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Abstract—The Allan variance is a method to characterize
stochastic random processes. The technique was originally de-
veloped to characterize the stability of atomic clocks and has
also been successfully applied for the characterization of inertial
sensors. Inertial navigation systems can provide accurate results
in short time which tend to rapidly degrade in longer time
intervals. During the last decade the performance of inertial
sensors has significantly improved, particularly in terms of signal
stability, mechanical robustness and power consumption. The
mass and volume of inertial sensors has also been significantly
reduced, offering system-level design and accommodation ad-
vantages. This paper presents a complete methodology for the
characterization and modeling of inertial sensors using the Allan
variance, with direct application to navigation systems. Although
the concept of sensor fusion is relatively straightforward, accurate
characterization and sensor information filtering is not a trivial
task, yet they are essential for good performance. A complete and
reproducible methodology utilizing the Allan variance, including
all the intermediate steps, is described. An End-to-End process
for sensor error characterization and modeling up to the final
integration in the sensor fusion scheme is explained in detail. The
strength of this approach is demonstrated with representative
tests on novel, high-grade inertial sensors. Experimental naviga-
tion results are presented from two distinct robotic applications:
a planetary exploration rover prototype and an autonomous
underwater vehicle.

Index Terms—inertial navigation systems; Allan variance;
sensor characterization; error modelling; sensor fusion

I. INTRODUCTION

The estimation of a vehicle’s attitude is an important task
for navigation since it enhances the onboard localization.
Robots are becoming increasingly more competent to perform
autonomous tasks in places and situations where human in-
tervention was the only option. Tasks such as autonomous
docking, localization in unstructured environments and instru-
ment deployment, to name a few, call for high-performance
Attitude and Heading Reference Systems (AHRS). Planetary
exploration and underwater robots rely solely on onboard
localization means due to the absence of global localization
in space [1]–[6] and underwater [7], [8], and as such require
a particularly good understanding of inertial sensors and their
corresponding error sources.

Available inertial sensors are based on different operating
principles and fabrication methods, which influence their error
characteristics and the dominance of each error source in the
final measurement. Recent advancements in micro-fabrication
and in microsystems technology in general, have led to
higher quality Micro Electro-Mechanical Systems (MEMS)
with improved performances, something that has made them

Fig. 1. The two robotic platforms used for the experiments. ExoTeR at the
ESA Planetary Robotics Laboratory (left) and Dagon at the DFKI Maritime
Exploration Hall (right).

particularly attractive for aerospace and underwater systems.
The use of MEMS-based inertial sensors has made Inertial
Navigation Systems (INS) more affordable, with smaller foot-
print and modest power consumption figures, something that
has spawn a new generation of robust, small-scale sensors of
great potential for robotic applications [9], [10].

Different techniques can be applied to identify sensor error
sources and derive a model which then can be incorporated in
a filtering scheme. The general concept behind these methods
is to analyze the sensor signal in order to characterize the
error source. The most popular among them is the Fast Fourier
Transform (FFT) of the noise signal, which identifies and
distinguishes errors at different frequencies of the spectrum.
Another approach is to employ the autocorrelation function
to find repetitive patterns in the time-domain of the signal
and subsequently using the FFT to derive the Power Spectral
Density (PSD). The Fourier transform of the autocorrelation
function allows the identification of stochastic processes.
When investigating the stability of atomic clocks, David Allan
proposed a methodology to separate noise forms of time
series measurements [11], an approach that did not require
the conversion of the signal to the frequency domain. Later
this method was adopted by the inertial sensor community
due to its simplicity and its capability to identify the long-
term noise. In essence, the Allan variance can provide direct
information of the underlying stochastic processes [12] and

Fig. 2. Schematic representation of the End to End (E2E) approach for AHRS
design.



has gained momentum due to its computational simplicity
and ease of adaptation to a variety of noise types. Though
there are a certain limitations in the mapping from the Allan
variance to the frequency spectrum, still the method remains
powerful and has become an IEEE Standard Specification and
Test Procedure for inertial sensors [13].

