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Abstract—This work investigates an airborne (UAV-based)
multistatic passive radar using signals of opportunity in the
context of a GNSS-denied environment. Surveyed works on
multistatic passive radars either assume zero receiver positioning
error, or otherwise ignore its heterogeneity across receivers,
which we argue is expected in GNSS-denied navigation due to
varying conditions. Rui and Ho’s error model accommodates
heterogeneous per-receiver errors but is evaluated only for the
IID case. We adapt this model and study the heterogeneous
regime it permits with a weighted least-squares (WLS) solver,
and operationalise their deferred drifting-receiver case via an
EKF tracker with per-receiver drift state. We run a Monte
Carlo simulation with 10,000 trials per configuration varying the
number of receivers and receiver positioning error parameters
to compare a per-receiver-error-aware solver against a solver
assuming IID error across receivers, and a solver assuming no
self-positioning error at all. The findings show that, relative to
the IID solver, the per-receiver-aware solver reduces the median
target-position error by ∼13% in snapshot WLS (at N=10,
σRx=5m) and the median steady-state target-position RMSE by
∼28% in EKF tracking (at N=10, σdrift=0.1m/

√
s). This suggests

that in a UAV-based multistatic passive radar, per-receiver self-
positioning error is a non-negligible parameter to consider in
design.

Index Terms—airborne passive radar, UAV swarms, GNSS-
denied navigation, multistatic passive radar, signals of opportu-
nity, illuminators of opportunity, bistatic range

I. INTRODUCTION

GNSS is the basis of modern navigation, enabling pre-
cise positioning for a wide range of applications, including
autonomous UAVs. In recent years, GNSS jamming has be-
come increasingly common, posing a significant threat to the
reliability of GNSS-based navigation. Under GNSS-denied
conditions, UAVs must rely on alternative methods to navigate
effectively. Alternatives such as LiDAR or optical sensors are
short-range, so they may not be sufficient in the open field.
Utilising active radar or anchors could be an option, but they
may be easily detected by adversaries, which may be expected
since GNSS jamming is often used in an adversarial context.

To self-localise in such scenarios, UAVs may have to rely
on passive sensing, which may involve dead reckoning from
sensor readouts (IMU, gyroscope, compass) [1], or exploiting
Illuminators of Opportunity (IoO): ambient radio emitters such
as cellular networks, FM radio, or TV broadcasts [2], [3]. Such
self-localisation methods are far from perfect, and the resulting
position estimates are expected to have some error.

While Illuminators of Opportunity may already support nav-
igation in terms of passive self-localisation, another important
advantage they bring is that they can be used to detect, locate,
and track targets. A system exploiting IoOs in this way is
called a passive bistatic radar (PBR) [4]. Such a system works
by listening to signals reflected off a target.

Just as the fixed distance between cameras in stereo vi-
sion enables depth perception, combined radar observations
from multiple locations can synthesise spatial information.
With multiple radar nodes, the position of a target can be
resolved, unlike with a single node, which is the core idea
behind a multistatic radar (Fig. 1) [5, Sec. 1.1]. Adding more
radar nodes overdetermines the system, leading to improved

target localisation accuracy. Existing works explore multistatic
passive radars designed to detect both emitting targets [6] and
silent targets via IoOs [7], [8].

Studies have experimentally demonstrated the feasibility of
target tracking with airborne passive bistatic radars [4], [16],
[17]. However, little work extends the concept of airborne
passive bistatic radar to include multiple airborne receivers.
Sagduyu et al. [9] have recently proposed a 5G-based multi-
static passive radar system for ground-based receivers. UAVs,
however, are not static objects and are prone to vibrations
and drift, and their relative location in a multistatic configu-
ration cannot be known perfectly, especially in GNSS-denied
environments, where receivers must fall back on passive self-
localisation. This error is expected to propagate through every
receiver’s measurement, ultimately affecting target localisation
and tracking performance.

Rui and Ho [13] have proposed an estimator for target
localisation in a multistatic passive radar system, which in-
cludes self-positioning error in the model. However, it has
only been evaluated under the assumption that the receiver
self-positioning error is independent and identically distributed
(IID) across receivers. We claim that in challenging environ-
ments, self-positioning error may be heterogeneous across re-
ceivers, resulting from factors such as varying local conditions
and sensor quality, and that incorporating per-receiver self-
positioning awareness into the target estimator can improve
localisation and tracking performance.

