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A FEEDBACK STAR IDENTIFICATION ALGORITHM
VIA REGULARIZED PATTERN RECOGNITION
USING A UNIQUE FEATURE EXTRACTION

SUMMARY

This thesis presents a star identification algorithm integrated with preprocessing. Star
sensors, which are highly reliable for attitude determination use of spacecrafts and
satellites, relies on star identification algorithms. The star identification algorithm
proposed in this study is capable of functioning either in lost-in-space method or
recursive method. Both methods utilize a unique feature extraction scheme. This novel
approach of feature extraction method extracts a single vector from each captured
image instead of treating each star as a separate object. This cumulative approach
aims to save a significant amount of memory space while taking the entire catalog
into account for elevated accuracy. A database containing stars from the catalog
is constructed using the unconventional features extracted from each corresponding
field-of-view. The databases may differ in size and detail dependent on the parameters
of overlapping ratio and brightness threshold. These parameters have a significant
effect on accuracy and complexity of the method. The method aims to estimate the
inertial boresight vector and the rotation angle about it. This is a novel approach that
is carried out by matching frames but not matching individual stars, star pairs, star
triangles or star polygons. Both star identification methods rely on pattern recognition
and regularization successively. First, a 1NN classifier is used to perform a coarse
estimation with limited accuracy specified by the characteristics of the database with
predetermined parameters. The coarse estimation is exactly the database vector that is
most similar to the observation vector. Subsequently, a dictionary is generated using
the neighbor database vectors of the most similar database vector. The final estimation
is obtained by conducting a regularization method for fine estimation. A solution
coefficient vector is yielded through regularization. The estimates of boresight vector
and rotation angle are retrieved using the solution coefficient vector. This is the output
of the lost-in-space star identification method. Since the lost-in-space algorithm is very
sensitive to false stars, an additional false star filtering algorithm is developed. This
algorithm is based on density-based clustering. A disparity list is created using two
successive image frames. After estimating true stars by implementing density-based
clustering on the disparity list, false stars are removed. Using the successive frames
containing only estimated true stars, an affine transformation matrix is obtained
by a regression analysis procedure. In order to overcome the issues tackling the
lost-in-space star method, the recursive star identification method is developed. Apart
from the algorithmic structure taken from the lost-in-space method, it possesses an
update mechanism that ensures usage a much smaller portion of the database to reduce
computational complexity and average run time. Also, the false star filtering avoids
sensitivity to false stars. Thus, the integrated algorithm not only increases accuracy but
also reduces computational complexity and average run time. The performance of the
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proposed algorithms is evaluated in a simulation environment also developed within
scope of this study. The simulation environment allows generation of image frames
with given sensor parameters and database information. It also allows realization of
different noise scenarios including all types of noise. Camera motion can be simulated
with random or biased iterations. After conducting a number of experiments to specify
the optimal parameters to be used in different steps of the algorithms, a vast number of
experiments are carried out to evaluate the algorithm performances. the performance
of lost-in-space star identification is statistically evaluated by means of error plots,
precision rate curves and identification rate curves. And, complexity analysis is
carried out by measuring database size and average run time. It is observed that
accuracy increases by using databases with larger overlapping ratio but compromises
complexity. The proposed algorithm outperforms state-of-the-art methods in terms
of accuracy but lacks behind in terms of database size and average run time. After
optimal parameter selection, the performance of false star filtering is evaluated by
means of confusion matrix and statistical indicators while the algorithm for camera
motion estimation is evaluated through distance error measurement. Both algorithms
show superior performance. The recursive star identification algorithm is also subject
to experiments for optimal parameter selection. After selecting optimal parameters of
error threshold and scan region, it is compared to the lost-in-space star identification
method in terms of accuracy and complexity. It is concluded that memory usage and
run time is dramatically decreased without compromising accuracy. Besides, the issue
of false star sensitivity is resolved. Nevertheless, the algorithm is still sensitive to
missing stars. The studies continue to extend the false star filtering algorithm also
to detect missing stars. Since the algorithm is based on features obtained using the
whole field-of-view, a big object blocking the field-of-view incurs missing stars so
that accuracy is significantly deteriorated. Thus, apart from the sun, the moon also
impairs the proposed method when comes into view. The proposed method is also
being developed to overcome this issue by splitting the field-of-view into smaller
portions. Finally, the proposed method has a number of procedures dependent on
parameters. Therefore, the whole process is highly dependent on parameters. This
allows flexibility if the procedure is thoroughly followed. Many following studies
are planned to be carried out to investigate each parameter’s effect on reliability and
complexity.
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OZGUN OZNITELIKLER ILE
REGULARIZASYON VE ORUNTU TANIMA TABANLI
GERI BILDIRIMLI YILDIZ TANIMA ALGORITMASI

OZET

Bu calismada, ©n isleme ile entegre edilmis bir yildiz tamima algoritmasi
sunulmaktadir. Uzay araglar1 ve uydularin yonelim belirleme amagl kullaniminda
oldukca giivenilir olan yildiz izleyicileri; giines sensorii, ufuk sensorii ve manyetizma
sensOrii  gibi cihazlara gore c¢ok daha yiiksek dogruluk saglar.  Bu sebeple
yiiksek hassasiyet gerektiren uzay gorevlerinde kullanilan baglica yonelim belirleme
cihazlarindandir.  Yildiz izleyiciler, yildiz tanima algoritmalarina dayanmaktadir.
Bu calismada oOnerilen yildiz tanima algoritmasi hem ©On bilgisiz yontemle hem
de Ozyinelemeli yontemle calisabilmektedir. Her iki yontemde de benzersiz bir
oznitelik ¢ikarim kullanilmaktadir. Oznitelik ¢ikarimindaki bu yeni yaklagim, her
bir yildiz1 ayr1 bir nesne olarak ele almak yerine, c¢ekilen her goriintiiden tek
bir vektor ¢ikarmaktadir. Oznitelik ¢ikarim isleminde sensor 6zellikleri belirleyici
olmaktadir. Oznitelik vektorii; her goriintii karesinden elde edilen tekil nesnenin
parlaklik, konum ve yildiz sayisi bilgisini icermektedir. Bu kiimiilatif yaklasim,
yiiksek dogruluk saglamak icin tiim katalogu hesaba katarken ©nemli miktarda
bellek alanindan tasarruf etmeyi amacglamaktadir. Katalogdaki yildizlari iceren bir
veritabani, ilgili her bir goriis alanindan cikarilan geleneksel olmayan Oznitelikler
kullanilarak olusturulur. Veritabanlari, 6rtiisme orani ve parlaklik esigi parametrelerine
baglh olarak boyut ve ayrinti bakimindan farklilik gosterebilir. Bu parametreler
yontemin dogrulugu ve karmagiklig1 iizerinde 6nemli bir etkiye sahiptir. Gozlem
Oznitelik vektorleri elde edilirken de ayn1 6znitelik ¢cikarim yontemi kullanilmaktadir.
Yontem, eylemsiz eksende dogrultu vektoriinii ve bu vektor etrafindaki doniig acisinin
kestirimini yapmayr amaglamaktadir. Bu, ayr1 ayn yildizlar, yildiz ciftlerini,
yildiz ticgenlerini veya yildiz poligonlarim eglestirmek yerine goriintii ¢ercevelerini
eslestirerek gerceklestirilen yeni bir yaklasimdir. Her iki yildiz tanima yonteminde de
ardigik olarak Oriintii tamima ve regiilarizasyon yontemleri kullanilmaktadur. Ilk olarak,
onceden belirlenmis parametrelerle veritabaninin ozellikleri tarafindan belirlenen
sinirl dogrulukla kaba bir kestirim gergeklestirmek icin bir INN smiflandirici
kullanilir. Kaba kestirim tam olarak gézlem o6znitelik vektoriine en ¢ok benzeyen
veritaban1 Oznitelik vektoriidiir.  Daha sonra, benzerligi en yiiksek veritaban
Oznitelik vektoriine komsu olan veritabani1 6znitelik vektorleri kullanilarak bir sozliik
olusturulur. Nihai kestirim, ince kestirimden elde edilen sonuctur. Bu kestirim
sonucu bir regiilarizasyon yontemi uygulanarak elde edilir. Regiilarizasyon ile bir
cozim katsayis1 vektorii elde edilir. Dogrultu vektorii ve doniis agis1 kestirimleri
coziim katsayis1 vektorii kullanilarak elde edilir. Bu vektor, on bilgisiz yildiz
tanima yonteminin sonu¢ ¢iktisidir. On bilgisiz yildiz tanima algoritmasi yalanci
yildizlara kars1 ¢ok hassas oldugundan, ilave bir yalanci yildiz filtreleme algoritmasi
geligtirilmigtir. ~ Bu algoritma bir gbzetimsiz Ogrenme yoOntemi olan yogunluk
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tabanli kiilmeleme yontemine dayanmaktadir. Birbirini izleyen iki goriintii ¢ergevesi
kullanilarak bir fark listesi olusturulur. Bu fark listesi iizerinde yogunluk tabanl
kiimeleme yontemi uygulanarak gercek yildizlarin kestirimi yapildiktan sonra yalanci
yildizlar filtrelenir. Sadece kestirimi yapilan gercek yildizlar igeren ardisik cerceveler
kullanilarak, bir regresyon analizi prosediirii ile bir ilgin doniisiim matrisi elde edilir.
Ek olarak, on bilgisiz yildiz tanima yonteminde karsilagilan sorunlarin listesinden
gelmek igin 6zyinelemeli yildiz tamima yontemi gelistirilmistir. On bilgisiz yildiz
tanima yonteminden alinan algoritmik yapinin yani sira, hesaplama karmasikligini ve
ortalama calisma siiresini azaltmak icin veritabaninin ¢ok daha kii¢iik bir kisminin
kullanilmasii saglayan bir giincelleme mekanizmasi 6zyinelemeli yildiz tanima
algoritmasina entegre edilmistir. Ayrica, yalanci yildiz filtrelemesi, yalanci yildizlara
kars1 hassasiyetin giderilmesini saglamistir. Bdylece, tam entegre algoritma sadece
dogrulugu artirmakla kalmamis, ayn1 zamanda hesaplama karmasikligini ve ortalama
calisma siiresini de azaltmistir. Onerilen algoritmalarin performansi, yine bu ¢alisma
kapsaminda gelistirilen bir simiilasyon ortaminda degerlendirilmigstir. Simiilasyon
ortami, verilen sensOr parametreleri ve veritabani bilgileri ile goriintii ¢ercevelerinin
olusturulmasina izin vermektedir. Ayrica, tiim giiriiltii tiirlerini iceren farkli giiriiltii
senaryolarinin gerceklestirilmesi de bu simiilasyon ortaminda miimkiindiir. Kamera
hareketi rastgele veya egilimli iterasyonlarla simiile edilebilmektedir. Algoritmalarin
farkli adimlarinda kullanilacak en uygun parametreleri belirlemek i¢in bir dizi deney
gerceklestirilmistir. Yildiz tanima algoritmalarinda farkli veritabanlar1 kullanilabilir.
Bu veritabanlar1 parlaklik esik araligi ve goriis alan1 gibi sensor parametrelerine ve
algoritmaya 6zgii bir parametre olan Ortiisme oranina bagh olarak farkli 6zellikler
kazanabilir. Bu parametrelerin farkli degerleri i¢in veritabanlarinin kestirim sonucuna
etkisi incelenmigtir. SensOr parametrelerinden bagimsiz olarak Ortiisme oraninin
oldukca belirleyici oldugu ve bu oran arttikca dogruluk artis gozlenirken hesap
karmagikliginda da artis gbzlemlenmistir. Bunun yaninda regiilarizasyon parametreleri
de uygun sekilde secilmistir. Yalanci yildiz filtreleme algoritmasinda uygulanan
yogunluk tabanli kiimeleme yonteminin parametrelerinin se¢ilmesi i¢in ayr1 deney
setleri gerceklenmis ve filtreleme algoritmasina uygun parametre degerleri dinamik
olacak sekilde belirlenmistir. Ozyinelemeli yildiz tanima algoritmasinda kullanilan
parametrelerin kestirim sonucuna olan etkileri incelenmistir. Bu parametrelerden biri
olan yeniden olusturulmus gozlem 6znitelik vektoriiniin kestirim sonucuna etkisi farkl
giiriiltii kosullar altinda gerceklestirilen simiilasyon deneylerinde incelenmistir. Buna
gore bu algoritmada kullanilacak giincelleme mekanizmasinda bu hata parametresinin
bir esik degerine gore durumuna gore bir tetikleme modelinin gelistirilmesi uygun
goriilmiistir. Bunun yaninda veritabaninin kiiciiltiilmesi amaciyla kamera hareket
kestiriminden alinan sonuglarin mesafe hatalarina gére dogruluk ve tutarlilik ayrintil
bir sekilde incelenmistir.  Buna gore kiiciiltiilmiis veritabaninin konumu ve
biiyiikliigii bu kestirim sonuclarindan faydalanilarak uygun sekilde dinamik olarak
belirlenmistir. En uygun parametreler belirlendikten sonra algoritma performanslarini
degerlendirmek icin cok sayida deney gerceklestirilmisti. ~ On bilgisiz yildiz
tanima performansi, hata grafikleri, hassasiyet orani egrileri ve tanima orani egrileri
aracilifiyla istatistiksel olarak degerlendirilmistir. Bu simiilasyon deneyleri kestirim
sonuglariin e8ilim kazanmasinin engellenmesi i¢in veritabaninin en fazla bolgesinin
kullanilmasi ilkesine gore gerceklestirilmistir. Ayrica, veritabani boyutu ve ortalama
calisma siiresi Olciilerek karmasiklik analizi yapilmistir.  Daha biiyiikk ortiisme
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oranina sahip veritabanlar1 kullanildiginda dogrulugun arttig1 ancak karmasikliktan
odiin verildigi gozlemlenmistir. Onerilen 6n bilgisiz yildiz tanima algoritmas,
dogruluk acisindan son teknoloji yontemlerden daha iyi performans gosterirken,
veritaban1 boyutu ve ortalama ¢aligma siiresi acisindan geride kalmaktadir. Optimum
parametre seciminden sonra, yalanci yildiz filtreleme yOnteminin performansi
karisiklik matrisi ve istatistiksel gostergeler araciligiyla degerlendirilirken, kamera
hareket kestirimi yonteminin performans degerlendirmesi i¢in mesafe hata Sl¢limii
kullamlmustir. Her iki algoritma da iistiin performans gostermektedir. Ozyinelemeli
yildiz tanima algoritmasinda hata esigi ve tarama bolgesi i¢in optimum parametreler
secildikten sonra, dogruluk ve karmasiklik agisindan ©n bilgisiz yildiz tanima
yontemiyle performans ve karmagiklik bakimindan kargilastirilmistir. Giincelleme
mekanizmasinin tetiklenme modeli ayrintili bir sekilde incelenmistir. Deneyler,
farkli giiriiltii senaryolar1 kullanilarak farkli yildiz tanima ve veritabani parametre
degerleri i¢in tekrarlanmistir. Hassasiyet orani egrileri ile dogruluk analizi yapilirken
karmasiklik analizi ile kullanilan bellek miktar1 ve calisma siiresi hesaplanmistir.
Buna gore dogruluktan 6diin vermeden bellek kullaniminin ve c¢alisma siiresinin
onemli Olciide azaltildigi sonucuna varilmistir. Ayrica, yalanci yildiz hassasiyeti
sorunu da ¢oziilmiistiir. Bununla birlikte, algoritma hala eksik yildizlara karsi
hassastir. Yalanci yildiz filtreleme algoritmasinin eksik yildizlar1 da tespit edecek
sekilde genisletilmesi i¢in ¢alismalar devam etmektedir. Algoritma tiim goriis alani
kullanilarak elde edilen 6zelliklere dayandigindan, goriis alanini engelleyen biiyiik
bir nesne eksik yildizlara neden olmaktadir ve bdylece dogruluk onemli olciide
bozulmaktadir. Dolayisiyla, glinesin yani sira ay da goriis alanina girdiginde 6nerilen
yontemi bozmaktadir. Onerilen yontem, goriis alanim daha kiiciik pargalara bolerek
bu sorunun iistesinden gelebilecek sekilde gelistirilmektedir. Son olarak, Onerilen
yontemde parametrelere bagl bir dizi prosediir bulunmaktadir. Bu nedenle, tiim
siire¢ biiylik dlciide parametrelere baghdir. Bu durum, prosediiriin yeterince dikkatli
bir sekilde takip edilmesi halinde esneklik saglamaktadir. Her bir parametrenin
giivenilirlik ve karmagiklik tizerindeki etkisini arastirmak icin bir¢ok miiteakip ¢alisma
yapilmas1 planlanmaktadir.
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1. INTRODUCTION

The research problem is stated in detail so that the purpose of this thesis is completely
comprehended. An extensive literature review is provided for the reader to conceive

the proposed methods and follow the given results within the context of the study.

1.1 Problem Statement

This thesis aims to propose a solution for star identification problem. There are
studies that propose solutions based on either pattern-based or isomorphism-based
structures. The type of the star identification algorithm has impact on the performance
including accuracy and robustness to noise. Considering that the performance of
a star identification algorithm is also dependent on noise, the proposed algorithm
also offers a false star filtering. The LSI algorithm comes up with a novel feature
extraction method by handling the whole image frame as a single object rather than
conventionally processing each star objects. Besides, the estimation is based on two
stages, including coarse estimation and fine estimation, respectively carried out by
the procedures of pattern recognition and regularization. On the other hand, the
preprocessing scheme aims at false star filtering since the proposed algorithm is very
sensitive to false stars. The outputs of the filtering algorithm are also used to estimate
camera motion. The outputs of the camera motion estimation are provided to the star
identification algorithm so that the RSI algorithm is achieved by integrating an update
mechanism into the LSI algorithm. This allows reducing computational complexity

without compromising accuracy boosted through false star filtering.

1.2 Purpose of Thesis

This thesis presents an autonomous and adaptive star identification algorithm. The
algorithm operates in two modes including the lost-in-space mode and the recursive

mode. It can switch between two modes by means of a feedback mechanism. The



LST algorithm is based on a cascade structure combining a pattern recognition method
and a regression method [1]. The pattern recognition method is used to generate a
dictionary that is used by the supervening regression method to make the final attitude
estimation. The RSI method is also based on the same scheme as the LSI method
except that it exploits an additional FSF method [2] developed within the scope of
this thesis. The FSF method, in addition to filtering false stars to increase accuracy,
provides the RSI algorithm with affine transformation parameters yielded by the CME

method, enabling it to work on a much smaller subset of the whole database.

This thesis aims to ensure attitude determination with higher accuracy compared
to state-of-the-art methods in real-time implementation by decreasing computational
complexity via improvements in star detection and star identification. = The
preprocessing phase of the algorithm includes denoising and removal of dead pixels
and non-stellar objects after detection of stars in order to import the objects that are
most likely to be stars to the star identification process, which increases accuracy and
lessens computational burden. The star identification algorithm is designed to employ
a pair of methods including dictionary-based star matching and motion estimation,
thus expected to maintain higher accuracy with less amount of computation. The
dictionary-based star matching method is a lost-in-space application whereas the
motion estimation requires a priori information yielded by the former method. An
integral simulation medium that provides centroid and brightness of the detected stars
is designed. The simulation medium allows star detection and star identification by
offering the necessary parameters and tools. The input images are to be simulated
by using parameters of a specific CCD image sensor including resolution and FoV,
by assuming that the FoV of the sensor is arbitrarily directed to the sky. The
simulated input images are to be also subject to noise addition, including position
noise, magnitude noise and other types of noise. The developed algorithm is to be
compared with the state-of-the-art methods in terms of rate of identification, runtime,
size of data storage, rate of false positive, resistance against false identification,
resistance against missing identification, resistance against position noise, resistance

against magnitude noise and computational complexity. The comparison is based on



the performance measured in terms of accuracy, time, computational complexity, and

cost.

1.3 Literature Review

The accuracy level of attitude determination in space missions is of critical importance
in maintaining the functions of the spacecraft such as communication and power
supply, and often in the success of the mission payload. Accordingly, in recent
years, in parallel with the developments in spacecraft technology, the number of
researches for high-accuracy attitude determination has increased. Among various
attitude determination methods, star sensors stand out with their high accuracy due to
developments in electronic and optical technologies. With advances in technology and
downsizing of technical staff, low-cost cubesats are increasingly used more widely.
Similar trends allow star sensors to become available on cubesats. One of the most
important components of star tracking systems is the star identification algorithm,

which has a high data processing load.

1.3.1 Star sensor as a spacecraft component

Astronomical attitude determination has helped mankind take "giant leaps" throughout
history. Many devices have been invented for such use throughout ages, and their
accuracy has been improved constantly. The commencement of the space age in
the 1960s made astronautical attitude determination gain even more key importance
since attitude determination is an essential necessity for space missions. Scientific
payloads requiring high accuracy have triggered research for even more accurate and
precise attitude determination capabilities. The devices used for attitude determination
in spacecraft or satellites include sun sensors, earth horizon sensor, magnetometer,
gyroscope and star sensors. Star sensors, of interest to this thesis, basically aim to
make attitude determination by matching some images captured by a CCD to the
reference stars obtained from a reference star catalog. Star sensors provide the most
accurate attitude determination results at any point independent from any celestial body

including earth and sun. Also, their capability of autonomous operation makes them



the most convenient attitude determination sensor for far space missions. However, the

significant advantages lead to higher complexity and cost.

In recent years, significant advancements have occurred in star sensor technology,
particularly concerning automation and technical capabilities. Progress in key
components like microprocessors, optical systems, and algorithms has greatly
enhanced the precision of attitude determination. Nonetheless, the demand for
attitude accuracy has intensified, driven by requirements for improved communication,
high-resolution tracking, and other applications [3]. Various sensors can be used
to determine a spacecraft’s attitude, with star sensors increasingly favored for their
unparalleled accuracy. Sun sensors offer advantages such as light weight, low
power consumption, and affordability, but they are inactive without sunlight and
provide limited accuracy. Horizon sensors, suitable for near-earth satellites, boast
ease of analysis and integration with other sensors but suffer from limited accuracy,
low-precision reference pointing, and higher costs. Magnetometers present a low-cost,
low-power option for low-altitude Earth orbits, yet they are hampered by limitations
in magnetic field modeling, resulting in reduced accuracy and imprecise reference
pointing. Gyroscopes excel in providing highly accurate attitude data for short periods
and are spatially independent, but they are expensive, necessitate another sensor for
initial calibration, and introduce error accumulation over time. Star sensors, though
complex and costly, offer superior accuracy and can function independently without

requiring additional space or auxiliary sensors [4].

An increase in use of CubeSats for space missions has been increasing the level of
space accessibility. A demand of high accuracy settles attitude determination and
control systems, which CubeSats rely on for a successful mission, into a vital role.
The star sensor is a component of attitude determination for a spacecraft. Its capability
of high accuracy makes it a prominent choice in attitude determination as the space
missions require higher and higher accuracy in the long run. Attitude determination
comprises the steps including star detection and centroiding, star identification and
attitude determination. Star identification is the key process within the implementation
of attitude determination, which is simply the process of identification of stars within

a given frame of observation captured by the star sensor with reference to a star



catalogue, thus transforming an observed body vector into a vector defined in an
inertial frame, ready for use by the spacecraft since the Newtonian dynamics are
applicable in an inertial frame. In advance of star identification, a chosen method is
employed to detect stars and implement centroiding, which is required to satisfy high
accuracy as it provides the successive star identification algorithm with information of
star body vectors. Accuracy may vary with regards to the properties of the star sensor
such as FoV, resolution and saturation sensitivity. ADCS is vital for a spacecraft, which
has led to development of many devices and algorithms to obtain this information,
namely attitude determination. Besides many devices and methods that help determine
attitude, star sensors offer the most accurate estimation of attitude [3] thanks to the
sophisticated attitude determination algorithms they rely on, which are, in particular,
utilized not only for attitude determination, but also for other spacecraft-related tasks
including estimation of angular velocity [5], space surveillance through estimation
of orbits of nearby objects [6,7], space navigation in interplanetary trajectories [8]
and positioning on an extraterrestrial celestial body [9,10]. The pointing accuracy of
some of the state-of-the-art ADCS systems are listed in a study aiming to investigate
different CubeSat missions in this regard [11], in which the pointing accuracy is given
as 0.4°, 0.008°, 0.2°, 0.002° and 0.013° respectively for the ADCS models TUD,
1ADCS-100, CubeADCS, XACT and MAI-400. Furthermore, the pointing accuracy
is shown to be 0.1° for ARCUS ADC, 1° for iADCS-200 and -400 and CubeADCS
3-Axis Small, Medium and Large, 0.007° for XACT-15, -50 and -100 and Flexcore,
0.5° for CubeADCS 3-Axis Small, Medium and Large with Star Tracker, and 5° for
CubeADCS Y-Momentum in the given report [12].

The European Space Agency’s published standards offer guidance for both currently
employed and in-progress star sensor systems [13]. This comprehensive manual
establishes terminology and technical specifications, delineating the performance and
specific aspects relevant to star sensor functionality. It serves as a structured and
systematic reference for industry practitioners. Contained within this standards manual
are performance specifications and evaluation criteria for star sensor components,
capabilities, types, reference axis set, environmental factors (e.g., temperature,

radiation), lighting conditions (dynamic and diffuse), and standard functional



interfaces. The model used to characterize star sensor capabilities comprises three
primary units: an image capture unit, a detection unit, and a data processing unit. The
image capture unit gathers photons from celestial objects within the star sensor’s FoV,
directing them to the detection unit. Here, photons are converted into electrical signals,
subsequently transmitted to the data processing unit for attitude estimation [14]. Refer

to Figure 1.1 for a visual depiction of these units.
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Figure 1.1 : Star sensor model.

As per the standards guidance [13], simulations serve as efficient means to verify
performance metrics. Through a series of simulations, results can be statistically
analyzed to estimate performance. However, due to the limited nature of simulation
sets, the accuracy of performance estimates depends on the number of simulations
conducted. Performance conditions for the statistical set should be established
considering worst-case scenarios, including plate temperature, radiation flux, and
exposure to various light sources such as solar, lunar, terrestrial, and planetary within
specified ranges. Maximum angular velocity and acceleration magnitudes should be
utilized, with worst-case projections defined accordingly in the direction reference axis
set. Simulations should demonstrate the impact of individual star errors on overall
accuracy. Based on validation and overall performance criteria, probabilities of correct,
incorrect, and invalid attitude determinations should be determined for autonomous
attitude determination, accounting for all possible initial attitudes within a defined

region of the sky. An autonomous star sensor is expected to maintain operation, even



with reduced performance, under non-nominal conditions, such as when non-stellar
objects such as the moon, planets, artificial satellites or cometary dust enter its FoV. In
addition, tracking is expected to be maintained in the event of a solar flare. High-energy
protons emitted during a solar flare interact with the pixel imaging field. Each proton
can affect hundreds of pixels, leaving an electron trail at various signal levels. This
effect can be precisely quantified if the direction and energy of the incoming particles
and the sensitivity of the pixels are known. The orbital and space radiation model used
and the requirements for its use must be provided to determine the level of perturbation.
The orbital model is important because the solar flare flux scales with the square of the

distance to the sun.

1.3.2 Star identification algorithms

A star sensor processes an observation captured by a camera onboard the spacecraft to
match it with a catalog after being converted to an expression of body vector, thereby
estimating an inertial vector pointed by the FoV of the camera. This process is called
autonomous star identification, which helps determine attitude of a spacecraft. A
study [14] splits star identification algorithms into two distinct categories, including
LSI algorithms and RSI algorithms. While the latter technique is dependent on a priori

information regarding attitude, the former technique requires no such information.

Star identification is, in fact, a subprocess of attitude determination carried out by
use of a star sensor, comprising image acquisition and filtering, star identification
and attitude estimation and filtering [3]. This scheme is illustrated in Figure 1.2.
More clearly, star identification is an intermediary step between both end of the
attitude determination, which intakes body vectors and yields inertial vectors. Plus,
it also involves its peculiar steps including feature extraction, database search and
error checking. The step of feature extraction intakes body vectors of the whole or
partial set of stars and derives their selected features by using their specific properties
such as brightness and position to output feature vectors. The step of database search
intakes features extracted in the previous step to output the possible matches with
the catalog in a given probabilistic manner depending on the algorithm. The step of

error checking intakes possible matches to output inertial vectors. The complicated



mathematical nature of the star identification process requires more time and energy.
Time and energy are of great importance for a space mission besides high accuracy.
Thus, it is crucial that star sensors provide attitude determination results within the
shortest time interval by consuming the least amount of energy without compromising
on accuracy to accomplish space missions which require a huge amount of financial
and labor investment. This thesis aims to develop a star identification algorithm that
allows the operation to be completed within a shorter time without compromising on
accuracy thanks to improvements and innovative approaches. This would allow the
ADCS of a spacecraft to operate real-time with high accuracy when equipped with a
star sensor using the algorithm developed. The parametric nature of the algorithm, as
well, allows the features including resolution and FoV to be expressed in the process
to make it customizable to any CCD image sensor, which sustains flexibility and

cost-effectiveness.

