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However, they suffer from significant degradations in the
reliability of the delivered solution in harsh environments
(tunnels, urban areas, etc.) or under a high dynamic
(accidents, aggressive driving, etc.). A promising solution
is to use low-cost MEMS-based inertial navigation system,
which contains accelerometers, gyroscopes, and a microprocessor. These INS allows developing the navigation
algorithm to provide an accurate position and orientation
for land vehicular navigation by integrating specific forces
in the navigation solution [1]. To compensate the drift
errors, others sensors are used in the navigation algorithm,
such as a magnetometer to get the heading information
through an integrated AHRS model. However, different
stochastic and deterministic errors in the low-cost sensors
reduce the navigation system's precision. Therefore, to
achieve a high accuracy solution with the fusion of these
sensors, a calibration process must be conducted as a first
step to compensate the deterministic errors [2]. Thus, the
calibration process of low-cost sensors becomes an important tasks in pre-processing for the navigation algorithms.
In navigation domain, the calibration of the magnetometer is an old and difficult problem which is studied by
several research as in [3], [4], [5] and [6]. Besides, it also
a significant task when compared to the INS calibration,
because the measurements of the magnetic field obtained
from the magnetometer are corrupted by additional perturbations including hard and soft iron errors [7]. Moreover, the EMF vector is not constant and it is hard to
determine their initial values [7]. Hard and soft iron errors
have the most important roles to limit the accuracy and
the robustness of magnetometer-based applications. This
is due to the nature of these errors, which are not constant
by nature and depend on the surrounding environment.
Several magnetometer calibration methods determine
the calibration parameters from a specific test, as a rotation of 360 0 , and then these parameters are applied everywhere. But, since the magnetometer is full of inevitable
errors and some of these errors depend on the surrounding
environment, the calibration parameters must be adapted
if the environment change. In harsh environments, the

Abstract-In land platform navigation, many systems
as Global Positioning System (GPS) and Inertial Navigation Systems (INS) are used to get the position and
the orientation solutions. Magnetometers are complementary sensors used in the navigation algorithms to
achieve heading information based on utilizing Attitude
and Heading Reference System (AHRS) model. However, low-cost magnetometers decrease the precision
of the navigation system due to their inherent errors.
Thus, a calibration process should be conducted as a
first step to compensate the deterministic errors.
This paper proposes a method to calibrate a threeaxis magnetometer using the Particle Swarm Optimization (PSO) algorithm and the International Geomagnetic Reference Field (IGRF) model. The improved
PSO represents the main contribution of the proposed
method, which allows the determination of the calibration parameters for each magnetometer data, and
the IGRF model is used to determine the true total
Earth's Magnetic Field (EMF) in each time step. In this
work, we compare the precision of the standard PSO
against the proposed method which provides higher
robustness by achieving a better compensation of the
errors effects (hard and soft iron, etc.). Since the
hard and soft iron are the most significant errors in
a Micro-Electro-Mechanical Systems (MEMS) based
low-cost magnetometers, the proposed method aims to
compensate these errors with a minimal error relative
to the reference EMF. Several tests have been made
to evaluate the performance of the proposed method.
The raw measurements of a MEMS-based on the lowcost magnetometer have been collected in Montreal
(Canada) using a real car in different environments
(under high-voltage lines, city center, highway, tunnel,
etc.) full of distortion sources for the magnetic field.
The proposed method always gets a better accuracy
and precision even in a harsh environment for a lowcost magnetometer.
Index Terms-Calibration, Magnetometer, hard
iron, soft iron, Particle Swarm Optimization (PSO)
algorithm, International Geomagnetic Reference Field
(IGRF) Model.

