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Abstract—The magnetic field of the Earth – besides varying
naturally – may be disturbed locally by the (man-made)
environment. State estimation and corresponding navigation
frameworks that use magnetometers on-board of mobile plat-
forms suffer from severe performance loss or failure upon local
magnetic distortions if these are not detected and mitigated
adequately. Advanced estimators include the magnetic variation
in the state vector. However, Cartesian coordinates, although
widely used in the literature, suffer from observability issues
when it comes to disturbance detection. This paper shows the
importance of representing the magnetic variation in a spherical
coordinate system and subsequent improvements with respect
to the common representation in Cartesian coordinates. The
spherical representation improves estimator consistency and
allows for accurate and fast mitigation of magnetic disturbances
through consistent statistical tests which leads to better system
state estimates in magnetically distorted areas. The approach
is validated by performing tests with simulated and real-world
data on embedded hardware.

I. INTRODUCTION

The magnetic field of the Earth exhibits local variations
both in terms of direction and magnitude that occur either
naturally or are induced by artificial structures and devices.
These variations can lead to significant errors in state
estimation for magnetometer based navigation frameworks
if the effects are not taken into account. While magnetic
variations that occur naturally can be approximated and
hard-coded based on georeferenced look-up tables (such
as provided by the International Geomagnetic Reference
Field (IGRF)), variations due to man-made structures
in the vicinity need to be assessed dynamically and
online. This paper shows that dynamic and statistically
correct assessment of the magnetic field improves both
navigation/state estimation and outlier handling.

Current approaches that estimate the local magnetic field
rely on Cartesian coordinates for the representation of the
magnetic field. This work proposes an approach that esti-
mates the local magnetic variation and detects disturbances
in the magnetic field with a consistency improved estimation
process based on spherical coordinates. The presented
approach allows uninterrupted state estimation and adaptation
to local magnetic disturbances, especially for platforms such
as Unmanned Aerial Vehicles (UAV) that move over far
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distances, which causes significant changes in the magnetic
field. This approach focuses on the improvement of the
statistical signal properties and the observability of the
magnetic field as well as extrinsic sensor calibration. The
method utilizes a natural magnetometer data representation
in spherical coordinates (in contrast to the widely used
Cartesian definition), which allows the direct estimation and
improved consistency of the observable components. Thus,
the introduced method improves the overall accuracy of the
state estimation process and allows for the correct detection
of disturbances in the magnetic field. The consistency of the
covariance estimation is further improved by adapting the
sensor-model and moving non-linear transformations outside
the estimation process. Reducing non-linear components of
the sensor-model especially improves the performance of
statistical tests, such as χ2 for detecting signal disturbances.
To support our findings and the approach, we compare
different sensor update models with aspects on the statistical
distribution of their input-data, their consistency, and the
performance of applied outlier rejections both in simulation
and with real-world data. The improved measurement
update, disturbance detection, and adaptation to the disturbed
environment were implemented in C++ by utilizing and
extending the existing EKF based state estimation framework
presented in [1]. In the final step, the implementation is also
deployed on an Odroid XU4 ARM embedded platform.

II. RELATED WORK

Using a magnetometer to improve the attitude estimation
of an Extended-Kalman-Filter (EKF) is not new to the robotic
community. This topic is addressed by various methods
such as linear regression [2], vector alignment by using
accelerometer data, and the horizontal component of the
magnetic vector for a Gauss-Newton Quaternion approach
[3], [4], [5]. Several approaches limit the information that
is provided by the magnetic sensor to the horizontal plane
and normalize the magnitude of the magnetic field [6]. Such
methods reduce the sensitivity against magnetic disturbances
but neglect the information of the third dimension and the
magnetic field strength. The presented approach goes one
step further by introducing a sensor model that uses all
three dimensions of the sensor information, decomposed into
two angles and the magnetic field strength. It improves the
accuracy of the attitude estimation and rejection of outliers.

