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Abstract

This paper proposes a novel velocity estimation technique and integrates it with the Particle Filter to
achieve precise positioning of an object moving within a magnetic anomaly field. To estimate the position in
GNSS-denied environments, acceleration measurements acquired from the Inertial Measurement Unit are
combined with magnetic field measurements and a magnetic anomaly map. The magnetic field measurements
are utilized at two levels. First, Bayesian inference is applied to process the rate of change of the magnetic
field along the object’s trajectory in order to refine the velocity acquired from the Inertial Measurement
Unit. This refined velocity estimation serves as an input for the propagation model of the Particle Filter,
which subsequently uses the magnetic field measurement and the magnetic anomaly map to estimate the
object’s position. The proposed method was tested for navigating an unmanned aerial vehicle (UAV) using
the ArduPilot simulator across a variety of realistic scenarios. The results demonstrate the efficacy of
Bayesian-based velocity estimation in enhancing the classical Particle Filter approach, leading to a substantial
reduction in the mean trajectory error. The developed method improves GNSS-independent positioning and
navigation and holds promise for applications in various aircraft and robotic systems.

Keywords: Magnetic anomaly navigation, Particle Filter, Bayesian inference, unmanned aerial vehicle,
sensor fusion

1. Introduction

The role of Global Navigation Satellite Systems (GNSS) in precise navigation systems is indisputable.
However, the GNSS signals can often be degraded or obstructed not only indoors but also in outdoor
environments, such as dense urban areas, tunnels, narrow valleys, and even on flat open areas under critical
ionosphere and troposphere conditions [1]. Further threats to GNSS-based navigation systems are related to
intentional disruptions. Since GNSS signals operate at relatively low power, they are vulnerable to jamming.
In the context of Unmanned Aerial Vehicles (UAVs), another significant risk is GNSS spoofing [2]. Researchers
and engineers are therefore continually driven to explore alternatives to Global Navigation Satellite Systems
(GNSS) that could provide safe and precise positioning.

A broad class of modern navigation systems developed for operating in GNSS-denied environments relies on
vision-based technologies that employ terrain and infrastructure features for position referencing. Comprising
high spatial resolution and relatively low-cost instrumentation, vision-based systems have found numerous
applications in UAV technology, serving as an alternative or a complement to Inertial Navigation Systems
(INS) [3, 5, 6]. However, the vision-based systems face several limitations including high computational
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requirements, suitability primarily for close-ground travel, reliance on adequate lighting conditions, and
vulnerability to rapid motion or adverse environmental conditions such as fog, rain, snow, or dust [7].
Additionally, their dependence on terrain diversity makes vision-based systems unsuitable for use in flat
deserts, vast forests, or open water. Another GNSS-independent approach for navigation employs gravity
gradiometers that return information on the gravity gradient tensor [8]. The gradiometers were originally
intended to replace sonars in submarine operations, not only for navigation, but also for collision avoidance [9]
and the detection of underground resources [10]. Numerous advancements in gradiometer-based systems have
also been introduced in aviation [11, 12], including the application for positioning over open waters [13]. The
main challenge of the gradiometer-based systems lies in distinguishing between the effects related to gravity
and inertial forces. The problem is particularly evident in the case of smaller UAVs, which permanently
experience rapid changes in orientation. Additionally, the need to minimize overall weight does not allow for
the installation of equipment necessary to mitigate the influence of the inertial effects, such as stabilizers or
high-precision inertial measurement units.

In parallel to vision-based systems and gradiometry, recent advancements in positioning and navigation
systems have drawn special attention to the use of crustal magnetic anomalies. Magnetic signals can be
measured in both indoor and outdoor environments without constraints on daily time frames. Due to the
significant variability in the distribution of magnetic anomalies across most terrains, they provide a reliable
reference for positioning, also in the environments that may appear uniform to camera-based systems. Thanks
to the lightweight design of magnetometers, magnetic anomaly-based navigation systems can be implemented
on ultralight UAV platforms. Moreover, efficient calibration procedures [14, 15] ensure that magnetic field
measurements remain consistent despite the dynamic characteristics of flight.

Various methodologies have been developed to date for positioning and navigation based on the magnetic
field, designed to meet the specific characteristics of the environment. For indoor applications, a widely used
approach is Simultaneous Localization and Mapping (SLAM), which was developed for robotic platforms
and involves both mapping the ambient magnetic field and localizing within the environment [16–18]. To
determine the actual location, SLAM typically combines data from a magnetometer with onboard motion
sensors and employs Kalman filters [19] or particle filters [20, 21] for processing. In [22], an extended
Kalman filter was used to fuse data from a magnetometer and an Inertial Measurement Unit (IMU) to
estimate the position of a model ship. In [23], a gradient-based Kalman filter and a dynamic system were
developed to reduce noise in magnetic field measurements, enhancing IMU performance in position estimation
for a foot-mounted application. A sequential batch fusion algorithm for indoor magnetic map matching,
employing magnetometers, gyroscopes, and wheel odometry, was proposed in [24]. A computationally efficient
algorithm based on Bayesian inference, which fuses data from an IMU and a magnetometer, was proposed in
[29]. In addition to indoor applications, outdoor implementations have also been reported. In particular,
airborne magnetic anomaly navigation was successfully used to determine the absolute position of aircraft
[25, 26]. Similar to indoor systems, these solutions employ map-matching techniques that use scalar magnetic
measurements to reduce drift in the inertial navigation system. During flight demonstrations, including over
hour-long flights, the accuracy achieved was within tens of meters [27]. Recent literature also highlights the
use of machine learning, which has been shown to be effective for in-flight magnetic navigation [28].