The limited electrical power sources of a spacecraft, which is the case particularly
in small satellites including cubesats that are used for several purposes such as
education, Earth remote sensing, science and defense [15]. Besides, the limited
amount of time required to make an estimation accurate enough to meet the given
criteria and constraints compel researchers to develop star identification algorithms
with less computational complexity without compromising accuracy which is vital for
telecommunications [ 16], energy harvesting [17] and payload functions [18,19] in most
cases. Considering that small satellites, particularly as they have been evolving into
cubesats, are employed in various superior-technology-demanding missions including
interplanetary missions [20]-[23], on-Earth-orbit [24]-[26] missions and interstellar
missions [27] because of their capability of low-cost production in a short period of
time, star sensors are gaining importance to acquire higher accuracy with lower power

consumption and less weight.

The sub-processes of the star identification algorithm is illustrated in Figure 1.2. The
inputs to the star identification algorithm can include the object vector, accuracy,
and brightness of the stars detected in the image. These inputs are generated and
transmitted by the star detection and centroiding algorithm, which identifies stars in

the image and pinpoints their positions with sub-pixel accuracy. Absolute brightness



Star
Catalog

Feature Extraction

[ /
[ (
Database

_

] [ — )
/ /

/ / /

I / /Observation/
Centroiding -/Body Vector/—»/
/ / /

/

Matching [ Attitude Estimation

Star
Detection

Preprocessing

Observed Star —
Image

/ / /
J L

Feature Extraction

Figure 1.2 : Basic process of star identification.

measurements can be misleading due to noise in the input image, so using the relative
brightness of stars in relation to each other yields more accurate results. In the
star identification algorithm, position and brightness information are used to extract
features. These features are then matched with the star tracker database using the
relevant algorithm. The match with the lowest solution error probability is accepted as
correct, and the reference inertial vectors of the stars in the image are determined. If
no match is found, the identification is considered invalid. A false positive, where an
incorrect match is accepted as valid, can severely impair the spacecraft’s operational
capability. Therefore, it is preferable to declare the identification invalid rather than
risk a false positive. Once the star identification process is completed without prior
knowledge, the system can transition to recursive identification methods. These
methods use the previously obtained attitude estimation for faster processing. An
estimator, such as the Davenport g-method [28,29], QUEST [30,31], FOAM [32],
ESOQ [33,34], or SVD [35], is then used to determine the rotation angle between the
reference inertial vectors from the star identification algorithm and the body vectors

[36].

A star catalog is integrated into the star sensor’s database prior to its usage onboard
the spacecraft’s ADCS. It is crucial to select a guide star catalog suitable for the
mission. Stars within the catalog are encoded as vectors by parsing the attributes
essential for algorithmic use. During the mission, the center of mass of the captured

star image, acquired through the optical elements and the CCD detector, is measured



with sub-pixel precision. Subsequent to this, the star identification process, based
on matching feature vectors extracted from test images with those in the catalog,
can be implemented. This can be achieved through improved triangle algorithms
utilizing angular distances, triangle patterns, radial and cyclic star patterns, log-polar

transformation, or artificial neural networks [3].

In a study [14], star identification algorithms were categorized into two groups. The
first group comprises lost-in-space algorithms that operate without prior knowledge,
while the second group consists of recursive algorithms requiring prior information
but offering enhanced efficiency. The feature extraction phase of the star identification
algorithm is further subdivided into two categories: subgraph isomorphism-based
feature extraction and pattern-related feature extraction [37]. In the former, stars
are treated as vertices of a subgraph, with angular distances between stars defining
edge weights. The stars are identified when the corresponding subgraph is matched
from the database. Algorithms employing this approach include the polygon angular
matching algorithm [38], the triangle algorithm [39], the color matching algorithm
[40], the group matching algorithm [41], and the pyramid algorithm [42]. In the latter
category, each star is associated with a neighboring star based on its relative position,
and the closest match to the measured pattern is sought in the pattern database.
These algorithms encompass the grid algorithm [43], SVD method [44], Log-Polar
transformation algorithm [45], hidden Markov model-based algorithm [46], genetic
algorithm-based identification algorithm [47], K-L transform algorithm [48], ordered
set of points algorithm [49], labeling technique algorithm [50], and star identification
algorithms based on Euclidean distance transform, Voronoi mosaics, and k-nearest

neighbor classification [51].

A crucial component of the star identification algorithm is its integrated database,
which includes star attributes necessary for identification. This database is sourced
from established catalogs such as Hipparcos [52] and the Bright Star Catalog [53],
containing the positions and brightness of stars across the galaxy. Parameters
derived from this data contribute to star identification, emphasizing the importance of
establishing a database that allows for rapid and efficient access to these parameters.

During database generation, consideration must be given to the characteristics of the
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star detection sensor. The sensor’s capability to detect stars above a certain brightness
threshold dictates that only stars surpassing this threshold should be included in the
algorithm, minimizing processing load [37]. The distribution of stars across the
sky is non-uniform, varying greatly within different regions of the sensor’s FoV. To
ensure uninterrupted attitude determination, the database must guarantee the detection
of a minimum number of stars in any sky orientation within the sensor’s FoV,
enabling the algorithm to function effectively. The size of the database is closely
linked to the sensor’s FoV. While there’s no strict requirement for the database size,
considerations of scanning methods and star patterns guide its generation to ensure

optimal functionality.

The computational complexity of star identification algorithms is mostly determined
by the number of stars in the star catalog used, the average number of stars captured
in the FoV of the camera and the number of stars in a pattern depending on the
type of algorithm. The first star sensor based on a CCD was developed by [54],
after which many researchers were involved in studies focused on development and
implementation of algorithms that would be able to make real-time star identification.
A couple of years later, an algorithm was developed based on patterns derived from
angular features of stars in a database selected from a given catalog, which could
successfully identify star triplets despite its limitation to perform in real-time due to
the need for a priori information of attitude and despite its poor rate of estimation
update lagging far behind requirements [55]. In the following years, more researchers
were focused on the subject to develop faster algorithms by reducing computational
complexity, as based on sorting of sides of triangles formed by combining angular
separation of stars [56], area of such triangles and sum of star luminous magnitudes
[57] as well as proposal of a permutation matrix addressing the order of star triplets
and choice of pattern parameters independent of the selection order of stars [58].
Next, a morphological approach was employed to implement a lost-in-space solution
to the problem in real-time, which makes use of angular separation between a pivot
star and two closest stars to it and the angle between two lines corresponding to
those angular separations and neglects luminous magnitudes, and the computational

complexity of which is constrained by both the number of stars in the FoV and the
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number of stars in patterns in the feature extraction process with a possibly reduced size
of database [39]. Later on, other studies tried to improve this morphological approach.
Some of them took into account luminous magnitude of stars by also integrating more
complicated patterns of angular separation and dynamic listing of features [59], a
sequential filtering algorithm [60], while some focused on database search problem
by implementing binary search tree [61], search-less algorithm [62], k-vector search
[63], pyramid algorithm [42] and bit-by-bit linear database search [64]. Besides,
additional algorithms were developed by means of improvements in the phases of
feature extraction and database search including a grid algorithm based on star pattern
recognition [43], use of neural with a very fast feature extraction process despite the
computational burden due to massive amount of parallel layers networks [65,66]. On
the other hand, another star identification approach robust to calibration errors was
developed [67], which used the angles between the lines of angular separation within
a triangle formed by star triplets instead, in order to eliminate variations due to change
in temperature, making it appropriate to use to recalibrate camera. Similarly, another
study published an approach robust to errors occurring in CMOS active pixel sensors
by using only one of angles within a triangle formed by a star triplet [68]. Furthermore,
an RSI method [69] was implemented to reduce process time by means of either

k-vector method or star neighborhood approach.

One study [70] introduced an LSI algorithm combining an algorithm using extended
images with combined images for feature extraction and group catalog for catalog
search by claiming them to be more effective for robustness to various errors,
where HIPPARCOS/TYCHO star catalog [71] is used to compare star neighborhood
approach [69] and group catalog approach [72]. Another study regarded LSI
algorithms to be the most critical component of a star sensor system and surveyed
several influential works in the field [73]. The phase of feature extraction was
categorized under two definitions including subgraph isomorphism and pattern
association [43]. In the case of subgraph isomorphism, an isomorphic subgraph
obtained from an observation must be matched with the database within a given
tolerance of similarity. This type of feature extraction has been used by the polygon

angular matching algorithm [38], the triangle algorithm [39], the color matching
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algorithm [40], the group matching algorithm [41] and the pyramid algorithm [42].
The other case involves estimation of the closest match between the pattern obtained
from an observation and the catalog based on relative positioning to neighboring stars,
which has been used by the grid algorithm [43], the SVD method [44], the log-polar
transform algorithm [45], the hidden-Markov model based algorithm [46], the genetic
algorithm based identification [74], K-L transformation algorithm [48], the ordered set
of points algorithm [49], the labeling technique [50] and the voronoi tessellation and

k-nearest classification based algorithm [51].

The SVD algorithm is based on determination of attitude directly without need of
additional steps [44]. This algorithm iteratively performs pattern recognition and
extracts pattern-related features. The process begins by selecting the brightest star
as the reference direction vector, then extracting vectors from four stars within the
FoV. These vectors are parsed, and the obtained singular values are compared to those
in the database. If a match is not found, a different star is chosen as the reference
direction vector. Once a match is successful, the attitude is determined. The method of
oriented SVD of triangles [75] is compared to the grid algorithm [43] and the original
SVD method [44]. The method of oriented SVD of triangles demonstrated superior
performance in handling brightness and position noise, although the original SVD

method is noted for its faster processing speed.

The grid algorithm performs feature extraction for pattern recognition [43]. This
algorithm has weaknesses in handling brightness and position noise. To address these
issues, significant improvements were made in another study [76]. The template
matching part of the grid algorithm, which reduced its robustness to brightness and
position noise, is removed. Instead, a cost function is introduced that considers
the difference between the measured pattern and the database pattern, using the
relative brightness values of the stars as weights. This allows the use of grayscale
signals instead of binary signals, enhancing robustness. Compared to the original
grid algorithm [43], this improved version demonstrated a higher recognition rate in
the presence of brightness and position noise and false stars. However, the increased
computational complexity due to the higher number of stars has slowed the algorithm’s

progress. Further optimizations have been made in the improved grid algorithm [77].
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Radiometric clusters based on the relative brightness of the stars are generated to
reduce the probability of incorrectly selecting the pivot star. Matching classification
errors are minimized by retaining only the two highest-scoring matches for each
direction and ignoring others. The optimal threshold for rejecting incorrect matches
is calculated using Bayesian decision theory. Although the computational complexity
increases due to the number of pivot stars, the robustness to position noise and

non-catalog stars is significantly enhanced.

In the log-polar transform-based star identification algorithm [45], pattern-based
feature extraction is employed. Initially, star patterns are converted from Cartesian
coordinates to polar coordinates. The log-polar transformation generates features
that are invariant to rotation and scale. This is achieved by translating the star
image to position the guide star at the origin. The coordinates produced by the
log-polar transformation are stored in a sparse matrix. By projecting the columns
of this matrix, a vector is obtained, with a size equal to the number of rows in
the matrix. Similar vectors are derived from the stars in the database in the same
manner. This allows patterns to be encoded as sequences, and matches can be searched
using these sparse vectors. When compared to the grid algorithm [43], the log-polar
transform algorithm demonstrated superior performance in handling brightness and
position noise. However, the high computational complexity associated with sequence

matching reduces the algorithm’s speed.

In the adaptive ant colony algorithm [78], in accordance with pattern-based feature
extraction, circles are drawn around the star that has brightness close to the average
value of the stars in an image. The angular distance between all star pairs within this
circle is then calculated. Using these angular distances, the shortest path through all the
stars is determined. Similarly, the shortest paths within the circles are identified in the
database. The binary scanning method continues until a circle is found that matches
the shortest path within the circle in the test image. However, the presence of false

stars can severely distort the feature pattern.

In the image-based identification algorithm [79], the sensor image is compared to

database images by maximizing an objective cost function. Subsequently, a new image
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is created from these coordinates. Similar to the grid algorithm [43], the image is
rotated around a pivot star, with the star closest to the pivot star on the horizontal axis.
Each star is modeled as a Gaussian probability distribution, with variance depending on
system performance and star brightness. The correlation between images is calculated
by multiplying the sensor data image with the database images. The correlation
value, which indicates similarity, is directly proportional to this product. The cost
calculation, which involves cross-correlation between two functions, is made using the
Fourier transform. This process is repeated for all pivot stars in the database. Another
image-based star identification algorithm [80] uses an image processing technique
known as the shortest distance transform. A binary image is converted into a color
map where each pixel is colored according to the nearest star. To ensure accurate
comparison, the sensor image and database images are of equal size, meaning their
FoVs match. Since sensor images may be rotated and translated relative to the database
images, similar to the grid algorithm, the sensor image is adjusted to align with the
database. In this method, the database image is translated to align the center of mass of
a set number of the brightest stars. The brightest stars’ centers of mass are then rotated
and translated to match those in the database, using the smallest angle of rotation.
This is done for all images in the database. During the matching phase with the test
image, a vector containing the distances between stars in the image and those in the
database is extracted. The decision phase uses the sum of these distances and the
number of database stars within two pixels of the image stars to determine similarity.
To streamline the comparison, a threshold is set on distance and angle attributes to
exclude a significant portion of database images. This algorithm is reported to be

highly robust against position noise and false stars.

In the group matching algorithm [41], after selection of a pole star, pairs are formed
with neighboring stars. This method is based on subgraph isomorphism for feature
extraction, and uses angular distances to find matching sets of star pairs. However,
it lacks robustness against false stars and requires high storage capacity. To address
these issues, the pole star algorithm [81] is developed, which combines a subgraph
isomorphism-based approach in the matching phase with pattern-based features to

identify matching candidates. Once a reference star is selected, angular distances of
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all stars located between a lower and upper threshold radius are calculated. Rings are
obtained by quantizing these distances into a set number of circles. A binary vector,
indicating the presence or absence of stars in these rings, is created. The pattern vectors
are merged with all selected reference stars to form a database indexed by binary vector
positions. Each row in the index corresponds to stars matching the generated pattern,
and the count of positively indexed rows for each star is incremented. When this count
exceeds a threshold, the star is identified as a candidate. Subsequent iterations generate
pairs, triangles, and polygons from the candidate stars using subgraph isomorphism
feature extraction until a match is found. This algorithm outperforms Liebe’s triangle
algorithm [39] and the grid algorithm [43] in terms of robustness to brightness and
position noise, though the triangle algorithm is faster. A similar algorithm [64] uses
radial and cyclic attributes, expressing radial attribute patterns in vectors and creating
a database similar to the pole star algorithm. Instead of subgraph isomorphism,
pattern-based feature extraction is used. A bit pattern is generated from cyclic vectors
based on angular distances between the pole star and two other stars. Radial-based
matching is performed for each star, comparing cyclic patterns to candidate stars. This
method, like the original grid algorithm, is sensitive to brightness and position noise
when selecting the initial reference star. Another algorithm [82] incorporates a voting
mechanism in three steps: single matching, iterative scanning, and verification. During
single matching, the angular distance between a pole star and its neighbor is calculated,
and star pairs within proximity to this distance are searched in the database. The voting
score for both stars in each measured pair increases, and when the count exceeds
a threshold, the database star is considered matched. This often results in multiple
star matches, which are iteratively reduced by increasing the threshold proportionally.
In the validation phase, more than four star matches are required. The multi-poles
algorithm [83] uses subgraph isomorphism for feature extraction, matching angular
distances between the pole star and its neighbors to database distances using the
k-vector technique [63]. The pole star and its neighbors are selected from the most
common stars among candidate matches. In the two-step verification, clusters are
compared, and distances checked against the database to eliminate false stars. Lastly,

the dynamic cyclic pattern matching algorithm [75] enhances robustness to false stars
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during pole star selection. Pattern vectors are obtained using discrete center angles and
compared with database vectors to produce a similarity score. The false star effect is

mitigated through a validation step similar to the multi-poles algorithm.

Deep learning-based algorithms currently face challenges with hardware complexity
due to their dense parallel processing requirements, making them less feasible for
star identification tasks. However, advancements in processor technology enables
the use of deep learning in space applications. RPNet [84] is a representative
learning-based star identification network that uses pattern-based features to convert
the angular distances between a guide star and its neighboring stars into discrete values,
forming the input set. This pattern is generated in a multidimensional space using an
encoder-decoder structure. The encoder and decoder are trained with artificial star
images. Once the encoder is trained, the classifier is trained using the encoder’s
outputs. Compared to the grid algorithm [43], RPNet excels in handling false stars
and brightness and position noise. It also boasts a fast analytical performance despite
a large FoV. However, it does not reduce the storage space required for the database,

and the neural network itself has a substantial memory footprint.

In this work, a novel dictionary-based star identification method is proposed [1]. The
method is based on a star identification algorithm which blends pattern recognition
and regularization using an unconventional set of feature vectors. Accordingly,
a set of feature vectors is created to construct a database and obtain observation
feature vectors. Unconventionally, feature vectors are based on neither graphical nor
morphological features, but rather a single object is constructed for each observation
frame comprising several features. Thereby, a cumulative approach is developed,
by which the computational complexity could be reduced significantly thanks to less
amount of feature vectors. A database is constructed using the given process of feature
extraction, which is used in a dictionary-based matching method. The database feature
vector, which has the highest similarity with the observation feature vector, is detected
by means of the 1NN classifier, a simpler version of KNN classifier. The 1NN classifier,
which was initially proposed in early studies [85,86], has been used and improved
in several star identification algorithms [43,49,51,87]. The similarity is measured

using Euclidean distances between the observation feature vector and database feature
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vectors. Within the 1NN classifier, the binary search method [88], which has also been
used and improved in several star identification algorithms [61,66,75,78], is used to
detect database feature vector with the highest similarity corresponding to the smallest
norm value of difference with the observation vector. Subsequently, a dictionary is
constructed using the most similar database feature vector as well as its neighboring
database feature vectors. Next, a process of regression analysis is executed in the
regularization process by means of variable selection and regularization, through which
a solution vector is constructed by linear combination of the chosen dictionary feature
vectors multiplied by a solution coefficient vector, thus fitted to the observation. This
process is specifically implemented by means of the LASSO regression [89]. This
regression method has been used in a study that make use of a dictionary retrieved by
a scheme of hybrid mechanism blending particle filtering and deep learning [90,91] by
using another study as a baseline method [92]. Because of the unorthodox structure of
the algorithm, the solution vector could yield both the direction of the boresight vector
and the rotation about it. The simulated experiments show the effectiveness of the
algorithm and its robustness against types of noise regarding position and luminous
magnitude, but high sensitivity to missing stars and false stars. The complexity of
the proposed algorithm is empirically indicated in terms of database size and average
run time for different values of the overlap ratio that is a parameter specifying the
structure of database. The identification rates in the presence of noise are compared to
some state-of-the-art methods including SGS [93], 1G [94], IA [82], PA [42], MG [95],
GA [43] and GV [96]. The identification rate data is retrieved from the studies [93,94]
for the competing methods. The computational complexity of the proposed algorithm
is calculated. Its average run time and database size are compared to the state-of-the-art
methods including PA [42], MGA [97], LPT [45], VP [98], GA [43], SVD [44] and
OSV [75]. The information regarding database size and average run time is retrieved

from the studies [75,98] for the competing methods.

1.3.3 False star filtering

Star identification includes image preprocessing, feature extraction and matching. Of

them, image preprocessing involves two steps including noise removal and centroiding.
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Mostly, the center of gravity method yields the fastest results for centroiding despite a
reduction in accuracy due to sensitiveness to noise [99]. Noise is, mostly, removed by
linear filtering, median filtering, morphological filtering or etc [3]. The types of input
noise, to which a star sensor is subject, include position noise, missing and false stars as
well as brightness noise [73]. Position noise may emerge due to thermal deformation,
optical flaws or calibration errors, while magnitude noise is incurred by the sensitivity
of the sensor. Interfering stars include false stars and missing stars respectively caused
by reflecting objects in the FoV and solar flare and blockages in the FoV and dead
pixels. Recent studies analyzed the performance of the proposed star identification
methods for their robustness against false star noise [93,100,101], or simulators were
developed to make noise injection including false stars [102]. Lastly, a study proposed
an FSF algorithm to be used as a preprocessing algorithm for existing star identification
algorithms, which utilizes the difference between motion of objects in the FoV by
implementing angular distance tracking and star voting on multiple consecutive frames

[103].

The methods used by a star sensor should ensure improvements in cost, quality,
success and lifetime of a space mission by saving mass and electric power thanks
to higher accuracy and less complexity that help decrease storage and memory space.
These improvements may be achieved in either star detection and centroiding or star
identification. Real implementations inevitably have to compensate the effects of
input noise on the body vector [73]. The process of removal of noise out of an
image captured by a star sensor is regarded as a type of preprocessing improvement.
Furthermore, as to the standards of the European Space Agency, a star sensor is
required to resume operating in the presence of non-star objects in the FoV or solar
flare which induces high energy protons to interact with the imaging field, which are
considered sources of noise. The sources of noise involve false stars due to reflecting
objects and solar flare, shifted stars due to thermal deformation or optical flaws and
missing stars due to blockage of FoV and dead pixels [84]. These phenomena pose
a threat against achievement of high accuracy; thus, they are required to be removed
where possible. False stars are stimulated by reflecting objects such as other satellites

or dust and solar flare while missing stars due to blockage of the FoV and dead pixels.
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False stars can be classified into three types: transient, stationary and drifting false
stars. False stars are introduced by radiation impinging particles due to a large number
of electrons and protons hitting the imaging sensor particularly in strong radiation
zones [102] in case of transient false stars, reflections of sunlight from faraway space
objects in case of stationary false stars, and appearance of nearby objects or particles on
the image plane as called plume interference [103]. There have been some algorithms

to cope with these types of false stars.

Star sensors may use some methods of denoising as a part of preprocessing in advance
to star identification, and alternatively, some star identification methods are capable
of overcoming noise. The occurrence of noise on star images may decrease accuracy
of star identification algorithm and pose a risk for a space mission. Thus, denoising
methods can be used to remove the effects of noise. FSF is a process that aims
to detect and remove false stars from the captured image. As to the standards of
the European Space Agency, a star sensor is required to resume operating in the
presence of non-star objects in the FoV or solar flare which induces high energy
protons to interact with the imaging field, which are considered sources of noise [13].
Considering the different types of false stars, many algorithms have been developed
to filter them. Transient false stars can be distinguished by their characteristic
position randomness in the image plane stimulated by strong radiation [104]. There
are algorithms that achieve to filter transient stars using such characteristics in two
time-sequential frames [105]. Stationary false stars can be successfully filtered by
existing algorithms when the number of false stars is much less than true stars
[42,76] while other algorithms are more effective when the number of false stars
increases further [83,106]. On the other hand, although the methods used to filter
transient false stars fail to drifting false stars, there are studies focusing on this issue
[103]. Moreover, many star identification algorithms [80,96,107] have reported the
algorithm performance in terms of robustness against false stars as well as other types
of noise. Lately, a study proposed a star identification method based on spectral
graph matching, in which a feature called the neighbor graph is constructed, thus
making star identification through similarity of features, also by inserting types of

noise including position, missing star and false star [101]. Plus, another study,
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asserting that derivation of reproducible results and comparison of algorithms are
difficult tasks due to nontrivial structure of star sensors, proposed to use simulated star
images by aiming to accelerate the development time through a standard verification
methodology, where the simulator is capable of inserting specific noise to create
real-world conditions [102]. There is another study focusing on the problem of star
identification in cases of generic calibrated and non-calibrated cameras, narrow-FoV
calibrated and non-calibrated cameras using invariant theory by developing a compact
algorithm to simultaneously calibrate camera and compute attitude [108]. Another
recent study proposed a subgraph isomorphism-based star identification algorithm that
evaluates validity of different subgraphs to achieve a faster process by choosing the
simplest general subgraphs by means of voting, building isomorphic subgraph and
verification respectively [109]. An additional recent study also proposed a subgraph
isomorphism-based strategy, namely multilayer voting algorithm, including an initial
match which adopts a triangle unit through a triangle voting scheme and uses singular
values of each triangle unit to search for the match, and a verification process used to

eliminate incorrect candidates [93].

1.3.4 Performance evaluation

The varying principles and application environments of star identification algorithms
make it challenging to directly measure their performance metrics. This has led to
inconsistencies in the literature regarding these metrics, necessitating a structured and
complementary approach to compare algorithmic performances [73]. To select the
most suitable star identification algorithm for a star tracker, a thorough structural
comparison is essential. In one study [14], algorithms were assessed based on their
analytical asymptotic performance during the feature extraction step, database search,
and the use of independent pattern attributes relative to the number of stars in a pattern.
However, this approach does not fully capture the system performance of the star
tracker, especially in the presence of random noise such as false stars. Analytical
performance alone does not accurately reflect real-world conditions. Different
algorithms report their performance using various FoV and noise levels, making

comparisons difficult. In a study [43], a structural comparison of algorithms using
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two different feature extraction methods is conducted. The algorithms’ sensitivity
is evaluated in different test environments, and their robustness is examined unless
simulations reflect peak performance. This approach makes comparisons more
informative and reproducible, as it accounts for differences in noise levels. In
simulation-based evaluations, a sensitivity analysis of performance criteria should be
conducted by varying the test environment [73]. The theoretical accuracy limits of
star trackers are estimated in a study [110], based on Earth’s position in the galaxy.
These physical limits have gained significance as spacecraft components continue to
decrease in mass, power consumption, and cost. The accuracy of a star tracker’s sensor
is influenced by stellar distribution, sensor dimensions, and exposure time. When
the sensor diameter and exposure time are sufficiently large, the optimal orientation

estimation is achieved through the covariance matrix of the rotation vector error [111].
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A list that compares a number of star identification algorithms in terms of
computational complexity is given in Table 1.1. According to the list, n, b, f, Am,
o and k respectively refer to number of database stars, number of stars in a pattern,
average number of stars in the FoV, reduced number of star pairs in the database
fraction, number of pivot stars and number of candidates. Most algorithms lack
an optimal scanning approach to enhance speed performance. However, methods
like the adaptive ant colony and oriented SVD transformation have significantly
improved performance by reducing database scanning time through binary scanning.
The multi-poles algorithm achieved better database scanning performance using the
k-vector technique, though it compromised speed by employing multiple iterations
to enhance reliability. The deep learning method delivered the highest scanning
performance by eliminating the scanning phase, making its complexity independent
of the problem size. Nonetheless, due to the neural network’s layered structure, which
occupies considerable memory space, it always produces a result. Therefore, it is
crucial to add appropriate validation layers to prevent false positive matches, which

are unacceptable for the star tracker.

Table 1.2 : Scoring criteria for star identification algorithms.

Criterion Definition

Precision rate [113] Percentage of instances with estimated error
is within the given threshold

Identification rate Ratio of instances correctly identified with
respect to a predefined threshold

Run time Amount of time required to make estimation
including all phases

Storage usage Storage memory size allocated

Position noise Robustness to average position noise in the
image

Brightness noise Robustness to average brightness noise in the
image

False stars Robustness to average number of false stars
in the image

Missing stars Robustness to average number of false stars
in the image

Complexity The level of complexity of implementation

The simulation test scoring criteria for the star identification algorithm are detailed

in Table 1.2. The simulation data used for star identification is derived from an
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existing star catalog. For a specified number of image frames, an attitude is created,
and all stars within the FoV within a brightness boundary are identified from the
catalog. A test image is then generated from this image frame using a camera and
sensor model, with noise added through these models. The input elements for the star
identification algorithm are position and brightness. To minimize variations during
star detection and centroiding, these input elements should remain consistent each
time they are used in the star identification algorithm. Key parameters to consider
when generating the test data include the noise levels to be added to the images. These
noise levels should be realistically modeled with sufficient tolerance to suit the specific
application environment. The test simulation environment should account for factors
such as platform type, space environment, camera system FoV size and resolution, the
criticality of star tracker measurements, sensor speed and accuracy levels. All selected
parameters should be clearly specified, and a sensitivity analysis of the parameters and

their interactions should be conducted [73].

