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Abstract—This paper presents a robust quaternion based
filter approach to estimate orientation from Magnetic Angular
Rate Gravity (MARG)-sensors. These sensors consist of tri-axis
accelerometer and gyroscope as well as a tri-axis magnetometer
which allow a complete measurement of orientation relative to the
direction of gravity and magnetic field of the earth. The proposed
filter uses a gradient descent algorithm (GDA) to compute an
orientation from magnetometer and accelerometer data. This
calculated orientation is directly used as an input in a Kalman
filter framework (KFF) which predicts the orientation estimation
from gyroscope data. The embedding of the gradient descent
algorithm into the Kalman filter allows the computation of a
weighted orientation represented as quaternion. Furthermore, the
designed filter can overcome short time magnetic disturbance by
switching between MARG and IMU equations inside the gradient
descent filter stage (GDFS) and therefore enables a more robust
orientation estimation without the need for additional algorithms.
Tests show the proposed filter to be superior to a commercially
available sensor fusion algorithm related to orientation estimation
at slow angular rates. Moreover, the proposed filter is able to
maintain good orientation estimation under short term magnetic
disturbance.

Index Terms—sensor fusion, orientation estimation, magnetic
disturbances, gradient descent algorithm, Kalman filter

I. INTRODUCTION

The combination of inertial and magnetic sensors can be
used to measure a complete orientation in three-dimensional-
space relative to the direction of earth’s gravity and mag-
netic field. These types of sensors, termed MARG-sensors,
are completely self-contained and therefore not limited to a
specific type of motion nor environment. These characteristics
ensure a wide variety of applications in different fields such
as aerospace [1], robotics [2], human motion analysis [3]
or human-machine interaction [4]. All applications in the
previous mentioned fields need a robust, precise and computa-
tionally efficient algorithm for orientation estimation to work
in environments which are exposed to magnetic disturbance
[5], known as hard iron and soft iron effects [6].

This work was funded by the Federal Ministry of Education and Research
of Germany.

II. STATE OF THE ART SENSOR FUSION

The underlying method of data fusion is key to compute
an orientation based on the measured quantities. Many differ-
ent algorithms exist to fulfil the orientation estimation. The
Kalman filter has become the most commonly used one [7],
[8] even in commercial applications [9]. However, a fairly
new method of orientation estimation has been introduced
by Madgwick et al. in 2011 [10]. This method is based
on the gradient descent algorithm (GDA) and has gained
popularity over the past years. A crucial benefit of this
algorithm is its simple and effective implementation of the
filter framework on a microcontroller. This filter comes along
with only two filter gains to control the fusion of sensor data
and is applicable to both IMU and MARG-sensors, provided
that the sensors are calibrated. A calibrated magnetometer
will sense a unique change of direction in the surrounding
magnetic field [11]. This is essential for precise orientation
estimation, especially regarding MARG-sensor data fusion.
However, in almost every environment the MARG-sensors
are exposed to magnetic field disturbance, like soft iron or
hard iron effects, resulting in incorrect orientation estimation
[12]. While Madgwicks approach is computational efficient
but suffers from magnetic disturbance in the heading estimate,
recent approaches try to overcome these magnetic disturbances
by either extra Hardware, e.g. magnetic sources [13], or
software, e.g. through cascaded two step Kalman filters [14].
The first step incorporates gyroscope as well as accelerometer
data to estimate orientation without using geomagnetic field
data for correction of the yaw angle - thus using IMU-
sensors only. The second step incorporates magnetometer data
and only contributes to orientation estimation when it is not
affected by magnetic disturbance. This enables an orientation
estimation to be computed even under magnetic disturbance.
Nevertheless, this results in a large model regarding matrix
operations and outputs Euler angles rather than quaternions.
Another approach incorporates a GDA in a Kalman filter [15]
and compensates magnetic disturbances. This filter computes
a quaternion from accelerometer data which in addition to
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the angular velocity data is the input to a Kalman filter.
The outputs are pitch and roll angle only. The magnetometer
data is used to calculate yaw angles by Kalman filter outputs
and ellipse hypothesis compensation. However, this method
lacks to calculate a complete quaternion representation and
incorporates magnetometer data inside a third calculation.
This paper presents an approach to estimate orientation via
a two-stage filter consisting of a GDA stage and a Kalman
filter framework (KFF) to overcome short time magnetic
disturbance compromising the heading estimate. It is done
by switching from MARG- to IMU-type fusion and vice
versa inside the gradient descent filter stage (GDFS). This
stage employs a quaternion representation and is treated like a
measurement inside the Kalman filter. The KFF incorporates
the gyroscope model as quaternion and calculates a final
orientation, represented as quaternion. The computation of the
orientation inside the Kalman filter scales with respect to noise
from motion and allows for weighted solutions based on the
sensor characteristics. The filter is benchmarked against a com-
mercial filter and its effectiveness under magnetic disturbance.

