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Multistatic Sensing for Target Localization
in ISAC Systems With Dynamic and

Unknown-Location Transmitters
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Abstract—Current research on integrated sensing and commu-
nication (ISAC) primarily examines the use of communication
waveforms to derive radar parameters, but there is a significant gap
in methods for accurately locating targets using these parameters.
Therefore, this paper explores target localization solutions within
an ISAC system under two scenarios. First, we investigate tracking
a moving target using multistatic sensing with dynamic transmit-
ters (TXs). Unlike existing two-step weighted least square (2SWLS)
methods, which rely on the bistatic range (BR) and bistatic range
rate (BRR) measurements, our method incorporates an additional
direction of arrival (DOA) measurement. This innovation reduces
the minimum number of required transmitter-receiver (TX-RX)
pairs, needing only one TX-RX pair for position estimation and
two TX-RX pairs for velocity estimation, thereby improving system
efficiency and accuracy. In the second scenario, we address the
challenge of unknown-location TXs. We pioneer a novel method
that simultaneously tracks the moving target and determines the
locations of these unknown-location TXs. This approach operates
effectively with only three TX-RX pairs, overcoming the significant
obstacle of operating without prior knowledge of TX positions.
Simulations validate the effectiveness of our proposed methods. For
the first scenario, our method demonstrates superior performance
compared to existing 2SWLS methods. For the second scenario, our
method successfully navigates the complexity of unknown-location
TXs, achieving reliable target tracking and TX localization. As a
result, this paper fills the gap in current ISAC studies by provid-
ing detailed methods for accurately locating a target using radar
parameters obtained from an ISAC receiver Author: Please check
and confirm whether the membership detail of author Yugang Ma
is correct as set.

Index Terms—Integrated sensing and communication (ISAC),
localization, multistatic sensing, range rate estimation.
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I. INTRODUCTION

INTEGRATED sensing and communication (ISAC) is is
emerging as a crucial enabling technology for future wire-

less communication networks, including beyond 5G (B5G) and
6G [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11], [12].
Various terminologies like dual functional of radar and com-
munication (DFRC), joint radar and communication (JRC),
and joint communication and sensing (JCAS) are sometimes
used interchangeably with ISAC. The defining feature of ISAC
lies in its ability to employ a single ISAC waveform for both
communicating with user equipment (UE) and simultaneously
sensing the target [5].

Traditionally, conventional communication signals were in-
adequate for radar applications due to their limited signal
bandwidth and data carrier waveform [5], [6]. However, recent
advancements in communication and sensing technologies [6],
[7], [8], [9], [10], particularly in 5G and ISAC [13], [14], [15],
have ushered in the use of broader signal bandwidths, massive
multiple-input and multiple-output (mMIMO), and reconfig-
urable intelligent surfaces (RIS) techniques, enabling range
resolution of less than 1 m, velocity resolution of 0.1 m/s, and
angular resolution of 1◦ [6], [7], [8]. These accurate estimations
of range, speed, and angle have achieved comparable perfor-
mances to dedicated radar [7], [8], [9], [10]. Thus, using the
same communication waveform for achieving both communi-
cation and sensing functions is viable [8], [12], [13], [14]. To
address the objective of achieving high location accuracy within
the ISAC framework, this paper delves into the challenge of
target localization in an ISAC system under multistatic sensing
conditions.

A. Multistatic ISAC

Performing sensing in an ISAC system using a traditional
monostatic radar approach presents a significant drawback [16].
In monostatic ISAC systems, where transmission and receiving
antennas are co-located, strong self-interference from the trans-
mitter (TX) to the radar receiver (RX) is inevitable [8], [17], [18].
This interference can substantially degrade radar sensing per-
formance, resulting in reduced accuracy. Bistatic sensing offers
a more advantageous alternative within the ISAC framework.
In bistatic ISAC systems, sensing signals are transmitted and
received by antennas located at different positions [19], [20],
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[21], [22], [23], effectively minimizing mutual interference and
enhancing the accuracy of parameter estimation. Moreover, by
employing multiple distributed TXs and RXs, a bistatic ISAC
system can evolve into a multistatic ISAC system [21], [22], [23].

B. Overview of Related Works

Multistatic sensing offers several advantages beyond elimi-
nating self-interference, including reduced probability of being
detected, cost-effectiveness, and access to diverse transmitters
TXs [22], [23], [24], making it a highly researched area. Over
recent decades, numerous localization algorithms based on mul-
tistatic sensing scenarios have been proposed [20], [24], [25],
[26], [27], [28], [29], [30], [31], [32], [33], [34], [35], [36], [37],
[38], [39]. Common target localization methods in multistatic
sensing take two steps. First, the system extracts intermediate
measurements, including received signal strength (RSS) [31],
[33], time of arrival (TOA) [33], [35], time difference of arrival
(TDOA) [27], [29], [30], [34], frequency difference of arrival
(FDOA) [31], and direction of arrival (DOA) [27], [31], from
received signals. Then, the localization problem is transformed
into solving a nonlinear and nonconvex optimization problem
related to these intermediate measurements [25].

Many existing methods are inspired by the well-known two-
step weighted least square method (2SWLS) in [34] and use
bistatic range (BR) and bistatic range rate (BRR) measure-
ments, which are derived from TDOA and FDOA measurements.
Reference [25] proposed a 2SWLS-based closed-form solution
that achieves the Cramér-Rao lower bound (CRLB) accuracy
in locating the target position with BR measurements. Refer-
ence [35] introduced a 2SWLS method in which an auxiliary
variable is introduced to retain numerical stability regarding
the relative geometry of the TXs, RXs, and targets. In [24], an
improved 2SWLS closed-from method is proposed that outper-
forms methods in [25], [35]. References [36] and [38] extend the
research method in [24] by investigating a moving target in the
presence of position uncertainties in TXs. The study in [38]
is further extended in [39] to equip the localization method
with a new ability to estimate the acceleration of a uniformly
accelerated moving object by using an additional bistatic ac-
celeration (BA) measurement. However, all those methods have
some limitations. First, 2SWLS methods require a minimum of
three transmitter-receiver (TX-RX) pairs for operation which
may affect their practicality when available pairs are limited
in practice. Second, most methods consider multiple RXs to
enhance estimation accuracy without considering the draw-
backs of distributed RXs such as communication among RXs,
computational capability of RXs, clock synchronization [37],
etc. Third, most existing methods assume that the status of
TXs, such as location and velocity, are perfectly known in the
receiver, which limits their practical applicability. While [36]
and [38] consider the position uncertainties in TXs, they still
utilize the inaccurate TX positions for initial estimation, rather
than treating the transmitter positions as unknown information.
Additionally, there is a lack of clarity regarding the meth-
ods used to obtain these inaccurate TX positions. Finally, in
consideration of the evolution of communication technologies,

the ISAC receiver may be capable of detecting a greater number
of radar parameters simultaneously, including not only BR and
BRR but also additional parameters. Reference [39] introduces
the BA to enhance the functionality of the RX, yet there is no dis-
cernible improvement in localization performance when com-
pared to methods that solely utilize BR and BRR measurements.
It is possible that the localization performance could be enhanced
by employing a greater number of parameters for estimation,
rather than solely relying on BR and BRR measurements.

