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Abstract

Developing an autonomous and reliable attitude determination system is one of
the most crucial requirements for a satellite mission in space. Depending upon the
satellite missions, the demand of the attitude (orientation) accuracy varies. Satellites
meant for astronomical observations require the pointing precision in terms of arc
seconds (1 arc second equals 1/3600 of a degree). Thus, it is necessary to develop a
highly reliable and autonomous attitude determination sensors for such satellite mis-
sions. The central theme of this thesis is to develop such an attitude determination
sensor - a star tracker.

A star tracker has become one of the most widely adopted attitude sensors in the
previous two decades as it can provide the accuracy of orientation in terms arc seconds
compared to the other attitude sensors such as the earth sensor, magnetometer, and
sun sensor. It operates in two modes - Lost-in-space (LIS) mode and tracking mode.
In LIS mode, it has to establish the initial attitude without any prior information.
When the satellite is initially placed into the orbit or when it loses the attitude
information due to some problem, the star tracker operates in the LIS mode to
establish the attitude information. In the tracking mode, the star tracker obtains
the attitude information from the LIS mode and then merely updates the attitude
based on the subsequent images of the stars captured. Thus, LIS mode is critical to
the reliable operation of the star tracker.

In the LIS mode of the star tracker, firstly star positions are determined in the
image captured. This process is commonly known as the star centroiding process.
Later, features are extracted from the star image. Finally, the stars are identified
in the image captured by comparing the features extracted from the image with the
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ones stored in the star pattern database (prepared offline). The attitude can be easily
calculated by the existing QUEST or TRIAD methods once the stars are correctly
identified in the image captured. Thus, the process of reliable attitude calculation
depends upon identifying the stars correctly in the image captured. This process
of identifying the stars in the image is popularly known as star identification or
star pattern recognition in the research community. The algorithms and techniques
developed for the same are known as the star identification algorithm or star pattern
recognition technique.

A star identification algorithm is expected to provide a high identification accu-
racy, robustness, and low time complexity. It is quite challenging to achieve high
robustness in the scenario of patch mismatch, magnitude uncertainty, positional de-
viation, and false stars present in the image captured. Moreover, there is a trade-off
between achieving high robustness and low time complexity for identification. Hence
developing a star identification algorithm or a star pattern recognition technique
which can achieve both - high robustness and low time complexity has been a chal-
lenge for the researchers in the past two decades.

In the research work pursued in this thesis, firstly we analyze the problems faced
- patch mismatch, magnitude uncertainty, positional deviation, and false stars in
achieving a reliable star identification. We provide a quantitative analysis with a
deep understanding of the gravity of the problems mentioned above. Having analyzed
these problems, we develop a framework for achieving high robustness and low time
complexity for the process of star identification. We propose three novel approaches
for solving the problem of star identification. For initial testing of the developed
approaches, we produce simulated star images (containing the problems faced) which
closely resemble the real star images. Later, we implement the proposed methods
on hardware and develop a LIS mode star tracker prototype. We configure a state-
of-the-art star tracker hardware-in-loop testing system for testing any star tracker
prototype. Finally, we test the performance of the LIS mode star tracker prototype on
the real images captured by a star tracker SST-20S currently mounted on a satellite
VELOX-CI.

The high accuracy of orientation provided by the star trackers has made them suc-
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cessful to be adopted as attitude determination sensors for satellite missions. Making
them reliable is a challenge, which we have addressed in the research work pursued
in this thesis. Star trackers can also be adopted as attitude sensors for the emerging
nano and pico satellites. In this thesis, we have identified a few research gaps faced
in the process of star pattern recognition. We believe that the framework, tech-
niques, and algorithms developed for LIS mode star tracker in this thesis will assist
the research community to achieve better performance for attitude determination of
satellites.
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Chapter 1

Introduction

1.1 Background and Motivation

“Lewis spins out of control” [1] - Lewis spacecraft was successfully launched
and placed in the orbit by National Aeronautics and Space Administration (NASA)
on August 23, 1997. Over the next three days after the launch, a severe malfunction
of the attitude determination and control system (ADCS) occurred which led to
improper spacecraft attitude, inability to charge the solar array, discharge of the
batteries and eventually loss of command and control. The last contact with the
Lewis spacecraft was made on August 26, 1997, after which the spacecraft re-entered
the atmosphere and was destroyed 33 days later.

