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Abstract—The concept of 6G distributed integrated sensing
and communications (DISAC) builds upon the functionality of
integrated sensing and communications (ISAC) by integrating
distributed architectures, significantly enhancing both sensing
and communication coverage and performance. In 6G DISAC
systems, tracking target trajectories requires base stations (BSs)
to hand over their tracked targets to neighboring BSs. Determin-
ing what information to share, where, how, and when is critical
to effective handover. This paper addresses the target handover
challenge in DISAC systems and introduces a method enabling
BSs to share essential target trajectory information at appropri-
ate time steps, facilitating seamless handovers to other BSs. The
target tracking problem is tackled using the standard trajectory
Poisson multi-Bernoulli mixture (TPMBM) filter, enhanced with
the proposed handover algorithm. Simulation results confirm the
effectiveness of the implemented tracking solution.

Index Terms—6G, DISAC, tracking, trajectory, target han-
dover, TPMBM.

I. INTRODUCTION

Integrated sensing and communications (ISAC) has at-
tracted attention in the advancement of 5G mobile radio
systems and is expected to play a pivotal role in shaping 6G
networks [1], [2]. However, the current ISAC framework often
overlooks critical aspects, such as enabling large-scale deploy-
ments that can monitor numerous connected user devices and
passive objects over wide areas and extended periods [3]—
[5]. To address these limitations, the concept of distributed
integrated sensing and communications (DISAC) has emerged,
which expands ISAC functionality through distributed archi-
tectures, enhancing its capabilities in decentralized systems.
In addition, DISAC is set to revolutionize various sectors,
including transportation, and automation [3], [4].

In a monostatic DISAC system, several base stations (BSs)
transmit orthogonal signals that bounce off the environment
and are received by the same BS, ensuring full knowledge
of both the transmitted signals and the clock [6], [7]. Due
to the limited transmission power and hardware limitations,
each BS can only track targets within its field-of-view (FoV).
As a result, without information sharing between BSs, each
BS can only track target trajectories for a limited time and
only within its own FoV. To enable more comprehensive

This work has been supported by the SNS JU project 6G-DISAC under
the EU’s Horizon Europe research and innovation Program under Grant
Agreement No 101139130.

FoV of
BS2

FoV of
BS3

, Target2
BS3 /'traj ectory

BS2

Taré;:tl @ .

trajectory

BS3 shares
the tracked
trajectories
with BS1

FoV of
BS1

Fig. 1. An example of the target handover problem in a monostatic DISAC
system. Targets move over time, and each BS can only observe those within
its own FoV. Each BS independently processes its local observations to track
the targets, then shares the tracked trajectories with neighboring BSs (i.e.,
with overlapping or adjacent FoV).

tracking without extensive data sharing, BSs must hand over
targets to neighboring BSs when necessary. This allows the
continuation of target trajectories across BSs while minimizing
communication between them. This setup is depicted in Fig. 1.
Deciding what information to share, as well as when, where,
and how to share it, is crucial for efficient handover.

Related works can be categorized into those addressing
the multi-target tracking (MTT) sensing problem systems
and those focusing on target handover between different
BSs or sensors. The sensing challenge has been explored
extensively and explored through various methods in the MTT
literature [7]-[11]. Among these, random finite set (RFS)-
based methods [7], [10], [11] can effectively manage key
challenges such as unknown data associations (DAs), an
uncertain number of targets, unknown target states, missed
detections, and false alarms, and can also generate entire target
trajectories without increasing the computational complexity
[12], [13]. However, these methods either rely on data from
a single source or use a fusion center to combine sensing
results from multiple sources, without incorporating any target
handover mechanism. The concept of target handover has
been addressed in various forms [14]-[16], primarily in the
context of networked radar systems. In [14] a binary linear



programming approach is used to schedule radars in order to
maximize the tracking duration of targets. In [15], the concept
of handover refers to the association between moving sensors
and static coordinators, and is thus similar to user equipment
(UE) handover in communication systems [16], [17]. Hence,
the problem of target handover remains largely unexplored.

In this paper, we explore the target handover problem in
the DISAC system, enabling each BS to track complete target
trajectories within its FoV from origin until they exit the FoV,
by sharing necessary trajectory information among BSs. The
main contributions of this paper are as follows: (i) We pro-
pose an RFS-based target handover algorithm that facilitates
trajectory sharing between neighboring BSs, ensuring smooth
trajectory tracking as the targets enter their FoVs, along with
detailed execution steps; (ii) We extend the standard trajectory
Poisson multi-Bernoulli mixture (TPMBM) filter at each BS
by incorporating the proposed target handover mechanism;
(iii) We validate the effectiveness of the proposed target
handover mechanism through simulations in a mmWave radio
network, demonstrating that it allows BSs to track targets’
trajectories from their origin, while also enhancing sensing
performance when targets transition into new FoVs.

