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Resumo

Uma formagao de satélites em 6rbita tornou-se a tecnologia chave para missoes espaciais presentes
e futuras. Este conceito permite ir muito além dos objectivos cientificos alcancados pelas estruturas
monoliticas predominates até aos nossos dias. Contudo, este tipo de sistemas multi-satélite nao se
obtem simplesmente transpondo as técnicas ja existentes em satélites tinicos. Outros factores tém de ser
considerados, tais como a coordenagao dos elementos da formacao.

Este trabalho foi motivado pela necessidade de desenvolver um método que usa uma arquitectura
descentralizada para estimagdo dos componentes de translagdo e de rotacao (6 graus de liberdade) do
vector de estado completo de uma formacgdo de N-satélites. Assim, tem-se a vantagem de eliminar a
dependéncia de um tnico satélite central, sendo o fluxo de informagao apenas entre pares de veiculos,
enquanto proporciona a estimativa do estado completo da formagao em cada veiculo. Este trabalho
apresenta uma formulagdo mais geral, que se aplica a estimacao do estado total de uma formacao de
N-veiculos. Com esse propdsito, a teoria de grafos é usada para modelar o fluxo de medidas e informagao
entre os veiculos da formacao, estudar o impacto que a quebra de uma ligagdo (por exemplo devido a
falhas de um ou mais veiculos) tem no desempenho do algoritmo, e estabelecer requisitos necessédrios
para a robustez do algoritmo a alteragoes da topologia do fluxo de informacao e de medidas relativas.
O método de estimagdo é baseado no Filtro de Kalman Estendido (EKF), quando sdo usadas medidas
locais obtidas num veiculo, e o algoritmo Intersecgao de Covariancia (CI), quando é usada a informagao
obtida a partir de outro veiculo da formagao. Os algoritmos desenvolvidos sao aplicados a uma simulagao
realista de trés satélites numa 6rbita de transferéncia geoestaciondria (GTO), cendrio actual de referéncia
para a missdo Darwin da Agéncia Espacial Europeia (ESA). Sdo apresentados resultados de experiéncias
realizadas com o estimador de estado inserido dentro e fora da cadeia de controlo da formagao. Os
principais resultados demonstram a implementacao com sucesso do estimador proposto, a importancia
de usar estimativas de outros veiculos, de modo a obter-se as componentes do vector de estado que nao sao
estimadas localmente, bem como o uso do método de CI para combinar varidveis correlacionadas. Outros
resultados relevantes incluem a qualidade alcangada pelos algoritmos de navegagao, por comparagao
o limite inferior de Cramer-Rao (PCRLB), a robustez dos algoritmos a incertezas de paramétros, a
importancia de afinar a matrizes de covaridncia do ruido do processo e das observacoes usando os testes
de consisténcia, testes da estimativa normalizada do erro quadratico (NEES) e da inovagao quadrética

normalizada (NIS), e confirmado pela comparagdo com o PCRLB.

Palavras-chave: Filtro de navegacao descentralizada, estimacao do vector de estado completo de
uma formagao de veiculos, filtro de Kalman estendido, método de interseccao de covaridncia, teoria

algébrica dos grafos, navegacao de uma formagao de satélites.
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Abstract

Formation Flying Spacecraft have become the key enabling technology for today and future space
missions. This concept has enabled scientific objectives to move beyond those accomplished by the
restricted single monolithic structures predominant until now. However, design and implementation of
this type of multi-spacecraft systems is not simply scalable from that of single spacecraft platforms, as
extra factors such as coordination within the formation need to be considered.

This work was motivated by the need to develop a method that uses a decentralized architecture to
estimate the 6 Degrees of Freedom (DoF') translational and rotational components of a full-order state
vector of a formation of N-spacecraft. This would have the advantage of eliminating the dependence on
a single master spacecraft while still enabling the full state to be determined.

The thesis presents a general formulation of the problem of estimating the full state of N-vehicle
formation. Graph theory was applied with three main objectives in mind: to model the measurements
and the information flow within the formation; to analyse the impact of a connection breakdown (a vehicle
failure, for example) on the performance of the navigation algorithm; and to establish requirements for
the algorithm to be robust to changes in the topology of the measurement graph and the information
flow graph. The estimation method is based on an Extended Kalman Filter (EKF) for measurements
obtained locally by each vehicle’s sensor and a Covariance Intersection (CI) algorithm for information
communicated by other vehicles in the formation.

The developed algorithms are applied to the realistic simulation of a three-spacecraft system that
emulates the European Space Agency (ESA) Darwin mission. Results of experiments with and without
the estimator in the Guidance and Control loop are presented. Realistic simulations show that the
implementation of the proposed 6DoF navigation filter was successful. The use of information from
other vehicle’s estimates to compute the non-observable state vector components not estimated locally
was shown to be both important and feasible, as was the use of the CI method to fuse correlated entities.
Other relevant results include the accuracy of the achieved full state vector estimates and the navigation
quality by comparison with the PCRLB (Posterior Cramer-Rao Lower Bound); the capability of the
navigation algorithms to overcome the initial error, to overcome environmental disturbances and to
track control changes; the navigation’s robustness to uncertainty of the parameters; and the importance
of tuning the process and measurement noise covariance matrices using the Normalized Estimation Error
Squared (NEES) and the Normalized Innovation Squared (NIS) consistency tests, as confirmed by the
comparision with the PCRLB.

Keywords: Decentralized navigation, formation state estimation, extended Kalman filter, covariance

intersection, algebraic graph theory, formation flying spacecraft.
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Glossary

DARWIN A ESA space-based interferometer that will operate in the infrared part of the spectrum.
Its principal aims will be to search for Earth-like planets around nearby stars and then look for

signatures of life, such as the presence of ozone in the atmosphere.

Deep Space originally it was used to refer to any region of space beyond the Moon’s orbit, but nowadays
it is used to refer to any region beyond the orbit of Mars. In this work, it means a region that is

outside the field of the NAVSTAR constellation.

Formation center is the formation reference orbit frame, or formation center, which from all spacecraft
in the formation position themselves to. It is described by its orbital elements and not necessarly
placed in the center of the formation. In this work it is identified by the Local Vertical Local
Horizontal (LVLH) frame.

Geostationary Orbit a orbit with a period of one sideral day (1436.6 minutes) with zero inclination

and eccentricity, i.e., an equatorial and circular orbit.

Geostationary Transfer Orbit (GTO) An elliptical orbit, with an apogee (high point) of 35,784 km,
a perigee (low point) of a few hundred km, and an inclination roughly equal to the latitude of the
launch site, into which a spacecraft is initially placed before being transferred to a geosynchronous

or geostationary orbit.

Guidance, Navigation and Control

Guidance The process of directing the movements of an aeronautical or space vehicle, with par-

ticular reference to the selection of a flight path or trajectory;
Navigation the process of estimating the formation state;
Control the process of tracking the planned path, rejecting perturbations in given frequency

range(s).

Interferometer An instrument, consisting of linked telescopes, which collects the electromagnetic ra-
diation arriving from an astronomical object along two or more different paths, and combines
the results to form an interference pattern. The resulting resolution is much higher than that

achievable by the component telescopes working independently.

J2 disturbance includes the point mass effect as well as the dominant effect of the asymmetry in the

gravitational field, representing the North/South hemisphere Earth oblateness.
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Michelson Interferometer The Michelson interferometer is an optical instrument that combines two
separate light beams by splitting a beam of monochromatic light so that one beam strikes a fixed
mirror and the other a moving mirror. When the reflected beams are brought back together, an

interference pattern results.

NAVSTAR A global positioning system (GPS), often referred to (particularly in the U.S.) as the
GPS or NAVSTAR-GPS, which is based on a global system of 24 US Department of Defense
navigational satellites (21 operational plus 3 spares), completed in 1993 and designed to provide
time, position, and velocity data for ships, planes, and land-based vehicles, and for many other
purposes. The NAVSTAR satellites are arranged in six planes, each in a 12-hour, 20,000-km-high
orbit. They transmit signals that allow the determination, to great accuracy, of the locations of
special receivers. These receivers can be fixed on Earth, or in moving vehicles, aircraft, or in

satellites in low Earth orbit.

Orbital parameters standard orbital parameters or Kepler parameters, semi-major axis, eccentricity,
inclination, right ascension of the ascending node, argument of perigee, true anomaly, (¢smz, €ccs

icty Raan, @, 0¢) parameterize an eccentric orbit.

Science Experiment is when the instruments or devices onboard the spacecraft are taking pictures or
collecting data for later analysis, i.e., the science mission is being performed, which usually occurs

only during certain periods of the orbit.

Secular Drift is a gradual drift, taking place over a long period. Secular change is a continuous,
nonperiodic change in one of the attributes of the states of a system. Secular perturbation is a
slow, continuous change in one of the elements of an orbit. Secular stability is a condition in which
the equilibrium configuration of a system is stable over a long period of time. A secular variable

is a star whose brightness changes over centuries.
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Notation

Vectors and Matrices

Variables are denoted by upper and lower case letters in italic type, as for example, w for quaternion.
Vectors are defined as column vectors denoted by lower case letters in boldface type, as the vector x

with dimension n, x 1:

or
1

LTn

x

Throughout this work the state vector will be defined as x and we will use the subscript ij in the state
vector, X;;, to denote the vehicle’s index and not to define the position of state vector components in
the state vector.

In case the vector stands for physical quantities, the vector components are x, y, z, instead 1, 2, 3, as
T T
for example the angular velocity, w= { Wp Wy Wy ] . When two vectors, b= p; --- b, and

T
c= [ 1 o Cn, are embedded components of the vector a, then vector a is written as follows,

<[ o’

or

T
a:|: bl P bnb Cl ... C'ILC :|

Matrices are denoted by upper case letters in boldface type, as the matrix C made up of elements

[¢n,m], of dimension (n. x m.), as follows,

C1,1 Cl,m.

C= [C’n,m] =

cnc,l e Cncmc

Also the columns of the matrix can denoted by lower case letters as vectors where in subscript is indicated
the z, y, or z corresponding to the first, second or third columns, as follows, C=| ¢, ¢, ¢,

A graph is denoted by the symbols, B, X, ¥ F, and .
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Ry, Ry, R3
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Ty(D)

Ti, T3
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Adjacent matrix (N x N), associated to the graph D, definition 46.
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Vertex set of graph R, defintion 5.

Vertex ¢ of a graph N, or vertices of the a formation, with

i =1,2,.., N vehicle, definition 5.

Weight variable from Covariance Intersection (CI) method.
Process noise in continuous time.

Process noise in discrete time.

Perturbations affecting the ‘"

vehicle of a formation.

Full-order state vector in continuous time of a N-vehicle formation.
X is the estimate of vector x, definition 1.

X is the estimation error of vector x, Xx= x — X.

Translational relative part of the state vectorbof the state vector.
The translational relative vector has relative position, x,; and

translational velocity, X;;, components. Notice that the components

sub-index ij stands for relative relation between vehicle 7 and

vehicle j and not the position of the vector components in the vector.

Rotational absolute part of the state vector. The rotational vector
have attitude, ¢, and angular velocity, w, components.

Full-order relative state vector. Notice that the sub-index 75 stands
for relative relation between vehicle ¢ and vehicle j and not the
position of the vector components in the vector. Definition 1.
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Initial state vector.

Axis of a Cartesian coordinate system.

Axis of the Inertial Planet Frame (IPQ).

Axis of the Local Vertical Local Horizon (LVLH) frame.

Measurement (from sensors at vehicle ¢) vector in discrete time.

Observation vector in discrete time.

Standard deviation.

Standard deviations of the measurement noise.

Standard deviations of the process noise.

Rotation angle.

Chi-square distribution with state dimension 7.
Chi-square distribution with measurements dimension n,,.
Kronecker delta function.

State estimate perturbation.

Small state perturbation.

Quaternion estimate perturbation (4 x 1).

Quaternion vector part estimate perturbation (3 x 1).
Angular velocity estimate perturbation vector (3 x 1).
Quaternion measurement residual or innovation.
Quaternion vector part measurement residual.

Small quaternion perturbation.

Small perturbation of the quaternion vector part.

Small angular velocity perturbation.

Small measurement perturbation.

True anomaly.

Distance (scalar), which is the relative distance between vehicle
iand j, p; = ||x; — x5l i=1,..N—=1,j=2,...,N,j>i.
Relative distance between vehicle i (receiver) and j
(transmitter), pé = pj; + noise.

Correlation coefficient.

Position vector.

Relative position vector between vehicles ¢ and j. This is the
vector with coordinates of the vehicle to which the distance
(scalar) is measured.

Translational velocity vector.
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Relative translational velocity vector between vehicles ¢ and j.
Angular velocity vector.
External forces vector acting on the vehicle 4, which are the

sum of the control inputs u; and perturbations w;.

Observation noise vector of a nonlinear discrete-time output equation.

Argument of perigee.

Euler angles, roll , pitch and yaw.

State transition matrix.

Right operator, matrix representation of quaternion product.
Gravitational parameter, j; = Gri(MEpartn +mg)c)-
Observability Gramian.

Left operator, matrix representation of quaternion product.
Formation estimation graph, definition 1.

Measurement graph, definition 2.

Measurement subgraph, ¥° is a subgraph of ¥, ¥’ C ¥, definition 3.
Information flow graph, definition 4.

Module.

Generic graph, definition 5.

Spanning graph of N, definition 30.

Operation denoting the quaternion multiplication.

Is an element of.

Real numbers.

Intersection of graphs, definition 27.

Union of graphs, definition 27.

Natural numbers.

Variance.

Covariance.

Gradient operator.

Cross product.

Sum graphs of graphs N and <&, definition 28.

N is a subset of N, definition 26.

Superscript —1 stands for Inverse.

Runge-Kutta step size.

Derivatives w.r.t. the true anomaly, 6;.

Identity matrix.

Xiv

T

S L Tt e e B e e e = Bt~ O s~ B < = = B A I

. 36
.37

114
41
236
142
60
38
101
86
38
23
24
25
30
36
211
213
38
40
40
213
213
49
62
62
99
38
213
213
50
60
113
38



Acronyms and Abbreviations

a priori from the Latin, meaning from the former or less literally before experience
AFFS Autonomous Formation Flying Sensor

AFRL Air Force Research Laboratory

BCM Baseline Control Mode

C/A Coarse Acquisition

CDGPS Carrier-phase Differential GPS

CI Covariance Intersection

CLAM Cooperative Localization and Mapping

DIF Decentralized Information Filter

DKF Decentralized Kalman Filter

DoF Degree of freedom

DS-3 Deep Space mission 3

EKF Extended Kalman Filter

Eq. Equation

et al. from the Latin Ft alit meaning and others

etc. from the Latin et cetera meaning and the rest

e.g. from the Latin exempli gratia meaning for example
EO Earth Observing satellites

ESA European Space Agency

FAC Formation Acquisition Mode

FAM Fine Acquisition Mode

FEMDS Formation Estimation Methodologies for Distributed Spacecraft

FF Formation flying
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FF-FES Formation Flying - Functional Engineering Simulator
FIM Fisher Information Matrix

FOF Full Order Filter

glob Global frame

GC Guidance and Control

GEO Geostationary Orbit

GMTI Ground Moving Target Indication

GNC Guidance, Navigation and Control

GPS Global Positioning System

GTO Geostationary Transfer Orbit

ICEKF Iterative Cascade Extended Kalman Filter
ICM Interferometer Construction Mode

i.e. from the Latin id est meaning that is

ION-F Ionospheric Observation Nanosatellite Formation
IPQ Inertial Planet Frame

KF Kalman Filter

loc Local frame

LEO Low Earth Orbit

LFM Loose Formation Mode

LISA Laser Interferometer Space Antenna

LOS Line of sight

LTI Linear Time-Invariant

LVLH Local Vertical Local Horizontal

MC Monte Carlo
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MEMS Micro-ElectroMechanical Systems
MLE Maximum Likehood Estimator

MSE Mean Square Error

N/A Not Applicable

NEES Normalized Estimation Error Squared
NIS Normalized Innovation Squared

ORF Observation Reference Frame

PCRLB Posterior Cramer-Rao Lower Bound
PID A Proportional-Integral-Derivative controller
RMS Root Mean Square

RF Radio Frequency

ROF Reduced Order Filter

rot Rotational part of the state vector

SA Selected Availability

SAR Synthetic Aperture Radar

s/c Spacecraft

SIRA Solar Imaging Radio Array

SKF Schimdt Kalman Filter

SLAM Simultaneous Localization And Mapping
ST Star Tracker

SO(3) Special orthogonal Lie group of order 3
TechSat 21 Technology Satellite of 21st Century
trans Translational part of the state vector

TPF Terrestrial Planet Finder
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UKF Unscented Kalman Filter

UT Unscented Transform

vs from the Latin vertere, versum meaning against
w.r.t. meaning with respect to

3D Three-dimensional space
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Chapter 1

INTRODUCTION

1.1 DMotivation

A current trend in present and/or future space and Earth missions is the use of multi-spacecraft systems
operating in formation. The multi-spacecraft concept involves replacing a single spacecraft (s/c) with
many small, inexpensive spacecraft moving in a number of different configurations (formation, cluster,
constellation). The deployment of several s/c in large-scale formations enables scientific objectives to be
accomplished that require higher resolution Earth observation, higher accuracy in extra solar planetary
observation, or greater region coverage than would be possible using monolithic platforms. For example,
ground observation with a single mirror telescope at very high spatial resolution of about one metre
in the visible spectral band would require an aperture of about 30 metres. Such a monolithic mirror
telescope would have much larger mass and would require a larger volume to be accommodated inside
the launcher than would a multi-spacecraft solution (e.g., based on interferometry).

Attaining such goals requires flying the s/c in a formation with impressive control and estimation
accuracy, detecting the deviation of millionths of a metre from the nominal position of one s/c by another
s/c located hundreds to some kilometers away. Therefore, the role of navigation, i.e., the estimation
of the formation state vector at regular intervals, becomes of increased relevance, since high accuracy,
sometimes to millimeter level, may be required to accomplish particular scientific objectives. The multi-
spacecraft concept leads to more technology demands w.r.t. Guidance, Navigation and Control (GNC)
algorithms, but provides greater autonomy and robustness. The ability to remotely add, remove or
replace individuals elements after launch provides flexibility, in that the system can be reconfigured for
different missions, and robustness, in that not only can the system continue to function in the event of

individual s/c failure, but the failed s/c can also be replaced. Furthermore, economies of scale enable a
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multi-spacecraft system to be less expensive to manufacture, and to be better able to take advantage of

the latest technologies, than a single s/c system.

However, multiple-vehicle systems present a significant challenge to the current methods usually ap-
plied to single-vehicle platforms. The cooperation framework brings new problems, such as undesirable
bottlenecks within inter-vehicle communication and the requirement for large volumes of data process-
ing, in addition to the need to avoid collisions between elements particularly in tight formations. Neither
are control and navigation algorithms trivially transferable. If we consider the Formation Flying (FF)
configuration, for example, an extra challenge arises, as greater levels of autonomy, real-time coordina-
tion and continuous relative navigation and control (while taking into account the actions of the other
elements) are required than for any other type of configuration. The main feature of the FF vehicle
configuration is that the geometry of the formation is designed for a purpose, and operational steps are
taken to maintain that geometry during the mission lifetime. Usual constellation and cluster configu-
rations, on the other hand, requires less accuracy/precision in the relative navigation and control, since
they require cooperation among vehicles only on a kilometre scale. Moreover, the cluster and constella-
tion configurations do not require a fixed geometry but as the vehicles are located in different (though
similar) orbits and include redundant vehicles so a single failure would not jeopardise the mission.

Most of the time, relative measurements among vehicles (i.e., inter-vehicle measurement) are critical,
especially in deep-space s/c missions where absolute positions cannot be measured or inferred (e.g., by
Global Positioning System (GPS)). Thus, inaccuracies in localization of the elements in the formation
during the execution of the control commands may prevent the group reaching its goal or even jeopardize
the whole mission. Therefore, concerning the navigation system, the navigation sensors spreading all
over the team elements and computational effort distributed across the elements of the formation require
new design definitions not existing in a single vehicle framework.

The purpose of this work is to devise and investigate a novel solution for the navigation of N-
vehicle formation. This work was motivated by the need to develop a method to estimate the six
degrees of freedom (6DoF) translational and rotational components of a full-order state vector of a N-
vehicle formation, using a decentralized architecture, and avoiding fully-connected communication and
measurement networks. The advantageous of modularity, flexibility, scalability and robustness to single
vehicle failures make this type of design attractive. The target missions are those with vehicles that do not
have absolute positioning sensors available on board. An example are deep space s/c missions, where the
access to GPS signals is not possible or is very limited. An example of these are Geostationary Transfer
Orbit (GTO) missions, where the translational state vector is usually related to the orbital frame or the
body frame of a reference s/c, expressing the relationships between the s/c in terms of relative position

and translational velocity. However, the full state is only complete with the rotational state estimates
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vector, i.e., attitude and angular velocity. These variables are usually defined as absolute because their

components are usually based on inertial measurements, e.g., Star Tracker (ST) measurements, which

are defined w.r.t. Earth linked frames.

1.1.1 Proposed approach for a vehicle

The recursive filter used to estimate the full state of a N-vehicle formation is the EKF (Extended Kalman
Filter) which, despite being suboptimal, is convenient for its implementation simplicity, due to its direct
derivation from the state space model, and which also enjoys wide popularity for its accuracy and speed.
However, due to the decentralized architecture, the estimates have to flow through the entire formation,
either in full order filters or through reduced order filters, in order to update the state vector for the
entire formation, as stressed by [1]. This can be critical for the estimator stability when this information
is combined twice, which could happen due to a number of different factors. Since none of the individual
elements knows the overall system, the state variables can not be assumed to be independent and even the
noise can be correlated. This jeopardizes the advantage inherent in the decentralized architecture, such
as flexibility, robustness, modularity or extensibility [2]. An algorithm, called Covariance Intersection
(CI) Algorithm, assumes that the true statistics are unknown and allows filtering and estimation to be
performed in the presence of unknown correlation between estimates that capture the relative relations
between vehicles within the formation. In contrast to the EKF, the measurements and the state estimates
are assumed to be independent denoting mutually uncorrelated variables. Therefore, the CI algorithm is
an interesting approach, offering the possibility to deal with variables with unknown cross-covariances,
while maintaining the consistency of their estimates, as suggested in [3].

This work addresses the N-vehicle formation whose motion can be approximated by Clohessy-
Wiltshire equations when parametrized by the true anomaly, as described in detail in appendix C (sub-
section C.3.3), and assuming no perturbations. For this case the translational and rotational motions
have decoupled dynamics, making it possible to handle separately their state vectors. Therefore, the
proposed estimation filter is divided in two parts, to determine the translational and the rotational state
vector estimates. The filtering part of the estimation algorithm is organized as follows: the calculation
of the local state estimates through the local sensor measurements performed by the EKF, and the
update of the remaining state vector variables by using the previous vehicle state navigation knowledge.
In the last step, a correlation problem arises leading the EKF to diverge for the translational relative
state vector part, while for the rotational part, which is absolute, such a correlation problem does not
exist. Thus, for the translational part of the state vector, a Covariance Intersection (CI) algorithm is
used to overcome the correlation problem, though at the expense of reduced accuracy since the error of

the combined estimates is lower bounded by the error of the EKF. For the rotational part of the state
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Figure 1-1: Centralized architecture showing a) the measurement network and b) the communication
network. The arrow direction in a) represents the flow of sensor information, i.e., in a) the master vehicle
estimator receives sensor measurements from s/c 1,2,3,..., N, and in b) broadcasts the state estimates
of the formation back to each vehicle.

vector, the EKF can be applied, since the state vector is absolute.

1.1.2 Centralized vs decentralized architectures

The major issue that arises in the literature on GNC, Guidance and Control (GC) strategies for co-
operative FF vehicles is the development of estimation and control algorithms under a suitable general
architecture that scales well to a large number of formation elements. The formation state estimation ar-
chitectures are usually categorized in the literature according to three classes: Centralized, Decentralized
and Distributed Architectures [4], [5], [1], [6].

In the Centralized approach there is a single estimator (master vehicle) that collects the sensor
measurements, control inputs and configurations of all vehicles, and estimates the formation state,
broadcasting the results to the formation elements, as shown in Fig. 1-1. Conceptually, the estimation
algorithms used are similar to those for a single vehicle where the decision-making is concentrated in
the master and where there is no possibility of task, or sensor fusion duplication. The most common
estimation filters in this case are the Kalman filter and the Information filter. The Kalman filter is a well
know filter which for linear systems minimizes the mean square estimation error of the state vector at
a single time, based on the measurements at that time and gradually reducing importance on previous
measurements. However, high computational load with bottlenecks and large communication bandwidth
are some of the main disadvantages of a central filter estimator. Also, the need to have global knowledge
of the complete formation state makes it difficult to add or remove formation vehicles or to change
dynamically the formation structure. Above all, the reliance on a single vehicle for all computations is

a risky solution, vulnerable as it is to vehicle failure.
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Figure 1-2: Decentralized architecture with a) the measurement network and b) the communication
network. The networks are not centralized but instead, the measurements in a) are collected by each
spacecraft and, the communications in b) are processed among spacecraft, the amount of communications
being minimal in this particular example.

In the Decentralized estimation approach there is no master estimator but instead all vehicles have
identical estimation algorithms, as shown in Fig. 1-2, and each vehicle estimates the subset of the
formation state variables required for control. The data itself is collected in a decentralized manner,
which spreads the computational effort through all the vehicles. There is no master where the global
estimates are computed since each vehicle processes its own estimates with local system knowledge.
Only peer-to-peer (i.e., between vehicles) communication is allowed. This also has the advantage of
the decentralized architectures by having the computations already distributed across the formation
elements.

One intermediate solution is the Distributed [5] or Hierarchical [4] approach, where each vehicle
has its own local estimator, but the information must be integrated by a central estimator, possibly
a virtual one, that combines the local estimates into a formation state estimate, as shown in Fig. 1-
3. Compared with the centralized architecture, this is a useful approach to reduce the communication
within the formation and to spread the computational effort through the overall formation at the same
level, as well as to overcome the synchronization problem from the iteration techniques in the centralized
architecture or due to the GPS system for s/c missions. There are variations of this kind of architectures
[7], but most of them still retain some of the disadvantages associated with the centralized architecture.
For example the hierarchical clustering architecture considered in [1] describes a topology which is a mix
of centralized and decentralized architecture applicable to formations with large numbers of satellites.
This kind of architecture splits the whole formation into sub-formations in a decentralized manner,

where navigation, control, estimation and navigation are performed independently. The sub-formations
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Figure 1-3: Distributed or Hierarchical architecture measurement network. The central group estimator
1...M represent the sub-masters of the sub-formation 1../N- vehicle, that collect the measurements to the
master vehicle of the overall formation.

are then organized in a centralized topology, where the master element is the only one linked to all the
other sub-formations, as shown in Fig. 1-4. The main advantage of this kind of topology is that the
several levels of sub-formations do not need to be tightly synchronized or to run at the same update
rate. Also, any of the algorithms can be applied at any level of the structure. However it is still, to some
degree, vulnerable to communication bottlenecks.

Most pioneer work is based on centralized solutions, where data is gathered and processed at a central
node. Modern work has concentrated on decentralized solutions, where the information is processed
locally at each vehicle, taking advantage of the local data availability and of the resulting distributed
computation. It has been shown [4] that fully connected decentralized solutions can obtain the same
results as a centralized data fusion system. However, this is achieved under fully connected sensor
topology and maintenance of a complete global system model at each element of the formation. This
means limited scalability and usage of communication and computation resources [4], leading to very
limited use for large systems.

A summary of the main approaches to formation navigation found in the literature, as well as their

pros and cons, follows.

Centralized: There is a single estimator (master vehicle) that collects the sensor measurements, control
inputs and configurations of all vehicle, and estimates the formation state, broadcasting the results

to the formation elements. Conceptually the estimation algorithms used are similar to those for a
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Figure 1-4: Distributed or Hierarchical architecture communication network. The central estimator
1...M represent the sub-masters of the sub-formation 1../N, that communicate information to the master
vehicle of the overall formation.

single vehicle.
e Solutions: Kalman filter, Information filter.
e Pros: full state knowledge, optimal solution for linear systems.

e Cons: high computational load with bottlenecks, high communication bandwidth, low robust-
ness to failures, difficult to add or remove formation vehicle to change dynamically the formation

structure.

Decentralized: There is no master estimator and each vehicle estimates the subset of the formation
state variables required for control. The data itself is collected in a decentralized manner, which
spreads the computational effort throughout all vehicle. Only peer-to-peer (i.e., between vehicle)

communication is allowed.

e Solutions: Full Order Filter (FOF), where each vehicle estimates the entire formation state and
Reduced Order Filter (ROF), where each vehicle estimates only its local state with some informa-
tion (either the state itself or some elements of the state covariance matrix) of the entire formation

in order to linearize its measurement equations.
e Pros: computations are already distributed across the formation elements.

e Cons: some of the solutions still require considerable communication because state estimates must

be passed on to the teammates.
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Distributed or Hierarchical: each vehicle has its own local estimator, but the information must be

integrated by a central estimator, possibly a virtual one, that combines the local estimates into a

formation state estimate.

e Solutions: An interesting variation is to split the formation in several independent sub-formations,

whose information is then centralized by a master.

e Pros: no tight synchronization or same update rate required, reduced communication bandwidth

w.r.t. centralized approach.
e Cons: still vulnerable to communication bottlenecks.

Due to the decentralized advantages/disadvantages compared to the other architectures, the decen-
tralized architecture was chosen for the formation state estimation architecture in this work. There are
several issues with the flow of information using decentralized architectures, and these will be described

in more detail in the following subsection.

1.1.3 Decentralized architectures and communication network

Depending on the communication effort required to spread each vehicle measurements, we can consider
two different choices for the state vector dimension: the Full Order decentralized Filters (FOF’s) and the
Reduced Order decentralized Filters (ROF’s) [1]. A FOF is algebraically equivalent to the centralized
form of the filter, where the entire fleet measurements are available to each vehicle to compute the entire
formation state estimates.

The ROF’s are distinguished by computing only local state estimates through a local filter with
some information (either the state itself or some elements of the state covariance matrix) of the other
formation vehicles in order to minimize the communication links among the formation vehicles and to
linearize the measurement equations.

In [4], the communication among the vehicles is made selectively, according to when the vehicles have
relevant information to share. For the reduced order case the inter-vehicle communication is indepen-
dent of the number of members, as opposed to the full-order case [1]. Thus, the full-order solution has a
higher computational and inter-vehicle communication load, making the reduced order the best solution
with respect to communications. According to [4], the limitations of the fully-connected decentralized
estimators architecture are related to redundant communication, limited scalability, excessive compu-
tation and vulnerability to communications link loss. Thus, these kind of topologies have very limited
practical use for large scale systems.

Since the knowledge of the full state vector of the entire FF at each vehicle is usually required from

the control and guidance point of view, it is desirable to design decentralized estimators that
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estimate the full state vector without having the fully-connected communication network.

In this way, the disadvantages associated with the fully-connected case, discussed before, are avoided

but still the full state vector is estimated at each vehicle. This is the approach followed in this thesis.

1.2 Goals and Original Contributions
The main goals and contributions of this work are:

e To address the problem of navigation of a N-vehicle formation, i.e., to estimate in an integrated
way, the full formation state vector (full 6DoF, translational and rotational state vector) of the full
N-vehicle formation in each vehicle of the formation. The formation navigation setup targets the
challenging decentralized architecture (no master estimator), with information flow only allowed
between peers (vehicle ¢ and ¢ —1, with ¢ = 1,.., N) and measurements available on each vehicle are
the ones sensed by each vehicle and not the measurements from all vehicles in the formation. This
work, also contributes to the problem of estimating the local (vehicle i) non-observable relative
state vector components, X5 = X;;, with j,l = 1,..,N,j # | # 1, i.e., all relative state vector
components between vehicles that do not include vehicle ¢. This problem arises from estimating
the 6DoF full relative formation state vector on each vehicle. The proposed algorithm combines an
EKF and a CI estimator in an integrated way to estimate locally the full 6DoF state vector using
a graph framework. Using two graphs, (measurement graph and information flow graph) and the

EKF+CI, a decentralized formation navigation architecture is developed.

e A method to analyse systematically the robustness of the formation to the loss of communications
and/or distance sensor in one or more of its vehicles based on graph theory. Each vehicle represents
a vertex on the graph. The measurements available at each vehicle are represented as edges in the
measurement graph and the state vector estimates flowing between vehicle peers are represented
as edges in the information flow graph. The algorithm computes the number of state vector
components possible to estimate at each vehicle of the formation; the vehicles that do not contribute
for the formation navigation determination; and also those where it is not possible to determine
the full 6DoF locally. This contribution can be used as a N-vehicle formation management tool,
enabling the classification of defective vehicles and the possibility to put them aside from the core

formation without affecting the mission.

e Demonstration of the estimator results in a very realistic simulation of a FF s/c mission. The only
way to validate a multiple spacecraft space mission on Earth is through software platforms. The

decentralized formation navigation architecture developed was validated in such a platform where
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3-FF s/c orbit the Earth in Geostationary Transfer Orbit (GTO), aiming to do science in the

apogee. The navigation algorithm efficiency by comparing its performance bounds to the PCRLB

was performed in the given platform.

1.3 Thesis Outline

The present document is organized as follows:

Chapter 2, Literature Survey - The relevant literature on Formation navigation is reviewed, con-
centrating mostly on the contributions from robotic and space communities.

Chapter 3, Problem Formulation - The navigation problem of locally (at each vehicle of a N-
vehicle formation) estimating the 6DoF translational and rotational components of a full-order relative
state vector of a N-vehicle formation is solved. This is done in a decentralized way, with local filters
sharing information with each other, within a minimum communication framework. The work developed
presents a general formulation that can be applied to the problem of estimating the full state of a N-
vehicle formation. Graph theory is used to model the measurements and the information flow within the
formation. The work contributes with a graph based algorithm to analyse the impact of a connection
breakdown (due to partial or total failure of a vehicle’s measurement and/or communication links) in
the navigation algorithm performance.

Chapter 4, 6DoF Decentralized Formation State Estimation - Considering the formation
navigation problem, defined in the preceding chapter, the design of a formation navigation filter is studied
using algebraic graph theory, and an integrated algorithm is proposed to estimate the translational
relative state vector from relative measurements. Using two graphs, measurement graph and information
flow graph, and the EKF+CI, a decentralized formation navigation architecture is developed. Moreover,
the algorithm is divided in two parts, depending if the state vector components are estimated through
the local measurements represented by the measurement subgraph or if the locally non-observable state
vector components are estimated through the state vector estimates transmitted from the previous
vehicle, represented by the communication links in the information flow subgraph. Also, the 6DoF full-
order state vector estimation algorithm is divided in two parts: one estimates the translational relative
state vector of a IN-vehicle formation, consisting of the relative position and translational velocity, and
the other estimates the rotational absolute state vector of a N-vehicle formation, which is defined in
terms of quaternions and angular velocity. Moreover, the correlation problems arising from estimating
the translational relative state vector is as well addressed in this chapter, and also is presented the
navigation algorithm adaptation to handle quaternions.

Chapter 5, EKF Analysis Issues - The filter stability for linear and nonlinear systems is discussed,

10
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in particular using the observability concept. Also the Posterior Cramer-Rao Lower Bound (PCRLB),

which evaluates whether the suboptimal EKF is close to the optimal estimate or not, is discussed. This
study includes the consistency test, which is very important for nonlinear systems due to the approx-
imations made, tests for bias, and also tests whether the actual MSE matrix matches the covariance
matrix assumptions. These concepts are applied to 3-FF s/c, in the situation where the observation and
process noises matrices are tuned according to the Normalized Estimation Error Squared (NEES) and
Normalized Innovation Squared (NIS) tests, based on a GTO mission simulation.

Chapter 6, Simulation Setup - The case study for the application of the algorithms is introduced®.
A description of a realistic software platform, the FF-FES simulator, is performed, as well as of the
Darwin mission and FF s/c orbit is presented. Moreover, the navigation algorithm is applied to the
particular case of 3-FF s/c, including a brief introduction to the relative dynamic equations for an
eccentric orbit, subsequently particularized for the relative navigation problem and also for the dynamics
of the rotational part of the vector. Some aspects of the implementation of the algorithm in the simulator
are also addressed in order to compute the 6DoF state vector according to the proposed filter design.
The simulation experiments carried out are described in detail.

Chapter 7, Results - This chapter collects some results for 3-s/c flying in formation!, obtained
using the FF-FES? simulator, as an illustrative example of the concepts introduced in Chapter 4. The

algorithm is successful validated for the most relevant phases of the GTO, such as:

e the science experiment Baseline Control Mode (BCM) where the accuracy requirements are higher;

e the initial deployment Formation Acquisition (FAC) mode where the formation starts from an
initial random disposition (with the s/c far away from each other) and moves to a final geometric
topology where the specified distance among s/c require the estimation algorithm to track the

formation state.

Monte-Carlo tests are also presented, where the formation state estimate is accomplished while
starting from an initial value different from the true state value, under the effect of several unmodeled
perturbations.

Results also include the estimator in the loop with the GC algorithm?® [8] for the FAC mode and
with a PID control for the BCM mode, using an optimized low thrust profile, [9]. The results presented

are obtained with RF sensor and with pseudo-code signals for the translational state vector part and

Ldeveloped by ISR/IST in scope of the ESA project "Formation Flying Methodologies for Distributed Spacecraft" -
ESA RFQ/3-10624/03/NL/LvH/bj in March 2005.

2developed by DEIMOS Engenharia, Lda.

3developed by ISR/IST in scope of the ESA project "Formation Flying Methodologies for Distributed Spacecraft" -
ESA RFQ/3-10624/03/NL/LvH/bj in March 2005.
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ST sensor for the rotational state vector part. Monte-Carlo simulations are also performed for the

assessment of the performances of the closed-loop GNC design w.r.t. model parameter uncertainties and
unmodeled nonlinearities, as well as to errors in the initial conditions.

Chapter 8, Conclusions and Future Work - In the last chapter we review the contributions of
the thesis and present the overall conclusions, as well as suggesting several important topics for future
research.

Appendix A, Graphs - In this appendix relevant concepts of graph theory used in this work are
revised, as well as the concepts used for the matrix representation of the graphs.

Appendix B, Extended Kalman Filter - In this appendix the EKF is derived from a general
continuous-discrete time nonlinear system. Also the EKF equations applied to the case study are pre-
sented.

Appendix C, Relative Dynamics - In this appendix the equations of s/c relative dynamics for an

elliptic orbit are derived.
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Chapter 2

LITERATURE SURVEY

2.1 Introduction

This chapter attempts to summarize the major contributions from the space and robotic communities to-
wards the design and development of multi-vehicle systems capable of autonomous formation navigation.
Since a s/c formation aims to be more efficient going beyond the restricted capabilities of a single s/c
its accuracy requirements, especially concerning relative variables, are high. Therefore, the first section
addresses the impact of the relative distance between s/c on state estimation accuracy, reported in the
literature, and provides some examples of future planned missions where these interests are reflected.
The second section covers the contribution from the Robotics literature, followed by two sections, cov-
ering the formation state vector estimation topics for translational and rotational components from the
space literature. Since the sensors have a direct impact on the accuracy of the state vector estimates,
Section 2.6 focuses on sensor technology relevant for formation navigation and a new approach based on

optical sensor.

2.2 Formation Flying Spacecraft State Estimation

An adequate filter should operate within a real-time autonomous FF control architecture. The focus of
the state is in the accurate relative state between the elements of the formation, since it is the most
important requirement if aimed at accomplishing a mission as a group. In certain missions, the accuracy
of the relative state formation is within the order of centimetres when the distance between s/c is in
the hundreds of metres. High accuracy is more difficult to obtain for long baselines. Also the accuracy

of the relative state estimation has a strong impact for any control method that takes into account the
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2.2. FORMATION FLYING SPACECRAFT STATE ESTIMATION
design of fuel-optimal trajectories [10], [11]. Tillerson [10] has shown that, in particular, relative velocity

error plays an important role in the FF performance where an error of £0.002[m/s] results in ~ 30[m] in
track position offset after only one orbit. In fact, the velocity error has an effect ~ 450 times larger than
the relative position errors between two s/c, in terms of the secular intrack drift, which is comparable
to the drift expected from differential J2 disturbances.

Examples of FF space missions under study and specification, showing the importance of accurate

estimation of the state, are:

e The Deep Space mission 3 (DS-3) will control multiple s/c in a heliocentric orbit, to within a
fraction of the wavelength of light in order to perform optical stellar interferometry [12]. Two of
the three s/c will collect the starlight that will be combined by the third s/c that will perform the
interferometer detection. Coarse and relative stationkeeping are performed by the Autonomous
Formation Flying (AFF) sensor and for more precise relative position, laser metrology is used.
The AFF is a GPS-like sensor that internally generates GPS models (instead of using signals from
GPS constellation) that are received and processed by receivers to enable accurate positioning
and orientation of the multiple s/c. The AFF sensor is believed to accomplish ~ 1[em] accuracy
for relative position and ~ 1[mm/s| for velocity through the differentiation of the carrier phase
signal between the receiving AFF sensor signals [13]. This type of sensor will be very important
to deep space missions, where the formation is well beyond the coverage of the NAVSTAR GPS

constellation.

e In the TPF mission, observations will study all aspects of planets outside our solar system: from
their formation and development in disks of dust and gas around newly forming stars to the
presence and features of those planets orbiting the nearest stars; from the numbers at various sizes
and places to their suitability as a support for life. By combining the high sensitivity of space
telescopes with revolutionary imaging technologies, the TPF observatories will measure the size,
temperature, and placement of planets as small as the Earth in the habitable zones of distant
solar systems. The related program in ESA, Darwin - three space telescopes plus one to serve
as communication hub (launch foreseen for 2015) will scan the nearby universe, looking for signs
of life on Earth-like planets, and will possibly be placed in a highly eccentric orbit, 1.5 million

kilometres from Earth.

e The TechSat-21 program [14] seeks to develop fleets of low-cost, highly capable microsatellites
to replace large, expensive communications and remote sensing satellites. A space-based radar
mission for Ground Moving Target Indication (GMTI), combines micro-electromechanical systems

(MEMS), sparse aperture design, and formation control strategies. In order to accomplish the
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desired resolution, the requirement regarding real-time relative position estimation accuracy is

about 3[em|, with distances ranging from 500 to 5000 metres between s/c. An example of the
initiatives under the TechSat-21 program is the University Nanosatellite Program that involves
the development of up to ten low-cost university s/c. The ORION and Emerald missions are
examples of this program. The ORION is a student-built mission [15], designed to be the first
to use carrier-phase differential GPS (CDGPS) for precise relative navigation of microsatellites
and control of the FF. The Orion s/c operates in a semi-autonomous fashion which reduces the
need for frequent earth communications, and has a cold-gas propulsion system for maneuvering
the vehicles, allowing a real-time demonstration of the FF control using various control modes
and formation configurations. In order to accomplish the accuracy of the relative position and
velocity, a GPS receiver instrument is provided which is believed to accomplish ~ 1[em] accuracy
for relative position and ~ 1[mm/s] for velocity, through the differentiation of the carrier phase

signal between the receiver GPS signals [15].

e Another example of using interferometer techniques to achieve higher order resolution in Earth
observation is the project EUCLID CEPA 9 RTP 9.9 “High Resolution Optical Satellite Sensor”.
This was a project under Alenia Spazio leadership, that aimed at studying the design and im-
plementation of a laser metrology breadboard to be used as an internal sensor in the co-phasing
demonstrator, to be implemented in single s/c with several arms, each of them supporting a set of
smaller aperture sub-telescopes equivalent, for resolution purposes, to a single monolithic mirror
telescope. Using the synthetic aperture technique, such a device reconstructs the original image
of an object, starting from the image formed on the common focal plane of the multi-aperture
telescope. To this purpose, the set of sub-telescopes must observe simultaneously the object while
keeping constant (within a fraction of the wavelengths) the phase difference between the various
wavefronts, which are combined together so as to fulfill the coherence and co-phasing conditions,
and to operate as an interferometer. The main task of the control system is to cancel the optical
path difference between the interferometer arm pairs, by interferometric measurements, to obtain

a polychromatic fringe coherence wave.

2.3 Robot Formations State Estimation

Multi-robot teams are normally required to know, either with high or coarse accuracy, the state vector,
i.e., the posture (position and orientation) of all elements of the team. Partial or total knowledge of
other robot coordinates in a reference frame is crucial to accomplish team coordination. For example,

in a football robot team, knowing the localization of all the members, or at least of those closest to
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the ball in the playing field, is essential to fulfill their ultimate goal, i.e., to score [16]. The problem

of estimating all members of a team of robots in a global frame is part of the problem of mobile robot
localization. Cooperative localization is a problem in a multi-robot scenario, where the elements of the
group cooperate among themselves to achieve the same goal [17], [18].

In a unit-centered reference or leader reference type of control architecture, each robot must estimate
the other robot’s state and its own state in a global system. In this case, the centralized estimation
architecture appears as the natural candidate. Despite this dependence on the control strategy, other
requirements are much more decisive, such as the amount of communications, failures, accuracy, com-
putational load and uncertainty in the localization. Usually in mobile multi-robot systems, the main
concern centres around the localization and mapping - either simultaneously (SLAM) [19] or coop-
eratively (CLAM) [20] - with the control problem being the dominating issue and localization being
relatively minor: indeed the control actions in the group directly relate to the success of the mission.
However, in a multi-robotic framework, the localization problem has a much higher order of complexity
and may directly enable the group to accomplish their goal or mission because it provides the informa-
tion for the multi-system elements to perform closed-loop, real-time Guidance and Control (GC). Also,
it demands higher reliability than for single-robot systems since the uncertainty in the localization of the
members may propagate through the system making the group much more sensitive to such uncertainty
[20]. Often, the localization uncertainty accumulates and is corrected against landmarks or based on
sensor-based motions planned to reduce the uncertainty. Thus, for team cooperation, reliable and accu-
rate state estimation must be continually delivered. To achieve these requirements an estimation filter
computes the state vector of the individual members of the multi-robot using cooperative (collaborative)
localization approaches where the robots combine sensor measurements of other members to improve
localization performance in several ways [18].

Roumeliotis et al. [17] emphasized the importance of localization and explored the localization
accuracy of a team of mobile robots (where the localization problem involves a much higher order of
complexity than for a single-robot) by proposing a Kalman Filter (KF) estimator for a group of robots
moving simultaneously. The authors proposed an Extended Kalman Filter (EKF) for reduced order
position state estimation, distributed across the robot team elements, but the heterogeneous sensor data
is collected and fused in a centralized KF algorithm. Moreover, the absolute positioning is assumed
to be always available and does not take advantage of the relative sensor information but of physical
landmarks. Fox et al. [18] claim that exchanging robot’s relative estimations will improve individual
robot localization, thus reducing the uncertainty in the estimation location in a global localization context
and in an indoor environment. In order to do this, they propose a particle filter, an extension of the

single robot Monte Carlo localization algorithm to the multi-robot frame. However, the interdependency
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of the state estimates due to the relative measurements is ignored, leading to overly optimistic estimates.

A Maximum Likehood Estimator (MLE) is used by [21] considering a centralized schema, and in [22] a
Distributed MLE approach is proposed where each robot is used as a landmark, allowing the team of
robots to move in an outdoor environment without considering physical landmarks. A set membership
approach to the SLAM problem for a single robot is used in [23], where the disturbances coming from
the dynamic model and from the measurement model are assumed to be unknown but bounded, and no

statistical assumptions are made regarding the nature of the errors.

2.4 Types of Formation Translational State Estimators

When surveying the literature on Navigation strategies for formation vehicles, many relevant issues for
the formation navigation problem are available in the literature on robotic vehicles and spacecraft control,
where the control problem is the dominating issue, but none propose or study a full-order decentralized
estimate filter to estimate the formation state. Moreover, most of the work performed for formation
navigation only consider the translational components of the state formation vector and not the 6DoF,
the translational and the rotational components of a full-order state vector of a N-spacecraft formation.

The most typical estimator filters are divided in two main categories: the Full Order Filter (FOF),
where each satellite estimates the entire formation state using a fully-connected communication network,
and the Reduced Order Filter (ROF), where each satellite estimates only its local state with a peer-
to-peer communication network.

The FOFs commonly used are the Decentralized Information Filter (DIF), also reported in [4], which
is a decentralized version of the Information filter, the Decentralized Kalman Filter (DKF) also reported
in [4], which is a state space version of the DIF and the Full Order Iterative Cascade Filter. Each of
the filters first locally estimates the entire formation state using only the local measurements in each
satellite, and then each satellite transmits its state estimate to every other element in the formation
[24]. However, FOF's require a fully-connected communication system in order for each vehicle
to update the information from every other vehicle. Also, to prevent instability, in addition to the
information vector, the information matrix must also be transmitted at every time step, leading to
intensive communication.

