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Summary

The contribution of this disseration is threefold. First, it provides insight into the
use of a certain type of nonlinear observers (NLO) for platform independent posi-
tion, velocity and attitude estimation, exemplified by an unmanned aerial vehicle
(UAV) and an anchor handling tug supply (AHTS) vessel. Second, it considers
methods for fault detection and isolation for various sensors: Accelerometers,
angular rate sensors, gyrocompasses and position reference systems. Third, it dis-
cusses application of the topics above in dynamic positioning systems. The NLOs
are based on the principle of reference and measurement vectors for attitude esti-
mation, and may or may not be aided by a separate translational motion observer
in feedback interconnection. The work is presented through the findings of six
separate chapters, each based on a single journal or conference article.

The first chapter considers global navigation satellite system (GNSS) and iner-
tial navigation system (INS) integration in general, presenting methods for loose
and tight integration, GNSS error models, and experimental results using a UAV.
The experimental results using NLOs are compared to a real time kinematic GNSS
solution, and they show unsurprisingly that a tightly coupled integration solution
is superior.

The second chapter covers the use of NLO-based INS on an AHTS vessel. The
first topic is attitude and heave estimation, where two distinct versions of the
aforementioned NLOs are compared to each other, and to an extended Kalman
filter (EKF)-based solution. Also, two MEMS-based inertial measurement units
(IMUs) from different manufacturers are used in the testing: the ADIS16485 and
the STIM300. The difference between the NLO versions is whether or not they are
aided by position measurements. The EKF represents the classic way of attitude
estimation in navigation, and the NLOs handle themselves well in comparison,
with the aided NLO coming out on top. No tangible variation is found between
the two IMUs for attitude estimation, while for heave estimation the ADIS16485
is preferable, owing to a better accelerometer. The second topic of the chapter is

vii



viii SUMMARY

dead reckoning, where the NLO-based INS has to calculate heading and position
without aiding in two separate tests. For heading the results are very promising
for the STIM300, drifting only one degree in the heading estimate after one hour.
For position, it is found that both MEMS IMUs cannot provide an adequate and
independent position estimate performance wise, while they might well be used
to increase navigation fault tolerance.

The third chapter deals with a redundant IMU configuration, presenting two
alternatives for combining IMUs together for performance and fault detection and
isolation (FDI). Alternative 1 is based on the classic parity space method, while
alternative 2 uses quaternion-based weighting. Considering performance, they
are basically equal, both improving upon the results from the previous chapter,
especially for heave estimation and dead reckoning. However, in a fault case for
an angular rate sensor in the IMU, alternative 2 is evidently the best solution.

The fourth and fifth chapter both investigate the same topic, namely FDI in the
sensors and systems aiding the NLOs. A selection of NLO variants are evaluated in
an FDI context, and it is revealed that in order to successfully detect position refer-
ence faults, the attitude estimation should preferably be completely independent
from the position measurements. A new attitude estimator with virtual aiding
is proposed. Algorithms for FDI are also presented, where one is found in the
literature and applied in a novel way to detect slow drifts. Faults in both position
reference systems and gyrocompasses are sufficiently dealt with. Note, on the
contrary to the previous chapters, these chapters encompass mainly simulation
results.

The sixth and final chapter based on an article, attempts to bring the newfound
knowledge of previous results together, to provide a novel approach of assembling
a dynamic positioning (DP) system. New sensor structures are considered, and a
case is made to revise today’s DP classification and testing, and move towards new
ideas in system- and risk-based thinking allowing integrated INS a place in DP.

The conclusion of the thesis is that using NLOs with MEMS IMUs has great
potential for navigation, in DP and otherwise. With the IMU’s small size and the
NLO’s low computational demands and model-less approach, the combination of
the two is truly platform independent. Using the methods described in this work
may improve the performance and fault tolerence of any navigation system.
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Introduction

Ever since mankind set its sight on the open seas, it has yearned to travel across and
discover new horizons. In the days of yonder, this was a perilous task, and many a
brave seaman’s life has been lost to the waves. Not only because of daunting storms,
but also as a result of not knowing the vessel’s actual position and path, wandering
into dangerous areas and striking hidden reefs. Untrustworthy, dubious or even
unavailable, by today’s standards, means of navigation meant that traveling by
sea was only for the bold and adventurous. As time passed however, more and
more equipment became available to the seafarers. Sextants and accurate clocks
made it possible to manually obtain, measure and calculate the position on Earth.
In addition, by estimating your heading and speed, and knowing from where
you came, you could calculate your current position in a process referred to as
dead reckoning. More recently, motion sensors, rotation sensors, computers and
electronic navigational aids have all but automated the navigation process.

The term navigation comes from the Latin words navis and agere, which trans-
lates to “ship” and “to drive”. In colloquial conversation, navigation today is used
broadly, meaning everything from moving around, finding one’s way in an un-
known environment, determining a vessel’s position, or even using a web browser
on the internet. However, navigation as a scientific modern field of study, usually
pertains to the ascertainment of position, velocity and orientation of some body
relative to a reference point, and is applied to all types of vehicles such as aircraft,
ship, submarines and cars.

In this work, inertial navigation systems (INS) using nonlinear observers lay
the foundations for a fault-tolerant and efficient way of determining position, ve-
locity and attitude (PVA), independent of vehicle platform, while the main focus
is on ships and dynamic positioning operations. Micro-electro-mechanical sys-
tems (MEMS)-based inertial sensors providing acceleration and angular rates are
employed. These sensors are typically mounted directly to the vehicle’s hull in
a strapdown way, providing independent estimates of the translational and ro-
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tational motion of the craft in using dead reckoning techniques. They are too
inaccurate to maintain position by themselves, and must therefore be assisted by
navigational aids providing a non-drifting position reference, the most prevalent
of which are the global navigation satellite systems (GNSS), and in particular the
Global Positioning System (GPS). GPS is the sole position reference system uti-
lized in the experimental setups of this dissertation. As of now, most MEMS IMUs
are also not accurate enough to provide a true-north heading reference without
the assistance of other sensors. For environments without magnetic disturbances,
built-in magnetometers in many IMUs will supply the INS with a heading refer-
ence, given the local magnetic field of your location. For ships, gyrocompasses
are the established sources for heading reference. Gyrocompasses may either be
mechanical with physical self-alignment to true north, or based on some other
principle like fiber optics, ring lasers or resonance.

Position and attitude correction of the INS is generally done with an estimator
or observer, and the extended Kalman Filter (EKF) is the time-honored method
which has been in use for five decades. More recently, nonlinear observers have
become more frequent, and they form the basis for the INSs presented in this
thesis.

1.1 Dynamic Positioning

A dynamically positioned (DP) vessel is, according to classification society DNV
GL (2013), “a vessel which automatically maintains its position and heading (fixed location
or predetermined track) exclusively by means of thruster force”. The goal of DP is to
keep the vessel stationary, or within an acceptable zone (see Fig. 1.1), and it makes
use of position references, vessel sensors, propellers and thrusters to achieve this
goal. A DP system consists of a power system, a thruster system and a DP-control
system, where the latter comprises (DNV GL, 2013):

1. dynamic positioning control computers
2. sensor system

3. display system

4. operator panels

5. positioning reference system

6. associated cabling and cable routing

Fig. 1.2 shows a typical DP vessel and its components. The topics of this thesis
cover points 1, 2 and 5, delving into the subject of navigation. In DP Classes
2 and 3, requirements dictate that the vessel must possess three independent
position reference (PosRef) systems and have triple redundancy in vessel sensors
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Figure 1.1: DP simplified concept.

(International Maritime Organization (1994); DNV GL (2013); American Bureau of
Shipping (2013)). At the open seas, common posref systems include

e taut wire

¢ hydro-acoustic systems

* global navigation satellite systems, such as GPS, GLONASS and Galileo
¢ laser and radar based systems

The main vessel sensors are gyrocompasses and vertical reference units, two types
of inertial sensors. The requirements in redundancy are there to improve safety
and obtain resilience in single-fault scenarios, but the requirement realization is
not without challenges. Sections 1.2 and 1.3 presents some basic material on some
of these position references and vessel sensors.
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Figure 1.2: A anchor handling tug supply DP vessel. Courtesy of Rolls-Royce
Marine AS.

1.2 Position References

INS can be aided by a number of sensors and position reference systems such
as radio-, radar- laser-, hydroacoustic- and satellite-based systems, see Fig 1.3.
The latter type has the benefit of world-wide coverage, and are known as Global
Navigation Satellite System (GNSS), the most famous of which is GPS. However,
these systems are exposed to both natural degradation and deliberate outages.
Natural degradation can be caused by signal distortion from reflection of nearby
objects, known as multipath, loss of signal due to sun storms or loss of line of sight
to the satellite. Deliberately outages can be because of signal jamming. The other
systems are often in the need of an external aid or reference. For the examples
given above we have clump weights and transponders on the sea bed (taut wire
and hydro-acoustic, respectively), and platforms or other vessels with mirrors
and/or various kinds of transmitters for laser, radio and radar. When the waters
are too deep, or operations carry the vessel away from the required equipment,
the position references cannot be applied, leaving us only with the GNSS and
possibly hydroacoustic option. Relying on more instances of one type of system
only can put the safety promised by the redundancy at risk due to common failure
modes. In an incident study (Chen and Moan, 2005) cited by Chen et al. (2008),
“six incidents are classified as drive-off, while five of these six incidents were initiated due
to erroneous position data from DGPSs”. Also , determining which position reference
is providing the most accurate position is difficult.

In addition to the questionable redundancy, there is the unavoidable question of
cost. More equipment means higher cost, and since adding more position reference
systems of the same type does not automatically enhance performance, the cost can
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GNSS

2
Taut-wire

Radar/laser

Hydroacoustic

(B)

Figure 1.3: Some position reference systems commonly used in DP, here displayed
on a semi-submersible.

be considered superfluous. In order to increase the quality of position references,
both in terms of performance and fault detection and isolation, especially for faults
that are not abrupt, an inertial measurement unit (IMU) can be applied. IMUs
typically measure linear accelerations and angular velocities. In this case, IMUs
can serve as a technically independent system, providing position information
through the integration of accelerometer data, and attitude through the angular
rate sensor.

1.3 Inertial Sensors

During loss of position reference, good dead reckoning capabilities is crucial for
the INS to provide accurate PVA estimates to the user, or to enable the INS’s
abilities to detect errors in the aiding sensors.
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Inertial sensors have been vital in the foundation for automatic control of ships
since the first operational gyrocompass was introduced by Anschutz in 1907, and
the ballistic compass by Sperry three years later. Since then, the gyrocompass
based on gimbal inertial sensor technology and physical self-alignment, has been
established as the main source of heading information on ships and free floaters.
Other types of gyrocompasses also exist, the primary ones being fiber optic gyro-
scopes (FOG), hemispherical resonant gyroscopes (HRG) and ring laser gyroscopes
(RLG) (Armenise et al., 2010) all being inertial navigation systems (INS) applied
to estimate heading. In contrast to the gyrocompass, a full INS applies tri-axial ac-
celerometer and angular rate measurements to estimate three-degree-of-freedom
position, velocity and attitude (PVA) via dead reckoning.

A type of inertial sensor receiving increasing amounts of attention, in both
academia and the industry, is based on MEMS technology. In present day MEMS
IMUs are integrated with software to provide the ship with motion sensing ca-
pabilities, in particular on ships equipped with a DP system, often referred to as
a vertical reference unit (VRU) (Ingram et al., 1996). They also go by the names
Vertical Reference Systems and Motion Reference Units. VRUs outputs roll, pitch
and sometimes heave estimates. Ballasting systems and lever arm compensation of
position reference system measurements on a ship are the main application areas
of the roll and pitch estimates as of today. Heave estimates are of interest in heave
compensation of cranes (Fig. 1.4) or drill floors during marine operation in waves,
in heave displacement control of high-speed surface effect ships and for on-board
decision support systems for e.g. weather monitoring. MEMS inertial sensors have
gone through a substantial development in the last decades, Barbour et al. (2011),
increasing their performance, and lowering costs for prospective INS producers.
An IMU measures linear accelerations and angular velocities. These measure-
ments are related to position and attitude through double and single integration,
respectively, in a dead reckoning fashion.

While IMUs are not in widespead use in the DP industry as of today, the idea of
using an IMU in conjunction with a position reference system is not new (Paturel,
2004; Berntsen, 2007; Vik and Fossen, 2001; Russell, 2012; Carter, 2011). The idea
of fully integrated INSs in DP was proposed in an industrial context almost 20
years ago (Vickery, 1999). However, most of the literature focus their efforts on
combining inertial sensors with a single posref system for performance reasons.
Carter (2011) proposed that INS should be applied with GNSS to improve the
performance of the DP system, and in Berntsen (2007) the main aspiration was
to filter a hydroacoustic system before being applied as a pure position reference
in the DP system. The notion of utilizing an IMU for improving redundancy has
been proposed (Blanke, 2005; Stephens et al., 2008; Carter, 2011; Russell, 2012), but
has had limited impact as of yet.

Many of the high-end integrated INS products for DP are subjected to export
restrictions, limiting the market potential and increasing the cost of installation due
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Figure 1.4: A ship with a crane. Courtesy of Rolls-Royce Marine AS.

to a possibly lengthy approval process before installation. Up to present time such
solutions have all applied high-end IMUs, with FOG- or RLG-based angular rate
sensors. MEMS-based IMUs are significantly less expensive and rarely subjected
to export restrictions, which in it self motivates the investigation of applying these
at the core of the onboard INS. This is also paving the way for low-cost or cost-
effective MEMS-based INS on a variety of ships from fishery vessels to bulk and
tank ships.

The low adoption of IMUs in DP so far could be due to the lack of sensors
with justifiable cost vs. performance ratio. Yet, with the advent of low-cost,
MEMS-based sensors with ever increasing performance, today’s and tomorrow’s
IMUs may enliven the industry’s enthusiasm, providing motivation for further
research on the topic. With promising performance for a low cost, MEMS IMUs
are on the way to become ubiquitous, finding themselves in a range of applications
including mobile phones, remote controlled toys, automobiles, UAVs, munitions
and human motion capturing equipment, basically anything that moves. However,
MEMS IMUs are not yet adequate for use in unaided INS, suffering from noise
and systematic errors such as biases and drifts.

1.4 Observers for Position Reference and INS Integration

INS corrections are usually performed using an estimator, where the extended
Kalman filter (EKF) has traditionally been the applied estimator, and it has been
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covered in the literature for at least five decades (Maybeck, 1979; Titterton and
Weston, 2004; Farrell, 2008; Grewal et al., 2013; Groves, 2013). Fig. 1.5 shows the
basic concept of an aided INS, where the navigation computer is where the EKF,
or other estimation methods, are implemented.

Figure 1.5: Aided INS structure.

From consumer grade to automotive and tactical grade, the advancement of
MEMS IMUs over the last three decades, and the sudden availability of low-cost
IMUs has motivated research on nonlinear attitude observers such as Salcudean
(1991); Vik and Fossen (2001); Mahony et al. (2008); Hua (2010); Hua et al. (2014,
2016); Grip et al. (2012a, 2013, 2015); Batista et al. (2011, 2012a,b). A good attitude
estimate is of great importance when integrating the IMUs acceleration output for
use in an observer for position and velocity. To obtain high quality estimates of the
attitude, one may employ the angular velocities from the IMU, together with vector
measurements in the inertial frame such as acceleration and compasses in a sensor
fusion scheme. Nonlinear observers (NLOs) for attitude estimation have also been
integrated with position and velocity sensors resulting in a complete INS providing
estimates of position, velocity and attitude. The work of Grip et al. (2012a), which
builds upon Mahony et al. (2008), includes position reference aiding, both for
position and velocity estimation and for aiding the attitude estimates themselves,
based on the theory of Grip et al. (2012b). Examples of such results are Grip et al.
(2013, 2015) where a three-degree-of-freedom position measurement is assumed
available. Furthermore, Bryne et al. (2014, 2015b) have tailored the result of Grip
et al. (2013) for marine surface navigation by replacing the need for a vertical
measurement, as navigation aid, from PosRefs (GNSS or hydroacoustics) with
a virtual vertical reference (VVR) measurement. Other examples of nonlinear
observers that includes the estimation of position and velocity are Morgado et al.
(2011); Batista et al. (2010, 2013, 2014), where the focus is mainly on underwater
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vehicles.

Using inertial sensors, one could provide heave estimates. Examples of heave
estimation based on such sensors, using both linear and nonlinear methods, are
presented in Godhavn (1998); Kiichler et al. (2011); Richter et al. (2014); Bryne
et al. (2014, 2015b). Godhavn (1998) and Richter et al. (2014) are based on linear
bandpass filtering, while Bryne et al. (2014) is applying NLOs to estimate heave.
In Bryne et al. (nd), a more sophisticated method evolving from Bryne et al. (2014)
is used, estimating wave motion parameters and employing these in the estimator.

The type of NLOs that will be employed in this work have, unlike the extended
Kalman filter (EKF), proven semiglobal exponential stability (Mahony et al., 2008;
Grip et al., 2013; Bryne et al., 2014). NLOs have the benefit of having explicit sta-
bility properties guaranteeing robustness. Similar stability properties are difficult
to obtain using standard attitude estimators based on the extended Kalman filter
(Farrell, 2008; Groves, 2013), the multiplicative extended Kalman filter (MEKF)
such as (Markley, 2003), the unscented Kalman filter (UKF) (Julier and Uhlmann,
2004) or the particle filter (PF) (Djuric et al., 2003), which are all based on approxi-
mate minimum variance filtering. Consequentially, we have some guarantees for
robustness and convergence regardless of initialization. Additionally, since we do
not need to propagate any Riccati equations as for the EKF, NLOs have the po-
tential for being less of a computational burden, which is very beneficial on small
platforms.

The developed literature covering EKF for integrated inertial navigation, (Tit-
terton and Weston, 2004; Farrell, 2008; Grewal et al., 2013; Groves, 2013), focuses
strongly on the modeling and estimation of systematic errors such as ionospheric
and tropospheric impact on satellite navigation accuracy, and bias and drift prop-
erties of inertial sensors. In contrast, NLOs typically make no explicit assumptions
on the attributes of such errors, except typically including “constant parameter”
augmentations to estimate the gyro biases, (Salcudean, 1991; Vik and Fossen, 2001;
Mahony et al., 2008; Hua, 2010; Batista et al., 2011, 2012¢; Grip et al., 2012a, 2013,
2015). However, it is clear that the deterministic modeling framework underlying
the NLOs could allow some frequency-dependent characterization of sensor errors
to be included. By doing so, the accuracy of INS aided by position reference is
potentially increased.

1.5 Fault Tolerance

Blanke et al. (2006) defines a fault in a dynamic system as “a deviation of the system
structure or the system parameters from the nominal system”. Faults may present
themselves in all sorts of manners and in all parts of a system, i.e. sensor loss or
malfunction, electrical shortage and actuator blockage. This work considers only
fault occuring in, or in connection to, sensors.
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According to Blanke et al. (2006), there are three diagnostic steps regarding
fault-tolerant control:

e Fault detection
e Fault isolation
¢ Fault identificaion and estimation

First, in fault detection, it is decided whether or not a fault has appeared, and if
so, the time of the fault. Second, fault isolation determines which component is
faulty or the location of the fault. Finally, actions may be take to identify the fault’s
magnitude and severity. Primarily, this work focuses on the first two steps, fault
detection and isolation (FDI), simply excluding the faulty component.

1.5.1 FDI in Sensors and Reference Systems

For FDI in inertial units, a method based on the generalized likelihood ratio test,
Willsky and Jones (1976), has prevailed for decades. The ratio is based on the
likelihood given that the data fits under one model (failure) or another (non-
failure). In the adaptation for inertial sensors, the classical discrete methods Daly
et al. (1979); Sturza (1988), and for the continuous case Medvedev (1995), employ
parity equations to generate residuals, upon which the FDI is based. The admitted
inaccuracies of MEMS IMUs prove to be a challenge when applying classical
methods for FDI on inertial sensors, Guerrier et al. (2012); Waegli et al. (2008), so
Guerrier et al. (2012) has proposed an improved method based on Mahalanobis
distance with promising results. FDI in INS using NLOs have up to this day
received limited attention, except for results such as Bryne et al. (2015a). However,
the focus has not been on IMU faults, but primarily rather on faults in aiding
Sensors.

The diagnostic steps of finding outliers, jumps and wild points in sensors is
relatively easy and well established, see e.g. (Gustafsson, 2012, Ch. 7.6). In Bryne
et al. (2015a), a triple redundant position reference system in tandem with an INS
based on NLOs was employed, and by using sensor weighting position reference
faults presenting themselves as outliers and drifts could be detected, isolated and
estimated. Zhao and Skjetne (2014) presents a method for fault detection and
diagnosis using particle filters, for faults occuring as bias, drifts and outliers.
Blanke (2005) discusses diagnosis and fault tolerence in station keeping, not only
for sensors, but the entire control system through graph-based analysis. In a
DP industrial context, Carter (2011) suggests using an INS to detect faults in the
navigation system. For tightly coupled integration strategies, other strategies may
be used, such as Receiver Autonomous Integrity Monitoring, known as RAIM,
presented in e.g. (Groves, 2013, Ch. 17.4).



1.6. OVERVIEW OF THE THESIS 11

1.6 Overview of the Thesis

1.6.1 Organization

The rest of the thesis’ chapters present work from different articles completed
during the PhD fellowship. The Chapter 3 covers GNSS/INS in general, with
experimental results from an unmanned aerial vehicle. The rest of the thesis
considers dynamic positioning vessels, where Chapters 4 and 5 use full-scale
experimental data collected on a DP vessel in the Norwegian sea during normal
operation. Chapters 6 and 7 are simulation studies on position and heading
reference fault detection and isolation, while Chapter 8 is an attempt to gather the
threads of the results of this thesis and joint work with fellow PhD student Torleiv
H. Bryne.

Papers included in thesis
The following papers are included in this thesis, in order of appearance:

* Bryne, T. H.,, Hansen, J. M., Rogne, R. H., Sokolova, N., Fossen, T. L., and
Johansen, T. A. (2017a). Nonlinear observers for integrated INS/GNSS navi-
gation — implementation aspects. IEEE Control Systems Magazine. To Appear.

* Rogne,R.H.,Bryne, T. H., Fossen, T. 1., and Johansen, T. A. (n.d.b). Strapdown
inertial navigation on ships using mems sensors and nonlinear observers.
IEEE Transactions On Control System Technology. Submitted for publication

* Rogne, R. H.,, Bryne, T. H., Fossen, T. L., and Johansen, T. A. (n.d.a). Redudant
MEMS-based inertial navigation using nonlinear observers. ASME Journal of
Dynamic Systems, Measurement and Control. Submitted for publication.

* Rogne, R. H., Johansen, T. A, and Fossen, T. I. (2015). On attitude observers
and inertial navigation for reference system fault detection and isolation
in dynamic positioning. In Proc. European Control Conference (ECC), Linz,
Austria.

* Rogne, R. H., Bryne, T. H., Johansen, T. A., and Fossen, T. L. (2016b). Fault de-
tection in lever-arm-compensated position reference systems based on non-
linear attitude observers and inertial measurements in dynamic positioning.
In Proc. of the American Control Conference, Boston, MA.

* Bryne, T. H, Rogne, R. H., Fossen, T. I., and Johansen, T. A. (2017b). In-
ertial Sensors for Risk-Based Redundancy in Dynamic Positioning, In Proc.
of the 36th International Conference on Ocean, Offshore & Arctic Engineering,
Trondheim, Norway. To Appear.
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1.6.2 Other papers

In addition, I have also authored or contributed to:

* Rogne, R. H,, Johansen, T. A., and Fossen, T. I. (2014). Observer and IMU-
based detection of faults in position reference systems and gyrocompasses
with dual redundancy in dynamic positioning. In Proc of the IEEE Conference
on Control Applications (CCA), Antibes, France.

* Bryne, T. H,, Rogne, R. H., Fossen, T. 1., and Johansen, T. A. (2016). Attitude
and heave estimation for ships using mems-based inertial measurements us-
ing MEMS-based inertial measurements. In Proc. of the 10th IFAC Conference
on Control Applications in Marine Systems, Trondheim, Norway.

* Rogne, R. H., Bryne, T. H,, Fossen, T. L., and Johansen, T. A. (2016a). MEMS-
based inertial navigation on dynamically positioned ships: Dead reckoning.
In Proc. of the 10th IFAC Conference on Control Applications in Marine Systems,
Trondheim, Norway.

* Bryne, T. H.,, Rogne, R. H., Fossen, T. I, and Johansen, T. A. (n.d.). A virtual
vertical reference concept for integrated inertial navigation at the sea surface.
Control Engineering Practice. Submitted for publication.

1.6.3 Contribution of the thesis

The main contribution of this thesis is threefold: Firstly, it presents experimental
and simulation results for a class of nonlinear PVA observers employing IMUs,
illustrating what performance can be achieved with these for two very different ve-
hicles. Secondly, it considers fault tolerance in light of these observers, presenting
novel ways to exploit them in order to increase robustness of the navigation system.
Thirdly, it discusses applications of the topics above in dynamic positioning.

Each of the Chapters 3 to 8, which are based on separate articles, have their
own distinct contributions.

Chapter 3 GNSS/INS Integration: This chapter considers the implementa-
tion of complete position, velocity and attitude (PVA) estimators using nonlinear
observers. First, a formulation of time-varying gains for estimating position, ve-
locity and some auxiliary states in a nonlinear observer is completed, on the basis
of a time-varying Riccati-equation. Then, we investigate GNSS error models for
dynamic noise characteristics. Also, discrete updates for multi-rate and asyn-
chronous measurements in estimation of position, velocity and attitude are taken
into account. Finally an experimental verification of methods using data collected
from a UAV flight mission is conducted.

Chapter 4 INS on Ships: This chapter’s contribution concerns full-scale ver-
ification of nonlinear observers for ships using MEMS IMUs. Comparisons are
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made against industry standard hardware and software for the estimation of atti-
tude and heave. In addition, a dead reckoning test is performed to study how the
unaided INS manages over time, both for position and heading in separate test.
A discussion regarding ship vibrations is undertaken, and the output of vibration
isolated IMUs are compared to non-isolated ones.

Chapter 5 Redundant INS: Here we build upon the previous chapter using
the same dataset, but utilize more IMUs in a redundant setup. Two alternative
strategies for combining inertial sensors are presented and compared, one based
on the classic parity space method and the other on quaternion averaging. The
same tests as in Chapter 4 are performed, and also some IMUs fault cases are
examined.

Chapter 6 Position and Heading Reference Fault Detection and Isolation:
The main contribution of this chapter is the comparison of three state-of-the-art
estimators, with focus on use in FDI. Two of the attitude observers are aided by
position reference, while the third is not. All observers are put in cascade with a
separate translational motion observer aided by GNSS that is used for detection
and isolation of faults in said system. The stability of the cascade is analyzed, and
simulations of two FDI cases on a ship are performed for position and heading
reference fault.

Chapter 7 Position Reference FDI with Lever-Arm Compensation: This chap-
ter has a twofold contribution: A three-stage observer for dynamic positioning
vessels, estimating position, velocity and attitude with proven stability properties,
taking into account lever arm compensation of position reference signals. A VRU
providing attitude and heave is inherent in the observer’s design. The second part
is the fault detection of position measurements with slowly emerging faults, using
established fault-diagnosis techniques and the observer structure posed.

Chapter 8 INS in Fault-Tolerant Dynamic Positioning: Based on the experi-
ences of previous work, we propose an alternative sensor configuration to the state
of the art of current DP class notations. Using MEMS IMUs in an INS, recommen-
dations are made to replace existing sensors such as wind sensors and dedicated
VRUs, while improving the fault detection capabilities of position reference sys-
tems in cases where only dual-redundancy can be achieved.






Notation, and some Kinematics

This chapter covers some of the notations and formulation used throughout this
work, and may be repeated in the separate chapters for convenience.

2.1 General Mathematical Notations

¢ The Euclidean vector norm and the induced matrix norm are denoted || - ||»
and || - ||, respectively.

* Gaussian white noise 7 with mean p and variance o2 is given as n ~ (i, 02).

* The scalar exponential function is denoted e(), while the matrix exponential
function is denoted e®).

¢ The n X n identity matrix is denoted I,,.

* A block diagonal matrix is given by M = blockdiag(M1,M>, ..., M) for
square matrices M;.

¢ The transpose of a vector or a matrix is denoted with (-)T.

* S(-) € 55(3) represents the skew symmetric matrix such that S(z1)z, =
z1 X zo for two vectors z1, zp € R3.

® z =(z1,z2;...;2,) denotes a vector of stacked column vectors z1, zo, ... z,.
* ® represents the Hamiltonian quaternion product.

e For a vector z € R3, we denote by z the quaternion with zero real part and
vector part z, thatis z = (0; z).

e The right Moore-Penrose pseudo inverse is denoted (-)*.
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¢ The sinc function is defined as

1 fora =0

sinc(a) ::{ in(@) ' (2.1)
=== otherwise,

for an angle a.

2.2 Attitude Representation

A general rotation matrix describing the rotation between two given frames {a}
and {b} and is denoted R’,j € SO(3). Euler angles and the unit quaternion are two
different ways of representing orientiation or attitude. The main purpose of the
former is illustrative purposes, for showing how the attitude evolves over time in
plots, given that is the most recognizable for a human. The unit quaternion on the
other hand is used in the estimation procedures.

2.21 Euler angles

The roll, pitch and yaw angles are denoted ¢, 0 and v, together with their angular
rates p, g and r in compliance with the SNAME (1950) notations. From Fossen
(2011, Ch. 2) and the references therein, the rotation matrix R may be expressed
with them in the following way:

cOcyp —chpsip +spsOcy  sPpsy +sOchcy
Ry =|cOsy copcy +sPsOsp  —sdpcy +cpsyPsO [ € SO(3), (2.2)
—s0 s¢pch cpcO

where s- :=sin(-), ¢- := cos(-).

2.2.2 Unit quaternion

In addition to Euler angles and the rotation matrix, the rotation between {a} and
{b} may be represented using the unit quaternion g% = (s, r7)T where s € R! is
the scalar part of the quaternion and r € R3 is the vector part. A unit quaternion’s
conjugate is defined as q* = (s, —r7)T. For the unit quaternion 4% € Q, we have
that

Q:={qlq7q=1,9=(s5,r")7}.

The rotation matrix R(g%) := R! can be obtained from the unit quaternion, g°
using
R(q%) = I3 +25S(r) +28%(r), (2.3)

Fossen (2011, Eq. 2.56) and the reference therein.
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Consequently, Euler angles may be obtained from 4" by relating these through
the rotation matrix

Ri1 Rz Ryz
R(g}) =R}(¢$,0,¢) =|Rn Ry Ros, 2.4

R31 Rz Rss

such that
¢ = arctan2(Rap, R33), (2.5)
_ : _ Rz o
0 = —arcsin(R3p) = —arctan —— | for 6 # £90 (2.6)
V1 - Rz

Y = arctan2(R31, Rq1). (2.7)

The unit quaternion rate of change, 47, may be expressed in numerous ways.
Different notations are used in this thesis, and they are all equivalent. One of them
takes the form of

4, = T(qp) @}, 28)

where

_1 - _1ls -3 o
Tq) = 2 (513 + S(r)) "2l s - |’ (2.9)

=712 r1 S

similar to Fossen (2011, Ch. 2.2.2). An alternative representation is

. 0
qZ = qu’ ® (“’Z ), (2.10)
a
and a third
qr=q,0 @}, .11

strongly resembling the previous.

2.3 Navigation Related Notations

In this work, coordinate frames are represented as {-}, where the - is exchanged
with some letter depending on the frame. All vectors representing a state of the
navigating vehicle is generally presented using the notation

z§ €R?, (2.12)

where a vector z, to frame {c}, relative {b}, decomposed in {a}. An overview
of variables used to describe position, velocity and attitude (PVA) is found in
Table. 2.1.
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Table 2.1: Navigation related notations

Type Notation
Position vector preR?
Linear velocity vector v}, € R3
Specific force vector fieR3
Angular velocity vector w3, € R3
Gravity vector gy eR?
Rotation matrix R} € SO(3)
Unit quaternion g €Q
Latitude pe [-n, ]
Longitude A€ [-m, ]

Height he R!




GNSS/INS Integration

This chapter is based on Bryne et al. (2017a).

3.1 Introduction

This chapter considers the NLOs of Grip et al. (2013) and Johansen and Fossen
(2015), which are based on complementary filtering for attitude estimation, Ma-
hony et al. (2008), in combination with a linear approach to design a translational
motion observer (TMO), Grip et al. (2012b), which in turn is used to estimate the
position, linear velocity and specific force. In applied usage, NLOs are immature,
in particular related to implementation aspects and handling imperfect measure-
ments with different errors, resolution and sample rates. In addition to present
implementation related aspects of the NLO, further re-design is addressed to an-
swer the research questions presented above. The basis for this work include linear
methods for exact discretization of the translational motion part of the observer,
error model augmentation, and the methods in Hua et al. (2014); Fossen (2011) for
discretization, tuning and multi-rate implementation of the attitude observer.