The above work does not detect magnetic anomalies or
rejects such anomalies as outliers before the filter update step.
Some methods use error margins on the update residual [7],
or statistical tests [8] to reject measurements, but they do not
adapt to areas with a disturbed magnetic field. The proposed
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method extends the previous work with a novel approach that
includes the magnitude of the magnetic field, which is used
to detect environmental disturbances and to modify states for
the extrinsic magnetometer calibration to adapt to the current
magnetic environment.

Advanced approaches such as presented by [2] and [9] use
a high number of magnetic sensors that are placed in strategic
locations to detect and compensate magnetic disturbances.
An approach presented by [10] uses machine learning to
determine the expected distortion of the local magnetic field
for a moving robot. These approaches require significant
computational power, and additional space for the increased
sensor setup, which is not suitable for miniaturized vehicles
such as UAV’s and can not mitigate long-term field distur-
bances. The presented method uses a single magnetometer
and a computationally efficient EKF to process magnetic
information in an accurate and consistent way as well as in
real-time on a resource-constrained platform. In this work, we
are investigating the benefits of a more natural representation
of the magnetic field information. While the majority of
the existing approaches interpret the magnetic information
as a 3D vector in Cartesian space, the work of [11], [12],
and the approach presented in this paper use a spherical
representation of the magnetic information. While the work
of [11] and [12] only uses spherical coordinates to represent
the magnetic field, we make full use of the representation
in our filter framework and show that the presented
method successfully mitigate disturbances and improve state
estimation, both in simulation and real-world experiments.

III. MAGNETOMETER STATE ESTIMATION

A. Probability Distribution

This section presents the differences of the magnetic state
definition Wm in Cartesian coordinates Wmcart = [x, y, z]

T

and spherical coordinates Wmspher = [r, θ, ϕ]
T. We use the

notation C2S(·) and S2C(·) respectively to transform between
the Cartesian and spherical space (see Figure 1). In both
representations, the magnetic field vector is represented in the
GPS global reference frame (thus, the y- and θ-elements will
be non-zero because of the magnetic declination with respect
to the GPS frame). A goodness of fit test was performed on
real-world data for the spherical and Cartesian representation
in order to determine if the spherical representation is ben-
eficial in view of a Gaussian distribution. A 3-Axis digital
HMC5843 magneto-resistive sensor was used to record real-
world data. The raw measurement of the sensor is provided
in the Cartesian form with unit [Counts], which is directly
proportional to the magnetic field strength [Tesla]. Thus, the
conversion of the measurement to Tesla does not have a
benefit over using the raw sensor information. The dataset
for this test scenario was recorded in a stationary setup over
a period of 2.2 hours with a measurement rate of 60 Hz.

Spherical
[r, θ, ϕ]

Cartesian
[x, y, z]

S2C(r, θ, ϕ)

C2S(x, y, z)

Fig. 1. Conversion naming between Cartesian to spherical representation.
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Fig. 2. Evaluation of the measurement sample distribution (blue data
points) in spherical and Cartesian form. QQ-Plots are used to compare
the Cartesian measurement samples x, y and z in the top three plots and
spherical measurement samples for azimuth, elevation, and magnitude in
the bottom three plots. The closer the measurement samples are to the red
reference line, the closer is the signal to the normal distribution hypothesis.
The direct comparison confirms that the spherical form of the same dataset
is more Gaussian distributed than the Cartesian data.

The standard deviation and mean are shown in Table I. A
Quantil-Quantil-Plot (QQ-Plot) as shown in Figure 2 was
used to determine which representation is closer to a Gauss
distributed hypothesis. QQ-Plots are evaluated visually and
are more robust against numerical issues such as quantization
or measurement discretization in comparison to a χ2 test.