III. FILTER DEVELOPMENT

A. Orientation from angular rate

A gyroscope measures the angular rate of the sensor in
its body frame and is denoted as ω. This process can be
represented as a quaternion (NB q) describing the rate of change
of the orientation of the global navigation frame (index N )
relative to the body frame (subscript B) [16] and can be written
as

N
B q̇ω,t = −1

2

(
0

B~ωt

)
• N

B qt−1 (1)

where • denotes the quaternion multiplication and B~ωt is the
angular velocity vector of the three-axis arranged

B~ωt =
(
ωx,t ωy,t ωz,t

)T
. (2)

Under known initial conditions the angular velocity may
be integrated over time to compute the sensor’s orientation
relative to the navigation frame. This orientation N

B qω, t can be
computed by numerically integrating the quaternion derivate
N
B q̇ω,t from (1) and given initial conditions

N
B qω,t = N

B qt−1 + N
B q̇ω,t∆t (3)

B. Orientation from earth magnetic and gravity field

As proposed by Madgwick et al. [10] one can estimate the
orientation of a sensor qn

b through vector observation. The
orientation of a sensor relative to the global navigation frame
can be found as a quaternion which transforms a predefined
reference field with known direction ~dn (i.e. gravity or mag-
netic field) into the measured direction of this field in the
sensor frame ~sbb. There will be an infinite number of possible
orientation solutions. However, a quaternion representation
requires a single solution which leads to the formulation of
an optimisation problem.

min
N
B q∈R4

f(NB q,N ~d,B~s) (4)

where

f(NB q,N ~d,B~s) = N
B q •

(
0

N ~d

)
• N

B q∗ −
(

0
B~s

)
. (5)

Madgwick et al. proposed the GDA as a possible solution to
this optimisation problem because of its low implementation
and computational costs [10] leading to the general form

N
B qk+1 = N

B qk − µt
∇f(NB qk,

N ~d,B~s)

||∇f(NB qk,
N ~d,B~s)||

, k = 0, 1, 2, ...n

(6)
where µt is the step size of the GDA and ∇f denotes the
gradient defined as the product of the objective function f
and its Jacobian J

∇f(NB q,N ~d,B~s) = JT (NB q,N ~d)f(NB q,N ~d,B~s). (7)

The equation simplifies if the direction of the reference fields
is assumed to only have components in one or two major
axes of the global frame. Following Madgwicks convention
this leads to the assumption that the gravity field defines the
vertical z-axis and the magnetic field only has components
in the x- and y-axis due to the inclination of the magnetic
field. This breakdown results in two objective functions and
their Jacobian for gravity and magnetic field respectively
[10]. Depending on the desired application, either attitude
and heading for MARG-sensors or just attitude for IMU-
sensors, ∇f has to be chosen. Substituting B~s for normalised
accelerometer (B~at) or magnetometer measurement (B ~mt) and
N ~d for either normalized gravity or normalised and distortion
compensated magnetic field vector (N~b) results in a set of
equations to form the gradient of function f (∇f )

∇fa = JT
a (NB qt−1)fa(NB qt−1,

B~at) (8)

∇fa,m = JT
a,m(NB qt−1,

N~b), fa,m(NB qt−1,
B~at,

N~b,B ~mt) (9)

where the subscript a indicates equations for IMU and a,m
for MARG-sensor mode.

The combination of gravity and magnetic field measure-
ments enables a complete orientation to be found. Conven-
tional approaches would require multiple iterations for each
new iteration but as Madgwick et al. [10] states it is acceptable
to compute one orientation per time sample providing that the
convergence rate is equal or greater than the physical rate of
change of the device. This is governed by the step size (µt).
Equation (10) calculates a complete quaternion based on the
previous orientation and solution from the GDA per sample
time t

N
B q∇,t = N

B qt−1 − µt
∇f
||∇f ||

(10)

where N
B q∇,t is the quaternion computed via the GDA and µt

can be calculated as follows

µt = α||NB q̇ω,t||∆t, α > 1. (11)

The entire mathematical derivation of the filter can be found
in [10].