Since NLOs are commonly designed using nonlinear stability theory in con-
tinuous time, a challenge is how to best discretize the observer dynamics and
how to manage measurements that may have different sampling rates, may be
asynchronous, or delayed. For the complementary filter (Mahony et al., 2008),
applied to attitude estimation, some answers are given in Hua et al. (2014). For
the update of position and velocity estimates, the best practice appears to be use
of a corrector—predictor algorithm (Fossen, 2011, Ch. 11.3.4), similar to the prop-
agation update steps in a Kalman filter (KF), (Brown and Hwang, 2012, Ch. 4.2).
Similar ideas can be used to deal with delayed measurements, when the delay is
known, Hansen et al. (2015); Khosravian et al. (2014, 2015). Still, a systematic study
on discrete-time implementation has not been made in the context of NLOs.

19
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In the works of Salcudean (1991); Vik and Fossen (2001); Mahony et al. (2008);
Hua (2010); Batista et al. (2012c); Grip et al. (2012a, 2013, 2015), fixed observer
feedback gains are sufficient to achieve certain stability properties, which guar-
antee a high degree of robustness. A relevant question, also when comparing
NLOs to estimators such as the MEKF and minimum energy filters (Zamani et al.,
2013), whose global stability properties are difficult to guarantee, is whether a
fixed gain strategy incurs a loss of estimation accuracy in steady-state or transient
conditions. If so, an other question needs to be resolved; that is how nonlinear or
time-varying gains can be synthesized to achieve significantly better performance
of NLOs compared to applying a fixed-gain approach.

Based on the above, the main contributions of this chapter are:

¢ A linear time-varying (LTV) representation of the observer error dynamics is
exploited to formulate a time-varying Riccati equation to select time-varying
gains in the update of velocity and position estimates (as well as some aux-
iliary variable estimates).

e Strategies originally developed for the Kalman filter are exploited in han-
dling sequential single-measurement updates to accommodate multi-rate
and asynchronous measurements in estimation of position, velocity and at-
titude based on direct observer implementations.

* Inclusion of GNSS error models in order to take into account the dynamic
noise characteristic of GNSS observables.

* Experimental verification of the presented methods using data collected
during a unmanned aerial vehicle (UAV) test flight mission.

3.1.1 Organization

The chapter is organized by first presenting the necessary mathematical notations
and definitions. Then, the kinematic modeling, which the INSs are based upon,
and the respective inertial sensor models are presented. After that, an overview
of the nonlinear observer structures are presented before going into detail by
presenting the attitude observer. The presentation follows with the two TMOs,
estimating the position, linear velocity and specific forces. The TMO required for
the loosely coupled integration scheme is presented first, then the tightly coupled
GNSS/INS integration scheme is presented, both with the respective GNSS noise
and error models. The experimental verification of the presented methods and
algorithms concludes the chapter.

3.1.2 Application example

With new emerging technologies, the commercial market for unmanned aerial
vehicles (UAV) is growing rapidly. These types of aircraft perform a multitude of
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task, including surveillance, scientific measurements, environmental monitoring
and wildlife mapping, and inherently require an accurate, precise, lightweight and
small-size navigation solution. A photograph of a Penguin B fixed-wing UAV is
shown in Fig. 3.1, and its technical specifications are included in Table 3.1.

Figure 3.1: Penguin B unmanned aerial vehicle (UAV) in flight. Photo: Jakob M.
Hansen.

Table 3.1: Penguin B Unmanned Aerial Vehicle (UAV) Technical Specifications

Engine type: Gasoline
Wingspan: 3.3m
Length: 2.27m
MTOW: 21.5kg
Endurance: 5+ hours
Cruise speed: 28 m/s

Max level speed: 36 m/s

In flight, high resolution PVA and temporal information must be provided by
the navigation system for the UAV and its operator to safely and accurately control
the vehicle and georeference the payload sensor data in order to fulfill the mission
objective. At an altitude of 200 m, a 1° error in roll corresponds to approximately
3.5 m georeferencing error on the ground, and a 100 ms timing error results in
a 3m error at a speed of 30 m/s. Also, position information obtained from a



22 CHAPTER 3. GNSS/INS INTEGRATION

typical commercial grade GNSS receiver only provide position data at 1-5 Hz,
while the dynamics of the craft are much faster than that. Hence, even though
GNSS solutions are improving, there are still issues, prompting the employment of
integrated GNSS/INS to conduct UAV missions. Moreover, attitude information
is also not available using only one GNSS antenna, meaning that this has to be
estimated using integrated GNSS/INS. Fig. 3.2 presents the flight path of a UAV
test flight, conducted from Eggemoen, Norway.

In the setup used for experimental validation, the UAV is equipped with an
ADIS 16488 inertial measurement unit (IMU) measuring specific force, rotation
rate and magnetic field of the vehicle at 410 Hz. For more on IMUs, see sec-
tion “Inertial and magnetic measurements”. Additionally a u-Blox LEA-6T GNSS
receiver supplies computed position as well as pseudoranges at 5 Hz. The sen-
sors are synchronized using a microcontroller in order to accurately timestamp
the measurements. Engine induced vibrations are significant and can typically
be seen as a signal of magnitude close to 1 m/s? at 70 Hz on the accelerometer
measurements.
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Figure 3.2: Flight path. The flight path using a Penguin B Unmanned Aerial
Vehicle (UAV) is shown. Takeoff of the UAV is used as the origin. The flight path
is shown in blue, while the ground track is shown in gray.
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3.1.3 Notation and preliminaries

The Euclidean vector norm is denoted as || - ||,. The column vector (z1; z») describes
the vector z; stacked over the vector z,. The set 7 is a set containing the indices of
available measurements at time t = k - T where T indicates the sampling interval
and k is the time index. E[-] denotes statistical expectation, while the matrix
exponential function is denoted e”. The identity matrix of dimension 7 is denoted
I,,, and 0y, symbolizes a n X n matrix of zeros, or just 0 where the dimensions
are implicitly given by the context. To simplify the notation, usually the time
dependency is implicitly given.

A unit quaternion q = (s;;r;) with ||g]]2 = 1 consists of a real part s; € R
and a vector part r; € R3. For a vector x € R®, with transpose x7, we denote
by x the quaternion with zero real part and vector part x, that is x = (0;x). The
Hamiltonian quaternion product is given by ®, the vector cross product is denoted
X, and for a vector x € R? we define the skew-symmetric matrix

S(x) = X3 0 -x1 |,

with x = (x1; x2; x3). A block diagonal matrix M is indicated with
M = blockdiag (M1, M>, ..., M)

for some square matrices M1, M3, ..., M,. The Moore-Penrose pseudo inverse is
denoted t. The sinc function is defined as

1 fora =0

sinc(a) ::{ in(a) ' (3.1)
=2 otherwise,

for an angle a. Gaussian white noise 7 with mean p and variance o2 is given as
n(u,a?).

Superscript indexes are used to indicate the coordinate system in which a given
vector is decomposed, thus x| and xZC refers to the same vector x decomposed in
the coordinate systems indexed by {a} and {b}, respectively. The rotation between
these coordinate systems may be represented by a quaternion g°. The correspond-
ing rotation matrix is denoted R(4"%). The rate of rotation of the coordinate system
indexed by {b} with respect to {a}, decomposed in {c}, is denoted ("Zb'

In the following, {e} denotes the earth-centered, earth-fixed (ECEF) coordinate
system, {b} the vehicle BODY-fixed coordinate system, and {i} the earth-centered
inertial (ECI) coordinate system.

3.1.4 Discretization and measurements samples

For the discrete-time implementation, the discretization interval T and a discrete
time index k are utilized such that the continuous time variable ¢ is related to T
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and k with t = kT (for a constant T).

At a given index k all valid measurements at time f = kT are contained in the
measurements set 7, of measurements. If the i’th measurement is available and
valid, this is indicated by i € ;. The opposite case is denoted as i ¢ .

3.2 Modeling

3.2.1 Kinematic model

The rigid body kinematic model follows from Grip et al. (2013) and Britting (1971),

p?b = Vgps (3.2)
= =28(w;)vl, + fi, + &, (Poy), (3.3)

. 1 _ 1_

q‘; = Eqi@wih—iw;@q‘;, (3.4)

where p° S veb, f fb € R3are position, linear velocity and specific force in the ECEF
frame, respectively.

The attitude of the vehicle is represented by a unit quaternion g;. It represents
the rotation from BODY to ECEF, and w?b represents the rotation rate of BODY with
respect to ECI, while wfe = (0;0; w;.), where w;, represents the Earth’s rotation
rate, which is assumed to be constant. Equivalently, by representing the attitude
as a rotation matrix, (3.4) is realized as

R}, = R{S(wh,) — S(w’,)RS. (3.5)

The known vector g} (p¢,) denotes the plumb-bob gravity vector, which is a func-
tion of the vehicle’s position decomposed in the ECEF frame and is obtained with
a gravity model.

3.2.2 Inertial and magnetic measurements

The inertial sensor model is chosen based upon strapdown technology, that is an
IMU fixed to the BODY frame

fiwu = iy + “5 (36)
waMU = a) + bgym sﬁ,, (3.7)
b
boyro = sZ, (3.8)
where f? ’ =Rl ( -8, b)) with af, being the acceleration relative the Earth

measured by the IMU and where bgyrO denotes the gyro/angular rate bias. Ac-
celerometer drift and biases are assumed to be compensated for using offline and
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online calibration methods such as (Grip et al., 2012a, Sec. VI). Reference informa-
tion about the heading may be obtained using a magnetometer that measures

mfnag = mb+eb. (3.9

The variables ¢! represent measurement errors. Alternative sensors for provid-
ing heading information are compasses or GNSS-based heading obtained from
multiple receiver measurements and a known baseline between the receivers.

With the kinematic vehicle model together with inertial and magnetic measure-
ment models presented, the following section introduces the integration of GNSS
and inertial measurements.

3.3 Nonlinear Observer for Integrated GNSS/INS Navigation

3.3.1 Overview

The two most common GNSS/INS integration techniques are known in the naviga-
tion literature as loosely coupled and tightly coupled integration, and are described
below.

With loosely coupled integration the receiver’s measurements of position, and
sometimes velocity, are fused with the inertial measurements. When applying this
integration strategy, the GNSS position and velocity measurements are given as
Pinss = Pop +0p and vl g = 05, + 0, where 6. represents the errors and noise.
These are calculated by the receiver, in the ECEF frame, either with a Least Squares
estimator or by using an EKF (Groves, 2013, Ch. 9.4).

With a tightly coupled integration strategy, the raw GINSS observables, pseu-
dorange and Doppler range-rate, are utilized as aiding measurements by relating
these to the inertial measurements using (3.2)—(3.4). Here, the pseudorange and
range-rate measurements are denoted y; and v;, respectively, representing mea-
surements from the i-th satellite out of m satellites in view. These measurements
are determined based on the knowledge of satellite position and velocity, denoted
p.,, and vg, , calculated with the help of broadcasted satellite ephemeris.

An advantage of the loosely coupled approach is the ease of implementation
as the receiver takes care of all considerations about satellite constellation and in-
tegrity of the raw GINSS observables. On the other hand this also entails that only
complete solutions can be used, whereas the tight integration approach can use a
few raw GNSS observables that would be insufficient for a standalone solution. A
disadvantage of tightly coupled integration is that not all receivers grants access
to the raw GNSS observables, Groves (2013). Moreover, the implementation and
tuning of GNSS/INS integration is more straight forward with loosely coupled in-
tegration than with tightly coupled integration due to pseudorange measurements
with different elevation angles may have considerably different noise characteris-
tics. On the other hand, integrity monitoring is easier with tightly coupled inte-
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gration in the range domain compared to its counterpart in the position domain
since erroneous pseudorange measurements may be excluded while maintaining
GNSS aiding. If a GNSS fault in loosely coupled integration is detected, GNSS
aiding is lost until the fault has been remedied.

A schematic overview of the difference between the two integration strategies,
applying the same NLO for attitude determination, is shown in Fig. 3.3. Two
key features are obtained using the NLO in feedback interconnection with the
TMO as depicted in Fig. 3.3; The first feature is that the attitude is estimated
without linearization, in contrast to KF-based techniques, making the attitude
observer robust to initialization errors allowing for large initial attitude errors.
The second, is that the attitude observer is utilizing the estimated specific force in
the navigation frame provided by the TMO as reference vector when calculating
attitude corrections. The latter feature is particularly useful when the navigation
system is accelerated.
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Figure 3.3: Feedback-interconnected observer structures. An overview of the
two feedback-interconnected observer structures used for integration of global
navigation satellite systems (GNSS) and the inertial navigation system (INS) is
presented. Fig. 3.3a shows the loosely coupled INS/GNSS integration. With
loosely coupled integration there exists a standalone GNSS solution used as
aiding for estimation of position and velocity. Fig. 3.3b shows the tightly
coupled INS/GNSS integration. With this integration scheme, the position
and velocity solution is obtained using GNSS pseudorange and Doppler range-
rate measurements in combination with the inertial measurement unit (IMU)
readings. With both integration techniques, the nonlinear attitude observer
provides the translational motion observer (TMO) with the quaternion g7
and injection term &, while the TMO provides the attitude observer with the
estimate of the specific force f°.
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3.4 Attitude Observer

The proposed loosely and tightly coupled GNSS/INS integration schemes, are both
dependent on the nonlinear attitude observer. The latter is presented in detail in
this section, where discretization prior to implementation, also is discussed.

The attitude observer used is based on Mahony et al. (2008) and Grip et al.
(2012a, 2013), employing complementary filtering,

A 1, ~ b Zp =b 1_ N
q; = qu ® (“’IMU ~bgyro + Gib) - zf"fe ® 4, (3.10)
A X “ Ab
bgyro = PI'O] (_klafbr ||bgyr0||2 < ME) ’ (311)
&5, = k1 fivy X R(@5) Tsatw, (Fip)
+ kgt e X R(G5) T, (3.12)

where ¥ = (0;x), k1, k2, k1 are gains. k; is the gain of the gyro/angular rate bias
estimator, giving an integral effect in the NLO, whereas Proj(-) is a projection

< M@.

~b
operator ensuring that the gyro/angular rate bias is bounded, ||bgyro||2 <

See Grip et al. (2013) for details. The injection term 65’27 is utilized to correct the

attitude and compensate for the gyro bias in (3.10), by estimating it in (3.11),

with the goal of obtaining an estimate of wfb with (I)fb = waU - f)gym. The
injection 67, is based on comparing the measured vectors in the BODY frame, here
specific force and magnetic field from the accelerometer and the magnetometer,
respectively, with the corresponding reference vector in the ECEF frame, rotated
to the BODY frame using R(§;). If there are discrepancies between the two, the
nonlinear injection term 65-’17 acts as an angular velocity in (3.10) to compensate for
this error. The reference vectors in question are m? , being the Earth’s magnetic

field and assumed to be known, and the estimated specific force ffb Moreover,
saty, (+) is a saturation operator, such that specific force estimate remains bounded,

I1f f-z,”z < My. Asin Grip et al. (2013), fleh is obtained from the TMO, presented
later on, which offers an accurate estimate also when the vehicle is accelerated.
This is beneficial, compared to assuming that f7, ~ —g} (p;,), where the gravity
component g is obtained with a gravity model based on the estimated position
p.,, an assumption that holds only when the vehicle in question is not exposed to
acceleration for prolonged periods of time. More vector measurement/reference
pairs may be added to (3.12) depending on the application. A minimum of two
colinear vectors are required in order to guarantee convergence regardless of the
vehicle trajectories. The injection term 6f7b is calculated in a way that resembles
how the linearized attitude error enters the measurement matrix when using the
quaternion-based MEKF, Markley (2003), algorithm to estimate the attitude.
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3.4.1 Alternative implementation of the injection term and
continuous-time gain selection

There exist other alternatives than (3.12) to construct the vector measurement/reference
pairs. Normalized versions of mfnag, mS,, f ?MU and saty, (f ?h) canbe implemented
using

b b

»  Jfivu b Mmag
f= m’ =
- ”fIMUH “mmag“
~e

e

e _ Sath(fib) me = meb
- o Ime

||Sath(fib)|| eb

By doing so, the gains ki and k> can be viewed as cut-off frequencies of a comple-
mentary filter as described in Mahony et al. (2008); Hua et al. (2014) with the same
unit as the angular velocity waU in (3.12) since the vector pairs become dimen-
sionless. This means that for motion with frequencies above ki (rad/s), the rate
gyro is the primary sensor used for estimating the attitude in the directions excited
by the first reference vector, while for lower frequencies, the first reference vector
correction dominates. Similarly k, essentially determines the cut-off frequency for
use of low-frequency information from the second reference vector. Furthermore,
the construction of vector pairs may be additionally extended, inspired by the
TRIAD algorithm, Black (1964), by crossing the k-th vector pair with the previous
vector pair, making the vectors in each frame perpendicular to each other. Hence,
the new vectors 1 b 01! €, Qb and 26 take the form of,

b b b b b
v =f v = xm
ﬁezzﬁ’/ EEZZEXEC,
resulting in 6'?17 becoming,
6%, = k11" X R(§9)T01° + kova” X R(§5) 02, (3.13)

with the possibility to increase the attitude estimation performance compared to
using (3.12).

Alternatively, a linearization of the complementary attitude filter is provided
in (Hua et al., 2014, Eq. (37)), and may be used to develop an optimal gain selection
algorithm given the noise covariances.

3.4.2 Discretization of the attitude observer

The rate gyro measurements are integrated at a high rate f = 1/T, updating the
attitude estimates whenever a new angular rate measurement is available, as in
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Huaetal. (2014). If T is small enough to assume that @ (t) remains constant between
samples, the exact discretization of the kinematic equation (3.10), is obtained using

G [K] = e(FO@ID) o (-30(w))) ge [ 1], (3.14)
where
@[kl = wiylk] - Egyro[k =11+ 55, [K],
O _wT — 0 _a)T
o=y o) 2w0=(5 o)
T T
e (39@) = o (Ellwﬂz) I
T T
+ Esinc (Ellwllz) Q(w),
and

e(-30(@) = (cos (%llwllz)u
T T - -1
+ Esinc (Ella)llz) Q(w)) .

According to Hua et al. (2014), the expressions cos (-) and sinc (-) can, in practice,
be approximated for by their first- or second-order approximation or by using
a lookup table to increase the computational efficiency of (3.14). After (3.14) is
calculated, re-normalization of f]z is carried out to account for numerical round-
off errors,

- qylk]
kl = =0 3.15
Tl = g 19
The gyro bias estimate can be updated using exact integration of (3.11) as
b ~b .
bgyro[k] = bgyro[k - 1] - TkI Gl‘bb[k]/ (316)

where a projection algorithm, such as that of Grip et al. (2012a), is straightforward
to add. In this implementation, one or both terms in 6[k] is not included if there is
no valid vector measurement available at time index k. To ensure that the cut-off
frequency, chosen for each measurement vector, maps from continuous to discrete
time, 65’b[k] is implemented as

&0, [k] = &%, \[K] + &%, ,[K], (3.17)

such thatif i = 1 € i, then 61[k] is implemented by

A 6tacc A
&, [kl = —<h 1 k] x R(GE[k — 1) To1[K], (3.18)
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else &7, 1[k] = 03x1. If i =2 € I, then

0 tmag
T

else ‘A’f')h,z[k] = 03x1. Otfacc and Ofmag denote the time intervals since the previous
valid accelerometer and magnetometer measurements were available, respectively.
This ensures that gains and bandwidth of the respective vector measurements are
independent of sampling frequency and only decided by the continuous-time cut-
off frequencies k1 and ky. Typically, the specific force measurement is available at
the same rate as the rate gyro readings such that 6t,cc = T. In this case

&7, 1[k] = k1 01 [K] X R(§[k — 1) To1°[K],

O plk] = k2 02" [k] X R(@5[k = 1) T02°[K], (3.19)

if i = 1 € 7;. This implementation strategy assumes that a valid specific force
measurement is available when a new magnetometer measurement is available
due to the cross product of normalized vectors embedded in the implementation
of &7, ,[K].

The described implementation strategy, for nonlinear and potentially low-rate
injection terms is in compliance with the corrector-predictor scheme presented in
(Fossen, 2011, Ch. 11.3.4) and allows for k1, k» and k; to be time-varying.

With the attitude estimator defined, the following two sections present the loosely
and tightly coupled TMOs in detail.

3.5 Loosely Coupled Translation Motion Observer

The TMO presented first is used together with the attitude observer to perform
the loosely coupled GNSS/INS integration. In addition to the algorithm itself,
conditions for stability, and gain selection are presented. Discretization and im-
plementation considerations are also covered.
For loosely coupled GNSS/INS integration, the TMO is obtained from Grip
etal. (2013),
A A 0 A
Pey = o + 9Kpp (Panss — Pey)
+ Koy (Vinss — Py,
A PN ze A
gy = ~25(@;, )00, + fip + 83, (Pyy)
+ 92Kpo (Pinss — Poy) (3.21)
0 ~
+ 9K, (0GNss — Dep)s
& = =R(@;)8(57) fivy
+ ‘931{25(?’861\155 —Pep) (3.22)
+ 82K (V5ngs — 05y)s

Fan = R(5) fivu + &5 (3.23)

(3.20)
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The rotation matrix R(f;i) is obtained from the standard formula R(i]Z) =13+
28,8(rg) + 252(rq). The state éfb is an auxiliary parameter/state, necessary to
assist the estimation of the specific force f;,, motivated by the analysis in Grip
et al. (2012b) applied in Grip et al. (2013, 2015). This state couples the rotational
and translational motions, facilitating precise attitude estimation also when the
vehicle is accelerated. The feedback of ffb from the TMO to the attitude observer
requires stability analysis leading to some restrictions on the observer gains, that
are discussed next.

3.5.1 Stability conditions

The TMO for loosely coupled integration can now be written as a continuous-time
linear system,

A=A +Bu +D(t, &)+ K (y - C'&"), (3.24)
with the state, input and output, defined respectively as
1= (P 00 &1y
* b A b
u' = (frmur =S(63) fFimu)s
Y 1= (PGnss? Vanss)”
and with the matrices,

O3x3 I3 033
A" =033 03x3 I3 |,
03x3 03x3  03x3

03x3  03x3 03x1
B'=[R(q,) 0O3xs |, D*(t,&") =g} (Ps;,) —2(wi,)0, |,
033 R(q3) 03x1
C = I3 03x3 033
033 I3 033)’

0 0
Kpp  Kop SZKPOP Kvg
K = va Ky | = Sng SK‘%Z) ’
3 2
Ky Koo \9K0, 92K,

such that the system (A", B*, C*) is both controllable and observable.

For the nominal case when there are no sensor errors or noise, the uniform
semiglobal exponential stability (USGES) of the feedback interconnection of the
attitude and translational motion observers is established in Grip et al. (2013) under
the following conditions:

e The two attitude reference vectors are not colinear. This is satisfied if there
. e
exists a constant cobs > 0 such that [|m¢, X f,|l2 = cops OF [[01° X v2°[]2 >
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Cobs- Temporary violation of this assumption can be tolerated since the
attitude estimate can be updated using only the angular rate measurements
for shorter periods of time.

* Attitude observer parameters satisfy ki, ko > kp for some kp > 0 and k; > 0.

* The constant gains in the matrix

0 0
. Kgp Kgp
K" = va va ’
0 0
Kpé Kz:é

of the TMO can be chosen arbitrarily provided that the linear error dynamics
matrix A* — KYC" is Hurwitz, and 9 > 9*, where 8* > 1is sufficiently large,
Grip et al. (2013). The intuitions behind a large ¥ is that it implies that the
estimate of fe is dominated by the GNSS measurement such that the attitude
estimation errors do not lead to a large error in ffb, which could otherwise
destabilize the attitude observer.

The practical implication of the USGES stability properties is the robustness to arbi-
trarily large initialization errors in both position and attitude since no linearization
is needed in the nonlinear attitude estimator.

3.5.2 Continuous-time gain selection

The gain conditions of Grip et al. (2013), reviewed above, are of limited practical
use since they are general and sufficient (not always necessary) conditions where a
non-conservative bound $* may be difficult to find. Moreover, 9* also depends on
the attitude observer gains ki, ko, k;. In a practical approach to tuning, the gains
in the matrix Ko of the TMO may be tuned using a minimum-variance estimation
criterion by taking into account the influences of noises on its measurements. This
is done by choosing § = 1 and

Q" = blockdiag(Ss, Ss¢), R = blockdiag(S,, Sv),

as input and output noise covariance matrices, respectively. Regarding R, the
matrices S, and S, represent the covariance matrices of the position and velocity
measurement noise components ¢, and &, respectively. In practice the GNSS
position and velocity measurements are time-varying and correlated as the user
position estimates are used to determine the user-to-satellite line-of-sight (LOS)
vector in the velocity computation procedure. An alternative can then be to include
cross terms Sy, and Sy, such that

— SP SPU —
R_(Svp Sv)’ Spo = Sup-



34 CHAPTER 3. GNSS/INS INTEGRATION

The covariance matrices Sy and Ss¢ are obtained from the accelerometer’s mea-
surement noise by Sy = E[st}] and Ssf = E[S(&)st}ST(ﬁ)]. The latter term
goes to a steady-state value when the attitude estimates has converged.

A gain matrix that gives an approximately minimum variance estimate is given
by the Riccati equation solution P* = (P*)T > 0 motivated by the fact that the
TMO’s error dynamics are identical to the time-scaled error dynamics of the
Kalman-Bucy filter Kalman and Bucy (1961)

K’ =P (C")TR7}, (3.25)
1..
P = AP +P'(A")T + B'Q*(B")T
3 (A7) Q" (B") (3.26)
- P (CH)TR™'C'P".

One reason for (3.24)—(3.26) only being an approximate minimum variance
estimator is that 4} and 6 are correlated with f ?MU. Therefore the accelerometer’s
noise &7 and the accompanying covariance Sy are correlated with B*. The result
of (Johansen and Fossen, 2015, Lemma 6) shows that it is possible to choose 9
independently from P, using the time-varying Riccati equation (3.26) such that
the USGES stability properties posed in Grip et al. (2013) still hold when calculating
the gains with (3.25)-(3.26). However, choosing 9 > 1 is suboptimal with respect
to the minimum variance optimization problem the Kalman-Bucy filter solves. In
addition, the covariance matrix S;¢, associated with &, is not necessarily straight
forward to determine since S(6) is correlated with 5?. These terms are also further
correlated with R(ﬁi). As an alternative, ad hoc tuning of S5 ¢ can be considered.
By always choosing S;f larger than zero, the gains associated with the state &,
never become zero, guaranteeing stability.

The TMO realization presented above can be referred to as a direct filter or
total state implementation in the navigation literature, (Farrell, 2008, Ch. 7.4). In
practice, this means that the filter’s Riccati equation (3.26) is implemented at the
frequency of the IMU and that the aiding sensors are used to correct the INS when
available. As a result, for high integration frequencies, the computational burden
might be considerable. Therefore, more computationally efficient alternatives are
desirable, while still maintaining time-varying gains. This is possible to achieve
since the time-varying dynamics of (3.26) is slowly-varying.

3.5.3 Example

To study the effects of the gain synthesis suggested for the feedback-interconnected
observer above, inertial sensors and position measurements with white Gaussian
noise are simulated, and both fixed and time-varying gain schemes are applied
to the observers. This is a simplification, made for illustrative purposes, since in
general both position and inertial sensors provide measurements containing noise
with colored spectral content. The results are transformed to north-east-down
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(NED) coordinates. Conversion from ECEF to NED coordinates is performed by
first acquiring the estimated latitude fi and longitude [ from the position estimate
p¢, for instance in closed form with Vermeille (2004). This information is then used
to rotate the ECEF estimates to NED with the quaternion 4, = 4 u®4qp where § u=
(cos((ft +7/2)/2),0,sin((ft + 7/2)/2),0) and g, = (cos((/2),0,0,-sin({/2))".

The respective transient performance is shown in Figs. 3.4-3.6 implemented
with IMU noise characteristics &, ~ n(0,0.0025%) and ¢ r ~ n(, 0.05%) using
position as the only aiding TMO measurement. The GNSS noise characteristics
where realized using &, ~ (¢p,; €p,; €p,) With €, ~ 1(0,1.1%), &5, ~ 1(0,1.1%), and
epy ~n(0,(1.5-1 .1)?) such that the GNSS is less accurate in the vertical component
after converting to NED.

The fixed-gain synthesis is done with § = 1 and the algebraic Riccati equation,

A L PHOAMT 4 RO (R T
APtPfA)_:-?*Q(B) (3.27)

-P*(C")TR™C'P* =0.
For both observers, the TMOs were synthesized using Sy = 0.052 - I, S; =
0.5-0.05%-I3and S, = blockdiag(1.1-I,,1.65%), after converting from ECEF to NED
coordinates, with initial NED position and attitude error of fazb(O) = (10,-7,4)T
m and ¢(0) = 10, 6(0) =7, ¥(0) = —10 degrees, respectively. The attitude gains
where chosen as k1 = kp = 0.5, k; = 0.01. In the time-varying filter implementation
the initial covariance P(0) was chosen as P(0) = blockdiag(lO2 -I3,13,1I3). A
third case was also run with higher attitude gains k1 = k, = 20 during the first 100
seconds, together with the time-varying TMO solution. The transient performance
obtained is based on simulated sensors at rest.

The transient performance of the position, velocity and attitude errors is im-
proved using the time-varying Kalman filter to synthesize the TMO as seen in
Figs. 3.4-3.6. As indicated, in Fig. 3.6 by improving the TMO'’s estimates, im-
provements in the attitude convergence properties are also obtained. The fastest
attitude covariance properties are witnessed with both a time-varying TMO and
higher prescribed initial attitude gains as seen in Fig. 3.6. What also can be seen
from Figs. 3.4-3.5, is that the convergence properties of the position and velocity
estimates are not improved by time-varying attitude gains. It can also been seen in
Figs. 3.4-3.6 that the estimates have to fully converged at 100 seconds. This is due
to the gyro bias estimates have not yet fully converged to the true gyro biases.

3.5.4 Position space GNSS error models

The position and velocity measurements provided by the GNSS receiver’s least
squares estimator or EKF are subjected to time-varying errors inflicted by three
main effects; Satellite errors, signal propagation errors and receiver errors (Grewal
etal., 2013, Ch. 7).
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Figure 3.4: Position estimation error. The position errors obtained with the steady-
state Kalman gain are presented with dash lines. The position errors obtained with
the translational motion observer (TMO) applying a time-varying Kalman gain are
shown using dash-dot lines. The error in position obtained when both the TMO
and the attitude observer applied time-varying gains is shown using solid lines.
The results indicate that using a TMO with time-varying gains toghter with an
attitude observer prescribed with high initial gains accelerates the convergence of
the position estimates to the true position.

The GNSS position and velocity errors can be characterized by their spectral
contents. Using spectral factorization and a state-space realization of the resulting
filtered white noise processes for loosely coupled integration leads to an m-th
order linear error model on the form

z=Fz+Gn, 6 =Hz+ ¢, (3.28)

where 6 = (8,; 6,) € R° represents the position and velocity errors, and &y € RO
and n € R® are vectors with unity white noise where n ~ (0,1) and &5, ~ (0, 5},,).
Hence, the receiver outputs position and velocity estimates p(\ s = 5, + 0p and
Uings = Uop + 0o, respectively. The model (3.28), related to the GNSS position
measurements can be chosen to be a first-order Gauss-Markov process Rankin
(1994); Mohleji and Wang (2010). By defining z := (zp; z,), the dynamic GNSS
position error is represented by the system

zp =Fpzp + Gyny, 0, =Hpzp + &p, (3.29)

with F, = =T, 1, where T, is the correlation time constant. G, is chosen equal to
the appropriate standard deviation of the driving noise.
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Figure 3.5: Velocity estimation error. The velocity errors obtained with the steady-
state Kalman gain are presented with dash lines. The velocity errors obtained with
the translational motion observer (TMO) applying a time-varying Kalman gain are
shown using dash-dot lines. The error in velocity obtained when both the TMO
and the attitude observer applied time-varying gains is shown using solid lines.
The results indicate that using a TMO with time-varying gains, with or without an
attitude observer prescribed with high initial gains, accelerates the convergence of
the velocity estimates to the true velocity compared to the fixed-gain solution.

It is evident that even though the GNSS velocity measurements can be very
precise (RMS error of down to 0.1 m/s), these also contain some dynamic errors,
depending on satellite geometry and the resulting effects on measurement preci-
sion. Moreover, for the dynamic error of the GNSS velocity measurement can be
represented by

2y =Fyzy + Gyny,, 060, =Hyz, + &. (3.30)

By choosing F, = —T;l where T, is the assumed correlation time and G, cor-
responds to the standard deviation of the driving noise (3.30), the steady-state
covariance of the Gauss-Markov processes z, and z, become

1, _ 1 _
Pzp(oo):—EFpleG;, sz(oo):—EFlevG;, (3.31)

respectively for sufficiently long measurement periods since F, = F;, F, = Fj.
For higher-order models P, (o) is obtained by solving

F*PZ* +P FT + G*GI = lel, (332)

Zx K

where * is a placeholder for p or v and ! being the dimension of F,.
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Figure 3.6: Attitude estimation error. The attitude error is presented applying
Euler angles as attitude representation. The attitude errors obtained in feedback
interconnection with the translational motion observer (TMO) using a steady-
state Kalman gain are presented with dash lines. The attitude errors obtained in
connection with the TMO applying a time-varying Kalman gain are shown using
dash-dot lines. The attitude error obtained when both the TMO and the attitude
observer applied time-varying gains is shown using solid lines. The results indicate
that using a TMO with time-varying gains in feedback interconnection with an
attitude observer prescribed with high initial gains accelerates the convergence of
the attitude estimates to the true attitude.

