

P
(i)
D,kL

(m)
i,k

λFA,k + P
(i)
D,k

∑Mk

ℓ=1 L
(ℓ)
i,k

, m = 1, . . . ,Mk, (4.42)

where P
(i)
D,k is the detection probability under hypothesis Hi,k, and λFA,k represents the expected

number of false alarms in the validation region. The no-association probability is given by

β
(0)
i,k =

λFA,k

λFA,k + P
(i)
D,k

∑Mk

ℓ=1 L
(ℓ)
i,k

. (4.43)

For every validated measurement z(m)
k , the corresponding kinematic innovation under hypothesis

Hi,k is
ν
(m)
i,k = y

(m)
k − ŷ

(i)
k|k−1. (4.44)



4.6. Recursive Filtering and Probabilistic Data Association 31

The corresponding EKF gain is

K
(i)
k = P

(i)
k|k−1

(
H

(i)
k

)⊤ (
S
(i)
k

)−1

. (4.45)

For each class conditioned filter, the combined PDA innovation is computed as the weighted sum of
the validated kinematic innovations,

ν̄i,k =

Mk∑
m=1

β
(m)
i,k ν

(m)
i,k . (4.46)

Although the association probabilities are computed using both the kinematic and feature components
of the measurement, only the kinematic innovation vector is used in the EKF correction, since the
tracked state vector contains only the position and velocity components.

The class conditioned posterior state estimate is updated according to

ŝ
(i)
k|k = ŝ

(i)
k|k−1 +K

(i)
k ν̄i,k. (4.47)

The corresponding covariance update consists of the usual EKF covariance reduction step, but cor-
rected for association uncertainty:

P
(i)
k|k = P

(i)
k|k−1 −

(
1− β

(0)
i,k

)
K

(i)
k S

(i)
k

(
K

(i)
k

)⊤
+K

(i)
k Cν,i,k

(
K

(i)
k

)⊤
, (4.48)

where

Cν,i,k =

Mk∑
m=1

β
(m)
i,k ν

(m)
i,k

(
ν
(m)
i,k

)⊤
− ν̄i,kν̄

⊤
i,k (4.49)

is the spread of the validated kinematic innovations due to association uncertainty under hypothesis
Hi,k.





5
Simulations

5.1. Simulation setup
This chapter evaluates the proposed Bayes risk-based RRM framework in a multi-target radar sce-
nario. The goal of the simulations is to investigate how the adaptive allocation strategy responds to
different operational cost structures and target presence conditions.

Throughout the simulations, N targets are observed within the surveillance region. Each target
evolves independently and is assigned a fixed class during the full observation period. The radar
system receives both target originated detections and clutter generated measurements, after which
the joint target existence and classification beliefs are updated according to the filtering equations
introduced in the previous chapters.

All scenarios use the same underlying radar, filtering, and optimization settings unless stated other-
wise. Differences in the simulation results can therefore be attributed to the specific scenario variation,
such as changes in the user cost matrix, range dependent costs, or the appearance and disappear-
ance of targets. Although the proposed framework can have class dependent model parameters,
such as different measurement noise levels, these parameters are kept the same for all classes. This
choice isolates the effect of the operational cost structure on the radar budget allocation behavior.

5.2. Parameter settings
The simulations are performed using a common set of radar, filtering, and optimization parameters
throughout all considered scenarios. Since the underlying models and parameter definitions were
introduced extensively in the previous chapters, only the most relevant numerical settings used during
the simulations are summarized here.

The simulation observation period consists of K = 20 discrete timesteps with a sampling interval
of T = 5. Resource allocation optimization is also performed every Topt = 5 seconds. The total
normalized radar time budget is fixed to Bmax = 1.

Table 5.1: General simulation parameters.

Parameter Value
T 5

K 20

Topt 5

Bmax 1

SNR0 1

r0 50× 103
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Clutter ismodeled using the uniformPoisson process inside the validation gate. A high gate probability
PG is selected to ensure that target originated measurements remain inside the validation region with
high probability.

Table 5.2: Detection and clutter parameters.

Parameter Value
βFA 10−8

PG 0.99999997

PF 10−4

The optimization parameters are selected empirically to ensure stable convergence of the projected
iterative updates.

Table 5.3: Optimization parameters.

Parameter Value
ρbase 0.5

ϵ 10−10

Niter,max 5000

The Bayes risk functions are estimated using Monte Carlo simulations. A fixed set of Monte Carlo
samples is reused during optimization and for the comparison between optimized and equal budget
allocation. This use of common random numbers reduces stochastic variation between risk evalu-
ations, making differences in realized risk more directly attributable to the allocation strategy rather
than to Monte Carlo sampling noise.

For the surrogate risk construction, the dwell time grid is evaluated over the interval [0.01, 7] s. The
lower bound is chosen slightly above zero because a dwell time of exactly zero would lead to an
ill-defined radar measurement model. In particular, the SNR becomes zero, which would make the
detection probability and measurement noise expressions numerically problematic. The upper bound
of 7 s is chosen a bit larger than the maximum feasible dwell time used during optimization. Since
the revisit interval is fixed at T = 5 s and the normalized budget satisfies Bmax = 1, a single target
can receive at most 5 s of dwell time within the feasible allocation. The additional grid range above
5 s can thus not be used as a feasible allocation region, but is included to make the smoothing and
interpolation near the upper feasible boundary less sensitive to Monte Carlo noise at the final grid
point.

Table 5.4: Monte Carlo parameters.

Parameter Value
Nmc 5000

τ grid 200 uniformly spaced values on [0.01, 7] s

Feasible τ interval [0.01, 5] s

The considered target model consists of two possible target classes. The target class feature distri-
butions are modeled using Gaussian class conditionals with class means given by µc.

Table 5.5: Target and class parameters.

Parameter Value
C 2

m 2

µξ [1 2]T

πbirth

[
0, 1

2 ,
1
2

]T



5.3. Performance metrics 35

Target existence and classification beliefs evolve according to the joint state first-order Markov transi-
tion model. The Markov probabilities for class switching P1|2 and P2|1 are set on 0, as this is assumed
impossible. Also the target birth probabilities P1|0 and P2|0 are set to 0, as we assume that new targets
will come from an external searching and detection algorithm and do not have to be picked up by the
joint track maintenance and classification algorithm.