1.4 Document Outline

This thesis presents a novel star identification algorithm. The algorithm uses an
unconventional feature extraction method. Besides, it is capable of switching between
two modes, lost-in-space and recursive, by means of an update mechanism. The update
mechanism is driven by feedback from the FSF&CME algorithm, also developed as a
preprocessing implementation within the scope of this thesis. In Chapter 2, the LSI
method is described. After presentation of contributions and limitations as well as
preliminaries and assumptions, the problem is stated. The methodology is explained
with necessary definitions and propositions, including feature extraction, database
generation, and algorithm description. In Chapter 3, subsequent to problem statement,
methodology of FSF&CME algorithm is described, including feature extraction, false
star filtering and camera motion estimation. Chapter 4 presents the RSI algorithm
based on the LSI algorithm. Its adaptive structure supported by the FSF&CME
is described after declaration of contributions and limitations. In Chapter 5, the
simulation environment is introduced, including integration of parameters to generate

database and observation images with noise injected and translated and rotated in
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accordance with convenient probabilistic functions. Chapter 6 provides very detailed
experimental analyses for the algorithms. The experiments are based simulation
implementations carried out for parameter selection, performance evaluation and
complexity analysis for all three algorithms. Conclusions are given in the last Chapter

7 in addition to improvements and recommendations.
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2. LOST-IN-SPACE STAR IDENTIFICATION METHOD

The proposed LSI algorithm is based on a regularized pattern recognition method, in
which unconventional features are used. Feature vectors are based on neither graphical
nor morphological features but rather on a single frame object is constructed for
each observation frame comprising five features. Thus, a database with less amount
of feature vectors can be generated, where each feature vector contains information
corresponding to a single image frame with a given FoV. This leads to a significant
reduction in the computational complexity. The final estimation is yielded through
sequential implementation of pattern recognition and L; regularization. Pattern
recognition and L; regularization are realized by using the 1NN classifier [85,86]
and the LASSO regression [89] respectively. The algorithm sequentially makes
two estimations. While the first estimation is the coarse estimation made by the
INN classifier, the second estimation is the fine estimation ensured by the LASSO
regression. The database feature vector with the highest similarity to the observation
feature vector is detected by the 1NN classifier. The 1NN classifier has been used
and improved in several star identification algorithms [49,51,87]. The similarity
is measured using Euclidean distances between the observation feature vector and
database feature vectors. The 1NN classifier is implemented using the binary search
method [88], which has also been used and improved in several star identification
algorithms [75,78]. It is simply used to detect the database feature vector with
the highest similarity that corresponds to the smallest distance to the observation
vector in the feature space. Subsequently, a dictionary is constructed using the
most similar database feature vector and its neighboring database feature vectors.
Next, the LASSO regression is implemented as the regularization process for fine
estimation. Accordingly, a solution vector is constructed by linear combination of
the chosen dictionary feature vectors multiplied by a solution coefficient vector so that
an optimized solution that fits the observation is estimated by iteration. The solution

vector yields both the camera boresight vector and the rotation about it.
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The phases of the algorithm are explicitly shown in Figure 2.1. The body vector
of the observation is transformed into the observation feature vector in the phase of
feature extraction. However, the algorithm is already supplied with the database which
contains the database feature vectors extracted from the star catalog using the same
feature extraction procedure. The observation feature vector is processed sequentially
through the pattern recognition and regularization stages. Finally, an inertial vector
solution is estimated, which contains the camera boresight vector and the rotation angle

about it.
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2.1 Contributions and Limitations

This work presents a novel LSI method so that the issues faced by space missions
demanding increasingly higher accuracy with less complexity, in particular for small
satellites, are addressed through a diversified approach unlike the previous works based
on morphological approach [39,42,59]-[64]. The results promise as high accuracy as
the state-of-the-art commercial star trackers while the algorithm maintains acceptable
database size and average run time. The first contribution includes maintenance of
a small storage unit thanks to a novel approach of feature extraction that ensures
a compact database by allocating a unique feature vector for each camera frame,
which is called a frame object. Secondly, the computational complexity is reduced
by implementing a compact database accompanied by the sequential use of the INN
classifier via a binary search of Euclidean distances and the LASSO regularization
technique. The cascade structure of the algorithm ensures a high accuracy by means
of a coarse estimation followed by a fine estimation. Moreover, the algorithm directly
yields an estimation of the camera boresight vector and the rotation angle about it,
providing a complete spatial attitude information. Lastly, the results produced by the
algorithm are independent from rotation of the camera plane about the boresight vector
thanks to the feature extraction process bounded within a circular FoV. On the other
hand, the proposed LSI method is very sensitive to false stars and missing stars despite
very high robustness to position and brightness noise. It requires a larger database

allocation in comparison to most of its competitors in return for a higher accuracy.

2.2 Preliminaries and Assumptions

The LSI algorithm relies on pattern recognition and regularization. The methods used
for this purpose include 1NN classification and LASSO regression. Before stating
the problem, explaining the methodology in detail and providing and interpreting the
results, the preliminaries including concepts, variables, functions and constants are

introduced so that a neat discourse and a clear understanding are ensured.
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The 1NN classifier requires a database of feature vectors. The database is generated
using the Hipparcos catalog [71] in this study. This catalog offering high-quality
scientific data provides a range of parameters for each star contained. The parameters
used in this study include right ascension and declination in degrees with respect to
J1991.25 ICRS as well as the visual magnitude and the absolute visual magnitude with
respect to the Johnson UBV Photometric System. The absolute visual magnitude is
obtained using

where Va0, My and 7 represent the visual magnitude, the absolute visual magnitude
and the trigonometric parallax respectively. The values of parameters used to extract
feature vectors are given in Table 2.1 as provided by the Hipparcos catalog [71]. The

absolute visual magnitude is called brightness in this study.

Table 2.1 : Parameters used for feature extraction.

Label Symbol Description Field Unit
HIPP - Identifier HI -
\Y Vinag Magnitude HS5 mag
RA o Right ascension H8 deg
Dec o Declination H9 deg
Par /4 Parallax H11 mas

The database contains feature vectors. Each feature vector is extracted from a single
frame extracted from the catalogue. A feature vector corresponds to a frame object.
This is a single object obtained from each image frame with specific characteristics of
the star sensor, including FoV, resolution and brightness. The frame object contains the
spatial gravity center of the stars within the given image frame. Thus, a feature vector
consists of five components including the number of stars in the frame, brightness
mean, brightness standard deviation, log-polar brightness-weighted positional mean
including polar radius and polar angle and polar radius standard deviation. The spatial
dimensions are subject to log-polar transformation [45]. The features are derived as
follows

nen(s) (2.2)
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where n is the number of stars in the image frame, and .7 is a set that contains the
detected objects in the given image frame,

Iy Z?:] a;

n

A (2.3)

where A is the brightness mean, and g; is the brightness of each object i in the set .7,
r2/X24+Y2 and 6 £ arctan (Y/x) (2.4)

where r is the polar radius, 0 is the polar angle, as well as X and Y are the frame

object’s centroid coordinates with respect to the image center, which are obtained by

A Z Li=14%i"Xi and Yﬁi, 14i" )i (2.5)
n n
where x; and y; represent the spatial pixel coordinates in the image frame,
l’l

n
where o4 is the brightness standard deviation, and 4 is the mean of brightness of all

objects in the set ., defined such that

Y Z?:] aj
n

Ha 2.7

and finally,

o, 2 u (2.8)

n

where 0, is the polar radius standard deviation, and y, is the mean of polar radii of all

objects in the set ., defined such that

.y Z?:lri

n

I, (2.9)

where r; is the polar radius of each object in the image frame.

A database feature vector is obtained from the reference catalog in accordance with

the characteristics of the sensor used in the simulation. It is defined as
T2 A r ooy o (2.10)

with the features included. Database feature vectors should contain discriminating

features that allows an optimal selection of the most similar database feature vector in
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the process of pattern recognition and a successful regularization. However, the big gap
between the numeric values of separate features potentially incurs a dominating effect
in favor of the features with higher numeric values. Thus, the normalized database
feature vectors are introduced so that this dominating effect could be mitigated, which
is defined such that

TE2h A ¢ 6 6 .11
where the normalized features are calculated with respect to their true minimal

n—min{n; } A= A—min{A;}
max{n;}—min{n;}*> °° — max{A;}—min{A;}’

o,—min{ 0o}
max{oy; } —min{oy;

and maximal values separately, such that 77 =

r—min{r;} Gy = o4—min{cy;}
max{r;}—min{r;}> “A ~ max{0y;]—min{cy;

PF= T and 6, = T providing that

i=1,---,N,and N is the number of database feature vectors.

On the other hand, an observation feature vector is extracted from each observed
image frame. The observation feature vector, denoted by V/), contains the same
types of features as a database feature vector. Furthermore, a normalized observation
feature vector ﬁ is generated using the minimal and maximal numeric values of the
database features. When using the nearest neighbor classifier to detect the most similar
normalized database feature vector to the normalized observation feature vector, the

measure of distance is calculated by means of the Euclidean distance as follows

(2.12)

where L, norm is calculated by means of the Euclidean distance between a normalized

observation vector W and a normalized database feature vector 7.

The regularization process is implemented by means of the LASSO regression which
requires a dictionary so that a better approximation could be achieved for the sake of
fine estimation. A dictionary template matrix is a 5 X 9 matrix containing 9 database

feature vectors, which is defined such that
T2 (7, 7o) (2.13)

where ?5 is the most similar database feature vector to the observation feature vector
that is detected by the 1NN classifier, and the other vectors 7 j are its neighboring
vectors. The LASSO regression yields a regularization weight vector @ that contains

9 elements corresponding to each vector #; in the dictionary template matrix T.

33



An estimation of the observation inertial boresight vector 7 is defined as
~ A (NX
7_&} (2.14)

where & and & are the estimations of right ascension and declination. The estimated
inertial boresight vector is obtained by matrix multiplication of the regularization

weight vector @ and the boresight template matrix
F-F& (2.15)

where F is the boresight template matrix defined as

A o -+ Op
F_&1~'&} (2.16)

where o; and §; respectively correspond to the values right ascension and declination
of the dictionary feature vectors. In addition, an estimation of rotation angle about the
estimated inertial boresight vector can also be obtained through the following matrix

multiplication

6-0d 2.17)

where the estimated rotation angle is expressed with respect to the linear curve § = 0°

in the inertial frame, and the rotation template matrix is defined as
0216, -+ 6] (2.18)

where 6; denotes the rotation angle corresponding to the relevant dictionary feature
vector. The reconstruction of the observation feature vector can also be made by the
following matrix multiplication

V=Td& (2.19)
where V/) is the reconstructed observation feature vector.

Three types of error indicators are defined and used. The first one is the error for the
estimated observation feature vector &, defined as the norm of the difference vector
between the reconstructed observation feature vector and the observation feature vector
as follows

ey =V -Vl (2.20)
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where 7 and 7 are the observation feature vector and the reconstructed observation
feature vector respectively. The second one is the error for the estimated inertial
boresight vector € defined as the norm of the difference vector between the estimated

inertial boresight vector and the ground truth inertial boresight vector as follows

er=7 -7l (221)

where ? and ? are respectively the ground truth inertial boresight vector and the
estimated inertial boresight vector. Lastly, the third error indicator is the error for the
estimated rotation angle €g defined as the difference between the estimated rotation

angle about ? and the ground truth rotation angle about ? as follows
g0 =65 — 0| (2.22)

where 05 and 0 are respectively the ground truth rotation angle about 7 with respect

to & = 0° and the estimated rotation angle about 7

The sensor parameters are required to be introduced to the algorithm so that the
corresponding database could be generated in advance to implementation. In this study,
the sensor parameters of the CubeStar [114] assembled in the project SharjahSat-1
[115] are simulated. Thus, the database feature vectors ?,- and the observation feature
vectors V/) are generated in accordance with the values given in Table 2.2. CubeStar
1s a miniature star tracker specifically intended for, but not limited to low-power,
performance-critical CubeSat applications [114]. Note that the brightness limit is
arbitrary to better present and illustrate the results of the study in accordance with the
parametric characteristics of the algorithm, while the on-board star catalog of CubeStar

is actually a reduced list of the Hipparcos catalog with 410 stars brighter than 3.8 V 5.

Table 2.2 : The sensor parameters of the CubeStar simulated.

Parameter Value
FoV 42° x 42°
Resolution 937 x 937 pixels

Besides the sensor parameters, two other parameters control the database creation. The
overlap ratio and the brightness threshold are highly relevant to the overall performance

of the algorithm. The overlap ratio, denoted by p, is a threshold used to determine the
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amount of overlap area for the successive catalogue regions used to extract database
feature vectors. As the overlap ratio increases, so does the number of database feature
vectors. On the other hand, the brightness threshold, denoted by k, specifies the
brightness sensitivity of the sensor in terms of My. A smaller brightness threshold
causes fewer number of stars to be detected by the simulated sensor so that the database

feature vectors are extracted by using fewer number of stars.

2.3 Problem Statement

This section of the study proposes a LSI algorithm based on pattern recognition and
regularization. An optimisation method is used to solve the star identification problem.
The aim is to determine the criteria that would allow the given observed image of
stars to be matched with the catalogue. To this end, a dictionary-based star matching
method is developed, where a pattern recognition approach leads the way by using a
novel feature extraction accompanied by a 1NN classifier for coarse estimation and
a regularization operator by regression by LSE for fine estimation. The algorithm
is divided into three sections, including the 1NN classifier by means of the binary
search method using the Euclidean distances between the observation vector and each
database vector, the dictionary setup and the regularization. The INN classifier is used
to make a coarse approximation of the solution. It finds the database vector with the
highest similarity. The highest similarity database vector is used to set up the dictionary
used in the regularization process, which allows fine solution approximation. Finally,

a maximum likelihood prediction is obtained from the resulting solution vector.

2.4 Methodology

The algorithm to be employed for the LSI method in this thesis consists of three stages
including feature extraction, pattern recognition and regularization. A block diagram
of the algorithm is given in Figure 2.1, which reveals the inputs, outputs and processes.
The initial raw input is the observed digital image frame while the final output is a pair
of inertial vectors representing the boresight vector and the rotation angle about it. The
database is generated in advance and embedded into the system. It is generated through

the process of feature extraction using the star catalog [71]. Similarly, the observation
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feature vector is extracted from the body vectors of the objects in the observed image
frame using the same feature extraction process. The 1NN classifier within the pattern
recognition block uses the observation feature vector and the database as two inputs
while outputting the major dictionary element which is the most similar database
feature vector. The LASSO regression scheme within the regularization block utilizes
the observation feature vector and the dictionary generated from the database through

the dictionary setup process as two inputs while outputting the final inertial vectors.

2.4.1 Features and database

The number of stars in the FoV, brightness mean and brightness standard deviation
were used to construct feature vectors in a study [116]. However, this study sets a
single frame object for each frame given within a specific FoV and, for each image
frame, generates a separate feature vector by implementing a log-polar transformation
[45] on the body vector assuming that the center point of the frame is the origin. The
feature vector comprises five elements including the number of stars n in the image
frame, the brightness mean of the stars A, the polar radius r of the frame object, the
brightness standard deviation 64 and the polar radius standard deviation o, of the stars
within the set .. Also, an additional feature is extracted from the frame object, the
polar angle 6. However, this feature is not included in the definition of feature vector,
rather it is used to estimate the rotation of the camera plane about the boresight vector.
A set of feature vectors is obtained to construct the database, ?,-, defined in Equation
2.10. The observation feature vector V is also defined using the same features. The
Hipparcos star catalog [71] is used to generate database feature vectors. The entries
to be used for the purpose of simulation and database generation are given in Table
2.1. These entries are bounded by some constraints specified by the sensor parameters

including overlapping ratio p and brightness threshold «.

2.4.1.1 Feature extraction

The process of feature extraction yields a single feature vector for each single image
frame. The single feature vector representing a single frame allows less amount of

computation so that a higher overlap ratio used when extracting feature vectors may
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significantly increase accuracy. The centroid and brightness of the stars detected in an
image frame are processed to obtain a feature vector. A single body vector is yielded
by calculating positional and brightness mean of the stars in the frame. The description
of the features and the process of derivation of a feature vector from an image frame
is shown in Figure 2.2. In the right-hand side, the single frame object is shown, which
has the features derived using the positions and brightness values of the stars in the
image frame on the left-hand side including the number of stars n in Equation 2.2, the
brightness mean A in Equation 2.3, the polar radius r and the polar angle 6 in Equation
2.4, the brightness standard deviation 64 in Equation 2.6 and the polar radius standard
deviation o, in Equation 2.8. The derivation of a circular image which is used to obtain

a feature vector through the same procedure is depicted in Figure 2.14.

Mumber of stars
Positional mean
Magnitudinal mean
Standard deviations

Figure 2.2 : Description of a feature vector and its formation from an image.

The features are examined in detail to check whether they are convenient to include in
the feature vector. The values of features reveal a significant variation over the whole
range of right ascension and declination. Thus, it is reasonable to select the features
that can contribute to derivation of meaningful results in the INN method and the
regression method thanks to their spatially fluctuating structure. The distribution of
the features over the whole database is investigated. The fluctuations of the features n,
A, r, 6, 04 and o, are shown over the whole database. The overlap ratio is set to the
value p = 0.9 while no brightness threshold is set, implying that the database feature
vectors are obtained from the database images overlapping by 90% and all stars in the
database are involved in the process without a brightness threshold. The fluctuating
behavior of the features is illustrated at a glance over the whole database given that

a € [0°,360°] and § € [—90°,90°]. The sensor parameters are selected from Table 2.2.
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Figure 2.3 : Distribution of the number of stars n over the database.

Figure 2.3 shows the distribution of the values of the feature n over the whole database.
It is shown that the number of stars corresponding to each image frame fluctuates
within a wide interval ranging from between a few hundreds up to nearly 5000 stars in
an image frame. Note that the stellar intensity is the highest in the vicinity of 0 = 0°
while it gradually declines and hits lower values in the pole region 6 = +90°. The
lowest stellar density is given within the interval § = [60°,80°]. The stellar density
tends to be higher in the southern hemisphere where declination is negative § < 0°. A
general overview of the feature n gives a rough idea that it is a convenient feature to
be used as an element of the feature vector because its value neither stays constant
nor follows a repeating pattern that would avoid it from having a discriminating

characteristic.

According to Figure 2.4 revealing the distribution of the values of the feature A over
the whole database, the values of brightness mean varies within the interval A € (8,9)
in terms of V.. The fluctuating pattern of A is not similar to that of n, which is
required to avoid linear dependency of the features. Unlike the feature n, the feature
A has distributed extrema over the o x 6 plane. Moreover, the extrema of each
feature have different positions on the plane, which is also required to involve different

discriminating patterns of the features in the process.
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Figure 2.4 : Distribution of the brightness mean A over the database.

Figure 2.5 shows the distribution of the values of the feature r over the whole database.
The values of polar radius is given in terms of degrees in the graph. There are two bands
of extreme values where the value of r reaches up to 10° for all values of o when the
declination is bounded around 8 ~ 60° and & ~ 80°. Although this pattern is followed
by the feature » in the same region, the rate of changes are completely different since
the rate of change of r is very large in terms of § where the local maxima and the
local minima of the feature r are gathered within the band 6 = [60°,80°] where the
feature n has only the local minima. On the other hand, the remaining regions of the
database have a different pattern compared to the former two features, which fosters
the discriminating behavior of the feature vector with the given element. Note that the
rate of change of the feature r tends to increase in the pole regions while it is flatter in
the equator region because a larger number of stars n in the equator region attracts the
frame object towards the center of the image frame. Yet, the fluctuating characteristic

of the feature r resumes despite smaller values in the equator region.

Figure 2.6 illustrates the distribution of the values of the feature 6 over the whole
database. While the values of 0 tend to avoid large changes in some regions, they
exhibit abrupt and large changes in some other regions. The feature 6 is the rotation
of the frame object about the center of the image frame with respect to the positive

horizontal axis of the image frame. Thus, when the feature r approaches zero as the
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Figure 2.5 : Distribution of the polar radius r over the database.

frame object is attracted towards the center of the image because of the larger values
of the feature n, the value of the feature 8 may exhibit large changes due to transition
of the frame object across the center of the image frame. This irregular pattern of
the feature 6 may lead to false approximation in the phase of pattern recognition.
Therefore, it is excluded from the feature vector. Instead, it is exploited in the phase of

the rotation angle of the estimated boresight vector.

According to Figure 2.7 showing the distribution of the values of the feature o4 over the
whole database, the feature 64 seems to have a fluctuating pattern similar to the feature
A at the first glance. However, the locations of the extrema are different from those of
the feature A, and the surface gradient of the feature o4 is more frequently oscillated.
These properties not only makes this feature have discriminating characteristic but also

prevents it from being linear dependent on the feature A.

Figure 2.8 depicts the distribution of the values of the feature o, over the whole
database. The feature o, also exhibits a pattern similar to the feature r, in particular,
within the range of § € [60°,80°]. Except that, it follows a unique pattern in the
remaining features while its values are bounded within a larger interval in comparison
with the feature o,.. Thus, the feature o, also has a discriminating characteristic without

a clearly visible dependency on other features.
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Figure 2.6 : Distribution of the polar angle 0 over the database.

A more detailed investigation is performed on the features to reveal and verify that they
provide statistically meaningful information to be used in the process of regression
with regards to their discriminating characteristics. Accordingly, the effects of the
magnitude threshold k and overlap ratio p on the variation of the feature vectors are
examined. Such an investigation uncovers the level of variation on the features, thus,
the extent that the vectors assigned to each database image are separated from each
other. The variations of the features n, A, r, 6, 64 and o, are shown separately. The
consistent results provide meaningful information that will allow interpretation of each

parameter for such conditional variations.

In Figure 2.9, the variations of the features are shown along a full zonal cycle of right
ascension a € [0°,360°] within a declination interval § € [—6°,36°] by changing the
overlap ratio p from 0.6 up to 0.95. No brightness thresholding is applied, that is,
all stars in the database are taken into consideration. The first two features n and
A reveal a smooth fluctuation along «. The fifth feature o4 also fluctuates rather
smoothly compared to o, in accordance with A considering that both are originated
from brightness properties. It is a good indication that the features n and A do not
stay constant within a limited declination zone where the stellar density is the highest.

The features r and 6 fluctuates much more frequently compared to other features.
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Figure 2.7 : Distribution of the brightness standard deviation o4 over the database.

Additionally, the effect of the weighting method is apparent, making the fluctuation
steeper. When r has high values, the variation of 6 is small. However, small values
of r lead to dramatic changes in 6. This phenomenon can be manipulated to enable
the algorithm to gain robustness since a higher value of r obviously makes 6 less
significant and vice versa. Besides, the irregular pattern exhibited by the feature 6
makes it convenient for use in estimation of the rotation angle about the boresight

vector rather than inclusion in the feature vectors.

In Figure 2.10, the variations of the features are shown along a full zonal cycle of
declination 8 € [—90°,90°] within a right ascension interval o € [0°,42°] by changing
the overlap ratio p from 0.6 up to 0.95. No brightness thresholding is applied so that
all stars in the database are taken into consideration. The relation between n and A is
not the same as that in Figure 2.9. On the contrary, they are more likely to be directly
proportional in this case. The relation between n and r is clearly visible, where the
polar radius decreases as the stellar density increases, which also drives the polar angle
0 into a more unstable state. The features o4 and o, reveal unique properties that are

capable of contributing to the identification algorithm.

In Figure 2.11, the variations of the features are shown along a full zonal cycle of

right ascension a € [0°,360°] within an interval of declination & € [—6°,36°] with
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Figure 2.8 : Distribution of the polar radius standard deviation 6, over the database.

different values of the brightness threshold x. The value of the overlap ratio is
assigned to p = 0.9. The effect of varying lower bound brightness threshold x on the
features is revealed. The behaviors of the features are investigated subject to different
lower bounds of the brightness threshold including k¥ — —eo (no threshold), and
Kk =1,3,5,7,9. A change in stellar density n exists for all thresholds. The relation
between n and A is likely to be inversely proportional as is the case in Figure 2.9. It
is shown that the value of x has a significant effect on the behavior of r. The relation

between r and 0 is still true as in Figure 2.9.

In Figure 2.12, the variations of the features are shown along a full zonal cycle of
declination 0 € [—90°,90°] within right ascension interval @ € [0°,42°] with different
values of the brightness threshold k. The value of the overlap ratio is assigned to
p = 0.9. The effect of a lower bound brightness threshold x on the features is shown.
The features are calculated for the same values of k. The curves of the features appear
to resemble those in Figure 2.10 except that the curves tend to deviate more within
the same amount of increase in K. As of k¥ < 7, the difference between the curves
becomes significant in the given scale. For instance, the number of stars n decreases
and the brightness mean A increases dramatically in case of k¥ = 9. This is very likely

because of a steep decline in the number of stars in the database due to a high lower
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Figure 2.9 : Variation of features along the direction of right ascension when
declination is within [—6°,36°] with varying overlap ratio.
bound threshold x. Also, higher values of k cause less amount of variation for n and
A but more for r and 0. The effects of the weighting model given in Equation 2.5 is
distinguishable in Figure 2.11 and Figure 2.12, as the increasing values of x do not
have a significant effect on the nature of the curves of r, 8 and 6, where the weighting
model is implemented. It is certain that the features 64 and o, will have a contributing

effect on the success of convergence.

All features have a contributing effect on the success of convergence both in the
regression procedure and in the classification procedure. Five features excluding the

polar angle 6 are used in generating the database feature vector set {?,} and the
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Figure 2.10 : Variation of features along the direction of declination when right
ascension is within [0°,42°] with varying overlap ratio.

observation feature vector W} while 0 is used in the reconstruction phase which aims

to make an estimation of the rotation angle of the estimated boresight vector ? with

respect to the axis of right ascension (8 = 0°). Additionally, the curves of the features

tend to have a larger change for variations of the brightness threshold x than it is for

variations of the overlap ratio p. For instance, n decreases and A increases dramatically

for larger values of k. This is very likely because of a steep decline of stellar density

in the database due to a high lower bound threshold k. The effects of the weighting

model appear in variations of k values, as the increasing values of k¥ do not have a

tremendous effect on r, 6 and o, where the weighting model is implemented.
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Figure 2.11 : Variation of features along the direction of right ascension when
declination is within [—6°,36°] with varying brightness threshold.

2.4.1.2 Database generation

The capability of representing each single image frame with a single six-element
feature vector allows a decrease in the computational complexity so that the amount of
overlap may be increased when picking the image frame from the star catalog database.
The scheme for derivation of the set of feature vectors from the database is illustrated
in Figure 2.13. The gray regions reveal the overlapping regions in the figure where
the horizontal and vertical axes represent right ascension and declination respectively.

In this scheme, the total number of image frames, that is the total number of database
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Figure 2.12 : Variation of features along the direction of declination when right
ascension is within [0°,42°] with varying brightness threshold.

feature vectors, is given by
27

N = 2
¢x'¢y'(1_p)

where ¢, and ¢, represent the FoV angles in the directions of right ascension and

(2.23)

declination respectively, and p is the overlap ratio. Since a single feature vector is
obtained for each image frame, the set of feature vectors consist of NV feature vectors. It
is apparent that an increase in the FoV values ¢, and ¢, causes a decline in the number

of feature vectors N while an increase in the overlap ratio p leads to an increase.

Considering that a full-FoV feature extraction that is implemented on the whole

image frame may impose some difficulties in the star identification algorithm due to
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Figure 2.13 : Selection of image frames from the star catalog database to generate
feature vectors.
geometrical verification, an alternative feature extraction scheme is proposed, which
is called partial-FoV feature extraction that is implemented on a circular image frame.
The circular image frame is obtained by rotating the whole rectangular frame about its
origin and extracting the intersecting circular frame, which is identical to extraction
of the circle with the maximal area that fits into the frame as given in Figure 2.14.
In this scheme of feature extraction, the feature vector is obtained by carrying out the
same procedure as implemented in the full-FoV feature extraction except that this is
implemented on the circular frame. Note that some information is lost as the region
outside the circular frame in the whole frame is excluded. This information is gained
by maintaining an overlap ratio that will allow covering all stars in the database.
Moreover, a partial-FoV feature extraction ensures independence on rotation of the
camera plane in the estimation process, which allows an easier implementation of

geometric approximation.

Figure 2.14 : Derivation of a circular image frame from a whole image frame.
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The issue of information loss incurring due to non-overlapping regions in case of
partial-FoV feature extraction may limit the level of accuracy, and lead to poor
estimation. Therefore, an investigation is carried out to address this issue through
calculation a value of the overlapping ratio p that would be sufficient to avoid any

information loss. The calculation is based on a simple geometric analysis.

Figure 2.15 : Calculation of the value of the overlapping ratio p sufficient for a
database without information loss.

In Figure 2.15, four representative database image frames are given side by side.
Each of these image frames corresponds to a separate database feature vector. The
surrounding four square image frames are used in case of use of full-FoV feature
extraction whereas the inner circles correspond to database feature vectors derived
by using partial-FoV feature extraction. Each layer of overlapping is shaded by an
additional tone of gray color. For instance, considering the circles, while each circle is
shaded by the lightest gray tone in case of no overlapping, a darker tone is used when
two circles overlap. Due to the periodic pattern used in selection of image frames, three
circles do not coincide to overlap. Rather, four circles may overlap. In this scheme,

since it is aimed to calculate the overlapping ratio with the least value to ensure no

50



information loss, it is assumed that the circular frames aligned diagonally are tangent to
each other while the ones aligned side by side overlap with an overlapping ratio p that
ensures no information loss. By this means, a star that is excluded from a partial-FoV
feature extraction although taking part in the full-FoV image frame is included within
at least one of the adjacent circular image frames. The point O is the point where
the diagonal circular frames are tangential, given that the points Cy, C; and C3 are the
centers of the given circular frames. Since the circles with the center points C; and C3
are tangential to each other, the length of the line segment C;C3 is 2r where the radius

of a circle is r. The length x represents the measure of intrusion for two circles aligned

side by side. Thus, the lengths of the line segments C;C, and C,C3 are 2r — x. Given
that the angle CI/CZ\C3 is a right angle, the Pythagoras theorem may be used to define x
in terms of r such that

2-(2r—x)? =4 (2.24)

which yields

x=(2-v2)r (2.25)
where the measure of intrusion x is expressed in terms of the radius r.