C. Our Contributions

Motivated by the aforementioned limitations and gaps, we
aim to propose a novel target localization solution in an ISAC
system through multistatic sensing with advanced performance
and functionality. As previously outlined in [20], our earlier
research introduced a multistatic ISAC system built upon the
standardized 5G new radio (NR) waveform. The transmitted
signal contains modulated data, which allows the communi-
cation RX to receive useful communication data while per-
forming the sensing function simultaneously. In this proposed
decision feedback bistatic architecture, the RX first estimates
the channel based on pilots/preambles, then demodulates and
decodes the signal for communication purposes, and finally uses
the recovered signal samples for radar sensing. The range and
speed parameters are estimated based on the range-Doppler map
(RDM) constructed by the decision feedback. Furthermore, a
novel DOA estimation algorithm is proposed, based on the RDM
and fast Fourier transform (FFT). Consequently, the system
proposed in [40], [41] is capable of simultaneously detecting the
BR, BRR, and DOA of the target, thereby functioning as a radar
while performing the communication function. Nevertheless,
our previous work in [20] solely addressed the estimation of
radar parameters (range, speed, and angle), with the localization
algorithm remaining unaddressed. Consequently, our previous
work in [40] proposed the multistatic sensing algorithm for the
purpose of locating a moving target within the ISAC system, uti-
lizing the aforementioned radar parameters obtained from [20].
In [40], we propose a novel representation of the geometric
relationships among TXs, the target, and the RX and a new
multistatic sensing algorithm that requires only one TX-RX
pair to estimate the target position and only two TX-RX pairs
to estimate the target velocity. Although our proposed method
in [40] overcomes some limitations in existing 2SWLS methods,
such as the minimum number of required TX-RX pairs and the
consideration of multiple RXs, it still relies on some constrained
assumptions. In [40], the ISAC system assumes that the TXs are
static, and the positions of the TXs are perfectly known to the
RX. However, in practice, the TXs can also be mobile, and the
RX may not know the exact positions of the TXs.

To address above issues, this paper focuses on target localiza-
tion in a multistatic ISAC system with dynamic and unknown-
location TXs, where the dynamic TX is defined as a TX whose
location is time varying. This work focuses on the geometric
estimation stage, which operates after the BR, BRR, and DOA
measurements have been obtained at the RX side. The objective
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is to analyze how these measurements—regardless of the spe-
cific sensing front-end, waveform, or DOA estimation method
used to generate them—can be jointly exploited to recover
the desired target states under representative multistatic ISAC
scenarios. Accordingly, this paper does not propose new signal-
processing or DOA estimation techniques, nor does it model the
sensing hardware; instead, it concentrates on the downstream
geometric inference problem built upon these measurements.
The major contributions of this paper are outlined below:
� A novel multistatic sensing algorithm for an ISAC system

with dynamic TXs. This algorithm requires only one TX-
RX pair to estimate the target position and three TX-RX
pairs to estimate the target velocity. In contrast, the existing
2SWLS methods must use at least three TX-RX pairs to
locate a target.

� To the best of our knowledge, the proposed method is
the first multistatic sensing algorithm for an ISAC system
with unknown-location TXs. This algorithm overcomes the
limitation of the required position information for TXs.
By using a minimum of four TX-RX pairs, the proposed
algorithm can estimate the target position, target velocity,
and TX positions at the same time.

Compared with the existing localization method in [24] un-
der the same number of TX-RX pairs, our proposed method
for an ISAC system with dynamic TXs can achieve lower
root-mean-square error (RMSE) in both position and velocity
estimation at a moderate estimation error of DOA.

The remainder of this paper is organized as follows. In
Section II, we formulate the multistatic sensing problem of a
moving target in ISAC systems with consideration of dynamic
TXs and unknown-location TXs separately. The proposed al-
gorithms are presented in Section III. Section IV gives the
simulation results and discussions. Finally, some conclusions
are drawn in Section V.

II. SYSTEM MODEL

This section introduces the three-dimensional (3D) measure-
ment model for the ISAC system illustrated in Fig. 1. In this
setup, the communication TXs emit 5G NR–compliant modu-
lated signals, which propagate simultaneously toward the ISAC
RX via the direct path and toward the unknown moving targets,
where they are reflected back to the RX. To avoid complications
related to inter-receiver communication, time synchronization,
and distributed calibration, we consider a single ISAC RX in this
system. Moreover, our approach does not require strict synchro-
nization among the transmitters; it only assumes that the target
location remains approximately unchanged during the reception
of signals from different TXs. The RX, equipped with an antenna
array, receives both the direct and reflected paths, enabling it to
function as a radar sensor capable of extracting BR, BRR, and
DOA associated with the targets [20]. In addition, no specific
target type is assumed, as the sensing front-end and target
scattering mechanisms are not modeled; instead, the formulation
focuses solely on the geometric relationships among the TXs,
the RX, and the targets. As an additional DOA measurement is
incorporated, the model is formulated in spherical coordinates.

Fig. 1. The illustration of an ISAC system with M moving targets and N
transmitters.

Based on the geometric relationships among the TXs, RX, and
targets, expressions for both the range and range rate are derived.
For clarity and consistency in vector operations—such as dot
products and projections—certain intermediate steps convert
spherical coordinates to Cartesian coordinates. These conver-
sions are solely for computational convenience, and all final
expressions are presented in spherical form.

Two different multistatic sensing scenarios are considered
under the unified system. Section II-A discusses the case where
the TXs are dynamic, i.e., moving with certain velocities, while
Section II-B addresses the case where the TXs are static, but
their positions are unknown to the RX. Measurement noise is
incorporated into the model in Section II-C. Lastly, Section II-D
explains how the multi-target localization problem can be de-
composed into a set of independent per-target subproblems to
facilitate algorithm design and analysis.

