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Abstract—Unmanned aerial vehicles (UAVs) in wireless com-
munication systems offer rapid deployment, flexible reconfigu-
ration, and superior communication channels, thanks to their
short-range line-of-sight links, making them more efficient and
cost-effective than terrestrial or high-altitude platform networks.
As a promising technique, integrated sensing and communication
(ISAC) enhances UAV networks by integrating sensing and com-
munication functionalities. This concurrent design improves spec-
trum efficiency and reduces hardware costs. To ensure reliable
communication for their high mobility, a novel modulation tech-
nique, the orthogonal time-frequency space (OTFS) waveform,
has been proposed, which leverages the delay-Doppler domain for
efficient information transmission. In this paper, we investigate
ISAC-based multi-target sensing with distributed OTFS radars
to deliver reliable performance for UAV networks. To achieve
that, we propose to leverage the delay and Doppler information
featured by OTFS signals to determine the range and radial
velocity, accomplishing successful sensing tasks. Moreover, to
address the challenge of unassociated measurements and targets,
we propose a novel optimization framework to concurrently per-
form data association and target sensing tasks. This framework is
developed by formulating a mixed-integer optimization problem,
which is then solved with polynomial complexity through convex
approximation. Additionally, we propose an iterative maximum
likelihood estimator (MLE) to further enhance sensing perfor-
mance by accounting for target-measurement errors. Extensive
simulation results verify the superiority of our proposed work to
state-of-the-art methods.

Index Terms—UAV, ISAC, OTFS, multi-target sensing, data
association.

I. INTRODUCTION

With their remarkable mobility and affordability, unmanned
aerial vehicles (UAVs), also known as drones or remotely
piloted aircraft, have found widespread applications across
various sectors over the past few decades [1], [2]. UAVs,
originally developed for military use to reduce pilot risks, have
become more accessible due to advancements in technology.
Small UAVs are now widely used in civilian applications such
as weather monitoring, traffic control, and search and rescue.
UAVs are classified into fixed-wing and rotary-wing types
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[3]. Fixed-wing UAVs are fast and carry heavier payloads
but need continuous forward motion. Rotary-wing UAVs, like
quadcopters, can hover and move in any direction but have
limited payload and range. The choice depends on the specific
application.

Among the various applications enabled by UAVs, both
communication and sensing functionalities are essential for
ensuring the effectiveness of their operations [4]. Specifically,
UAVs demand advanced communication systems that provide
high bandwidth, low latency, and constant connectivity to
facilitate seamless data exchange within the UAV network.
Meanwhile, accurate target states obtained by the sensing
function, e.g., location and velocity, enable precise real-world
representation, which can improve situational awareness, de-
tect obstacles, and monitor environmental conditions more
effectively. Although sensing and communication share sim-
ilar radio frequency (RF) components and signal-processing
techniques, they were historically implemented using separate
systems [5], [6]. While separate designs minimize mutual
interference, they waste spectral resources and increase im-
plementation costs [7], [8]. Given scarce frequency bands and
financial constraints, integrating the two functions offers a
promising alternative, inspiring the development of integrated
sensing and communication (ISAC) [9], [10]. Its core insight
lies in enabling sensing and communication to share a unified
hardware architecture, spectral resources, and signal process-
ing framework, enhancing efficiency and system performance
[11].

Building upon ISAC principles, distributed communication
radars have gained growing attention for facilitating sensing
tasks by extracting various measurements from transmitted sig-
nals, including time delay (TD), angle of arrival (AOA), direc-
tion of arrival (DOA), and Doppler shift. These measurements
are then processed to estimate target parameters, e.g., position
and velocity. For instance, with a bistatic transmitter-receiver
pair, TD can be converted into range information for local-
ization, while Doppler shift is a key factor for radial velocity
estimation. Additionally, combining TD and Doppler shifts can
determine the locations of moving targets. Recognizing these
benefits, substantial efforts have been devoted to advancing the
communication radars for ISAC, with orthogonal frequency
division multiplexing (OFDM) commonly employed for its
potential in both communication and sensing applications.
Specifically, OFDM offers significant advantages in commu-
nications, including low-complexity data detection, robustness
to frequency selectivity, and flat fading across subcarriers.
Furthermore, OFDM signals include essential information for
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target sensing, e.g., TD, angle, and Doppler, which can be
extracted from its channel estimation process.

Given its promise, OFDM channel estimation for sensing
has been extensively investigated, particularly for TD and
angle information. To name a few, the authors in [12] proposed
a maximum likelihood estimator (MLE) for TD estimation,
exploiting the redundancy of the cyclic prefix and the pilot
symbols on the carriers. In [13], the authors designed a
tailored training symbol to extract TD information in the
additive white Gaussian noise (AWGN) channel. Moreover,
a recent study [14] focused on angle information estima-
tion, designing two subspace-based methods: Multiple-signal-
classification (MUSIC) and estimation-of-signal-parameters-
via-rotational-invariance-techniques (ESPRIT) [14]. Despite
progress in DT and angle estimation, estimating Doppler shifts
in OFDM-based ISAC radars remains challenging. This is be-
cause Doppler shifts disrupt the orthogonality of OFDM sub-
carriers, introducing inter-carrier interference (ICI) [15] and
making accurate estimation difficult. To address this problem,
a recent solution in [16] proposed an element-wise division-
based method and leverages discrete Fourier transform (DFT)
for independent range and Doppler estimation. To further
enhance performance, [17] proposed a matrix algebra-based
method to estimate range and Doppler jointly. However, these
methods require a large number of OFDM symbols for high-
frequency resolution and rely on computationally intensive
filters to ensure performance, limiting their applicability. Con-
sequently, OFDM-based radars are not well-suited for Doppler
shift estimation, leading most OFDM-based sensing methods
to focus on static target localization that utilizes solely TD or
angle information.