Notations: Scalars (e.g., x) are denoted in italic, vectors
(e.g., ) in bold lower-case letters, matrices (e.g., X) in
bold capital letters, sets (e.g., X) in calligraphic. Transpose is
denoted by (-)7, the Hermitian transpose is denoted by (-)",
the union of mutually disjoint sets is denoted by w, a Gaussian
density with mean w and covariance ¥, evaluated in value x,
is denoted by N (x;u,X), and dy, = dim(x).

II. SYSTEM MODEL

We consider a scenario with multiple BSs and multiple
targets, as depicted in Fig. 1. Each BS has limited FoV,
and can only see the targets in its FoV. The FoVs of two
neighboring BSs can overlap. Each individual BS performs
monostatic sensing to track the moving targets in its FoV, and
it can share the information on target tracks to nearby BSs. In
this section, the state models, the received signal model, and
the measurement model are introduced.

A. State Models

Each BS is deployed with a uniform rectangular array
(URA). The state of the p-th BS contains a 3D location
shq, representing the position of the center of the URA,
and its 3D orientation t}. The number of BSs and all BS
states are known. While multiple targets in the considered
environment are moving over time, neither the number of
targets nor the target states are known to the BSs. We denote
xi = [(s%)7,(5})7]" as the dynamic state of the i-th target at
time step &, containing its 3D position s}, and its 3D velocity
8;,. We assume the transition density of each target can be
described by

f(@paley) = N(@j,;0(2)), Qpin ), €]
where v(-) represents the known transition function and Q.
is the known process noise covariance.

B. Signal Models

Every time step, each BS sends out downlink orthogonal
frequency-division multiplexing (OFDM) pilot signals, which
are altered by the objects in the environment and then possibly
received by the BS. At the p-th BS side, the received signal at
the subcarrier x and the time step & can be described as [18]

YQ =H?, S +N£k, 2)
with S? denoting the potentlally pre-coded pilot signal over
subcarrier £, Y?  denoting the received signal over subcarrier
K, N denotlng the additive white Gaussian noise, and H,, p
berng the channel frequency response. The transmitted srgnals
may be bounced back to the p-th BS from multiple targets,
and we assume that H? .k Can be expressed as

Zgi@aﬁs (017 (aps (B0 ))He2mmari,

where W% represents a combining matrix at the p-th BS side,
aps(-) denotes the steering vector of the antenna array of
the p-th BS, and Af denotes the subcarrier spacing. There
are I} visible objects in the FoV of the p-th BS, which can
bounce signals back to the corresponding BS and generates
I} paths by assuming a point object model. Each path can
be described as a complex gain g, a time of arrival (TOA)
7.", and an angles of arrival (AOA) pair 02,2’ in both azimuth
and elevation. As we consider the monostatic sensing and the
BS can only receive bounced signals, there is no line-of-sight
(LOS) path, and the BS is always synchronized with itself, so
there is no clock bias issue, resulting in 7" = 2/sjg ~ st|/e
for a target with 3D position s, where c denotes the speed
of light. Moreover, we assume only single-bounce paths exist,
therefore, the AOA is equal to the corresponding angles of
departure (AOD). The relations between AOA/AOD and the
geometric state can be found in [19, Sec. 2.2]. Note that
Doppler effects are not considered due to the short transmis-
sion interval. However, incorporating Doppler measurements
would significantly enhance the detection and tracking perfor-
mance of the mobile targets.