INS in general, and AHRS in particular, are widely used
in aerial, terrestrial and underwater applications, and vari-
ous, techniques for characterizing inertial sensor errors are
available in literature [14], [15]. In El-Sheimy et al. present
in [16] a thorough methodology for using the Allan variance
for the characterization of the noise coefficients of inertial
sensors. Their work establishes a relationship between the
Allan variance and the noise Power Spectral Density (PSD).
Several approaches have also been proposed for modelling
inertial sensors and their error behaviour. Xing et al. describe
in [17] the sensor model for low-cost inertial sensors and
in [18] the Allan variance is applied to provide a sensor error
characterization in detail. Current work in navigation and filter
design (see [19]–[22]) shows that incorporating inertial data
in a correct manner in a sensor fusion scheme remains a
challenge.

The present work describes the use of the Allan variance to
identify and characterize the types and magnitudes of inertial
stochastic errors and their effect in attitude estimation, while
it extends our previous research [23] on systematic End-to-
End (E2E) techniques for the design of AHRS. All the steps
of utilizing inertial sensors for attitude estimation (see Fig.2)
are addressed methodically: starting from the characterization
of the dominant sensor errors, then deriving a suitable sen-
sor error model and ultimately designing an adequate filter.
Furthermore, the validation effort within our previous work is
extended here to two different inertial sensors, to a different
filter design and to two inherently distinct robotic platforms:
a planetary rover prototype and an autonomous underwater
vehicle.

II. BACKGROUND

The Allan variance σ2(τ) extracts information on the
form and magnitude of distinct noise terms. The method
initially separates static measurement values into clusters.
Subsequently, a statistical variance is computed among the
clusters of equal dimension. The variance of a cluster time of
length τ , is estimated by [11]:

σ2(τ) =
1

2(N − 2n)

N−2n∑
k=1

[Ω̄k+1(t)− Ω̄k(t)]2 (1)

where N is the complete amount of samples and Ω̄(t) is the
cluster average value of the sensor output (i.e. angular velocity
or acceleration) for a cluster which starts at the kth data point
and contains n samples depending on the length of τ . The
Allan standard deviation is plotted in a log-log format versus
the cluster time τ where different noise terms might show in
the plot (see Fig. 3). The identification of the PSD function
of the stochastic process is required to model the stochastic

Fig. 3. Typical Allan deviation plot for data analysis [13]. The cluster time
of length τ could take different units in time (e.g. microseconds, seconds,
minutes or hours) and the standard deviation σ(τ), (e.g. angular velocity
rad/s, ◦/h or acceleration g, m/s2) depending on the sensor type.

error. This is done by the unique relationship between the
Allan variance (time domain) and the PSD (frequency domain)
SΩ(f) of this stochastic process. Such relationship is defined
by:

σ2(τ) = 4

∫ ∞
0

SΩ(f)
sin4(πfτ)

(πfτ)2
df (2)

The different stochastic processes are identified at various
frequencies by simply varying the cluster time τ . Further
elaboration on the typical errors present in inertial sensors
can be found in [13]. It is important to note that the Allan
variance does not always determine a unique noise spectrum
since the mapping from the spectrum to the Allan variance
is not bijective (one-to-one). This mapping is given by (2)
and there is no inversion formula. Using this approach we
can relate the Allan variance and the PSD of a stochastic
error. Table I summarizes these derived relationships for the
most dominant inertial sensor errors. The efficiency of the
Allan variance computation improves by selecting n as a
power of 2 to define the different cluster terms. The quality of
the estimation is proportional to the number of independent
clusters and confidence improves as the amount of clusters
increases. The confidence interval is plotted together with
the Allan deviation, using the allanvar 1 tool (see plots in
Section III).