The FoV angles ¢, and ¢, specify the diameter of a circular image frame, which are
equal in accordance with the simulation parameters given Table 2.2 used in this study.
Then, assuming that ¢, = ¢, = ¢, the radius of a circular frame is obtained r = %

Given that the overlapping ratio is obtained by

X
- 2.26
p p (2.26)

where p is defined by the ratio between the measure of intrusion and the FoV angle, a

value overlapping ratio is yielded by substituting ¢ in Equation 2.25

(2—\@)9

; 2 _0.2929 (2.27)

where p,i, 1s the minimum value of p to avoid any information loss when using

Pmin =

the partial-FoV feature extraction. This implies that an overlapping ratio larger than
29.29% would be sufficient to avoid information loss. In the simulations carried out in

this study, the values of overlapping ratio are far more than this value of p,;,.
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2.4.2 Mathematical model and algorithm description

The dictionary-based star matching method consists of two stages, which include the
INN classification through binary search by Euclidean distance that allows selection
of the database feature vector with the highest similarity to the test feature vector
and generation of a linear combination of the selected database feature vector and
the neighboring database feature vectors that maximizes the convergence of similarity
criterion through the minimization of LSE and L; minimization, specifically LASSO
regression. The proposed method is categorized as an LSI algorithm that needs no a
priori information retrieved from the previous iteration, which also requires a step for
setting up a dictionary between two phases mentioned above and also a normalization
process in feature extraction because of possible dominance of high-valued features in
the process of 1NN classification due to a big difference in the scales of the numeric

values of the features.

Algorithm 1 Lost-in-space star identification

Y F v (o) (>) Observation feature vector
2: 0+ Zg (1) (>) Observation polar angle
30 Y Ix (V}) (>) Normalization
4: fori=1:Ndo (>) N: Number of database feature vectors
5: di < Frq <Vf>, 7,) (>) Euclidean distances
6: end for
7: fori=1:Ndo (>) N: Number of database feature vectors
8: ?5 +— ZINN (d,) (l>) INN method
9: end for
10 T+ Fp (?5, ?l> (>) Set dictionary template
1 @« Ty (T, ﬁ) (>) Regularization
12: ? «Td (>) Reconstruction
13: ? «F& (>) FoV estimation
14 60+0@ (>) Rotation estimation

The LSI method is illustrated in Algorithm 1, which provides a brief description at a
glance. Each line represent a major step of the algorithm. The first and second lines
denote extraction of an observation feature vector 7 and a polar angle 6 from an
observed digital image I, using the functions .%y, and .%¢ used for extracting feature

vector and polar angle respectively. The functions .7y, and .Zg yield 7 and 0 in
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accordance with Equation 2.4 and 2.10 as explained in Section 2.4.1 in detail. The
third line unveils the normalization function through the function .%y that inputs V}
and outputs the normalized observation feature vector VA} with respect to Equation
2.11. The fifth line within the first for loop reveals the calculation of the Euclidean
distances between ? and each normalized database feature vector %i as preserved in
a set containing the elements d; using the function of Euclidean distance .#g4 where
i=1,---,N and N is the number of database feature vectors. The function .Fgq is
based on Equation 2.12. The procedure of detection of the database feature vector
most similar to ﬁ is shown in the eighth line in the second for loop where 7)5 is
the most significant vector in the template detected by the 1NN function .%# NN that
finds the minimal distance from the set {d;} through binary search. The tenth line
shows the dictionary setup through the corresponding function % that detects the
database feature vectors neighboring 75. The eleventh line reveals the regularization
weight vector [ approximated by the regularization function .#R that uses the LASSO
implementing L; regression. The last three lines show the estimations obtained by
multiplying the dictionary template T, the FoV template F and the rotation template
® by @ to yield the reconstructed feature vector i} the estimated boresight vector ?

. . =
and the estimated rotation angle 0 .

2.4.2.1 Pattern recognition

The scheme of pattern recognition is based on a 1NN classifier with binary search
using euclidean distance. This part of the algorithm implements a search for the feature
vector in the database that has the highest similarity with the given test feature vector.
This search algorithm is based on the detection of the minimal Euclidean distance.
The 1NN classifier is employed to detect the smallest Euclidean distance between the
observation vector and database vectors. However, the numeric values of different
types of elements are on different scales. For instance, while the number of stars n
may vary around several hundreds in numerical value depending on the value of the
brightness threshold k, polar angle varies within [0°,360°]. In order to remove the
exaggerated effect of the accompanying features with larger values, a normalization

process is applied in advance to the implementation of the classification method.
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A set of Euclidean distances are obtained using Equation 2.12 within the function .Z#gq

defined in Algorithm 1 as
{di} = Fra (Wa?z) = ||Vf> - ?in (2.28)

where | V|| = \/(V, V) denotes the L, norm on the vector v, (-) representing the
operation of inner product, and i = 1,--- ,N with N defined in Equation 2.23. Then,
INN classifier is, by means of the method of binary search [88], applied on the set {d;}

to detect the most similar database feature vector, which is defined as
Ts=Fnw({di}) = T = min {?z} (2.29)
where k is the index of the database vector satisfying the minimal Euclidean distance.

2.4.2.2 Dictionary setup

The process of dictionary setup ends up with a dictionary as shown in Figure 2.16. The
left-hand side shows the positions of the vectors in a scaled image with the axes of right
ascension and declination, where it is hard to distinguish the elements of the dictionary
because the circular frame patches overlap by at least 96%. The right-hand side shows
the dictionary and the test vector without scale for illustrative purposes. The red circle
is the patch of the observation image, from which the observation feature vector is
derived. The blue circle is the image patch which is detected by the INN classification.
Besides, the black circular image patches are the neighboring elements of the database

feature vector with closest Euclidean distance, which is estimated by 1NN classifier.

Figure 2.16 : An example of a dictionary with nine elements arranged with respect to
the test vector represented by a red circle.
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The function .#p given in Algorithm 1 is used to retrieve the dictionary template matrix

T such that
T=9p <?57{?1}> = (?17?2,"' 7?9) (2.30)

where, providing that ?5 = ?k with respect to Equation 2.29, ?1 = %k—m—l’
?2 = ?k_m and ?3 = ?k—m—l—l construct three vectors in the top row of the
dictionary template, ?4 = ?k,l, ?5 = ?k and 76 = %H 1 construct three vectors
in the middle row of the dictionary template, and ?7 = ?kjum—l’ 7)8 = ?k—i-m and
?9 = ?Hmﬂ construct three vectors in the bottom row of the dictionary template
where m = % is the number of database feature vectors in a single row with a
constant Valufa of right ascension, ¢, is the FoV angle in the direction of right ascension,

and p is the overlap ratio.

2.4.2.3 Regularization and solution

The process of regularization is primarily based on a minimization of the LSE. The

least square error is expressed as
eLSE:mTinHT,}—T 33 2.31)

which minimizes the square of the L, norm of the difference between the observation
feature vector and the approximated vector obtained through linear combination of
the feature vectors in the dictionary, where W) is the observation vector, 3 1s the
weight vector and T is the dictionary matrix comprising dictionary feature vectors.
T is designated to comprise the feature vectors obtained by using the closest Euclidean
distances and the neighboring feature vectors so that it is expressed as given in

Equation 2.13. The least square error minimization is depicted in Figure 2.17.

The LASSO regularization includes the minimization of LSE and L norm. It stands
for the least absolute shrinkage and selection operator, which is deduced from Elastic

Net [117]. The elastic net solves the following regularization problem

(1
e (m 1Y —T &3 +2 %@)) (2.32)

where M is the number of feature vectors (the number of columns) in the dictionary

) o ) ) ) )
matrix T, ¥ is the normalized observation feature vector, A is a non-negative
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Figure 2.17 : Minimization of the least square error.

regularization parameter, and @ is the regularization weight vector of length M.

Furthermore, @a(ﬁ) is defined as

l—a ) L /1-a ,
24@) = S B+l =) (Sl 0 ralal) )

=i\ 2
which enforces the regularization problem into LASSO regression for a = 1 by

eliminating the part with L, norm.

In this study, the regularization problem is enforced into the LASSO regression [89].
Thus, the problem is reduced to the minimization of LSE and L; norm by substituting
a = 1 in Equation 2.32. This study solves the regularization problem by
A 1 M ) , 2 N .
@ = Fx (T,W) — min <— y <1i/’ _Ti Bk) +1 ¥ |w,{|> (2.34)
@, \2M = j=1

where M = 5 is the number of features in a feature vector (the number of rows in the
dictionary template matrix T), ¥ is the i component of the normalized observation
feature vector, T"" is the i row of the dictionary template matrix, N = 9 is the
number of feature vectors in the dictionary template matrix T, A is a non-negative
regularization parameter, Bk is the regularization weight vector of length N, and a),{ is
the j component of ak. Each vector ﬁk is obtained by means of the minimization
of LSE and L; norm where the L; norm of 3;( is multiplied by A and suppressed.
In this study, 100 3;( vectors are obtained (k = 100), where A is incremented by
5- 1072 within the interval (0,5] (A = 0.05,0.10,---,5). The regularization weight
vector Bk corresponding to the lowest mean squared error (MSE) is considered the

solution vector B
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Once the regularization weight vector @ is obtained, the observation vector is

reconstructed in the form of

V=T34 (2.35)

and the estimated boresight vector and the estimated rotation angle are yielded by
S (2.36)

and

0-0d (2.37)

where the matrices T, F and ©® are defined in Equations 2.13, 2.16 and 2.18

respectively.

57






3. FALSE STAR FILTERING AND CAMERA MOTION ESTIMATION

This chapter focuses on the removal of false stars using a morphological approach.
This is followed by the estimation of the camera motion between two time-sequential
images. The proposed method is based on a method of unsupervised classification,
namely density-based clustering [118]. It uses the isomorphic feature vectors extracted
from at least two time-sequential images. The detection of false stars also allows
the estimation of translation and rotation motions of the star sensor camera. After
centroiding, a set of feature vectors is obtained for each star pair in each frame. A
feature vector consists of three elements. These include the mean brightness, the
angular separation and the slope of each star pair. A list of disparities is then generated.
This list contains the Euclidean distances between each pair of feature vectors, each of
which is selected from two temporally consecutive frames. One disparity in the list also
contains vectors of three elements. The first two elements in the disparity vector are
used to determine the star objects and to label the non-star objects. The third element
is also used to retrieve the motion parameters, including translation and rotation. This
is achieved by using tolerances corresponding to magnitude and angular separation to
account for the presence of noise from displaced stars. A pair is assumed to consist of
stellar objects if the pair satisfies criteria enforced by tolerances set using density-based
clustering, an unsupervised learning method. The use of an unsupervised learning
method ensures a dynamic threshold setting, which allows for a high level of accuracy
under varying conditions. The third elements of the disparity vectors corresponding
to the star object pairs are checked to see if they are within the given tolerance after
the star objects have been detected in the images. An object is labelled as a non-star if
it is not involved in any of the pairs meeting the criterion. Finally, an estimate of the
rotational camera motion is derived, since it contains information about the change in
tilt. The translation motion is also obtained by calculating the difference between the
labelled star objects after reversing the rotation motion in the last image frame. The

star sensor camera CubeStar [114], which is simulated in the experimental setup of this
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study, is used in the SharjahSat-1 [115] project. The effectiveness and accuracy of the
method is demonstrated in the empirical results, and the additional CME parameters

are used in the development of the RSI method in Chapter 4.

3.1 Problem Statement

The aim of the algorithm is to filter out false stars in a given image frame. An additional
algorithm is used to estimate camera motion after estimating true stars to remove
false stars. Firstly, the task of FSF is transformed into an unsupervised classification
problem, in which the method of density based clustering [118] is used. The problem

of optimization is expressed as
Cy <7z> 2{7691 |]7,~—7k“2§8, n{Ck}zminp} 3.1

where Cy is the k™ cluster, 7 is a disparity vector in the disparity list &, 7;( is the
candidate core vector for the cluster C, and 7,- is the test vector while € and min,
are the parameters of density-based clustering that respectively denote the radius for
neighborhood of the vector 7k and the minimum number of vectors in the given
neighborhood € so that Cj is allowed to be called a cluster. Otherwise, the related
vectors are considered outliers. Also, note that n{C;} stands for the number of

elements of the cluster Cy, and || - || for L, norm.

The second step is the retrieval of an affine transformation matrix for the CME.
This procedure is called MLESAC [119], which uses the same sampling strategy as
RANSAC [120] in generating presumptive solutions by randomly selecting a minimal
set of observations and evaluating their likelihood until a good solution is found,
selecting the solution with the maximum likelihood as opposed to the number of
inliers. Within this scope, an affine transformation matrix is retrieved using the relation

between the estimated true stars in two subsequent image frames such that

—t+1 —t
c ~ c
: =H ! 3.2
where ?ﬁ and ??“ are the i centroid vectors of true stars estimated from two
5 hip hiz o his
time-sequential image frames, and H = |hy; hyy hp3| is the estimated affine
0 O 1
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. o L5 hip h -~ h .
transformation matrix, in which R = 120 and U = |71 account for rotation
ha1 hy ha3
and translation respectively. A cost function consisting of a distance metric is used for
the estimation process. In addition, the RSI algorithm is provided with the necessary
recursive information by the performance metrics, including the mean of the distances

between the transformed stars and the true stars and their standard deviation.

3.2 Methodology

There are two estimation phases in the proposed method. The first phase, given by
equation 3.1, estimates true stars in an input pair of two temporally sequential images,
while filtering out false stars by marking them as outliers. The second phase, given by
equations 3.2 and 3.11, uses the estimated true stars to obtain an affine transform matrix
to estimate camera motion. The FSF method is based on a subgraph isomorphism
approach that is applied to two time-sequential images. This approach requires two
sets of feature vectors. These are obtained separately from two time-sequential images.
Using the two sets of feature vectors, a list of disparity vectors & is derived. These
are obtained by computing a norm of difference between each pair of feature vectors
in two separate sets. Disparity vectors satisfying the given criteria are labelled as star
objects, true stars, while those failing the criteria are labelled as non-star objects, false
stars. The CME requires the object centroid vectors obtained from two time-sequential

image frames ?i and ??“ to yield the estimated slope angle difference Arm;;.

Algorithm 2 False star filtering and camera motion estimation

1V = 7, ({0, {AL)) (>) Feature vector set
2 D Fy (V1) (>) Disparity list
3: C+ Zq (2) (>) Density-based clustering
~pr] il
4: {?i+ ,?i } — Firace (C, D) (>) Estimating false stars
N ~ 141
5: H« Fy (?i, ?? ) (>) Estimating affine transformation matrix

Algorithm 2 shows the whole process. The first line shows the function .%, which is
used to generate the feature vector set ¥ corresponding to the image frame ¢ from the
centroid and brightness information of the objects. The second line defines the function

Z4, which returns the disparity list Z from the feature vector sets corresponding to two
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time-sequential images. The third line reveals the function %4, which is used to obtain

the main cluster C from the disparities list. The fourth line defines the function % ,ce.
t+1

. . . = ~t+1
This function estimates the false stars ?I- and the true stars ?i in the last frame
using the cluster C and the disparity list Z. The fifth line shows the function .7y,
which returns the affine transformation matrix H. This is obtained by matching the

true stars in the temporal-sequential frames.

3.2.1 Feature extraction and disparity list

A set of feature vectors is extracted for each temporal-sequential image before
implementing subgraph isomorphism. As shown in 3.1, the feature vectors contain the
slope of the line segments connecting each pair of stars of given centroid and brightness

separately for some temporal-sequential test images.

Image t Image t+1
ac Mac
Mac Moc cF da dac
dbe Mab Mar e Mcr
dcr

dbc

ch

Figure 3.1 : Pairs of stars in two temporal-sequential test images.

Note that the objects labeled as a, b and c are star objects, whereas the object labeled
as F is assumed to be a non-star object in 3.1. The lengths dyp, dac, dbe, dar, dor
and d.p represent the angular separations between the corresponding objects, and myy,,
Mac, Mpe, MaF, Mpp and mcp denote the slope of the corresponding line segments with
respect to a line assumed to be horizontally aligned with respect to the image frame
plane. Thus, a feature vector V' is defined such that
Ajj
Vi | dj

m,'j

(3.3)



where A;;, d;; and m;; respectively denote the average brightness of the object pair,
angular separation of the object pair and slope angle of the line connecting the pair.

The feature A;; is defined as
2 Ai+A j
2

where A; and A; are the brightness values of the objects i and j. The feature d;; is

defined as

(3.4)

dij = | <i— 7l (3.5)

where ¢/ and c_J> are the centroids of the objects i and j, and || - ||, is the L, norm, and
the feature m;; is defined as

m;j £ arctanc;c’ (3.6)

where c,_cj> is the slope of the angle of the angular distance d;;. In each image frame

with N, detected objects, the number of pairs of stars is computed by

_al N() _ N()

which yields L, the number of feature vectors for each image frame. An image frame

can now be represented by a set of feature vectors defined as
A
e (V) (3.8)
which contains every feature vector extracted from the image frame at time ¢.

The disparity list & contains a set of disparity vectors 7k that can be generated using
two sets of feature vectors, 7 and #'*!, obtained separately from two time-sequential
image frames. For all possible combinations of the pairs, the differentiation operation
is performed in pairs. Thus, a disparity vector is obtained by

d 27—V = | Ad; (3.9)

Amy;
where AA;;, Ad;; and Am;; respectively correspond to difference of magnitudes,
difference of angular separations and rotation. The number of vectors in the disparity
list & is given by
D=L-L, (3.10)

where L; and L, are the number of feature vectors in the sequential image frames.
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3.2.2 Detection of false stars

The density clustering algorithm [118] is implemented on the disparity list Z in such a
way that the disparity vectors corresponding to the true star pairs will be grouped in the
same cluster, i.e. the cluster of disparity vectors corresponding to the true stars. The
rest of the disparity vectors are dropped from the cluster. The algorithm first selects
an unlabelled disparity vector 71 from the disparity list & as the current vector. This
is used to initialise the cluster C. Then the vectors within the € neighbourhood of 71
are detected. These vectors form a set of neighbours. If the number of vectors in the
set of neighbours is less than min,, 71 is called an outlier. Otherwise, 71 is said to
be a core vector which belongs to the cluster C. This operation is repeated for each of
the neighbour vectors until no new neighbour vector can be found that belongs to the
cluster C. In the case that a vector is labelled as an outlier, a new vector is selected
as the current vector to continue the procedure until all the vectors in & have been
iterated. Since the labels of each object detected in the image frame are preserved as

pairs in the disparity vectors, the true stars are easily extracted from the cluster C.

Figure 3.2 : The cluster of disparity vectors corresponding to true stars, which is
generated by the density-based clustering algorithm.
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Figure 3.2 shows an example of a cluster containing a set of disparity vectors within
the disparity list . Each point in the figure represents a disparity vector 7,-. This
vector corresponds to all combinations of star pairs in the time-sequential frames. The
space of the plot spans three dimensions including 6A, 8d and dm. The yellow points
bounded by the blue sphere of € correspond to the true star pairs. Other points outside
the sphere are labelled as outliers. Thus, the objects corresponding to the cluster C
obtained according to Equation 3.1 are considered true stars, while others are outliers

or false stars.

3.2.3 Camera motion estimation

The CME algorithm is implemented using the true stars obtained by the FSF algorithm.
An affine transformation matrix transforms the centroids of the true stars in frame
t into the centroids of the true stars in frame 7 4+ 1. The equation 3.2 is used to
estimate the affine transformation matrix. The accuracy of the estimate is determined
by the proximity of the transformed stars to the true stars. The translation and rotation
information is included in the estimated affine transformation matrix. In accordance
with the MLESAC procedure, the process of estimation of H is subject to a cost
function defining a distance metric

[=Y min|¢; — 7, subjectto | ¢, — i< (3.11)
i

~t+l, .. ~ . . .
where ?),- is the projection of ?}i based on H, and 1 is a threshold in accordance with

~t+1 t
?i =H [ 1 ’} . Once the estimated affine transformation matrix H is obtained, the
rotation angle can be retrieved in addition to R and U.
R2 cosy —siny (3.12)
siny cosy ’

Using the definition of rotation given in Equation 3.12, the estimated rotation angle ¥

can be obtained.
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4. RECURSIVE STAR IDENTIFICATION METHOD

This chapter presents the RSI algorithm. The algorithm is based on the LSI algorithm,
previously proposed in the thesis. It differs by an update mechanism integrated by
means of the motion estimation outputs retrieved from the preprocessing phase which

implements the CME algorithm.

4.1 Contributions and Limitations

The RSI algorithm is based on the dictionary-based matching in the same manner
as the LSI algorithm except that it is supported by an update mechanism. The update
mechanism allows the RSI algorithm to reduce computational complexity and run time
in comparison with the LSI algorithm without compromising accuracy. Thus, thanks
to the integration of the FSF algorithm, it achieves much higher accuracy than the LSI
algorithm, especially in the presence of false stars in the scene. Furthermore, using
the motion parameters yielded by the CME algorithm, it shrinks the database so that
the computational complexity is reduced significantly, which also helps run time of the
coarse estimation be decreased to insignificant levels compared to the run time of fine

estimation.

4.2 Methodology

The RSI algorithm works in collaboration with the algorithms proposed in the previous
chapters of this thesis. The algorithm uses the same feature extraction method as
the LSI algorithm. It is also based on the successive implementation of coarse
estimation and fine estimation. While the INN classifier is used in the coarse
estimation, the LASSO regression accounts for fine estimation. It, in addition to
the baseline algorithm, benefits from the FSF algorithm and the CME algorithm to
further increase accuracy and significantly lower run time. Since the LSI algorithm

is highly sensitive to false stars, the FSF algorithm is developed to overcome this
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issue. Also, the CME algorithm implemented subsequent to the FSF algorithm in
the preprocessing phase provides the RSI algorithm with motion parameters. Hence,
the RSI algorithm is dependent on an update mechanism through a threshold. The
reconstructed observation error €y is tracked, and the update mechanism is activated

in case it exceeds a predetermined error threshold ,,.

Algorithm 3 All algorithms integrated

1: fort=0:T do (>)T — o0
2: if 7 =0 then (>) Capture the first image
3: [WO} — Fy (I9) (>) Get observation feature vector
[0 =0
4: VAN ,83,} « Fis (WO, {7:}) (v)First estimation w/o FSF&CME
5 else if 7 = O then (>) Subsequent images captured
6 [I'] «+ Fesp (I') (>) False star filtering
7 0| « Fove (I T71) (>) Motion estimation
8 {? j ] — Fros (H', {?,}) (>) Database shrinkage
9: [7’ | « Fy (T) (>) Get observation feature vector
~t L>f ~t
10: 7 , 0 ,8{,,] — PRSI (V’, {?J) (>) RSI estimation
11: if €y > Te, then (>) If error threshold exceeded
N N 4
12: [? , 0 ,e{/,] — JLs1 (V}t, {?l}) (>) Switch to LST estimation
13: end if
14: end if
15: if €, > K 7, then (>) In case of very large error
16: Invalid estimation
17: end if
18: end for
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The whole algorithm is described in Algorithm 3. The first estimation is performed
in accordance with the LSI algorithm since there is no a priori information. As from
the acquisition of the second image frame at time ¢ = 1, the proposed preprocessing
is employed. First, the false stars are filtered out using the FSF algorithm Zggg. It is
followed by the CME algorithm .Zggg, which yields the motion parameters. Next, the
function .Zg,s utilizes the estimated affine transformation H' to shrink the database.
The input of FRs is all of the feature vectors in the database ?f while the output is
the shrunk database ?3 where j < i. After obtaining the observation feature vector

7’ , the RSI algorithm is implemented using the function .#gg;. In addition to the

~ ! ~ I
estimates 7 and 0 , the error for the reconstructed feature vector 8{’, is given by the

,f,, exceeds the

predetermined error threshold Ty - In case of a larger error, the estimaitons and the

RSI algorithm. After retrieval of the estimations, it is checked whether €

error is updated by the LSI algorithm % g1. Finally, it is checked whether the error
is very large, larger than K - T¢,. If it is so, the estimation at 7 is considered a valid

estimation. The whole algorithm is depicted in Figure 4.1 for a better visualization.

4.2.1 Update mechanism

The update mechanism is based on two steps. The first step includes the shrinkage of
the database, and the second step conditionally enforces the use of the whole database
instead of the shrunk one. The update mechanism decides that the estimation of the
RSI algorithm is not safe enough in case the condition &y < T¢,, is not met. Thus, the
estimation is recurred with the whole database in accordance with the LSI algorithm. A
similar update mechanism based on thresholding by an intrinsic error measurement has
been developed in an object detection algorithm [90]. Database shrinkage is performed
by the function .%g,s, which is derived by Equations 3.2 and 3.11 described in Section
3.2.3. And, the reliability of the estimation is checked by the following conditional test

{?’}:{{?tj} P @.1)

{?l} ’ 854/ = Tey

where the database used for the final estimation is denoted by {?t } {? ,-} represents
the whole database, which is shrunk to {?;} to be used by the RSI algorithm upon

status of the given condition.
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4.2.2 Determination of scan region

The scan region is a smaller square patch of the whole database. The corresponding
database feature vectors to be used by the RSI algorithm are picked from the scan
region. The center of the scan region is determined by the database vector with the
corresponding degrees in the catalog, pointed by the estimated affine transformation
matrix F. The reliability of H' is measured by distance errors of the CME algorithm
under different noise scenarios. The values of mean and standard deviation are also
computed for the distance errors. The consistency is also ensured by investigating
the correlation coefficient and p-value between mean values and standard deviation
values. The correlation coefficient of two random variables is a measure of their linear
dependence [121,122], given by

1 ¢ ué)—uud) (Gé—uod)
,04) = 4.2
P (Ha,0q) = -— > ( o 5 (4.2)

where U; and oy respectively denote mean and standard deviation of distance errors.
The empirical values given in Table 6.5 imply a strong correlation between u; and oy
and a low probability of observing null hypothesis, a claim of observing no correlation
between the random variables. Thus, since U, and o, are correlated, the size of the
RoS square can be determined consistently in addition to determination of the center.
One side of the RoS square is determined as per Equation 6.5 after the behavior of the

RoS is investigated empirically. The details are provided in Section 6.3.

71






S. SIMULATION ENVIRONMENT

A simulation environment is designed and developed using MATLAB so that the
experiments could be carried out. The simulation tool allows creation of star objects
with the given values of centroid and brightness values in the given coordinates. It also
enables injection of noise including position noise, brightness noise, false stars and
missing stars. In addition to test images, the images assumed to be used in the database
are also created using the simulation environment. Therefore, the simulation tool is
capable of adjusting the parameters regarding the sensor such as FoV and resolution as
well as the parameters required to add noise into the images. The noise parameters are
selected using the probabilistic distribution functions such as normal distribution and

uniform distribution.

5.1 Database and observation

A number of experiments are carried out with database feature vectors extracted from
the catalog [71] using a series of overlap ratios p =0.96, p =0.97, p =0.98, p =0.99,
p=0.991, p=0.992, p =0.993, p =0.994 and p = 0.995 with a magnitude threshold
Kk = 11.5. A bunch of test vectors are extracted from the catalog bounded in the region
o € [95.0°,137.0°] and 6 € [—85.0°+k-10°,—43.0° +k-10°] for k =0,---,24. 25
test feature vectors are extracted for the experiment. Each observation feature vector
is normalized to eliminate domination of large-value elements in the phase of binary
search by Euclidean distance. After normalization, the database vector closest to the
observation vector is detected through the 1NN classification. Next, the dictionary is
created by merging the neighbor vectors into the dictionary. And then, the LASSO

regularization is performed to estimate the regularization coefficients.

An example is shown hereinafter. A database of feature vectors is generated with an
overlap value p = 0.96 and a magnitude threshold k¥ = 11.5, which implies that the sky

patches from which the feature vectors are obtained overlap by 96% and it is assumed
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that the stars with a visual magnitude value greater than 11.5 My are detected by the
star sensor in accordance with the capability of the sensor with a FoV 42° x 42°. The
observation vector is assumed to be captured by the sensor covering the region ranging
within right ascension ¢ € [95.0°,137.0°] and declination 6 € [—85.0°,—43.0°]. The
observation feature vector corresponding to the observation image is 7 which is

normalized to get VA} as given below in Equation 5.1.

n 26 A 26.60
A 11.96 A 43.59
V=|r|=]295| normaiized ¥ =1 # | = 2003 (5.1)
o 0.37 3 G 47.75
o, 5.35 5, 64.41

Note that the polar angle feature 6 is not normalized and separated from the feature

vector to be used in the approximation of the estimated rotation angle 6.

After normalizing both the observation feature vector and the database feature vectors,
the 1NN classification is performed and the classifier detects that the 735" database
feature vector ?735 = (26 11.96 3.54 0.37 5.39) T has the highest similarity with
the observation feature vector 7 The neighboring database feature vectors are picked

1th database

into the dictionary template. Thus, the dictionary contains 509", 510%, 51
feature vectors at the top row, 734th 735th 736t database feature vectors in the middle
row and 959", 960", 961" database feature vectors at the bottom row. The dictionary

template is shown in Figure 5.1. Thus, the vectors in the dictionary template matrix T

. - S S N . S - T T
are assigned to be 7’| = Tso0, 2= Ts510, 3= Ts11, L 4= T73a5 1 5= T35,

— A — A — A — A
6= Ty I'7= Toso, I's= Tospand 7'g= Tog|.