A. Model With Dynamic TXs

We first consider the multistatic sensing problem aimed at
tracking multiple moving targets in an ISAC system with dy-
namic TXs. As illustrated in Fig. 1, the system consists of N
distributed dynamic TXs, a single RX, and M moving targets.
In this case, the positions and velocities of all TXs are assumed
to be known, and the RX is fixed at the origin. In contrast,
both the positions and velocities of the moving targets are
unknown and must be estimated based on the received BR,
BRR, and DOA measurements. All positions and motions are
represented in spherical coordinates. Let N = {1, 2, . . . , N}
denote the index set of TXs. Each TX, denoted as the TXn

for all n ∈ N, is positioned at (rTX
n , θTX

n , φTX
n ), and moves with

velocity (vTX
r,n, v

TX
θ,n, v

TX
φ,n). The collections of all TX positions

and velocities are represented as:

TXsph = [TX1,TX2, . . . ,TXN ], (1)
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˙TX
sph

= [ ˙TX1, ˙TX2, . . . , ṪXN ], (2)

where

TXn =
[
rTX
n , θTX

n , φTX
n

]T
, (3)

˙TXn =
[
vTX
r,n, v

TX
θ,n, v

TX
φ,n

]T
. (4)

Similarly, let M = {1, 2, . . . ,M} denote the index set of tar-
gets. Each target, denoted asAm for allm ∈ M, is positioned at
(rAm, θ

A
m, φ

A
m), and moves with velocity (vAr,m, v

A
θ,m, v

A
φ,m). The

collections of all target positions and velocities are represented
as:

Asph = [A1,A2, . . . ,AM ], (5)

Ȧsph = [Ȧ1, Ȧ2, . . . , ȦM ], (6)

where Am = [rAm, θ
A
m, φ

A
m]T and Ȧm = [vAr,m, v

A
θ,m, v

A
φ,m]T .

1) Range Representation: Given the positions of the dis-
tributed TXs, RX, and targets, the range of the direct path
between the TXn and the RX, the range of the reflected path
between the Am and the RX, and the range of the target path
between the TXn and the Am are expressed as follows:

dTX
n = rTX

n , (7)

dAm = rAm, (8)

dTX−A
n,m =

√
(rTX

n )2 − 2rTX
n rAm cos(αn,m) + (rAm)2, (9)

where cos(αn,m) represents the angular relationship between
the TXn and the Am, and is given by

cos(αn,m) = cos(φTX
n ) cos(φAm)

+ sin(φTX
n ) sin(φAm) cos(θTX

n − θAm). (10)

Accordingly, the BR associated with the n-th TX-RX pair and
the Am is expressed as:

Δo
n,m = dTX−A

n,m + dAm − dTX
n . (11)

2) Range Rate Representation: Analogous to the range rep-
resentation, given the velocities of the TXs and targets, the range
rate of the direct path between the TXn and the RX, and the
range rate of the reflected path between the Am and the RX can
be expressed as follows:

ḋTX
n = vTX

r,n, (12)

ḋAm = vAr,m. (13)

The range rate of the target path between the TXn and Am is
determined by the difference between their velocity projections
onto the direction of the target path. To this end, the velocities of
TXn andAm are first converted into global Cartesian coordinates
as:

˙TX
Car
n = vTX

r,nê
TX
r + rTX

n sin(φTX
n )vTX

θ,nê
TX
θ + rTX

n vTX
φ,nê

TX
φ ,

(14)

ȦCar
m = vAr,mêAr + rAm sin(φAm)vAθ,mêAθ + rAmv

A
φ,mêAφ , (15)

where the local spherical unit vectors (êr, êθ, êφ) are defined
as:

êr = [sin(φ) cos(θ), sin(φ) sin(θ), cos(φ)]T , (16)

êθ = [− sin(θ), cos(θ), 0]T , (17)

êφ = [cos(φ) cos(θ), cos(φ) sin(θ),− sin(φ)]T . (18)

The Cartesian coordinates of the TXn and the Am are given by:

TXCar
n = rTX

n

⎡
⎢⎣
sin(φTX

n ) cos(θTX
n )

sin(φTX
n ) sin(θTX

n )

cos(φTX
n )

⎤
⎥⎦ , (19)

ACar
m = rAm

⎡
⎢⎣
sin(φAm) cos(θAm)

sin(φAm) sin(θAm)

cos(φAm)

⎤
⎥⎦ . (20)

The unit direction vector from TXn to Am is computed as:

ûTXA
n,m =

TXCar
n −ACar

m∥∥TXCar
n −ACar

m

∥∥ . (21)

The projections of the velocities onto the path direction are then
computed as:

vTX−TXA
n,m = ˙TX

Car
n · ûTXA

n,m, (22)

vA−TXA
n,m = ȦCar

m · ûTXA
n,m. (23)

Therefore, the range rate of the target path between the TXn and
the Am is given by:

ḋTXA
n,m = vTX−TXA

n,m − vA−TXA
n,m . (24)

Accordingly, the BRR associated with the n-th TX-RX pair and
the Am is expressed as:

Δ̇o
n,m = ḋTXA

n,m + ḋAm − ḋTX
n . (25)

B. Model With Unknown-Location TXs

We next consider a multistatic sensing scenario for tracking
multiple moving targets in an ISAC system with unknown-
location TXs. The system configuration remains identical to
that in Section II-A, except that the TXs are now static—i.e.,
their motion components in Fig. 1 are disregarded—and their
positions are assumed to be unknown. Consequently, in addition
to estimating the positions and velocities of the moving targets,
the positions of all TXs must also be inferred from the received
BR, BRR, and DOA measurements. The coordinate system
remains consistent with that of Section II-A, but omits the TX
velocity components.

1) Range Representation: Since the same coordinate system
is adopted, the range expressions for the direct path between the
TXn and the RX, the reflected path between the Am and the
RX, and the target path between the TXn and the Am remain
unchanged. Specifically, the range quantities dTX

n , dAm, dTX−A
n,m ,

and Δo
n,m are still computed using equations (7)–(10).