The above summary is the disastrous fate that no space agency wishes for their
spacecraft or satellite after being successfully launched and placed in the orbit. The
most crucial part which led to the failure of the contact with the Lewis spacecraft was
the false attitude information provided by the ADCS system of the spacecraft. Apart
from Lewis, there have been many cases where satellite missions have explicitly failed
due to the malfunction of the ADCS system. [2] provided a comprehensive review of
the failures of the satellite missions due to the ADCS system. Hence, developing an
accurate and autonomous attitude determination system is one of the most crucial
tasks of a satellite mission.
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Chapter 1. Introduction

For proper functioning of a satellite, its orientation information needs to be re-
liable and accurate. Figure 1.1 shows the illustration of a Low Earth Orbit (LEO)
satellite in space. Satellite attitude must be updated and calculated continuously
during the revolution of the spacecraft around the Earth. Thus, the attitude deter-
mination system is one of the most critical subsystems of a satellite, necessary for
satellite navigation, guidance, and control. Determining the attitude of a satellite
implies estimating the orientation of the satellite by making remote observations of
reference bodies available in space.

Figure 1.1: Satellite orientation in space. A Low Earth Orbit (LEO) satellite in space.

There are many reference objects in space which can be used for determining
the attitude of the spacecraft. Commonly used sensors are the sun sensor, earth
(horizon) sensor, and magnetometer [3, 4].The Global Positioning System (GPS)
may also be equipped to provide the satellite's position and velocity vector. However,
these sensors can only provide the precision in orientation information up to a certain
limit as shown in Table 1.1. Star trackers have become widely popular and one of the
most extensively used attitude determination sensor in the past two decades, as it
can provide the orientation information in terms of arc seconds1 [5,6]. Some satellite

1one arc second=1/3600 degrees.
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Chapter 1. Introduction

missions such as communication satellites, astronomical observations require high
precision in orientation information [7]. Hence, when a satellite mission requires an
attitude of high precision in the range of arc seconds, star trackers (star sensors) are
preferred over the other existing attitude determination sensors.

Reference Object Potential Orientation
Stars 1 arcsecond
Sun 1 arcminute
Earth (Horizon) 6 arcminute
Magnetometer 30 arcminute

Table 1.1: Potential orientation accuracy of different attitude sensors.

“Software error doomed Japanese Hitomi spacecraft” [8] - Japan's flagship
astronomical satellite Hitomi commanded a thruster jet to fire in the wrong direction,
which resulted in accelerating, rather than slowing, the spacecraft's rotation. After
five weeks of successful launch, at least ten pieces which included both the solar-
array paddles broke off the satellite's main body. According to Japan Aerospace
Exploration Agency (JAXA), Hitomi's troubles began in two weeks after the launch,
with some severe glitches experienced in the star tracker of the satellite.

The Hitomi's satellite mission failure highlights a significant element in star
tracker based ADCS system - the star tracker developed for providing the attitude of
the satellite must be extremely reliable. Though a star tracker can give the attitude
information in terms of arc seconds, the reliability of such attitude information is
of prime importance. Thus, developing a reliable star tracker is a must for satellite
missions which require high precision of attitude information. Hence the research
work in this thesis aims to address the problems in developing a reliable star tracker.

The objectives of this thesis can be defined as below:

• To identify the major problems faced by a star tracker by analyzing the real star
images captured from a currently mounted star tracker SST-20S on VELOX-
CI satellite of Satellite Research Center, Nanyang Technological University,
Singapore [9].

• To propose novel and diverse approaches to solve the identified problems, which
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will eventually increase the reliability of the star tracker. The development of
these approaches will lead to making of an accurate and fast star tracking
system.

• To justify the proposed approaches by testing them on simulated images.

• To develop a prototype star tracker device based on the proposed approaches.

• To configure and develop a real-time testing setup for the star tracker proto-
type.

• To perform real-time testing of the prototype star tracker device developed.

The problems faced by a star tracker have been identified and presented for a
long time. Our first aim is to provide an in-depth and quantitative analysis of these
problems by analyzing the real star images. This analysis will enable us to point to
the most significant challenge and hence develop the solutions accordingly.

Many diverse approaches have been developed in the past two decades for solving
the problem associated with the star tracker. However, in these existing approaches,
there is usually a trade-off between recognition reliability and time complexity of
identification. We aim to develop a novel framework of techniques which addresses
both the issues of recognition reliability and time complexity of a star tracker. We
will also show the benchmarking of our proposed approaches with the state-of-the-art
techniques on simulated star images.