Table 5.6: Joint state Markov transition matrix.

T1.0 0.02 0.02

0.0 0.98 0.0

0.0 0.0 0.98



Finally, the radar measurement noise and class feature noise settings are summarized in Table 5.7.
The process noise σw is set to zero in order to isolate the effects of measurement uncertainty and
adaptive radar resource allocation.

Table 5.7: Noise parameters.

Parameter Value
σr,0 20

σθ,0 1◦

σξ,0 15

σw 0

5.3. Performance metrics
The performance of the proposed RRM framework is evaluated using the realized Bayes risk. The
realized risk directly quantifies the expected operational cost associated with the decisions made by
the radar system at each timestep.

The realized risk is selected as the primary performance metric because the proposed framework is
itself formulated as a Bayes risk minimization problem. Both the tracking uncertainty and classifica-
tion uncertainty are already incorporated into the cost aware Bayesian objective function through the
operational cost matrices introduced in Chapter 3. As a result, additional performance measures such
as classification accuracy, tracking root-mean-square error, or target confusion rates are not required
separately, since their operational relevance is already encoded within the Bayes risk formulation with
their associated user chosen costs.

An important part of the evaluation is the interpretability of the resulting allocation behavior. The goal
is not only to determine whether the proposed RRM framework reduces cumulative risk, but also to
understand why certain targets receive more resources than others. This interpretability is important
because it shows how the user defined cost matrix influences the allocation and how the costs can
be adjusted according to mission specific priorities. Therefore, each scenario is discussed in terms
of both the achieved risk reduction and the allocation behavior that emerges from the chosen mission
dependent cost function.

5.4. Simulation Scenarios and Results
The simulation scenarios are based on a common three target engagement geometry. The targets are
initialized at ranges of 15 km, 16 km, and 17 km from the radar, respectively, and move directly toward
the radar with equal velocity. The initial separation of 1 km between consecutive targets provides
similar, but not identical, sensing conditions.

The same underlying target trajectories are used throughout all scenarios. This allows differences
in the adaptive resource allocation and realized Bayes risk to be attributed to the considered oper-
ational variation, instead of differences in target motion or engagement geometry. The symmetric
cost scenario A-1 is used as the reference configuration. An overview of all scenarios and their main
variations is provided in Table 5.8.
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Table 5.8: Overview of the considered simulation scenarios.

Scenario Short name Main variation

A-1 Baseline costs Symmetric tracking and classification costs
A-2 Tracking-focused Classification errors between target classes are not pe-

nalized
A-3 Class-priority costs Errors involving one target class are not penalized
B-1 Target appearance A new target appears during the simulation
B-2 Target disappearance One target disappears during the simulation
C Range-dependent costs Costs increase according to a linear range-dependent

cost function
D Active classification region Classification costs are active only inside a predefined

region

The use of three targets is particularly relevant for the target appearance and target disappearance
scenarios. In these cases, the number of active targets changes between two and three. Starting
with this number of targets ensures that the allocation problem remains nontrivial when one target is
absent. With only two possible targets, an appearance or disappearance event would create a period
with a single active target, during which no meaningful balancing of radar resources between targets
would be required.

At the same time, the number of targets is deliberately kept small. This makes it possible to inter-
pret the interaction between the individual target beliefs, allocated dwell times, and resulting risks.
The three target geometry therefore provides a balance between maintaining a meaningful resource
allocation problem and preserving interpretability in the observed framework behavior.

The targets move toward the radar so that their sensing conditions gradually improve as their dis-
tances to the radar decrease. This is particularly relevant for the classification component, since the
quality of the class dependent measurements improves as a target approaches the radar. The se-
lected initial ranges create a gradual transition from uncertain to more confident class beliefs. If the
targets were initialized too close to the radar, the class belief probabilities could converge after only a
small number of updates, causing the classification dependent allocation behavior to disappear very
early in the simulation.

The results are visualized using four complementary plot types. Together, these plots show the target
geometry, the evolution of the Bayesian beliefs, the resulting resource allocation, and the realized
Bayes risk.

The trajectory plots show the motion of the targets within the surveillance region. The initial position of
each target is indicated by a marker. Depending on the scenario, additional elements such as classi-
fication regions or spatially varying cost fields are included to illustrate the corresponding operational
setting.

The prior belief plots show the evolution of the joint prior probabilities associated with target absence
and the considered target classes. A probability close to one indicates strong confidence in the
corresponding hypothesis, while a probability close to zero indicates that the hypothesis is considered
unlikely.

The budget allocation plots show the fraction of the available radar time budget assigned to each
target. Because the radar resources are shared, these plots show how the optimizer redistributes the
available dwell time according to the predicted Bayes Risk reduction for the individual targets.

Finally, the risk plots show the realized Bayes risk for the optimized allocation and the fixed equal bud-
get strategy. These plots visualize how the difference between the two allocation strategies develops
over time in each scenario. To ensure a fair comparison, both simulations use the same common
random numbers for the stochastic measurement process. The belief states will evolve separately
according to the allocation strategy used in each run, as the budget allocation influences the quality
of the measurements.
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(a) Target trajectories.
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(b) Joint prior probabilities for target 1.
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(c) Joint prior probabilities for target 2.
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(d) Joint prior probabilities for target 3.
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(e) Adaptive time-budget allocation over time.
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(f) Bayes risk compared to equal-budget simulation.

Figure 5.1: Simulation results for Scenario A-1. The top row shows the target trajectories and the joint prior probabilities for
target 1. The middle row shows the joint prior probabilities for targets 2 and 3. The bottom row shows the adaptive radar

resource allocation and the resulting Bayes risk compared to the equal-budget simulation.
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5.5. Scenario A-1: Baseline symmetric costs
Scenario definition
Scenario A-1 is used as the baseline scenario. Symmetric operational costs are assigned to all
incorrect target-state decisions, so target existence errors and classification errors are considered
equally costly and no target class or location is preferred.