= (WD)

C. Measurement Models

At each BS side, a channel estimator [20]-[22] is applied
on the received signals Yﬁ k in (2) to obtain the estimates
of channel parameters of TOA and AOA, given the infor-
mation on the sent signals S? and the combining matrix
WZ. To focus this work, we assume the channel parameter
estimates are directly available to be used as measurements
for sensing purposes. We model the measurements provided
by the channel estimator at the p-th BS and the time step
k as a RFS, ie., Z} = {z - ..,zi’l’f}, with f,f denoting
the number of resolved paths. Note that usually f,f # I,f , as
there could be also some clutter measurements originated from
noise peaks during channel estimation, and not all paths can
be resolved resulting in misdetections of some targets. These
clutter measurements are modeled as a Poisson point process
(PPP), parameterized by the intensity function ¢(z). Since
targets may also be undetected, we introduce the detection
probability pp(skg,s}) € [0,1] to capture the possibility of



obtaining a measurement from an object located at s°, detected
by the p-th BS. Assuming that the measurement z”** originates
from the object located at s, its likelihood is modeled as

F (2 Isgss si) = N (20" h(sgso 1), ByY), - ()
where h(sh,si) = [77",(82)T]T represents the nonlinear
function that transforms the geometric information to TOA and
AOA [19, Sec. 2.2], and R} denotes the known associated
measurement covariance. However, it is important to note that
the DA remains unknown, making it unclear which source
each measurement originates from.

III. DECENTRALIZED MTT PER BS

In this section, we describe how each BS tracks targets
within its FoV over time using a TPMBM filter [23], which
estimates a set of target trajectories rather than a set of
individual target states, enabling trajectory estimation without
increasing the computational complexity. We will introduce
the trajectory state representation and the high-level operation
of the TPMBM filter. For additional details on the the TPMBM
density, we refer to the Appendix. For notational brevity, we
drop the BS index p throughout this section.

A. Trajectory State Representation

As described in Section II-A, a single target state contains
essential information about the target, such as its 3D position
and 3D velocity. However, our objective is to track targets
over time, aiming to estimate target trajectories rather than
individual target states at specific time steps. A target trajec-
tory is a finite sequence of target states, starting at any time
step and ending at a later one. The trajectory state of a target
can be modeled as a tuple [12], [13] X = (u,v, :B,W), where
w denotes the birth time step of the trajectory, i.e, the time
step when the trajectory begins, v indicates the time step of
the trajectory’s most recent state, i.e, the time step when it
ends, and x,., denotes the sequence of target states from the
time step p to the time step v, i.e., x,...,x,. If the current
time step is k, then v = k represents the trajectory is still
ongoing, whereas v < k signifies that the trajectory ended at
time step v. The trajectory cannot end before it begins so that
w<v, and (v —p+ 1) represents the length of the trajectory.
Similar to a set of targets, we can model a set of trajectory as
aRFS X = {X', ... X!® modeled as a TPMBM RFS.

B. TPMBM Filter

Each BS needs to track the trajectories of all targets X
within its FoV over time, using the received measurements Zj,
(as introduced in Section II-C) as input every time step. This
can be accomplished by implementing a TPMBM filter [23],
[24] on each BS. The primary objective of the TPMBM filter
is to recursively compute the posterior f(Xx|Zx) at each time
step, following the prediction and update steps of the Bayesian
filtering framework for trajectory RFSs [23]

F(i|Z0) = [ F0I20)f(XnlX)sX, @)

F(X1|Z1:06)0( Zhos1 | Xis1)
[ F( X | 21 ) U 21 | X1 ) 0 X1

F(Xps1|Zrp41) = , (5

where f(Xg41|X%) denotes the transition density of the tra-
jectory set, £(Zj41|Xk+1) denotes the RFS likelihood function
of the measurement set give the trajectory set, and [ f(X)6X
indicates the trajectory set integral [13]. The expressions
(4)—(5) effectively serve to predict and update the TPMBM
components. For further details, please refer to [23], [24].
The output of the TPMBM filter after each time step
k is a TPMBM density, which has the following compo-
nents: g, (X) represents the intensity function of the un-
detected trajectories, while {wklk,{rklk, ‘fli(X)}iEH'i‘k}jEHklk
represents the state densities of the trajectories of the detected
targets under different DA hypotheses. Here, wk‘ . 1s a global

hypothesis weight, ! s the existence probablhty of the

Elk
i-th target under the j-th hypothesis, and f L(X) is the
corresponding trajectory state density, which can be factorized
into fk‘k(acw,m7 v) and fk‘k(u,u) [24, Eq. 4]. In this paper,
we focus on the Gaussian implementation of the TPMBM
filter [23, Sec. V].

IV. MTT WITH TARGET HANDOVER

Each BS locally applies a TPMBM filter to track targets
within its FoV. However, since each BS has a limited FoV,
and the targets move over time, some targets will inevitably
exit the FoVs of some BSs and enter the FoVs of neighboring
BSs. Although a BS may lose track of targets as they leave its
FoVs, it can hand over these targets to the neighboring BSs
to maintain continuous tracking.! This section introduces the
algorithm designed for efficient target handover between BSs.