I. INTRODUCTION
Land navigation mostly relies on global positioning
system receivers, which can offer an acceptable accuracy
in normal conditions when there are no CPS outages.
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effects of these errors become significant, and so the
results of the calibration parameters are not acceptable.
Additionally, the calibration task of the magnetometer
remains complex in the environments where there are lots
of ferromagnetic materials. In conclusion, estimating continuously these errors is needed to improve the navigation
solution especially when using a low-cost magnetometer.
This paper presents a calibration model for low-cost
magnetometer based on the PSG algorithm and IGRF
model. A short description of the magnetometer errors and
the mathematical background for calibration are given in
Section II, while Section III presents a brief discussion of
the PSG technique, the IGRF model and the proposed
improved approach. The calibration test results with real
magnetometer data are given in Section IV. The paper
ends with a conclusion in Section V.
II.

is caused by the slight angle generated between the sensor
X-axis and the body-vertical axis during the installation
[2]. More exhaustive description of these errors can be
found in [3], [5], [9] and [11].
B. Mathematical background for calibration
In the literature, various magnetic field sensor models
have been developed. According to [11], the overall model
is given by

m = M Insf (M si me + hhi) + Soff + n w

(1)

where m = [mx my mzjT is the measured magnetic field
vector, me = [m ex m ey mezjT is the true magnetic field
vector, M Insf is a matrix that includes the errors due to
misalignments and scale factors, M si corresponds to the
soft iron errors, hhi to the hard iron errors, Soff to the
sensor offset errors and n w to the sensor noise (modeled
as white Gaussian noise).
The overall model given by Equation (1) can be rewritten
to simplify the mathematical formulation by combining
the error terms that have the same mathematical result
[11]. Therefore, we can model together the non-linear
errors (soft iron, misalignments and scale factors) and
linear error (hard iron and sensor offset) [11]. Additionally,
the sensor noise term can be ignored due to its small
impact compared to the other errors and is not part of
the model used [1]. Therefore, the magnetometer model
is:
(2)
m = S me + b

RELATED CONCEPTS

A. Magnetometer errors
It is well known that the magnetometer is sensitive
to the magnetic field [1], and thus any ferromagnetic
materials in its vicinity can change the surrounding sensed
magnetic field. This point introduces the definition of the
hard and soft iron errors.
• Hard iron errors: are caused by magnetized metals
or magnets around the sensor. This nearby ferromagnetic materials produce a constant additive magnetic
field that affects the magnetometer's axes [8]. Since
this error is constant, it can be modeled as a constant
error on the magnetometer measurements [9].
• Soft iron errors: are caused by materials that generate
magnetic fields in response to EMF (See Figure 1).
Contrary to the hard iron errors, the soft iron errors
depends on magnetometer orientation [3]. Additionally, the compensation of the soft iron effects is a bit
more difficult than for hard iron effects [10].

where S = M Insf M si is the combination of the non-linear
errors including soft iron errors, and b = M Insf hhi + Soff
is the combined bias caused by the combination of the
linear errors which contains hard iron errors.
For simplicity, in this paper, S is named as "Scale
factor" and b as "bias". The main goal of this paper is to
compensate continuously the errors in the magnetometer
signal. Especially, it is the compensation of the hard and
soft iron errors. Since we grouped the hard and soft iron
errors in two terms which are b = [b x by bzjT and
S = diag([sx Sy szl) and so, Sand b become the calibration parameters to be determined through the proposed
method.
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III.

CALIBRATION APPROACH

In this section, we will explain the main parts of the
proposed method. We start by a general description of
the PSG technique and the IGRF model. Then, the improved modifications, the relationship and the mechanism
between them are explained in detailed.

Fig. 1: Disturbance of ferrous object in uniform magnetic
field [10]
The magnetic field vector measured by a low-cost magnetometer contains other errors that exists in any lowcost sensor such as scale factors, sensor offset and misalignments. According to [2], even if there is no magnetic
intensity, the magnetometer output signal often contains
a small voltage offset, this is called "sensor offset". The
scale factors represents the proportional ratio between the
magnetometer input and output. The misalignment error

A. Particle Swarm Optimization (PSO)
The PSG technique is based on the Swarm Intelligence
(SI) [1], which is an approach of the Artificial Intelligence
(AI). The PSG is a new concept for the calibration of the
MEMS sensors. The basic PSG algorithm is an iterative
algorithm based on three steps and three parameters
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(features) to be determined during each iteration [12]. The
three steps are: (1) generating particles' positions/velocities, (2) evaluation of fitness and (3) positions/velocities
update. The three parameters are:
• Position x~: particle's position in the search space.
• Velocity v~: velocity of the particle's position, used
to compute the next position.
• Fitness values f(xU: determines, in each iteration,
which particle has the best fitness value and the best
position of each particle in the swarm.

