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Abstract—Distributed integrated sensing and communication
(DISAC) systems are key enablers for 6G networks, offering
the capability to jointly track multiple targets using spatially
distributed base stations (BSs). A fundamental challenge in
DISAC is the seamless and efficient handover of target tracks
between BSs with partially overlapping fields of view, especially
in dense and dynamic environments. In this paper, we propose
a novel target handover framework based on belief propagation
(BP) for multi-target tracking in DISAC systems. By representing
the probabilistic data association and tracking problem through
a factor graph, the proposed method enables efficient marginal
inference with reduced computational complexity. Our frame-
work introduces a principled handover criterion and message-
passing strategy that minimizes inter-BS communication while
maintaining tracking continuity and accuracy. We demonstrate
that the proposed handover procedure achieves performance
comparable to centralized processing, yet significantly reduces
data exchange and processing overhead. Extensive simulations
validate the robustness of the approach in urban tracking
scenarios with closely spaced targets.

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

I. INTRODUCTION

The integrated sensing and communications (ISAC)
paradigm leverages existing communication infrastructure for
sensing and localization, either as a standalone service or
as an auxiliary function to support communication [1]. In
urban environments, scalability challenges in communication
systems emerge from the high density of users. A common
remedy is to partition the service area into cells [2], each
managed by a single base station (BS), with users handed
over from one cell to another [3]. Extending this divide-and-
conquer strategy to ISAC results in the concept of distributed
integrated sensing and communications (DISAC) [4], [5].

The DISAC setup leads naturally to the multi-sensor multi-
target tracking (MTT) problem, which involves tracking mul-
tiple targets using multiple homogeneous sensors (BSs, in the
context of DISAC), each with limited field of view (FoV) [6].
MTT jointly estimates the number and states of a time-
varying set of targets from noisy measurements, while address-
ing measurement origin uncertainty, missed detections, false
alarms, and an unknown target count. Centralized processing
of multi-sensor MTT can significantly outperform single-
sensor approaches [7]-[10], but distributed multi-sensor MTT
without a fusion center introduces further challenges [11].
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Horizon Europe research and innovation Program under Grant Agreement
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Fig. 1: Example of a DISAC scenario with a central unit. Four BSs are shown,
with finite and overlapping FoVs. Target handover enables efficient tracking
without needing to share raw data with the central unit.

Target handover, where tracking responsibility shifts from one
sensor to another as targets move across FoVs, is an effective
strategy to address these challenges [12].

Recent DISAC research has produced various target han-
dover methods. A generalized framework for target mobility
management, including dynamic sensing configuration han-
dover, was presented in [13]. A primary BS handover within
a virtual sensing cell (VSC)—defined as three neighbouring
cells—as well as a handover mechanism between VSCs was
proposed in [14]. In [15], a random finite set (RFS)-based
handover method has been developed. It achieves excellent
performance but has poor scalability due to the need to
maintain numerous global association hypotheses. In the MTT
context, RFS-based methods [16] are often contrasted with
low-complexity belief propagation (BP)-based approaches,
which scale linearly with the number of targets and measure-
ments [17]. This motivates combining BP with target handover.

In this paper, we propose a novel BP-based handover mech-
anism for MTT in DISAC systems. Our specific contributions
are as follows: (i) we introduce a new handover algorithm for
BP-based multi-cell MTT, incorporating a principled message-
passing criterion based on target belief states; (ii) we formulate
the handover process using factor graphs, enabling compatibil-
ity with existing BP-MTT approaches while minimizing inter-
BS communication; (iii) we systematically compare central-
ized, distributed, and handover tracking architectures, demon-
strating that our approach matches the accuracy of centralized
tracking at a fraction of the communication cost; and (iv)
we release an open-source simulation framework to facilitate
reproducibility and further exploration in the community. It is
located at https://github.com/BaiLiping/BPTargetHandover.


https://arxiv.org/abs/2506.23118v1

II. SYSTEM MODEL

In this section, we describe the kinematic state of the targets
and the measurement model.

Target State Model: At discrete time k, each target ¢ is
represented by a kinematic state vector x; that comprises its
position and velocity. The state transition density is given by
f(xi|xi ;). In this paper, we assume the constant veloc-
ity and stochastic acceleration kinematic model [18], x} =
Fx};_l + V;;_l, where F is the state transition matrix and V;C
the additive zero-mean Gaussian process noise with covariance
matrix Q.