The present paper focuses on magnetic field–based navigation for aerial systems using the Particle Filter.
Compared to the previous works, it contributes to the development of the propagation model (also referred
to as the motion model), which is embedded in the structure of the Particle Filter [30, 31] as a module
responsible for kinematics. Typically, the propagation model estimates velocity by integrating data from
motion sensors, which poses challenges in airborne applications due to inherent IMU drift. This work proposes
fusing information from IMU and magnetometer at the level of velocity estimation, to ensure reliable outputs
from the propagation model, ultimately enhancing the positioning accuracy achieved by the Particle Filter.
This approach leads to dual use of magnetic field measurements. First, the rate of change of the magnetic
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field along the object’s trajectory is fed into the propagation model to estimate the particles’ velocity. Then,
the absolute magnetic field values are compared with a magnetic anomaly map to update the particles’
weights and refine the position estimate. Since the proposed method affects the embedded structure of the
Particle Filter algorithm, validation is divided into two distinct parts. The first part examines the velocity
estimation performance and its impact on Particle Filter outputs. This is conducted in an open-loop setting,
where the UAV dynamics are neglected, and the positioning accuracy of the Particle Filter algorithm is
analyzed under assumed IMU drift. Thereafter, closed-loop simulations employing ArduPilot are performed
in the second part to validate the method within the xt of the coupling between the Particle Filter and UAV
dynamics. In addition, the method is tested for robustness under a range of uncertainties present in flight
scenarios.

The remaining part of this paper is structured as follows. Section 2 discusses the composition of the
magnetic field–based navigation system, outlining the underlying assumptions and objectives. Next, the
enhanced velocity propagation model is developed and integrated into the Particle Filter algorithm. Section
3 presents the results of the open-loop simulations that validate the performance of the proposed magnetic
correction to velocity estimation. Section 4 demonstrates the effectiveness of the developed method in the
context of its integration with a UAV navigation system. Finally, Section 5 summarizes the findings and
provides the concluding remarks.

List of symbols

2. Particle Filter with enhanced velocity propagation model

2.1. Problem statement

Consider the problem of estimating the position of a navigating UAV without relying on absolute position
information from GNSS. In such scenarios, the IMU becomes the primary data source for localization. Unlike
encoders used in ground-based systems, which provide reliable movement data for ground platforms, inertial
modules are prone to drift due to the integration of accelerations measured with finite precision. To ensure
high-accuracy positioning, we propose using a Particle Filter that incorporates magnetometer readings at two
distinct stages, as illustrated in Fig. 1. In the first stage, data from the magnetometer, IMU, and a magnetic
anomaly map is fused and used for velocity estimation, which then serves as the input to the Particle Filter
(PF). In the second stage, the PF integrates the magnetic field measurements, the magnetic anomaly map,
and the estimated velocity within its propagation model. This design can serve as a viable alternative to
a GNSS-based positioning module, which is typically a key input to the Kalman Filter integrated in UAV
autopilot systems.

Magnetic Anomaly Map

Velocity
Estimation

Module

Magnetometer

Inertial Measurement Unit Particle
Filter Position

Figure 1: Scheme of the proposed positioning system. Magnetometer data is used at two levels: to refine the velocity output
from the IMU and to estimate the position through the Particle Filter.

The proposed positioning system aims to estimate the object’s position while reducing the uncertainty of
the estimation. To achieve this, the paper focuses on two specific objectives:
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Table 1: List of symbols

w ∈ R2 velocity (deterministic two-element vector)
fA(w) probability density function of the random variable A
µA expected value of the random variable A
t time step
Vt velocity determined at time step t by the proposed system (2D random

variable)
VIMU

t IMU-based velocity at time step t (2D random variable)
∆VIMU

t = VIMU
t −VIMU

t−1 IMU-based velocity increment at time step t (2D random variable)
V̄t = Vt−1 +∆VIMU

t velocity at time step t obtained by updating Vt−1 by ∆VIMU
t (2D random

variable)
Wt = V̄t|V̄t=VIMU

t
velocity obtained by fusing V̄t and VIMU

t (2D random variable)
xt, x̄t ∈ R2 locations in a 2D space at time step t (deterministic two-element vectors)
M(x) magnetic field at location x
∇M(x) gradient of the magnetic field at location x (deterministic two-element vector)
Gt ∼ N (µGt

, σ2
G) time derivative of the measured magnetic field (1D random variable), as

estimated at time step t from the in-flight magnetic field measurements
δ(·) Dirac delta function defining the probability distribution generated by the

Particle Filter
nt number of particles at time step t
∆t time step
ϕ latitude
λ longitude
σM magnetic field measurement noise
σ, l hyperparameters of the Gaussian regression
ϵ error of the initial position
E average position error
erri position error relative to waypoint i
MAE mean absolute error
KPD kilometers per degree

G1. Precise estimation of the object’s velocity by using Bayesian inference for data fusion of inertial
measurements and magnetic field readings.

G2. Computation of the object’s position within the Particle Filter by using magnetic field values, the
magnetic anomaly map, and the enhanced velocity input.

To ensure the operation of the proposed positioning system, the following assumptions must be satisfied:

A1. The drift in the UAV velocity estimated from the IMU is sufficiently small.
A2. The magnetic anomaly field within the object’s movement area is stationary over time.
A3. Magnetic anomalies are mapped with sufficient accuracy.
A4. The magnetic anomaly field has continuous spatial derivatives.
A5. The quality of the magnetometer measurements is sufficient to obtain a smooth time derivative of the

magnetic anomaly field.