Motivated by the above, orthogonal time-frequency space
(OTFS) has been proposed as a promising alternative for
sensing with ISAC radars [18]. OTFS modulates data symbols
in the delay-Doppler (DD) domain rather than the conventional
time-frequency (TF) domain in OFDM, offering stronger delay
and Doppler resilience. By operating in the DD domain, OTFS
achieves full TF diversity gain, mitigating fading over double-
dispersive channels and ensuring reliable communication in
dynamic and complex environments [19]. Furthermore, OTFS
outperforms OFDM in sensing by transforming a time-varying
channel into a 2D quasi-time-invariant channel in the DD
domain. This enables reliable estimation of delay and Doppler
shifts, with various methods proposed to accomplish tasks,
including pilot embedding [20], sparse Bayesian learning
(SBL) [21], and the 3D-structured orthogonal matching pursuit
algorithm [22]. However, most existing works on OTFS-
ISAC applications focus on sensing-assisted communication
[23]. However, the potential of OTFS-assisted ISAC remains
underexplored. OTFS signals in the DD domain can reveal
the underlying wireless propagation environment. Specifically,
DD domain characteristics, such as delay and Doppler, can be
directly mapped to physical environmental information, such
as range and relative speed. Therefore, OTFS communication
presents a promising opportunity for environment sensing
by leveraging DD domain channel estimation. Research on
OTFS-assisted sensing remains limited, such as [24], [25]
and [26]. The authors in [24] studied an OTFS-based sensing

problem with a single moving target and proposed a two-
step strategy for task accomplishment. With a similar purpose,
[25] formulated the OTFS sensing problem as a non-linear
weighted least squares (WLS) problem and solved it through
Newton’s method. Additionally, the authors of [26] designed
a unified OTFS waveform to realize concurrent sensing and
communication.

To further explore the potential of OTFS in sensing respects,
we consider a general scenario with multiple moving targets
and distributed OTFS radars. Different from the extensively
studied single-target sensing problem, multi-target sensing
typically requires a detection step. This is because receivers are
unaware of the associations between extracted measurements
and individual targets. These simultaneous reflections from
multiple targets pose a substantial challenge to the sensing
task. However, this target-measurement association step is not
been well studied in the most existing works on sensing. They
take full advantage of the received signal information and
always attempt to directly localize multiple targets by jointly
processing the unthresholded signal echoes and obtaining the
MLE [27]. Hence, such algorithms, referred to as the direct
sensing approaches, are robust, especially in low signal-to-
noise ratio (SNR). In many practical scenarios, this kind of
data association problem should be considered.

There are still quite a few studies in the literature for sens-
ing consider this measurement-to-target association problem
(MTAP), such as [28], [29], and [30]. These approaches are
often referred to as the two-step localization approaches. [28]
proposes a basic iteration algorithm for MTAP, but it requires
the prior target positions, which can restrict the application of
this algorithm in many practical problems. The brute-force-
based algorithms in [29] are inefficient to employ for each
possible hypothesis due to their exponential complexity. An
efficient method has been proposed in [30] by approximating
MTAP to a convex problem, but it only considers the range
measurements for static target localization.

To address the aforementioned challenges, this paper de-
velops a novel approach for multiple moving-target sensing,
by leveraging the property of OTFS in high-speed mobile
communication. Compared to traditional OFDM-based ISAC
systems that require additional high-complexity operations
to obtain Doppler information for the sensing purpose, e.g.
[17], the OTFS-based system can directly provide Doppler
information from DD domain, which is also utilized for OTFS
communications. To elaborate, the transmitted OTFS signals
are reflected by the moving multi-target, and received by
receivers. We obtain the delay and Doppler information from
OTFS channel estimation, which is utilized to estimate the
target position and velocity. In particular, multi-target sensing
requires detection steps, since the receivers lack awareness
of associations between the extracted measurements and indi-
vidual targets. Most existing multi-target sensing methods are
two-step methods, which require the prior target states, e.g.
[28]. In contrast, our proposed method can concurrently per-
form data association and jointly estimate the target position
and velocity. Unlike traditional two-step sensing methods that
rely on prior target states, the proposed method performs data
association and target state estimation jointly. To realize it, we
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formulate a mixed-integer optimization problem, which can be
efficiently solved with a polynomial complexity by using first-
order Taylor approximation and relaxed integer conditions to
approximate. Because the constraints are relaxed and noise
is not considered, the solution to the relaxed problem lacks
sufficient accuracy. Using a grid-searching method to obtain
MLE directly is prohibitive due to the high dimension of the
unknown parameter space. However, relying on the prelim-
inary solution can yield satisfactory accuracy for iteratively
implementing MLE to improve precision. In particular, we

TABLE I
NOTATIONS AND SYMBOLS

Symbol Description

d Dimension of sensing
Rd d-dimensional space of real numbers
Nt Number of transmitters
Nr Number of receivers
qi Position of transmitter i, i = 1, 2, . . . , Nt

pj Position of receiver j, j = 1, 2, . . . , Nr

sk Position of target k, k = 1, 2, . . . ,K
ṡk Velocity of target k, k = 1, 2, . . . ,K
B Bandwidth
Tf Time duration of a single OTFS frame
∆f Subcarrier space
T Symbol duration
XDD Transmitted symbol in DD domain
XTF Transmitted symbol in TF domain
s(t) Radar transmitted waveform
YDD Received symbol in DD domain
YTF Received symbol in TF domain
r(t) Radar received waveform
τ Time delay of arrival
ν Doppler-shift
h(τ, ν) Complex baseband channel impulse response
ω(t) Additive white Gaussian noise process
c Speed of signal propagation
fc Carrier frequency
rkij Bistatic range (BR) of the signal from trans-

mitter i to received j, reflected by target k
ṙkij Range rate (RR) of the signal from transmit-

ter i to received j, reflected by target k
Gj Permutation matrix for observed measure-

ments at receiver j
θ Vector contains all target states, s1, s2, . . . ,

sK , ṡ1, ṡ2, . . . , ṡK
J (θo) Fisher information matrix, eq(42)
L Number of Monte Carlo runs
(·)o True value of the variable (·)

adopt the Gauss-Newton MLE to obtain an accurate solution
using the permuted measurements and preliminary solution.

The contributions of this work are summarized as follows:
1) We investigate multiple moving-target sensing and pro-

pose a novel framework based on distributed OTFS
radars. By leveraging the delay and Doppler features
of OTFS signals, our design can achieve accurate esti-
mations of target position and velocity with polynomial
complexity.

2) We develop an innovative approach to concurrently per-
form data association and target sensing tasks by for-
mulating a mixed-integer optimization problem, which

is efficiently solved with a polynomial complexity by
approximated as a convex problem.

3) To enhance sensing performance, we propose an MLE-
based method to address measurement errors, improving
target state estimation based on target-measurement as-
sociation.

4) Extensive simulations are performed, and comprehensive
results validate the effectiveness of the proposed target
sensing algorithm.

The rest of the paper is organized as follows. The prelimi-
nary study on OTFS-based sensing is introduced in Section
II. The proposed MTAP method is discussed in Section
III. Section IV expresses the developed MLE-based sensing
approach, followed by the complexity analysis in Section V.
Performance evaluation is conducted in Section VI, with the
conclusion presented in Section VII.