Finally, we have developed a star tracker prototype based on the proposed ap-
proach. We have also configured a real-time testing setup for the prototype devel-
oped. We end the research work pursued in this thesis by performing the real-time
testing of the developed star tracker prototype.

1.2 Thesis Outline and Main Contributions

In line with the objectives of this thesis, the main contributions of this research
work are as follows:
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• A quantitative and detailed analysis of the major problems faced by the Lost-
in-space mode star tracker is performed, which will be helpful to the research
community in identifying which specific problem is more important and up to
what extent in different scenarios.

• A novel framework is presented for reliable and fast star identification.

• Three different novel approaches to star pattern recognition are developed
based on the novel framework proposed.

• A Lost-in-space mode star tracker prototype is developed based on the proposed
approaches and tested on the real star images.

This thesis is organized into six chapters for an easy and enhanced readability.
The outline of this thesis is as follows:

Chapter 1: Introduction This chapter discusses the motivation behind the
research goal pursued in this thesis. Along with the research goal and motivation,
we also describe the precise objectives of this thesis and provide an outline briefly
highlighting the significant contributions of this research work.

Chapter 2: Star Tracker In this chapter, we introduce a basic star tracker
and its two operating modes. We explain in detail the functioning of a star tracker
followed by identifying the critical mode of operation - Lost-in-space (LIS) mode.
Later, we identify the problems faced by an LIS mode star tracker. Finally, the
chapter is concluded by analyzing real star images captured from the star tracker
SST-20S.

Chapter 3: Research Problem and Literature Review This chapter
deals with the literature review performed for solving the problems faced by an LIS
mode star tracker. State-of-the-art techniques developed in the past two decades in
addressing the issues of an LIS mode star tracker are explained in detail in this chap-
ter. Along with the deep understanding of the existing techniques and algorithms,
each method is also followed by a critical review and failure analysis in the different
scenarios of the problems identified in the Chapter 2.
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Chapter 4: Proposed approaches This chapter forms the central theme
of this thesis and is concerned with the novelty of the research work of this thesis.
This chapter firstly introduces the framework for the proposed approaches. We have
developed three novel techniques to solve the problems faced by an LIS mode star
tracker. The algorithms developed are in accordance to make the LIS mode star
tracker reliable and fast at the same time. Every proposed approach is explained in
detail as well as some possible scenarios of potential failure analysis of the developed
techniques are also described.

Chapter 5: Simulations & Real-time Testing In this chapter, we first
explain the methodology and parameters dealing with the simulation of the star
images to perform the initial testing of the proposed approaches. Later, we describe
the hardware implementation of the proposed approaches and present the LIS mode
star tracker prototype developed. Finally, we configure a real-time testing setup for
the star tracker prototype developed and show real-time testing results.

Chapter 6: Conclusion & Future Work This chapter is the final chapter
which realizes the goals of thesis and deduces the conclusion of the research work
pursued. It lists the unique contributions of this research work to the research com-
munity working in the domain of star tracker. Finally, we also suggest a few prospects
which can be pursued for extending the research work presented in this thesis.
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Chapter 2

Star Tracker

In this chapter, we will demonstrate the basics of a star tracking system. Firstly,
we will introduce the star tracker device. Later, we will list and explain some star
catalogs along with the generation of the star pattern database (SPD) from the star
catalog. After having described the offline process of SPD generation, we will then
give the details of each step involved in the basic operation of a star tracker. Finally,
we will describe the two modes of operation of a star tracker and identify the critical
mode.

2.1 Star Tracker System

A star tracker is an optoelectronic device which determines the orientation of the
satellite by comparing the features extracted from the star image captured with those
stored in the database in an onboard computer. A basic star tracker unit consists of
an image sensor to capture the image of the stars in space, and an onboard computer
which stores the star pattern database (SPD). Fig 2.1 shows the basic structure of
an autonomous star tracker unit. A commercial star tracker module - Hydra star
tracker developed by SODERN [10] is shown in Fig 2.2.
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Figure 2.1: Block diagram of an autonomous star tracker (adapted from [11]).

Figure 2.2: A commercial star tracker module from SODERN [10].