Figure 5.1 shows that the database feature vector closest to the observation feature
vector is extracted from the region of sky patch bounded by right ascension a €
[94.4°,136.4°] and & € [—85.2°,—43.2°] by means of INN classifier. Also, the
angular values of right ascension and declination are given in yellow and the
corresponding feature vectors are given in green in the figure. Thus, the dictionary
template T is obtained where the columns are represented by the database feature

vectors corresponding to the sky patch image in the order of Figure 5.1 such
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FOVR2 B ra o 1328 and -86. 8.0 dec « -d0.8 FON-34,4< ra < 1344 and -36.0< dec < -46.8 FOMV:AEO A « 1360 and -86 B dec « -46.8

[A=1189 1,99

lr=sa07 393
- 20.10 =107
Euia = 10,38 lscdi = 0,38
stdr = 4,80 . ® stdr =471 . * stdr = 4?ﬁ '

qu&.u-: < E36.0 and -Hszw.dec-: -45.

FOVS2 B ra o 1328 arul -85 .2« dec < -45.2 FOW-S4 4= ra = 134.4 and -85.2= .uc o 452

[A=1L08

4.18
= 368
st = 037

sty = 5.52 * sidr = 5,38

FW&&.D ra « 13640 and -83.b< dec < -43.6

FOVS2. 8a ra 132 8 and -8306 dec = -43.6 [l FOVS4.4< o 1344 and - 83,6 dec « -43.6

A=1107
F=342
B = 34.70
lscih = 0,36
stdr = 5.6
Figure 5.1 : An example of dictionary template.
24 24 24 26
11.99 11.99 11.99 11.98
that ?5()9 = | 5.07 |, ?510 = | 375 |, ?511 =1 2751, ?734 =\ 4.18 |,
0.38 0.38 0.38 0.37
4.80 4.71 4.76 5.52
26 26 27 27
11.96 11.96 11.97 11.96
Tos = | 354 |, Tg36 = | 246 |, Toso = | 342 |, Toeo = | 2.53 | and
0.37 0.37 0.36 0.37
5.39 5.38 5.60 5.49
26
11.96
?961 = | 1.34 |. Moreover, the rotation template matrix ® is obtained with the
0.37
5.23

corresponding polar angles such that 8509 = 29.10°, 059 = 41.07°, 6517 = 63.52°,
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9734 = 30.680, 9735 = 36.840, 9736 = 59.800, 9959 = 34.760, 0960 = 24.99° and
0961 = 23.00°.

After performing the LASSO regularization, two types of regularization coefficient
vector are computed. While 3MSE is the weight vector corresponding to the A value
with the minimum MSE, Bl sg s the weight vector corresponding to the A value such

that the MSE is within 1SE of the minimum MSE, where A is defined in Equation

0 0
0 0
0.04 0.03
0 0
2.34. They are obtained such that ﬁMSE =10.45| and 31 se = | 0.44 | is yielded
0.26 0.26
0 0
0.26 0.27
0 0

in this example. Next, using the regularization weight vector QMSE or 315;5, the
estimated feature vector can be reconstructed from the dictionary template matrix T.

The estimated feature vectors WMSE and 71 sg obtained in this example such that

24.71 24.14
11.94 11.94
= 2.80 N 2.72
V/MSE:TXQMSE: 38 37 and l[/lSE:Txalggz 3706 where @ has the
0.35 0.34
5.08 4.95

elements corresponding to the feature vectors in the dictionary template with the given

locations from top left to bottom right in the order given in Figure 5.1. The norm of
26
11.96
2.95
40.72
0.37
5.35

feature vector yields both types of error such that &y, = = i} usell = 2.69 and

the difference between the observation feature vector 7 = and the estimated

Eyigr = ||V/> — Wl sell = 4.13. Finally, a new template is generated using the FoV
values of the dictionary template feature vectors where each column corresponds to

the relevant feature vector with the corresponding values of right ascension o and

. . (04 (04 (0% (0% o (07 (0% (04
declination & such that F = < bot2 08 s e Tt ag) Thus, the

0p & & & 05 0 & & 09

estimated boresight vector ? = ( can be obtained by a cross product such that

O AN
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v 94.88 > 94.86
7MSE =Fx 3MSE = <—84.85) and 715‘5 =Fx 81SE = (—84.81)’ Note that the

bottom left point of the FoV is taken as a reference in calculation of the values. Lastly,
the error of estimated boresight vector is calculated through the derivation of norm of
difference between the estimated boresight vector ? and the observed boresight vector
7 suchthates,, = || 7 — f szl =0.1983° and e, = || F — f 15| =0.2347°. The
algorithm finally yields the estimated angular values for the observed star image. The
accuracy of the estimation can be measured with either &g, .. or €. on the type of

error used in the estimation.

5.2 Noise injection

A star sensor is exposed to several types of noise in the course of image acquisition and
detection of body vectors. The factors leading to noise include any neighboring object,
satellite or dust particles, activation of some pixels saturated due to radiation in the
space environment and dislocation of star images due to thermal deformation or optical
flaws, as well as dead pixels or blockage of FoV. Major types of noise encountered
are exemplified in Figure 5.2. The types of input noise, to which a star sensor is
subject, include positional noise, missing and false stars as well as magnitude noise
[73]. Thermal deformation, optical flaws or calibration errors may stimulate positional
noise, and the sensitivity of a sensor accounts for magnitude noise. Furthermore, false
stars and missing stars are respectively triggered by reflecting objects in the FoV and

solar flare and blockages in the FoV and dead pixels [84].

x

Missing star

'Varying magnitude *
Shifting stars
False star

*

Figure 5.2 : Types of noise encountered in star sensors.

The simulated images are generated using the same sensor model [114] given in
Table 2.2. While a Gaussian noise model is used for both positional and magnitude

noise, false stars and missing stars are selected within a simulated observation image
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arbitrarily using a uniform probabilistic distribution. A pixel in a given simulated

image covers a region of FoV such that

42° 420
FoV, —
°Vr= 937 X 937

~ 0.0448° / pixel x 0.0448° / pixel (5.2)

since the sensor has a FoV 42° x 42° and a resolution 937 x 937 pixels according to

Table 2.2.

Figure 5.3 : A pair of star images obtained from the Hipparcos database without
noise at the left-hand side and with noise added at the right-hand side.

Figure 5.3 shows an image of stars at the left-hand side without noise and an image
of stars with noise added at the right-hand side to exemplify the procedure of noise
injection. The images are simulated with a lower bound brightness threshold xk = 3.8,
a FoV 42° x 42° and a resolution 937 x 937 pixels. The image is located within an
interval of right ascension o € [0°,42°] and declination & € [0°,42°], where two types
of noise are injected: positional noise and magnitude noise. In order to observe the
effects of noise addition, a smaller patch is extracted from the image and zoomed in.
The patch has a FoV 2° x 2.7° and a resolution 45 x 62 pixels, which is located within
o €[28.1°,30.1°] and 8 € [29.2°,31.9°] within the whole image. The stars are created
by generating a 2D Gaussian function, center of which is located on the position of
the star given in the catalog, that is, the mean and the variance of the function are
the exact location and the magnitude of the star respectively. The right-hand side
image is created by adding positional noise and magnitude noise to each star object

separately. The addition of positional noise is carried out by imposing a shift effect
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on the centroid of a star through an individual Gaussian function along horizontal and
vertical axes. In this image sample, the amount of positional noise is determined by
a normal distribution .4 (up, sz) where 1, = 0 and 0, = 1 in terms of pixels. The
amount of brightness noise is also determined by a normal distribution .4 (,um, O'mz)
where U, = 0 and o, = 5 in terms of pixel intensity. The effect of both types of noise
is clearly revealed in the enlarged patch, where the stars’ positions are shifted and the
pure Gaussian shape of the stars in the left-hand side are degraded in the image at the
right-hand side. On the other hand, the simulation also allows injection of false stars
into an image and removal of true stars from an image. A false star is injected into an
image using two uniform distributions, one to determine the position within a given
FoV where % (o, 1) and % (0p, 8;) are respectively two uniform distributions that
specify the boundaries of right ascension and declination in the given FoV, and the
other to determine brightness within a given boundary specified by the characteristic
of the sensor where % (my,my) is the uniform distribution specifying the boundaries
of brightness. A true star is removed from an image using a uniform distribution as
well, where the index of the star to be removed is selected arbitrarily from the set of
stars in the image by means of % (1,n) where n is the number of true stars in the given

FoV.

5.3 Translation and rotation

An image frame is translated and rotated to obtain time-sequential images such that
a motion effect of the camera is sustained by inserting the corresponding stars into
the image with the selected noise conditions. After the initial image is simulated at
time 7y within a selected region in the given FoV, the subsequent image is simulated by
translating the image atr — 1 by | drawn from a uniform distribution % (—ﬁ, ?)

Yt
and rotating it by 6; drawn from a uniform distribution % (-6, 6).

Figure 5.4 shows two sequential images. The left-hand side image is assumed to be
captured at time ¢, which corresponds to the region bounded by a € (0°,42°) and
0 € (0°,42°) with stars brighter than —12 My and a false star labeled number 3. The

right-hand side image at time 7 + 1 is simulated by translating the image at time ¢ by
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first image second image

Figure 5.4 : Temporal-sequential rotated and translated star images with a false star
injected at time ¢ on the left-hand side and at time 7 4 1 on the right-hand side.

—5° in the direction of declination and rotating it by 10° counterclockwise. The image

at time ¢ 4 1 has also another arbitrarily-positioned false star labeled number 1.
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6. EXPERIMENTAL RESULTS AND DISCUSSIONS

This chapter presents the results of the experiments carried out in the simulation
environment. The experiments are divided into three sections including the results
provided for the LSI algorithm, the FSF&CME algorithm and the RSI algorithm.
The LSI algorithm is the baseline method while the RSI algorithm is an enhanced
version of the LSI algorithm improved by the results yielded from the FSF&CME
algorithm. Since all algorithms depend on specific parameters, the concepts of
parameter selection are provided with the corresponding case studies for all three
algorithms. Parameter selection is made to choose the optimal parameters that maintain
the most convenient use of the methods used in the algorithms for the given application.
The performance evaluations are carried out using statistical indicators that complies
with the architecture of each algorithm. The performance of the LSI algorithm and
RSI algorithm is evaluated by error plots, precision rate and identification rate. On the
other hand, the performance of the FSF algorithm is tracked by the confusion matrix
and the derived statistical indicators while the spatial deviation of the transformed
stars is used to evaluate the performance of the CME algorithm. The experiments are
carried out using the simulation environment developed using MATLAB for the study.
The simulation environment allows noise injection including position noise, brightness

noise, missing stars and false stars.

6.1 Tests on Lost-in-Space Star Identification Algorithm

The simulation includes modelling the CubeStar sensor [114] which provides a FoV
42° % 42° and a resolution 937 x 937 in pixels. The feature vectors used in the
experiments include five features as given in Equation 2.11. The partial-FoV feature
vectors are extracted from circular image frames instead of conventional rectangular
ones. The feature vectors are extracted from the corresponding circular patch images

obtained from the star catalog database corresponding to the related coordinates. The
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dictionary-based star matching method involves the INN classification, the dictionary
setup and the regularization process respectively. The 1NN classification is realized
by selecting the most significant feature vector in the dictionary through binary search
of the smallest Euclidean distance, followed by the dictionary setup through selection
of the neighboring vectors in the database. Subsequently, the regularization process
is carried out, in which the LSE minimization is implemented in order to realize a

regression by minimizing L; norm, which is called LASSO regularization.

6.1.1 Parameter selection and case study

A number of experiments are carried out to evaluate the performance of the algorithm
by simulating the sensor [114]. The performance is evaluated on 10 distinct databases,
all of which are created using the parameters lower-bound brightness threshold x =
11.5. However, the databases differ in the application of overlap ratio p, since a
different overlap ratio is applied on each database such that p; = 0.96, p, = 0.97,
p3=0.98, ps =0.99, p5s =0.991, pg =0.992, p7 =0.993, pgs = 0.994 and pg = 0.995
and p10 = 0.996 assuming that the indices correspond to the number of the database.
Thereby, the number of database feature vectors are calculated using Equation 2.23
by substituting ¢, = ¢, = 42°, and p;. They are obtained such that N; = 22959,
N, = 40816, N3 = 91836, N4 = 367346, N5 = 453514, Ng = 573979, N7 = 749687,
Ng = 1020408, Ng = 1469388 and Ny = 2295918. Note that the number of database
vectors, despite increasing accuracy of estimation, leads to higher computational
complexity in the binary search used when performing the 1NN method. A bulk of
observation vectors are extracted using arbitrary FoV values, and the proposed method
is evaluated for all observation vectors using the databases created, that is, 1701
observation vectors are extracted and the experiments are carried out. Some rotation of
camera plane with respect to the inertial frame is also added to the observation vectors.
The observation images are extracted from the catalog by means of the simulator
tools, each of which covers a FoV with right ascension a € [2° +k-5°,44° 4+ k- 5°]
and 6 € [—88°+m-5°,—46° +m-5°] where k =0,---,59 and m = 0,---,29. Also,
each set of 1701 observation images are rotated by 65 = 80° +¢-80° wheret =0, --- ,4

with respect to the curve 6 = 0 in the inertial frame so that it is distinguishable that the
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estimation results are independent from the rotation of the camera plane. The results
are given in terms of both MSE-type error and 1SE-type error for each database. Also,
the curves of precision rates are given for each database. It is shown that the estimation
is independent of the rotation of the camera plane. Precision rate curves are constructed
in reference to precision plot defined in a benchmark used as an evaluation metric for
object tracking [123]. The star sensor is simulated using the characteristics given in
Table 2.2, and the Hipparcos catalog is used with the entries given in Table 2.1. The
results are given and discussed in this chapter, including both MSE- and 1SE-type
error for both the estimated boresight vector and the estimated rotation angle as well

as precision rates yielded using all 10 databases.

6.1.2 Statistical performance evaluation

The performance evaluation results are given in terms of error plots and precision rates.
The error plots are given for both MSE- and 1SE-type error by implementing the
method on the sets of observation images rotated with the given angles using all 10
databases. Therefore, 100 sets of experiments are carried out, all of which involves
1701 trials for each observation vectors extracted from the set of observation images.
Also, noise injection is performed to evaluate performance of the algorithm when
positional noise, brightness noise, false stars and/or missing stars are present in the

observations.

6.1.2.1 Error plots

The error plots contain color-scaled illustration of MSE- and 1SE-type errors obtained
for the observation images with the given FoV. The errors &y, . are given for the
estimated boresight vectors. The horizontal and vertical axes of the plots represent
right ascension and declination respectively. The color scales range between minimum
accuracy and maximum accuracy where maximum accuracy is 0° with green color
index and minimum accuracy is indexed in red color. Each error type is depicted in
two different scales for better illustrative purposes, where the same experiment is given
in the scales for an accuracy range pointing to an error interval between [0°,0.1°] and

[0°,1°]. Although the observation images overlap when mapped onto the inertial plane,
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a separate representative 42° x 42° FoV square is allocated for each observation image

in the illustration filled with the color implying the level of accuracy.
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Figure 6.1 : Distribution of MSE-type errors over the database with the given overlap
ratios.

Figure 6.1 shows the MSE-type error €y, yielded by the boresight vector ? MSE
estimated using the MSE-LASSO regression for the set of observation vectors scattered
over the inertial frame plane, where the horizontal and vertical axes represent right
ascension and declination respectively. Each row corresponds to a different database
used in the experiment with the given overlap ratio varying between p = 99.1% and
p =99.5%. Although there are 10 sets of experiments carried out, only 5 of them are
depicted, and the results of the rest are provided in the precision rate curves. Each row

in the figure represents a database that is used in the implementation of the method with
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the values of overlap ratio p given in the right-hand side of the row. The overlap ratios
applied when generating the related databases are p = 99.1%, p = 99.2%, p = 99.3%,
P =99.4% and p = 99.5% respectively from the top to the bottom. On the other hand,
each column represents a different scale of accuracy for each database. Note that the
plots on the column on the left-hand side depict accuracy pointing to a MSE-type
error within 0° < €5, < 0.1°, while the ones in the right-hand side refer to a range
of accuracy 0° < &g, < 1°. The error rates equal to or above the maximal end of
the scale (&5, > 0.1° or g, > 1°) are depicted in full-red color. The values of
errors remaining between the selected range are only color-scaled, while the values
exceeding the range limit are considered a saturation case. The scheme of color scaling

is expressed as

Sf Sf .
r-—+g-(1——, 1f£()§8f<€|
€1 &1

, if e > g

error color = (6.1)

where error color is the color assigned to the corresponding error for the estimated
boresight vector ?, r and g are the values for color channels of red and green, plus &
and & are the minimal and maximal error limits. Using Equation 6.1, the estimated
boresight vectors with less error are highlighted with green color, while the ones with

higher error rates are highlighted with red color, gradually in combination.

The accuracy increases as the overlap ratio p increases both on the left column and on
the right column in Figure 6.1. It is apparent that there is no single irrelevant estimation
when the database with p = 99.5% is used in the proposed method since none of the
errors for the estimated boresight vectors exceed an error rate of 1° (€sy5¢ < 1° for all
? use With p =99.5%). Also, a significant part of the estimated boresight vectors are

accumulated below an error rate of 0.1° for p = 99.5%.

Figure 6.2 shows the 1SE-type error &g, yielded by the boresight vector ?1 SE
estimated using the 1SE-LASSO regression for the set of observation vectors scattered
over the inertial frame plane. The plots are also built using the scheme given in
Equation 6.1. Although the results are very similar, the differences are visible in the

color scale if observed thoroughly.
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Figure 6.2 : Distribution of 1SE-type errors over the database with the given overlap
ratios.
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Next, it is shown that the estimation is independent from the rotation of the camera
plane. Figure 6.3 depicts the error plot for a set of experiments carried out using the
same observation images, but this time rotated with respect to the inertial frame. Note
that the accuracy ranges within 0° < g4,,,, < 1°, and the overlap ratio is selected to
be p = 98%. The observation images with same boresight vectors orthogonal to the
camera plane as in the previous experiments are extracted, but additional observation
images are involved in these experiments. These additional observation images include
the ones rotated about an angle 85 = 0° 4 - 80° with respect to the inertial frame where
t=0,---,4. Thus, five sets of observation images are obtained including the ones that

are not rotated and the ones rotated about 80°, 160°, 240° and 320° respectively. Also,



g = 240°

Figure 6.3 : MSE-type error for the estimated boresight vectors using the database
with p = 98%, which implies that the estimation is independent from the rotation of
the camera plane.
note that the MSE-type error is used in these experiments. The fact that the error plots
are exactly identical for different rotation angles implies that the estimation is unrelated

to the rotation of the camera plane.

6.1.2.2 Precision rate

The precision rate curves graph the error of the estimated boresight vector €; versus
precision rate. The curve contains information of 1701 estimations ? yielded from
the corresponding observation vectors F} extracted from the observation images.
The horizontal axis represents a threshold for the error rate, and the vertical axis
corresponds to the percentage of estimations with error rates below the threshold.
Thereby, the curves illustrate the percentage of estimations satisfying an error rate

falling below the value appointed in the horizontal axis.

The precision rate curves are given for both MSE- and 1SE-type error in Figure
6.4 yielded by the method for the estimated boresight vectors through experiments
executed on 1701 observation images using the databases generated by the overlap

ratios ranging between p = 96% and p = 99.6%. The percentages of error rates are
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Figure 6.4 : Precision rate of MSE- and 1SE-type error for the estimated boresight
vectors.
incrementally calculated for 10~3 degrees. First of all, both types of errors reveal a
very similar curve as expected. Moreover, it is apparently shown that an increase in
the overlap ratio incurs a certain increase in accuracy. The best performance is yielded
by the database with an overlap ratio p = 99.5%, in which the accuracy reaches above
90% in case of a threshold value 0.2° and even close to 100% in case of a threshold

value 0.3°. This implies that all 1701 estimated FoV vectors have an error rate less

than 0.3% in case the database with an overlap ratio p = 99.5% is used.
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Figure 6.5 : Precision rate of MSE- and 1SE-type error for the estimated rotation
angle.

Next, the precision rate curves of the estimated rotation angles are given for both MSE-
and 1SE-type error in Figure 6.5 as yielded in the same series of experiments. As
is the case in the precision rate curves given in Figure 6.4, the overlap ratios range
between p = 96% and p = 99.6% and the percentages of error rates are calculated in

the increments of 10> degrees. Similarly, in line with an increasing threshold value,
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the accuracy is increasing much slower in comparison with the previous precision rate
curves belonging to the estimated boresight vectors. Moreover, the precision rate
hardly climbs over 60% accuracy in case of an error threshold 0.2° and approaches
to 70% accuracy when the error threshold is close to 1° for the curve of the database

with p = 99.5%, which yields the best results.

Furthermore, the results are provided for noise-injected images. For this purpose, the
same set of 1701 experimental images are used. Four types of noise are injected,
including positional noise, magnitude noise, false stars and missing stars. The
performance evaluation is revealed using the database with overlap p = 99.5% where
the best performance is achieved in comparison to the reference precision rate curve
achieved using test images without noise. Also, note that the precision rate curves are

constructed for the MSE-type error.

Figure 6.6 depicts the performance of the boresight vector estimations in terms of
precision rate using the observations injected with noise including positional noise,
magnitude noise and both types of noises. The implementation of positional noise
injection is made by use of six different values of mean and variance in the normal
distribution .4/ (,up, sz) given in Section 5.2, representing the amount of deviation
of the centroid of the noise-added star from the centroid of the true star in terms of
pixels in the direction of right ascension and declination with a given mean p, and
standard deviation 0. The first three experiments in two plots at the top row of the
figure show results for i, = 0 and 0, = 1, 6, = 2 and 0, = 3, whereas the latter
three experiments differ in the values of , since p, is also drawn from a normal
distribution such that u, ~ .4 (0, 1), noting that it is denoted as mu in the legend.
Apparently, the results imply that the algorithm is very robust against positional noise
since the curves rapidly converge to the curve of precision rate without noise. For a
better understanding, precision rate curves are shown for a maximum error 0.05°, in
which it is shown that the curves rapidly converge despite a dramatic decline in success

for an accuracy &y, < 0.01°.

The implementation of magnitude noise injection is also made by use of six different

values of mean and variance in the normal distribution .4 (,um, sz) given in Section
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Figure 6.6 : The curves of precision rate of MSE-type error for the estimated

boresight vectors (€,,,.) in the presence of positional noise (top), magnitude noise

(middle) and both (bottom).
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5.2, representing the amount of deviation of the pixel intensity of the noise-added star
from the pixel intensity of the true star with a given mean L, and standard deviation
On. The configuration of the experiments in the middle row of the figure are similar
to the configuration in the experiments of positional noise, and L, is similarly drawn
from a normal distribution such that w,, ~ .47 (0,1) in the latter three experiments.
The results show a slight slower convergence than the performance in the presence of

positional noise, but still prove a very high robustness against magnitude noise.

Two figures at the bottom row depict the results of precision rate where both positional
noise and magnitude noise are applied in the same order as the former cases. Although
the effect of both noises deteriorates the success slightly, the algorithm proves to be

very robust against positional and magnitude noise since a rapid convergence to the

reference curve without noise is satisfied.
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Figure 6.7 : The curves of precision rate of MSE-type error for the estimated camera
rotation (&g, ) in the presence of positional noise (top left), magnitude noise (top
right) and both (bottom).
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Precision rate curves are also constructed for MSE-type error for the estimated camera
rotation angle &g, in Figure 6.7. The same sets of observation feature vectors as
the set in Figure 6.6 are used, in which positional and magnitude noise are injected.
Despite an inferior success compared to the curves constructed for &g, ., a high

robustness against positional and magnitude noise is also proven according to the

Curves.
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Figure 6.8 : The curves of precision rate of MSE-type error for the estimated
boresight vectors (€y,,,.) in the presence of false stars (left) and missing stars (right).

Lastly, the precision rate curves are shown in the presence of false stars and missing
stars in Figure 6.8. False stars are injected into the observations with arbitrary position
and magnitude in accordance with a uniform distribution defined in Section 5.2. A
false star’s position is specified by means of two uniform distributions % (ay, @) and
% (80,8;) on condition that the FoV of the observation lies within o € [0, 0] in
the direction of right ascension and 6 € [y, 01] in the direction of declination, and its
magnitude is specified by means of another uniform distribution % (mr,,mg ) where my,
and my are determined by the limits of the sensor, which is m; = 11.5 and myz = 15 in
this case. Moreover, to examine the effect of missing stars, the true stars to be removed
from the observation are selected in accordance with a uniform distribution % (1,n)
where each true star is indexed with a number between 1 and », and 7 is the number
of stars in the observation. Accordingly, the left-hand side plot in the figure shows the
precision rate curves in the presence of one, two and three false stars in comparison
with the reference curve without noise with a maximum error of 1°. It is clear that the

algorithm is highly sensitive to false stars since the success is dramatically worsened.
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It could not even reach to 20% for an error of 1° in the presence of one false star, and
it declines in an accelerating manner for additional false stars. However, it should be
noted that the effect of false stars is highly correlated to the number of stars in the
FoV of the observation. Thus, a sensor capable with a wider magnitude interval could
be more robust to false stars. The effect of missing stars is also investigated in the
right-hand side plot in the figure where one, two and three true stars are removed from
the observations respectively. The algorithm is proven to be more robust to missing
stars in comparison with false stars, yet still very sensitive since the precision rate
could not reach to 50% for an error of 1° in case of one missing star. And, the success

is reduced similarly with additional missing stars.

6.1.2.3 Identification rate

Because of the fact that the proposed method offers a novel approach which yields
a solution vector for the whole FoV rather than matching stars, it is difficult to
make a direct comparison with conventional methods. Thus, centroiding error is
considered to be an indicator to make a comparison with the proposed method. For
example, performance of a method is evaluated with misalignment errors (star tracker’s
alignment errors) of 3, 30 and 100 arcmins, corresponding to 0.05° (6.75 pixels),
0.5° (67.5 pixels) and 1.67° (> 100 pixels) in the study [70] that proposes an LSI
system for small satellites. Another study claims a centroiding accuracy of about
0.1° corresponding to 2.76 pixels [124], which is proposed for agile satellites where
fine attitude determination for rapid maneuverability. In a similar way, one study
defines buffer radius that determines the limit of accuracy which is selected as 0.3°
corresponding to 19.2 pixels [75]. Considering the given values of centroiding errors,
the values of success rates that correspond to 16.98 arcmins (0.283° = 6.33 pixels) in
the precision rate curves for the errors of the estimated boresight vectors &7 available
in Section 6.1.2.2 are assumed appropriate for a comparison, since this value is better
than and close to the values given for small satellites in terms of both pixels and degrees

and still allows comparison with agile satellites.

In this regard, the curves of identification rate versus noise are given so as to evaluate

the performance of the proposed method with the selected parameters comparatively.
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The results include the curves of the proposed method and other methods including
SGS, IG, IA, PA, MG, GA and GV. SGS, IA, MG and GV were implemented in
MATLAB operated on Windows 10 with 2.3 GHz dual-core CPU, which used the
SAO catalog in the simulation to produce 10* simulated image orientations [93]. On
the other hand, IG, PA and MG were implemented in MATLAB operated on Windows
with Core 13 2.5 GHz CPU, which used J2000 star catalog in the simulation to produce
10* simulated image orientations [94]. The proposed method was implemented in
MATLAB in Windows 10 Pro operating system with Core i5 2.70 GHz CPU. In the

proposed method, the Hipparcos catalog is used to produce 1701 simulated images.
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Figure 6.9 : Identification rate of the proposed method implemented with MSE-type
error and p = 99.5% database in comparison with other methods in the presence of
position noise.

Figure 6.9 shows the identification rate curves of the algorithms versus positional
noise with the given standard deviation values in terms of pixels. The proposed
algorithms achieve 99.99% identification rate with no noise injected, while SGS, IG,
IA and PA achieve 99.86%, 99.80%, 99.56% and 99.34% respectively. As the standard
deviation of positional noise increases, the identification rate of the proposed algorithm
significantly outperform others, while the performance of SGS and IA decreases
dramatically. Finally, the proposed method achieves 99.41% by outperforming IG
and PA achieving 99.40% and 98.56% respectively for a standard deviation 3 pixels

for positional noise.
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Figure 6.10 : Identification rate of the proposed method implemented with MSE-type
error and p = 99.5% database in comparison with other methods in the presence of
magnitude noise.

Figure 6.10 shows identification rate curves versus magnitude noise with the given
standard deviation values in terms of stellar magnitude. The proposed method
outperforms others in case of no noise with close rivals including SGS, IG, IA and PA.
As the standard deviation of magnitude noise increases, the performance of SGS, IG
and IA decreases dramatically, although the proposed method with an identification
rate 97.99% in case of standard deviation 3 My outperforms PA achieving 97.80%.
Figures 6.9 and 6.10 reveal that the proposed method is rather robust to positional
noise and magnitude noise in comparison with the other methods. However, the curves
of identification rate versus false stars tell a different story in Figure 6.11, since the
identification rate of the proposed method is disrupted with introduction of false stars.
This phenomenon shows that the proposed algorithm is extremely sensitive to false

stars.

