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Abstract '\
This paper presents an adaptive methodology for optimizing dwell time allocation in group target tracking.»@roach
formulates dwell time allocation as an optimization problem characterized by a cost function that inte; ource utilization
and tracking accuracy. Enhancing the quality of observations is essential for improving trackin@acCtigacy in the geometry and
kinematics of group targets. This quality is influenced by the covariance of group target obser[\)/%«and the number of detected
targets. This research clarifies the relationship between the covariance of group targgt ob@ons and the number of detected
targets concerning dwell time. Additionally, an analytical relationship is establishw the Bayesian Cramér-Rao lower

bound (BCRLB) and dwell time for evaluating accuracy in the geometry and ki ics of group target tracking. The proposed

adaptive strategy is recursively optimized throughout the tracking cycle, de g significant improvements over

conventional methods. Simulation results indicate that optimal dwelhtim@a ion can achieve a fourfold reduction in error

compared to a constant dwell time approach, as well as a fivefold degrea8g.in resource consumption relative to conventional
methods that either detect all group members or employ a fixed d me.
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1. Introduction m
ay ra chnology has enabled enhanced capabilities compared to

conventional mechanical scanning @ . This type of radar can flexibly adjust the direction of the emitted wave to

The rapid development of phased-a

select the target to be illuminatéd’and modify parameters such as transmission power, dwell time, and beam width.
These features facilitate t agement and optimization of radar resources, allowing for control over parameters
such as dwell time, r e and beam width. Effective management of radar resources can enable the
achievement of var bjectives, including power savings, improved measurement and tracking accuracy, an
increased n tracked targets, and time savings. Consequently, where radar resources are constrained, such as
multi-targe king scenarios, proper resource planning is essential for phased array radar to track as many targets
as po hile minimizing the required radar resources [1]. Resource management studies can be categorized into
two greups. The first group tries to minimize resource consumption for given tracking accuracy requirements, and
the second group has a power and bandwidth allocation strategy based on minimum emissions and the prevention of
penetration [2]. When a target is illuminated by a radar beam during a scan period, the target reflects multiple
pulses, and the number of pulses increases with increasing beam dwell time [3]. If all the returned pulses are
integrated, meaning that more measurement information is available, the target-tracking performance is effectively

enhanced.



Dwell time refers to the duration the radar spends observing a target during a single scan. Longer dwell times
facilitate improved data collection, enhancing target detection and classification. Several important factors that
influence the determination of dwell time include the size and signature of a target [4], clutter environmental
conditions [5], beam width [6], and resolution [7][8]. In [9], the optimal allocation of dwell time in multitarget
tracking, incorporating a simultaneous target search, is discussed. This approach utilizes the posterior Bayesian
Cramér-Rao lower bound to ascertain the tracking quality of each target. A study [10] proposes Low Probability of
Intercept-Based Collaborative Power and Bandwidth Allocation (LPI-CPBA) strategy for multi-target tracki@
distributed radar networks, focusing on the optimization of resource allocation to improve tracking perfofmanc
while minimizing energy consumption. Narikov et al. introduced Markov decision processes in te wsource
e@s [11]. In
[12], a joint revisit and dwell time management (JRDTM) strategy for single target trackin ed array radar
systems is proposed, utilizing the predicted Bayesian Cramer-Rao lower bound (BC%{J
of temporal resources while ensuring that the required tracking accuracy is maintained above a specified threshold.

management for target tracking, adjusting dwell time, and revisiting time to maximize the track
timize the allocation

A new approach for choosing beams and distributing power for tracking mufltjple ardets involves assigning limited
beams and radar power to estimate the state of the target accurately [13]. | &Yes a new framework for selecting
waveforms to track highly maneuverable targets in cluttered environr@eing a multi-model interactive
probability data association algorithm. A new approach for cmere@) essing of multiple dwell times alongside
each other for single and multiple targets, assuming a scanni rn, transmitted waveform, and pulse train
duration, which improves the Doppler separation per, ar@nd signal-to-noise ratio without increasing dwell
time, was formulated in [7]. The Joint Dwell Time Allocatjon and Detection Threshold Optimization (JDTADTO)
strategy improves resource efficiency in asynchrohous Phased Array Radar Networks (PARN), effectively
addressing challenges such as Measure igin\Uncertainty and false alarms. This is achieved through the
derivation of the Predicted Conditi almRaO Lower Bound (PC-CRLB) and the formulation of an
optimization model, demonstrating ategy's capability to enhance tracking precision under varying resource
conditions [8].

Another challenge in targetMmg is the tracking of group targets. When a large number of targets move close to
each other in a coordi anner, tracking them as individual targets consumes a large amount of resources.
Developing an a ch tod¥mprove the dwell time in group target tracking is a new topic that will be addressed in
this study. For é)urpose, a general understanding of group-target tracking methods is required. VVarious
techniques or group-target tracking have been proposed, and some of the key methods are discussed in [14]. Owing
to Iirvparability, group targets might exhibit a detection pattern similar to that of extended targets [15].
Additipnally, a group target can be likened to an extended target, because the latter generates several measurements
per time step [16]. A recursive Bayesian algorithm was introduced for group-target tracking in [17]. Thus, the
collective motion of a group of targets is considered a single target. The group state is described as a random matrix,
and the group center is tracked. The concept of group targets is introduced in [18] and proposed a group-tracking
method with an adaptive elliptical window for group acceptance. The Second-Order Extended Kalman Filter is

introduced to estimate the elliptic shape of moving extended and group objects, utilizing a parameterization based on



orientation and the lengths of the semi-axes [19]. This approach effectively relates individual measurements to the
ellipse parameters through a multiplicative noise model. Monte Carlo methods have been used to track extended and
group targets in [20] and [21]. Some studies have used multivariate stochastic differential equations to model the
states of group members, and the group structure is described by a probabilistic transition model between members
[22, 23]. The t-Cardinalized Probability Hypothesis Density (t-CPHD) filter effectively addresses the challenges of
tracking dense group targets by first monitoring the overall group and subsequently extracting individual target
states. This innovative approach combines group motion modeling with individual target motion models, en?ﬁ@g
the flexibility and applicability of tracking algorithms in real-world scenarios [24].