C. Robust quaternion based Kalman filter
Within this work it is proposed to fuse the quaternion

(NB q∇,t) calculated on the basis of accelerometer and magnetic
field sensor data and the quaternion (NB qω,t) calculated on the
basis of gyroscope data by using a linear Kalman filter. The
computation of only one quaternion from both the magne-
tometer and accelerometer data reduces the size of the needed
model and state vectors. Furthermore (8) and (9) enables the
filter to switch between the MARG- and the IMU- mode if the
sensor is subject to short time magnetic disturbances. Thereby
remaining the effectiveness on implementation of the GDA.
The state vector xk+1 of the proposed Kalman Filter consists
of the quaternion components

xk+1 = N
B q =

(
q0 q1 q2 q3

)T
. (12)

Following (1) and (3) for orientation estimation the predicted
quaternion is computed through integration of the angular
rate measured by the tri-axis gyroscope [16]. The vector
differential equation describing the rate of change (1) in matrix
form can be rewritten as

N
B q̇ω,t = Ω(Bωt)

N
B qt (13)

where

Ω(Bωt) =


0 −Bω T

x,t −Bω T
y,t −Bω T

z,t
Bωx,t 0 Bωz,t −Bωy,t
Bωy,t −Bωz,t 0 Bωx,t
Bωz,t

Bωy,t −Bωx,t 0

 . (14)

Discretization and added process noise (wk) to compensate for
model errors results in the discrete state transition equation

xk+1 = Φ(Bω,∆t)xk + wk (15)

where Φ(Bω,∆t) denotes the state transition matrix and is
computed using zero order integration yielding

Φ(Bω,∆t) =

(
I4×4 +

1

2
Ω(Bω)∆t

)
. (16)

The discrete process noise (wk) can be modelled according to
(1) as the noise affecting the gyroscopes reading as quaternion
derivate, where instead of ω white Gaussian measurement
noise vk with covariance matrix Σg is being used

Σg = σ2
gI3×3 (17)

where σg is the standard deviation of the gyroscope readings.
Switching multiplicands and expanding (1) wk can be written
as

wk = −∆t

2


−q1 −q2 −q3
q0 −q3 −q2
q3 q0 −q1
−q2 q1 q0

 vk. (18)

According to (18) the process noise covariance matrix Qk can
be computed

Qk = (
∆t

2
)2


−q1 −q2 −q3
q0 −q3 −q2
q3 q0 −q1
−q2 q1 q0

Σg


−q1 −q2 −q3
q0 −q3 −q2
q3 q0 −q1
−q2 q1 q0


T

.

(19)

The update step applies the quaternion N
B q∇,t from (10) and

adds measurement noise. The discrete process model equation
for the update can simply be written as:

zk = N
B q∇,k−1 = Hxk + vzk (20)

where N
B q∇,k−1 represents the quaternion computed through

GDA, H is a 4×4 identity matrix and vzk is noise associated
with the estimation of orientation through the GDA based on
the sensors measurement noise which is assumed to be white.
Noting that the quaternion computed through GDA is based
on accelerometer and magnetometer, thus vzk is related to
accelerometer and magnetometer measurement noise.
The measurement noise covariance matrix (Rk) takes a major
role regarding the fusion process of the filter. Under dynamic
motion the accelerometer will be subject to dynamic linear
acceleration which influences the measured direction of the
gravity vector thus resulting in a wrong computation of
orientation inside the GDA. To avoid the effect of a wrong
measurement quaternion onto the orientation estimation, a gain
factor is introduced to weight the fusing of the measurement
quaternion with the quaternion computed via angular velocity.
In case of a Kalman filter this fusion gain is implemented in
the measurement noise covariance matrix. In phases of high
dynamic motion, the covariance matrix should be updated with
a high gain. The magnitude of gain scales with respect to the
physical rate of change resulting in a decreasing influence of
the measurement on the solution. In contrast, the contribution
of the measurement in static or slow movements phases
should be very high, keeping gyroscope errors at a minimum
[17]. This scaling is achieved through multiplication of the
measurement covariance matrix with the step size µt of the
GDA. In phases of high dynamic motion, the step size will
rise due to increased angular rates resulting in a solution
heavily based on the gyroscope measurement. At rest or slow
movements the orientation estimation is mainly composed of
the measurement quaternion from GDA. Rk can be written as

Rk = Σa,m + I4×4µt, Σa,m = E[vzkv
T

zk ] (21)

where Σa,m represents the covariance matrix and equals noise
introduced from both sensors affecting the estimation of a
quaternion inside the GDA. It is determined using measure-
ment data and results in a diagonal 4 × 4 matrix. The GDA
converges over time as long as the physical rate of change is
smaller than the convergence rate which is governed by the
step size µt [10]. Therefore, the step size is the main error
source during dynamic motion for the quaternion from GDA.