In addition, it is shown that the proposed algorithm with an overlap ratio p = 99.5%
ensures an accuracy of 0.3° with a probability of 100% in case of no noise and
with probabilities of 99.94%, 99.59% and 99.18% in case of both positional noise
and magnitude noise injection with standard deviations 6 =1, 6 =2 and 6 =3
respectively for positional noise in terms of pixels and magnitude noise in terms

of pixel intensity. The proposed algorithm also achieves the accuracy rates 0.2°,
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Figure 6.11 : Identification rate of the proposed method implemented with MSE-type
error and p = 99.5% database in comparison with other methods in the presence of
false stars.
0.1°, 0.013°, 0.008° and 0.002° given in the studies [11,12] respectively with the
probabilities 92.24%, 71.43%, 59.20%, 58.67% and 57.79% without noise injection,
while achieving with probabilities 91.89%, 91.59% and 90.65% with both types of
noise injected with o = 1, and 71.19%, 70.66% and 70.08% with ¢ = 2, and 35.57%,

24.40% and 18.99% with o = 3.

6.1.2.4 Complexity analysis

The complexity of an algorithm is as significant as its accuracy since it is an indicator
for real time implementation. The proposed algorithm is evaluated in terms of database
size and average run time to measure its feasibility in real time. Time complexity of the
proposed algorithm involves time required for feature extraction, 1NN implementation,
dictionary setup, LASSO regression and calculation of estimated vectors. Noting that
time complexity of feature extraction is &' (f) where f is the number of stars in the
FoV dependent on the magnitude threshold k, that of INN implementation is & (N)
where N is the number of database feature vectors dependent on the overlap ratio p,
that of dictionary setup is &' (1), that of LASSO regression is & (K 34 Kzn) where K
and n are the number of variables in the feature vector and the number of database

feature vectors in the dictionary [125] and that of calculation of estimated vectors is
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0 (1), the amount of time except INN implementation and LASSO regression can be
neglected. Therefore, there is a tradeoff between this two steps in the algorithm. As the
overlap ratio p increases, N also increases, leading to an increase in time complexity of
the implementation of the 1NN classifier besides the database size, but also a decrease
in time complexity of LASSO regression because of faster convergence to solution
thanks to higher similarity between the most significant database feature vector ?5 in

the dictionary and the observation feature vector 7
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Table 6.1 shows the required database size in kB and the average run time in ms as
measured in the experiments. Since the feature vectors are embedded into database
after being normalized, a precision of 8 bits is sufficient for each element in the
database. It is apparent that the value of overlap ratio p has a significant effect on
both the database size and the average run time because it determines the number of
database feature vectors N. An increase in p leads to an increase in database size
and a decrease in average run time. Note that average run time required for the steps
including feature extraction, dictionary setup and estimation tends to stay constant and
negligible in contrast to INN implementation and LASSO regression in accordance
with the theoretical expressions. In addition, an increase in p constantly leads to an
increase in average run time of 1NN implementation but a gradual decrease in that of
LASSO regression. Total average run time tends to increase in parallel to an increasing
value of p.

Table 6.2 : Database size and average run time of the proposed algorithm in
comparison with the other algorithms.

Algorithm Database size (kB) Average run time (ms)

PA 130.57 27.5

MGA 7380 394.6

LPT 665.89 73.8
VP 280.72 7.8

GA 331 185.6

SVD 1483 13.4

oSV 145 35.2
Proposed LSI algorithm 6300 46.1

Table 6.2 shows the database size and average run time of the proposed algorithm
implemented with p = 99.5% yielding the best results and other algorithms including
PA, MGA, LPT, VP, GA, SVD and OSV. The proposed method achieved 6.3 MB in
database size and 46.1 ms in average run time, which are, thanks to the outperforming
results in identification rate, enough to claim that the method is able to compete with
the given methods despite failing to exhibit the best results in terms of database size
and average run time. The proposed algorithm performs similarly to PA and OSV,
and outperforms MGA, LPT and GA, although it lags behind VP and SVD in terms
of average run time. On the other hand, its 6300 kB database size is larger than its

competitors in general as it outperforms only MGA with a database size of 7380 kB.
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The cause for its comparatively larger database size is the high value of overlap ratio
P =99.5% used in the generation of the database. Note that the database only seizes 99
kB in case of an overlap ratio p = 96%. The cost of high database size is compensated
with much higher identification rate under positional noise and magnitude noise or in

case of no noise injection.

6.1.3 Summary

An LSI method is proposed in this chapter. The method runs into a cascade
structure of 1NN classifier, dictionary setup and a regularization operator and estimator
sequentially. The INN classifier uses Euclidean distances between the observation
feature vector and the database feature vectors as inputs and outputs the most similar
feature vector in the dictionary. The dictionary setup is carried out through selection
of the closest neighbor feature vectors of the most similar feature vector from the
database. The regularization operator is based on L; regression that is called the
LASSO regression, in which the dictionary is used to estimate a regularization weight
vector @. It is used to reconstruct an estimated boresight vector and an estimated
rotation angle. Throughout the process, a novel set of features is used. Feature
extraction allows acquisition of a feature vector for each image frame with a given FoV,
which helps the information of all stars in the given FoV be accumulated in a single
feature vector. A feature vector of the given FoV comprises the number of stars n, the
mean of magnitude of stars A, the polar radius and angle of the magnitude-weighted
centroid of the stars r and 0 and the standard deviation of magnitude and polar radii of
each star o4 and o,.. Five features are used in the matching process while the remaining
one 0 is used in the estimation step to predict the planar rotation angle of the camera.
Thus, instead of creating a separate feature vector for each star, a single feature vector
saves run time and memory size without compromising performance. The features are
examined in detail to show their contribution to the solution when empirically exposed
to the effect of the different values of parameters, overlap ratio p and magnitude
threshold «, that determine the key characteristics of the database. The identification
algorithm employs the 1NN classifier and the regularization operator. The Hipparcos

catalog and the CubeStar star sensor are used to generate database and observation
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images. The developed simulator allows generation of both database feature vectors
7 and observation feature vectors F} as well as noise injection in addition to the
execution of the algorithm. Noise injection involves injection of positional noise,
magnitude noise, false stars and missing stars into an observation image. A case study
is performed, in which 1701 observation images are used to output the estimations.
The results are illustrated in the error plots and precision rate curves. The precision
rate curves ensures to decide that the database generated with p = 99.5% yields the
best results. This database is used to compare the proposed algorithm with some
state-of-the-art algorithms in terms of identification rate, database size and average

run time.

This study claims that the proposed algorithm make contributions including high
accuracy, independence of the estimation from the rotation of the camera plane about
the boresight vector, a new approach of estimation with two solutions including the
estimated boresight vector ? and the estimated rotation angle 6, and reduction in
computational complexity and shrinkage in database size. The levels of pointing
accuracy offered by the state-of-the-art spacecraft ADCS units are achieved with the
probabilities given in Section 6.1.2.3. Higher accuracy is also achieved with positional
noise and magnitude noise as shown in Figures 6.9 and 6.10, while the performance is
deteriorated dramatically in case of injection of false stars and missing stars as shown
in Figures 6.8 and 6.11. The accuracy with false and missing stars can be increased
by using a wider range of magnitude threshold k to increase the number of stars in the
FoV. In addition, a contributing study can be used to add a preprocessing step that aims
to remove false stars [2]. Independence of the algorithm from the rotation of camera
plane is shown in Figure 6.3, which avoids additional burden in the regularization
step. A pair of estimated solutions including ? and 6 ensures a complete spatial
attitude information. Despite a very high accuracy in the estimation of ? in Figures
6.9 and 6.10, the accuracy of the estimated rotation angle 6 remains low as shown
in Figure 6.7. New research can be made to search for better results by carrying out
more experiments by focusing on the parameters of the LASSO regression, or the
estimation of ? can be executed in two directions instead of estimating 6, which

requires an unwanted additional camera. It is shown that a higher accuracy costs a
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larger database size and a longer average run time in Table 6.1. Nevertheless, this cost
does not prevent the proposed algorithm from managing to compete with some of the
state-of-the-art methods as shown in Table 6.2, considering that its very high accuracy
99.99% without noise and its continual higher accuracy with injected positional noise
and magnitude noise. To overcome the decline of accuracy in the presence of false
stars, a new FSF method is developed using unsupervised learning presented in Section
3. Moreover, additional benefits harvested from this algorithm pave the way to develop

an RSI algorithm presented in Section 4.

6.2 Tests on False Star Filtering and Camera Motion Estimation

This section presents the experiments and their results carried out to evaluate the
performance of the FSF&CME algorithm. Firstly, since the FSF algorithm is based
on an unsupervised learning method, preliminary tests are performed to detect the
optimal parameters required for the method. After choosing the optimal values for
the parameters € and min,,, the performance of the algorithm is statistically exhibited
for both FSF and CME in a case study where noise is also present. Next, a wide
range of series of experiments are carried out under different conditions to evaluate
the performance. A confusion matrix is used for demonstration, and the performance

indicators are derived from the confusion matrix.

6.2.1 Parameter selection and case study

The parameters € and min,, are required to be determined appropriately so that a single
cluster that contains the disparity vectors corresponding to the feature vectors of true
star pairs can be generated. A series of simulations are carried out to determine the

parameters that would yield the best results in accordance with the algorithm.

For selection of clustering parameters, three groups of experiments are carried out
as shown in Figure 6.12. The first group involves 10 sets of 1000 estimations to
examine the effect of the clustering parameter € on the performance by implementing
the algorithm on the image frames with position noise drawn from a normal distribution
A(0°,0.1°) but neither false stars nor brightness noise when the other parameter

min, = 3 is chosen for all cases. The left-hand side plot shows the average number of
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Effect of epsilon on performance Effect of minp on performance

Figure 6.12 : Evaluation of performance for selection of the optimal clustering
parameters.
false stars per image frame despite absence of false stars, mean of translation error &,
and the corresponding standard deviation 6,. While changing € causes no significant
difference in &, and o), the average number of stars that is expected to be close to zero
has smaller values when € = 0.4 and € = 0.8. Next, the second group of experiments
is carried out to find the optimal value of min, for € = 0.4 revealed by the blue curve
in the right-hand side plot, and the third group for € = 0.8 by the red curve in the
right-hand side plot. It is shown that the highest accuracy is given in the case with
g =0.4and min, = 0.5-n{ ¢;} where n{ ¢;} represents the number of detected object
centroids (star candidates) in the given image frame. Thus, the parameters can be
dynamically updated for the images with different number of stars. The extensive
package of experiments are carried out to evaluate performance by using the values
of € = 0.4 and min, = 0.5- n{¢;} for the clustering parameters, which implies that
for each candidate core point selected in the disparity list 2 would constitute a cluster
with the points in the list & satisfying that they are in € = 0.4 neighborhood and
on condition that the total number of points is at least min, = 0.5 -n{¢;}, half the
number of detected object centroids in the image frame. After selection of the optimal
clustering parameters, 36 sets of 1000 experiments are carried out using the same initial
conditions and the same probabilistic distributions for the parameters of translation and
rotation. The experiment sets include variations of 1001 subsequent image frames with
different number of false stars f; (i=0,1,---,5) and different values of noise factor
i (j=0,1,---,5). Noise factor p1; corresponds to the number of pixels in case of

position noise and number of bit values in case of brightness noise.
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The algorithm is implemented on two sequential images given in Figure 5.4. The
true stars are successfully matched. The object labeled number 3 in the image ¢
and the object labeled number 1 in the image 7 4+ 1 are not matched, thus called
false stars. Moreover, the estimations of rotation ¥ and translation ﬁ components
of camera motion are obtained. In this example, the motion estimates are calculated

by backtracking each star object. Thus, they fall into some intervals such that ¥ €

(9.75°,10.58°) and P € ({_0'04 } , { 022

_3.99° _3'540] ) while the true values are y = —10

-5
are generated for both images, which are ¥ = {7?} and 7! = {7?“ }. Using two

and ? = o |- Using the centroids of 7 objects, a separate set of 21 feature vectors
sets of feature vectors, the disparity list & is generated, which contains 441 disparity
vectors 7 The disparity list is illustrated in Figure 3.2. Then, the true stars are
matched by applying the density-based clustering on the disparity list. The affine
transformation matrix containing motion parameters is subsequently obtained using

the RANSAC algorithm.

Table 6.3 : Results of false star detection for the case study.

fi Type of noise Accuracy Precision Recall
0 None 1 1 1
0 Brightness 1 1 1
0 Position 1 1 1
0 Both 1 1 1
1 None 1 1 1
1 Brightness 98.75% 98.59% 1
1 Position 1 1 1
1 Both 1 1 1
2 None 1 1 1
2 Brightness 98.89% 98.59% 1
2 Position 1 1 1
2 Both 98.89% 98.59% 1

In addition, another case study is simulated, in which 10 matching results are obtained
from 11 sequential images. After the initial image frame is selected arbitrarily,
the following images are simulated using the distributions % ([:;2} , Bg]) for
translation and % (—2.5,2.5) for rotation. 12 sets of experiments are carried

out, which includes images injected with brightness noise and/or position noise

accompanied by no false stars, 1 false star and 2 false stars, which is stated by f;.
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Brightness noise and position noise are added using the normal distributions .4 (0, 1)
in terms of pixel intensity for brightness and .4 (0, 1) in terms of pixels for position.
Note that there are 7 true stars in all image frames. In Table 6.3, the results of
12 experiments are given in terms of accuracy, precision and recall. The algorithm
manages to successfully detect 7 true stars in all experiments. Three exceptional
incidents occur when one false star is mistakenly classified as true stars in one
experiment with 1 false star and brightness noise as well as in two other experiments
with 2 false stars and brightness noise and both types of noise. While accuracy shows
overall success of the model, precision indicates success when predicting the true stars.
On the other hand, recall shows whether the model can find all true stars. According to
the table, the algorithm perfectly detects all true stars without incorrectly labeling them
as false stars in case of no false stars. The impurities in the cases of 1 false star and 2

false stars arise due to three exceptional occurrences where false stars are incorrectly

classified as true stars.

Table 6.4 : Estimation errors for the case study.

fi  Type of noise % Oy € Op

0 None 46-100% 14100 68-10° 38-10°D
0 Brightness 1.1-1072 56-1072 7.5-1073 7.6-1073
0 Position 6.6-1071 1.8-107! 2.9.1072 1.6-1072
0 Both 7.2-1071 1.8-107! 3.1-1072 1.9.-1072
1 None 74-1001  14.-100%  68-1001  38.10°1
1 Brightness 7.1-1071 2.1-1072  3.1-100%  24.1073
1 Position 6.8-107! 1.9.-107! 3.1-1072 1.7-1072
1 Both 6.8-107! 1.8-107! 3.3-1072 1.6-1072
2 None 74-1071  14.100"  68-1001  38.10°1
2 Brightness 7.5-107! 2.3.1072 3.2-1073 2.5-1073
2 Position 6.7-1071 1.4-107! 2.7-1072 1.7-1072
2 Both 6.7-107! 1.7-107! 2.9.10°2 1.7-1072

The estimation errors and their standard deviations are also obtained. Table 6.4 shows
the estimation errors, where €, and oy represent the error of the rotation component
and the corresponding standard deviation in terms of degrees while &, and o), represent
the same for the translation component. It is shown that both the estimate errors and
the corresponding standard deviations increase as higher amount of noise is added.

On the other hand, injection of false stars into the scene does not significantly affect
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success, implying that the algorithm is robust to false stars. However, more extensive
and varied experiments are carried out to make a more detailed statistical performance

analysis.

‘ ; Q without noise
| © brightness noise
@ position noise
k% @ both types of noise

Figure 6.13 : True stars and reconstructed stars.

An example image shows a comparison of true stars and reconstructed stars in
Figure 6.13. An image with no false stars is selected to indicate the effect of
noise addition more clearly. The reconstructed stars are obtained by applying affine
transformation matrix in the subsequent image. Note that this image is a single

example taken from the case study. The estimated affine transformation matrix
0.9996 —0.0290 3.55271071°
is H= ]0.0290 0.9996 2.131610~'%| which preserves the estimated rotation
0 0 1

matrix R and the estimated translation matrix U. A single star is magnified to show
the effect of noise on the performance where blue and red colors represent true and
reconstructed stars respectively. While the error is significant in case of no noise where
the reconstructed star exactly fits the true star, the size of error becomes significant in

the presence of noise.

6.2.2 Statistical performance analysis

A number of experiments are carried out to analyze the performance of the algorithm
in detail. The density-based clustering parameters € and min, are selected as obtained

from the case study in Figure 6.12. Using these optimal clustering parameters,
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the extensive package of experiments are implemented to evaluate performance of
the algorithm in terms of statistical measures including accuracy, precision, recall
and Fl-score. Note that the initial image frame corresponds to right ascension
o € [87.41°,129.41°] and declination 6 € [—8.86°,33.14°], and the subsequent image
frames are shifted by % ({:;2:} , ng}) and rotated by % (—2.5°,2.5°) in all
experiments.

6.2.2.1 Confusion matrix and indicators

The statistical measures are derived from the confusion matrix containing TP, FP, FN
and TN. TP and FP imply that the estimator decides a true star when the object is a true
star or a false star respectively. FN and TN imply that the estimator decides a false star
when the object is a true star or a false star respectively. Thus, TP and TN are correct
decisions while FP and FN are incorrect decisions. Accuracy is the most used measure
despite not being the most appropriate measure when target classes are unbalanced.
Precision shows the relevancy of the selected data items, that is, it indicates the ratio
of true positives out of positive estimations. Recall reveals the amount of relevancy in
selections by proportioning correctly estimated true stars to all true stars in the scene.
F1-score, on the other hand, is the harmonic mean of precision and recall [126]. They

are formulated as follows.

TP+ TN 6.20)
accuracy = 2a

Y = TP TN+ FP+FN

TP
precision = TP+ EP (6.2b)
TP

recall = TP T FN TEN (6.2¢)

isi 1
Fl-score =2 x precision x reca (6.2d)

precision + recall

The confusion matrices of the experiments are provided for different scenarios
implemented. They are given in Appendix A. The tables cover all combinations of
experiments including all numbers of false stars varying between f; =0 and f; =5 and

all types of noise factors varying between ; =0 and y; = 5.
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Figure 6.14 : Accuracy of the FSF algorithm in the presence of noise.

Figure 6.14 shows the achieved accuracy (see Equation 6.2a) of the algorithm for
different number of false stars in the scene in three cases including brightness noise,
position noise and both. It is shown that the accuracy is 100% in case of no false
stars and no noise, that is, all true stars are classified correctly without mistakenly
labelling any true star as a false star in all 1000 trials. Accuracy is 100% in case of
no false stars and no noise. The top left plot of the figure shows accuracy when only
brightness noise is injected to the frames. Accuracy, in this case, declines as the noise
and the number of false stars increase. It drops down to 96.92% in the worst case when
the number of false stars and the noise factor both take the peak value of 5. In case
of position noise addition illustrated in the top right plot of the figure, accuracy also
decreases as the number of false stars and the noise factor increase. However, as more
false stars are introduced into the scene, the accuracy tends to increase as the noise
factor increases, which implies that the robustness of the method against false stars
is, in contrast to the robustness behavior when brightness noise is present, boosted in
the presence of intenser position noise. For instance, when the noise factor is 5, the
accuracy increases from 79.78% with no false stars injected up to 87.64% with 5 false
stars injected. On the contrary, it slightly decreases in case the noise factor is 1. The
bottom plot exhibits accuracy when both types of noise are combined, in which the
effect of position noise dominates the same of brightness noise. Both types of noise
combined reduces accuracy down to 78.53%. Note that an increase in noise factor

stimulates higher accuracy as the number of false stars increases.

The precision values are revealed in Figure 6.15. Precision, given in Equation 6.2b,
helps visualize the reliability of the model. The method proves to be very robust in

filtering false stars against both types of noise. Although the precision performance is
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Figure 6.15 : Precision of the FSF algorithm in the presence of noise.

slightly degraded with the introduction of additional false stars and with an increased
noise factor, it does not fall under 99.83% in the worst case when 5 false stars are
introduced and both types of noise are injected with a noise factor 5. This implies that

the algorithm is very consistent when estimating true stars.
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Figure 6.16 : Recall of the FSF algorithm in the presence of noise.

Figure 6.16 shows the recall values, which is formulated in Equation 6.2c. Recall is a
measure that can be used as an indicator in the cases when the cost of prediction of false
negative. In the top left plot of the figure, it is shown that the method is robust against
brightness noise in terms of recall despite a descent with an increase in the number of
false stars and the value of noise factor. However, the recall values decrease much more
in case of the presence of position noise when the value of recall drops down to 77.21%
in the worst case as seen in right top plot of the figure. Surprisingly, the combination
of both types of noise causes a very slight increase in the recall values rather than a
decrease in comparison with the cases of only position noise as seen in the bottom plot
of the figure. Therefore, the algorithm is sensitive to position noise when examined
with respect to recall despite higher values of precision. The tradeoff between precision
and recall is slightly in favor of precision. Particularly in the presence of position noise,
the number of false negatives is larger than the number of false positives. The number

of false stars that the algorithm fails to detect are larger than the number of true stars
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labelled as false stars. Considering that a correct detection of true stars is important in
terms of success of a star identification algorithm, a higher precision is preferable. On
the other hand, a smaller value of recall leads to a poorer filtering of false stars, thus
incurring an increase in computational complexity and decrease in success of a star
identification algorithm. Nevertheless, the proposed false filtering algorithm achieves
a performance for recall higher than 95% in all cases in the presence of brightness

noise and higher than 85% in most cases in the presence of position noise.
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Figure 6.17 : Fl-score of the FSF algorithm in the presence of noise.

Fl-score is a measure that indicates harmonic mean of precision and recall as seen
in Equation 6.2d. Harmonic mean avoids neglecting outliers since outliers are taken
into account for a better interpretation. Figure 6.17 shows the values of F1-score for
the proposed algorithm. Similar to the curves of precision and recall, the values of
F1-score also decrease as both the number of false stars and the level of noise factor
increase. While the values of precision and recall fall down to 99.90% and 94.73% in
the worst case when f; =5 and y; = 5, Fl-score descends to 97.25% in the presence of
brightness noise. On the other hand, in the presence of position noise, the former two
measures drop down to 99.83% and 77.21% respectively, while the latter falls down to
87.09%.

6.2.2.2 Morphological error measurement

The CME performance is evaluated by means of measurements of morphological
features.  The morphological features are obtained from the estimated affine
transformation matrix H applied on the coordinates of the stars. The stars proved not
to be false stars in the former test image frame are transformed using H in accordance

with Equation 3.2.
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Figure 6.18 : Error of CME is given by the mean of the distances between the
centroids of the true stars at ¢ and the centroids of the stars at 7 + 1 transformed using
the affine transformation matrix in the presence of noise.

Figure 6.18 shows the mean of distances between the stars transformed using H and
the true stars for each pair of images of all the trials in the experiments. The mean
values is a good indicator for the accuracy of CME. The means of distances indicate

the amount of error in terms of degrees given by

;>l+1 —
Yile, —¢ §'+l||

1y = (6.3)
n

where ?;H is derived using Equation 3.2. In the absence of noise, the error is very
low in the orders of 10~13, but climbs up to 0.0083° in the presence of 5 false stars.
The error tends to increase when the noise factor and the number of false stars increase,
and reach to maximum value at 0.0419° when the noise factor is t; = 5 and there are

4 false stars in the scene.
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Figure 6.19 : Standard deviation of error of CME is obtained from the distances
between the centroids of the true stars at ¢ and the centroids of the stars at # 4 1
transformed using the affine transformation matrix in the presence of noise.

Another morphological feature used to evaluate the performance of CME is standard
deviation of distances ;. It is calculated such that

n =yt+1 ?H—l 2

i=1 <|| Ci — ¢ ||—Hd)

o= . (6.4)
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which is based on the distances between the transformed stars and the true stars.
The values of standard deviation of distances o, are given in Figure 6.19. These
demonstrations are significant because they can give feedback to the LSI algorithm
to shrink the database used in the phase of 1NN classification so that run time
can be reduced while increasing accuracy further. It is promising to see that the
values increase as the values of distances that represent an indicator of error increase.
Therefore, a larger region can be chosen from the database when implementing the

INN classifier so as not to miss the most significant dictionary vector.

6.2.3 Summary

This section analyzes the empirical results of the FSF&CME algorithm. First, a case
study is investigated, which has been performed to select the parameters required
for the algorithm optimally. The density-based clustering method used in the FSF
algorithm is dependent on the parameters € and min,, which represent radius of
neighborhood and minimum number of vectors within this neighborhood. After
performing experiments under different noise scenarios, it is decided that the optimal
values are € = 0.4 and min, = 0.5 .n{¢;} to implement the FSF algorithm. Next,
the FSF algorithm is implemented under various noise scenarios. The performance
is investigated using the corresponding confusion matrices and its relevant statistical
indicators. This is followed by implementation of the CME algorithm using the
experimental setup of the FSF algorithm. The performance of the CME algorithm is
evaluated using morphological error measurements, namely distance errors. The FSF
algorithm achieves very high accuracy and precision under various noise scenarios.
It performs still effective but less than accuracy and precision in terms of recall and
Fl-score. This implies that the FSF algorithm is robust to false alarms. It is more
likely to falsely label true stars as false stars, rather than falsely labelling false stars as
true stars. The distance error is obtained by calculating spatial distances between star
objects in the successive frames after transforming one of them using the estimated

transformation matrix H. The means and standard deviations are calculated for all
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trials in all experiments. Both statistical indicators reveal superior performance, which

implies that the CME algorithm is not only reliable but also consistent.

6.3 Tests on Recursive Star Identification Algorithm

This section presents the experiments and their results carried out to evaluate the
performance of the RSI algorithm. The RSI algorithm, in fact, relies on the same
fundamental methodological structure as the LSI algorithm proposed in this thesis
except that the RSI method retrieves a priori information of motion estimated by the
FSF algorithm also proposed in this thesis. The CME results are used to determine
a RoS to speed up the process of 1NN classification in the LSI method, followed
by an update mechanism that detects a limit deviation from the required accuracy
in the process of the RSI algorithm. Firstly, the performance measurements derived
from the former experiments are used to choose the optimal parameters for both the
update mechanism and the scheme of RoS selection. Then, the performance of the RSI
algorithm is evaluated in terms of MSE-type error in comparison with the LSI method.
Additionally, the curves of precision rate and identification as well as average run time

are provided, exhibiting the improvements in comparison with the LSI method.

6.3.1 Parameter selection and case study

The set of experiments carried out to evaluate the performance of the proposed LSI
algorithm are used to watch the patterns of errors and detect a meaningful correlation

that leads the algorithm to deviate from the required amount of accuracy.

Figure 6.20 shows the patterns of the error for the estimated inertial boresight vector
€r and the error for the reconstructed observation vector &y, respectively defined
in Equations 2.21 and 2.20. The series of experiments used for the performance
evaluation of the LSI algorithm are used to extract the given curves. The instances
between 560th and 600th trials are used for demonstration. Note that the red line and
the dashed blue line respectively represent the curves of €¢ and &y. The noise factors
are f; =0 and u = 0 in this scheme, which implies that neither noise nor false stars
are injected in these trials. The vertical axis is represented in terms of (1 +logg) for

a better illustration of a relationship between the variables. The direct proportionality
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Figure 6.20 : The patterns of &, and €7 derived from the test trials 560-600 using the
LSI algorithm for the case without noise.

is clearly visible in the figure. A deviation from the required accuracy as the value

of & increases is, at all instances, accompanied by an increase in the value of &y.

This correlation can be used to trigger an alarm signal for a deviation of the estimated

inertial boresight vector ? from the required accuracy. In this case, the error for the

reconstructed observation vector €y serves as an alarm indicator.
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Figure 6.21 : The patterns of &y and €7 derived from the test trials 560-600 using the
LSI algorithm for the case with a noise factor u; = 1.

The same illustration is given in Figure 6.21 for the experiments processed by the
LSI algorithm implemented on the simulated test images with position and brightness

noise injected. In this case, the noise factor is given as u; = 1. Despite slight
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differences in comparison with the experiments without noise, the pattern exhibits a

similar correlation between the variables.
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Figure 6.22 : The patterns of €y and &7 derived from the test trials 560-600 using the
LSI algorithm for the case with 1 false star f; = 1.

Figure 6.22 shows the patterns for the experimental case with 1 false star injected in the
test images. The accuracy of the estimations made by the LSI algorithm deteriorates in
most cases. Thus, the LSI algorithm is said to be very sensitive to false stars. A pattern
of correlation between the variables similar to the case with ; = 1, despite a wider
scope of alteration in the patterns with respect to the case without noise p; = 0, is also
promising to allow a detection of estimations with poor accuracy in case of false stars.

Therefore, the error €y can be used as an alarm indicator for a poor accuracy.