We explore tracking of an uncooperative drone in open,
GNSS-denied airspace. A single, distant, uncooperative trans-
mitter is the illuminator of opportunity. All receivers (N
ranging from 3 to 10) are UAV-mounted, quasi-static, and
experience some level of self-positioning error. We do not
model the self-localisation process itself; instead, we model its
output as a per-receiver position error, heterogeneous across
receivers. Each receiver reports a bistatic range measurement,
together with an estimate of its own position and the associated
uncertainty. The measurements are taken at the same instant
and combined centrally to estimate the target position. The
target is in motion with fixed velocity, and we track it over
time using a Kalman filter.

The main contributions of this work are as follows: mod-
elling how receiver positioning uncertainty propagates to target
localisation error in multistatic passive radar systems; and
evaluating a per-receiver self-positioning awareness approach,
based on the error model of [13] and tested under the
heterogeneous and drifting errors that study leaves to future
work, showing it reduces target positioning error in our system
model.

The remainder of this paper is organised as follows. Sec. II
surveys related work on multistatic and airborne passive radar.
Sec. III formalises the system model. Sec. IV introduces the
estimator and the proposed per-receiver weighting and track-
ing extension. Sec. V presents the experiments and results,
and Sec. VI interprets them. Sec. VII addresses responsible
research, and Sec. VIII concludes.
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Fig. 1. Radar architectures. (a) Monostatic: transmitter and receiver co-located; (b) Bistatic and (c) multistatic (M = 1, N = 3): the transmitter (empty
circle) is an Illuminator of Opportunity, and the receivers (filled) are spatially distributed. Solid arrows show the indirect path via the target, while dotted
arrows show the direct path used as a reference.

TABLE I
LITERATURE TAXONOMY OF RELATED MULTISTATIC AND BISTATIC PASSIVE RADAR STUDIES.

Paper Modality Architecture Airborne Rx Rx-pos unc. IoO Evidence

Sagduyu et al. [9] Bistatic Range, Doppler multistatic × × 5G Simulation
Malanowski & Kulpa [10] Bistatic Range bistatic, multistatic × × generic Simulation and Experiment
Noroozi & Sebt [11] Bistatic Range multistatic × × generic Simulation
Ahmed et al. [12] Doppler multistatic ✓ × DVB-T Simulation
Rui & Ho [13] Bistatic Range multistatic × ✓(IID) generic Simulation
Brown et al. [14] Bistatic Range, Doppler bistatic ✓ × FM Experiment
Souli et al. [15] Bistatic Range, Doppler bistatic ✓ × DVB-T Experiment

This work Bistatic Range multistatic ✓ ✓ generic Simulation

II. RELATED WORK

Multistatic passive radar exploiting signals of opportunity is
not a new concept: the Klein Heidelberg radar used an ambient
signal as early as 1943 [18, §2.1.6]. This section focuses on
recent works that bring the architecture to airborne context
and works utilising modern illuminators of opportunity. The
literature is grouped into two clusters (Table I): (A) multistatic
passive radar localisation methods, which fuse bistatic mea-
surements into a target position with fixed receivers; and (B)
airborne implementations of passive radar, where the receivers
are mounted on airborne platforms.

A. Multistatic passive radar localisation methods
There are multiple solutions to determine target position by

synthesising measurements from several bistatic pairs. Being
passive, these systems rely on a non-cooperative transmitter
and differ in whether they treat its signal generically or exploit
a specific waveform. Malanowski and Kulpa [10] introduce
two algorithms for localisation based on known methods for
time difference of arrival (TDOA) systems: spherical inter-
polation (SI) and spherical intersection (SX). Both rely on
closed-form equations. The system enables 3D localisation in
a configuration with multiple IoOs and a single receiver, which
was verified both in simulation and, uniquely in this cluster,
with a real-life FM-based experiment.

Noroozi and Sebt [11] introduce a closed-form weighted
least squares (WLS) solver for a localisation setup with

multiple IoOs and multiple receivers. The weighting matrix
reduces propagation of noise by downweighting noisy bistatic
range measurements, which may bring an advantage over the
non-weighted LS approach found in [10]. The method does not
exploit features of a particular signal of opportunity (SoO), in
contrast to Sagduyu’s 5G-oriented design.