D. Maintaining orientation under magnetic disturbance

It is possible to calculate orientation either through MARG
or IMU like filter fusion by switching in between equation
(8) and (9) in the update step of the filter. Using both the
GDA and the KFF it is possible to detect magnetic disturbance
or uncalibrated magnetometer measurements. This is crucial
because in distorted fields the quaternion calculated from GDA
will not result in the correct orientation.
Within this work the following concept is proposed. The
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ACC.
(x, y, z)

MAG.
(x, y, z)

MARG-equation

N
Bq∇,t = N

Bq∇,t−1 − µt
∇fa,m
||∇fa,m||

IMU-equation

N
Bq∇,t = N

Bqω,t−1 − µt ∇fa||∇fa||

z−1

εmN
Bq∇,t−1

FROM KALMAN FILTER STAGE

zk

z∇,k
B ~mt,

N~b

•
B~at

•
•

•

µt µt

Fig. 1. Block diagram of the gradient descent filter stage (GDFS) with
threshold based switching.

calculation of the gradient is separated from the gyroscope
readings. The estimated quaternion from magnetometer and
accelerometer data in equations (9) and (10) is used as an
input to the KFF. The quaternion from the MARG- and IMU-
equations are used as measurement input to the KFF. This
increases the time needed to converge to a steady state inside
the GDFS but allows to detect magnetic disturbance inside the
Kalman filter. The block diagram in Fig. 1 shows the concept.
The quaternion calculated on basis of acceleration data and
magnetic field data represents the input z∇,k. As the differ-
ence (yk) between the global quaternion from GDA and the
quaternion computed using the gyroscope when applied to the
filter in the update step is quite large, magnetic disturbances
are recognised

yk = z∇,K −Hxk. (22)

To avoid the effect of short time disturbed magnetic fields
on the quaternion and therefore the estimated yaw angle it is
possible to switch the measurement quaternion equation (zk)
to the IMU case of equations (8) through threshold-based
switching. Therefore |yk| is computed and tested for large
differences against a criteria threshold εm. This constant is the
criteria for magnetic disturbance recognition and is determined
through experiments to provide best switching capabilities
while subject to magnetic disturbance. Upon switching to-
wards the IMU equations it is required to switch the input of
the quaternion from the previous timestep to the quaternion
based on the gyroscope readings from the Kalman filter
because the quaternion from accelerometer only defines the
vertical z-axis. In order to provide a fast convergence of
the GDFS and create a larger difference yk under magnetic
disturbance, a gain factor cb is added to the calculation of (8)
and (9) resulting in the following cases

zk =

{
N
B q∇,t = N

B q∇,t−1 − (µt + cb)
∇fa,m

||∇fa,m|| , |yk| < εm
N
B q∇,t = N

B qω,t−1 − (µt + cb)
∇fa
||∇fa||

.

(23)
where N

B qω,t−1 equals the a priori state vector x̂−k and

cb =

{
|yk|, |yk| < εm

0.1
. (24)

During magnetic disturbance both equations from (23) need
to be calculated to keep the magnetic disturbance tracked in the
form of yk, which relies on the MARG-equation (z∇,k). If the
disturbance vanishes the fusion again applies the MARG-case.
However, this depends on the period of the disturbance. The
IMU based solution is subject to gyroscope drift and therefore
yk will scale over time making it difficult to get back to the
MARG-case without large errors.
The fact that this filter computes a complete quaternion
solution introduces one general problem. While an orientation
can be expressed as different quaternions the filter needs to
calculate similar quaternions to switch from IMU to MARG
case by comparing the GDA quaternion and the state vector.
When the sensor is calibrated properly yk will be small. If
the sensor is not calibrated, yk scales up. A complete rotation
of the device around a major axis might end up in different
quaternions for the GDA quaternion and state vector repre-
senting nearly the same orientation. In such cases, |yk| will
become either 2 or 0 because of the norm of the subtraction
of two unit quaternions. At this point the orientation is the
same but the quaternions differ. This case can be addressed by
setting the previous state vector xk to zk resolving different
quaternions for the same orientation representation.
Finally the step size µt can be computed. Equation (11)
expects the rate of change of the orientation to compute
an adaptive step size. This rate of change can be computed
through (1), where N

