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PICO SATELLITE ATTITUDE AND ATTITUDE RATE ESTIMATION
USING KALMAN FILTERING

SUMMARY

One of the most commonly encountered critical problems in spacecraft navigation
is the computational burden during attitude determination. Another problem can be
defined as a faulty or malfunctioning onboard sensor during the space mission. When
it comes to small satellites that are not designed to carry high-performance computers
to the space, difficulties in efficient data processing and computation may arise which
could be resolved via ground stations. The information processed on Earth are then
transmitted to the spacecraft to achieve satisfactory control over the vehicle. However,
in the case of a malfunctioning receiver, it is highly crucial to compensate it for the
sake of the mission.

In this work, static attitude determination methods were investigated to alleviate the
computation burden. For this purpose, two approaches which use the data obtained
from magnetometer and sun sensor were presented to estimate the attitude angles
and angular velocities. Additionally, covariance analyses were conducted for the
corresponding methods. Since, these vector-based methods have low accuracy while
ensuring fast computation, they were implemented into one of the most common
attitude determination methods, Extended Kalman Filter (EKF). The attitude angle,
angular velocity estimations and their covariances were obtained by TRIAD and ARES
approaches, and the outputs were employed in the EKF as measurement model. By
doing so, the applied non-traditional approach of EKF was linearized in terms of the
measurement models. The results of EKF and non-traditional EKF were compared and
presented. The traditional EKF approach was succeed more accurate results than the
non-traditional EKF.

Furthermore, a Robust Extended Kalman Filter (REKF) technique was introduced in
case of a existing faulty sensor within the system. This method includes the detection
and isolation of the failures in sensors. In this way, it is possible determine which
sensors are malfunctioning. Regarding the working principle of the algorithm, in a
presence of a fault in the measurement sensors, the EKF behaves as REKF, otherwise
it proceeds normally. As a result, the attitude angles and the angular velocities used to
achieve attitude determination were simulated autonomously with presence of a fault
and satisfying results are obtained. Simulation results showed that if a perpetual fault
was defined to the system, it led to accumulation and the algorithm was not found
to be robust enough to eliminate it. However, if the fault was given within a certain
time interval, then the REKF scheme was found to be working successfully with an
acceptable accuracy. As future work, the aim is to extend this study by diagnosing the
fault and achieving its recovery.
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KALMAN FILTRESI KULLANILARAK PICO UYDU YONELIM
VE YONELIM ORANI BELIRLEME

OZET

Gecmiste yasanilan kazalar uzay gorevlerini tek bir uzay araci tizerinden tasarlamanin
risklerini gozler oniine sermistir. Neyse ki gelisen kontrol yontemleri tek bir biiyiik
uydu yerine belli bir sayida kiiciik uydu kiimesinin uzay gorevlerinde kullanilmasina
olanak saglamistir. Ozellikle diisiik irtifali yoriinge gorevlerinde, ¢ogunlukla takim
veya siirli olarak adlandirilan, birden fazla kiiciik uydunun bir uzay gorevini
gerceklestirmesi senaryosu ile gorev tasarimlart gerceklestirilmis ve bu gorevler
basariyla sonu¢lanmiglardir. Bu tarz gorevlerde cokca tercih edilen piko-uydular,
kiiciik uydular sinifinin bir alt tiyesidir. Faydali yiik olarak cesitli bilimsel deney
diizenekleri veya miithendislik gerecleri tasiyan bu uydular, maksimum 1 kg agirliginda
tiretilmektedir. Uydunun gorece kii¢iik olan boyutlar1 goz 6niinde bulunduruldugunda,
uzay gorevi i¢in hayati oneme sahip alt sistemlerden biri olan yonelim belirleme ve
kontrol sistemi kisitli hacme uyum saglamak {izere gelistirilmistir. Bu dogrultuda,
yonelim belirleme donanim araci olarak cogunlukla, hafiflik, giivenilirlik, diisiik
gii¢ tiikketimi ihtiyaci 6zelliklerine sahip olan manyetometre ve giines sensorii tercih
edilmektedir.

Piko-uydularin seyriiseferi sirasinda karsilasilan en biiyiik problemlerden birisi,
yonelim belirleme esnasinda yiiriitilen hesaplama isleminin gereginden uzun
sirmesidir. ~ Bir diger problem ise sefer sirasinda hatali calisan bir sensoriin
ortaya cikmasi ya da cesitli sebeplerle bozulmasidir. Piko-uydular boyutlar1 ve
gii¢ biitceleri gbz Oniine alindiginda yiiksek performansa sahip bilgisayarlar tagimak
yerine, faydali yiikii daha uygun bir sekilde kullanmak amaciyla, genellikle yer
istasyonlarinda yapilan veri islemeleri, hesaplamalar ve bu hesaplamalarin uzay
araclarina gonderilmeleri ile kontrol edilirler. Ancak e8er uyduya gonderilen radyo
sinyalini alacak sensorde bir ariza mevcut ise bunu telafi etmek gorevin basarisi icin
hayati 6nem tagimaktadir.

Bu calismada, durum vektorii Euler agilart ve bu acilarin agisal hizlar1 olmak iizere 6
serbestlik derecesi ile olusturulmustur. Ek olarak, yonelim kestirimi i¢in uygulanacak
yontemlerde kullanilacak 6l¢iim sensorleri, manyetometre ve giines sensorii olarak
secilmistir. Piko-uydularin yonelim kestiriminde en ¢ok tercih edilen yontemlerden
biri olan genisletilmis Kalman filtresi, uydu yiiksek hizda donerken verimli sonug
vermemektedir. Bu yiizden, agir hesaplama yiikiinden kurtulmak ve uydu yiiksek hizda
donerken dahi yonelim kestirimini gerceklestirebilmek icin ilk olarak statik yonelim
belirleme yontemleri incelenmistir.  Bu dogrultuda, yonelim agilarinin ve agisal
hizlarinin kestirimi i¢in iki farkli yaklasim izlenmistir. Vektor esashi yontemlerden
ilki, yonelim acilarinin kestirimi i¢in kullanilan iki vektor algoritmasidir (TRIAD).
Iki vektor algoritmasi, yalnizca cebirsel islem uygulanarak gerceklestirilir. Ikinci
yontem ise, agisal hizlarin kestirimi i¢in kullanilan en kiiciik kareler yontemi (ARES)
yaklagimiyla olusturulmus iteratif bir yontemdir. Gerceklestirilen simiilasyonlarda, bu
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yontemin dogruluk oOl¢iitiiniin, 6l¢ciim modeli olarak kullanilan sensorlerin dogruluk
seviyeleri ile dogrudan iligkili oldugu goriilmiigtiir. Yonelim kestirimine ek olarak,
belirtilen yontemlerin kovaryans analizleri de gergeklestirilmistir.

Vektor esashi yontemler yiiksek hizli hesaplama saglamalarina ragmen diisiik dogruluk
seviyesine sahiptirler. Bu nedenle, vektor esasli yontemler en yaygin kullanilan
yonelim belirleme yontemlerinden biri olan genisletilmis Kalman filtresine entegre
edilmigtir.  Ortaya ¢ikan bu yeni yontem ile yOnelim acilari, acisal hizlart ve
bunlarin kovaryanslar iki vektor algoritmasi ve en kiigiik kareler yontemi yaklagimlari
kullanilarak elde edilmistir. Elde edilen ¢iktilar Kalman filtresine 6l¢iim modeli olarak
beslenmistir. Mevcut durumda 6l¢iim modeli lineer hale getirilmis olup, bu yontem
geleneksel olmayan genisletilmis Kalman filtresi olarak ifade edilmistir. Olgiim
modelleri ¢esitli varyasyonlarla olusturularak farkli yonelim kestirim yontemleri elde
edilmistir. Bu yontemlerin herbiri simiile edilmis ve c¢iktilar1 hatalarin ortalamasinin
karekokii lizerinden karsilastirilmistir.  Bu sonuglara gore, geleneksel genisletilmis
Kalman filtresi yaklagiminin geleneksel olmayan genisletilmis Kalman filtresinden
daha biiytik dogrulukla sonu¢ verdigi goriilmiistiir.