The joint cost matrix used in this scenario is given by

Table 5.9: Cost matrix for Scenario A-1.

CA1 =

0 1 1
1 0 1
1 1 0

 .

Because all off diagonal entries are equal, the optimizer is expected to be driven by the current
belief uncertainty and measurement quality. This scenario is therefore used as the reference case
for evaluating the different cost matrices and target presence changes introduced in the following
scenarios.

Results and interpretation
The simulation results for Scenario A-1 are shown in Figure 5.1. As the baseline scenario, the adaptive
allocation shows how radar resources are distributed when all incorrect decisions are considered
equally costly.

During the first part of the simulation, the joint priors still contain uncertainty about both target ex-
istence and target class. The time budget allocation therefore changes strongly, as the optimizer
assigns dwell time to targets for which additional measurements are expected to reduce the imme-
diate Bayes risk most effectively. This behavior is consistent with the myopic nature of the current
implementation, since the allocation is optimized one step ahead and does not explicitly account for
the longer term evolution of the belief states.

The allocation is driven by both target existence and classification uncertainty. At t = 35, for example,
the absence probability of the corresponding target is already close to zero, while the class proba-
bilities are still uncertain. The optimizer nevertheless assigns the maximum dwell time to this target,
indicating that the allocation is mainly driven by the remaining classification uncertainty. This shows
that, under the symmetric baseline cost matrix, the framework actively allocates radar resources to
improve classification when classification errors contribute to the Bayes risk.

The results also show the myopic nature of the one step ahead optimization. Since the optimizer
only minimizes the immediate expected Bayes risk, it can assign a large fraction, or even all, of the
available budget to a single target. Consequently, other targets may temporarily receive little dwell
time, which can increase their uncertainty later. At t = 15, this is visible in the realized risk plot, where
the optimized allocation gives a larger realized risk than the equal budget allocation.

The equal budget strategy can therefore outperform the optimized strategy at some timesteps. This
does show that an allocation that is beneficial for the immediate risk does not necessarily remain
beneficial over the full observation time as the belief states evolve.

After approximately t = 50, all the joint priors have converged to high confidence target beliefs. The
system is then certain about both target existence and target class, so the adaptive allocation be-
comes more stable.

In this stabilized phase, the budget allocation is mainly determined by target range and thus the
measurement quality. The more distant target receives more dwell time, because its lower SNR
leads to a higher probability of detection errors and larger measurement uncertainty. As a result, its
contribution to the Bayes risk is larger, causing the optimizer to allocate more radar resources to that
target.
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(a) Target trajectories.
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(b) Joint prior probabilities for target 1.
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(c) Joint prior probabilities for target 2.
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(d) Joint prior probabilities for target 3.
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(e) Adaptive time-budget allocation over time.
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(f) Bayes risk compared to equal-budget simulation.

Figure 5.2: Simulation results for Scenario A-2. The top row shows the target trajectories and the joint prior probabilities for
target 1. The middle row shows the joint prior probabilities for targets 2 and 3. The bottom row shows the adaptive radar

resource allocation and the resulting Bayes risk compared to the equal-budget simulation.
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5.6. Scenario A-2: Tracking-only costs
Scenario A-2 investigates a tracking only operational setting. In this scenario, classification errors
between the target classes are not penalized. The operational costs should thus only be associated
with distinguishing target existence from target absence, while confusion errors between the two target
classes do not contribute to the Bayes risk.

This scenario evaluates whether the proposed framework shifts its sensing strategy toward track
maintenance when the mission specific cost matrix assigns no cost to classification errors. In this
case, classification uncertainty no longer contributes to the Bayes risk objective, illustrating that the
user can decide through the mission objective whether classification performance should influence
the resource allocation.

Table 5.10: Cost matrix for Scenario A-2.

CA2 =

0 1 1
1 0 0
1 0 0

 .

The simulation results for Scenario A-2 are shown in Figure 5.2. Compared to Scenario A-1, the
classification related costs have been removed. As a result, the optimizer no longer has an incentive
to allocate dwell time specifically to distinguish between target class 1 and target class 2.

This behavior can best be observed in the joint prior probability plots. Although the class probabilities
still evolve over time due to the received featuremeasurements, the adaptive allocation is not driven by
classification uncertainty. In contrast to Scenario A-1, the optimizer does not assign budget to targets
because their class probabilities are still uncertain. This confirms that the framework responds to the
user defined operational costs: when classification errors are not penalized, classification uncertainty
no longer contributes to the resource allocation objective.

The dominant behavior in this scenario is instead related to target existence. Several missed detec-
tions occur during the simulation, which appear as spikes in the prior probability of target absence in
the joint prior plots. These spikes can for example be seen at t = 5, 15, 25 and 35 for target 2. When
such a spike occurs, the optimizer reacts strongly by assigning a large fraction, and in some cases all,
of the available dwell time to the corresponding target. This behavior is expected, since the tracking
only cost matrix penalizes incorrect decisions about whether a target is present or absent.

A clear example can be seen at t = 85, where the absence probability of one target increases sharply
due to a missed detection. At this point, the prior belief temporarily suggests that the target may be
absent. Since the no measurement and clutter only cases in the probability densities do not benefit
from increased SNR in the same way as target originated detections, giving dwell time to this target is
no longer an effective way to reduce the immediate Bayes risk. The optimizer can therefore allocate
more budget to the other targets. In the next timestep, when a target originated measurement is
received again, the belief in target existence is restored and the budget allocation returns into the
same stabilized pattern as for Scenario A-1.

It is important to note that the framework can still classify the targets over time, even when classi-
fication errors are not included in the mission specific cost matrix. However, this classification is
not caused by allocation behavior that explicitly aims to improve classification certainty. It just fol-
lows from the class related information contained in the measurements obtained under the tracking
focused allocation.

