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Abstract—The fully-decoupled radio access network (FD-RAN)
with multiple base stations (BS) networked cooperation is expected
to provide high-quality communication coverage for aerial vehicles
while sensing their locations accurately and efficiently. In this pa-
per, we propose a novel multiple BSs cooperative passive integrated
sensing and communication (ISAC) framework in FD-RAN for
low-altitude aerial vehicles. It utilizes the Doppler shift information
from uplink orthogonal frequency division multiplexing (OFDM)
signals to achieve efficient localization without incurring additional
sensing overhead. Specifically, the carrier frequency offset (CFO)
compensation process at each BS captures Doppler shift resulting
from the relative motion between the aerial vehicle and the BS. Con-
sidering the position and velocity of the aerial vehicle as unknown
variables, the localization is achieved by formulating and solving a
system of equations describing these Doppler shifts. Furthermore,
to enable accurate trajectory tracking, we design a learning-based
adaptive double-filter (LADF) algorithm, which leverages tempo-
ral correlations in both Doppler shift measurements and vehicle
trajectories to improve the time-continuous localization. Extensive
simulation results demonstrate the effectiveness of our proposed
ISAC framework in low-altitude FD-RAN, which can enhance the
coverage performance and efficiently provide accurate localization
for aerial vehicles.

Index Terms—Low-altitude, ISAC, cooperative, Doppler shift,
deep learning.

I. INTRODUCTION

LOW-ALTITUDE aerial vehicles, which include electric
vertical take-off and landing (eVTOL), uncrewed aerial

vehicles (UAV), and crewed aerial vehicles, are essential to
the rapidly growing low-altitude economy [1], [2], [3], [4],
[5], [6]. Operating in such dynamic and congested airspaces,
aerial vehicles necessitate advanced capabilities for real-time
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data exchange and accurate positioning and navigation to en-
sure safe flight operations [7], [8], [9], [10], [11]. In addition,
the position information of the aerial vehicle is crucial for
beamforming, which can further improve the communication
performance [12], [13]. However, frequent reporting of location
information by vehicles consumes bandwidth, while some may
even be reluctant to share it. Therefore, the low-altitude network
needs the sensing ability to support both navigation and com-
munication services. Traditional systems that manage sensing
and communication separately often face significant challenges,
including increased latency, higher energy consumption, and
inefficient spectrum utilization. These issues can severely im-
pede the performance and scalability of aerial vehicle opera-
tions, thereby limiting their potential impact on the low-altitude
economy.

To meet these critical demands, integrated sensing and com-
munication (ISAC) has emerged as a pivotal technology that
seamlessly combines wireless communication and sensing func-
tions within a single system [14], [15], [16], [17], [18], [19]. This
integrated approach enables the sharing of hardware resources,
spectrum, and signal processing techniques, thereby enhancing
overall performance and resource efficiency while reducing de-
ployment costs. Most traditional ISAC implementations rely on
a single base station (BS) architecture, where both communica-
tion and sensing functions are confined to a single cell. Although
single BS ISAC provides foundational integration, it is limited
in terms of sensing coverage and resolution. To address these
limitations, multiple BSs cooperative ISAC leverages the col-
laboration of several BSs distributed across different locations,
thereby expanding coverage and enhancing both communication
and sensing capabilities [20], [21]. By pooling signals from mul-
tiple BSs, multi-BS cooperative ISAC offers higher reliability,
improved resource efficiency, and enhanced sensing accuracy
compared to single BS ISAC.

A promising implementation of multiple BSs cooperative
ISAC is based on Doppler shift analysis, which is particularly
well-suited for low-altitude aerial vehicles. Fast-moving aerial
vehicles experience significant relative motion with respect to
ground BSs, resulting in Doppler shifts in the communication
signals [22], [23], [24], [25], [26], [27], [28]. In an uplink
orthogonal frequency division multiplexing (OFDM) commu-
nication system with joint reception by multiple BSs, each BS
first estimates and compensates for the carrier frequency offset
(CFO) using the cyclic prefix (CP). This CFO compensation
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process inherently accounts for the Doppler shift caused by the
relative motion between the eVTOL and each BS [29], [30], [31].
The Doppler shift observed at each BS can be mathematically
modeled as a set of equations, where the speed and position of
the aerial vehicle are the unknown variables [32], [33], [34].
By solving this system of equations, the position of the aerial
vehicle can be accurately determined, thereby enabling effective
localization and tracking within passive ISAC systems.

Moreover, multiple BSs cooperative passive ISAC based on
Doppler shift offers significant advantages in spectrum utiliza-
tion and robustness to noise. Unlike schemes relying on dedi-
cated sensing signals, which require allocating part of the limited
communication time-frequency resources exclusively to sens-
ing, the Doppler-based cooperative ISAC approach leverages
existing communication signals without necessitating additional
time-frequency overhead [35]. This efficient spectrum usage
allows the same bandwidth to support data transmission and
sensing simultaneously. Furthermore, compared to radar-like
sensing methods that rely on analyzing echo signals reflected
from targets, the Doppler-based approach inherently benefits
from the accurate estimation of CFO in OFDM systems. Since
accurate CFO estimation is essential for maintaining commu-
nication performance, the estimated Doppler shifts from these
signals provide a more robust sensing approach, enhancing
resilience against noise and interference. In addition, the fully
decoupled radio access network (FD-RAN), as a new sixth-
generation (6G) architecture, can economically support dense
deployment of uplink BSs via uplink–downlink decoupling,
enabling close real-time cooperation among uplink BSs [36],
[37]. FD-RAN enables the network to aggregate Doppler shift
measurements from multiple BSs in real time by implementing
efficient data fusion and information exchange for the joint
processing of multiple uplink BSs. The densely deployed uplink
BS and efficient multi-BS collaboration capabilities in FD-RAN
provide a solid foundation for the cooperative ISAC system.

Trajectory tracking of aerial vehicles is a critical require-
ment in the low-altitude economy, necessitating time-continuous
localization that can be significantly improved by leveraging
temporal correlations [38], [39], [40]. Although noise in the
uplink signal introduces errors in Doppler shift estimation,
the relative motion between aerial vehicles and BSs evolves
continuously and smoothly over time, rendering Doppler shift
variations largely predictable. This predictability can be effec-
tively captured using deep learning techniques, which exploit the
temporal correlations in Doppler shift dynamics to provide more
accurate real-time estimates [41], [42], [43], [44], [45], [46].
Furthermore, since the speed and trajectory changes of aerial
vehicles adhere to fundamental kinematic principles, additional
refinements in time-continuous localization can be achieved
through techniques such as Kalman filtering. By separately
utilizing temporal correlations and filtering Doppler shifts and
trajectory data, the accuracy of trajectory tracking is significantly
enhanced [47]. Consequently, Doppler shift based ISAC systems
are exceptionally well-suited to meet the stringent demands of
trajectory tracking for high-mobility aerial vehicles, thereby
ensuring reliable and efficient operation in complex low-altitude
environments.