In ROFs the main idea is to have communication only between vehicles close to each other, in-
stead of a fully-connected system, thus minimizing the communication in the formation. Some ROFs
recently reported (e.g., in NASA GRC’s Decentralized Relative Navigation Algorithms for Adaptive
Inter-Spacecraft Communications Networks project) are the Iterative Cascade Extended Kalman Filter

(ICEKF) [24] and the Schmidt Kalman Filter (SKF) [1]. The ICEKF is identical to the full-order version
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with the difference that each vehicle only estimates their local state instead of the entire formation state,

and then passes the results on to one of its teammates. However, it presents communication problems
because it takes several iterations through the entire formation before the algorithm converges. The
SKF is a reduced version of the KF where not only the local state vector is transmitted to the next
vehicles but also some important parts of the covariance matrix in order to prevent instability. A possible
solution would be an algorithm that estimates the full order state vector (as ICEKF but avoiding the
iteration problem), transmitting the covariance matrix besides the local state vector to prevent diver-
gence problems in the KF (as SKF does), but considering the predecessor state vector estimates as a
"measurement". However, the new "measurement" and the local state vector estimate are correlated
and the degree of correlation is unknown. This will lead to convergence problems.

A new method, Covariance Intersection (CI) algorithm [2], [25] combines the information of random
variables and computes the state variables without knowing the degree of correlation among them. CI is
a solution to be used for the decentralized estimation to overcome the problems resulting from the use
of the Kalman Filter, discussed above.

Most of the algorithms concerning estimation of FF are designed for LEO satellites. Recently, GPS
techniques were developed to perform not only orbit determination and absolute positioning but also
precise relative navigation, where GPS measurements are used in the estimation system to determine the
relative position and attitude estimates through differential carrier phase measurements [26], [27], [28],
[29], [30], [31], [32]. In comparison with the conventional vehicle sensors such as star trackers, horizon
and Sun sensors, and inertial measurements systems, the GPS-based estimation methods offer much
lower cost with higher accuracy, approximately 0.01[m] for relative position and 0.5[mm/s] in relative
velocity [30]. However, most GPS techniques require data from the NAVSTAR GPS constellation, a
solution which is not applicable for deep-space orbits. Nevertheless, GPS techniques can still be used in
high orbits such as GEO or with limited availability of GPS signals to solve relative position and attitude
among all s/c, by using pseudolites transceivers, which are signal generators that transmit and receive
GPS like signals either by augmenting the GPS signal or by replacing them completely [33], [31]. The
relative distance can be computed by differentiating measurements from antennas placed on separate
satellites and the attitude by differentiating measurements from antennas placed on the same satellite.
Unfortunately, the augmented measurements taken by each satellite are correlated, making it difficult

to use the decentralized topology for the estimation system.
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2.5 Attitude Estimation in Single Vehicles

The rotational state vector estimation is reported in the literature separately from the translational
state vector estimate and is dedicated to the absolute state vector estimation obtained in a single s/c
[34]. Most recent work [27], reports attitude estimates by taking advantage of differential measurements
from GPS sensors and is therefore defined within an absolute frame. Moreover, most of the attitude
algorithms are applied to a single s/c.

Most attitude estimation algorithms used currently are based on Extended Kalman Filter (EKF) or
point-by-point (deterministic) approaches. Crassidis et al. [27] describe an algorithm to determine s/c
attitude using GPS differential carrier phase measurements but only for one satellite. Also in [26] is
described an algorithm for attitude determination, derived from the nonlinear predictive filter [35].

The deterministic approaches have several advantages over the EKF [36], [37], mainly because they
do not require initialization at any time in the estimator algorithm and do not need initial knowledge
of or any assumptions on the attitude. However, they require a minimum of two sensor measurements
to work properly. In [38] a Moon-Sun attitude sensor is presented which takes advantage of the night-
sky observations and thus computes the complete three-axis attitude estimation of a satellite using a
deterministic algorithm: ESOQ [39]. However this has never been applied or analyzed in a FF scenario
with an arbitrary number of satellites. Also in [1], a trade-off study of several estimators is proposed
to assess which estimators are best suited to architectures according to the number of elements of
the formation, as well as the impact of the computational effort required to perform the estimation
calculations, the communication flow across the formation elements, and the performance. However,
no single estimator algorithm is suggested for a general number of vehicles. Also, the robustness and
stability of changing the estimator algorithms when the number of vehicles in the formation changes is
not discussed, which suggests that changing the number of vehicles implies uploading a more suitable

estimation system.

2.6 Range Sensors

Due to the demanding requirements of precise relative navigation in FF, sensor technologies are being
developed to guarantee such specifications. A discussion about the navigation sensors for the determina-
tion of the relative position and orientation is made in [40] for s/c formations. Some of those sensors are:
spaceborne GPS Receivers, laser tracking with inter-satellite links (e.g., the Gemini mission, launched
in 2004, is meant to demonstrate that the FF based on laser radar sensor and laser interferometer,
augmented with GPS techniques, will give highly precise relative inter-satellite distances in a scenario

of a two micro-satellite formation [41] in LEO orbit), and radar tracking with inter-satellite links (e.g.,
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as described in [42]). Tts accuracy and some implementation problems are also referred to. Also, [42]

describes the Radio Frequency (RF) sensor, the Automonous FF Sensor (AFFS) [13], [43] based on

GPS techniques, for precise relative position and attitude determination in real-time for the StarLight
two-spacecraft stellar optical interferometer mission. The accuracy of the AFFS brings the two satellite’s
relative position within the range of the optical metrology system. However, as stressed in [42], robust-
ness concerning recovery from temporary failure or time synchronization has not yet been addressed.
Also, an overview of the sensor design and considerations about its limitations and performance over s/c
manoeuvers and formation control design is made in this paper.

For deep space applications, where no observations of NAVSTAR GPS satellites are available at all,
pseudolites can be placed onboard each element of the entire formation, acting as GPS-like signal trans-
mitters and receivers. As a result, there are enough signals to compute the relative position and attitude
of the formation elements. Therefore, the algorithms previously applied for LEO using differential carrier
phase measurements can also be applied in deep-space missions [33], [31].

A new approach, the VISion-based NAVigation system (VISNAV) was proposed by [44] that com-
prises an optical sensor which provides a line of sight vector from the master s/c to the secondary
satellite. This sensor is made up of a Position Sensing Diode (PSD) placed in the focal plane of a wide
angle lens, which is used to see only specific light sources emitted by LEDs (beacons). The currents
induced by the light emitted by the beacons in the PSD, after some mathematical manipulation, provide
the line-of-sight vector. The VISNAV system is claimed to operate with reduced cost, size and weight
compared with the existing autonomous FF sensor technology. Using this new technology, in [45] an
approach to obtaining estimates of relative navigation and attitude of the flying formation through an
observer system is described. This is an alternative to the EKF, which has the disadvantage of being
sensitive to divergence, an effect usually reduced by redundant sensors. However, since the measure-
ments are based on the line-of-sight projection onto the focal plane, the attitude and relative navigation
cannot be decoupled. Although this problem is considered in the observer design, by designing two
independent observers for attitude and position, the error statistics are assumed to be known Gaussian
noise. Therefore, particle filters are an attractive method for solving this problem, since they do not
assume a Gaussian probabilistic distribution for the uncertainties but instead deal with mullti-modal

probabilistic distribution, more appropriate to the error statistics [46].

20



Chapter 3

PROBLEM FORMULATION

3.1 Introduction

In this chapter, we formulate the problem of local estimation of the 6DoF full-order state vector of a
N-vehicle formation. 6DoF refers to the translational and rotational components. Full-order means
that all components of the formation state are estimated. The architecture is decentralized because
measurements are made locally at each vehicle and the full state is estimated at each vehicle, not in a
single master vehicle.

Knowing that the relative components can be built up from the absolute components of the state
vector, and that determining relative components based on relative measurements has wide applicability
and is a more demanding problem than computing the absolute components, we denote in this chapter,
the definition of the full state vector component to its relative part.

Typically, in a vehicle formation, each vehicle measures distances and angles w.r.t. other vehicles
in the formation, and communication among vehicles is used to exchange relevant information for full
relative state vector estimation.

Two graphs are used to model the formation state estimator:

e measurement graph, representing the relative measurements available at each vehicle of the for-

mation

e information flow graph, representing the information flowing through the N-vehicle formation.
The advantages of using only local filters at each vehicle and local measurements are:

e reduced computational load when computing the filter updates;
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e reduced dependency on communication of measurements to which the filter has no direct access.

However, in this case, the state vector is only locally observable, because each vehicle’s local filter
only uses local measurements, and thus the related state vector components are updated, leaving the
remaining components without the means of being updated by sensor measurements. Therefore, the
measurements sensed at each vehicle must be combined with information flowing through all the vehicles,
to estimate the full relative state vector in a local filter. From this information fusion, different problems

arise:

e the state vector components, which represent the relative quantities among vehicles in the forma-

tion, have coupled dynamics;

e there is correlation when local full relative state estimate is combined with the predecessor local
full relative state estimate, causing problems in EKF information fusion. For example, if state
estimates are derived from information flowing around the formation, and this same information is
shared by different vehicle filters, a correlation problem arises between state elements, because the
relative position between vehicles not measured locally depend on local distance measurements,

making them correlated;

e the impact of a connection breakdown (due to partial or total failure of the vehicles sensor(s)

and/or communication links) on the performance of the navigation algorithm must be analysed.

Also, it is in the formation’s best interest to have the minimum number of communication links
between vehicles, to avoid the large bandwidth required by a fully connected formation, and to reduce
the filter algorithm sensitivity to communication failures. Thus, it is advantageous to devise an algorithm
that estimates the full relative state vector without a fully connected communication topology.

In this chapter, we propose a framework to represent and analyse decentralized 6DoF full relative
state estimation methods for a vehicle formation, using graphs. The formation navigation problem can
be significantly simplified when the relationships between vehicles are expressed by means of the graph
Laplacian, which captures the graph structure, and at the same time defines requirements necessary for
formation state estimation. These requirements ensure that cooperation among the vehicles is observable,
flexible and robust to topology changes of the measurement and the information flow graphs. Cooperative
observability is used here in the sense that the information shared among vehicles within a formation
leads to observability at each vehicle, since each vehicle has in its state vector the state vector components
of all the other vehicles.

Inspired by the work of Zhipu and Murray [47] on multi-vehicle formation control strategy, we use

three different graphs with the same vertices, distinguished by their edges. The vertices capture the
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individual vehicle dynamics and the local estimator (i.e., vehicle navigation filter), while the edges

describe the measurements flowing through the formation for one of the graphs, the communications
among vehicles for the second graph, and the relationships between vehicles for a third graph. The
relationships between vehicles are represented by the components of the full relative formation state
vector, which are to be estimated, are links in the formation estimation graph. This graph is meant to
form a reference graph for the other two graphs (the measurement and the information flow graphs)
such that the resulting solution will lead to the estimation of the formation state.

This chapter is organized as follows: in Section 3.2, we describe the formation estimation graph,
which will represent the components of the full relative state vector to be determined by the estimator
filter in each vehicle. The two graphs representing the measurements and the information flowing
through the formation, are presented in Sections 3.3 and 3.4, respectively. With respect to inter-vehicle
communication, Section 3.4 focuses on building an information graph that is as simple as possible,
ensuring that any two vertices are always connected in a decentralized way. A framework to deal with
sensor failure is also considered.

The chapter concludes in Section 3.5 with the formulation of the formation navigation problem based
upon the elements described in the preceding sections. Some relevant concepts of graph theory, and their

relationship with the formulation of the formation navigation problem, are described in Appendix A.

3.2 Formation Estimation Graph

Definition 1 (Formation Estimation Graph) Let us consider the graph ¥, such that¥ = (V(F), E(F)),
where the vertices V' of F represent a finite set of N wvehicles and V(F) = {v;]i = 1,2,..., N}. To each
vertex v; is assigned a filter that computes the estimates of the full relative formation state vector, X;;(t),
where x;;(t) € R" is the full translational relative state vector and relative rotational state vector of a
N -vehicle formation; the translational vector have position and translational velocity components and the
rotational vector have attitude and angular velocity components (details in subsetion 4.1.1); the subscript
ij is the vehicle’s index and components of the relative state vector stand for relative relation between
vehicle i and j € {1,...., N}\ {i}. Therefore, the edges set E(F) C V(F) x V(F) represents the inter-
vehicle relative position and relative translational velocity, relative orientation (attitude) and relative
angular velocity, quantified in terms of the state vector components, X;; = XZ; X£ quJ wiTj }T.
Since X;; = —Xj, the directions of the edges are not relevant and thus the full formation state vector
components X;; are defined fori=1,..,.N —1,7=2,..,N, j > i, and its dimension is reduced to half,
i.e., there exist N(N —1)/2 edges with associated Xijs Xijs» Qij» wij each. Thus, the formation estimation

graph ¥ is as shown in Fig. 8-1, with |V (F)| =N and |[E(F)|=N (N —-1) /2.
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Figure 3-1: The formation estimation graph ¥, which corresponds to the representation of the compo-
nents of the full relative formation state vector, which are to be estimated.

The Laplacian matrix for graph F, defined in (A.2), as,
L(¥) = D, (F) - T, (¥) (31)

where T (F) is the adjacency matrix, and D, (¥¥) is the degree matrix, with the diagonal being the
degree of each vertex.

The eigenvalues of the Laplacian, defined in (A.2), of a fully-connected formation estimation graph
F are,

eig {L (F)} = {o<1>,N<N*1>} (3.2)

where the superscript stands for the eigenvalue multiplicity, the dimension of the Laplacian matrix
being equal to N x N. Notice that the formation estimation graph is a complete graph with N vertices
and N(N — 1)/2 edges, and therefore it has degree N — 1, meaning that it is a (N — 1)-regular graph.
Throughout this work, an eigenvalue will be referred to either through its multiplicity, as eig(!) {}= 0,

or through the eigenvalue value, as eig® {-} = 0(1).

3.3 Measurement Graph

Definition 2 (Measurement Graph) Let us consider the digraph ¥, such that ¥ = (V(¥), E(¥)).
The vertices of ¥ are the same vertex set as V' for graph ¥, while the edges, E(¥) C V(¥) x V(¥),
represent the measurement links, where each order pair (v;,v;) € E(¥) if vertex v; measures its relative

distance to vertex v;, pé, i.e., there is a directed edge from vehicle j to vehicle i.
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3.3. MEASUREMENT GRAPH

Figure 3-2: Example of a measurement graph ¥, defined as the relative measurements links be-
tween vehicles in a formation. According to the figure, the edges set is E(¥) = {(1,2),(2,1),(2,3),
(2,4),(3,2),(3,4),(4,2),(4,3)} , and e.g., the edge (2,3) is a directed edge from vehicle 2 to vehicle 3
indicates that vertex vz measures its relative distance to vertex vs.

In this graph the role of the edges concerns whether relative measurements are available or not at
each vehicle filter, i.e., it takes into account that the sensor information can be restricted in the sense
that there exists sensor information to which not all vehicles have access, as shown in Fig. 3-2. The
key value of the measurement graph is the indegree (defined in Appendix A as the number of edges that
come into a vertex) of each vertex, along with its meaning in terms of linear independent measurements.

The measurement graph, models the relative measurements between vehicles in the formation, i.e.,
for each vehicle ¢, only the relative measurements between vehicle ¢ and vehicle j are available for
estimator 4. Thus, the elements of adjacency matrix are, ¢;; = 1 if the relative distance between vehicle
filter j and 4 is sensed by vehicle filter 7, the degree matrix diagonal being (for the directed graph) the
indegree of each vertex, corresponding to the number of sensed measurements. The eigenvalues of L (¥)

considering a fully-connected graph are,
eig {L (¥)} = {0(”7N(N’”} (3.3)

and the rank of the Laplacian matrix L (¥) will be N — 1, indicating the maximal number of linearly
independent columns, also indicated by the multiplicity of the non null eigenvalue. Graph ¥ is therefore
(N — 1)-regular, with indegree/outdegree N —1. Notice that the measurement graph does not have to be
fully-connected. However the fully connected case represents the topology with maximum measurement

links.

Definition 3 (Measurement subgraph) From the measurement graph definition it is implicit that
the arrows on each vehicle are the measurements obtained from each local sensor, and in this way are

the only measurements available at each vehicle filter. In order to illustrate clearly this implicit property
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3.3. MEASUREMENT GRAPH
of the measurement graph we can decompose the measurement graph of a formation of N-vehicle into N

measurement subgraphs, ¥°, such that
N

Ziﬁ =¥

i=1
This measurement subgraph corresponds to a spanning subgraph ¥' = (V, E') defined as E* C E (¥),
with E* = {(i,7),i # j} for each vehicle i. Also, the sum of all the Laplacians for each vehicle L; is the

Laplacian of the measurement graph of the formation,

The eigenvalues of L (¥l) considering a fully-connected graph are
eig (L (¥')} = {01, (v - 1)@} (3.4)

where the non-null eigenvalue indicates the number of independent state variables in the measurement

subgraph ¥, eig® {L (¥")} = (N — 1)(1).

3.3.1 Sensor failure scenario

When sensor information is more restricted, such as in a sensor failure scenario (where the malfunction
of a relative sensor is represented as an isolated vehicle), or a vehicle with partial malfunction in the
sensors, or just vehicle occlusion during one of the measurements transmission, the vehicle can not
measure the relative distance to other vehicles. For example, let us consider the formation shown in Fig.
3-3. Vehicle 6 is occluded and thus neither able to take any relative distance from the others nor able
to be detected by the other vehicles; vehicle 3 cannot measure any relative distances to the others but
its relative distance can be measured by the others (except vehicle 6); vehicle 1 can measure the relative
distance to the other vehicles but cannot be detected by the others; vehicles 2, 4 and 5 have a partial
malfunction in the measurement links, represented by occlusion of directions 5 — 2, 5 — 3 and 2 — 4.
In the example, the sensor failure scenario is modeled by the graph ¥, such that ¥ = (V (¥), E (¥))
describing the sensor restriction among vehicles. The set of edges of the formation estimation graph is
EF),={(2,1),(2,5),(3,1),(3,2),(3,4),(3,5), (4,1),(4,5), (4,2), (5,1),(5,4)}. The measurement graph
Laplacian is,

L(¥) =Dy (¥) - T, (¥)
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3.3. MEASUREMENT GRAPH

@ ®

Figure 3-3: Measurement graph of 6 vehicles for a sensor failure scenario.
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where the eigenvalues of L (¥) are 0, 1M and 3(®. The multiplicity of the zero eigenvalue means that
there exist 2 connected components in the graph, the isolated vertex and the rest of the graph. Thus,
the measurement graph is decomposed into two subgraphs, ¥ = ¥% and ¥' = ¥ : ¥ U¥?U¥3U¥1U¥®.

The indegree of a vertex v;, deg;, (v;), defined in (A.2), is the number of edges that come in vertex
v;. Therefore, the number of measurements sensed by each vertex can be computed by the indegree of
each vertex, shown in Table 3.1. Also, it can be inferred from the Laplacian eigenvalues of each of the

measurement subgraphs,
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Notice that vehicle 3, with zero indegree, is the one undominated vertex: it is a source vertex in

27



3.3. MEASUREMENT GRAPH

vehiclev; | 112|345
degin (v;) | 412]01]2|3

Table 3.1: The indegree of the vertices for the sensor failure scenario of Fig. 3-3.

the graph. This has a direct impact on the connectivity of the graph, which is not strongly connected,
since the zero eigenvalue of its Laplacian is not simple. The path to vertex 3 is not possible, therefore
vertex 3 does not contribute to the updating of the state vector estimates since it does not sense any
measurements. On the other hand, vertex 1 is a sink vertex with a maximum number of measurements.

Its indegree is 4, deg;, (v1) = 4, therefore it gives the highest contribution to the state vector estimation.

3.3.2 Observability

From the measurement graph defined previously, we want to provide an intuitive perspective of the
observability of the full relative state vector at each vehicle i. Considering the example of N-FF s/c, with
N = 4, where for sake of simplicity the relative state vector only includes the translational components,
position in y, x = y. Therefore, x},,,,s = [ (X@‘)T (le)T }T, and it is a vector of dimension n,. x;;
represents the translational relative position state vector components between vehicle ¢ and all the other
N — 1 vehicles in the formation, and X, the components between vehicles that do not include vehicle i.
Also consider z‘(t) as the observation vector of dimension n,, which contains all relative measurements
sensed by vehicle i. The measurements sensed by all vehicles # i are set to zero. Notice that the letter z
was used, instead the letter y, to define measurements vector, in order to have the measurements vector
distinguished from the state vector component, y.

Taking into account x;;= —xX;;, as stated in definition 1, with 4,5 = 1,2,3,4, ¢ # j and applying
the same to the components between vehicles that do not include vehicle ¢, i.e., x;= —x;;, with j, =

T
1,2,3,4, j # 1. The state vector for the 4-FF s/c is thrans = [ Y12 Y13 Y14 Y23 You Y34 ] ,

T
where [ Y2 Y13 Yi4 ] is the translational relative position state vector components between vehicle

T
i, and all the other N — 1 vehicles in the formation x;; , and [ Y23 You Y34 is the translational

relative position state vector components between vehicles that do not include vehicle i, x ;. We use
the Clohessy-Wiltshire equations (6.15a) to describe the relative dynamics among vehicles. Considering
a circular orbit, the eccentricity is zero, e.. = 0 and the Clohessy-Wiltshire equations become in state

space representation,
i i
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which applying to our state space dynamics, it follows,

% i

Xij 03x3 O3x3 | 13x3 Osxs Xij
d | X | _ | 93x3 Osx3 | O3x3  1sxs Xt
0 X 13k O3x3 | O3x3  Osxs X
X}z 03x3 13x3 | O3x3 O3x3 X}l

In this system the relative measurements received in vehicle ¢ are those represented by the links in the

measurement subgraph ¥, F (¥l) = z;j. So the measurement equation in this situation is',

A
3 i
zt — { lny><3 Ony><3 ‘ OnyXS Ony><3 } <|: Xi;  Xjl ‘ X'Iij X;’l } >

where z is a vector of dimension n,.
Assuming that the formation dynamic equations of the relative state representation for vehicle i, can

be modeled by a linear time-invariant system as follows,

dietxirans (975) = Axirans (91‘/)
Zi(et) = Cxirans (975) (35)

with no process or observation noise for sake of simplicity.

The observability matrix for the time-invariant system will be,

C
CA 1o,x3 Onyx3 | Onyx3  Onyxs
0= CA® =1 On,x3 Op,x3 | 1n,x3 On,x3
1,,x3 Onyxs | Onyx3  On,xs
CA"™!

where n, X n, is the dynamic matrix dimension. Assuming that the dimension of the relative state
vector components between vehicles that do not include vehicle ¢ (le and )'(jl) is m, the observability
matrix has rank n, —m, meaning that the state components z;; and &;; are observable while the state
components x;; and #; are not observable. Therefore, the filter needs more information about the
state to compute its full relative state vector estimates. This might be obtained by transmitting the

measurements through the links represented in the information flow graph. However, if there is a sensor

1For notational simplicity the time dependence is suppressed.
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Gt— )

Figure 3-4: Fully connected information flow graph, where all vehicles share information with all the
other vehicles in the formation.

failure or there is a measurement graph with fewer connected edges in each vertex, there will always
be states that are not observable, as in the graph shown in Fig. 3-3. Therefore, the alternative is
to obtain the needed information from other vehicle estimates. However this also raises the issue of
communication failures which leads to the question of what is the minimum topology required in order
for the full relative state to be observable. In the next section we will model the communication among

vehicles of a formation by the information flow graph.

3.4 Information Flow Graph

Definition 4 (Information Flow Graph) Let us consider the digraph o, ¢ = (V(p), E(p)), known
as the information flow graph, where the vertices of p are a finite set of N wvehicles, enumerated according
to V(p) = {vi|i = 1,2,..., N} and the edge set E(p) C V(p) x V(p) represents the information flow
among vehicles or vertices of the formation. Each ordered pair (v;,v;) € E(p) if the estimator in vehicle

i transmits information to the estimator in vehicle j.

For the information flow graph, two different topologies can be considered, one leading to the mini-
mum number of communication links, the other to the maximum number of communication links. If all
possible directed edges are allowed we have a (N — 1)-regular directed graph, as shown in Fig. 3-4, with
fully connected estimators. The digraph is strongly connected, the number of edges is maximum, and
this is not a convenient solution for a formation architecture. In this work, we are seeking a decentralized
architecture, with low communication and equal connectivity between vehicles, thus avoiding any of the

vertices being masters.
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O — ©®

Figure 3-5: Peer-to-peer topology @', which is a directed cycle graph, with minimum number of edges
connecting all vertices of the graph once.

3.4.1 Peer-to-peer topology

Due to the advantages of low communication for a N-vehicle formation, we are interested to ensure the
smallest possible number of edges between the vehicles in the information flow graph while keeping it
strongly connected. If we remove from the previously defined strongly connected digraph the maximum
number of edges possible such that the vertices remain connected, the information goes through every
vertex just once, and the same number of connections exist in each vehicle, we come up with a directed
cycle graph, where all the edges are oriented in the same direction. In this case every vertex in the
directed cycle graph obtained has indegree and outdegree 1, deg;, (v;) = degout (v;) = 1, therefore it is
still regular and strongly connected. In fact, this can be confirmed by the Laplacian eigenvalues, which
are 0 and 1Y) for a N-dimensional Laplacian matrix.

Because the ring graph is the underlying graph from the directed cycle graph, we will denote the
latter as the peer-to-peer information flow graph, P, as shown in Fig. 3-5, where the edge set will be
E(pP) ={@G,i+1),...,(N—=1,N),(N,1)}. If another vertex is removed, the information flow graph
goes from decentralized to centralized topology. A centralized vertex means vulnerability to vertex
failure, as for example in the rooted spanning tree shown in Fig. 3-6. Here the subgraph obtained is not
cyclic and is not strongly connected, since not all vertices can reach all the other vertices; the indegree
of vehicle 1 is zero, despite the fact that there is a zero eigenvalue in its Laplacian (eigenvalues are
1V =Dand 0M).

We assume throughout the work that the defined graphs are all synchronized, meaning that each
vertex represents the vehicle state at a given time, synchronized among vehicles?, with measurements

and information flow also synchronized.

2This is guaranteed by hardware devices, such as the Radiofrequency system [48].
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@ ®

Figure 3-6: Rooted spanning tree.

3.5 Formation Navigation Problem

The formation navigation problem, tackled in this thesis, is to design a local estimator using the formation
estimation graph F with a measurement graph ¥, and coupled vehicle nonlinear dynamics, x;; (t) =
f (x4 () ,u(t),t) + W(t) such that it computes the full relative formation state, x;; (t) at any vehicle of
a N-vehicle formation, minimizing the error estimation variance of the full relative state vector, based
on an information flow graph, which uses minimal inter-vehicle communication, while overcoming the
observability problem. The formation estimation graph is as defined in Section 3.2; the measurement
graph is as described in Section 3.3; the peer-to-peer information flow graph is as discussed in Section
3.4 and the observability problems described in subsection 3.3.2. Then, within this framework, the
requirements for estimation of the full 6DoF relative state vector of a N-vehicle formation need to be

established, and tested in the sensor failure scenario, as described in subsection 3.3.

3.6 Summary

In this chapter we described the navigation problem of locally in each vehicle of a N-vehicle formation,
estimating the full relative state vector based on the idea that the relative measurements usually available
on each vehicle are restricted. Two directed graphs were used to model the local measurements and
the information flowing through the formation: the measurement and the information flow graphs,
respectively. In order to obtain a decentralized architecture for the navigation, an estimator is equally
defined for each vehicle, bearing in mind the problem of having components of the state vector that are
non-observable. The information flow graph is then used to supply to the vehicle filter the information

needed to estimate the rest of the full relative state vector.
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Chapter 4

SIX DEGREES OF FREEDOM
DECENTRALIZED FORMATION
STATE ESTIMATION

The graph-based formation navigation framework, introduced in the previous chapter, aims at estimating
the 6DoF full relative formation state, in each vehicle, from noisy relative distance measurements, using

filters which share information with each other. The filters should be
e decentralized, in the sense that there is not a single master vehicle in the formation,

e based on the measurements obtained locally at each vehicle (according to the measurement graph),

and not on all the measurements,

e able to estimate the full relative state vector of the formation using minimal communication, i.e.,

a peer-to-peer communication topology.

In this chapter we represent the algorithm for 6DoF decentralized formation state estimation, that
solves the formation navigation problem established in the previous chapter for a full state vector. Thus,
the algorithm is divided in two parts: one estimates the state vector components through the local
measurements represented by the measurement subgraph and the other part estimates the locally non-
observable state vector components through the state vector estimates transmitted from the previous
vehicle, represented by the communication links in the information flow subgraph. Moreover, the 6DoF
full state vector estimation is divided in two parts: one estimates the translational relative state vector

of a N-vehicle formation and the other estimates the rotational absolute state vector of a IN-vehicle
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formation. Therefore, the full translational relative state vector defined in definition 1, is reduced to the
relative position and translational relative velocity, while the attitude and angular velocity components
will be defined as absolute components.

The full translational relative state vector of a N-vehicle formation, based on [3], uses:

a) EKF filtering, for updating the state vector estimates using local measurements;

b) the Covariance Intersection (CI) algorithm [49], [3], to avoid the correlation problem (see subsection
4.5.1), which arises when the local full relative state estimate is combined with the predecessor

local full relative state estimate;

c) EKF prediction, for all prediction steps.

The EKF has been a standard method for nonlinear estimation problems for years, which (though
being a suboptimal filter) is simple to implement, since it is derived directly from the state space model,
and which also enjoys widespread popularity for its accuracy and speed. Since its applications are usually
in nonlinear problems at discrete points in time, the nonlinear equations that describe the system need
to be both linearized, such that the linear Kalman filter equations can be used at each operating point,
and to be discretized in time.

The full rotational absolute state vector of a N-vehicle formation uses a) and ¢) as well, but replaces

b) by:

b) the EKF algorithm (EKF Fusion), for the fusion of absolute state vector estimates, since the opera-
tions performed by the CI algorithm violate the quaternion operations, and the correlation problem
is not an issue with absolute measurements. The EKF fusion is described in the context of the

rotational part of the state vector, in subsection 4.7.1.

The absolute (rotational) part of the state is defined as such, because its components are usually
based on absolute measurements, such as ST measurements in s/c, which are defined w.r.t. Earth.
Nevertheless, when rotational relative state vector components are required due to formation functions,
the relative state vector components can be built based on the absolute components of the state vector.
Likewise, it is shown that the translational relative state vector components are straightforward to obtain
from absolute translational state vector components, when they are available.

Obtaining relative state vector estimates is more demanding because relative state vector components

are coupled due to the measurements, the dynamics and also the performance goals:

e coupled through measurements, because they express inter-vehicles measurements (e.g., relative

distance, relative orientation) and thus depend on state vector components from different vehicles;
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e coupled through dynamics;

e coupled through performance goals, because the formation mission is specified in terms of the

estimated relative quantities.

This chapter starts, in Section 4.1, with the definition of notation used to describe the 6DoF formation
state vector which will be used throughout this work, as well as the formation equations of motion.
The feasibility of determining the full state vector estimates in each vehicle is studied and analysis is
performed according to each of the graphs defined, the measurement graph in subsection 4.2.2 and the
information flow graph in subsection 4.2.3. This discussion leads to the design of the filter, in Section
4.3. It is proposed that the filter algorithm determines the translational relative state vector given the
measurement graph and a peer-to-peer topology for the information flow graph. Analysis of the sensor
failure scenario, also defined in the preceding chapter, is performed, which covers several possibilities for
a measurement formation failure scenario. Section 4.4 outlines the Extended Kalman filter (filtering and
prediction). The fusion of information from several vehicles is addressed in Section 4.5. The CI method,
introduced in [50], is described, highlighting its application to correlated measurement problems. The
algorithm to determine the full translational relative part of the state vector is introduced in Section
4.6. Also, the algorithm for the rotational absolute part is described in Section 4.7. The chapter closes
with a summary that outlines the full state estimation algorithm and the achievements of the resulting

architecture.

4.1 Preliminaries

This section concerns the 6DoF state vector notation with the description of its nonlinear translational

and rotational dynamics, which are decoupled and thus handled separately.

4.1.1 Six degrees of freedom formation state vector

The full-order state vector is divided in two parts, as follows

x=[ s ]T (4.1)

Xirans rot

where Xy-qns denotes the translational relative vector with relative position and translational relative
velocity components and X,.,; denotes the rotational absolute vector with absolute attitude and absolute

angular velocity components.
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Translational relative state vector

The translational relative vector has relative position and translational relative velocity components, as

follows,

T
Xtrans — [ ij; XZ; j| (42)

where the components express the relative relations among the vehicle, e.g., x;; is a three dimensional

vector of relative positions, as shown in Fig. (4-1),
Xij = X5 = Xi = —Xji
where the subscript ij stands for relative relation between vehicle ¢ and j € {1,...., N} \ {i}, with,
T
Xig = | Tj— % Yj—Yi 2 —Z ]

T
with x = { T Yy z } where z, y, 2, are the axis of a Cartesian coordinate system, and X;; is a three

dimensional vector of translational relative velocity,

Xij = Xj —Xi = _in

_ il
s/c i / i
ALy

7 ij

Figure 4-1: Representation of a relative vector where x;; = Xx; — Xx; = —X;; and its absolute value is
pi; = |Ixi = x5 = s = xill-

Moreover, the relative distance is defined as follows,

pij = i = x5l = x; — x| (4.3)

Considering the frames, the full translational relative part of the state vector for vehicle i w.r.t.

vehicle j is defined as follows,
T
loc oc\T . loc T
Kt = | )" ()" | (14)

where the state vector relates body frame b; (abbreviated to ¢) w.r.t. body frame b; (abbreviated to
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j), written in a non-inertial frame denoted local frame, loc, used as the formation orbit reference frame

(reference frames defined in detail in subsection 6.3.1), Vi, j with j # . For example, if the local frame

is assumed to be the body frame b; of vehicle i, abbreviated as 4, then the state vector is,

) . ) T
Xirans = | 0¢5)" ()" |

with 4,5 = {1,..., N}, # j, for each vehicle ¢t =1,..., N.

Rotational absolute state vector

The rotational absolutepart of the state vector have its components are represented in the global frame

for vehicle ¢ w.r.t. a global world frame is defined as follows,

=] () (o) ] -

where ¢ is the attitude, expressed in quaternions, and represents the rotation between body frame glob
and the body frame i, and w is the three dimensional angular velocity vector. The angular velocity of
body frame b; (abbreviated to ¢), written in the glob frame, glob. Dropping the frames for simplicity,
when it is clear the local frame under discussion, the rotational absolute part of the state vector can also
be denoted as X;,o¢.

The quaternion belongs to the special orthogonal Lie group of dimension SO(8), which can be

identified with rotations in space, defined as,

T
9= a1 92 g3 (J4} :{q Q4} (4.6)

or in terms of the Euler axis/angle detailed in subsection 6.3.1, by,

n
Q4 cos (

where a is the rotation angle and U= (ﬁl, U,, U3) is the versor of the axis of rotation.
In relation to the quaternion state, the unit constraint, ¢ + q¢5 + q3 + g3 = 1 has to be ensured

because it represents the orthogonality in the rotation. The attitude matrix A(q) or Direction Cosine
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Matrix (DCM), is expressed in terms of the quaternion as follows,

G —a—a+a 2(0g + g3q4) 2(q193 — q244)
Alg) = 2(g2e — @3qa)  —G+ G -G +4G 2 (q293 + q1q4) (4.8)
2 (q1q3 + q2a4) 2(q2q3 — @s) —G—-B+aGE+a
Al)) = (&~ llal*) Laxs +2q0" — 201 [g%]

where 13,3 is the identity matrix with dimension 3 x 3. The operation ®, denotes the quaternion

multiplication,

q®@p=2E(p)g=Ag)p (4.9)

with p and ¢ being quaternions,

— palaxs +[px] p

=p) =" (4.10)
—P P4
qalzx3 — [ax] q

Ag)=| " (4.11)
—q q4

where the skew-symmetric matrix [px], defined by

0 —Pz Py
[pX] = Pz 0 —Px (412)

—py Pz O

represents the cross product of two vectors, a and c,
[ax]c = —[cXx]a (4.13)

Notice that the attitude matrix A(q}) describes the rotation between body frame j and body frame i,
while the quaternion represents the rotation between body frame ¢ and the body frame j, and can also
be written as,

Algy) = Ayi(a) (4.14)

Also, an attitude matrix that it is expressed in terms of other quantities rather then quaternions is
denoted by rotation matrix, A; Moreover, using (4.8) the quaternion can be obtained from a rotation

matrix.
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local

frame L
vehicle i

j
X giobi

global

frame
7\ i vehicle j
/ Z globj /

Figure 4-2: Translational variable relationship between relative state vector and absolute state vector.

Global versus local frame

The global frame is related to the local frame through the attitude matrix (4.8) that relates both frames

A (qlg‘l’gb), as follows
xlo¢ = A (qé(l’gb) x9tob (4.15)

Absolute versus relative

The absolute state vector translational components, now written in a local frame, the body frame 1,

X;lobj and leobi, can be related to the relative components by,
X;j = X;mbj - X;lobi

Since —xélobi = X’églob’ then,
Xij = Xgiobj T Xigiob
as shown in Fig 4-2. The same can be applied to the translational velocity. The local frame is related

to the global frame through the rotation (4.15).

The quaternion variables, which represent the orientation of vehicle ¢ axis in the inertial frame, can
be used to parametrize the attitude matrix which transforms the vector representation from absolute

to the body frame. Thus, it is possible to represent the relative attitude matrix between vehicle body

frames as,
A () = A (a)un) A (a)

A (q)) = A (g0) AT (qglob) (4.16)
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with 4,7 =1,..., N, i # j. The related quaternion can be obtained through Eq. (4.8). Thus, a set of four

solutions can be determined, so that if for the first set g4 is the first to be found, ¢; is the second to be
found, gs is the third to be found and g3 is the last. Numerical inaccuracies may arise when ¢4 is very
small. One may overcome this by computing the maximum of 1+ a1 + ass + a3, 1 +a11 + age + azz and
1+ a11 + age + ass, and based on this, switch among solutions, as suggested in [51]. Another possible
path consists of computing directly the quaternion that represents the orientation between vehicles,

i % glob
q4; = dgiob @ 4q;

i J r
= dabs ® (qglob)

J
; Y100
Agiop @ jg ’
qglob
where ® is the quaternion multiplication. The attitude matrix can then be computed, if needed, using the

equation (4.8). This way, the process of obtaining the quaternion from the attitude matrix is overcome,

avoiding the problem of having four possible solutions, described before.

4.1.2 Formation dynamics

The formation equations of motion, are presented as the dynamics of any vehicle of a N-vehicle formation,

and can be written in a compact form,
X(t) = f(x(t),u(t),t) + %) (4.17)

where f(-) is the continuous time process model, a nonlinear function of the state x(t), x € R"=, where
n, is the dimension of state vector, i.e. the number of state variables. u(¢) € R™ is the control input
vector, where n,, is the dimension of the control input vector, i.e. the number of vehicle actuators.

Since it was assumed that the translational and rotational motions are decoupled we can split the
dynamics (4.17) into translational relative dynamics and rotational absolute dynamics, dropping the
frames for the sake of simplicity, follows,

% (t) _ Xtrans (t) _ f(xtrans (t) ,u (t) 7t) n Wirans (t)

Xrot (t) f(xrot (t) ,u (t) 7t) Wrot(t)

and described in the next two subsections.
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Formation relative dynamics

The state dynamics of any vehicle as described before, includes the translational relative dynamics (i.e.,

relative position and relative velocity) of the it" relative j*" vehicle in the formation, i # j,

)'(trans (t) = f(Xtrans (t) ,a (t) 7t) + v\(’vtrans (t)

where n, is number of state variables, which in this case is the relative positions and velocities of all
vehicles w.r.t. another vehicle in the formation.

The output is given by,
yzmns(k) = hi(xtmm(k’)v k) + Vl(k) (4.18)

where y{,,,s(t) is the n, x 1—dimensional observation vector of vehicle i at time ¢, yi,,,,(t) contains
all relative measurements sensed by vehicle i, and where v(k) is observation noise, assumed to be white

Gaussian with,

E{I/(k‘)UT(k)} = Rtrans(k)
E{v(k)} = 0

Moreover, we assume that the process noise, W(t), is independent of the observation noise, v(k), and

is also assumed, for all t and k, to be white Gaussian with,

E {‘x’tmns (t)‘x’tj;ans (7')} = thns (t)o(t —7)
0

E {‘X/vtrans (t) } =

Throughout this work, for sake of notation simplicity, when it is clear the part of the full state vector

under discussion, we will suppress the subscript trans from the variables.

Formation absolute dynamics

The state dynamics of any vehicle as described before, includes the rotational absolute dynamics of any

vehicle in the formation w.r.t. a global frame,

Xrot () = f(Xrot (1) ;0 (t) 1) + Wit (t)

where n, is number of state variables, which in this case is the rotational absolute and angular velocity

coordinates of all vehicles in the formation in a given global frame.

41
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The output is given by,
Vit (k) = H' (Xpor (), k) + v* (k) (4.19)

where y?,,(t) is the n, x 1—dimensional observation vector of vehicle i at time ¢, y’ ,(¢) contains all
absolute measurements sensed by vehicle i, and where vi(k) is observation noise, assumed to be white

Gaussian with,

E{v(kv"(k)} = Ruo(k)
E{v(k)} = 0

Moreover, we assume that the process noise, W,..:(t), is independent of the observation noise, v(k),

and is also assumed, for all ¢ and k, to be white Gaussian with,

E{%o()%, (1)} = Quar(t)d(t —7)
E{%,x(t)} = 0

Throughout this work, for sake of notation simplicity, when it is clear the part of the full state vector

under discussion, we will suppress the subscript rot from the variables.

4.2 Formation Navigation Analysis

After defining, in the preceding chapter, the formation navigation problem based on graph theory, several

questions arise at this stage:

e What kind of information must be communicated through the information flow graph in order to

have the 6DoF full state vector of a N-vehicle formation locally estimated?

e Is it achievable a peer-to-peer communication topology where just peer-to-peer information flow is

allowed?
e How many measurement subgraphs are needed to fully estimate the state vector?

e What are the conditions that the measurement graph and the information flow graph have to
satisfy in order to guarantee that the 6DoF full state vector of a N-vehicle formation is locally

estimated?
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4.2.1 Formation estimation graph

As we discussed in the last chapter, a N-vehicle formation, each with a local estimator, aims to estimate
the full relative state vector components of the formation, represented by the formation estimation graph
F, F=(V(F),EF)). The estimation filter at each vehicle is associated with the vertices of the graph,
enumerated according to V(F) = {v;]i = 1,2, ..., N}. The full formation relative state vector dimension
is the size of the formation estimation graph, |E (¥)|: N(N —1)/2, for each component subset: relative

position, translational velocity, attitude and angular velocity.

Formation estimation graph example for 4-vehicle formation

Let us consider a formation of 4 vehicles, each with an estimator, where |V (F)| = 4, and the edge set
represents the components of the full relative state vector of the formation to be determined. To facilitate

the analysis, lets us consider only the relative positions of the translational part of the relative state

vector of the formation for s/c 1 (superscript 1), X}, 4ns € RIFE with X}rans s defined in subsection
411,
T
1 _ [ e \T (o \T o T (o \T (o \T (o T
Xirans = [ (X12)” (X13)"  (Xaa)” (Kez)” (X2a)” (Rsa) (4.20)

The size of the graph is [E(F)| = 6, but each component has coordinates in 3D, i.e., each X;; € R3.
Thus the set of edges is defined as E(¥F) = {X12, X135 X145 X235 X245 X34 }-

4.2.2 Measurement graph

Notice, that the measurement graph does not have to be fully-connected, but even for a fully connected
measurement graph, there are state vector components that are not measured on each s/c. A study of
which relative quantities are not measured locally, and the impact of this in the required information
flow, follows.

Let us consider the fully connected measurement subgraph ¥° with Laplacian eigenvalues given by
Eq. (3.4), eig{L (31—”)} = {O(N_l), (N — 1)1}. The multiplicity one Laplacian eigenvalue indicates
the number of independent variables from the measurement subgraph that can be determined by the
vehicle filter whose state vector components are modeled by the formation estimation graph. That is,
by intersecting the formation estimation graph F and the underlying measurement subgraph (¥i)U, as
shown in Fig. 4-3, we obtain the spanning graph (subgraph) of the formation estimation graph on each

vehicle,

) nF=@F),i=1,.,N

which represents the number of independent state variables that can be determined by the measurement
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Figure 4-3: Intersection of a) the formation estimation graph F, and b) the underlying measurement

U
subgraph in vehicle 1, (¥Z) , results in ¢) the observable formation estimated components of the forma-
tion estimation graph on vehicle 3.

subgraph on each vehicle (the observable components, X, where subscript o stands for observable).

Measurement graph example for 4-vehicle formation

Let us assume for now that the measurement graph ¥ for a 4—vehicle formation is fully-connected and it
can be decomposed into four 3— regular subgraphs ¥' = (V (¥),E! (¥’)) V¥ = ¥U¥?Uu¥ u¥?, where
cach edge subset E' (¥') = {p},i # j,i = 1,...,4}, as shown in Fig. 4-4. An example of determining
p} is given in (6.20) by using Radio Frequency (RF) measurements. Thus, E' (¥1) = {p%, p%, i},
E? (¥°) = {p2, 03,03}, E° (¥%) = {p}, 03, 01}, B* (¥") = {p}, p3, pi}. Knowing that the measurements

are a function of the state vector components,
P; = f(XzJ) or Pg = f(—f(z'j) (4.21)

it is convenient for the edges in each subgraph ¥’ to have their elements expressed in terms of the

measurements that directly represent the components of the state vector. Thus,

vt = {f(xa), f(Ras), f(Ra)} (4.22)
v = {f(=Xaa) F(Xas), f(R2a)}

v’ = {f(=Xas), F(~Xas): f(Xa)}

vt = {f(Xaa) F(-Xaa)s f(=Xsa)} (4.23)
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Figure 4-4: For a formation of 4 vehicles, the measurement graph ¥ is decomposed into the four subsets
¥' = (V,E) , ¥ =¥'"U¥?U¥’ U¥" where a) ¥' b) ¥°c) ¥° d) ¥*, each 3- regular.

It is clear that for each measurement subgraph, ¥ the number of independent measurements, i.e.,
3, is equal to the number of the state vector components estimated locally (observable components, X,

where subscript o stands for observable). For vehicle filter 1, the observable components are,

T
ol . . .
Xirans,o — [ X12 X1z Xi4 (4.24)

and the remainder, i.e., X33, X24, X34, are non-observable. This can be inferred from the multiplicity

one Laplacian eigenvalue (3.4) for the formation of 4 vehicles,
cig {L (¥')} = {030}

From this example, one might think that if the number of independent measurements per measure-
ment subgraph is equal to its size, |E(¥%)| = N —1, then we would expect that by adding N measurement
subgraphs, there would be N (N — 1) components of the state vector that could be determined. In fact
this is not so, because there is one repeated measurement every time a measurement subgraph is added.

This will decrease by one the number of components determined in the state vector.

Measurement subgraph example for 4-vehicle formation

The state vector to be determined by the estimator from vehicle 1 is given by Eq. (4.20) and the edges in
measurement subgraph 1 are given by Eq. (4.22). Considering now vehicle 4, in the same formation, the

edges in measurement subgraph 4 are given by Eq. (4.23). Comparing both measurement subgraphs, it
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Figure 4-5: The measurement subgraphs needed to determine the full state vector in vehicle 1, for a
formation of N = 4 vehicles, with i € {1,..., N}. The union of the measurement subgraphs a)¥",i = 1,
b) ¥ i+ 1 =2, and ¢) ¥'"2, i+ 2 = 3 in vehicle filter 1 is d) ¥* U ¥ ™ U¥""2 Notice, that the
union of measurement subgraphs is coincident with the formation estimation graph F.

is clear that %, is repeated in both, thus if vehicle 1 can use both measurement subgraphs (E (¥1) and
E (¥4)) to determine its state vector components, the measurement subgraph 1 will determine N —1 =3
components of the state vector from vehicle 1, and the measurement subgraph 4 will determine N —2 = 2
of the components, leaving the remaining state vector component X3 to be determined. This component
remains non-observable unless the measurement subgraph 3 or 2 is added to the estimator on vehicle 1.
Thus, N — 1 = 3 state vector components are determined by the local measurement subgraph ¥°, then
N —2 = 2 components are determined by the first external measurement subgraph ¥*! and N -3 =1
by the second ¥°*2, as shown in Fig. 4-5. The multiplicity one Laplacian eigenvalue of the measurement
subgraphs is eig(") {L (¥’)} = 3, The multiplicity one eigenvalue of the union of three measurement
subgraphs, eig(™) {L (¥’ u¥itiy ¥i+2)} = 1M, This which also has a null eigenvalue with multiplicity
one, eig’ {L (¥' U¥"T U¥?)} =00,

Notice that the sum (or union) of the underlying measurement subgraphs (¥Z)U up to N — 1, is

equivalent to the formation estimation digraph F,

I=N-1

Z (¥z‘+l)U _F

ieVl]i=1

That is, there are N — 1 components of the state vector that can be determined by the local mea-
surement subgraph, E (¥i), as expressed by the multiplicity one Laplacian eigenvalue. The remaining

non-observable components have to be determined adding N — 2 measurement subgraphs. This is
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confirmed by the multiplicity one Laplacian eigenvalue (eig™){L(¥%)}) and the null eigenvalue with

multiplicity one (eig?{L(¥%)}), of the union of N — 1 measurement subgraphs,

WL (¥)
eig (L (¥l ¥t
cigM) (L (¥ U¥ T U¥P)) =
eig) (L (¥ U¥TT U¥ T U¥t?))
I=N-1

eigWL > oy = 1M eig® (L (¥')) = 0 (4.25)
ieV|i=1

A generalization for an N-vehicle formation is summarized in Table 4.1. The measurement subgraph

analysis is summarized in Table 4.2.