Dwell time refers to the duration a radar beam focuses on a target, enabling effective detection and W This

critical resource significantly influences the number of targets detected and the accuracy of mea: ts When
tracking groups of targets, dwell time is essential for maintaining accurate tracking of the ape and
kinematics. Longer dwell times reveal more group members and reduce measureme e to an improved

signal-to-noise ratio. By leveraging this dual effect, adjusting dwell time durlng the |Iter stimation process can

dwell time on group target tracking. As dwell time increases, measureme cy improves, and more group

enhance the quality of group target tracking while optimizing radar resourc&.:F illustrates the impact of
members are illuminated, enhancing overall tracking performance. D@ng an optimal dwell time allocation for

group target tracking is a novel topic addressed in this study. §his(stad ploys an explicit estimation algorithm for
the shape parameters of a group, assuming an elliptical shapggustg the extended Kalman filter with a multiplicative

error model previously presented in [25]. An optimi m is defined to adjust the dwell time, incorporating

a cost function subject to specific constraints. The objectivg is to determine the optimal dwell time parameter
throughout the filter steps sequentially, utilizing &\yrecursively defined performance metric. The recursive Bayesian
Cramér-Rao lower bound, which predicis thesgotential performance of any estimator [26], is employed to determine
the cost function. The contribution ft&arch include deriving the cost function, defining the metric for group
target tracking, and solving the opti ion problem to extract the optimal dwell time during the filter steps. The
Wasserstein distance metric is @ evaluate the proposed algorithm. The remainder of this paper is organized as
follows: Section 2 presents a

o}

configuration, recufgive/CR

rget tracking, including state modeling, measurement modeling, filter estimation,

and the update cycle. 3 discusses optimal dwell time allocation, detailing the optimization problem
B computation, group detection, and the group Geometric conformity metric.

Simulation results ahd comparisons are provided in Section 4, and Section 5 concludes the paper.

WUp Target Tracking

When\multiple closely spaced objects move at the same speed or direction, they are called group targets. In this
context, the collective movement of the group takes precedence over the individual movement of each component.
The shape of a group target can be modeled using a specific geometric configuration. Group tracking involves
estimating the kinematic parameters of the group's center and its shape. The state variables include the kinematics of
the group center, orientation, and geometric parameters. Tracking the group center is similar to tracking a single

target, leveraging existing dynamic modeling techniques. In this paper, a constant-speed model was used to describe



the movement of the group center due to its simplicity and low computational requirements. The geometry of the

group target was approximated as an ellipse, characterized by its major diameter and rotation angle.

2.1. Group Target State Model
Targets that move in a coordinated manner over a short distance were tracked as a group. This approach is known as
group-target tracking [27]. The group can consist of either many or few members. Some methods have employed
geometric shapes to model the shape and center of the group for tracking group targets. Ellipsoid models are widely
used for group-target tracking because the ellipsoid parameters provide meaningful information about the ex
the group, even in challenging scenarios involving highly maneuverable targets, high sensor noise, ar Iin@
detections. Furthermore, ellipses are mathematically more straightforward to describe than rectang %ause they
can be represented using an implicit equation or interpreted as a multivariate Gaussian distrib éﬁwis approach,
the group target is modeled as an ellipse characterized by the length and orientation of its i s. The state
variables include the kinematics of the group center and the geometric parameters of the,gromp shape. The tracking
of the group center is similar to that of a single target. Dynamic models of constant velocity, constant acceleration,
and constant rotation are conventional models used in target motion modelif m constant-speed model is used
to represent the movement of the group center, given its simplicity and Io%tational cost. The group target
shape is modeled as an ellipse, characterized by the lengths of the se r and semi-minor axes, as well as the
rotation angle of the ellipse relative to the horizontal axis. These e@ parameters were assumed to be fixed with

some uncertainty. The target dynamic model is presented in n (1) [25].

X, =FX_ +o ‘ :
(1)
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whegg the sQransition matrix is denoted as F, and @ is Gaussian noise with zero mean and variance Q . 1, 0,
p,ad T denote the identity and zero matrices, the process noise level, and the revisit time, respectively. The
operator @ is the Kronecker multiplication. The state vector X, includes variables for the position, velocity, and
parameters of the group target geometry. This allows for the estimation of the center of the group, including its

center position, velocity, rotation angle, and dimensions. m, , and mx,k are the position and speed of the group

center in the x directionand m, , and my,k show the position and speed of the group center in the y direction. The



geometric parameters for the target shape, «,, ﬂl,k , and ﬂ?vk , signify the rotation angle and the lengths of the two

semi-axes of the ellipse, respectively. These variables are shown in Figure 2.

2.2. Group Target Measurement Model
Understanding the origin of the measurement and the nonlinear relationship between the target state and radar
measurements is essential for the effective design and implementation of radar tracking filters. This understanding
enables the filter to accurately estimate the target's state by integrating radar measurements with the dynamic model
of the target. As the measuring sensor is a phased-array radar, the measurements comprise the range and Crf-;&)f
he

. . . . o .
the target (Figure 2). These radar measurements are influenced by various sources of noise and uncer%
riance

measurement noise is commonly represented as an additive Gaussian random variable with a knc@/

matrix. Suppose that at time step K , a set of N, measurements from the group is available % .