3.5.5 Augmented TMO for loosely coupled integration including
GNSS error models

To account for colored GNSS measurement noise, the TMO is augmented with an
estimator of the noise dynamics

&= F2+ Kpz(pinss — Pl — Op)

. A (3.33)
+ KUZ(UGNSS — O 0v),
such that the augmented state vector becomes x = (x*; z) which is leads to
x =Ax+ Biu* + Byn + D, (3.34)

and the corresponding TMO

X = AX +Bju* +D(t,%) + K(y — C&), (3.35)
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where the augmented system is defined by

A= ( A 09“), c:(c*, H)

0m><9 F
_ B* _ 09/
Bl—(leﬁ)l BZ_(G)/
. D*(t, %)
B=(By B;|), D(,x)= ,
( 1 2) (t, %) ( Oy )

K*
<[}
and where B is used to calculate K = SLglKOE s from the augmented equivalent
of (3.25)—(3.26), that is

K°=PCTR, (3.36)
lP =AP + PAT + BQBT
9 (3.37)
—-PCTR'CP,
with
= blockdi L L L
Ls = OoC 1ag (13, 513, §I3/Ilp/§llv)/ (3.38)
Eo = CLoC". (3.39)

Moreover, | is the degrees of freedom of the Gauss-Markov process and the di-
mension of G relating the driving noise n to the augmented state z. [, and I,
are the respective dimensions of the GNSS position and velocity error models. If
only the position measurement is corrupted by colored noise, ! := 3 resulting in
Ls = blockdiag <I3, 1/9 -15,1/9? '13,1153. However, if this is also applicable for
the velocity measurement, / := 6 with the spectral factorization chosen above. The
pair (A, C) can be shown to always be observable for any T,, T, > 0 when the
chosen spectral factorization results in a first-order Gauss-Markov process since

rank(0) =9 + 1, (3.40)

where
0 = (C;Ca;...;cA% ), (3.41)

hence satisfying Kalman’s rank condition of observability of linear time-invariant
systems, Kalman and Bucy (1961). With this state-space augmentation, and by
defining Q = blockdiag (Q", I;), the TMO is realized using (3.35) where the gain
can be obtained using (3.36)—(3.37).
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3.5.6 Example continued: Effects of colored GNSS noise

GNSS position and velocity measurements contain colored noise components.To
illustrate the effect of the colored noise on the GNSS/INS integration perfor-
mance, induced by (3.28), a GNSS receiver is simulated, at high latitude, where
the measurement is given in the NED frame, piqq = P}, + 2p + & and v g =
v;‘b + zy + &, and the model parameters are chosen as F = blockdiag(F, F,) and
G = blockdiag(G,, G,) with

F,=-1/T, - I3,F, = =1/T, - I5,
G, = diag(1.2,0.7,2),
G, = diag(1,1,2).

The time constant of the position error was chosen to be T, = 1100 s as in Rankin
(1994), (Beard and McLain, 2012, Ch 7.5), while the time constant for the velocity
was chosen as T, = 2 s. The latter was chosen based on the assumption that the
GNSS velocity measurements, obtained from the receiver, primarily are based on
the Doppler range-rate measurements. The time constant related to these can be
much smaller than for the noise embedded in the C/A code-based pseudoranges.
This is due to the GNSS carrier phase and code observables being affected dif-
ferently by various error sources. Furthermore, with this choice of G, it is taken
into account that the horizontal measurements are more accurate than the ver-
tical counterparts and that the eastern measurements are more precise than the
northern at higher latitudes using GPS. The chosen noise and bias parameters re-
lated to the simulated inertial sensors are equal to those presented in the previous
simulation example.

The motion simulated is of a small UAV flying in a circular motion with a speed
25 m/s and with a constant altitude of 150 meters over ground. The UAV is flying
with a constant yaw rate with a roll angle and pitch angles of ¢ = -3 and 0 = 2
degrees, respectively. The north-east motion in shown in Fig. 3.7.

Case 1: Only GNSS Position measurement available: This first case is simulated with
only position measurements available.

Figs. 3.8-3.9 show the position estimation error and performance of the GNSS
colored noise estimation. It is obvious that even though rank (O) = 12, such
that the pair (A, C) is observable, the GNSS transient error is not captured by the
model augmentation. Due to the stochastic properties, in this case, the system
(A, C) is only weakly observable as indicated by the estimation error covariance P.
Fig. 3.10, based on the stationary estimation error covariance P(c0) shows the error
ellipsis, with 95% confidence interval, illustrating that the states associated with
the colored GNSS noise are highly correlated with the position error. Hence, it can
be expected that the position covariance is close to that of (3.31), the Gauss-Markov
process describing the colored noise.
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Figure 3.7: Overview of the simulated horizontal unmanned aerial vehicle (UAV)
motion. The motion simulated is a circle with radius of 10 000 meters, where the
initial heading of the UAV was zero. The chosen simulated UAV speed was 25
m/s. The blue circle indicates the UAV motion, while the red arrows depicts the
heading of the UAV at fixed intervals.

Case 2: GNSS position measurements together and a velocity measurement with white
noise: In this case, unrealistic GNSS velocity measurements are added, containing
the true velocity and only corrupted with white noise for illustrative purposes.

Figs. 3.11-3.12 show the position estimation error and performance of the GNSS
colored noise estimation error when the velocity measurements, only corrupted
with white noise, are added as an aiding measurements in the TMO. The de-
terministic observability properties are still the same with rank 12, however the
performance has increased significantly. Hence, now the TMO is able to track the
colored GNSS position error to a large extent. This is reflected in Fig. 3.11 where
the position estimation error is reduced compared to the performance shown in
Fig. 3.8.

Case 3: GNSS position and velocity measurements containing colored noise: In this last
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Figure 3.8: Case 1, position estimation error. The position estimation error ob-

tained in simulation when applying global navigation satellite systems (GNSS)
position measurements containing colored noise.
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Figure 3.9: Case 1, global navigation satellite systems (GNSS) error state estimates.
The true GNSS error states (colored noise) are shown in blue, red and yellow,
respectively. The corresponding respective estimates are presented in purple,
green and light blue. It can be seen that the translational motion observer fails in
estimating the colored GNSS correctly.
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Figure 3.10: Case 1, error ellipsis of the north position estimation error and the cor-
responding colored noise estimate of the position measurement. The error ellipsis
presented shows that the position estimation error and the colored GNSS noise
estimation error are significantly correlated. This indicate that the translational
motion observer struggles to separate the colored noise from the true position.
Similar ellipsis are also obtainable for the East and Down axes.

case, a more realistic GNSS velocity measurement is used, having some dynamic
error such that UZ}NSS = vz T %ot &y, as described earlier, where z, is generated as
a Gauss-Markov process with time constant T, = 2. Related to case 2 only minor
differences are seen considering Figs. 3.13-3.14 compared to Figs. 3.11-3.12. The
augmented observer structure of (3.35) is able to utilize the velocity measurements
with colored noise, hence improving the position accuracy compared to Case 1 and
Figs.3.8-3.9. Even though the absolute position error is reduced compared to Case
1, the covariance of the estimation error still indicates the same problem; the TMO
may still struggle to distinguish the colored noise of the position measurements
from the true position as seen in Fig. 3.15 showing the error ellipsis of P(c0), where
the cross correlation between the pz , and Z,, still is significant, however reduced
compared to case 1 where only the position measurements were used.

Discussion:

The reason why the augmented observer, applying loosely coupled GNSS/INS
integration, (3.35), struggles to separate the true position from the slowly-varying
colored GNSS noise is the relatively high noise in the IMUs accelerometers. Since
the rotated accelerometer noise is integrated twice in the TMO, the TMO gains are
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Figure 3.11: Case 2, position estimation error. The position estimation error
obtained in simulation when applying global navigation satellite systems (GNSS)
position measurements containing colored noise together with GNSS velocity mea-
surements containing white noise. The estimation accuracy is better with velocity
measurements corrupted by white noise compared to solely applying position
measurements.

synthesized, using (3.36)—(3.37), such that the uncertainty in the position estimate
is minimized and by that stabilizing the observer. Hence, the gains, in practice,
become so large that the position estimate in the observer tracks the slowly-varying
colored GNSS noise. To illustrate this, a Bode diagram, related to the northern
position estimation error and the GNSS errors from Case 1 is shown in Fig. 3.16.

The transfer functions shown, are the IMU noise S;Z rotated to the NED frame,

to the position estimation error PZb = ph, — P, the transfer function from the
GNSS measurement error 6, = Hyz, + €, to the position estimation error, and the
transfer function from the input of the GNSS colored noise model n,, to the output
of the model z,. These are denoted

P hinss), (3.42)

&
f

hins(s) = C (sl — (A* = K*CH) ' B, (3.43)
and

p_

6_ = hPosErr(S)r (3-44)
p

hposere(s) = C (sI3 — (A" = K*C*)) ' K*C", (3.45)
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Figure 3.12: Case 2, global navigation satellite systems (GNSS) error state estimates.
The true GNSS error states (colored noise), associated with position, are shown
in blue, red and yellow, respectively. The corresponding respective estimates are
presented in purple, green and light blue. It can be seen that the translational
motion observer estimates the colored GNSS error more accurate after the velocity
measurements were introduced.

where C = (I3, 0343, 03x3) and

z

2 = hents), (3.46)
np
hen(s) = I (513 - (Fp))71 Gy, (3.47)

respectively. Itis evident from Fig. 3.16 that the INS has higher bandwidth than the
GNSS colored noise. This is due to the gains synthesis obtained from (3.36)—(3.37)
is emphasizing the correction of the position estimate significantly more than the
update of corresponding GNSS error state. As a result, the estimated position
tracks the colored noise contained in the GNSS position measurements regardless
of the model augmentation.

The results from Case 3 indicate that velocity measurements are beneficial to
improve the position estimation accuracy, using loosely coupled GNSS/INS inte-
gration. However, the parameters representing the colored noise characteristics
are time-varying and difficult to know in general. These are highly receiver de-
pendent, and dependent on the user’s location on Earth with respect to satellite
geometry, elevation of the satellites, the ionosphere, and whether the Doppler ob-
servables are utilized in the GNSS’s receiver estimator. In particular, knowledge
on how the velocity measurements are calculated is difficult to know using off-the
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Figure 3.13: Case 3, position estimation error. The position estimation error ob-
tained in simulation when applying global navigation satellite systems (GNSS)
position and velocity measurements containing colored noise. The estimation ac-
curacy is better with velocity measurements compared to solely applying position
measurements, however, still worse than applying a velocity measurement only
corrupted by white noise.

shelf equipment. Typically, the current position estimate is used in the velocity
estimation process to determine user-to-satellite LOS vectors or to estimate the
receiver’s velocity without the Doppler measurement, yielding that the position
information is being accounted for twice in the GNSS/INS observer. Knowing the
cross correlation between the position and velocity measurements are of utmost
importance in such situations. If not known, using only the position measurements
may be advised.

3.5.7 Discretization of TMO

The main principle for the discrete-time implementation is to approximate the
continuous time behavior despite the finite data rate. It implies that the estimates
are only updated when the output measurements contained in the injection terms
arevalid, and otherwise integrate the model using measured inputs at their highest
available update rate. Measurement updates can be processed sequentially by a KF,
assuming the measurements are uncorrelated such that the R matrix is diagonal,
with benefits for processing structure and complexity (Groves, 2013; Farrell, 2008).
Due to the close relationship between (3.36)-(3.37) and the KF, a similar strategy
can be applied also for NLOs. The TMO (3.35) is straightforward to discretize due
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Figure 3.14: Case 3, global navigation satellite systems (GNSS) error state esti-
mates. The true GNSS error states (colored noise), associated with position, are
shown in blue, red and yellow, respectively. The corresponding respective es-
timates are presented in purple, green and light blue. It can be seen that the
translational motion observer estimates the colored GNSS error more accurate
with velocity measurements than without, however, not as accurate as when the
velocity measurements only were corrupted with white noise.

to its linearity and the simple A-matrix, allowing for exact discretization of the
unforced dynamics. In particular, the one-step ahead predicted state, x~ can be
computed by

x [k +1] = eATx"[k]

(k+1)T
+f eA((k“)T_T)Bl(T)u*(T) dt
kT

(k+1)T
+f eA((k+1)T_T)D(T)dT,
kT

(3.48)

from the estimate x*[k], where

Is; TIs %213 03x1

Ay = eAT = O3x3 Is TIz 03y (3.49)
033 O3x3 Iz 03y
03 Oix3 053 eft

based on the model parameters of (3.35). Assuming the specific force input,
the rotation matrix and the gravity vector are constant between the sampling
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Figure 3.15: Case 3, error ellipsis of the north position and velocity estimation
error and the corresponding colored noise estimate of the position and velocity
measurement. The error ellipsis associated with position is shown in blue, while
error ellipsis associated the velocity is shown red. The error position ellipsis shows
that the position estimation error and the colored global navigation satellite system
noise estimation error still are significantly correlated, however, the correlation
is significantly reduced by introducing the velocity measurement. Regarding
the velocity estimation error and the velocity colored noise, the correlation is
significantly smaller the compared to the position equivalent.

intervals, fh(t) = fhlkl, R(H) = R(gSIK]) and g°(p°(1) = g°(p°[K]), for
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Figure 3.16: Bode plot. Three bode plots are shown; the transfer function from the
GNSS measurements error to the position measurement error is shown in blue,
the transfer function from the IMU noise to the position estimation error is shown
in red and the transfer function from the driving noise of the global navigation
satellite system (GNSS) error model to the colored GNSS position noise model
output is shown in yellow. From the three frequency responses, the conclusion
is that the bandwidth of the navigation system is higher than the slowly-varying
colored noise component embedded in the GNSS position measurements. Due to
this, the observer struggles to estimate the GNSS’s colored noise correctly.
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t € [kT, (k + 1)T), the definitions follows from (3.48)

TR@; kD %R(gg[k])

B, [k = | TR@KD  SR(@G;KD

B : 03x3 TR(@'ZUC])
01x3 (1]

09><l
Baalk] = (P‘1 (eFT - Il) G)'
Bu[k] = (Baalk] Baalkl),
(g2 (PIKT) — 25 (S, )0, [K])

Dyl = | TP 250 1K)

0ix3

7

Then, the state estimate can be recursively propagated by iterating through the
time update

x” [k +1] = Aglklx™[k] + Ba[k]u'[k] + Dalk],
P [k +1] = A4[kIP"[k]A [ [k] + B4[k1Q,[k]B][K],

many times as necessary. Q, can be approximated as Q,; = Q - T. Alternatively,
the term By[k]Q,[k]B ; [k] can be replaced with Q ; calculated by using van Loan’s
method (Brown and Hwang, 2012, p. 126), from van Loan (1978).

If all measurements in the vector y[k] were available at time index k, a gain
matrix K,[k] can be calculated in the same way as the discrete-time KF, Farrell
(2008); Groves (2013)

Kalk] = P7[KICT[K] (CIKIP™[KICT[K] + R[KD) ",
and the updated estimate could be obtained as

&7kl = x7[k] + Kqalk] (ylk] - Clk]x"[k]) ,
P7[k] = (Io+; — Ka[k]C[Kk])P~[K].
If measurements with indices in the set J; are available at time index k, they can
be proceed sequentially as follows, Farrell (2008); Groves (2013). First, use the
propagated estimate and covariance,
2Y[k] « x7[k],
P [k] « PT[K],
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as the starting point for the update loop. Then, for each i € I, where J; is set of
aiding measurements available at time ¢t = kT in time, loop through the updates

Ka,lk] — PYIKIC]IK]/(CilKIPIKICK]™ + Railk]),
£ 1K1 e 21K] + Ky ilK] (,1K] - CIIKIZTIKD) ,
P*[k] (Lo — Ka [KICIKDP* K],

where C; is the i-th row of the matrix C, and R;; is the i-th diagonal element
of the matrix R. As a result, such implementation yields a corrector-predictor
effect where the measurement update is bypassed for all i ¢ 7; corresponding to
Kg,i[k] = 0. A practical consequence is that the elements of the covariance P[k]
associated with i ¢ i, at a given point in time k, increases due to the positive
definite process noise covariance matrix Q,[k] in the time update. Furthermore,
for low-frequency measurement updates, the resulting effect is that these are
emphasized more at each measurement correction, when available, than high
rate measurements. In comparison, the corrector-predictor algorithm of (Fossen,
2011, Ch. 11.3.4), for fixed-gain observers, is realized with an explicit time-scale
separation where the gain associated with the low-rate measurement i is multiplied
with the rate ratio, of the observer relative the aiding sensor, similar to that done
in the presentation of the attitude observer discretization.

3.5.8 Time delay

If the measurements, typically GNSS and /or magnetometer, Hansen et al. (2015),
used in the NLO experiences a significant time delay, the resetting of the INS
state may be a delayed state estimate at the time with index k — j corresponding
to the time of validity of the measurement delayed with j samples relative to
current time. In this case the INS also contains a “fast-forward” function to rapidly
compute the current state estimate based on intermediate IMU measurements.
Efficient implementation methods are given in Khosravian et al. (2014, 2015) for
such problems.

3.6 Tightly Coupled Translational Motion Observer

This section introduces the TMO for tightly coupled GNSS/INS integration in
detail. The main difference between the loosely and tightly coupled integration is
that the aiding sensor information from GNSS changes from the position domain
to range domain.

An observer for tightly coupled GNSS/INS integration was presented by Jo-
hansen and Fossen (2015) where an altered version of the TMO for the loosely
coupled observer, (3.20)—(3.23), was introduced. In Johansen and Fossen (2015),
the TMO was integrated with the same attitude observer as presented eatlier.
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Tightly coupled integration utilize the raw GNSS observables, range and range-
rate (Doppler) measurements, to alter the TMO injection terms from the position
domain to the range domain. The range measurements y; can either be pseudor-
anges, obtained with C/A or other code-phase techniques, or with carrier-phase
based ranges, where the subscript i indicate measurements from the ith satellite.
The range-rate measurement is the Doppler frequency v; here measured in meters
per second.

Figure 3.17: Concept illustration of the ranging done in global navigation satellite
systems (GNSS). The receiver position is denoted p,, while the satellite positions
are denoted p¢ by where i € [1,...,m]. The position of the GNSS receiver may
be located anywhere along the circles with radius y; and origin p;, . Because of
this, the (pseudo)ranges y; relate to position of the receiver p® nonlinearly. The
figure is a simplification. With pseudoranges y; = ¢; + , where ¢; = |lp;, — p;, Il2
are the geometric distances between the receiver and the satellites and § being the
receiver’s clock error multiplied with the speed of light, the nonlinearities become
hyperbolic for > 0, not circular as indicated.

The range and range-rate measurements are subject to disturbances and errors
represented by, for instance, the clock range error
beta between the atomic satellite clocks and the less accurate receiver clock. Even
a small error in timing can have a large impact as it is multiplied with the speed
of light. It is therefore vital that § is estimated in the observer. Other disturbances
on the satellite measurements include ionospheric and tropospheric disturbances
which delay the signals due to obstructions in the signal path. Such disturbances
can be opposed by a dual frequency receiver where a ionospheric-free linear com-
bination of the two frequency measurements (for instance GPS L1 and L2) can be
formed. The drawbacks of this approach is the higher cost of receiver and an-
tenna and the increase in noise on the linear combination due to amplification of
multipath and receiver noise. Another approach is to utilize a dual receiver con-
figuration where the satellite measurements are differenced with measurements
at a known location close by, thereby cancelling the delays. In Hansen et al. (2016)
observers using single- and double-differenced measurements are proposed using
an observer structure similar to the one presented here.
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Assuming measurements from at least four satellites (m > 4) are available, the
TMO takes the form of

poy =00, + y (K ey + Keys), (3.50)
i=1
b0, = =28(w$,)0%, + Fiy + 85 (DL
+ i (K?”ey,i + K}”’ev,i) , (3:51)
i=1
&y = —R(G5)S(6Y) finu
£Y (Ko 4 KiVey), 52
i=1
Fiy = R@O fo + &5 (3.53)
p= i (Key,i + Kl7e,) . (3.54)
i=1

The observer structure of (3.50)—(3.54) is similar to the loosely coupled equivalent
(3.20)—(3.23), however it has different injection terms and it includes estimation
of the clock error parameter  accounting for synchronization errors between the
satellites” and receiver clocks. The clock bias error is the reason why at least four,
and not three, satellites are required to calculate the three position coordinates
from the pseudoranges. The error is expressed as a time-varying range: § := cA,,
where c is the speed of light and A, is the clock error. However, due to the injection
signals ey,i €y,i some colored noise is going to be embedded in § over time. As
indicated by (3.54), B is assumed constant in the deterministic observer design;
ﬁ = 0. Incorporating this with a minimum variance optimization criterion, similar
to (3.36)—(3.37), this model might be considered as a Wiener process, = n,, in the
tuning process, where 7, is considered to be Gaussian white noise with variance
0? representing the drift rate of the receiver’s clock. Hence, the time-varying
dynamics of f is captured by the TMO through the injection terms obtained using
the raw GNSS observables.

The injection terms of the observer, based on pseudo-range and range-rate
measurements, are driven by the errors ey, := y; — 7; and e, ; := v; — ¥;, with the
estimated measurements

9,’ = @,‘ + ‘8, (3.55)
. Por = Per, \' /.
P = (EQ% (vgb - Ugbi) , (3.56)

where the position and velocity of the ith satellite are denoted p?, and ©¢, .
The estimated geometric distance between satellite and receiver is given as §; =
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||f7§b~—pgbi ll2. The estimation errors are defined as p¢, := p¢, —p,,, 0%, = v5, — 0y,
and $ := f—f. When estimating the satellite measurements and geometric distance,
the position and velocity of the satellites are assumed known. This assumption is
satisfied by using the updated ephemeris data to determine position and velocity

of the visible satellite.
Similar to (3.35) the observer (3.50)—(3.54) can be written

x = AX + Bu + D(t,%) + K(y — h(%)), (3.57)

however with a nonlinear observation vector k1 (%), and the matrices,

A =Dblockdiag(A*,0), B = ( B ),

01x3
031
e (e _2 E ~e
D(t, 32‘) = gb(peb) 0 l(wze)veh /
X
0
where the linearized C matrix,
oh
C=— , 3.58
6x x=x ( )
takes the form of
Pap,)
% 01x3 O1x3 1
(ﬁib_pgb )T
L cms 01x3 01x3 1
e N e (3.59)
veb_vebl (peb_pebl )
o1 o1 01><3 0
(o vi,)" Phr)” o

Om Om

when using GNSS pseudorange and range-rate measurements. The time-varying
C matrix consists of estimated LOS vectors describing the direction from rover to
each satellite. As the distance between rover and satellites is large compare to the
relative velocity, the LOS vectors are slowly time-varying. As illustrated in Fig. 3.17
the pseudoranges relate to the position p¢, nonlinearly. Hence, the linerization
(3.58) is necessary to obtain C. If the C matrix is applied to the augmented version
of (3.26) with A and B to obtain P(t), the observer gain can be calculated as

K = 9L;'KEs, (3.60)
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with
K’ =PC'R™, (3.61)
and
— blockdi 1. 1 1
Ly = blockdiag (13, 513, ﬁlg, @) , (3.62)
Es = CLsC". (3.63)

The conditions for (3.50)—(3.63) are satisfied when four or more pseudoranges
are available (except in degenerate configurations), thereby ensuring observabil-
ity of the system (Johansen and Fossen, 2015). In contrast to the loosely coupled
GNSS/INS integration, the feedback interconnection of (3.50)—(3.54) with the at-
titude observer, is only locally exponentially stable, with respect to position and
velocity initialization errors, since the C matrix is based on linearization of the
pseudorange and Doppler measurement equations about the estimated position
and velocity. Accurate initialization procedures are easily applied, Johansen and
Fossen (2015), so this is not a significant problem in practice.

To accommodate colored noise, when applying tightly coupled integration, the
R matrix can be increased in an ad hoc manner. An example using such strategy;,
is designing a tuning rule based on the elevation angle of each satellite in view,
(Groves, 2013, Ch. 9.4.2.4). By doing this, it is possible to weight pseudoranges
from low elevation satellites less than measurements from high elevation satellites
(with high elevation satellites, the GNSS signal travels through less atmosphere
compared to the signals from the low elevation satellites and therefore has less
errors).

3.6.1 Augmented TMO for tightly coupled integration including clock
error model

Above, the clock error was modelled in range space as § = ¢ - A, with A, being the
clock error. This can be extended further by considering that A, is dependent on
the clock frequency error, such that 8 is no longer considered as a constant, but
expressed with a state space model with a constant clock frequency error feock
such that § = 0, see (Farrell, 2008, Ch. 8.4.3.2), (Groves, 2013, Ch 9.4.2.3):

(fcick) - (8 (1)) ( fdﬁock) + [nof] , (3.64)
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where 7 is the driving process noise assumed to be white. By introducing the
additional clock error state, (3.54) in the TMO is replaced by

m
p= fclock + Z (Kfpey,i + Kfvev,i) , (3.65)
i=1
fAclock = Z Kfpeyz + K ev 1) . (3.66)
i=1
By doing this, (3.57) is augmented accordingly. With this augmentation, the C-
matrix of (3.59), in (3.26), is replaced with Cayg, given as

Cag = (C Ci), (3.67)

where C¢ = (0mx1; Imx1). The standard deviation of the white noise 7y ought to
be chosen small (less than 0.02 m/s as proposed in (Farrell, 2008, Ch. 8.4.3.2)).
However, by modeling of the clock bias as (3.64), compared to f = 0 as done in
Johansen and Fossen (2015), only minor effects (centimeter level) on the estimation
of B were observed. Therefore major effects on the position and velocity estimates
cannot be expected with this augmentation. Also with this clock error model, it
is necessary to take into account that noncompensated common residuals of the
time-varying errors due to signal delays, in the ionosphere and troposphere or
stemming from multipath, may be embedded in f and fuock since these are the
only nuisance parameters related to the GNSS in this TMO.

3.7 Experimental Results

This section presents a comparison of the performance of the discussed observer
structures using experimental data collected during a UAV mission.

Experimental verification of the presented observers is carried out using flight
data from a UAV test flight, to verify the observers under realistic conditions with
fast dynamics. The UAV used is a fixed wing Penguin B UAV configured as listed
in Table 3.1 in the Application example. The dataset used here has a length of
approximately 22 minutes with a flight part consisting of multiple circles and
figures-of-eight over an area of one square kilometer.

During the flight, a stationary GNSS receiver of the same type was placed at
a known location to serve as base station for a real time kinematic (RTK) posi-
tioning solution. The RTK position was computed by the open source software
package RTKLIB (2013), where the position is obtained using carrier-phase po-
sitioning, with a fixed or float integer ambiguity solution, indicating decimeter
accuracy (Groves, 2013). The RTK position is used as reference when comparing
the performance of the loosely and the tightly coupled observer structures. The
base station also logged the transmitted satellite ephemeris data, used to calculate
the satellites” positions and velocities. RTK is a type of differential GNSS.
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The loosely and tightly coupled observers are compared. To guarantee a fair
comparison, the standalone GNSS position solution used in the loosely coupled
integration is based on the tightly coupled observer using solely the pseudoranges
as observables. Hence, no IMU is used to generate this aiding position solution.

The tuning parameters for the observers are gathered in the Q and R matrices
for gain selection. For the loose integration, the matrices are:

Q, = blockdiag(03x3, 1070 - I3,2.5 - 107%), R; = blockdiag(2.5 - I3).
For the tightly coupled integration, the tuning matrices are:
Q, = blockdiag(Q;, 1), R; = blockdiag(1 - I,,).

The observers use the same constant attitude estimator gains: k; = 0.004, k; = 0.25,
and ky, = 0.75.

The comparison of the observers are seen in Fig. 3.18, depicting the position
estimation error. Fig. 3.19 shows the estimated attitude, while Fig. 3.20 displays the
estimated gyro bias. The position estimation is evaluated in terms of root-mean-
square error (RMSE) and standard deviation (STD) relative to the RTK solution
and summarized in Table 3.2.

As presented above, tuning of the Q matrix associated with the velocity state is
based on statistics describing the accelerometer’s noise characteristics. These can
either be based on the data collected or from a data sheet. For a standalone GNSS
solution (IMU not used), tuning of the Q matrix reduces to an ad hoc procedure
based on the assumed host-vehicle dynamics. (Groves, 2013, Ch. 9.4) recommends
12m/s?, 10 m/s* and 100> m/s? for pedestrian, automotive and military aircraft,
respectively associated with the velocity state.

Table 3.2: Navigation performance comparison

RMSE (x,y,2) [m] STD (x,y,2) [m]
Tightly coupled 3.412 3341 1.106 1.067 0561 1.005

NoIMU 4541 3.732 2184 2951 1.756 2.065

Loosely coupled 4.442 3.818 2.264 2.836 1.868 2177

As seen in Fig 3.18, the tightly coupled GNSS/INS integration strategy pro-
vides the position estimates with smallest variation and also the smallest deviation
from the RTK positioning solution. This statement is backed up by Table 3.2. The
difference between a standalone GNSS solution and loosely coupled integration
seems less evident from Fig. 3.18 and Table 3.2. This is however expected, tak-
ing into account the simulation results related to the loosely coupled GNSS/INS
integration and the estimation of colored GNSS noise presented earlier. The ben-
efit of loosely coupled integration, relative not using an IMU at all, is however
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Figure 3.18: Position estimation error. The results are presented in the earth-
centered, earth-fixed (ECEF) frame relative the real time kinematic (RTK) global
navigation satellite System (GNSS) positioning solution. The result obtained us-
ing loosely coupled integration is shown in blue, the result obtained using tightly
coupled integration is shown in red, while the standalone GNSS solution is pre-
sented in yellow. These results indicate that tightly coupled integration of inertial
and GNSS measurements yield more accurate position estimation compared to
loosely coupled integration and standalone GNSS when applying satellite-based
navigation based on the standard GNSS positioning service.

evident in Fig. 3.21. The loosely coupled solution provides a smoother estimate
than the standalone GNSS solution and is hence more suitable to be used in an
autopilot that operate at high sampling rate. The INS also provides fault tolerance
when GNSS fails or is degraded. Moreover, one large benefit of loosely coupled
GNSS/INS, relative to a standalone GNSS solution, is that the attitude estimates
also are obtained with high accuracy.

As mentioned, the most accurate and precise position estimates relative to the
RTK solution are obtained with the tightly coupled integration strategy. Since the
pseudoranges are directly fused with the inertial measurements, instead of calcu-
lating the GNSS position before using this as aid in loosely coupled integration,
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Figure 3.19: Attitude estimation. The results are presented using Euler angles as
attitude representation. The estimate obtained using loosely coupled integration
is shown in blue, while the estimate obtained using tightly coupled integration is
shown in red. The standalone GNSS navigation solution did not provide attitude
estimates.

more of the colored noise, embedded in the GNSS pseudoranges, is captured by
the receiver’s clock bias estimate. This is possible since the acceleration measure-
ments are available between GNSS samples. Hence, every new position and clock
error calculation, made by the observer, is based on the current predicted position
between GNSS samples using inertial data rather than using a 0.2 to 1 second old
estimate obtained at the previous GNSS update. This point however, is mainly
relevant for low-cost GNSS receivers, as higher grade receivers can output raw
data at frequencies of 20 Hz or more. A contributing factor to the performance
differences of the two integration schemes may also be due to the 5 Hz GNSS
update. By sampling the GNSS that fast, more of the pseudorange measurements
can become correlated in time compared to using 1 Hz position calculation. If
differential GNSS is utilized, more accurate position estimates can be obtained for
both integration schemes.

The attitude estimates obtained with both loosely and tightly coupled integra-
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Figure 3.20: Gyro bias estimation. The result obtained using loosely coupled
integration is shown with dotted lines, while the result obtained using tightly
coupled integration is shown with solid lines.

tion are mostly similar except from a few significant differences. These differences
are most likely due to the attitude estimate 4; has two components, the unit
quaternion from BODY to NED g; and the unit quaternion from NED to ECEF
q¢, and how the GNSS information enters the TMOs. The latter quaternion g¢,
is in principle a horizontal position estimate containing information of the craft’s
latitude and longitude. Therefore, the attitude estimates from the two integration
strategies may differ as a result of the difference in how the position information
enters the TMO due to the feedback interconnection with the attitude observer and
the TMO through the auxiliary state &’,. This again will also affect the gyro bias
estimation, seen in Fig. 3.20, and therefore explaining that the estimates obtain
using tightly coupled GNSS/INS integration resulted in more steady estimates
compared to applying loosely coupled integration.
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Figure 3.21: Normalized position error. The results are related to the real time
kinematic (RTK) global navigation satellite system (GNSS) positioning solution
between 160 and 162 seconds of flight. The error relative the RTK solution apply-
ing the loosely coupled integration is shown in blue and the error relative the RTK
solution applying the tightly coupled integration is shown in red, while the error
relative RTK using pure GNSS positioning is shown in yellow. The error relative
RTK is smallest applying tightly coupled integration. The error using loosely cou-
pled integration and pure GNSS is of similar magnitude, however, the integrated
solution is smoother than pure GNSS since inertial data is available between GNSS
samples.