Specifically, A1 ensures that the velocity provided by the IMU, even if imprecise, remains suitable for
processing in the velocity estimation module, where it is fused with magnetometer data. A2–A4 ensure the
relevance of the predefined magnetic anomaly map for reference positioning. Finally, A5 is necessary for
performing Bayesian inference during the magnetic field–based velocity estimation (see Section 2.3).

4



2.2. Generalized Particle Filter algorithm

The Particle Filter aims to sequentially estimate the distribution p of the state Xt at time t given the
observation zt:

p(Xt|zt) =
nt∑
i=1

wi
t δ(Xt − xi

t), (1)

In Eq. (1), δ represents the Dirac delta function, nt stands for the number of particles, and x1
t , ...,x

nt
t and

w1
t , ..., w

nt
t denote the particles locations and their weights, respectively. In the standard version of the

Particle Filter ([30]), the computation of the distribution in Eq. (1) relies on the three major steps:

Step A. Calculation of the weights wi
t, i = 1, ..., nt, which are proportional to the measurement density p(zt|Xt).

Step B. Re-sampling, which involves discarding the least significant particles and generating new particles
according to p(zt|Xt), resulting in a new set of particles with a total number nt+1 to be considered at
the next time step t+ 1.

Step C. The positions of particles at time t+1 are updated by employing a propagation model, i.e., xi
t+1 = P (xi

t),
i = 1, ..., nt+1, where P represents the assumed propagation model.

In the considered setup, the propagation model P depends on the estimated velocity, which, in UAV
applications, is typically derived by integrating the acceleration data from the IMU. However, since the
velocity estimated from the IMU alone is susceptible to significant drift, this paper incorporates a magnetic
field correction into the velocity estimation process to improve the performance of the propagation model.

2.3. The propagation model: velocity correction via magnetic field measurement and Bayesian inference

This section proposes a Bayesian data fusion procedure that corrects the IMU-based velocity using in-flight
magnetometric measurements. The procedure is used in each time step t after calculating the IMU-based
velocity VIMU

t+1 but before feeding the velocity to the Particle Filter (see Fig. 1). The input data in each step
consists of, see Table 1:

• The data available at time step t, that is: the deterministic locations of particles xi
t, i = 1, ..., nt+1,

after re-sampling (see Step B), and their probabilistically modeled velocity Vt.

• New data gathered during the next time step t + 1, that is: the IMU-based velocity VIMU
t+1 and its

update ∆VIMU
t+1 , and the time derivative gt+1 of the magnetic field estimated using the current in-flight

magnetometric measurements (specific realization of the random variable Gt+1).

The output in each step consists of the updated deterministic locations of the particles xi
t+1, i = 1, ...nt+1,

and their probabilistically modeled velocity Vt+1. The proposed propagation model P updates the particle
locations using a procedure similar to Euler’s scheme of numerical integration. This scheme is first-order,
and its simplicity allows the location update to be separated from the velocity update. The procedure is
realized through three steps:

Step 1. Particle location update. The particle locations are updated using the expected value of the velocity
Vt, denoted as µVt

:
xi
t+1 = xi

t +∆tµVt
, i = 1, ..., nt+1. (2)

Step 2. Processing of the IMU-based velocity. First, the velocity information from the previous step is updated
using the IMU-based velocity increment, V̄t+1 = Vt + ∆VIMU

t+1 . Assuming for simplicity that the
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summands are independent:

ΣV̄t+1
= ΣVt

+Σ∆VIMU
t+1

, (3a)

µV̄t+1
= µVt

+ µ∆VIMU
t+1

. (3b)

Then, the velocity information provided by the random variables V̄t+1 and VIMU
t+1 is fused into a single

random variable Wt+1. The Bayesian formalism is used for this purpose, where the natural condition
V̄t+1 = VIMU

t+1 plays the role of the evidence. Under the simplifying assumption of independence of
V̄t+1 and VIMU

t+1 ,
fWt+1

(w) = fV̄t+1|V̄t=VIMU
t+1

(w) ∼ fV̄t+1
(w)fVIMU

t+1
(w)

and thus Wt+1 has a Gaussian distribution

Wt+1 ∼ N
(
µWt+1 ,ΣWt+1

)
with the following mean and covariance matrix:

ΣWt+1
=
(
Σ−1

V̄t+1
+Σ−1

VIMU
t+1

)−1

, (4a)

µWt+1
= ΣWt+1

(
Σ−1

V̄t+1
µV̄t+1

+Σ−1
VIMU

t+1

µVIMU
t+1

)
. (4b)

Step 3. Processing of the magnetometric measurements. The information provided by Wt+1 is fused with the
information provided by the time derivative gt+1 of the magnetic field into the final velocity Vt+1. The
time derivative of the magnetic field is estimated during flight from measurements, and Gt+1 = gt+1 is
treated as the available evidence. Let the updated location be xt+1. Using the Bayesian formalism and
assuming the independence of Wt+1 and Gt+1,

fVt+1(w) = fWt+1|Gt+1=gt+1
(w) ∼ fWt+1,Gt+1(w, gt+1) = fWt+1(w)fGt+1(gt+1).

The final velocity Vt+1 is thus normally distributed:

Vt+1 ∼ N
(
µVt+1

,ΣVt+1

)
,

where

ΣVt+1
=

(
Σ−1

Wt+1
+

∇M(xt+1) (∇M(xt+1))
T

σ2
G

)−1

, (5a)

µVt+1
= µWt+1

+
gt+1 − µT

Wt+1
∇M(xt+1)

σ2
G

ΣVt+1
∇M(xt+1). (5b)

The output is the updated location xt+1 (computed by Eq. (2) in Step 1) and the corrected velocity Vt+1

(computed by Eq. (5) in Step 3).