H Formation of N-vehicle H N=3 \ N =4 \ N =5 \ N =6 \ N=17 \
E(¥') [n°(x)=2]n"(x,) =3 [ n°(x,) =4 [ n°(x,) =5 n°(x,) =6
E(¥)+E(¥) n°(x,) =1]n"(x,) =2 | n°(x,) =3[ n°(x,) =4 | n°(x,) =5
E(¥)+..+E(¥") - n°(x,) =1 |n°(x,) =2 n°(x,) =3 | n°(x,) =4
E(¥') +..+ E(¥") - - n°(X,) =1 | n°(x) =2 | n°(x,) =3
EX¥)+. . +E(X¥ - - - n°(x,) =1 [ n°(x,) =2
E(¥)+..+E(XT"7) - - - - n° (x,) = 1

Table 4.1: For a formation of N-vehicle, there are N — 1 state vector components determined by the
local (vehicle filter i) measurement subgraph E(¥") (n° (x,) from E(¥")) and N — 2 components that
are determined by the first external measurement subgraph added to the vehicle filter ¢ (number of
observable state vector components, n° (x,) from E (¥i+1)) , N — 3 components by the second external

measurement subgraph added to the vehicle filter ¢ (n° (x,) from E (¥i+2)), ... ete.

The vehicle filter ¢ determines N — 1 observable state vector components through the local measure-

% non-observable components to be determined. Adding an external

ment subgraph ¥', leaving
(to vehicle i) measurement subgraph, ¥ determines N — 2 observable state vector components; if
another ¥'*2 is added this determines N — 3 observable state vector components, and so on until just
one non-observable component is determined by the last external measurement subgraph. This one
non-observable component indicates that all the remain components are already observed and it is de-

termined by adding N —2 measurement subgraph to the local measurement subgraph, as shown in Table

4.1.

47
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| vertices [ N (3456 7] ]
n° (x,) from E (¥') N -1 213|456
x dimension, |E (F)| w 316]10]15 |21
n° (x,) on vehicle i MoaNt2 |4 3] 6 |10]15
(B, B, )] N-2 [1]2[3][4]5

Table 4.2: Summary of the measurement subgraph analysis, as a function of the number of vehicles in
the formation, namely: the number of state vector components that are determined through the local
measurement subgraph FE (5!—”), the dimension of the state vector represented by the links in its formation
estimation graph; the number non-observable state vector components, n° (x;) (subscript 6 stands for
non-observable); the number of external measurement subgraphs required to determine completely the
state vector.

Therefore, the number of communication links needed to determine the full relative state estimate in
each vehicle of a N-vehicle formation is NV —2. So, we will analyze how to achieve this in the peer-to-peer
information flow graph with only one communication link per vehicle, as well as which information needs

to be transmitted.

4.2.3 Information flow graph

As discussed before, in order to obtain the full state vector estimates we need to have N — 2 external
measurement subgraphs in each vehicle, leading to two possible scenarios: either each vehicle receives
the measurement subgraph from the other N — 2 vehicles, or it uses the peer-to-peer information flow
graph (as defined in subsection 3.4.1) and analyzes whether it is feasible to estimate the full state vector
with just one communication link per vehicle.

Let us consider the most restricted scenario (with communication reduced to a minimum), the peer-
to-peer communication topology for the information flow graph. In the alternative fully connected
information flow graph, it would clearly be feasible to determine the full state vector estimates when all
measurements are available for each vehicle filter, but not of interest from the reduction of communication
perspective.

In this work, the state vector estimates transmitted by other vehicles are viewed by the receiving
vehicle as "measurements" and fused with the local state vector estimates. Both observable and non-
observable components are used, and combined in such a way that the estimates computed by the local
measurement graph (observable components) have a larger weight than the ones that are just propagated
through the equations of dynamics (non-observable components). However, a correlation problem arises
when the local full state estimate is combined with the predecessor local full state estimates, as will be
explained in detail in Section 4.5. To overcome the correlation problem, the CI method, introduced in

[50], is used. Its description is given in subsection 4.5.2.
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For now, in order to simplify the analysis of the fusion, we will assume that the effect of transmitting

the state vector estimates to its neighbour vehicle is equivalent to having the measurement subgraphs
transmitted. If we recall the example described in subsection 4.2.1, the measurements are functions of
the state vector components, thus this assumption is valid if the system is observable (i.e., the state can
be inferred from measurements and output). Therefore, the measurement subgraphs are embedded in
the communicated state vector observable estimates through the observable components.

Let us consider that, in vehicle 4, the non-observable components (subscript ¢ stands for non-
observable), %% can not be determined from the local measurement subgraph ¥° but can be determined
from the predecessor estimated state vector, 1, computed locally by its measurement subgraph il
and therefore observable. However, each vehicle filter requires more than one external measurement
subgraph, if the formation is larger than or equal to 4 vehicles, as shown in Table 4.1. The question
is how the local state vector estimates are combined with the state vector estimates from the previous
vehicle, since the latter are viewed as measurements.

For now let us assume here the following equations to update the state vector, where the fusion of

two state vector estimates is the weighted sum of both, as follows,
iirans,é(k|k) = wciirans,é(kw” - 1) + (1 - wC) ii;alns7o(k|k - 1) (426)

where k € N is the time step, (k|k) is the estimate of the non-observable components (subscript

R} rans,o
0) of the relative vector X;.qns for vehicle 4, at time k given observations up to, and including time
k, Ximns’a(k% — 1) is the estimate of the non-observable components of the relative vector xqns for
vehicle ¢, at time k given observations up to, and including time k — 1, ii;alm’o(km — 1) is the estimate
of the observable components (subscript o) of the relative vector X¢pqns for vehicle ¢ — 1, at time k given
observations up to, and including time k£ —1, and the weight variable, w,, takes real values between 0 and

1, we € [0,1] (later in subsection 4.5.2 we will see that they are a simplified version of the CI method),

We 0+~ iltlrans,é(k|k) = ii:alns,o(k|k - 1)

We 1 <= )A(irans,é(k|k) = i’tira7zs,6(k|k - ]‘)

e For w. = 0, the non-observable components from vehicle i are updated only based on the prede-

cessor vehicle filter ¢ — 1 observable component.

e For w. = 1, the predecessor vehicle component does not contribute at all to the update of the

non-observable component of vehicle filter 3.

If ®:-1 is computed locally by its measurement graph, ¥1 assuming that the measurement error
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is smaller then the process error, then the vehicle i — 1 observable components are updated based on the

measurements sensor, which has smaller error variance
ii;alns,o(mk) = ii;alns,o(km - 1) +K (yiil (k) - Hifﬁv_alns,o(km - 1)) (427)

where K is the Kalman gain and y — HX is the innovation or measurement residual in Kalman filter
algorithm.
For vehicle filter 7, its non-observable components, which are know are assumed to match the observ-

able components from vehicle filter ¢ — 1, have the following error,

iiruns,é (k) = Xtrans — &irans,é (k|k)
and using (4.26)

Rhpansio (F) = Kirans = 0l o (K6 — 1) = (1 = w0) Rk, o (bl = 1)

At vehicle i, the state vector estimation error for the non-observable components can be Xi,.,,,, 5 (k) =
Xtrans — Xiyans.o(klk = 1) if we = 0 o Xipupas (k) = Xtrans — Ripanss(klk — 1) if we = 1, meaning
that the non-observable components of the vehicle ¢ will have the contribution of the vehicle ¢ — 1
observable components, depending on the weight value. The weight value can be computed considering
the contribution of error covariance matrices from both state vector estimates, i, ,(k|k — 1) and
)“(i;;ns’o(k% — 1), d.e., Pi(k|k — 1) and P*~!(k|k — 1). Notice that the non-observable components of
vehicle ¢ are now observable. If we consider as before that the effect of transmitting the full relative state
vector estimate is, in a simplified version, equivalent to transmitting the measurement subgraph then,
intuitively, the preceding result is also valid if we have more measurement subgraphs going through one
communication link as is the case in the peer-to-peer information flow graph. Moreover, there is no need
to complete a cycle to accomplish this, but only N — 2 vehicles linked in a ring, (see Table 4.2).

However, this is only the simplified version of the CI method to give insight of the CI equations used.
In the covariance intersection method, reported in subsection 4.5.2, the update of the state vector is

performed through the equations,

%'(klk) = P'(klk) {w.(P'(klk — 1)) "% (k|k — 1)+ (4.28)
(1= we) (P Lkl — 1)) &'~ (k| — 1)}
(PU(k[k) ™" = we(P(klk—1))"" + (1 —w) (P~ (k[k — 1))~
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which verifies the simplified equations adopted before, with the state vector estimates not only weighted

by the parameter w, but also by the corresponding error covariance matrix. Therefore, the state vector
estimates and its error covariance matrix (since P is symmetric, only the lower or upper triangular part,
plus the diagonal have to be transmitted) have to be transmitted between vehicles, according to the

peer-to-peer formation estimation graph.

Information flow graph example for 4-vehicle formation

From (4.20) and using measurement subgraph ¥! we have N — 1 = 3 observable components (from Eq.
(4.24) R} 00 = [ X12 Xi3 Xi4 |) and three non-observable components (Xj,q,. 0 = [ Xoz Xoa Xsa |)-
Using the peer-to-peer information flow graph, defined in subsection 3.4.1, information flows between
pairs of vehicles, thus for vehicle filter 1, the observable state estimates from vehicle filter 4 (updated
through measurement subgraph 4) are used to update the N — 2 = 2 state vector components, X5, and
X34- On the other hand, the non-observable component X5 in vehicle filter 1 and 4, is updated benefit-
ting of vehicle filter estimates from vehicle filter 3. As stated before in subsection 4.2.2, the N —1 =3
external measurement subgraph is going to contribute with one state vector estimate. The result is the

updating of all state vector components in vehicle filter 1.

4.3 Formation Translational Navigation Design

To compute the formation estimation graph, two graphs are considered on each vehicle i: the measure-
ment graph and the peer-to-peer information flow graph, as shown in Fig. 4-6. The measurement graph
concerns the measurements that are made locally at each vehicle filter, using the relative sensors (e.g.,
to measure the distance with respect to another vehicle), and which are used in the filtering step of the
Kalman filter (which is the same for all vehicles) to update some components of the local relative state
vector. Afterwards, these full state vector estimates are then sent to the next vehicle filter 4 + 1, in the
peer-to-peer information flow graph. The peer-to-peer information flow graph allows communication
of information between pairs of vehicles. This information is the full relative state vector and not the
measurement subgraph as assumed before. Yet, the measurement subgraph, ¥!, is embedded in the
observable components of the vehicle filter ¢ full relative state vector estimates, the same way that the
measurement subgraph, ¥, is embedded in the full relative state vector estimates transmitted by
vehicle filter ¢ — 1, and so on. Therefore, when the full state vector estimates are transmitted to the next
vehicle filter ¢ + 1 through the channels in the peer-to-peer information flow graph, they are considered
as observations in the receiving vehicle filter 4 1. These observations are correlated with the state vector

estimates to be computed there, and the degree of correlation is unknown. Moreover, the availability
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Figure 4-6: The graphs envolved in the formation navigation problem: a) peer-to-peer graph b) i*" sensed
measurement graph, ¥' ¢) underlying formation estimation graph.

of a limited number of sensors intensifies the need to use other vehicle entire state estimates, therefore
the problem of correlation that occurs when a vehicle filter combines the state estimate sent by another
vehicle filter with its own state grows stronger.

In summary, in the filtering step, the EKF is used when observations are measurements from the
relative sensors, and the CI algorithm is applied whenever the observations are the state vector estimates

from the predecessor vehicle, as shown in Fig. 4-7.

4.3.1 Sensor failure scenario

Recall the sensor failure scenario defined in the last chapter (reference to Fig. 3-3), where a formation
of 6 vehicles is considered with several cases of measurement failures: total; partial malfunction in the
relative sensor system; or merely occlusion during one of the transmissions. The Laplacian eigenvalues
are 02, 11 and 3(®), where the multiplicity of the null eigenvalue detects the isolated vehicle. Because

of the isolated vehicle and from the analysis performed before, it would not be possible to obtain the

N(N-1)

5—, since there is no way to combine the measurement

estimate of the full state vector dimension,

graph and the peer-to-peer information flow graph to obtain the formation estimation graph. This means
that if a vertex from the measurement graph has indegree and outdegree zero then it is not possible to
compute the full state vector estimates. Therefore, vehicle 6 must be considered out of the formation, and

the state vector components, or edges, related to it eliminated. Nevertheless, the state vector estimates
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Figure 4-7: Decentralized filter, conjugating the CI algorithm with Kalman filter.

of the other vehicles can always be communicated, to update their own state vector estimates.

With the formation reduced to 5 vehicles the issue now is that the measurement graph is not fully
connected, due to partial malfunction. So, how can this affect the state vector estimates in each vehicle?
Notice that vehicle 3 is an undominated vertex, since deg;, (v3) = 0, and with a measurement graph, ¥3,
having a null edge set, the Laplacian eigenvalues are zero. This means that it has no local measurement
subgraph, as opposed to the measurement subgraph from vehicle 1, which has the maximum number
of measurements (edges) on its local measurement subgraph. In fact, ¥! is a dominated vertex, with
deg;, (v1) = 4, and with Laplacian eigenvalues eig {L (¥4)} = {0(4), 4 } Therefore, the contribution of
¥3 to the peer-to-peer information flow graph is null, and the measurement graph ¥' gives the maximum

contribution, as shown in Fig. 4-8. Thus, we could establish a relation for all vertices as follows,

degin(vl) > degin(v5) > degin(v2) = degin(v‘l) > degzn(vd) =0

Since the measurement graph from vehicle 3, ¥2, does not contribute to the updating of any of its
own state vector components, its role in the peer-to-peer information flow graph will aim at updating its
own state vector at the cost of information from the other vehicles. Consequently, the communication
link from the other vehicles is essential. For the other vehicles it is clear that at least one communication
link must exist, so the full relative state vector will be updated at all vehicles.

To conclude, the full relative state vector update is feasible when the peer-to-peer information flow

graph is used (indegree/outdegree equal to one), whenever the intersection with the formation estimation
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Figure 4-8: a) sensed measurement graph, ¥!, deg;, (v1) = 4, dominated vertex, with maximum number
of received measurements opposite to b) sensed measurement graph ¥, deg;,(v3) = 0, undominated
vertex, with zero number of received measurements.

graph of the sum of the underlying measurement graphs without undominated vertices, results in the

formation estimation graph,
I=N—1

> (¥t NF=F (4.29)
i€V,deg;,, (vi)>0,l=1

which can also be inferred from the Laplacian eigenvalues of the union. The multiplicity one Laplacian
eigenvalue is one and the null eigenvalue has multiplicity one, see equation (4.25).

Equation (4.29) is a necessary pre-condition, but not sufficient. We also must guarantee that there
always exists at least one communication link at each vertex, i.e., deg;,(-) > 1 on the information flow

graph.

An algorithm to compute if a full state vector estimates is possible on each vehicle of N-vehicle for-
mation, follows which also quantifies the number of state vector components that can be estimated. For
a IN-vehicle formation consider the formation estimation graph, the measurement graph, the measure-
ment subgraphs and the information flow graph (i.e., the peer-to-peer topology). At the starting point
is assumed that the full state vector estimates is attained and its number is the formation estimation

graph size.

4.3.2 Algorithm

Consider a formation of IV vehicles:
1. If the measurement graph of a formation is k-regular, all vertices are dominant with value k, then

1.1 decompose the measurement graph into measurement subgraphs (as defined in Section 3.3);
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1.2 combine the underlying measurement subgraphs, as discussed in subsection 4.2.2, in order to

match the formation estimation graph

I=N-1

Z (¥i+l)U —F

ieV,i=1
This can be accomplished by adding measurement subgraphs until its multiplicity one eigen-
value is one and the null eigenvalue has multiplicity one;

1.3 verify that the information flow graph has indegree and outdegree equal to one (deg;, (v;) =

degou: (v;) = 1), i.e., peer-to-peer topology, otherwise jump to 3.

2. If the measurement graph of a formation is not x-regular, there are dominant and undominant

vertices, then

2.1 decompose the measurement graph into measurement subgraphs (as defined in Section 3.3);

2.2 take the vertices that are undominated out of the algorithm, i.e., the state vector components
that are related to the vertex. Add one per undominated vertex to the number of vertices

that are not able to determine the full state vector estimates from the information flow graph;

2.3 combine the remaining measurement subgraphs, such that the combination matches the for-

mation estimation graph,

Z (¥i+l>U _F

i€V,l=1,deg;, (vi)>0
This can be accomplished by adding measurement subgraphs until its multiplicity one eigen-

value is one and the null eigenvalue has multiplicity one, otherwise jump to 3;
2.4 verify that the information flow graph has indegree/outdegree equal to one, i.e., peer-to-peer
topology.

3. For a vertex not in the information flow graph,

3.1 if deg;y, (v;) = 1 and degey: (v;) = 0 (sink vertex);

3.1.1 the correspondent vertex is not in the previous algorithm, but the vehicle filter is able to
estimate the full state vector since it is able to receive the state vector estimate from the

previous vehicle;
3.2 if deg;y, (v;) = 0 (source vertex) and degyy: (v;) = 1;

3.2.1 the correspondent vertex is in the algorithm if it is not undominated in its measurement

subgraph. However, the vehicle filter is not able to estimate the full state vector, but
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P 2

Information flow A
~ measurement ()
g‘l/raph @ graph

Figure 4-9: Peer-to-peer Information flow graph o and measurement graph ¥ for a 3 s/c formation
flying example.

only the state vector components that are locally observable. Add one to the number of
vertices that are not able to determine the full state vector estimates, to account for the

state vector components not estimated.

4.3.3 Example of three formation flying spacecraft

For the example of N = 3 formation flying s/c, where the measurement graph and information flow
graph are as shown in Fig. 4-9, the formation estimation graph order is W = 3 for each of the
component subsets (relative position, translational relative velocity, relative attitude, relative angular
velocity) represented by the formation estimation graph, shown in Fig. 4-10. Knowing that each com-
ponent subset has x, y, z coordinates, then in total there are 18 components of the translational relative

state vector (order of formation estimation graph x 2 translation components subset x 3 coordinates),

T
_ T T T T T T
Xtrans - X12 XIS X23 X12 XIS X23
T T T T T T 7T
T12 T13 T23 T12 Z13 T23
Y12 Y13 Y23 Y12 Y13 Y23
212 213 223 Z12 213 223
T T
Notice that the components of vector | x5 123 293 ] and [ To3 W3 223 are not observable

in s/c 1 and so forward.

As can be verified, the measurement graph is 2-regular, thus all vertices are dominated with value 2.
This way, all vertices have the maximum contribution to the local state vector estimation, as discussed
previously. The union of any two measurement subgraphs gives the formation estimation graph, whose
eigenvalue with multiplicity one is one, and the null eigenvalue has multiplicity one. Thus, all the state

vector components can be estimated locally at each s/c.
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P

formation
. . S
estimation @

grap

Figure 4-10: formation estimation graph for the 3 s/c formation flying example.

4.4 Recursive Nonlinear Estimation

The Kalman filter is the optimal recursive state estimator, in the sense that it minimizes the mean
square estimation error, when applied to the state estimation of linear dynamic systems subject to zero-
mean Gaussian process and observation noise. Nevertheless, it can still be used for nonlinear systems
by linearizing the trajectory at each point and applying the Kalman filter algorithm. However, this is a
sub-optimal solution and the Kalman filter stability property is not guaranteed. Some of the problems

that may arise are:
e the measurement and process noise may not be Gaussian white noise sequences as assumed;
e variables assumed to be uncorrelated may be correlated;
e the linearization of the process and the measurement models may introduce significant errors;

e the initial state, x(0), and initial state error covariance matrix, P (0|0), are required.

Despite the described problems, it is well-known that the EKF is the simplest and most widely used
approach, and has been used to solve successfully countless nonlinear practical problems [52]. Besides, its
great popularity arises from a number of important and well-known properties valid for linear systems,

which include:

e Optimality: The filter is the optimal linear Mean Square Error (MSE) estimator. Given a linear

update rule, no other estimator yields an estimate that has a smaller MSE.

e Recursiveness: In each iteration only the current sensor observations are used and it is not necessary
to maintain and re-process previous observations. This minimizes the storage necessary and allows

estimates to be made on-line with modest computational resources.
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4.4. RECURSIVE NONLINEAR ESTIMATION
e Linearity: The state estimate is obtained through a weighted linear sum of information from

the predictions and the observations. This provides a simple and efficient means of combining

information.

e Covariance Modelling: The uncertainties associated with the system behavior and observations are
explicitly modeled using random variables with specified means and covariances. This provides a

confidence measure in the estimates provided by the algorithm.

Because the system is nonlinear, the local 6DoF EKF algorithm, used in each vehicle to update the
components of the full relative state vector, uses a linearized model of the nonlinear system. In this
section, we review the equations of the Extended Kalman filter, emphasizing their differences towards

the KF algorithm.

4.4.1 Extended Kalman filter

Since the state differential equations, as well as those relating the state and the measurements, are in
general nonlinear, as defined in Section 4.1.2, the Kalman filter is not applicable unless this nonlinear
system is linearized.

Consider the nonlinear equation being defined in subsection 4.1.2. The linearized and discretized
model to be used by the EKF is derived in appendix B, and summarized as follows:

After acquiring measurements, the full state estimate is corrected by the small perturbation state

estimates

%(k|k) = %(k|k — 1) + 6% (|k) (4.30)

where the state estimate perturbation is,
6% (k|k) = K(k) (y(k) — h(k,%(k|k — 1))) (4.31)
with Kalman Gain matrix,
K(k) = P(klk — DHT (k) [HE)P(k[k — VH" (k) + R(k)] (4.32)

where P(k|k — 1) is the error covariance matrix, R is the measurement noise matrix, and H(k) is the

Jacobian of function h evaluated at the current filter’s estimates,

H(k) 2 [Vh(k,x)T]"

4.33
x=%(k|k) (4.33)
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where V, is the gradient operator, V, = . The innovation covariance matrix

12}

Oxp,

S(k)= H(k)P(k|k — )HT (k) + R(k)
and the update state covariance as a function of S is,
P (k|k) =P (k|k — 1) — K(k)S™'(B)K” (k) (4.34)

or

P (k|k) = [1 — K(k)H(K)] P (k|k — 1) (4.35)

The state covariance matrix update equation (4.34) is very sensitive to round-off errors and may
lose its positive definiteness and symmetry. For large uncertainty in the initial estimate, the prior error
covariance matrix has very large variances (values along the major diagonal) and if the measurements are

initially very accurate, the state covariance update equation (4.35) will have an undetermined solution

P (k|k)

[1 - K(k)H(K)] P (k[k—1)

~ (0xoo

Thus, an alternative update formula for the update state covariance is the Joseph form, to guarantee

positive semi-definiteness,
P(klk)=1-K(k)HK)]P(klk-1)1- K(k)H(k)]T + K(k)R(k)KT(k) (4.36)

which has natural symmetry. While Eq. (4.35) has a subtraction that may lead its eigenvalues to be
negative, the term [1 — K(k)H(k)] in (4.36) is multiplied by its transpose, which preserves the positive
definiteness and it is thus less sensitive to round-off errors. The drawback is that more computational
effort is required to compute (4.36) compared to (4.35).

Predictionl
The state is predicted through the following equation,

k(1) = f(x(1).1) (4.37)
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which is approximated by a fourth-order four-stage Runge-Kutta method, [53], as follows,

R . At
Xe41 =X + o (P14 2Py +2P3 + Py)

with,

Py = f(Xet)

b, = f(ie+%p1,te+%)
P; = f(X+ %Pg,t,ﬂr %)
Py, = f(%+ AtPs,to+ At)

where At is the Runge-Kutta step size and £ € N°. The error covariance matrix is updated by
P(k + 1|k) = ®(k)P(k|k)(®(k))" + Q(k) (4.38)

From the previous equation, Q is the covariance matrix of the process noise, mainly due to unmodeled
dynamics, which (as we will discuss in Chapter 5) is required to be small, and ®(k) is the state transition

matrix (n; X n;) which is approximated by ®(k) ~ 1 + F(X(t),t)Ts + (F(’A‘(t%i,tﬁf

, where T is the
sampling period used to propagate the estimate. The matrix F(t) is the Jacobian of function f evaluated
at the current filter’s estimates,

F(t) 2 [Vix)T]"

(4.39)

x=%(t)

The nonlinearities of the system dynamics are approximated by a linearized version of the nonlinear
system model around the previous step state estimate. For this approximation to be valid, and not to
diverge, this linearization should be a good approximation of the nonlinear model for the uncertainty
region associated with the state estimate. Rather than propagating the non-Gaussian pdf, the EKF
considers, at each step, a linearization of the nonlinear dynamics around the last consecutive predicted
and filtered estimates of the state and, for the linearized dynamics, applies the Kalman filter equations.
In the Extended Kalman Filter, contrary to the optimal linear KF, the estimate at time k is only
approximately the state mean

%(k|k) ~ E {x(k)} (4.40)

and its associated covariance matrix is the MSE matrix, rather than the error covariance matrix, as a

consequence of the fact that the estimate is not in general equal but instead approximated to the mean:
MSE[X(k|k)] = E {X(k[k)X" (k[k)} = E {(x(k) — B {x(k)})(x(k) — E{x(k)})" }
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MSE[x(klk)] ~ E {(x(k) — %(k|k)) (x(k) — %" (k|k))} = P(k|k)

The approximation of the EKF is not optimal, since a global property of a function, i.e., its average,
is replaced by a local property, its derivative. However, the performance of the filter can be significantly
improved by extending the EKF to its second order terms or through the Iterated Extended Kalman
Filter (IKF), which is useful in reducing the effect of measurement function nonlinearity, both presented

in the next chapter.

4.5 Fusion of Multiple Vehicle State Estimates

In an environment of a decentralized architecture where information from vehicle filter estimates is
combined, it is mandatory to provide a solution that guarantees a consistent result, from the estimate
fusion process. The Kalman filter provides optimal results as long as the given estimates are consistent
and their degree of correlation is known, yet when there is no knowledge of the cross-covariance, the
estimates produced are not guaranteed to be consistent, resulting in divergence of the filter. Consistency
is covered in Section 5.4, and is especially concerned with the strength of the error estimate relative to
its uncertainty. Covariance Intersection (CI) and Covariance Union (CU) methods, proposed by [54],
are related solutions that provide consistency in the results without knowing the degree of correlation.
The main difference between them is that CU is guaranteed to preserve consistency as long as one of
the given estimates is consistent whereas for the CI solution the given estimates that are to be fused
have to be consistent. The CU method is used to restore the consistency of the given estimates and is
used as a complement to the CI method, as stressed by [54]. Since we are assuming that the estimates,
determined locally in each vehicle by the EKF, are consistent, the use of CU is dismissed, but can always
be included to support the CI method before the data fusion.

The CI algorithm provides a way to compute an upper bound on the covariance matrix for the
problem of fusing variables that are suspected or known to be correlated, without previous knowledge
of the degree of correlation of the given estimates, thus avoiding the instability problems that affect
the performance of the filters. Furthermore, it enables a decentralized solution to be obtained for our
formation full state estimation problem, as we saw previous in Section 4.2.

The main issues addressed in [3] are:
e the state estimates received from other vehicle filters are affected by the estimation error,
e the CI filter is used to fuse the estimates of the previous vehicle, and

e minimum communication is used in the formation, as required by the peer-to-peer information flow

graph.
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4.5. FUSION OF MULTIPLE VEHICLE STATE ESTIMATES
In this section, we will start by showing that when using Kalman filter state update equations there

is a correlation between state vector estimates, whose degree of correlation is unknown, affecting the

performance of the filter.

4.5.1 Correlation between formation state estimates of different vehicles

In this subsection we show that indeed the formation relative state estimates of the different vehicles are
correlated. Considering a general state vector, x with dimension n, x 1, it is known that the off-diagonal
terms of the covariance matrix are indicators of the cross-correlation between the elements of the state

vector,

cov(x) £ B{(x-E{x})(x-E{x})"}

var (1) cov(xy,T2) -+ cov(T1,Tn,)
cov (Ta,21) var (z2) <o cov (T, Ty, )
| cov(Tn,,z1) cov(Tn,,z2) -+  war(zn,)
[ 2
Oz, Sx1,2202,0 x4 te gxl,xnm 05,0z,
2
Sw2,210220m, Oz, T Swo,wn, Oza 0y,
O, O O, O 2
| S%ng.102n, 021 Szpng,2202,, 02 T,

with dimension ny X ng, the number of rows n = 1...n,, the number of columns m = 1...ng, ¢x, x,, is the

. . E —-F E . . s
correlation coefficient of x,, and x,,, Sx, x,, = Denxon ] B JB{xn} and g, is the standard deviation

OxpnOxm

of x. For the uncorrelated case, ¢x, x,, = 0 and the covariance matrix becomes diagonal. Using the state
estimate error vector instead, the idea is to compute the error covariance matrix, P = E{(x?)(x%)*} for
each vehicle ¢ in a N-vehicle formation.

Denoting the entire formation state vector estimated in the i*” — 1 vehicle as X, the i*" vehicle will

get observations as follows,
z' (k) = x(k) + X'k — 1), BE{x"'(k-1)(x""'(k—1))"} = P""'(k) for vehicle i (4.41)

where X’ is the estimation error of the Kalman filter for vehicle i = 1,..., N. Knowing that the estimation
error is as follows,

o]

X' = x — %* for vehicle i (4.42)
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the error covariance matrix associated with the updated estimate is
P'=E{X'&)"} =E{(x-%")(x—%")"} for vehicle i
Comparing (4.41) with a generic model observation model,

z(k) = Hx(k) + v(k)

the measurement noise covariance matrix R = F {va} is the error covariance matrix of the it* —

vehicle and H = 1.

Knowing that the general estimate updating equation is

%' (k|k) = &' (k|k — 1) + K(k)(2' (k) — HX"(k|k — 1)) for vehicle

where K is the Kalman Gain matrix, and using (4.41) and H = 1 it follows,

% (klk) = %' (k|k — 1) + K(k)(x(k) + X" (k — 1) — %' (k|k — 1)) for vehicle i

and using (4.42),
%'(klk) =%'(klk — 1) + K(k)(X'(k — 1) + X1 (k — 1))

(4.43)

(4.44)

1

The error covariance matrix (4.43) using the previous estimate updating equation becomes, for vehicle

Pi(klk) = E{{(x—%'(klk—1) - K(k) (X (k—1)+x (k- 1)}
{(x— & (klk — 1)) - K(K)& (E— 1)+ (k- 1)}
= B{&E(k-1)-KEH& (k-1 +T(k-1)}

(& (k1) - KF)EE-1)+x " (k-1)}")
— B{®(k-1) @ (k1))
-JQME{&%h—D+i“%k—D)&%k—nf}

FKWE{ (R (k= 1)+ % (k- 1) (® (k= 1)+ % (k= 1)} K (k)
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then,

Pi(klk) = P(klk—1) = B{X'(k— 1) % (k1) JK (k) ~ B{& (k= 1) (& (k- 1)" } KT (k)
“KE)E{X (k- DE(E-1)"} -KEE{F (k- DE(E-1)"}
+K(B)E {X'(k = )& (k= 1)} KT (k) + K(B)E{x! (k= )&~ (k — 1)) } K" (k)
+K(B)E {X'(k = )& (k= 1)} KT (k) + K(R)E {x'~ (k - (X' (k — 1))} K" (k)

and using P*~1% = {iiil (il)T} and P» 1 = {)Ncl (iifl)T},

Pi(klk) = Pi(klk—1)—Pi(klk— DK (k) — PH 1 (k|k — DK (k) — K(k)P'(k|k — 1)
~K(k)P Vi (kk—1) + K(B)PH(k|k — DK (k) + K(k)P* 1 (k|k — KT (k)
+K (k)P (k|k — DK (k) + K(k)P Y (k|k — DK™ (k)

Knowing that
P—-PKT —KP+KPKT =[1 - K|P[1 - K]"

then,
Pi(klk) = [1—-K(&)]P(klk—1)[1-K(&)]" +KEP " (kk- 1K (k) (4.45)

—P"" 7 (klk — )K" (k) — K(k)P*™ V' (k[k — 1)
+K (k)P (kk — DK (k) + K(k)P 1 (k|k — DK™ (k)

From (4.41), we can observe that in this special measurement model, the error covariance matrix
(P! = E{x""1(x""1)T}) replaces the usual place of the measurement noise covariance matrix (R’ =
E{v'(v")T}) and the cross-covariance matrices P*~1 = {)? (ii_l)T} and Pi~1i = {ii_l (i‘)T}
replace E {;ch} and E {viT}, respectively. Thus, comparing with a generic linearized observation

model (4.44) and assuming that the observation error is independent of the estimation error,

E{;(vT} =0
E{viT} = 0

then, (4.45) will be reduced to the Joseph form (4.36), with H = 1,
Pi(klk) = 1 — K(k)]Pi(klk — 1) [1 — K(k)]" + K(k)R(K)K (k) (4.46)
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Therefore, equation (4.45) will reduce to the Joseph form if the cross-covariance matrices are zero,

Pii=1(k|k — 1) = 0 and P~ %(k|k — 1) = 0, i.e., the state variables are uncorrelated.

Let us consider the case of relative state vector where their components express relative relations

among vehicles. For example, the state vector,

T
Xtrans — |: T12 23 T13 (447)

meaning that the state vector variables are dependent on each other, then its error covariance matrix
for discrete-time k is,
i (=~ i T i i \T i (=i \T
E {'TZH (m:cb) } E {lez (%3) } E {5E212 (1"113) }
. — - . T — — T — ) T
P'=|E {x’% (mxh) } E {9353 (55223) } E {$223 ($11'3> }
B poE{a @) s)' )

!

then for P»*~1 and P~ 1, we have,

£{a i)} e{m @)} E{ )

pii-1 _ E{33§3(9~C§51)T} E{iég,(iégl)T} E{%s(i"ﬁl)T}

R A L R

e @) e ) (e ) ]

P = | p{agt (#)") B{aR (@)} B{i' (@)}
)"} B{a (@) 5 (@)

From the matrices we can observe that not only the cross-covariance terms are not zero, but also the

variances as not zero, due to the relative relations among quantities,

T12 = T13 — T23

Thus, the update of the respective estimates is at the expense of the same relative measurements
which are a function of each other vehicle state estimates, meaning that the error covariances matrices
become correlated, because they share common information (4.45).

The problem is to compute the degree of correlation, ignored by the traditional optimal estimation
techniques. The consequence is to under-estimate the covariance matrix which causes instability prob-
lems, as shown in [3]. With the Covariance Intersection algorithm it is possible to combine random

variables with unknown degrees of correlation, thus all off-diagonal elements of the error covariance ma-
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trix can have values not known a priori, as opposed to the assumptions of the Kalman filter estimator.

Therefore, the CI method and the Kalman filter are applicable to opposite classes of problems in the

sense of the correlation between entities that are meant to be fused, as stressed by [54].

4.5.2 Covariance intersection

When we want to fuse the estimates in the vehicle i, &%, .(k|k — 1), with the estimates in the previous

si—1

vehiclei—1, Xj, ...

(k|k—1), when there is some unknown degree of correlation between the state vectors,

the covariance intersection algorithm as defined in [3], is as follows,

iirans(k‘k)

P (k1) { e (P (k1 = 1)) 76,0 (I — 1) + (1= ) (P (k1 — 1))

)A(i;alns(k|k - 1)} (448)
(PU(kE)™ = we(P(klk—1)7" + (1 — we)(P (klk — 1))~ (4.49)

where P?(k|k) is the error covariance matrix associated with state estimates %%, ,..(klk — 1), and
P?~!(k|k) is the error covariance matrix associated with state estimates %1 (k|k —1), and w,. € [0,1],
which represents a weight that is computed so as to minimize the trace of the resulting error covariance
matrix. In the CI algorithm, the weight parameter w. can be manipulated in such a way that modifies

si—1

the weights assigned to variables % .(k|k—1) and &},

(k|k—1), combined to improve the estimation
of the variable ¢, (k|k). Also the weighted parameter can be used to optimize the resulting error
covariance estimate based on different performance criteria, such as minimizing the trace of the resulting
error covariance matrix P¢(k|k), or its determinant, as suggested in [3]. It follows an analysis of the
error covariances for the interval of w,, based on minimizing the trace of the resulting error covariance

matrix. It is assumed, for the sake of simplicity, that there is no correlation between the state estimates,

meaning the covariances are zero.

1. For 0 < w. < 1, w, is obtained so that the trace of the covariance of the resulting state vector,

Pi(k|k) is minimized. Let us consider a vehicle filter i, with two state vector components,
A1 T
xtrans(k“C - 1) = i'ij ‘%i*LJ— ]

Vehicle filter i —1 also has the same state vector. The first component represents relative quantities
between vehicle 7 and vehicle i — 1, and it is observable in vehicle filter 4, since it is updated by the
local measurements represented by links in the measurement subgraph ¥*. The second component

represents relative quantities between vehicle ¢ — 1 and vehicle j, and is not observable in vehicle
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i but is observable in vehicle ¢ — 1. Thus, the error covariance matrices for the state vector on

vehicle filter ¢ and vehicle filter 7 — 1 are, in an example, as follows

. 06 0
Pi(klk—1) =
0 1.1
- 09 0
Pil(klk—1) =
0 09

By fusing the estimates from vehicle ¢ and ¢ — 1, and using (4.49), the resulting error covariance

matrix in vehicle filter ¢ will be,

) 0.9 0
Pl(kwf) _ 0.5we+1 tos
0 55w,

The value of the parameter w, that minimizes the trace of P¢(k|k) is w. = 0.8213, thus

064 O
0 1.06

Pi(k|k) =

P?(k|k) contains the intersection of the covariances of the two variables, %%, . (k|k—1) and % (k|k —

1), and is such that there will be a trade off among the variances of all the components. The analysis

for the extreme cases in the interval, w. = 0 and w,. = 1, follows.
2. For w. =0, Eq. (4.49) is reduced to,
Pi(klk) =P (k|k — 1)
and replacing the result in (4.48), and also with w,. = 0, the state vector equation is reduced to
Rl (K|K) = P ([R) { (P (klk — 1) " &b (lk — 1)}
and knowing P?(k|k) = P*~!(k|k — 1), then the previous equation becomes,
Rirans (k1K) = Kians (klk = 1)

The state vector update in vehicle filter 7 is going to be performed exclusively at the expense of

the state estimate from the previous vehicle ¢ — 1. This situation will occur when combining two
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state vectors with one common observable component, while the other component is observable in
one filter but not in the other. The components that are observable will update the non-observable

components of the other state vector. An example of a state vector with two components, follows

~i T
Ripans(klk —1) = [ Tiic1 Tio1j }

where the first component represents relative quantities between vehicles ¢ and i—1 and is computed
locally by the Kalman filter through the local measurements represented by links in its measurement
subgraph ¥°. The second component represents relative quantities between vehicle filters i — 1 and
j and is not observable in vehicle filter 7. In vehicle filter 2 — 1, both state vector component are
observable. Thus, the state error variances are equal in both vehicles for the first component since
they are computed by the same relative measurements, and the state error variance is higher for

the second component in vehicle filter ¢, because this is a non-observable component,

. 06 0
Pi(klk—1) =
0 1.2
- 06 0
Pil(klk—1) =
0 06

By fusing the estimates from vehicle filter 4 and ¢ — 1 in vehicle filter i, and using (4.49), the

resulting error covariance matrix in vehicle filter ¢ will be,

Pi(hlE) — 0.6 0
o=
2—wWe
The trace of the matrix is,
1.2
trace = 0.6 +
2 — w,
and the minimum is computed as follows,
Otrace
= 0
ow,
-2
(we — 2)2

Thus, in this case, the value of the parameter w, that minimizes the trace of P¢(k|k) is indeed
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w, = 0, thus
06 0
0 06

P’ (k|k) =

This means that the observation from the predecessor vehicle, where the variance was improved
due to the measurements, will improve the non-observable component estimate of vehicle filter 3.
Despite the assumption made i.e., a cross-covariance of zero, indicating no correlation between the
components of the state vector results are also extendable to correlated state vector fusion. The
main reason why the CI method is used is because there is a degree of correlation between the

entities which is unknown and, in the case of EKF, its performance will degrade or even diverge.

. For w. =1, Eq. (4.49) is reduced to,
Pi(klk) = Pi(k|k — 1)
and replacing the result in (4.48), and also with w,. = 1, the state vector equation is reduced to
Rt rans (k1K) = Kiyans (kb — 1)

Therefore, the state estimate from the previous vehicle i — 1 does not contribute to the state vector
update in vehicle 7, which is going to be performed exclusively at the expense of the predicted state
estimate in vehicle ¢ from the previous step. Considering the same example as before but for the
opposite situation: in vehicle filter ¢, both state vector components are observable, and in vehicle

filter j only the first component is observable, leading to the following error covariance matrices,

. 0.6 0
Pi(klk—1) =
0 06
- 06 0
Pil(klk—1) =
0 1.2

Thus, the resulting error covariance matrix in vehicle ¢, will be,

i 0.6 0
P (klk) = 1.2
0 we+1
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4.6. TRANSLATIONAL STATE VECTOR ESTIMATION ALGORITHM
and the value of the parameter w, that minimizes the trace of P?(k|k) is w. = 1, thus

06 0
0 0.6

Pi(k|k) =

This means that the variance from the previous vehicle filter ¢ — 1, higher than the variance from

the vehicle filter 4, does not contribute to the component estimate of vehicle filter i.

Covariance intersection parameter

From the previous discussion for 0 < w. < 1 the resulting error covariance matrix is a balance of the
estimates obtained at the predecessor vehicle filter based on its measurements, and the estimates of
state variables measured at the current vehicle. Since there are dependence among the variables some
price is expected to be paid, since the improvement of the component errors is obtained at the expense
of reduced accuracy of the remaining variables. CI provides a resulting covariance matrix which is a
trade-off among the variance of all the components, the state estimate and the new "measurement" (i.e.,
state estimates). Since the resulting covariance ellipsoid encloses the intersection region of the covariance
ellipsoids of the variables that correspond to the state estimate and the new state "measurements", it is
expected that the resulting covariance matrix will have some components reduced, at the expense of a

higher variance for the other components, as shown in Fig. 4-11.

4.6 Translational State Vector Estimation Algorithm

The study carried out in Section 4.2 and the formation navigation algorithm proposed in Section 4.3
have shown the feasibility of using an EKF+CI filter to estimate adequately the relative position and
translational relative velocity of a IN-vehicle formation. In this section, we will summarize the algorithm
for a translational relative state vector determined in a local frame from relative measurements.

Recall the notation of the full 6DoF state vector, as defined in Section 4.1.1 : X;;qns denotes the
translational vector, X¢rans = [ xT )‘(T }T. Throughout this section, for the sake of simplicity, we will

use x to denote the translational state X;rqns-

4.6.1 Relative position and translational velocity

Knowing that the relative state vector is defined in a non-inertial frame, denoted by a local frame as

defined in (4.4), and repeated here for convenience, with the local frame assumed to be the body frame
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Covariance Ellipsoids

15

0.5+

1}

15 L L I I P I L
2

Figure 4-11: The error ellipse (for a given threshold) of the cross-covariance P, (dashed) for different
cross-correlations of the linear combination of two randoms variables, = and y, always lies within the
intersection of the error ellipses (for a given threshold) of its covariances P, (solid) and P, (doted)
respectively, for a Maximum likehood estimator. Reprinted from [49].

b; of vehicle i, abbreviated as 4, then,
T
7 iT LT
Xtrans = [ (X)) (k) }
with 4,5 = {1,..., N},i # j, for each vehicle i =1,..., N.

Algorithm

To determine the components ng and ij the usual filtering part of the EKF is employed, as explained in
subsection 4.4.1, where the measurement subgraph ¥° at time k is used. The nonlinear observation model
and process model must be linearized for the i** vehicle using the entire relative state estimate about
time k to compute the error covariance matrix. At this instant of time, the non-observable components
x§- . and X;w are just propagated through the equation of motion and only at time k+ 1 are then updated
using the CI method. Thus, at the instant of time k 4 1 the state vector estimates from the predecessor
vehicle are transmitted to the next vehicle, as established by the peer-to-peer information flow graph in
subsection 4.2.3, and combined with the local state vector estimates, as shown in Fig. 4-12. In this way,
the measurement subgraph is indirectly transmitted through the state vector estimates until the union

of measurement subgraphs becomes the formation estimation graph, and thus the whole state vector is
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4.7. ROTATIONAL STATE VECTOR ESTIMATION ALGORITHM
determined. The algorithm is written in pseudo-code in Appendix B.2.

To fuse estimates
from another vehicles
whase correlation is
unknown

Vehicle |

Compute Kalman Gain
_ T T L : s
Ky =Ry (Hkﬂp.k_+1Hk+l +Rk-H) 7 = "1;11
-
+ Qe ﬂ
Project Ahead v ﬁ
A xdino E:F lUpdate estimate from measurements = =
Teu = DX E Xt = X e K e Xen =Pra t o P, +
- ‘T kd = Xga 1Y b+ k+1 .
P, =& F @, +Q, (l_a’cIP]:H) Zin
v

Compute Error Covariance matrix =
o B X
F.,= (I -K,.He, )Pk+1 (I -K,.Hey )T L
+K Rk+l (Km)

k4L

&

Estimation error of
each
vehicle Kalman filter

(Pk++1 )1 =, P, (1 - @, XPJ;H )1

Figure 4-12: Block diagram of the EKF algorithm with CI used in the state vector estimation of relative
position and relative translational velocity.

4.7 Rotational State Vector Estimation Algorithm

The rotational part of the state vector differs from the relative part of the state vector in terms of
the operations allowed for the quaternions. Therefore, the equations that are used in EKF are revised
adequately for the quaternion components of the state vector. On the other hand, the sensors used
to update a rotational state vector are usually inertial, therefore it is simpler to use an absolute state
vector, since the dynamic equations are decoupled, as well as the equations in the observation model,
presented in the following subsection.

Using absolute attitude and angular velocity in the estimator eliminates the correlations between
measurements, and the CI algorithm is no longer required. This section describes the EKF Fusion filter
used to estimate the rotational components of the full state vector.

Recall the notation of the full 6DoF state vector, as defined in subsection 4.1.1 of the last chapter,

T
where x,.,; denotes the rotational vector, X,,; = [ gt W7 } . Throughout this section, for the sake of
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simplifying the notation, we will use x to denote the rotational state x,.,;, dropping all the frames, and to

_ ' . T
refer to the rotational state vector i vehicle and to its vehicle s components as, x* = [ (ql)T (wZ)T }

4.7.1 Absolute attitude and angular velocity

The orientation part of the state vector for each vehicle includes its attitude expressed in quaternions,

g, and the angular velocity, w, was defined in (4.5), and it is repeated here for convenience,

T
) T T
x99 — [ (q;lob) (wgl°b> ] (4.50)

where w is the angular velocity vector with components w,, w, and w;, and the quaternion g is a three
element vector with a possible fourth element depending on the other vector components, as defined in
subsection 4.1.1. With respect to the quaternion, the subscript glob and superscript i represents the
rotation between global and body ¢ frames; with respect to the angular velocity, the subscript i represents
the angular velocity of vehicle ¢, and the superscript represents the frame in which the angular velocity
is written.

Related to the quaternion state, two problems arise:

e the unit constraint, g3 + q3 + q3 +q3 = 1, has to be ensured because it represents the orthogonality
in the rotation. This is difficult to maintain due to rounding errors, because of the dependence of

the scalar quaternion component on the other components.

e the scalar quaternion leads to a singularity in the error covariance matrix and thus is not considered

in the filter computation, as shown in [55] .