Modelling sensor errors benefits the overall AHRS per-
formance. A model can be customized to be accurate to a

1[Online]. Available: http://cran.r-project.org/package=allanvar
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specific sensor but often this is done at the expense of general
applicability of the model. The proposed sensor model was
derived with the goal of having a balance between accuracy
and generality and comprises both deterministic and stochastic
sensor errors. Our model encompasses deterministic errors
like the scale factor and misalignment, while others like the
thermal drift are assumed to be internally compensated by the
transducer. Scale factor asymmetry, g-sensitive bias and other
sensor-specific errors are not included in our model as they
are consider insignificant for most applications [24], [25]. The
sensor model equation is:

ω̃(t) = (I3×3 +M(c,m)) · ω(t) + ns(t) (3)

where ω̃(t) is the 3×1 continuous time sensor measurement
(i.e: three-axes [p, q, r]

ᵀ angular velocities in case of gyro-
scopes), M is the deterministic errors matrix corresponding
to the misalignment m and scale factor c and ns(t) is the
stochastic noise process.

The derivation of a stochastic noise process requires to ini-
tially identify its PSD function. By defining the noise process
as a linear and time invariant system and knowing the PSD,
we can shape an input white noise into the desired output.
This technique is known as the shaping filter approach [26].
Different noise types can be modeled using Table I, where
the spectral functions are unique for each stochastic noise
type. However, this approach is limited when it comes to
modelling quantization noise. The shaping filter performs on
differential equations driven by white noise, and it cannot have
a noise source which is the derivative of that white noise. An
acceptable workaround to this can be found by using specific
approximations [27]. It is out of the scope of this work to
further analyze such limitations since most of the stochastic
errors appearing in inertial sensors can be directly incorporated
in a Kalman filter.

III. SENSOR ERROR CHARACTERIZATION

Two commercial Inertial Measurement Units (IMU) were
characterized using the Allan variance: a miniaturized IMU
based on a Double-Ended Turning Fork (DETF) MEMS gyro-
scope (Imego STIM300) and a small Fiber Optic Gyroscope
(FOG) based IMU (KVH-1750). Both IMUs are equipped with
MEMS accelerometers, temperature sensors and RS-422 serial
connection for sensor data acquisition.

The Allan variance analysis for the FOG-based IMU is
depicted in Fig. 4. The plot shows the angle random walk
for gyroscopes and velocity random walk for accelerometers
as the dominant error for the short cluster times. The curve fits
a straight line of slope − 1

2 . The angle random walk coefficient

TABLE II
ACC NOISE COEFFICIENTS FOR THE FOG-BASED IMU.

Coef. Acc X Acc Y Acc Z Datasheet
N [m/s/

√
h] 0.0618 0.0802 0.0583 0.0705

B [m/s2] 0.00057 0.00058 0.00053 0.00049

K [m/s2/
√
h] 0.00147 0.00083 0.00073 n/a

(a) Allan deviation plot for the accelerometers.

(b) Allan deviation plot for the gyroscopes.

Fig. 4. Allan variance analysis for the FOG-based IMU.

N is obtained by reading the slope line at τ = 1. The
coefficient value is solved according to equation in Table I.
A straight line of slope + 1

2 fits the part of the plot for longer
cluster times. The noise coefficient K of the rate random
walk is read off the slope line at τ = 3. The corresponding
equation from Table I is also solved. The center of the curve
depicts a small flat part by a zero slope. It characterizes a bias
instability noise representing the best stability of the run. The
conventional unit for the bias instability coefficient B is ◦/h
for gyroscopes and m/s2 for accelerometers [28]. Tables II
and III provide the derived noise coefficients of the FOG-based
IMU next to the values provided by the sensor manufacturer in
the datasheet. Information about categorizing inertial sensors
based on noise coefficients can be found in [24], [25].

The results from the DETF-based IMU are visualized in
Fig. 5. Tables IV and V list, in turn, the characterized noise

TABLE III
GYRO NOISE COEFFICIENTS FOR THE FOG-BASED IMU.

Coef. Gyro X Gyro Y Gyro Z Datasheet
N [◦/

√
h] 0.01055 0.01140 0.01032 0.012

B [◦/h] 0.0589 0.1078 0.0492 0.05− 0.1

K [◦/h/
√
h] 0.0881 0.6446 0.1193 n/a



(a) Allan deviation plot for the accelerometers.