[12]. The stop criteria is fixed by the user according to the
problem statement (it is modified in this paper).
In this paper, the PSO algorithm is adapted to achieve
high compensation of the hard and soft effects, as discussed in Section III-C.
According to [12], the weight factors should be in a specific
range (see Table I) to ensure the convergence of the
algorithm to a local optimum.
TABLE I: Range of the weight factors

where x ki = (i1
x k ' x ki2 , ... , x kiN) ,v ki = (i1
v k ' v ki2 , ... , v kiN) and
i is the i th particle of iteration k with N dimensional
solutions for x~ and v~.
In the search space, each particle has its own features
(Position, Velocity and Fitness value). The particles are
a set of feasible solutions employed by the PSO technique
[1], [13].
The PSO algorithm consists of the following steps:

_______________
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Weight factors ~
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Swarm confidence (C2)
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where b.t is the time, X max and Xmin are the vectors
of lower and upper limit values, rand is uniformly
distributed random variables in the range [0, 1].
• Evaluation of fitness values: this step determines the
best position of particles by determining the two
following parameters: (1) the best global value, p~,
in the current swarm and (2) the best position of
each particle, pi, among the current and all previous
moves. These values are determined using the objective function (to calculate the fitness values), which
is defined in Section III-C.
• Velocities and Positions updates: after determining
the fitness values of iteration k, the next step is
designed to update the velocities and the positions
in the iteration k + 1 of all particles as follows:
V
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Different suggested approaches are proposed in the literature, as in [6], [12], [13], [14], [15] and [16], to determine
the weight factors. For example, [13] and [16], suggested
the setting of the Self-confidence (C1) and Swarm confidence (C2) to be C1 + C2 = 4.1. Additionally, to choose
w, the algorithm should be running with w = 0.9 and
then reduce it to a value of 0.4. This operation allows to
know how the algorithm proceeds with different values of
wand also to discover the value which lets the algorithm
to converge faster.

• Initialization of the swarm of particles: choosing a
random positions, xb, and velocities, vb, inside the
search space by using Equations (3) and (4) [13].
xb =

0.4
1.5
2

Maximum

B. International Geomagnetic Reference Field (IGRF)
The IGRF is one of the magnetic field models as the
World Magnetic Model (WMM), which are used commonly for navigational purposes [17]. The IGRF model is
a standard mathematical description of the Earth's magnetic field which is used to calculate magnetic declination
and other components of the magnetic field [17]. It is
updated every five years by the International Association
Geomagnetism and Aeronomy (IAGA), the latest being
the 12 th generation that is valid for the period 1900-2020
[18]. The IGRF model needs navigation and coordinate
information to calculate the components of the magnetic
field. The overall accuracy of the IGRF model is less than
10 in declination and 0.01 mG in EMF [17], [19]. The IGRF
model is available in Matlab [20], and the version 1.12 of
this model under Matlab is used in our framework.

(5)

C. Proposed Improved Approach

Starting by rewriting Equations (5) and (6), we include
another independent random number, rand v , in Equation
(5), and we multiply the last term in Equation (6) by a
coefficient m. Therefore, Equations (5) and (6) become:

(6)
where W is the inertia factor, C1 is the self-confidence,
C2 is the swarm confidence and rand 1 ,2 are a random
numbers uniformly distributed in the range [0, 1].
The PSO algorithm stops when the maximum change in
the best fitness becomes smaller than specified tolerance,
or the maximum number of a specified iteration is reached.
In each iteration, the PSO algorithm repeats these steps
until optimal value is reached or a stop criteria is met

(7)