Measurement Model: In the DISAC system, there are
ns > 1 BSs with known positions and partially overlapping
FoVs. At time k, a set with n,, measurements Z;, =
(24 gr- - ,Z"% ], is obtained by the BS s. Each element in
the set can originate from a target or clutter, where clutter is
modeled by Poisson point process (PPP) with intensity ¢(z).
We introduce a detection probability function on the kinematic
state pS(x%) € [0,1]. To model the FoV of BS s, we specify
the following: if x}, € FoV, then p(x%) > 0, and p(x%) =0
otherwise. When a measurement z;"; originates from target i,
the measurement z;", is modeled as z}", = h, (x},) + wj, _,
where h,(-) is a nonlinear measurement functlon for BS s, and
W};’S is the additive zero mean Gaussian measurement noise
with covariance matrix R. Measurement includes tuples com-
prising the time of arrival (ToA) and angle of arrival (AoA)
of channel paths [19], obtained through standard channel
parameter estimation methods [20]. The equivalent likelihood
function for measurement originating from a known target is:

f(21x,) = N (27 hs(x},), R).
III. BP-BASED MULTI-SENSOR MULTI-TARGET
TRACKING

To introduce BP-based MTT in a DISAC setup, we first
briefly introduce factor graphs and the sum-of-product algo-
rithm. Then, we discuss the case of a single-base-station BP-
MTT. Finally, we explain centralized and distributed process-
ing in the context of multiple-base-station BP-MTT.

A. Factor Graph and BP Basics

Factor graphs convey the computational structure of a
joint probability density function (pdf) f(z1,...,zy) and are
widely used for marginal posterior computations in robotics,
communication, sensing, and machine learning [21]. In a factor
graph, factors (usually depicted as squares) and variables
(traditionally shown as circles) are connected when a function
takes that variable as input. BP is a message passing method
on a factor graph, whereby messages (functions) are computed
and passed between factors and variables, which provides
an efficient way to determine the marginals (also called the
beliefs) f(z;), i€ {1,...,N}.

B. Single BS MTT

We first consider the case of a single BS. We will introduce
an augmented state to capture the unknown number of targets.
Then we detail the prior, the likelihood, the factorization of the

joint density, and the beliefs, largely based on [17, Sections IV
and VIII]. Our focus will be on one time step (from k& — 1 to
k), to simplify the notation, at the cost of some mathematical
rigour.

1) Augmented States: To model the unknown and time-
varying number of targets, we augmcnt the kjn¢matic state xj,
with an auxiliary binary variable 77, where rk = 1 indicates
the existence of the potential target (PT) and rk = 0 otherwise.
The augmented state of a PT is denoted by y;, = [x,€7 rk] We
distinguish between new PTs and legacy PTs, where every
measurement is treated as an initial detection of a new PT,
and these new PTs become legacy PTs in subsequent time
steps. We denote the augmented state for new PT by y,, and
the augmented state for legacy PT by y I’ We denote the vector
for all PTs by Y}, with Y, = [Y,, Y]

2) Prediction and Prior: We denote the posterior (or the
belief) of the jth PT at time k — 1 by f(y] ). Each of the
PTs at time k& — 1 corresponds to a legacy PT at time k. The
state transition density for the jth legacy PT is

fi = Oafi_1 =0,
0 ) ) E‘]]f = ]-7fi_1 = 07
(1 = ps(xt_1)) fa(xz)

ps(x)_y) F(xhIx)_,)

J |y = ¢ :
Iyilyi) rh =0, =1,
=Ll =1

)

where p; (3{3—1) is the survival probability of the PT and
fd(gi) is a dummy distribution (in the sense of being an
arbitrary placeholder, that will be marginalized out when
computing the beliefs). From the posterior of previous step
f(y]_,) and the transition density f(y/|y7 ), we can derive
the prior pdf for the jth legacy PT at time k as f (yj) =
Jrylyl ) f (g Ddyg -

The prior for the mth new PT is set to be f,(X'),
which in this paper is heuristically determined from the mth
measurement z;".

3) Likelihood: To account for the unknown association
between measurements and targets, we introduce two sets
of discrete association variables: track-oriented association
variables a; and measurement-oriented association variables
by,. Specifically, @], = m indicates that the jth PT is associated
with measurement m (while ai = 0 indicates that the jth
PT is not detected), and b;* = j indicates that measurement
m is associated with jth PT (while 0;' = 0 indicates that
measurement m is associated with the new PT). To ensure
that a; and by are mutually consistent, there is a constraint
U(ag,by) € {0,1}. The binary compatibility function ¥(-)
can be factorized [17, Eq. (21)], which makes it computa-
tionally efficient in the factor graph representation and the
associated BP.

We now introduce two so-called pseudo-likelihood functions
for each legacy PT (denoted by ¢(-) for the jth legacy PT) and
for each new PT (denoted by v(-) for the mth new PT).