One way to overcome these, is to reduce the state vector to the vector part and rebuild the scalar

part during the update of the quaternion estimate in the filtering part of the Kalman filter algorithm,
q(klk) = 4(k) © 4(k[k — 1) (4.51)

where the quaternion ¢(k) is the update term for the rotation part of the state (see below). In Eq.
(4.51), the scalar part of §(k) can be rebuilt according to

ik = [ (Gxg)” VT=TRl |
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where dxq is the vector part of the perturbation quaternion estimate, obtained as follows,

0Rq R
= Kdq (4.52)
0K
where K is the Kalman gain, §x,, is the perturbation angular velocity estimate and 04 is the quaternion
innovation or measurement residual obtained from the quaternions measurements and the quaternion
prediction, as in the Kalman filter algorithm but in a special way due to quaternion operations, as
follows,
R 64 =T
oq(k)=| | =B (¢ (k[k = 1)) qgiop(k) (4.53)
04
where Qglob are the quaternion measurements.

Thus, the update operation becomes,

q(k[k)

q(k) ® q(k|k — 1) (4.54)
= [ (5%)7 VI—T%al }T®q(k|k_ 1)

The error quaternion, dq, a small perturbation of the quaternion attitude, is defined as follows,
(=06q®4<=>6g=q@§ " (4.55)

where ¢ is the estimated quaternion. According to the definition of the quaternion in terms of the Euler

axis/angle given by Eq. (4.7), and since dq is a small perturbation,

U sin (570‘) oq
5 — W sin (570‘) ~ o2 | | daq (4.56)
U5 sin (%a) 0qs 1 .
cos (5"‘) 1

Therefore, the rotational part of the N-vehicle formation absolute state vector, will be given by the

shortened version

T
lob __ i i i lob lob lob
X7 op = (QI);lob (@);lob (%);lob (wa)] ’ (wy),g ’ (w2)f ’ (4.57)

where ¢4, required for the state vector, can be rebuilt through Eq. (4.54).
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Algorithm

Local extended Kalman filter For each vehicle ¢ = 1,..., N, the usual filtering part of the EKF is
used, where the local measurement update and estimation is based on the measurement subgraph ¥°.
The linear observation model is used for the error covariance matrix but the update of the local state
estimate must be performed carefully as discussed before. The error innovation in the filtering equations
of the Kalman filter is usually computed as the difference between the actual measurements and those
predicted by the observation model. However, because quaternions must respect the rotation operation,
according to (4.10)-(4.11), one must compute the innovation differently for the quaternion components
of the state. Denoting the actual global measurement by qglob(k) and its prediction by ¢‘(k|k — 1), the

innovation or measurement residual becomes,

0qt ) . 1
ql(’“) = n(B) @ (3 (Rl — 1)

T
where 671 = [ a7 ] , or with after some algebra manipulation,
5G' (k) = B (¢" (klk — 1)) qgop (k)

The complete state vector is split in two parts, corresponding to the angular velocity and the quater-

¢ (k[k)

nion, e.g., x'(k|k) = ' vehicle ¢ components. For the sake of simplifying the notation, the
w' (k|k)

frames from (4.50) were dropped and the superscript ¢ refers to vehicle ¢ and not to global frame as
stated in Eq. (4.50). Therefore, the state estimate perturbation, computed as the innovation multiplied

by the Kalman gain can be expressed as

5% (k)

=K' (k)oq (k
55 () K'(k)oq' (k)

Hence, the local state estimate update is performed according to,

%%, (k)
1 —[|o% (k)|
&' (k|k — 1) 4 6%2, (k)

q' (k|k) ® ¢ (k|k—1)

X' (klk) = |
@' (k[k)

In the prediction, the nonlinear process model %)‘(i (t) = f(t,%%(t)), approximated by a fourth-order

four-stage Runge-Kutta method, is used to update local state estimate perturbation (according to Wertz
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[53]). The linearized process model for the i*" vehicle, uses the entire relative state estimate %° with

1 € [1, N]. This model assumes that the angular velocity is constant over the sampling time.

EKF Fusion Since the state vector includes quaternion components, the Covariance Intersection al-
gorithm is no longer applicable, as the weighted sum of both estimates is meaningless for quaternions.
Furthermore, because we use the absolute attitude, no correlations in measurements occur, in contrast
to the relative state estimation case. Therefore, the alternative is to fuse the state estimates from each
vehicle using an EKF.

Considering the generalized observation model for inertial measurements,
y' (k) = H'x, o1 (k|k — 1) + v'(k)

where X,.t(k) is defined in Eq. (4.57), and for the sake of simplifying the notation, the frames were
dropped and the superscript ¢ refers to vehicle ¢ and not to global frame as stated in the equation.
The "measurements" in the observation equation are now the state estimates from the predecessor
vehicle without the components that are locally updated by the inertial sensor in vehicle ¢. Thus, the
covariance matrix of the measurement is now the error covariance matrix from the predecessor state
estimates, E {v’(k) (vl(k))T} = P !(k|k — 1), which must also be communicated. Taking advantage
of P symmetry, only the lower or upper triangular part plus the diagonal need to be transmitted. For
the fusion of vehicle ¢ and the previous vehicle i — 1 information, the usual EKF equations are applied
such that the observation is now the predecessor vehicle state estimate, z'(k) = x*~(k|k — 1) + vi=1(k),
and the observation noise is the error covariance matrix from the predecessor vehicle, ¢ — 1. Therefore,

the state estimate perturbation is performed according to,

0% (k . 8¢t (k
S gy | 27 (458)
0%, (k) 0" (k)
with,
At A= A~ -1 — ~7 Af—
0G'(k) = ¢ M(klk—1) @ (¢ (klk-1)) =2 (¢ (klk—1)) ¢ (klk 1)
SO (k) = & Hkk—1) - &' (klk—1)
Thus, the local state estimate update becomes
. i (k|k 2 (¢ (klk — 1)) 6% (k
o UM B TN ET
@" (k|k) @' (k|lk —1) + 6%, (k)
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4.8. SUMMARY
To summarize, the filtering part of the estimator algorithm that computes the inertial attitude and

the inertial angular velocity is divided into two parts: Kalman filtering and the Kalman filtering fusion
method, depending on the source of the measurements. As soon as a measurement of the sensor arrives,
the filtering part is computed and the result is the state vector estimation at that instant, which is then
sent to the next vehicle, shown in Fig. 4-13. At the next time, the predecessor state vector is combined
with the local state vector through the Kalman filter fusion (denoted by Kalman Filter Fusion), now
adapted for the fact that the observations for this filter are now the predecessor state estimates, resulting

in a new state vector estimate. The algorithm is detailed in Appendix B.3.

Vehicle {

To fuse estimates
from another vehicles

Compute Kalman Gain
K, =P 0., (H, P HL, +R,, ]
T T e P Ve T Pt et

+Qcy

Project Ahead v M’ ﬂ

g > Update estimate from measurements e e
X =] + X L 5T e S
kf] i , EKF Xt =X T Ky (Zkﬂ ®ka+1) ket ; kel .
Pop=2.P P, +Q; Kk+1(z ®ka+1)
v
Compute Error Covariance matrix L
" _ Xp
P = (I K yHey )Pk+1 (I -K, . Hy )T
KR (Ks:+1) EKF tfusion
£ T . .
Pr:r+1 = (1 -“KaH g )Prm (1 - K gH ey ) Estlmatlorlherror of
eac
+K . R K ;
R e (K v ) vehicle Kalman filter

Figure 4-13: Block diagram of the EKF algorithm with EKF Fusion used in the state vector estimation
of inertial attitude and angular velocity.

4.8 Summary

The determination of the 6DoF state vector (relative position, translational velocity, absolute attitude
and angular velocity) estimates for a N-vehicle formation represented by the formation estimation graph,
presented in this chapter, relies on the key idea that the filter estimation algorithm proposed uses a

measurement graph together with a peer-to-peer information flow graph, in other words with relative
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4.8. SUMMARY
measurements only available locally and low communication within the formation. The design of the

Navigation algorithm is based on:

e for the translational components: a combination of an EKF and a CI algorithm at each
vehicle, with inter-vehicle measurements obtained from a local sensor in the measurement graph.
Each vehicle communicates its most recent state estimate to its successor vehicle in the peer-to-
peer information flow graph. The filtering part of the state estimation process is performed at
alternate sampling times, by an EKF —when local measurements are used— and a CI algorithm
when observations (i.e., the state estimates) come from another vehicle. The prediction part of

the state estimation process is performed by the EKF;

e for the rotational components: a so-called EKF Fusion at each vehicle, and on absolute attitude
measurements obtained from a global sensor, according to the measurement graph. Each vehicle
communicates its most recent state estimate to its successor vehicle in the peer-to-peer information
flow graph. The filtering part of the state estimation process is performed, at alternate sampling
times, by an EKF —using local measurements— and another EKF —when observations (i.e., the
state estimates) come from another vehicle. The prediction part of the state estimation process is

performed by an EKF.

The resulting architecture achieves improvements in estimating the full relative components that
represent the full vehicle inter-relations within the formation and the angular variables that characterize
each vehicle. These improvements are achieved in less than one complete cycle, in a decentralized
topology, in the sense that there is no master filter, so each vehicle has access, not to all measurements
in the formation, only to those sensed locally. The designed filter overcomes the correlation problem,
due to estimated information in two vehicles being shared. The quaternion operations are also taken

into account in the filter equations.
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Chapter 5

EXTENDED KALMAN FILTER
ANALYSIS ISSUES

5.1 Introduction

This chapter is devoted to the study of the EKF and to the performance analysis of the solution obtained
by the EKF when applied to the nonlinear problem of the full state estimation for N-vehicle in formation
discussed in previous chapters.

In the first section 5.2, the filter stability for linear and nonlinear systems and their relationship
to observability is presented in subsection 5.2.2. A linear time-invariant system is given as a basic
example to gain more insight into the influence of the process and measurement error covariance matrices.
Also, their influence on the solution of the algebraic Riccati equation is addressed. In Section 5.3, the
Posterior Cramer-Rao Lower Bound (PCRLB), which determines the optimal performance lower bound,
is presented for nonlinear systems. The PCRLB allows evaluation of whether the suboptimal EKF is
close to the optimal estimate or not. This study also includes, in Section 5.4, the consistency test, very
important for nonlinear systems due to the approximations made, which tests for possible bias and for

whether the EKF actual MSE matrix matches the covariance matrix assumptions.

5.2 Stability

Observability is an important concept for the stability of optimal estimation problems, especially in
stochastic systems, where observability is related to the convergence of the covariance matrix.

In open loop, i.e., when the estimator is not in a closed-loop with a controller, the observability
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5.2. STABILITY
plays an important role in the estimation problem. According to Gelb [56] and Bar-Shalom [57], -

"A continuous-time (deterministic) system is completely observable if its initial state can be fully an
uniquely recovered from its output, observed over a finite interval, and the knowledge of the input." -. So
if a system is observable at time k1 > kg if it is possible to determine the state x (ko) by observing y(k) in
the interval (ko, k1). If all states (k) corresponding to all y(k) are observable, the system is completely
observable. This means that there should be enough information in the sensor measurements, such that
the state vector can be determined distinctly at each time k.

The observability in stochastic systems is verified if the covariance matrix associated with the condi-
tional probability density function of the state vector x(k) given y(k), p (x(k)|y(k)), remains bounded
as the time k approaches infinity, ¥ — oo. In practice, this means that the incoming sensor information
is such that the uncertainty around the state vector is bounded. According to Bar-Shalom [57], observ-
ability of the system guarantees the positive definiteness of the inverse covariance matrix, which makes
it invertible, i.e., it guarantees the existence (boundeness) of the covariance matrix, which is given by
the solution of the Riccati equation.

For nonlinear systems there is no rule for determining observability, since the asymptotic properties
are no longer valid, thus the best option is to compute the observation matrix for nonlinear systems and

ensure the consistency of the algorithms with practical tests, as in Section 5.4.

5.2.1 Riccati difference equation

The evolution of the error covariance matrix P(k|k) which will determine the Kalman Gain, is the

solution of the difference matriz Riccati equation (RDE), here written for discrete time-variant systems,

1

P(klk) = F(k)|1—Pklk—1)H" (k) [H(k)P(k|k — 1)H" (k) + R(k)] H(k)]

P (k[k — 1) F* (k) + Q(k)

P(klk) = F(k)P (klk—1)F" (k) — F(k)P(k|k — 1)H" (k) [H(k)P(k|k — 1)H" (k)+
+R(k)] " H(k)P (k|k — 1) FT (k) + Q(k) (5.1)

where F(k) and H(k) are the Jacobian of f(.) and h(.), given by Eqgs. (4.39) and (4.33) respectively.
Alternatively, it is shown in [57], that there is a recursive expression for the inverse error covariance
matrix, P~1(k|k),
Pl (klk) = P (k|k — 1) + HT (k)R (k)H(k) (5.2)
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which is known as the information matrix filter. The information matrix filter is interpreted as the

sum of information up to step k£ — 1, plus the new information about the state vector obtained from
measurements at time k, according to [57].
In time-invariant systems it is possible to compute of-line the steady-state error covariance matrix,

which is independent of its initial value, and is the solution of the algebraic Riccati equation,
P(k|k) = FP (k|lk — 1)F" — FP (k|k — 1) H" [HP (k|k — 1) H" + R]‘1 HP (k|k —1)FT +Q (5.3)
yielding to the steady-state gain for the Kalman filter,

lim K(k) = P H' [HP_H' +R]| N

k— o0

with P from Eq. (5.3),
lim P(klk—1) =P (5.4)

k— 00

For nonlinear systems, the solutions for P(k|k — 1) may be unstable because of the errors resulting

from linearization errors.

5.2.2 Linear time-invariant example

In this subsection, a KF is applied to a LTI scalar example in order to provide some insight into the
influence of the variances of the measurement error and of the process error in the error covariance
matrix and thus the accuracy obtained by the filter.

Consider an example of a scalar, linear time-invariant system with the following dynamic,

z(k+1) = Azk)+wk)
y(k) = Cx(k)+ (k)

where k € N is the time step, z(k) € R, is the state, y(k) € R, is the output, A = 0.2, and C = 1, and

w(k), v(k) are assumed to be uncorrelated with zero mean white noise with known variance,

E{wk)w"(k)} = Q) (5.5)
E{w(k)} = 0
E {v(k)v" (k)
(k)
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with,

A discrete-time Kalman filter is given by the following equations,
Initial conditions

It is assumed that the filter knows exactly the system since here convergency is not an issue.

#0/0) = 2(0)
POj0) = 1

The innovation is,

o(k) = ylk)—Ciklk—1)
= y(k) — 2(klk —1)

thus the state estimate can be computed as,

a(klk) = @(klk— 1)+ K(k)v(k)
= a(klk — 1)+ K(k)v(k)

with Kalman Gain,

K(k) = P(klk—1)C" [CP(k|k—1)CT + R(k)] ™
o2 1
_ . P(k|k—1) > = — (58)
Tpklk—1) TR 14+ e
P(k|k—1)
where P(klk — 1) = U?D(Mkfl) and the update equations for state estimate error variance,
P(klk)=[1—-K(k)C]P (klk—1)
o2 i GQP(k\k—l) 52 _ Uﬁv(mk—n"% _ U?D(k\k—n (5.9)
P(k|k) U?D(k\k—l) + 0% P(k|k—1) O?D(k|k—1) + o U?’L‘;*” T .
R
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[Predictionl

The state prediction equation is,

Bk +1k) = Ad(klk)
= 0.28(k[k)

The error variance is predicted through the following equations,

P(k + 1]k) AP(K|k)AT + Q(k)

by = 0.040bg 1) + 05 (5.10)

For each simulation, where the step time k = {N: 1 < k < 1000}, the standard deviations of the mea-
surement and process noises, og, 0@, change in the integer interval {n € N:1 <n <1000}, according

to Table 5.1.

15t case | {ogp € N:1 < opg <1000}, keeping ogconstant, oo = 10
2" case | {og € N: 1 <o <1000}, keeping o constant, op = 10

Table 5.1: 1% case: Range value for the variance of the measurement noise, while the variance of the
process noise is constant. 2" case: Range value for the variance of the process noise, while the variance
of the measurement noise is constant.

At the end of each simulation (1000 time steps), the Root Mean Square (RMS) of the estimation

error is computed according to,

1 1000 R )
RMS = m;(x(k)—x(k:)) (5.11)

and for the two cases, each of which corresponds to 1000 simulations, the mean of the RMS for all

experiments is computed,

1000
1

RMS = m;RMS(n) (5.12)

is obtained and shown

The steady-state posterior error variance, i.e., the klim P(klk—1) =P
— 00

in Figure 5-2. Figure 5-1 shows the results of the Kalman filter, the RMS of the state estimate, and
Fig. 5-2 the steady-sate solution to the Riccati equation as 0g and or change. In both graphics, the
top figure shows the evolution (of RMS in Fig. 5-1 and of the error standard deviation in Fig. 5-2
obtained from KF') when the process noise standard deviation is fixed to 10 and the standard deviation

of the measurements takes the values, 1 < or < 1000. Likewise, the bottom figures show the evolution
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Evolution of RMS (Eq. (5.8))
I

RMS
o
i

100 200 300 400 500 600 700 800 900 1000
1<65<1000, 5,=10, mean RMS=10.0409 (Eq. (5.9 ))

RMS
o
1

D= -

i i
100 200 300 400 500 600 700 800 900 1000
16,1000, 6,=10, mean RMS=9.8356 (Eq.(5.9))

Figure 5-1: The plot shows the results (RMS) obtained by the KF for a scalar system. The top plot
shows the evolution of RMS obtained by the KF when the process error is constant, aé = (10)2, and the
variance of the measurements ranges through the values presented in the table. The bottom figure shows
the evolution of RMS obtained from KF when the error in the measurements is constant, 0% = (10)2,
and the variance of the process noise ranges through the values in the table 5.1. The mean RMS values
are computed according to equation 5.12.

when the measurement noise standard deviation is fixed to 10 and the variance of the process takes the
values, 1 < og < 1000. It is interesting to notice that in both plots the standard deviation of the error
variance, obtained from Eq. (5.9) in the end of each simulation, is the standard deviation of the lowest
of the process and measurement standard deviations. When one of the variances grows, the filter state
error variance converges to the smallest variance. That is the reason why the standard deviation of P
remains constant, despite the growth of the standard deviation of the measurement error in the top plot,
or the growth of the standard deviation of the process error in the bottom plot. This can be confirmed
by the equations derived for this example. In the first case, as O’% grows, from Eq. (5.9) 0% is constant,
and when predicted by Eq. (5.10) the term 02Q (which is constant) is dominating. In the second case,
the growth of 02@ in (5.9) is cancelled by the first term of the equation, 0.040%. So, the accuracy of the

state estimates depends on the process or measurement error with reduced uncertainty.

5.2.3 Observability of nonlinear systems

The stability conditions for the KF are no longer sufficient for the EKF, since the estimate computed is

an approximate conditional mean, and its covariance matrix, computed by the filter P(k|k), is a MSE
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matrix and not the exact covariance matrix. Thus, the approximations resulting from linearizing the

system can lead the filter to diverge due to unbounded estimation errors. So, the observability for a
linear system enables the KF estimation error E{||X(k|k)||*} = E{(x(k) — %(k|k))*} = var [X(k|k)] to be
bounded, thus it guarantees an asymptotic solution to the covariance matrix. However, in the nonlinear
case only local observability exists and thus no asymptotic properties can be inferred for the covariance
matrix. Nevertheless, under some conditions, in the case of small initial estimation error and small noise,
the estimation error of the discrete-time EKF remains bounded [58], [57]. We will first investigate the

observability of linear (time-varying) systems and then present the results for the nonlinear case.

Evolution of error variance

%P
2
1

i i
0 100 200 300 400 500 600 700 800 900 1000
1=05<1000, 5,=10

Pe

I i i
0 100 200 300 400 500 600 700 800 900 1000
126,<1000, 5,=10

Figure 5-2: The plots show the results (error variance) obtained by the KF for a scalar system. The
top plot shows the evolution of error variance obtained by the KF when the process error is constant,
O’é = (10)2, and the variance of the measurements ranges through the values presented in the table. The
bottom figure shows the evolution of error variance obtained from KF when the error in the measurements
is constant, a% = (10)2, and the variance of the process noise ranges through the values in the table 5.1.

Linear time-varying systems

Deterministic linear dynamic systems can be described in discrete-time by the following state equations,

x(k+1) = ®(k+1,k)x(k)+w(k) (5.13)

y(k) = C(k)x(k)+v(k) with k=1, 2, ...

85



5.2. STABILITY
the observability is given in terms of the observability Gramian [52] or stochastic observability matrix,

k1
W (ky ko) = Y @7 (k, ko)CT (R)R™ (k)C(k)®(k, ko) (5.14)
k=kg

where k € N is the discrete-time, and @ is the (n, x n,) state transition matrix , defined for all k > ko,
tk
Pk, ko) 2 eltro O
with the following properties,

®(k, k) 1

Bk, ko) = Alk—1)A(k—2)...A(ko)

where A (k) is the system matrix from the linear dynamic system.
If no process noise is considered, w(k) = 0, and assuming that P~!(k|k) is not zero, the observability

Gramian is related to the KF covariance matrix by,
Pl k+11k) 2T (k+1,k)P 1 (klk)®(k+ 1,k) + ¥(k +1,k)

where P~!(k + 1|k) is the information matrix. It can be seen that as k — oo the information matrix
can also tend to infinity, P~' — oo, which results in the covariance matrix tending to zero.

Still regarding linear time-varying systems but now without measurement noise, v(k) = 0, the
observability Gramian changes to,

k1
U(ki ko) = Y 7 (k. ko)CT (k) C (k)@ (k, ko)
k=ko
Instead of the verifying the condition observability Gramian, W(k;, ko) > 0, the observability can

instead be verified according to U(x(k)), as cited by [59], and according to,

rank[C(k)®(k, ko)) = rank[U (x (k))] = ns (5.15)
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where the matrix U is computed from the Gramian observability as follows,

\I’(k‘l,k‘o) =
D7 (ky, ko)CT (k1) @7 (k1 — 1, ko)C (k1 —1) -+ ®T(k, ko)CT (k)

C(ko)
C(ko +1)®@(ko + 1, ko)

C(k)®(k, k
&7 (ko + 1, ko)CT (ko + 1) CT(kO)] (k)@ (k, ko)

Clk — 1)®(ky — 1, ko)

C(k1)® (K1, ko)

or

U(k+n, —1,k) =0T (x(k)) U (x (k)
where U (x (k)) = C(k)®(k, ko). Thus, the observability of the linear system and therefore the conver-
gence of the error covariance matrix can be verified through the condition (5.15).

Stability of nonlinear time-varying systems

For nonlinear systems as defined in subsection (4.1.2) and detailed in subsection B.1, the observation

matrix is nonlinear and takes the form,

Oh
IOx |x=%(k)
Oh of
Ox Ix=%(k+1) x| _4
U(x(k)=| | “ (5.16)
oh of of
L O bbb 1) O |aeg(hin,—2) T P lx=x(h)

where %(k) = %(k|k) and H(k) = 2& F (k) = %

% |x=x (k)" . With kg = k and k1 = kg +n, — 1 the

x=%(k)

Gramian observability is,

W(k+n, —1,k) =U" (x(k)) U (x (k) (5.17)

According to [60], [61] or [62], a nonlinear system without process noise (i.e., with w(k) = 0) is
observable on & if there is a xg (k) € k C R™ that satisfies the nonlinear observability condition, i.e.,

rank[U (x (k)] = n, at xg(k), i.e., xg (k) C R"=. Should xg (k) be "sufficiently" close to the true state
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x(k), this can be recovered from the measurements y(1)...y(k). In fact, the observability conditions are

used to prove observability in terms of bounded state estimate error covariances at each linearized point,
and thus are helpful in proving local convergence, but not asymptotic observability, as we know from LTI
systems. However, it can be used as a condition to prove stochastic stability as suggested by [58] and
[57]. According to [58] and [57], if the nonlinear system satisfies the conditions of sufficiently small initial
estimation error and small noise, then the estimation error of the discrete-time EKF remains bounded.
However, as concluded by [58], the sufficient conditions for stochastic stability are so conservative that

they have theoretical interest only.

5.3 Posterior Cramer-Rao Lower Bound

The Cramer-Rao Bound (CRB) provides a lower bound on the performance of an unbiased estimator
of a vector, x, based on the measurement vector, y. For nonlinear filters the Minimum Mean Square
Error (MMSE) may not be achievable, and thus the PCRLB is a lower bound on the minimum MSE.
Typically the Cramer-Rao bound is used to evaluate whether the suboptimal estimator is close to the
optimal, simultaneously providing an indication of whether the imposed performance requirements are
realistic or not.

The Posterior Cramer-Rao Lower Bound (PCRLB) or Bayesian Cramer-Rao Bound states that the
error covariance matrix is lower bounded by the inverse of the Fisher Information Matrix (FIM) [63].

The Cramer-Rao inequality is,
PCRLB 2 E{(f{—x) (fc—x)T} >J-! (5.18)

which means that PCRLB — J ! > 0, i.e., the difference between the two matrices is positive semidef-

inite. The matrix J is the Fisher information
JéE{VI Inp(y,x) Vglnp(y,x)} (5.19)

where x is a random state present in the set of observations, y, with an unbiased estimator %X(y), and
where V, is the gradient operator, p (y,x) is the joint probability density function of (y,x), and E{.}

is the expectation w.r.t. y and x. The FIM elements are given according to,

9?Inp (y,x) o
Jij:E{—(m fori, j=1,...,n;

In [64], Tichavsky et al. provides a Ricatti-like recursion for the calculation of J(k) for linear and
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nonlinear systems. Knowing that p (y,x) = p (y|x) .p (x) then the FIM can be decomposed in two terms,

J=J,+7J,

where J, represents the a prori information matrix and J, represents the information obtained from
the data, i.e., measurements from the sensors, of which there can be more than one. In the latter case,
if © denotes the sensor number, then J, = ZJ; For simplicity we assume that + = 1, unless noted
otherwise. '

For a time-varying linear discrete-time system as defined in (5.13) with Gaussian process and obser-

vation noises Q and R, respectively, the sequence of posterior FIM, J(k), is as follows,

Jh+1) = J(k+1)+T,(k+1)
I,(k+1) = Q7Hk) - QHKAK) (I(k) +2T(K)Q (k)@ (K) T (k)Q (k)
J,(k+1) = CT(k)R'(K)C(k)

Applying the matrix inversion lemma, (Z + BVD)~! = Z=! — Z-'B(DA'B 4 V) 'DZ!, the

FIM can be written as,

Jk+1) = Jy(k+1)+J,(k+1)
Jk+1) = (Qk)+®(k)I (k)BT (k)
J,(k+1) = CT(k)R'(K)C(k)

For a time-invariant linear discrete-time system, where the matrices A (k) and C(k) are independent
of k, it is possible to compute J(k) — J,, with J being the solution of an algebraic Riccati equation.
In this case, the FIM is in fact the error covariance matrix, i.e., the lowest possible bound is given by
the error covariance matrix obtained from the Kalman Filter.

For nonlinear systems, as defined in subsection (4.1.2) and with the EKF equations derived in
subsection (B.1), where there is a linearization of the dynamic equations about the estimated trajectory,
i.e., an approximation continuously updated with the state estimates based on the measurements, the
EKEF is used. The error covariance matrix obtained from the EKF filter, which is not optimal anymore,
is not the lowest bound in the Fisher sense, but is bounded below by the CRLB.

For nonlinear systems, as defined in subsection 4.4.1, the sequence of posterior FIM, J(k), is as
follows,

J(k) = Jy(k) + Jp (k)
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Jy(k) = Q7'k—1)-Q (k- )E{F(k— 1)} (I(k — 1)+ E{F (k- 1)Q  (W)F(k - 1)})
E{F"(k-1)}Q ' (k—1)
Jp(k) = BE{HT(K)R™'(k)H(k)}

where F(k) is the Jacobian matrix of f(.), H(k) is the Jacobian matrix of h(.), and Q(k) is the process
noise matrix obtained from the power spectrum of the continuous noise.
The evolution of the FIM (which provides the inverse of PCRLB and also the inverse of the filter

error covariance matrix, P~1(k|k)) according to [65] and [66]) is given by,
Jk)=[Qk—1)+F(k—1)I (k- 1)F"(k—1)] T HT ()R (R)H(E)
Replacing J(k) by P~1(k|k) gives,
Pl (klk) = [Q(k—1)+F(k—1)P(k— 1|k — D)F" (k — 1)]*1 +HT(B)R™(k)H(k)
and knowing from the Extended Kalman filter equations (error covariance prediction) that,
Pkhlk—1)=Qk—-1)+FEk—-1)P  k—1k—1)FT(k—1)

thus,
P l(klk) =P 1 (klk— 1)+ H'(H)R™ (k)H(K)

which is identical to the information matrix filter recursion, Eq. (5.2), and equivalent to the error
covariance matrix for the EKF. The difference is that now the Jacobians H(k) and F(k) are evaluated
about the true trajectory and not the estimated one. This means that true values of the state vector are

used to evaluate the Jacobians H(k) and F(k), and thus the PCRLB, which is the inverse of the FIM,

(PCRLB) ! J(k) =P ' (k|k) =

Pl (klk — 1)+ HT (B)R(k) ' H(k)

converges to zero as k — oo just as the amount of information, in the sense of Fisher, tends to infinity
as k — o0o. Thus the error variance also converges to zero. This gives a necessary condition for an
estimator to be consistent in the mean square sense. Also, if the filter’s variance is equal to the CRLB,
which happens for the Kalman Filter, then the estimator is said to be efficient [57].

Since this work is focus in nonlinear systems, the PCRLB is an important tool to be used in the

analysis of the results an to identify if the algorithms proposed are far from the optimal or not.
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5.4 Filter Consistency

Because the EKF is not optimal, checking its consistency is essential in order to understand its per-
formance. Statistical consistency tests such as the Normalized Estimation Error Squared (NEES) and
the Normalized Innovation Squared (NIS) tests help us on this task. A statistical examination of the
variability of the nonlinear system is quantified through the Monte-Carlo simulations for the NEES and
NIS tests and its results will be presented in Chapter 6, applied to the case study of 3-FF s/c in a GTO

mission.

5.4.1 Normalized estimation error squared test

An estimator is called consistent if its state estimation error, X = x — X satisfies the following conditions
[57]:

E{x(k) — %(k|k)}

B { (x(k) = (k1K) (x(k) — % (k[R)" }

0

P(k[F)

which means that the estimator is unbiased, and the actual MSE matrix matches the error covariance
matrix. Whenever the system is nonlinear, checking consistency of the Kalman Filter is extremely
important and, if the true state vector is available, a statistical test for filter consistency can be carried
out on the NEES, which can be used to characterize the filter performance. Thus, if the filter is consistent

a chi-square test on NEES for the parameter x,
e 2XTP % (5.20)
should give €, a chi-square distribution with n, DoF, where n, is the state dimension. That is,

2
€z an,l—ﬁ

where 7 is the desired significance level (usually 0.05).

The NEES plot given by X? P~'x should be inside the region indicated by the chi-square test to be
considered consistent, i.e., the state vector error must be commensurate with its error covariance matrix
(see Fig. 5-3 a)). In the case where the plot is above the upper limit, the error covariance matrix is too
small compared to the error state vector, meaning that the precision is high but the accuracy is low (see
Fig. 5-3 b)). In the case where the plot is below the lower limit, the error covariance matrix is too large

compared to the error state vector, meaning that the precision is low but the accuracy is comparably
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e bas
a) b)
|bias=0
-0.05 mean 0.05 mean -0.05 0.05
)

-0.05 mean 0.05

Figure 5-3: Error variance analysis, scalar case where the interval [—0.05,0.05] represents the region
indicated by the chi-square test for two-sided 95% probability region. a) the filter is consistent, the error
covariance matrix is commensurate with the error. The bias is greatly reduced or zero. b) the filter is
inconsistent, its precision is high but its accuracy is very low, corresponding to a NEES plot above the
upper limit of the 95% probability region of the chi-square distribution. In practice the error covariance
is too small for the corresponding state vector error. c) the filter is pessismistic, the precision is low
due for example to bias. The NEES curve is below the upper limit of the 95% probability region of
the chi-square distribution. In practice the error covariance is too big compared to a small state vector
€error.

higher (as illustrated in Fig. 5-3 c)).

In summary, an estimator is

a) consistent, when the error covariance matrix is commensurate with its error;

b) inconsistent, when the estimator accuracy is very low (bias is large). In this case, e.g., when un-
certainty is small (low error covariance), leading to a high estimator precision, the NEES plot is

above the upper limit of the probability region of the chi-square distribution;

c) pessimistic when the accuracy is high and uncertainty is large, i.e., the error covariance is too
large compared to a small state error, corresponding to a NEES plot below the lower limit of the

probability region of the chi-square distribution.

Under a Linear Gaussian assumption, P~1 = J, where J is according to Eq. (5.19), and the average
of the NEES must be equal to the dimension of the corresponding vector since it has a chi-square
distribution,

E{ex} = E{x"Ix} =n, (5.21)

92



5.4. FILTER CONSISTENCY
In the case where there exists bias, the mean of the error is not zero, which increases the NEES

values, causing the chi-square test to fail and the filter to be inconsistent. Since the mean of the error

is not zero, there is a bias, and the MSE is increased by the bias,
MSE[x(klk)) = F {()‘((k|k) — x(k))Q}] + bias®(%(k|k))
where bias(X(k|k)) = x(k) — E{x(k|k)}.

5.4.2 Normalized innovation squared test

According to [57], under the hypothesis that the Kalman filter is consistent, given by the NEES test,
its innovation should also have zero mean, the characteristics of white noise and a MSE magnitude
commensurate with the innovation matrix computed by the filter, S(k) = H(k)P(k)H(k)T + R(k).

Knowing that the innovation error is v(k) = y(k) — h(X(k|k)), the filter satisfies the following conditions,

E{v(k)—p(klk)} = 0
E{(w(k) ~ 0(kIk) (v(k) = o(k[R))" } = S(kIK)

which are similar to those of the NEES test but now applied to the measurements. Thus the innovation
error consistency test can be carried out on the NIS, which can be used to characterize the filter perfor-
mance. Thus, if the filter is consistent with its innovations, a chi-square test on NIS for the parameter

v

7

& 2visTly (5.22)
should give €, a chi-square distribution with n, DoF, where n, is the measurements dimension. That
is,

2

€v Xny,l—Tr

where 7 is the desired significance level (usually 0.05).

Under a Linear Gaussian assumption, the average of the NIS must be equal to the dimension of the

corresponding vector since it has a chi-square distribution,
Ele}=E{v"S v} =n,

which means that the innovation error and the innovation matrix should have commensurate magnitudes.
In the case where there exists bias, the mean of the innovation error is not zero, which will increase

NIS, causing the chi-square test to fail and the filter to be inconsistent with regards to the measurement
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model. Since the mean of the error is not zero, there is a bias, and the covariance matrix is increased

by the bias,
MSE[p(k)] = E{ (0(k) - v (k) } + bias* (5 (k)

where bias(D(k|k)) = v(k) — E{D(k|k)}.

5.5 Summary

In this chapter, the stability of the EKF, applied to a nonlinear discrete-time system, was discussed.
Observability was addressed since it is related to the existence of the error covariance matrix and thus
related to the stability of the system. In nonlinear systems the observability condition can no longer be
used as it is in linear systems due to the uncertainty around the linearized state, and thus it is used to
prove local convergence only.

The PCRLB was discussed for nonlinear systems to obtain the optimal performance limits, providing
a benchmark against which to compare the EKF performance. Thus, comparing the PCRLB with the
EKF results we can infer how close the suboptimal EKF performance comes to the optimal performance,
and noting whether the specified requirements are demanding for EKF or not. With this mathematical
tool, and knowing that EKF gives a suboptimal solution, we can analyse: a) if the EKF results are
accurate or not; b) how far it is from the optimal performance; c) if there exist bias or not; d) how the
compensation of nonlinearities can improve the EKF performance.

Moreover, the consistency tests are addressed, showing whether the filter is being optimistic or
pessimist to the presence of bias in the state estimates or to unavoidable errors from the linearization.
These are important issues in the EKF assumptions since it could cause the filter to be inconsistent and

thus give poor performance or even diverge.
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Chapter 6

SIMULATION SETUP

To validate the Navigation algorithms described in this work, a FF s/c simulator, Formation Flying -
Functional Engineering Simulator (FF-FES)!, was used under the ESA FEMDS? project whose goal is
the development and evaluation of GNC algorithms and concepts for a FF demonstration mission in a
GTO, since for LEO or GEO the gravity gradient represents great expense of thrusters and is therefore
considered unsuitable for multiple spacecraft demonstration missions. The focus of the implementation
and analysis of this work is done in great detail around apogee. The case study which is simulated
in FF-FES simulator is a formation of 3-FF s/c in GTO, aiming at doing science experiments in the
apogee, using high resolution imaging by aperture synthesis with minimum control action, which is very
similar to the Darwin infrared interferometer mission to be launched in 2014. Due to the position of the
formation in GTO and to the different science requirements, the formation was divided in three different

phases:
e Deployment phase.
e Loose Formation phase.
e Constellation/formation phase.

Each of the phases is defined by one or two modes with different GNC scenarios. Here, the deployment
phase, characterized by the Formation Acquisition mode (FAC), and the Baseline Control Mode (BCM),
was chosen to run the GNC algorithms. FAC is the first mode in which the formation enters after launch,
representing a demanding goal of controlling the formation state from a disperse configuration within

a sphere of 8 [km] into an equilateral triangle of 250 metre formation. The BCM mode is related to

Ideveloped by DEIMOS Engenharia Lda.
2Formation Estimation Methodologies for Distributed Spacecraft.
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the period of the orbit where the science experiment takes place, and each s/c has to be controlled in
absolute attitude, in order to reach the goal of pointing at target stars. Full state estimates are required
to achieve such goals, namely to feed controller during BCM and keep track of the state to detect events
that trigger mode changes, for all modes.

The present study uses the RF sensor for relative state estimation of position and translational
velocity, and uses ST measurements for inertial attitude and angular velocity estimation, focusing on the
problem of determining the full state vector estimates at each element of the formation in a decentralized
architecture, as proposed in Chapter 4.

A description of the FF-FES simulator with its assumptions and constraints as well as some of its
capabilities, is provided in Section 6.1. The next section introduces a detailed description of the different
modes of the GTO and of the characteristics of the formation orbit and composing s/c. In Section 6.3,
the estimates of the full 6DoF state vector are computed according to the filter design.

The full algorithm is implemented in 3-FF s/c, which is the minimum number of s/c that sets up a
formation with some degree of complexity. The case study, which includes the EKF and the CI filters
(as shown in Fig. 4-12), applied to relative position and translational velocity, as described in subsection
4.6.1, and the filters EKF and the EKF Fusion (as shown in Fig. 4-13), applied to absolute attitude
and angular velocity, as described in subsection 4.7.1, has the purpose of illustrating the full state vector
estimates determination using the peer-to-peer information flow graph for the information flow graph,
as defined in Section 3.4, and the measurement graph, as defined in Section 3.3, with special attention to
the technical issues concerning the CI algorithm and to the implementation of the quaternion variables
in the EKF.

The study carried out considered a formation orbiting in GTO, which is an eccentric orbit, where
inertial measurements are not available for most of the orbit, making the relative state vector estimates
depend on sensors measured on each s/c, whose measurements relate to the s/c in the formation. The
coordinate systems relevant to this work as well as the parameterization of their relations are defined
in subsection 6.3.1, as well as the equations of motion, the relative dynamic equations for eccentric
orbit (subsection 6.3.4) and the kinematic equations (subsection 6.3.5). The dynamic equations of the
preceding section are re-cast in subsection 6.3.6, so as to obtain a relative state representation, more
suited for the estimator. In this section, the RF subsystem measurements and the EKF observation model
to estimate the translational relative state vector, are also presented. Also the kinematic equations of the
preceding section are linearized in subsection 6.3.6, taking care of the quaternion operations, and in this
section the ST measurements and the EKF observation model to estimate the rotational absolute state
vector are also presented. Afterwards, the description of the experiments with the estimator algorithm

in the loop, and with the estimator as an observer without feeding the GC algorithms with its estimates,
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addressed in Section 6.4. Finally, the statistical information used to analyse the errors of the estimator

algorithm in simulation is defined and explained in Section 6.5, with definition of the performance criteria

to evaluate the consistency of the navigation algorithm results, discussed in Chapter 5.

6.1 Formation Flying Functional Engineering Simulator

The FF-FES platform is a MATLAB/Simulink version 6.5 program, developed by DEIMOS SA [67],
which currently reproduces a realistic environment of three spacecraft flying, but possible to extend
to more s/c, in GTO, which supports the inclusion of GNC algorithms in decentralized scheme. The
three s/c motion and its time-varying behaviour relative to each other and to the Earth is realistically
simulated through the propagation of the s/c state, using the dynamic and kinematic equations of motion.
Thus, considering both translational and rotational motion, each s/c is simulated with 6DoF including
attitude dynamics and kinematics. Are also simulated equations of motion which include perturbations
from different sources. Thus, Solar radiation pressure, J2 effect due to the Earth oblateness, third
body perturbation from the Sun, and Moon are considered. Air drag due to the Earth atmosphere and
micrometeorids that have relevant impact in the s/c dynamics are also simulated, as well as gravitational
attraction, including high order gravitational acceleration harmonics. For the sensors, each s/c carrying
the RF metrology, ST, gyros and coarse lateral sensor (divergent laser) is simulated in a frame that
includes relative and absolute measurements w.r.t. to Earth. Moreover, functional models of the micro-
N cold gas thrusters are simulated as the unique type of actuator available. A communication channel
to exchange data information among the s/c is also simulated. Thus, the FF-FES simulator performs
open-loop simulation and also closed-loop of the formation in the different phases using provided GNC
algorithms in a decentralized scheme and in an environment very close to reality.

A block diagram illustrating a global view of the main blocks composing the simulator is shown in
Figure 6-1. Figure 6-2 details this block diagram for one of the s/c, including the GNC block, where the
developed algorithms run. The connections between the Navigation and the GC algorithms are depicted

in Fig. 6-3.

6.2 Geostationary Transfer Orbit Mission

In order to accomplish the science mission the formation has to be study since launch, with random
disposition within a sphere of 8 [km] diameter, till the final disposition, in which the s/c are 250 metre
apart from each other and in a formation plane required for the science interferometer experiment, going

through a natural motion around perigee and returning to a coarse formation configuration ready to
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Figure 6-1: Block diagram of the main simulator blocks.
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Figure 6-3: GNC block diagram inside each s/c in the simulator.

recover the configuration appropriate to do science experiment. All these phases lead to the definition

of different modes with different requirements.

6.2.1 Modes definition

The GTO is divided in three phases depending on the science experiment accuracy and the position of
the formation in the orbit. The three phases are in turn defined in terms of modes, depending if the
formation is doing science or not and if the control requirement are fine or coarse. Thus, the initial mode
corresponds to the formation deployment and is defined as the Formation Acquisition Mode (FAC).
Afterwards the formation can go to Interferometer Construction (ICM) mode or to Loose formation
mode (LFM), depending on if in the apogee the formation is meant to do science or not. Also the
science experiment is defined as Baseline Control Mode (BCM) divided in two modes (Fine BCM or
Coarse BCM) depending on the demanding accuracy.

Deployment phase In this case the formation is in acquisition mode (FAC) and the goal is to bring
the s/c from a random disposition in a sphere of 8 [km] after dispenser, to a configuration suitable

for LFM or ICM depending on the location in the orbit.
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GTO Mission
Deployment
Formation A
Acqu;sﬁ;m behaviour/phase
Mode (FAC)

N
~

5 Interferometer
it Construction
Acquisition — U;l_ =
Mode (LEM) Mode (ICM)
T / Loose formation
| behaviour/phase
Baseline
Control Mode
(BCM)

Constellation/formation
Behaviour/phase

Figure 6-4: Proposed mode sequence. Reprinted from [68].

Loose formation phase is divided in two modes:

LFM the Loose Formation Mode (LFM), in which the s/c enters after the science experiment has
ended or after FAC mode, the formation is kept in natural motion during the rest of the orbit

until next pass over the apogee, where the ICM mode begins;

ICM the Interferometer Construction Mode (ICM) that prepares the formation conditions to
perform the science experiment. The s/c are put at a distance of 250 metre, starting from

the outcome position of the LFM.

Constelation/formation phase The formation is in Baseline Control Mode (BCM), during which the

science experiment takes place, and is divided into two different sub-modes:

Coarse BCM in which transition is made from control requirements at the level of ICM to the

fine requirements of BCM.

Fine BCM in which the s/c control requirements are in line with typical requirements of a BCM

(e.g., Darwin).

All the modes can be visualized in GTO in Figs. 6-4 and 6-5. Figure 6-5 shows the zone of application
of each mode during the GTO.

100



6.2. GEOSTATIONARY TRANSFER ORBIT MISSION

x10* SC Positions in XY Plane w.rt. SC1 - Inertial R.F.
45 T
|

|

|

@ 1

o
e
4/’ %

o

¥ [km]

Figure 6-5: Considered modes upon the baseline GTO (not at scale). Reprinted from [68].

6.2.2 Requirements

Note that the GC techniques for ICM and BCM are similar to the techniques used for FAC, the main
difference being that for FAC the initial formation is more dispersed than for a normal ICM, and in
BCM the goal is to keep the formation, with accuracy of 0.01[m] for relative position, 0.001[m/s] for
velocity, 1[arcsec] for inertial attitude, 0.1[arcsec/s] for angular velocity and 0.01[m], 0.001[m/s] for

lateral position and velocity, respectively, as shown in Table 6.1.

6.2.3 Orbital parameters simulation setup

The GTO reference orbit is characterized by [68], where the additional orbital parameters are defined in
Tables 6.3 and 6.4, for FAC and BCM modes, respectively. The natural frequency n; of the reference

orbit is,

_ Ht
ny = az;)mx (61)

where agy,, stands for the semi-major axis, and defined in Table 6.2, p, stands for the product between

the universal gravitation constant GG,; and the Earth’s mass, mgarin

- [km?
11, = Gy Mparen = 3.9860044.10° { m }

52
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H Formation ‘ FAC ‘ LFM ‘ ICM | BCM H

Navigation sensors RF RF RF RF, Star tracker
Star tracker Star tracker Star tracker Divergent laser

H Control requirements: ‘ ‘ ‘ | H
-Longitudinal relative position 0.1[m] N/A 0.1[m] 0.01[m)]
-Longitudinal translational velocity | 0.01[m/s] N/A 0.01[m/s] 0.01[m/s]
-Lateral relative position N/A N/A N/A 883[17?7]1/5]
‘Inertial attitude 1[°] 1[°] 1[°] 1[arcsec]
-Inertial Angular velocity 0.1[°/s] 0.1[°/s] 0.1[°/s] 0.1[arcsec /s]

Table 6.1: Specifications for all the modes of the GTO mission: Formation Acquisition Mode (FAC),
Loose Formation Mode (LFM), Interferometer Construction Mode (ICM) and Baseline Control Mode
(BCM). ldeg = 1°, 1 = 1/60th of 1°,1) = 1/60th of 1’.

Gsme || Semi-major axis 26624.137km)]
€ce eccentricity 0.730389

H Raan H Right ascension of the ascending node \ 0° H

Table 6.2: Specifications of the orbital parameters defined in the dynamic equations for GTO orbit.

Darwin spacecraft are used at the simulator with a mass of 250[kg] each, and with a cube shape, as

described by the Table 6.5.

System initial conditions - FAC mode

The initial true state vector for relative position and translational relative velocity corresponds to an
initial random disposition of position components within a sphere of 8 [km] diameter, centered in the
dispenser, as in Table 6.6.

The initial true state vector (before FAC mode) corresponds to approximately O[rad/s] for the angular
velocity components and 0[°] for Euler angles. The quaternions can be obtained from the Euler angles

using (6.48), which equal values for all the s/c, as listed in Table 6.7.

System initial conditions - BCM mode

The initial true state vector for relative position and translational relative velocity corresponds to a
triangle configuration with disposition of position components within a sphere of 250 [m] diameter,
centered in the dispenser, as in Table 6.8.

The initial true state vector (before BCM mode) corresponds to approximately 0[rad/s] for the
angular velocity components, and (89 [°], 0.71[°], 89[°]) for v, 0, ¢, the Euler angles, respectively. The
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ice || inclination 7°]
w || argument of perigee | —90[°]
[ 6: [ true anomaly | 156.2700853[°] ||

Table 6.3: Specifications of the additonal GTO orbital parameters for FAC mode.

ice || inclination 6.999982532[°]
w || argument of perigee | —89.996375[°]
[ 6: | true anomaly | 173.0721[] |

Table 6.4: Specifications of the additional GTO orbital parameters for BCM mode.

quaternions can be obtained from the Euler angles using (6.48), which have equal values for all the s/c,

as listed in Table 6.7.

Sensors description

The characteristics of the simulated RF sensors in FF-FES are listed in Table 6.9. As for the ST sensor

simulated in the FF-FES, its major characteristics are listed in Table 6.10.

6.3 Six Degrees of Freedom Integrated Navigation Implemen-
tation

To validate the estimation algorithms described in this chapter, a 3-FF s/c is used. The goal is the
development and evaluation of estimation algorithms for a FF demonstration mission in a GTO. The
sensors used are a RF system and a ST on board each the 3-s/c. We start with the description of the
coordinate systems used, followed by the relation between them.