Sagduyu et al. [9] introduce an Integrated Sensing and Com-
munication (ISAC) configuration based on 5G which consists
of a single IoO and multiple receivers, with an explicitly
defined cross-ambiguity function. The estimator, in contrast to
Noroozi and Sebt’s WLS, is non-linear LS. The work shows
that Extended Kalman Filter (EKF) tracking outperforms the
Kalman Filter (KF) in filtering error by a factor of 13 for
a circular trajectory, while KF performs marginally better on
linear trajectories. The system is validated in simulation in 2D
and 3D for both single target and multiple targets, for both
localisation and tracking, under a favourable radar geometry.

Rui and Ho [13] demonstrate a multistatic target position
estimator which incorporates Gaussian transmitter and receiver
position error. While their model can represent heterogeneous
receiver position error, it is evaluated only for the IID case.

The works listed demonstrate a number of solutions for
multistatic passive radar localisation. Only Rui and Ho [13]
explicitly model receiver position error, and they defer both
non-IID errors and the drifting-receiver case to future work.
The effect of non-IID receiver position error and of drift over



time on multistatic passive radar localisation performance is
the focus of this work.

B. Airborne implementations of passive radar

Brown [14], [16] first demonstrated an airborne passive
bistatic radar detecting aircraft using IoO (FM). The author
explicitly identifies the single bistatic pair geometry as the
key limitation and proposed multiple transmitters for future
work.

Ahmed et al. [12] have compared two topologies for a
UAV-based multistatic passive radar tracking ground targets
in simulation. While this is a close architecture match to our
problem, this work is more focused on optimising for reduced
communication rather than receiver capabilities and assumes
perfect receiver positioning.

Souli et al. [15] experimentally demonstrate a UAV-carried
bistatic passive radar for detecting other UAVs which confines
the target to an ellipse (detection) and utilises computer vision
to further confine the visible target to a point (disambiguation).
The radar component is based on software-defined radio
(SDR) and is capable of employing various IoOs.

These works demonstrate a foundation for airborne PBRs
detecting airborne targets including UAVs. For a single re-
ceiver, its measurements are useful in its own relative frame,
which reduces the significance of receiver positioning error in
that context. For a multi-receiver radar, fusion and disambigua-
tion of measurements require a common geometric frame. Per-
receiver position error propagates into fused estimates. We
investigate this effect in detail.

No prior work addresses multiple airborne receivers whose
positions are uncertain, with error that is heterogeneous across
receivers and drifts over time, as we would expect in a non-
uniform GNSS-denied environment when relying on passive
self-localisation. This work studies how that self-positioning
error propagates into target localisation and tracking, and
whether per-receiver uncertainty awareness can mitigate it
better than modelling the error as IID across receivers or
ignoring it altogether.

III. SYSTEM MODEL

A. Scenario and assumptions

The setup explored is a multistatic passive radar with one
fixed, uncooperative IoO transmitter of known position and
multiple UAV-based, quasi-static receivers. A single trans-
mitter is chosen to keep complexity minimal. The selected
receiver topology is a ring, so that every added receiver is ge-
ometrically equivalent, and the effect of N is not confounded
with placement. Its radius r = 1 km is small relative to the
3 km target area and 5 km transmitter distance, modelling a
compact swarm observing a more distant scene. A single target
follows a constant-velocity linear trajectory at 10m/s within
a 3 km-radius disc centred on the receiver ring. The system
model does not include any communication between the
receivers. Each receiver reports its bistatic-range measurement,
its self-position estimate, and the associated self-positioning
uncertainty to a central node, which fuses them to localise

the target. The system model does not restrict the type of
IoO and does not define the self-localisation method; it only
characterises the resulting error. The system is visualised in
Fig. 2.
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Fig. 2. Example setup explored in this work with receiver position uncertainty
as cyan rings

B. Bistatic and multistatic radar

With a single source of signal of opportunity, the signal
reaches the receiver through a direct path, and an indirect path,
where the signal reflects off the target and only then reaches
the receiver. The difference in time of arrival is used to confine
the location of the target to a bistatic range. Such a setup
(single transmitter of IoO, single receiver) will be referred to
as a bistatic passive radar [18].