These are defined as

pdsf,f))f( m|xk) a,=m#0,r =1,
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where ., > 0 is the mean number of newborn targets, which
is Poisson distributed. The clutter intensity ¢(z) is the expected
number of clutter in an infinitesimal region around z, and
c(z) = pe f.(z), where f.(z) is the clutter pdf.

4) Factorization: With the pseudo-likelihoods defined, we
can factorize the joint pdf at time step k£ based on conditional
indepence as

f(Yk7ak7bkaZk) €]
MNm
\I}almbk Hf yk ykaak7zk Hvyk7 k;Z;cn)7
j=1 m=1

The corresponding factorization is presented by the factor
graph in Fig. 2. The Bayesian estimation process is expressed
in the messages passed in the factor graph from Fig. 2. All the
messages passed from the factor node to the variable node y;,
will be a weighted combination of all the cases (associations).
We refer the readers to [17] for the equations for each message.

5) Posterior and Beliefs: At time step k, the inputs to the
factor graph are the beliefs from time £ — 1, as shown in
Fig. 2. For the jth legacy PT, propagating its input beliefs
through the loopy factor graph results in an approximated
posterior density f(zi\z % )- From this approximated posterior,
two updated beliefs at time k can be obtained: one over the
target’s kinematic state p(x;) =3 . f yj |Z},) and one over
= [fy] \Zk)dx,C Analogous beliefs are
computed for each new PT. The existence belief p(r] = 1),
also known as the posterior existence probability, is used to
manage the PTs: we declare the jth PT to exist if p(r), = 1) >
Py, and we prune that PT if p(r], = 1) < Pprune, Where Py
and Pj,une are predetermined thresholds for declaring a target
exists and pruning, respectively.

C. Multi-BS MTT

Now, we extend our discussion from the single BS to MTT
with ng > 1 BPs. This is formally known as a multi-sensor
MTT problem. Each BS s obtain a set with n,,,, measurements
Zj..s. There are now two extreme strategies:

its existence p(r7)

o Distributed Processing: Each BS operates independently
and executes the BP-MTT process outlined in Section
III-B. This means that when PTs leave the FoV of a

BS, they are lost to that BS in the sense that no more
measurements will be associated with it. In addition, if
that target enters the FoV of another BS, its track must
be initialized from scratch.

o Centralized Processing: In this case, there is a central unit
(See Fig. 1) to which all BSs send their measurements.
There are several ways to proceed [8]-[10], but we
present a simple sequential approach. In this sequen-
tial approach, the BSs are ordered and the central unit
processes the measurements from each BSs sequentially,
thereby generating new PTs, to which the measurements
from the subsequent BSs can be associated. Effectively,
sequentially updating the state beliefs in a sequence of n
BSs in one time is the equivalent of updating the state
beliefs in ng time in a distributed setup.

Example 1 (Fusion between two BSs). To illustrate the
sequential processing approach in the context of BP-MTT,
we discuss the procedure for one new target located within
the overlapping FoV between BSI and BS2. There are two
measurements, zy 1 at BS1 and zy > at BS2, originating from
the target: zj 1 is first used to initiate the new PT with
posterior f(Yi|zx.1). Then zy o is used to update the posterior

f(FHzra) 10 f(yLlze1,252).
IV. BP-BASED TARGET HANDOVER

In this section, we introduce the proposed target handover
mechanisms. By target handover, we mean sharing the target
information from one BS to one or more BSs, without deleting
any information at transmission. The handover should not
interfere with the BP-MTT process and avoid double-counting
of measurements. We will present two target handover ap-
proaches: (i) with measurements exchange that exploits the
overlapping FoV of BSs to improve target state estimation
while minimizing the information exchanged between BSs
(illustrated in Fig. 2); (ii) without measurements exchange in
order to highlight the benefits of sharing measurements in the
numerical experiments.

We focus on a single pair of BSs for notational clarity,
though the methods extend to any configuration. We denote
the BS initiating the handover as BS-Tx (index s;) and the
BS receiving the information as BS-Rx (index s,.). We assume
parallel processing between the two BSs. That is, the handover
priors are received by the BS-Rx before prediction steps at
time k, and the handover measurements are received by the
BS-Tx before the updating steps at time k.