Ilgilenilen bir diger problemde, manyetometre sensoriinde olusabilecek bir hata
senaryosu yaratilmistir. Genisletilmis Kalman filtresi kullanilan senaryoda,
manyetometre modeline dogrudan kayma eklenerek veya manyetometrenin giiriiltii
vektoril bir sabit ile ¢arpilarak sisteme belli bir iterasyon araliginda hata tantmlanmustir.
Bu durumda gerceklestirilen simiilasyonda, genisletilmis Kalman filtresinin yonelim
kestirimini yiiksek hata pay: ile gerceklestirdigi gosterilmistir. Hata payin1 kabul
edilebilir bir sinira c¢ekmek i¢in genisletilmis Kalman filtresine bir iyilestirme
calismast yapilmistir.  Burada belirtilen calisma, sensorde meydana gelebilecek
olas1 bir hatanin tespit edilmesini ve ayristirilmasini ve hatanin elimine edilmesini
icermektedir. Genigletilmis Kalman filtresinin dogas1 geregi hesapladigi, tahmin
edilen durum vektoriindeki artik kullanilarak gozetleme istatistigi olusturulmustur.
Gozetleme istatistigi, bir diger deyisle chi-kare testi, her bir iterasyon adiminda
sistemin serbestlik derecesi ve istenilen dogruluk oranina gore secilen esik degeri
ile karsilastiilir. Esik degeri asildig1 durumda sistemde ariza oldugu kabul edilir.
Ariza tespit sisteminin ikinci asamasinda ise, hesaplanan normalize edilmis inovasyon
degeri kullanilarak hangi manyetometrenin arizali calistig1 tespit edilebilmektedir.
Uygulanan algoritmanin calisma prensibi gerefince, Olciim sensoriinde bir hata
mevcudiyeti s6z konusu oldugunda, genigletilmis Kalman filtresi yerine giirbiiz
genigletilmis Kalman filtresi devreye girmektedir. Aksi takdirde, genisletilmis
Kalman filtresi aym sekilde calismaya devam etmektedir. Giirbiiz genisletilmis
Kalman filtresi algoritmasinda ek olarak hesaplanan ol¢ek faktorii, Kalman kazancini
degistirerek sensordeki hatanin elimine edilmesine olanak saglamaktadir. Bu sekilde
otonom olarak caligan algoritma, yonelim acilarini ve acisal hizlari bagarili bir
sekilde tahmin edilebilmektedir. Simiilasyon sonuclarina gore, sisteme siirekli olarak
ariza tanimlanmast durumunda giirbiiz genisletilmis Kalman filtresinin biriken hatay1
elimine etmede basarili olmadig1 goriilmiistiir. Bunun yerine, ariza yalmzca belirli
bir iterasyon araliginda tamimlandiginda giirbiiz genisletilmis Kalman filtresinin kabul
edilebilir bir dogrulukla basarili bir sekilde calistig1 sOylenebilir. Bu calismanin
devami olarak, sensorde meydana gelen hatalarin cesitlerinin tespit edilmesi ve bu
hatalarin giderilmesi i¢in gereken kapsamli senaryolar gelistirilebilir.

XX Vi



Yukarida belirtilen tiim algoritmalar MATLAB programlama dili kullanilarak
olusturulmus ve simiilasyonlar bu ortamda gerceklestirilmistir.  Simiilasyonlar
neticesinde elde edilen sonuclarda Euler agilarinin ve acisal hizlarin kestirimi, hata
paylar1 ve kovaryans analizleri ile birlikte sunulmustur.
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1. INTRODUCTION

One of the biggest problems in the space industry is that the payloads have a high
amount of volume and mass. According to the Newton’s second law, increasing in
the mass wanted to put into space is directly increasing the required force. Therefore,
the heaviest satellite means bigger rockets which provide more thrust. On the other
hand, recent experiences showed that utilization of a satellite constellation is much
more advantageous than one big satellite [1-5]. These advantageous can be explained
such that production and testing of a satellite constellation would be much cheaper
and easier. Also, a catastrophic failure can be lead to loss of the mission in case of a
one big satellite; however, a constellation can be survived. As a consequence, a large
interest has been aroused to develop micro systems such as pico-satellite for space

technologies [6].

1.1 Literature Review

A pico-satellite is a class of small satellites, having an approximate volume of 1 liter
and a mass under 1 kg [7]. When the satellites got smaller, all of the subsystems have
to be miniaturized in order to fit into the available volume. This situation changes the
description of the problem into another platform. For example in the case of the attitude
determination, concessions have to be made for the accuracy of the sensors since
traditional ones are heavy and large [8]. From a different perspective, pico-satellites
generate minimal energy; therefore, passive methods with no energy consumption need
to be used. Although some missions achieved on-board attitude determination, it is still

not an easy task to accomplish [9, 10].

Attitude is the orientation of a defined spacecraft body coordinate system with
respect to a defined external frame. Attitude determination is real-time or post-facto
knowledge, within a given tolerance, of the spacecraft attitude. The attitude
determination subsystem has to generate a specific moment in a specific direction

for the sake of the mission. For managing attitude determination of a pico-satellite,



measurements from attitude sensors are used within various methods. Within a wide
range of sensor types, sun sensors and magnetometers are the most preferred ones
because of the fact that they are lightweight, reliable, and have low-power requirement
[11]. Additionally, they can be run in a fully autonomous manner without a need for
an external interference. Furthermore, they can be used in static and recursive attitude

determination methods.

Static and recursive methods are the main methods used for the attitude determination
purposes. They estimate the attitude angles by using information gathered from two
or more vectors, for instance sun sensor and magnetometer measurements. Generally
speaking, two or more vectors are determined analytically in the reference frame and
compared with their measured counterparts in the body coordinate frame [12-16].
Beside analytical approaches, numerical methods are also very common for attitude
determination and extensive review of these can be found in the studies by Hinks and

Psiaki [17] and Markley and Mortari [18].

The coordinate systems used in attitude determination, body or inertial reference
frames, can be transformed to each other using transformation matrices. The
information gathered from sun sensors which indicate the unit vector towards the
Sun and the Earth’s magnetic field can be used to define reference directions [19].
Combination of the information gathered from these sensors, and sometimes rate gyro
utilization, is typical in small satellites. Moreover, these information can be used
as inputs for Kalman filters (KF) to estimate the attitude parameters of a satellite

accurately.

Kalman filters have an outstanding reputation when it comes to the state estimation
of the system and sensor kinetics and kinematics. As long as they are fed with priori
mesaurements as mentioned earlier, they can predict the system states and calculate
the residue. These facts made them perfect candidates for ground-based and on-board
attitude determination systems. However, like most of the real world problems, the
kinetics and kinematics of pico-satellites are inherently non-linear [20]. In order to
tackle this nonlinearity and provide more reliable estimations, a newer version Kalman
filter has been developed for the pico-satellite attitude estimation, called the extended

Kalman filter (EKF) [21-25]. Normally KF is not applicable to nonlinear problems,



yet the use of Taylor Series expansion for linearization of the dynamic model tackles

this issue and presents the EKF.

Implementation of EKFs can be achieved based on nonlinear or linear measurements.
The first approach is the traditionally used EKF method while the latter is called
as the nontraditional approach. In traditional EKF applications the measurement
models are nonlinear because of the fact that inputs for the filter are chosen
as nonlinear measurements. Contrary to this approach, nontraditional approach
iteratively determines the attitude angles through vector measurement-based attitude
determination methods. Subsequently, these angles become measurement inputs for

the EKF, generating a linear measurement model [26-28].

Hajiyev and Bahar [29, 30] combined the algebraic method that uses a two-vector
algorithm and EKF for attitude determination purposes, to determine the Euler angles
and the angular velocities. Cordova-Alarcon et al. [31] used a modified version
EKF for attitude estimation during the eclipse mode of a satellite. Considering the
unavailability of the sun sensor during the eclipse phase, they used the Gauss-Newton
method to accurately estimate the angular rates during the sun phase. Ke et al.
[11] proposed a simplified EKF to address a near-Earth estimation problem of
pico-satellites. The Jacobian calculations was simplified in order to reduce the filter’s
computation. The results proved the fast convergence and high accuracy characteristics

of the proposed simplification.

However, EKF can not manage to keep up with the unexpected changes in the
measurement system. These unexpected changes can be exemplified as malfunctions
or unrealistic measurements which may lead to amplification of the background noise
and suddenly changed filter outputs, resulting in filter crashing. An extensive overview
of fault tolerant control systems was given by Jiang [32]. The fundamentals of
fault tolerant control systems were explained including passive and active approaches
and the historical developments were briefly described. In another study by Hwang
et al. [33], different methods for fault detection, isolation and reconfiguration were

examined, most important of which is innovation sequence.