Figure 6.23 shows the patterns for the experimental case with 1 missing star injected
in the test images. The accuracy is also poor in these estimations, implying that the
LSI algorithm is also very sensitive to missing stars. A correlated pattern is also
visible in this case. The patterns in the cases with false stars and missing stars are not
distinguished as it is in the cases with position and brightness noise injected. However,
this is insignificant because of very poor accuracy in these cases. Nevertheless, the
incidence of a positive correlation is promising. In all cases, a directly proportional
correlation between the error variables allows the error €y to be used as an alarm

indicator for poor accuracy.
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Figure 6.23 : The patterns of &, and €7 derived from the test trials 560-600 using the
LSI algorithm for the case with 1 missing star.

The same procedure is repeated to investigate the presence of a correlation between the
error for the estimated rotation angle €g and the error for the reconstructed observation
vector €y. For this purpose, the patterns of the errors are obtained from the experiments
carried out to evaluate the performance of the LSI algorithm. Similar to the patterns
of the error for the estimated inertial boresight vector €, a strong correlation between
the variables is clearly apparent for the results derived without noise in Figure 6.24. In
case of the presence of position and brightness noise in Figure 6.25, there is also a high
correlation despite an increase in the values of errors. Figure 6.26 shows the cases of
false stars injected to the test images where the patterns of correlation are also similar
to the pattern derived for €¢. The error curves are mostly directly correlated despite
some dissimilarities due to high values of error. Lastly, the pattern of the error pair
is investigated for missing stars in Figure 6.27. The correlation is again similar to the
former pattern with missing stars. There is a correlation between the variables despite
partly irrelevancies due to high values of error for this case. Overall, the patterns
exhibit a similar scheme of correlation between the errors €y and &g except that €9 has

much higher values than &¢ in line with the results derived from the LSI algorithm.

The correlations between the errors are investigated for all types of noise configurations
which have been implemented for the performance evaluation of the LSI algorithm.

The patterns can be seen in the curves for the correlation between €y and & for
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Figure 6.24 : The patterns of €y and &g derived from the test trials 560-600 using the
LSI algorithm for the case without noise.

brightness and position noise factors y; =2 and u; = 3 in Figures B.1 and B.2, for the
number of false stars f; =2 and f; = 3 in Figures B.3 and B.4, and for 2 and 3 missing
stars in Figures B.5 and B.6. All patterns of errors exhibit a correlation between
the variables despite increasing disturbances due to larger amount of noise injected.
Therefore, it is reasonable to employ €y, as an alarm indicator for an estimation with a

potential of poor accuracy.

Another procedure of analysis is carried out to determine a threshold value for &y to
activate the update mechanism when the threshold is exceeded. The values of &y are
investigated to determine the error threshold 7,,. For this purpose, the values of the
error for the estimated inertial boresight vector €; and and the error for the estimated
rotation angle €y are examined with respect to varying threshold values forced on the

error for the reconstructed observation error €y,.

Figure 6.28 illustrates the curves obtained to investigate the effect of varying values of
€y on & in the presence of brightness and position noise. The horizontal axis represent
the &y thresholds while the vertical axis represents the characteristics of €. In the
left-hand side and right-hand side of the figure, the curves of the mean of & and the
standard deviation of € are provided for the corresponding values of &, respectively.
For the values of &, with increments of 0.01, a threshold is determined. An array

containing each value of & corresponding to the &, values below the determined
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Figure 6.25 : The patterns of €y and &g derived from the test trials 560-600 using the
LSI algorithm for the case with a noise factor y; = 1.
threshold is created. Thus, a separate array is generated for each &y threshold. The
figures are created using the characteristics of mean and standard deviation of the
corresponding arrays of €, lying below the corresponding &y threshold. According
to Figure 6.28, the mean of &, steadily increases up to approximately 0.1 for a
corresponding threshold value of 1 in case of no noise while the standard deviation
is very low, implying stability. As the noise factor increases, both mean and standard
deviation increase gradually. For larger values of noise factor, the stability is lost.
There are boundary points where the values are subject to bounces for both mean and
standard deviation. The bounces in the values of mean point to large decreases in the
accuracy within a tiny increment of threshold while that of standard deviation to a
instability in the accuracy of estimations. While a value just below a threshold value
of 0.5 is critical in case of the noise factor u; = 3, the critical value is just above 0.5

for the noise factor u; = 2.

Figures 6.29 and 6.30 show the effect of varying values of €y on &, in the presence
of false stars and missing stars respectively. First of all, since the values of & are
very high in these cases due to poor estimation performance of the LSI algorithm, the
behavior of the case without false stars is not distinguishable. However, this graph
has already been discussed in Figure 6.28 where the case without noise is given.

Except that the cases with 2 and 3 false and missing stars can be claimed to have a
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Figure 6.26 : The patterns of €y and &g derived from the test trials 560-600 using the
LSI algorithm for the case with 1 false star f; = 1.
less meaningful patterns despite still an increasing pattern, the curves referring to 1
false star and 1 missing star exhibit an increasing gradient for both mean and standard
deviation. Unlike the patterns obtained in Figure 6.28, the increases in gradient are
triggered at different points. While the mean values are subject to an initial bounce
at around a corresponding threshold value of 0.5, the standard deviation values are
triggered to bounce at about 0.25. This means that the accuracy stability of the

estimations begin to deviate earlier than a high decrease in estimation accuracy.

The error threshold is also investigated for its effects on the error for the estimated
rotation angle €g. Similarly, the curves are extracted for the cases with the presence
of position and brightness noise, false stars and missing stars. The results are given in
Appendix C. The patterns are very similar to the ones carried out for € except that the
values of &g are higher due to poorer accuracy provided by the LSI algorithm for the
estimation of rotation angle in comparison with the estimation of the boresight vector.
Figure C.1 shows the effect of &y, on &g. The curves of mean and standard deviation of
£p are revealed in the presence of position and brightness noise. Similar to Figure 6.28,
both of the curves have similar gradients in addition to higher fluctuating curves in case
of larger noise factor. According to Figures C.2 and C.3 where the value of errors are
much higher than the case with brightness and position noise, the oscillations of the

curves are very similar to the ones in Figures 6.29 and 6.30 except that the values
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Figure 6.27 : The patterns of €, and €y derived from the test trials 560-600 using the
LST algorithm for the case with 1 missing star.
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Figure 6.28 : The patterns of €; derived from the test results provided by the LSI
algorithm with respect to &y thresholds in the presence of brightness and position

noise.

mean and standard deviation are triggered to bounce at the threshold value of 1 and

0.5 respectively. Therefore, it is reasonable to carry out two sets of experiments for the

implementation of the RSI algorithm. In the experiments, the error threshold value is

assigned to the value of 7g, = 0.5 and ¢, = 1 to trigger the update mechanism which

activates the LSI algorithm to avoid false estimations due to an irrelevant RoS.

The alarm indicator is the key element to implement the feedback scheme. Besides the

alarm indicator stimulating the update mechanism when &y, exceeds 7, an indicator

is required to implement the initialization procedure after a convergence by means

of the update mechanism. This indicator, called DS indicator, is specified by the
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Figure 6.29 : The patterns of €, derived from the test results provided by the LSI
algorithm with respect to &y thresholds in the presence of false stars.

45 70
#=0 #=0
40 — — —#=1 — — —#=1
————— #=2 60 - =2
st e #=3 P #=3
et [l =V -f’

30 e 5 T _
- - 5 } T
' -~ o -

5 25 P = 40 P
. = -
= I e H -
2 20 Trees -~ r~
[ e 30 -
- & -
L =] /
15 - 8 ’
- T o0 e
10 Ve -
- ,—’
- 10
5 -7 !
P |
0 - o—+
0 0.5 1 15 2 25 0 0.5 1 15 2 25
¢ threshold ¢ threshold

Figure 6.30 : The patterns of £; derived from the test results provided by the LSI
algorithm with respect to €y thresholds in the presence of missing stars.
statistical features obtained from the CME algorithm. The experiments carried out to
implement the FSF algorithm are used to perform an analysis of correlation between
these statistical features. The statistical features shown in Figures 6.18 and 6.19
include the mean of the distances between the true stars and the stars transformed
using the estimated affine transformation matrix and their standard deviations. These
statistical features are obtained for each set of experiment carried out under different

noise conditions.

Figure 6.31 shows the mean of distances between the true stars and the stars
transformed using the estimated transformation matrix and their standard deviations
without noise for the first 50 trials in the experiment carried out to implement the FSF

algorithm. The mean and standard deviation of the distances are calculated using all
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Figure 6.31 : The mean of distances between the true stars and the transformed stars
and their standard deviations for the first 50 experiment trials without noise.
stars in each simulated image. The experiment includes 1000 images, thus, 999 trials
have been implemented for each sequential pair of images. For a clear demonstration
of the relationship between the variables, the first 50 trials are revealed. An apparent
correlation between the variables is visible in the graph although they violate the
direct proportional relation in a few instances. This phenomenon allows exploitation
of these two features to be used in the determination of the RoS in the upcoming

implementation of star identification.

The same illustration is made for the same type of experiments under the effect of
noise with a noise factor (; = 1 and 1 false star as seen in Figure 6.32. There is also a
correlation between the variables except that the values of error are larger than the case
without noise. Similarly, there are a few trials where the correlation is not applicable.
The graphs of the mean and standard deviation curves of the variables are provided to
observe the presence of correlation for the cases with increasing noise effects in Figure
D.1 for uj =2 and f; = 2, Figure D.2 for u; = 3 and f; = 3, Figure D.3 for u; = 4 and
fi =4 and Figure D.4 for u; =5 and f; = 5. A similar pattern is valid for all cases but

with increasing sizes of error.

122



fi=1 and ,u,j=1

0.012 T

— — —sid
0.01F |

1
0.008 || | ;

ermnr

[ N h | N x._,-" |I| | /|

0006 | f1 A/ Vo | ' /|
AN

0.004 F , |/ W T AV

[ | 1
ooot ‘N0 N7

0 5 10 15 20 25 30

35 40 45 50
Number of instance

Figure 6.32 : The mean of distances between the true stars and the transformed stars
and their standard deviations for the first 50 experiment trials with a noise factor
p; = 11in the presence of 1 false star.
The validity of correlation is measured by calculating the correlation coefficient matrix
of these two statistical features. The correlation coefficient as well as p-value of two
vectors are used to verify the presence of correlation. For this purpose, the statistics
of correlation coefficient and p-value are calculated for each case of the mean and
standard deviation of distances as given in the figures. The statistics are given in Table
6.5. The p-value statistics is zero at all cases, implying that the null hypothesis is, at
each attempt, rejected. The null hypothesis stands for randomness of the variables,
or lack of correlation. Thus, this helps claim the presence of correlation between

the variables. The scale of correlation is determined by the value of correlation

coefficient p; 5. As the number of false stars increases together with the noise factor,
the correlation coefficient gets close to 1. Therefore, the statistical features are directly
proportional in case of larger effect of noise. The estimation of affine transformation
matrix yields very successful results in terms of u,; despite imperfections. Thus, the
DS indicator should be dynamically adaptive due to uncertainties in the estimation of

motion parameters. Since the statistical features are not totally directly proportional,
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Table 6.5 : Correlation coefficient and p-value for u; and o,.

Noise Correlation coefficient p-value
fi=0&u;=0 Puc = 0.427 1.55-107%
fi=1&pui=1 Puc = 0.680 1.55-10136
fi=2&u;j=2 Puc = 0.635 7.93-107 114
fi=3&u;=3 Puc = 0.999 0
fi=4&uj=4 Puc = 0.997 0
fi=5&u;=5 Puc = 0.901 0

the adaptive property should also reflect the trade-off between the statistical features
Uz and oy. Considering that the errors u; and o, are given in terms of degrees, the

RoS is bounded by a region of square with one side of
TRos = Dinin 4 110720002 119720002 5 py (6.5)

in degrees provided that the center of the square is the estimated subsequent candidate
boresight vector transformed by the affine transformation matrix H. By this way, the
RoS is enlarged for larger values of u; and o, while the minimal value of I'gqg is 2
degrees as L approaches zero. As 6, approaches zero, the RoS is determined only by
Ug. Note that the RSI switches to the LSI algorithm to use the whole database in the

case of I'ros > 90° to guarantee better accuracy against this large error margin.

6.3.2 Statistical performance evaluation

To evaluate the performance of the RSI algorithm, 16 sets of experiments are set up.
For each set of experiment, 1001 test images are generated. The sets of experiments

are organized with the noise parameters given in Table 6.6.

Table 6.6 : The sets of experiments to evaluate the performance of the RSI algorithm.

Hj 0 1 2 3

Set00  Set 01 Set02  Set 03
Set10  Set1l  Set12  Set13
Set20  Set21  Set22  Set23
Set30  Set31  Set32  Set33

fi

W N = O

The RSI algorithm, in addition to the FSF algorithm, benefits from the CME algorithm.

The outputs of the CME algorithm enables to shrink the RoS and determine the location
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of the RoS respectively by means of the parameter I'ros and the estimated affine
transformation matrix H. Also, an update mechanism is developed using €y based

on the predetermined threshold 7,

p=99.75% w/ f, =0 and Hy =0

25+ 1.8l

0 15
testimage number

Figure 6.33 : A sequence from the experiment carried out with the database with
p = 99.75% without noise injection to observe the stimulation of the update
mechanism in the RSI algorithm with 7, = 0.5.

Figure 6.33 illustrates the patterns of the error for the reconstructed observation vector
&y and the error for the estimated boresight vector €y for 7¢, = 0.5. Once the value of
€y exceeds the threshold 7, the update mechanism is triggered and the LSI algorithm
is activated to use the whole database instead of the RSI algorithm that searches a
shrunk database. The positive correlation between €y and € is apparent in most cases.
After the LSI method is used in the first image due to lack of feedback information
from the MCE algorithm, the RSI algorithm is employed for the next 7 trials because
of the condition &y < T¢,,. In the 9th trial, the update mechanism is triggered to activate
the LST algorithm since the threshold 7, is exceeded by &y. Note that the estimation
yielding a smaller value for the error €y is accepted, and the run time is calculated by
summing both run time. In this case, since the value of &y is not reduced below Teys
the LSI method is resumed until the condition is satisfied to activate the RSI method.
A contrary example is also given. After the update mechanism is triggered in the 18th
trial, the condition of &, < Te,, is not satisfied for the following 4 trials until when the

condition satisfied in the 22nd trial. Thus, the RSI algorithm is used in the 23th trial.

Figure 6.34 shows the patterns of &y and &y for g, = 1. The values of &, and & are

exactly the same as the values in Figure 6.33. The only difference is that the update
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Figure 6.34 : A sequence from the experiment carried out with the database with
p = 99.75% without noise injection to observe the stimulation of the update
mechanism in the RSI algorithm with 7, = 1.

mechanism is triggered less often since the value of the predetermined threshold 7, is

larger.

p=99.75% w/ f, =1 and [Lj =1

3 T

7, =0.5||

25—

error (deg)
o
T

05—

35

testimage number

Figure 6.35 : A sequence from the experiment carried out with the database with
p = 99.75% with noise injection (; = 1 and f; = 1 to observe the stimulation of the
update mechanism in the RSI algorithm with 7, = 0.5.

The patterns of of &y and &y for are also given respectively for 7, = 0.5 and 7¢, = 1
in Figures 6.35 and 6.36. In this case, the test images are injected with noise f; = 1
and f; = 1, implying that the position and brightness noise are added with a noise
factor along with one false star. The illustrated curves are not exactly the same when
noise added. The stimulation of update mechanism activates the LSI method more
often when Te, = 0.5 which reduces &y in the trials 3, 17, 23 and 32, which also

leads to a decrease in &, implying higher accuracy. However, the 15th trial shows
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Figure 6.36 : A sequence from the experiment carried out with the database with
P = 99.75% with noise injection t; = 1 and f; = 1 to observe the stimulation of the
update mechanism in the RSI algorithm with 7, = 1.
a different scenario where the activation of the LSI algorithm lowers the accuracy.
This phenomenon reveals that there may be cases when the accuracy is higher with
INN convergence with a smaller portion of the database. It seems that a smaller value
of 7¢, will tend to increase accuracy while leading to larger run time. Moreover, the
patterns are also given for the cases of noise injection with the parameters t; = 2,3 and
fi = 2,3 in Figures E.1, E.2, E.3 and E.4, in which similar patterns can be observed.

The detailed performance analyses are given in the next sections.

6.3.2.1 Precision rate

For the sets of given experiments, the curves of precision rate are given. Firstly, the
performance of the proposed method is investigated for a combination of different
database sizes and threshold values under varying noise conditions. Secondly,
additional precision rate curves are obtained to evaluate the effect of noise. In

particular, an improvement in performance is investigated in the presence of false stars.

Figures 6.37 and 6.38 show the precision rate curves obtained from the results of
the proposed algorithms with different parameters in each case. The results for 6
different scenarios are revealed. While Figure 6.37 shows the results of the set of
the experiments without noise injection, Figure 6.38 depicts the precision rate curves
for the set of experiments, in which the test images are exposed to one false star and

position and brightness noise with a noise factor t; = 1. The precision rate curves
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Figure 6.37 : The precision rate curves for i; = 0 and f; = 0.

show the percentage of errors upper-bounded by the value of error €; projected on
the horizontal axis. In addition to the precision rate curves in Figure 6.4, the results
for the database generated with an overlap ratio of p = 99.75% are also taken into
account. A larger overlap ratio leads to an increase in accuracy for the RSI algorithm
as is the case in the LSI algorithm. The RSI algorithm achieves as high accuracy
as the LSI algorithm in the absence of noise as seen in Figure 6.37. Moreover, an
increase in the value of threshold ¢, does not incur a change in accuracy. On the other
hand, the accuracy of the RSI algorithm is slightly reduced in comparison with the LSI
algorithm with the introduction of noise into the experiment in Figure 6.38. Besides,
an increase in the value of 7, incurs a slight reduction of accuracy in the presence of
noise. Nevertheless, the RSI algorithm, backed up by FSF&CME algorithm, is quite
robust to false stars in comparison to the high sensitivity of the LSI algorithm without
the FSF algorithm. The precision rate curves are also given for the case of u; =2
and f; = 2 in Figure F.1 and for the case of ; = 3 and f; = 3 in Figure F.2. These
curves similarly exhibit a high robustness to noise including false stars, as well as slight
changes of accuracy between the methods when used with different parameters except
that a database with a larger overlap ratio yields better accuracy. Therefore, there
is a trade-off between accuracy and runtime since the highest accuracy is yielded by
the LSI algorithm supported by with FSF algorithm while the RSI algorithm achieves

much shorter run time owing to use of smaller RoS determined by I'r,s. Note that the
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Figure 6.38 : The precision rate curves for 1; = 1 and f; = 1.

decrease in accuracy is negligible in comparison to the huge reduction in run time. The

analysis of run time is given in the next section.
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Figure 6.39 : The precision rate curves of the FSF-aided LSI algorithm implemented
using a database with p = 99.75%.

Next, the precision rate curves are provided to allow evaluation of the proposed
methods with respect to different scenarios of noise injection. Figure 6.39 shows the
precision rate curves for the implementation of the FSF-aided LSI algorithm. The
LSI algorithm is implemented using a database generated with an overlap ratio of

p =99.55%. Four different curves are given for the implementations of sets of test
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Figure 6.40 : The precision rate curves of the FSF&CME-aided RSI algorithm
implemented using a database with p = 99.75% and a threshold ¢, = 0.5.
experiments simulated without noise (f; = 0 and t; = 0) and with noise (f; = 1,2,3 and
uj =1,2,3). According to the illustration, the LSI algorithm proved to be very robust
to noise including false stars after removal of false stars by means of FSF algorithm.
The same scenario for the experiments is also implemented using the FSF&CME-aided
RSI algorithm. The algorithm uses the same database as the former experiment. Two
different scenarios are simulated for that case, in which the threshold triggering the
update mechanism is altered. While Figure 6.40 shows the precision rate curves for
the threshold assigned to 7, = 0.5, Figure 6.41 depicts the ones for 7¢, = 1. Despite a
slight decrease in terms of accuracy in addition to a larger deviation for larger amount
of noise, the reduction in accuracy is very small in comparison to accuracy collapse
in the presence of false stars without the FSF algorithm. Since a significant change in
accuracy is not the case for Te, = 1, it can be used to decrease run time much further.
Additional precision rate curves are also obtained for the experiments carried out with
a database generated with an overlap ratio p = 99.5%. Figures F.3, F.4 and E.5 show
the precision rate curves for p = 99.5% under the same noise conditions as it is for
p = 99.75%. The pattern are the same as p = 99.75% except that the accuracy is
raised up to 3% in some cases, which is significant considering the importance of high

accuracy in ADCS.
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Figure 6.41 : The precision rate curves of the FSF&CME-aided RSI algorithm
implemented using a database with p =99.75% and a threshold 7, = 1.
The performance indicators are given in terms of the error for the estimated boresight
vector € and the error for the estimated rotation angle € in addition to precision rate
curves. The statistical features of the error indicators are given, including mean and
standard deviation, in Table H.1 for the experiments carried out using the database
generated with p = 99.5%, and in Table H.2 for those with p = 99.75%. The
statistical results are provided for the sets of experiments carried out using observations
simulated with noise conditions u; = 0,1,2,3 and f; = 0,1,2,3 respectively. The
performances of the LSI and RSI algorithms are compared. The FSF algorithm is used
in all cases to increase accuracy in the presence of false stars. Also, the error threshold
for the reconstructed observation vector Te, is altered to observe its effect on the
performance. In fact, the precision rate curves provide a more meaningful indication
of the performance since the mean of error values may demonstrate redundantly large
values due to outliers with very large values. Nevertheless, it serves as an indicator to
show the effects of the parameters on the accuracy alterations. In the case of p =99.5%
in Table H.1, the algorithms proved to be very robust to noise, including false stars, in
all cases whether 7¢,, is used or not since the mean of the error & is always close to
0.18°. In addition, the estimations are very consistent despite increase in noise since
the standard deviation of the error & is also close to 0.18° without significant changes.

On the other hand, the accuracy of the estimated rotation angle &g is still high compared

131



to €7 due to larger values of mean of &g. Its consistency is also higher although slight
amount of variation with increase in noise. The introduction of the threshold Te,, into
the system, which converts the LSI algorithm into the RSI algorithm, does not have an
adverse impact on the performance. In the worst case where (1; = 3 and f; = 3, both
the mean and the standard deviation of the error €; only increase by 0.01° while those
of €9 by 0.02° in comparison to the LSI algorithm. Also, a larger value of 7¢, has no
negative impact on the accuracy although it decreases computational complexity to a
large extent. In the case of p = 99.75%, the same pattern is also observed. In addition
to that, the values of the error &/ is reduced by about 0.05° in all cases while a decrease
up to 0.15° is observed for the values of the error €9. The standard deviation values
are observed to remain nearly constant, which implies that the algorithms function

consistently.

6.3.2.2 Complexity analysis

A number of complexity analyses are conducted in terms of run time. Also, the
database portion used in the implementation of the FSF&MCE-aided RSI algorithm
is determined. Time complexity of the proposed RSI algorithm, just like the LSI
algorithm, is determined by feature extraction, 1NN implementation, dictionary setup,
LASSO regression and derivation of estimated vectors. The amount of complexity
is exactly the same for feature extraction, dictionary setup, LASSO regression and
estimation, which are respectively given by & (f), 0 (1), € (K*+K?n) and 0 (1)
where f is the number of stars in the FoV, K is the number of variables in the feature
vector, and #n is the number of database feature vectors in the dictionary. On the other
hand, the complexity of 1NN implementation is shrunk to & (Nges) where Ngos is
the number of database feature vectors bounded by the square with one side I'res.
Hence, the number of database feature vectors used in the implementation of 1NN

classification is given by
2
FROS

- by (1—p)°

where I'rog 1s one side of RoS in addition to other notations given in Equation 2.23.

NROS = (6-6)

In comparison to the LSI algorithm using the whole database in search of the most

significant database feature vector t_5>, the region of search is significantly contracted
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by means of the parameters yielded from the CME algorithm. Therefore, the tradeoff
between the 1NN classification and the LASSO regression in terms of run time can be
manipulated since the INN run time can be reduced to a large extent. Thus, a larger
database can be used to increase accuracy further without compromising average run
time. The effects of this phenomenon are investigated by plotting run time patterns

obtained from the related experiments.
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Figure 6.42 : A sequence from the experiment carried out with p = 99.75% without
noise injection to observe the effects of the update mechanism on the run time and
memory usage in the RSI algorithm with 7, = 0.5.

Figure 6.42 shows the patterns of the 1NN run time, LASSO run time as well as
the RoS side to observe their relation, taking changes in the error for the estimated
boresight vector € into account. The database with p = 99.75% is used in these
experiments, and the threshold 7, = 0.5 is chosen without injecting noise in the
simulation. The left-hand side and right-hand side axes are given in terms of degrees
and ms respectively. Thus, while the curves of € and I'ros correspond to the left
axis, the run time curves correspond to the right axis. Once the update mechanism is
triggered, the LSI algorithm is activated, which leads to divergence of I'ros. The size
of the error &¢ is reduced with the introduction of the LSI as soon as the condition
€y > Tg, is met, which avoids the risk of a complete divergence of the RST algorithm.
While the 1NN run time exceeds 250 ms when the LSI algorithm is active, it is reduced
to insignificant levels when the RSI algorithm is active. It is also observed that the

activation of RSI algorithm causes a decrease in the LASSO run time. Therefore, the
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average run time will be reduced much further while increasing accuracy significantly

by use of a larger database.
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Figure 6.43 : A sequence from the experiment carried out with p = 99.75% with
noise injection (i; = 1 and f; = 1) to observe the effects of the update mechanism on
the run time and memory usage in the RSI algorithm with 7, = 0.5.

A similar pattern is also observable for the case with noise injection where a noise
factor (i; = 1) and one false star (f; = 1) are present except a slight increase in the
values of I'res, €¢ and 1NN run time. The cases for increasing noise conditions along
with Te, = 1 are also given in Figures G.1, G.2, G.3, G.4, G.5 and G.6. The similar
patterns revealed, insignificant run time for the RSI algorithm and nearly constant
course of I'ros When it is not divergent leverage the propositions of consistency in
high accuracy and less complexity without compromising in case of more intense noise

conditions.

Table 6.7 shows the percentage of the instances when the update mechanism is
triggered, and when the condition &y, > T, s satisfied. The given condition is valid for
the cases when the error for the reconstructed observation vector exceeds the threshold.
The condition cannot be applied on the LSI algorithm since it does not have an update
mechanism. The percentage of triggers is different than the percentage of condition
satisfaction because the update mechanism can continue to feed the algorithm as long
as the condition is satisfied in the subsequent instances. Firstly, an increase in the
overlap ratio p has an inverse effect on the activation of the update mechanism, that is,
the condition is satisfied less as p increases since the error €y is smaller. Secondly, an

increase in noise also increases the number of instances when the update mechanism is
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Table 6.7 : Update mechanism behavior of the algorithm for experiments with
varying parameters and noise conditions.

Method Simulation Update mechanism

p Tey Trigger &y > Tg,
FSF-aided LSI 99.5% - - -
FSF&CME-aided RSI 99.5% 0.5 15.1% 35.1%

1 9.1% 34.8%

0.5 19.9% 39.9%
1 13.9% 40.0%

FSF&CME-aided RSI 99.5%
FSF-aided LSI 99.5%
FSF&CME-aided RSI 99.5%
FSF&CME-aided RSI 99.5%
FSF-aided LSI 99.5%
FSF&CME-aided RSI 99.5%
FSF&CME-aided RSI 99.5%
FSF-aided LSI 99.5%
FSF&CME-aided RSI 99.5%
FSF&CME-aided RSI 99.5%
FSF-aided LSI 99.75%
FSF&CME-aided RSI | 99.75%

0.5 21.8% 45.1%
1 16.6% 46.2%
0.5 21.9% 45.7%
1 14.5% 44.9%

0.5 12.1% 25.4%

FSF&CME-aided RSI | 99.75% 1 9.0% 24.1%
FSF-aided LSI 99.75% - - -
FSF&CME-aided RSI | 99.75% 0.5 16.6% 30.0%

FSF&CME-aided RSI | 99.75% 1 13.2% 29.5%
FSF-aided LSI 99.75%
FSF&CME-aided RSI | 99.75%
FSF&CME-aided RSI | 99.75%
FSF-aided LSI 99.75%
FSF&CME-aided RSI | 99.75%

FSF&CME-aided RSI | 99.75%

0.5 16.8% 33.5%
1 14.6% 32.9%

0.5 16.9% 34.1%
1 14.5% 34.2%
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activated due to higher error values due to higher amount of noise. Lastly, an increase
in T¢, significantly decreases the percentage of triggers while the occurrence of the
satisfaction of the condition does not change, which implies that the algorithm tends
to resume in the LSI mode for longer time for Te, = 1 than it is for Te, = 0.5 after
activation of the update mechanism. The effect of this phenomenon can be discussed
more in detail through an investigation of run time statistics. The average run time
error for the database generated with p = 99.75% is nearly 300 ms according to Table
6.1, which makes this database not likely to be used in real-time applications. Whether

the use of update mechanism in the RSI algorithm could allow databases larger than
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p = 99.5% to be used in real-time applications is investigated through statistics of

database size and average run time.

Table 6.8 : Mean and standard deviation of the RoS and database size used by the
algorithm for experiments with varying parameters and noise conditions.