The local frame is defined as the reference orbit of the formation, and denoted as the Local Vertical
Local Horizontal (LVLH) frame. Making use of the reference frames defined, the translational relative
state vector is defined w.r.t. the LVLH while the rotational state vector is an absolute state vector defined
w.r.t. the inertial frame, both described in subsections 6.3.2 and 6.3.3, respectively. Also, the s/c equa-
tions of relative motion are described for a GTO for both translational and rotational motions using the
translational and rotational state vector, as described in subsections 6.3.4 and 6.3.5, in relative and iner-
tial frames, respectively. In subsection 6.3.6, implementation of the overall algorithms (CI+EKF+EKF
Fusion) for full state estimate vector is described. Details of EKF equations are provided, in the follow-
ing subsection, focused on the RF measurements for the filtering part of the translational relative state

vector, and on the ST measurements for the filtering part of the rotational absolute state vector, as well
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| Dimensions s/c 1

| Dimensions s/c 2

| Dimensions s/c 3

|

mass 250[kg] 250[kg] 250[kg]
cube 15 x 1.5 x L5[m°] 15 x 1.5 x L5[m?] 15 x 1.5 x L5[m°]
Inertial x 375[kg/m?] r  —140.625[kg/m?] r  —140.625[kg/m?]
Moments y —140.625[kg/m?] Yy 375[kg/m?] y —140.625[kg/m?]
2z —140.625[kg/m?] 2z —140.625[kg/m?] z 375[kg/m?]

Table 6.5: Specifications of each s/c in the 3-FF Darwin mission.

relative position ‘ Xtrans(0) H relative velocity ‘ Xirans(0p) ‘
T12— xg—acl[m] 3000 i‘lgzig—il[m/ S] -0.04
Y12= Yo —Yy1[m] | 300 Y12=Y2—Y1[m/s] | -0.04
Z12— zz—zl[m] -864 21222’2—21[111/ S} -0.04
T32= Z’z—l’g[m] 2875 itggzi'Q—"tg[m/ S] -0.02
Y32= Yo—Yys[m] | 175 Y32=Yo—Y3[m/s] | -0.02
Z32= 22—23[m] -3749 232222—23[m/ S} -0.06
Tr13— .’133—:131[H1] 125 .j?13:j,‘3—.j31[m/ S] -0.02
Y13=ys—y,[m] | 125 Y13=Y3—y1[m/s] | -0.02
Z13— 23—21[m] 2885 213:23—21[m/ S} 0.02

Table 6.6: FAC mode relative position and translational velocity initial conditions for the FF.
s/cl=s/c2=s/c3.

as details of the prediction part of the EKF, with the calculation of the Jacobians.

6.3.1 Coordinate systems and rotations matrix

The orientation and position of a s/c must be known w.r.t. the Earth, the Sun or the stars. The

relative sensor measurements, provided by the RF sensor, must also be described w.r.t. a reference s/c

body frame or any other frame suitable to the problem. Three reference coordinate systems are used

throughout this work. They are described in the following subsection.

Reference frames

We define the following reference frames:

1) The Inertial Planet Frame (IPQ) is the reference inertial coordinate system, with versors ?,

— —
J and K as shown in Fig. (6-6), is defined as follows:

e Origin: Earth center;

e +zPQ axis: in the equator plane, parallel to the Earth vernal equinox direction;

o +4/PQ axis: is in the equatorial plane and completes the frame;
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Table 6.7: FAC mode and BCM attitude and angular velocity initial conditions for the FF.

s/cl=s/c2=s/c3.

Table 6.8:
s/cl=s/c2=s/c3.

s/cl=s/c2=s/c3

Xrot(o)

wlilrad/s]

0

whi [rad/s]

W [rad/s]

[l E=] K==) Rl Hen] Nen]

’ relative position ‘ Xtrans(0) H relative velocity ‘ X}rans(0p) ‘
T1o2= xg—xl[m] -248.1704 .’tlgzjjg—d}l[m/ S] -0.004
Y12=Yp—yy[m] | 0 Y12=Y2—Y1[m/s] | -0.002
219= zz—zl[m] -30.1519 212222—2’1[111/ S} -0.011
T32= fo:rg[m] -372.2606 I‘ﬂggil"Qfﬁ.Cg[m/ S] -0.02
Y32= Yp—Yys[m] | 216.51 Y32=Yo—Ys[m/s] | -0.02
Z32— 22—23[1’11] -45.2274 ZgQIZQ—Zg[m/ S} -0.06
r13— $3—$1[m] 124.0902 .i‘13:j,‘3—.f1[m/ S] 0.0022
Y13=y3—Yyi[m] | -216.51 Y13=Y3—Yy1[m/s] | 0.0004
Z13— 23—21[111] 15.0770 213:2'3—21[m/ b} -0.0049

BCM mode relative position and translational velocity

initial conditions for the FF.

+2!P@ axis: from the Earth mass center towards North (i.e., along the Earth angular velocity

vector, perpendicular to equatorial plane).

The Local Vertical Local Horizon (LVLH) frame used to locate each s/c with respect to the
formation center, f., which is placed on the reference orbit frame. LVLH is defined as follows (see

Fig. 6-8):
Origin: formation center (placed on the reference orbit frame and each of the axis normal to the
face of a cube modeling the s/c, so that €, ?y, €, form an orthogonal triad);

+olVEH axis: completes the right-hand system with the other two axes;

+yVIH axis: is normal to the orbital plane, opposite the angular momentum vector of the

reference orbit;

+2EVIH axis: points in the nadir direction, that is, towards the Earth mass center.
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Radio Frequency

Number of receiving antennas on the s/c | 3
chip length [m)] 3.0
RF wave longitude [m] 0.01
temperature on the receiving antenna [K] | 100
Gain of receiving antennas 1.0
Gain of transmitting antennas 1.0
RF signal power 1073

Table 6.9: RF subsystem features simulated in the FF-FES.

Star Tracker

Rotation from body to star tracker frame 0 0 01 ]
Random bias, for each attitude angle [rad) 0 0 0

Noise equivalent angle (NEAx) for sensitive z-axis | 107>

Noise equivalent angle (NEAy) for sensitive y-axis | 107>

Noise equivalent angle (NEAz) for sensitive z-axis | 107>

Noise correlation time [s] 0.1

initial seed value for the random number generator [ 1213 2423 2131 }

Table 6.10: ST system features simulated in the FF-FES.

3) For each s/c i, with i = 1,..., N , the Body Frame (b;) [69], with its center placed in the center
of gravity of the s/c and each of the axis normal to the face of a cube modeling the s/c, so that

b; b; b; . . - g g . . . 3
x%, y”, 2" form an orthogonal triad, with versors b, b,, b as shown in Fig. 6-9.

4) One usual representation of rotations, due to its clear physical interpretation, is the Euler axis/angle.
Using Euler’s theorem - " The most general displacement of a rigid body with one point fized is equiv-
alent to a single rotation of an angle about some axis through that point." - and considering the
angle as & and the unit vector U = [ W, W, Uj }T about the z axis of rotation, as shown in

Fig. 6-7, the quaternions can be defined in terms of the Euler axis/angle by,

G Uy sin (%)
@ | Uy sin (%)
q3 N W5 sin (%)
Qs cos (%)

Notice that the LVLH frame or body frame defined here, can be set as the local frames at the
definition of the relative state vector in Section 4.1.
Since we will take as a starting point the relative dynamic equations provided by [70] and [10], Fig.

6-8 also presents the frame used by these authors, named here as Tillerson’s frame. Tillerson’s frame
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Towards vernal
equinox

Figure 6-6: Inertial Planet Frame (IPQ) is the reference inertial coordinate system also known as Earth
Centered Inertial (ECI) frame.

" —
has also the formation center as origin, its axis being k,, k, and k.. We have:

— — —
kx7:_6>27 ky7__€>$7 kZ7:_€>y
The transformation matrix
0o 0 -1
ALVEET =11 0 0
0 -1 0

LVLH

allows us to transform the representation x in the LVLH frame of the position vector x into its

representation Xrierson i Tillerson’s frame:

Tillerson __ Tillerson.. LVLH
X =ALvin~'X

Transformation between TPQ and LVLH reference frames

By taking into account the following orbital parameters

e the right ascension of the ascending node R,,, (acronym RAAN).

e the inclination 7.
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¥

o

Y

el

=1

a2
Figure 6-7: Angle/axis rotation about z axis. x,y, z are the original axis and X,Y,Z are the rotating
x,y, z axis around z axis.
e the argument of perigee w.

e the true anomaly 6.

We can obtain [51, p.24-26] the transformation matrix between LVLH frame and IPQ frame, which

is designed as a rotation matrix since it is not obtained directly from quaternions, Aﬁj/% i

ANy = (MA@ + 0) AL (i) As(Roan)) AT = (6.3)
0 0 -1
= a, a, a, 1 0 0
0o -1 0

with

€08 Ryan cos(w + 0;) — sin Ryqn COS i sin(wo + 6;)
a; = sin Ryqn cos(w + 0¢) + cos Ryqn cOS g sin(w + 6)

sin i sin(w + 6¢)

— €08 Ryan sin(w + 60;) — sin Ryqy, €08 ie cos(w + 0;)
a, = —sin Ryqan sin(w + 0¢) + cos Raay cos g cos(w + 0¢)

sin i cos(w + 6;)
sin Rgqp Sinigg
a, = — oS Ryan Sint,y

COS %¢]
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Figure 6-8: LVLH frame, view from above the orbital plane.

Thus,
PQ
ALVLH - a; ay a
— €08 Ryan sin(w + 0;) — sin Ryqy, coSie cos(wo + 0¢)
IPQ ) . )
() vig = —sin Ryan sin(w + 0¢) + cos Raan cosie cos(w + 0¢)
sin i cos(w + 6;)
—sin Ryqn sinig
IPQ o .
(ay)LVLH = cos Rygn siniy
— COS T¢]
— €08 Ryan cos(w + 0;) + sin Ryqy c0S e sin(w + 0;)
IPQ . o
(@) vimg = —sin Ryan cos(w + 0:) — co8 Ryqan COS e sin(w + 0;)
—sin iy sin(w + 04)

The two following equivalent identities are describing the transformations between representations of

a vector x in the IPQ frame and in the LVLH frame:

T
P P LVLH LVLH P IpP
X9 = ALV%HX — X = <ALV%H) @ (6.4)
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Figure 6-9: Body frame versors of a spacecraft.

where ()T denotes the transpose of matrix. Transformation 6.4 is valid only for "static" vectors (position
and external force vectors). If we are dealing with transformations of velocity or acceleration vectors
between frames, the use of kinematics would require taking into consideration additional terms (Coriolis

acceleration, centripetal acceleration, accelerating rotation of LVLH with respect to IPQ).

6.3.2 Translational state vector

Using the frames defined before, we define the translational relative state vector that relates body frame

LVLH

soms expressed in LVLH frame. According to the state vector definition

b; w.r.t. body frame b;, x

performed in subsection 4.1.1, the translational relative vector for the s/c i, is

LVLH LVLH T cvie\ T g
Xirans (k) = (qu‘,bj ) (Xbibj )

with ¢ = 1,...,N,i # j. Knowing that the formation is composed by 3-s/c, N = 3, the size of the

N(N—
2

formation estimation graph is D=3 components for each vector denoting relative position and

translational relative velocity between pairs of s/c, as follows,

T

LVLH _
Xbib; - [(X12)T (X32)" (X13)T] (6.5)
T
= [ O —x1)" (e-x3)" (xs—x1)"
T T T T

T2—T1 T2—T3 T3—T1

- Y2—Y1 Y2—Y3 Y3—Y;
22—z 22—Z23 23—21
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T T T T
T12 T32 13
LVLH __
bibj Y12 Y32 Y13
212 232 213

where x;, y; and z; are the coordinates written in LVLH frame of the relative position vector x; of the

ith s/c (i =1,2,...,N) with respect to the LVLH frame, as shown in Fig. 6-10, and specified as follows,

T
LVLH
XLVLH: = | i Yi % } (6.6)
or written as XtV L = xIVLIH  where Xij» J = 1,2,3 i # j the relative position between s/c i and
s/c J,
Xij = X5 = Xi = —Xji (6.7)
and the relative distance as follows,
pi; = Ixi = x5 = lIx; = x| (6.8)

The state variables are related to the LVLH frame which is located, for now, in a generic point, as
shown in Fig. 6-10. Thus, using (6.6)
T
Xijg = | Tj—Ti Yj—Yi 25— Z ]

as shown in Fig. 6-11.

The same is applied for the translational velocity,

T

. LVLH . . .
Xbib; - [ (12)" (Xs2)" (as)” (6.9)
T
= [ Ge-%)" Go-%)" Go-%x)7
r r T T T T
Ty —dy T — I3 T3 — T1
= Y2 — Y2 — U3 U3 —
i Zo — 21 Zo — 23 z3— 21
ror T T T 7T
ilQ i332 :i?13
= Y12 Y32 713
L | Z12 232 213
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6.3.3 Rotational state vector

Assuming that the rotational part of the 3-FF s/c state vector is defined in the inertial IPQ frame,
defined in the subsection 6.3.1, as the state vector that relates body frame b; written inertial frame

1PQ,

_ b b
(k) = | (@) (@%ho (@) @I @)F? (@i” (6.10)
(@)re (@)fre (@)7pg @oly @ (W) @ (@)

T
(QI)Z;3PQ (‘12)1;313@2 (Q3)II73PQ (wr)bip (wy)p, (w2),, }

The fourth component of the quaternion, g4, which is required for the state vector, can be rebuilt through
(4.54).

The attitude matrix that transforms vectors from LVLH frame in body frame can be computed by,
bi _ b; IPQ
A (qLVLH> =A (qIPQ) Arvim

where the rotation matrix Ag;% 5 depends on orbital parameters from (6.3), and where A (q?”PQ) is

the attitude matrix (4.8), expressed in terms of the quaternion estimated in the rotational absolute state

vector (6.10). In terms of quaternions, knowing that the quaternion qé@% g can be obtained from the
rotation matrix Aﬁ)/QL » then the quaternion q%’v LH 1S,
b; _ b; I1PQ
drvia = pQ @ 9vinH (6.11)

where ® is the quaternion multiplication, defined in (4.9).

6.3.4 Translational linearized equations of motion

As derived in detail in the appendix C, the differential equations of motion will be expressed with respect
to the true anomaly 6; because the true anomaly of the reference orbit increases monotonically with
time ¢ and provides a natural basis for parameterizing the fleet time and motion [10]. For elliptic orbits,

the equation relating the time ¢ — ¢, directly with the true anomaly is [51, p.22]:

1 1—ece 0 v/1—e2, sinf
t—1t, =— |2arctan 4/ S pan Ot ) - SV TG ST (6.12)
g 1+ece 2 1+e.. cos 8,
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s/ci

) ZLVLH
LVLH LVLH
k, Zt]
LVLH T
frame \ d
LVLH s/ci
/ K X ivin /
k

y

Figure 6-10: Generic position of two spacecraft and the position representation of each spacecraft w.r.t.
the LVLH frame. The relative distance between spacecraft is also represented.

where ¢, is the passage time at the Perigee. By deriving this equation, we obtain:

dt  \/1-e2,

d79t_ Ty

(6.13)

1 ece(€cet cos 6,5)]

(14-ecc) cos? % + (1—ege) sin® % B (14-€cc cos ;)2

Therefore, for this problem we will have the translational relative velocity as a function of the true

anomaly and not from time as in (6.9),

T
/ LVLH  __ "NT "N\NT "N\NT
Xbib; = [ (x12)"  (x32)"  (xa3) (6.14)
T
— / I\T / IN\NT / \T
= { (x2—x1)" (xa—x3)" (x5 —x1)
T T T 1T
TH — T ThH — x4 Ty — T
= / / / / / /
Ya— U Y2 — Y3 Ys — U1
Zp— 2 Zy — 2 Z5 — 2]
’ ’ ’ . . . ’ X ’ .
where z;, y;, 2;, denotes the derivative w.r.t the true anomaly 6;, respectively, x;, = %’z, Y, = gz:,
' dz;
z; = dOi'

The set of linearized 0;-varying equations which describes the relative motion between the i'" s/c
and LVLH, in an eccentric orbit, expressed in LVLH is [70], [10], and deducted in appendix C and given

by (C.21),
LVLH LVLH

@ | = P , +£(6,) 1 e (6.15a)
Yi | 52 43 Yi .
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s/cj
sici
Figure 6-11: Representation of a relative vector where x;; = x; — Xx; = —Xj; and its absolute value is
pi; = x: = x5l = l[x; = x|
LVLH LVLH
X5 0 1 0 0 X4 0 0
I1PQ
d | Ju fi3 —faz 2 x 1 0| |ta
o | . = ’ +€(01) (6.16)
t| z 0 0 0 1 2 0 Of |ez].
z; . Jizs =2 fes  fas 2 . 01

: _ (1—e2)?® __ _ecccosby _ _2eccsinby _ —1 _ 34ecccosby .
with g(et) T (14ecccosBy)in?? f41 T 14+ecccos By f43 T 1+ecccos By f52 T 14ecccosBy? f63 T 1+4ecccosBy? with

LVLH _ . LVLH
XiLVLH = Xi :
The relative positions z;, y; and z; and the relative velocities z}, y; and 2] characterize the state of
the i*" s/c with respect to the formation center.
IPQ IPQ IPQ

iz o by and Lis

are the components in IPQ frame of the external forces vector ¢;, which includes
the control inputs u; acting on the ¥ s/c and the differential (relative) perturbations experienced by

the it" s/c w.r.t. the perturbations affecting the formation center:
L =u; + Wi, J2 + Wi sun + Wi moon (617)

In expression (6.17), w; jo is the differential perturbation due to J2 effect; W; gun and W; meon are
the third-body (Sun, Moon) gravitational differential perturbations. Of course, other perturbations
(atmospheric drag, solar radiation pressure, micrometeoroids) may be taken into account, but for the
moment no disturbances are considered at all.

Letting aside the control inputs and perturbations, the in-plane (z and z) and out-of-plane (y)
motions are decoupled and their equations can be integrated separately (equations 6.16) for in-plane
motion and equations (6.15a) for out-of-plane motion. The 6;-varying relative dynamic equations (6.16)
and (6.15a) are nonlinear. This nonlinearity comes from the differential perturbation due to J2 effect
and from the third-body gravitational perturbations. Letting aside the perturbations and the control
inputs, the 6;-varying relative dynamic equations (6.16) and (6.15a) are linear and we are able to find

their homogenous solutions.
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6.3.5 Rotational equations of motion

In IPQ), the attitude dynamics is straightforward to compute and there is no correlation between mea-
surements compared to when relative attitude is used. The full nonlinear motion model of the system is

given by the kinematic and dynamic equations, respectively. The kinematic equation,

d 4, 1_ (4, po 1 IPQ\ b,
%qIPQ(t) = 55 (qIPQ) Wy, = §A (Wbi ) drpq
1 1pQ _ b
= 3%, X drpo

where the angular velocity rate components concern the rotation of the body frame written in the IPQ
frame, and defined as a quaternion,

IP _ IPQ IPQ IPQ T
P = [ @I @) (@i o |

i

The dynamic rotational equation of motion for a s/c considered as a rigid body, relates its angular
velocity with the external forces. Assuming that the principle of conservation of angular momentum
applies and the body axis of rotation is parallel to the body angular velocity, then the dynamic rotational

equation of motion for an orbiting s/c, also known as Euler’s equations of motion, is given by,
Io =) mey —wx Iw (6.18)

where w is the angular velocity of the rigid body written in the IPQ frame, I is the moment of inertia
and Y m.,; are the sum of the external moments acting on the s/c j. Solving the equation in order to

the rate of change of the angular velocity, follows,
dJéiPQ =1 (Z Mg — wiiPQ X IwiiPQ) (6.19)

6.3.6 Implementation

In this subsection, the implementation details of the estimators for the full 6DoF state vector using RF
measurements to update the translational relative state vector and the ST measurements for the filtering
part of the rotational absolute state vector, are presented. The translational and rotational components
of the vector can be estimated separately, but the translational part requires knowledge of the current
estimates of the rotational components, which are required in the filtering part for the computation of

the nonlinear observation function, in (6.25).
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Figure 6-12: Diagramatic view of the communication between s/c and between navigation and GC,
filtering and prediction times. The estimates of attitude and angular velocity are used online by the
relative position and translational velocity navigation algorithm.

At each sampling time, the relative position and translational velocity (translational) algorithm,
receives the estimates from the absolute inertial attitude and angular velocity (6.10), computed by
the rotational algorithm, which are required in the filtering part for the computation of the observation
model. The filtering part of the estimator algorithm that computes the translational relative state vector,
is divided in two parts: Kalman filtering and CI method, depending on the source of the measurements.
As soon as a measurement of the RF subsystem arrives, the filtering part is computed (using Kalman
filtering) and the result is the state vector estimation for that time instant, which is then sent to the
next s/c, as shown in Fig. 4-12. In the next sampling time the predecessor state vector is combined
with the local state vector through the covariance intersection method, resulting in a new state vector
estimate.

The filtering part of the rotational estimator algorithm that computes the inertial attitude and the
inertial angular velocity is divided in two parts: Kalman filtering and Kalman filtering Fusion method,
depending on the source of the measurements. As soon as a measurement of the ST sensor arrives,
the filtering part is computed and the result is the state vector estimation for that time instant, which
is then sent to the next s/c, as shown in Fig. 4-13. In the next sampling time the predecessor state

vector is combined with the local state vector through the Kalman filter Fusion, adapted to the fact that
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the observations for this filter are now the predecessor state estimates, resulting in a new state vector

estimate.

The sampling times of the estimator algorithms were synchronized and run every Ts. At instants
t = 2k.Tg[s], with k = 0,1,2,... a new translational relative state vector estimate is computed in s/c i,
X! uns> based on the RF measurements defined by the measurement graph, ¥*, as well as a new rotational
absolute state vector estimate, ®%,,. Then, it is communicated to the next s/c (i + 1), represented by
links in the peer-to-peer information flow graph, p*, and processed at t = (2k + 1).T[s], 2T (t + T}) =
%% .ns, for the translational filter estimator, using the CI method, and z'*™! (¢ + T,) = %¢_,, for the
rotational filter estimator, using EKF Fusion, as shown in Fig. 6-12. The RF/ST measurements are
received every 2T seconds by the translational relative filter estimator and the rotational absolute filter
estimator, respectively, and the measurements coming from the current estimate of the previous s/c are

processed in between, as shown in Fig 6-12. After the filtering step the state vector is sent to the GC

algorithm.

Translational state vector

Here the derivation of the equations related to EKF implementation using RF measurements, are per-
formed. The nonlinear observation model is computed using the translational relative state vector. The
linearization of the process and observation models are performed as well.

Throughout this subsection, for the sake of simplifying the notation, we will use x to denote the

translational state Xirqns-

Extended Kalman filter filtering - radio frequency measurements The notation for the relative
distance will differ because it will depend on whether the spacecraft is transmitting or receiving signals
and the transformation from body reference frame to LVLH reference frame. Thus the RF measurements

in the case of pseudo-range signals are represented as follows [69]:

o = il e (T T) 4 By < (6:20)

Pji‘i‘C(Ti—Tj)—l-Vj

pé—where,
X is the position state vector of vehicle j (likewise for ;)

p§ is the code phase between transmitting spacecraft j and receiver spacecraft i,

pji = HXj — Xz” = \/(ggZ — g:j)z + (yi — yj)z + (2 — zj)2 is the equation that relates the true dis-

tance, between the spacecraft ¢ at time of signal transmission and spacecraft j at measurement time,
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Figure 6-13: Three measurements, p;’Rl, p;’RQ, p;’Ra

antenna, Ri, Ry, R3, on spacecraft q.

with the formation state, in body reference frame

1,

R;

@ S!'Cj

, transmitted from spacecraft ¢ are received by each

T? and T7 are the time bias of the receiving and transmitting s/c clock, respectively,

c is the speed of light (3 x 108 [m/s]),

;7 is the pseudorange measurement noise due to the receiver thermal noise,

EiJ

multipathp TEPresents the multipath error.

The three antennas, Ry, Ro, R3, are placed in the sides of the spacecraft in the positions [ ap 0 0 ] ,

[ 0 ap O }, { 0 0 ap } meters, respectively, w.r.t. the s/c body frame shown in Fig. 6-9. There-

fore, when s/c ¢ is receiving signals from s/c j:

for receiving antenna 1:

Py = Iy = x| ™+ e (19 = T%) + Bl yiparny + €57
for receiving antenna 2:
A = I = xall™ e (T = T7) o+ B i, 237
for receiving antenna 3:
pé"RS = |Ix; - XiHR3 +e(T79-T7) + E:;L];thipathp +ep’

as shown in Fig. 6-13.

However the receiver antennas are not placed in

the center of the s/c, but placed ap metre ahead on

each side of the s/c as shown in Fig 6-14. Antenna number 1 is placed ap metre ahead from the gravity

center in x direction of the body frame, antenna number 2 is placed ap metre ahead from the gravity

center in y direction of the body frame, antenna number 3 is placed ap metre ahead from the gravity
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Figure 6-14: Geometric representation of the measurement received by antenna 3 in the s/c ¢ and
transmitted by the s/c j.

center in z direction of the body frame, as follows,

o= [a 0 0 ]T (6.21)
C?{iQ = [ 0 ap O ]T
C%S = [ 0 0 ap ]T

with ¢ = 1,..., IV, all expressed in body reference frame.
Thus, there are three measurements instead of just one, as shown in (6.20). Therefore, the relation
between measurements received in the three antennas, p{’Rl, p{’RQ, pg’R3 and states, expressed in IPQ

frame, is (see Fig. 6-14):

Ry PQ IPQ 2 IPQ IPQ 2 IPQ IPQ 2
Ie; =il = \/(% - CRl,z> + (yij - CRl,y> 5T R (6.22)
Ry IPQ IPQ 2 IPQ IPQ 2 IPQ IPQ 2 6.93
[1x; = x| = Tij " T Cryz) T\¥j T CRryy) t\%j " T CRs: (6.23)
Ry 1PQ IPQ 2 IPQ PQ 2 1PQ IPQ 2 6.94
1x; = x| = Tij " T Cryw) T\C " T CRryy) T % T T CRy: (6.24)

where cng, 1 =1,2,3 can be built up from c%l defined in (6.21) through the following transformation,
clPQ — AT (qu”PQ) ciyi=1,.,N,and, | = 1,2,3 with i #1 (6.25)
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T T
P P P T ( bi ; ; ;
[C Q Q Q] — A (qIPQ)[C%M b b }

Rz CRiy Ry CRiy CRiy
with A (q?iPQ) is the attitude matrix (4.8), expressed in terms of the quaternion estimated in the

rotational state vector (6.10).
Since the state vector is expressed in LVLH reference frame, the state variables should be transformed
into the LVLH reference frame. Thus, any vector x in IPQ reference frame can be transformed into the

LVLH frame by

T
KLVLH _ (A1PQ 1PQ
(ALVLH> X
IP . .
where ALV%H is defined in Eq. (6.3).
In particular,
T
1PQ IPQ IPQ = (ALPQ LVLH LVLH ,LVLH
Tij i Fig LVLH ) | Tij Yij Zij
or
IPQ LV LVLH
Ty = a1y —|—a yw +a 32ij
IP LV LVLH
yijQ = (21T Jra ylj +a 2
IPQ LVL LVLH
ij = a1 +a32yij +a Zij

where a,, ,, are the components of the matrix AILI:,% -
Applying the previous equation to the measurements given by (6.22) - (6.24), the observations ob-
tained by each receiving antenna are then expressed as a function of the state variables in LVLH frame

as follows,

(ij _X1‘HR1>2 _ (anﬂ?LV H 4 a1y yza +a13ZiLjVLH Cg(i) +
(azlzLVLH+a yLLVLH+a23ZiLjVLH _ ng) .
(a LVLH+a ylL]VLHJra?)SZiLjVLH Cg?)

(ij — xiHR2>2 = (auxL LH+a y” H+a132iLjVLH c%i?) +
(ameVLH_'_azzyiLjVLH_i_a% LJVLH ng) +
(a LVLH+a ylLJ/VLH+a33ZiLjVLH Cg;Q)
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2 2
Rs _ LVLH LVLH LVLH _IPQ
(||Xj =X ) = (all%‘ Fayy Ttz T —CRy )

2
LVLH LVLH LVLH IPQ
(awij T2y T Ta23%; *CRay) +

2
LVLH LVLH LVLH _ IPQ
(aglxij +a32yij +a332ij _CRS,z)

Radio frequency observation model The observation model is nonlinear, according to the

observation equations given by (6.20).
y' (k) = h'(x(k)) + v (k)

where y (k) is the n,—dimensional observation vector of vehicle ¢ at time &, and where v(k) is observation

noise, assumed to be white Gaussian with,

E{vkp(k)} = R(K)
E{vk)} = 0

The linearized model to be used by the EKF is derived in appendix B, Eq. (B.7),
oy’ (k) = H' (X! (k), k)ox (k) + v’ (k)
where dx is the small perturbation, defined as follows,
ox (k) £ x (k) — % (k) (6.26)
The previous equations lead to the linear pseudo-measurement equation for the Kalman filter,
y'(k) £ H' (k)x (k) + v' (k)

which comparing with (6.20), i is the receiver spacecraft and v* represents the combination of the pseudo-
range measurement noise due to the receiver thermal noise, eﬁ;j and the multipath error E:r’iltipath, o
No time bias is considered for the RF measurements. Also, for each row of the linearized observation

matrix H* for receiving s/c 4 is given by:

< 9p’ . . .
H (k) = 5 = | hi, (k) hi, (k) hi,(k) (6.27)
x=5(klk=1) . . :
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so that, where p} is defined in (6.20).

hi (k) =

7,

i, R o i, R i, R
dp; ! dp; ! dp; !
9o LVIH 9yLVLH 9 LVLH

v ek v =Rk v
. iRg . i Ry ' o iRg
s bl (k) = | sre bl (k)= | srm
oxLVLH 9 i,y( ) - By,L,VLH ) @',z( ) - OzLVLH

* x=%x(k|k—1) K x=x(k|k—1) i

iR iR iR
op s op s opy s
9uLVIH 9yLVLH 9 LVLH

L Y x=x(k|k—1) L Y x=x(k|k—1) | L v

=x(k|k—1)

=x(k|k—1)

=x(k|k—1) ]

where j is the index number of the transmitting spacecraft, j = 1,2,3,7 # j. Since in our case each

receiving s/c has 3 antennas, each term h; . has 3 rows, and as each s/c measures the distance to 2 s/c,
;

each H', i = 1, 2, 3 has 6 rows. The detailed expressions for the h

with

hi

7,

hi

],

follows,

i,R i, R R
Apy ™) a=}) T Apy ™) oWy n a(py ") o
a(x};) oz HH) ayy;) Oz LVLH) a(zy;) A(xfV ) .
> ! M . ! x=x(k|k—1)
i, i, i,
k) — Apy ) A=} i Apy ™) oWy n Apy ) (=
- a(x};) oz HH) ayy;) oz M) a(zy;) A(xfV M) .
. . . x=x(k|k—1)
7/ 'L 'L
Apy ) a(=y) i Apy ™) oy 4 Apy ) Bz
a(wb ) 3(.LLVLH) a(y”) 6(1.1%VLH) ( b) B(JLVLH) R
L x=x(k|k—=1)
i hly
s =™
[I2i=x; 1™
h3s
R
L =™
LH LVLH LVLH _ IP
hl, = au(aux + a129;; + a13z;; - CRIg) +
LVLH LVLH LVLH _ IP
az1(az21z;; VLH aggyijv + a232;; VLH _ chg) +
LVLH LVLH LVLH _ IPQ
az1(az1z;; + az2y;; + aszz;; —Cp, %)
IP
ho, = all(alleVLH ¥ ay QyI],VLH Ta BZLVLH _ CRQ,?E) n
1P
a21(a21ILVLH ¥ as ZyZZJ,VLH Ta 3ZLVLH _ CRQg) n
LVLH LVLH LVLH _ IP
az1(az1v;; + as2y;; + aszz;; — cRQg)
_ LVLH LVLH LVLH 1PQ
h3, = an(anx + a12y;; + a13z;; —Cpyw) T
as1 (az1 LVLH+a yLVLH+a ZLVLH _021;3)_~_
agl(GSIxLVLH ¥ as yLVLH tas ZLVLH _ ngg)
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and
a(py ™) B(at) n ) " a(py ™) a(zh)
a(xh;) oy EM) a(yb) a(yLVEH) 8(zb) Ay E) =i (k1)
(k) — a(py ") a(at) +a<p§i*R2> Ay +8(13;1”% a(=))
i,y - a(zh;) ayLV ) a(yb;) oy E) a(zl;) ayhYET) —(klk—1)
a(py ™) a@h) +a(pi*%) a(y?)) +a<p;':*R3) a(zt)
a(xt;) B(z5VEM) ayl;) o(yLVrEH) a(zk;) o(yVrH) X=x(klk—1)
r hi,
.. . R1
[[xi =™
J h2
h: (k) = Y
i (V) e ™
h3,
R
L lxa—x; ] ™2
with
LH LVLH _ IP
hl, = CL12((Z11:IJ —|—a12yij H 4y 32} —chg)—F
LVLH LVLH LVLH _ IPQ
agz (a1 + ag2y;; + a232;; — thy) +
LVLH LVLH LVLH _ IP
a32<CL31.’E + az2y;; + azzz;; — chg)
LVLH LVLH LVLH _ IP
h2, = aa(an; + a12y;; + a132;; —cRQg)—l-
LVLH LVLH LVLH _ IP
a2 (ag ;) + azy;; + a3%;; —CRQ§)+
LVLH LVLH LVLH _ IP
a32(a31:c + az2y;; + as32;; —cR2g)
K3, = aisa xLVLH+a LVLH LVLH_ IPQ)+
y = a12(an1 12Y;j a13%; CR3.z
LVLH LVLH LVLH _ IP
asz(as @ + agy;; + ag37;; —6333)4-
LVLH LVLH LVLH _ IP
a32<a31$ + az2y;; + azzz;; _CR3,2>
and
i, R i, R R
Apy ) o)) +6(pj b)) awiy) +0(p] b)) oGz
a(zh;) o(z5VEH) a(y};) Oz5VHH) a(zp;) (=Y EH) = (k1)
hi (k) = a(p; ™) Bt n a(p; ™) a(yh) +d<p] f2) a(h)
3,z - a(zh;) o(z5VEH) a(y};) =5V HH) a(zf;) (=Y EH) = (k1)
a(py ™) a(ah) n a(pT ™) ayh) + a(p ™) 8=k
a(xh;) o=V ) a(y};) o=V a(zp;) A=z HH) (k1)
hl,
P, ™
; h2
h (k) = =
5e W)= | g
h3.
R
=™

123




6.3. SIX DEGREES OF FREEDOM INTEGRATED NAVIGATION IMPLEMENTATION

with

LVLH LVLH IPQ

hl, = a13(a11$ + a12Y;; +ay 3% CRl,w) +
azg(GQIxLVLH+a yll],\/ H g ZLVLH ng)ﬁ_
a&d(adlmLV "4 ay yz] Tt ag ZLVLH Cgfg)

h2. = a(aneyg ™ +apyi T+ ap T - ng) +
a23(a21xLV H {0 yz] H o, ZLVLH Cﬁzig)+
a33(a31a:LV H 4 a'3QyiL_jVL +as ZLVLH C%I:,Qz)

h3, = a13(a11$LV s aleyZ‘LjVL t+a1 ZLVLH ng) +
a23(a21$LV H 4 a22yz’LjVL +az ZLVLH Cﬁ:g) +
a33(a31mLVLH + a3 yLVLH +as ZLVLH Cg,:g)

Prediction The linearized formation dynamic equations can be presented as the relative motion of the

it" spacecraft in an eccentric orbit, w.r.t. the orbiting formation reference frame, LVLH, as presented in

(6.16)-(6.15a),

T; 0 0 0 1 0 0 T; 0 0 O
Yi 0 0 0 0 1 0 Yi 0 0 0
lix
d Z 0 0 0 0 0 1 Z 0 0 0
do, | .|~ | ) Liy (6.28)
B Ju 0 —faz fiz 0 2 @ 1 00
Li,z
Yi 0 fs2 0 0 fi3 O Y 0 1 0
z; Jis. 0 fes -2 0 fa3 2 0 0 1
with fi = ﬁ%, Jaz = %, J52 = m, fes = ﬁzzziggzz:, and where ¢ is the sum of

perturbation and control inputs, ¢ = u+w. The perturbations are w; (. 4 ) = Wi, j2(,y,2) T Wi sun(z,y,2)
Wi moon(z,y,z)- Lhe previous equation corresponds to a linearized ¢;-varying equation in a compact
format,

5X£7‘ans (Ht) = F(f{tmnSv et)éxtmns + B(Gt)u(ﬂt) + B(et)w(xtrans (915)) (6.29)

For the relative state representation, and since the matrices F, B,, and B4 do not depend on x, the
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dynamic equations become,

T; — T; —
Yi —Yj Yi —Yj
Ly
d | %7% | _ppy| P77 | +Bo 6.30
ol = @) | , | +B(0) |4 (6.30)
vt x;— z; T, — %
Lz
Yi — Yj Yi — Yj !
S S
with , ) )
0 0 0 1 0 0
000 00 10| fu= et
0o 0 0 0 0 1 fag = Peesinb
F (et) = ) b Cil o
fa 0 —fiz fas 0 2 f52 = T wontr
0 fro 0 0 fig 0 | |fog= hoecost
i faz 0 fes =2 0 faz |
0 0 O
0 0 O
(1-e2.)? 000
B (0:) = 1,2
(I4-ecccos0)*ni | 1 o o0
0 1 0
0 0 1
and
Lijx Ujx — Ujx Wi — Wy
Lijy | = | Wiy —Ujy | T | Wiy — Wiy
Lij,z Ui,z — Uj,z Wi,z — Wy,

Care must be taken because the perturbations could depend on the state (e.g., Wz y,2) = w(X)).

Rotational state vector

Here the derivation of the equations related to EKF implementation using ST sensor, are performed. The
nonlinear observation model is computed using the rotational absolute state vector. The linearization of
the process and observation models are performed as well. Also the EKF Fusion filter used to estimate
the rotational components of the full state vector, is described.

Throughout this subsection, for the sake of simplifying the notation, we will use x to denote the
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rotational state X,.¢, dropping all the frames, and to refer to the rotational state vector i*" vehicle and

to i . . R T A T
o its vehicle 4 components as, x* = [ (¢)" (v }

Extended Kalman filter Filtering - star tracker observation model The ST provides directly
the quaternion expressing the rotation from body to inertial planet frame (IPQ), with some associated

error, so the observation model is, for each s/c i,

y'(k) = qipo(k) +v' (k) (6.31)

where v (k) is the measurement noise for each time k.
The generalized observation model for s/c 7 is,

y' (k) = H'x o (k) + V' (k)

rot’

i
where x!_,/

(k) is the vector of s/c i state components from X, (k) defined in Eq. (6.10). For the sake
of simplifying the notation, the frames were dropped and the superscript ¢ refers to vehicle ¢ and not
to global frame as stated in Eq. (6.10). Also, and vi(k) is the sensor noise for s/c i ST, considered
zero mean Gaussian, and characterized by E{v(k) (vl(k))T} = R(k). Since the ST directly provides
measurements of the quaternion, y*(k) = ¢l (k) = q?”PQ(k), the observation matrices for s/c i = 1, 2

and 3, are as follows

H' = { I3x3 03x3 O3x3 O3x3 0O3x3 O3x3 } (6.32)
H?> = { 03x3 O3x3 13x3 O3x3 0O3x3 0O3x3 } (6.33)
H® = { O3x3 O3x3 O3x3 O3x3 13x3 Oszxs } (6.34)

Error innovation The error innovation in the filtering equations of the Kalman filter is usually
computed as the difference between the actual measurements and those predicted by the observation
model. However, because quaternions must respect the rotation operation, according to Eqgs. (4.10)-
(4.11), one must compute the innovation differently for the quaternion components of the state. Denoting
the actual ST measurement by g% (k) and its prediction by ¢*(k|k — 1), the innovation or measurement

residual becomes,

5§ (k . ) 1
ql( | = i) ® (@ k- 1)
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T
where 71 = [ —-q aa ] , or after some algebra manipulation,

3q' (k) = &7 (¢' (klk — 1)) g5 (k)

The complete state vector is split in two parts, corresponding to the angular velocity and the quater-

. ¢ (k|k
nion, e.g., x'(klk) = 1 ( %) s/c i components. Therefore, the innovation multiplied by the Kalman
w (k|k)
gain can be expressed as
o%L (k) . i
A K)o (k)
0%, (k)

Hence, the local state estimate update is performed according to,

- o5, (1
I 1 [[o%i (k)|

& (klE) O (k|k — 1) + 6%, (k)

®q" (klk —1)

Prediction In order to linearize the nonlinear equations of motion, the state perturbation defined in
(B.9) is used, yet it has to be split into two parts, due to the presence of quaternions in state vector

components,

dg = q®q
swk) = w(k)—ak)

as already defined in (B.9) and (4.55).
The linearized perturbation state model can be used by the EKF according to,

ox (k+ 1) = ®(k)ox (k) + w(k)
where ®(k) is the transition matrix, computed as follow,
x(t),1)T5)°

®(k) =~ 1+ F(x(t), )T + (F( 91

and F(X(t),t) is the Jacobian of f(.) (4.39).
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Kinematic equation - linearization Dropping the frame indices for simplicity of notation, the

angular velocity of the body frame written in the IPQ frame wliPQ, is denoted as w,
w=o+dw (6.35)

and from the application of the chain rule follows,

d d :
—qt) == (0qR G =6¢R G+ 0q® g
710 =2 00409 =6®i+64®q
Using the previous expression in the kinematic equation, §¢®4+dq®§ = 1w®q and right multiplying

1

the previous expression by ¢~ +, it follows immediately,

.1 e S
5q:§w®q®q L_qeie ¢t

From the kinematics,

&
X
=N

DN = N =
&

and using again the chain rule, the expression becomes,

1 1
5q:§w®5q—§5q®d}

Expressing the angular velocity as a perturbation around the estimate, as in (6.35),
.1, 1 1 .
0g = §w®5q+§5w®5q7 §5q®w

Representing the quaternion multiplication with the help of the left and right operators A (), E(),
defined in (4.11) and (4.10), respectively

26g = A(w)og+ A(dw)dg — = (©)dq
—l@x] & —[dwx] dw —[@ox] @
= oq + 0q — dq
—&" —sw? 0 - 0
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Applying small quaternion perturbation from (B.9), the previous equation becomes,

(—2[@x] — [dwx]) dq+dw

26 —
—dwTéq

and neglecting second order terms, — [dwx]dq and —dw’ dq, the resulting linearization of the kinematic

equation is,
1
+ b _ ~IP b; 1P
by = — [@1F9x] dalipg + Sowy @ (6.36)
. \b;
6 (g4) rQ = 0
Dynamic equation - linearization The dynamic equations, derived from Euler’s second law,

assuming a rigid body with all products of inertia zero and a angular momentum parallel to the body

angular velocity, reduces to,

o =1"! (Z Mg + w X Iw) (6.37)

where I is the inertial matrix, and M.,; is the external moments vector, when linearized becomes,

i =171 (52 m. + ([Iox] — [@x]1I) 5w) (6.38)
thus,
0 (I, L)o. (I, — L),
1@ ] — [@1"9x] 1= | (1.~ 1)@, 0 (I — 1) &, (6.39)

(Io = I)wy (Iz—1I)ws 0
The external moments are neglected and for the open loop case no control is applied to the s/c,
resulting in > mg,; = 0.
The linearization of the dynamic and kinematic equations of motion, (6.39) and (6.36) respectively,

results into the following matrix for s/c i,

Fi  0Osxs Osxs
F(X'(t),t) = | Ogxs Fa2 Ogxs (6.40)
Osxs Opsxs F3

with

F,
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P, $13.3 —[@x]
i I (Io] - [@x]T) 0343 |
P [ 513x3 - [@x] -
i I (Io] - [@x]T) 0343 |

Extended Kalman filter fusion - rotational state vector

Since the state vector includes quaternion components, the Covariance Intersection algorithm is not
applicable anymore, as the weighted sum of both estimates is meaningless for quaternions. Furthermore,
because we use the absolute attitude, no correlations in measurements occur, as opposed to the transla-
tional state estimation case. Therefore, the alternative is to fuse the state estimates from each s/c using
an EKF.

Considering the generalized observation model,
y'(k) = HXor (k|k — 1) + v'(k) (6.41)

where X0 (k) is defined in Eq. (6.10). The "measurements" in the observation equation are now the
state estimates from the predecessor s/c, z'(k) = x',} (k|k — 1) + vi~'(k), and the observation noise is

the error covariance matrix from the predecessor vehicle, i — 1, without the components which are locally

by the ST sensor in s/c i. Thus, the observation matrix is for s/c ¢ = 1, 2 and 3, as follows
H' = H? = H? = 113413 (6.42)

and the covariance matrix of the measurement is now the error covariance matrix from the predecessor

state estimates, E {Vi(k}) (vi(k))T} =P !(k|k — 1), which must also be communicated.

6.3.7 Gramian observability
Translation state vector

From the nonlinear equations for a formation of N-s/c, described in detail in subsection 6.3.4, we have
the Jacobian matrix of f(Xtrans,t), and (6.27) for the Jacobian matrix of h(Xtrans, k). Computing the
observation matrix (5.16), its rank is 12, for each s/c. This means that there are 6 state vector com-
ponents that are non-observable on each s/c, as previously verified in subsection 4.3.3, i.e., there is not
enough information in the RF sensor measurements and the state vector cannot be determined distinctly
at every time k. Thus, as discussed previously, more information must be communicated, which is per-

formed via the information flow graph, resulting into all state vector components observability. Thus,
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when the fusion with other s/c estimates occurs (using the CI algorithm) the rank of the observability

matrix is full, 7.e., 18. Results will be presented in Chapter 7.

Rotational state vector

Applying the observability concept to the rotational part of the state vector, where the Jacobian matrix
of f(X¢rans,t), given by (6.40), and the linear observation matrix is given by (6.41), we can deduce that
the rank is 6. This means that there are only 6 columns of the observability matrix that are linearly
independent. This in fact correspond to the quaternions and angular velocity components from the
considered s/c, which are updated due to the quaternion measurements coming from their ST sensor.
The rest of the state vector variables are non-observable, meaning that there is not enough information
in the sensor measurements and the state vector cannot be determined distinctly at every time k. When
the fusion with other s/c estimates occurs (using the EKF fusion algorithm) the rank of the observability

matrix is full, 7.e., 18. This is verified in the results obtain in Chapter 7.

6.3.8 Filtering and prediction

The filtering and prediction blocks of the algorithm run every sampling time, Ty = 10[s] for FAC mode
and Ty = 1[s] for BCM mode. At instants ¢ = 2k.Ts [s] with £ = 0,1,2,... the estimators use the
s/c own RF measurements (translational algorithm) through the links represented by the measurement
graph and the s/c own ST measurements (rotational algorithm), to obtain by filtering a state estimate.
Also, at the same instant, the translational algorithm is using the attitude estimates computed by the
rotational algorithm. At instants ¢t = (2k + 1).T5 [s] with & = 0,1,2,... the estimators communicate
to the successor s/c through the links represented by the information flow graph (see Figure 4-9) its
predicted state estimate. The successor s/c uses the communicated estimate from the predecessor s/c
in the information flow graph to obtain (by filtering + prediction) a state estimate. Every T, the state

estimated by filtering is sent to the s/c controller, as shown in Fig. 6-12.

6.3.9 Modularity

For the sake of modularity, the MATLAB/Simulink Navigation blocks, depicted in Fig. 6-15, representing
the estimator algorithms are implemented such that one can copy and paste it from one s/c to another.
To ensure this, the observation matrix of all s/c in the formation should be available for calculation
inside the filter, as linearized observation equations lead to structurally different matrices from s/c to
s/c. Then a mask should be used to select which matrix is to be used, depending on the s/c¢ number

and which s/c is connected to it. However, this modularity is limited since if the number of formation
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Relative Position+Linear velocity

In COMMUMICATIGNS:
e RELATIVE FOSITION+LINEAR VELCCITY
AT time[1[#X[181+F[171}=180
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CONTROL

Received 9, 3 from each Spacoraft
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Figure 6-15: Translational and rotational block diagrams inside each Navigation block in the simulator.

s/c increases or decreases, the state vector should be extended as the rest of the variables: matrices,

measurements and all the mathematical elements involved in the calculations.