Figure 2 shows the QQ-Plot of real-world magnetometer
data and visualizes both, quantization, and measurement
discretization effects. The plots provide a reference line
that represents the relationship of sample quantiles and the
expected theoretical quantiles for a normal distribution. The
Gaussianity is evaluated based on how linear the measure-
ment samples are, and how close the measurement samples
are to the reference line of the hypothesis. The closer these
measurement samples are to this line, the closer is the sample
distribution to normality. The raw Cartesian measurement
samples are shown in the upper plots of Figure 2. The
clustering of the data points arise due to discretization caused
by the Analog-Digital-Converter (ADC) of the sensor. The
same raw Cartesian measurement samples are used to cal-
culate spherical measurements. The results for the spherical
measurement samples are presented at the bottom of Figure 2
and show less discretization due to this transformation. A
comparison of the plots for the Cartesian and spherical mea-
surement representation confirms that the raw measurements
of the magnetometer match a normally distributed hypothesis
closer in the case of the spherical representation. For this
reason, the spherical representation does generally benefit

TABLE I
STANDARD DEVIATION AND MEAN OF THE REAL-WORLD DATASET.

Mean STD
Spherical
Azimuth [deg] 95.116 0.725
Elevation [deg] 61.885 0.415
Magnitude [Counts (∝ Tesla)] 2466.039 19.823
Cartesian [Counts (∝ Tesla)]
x -103.622 14.668
y 1157.296 16.293
z 2175.026 21.162



{W}
{I} {M}

WpWI

q̄WI
q̄IM

Wm

Fig. 3. Setup of the frames and transformations of the system. W represents
the World frame, I the IMU/body frame and M the magnetometer frame
on-board the mobile platform. The magnetic vector Wm is expressed in the
ENU world frame.

statistical filtering processes that rely on the assumption
of normally distributed signals. In the following sections,
we implemented this approach based on a readily available
EKF1 framework [1] to confirm the benefits of the spherical
state representation over the widely used Cartesian form.

B. EKF State and Update

We use the following notation: the translation ApBC defines
frame C with respect to frame B expressed in frame A.
The translation is expressed in frame B if the subscript A
is not defined. The quaternion q̄AB describes the rotation of
frame B with respect to frame A. C(q̄AB) ≡ CAB denotes the
conversion of quaternion q̄AB to its corresponding direction
cosine matrix. Please note that this work uses the Hamilton
notation for the Quaternion representation [13]. The individ-
ual frames of the system are defined in Figure 3.

The EKF framework uses an Inertial-Measurement-Unit
(IMU) for the propagation of the state formulation defined
by Eq. (1). The essential core states are the position of
the IMU/body frame pWI expressed w.r.t the world frame,
velocity vWI , the orientation of the IMU in the world
frame q̄WI , gyroscopic bias bω and accelerometer bias ba.
Wm represents the magnetic field in the East-North-
Up (ENU) world frame, the extrinsic magnetometer
calibration q̄IM is expressed w.r.t. the IMU frame and
magnetic measurements are expressed in the magnetometer
frame M . The y-axis of the world frame is oriented towards
the geographic north (ENU) as GPS systems generally use
it. The full state vector X is defined as follows:

X =
[
pT

WI ,v
T
WI , q̄

T
WI ,b

T
ω,b

T
a , q̄

T
IM ,WmT

]T
(1)

The magnetic world frame M is not aligned with the ENU
world frame W due to the magnetic declination. Magnetic
declination is the angle between the magnetic north and
the true north which varies depending on the location
thus introducing a misalignment. The filter estimates the
local magnetic declination because Wm is defined as a
measurement of the magnetic field with respect to the ENU
world frame W . The system dynamics of the core states are
defined according to [1]. The dynamics and process noise
of the additional magnetometer state Wm and extrinsic
q̄IM are assumed as zero because the declination of the
local magnetic field is expected to be short term constant
between two propagation steps (i.e. IMU reading). The
EKF framework uses an error state definition with δθAB

describing a small angle error rotation of B w.r.t frame A
and the skew-symmetric matrix of a vector A is defined as
[A]×. W∆m describes the error of the magnetic state w.r.t.
the world frame and z̃ is the residual for the error state.