Overall, Scenario A-2 demonstrates that the proposed Bayes risk-based framework adapts its sensing
behavior according to the specified operational objective. Since classification errors are not penal-
ized, the optimizer does not spend dwell time specifically to classify targets. Any convergence of the
class probabilities is therefore a consequence of the measurements obtained while maintaining target
tracks, rather than the result of classification driven resource allocation.
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(a) Target trajectories.
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(b) Joint prior probabilities for target 1.
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(c) Joint prior probabilities for target 2.
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(d) Joint prior probabilities for target 3.
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(e) Adaptive time-budget allocation over time.
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(f) Bayes risk compared to equal-budget simulation.

Figure 5.3: Simulation results for Scenario A-3. The top row shows the target trajectories and the joint prior probabilities for
target 1. The middle row shows the joint prior probabilities for targets 2 and 3. The bottom row shows the adaptive radar

resource allocation and the resulting Bayes risk compared to the equal-budget simulation.
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5.7. Scenario A-3: Non-penalized class
Scenario A-3 considers an asymmetric operational cost setting in which errors involving class 1 are not
penalized. In this scenario, the operational objective only assigns costs to decisions involving class
2 or target absence. As a result, once a target is believed to belong to class 1 with high confidence,
incorrect decisions involving that target no longer contribute to the Bayes Risk.

This scenario investigates whether the proposed Bayes Risk-based framework reduces the allocated
radar resources for targets that are believed to belong to a non penalized class, while continuing to
allocate resources to targets that can belong to the penalized class.

Table 5.11: Cost matrix for Scenario A-3.

CA3 =

0 0 1
1 0 1
1 0 0

 .

Results and interpretation
The simulation results for Scenario A-3 are shown in Figure 5.3. Compared to Scenario A-1, the cost
matrix no longer penalizes errors involving class 1. Because of this, the adaptive allocation therefore
becomes strongly dependent on whether a target is believed to belong to the penalized class or the
non-penalized class.

This behavior can be observed clearly in the budget allocation plot. Target 1 belongs to class 2 and
is classified very fast. This results in the fact that this target remains operationally relevant. As the
simulation progresses, the optimizer increasingly allocates a large fraction of the available dwell time
to this target, because errors involving class 2 are penalized by the cost function.

Targets 2 and 3 belong to class 1. Once the joint prior probabilities indicate with high confidence
that these targets belong to class 1, the allocated budget for these targets decreases strongly. This
is expected, because mistakes involving class 1 are not penalized in this scenario. The optimizer
therefore has little incentive to spend dwell time on targets that are believed to belong to the non
penalized class.

At t = 40, the class belief for one of the class 1 targets becomes more uncertain. In particular, the
probability that the target may belong to class 2 temporarily increases. This causes a small increase
in the allocated budget, because the target again contributes to the expected Bayes risk through the
possibility of being class 2. Once the class belief returns to high confidence in class 1, the allocated
budget decreases again.

Overall, Scenario A-3 again demonstrates that the proposed framework responds directly to the mis-
sion specific operational cost matrix. Targets that are confidently classified as class 1 receive little or
no budget, because errors involving class 1 are not penalized. In contrast, targets that are believed
to belong to class 2, or that still have a non negligible probability of belonging to class 2, receive more
radar resources because they remain relevant to the Bayes risk objective.
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(a) Target trajectories for the target-appearance scenario. The cross
indicates the position at which the newly initialized target enters the scenario

at t = 45 s.
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(b) Joint prior probabilities for target 1.
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(c) Joint prior probabilities for target 2.
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(d) Joint prior probabilities for target 3.
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(e) Adaptive time-budget allocation over time. The cross on the target 3
budget curve marks the time at which target 3 is first detected and initialized

as a known target in the resource-allocation process.
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(f) Bayes risk compared to equal-budget simulation.

Figure 5.4: Simulation results for Scenario B-1. The top row shows the target trajectories and the joint prior probabilities for
target 1. The middle row shows the joint prior probabilities for targets 2 and 3. The bottom row shows the adaptive radar

resource allocation and the resulting Bayes risk compared to the equal-budget simulation.
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5.8. Scenario B-1: Appearing target
Scenario B-1 investigates adaptive radar resource allocation when a previously unknown target is
introduced into the radar decision process. In the simulated environment, Target 3 is already following
its trajectory before t = 45 s, but it is not included in the radar system’s prior target set, filtering process,
or resource allocation before this time. At t = 45 s, the target is first detected and initialized as a known
target. From that point onward, the radar system must update its joint target belief and redistribute
the available sensing resources accordingly.

The operational cost matrix is the same as in Scenario A-1 and remains symmetric throughout the sce-
nario. Target existence errors and classification errors are therefore penalized equally, which allows
the effect of target appearance to be studied without changing the operational cost structure. This
scenario evaluates how robust the proposed framework responds when a new target is introduced
and how the additional target affects the resulting allocation behavior.

Results and interpretation
The simulation results for Scenario B-1 are shown in Figure 5.4. During the first part of the simulation,
target 3 is absent. This is reflected in the joint prior probabilities, where the probability of target
absence for target 3 remains equal to one until the target appears.

At t = 45, target 3 is introduced into the surveillance region. Its joint prior probabilities are initialized
according to the birth probabilities πbirth, which creates a large uncertainty about the newly appearing
target class. This uncertainty immediately increases the Bayes risk associated with target 3.

The effect of this appearance is clearly visible in the adaptive budget allocation. Directly after the
target appears, the optimizer assigns all available dwell time to target 3. This allocation is used to
rapidly classify the newly appearing target.

As a result, target 3 is incorporated into the framework almost immediately. The joint prior probabilities
show that the target is classified within only a few timesteps after its appearance. This demonstrates
that the proposed Bayes risk-based allocation strategy can react strongly to a newly introduced target
when its uncertainty contributes significantly to the expected operational cost.

After this initial response, the allocation gradually returns toward the stabilized behavior observed in
Scenario A-1. Once target 3 has been detected and classified with high confidence, the remaining
budget allocation is again mainly determined by differences in target range, measurement quality, and
the residual uncertainty of the different targets.
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(a) Target trajectories. The cross marks the position at which target 3
disappears from the scenario at t = 45 s.
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(b) Joint prior probabilities for target 1.
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(c) Joint prior probabilities for target 2.
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(d) Joint prior probabilities for target 3.
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(e) Adaptive time-budget allocation over time. The cross marks the time at
which target 3 disappears.
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(f) Bayes risk compared to equal-budget simulation.