2) Range Rate Representation: With static TXs, the direct
path between the TXn and the RX range rate becomes zero:

ḋTX
n = 0. (26)
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The reflected path range rate between the Am and the RX, ḋAm,
remains as defined in (13), since the targets are still moving.
Similarly, the range rate of the target path between the TXn

and target Am can be derived by projecting the target velocity
onto the target path direction. Following the same formulation
in (15)–(21) and (23), the range rate of the target path between
the TXn and the Am is given by:

ḋTXA
n,m = vA−TXA

n,m . (27)

Accordingly, the BRR associated with the n-th TX-RX pair
and the Am is updated as:

Δ̇o
n,m = ḋTXA

n,m + ḋAm. (28)

C. Measurement Model With Noise

As described earlier, three types of measurements are acquired
at the RX: BR, BRR, and DOA. In the 3D model, each DOA
measurement includes both azimuth and elevation components.
Although our focus is on the geometric estimation stage af-
ter obtaining the BR, BRR, and DOA measurements, these
measurements are not perfectly accurate in practice. They can
be affected by factors such as sidelobe interference, multipath
propagation in complex environments, hardware impairments
including phase noise and frequency instability, and array imper-
fections that limit angular resolution [42], [43], [44]. To capture
these effects in a tractable manner, we model the observations
as the sum of their true values and additive zero-mean Gaussian
noise, which provides a unified abstraction of these practical
uncertainties. For the model with dynamic TXs, the measured
BR, BRR, azimuth DOA, and elevation DOA associated with
the n-th TX-RX pair and the target Am are given by:

Δn,m = Δo
n,m + wn,m, (29)

Δ̇n,m = Δ̇o
n,m + ẇn,m, (30)

βA
n,m = θAm + wAzi

n,m, (31)

ψA
n,m = φAm + wEle

n,m, (32)

wherewn,m, ẇn,m,wAzi
n,m, andwEle

n,m are independent zero-mean
Gaussian noise terms with variances σ2

BR, σ2
BRR, σ2

1, and σ2
2,

respectively.
In the case of unknown-location TXs, the RX also measures

the azimuth and elevation DOAs of each TXn via the direct path:

βTX
n = θTX

n + w̃Azi
n , (33)

ψTX
n = φTX

n + w̃Ele
n , (34)

where w̃Azi
n and w̃Ele

n are also additive zero-mean Gaussian noises
with variances σ2

3 and σ2
4, respectively. For simplicity, all angle

measurement variances are assumed equal and denoted byσ2
DOA,

i.e., σ2
1 = σ2

2 = σ2
3 = σ2

4 = σ2
DOA.

Consequently, in a system with N TX-RX pairs and M tar-
gets, a total of NM BR, BRR, azimuth, and elevation DOA
measurements are obtained. For the case of unknown-location
TXs, N additional azimuth and elevation DOA measurements are
also collected. The first objective of this paper is to determine
the position and velocity of each target based on the noisy

measurements under the model with dynamic TXs. The second
objective is to jointly estimate the positions of the TXs, as well
as the positions and velocities of the targets, based on the noisy
measurements in the ISAC system with unknown-location TXs.

D. Per-Target Decomposition

As described in the previous subsections, the RX acquires a set
of measurements from both the direct path and the reflected path
associated with each TX-RX-Target triplet [20]. Specifically, for
each TX-RX pair and target, the RX obtains: (i) the DOAs of
the TXn, βTX

n andψTX
n , via the direct path, (ii) the BR Δn,m and

BRR Δ̇n,m, and (iii) the DOAs of the target, βA
n andψA

n , via the
reflected path. These six measurements are jointly derived from
the same pair of signal paths (direct and reflected) [20], and thus
form one coherent measurement group.

In the dynamic TX scenario, where the positions and veloci-
ties of TXs are known, the DOAsβTX

n andψTX
n become redundant

and are not required for estimation. With N TX-RX pairs and M
targets, the RX acquires NM such measurement groups—each
corresponding to one TX-RX-target configuration and consist-
ing of {Δn,m, Δ̇n,m, β

TX
n , ψTX

n , βA
n , ψ

A
n }. It is important to em-

phasize that these measurements are acquired in a structured,
group-wise fashion at the sensing front-end. There is no mixing
of signals across triplets, ensuring that each measurement group
remains independent and traceable.

To enable scalable multi-target localization, we make a key
assumption: all targets are spatially separable in the angular
domain. That is, their reflected DOAs are sufficiently distinct
such that the RX can associate each group of measurements
with the correct target, even in the presence of moderate DOA
noise. Under this assumption, the RX can partition the NM mea-
surement groups into M non-overlapping sets, each associated
with a single target and its corresponding N TX-RX pairs. This
structure allows the multi-target localization problem to be de-
composed into M independent subproblems, each solvable using
the same estimation procedure. For clarity, the remainder of this
paper focuses on the single-target case; extension to multiple
targets is via repeated application of the proposed method to
each measurement cluster.

We acknowledge that in dense environments or when tar-
gets are closely spaced in angle, the assumption of angular
separability may not hold. In such cases, reliable measure-
ment association becomes a nontrivial challenge, necessitating
additional signal processing techniques, such as joint DOA-
delay clustering, probabilistic data association, or Bayesian
inference. These directions, while beyond the scope of this
work, form an important avenue for future research aimed
at enabling robust multi-target tracking in practical ISAC
deployments.

III. LOCALIZATION ALGORITHM

In this section, two localization algorithms are developed
based on the BR, BRR, and DOA measurements introduced
in Section II. Section III-A presents an algorithm tailored for
the case with dynamic TXs, where the positions and velocities
of all TXs are known to the RX. Section III-B addresses the
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scenario where the TX positions are unknown and must be
jointly estimated along with the target states. All proposed
algorithms are formulated on a per-target basis. That is, the
estimation is performed for one target at a time using its as-
sociated measurements. As discussed in Section II-D, since the
measurements corresponding to different targets are indepen-
dent, the multi-target localization problem can be decomposed
into a set of parallel single-target estimation tasks. Therefore, the
proposed algorithms can be directly extended to the multi-target
case by applying them to each target individually.

We denote the estimated Am position and velocity in
spherical coordinates as (r̄Am, θ̄

A
m, φ̄

A
m) and (v̄Ar,m, v̄

A
θ,m, v̄

A
φ,m),

respectively.