Pirmoradi et al. proposed a new scheme for fault detection and diagnosis (FDD) for

spacecraft attitude determination [34]. Utilization of rate gyros and vector sensors,



a unified attitude determination system was developed which is also capable of
measuring the rate and angular position of the spacecraft. Evaluation of the measured
data using a linearized Kalman filter which works with the system kinematics allows
to obtain attitude estimation and the values of the gyro bias. This obtained information
about attitude estimation and the values of the gyro bias is used to correct the faulty
sensor measurements and avoid unbounded sensor measurements. The FDD algorithm
combines the information from rotational dynamics and kinematics of a spacecraft with
the measured data by sensor and implements model-based state estimation in order to
predict the future sensor outputs. Lastly, EKFs are used to perform fault isolation in the
system. Numerous statistical tests are performed to observe the innovation sequences

of EKFs, detecting failures and localizing them in all AD sensors.

On the other hand, if the filter runs robustly, the situation and the risks can disappear
[35-37]. Thus, the robust EKF (REKF) algorithm is presented and implemented to
estimate the attitude parameters and its accuracy is tested. As required by the filter’s
working principle, the faulty measurements are used after scaling with small weights;
thus, the correction of estimations can be isolated from them. This procedure is
accomplished with help of a coefficient which is called as the measurement noise
scale factor (MNSF). Jayaram developed a new fast converging extended Kalman
filter for sensor fault detection and isolation [38]. The proposed filter uses innovative
initialization of covariance matrix using system dynamics. The proposed nonlinear
filter has been tested and compared with the classical Kalman filter schemes via
simulations performed on the model of a space vehicle and has shown the benefits of
the novel approach. The proposed method takes advantage of both the fast convergence
capability and the robustness of numerical stability. Soken et al. studied the attitude
estimation of pico-satellites in the presence of faulty measurements using REKF [39].
In this work, the faulty measurements were identified and corrected. Another study by
Soken and Hajiyev two robust KFs were studied, namely, REKF and robust unscented
Kalman filter (RUKF) and the results were compared [40]. Contrary to expectations,
the robust Kalman filter is easy to implement to reduce the measurement noise and to

estimate the attitude of pico-satellite.



1.2 Purpose of Thesis

Spacecraft navigation rely on attitude determination which requires the steps of data
processing, computation and sometimes communication between the spacecraft and
the ground stations. The obtained information is used to take relevant actions such as
executing orbit maneuvers, engaging camera or deploying solar panels. However, if a
delay within the computation process or a failure in the system occurs, it is inevitable

to observe destructive results that may put the mission in danger.

Therefore, precautionary actions are required to solve the potential problems explained
above. Despite the fact that the Extended Kalman Filter is a widely used method
for attitude determination, they are inefficient while the spacecraft is spinning with
considerable speed. To compensate this phase, less accurate yet fast responding
attitude determination methods such as vector-based methods are examined. In that
manner, in this thesis, static attitude determination methods are presented. First of
them is named as two vector algorithm which is used to estimate the attitude angles.
And, another method presented by Crassidis [41] is using least squares approach to
compute the estimation of angular velocities. In addition, covariance analyses are
carried out for both methods. Then, these vector-based methods are implemented in
the Extended Kalman Filter algorithm to overcome the non-linear measurement issue.
By doing so, the coarse attitude estimation acquired from vector-based methods are fed
to the filter as measurement data to linearize the measurement model while increasing
the accuracy. The resulting attitude estimations are compared with the estimations

obtained by traditionally applied EKF.

Moreover, the failure in the attitude sensor is taken into consideration and methods
to address this issue are investigated. These include early detection and isolation of
faults. This leads to more autonomous pico-satellites with on-board detection and
isolation systems to accomplish given missions even with the presence of faults in
various components such as sensors and actuators. Subsequently, the EKF is enhanced
to proceed in case of faulty measurements in the system and Robust Extended Kalman

Filter is presented.






2. MATHEMATICAL MODELS

2.1 Pico-Satellite Dynamic Model

The derivation of the pico-satellite’s kinematics equations by Euler angles allows
to express the mathematical model with a six dimensional state vector. The vector
becomes attitude Euler angle vector and the body angular rate vector with respect to
the inertial axis frame. The attitude Euler angle vector consists of ¢, 8, and v which
are the roll angle about the x axis, the pitch angle about the y axis, and the yaw angle

about the z axis, respectively. Hence,

=0 60 v o o o (2.1)

For consistency and clarity in further mathematical expressions, it is more convenient
to express the body angular rate vector with respect to the inertial axis frame separately
as dp; = [0, O, ®,)7, where @p; is the angular velocity vector of the body frame
with respect to the inertial frame. Then, using the conservation of angular momentum,

the dynamic equations of the satellite can be derived as follows [13]:

do, - . .
JTBI = Nr — @y x (JWpy) (2.2)

where J is the inertia matrix composed of principal moments of inertia as J =
diag(Jy,Jy,J;). Nr is the disturbance torque vector affecting the satellite as Ny =
[NTX,NTy,NTZ]T. Then, the pico-satellite’s kinematic equations of motion in terms of

Euler angles are given below:

9 cos(y) —sin(y) 0] [o
0| = |sin(y)/cos(¢p) cos(y)/cos(¢p) O| |y (2.3)
v sin(y)tan(9)  cos(y)tan(¢) 1] |,



2.2 Mathematical Models of Attitude Hardware

2.2.1 Magnetometer model

The pico-satellite considered in this work has a three axis magnetometer (TAM)
being a sole measurement instrument. The mathematical measurement model of the

magnetometer should be derived to implement Kalman filter algorithms.

During the satellite’s navigation on its orbit, variations of the magnetic field will be
apparent based on the orbital parameters, affecting the magnetic field vector. For the
case in which those parameters are known, the magnetic field tensor vector affecting
the satellite can be represented as a function of time analytically [27]. In the following

equation, these terms are obtained in the orbit reference frame.

B (%) = %;(cos(wotk)[cos(s)sin(i) — sin(€)cos(i)cos(@ety)] — sin(woty)sin(€)sin(@ety)) (2.4)

"o
M, N r
By(t) = —r—3[c0s(8)cos(1) + sin(€)sin(i)cos(@ety,)] (2.5)
0
M. | . s X ' .
Bs(t) = r—3(sm(a)0tk)[cos(£)sm(l) — sin(€)cos(i)cos(,tr)] — 2cos(opty)sin(€)sin(@,tr))  (2.6)
0

where the numerical values of the parameters can be listed as: the magnetic dipole
moment of the Earth M, = 7.943 x 10'> Wb.m, the Earth gravitational constant u =
3.98601 x 10'* m3/s2, the orbit inclination i = 97°, the spin rate of the Earth w, =
7.29 x 1077 rad/s, the magnetic dipole tilt € = 11.7°, the orbital radius ry = 6928140
m. @y denotes the angular velocity of the orbit with respect to the inertial frame, which

can be found as @y = (u/r3)"/2.

The components of the magnetic field vector in the body frame are measured by the
three magnetometers on-board. Therefore, in order to represent all the terms on the
same axis frame, the magnetic field expressions have to turn into the orbital frame

using direction cosine matrix A. The direction cosine matrix is given as:



In A matrix, cosine and sine functions are denoted as ¢(.) and s(.). Following the

transformation, the overall measurement model can represented as follows:

Bx(‘])vevl//?tk) Bl(tk)
By(¢, 0, l,l/,tk) =A Bz(tk) +m (2.8)
BZ(¢797W7U€) B3(t/<)

where Bj (), B> (1) and B3(#;) are the components of the Earth’s magnetic field vector
in the orbit frame as a function of time. Then, the measured magnetic field vector
components of the Earth in the body frame as a function of time and Euler angles are
given by By (9,0, v,t),B,(¢,0,y,1;) and B.(¢9, 0, y,#). Additionally, n; is the zero

mean Gaussian white noise with the characteristic of

E[l’llkn{j] = I3><36315kj (2.9)

where 13,3, 0, and &; denote three-dimensional identity matrix, standard deviation

of each magnetometer error, and the Kronecker symbol, respectively.