Figure 5.5: Simulation results for Scenario B-2. The top row shows the target trajectories and the joint prior probabilities for
target 1. The middle row shows the joint prior probabilities for targets 2 and 3. The bottom row shows the adaptive radar

resource allocation and the resulting Bayes risk compared to the equal-budget simulation.
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5.9. Scenario B-2: Disappearing target
Scenario B-2 investigates adaptive radar resource allocation in the presence of a dynamically disap-
pearing target. Initially, all three targets are present within the surveillance region. At t = 45, target 3
is assumed to have disappeared and it stops generating target originated measurements. The radar
system should then update its joint target belief based on the absence of detections and redistribute
the available sensing resources accordingly.

The operational cost matrix is again the same as in Scenario A-1 and remains symmetric throughout
the scenario.

Results and interpretation
The simulation results for Scenario B-2 are shown in Figure 5.5. During the first part of the simulation,
all three targets are present and the adaptive allocation behaves similarly to the baseline Scenario
A-1. Target 3 is detected and classified with high confidence before the disappearance event occurs.

At t = 45, target 3 disappears and stops generating target originated measurements. Since the
probability of detection is relatively high at this point, the absence of measurements provides strong
evidence that the target is no longer present. This is visible in the joint prior probabilities of target 3,
where the probability of target absence rapidly increases after the disappearance.

The adaptive allocation responds directly to this change in belief. As the belief in target absence
increases, the expected Bayes risk associated with target 3 decreases. Consequently, the optimizer
gradually reduces the dwell time allocated to target 3 rather than assigning additional resources to it.
Once the framework is confident that the target is absent, allocating radar resources to this target no
longer provides significant expected risk reduction and thus goes to the lower bound on τ .

After the disappearance is as good as certain, the system enters a new stable situation with only the
two remaining targets. From this point onward, the available radar budget is redistributed between
targets 1 and 2. The stabilized allocation then follows the same principle as in the baseline scenario:
the remaining target with lower measurement quality, typically the more distant target, receives more
dwell time because its contribution to the Bayes Risk is larger.

Overall, Scenario B-2 demonstrates that the proposed Bayes Risk-based framework can adapt not
only to newly appearing targets, but is also robust to targets that stop generating measurements.
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(a) Target trajectories and range-dependent cost map.
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(b) Joint prior probabilities for target 1.
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(c) Joint prior probabilities for target 2.
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(d) Joint prior probabilities for target 3.
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(e) Adaptive time-budget allocation over time.
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(f) Bayes risk compared to equal-budget simulation.

Figure 5.6: Simulation results for Scenario C. The top row shows the target trajectories with the range-dependent cost
structure and the joint prior probabilities for target 1. The middle row shows the joint prior probabilities for targets 2 and 3.
The bottom row shows the adaptive radar resource allocation and the resulting Bayes risk compared to the equal-budget

simulation.
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5.10. Scenario C: Range-dependent costs
Scenario C investigates a range dependent operational cost function. As base joint cost matrix the
symmetric cost matrix is used, but the penalty for incorrect decisions increases as a target approaches
the radar. This represents an operational setting in which nearby targets are considered more critical
than distant targets. As a result, now range affects the allocation behavior in two ways: through the
measurement uncertainty, as in Scenario A-1, but now also through the operational range dependent
cost assigned to incorrect decisions.

The range dependent joint cost matrix is constructed from the matrix CA1 from Scenario A-1. For
each target, an additional range-dependent penalty is multiplied with the cost matrix according to

w(r) = max

(
α

(
1− r

dref

)
, 0

)
, (5.1)

where r denotes the target range, α = 100 determines the strength of the range dependent cost
increase, and dref = 15km is the reference range beyond which no additional cost is added. The
resulting cost matrix for each target is given by

CC(r) = (1 + w(r))CA1, (5.2)

Results and interpretation
In Figure 5.6, the simulation results for Scenario C are shown. The adaptive allocation is influenced
not only by the uncertainty associated with the targets, but also by their operational importance as
determined by their distance to the radar.

From the beginning of the simulation, target 1 receives a relatively large fraction of the available radar
budget. This target is closest to the radar, and therefore its operational cost is increased the most by
the range dependent cost function. As a result, incorrect decisions involving target 1 contribute more
strongly to the Bayes risk than they would under the symmetric baseline cost matrix. The optimizer
therefore assigns more dwell time to this target in order to reduce the increased instantaneous risk.

This behavior shows that the adaptive allocation is no longer driven only by uncertainty reduction
or measurement quality. In Scenario A-1, the more distant targets tend to receive more budget in
the stabilized phase because their lower SNR leads to larger measurement uncertainty. In Scenario
C, however, the range dependent cost function counteracts this effect by increasing the operational
importance of nearby targets. The allocation is therefore determined by a trade-off between measure-
ment uncertainty and range dependent operational cost.

The effect of this trade-off can also be observed during the transient part of the simulation. When the
joint prior probabilities still contain uncertainty about target existence and target class, the optimizer
allocates dwell time to targets that have both significant belief uncertainty and high operational cost.
As a result, nearby targets can receive a large amount of budget even when other targets are more
uncertain, because the cost of making an incorrect decision for the nearby target is larger.

After approximately t = 50, the joint prior probabilities have mostly converged and the system enters
a more stable allocation regime. In this stabilized phase, the influence of the range-dependent cost
function remains visible. Compared to Scenario A-1, the closer target receives substantially more
budget, while the allocation to the more distant targets is reduced. This demonstrates that the range
dependent cost function directly affects the adaptive budget allocation even after the main classifica-
tion and existence uncertainties have been resolved.