A. Localization With Dynamic TXs

1) Position Estimation: Based on the previously defined
measurements Δn,m, βA

n,m, and ψA
n,m, we construct the follow-

ing measurement vectors:

Δm = [Δ1,m,Δ2,m, . . . ,ΔN,m]T , (35)

BA
m = [βA

1,m, β
A
2,m, . . . , β

A
N,m]T , (36)

ΨA
m = [ψA

1,m, ψ
A
2,m, . . . , ψ

A
N,m]T . (37)

The target’s azimuth and elevation angles are estimated by
minimizing the discrepancy between the observed DOA vectors
and ideal constant vectors:

θ̄Am = arg min
θ̄A
m∈[0,2π]

‖θ̄Am1N −BA
m‖, (38)

φ̄Am = arg min
φ̄A
m∈[0,π]

‖φ̄Am1N −ΨA
m‖. (39)

Next, by substituting (7)–(10) into (11), the true BR Δo
n,m

can be expressed as:

Δo
n,m =

√
(rTX

n )2 − 2rTX
n rAm cos(αn,m) + (rAm)2 + rAm − rTX

n ,

(40)
where

cos(αn,m) = sin(φTX
n ) sin(φAm) cos(θTX

n − θAm)

+ cos(φTX
n ) cos(φAm). (41)

Since the target’s position is unknown, we estimate the range
r̄Am, azimuth θ̄Am, and elevation φ̄Am by solving for their estimated
values. The estimated BR is then expressed as:

Δ̄n,m =
√

(rTX
n )2 − 2rTX

n r̄Am cos(ᾱn,m) + (r̄Am)2 + r̄Am − rTX
n ,

(42)
where

cos(ᾱn,m) = sin(φTX
n ) sin(φ̄Am) cos(θTX

n − θ̄Am)

+ cos(φTX
n ) cos(φ̄Am). (43)

By stacking the estimated BRs for all N TX–RX pairs, we
define:

Δ̄m = [Δ̄1,m, Δ̄2,m, . . . , Δ̄N,m]T . (44)

The optimal target range r̄Am is then estimated by minimizing
the mismatch between the estimated and measured BR vectors:

r̄Am = arg min
r̄Am∈[0,R]

‖Δ̄m −Δm‖, (45)

where R is the predefined maximum search range.
By solving (38), (39), and (45) based on the maximum like-

lihood principle, the 3D position of the target can be estimated.
It is worth noting that the number of optimization variables is
only one in each of those steps, which implies that the position
can be estimated with only one TX–RX pair (i.e., N = 1).

2) Velocity Estimation: Similarly, based on the previously
defined measurements Δ̇n,m, we construct the following mea-
surement vector:

Δ̇m = [Δ̇1,m, Δ̇2,m, . . . , Δ̇N,m]T . (46)

By substituting (12)–(24) into (25), the true BRR Δ̇o
n,m can be

expressed as:

Δ̇o
n,m = ṪX

Car
n · ûTXA

n,m − ȦCar
m · ûTXA

n,m + vAr,m − vTX
r,n, (47)

where

ûTXA
n,m =

TXCar
n −ACar

m∥∥TXCar
n −ACar

m

∥∥ . (48)

Since the target velocity is unknown, we estimate the range
rate vAr,m, azimuth rate vAθ,m, and elevation rate vAφ,m by solving
for their estimates v̄Ar,m, v̄Aθ,m, and v̄Aφ,m. The target position is
estimated as:

Ām = [r̄Am, θ̄
A
m, φ̄

A
m]T . (49)

The estimated position and velocity in global Cartesian coordi-
nates are expressed as:

ĀCar
m = r̄Am

⎡
⎢⎣
sin(φ̄Am) cos(θ̄Am)

sin(φ̄Am) sin(θ̄Am)

cos(φ̄Am)

⎤
⎥⎦ , (50)

ȦCar
m = v̄Ar,mêAr + r̄Am sin(φ̄Am) v̄Aθ,mêAθ + r̄Amv̄

A
φ,mêAφ , (51)

where the spherical unit vectors are given by:

êAr =

⎡
⎢⎣
sin(φ̄Am) cos(θ̄Am)

sin(φ̄Am) sin(θ̄Am)

cos(φ̄Am)

⎤
⎥⎦ , (52)

êAθ =

⎡
⎢⎣
− sin(θ̄Am)

cos(θ̄Am)

0

⎤
⎥⎦ , (53)

êAφ =

⎡
⎢⎣
cos(φ̄Am) cos(θ̄Am)

cos(φ̄Am) sin(θ̄Am)

− sin(φ̄Am)

⎤
⎥⎦ . (54)

The estimated BRR is then expressed as:

Δ̄n,m = ṪX
Car
n · ûTXA

n,m − ȦCar
m · ûTXA

n,m + v̄Ar,m − vTX
r,n. (55)
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By stacking the estimated BRRs for all N TX–RX pairs, we
define:

Δ̄m = [Δ̄1,m, Δ̄2,m, . . . , Δ̄N,m]T . (56)

The optimal target velocity is then estimated by minimizing the
mismatch between estimated and measured BRR vectors:

(v̄Ar,m, v̄
A
θ,m, v̄

A
φ,m) = arg min

v̄A
r,m∈[0,Vr],

v̄A
θ,m∈[0,Vθ],

v̄A
φ,m∈[0,Vφ]

∥∥∥Δ̄m − Δ̇m

∥∥∥ , (57)

where Vr, Vθ, and Vφ are predefined search ranges.
3) Computational Complexity Analysis: The proposed algo-

rithm estimates the target range, azimuth, and elevation angles
each via independent one-dimensional searches in (38), (39),
and (45). Accordingly, the computational complexity for the
position estimation of a single target is:

O(
N

(
Rmax +ΘA

max +ΦA
max

))
, (58)

where Rmax, ΘA
max, and ΦA

max denote the number of search
steps. ForM independent targets, the complexity scales linearly
as:

O(
NM(Rmax +ΘA

max +ΦA
max)

)
. (59)

In addition, velocity estimation requires a 3D grid search in
(57), building upon the prior position estimate. The complexity
becomes:

O(
N(Rmax +ΘA

max +ΦA
max + Vr,maxVθ,maxVφ,max)

)
,
(60)

and for M targets:

O(
NM(Rmax +ΘA

max +ΦA
max + Vr,maxVθ,maxVφ,max)

)
.

(61)

B. Localization With Unknown-Location TXs

1) Localization: Although this section addresses a different
scenario, it still shares several settings with Section III-A, and
some equations can be reused accordingly. In addition to the
measurement vectors defined in (35)–(37) and (44), the RX can
also measure the azimuth and elevation DOAs of each TXn

when the TX positions are unknown. Based on the previously
defined measurements βTX

n and ψTX
n , we construct the following

measurement vectors:

BTX = [βTX
1 , βTX

2 , . . . , βTX
N ]T , (62)

ΨTX = [ψTX
1 , ψTX

2 , . . . , ψTX
N ]T . (63)

We denote the estimated TXn position in spherical coor-
dinates as [rTX

n , θTX
n , φTX

n ]T . Since both the positions of TXs
and the target’s position and velocity are unknown, we jointly
estimate the position of the TXn, the position and velocity of the
Am. This is done by solving for their corresponding estimates:
r̄TX
n , θ̄TX

n , φ̄TX
n , r̄Am, θ̄

A
m, φ̄

A
m, v̄

A
r,m, v̄

A
θ,m, v̄

A
φ,m.