Y ={ Y Yion | (3) x

Measurement modeling for a measurement Y, ; consists of two components: (b
Group Extent Model: This model describes the location of the meas$ Igin Z, ; on the target. This
description is characterized by the spatial distribution p(ZkyiJ Xk®u depends on group parameters such as

group position, length, and orientation. N
Sensor Model: This model specifies the measureme% cribed by p(yk’i | Zk’i). The origin of measurement

Z, ; is mapped to the measurement Y, ; using Equatior®(4)

Yei = i +\4,i @ 4

where 'V, ; is the additive nois@ ero mean and covariance R, . Each of measurements Yk, originates from the

T
@ d in Equation (5). In that [mxyk My is the position of the group's target center, C,

source Z, ;, which is

and 4, are rota@@grup size (half axis of the ellipse) respectively. uf( models multiplicative noise. If a

Gaussian djstfi n is chosen, the group model takes the shape of an ellipse.

Yy
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combination of the sensor model and the extent of the group yields E(@(@.

Yii :[mxwmy,k T + Hl(ak1/1k)-uli< +\; .N@)

The function H, is utilized to correlate the spheric%inates with the state vector, as shown in Equation (7).
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where (XO, y0 denotes th&osition.

2.3. Filter estir@'d d update cycle procedures
nd estimation are used in the group target tracking via MEM-EKF*. The key difference lies

Two stages of
in estimatir@h up geometry parameters and calculating covariance with a nonlinear Equation (6) for
obs n

tio

if the update phase. The explanations and relationships of the algorithm have been reviewed from
sodrces, including [25]. The filter stages are described in the following sections. To simplify understanding,
state variables related to kinematics and geometry are separated, resulting in Equations (8) and (9) that form the

dynamic model of the group target.

mk = I:m mk—l +wm (8)

S = Fssk& + (9)



where F, and F; are transition state matrices. ®_, and @ are the process noise with zero mean and Q.. and

© . , . : . U . .
Q.” covariance matrices, respectively. M =[mxmx m, my] and S :[a A /12] represents the kinematics

state of the group center and geometric parameters of the group in the state vector respectively.
Update of center kinematics and group's geometry
The update stage is executed in two parts: the update of the center kinematics and the update of the group geometry.

The measurements obtained at time step K , denoted by (3), are sequentially utilized in the update process

o
kinematic state estimate was updated according to the Kalman filter update equations using the meas&Q Yii

(Equations 10-12). Q
9k,i = Hz (mk,ifl) (]_O) x&((b
My =M+ Ry (Pky,i )71 ( Yii = Y ) (11) ° (v

Pkrj} = PkIT:—l - Pkrj}y (Pk),li )_1 ( I:)kn,1iy )T (12) Q

where r‘ﬁk,if1 and Pkrf}_l are the group center kinematic state ® n@n and the corresponding covariance matrix,

respectively. P, and P, are the measurement coyafian cross covariance between the measurement and
kinematic state, respectively, as described below. Mea ent Equation (6) is nonlinear; therefore, to utilize the
extended Kalman filter algorithm, linearizatiopgis fequired. For this purpose, the Jacobian Hl(ak,ﬂk )UL should

be calculated by considering Uli as rawria le.

i i1 i Ji-1 Qi
H,u ~H,_ u +J, (sk —-S

Hy = Hl(ak1ﬂk) & (13)

where J is, th@@n of H,(er, A )-Uy.

Io -A,008qU, —ASinau, UuCcosa —U,Sina (14)
au, —AsSinau, usine U,coSa
The covariance of Hlk.u:( , is estimated by QH .
H NidAu (it s 2i1\! AU fit
Q" =H,Q (Hlk ) +r Pk,i—l(‘]nk ) Q Jnk (15)

form,n=12



where Q" represents the covariance of the uli( distribution. P,’ denotes the covariance of the geometry parameters,

which is calculated at a later stage.

To update the geometry, a pseudo measurement is first performed using the Kronecker product.

kai = T(( Yei— 9k,i)®( Yei ™ 9k,i )) (16)

Matrix T was used to remove duplicate elements resulting from the Kronecker product operation. (b
1000 - O

T={0 0 01 (17) Ay
0100 Q

The pseudo measured geometry parameters YI:i are also updated using Kalman filté&c&mrmulas (Equations

(18) and (19)).

Sei =Siat Pks,:(* (Pk\fi* )_1 (Yk*,i _YAk*,i ) 'Q\}‘b‘(m)
'\6 (19)
O

where §k'i, P Yk*i, Pk\fi and Pks’\i( are the esti ometry parameters, the geometry parameters covariance

Pks,i = P ki PkST (Ple ) (Pks,\i(*)T

matrix, the predicted pseudo-measurement, the pseudo-measurement covariance, and the cross covariance between
the pseudo measurement and the geom%m rs, respectively. Finally, the covariance of the measurement and

the cross-covariance between the mgasure and kinematic state are calculated as follows:

PY =P .H,;
P =H, Pl H; + Mk (Tdk)

Estimation of th @) 's.center and geometry
Because the Ki |c state parameters and group geometry over time follow a linear model, the estimation can be
performed

(20)

(21)

the standard Kalman filter estimation relations (Equation (22-25).

M= F mk,nk (22)
T

R0 =F'P, (ka) +Qy (23)

§k+1,o = sték,nk (24)

S S S S T w
Pk+1,0 =F Pk|nk (Fk ) +Q; (25)



In measurement update, the next measurement Y, ; is used to obtain updated estimates of rﬁk'i , §k'i , PkrT‘i ,and

Pkfi is used. According to this notation, the predicted estimates are represented as zero samples.

By utilizing the aforementioned group target tracking algorithm, a criterion must be established for tracking quality.
This criterion should be used to adjust the dwell time, ensuring that the tracking accuracy is maintained across

different states of group target while minimizing dwell time consumption. This issue is discussed in the next section.