3.8 Conclusion

Accurate and precise position, velocity and attitude estimates are needed in numer-
ous areas such as the automotive, robotics, marine and aircraft applications. The
need for computationally efficient and robust algorithms achieving this is growing
due to a wide-spread interest in unmanned platforms, such as unmanned aerial
vehicles, with potential limited computational power available. This need can
be met by applying nonlinear feedback-interconnected observers for integrated
GNSS/INS navigation with known stability properties.

The experimentally verified simulation results, using data collected during a
unmanned aerial vehicle flight, show that the estimation of translational motion
(position and velocity) benefits from a minimum-variance-like implementation
applying the Riccati equation. Using such an implementation strategy, compared
to a fixed-gain strategy, accelerates the observers convergence. This is also reflected
in the attitude estimates due to the feedback-interconnection relating the two
observers.

The attitude estimates are obtained with an exponentially stable and computa-
tionally efficient observer based on complementary filtering and vector measure-
ments. In contrast to the Kalman filter, this is not a stochastic method, but based
on the desired observer bandwidth and nonlinear stability theory.

The results presented here indicate that tightly coupled GNSS/INS integration
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outperforms loosely coupled integration when considering position accuracy. By
fusing the pseudorange measurements directly with the inertial data, more of the
colored noise embedded in the pseudoranges is captured by the receiver’s clock
error estimate, compared to that achieved with the augmented loosely coupled
integration scheme posed.

The attitude estimates obtained with both loosely and tightly coupled integra-
tion are mostly similar. Differences are possibly due to the different amount of
colored noise being fed from the respective translational motion observer to the
attitude observer.

Accuracy of the loosely and tightly coupled integration schemes can be in-
creased by applying pseudorange corrections using differential GNSS, carrier-
phase smoothed pseudoranges or dual-frequency solutions canceling the iono-
spheric delay at the expense of increased noise.



INS on Ships

This chapter is based on Rogne et al. (ndb).

4.1 Introduction

Inertial sensors are not of course unknown on a ship, with the venerable gyrocom-
pass well established as a source for heading, and the VRU as an essential vessel
sensor for DP. This chapter investigates the addition of MEMS IMUs for use in a
more general way, implementing a fully integrated INS aided by position reference
systems and gyrocompasses utilizing nonlinear observer theory.

The main contributions of this chapter are on full-scale verification of different
NLOs for attitude estimation for ships, comparing two low-cost MEMS IMUs. The
results are acquired by comparing the estimation result to well-proven industrial
sensor systems providing roll, pitch and heave measurements for marine surface
vessels. Furthermore, a method of evaluating the aggregate performance of one’s
navigation solution (combination of sensor quality and algorithm) is to evaluate
the INS through dead reckoning. The verification consist of:

¢ Applying two NLOs —Mahony et al. (2008) and Bryne et al. (2015b) — for
ship attitude estimation.

¢ Applying the NLOs and IMUs during two operation conditions: DP and
turning maneuvers.

* Evaluation of heave estimation performance using a virtual vertical reference
(VVR) signal, Bryne et al. (2014, 2015b).

¢ Testing the potential of the underlying fault-tolerance properties of the in-
tegrated INS solutions by evaluating the DR capabilities of the IMU-and-
estimator combinations.

63
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In addition a short discussion regarding vibrations and other high-frequency mo-
tion picked up by the MEMS sensors is provided, and some ways to reduce or
mitigate, or even take advantage of these effects.

Parts of this chapter is based on the preliminary work found in Bryne et al.
(2016) and Rogne et al. (2016a). The work has been expanded with new tuning to
better reflect performance achievable with NLOs, low-pass filtering of IMU signals,
comparison with extended Kalman filter, applying the VVR to a new observer, and
an analysis of vibration and mechanical noise afflicting the IMUs.

4.2 Preliminaries

4.2.1 Notation

The Euclidean vector norm is denoted || - ||». The # xn identity matrix is denoted I,
while the transpose of a vector or a matrix is denoted with (-) 7. Coordinate frames
are denoted with {-}. S(-) € 55(3) represents the skew symmetric matrix such that
S(z1)zy = z1 X z, for two vectors z1,zp € R3. z = (z1;2z0;. . .; z,) denotes a vector
of stacked column vectors z1, z3, . . . z,,. In addition, zZC € R3 denotes a vector z, to
frame {c}, relative {b}, decomposed in {a}. Moreover, ® denotes the Hamiltonian
quaternion product. ()" denotes the right Moore-Penrose pseudoinverse

The rotation matrix from the given frame {a} to the given frame {b} is denoted
Rg € SO3). wf, € R3 is an angular velocity of {b} relative {a}, decomposed
in {a}. Similar to the rotation matrix, the rotation between {a} to {b} may be
represented using the unit quaternion g° = (s, 77)T where s € R! is the real part
of the quaternion and r € R3 is the vector part. Roll, pitch and yaw are denoted ¢,
0 and v, respectively, in compliance with the SNAME notations.

4.2.2 Coordinate reference frames

In this chapter four reference frames are employed; The earth-centered inertial
(ECI) frame, the earth-centered, earth-fixed (ECEF) frame, a tangent frame equiv-
alent of an earth-fixed north-east-down (NED) frame, and the BODY reference
frame, denoted {i}, {e}, {t} and {b}, respectively (see Fig. 4.1). ECI is an assumed
inertial frame following the Earth as it orbits around the sun, where the x-axis
points towards vernal equinox, the z-axis is pointing along the Earth’s rotational
axis and the y-axis completes the right hand frame. As for the ECEF frame, the
x-axis points towards the zero meridian, the z-axis points along the Earth’s rota-
tional axis, while the y-axis completes the right hand frame. The Earth’s rotation
rate wje = 7.292115 - 107° rad/s is given by the WGS-84 datum. It is decomposed
in the ECEF and NED frame as

0 cos( )
wt =10]|wie, wf-e= 0 Wie, 4.1)

1 —sin(u)
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Xi

Figure 4.1: Definitions of the BODY, NED (tangent), ECEF and ECI reference
frames.

where y is the latitude on the Earth. The longitude is denoted A. Moreover, the
navigation frame is a local Earth-fixed tangent frame, {t}, where the x-axis points
towards north, the y-axis points towards east, and the z-axis points downwards.
The BODY frame is fixed to the vessel. The origin of {b} is located at the nominal
center of gravity of the vessel. The x-axis is directed from aft to fore, the y-axis is
directed to starboard and the z-axis points downwards.

4.2.3 Kinematic strapdown equations

The attitude representation most comprehensible for the user is the attitude be-
tween the BODY and the NED or tangent frame. This is also the most intuitive
representation for control and lever arm compensation purposes. Using a rotation
matrix representation, the attitude kinematics are given as

Ry =R, (S(w}) - S(w})), 4.2)
or equivalently,
1 0 1(0
.t t t
9, = 54 ®( )——( )®q, (4.3)
=292 ) 2 ) 2

using the unit quaternion attitude representation. wf.’t = Rf w!, is the angular rate
of navigation frame relative the inertial frame where w!, is given as

to_ ot to_ ot

w,=w,+w, =w,;, (4.4)
since a tangent frame representation of the strapdown equations is chosen, re-
sulting in w!, = 03x1. Moreover, wfb is the angular rate of the navigating object

relative the inertial frame, decomposed in {b}. Furthermore, from (Fossen, 2011,
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Eq. (2.56)) and reference therein, the rotation matrix R(qi) = RZ is obtained from
q,, using

R(qy) = I3+ 2sS(r) +25(r). (4.5)
When using the tangent frame as the navigation frame, the rotational and transla-
tional motion is related with

Piv = Vips (4.6)
o!, = -2S8(w')v!, +RLf + gt (4.7)

where p!, € R? is the position, relative a defined origin of the tangent frame,
p;,(0) := 03x1 based on p(0) and A(0). Furthermore, v}, € R3 is the linear
velocity. It follows that g'(u, A) € R® is the local gravity vector which may
be obtained using a gravity model based on the vessel’s latitude and longitude.
f?h = (R})7(a!, — g}) € R¥ is the specific force decomposed in {b}, where a!, is the
accelerations decomposed in the tangent frame, measured by the IMU. Moreover,
(4.6)—(4.7) can be further extended for marine surface craft with the auxiliary
variable pfhrl. The augmentation, first applied in Bryne et al. (2014), is motivated
by the fact that the mean vertical position of the vessel is zero over time since the
wave-induced motion of the craft in heave oscillates about the mean sea surface.

From Bryne et al. (2015b) and references therein we may write:

1T
Pins =Tlgr;o?j(; pL(t)dt = 0. (4.8)

Based on (4.8) we augment the strapdown equations (4.6)—(4.7) by introducing p!, |
as a state with

bt
Piv1 = Pipzr 4.9)

by integrating the vertical (down) position associated with the heave motion.

4.3 IMU and Ship Sensor Configuration

4.3.1 IMU and error sources

An strapdown IMU is a sensor unit measuring tri-axial angular velocity and tri-
axial specific force of the unit in BODY frame relative the inertial frame,

fIhMU: ff;fb?fzb ’ w?MU: wi:w";wﬁ ,
y y

where the subscripts x, y and z, denote the forward, starboard and downwards
axes, respectively, in the BODY frame. In addition to the specific forces and
angular velocity, each measurement is contaminated with sensor biases, errors
and noise. Sensor errors may consist of nonlinearity, scale factors, cross-coupling
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and g-sensitivity errors, where the latter only effects the angular rate sensor’s
reading. In additional to internal noise sources, external noise may arise due to
e.g. electrical and magnetic interference or stem from mechanical sources in the
form of vibrations. We assume that error sources related to sensor nonlinearity,
scale factors, misalignment, cross-coupling and g-sensitivity are compensated for
in calibration by the manufacturer, or are otherwise neglectable. Sensor biases
may also be calibrated for by the manufacturer or compensated for by in-silico
temperature sensors. For a summary on IMU error sources, see (Groves, 2013, Ch.
4.4). For more detailed information on inertial sensors and inertial sensor errors,
(Titterton and Weston, 2004, Ch. 4-8) may be advised.

Nevertheless, some time-varying bias instability and run-to-run instability is
often present with MEMS IMUs. Therefore, we model the angular rate and ac-
celerometer measurements as

b _ b b b

Wy = @y + bgyro + Weyro, (4.10)
b _ 4b b b

Sivu = fip + bace + Waces (4.11)

where a)?h

Moreover, the respective sensors biases are denoted bgyro and bgcc, while wgym
and w!.. represent the sensor noise and vibration induced noise contained in the
respective measurements. Both the angular rate/gyro and accelerometer biases

are assumed slowly time-varying,

and ffb are the true angular rates and specific forces, respectively.

b — b b _ b
bayro = Wy gyror Bace = Wh aeer (4.12)
where w? and w? represent small variations in the biases (zero mean).
b,gyro b,acc

4.3.2 Ship sensor configuration

Several IMUs were installed on an offshore vessel operating in the Norwegian sea,
equipped with a Rolls-Royce Marine DP system, see Appendix A for more details.
The ship in question is owned and operated by Farstad Shipping. In this chapter
we will present results obtained using ADIS16485 and STIM300 MEMS IMUs.
The sensor configuration used in aided strapdown INS on board the offshore
vessel, based on the kinematic formulation of (4.3), (4.6)—(4.7), (4.9) for fusing
IMU, compass, GNSS and VVR measurements, was:

* 1x differential GNSS position measurement, p¢\ s = (P}, p})T at 1 Hz (we
only use horizontal position).

* VVR: pfb,l =(,forallt > 0. By using the VVR, other vertical references based
on ranging with reduced precision due to the vertical ranging geometry, such
as with GNSS-based and hydroacoustic-based PosRefs are avoided. For more
details on the VVR measurement principle, see Bryne et al. (2015b).
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* 2x IMUs (ADIS16485 and STIM300) providing

— Tri-axial angular rate measurements, waU

- Tri-axial accelerometer-based specific force measurements, f fMU
both interfaced at 1000 Hz.

* Yaw measurements from a triple-redundant gyrocompass solution, ¢c, at 5
Hz.

The IMU measurements are filtered with a 6th order low-pass Butterworth filter
with a cutoff frequency of 5 Hz.

In addition, we use roll (¢) and pitch (0) signals for comparison, obtained
from a VRU at 5 Hz, see Tab. 4.1 for specifications from the manufacturer. The
specifications of the IMUs installed on the offshore vessel are presented in Tab. 4.2.

Table 4.1: VRU Specification

Static Dynamic Heave
roll and pitch roll and pitch
RMS error 0.02° 0.02° 5 cm or 5%

Table 4.2: IMU specifications from manufacturer

ADIS16485 STIM300

In-run Gyro Rate Bias Stability 6.25 % 0.5 d%
deg deg
Angular Random Walk 0.3 7 0.15 s
In-run Accelerometer Bias Stability 0.032 mg 0.05 mg
Velocity Random Walk 0.023 25 0,06 B

4.3.3 Effect of sensor biases and mounting errors on the attitude
estimation

The IMU sensor biases has a direct effect on the attitude estimates. The gyro bias
influences the attitude dynamically, implying that the unit rotates slower or faster
than what is physically happening. The accelerometer biases affect the attitude
estimation statically. As stated in e.g. (Fossen, 2011, Ch. 11), roll and pitch angles
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may be obtained in static conditions using accelerometers or inclinometers,
y

fivu
¢ =tan”' | 2], (4.13)
IMU,z
fb
0 =—tan™! MU ) (4.14)

b2, 2
\/fIMU,y + fiuz

making the initialization of roll and pitch (known as leveling) susceptible to ac-
celerometer biases. Similar to accelerometer bias, mounting errors also contribute
to static roll and pitch errors. Tab. 4.3 describe how the different IMU noise and
error sources affect the attitude estimation.

Table 4.3: Main error sources effecting the attitude estimation

Error source Effect on attitude estimate
Gyro bias Dynamic
Accelerometer bias Static
Mounting errors Static
Vibration Dynamic

Similar to using accelerometers in static condition, also using them as measure-
ment vectors in the attitude estimation of (4.15)—(4.16) may be problematic since
the angular rate sensor biases and accelerometer biases are not mutually uniformly
observable, (Farrell, 2008, Ch. 11.9). However, in most situations it is the only op-
tion to obtain a roll and pitch like reference. The theory of Grip et al. (2012a, 2013)
assumes zero accelerometer bias or that it is possible to compensate for it by esti-
mation, subject to an additional persistent excitation requirement. Accelerometer
bias compensation for the attitude estimation, using the bias estimate b?., can be
done statically based on calibration results or by online estimation. In this work we
are applying constant accelerometer bias compensation obtained in port, based on
the VRU references available, prior to the attitude observer verification scenarios.
As presented in Bryne et al. (2016), static accelerometer bias compensation proved
successful for at least several days after the initial calibration due to the in-run
stable accelerometers available.

4.4 Nonlinear Observers

In this section we will compare two nonlinear attitude observers with Grip et al.
(2013); Bryne et al. (2015b) and without Mahony et al. (2008) aiding from a trans-
lational motion observer. An overview of the observer structure is presented in
Fig. 4.2. Both attitude observers are based on the kinematics of (4.3) and the gyro
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Figure 4.2: Observer structure. Depending on configuration, the attitude and
heading reference system (AHRS) may be aided by a TMO, itself aided by PosRefs
and VVR measurements.

bias model of (4.12) resulting in the observer equations,

: 1 0 1(0
At At At
qh==q ®(Ab)__( )®q, (4.152)
5 b2t ey 2\w, ’
v (bf’]b = waMU - bgyro + 6?b/ (4.15b)
Egyﬂ) = Proj (5gyr0, —klﬁ?b) , (4.15¢)

where the gain k; is associated with the gyro bias estimation, and Proj denotes the
gyro bias projection algorithm of Grip et al. (2012a) and the reference therein. The
algorithm imposes a bound on b gym to a compact set. The difference between the
two observers lies in the injection term, 6'5717, given as

6%, = ko) xR(§) 7o} + kov) x R(g) 0!, (4.16)

where gl{ and gg are the measurement vectors and v! and v}, are the reference
vectors, calculated using

o) =f", vh=f"xc,

vi=f", vh=fxc

An overview of the main differences of NLO A and B can be found in Tab. 4.4.
For both, ¢! = (cos(¢¢), —sin(¢¢), 0)T and ¢ = (1,0, 0)T as posed in Bryne
et al. (2014). Both ¢’ and ¢! are naturally normalized. By using normalized
measurement/reference vector pairs, the gains k; and k; can be considered as the
NLO’s complimentary filter cut-off frequencies. Hence, for motion frequencies
higher than ki and k», the angular rate measurements are the primary source of
attitude information, while for frequencies lower than k; and kj, the respective
measurement vectors are the primary source of attitude information.
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Table 4.4: NLO reference vectors configuration

Vector ¢! Vector f'

NLOA  Unit vector North -g,/1l - &} ll2
NLOB  Unit vector North fi,/I1F:, ll2 through feedback from VVR
and PosRef injection

4.4.1 Nonlinear attitude observer A

For attitude observer A, &?b, 4 is implemented with f U and f* based on the injection
term of Mahony et al. (2008) choosing N N
b b t
b Subae 78

b

R — 1 4.17)
=y =Bl T =gk
IMU accll2 b

where the local gravity vector is utilized as reference vector based on the assump-
tion that the specific force in the navigation frame is dominated by -g?.

4.4.2 Nonlinear attitude observer B

Regarding attitude observer B, the reference vector f ! in the calculation of 6f7b B is
chosen as -

at
. sath (fib)

=—7t (4.18)
= lsatar, (Fip)ll

where f‘fb is estimated using a modified version of the feedback-interconnected
observer framework Grip et al. (2013), using the translational motion observers
(TMO) of Bryne et al. (2014, 2015b), where the VVR aiding concept is applied.
Moreover, by providing the specific force estimate f‘;b, to I, the attitude estimate
is potentially more accurate when the vessel is accelerated than it is when using
- gz as reference vector. flt.b, provided to attitude observer B, is estimated using
the TMO X, (see Fig. 4.2 and below), which has injection from a PosRef in addition

to the VVR measurement. The TMO used to estimate ffb used by NLO B takes the
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(4.19a)

(4.19b)

(4.19¢)

(4.19d)

(4.19¢)

where pj, = pi, = Piy 1 Pry = Ponss — Pip,r Pip,,)T- Kiap and Ky are fixed
gains, while 9 > 1 is a tuning parameter used to guarantee stability. Since the
VVR provides pi = 0 for all t > 0, the vertical estimates of I, are self con-
tained regardless of GNSS precision and accuracy or GNSS position fix. The gains
may be chosen such that the feedback interconnection £; — X, possesses uniform
semiglobal exponential stability (Bryne et al., 2015b).
In state space form, the TMO is represented as:

Xq = As&, + Boug + OL3'K,Es (y — C&,) + D,

with the state-space, measurements and input vectors

At pt st L3t
(ptb,l’ptb’vtb’gib)’

(P7?Ptchs) ’
= (f?MU - Bgcc; _S(afb)(f%MU - I;ZCC)) ’

(4.20)
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and matrices and vectors,

0 (0 0 1) 01x3  01x3

A, =| %= 033 Iy 0 |
03x1 03x3 O3x3 I3
03x1 03x3 03x3  0O3x3
01x3 01x3

B, = 03i<? 03x3 ,

R(th,) 03x3

033 R(g})
C, = (13 03><7) ,
D, = (0; O3x1; —2S(w!,)v}, + g}, 03><1) ,

Kp,pI 012
02x1 Kpp
Kppl 012
K, =] 02x1 Kvp ’
Kvp[ 01x2
01 Kgp
Kep,  01x2

1 1 1
Ls = blockdiag (1, st 5l @13) ,

Es = C,LyC],

where Ey satisfies EgC, = C,Ly such that the semiglobal exponential stability
follows from Bryne et al. (2014).

4.4.3 Translational motion observer

Even though the gyro and accelerometer biases are not mutually uniformly observ-
able, (Farrell, 2008, Ch. 11.9), without the vessel accelerating and rotating, some
accelerometer bias compensation has to be performed in order to obtain an INS

with reasonable DR capabilities. For X1 — ¥, a fixed pre-compensated accelerome-
ter bias Bscc is applied for attitude estimation. However, some accelerometer errors
may be present owing to some in-run bias instability, w.r.t. Tab. 4.2. To atone for
this, we create a new TMO including an estimate of the residual accelerometer
bias Eicc, inspired by the observer of (Fossen, 2011, Ch. 11.5.1). Observer X3 for

additional accelerometer bias estimation can be described as follows:

x=A%+Bu+K(y-C&)+D (4.21)
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A b .t ab
with & = (pfb,[;l’ib;vib; bacc),
. _ ¢b T . .
y= (p?'PtGNSS) and u = f}, — bl resulting in
0 (0 0 1) O01x3  O1x3
A = |0 03x3 I3 03x3

03x1 033 033 —R(§})
03x1 03x3 03x3  O3x3

01x3
03x3

R(G;) |’
0353

C= (13 03><7) ,
D = (0; 03x1; —ZS(wf.e)'vfb +g2; 03><1) ,

Considering R(§}) as an external signal to X3, A is treated as time-varying and the
TMOQO’s error dynamics is rendered exponentially stable by employing a Riccati-
equation and gain similar to the Kalman-Bucy filter Kalman and Bucy (1961),
K =PC'R™, (4.22)
P =AP +PAT™ - KRK™ + GQG. (4.23)

Q and R are covariance matrices chosen according to sensor noise and desired
tuning, see Section 4.5. Furthermore,

01x3  01x3
03x3  O3x3
G = A , 4.24
R(q}) 03x3 4.24)
03x3 I3

such that the process noise associated with the accelerometer in Q is related to the
navigation frame, {t}, through R([]Z). The actual implementation of the observer
is done in discrete time, as in for instance Bryne et al. (2017a), using the discrete
time versions of the Riccati equation and Kalman gain.

4.5 Observer tuning

For X1 we used the gains k1 = 0.1, k> = 0.1, k; = 0.05.

For X, the parameter ¥ = 1 was chosen. For the gains K.}, and K{,, we em-
ployed the continuous-time steady-state Riccati equation, similar to the Kalman-
Bucy filter Kalman and Bucy (1961), and akin to X3,

K, =P,CIR;!
0=A,P,c +P,oA, —K,R,K] +B,Q,B,
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using the following covariance matrices for process and measurement noise

Q, = blockdiag(0.1213, 0.15%I3),
R, = diag(35?,2°I,),

where the first element of Q, is the variance associated with the input ffMU,
and the second element is associated with the cross product of 6 and ffMU as
seen in (4.19d). The first element of R, is a value representing VVR measurement
uncertainty, and the second element is the GNSS horizontal measurement variance.
This results in the following gains:

Kpypy = 0.6368,
Kpp, = 0.2028, K, = 0.79501,
Kop, = 0.0378, Ko = 0.31601,
Kep, = 0.0035, K¢y = 0.061215.

For Y3 we chose the following covariance matrices to go with the Riccati equation:

Q = blockdiag(0.1%I3,0.001%I3).
R = diag(20?,2°I5).

As for X, the first element of Q is the variance associated with ffMU, but the

second element is the process noise of the lAJZCC state. R represents exactly the same
as R,, albeit tuned a bit differently for the VVR measurement.

All matrices are tuned in continuous time, and then converted to discrete time
equivalents in the actual implementation, see for instance Bryne et al. (2017a) for
methods for discretization.

4.6 Full-scale testing: Attitude estimation

In this section, we present the results of the attitude estimation using two distinct
attitude observers and two particular MEMS IMUs, during two different operations
undertaken by the offshore vessel. The first operation is station keeping during
DP. The second is a maneuvering operation, where the vessel changes heading
while surging forward. Plots of the respective path tracks over two hours are
shown in Fig. 4.3. The attitude estimation is evaluated using the mean error, root-
mean-square error (RMSE) and cumulative absolute error (CAE) metrics, using the
onboard VRU and gyrocompass as reference. Also, a comparison with the output
of NavLab Gade (2004) is provided. NavLab is a navigation software suite based
on the Extended Kalman Filter, and has been applied in industry and defense on
a wide range of systems, maritime and otherwise. The metrics for all estimators
were evaluated for the last 90 minutes of the data set.
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Figure 4.3: Two operational situations used to evaluate the attitude estimation
performance. The path track is obtained from the on-board GNSS.

Table 4.5: Attitude error statistics using NLO A in DP

ADIS16485 STIM300

Roll mean error [deg] 0.0036 0.0003

Pitch mean error [deg] 0.0090 0.0070

Roll RMSE [deg] 0.1113 0.1151

Pitch RMSE [deg] 0.1080 0.1071

Roll CAE [deg] 2361.8 2442.7

Pitch CAE [deg] 2254.9 2239.7
4.6.1 DP

An excerpt of the attitude estimates obtained using the STIM300 IMU and NLO Bin
DP is shown in Fig. 4.4a. The estimation errors relative the VRU and gyrocompass
measurements over two hours are shown in Fig. 44b. The statistics obtained
using NLO A as attitude estimator in DP are presented in Tab. 4.5. Similar statistics
obtained using NLO B and NavLab, are presented in Tab. 4.6 and 4.7

Results

From Tabs. 4.5-4.7 one can see that the choice of estimator to perform the attitude
estimation in DP is more important than the choice of sensor, atleast when it comes
to our selection of IMUs. It is evident from the results that both the RMSE and
CAE is improved using NLO B and NavLab compared to the results obtained with
NLO A. This is particularly noticeable in roll. The mean errors are approximately
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Table 4.6: Attitude error statistics using NLO B in DP

ADIS16485 STIM300

Roll mean error [deg] -0.0007 -0.0044
Pitch mean error [deg] 0.0047 0.0016
Roll RMSE [deg] 0.0363 0.0299
Pitch RMSE [deg] 0.0670 0.0649
Roll CAE [deg] 759.80 628.99
Pitch CAE [deg] 1406.0 1357.5

Table 4.7: Attitude error statistics using Navlab in DP.

ADIS16485 STIM300

Roll mean error [deg] -0.0193 -0.0094
Pitch mean error [deg] 0.0463 0.0063
Roll RMSE [deg] 0.0417 0.0287
Pitch RMSE [deg] 0.0813 0.0628
Roll CAE [deg] 881.89 610.79
Pitch CAE [deg] 1731.1 1233.3

the same, where the differences are on such a scale that the practical effects of such
errors, for instance in lever arm compensation, are negligible. For NavLab, larger
differences are observed between the IMUs than is the case for the NLOs. This
could mean that the tuning of NavLab is more sensitive to sensor changes.

4.6.2 Maneuvering

The statistics obtained using attitude NLO A during the turning maneuvers are
presented in Tab. 4.8. Similar statistics obtained using NLO B and NavLab are
presented in Tab. 4.9 and in Tab. 4.10, respectively.

Results

Comparable results to what were obtained in DP, are achieved during the ma-
neuvers as shown in Tabs. 4.8-4.10. NLO B and NavLab outperforms NLO A
considering RMSE and CAE in roll and pitch, but not as much as in the DP case.
As opposed to the DP case, NavLab yielded virtually no difference in output
between the two sensors.
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Table 4.8: Attitude error statistics using NLO A during turning maneuvers

ADIS16485 STIM300

Roll mean error [deg] -0.0089 -0.0134
Pitch mean error [deg] -0.0245 -0.0041
Roll RMSE [deg] 0.1102 0.1122
Pitch RMSE [deg] 0.1161 0.1139
Roll CAE [deg] 2442.6 2484.0
Pitch CAE [deg] 2638.6 2582.6

Table 4.9: Attitude error statistics using NLO B during turning maneuvers

ADIS16485 STIM300

Roll mean error [deg] -0.008 -0.0115
Pitch mean error [deg] -0.0188 0.0022
Roll RMSE [deg] 0.0870 0.0848
Pitch RMSE [deg] 0.1113 0.1193
Roll CAE [deg] 1636.3 1575.8
Pitch CAE [deg] 2446.2 2500.2

Table 4.10: Attitude error statistics using Navlab during turning maneuvers

ADIS16485 STIM300

Roll mean error [deg] -0.0345 -0.0301
Pitch mean error [deg] 0.0311 0.0081
Roll RMSE [deg] 0.0847 0.0817
Pitch RMSE [deg] 0.1078 0.1154
Roll CAE [deg] 1613.3 1433.3
Pitch CAE [deg] 2135.6 2123.5

4.6.3 High-speed turning

We do not generate statistics for yaw estimation error, as this is somewhat mean-
ingless exercise considering that the gyrocompass, which is our only reference for
heading, is also aiding our attitude observers. However, Fig. 4.5 illustrates what
happens during a sharp turn. The estimation error increases, most likely because
of the IMU gyro’s greater dynamic range compared to that of the mechanical
gyrocompass.
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4.6.4 Discussion

The results obtained during the two vessel operations gave approximately similar
results for both IMUs. The two different NLOs however provided varied results
when compared to the onboard VRUs. Since injection from the respective ac-
celerometers and the gyrocompass heading were enabled during the entire test,
the mean attitude estimation error is primarily dependent on the vector measure-
ment/reference pairs. Signals with frequencies below the NLO’s internal cut-off
frequencies, k1 and kj, affects the attitude estimates through the measurement
vectors. Hence, the mean error over time is dependent on measurement vector
sensor bias, not the angular rate measurement biases. Since both IMUs gave ap-
proximately the same performance, one can assume that the accelerometer biases
are highly in-run stable in the environment they were located, considering that is
was three days between the end of the bias compensation done in port and the
beginning of the second vessel operation presented.

During both test cases, the attitude estimation errors compared to the VRU
were smaller using NLO B, compared to using NLO A, particularly in roll. The
latter NLO has a static specific force injection, (see Sec. 4.4 and Tab. 4.4) using - g,
as reference vector. — gz is not equal to f fb, even in DP, due to the wave-induced
motions of the vessel. The positive effect of using ffb as reference vector is consid-
erable, as expected from the results of Bryne et al. (2015b), due to the kinematic
coupling between roll, pitch and heave obtained using VVR as vertical reference
in TMO X,. The performance of NLO B was comparable to what we achieved with
NavLab. In contrast to the Kalman filter, the NLOs used here are not designed
with optimality in mind, as in minimum variance, but rather stability and guaran-
tees of convergence. Still, we managed to get similar stationary performance for
attitude estimation compared to an EKF-based solution of NavLab. This reaffirms
previous results on GNSS/INS-integration using NLOs Grip et al. (2015).

When turning, larger yaw errors can be observed compared to when the ship
is in station keeping. Fig. 4.5 shows an example of NLO yaw estimate and
error during a sharp turn with high forward speed. The estimate from the NLO
starts leading the gyrocompass quite a bit, but is ultimately “corrected” because
of aiding. This is due to the slow dynamics of the gyrocompass during sharp
turns, such that the angular rate measurements from the IMUs about the BODY
z-axis is the primary source of yaw information for turns with rate faster than k.
Hence, larger discrepancies between the NLOs and the gyrocompass is expected in
dynamic conditions, underlining that the MEMS IMU is more capable of capturing
this motion than the traditional gyrocompass.

It should also be emphasized that we compared the NLOs’ performance to the
VRU'’s equivalent signals and not to absolute truth, revisit Tab. 4.1 for the VRU
specifications. Hence, there may exist situations where the NLOs provide more
accurate estimates than the VRU.
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Figure 4.4: Heading estimation in high-speed turning using gyrocompass as aiding
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4.7 Full-scale testing: Heave

471 DP

A selection of the heave estimates obtained using the STIM300 and X, and X3 is
shown in Fig. 4.6. The heave estimation error statistics obtained using the same
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Figure 4.6: Heave estimation and error in DP using X (yellow) and X3 (red) vs.
the onboard VRU (blue)

observers are presented in Tabs. 4.11-4.12.

Table 4.11: Heave error statistics using X, in DP

ADIS16485 STIM300

Mean heave error [cm] -0.6511 -0.6005
RMSE heave [cm] 5.7766 10.523
CAE heave [m] 1215.0 2207.3
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Table 4.12: Heave error statistics using X3 in DP

ADIS16485 STIM300

Mean heave error [cm] 0.2288 0.1339
RMSE heave [cm] 8.0644 10.274
CAE heave [m] 1706.2 2112.6

Table 4.13: Heave error statistics using X, during turning maneuvers

ADIS16485 STIM300

Mean heave error [cm] -0.2982 -0.2689
RMSE heave [cm] 6.3318 9.8799
CAE heave [m] 1462.5 2275.0

Table 4.14: Heave error statistics using X3 during turning maneuvers

ADIS16485 STIM300

Mean heave error [cm] 0.3831 0.7008
RMSE heave [cm] 8.5277 12.308
CAE heave [m] 1907 .4 2699.1

4.7.2 Maneuvering

The heave estimation error statistics obtained during the turning maneuvers using
the X, and X3 are presented in Tab. 4.13 and Tab. 4.14, respectively.

4.7.3 Discussion

Considering the heave estimation performance, this appears to be better when
using the ADIS16485 as IMU. Between X; and X3, there appears to be some differ-
ences in favor of X;. While the attitude estimates showed practically no difference
between the IMUs, the use of ADIS16485 gave better heave estimates than obtained
with STIM300, with the method used. This might be due to the ADIS16485’s ac-
celerometer having better velocity-random walk characteristics than the STIM300.
Also, it should be mentioned that the STIM300 unit provided by Sensonor, is an
engineering sample. Such units are made for testing and do not necessarily ful-
fill all of the specifications in the datasheet under all environmental conditions.
Therefore, we cannot guarantee that the results obtained is representative for a
commercially available STIM300. Generally for the heave estimation results, they
might be improved with a tuning emphasizing heave specifically, or using alter-
native algorithms, such as in Bryne et al. (nd).
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4.8 Full-scale testing of DR capability in DP with MEMS IMUs

In this section, the evaluation of the DR properties in light of fault detection using
the ADIS16485 and STIM300 is presented. The DR performance evaluation is
carried out with data collected in a DP operation whose GNSS track is shown in
Fig. 4.3a.