3. Performance evaluation

This section examines the effectiveness of the velocity correction proposed in Section 2.3. The tests
are conducted using simulations of the positioning provided by the Particle Filter (Steps A–C), where the
velocity in the propagation model (Step C) is computed either by integrating the accelerations provided by

6



the IMU or by using the proposed fusion of measurements from the IMU and magnetometer (Steps 1–3). The
simulations are carried out assuming the flight trajectory described in Section 3.2. To implement the velocity
correction, a magnetic anomaly map satisfying the regularity assumption A4 must first be introduced (see
Section 2.1).

3.1. Magnetic anomaly mapping

To date, several approaches have been proposed to create a reference magnetic anomaly map that
guarantees sufficient accuracy for precise positioning and navigation. In [32], the authors proposed using
linear interpolation on magnetic measurement data collected in a grid. In [33], the magnetic field was
represented using the spatial binning method. In the present paper, we seek a smooth representation of the
magnetic anomaly and, therefore, adopt the approach based on Gaussian regression [34, 35]. In addition to
providing the required regularity (assumption A4), this technique has also proven effective in reconstructing
typical characteristics of the crustal magnetic field with limited measurements [20].

To perform Gaussian regression on the magnetic anomaly field, the first step is to acquire a set of
m measurements M1(x̄1), ...,Mm(x̄m) at the respective locations x̄1, ..., x̄m ∈ X ⊂ R2. All measure-
ments are assumed to be distorted with some Gaussian noise ϵ ∼ N (0, σ2

M). Using the assumption that
M1(x̄1), ...,Mm(x̄m) represent a Gaussian process M, the function M : X → R can be computed as the
mean of the posterior distribution, M(x) = E

[
M(x)|M1(x̄1), ...,Mm(x̄m)

]
. By applying the Bayes rule [36],

the posterior distribution can be expressed as:

M(x)|M1(x̄1), ...,Mm(x̄m) ∼ N
(
µM, σ2

M
)
. (6)

In Eq. (6), the mean µM is a function of x ∈ X ⊂ R2 defined as:

µM(x) =
[
κ(x, x̄1), ..., κ(x, x̄m)

]T
(C+ σMI)

−1 [
M1(x̄1), ...,Mm(x̄m)

]
, (7)

where κ denotes the covariance kernel function, which is commonly assumed to be represented by a Gaussian
function with the signal variance σ2 and the length scale l:

κ(x, x̄i) = σ2 exp

(
−∥x− x̄i∥2

2l2

)
, i = 1, ...,m, (8)

In Eq. (7), I stands for the identity matrix and the covariance matrix C is determined as:

C = [ci,j ]m×m , ci,j = κ(x̄i, x̄j). (9)

Thus, for each location x ∈ X ⊂ R2, the function M can be expressed as follows:

M(x) = µM(x) =
[
κ(x, x̄1), ..., κ(x, x̄m)

]T
(C+ σMI)

−1 [
M1(x̄1), ...,Mm(x̄m)

]
. (10)

For the selection of the hyperparameters σ and l in Eq. (8), we perform the maximization of the log marginal
likelihood ([37]):

J(σ, l) =− 1

2

[
M1(x̄1), ...,Mm(x̄m)

]T
(C + σMI)−1

[
M1(x̄1), ...,Mm(x̄m)

]
− 1

2
log (det (C+ σMI))− m

2
log(2π).

(11)
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The determined optimal hyperparameters σ∗ and l∗ must satisfy the necessary optimality conditions:

∂J

∂σ
(σ∗, l∗) = 0,

∂J

∂l
(σ∗, l∗) = 0, (12)

and they can be computed using the gradient ascent method.
Throughout this work we use for tests a virtual magnetic field map characterized by:

Map(λ, ϕ) =51000 + 100
(
0.1 + 5(1− λ̄)2 exp(−λ̄2 − (ϕ̄+ 1)2)− 2(λ̄/15− λ̄3 − ϕ̄5) exp(−λ̄2 − ϕ̄2)

)
+ 100

(
−2 exp(−(λ̄+ 1)2 − ϕ̄2)

)
[nT], λ̄ = 20(λ− 20.880), ϕ̄ = 32(ϕ− 52.250).

(13)

The map’s longitude λ and latitude ϕ extend within 20.880–20.935 and 52.250–52.285 degrees, respectively.
The assumed magnetic field characteristics represent the combination of the core field and a medium-gradient
lithospheric field, typical of the terrain at the respective coordinates [39]. Based on the assumed magnetic
field map, m = 2000 coordinates x̄1, ..., x̄m are randomly selected within the specified ranges to generate
the set of measurements, M1(x̄1), ...,Mm(x̄m), using Eq. (13). Gaussian noise with the standard deviation
σM = 0.5 [nT] was added to simulate the performance of modern compact scalar magnetometers [40]. The
final magnetic anomaly map, used in the subsequent sections (see Fig. 2 and 5), was obtained through
Gaussian regression—Eqs. (8) and (10)—with the hyperparameters σ = 0.004 and l = 0.011 optimized using
Eq. (12).