3. Optimal dwell time allocation (b
The block diagram of the optimal dwell time allocation framework for group target tracking is depic? 'gure 4,
The represented block diagram is divided into three main components. The optimal dwell times @amed by
solving an optimization problem subject to the constraints of available resources and desired ing quality
requirements. These dwell times is then sent to the radar management unit to contro er of transmitted
pulses. The illuminated targets from the group targets referred to as observations or I&ments, are fed into the
group target tracking algorithm. These observations are used to estimate the.gro@ter's kinematics and geometry.
This estimation is then sent to the tracking-quality computation unit to de I e optimal dwell time for the next
radar cycle. Several sophisticated group target tracking algorithms ha meveloped, including those leveraging
Multi-Bernoulli and labeled multi-Bernoulli filters with refine‘d stwmm models [29,30], graph-theoretic
approaches for group structure estimation [31], as well as Pois ti-Bernoulli mixture and belief-propagation
frameworks accounting for unresolved groups and un tai@ction probabilities [32,33]. Each of these methods
incorporates unique modeling assumptions and filte rsions tailored to specific group dynamics and

measurement models. Consequently, extending odr proposed Bayesian Cramér-Rao Lower Bound (BCRLB)-based

optimal dwell time allocation framework to vanced tracking algorithms requires a dedicated derivation of

the corresponding performance bounds fo r type, which involves detailed and model specific mathematical
reformulations. Such derivations a@nnd the current scope and represent important directions for future work.
The optimal dwell time can be aehi by formulating an optimization problem that balances tracking quality and
resource consumption. For saose, defining an appropriate criterion or metric to quantify tracking quality is
necessary. The recursi esian Cramér-Rao bound expresses the lower limit of the mean squared error (MSE) of
any unbiased estim target states. This bound is calculated based on the Fisher information matrix derived
from the group @bservations collected during the dwell time. The cost function can be expressed as a function of
dwell time py relating the dwell-time parameter to the Fisher information matrix. The objective is to identify the
dwev;hat minimize this cost function, thereby optimizing the balance between tracking quality—quantified
by the\Cramér-Rao bound—and resource consumption. Solving this optimization problem yields the optimal dwell
times for each radar cycle, facilitating the best tracking performance given the available resources. The subsequent
sections will discuss the evaluation of group geometry quality and the reformulation of the BCRLB based on dwell

time, ultimately leading to the formulation of the optimization problem.
3.1. Assessment of Group Geometry Quality Based on Dwell Time
In group target tracking, dwell time impacts two key parameters: detection quantity and observation accuracy.

Allocating excessive resources to track individual group members, especially when it is unnecessary, is inefficient,



particularly in large groups. Developing strategies to ensure the quality of group target tracking, even when some
members are undetected, appears advantageous. Radar systems detect targets by transmitting electromagnetic waves
and analyzing reflected signals. The radar receiver detects targets by comparing received signal power to a
predefined threshold. The probability of detection (PD) is the likelihood that the input signal, including noise,
exceeds the threshold voltage (VT). Conversely, if the signal exceeds the threshold without a target's return, it is a

false alarm (PFA). The detection and false alarm criteria can be expressed as follows:
Detection: S (t)+n(t)>V; (b
O

False Alarm: n (t) >V; N

where S(t) is the target signal, and n(t) is the noise. @

The probabilities of detection and false alarms can be mathematically expressed as: x

Py =], Pen (V) (26) .
&>

PFA = j; Pn (V) dv 27)

where [, is the probability density function of voltage v inthe ;@w e of signal S and noise n, and [, is the

probability density function of voltage v in the presence of @ ly.
The received signal is often represented using the in ) and quadrature phase (Q) components.

V=412 +Q? (2
If the in-phase (1) and quadrature phase ponents of the signal have Gaussian distributions, then the

probability density function of the signal ampfitude follows a Rayleigh distribution. The Rayleigh distribution
accurately models the probability d tion of the signal amplitude in the presence of Gaussian noise, which is a

common scenario in radar systéms.JThe probability of detection in a radar system can be expressed in terms of the

) (29)

probability. Dwell time control can also be used to manage the number of observations obtained from a group. As
dwell times lengthen, measurement reliability improves through reduced noise, enabling more accurate target state
estimation. Conversely, shorter dwell times yield noisier measurements, forcing the filter to rely more heavily on
predicted states and potentially reducing estimation accuracy.

Therefore, the observation equation for group targets can be rewritten as follows:



1
P(YcI%)=N (Yk; H2Xk!;Ck}‘k}‘1-<rCII +R, (Tdk )j (30)
where:
1
ol 0 SNR
R (T)=| ™ o « 31
k( k ) o O_;k O 1 ( )

SNR, . C)(b

Figure 6 illustrates the effects of increasing and decreasing dwell times in the four general scenarios. M the
dwell time consumption is minimal, only a few observations from the group are obtained, potent@’few as zero
or one. In this figure, at least one observation is assumed to exist. In this case, only one poi the group is
obtained, which may be the group's center, and no information about the group's geo%available. Therefore,
the geometry of a group can be arbitrary. In the second scenario, a slight increase in dwelFtime yields four
observations from the group. Although the spent resources do not significarttly i e the desired quality of group
tracking, the tracking quality is still evident compared to the previous stat m estimate of the target geometry
has been formed. In the third scenario, the dwell time was optimally q@d according to the dynamics and
geometry of the group target to ensure high quality tracking. kn the fourth scenario, resources are wasted as
increased dwell time fails to significantly improve tracking Wespite more group members being detected and
a better match between measurements and targets.