1A UKF implementation may be less sensitive (not immune) to non-
Gaussian distributed signals but has other application-dependent drawbacks.

ẑ = ĈT
IMĈT

WI Wm̂cart (2)

z = (ĈIM(I + [δθIM ]×))T (ĈWI(I + [δθWI ]×))T (3)

(W∆mcart + Wm̂cart)

z̃cart = z− ẑ (4)

The Cartesian state update formulation is shown in Equa-
tions (2), (3) and (4). It can be seen that the magnetic state
information is directly rotated into the magnetometer frame
resulting in non-linear transformations for each component.

The raw magnetometer measurements that are utilized for
the Cartesian and spherical state definitions are expressed
in the Cartesian form. The raw measurement needs to be
converted to spherical coordinates prior to the update of the
spherical state representation. The residual is then calculated
in spherical space Eq. (7). The update formulation for the
spherical case is shown by Equations (5), (6) and (7).
The spherical residual in Eq. (7) contains less non-linear
transformations and supports the findings of Section III-A. In
particular, the spherical representation allows a direct estima-
tion of the magnitude of the magnetic field, and the update
is thus linear. Therefore, the spherical representation has
less non-linear parameters. The two non-linear components
h1(X), h2(X) contain state variables as a combination of
rotations and skew-symmetric matrices. While the resulting
expression is too long to be presented in its individual
components, h1(X), h2(X) essentially rotate a unit vector.

ẑ = C2S(ĈT
IMĈT

WI S2C(Wm̂spher)) (5)

z = C2S((ĈIM(I + [δθIM ]×))T (ĈWI(I + [δθWI ]×))T (6)

S2C(W∆mspher + Wm̂spher))

z̃spher = z− ẑ =
[

∆r, h1(X), h2(X)
]T

(7)

Because of angular definitions, the azimuth and elevation
updates needs to be within limits of the spherical definition
(0 6 θ 6 π, 0 6 ϕ < 2π, 0 6 r) to prevent singularities.

C. Observability

An observability analysis, according to [14] was performed
for the full state as defined by Eq. (1) and its dynamics
as described by [1]. The analysis of the described system
showed that magnetometer and inertial readings alone do not
render the orientation of a mobile system fully observable;
position pWI , velocity vWI and accelerometer bias ba are also
unobservable. This is expected since no position, or velocity
update information is provided. According to our analysis,
gyroscopic bias bω and the extrinsic calibration of the mag-
netometer q̄IM are fully observable, and the magnetometer
states q̄WI and Wm are jointly observable (following the def-
inition of joint observability in [15], [16])2. The system can

2Example of joint observability: If two states span a 2D space with only
one observable dimension, this dimension is a linear combination of the
two states and the unobservable dimension is perpendicular to it [15], [14].
If information, which is orthogonal to the observable dimension, is added
(e.g. knowing a state of the two), both states become observable as the
information spans now the full 2D state space. As such, joint observability
imposes a defined constraint on the joint behavior of the involved states.



TABLE II
NULLSPACE OF THE OBSERVABILITY ANALYSIS - CARTESIAN STATE

(SEE EQUATION (2)).

qw,wi qx,wi qy,wi qz,wi mx my mz

J1 J1 J1 0 J1 J1 0
J2 J2 J2 0 J2 0 J2

TABLE III
NULLSPACE OF THE OBSERVABILITY ANALYSIS - SPHERICAL STATE.

(SEE EQUATION (5)).

qw,wi qx,wi qy,wi qz,wi maz mel mr

J1 J1 J1 J1 J1 J1 0
J2 J2 J2 J2 J2 J2 0

be extended by a position sensor that contributes the so-called
pseudo attitude [17] and renders the orientation observable.
This is not within the scope of the presented method, and no
position information was introduced for the presented work.