In this paper, we present a novel multiple BSs cooperative
passive ISAC framework for low-altitude aerial vehicles. By
leveraging Doppler shift analysis, our approach eliminates the
need for additional sensing resources, thereby reducing overhead
while maintaining robust localization capabilities. Specifically,
in the uplink communication module, each FD-RAN uplink
BS independently estimates and compensates for the Doppler
shift. The compensated signals from all participating BSs are
then combined using a maximum ratio combination (MRC)
algorithm, improving the communication performance. Addi-
tionally, we propose a Doppler shift-based localization method
for aerial vehicles that utilizes Doppler estimations inherently
provided by OFDM receivers, thereby avoiding the consumption
of additional resources. Furthermore, by exploiting the tempo-
ral correlation between Doppler shifts and trajectory data in
trajectory-tracking applications, we introduce a learning-based
approach to enhance the accuracy of continuous-time localiza-
tion. Finally, we demonstrate the superior performance of our
multiple BSs cooperative ISAC framework through extensive
simulations. The primary contributions of this work can be
summarized as follows:
� We propose a multiple BSs cooperative passive ISAC

framework for low-altitude aerial vehicles, leveraging
Doppler shifts inherently obtained from OFDM systems
for localization, eliminating the need for additional sensing
resources.

� We formulate the Doppler shift-based aerial vehicle lo-
calization problem under noise condition in the ISAC
system as a minimization-of-error task, and propose a
localization solution based on the nonlinear least squares
algorithm.

� We design a learning-based adaptive double filter (LADF)
algorithm for time-continuous localization of aerial vehi-
cles, exploiting temporal correlations in both Doppler shift
and trajectory data to improve the accuracy of trajectory
tracking.

The remainder of this paper is organized as follows. Section II
reviews related works on low-altitude ISAC, multi-BS cooper-
ative ISAC, and Doppler shift based localization. Section III
presents the system model and the proposed ISAC framework.
Section IV formulates the localization problem and provides
a solution for single time slot localization. Section V presents
the proposed LADF algorithm for time-continuous localization.
Finally, Section VI shows the simulation results, followed by
the conclusion in Section VII.

II. RELATED WORK

A. Low-Altitude Economy With ISAC

Low-altitude aerial vehicles, typically referring to small- and
medium-sized platforms operating at altitudes below 3 km, are at
the core of the rapid expansion of the low-altitude economy [54].
Their deployment spans a wide range of applications, including
cargo delivery, aerial inspection, emergency response, and urban
transportation. Compared with traditional aviation, low-altitude
economy operations are characterized by high density, frequent
trajectory changes, and heterogeneous service demands, all
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TABLE I
THE SUMMARY OF TYPICAL COOPERATIVE ISAC ARCHITECTURES

within congested and dynamic airspaces [55]. These unique
features place stringent requirements on wireless networks to
provide continuous connectivity, precise localization, and robust
coordination capabilities.

Meeting these requirements with conventional wireless sys-
tems remains challenging [56], [57], [58], [59]. On the one hand,
schemes that depend on periodic position reporting from aerial
vehicles lead to excessive signaling overhead and may struggle
to keep pace with highly mobile and large-scale deployments.
On the other hand, maintaining communication and sensing
as independent subsystems results in duplicated infrastructure,
inefficient spectrum usage, and higher energy consumption,
which are impractical for future large-scale low-altitude econ-
omy scenarios.

These limitations have stimulated increasing interest in ISAC
as a unified solution [60], [61], [62], [63], [64], [65]. ISAC
exploits communication signals for both data exchange and
perception tasks, thereby eliminating redundant signaling while
enabling accurate trajectory tracking and situational awareness.
Moreover, some works about the integration of sensing, com-
munication, and computation have also been studied [66], [67].
Besides, the use of generative AI for ISAC has also been stud-
ied [68], [69], [70]. In the context of low-altitude economy, this
integration is not only a matter of improving spectral efficiency,
but also a prerequisite for ensuring safe airspace management,
collision avoidance, and high-quality service delivery [71], [72],
[73], [74]. Consequently, ISAC is widely viewed as a funda-
mental enabler for the sustainable development of low-altitude
networks.

TABLE II
SIMULATION PARAMETERS

B. Multi-BS Cooperative ISAC

Multiple BSs cooperative ISAC systems exploit the collab-
oration among distributed BSs to enhance target localization
accuracy and communication performance, thereby overcoming
the inherent limitations of single-BS setups [75], [76], [77].
Through multi-node cooperative perception and sensing data
sharing, these systems enable wider coverage, improved robust-
ness, and more efficient utilization of network resources.

A variety of architectures for multi-BS cooperative ISAC
have been investigated in the literature. Radar-style designs
allow each BS to transmit orthogonal or dedicated sensing
signals and process its own echoes independently [48], [49].
Communication-oriented designs, on the other hand, employ
downlink waveforms such as OFDM or OTFS, where one or
multiple BSs transmit and multiple BSs jointly process the
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received echoes [50], [51], [52]. More recently, uplink-based
approaches have been explored, where multiple UEs transmit
OFDM signals and distributed BSs collect the reflected echoes
for joint sensing [53].

Beyond architectural designs, several works have further an-
alyzed or validated the performance of cooperative ISAC [78],
[79], [80], [81]. A networking-based ISAC hardware testbed
that enhances cooperative perception is presented, achieving a
61% reduction in localization error compared to a single ISAC
system [82]. The performance of cooperative ISAC is analyzed,
revealing that deploying N transceivers enhances cooperative
sensing performance according to the ln2 N scaling law, while
optimizing communication rates and cluster sizes to balance
sensing and communication performance effectively [49]. A
multiple BSs cooperative UAV sensing method using a MUSIC-
based symbol-level fusion approach is studied for position and
velocity estimation [83]. A fairness-based resource allocation
framework that prioritizes the weakest links by maximizing
the minimum radar sensing signal-to-interference-plus-noise
ratio (SINR) is proposed for UAV detection [84]. The balance
between sensing accuracy and additional cost is studied with
Cramer-Rao bound (CRB) [85]. Moreover, ISAC based on cell
free network architecture has also been studied from different
aspects [86], [87], [88], [89].

Nevertheless, most of these designs rely on active echo-based
sensing or additional downlink signaling, which inevitably con-
sume extra spectrum and increase system overhead. In contrast,
the FD-RAN enables dense deployment of low-cost uplink BSs
with close cooperation [13], [36], offering a foundation for
passive ISAC frameworks that exploit Doppler shifts in uplink
OFDM transmissions without extra sensing signals.

C. Doppler Shift Based Localization

Doppler shift based localization involves estimating the po-
sition and velocity of a moving target using Doppler shift mea-
surements from a group of stationary sensors, which can also
be BSs in ISAC systems [90], [91], [92], [93], [94], [95]. The
minimum number of Doppler shift measurements of echo signals
required for finite and unique solutions in a two-dimensional
(2D) scenario is derived, in which the importance of sensor
placement is also discussed [32]. For the case of the signal emit-
ted by the target, a 2D moving target is localized by observing
the Doppler shift of the emitted signal from the target with the
proposed constrained optimization methods, addressing errors
in frequency and sensor positions, and validating accuracy under
Gaussian noise [96].