First, the heading DR performance when using the IMUs available is discussed,
and illustrated with an example. Then, the position DR performance during the
particular DP operation is evaluated, applying both IMUs and NLO A with X3.
The resulting DR statistics are based on a collection of estimation runs.

4.8.1 Heading angle DR capabilities

The heading angle DR capabilities using the IMUs available were found to be in
compliance with the IMUs” angular rate specifications, presented in Tab. 4.2. A
total of 60 one-hour-long heading DR evolutions of the absolute yaw angle error

1P| = e — 11, (4.25)

compared to the ship gyrocompass measurements for both sensors, are shown in
Fig. 4.7. The DR was carried out with NLO B, by disabling the observer injection
from the gyrocompass by setting k» = 0, after an observer initialization time of 15
minutes. In addition, the average DR error, of the 60 runs, is highlighted in Fig. 4.7.
Examples of typical angular rate bias estimates are shown in Fig. 4.8, exhibiting
that the STIM300’s biases are more stable than those of the ADIS16485.

10
e ADIS 16485
s 3 TTNI300
8 -
6 -

[¢] [deg]

0 10 20 30 40 50 60
Time [min]

Figure 4.7: DR performance in yaw obtained using the ADIS16485 and STIM300
IMUs. Highlighted evolution indicates average DR error.
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Figure 4.8: Angular rate bias estimates.

4.8.2 Position DR capabilities

Evaluation of the DR capabilities in position is similar yet more elaborate than
for heading since the theoretical growth of errors are a combination of higher
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order terms, (Groves, 2013, Ch. 5.7), as opposed to linear growth for heading. In
order to obtain statistically significant results related to the position drift while

performing DR, each combination of IMU and NLO was evaluated 60 times (using
different data sets) by comparing the DR errors accumulated when disabling GNSS

feedback at selected intervals. The DR evaluation is done by taking the norm of
the difference between the horizontal components of pg, s and Pinss defined
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Figure 4.9: Example of DR run with prior bias estimation, where feedback from
GNSS is cut after 15 minutes (indicated by vertical line)

= —— ~t
Ponss = Pinss — Panss Where,
Pinss = Phy + R(@})r, (4.26)

and where rZ is the lever arm from the IMU to the GNSS antenna position such
that

IBGnssllz = 1P, + Ryt = by = R(@)1; 2,
= I + (R}~ R@}) 7}l (427)

For position DR, only NLO A is to be considered. This is because of NLO B’s
dependency on PosRef for improving attitude estimates. In a dead reckoning case,
one would have to cut the feedback interconnection and use the same reference
vector as for NLO A, effectively making the NLOs the same. For the dead reckoning

test, an accelerometer bias average estimate based on the last minute of the Bﬁcc
state is used. This is to account for any short term fluctuations of the accelerometer
bias and GNSS imprecisions. The same could be achieved by tuning the matrices Q
and R differently, at the expense of estimator convergence time. Fig. 4.9 displays
an example of a DR run with ADIS16485. The position estimate starts drifting
immediately after feedback is cut at + = 15 min. Fig. 4.10 shows the aggregated
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Table 4.15: Position DR error statistics

ADIS16485 STIM300

Mean error [m] 1 min 4.3014 3.2885
Mean error [m] 5 min 35.125 25.762
Mean error [m] 10 min 102.12 83.927
Min error [m] after 10 min 11.639 3.0962
Max error [m] after 10 min 264.03 231.74
RMSE [m] after 10 min 115.74 96.141

Table 4.16: Position DR error statistics without accelerometer bias estimation

ADIS16485 STIM300

Mean error [m] 1 min 4.6148 3.9820
Mean error [m] 5 min 54.037 56.2560
Mean error [m] 10 min 211.89 218.51
Min error [m] after 10 min 76.464 120.83
Max error [m] after 10 min 359.18 362.18
RMSE [m] after 10 min 220.24 224.94

Table 4.17: Position DR error statistics without filtering IMU data

ADIS16485 STIM300

Mean error [m] 1 min 4.7580 4.3560
Mean error [m] 5 min 38.588 44.631
Mean error [m] 10 min 112.07 139.51
Min error [m] after 10 min 41972 26.919
Max error [m] after 10 min 24497 350.30
RMSE [m] after 10 min 125.25 159.93

drift errors over 10 minutes, after PosRef injection is disabled, applying NLO A
and X3 for both the ADIS16485 and the STIM300 IMU.

The statistical results based on the 60 DR runs are presented in Tab. 4.15. Results
for the DR without the residual bias estimation in X3 is presented in Fig. 4.11 and
Tab. 4.16. Finally, results for the unfiltered IMUs are shown in Tab. 4.17.

4.8.3 Discussions

Heading DR

Itis evident, with regards to Fig. 4.8, that the gyro bias estimates using the STIM300
is smoother and more in-run stable than those found using the ADIS16485, result-
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ing in the performance difference seen in Fig. 4.7. This is in compliance with the
sensor specifications presented in Tab. 4.2. The asymptotic angular rate bias esti-
mation performances seen in Fig. 4.8, is representative of what is seen from run to
run.

Position DR

As seen from Tab. 4.15 and Fig. 4.10, one of the main conclusions from the six
times 60 DR runs performed over the data sets collected during DP is that using the
STIM300 results in better DR performance than using the ADIS16485. Interestingly
enough, for the unfiltered data of Tab. 4.17 the opposite conclusion is reached.
According to specifications, the ADIS16485 has the better accelerometer, while
the STIM300 contains a superior angular rate sensor. One could speculate that by
removing the white noise of the accelerometer through filtering, the errors induced
by angular rate sensors become more important. In any case, from looking at the
results of Tab. 4.16 and Fig. 4.11 one can see that estimating the accelerometer
biases as in (4.21) clearly works.

The results indicate a large spread of DR errors over 10 minutes, and this might
be due to noise, mechanical disturbance such as vibration, or insufficient tuning
of the observers. Time synchronization of signals is also an issue, as the GNSS
and gyrocompasse signals were acquired from a system separate from the IMUs’
signal acquisition, with an unknown, albeit small, delay.

Considering the quality of the results obtained compared to the results in
Paturel (2004), using either of the two MEMS-based IMUs available in this work
gave worse results than in Paturel (2004) where an INS with a FOG gyro was
applied. In the results presented in Paturel (2004), a position accuracy during
GNSS outage stayed within GNSS accuracy for a period exceeding two and a half
minutes. The mean position drift after a 50 seconds GNSS outage was less than half
a meter. These results are considerably better than the approximately 3-5 meters
error obtained after one minute DR for both MEMS IMUs. However, in Paturel
(2004) only 10 runs are presented, making a definite statistical comparison difficult
due to the few DR trajectories presented. The FOG-based INS product in question
is currently advertised to have a 20 m error with a 50 % circular error probability
after five minutes of unaided navigation, whereas we obtain approximately 25
meters averaged error in the same time frame for STIM300.

As depicted in Fig. 4.10, a MEMS-based INS may provide relatively stable
position estimates (around four meters error) for half a minute, without PosRef
injection. From a fault-tolerance perspective, such as Rogne et al. (2016b) and
Chapters 6-7, the results obtained here indicate what kind of PosRef errors one
might detect based on MEMS IMUs. For instance a PosRef drift of 10 centimeters
per second results in a PosRef error of 3 meters after half a minute, which might
be possible to detect with the results obtained, considering the average DR error is
two meters with either of the two IMUs. Moreover, in the situation of PosRef failure
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during DD, if four meters is an acceptable error margin, 30 seconds is available to
the DP operator to decide whether the operation should be aborted or not. This
might be sufficient time for PosRef recovery e.g. if tracking is reestablished with
one or more satellites, resulting in a complete GNSS solution.

The DR performance is not only dependent on the sensor biases, but also on
the velocity-random walk and the sensed vibrations on the ship. Integrating these
over time, results in a large error even when averaging them out using high-rate
integration (1000 Hz). Regarding tuning, more emphasis on tuning for a DR
application may accomplish better results. Here, the tuning is geared towards
attaining the smallest errors in attitude and heave compared to the onboard VRU.
Also, time-synchronization errors between our IMUs and the on-board GNSS may
result in small errors in velocity and specific force at the time of disabling GNSS
injection, resulting in a steeper error slope than otherwise obtained if the position
and inertial measurements were synchronized. As for the attitude and heave
estimation, it is also difficult to conclude with certainty that the results found
using the STIM300 are representative since we used an engineering sample.
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Figure 4.10: Aggregated DR error over 60 runs using NLO A. Red indicates the

mean DR error.
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Figure4.11: Aggregated DR error over 60 runs using NLO A, and no bias estimation
in X3. Red indicates the mean DR error.
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4.9 Full-scale testing: Vibrations and high-rate MEMS-based
INS

4.9.1 Vibrations

During the experiments, we had one ADIS16485 situated on a vibration-isolated
plate supported by four Vibrachoc 7002 dampers, and one of the same type
mounted without vibration dampers. These two will be referred to as ADIS1
and ADIS2 respectively in the following. Fig. 4.12 shows the difference of the raw
measurement in the time domain between these two IMUs, during the DP oper-
ation. As we can see, a lot of external noise has been attenuated by the vibration
isolation, especially for the accelerometer. For the gyro on the other hand, there is
still a lot of noise present. This is reflected also by the frequency domain plot in
Figs. 4.13, where we can see that there are a lot of unwanted frequencies for the
ADIS1 in the range of 10-100 Hz. Fig. 4.13 is from the DP-operation depicted in
Fig. 4.3a and Fig. 4.14 is from steaming at ten knots. Whereas there is nothing
much above 100 Hz for the ADISI, there are many high frequency components
on the ADIS2. Common for both IMUs, to the far left just above zero Hz one can
find the ship motion, and the main engine rotations starts showing up at around
12 Hz, particularly evident for ADIS1. The increased response below 100 Hz for
ADISI could stem from resonance motion induced by the vibration isolated plate.
Regardless, looking at the attitude estimate statistics coming from using each of
the IMUs in Tab. 4.18, there is not that much of a difference, owing to our high
integration rate of 1000 Hz averaging out the noise components. The results from
the vibration isolated sensor are nonetheless still somewhat better, and we can see
that applying the same filter to both IMUs does not yield the same outcome in the
end. There is however significant improvement to be had by low-pass filtering.

Table 4.18: Attitude error statistics for vibration isolation in DP.

D: Damped. UD: undamped. LPF: low-pass filtered.
D D+LPF UD UD+LPF

Roll mean error [deg]  -0.0017 -0.0007 -0.0028 0.0014
Pitch mean error [deg] 0.0040 0.0047 -0.0076 -0.0179

Roll RMSE [deg] 0.0490 0.0363  0.0685 0.0484
Pitch RMSE [deg] 0.0968 0.0670  0.1017 0.0750
Roll CAE [deg] 1002.3  759.80  1437.0 1021.5
Pitch CAE [deg] 1980.1 1406.0 2071.8 1564.0

A simple result that comes from observing Figs. 4.13—4.14, is that different
modes of operation could, in theory, be identified on the basis of the frequency
signatures. In addition, the higher frequency components might contain interest-
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ing information from a machinery diagnosis point of view. Whether one wants
to keep all the frequency components depends consequently on one’s application
beyond traditional navigation use, but with filters implemented in software more
flexibility is achieved in this regard.
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Figure 4.12: ADIS measurements, vibration isolated (red) and not (blue) in DP.
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Figure 4.13: Power spectral density estimate of IMU measurements, vibration
isolated (red) and not (blue) in DP.
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Figure 4.14: Power spectral density estimate of IMU measurements, vibration
isolated (red) and not (blue) in steaming.
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410 Conclusion

A successful verification of two nonlinear observers was carried out, employing
two different MEMS IMUs, namely the ADIS16485 and STIM300. The full-scale
experimental data was collected on an offshore vessel operating outside the Nor-
wegian coast. Comparing the observer output to industry standard VRUs and
navigation software based on EKF showed that favorable performance could be
achieved, and that for attitude estimation the method was more important than the
IMU. The results also showed that estimating specific force in the navigation frame
improves attitude estimates, in contrast to assuming that the vessel is not acceler-
ating. Heave estimation was also compared, revealing more differences between
the IMUs. Seemingly ADIS16485 had a better accelerometer than STIM300, which
reflected upon the results. Dead reckoning for heading and position was also
considered, where the heading case revealed the great qualities of the STIM300’s
angular rate sensors. For dead reckoning in position, the IMUs yielded compa-
rable results with the STIM300 coming out on top, probably because of the better
angular rate sensor.

A short discussion on the vibration and mechanical noise picked up by IMUs
both with and without vibration isolation was undertaken, revealing that while
using mechanical dampers are useful, one could consider mitigating the vibration-
induced disturbances just in software instead, or including a non-isolated sensor.
This would allow for keeping interesting information related to the ship’s state
embedded in the raw inertial measurements.






Redundant INS

This chapter is based on Rogne et al. (nda).

5.1 Introduction

Redundant IMUs have traditionally been applied in safety-critical systems such
as aircraft and spacecraft. In the maritime domain, dynamic positioning vessels
are required to have several gyrocompasses and vertical reference units (VRUs),
a form of INS, on board. However, autonomous vehicles are on the horizon, not
only in the air (Sukkarieh et al., 2000), but also on land and at sea. In order
for these vehicles to operate safely and autonomously in areas potentially far
from possible human intervention, they need functions for self-diagnostics and
fault management. To be feasible and competitive in the nascent consumer and
commercial markets, it is not viable to fit all these vehicles with expensive high-end
gyroscopes and accelerometers. Therefore, an investigation on how to improve the
FDI performance with MEMS sensors is of interest.

The main contribution of this chapter is providing and comparing methods
for fusing redundant MEMS inertial measurements in the context of nonlinear
attitude observers. Usage of redundant IMUs allow for both fault detection and
automatic fault management. The latter is achieved by relying on the remaining
sensors when experiencing inertial sensor faults in one of the available IMUs. Such
capabilities have received little focus when applying NLOs for INSs.

Full-scale verification is performed, using data collected from three MEMS
IMUs mounted on an anchor handling tug supply (AHTS) vessel. Artificial faults
are added to the signals in order to trigger the FDI methods. The results are
compared with the classical parity space method commonly used in high-grade
redundant inertial systems.

99
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5.1.1 Organization

The chapter is organized as follows: First the notation and models are presented,
before the observers used throughout are introduced. Then, two alternative meth-
ods for fusing measurements and FDI are given. Thereafter, a full-scale verification
is performed with a subsequent discussion. Finally, a conclusion is made.

5.2 Preliminaries

This section introduces the notation, coordinate frames and the strapdown equa-
tions that are the basis of this work.

5.2.1 Notation

The Euclidean vector norm and the induced matrix norm are denoted || - |[|. The
n X n identity matrix is denoted I,,, while a block diagonal matrix is given by
M = blockdiag(M1, Mo, ..., M,) for square matrices M;. The transpose of a
vector or a matrix is denoted with (-)T. S(-) € 55(3) represents the skew symmetric
matrix such that S(z1)z» = z1 X z» for two vectors z1,z, € R3. Moreover, z =
(z1;z2; .. .; zn) denotes a vector of stacked column vectors z;.

RZ € SO(3) denotes the rotation matrix from the given frame {a} to the given
frame {b}. w¢ p € R3 is an angular velocity of {b} relative {a}, decomposed in {c}. In
addition to the rotation matrix, the rotation between {a} to {b} may be represented
using the unit quaternion g% € Q, for the set

Q={ql(q)qul,qz(s,rT)T,seRl,reRs}, (5.1)

where s and r denotes the real part and vector part of the unit quaternion, respec-
tively. Moreover, ® represents the Hamiltonian quaternion product. For a unit
quaternion, g, we define

—rT
T(q) = (sI3+-S(r))’

(5.2)
— — _rT
“W”‘Lh—suﬂ’
such that the quaternion differential equation for g% may be given as
1 0 1(0
b~ b _ = b
q, = an ® (wzgu) 2 (wgh) ®4q, (5.3)
1 1_
= 5T ()@, — 5B @, (5.4)

for some given coordinate frames {a}, {¢} and {c}. Furthermore, the unit quaternion
conjugate of g% is defined (qZ) := (s,—rT)T. The resulting error quaternion,
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between two given unit quaternions, g, and q,, can then be defined,

j=q90,= (1, E@) 4 (5.5)

Roll, pitch and yaw are denoted ¢, 0 and 1), respectively, in compliance with
the SNAME notations (SNAME, 1950).

5.2.2 Coordinate reference frames

We use four reference frames: The earth-centered inertial (ECI) frame, the earth-
centered, earth-fixed (ECEF) frame, a tangent frame equivalent to non-rotating
north-east-down (NED), and the BODY reference frame, denoted {i}, {e}, {t} and
{b}, respectively (see Fig. 4.1). EClis an assumed inertial frame following the Earth
in space, where the x-axis points towards vernal equinox, the z-axis is pointing
along the Earth’s rotational axis and the y-axis completes the right hand frame.
Regarding the ECEF, the x-axis points towards the zero meridian, the z-axis points
along the Earth’s rotational axis, while the y-axis completes the right hand frame.
The Earth’s rotation rate w;, = 7.292115-107° rad /s is given by the WGS-84 datum.
It is decomposed in the ECEF and NED frame as

0 cos(u)
w;, =0 |wie, wfe = 0 Wie, (5.6)
1 —sin(u)

where u is the latitude on the Earth. The longitude is denoted A. The navigation
frame is the local Earth-fixed tangent frame, {t}, where the x-axis points towards
north, the y-axis points towards east, and the z-axis points downwards. The BODY
frame is fixed to the vehicle, with its origin of {b} is located at the vehicle’s nominal
center of gravity. The x-axis is directed from aft to fore, the y-axis is directed to
starboard and the z-axis points downwards.

5.2.3 Kinematic strapdown equations

The most comprehensible attitude representation for a user is the attitude between
BODY and the NED frame. Thisis also the most intuitive representation for control.
For navigation of craft confined to a specific geographical area, taking into account
the Earth’s rotation, the tangent frame is a suitable navigation frame. Using the unit
quaternion representation, the kinematic attitude strapdown equation between the
BODY and the tangent frame becomes

072:%‘72@(0)—%(0)@@2/ (5.7)

b ¢
@Dy Wy

using the unit quaternion attitude representation, where w?, is given as

Eo_ ot ot
w,=w,+w, =w;, (5.8)
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since a tangent frame representation of the strapdown equations is chosen, result-
ing in w!, = 03x1. a)?b is the angular rate of the navigating object relative the
inertial frame, decomposed in {b}. From (Fossen, 2011, Eq. (2.56)) and reference
therein, the rotation matrix R(q}) := R} is obtained from q), using

R(q}) = I3 +2sS(r) + 28*(r). (5.9)

When using the tangent frame as the navigation frame, the rotational and transla-
tional motion has the relation

ph, =0ty (5.10)
o!, = -28(w')v!, +RLf + gt (5.11)

where p!, € R3 is the position relative the origin of the tangent frame, 1(0) and
A(0), and vib € R3 is the linear velocity. gé( U,A) € R3 is the local gravity vector
dependent on the vehicle’s latitude and longitude. !, = (R)7(a!, - g!) € R®is
the specific force, measured by the IMU, decomposed in {b}, where a!, represents
the accelerations decomposed in the tangent frame.

5.3 Inertial and Heading Sensors

In this section we present the IMU model, and discuss the consequences of em-
ploying redundant inertial measurement units.

5.3.1 IMU model

An IMU triad comprises sensors along three orthogonal axes, measuring angular
rate (often called gyro measurements) or acceleration in some frame that may or
may not be aligned with the body frame {b}. For our case though, we have that
each accelerometer and gyro triad measures, in the ideal case,

f?MU = (ff}fyb?fzb) , w?MU = (wﬁ; wz; CUS) ’

where x, y and z are the forward, starboard and downward axes of the vehicle. In
addition to these ideal case measurements, each of the measurements are polluted
with noise, biases, other errors and potentially faults. Sensor errors include nonlin-
earity, scale factors, cross-coupling and g-sensitivity errors. External disturbances
also affect the signals, and some sources may be electrical signals, magnetic fields
or mechanical vibrations. (Groves, 2013, Ch. 4.4) and (Titterton and Weston, 2004,
Ch. 4-8) provide more information on inertial sensors and inertial sensor errors.
For the sensor outputs, we have the following model:

b

— b b b b
Wiy = @Wpy, + bgyro + Weyro + dg (5.12)

?b + bacc acc acc (5.13)

yro’

b +wb +db

b
fovu
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b b
gyro and b are

represent

where wf.’b and f ﬁ’b are the true angular rates and specific forces, b
h 1 bias and accel bias, while w},, and w
the angular rate sensor bias and accelerometer bias, while wg, ., and w3,
sensor noise and vibration induced noise in the sensors. d4 denote the respective

sensor fault, where

(db,, db,, db.)" iffaulthasoccured

dy = 5.14
* {ngl otherwise ( )

Both the angular rate and accelerometer biases are assumed slowly time-varying,

bgyro - wb,gyro' bace = Wy ace? (5.15)
where wz and w? _represent small variations in the biases (zero mean).
,8yTo b,acc

5.3.2 Heading reference

In addition to the MEMS IMU, we assume that there is a heading reference avail-
able, typically in the form of a gyrocompass providing the heading 1, or derived
from a magnetometer yielding a tri-axial measurement of the earth’s magnetic
field mfb in the body frame, which can be related to the earth’s magnetic field vec-
tor m}, decomposed in the tangent frame at the vehicle’s location, thus potentially
providing a true-north heading.

5.3.3 Multiple IMUs

Combining multiple IMUs should in the ideal case reduce the noise levels and bias
magnitudes. Indeed, for the combined inertial sensor output ¥ from m indepen-
dent measurements ¥ = (y1 + Y2 +...+ Ym) /m, with equal standard deviation
oy,j = 0y we have

1 m 1 m
=\ i _ 2
Var(x) = Var| — El vil=— El 0y
j= j=

= 03 = %y (5.16)
\m

assuming the same zero-mean distribution for each of the measurement errors.
However, when it comes to sensor noise, common mode noise like the external
sources mentioned in the previous section could void the advantageous property
of (5.16). Regardless, the bias magnitude in the aggregated measurement will be
reduced compared to the magnitude of the of largest bias of the m measurements.
In Guerrier et al. (2012), it was found that for sensor triads, their relative
orientation does not matter when it comes to optimality, but in the case of sensor
failures a skewed configuration is preferred when using less than four sensor
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triads. Later in this chapter we will use three sensor triads in an orthogonal
configuration, arguably below the recommended number. However, as we will
show, FDI results are attainable using this structure.

5.4 Nonlinear Observer Structure

This section presents the nonlinear observers employed for position, velocity and
attitude estimation. The nominal observer structure with a single IMU is illustrated
in Fig. 5.1

t
14 PosRef
PosRef
2 hS i
At
Ye Aiding P v
Compass > Translational |—»
Attitude Observer 3!, o Motion
> Observer ot
Db tb
@iy ot —>
MU >
b
f MU y at
' fiv

Figure 5.1: Nominal nonlinear observer structure for single IMU.

5.4.1 Attitude observer

The nonlinear attitude observer is the one found in Grip et al. (2013), which is
based on Mahony et al. (2008):

9 = %%,,- ® (w?b]) - % (a?ft) ® 4!, (5.17a)
R (D?b,j = “’fMU,]’ - Bgyro,]’ + 6—?b,j/ (5.17b)
by, = Pro} (Beymo —H13% ) (5170
where
&%, i = kot X R(g}, )70} + kovb X R(3}, )05, (5.18)

Proj(:, -) denotes the angular rate bias projection algorithm of Grip et al. (2012a) and

the reference therein, imposing a bound on Egyroi to a compact set. kj is the gain

associated with the angular rate bias estimation. The observers are implemented
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with the injection terms, 6fb i where the j observer uses its own attitude estimate

ot
p,j/ and

oy =f" wh=f"xc

v=f m=fxc.

The measurement and reference vectors are defined as

-b

h=ﬁ¢, (5.19)
- ”f[MU”Z
" = (cos(ye) —sin(y) 0)7, (5.20)

At
f_ Sath(f:b) ’ (5.21)
T lIsatm, (f )l
d=(1 0 0 (5.22)

similar to the chosen measurement/reference vector realizations of Grip et al.
(2013). ]_‘IhMU is a fused accelerometer signal that we will get back to later. The
measurement and reference vector pair ¢’ and ¢! could easily be replaced with
magnetometer equivalents described in Section 5.3.2, as is done in Grip et al. (2013).

Since the vectors are normalized, we can consider the gains k; and k; as the
observer’s complimentary filter cut-off frequencies, (Mahony et al., 2008; Hua et al.,
2014). Therefore, for motions with frequencies higher than k1 and k», the primary
source of attitude information are angular rate measurements, while for lower
frequency motions, the measurement vectors are the primary source of attitude
information.

5.4.2 Translational motion observer

The translational motion observer (TMO) estimates position, linear velocity and
specific forces p!, € R?, 9!, € R® and i, € R3, in the given navigation frame {t}.
The resulting TMO takes the form,

Py, = oy, + OKppp, (5.23a)
.. v%b = —2S(w' )0, + ff,Z + gl + 02Ky, (5.23b)
&y =R (a}) S (8%,) Fouu + O°Kepp}, (5.23¢)
Fio =R (@) Finau + £ (5.23d)

equivalent to the design of Grip et al. (2013) except for use of the tangent frame
{t}, instead of the ECEF frame {e}, as navigation frame and the use of fused

. —b _ _ . N N . .
signals fy, ‘72 and O'?b based on the signals ffMU i ‘72, j and O'?b, j discussed in
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Sec. 5.3.1 and 5.4.1. How ffMU, q; and 6?[0 are generated is presented in Sec. 5.5
and 5.6.

5.4.3 Observer structures for fusing redundant measurements

For exploiting the redundant measurements, we will employ two different struc-
tures. The first structure. Alternative 1, is shown in Fig. 5.2. Here the gyro and
accelerometer outputs from the IMUs are combined into single measurements via
the parity space method, before being fed into the observer. In this approach, no
modification of the original observer structure of Grip et al. (2013) is necessary
(only one X is used) such that Z]Z = 172 and d)fMU is utilized instead of waU,j
cf. Fig. 5.2. On the other hand, in alternative 2, portrayed in Fig. 5.3, only the
accelerometer measurements are combined beforehand, while the angular rate
measurements are sent to three different instances of the nonlinear attitude ob-
server, (5.17). The outputs of these observers are then merged and forwarded to
the aiding translational motion observer, (5.23a). The reason why the accelerom-
eter measurements are not treated the same as the angular rate measurements
in Alternative 2, is because of the feedback interconnection where the measured
specific force enters the TMO directly through ffMU and indirectly through 4, and
b Therefore if some faulty accelerometer measurements from IMU j enter
the aiding TMO directly through both (5.23c) and (5.23d), the equilibrium of the
feedback-interconnected system L; — X, will be affected before the FDI algorithms
of Section 5.6 have had time to react. If so this might further impair the unit
quaternion weighting presented in Sec. 5.6.1. This can be understood from the
fact that the stability properties of the feedback-interconnected NLO of Grip et al.
(2013) only hold for fault-free measurements.

3x gyro IMU1 PosRef
3x gyro IMU2
. |_. Parity Space
. Method
3x gyro IMUm j
b ot
Dy gt P
Compass Ye b N
Aiding
Attitude Translational
3x acc IMU1 Observer Motion Observer
-b ~t
v b, Yip
3x acc IMU2 _l —
- Parity Space "
. _|—> Method fiv
3x acc IMUm

Figure 5.2: Redundant IMU alternative 1 — Observer structure.
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At
. qp
3x gyro IMU1 Attitude 1 PosRef
Observer 1 &b
ib,1
3x gyro IMU2 F t
. At
: Attitude | 702 ]
3x gyro IMUm £ || Observer 2 6?&2 B
I ah P
Compass : l—
J At Single Epoch | _, Aiding
E Attitude Dy, m | Fusion [ Translational
3x acc IMU1 | | Observerm [T3—% Motion
Oib,m Observer i’fb
3x acc IMU2 —
~b 5
|f MU
~t
3x acc IMUm —I Parity Space fin
Method

Figure 5.3: Redundant IMU alternative 2 — Observer structure.

5.5 Parity Space Method

In the parity space method, the detection of faults comes down to the choice be-
tween two hypotheses, either that an erroneous measurement has presented itself
or not (Sturza, 1988). A statistical test is performed, based on a decision variable
Dget obtained from separating the measurement space, i.e. all the redundant mea-
surements, into two subspaces, namely the parity space and the dimensional state
space, the latter of which is essentially the vehicle’s body frame.
For | = 3m measurements of a 3-dimensional state vector x, we have the
measurement model
Yho = HxY, + wh + b5 + df (5.24)
where H is the measurement matrix relating the state space to the measurement
space, x represents either the accelerometers or the gyros, w! is a vector of white
noise, b} is a vector of biases and d? is a vector of fault effects. xf’b is the state space
value we are interested in, in our case either a)fb or f f.’b as described in Section
5.3.1, and
H=(I; I ... 13) T (5.25)

To distinguish between faults and regular IMU biases, one should compensate as
much as possible for the biases beforehand, such that the resultant bias bi is as
close to zero as possible before applying the parity space method.

The least squares (LS) estimate of x?b in (5.24) is

X0 = (HTH)'H" yh, (5.26)
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while the residual (fault and noise) vector estimate

fr =Sy (5.27)

where S, is given by
S, =(;-HHTH) 'H"), (5.28)

I = 3m, and the decision variable for detection can be computed as

Dget = f/ f - (5.29)

Assuming that the measurement noises are Gaussian, uncorrelated and with equal
variance, and that each of the sensors are equally likely to have measurement faults,
the threshold Tget, to which Dget will be compared, is given as (Sturza, 1988)

Taet (pra, 1 =3,0%) = 62F ' (1 - prall - 3), (5.30)

where pra is the probability of false alarms, I — 3 is the degree of freedom, o2

is the measurement noise variance, and F~! (p|v) is the inverse x> cumulative
distribution function, such that:

x =F 1 (plv) = {x: F(x|v) = p}, (5.31)

where
~ [ D22 )
p=F(x|v) = j(; T (0/2) (5.32)

and I'(+) is the Gamma function.
For fault isolation, the faulty sensor number k can be identified by
f7;
k = arg max — (5.33)
JEILI] Sjj
where f,j is the j' element of f, and sj; is the j* diagonal element of the matrix
S;. The parity space method is summarized in Algorithm 1.
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Algorithm 1 Parity Space Method.

Require: H, S,, beMU’ Tdet
b_dont_stop = true
while b_dont_stop do

=S, yb
f r r yIMU
D det = f 7-'rf T
if Ddet > Tdet then

2

k = arg max;e[y;) #
Remove k! measurement from yi’MU, H
Recalculate S,

else
b_dont_stop = false

end if

end while
Output: ¥ = (HTH)'HTy}

5.6 Quaternion Averaging and FDI

5.6.1 Averaging quaternions

The estimated unit quaternions from Section 5.4.1 (4} 1,4} ,,---, 4} ) can be
weighed optimally using a single epoch estimation algorithm solving the opti-
mization problem

q; HE argmaxZ wi(‘lz)T%,]‘(qi,j)Tqu (5.34)
7,€8* =1

equivalent to that posed in Markley (2007) with respect to the definition in (5.1).
Equation (5.34) is a representation of the objective originally posed by Wahba
Wahba (1965), where w; are positive weights. Pure LS weighting is not applicable
for unit quaternions since this procedure alone neither maintains the unity norm
of the averaged quaternion nor can guarantee that the correct averaged quaternion
is obtained regardless of the sign of the quaternions, f]z j with respect to the set Q
from (5.1). This is a crucial property of a unit quaternion-based fusing algorithm
due to the topology, and the inherit topological obstruction Bhat and Bernstein
(2000), inferred by (5.1), where E]Z j and —E]Z j Tepresents the same rotation.

Using scalar weighted quaternions, for each update of the m attitude observers
the averaged/weighted quaternion, gj, based on the m quaternion estimates
‘72,1' 172/2, ..., ‘?Z,m/ and the respective weights, w1, w», ..., w,, may be obtained
using Algorithm 2 performing an eigenvalue/eigenvector decomposition of a ma-
trix composed of the given quaternions and weights. Furthermore, in Algorithm 2,
E is the matrix of eigenvectors of K;;, Dejg is a diagonal matrix of the eigenvalues of
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K, and imax is the column index associated with the maximum eigenvalue, Amax,
of Deig. The algorithm results in a weighted quaternion E]Z providing a unique
attitude representation, Markley (2007).

Algorithm 2 Quaternion Weighting with Scalar Weight

Input: Quaternion estimates 172 i’ weights w;
1o Wit = 271:1 Wi

M =3 iy, (4,)"

Kq =4M - wt0t14

[E, Deig] = €ig(K)

[Amax, jmax] = max(diag(Deig))
6: % =E(, jmax)

Ensure: (|7}l =1 = 4, = 4;/I17} |

Output: g}

According to Markley (2007), a computationally efficient alternative to Algo-
rithm 2 is the QUaternion ESTtimation (QUEST) algorithm. A detailed study on
QUEST is found in Shuster and Oh (1981). Alternatives to employing QUEST are
presented in Markley and Mortari (2000).