Notations: Unless specific otherwise, vectors and matrices
are denoted by boldface lowercase letters and uppercase let-
ters, respectively. xo and x∗ are the true value and conjugate
of x, respectively. ∥x∥ stands for the ℓ2-norm of vector x.
XT and X−1 indicate the transpose and inverse, respectively.
δ(·) depicts the Dirac delta function,

∑n
k=1 xk is the sum

of x1, x2, · · · , xn, and diag(x) represents the diagonal matrix
with the elements of vector x on its diagonal. ∇f is the
gradient of f and ∂a/∂b means partial derivative of a with
respect to b. Rn denotes the space of n-dimensional real
vectors. Table I provides key symbols and notations adopted
in this work.

II. PRELIMINARY

A. Scenario

We consider a typical distributed OTFS radar system, as il-
lustrated in Fig. 1, consisting of Nt single-antenna transmitters
and Nr single-antenna receivers. The known positions of each
transmitter and receiver are denoted by qi ∈ Rd and pj ∈ Rd,
respectively, where i = 1, 2, . . . , Nt and j = 1, 2, . . . , Nr.
During data association, the emitted OTFS signals from the
transmitters are reflected by the K moving targets (scatters)
before being observed by the receivers. The unknown positions
and velocities of the targets are denoted by sk ∈ Rd and
ṡk ∈ Rd, respectively, k = 1, 2, . . . ,K.

Fig. 1. Moving multi-target sensing scenario: determining the scatter positions
s1, . . . , sK and velocities ṡ1, . . . , ṡK based on transmitted and received
OTFS signals.
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The objective of this work is to develop an effective solution
for the MTAP that arises in distributed OTFS radar systems.
The challenge arises from the lack of knowledge of the
receivers regarding the associations between the targets and
the extracted measurements, compounded by the simultaneous
reflections from multiple targets.

B. OTFS Transceiver Structure

In this section, we introduce an OTFS communication
system [18], with total bandwidth B = M∆f and latency
Tf = NT , where ∆f represents the subcarrier space, and
T is the symbol duration. Information bits are mapped to
a NM symbol set in DD domain, i.e., XDD[ku, lu], where
0 ≤ ku ≤ N − 1 and 0 ≤ lu ≤ M − 1 stand for the
indices of delay and Doppler shifts, respectively, and XDD

belongs to a constellation set A. These DD domain symbols
XDD[ku, lu] are transformed to the TF domain as XTF [n,m]
through inverse symplectic finite Fourier transform (ISFFT),
given by

XTF [n,m] =
1√
MN

N−1∑
ku=0

M−1∑
lu=0

XDD[ku, lu]e
j2π(nku

N −mlu
M ),

(1)
where 0 ≤ n ≤ N−1 and 0 ≤ m ≤ M−1 denote the indices
for time and subcarrier, respectively. Subsequently, the TF
domain symbols are mapped into a continuous time-domain
signal via a multi-carrier modulator, which is

s(t) =
∑
m=0

∑
n=0

XTF [n,m]ej2πm∆f (t−nT )gtx(t− nT ), (2)

where gtx(t− nT ) is the transmitter pulse shaping filter.
The signal s(t) propagates over a multi-path time-varying

channel and is reflected by sensing targets, yielding the re-
ceived signal r(t) as

r(t) =

∫∫
h(τ, ν)ej2πν(t−τ)s(t− τ)dτdν + ω(t), (3)

where ω(t) is the additive white Gaussian noise process with
power spectral density (PSD) N0, and h(τ, ν) is complex
baseband channel impulse response, representing the channel’s
response to an impulse with delay τ and Doppler-shift ν. The
h(τ, ν) can be written as

h(τ, ν) =

P∑
ip=1

hipδ
(
τ − τip

)
δ
(
ν − νip

)
, (4)

where P is the number of resolvable reflectors. hip , τip and
νip represent the channel gain, delay and Doppler of the ip-th
path, respectively. Each transmitter-receiver pair has a total of
K reflective paths.

Next, the TF domain received symbol YTF[n,m] can be
obtained by operating the Wigner transform on r(t) [31], as

YTF[n,m] =

∫ ∞

−∞
r(t)g∗rx(t− nT )e−j2πm∆f(t−nT )dt, (5)

where grx(t) is the receiver pulse shaping filter. Then, the TF
domain symbol YTF[n,m] is transformed to the DD domain by

performing symplectic finite Fourier transform (SFFT), which
is

YDD[ku, lu] =
1√
NM

N−1∑
n=0

M−1∑
m=0

YTF [n,m]e−j2π( kun
N − lum

M ).

(6)
Building on the above, the DD domain input-output relation-
ship can be expressed as

YDD[ku, lu] =

N−1∑
k′
u=0

M−1∑
l′u=0

XDD

[
k′u, l

′
u

]
hw

[(
ku − k′u

)
N

,
(
lu − l′u

)
M

]
(7)

+ ω[ku, lu],

where hw [ku, lu] denotes the DD domain effective channel,
and ω[ku, lu] represents effective noise in the DD domain that
is a Gaussian noise term with zero-mean PSD N0.

The moving multi-target sensing scenario and OTFS
transceiver structure have been detailed. In the next, we
will formulate the problem and discuss the condition for the
resolution.

C. Problem Formulation

Upon receiving OTFS signals, one can facilitate sensing
tasks by exploiting the embedded delay and Doppler infor-
mation. With a complex baseband channel impulse response
h(τ, ν) in (4), the range and relative velocity associated with
ip-th target are defined as rip and ṙip , then the round-trip delay
τip and the Doppler-shift νip can be expressed as

τip =
2rip
c

=
lip

M∆f
, (8a)

νip =
2fcṙip

c
=

kip
NT

, (8b)

with c denoting the speed of light, and fc the carrier frequency.
As observed, the range and velocity can be determined as
functions of kip and lip . To achieve that, a variety of methods
with reliable performance have been developed, approaching
Cramér-Rao Lower Bound (CRLB), e.g., embedding a super-
imposed pilot [20], 2D correlation-based estimator [31] and
difference-based method. Among them, 2D correlation-based
estimator is employed in this work for channel estimation.
Finally, one can determine rip and ṙip based on (8a) and (8b)
and the estimated kip and lip .

Take the k-th target as a study case, the bistatic range (BR)
for the (i, j)-th transmitter-receiver pair can be modeled as

rkij = ∥qi − sk∥+ ∥pj − sk∥+ nk
r,ij , (9)

where nk
r,ij is the noise. The related range rate (RR) is defined

as

ṙkij =
(sk − qi)

T

∥sk − qi∥
ṡk +

(sk − pj)
T

∥sk − pj∥
ṡk + nk

ṙ,ij , (10)

where nk
ṙ,ij is the noise. Note that, the noise in both BR

and RR noise follows zero-mean Gaussian distributions with
known covariance.