Simulation RoS in degrees
Te u (o] kB
- - 6300
0.5 | 396 0.05 0.15
1 | 396 0.05 0.15
- - 6300
0.5 | 404 0.02 0.15
1 | 404 0.02 0.15
- - - 6300
05 | 446 0.02 0.20
1 | 446 0.02 0.20
- - 6300
0.5 | 495 0.02 0.24
1 | 495 0.02 0.24
- - 25200
05 | 396 0.05 0.62
1 | 396 0.05 0.62
- - 25200
05 | 404 0.02 0.63
1 | 404 0.02 0.63
- - 25200
05 | 446 0.02 0.78
1 | 446 0.02 0.78
- - - 25200
05 | 495 0.02 0.97
1 | 495 0.02 0.97

Method
p

FSF-aided LSI 99.5%
FSF&CME-aided RSI 99.5%
FSF&CME-aided RSI 99.5%
FSF-aided LSI 99.5%
FSF&CME-aided RSI 99.5%
FSF&CME-aided RSI 99.5%
FSF-aided LSI 99.5%
FSF&CME-aided RSI 99.5%
FSF&CME-aided RSI 99.5%
FSF-aided LSI 99.5%
FSF&CME-aided RSI 99.5%
FSF&CME-aided RSI 99.5%
FSF-aided LSI 99.75%
FSF&CME-aided RSI 99.75%
FSF&CME-aided RSI 99.75%
FSF-aided LSI 99.75%
FSF&CME-aided RSI | 99.75%
FSF&CME-aided RSI | 99.75%
FSF-aided LSI 99.75%
FSF&CME-aided RSI 99.75%
FSF&CME-aided RSI | 99.75%
FSF-aided LSI 99.75%
FSF&CME-aided RSI | 99.75%
FSF&CME-aided RSI 99.75%

v
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Table 6.8 the statistics of the RoS, including mean and standard deviation, obtained
by the experiments carried out using different algorithm parameters including p, u;, f;
and 7¢,,. The statistics is not available for the LST algorithm because it does not employ
the RoS in the 1NN scheme. The RoS is independent from the overlap ratio p while
the RoS tends to enlarge as the amount noise injected increases from approximately 4°
up to 5°. The standard deviation tends to have very small values, which reveals that
the size of the RoS is bounded within a predetermined range by means of dynamical

determination of I'ros with respect to Equation 6.5. According to the mean of RoS
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values in degrees given, the database size used by the RSI algorithm is retrieved
according to Equation 6.6. The database size used by the RSI algorithm is negligible
in comparison to the LSI algorithm. However, note that the whole database is used
upon activation of the update mechanism when the RSI model is switched to the LSI
mode.

Table 6.9 : Run time of the algorithm for experiments with varying parameters and
noise conditions.

Simulation Run time (ms)

Method p mi o fi Tey, INN LASSO

u c u c
LSI 99.5% 0 0 - 71.5 2.5 6.6 5.1
RSI 99.5% 0 0 0.5 31.5 354 7.6 5.7
RSI 99.5% 0 0 1 15.7 30.0 8.1 6.6
LSI 99.5% 1 1 - 71.7 34 69 53
RSI 99.5% 1 1 0.5 37.0 35.5 8.10 5.8
RSI 99.5% 1 1 1 21.1 32.3 84 6.0
LSI 99.5% 2 2 - 71.8 2.7 74 59
RSI 99.5% 2 2 0.5 41.6 35.2 8.3 6.3
RSI 99.5% 2 2 1 27.2 35.8 92 69
LSI 99.5% 3 3 - 71.6 2.2 74 5.7
RSI 99.5% 3 3 0.5 47.7 40.2 10.1 8.4
RSI 99.5% 3 3 1 25.1 34 92 74
LSI 99.75% 0 0 - 277.3 2.5 6.6 5.1
RSI 99.75% 0 0 0.5 94.0 1354 5.3 8.6
RSI 99.75% 0 0 1 60.8 118.8 49 46
LSI 99.75% 1 1 - 278.7 34 69 53
RSI 99.75% 1 1 0.5 114.8 139.8 5.3 5.0
RSI 99.75% 1 1 1 79.8 127.8 54 5.1
LSI 99.75% 2 2 - 281.6 2.7 74 59
RSI 99.75% 2 2 0.5 154 174.2 7.5 7.6
RSI 99.75% 2 2 1 96.5 1354 6.0 6.1
LSI 99.75% 3 3 - 289.7 2.2 74 5.7
RSI 99.75% 3 3 0.5 129.9 143.9 6.0 5.7
RSI 99.75% 3 3 1 98.9 136.1 6.4 6.7

Table 6.7 shows the run time statistics in terms of ms, obtained in the experiments
carried out using different algorithm parameters including p, u;, fi and Tg,. The
introduction of the RSI mode lowers the mean of the run time significantly in
comparison with the LST mode. Despite a slight increase about 2 or 3 ms in the

LASSO step, the gain achieved in the INN step is very high. Thus, the database
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generated with p = 99.75% can be implemented in real-time since the average run
time is lowered down to about 100 ms in the worst case of noise with Te, = 1. The
standard deviation peaks when the RSI mode is active because the whole database is
used in the 1NN step when the update mechanism activated so that run time takes very
long during those instances of estimation. Considering that the accuracy is not affected
except that it is now robust to false stars in addition to brightness and position noise,
the gain achieved in terms of complexity to reduce database size and run time is a very

significant improvement.

6.3.3 Summary

In this section, the RSI algorithm is presented. This algorithm is based on regularized
pattern recognition using the same feature extraction as the LSI algorithm. The 1NN
classifier and LASSO regression are used as it is used in the LSI algorithm. It differs
by an update mechanism integrated into the algorithm by a threshold condition. In
addition to the classification and regression parameters, it is also dependent on the
update parameters. In order to specify those parameters, a number of experiments are
carried out. First, the relationship between the error for the estimated boresight vector
€7 and the error for the reconstructed observation vector €y, is investigated for different
noise conditions. A close positive correlation is detected. Thus, the update mechanism
is constructed on a threshold that will be applied on &y. A similar correlation is also
detected between &g and &y, which promotes the proposition. Next, the location and
size of the shrunk patch of database is decided by means of the outputs of the CME
algorithm. The distance error mean L, and standard deviation o, are investigated
thoroughly. Their very low values and high correlation mean high accuracy and
consistency. Hence, these statistical parameters are used to point to the center and
one side of the database patch. One side of the patch I'gys 1s determined based on
Uz and oy. Statistical performance evaluation is made in terms of precision rate after
tracking the update mechanism separately. The activation of update mechanism is
investigated for different values of the error threshold 7¢,. After verification of its
proper functioning, the performance is compared with the LSI algorithm with different

database overlapping ratios under different noise conditions. The update-integrated
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algorithm proves to perform very close to the LSI algorithm. Moreover, the algorithm
gains robustness to false stars owing to the FSF algorithm. Then, the performance
is evaluated in terms of computational complexity and average run time. Memory
usage of database and average run time is reduced dramatically. In particular, run time
consumption of the 1NN classifier is reduced to insignificant levels when compared to
the LSI algorithm because of database shrinkage. Hence, the proposed RSI algorithm
proves as high accuracy as the LSI algorithm under different noise scenarios including
false stars. In addition, it achieves far less computational complexity and average run

time than the LSI algorithm.
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7. CONCLUSIONS

7.1 Research Summary and Conclusions

A star identification algorithm integrated with preprocessing techniques is presented
in this thesis. Star sensors, which are essential for reliable attitude determination in
spacecraft and satellites, depend on these algorithms. The proposed star identification
algorithm can be operated either by using the lost-in-space method or by using the
recursive method. Both methods use a unique feature extraction scheme, which
unconventionally extracts a single vector from each captured image, rather than
treating each star as a separate object. This cumulative approach aims to save
significant storage space while improving accuracy by processing the entire star
catalogue. Using these unconventional features, a database of stars from the catalog is
created, with the size and detail of the database varying based on the overlap ratio and
brightness threshold parameters. These parameters significantly affect the accuracy
and complexity of the method. The algorithm estimates the inertial boresight vector
and the rotation angle about it by matching frames rather than individual stars or star
patterns. The star identification methods are based on a sequence of pattern recognition
and regularization. First, a INN classifier provides a coarse estimate by identifying the
database vector most similar to the observation vector. A dictionary of neighboring
database vectors is then created, and the final estimate is refined by regularization to
produce a solution coefficient vector. This vector is used to estimate the boresight
vector and rotation angle, which is the output of the lost-in-space star identification.
Due to the sensitivity of the lost-in-space algorithm to false stars, an additional
filtering algorithm based on density-based clustering is developed. This algorithm
removes false stars by analyzing a disparity list generated from successive frames and
retaining only the estimated true stars. Using these true stars, an affine transformation
matrix is obtained through regression analysis. To address the challenges of the

lost-in-space method, a recursive star identification method is developed. This method
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incorporates an update mechanism that uses a smaller portion of the database, reducing
computational complexity and run time, while filtering out false stars. Thus, the
integrated algorithm improves accuracy while reducing computational complexity and
run time. The proposed algorithms will be evaluated in a simulation environment that
can generate image frames with specified sensor parameters and database information,
and simulate different noise scenarios and camera movements. Numerous experiments
are performed to determine the optimal parameters for the algorithms and to evaluate
their performance. The lost-in-space star identification method is evaluated using error
plots, precision rate curves and identification rate curves, while complexity is analyzed
by measuring database size and run time. Larger overlap ratios improve accuracy but
increase complexity. The proposed algorithm outperforms state-of-the-art methods in
accuracy, but falls behind in database size and run time. Optimal parameter selection
also involves evaluating the false star filtering algorithm using confusion matrices
and statistical indicators, and the camera motion estimation algorithm using distance
error measurements. Both algorithms show excellent performance. The recursive star
identification algorithm is tested for optimal parameter selection, and compared to the
lost-in-space method. It significantly reduces memory usage and run time without

compromising accuracy.

7.2 Improvements and Recommendations

The sensitivity to false stars is eliminated, although the algorithm remains sensitive
to missing stars. The false star filtering algorithm will be further developed to detect
missing stars. As the algorithm relies on features from the entire field-of-view, large
objects blocking the view can lead to missing stars, reducing accuracy. This problem is
exacerbated by the presence of the Sun or Moon, but efforts are underway to mitigate
this by dividing the field-of-view into smaller sections. Finally, the proposed method
involves numerous parameter-dependent procedures, making the whole process highly

parameter sensitive. This dependency allows flexibility if the procedures are followed
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carefully. Future studies are planned to investigate the effect of each parameter on

reliability and complexity.
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APPENDIX A : Confusion Matrices in False Star Filtering

Table A.1 : Confusion matrix for f; = 0 with only brightness noise.

Ground truth
True False
< =
| & | Positive 6617 0
= <
g
ez Negative 0 0
True False
I g w
B 3= Positive 6591 0
3. <
g
& Negative 26 0
True False
o =
1 2 | Positive 6555 0
3. <
g
A Negative 63 0
True False
o« =
| -8 | Positive 6511 0
3_ <
E
ez Negative 108 0
True False
N =
1 2 | Positive 6460 0
3_ <
g
ez Negative 158 0
True False
o =
| & | Positive 6446 0
3. <
g
ez Negative 174 0
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Table A.2 : Confusion matrix for f; = 0 with only position noise.

Ground truth
True False
it =
L | £ | Positive 6617 0
= | E
A Negative 0 0
True False
I
- = Positive 6409 0
= | E
A Negative 213 0
True False
o =
L] € | Positive 6052 0
-
o Negative 570 0
True False
pr =
Lo| € | Positive 5738 0
R
2 Negative 888 0
True False
N =
l.L -% Positive 5410 0
= | E
2 Negative 1216 0
True False
o =
L | € | Positive 5291 0
= | E
A Negative 1341 0
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Table A.3 : Confusion matrix for f; = 0 with both brightness and position noise.

Ground truth
True False
< =
1 2 | Positive 6617 0
S, <
g
A Negative 0 0
True False
[ g .
—_ = Positive 6383 0
3_ <
£
E Negative 238 0
True False
P =
1 2 | Positive 6073 0
3_ <
g
2 Negative 549 0
True False
o« =
|L 2 Positive 5684 0
1 <
g
ez Negative 942 0
True False
N =
| & | Positive 5438 0
) <
g
5 Negative 1186 0
True False
o =
|| o .
— o= Positive 5199 0
S, <
g
A Negative 1421 0
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Table A.4 : Confusion matrix for f; = 1 with only brightness noise.

Ground truth
True False

< =
| € | Positive 6608 0

| E
A Negative 9 976
True False

" =
Lo| £ | Positive 6570 0

-
E Negative 40 977
True False

o =
L | € | Positive 6538 2

-
E Negative 80 969
True False

o =
L | £ | Positive 6473 0

= | E
2 Negative 145 964
True False

N =
L | £ | Positive 6454 0

= | E
A Negative 164 987
True False

o =
L | £ | Positive 6430 0

= | E
A Negative 189 985
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Table A.5 : Confusion matrix for f; = 1 with only position noise.

Ground truth
True False
< =
| € | Positive 6608 0
= | E
A Negative 9 976
True False
. =
| £ | Positive 6360 0
-
E Negative 260 979
True False
y =
L | € | Positive 6025 0
> | £
2 Negative 598 977
True False
o« =
L | £ | Positive 5719 0
= | £
ez Negative 909 978
True False
~ =
L | £ | Positive 5421 0
= | E
ez Negative 1202 979
True False
o =
Lo} € | Positive 5245 0
= | E
A Negative 1377 981
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Table A.6 : Confusion matrix for f; = 1 with both brightness and position noise.

Ground truth
True False
< =
| € | Positive 6608 0
| E
A Negative 9 976
True False
I & | positi
i = ositive 6368 1
-
E Negative 252 974
True False
o =
L | € | Positive 6072 0
-
E Negative 548 972
True False
o =
L | £ | Positive 5680 0
= | E
2 Negative 945 982
True False
N =
L | £ | Positive 5381 2
-
A Negative 1249 981
True False
o =
L | £ | Positive 5228 0
> E
A Negative 1395 979
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Table A.7 : Confusion matrix for f; = 2 with only brightness noise.

Ground truth
True False

o
'.'i é Positive 6594 0
E% Negative 23 1958
True False
':': g Positive 6552 1
E% Negative 66 1947
True False

(@\
i: g Positive 6509 0
E% Negative 109 1955
True False

%)
it é Positive 6453 0
g Negative 164 1957
True False

<
i: g Positive 6413 0
g Negative 206 1953
True False

o)
'S': g Positive 6400 0
E% Negative 220 1950
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Table A.8 : Confusion matrix for f; = 2 with only position noise.

Ground truth
True False
< =
| € | Positive 6594 0
| E
A Negative 23 1958
True False
'ﬂ' =
s | 2 Positive 6350 0
-
E Negative 260 1958
True False
o =
L | € | Positive 6031 1
-
E Negative 591 1961
True False
o =
L | £ | Positive 5663 0
= | E
2 Negative 958 1969
True False
N =
L | £ | Positive 5408 1
= | E
A Negative 1208 1951
True False
o =
L | £ | Positive 5283 0
= | E
A Negative 1337 1962
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Table A.9 : Confusion matrix for f; = 2 with both brightness and position noise.

Ground truth
True False
< =
| € | Positive 6594 0
=)
=
A Negative 23 1958
True False
. =
| £ | Positive 6395 0
=)
g
E Negative 222 1959
True False
y =
L | € | Positive 6042 0
=)
g
2 Negative 580 1957
True False
o« =
L | £ | Positive 5638 1
=)
=
ez Negative 989 1946
True False
~ =
L | £ | Positive 5401 0
=)
=
ez Negative 1227 1956
True False
o =
Lo} € | Positive 5297 2
=)
=
A Negative 1329 1961

165



Table A.10 : Confusion matrix for f; = 3 with only brightness noise.

Ground truth
True False
< =
| € | Positive 6577 0
| E
A Negative 40 2925
True False
I & | positi
" = ositive 6555 1
-
E Negative 63 2939
True False
o =
L | € | Positive 6464 0
-
E Negative 153 2949
True False
o =
L | £ | Positive 6427 4
= | E
2 Negative 192 2928
True False
N =
L | £ | Positive 6356 1
-
A Negative 262 2949
True False
o =
L | £ | Positive 6356 1
> E
A Negative 264 2929
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Table A.11 : Confusion matrix for f; = 3 with only position noise.

Ground truth
True False
o
'.'i é Positive 6577 0
E% Negative 40 2925
True False
E: é Positive 6312 0
E% Negative 307 2934
True False
a
g: g Positive 5930 2
E% Negative 691 2935
True False
%)
i: é Positive 5651 2
g Negative 968 2935
True False
<
i: g Positive 5352 4
g Negative 1277 2930
True False
o)
'S': g Positive 5201 5
E% Negative 1422 2918
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Table A.12 : Confusion matrix for f; = 3 with both brightness and position noise.

Ground truth
True False

< =
| € | Positive 6577 0

| E
A Negative 40 2925
True False

" =
Lo| £ | Positive 6354 0

-
E Negative 268 2934
True False

o =
L | € | Positive 5950 1

-
E Negative 672 2929
True False

o =
L | £ | Positive 5638 3

= | E
2 Negative 987 2936
True False

N =
L | £ | Positive 5302 3

= | E
A Negative 1324 2935
True False

o =
_ = ositive 5193 3

= | E
A Negative 1433 2929
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Table A.13 : Confusion matrix for f; = 4 with only brightness noise.

Ground truth
True False

o
'.'i é Positive 6500 1
E% Negative 117 3906
True False
':': g Positive 6483 0
E% Negative 134 3918
True False

(@\
i: g Positive 6455 5
E% Negative 163 3918
True False

%)
i: é Positive 6402 1
g Negative 216 3909
True False

<
i: g Positive 6340 2
g Negative 277 3925
True False

o)
'S': g Positive 6319 2
E% Negative 300 3934

169



Table A.14 : Confusion matrix for f; = 4 with only position noise.

Ground truth
True False
< =
| € | Positive 6500 1
| E
A Negative 117 3906
True False
'ﬂ' =
s | 2 Positive 6317 2
-
E Negative 301 3924
True False
o =
L | € | Positive 5966 3
-
E Negative 659 3919
True False
o =
L | £ | Positive 5550 5
= | E
2 Negative 1076 3904
True False
N =
L | £ | Positive 5454 7
-
A Negative 1166 3902
True False
o =
! 2 | Positi 5112 6
—_ = ositive
> E
A Negative 1509 3911
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Table A.15 : Confusion matrix for f; = 4 with both brightness and position noise.

Ground truth
True False
< =
| € | Positive 6500 1
=)
=
A Negative 117 3906
True False
. =
lL -% Positive 6291 1
=)
£
E Negative 328 3907
True False
P =
L | € | Positive 5889 5
=)
g
2 Negative 735 3916
True False
o« =
|L -% Positive 5584 3
=)
=
ez Negative 1042 3904
True False
N =
L | £ | Positive 5375 2
=)
=
ez Negative 1250 3924
True False
o =
Lo} € | Positive 5222 8
=)
=
A Negative 1408 3896
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Table A.16 : Confusion matrix for f; = 5 with only brightness noise.

Ground truth
True False
< =
| € | Positive 6492 2
| E
A Negative 125 4900
True False
" =
Lo| £ | Positive 6439 6
-
E Negative 177 4890
True False
o =
L | € | Positive 6413 2
-
E Negative 204 4897
True False
o =
L | £ | Positive 6362 2
= | E
2 Negative 255 4905
True False
N =
L | £ | Positive 6277 4
= | E
A Negative 340 4903
True False
o =
L | £ | Positive 6271 6
= | E
A Negative 349 4889
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Table A.17 : Confusion matrix for f; = 5 with only position noise.

Ground truth
True False

< =
| € | Positive 6492 2

= | £
A Negative 125 4900
True False

— =
| -8 | Positive 6220 7

-
Z | Negative 400 4889
True False

P =)
1 2 | Positive 5887 2

S -
Z | Negative 738 4905
True False

o =
|L 2 Positive 5495 5

= | g
Z | Negative | 1124 4875
True False

= =)
| & | Positive 5283 9

S -
Z | Negative | 1336 4845
True False

o =
1 2 | Positive 5208 5

S -
Z | Negative | 1417 4879
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Table A.18 : Confusion matrix for f; = 5 with both brightness and position noise.

Ground truth
True False
< =
| € | Positive 6492 2
| E
A Negative 125 4900
True False
I & | positi
" = ositive 6212 4
-
E Negative 407 4901
True False
o =
L | € | Positive 5871 4
-
E Negative 750 4889
True False
o =
L | £ | Positive 5561 2
= | E
2 Negative 1058 4903
True False
N =
L | £ | Positive 5251 4
= | E
A Negative 1370 4868
True False
o =
L | £ | Positive 5147 9
= | E
A Negative 1477 4886
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APPENDIX B : Error Patterns in Star Identification
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Figure B.1 : The patterns of &y, and & derived from the

test trials 560-600 using the

LSI algorithm for the case with a noise factor y; = 2.
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Figure B.2 : The patterns of €y and & derived from the test trials 560-600 using the
LSI algorithm for the case with a noise factor u; = 3.
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Figure B.3 : The patterns of €y and & derived from the test trials 560-600 using the
LST algorithm for the case with 2 false stars f; = 2.
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Figure B.4 : The patterns of &y and &, derived from the test trials 560-600 using the
LSI algorithm for the case with 3 false stars f; = 3.
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Figure B.S : The patterns of &y and & derived from the test trials 560-600 using the
LSI algorithm for the case with 2 missing stars.
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Figure B.6 : The patterns of &y and & derived from the test trials 560-600 using the
LSI algorithm for the case with 3 missing stars.
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Figure B.7 : The patterns of €y and &g derived from the test trials 560-600 using the
LSI algorithm for the case with a noise factor u; = 2.
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Figure B.8 : The patterns of &y and &g derived from the test trials 560-600 using the
LSI algorithm for the case with a noise factor y; = 3.
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Figure B.9 : The patterns of &y and &g derived from the test trials 560-600 using the
LSI algorithm for the case with 2 false stars f; = 2.
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Figure B.10 : The patterns of €y and &g derived from the test trials 560-600 using the
LSI algorithm for the case with 3 false stars f; = 3.
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Figure B.11 : The patterns of €y and &g derived from the test trials 560-600 using the
LST algorithm for the case with 2 missing stars.
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Figure B.12 : The patterns of &€y and &g derived from the test trials 560-600 using the
LST algorithm for the case with 3 missing stars.
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APPENDIX C : Investigation of Error Threshold
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Figure C.1 : The patterns of €y derived from the test results provided by the LSI
algorithm with respect to €y thresholds in the presence of brightness and position
noise.
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Figure C.2 : The patterns of &g derived from the test results provided by the LSI
algorithm with respect to &y thresholds in the presence of false stars.
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Figure C.3 : The patterns of &g derived from the test results provided by the LSI
algorithm with respect to €y, thresholds in the presence of missing stars.
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APPENDIX D : Statistical Features of Distance Error
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Figure D.1 : The mean of distances between the true stars and the transformed stars
and their standard deviations with a noise factor i1; = 2 in the presence of 2 false stars
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Figure D.2 : The mean of distances between the true stars and the transformed stars
and their standard deviations with a noise factor t; = 3 in the presence of 3 false stars
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Figure D.3 : The mean of distances between the true stars and the transformed stars
and their standard deviations with a noise factor (; = 4 in the presence of 4 false stars.
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Figure D.4 : The mean of distances between the true stars and the transformed stars
and their standard deviations with a noise factor t; = 5 in the presence of 5 false stars.
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APPENDIX E : Patterns of Errors with Different Thresholds

p=99.75% w/ f, =2 and ] =2 S
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Figure E.1 : A sequence from the experiment carried out with the database with
P = 99.75% with noise injection t; = 2 and f; = 2 to observe the stimulation of the
update mechanism in the RST algorithm with 7, = 0.5.
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Figure E.2 : A sequence from the experiment carried out with the database with
p = 99.75% with noise injection t; = 2 and f; = 2 to observe the stimulation of the
update mechanism in the RSI algorithm with 7, = 1.
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Figure E.3 : A sequence from the experiment carried out with the database with
p = 99.75% with noise injection t; = 3 and f; = 3 to observe the stimulation of the
update mechanism in the RSI algorithm with 7, = 0.5.
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Figure E.4 : A sequence from the experiment carried out with the database with
p = 99.75% with noise injection (; = 3 and f; = 3 to observe the stimulation of the
update mechanism in the RSI algorithm with 7, = 1.
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APPENDIX F : Precision Rate Curves
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Figure F.1 : Precision rate curves for t; =2 and f; = 2.
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Figure F.2 : Precision rate curves for t; = 3 and f; = 3.
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Figure F.3 : The precision rate curves of the FSF-aided LSI algorithm implemented

using a database with p = 99.5%.
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Figure F.4 : The precision rate curves of the FSF&CME-aided RSI algorithm
implemented using a database with p = 99.5% and a threshold 7, = 0.5.
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Figure E.5 : The precision rate curves of the FSF&CME-aided RSI algorithm
implemented using a database with p =99.5% and a threshold 7¢, = 1.
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APPENDIX G : Run Time Patterns
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Figure G.1 : A sequence from the experiment carried out with p = 99.75% without
noise injection to observe the effects of the update mechanism on the run time and
memory usage in the RSI algorithm with 7, = 1.
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Figure G.2 : A sequence from the experiment carried out with p = 99.75% with
noise injection (i4; = 1 and f; = 1) to observe the effects of the update mechanism on
the run time and memory usage in the RSI algorithm with 7, = 1.
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Figure G.3 : A sequence from the experiment carried out with p = 99.75% with
noise injection (U; = 2 and f; = 2) to observe the effects of the update mechanism on
the run time and memory usage in the RSI algorithm with 7, = 0.5.
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Figure G.4 : A sequence from the experiment carried out with p = 99.75% with
noise injection (i4; = 3 and f; = 3) to observe the effects of the update mechanism on
the run time and memory usage in the RSI algorithm with 7¢, = 0.5.
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Figure G.5 : A sequence from the experiment carried out with p = 99.75% with
noise injection (U4; = 2 and f; = 2) to observe the effects of the update mechanism on
the run time and memory usage in the RSI algorithm with 7, = 1.
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Figure G.6 : A sequence from the experiment carried out with p = 99.75% with
noise injection (U; = 3 and f; = 3) to observe the effects of the update mechanism on
the run time and memory usage in the RSI algorithm with 7, = 1.
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APPENDIX H : Error Tables

Table H.1 : Error means and error standard deviations yielded by the algorithm for
experiments with varying parameters and noise conditions using the database with

P =99.5%.
Simulation Error in degrees
Method nj fi Te, Ef € &y

u c U c U c

FSF-aided LSI
FSF&CME-aided RSI
FSF&CME-aided RSI
FSF-aided LSI
FSF&CME-aided RSI
FSF&CME-aided RSI
FSF-aided LSI
FSF&CME-aided RSI
FSF&CME-aided RSI
FSF-aided LSI
FSF&CME-aided RSI
FSF&CME-aided RSI

-1018 0.18 | 298 2.63 | 049 0.54
051]0.18 0.18 | 298 2.64 | 048 0.52
11018 0.19 | 3.00 265 | 049 0.53
-1 018 0.18 | 3.00 2.65| 048 0.54
05018 0.19 | 3.01 2.67| 049 0.54
11019 0.19 | 3.04 270 | 050 0.54
-1018 0.18 | 3.03 273 | 0.50 0.56
051018 0.19 | 3.05 276 | 0.51 0.57
1019 0.19 | 3.08 278 | 0.52 0.58
-1 018 0.18 | 3.02 2.64 | 049 0.54
051018 0.19 | 3.0 2.63 | 0.50 0.55
11018 0.18 | 299 263 | 049 0.54

W W WD E—==OOOo
W W WD E—==OOO
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Table H.2 : Error means and error standard deviations yielded by the algorithm for
experiments with varying parameters and noise conditions using the database with

P =99.75%.
Simulation Error in degrees
Method Hi fi Te, Ef € Ey

U c u c u c

FSF-aided LSI
FSF&CME-aided RSI
FSF&CME-aided RSI
FSF-aided LSI
FSF&CME-aided RSI
FSF&CME-aided RSI
FSF-aided LSI
FSF&CME-aided RSI
FSF&CME-aided RSI
FSF-aided LSI
FSF&CME-aided RSI
FSF&CME-aided RSI

-1013 0.18 | 2.84 263 | 049 0.54
05] 014 0.18 | 286 2.62 | 0.37 0.53
1013 0.18 | 285 257|036 0.53
-1 013 0.18 | 2.85 2.65 | 048 0.54
051] 014 0.19 | 288 2.57 | 0.38 0.56
1]014 0.18 | 290 255 | 038 0.55
-1013 0.18 | 288 273 | 0.50 0.56
051] 013 0.18 | 291 2.68 | 0.37 0.54
1]013 0.18 290 261 | 037 0.54
-1013 013 | 290 2.64 | 049 0.54
05]013 018|292 265|036 052
1]013 0.18 | 293 254 | 0.36 0.52

W W WO == =OO0O
W W WO~ = =OOO
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