The measured azimuth and elevation DOAs of TXs are di-
rectly taken as their estimates, i.e., θ̄TX

n = βTX
n and φ̄TX

n = ψTX
n .

The target’s azimuth and elevation angles are estimated using
the same method in (38) and (39).

The estimated BR in (42) is now updated as:

Δ̄n,m =
√

(rTX
n )2 − 2rTX

n r̄Am cos(ᾱn,m) + (r̄Am)2 + r̄Am − rTX
n ,

(64)
where

cos(ᾱn,m) = sin(φTX
n ) sin(φ̄Am) cos(θTX

n − θ̄Am)

+ cos(φTX
n ) cos(φ̄Am). (65)

Rearranging (64) and squaring both sides, we obtain an expres-
sion for rTX

n as:

rTX
n =

(Δn,m)2 − 2r̄AmΔ̄n,m

2r̄Am − 2r̄Am cos(ᾱn,m)
. (66)

By taking measured BR as the estimated BR, i.e., Δ̄n,m =
Δn,m, each rTX

n can be estimated once r̄Am is obtained.
Substituting (13), (15)–(21), (23), (26), and (27) into (28), the

true BRR is expressed as:

Δ̇o
n,m = ṪX

Car
n · ûTXA

n,m − ȦCar
m · ûTXA

n,m + vAr,m − vTX
r,n, (67)

where

ûTXA
n,m =

TXCar
n −ACar

m∥∥TXCar
n −ACar

m

∥∥ . (68)

The estimated position of TXn in global Cartesian coordinates
is expressed as:

TXCar
n = rTX

n

⎡
⎢⎣
sin(θTX

n ) cos(φTX
n )

sin(θTX
n ) sin(φTX

n )

cos(φTX
n )

⎤
⎥⎦ . (69)

The estimated position and velocity of Am are expressed in
(50) and (51). The estimated BRR is then given by:

Δ̄n,m = ṪX
Car
n · ûTXA

n,m − ȦCar
m · ûTXA

n,m + v̄Ar,m − vTX
r,n. (70)

By stacking all estimated BRRs for all N TX–RX pairs, we
define:

Δ̄m = [Δ̄1,m, Δ̄2,m, . . . , Δ̄N,m]T . (71)

The optimal target range r̄Am and velocity parameters are
jointly estimated by minimizing:

(r̄Am, v̄
A
r,m, v̄

A
θ,m, v̄

A
φ,m) = arg min

r̄Am∈[0,R],
v̄A
r,m∈[0,Vr],

v̄A
θ,m∈[0,Vθ],

v̄A
φ,m∈[0,Vφ]

∥∥∥Δ̄m − Δ̇m

∥∥∥ .

(72)

By solving (72) based on the maximum likelihood principle,
the 3D position and velocity of the target can be estimated. The
positions of the TXs are determined using (66). In this case, the
total number of optimization variables is four. Thus, at least
four TX–RX pairs (i.e., N = 4) are required to perform the
estimation in principle.
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TABLE I
POSITIONS OF THE TXS AND THE RX

TABLE II
VELOCITIES OF THE TXS

2) Computational Complexity Analysis: The proposed algo-
rithm first estimates the azimuth and elevation angles of the
target using independent 1D searches in (38) and (39). Sub-
sequently, the target’s range and velocity are jointly estimated
through a four-dimensional (4D) grid search. The positions of
the TXs are simultaneously obtained in this process. Accord-
ingly, the computational complexity for localizing a single target
is:

O(
N(ΘA

max +ΦA
max +Rmax + Vr,maxVθ,maxVφ,max)

)
,
(73)

and for M targets the complexity becomes:

O(
NM(ΘA

max +ΦA
max +Rmax + Vr,maxVθ,maxVφ,max)

)
.

(74)

IV. SIMULATIONS

In this section, we present simulation results to evaluate the
performance of the proposed localization algorithms. We con-
sider an ISAC system consisting of a single static RX equipped
with an antenna array and four TXs, with the goal of estimating
the position and velocity of an unknown moving target. The
positions of the TXs and the RX are listed in Table I, and the
velocities of the TXs are provided in Table II. The units of range,
range rate, angle, and angular rate used in simulations are meter
(m), meter per second (m/s), degree (◦), and degree per second
(◦/s), respectively.

In Section IV-A, the TXs are assumed to be dynamic, and both
the positional and velocity information from Tables I and II are
used in the simulations. The proposed algorithm is compared
against an existing localization method for dynamic TXs intro-
duced in [24], which we refer to as the two-stage weighted least
squares (2WLS) method for brevity.

In Section IV-B, the TXs are assumed to be static, and only
the positional information from Table I is used. The proposed
algorithm is compared with a method introduced in [24] for lo-
calizing a moving target using static TXs with known positions.
This comparison demonstrates the capability of the proposed
method to simultaneously localize both the target and the TXs
when the TX positions are unknown. To better evaluate the
performance, the estimation results are converted from spherical

Fig. 2. Position RMSE comparison (3 TX-RX pairs).

to Cartesian coordinates. The RMSEs of the estimated target
position and velocity in Cartesian coordinates are defined as:

RMSEposition =

√
1
L

∑L

l=1

∥∥ACar
m − ÂCar

l,m

∥∥2
, (75)

RMSEvelocity =

√
1
L

∑L

l=1

∥∥ȦCar
m − ˆ̇ACar

l,m

∥∥2
, (76)

whereACar
m and ȦCar

m denote the ground-truth position and veloc-

ity of the target Am, and ÂCar
l,m and ˆ̇ACar

l,m are the corresponding
estimates obtained in the l-th Monte Carlo trial. Each experiment
is repeated over 5000 independent trials.

As described in Section II-C, zero-mean Gaussian noises are
added to the BR, BRR, and DOA measurements in each trial. The
noisy BR and BRR measurements Δn,m and Δ̇n,m have noise
variances σ2

BR and σ2
BRR, respectively, while the noisy azimuth

and elevation DOAs βA
n,m, ψA

n,m, βTX
n , and ψTX

n have noise vari-
ance σ2

DOA. The target is positioned at (50,90,75) with a velocity
of (20,1,5) in spherical coordinates. Unless stated otherwise, the
proposed algorithm employs exhaustive grid search. The step
sizes for range, angle, range rate, and angular rate are set to
0.01 m, 0.01◦, 0.01 m/s, and 0.01◦/s, respectively.