Beyond these 2D localization studies, Doppler shift based
localization has been further extended and generalized to more
complex scenarios. The similar localization problem is expanded
into a three-dimensional (3D) scenario and solved by two algo-
rithms specially designed to address the complicated non-linear
relation between the target location parameters and the obser-
vations [33]. A semi-definite programming solution is proposed
for target localization that incorporates sensor motion effects on
time delay and Doppler shift, which transforms a constrained
weighted least squares problem into a convex programming

Fig. 1. Low-altitude ISAC scenario with uplink FD-RAN.

problem [97]. The mobile source localization problem using
time of arrival (TOA) and Doppler shift measurements is studied,
which is formulated as a weighted least squares problem [98].
The problem of multi-target detection and tracking over a net-
work of separately located Doppler shift measuring sensors
is solved by using the probability hypothesis density (PHD)
filter [99]. Moreover, the optimal sensor placement problem for
stationary target localization by multiple moving Doppler-shift
radars is considered and a solution based on maximizing the
determinant of the Fisher information matrix is proposed and
analyzed [100].

Compared with existing works in multiple BSs cooperative
ISAC, we propose a novel passive sensing approach based on
Doppler shift information. Moreover, we propose a learning-
based approach for Doppler shift based time-continuous local-
ization by leveraging the temporal correlations.

III. SYSTEM MODEL

In this section, we first describe the low-altitude ISAC sce-
nario, and the CP-based CFO estimation and compensation for
the OFDM signal. Then, we present the multiple BSs cooperative
ISAC framework, as well as the MRC joint decoding method for
its communication module.

A. Scenario Description

We consider the ISAC system for a low-altitude aerial vehicle
served by a group of ground uplink FD-RAN BSs. For notational
simplicity and consistency, these entities are hereafter referred
to as uplink BSs, or simply BSs when the context is clear.
As shown in Fig. 1, the aerial vehicle operates in low-altitude
airspace at a certain speed, and transmits uplink OFDM signals
to multiple BSs. These BSs are connected to an edge cloud for
cooperation, expecting to provide high-capacity communication
services while simultaneously sensing the position of the aerial
vehicle. They are denoted as b = 1, . . . ,K, where K represents
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the total number of BSs. For the uplink OFDM signal consist-
ing of M subcarriers, the frequency-domain OFDM symbol is
denoted as X(m),m = 0, . . . ,M − 1. Then, its time-domain
OFDM signal can be further obtained by applying an M -point
inverse discrete Fourier transform as,

x(n) =
1√
M

M−1∑
m=0

X(m)ej
2πmn

M , n = 0, . . . ,M − 1, (1)

where n denotes the discrete-time index for the time-domain
samples of the time-domain OFDM signal. Furthermore, to
eliminate inter-symbol interference, the cyclic prefix (CP) of
length NC is appended to the front of the time-domain OFDM
signal, and then the time domain CP-OFDM signal is obtained
as,

xC(n) =

⎧⎨
⎩
x(n+M −NC), n = 0, . . . , NC − 1

x(n−NC), n = NC, . . . ,M +NC − 1
.

(2)
The CP, which is a copy of the last NC samples of the OFDM
symbol, ensures that linear convolution within the channel ap-
pears as circular convolution at the receiver, thus preserving the
subcarrier orthogonality.

The aerial vehicle broadcasts this time domain CP-OFDM
signal and each BS receives a distinct signal due to its unique
position and the associated channel characteristics. Considering
that low-altitude aerial vehicles are generally above the majority
of ground-level obstructions, such as buildings, trees, and terrain
features, their uncluttered space provides a cleaner environment
for radio waves to propagate without being disrupted, and thus
usually form the line-of-sight (LOS) channel between the aerial
vehicle and the BSs [101]. Specifically, the time-varying com-
plex channel gain of b-th BS is denoted as,

h(b)(n) = |h(b)|ejθ(b)

ej2πf
(b)nTs , (3)

where |h(b)| is the gain amplitude and ejθ
(b)

is the initial phase
response, f (b) is frequency shift, Ts is the system sampling
period, and the exponential term ej2πf

(b)nTs models the gradual
phase rotation over time caused by the frequency shift. Within
one OFDM symbol duration, the channel amplitude and Doppler
shift are assumed quasi-static. Ignoring the small differences
caused by inconsistencies in the clocks used for transceivers, this
frequency shift consists mainly of the Doppler shift generated
by the relative motion of the aerial vehicle towards or away from
b-th BS. Since the relative velocities between the aerial vehicle
and each BS are different, f (b) is also different between each
BS, which implies that each BS observes a different Doppler
shift. Then, the received time-domain CP-OFDM signal at b-th
BS is obtained as,

r
(b)
C (n)=h(b)(n)xC(n)+w(b)(n), n=0, . . . ,M+NC − 1,

(4)
where w(b)(n) is the Gaussian noise.

In the case of the LOS channel between the aerial vehicle and
BSs, the received time-domain OFDM signal at the b-th BS after

removing the CP can be expressed as,

r(b)(n) = r
(b)
C (n+NC)

= |h(b)|ejθ(b)

ej2πf
(b)(n+NC)TsxC(n+NC)

+ w(b)(n+NC), (5)

where n = 0, . . . ,M − 1 is the discrete-time index for the time
domain OFDM signal.

B. Doppler Shift Estimation and Compensation

The estimation and compensation of Doppler shift leverage
the structural similarity between the CP and its corresponding
segment in the main OFDM signal. In the transmitted time-
domain CP-OFDM signal, the CP samples are a replica of a
specific portion from the end of the OFDM symbol. However,
when a Doppler shift is introduced by the wireless channel, it
induces a CFO, resulting in a phase rotation of each sample in
the received signal. This phase rotation disrupts the alignment
between the CP and its corresponding segment, introducing a
measurable phase difference. By analyzing this phase difference,
the BS can accurately estimate and compensate for the Doppler
shift, thereby mitigating its impact on signal integrity.

The correlation metric is a widely used measure of similarity
between two signals and serves as a fundamental tool for CFO
estimation in CP-OFDM systems. For the b-th BS, the correla-
tion metric R(b) is defined as,

R(b) =

NC−1∑
n=0

r
(b)∗
C (n)r

(b)
C (n+M), (6)

where r(b)∗C (n) is the complex conjugate of r(b)C (n). This metric
captures the phase offset caused by the Doppler shift between
the CP and its corresponding tail segment in the time-domain
OFDM signal. The angle of the correlation metric, ∠(R(b)),
represents the phase difference induced by the Doppler shift. It
is directly related to the Doppler shift, and their relationship can
be expressed as,

∠(R(b)) = 2πf (b)MTs. (7)

By solving for f (b), the Doppler shift can be estimated as,

f̂ (b) =
∠(R(b))

2πMTs
. (8)

The length of the correlation summation NC affects the estima-
tion variance, while the time interval corresponding to the phase
difference is determined by the index interval M between the
CP and the tail portion. This relationship provides a simple and
direct method for Doppler shift estimation based on the phase
of the correlation metric in CP-OFDM systems.

To mitigate the impact of the CFO on the received signal,
phase compensation is applied to the time-domain OFDM signal
r(b)(n). After Doppler compensation, the corrected received
signal r̃(b)(n) can be expressed as,

r̃(b)(n) = r(b)(n)e−j2πf̂
(b)(n+NC)Ts , n = 0, . . . ,M − 1.