2.2.2 Sun sensor model

The sun model is also integrated to the mathematical model, which determines the
position of the Sun in the inertial reference system, in order to constantly check if the
Sun is blocked by the Earth or not. As the spacecraft orbits the Earth also revolves
around the Sun, its inertial sun vector varies constantly during the motion of the
satellite through its orbit.When it comes to satellites which has much more smaller
orbital radius than astronomical unit such as LEO satellites, the cyclic changes are
much lower than both sun sensors correctness level and sufficient precision of the
reference model. Therefore, a simplification is suggested which assumes the Sun line is
independent of the spacecraft position and always parallel to the vector from the Earth

to the Sun. This assumption leads to the following:

A ~ asEarth—Sun
SECI = SEcy (2.10)

The real motion of the Earth around the Sun that is inertially fixed can be expressed
as the Sun orbiting the Earth which has a fixed position in the inertial space [42]. The

governing equation of this model is given in equation 2.11. By definition, the right

9



ascension of the ascending node of this hypothesized orbit of the Sun around the Earth
is 0°. The reference epoch of this first-order model is the 1st of January 2000, 12:00:00
pm, or 2451545.0 Julian Date (JD).

_ JD—2451545.0

2.11
36525 (2.11)
where
JD =367y — INT { NI {203
h+min/60y+s/3600 : { ’ } (2.12)
Y m— +d+1721013.5
in days. The mean longitude of the sun is given as follows:
A, = 280.460° 4 36000.770T (2.13)
The mean anomaly of the sun is
Mgy, = 357.5277233° +35999.05034T (2.14)

The ecliptic longitude of the sun introduces the correction of the Sun “traveling” on an

eccentric orbit.

Aectiptic = Mg, +1.914666471° sin(Ms,,) +0.019994643° sin(2Ms,,) ~ (2.15)

The linear model of the ecliptic of the Sun is

€ =123.439291° —0.0130042T (2.16)

which is an almost constant value. Finally the unit sun vector in the inertial frame can

be expressed as follows:

COos )“ecliptic
Secr = | 8in Aeclipric COS € (2.17)
sin A'ecliptic sin&
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In order to represent the sun vector in the orbit coordinates, the transformation matrix
from ECI to the orbit frame TEOCf;’” has to be determined. Here u can be propagated

through the orbit with Au = 274 [rad).

)s(A) (2.18)

In T/ matrix, cosine and sine functions are denoted as c(.) and s(.). Eventually, the

sun vector in the orbit frame can be written as follows:

so = T x §per (2.19)

The vectors coming from the sensors in body frame can be modeled as:

5B, SOx
sg,| =A |so, | +n (2.20)
SBZ SOZ

T . ) . .
Here, [SBX SBy SBJ is a representation of the measured sun direction vector in body
. T . ) . ) .
coordinates and [Sox 50, SOJ in orbit coordinates. 7 is the zero mean Gaussian

white noise with the characteristic of:

E[mn] | = Bx30,8; (2.21)

Here o), is the standard deviation of each sun sensor error and Jy; is the Kronecker

symbol.

11






3. STATIC ATTITUDE DETERMINATION

3.1 Attitude Estimation with Algebraic Method

The algebraic method utilizes vectors to determine the transformation matrix. Two
vectors, u and v, are observed to form the transformation matrix or attitude matrix
(A). u and v are any vectors defining an orthogonal coordinate system. The equations
associated with the static attitude determination can be defined based on two vector

algorithm method.

3.1.1 Two vector algorithm

3.1

>
I
1Y
X
<>

The reference matrix Mg can be calculated using the two reference vectors in orbital

coordinates, iz and 7.

Mp=|ag © %% ¢ el (3:2)

Similarly, the two measured vectors in the spacecraft body coordinates, éip and ¥, the

body matrix can be obtained as

Mp = ip Vg ﬁB] (3.3)

The attitude matrix then can be obtained similar to Equation 3.10, as follows:

Mp =AMy, A= MpMy' (3.4)

In this study, u and v are selected as the sun direction (S) and the magnetic field vector
(H). The two vector algorithm is simulated and the results are given in Figures 3.1,

3.2, and 3.3. The upper graphs show that the comparison between actual attitude

13



angles computed from satellite dynamics and the attitude angles estimated by two

vector algorithm. As well as, the bottom graphs show that the error value between

them.
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Figure 3.1 : Roll angle estimation values.
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Figure 3.2 : Pitch angle estimation values.
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Figure 3.3 : Yaw angle estimation values.
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As it can be seen in the figures, the estimated attitude angle values pursue similar trend
to the actual attitude angles. Additionally, the error values are increased as the pitch

angle closes to 90° which is an expected phenomena.

3.1.1.1 Two vector algorithm with normalized vectors

The proposed two vector algorithm can also be implemented by using an orthogonal
set of & and ¥ vectors. This way is also known as three axial attitude determination

(TRIAD).

G=1i (3.5)

p= 220 (3.6)
|ld < V|

§=gx7 (3.7)

Aforementioned two reference vectors in orbital coordinates iiz and Vr can be used to

calculate the reference matrix Mg as follows:

Mg = qAR rr fR] (3.8)

Using iip and Vp, the measured vectors in the spacecraft body coordinates, the body

matrix Mp can be obtained as follows:

Mp = qB 7B fB] (3.9

Finally, the attitude matrix is calculated as

Mp=AMg, A= MgMy' (3.10)

TRIAD algorithm is simulated with the same conditions as two vector algorithm and

the results are given in Figures 3.4, 3.5, and 3.6.
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Figure 3.4 : Roll angle estimation values.

15 Pitch Angle Estimation with TRIAD

. T T T T T

k=)

s

8

[

&
05 n . . . . . . .

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

0.06 T T T T T T T T T

T0.04

g

s

10 0.02

0 500 1000 1500 2000 2500 3000 3500 4000 4500
Time [sec]

5000

Figure 3.5 : Pitch angle estimation values.
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Figure 3.6 : Yaw angle estimation values.
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The results are similar with two vector algorithm. Since the obtained error values are

changing through different time steps, there can not be a sharp judgment such as one

of the algorithm is better.

3.1.2 Covariance analysis

In order to calculate the attitude covariance matrix [43] in the Euler form, the Cartesian

attitude covariance matrix (Pgg) must be calculated initially.

- =T

Pog = O + [(03 — of) iipiiy + of (iip.Vp) (Vs +Vpiig)]  (3.11)

|ﬁB X \73|2
where 67 and o7 are the variance of the magnetometer and the variance of sun sensor,

respectively, while 7 is 3x3 unit matrix.

The simulated two vector algorithm presents the variance of estimation error which can

be seen in Figure 3.7. The graphs are shown that roll, pitch, and yaw angle variances

of estimation errors respectively.

%10 Variance Estimation of Euler Angles
T T T T T T T

AVASUVARY,

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

N

Phi's [rad]2
o
o

o

-

Teta's [rad]2
)
@

=)

L L
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

N

Psi's [rad]2
o [N

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time [sec]

Figure 3.7 : Variance of estimation error.

As a result of that, the variance values of Euler angle estimation errors are found to be

within acceptable level.

3.2 Attitude Rate Estimation Algorithm

The angular velocities are determined by a least-square approach that uses the

information obtained solely from sensor body measurements. For conciseness, this
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approach will be referred to as ARES in this study. Now look at given unit vector of

measurement model below:

bi(ty) = A(ti)ri +vi(tx) (3.12)
where b;(t;) is the i'” body measurement vector, A(z;) is the orthogonal attitude matrix,
ri is the measurement vector, and v;(#) is the measurement noise which is given by a

zero-mean Gaussian white-noise process.

The goal of this method is to determine an angular velocity estimate with no
dependence on attitude and reference vectors. The detailed derivation of the
corresponding equations is extensively given in by Crassidis [41] and skipped here
for conciseness. The equation for a linear least-square analysis using all measurement

vectors is given as follows:

i=1

=1
. 1 _ o3 T iz S o T >
(D(l‘k) = E {Z O; % [bi(tk)X} [bi(l‘k)X] } Z O; Z [bi(l‘k)X] bi(lk—H) (313)
i=1
where [b(f) x| is the cross-product matrix, given as

0 —b3() Dbo(t)
[b(tk)x] = b3(l‘k) 0 —b (l‘k) (3.14)
—ba (1)  b1(1x) 0
where @(f;) is the estimation of @(#;), and 6;> = 207 /Af? is the effective measurement

error variance. The only required parameters to achieve an angular velocity estimate

are the body vector measurements, sampling interval, and measurement covariance.