Overall, Scenario C demonstrates that the proposed Bayes Risk-based framework can incorporate
spatially dependent operational importance into the resource allocation process. Nearby targets are
prioritized because errors involving these targets are assigned a larger operational cost, while distant
targets are still considered through their larger measurement uncertainty. The resulting allocation
therefore balances sensing quality against the range-dependent cost of incorrect decisions.
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(b) Joint prior probabilities for target 1.
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(c) Joint prior probabilities for target 2.
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(d) Joint prior probabilities for target 3.
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Figure 5.7: Simulation results for Scenario D. The top row shows the target trajectories with the classification activation
boundary and the joint prior probabilities for target 1. The middle row shows the joint prior probabilities for targets 2 and 3.
The bottom row shows the adaptive radar resource allocation and the resulting Bayes risk compared to the equal-budget

simulation.
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5.11. Scenario D: Active classification region
Scenario D investigates an operational setting in which classification is only relevant inside a prede-
fined active region. Outside this region, the radar is only required to maintain target awareness, while
distinguishing between the two target classes does not contribute to the operational cost. Once a
target enters the active region, classification becomes operationally relevant and classification errors
are included in the Bayes risk.

The classification related costs are only activated when the target range lies inside the active region.
The boundary is chosen close to the starting points, to prevent the targets to be already classified
before entering the region, such that the framework can change it’s behavior due to the classification
uncertainty. The indicator function can be expressed using the indicator function

χborder(r) =

{
1, rmin ≤ r ≤ rmax,

0, otherwise,
(5.3)

where rmin = 0 and rmax = 14.5km define the inner and outer boundary of the region in which
classification is operationally relevant. The resulting cost matrix becomes

CD(r) =

0 1 1
1 0 χborder(r)
1 χborder(r) 0

 . (5.4)

Results and interpretation
In Figure 5.7, the simulation results for Scenario D are shown. The trajectory plot shows the active
classification boundary. Outside this region, classification errors are not penalized, while inside the
region the cost of confusing class 1 and class 2 becomes active.

The effect of the active classification region is visible in the adaptive budget allocation. When a target
enters the active region, the optimizer immediately assigns a large fraction of the available dwell time
to that target. This occurs because the target class suddenly becomes operationally relevant. As a
result, reducing classification uncertainty now contributes directly to reducing the Bayes risk.

This behavior can be observed at the moments where the individual targets enter the active classifi-
cation region. At t = 5, target 1 enters the active region and keeps receiving the biggest allocated
dwell time. At this point, classification errors for target 1 start contributing to the Bayes risk, as well
as multiple missed detections, causing the optimizer to prioritize this target. At t = 15, target 2 enters
the active region and the budget allocation shifts toward this target in order to reduce its classifica-
tion uncertainty, which we are sure of, because at this timestep, it is certain of the target existence
because π0 ≈ 0. At t = 25, target 3 enters the active region and also receives a large fraction of the
available dwell time.

At t = 25, the allocation must be shared betweenmultiple competing targets. Target 3 has just entered
the active classification region, while target 1 becomes more uncertain again. Since both targets now
contribute to the Bayes risk, the optimizer divides the available dwell time between them instead of
assigning all resources to a single target. This illustrates how the framework balances classification
uncertainty across targets when several targets are operationally relevant at the same time.

After the classification uncertainty has been reduced, the allocation stabilizes. Once the framework
is confident about the target classes, no dwell time is needed anymore for the classification. The
remaining allocation is then determined by target-existence uncertainty, target range, and the asso-
ciated measurement quality, just like in Scenario A-1.

Overall, Scenario D demonstrates that the proposed Bayes Risk-based framework can incorporate lo-
cation dependent classification relevance. Targets outside the active region do not receive additional
radar resources for classification, because classification errors are not penalized there. Once a tar-
get enters the active region, classification becomes part of the Bayes risk objective, and the optimizer
reallocates radar resources accordingly, adding another mission specific situation to the toolkit.



52 Chapter 5. Simulations

Time
0 20 40 60 80 100

M
ea

n	
to
ta
l	B

ay
es

	ri
sk

0

0.2

0.4

0.6

0.8

1

1.2
Mean	total	Bayes	risk	over	100	Monte	Carlo	runs

Equal	budget	'1	std
Optimized	'1	std
Optimized	budget	mean
Equal	budget	mean
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Table 5.12: Monte Carlo comparison between optimized and equal-budget allocation for all simulation scenarios.

Scenario J̄opt J̄eq ∆J Rel. impr. [%] Better runs p-value
A-1 4.5732 5.0524 0.4792 6.50 71/100 2.95× 10−6

A-2 0.6172 0.6427 0.0255 3.94 99/100 3.30× 10−34

A-3 0.3364 0.4013 0.0649 15.68 86/100 2.82× 10−17

B-1 2.2295 2.7246 0.4950 16.88 86/100 9.35× 10−19

B-2 4.0420 4.7297 0.6877 12.94 78/100 1.42× 10−13

C 26.5972 39.1500 12.5528 29.98 96/100 2.74× 10−26

D 2.3033 2.8237 0.5204 12.22 87/100 7.14× 10−9
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5.12. Analysis of Performance
To be able to prove the improved performance of the RRM framework, the performance of the opti-
mized allocation strategy is evaluated using paired Monte Carlo simulations. For each Monte Carlo
run r, the same underlying random realization is used for both the optimized-budget and fixed equal
budget simulations. This makes it possible to compare the two allocation strategies directly, since
differences in performance are then mainly caused by the allocation strategy rather than by different
random measurement or clutter realizations.

For each Monte Carlo run, the paired risk difference is defined as

dr = Jeq,r − Jopt,r, (5.5)

where Jeq,r and Jopt,r denote the cumulative realized Bayes risk of the fixed equal budget and opti-
mized budget simulations, respectively. A positive value of dr therefore indicates that the optimized
allocation achieves a lower cumulative realized risk than the equal budget allocation.

To assess whether the observed improvement is statistically significant, a paired two sided t-test is
applied to the paired differences dr. The null hypothesis is that the mean paired difference is zero,

H0 : µd = 0, (5.6)

while the two-sided alternative hypothesis is

H1 : µd ̸= 0. (5.7)

The corresponding test statistic is given by

t =
d̄

sd/
√
NMC

, (5.8)

where d̄ and sd denote the sample mean and sample standard deviation of the paired differences,
respectively, and NMC is the number of Monte Carlo runs. The corresponding p-value is obtained
from a t-distribution with NMC − 1 degrees of freedom. A small p-value indicates that the observed
difference between the optimized and equal-budget allocations is unlikely to be caused by Monte
Carlo variation alone, and we can thus conclude that the realized risk decreases compared to the
equal budget case.