B qt−1 is formed through (23) which yields
that µt can be calculated as follows

µt = α

∣∣∣∣∣∣∣∣(−1

2

(
0
~ωn
b

)
• zk−1

) ∣∣∣∣∣∣∣∣∆t. (25)

A complete diagram of both filter stages and their dependen-
cies is depicted in Fig. 2.
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MAG. GDFS

⊗

B~ω

z−1zk−1

µt

B ~m

B~a

zk

•

KFF

Rk = I4×4µt + Σa,m

Kk = P−k H
T (HP−k H

T +Rk)
−1

KALMAN GAIN

εm > z∇,k − (Hx̂−k )

IMU/MARG SWITCH

yk = zk − (Hx̂−k )

x̂k = x̂−k +Kkyk

Pk = (I −KkH)P−k

UPDATE EQUATIONS

x̂−k+1 = Φkxk + wk

P−k+1 = ΦkPkΦ
T
k +Qk

PROJECTION

[z∇,k, µt]

εm

•z−1

x̂−k

x̂−0 , P
−
0

B~ω

z−1

[x̂−k , P
−
k ]

x̂−k+1

Fig. 2. Diagram of both filter stages, the Kalman filter framework (KFF) and
the gradient descent filter stage (GDFS), and their interconnections.



IV. EXPERIMANTEL SETUP AND EQUIPMENT

The proposed filter was implemented in MATLAB and
tested using a FSM-9 module from Hillcrest Labs. The FSM-9
consists of a tri-axis gyroscope, magnetometer and accelerom-
eter and features full 3D motion processing on a 32-bit MPU,
including quaternion output1. The FSM-9 was programmed
to output factory calibrated values sampled at a rate of 125
Hz and directly feed to the proposed filter. The sensor was
calibrated to the surrounding magnetic field according to the
manufacturers advice.
A robot (UR5) was used to rotate the sensor to provide
accurate orientation changes that are used as the ground truth
to compare the algorithms. The motor encoders of the UR5
have a resolution of 0.01◦s−1. A second MARG-sensor, the
XDK110 Cross-Domain Development Kit from BOSCH, was
programmed to output raw values, calibrated according to [11]
working as a redundant source of reference to validate correct-
ness of data. A set of 16 rotations around every major axis
(x, y, z) of the sensor, where each rotation corresponds to 180◦

total orientation change in the particular axis, was recorded.
Regarding dynamic and static performance of the filter each
rotation sequence was recorded with decreasing angular rates,
starting at an angular rate of 18◦s−1 on the first rotation and
completing at 3◦s−1. Every set was recorded five times for the
undistorted case and five times for the magnetic distorted case
to investigate behaviour under magnetic disturbance. Artificial
magnetic distortions were introduced by bringing an iron bar
close to the sensors (4 cm) for less than 35 seconds disturbing
the surrounding magnetic field by introducing soft iron effects.

V. EXPERIMANTEL RESULTS

The performance of orientation estimation is presented as
static and dynamic RMS errors (subscript ε) of the Euler an-
gles, roll (φ), pitch (θ) and yaw (ψ). These are calculated as the
difference between estimated orientation and the ground truth
obtained from the robot joint angle. The proposed algorithm
parameters are as follows:
• Parameters of noise: σ2

g = 0.0001, Σa,m = I4×4 ∗ 0.001
• Initial states: State covariance matrix, P0, was initially

set to be the identity Matrix I4×4 and state vector, x0,
was set to unit quaternion [1 0 0 0]T .

• Gradient descent scaling factor α = 10 and magnetic
disturbance threshold εm = 0.065.

• At startup, cb was set to 5 and εm to 50 for 5 seconds to
let the GDA converge faster towards the initial orientation
defined by direction of gravity and magnetic field vector.

The estimated angle errors are divided into three groups,
static, slow and fast dynamic where static equals no motion,
slow dynamic equals angular rates of 3◦s−1 ≤ ω ≤ 6◦s−1

and fast dynamic is ω > 6◦s−1. At static and fast dynamic
motions both, the commercial filter and the one proposed here
show similar performance regarding motion estimation (Fig.
3, left). In the case of slow dynamic motion the commer-
cially available sensor fusion algorithm of the FSM-9 module

1http://hillcrestlabs.com/products/fsm-9/
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Fig. 3. Typical results for ground truth and estimated angle ψ (top) and
corresponding error (bottom) at fast (18◦s−1) and slow (3◦s−1) movements.