Due to the orthogonality of OTFS signals, the distinction
between BR and RR measurements from different transmitters
can be made unambiguously. Furthermore, the BR and its
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corresponding RR measurement are derived from the same
symbol, thus a direct mapping between them is established. In
particular, the BR and RR measurements from the j-th receiver
can be organized in the data fusion center as

rj = [rT1j , r
T
2j , . . . , r

T
Ntj ]

T , (11a)

ṙj = [ṙT1j , ṙ
T
2j , . . . , ṙ

T
Ntj ]

T , (11b)

where rij = [r1ij , r
2
ij , . . . , r

K
ij ]

T and ṙij = [ṙ1ij , ṙ
2
ij , . . . , ṙ

K
ij ]

T

consist of K BR and RR measurements, respectively, arranged
in the same specific order. For reliable sensing performance,
the entries of rij and ṙij need to be rearranged, so that the
kth entries in the rearranged measurement sets correspond to
a specific target, such as the target located at suk

with velocity
ṡuk

, where uk ∈ {1, 2, . . . ,K}. With the measurements
sets from the above equations, the permuted BR and RR
measurement vector r̃j and ˜̇rj are

r̃j =
[
r̃T1j , r̃

T
2j , . . . , r̃

T
Ntj

]T
≜ Gjrj , (12a)

˜̇rj =
[
˜̇rT1j , ˜̇r

T
2j , . . . , ˜̇r

T
Ntj

]T
≜ Gj ṙj , (12b)

where Gj is the permutation matrix that rearranges the ob-
served measurements at each receiver j. This matrix ensures
that the measurements from different targets are aligned, thus
guaranteeing accurate estimation of the targets’ positions and
velocities.

To achieve accurate sensing, the kth entry of both r̃ij and
˜̇rij is intended to correspond to the same target. Towards this
end, we first partition the permutation matrix Gj as

Gj = blkdiag(G1j ,G2j , . . . ,GNtj), (13)

where Gij’s is the permutation matrix withr̃ij = Gijrij and
˜̇rij = Gij ṙij . To solve the MTAP, the goal is to determine
the permutation matrix Gj that correctly arranges the collected
measurements.

Before addressing the solution to the MTAP, we first discuss
the minimum number of transmitters and receivers required for
its resolution. For position and velocity estimation, the number
of scalar unknowns is set to Kd + Kd. With the BR and
RR measurements, the total number of scalar measurements
is NtNrK + NtNrK. The MTAP is solvable only if the
following condition is satisfied, which is

2NtNrK ≥ 2Kd, (14)

where Nt and Nr are the numbers of transmitters and
receivers, respectively. The position estimation problem is
subject to reflection and rotation ambiguities, which can distort
the results. However, these ambiguities can be resolved by
utilizing BR measurements. Specifically, to ensure a unique
intersection and accurate position estimation, the number of
transmitters and receivers must satisfy the condition NtNr ≥
3. The minimum number of required transmitters and receivers
is summarized asNtNr ≥ 3, if d = 2

NtNr ≥ d, if d ≥ 3
. (15)

After formulating the problem and discussing the conditions

for its solution, we will introduce a convex solution for MTAP
in the next section.

III. CONVEX SOLUTION FOR MTAP

In this section, we propose a novel method to address
the MTAP issue stated in Section II-C, by determining the
permutation matrices Gj’s, each of which aligns the observed
measurements at receiver j with their corresponding targets,
thereby resolving the underlying association ambiguity in
distributed OTFS radar systems. To achieve this, we define
the BR and RR measurement permutation error as

ekij ≜ gz
j rj − (∥qi − suk

∥+ ∥pj − suk
∥) , (16a)

ėkij ≜ gz
j ṙj −

(
(suk

− qi)
T

∥suk
− qi∥

ṡuk
+

(suk
− pj)

T

∥suk
− pj∥

ṡuk

)
,

(16b)

where z = k+K(i− 1) denotes the zth row of the Gj . Note
that, the errors will be zero if the measurements are correctly
permuted in the absence of noise. The permutation matrix Gj

can be obtained through solving

minimize
suk

,ṡuk
,Gj

Nr∑
j=1

Nt∑
i=1

K∑
k=1

((
ekij
)2

+
(
ėkij
)2)

. (17)

However, the above equation is a non-convex problem,
which is challenging to solve directly. To address this, the
auxiliary variables dkij and ḋkij are introduced, then (17) can
be represented as

minimize
suk

,ṡuk
,Gj ,dk

ij ,ḋ
k
ij

Nr∑
j=1

Nt∑
i=1

K∑
k=1

((
dkij
)2

+
(
ḋkij

)2)
(18a)

s.t. gk
j rj − ∥qi − suk

∥ − ∥suk
− pj∥ ≤ dkij , (18b)

gk
j rj − ∥qi − suk

∥ − ∥suk
− pj∥ ≥ −dkij , (18c)

gk
j ṙj −

(suk
− qi)

T

∥suk
− qi∥

ṡuk
− (suk

− pj)
T

∥suk
− pj∥

ṡuk
≤ ḋkij ,

(18d)

gk
j ṙj −

(suk
− qi)

T

∥suk
− qi∥

ṡuk
− (suk

− pj)
T

∥suk
− pj∥

ṡuk
≥ −ḋkij .

(18e)

Since these permutation matrices rearrange the places of
measured vectors only, their entries should be either 0 or 1.
Under this condition, problem (18) can be categorized as a
mixed-integer program, making it difficult to obtain a global-
optimal solution. For that, we relax the conditions necessary
but not sufficient, by

0 ≤ gluij ≤ 1,

K∑
l=1

gluij = 1,

K∑
u=1

gluij = 1 (19)

where gluij is the (l, u)th entry of Gij . Having these relaxed
conditions, (18) can be transformed into

minimize
suk

,ṡuk
,Gij ,dk

ij ,ḋ
k
ij

Nr∑
j=1

Nt∑
i=1

K∑
k=1

((
dkij
)2

+
(
ḋkij

)2)
(20a)
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s.t. gk
ijrj − ∥qi − suk

∥ − ∥suk
− pj∥ ≤ dkij , (20b)

gk
ijrj − ∥qi − suk

∥ − ∥suk
− pj∥ ≥ −dkij , (20c)

gk
ij ṙj −

(suk
− qi)

T

∥suk
− qi∥

ṡuk
− (suk

− pj)
T

∥suk
− pj∥

ṡuk
≤ ḋkij ,

(20d)

gk
ij ṙj −

(suk
− qi)

T

∥suk
− qi∥

ṡuk
− (suk

− pj)
T

∥suk
− pj∥

ṡuk
≥ −ḋkij ,

(20e)

0 ≤ gluij ≤ 1,

K∑
l=1

gluij = 1,

K∑
u=1

gluij = 1 (20f)

where gk
ij denotes the kth row of Gij .