2.2 Star Catalog

A star catalog is an astronomical catalog that contains the information about all
identified stars present in the space. There have been many different star catalogs
which have been developed and maintained by various space agencies. Some of the
popular ones are Smithsonian Astrophysical Observatory (SAO) Star Catalog [12],
Yale Bright (YB) star catalog [13], and Hipparcos (HIP) catalog [14]. We can adopt
any star catalog for forming the SPD. Fig 2.3 shows a part of the YB star catalog.
As can be seen from Fig 2.3, a star catalog contains the star number (ID), right
ascension (RA) angle, declination (DEC) angle, epoch, apparent magnitude (Mv),
and other information concerning the star such as the relative velocity. Out of all the
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mentioned information in the star catalog, we select the star ID and its corresponding
RA, DEC, and Mv values for forming the SPD for the star tracker. The information
mentioned in the star catalog apart from the above three is of not much importance
for the preparation of the SPD. Before describing the process of forming the SPD
and the basic operation of a star tracker system, we will first show the meaning of
the RA, DEC and Mv values for a star ID in the star catalog.

Figure 2.3: A part of the Yale bright star catalog [13].

A star in the space is usually specified in terms of the angles RA and DEC with
respect to the earth central inertial (ECI) frame. As can be seen in Fig 2.4, every star
in the star catalog is considered at the circumference of the earth, i.e. fixed distance
from the center of the earth. The reason for the above consideration is because, in
the star image captured (in the visible spectrum), it is not possible to estimate the
distance of the star from the earth. Hence, every star can be characterized by the
two angles RA and DEC which are shown in Fig 2.4 and Fig 2.5 (for clarity). The
angle made by the projection of the star on the equatorial plane with the vernal
equinox axis is labeled as the RA angle. The angle made by the star with the north
pole axis is labeled as the DEC angle. Clearly, the RA angle will vary from 00 to
3600; and the DEC angle will vary from -900 to +900. Hence, the position of a star
with respect to the earth central inertial (ECI) frame is defined by the two angles-
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right ascension (RA) and declination (DEC) as shown in Fig 2.4 and Fig 2.5.

Figure 2.4: Star position in the earth central inertial (ECI) frame.

Figure 2.5: Depiction of the right ascension (RA) and declination (DEC) angles with respect
to the ECI frame.

The brightness of a celestial body is one of the most fundamental observable
quantity. As celestial bodies can have a vast range of intensity, a scaled system to
classify brightness is adopted in astronomy. Historically, in astronomical science,
the scaled system adopted is the logarithmic measure of the intensity of an object.
Hence, the star magnitude is mentioned as the apparent magnitude (Mv), which
relates to the standard of its brightness as seen from the Earth. In Fig 2.6, we show
some important celestial bodies distributed along the apparent magnitude scale.
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Figure 2.6: Apparent magnitude scale showing some eminent celestial objects.

The left-hand side of the scale corresponds to the brightest object (or) the most
negative Mv value, and as we move towards the right, the brightness of the objects
decreases and the corresponding Mv value increases. Most of the stars that can be
detected by human eyes have Mv value of less than +6.3. Some eminent examples
of the apparent magnitude of celestial bodies are: Sun = -27, Moon = -12.6, Sirius
star = -1.4, and faintest naked eye star = +6.3. On this apparent magnitude scale,
an interval of 1 corresponds to a factor of approximately 2.512 times of the actual
brightness. This factor is calculated by the relation between the apparent magnitude
and the actual brightness which is given by Eq 2.1 & Eq 2.2:

Mv2 −Mv1 = −2.512 (log10 I2 − log10 I1) = −2.512 log10(
I2
I1
) (2.1)

I2
I1

= 2.512(Mv1−Mv2) (2.2)

whereMv1 andMv2 are the apparent magnitudes of both the stars in the catalog,
and I1 and I2 are their corresponding brightness in the image.

Hence, while selecting the stars for preparing the SPD, only the stars which
have an Mv value below a magnitude threshold are considered. The selection of the
magnitude threshold is based upon the intrinsic properties of the image sensor to
be adopted for the star tracker. A star distribution map for the stars having an Mv

value of less than 6.0 is shown in Fig 2.7. The right ascension (RA) angle varies
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from 00 to 3600, and the declination (DEC) angle varies from -900 to 900 for the star
distribution shown in Fig 2.7. The stars are adopted from the SAO catalog, and
there are totally 4956 stars which have an Mv value of less than +6.