A generalisation of this setup is multistatic radar consisting
of M ≥ 1 transmitters and N ≥ 1 receivers, all of which
are spatially distributed (unlike in monostatic radar, where
transmitter and receiver are co-located). For M transmitters
and N receivers, there are MN bistatic pairs. The three
architectures are compared in Fig. 1.

C. Bistatic range

The bistatic range Bi is the sum of the propagation distances
from the transmitter to the target and from the target to receiver
i:

Bi = ∥xTx − xT ∥+ ∥xT − xRxi∥, (1)

where Bi is a scalar bistatic range for receiver i, and xTx, xT ,
and xRxi are position vectors in R2 denoting the locations of
the transmitter, target, and receiver i, respectively.

Given a bistatic range Bi, the target can be confined to
an ellipse Ei (Fig. 3) with foci at Tx and Rxi, such that
Eq. (1) is satisfied. The target lies on the intersection of the



per-receiver ellipses, so in a 2D coordinate system three non-
collinear bistatic pairs are required to locate it unambiguously.
In 3D, four non-coplanar bistatic pairs are necessary and each
Ei is an ellipsoid rather than a planar ellipse.

∥x
T − xTx∥
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Rx
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x T

∥
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Rx −

x
Tx ∥

xTx
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xT

Fig. 3. Bistatic geometry. The bistatic range Bi = ∥xT −xTx∥+∥xRx−xT ∥
is the sum of Tx-target and Rx-target distances; the grey dashed ellipse with
foci at xTx and xRx is the iso-range locus.

The output of a multistatic radar signal processing pipeline
is a cross-ambiguity function (CAF), the correlation between
the reference (direct-path) and surveillance (target-reflected)
signals. The global peak of CAF(d, f) at (d0, f0) corresponds
to the estimated bistatic range B̂i = d0 c/fs, where c is the
speed of light and fs the sampling rate at the receiver. We
adopt this CAF definition from [9]. The standard deviation of
this measurement, σB̂i

, is described next.

D. Bistatic range noise

One source of error is the bistatic range uncertainty σB̂i
,

the precision with which the CAF peak yielding B̂i can be
located. This precision is lower-bounded by the Cramér–Rao
lower bound (CRLB) for range estimation. To keep the model
simple, we derive a minimal distance-based expression for σB̂i

from the bistatic radar equation [18, Sec. 4.1]. The signal-to-
noise ratio (SNR) of receiver i is

SNRi =
Pt Gt Gr λ

2 σRCS TCPI

(4π)3 R 2
t R 2

r,i N0
(2)

Here the numerator combines the standard radar-equation
terms: transmit power Pt, antenna gains Gt and Gr, wave-
length λ, radar cross-section σRCS, and coherent processing
interval TCPI; N0 is the noise power spectral density. We
assume that only the range factors Rt and Rr,i vary across
receivers and trials, giving the proportionality:

SNRi ∝ 1

R 2
t R 2

r,i

. (3)

The CRLB is related to the SNR as follows [18, Sec. 5.2]:

σB̂i
∝ 1√

SNRi

, (4)

We introduce reference uncertainty σB,ref scaling with SNR,
together with a floor σB,min for SNR-independent receiver
noise (e.g., clock and ADC jitter) not captured by the CAF
peak precision. Combining equations (3) and (4) gives the
following model for measurement uncertainty as a function of
target and receiver range:

σB̂i
= max

(
σB,ref ·

Rt

Rt,ref
· Rr,i

Rref
, σB,min

)
(5)

E. Receiver self-positioning error

In Section II we have found that most works treat receiver
position as perfectly known, which is sensible for fixed radars.
In works where Rx position was uncertain, such as [13],
the error was assumed to be IID across receivers. This is a
reasonable model for usual applications where the conditions
for self-positioning are uniform, for example, GNSS reception
in an open field. Since the receivers in this work rely on passive
self-localisation, whose quality varies across the swarm, the
self-positioning error distribution will differ per receiver. We
define an additive Gaussian noise model on Rx position.

x̂Rxi = xRxi + ηi, ηi ∼ N (0, σ2
RxiI) (6)

where ηi is receiver i’s self-positioning error and σRxi its stan-
dard deviation, the per-receiver self-positioning uncertainty.