(8)
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where m is the inertial control and randv is a uniformly
distributed random variable in the range [0,1].
The difference between Equation (5) and (7) is that the
inertia factor corresponding to w in (5) and randv . w
in (7). In this case, w is a static factor in Equation (5)
while randv . w is a dynamic factor in Equation (7). So,
the inertia force becomes a uniformly distributed random
number in the range [0, w] in Equation (7). This term is
responsible for the control of the current direction and
velocity of the particles [13]. Since it is static in Equation
(5), the particles will be pushed in its old direction.
Consequently, if the old direction is wrong then the result
will not converge or will need more time to converge. So,
with Equation (7), the inertia can push particles to find
and explore new positions and directions in new regions
[15], [21].
The inertial control m controls how the velocity affects
the update in the position [15], [22]. In Equation (8), the
aim of the modification is to accelerate the convergence to
the global optimum solution, i.e. to clamp the velocity to
avoid it from exploding [13].
For the i th magnetometer sample of the iteration k, the
bias and scale factors values corresponds to the values
of x~ of the optimal solutions. So, for each magnetometer sample (see Figure 2), we calculate the best fitness
value (Equation (9)) obtained by the objective function to
optimize the calibration parameters. To obtain the best
fitness value, we calculate over n iterations the fitness
values by using the values of the bias (b) and scale factors
(8) updated with Equations (8) and (7). The best fitness
value is the smallest values among all the fitness values
calculated. The bias and scale factors that provide, in the
k th iteration, the best fitness value are considered as the
calibration parameters optimized for the i th magnetometer
data.

3-axis Ma netometer
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Proposed method

Stop criteria is OK?

Calibration parameters

Fig. 2: Architecture of the proposed calibration method
IV.

EXPERIMENTAL RESULTS

As discussed in Section III-C and as initial conditions,
the weight factors in this paper are chosen as: w = 0.9,
Cl = 2, C2 = 2 and m = 0.74. Here, the number of particles
and iterations are selected to be 18 and 45, respectively,
which are large enough to get good results because, these
latter two depend on the used hardware performance.
A. Description of materials and the Route test

Several tests have been made to evaluate the performance of the proposed method. The materials used in
those experiments are: a low-cost magnetometer and a
GPS receiver integrated in a Micro-Intelligent Black Box
(Micro-IBB), which has been developed by the LASSENA
laboratory [23]. Table II summaries the features of these
devices.
The raw data have been collected using a real car on
May 25, 2015 in Montreal (Canada). The travel, shown
in Figure 3, was 22.1 km long and lasts approximately 20
minutes.

(9)
The algorithm repeats this cycle until a stopping condition
is met such as: minimal error is obtained, traveled all
data. To obtain the real bias and scale factors with the
PSO algorithm as well as to maintain the minimum error
between the known reference and the calibrated magnitude, we implemented a processing criterion. This one
consists in searching the bias and the scale factor in a
specific range, which is the interval [-2 2] for both. In
fact, the computed bias and scale factors obtained from
the calibration algorithm could not match the real values
of these parameters if the proposed criterion is not added
as it is shown in [1].
In this paper, the IGRF model is used to calculate the
magnitude of the EMF, II mei II, of the i th sample data by
entering the longitude, latitude and height of the current
place from the GPS receiver. II mei II is considered as a
reference of magnitude of the EMF. Figure 2 shows a block
diagram of the complete calibration procedure.

Highwilycoursewithviaducts

Dlrtction of the trilvel
Hlj;hDistortlonoftheEMF

Fig. 3: Route test illustrated on map (Map data: Google,
DigitalGlobe) and events description
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TABLE II: Devices features
_____
Device
Magnetometer
Feature _ _ _ _ _ (LSM303DLHC)
Frequency
Sensitivity
Sensibility
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B. Results and discussion