The magnetic field vector states span a space of three
dimensions with two unobservable dimensions and one ob-
servable dimension (of course, this is independent of the state
representation as a state transformation does not change input
or output of the system). The Cartesian state formulation in
Table II shows the individual results for the states (columns)
and unobservable dimensions (rows). The blue elements
(J1/J2) represent two unobservable dimensions, which ren-
ders rotation quaternion states and magnetic field vector
states jointly observable states. It is not apparent which state
is observable for the Cartesian case (see Tab. II) whereas the
results for the spherical formulation in Table III shows that
the magnitude of the spherical vector Wmspher (green col-
umn) is the fully observable dimension in the magnetic field
vector sub-state-space. The table further shows that the az-
imuth and elevation of the magnetic field vector remain only
jointly observable with the rotation of the IMU q̄WI , these
states form two unobservable dimensions in the state space.

Naturally, the observability information per se does not
change with the state or measurement representation but the
spherical form allows a clear interpretation of the physical
relations. It further provides the magnitude as a directly
measured/observable state which improves the convergence
of the mean, covariance and consistency of the filter. Figure 4
shows the magnetic state error for the Cartesian x, y and z
states which do not converge and take fixed arbitrary values
with high covariances (> 100). In contrast, the covariance
of their norm converges correctly, which shows the defined
behavior according to their joint observability. Equations (8),
(9) and (10) are used to transform the covariance of the
Cartesian state components to the covariance for their norm
(Pn). Please note that the scales of the y-axis for the two
graphs are different.

fn(x, y, z) =
√
x2 + y2 + z2 (8)

Fn =
δf(x, y, z)

δ[x, y, z]T
(9)

Pn = FnPcF
T
n (10)

D. Setup for the Simulated Dataset

A 10 minute simulated dataset with the same signal char-
acteristics as the real magnetic sensor, mentioned in Sec-

Fig. 4. Comparison of the individual Cartesian components and their
estimation error (solid lines) with respect to the post-calculated norm and
corresponding 3σ bounds (transparent bands) of the transformed covariance.
The individual components (x, y, z) take arbitrary values and do not con-
verge as they have a high covariance while the norm converges to a narrow
covariance bound (note the different scales of the y-axis). The (x, y, z)
components are jointly observable: they span a three dimensional space with
only one observable dimension (their norm).

tion III-A, was generated for the test of covariance validation
and disturbance detection. The signal characteristics include
the frequency of the measurement (50 Hz magnetometer and
200 Hz IMU), the sample noise of the magnetic sensor and
magnetic variation of the environment. The noise of the
simulated magnetometer measurement is additive, normally
distributed, zero mean sample noise with the same standard
deviation (STD) as the real measurement (see Table I). This
noise is added to the ground truth data in the Cartesian
form such that the noise for the Cartesian case is normally
distributed and not distorted. This is done to prevent disad-
vantages for the Cartesian filter scenario. Given the noise
perturbed data, and a setting that rejects outliers outside of
the 3σ bounds, we expect, that a fully consistent estimator
detects 0.27% of the samples as outliers.

We apply this value in the following for the compar-
ison of the experimental results. We are using a simu-
lated dataset without measurement disturbances and a sec-
ond dataset with an introduced measurement disturbance in
the form of a step function. The disturbance is added in
Cartesian space (x+ 100, y + 10 and z + 10) which cor-
responds to an equivalent disturbance in spherical space
(θ + 0.1◦, ϕ+ 0.1◦ and r + 101) at t = 300 s.