A. Handover Information

We assume that all BSs can communicate with each other,
and each BS is aware of its own and all other BSs’ FoVs.
Target handover only occurs between neighboring BSs, as
a target leaving one BS’s FoV can only enter the FoVs
of nearby BSs. To reduce communication load, a BS only
shares information about tracked target trajectories with the
neighboring BSs into whose FoVs those targets are expected
to enter. This communication happens after the prediction step
of the local TPMBM filter at each BS.

The first step is to determine if any targets are likely
to move into another BS’s FoV at each BS. Consider the
m-th BS at time step k + 1, suppose the predicted prior
density f(A}",|Z]%.) consists of the TPMBM components

Nesar (X) and {wk+1|k’{r21{|;c’ 121]\12( )}ze]Im”}JeHHk The
j,i-th predlcted trajectory is said to be enterlng the FoV of
the m/-th BS, if

]H’{UZC / fkﬂ‘k(skﬂ)pD(Sk:ﬂ, SBs )d3k+1 27, (6)

where f, +’1j|7k(3k+1) represents the predicted position density

of the tracked target at the m-th BS at time step k£+1, obtained
during the prediction step of the TPMBM filter, pp(Sk+1, sgg’)
denotes the detection probability at the m'-th BS, and y is a
predetermined threshold. Second, in case (6) holds true, the

"'We do not consider the fully centralized approach, which requires BSs to
share all received measurements to a fusion center.



m-th BS should inform the m/-th BS of the target’s trajectory
details, facilitating the handover of tracking responsibilities.
The trajectory information that needs to be shared includes the
existence probability r;:fll‘g, the trajectory density f,;’ifllz(X ),
and the global hypothesis weight wlc 1| .- To efficiently hand
over this information, we approximate it using a trajectory
PPP,? and the trajectory PPP intensity is formulated as follows

)\gt}fj-fl‘k wk+1|k k#fuifkﬁljuz(x)' D
This PPP intensity can be seamlessly 1ncorp0rated into the
predicted trajectory PPP intensity of the m/-th BS A} Y L (X)),
and the resultmg combined mtens1ty is expressed as

>‘k+1\k(X) < )‘k+1|k(X) + Aﬁ}ﬁfm(X). 3

Please note that all detected trajectories should be examined.
To minimize unnecessary handovers and corresponding inter-
BS data exchange, each BS only hands over targets that have
not been recently shared with the destination BS.?
B. Target Handover Algorithm

We examine all the detected trajectories at each BS to iden-
tify any trajectories that may enter the FoVs of neighboring
BSs every time step, adding the corresponding trajectory PPP
intensities to the predicted trajectory PPP intensities. Mean-
while, the trajectory MBM components remain unchanged, as
no modifications occur in that regard. The resulting algorithm
is summarized in Algorithm 1, assuming a total of M BSs.

Algorithm 1 Target Handover Algorithm

Input: Predicted {wkﬂ‘,€7 {Tﬁ{lz, f,ﬁ’f‘}z(X)}zeﬂ
k+1|k(X) Vme{l,- M};

Output: Reconstructed )‘Ic+1|k(X) Vme{l,---,M};

M}, § e]Ik‘k, iel”

}jGHMk

1: for me {1, kk,m +m do
2 if (6) and (not recently sent) then

3 Compute the handed-over PPP (7);

4: Communicate PPP to BS m/;

5 Add (7) to PPP at BS m’ (8);

6 end if

7

: end for

After reviewing all the trajectories and incorporating the
resulting trajectory PPP intensities into the corresponding
predicted trajectory PPP intensities, we update the density at
each BS using the relevant measurement set, expressed as

m Zm _ (XIZLJ'Z )K(ZIZ-J +1)
k:+1| 1:k+1)
] f k+1

2We approximate the information as a trajectory PPP rather than directly
adding a trajectory Bernoulli to the predicted prior density because the
handed-over target has not yet been detected by the m/-th BS. Since its entry
into the m’-th BS’s FoV is based solely on our predictions, which may not
materialize. Thus, it is more appropriate for the m’-th BS to treat this target
trajectory as it would with other potentially detectable trajectories that have
yet to be observed. Additionally, incorporating the trajectory PPP intensity
allows the system to effectively manage repeated information exchanges
between the two BSs when the target remains within both FoVs for a duration.
The TPMBM filter is more inclined to maintain an existing trajectory rather
than initiate a new one from a previously undetected trajectory; therefore,
only the trajectory from the initial handover will be retained.