(b) Allan deviation plot for the gyroscopes.

Fig. 5. Allan variance analysis for the DETF-based IMU.

coefficients for the DETF-based IMU versus the manufacturer
provided values. From the results it appears that both IMUs
share the same type of dominant errors. It is also possible
to observe that FOG-gyros technology performs better than
DETF-gyros but this comes with a significant penalty on
mass, the KVH-1750 being approximately 700 grams versus
the 55 grams of the STIM300.

TABLE IV
ACC NOISE COEFFICIENTS FOR THE DETF-BASED IMU.

Coef. Acc X Acc Y Acc Z Datasheet
N [m/s/

√
h] 0.0570 0.0628 0.0612 0.070

B [m/s2] 0.00055 0.00063 0.00062 0.00050

K [m/s2/
√
h] 0.00085 0.00057 0.00086 n/a

TABLE V
GYRO NOISE COEFFICIENTS FOR THE DETF-BASED IMU

Coef. Gyro X Gyro Y Gyro Z Datasheet
N [◦/

√
h] 0.1600419 0.1507285 0.1477636 0.15

B [◦/h] 1.478 1.557 1.553 0.5− 2.0

K [◦/h/
√
h] 3.6299 3.2171 1.5450 n/a

IV. ERROR MODEL DERIVATION

The Allan variance characterization denoted the angle ran-
dom walk and the angle rate random walk as the dominant
stochastic errors for the gyros of both IMUs. Similarly, the
velocity random walk and the velocity rate random walk or
acceleration random walk emerged as the dominant errors for
the accelerometers. It is worth noting that random walk is
affected by white noise while the sensor bias or drift is coupled
with the rate random walk and the bias instability.

The PSD of the random walk is defined by N2 and it can
be directly incorporated into the proposed sensor model. The
PSD for the bias instability B is not a function of ω2 (see
Table I). The transfer function cannot be directly obtained by
the shaping filter approach [26] and a first order Gauss-Markov
process is normally used to model the bias instability. The PSD
of the rate (gyroscope) or acceleration (accelerometer) random
walk is defined by K2/s2 and is incorporated in the model by
K/s, replacing jω by s in the Laplace domain. Consequently,
the derived inertial sensor model is:

ω̃(t) = ω(t) +M(c,m) + bg(t) + nNg (t) (4a)
ã(t) = C(q(t))g + a(t) +M(c,m) + ba(t) + nNa(t) (4b)
bα(t) = bBα(t) + bKα(t) (4c)

ḃBα(t) = − 1

τBα
bBα(t) + nBα(t); ḃKα(t) = nKα(t) (4d)

where ω̃(t) is the gyroscope readout, ω(t) is the angular
velocity, ã(t) is the accelerometers readout, C(q(t)) is the
rotation matrix associated to the attitude quaternion q(t), g is
the local gravitational vector, a(t) is the acceleration, bα(t)
is the sensor bias (i.e. for gyroscopes or accelerometers),
τBα is the correlation time for the Gauss-Markov process
and nNα(t), nBα(t) and nKα(t) are independent zero-mean
Gaussian noises of an inertial sensor α (i.e. g for gyroscopes
or a for accelerometers). These noises are defined by

E{nNα(t)nTNα(ι)} = I3×3σ
2
Nαδ(t− ι) (5a)

E{nBα(t)nTBα(ι)} = I3×3σ
2
Bαδ(t− ι) (5b)

E{nKα(t)nTKα(ι)} = I3×3σ
2
Kαδ(t− ι) (5c)

where E denotes expectation, δ(t − ι) is the Dirac delta
function, σNα is the uncertainty associated to the random walk
coefficient N , σBα is the uncertainty associated to the bias
instability coefficient B and σKα is the uncertainty associated
to the rate random walk coefficient K. The aforementioned
uncertainties are actually the standard deviations σ of the
associated probability density functions (pdf) and depend
on the signal bandwidth ∆bn and the noise coefficients of
Tables II-V.