Figure 2.7: Distribution of the stars having an Mv value of less than 6.0 from SAO catalog.

As can be seen from Fig 2.7, the density of star distribution varies widely when
focused in a certain region of the map. For example, the star density is quite high
when the RA angle is between 15000 to 2000, and DEC angle is between -700 to -500.
This means that if the star tracker captures the image with the satellite oriented in
the above region, the image captured will contain many stars. On the other hand, if
one looks at the RA angle between 00 to 500, and DEC angle between -700 to -500,
the star density is quite low. It implies that if the satellite is oriented in the above
region, the image captured by the star tracker will contain less number of stars.
Hence some part of the SPD will contain a higher number of stars to be considered
for feature extraction whereas some other part of the SPD will contain fewer stars.
In the next section, we will explain the process of generation of the star pattern
database (SPD).
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2.3 Star Pattern Database (SPD) Generation

The process of preparing the star pattern database is carried out offline. In
Fig 2.8, we show the visualization of the stars distributed on the surface of the
Earth, which is also known as the sky map. The sky map is divided into patches of
the same size. The size and the shape of the patch depend upon the field of view
(FOV) of the image sensor adapted for the star tracker. Thus, the FOV of a patch
of the SPD must be the same as the FOV of the image sensor.

Figure 2.8: Visualization of stars on the surface of Earth.

It should be noted that the parameters of a star (RA and DEC angles) are in a
three-dimensional (3D) ECI frame. However, the image captured by the star tracker
is 2D in a camera frame. Hence, for comparison and matching, we first need to
convert the star co-ordinates into the camera frame and later represent them on the
image plane (2D). This conversion will depend upon the image sensor properties and
is calculated accordingly. The projection of a star in 3D space onto the image plane
is shown in Fig 2.9. The image sensor is assumed to be of the pin-hole characteristic,
and the star projection on the image plane (X-Y ) is carried out. In Fig 2.9, f is the
focal length of the lens, X-Y is the image plane, (x,y) are the co-ordinates of the
observed star on the image plane, and ~r is the light source of the observed star. The
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focal length (f ) of the camera is given by Eq 2.3.

f =

(
h

2
tan

(
FOV

2

))
× ρ (2.3)

where h is the height of the image (focal plane), FOV is the field of view of the
camera, and ρ is the pixel size of the image sensor. The first step is to convert the
3D co-ordinates of the star in the ECI frame to the camera frame. This conversion
is given by a 3 x 3 attitude conversion matrix (C ) [15] given by Eq 2.4.

C =


sinα

cos δ
−cosα

cos δ
0

cosα tan δ tanα sin δ −1
cosα cos δ cos δ sinα sin δ

 (2.4)

where α and δ are the Right Ascension (RA) and Declination (DEC) angles of a
star respectively.

Figure 2.9: Projection of a star on the image plane.

After having calculated the attitude conversion matrix (C ), we can represent the
star co-ordinates in the camera frame as given by Eq 2.5.
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V cam = [xcam; ycam; zcam] = C · V ECI (2.5)

where V cam are the star co-ordinates in the camera frame, and V ECI are the star
co-ordinates in the ECI frame.

Let (h,v) be the vertical and horizontal dimensions of the image sensor respec-
tively. Once the star co-ordinates are calculated in the camera frame, Eq 2.6 gives
the location of the x co-ordinate of the star on the image plane [15].

x =
f

ρ

xcam

zcam
+
v

2
(2.6)

Similarly the y co-ordinate on the image plane is given by Eq 2.7.

y =
f

ρ

ycam

zcam
+
h

2
(2.7)

After having located the star position on the image plane, the features are ex-
tracted for preparing the SPD. A patch of the sky map on the image plane can be
viewed and zoomed as shown in Fig 2.8. In the example in Fig 2.8, we have selected
a conical FOV. A star is considered at the center of the patch, and all the neigh-
boring stars which lie within the FOV of the patch are considered for forming the
star pattern for the center star. The star pattern is then prepared for the center star
by extracting the features to be considered for comparison and pattern recognition.
As mentioned earlier, only the stars which have a Mv value of less than the magni-
tude threshold selected are considered for forming the SPD. Usually, the magnitude
threshold selected lies between +5.0 to +6.5. Depending upon the features to be
extracted, each star above this magnitude threshold is appended in the SPD with
its features extracted from the neighboring stars within the FOV. Once the SPD is
prepared, it is stored in an onboard computer and later it is accessed for comparison
of the features with that from the image acquired by the image sensor. Having ex-
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plained the offline process of generation of the SPD, we will now describe the online
process of star tracker in the next section.