3.2. Flight scenario

The simulations were performed using a flight trajectory (referred to as the reference trajectory) generated
by the ArduPilot simulator (for more details see Section 4) and defined by nine waypoints (WP-0 to WP-8).
These waypoints covered a rectangular area with longitude coordinates approximately ranging from 20.89° to
20.93° and latitude coordinates from 52.26° to 52.28°, as illustrated in Fig. 2. The aircraft performs a vertical
takeoff at WP-0, then transitions to airplane mode and sequentially navigates through waypoints WP-1,
WP-2, . . . , WP-8. Finally, it returns to WP-0, switches back to multi-rotor mode, and lands vertically. The
total flight length is approximately 7340 [m]. The averaged flight velocity is 18.91 [m/s]. The considered
area encompasses an old military airfield, and the flight itself can be viewed as a patrol operation.

This section examines how the proposed velocity correction enhances IMU readings and impacts the
performance of the Particle Filter–based positioning. For this analysis, the focus is on open-loop simulations,

20.89 20.9 20.91 20.92 20.93
Longitude [deg]

52.26

52.27

52.28

La
tit

ud
e 

[d
eg

]

WP-0 WP-1

WP-2

WP-3

WP-4

WP-5

WP-6

WP-7

WP-8

Figure 2: Flight scenario defined by the specified waypoints: takeoff at WP-0, transitions through WP-1, WP-2, . . . , WP-8, and
landing at WP-0 (left). Flight trajectory generated by the ArduPilot simulator and the corresponding assumed IMU readings,
with the magnetic field map displayed in the background (right).
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where the positioning generated by the proposed method does not influence the operation of ArduPilot. The
reference trajectory was generated under the assumption of full access to GNSS data. All comparisons in this
section are based on the same reference trajectory. Closed-loop simulations, which account for the influence
of the designed positioning on the ArduPilot controller and the resulting flight trajectories, are discussed in
Section 4.

The performance of the velocity correction algorithm developed in Section 2.3 is analyzed in terms of
Particle Filter positioning accuracy, considering scenarios with two interrupting factors: IMU drift and initial
position error. IMU drift results from the integration of inaccurate acceleration measurements, while the
initial position error may arise from disturbances in satellite navigation readings, which were spoofed before
the mission began. IMU readings are assumed to exhibit a deterministic velocity drift that increases linearly
with time, resulting in a position error of 400 meters by the end of the mission (see the uncorrected IMU
trajectory in Fig. 2). For the initial position error ϵ, cases within the range of 0 to 200 meters are considered.

3.3. Implementation of the Particle Filter with the enhanced velocity algorithm
The implementation of the general Particle Filter scheme (see Steps A–C in Section 2.2) was carried out

under the following assumptions. The state Xt represents the positioning coordinates (longitude and latitude
in degrees) at time step t, where t = 1, ..., T . Here t = 1 and t = T denote the initial and final time steps,
respectively. For the considered flight trajectory, which had a total duration of 388 seconds, positioning
updates were assumed to occur every second, resulting in T = 389. To estimate the initial position at
t = 1, n1 = 100 particles were assumed, distributed according to a normal distribution centered around the
estimated starting position, with a standard deviation of 0.0005 [deg].

At each time step t, the calculation of the weights (Step A) was performed using a Gaussian function
p, where the argument was determined by the difference between the measured magnetic reading zt and
the corresponding value from the map. During the re-sampling process (Step B), particles with normalized
weights below 0.9 were discarded. New particles were generated by sampling from a normal distribution
centered on the remaining particles, with a standard deviation of 0.0002 [deg]. Moreover, the total number
of particles was kept within the bounds of 50 to 200.

To update the position of the particles (Step C), the propagation model from Steps 1–3 of the algorithm
presented in Section 2.3 was used with the following settings. For Eq. (2), the time step was assumed to be
∆t = 1 [s]. The initial velocity at time step t = 1 was set to zero, that is

µV1
=
[
0 0

]
, ΣV1

=

[
0 0

0 0

]
. (14)

The IMU-based velocity increment ∆VIMU
t was assumed to consist of three components: the actual velocity

increment of the reference trajectory, a constant factor (drift per second) resulting in the final position error
of 400 [m], and a negligibly small random noise. The time derivative of the magnetic field in Eq. (5b) was
calculated in Step 3 using the increment of the magnetic readings, expressed as gt+1 = (zt+1 − zt)/∆t. In
the simulation, zt was determined for t = 1, ..., T − 1 as the magnetic field readings from the map along the
real (reference) trajectory (see Fig. 2), incorporating the assumed measurement noise of 0.5 [nT] (as detailed
in Section 3.1). For the variance of the time derivative of the magnetic field measurement (Eq. (5a) and
(5b)), we chose σ2

G = 0.5 [nT2/s2], which aligns with the assumed magnetic field measurement error.

3.4. Results of open-loop simulations
3.4.1. Analysis of velocity errors

Steps 1–3 of the proposed algorithm (Section 2.3) focus on correcting the velocity. To analyze the
effectiveness in velocity correction, 1000 simulations were performed on the reference trajectory, assuming
zero initial position error and applying the Particle Filter (Steps A–C) in two different scenarios:
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1. Uncorrected velocity. The Particle Filter’s propagation model (Step C) was fed with the velocity
provided by the IMU, including the assumed drift.

2. Corrected velocity. The proposed velocity correction was implemented, and the Particle Filter’s
propagation model processed the already corrected velocity.