V. FILTER DESIGN

Fusing inertial sensors to estimate a vehicle’s attitude is
a common practice in navigation systems. Sensor fusion
design is an engineering process in which the Allan variance



Fig. 6. Schematic representation of the AHRS using the IKF approach

might serve well. State of the art sensor fusion strategies are
commonly based on the Bayesian approach. Such strategies
are, in fact, statistical techniques that offer state estimation by
modeling static and dynamic uncertainties. Setting the right
values for those uncertainties is important and the stochastic
models derived with the Allan variance analysis serves the
filter design. Our work employs the Indirect Kalman Filter
(IKF) [29], [30] due to its fast response and, that the attitude
kinematic equations are independent of the filter state. Another
advantage of the IKF is that it has a smaller state vector
dimension than the conventional Kalman filter (see Fig. 6).

The filter estimates the vehicle’s attitude using the error
quaternion proposed by Lefferts et al. [29]. The attitude is
defined by first applying the current estimated attitude q̂ and
then is corrected by a small error rotation qe expressed in
the vehicle’s body frame. The attitude is computed using the
composition (product) of two quaternions ⊗ while the state
vector estimates the small attitude error so that:

q = q̂ ⊗ qe (6)

qe only depends on the sensor error model and is a three-
elements vector assuming that the scalar part is 1 ≈ cos(θ/2)
for small θ rotations. The error quaternion dynamics are
estimated in the filter and the prediction step is determined
by the following equation from [31]:

q̇e(t) ≈ −ω̃(t)× qe(t)− 1

2
(bg(t) + nNg (t)) (7)

x = [qe bBg bKg bKa ]ᵀ which contains the bias of gyro-
scopes and accelerometers. The following prediction equation
is used to propagate the state:

ẋ(t) = Ax(t) +B (8)

with

A =


−[ω̃×] −0.5I3×3 −0.5I3×3 03×3

03×3 −βI3×3 03×3 03×3

03×3 03×3 03×3 03×3

03×3 03×3 03×3 03×3



B =


−0.5nNg

nBg
nKg
nKa


(9)

where [v×] represents the cross product matrix of the vector
v and β is the inverse of τBg , the correlation or cluster time
associated to the bias instability. We rely on the bias instability
and rate random walk to estimate the gyroscope bias with
bBg and bKg respectively. The accelerometers bias is simply
model as acceleration random walk bKa . The process noise
nNg , nBg , nKg and nKa are set using the noise coefficient
identified by the Allan variance analysis. The filter process
covariance is:

Q = E{BBᵀ} , diag(0.25QNg , QBg , QKg , QKa) (10)

where Q is a variance matrix with block matrices as
diagonal entries. The standard deviation σNg in QNg depends
on the random walk noise coefficient and the signal bandwidth
fbn = ∆−1

bn defined as:

QNg = I3×3σ
2
Ngδ(t− ι)

σNg = N/
√

∆bn

(11)

The noise covariance of the Gauss-Markov process for
the gyroscopes bias instability model is obtained from the
following equation:

QBg = I3×3σ
2
Bgδ(t− ι)

σBg = B
√

2β
(12)

The angle rate random walk and acceleration random walk
are computed by:

QKα = I3×3σ
2
Kαδ(t− ι)

σKα = K
√

∆bn

(13)

A zero-order hold assumption is selected for discretization
where the inertial sensor output is sampled periodically with
period ∆t and is assumed constant over the time interval. The
discrete prediction equations propagate the discrete state xk
using:

x̂−k+1 = φkx̂k+1

P−k+1 = φkPk+1φ
ᵀ
k + Q̂

(14)

where φ , eA∆t. The discrete form of the noise is assumed
to be continuous white noise with variance Q as follows:

Q̂ ,
∫ (k+1)∆t

k∆t

eAtQeA
ᵀtdt (15)

The integral can seldom be solved analytically, however a
simple approximation can be obtained by applying the Taylor
expansion. The solution gives:

Q̂ ≈ Q∆t+ 0.5AQ∆t2 + 0.5QAᵀ∆t2 (16)

The measurement updates of the filter use the
accelerometers to compensate the pitch and roll angles.
The static measurement covariance RNa is defined here as
zero-mean Gaussian noise. The standard deviation is computed



similarly to (11), by applying here the accelerometer random
walk noise coefficient N from Tables II or IV.