A. Performance With Dynamic TXs

Only noisy Δn,m, Δ̇n,m, βA
n,m, and ψA

n,m measurements are
used in this case and N = 3. Given that DOA measurements
are not utilized in the 2WLS, we perform simulations of our
proposed method by considering different levels of DOA noise,
σDOA ∈ {0◦, 0.1◦, 0.5◦, 1◦}. We then compare our proposed
method with these settings to 2WLS under the same noise
standard deviations σBR and σBRR. Without loss of generality,
we set a unitless variable σ, where σBR = σ and σBRR = 0.1σ.

We first evaluate the position estimation performance of the
proposed method and the 2WLS benchmark under varying noise
conditions. Fig. 2 illustrates the position RMSEs with 3 TX–RX
pairs as σ increases from 10−1 to 101. The results show that the
proposed method significantly outperforms 2WLS in low-to-
moderate DOA noise settings. Specifically, for σDOA = 0◦ and
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Fig. 3. Position RMSE comparison (2 TX-RX pairs).

Fig. 4. Position RMSE comparison (1 TX-RX pair).

σDOA = 0.1◦, the proposed method yields much lower RMSEs
across the entire range of σ, demonstrating strong robustness to
BR and BRR noise. In contrast, when the DOA noise increases to
0.5◦ and 1◦, the performance of the proposed method degrades,
particularly in the low-noise regime (σ < 1). In these cases,
2WLS exhibits slightly better position estimation accuracy.
However, as σ continues to increase beyond 1, the proposed
method becomes more resilient and ultimately surpasses 2WLS
in high-noise conditions.

Figs. 3 and 4 present the position RMSEs under the same
noise conditions but with reduced numbers of TX–RX pairs (2
and 1, respectively). A consistent trend is observed across all
configurations: the performance of both methods degrades as
the number of TX–RX pairs decreases, with RMSEs increasing
more rapidly for all cases. This highlights the importance of
measurement diversity in multistatic sensing. Notably, the pro-
posed method maintains its advantage over 2WLS at low σDOA

even with fewer TX–RX pairs, although the margin decreases.
For higher DOA noise levels, the performance gap narrows
significantly, and the benefits of the proposed method become

Fig. 5. Velocity RMSE comparison.

less prominent, particularly in the single TX–RX case where
geometric ambiguity increases.

These results collectively demonstrate that while the pro-
posed method is more accurate under favorable DOA con-
ditions, its relative advantage diminishes when the number
of TX–RX pairs or the angular measurement accuracy is
limited.

Next, Fig. 5 illustrates the velocity RMSEs of the proposed
method and the 2WLS benchmark under varying noise levels σ,
evaluated using 3 TX–RX pairs. As σ increases logarithmically
from 10−1 to 101, both methods exhibit increasing velocity
estimation error. However, the proposed method consistently
achieves lower RMSEs than 2WLS across all σ values. Notably,
the impact of DOA noise on the velocity estimation accuracy
is minimal. The curves corresponding to different σDOA levels
(0◦, 0.1◦, 0.5◦, and 1◦) are nearly indistinguishable for the pro-
posed method, suggesting that velocity estimation is primarily
governed by the BRR measurements rather than the angular
information. This observation aligns with the formulation in
Section III, where the velocity components are estimated based
on range-rate information that is less sensitive to DOA errors.

These results validate the robustness of the proposed approach
in velocity estimation, even under challenging noise conditions
and imperfect angular measurements.

To further investigate the effect of DOA noise, we analyze
the performance over varying σDOA ∈ [0◦, 1◦] for three repre-
sentative σ values (0.1, 1, and 10), as shown in Fig. 6 and
Fig. 7. For position estimation (Fig. 6), when σ is small (e.g.,
0.1), the RMSE increases notably with σDOA, highlighting the
sensitivity to angular accuracy. However, as σ increases, the
RMSE curves flatten, showing diminishing influence of DOA
error. For velocity estimation (Fig. 7), the RMSE remains nearly
constant regardless ofσDOA, again confirming the limited impact
of angular error on velocity estimation. These results provide
insight into the convergence behavior observed in Fig. 7–9,
where performance differences among different σDOA settings
diminish as noise levels rise.
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Fig. 6. Position RMSE comparison (angle).

Fig. 7. Velocity RMSE comparison (angle).

Fig. 8. Target position RMSE comparison.

Fig. 9. Target velocity RMSE comparison.

The above results confirm the effectiveness and robustness
of the proposed method under varying noise conditions. It
demonstrates consistent performance improvements over the
2WLS, particularly under moderate to high noise scenar-
ios. Moreover, the analysis reveals that while DOA errors
can affect position accuracy, their influence on velocity es-
timation is negligible. These insights validate the practi-
cal applicability of the proposed method in dynamic TX
scenarios.

B. Performance With Unknown-Location TXs

We next evaluate the performance of the proposed method
when the TX positions are assumed to be unknown. NoisyΔn,m,
Δ̇n,m, βA

n,m, ψA
n,m, βTX

n , and ψTX
n measurements are used in

this case. As there are no similar approaches in the literature,
we compare our proposed method with unknown-location TXs
(referred to as the ‘unknown location method’ (Unknown)) with
our previous method with static TXs in [40], referred to as the
’static location method’ (Static), to evaluate the feasibility of
applying the proposed method in practice. The noise settings
are the same as in the dynamic-TX case, while using 4 TX–RX
pairs (i.e., N = 4). The results are presented in Figs. 8 and 9.

The results show that the Unknown method consistently un-
derperforms the Static method in both position and velocity esti-
mation due to the additional uncertainty introduced by estimat-
ing TX locations. This performance gap is more pronounced un-
der low noise conditions (small σ), where the Unknown method
exhibits significantly higher RMSE values. As σ increases, the
RMSEs of both methods increase, and the performance gap
gradually narrows. This is because, at high noise levels, the
overall error is dominated by measurement noise, and the impact
of unknown TX locations becomes relatively less significant.

The analysis also reveals that the proposed method is robust
against DOA noise variations. For instance, under severe DOA
uncertainty (σDOA = 1◦), the unknown method still achieves
comparable performance trends, though with consistently higher
RMSEs compared to the known case. These results demon-
strate that while knowledge of TX positions improves accuracy,
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Fig. 10. TXs position RMSE comparison.

the proposed method can still provide reasonable estimation
performance when TXs are unlocalized, which is valuable for
scenarios with limited infrastructure knowledge.

We also examine the performance of the unknown method
in estimating the positions of unknown-location TXs. Fig. 10
presents the average position RMSE of the TXs. The results
are averaged across all TXs in the system. Similar to the target
localization analysis, the estimation performance deteriorates
as the noise level σ increases. For low noise levels (small σ),
smaller DOA noise (σDOA = 0.1◦) leads to noticeably better
TX localization accuracy. As σ increases, however, the RMSEs
for all DOA noise levels converge, indicating that the dominant
error source shifts from DOA inaccuracy to overall measurement
noise.