In this study, the measurement models are selected as the sun sensor and the
magnetometer. The ARES algorithm is simulated and the results are given in Figures
3.8, 3.9, and 3.10. The upper graphs show that the comparison between actual attitude
angle rates computed from satellite dynamics and the attitude angle rates estimated by
ARES algorithm. As well as, the bottom graphs show that the error value between

them.
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Figure 3.8 : W, estimation values.
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o1 Wz Estimation with ARES

T
ARES
Actual

o
=)
G

=)

Wz [rad/sec]

I I I I
0 500 1000 1500 2000 2500 3000 3500

I
4000 4500 5000

o

o

&
T

Error [rad/sec]
o
o
S

prat ..Mlumm. ST W, IO
1500 2000 2500 3000 3500 4000 4500 5000
Time [sec]

oo PP
0 500 1000

Figure 3.10 : W, estimation values.

As can be seen in the figures above, the result of the ARES algorithm are not quite

successful. The reason of that is in the original method, there are used only star sensor
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measurements with a changing number of star vectors for calculation. Since the star

sensor are more accurate than the sun sensor and the magnetometer, the estimated

angular velocity values could not catch the real data.

3.2.1 Covariance analysis

The derivation of the estimate error covariance can be found in [41]. The predicted

error covariance is simply given by

1
P, =1 Y 672 [bi(te)x] ! [Bi(tx) x| (3.15)
=1

The simulated ARES algorithm presents the variance of estimation error which can be

seen in Figure 5.1. The graphs are shown that roll, pitch, and yaw angle rate variances

of estimation errors respectively.
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Figure 3.11 : Variance of estimation error.

When the variance graphs are investigated, it is seen that the error values are increasing

at the covariance graph pick points. Therefore, it can be said that the overall algorithm

is implemented successfully.
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4. RECURSIVE ATTITUDE DETERMINATION

4.1 Extended Kalman Filter Algorithm

For the application of Extended Kalman filter algorithm to pico satellites, consider
the following case of nonlinear systems including white noise in it where noisy

measurements are given as follows [44]:

X(te1) = @ [x(t), 1] + o (1) (4.1)

2(tx) = hix(t), 1] + v(t) 4.2)

where x(fx11), z(t), and w(t;) denote the state vector at time 7 |, the measurement
and the system noise at time f;, respectively. Additionally, v(t), @ [x(¢),#], and
h[x(t;),t;] are the measurement noise, the non-linear state transition function which
draws the route from the present state to the further state, and a non-linear measurement
model which draws the route from the present state to the measurements at time #,

respectively.

The two noise vectors, v(#;) and w(t;) are assumed to be linearly additive Gaussian and

temporally uncorrelated with zero mean. This assumption can formulated as follows:

Elo(u)] = EM(@)] =0, Vi (4.3)

with the following covariances:

Elo(i)o’ (j)] = 0(i)8; (4.4)
EW(iy" (j)] = R(i)&; (4.5)

where 9;; is the Kronecker symbol. Additionally, it is typically assumed that the

process and measurement noises are not correlated.
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Elo(iv! ()] =0, Vij. (4.6)

In this study, a real-time linear Taylor approximation is considered for the system
function which estimate previous state and the observation function which gives
predicted position. The resulting Kalman filter is named as the Extended Kalman

Filter (EKF), algorithm of which can be defined with the following equations [45]:

The estimation expression can be written as

Bter1) = 21, 16) + K (1) X {z(terr) — R /16) k1] (4.7)

The extrapolation equation is obtained as

i1 /t) = O[E(0) 1] (4.8)

Then, the filter gain of the EKF is given as

K(tis1) = Ptert /t)H (tei1) X [H (ts1)P(terr /1) H (1) +R@)] (4.9)

O (tkr1 /1)ty

where H(tk+l> = af(tk+1/tk>

is the measurement matrix, expressed in terms

of partial derivatives.
The covariance matrix of the extrapolation error is given as

IP[E(tk), 1]

907 [£(1x), 1]
I% (1) ¢

P(tk/tk) X 8x(tk)

P(tiy1/tk) = +0(t) (4.10)

The covariance matrix of the filtering error is written as

P(tis1 /tieyr) = [ = K(te ) H (b 1) [P (g1 /1) - (4.11)

The filter, equations of which are given above in Equations 4.7-4.11, is called the EKF.
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4.2 Measurement Models

In this study, different EKF approaches are designed by changing the observation
model while using the same EKF schema. First of all, in the classical approach, the
observation model is constructed with magnetometer and sun sensor measurements as
given in Section 2.2. As described in the Section 4.1, the measurement vector and the

measurement matrix can be written as,

z2(ty) = [B(tx) By(t) Bo(tx) sp(tx) sp,(tx) sp. ()] (4.12)
[d(Hp,) J(Hp) J(Hp) J(Hp) J(Hp) I(Hp)]
ao a0 dy d d dw,
d (HBz) J (HBz) J (HBz) d (HBz) J (HBz) J (HBz)
20 d0 v 0o, o, dw,
d(Hp,) J(Hp,) J(Hp,) J(Hp,) O(Hp,) I (Hs)
7 0 0 Er N Do,
H= 100, iy ok a(my oty o) @15
a¢ 20 dy dmy d dw,
d(Hy,) J(Hs,) J(Hy,) Jd(Hy,) J(Hs,) J(Hy,)
20 26 v d dw, dw,
d(Hy;) J(Hs) Jd(Hy) J(Hy) J(Hsy) J(Hyy)
a¢ 20 ay dmy dwy o, |

where AxB = [Hg, Hp, Hp,]' andAxs=[H, H,, H]".

Also, the covariance of the measurement matrix, R, can be generated as a square
matrix which diagonal elements are the variances of magnetometer and sun sensor
measurement noises. For the second approach, linear Euler angle measurements which
is the result of TRIAD (Section 3.1.1.1) are taken as observation model. In this case,

the measurement vector and the measurement matrix are given below,

z(te) = [Orriap(t)  Orrian(ik) Wrriap(ix)] (4.14)
1 00 00O

H=(01 0 0 0 0 4.15)
001 O0O00O0
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Additionally, the covariance of the measurement matrix, R, can be generated as a
square matrix which diagonal elements are the variances of attitude measurement
noises found by TRIAD algorithm. The presented approach is called non-traditional

EKEF, the structural scheme of non-traditional EKF can be seen in Figure 4.1.

. ) Magnetometer Sun Sensor
Orbit Propagation Measurements Measurements

Magnetic Field Model

Sun Direction Model

|

P (2]

Three-Axis Attitude TRIAD Extended Kalman Filter
Determination (TRIAD) (EKF) A A
Dimes, 0 ¢.0

s Wines 0,

Models of
Measurement
By, So

Figure 4.1 : Structural scheme of non-traditional EKF with TRIAD estimation.
Further, this approach can be improved by extending the measurement vector with

addition of angle rate measurements found by ARES (Section 3.2). With this

extension, the measurement vector and the measurement matrix are became,

Z(tk) = [‘PTRIAD(tk) QTRIAD(tk) YTRIAD (tk) Wrypis (tk) Wy, rps (tk) Wy s (tk)] (4'16)

4.17)

S o= OO0
(=i e e e M)
- o O O OO

S o oo o~
cleoBeolel "
el ool =R

The covariance of the measurement matrix, R, is generated with the variances of
attitude and attitude rate measurement noises as well which found by TRIAD and
ARES algorithm respectively. The structural scheme of stated approach is given in

Figure 4.2.
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) . Magnetometer Sun Sensor
Orbit Propagation Measurements Measurements

| ] 8, s,

Sun Direction Model Magnetic Field Model
- Prriap
Three-Axis Attitud
| ¢ B I e
l — Filter (EKF) PP >
’ Three-Axis Attitude ‘ P b, 0,y
Rate Determination @
Models of @ pes
Measurement mes
By, So
Figure 4.2 : Structural scheme of non-traditional EKF with TRIAD and ARES
estimations.