3Full details of the management of list of recently handed over target
and hyper-parameters to avoid ping-ponging of targets are omitted for space
reasons.
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Fig. 2. Simulated scenario with two BSs, and two targets. The clutter for
all time step is also shown. Each BS has a limited FoV, while both targets
follow a constant velocity movement. Targetl enters BS2’s FoV at time step
47 and exits BS1’s FoV at time step 73. Targets2 enters BS1’s FoV at time
step 38 and exits BS2’s FoV at time step 66.

with f(X]",|Z]%.) denoting the density for the m-th BS, as
obtained from Algorithm 1, which involves adding the cor-
responding trajectory PPP intensities to its existing trajectory

PPP intensity.
V. NUMERICAL RESULTS

A. Simulation Environment

We consider a scenario depicted in Fig. 2, where two
BSs are positioned at [+50m,0m,10m]", respectively, and
two targets follow a nearly constant velocity movement
over time, with the acceleration noise standard deviation of
0.05m/s? along both the 2 and y axes, and 0m/s* along the
z axis. The sampling time is set to 100ms, and 100 time
steps are considered. Targetl starts at [-70m,-2m,1.5m]"
with an initial velocity [14m/s,0m/s,0m/s]", while the tar-
get2 starts at [70m,2m,1.5m]" with an initial velocity
[-14m/s,0m/s,0m/s]T. The targets are only visible when
they are in the FoV of the BSs, set to 70 m. The detection prob-
ability is set to 0.9 within the FoV of each BS and 0 outside
it, the survival probability is set to 0.99 for both BSs, and the
threshold -y is set to 0.5. The measurement noise covariance
matrix is fixed to R = diag[0.12m?,0.01% rad?, 0.01 rad®].
The clutter intensity c(z) is set to 3Ugoy for both BSs, with
Urov representing a uniform distribution inside the FoV of
each BS and 3 representing the expected number of clutter
measurements per time step. For the TPMBM implementation,
the filters are configured with the following parameters [23],
[25]: maximum number of hypotheses is set to 200, the
pruning threshold for PPP weights is set at 107, the pruning
threshold for Bernoulli components is set at 107°, and a 5-
scan implementation is employed. The benchmark algorithm
involves independent operation of the BSs, each running a
TMPMB filter. The sensing performance is numerically eval-
uated using the root mean squared (RMS) trajectory error [23]
for the trajectory set and the root mean squared error (RMSE)
across the given trajectory. We conduct 100 Monte Carlo (MC)
simulations for each algorithm, with the final results computed
as the average across all independent simulations.
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Fig. 3. Comparison of the overall tracking performances of the TPMBM
filter with and without the integration of the target handover method at BS1.

B. Results and Discussion

Fig. 3 illustrates the RMS trajectory error at BS1 over
time for cases with and without the integration of the target
handover method. The errors are identical in both scenarios
before time step 38, as only targetl is within BS1’s FoV,
resulting in the same tracking performance. After time step 38,
target2 enters BS1’s FoV and begins to be tracked, reducing
the RMS trajectory error as shown by the decreasing blue
dashed line. However, when the target handover scheme is not
implemented, BS1 lacks access to target2’s earlier trajectory,
causing the RMS trajectory error to remain relatively high
because part of the trajectory is missed. In contrast, when
the target handover scheme is applied, BS1 inherits target2’s
prior trajectory from BS2 and continues tracking it seamlessly,
leading to a significant drop in the red solid line at time step
38. This results in a lower RMS error that persists until time
step 73. After time step 73, the errors for both cases increase
when target] leaves BS1’s FoV, leading to a loss of tracking.

Fig. 4 displays the RMSE of target2’s trajectory at BS1
for both cases. The TPMBM filter effectively tracks target2’s
full trajectory when the target handover method is used, as
BS1 inherits the trajectory information from BS2 at time
step 38. Without the target handover scheme, BS1 can only
track target2 after it enters its FoV, which is why the red
solid line starts at the beginning while the blue dashed line
starts at time step 38. Notably, the target handover mechanism
provides more accurate estimates immediately after target2
enters BS1’s FoV, as the red solid line stays below the blue
dashed line between time steps 38 and 47. This is because BS1
inherits a lower-error and lower-covariance trajectory from
BS2, allowing it to continue tracking target2 with improved
accuracy and lower covariance, compared to starting from an
untracked trajectory. However, this gap gradually narrows over
time and eventually converges, as both cases receive the same
measurements, reducing the impact of the initial error and
covariance at time step 38.