The results suggest that even without prior knowledge of TX
positions, the proposed method can achieve reasonably accurate
TX localization, particularly under moderate noise conditions.
This capability is important for real-world ISAC systems de-
ployed in dynamic or infrastructure-sparse environments, where
static and pre-calibrated TX positions may not be available.

The simulation results under the unknown-location TXs sce-
nario validate the robustness and practicality of the proposed
method in simultaneously estimating both the target and the TX
positions. Despite the performance gap between the unknown
and known TX settings, the method remains stable and effective
across a wide range of noise levels. In particular, the position
and velocity estimation performance converge to that of the
known-TX benchmark as the noise level increases, suggesting
that the relative impact of missing TX information diminishes
under high-noise conditions. Furthermore, the method demon-
strates reliable TX localization accuracy, which is essential for
enabling self-organizing ISAC systems without requiring prior
TX calibration.

C. Impact of Angular Separation on Target Distinguishability

As discussed in Section II-D, for multiple-target localization,
we decompose the problem into multiple independent single-
target localizations. This approach relies on the assumption

Fig. 11. Clustering accuracy versus angular separation under different DOA
noise levels.

that all targets are spatially separable in the angular domain
so that the RX can distinguish the corresponding measurement
groups for each target. However, this distinguishability depends
jointly on the angular separation between targets and the DOA
measurement noise.

To examine this effect, we simulate two targets with angu-
lar separations in the range [0.1◦, 5◦] under four representa-
tive noise levels σDOA ∈ 0◦, 0.1◦, 0.5◦, 1◦. With three TX–RX
pairs, the RX receives two measurement groups from each
pair, corresponding to the two targets. Each group contains
the BR, BRR, and DOA measurements associated with one
target. Since the RX does not know a priori which group
corresponds to which target, the six mixed groups must be
partitioned into two target-specific sets. We apply the standard
K-means clustering algorithm [45] to assign each measurement
group to its corresponding target based on its DOA features.
The resulting clustering accuracy is shown in Fig. 11. As il-
lustrated in Fig. 11, when the DOA measurements are noise-
free, the clustering accuracy remains 100% even for extremely
small angular separations, indicating that grouping ambiguity
is primarily induced by noise. With mild noise (σDOA = 0.1◦),
near-perfect distinguishability is achieved once the separation
exceeds approximately 0.5◦. For moderate and strong noise
levels (σDOA = 0.5◦ and 1◦), the clustering accuracy increases
monotonically with angular separation. In particular, accuracy
above 95% is obtained when the separation exceeds roughly 2◦

for σDOA = 0.5◦, while σDOA = 1◦ requires separations above
4◦ to reach similar performance.

These results provide an empirical guideline for determining
when multi-target scenarios can be reliably decomposed into in-
dependent single-target localization problems. In environments
with moderate DOA noise, separations of a few degrees are
sufficient to ensure high distinguishability, whereas very closely
spaced targets or high-noise conditions may require more ad-
vanced grouping or joint-estimation strategies.

Finally, it is important to note that practical radar systems
are also constrained by their intrinsic angular resolution. If the
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Fig. 12. True versus multipath-induced target estimates.

resolution is insufficient, multiple physically separated targets
may appear as a single peak before any localization process-
ing occurs. Such front-end ambiguities arise from hardware
limitations rather than the geometric estimation model consid-
ered in this work. Since our focus is on the post-measurement
geometric estimation stage, scenarios in which the sensing front-
end cannot resolve multiple targets are beyond the scope of this
paper.

D. Impact of Multipath-Induced Ghost Targets

The system model in Fig. 1 considers only the direct path
and the strongest reflection from targets, without explicitly
modeling complex multipath propagation. In practice, addi-
tional reflections—particularly those involving walls, furniture,
or other surrounding structures—may generate ghost targets
that do not correspond to the true physical object. These ghost
targets introduce extra BR, BRR, and DOA values that violate the
geometric constraints of the actual TX–target–RX configuration,
thereby increasing the difficulty of distinguishing true targets.

To examine the impact of such multipath-induced ghost tar-
gets, we extend the original study by injecting additional non-
line-of-sight (NLOS) observations for each TX–RX pair. Impor-
tantly, the proposed localization framework inherently relies on
geometric consistency across different TX–RX pairs. As each
pair experiences its own multipath propagation environment, the
resulting ghost measurements fail to form a consistent triangu-
lation in 3D space. Consequently, estimates obtained from true
target measurements naturally converge into a tight and coherent
cluster across all TX–RX pairs, whereas estimates generated
from multipath observations remain spatially dispersed.

This effect is demonstrated in Fig. 12, which considers three
TX–RX pairs. For each pair, one true measurement and three
multipath-induced ghost measurements are generated. The lo-
calization results associated with the true target (shown as col-
ored solid markers) form a compact cluster around the actual
target location. In contrast, the estimates derived from mul-
tipath measurements (shown as cross markers) scatter widely
throughout the 3D space and exhibit no geometric consistency.
This spatial divergence provides a simple and effective cue for

identifying and rejecting multipath-induced ghost estimates. In
practice, this robustness arises naturally from the geometric-
consistency requirement of our algorithm: true estimates remain
tightly clustered across TX–RX pairs, whereas ghost estimates
do not. Thus, a practical rejection rule can be implemented by
setting a threshold on the spread of localization results across dif-
ferent TXs, where estimates exceeding this divergence threshold
are classified as multipath-induced ghosts.

V. CONCLUSION

In this paper, we proposed two localization algorithms for
tracking a moving target in a multistatic ISAC system, ad-
dressing two challenging scenarios: dynamic transmitters and
unknown-location transmitters. Both algorithms utilize BR,
BRR, and DOA measurements acquired by a static RX equipped
with an antenna array. In the dynamic TX scenario, the proposed
method enables accurate position and velocity estimation even
with a single TX-RX pair, and shows superior performance
compared to a representative BR/BRR-based baseline. In the
unknown-location TX scenario, our approach is the first to
jointly estimate the positions of both the target and the transmit-
ters without prior TX knowledge. Simulation results confirm the
robustness and accuracy of the proposed methods under various
noise levels and DOA conditions.

As directions for future work, we plan to extend the proposed
algorithms to more complex multi-target environments with
ambiguous or overlapping DOAs, where data association and
measurement disambiguation become critical. Additionally, we
aim to implement and validate our methods on a real-world hard-
ware platform to assess their practical feasibility and robustness
under non-ideal conditions.
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