2.4 Basic Operation of a Star Tracker

In Fig 2.10, we show the basic operation modules of a star tracker. We will now
explain each module individually.

Figure 2.10: Basic operation modules of a star tracker.

1. Star image acquisition: The image sensor captures the image of the stars
within a defined FOV. The parameters of the image captured depend upon the
parameters of the image sensor. Usually, the image captured is of the size 512
x 512 pixels or 1024 x 1024 pixels. The bits per pixel are 8 or 10. The shape
of the FOV is usually conical and the size of the FOV ranges from 80 x 80 to
150 x 150. The pixel size ranges from 5µm to 15µm, and the focal length lies
between 50-100 cm. The exposure time of the image sensor selected is usually
in ms corresponding to the exposure time of an ordinary CMOS image sensor.
A real star image captured by the star tracker SST-20S [9] is shown in Fig 2.11.

2. Star image pre-processing: After star tracker captures the image, it must
be pre-processed. The process of pre-processing the image is further divided
into the following:

• Thresholding: Every pixel of the star image captured has the value ranging
from 0 (black) to 255 (white) considering we select 8 bits for representing
a pixel value. An intensity threshold must be applied to remove any dark
noise spikes which may have been generated by the intrinsic process of
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Figure 2.11: A real star image.

the image sensor. Usually, the intensity threshold ranges from 0.3 to 0.6
of the maximum intensity value. Apart from the intensity threshold, an
area threshold is also applied to the image captured. The area threshold
corresponds to the number of pixels a star occupies in the image. Spikes
generated from the image sensor and radiation effect from the space may
occupy very low number of pixels in the image and hence should not be
recognized as stars. Thus, they must be removed from further processing
of the image. These spikes can be removed by selecting an area threshold
for the stars. Usually, an area threshold of 4-8 pixels is selected. Thus,
stars occupying a certain number of pixels having an intensity above the
intensity threshold are only identified as the true stars and passed on the
further steps of processing.

• Centroiding: The stars captured by the image sensor in the image behave
like point sources. For an aberration-free lens system, a Bessel function
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is usually approximated. However, due to the aberration in optical lens
and image sensor, the energy distribution of the star in the image is not a
Bessel function. Instead it is usually assumed to have a two-dimensional
Gaussian distribution [16] as depicted in Fig 2.12 and Eq 2.8.

I(x, y) =
I0√

2πσ2
PSF

exp

[
−(x− xc)2 + (y − yc)2

2σ2
PSF

]
(2.8)

Figure 2.12: Approximated Gaussian distribution of star.

where x, y is the position of the star center, I0 is the intensity of the
star, and σPSF is the spread of the Gaussian distribution. The shape of
the star occupies several connected pixels. The number of pixels for each
star can range from as low as 5 to as high as 40. Thus, before extracting
the features a star position has to be defined and pointed to a particular
position in the x,y coordinate system. To point the location of a star in
the image, centroiding operation is implemented over all the pixels that
a star occupies in the image. By calculating the centroid of a star, the
precision of the star position can achieve a sub-pixel level, and thus the
star trackers can provide attitude solution in terms of arc seconds.

Centroid of mass (COM) algorithm [17] is the most common centroiding
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algorithm adopted to determine the star locations in the image. After
having applied an intensity threshold to the star pixels as described earlier,
all the qualified pixels form a region of interest (ROI) for a star. A COM
calculation is then employed on the all the pixels which fall under the ROI
as shown in Fig 2.13. The COM is calculated by the Eq 2.9 & Eq 2.10.

xc =
∑
i,j

xijIij/
∑
i,j

Iij (2.9)

yc =
∑
i,j

xijIij/
∑
i,j

Iij (2.10)

Figure 2.13: Distribution of a star in an image.

where xc, yc is the centroid calculated for the star and Iij is the intensity
of the pixel (i,j) in the ROI and xij and yij are its corresponding position
in the x,y frame. This COM calculation is analogous to calculating the
center of mass of a body. The calculation of centroid of a star always has
some error. This error is due to the sensor noise, the effects of pixelization,
and measurement uncertainty. We explain this introduction of error and
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its effects on the feature extraction and comparison in detail in Chapter 3
which covers the research problem associated with the star tracker.