(9)
where the exponential term e−j2πf̂

(b)(n+NC)Ts represents the
phase compensation factor, designed to counteract the phase
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Fig. 2. Multiple BSs cooperative ISAC framework for low-altitude aerial vehicles.

rotation introduced by the Doppler shift. This approximation,
treating the Doppler shift as a common phase rotation within an
OFDM symbol, is valid when |f (b)| � Δf , where Δf is the
subcarrier spacing. By substituting the expression for r(b)(n)
from (5) into (9), the compensated signal becomes,

r̃(b)(n)=r
(b)
C (n+NC)e

−j2πf̂(b)(n+NC)Ts , n=0, . . . ,M−1.
(10)

After Doppler compensation, the Doppler-induced phase rota-
tion in the signal r̃(b)(n) is largely mitigated. This recovered
signal can then be processed by subsequent communication
modules for demodulation and further signal analysis.

This process is necessary in OFDM communication systems
to ensure that the distortion due to the Doppler shift is effec-
tively reduced and the integrity of the transmitted information
is maintained. Notably, it simultaneously and naturally provides
the estimation of the Doppler shifts without adding additional
overhead, which makes Doppler shift based localization pos-
sible and facilitates the implementation of ISAC systems for
low-altitude aerial vehicles.

C. ISAC Framework

The ISAC framework is shown in Fig. 2, where an aerial
vehicle flying in low-altitude airspace is served by multiple
uplink BSs. Within the cooperative ISAC framework, the uplink
signal is received by multiple BSs. This multi-BS cooperation is
fundamental to the framework, offering dual advantages. For
communication, it enables joint decoding to enhance signal
quality through spatial diversity. For sensing, it is a core re-
quirement, as the individual Doppler measurements from K
distributed uplink BSs must be collected to form the system
of equations needed to solve for the target’s unique position and
velocity. These received signals are affected by the Doppler shift
caused by the motion of the aerial vehicle, leading to CFO which

can cause signal constellation distortion. Each BS estimates
and compensates the CFO using the CP-based method. For the
communication module of our ISAC framework, these corrected
signals are jointly decoded with the MRC algorithm.

For the sensing module of our ISAC framework, the estimated
Doppler shifts naturally provided by the OFDM system serve as
the key input. Due to noise interference, the estimated Doppler
shift obtained from the CFO estimation may be inaccurate,
affecting the estimation of the aerial vehicle’s position and
velocity. Therefore, a learning-based filter is used to improve
the accuracy of Doppler shift estimations by leveraging their
temporal correlations. Then, the recovered values are used to
build the system of equations about the Doppler shift. By sub-
stituting the known BS location s(b), the carrier frequency fc,
and the speed of light c into the system equations, the unknown
position p and velocity v of the aerial vehicle at a single time
step can be obtained. The estimated positions of the aerial vehicle
over multiple time steps are then collected to form a continuous
trajectory. Finally, the Kalman filter is used to improve the
accuracy of trajectory tracking.

The proposed multiple BSs cooperative ISAC framework
eliminates the need for additional transmissions of dedicated
sensing signals by fully exploiting the inherent Doppler informa-
tion embedded in OFDM communication signals. This approach
also avoids the complex processing associated with echo signals.
Unlike conventional radar-based ISAC systems, which require
additional sensing transmissions and incur significant time-
frequency resource costs, Doppler-based ISAC systems achieve
sensing without additional overhead. Furthermore, conventional
echo-based localization methods require computationally in-
tensive signal processing, whereas Doppler-based localization
simplifies the process of solving a system of equations. This
results in a more efficient and resource-saving approach to joint
communication and sensing.
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D. Multiple Base Stations Joint Decoding

Multi-BS joint decoding for low-altitude aerial vehicles is a
cooperative communication technique in which uplink signals
transmitted by the aerial vehicle are simultaneously received and
processed by multiple BSs. By combining the signals received
at different BSs, the system effectively enhances the signal-to-
noise ratio (SNR) and reduces the impact of individual channel
impairments. This method leverages the spatial diversity of the
received signals to mitigate the effects of channel fading and
noise, enhancing communication reliability and signal qual-
ity. Furthermore, it enables seamless coverage in challenging
environments.

Specifically, the MRC is a signal processing technique used
in wireless communication to optimally combine multiple re-
ceived signals for enhanced decoding performance. In MRC, the
signals from different BSs are weighted proportionally to their
respective channel gains and added coherently, maximizing the
overall SNR at the receiver. By assigning greater weighting to
higher-quality signals and suppressing the influence of weaker or
noisier ones, MRC achieves an optimal combination of spatially
diverse signals. This coherent combination enhances the overall
quality of the received signal, ensuring more accurate decoding
and improving communication reliability, which is particularly
beneficial for the communication module of the ISAC frame-
work.

The received time-domain OFDM signal r̃(b)(n) at b-th BS is
transformed to the frequency-domain OFDM symbol R̃(b)(m)
using a discrete Fourier transform, expressed as,

R̃(b)(m) =
1√
M

M−1∑
n=0

r̃(b)(n)e−j
2πmn

M , m = 0, . . . ,M − 1.

(11)
The input-output relationship in the frequency domain is then
modeled as,

R̃(b)(m) = H(b)(m)X(m) +W (b)(m), (12)

where H(b)(m) represents the channel gain at b-th BS and
W (b)(m) denotes the noise in the frequency domain. Equation
(12) establishes a direct relationship between the transmitted and
received OFDM symbols, explicitly accounting for the channel
gain and noise. The channel gain H(b)(m) plays a pivotal role
in calculating the weighting coefficient ω(b)

m for MRC, which is
defined as,

ω(b)
m = H∗(b)(m). (13)

These weighting coefficients determine how signals from mul-
tiple BSs are optimally combined, exploiting spatial diversity
to enhance signal quality. Then, the final combined frequency-
domain OFDM symbol Y (m) is obtained by summing the
weighted signals from all K cooperating BSs,

Y (m) =

K∑
b=1

ω(b)
m R̃(b)(m). (14)

Fig. 3. Doppler shift localization for aerial vehicles.

Substitute (12) into (14), and the combined received signal can
be expressed as,

Y (m) =

(
K∑
b=1

|H(b)(m)|2
)
X(m) +

K∑
b=1

H∗(b)(m)W (b)(m).

(15)
This expression shows that MRC amplifies the transmitted signal
by a factor proportional to the sum of the channel power gains
while preserving the impact of noise. After MRC processing, the
signal Y (m) is fed into the demodulation and decoding stages,
where the original frequency-domain OFDM symbol X(m) is
recovered.

To evaluate the performance of the received signal after MRC
processing, the SNR after MRC is calculated by considering the
signal power and noise power as,

SNRMRC =

∣∣∑K
b=1 |H(b)(m)|2∣∣2Ps∑K
b=1 |H(b)(m)|2σ2

, (16)

where Ps = E[|X(m)|2] is the signal power and σ2 is the noise
power. Simplifying further, the SNR can be expressed as,

SNRMRC =
Ps

σ2

K∑
b=1

|H(b)(m)|2. (17)

This joint processing ensures robust communication by utilizing
the spatial diversity provided by multiple BSs, compensating for
channel impairments, and enhancing signal quality.

IV. LOCALIZATION USING DOPPLER SHIFT

In this section, we first present how Doppler shift can be
used for target localization. Then, we formulate the Doppler
shift based localization problem in the presence of noise as
an optimization task. Finally, we introduce our localization
algorithm under noisy conditions within a single time step.