Now, the problem in (20) only contains continuous vari-
ables. However, addressing the problem in (20) is still chal-
lenging due to the non-convex constraints in (20b), (20d) and
(20e). To tackle this problem, we apply the first-order Taylor
approximation. Specifically, we define the following functions
as

fij(x) ≜ ∥qi − x∥+ ∥x− pj∥ , (21a)

hij(x,y) ≜
(x− qi)

T

∥x− qi∥
y +

(x− pj)
T

∥x− pj∥
y. (21b)

Then, the first-order Taylor approximation of fij(x) at point
s
(n)
uk can be obtained by

fi,j(x) ∼= fi,j

(
s(n)uk

)
+∇xfi,j

(
s(n)uk

)(
x− s(n)uk

)
, (22)

where ∇xfi,j

(
s
(n)
uk

)
is the gradient of fi,j(x) evaluated at

s
(n)
uk , which is

∇xfi,j

(
s(n)uk

)
=

(s
(n)
uk − qi)

T∥∥∥s(n)uk − qi

∥∥∥ +
(s

(n)
uk − pj)

T∥∥∥s(n)uk − pj

∥∥∥ . (23)

Similarly, the first-order Taylor approximation of hij(x,y) at
point (s(n)uk , ṡ

(n)
uk ) can be written as

hi,j(x,y) ∼=hi,j

(
s(n)uk

, ṡ(n)uk

)
+∇xhi,j

(
s(n)uk

, ṡ(n)uk

)(
x− s(n)uk

)
+∇yhi,j

(
s(n)uk

, ṡ(n)uk

)(
y − ṡ(n)uk

)
, (24)

where

∇xhi,j

(
s(n)uk

, ṡ(n)uk

)
=

(
ṡ
(n)
uk

)T∥∥∥s(n)uk − qi

∥∥∥ −

(
s
(n)
uk − qi

)T
ṡ
(n)
uk

(
s
(n)
uk − qi

)T
∥∥∥s(n)uk − qi

∥∥∥3
+

(
ṡ
(n)
uk

)T∥∥∥s(n)uk − pj

∥∥∥ −

(
s
(n)
uk − pj

)T
ṡ
(n)
uk

(
s
(n)
uk − pj

)T
∥∥∥s(n)uk − pj

∥∥∥3
(25)

and

∇yhi,j

(
s(n)uk

, ṡ(n)uk

)
=

(s
(n)
uk − qi)

T∥∥∥s(n)uk − qi

∥∥∥ +
(s

(n)
uk − pj)

T∥∥∥s(n)uk − pj

∥∥∥ . (26)

Considering the fact that the non-convex constraint (20b),

(20d) and (20e) can be written as gk
ijrj − fi,j (suk

) ≥ −dkij ,
gk
ij ṙj − hi,j (suk

, ṡuk
) ≤ −ḋkij , and gk

ij ṙj − hi,j (suk
, ṡuk

) ≥
−ḋkij , substituting (22) and (24) into these non-convex con-
straints (20b), (20d) and (20e), the problem (20) can re-
expressed as

minimize
suk

,ṡuk
,Gij ,dk

ij ,ḋ
k
ij

Nr∑
j=1

Nt∑
i=1

K∑
k=1

((
dkij
)2

+
(
ḋkij

)2)
(27a)

s.t. gk
ijrj − fi,j

(
s(n)uk

)
−∇xfi,j

(
s(n)uk

)(
suk

− s(n)uk

)
≤ dkij , (27b)

gk
ijrj − fi,j (suk

) ≥ −dkij , (27c)

gk
ij ṙj − hi,j

(
s(n)uk

, ṡ(n)uk

)
−∇xhi,j

(
s(n)uk

, ṡ(n)uk

)(
suk

− s(n)uk

)
−∇yhi,j

(
s(n)uk

, ṡ(n)uk

)(
ṡuk

− ṡ(n)uk

)
≤ ḋkij , (27d)

gk
ij ṙj − hi,j

(
s(n)uk

, ṡ(n)uk

)
−∇xhi,j

(
s(n)uk

, ṡ(n)uk

)(
suk

− s(n)uk

)
−∇yhi,j

(
s(n)uk

, ṡ(n)uk

)(
ṡuk

− ṡ(n)uk

)
≥ −ḋkij , (27e)

0 ≤ gluij ≤ 1,

K∑
l=1

gluij = 1,

K∑
u=1

gluij = 1. (27f)

Following the above steps, the problem in (17) is converted
to a convex optimization problem, which can be efficiently
solved using the CVX toolbox in the MATLAB environment.
Both the permutation matrices and target state are estimated
by addressing (27). However, the Taylor approximation in
(27) may induce errors in the subsequent steps, potentially
degrading system performance. Given this issue, we update
the Taylor approximations (22) and (24) based on the previous
estimates of suk

and ṡuk
, which are denoted by s

(n+1)
uk

and ṡ
(n+1)
uk , thereby enhancing estimation accuracy. This step

is repeated until the convergence conditions are met. The
procedure of the proposed method is illustrated in Algorithm
I.

Remark 1: Note that the initial points s
(0)
u1 , s(0)u2 , . . ., s(0)uK

must be chosen to avoid close proximity to the positions of
transmitters or receivers. This is because the absolute values
of the gradients ∇xfi,j

(
s
(n)
uk

)
and ∇xhi,j

(
s
(n)
uk , ṡ

(n)
uk

)
will

be significantly larger and result in a huge error in first-order
Taylor approximation if the s

(0)
uk approaches qi or pj , leading

to local convergence or even divergence.
As discussed earlier, the matrices Ĝij’s represent the es-

timated permutation matrices rather than their exact forms.
The exact estimates of Gij can be obtained by applying the
general rounding rule, assigning entries to 0 or 1 based on
their respective values. However, if all elements in a row or
column are less than 0.5, this method becomes ineffective. To
address this, specific convergence conditions should be taken
into account, ensuring that at least one element greater than
0.5 in each row and column. Toward this end, we propose to
employ another criterion to the permutation matrices, which

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JIOT.2025.3578819

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on June 12,2025 at 03:16:24 UTC from IEEE Xplore.  Restrictions apply. 



7

Algorithm 1 Solution for MTAP
Input: {rj} - Measured NrNtK BRs.

{ṙj} - Measured NrNtK RRs.
Condition: NtNr ≥ d.
Implementation:

1) Initialize s
(0)
u1 , s(0)u2 , . . ., s(0)uK and ṡ

(0)
u1 , ṡ(0)u2 , . . ., ṡ(0)uK .