IoO-based self-positioning has been demonstrated exper-
imentally, with operational σRxi magnitudes ranging from
sub-metre to tens of metres [2], [3]. We treat receiver self-
positioning as an upstream black box without the assumption
of σRxi being IID as found in [13]. In our model, we
assume that the error can be estimated from the onboard self-
localisation filter output. The error is modelled as heteroge-
neous, since it would depend on the geometry of the SoO
sources with respect to Rxi, as well as different IMU drift
characteristics [19] and SoO link quality.

We introduce a drift of receiver self-positioning over time.
In a snapshot, receiver i’s only self-positioning error is the
random bias ηi with std σRxi from Eq. (6). In tracking
scenarios, error additionally accumulates over time through
a drifting offset ∆i(k), with ∆i(0) = 0 and random-walk
dynamics defined below. Unlike the static per-Rx bias ηi, drift
produces correlation in receiver i’s noise across snapshots,
which no single-snapshot weighting can compensate, so a
tracker must carry the offset as state. The observed position
of Rxi at snapshot k is then given by:

x̂Rxi(k) = xRxi + ηi +∆i(k) (7)

The drift is modelled as a random walk.

∆i(k + 1) = ∆i(k) +wi(k),

wi(k) ∼ N
(
0, σ2

drifti ∆t I
) (8)



Here k = 0, 1, . . . ,K − 1 indexes the K snapshots of a
track, and ∆t is the snapshot spacing. Fig. 4 illustrates an
example drift trajectory.

xRxi

σRxi

k=0

∆i(K−1)

Fig. 4. Illustrative drift trajectory. The cyan circle indicates self-positioning
error, the purple path represents drift. The purple circle is the cumulative drift
uncertainty by the final snapshot.

F. Effective measurement variance

The measured bistatic range will be influenced by both
an error from bistatic range estimation, and the error from
receiver self-positioning. Time-varying quantities below are
evaluated at snapshot k:

B̂i(k) = Bi(xT ,xTx,xRxi) + εi(k),

εi(k) ∼ N (0, σ2
B̂i
)

(9)

The effective variance of the bistatic range measurement
B̂i(k) is estimated by summing the independent sources of
error: range estimation noise, static bias, and accumulated
drift.

Var(B̂i(k)) ≈ σ2
B̂i

+ σ2
Rxi + k σ2

drifti ∆t (10)

For the snapshot case, k = 0 and ∆i(0) = 0, so the drift
term vanishes and Eq. (10) reduces to σ2

B̂i
+ σ2

Rxi .
Eq. (10) is an analytical approximation expressing the

different components of measurement noise, used to define
the weights in the solver. The simulated measurements and
their noise are not drawn from that expression, but follow the
true geometry, with self-positioning error entering through the
use of the measured receiver position x̂Rxi .

IV. METHODOLOGY

The methodology of this work is a simulation study. The
estimator is benchmarked across setups where (a) the receiver
self-positioning error is assumed to be zero, as in most prior
work, (b) the error is assumed to be IID, as in [13], and (c)
the error is modelled as heterogeneous across receivers and, in
tracking, drifting over time, breaking the IID assumption. The
tracking functionality is implemented with a simple EKF on
top of a snapshot estimator, and the same three error models
are compared both in snapshot and tracking configurations.

A. Snapshot localisation solver

We adopt an iterative weighted least-squares (WLS) solver
for snapshot localisation, an established approach for range-
based localisation [9], [11]. We compare three weighting
schemes: (a) “blind”, which ignores self-positioning; (b) “iid”,
which uses the averaged variance σ̄2

Rx, matching the IID error

model evaluated in [13]; (c) “per-Rx”, our weighting that sub-
stitutes σ2

Rxi per receiver, breaking the identically-distributed
assumption when self-positioning quality is heterogeneous
across receivers. Eq. (10) defines the effective variance of a
single bistatic-range measurement, combining range estima-
tion noise, static self-positioning error, and accumulated drift.
Range estimation noise enters all three schemes identically
and the drift term k σ2

drifti ∆t is deferred to the EKF tracking
extension. The weighting matrix W then encodes how each
scheme treats the self-positioning term:

Wii =


1/σ2

B̂i
(blind)

1/(σ2
B̂i

+ σ̄2
Rx) (iid)

1/(σ2
B̂i

+ σ2
Rxi) (per-Rx)

(11)

The expectation is that per-Rx outperforms both iid and
blind for growing σRx,mean. By weighting each receiver ac-
cording to its own self-positioning variance, it down-weights
the least reliable ones, which matters increasingly as that term
comes to dominate the measurement variance.