A. Doppler Shift for Localization

A simplified model for the 3D localization of the sensing mod-
ule in our ISAC framework is shown in Fig. 3. The localization
task involves estimating the target’s position and velocity at a
given time instant. The aerial vehicle is assumed to be located at
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an unknown position p = [px, py, pz]
� ∈ R

3 and moving with
an unknown velocity v = [vx, vy, vz]

� ∈ R
3. The aerial vehicle

transmits OFDM signals at a known carrier frequency fc and
this signal is received by K spatially distributed BSs, each posi-
tioned at known coordinates s(b) = [s

(b)
x , s

(b)
y , s

(b)
z ]� ∈ R

3. The
duration of the OFDM signal is very short, so the position and
speed of the aerial vehicle can be considered constant during this
period. Each BS naturally provides the Doppler shift information
of the received signal from the CFO compensation process. This
Doppler estimation process is seamlessly integrated into the
ISAC framework, leveraging inherent communication signals
without requiring additional resource consumption.

We begin by assuming noiseless Doppler shift measurements
and focus on the single-point case. The Doppler shift of the
received signal is determined by the radial velocity component,
which represents the projection of the aerial vehicle’s velocity
onto the line connecting the aerial vehicle and the BS. The radial
velocity, responsible for the observed Doppler shift, depends on
the relative position and velocity of the vehicle with respect to
the b-th BS. Then, the Doppler shift measured by the b-th BS
can then be expressed as,

f (b) =
fc(p− s(b))�v
c‖p− s(b)‖ , (18)

where ‖ · ‖ denotes the Euclidean vector norm, (p−s(b))
‖p−s(b)‖ is the

unit vector pointing from the b-th BS to the aerial vehicle, fc is
the known carrier frequency, and c is the known speed of light. To
simplify the geometric formulation and eliminate dependencies
on the carrier frequency, we define δ(b) � cf (b)/fc, which rep-
resents the Doppler-derived radial velocity of the aerial vehicle
relative to the b-th BS. The expression for this Doppler-derived
radial velocity measurement can thus be written as,

δ(b) =
(p− s(b))�v
‖p− s(b)‖ , (19)

where δ(b) provides a representation of the Doppler shift, directly
related to the relative position and velocity of the aerial vehicle
with respect to the b-th BS. This approach is adaptive to any
carrier frequency. By means of the Doppler formulation, we
establish equations that include the position and velocity of the
vehicle as unknown variables.

B. Localization Problem Formulation

The localization process begins by utilizing Doppler shift
measurements from multiple BSs, with each BS contributing
an independent Doppler shift equation. By combining these
measurements, a system of equations is constructed to solve
for the unknown position and velocity of the aerial vehicle. In
the noiseless scenario, the position p and velocity v can be
determined by solving the following system of equations,

δ(b)‖p− s(b)‖ − (p− s(b))�v = 0, for b = 1, . . . ,K,
(20)

where b = 1, . . . ,K indexes the total K BSs. Each equation
encapsulates the relationship between the normalized Doppler
shift δ(b), the relative geometry of the vehicle and the b-th BS,
and the vehicle’s velocity. When K ≥ 7, the system usually

admits a unique solution for the vehicle’s positionp and velocity
v [32]. This condition ensures that the localization problem is
well-posed and solvable in typical scenarios.

Next, we consider the scenario where Doppler shift estima-
tions are corrupted by noise. In this case, the inaccurate Doppler
shift observed at the b-th BS f̂ (b) is expressed as,

f̂ (b) = f (b) + η(b) =
fc(p− s(b))�v
c‖p− s(b)‖ + η(b), (21)

where η(b) represents the estimation errors introduced during
the measurement process. Following the same normalization
applied in the noiseless case, we define the normalized noisy
Doppler shift as δ̂(b) � cf̂ (b)/fc. In the presence of noise, the
original system of equations in (20) no longer has an exact
solution for the target’s position and velocity. Specifically, by
replacing the ideal, noiseless value δ(b) from (20) with the noisy
measurement δ̂(b), the term δ(b)‖p− s(b)‖ − (p− s(b))�v will
no longer be equal to zero. To determine the optimal state
x = [p�,v�]�, we define the residual for the b-th BS as,

Fb(x) = δ̂(b)‖p− s(b)‖ − (p− s(b))�v. (22)

By stacking these residuals, the localization problem is formu-
lated as a nonlinear least squares task,

x̂ = argmin
x

S(x) =
1

2
‖F(x)‖22, (23)

where F(x) = [F1(x), . . . , FK(x)]� ∈ R
K is the residual vec-

tor. The Doppler observations at distributed BSs are physi-
cally linked because they represent measurements of the same
underlying motion state (p,v). This physical coupling is the
fundamental enabler of our localization approach, allowing the
unknown state to be resolved by combining observations from
multiple spatial perspectives.

C. Localization Algorithm

The nonlinear least-squares optimization approach is a suit-
able method for addressing the localization problem in this study.
Its primary objective is to minimize the target function, thereby
determining the optimal parameter vector. This approach effi-
ciently handles scenarios with noisy Doppler shift measurements
by leveraging gradient-based techniques to ensure convergence
toward the optimal solution.

The Levenberg-Marquardt (LM) algorithm is employed to
solve the localization problem, which combines the strengths
of the Gauss-Newton method and gradient descent. The LM
algorithm is particularly effective in handling ill-conditioned
problems. By adaptively adjusting the step size and direction
based on the local curvature of the problem, the LM algorithm
achieves robust and efficient convergence.

The core of the LM algorithm is the computation of the
residual vector and the Jacobian matrix at the current estimate of
the state vectorx = [p�,v�]�. At the k-th iteration, the residual
vector F(x) evaluated at the current parameter estimate xk is
defined as,

F(xk) = [F1(xk), . . . , FK(xk)]
� ∈ R

K . (24)

The Jacobian matrix Jk ∈ R
K×6 contains the first-order par-

tial derivatives of the residual vector F(x) with respect to the

Authorized licensed use limited to: University of Waterloo. Downloaded on March 27,2026 at 14:17:44 UTC from IEEE Xplore.  Restrictions apply. 



XUE et al.: FD-RAN EMPOWERED MULTIPLE BASE STATIONS COOPERATIVE ISAC FOR LOW-ALTITUDE NETWORKS 6935

Algorithm 1: Doppler shift based localization algorithm.

Require: Residual vector F(x); Initial guess
x0 = (p0,v0); Initial damping parameter λ > 0; Gain
factor ν > 1; Tolerance ε; Maximum iterations kmax;
Initialize counter k = 0.