2) Set the threshold ξ and ξ̇.
3) Set n ←− 0.
4) While

∑K
k=1

∥∥∥s(n)
uk − s

(n−1)
uk

∥∥∥2

2
> ξ or∑K

k=1

∥∥∥ṡ(n)
uk − ṡ

(n−1)
uk

∥∥∥2

2
> ξ̇ do.

5) Update fi,j
(
s
(n)
uk

)
in (22),

∇xfi,j
(
s
(n)
uk

)
in (23),

hi,j

(
s
(n)
uk , ṡ

(n)
uk

)
in (24),

∇xhi,j

(
s
(n)
uk , ṡ

(n)
uk

)
in (25)

and ∇yhi,j

(
s
(n)
uk , ṡ

(n)
uk

)
in (26).

6) Solve (27) to obtain the solutions Gij’s, s(n+1)
uk ’s and ṡ

(n+1)
uk ’s.

7) n ←− n+ 1.
8) End while

Output: Gij’s - Estimates of permutation matrices.
ŝuk ’s and ˆ̇suk ’s - Estimates of target states.

is
G̃ij = argmax

E∈H
trace

(
ĜT

ijE
)

(28)

where H is the set of all possible K×K permutation matrices.
Then, the exact estimates of permutation matrices Gj’s can be
obtained by

G̃j = blkdiag
(
G̃1j , G̃2j , . . . , G̃Ntj

)
. (29)

With the data associations resolved, the multi-target sensing
problem is decomposed into K single-target sensing tasks.
This problem can be addressed by using well-known estima-
tion methods to estimate each target location and velocity
based on the corresponding BB and BR measurements. It
is noteworthy that although (27) provides estimates of suk

and ṡuk
along with the permutation matrices, these estimates

exhibit low accuracy and may not reach the CRLB, particularly
under high noise conditions. To enhance accuracy, we need to
refine the preliminary solution in (27) to obtain more accurate
estimations for suk

’s and ṡuk
’s, as detailed in the next section.

IV. POSITION AND VELOCITY ESTIMATION REFINEMENT

As discussed previously, the preliminary MTAP solution is
suboptimal due to relaxed constraints and ignored measure-
ment noise. In this section, we propose an MLE to refine the
solution using the permuted measurements.

Specifically, with the permuted measurements from the last
section, all the BR and RR measurements are collected by the
NtNrK × 1 measurement vectors,

r = [rT1 , r
T
1 , . . . , r

T
Nr

]T , (30a)

ṙ = [ṙT1 , ṙ
T
2 , . . . , ṙ

T
Nr

]T . (30b)

The noise vectors corresponding to r and ṙ are denoted as
nr and nṙ, respectively. Considering both the BR and RR
measurements are uncorrelated zero-mean Gaussian noise with
known covariance, the covariance matrices Qr of nr and Qṙ

of nṙ shall be known. The quantities we aim to estimate are
the target positions and velocities,

S = [s1, s2, . . . , sK ], (31a)

Ṡ = [ṡ1, ṡ2, . . . , ṡK ]. (31b)

Under the Gaussian noise model, the MLE is

(Ŝ, ˆ̇S) = argmin
{
(r− r(S, Ṡ))TQ−1

r (r− r(S, Ṡ))

+(ṙ− ṙ(S, Ṡ))TQ−1
ṙ (ṙ− ṙ(S, Ṡ))

}
,

(32)

where r(S, Ṡ) and ṙ(S, Ṡ) represent the parametric forms of
the BRs and RRs in terms of the unknowns. Due to the
high dimension of the unknown parameter space and the
complicated error surface, it is infeasible to directly optimize
MLE in (32) through grid search. However, the preliminary
solution might provide adequate accuracy as the initial value
for an iterative implementation of MLE to enhance precision.

For notation convenience, the unknowns of the target posi-
tions and velocities can be collected in the composite unknown
vector, given by

θo =
[
soT1 , soT2 , . . . , soTK , ṡoT1 , ṡoT2 , . . . , ṡoTK

]T
. (33)

In particular, we adopt the Gauss-Newton MLE for a highly
accurate solution, which is

θ̂(l+1) =θ̂(l) +
[
B(l)TQ−1B(l)

]−1

× B(l)TQ−1
[
m−m

(
θ(l)
)]

,
(34)

for l = 0, 1, . . . , L− 1.
In MLE, l is the iteration count, and L is the total iteration

number. Q = blkdiag(Qr,Qṙ), m = [rT , ṙT ]T , m
(
θ(l)
)

represents the parametric forms of the BRs and RRs in terms
of θ(l), and the initial value θ(0) is the preliminary solution
from (27). The 2NtNrK × 2Kd matrix B is the gradients of
BRs and RRs with respect to the target positions and velocities.
They are, from (9) and (10),

∂ṙk1
ij (θ)

∂sk2

=
∂ṙk1

ij (θ)

∂ṡk2

=
∂rk1

ij (θ)

∂sk2

= 0, k1 ̸= k2 (35a)

∂rkij (θ)

∂sk
= ρsk,qi

+ ρsk,pj
, (35b)

∂ṙkij (θ)

∂sk
= ξsk,qi

+ ξsk,pj
, (35c)

∂ṙkij (θ)

∂ṡk
=

∂rkij (θ)

∂sk
, (35d)

where

ξsok,qi
=

ṡk
∥sk − qi∥

− (sk − qi)
T
ṡk

∥sk − qi∥2
ρsk,qi

, (36a)

ξsok,pj
=

ṡk
∥sk − pj∥

− (sk − pj)
T
ṡk

∥sk − pj∥2
ρsk,pj

. (36b)
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V. COMPLEXITY ANALYSIS

In this section, we examine the computational complexities
of the proposed data association algorithm and iterative MLE.

A. Data Association Algorithm
The data association algorithm progresses from (27) to

(29), with the dominant complexity arising from (27), which
can be written as second-order cone programming (SOCP).
Consider the practical cases that NtNr ≫ 1 and K2 ≫ 1,
the corresponding computation complexity of solving the
SOCP with precision ϵ using interior point methods is
O
(
K7 (NtNr)

3.5
ln(1/ϵ)

)
. Moreover, to obtain the valid

permutation matrices in (28), we examine all possible per-
mutation matrices with K!NtNr in total, which requires a
computational complexity of O (K!KNtNr). Consequently,
the complexity of the data association algorithm is

CDA = O
(
K7 (NtNr)

3.5
ln(1/ϵ) +K!KNtNr

)
. (37)

B. Iterative MLE
The iterative MLE in (34) has the complexity primarily

determined by the computation and inversion of the matrix.
The size of gradient matrix B is 2NtNrK × 2Kd. Assuming
the matrix Q−1 has been calculated, the complexity to find
the matrix for inversion is O

(
8K3NtNrd(d+NtNr)

)
. The

matrix inversion has the complexity of O
(
(2Kd)ξ

)
, where

the parameter ξ is 3 typically and 2.376 by the Smith-
Winograd algorithm. Given the iteration number of LM , the
total complexity of the iterative MLE is

CMLE = O
(
LM (8K3NtNrd(d+NtNr) + (2Kd)ξ)

)
. (38)

In summary, the computational complexity of the data
association and the iterative MLE are provided in (37) and
(38), respectively. As observed, (37) gets a higher complexity
than (38), primarily due to the computational demands of
solving the SOCP in the data association algorithm. Therefore,
the complexity of the localization process is dominated by the
SOCP.