B. Tracking extension

Drift introduces temporal correlation within each receiver’s
noise sequence: unlike static per-Rx heterogeneity, it cannot
be absorbed into a snapshot weighting and must be carried as
estimator state. The EKF does this by augmenting the target
state with per-Rx drift offsets, extending the static, IID error
model evaluated in [13] to a drifting one. The state vector is

xstate = [xT , vT , ∆1, . . . , ∆N ]⊤ ∈ R4+2N . (12)

where vT is the target velocity. The input to the EKF
is bistatic range and bistatic range-rate (related to velocity)
measurements [9]. The EKF state starts warm with snapshot
estimator output at k = 0 and then tracks the target for 50
steps. A tilde over a noise std (e.g., σ̃Rx,i, σ̃drift,i) denotes the
solver’s assumed value, distinct from the true σ. We initialise
the ∆i states to zero with covariance σ̃2

Rx,i I2. The noise on
drift increments ∆i is set by σ̃drift,i, the assumed value of the
per-Rx drift rate σdrifti from the deferred drift term of Eq. (10):

σ̃drift,i =


0 (blind)
σ̄drift (iid)
σdrifti (per-Rx)

(13)

C. Monte Carlo procedure

The Monte Carlo simulation generates random configura-
tions of target and receiver position within system model
constraints. The constants are defined in Table II. Per-Rx self-
positioning uncertainty σRxi is drawn IID per trial from a
Uniform distribution centred on the cell’s mean σRx,mean, with
spread factor σRx,high/σRx,low = 10 (Table II). The number of
receivers N is swept from 3 to 10. The full sweep ranges are
listed in Table III. The number of trials per cell is 10,000
for both snapshot (seed: 0xC5E3000) and tracking (seed:
0x15EC75) experiments.



D. Evaluation metrics

The main evaluation metric is the median target-position
error with IQR across trials within each cell. For tracking, the
per-trial error is the steady-state target-position RMSE over
the last 30 snapshots, of which we likewise report the median
(with IQR) across trials. Median is selected over mean or P90
to mitigate the heavy tail effect of outliers, which are expected
from degenerate geometry cases.

V. EXPERIMENTS AND RESULTS

We run four experiments: (1) snapshot WLS error vs.
(N, σRx) for the per-Rx solver, characterising the operating
regime; (2) three-solver comparison in snapshot WLS; (3)
three-solver comparison in EKF tracking; (4) per-Rx EKF
vs. per-Rx snapshot WLS. The constants defining the system
model in simulation are listed in Table II. The sweep variables
are listed in Table III.

A. Snapshot target-position error vs. N and σRx

In the first experiment, we demonstrate how the snapshot
WLS target-position error varies with the number of receivers
N and the per-Rx self-positioning uncertainty σRx for the
per-Rx solver. The results are shown in Fig. 5. Adding
receivers reduces the error across the swept range: the benefit
is significant for small σRx, where the error is σB-dominated,
and diminishes above the knee at ∼5m, where σRx dominates.

B. Solver comparison in snapshot WLS

Within this regime, we next ask whether solver choice
matters. In this experiment, we compare the three solvers in the
snapshot setting. The results are shown in Fig. 6. For small
σRx, the three solvers perform similarly. For higher σRx, iid
performs marginally better than blind, and per-Rx performs
better than iid. We pick a particular value of σRx = 5m for
analysis, which is a realistic range from [2]: at N = 10,
the median target-position error is 4.85 m for per-Rx, 5.55 m
for iid, and 6.55 m for blind, a 13 % reduction of per-Rx
over iid and 26 % over blind. The ordering holds across the
sweep: per-Rx achieves a lower median than iid in 64 of
72 (N,σRx) cells. Intuitively, the closer a solver’s weights
match the true measurement variance, the lower its error: blind
ignores self-positioning, iid accounts for it in aggregate, and
per-Rx accounts for it per receiver, so the ordering follows.