E. Disturbance Detection and Covariance Validation

The correct estimation of the state covariance is important
for reliable outlier detection. Outliers can be caused by
single measurement errors or disturbances in the magnetic
field, which affects the measurement over a longer period
of time. The disturbance detection utilizes a χ2 test based
on the residual y and its covariance S during the EKF
update Eq. (11). For comparison, the disturbance detection
is performed for three scenarios:

• Directly on the Cartesian state components (x, y, z),
• the covariance of the norm for the Cartesian state by

using the error propagation law Eq. (10), and
• the magnitude of the spherical state representation.



TABLE IV
OUTLIER DETECTION RESULTS FOR THE SIMULATED DATASETS

Test case Detections vs. Measurements [%]
3 Sigma 1− 99.73% = 0.27%
Cartesian Norm 1.14%
Spherical Magnitude 0.21%
Cartesian XYZ 0.14%

S = HPHT +R (11)

Sn = Fn

(
HPHT

)
FT
n + FnRF

T
n (12)

= Fn

(
HPHT +R

)
FT
n (13)

= FnSF
T
n (14)

The χ2 value (Eq. 16) is compared to the “upper critical
value” (ucv) to define outlier (χ2 > ucv). The probability
value (p-value) for the ucv is set to 1 − 3σ = 0.27%. The
ucv depends on the p-value and degrees of freedom. The
Cartesian norm has three degrees of freedom (x, y, z), while
the spherical formulation has one degree of freedom in the
form of the magnitude r. The ratio of χ2 detections with
respect to the number of measurements is a measure for the
confidence of the filtering process. The evaluation for the
three filter scenarios is shown in Table IV. The conducted
tests used the same simulated dataset and the individual filter
did not perform outlier rejections only detection. The results
of the Cartesian states (x, y and z) show under-confident
behavior based on the number of detections far below the
expected 3σ bound. This is due to inconsistencies and high
covariance estimates because the state is not directly observ-
able. Results on the Cartesian norm, on the other hand, show
a high number of detections exceeding the expected value.
This over-confidence is caused by non-linear transformations
during the calculation of the residual and its covariance,
which leads to numerous false positives. The number of
outliers for the spherical state is slightly below 3σ but clearly
the closest to the expected value. The noise of the dataset
is added in Cartesian space and subsequently transformed
into the spherical space, which causes a distorted and not
normal distributed noise. This presents a disadvantage (by
design) for the spherical formulation, which still outperforms
the Cartesian scenario.

F. State Covariance Adjustment

A disturbance is defined by a sequence of more than 10
consecutive outlier detections equal to a timespan of 200 ms
at 50 Hz. Active adjustments of the covariance are performed
if a disturbance is detected. The corrections of the covariance
are designed to enclose the current measurement, which was
declared as a disturbance due to the affected local magnetic
field, by a 1σ bound. This allows the correct convergence
of the filter and adaptation to the new magnetic field at the
current location. Due to this adjustment, the correct estima-
tion can be maintained despite the magnetic distortion and
without decreasing the overall estimation performance. The
update of the spherical magnitude is a linear and direct update
defined by Hspher(1,1) = 1 of the 3x3 Jacobian (Eq. (15)).

Fig. 5. The norm (solid blue line) of the Cartesian state with 3σ bounds
of the corresponding covariance (transparent blue bands). Magenta vertical
lines show the χ2 detections based on the norm of the Cartesian x, y, and z
states. The 361 detections (1.2%) are above the expected detection rate
(0.27%) due to the over-confidence of the filter in this setup. The over-
confidence causes a high number of false positives.

Fig. 6. The norm (solid blue line) of the Cartesian state with 3σ bounds of
the corresponding covariance (transparent blue bands). Magenta vertical lines
show the χ2 detections based on the x, y, and z states. The 54 detections
(0.18%) are below the expected detection rate (0.27%) due to the under-
confidence of the filter in this setup.