Another point that should be considered is the criterion forgvaluating the matching of the target geometry of the
group and its estimation. The Euclidean distance Square is a natural choice for comparing the estimate with the true
(actual) value for point target tracking. Rhe situation is quite different for a group of targets. As the criterion should
also accommodate the shape of the rom is no longer an obvious choice. For this purpose, various metrics
have been proposed to measure the ween estimated and true group geometries. One such metric is the
Gaussian Wasserstein (GW) di , which quantifies the dissimilarity between two elliptical shapes using the
following relationship. In t}&e, this criterion is used to evaluate the proposed method.

dew (NN, )’ ®Q22+tr(zx+22—2 \/izﬂ/i) (32)

where M, ©Qare the mean and covariance of the true group, and M, and X, are the mean and covariance of

the e group, respectively. The square root of a matrix X is denoted as I" that X = I'r.
SZ Reformulation of the BCRLB incorporating dwell time

In the context of state estimation within a recursive filter, the Bayesian Cramér Rao Lower Bound (BCRLB) is

recognized as the theoretical lower limit of the mean squared error (MSE) for an unbiased Bayesian estimator.

Existing BCRLB formulations and dwell time optimization strategies are primarily focused on multi target tracking,

where targets are treated as individual entities with independent states. For instance, a joint dwell time and

bandwidth optimization for individual multiple targets is presented in [3] to minimize total resource usage while



satisfying accuracy constraints. Similarly, dwell time and revisit time allocation approaches under Bayesian bounds
for multi target scenarios are proposed in [9] and [12], with the aim of optimizing radar resources for separately
tracked targets. Detection threshold optimization and dwell time allocation in asynchronous distributed radar
networks, considering measurement origin uncertainty (MOU) for individual targets, are addressed in [8].

In contrast, group target tracking is considered in this study, where closely spaced targets are tracked as a cohesive
entity. This fundamentally alters the tracking problem, as the focus is placed on estimating the collective geometry
and kinematics of the group rather than separate target states. To our knowledge, this analytical treatment is fvpt
to explicitly link the recursive Bayesian Cramér Rao bound with dwell time optimization in group tegget racking

approach presented in this paper, elements that are typically absent in individual target trackin ions. Thus,

contexts. The interplay between detection probability, group size, and observation quality is acco g |n the
t

a new perspective and practical optimization framework are provided by the suggested a ell time

allocation strategy, which is distinct from the existing literature focused on separate‘@e

ntal

In the context of group target tracking, the diagonal elements of the BCRLB represe

t tracking.
wer bound on the
variances of the estimated kinematic center of the group’s motion, and the g%& arameters which characterize

the shape and size of the group.

P, DE{[ e (V)= X }[ka(yk)_XkT} @Q
[P (1(x)" | O\

Given that the BCRLB is calculated as the inverse o prior Bayesian information matrix (BIM), the primary step

(33)

involves deriving the expression for BIM. BIM efined as the negative expected value of the second derivative of
the log posterior function with respect ta sté le x (Equation 34).

62
I(Xk):_Ekayk|:a 2Inp yk’ (34)

According to Bayes' theorex llowing relationship can be expressed.
(yk’ Xk X,)
The relations derlv@ sustituting Equation (35) into Equation (34) are presented below.

(%)= 'éQ Xy ) (36)

whe

)=, (e ()]

Xy

(%)= £, | Zon(e(n %)

Considering the dynamic model outlined in Equations (8) and (9), the formulation of the prior information for

(35)

(37)

estimating the target's center kinematics and group's geometry can be computed as follows:



1
15 (m )= Diz(k—l) - Drznl(k—l) (' (M) + D%:(k—l)) Dfnz(k—l) (38)
-1
1 (8¢)=Dgy) ~ Diy (' (Sia)+ DJS-:(kal)) Dy
where

Dy = Eee {_A:tfllnp(%l 'k—l)}

D2 —DZ, = E. .. {—A:‘;ﬂnp(okl .k—l)} 0~O(b

DX, = E. . {_A:tlnp(%l .k—l)}
« referstothe m and S indices. @
Combined with the target dynamic model, it can be written as: x
-1 s
I?(mk):[QlT_l"'Fle(lrS) (mk—l)(Fle) } '&
s S S s\t s \T - &
15 (s)=] Qi+ R (15) (s (F)' | >

[ J
The Bayesian Fisher Information Matrix (BFIM) for the obser '(g{second Relation of (37)) can be calculated

follows: ( )
[17(m0)], =€ AL el - Hgkzkl/\'@ '

10X 10X

(39)

(40)

0s; 0s;

where € € R” be the unit vector@e the i-th component equal 1, and all other elements equal 0, “tr” is trace

oprator and Z:E ‘ @Rk (Tdk).
K
e

The detailed steps f g the relationships are provided in Appendix A.

By computing ian Fisher Information Matrix for the observations according to Equation (37), the Cramér
Rao lower g; n be extracted as a function of the dwell time. This allows the optimization problem to be
defi in tefms of the dwell time parameter. The optimization problem formulation will be presented in the next

part.

3.3. Optimization Problem formulation
In this section, the optimization problem for dwell time allocation is formulated within a Quality of Service (QoS)
framework. This framework aims to enhance group target tracking performance while efficiently managing radar
resources. A novel strategy for route optimization and resource management is proposed in [40], which leverages
graph theory, optimization algorithms, and radar resource allocation techniques to effectively track multiple targets

in airborne radar systems. The joint detection threshold adjustment and power allocation strategy for improving



target tracking in cognitive MIMO radar systems is addressed by formulating the optimization problem as a mixed
integer nonlinear programming (MINLP) problem, which is subsequently solved using a decomposition based
approach [41]. Additionally, [42] formulates an optimization problem that integrates sidelobe suppression and
waveform optimality criteria, employing an optimization algorithm to identify the optimal solution.