The traditional EKF algorithm that described in the first place is taken only angle
estimations as observation model. By getting inspiration from the non-traditional EKF,
one more approach is presented. In this last approach, the measurement vector is
constructed additionally with the attitude rate estimations found by ARES. For this

case, the measurement vector and the measurement matrix can be written as,

z(te) = [Bx(t)  By(t) Bo(t) sp.(t)  sB,(t)  B.()  Ouppps (k) Ouupes () Ocppes ()] (4.18)

_a(HBl) a(HBl) a<HBl) a(HBl) a(HBl) a(I_IB]) 0 0 O-
¢ a0 oy d W, dwy dw,

J(Hp,) J(Hp) O(Hp,) J(Hp) J(Hp) J(Hg) , o
do d0 Iy d dw, Jw,

a(HB3) a(HBs) 8(H33) a(HB3) a(HBs) 8(H33) 00 0
oX) d0 oy d oy dwy dw,

O(Hy) 9(Hy) O(Hy) d(H,) I(Hy) IH) o 4
H= do 00 oy 0, dw, Jw, (4.19)
I(Hy) I(Hy) d(Hy) O(Hy) d(Hy) IHy) . o

do d0 Yy d dwy dw,
O(Hy) J(Hy) I(Hy) I(Hy) d(Hy) IH) .
do d0 Iy d dw, Jw,
0 0 0 0 0 0 1 00
0 0 0 0 0 0 010
0 0 0 0 0 0 00 1]

where AxB = [Hg, Hp, Hp,)' andAxs=[H, H,, H,] .

The covariance of the measurement matrix, R, can be generated as a square
matrix which diagonal elements are the variances of magnetometer and sun sensor
measurement noises, and the variances of attitude rate measurement noises found by

ARES algorithm respectively.
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S. SIMULATIONS

Simulations are executed for 5000 seconds with a sampling time of At = 1 second. The

inertia matrix of the pico satellite model used in the simulations is given as

2.1x1073 0 0
J= 0 2.0x 1073 0 kg.m? (5.1)
0 0 1.9x 1073

In addition, the satellite’s operational orbit is identified as circular orbit at an altitude
of r = 550 km. The additional orbit information needed for the magnetometer and sun

sensor models are taken as stated in the Section 2.2.1 and 2.2.2.

Measurement values which constitute sensor modelling are determined as zero mean
Gaussian white noise. Besides, the standard deviation is taken as ¢,, = 0.008 u7T and

o; = 0.002 for the magnetometer and the sun sensor respectively.

The simulations are realized with given conditions and the results are shown in
the corresponding subsections. The figures consist of three subplots in which the
upper graphs exhibit the actual and the estimated state vector components computed
from satellite dynamics and the selected Kalman filtering approach, respectively.
Additionally, the middle graphs indicate the error value between them while the lower

graphs representing the variance of estimation errors.

5.1 Traditional EKF Estimations

The results obtained by using traditional EKF are given in Figures 5.1, 5.2, 5.3, 5.4,
5.5, and 5.6.
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Figure 5.1 : Roll angle estimation values with traditional EKF.
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Figure 5.2 : Pitch angle estimation values with traditional EKF.
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Figure 5.3 : Yaw angle estimation values with traditional EKF.
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Figure 5.4 : ®, estimation values with traditional EKF.
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Figure 5.5 : w, estimation values with traditional EKF.
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Figure 5.6 : @, estimation values with traditional EKF.

As it can be seen in the figures, the estimated state vector components pursue similar

trend to the actual ones. Additionally, the error values are increased as the pitch angle
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closes to 90° which is an expected phenomena. Also, the variance values of state vector

estimation errors are found to be within acceptable level.

5.2 Non-Traditional EKF Estimations with TRIAD Measurement

The estimation results obtained by using non-traditional EKF with TRIAD
measurements are given in Figures 5.7, 5.8, 5.9, 5.10, 5.11, and 5.12.
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Figure 5.7 : Roll angle estimation values with non-traditional EKF.
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Figure 5.8 : Pitch angle estimation values with non-traditional EKF.
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Yaw Angle Estimation with Non-Traditional EKF
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Figure 5.9 : Yaw angle estimation values with non-traditional EKF.
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Figure 5.10 : o, estimation values with non-traditional EKF.
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Figure 5.11 : o, estimation values with non-traditional EKF.
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Wz Estimation with Non-Traditional EKF
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Figure 5.12 : o, estimation values with non-traditional EKF.

Because of an undetermined reason, there are seen jumps at some time steps which
lead to be the graph unreadable properly. Thus, Chauvenet’s criterion is applied to
absolute error of the estimation values; and abnormal jumps are eliminated. The

obtained graphs can be seen in Figure 5.13, 5.14, 5.15, 5.16, 5.17, and 5.18.
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Figure 5.13 : Roll angle estimation values with non-traditional EKF.
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Pitch Angle Estimation with Non-Traditional EKF
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Figure 5.14 : Pitch angle estimation values with non-traditional EKF.
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Figure 5.15 : Yaw angle estimation values with non-traditional EKF.
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Figure 5.16 : o, estimation values with non-traditional EKF.
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Wy Estimation with Non-Traditional EKF
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Figure 5.17 : w, estimation values with non-traditional EKF.
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Figure 5.18 : ®, estimation values with non-traditional EKF.

The results revealed that the non-traditional EKF with only TRIAD measurement
works quite successful with errors lying within an acceptable range. However, even

though it was expected to yield more accurate results compared to traditional EKF,

due to an unidentified reason it resulted in worse estimations.

5.3 Non-Traditional EKF Estimations with TRIAD and ARES Measurements

The estimation results obtained by using non-traditional EKF with TRIAD and ARES
measurements are given in Figures 5.19, 5.20, 5.21, 5.22, 5.23, and 5.24.
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Figure 5.19 :

Figure 5.20 :

Figure 5.21 :
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Figure 5.22 : o, estimation values with non-traditional EKF.
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Figure 5.23 : o, estimation values with non-traditional EKF.
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Figure 5.24 : ®, estimation values with non-traditional EKF.

Similar to previous results, abnormal peaks were observed and to evaluate the accuracy

of the method Chauvenet’s criterion was applied again to eliminate these peaks. The
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results obtained after Chauvenet’s criterion are given in Figures 5.25, 5.26, 5.27, 5.28,

5.29, and 5.30.
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Figure 5.25 : Roll angle estimation values with non-traditional EKF.
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Figure 5.26 : Pitch angle estimation values with non-traditional EKF.
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Figure 5.27 : Yaw angle estimation values with non-traditional EKF.
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%1073 Wx Estimation with Non-Traditional EKF
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Figure 5.28 : o, estimation values with non-traditional EKF.
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Figure 5.29 : o, estimation values with non-traditional EKF.
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Figure 5.30 : ®, estimation values with non-traditional EKF.
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The results after Chauvenet’s criterion indicates that this approach is also capable of

estimating the state vectors accurately. The addition of ARES algorithm resulted in

much better attitude angle and angular velocity estimations.

5.4 Traditional EKF Estimations with ARES Measurement

The estimation results obtained by using traditional EKF with ARES measurements

are given in Figures 5.31, 5.32, 5.33, 5.34, 5.35, and 5.36.
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Figure 5.31 : Roll angle estimation values with traditional EKF.
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Figure 5.32 : Pitch angle estimation values with traditional EKF.
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Yaw Angle Estimation with EKF+ARES
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Figure 5.33 : Yaw angle estimation values with traditional EKF.
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Figure 5.34 : o, estimation values with traditional EKF.
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Figure 5.36 : w, estimation values with traditional EKF.

The results showed that integration of ARES measurements did not really change the

accuracy of the attitude angles while slight improvements were observed in angular

velocity estimations.

5.5 Comparison of Non-Traditional EKF Approaches

In this section, the results of non-traditional EKF estimations with TRIAD
measurements and together with ARES measurements are compared. The comparison
of the approaches was made using mean square error (MSE) and results are given
in Table 5.1. Additionally, the estimation error values associated with the state vector

components obtained with these approaches are given in Figures 5.37, 5.38, 5.39, 5.40,
5.41, and 5.42.

Table 5.1 : MSE analysis of non-traditional EKF.

Method ¢ [rad] O [rad] W [rad] o [rad/s] , [rad/s] @, [rad/s]
TRIAD 0.0040 0.0059 0.0082  0.0023 0.0022 0.0038
TRIAD+ARES 0.0035 0.0051 0.0059  0.0013 0.0012 0.0014
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Roll Angle Estimation Error for Non-Traditional EKF
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Figure 5.37 : Roll angle estimation value error.
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Figure 5.38 : Pitch angle estimation value error.
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Figure 5.40 : o, estimation value error.
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Figure 5.41 : w, estimation value error.
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Figure 5.42 : w, estimation value error.

Based on the results, it was found that integration of ARES measurements to

non-traditional EKF reduced the errors in all of the state vector components.
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Especially, the error of the angular velocities were reduced to half while slight

improvements were also seen in attitude angles.