The evolution of errors for the uncorrected and corrected velocity, compared to the real velocity along
the analyzed trajectory, is illustrated in Fig. 3. The uncorrected IMU velocity exhibits the assumed linear
drift, accumulating an error of 2.06 [m/s] (10.9% of the averaged flight velocity) over 389 time steps. The
corrected velocity is represented by the mean derived from 1000 simulations (red curve), with the lower and
upper bounds (black curves) determined at one standard deviation. In the initial stage of the simulation,
for time steps t ≤ 3, the error of the corrected velocity increases rapidly. This occurs because particles
are randomly selected within a relatively large initial radius, which causes temporary fluctuations in the
positioning estimates generated by the Particle Filter. For time steps 26 ≤ t ≤ 65, the mean error of the
corrected velocity remains higher than that of the uncorrected IMU velocity. This is the stage when the
Particle Filter works to converge its estimate toward the true position. The maximum of the mean error
occurs at t = 38, reaching 0.96 [m/s] (5.1% of the average flight velocity). For the remainder of the simulation,
the mean error of the corrected velocity remains consistently below 0.8 [m/s]. When averaged over the entire
simulation, the error of the corrected velocity is 56.5% lower than that of the uncorrected IMU velocity.
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Figure 3: Comparison of uncorrected velocity (IMU-based) and corrected velocity (computed using Steps 1–3 of the developed
algorithm). The corrected velocity is represented by the mean of 1000 simulations (red curve), with the lower and upper bounds
(black curves) at one standard deviation apart from the mean.

3.4.2. Analysis of positioning errors
To evaluate the positioning accuracy of the proposed method, position errors are analyzed along the

assumed flight trajectory using the Particle Filter incorporating both the uncorrected and corrected velocity.
With the initial position error set to zero (ϵ = 0), 1000 simulations were conducted for each Particle
Filter scenario. The results are illustrated in Fig. 4. By analyzing the mean errors (red curves), a similar
performance is observed during the initial stage of the simulation (t < 30), and the errors of the uncorrected
and corrected velocities are comparable. A clear divergence occurs for t > 110, where, in the uncorrected
velocity case, the mean position error increases rapidly, reaching 110.4 [m] at time step t = 213. In contrast,
the proposed velocity correction leads to a significant reduction in the mean position error, and for 92% of
the simulation time the mean error remains below 20 [m]. The maximum position error occurs at time step
t = 222, reaching 23.9 [m], which is 78.3% lower than the peak value in the uncorrected velocity scenario.
Overall, the proposed velocity correction reduces the average mean position error E by 78.6% (see Table 2).
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Moreover, the overall variation in position error is significantly lower when applying the proposed velocity
correction. The trajectories obtained for the considered positioning methods are compared in Fig. 5.
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Figure 4: Comparison of positioning accuracy using the Particle Filter incorporating uncorrected velocity (left) and corrected
velocity (right) for zero initial error (ϵ = 0). The red curves indicate the mean position errors of 1000 simulations, while the
black curves represent the lower and upper bounds, calculated at one standard deviation. The results are compared to the
position error as estimated solely by the IMU (blue curve).

Table 2: Average position errors obtained for the two considered positioning methods and different errors of the initial position.

Initial error (ϵ) [m] Average position error (E) [m]
Uncorrected IMU PF inc. uncorrected vel. PF inc. corrected vel.

0 132.018 47.126 10.053
50 182.018 50.422 18.363
100 232.018 54.915 22.818
200 332.018 65.056 32.241

Figure 5: Comparison of the trajectories obtained for the considered positioning methods and zero initial error (ϵ = 0). The
assumed magnetic field map is displayed in the background. For the Particle Filter incorporating uncorrected and corrected
velocities, the results are based on randomly selected simulations from a set of 1000.
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Figure 6: Comparison of particle distributions at selected time steps for uncorrected velocity (left) and corrected velocity (right),
with the reference trajectory depicted in the background (green circles with green crosses indicate the reference positions at the
analyzed time steps). Results are based on randomly selected simulations from a set of 1000.

To further validate the results, Fig. 6 compares the evolution of particle distributions at selected time
steps generated by the Particle Filter for a randomly chosen simulation from a set of 1000. For time steps 50

and 100, the distributions for uncorrected and corrected velocity appear very similar. However, by time step
150, the uncorrected velocity leads to a noticeable backward shift, consistent with the earlier observation
in the position error curve (Fig. 4). For time steps 200–260, the uncorrected velocity exhibits a continued
backward shift and a gradual deviation from the reference trajectory. In contrast, the corrected velocity
maintains a consistently low-error trajectory during the same period. At t = 280, the diversity of the particle
distributions generated by both configurations is significantly reduced, leading to similar position estimates.
However, in the final stage of the flight (time steps 300–389), a gradual divergence in the particle distributions
from both configurations becomes evident. Specifically, in the uncorrected case, the particle distribution at
t = 389 is split into two parts, which results in a significant position estimation error. It is worth noting that
the corrected velocity not only ensured more accurate positioning but also produced more consistent particle
distributions throughout the entire flight, minimizing abrupt jumps in the Particle Filter’s output.

Finally, the simulations were repeated with errors ϵ of the initial position ranging from 50 to 200 [m].
The results for ϵ = 50 [m] are illustrated in Fig. 7. The Particle Filter is capable of rapidly canceling the
initial error of 50 [m] in both considered scenarios, and the overall performance of the corrected velocity
approach remains consistent with the previous findings. The corrected velocity approach remains superior
over the uncorrected case also for the other initial position errors, as summarized in Table 2.