Recent advancements in QoS driven resource management for colocated MIMO radar multi target tracking have
been made by Yi et al. [43] and Yuan et al. [44]. Yi et al. propose a scaled accuracy based objective function that
leverages Bayesian Cramér Rao lower bounds (BCRLB) within a distributed netted MIMO radar system, uti(zb
covariance intersection fusion to address unknown inter node correlations. Their approach optimizes,the gveighted

sum of individual target tracking accuracies, emphasizing per target performance priorities through:@terative

descending algorithm for an inherently non convex problem. In parallel, Yuan et al. develop ar wer
allocation methodology based on weighted unimodal task utility functions derived from pe CRLB,
facilitating graceful performance degradation under limited power. Their method acr&@?&e

scheduling for multiple independent targets by solving a non convex optimization Eroble via an iterative parallel

ctive power

search algorithm.

Despite these advancements, existing approaches primarily treat targets as%%dent entities, optimizing their
tracking performances individually without explicitly modeling corre@or joint behaviors within groups of
targets. In contrast, our work addresses the complexities of greup @ racking, where the covariance structure and
kinematic dependencies among targets significantly influen an accuracy. By extending the recursive BCRLB
to group contexts, our cost function evaluates the col 've@xing quality of target groups, integrating both group
covariance and resource consumption (dwell time allocatign) into a convex optimization framework. This group
centric QoS approach explicitly captures spatial afd dynamic interdependencies, enabling adaptive resource
allocation that prioritizes group level tr%er mance rather than merely aggregating single target metrics.

At each radar cycle, the following gptimiz problem should be solved:

T =argmin {tr {W,Corre

d T} (41)
. \a

Let T be the set of ell times, typically a continuous or discrete range of values determined by the
problem constrgints and the available hardware. The objective is to find the optimal dwell time allocation that

minimizes @ cost function, which considers the trade off between tracking accuracy and the amount of dwell time

utili

where

o Cqis (Pk) is the Bayesian Cramér Rao Lower Bound (BCRLB) on the mean squared error (MSE) of the state
estimate at the next time step, given the measurements up to the current time step.

o W, isan nxn diagonal matrix, where n is the number of state variables. The diagonal elements of W, are used

to scale the state variables based on their relative importance and their rates of change, ensuring appropriate

weighting in the cost function.



. W2 is a weighting factor that determines the compromise between the importance of tracking accuracy

(BCRLB) and the amount of dwell time utilized. The elements of WZi correspond to the weighting factors for

the dwell times of each target in the group. Future research will explore giving more importance to boundary
members for better results.
e “tr” is the trace of matrix.
Sequential Quadratic Programming (SQP) is a powerful optimization strategy for solving nonlinear optimiza@@
problems with constraints. The key advantage of the SQP algorithm is that it can efficiently handle rlonli@
optimization problems with constraints by leveraging the quadratic approximation of the original prow his
quadratic approximation allows the algorithm to take into account the curvature of the objective fanctigh and
constraints, leading to faster convergence compared to some other optimization methods. T, 0ach has been
utilized in numerous similar problems [40-41]. The pseudo code related to tracking v&%ﬂal dwell time is given

in Table 1.

4. Simulation NZ

In traditional radar design methods, the dwell time is usually seen as a rameter. The chosen dwell time
should meet the mission requirements and handle worst case s.cen@ ust maintain detection capability within
the radar's specified range, considering the minimum radar crogsection of the targets. However, in other situations,
such resource allocation may not be necessary. By usi an@tlve dwell time strategy, a significant amount of
resources can be saved. When tracking group targets; ing all members can offer valuable information about the
group, but it is not always essential. Therefore, ingroup target tracking, it is feasible to detect only the members that
meet the tracking requirements and ignore th hus saving resources. This method enables the radar system to

optimize resource utilization based on sp pefational needs.

4.1. Group Target Trajectory st tion
The simulation of the group tar, tory consists of two parts. The first part depicts the motion of the group
centroid, known as the kine% f the group center. The second part simulates the group geometry. In the first
part, a motion trajector Iving constant velocity, constant acceleration, and rotation is considered in a two
dimensional Cartesian cporginate system. The group target initiates from position [15 3] kilometers and concludes at
position [7.5 9.2] kilometers. The trajectory of the group target is illustrated in Figure 7. The group geometry is
represente@n ellipse with axes of [170 40] meters with a uniform distribution. Initially, the group target's
dire roaches at a 90-degrees angle, followed by a change in direction towards a 45-degree angle. The route
then transitions transversely (180-degree angle from east to west), followed by a rotation and a return to the initial

route. The direction of the group target along the route is shown in Figure 8.

4-2- Sensitivity Analysis of Dwell Time on Tracking Performance
To clarify the subject, a sensitivity analysis investigated the relationship between tracking accuracy, measured by
Wasserstein error, and dwell time for a group target scenario. Increasing the dwell time at the lower bound does not

alter the number of observations but enhances the conformity of observations with the targets, resulting in reduced



observation error. Beyond this bound, extending the dwell time will increase the number of observations, leading to
a decrease in the geometric tracking error of the group. Elevating the dwell time at the upper bound will no longer
impact the number of observations from the group, only achieving minimal observation error. At this threshold, the
minimum Wasserstein error is achieved with maximum resource utilization. This phenomenon was illustrated
through a Monte Carlo analysis conducted 100 times, as depicted in Figure 9.
As Figure 9 shows, changes in the dwell time significantly affect the tracking error of the group target. This
indicates that considering the group member conditions, the dwell time can be adjusted, and in this way, rescﬁb
can be saved. Subsequently, a simulation for tracking a group of targets with a fixed dwell time and gn a@
dwell time will be present.
Selecting the largest possible dwell time is necessary for stable and accurate tracking of a grou |th
@Ily when the

members having a low signal to noise ratio. Radar resources are wasted with this selection,
ces for other

targets have a good signal to noise ratio. Conversely, if it is hecessary to conserve ra%
applications, the minimum dwell time should be selected. However, this selection will result in poor tracking
accuracy in many target tracking scenarios. Another perspective in radar de§ign be to regulate the dwell time
based on the group target conditions. Whenever a longer dwell time is ne S&chieve the desired tracking
accuracy, the dwell time is increased. In cases where the sensitivity |s?or the group target has favorable
conditions for detection, the dwell time is decreased. This approach/Should utilize the proposed algorithm. To better
understand the mentioned concepts, the following radar desi Waohes have been simulated and compared:

Case 1: Selecting a longer dwell time for consistent in@fcrmance

In this case, the radar system is designed with longer dwell time for tracking targets with lower SNR or less
favorable detection conditions. The longer dwelltime allows the radar to collect more data and improve the tracking
accuracy for these challenging targets. proach aims to maintain a consistent level of tracking performance
across different target conditions. w

Case 2: Selecting shorter dwell tim ow Probability of Intercept (LPI) or resource saving

In resource constrained scenarids; radar systems using a dwell time reduction approach may struggle to track or may
track with significant erro& group targets with more challenging detection characteristics. This is because the
reduced dwell time wi nimizing the radar's energy emissions to align with Low Probability of Intercept (LPI)
design principles ongave resources for other radar applications impacts tracking performance and reduces accuracy.
Case 3: Compakative Analysis with optimized dwell time allocation in the Multi Target Tracking (MTT) approach
To highlig@

com analysis is presented against the optimized dwell time allocation in the Multi Target Tracking approach.

e benefits of the proposed adaptive dwell time allocation method for group target tracking, a

While resource allocation is optimized in this method for individual targets, detecting all group members is required,
resulting in strict resource demands and potential inefficiencies, particularly in large or densely populated groups.
Case 4: Optimal dwell time adjustment based on group target conditions

Dynamic optimization of dwell time is based on the specific characteristics and conditions of the group target. This
advanced approach allocates dwell time dynamically to achieve an optimal balance between tracking performance

and resource utilization for the group.



4-3- Simulation of Various Dwell Time Allocation Approaches
Assuming that the dwell time is selectable in the range of 0.5 STd < 3.5, the group target tracking algorithm has

been simulated with four approaches. In Figure 10, the group target tracking using the MEM EKF* algorithm with a
dwell time of 0.5 (a) and a dwell time of 3.5 (b) is shown. The right side plot in this figure demonstrates the group
target tracking quality using the Wasserstein distance metric. As can be seen from Figures (10) (a) and (b), reducing
the dwell time significantly increases the Wasserstein distance, indicating a decrease in the geometric trackin
quality of the group target. Which dwell time value is preferred, the dwell time or the tracking error, dep&ﬁ@e

requirements of the systems connected to the tracking system. By defining a cost function according’tg t ired

requirements for tracking in the tracking system, the importance of the tracking error can be eval

time spent. However, the critical issue is that if a fixed dwell time is selected in the design, w@ ges in the

group target conditions, resource wastage will occur in some scenarios, and a signific t@
quality will occur in other scenarios.

To simulate group target tracking with an optimal dwell time, the code must.alig‘%'th Table (1), and the
optimization problem (58) needs to be resolved during each filter cycle. Cg;

n in tracking

ly, the group target from Section
3-1 was chosen as the reference for tracking, and the proposed algorith plied to it.

In this execution, the optimization problem with the cost function solved with the weighting factors

[
W, = [0.30.3333633030] W, =3xu,,, and the upper an& bounds for the dwell time were set to 3.5 and

0.5, respectively (0.5<T, <3.5). U,, is a unit vegtor ignensions equal to the number of targets in each

cycle.

The result of group target tracking with the optital dwell time is shown in Figure 11. As can be seen from the

figure, the Wasserstein distance error ir@an ceptable tracking quality, which is achieved with the optimal

dwell time. The selected dwell time¥p the traCking cycle is shown in Figure 12.

Figures 13 and 14 compare total re&consumption (total dwell time) along the radar tracking cycles in

optimized dwell time allocati @[he MTT approach (case 3) versus the proposed adaptive group based allocation.

Our method reduces allo, &ell time significantly, owing to the philosophy of tracking the group as a whole

rather than all mem idually. By allowing selective non detection of some members without sacrificing

group tracking I@ad r resources are saved effectively.

Figures 15 @Iustrate the participation of targets during the trajectory in the above approaches. Due to
Qalues among group members, traditional fixed dwell time methods expend equal and high energy on

but require all detections, maintaining a high cumulative resource cost. The proposed method dynamically adapts
dwell time based on group target conditions, preserving tracking accuracy while reducing energy spent on less
impactful targets.

The group target tracking performance with the optimal dwell time was compared with the fixed dwell time

approach using Monte Carlo analysis. The results of this analysis are presented in Table (2).



As shown in the table, the tracking process was executed for this specific group target scenario with different fixed
dwell time choices. The mean and standard deviation of the Wasserstein distance error and the consumed time
resources are provided for each selection.