5.6.2 FDI with quaternions

For the detection and isolation of faults in quaternions, we will employ the angle
between orientations represented by the unit quaternions. Consider two unit
quaternions g and p, the error quaternion between them is described by (5.5). For
unit quaternions, the scalar part of the error quaternion can be calculated by

§ = q1p1 + q2p2 + q3ps + qapa, (5.35)

which is equal to the dot product g7p. Now, consider that § is the angle of
rotation represented by the error quaternion around some axis, and consequently,
ameasure of the error’s magnitude. Then, the relationship between the scalar part
and the angle is given as Chou (1992)

S :=cos (g) = ﬁ = 2arccos (5)
= f =2arccos (47p) . (5.36)

Equation (5.36) may serve as a useful metric for FDI. However, for p € [0, 1], due
to
B = 2arccos(p) = 21 — 2 arccos(—p), (5.37)
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and the fact that g and —gq represents the same rotation, we can instead use the
absolute value of the dot product to avoid calculating the absolute error angle.
Therefore, we get

Bj = 2arccos (I(qb])Tqu) (5.38)

is chosen to serve as basis for FDL If any of the f; values are over a given threshold
adet, the corresponding quaternion is removed from the average, see Algorithm 3.
The threshold aget might be chosen as the maximum allowable angle difference
between an attitude observer’s output and the average output. The value should
be as low as possible, but in order to minimise false alarms, a lower bound on a@get
could be determined by empirical data from a fault-free case.

Algorithm 3 Quaternion FDI

Input: ‘721 ... f]i,m, W1 ... W, Adet
1: b_dont_stop = true
2: while b_dont_stop do
3: 172 = quat_avg(%]. .. qg’m, W ... Wy)
4 forj=1...mdo
5 B; =2arccos(|(q2,j)TqZ|)
6: end for
7 if any(ﬁ].) > (get then
8 k = arg max;e1;m ,Bj
9: Remove k" quaternion 4} ,
10: else '
11: b_dont_stop = false
12: end if
13: end while
Output: g}

5.6.3 Fusing alb]

In contrast to the unit quaternions, qg ., the injection terms from the respective atti-

tude observers, 6%, . € R3 may evolve freely on R with no topological constraints.

ib,j
Thus, the fused injection term, o‘l.b, to be used in the TMO, is easily obtained with
a LS-based weighting,

&b, = (zm:w]) Zw, &Y (5.39)

(HIR;'H, ) HIR;'y,. (5.40)
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where
Abr . abr . oAb
Ye = (GibT,l’ sz2’ Ty O-ibT,m) ’ (5.41)
H; = (13 I ... 13)T . (5.42)

The matrix Hs; and vector y; are modified according to the output of the FDI
method in Section 5.6.2, meaning that &?, ip s from faulty observer k is removed.
Using the scalar weights, the matrix R; of (5.40), which can be considered as a
covariance matrix, is easily obtained as

1 1 1
R(, :blockdiag(w—lg, w—13,...,w—13) . (543)
1 2 m

The weights of R; does not have to be diagonal, allowing for a block-diagonal
structure for R;
Rs =blockdiag (R1, Ry, ..., Ry), (5.44)

based on some design criteria of positive definite matrices R;.

5.7 Case Study

In this section we present a case study for redundant IMUs onboard an AHTS vessel
operation in the Norwegian sea. A modified version of the translational motion
observer in Section 5.4.2 will be employed. This TMO is designed specifically for
surface vessels, and is described in Sec. 5.7.1. Regarding the sensor configuration,
three redundant MEMS IMUs of the same type were installed, in addition to one
MEMS IMU with higher quality angular rate sensor for comparison. The details
of these and other sensors installed are presented in Section 5.7.2. The vessel
was doing a dynamic positioning operation at the time of data recording, and the
north-east plot of its track is shown in Fig. 4.3a

5.7.1 TMO applicable for ship navigation

The strapdown equations (5.10)—(5.11) can be extended with the auxiliary variable
p:h,l' applicable for marine surface craft navigation. The augmentation, first ap-
plied in Bryne et al. (2014), follows from the wave-induced motion of the surface
craft, by which the mean vertical position of the vessel is zero over time since the
heave position oscillates about the mean sea surface. From Bryne et al. (2015b)
and the references therein we may write:

1 (T
Py ZTIEISOTJ; pL(t)dt = 0. (5.45)

Based on (5.45) we augment the strapdown equations (5.10)—(5.11) by introducing
p; as a state with

Piog = Piv,zr (5.46)
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by integrating the vertical (down) position associated with the heave motion. This
motivates the inclusion of a new measurement pih,l = 0, denoted virtual vertical
reference (VVR) (Bryne et al., 2014, 2015b).

The resulting TMO takes the form,

ﬁ:b,l = ﬁ:b,z + SKmmﬁ;b,p (5.47a)
At At
Py = 4
0 K (5.47b)
2 2x1 | ~t St
<)t 5% )
0y, = —28(w},) 0y, + fiy + 8
o: 3 (021 - 2 Kop \ o4 (5.47¢)
i (Kvm) Pina*t g g )P
-t _ _ _b
&ip = ~R(7;)S(5},) Frnu
0 K (5.47d)
4 (021 =t 3 Kep | s
+9 (Képl)ptb,l +9 (0 0 )ptb/
5 i\ zb
fiy = R@}) Fau + &y (5.47¢)

where pj, ;= Py = Piy o Piy = Panss ~ (f):b,x’ﬁ:b,y)T‘ Kijp, and Ky are fixed
gains, while 9 > 1 is a tuning gain. Since the VVR provides pf T Oforallt >0,
the vertical estimates of X are self contained regardless of GNSS precision and
accuracy or GNSS position fix. The gains may be chosen such that the feedback
interconnection X; — X possesses uniform semiglobal exponential stability (Bryne
et al., 2015b).

5.7.2 Ship sensor configuration

We installed several MEMS inertial sensors on an AHTS vessel in operation in
the Norwegian sea. The ship had a Rolls-Royce DP system installed, with all the
onboard sensors’ output available to us, see Appendix A for more details. The
sensor configuration used was:

* 1x differential GNSS position measurement, p{. s = (0}, . P}, )T at1Hz
(only horizontal position is used).

* VVR:p},, =0, forall t >0 (see Section 5.7.1).

¢ 3x ADIS 16485 IMUs and 1x STIM300 IMU, each providing

b

— Tri-axial angular rate measurements, Wy

— Tri-axial accelerometer-based specific force measurements, f fMU

all interfaced at 1000 Hz.



114 CHAPTER 5. REDUNDANT INS

* Yaw measurements from a triple-redundant gyrocompass (GC) solution, ¢,
at 5 Hz.

For the performance and FDI evaluations, the IMU measurements are filtered with
a 6th order low-pass Butterworth filter with a cutoff frequency of 5 Hz.

For comparison, a VRU providing roll (¢) and pitch (0) signals at 5 Hz was
used. See Tab. 4.1 for specifications from the manufacturer. The specifications of
the IMUs installed are presented in Tab. 4.2.

5.7.3 Accelerometer bias estimation

In Bryne et al. (2016), it was found that the accelerometer biases were sufficiently
in-run stable over several days for attitude estimation, and a constant accelerometer

. . b . .
bias estimate b,.. was used. We will use the same approach here, meaning that

b b b
fivu,i = Fivui ~ Pace,i (5.48)

where f fMU*,i is the raw measurement from the IMU. Alternatively, the approach
of Grip et al. (2016) could be applied, augmenting (5.23) (or (5.47)) with an ac-
celerometer bias estimator subject to a persistent excitation requirement.

5.7.4 Full-scale testing: Noise reduction

To obtain some estimates for angular rate sensor and accelerometer noise, we
perform high-pass filtering of the raw measurements with a 6th order Butterworth
filter to remove bias and the vehicle motion, and calculate the standard deviation of
the result. An example of the output is seen in Fig. 5.4. This will at least give us the
possibility to compare the individual sensors to each other, and to the aggregated
output based on several sensors. The results are presented in Tabs. 5.1-5.2, and
show a slight reduction of noise. According to (5.16), we could have hoped for a
reduction by the factor of v/m ~ 1.73, but only for the z-axis angular rate sensor
do we come close to that number. This is due to ship vibrations affecting the IMU
noise reduction obtained by the LS weighting. Because of the noisy nature of the
IMU measurements, we will employ the low-pass filter mentioned in Sec. 5.7.2 for
the remainder of this chapter.

5.7.5 Full-scale testing: Attitude and heave performance evaluation

Both Alternatives 1 and 2 are compared with single-IMU solutions for attitude
and heave estimation, and the onboard VRU serves as reference. The results are
presented in Tabs. 5.3-5.4 in the form of mean error, root mean square error (RMSE)
and cumulative estimation error (CAE), and show that for attitude there really is
not much of a difference between the different alternatives and IMUs. This is in
compliance with the findings of Chapter 4, where it was discovered that the choice
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Figure 5.4: Noise estimates for z-axis angular rate sensor.

Table 5.1: Noise standard deviation estimates for angular rate sensors, in de-
grees/s.

ADISx3 ADIS1 ADIS2 ADIS3 STIM

Ogyrox 01162 0.1546 0.1545 0.1668  0.1252
Ogyro,y 01707 0.2101 0.2037 0.2073  0.1460
Ogyro,z  0.0776 0.1363 0.1194 0.1247  0.0881

Table 5.2: Noise standard deviation estimates for accelerometers, in m/s?.

ADISx3 ADIS1 ADIS2 ADIS3 STIM

Gacex  0.0557 0.0905 0.0400 0.0611 0.0432
Oacc,y 0.0441 0.0669 0.0343 0.0482  0.0485
Gace,z  0.0696 0.0749 0.0750 0.0746  0.0616

of estimator had more impact than the choice of IMU. Even using a significantly
more noisy signal yielded approximately the same estimation error compared to
the VRU. When it comes to heave estimation, the results vary more, and apparently
using a combined accelerometer input is favorable. Figs. 5.5-5.7 presents example
output from Alternative 2 for attitude and heave, where the weighted result is
denoted with w. Fig. 5.8 shows the fault-detection variables for both the parity
space method and quaternion averaging in a fault-free case.
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Figure 5.5: Attitude estimation with ADIS16485 quaternion averaging.

Table 5.3: Attitude estimation error compared to onboard VRU, in degrees.

ADISx3 ADISx3 ADIS2 STIM

Alt. 1 Alt. 2 (Tab. 4.6) (Tab. 4.6)
Roll mean error  0.0008 0.0011 -0.0007 -0.0044
Pitch mean error 0.0009 0.0009 0.0047 0.0016
Roll RMSE 0.0310 0.0328 0.0363 0.0299
Pitch RMSE 0.0653 0.0662 0.0670 0.0649
Roll CAE 648.28 687.92 759.80 628.99
Pitch CAE 1370.6 1389.1 1406.0 1357.5

5.7.6 Full-scale testing: Dead-reckoning performance evaluation

In Section 4.8, the dead-reckoning capabilities of the ADIS16485 and STIM300
IMUs were evaluated. It was found that they had similar potential, but with the
specific units available the STIM300 was slightly better. Now, we will exploit our
redundant ADIS16485 IMUs to see if there is any improve to be had in dead-
reckoning. As in Section 4.8.2, to obtain statistically significant results we perform
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Figure 5.6: Attitude estimation error with triple-redundant ADIS16485 quaternion
averaging.

Table 5.4: Heave estimation error compared to onboard VRU, in cm.

ADISx3 ADISx3 ADIS2 STIM

Alt. 1 Alt. 2 (Tab. 4.11) (Tab. 4.11)
Mean heave error -0.6147 -0.6147 -0.6511 -0.6005
RMSE heave 4.0515 4.0515 5.7766 10.523
CAE heave 855.93 855.93 1215.0 2207.3

60 dead-reckoning runs (using different fragments of the dataset) by comparing the
evolution of position errors after disabling GNSS feedback at selected intervals.
The position evaluation metric is created by taking the norm of the difference
between the horizontal components of pf, s and Pnss, defined as Ponss =
PGxss ~ Panss Where,

Ponss = Pry + R, (5.49)
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Figure 5.7: Heave estimation with triple-redundant ADIS16485 IMUs.

b

and where r; is the lever arm from the IMU to the GNSS antenna position such

that

IpEnsslle = llpt, + Ryrh — ply = R(g;)r0 D,
=y + (R, = R(@})) 7Ll (5.50)

For these tests, the exact same method as in Section 4.4.3 is used, employing
another TMO in cascade with ¥, estimating a residual accelerometer bias. The
feedback interconnection of (5.23d) containing the specific force estimate ff p is not
used in this observer structure, as this arrangement collapses in the face of position
reference outage. The outcome from the dead-reckoning test can be found in Tab.
5.5 where the results from Section 4.8.2 are included for comparison, and Figs.
5.9-5.10 (see also Fig. 4.10).

As we can see, using three IMUs does improve upon the dead-reckoning ca-
pabilities, especially for alternative 2 with quaternion averaging, approximately
matching the use of a single STIM300.
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Figure 5.8: Fault detection variables in fault-free case. Top: Parity space method for
angular rate sensor (Alternative 1). Middle: Parity space method for accelerometer
(both Alternative 1 and 2). Bottom: Quaternion fault angles (Alternative 2).

5.7.7 Full-scale testing: FDI

In this section we will use the same dataset as in Section 5.7.4- 5.7.6, and add
artificial faults to the accelerometer and angular rate sensor.

Accelerometer fault

An additional bias of 1 m/s? is added to the x-axis of ADIS2 at f = 20min. Since
the accelerometer FDI for both alternatives is based on the exact same parity
space method, the results are expected to be the same. Fig. 5.11 shows the fault
detection variables and the fault status of the faulty accelerometer. The faulty
sensor is removed in an orderly fashion, and practically no effect is seen on the
estimates. Since the parity space method only removes one axis, the observers
may still make use of the remaining eight axes to full effect.
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Table 5.5: Dead-reckoning results in meters.

ADISx3 ADISx3 ADIS2  STIM
Alt. 1 Alt. 2 (Tab. 4.15) (Tab. 4.15)

Mean error 1 min  3.6617 3.6276 4.3014 3.2885
Mean error 5 min  29.674 27.054 35.125 25.762

Mean error 10 min 96.749 82.869 102.12 83.927
Min error 10 min  7.5878 13.040 11.639 3.0962
Max error 10 min  216.09 210.73 264.03 231.74
RMSE 10 min 110.88 94.810 115.74 96.141
300 -
10
250 1 4
6
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%150
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Figure 5.9: Dead-reckoning errors obtained with three ADIS16485, alt. 1. Red
curve is mean error.

Angular rate sensor fault

For ADIS3, the gyro bias is increased by 1 deg/s on the y-axis at { = 20min. For
Alternative 1, we observe from Fig. 5.12 that the attitude estimates deviate when
the fault occurs, before converging back to its previous state. The reason can be
seen in Fig. 5.13: When one the faulty angular rate sensor axis is removed, the
bias balance of the combined sensor output is shifted, and the estimator needs
some time to estimate the new bias level. From Fig. 5.14 we can see that the fault
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Figure 5.10: Dead-reckoning errors obtained with three ADIS16485, alt. 2. Red
curve is mean error.

is detected and isolated sufficiently.

From Fig.5.15 we learn that the averaged attitude estimates of Alternative 2
are not significantly affected by the fault, while the one faulty estimator remains
erroneous. Fig.5.16 shows the fault detection and isolation at work. After a
transient period the first five minutes, the f; angles remain under the threshold
Qdet, before the fault occurs at t = 20min. The fault is then properly detected and
isolated, and the faulty estimator output is removed from the quaternion average.

5.7.8 Discussion

For the noise reduction, we did not achieve the theoretical levels from (5.16). This
is most likely because much of the noise is not independent from sensor to sensor,
but rather common mechanical vibrations or electrical disturbances. For the z-axis
of the accelerometer the reduction was only around 7%, strongly suggesting that
the noise is correlated. The STIM300 we used for comparison had a slightly better
noise characteristic than the individual ADIS16485s, but the combined output
brought the latter to the same levels.

As far as performance goes, not much was achieved for the attitude estimation
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Figure 5.11: Fault detection for accelerometer fault. Parity space method.

by combining the IMUs, while heave estimation saw some improvement. The
accelerometer plays a major role in this regard, so reducing the noise and bias
before using it in (5.47) is evidently helpful. Even though the STIM300 had better
noise characteristics according to Tab. 5.2, it proved worse than both the combining
of three IMUs and a single IMU of type ADIS16485. This probably has something to
do with the accelerometer bias in-run stability, which is a bit worse in specification
for STIM300.

For dead-reckoning, improvements were seen by using three ADIS16485 in-
stead of just one, with alternative 2 providing the best results. However, the
redundant IMU solutions still did not surpass the single STIM300. This seems
somewhat counter-intuitive, as the STIM300 apparently has an inferior accelerom-
eter, and one would assume that the accelerometer is of great importance during
position dead-reckoning. Seemingly, the angular rate sensor seems to be equally
decisive in this matter.

Fault detection and isolation for the accelerometer with the parity space method
proved successful. With much of the bias removed as per (5.48), the detection
variable Dget clearly indicated a detected fault, while (5.33) found which sensor
was misbehaving. For the angular rate sensors however, a problem arose as
shown in Fig. 5.13. The bias estimates were disturbed, causing a perturbation
in the attitude estimate. The quaternion-based FDI algorithm fared better in
this concern, quickly voting out the erroneous estimator. After the estimate of
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Figure 5.12: Attitude estimation error. Parity space method for angular rate sensor
(Alternative 1).

Alternative 1 has converged again on the other hand, this method has the upper
hand, seeing as eight gyro axes are still in play, versus only six in Alternative 2,
since a whole gyro triad providing input to the faulty observer is removed.
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Figure 5.13: Gyro bias estimates. Parity space method for angular rate sensor
(Alternative 1).
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Figure 5.14: Fault detection for angular rate sensor fault. Parity space method
(Alternative 1).
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Figure 5.15: Attitude estimation error. Quaternion FDI method angular rate sensor
(Alternative 2).
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5.8 Conclusion

Two alternatives for redundant MEMS IMUs using nonlinear observers has been
presented. One alternative was based on the classic parity space method, while
the other also employed a quaternion-based averaging, fault detection and fault
isolation scheme. The structural differences between the alternatives were layed
out, and we developed algorithms for both. The algorithms were validated on full-
scale experimental data acquired from an offshore vessel, using three ADIS16485
IMUs. A STIM300, with a better angular rate sensor, was used for comparison. In
addition, we also used the ship’s industry-proven sensors for comparison, while
the onboard gyrocompasses were used to aid the attitude observers. For attitude
estimation, there was little to gain from redundant IMUs in this context, while for
heave estimation and dead-reckoning there were some improvements.

Simulated faults were added to the signals for fault detection and isolation
(FDI). In the accelerometer fault case, the fault was detected and isolated rapidly,
and the FDI in this case was purely based on the parity space method in both alter-
natives. For the angular rate sensor fault, the parity space method implemented
here showed some weaknesses compared to the quaternion-based method, but
both methods successfully detected and isolated the fault.

For further work, one could consider finding ways of adding the accelerom-
eter to the quaternion-based scheme as well. This was not done here because
of the feedback-interconnection between the nonlinear attitude observer and the
aiding translational motion observer, that is somewhat sensitive to accelerometer
disturbances.






Position and Heading Reference Fault Detection
and Isolation

This chapter is based on Rogne et al. (2015).

6.1 Introduction

In DP classes 2 and 3, there are currently requirements for triple redundancy
in position reference systems and vessel sensors (see Chapter 8). However, as
discussed in the first chapter, complete independence may be hard to achieve,
with possibly only two different principles for position determination to lean on
in deep waters. This chapter looks into the use of IMUs as a separate principle for
position and heading information, in the context of nonlinear attitude observers.

In this chapter, three nonlinear state-of-the-art attitude estimators are com-
pared, with the motivation for usage in a fault detection and isolation (FDI) setup.
In Hua et al. (2014); Grip et al. (2013), the observers make use of magnetometer
readings as one of the vector measurements, while we employ a gyrocompass
instead. The contribution of this chapter is related to:

* Attitude observer characteristics and comparison

e Stability of a cascade comprising the nonlinear observers and a translational
motion observer aided by GNSS

¢ Simulation of two FDI cases with posref system and gyrocompass fault.

6.1.1 Organization of the chapter

In Section 6.2 the system kinematics and the observer dynamics are presented.
In Section 6.3 simulations are carried out in order to evaluate the capabilities
of the observers in a DP scenario with one failing posref system or one failing
gyrocompass.

129
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6.2 Attitude observers

6.2.1 The concept for comparison and FDI

GNSS 1 DGNSs1 5
Observer |—

—  GNss2  fPows 5
Observer —

92

Vessel Gyrocompass V6] L, 5
(simulator) 1 Observer —»

— 93

Gyrocompass |VGc2 L, P
2 Observer |—>

q4

IMU amu

DU

Figure 6.1: Four observers in parallel.

The three attitude estimators that will be compared are two variants of the
nonlinear estimator of Grip et al. (2013), and the observer presented in Hua et al.
(2014). One of them, as we shall see below, also provides estimates for position and
velocity, but these will only be used internally by the observer to aid the attitude
estimation. In order to compare them for FDI in position reference systems, a
translational motion observer aided by GNSS from (Fossen, 2011, Ch. 11) will be
added in cascade to all observers.

Fig. 6.1 shows the structure employed for detection and isolation of faults in
either of the two posref systems, GNSS 1 and 2, or either of the two gyrocompasses.
The notation is explained in Section 6.2.2. All the observers in Fig. 6.1 are identical,
only the inputs differ between them. A fault can be easily be detected by comparing
the measurements directly, since diverging values will indicate a fault. Isolation
of the fault on the other hand will require some form of analysis of the observer
outputs, and then tracing the fault back to the sensors feeding the observer.

For the simulation tests three such setups will be simulated in parallel, in order
to compare the observers presented in later sections.

6.2.2 General assumptions and notation
The following assumptions and simplifications are made:

¢ Earth rotation is neglected and the north-east-down frame {n} is assumed to
be the inertial reference.
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¢ IMU accelerometer biases are neglected, i.e. biases are assumed to be ac-
counted for in calibration.

* No lever arms between measuring equipment and vessel origin.
Notation:

* p., - position of the origin of the body frame {b} with respect to {n} expressed
in {n}

* o), - linear velocity of the origin of the body frame {b} with respect to {n}
expressed in {n}

* 1) - yaw angle between between {b} and {rn}

. “’Z , - body-fixed angular velocity

. bgyro - gyro bias

* g, - quaternion representation of rotation {b} to {n}

. RZ = R(qZ) and RZ = RZT are the rotation matrices to {n} from {b} and vice
versa, respectively

* S(x) - skew symmetric matrix:
0 —X3 X2 X1
S(x) =1 x3 0 —-x1|,x=|x
—X2 X1 0 X3
* g, - local gravity vector
o f %’MU - accelerometer specific force measurement in the body/vessel frame
. waMU - angular velocity measurement of the body
* Pinss - Position measurement

* 1), - gyrocompass heading measurement

The kinematics of the system can be described as follows:

P, =0, (6.1a)

on, = R@Dfh, + 8} (6.1b)
1 .

gy = 5Qw;)q; (6.1¢)

Pinss = Pop + Wp (6.1d)

Ye =Y+ wy (6.1e)
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where

(6.2)

0 —xT
Q0 = |, —S(x)]

where w, and wy represent disturbances or measurement faults on the position
and heading, respectively. The disturbances will change according to various
faults that might occur in the measuring equipment.

6.2.3 Nonlinear Observer 1
Nonlinear Observer 1a

This observer is a further development of the Explicit complementary filter with bias
correction described in Mahony et al. (2008). Observer equations from Grip et al.
(2013), sans GNSS velocity measurements and using gyrocompass heading instead
of magnetometer for the second vector measurement:

Brup = Oy + OKpp(Diinss = Play) (6.3a)
bup = Fup + 8h + Kop(Pinss = Pry) (6.3b)
Enp = —R@DS(E%,) fou+
S Kep(Pénss = Prup) (6.3¢)
A | A
gy = EQ(wnb)qZ (6.3d)
2b L 2b A
bgyro = Pro](bgyro/ —k]O'Zb) (6.36)
fun = RGY fivw + &5 (6.3)
8, = kio? X RT(§1)0" + kool x RT(§")0! (6.3g)
N Ab .
wfzb = w%MU - bgyro + GZb (6.3h)

where K vpr Kpp and K ¢p are gain matrices chosen such that A — KC is Hurwitz,
where

0 I; 0 K,
A=10 0 I; ,c=[13 0 0]1<= Kop
0 0 0 Kep

Furthermore, 9 is a tuning parameter larger than or equal to 1, used to guarantee
stability, k; > 0 is a gain, Proj(-, -) is a parameter projection that puts a restriction

on the estimate Bg see Grip et al. (2012a) for details. k; and k; of the injection

yro’

term 6Zh are gains satisfying k1 > k, and k> > k;, for a k, > 0. The other factors of
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(6.3) are:
b b b
» . Jivu b_ frvu X €,
1= b s v b
1f ol I fivu X €0l
(6.4)
AN AN
1 N 7 Y2 N n
||fnb|| ”fnbxcnbll
where
cos(c) 1
cﬁb = |=sin(ye)|, ¢, = |0 (6.5)
0 0

The position and velocity, and attitude estimators of Nonlinear Observer 1 form
a feedback interconnection. In Grip et al. (2013), this feedback interconnection is
proved to have a uniform semi-global exponentially stable (USGES) equilibrium
point.

Nonlinear Observer 1b

From (6.3) we notice that pl\ 4 is part of the observer equations of Nonlinear
Observer 1. In the case of a GNSS fault, this signal cannot be trusted, and may
cause errors in the attitude estimation and FDI. We therefore also test Nonlinear
Observer la without the feedback interconnection, and call the resulting observer
Nonlinear Observer 1b. In this case, the feedback from the position estimate is
removed. This is achieved by instead of (6.4), using:

b b b
vb:_fIMU vbz_fIMchnh
Yol R llgy <l
(6.6)
n n n
on= Sb_ o 86X
1~ T n n
gyl gy X ¢l

where g7 =[00 g]".

6.2.4 Nonlinear Observer 2

This observer is also based on the Explicit complementary filter with bias correction
described in Mahony et al. (2008). Observer equations from Hua et al. (2014), using
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gyrocompass instead of magnetometer for the second vector measurement:

PV AN
qZ = EQ(wnb)qZ (6.7a)
ab ~b Ab
boyro = —kobgyro + kpsata(Bgyyo) — 0 (6.7b)
ok = k10! x 8% + ka6 8! ' (0] x 8L) (6.7¢)
0b = k3o x 8% + kyvl) x 0} (6.7d)
N N
“’ﬁb = w%MU - bgyro + OR (6.7e)
where
b b
b _ fIMU b _ n”ijc
U == s Uy = p
g 170 ||
n 8 n nv{lcn (6 8)
vy = ;) Uy = ——— .
Y

o8 =RT(§])v}, 95 =R (§})v}

e = ||x|1P13 — xx "

Furthermore, ki, ko, k3, k4, kp and A are positive numbers. sata(-) denotes the
saturation function sata(x) = xmin(1, A/[|x||). k3 must be chosen to be strictly
larger than ky.

In Hua et al. (2014), the observer (6.7) is proven to be “almost-globally stable"
and locally exponentially stable, meaning that “for almost all initial conditions (...)
the trajectory (RZ (1), Egyro(t)) converges to the trajectory (R} (t), bgyro(t)) “"(Huaetal.,
2014), where ﬁZ = R(ﬁg’) and RZ = R(qZ ). In total there are three initial conditions
from which the observer will not converge, each one an unstable equilibrium point.

6.2.5 Translational Motion Observer aided by GNSS

The observer presented is basically the same as one found in (Fossen, 2011, Ch.
11) sans accelerometer bias estimation:

Prup = 0y + Ki(plnss — Py (6.9a)
A R " N
b = Ry @) frvy + 85 + Ka(pinss = Pry) (6.9b)

This observer was also employed with success in Rogne et al. (2014) together with
basic heading estimation, albeit under the assumption of known pitch and roll.



6.2. ATTITUDE OBSERVERS 135
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Figure 6.2: Cascade connection.

Stability of Nonlinear Observer and Translational Motion Observer in cascade

From (6.1) and (6.9), we obtain the following error dynamics for the Translational
Motion Observer, without disturbances:

, =", —Kip", (6.10a)
b = (R(4}) — R@)) frv — Kopy,
= (I - R OR! fhy - Kop", (6.10b)

al

n
n
An
Uﬂ

where 7, = P, - Db oy, =vl, - 0, and RZ = R(qZ)R(QZ)T is the error

nb
rotation matrix .

Proposition 1. Let (6.10) and the error dynamics of Nonlinear Observer 1 or 2 be
connected like in Fig. 6.2, with (6.10) as 3 and the Nonlinear Observer error dynamics
as 3, the tuning parameters K1 and Ky are chosen such that the matrix

_|-K1 I3
Ay = [_Kz 0}

is Hurwitz, and the tuning parameters of the Nonlinear Observers satisfy the conditions
found in Grip et al. (2013) or Hua et al. (2014). If all measured signals and biases are
bounded, then the origin of the observer error dynamics for the cascade comprising 21 and
3, retains the stability properties of 3.

Proof. Define the interconnection between X, and X as:
~ ~nT
h(t,Ry) == (Is— Ry IR} (HfY (D). (6.11)
Furthermore, it can be shown that

~ ~nT
Ikt R = 11(Is — Ry ORI fholl

~nT
= |3 - Ry ) fhull
< 2 fnax €] (6.12)

where fmax = max(|| ffMUll), & = [&1 &, &3] is the vector part of the quaternion §
associated with RZ, and ||€|| — 0 as RZ — I3. Above we have used the properties
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that ||R}!|| = 1and [|I5 - RZTH = ||7iS(&) — S(&)?|| < 2||&|| (Grip et al., 2013), where
ii is the scalar part of 4. With the condition of (6.12), and making sure A, is
Hurwitz, we now have a USGES subsystem in the case of Nonlinear Observer 1,
or an “almost-globally stable” and locally exponentially stable subsystem in the
case of Nonlinear Observer 2, connected to a globally exponentially stable linear
system by a linearly bounded interconnection h(t, R,). According to cascade
theory (Loria and Panteley, 2005), the cascade then retains the stability properties
of 22. O

6.2.6 Implementation

The nonlinear attitude observers are implemented using the proposed implemen-
tation in Hua et al. (2014), using exact integration of (6.3d) and (6.7a):

T||@ T T||@
||c2uk||)14+ mc( 1041

2

Gri1 = (cos( )Q((i)k)) gy

where sinc(x) = sin(x)/x and T is the time step.

6.2.7 Observer comparison

The attitude observers employ many of the same principles, such as fusing vector

measurements with IMU gyro output, and putting a bound on the estimate of the

~b
gyro bias by, by using the saturation function or the projection algorithm. This

is natural as they are all extensions of the work found in Mahony et al. (2008).

However, there are some major differences, the most important of which are
the vectors chosen for vi’ and o. In Nonlinear Observer 2 (Hua et al., 2014), an
assumption is made that ffMU ~ - gRZTeg,, where ez = [0 0 1]7. This means that
p,, i-e. the vehicle’s acceleration in the inertial frame 7 is considered negligible,
and that the accelerometer measures mainly the gravity components. This is also
the case for Nonlinear Observer 1b. In Nonlinear Observer 1a (Grip et al., 2013)
on the other hand, an estimate f Z p of p, is made with the help of position mea-
surements, and the estimate is fed into the injection term 6:: b ideally providing
more accurate information. This will become apparent if the vehicle on which
the observers are employed is faced with rotational motion or fast translational
motion, inducing Coriolis acceleration. Only the former will be an issue in a DP
scenario, where the vessel may be exposed to waves causing the vessel to oscillate
in all six degrees of freedom.

Another difference between the observers is that Nonlinear Observer 2 provides
a global decoupling of the roll and pitch estimations from the yaw estimations.
Their motivation is the somewhat untrustworthy properties of the magnetometer
used for yaw estimation, and the magnetometer’s effect on roll and pitch with-
out this decoupling (Hua et al., 2014; Martin and Salaiin, 2010). We employ a
gyrocompass instead, but still it gives the opportunity to tune the yaw estimation
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Algorithm 4 GNSS fault detection by threshold

1: X1 = PGNSs1,x, Y1 = PGNSS1,y
2: X2 = PGNSS2,x, Y2 = PGNSS2,y

3: 1 =+/(x1 — x2)2 + (y1 — Y2)?

4: if r > thldget,gnss then
5: Fault detected.
6: end if

independently of roll and pitch. This could prove valuable for FDI in gyrocom-
passes.

6.2.8 Fault detection and isolation

Various methods for FDI can be found in for instance Blanke (2001), Blanke et al.
(2006) and Gustafsson (2007). In this chapter however, since the main focus is on
the comparison of the different nonlinear observers, we will base the FDI scheme
on simple threshold values both for detection and identification. We will also limit
ourselves to detecting and isolating faults that appear as a semi-slow signal drift,
meaning here drifts that are slow enough to be difficult to detect and isolate imme-
diately, but fast enough to put the operation at risk. In our DP scenario, we define
this to be position and compass drifts below 1 m/s and 1 deg/s, respectively.