Fig. 5 shows the trajectory tracking results from the
TPMBM filter at BS2, with the integration of the target
handover method. The results show that the TPMBM filter
at BS2, when combined with the target handover method,
successfully tracks a portion of the target2’s trajectory, as
indicated by the alignment of the yellow solid line with a
section of the red dashed line. Additionally, it tracks the full

0.4
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——— With target handover

RMSE [m]

0 | | | |
20 40 60 80 100

Time step

Fig. 4. Comparison of the tracking performances of the TPMBM filter with
and without the integration of the target handover method for target2 at BS1.
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Fig. 5. Tracking results from the TPMBM filter that integrates the target
handover method at BS2. Clutter is present but not shown in this visualization.
trajectory of targetl, from its origin to the end, indicated by
the alignment of the green solid line with the blue dashed
lines. Although BS2 cannot track targetl prior to time step
47, since it had not yet entered the BS2’s FoV, BS1 hands
over all trajectory information about targetl to BS2 at the
prediction step of time step 47, just as the target is about
to enter the BS2’s FoV. BS2 then continues to track targetl
based on the inherited trajectory information, resulting in an
accurate estimation of targetl’s full trajectory. Nevertheless,
BS2 cannot continue tracking target2 once it leaves its FoV
at time step 66. As target2 moved into BS1’s FoV, BS2
handed over tracking responsibility to BS1. However, once
target2 exits BS2’s FoV, the trajectory information is not
relayed back to BS2, resulting in a temporary loss of tracking.
Notably, during time steps 38 to 66, both BSs track target2
independently, as it remains within the FoVs of BSs.

VI. CONCLUSIONS

In this paper, we address the target handover problem in
DISAC systems by introducing a novel RFS-based target
handover algorithm. We provide detailed execution guidelines,
including what information to share, when, where, and how
it should be transmitted during handover. The proposed target
handover mechanism is integrated with the TPMBM filter to
address the sensing challenges at each BS. Through simula-
tions, we show that the proposed method efficiently facilitates
target handover between BSs as targets enter their FoVs,
enabling each BS to track the complete trajectories of targets



within its FoV from initial detection until exit. The results also
demonstrate that the target handover improves the TPMBM
filter’s sensing performance, particularly for targets that have
recently entered a BS’s FoV.
APPENDIX
Basics oF TPMBM DENSITY

The structure of the TPMBM REFES resembles that of the
Poisson multi-Bernoulli mixture (PMBM) target RFS. In this
framework, X is viewed as the union of two disjoint trajectory
sets Xy and Ap. Here, Ay is the set of undetected trajectories
that are hypothesized to exist but never have been detected,
i.e., no measurement has been associated with these trajecto-
ries. Conversely, Ap denotes the set of detected trajectories
that exist and have been detected at least once, i.e, associated
with at least one measurement before [13], [26]. We model
Xy as a trajectory PPP, with the density described by

fP(XU) _ e—f AMX)dx’ H /\(X),
XeXy
where A(-) represents the trajectory PPP intensity function,
defined across the entire trajectory state space. This means
that the realizations of the PPP are trajectories with a birth
time, a time of the most recent state, and a sequence of states.
We model Ap as a trajectory multi-Bernoulli mixture (MBM),
with the density described by
| XD

fupm(dp) =30’ 3 [T XD, A
jel X1l Xn=Xp i=1

where I denotes the index set of all global hypotheses, and
w’ > 0 represents the weight associated with the J-th global
hypothesis, satisfying 3" ;;w’ = 1 [27]. The term f3"(-) refers
to the trajectory Bernoulli density of the i-th trajectory under
the j-th global hypothesis. Similar to the target Bernoulli, each
trajectory Bernoulli follows

(10)

1— i Xi=@
B =Xy at={X) (1)
0 otherwise

where 77" € [0,1] denotes the existence probability, and
f7(-) represents the trajectory density. For more information
on the trajectory PPP and MBM densities, please refer to
[13], [26]. The density of X can then be calculated using
the convolution formula [28, eq. (4.17)] as

FX) = % fe(Xo)fuem(Xp),  (13)
Xu W Xp=X
which can also be parameterized by A(X) and

{w?, {r¥%, f3(X)}jeps }jer, with I/ representing the index
set of trajectories (i.e., the Bernoulli components) under the
j-th global hypothesis.
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