TABLE I
RMS VALUES FOR COMMERCIAL IMPLEMENTED FILTER (FSM-9) AND

PROPOSED FILTER (HYKG) UNDER THREE DIFFERENT MOVEMENT
CONSTRAINTS - STATIC, SLOW DYNAMIC AND FAST DYNAMIC.

Static Dynamic (slow) Dynamic (fast)
FSM-9 HyKG FSM-9 HyKG FSM-9 HyKG

φε 0.55◦ 0.54◦ 0.51◦ 0.71◦ 0.51◦ 0.78◦

θε 0.48◦ 0.45◦ 0.41◦ 0.62◦ 0.33◦ 0.41◦

ψε 1.31◦ 1.23◦ 24.55◦ 1.25◦ 1.27◦ 1.12◦

provides stepwise increasing orientation data with large value
steps whereas the proposed filter calculates increasing orien-
tation data narrow to the ground truth as can be seen in Fig.
3 (right) for ω = 3◦s−1. Table I summarizes the results for
all test sets subdivided into the three categories of motion.
The proposed filter can withstand with commercially available
devices and is superior at slow dynamic motion regarding
orientation estimation. Even at low angular rates of 3◦s−1 the
proposed filter is still able to provide good estimation results
with the same sensor data as the commercial algorithm.
Furthermore, Fig. 4 indicates, that the proposed algorithm is
able to maintain orientation under magnetic disturbance. Typi-
cal results of orientation estimation with and without switching
between MARG and IMU equations are presented. For fast
dynamic motion at 16◦s−1 the disturbance is introduced 5
seconds after the start of the set and kept for an interval of
35 seconds. At 8◦s−1 the disturbance is introduced twice, at
15 seconds after start with a length of 20 seconds and at 40
seconds after start with a length of 15 seconds. Switching
between MARG and IMU equations inside the GDFS enables
to maintain orientation in static cases as well as for dynamic
motion while magnetic disturbance is present. In contrast, the
estimated yaw angle will experience large errors without the
proposed switching.
However, in the case of magnetic disturbance lasting more
than 35 seconds the orientation estimation will experience
large errors in the heading estimate. This is due to the
gyroscope bias and gyroscope resolution making an orientation
estimation without large correction steps and growing errors
impossible.
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VI. CONCLUSION

Cascaded two-step Kalman filter approaches to estimate ori-
entation of MARG-sensors and overcome short time magnetic
disturbances are reported since 2014. These filters are based
on large models and equation sets which significantly increase
complexity and the need for optimal parameter tuning. The fil-
ter approach presented in this paper reduces the Kalman filter
equations to the gyroscope only, therefore reducing model size
and complexity to the well-known gyroscope dynamics. The
calculation of the quaternion from gravity and magnetic field is
based on the computationally efficient GDA. Under magnetic
disturbance the proposed filter enables switching between
MARG and IMU mode. This allows to maintain orientation
and therefore increase robustness in environments which are
exposed to short term magnetic disturbance. Separating the
gradient descent quaternion from the gyroscope enables a
motion based orientation estimation to be computed thus pri-
oritizing the strengths and weaknesses of the different sensors
and allow a continuous check for magnetic disturbance. Using
a Kalman filter improves performance regarding gyroscope er-
rors in phases of magnetic disturbance keeping drifts relatively
low. In contrast to Madgwicks original approach, this filter
does not need to be calibrated. Without valid magnetometer
calibration, the filter will act as an IMU, switching to the
equivalent subset of equations, whereas a valid magnetometer
calibration will enhance the performance and precision of the
orientation estimation.

VII. FUTURE WORK

Future applications on orientation estimation using MARG-
sensors, e.g. controlling robots [4] [18], tracking posture [19]
or monitoring movements [7] [10] require high precision
and need to be robust to guarantee safety in environments
compromised by magnetic disturbance. The proposed filter
is a step to fulfil the robustness required in such tasks, by
rejecting short-term magnetic disturbance and keeping the
complexity low. Future work will focus on improvements of
robust orientation estimation regarding magnetic disturbance
and performance compared to other state of the art filter

methods. Further increase in precision and reduction of errors,
regarding the ability to overcome magnetic disturbance will
be investigated by adding the magnetic field norm as another
source of reference and combining it with the proposed filter.
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