For detection of a fault, we will use the distance between the two measure-
ments we have available. When the distance reaches a certain threshold thldget, a
fault will be indicated, see Algorithm 4 for a GNSS example. When choosing the
threshold value, one must take into account normal sensor drifting, as to avoid
false positives.

The next step is isolation. Rogne et al. (2014) provides a discussion on how
sensor faults will affect the equilibrium points of the observer, and how the mea-
surement error of the observer may be used for isolation. For example, if the
GNSS is measuring values that differ too much from what the observer is estimat-
ing based on the IMU data, the measurement error ), = pi\ s = P, Will have
a transient response. Here we will monitor the outputs the Translational Motion
Observers’ position error for the GNSS, and the nonlinear attitude observers’ yaw
(or heading) error for the gyrocompasses, and check if the error passes a given
threshold thldis,, see Algorithm 5. The observers in the algorithm correspond to
the ones in Fig. 6.1.

6.2.9 Observer tuning

The main objective of the observers is the detection and isolation of faults, so gains
should be chosen with that in mind, while at the same time addressing the effects
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Algorithm 5 GNSS fault isolation by threshold
1: fori=1,i<=4,i++ do
22 j = GNSS connected to observer i
3 Pix = PGNsSj,x — Pixs Pi,y = PGNSSj,y — Pi,y

_ [52 2
4: ri=\Pis T Pi,

5: if r; > thld;s,cnss then
6: Fault in GNSS ;.
7
8

end if
: end for

of noise and other error sources. One should choose to have a not-so-aggressive
feedback, to keep the transients lingering for a while, such that the feedback does
not hide the fault. On the other hand, setting the gains too low could hamper
the estimating qualities of the observer too much, introducing lag and possibly
lowering the performance to the point where one would not be able to isolate faults
at all.

With basis in the gains and parameters for the observers found in their respec-
tive papers Grip et al. (2013); Hua et al. (2014); Rogne et al. (2014), we performed
a tuning process by trial and error. Nonlinear Observer 1a turned out to be some-
what more difficult to tune than the other observers. This is due to the feedback
interconnection structure of the former, meaning that tuning the position estima-
tion part is affecting the attitude estimation, and vice versa. In Nonlinear Observer
2, we also have a separation of yaw from roll and pitch, simplifying the tuning
process since the gains can be tuned somewhat independently. After the tuning
process, we opted for the following tuning parameters:

Nonlinear Observer 1a

ki =05, k» = 0.5, k; = 0.03
6 =3, Kyp = 0.613, Kop = 0.11I3, K¢, = 0.00615

and a parameter projection Proj(:, -) ensuring IIBbII < 0.51 deg/s.
Nonlinear Observer 1b
k1=0.1, ko =0.5, kr =0.03

and a parameter projection Proj(:, -) ensuring ||13b [| <0.51 deg/s.
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Nonlinear Observer 2

ki=0.1, k = 0.5, k3 = 0.006, ks = 0.005
ky =8, A=0.03

Translational motion observer

Ki = 0.113, K, = 0.0011;

6.3 Simulation

The simulations were carried out in MATLAB/Simulink R2013b using a dynamic
ship simulator in full 6-DOF, with waves, vibration and measurement noise (Fossen
and Perez, 2010). All measurements were set to have a zero mean normally
distributed noise, except for the posref systems that have a Gauss-Markov process,
see Table 6.1 for their parameters. The IMU had a sampling frequency of 100
Hz, the GNSS 5 Hz, and the gyrocompass 10 Hz. The observers were not part of
the feedback loop for the simulated DP system, as it is only employed for fault
detection and isolation.

Table 6.1: Measurement noises

Measurement Std. dev. Markov time constant
IMU acceleration 0.002m/s? || -

IMU gyro 0.08 deg/s || -

Position reference system xand y || 1.1 m 4 min

Position reference system z 22m 4 min

Gyrocompass 0.07 deg -

6.3.1 Case 1: Attitude estimation test

In the first case, a simulation of fault free operation was carried out. No faults
were simulated, as the goal of this test was to compare the performance of the
estimators.

As we can see from Fig. 6.3 - 6.8, all attitude observers manage well, but
Nonlinear Observer 1a seems to have the edge when it comes to bias, roll and pitch
estimation. For Nonlinear Observer 1b and 2 in Fig. 6.7 some of the wave motion
seems to pollute the bias estimates on roll and pitch, relating to one of the key
points of Section 6.2.7, namely the assumptions on the vessel’s acceleration.
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Figure 6.3: Case 1: Nonlinear Observer 1a IMU gyro bias estimates

6.3.2 Case 2: Position reference fault

In the second case, a position reference system was set to drift at a rate of 0.4 m/s
up to a maximum fault of 20 meters. The fault was introduced at t = 1000 seconds.
The vessel was keeping its position at the origin. The simulation results are shown
in Figs. 6.9 and 6.10. The performance of the translational motion observer when
it comes to estimating the position accurately is less than optimal, but our objective
with this observer is solely to detect and isolate failures.

To detect the fault is trivial from Fig. 6.9 and since we have diverging estimates.
A vertical dotted line in the figure marks the time when a fault has been the
detected by comparing GNSS measurements. From Fig. 6.10 showing the position
measurement errors of the translational motion observer, it is possible to isolate
the faulty output from GNSS 1. A significant transient occurs for Observer 1b and
2 during the sensor drift-away. Translational Motion Observer 1a seems to cancel
out the position error and keep it at lower level. This is likely due to the fact that
it receives its attitude from Nonlinear Observer 1a, which we recall has the GNSS
signal as part of the observer equations. When the attitude is estimated with the
help of the faulty GNSS signal, the attitude estimate cannot be trusted for use in
FDI of that same GNSS signal. However, the output of Observer la displays some
smaller transients at £ = 1000 when the position measurement drift starts and at
t = 1050 when the drifting ends.
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Figure 6.4: Case 1: Nonlinear Observer 1a attitude estimates

6.3.3 Case 3: Gyrocompass fault

In the third case, a gyrocompass was set to drift at a rate of 0.4 deg/s up to a
maximum fault of 20 degrees. The fault was introduced at ¢ = 1000 seconds. The
vessel was as before keeping its position at the origin. The results can be seen in
Figs. 6.11 and 6.12. As for the posref fault case, detecting a fault is trivial from
looking at the estimates themselves (Fig. 6.11 as they diverge. By considering the
heading estimation error (Fig. 6.12), we see that we may in this case use any of the
observers to isolate the fault with the chosen thresholds.

6.3.4 Discussion

As the simulation results demonstrate, Nonlinear Observer 1la seems to have a
slight edge on the others when it comes to fault free attitude estimation. This is
most likely due to the fact that Nonlinear Observer 1la estimates the acceleration
in the {n}-frame, while the others assumes that the acceleration is negligible. In
our simulations, wave excitations impose motion on the vessel, especially in the
heave direction, which will make significant contributions to the accelerometer
measurement ffMU

Nevertheless, all observers were able to isolate a faulty gyrocompass, and by
using the attitude from the Nonlinear Observers 1b and 2 as input to a Translational
Motion Observer aided by GNSS, we were able to detect and isolate a drift in GNSS



CHAPTER 6. POSITION AND HEADING REFERENCE FAULT DETECTION

142 AND ISOLATION
Nonlinear Observer 1b, rate biases (deg/s)
0.1 \ \ \
o *
—0.1 ! ! ! ! !
50 100 150 200 250 300
0.1 \ \ \ \ \
S
= 0 b
¥
—0.1 ! ! ! ! !
50 100 150 200 250 300
0.1 \
E 0 \ 7
_______ =
—0.1 ! ! ! ! !
0 50 100 150 200 250 300
Time (s)

Figure 6.5: Case 1: Nonlinear Observer 1b IMU gyro bias estimates.

measurement. By doing some appropriate tuning, Nonlinear Observer 1a in the
same cascade may be able to isolate the fault as well. However, that could impair
the observer’s performance and stability. In Blanke (2001), there are methods that
describe applying a filter to the measurement error, in order to generate residuals.
These filters should be designed so that noise and other error sources are masked
out from the residual. Applying such a filter to the topmost output shown in Fig.
6.10, may yield good fault isolation results while keeping up performance.

In Rogne et al. (2014) results very similar to Figs. 6.9 - 6.12 were obtained.
However, in this current work some of the restrictive assumptions in the previous
work have been removed, due to the nonlinear observers that we employ. First,
we now estimate roll and pitch alongside with yaw, instead of considering the two
former as known external signals. Second, in Rogne et al. (2014) the IMU gyro bias
was assumed to be accounted for beforehand, and was out of scope of the paper.
The observers we use in this chapter estimate the gyro bias, while still being able
to perform the FDI tasks completed in Rogne et al. (2014).
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Figure 6.6: Case 1: Nonlinear Observer 1b attitude estimates.
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Figure 6.7: Case 1: Nonlinear Observer 2 IMU gyro bias estimates.
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Nonlinear Observer 2, euler angles (deg)
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Figure 6.8: Case 1: Nonlinear Observer 2 attitude estimates.
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Figure 6.9: Case 2: Translational Motion Observer position estimates and true
position during posref fault test.
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Figure 6.10: Case 2: Translational Motion Observer position errors during posref
fault test, where the error is the difference between the measurement and estimate.
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during gyrocompass fault test.



CHAPTER 6. POSITION AND HEADING REFERENCE FAULT DETECTION

146

AND ISOLATION

Nonlinear Observer heading error (deg)

Obsv. la

[ Fault threshol(ﬂl

1000 1050 1100 1150 1200 1250 1300

Obsv. 1b

1000 1050 1100 1150 1200 1250 1300

Obsv. 2

PR OUPReOe T I

— Faulty ||
= Norma

1000 1050 1100 1150 1200 1250 1300

Time (s)

Figure 6.12: Case 3: Nonlinear Observer heading error during gyrocompass fault
test, where the error is the difference between the measurement and estimate.
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6.4 Conclusion

In this chapter we have compared three nonlinear attitude observers, in an attitude
and bias estimation test, and in two FDI scenarios. Nonlinear Observer 1a was
found to be slightly more suitable than Nonlinear Observer 1b and 2 when it came
to fault free attitude and bias estimation. In the first FDI test case, the nonlinear
observers were paired with a translational motion observer aided by GNSS to
detect and isolate a position fault. Nonlinear Observer 1b and 2 performed well
in this case, but Nonlinear Observer la fell a bit short, mainly because of its
dependence on the position measurement itself. In the second FDI case, the
attitude observers were used to detect and isolate a gyrocompass fault. In this
case, all three observers managed to isolate the source of the fault.






Position Reference Fault Detection and Isolation
with Lever-Arm Compensation and Heave
Estimation

This chapter is based on Rogne et al. (2016b), except Section 7.7 which is new.

7.1 Introduction

This chapter picks up the thread from the previous chapter, where the conclusion
was that attitude observers without dependence on position measurement is better
at that detecting faults in said signal, than position aided attitude observers. This
might seem simple enough, but the position aided observers have the benefit of
estimating specific force in the inertial frame, making them superior in the fault-
free case. Here we seek to combine these traits by employing virtual measurements
instead of position reference systems.

Also, a sensor that is required for DP vessels is the vertical reference unit
(VRU). Due to a DP vessel’s design the respective PosRefs are located far from the
nominal center of reference where the IMU may be located, as shown in Fig. 7.1.
A distance between 30-50 meters is not uncommon. Therefore, the VRU is used to
map the respective PosRefs” measurements from the measurement’s location to a
given point of interest utilizing roll and pitch readings provided by a VRU. Since
the distance between the PosRef and the point of reference can be quite large, it is
most important that the roll and pitch signals from the VRU is accurate. In this
chapter there are no assumptions on the PosRef location on the craft, unlike the
results of Vik and Fossen (2001); Grip et al. (2013); Bryne et al. (2014); Grip et al.
(2015) where the position reference is implicitly assumed located in the same point
as the IMU.

The main result presented in this chapter is twofold.

149
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Xn

PosRef

IMU /

Yn

Figure 7.1: Platform support vessel: Frames definition and illustration of the lever
arm from IMU to a GNSS PosRef

* Applying a three-stage observer design with uniform semiglobal exponential
stability (USGES) properties to estimate position, velocity and attitude. The
lever arm between the IMU and given position reference (PosRef) system is
taken into account, in contrast to previous results on nonlinear observers with
USGES. Hence, the VRU is functionally embedded in the observer design,
using the IMU.

* Fault detection of PosRef position measurements with slowly emerging and
varying faults using fault-diagnosis techniques and the observer structure
posed.

7.2 Preliminaries

7.2.1 General assumptions and notation

We employ two coordinate frames, north-east-down (NED) and BODY, denoted
{n} and {b}, respectively as seen in Fig. 7.1. NED is a local Earth-fixed frame, while
the BODY frame is fixed to the vessel. The origin of {b} is defined at the nominal
center of gravity of the vessel. The x-axis is directed from aft to fore, the y-axis is
directed to starboard and the z-axis points downwards. A notation similar to the
one in Fossen (2011) is used:

* p,, - position of the vessel with respect to {1} expressed in {n}

* v, - linear velocity of the vessel with respect to {n} expressed in {n}
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Y - yaw angle between between {b} and {n}

wfl , - body-fixed angular velocity

bgym - gyro bias

g, - a unit quaternion representing the rotation between {b} to {n}.

R} = R(q}) and Rﬁ = R(qZ) are the rotation matrices to {n} from {b}
and vice versa, respectively. The argument g, will be omitted for notational
simplicity when suitable.

S(x) - skew symmetric matrix:

0 —X3 X2 X1
S(x) =1 x3 0 —x1|,x=]x
—X2 X1 0 X3

g, - local gravity vector in {n}

f%’MU - accelerometer specific force measurement in the body/vessel frame
{b}

b

= “’Z p + bgyro - angular velocity measurement of the body

iy
P;OSRef - position measurement

Y. - gyrocompass heading measurement
pr bi” integrated vertical position

cZ p = [cos(1)c), —sin(y), 0] - vectorized compass measurement

¢, =11,0,0]T reference vector for compass
nb

The following assumptions are made:

IMU accelerometer biases are neglected, i.e. biases are assumed to be ac-
counted for in calibration or by online estimation, utilizing e.g. (Grip et al.,
2012a, Sec. IV).

There exists a bound fmax on the magnitude of the specific force f fMU.

b

wh iy and f fMU are uniformly bounded.

To guarantee uniform observability, there exists a constant vgps > 0 such that
| o X €lll = vops¥t = 0

We neglect measurement noise in the theoretical analysis, which is moti-
vated by the possibility to account for noise during tuning of the observer
parameters.
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7.2.2 Concept

In Chapter 6 attitude estimation for use in PosRef fault detection was discussed.
A main result was that a high quality attitude estimate is needed for successful
IMU-based fault detection in PosRef systems. It was discovered that PosRef-aided
attitude observers, such as the ones in Grip et al. (2013); Bryne et al. (2014); Grip
etal. (2015) are excellent for fault free operation, but they are inherently vulnerable
to PosRef faults. The attitude estimate should in this matter be independent
from position measurements. Also, because of our intrinsic requirement that the
position observer is as reliable as possible, while not filtering out information,
we cannot employ observers using uncertain thrust measurements and applying
wave filtering to their estimates, such as Fossen and Strand (1999); Fossen and
Perez (2009). Velocity measurements from PosRefs are in this design neglected
since without any in-depth knowledge of how the measurement is generated, one
cannot guarantee that the velocity information is independent of position. An
example of such PosRefs where this might be the case is (d)GNSS.

PosRef fault detection, including lever-arm compensation, is thus done with
three main components:

1. Estimating the attitude independent of the translational motion such that the
innovation from a given erroneous PosRef is not attenuated by a feedback
interconnection, but still aided by a virtual reference.

2. Lever-arm-compensated translational motion estimation — mapping the
PosRef measurement to the IMU’s location.

3. Monitoring of the innovation signal by use of an established algorithm for

detecting change in mean value.

7.2.3 System equations
The NED position of a PosRef relative a given position on the vessel is given as
b
pr = p?’osRef - RZrb (7.1)

where rlg is the lever arm between the origin of {b} and the PosRef as in (Fossen,
2011, Ch. 11.5). The kinematics of the system can be described as follows:

Pup = Onp (7.2a)

on, =Ry f'+ g} (7.2b)

q, = %Q(wﬁb)qz (7.2¢)

Yp = Phosret = Py + Rjr) +d, (7.2d)

Yy = IPC = 170 + Wy (7.26)
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where

Q(x) =

0 —xT
7.3
X —S(x)] (7.3)
where d, are noise and faults on the position measurement, and wy, is measure-
ment noise and faults on the gyrocompass.

7.3 Attitude and Heading Reference System

The methods of Grip et al. (2013); Bryne et al. (2014); Grip et al. (2015) estimate
the position, linear velocity and attitude where the position measurements affect
the attitude estimates in a feedback-interconnected structure. In the observer
presented below, the attitude is estimated independently of position measurements
such that any PosRef error is prevented from propagating to the attitude estimates.
The Attitude and Heading Reference System (AHRS) is however still based on the
feedback-interconnected structure of Grip et al. (2013); Bryne et al. (2014) consisting
of an attitude observer, X, and an aiding translational motion observer (TMO), Z,
as illustrated in Fig. 7.2.

7.3.1 Observer equations

The attitude observer of Grip et al. (2013), extended from Mahony et al. (2008);
Grip et al. (2012a) is given as:

: 1
1 = 5Q@),)a; 7.4a
5, 7b > @4y, (7.4a)
bgyro = Proj(bgyro, _kl(t)af,b) (74b)
with
&4y = kiv) X R@))TV] + kavh X R(3}) v} 7.5)
where
b b b
p_ Smu oy fruxe,
1=~ V2 s o, (7.6a)
”fIMUH ”f[MUXCHbH
ANl AN "
Xc
V{l = {Zb , V;’ = M (76b)
£ 1 fy x ™ ]
and d)ﬁb = waU - Bgym + 6'Zb, and Proj(-, ) is a parameter projection that restrict

the estimate b gyro, see Grip et al. (2012a) and references therein for details.

The estimate reference vector fZ , = R@)f fMU + &, is obtained by utilizing
the state §Zb from a translational motion observer ¥, based on these kinematic
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equations:

Pubt = Pup.z (7.7)

ﬁZb,z = UZb,z (78)

oh, = R} fvu + &) (79)

Furthermore, this results in the following TMO aiding the attitude observer
through a feedback interconnection:

ﬁ:h,l = ﬁZb,z + SszpzﬁZb,I (7.10a)
Prve = Do+ S KppiPry (7.10b)
0
A ~h -
or =futgr+9°| 0 Prost
Kop,
vax 0 0
51 0 K, 017, (7.10¢)
Yo 0 0 O
. 0
£, = —R@DS@) fgy + 94| 0 | Py, +
Képl
K};UX 0 O
8| 0 K, O[30, (7.10d)
0 0 0
Fuv = R@) fivo + &y (7.10e)
with p, =0, and v, = O such that ), = 0-py,  and &), = vy, — 07, The

virtual vertical reference (VVR) measurement, p|/, |, applied in Bryne et al. (2014,
2015b), is motivated by the average vertical position relative the mean sea surface
is zero.

The virtual zero-velocity measurement, v/, , is a natural choice since the ves-
sel is in stationkeeping mode where the velocity is small. In transit, the vir-
tual velocity signals can e.g. be chosen from the desired speed s;, obtained
from the auto pilot, and the measured heading 1. utilizing the mapping vy, =
[s4cos(Ye), sasin(ye), 0] or velocity signals from reference models such as (Fos-
sen, 2011, Ch. 10) applied in DP when the vessel changes heading and position.

7.3.2 Stability of the AHRS

In Proposition 7.1, a USGES stability results of the AHRS is obtained by exploiting
that ; — X is structurally similar to the £; — X, of Bryne et al. (2014).
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Proposition 7.1. The error dynamics of the observer £ — Lo is USGES if the gain 9 > 1
is chosen sufficiently large, the gains ki and ky satisfy k1 > kp and ky > kp for some
kp > 0, and measurements f{’MU and a)IbMU satisfy the assumptions in Sec. 7.2.1

Proof. By defining p, = p,, —p,, and fzb = fr, = fzb, we use that ¥, :=

[ﬁ:b % ﬁzb L f’Zb T, iZb 7]7, such that the error dynamics of (7.10) may be written
¥o = (A, — K,Cp) %, + Byil, (7.11)
where

i, = (I3 — RT)R(‘]Z) (S(wzb) + ffzb) -
RTR(g)SD) S, (7.12)

~b . .
= bgyro - b, and the matrices are given

R
with by gyTo

yro
(0 1 0 0 0
00 001
03x2 03x3 I3
| O3x2 03x3 03x3
-02><3 1
B, = |03x3| C,= |0
| I3 0

K, = SL'K(Ey,

A, =

(7.13)

S O O

o = O

— O O
=)

where

Ko = Ka,v
021 (7.14)

K, = blockdiag (vax' Koo, , 0) ’
Kll,cf = blOdelag (KUE,.{’ Kvé_‘/’ 0) /

and

11,1
Ls = blockdiag (1, 5 57l gl?’) (7.15)

such that Ey satisfies EgyC, = C,Ly and ii, is the perturbing term from the error
dynamics of X1. Since the C, the matrix is time-invariant, its pseudoinverse ct,
where t denotes the Moore-Penrose pseudoinverse, always has full rank. Eg can
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then be calculated as Eg = C,LsC Z From the results of Grip et al. (2013), extended
to incorporate the VVR by Bryne et al. (2014), the feedback interconnected system
of (7.4)—(7.10) requires that the matrix (A, — KoC,) is Hurwitz and that § > 1
is utilized to suppress any perturbing terms from Y. By defining n = LgX, the
transformed error dynamics becomes

1. 1.
371=(Aa = KoCo)p + @Baua. (7.16)

Since the error dynamics of (7.16) is equal to the corresponding error dynamics
in (Bryne et al., 2014, Eqs. (14)), the stability proof of Bryne et al. (2014), based
on the conditions of Grip et al. (2013), is applicable to prove that the origin of the
error dynamics of the feedback interconnected system X1 — X5 is USGES. The proof
in Bryne et al. (2014) involves compounded Lyapunov function candidates (LFC)
for (7.16) and the error dynamics of (7.4), and dominating any indefinite terms
relating the attitude and translational motion error dynamics in the compounded
LFC’s derivatives, using k1, k» and the high-gain-like parameter 9. O

7.4 Lever-arm-compensated Translational Motion Observer

7.4.1 Observer equations

We employ the observer found in (Fossen, 2011, Ch. 11) sans accelerometer bias
estimation, but with the lever arm for the position measurement:

P, =00, + Ky, (7.17a)

Ly on, = Ry frvu + 85 + Ko, (7.17b)
A A SN p

Phosret = Py + Ry 1y (7.17¢)

where
gp = pgosRef - ﬁlgosRef (7'18)

and RZ =R (f]Z) With& = [p}, 7,9",T]7, the observer (7.17)-(7.18) can be written

nb 7/
as:
% = A% + Bii +K(yp — Cx —Dun) (7.19)
where
0 I 00
A=[O 0],8—[0 I],C=[I o], D=[1 0]
and

= an
Ry fivu + 8
and the gain K = [K}j, K{]T is chosen such that A — KC becomes Hurwitz. The
terms Bii and D1 represent cascaded interconnections between Z; — X and Zs.
The overall observer structure is found in Fig. 7.2
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Figure 7.2: Feedback-interconnected and cascaded observer structure.

7.4.2 Stability of the Cascaded Interconnection Between the AHRS
21 - 22 and T™™O 23

Using (7.2), we put the translational motion system model in the state-space rep-
resentation

x =Ax+ Bu (7.20a)
y, = Cx +Du+d, (7.20b)
where )
n
u= [ n Ib{b rb n
R, fiu + 831

From (7.20) and (7.17)-(7.19), we can derive the error dynamics for the TMO
x¥=(A-KCO)x + (B-KD)ii — Kd, (7.21)

where ¥ =x —xand it = u — i1

From (7.21) we see that the sensor noise and faults d, will influence the esti-
mates, and this will be exploited in Section 7.5 to detect faults. However, for this
method to be successful the nominal estimator without faults needs to be able to
estimate the states in a consistent manner, so for now d, will be neglected in order
to evaluate the estimator stability.

Proposition 2. Let the gain matrix K be chosen such that A — KC is Hurwitz, and the
conditions of Proposition 7.1 be satisfied. If d, = 0, the origin of the error dynamics of
Zl - 22 — 23 is USGES.

Proof. Consider the nominal linear error dynamics of (7.21),

¥=(A-KO% (7.22)
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where the origin is GES since (A — KC) is Hurwitz. The error dynamics of (7.21)
is perturbed by (B — KD)ii where the input ii can be written as:

- A
P . RZrZ—ISZré; ]
Ry fomu + 8, — Ro fimu — 85
- o
(RZ _Aljb)zb
(R} - Ry) fivu

[ (I-RT)Ryr!
- N (7.23)
(13 - R R fIMU

where R = R} (RZ) T Taking the norm of i1 and i, and applying that “RZ =1,
I3 —RT|| = ”175(5) - 8(5)2” < 2||&||, where fj is the scalar part of g, yields:

Il =] (1s - R7) Ry

l 1l < 21]|€]| (7.24)

izl = || (I3 = RT) R} fiuo|

2]l < 2 fmaxlIEl (7.25)
where | = ||rZ||, fmax = max(llffMUll), & = [& & &] is the vector part of the

error quaternion § associated with R, such that if ||| — O then, R — I3. While
satisfying the conditions of (7.24)-(7.25), Proposition 7.1, and adhering to (A — KC)
being Hurwitz, the GES error dynamics (7.22) is perturbed by the USGES error
dynamics of X1 — X via a linearly bounded cascade connection. Then, according
to Loria and Panteley (2005), the error dynamics of the total system X; — X — X3 is
USGES. O

7.5 Fault Detection

There exist numerous PosRefs available for DP. In this work we have chosen to focus
on dGNSS faults, in particular non abrupt errors which in general are difficult to
detect.

We have a selected a method from Blanke et al. (2006) to detect the fault itself,
see below.

7.5.1 Types of faults

There are several GNSS errors that manifests themselves as faults on the GNSS
receivers’ outputs, like ephemeris, troposphere, satellite clock, multipath, iono-
sphere and receiver errors (Grewal et al., 2013, Ch. 7). Some of these may be
alleviated by employing differential GNSS (Grewal et al., 2013), but there are
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still cases where error causes faults in the receiver outputs leading to potentially
dangerous situations. Chen et al. (2009); Johansen et al. (2005) describes three
manifestations as such:

¢ Position jump
e Slow drift
* Rapid drift

The focus will be on drifts, as detection of jumps or wild points is relatively easy
and well established, see e.g. (Gustafsson, 2012, Ch. 7.6).

7.5.2 Drift detection

For detecting position drifts, we will monitor the innovation signal 7, for any
discrepancies or transients caused by d,,, in a similar way as in Rogne et al. (2014)
and Rogne et al. (2015) (see Section 6.2.8. In those papers, the TMOs were tuned
so that the fault could literally be spotted by monitoring the 7, directly, but this
caused the accuracy of the position measurement to suffer.

However, in contrast to those rather basic methods, a well established fault de-
tection technique will be used in this chapter. (Blanke et al., 2006, Ch. 6.7) provides
the algorithm “CUSUM algorithm for detection of a change in the mean of a Gaussian
sequence”. The motivation for applying this algorithm is that one could reliably
detect faults, while at the same time tune the observer to maintain a reasonably
accurate position estimate, because of the algorithm’s more sophisticated analysis
of the innovation signal. Transient changes in the innovation signal as described in
Rogne et al. (2014, 2015), should be detected adequately by the CUSUM algorithm.

The steps in the algorithm involves:

¢ Initialization:
- Assess mean and standard deviation §, in fault free operation by sta-
tistical analysis of the signal.

— Specify change of mean to be detected, as well as mean time for detection
and false alarm

— Tune the algorithm parameters to make the output comply with the
detection requirements

¢ While running;:

- Acquire new data ¥,
- Input new data to decision function

— If decision function output is larger than a threshold based on the
initialization, i.e. the mean has changed enough, raise an alarm.



CHAPTER 7. POSITION REFERENCE FDI WITH LEVER-ARM
160 COMPENSATION

— Estimate time of fault occurrence

For slowly emerging PosRef faults, even minor errors in bias compensation,
both for rate gyros and accelerometers, will affect the fault-detection ability since
larger PosRef injection is needed if such errors sources is not compensated for
sufficiently well. Also, the signal-to-noise ratio of a given PosRef measurement
will affect how the decision function of the CUSUM algorithm is tuned. The
algorithm must be able to distinguish between normal sensor output variation,
and the rarer faults and drifts that may occur. A natural consequence of this is
that the fault detecting abilities are limited by the noise in the nominal case.

This chapter presents a fault detection strategy applicable for loosely coupled
GNSS/INS integration. For tightly coupled integration strategies, other and per-
haps better performing methods might be used, such as Receiver Autonomous
Integrity Monitoring, known as RAIM, presented in e.g. (Groves, 2013, Ch. 17.4)
combined with an inertial measurement unit.

7.6 Simulation Case Study

The simulations were performed in MATLAB/Simulink R2013b, making use of
a dynamic ship simulator in full 6-DOF with waves (Fossen and Perez, 2010), a
simulated DP controller and added measurement noise. All measurements were
set to have a zero mean normally distributed noise, except for the position reference
system noise which was modeled as a Gauss-Markov process Mohleji and Wang
(2010), see Table 7.1 for their parameters. The IMU had a sampling frequency of 100
Hz, the GNSS 1 Hz, and the gyrocompass 5 Hz. The observers were not part of the
feedback loop for the DP controller. The chosen lever arm was rZ =[30, 0, =20]T
corresponding to the PosRef providing measurements in a point 30 meters in front
of and 20 over the IMU.

Table 7.1: Measurement noises

Measurement Std. dev. Markov time constant
IMU acceleration 0.002m/s? || -

IMU gyro 0.08 deg/s || -

Position reference system x and y || 1.2 m 8 min

Position reference system z 24m 8 min

Gyrocompass 0.07 deg -

7.6.1 Observer tuning

For X1 we used the gains k1 = 1.0, ko = 1.5, k; = 0.03. The high-gain like parameter
for X was chosen O = 1. For the gains Ky and K for ¥, and X3, respectively, we
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employed the continous-time steady-state Riccati equation, similar to the Kalman-
Bucy filter Kalman and Bucy (1961), with the following covariance matrices:

Qy, = blockdiag(0.1%I3,0.15°I3)
Ry, = diag(75%,5%,5%)

Qy, = blockdiag(03x3, 0.1%I5)
Ry, = diag(4.8%,4.8%,9.6%)

For the CUSUM algorithm we set & = 15 and p; = £1, where h is a tuning
parameter for the algorithm sensitivity, and u; is the change we want to detect.
We refer to (Blanke et al.,, 2006, Ch. 6.7, pp. 245-247) for the details of these
parameters.

7.6.2 Fault free position, velocity and attitude estimation

In the first case we did a basic simulation of estimating bias, attitude, position
and velocity. The results can be seen in Figs. 7.3 - 7.5. As can be witnessed, the
observers managed fairly well in this task.
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Figure 7.3: Case 1 (no fault): Bias estimates.
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Figure 7.4: Case 1 (no fault): Attitude estimates.

7.6.3 Drift detection

In the second case, the position reference system was set to drift at f = 1000s in
the North direction with the drift shown in Fig. 7.6. The results are laid out in
Fig. 7.7. As the topmost plot reveals, the position estimate followed the faulty
measurement trustingly. However, the graph in the middle shows the estimation
error ¥, .o, from which we can faintly see some spikes just after £ = 1000s
when the drift started, and at t = 1100s, around the time the drift stopped. The
bottom plot shows the alarm output of the CUSUM algorithm. The first alarm
were raised at about ¢t = 1014s, at which point the drift profile has just not yet
reached 1.5 meters. The algorithm also raised an alarm at the end of the drift
profile, indicating another change of mean. Furthermore, no false alarms were
raised during the simulation run.

7.6.4 Discussion

The results of simulation Case 1 and 2 tell us that the proposed observer and fault
detection scheme manages well in both disciplines — both accurate estimation
and fault detection. This is in contrast to the methods in Rogne et al. (2014,
2015), which had to tune their equivalent of X3 very relaxed in order to catch the
fault. In opposition to Rogne et al. (2014, 2015), the proposed detection scheme
is based on a CUSUM algorithm. To ensure that the innovation 7, resembles a
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Figure 7.6: Case 2: GNSS measurement drift.
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gaussian sequence over shorter sampling intervals, the tuning is chosen to have
larger feedback compared to the results Rogne et al. (2014, 2015). With a more
relaxed tuning, #, will resemble a Gauss-Markov process due to the simulated
noise characteristics of the dGNSS. It this case, the chance of false positives might
increase. Nevertheless, in a practical system, the tuning might still have to be more
relaxed for robustness and sensitivity to a wider range of drift rates.