Hspher =


0

0

1

Hspher(3,2)

Hspher(2,2)

0

Hspher(3,3)

Hspher(2,3)

0
 (15)

Equation (18) is used to calculate the covariance adaptation
based on the current residual y, measurement noise R, and χ2

value. The new χ2 value to enclose the disturbance is calcu-
lated using a quantile function to determine the upper critical
value for 1σ. This method is only applicable to the magnitude
of the spherical formulation because of the scalar entry in the
Jacobian Hspher(1,1). Further simplification because of the
linear transformation leads to Equation (18) which is derived
from Equations (16) and (11). The dynamic adjustment
for the Cartesian definition requires the calculation of the
3x3 covariance matrix based on the scalar χ2 value, which
represents a “one-to-many” problem. The covariance for the
Cartesian case is therefore set to σ = 200 (the same value
used for initialization of the state covariance matrix) to allow
for viable fast convergence.

χ2 =
y2

σ2
(16)

P = H†
(
σ2 −R

) (
HT
)†

= H†
(
y2

χ2
−R

)(
HT
)†

(17)

⇒ P =
y2

χ2
−R, with: H = 1, H†: Pseudoinverse (18)

The three tests on the covariance are performed with
simulated data and an introduced interference at t = 300 s as
described in Section III-D. The covariance is adapted after 10
consecutive outliers while no outlier rejection is performed.
The χ2 test for Cartesian components (Fig. 5) detected 1.2%
of the measurements as outliers which is five times higher
than the expected 3σ bound (0.27%). False positives can lead
to wrong disturbance detections in real-world applications,



Fig. 7. Magnitude (solid blue line) of the spherical state with 3σ bounds
of the corresponding covariance (transparent blue bands). Magenta vertical
lines show the χ2 detections based on the magnitude of the magnetic field.
The 73 detections (0.24%) are close to the expected detection rate (0.27%).

Fig. 8. This plot shows the magnitude (solid blue line) of the spherical
state and its covariance (transparent blue bands). The covariance is adjusted
based on the χ2 test that detected the disturbance at t = 300 s. The state
converges to the new value after 1.5 seconds and the error decreases rapidly.

as presented in Section IV. The post processed covariance of
the Cartesian norm, based on Eq. (8) is shown by (Fig. 6)
and detects only 0.18% as outliers. Figure 7 illustrates the
same experiment for the spherical state representation. The
number of outliers is 0.24%, which is close to the expected
value of 0.27%. The filter correctly converges to the disturbed
state 1.5 seconds after the adjustment. Figure 8 shows a
zoom of the region with the covariance adjustment. The three
scenarios detect the disturbance correctly, which is expected
for the high magnitude that was applied for the interference.

IV. EXPERIMENTAL RESULTS

The real-world dataset was recorded with the vehicle
(AscTec Hummingbird) that was used for the noise analysis
in Table I. The magnetometer was calibrated to compensate
for hard iron effects [18] using a correction based on an
ellipsoid fit. The device was carried arbitrarily over a parking
lot with randomly introduced orientations and no intentional
magnetic disturbances. The recorded data provides 100 Hz
IMU, 60 Hz magnetometer readings and 20 Hz RTK GPS
position provided by a Trimble BD930-UHF. The position
measurement is used to associate interferences with their
geographical location (see Figure 9). The filter was setup
with the same noise and state covariance initialization as for
the simulated data. The attitude states are initialized based
on the gravity and the magnetic field vector using [19] to
ensure a fair comparison of the Cartesian and spherical state
representation. The filter did reject measurements based on
the χ2 test to reflect the correct application in a real-world
scenario. The evaluation of the real-world data was performed
on the Cartesian state definition with outlier detection on the
norm and for the spherical state definition, which performs
the outlier detection on the magnitude. An evaluation based
on the individual Cartesian states x, y, z was not pursued
since these states are not directly observable. Just as in sim-
ulation, the results of the Cartesian filter formulation (Fig. 10)
shows incorrect χ2 detections due to the over-confidence of
the filter resulting in incorrect covariance adjustments. The
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Fig. 9. 2D position plot of the real-world dataset illustrating the 986
meter trajectory that was used for the final results. The χ2 detections and
covariance adaptations are determined by using the filter with the spherical
state representation.