6.4 Tests Description

The most interesting and ambitious goal of the GNC methods is to have the satellites pointing to the
inertial direction during an interval starting several degrees before arriving to apogee and ending the
same time after apogee passage and with tight accuracy, as well as to achieve and maintain a high
accuracy during the science experiment. Therefore, the two segments of the GTO trajectory chosen to
test the navigation algorithms are the FAC and BCM. The FAC mode represents a demanding goal

of controlling the formation from an initial disperse configuration, a sphere of 8 [km] diameter into a
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triangle formation, where each 250 metre apart from each other. The required final accuracy is of 0.1[m)]

for relative position, 0.01[m/s] for velocity and 1[deg] for inertial attitude and 0.1[deg/s] for angular
velocity as described in Fig. 6-16 or can also be visualized in GTO in Fig. 6-17. The trajectory is
centered around apogee, starting at 6; (0) = 156,27 [rad] (¢t (0) = 10716.94[s]) and ending 6 hours later,
as visualized in Table 6.11.

The BCM mode has a duration of 2 hours, centered in apogee and the required accuracy is to keep
the formation, with accuracy of 0.01[m] for relative position, 0.001[m/s] for velocity, 1[arcsec] for inertial
attitude, 0.1[arcsec/s| for angular velocity is, as described in more detail in Table 6.12. In addition to
this, the most important results are also presented in BCM mode in closed-loop with the navigation
algorithms out of the GC loop and in the GC loop. This mode is even more demanding, in terms of
estimation accuracy then the FAC mode as described in Table 6.12, but the formation in the BCM mode,

contrary to the FAC mode, is already starting in an initial tight configuration.

H Formation Concepts | Formation Acquisition Mode (FAC) ‘

-Bring the formation from initial conditions to final conditions
which according to location in the orbit is the LEM or ICM mode
-position: s/c¢’s are dispersed within a sphere of 8[km], centered at
the reference orbit

-velocity: each s/c has the reference orbital velocity with an error of
+/ —0.1[m/s] in a random direction

-position: relative distance < 500[m] for each s/c

Description

Initial conditions

Final conditions -attitude: attitude error w.r.t. nominal pointing < 5[°] for the
formation

GNC Objective —acq.uire a .f(?rmation configuration corresponding to LFM
-avoid collisions

Guidance -initial random disposition in sphere of 8[km)|

Attitude Guidance -inertial anti-sun

Navigation -RF sensor

-relative position: 0.1[m], 0.01[m/s]
-inertial attitude: 1[°], 0.1[°/s]
-Actuators -[mN] thrusters

-RF sensor

-Star Tracker

Control requirements

-Sensors

Table 6.11: Formation Acquisition Mode (FAC) specifications.

Details of the set of experiments used to test and analyse the proposed navigation algorithm, which
will be presented in the next chapter, follow. A set of simulation tests were set up to evaluate the

position estimation performance under different scenarios.

e the FAC mode, which lasts 6 hours orbit run, is performed always in closed-loop in order to avoid
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Figure 6-16: View from above the orbital plane of the 3 spacecraft absolute positions w.r.t. Earth, in
IPQ. Reprinted from [68].

Figure 6-17: Representation of the Formation Acquisition mode (FAC) in the GTO orbit. The initial
conditions coincide with the deployment of the s/c, so the s/c can be within a sphere of 8km diameter
and the final conditions corresponds to building the formation to perform the science experiment, i.e.,
the initial conditions of the ICM where the s/c should be 25 meter away from each other.
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[ Formation Concepts | Baseline Control Mode (BCM)

-Bring the formation to a configuration in attitude and position just
before the final control loops

escription required for interferometry, and and maintain it during what would be
the experiment time.
Initial conditions -inertial pointing tolerance of 60[arcsec]

Final conditions

-position: accuracy < 10[cm]| (i.e., improve performance for RF alone)
-absolute attitude pointing accuracy < 60[arcsec] (i.e., improve ST
accuracy )

-relative attitude should be higher than for absolute accuracy

GNC Objective

-to achieve coarse inertial attitude pointing
-to achieve coarse lateral positioning

Guidance -keep the formation triangle configuration
Attitude Guidance -inertial attitude

s . -RF fi i
Navigation RF sensor for ranging

-coarse lateral

-longitudinal relative position: 0.01[m], 0.1[cm/s]
Control requirements | -lateral relative position: 0.01[m], 0.1[cm/s]
-inertial attitude: 1larcsec], 0.1[arcsec/s]

-Actuators -[mN] thrusters
-RF sensor
-Sensors -Star Tracker

-Gyroscopes for attitute control

Table 6.12: Baseline Control Mode (BCM) specifications.

the formation to drift apart, as concluded from the two orbits run, and explained in Section 7.2.4.
These closed-loop tests are divided in two groups: the GC experiment in closed-loop but without
the state estimator algorithms included in the loop and the GC experiment with the estimators
included in the closed-loop. In former case, the GC are in closed-loop in order to have the estimators
results independent of the RF distance dependency. Thus, the estimators attempt to follow the
real relative position and velocity and do not feed the control with estimates of the full formation
state estimation. In latter case, the estimators are included in the closed-loop, feeding the GC
part. The test performed is meant to show the navigation algorithms performance when they are
put together in the closed-loop. Also some preliminary tests are performed using perturbations,
in order to demonstrate how does the navigation algorithm perform in a demanding and closer
to reality scenario. The matrices R and Q are determined in order to fulfill the NEES and NIS
consistency tests. The PCRLB is also computed for this analysis in order to show the optimality

of the resulting navigation algorithms.

e The BCM mode, which lasts 2 hour orbit run, is performed always in open-loop for the estimator.
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Since the goal of this mode is to control the absolute attitude, there is only guidance and no control

for the translational motion. Again the matrices R and Q are determined for this segment of the

GTO, in order to fulfill the NEES and NIS consistency tests.

e Monte-Carlo simulations, M = 10 runs, are performed for the BCM mode of the GTO, since
this is part of the orbit corresponds to the science-experiment and thus it is of higher interest to
analyse regarding parameters uncertainty. Again the matrices R and Q are determined for the

Monte-Carlo runs, in order to fulfill the NEES and NIS tests limits.

6.4.1 Guidance and control

The GC algorithm used in FAC, was developed by Dumitriu et al. [8], and is based on the Pontryagin
Maximum Principle formulation of a model-based optimal trajectory planning problem with collision
avoidance. Its model-based nature has the advantage of providing not only the optimal trajectories, but
also the corresponding optimal thrusts.

The implemented GC algorithm computes a quasi optimal (which does neither consider collision
avoidance nor the nonlinear perturbation terms), simple and robust-to-perturbations algebraic solution.
The control inputs limitations and collision avoidance are considered a posteriori, so as to avoid using
any time consuming iterative technique. Also, perturbations are not considered in the dynamics model
used by the algorithm. Perturbations must be linearized first in order to be included.

The trajectory planning algorithm is regularly computed at given time instants. After each of those
time instants the obtained optimal inputs are applied at a faster rate than the trajectory planning
computation, until the next time instant where the algorithm is re-computed, thus updating again the
control inputs and the optimal trajectory.

During FAC, the goal of the GC is to bring the 3-s/c:

e from an initial random disposition within a sphere of 8 [km] in diameter centered in the dispenser,

e to a suitable final disposition, so that the formation should afterwards reach the configuration
desired at the beginning of BCM, or end of first ICM, mostly by means of natural gravity motion,
with as little control inputs as possible during this first ICM, in order to save on propellant.
This configuration will be an equilateral triangle where each s/c is 250 metre apart from each
other, around apogee such that the observation time will last for 5500 seconds centred on the
apogee (see Fig 6-18). The formation plane must also be rotated to the desired plane for the
science measurements. Moreover, the goal of control, besides obtaining an accurate final formation

configuration, is to avoid collision among the spacecraft during the lifetime of the mission and
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Figure 6-18: Formation Flying geometry to accomplish Mission Science.

minimize propellant consumption among the elements of the formation. This must be performed

by minimizing the propellant consumption of all spacecraft and by avoiding collisions.

For this purpose, Dumitriu et al. [8] [71], proposed an algebraic algorithm that minimizes the
propellant consumption and ensuring collision avoidance. The Pontryagin’s maximum principle for
Guidance, is used to generate the control inputs required to obtain the optimal trajectory at spaced
time instants along the orbit. Simultaneously, the control block applies the optimal inputs until the
next regularly spaced time instant, updated again by the Guidance block. The GC algorithms were
implemented as C MEX-file S-functions from specifications written in Ansi-C compatible source code.

The GC algorithm used in BCM, was developed by DEIMOS SA [9], and it uses an optimized low
thrust profile, and relative position plus attitude PID control. For the translational motion there is only

guidance and no control.

6.4.2 Experiments description

A set of 6 experiments were set up to test the estimator plus 1 experiment to illustrate the GC behaviour
in FAC mode [72], and another for the GC behaviour in BCM mode, and 1 experiment for GNC. They
are listed in Table 6.13 and described in the sequel.

On Experiment 1, we present the estimator results for FAC mode with the navigation algorithms
not included in the loop with the GC algorithms. The s/c state estimates are initialized subtracting
1[m] from the true relative position components, 1[m/rad] from the true relative velocity component,
10[arcsec/s] from the true angular velocity and 10[°] from the Euler angles, for the formation full state

vector, with sampling time T = 10[s]. The measurement and process noise covariance matrices were not
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Exp State estimate Local Filter Mode
' initial conditions Filter Fusion
1 Tirans = @) EKFc¢) - FAC
Zrot = b) EKF -
2 Ztrans = Q) EKF CI FAC
Zrot = b) EKF EKF fusion
3 Ttrans = Q) EKF - FAC
Zrot = ) EKF -
4d) Ttrans = Q) EKF CI FAC
Zrot = b) EKF EKF fusion
5 GC no Navigation - - FAC
6 GN (= exp. 4) C - - FAC
7 GC, no Navigation - - BCM
8d) Ttrans = €) EKF CI BCM
ii"r‘ot = f) EKF -
9 G, N observer (= exp. 8) C - - BCM
Table 6.13: Experiments setup with a) %(%0) = x(90) — 1iml b)] P8 eto) = w8 oto) =101 ) it
%/(99) = x'(60) — 1[m/rad] w(t) = @(tg) — 10[aresec /s]
nominal measurement noise covariance matrix d) with perturbations included in the simulator e)

{ X00) =x@0) g) ] w0000 = 0.0C0) - Eyperiments 1-4 and 8, 9 are with the estimator as observer,

%' (00) = x"(60) w(tg) = @(tg)
the navigation estimates are not fedback into the loop. Experiments 6 is closed-loop with navigation
included, GNC with the navigation algorithm, where the true values of the variables are fed to the GC
algorithms.

tuned, but instead the nominal matrices are used and correspond to those given directly by simulator
for the process noise and for the measurement noise given directly by the physical characteristics of the
sensors (presented in subsections 7.2.2 and 7.2.3 respectively). RF sensor for the translational relative
state vector and ST sensor for the rotational absolute state vector.

At times ¢t = 2k.T[s], with £ = 0,1,2, ..., each s/c computes the state vector relative position and
translational relative velocity estimates based on its local RF measurements and the inertial attitude
and inertial angular velocity estimates based on its local ST measurements, both using EKF. The non-
observable components of the state vector are propagated through the dynamic equations of motion.
The translational and rotational algorithms are working independently, i.e., the state vector estimates
obtained in the rotational absolute algorithm are not being used by the translational algorithm, since
for now, we want to study the algorithms characteristics without influence on each other.

On Experiment 2, we present the results of the estimator with the same conditions as in experiment
1, except that the measurement and process noise covariance matrices were tuned for a 6-hour orbit in
order for the filter to be as consistent as possible in the FAC mode of the orbit, according to the NEES

and NIS tests, as described in detail in subsections 7.3.2 and 7.3.3. As in previous experiment, in s/c 1
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there are no measurements to update the relative position and velocity between s/c 2 and 3 and thus

these components are just propagated through the dynamics if only a local EKF are used. As a result,
not only its initial estimation error is propagated but it also accumulates over time the error of the
dynamic equations linearization.

On Experiment 3, we present the results of the estimator for FAC mode with the navigation
algorithms not included in the loop with the GC algorithms. The state vector is initialized by the same
values of the experiment 2, but at times ¢ = (2k + 1).Ts[s], with £ = 0,1,2,... the predecessor state
vector acts as an observation in the filtering part, using the CI algorithm for the relative position and
translational relative velocity, while an EKF, properly modified and thus called EKF fusion, is used to
combine the predecessor state vector attitude and angular velocity with the local attitude and angular
velocity estimates. The measurement noise covariance matrix and process noise covariance matrix used,
were those tuned for 6 orbit example, obtained from previous experiment. In contrast with experiment
2, using CI for the relatives states and EKF fusion for the attitude and angular velocity, enables the filter
to update the components of the state vector estimates for the relative position between s/c 2 and 3,
with improved estimates made by predecessor s/c since, at some point in the communications flow, the
actual distance measurement is used, e.g., when s/c 3 measures its distance to s/c 2. In the implemented
CI algorithm, the weight parameter w is computed at each step based on the performance criterion of
minimizing the trace of the resulting error covariance matrix. In this situation, the translational and
rotational algorithms are working together, i.e., the state vector estimates obtained in the rotational
absolute algorithm are used by the translational algorithm.

On Experiment 4, we present the results of the estimator with the same conditions as in experiment

3, except that the following perturbations were added to the simulator,

e Solar Radiation Pressure

High order gravitational anomalies

Sun and Moon third body perturbations

J2 perturbations

Micrometeorids

On Experiment 5, in this test, we present results from tests performed, in the FF-FES simulator for
FAC mode, with the GC algorithms according to [71], with the closed-loop GC algorithm but without
navigation. This experiment shows the performance level attained by the GC algorithm when the
estimator is not in the loop, i.e., with access to full and noiseless state information. The final conditions

for the FAC mode are the distances of 208 metre for s/c 2 and 216 metre for s/c 3 w.r.t. to s/c 1,
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provided by DEIMOS SA, and computed so that the natural motion of the FF s/c during the LFM is

stable and will lead to a FF s/c relative distance of 250 metre apart from each other in the beginning
of BCM. Thus, the goal of the GC algorithm is to reach the distances of 208 metre for s/c 2 and 216
metre for s/c 3 w.r.t. to s/c 1, when the FAC mode ends.

On Experiment 6, we present the results of the estimator for FAC mode with the navigation
algorithms included in the loop with the GC algorithms, GNC. The navigation algorithms are according
to experiment 4.

On Experiment 7, we present the results of the GC for BCM mode with the navigation algorithms
turned off. The sampling time is Ts = 1[s]. The target is to control the absolute attitude for each s/c,
thus the attitude as to be represented in inertial frame. Therefore, a PID control from [9] are used to
control just the inertial attitude.

On Experiment 8, we present results from the tests performed in the FF-FES simulator for BCM
mode, with the GC algorithms from [9], with estimator as observer, its estimates not being feedback into
the closed-loop GC algorithm. Notice that since in the translational motion there is only guidance, and
no control, the navigation estimates are not feedback into the closed-loop. The estimator at times t =
2k.Ty[s], with k = 0,1, 2, ..., each s/c computes the state vector relative position and translational relative
velocity estimates based on its local RF measurements and the inertial attitude and inertial angular
velocity estimates based on its local ST measurements, both using EKF. At times ¢ = (2k + 1).T]s],
with £ = 0,1,2,... the predecessor state vector acts as an observation in the filtering part, using the
CI algorithm for the relative position and translational relative velocity, while for the non-observable
rotational components of the state vector are propagated through the dynamic equations of motion,
since the translational state vector components just need the observable components of the state vector.
As in previous experiment, the sampling time used is Ts = 1[s]. This experiment shows the performance
level attained by the GC algorithm when the estimator is not in the loop, i.e., with access to full and
noiseless state information. The initial conditions for the BCM mode are the distances of 250 metre
apart from each other. Since the aim of the s/c is science experiment, stars pointing, the goal of the GC
algorithms in this mode, is to control the inertial attitude. Thus the Euler angle has the requirement
of being less then 5 [°] for the formation. The translational part of the state vector is not controlled
but only have guidance algorithm applied. The FF-FE simulator also have the perturbations turned on.
The process and measurement noise matrices are those tuned in the BCM mode, and as described in
subsection 7.3.2.

On Experiment 9, The BCM trajectory segment is considered, with M = 10 Monte-Carlo simula-
tions for the assessment of the performance of the navigation algorithms design w.r.t. model parameters

uncertainties and nonlinearities not considered during the navigation algorithms design. They are listed
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in Table 6.14 and described in the sequel.

Parameters description initial value
Confidence level in
which Monte-Carlo results 9 [%]
Percentage of uncertainty (30) on

o 1[%]

the gravitational Sun constant
Percentage of uncertainty (30) on (%]
the gravitational Earth constant
Uncertainty (3c) in the initial 1]
true anomaly of the GTO
Uncertainty (30) in the initial 1 {m] 1 [m/rad]

translational state vector
Uncertainty (3c) in the

initial rotational state vector
Percentage of uncertainty (30) on

1[arsec/s], 10]°]

the s/c mass L]
Percentage of uncertainty (30) on (%]
the calculated SRP acting on each s/c °
Uncertainty (30) of the

s/c thrusters each s/c 0.01 {m]
Uncertainty (30) in the 5 %]

drag coefficient of the s/c

Table 6.14: Description of the Monte-Carlo uncertainty parameters used on the simulator.

The estimator algorithms are according to conditions of experiment 8. The navigation algorithms are
out of the closed-loop, however the state vector estimates obtained in the rotational absolute algorithm

are used by the translational algorithm.

6.5 Error Analysis

There are several ways to analyse the state estimates coming from the algorithms. The state vector
considered is the relative position in meters and the translational relative velocity in meters per radians.
The relative velocity is estimated in metre per second due to the 6;-varying relative dynamic equations,
thus the algorithm is developed related to the true anomaly 6,, instead of time, ¢t. Moreover, since the
quaternions have no clear physical meaning, as opposite to the Euler angles, the quaternions are then
transformed to Euler angles (6.48), according to the sequence of rotations considered, for this work.
However, whenever the standard deviation envelope (20, are calculated by taking the square root of
the diagonals of the estimated error covariance matrix and multiplying the result by two) for attitude

is presented, the quaternions must be shown instead the Euler angles since the translational navigation
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algorithm is performed in terms of the quaternions.

6.5.1 Relative position and translational velocity error

The error in the position is calculated, at each sampling time, as follows,

X12,32,13 = X12,32,13 — X12,32,13 (6.43)
and for the translational relative velocity,

>~<,12,32,13 = X12,32,13 — 56/12,32,13 (6.44)

where the subscript 12, 32 and 13 refer to its relative components.

6.5.2 Angular velocity error

The error in the angular velocity is calculated, at each sampling time, as follows,
Wi2,3 =Ww1,23 —Wi,23 (6.45)
where the subscript 12, 32 and 13 refer to its relative components.

6.5.3 Quaternion error

From Eq. (4.55), the error in the quaternion is calculated, at each sampling time, as follows,

q .
=q®q " (6.46)
1
T

where ¢~ = [ a7 G ] ,

i=Z2(G")q
or with after some algebra manipulation,

i=2"(4)q

6.5.4 Euler angles error

The Euler angles are computed in terms of the elements of the attitude matrix that maps any vector

from the IPQ to the body frame, Eq. (4.8), or in terms of the Euler angles depending on the sequence
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of rotations used. For the 123 sequence considered,

A123(¥,0,9) = A1(¥)A2(0)As(e) (6.47)
cos f cos ¢ cos ¢sinfsinty +sin¢gcosy  — cos @sin b cos P + sin ¢ sin P

—cosfsing —singsinfsiny + cos¢costy  sin@sinf cosp 4 cos @ sin P

sin 6 —cos@siny cos 0 cos Y

T
the following relation can be established between quaternions g = [ G G 3 Q ] and Euler angles,

v, 0, ¢

—2(q2q3 — 1q4) }
= arctan?2 rad], 0[°] < < 360[° 6.48
v { et b o, o) < o < soop (6.49
A32>
= arctan2 [ ———
( Ass
0 = arcsin(2(q1g3 + g2q4)) [rad], 90[°] < 6 < 90[°]

= arcsin (As1)

—9 _
o = arctanQ{ . ((J12(I2 2(13(]4)2
97 — 495 —q3 +q3

Aot )
= arctan2 [ ———
( A

where the Matlab function atan2(Y, X)) is the four quadrant arctangent of the real parts of the elements

}VMLMﬂs¢§3mm

of X and Y. —7 <=atan2(Y, X) <= w. Considering other elements in the attitude matrix, different
expressions can be obtained relating quaternions and Euler angles. Thus, the error in the Euler angles

is calculated, at each sampling time, as follows,
1},5,%: w795¢_’(2)797€b (649)

6.5.5 Standard deviation

The estimates errors defined before can be bounded by a standard deviation, o; which provides realistic
error estimates assuming that the measurements are uncorrelated. The standard deviation is calculated

from the corresponding diagonal elements of the state error covariance matrix, P,

ou=+vFy

Since the diagonal of the error covariance matrix is defined as P;; = E[E@IT] where T = 2 — Z is the

error of the corresponding parameter, relative position, relative angular velocity and absolute angular
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Figure 6-19: Normal probability density function defined by the mean, m, and by the standard
deviation, o. The probability of a random value being inside the +20 bounds (¢ is the standard
deviation) centered around the mean is 95%. Figure reprinted from [56].

velocity. For these parameters,

Py = Elz-2)(x-2)"]
= FEzz’]

VP, (6.50)

Og

while for the quaternion, the error covariance matrix is defined as P = E[gj,] where g is the error of

the quaternion, defined in Eq. (6.46). Thus for the quaternion,

Py gpgs = E [ q11,22,33 5,{1’22’33 }
In the results shown in next chapter, the estimates errors are presented with twice of their standard
deviation 4-2¢ resulting in an envelope, which corresponds to the estimates probability of 95% of being
centered around the mean, as shown in Fig. 6-19.

6.5.6 Root mean square error

The absolute errors are interesting for the analysis of the navigation algorithms performance, as stressed

by [57]. Therefore, the expressions for the relative position, translational relative velocity, distance,
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Euler angles and absolute angular velocity are given.
The absolute error in the relative position is calculated as the root mean square (RMS) error, for a

simulation with £ time steps,

RMS (.%12732713) ~ lim

l—00

(z12,32,13 — $12,32,13))? (6.51)

| =
-

H
Il
—

14
~ . 1 .
RMS (y12,32,13) ~ lim | =) (y12,32,13 — U12,32,13)?
{— 00 14
t=1
1 0
RMS (312,32,13) ~ lim - (2’12,32,13 - 212,32,13)2
{— 00 e et

where the subscript 12, 32 and 13 refer to its relative components.

The absolute error in the translational relative velocity is calculated as the RMS,

(12,3213 — f12,32,13)2

~| =
-

RMS(5~312,32,13) ~ éll»n;o
t

I
—

RMS@12,32,13) ~ lim

L— o0

~| =

Y
(12.92.15 — f12.32.13)°
Y12,32,13 — Y12,32.13
t=1
m

- . 1 . X
RMS(2’12,32,13) ~ lim 22(212,32,13*212,32,13)2

L—o00
t=1

where the subscript 12, 32 and 13 refer to its relative components.

The absolute error in the distance, p;;, with ij = 12,23,13, is calculated as the RMS,

¢
_ R A
RMS (py;) ~ Zlggo ZE (pij — Pij)?
t=1

where the relative distance (6.8) is estimated as,

iy =\/B3 + 05 + 2,

The absolute error in the Euler angles is calculated as the RMS,

’
RMS (77711,2‘3) ~ lim 2;(%[11,2,3 - 1211,2,3)2

£—o00
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RMS (B125) = lim

£—o00

=

¢
2(91,2,3 —0123)?
t=1

RMS(&LQ’?,) ~ lim

l—o00

| =

¢
Z(¢1,2,3 - &51,2,3)2
t=1

The absolute error in the absolute angular velocity is calculated as the RMS,

((W:v)1,2,3 - (Ww)1,2,3)2

|
-

RMS (w(lg’g),z) ~ lim

{— 00

t=1
_ I )
RMS (©,23),y) = zlggc ZZ((Wy)1,2,3_(Wy)1,2,3)2
t=1
1t
RMS ((&z)1,2,3> llijgo ZZ((WZ)LQ,?, - (@z)1,2,3)2

o~
Il
-

6.5.7 Monte-Carlo

The RMS from M Monte-Carlo runs for relative position is,

M
~ . 1 -
RMS (T12,32,13) =~ 1%411 MZ($12’32’13)2

t=1

M
~ : 1 .
RMS (y12,32,13) ~ lim Z(y12,32,13 — §12,32,13)°

M
~ . 1 .
RMS (212,32,13) ~ lim MZ(212,32,13 - 212,32,13)2

M—o0
t=1

The RMS from M Monte-Carlo runs for translational relative velocity is,

(Z12,32,13 — 312,32,13)2

==
WE

RMS (512732713) ~ lim

M—oo

\*
Il
-

==
NE

RMS(§12732713) ~  lim

. ~ 2
(y12,32,13 —Y12,32 13)
M—oo e

~
Il
-

(212,32,13 — 212,32,13)2

==
M=

RMS (3212732713) >~ lim

M —o0

o~
I
-
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The absolute error in the relative distance, p,;, with ij = 12,23,13, is calculated as the RMS,

M
_ . 1 )
RMS (py;) ~ JHm ME (pij — Pij)?
=1

The RMS from M Monte-Carlo runs for Euler angles is,

M—o0

M
RMS (17)1,2_3) = lim ]\14;(1/}1,2,3 - 7&1,2,3)2

M—o0

M
~ . 1 ~
RMS (917273> >~ lim MZ;(QLQ,?, — 917273)2

M
RMS (5123) ~ N}Enw\ ]\14;(¢1,2,3 - &51,2,3)2

The RMS from M Monte-Carlo runs for absolute angular velocity is,

RMS ((‘:’x)mﬁ) ~ lim *Z 1 2,37 )1,2,3)2

M—oco

RMS (@y)1,2,3> ~ lim MZ 123 w )1,2,3)2

M—o0

M
~ . 1 N
RMS ((wz)1,2,3> = A}Enoo MZ((WZ)Lz,s - (wz)1,2,3)2
t=1

6.5.8 Normalized estimation error squared test

According to the discussion performed in Section 5.4 for the NEES test, we will use the limits of the 95%
probability region of the chi-square distribution to state about the navigation algorithms consistency.
The limits applied for the case study follow.

Relative position and translational velocity

For a M = 1 run Monte-Carlo test and with a dimension of the state vector n, = 18 (relative position
and translational velocity state vector only), the NEES test is defined as the two-sided probability region

of 95% used for a 18DoF chi-square random variable:

[x75(0.05), x75(0.95)] = [9.40;28.9] (6.52)
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In case the state vector has the dimension n, = 12, due to the observable components only, the

NEES test is defined as the two-sided probability region of 97.5% used for a 18DoF chi-square random
variable:

[X72(0.05), x15(0.95)] = [5.23; 21]

For a M = 10 run Monte-Carlo test and with a dimension of the state vector n, = 18 (relative position
and translational velocity state vector only), the NEES test is defined as the two-sided probability region

of 95% used for a 18DoF chi-square random variable:
[XT50(0.05), x750(0.95)] = [149,97; 212, 30]

which dividing by M = 10, the 95% probability region for the average normalized state estimation error

squared becomes

[X3r=10(0.05), x3—10(0.95)] = [15;21,2] (6.53)

Attitude and angular velocity
For a M = 1 run Monte-Carlo test and with a dimension of the state vector n, = 6 (applicable to
attitude and angular velocity state vector in s/c 1 and w.r.t. variables from s/c 1 only), the NEES test

is defined as the two-sided probability region of 95% used for a 6DoF chi-square random variable,
[x8(0.05), xg(0.95)] = [1.64; 12.6] (6.54)

For the situation where there is contribution of the predecessor state estimates to compute the non-
observable components, then the dimension of the state vector is 18 and the two-sided probability region
use is according to Eq. (6.52).

For a M = 10 run Monte-Carlo test and with a dimension of the state vector n, = 6 (applicable
to attitude and angular velocity state vector in s/c 1 and w.r.t. variables from s/c 1 only), the NEES
test is defined as the two-sided probability region of 95%, used for a 6DoF chi-square random variable
according to

[x80(0.05), x50(0.95)] = [43.2;79.1]

which dividing by M = 10, the 95% probability region for the average normalized state estimation error
squared becomes

[X31=10(0.05), X37—10(0.95)] = [4.3;7.9] (6.55)
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6.5.9 Normalized innovation squared test

According to the discussion performed in Section 5.4 for the NIS test, we will use the limits of the 95%
probability region of the chi-square distribution to state about the innovation consistency. It follows the
limits applied for the case study.

Relative position and translational velocity

For a M = 1 run Monte-Carlo test and with a dimension of the state vector n, = 6, the NIS test is
defined as the two-sided probability region of 95%, used for a 6DoF chi-square random variable according
to Eq. (6.54).

For a M = 10 run Monte-Carlo test and with a dimension of the state vector n, = 6, the NIS test is
defined as the two-sided probability region of 95%, used for a 6DoF chi-square random variable according
to Eq. (6.55).

Attitude and angular velocity

For a M = 1 run Monte-Carlo test and with a dimension of the state vector n, = 3, the NIS test is
defined as the two-sided probability region of 95%, used for a 3DoF chi-square random variable according
to,

[x3(0.05), x3(0.95)] = [0.352;7.81]

For a M = 10 run Monte-Carlo test and with a dimension of the state vector n, = 3, the NIS test is
defined as the two-sided probability region of 95%, used for a 3DoF chi-square random variable according
to

[x30(0.05), x3,(0.95)] = [18.5;43.8]

which dividing by M = 10, the 95% probability region for the average normalized state estimation error

squared becomes,

[X?\4:10(0'05)a X?M:lo(O'%)] = [1.9;4.4]

6.6 Summary

In this chapter we presented the methodology discussed in Chapter 4 of applying the 6DoF Navigation
algorithms to the FAC mode of the GTO experiment for 3-FF s/c. We started with a brief summary
of the GTO mission, its modes, initial conditions for FAC mode in the simulation, a description of the
sensors used and the GNC requirements. Also, the general form of the dynamic equations that govern
the system, including their implementation is presented.

The chapter closed with description of the simulation setup, a summary of the experiments, and the

error tests used to analyse the navigation algorithms results.
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Chapter 7

RESULTS

7.1 Introduction

In this chapter, the results from applying the 6DoF Navigation algorithms to the FAC and BCM mode
of the GTO experiment for 3-FF s/c, are presented. The FF-FES simulator is described in detail in
Section 6.1.

We start in Section 7.2 with a summary of the system initial conditions and we present, the calculation
of the process and measurement noise covariance matrices from the sensors and noise characteristics.
The measurements accuracy study attained for both RF and ST sensors, follow. For this purpose the
simulator runs in two orbits trajectory starting with FAC mode initial conditions, showing the behaviour
of the s/c in the formation in open-loop and closed-loop. In both situations, it is shown how the distance
among s/c influences the RF measurements accuracy. As a result of the sensor measurements study the
system is always in closed-loop with or without the navigation algorithms within the loop. In Section
7.3, the initial conditions used on the navigation algorithms, which are different from the real ones, are
presented. A method to tune the process and measurement noise covariance matrices follows, where
given the bounds of the consistency tests, specified in Section 6.5, the process and measurement noises
matrices are obtained in such a way that the NEES and NIS tests are satisfied. Therefore, for each
segment of the GTO trajectory being studied, these matrices are tuned according to the explanation
provided. Section 7.2.4 and the remainder of the chapter is dedicated to the case study of a formation
of 3-s/c, results are presented and performed according to the detailed description in Section 6.4. The
navigation algorithm conditions applied to the FAC and BCM modes of the GTO orbit are summarized
in Table 6.13. Therefore, this section is divided in two parts: results of the navigation algorithms

application to FAC and BCM segments of the orbit. Thus, the results of the closed-loop on FAC mode,
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with the navigation algorithm as observer, for different case tests (experiments 1-4) are presented. In

experiments 5 and 7 we present the results of the GC control used in FAC and BCM mode, respectively,
with no estimator in the loop. In experiment 6, the formation state estimator is in closed-loop with
the GC algorithm for FAC mode. In experiment 8, the GC is used for the BCM mode, and again the
formation state estimator is used only as observer. The experiments finalize with experiment 9 where
10-run Monte-Carlo results for BCM mode are presented. The chapter closes with a summary of the
main achievements obtained. Without loss of generality, all the results concerning relative position and
translational relative velocity shown in this chapter concern the estimated state of the formation at s/c
1 and are presented in the LVLH frame. Also, all the results concerning absolute attitude and absolute
angular velocity shown in this chapter concern the estimated state at s/c 1 but they are presented in

the inertial IPQ frame.

7.2 System Conditions

In this section we present the system initial conditions for the FAC and BCM segments of the orbit.
In subsection 7.2.2 is explained how the process noise covariance matrix is obtained directly from the
simulator and in subsection 7.2.3 the same procedure is applied in order to obtain the measurement
noise covariance matrices when the RF sensor or the ST sensor are considered. An analysis of the sensor
measurements accuracy as the motion of 3-FF s/c in the formation changes, during two orbits trajectory
on a GTO mission, follows in subsection 7.2.4. It is shown how much the RF measurements accuracy
depends directly on the distance among s/c. This is achieved by comparing the RF measurements
accuracy attained for open-loop and closed-loop since in closed-loop the control and guidance algorithms
will keep the s/c from drifting apart from each other. This is an important issue in navigation algorithms

due to the measurements accuracy impact on the navigation results.

7.2.1 Initial conditions

In this chapter, two parts of the GTO are considered: FAC mode and BCM mode.

e FAC mode corresponds to 6 hours trajectory centered around apogee (more detail in subsection

6.2.3). For FAC mode, the trajectory starts at
0+ (0) = 156, 27[°](t, = 10716.94[s]) (7.1)

as shown in Figure 7-1.
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e BCM mode corresponds to 2 hours trajectory centered around apogee (more detail in subsection

6.2.3). For BCM mode, the trajectory starts at
0. (0) = 173,0721[°](t, = 18016.94[s])
and lasts for 2 hours, centered in the apogee.

7.2.2 Process noise covariance matrix

The covariance matrix of the process noise, Q(k) is calculated for the signal obtained by subtracting the
linearized version of the equation of the relative dynamics (C.22) from the true value of the state which

is delivered by the simulator, which has the perturbations switched off,
Wirans(t) = Xirans(t) — f(Xerans(t), u(t), 1)
Using at each step the true anomaly corresponding to time k, the previous equation becomes,
Wirans(0t) = 0Xirans(0r + A0;) — (P(01)0Xtrans(0:)+B(0:)u(by))

or

Wirans (0t + A01) = Xirans(0) — (R (0 + AO)Xprans (0 + A6)+B(0; + Ab)u(f, + Aby))

where A#, is the 0, step corresponding to the sampling time T, X¢rans(0:) and Xerans (0: + Ab;) are given

by the simulator, ® ~ 1+ F(K¢rans (0: + A0))Ts + (F()‘ctmns(95!+A9t))Ts)z’ with F(&prans (01 - AGy)) and

B(0; + Af;) are computed according to Eq. (6.30), and u(f; + A#;) is given by the control signal.
For attitude and angular velocity, the same concept is applied but the quaternion part of the vector

has to be handled according to the quaternion rules (subsection 4.1.1). Thus, it follows,

alk +1) ® (f (a(k), k)~

Wrot(k) -
w(k+1) = f(w(k),u(k), k)

For simplicity all the process noise covariance matrices obtained are diagonal. This is the starting
point for the process error analysis and therefore, used as nominal matrix (results shown in experiment
1) in the tuning procedure of the process noise covariance matrix described in subsection 7.3.2, such that

the NEES consistency test is attained, defined in subsection 5.4.1.
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7.2.3 Measurement noise covariance matrix
RF subsystem

Following the same path of the previous section, the actual measurement noise covariance matrix can

then be computed as follows: considering the measurement equation
V(k) = Y(k) - hi(xtrans(k), k) (72)

where y (k) are the RF sensor measurements, Xqns(k) is the true value of the state vector given by the

simulator, and the nonlinear observation function h(x(k), k) is, for s/c i,

. T
B arans(0):8) = [ [ = all™ e — ™ I —xill™ |
with

LH LVLH _IPQ 2
1% + a2 ym + a13%;; _CRl,m> +

qRNZ
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2
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a21%;; +asg ylj +a232ij —ch’y) +

LVLH

LVLH
as +as yzgv

LVLH I1PQ
+az3z;; —CR, » )

a11%;; +aqo 2Y;;

2
(I =xl™)" =

LVLH LVLH LVLH 1P
+a13zijv CR29) +

2
(aﬂxL LH g0 yw H+a232il}VLH g%) T

2
LVLH LVLH LVLH_ IPQ
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LVLH I1PQ 2

LVLH LVLH
Ta132i5 7 ~CRya

ap +ta12y;; +

(IIx; - mH) =

LVLH _IPQ
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Ta232ij ch)

LVLH LVLH
21T +a2y;;

+

2
1P

CL311‘L LH g3 yw H+a33zijLH ch
where the ay; are the entries of matrix Aﬁ,‘% g (attitude matrix that transforms vectors from LVLH
frame to IPQ frame). The measurement noise was assumed to be zero-mean and Gaussian, and the
covariance matrix of the error noise v (k) was assumed diagonal. On the other hand, the RF subsystem

measurement noise can be obtained from its physical characteristics, reported in Section 6.2, Table 6.9.

Thus, the variance of the measurement noise is,

02 =4.2149 - 10~ "d[m?]
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where d is the distance measured between the transmitter s/c and the receiver s/c antennas. For instance,

the measurement covariance matrix used in s/c 7 is

R = 42199310 Tdiag (1l ™ gl ™ gl ™

1™ o=xl™ o=l ) (7.3)

||Xj*Xi
where ¢ = 1,2,3 # j. This value is the starting point for the sensor error analysis and therefore, used
as nominal matrix ( results shown in experiment 1) in the tuning procedure of the measurement noise
covariance matrix described in subsection 7.3.3, such that the NIS consistency test is attained, defined
in subsection 5.4.2. The standard deviation envelope (20, where o is computed by taking the square
root of the diagonal elements of the measurement noise covariance matrix (7.3)) has to enclose the error

(7.2), in other to have consistent measurements, given by the NIS test.

Star tracker sensor

Applying the same concept as in previous section, the measurement noise covariance matrix can be

obtained as follows: considering for each of the s/c 1, 2, 3, the measurement equation,

T

¢ 1

sy = {(fh)z}po ((I2)l}p@ (qg)l}},Q} for s/c 1
T

2

s = {((h)zﬁ?@ (%)%s@ (qs)l}QPQ} for s/c 2
T

air = [(CIl)l[):jDQ (42) 70 (qg)l}*}Q} for s/c 3

the measurement noise covariance matrix is obtained according to,

vi(k) = qip(k) © (¢ (k) (7.4)

where g4 (k) are the measurements provided by the ST sensor and ¢* (k) corresponds to the true value
of the state vector provided by the simulator. Also, the ST subsystem measurement noise was obtained
from its physical characteristics, reported in subsection 6.2.3, Table 6.10. Thus, the variance of the

measurement noise is,

v

1
o2 = 3 10710 (7.5)

This value is the starting point for the sensor error analysis and therefore, used as nominal matrix
(results shown in experiment 1) in the tuning procedure of the measurement noise covariance matrix

described in subsection 7.3.3, such that the NIS consistency test is attained, defined in subsection 5.4.2.
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<10 s/c Positions w.r.t. Earth - in IPQ
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Figure 7-1: 24 hour trajectory for GTO orbit, where the counting of time starts with true anomaly 6
and the perigee occurs at 9 and 21 hour.

The standard deviation envelope (20, where o is computed by taking the square root of the diagonal
elements of the measurement noise covariance matrix (7.3)) has to enclose the error (7.4), in other to

have consistent measurements, given by the NIS test.

7.2.4 Sensor measurements analysis
Radio frequency measurements accuracy study

Running the simulator during two orbits, corresponding to 24 hours in open-loop, starting from 6, in
(7.1) as shown in Fig. 7-1, the diagonal variances were obtained based on the deviation from the nominal
performances. The average of the error samples and its envelope are shown in Fig. 7-2. Similar results
are obtained for s/c 2 and s/c 3. From the figure, it is clear that the measurements provided by RF
subsystem between s/c 1 and 2 (as shown in the top row of Figs. 7-2) are more accurate then the
measurements between s/c 1 and 3 (as shown in the bottom row of Fig. 7-2). This is due to the s/c 3
drifting apart from the others s/c (as shown in Fig. 7-3 and Fig. 7-4). Moreover, is clear from Fig. 7-2
that the measurement noise is unbiased.

One way to avoid the formation to drift apart and thus reducing the effect of distance among s/c
in the accuracy of the RF observations, is to add to the system the closed-loop algorithm. In fact, in

Figs. 7-5 and 7-6 is clear that the formation with GC added, after the initial distance among the s/c
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is overcome, the relative distance is kept with a distance of approximately 250 meters from each other.

As a consequence, it was verified that the accuracy of all RF measurements is now improved compared
to the open-loop run and the innovation is small in all measurements for the closed-loop and inside

the bounds of the standard deviation envelope. Moreover, the more precise are the RF measurements

0.01 A

*q 0.005 s &

-0.005 |- T A

-0.01 !

-0.015

time [h]

Figure 7-2: RF measurements real noise at s/c 1. The real error noise obtained between the
receiving antennas in s/c 1 and s/c 2 (top row) and s/c 1 and s/c 3 (bottom row) for RF subsystem. The
standard deviation envelope is also plotted and was computed from the measurement noise covariance
matrix diagonal elements.

between s/c 1 and 2, the more accurate are the state estimate components. This also indicates that the
error from the measurements is smaller than the process error for RF measurements between s/c 1 and
2, making the filter "trust" more the measurements rather than the dynamic model.

As aresult and in order to evaluate the navigation algorithms under conditions where the effect of the
distance among s/c in the accuracy of the RF observations is reduced, the GC algorithm was added to
the system to avoid the formation to drift apart. Therefore, the formation in the experiments presented
in Sections 7.4 for FAC mode and 7.5 for BCM segment of the orbit will always run in closed-loop, i.e.,
the GC algorithms are always added to the system, but the navigation algorithms can be included or

not in the loop, depending on the goal of the experiments, according to Table 6.13.

Star tracker measurements accuracy study

Running the simulator during two orbits, corresponding to 24 hours, starting from 6, (0) in (7.1) as

shown in Fig. 7-1, the diagonal variances were obtained based on the deviation from the nominal
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Figure 7-3: 2 orbits run open-loop. The evolution of the distances between the s/c 1 and s/c 2 (green
solid line), and between s/c 1 and s/c 3 (blue solid line) without any GC applied to the formation.
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Figure 7-4: 2 orbits run open-loop. Projection in the z-y plane of the 3 s/c relative trajectories in
IPQ without GC applied to the formation. s/c 1 (red solid line), s/c 2 (green solid lie) and s/c 3 (blue

solid lie).
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Figure 7-5: 2-orbits run with GC. The evolution of the distances between the s/c 1 and s/c 2 (green
solid lie), and between s/c 1 and s/c 3 (blue solid line) without any GC applied to the formation.

performances. The average of the error samples and its envelope are shown in Fig. 7-7. From the figure
it is clear that the error (7.4) is enclosed by its standard deviation computed by (7.5). Therefore, for
this trajectory, there is no need to change the variance of the diagonal terms of the measurement noise
covariance matrix in order to improve the accuracy as for the RF sensor. Also notice, that the change
in the relative quantities does not affect the ST measurements accuracy, since the inertial rotational

quantities are not affected by changes in the relative quantities.

7.3 Navigation Algorithms Conditions

In this section we start with the navigation algorithms initial conditions for the FAC and BCM segments
of the orbit. Since tuning the process and measurement noise covariance matrices are very important to
attain the NEES and NIS consistency tests, a method to tune the process and the measurement noise

covariance matrices is presented in subsections 7.3.2 and 7.3.3, respectively.

7.3.1 EKF initial conditions
Relative position and translational velocity initial conditions

For the FAC mode, the initial true state vector corresponds to an initial random disposition of position

components within a sphere of 8 [km] diameter, centered in the dispenser, as listed in Table 6.6. For
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Figure 7-6: 2-orbits run with GC. Projection in the a-y plane of the 3 s/c relative trajectories in IPQ
with the GC applied to the formation. s/c 1 (red solid line), s/c 2 (green solid line) and s/c 3 (blue solid
lie).

the BCM mode the initial true state vector corresponds to an initial triangle disposition of position
components within a sphere of 250 [km] diameter, centered in the dispenser, as listed in Table 6.8. The
initial estimates x(0; (0)) of the state components used in the EKF were, obtained by subtracting 1[m]!

from the true relative position components and 1[m/rad]* from the true relative velocity components

x(010) = x(0]0) —1[m]
X' (0[0) = x/(0[0) — 1[m/rad]

The state covariance matrix P was initialized based on a chi-square test for the individual initial
estimation errors, according to,

X:(0[0)7P;(0[0) 1 x;(0[0) < ¢

where c represents the upper limit of the 95% confidence region for the chi-square distribution with one
degree of freedom. X;(0]0) is the initial error for i** component of the state variable and P;(0]0) its
associated covariance. Since the initial deviation of the estimate from the true value is not higher then

1[m] for relative position and 1[m/rad] for translational relative velocity, this is the initial error value

IThe initial estimation error was part of the ESA project (Formation Estimation Methodologies for Distributed Space-
craft) requirements.
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Figure 7-7: ST measurements real noise at s/c 1. The real error noise obtained for the star tracker
measurements in s/c 1, 2 or 3 enclosed by the standard deviation envelope.

adopted. Thus,
P;(0j0)"! <3.84

The simulations were carried out used

P(0)0) = 1

which satisfies the previous inequality.
For the BCM mode, since the formation is already starting in an initial tight configuration, the initial

estimates x(6; (0)) of the state components used in the EKF were equal to the initial true state vector.

Attitude and angular velocity initial conditions

The initial true state vector corresponds to approximately O[rad/s] for the angular velocity components
and 0[°] for Euler angles, with equal values for all the s/c, as listed in Table 6.7 for FAC mode.
Knowing that the quaternions can parameterize the Euler angles through the Attitude matrix, ac-
cording to (6.48), thus the initial state vector corresponds to (¢,6,) = (0[°],0[°],0[°]). The initial
estimates X(0[0) of the state components used in the EKF were, except when noted, obtained by sub-

tracting 10[arcsec /s]? from the true angular velocity components and ~ 10[°](exactly 9.9981[°]?) from

2The initial estimation error was part of the ESA project (Formation Estimation Methodologies for Distributed Space-
craft) requirements.
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s/cl=s/c2=s/c3 X0t (0]0)
wlilrad/s] 4.848 x 1075
wh [rad/s] 4.848 x 1075
W [rad/s] 4.848 x 107
& 0.0941
@ 0.0789
a5 0.0941
a4 0.9880

Table 7.1: Initial Navigation conditions for attitude and angular velocity. s/c 1 is equal to s/c 2 and s/c
3.

the true Euler angle components which corresponds to a quaternion

T
g = 0.0941 0.0789 0.0941 0.988]

Thus, the initial state vector estimates assumed are,

%,(0]0) = x,(0]0) — 10[arcsec /s]

%q(0[0) = x4(0[0) —10[°]

as listed in Table 7.1.
For the BCM mode, since the formation is already starting in an initial tight configuration, the initial

estimates X,.,; of the state components used in the EKF were equal to the initial true state vector.

7.3.2 Tuning the process noise covariance matrix

To tune the process noise covariance matrix, three different situations are considered depending on the
amount of state vector components being estimated and the Monte-Carlo simulations. For M = 1
Monte-Carlo test considering only the observable components (state vector dimension is n, = 12 for the
translational state vector and n, = 6 for the rotational state vector), the two-side probability regions
of 95% of the NEES test used are defined in subsection 6.5.8. On the other hand, if all state vector
components are computed, the state vector dimension is n, = 18 and the limits for the NEES plot change,
as presented in the same subsection. For M = 10 Monte-Carlo test, all components are computed, but
the bounds of the NEES test are now narrower, illustrating the variability reduction resulting from
averaging those 10 simulations. Again, the limits are defined in subsection 6.5.8.

The NEES plot given by X7 P~!X should be inside the region indicated by the chi-square test to be

considered consistent, i.e., the state vector error must be commensurate to its error covariance matrix.
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In case the plot is above the upper limit, that the error covariance matrix is too small compared to the

error state vector, meaning that the precision is high but the accuracy is low. In case the plot is below
the lower limit, the error covariance matrix is too large compared to the error state vector, meaning that
the precision is low but the accuracy is comparably higher, as discussed in subsection 5.4.1.

For a scalar time-invariant linear system, as shown in subsection 5.2.2, the standard deviation of
the error obtained is the standard deviation corresponding to the minimum between the process and
measurement standard deviations. In nonlinear systems the values change of one entity influence the
other entity. Thus, the lower (higher) the standard deviation of the diagonal elements of the error
covariance matrix, the higher (lower) the NEES plot gets, so the standard deviation of the diagonal
elements of the error covariance matrix has to be increased (decreased). This is achieved by increasing
(decreasing) the measurement noise and the process noise covariance matrices. The algorithm to compute

the process noise covariance matrix is described in subsection 7.2.2,

1. the real process error is computed from the simulator;
2. the process noise covariance matrix is computed, based on the previous error;

3. plot the standard deviation envelope (20, where o is calculated by taking the square root of the
diagonals of the process noise covariance matrix) with the process error, previously determined.