5.6 Comparison of Traditional EKF and Non-Traditional EKF Approaches

In this section, a comparison between traditional EKF and non-traditional EKF with
TRIAD measurements are made. The MSE comparison of two approaches’ results are
given in Table 5.2. Additionally, the estimation error values associated with the state

vector components obtained with these approaches are given in Figures 5.43, 5.44,

5.45,5.46,5.47, and 5.48.

Table 5.2 : MSE analysis of traditional and non-traditional EKF.

Method ¢ [rad] 6 [rad]  [rad] o, [rad/s] @, [rad/s] @, [rad/s]
EKF 0.0007 0.0012 0.0018 0.0005 0.0003 0.0006
Non-Trad 0.0040 0.0059 0.0082  0.0023 0.0022 0.0038

Roll Angle Estimation Error for EKF and Non-Trad
T T T T T T T T T

el iy bl thhm 4

s L W PYA I Mol i WA
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

0.015

0.01 ”

Non-Trad

0.005 i

0 dMW\‘ﬂmm Ll ! MMMMMLMHAUM,MLM&L Ml‘ﬁ AIullMJMAmL Loa il

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time [sec]

Figure 5.43 : Roll angle estimation value error.
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44



EKF

0.02 Yaw Angle Estimation Error for EKF and Non-Trad
. T T T T T T

\“
0.015
0.01

0.005

o AT uJMmMm. . o m.m.m‘..uhm HMM W .m.mmm.._ ..M.MM

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

0.1

Non-Trad
o
o
&
T

( AR W) 1 Ao s i n L.
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time [sec]

Figure 5.45 : Yaw angle estimation value error.
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Figure 5.46 : o, estimation value error.

%1073 Wy Estimation Error for EKF and Non-Trad

EKF

1

”\
o T b 0 Y il W L

500 1000 1500 2000 2500 3000 3500 4000 4500 5000

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time [sec]

Figure 5.47 : w, estimation value error.

45



%107 Wz Estimation Error for EKF and Non-Trad
T T T T T T T T

EKF
IS

‘_.‘mmmmm it o il lemw NV e il

0 " T RO LTS J ZEE I e |
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

0.015

0.01r ‘ ‘

Non-Trad

0.005 I

i
0 Mmmmmmm Mmmmlm il il g, L‘LJLM\‘.IMLM.A.MMMMM Ll

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time [sec]

Figure 5.48 : o, estimation value error.

Contrary to expectations, utilization of non-traditional EKF with TRIAD measure-
ments did not yield more accurate results than the traditional EKF results. This might

be due to a few reasons which will be investigated in further details.

5.7 Comparison of Traditional EKF and Non-Traditional EKF Approaches with
ARES Measurement

In this section, in order to see the effect of ARES measurements integration into both
Kalman filter approaches a comparison was made. The MSE comparison results are
given in Table 5.3. Additionally, the estimation error values associated with the state

vector components obtained with these approaches are given in Figures 5.49, 5.50,

5.51,5.52,5.53, and 5.54.

Table 5.3 : MSE analysis of traditional and non-traditional EKF with ARES.

Method ¢ [rad] 6O [rad] W [rad] o, [rad/s] @, [rad/s] @, [rad/s]
EKF 0.0007 0.0012 0.0016  0.0006 0.0004 0.0006
Non-Trad 0.0035 0.0051 0.0059  0.0013 0.0012 0.0014
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Figure 5.54 : w, estimation value error.

The result given in the Table 5.3 revealed that even with the integration of ARES

measurement the non-traditional EKF was not as successful as the traditional EKF.
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Nevertheless, the improvement achieved by the integration of ARES measurement
into the non-traditional EKF was greater than that of the traditional EKF. Considering
this fact, it may be presumed that utilization of additional measurement data might

enhanced the non-traditional EKF even further than the traditional EKF.
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6. FAULT TOLERANT ATTITUDE DETERMINATION

6.1 Fault Modeling and Residual Generation

6.1.1 Sensor fault modeling

Sensor faults are generally modeling with fault addition in the AD system within the
corresponding measurement equation [46]. Since the sensor failures are independent
of the system dynamic behavior, additive changes are generally valid. For a linear
time-varying system, the equations, with failure (7;) and without failure (%), are given

as follows:

W : 2(t) = Hx(t) +v(t) (6.1)

Vs z(te) = Hx(tx) +v(tx) + LSy v+ v (6.2)

where x, z, and v denote the state, the measurement, and the disturbance. Furthermore,
L; expresses how the failure is introduced to the system while S;, indicates the failure
mode. v and T* represent the magnitude of the unknown failure and its occurring time

step, respectively.

6.1.2 Residual processing

The REKF creates a critical knowledge named as residual which is mostly used to
detect failure through statistically analyze the residuals and to identify the faulty

components.

The REKF is developed to be used for the FDI system, in order to produce residuals and
achieve the state estimation with help of the measured observations passing through the
filter. The REKF algorithm calculates the residuals by subtracting the state information

measured by sensor, z*, from the estimated values which established by the REKF, Z,
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e=Resx=7"—7% (6.3)

The effective characteristics of the residual can be listed as its zero-mean (without
fault) and white (independent) properties. These characteristics stimulates its use as
a quantity to imply the presence of faults and can come in handy when developing a

health monitoring scheme for the AD system of a pico satellite.

Generally, the residuals are generated by addition of two components which are the
noise and the faults. The noise can be expressed as a random quantity with zero-mean
while the faults are deterministic and unknown. Therefore, the residuals are random
variables, mean of which is dominated by the faults. This drives to defining the
detection issue as one of examining the zero-mean hypothesis. The consideration of

an isolation issue leads to a decision making process between different hypotheses.

6.1.3 Chi-square test

The most commonly used method to examine a change in the mean value of a random
vector is the chi-square test which is a statistical hypotheses testing method [47]. For
fault detection purposes, the chi-square test is applied to the residuals where it decides
if a fault is present or not. A null hypothesis 7y is defined for the no-fault case and a
hypothesis 7; is defined for the non-zero mean of the residual, indicating the presence

of a fault. These hypotheses are given as follows:

W:Bt) < Xas Vi (6.4)
N Bt) > Xa Tk (6.5)

Then, the statistical function (#;) is formed with vector e(#;) as follows:

B(tx) = el (t)V,  (tx)e(tx) (6.6)

where V, is the covariance of the residuals which are estimated by filters according to

Ve(tir1) = H(tir1 ) P(tr [t) H (1) + R(ti) (6.7)
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In the health monitoring applications, the main reason of the application of the
chi-square test is to create a warning. However, it does not aim for isolating the
failures. Properly selected thresholds create an impact by avoiding false alarm signals
and noting actual faults rather than overlooking. The scheme developed here, attempts
to minimize the chances of overlooking the actual faults with proper selection of

threshold and implementation of the steps of detection.

6.2 Development of the FDI System

In this section, FDI of the AD system of a spacecraft is considered and a system based
on REKF and residual processing by statistical and hypotheses testing is developed.
The developed FDI module detects and isolates any faults within the on-board sensor,
measurements of which are processed for AD purposes. In this way, the FDI module
implies that a sensor is failed based on the collected information and as a result of that

MNSF can be set to a certain value for recovery actions.

The FDI system developed in this study has two main phases, namely fault detection
and fault isolation. The residuals generated by the REKF is used in these two phases
of the algorithm. The following sections explain the phases of the system and they are

discussed in detail.

6.2.1 Fault detection

The fault detection is the first phase of the FDI and it detects any unknown faults.
Statistical threshold tests are constantly used to check the residuals and see whether
they exceed the defined threshold. If the thresholds are violated, then a failure is
declared. For statistical threshold test - the chi-square test - is applied to the residuals

generated by the REKF.

6.2.2 Fault isolation

The second phase in the FDI system aims to isolate a detected failure while trying
to figure out which magnetometer causes it. This can be achieved by calculating the

normalized innovations as follows:
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InN(t551) = (v/Ve(trr1)) ' e(trg1) (6.8)

The normalized innovation indicates the failure for a failed magnetometer while the
normalized innovation values remain unchanged for healthy sensors. Thus, the sensor
with failure can easily be identified. For a case where all the normalized innovation

values imply a fault, the source of failure can be identified as all of the sensors.

6.3 Robust EKF Algorithm

Under such conditions where no fault is present, it is expected to obtain very good
estimation results with the implementation of the EKF. However, in real life such
conditions are rare to encounter. If any of the measurements are faulty due to
abnormalities or sharp deviations in the measurement channel, the application of the
EKF would yield inferior estimations. This highlights the need of a better working

algorithm that can tolerate any fault within the system.