A. Operation at the Transmitting BS (BS-Tx)

From BS-Tx, the handover process requires keeping track
of several additional variables, as described below:

1) BS-Tx runs BP as described in Section III-B. Hence,
the target handover algorithm does not interrupt the BP-
MTT process at BS-Tx. As a side-effect of running
BP, we obtain the marginal association probabilities
f©*)(al|Zy). We can then obtain the index of the most

likely associated measurement for the jth PT, denoted
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Fig. 2: Factor graph representation of f(Yk,ax, by, Zy). The prediction step can also be expressed as part of the factor graph, but is not shown for simplicity

of the exposition. Handover of priors and measurements is shown in red.

mi = argmax,, f)(a, = m|Zy). If m/ = 0, the PT
is most likely to be miss-detected and no measurement
is handed over. The notation f(**) indicates that this
density is computed at BS s;.

2) For each PT j, we check if the target handover criterion
hi € {0,1} is met:

W =T{fC)(r] =1) > Pu} (5)
8 /pif”(z?;) e x])dx] > T,

where f (Sf)(gi) is the marginal of the prior f (St)(yi)
over the kinematic state and f(**) (z{c) is the marginal of
the prior over existence; I{P} is an indicator function
valued 1 if P is true and 0 otherwise; p((f")(gi) is the
BS-Rx detection probability; I' a predefined handover
threshold.

3) PTs for which hJ = 1 and m? > 0 are potential
candidates for handover. To avoid repeated handovers
of the same PT, each PT j is assigned a unique local
label, say L;St) € N, at BS-Tx. Once a target has been
handed over for the first time, its label is appended to
a local list 7(*=r) where the subscript (s; — s,)
indicates it is a list for handover labels from BS-Tx to
BS-Rx.

4) The actual handover now proceeds. If A2 = 1 and
L;St) ¢ T(se=sr)  this is the first time we hand over
this target from BS-Tx to BS-Rx. We hand over the prior
f(st)(yi) and append L§-St) to Te=sr) If md # 0, we
also hand over z;nj from BS-Tx to BS-Rx. On the other
hand, if h{ =1 and L;st) € T(st=sr)  then this target
was handed over before and we should not hand over
the prior, to avoid double counting of information. Only
the measurement ZZ” is handed over, provided m? # 0.

5) When a PT is pruned or leaves the FoV of BS-Tx, its
label is removed from 7 (s¢—sr)

The target handover variant without measurements follows

the same steps, but never hands over the measurements.

B. Operation at the Receiving BS (BS-Rx)

Now we describe the target handover algorithm for BS-Rx.
At time k, BS-Rx receives from BS-Tx a number of priors of

PTs and a number of measurements. BS-Rx now incorporates
this information as follows:

1) The received priors are appended to the local priors,
effectively increasing the number of legacy PTs in the
factor graph. This leads to an increased complexity due
to the larger number of legacy PTs, but allows BS-Rx to
quickly detect new PTs entering its FoV. Each received
PTs is associated with a unique local label L) which
is added to the local list R(*~<5) to prevent duplicate
handovers.

2) BS-Rx runs BP sequentially (as detailed in Section
II-C), first its local measurements and then using the
handed over received measurements from other BSs.

3) When a PT is pruned or leaves the FoV of BS-Rx, its
label is removed from R(s7<5¢),

The target handover without measurements for BS-Rx fol-

lows the same steps, omitting only the measurement-related
sequential processing.

Remark 1. All BSs are acting as BS-Tx and BS-Rx at each
time step and maintain transmission and reception lists with
respect to all neighboring BSs and also share the information
related to the FoV, in the form of the spatial detection proba-
bility. It is also important to highlight that priors are handed
over before BP update at time step k, while measurements are
handed over after BP update at time step k.

V. NUMERICAL RESULTS

We evaluate the proposed BP-based handover approach in
a simulated DISAC scenario and compare to distributed and
centralized baselines.

A. Scenario

Two BSs, denoted BS1 and BS2, are located at [Om, Om]
and [150m, Om], respectively. Each BS has a circular FoV
with radius 120 m centered at its position. Two moving targets
traverse the combined surveillance region; their start and end
positions, as well as their trajectories, are shown in Fig. 3.
Simulations considered a sampling interval of 1s over 100
time steps. From about 35 s to 70 s, there are on average two
targets. The target handover is initiated around 25 s to 35 s.
Between time steps 47 and 52, the two targets pass close to
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Fig. 3: Simulation scenario with 2 BSs and two targets. Axes are in meters.

one another, as illustrated in Fig. 3. For data generation, we
use the following settings for both BSs: py(x) = 1 when
x € FoV and ps(x) = 0 otherwise; a constant survival
probability ps(x) = 0.99; to set Q, we use the model [138,
eq. 6.3.2-4] with process noise standard deviation o, = 0.05 m
on both x and y coordinates; measurement noise covariance
R = diag(02,02) where 0,, = 1 m and 0y = 1° for ToA
(converted to distance) and AoA, respectively. The value of
Itc 18 set to be 5 and the clutter is distributed uniformly over
the respective FoV.