The envelope has to enclose the error, in order to have consistent estimations;
4. Run the navigation algorithms;

5. plot the estimation error of the state vector variables and their standard deviation envelope (20,
where o is calculated by taking the square root of the diagonals of the error covariance matrix).

The envelope has to enclose the error, in order to have consistent estimations;

6. compute the NEES and NIS plots to confirm or to tune the values of the process noise covariance

matrix and repeat the procedure, i.e., return to step 4.

Ttems 1, 2 and 3 correspond to the algorithm to compute the process noise covariance matrix is

described in subsection 7.2.2.

7.3.3 Tuning the measurement noise covariance matrix

To tune the measurement noise covariance matrix, three different situations are considered depending on
the sensors being estimated and the Monte-Carlo simulations. For M = 1 Monte-Carlo test considering
the RF sensor (measurement vector dimension is n, = 6) and the ST sensor (measurement vector

dimension is n, = 3), the two-side probability regions of 95% of the NIS test used are defined in
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subsection 6.5.9. For M = 10 Monte-Carlo test the bounds of the NIS test are now narrower, illustrating

the variability reduction resulting from averaging those 10. Again, the limits are defined in subsection
6.5.9.

The NIS curve given by ¥TS~'v should be inside the region indicated by the chi-square test to be
considered consistent concerning the observation model and the measurements, i.e., for the innovation
process to be commensurate with its innovation covariance matrix, S(k) = H(k)P(k)H(k)T + R(k).
In case the NIS plot is above the region upper limit, the innovation covariance matrix is too small
compared to the innovation error vector, meaning that the precision of measurements is high but its
accuracy is low. In case the NIS plot is below the lower limit, the innovation covariance matrix is too
large compared to the innovation error vector meaning that the measurements precision is low but the
accuracy is comparably higher, as discussed in subsection 5.4.2.

For a scalar time-invariant linear system, as shown in subsection 5.2.2 the standard deviation of
the innovation signal obtained is the standard deviation of to the minimum between the error and
measurement standard deviations. In nonlinear systems the values change of one entity influence the
other entity. Thus, the lower (higher) the standard deviation of each of the diagonal elements of the
innovation covariance matrix, the higher (lower) the NIS plot gets, larger (smaller) the standard deviation
of each of the innovation covariance matrix diagonal elements must be. This is accomplished by increasing

(decreasing) the measurement noise and the process noise error covariance matrices.

1. the real measurement error is computed from the simulator;
2. the measurement noise covariance matrix is computed, based on the sensor physical characteristics;

3. plot the diagonal variance envelope (20, where o is calculated by taking the square root of the
diagonals of the measurement noise covariance matrix) with the measurement error, previously

determined. The envelope has to enclose the error, in order to have consistent measurements;
4. Run the navigation algorithms;

5. plot the innovation process and their standard deviation envelope (20, where o is calculated by
taking the square root of the diagonals of the innovation covariance matrix). The envelope has to

enclose the innovation process, in order to have consistent estimations;

6. and compute the NEES and NIS plots to confirm or to tune the values of the measurement noise

covariance matrix and repeat the procedure, i.e., return to step 4.

Items 1, 2 and 3 correspond to the algorithm to compute the measurement noise covariance matrix

is described in subsection 7.2.3.
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7.4 Results for Formation Acquisition Mode

All the results concerning relative position and translational relative velocity shown in this section refer
to the estimated full state of the formation at s/c 1 and are represented in the LVLH frame. All the
results concerning absolute attitude and absolute angular velocity shown in this section concern the
estimated state at s/c 1 and are represented in the inertial IPQ frame.

Since, in subsection 7.2.4 the RF measurements study have shown the need to add the GC algorithm
to the system all the time in order to avoid the s/c formation to drift apart and thus degradating the RF
accuracy. Therefore all the results presented are in closed-loop with the navigation algorithms within or

not the closed-loop, depending on the goal of the experiments, according to Table 6.13.

7.4.1 Experiment 1 - local extended Kalman filter only with nominal mea-

surement noise

We can observe from Figs. 7-8 to 7-11 the results in s/c¢ 1 when the nominal process and measurement
error covariance matrices of translational relative algorithm and rotational absolute algorithm, as pre-
sented in subsections 7.2.2 and 7.2.3. For the navigation algorithms every ¢t = 10[s] the filtering part of
the EKF receives measurements from the RF subsystem concerning the distances from s/c 1 to s/c 2 and
3. As there are no measurements to update the state components concerning the distance between s/c
2 and 3, these components are propagated through the dynamic equations of motion. The translational
and rotational algorithms are working independently, i.e., the state vector estimates obtained in the
rotational absolute algorithm are not being used by the translational algorithm, since for now, we want
to study the navigation algorithms characteristics without influence on each other.

In Fig. 7-8 shows the innovation process obtained in local EKF, obtained in s/c 1 which is computed
as the difference between the RF measurements at the receiving antennas in s/c 1 and s/c 2 (top row)
ors/c 1 and s/c 3 (bottom row) and a sensor model, v* = y' — h(%"). The standard deviation envelope
shown is obtained from the innovation matrix (S = HPH” 4+ R) diagonal elements. We can observe from
Fig. 7-8 that the envelope is far from the mean measurement error attained. This is also confirmed by the
NIS test (as shown in the bottom of Fig. 7-10), indicating that the measurement noise covariance matrix
should be decreased. Also the NEES test (as shown in the top of Fig. 7-10), indicating that the process
noise covariance matrix should be decreased. Also, we can observe that the EKF error covariance matrix
diagonal elements are far from the lower bound given by the PCRLB (as shown in Fig. 7-9). Thus, there
is still room for improvement and thus either the process and measurement noise covariance matrices
could be tuned, as detailed in subsection 7.3.2 and 7.3.3, respectively. However, in nonlinear systems

changing one of the matrices (process or measurement noise covariance matrices) is going to influence
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both NEES and NIS results. Since the measurement noise was computed from the sensor physical

characteristics, thus close to reality, the main change of value will be performed in the process noise
covariance matrix and small value changes in the process noise covariance matrix. Therefore, starting
with the dynamic equations, as explained in subsection 7.2.2, the process noise covariance matrix was
obtained by trial and error (for a 6 hour orbit segment), in order to fulfill the NEES test as explained
in detail in subsection 7.3.2. We then plot the estimation error obtained, its envelope and the resulting
NEES plot. Only after the NEES test have been close to be fulfilled the measurement noise covariance
matrix is turned, as explained in subsection 7.3.3 in order to fulfill the NIS test. Knowing that the
RF measurements are not biased, the measurement noise covariance matrix was obtained by trial and
error (for a 6 hour orbit segment), starting from the diagonal matrix provided by DEIMOS SA and from
the physical characteristics, as explained in subsection 7.2.3. We then plot the innovation process, its
envelope and the resulting NIS plot, as explained in detail in subsection 7.3.2. Results from the tuning
process are presented in next experiment. We can also observe from Fig. 7-9 (middle row of Fig. 7-9)
the results in s/c 1 when there are no measurements to update the state components concerning the
distance between s/c 2 and 3, therefore these components are propagated through the dynamic equations
of motion. Thus, these relative position non-observable components from the state vector will have its
error increased due to the linearization errors without correction by the measurements. Moreover, it
is interesting to notice that the y component of relative position (middle column and row of Fig. 7-9)
remain within a small range error during the entire 6 hours segment of the orbit. This is due to the
dynamics of the s/c fleet: the in-plane motion is -z and the out-of-plane motion is y. As a consequence,
the two motion components are decoupled, and the out-of-plane motion is due to the typical cyclic
behavior that comes from small changes in the orbit parameters: inclination, i, and/or right ascension
of the ascending node, Rgqn of the s/c’s w.r.t. the formation reference frame, as described by [10].

For the rotational part of the state vector, we can verify that for the quaternions the envelope enclosed
the ST error, according to the discussion in subsection 7.2.4. From Fig. 7-11 the NEES-NIS tests show
that the NEES test (as shown in the top of Fig. 7-11) is fulfilled while for the NIS test (as shown in the
bottom of Fig. 7-11) there is still room for improvement, suggesting that the diagonal of the measurement
noise covariance could be decreased. However, in nonlinear systems the change of value of the process
noise covariance matrix is going to influence the innovation process and the innovation matrix and thus
resulting in changing both NEES and NIS tests. As stated before, since the measurement noise was
computed from the sensor physical characteristics, thus close to reality, the main change of value will be
performed in the process noise covariance matrix and small value changes in the process noise covariance
matrix. Moreover, the process noise covariance matrix obtained in subsection 7.2.2 was computed under

nominal conditions and thus not taking into account perturbations, unexpected changes in the simulator
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Figure 7-8: Experiment 1 - The innovation process obtained in local EKF which is computed as the
difference between the RF measurements at the receiving antennas in s/c 1 and s/c 2 (top row) or s/c 1
and s/c 3 (bottom row) and a sensor model. Standard deviation envelope obtained from the Innovation
matrix (S = HPH” + R) diagonal elements.

or uncertainties. Therefore, the process noise covariance matrix was obtained by trial and error (for a
6 hour orbit), starting from the nominal diagonal matrix, in order to fulfill the NEES test as explained
in detail in subsection 7.3.2. We then plot the estimation error obtained, its envelope, and the resulting
NEES-NIS plot, as shown in next experiment. Also, knowing that the ST measurements are not biased,
the measurement noise covariance matrix was obtained by trial and error (for a 6 hour orbit segment),
starting from the diagonal matrix provided by DEIMOS SA and from the physical characteristics, as
explained in subsection 7.2.3. We then plot the innovation process, its envelope and the resulting NIS
plot, as explained in detail in subsection 7.3.2. Results from the tuning process are presented in next

experiment.

7.4.2 Experiment 2 - local extended Kalman filter only with tuned measure-

ment and process noises

This experiment uses the same conditions of experiment 1 but the measurement and process error
covariance matrices of translational relative algorithm and rotational absolute algorithm are tuned to

fulfill the consistency tests, as explained in previous experiment. We can observe from Fig. 7-12 the
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Figure 7-9: Experiment 1 - Results for the Prr (solid line) of relative position obtained in s/c 1 for
a 6 hours orbit segment and the PCRLB (dotted line).
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Figure 7-10: Experiment 1 - NEES-NIS plots for translational state vector. Top plot: NEES test,
Bottom plot: NIS test.The plots are computed for all state vector components, n, = 12 corresponding
to limits [5.23;21], and n, = 6 corresponding to limits [1.64;12.6], on each s/c.

168



7.4. RESULTS FOR FORMATION ACQUISITION MODE

NEES
121 =i
2 10+~ —
% 87 i = |
.% o |

£

MUl R B L AL L L AL
T TN B O
0 1 2 3 4 5 6

NIS
7, : -
6 _
s -
S, i
1F _
0 1 2 3 ‘ 5 5

time [h]

Figure 7-11: Experiment 1 - NEES-NIS plots for rotational state vector. Top plot: NEES test, Bottom
plot: NIS test.The plots are computed for all state vector components, n, = 6 corresponding to limits
[1.64;12.6], and n, = 3 corresponding to limits [0.352;7.81], on each s/c.

results obtained in s/c 2 where, comparing to experiment 1 (shown in Fig. 7-8) the envelope is closer to
the mean error in experiment 2 than in experiment 1. This is to demonstrate the discussion performed
in previous experiment, where the process error covariance matrix is decreased in order to have the
envelope closer to the estimation error mean, leading to more accurate estimates. Less significantly the
measurement noise error covariance is decreased leading to more accurate measurements. This is also
confirmed by the NEES-NIS tests in Fig. 7-10, that indicate a very pessimistic filter compared to the
NEES-NIS tests from experiment 2 (as shown in Fig. 7-16). So, as we can observe from Fig. 7-16 that
most of the points are inside the 95% probability region, except for the initialization of the filter where
the error is not commensurable with its error variance, but as soon as this initial period is overcomed,
the filter estimates goes bellow the 0.05% probability region, indicating that the state estimates are
pessimistic, i.e., the state estimates error are much smaller, comparable to its error variance. This
happens when the s/c are quite close, meaning that the error from measurements is even smaller than
initially expected, as shown in Fig. 7-12. In this figure the innovation process is shown enclosed
by the standard deviation envelope obtained from by taking the square root of the diagonals of the
innovation matrix (S = HPH” + R) diagonal elements. The innovation error is computed as the

difference between the RF measurements at the receiving antennas in s/c 1 and s/c 2 (top row) or s/c

169



7.4. RESULTS FOR FORMATION ACQUISITION MODE
1 and s/c 3 (bottom row) and a sensor model. Thus, the solution would be to tight the envelope of

the measurement noise covariance matrix for this segment of orbit. Moreover, the EKF error covariance
matrix diagonal elements are closer in experiment 2 to the lower limit provided by the PCRLB (as shown
in Fig. 7-13 and comparing with Fig. 7-9), showing that there is not much more room for improvement
in the navigation filter, comparing with the nominal PCRLB curve obtain for experiment 2.

The same way we can verify that the envelope enclosing the quaternions had to be increased for
the attitude and angular velocity, leading to improvement in the algorithm performance, as explained
in experiment 1. With the process and measurement noise covariance matrices tuned, the EKF error
variance is relatively more close to the PCRLB curve, indicating that by tuning the matrices there is still
sufficient information in the data to compute the state vector estimates, thus the navigation algorithms
are more close to the optimality.

Asin experiment 1, we can observe from Fig. 7-14 the results in s/c 1 when there are no measurements
to update the state components concerning the distance between s/c 2 and 3, therefore these components
are propagated through the dynamic equations of motion. Thus, these relative position non-observable
components from the state vector will have its error increased due to the linearization errors, as shown
in Fig. 7-13, without correction by the measurements. This is also confirmed by the RMS shown in Fig.
7-15.

For the attitude and angular velocity, only the state vector components with associated measurements
in s/c 1 are updated, i.e., only the attitude and the angular velocity of s/c 1 are updated, since only
s/c 1 ST is used. The rest of the state vector components, i.e., the angular velocity and quaternions
from s/c 2 and 3 are propagated through the dynamic equations of motion with the corresponding error
increase. This is confirmed by the Euler angles RMS shown in Fig. 7-20 and the angular velocity RMS
shown in Fig. 7-21.

7.4.3 Experiment 3 - local extended Kalman filter and fusion with covariance

intersection

Figures 7-23 to 7-34 depict the results obtained in s/c 1 when at times ¢t = 2k.10[s], £ =0, 1,2, ..., each
s/c computes the state vector estimates based on its local RF measurements using EKF, and at times
t = (2k +1).10[s], with & = 0,1,2, ..., the predecessor state vector is used as an observation in the
filtering part, and fused with the local estimate using the CI algorithm. The results are presented for
s/c 1 and it can be seen that the behavior of the components concerning the distance between s/c 3 and
2 are improved by the CI algorithm. In Fig. 7-23 and 7-24, the error plots for the relative position and
translational relative velocity in s/c 1 are respectively depicted. The results denote that the requirements

of 0.1[m] and 0.01[m/s] are fulfilled for all components at the end of the FAC mode. However this
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Figure 7-12: Experiment 2. The innovation process obtained in local EKF enclosed by the standard
deviation envelope. The innovation process is computed as the difference between the RF measuments
at the receiving antennas in s/c 1 and s/c 2 (top row) or s/c 1 and s/c 3 (bottom row) and a sensor
model.
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Figure 7-13: Experiment 2 - Results for the Prxp (solid line) of relative position obtained in s/c 1
for a 6 hours orbit segment and the PCRLB (dotted line).
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Figure 7-14: Experiment 2 - Results for the estimation error of relative position obtained in s/c 1 for a
6 hours orbit segment. The xyz15 and xyz13 components are updated locally with the RF measurements
while the components xyz3s are just propagated through the equations of motion.
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Figure 7-15: Experiment 2 - Results for the RMS of relative position obtained in s/c 1 for a 6 hours
orbit segment. The xyzi2 and xyz13 components are updated locally with the RF measurements while
the components xyz3s are just propagated through the equations of motion.
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Figure 7-16: Experiment 2 - NEES-NIS plots for trsnalational state vector. Top plot: NEES test,
Bottom plot: NIS test.The plots are computed for all state vector components, n, = 12 corresponding
to limits [5.23;21], and n, = 6 corresponding to limits [1.64;12.6], on each s/c.
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Figure 7-17: Experiment 2. The innovation process obtained in local EKF, enclosed by the standard
deviation envelope . This is computed as the difference between the ST measuments at the receiving
antennas in s/c 1 and s/c 2 (top row) or s/c 1 and s/c 3 (bottom row) and a sensor model.
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Figure 7-18: Experiment 2 - Results for the estimation error of the Euler angles obtained in s/c 1 for
a 6 hours orbit segment. The components of s/c 1 are updated locally with the ST measurements while
the components of s/c 2 and 3 are just propagated through the equations of motion.
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Figure 7-19: Experiment 2 - Results for the estimation error of the angular velocity for s/c 1 for a
6 hours segment. The components of s/c 1 are updated locally with the ST measurements while the
components of s/c 2 and 3 are just propagated through the equations of motion.
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Figure 7-20: Experiment 2 - Results for the RMS of Euler angles obtained in s/c 1 for a 6 hours orbit
segment. The ¢(rl), O(pl), ¢(y1) for s/c 1 are updated locally with the ST measurements while for s/c
2 and 3, the angular velocity components are just propagated through the equations of motion.
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Figure 7-21: Experiment 2 - Results for the RMS of angular velocity [rad/s] obtained in s/c 1 for a 6
hours orbit segment. The wy,, for s/c 1 are updated locally with the ST measurements while for s/c 2
and 3, the angular velocity components are just propagated through the equations of motion.
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Figure 7-22: Experiment 2 - NEES-NIS plots for rotational state vector. Top plot: NEES test, Bottom
plot: NIS test.The plots are computed for all state vector components, n, = 6 corresponding to limits
[1.64;12.6], and n, = 3 corresponding to limits [0.352;7.81], on each s/c.

improvement is obtained at the expense of the degradation of the local observable components, since the
weighted parameter from the CI method will be a trade off among the variances of all the components
of the translational state vector. This affects all components, since the computation of the parameter w
is made to minimize the trace of the whole matrix, as shown in Fig. 7-26. In Figs. 7-30 and 7-32, the
inertial attitude and angular velocity components are shown, denoting that the specifications are fulfilled
for the rotational state components. The NEES and NIS tests for a 6-hour orbit are shown in Fig. 7-29,
but now for all translational state vector components and not for the observable components only as
presented in experiment 1, shown in Fig. 7-16. It can be seen that, according to the NEES test, the
filter is consistent in part of the orbit and then changes to pessimistic. Also notice in the in Fig. 7-28,
that since the state vector components xo3 are now updated through the CI method, its error variance
obtained from the diagonal elements of the error covariance matrix have an improved curve comparing
with the optimal given by the PCRLB, after the initialization. This is as expected since now besides
having the process and measurement covariance matrices tuned, the navigation algorithms also have
"measurements" (predecessor state vector estimates) to update the local non-observable components.
The RMS for the translational state vector, Euler angles and the angular velocity are shown in Figs. 7-

27, 7-31 and 7-33 respectively, showing that there is an improvement on the state vector components that
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Figure 7-23: Experiment 3 - Results for the estimation error of relative position obtained in s/c 1
for a 6 hours orbit segment. The components of zyzi2 and zyzi3 are updated locally with the RF
measurements while the components xyzss are updated due to the CI algorithm.

are not locally observable at the expense of the increased error on the other components, comparing to the
equivalent plots from experiment 2. Notice that the RMS values includes also the initial estimation error
increasing its values, however, we can observer from Fig. 7-23 that the FAC requirement of 0.1[m] for
the relative state vector is achieved after the initialization of the navigation filters. The same successful
result is obtained for the translational relative velocity, as shown in Fig. 7-24. Also, the RMS of the
relative distance, calculated according to subsection 6.5.6, and shown in last three columns of Fig. 7-27
attain the requirements. For the rotational part of the state vector, we can also observe successful results
obtained for the Euler angles, which have the requirement of 1[°], as shown in Figs. 7-30 and 7-31 and
for the angular velocity, which have the requirement of 0.1[°/s] or ~ 0.018[rad/s], as shown in Fig. 7-32
and 7-33.

7.4.4 Experiment 4 - local extended Kalman filter and fusion with covariance

intersection and simulator with perturbations

This experiment follows the same conditions of experiment 3 but the following nonlinear perturbations

are added to the simulator:

e Solar Radiation Pressure
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Figure 7-24: Experiment 3 - Results for the estimation error of relative translational velocity obtained
in s/c 1 for a 6 hours orbit segment. The components of xyz12 and xyz;3 are updated locally with the
RF measurements while the components xyz3s are updated due to the CI algorithm.
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Figure 7-25: Experiment 3 - Results for the estimation error of relative position enclosed by the
standard deviation envelope obtained in s/c 1 for a 6 hours orbit segment. The components of xyzio
and xyzi3 are updated locally with the RF measurements while the components zyzs2 are updated due

to the CI algorithm.
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Figure 7-26: Experiment 3 - Results for the weighted parameter w for s/c 1.
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Figure 7-27: Experiment 3 - Results for the RMS of relative position obtained in s/c 1 for a 6 hours
orbit segment. The components of zyz12 and xyz;13 are updated locally with the RF measurements while
the components zyz3s are updated due to the CI algorithm.
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Figure 7-28: Experiment 3 - Results for the P i (solid line) of relative position obtained in s/c 1 for
a 6 hours orbit segment and the PCRLB (dotted line). The components of zyz12 and zyz;13 are updated
locally with the RF measurements while the components zyz32 are updated due to the CI algorithm.
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Figure 7-29: Experiment 3 - NEES-NIS plots for the translational state vector. Top plot: NEES test,
Bottom plot: NIS test. The plots are computed for all state vector components, n, = 18 of s/c 1 and
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n, = 18 corresponding to limits [9.40;28.9], on each s/c.

180




7.4. RESULTS FOR FORMATION ACQUISITION MODE

Euler 3Angles (y,8,0) Error[°] 3

x10°
0

0 S[x10°
=
1
-2
33 0
-4 -1
29, -2
2 4 [3 2 4 6 2 4 6
x10° x10* x10°
10 0
-2 E 5 : .
o~ 3 -0.5
g 0
6
_5 1
6 2 4 [3
x10°
.
0
-1

4
timelh]

Figure 7-30: Experiment 3 - Results for the estimation of Euler angles obtained in s/c 1 for a 6
hours orbit segment. The components of s/c 1 are updated locally with the ST measurements while the
componentsof s/c 2 and 3 are updated due to the CI algorithm.
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Figure 7-31: Experiment 3 - Results for the RMS of Euler angles obtained in s/c 1 for a 6 hours orbit
segment. The ¢(rl), 0(pl), ¢(y1) for s/c 1 are updated locally with the ST measurements while for s/c
2 and 3, the angular velocity components are updated due to the CI algorithm.
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Figure 7-32: Experiment 3 - Results for the estimation error of the angular velocity for s/c 1 for a
6 hours segment. The components of xyzi2 and zyz13 are updated locally with the RF measurements
while the components zyz3s are updated due to the CI algorithm.
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Figure 7-33: Experiment 3 - Results for the RMS of angular velocity [rad/s] obtained in s/c 1 for a 6
hours orbit segment. The components of zyz12 and xyz13 are updated locally with the RF measurements
while the components zyz3s are updated due to the CI algorithm.
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Figure 7-34: Experiment 3 - NEES-NIS plots for the rotational state vector. Top plot: NEES test,
Bottom plot: NIS test.The plots are computed for all state vector components, n, = 18 and n, = 18
corresponding to limits [9.40;28.9], on each s/c.
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High order gravitational anomalies

Sun and Moon third body perturbations

J2 perturbations

Micrometeorids

As we can observe from the results presented in Figs. 7-35 and 7-40, there is no clear degradation of
the algorithms performance compared with the results from experiment 3, with the algorithms reacting

well to the perturbations.

7.4.5 Experiment 5 - implementation of guidance and control

The goal of this experiment is to bring the formation to a distance among s/c of approximately 250
meters, more exactly 208 metre for s/c 2 and 216 metre for s/c 3 relative to s/c 1 as explained in last

chapter. This is achieved with an maximum error of 0.06[m] as plotted in Figures 7-41 and 7-42.
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Figure 7-35: Experiment 4 - Results for the estimation error of relative position obtained in s/c 1 for
6 hours orbit segment. The xyz15 and zyzi3components are updated locally with the RF measurements
while the xyz3o components are updated due to the CI algorithm. Perturbations are added to the
simulator.
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Figure 7-36: Experiment 4 - Results for the RMS of relative position obtained in s/c 1 for a 6 hours
orbit segment. The xyzi2 and xyzi3components are updated locally with the RF measurements while the
xyz3a components are updated due to the CI algorithm which combines the local state vector estimates
with the predecessor state vector estimates. Perturbations are added to the simulator.
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Figure 7-37: Experiment 4 - Results for the estimation error of Euler angles obtained in s/c 1 for a
6 hours orbit segment. The components of s/c 1 are updated locally with the ST measurements while
the components of s/c 2 and 3 are updated with CI algorithm which combines the local state vector
estimates with the predecessor state vector estimates. Perturbations are added to the simulator.
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Figure 7-38: Experiment 4 - Results for the RMS of Euler angles obtained in s/c 1 for a 6 hours orbit
segment. The t(rl), 8(pl), ¢(y1) for s/c 1 are updated locally with the ST measurements while the
components of s/c 2 and 3 are updated with CI. Perturbations are added to the simulator.
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Figure 7-39: Experiment 4 - Results for the estimation error of angular velocity for s/c 1 for a 6 hours
segment. The components of s/c 1 are updated locally with the ST measurements while the components
of s/c 2 and 3 are updated due to the CI algorithm. Perturbations are added to the simulator.
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Figure 7-40: Experiment 4 - Results for the RMS of angular velocity obtained in s/c 1 for a 6 hours
orbit segment. The wy,. for s/c 1 are updated locally with the ST measurements while for s/c 2 and 3,
the angular velocity components are updated due to the CI algorithm. Perturbations are added to the
simulator.
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Figure 7-41: Experiment 5 - The evolution of the distances between the s/c 1 and s/c 2 (green solid
lie), and between s/c 1 and s/c 3 (blue solid line).

Aperture Angle Evolution
160 T

150

140

angle [deg]
I
o

120

110

100 1 1 i 1 1
time [h]

Figure 7-42: Experiment 5 - The evolution of the aperture angle of the triangle formation.
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Figure 7-43: Experiment 6 - Results for the estimation error of relative position obtained in s/c 1
for GNC 6 hours orbit segment. The zyzi5 and xyziscomponents are updated locally with the RF
measurements while the xyzsz, components are updated due to the CI algorithm. Perturbations are
added to the simulator.

7.4.6 Experiment 6 - implementation of guidance, navigation and control

This experiment follows the same conditions of experiment 5 but now the navigation algorithms are
included in the control closed-loop. Results of the relative position estimation error are displayed in Fig.
7-43. This is a more realistic implementation of the full GNC loop, since the full formation state vector
components are estimated locally by the navigation algorithms, using information from the previous s/c,
according to a peer-to-peer information flow graph, as discussed in Chapter 3 and 4, and the control
algorithm is using the estimates from the navigation algorithms. The goal is to bring the formation to a
distance among s/c of 250 meters, more exactly 208 metre for s/c 2 and 216 metre for s/c 3 relative to
s/c 1 as explained in last chapter. This is achieved with an total error of 0.074[m], showing that adding
the navigation algorithms does not degrade the GNC performance significantly. This is as expected
since now the GC algorithms consider the navigation algorithms estimations as real, and in fact the
estimated state vector components have an error. Thus, the results are expected to be worse then when
the navigation algorithms are not in the closed-loop.

The evolution of the aperture angle of the triangle formation is similar to the one obtained in

experiment 5 (shown in Fig. 7-42).

7.5 Results for Baseline Control Mode

All the results concerning relative position and translational relative velocity shown in this section
concern the estimated full state of the formation at s/c 1 and are represented in the LVLH frame. All
the results concerning absolute attitude and absolute angular velocity shown in this section concern the

estimated state at s/c 1 and are represented in the inertial IPQ frame.
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The process and measurement noise covariance matrices are tuned in order fulfill the NEES-NIS tests

respectively, as performed for FAC mode trajectory, in experiment 2.

7.5.1 Experiment 7 - guidance implementation

Results are plotted in Figs. 7-44 to 7-51. The goal is to maintain the translational variables and to
control the attitude of the s/c, therefore, for the translational part of the state vector there is only
guidance, and no control and as for the rotational part of the state vector there is a PID control. The
relative position is given by means of feed-forward profiles on 2"? and 37¢ s/c, since the hub is the s/c
1. Figure 7-44 shows the triangle that is made by the 3-FF s/c. Figure 7-45 shows the evolution of
the distance of s/c 2 and 3 w.r.t. s/c 1 and in Fig. 7-46 the aperture angle for both s/c is depicted. In
Fig. 7-47 is plotted the BCM orbit and the s/c attitude. At the beginning of the BCM orbit (cross), it
is clear that the body frames of the s/c are not coincident and this is due to the initial s/c 1 attitude
being different from the inertial attitude, i.e., null Euler angles. However, soon the control corrects this
situation and it can be seen that the following frames are coincident. In Figs. 7-48 and 7-49 are plotted
the evolutions the of the 3-s/c in the BCM orbit in the local reference frame. We can observe that
the beginning (cross) and the end (circle) are very close, as expected since they are guided by the GC
algorithms. This is also possible to be seen from Figs. 7-45 and 7-46, but in terms of the distance to s/c
1 and aperture angle evolution of the s/c, respectively. In Figs. 7-50 and 7-51 are highlighted the LFM,
i.e., the end of the BCM mode, and the rest of the orbit, until when the 3-FF s/c reach the beginning
of the ICM orbit segment. During this mode the s/c are not guided but left to natural motion. Studies
carried out by DEIMOS SA and reported in [68] have shown the orbit parameters range that the FF
s/c have to take in the beginning of the LFM such that the dynamic itself will lead the FF s/c close to
each other in the end of the LFM.

7.5.2 Experiment 8 - integrated guidance and navigation as observer

GC algorithms previously described are integrated with the RF-based relative position navigation to
assess its performance during the BCM mode. It shall be highlighted that since in the translational
motion there is only guidance, and no control, the navigation estimates is not feedback into de loop, is

just an observer. The following environment perturbations have been taken into account:

e Solar Radiation Pressure
e High order gravitational anomalies

e Sun and Moon third body perturbations
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Figure 7-44: Experiment 7 - Evolution of the s/c position, which remains a triangle, in the local
reference frame, for 2 hour BCM orbit. Reprinted from [9].
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Figure 7-45: Experiment 7
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- The evolution of the distances between the s/c 1 and s/c 2 (green solid

line), and between s/c 1 and s/c 3 (blue solid line) for BCM 2 hour orbit. Reprinted from [9].
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Figure 7-46: Experiment 7 - The evolution of the aperture angle of the triangle formation in BCM
mode. Reprinted from [9].
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Figure 7-47: Experiment 7 - View of the BCM 2 hours orbit of the 3 s/c absolute positions w.r.t.
inertial reference frame. Reprinted from [9].
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Figure 7-48: Experiment 7 - Projection in the z — z plane of the 3 s/c relative trajectories in IPQ with
the GC applied to the formation. s/c 1 (red solid line) , s/c 2 (green solid line), s/c 3 (blue solid line).
Reprinted from [9].
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Figure 7-49: Experiment 7 - Projection in the x — y plane of the 3 s/c relative trajectories in IPQ with
the GC applied to the formation. s/c 1 (red solid line) , s/c 2 (green solid line), s/c 3 (blue solid line).
Reprinted from [9].
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Figure 7-50: Experiment 7 - The evolution of the distances between the s/c 1 and the other between
the s/c 1 and s/c 2 (green solid line), and between s/c 1 and s/c 3 (blue solid line) for the GC applied
to the formation in BCM and the rest of the orbit in LFM. Reprinted from [9].
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Figure 7-51: Experiment 7 - The evolution of the aperture angle of the triangle formation in BCM
and in the rest of the orbit in LFM. Reprinted from [9].
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Figure 7-52: Experiment 8 - Results (detail plot) for the estimation error of relative position obtained
in s/c 1 for a 2 hours orbit segment. The components of zyz12 and zyz13 are updated locally with the
RF measurements while the components xyz3, are updated due to the CI algorithm. Reprinted from
[9]-
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Figure 7-53: Experiment 8 - Results (detail plot) for the estimation error of relative translational
velocity obtained in s/c 1 for a 2 hours orbit segment. The components of xyz15 and zyz13 are updated
locally with the RF measurements while the components of s/c 2 and 3 are just propagated through the
equations of motion. Reprinted from [9)].

Results from the translational state vector are shown in Figs. 7-52 to 7-55, and as for the FAC
mode segment of the orbit, we can observe a successful implementation of the translational navigation
algorithm, since the specification of 0.01[m] and 0.01[m/s] for relative position and translational relative
velocity respectively, described in Table 6.1 and shown in Figs. 7-52 and 7-53, were met in the end of
the BCM mode. For the rotational part of the state vector the results show a successful implementation
of the rotational navigation algorithm as well. The specification of 1 [arcsec] (= 2.7778 - 10~4[°]) for the
inertial Euler angles and 0.1 [arcsec /s] (= 4.848-10~"[rad/s]) for the angular velocity, respectively were

met, and shown in Figs. 7-54 and 7-55.
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Figure 7-54: Experiment 8 - Results (detail plot) for the estimation of Euler angles obtained in s/c 1
for a 2 hours orbit segment. The components of s/c 1 are updated locally with the ST measurements
while the components of s/c 2 and 3 are just propagated through the equations of motion.
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Figure 7-55: Experiment 8 - Results (detail plot) for the estimation of angular velocity obtained in s/c
1 for a 2 hours orbit segment. The components of s/c 1 are updated locally with the ST measurements
while the components of s/c 2 and 3 are just propagated through the equations of motion.
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Figure 7-56: Experiment 9 - Results for the RMS of Euler angles (left plot) and angular velocity (right
plot) obtained in s/c 1 for a 6 hours orbit segment. The ¢ (rl), §(pl), ¢(y1) and wyy. for s/c 1 are
updated locally with the ST measurements while for s/c 2 and 3, the quaternions and angular velocity
components are just propagated through the equations of motion.

7.5.3 Experiment 9 - Monte-Carlo results for guidance and control with

navigation as observer

The average results of the 10 runs are computed at each step and plotted in Fig. 7-56. The process and
measurement noise covariance matrices were obtained in order to fulfill the NEES and NIS limits, as
performed for FAC and BCM mode trajectory. The rotational algorithm is in conditions of experiment 2,
i.e., the EKF fusion algorithm is not used to update the state vector local non-observable components.
This is so, because the translational algorithm just need the estimates of the rotational state vector
related of its one s/c and also the feasibility of the EKF Fusion algorithm was already tested and discussed
in experiment 3. The Figure show the RMS obtained for the 10 Monte-Carlo runs, and the values are
according to expected, i.e., worse then experiment 8. The variability introduced in the Monte-Carlo
simulations introduce unexpected errors in the navigation algorithms resulting in worse performance
than the nominal performance studied so far. The relative position and translational relative velocity
RMS are from one order worse in Monte-Carlo run, as well as the Euler angles and the angular velocity

RMS are in Monte-Carlo experiment two order higher than for nominal performance.

7.6 Summary

The results of two orbits trajectory and 12 experiments (for FAC and BCM segments of the orbit)
are presented for a formation of 3-s/c in a GTO mission. The results are divided in two parts, which
correspond to the initial phase deployment mode, the FAC mode, and to the science experiment, the
BCM mode. For the FAC mode the results presented are always in closed-loop guidance and control but

split in two parts:
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e without the estimator in the loop, working just as an observer, without feeding its estimates to

the CG algorithm;

e With the estimator in the loop.

For the BCM mode only results of the estimator in the loop are presented. There is no control
applied to the translational state vector estimates, but just to the rotational variables. Results with
perturbations disturbing the system are also presented to asses the navigation algorithm robustness.
Also, the calculation of the process and measurement noise covariance matrices from the sensors and
noise characteristics and tuned to fulfill the NEES and NIS consistency tests, is addressed. Finally,
results for Monte-Carlo runs, are presented for the BCM segment of the orbit.

The main relevant results are:

e a successful implementation of the proposed 6DoF navigation algorithms, i.e., the specifications

were met;

e the importance and feasibility of using information from another vehicle estimates, represented
by links in a peer-to-peer information flow graph, to compute the non-observable state vector

components that are not estimated locally;

e the importance of using the CI method to fuse correlated entities and to improve the estimation

accuracy for locally non-observable state components;

e the accuracy of the achieved full state vector estimates and the navigation optimality by comparison

with the PCRLB curve;

e the capability of the navigation algorithms to overcome the initial error, disturbances and to track

control changes;
e the navigation’s robustness to uncertainty of the parameters, presented in the Monte-Carlo results;

e the importance of tuning the process and measurement noise covariance matrices using the NEES-

NIS consistency tests and the PCRLB curve.
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Chapter 8

CONCLUSIONS AND FUTURE
WORK

In this thesis, we proposed an EKF+CI algorithm to compute a 6DoF full formation state vector estimate,
using low bandwidth communication and a decentralized solution. A graph framework is proposed, to
analyse the feasibility of decentralized 6DoF formation state vector estimation on each vehicle. This
also enables to assessment of the robustness of the navigation algorithm to communications loss or the
occlusion of one vehicle w.r.t. another. The measurements available on each vehicle are modelled by
links in a measurement graph and the state vector estimates transmitted between vehicles are modelled
by links in the information flow graph. Thus, using only local measurements and restricting the number
of communication links to a peer-to-peer topology, the proposed navigation filter estimates the 6DoF
full formation state vector locally, at each vehicle.

In order to estimate the full formation state vector at each vehicle, the navigation algorithm has to
cope with different sources of measurements: sensors and state "measurements" (i.e., the state estimates)
from other vehicles. The proposed filter is based on a combination of an EKF and a CI algorithm at each
element of the formation, and on inter-vehicle measurements obtained from range sensors to compute
the translational part of the state vector and on absolute sensors located on each vehicle to estimate the
rotational state part of the vector. Each vehicle communicates its most recent state estimate to the next
vehicle in the communication network. For the translational components, the filtering part of the
state estimation process is performed by either an EKF, when local measurements are used, or by a CI
algorithm, when state "measurements" come from another vehicle. For the rotational components
the filtering part of the state estimation process is performed by an EKF at each vehicle, based on

absolute attitude measurements obtained from an inertial sensor, and at alternative sampling times by
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another EKF (EKF fusion), when observations (i.e., the state estimates) come from another vehicle.
The prediction part of the state estimation process in both filters is performed by an EKF.

The EKF observability and consistency is studied and, based on the consistency tests, a process of
tuning the process and observation noise matrices is proposed. Study of the PCRLB to evaluate the
EKF suboptimal solution, as well as the EKF compensation techniques, is also reported.

The proposed navigation algorithm was applied to a 3 FF s/c mission. This estimates the 6DoF
formation state (relative position, translational velocity, attitude and angular velocity) in each of the
s/c, and was tested for the simulated FAC and BCM modes of the GTO mission. In order to reduce the
influence of the RF accuracy degradation with large distances on the state estimates, the GC algorithm
is used with the true state as input so as to reduce the inter-s/c distances. For FAC, an optimal guidance
and control algorithm including collision avoidance was used [8]. For BCM, an optimized low thruster
profile, and relative position plus attitude PID control were used. Sensor models for the ST and RF

sensors were included in the FF-FES simulator for this purpose. The results show:

e a successful implementation of the 6DoF navigation filter, providing an integrated estimate of the
relative translational and rotational state components, which meets the GNC specifications for

accuracy (according to the GTO mission specifications);

e the importance and feasibility of using information from other’s vehicles estimates, represented
by links in the peer-to-peer information flow graph to compute the non-observable state vector

components that are not estimated locally;

e very good accuracy achieved by the relative position and relative translational velocity estimator,
as the result of eliminating biases and employing systematic tuning of noise covariance matrices
based on consistency tests. The estimation error covariance matrix of the translational components

was reduced close to the lower bounds of uncertainty;

e that the GNC requirements (according to the GTO mission specifications) are achieved for BCM

using an optimized low thruster profile and relative position plus attitude PID control;

e the ability to simulate successfully (according to the GTO mission specifications) the full closed-

loop GNC algorithm, i.e., including the estimator in the loop;

e the ability of the proposed full-order decentralized navigation algorithm to track the formation
state, starting from an initial value different from the true state value, and under several unmodelled

perturbations;

e the efficiency of the proposed algorithm by comparing its performance to the PCRLB;
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e the navigation algorithms robustness for the Monte-Carlo runs.

The results show that it is possible to have an integrated estimation of the relative translational
and rotational components of the full-order state vector of a formation of vehicles in a decentralized

framework, and with information flowing among its elements using a minimum-communication topology.

8.1 Future Work

Despite the sucess of this work, there are still areas where improvements can be made. Suggestions for

the extension of this study are:

Improving accuracy by using multi-modal distributions - to improve the decentralized estima-
tor accuracy by using methods that deal with multimodal probabilistic distribution associated
with the estimates, instead of the unimodal Gaussian distribution, e.g., Monte-Carlo localization
methods for 6DoF [73], [18]. The Particle filters, or Sequential Monte-Carlo Methods, are esti-
mation tools that approximate the representation of the uncertainty instead of approximating the
nonlinearity of the system representation which is performed by the EKF. Particle filters can deal
effectively with probability distributions that are neither Gaussian nor unimodal, which is one of
the drawbacks of the EKF. Particle filters are reported in the work of Thrun [46], [18], [74], which
proposes [75] the Unscented Transform (UT), a more attractive method to use than Particle Filters,
since it uses a much smaller number of sigma points to approximate the probability distribution.
An optimal recursive estimator of the UT is called the Unscented Kalman Filter (UKF) that uses
the UT to implement the nonlinear transformations for both nonlinear process and measurement
models without going through the linearization steps required by the EKF. This method has al-
ready been applied to underwater vehicles in [76] where the goal is to compute the relative position
between a moving observer and a stationary object, by fusing measurements from monocular vision
of a single feature with measurements from inertial rate sensors. The UT is used to propagate the
nonlinear state dynamics, avoiding the error introduced by the linearizations. Also, the UT has
been used in a FF scenario by [77] for relative navigation of multiple vehicles, where the goal is to
compute the relative orbital navigation based on Carrier-phase Differential GPS in a centralized
architecture, taking special care with the error effects in the semi-major axis. Nevertheless, as
concluded by [66], care should be taken because particle filters are computationally expensive and
therefore should be used only for difficult nonlinear/non-Gaussian problems, where conventional
methods fail. Thus, for future work, to assess navigation algorithms for decentralized 6DoF full

formation state estimation with UT instead EKF, would also be interesting to address;
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Extend Covariance Intersection method to attitude variable - to extend or propose an algo-

rithm able to estimate the attitude variable which represents the relationship between vehicles
obtained directly from range measurements, as for example carrier-phase measurements, and not

from absolute measurements such as those from the ST sensor;

Extend Navigation to all GTO modes - the implementation of the GNC algorithms for all the
modes through a mode switching mechanism using as threshold the error covariance matrix to
change the modes, in order to provide a systematic approach to mission level navigation, including

better failure detection and handling;

Include perturbation model - to include in the formation dynamics model of the navigation algo-
rithm the non-linear perturbations and, if possible, add velocity measurements (e.g., RF doppler)

to provide more information, capable of correcting errors inherent to the dynamic propagation;

Multiple sensor measurements - to include more sensor information, not only to study the sensor
fusion but also to improve, if possible, the accuracy of the estimates. Examples of sensors are the

divergent laser sensor, and/or the carrier-phase measurements, depending on the orbit modes;

Sensor comparison - to use the carrier-phase to provide more accurate information compared to the
RF measurements, to improve the relative state vector errors, and to compare the impact of sensor

measurements in the algorithm performance;

Aysnchronous communications - to study the asynchronous communication graph, including time-

delays.
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Appendix A

GRAPHS

Most of the definition follows, [78], [79], [80] and [81].

A.1 Graph Theory

Definition 5 (graph) A graph consists of a pair X = (V (R),E(R)) of nonempty set of vertices,
V(R) = {v]i=1,2,...N} where N is the order of the graph (definition 7), and a set of edges E (R),
such that E (R) disjoint from V (R), E(R) NV (R) = &, satisfying E () C V(R) x V(X). The set of
edges of the graph, E (X) {(v;,v;)|vi,v; € V(R)}, where 4,5 = 1,2,..N, i # j each edge is denoted by

e (R) and v; and v; are vertices, e (R) = (v;,v;).

Definition 6 (size of a graph) The number of edges of a graph X is called size of graph R, and it is
written as |E (R)] = Ne.

Definition 7 (order of a graph) The order of a graph X is the number of vertices of the graph, called
order of a graph R, and it is written as |[V(X)| = N.

Definition 8 (trivial graph) Trivial graph is a graph of order 0 or 1.

Definition 9 (ends) For an edge e (N) = (v;,v;) with i,j = 1,2,..N, i # j, the vertices v; and v; are

its ends.

Definition 10 (tail/head) To an edge e (R) = (v;,v;) with i,j = 1,2,..N, i # j, we refer to v;, as the
head and to vj, as the tail of the edge e (R).

Definition 11 (incident vertex) A vertex v is said incident with the edge e(R) if v is the end of the
edge, if v € e(N).
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Definition 12 (neighbors or adjacent vertices) Two vertices, v; and v; with i,j =1,2,.N, i # j,

of graph X are adjacent or neighbors, if (v;,v;) is an edge of N, in which case the common edge is said

to join the two vertices, N, (R) = {v; € V. (N)| (v;,v;) € E(N)}.

Definition 13 (adjacent edges) Two edges are adjacent, with e(R) # f(R), if they are incident with
a common vertice.

Definition 14 (multiple edges) Multiple edges are such that there is more than one edge between the
same two vertices.

Definition 15 (loop) An edge (v;,v;) with identical vertices forms a loop, v;, v; € V (R), v; = v;.
Definition 16 (simple graph) A simple graph is a graph which contains no loops or multiple edges.

Definition 17 (complete graph) In a complete graph each pair of vertices is joined by an edge, that

is, the graph contains all possible edges.

Definition 18 (degree of a vertex) The degree (or valency) of a vertex v is the number of edges of

N incident to the vertex or the number of its neighbors, deg(v) = |N,(R)| with loops being counted twice.

Definition 19 (mazimum/minimum degrees) The mazimum and minimum degrees are respectively,

A (R) and § (R), which corresponds to the largest (smallest) degree over all vertices, respectively,

>
z
u

min {deg(v)|v € V(R)}

>
—~
z
=
|

= max {deg(v)lv e V(N)}

Definition 20 (isolated vertex) A vertex of degree 0 is an isolated vertice in graph N.

Definition 21 (k-regular graph) A graph is regular if every vertice of the graph R has the same
degree. If this degree is equal to k, then the graph is called a k-regular graph and the graph itself is said
to have degree k. In a complete graph with N vertices, the graph has degree kK = N — 1.

Definition 22 (walk) A walk in a graph k, called W, is an alternating sequence of vertices and edges,
beginning and ending with vertices, such that for any edge in the sequence, e; for 1 <i < N, the vertices
of e; are v;_1 and v;. A walk is closed if its first and last vertices are the same, vy = vy, otherwise

open, vy # UN -

Definition 23 (path) A path is an open walk which is simple, meaning that no verter appears more

than once, v; # vj for alli# j with1 <i<j < N.
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Definition 24 (cycle) A cycle is a closed walk which is simple, except for the first and last vertices
which are equal, v; # v; for all i # j, except vo = vn. A length of a cycle is its number of vertices or

edges and is called N-cycle and denoted by CN .
Definition 25 (acyclic) A graph without cycles is said to be acyclic.

Definition 26 (subgraph of a graph) A graph W' is a subgraph of R, X C R if its vertices belong to
the sets of vertices of X, V(X') C V(X) and the set of edges contain all the edges of H', E(N') C E(R).

Definition 27 (union/intersection) Let & be a graph, then XU S = (V(R)UV(Y), E(R) U E(Y))
and XN := (VR)NV(S), ER) N E(T))

Definition 28 (sum) For a subset Vi of V x V we write X+ V; := (V, EU V).

Definition 29 (disjoint graph) Considering the graph X and subgraph R, if RNN = &, then N and
N/ are disjoint.

Definition 30 (spanning graph) A spanning graph of X is a subgraph, Y, with vertezx set V(R), such
that V(') = V(R).

Definition 31 (undirected graph) The graph R is said indirected if (v;,v;) € E(X) & (vj,v;) €

Definition 32 (connected graph) An undirected graph that has a path between every pair of vertices.