VI. EXPERIMENTS AND EVALUATIONS

In this section, numerous simulations are performed to
validate the effectiveness of the proposed work.

A. Setting
We consider an outdoor scenario for moving multi-target

sensing, with The Cartesian coordinates of the actual param-
eters of transmitters, receivers, and targets demonstrated in
Table II. We set signal propagation speed c = 299792458 m/s,
No. of subcarriers M = 64, No. of OTFS symbols N = 64,
carrier frequency fc = 4 GHz, subcarrier spacing ∆f = 10
KHz, transmitter gain Gt = 55 dB, and receiver gain Gr =
55 dB. The path loss ρki,j between the (i, j) th transmitter-
receiver for the k−th target is computed based on Friis’ Law
[32], given by

ρki,j = GrGt

(
λc

4πrki,j

)2

, (39)

where λc = c/fc is the wavelength. The Cartesian co-
ordinates of initial locations s

(0)
uk ’s and velocities ṡ

(0)
uk are

selected randomly according in x, y ∼ U(−700, 700)m , z ∼
U(500, 1000)m, and ẋ, ẏ, ż ∼ U(−30, 30)m/s.

TABLE II
PARAMETERS OF TRANSMITTERS, RECEIVERS AND TARGETS

i xqi (m) yqi (m) zqi (m) j xpj (m) ypj (m) zpj (m)

1 -400 -300 300 1 -500 -500 200
2 -400 300 200 2 500 500 100
3 400 300 50 3 0 800 200
4 200 700 400 4 800 0 100
5 -200 0 -400 5 -800 0 200
6 800 0 -200 6 -300 -350 150

k xsk (m) ysk (m) zsk (m) k ẋsk (m/s) ẏsk (m/s) żsk (m/s)

1 400 550 600 1 12 -5 20
2 -350 480 750 2 15 5 10
3 200 -300 800 3 15 -15 5
4 -450 -300 650 4 8 10 15
5 -100 450 950 5 -8 6 20
6 100 -250 750 6 10 8 -12

The root-mean-square error (RMSE) is selected as the
performance metric, which is

RMSE(∗̂) =

√√√√ 1

KL

K∑
k=1

L∑
l=1

∥(∗̂)kl − (∗o)k∥
2
, (40)

where (∗o)k is the actual value of the position or velocity
of the k−th target, (∗̂)kl is the estimated values of (∗o)k in
l−Monte Carlo run, and L is the number of Monte Carlo runs.
L is set to L = 1000 unless stated otherwise.

The proposed solution for MTAP in Algorithm I uses both
BR and RR measurements, denoted as ”2D-DA”. We compare
its performance with the one from [30] that solely uses BR
measurements, expressed as “1D-DA”. The proposed MLE
in (34) will be examined against the two-stage WLS method
from [33], denoted by ”TSWLS”. Both the proposed MLE and
TSWLS use the solution from 2D-DA. The RMSEs of targets’
positions and velocities are selected as sensing performance
metrics. To assess the impact of data association on sensing
performance, we initialize with 2D-DA results and apply MLE
iteratively using correctly permuted (i.e., Correct Association)
and unpermuted measurements (i.e., Rough Estimation), re-
spectively. Additionally, the CRLB is chosen as a performance
benchmark. The convex problem in (27) is addressed using the
MATLAB toolbox CVX [34], with the SDPT3 [35] as solver.

B. Data Association

Fig. 2 illustrates the RMSEs of position and velocity with
Nt = 6 (q1, . . . ,q3), Nr = 6 (p1, . . . ,p6), and M = 3
(s1, s2, s3) with SNR = -5 dB, 5 dB and 15 dB, respectively.
The red lines with the markers are the CRLB bounds. As ob-
served, the RMSEs of the position and velocity will converge
after a few iterations for the proposed 2D-DA even for SNR
= -5 dB. Furthermore, the RMSEs in both cases do not reach
CRLB bounds, especially for low SNR, due to the relaxed
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constraints, neglect of noise, and incorrect permutation for low
SNR.
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Fig. 2. The evolution of RMSE of position and velocity with Nt = 6
(q1, . . . ,q6), Nr = 6 (p1, . . . ,p6) and K = 3 (s1, s2, s3) at SNR = -
5 dB, 5 dB, and 15 dB. The red lines with identical markers indicate the
bounds, corresponding from top to bottom to SNR = –5 dB, 5 dB, and 15
dB, respectively.
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Fig. 3. Incorrect permutations with Nt = 6 (q1, . . . ,q6), Nr = 6
(p1, . . . ,p6) and K = 3 (s1, s2, s3). The yellow bars are the results of
1D-DA from [30] and the blue bars are those of the proposed 2D-DA. The
number of iterations for 2D-DA is 10.

Fig. 3 compares the data association accuracy of the pro-
posed 2D-DA with the 1D-DA in [30] for Nt = 6 (q1, . . . ,q6),
Nr = 6 (p1, . . . ,p6), and K = 3 (s1, s2, s3). For the
proposed 2D-DA, 10 repetitions are applied in step 6 of
Algorithm I. As depicted, our proposed 2D-DA significantly
outperforms 1D-DA across SNR conditions considered. For
instance, the proposed method can achieve nearly 0 incorrect
permutations when SNR= -5 dB, whereas the 1D-DA has more
incorrect permutations. The performance gap widens at lower
SNRs, highlighting the robustness of the proposed 2D-DA
method. This is credited to that 2D-DA jointly exploits BR and
range RR measurements, which effectively reduce ambiguity
in target-measurement association. In contrast, 1D-DA relies

solely on BR, offering limited discriminability when targets
have similar BR values.
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Fig. 4. Incorrect permutations with respect to number of Target K
(s1, . . . , sK ), Nt = 6 (q1, . . . ,q6), Nr = 6 (p1, . . . ,p6 and SNR = −10
dB. The yellow bars are the results of 1D-DA from [30] and the blue bars are
those of the proposed 2D-DA. The number of iterations for 2D-DA is 10.