Fig. 10. This plot shows the results of the real-world data evaluation using
the Cartesian state definition (5711 detections (6.07%)). The χ2 test uses
the norm of the states for the outlier detection and rejection. It can be seen
that the outlier rejections for the over-confident filter causes numerous false
positives for the adjustment of the covariance.

proposed spherical representation shown in Figure 11 detects
magnetic disturbances correctly and adapts rapidly to the
disturbed field. This corroborates the results obtained with
the simulated data described in Section III-F. Figures 12 and
13 show a zoomed segment between seconds 150 and 300 of
Figures 10 and 11. The magnified segments show a distinct
and repeated change of the magnetic field, which correlates
to a geographical interpretation between the labeled positions
one and two in Figure 9. The path between these positions
is the exact trajectory that was followed four times during
this period. As a result, we can verify that the disturbance in
these two locations is persistent, and the presented method
detects the change of the magnetic field in this area reliably.
The presented method can be verified because the disturbance
detection is reproducible with real-world data.

Besides performing the tests on a workstation, the same
data was also successfully processed in real-time with the
C++ framework on an Odroid XU4 embedded platform. The
processing time of the update with spherical representation is

Fig. 11. This plot shows the results of the real-world data evaluation using
the spherical state definition (1748 detections (1.86%)). It can be seen that
the correct outlier detection and rejection for the magnitude of the magnetic
field leads to an improved state estimation.



Fig. 12. Segment of the processed real-world dataset which used the
spherical state representation for filtering and the magnitude state for χ2

detections. The plot (legend as in Fig.11) shows four detections that match
with two distinct positions in the geographical plot shown in Figure 9.

Fig. 13. Segment of the real-world dataset which used the Cartesian state
formulation and the norm of the Cartesian states for the χ2 detection.
The plot (legend as in Fig.11) shows numerous false positives for the
disturbance detection. This filter formulation is over-confident as shown in
Section III-E. The over-confidence causes numerous false positives of the
χ2 detections and subsequent covariance adjustments. These adjustments
cause the filter to follow even the noise in the measurement. Conversely,
not acting on the detections would cause the filter to ignore the long-term
disturbances and, thus, also lead to poor state estimation performance.

3.71 ms on the embedded platform and 0.4 ms on a worksta-
tion allowing a possible magnetometer update rate of 2500 Hz
on the workstation and 270 Hz on the embedded platform.

V. CONCLUSIONS

Using a spherical state formulation over a Cartesian
representation reveals the full information contained in the
jointly observable states of the system. The raw measurement
shows a more Gaussian distributed noise if expressed in
spherical coordinates. The spherical state formulation renders
the magnitude of the magnetic field directly observable in
comparison to the jointly observable states of the Cartesian
state definition. This formulation improves the covariance
estimation thus improves the outlier detection based on a χ2

test that relies on a Gaussian assumption. The accurate outlier
detection further allows the active covariance adjustment in
order to accustom to the magnetically disturbed environment.
The results confirm that the presented method, which uses
a spherical state formulation, is more accurate in estimating
the state covariance in comparison to the Cartesian
representation that is widely used in the robotics community.
The EKF that was used for the experiments did benefit from
the reduced non-linearity and better Gaussian distribution of
the spherical measurement representation. Robotic-platforms
that travel far distances such as UAVs commonly have
limited computational power, and EKFs are regularly
used because of their increased performance compared
to other methods. The method was successfully tested on
the described embedded hardware with real-world data. A
reliable attitude estimation can be achieved if the presented
method is combined with a position sensor. This combination
renders the orientation of the mobile system observable
and allows the estimation of the magnetic variation. The

proposed approach proved the correct adaptation to local
magnetic disturbances throughout the conducted evaluations
and improved the reliability of the state estimation.
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