Definition 33 (component graph) An n-component of a graph is a mazimal connected subgraph. A

componenet being connected is always non-empty, therefore, an empty graph has no components.

Definition 34 (tree) Tree is an undirected, acyclic, connected graph, i.e., if [V(R)| = N, then |[E(N)| =
N-—1.

Definition 35 (strongly connected graph) A graph X with the property that for any v;, v; € V(R),

with 1,5 =1,2,..N, © # j, there exists a path from v; to v; is said strongly connected.

Definition 36 (disconnected graph) A graph in which disjoint subsets of vertices exists whose ele-
ments do not have access to one another is termed disconnected. An undirected graph is either strongly

connected or disconnected.
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Definition 37 (digraph) A directed graph, digraph or oriented graph, D, is a pair P= (V (D), E (D)),

where the edges are ordered pairs of vertices. The edge is said to be directed from the head v; to the tail
v; with 1,5 =1,2,..N, i # j, where v; = head (e (P)) and v; = tail (e (D)). Directed graphs allow both

(vi,v5) and (vj,v;), with (vi,vj) # (vj,v;) and the inverse of e (D) as e~ (D) = (v;,v;).

Definition 38 (strongly connecteddigraph) A directed graph is called strongly connected if for every
pair of vertices u and v there is a path from u to v and a path from v to u. The vertices in a strongly

connected graph must all have indegree and outdegree of at least 1.

Definition 39 (hypergraph) If the same edge can connect any pair of vertices then the graph is said
hypergraph. Graphs can be seen as special hypergraphs.

Definition 40 (underlying graph) To each digraph D we can associate an underlying graph DY on
the same vertex set of P, V(D), where to each edge of PU there is the corresponding undirected edge in

D. Sum and union are the same for underlying graphs.

Definition 41 (source vertex) A vertex of a directed graph with no incoming edges, v,.. More formaly,

a vertex with indegree 0 (degin, (v;) = 0 definition 48).

Definition 42 (sink vertex) A wvertex of a directed graph with no outcoming edges, vs. More formaly,

a vertex with outdegree 0 (degoyt (v;) = 0 definition 48).

Definition 43 (directed tree) A directed tree is a digraph whose underlying graph is a tree, in fact a

tree can be viewed as a minimal connected graph.

Definition 44 (rooted tree) if the tree is called rooted is because there is a distinguished fized vertice,
vy, called the source or root, such that there is a directed path from vertex v, to any other vertice v;, of

a graph.

Definition 45 (network) A network is an underlying digraph with two distinct subsets of vertices,
called sources and sinks. Intermediate vertices are those that are neither sources or sinks and there

exists a capacity function associated to each edge.
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A.2 Algebraic Graph Theory

Algebraic graph theory studies the relationships between the structure of the graphs and different ma-
trix representations of graphs. The part of algebraic graph theory that studies relationships between
the properties of the graph and its adjacency matrix is also called spectral graph theory. It studies
the spectrum, which are the set of eigenvalues, of the adjacency matrix, the Kirchhoff matrix, or the
Laplacian matrix of a graph. The definitions presented here follow closely [79]. An extended work about

spectral graph theory can be found in [82].

Definition 46 (Adjacency Matriz) Let D= (V(D),E(D)) be a digraph where the vertices of D are
enumerated according to V(D) = {v; | i € [1, N]} and the edges E(DP) = {e; i+1(D) = (vi,viq1) | v € V(D)},
so |V(P)| = N and |[E(D)| = M. The adjacency matriz associated to the undirected or directed graph
Dis a square matriz of size |V(D)|, the N x N matriz Ty(D) = [t;;] in which t;; is the number of edges

joining vertex v; and v;, and the diagonal entry a;; is the number of loops, for all1 <i < j < N,

1 if (’Uj,’l}i) eV
O Zf (vj,vi) ¢ V

tij =

Using the definition of [83], and as we will see later in this chapter, it is interesting to associate to the
adjacency matriz components to the existing communication links from vertex j to the vertex i, where
the estimator j/i associated to the respective vertices are repectively the transmitter/receiver. In this
situation, the indegree of each vertex corresponds to the number of receiving links.

When the graph in question is clear, the adjacency matric will be denoted as T4(D). Note that T4(D)
uniquely specifies a graph, and it is not the adjacency matriz of any other graph, although T ¢(D) itself is
not unique for a given graph because it depends on the enumeration of the vertices. As such, it is clear

that the eigenvalues of Ty(P) are uniquely specified by the graph (thought the converse is not true).

Definition 47 (Incidence matrix) The incidence matriz of a directed graph P is a N x M matriz

B, (D) where N and M are the number of vertices and edges respectively, such that,

—1 if v; = tail(e;)
bj; = 0 otherwise

1 if v; = head(e;)

Definition 48 (indegree/outdegree) The indegree deg,, (v;) of a vertex v;, is the number of edges
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that come in v;. The sum of tail endpoints count toward the outdegree,

N

deg;, (i) = > eji(D)
j=1
N

degout (UZ) = Zeij (D)

Definition 49 (dominated/undominated vertex) A vertexv; will be called undominated if deg;,, (v;)

0 and dominated if deg,, (v;) > 1.

Definition 50 (Laplacian Matriz) Let Dy (G) be the degree matriz, which is a diagonal matric with

the indegree of each vertice along the diagonal,

deg;,, (vi) if vi = v,

dij =
0 z'fvi 75 Vj

Thus, according to the adjacency defintion, the degree matriz represents the receiving links in each vertex

of the graph. The Laplacian of the graph is defined as,
L(D) = Dy (D) — Ty(P) (A1)

where Ty is the adjacency matric and represents the communication link between vertex j (transmitter)

and vertex i (receiver). The Laplacian satisfies the property,
T
L(D) = By (D) (By (D))

independenlyt of the graph Dy (D) being directed or not.

Interest in Laplacian and it properties had increased in the recent years, where researchers identified
many links between the Laplacian eigenvalues and graph theoretic properties. Here we present some

relevant for this work, which can be found in [84].

Laplacian eigenvalues

The Laplacian matrix is of great interest because its eigenvalues are related to the structural properties
of the graph D. Let us define the Laplacian eigenvalues as, eig {L (D)} = {eig?, eig!,. .., eigV '}, with

N-1

eig) < eig! < ... < eig . The multiplicity A of an eigenvalue is indicated in superscript in round

brackets, eig®).
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1. Every row sum of the Laplacian matrix is zero, which implies that there is always a zero eigenvalue

corresponding to an eigenvector [1---1]7.
2. If B is an acyclic digraph, one of the Laplacian’s eigenvalues is always zero.

3. If the directed graph has a root directed spanning tree, then the eigenvalue 0 has multiplicity 1,
(proof can be found in [85]).

4. Also, the graph is regular if and only if [1--- 1]Tis an eigenvector of the Laplacian.

5. If B is a strongly connected graph, the zero eigenvalue of its Laplacian is simple but the other way

around is not true.

6. The multiplicity of the eigenvalue 0 in the Laplacian of a graph is equal to the number of connected

components in the graph.

7. For an undirected graph, the Laplacian matrix is symmetric positive semi-definite. A symmet-
ric Laplacian has real eigenvalues, meaning that its eigenspaces are mutually orthogonal. Thus,

undirected graphs have mutual orthogonal eigenspaces.

8. An eigenvalue with multiplicity 2 has :—dimensional eigenspaces.

Example 1 Let us consider the digraph P in Fig. A-1. The adjacency matriz according to the previous

definition, is

- o O o o o
[ I ==
o O O O = O
S R O RO O
o O = O O O
o = O O

and the degree matrix is

SO O O O O =
o O O o NN O
oSO O O N O O
SO O N O O O
o w o o o o
_ o o o o o

217



A.2. ALGEBRAIC GRAPH THEORY

Thus the Laplacian is given by the following matriz,

1 -1 0 0 0 0
0 2 -1 0 0 -1
L) =D, -1, =| 2 T
0 -1 O 2 -1 0
o -1 0 -1 3 -1
i -1 0 0 0 0 1 |

whose eigenvalues are, 0, 3.70491) | (1.2190 4 0.49254)1) and (2.4285 + 0.7102i)).  Notice that
the sum of each row is zero implying that there is an zero eigenvalue, also any vertex can reach any
other vertex, thus the graph is strongly connected, the eigenvalue zero is simple. Now, considering the
underlying graph, GY of the digraph G, the adjacency matrixz is obtained independently of the orientation

of the edges, thus it is symmetric

01000 1
101 1 11
010100

U\ _
TQ(B)_011010
01010 1
110010

and the degree matriz is obtained without making distinction between outdegree or indegree, thus

D, (") =

o O o o O N
o O o o ot o
o O O N O O
o o w o o o
o w o o o o
w o o o o o
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Figure A-1: Example of a graph.

and the Laplacian matriz is now,

0 -1 2 -1 0 0
L(BU>:

-1 -1 0 0 -1 3

whose eigenvalues are, 01, 3.7049(M | 1.382011), 2.3820(1), 3.6180"), 4.6180") and 6.0000)). Notice

that for an underlying graph the eigenvalues of the Laplacian matrix are always real.
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Appendix B

EXTENDED KALMAN FILTER

B.1 Continuous-Discrete Extended Kalman Filter Equations
Consider the nonlinear equation written in a compact form,

% () = f(x (), 8) + (t) (B.1)

while the output is given by,
y(k) = h(x(k), k) + v(k) (B.2)

where y(k) is the n,—dimensional observation vector at time k, and where v(k) is observation noise,

assumed to be white Gaussian with,

E{v(kw"(k)} = R(k)
E{v(k)} = 0

Moreover, we assume that the process noise, W(t), is independent of the observation noise, v(k), and

is also assumed, to be white Gaussian with,
E{w@)%"(1)} = Q@)s(t—7)
0

Consider the nonlinear equation being expanded by the Taylor series about a nominal or reference
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B.1. CONTINUOUS-DISCRETE EXTENDED KALMAN FILTER EQUATIONS
trajectory (in case of a formation of vehicles we consider the formation center, f.), xy, (t)

. . of(x(t),t 9
x(t) — x5, (t) = féx((t))) (x(t) — %y, () + h.ot + W(t)
x(t)=xy, (t)
where h.o.t are higher order terms then x (t) — xy, (¢) , assumed to be neglected, and which can always
be masked by the observation noise, W(t), which may be increased to account for this effect. Defining
6x (t) £ x (t) —xy, (t) as the deviation or small perturbation from the nominal trajectory, and assuming

that these deviations are small, given by the state estimate, we obtain, the first order linear approximation

of the original nonlinear system,
0% (t) = F(%k(t),t)ox (t) + w(t) (B.3)

where F(x(t),t) is the Jacobian of f(.), denoted by,

_ Of(x,1)

x=x(t)  Ox

F(x(1),0) £ [Vf(x,0)"]"

(B.4)

x=%(t)

We can now discretize the approximated linear equation (B.3), in [52], obtaining the following lin-
earized discrete system,

0x(k+1)=®(k+1,k)ox (k) + w(k)

evaluated for the nominal trajectory xy, (k) given by the state estimate at time &, and where:

®(k + 1,k) is the state transition matrix,
t
q;(k +1, k-) 2 eft:+1 F(r)dr

which can be be approximated by,

(F(x(t), t)T5)*

®(k) =~ 1+ F(x(t),)Ts + 91

where T is the sampling period used to propagate the estimate

w(k) (ng X ng)-dimensional, is a zero-mean white Gaussian sequence,

E{wk)w"(j)} = Qk);
E{w(k)} = 0
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Q(k) is obtained from the power spectrum of the continuous noise,

trh41

Qb2 Q(tr) = / (51, 7) Q)BT (51, 7)dr (B.5)

tr

In order to use the EKF the nonlinear measurement model must be linearized. Using the perturbation

definition 0x (k) £ x (k) — % (k), in the measurement model, it follows,

y(k) = h(x(k))+v(k) (B.6)
= h(x(k) + ox(k)) + V' (k)
h(x(k), k) +

Q

ox(k) + v (k)
ox x=%(k)

= §(k) + H(&(k), k)ox(k) + v (k)
The previous equations lead to the linearized measurement equation for the Kalman filter,
Oy (k) = H(x(k), k)ox(k) + v(k) (B.7)

where 0y (k) is the measurement perturbation from the nominal measurement, 0y (k) £ y (k) — ¥ (k)

and H(k) is the Jacobian of h(.), denoted by

H(x(k), k) 2 [Vh(x, k)T]"

evaluated about the nominal trajectory, given by the state estimate.

To summarize, the linearized version of the nonlinear system of (B.1) with output (B.2), is,

ox(k+1) = ®(k+1,k)ox(k)+w(k)
dy(k) = H(k)ox(k)+ v(k)

Now, we can apply the equations for the linear KF, provided that the Jacobian matrices exist, yet the
output of the filter will be the estimate of the state perturbation instead the state estimate. Replacing

x;, (k) = % (k) in the perturbation definition éx (k) = x (k) — xy, (k), follows,

ox (k) 2 x (k) — % (k) (B.9)
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so that,
P (k|lk) = E [x (k|k) X" (k|k)]

P (k|k) = E [6% (k|k) 6x" (k|k)]

Using (B.9) we have 6% (k|k) = % (k|k) — % (k|k — 1), meaning that with the state perturbation estimates

from the EKF we obtain an estimate of the full state

% (k|k) = % (k|k — 1) + 0% (k|k)

The linearization is performed every time there is a new measurement, and thus obtained a better
nominal trajectory, which will prevent the large initial state estimates to propagate through time. The
point is to use a better nominal trajectory as soon as one is available. However, the linearization is going
to depend also on how good approximation is the linearized dynamics, and in the stability properties
of the system. The full state estimate between measurements is propagated according to the nonlinear

function with initial condition %(0), with w(k) = 0 and error covariance matrix P(0),
0x(0) ~ N (0,P(0))

If we have a good initial state estimate, its initial error covariance matrix will be small, and if the
linearized dynamics represent a good approximation to the nonlinear system, the process noise covariance
matrix is small. Under these conditions the assumptions of state perturbations will remain small, or in
other words the state estimates obtained for each time will be the nominal trajectory.

To summarize: we started with the continuous nonlinear system,

System model: || % (t) = f(x(t),t) + W(
Measurement model: || y(k) = h(x(k), k) + v (k)

Initial conditions

E{w(t)W"(r)} = Q(1)s(t —7), E{w(t)} =0
E{v(k)wT(k)} =R(t), E{v(k)} =0
E{%(t)v"(k)} =0 for all k and ¢

Filtering

State estimate update: | X(k|k) = %(k|k — 1) + K(k) (y(k) — h(k,%(k|k — 1)))
Error covariance update: | P (k|k) = [1 — K(k)H(k)] P(k|k — 1) [1 — K(k)H(k)]" +
+K(k)R(k)KT (k)
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Kalman gain equation: | K(k) = P(k|k — 1)H” (k) [H(k)P (k|k — 1)HT (k) + R(k)] !

Prediction

State estimate propagation: %)‘( (t) = f(x(t),t)

Error covariance propagation: | P(k + 1|k) = ®(k)P(k|k)(®(k))T + Q(k)

Definitions

Jacobian of f (-) | F(x(t),t) [Vf(X, t)T}T

x=%(t)

Jacobian of h (-) | H(&(k),k) £ [Vh(x, k)T}T

x=%(k)

)~ 14 F(x(t), )T, + EEQOT)?

State Transition matrix

i
=

B.2 Algorithm for Relative Position and Translational Velocity

Estimation

For each s/c i = 1,2,.., N, circularly (i.e. 1 comes after N — 1) and with N = 3. For sake of simplicity,
we will denote x to denote the relative translational state vector Xiqns-
Filtering - Local Measurement Update and Estimation

For each time ¢ is computed the corresponding true anomaly, 6; according to (6.13).

B.2.1 Sensor observation

Calculation of the sensor observation y*(k)

1. Linearize the measurement equation for the i*" spacecraft using the entire formation state estimate

(k=1 = | (£)" ()" Ga)” G (Re)” (%)

and the k' measurement, y*(k) = h(&'(k|k — 1)) +vi(k) in order to compute the local observation

matrix (6.27), H'(k,%*(k|k — 1)) (denoted as H'(k) to simplify).

2. Compute local innovation covariance matrix

S'(k) = H'(k)P" (k[k — 1)(H'(k))" + R'(k)
where R' is the covariance matrix of the measurement noise.

3. Compute local Kalman Gain
K'(k) = P(k[k — 1)H'(k)(S" (k)"
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4. Update local state estimate perturbation

%' (k) = K'(k) (y' (k) — H'(k, %' (k|k — 1)))
5. Update local state estimate
% (k|k) = %' (k|k — 1) 4+ 6%" (k)

6. Compute the error covariance matrix

P (k|k) = (1 — K (k)H' (k) P* (k|k — 1)(1 — K'(k)H' (k)" + K" (k)R (k) (K' (k)"

B.2.2 Fusion of state vectors estimates

Fusion of state vectors estimates z‘(k) = £°~1(k|k — 1) + v~!(k) where the superscript i — 1 stands for

the predecessor vehicle.

1. Compute the error covariance matrix

(P*(k[k)) ™" = we(P(klk — 1)) 7" + (1 — we) (P*~ (k[k — 1))~
where the parameter w, is chosen at every step such that the trace of the matrix P?(k|k) is minimized.

2. Update local state estimate

%1 (k|k) = PP (k|k) {wc (Piklk — 1)) & (klk — 1) + (1 — we) (P (klk — 1)) zi(k)}
Prediction - Project Ahead

1. The relative dynamics (6.30) 6x’ (t) = F(X,t)dx + B(¢t)u(t) are approximated by a fourth-order

four-stage Runge-Kutta method, [53], as follows,
. . At
X1 =X+ ? (pl + 2Py + 2P3 + P4)

with,

Py = F(Reto)Xe + B(to)u(te)
At At At
Py, = F(te+ 7) (f(g + 2131) +B(ty + 7)u(tg)
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At At Al
P; = F(to+ ?) ()A(g + 21’2) +B(ty + ?)U(tg)
Py = F(t,+ At) (ke + AtP3) + B(ty + At)u(ty)

where At is the Runge-Kutta step size and ¢ € N°.
2. Pi(k+1|k) = ® (k) Pi(k|k)(® (k)T + Q(k)

where Q is the covariance matrix of the process noise, mainly due to unmodeled dynamics, ® (k) ~

1+F(X(t),t)Ts+ W is the transition matrix, and Ty is the sampling period used to propagate

the estimate.

B.2.3 Algorithm in pseudo-code form

For i =1,2,..., N — 1, circularly (i.e., 1 comes after N — 1).

Filtering

if Sensor observation y’(k) on
compute the local observation matrix (6.27), H'(k,%'(k|k — 1)) (equal to H*(k) to
simplify).

compute local innovation covariance matrix

S'(k) = H'(k)P*(k|k — 1)(H' (k)" + R’ (k)

compute local Kalman Gain
K (k) = P (k[k — 1)H (k)(S' (k)"
update local state estimate perturbation
5% (k) = K (k) (' (k) — HI (k, % (k|k — 1))
update local state estimate
% (k|k) = %' (k|k — 1) + 6% (k)
compute the error covariance matrix

P (k|k) = (1 = K (k)H' (k)P (klk — 1)(1 - K'(k)H' (k)" + K (k)R (k) (K' (k)"
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else if State estimate from previous spacecraft, z'(k) = '~ (k|k — 1) + v~ (k)

compute the error covariance matrix

(P (k[]) ™" = we(P(klk — 1) 7" + (1 — we) (P*~ (klk — 1))~

where the parameter w, is chosen at every step such that the trace of the matrix P?(k|k)
is minimized.

update local state estimate

-1

& (kl1e) = P (klk) {we (P (KIk = 1)) K (kk = 1)+ (1 = w,) (P (kK = 1) 2 (k) }

end

Prediction

%4 (k + 1|k) = F(k,%'(k|k)) approximated by a fourth-order four-stage Runge-Kutta method,
. . At
Xy+1 = X¢ + ? (Pl + 2Py + 2P3 + p4)

with,

P, = F(f(g,tg)f(g —+ B(tz)ll(tz)
At At At
P, = F(ts+ ?) <5§g + 2P1) +B(ty + 7)u(tg)
At At At
Pr = Feu+ 30 (50 500a) + B+ Suen
P, = F(ty+ At) (%, + AtP3) + B(t, + At)u(ty)

where F and B matrices are computed according to (6.28).
Pi(k + 1lk) = ® (k) Pi(k|k)(® (k)T + Q(k) where the transition matrix is approximated by
% ) 2
®(k) ~ 1+ F(R(t), )T, + EEOOT)

B.3 Algorithm for Attitude and Angular Velocity Estimation

For each s/c i = 1,2,..., N — 1, circularly (i.e., 1 comes after N — 1) and with N = 3. For sake of

simplicity, we will denote x to denote the absolute rotational state vector estimates

T
i i i

[ i i i i
Xrot*[(h 42 43 Q4 W; W, W,
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Filtering - Local Measurement Update and Estimation

B.3.1 Sensor observation

Calculation of Sensor observation y*(k) = ¢ (k)

1. Compute local innovation covariance matrix

S'(k) = H'P!(k|k — 1)(H)T + Ri(k)
where R (k) is the covariance matrix of the measurement noise and H' according to Eqgs. (6.32)-(6.34).

2. Compute local Kalman Gain

K (k) = P (k|k — 1H(S (k)"

3. Update local state estimate perturbation

0%l (k 4
) ke
0%, (k)
with,
X 0’ (k) ; - =T ;
6q = . = qsr(k) @ ¢ (k[k — 1) = B (4 (k[k — 1)) gs7(k)
4. Update local state estimate
(k[k) ) ' (k|k — 1)

~i (j klk . ® ql -
%' (k|k) = = 1—||o%i (k)|

& (k|k — 1) + 6%, (k)
5. Compute the error covariance matrix

P (klk) = (1 — K" (k)H")P" (k[k — 1)(1 — K'(k)H')" + K" (k)R’ (k) (K' (k)"
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B.3.2 Fusion of state vectors estimates

Fusion of state vectors estimates z‘(k) = £°~1(k|k — 1) + v*~!(k) where the superscript i — 1 stands for

the predecessor vehicle.

1. Compute local innovation covariance matrix

Si(k) = H'P!(k|k — 1)(H)T + P Y (k|k — 1)
where H* according to Egs. (6.42).

2. Compute local Kalman Gain
K'(k) = P'(k|k — 1)H'(S'(k)) ™

3. Update local state estimate perturbation

0%t (k . 04
X?( ) _xig) | %
0%, (k) 0w
with,
- i i =1 =T (i i
8¢ = ¢ (klk-1)® (¢ (klk—1))  =&" (¢ (klk - 1)) ¢ " (klk — 1)
o = O"Nk[k—1) - &' (k|k—1)
4. Update local state estimate
. 7 (k|k 2 (¢ (klk — 1)) 6% (k
- | 70w | _ [ =@ @) sk
@* (k|k) @ (klk — 1)+ 0%, (k)

5. Compute the error covariance matrix
Pi(klk) = (1 - K'(k)H)P (k/k — 1)(1 — K'(k)H)T + K (k)P (k|k — 1)(K (k)"

Prediction - Project Ahead

1. %)‘(i(t) = f(X(t),t) approximated by a fourth-order four-stage Runge-Kutta method, according
to Wertz [53],
. . At
Wpp1 =wy + ? (I’l + 2Ps + 2P3 + p4) (BIO)
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with,

b1 = f(@ete)

b, = f(we"*‘%phtrf'%)
P; = fl@&/+ %Dg,u + %)
Py = f(@r+ At + At)

where f(@ (k|k), k) is computed according to (6.37), and the quaternion,

ik + 1K) = {cos (”’;TS> Liwat— sin (”’“TS) A(w)} i (k)

O 2

—W

—lwx] w
where Wy = /w2 + w2 +w? and A (w) =
T 0
. Pi(k+1|k) = ® (k) P'(k)(® (k)T + Q(k), the propagation of the state error covariance matrix,
where Q is the covariance matrix of the process noise (mainly due to unmodeled dynamics),
® (k) ~ 1+ FE(t),t)Ts + W is the transition matrix, where F(X%(t),t) is computed

from Eq. (6.40) and T is the sampling period used to propagate the estimate.

B.3.3 Algorithm in pseudo-code form

For i =1,2,..., N — 1, circularly (i.e., 1 comes after N — 1).

Filtering

if Sensor observation y’(k) = ¢4, (k)
compute the local observation matrix according to
Egs. (6.32)-(6.34), H

compute local innovation covariance matrix

Si(k) = H'P (k|k — 1)(H)T + R (k)

compute local Kalman Gain

K' (k) = P(k|k — 1)H'(S'(k)) ™"
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update local state estimate perturbation

, (55{3(16) A
0x' (k) = ‘ =K"(k)dq
0%, (k)
with,
. 04 i G =T (4 i
g = ) = qsr(k) @ ¢ (k[k —1) = &% (¢ (k|k — 1)) gs7 (k)
update local state estimate

N G (k|k) ® " (klk —1)
X'(k|k) = |: H ]

& (k|k) A
&' (k|k — 1) +5x (k)

compute the error covariance matrix
P'(klk) = (1 — K'(k)H")P"(k[k — 1)(1 — K'(k)H")" + K' (k)R (k) (K’ (k)"

else if State estimate from previous s/c, z'(k) = x'(k|k — 1) + v~ (k)
compute the local observation matrix according to Eqs. (6.42), H

compute local innovation covariance matrix

S'(k) = H'P'(k|k — 1)(H)T + R’ (k)

compute local Kalman Gain
K'(k) = P'(k[k — 1)H'(S'(k)) "

update local state estimate perturbation

i) = | 50| iy |
5% (k) 56
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with,

6 = ¢ N (klk—1)® (¢ (kk—1))" =ET (¢ (klk — 1)) ¢ (k|k — 1)

o = O"Nklk—1) - &' (k|k—1)

update local state estimate

ey = | 10| _ [ =@ k- 0)
& (k|k) &' (klk — 1) + 6%%, (k)

compute the error covariance matrix
P (k|k) = (1 — K'(k)H" )P (k|k — 1)(1 - K'(k)H')" + K (k)R’ (k)(K' (k)"
end

Prediction

4 %i(t) = f(X'(t),t) approximated by a fourth-order four-stage Runge-Kutta method, according to
Wertz [53],

~ N At
wep =we+ o (P1+2P3 +2P3 + Py)

approximated by a fourth-order four-stage Runge-Kutta method, and the quaternion,

Wi Ts 1 . [T
G(k+1|k) = [cos (w;;) 1454+— sin (w;;

Wk

)aw)|at

o 5 5 5 | —lwx] w
where @y, = /w2 +w? +w? and A (w) =
-t 0

Pi(k + 1|k) = @ (k) Pi(k|k)(® (k)T + Q(k).
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Appendix C

RELATIVE DYNAMICS

In this appendix the translational relative equations of motion among s/c in a formation are obtained.
First, in Section C.1 the parametrization of an elliptic orbit is performed, then the relative motion
of two s/c is described in Section C.3, using the two-body problem, presented in Section C.2. These
second-order differential equations provide an incomplete description of the s/c Earth motion, since the
acceleration caused by Earth’s gravitational harmonics acting on the s/c is not taking into account. This
is accomplished through the angular momentum equation between the s/c and the angular momentum
of the rotational reference frame, presented in subsection C.3.2. Assuming that the reference frame has a
quasi circular orbit and that the distance between s/c is small compared to the distance of the formation
orbit reference frame in inertial frame, then the equations are reduced to the approximate linearized
equations of Clohessy-Wiltshire or Hill’s equations. Because the true anomaly provides a natural basis
for parameterizing of the formation time and motion, the Hill’s equations are further deducted for true
anomaly varying instead time, described in subsection C.3.3. The definitions presented in this appendix

follow closely [79]. The reference frames used are defined in detail in subsection 6.3.1.

C.1 Elliptic Orbit Parameterization

This section follows closely [86].
An eccentric orbit can be represented by the standard orbital parameters, shown in Figs. (C-1)-(C-2),

which are:

e semi-major axis, asmn,: half of the longer of the two axes of the orbital ellipse;

e eccentricity, e..: half of the distance between the foci of an ellipse divided by the semi-major

axis. An eccentricity of 0 would be a circle orbit;
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Line of nodes

b

Vernal
Equinox

Ascending
Mode

Plane of the Celestial
Equator

Qrbital plane

Figure C-1: Geometry representation of the elliptical orbit parameters inclination, 4., right ascension
of the ascending node, Rgqn, and argument of perigee, . Reprinted from [86].

e inclination, i.;: the angle between the plane of the orbit and the plane of the celestial equator for

Earth orbiting spacecraft;

e right ascension of the ascending node, R,,,, (acronym RAAN): it is the angle of the ascending

node measured EAST of the vernal equinox along the celestial equator;

e argument of perigee, w: the angle between the ascending node and perigee, measured counter

clockwise along the plane of the orbit;

e true anomaly, 6;: the actual angle that a spacecraft has moved since last passing perigee.
More useful terms in the aerospace engineering:

e Perigee is the point in an orbit when the spacecraft is closest to the Earth, as shown in Fig. (C-2);
e Ecliptic is the plane of the Earth’s orbit around the sun;

e Vernal Equinox (vernal is derived from Latin ver = spring) is the point where the ecliptic crosses

the celestial equator with the sun passing from south to north;

e Celestial Sphere, a imaginary sphere surrounding the Earth, as shown in Fig. C-3, at some
arbitrary great distance, upon which the stars are considered to be fixed for the purpose of position
measurement. The celestial sphere is divided by projecting the celestial equator into space. This

divides the sphere into the north celestial hemisphere and the south celestial hemisphere;
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asmx

Figure C-2: Geometry representation of the elliptical orbit parameters, 6;, true anomaly, and semi-major

axis, dsmg, semi-minor axis, bsm., in the orbital plane. Reprinted from [86].

Ecliptic
Hosth Celestial
Pole Hotth

Ecliptic
(projection of
Earth’s orhit)

" Celestial Equator
(projection of
Earth’s equator)

Figure C-3: The ecliptic or plane of the Earth’s orbit and the celestial equator cross at two points, the
vernal equinox and the autumnal equinox. The celestial equator is tilted 23.5 degrees in relation to the

ecliptic. Reprinted from [87].
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Perpendicular
o orbit —— e

CELESTIAL EQUATDR

Orbit direction
-+ ———-

SOUTH
CELESTIAL
POLE

Figure C-4: The celestial equator represented on Earth. The celestial sphere is divided in the celestial
equator. Reprinted from [88].

o Celestial Equator is the plane of the Earth’s equator, as shown in Fig. C-4 projected onto the
celestial sphere. The celestial equator is tilted 23.5 degrees in relation to the plane of the Earth’s
orbit known as the ecliptic (which is 360° or a full circle in one year, the annual motion of the Sun).
The ecliptic and the celestial equator cross at two points, the vernal equinox and the autumnal

equinox.

C.2 Two-Body Problem

The two-body problem considers two point masses in orbit about each other under the influence of their
mutual gravitation. The general equation of motion of the two-body problem in Cartesian coordinates
is
. IP K IP
XfCQ:__ : 3Xch (C.1)
IPQ
i<

where X is the location of s/c f., at formation center w.r.t. IPQ, i.e., the vector from the center of
mass of the Earth to the s/c f. and p, is the gravitational parameter, p, = Gri(MEpartn + mgc), as
shown in Fig. (C-5).

Let us consider a formation with N s/c, as shown in Fig. (C-6) the formation center is the reference
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\ k\. e 4

sfcfe

=

Xy,

<1 MRS

£
I

)

Figure C-5: Position of the s/c f. placed in reference frame, w.r.t. Earth ant its IPQ frame.

reference

perigee

Figure C-6: relative motion of a s/c j w.r.t. the formation center which describes a reference orbit.

orbit frame and can be either a local point or fixed to a s/c. The s/c f. is located in the reference orbit
which is described by its orbital elements as defined in Section C.1. As for s/c f., in formation center,
the s/c j from the formation has the following equation of motion,

IP 1% P P
X7 = e g (C.2)

P
™

where ¢; are the sum of the perturbations w; and the control inputs u; acting on the j* s/c, contrary

to the formation center which by definition is assumed not perturbed.

239



C.3. RELATIVE MOTION

C.3 Relative Motion

C.3.1 Geometric equation

From Figure (C-6) the s/c f., have a absolute translation vector, x;

IPQ, and the j** s/c in a formation of N s

PQ Written in Earth Inertial frame,

/c have relative translation vector, X f 9 which relates to the

s/c j with the s/c f., written in IPQ frame. The equation is given by,

IPQ _ _IPQ IPQ
Xj T Xl T Xp
which can also be written as,
.IPQ _ +IPQ +IPQ
Xi.g =Xj X

From the previous equation and Egs. (C.2) and (C.1), we have,

.IPQ ey IPQ IPQ Mt IPQ
Xfcs] _H PQH3XJ J H IPQHSXfc
X
+ IPQ My _ H PQH Q| LIPQ
N 7 N ”QH |
Xf.
P o P ipP IpP
XfmJQ s Xf. © H QH j @ (C.3)
IPQ IPQ
i H H
Linearized model
Since X f ] = X 7. PQ 4 XIPQ and dropping the IPQ frame for sake of simplicity, we have,
Xj  _ Xpe T Xy
3 = 3
;] 5. + x5l
. + Y, o
X - = Xf. T Xfo,j . (C.4)
[l 249 %) ?
Ixs M+ 2x5. xgs + g

which may be written as follows,

X5 . X .+Xfc,j
3 - 3
||XjH HX 3 ( |xsell®+2xs. Xch+|Xch|2 :

fe |x |

Xf. T Xfo

s

1+ 2Xf, Xred 4 HXchH
lIxs. 11" EA

;
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2\ ~2
. . 2%, - . .
X = Xfe +X£c,a <1+ X XJ;C,] n .. ||2 ) (C.5)
bol™ llxy s | x|
Using binomial series (1 + )" =1+ nz + n(gfl)xQ + ... the term ()7% from the previous equation
becomes,
2 x ol 8 (x| Il
<1+ fe gcd + fesd 5 > =1 5 < fe .éc»] + fesd 5 > + .. (CG)
s | s | x| s |

Thus, Eq. (C.5) becomes,

Xj  _ Xfe T Xfe [1 3 <2Xfc 'Xfmj> +0O ((Xf _)2>]
3 3 2 csJ
]| 1. 2\ xed

Assuming that x, ; << X , and neglecting terms of order greater than 1, the equation becomes,

Xj Xfet Xy [1 3 <2Xfc 'Xfc,j>]
ol el 2\ el

Replacing in Eq. (C.3) it follows that,

. 7 3 Xf. T Xy,
S, ~ (xfc g P X X
s erl

)"‘Lj

13 <2Xfc 'Xfc,j>
2
2 . |

. 3 (2%, - _
Xp5 ~ ' (Xfc =t xg) |1-5 (W) ) te
. I
3 . . 3 . .
1.5 ~ o (‘Xfc,j R Mty o R A Xfw‘) ti
. I .
Notice that since the term 31?1‘@”‘ Xy, ; is of order greater than one, and thus neglected in previous
fe
equation,
. 3Xf. X
Xp.j =~ (Xfc,j - ]Xfc> e (C.7)
;.| 1. |
Knowing that
— — —
Xs.j=%ikatyiky+zk. (C.8)
—
Xs = Ry ke (C.9)
Using Egs. (C.8) and (C.9) in Eq. (C.7), then,
jzfc,j:_ 3 asjkm—i—yjky—i—zjkz— 5 Xfc “!‘L]‘
;.| ;.|
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. [ - - —  3Rpa K, —
Xpj = —7 3 (xjk1+yjky+zjk2_szRfck:v>+Lj
foc ||Xfc
. [}, — — — —
Xfc»j 7th 3(xjkz+yjky+2jsz3l'jkz>+Lj
fC
s oy - — —
Xfej = HX 3 (Q‘IJ kL —Yj ky —Zj kz) + Ly (CIO)
fe

Using fundamental orbit mechanics describing planetary motion, as cited by [79], the radius and

angular velocity of the formation center can be written as,

Asma (1 — efc)

foc 1 + €cc cOs O
. 2
where agpm, corresponds to the semi-major axis, e.. to the orbit eccentricity, 8; = % and
—ez.)?
ng = aé,‘ t— is the natural frequency,u, stands for the product between the universal gravitation constant
Gye and the Earth’s mass, mparn, ft; = Gre-Mparty = 3.9860044.10° {M} Thus,
Ly My (1+€cc0089t)3
3 = 3
1.5 af (1~ ez)
1+ eeecosf;\*
= n <+ “ t) (C.11)
1—e2,
and Eq. (C.10) becomes,
. 1+ eq..cosb 3 — — —
X9 =n? (1_62\25) (+2xj K, —yiky,— 2z kz) +ui7e (C.12)
cc

Instead of having the relative translation vector, x;fQ

; written in IPQ frame, would be preferable

to have it written in the formation center or formation orbit reference frame, which is a rotating frame.
Therefore, we will use the Hamiltonian equations of motion in order to obtain an expression that relates
Q

the relative translation vector, x}f-

j written in formation center.

C.3.2 Clohessy-Wiltshire (Hill’s) equations, time dependent

The equation that relates the relative acceleration between j* s/c and s/c i (at formation center) written
in IPQ, Xfci@, and the acceleration written in formation center frame, X{CZ i which has translational
motion and rotational motion is given the general motion of a rigid body rotating about a reference
frame with translational motion (Newton’s law) and rotational motion (Euler’s law), as shown in Fig.

C-6, and as follows,
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Xfy = Xp,; +20179 xx ; + 0179 x (@IPQ x X}:,J‘) + (GIPQ x Xfc,j) (C.13)

where,

©P@ is the angular velocity of moving frame (formation center),

©'PQ is the acceleration of moving frame (formation center),

201PQ x}cz ; is the Coriolis acceleration due to the motion of the s/c in the moving frame (formation
center),

O1rQ x (@IPQ X X;ﬁ;) is the centrifugal acceleration due to the angle between erre,

X}ﬁz’j, and the term ((:)IPQ X xﬁj) is the acceleration of the s/c due to erre changing.

Using (C.8), and knowing that

61 — 9,

then the terms in Eq. (C.13) are,

0 -6, 0 T

O xxf, = |6 0 0 y

0 0 0 2

0 *ét 0 €T

OFexxf, = 14, 0 0|y

0 0 0 2
—9? 0 0 T
erre x (GIPQ X xﬁcj) = 0 —9? 0 Y
0 0 0 2

with 0; corresponding to the true anomaly of an elliptic orbit. Then Eq. (C.13) becomes,

fc . fc
i 0 -6, 0| a
d . , .
i = x%-210, 0 o]y (C.14)
sl o0 of|z|
fesd fesd
2 fC f(,
_Ht 0 0 x 0 —9t 0 X
~lo =& o]y —14 0o o]y
o o o=z o o of]|=z]|
fesd fesrd
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Using the result from Eq. (C.12), the previous equation becomes,

T 5 2z Ly 0 -6, 0 T
d ) o1+ ecccosty . )
T = {72 2 —y |+ | —2]6 O 0 y |+
z —z Ly 0 O 0 z
.9 .
-6, 0 0 x 0 -6, 0 x
.9 .
-1 0 -6, 0 y | — | 6 0 0 Y (C.15)
0 0 0 z 0 0 0 z
1 0 3 92
Knowing that n? ( +i°je‘:§s f) = T 5esw and rearranging the terms taking into account the
position and velocity, the previous equation may be written as,
SR 17 1F
T 0 0 0 1 0 O x
Y 0 0 0 0 1 0 y IPQ
Lo
d | z 0 0 0 0 0 1 z N
rn . = .2 52 .- . Ly
d € et + 1+ei0<t:os 0 et 0 0 29t 0 J)
. . .9 92 . . Ly
Yy 70t 9t — m O 720{ 0 0 Yy J
: -2 .
Ea . i 0 0 TTe st 0 0 O RS .
(C.16)

also know as the Clohessy-Wiltshire or Hill’s equations. These set of equations describe the problem in a
first order approximation of relative motion with respect to the moving reference frame. The equations
are derived assuming a quasi circular reference orbit, and that s/c relative position errors within the
formation are small compared to the orbit radius and with Earth being spherical. These assumptions
introduce modeling errors. So for a model to be valid in all type of relative motion orbits, it must include

all the nonlinearities.

C.3.3 Clohessy-Wiltshire (Hill’s) equations, true anomaly dependent
Time evolution of the true anomaly

From Kepler’s law, the true anomaly 6; of the elliptic orbit grows with time, i.e., the reference orbit
increases monotonically with time ¢. This provides a natural basis for parameterizing the formation time
and motion [10]. For elliptic orbits, the equation relating the time ¢ — ¢,, directly with the true anomaly

is [51, p.22]:

1+ece 2 1+e.. cos 8,

1 1—e, 0 1—e2 sinf
PR [Qt( %) - V]
n
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where ¢, is the passage time at the Perigee. By deriving this equation, we obtain:

dt N \/1—630 1 ecc(ecc-l—cosﬁt)

a9, my (14-ecc) cos? % + (1—ece) sin® % (14-€cc cos ;)2

Using the true anomaly as free variable instead time, and using the relationships,

0 = (b (C.17)
() :

() 8 +0,0,() (C.18)

. 2 .9 2 4
as well as the fact that 6, = "‘(1(+6“2C‘))s§9‘) L0, = "t(l(';e“ecfize‘) , then we have,
1—€CC 2 “Cce

..
r = zb

’

r = x 9?—1—9,59th

The differential equations of motion will be expressed with respect to the true anomaly 6; which

become,

’ . ’

9,513 = Otx
éty, = éty/
9t2/ = 9t2/
0x 4 00,0 0} |1+ Oy + 4200y +
T r = —_— |z Ly
t et t 1+ ec.. cos O, t t¥
.2 Wy . .92 .2
th +0t9ty = —th—i—@t ]_ — m y—?@tx +Ly
.2 — 705

0,2 +6,0,; = + L

1+ e..cosb; §

which solving,

r = x
y =Y
;= 7
" 3+ eq.cosb 0 -0, . / 1
¢ = | x—i—.—;y—l—.—tm +2y + St
1+ e..cosb, 0; 0, ;
" ét |: €cc COS 9t ] ’ _ét ’ 1
y = ——r+|———|y—2x + —y + ¢
93 1 4 e cos O¢ 4 0, Y f Y
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" 1 n —Qt ’ i 1
2 =2+ =2 + 5t
1+ e..cos by 0, 03
W . 5 3
. 0, _ —2e..sinf; 0; _ —2e,.sinfy 1 __ (l—ecc) _ o
and simece, E T 1+ecccosBy? f ~ Tfecccosly’ f - n%(1+ecc cos at)4 and Ly = W] llj then,
. 1" [ 1F qf
y 0 0 0 0 1 0 y
A | 0 0 0 0 0 1 z
dat ! o 3+ecc cos by —2e..8in 6 2e.csinf ,
v 1+€ZZ cos 04 1+€5:- cos 0 0 1+(§ZU cos 0; 2 0 T
, st ©ce C0S 0y _ 2eccsind, ’
Y 14-ecc cos Oy 1+ecc cos Oy 0 2 T+eo, cos 0; 0 Y
I _—L _2eccsinfy !
- ? A ferd - 0 0 1+ecc cos 6 0 0 1+ecc cos By 4 L o 4 feg
0 0 O
0 0 0 PQ
w Uu
3 x T
(1-e2) 00 0
+ w, T u
2 1 0 4 y y
n? (1 + ecc cos by) 10 0
w, Uy )
01 0 J
0 0 1

The parametrization of the relative equations of motion in true anomaly show that when the orbital
perturbations or disturbing forces are assumed zero, from Eq. (C.2) w; = 0, there is no dependence of the
s/c attitude or angular velocity explicitly. Therefore the equation of motion for rotation are decoupled
from the translational relative equations of motion and consequently can be treated separately. However,
if gravity gradient stabilization or drag for s/c at lower altitudes are considered, the attitude plays an
important role and therefore the translational relative motion cannot be decoupled from the rotational
equations of motion which are associated with the rotational state variables, quaternion and angular

velocity of each s/c within the formation.

Relative equations of motion in LVLH frame

The frame used in this work for the reference orbit where the formation center is placed is called Local
Vertical Local Horizon (LVLH) frame, defined in subsection (6.3.1). The LVLH has its origin located
in the formation center so that the versor E)y is normal to the orbital plane, opposite the angular
momentum vector of the reference orbit, €. points in the nadir direction, that is, towards the Earth
mass center and the versor €, form an orthogonal triad, as shown in Fig. (C-7).

The deduction for the relative dynamic equations of motion follow [70] and [10] also use the frame
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- =
. . — bd d .
Figure C-7: Relation between LVLH frame versors €., €, € ., and Tillerson’s frame versors k ,, k,,
—

K..

used by these authors, named here as Tillerson’s frame. From Fig. (C-7) we can deduct the relation

between versors from Tillerson’s frame and LVLH frame,

which leads to the following transformation matrix

0 0 -1
AViE™ =11 0 0
0 -1 0
Therefore, the representation x“VZ# in the LVLH frame of the position vector x can be transformed
Tillerson

into its representation x in Tillerson’s frame according to,

Tillerson __ ATillerson LVLH
— “MLVLH

X X

Therefore, the LVLH frame used in this work is related to the frame used by Tillerson throughout

the following transformation,

xTillerson 00 -1 :L,LVLH
yTillerson — 1 0 0 yLVLH (Clg)
ZTz'llerson 0 =1 0 ZLVLH
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then the first term of the previous equation of motion is transformed as follows,

00 —-100 0 gLvLH
10 0 00 O yLVLH
0 -1 0 00 0 d | LveH
00 0 00 —1|d0| foven |—
00 0 10 0 y'LVLH
00 0 0 —10 ZLVLH
[0 0 0 1 0 0o |
0 0 0 0 1 0
B 0 0 0 0 0 1
Tt Themess 0 Tead 2 0
et metry 0 -2 Feawm 0
0 0 e costy 0 0 Tt |
(000 -1 00 o |[atver ]
10 0 00 0 yLVLH
0 -1 0 00 0 LLVLH
00 0 00 —1]]atviH
00 0 10 0 y'LVLH
00 0 0 -1 0 ZLVLH
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which results in,

_,LVLH
LLVLH
d _yLVLH
_JLVLH
L/ LVLH

/ILVLH
-y

Rearranging the terms, it follows,

JjLVLH

LVLH
)

d ZLVLH
x/LVLH
/ILVLH
Y
Z/LVLH

0 0 0 1
0 0 0 0
0 0 0 0
3+ecccos by —2e..sin Oy 0 2e..8in Oy
1+ecc cos Oy 1+ec.. cos by 14+ec. cos 04
2e.c sin 04 ecc cos O 0 —9
14+ecc cos Oy 1+ec. cos by
—1
0 0 1+ec. cos Oy 0
_ZLVLH
I,LVLH
LVLH
-y
_Z/LVLH
x/LVLH
/LVLH
-y
0 0 0 1
0 0 0 0
0 0 0 0
_€cccosfy 0 —2eccsin O 2ecc sin 6y
14+ec. cos 04 1+ecc cos Oy 14+ec. cos 04
-1
0 1+ecc cos b 0 0
2ecc sin 04 0 3+ecc cos b —9
1+ec. cos By 1+eq.cosb
gLVLH 00 0
yLVLH 0O 0 O
3
ZLVLIH (1—e2) 000
+ cc
2 4
g/ LVLH ny (1+ecccos)” | 1 0 0
y/LVLH 01 0
Z/LVLH 0 0 1
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0
1
0

2

2ecc sin O

14+ecc cos Oy

0

S = O

0

2e..sin 04
14+ecc cos By

0

Wy

We

2e..sin 04
1+ec. cosBy

0
0
1
0

0

2e..sin 04
1+eq.cosfBy

(C.20)
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or,
- S LVLH - 4 -  4LVLH - -
x 0 0 0 1 0 0 T 0 0 O
y O 0 0 0 1 0 y 00 0 1PQ
Ly
d z 0 0 0 0 0 1 z 0 0 O
TR = +£(6y) Ly
t| 2 far 0 —faz faz 0 2 x’ 1 00
Lz .
y' 0 fs2 0 0 faz O y 010 J
’ _ ’
L% Jovem,; L fas 0 fes 2 0 fu | [ 7] LVLH,j |00 1]
(C.21)
5 €cc sin B4 — €cc COS 04 — — Zc 3 3
with fag = pfeeCl fig = Pl fio = o tong o3 = Tressto2lt €(6,) = % which

are the relative position linearized motion equations. For w; = 0, the previous equation corresponds to

a linear #;-varying equation in a compact format,

0Xtrans(01) = F(Xirans(04), 04)0Xtrans (01) + B(0:)u(0;) (C.22)
with,
o0 0 1T 0 0 00 0
0 0 0 0 1 0 0 00
o 0 0 o0 o0 1 1_e2 )3 00 0
F(0:) = BO)= ( ; _
f41 0 _f43 f43 0 2 (+€CCCOS t) ny 10 0
0 f52 0 0 f43 0 01 0
[ fis 0 fes =2 0 fus | 00 1
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