C. Solver comparison in EKF tracking

In this experiment, we re-implement the three solvers in
an EKF tracker and compare their steady-state tracking error.
The drifting-receiver case is deferred to future work in [13], as
its theoretical analysis requires the hybrid CRLB. We instead
characterise it empirically via Monte Carlo, comparing the
three solvers under drift. The results are displayed in Fig. 7.
The difference between the solvers is more pronounced than
in the snapshot case, with the same ordering visible across
all σdrift. At N = 10 and σdrift = 0.1m/

√
s, the steady-state

median is 2.90 m for per-Rx, 4.01 m for iid, and 4.80 m for
blind, a 28 % reduction of per-Rx over iid and 40 % over blind.

D. EKF vs. snapshot WLS
In this experiment we compare how the per-Rx EKF tracker

performs against the per-Rx snapshot WLS estimator. The
results are shown in Fig. 8. This is an illustrative experiment to
demonstrate the benefit of tracking over snapshot estimation.
Across N ∈ {3, . . . , 10} and σdrift ∈ {0.01, . . . , 1}m/

√
s,

the EKF tracker yields a 1.4–1.7× median improvement over
snapshot WLS (median across cells: 1.6×).

Symbol Value Description

Geometry
r 1 km Rx ring radius
target-area radius 3 km max. target distance from ring centre
dTx 5 km Tx distance from ring centre

Measurement noise (reference values)
σB,ref 5 m at Rt,ref, Rref
Rref 1 km reference Rr

Rt,ref 15 km reference Rt

σB,min 0.5 m non-SNR floor
σRx,min 0.5 m WLS regularisation floor

Tracking dynamics
K 50 snapshots per track
∆t 0.5 s snapshot spacing
|vT | 10 m/s target speed (CV)
σacc 0.1 m/s2 target process noise
nsteady 30 snapshots for steady-state
σtrk

Rx 5 m fixed (tracking sweeps σdrift)

Per-Rx heterogeneity (iid Uniform per trial)
σRx spread 10 σRx,max/σRx,min

σdrift spread 10 σdrift,max/σdrift,min

Monte Carlo
trials/cell (snapshot) 10 000 per (N, σRx)
trials/cell (tracking) 10 000 per (N, σdrift)

TABLE II
FIXED SIMULATION PARAMETERS.

Variable Range Used in

N {3, . . . , 10} snapshot, tracking
σRx [m] {0.3, 0.5, 1, 3, 5, 10, 30, 50, 100} snapshot
σdrift [m/

√
s] {0.01, 0.03, 0.1, 0.3, 1} tracking

TABLE III
SWEEP RANGES FOR THE EXPERIMENTS.
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Fig. 5. Per-Rx median target-position error vs. mean self-positioning noise
σRx, one line per N (darker = higher N ). Additional receivers reduce error
across the swept range; the benefit is significant below the knee at σRx ≈ 5m
and diminishes above it, where σRx dominates.
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Fig. 6. Snapshot WLS target-position error vs. N across solvers (per-Rx, iid, blind); panels by mean σRx. Lines: median; bands: P25–P75. The median
ordering per-Rx < iid < blind is marginally visible.
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Fig. 7. EKF steady-state target-position error (last 30 of 50 snapshots) vs. N across solvers; panels by mean per-Rx drift rate σdrift. Lines: median; bands:
P25–P75. The per-Rx < iid < blind ordering is visible on the median across all σdrift despite heavy IQR overlap. σRx,mean = 5m fixed.
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Fig. 8. Per-Rx solver only: EKF steady-state vs. snapshot WLS at k=0 (the EKF warm-start); panels by mean σdrift. The tracker yields a 1.4–1.7× median
improvement at every N across the swept σdrift range. σRx,mean = 5m fixed.

VI. DISCUSSION

We have shown that in our system model, per-receiver self-
positioning awareness improves target-position accuracy over
the iid [13] and blind baselines (Fig. 6, Fig. 7): the median gap
is ∼13% in snapshot WLS, growing to ∼28% in EKF tracking.
Snapshot per-Rx weighting addresses heterogeneity in space
alone, the static positional uncertainty σRxi of each receiver.
Tracking additionally addresses heterogeneity in time: the per-

Rx drift rate σdrifti governs how each receiver’s position un-
certainty accumulates, and the EKF integrates this advantage
across 50 snapshots.