The accelerometers naturally measure the accelerations
exerted on the vehicle, which are considered perturbations
when it comes to the estimation of the gravity vector and
therefore the gravity model (see Fig. 6). Our filter estimates
the accelerometers residual in order to compensate for these
perturbations, as described in detail in [21]. This technique
brings better performance in dynamic environments and does
not interfere the filter design process described in this work.

VI. STANDALONE IMU EXPERIMENTAL RESULTS

The first experiment using the presented AHRS was per-
formed by manually moving the DETF-based IMU (i.e. not
onboard a vehicle) in a laboratory environment. A set of
infrared emitting and sensing cameras was used, which cov-
ered the testbed area and could track the reflective markers
attached to the IMU. These cameras are part of a ground truth
tracking system, which can deduce the position and orientation
of objects equipped with such markers. In order to evaluate the
added value of the Allan variance sensor characterization, three
filter instances are compared against the measured ground
truth. The three instances are identical to each other with the
only difference that one encompasses the results obtained by
the sensor characterization (see Section III) while the others
do not.

The IMU was freely moved during several minutes starting
from and finishing at static position. The algorithm imple-
mented works as follows: the AHRS estimates the initial
attitude by computing the gravity vector during the first few
seconds and calculates the relative orientation with respect
to the local horizontal plane. This process provides the best
heading estimation with respect to the Geographic North (i.e.
gyro-compassing [25]) at initialization time. Once the initial
attitude is estimated, the AHRS fuses the information from
the accelerometers and gyroscopes using the filter scheme
described in Section V. The filter then estimates the error
quaternion and inertial sensors bias in order to correct the
attitude quaternion as in (6).

The results, together with the ground truth reference, are
depicted in Fig. 7 using Euler angles. The three filter in-
stances employed the same system of equations except for
the uncertainty values. The instance labelled as filter w/ Allan
data used the results from Section III and is visualized in the
plot together with the 2σ confidence interval. For the filter w/i
Allan data we used incomplete sensor noise coefficients, as we
intentionally did not model the bias drift, which is actually
driven by the bias instability and rate random walk in our
model. Instead we only incorporated the random walk Nα. For
the filter w/o Allan data we applied some arbitrary uncertainty
values (i.e. σBα = 0.001 and σBα = σKα = 1 · 10−06).

When comparing the plots in Fig. 7, it is noticeable that
the estimation of pitch and roll angles is more accurate in
a dynamic regime when using the values from the Allan
variance analysis. This can be attributed to the precise sensor
bias estimation by the filter and is critical for INS in highly

(a) Roll angle results.

(b) Pitch angle results.

(c) Yaw angle results.

Fig. 7. AHRS experimental results using the DETF-based IMU on the manual
movement test.

dynamic environments. On the other hand, it is visible that
heading suffers from drift in all the filter instances, mainly
due to the fact that no other compensating mechanisms exist
in the IMUs (e.g. magnetometers). However, the drift is more
pronounced for the filter w/o Allan data, as it does not
include the noise coefficients deduced from the Allan variance
analysis. A noticeable drift also appears in the heading angle
of the filter w/i Allan data which is expected since the filter
does not estimate the bias evolution as in (12) and (13). The
Root Mean Square Error (RMSE) calculated by comparing the



TABLE VI
ATTITUDE ROOT MEAN SQUARE ERROR (RMSE) FOR THE STANDALONE

IMU EXPERIMENTAL RESULTS

Filter instance Roll [◦] Pitch [◦] Yaw [◦]
Filter w/ Allan data 0.2875 0.2951 1.7010
Filter w/i Allan data 0.3709 0.3148 5.1360
Filter w/o Allan data 1.2788 1.6265 23.9185

ground truth data versus the attitude estimated by the filter
instances is shown in Table VI. For all three angles the filter
w/ Allan data has lower RMSE.