(bl

1) Route test: Figure 4 shows the magnitude and components of the EMF obtained with the IGRF model
during the test. The maximum variation reached in the
components of the reference EMF is 3· 10- 4 G, precisely
in Z-axis as shown in Figure 4d. This small variation is
logical since the distance traveled is only 22.1 km. For a
long driving mission, the variation will be greater and the
EMF can not be supposed as constant. Consequently, the
role of the IGRF model becomes necessary.
Figure 5 shows the magnitude and components of the
raw magnetic field obtained through the low-cost magnetometer. In this figure, there is a high distortion of
the magnetic field during two periods (Sections 1 and 2).
This distortion is due to the passage under high-voltage
underground lines in the Ville-Marie tunnel [24], which
produce an additive magnetic field implying hard and soft
iron effects. This distorsion will be compensated thereafter
using our calibration method.
Figure 6 shows the raw and reference EMF as well as the
calibrated data using the standard PSG and the proposed
method for sections 1 and 2. The proposed method gets
more accuracy in terms of compensation of the hard and
soft iron effects. Figure 7 presents the errors obtained in
the first and the second section of Figure 6. This figure
clearly shows that these errors are much smaller with the
proposed calibration approach.
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Fig. 5: Magnitude and components of the raw magnetic
field obtained with the low-cost magnetometer
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Fig. 6: Raw and calibrated measurements for Section 1
and 2
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Fig. 7: Error between reference and calibrated magnitude
for Section 1 and 2

Fig. 4: Magnitude and components of the EMF obtained
with IGRF model

31

2) Rotation test: To validate the performance of the
proposed method, we applied our calibration method
to the magnetometer measurements when the sensor is
turned 360 0 during a few seconds by hand on a flat surface
and then it is rotated arbitrarily around its three axes. At
the beginning of the test, the Z-axis is pointing towards
the center of the Earth and the X and Y-axis are in the
horizontal plane. Figure 8a shows the good convergence of
our method, where the X-axis plotted with respect to the
Y-axis forms a circle centered on zero. In addition, Figure
8c shows a perfect sphere with a radius II rnei II and center
(0,0,0) of the calibrated data with the proposed method.
Even if the raw signal contains peaks, these latter can be
removed using our method (see Figure 8b), while it is not
the case for the standard PSO.

the calculation of the heading during all the route test and
especially in Sections 1 and 2.
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Fig. 9: Heading during the route test
-0.4

-0.2
0
0.2
X-axis (G]

0.4

V.

0.6

In this paper, a method of calibration has been presented for MEMS-based low-cost magnetometer. This
method uses the artificial intelligence, which is a new
concept in the calibration of the MEMS low-cost sensors,
to compensate the hard and soft iron errors continuously.
The results show a good performance in terms of accuracy
in different situations and, especially, in harsh environment
for low-cost magnetometer. The first main advantage of
this method is the simple implementation. In fact, this
algorithm does not need the error modeling matrix as in
Kalman filtering, and then the mathematical computation
is simplified. The second advantage is the robustness of
this algorithm since the convergence is ensured even in
high distortion of the magnetic field. This calibration
approach can be employed in real time and then, it will
be highly needed in case of many applications fields to
calibrate a MEMS-based low-cost magnetometer and improves the accuracy. In addition, the proposed method can
be applied for any type of recording of the magnetometer
data and it does not need a specific test as rotation of 360 0
or around its three axes.

0.'

°OC---;,";;"""O----0':;;-0----03:;;-0----c4:;;-0~
Time[s)

X-axis [G)

-0.5

Fig. 8: Calibration results. (a): Rotation test of 360 0
around the XY-plane. (b) and (c): Arbitrary rotation
around the three axes of the magnetometer.
Table III, recapitulates the accuracy and the statistically significant results for all the tests.
TABLE III: Performance of proposed method
Test
~
Standard
Proposed
Standard
Proposed
Standard
Proposed

PSO (Section 1)
method (Section 1)
PSO (Section 2)
method (Section 2)
PSO (360° rotation)
method (360° rotation)

RMSE

STD

MEAN

0.0998
0.0033
0.0809
0.0037
0.0363
2.836e-4

0.0825
0.0033
0.0777
0.0037
0.0359
2.836e-4

0.0561
2.21e-5
0.0225
4.7e-5
0.0059
5e-7

CONCLUSION
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