REKF algorithm is designed to tolerate faulty measurements without compromising
the accuracy of the estimations. The fundamental idea behind the REKF is to make
a comparison between the real and the theoretical values of the covariance matrices.
When there are large differences between the theoretical and real values, the Kalman
filter gain adapts itself accordingly. For such cases, the covariance matrix of the

innovation changes in a way as follows:

Ve(tir1) = H(tep )Pt 1 |o)H (tr41) + S0 R (1541 (6.9)
resulting in the Kalman filter as
K(te1) = Pltxt|o)H' (ti1) < [H (o) Pt | HY (1) +S(@)R(me)] ™ (6.10)

where H (t11), P(txr1|tc)s S(tk), R(tx+1), and K (21 1) denote the measurement matrix,
the predicted covariance matrix, the measurement noise scale factor, the covariance

matrix of the measurement noise, and the Kalman gain, respectively.

By definition, the Kalman gain changes when the predicted observation,

H (ty41)%(ter1)t), differs significantly from the actual observation, y(fx41), due to
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momentous changes in the operational conditions. If the real value of filter error is

bigger than the expected error represented as

trie(tirr)e’ (tr1)} => tr{H ()Pt |) HY () + R(tien)} (6.11)

REKF must be used rather than EKF, where #r{.} stands for the trace of the regarding

matrix.

To obtaion the scale factor, S(), equation 6.9 can be substituted into 6.11 when the

condition 6.11 is satisfied,

trie(tip1)e’ (i)} = tr{H (1) Pt [ H (1)} + S@)ir{R(5xy1)}  (6.12)

Considering the tr{e(ti1)e’ (tr11)} = e’ (txy1)e(txr1) equality, S(z;) can be obtained

as follows:

e’ (tiy1)e(terr) — tr{H (tx:1) P(ter |t HT (te41) }
tr{R(try1)}

When a fault is present in the measurement system, the adaptation of the EKF can

S(te) =

(6.13)

be performed by correcting the Kalman gain automatically. If the condition given
in Equation 6.11 is met, then the scale factor, S(f;) increases. The higher the scale
factor is, smaller than Kalman gain in equation 6.10 becomes due to the covariance
of the innovation sequence given in 6.9. As a result of that, the effect of the faulty
innovation sequence on the state estimation process decreases due to small Kalman
gain. Otherwise, when the measurement system operates normally, the scale factor

takes the value of 1, indicating optimal run of the filter.

One important thing to mention here is that the scale factor, S(#;) has an adverse effect
on the estimation error covariance which gets higher in the REKF beside the EKF.
Therefore, it is suggested that the utilization of the REKF should only be carried out
when the system has faulty measurements. All the other cases should implement the

regular EKF in order to achieve accurate estimations.
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The simulations are realized with given conditions in Section 5 in the presence of a
fault between 1000th and 1500th seconds. First, the results obtained by the traditional

EKF approach are shown and discussed.
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Figure 6.1 : Roll angle estimation values with EKF.
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Figure 6.2 : Pitch angle estimation values with EKF.
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Figure 6.3 : Yaw angle estimation values with EKF.
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Figure 6.4 : @, estimation values with EKF.
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Figure 6.5 : o, estimation values with EKF.
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Figure 6.6 : @, estimation values with EKF.

The EKF results showed that in the presence of a fault between the specified time

interval, the algorithm was not capable of compensating for the fault. Thus, it was
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observed that the results did not agree well with the actual values, which was an

anticipated behavior. Then, the same case was addressed with the REKF algorithm

and the results are presented and discussed below.
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Figure 6.7 : Roll angle estimation values with REKF.
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Figure 6.8 : Pitch angle estimation values with REKF.

Pitch Angle Estimation with REKF
T T T T T

2 T T
—_ Prediction
E‘l* Actual
]
&
0 4
I I h 1 I I I I
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
15 T T T T T T T T T
g 17 ]
: |
LItJ 0.5 JL 7
T |
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
= 01F b
=)
S
8
20051 g
8
g V
> . " P . . . . I
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Time [sec]

Figure 6.9 : Yaw angle estimation values with REKF.
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Figure 6.10 : o, estimation values with REKF.
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Figure 6.11 : o, estimation values with REKF.
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Figure 6.12 : ®, estimation values with REKF.
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Figure 6.13 : Normalized innovations.
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These results indicated that the REKF algorithm was able to work properly in terms of

detecting and recovering the faults introduced to the system.
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7. CONCLUSIONS

The estimated Euler angles are generated by using two vector algorithm and TRIAD.
Since the resulting graphs of the two methods are tracing similar trends, it can be
said that both of them are suitable for using in these analysis. The two methods have
different error finding for different kind of Euler angle estimation process. Thus, the
evaluation of which one is better for estimating Euler angles can not be made sharply.
The covariance analysis also be done and it is decided that the results are in proper

ranges.

Angular velocity estimations have been executed using the method proposed by [41].
In the original method, there are used only star sensor measurements with a changing
number of star vectors for calculation. Since the star sensor are more accurate than
the sun sensor and the magnetometer, the estimated angular velocity values could not
catch the real data. However, when the variance graph are investigated, it is seen that
the error values are increasing at the covariance graph pick points. Therefore, it can be

said that the overall algorithm is implemented successfully.

In order to determine the attitude angles, an EKF algorithm collecting measurement
data from a magnetometer and a sun sensor was implemented. To overcome
the nonlinearity within the measurement model and linearize it, the nontraditional
approach was applied. As a result of this application, a nontraditional EKF which
uses the TRIAD results as the measurement model was developed. For angular
velocity prediction, ARES results were integrated to the classical and nontraditional
approaches as a secondary measurement model, and the simulation results were
compared. Based on the simulation results, it was found that ARES and TRIAD
aided nontraditional EKF works more accurately than TRIAD-aided nontraditional
EKF method. Furthermore, a comparison between classical EKF and TRIAD aided
nontraditional EKF yielded that surprisingly, classical EKF is the superior one in this
case. Finally, the results also revealed that ARES-aided EKF works better than ARES

and TRIAD aided nontraditional EKF algorithm. Based on the simulation results, it
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is seen that enhancement in the measurement vector of the nontraditional EKF gives
better response compared with the traditional EKF approach. Thus, it can be concluded
that increasing the accuracy of the measurement used in the nontraditional EKF has the

potential of yielding more accurate results than the traditional EKF.

In order to verify the REKF algorithm, a fault is introduced to one of the measurements
taken by the magnetometer. The fault basically modifies the magnetometer
measurement by a constant term, either addition or subtraction. The fault is inserted
to the system between the time steps of 1000 and 1500 sec of the simulations. The
comparison between the state estimation and real data has shown that even in the
presence of a faulty sensor, the REKF was able to detect the fault and compensate

it with an acceptable accuracy.
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APPENDIX A
Chauvenet’s Criterion

Chauvenet’s criterion is a widely accepted assessment method to determine if any of
the measurements from a wide set is faulty or ‘bad’ [48]. The method enables the
detection of these faulty points through statistical approaches. Then, these faulty points
can be eliminated in order to increase the reliability of the results. Beside statistical
approaches, the determination of such points would not be trustworthy. The criterion
suggests that all points lying outside the mean with a probability less than 1 — 1/2N
should be eliminated. This indicates that the points with a probability higher than
1 — 1/2N should be considered as trustworthy. The idea is depicted below in Figure.

Frequency
distribution
Prob = 1-1/(2N)

Reject data Reject data

>

Figure A.1 : Gaussian distribution and Chauvenet’s criterion.

The probability 1 — 1/2N distributed about the mean can be written in terms of a
maximum deviation d,,, from the mean value by the Gaussian probabilities given in
Table 1. Then, the nondimensional maximum deviation 7T,,,, can be found as follows:

|X; — X|max _ dmax

= = Al
Tm ax SX SX ( )

where Sy is the precision index. All data points deviating from the mean value by more
than 7,,,,.Sx can be eliminated. Chauvenet’s criterion can be applied to a data set only
once. No further applications are allowed.
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Table A.1 : Chauvenet’s criterion for data elimination.

Number of readings Maximum acceptable deviation

(N) (Tmax)
3 1.38
4 1.54
5 1.65
6 1.73
7 1.80
8 1.87
9 1.91
10 1.96
15 2.13
20 2.24
25 2.33
50 2.57
100 2.81

300 3.14

500 3.29

1000 3.48

5000 3.89
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