B. BP-MTT Implementation

We implemented the BP-MTT methods in both particle filter
and extended Kalman filter (EKF), and they can be found in
the provided open source code. We will discuss the particle
filter and display its results. All the parameters are set to be
the same for both BSs. For the particle filter implementation,
the number of particles is 10, 000. The threshold for pruning is
Porune = 1075, and the detection threshold is set to Py, = 0.5.
The handover criterion I' is 0.5. The p,, is set to be 0.01, and
the new target is uniformly distributed in the FoV. Different
from the generative model, we set pg(x) = 0.9 when x is
within the FoVs and p4(x) = 0 otherwise. In addition, ps(x),
oy, 0r, Or, W are all set to be identical to that of the data
generation process.

We implemented four algorithms for comparison: dis-
tributed processing (from Section III-B), centralized process-
ing (from Section III-C), and the proposed target handover
with and without measurements (from Section I'V). For each of
the four algorithms, we ran 100 Monte Carlo (MC) trials and
evaluated performance via the generalized optimal subpattern
assignment (GOSPA) [22] metric.'

C. Results and Discussion

The scores for both BS1 and BS2 are evaluated with
estimates and true tracks within their respective FoV. We

The overall GOSPA score consists of three components: missed-detection
score (no detection can be associated with the true track), false alarm score
(detection when there is no track), and the localization score (Euclidean
distance between the true track and the closest assigned estimation). The
lower the overall GOSPA score, the better the performance of the proposed
methods. The detailed GOSPA implementation and parameters are provided
in the simulation code.
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present only the results for BS1 (results for BS2 are available
in the code).

The overall GOSPA score for BS1 is shown in Fig. 4.
The proposed target handover with measurements algorithm
achieves an overall GOSPA score comparable to that of the
centralized approach, thanks largely to its reduction in missed-
detection error. Since the missed-detection error dominates the
GOSPA decomposition, the overall GOSPA curve closely mir-
rors the missed-detection curve. In the following paragraphs,
we will analyse each of the three contributors to the GOSPA
score—localization error, missed-detection error, and false-
alarm error—in detail.

The localization error component in the GOSPA for BSI,
shown in Fig. 5, demonstrates that within the overlapping
FoV, the centralized algorithm achieves the lowest error,
followed by the target handover with measurements algorithm.
The handover without measurements approach yields only a
slight error reduction at the start of the handover before its
performance converges to that of the fully distributed method.
This underscores the benefit of exchanging measurements
during handover. All algorithms exhibit increased localization
errors in the overlap region, where the reduced separation
between targets makes data association more challenging.

The missed-detection error component for BS1 is shown
in Fig. 6. All algorithms exhibit elevated missed-detection
errors in the initial frames, since it takes several steps for
the posterior existence probability to exceed the detection
threshold Pyy,. In the fully distributed case, a pronounced spike
in missed detections occurs when the target first moves into
the FoV of BS1, because a new track must be initiated lo-
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cally. Both the target handover without measurements and the
target handover with measurements schemes achieve missed-
detection performance comparable to that of the centralized
algorithm.

The false alarm error component for BS1 is presented in
Fig. 7. We observe elevated false alarm rates at the boundary
of the overlapping FoV for both the target handover with
measurements and the target handover without measurements
schemes. The timing of the target handover is determined by
the handover threshold I'. Increasing I would likely decrease
false alarm errors at the cost of higher missed-detection errors.
Within the overlapping FoV, the target handover with measure-
ments approach achieves significantly fewer false alarms than
the target handover without measurements case.

VI. CONCLUSIONS

We have proposed a novel belief-propagation-based target
handover procedure for MTT in DISAC systems. Our approach
addresses the need for scalable, decentralized tracking in
scenarios where targets move across overlapping fields of view
covered by spatially distributed base stations. By leveraging
factor graph representations and message-passing principles,
the proposed method enables efficient target handover with
limited communication overhead. Through detailed simula-
tions, we have shown that the proposed handover mechanism
achieves tracking performance comparable to centralized pro-
cessing, while avoiding its high bandwidth and computational
requirements. The algorithm maintains track continuity across
base stations and is well-suited for dense urban environments
where scalability and low latency are critical. Future work will

focus on extending the handover procedure to support more
complex and dynamic sensing configurations and real-time op-
eration over heterogeneous networks. In addition, integrating
this method into standardized communication frameworks for
ISAC will be an important step toward practical deployment
in 6G systems.
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