Next, we examine the impact of target numbers on the
data association accuracy, as shown in Fig. 4. In this figure,
Nt = 6, Nr = 6, and SNR is −10 dB. Several interesting
findings can be observed. First, both 2D-DA and 1D-DA
undergo performance degradation as the number of targets
increases. The reason is that Additionally, the proposed 2D-
DA consistently achieves superior performance than 1D-DA.
This is because the BRs and RRs result from the same targets,
and both of them can increase the permutation accuracy.

C. Position and Velocity Estimation

Fig. 5 demonstrates the RMSEs of position and velocity
using the estimations in Fig. 2 as initial values. The red
lines show the corresponding bounds. As can be seen, the
proposed MLE shows rapid convergence, even within one
iteration. Moreover, the results of the proposed MLE approach
the CRLB rapidly. This is credited to the preliminary solution
from MTAP, which provides an adequate initial value for MLE
to achieve satisfactory accuracy.

In the following, we test the target sensing performance
of the proposed method at the different SNR conditions, as
shown in Fig. 6 and 7. The results with the unpermuted
measurements are reasonably poor. It appears that the proposed
2D-DA can provide a preliminary solution for target states,
including position and velocity. Based on the 2D-DA solution,
the proposed MLE is used to refine target state estimation,
with its performance shown by the green lines. The red lines
represent the results of the proposed MLE with correctly
permuted measurements. Both the red and green lines achieve
the CRLB, demonstrating the accuracy of 2D-DA and the
effectiveness of the proposed MLE. However, based on the
same permuted measurements of 2D-DA, TSWLS shows poor
performance with the RMSEs always over 6 m and 5 m/s.

Next, we examine the sensing accuracies of the position
and velocity with the number of transmitters in Fig. 8 and 9,
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5 dB, and 15 dB. The initial values are the estimations from 2D-DA with 8
iterations in Fig. 2. The red lines with identical markers indicate the bounds,
corresponding from top to bottom to SNR = –5 dB, 5 dB, and 15 dB,
respectively. The number of iterations for 2D-DA is 10.

-10 -5 0 5 10 15 20

SNR

-5

0

5

10

15

20

25

30

35

R
M

S
E

 (
m

)

Position

CRLB

DA+MLE

Correct Association

Rough Estimation

DA+TSWLS

DA

Fig. 6. The RMSE of the position against received SNR with Nt = 3
(q1, . . .,q6), Nr = 6 (p1, . . . ,p6) and K = 3 (s1, s2, s3). The red lines
show the corresponding bounds. The number of iterations for 2D-DA and
MLE are 10 and 3, respectively.

respectively. It can be seen that the proposed MLE method
with corrected associated measurements can always reach the
CRLB even with two transmitters. The preliminary target
state estimates by 2D-DA are generally far from the CRLB.
However, when the proposed MLE is applied after 2D-DA,
the sensing performance can be effectively refined, which can
reach CRLB with more than three receivers. The result is
attributed to the reduced accuracy of data association by 2D-
DA when the number of transmitters is low. By contrast, the
TSWLS can not improve by 2D-DA.

VII. CONCLUSION

This paper investigated sensing problems for multiple mov-
ing targets with distributed OTFS radars, aiming to enhance
the sensing performance of UAV networks. By leveraging
the delay and Doppler information from the OTFS channel,
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Fig. 7. The RMSE of the velocity against received SNR with Nt = 3
(q1, . . .,q6), Nr = 6 (p1, . . . ,p6) and K = 3 (s1, s2, s3). The red lines
show the corresponding bounds. The number of iterations for 2D-DA and
MLE are 10 and 3, respectively.
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Nt (q1, . . . ,qNt ), K = 3 (s1, . . . , s3), Nr = 6 (p1, . . . ,p6) and SNR
= −10 dB. The red lines show the corresponding bounds. The number of
iterations for 2D-DA and MLE are 10 and 3, respectively.

we proposed a data association method, i.e., 2D-DA, to
simultaneously address target sensing and data association
tasks by formulating an optimization problem. To improve
estimation performance, we proposed to employ MLE to refine
the preliminary solutions of 2D-DA as an initialization for
the iterative implementation of the MLE. Additionally, we
conducted the computational complexities of the proposed
data association algorithm and iterative MLE. Simulations
demonstrated that the proposed method can achieve the CRLB
performance. In summary, by providing accurate estimates of
moving target states, the proposed approach enhances sensing
performance in UAV-based applications.

APPENDIX A
CRLB

The measurement vector r of BRs and ṙ of RRs are
Gaussian distributed and uncorrelated. The logarithm of the
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probability density function of r and ṙ given θo is

ln p(r, ṙ | θo) = c0 +
(
r− rT (θo)

)
Q−1

r (r− r(θo))

+
(
ṙ− ṙT (θo)

)
Q−1

ṙ (ṙ− ṙ(θo)),
(41)

where c0 is a constant independent of the unknowns. The
Fisher information matrix (FIM) is equal to

J (θo) =
∂rT (θo)

∂θo
Q−1

r

∂r (θo)

∂θoT

+
∂ṙT (θo)

∂θo
Q−1

ṙ

∂ṙ (θo)

∂θoT
,

(42)

where the dK ×NtNrK gradient matrices are

∂rT (θo)

∂θo
=

[
∂r1o11 (θ

o)

∂θo
,
∂r1o12 (θ

o)

∂θo
, . . . ,

∂rKo
NtNr

(θo)

∂θo

]
,

(43a)

∂ṙT (θo)

∂θo
=

[
∂ṙ1o11 (θ

o)

∂θo
,
∂ṙ1o12 (θ

o)

∂θo
, . . . ,

∂ṙKo
NtNr

(θo)

∂θo

]
.

(43b)

The elements in (43a) and (43b) can be expressed as

∂rkoij (θo)

∂θo
=

0, ∂rkoij (θo)

∂sok

T

↑
d(k−1):dk

,0


T

, (44a)

∂ṙkoij (θo)

∂θo
=

0, ∂ṙkoij (θo)

∂sok

T

↑
d(k−1):dk

,0,
∂ṙkoij (θo)

∂ṡok

T

↑
d(K+k−1):d(K+k)

,0


T

,

(44b)

where

∂rkoij (θo)

∂sok

T

= ρT
sok,qi

+ ρT
sok,pj

, (45a)

∂ṙkoij (θo)

∂sok

T

= ξTsok,qi
+ ξTsok,pj

, (45b)

∂ṙkoij (θo)

∂ṡok

T

=
∂rkoij (θo)

∂sok

T

, (45c)

where ξsok,qi
and ξsok,pj

are defined in (36a) and (36b). Under
the Gaussian measurement noise model, the CRLB of θo is
given by

CRLB (θo) = J (θo)
−1

. (46)

The CRLB provides the best achievable accuracy for target
position and velocity estimations.
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