The values for the proposed algorithm are also included in the last row of the table. As indicated in the table, the
cost associated with the proposed method is the minimum. According to the table and for this scenario, the proposed
method reduces the error by approximately 4 times compared to the resource preserving dwell time approach, and it
reduces the consumed resources by up to 5 times compared to the tracking quality preserving dwell time appfo,

O
5. Conclusion N

This paper presents a novel approach for optimal dwell time allocation in group target tracking L@Vased array
radar systems. The proposed method formulates an optimization problem to adjust the dwel] i sed on the
recursive Bayesian Cramér Rao lower bound as the tracking quality criterion. The co&&n balances the
required resources and the tracking quality. The optimal dwell time is determined by addreSsing this optimization

problem during the radar cycle, which is then utilized in the next radar cycle:. It en demonstrated that the
calculated dwell time in the number of detected targets within a group, as Well asthe matching measurements,
influences the group targets, and the related equations have been pres is approach was evaluated by

comparing it to fixed dwell time strategies utilizing the Gaussian \@ ein distance metric. Simulation results
demonstrate the effectiveness of the proposed method. Compa 0 the resource preserving dwell time approach,
this technique achieved an approximately four fold redactiog injtracking errors. Moreover, it enabled up to a five
fold decrease in resource consumption compared to acking quality preserving fixed dwell time approach. The

saved resources can be leveraged to track additioral group targets or support other radar functionalities.

In future work, the authors plan to extend the pr ed strategy to revisit time, another critical temporal resource of
phased array radar systems. Optimizingsit ime, in addition to the dwell time, can provide further
opportunities to judiciously allocat radar's limited temporal resources, enabling more efficient tracking of group
targets while potentially freein@ city for other radar functions.

o\

Appendix A.
To calculate the Fis@n ation Matrix for observations, one needs the second derivative of the log likelihood

function with r@
62

Ir( - _In(P(yklxk))} (A.1)

2
OX,

the parameters of the probability distribution.
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In this case X depends on state variables, thus first and second derivative of the log I&function is represent

in Relation (45) and (46). rz
iln(P(y | %)) =tr 1 & —(e"HTH,x- (y —-H,x
Py k1% )= o 2 k

(A.4)
(Yo~ FaX)T Z e+ (yy —Fox )T = Yk H.szxk®Q
& InP(yk|xk)=tr[2‘182—2]—tr(2‘18—2 %O
o0

(A. 3)

()T H Taz O (v~ Fiaxi )+ )T ATEed + ()T ATE 10 -

i (A.5)
_H T ox! i T @ o '
(Y —Hoxy) 81 H e —(e HI % (yk H xk)

(V= Hzxk)T Hz%@ H,x k)T axax (Yk 2Xk)
The first two terms of n (46) are derived as follows.
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After computing the expected value of Relation (A. 5), simplifying, and separating the geometric and kinematic state

variables, Relation (40) will be obtained.

Appendix B.

The cost function defined as Relation (41) is convex. This is established by noting that the term

(tr {chcm_s (R )}) is convex due to the positive definiteness of W, and C g , while the summation

>

functions is convex, and the feasible set T is assumed to be convex, confirming that the overa nction is

Ny
{ENZ'Ti J is also convex as it comprises linear combinations of positive terms. The sum of thesefconyex
i=1

convex within the defined constraints.
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Figure 15: Participation of Targets in optimized dwell time allocation for MTT approach

Figure 16: Participation of Targets in Optimal Dwell Time Allocation for Group Target Tracking

Table 1: pseudo code of tracking with optimal dwell time
Table 2: Comparison of Various Dwell Time Allocation Approaches in Group Target Tracking (b
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A+ f
3 % -
2F f
Measurments [}
1 Estimate § -
ﬂpmacﬂd
o ]
9+ % -
,
8 \ .
)
7 [ 1
L
N O N O N
N N\ N N N
S S
X (m)

60

= wn
=l =1
T T

Gaussian Wasserstein distance (m)
1%
=

¢)Q
Sample

&

v 4
Figure 11: Group Target Tracking with Optimal Dwell ngt'ion (Case 4)

Dewll Time

0.5 I I

50
Sample

60

70

80

90

100

Figure 12: Optimal Dwell Time for Group Target Tracking



Target Number

1
4-

MNM‘P"\\E[“*WC\ N V\\DI‘-DOO\O-ﬁNrﬂ
— —1—1-—1—1-—1 NNNNNNNNNNMMMMM&M&M

Selected Sample of Tracking
A

Figure 13: Resource Consumption in optimized dwell time aIIoc MTT approach (Scaled)

R=lech [l P S == T-L R [ L PR S T

Target Number

20

4-

Ll Kaals gl =N v ol Wen] VOO S — 0l on st O~ Olen T v
— — - N on on on

el el el o1l NNNNNMM tﬂrﬂfﬂ

v—! !—1 —1 —
Selected Sample of Trackin;

o/

14: Resource Consumption in Optimal Dwell Time Allocation for Group Target Tracking (Scaled)



® o @O - o
1 2 3 4 5 6
+ @ @ o @ o
7 8 9 10 11 12
® o6 0 - . °
13 14 15 16 18
° &P . ® . .
19 20 21 22 23 24
. e e @ - @
25 26 27 28 29 30

y

04
X

>

Figure 15: Participation of Targets in optimized dwell time al hfor MTT approach

Ggure 16: Participation of Targets in Optimal Dwell Time Allocation for Group Target Tracking

Tables

Table 1: pseudo code of tracking with optimal dwell time

Initiation;

For each track do




| Prediction (kienematic & geometry parameters);

| Radar detection procedure with allocated Td;

| If detection associated with track then

| | Update Track with observations ;

| end
| Solve Eq. (58);

| Send Td to Radar management unit

| Adapte radar radiation with Td

U

End .N
Table 2: Comparison of Various Dwell Time Allocation Approaches in Group Tar@et §gacking
Dwell Time Mean GW Error STD GW Error Time Consumption Cost
T, =0.5 113.05 19.62 R 94 893
T, =1 61.33 14.17 & 376 115
T, =15 38.30 12.77 '\ 2397 134
o )
Ty =2 38.25 12.0&‘/ 9588 102
fadt
T, =25 26.22 w 19975 93
T, =35 22.35 ) ~16.86 32900 97
T inMTT 23.38 @ 3 157 15930 95
T inGTT 23 15.01 6674 o1
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