1: while k < kmax do
2: Evaluate Fk = F(xk) and Jacobian matrix

Jk = ∂F
∂x |x=xk

3: Form the augmented normal equation matrix
A = J�kJk + λkI

4: Solve the linear system AΔxk = −J�kFk for Δxk

5: Compute the new parameters xk+1 = xk +Δxk, new
objective function value S(xk+1) =

1
2‖F(xk+1)‖22,

current objective function value S(xk) =
1
2‖F(xk)‖22

6: if S(xk+1) < S(xk) then
7: Accept the new parameters x← xk+1

8: Decrease the damping parameter λk+1 ← λk/ν
9: k ← k + 1

10: if ‖Δxk‖2 < ε then
11: break
12: end if
13: else
14: Increase the damping parameter λk ← λk × ν
15: end if
16: end while
17: returnx = (p,v)

parameters, which is given as,

Jk =
∂F

∂x

∣∣∣∣
x=xk

. (25)

It provides critical information about the local behavior of the
residual function, enabling the algorithm to adapt its updates
effectively. The b-th row of Jk is given by,

Jb =

[(
δ̂(b)

p− s(b)

‖p− s(b)‖ − v

)�
,−(p− s(b))�

]
. (26)

To determine the update Δxk, the LM algorithm formulates the
augmented normal equation,

(J�kJk + λkI)Δxk = −J�kF(xk), (27)

where I is the identity matrix. The damping parameter λk

balances the step size and direction of the update. A larger λk

biases the update toward gradient descent, ensuring stability,
while a smaller λk exploits the Gauss-Newton method for faster
convergence near the minimum. Once Δxk is computed by
solving (27), the parameter vector is updated as,

xk+1 = xk +Δxk. (28)

This updated parameter vector xk+1 is then used to evaluate the
objective function at the new estimate, defined as,

S(xk+1) =
1

2
‖F(xk+1)‖22, (29)

where S(xk+1) is the squared Euclidean norm of the residual
function F(xk+1). Simultaneously, the current objective func-
tion value, before applying the update, is noted as,

S(xk) =
1

2
‖F(xk)‖22. (30)

The comparison between S(xk+1) and S(xk) determines
whether the update is accepted. If S(xk+1) < S(xk), the up-
date is successful, and the damping parameter λk is decreased,
allowing for larger steps in subsequent iterations. Conversely,
if S(xk+1) does not decrease, the update is rejected, and λk is
increased to enforce smaller, more conservative steps.

As outlined in Algorithm 1, the iterative process continues,
dynamically adjusting the damping parameter and updating the
parameter vector until one of the convergence criteria is satis-
fied. By iteratively refining the parameter vector and adaptively
adjusting the damping parameter, the algorithm achieves an
optimal balance between convergence speed and stability. It
provides a powerful and flexible approach to solving localiza-
tion problems, enabling effective and accurate localization in
challenging scenarios.

V. TRAJECTORY TRACKING

While Section IV provided the method for localizing the aerial
vehicle at a single time slot, practical applications require contin-
uous trajectory tracking. In this section, we begin with the defi-
nition and characteristics of time-continuous localization. Then,
we present the learning-based filters to improve the Doppler shift
estimation accuracy. Finally, we describe the application of the
Kalman filter which facilitates effective trajectory tracking.

A. Time-Continuous Localization

Trajectory tracking requires time-continuous localization, and
its accuracy can be significantly improved by exploiting the
temporal correlation of Doppler shifts and position due to the
continuous and predictable nature of aerial vehicle motion.
Temporal correlation exists because the position and velocity
of a moving target, such as an aerial vehicle, evolve smoothly
over time, governed by fundamental kinematic principles. This
smooth evolution leads to gradual changes in the observed
Doppler shifts, as they are directly related to the relative ve-
locity between the target and BSs. By leveraging this temporal
consistency, deep learning models and filtering techniques, such
as LSTM networks and Kalman filters, can utilize past and
present Doppler measurements and estimated positions to refine
the target’s current state. This correlation provides a robust
foundation for distinguishing true motion patterns from random
fluctuations, especially valuable in mitigating the effects of noise
and measurement errors. Consequently, incorporating tempo-
ral correlation into trajectory tracking algorithms can enhance
the accuracy and reliability of localization in dynamic, noisy
environments.

To enhance the trajectory tracking accuracy of low-altitude
aerial vehicles, we propose a learning-based adaptive double-
filter (LADF) localization algorithm, as shown in Fig. 4. The
LADF algorithm combines a long short-term memory (LSTM)
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Fig. 4. Learning-based adaptive double filter (LADF) localization algorithm for trajectory tracking.

filter for Doppler shift refinement with a Kalman filter for trajec-
tory optimization. At time i, the Doppler shift measurement at
the b-th BS is denoted as f (b)

d,i . OverL consecutive time steps, the
Doppler shift values collected from the b-th BS are aggregated
into a set f (b)

L , which serves as the input to the LSTM filter. The
LSTM filter leverages its ability to model temporal dependencies
and smooths out noise-induced errors, providing an optimized
Doppler shift estimate f

(b)′
L . These refined Doppler values are

then used in the Doppler shift equations to obtain localization
data at time i. The resulting localization data are treated as the
measurement observation xd,i of the Kalman filter, which then
performs state estimation to further refine the vehicle trajectory.
The Kalman filter applies predictive and corrective steps to
further refine the localization data, ultimately producing the
aerial vehicle’s real-time optimized position as the output of
the LADF algorithm. This integration of the LSTM and Kalman
filters ensures robust and accurate trajectory tracking, even under
noisy measurement conditions.

B. Doppler Shift Estimation With Learning-Based Filter

In the noisy scenario, the Doppler shifts measured by BS
over a period can be regarded as a noise-corrupted time series.
To enhance the accuracy of localization, we utilize LSTM to
process and smooth the Doppler shift sequence, reducing noise
in the estimation. For the b-th BS at time i, we take f

(b)
L =

[f
(b)
d,i−L+1, f

(b)
d,i−L+2, . . ., f

(b)
d,i ]

� ∈ R
L as an input of length L of

the LSTM, and aim to output the denoised Doppler shift at the
current moment.

The LSTM network is composed of several key components:
the input gate, forget gate, output gate, and cell state. These
components collaboratively regulate the flow of information,
enabling the network to retain relevant information across se-
quences while discarding irrelevant or noisy information. The
forget gate controls how much of the previous cell state should
be discarded, which is operated as,

gt = σ(Dgf
(b)
L,t + Uget−1 + lg), t = 1, 2, . . ., L, (31)

where f (b)
L,t is the t-th element of the input sequence f (b)

L , σ(·) is
the sigmoid activation function, Dg and Ug are weight matrices,
et−1 is the hidden state, and lg is the bias vector for the forget
gate. The input gate controls how much new information from

the input f (b)
L,t influences the cell state, which is operated as,

qt = σ(Dqf
(b)
L,t + Uqet−1 + lq), (32)

where Dq , Uq , and lq represent the weight matrices and bias
vectors for the input gate. To add new information to the cell
state, the candidate cell state ãt is calculated as,

ãt = tanh(Daf
(b)
L,t + Uaet−1 + la), (33)

where tanh(·) is the hyperbolic tangent activation function,
Da, Ua, and la are the weight matrices and bias vector for the
candidate cell state. By combining the previous cell state at−1
and the candidate cell state ãt, the cell state at is updated as,

at = gt ◦ at−1 + qt ◦ ãt, (34)

where ◦ denotes element-wise multiplication, allowing each
component of at to be individually regulated. The output gate
determines the extent to which the cell state at contributes to the
hidden state et, which is operated as,

ot = σ(Dof
(b)
L,t + Uoet−1 + lo), (35)

whereDo,Uo, and lo are the weight matrices and bias vectors for
the output gate. The hidden state et is then updated by applying
the output gate ot to the hyperbolic tangent of the updated cell
state at as,

et = ot ◦ tanh(at). (36)