With an alarm being raised for drifting before reaching 1.5 meters, this proves
that the system is a viable way of detecting faults early in the drift’s progress even
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Figure 7.7: Case 2: Top: Position estimate, GNSS measurement and real GNSS
position. Middle: position estimate error. Bottom: CUSUM algorithm alarm

output.

tough the drift scenario here is seemingly more difficult, compared to those in
Rogne et al. (2014, 2015), since the drift is smooth, as seen in Fig 7.6, as opposed to
a ramp shape (see Section 6.3.2).

7.7 Full-Scale Verification

The drift detection of Section 7.6.3 has, after the completion of Rogne et al. (2016b)
upon which this chapter is based, been applied to the same DP dataset as in
Chapter 4 (Fig. 4.3a), with the added drift of Fig. 7.6. The sensor used was the
STIM300. The results can be seen in Fig. 7.8, corresponding to the simulated
results of Fig. 7.7. As we can see, the CUSUM algorithm successfully detected the
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position drift also in this test.
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Figure 7.8: Case 2: Top: GNSS measurement and position estimate. Middle:
position estimate error. Bottom: CUSUM algorithm alarm output

7.8 Conclusion

We proposed a three-stage nonlinear observer based on IMUs aided by a posi-
tion reference system. The position reference system was assumed to be placed
at a distance from the IMU, necessitating the need for lever arm compensation.
Connecting a feedback interconnected AHRS to a translational motion observer in
cascade, USGES properties were proven for the three stage observer. The observer
was put in tandem with an established algorithm for fault detection, and sim-
ulations demonstrated that scheme has the capacity to detect slow drifts within
a position reference system. A simple full-scale verification of the same result
displayed similar capabilites.






INS in Fault-Tolerant Dynamic Positioning

This chapter is based on Bryne et al. (2017b).

8.1 Introduction

The International Maritime Organization (IMO) have issued guidelines for vessels
with dynamic positioning (DP) systems (International Maritime Organization,
1994) to reduce the risk of loss of position during DP operations. Classification
societies have defined class notations based on these guidelines. The DP classifi-
cations are dependent on vessel type, operation and the potential consequences in
the event of loss of position. These range from equipment class 1 to 3, while some
societies also operate with equipment class 0.

The general functional requirement is that single failure in an active component
should not result in loss of position. This is handled by redundancy in all active
components, where redundancy, according to DNV GL (2013), is defined:

Redundancy. The ability of a component or system to maintain its
function when one failure has occurred. Redundancy can be achieved,
for instance, by installation of multiple components, systems or alter-
native means of performing a function.

For equipment class 2 and 3, the following main rules are given by MSC/Circ. 645,
International Maritime Organization (1994):

¢ Equipment class 2: Redundancy in all active components.

¢ Equipment class 3: Redundancy in all active components and physical sep-
aration (A.60) of the components.

Equipment class 1 (and 0) allow for loss of position in the event of a single failure.
Therefore, these classes will not be dealt with further. A more detailed description
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is given in Tab. 8.1, where class notations from DNV GL, American Bureau of Ship-
ping (ABS) and Lloyds Register (LR) are given. Concerning the sensors system on

Table 8.1: DP Classifications

Description IMO Class notations

Related to automatic and man- DP Class DNV GL ABS LR
ual position and heading con-
trol

In case of single fault excluding ~ Class2  DPS2 DPS-2  DP (AA)
loss of a compartment. DYNPOS-AUTR

Two independent computer sys-

tems.

Specified maximum environ-

mental conditions.

Single fault including loss of  Class3  DPS3 DPS-3 DP (AAA)
a compartment due to fire or DYNPOS-
flood. AUTRO

Two (or more) independent
computer systems.

Extra back-up system separated
by A60 class division).
Specified maximum environ-
mental conditions.

a DP vessel, both DP notations related to equipment class 2 and 3 often implement
the redundancy requirement by enforcing a triple-redundancy sensor related in-
stallation. In the authors’ opinion, this practice has so far not taken advantage of
the full potential of MEMS inertial sensors, obtained from recent developments,
and the knowledge of upside and downsides with the different standard onboard
sensors. The triple-redundancy requirements may also in certain circumstances
impair robustness and safety since the potential downsides outweighs the poten-
tial upsides. Especially so related to the wind sensor where the conclusions from
Stephens (2011), state that using the wind sensor is not essential for maintaining
positing and, in fact, that using wind-feed-forward control can be detrimental in
stationkeeping.

This chapter proposes an alternative sensor configuration to that of today’s
state-of-the-art class notations. The configuration has low-cost redundant MEMS
IMUs at its center. With this structure, the redundant IMUs, with appropriate
software, have the potential to replace existing sensor solutions. In addition, dual-
redundant PosRefs and gyrocompasses are deemed sufficient to maintain position
and heading. The latter is due to fault detection and identification (FDI) of the
PosRefs and gyrocompases obtained by exploiting the redundant IMUs and es-
timators. Moreover, the sensor structure is compliant with the main principle
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of both equipment class 2 and 3; no single point of failure in an active (sensor)
component shall results in loss of position. With IMUs, all accelerations, induced
by forces affecting the vessel, are measured directly by accelerometers. Therefore,
the wind sensors can be circumvented without impeding the DP control perfor-
mance. Furthermore, the industry-standard VRU solutions can also be replaced
since the vessel motions are obtained using the same redundant-IMU configu-
ration and sensor fusion. All in all, the proposed sensor configuration has the
potential to significantly reduce the cost of dynamic positioning systems without
compromising safety.

8.1.1 Nomenclature

¢ {b} - BODY coordinate frame

* {t} - tangent frame equivalent to north-east-down (NED) where {t} is Earth
fixed and rotates with the Earth rate

¢ {i} - inertial coordinate frame
* p!, € R?-position in {t} frame
* v, € R3 - linear velocity in NED frame

L wfb € R - angular rate of the vessel({b} frame) relative the inertial frame in
the BODY frame, given in the BODY frame

o f ?h € R? - specific force of the vessel({b} frame) relative the inertial frame in
the BODY frame, given in the BODY frame

* ¢, 0,y -euler angles: Roll, pitch, yaw

* R(y) € SO(3) - rotation matrix: For rotating the BODY z-axis to the NED
frame

* R} € SO(3) - full rotation matrix

. rZ € R3 -leverarm from vessel CO to given position reference system (PosRef)
* pl - north position components given in {t} (similar to NED)

. pty - east position components given in {¢} (similar to NED)

. utbb, vtbb - surge and sway velocity

® r-yaw rate

* 1, - generalized force vector

e M - mass matrix. M > 0 € R3%3,

D - linear damping matrix. D > 0 € R3*3,
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8.2 Sensor and Control Systems

8.2.1 DP sensor systems

Several types of sensors are applied on a DP vessel. IMO and the classification
societies differentiate between position references (PosRef) systems and (external)
vessel sensors. PosRefs provide localization of the vessel, local position relative
some known point or global positioning, and can be based on differential global
navigation satellite systems (AGNSS), e.g. dGPS, dGLONASS, dBeiDou, hydroa-
coustic position reference (HPR), optical (e.g. Fanbeam, CyScan) and microwave
(RadaScan, Radius). The other vessels sensors consist of three main types:

* Gyrocompasses: Providing heading measurements, ¢.

* Wind sensors: Providing measurements of wind speed and direction. With
these signals, wind forces and moments are calculated using wind coeffi-
cients and a model of the wind projection area.

* VRUsl/vertical reference sensors(VRSs): Provide roll (¢), pitch (0) and
sometimes heave. These signals are primarily utilized for leverarm com-
pensation of PosRefs to a given point of the vessel/center of orientation
(CO);

ptCO = pf’osRef - Ri ((P’ 9’ IP)TZ (81)

8.2.2 DP control system

The sensors are related to the control problem illustrated with the simplified vessel
model, Fossen (2011),

1 =R@)v (8.2)
M7v = =DV + Tenvir + TDPc (8.3)

where n := (plg . Plo ) )T and v = (u?, 0, 7)T are vessel’s horizontal gener-
alized position and velocity, respectively. Furthermore, the generalized environ-
mental forces on the vessel are represented by

Tenvir = Tcurrent T Twaves T Twind t+ Tices (8.4)

where Tppe = —Twind + Top is the vessel controller induced force. The forces ob-
tained from the wind sensors, £ind, can be utilized in wind-feed-forward control.
In addition, the DP controller signal, Tpp, is used to compensate for current, wave
drift and possibly ice forces and moments.
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8.2.3 Inertial measurement units (IMUs)

An IMU provides measurements of tri-axial angular rate and specific force, pro-
vided by rate gyros and accelerometers, respectively, corrupted with noise and
other error sources such as biases:

b
Yy

b
f MU

Both type of error sources are mitigated with estimators and observers which are
well established (Titterton and Weston, 2004; Farrell, 2008; Groves, 2013) in the
literature.

b, 4.b
@y, + bgyro + Egyro (8.5)

f?h + bgcc + ‘c—acc- (86)

8.2.4 Inertial navigation system (INS)

An inertial navigation system can be utilized to estimate the vessel’s position, ve-
locity and attitude (PVA). In addition, the inertial sensor biases are estimated by
utilizing aided INS. Aided INS is implemented with some sensor fusion software
based on e.g. extended Kalman filters (EKF), (Farrell, 2008; Groves, 2013) or non-
linear observers (NLOs), Bryne et al. (2016); Rogne et al. (2016a) and the references
therein.

The INS can be realized by mechanizing the strapdown equations based on
the IMU measurements; see e.g. Farrell (2008). For DP, this can be done be e.g.
choosing a tangent representation of the NED frame, taking the form

Piy = Vs 87)
o}, = —2S(w},)v}, + R} f) + 8} (8.8)
R = R S(w}y) - R S(w],). (8.9)

8.3 Current DP Sensor Configurations and Classifications

The current DP sensors classification are based upon MSC/Circ. 645, International
Maritime Organization (1994). Related to PosRef, MSC/Circ. 645 states:

1. Position reference systems should be selected with due consideration to
operational requirements, both with regard to restrictions caused by the
manner of deployment and expected performance in working situation.

2. For equipment classes 2 and 3, at least three position reference systems
should be installed and simultaneously available to the DP-control system
during operation.
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3. When two or more position reference systems are required, they should not
all be of the same type, but based on different principles and suitable for the
operating conditions.

4. The position reference systems should produce data with adequate accuracy
for the intended DP-operation

5. The performance of position reference systems should be monitored and
warnings provided when the signals from the position reference systems are
either incorrect or substantially degraded.

6. For equipment class 3, at least one of the position reference systems should
be connected directly to the back-up control system and separated by A.60
class division from the other position reference systems.

Furthermore, the IMO guidelines have put fourth the following guidelines related
to the remaining vessel sensors:

1. Vessel sensors should at least measure vessel heading, vessel motions, and
wind speed and direction.

2. When an equipment class 2 or 3 DP-control system is fully dependent on
correct signals from vessel sensors, then these signals should be based on
three systems serving the same purpose (i.e. this will result in at least three
gyrocompasses being installed).

3. Sensors for the same purpose, connected to redundant systems should be
arranged independently so that failure of one will not affect the others.

4. For equipment class 3, one of each type of sensors should be connected
directly to the back-up control system and separated by A.60 class division
from the other sensors.

DNV GL has, based on these guidelines, created classifications related to the nec-
essary amount of sensors as presented in Tab. 8.2. The resulting sensors structure
is illustrated in Fig. 8.1. This structure has the benefit of being intuitive where con-
sequent triple redundancy makes it easy to perform FDI if one sensor fails, since
the two remaining exclude the erroneous one with majority voting. However,
this is not optimal since the specific force and angular rate inertial sensors con-
tained in the VRUs are not exploited in the FDI of the PosRefs and gyrocompasses.
Moreover, usage of the wind sensors is non-optimal and potentiality detrimental
for stationkeeping capabilities, Stephens (2011). Here, taking advantage of con-
temporary high-quality MEMS sensors, with a relatively low cost, can serve as
an alternative in the force calculations, (DNV GL, 2013, Appendix B), currently
done by the wind sensor. The benefit of the inertial sensors are that regardless
of the wind speed, direction and distribution, the induced vessel’s accelerations
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Table 8.2: Current Sensor configuration classifications required by DNV GL (2013)

Sensors Class2 Class 3
PosRef 3 3
Wind 3(2)2 3(2)2
External sensors Gyro compass 3 3
VRS/VRU 3(2)P 3

@ Three for DYNPOS-AUTR and AUTRO. Two for DPS 2 and DPS 3.

> Three for DYNPOS-AUTR. Where necessary for the correct func-
tioning of position reference systems, at least three vertical refer-
ence sensors are to be provided for notation DPS 2

and angular velocities are measured directly, whereas for the wind sensors, the
respective locations are important to obtain the correct forces. The wind force
calculations are also sensitive to errors in the wind coefficients, projection area in
addition to the speeds and directions measured. Moreover, the triple-redundant
sensor requirement is also a cost driver of DP systems.
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Figure 8.1: Current sensor structure of PosRefs, gyrocompasses (GC), VRUs and
wind sensors. It is also common to use VRUi to motion compensate PosRefi and
not use the averaged roll and pitch signals .

8.4 Proposed Sensor Configuration

The proposed sensor configuration, based on triple-redundant IMU measurements
and dual-redundant PosRefs and gyrocompasses, is given in Tab. 8.3 and depicted

Table 8.3: Proposed sensor structure for DP

Sensors Class2 Class3
PosRef 2 28
Gyrocompass 2 22
MEMS IMU 3 32
WindP 0 0

2 Minimum 1 is subjected to A.60 class di-
vision for fire and flooding protection.
Zero for positioning (wind-feed-forward
control). One for weather predication and
satisfying IMO Circ. 465. is applicable.

b
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Figure 8.2: Proposed sensor structure. Detailed overview of the dual-redundant
FDI is presented in Fig 8.3.

in Fig. 8.2. In contrast to the current class notations, the wind sensors are removed.
This design is based upon applying sufficiently many inertial sensors such that any
single fault in any of the IMUs’ axis measurements are detectable and identifiable.

Inertial measurements that are deemed fault-free are weighted /averaged and
then utilized in an FDI framework used to validate PosRefs and gyrocompasses.
In addition to the inertial sensors and dual PosRefs and gyrocompasses, the FDI
framework is based on redundant estimators. The weighted/averaged IMU mea-
surements also form the basis for obtaining the inherit VRU solution, by estimating
roll, pitch and heave, without any use of distinct VRUs. In addition, since specific
force and angular rate measurements are available, an INS can be sufficient as DP
estimator, and vessel-model-based DP estimator is not necessary. This claim is
supported by developments of INS-based wave filters (Bryne et al., 2015a), where
wave filters are utilized to prevent the oscillatory wave-induced motions to be
considered by the control system, Fossen and Perez (2009).

8.4.1 Redundant IMUs instead of VRUs

State-of-the-art redundant-VRU FDI is based on signal processing of the respective
roll and pitch outputs (¢p1, P2, ¢3 and 61, 02, 03) before providing the DP system
with averaged roll and pitch estimates (¢avg and Oayg). These, together with the
averaged gyrocompass measurements are utilized for leverarm compensation of
PosRefs. The VRUs are based on some type of inertial sensors, MEMS or other
type of inertial sensing technology. Therefore, we propose that the averaging is
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performed at the IMU level (as in Chapter 5) before estimating the VRU solution,
providing roll, pitch and heave estimates, still based on redundant sensing. How-
ever, now only one set of VRU-output estimates are provided. The VRU solution
is obtained from the INS, depicted in Fig. 8.3. The VRU solution can be carried out
with or without aiding from PosRefs, and the former is done in Bryne et al. (2016).

In order to ensure that IMU faults are detection and identified, a parity-based
FDI can be applied (Section 5.5), which is well established for redundant inertial
sensing (Sturza, 1988). Redundancy in just the inertial sensors at the input level
and in both inertial sensing and attitude estimation output can be applied in order
to achieve appropriate FDI. The result of Section 5.7.5 also indicate that averaged
accelerometers are beneficial for heave estimation performance.

8.4.2 Dual vs. triple-redundant PosRefs and gyrocompass

The idea behind triple redundancy in PosRef systems and vessel sensors is that
if one of them fails, it is straightforward to identity the faulty sensor by voting
algorithms. Also, for performance, the combined, weighted output of three sys-
tems surpasses that of a single system. However, especially for PosRefs, common
mode faults and disturbances reduce the advantages that may be reaped from such
configurations if identical systems are used. The average of three false outputs is
still false.

For position reference systems in DP, there are cases where one might not
be able to utilize three separate systems operating by different principles. In
deep waters, it is conceivable that only GNSS and HPR are available. Adding a
third position reference then means adding a second one of the existing types,
potentially leaving the navigation system more vulnerable than was the intention
of the triple-redundancy requirement. This is where an INS could be useful,
providing position information that is independent from the position reference
systems, and even from any external factors like satellites for GNSS and seabed
transponders for HPR.

Usage of INS in a DP context is not new. As several papers (Vickery, 1999;
Faugstadmo and Jacobsen, 2003; Paturel, 2004; Stephens et al., 2008; Carter, 2011;
Russell, 2012) discuss, INS might be used in DP for enhancing position refer-
ence systems by filtering noise, increasing update rates, removing outliers, and
providing position through dead reckoning (DR) during PosRef outages. While
testifying the great effects and upsides the deployment of an INS may have, these
references primarily suggest using one or two IMUs per position reference sys-
tem for performance, and not fully integrate a redundant IMU solution in the DP
system. Bryne et al. (2015a) and Rogne et al. (2015) demonstrated the potential
for using IMUs as a mean for fault detection and isolation in triple and dual po-
sition reference systems, and Rogne et al. (2016b) for fault detection in the case of
having a single position reference. Granted, INS based on MEMS might not be
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satisfactory as a separate position reference, as in the purported purpose of such
systems. An unaided MEMS INS tends to drift quite a lot after a while, staying
within 5 meters in 1 minute (Rogne et al., 2016a), but for fault-tolerance usage,
w.r.t. to PosRef fault detection, this might still be acceptable performance-wise.
For PosRef errors develops slower that this (~ 10 cm per second) other information
might be necessary for FDI. However, in such situations, the DP operator also have
more time to make a decision regarding the ongoing DP operation. Using the
zero velocity measurement applied in Rogne et al. (2016b), could improve cited
results, but that remains to be investigated. With the help of a fiber optic gyro
(FOG) or ring laser gyro (RLG) angular rate sensors, such a system may fare even
better. In Paturel (2004), an unaided INS was demonstrated to stay within GPS
accuracy for over 2.5 minutes. Another option is to use tightly coupled integration
of GNSS/HPR and IMU such that integrity monitoring of each of the individu-
ally measured (pseudo)ranges, from the respective satellites/transponders to the
receiver /transducer on vessel, can be carried out. This might improve FDI in the
event of slowly evolving PosRef errors or faults.

For gyrocompasses, the concern of non-independence does not carry the same
burden, as one gyrocompass is inherently independent from another. The ar-
gument for reducing the number of these vessel sensors rather comes down to
cost and performance. Compared to even the highest quality MEMS angular rate
sensor available for purchase, a gyrocompass is quite expensive. Addtionally, in
situations where the vessel is subject to relatively high-dynamic yaw rates, the
traditional gyrocompass, atleast the mechanical ones, might lag behind the out-
put of a MEMS-based INS. In Rogne et al. (2016a), a MEMS-based INS running
unaided from gyrocompasses, stayed within one degree on average for an hour
over 12 runs compared to the reference. Rogne et al. (2014, 2015) investigates using
IMUs for FDI in gyrocompasses, discovering that this is easier than for position
because there is only one integrator between the IMU measurement (angular rate)
and state (heading), as opposed to two integrators for position (from acceleration
to position). For the reasons above, one could easily imagine replacing a gyro-
compass with a triple-redundant MEMS IMUs configuration, as the latter is also
useful in other parts of the DP system. State of the art within MEMS angular rate
sensors also allows for a single IMU to be utilized as a heading reference for a
limited amount of time if both gyrocompasses are unavailable.

8.4.3 Using IMUs instead of wind sensors in force and moment
calculations

A ship can be exposed to environmental forces and moments as indicated in (8.2)—
(8.3). The forces and moments may stem from current, waves, wind and is some
cases ice loads. Wind sensors, measuring wind speeds and directions, together
with using models including wind coefficients related to the wind projection area,
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Figure 8.3: Dual-redundant FDI concept using observers and signal processing
based on observer-innovation monitoring.

are utilized in order to calculate the wind forces and moments. These calculations
are prone to errors in measurement of wind speed, direction and projection area.
The wind is not necessarily uniform such that the location of the wind sensors
of the ship also can influence these calculations (sheltering effects due to sensor
location, structure-induced turbulence etc.), Stephens (2011). In addition, the wind
force also must be lowpass filtered such that force from wind gusts is prevented
to enter the control loop, Fossen (2011).

Reliable environmental force estimates can be obtained by exploiting the IMU
measurements, since the inertial sensors measure vessel motions induced by the
environment and the control system. Reliable accelerations and angular velocity
responses, due to wind (or other environmental forces), are obtained regardless of
wind type and wind sensor location with the redundant IMU configuration pre-
sented above. Based on this and the other estimates from the INS, the unknown
aggregated environmental forces can be obtained by augmenting the vessel model
(8.2)-(8.3), with the non-physical quantity b € R®. This quantity represents un-
modeled forces and moments, in our case forces and moments due to wind, waves,
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current and possibly ice, without using the wind sensor, even for wind loads with
moderate and faster dynamics. The resulting model can take the form:

i1=R@)v, (8.10)
v=M"'(-Dv+b +1pp,) (8.11)
b=-T"p. (8.12)

The matrix T € R¥? can be chosen as a diagonal matrix consisting of the axes’ time
constants, which are considered as tuning variables. For control purposes one can
design an estimator or observer for the vessel model (8.10)—(8.12), to estimate b
using the measurements

n
Pins,x

n
Pins,y
YINs

ol
INS,x
o , (8.13)
INS,y
b
a)IMU,avg,z

b
fIMU,an,x

b
fIMU,an,y

obtained from the INS and the averaged redundant inertial sensors. By putting
the system on a general dynamic form,

x=f(x,u), (8.14)
y = h(x,u), (8.15)

where x = (n;v;b) and u = Tpp and

(8.16)

n
h(x,u) = RZ(HZ})V , Cace = (O 1 0

10 0)

CaceM ™! (=Dv + b + Tpp)

The residual generalized force b is easily estimated with e.g. an extended Kalman
filter without utilizing the wind sensors since b is the only state that is not mea-
sured. In addition, the two upper components of the left-hand side of (8.11) is
measured by the weighted accelerometer measurements. This facilitates a highly
responsive estimate of b. Other examples of such strategies centered towards DP
in managed ice is Kjerstad and Skjetne (2014). Since accelerometer measurements
are available, acceleration feedback in harsh weather conditions is also possible
(Lindegaard and Fossen, 2001).
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8.5 Discussions

8.5.1 Cost vs. robustness

It can be argued that dual-redundant PosRefs and gyrocompasses are less robust
than triple redundancy. Cost-wise dual-redundancy is favorable especially since
both the wind sensors and VRU can be replaced with IMUs. Also saving one
PosRef and gyrocompass contributes to reduce cost. In order to increase reliability
further, one can spend money on more modern gyrocompass products, based on
FOG, hemispherical resonator gyro (HRG) or RLG technology, Armenise et al.
(2010), instead of traditional mechanical gyrocompasses in need of more frequent
maintenance. In a life-cycle perspective modern gyrocompasses may be cost-
effective and while being more reliable than traditional mechanical products.

The case was made earlier that common mode failures reduce the benefits of
having two references of the same type. Regarding GNSS however, having two
antennas and systems on board is still beneficial, as a separate heading reference
could be obtained for free from the vector between them if the GNSS antennas are
located sufficiently apart from each other, Rinnan et al. (2012); Gade (2016). Because
of physical separation principles, partly due to class A.60 division requirements,
and partly to protect one self from GNSS shadowing, one should in any case place
one system at a distance from the other.

The economical argument may on the contrary also be used against having
only dual redundancy in sensors and position references. Triple redundancy may
facilitate increased uptime in the event of a failed sensor, resulting in that ongoing
operations may be continued until a replacement unit can be acquired. If an INS is
employed as in our proposed sensor configuration, one would still have the means
to detect faults and stay in Class 2 or 3.

8.5.2 Testing of DP system with proposed structure

Testing of DP systems is currently carried out with Failure Mode and Effects Analy-
sis (FMEA) (DNV GL, 2012), a qualitative methodology for systemically analyzing
reliability and redundancy by investigating each possible failure mode, followed
by sea-trials in which certain aspects of the FMEA tests are verified. Within to-
day’s DP system architecture, FMEA is an effective tool to verify how sensor errors
and faults propagate, and if fault barriers are functioning properly, but it is not
without its weaknesses (Spouge, 2004). While DP FMEA is geared towards hard-
ware, components and tangible systems, a more recent advancement in testing
is hardware-in-the-loop (HIL) testing (Johansen et al., 2005) where DP control
computers are verified in a simulation environment. In this regime, it is possi-
ble to scrutinize the software of control systems not only as a single failed /not
failed component, but also how they respond to different inputs, possibly leading
the system to danger later on. HIL is receiving more and more attention, where
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Karlsen and Ruud (2010) presents an optional enhanced reliability classification
notation based on this DP system testing framework. Rokseth et al. (2016) goes
even further, beyond the realm of software and hardware, including human opera-
tors and organizations together with traditional components in a system-theoretic
process analysis (STPA) scheme. Rokseth et al. (2016) argues that the current focus
on redundancy and component failure is too narrow, and that a broader strategy
such as STPA could be applied to complement current testing programs.

With a new system- and risk-based approach for design DP control systems,
and perhaps even with current systems, more sophisticated testing beyond today’s
FMEA should be considered. Because of ever more sophisticated software and
hardware arrangements, sensor faults and failures are not guaranteed to propagate
predictably, but ultimately depends on a system that is more than the sum of its
parts.

8.5.3 In case of loss of all PosRefs: Vessel-model-based dead
reckoning (DR)

Results have shown that the position estimates of MEMS-bases INS drift fast in
the event of loss of aiding, Rogne et al. (2016a), Section 4.8.2 and Section 5.7.6.
Therefore, in the event of loss of all PosRefs, usage of vessel-model-based DR using
the DP estimator is advised since this has better natural stability properties due to
the damping term, —Dv, in contrast to the kinematic model of (8.7)—(8.8) based on
pure integration, which is utilized by the INS. The DR performance of the model-
based DR may also be improved by still using both the averaged accelerometer
and rate gyro measurements, in addition to the heading measurements from the
gyrocompass in the event of PosRef loss.

8.6 Conclusion

We have presented a new structure for dynamic positioning vessel sensors and po-
sition reference systems. The case was made that much of current DP redundancy
requirement may not improve the safety of operation as intended. Employing
low-cost triple-redundant IMUs, we described many advantages that follows from
using such technology: First, a vertical reference unit inherently follows from the
inclusion of IMUs. Second, fault-tolerance is improved, in some cases, because of
independent measurement principles. Third, the wind sensor can be expelled from
DP control, by measuring environmental forces directly with the IMUs, instead of
through uncertain wind measurements and models.

A dual redundancy in both gyrocompasses and position references was pro-
posed. For gyrocompasses, we argued that two sensors for redundancy are
enough, and that fault detection and isolation could be carried with the help
of MEMS IMUs. For position reference, two GNSSs and an independent system
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was recommended, as in deep water operation generally only two types of systems
are available (GNSS and HPR). Two GNSSs with a sufficient baseline between them
would allow for position reference based heading. In case of loss of both position
reference systems, we suggested falling back on a vessel-model-based estimator.
Some faults could be detected and isolated by MEMS IMUs, but for slowly emerg-
ing faults more information is need, for instance from integrity monitoring of the
position reference system through tight integration.

We noted that new methods for testing beyond FMEA should be applied when
moving towards risk- and system-based design, but remarked that new methods
are already being investigated and to some extent applied.

All in all, the inclusion of MEMS IMUs is arguably profitable. With low cost,
but high value, both performance and fault tolerance is potentially increased.



Concluding Remarks

This dissertation set out to investigate the use of nonlinear observers (NLOs)
and MEMS inertial measurement units (IMUs) for navigation. In an illustration of
platform independence, two widely different vehicles were studied in experiments:
an unmanned aerial vehicle (UAV), and an anchor handling tug supply (AHTS)
dynamic positioning (DP) vessel.

For the UAV, loosely and tightly coupled integration of an IMU with a global
navigation satellite system (GNSS) were explored. Using a real time kinematic
GNSS solution as reference, the tight integration was naturally favored, being a
more elaborate scheme for sensor fusion.

For the AHTS DP vessel, an extensive array of tests and analyses were con-
ducted: Attitude and heave estimation, dead reckoning in heading and position,
fault detection and isolation (FDI), comparison of NLO variations and of two differ-
ent MEMS IMUs: ADIS16485 and STIM300. The tests were executed using either
one MEMS IMU or a redundant configuration of IMUs. Results in all categories
were favorable, showing that in attitude and heave estimation the NLOs were on
par with classic methods such as the extended Kalman filter. The ADIS16485 was
better for heave estimation, while STIM300 was the preferred choice for unaided
heading estimation and position dead reckoning. Using three ADIS16485 in a
triple-redundant configuration improved heave estimation and dead reckoning
compared to employing a single one, while for attitude estimation any improve-
ment was negligible.

Simulation studies comparing NLO variations in a position and heading ref-
erence FDI context were provided, showing that NLOs for attitude estimation
should be completely independent of position references for detection of fault in
such systems. Consequently, an NLO with virtual aiding for use in DP was pro-
posed. Further, an established method for FDI was employed in a novel way to
detect slow drifts.

An attempt to paint a broader picture was done in the final chapter. Based
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on the newfound knowledge of this thesis, a case was made to create a new DP
sensory structure and review current DP classification. New ideas in system-
and risk-based thinking were promoted, to allow for integrated INSs to become a
natural part of a DP system.

After seeing nonlinear observers engage MEMS based inertial sensors in such
a fruitful relationship, the conclusion is that these methods and sensors have a
strong potential and promise for navigational use, in dynamic positioning and
other areas such as UAVs. The NLOs are computationally efficient, the MEMS
IMUs are small and relatively low-cost, and the equations are model-free and thus
platform independent, meaning that any navigation system can reap the benefits
in performance and fault tolerance portrayed in this work.

Future Work

Standing at the end of this dissertation and looking ahead, there are several topics
for research that could be interesting to look into. First and foremost, performing
studies with experimental data from more sensors than was presented should be
considered, especially for the chapters covering ships. We only used the hori-
zontal position measurements from the GNSS, whereas horizontal velocity was
also available. With access to more detailed information from the receiver such as
pseudoranges and range-rates, we could also have performed studies with tightly
coupled integration to further improve results in redundancy and position ref-
erence FDI. Additionally, as mentioned in the last chapter, dead reckoning with
vessel model is compelling, but requires the control forces from the DP system
acting on the vessel. A comparison beckons, between pure unaided INS and
vessel-model-based navigation to back up the claim that the latter is superior in
dead reckoning.

All of the estimators presented were implemented offline, so to implement a
real-time version running off of live data would be intriguing. Following that, a
full-scale closed loop verification of both performance and fault tolerance with the
control system is also in order, as an ultimate way to assert the results.



Full-Scale Experiments

In cooperation with Rolls-Rolls Marine AS, a hardware setup consisting of several
MEMS IMUs and computers was deployed on an anchor handling tug supply
vessel owned by Farstad Shipping. The vessel was similar to the one depicted in
Fig. A.1a, and the path of the ship during the experiments can be seen in Fig. A.1b.

(a) AHTS vessel. Courtesy of Rolls-Royce
Marine AS. (b) The ship’s path.

Figure A.1: An AHTS vessel and its path during experiments.

The sensor payload can be seen in Fig. A.2a, and contains:
¢ Vibration isolated sensors:

- 1xSTIM300 IMU
— 3xADIS16485 IMU

¢ Non-isolated sensor:
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- 1xADIS16485 IMU

* 2x BeagleBone Black for collecting data from the ADIS16485 IMUs via SPI
¢ Intel NUC for communcating with STIM300 IMU via RS422
¢ Network switch

® 5V and 12V power supply

The payload was installed next to the vessel’s VRUs, Fig. A.2b, while a server

responsible for saving data coming in at 1000 Hz was placed in the instrument
room, Fig. A.2c.

s
<
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w

z

(a) Payload interior. (b) Payload location.

(c) Server saving data.

Figure A.2: IMU sensor payload and server installed on AHTS vessel.
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Data gathering and synchronization

There were some challenges related to the collection of data, the main one being
that our IMU data and the traditional DP sensor data from the ship was logged
at two different systems. This caused some synchronization issues between the
datastreams, which had to be manually corrected offline. The IMU logging was
done with our own software and hardware, while the DP data was collected with
a solution provided by the DP vendor. Admittedly, there were also some internal
synchronization problems in our payload. While all the IMUs were logged at
approximately 1000 Hz, none of them were perfectly in sync. This was because
of a decision to make do with commodity hardware like BeagleBone Blacks and
an Intel NUC. With more focus on real-time properties, for instance by employing
a field-programmable gate array, we could have had more accurate timestamping
and simultaneity internally. However, this was not a problem in practice as we
could do any time corrections offline. For a real-time implementation this might
have an effect, but the dynamics are relatively slow compared to the sample rate
of the IMUs, and there are ways to deal with asynchronous inputs as described in
Chapter 3.
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