4. UAV navigation system implementation

In the early stages of implementation, newly developed software systems for aircraft are prone to
malfunctions. High risk of crashing a real-life test vehicle—whose cost is relatively high even for UAVs—
prompts extensive use of simulation tools. Popular UAV autopilot systems can simulate many different aircraft
models in various environments thanks to a feature called software-in-the-loop (SITL). Communication with
the SITL environment is possible through well-established protocols such as MAVLink [41] or DroneCAN
[42], allowing its capabilities to be extended with user-developed scripts. This enables the modeling of
Earth’s magnetic field distribution, the simulation of magnetometer readings, and the virtual testing of a
UAV equipped with position-estimation software based on these data. For this study, ArduPilot’s SITL [43]
was selected as the simulation environment. The UAV used for experimental testing was of the QuadPlane
type, a hybrid aircraft that integrates the capabilities of a fixed-wing plane and a quadcopter.
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Figure 7: Comparison of positioning accuracy using the Particle Filter incorporating uncorrected velocity (left) and corrected
velocity (right) for initial error ϵ = 50 [m]. The red curves indicate the mean position errors of 1000 simulations, while the black
curves represent the lower and upper bounds, calculated at one standard deviation. The results are compared to the position
error as estimated solely by the IMU (blue curve).

4.1. ArduPilot simulator of UAV platform

Each simulation environment in autopilot software typically consists of at least three fundamental
components: the autopilot software, the flight dynamics model, and the Ground Control Station (GCS)
software. These components communicate internally using a specific communication protocol, often MAVLink
for UAVs. The same protocol can also be used to enable interactions between external scripts and the GCS.
The GCS can forward MAVLink messages bidirectionally, both to and from external scripts. This allows
users to access data provided to the GCS by the autopilot system, such as telemetry, and to control the
software-in-the-loop (SITL) simulation by sending specific MAVLink messages to the GCS. User-developed
software interacting with the GCS can further communicate with other software packages via their respective
protocols. A common setup involves using Python for communication with the GCS and MATLAB for
performing extensive calculations. This combination is also employed in the system described in this paper.
Communication between Python and the GCS is handled through the Pymavlink Python module, while
interaction between Python and MATLAB scripts is managed via the MATLAB Engine API for Python.

The architecture of the described software-in-the-loop (SITL) environment, enhanced with external
user-developed software tailored for the navigation system, is illustrated in Fig. 8. The blue block labeled
“Particle Filter inc. corrected velocity” represents the MATLAB implementation of the magnetic navigation
module, which employs the Particle Filter method incorporating corrected velocity readings. The block
labeled “Python script” corresponds to the module responsible for facilitating communication between the
Ground Control Station (GCS) and MATLAB, as well as handling data processing. The remaining block
names are self-explanatory. Additionally, Fig. 9 shows a screenshot of the MAVProxy Ground Control Station
(GCS) [44], displaying its Console and Map modules interfacing with ArduPilot’s simulation environment.

4.2. Simulation results

A series of simulated flights was conducted based on the scenario outlined in Section 3.2. The effectiveness
of the position correction was assessed using a quantitative metric that leverages the predefined waypoints (see
Fig. 2). The position error, defined as the minimum distance between the actual trajectory (represented by a
series of points j ) and a given waypoint i, was computed for each waypoint using the FCC’s approximation
formula [45]:

erri = min
j

√
[KPDϕ(ϕi − ϕj)]

2
+ [KPDλ(λi − λj)]

2
. (15)
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Figure 8: Architecture of the simulation platform.

Figure 9: ArduPilot SITL environment: online console (left) and map interface (right).

In Eq. 15, the geographical coordinates ϕ and λ were converted into metric units as follows:

KPDϕ = 111.13209− 0.56606 cos(ϕi + ϕj) + 0.0012 cos(2(ϕi + ϕj)),

KPDλ = 111.41513 cos(1/2(ϕi + ϕj))− 0.09455 cos(3/2(ϕi + ϕj)) + 0.00012 cos(5/2(ϕi + ϕj)).
(16)

To evaluate the effectiveness of positioning, the average error over 10 realizations of each case was calculated
using Eq. (15) for all waypoints in the mission, except WP-0, which is both the starting and landing point.

The flight condition scenarios considered in the simulations were as follows:

• Case 1 (All sensors operational). All on-board sensors, including the GNSS module, were functioning
normally. This case serves as a benchmark for comparison with other scenarios.

• Case 2 (Uncorrected IMU). The GNSS module either failed or was spoofed. The system relied on the
uncorrected IMU velocity, which resulted in a constant drift from the desired trajectory.

• Case 2 (Particle Filter inc. corrected velocity). The GNSS module either failed or was spoofed. The
system relied on the Particle Filter with the proposed magnetic field–based velocity correction.

Figure 10 presents a comparison of the position errors calculated for each waypoint along the trajectory and
for all described cases.
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Figure 10: Position errors across all considered flight scenarios.

Case 1 (All sensors operational) exhibits stable, low position errors at each waypoint, as expected when
relying on the GNSS system for navigation. In contrast, Case 2 (Uncorrected IMU), where the GNSS
module was inoperational and the autopilot relied solely on incremental sensors for position estimation, shows
a tendency for the error to increase along the trajectory. Temporary deviations from this trend occur at
WP-6 and WP-7 due to nuances in the flight trajectory shape. Case 2 (Particle Filter inc. corrected velocity),
which incorporated Particle Filter with the proposed real-time velocity and position corrections derived from
magnetic field readings, achieved a significant improvement in positioning accuracy. The mean absolute error
(MAE) calculated across all waypoints is 6.55 [m] for Case 1, 47.46 [m] for Case 2 (Uncorrected IMU), and
12.75 [m] for Case 2 (Particle Filter inc. corrected velocity). Selected mission realizations for each described
case are illustrated in Fig. 11. The trajectories for Case 1 (All sensors operational) and Case 2 (Particle
Filter inc. corrected velocity) closely follow the reference trajectory, demonstrating effective convergence. In
contrast, Case 2 (Uncorrected IMU) exhibits significant deviations from the reference trajectory over time.
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Figure 11: Comparison of exemplary trajectories for the three considered flight scenarios.
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4.3. Robustness analysis

An aircraft in flight relies on a variety of systems to estimate its flight parameters. While GNSS module
failure is one potential issue, this section evaluates the effectiveness of the proposed positioning method
under additional simulated failures of critical flight modules.