This et serves as the output of the LSTM unit at t-th recurrent
step, which can be used for subsequent computations or predic-
tions. Finally, the corrected Doppler shift f (b)′

d,i is obtained by
the last hidden state eL passed through a linear layer as,

f
(b)′
d,i = DjeL + lj , (37)

where Dj and lj are the weights and bias of the linear layer.
Utilizing the LSTM network for smoothing noisy Doppler

shift sequences offers significant advantages within the ISAC
framework for aerial vehicle trajectory tracking. The gated ar-
chitecture of the LSTM network is highly effective at capturing
complex temporal dependencies inherent in Doppler shift data,
enabling adaptive filtering tailored to dynamic and noisy en-
vironments. By employing an LSTM-based filter, noise in the
Doppler shift measurements can be effectively mitigated while
preserving essential signal features, resulting in enhanced local-
ization accuracy and improved trajectory tracking performance.
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C. Position Estimation With Kalman Filter

We employ the Kalman filter to improve the accuracy of
trajectory tracking, which uses the observation value from the
previous time step combined with an internally constructed
mathematical model to calculate a predicted value. The input to
the Kalman filter consists of the time-continuous positions ob-
tained by solving the system of equations derived from Doppler
shift measurements. The primary objective of the Kalman filter
in this framework is to mitigate the impact of noise inherent
in the measurement process and to provide accurate, real-time
localization of the aerial vehicle. By recursively integrating past
and current position estimates with the system dynamics, the
Kalman filter ensures smooth and accurate trajectory tracking,
even under noisy and dynamic operating conditions.

The operation of the Kalman filter involves two main phases:
the prediction and update steps. In the prediction phase, the
predicted state vector at time i is calculated as,

x̂i = Ex̂i−1 +Bui, (38)

where E is the state transition matrix that models the dynamics
of the system, B is the control input matrix, and ui is the control
input vector at time i. The predicted covariance matrix, which
represents the uncertainty of the predicted state, is computed as,

Gi = EGi−1E� +Q, (39)

whereGi−1 is the covariance matrix from the previous time step,
Q is the process noise covariance that accounts for uncertainties
in the system model, and E propagates the covariance forward
in time. The update phase incorporates new measurements to
refine the predicted state and covariance. The Kalman gain Oi,
which determines the weight given to the measurement in the
update process, is calculated as,

Oi = GiV
� (VGiV

� + Z
)−1

, (40)

where V is the observation model matrix that maps the state
space to the observation space, and Z is the measurement noise
covariance matrix. After computing Oi, the residual between
the position observation zi and the predicted value Vx̂i is used
to update the state estimate as,

x̂′i = x̂i +Oi(zi −Vx̂i), (41)

where zi ∈ R
3 is the observed position vector derived from the

solver at time step i.
Simultaneously, the covariance matrix is updated to reflect the

reduced uncertainty after incorporating the new measurement,

G′i = Gi −OiVGi, (42)

whereG′i is the updated covariance matrix used for the next time
step. We adopt a standard constant velocity motion model, which
is a common and effective assumption for tracking problems
over short time intervals Δt. Based on this, the state transition
matrix E is defined as,

E =

(
I3 Δt · I3
03 I3

)
, (43)

where the time interval Δt = Nsym(M +NC)Ts is consistent
with the Doppler estimation window, withNsym being the num-
ber of OFDM symbols used for each Doppler shift estimation.
The control input matrix B is set to zero, and the observation

model matrix V = [I3,03] extracts the position components
from the state vector to align with the measurements zi.

By recursively integrating past and current position estimates
with system dynamics, the Kalman filter ensures robust and
accurate real-time trajectory tracking for aerial vehicles, even
in the presence of noise and dynamic operating conditions. As a
critical component and the final output module, the Kalman filter
works synergistically with the LSTM filter within the LADF
algorithm. This integration leverages the predictive capabilities
of the Kalman filter and the noise-mitigation strengths of the
LSTM filter, forming a solid foundation for achieving accurate
and reliable trajectory tracking essential for eVTOL operations.

VI. SIMULATION RESULTS

In this section, the simulation setup of the low-altitude ISAC
system is first given. Then, we present the communication
performance based on multiple BSs using MRC. Finally, the
time-discrete and time-continuous localization performance are
presented respectively.

A. Simulation Setup

We consider a network comprising 10 uplink BSs for co-
operative passive ISAC designed to support low-altitude aerial
vehicle operations. The path loss between aerial vehicle and
the BS is 20log10(fc) + 20log10(d) + 32.44 dB, where fc is
carrier frequency in MHz, d is the distance in kilometers. The
LSTM network used in the framework has a hidden state size
of 64 and consists of 2 layers. For the Kalman filter, the noise
covariance matrices are set asQ = 0.1I6 andZ = 10I3 to match
the dimensions of the state vector and position measurements,
respectively. An empirical noise-matrix setting balances trust
between the model and measurements, whereZ� Qmakes the
filter rely more on prediction. Additional simulation parameters
are provided in Table II [102], [103].

B. Communication Performance

To evaluate the communication performance of the coopera-
tive ISAC framework, we show the SNR after MRC in Fig. 5.
It is important to note that this communication analysis is
independent of the sensing requirements, and our goal here is
to demonstrate the fundamental gains of MRC spatial diversity,
which scales with any number of BSs. The simulation considers
K BSs with the best channel quality as the service set, where
K varies from 1 to 10. The aerial vehicle hovers at altitudes of
200 m, 400 m, and 600 m. It can be seen that as the number
of serving BSs increases, the SNR of the received signal also
increases accordingly, proving that the scheme of joint decoding
with MRC is effective. Meanwhile, the lower the height of the
aerial vehicle, the closer the distance to the BSs, and the SNR
will increase accordingly. As shown in Fig. 5(f), the results
demonstrate that increasing the number of BSs significantly
enhances SNR due to spatial diversity, as signals from multiple
BSs are coherently combined to mitigate the effects of path
loss. Notably, even at higher altitudes, where individual signal
quality diminishes due to increased path loss, the cooperation
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Fig. 5. SNR after MRC with different number of BSs.

Fig. 6. CDF of spectral efficiency after MRC with different number of BSs.

of more BSs offsets these limitations by enhancing diversity
gain and boosting overall SNR. Furthermore, this cooperative
approach reduces the reliance on any single BS, enhancing net-
work resilience and maintaining consistent performance despite
potential interruptions or fluctuations in channel conditions.

Fig. 6 shows the cumulative distribution function (CDF) of
spectral efficiency after MRC with different number of BSs.
The spectral efficiency shown in Fig. 6, measured in bps/Hz,
is calculated from the post SNR using the Shannon capacity
formula. By comparing the results of using only 1 BS and
10 BSs at different heights respectively, it can be seen that
compared with using only 1 BS, the joint decoding of 10 BSs has
greatly improved the spectral efficiency of signal transmission.
Specifically, for the aerial vehicle flying at 200 m, the average
spectral efficiency of using 10 BSs for joint decoding compared
to using 1 BS for decoding has increased from 13.5 bps/Hz
to 15.0 bps/Hz, with an improvement rate of 11.72 %. When
the aerial vehicle is at 400 m, the average spectral efficiency
increases from 11.9 bps/Hz to 14.1 bps/Hz, with an increase
rate of 19.27 %. Meanwhile, when the aerial vehicle is at 600 m,

Fig. 7. Estimation error with different symbols.

the average spectral efficiency increases from 10.8 bps/Hz to
13.4 bps/Hz, with an increase rate of 24.74 %. It can be seen
from the improvement results that the joint decoding of MRC
is effective in enhancing the spectral efficiency in low-altitude
environments. Especially at higher altitudes (such as 600 m)
and farther from the BSs, the spectral efficiency is relatively
low, and the improvement of the joint decoding of MRC is even
more significant.