The resulting performance metrics for all considered scenarios are summarized in Table 5.12. Since
the individual scenario behavior has already been discussed in the preceding sections, the Monte
Carlo analysis is primarily used here to evaluate the overall performance difference between the op-
timized and equal-budget allocation strategies. To illustrate the typical time evolution of the realized
Bayes risk, a representative scenario is shown in Figure 5.8. The figure shows the mean realized
Bayes risk over 100 Monte Carlo runs, together with a one standard deviation band around the mean.
This provides insight into both the average performance and the variability of the two allocation strate-
gies.

The optimized allocation generally achieves a lower cumulative realized Bayes risk than the equal
budget allocation. However, the mean realized risk does not decrease monotonically over time, which
wewould expect in this case as the targets in Scenario A-1 are all flying towards the radar. In particular,
during the early part of the simulation, the mean optimized allocation shows visible fluctuations in the
realized Bayes risk. This behavior can be explained by the myopic nature of the optimization strategy.
Since the optimizer minimizes the expected Bayes risk one step ahead, it may assign a large fraction,
or even all, of the available dwell time to the target that provides the largest immediate reduction in
expected risk. As a result, other targets may temporarily receive little sensing effort, which increases
their uncertainty and could lead to a higher realized risk at later time steps.

Due to the fact that this behavior remains visible even after averaging over 100 Monte Carlo runs, it
can be concluded that they appear to be a systematic consequence of the one step ahead allocation
strategy.

The equal budget strategy distributes the available dwell time evenly across the targets. This can re-
sult in smoother risk behavior, since no target is temporarily deprived of sensing resources. However,
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this strategy does not adapt to differences in uncertainty, target range, or operational cost. Conse-
quently, it does not generally achieve the lowest cumulative realized risk over the full simulation.

Overall, the Monte Carlo results show that the proposed Bayes-risk-based allocation framework im-
proves overall performance compared with equal budget allocation. At the same time, the observed
risk fluctuations indicate a limitation of the current myopic implementation. This motivates the inves-
tigation of longer horizon allocation strategies in future work, such as policy rollout. Such methods
could explicitly account for the downstream effect of current dwell time decisions on future belief states,
potentially reducing early risk fluctuations and further improving the overall allocation performance.

The baseline scenario A-1 shows that the optimized allocation already reduces the cumulative re-
alized Bayes risk compared with equal budget allocation in a symmetric cost setting. However, the
benefit of the proposed framework becomes more pronounced in the more mission specific scenarios,
where the cost function introduces specific operational priorities. This is especially visible in scenario
A-3 and the range-dependent cost scenario C. In scenario A-3, the asymmetric cost matrix makes
certain class dependent decision errors more important than others, causing the optimizer to allocate
resources according to the operational relevance of the different target classes. In scenario C, the
range dependent cost function introduces a spatial mission priority, such that the consequence of de-
cision errors depends on the target location. These scenarios are less straightforward to interpret with
a simple allocation rule, because the best allocation is no longer determined only by target uncertainty
or sensing quality, but also by the mission dependent consequences of different decisions.

The larger improvements in these mission related scenarios show that the proposed framework is
particularly useful when the user defined cost function creates a structured and non uniform risk
landscape. In such cases, the optimized allocation can exploit themission structure by assigningmore
resources to the targets, classes, or regions where additional sensing effort has the largest expected
impact on the Bayes Risk. At the same time, the optimized allocation also improves performance
in the baseline scenario, where equal budget allocation is already a reasonable reference strategy.
This indicates that the method provides a consistent benefit, with the largest gains obtained when the
mission objectives introduce clear operational priorities.

The absolute risk differences should be interpreted together with the scale of the corresponding risk
values. For example, scenario A-2 has a smaller absolute difference than the baseline case because
fewer decision errors are penalized by the modified cost matrix. Therefore, both the relative im-
provement and the number of better runs should be used to assess the consistency of the optimized
allocation strategy.
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Conclusion

6.1. Summary of contributions
In this thesis, a Bayes Risk-based RRM framework for joint target tracking and classification was
proposed. The proposed framework from this thesis extends existing the Bayes Risk-based track
maintenance formulations from Chioccarello et al. [15] towards a combined multi hypothesis frame-
work in which trackmaintenance and classification are considered simultaneously under a time budget
constraint.

A novel joint Bayesian hypothesis formulation was introduced in which target absence and target
classes are represented within one combined belief state. Using this formulation, the radar system
recursively updates the target hypotheses using radar measurements, containing spatial measure-
ments, as well as class dependent feature information. By coupling this belief state directly to the
radar resource allocation process, the framework can dynamically adapt the allocated resources ac-
cording to both track uncertainty and it’s operational relevance.

To be able to include mission specific priorities, expanded Bayesian cost matrices were incorpo-
rated into the framework such that different tracking and classification decision errors can be di-
rectly weighted with their operational costs. This allows the radar resource allocation process to
be controlled very directly through operationally interpretable penalties rather than purely through es-
timation accuracy metrics or an intermediate threat variable. Resulting in predictable and physically
interpretable time allocation behavior across the given different operational conditions.

The resulting Bayes Risk functions were approximated using Monte Carlo sampling methods. How-
ever, directly optimizing these stochastic risk estimates proved to be challenging due to the Monte
Carlo noise that was present in the evaluated risk curves. To circumvent this issue, a surrogate risk
optimization framework was introduced. With these surrogate risk functions, the noisy risk estimates
were transformed into smooth monotonic surrogate functions using smoothing and monotonic regres-
sion techniques. These estimated surrogate functions finally enabled stable and computationally
feasible optimization of the adaptive dwell time allocation problem while satisfying the constrained
global radar time budget.

6.2. Main findings
The simulation results show that the proposed framework produces predictable and interpretable
adaptive sensing behavior acrossmultiple multi-target scenarios. As shown in chapter 5, the optimizer
distributes the radar resources according to target uncertainty, sensing conditions, and the operational
costs encoded in the Bayesian cost matrices.