VII. NAVIGATION EXPERIMENTAL RESULTS

The two characterized IMUs are part of the navigation
subsystems of two distinctly different robotic platforms (see
Fig. 1).

The DETF-based IMU is mounted on the ExoMars Test
Rover (ExoTeR), a laboratory rover prototype that resem-
bles in scale the ExoMars rover mobility configuration [32].
ExoTeR’s sensor suite also includes a stereo camera pair, a
Time of Flight (TOF) camera and the actuator encoders and
potentiometers. The FOG-based IMU operates onboard the
Dagon Autonomous Underwater Vehicle (AUV), which is also
equipped with a stereo camera system, a Doppler Velocity Log
(DVL), a mechanical scanning sonar and a pressure sensor.
The information from the DVL, the pressure sensor and the
IMU are fused to obtain a dead-reckoning pose [8], [33].

A. Planetary rover

The ExoTeR experiment was performed on a Mars-like
testbed in the Planetary Robotics Lab (PRL) of the European
Space Research and Technology Centre (ESTEC) - the largest
site of the European Space Agency (ESA). The testbed com-
prises a 9 × 9 m test area with different soil types and a set
of 12 Vicon cameras for the ground truth measurements [34].

For the experiment presented in Fig. 8, ExoTeR performed
a mapping and localization task while executing a eight-shape
trajectory of an ground track of approximately 25 m. The

Fig. 8. Trajectory path performed by ExoTeR in the ESA/ESTEC Planetary
Robotics Lab.

TABLE VII
ATTITUDE ROOT MEAN SQUARE ERROR (RMSE) FOR THE NAVIGATION

RESULTS

Filter instance Roll [◦] Pitch [◦] Yaw [◦]
ExoTeR AHRS w/ Allan data 0.4180 0.5954 4.0412
Dagon AHRS w/ Allan data - - 1.9083

attitude results of the AHRS, running onboard the rover, versus
the measured ground truth are depicted in Fig. 9. The plots
show the measured and computed Euler angles. The filter
performs quite well for the pitch and roll angles (0.5° RMSE)
while it is satisfactory for the yaw. The difference in the RMSE
of the pitch and roll between this and the standalone IMU
experiment (Fig. 7 and Table VI) can be attributed to the
difference in accuracy of the ground truth measurements. The
accuracy of the camera-based ground truth systems largely
depends on the number of cameras and the area covered. In
the case of the ESA PRL, due to the size of the testbed the
number of camera-per-m2 is lower than the laboratory where
the standalone IMU experiment was performed. Finally, the
sudden change in heading close to 4 min in Fig. 9c is due
to the mathematical representation of the depicted angle in
degrees between 180° and −180°.

B. Underwater robot

The Dagon AUV experiments were performed in the Mar-
itime Exploration Facility of the DFKI - Robotics Innovation
Centre (RIC) in Bremen. Dagon was set to autonomously
follow a square-like trajectory of 2×2 m, always facing to the
next way-point. The commanded squared trajectory is shown
with a line in Fig. 10. Starting from one of the corners of the
square the AUV performed one complete closed-trajectory in
one direction, then changed direction and followed the same
trajectory back to the starting point. This pattern was repeated
for a duration of one hour. An ArUco marker2 [35] at the
bottom of the underwater testbed was used by the AUV to
correct the error in position when passing by the marker. The
ground truth of the AUV was obtained by tracking the marker
attached to the AUV using a statically mounted camera on the
side of the basin. The coordinate frame of the detected marker
can be seen in Fig. 10, while Fig. 11 depicts the first and last
trajectory performed during the one-hour experiment.