C. Time-Discrete Localization Performance

Fig. 7 shows the Doppler shift estimation error as a func-
tion of SNR, averaged from two different numbers of OFDM
symbols, including 14 and 28. The results show that estima-
tion error decreases with increasing SNR, indicating improved
Doppler shift estimation accuracy at higher SNR levels. Us-
ing 28 symbols consistently achieves lower estimation errors
compared to 14 symbols, as the additional symbols enable
more observations, effectively mitigating noise and enhancing
accuracy. Moreover, error variability decreases with higher SNR
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Fig. 8. CDF of time-discrete localization errors.

and is consistently lower for 28 symbols, reflecting enhanced
stability and robustness. The CP-based approach efficiently
provides reliable Doppler shift measurements without requiring
additional pilot signals, making it both resource-efficient and
effective. This accurate Doppler shift estimation approach is
critical for the sensing module in ISAC systems, ensuring ac-
curate localization. The results further validate the feasibility of
Doppler shift-based localization, as the observed low estimation
errors, even at moderate SNR levels, highlight its robustness
and potential for practical applications in ISAC systems. For the
following experiments, we adopt 28 symbols for Doppler shift
estimation, and the flying altitude of the aerial vehicle is set
to 200 m.

Assuming a constant and consistent SNR across all BSs,
Fig. 8 shows the CDF of time-discrete localization errors for
discrete-time localization based on Doppler shifts estimated
from BSs at different SNR levels. The results highlight the ef-
fectiveness of Doppler shift-based localization in ISAC systems,
particularly at higher SNR levels, where the accuracy of Doppler
shift estimation improves significantly, resulting in accurate
localization. For instance, at high SNR levels, the majority of
localization errors are small, showcasing the high precision
achievable with reliable Doppler shift measurements. Even at
moderate SNR levels, Doppler-based localization demonstrates
robustness, with errors remaining within acceptable ranges for
practical applications. This analysis underscores the effective-
ness of Doppler shift-based localization as the sensing module
in the ISAC system, enabling accurate and reliable localization
for low-altitude aerial vehicles.

D. Time-Continuous Localization Performance

For time-continuous localization, the accuracy improvement
in Doppler shift estimation achieved by leveraging temporal
correlation is shown in Fig. 9, where the transmit power of
aerial vehicle is 20 dBm. Fig. 9(a) compares the Doppler shift
estimation errors for different filters, including historical average
(HA), recurrent neural network (RNN), gated recurrent unit
(GRU), and LSTM. The HA is a sliding average filter with a
window of 5 time steps, and the parameter settings for RNN
and GRU are consistent with the LSTM. Among these meth-
ods, LSTM demonstrates the best performance in optimizing
Doppler shift estimation, reducing the estimation error from

approximately 2 Hz to around 0.5 Hz. Fig. 9(b) visualizes the
Doppler shift estimation for three BSs, comparing the original
estimated Doppler values with those optimized using the LSTM
filter. The results show that the LSTM filter produces notice-
ably smoother Doppler curves, effectively reducing estimation
errors by capturing and utilizing the temporal correlations in the
Doppler data. This improved accuracy ensures more accurate
inputs for subsequent localization algorithms, making the LSTM
filter particularly valuable for time-continuous localization. By
mining the temporal dependencies inherent in Doppler shifts,
the LSTM filter provides a robust and accurate foundation for
reliable localization in the ISAC system. The LSTM-filtered
Doppler curves exhibit high smoothness, which reflects the
filter’s ability to capture the inherent physical continuity of the
eVTOL’s trajectory and ensures more reliable convergence and
significantly reduces the occurrence of localization outliers.

Fig. 10 shows the comparison of trajectory tracking results
for a low-altitude aerial vehicle flying in a circular path at 200 m
with a transmit signal power of 20 dBm. Specifically, Fig. 10(a)
shows the results using the original Doppler shift estimation and
a Kalman filter, where significant deviations from the true trajec-
tory (dashed green line) are observed in the estimated trajectory
before filtering (red points). The filtered trajectory (blue line)
shows improvement but still exhibits noticeable errors compared
to the true trajectory. In contrast, Fig. 10(b) shows the results
using the proposed LADF algorithm, which significantly re-
duces localization errors and obtains an estimated trajectory that
closely aligns with the true trajectory. By leveraging the LSTM
filter to refine Doppler shift estimation and the Kalman filter
to optimize the trajectory, the LADF algorithm effectively mit-
igates noise and errors, achieving higher accuracy in trajectory
tracking. These results validate the effectiveness of the LADF
algorithm in improving time-continuous localization accuracy
for aerial vehicles in low-altitude environments. Fig. 10(c)
shows the average trajectory tracking error comparison of this
circular path with different transmit power. The comparison
includes four approaches: the original time-discrete method,
the Kalman filter for trajectory, the LSTM filter for Doppler
shift, and the proposed LADF algorithm. The results highlight
the significant error reduction achieved by the LADF algorithm
across all transmit power levels. The integration of LSTM for
refining Doppler shift estimation and the Kalman filter for
trajectory optimization in the LADF algorithm provides a clear
advantage, effectively mitigating noise and leveraging temporal
correlations.

When the flight trajectory of the aerial vehicle is a straight line,
the visualization of comparisons of trajectory tracking results
and average time-continuous localization errors for different
transmitter powers are shown in Fig. 11. The results indicate that
LADF can significantly improve localization accuracy, reducing
errors consistently across different power levels and trajectory
types, including circular and straight-line paths. These results
validate the LADF algorithm as an effective and robust trajectory
tracking approach, especially suited for multiple BSs coopera-
tive ISAC systems tailored for low-altitude aerial vehicles in
dynamic and noisy environments.
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Fig. 9. Accuracy improvement in Doppler shift estimation by exploiting temporal correlation with filters.

Fig. 10. Trajectory tracking results of a low-altitude aerial vehicle flying in a circle.

Fig. 11. Trajectory tracking results of a low-altitude aerial vehicle flying in a straight line.

VII. CONCLUSION

In this paper, we have proposed a multiple BSs cooperative
passive ISAC framework for low-altitude aerial vehicles, which
leverages existing communication signals without requiring
additional time-frequency resource overhead. Additionally, we
have proposed a time-continuous localization algorithm named
LADF, which utilizes the Doppler shift information inherently
provided by the uplink OFDM system. Extensive simulations
have demonstrated the effectiveness of the proposed Doppler
shift based multiple BSs cooperative ISAC approach for aerial
vehicles. The proposed framework provides a cost-effective and
spectrum-efficient sensing solution that is well aligned with the
requirements of the emerging low-altitude economy. Its passive
localization capability can directly support practical applications
such as automated drone delivery, urban air mobility traffic
management, and collision avoidance in congested airspace.

Future work will focus on further improving localization accu-
racy by integrating Doppler information with additional sensing
modalities, such as angle-of-arrival measurements.
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