The simulation results show that changing the entries of the mission specific cost matrix directly
changes the allocation behavior. By assigning different costs to target-existence errors, classifica-
tion errors, target classes, and spatial regions, certain mistakes can be made more important than
others in the Bayes risk objective. When both target existence and classification errors are penalized,
both types of uncertainty drive the allocation together. When classification errors are assigned little or
no cost, the framework no longer allocates resources specifically to reduce classification uncertainty.

55
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At the same time, asymmetric and range dependent costs shift resources toward targets with higher
operational relevance. This demonstrates that the proposed framework adapts to the user specified
operational cost matrix.

The Monte Carlo performance analysis further showed that the optimized allocation reduced the cu-
mulative realized Bayes risk compared with the fixed equal budget allocation in all considered sce-
narios. The largest improvements were obtained in the more mission specific scenarios, where the
cost function was changed to reflect different operational priorities. These cases are difficult to han-
dle with simple heuristic allocation rules, because the preferred allocation depends not only on target
uncertainty, but also on the cost assigned to different decision errors. This shows the value of the
proposed framework: it can use the structure introduced by the mission specific cost matrix to allocate
resources where they are expected to reduce operational risk the most.

The target appearance and disappearance scenarios showed that the framework is robust under
changing target presence conditions. Newly appearing targets were incorporated into the adaptive
allocation process through the joint belief update, while targets that stopped generating measure-
ments were gradually assigned less radar resources once the belief in target absence increased. This
demonstrates that target existence estimation is naturally integrated into the same Bayes Risk-based
framework as tracking and classification.

Taken together, the results show that the main research question of this thesis can be answered
positively. A Bayes risk-based objective function for joint track maintenance and classification can
be designed by representing target absence and target classes within a shared Bayesian hypothesis
space, evaluating the expected decision cost over all hypotheses and decisions, and using this risk
as the target-dependent objective in the radar resource allocation problem. Operationally different
decision errors can then be incorporated directly through direct user defined costs defined in Bayesian
cost matrices, which makes the resulting allocation behavior mission dependent, interpretable, and
controllable.

It is also shown how tracking and classification can be coupled within a single resource management
objective. Both track quality and classification quality influence the predicted belief state and depend
on the allocated sensing resources through the measurement likelihood, detection probability, and
measurement quality. As a result, the optimizer automatically balances track maintenance and clas-
sification requirements according to their expected contribution to the Bayes risk.

At the same time, the simulation results showed several important limitations of the current imple-
mentation. Most notably, the current optimization framework operates using a one step optimization
horizon, which can lead to myopic allocation behavior. As discussed in the performance analysis in
chapter 5, the optimizer primarily minimizes the instantaneous expected Bayes risk at each optimiza-
tion interval without explicitly accounting for the longer term evolution of the belief states. The resulting
allocation choices are interpretable, but they do not necessarily minimize the realized cumulative risk
over all time intervals.

The results of this thesis also show an important limitation related to Bayes Risk-based classifiers.
Although Bayes risk formulations provide strong operational interpretability and flexibility, there exist
no practical optimization methods for obtaining analytical decision boundaries under complex Bayes
risk formulations. As a result, the framework currently relies heavily on computationally expensive
Monte Carlo evaluation methods to approximate the resulting risk behavior. This motivates the use of
surrogate risk approximations and demonstrates the direction of developing computationally efficient
optimization techniques for Bayes Risk-based adaptive sensing frameworks.

6.3. Recommendations for future work
Several directions for future work have been found during the research. A particularly important ex-
tension would be the application of multi step optimization strategies or policy rollout approaches
within the underlying POMDP framework. It is assumed that such approaches could allow the opti-
mizer to explicitly account for future uncertainty evolution and therefore reduce the myopic behavior
observed in the current implementation. Such approaches have already been shown in previous work
by Schöpe et al. [39], suggesting that these methods could likely also improve the long term allocation
behavior.

Future work could also investigate analytical approximations or boundary based optimization methods
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for Bayes Risk-based classifiers. The current absence of practical analytical boundary formulations
for non binary Bayes Risk problems increases the computational complexity of the optimization pro-
cess. This currently motivates the continued use of Monte Carlo-based surrogate methods.

Another direction for future work is the joint optimization of multiple radar resource variables simulta-
neously. In the current implementation, the optimization was limited to adaptive dwell time allocation
only, while the other controllable radar parameter the revisit interval was kept fixed during the simu-
lations. Although this simplification allowed stable evaluation of the proposed Bayes risk framework,
jointly optimizing both resource variables could improve the radar performance even more.

A related practical limitation is that no scheduling model was implemented in this thesis. The opti-
mization produces desired dwell time allocations under a global time budget constraint, but it does
not verify whether the resulting dwell and revisit time choices can always be scheduled exactly by a
physical radar system. Especially when using different revisit times for all the targets, more difficulties
are expected. Future work could thus include a scheduler that translates the optimized allocation into
a feasible radar timeline. This would make it possible to investigate how closely a practical sched-
uler can approximate the optimized solution, and how scheduling constraints influence the achieved
Bayes risk.

Finally, the results of this thesis demonstrated that the behavior for the resource allocation is strongly
mission dependent, since the selected operational cost structure directly determines which decision
errors are considered most important. This cost sensitivity should therefore be interpreted as a key
feature of the proposed framework: by translating mission objectives in the Bayesian cost matrix,
the radar resource manager can steer the sensing process toward the decisions with the highest
operational relevance. Future work into mission dependent cost formulations, and operationally de-
rived Bayesian objectives may therefore provide valuable further insights into practical radar resource
management system design and it’s applications.

To conclude, this thesis demonstrated that Bayes Risk-based radar resource management provides
a flexible, interpretable, and operationally controllable framework for the joint optimization of track-
ing and classification tasks under a limit amount of sensing resources. The proposed framework
forms a promising foundation for future adaptive multi-function radar management systems in which
operational decision making objectives are directly integrated into the sensing process itself.
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