This work adapts and extends the error model of [13] by
empirically addressing the drifting-receiver case that study
leaves to future work, and by evaluating it in the non-IID
regime that study leaves unexamined. The practical implication
is that in UAV-based multistatic passive radar, estimating per-



receiver self-positioning errors improves target localisation,
particularly in tracking deployments. Although the per-Rx >
iid > blind ordering is intuitive, surveyed multistatic passive
radars (e.g., [9]) assume perfect or IID self-positioning in
evaluation, so this empirical characterisation is novel. The 28%
per-Rx improvement over the iid baseline in tracking suggests
that per-receiver self-positioning awareness is a meaningful
radar design parameter, with influence on accuracy non-
negligible alongside other parameters such as receiver count
or geometry.

The principal limitations of this work are: (a) the lack
of experimental validation; (b) a simplified simulation model
that treats receiver self-localisation noise as independent of
bistatic range noise, though both may be correlated through
the receiver’s local signal conditions; (c) 2D simulation only;
(d) a single transmitter; (e) quasi-stationary rather than mo-
bile receivers, with no Doppler frequency modelling; (f) the
assumption that per-Rx σRxi is reported exactly by the onboard
self-localisation filter, which may be an estimation challenge
in practice; (g) the IQR bands of all three solvers overlap
heavily in both snapshot and tracking regimes, moderating the
operational claim; (h) only a constant-velocity linear target
trajectory, with non-linear paths (e.g., circular, as in [9])
untested.

VII. RESPONSIBLE RESEARCH

A. Reproducibility

While the simulation and procedures are designed to be re-
producible, simulation implementation details are not included
in the paper. Code, seeds and data are available on GitHub un-
der the MIT license at https://github.com/doodek/
multistatic-rx-uncertainty. All parameters used,
as well as dependencies with specific versions, are documented
in the repository. Data from the simulations is archived in
data/*.npz. Bit-level floating point reproducibility is not
guaranteed but does not affect reported metrics significantly.

B. Ethical aspects and dual use

This work falls under the category of dual use research, and
its position in that category is characterisation of a capability
(the localisation and tracking of uncooperative drones) rather
than enabling it. Explored passive radar technologies may be
used for counter-drone kinetic countermeasures. False posi-
tives in this context may endanger civilian aircraft and other
lawful airspace traffic.

Since passive radars do not emit signals, the tracked entity
has no possibility of sensing that it is being tracked, enabling
covert surveillance of UAV operators.

The simulation code is a Monte Carlo simulation frame-
work which is not deployable to hardware. No proprietary
or operator-specific technology was explored. There is no
contribution to target classification or detection policy.

VIII. CONCLUSION

This work has surveyed the state of the art in multistatic
passive radar for target localisation and tracking using signals

of opportunity, with a focus on feasibility in airborne settings
in GNSS-denied environments. We have identified receiver
positioning uncertainty as a key error source in radar perfor-
mance, and proposed a per-receiver self-positioning awareness
approach to mitigate it, based on the error model of [13]
and evaluated under the heterogeneous and drifting errors
that study leaves to future work. We have demonstrated via
Monte Carlo simulation that per-receiver awareness improves
target localisation and tracking accuracy over IID and blind
baselines, with a ∼13% reduction in median target-position
error over iid (snapshot WLS) and ∼28% in median steady-
state RMSE (tracking).

Future work could include implementing the proposed
approach in a real-world airborne multistatic passive radar
system, as well as extending the simulation to 3D, including
correction for moving receivers, evaluating non-linear target
trajectories, and extending to multiple transmitters. Establish-
ing theoretical limits such as the hybrid CRLB for the drifting-
receiver case deferred in [13] would be a valuable complement
to the empirical characterisation presented here. Furthermore,
error distributions could be characterised beyond median and
IQR, in particular by isolating geometry-degenerate trials
which dominate distribution tails.

APPENDIX

AI Tooling (Claude Code) was used in work on this paper.
All content is under complete ownership and responsibility of
the author. The tooling was used for language editing, format-
ting, drawing figures, generating feedback on the text, and co-
developing the simulation software. Prompt engineering was
used to guide AI on these tasks, specifically to prevent AI
from taking over the intellectual contribution of the work, and
to restrict it to a supportive role. The author reviewed and
edited all AI-generated content.
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