A common issue is the malfunction of the pitot tube, a sensor that measures total and static air pressure
to estimate airspeed. Incorrect readings can lead to critical flight conditions, such as stalling (caused by
overestimated airspeed due to improper calibration) or overspeeding (resulting from underestimated airspeed
due to a blocked tube). Such malfunctions can severely impact the aircraft’s position estimation, particularly
under variable wind conditions. To evaluate the robustness of the proposed alternative navigation system,
four additional flight scenarios were examined:

• Case 3. Flight with a blocked pitot tube resulting in zero airspeed readings, under no-wind conditions.
• Case 4. Flight with a blocked pitot tube and a wind speed of 6 [m/s], typical for the considered

geographical region.
• Case 5. Flight with an incorrectly calibrated pitot tube causing significantly overstated airspeed

readings, under no-wind conditions.
• Case 6. Flight with an incorrectly calibrated pitot tube and a wind speed of 6 [m/s].

Each scenario was simulated both with and without Particle Filter correction. Figure 12 presents the position
errors for all trajectory waypoints in all these cases, averaged over 10 realizations.
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(a) Case 3
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(b) Case 4
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(c) Case 5
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(d) Case 6

Figure 12: Position errors for various pitot tube failures and wind conditions. Case 3: Blocked pitot tube, no-wind conditions;
Case 4: Blocked pitot tube, wind speed 6 [m/s]; Case 5: Incorrectly calibrated pitot tube, no-wind conditions; Case 6: Incorrectly
calibrated pitot tube, wind speed 6 [m/s].
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In general, for the Uncorrected IMU scenarios across all considered cases, improper calibration of the
pitot tube results in higher position errors compared to a blocked pitot tube (see Figs. 12a–12d). In each
Uncorrected IMU case, the position error tends to increase along the trajectory, except at WP-6 and WP-7,
consistent with the observations described in Section 4.2. Integration of the proposed velocity correction
method into the UAV navigation system significantly reduces position errors in most cases. However, there are
exceptions where applying the magnetic field–based correction results in a slight local decrease in positioning
accuracy: WP-1 and WP-7 in Fig. 12a; WP-1, WP-2, and WP-7 in Fig. 12b; WP-1, WP-2, WP-3, and WP-7
in Fig. 12c; WP-1, WP-2, and WP-3 in Fig. 12d. This phenomenon is influenced by several interrelated
factors. Key contributors include the distribution of the magnetic field, the resampling rules implemented in
the Particle Filter algorithm, the characteristics of the flight trajectory, and environmental conditions. Due
to their complex interactions, isolating and quantifying the individual impact of each factor on the observed
simulation errors remains challenging.

The proposed method significantly improves positioning accuracy. Table 3 compares the position errors
across the considered flight cases, expressed as the mean absolute error calculated for all waypoints in the
trajectory. The proposed method reduces the overall position error by at least 46% in Case 4 and up to 74%
in Case 6. Compared to Case 1 (All sensors operational), the errors in Cases 2–6 (Uncorrected IMU) are
5.47–9.34 times higher. However, incorporating the Particle Filter with the proposed velocity correction into
the navigation system reduces this range to 1.95–3.51 times higher.

Table 3: Mean absolute position error for various pitot tube failures and wind scenarios.

Case No. MAE [m] Error reduction [%]
Uncorrected IMU PF inc. corrected vel.

2 47.46 (724) 12.75 (195) 73.13
3 35.84 (547) 16.89 (258) 52.87
4 42.74 (653) 22.99 (351) 46.20
5 58.23 (889) 20.81 (318) 64.26
6 61.15 (934) 16.01 (244) 73.81

Values in parentheses represent percentage position errors relative to Case 1 (All
sensors operational), where the position error is 6.55 [m].

5. Concluding remarks

This paper introduced a novel approach for localizing an object operating in a GNSS-denied environment.
The method relies on magnetic anomaly measurements, which are internally used within the Particle Filter
at its two levels. At the level of velocity estimation, the time derivative of the measured magnetic field is
fused with the velocity data acquired from an Inertial Measurement Unit using Bayesian inference. At the
level of position estimation, the Particle Filter generates the posterior distribution by utilizing the actual
magnetic field value in conjunction with the reference magnetic anomaly map. In open-loop simulations,
compared to the Paricle Filter with IMU-based velocity, the proposed enhanced velocity method achieved a
significant reduction in the average position error with the improvements ranging from 50.44% to 78.6%. The
validation was performed in closed-loop simulations using the ArduPilot simulator and a variety of realistic
flight scenarios, including two pitot tube failures and two wind speeds. the Particle Filter with the proposed
magnetic field–based correction incorporated into its propagation model was demonstrated to substantially
improve the positioning accuracy across all considered scenarios. Compared to the typical use of the IMU
based velocity, the reduction of the average position error ranged from 46.20% to 73.81%. The proposed
method remained robust with respect to the considered pitot tube failures and wind speeds.
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