The estimated heading angle is shown in Fig. 12. The AHRS
with the FOG-based gyroscopes estimated a reliable heading
without external correction. The RMSE error for this test
is also shown in Table VII. Compared to ExoTeR, Dagon’s
ARHS shows a lower heading RMSE which is due to the fact
that FOG-based gyroscopes have inherently lower drift with
respect to the DETF-based ones.

VIII. CONCLUSION AND DISCUSSION

Since its inception the Allan variance and its derived estima-
tors, like the Modified Allan variance, has been successfully

2ArUco: a minimal library for augmented reality applications based on
OpenCV.[Online]. Available: http://sourceforge.net/projects/aruco/



(a) Roll angle results.

(b) Pitch angle results.

(c) Yaw angle results.

Fig. 9. ExoTeR attitude results using the DETF-based IMU and the proposed
AHRS using the Allan variance to characterize the noise coefficient.

applied in a wide range of applications. The method has been
adopted by the inertial sensor community [13] due to its
simplicity and effectiveness, and several implementations are
available, such as the allanvar3 R-package used for this work.
The visual technique in log-log plots serves to analyze the
signal quality as well as the most dominant errors underlying
the signal. The mapping between the frequency and time
domain, expressed by (2), significantly helps to characterize

3[Online]. Available: http://cran.r-project.org/package=allanvar

Fig. 10. The AUV Dagon equipped with an ArUco marker [35] in the
maritime exploration facility of the DFKI Robotic Innovation Center (RIC).

Fig. 11. Dagon’s and ground-truth paths performing a square-like trajectory

the stochastic processes and their coefficients. This manuscript
presented an End-to-End approach for AHRS design using the
Allan variance methodology. The work focused on the design
aspects of a general AHRS in order to explain the necessary
steps to achieve improved performance, independently of
the sensor quality and target application. We presented the
process from characterizing the inertial sensor using the Allan
variance analysis until the AHRS design and the influence
of the noise model in the filter equations. The generality of
the approach was demonstrated by integrating two different
inertial measurement units, a DETF-based and a FOG-based
IMU, in the AHRS of two robotic platforms.

The design of AHRS are nowadays difficult to conceive
without the use of the Allan variance analysis, and most
manufacturers characterize their inertial sensors using this
method. Error coefficients are essential to properly quantify
the uncertainties in a Bayesian sensor fusion scheme. Though
relevant noise coefficients are usually available in sensor
datasheets, specifications are often ambiguous and sensor
aging effects can have a strong impact on the these coefficients.
Therefore it is advisable that additional characterization is
performed. Alternatively, someone could omit some of the



Fig. 12. Dagon’s AHRS and ground truth heading while performing a square
trajectory for one hour duration at the Maritime exploration hall.

described design steps by setting the measurement and process
errors higher than their theoretically correct values. This is
not a recommendable practice for the design of AHRS since
it results to non-optimal solutions, as it was experimentally
demonstrated in this work. Indeed, as shown in Table VI, using
the results of our Allan variance analysis in the AHRS design
resulted to an improvement in heading and to a faster response
for the pitch and roll angles. The faster response is due to the
fact that the analysis helped to set the right uncertainties and
as a result the accelerometers were rectifying the predictions
with high accuracy values. In the case of the heading, the
estimation of the bias kept the drift within the boundaries as
the accelerometer rectification was only applicable to the pitch
and the roll. Moreover the effect of inadequate sensor error
modeling can lead to partially masked measurement errors.
The approach to optimize the estimation within the limitation
of non-linear approximations is provided within this work. It
is worth highlighting the importance of this, as the AHRS is
a fundamental element of a mobile system’s overall sensor
fusion scheme.

The presented work is applied to high-grade inertial sen-
sors which each noise source is separated in frequency and
depicted clear noise curves. Low-cost inertial sensors might
have noises with complex spectral structures since several
random processes are superimposed. A solution was proposed
by Quinchia et al. in [36] based on non-linear fitting with
constraints. The work described a non-linear least squares
fitting on the log-log Allan variance. The integration of the
non-linear modeling in GPS/INS addresses a future applied
research in low-cost navigation.
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