3. Feature extraction and SPD search: After having determined the centroid
of each star in the image, the next step of feature extraction and comparison
with the SPD is the most crucial step in the entire operation of star tracker.
Features are extracted from the star positions in the image. This feature ex-
traction process from the image is like the one adopted for preparing the SPD.
Thus, depending upon the technique chosen for developing the SPD, the same
procedure must be utilized for extracting the features from the image. Once
the features are obtained from the image, they are searched for finding a match
with the ones stored in the SPD. The search speed and accuracy of matching
depend upon the technique adopted for feature extraction. Hence the process
of feature extraction and comparison with the SPD forms the most crucial
part of the star tracker. This step is also known as the star pattern recognition
(SPR) or star identification algorithm in the research community. A detailed
literature review of the state-of-the-art SPR techniques is provided later in
Chapter 3 of this thesis.

4. Star IDs identified and attitude calculation: After having matched the
features extracted from the image with the SPD, the stars in the image are
identified as the ones which correspond to having obtained a maximum amount
of match in the above step 3. The process of attitude calculation is the final step
which is based on the stars identified in the image. Three to four stars need to
be correctly identified in the image for calculating the attitude. The attitude
is usually calculated by the existing TRIAD [18] or QUEST [19] methods.
These methods take the body vectors (camera frame) of the stars identified in
the image and the corresponding 3D vectors of the identified stars stored in
the star catalog for calculating the attitude. After having identified three to
four stars correctly in the image, the task of attitude calculation can be easily
accomplished. We will explain the QUEST [19] method below.

Suppose, there is a set of N unit vectors vi (i=1,2...N ) in the reference frame.
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The corresponding vector in the body frame is represented by bi (i=1,2...N ).
Then, the goal of the attitude determination method is to calculate the attitude
matrix that converts the vectors from the reference frame to the body frame,
i.e. finding the matrix A in Eq 2.11.

bi = Avi (2.11)

The above equation will be over-determined in the case of N > 2. Thus, the
problem of finding the attitude matrix A transforms into minimizing a cost
function J given by Eq 2.12.

J =
1

2

N∑
i=1

|bi − Avi| (2.12)

The above cost function J can be re-written and given by Eq 2.13.

J =
N∑
i=1

(
1− bTi Avi

)
(2.13)

Thus, minimizing the cost function J transforms into maximizing the gain
function g given by Eq 2.14.

g =
N∑
i=1

bTi Avi (2.14)

Hence the quaternion can be used to express this gain function given by Eq 2.15.
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g = qTKq (2.15)

where the matrix K is given by Eq 2.16.

K =

[
S − σI Z

ZT σ

]
(2.16)

where σ is given by Eq 2.17, S is given by Eq 2.19, and Z is given by Eq 2.20.

σ =
N∑
i=1

bTi vi (2.17)

B =
N∑
i=1

biv
T
i (2.18)

S = B +BT (2.19)

z =
N∑
i=1

bi × vi (2.20)

The quaternion attitude of the satellite can then be calculated by Eq 2.21.
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q =
1√

1 + |y|2

[
y

1

]
(2.21)

where y is given by Eq 2.22.

y = [(λmax + σ) I − S]−1 Z (2.22)

where λmax corresponds to the maximum value of the eigen value of the matrix
K, which will maximize the gain function and give an optimal solution.

2.5 Modes of Operation of Star Tracker

A star tracker operates in two modes of operation as shown in Fig 2.14.

Figure 2.14: Modes of operation of a star tracker.

• Lost-in-space (LIS) mode: As the name suggests, the star tracker does not
have any initial information about the attitude in this mode and is known as
Lost-in-space. When the satellite is recently placed into the orbit or has acci-
dentally lost its orientation information during its trajectory, the star tracker
operates in this mode. Thus, the attitude of the satellite must be established
or recovered depending upon the scenario. Hence the SPR techniques play a
crucial part in determining the orientation of the spacecraft.
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• Tracking mode: Once the initial attitude information is established or known,
the star tracker enters a tracking mode. In the tracking mode, the star tracker
keeps on updating the attitude based upon the subsequent images of the stars.
It should be noted that the update of the orientation of the satellite depends
upon the initial attitude information provided from the LIS mode of the star
tracker.

From the above description, it should be clear that establishing the initial attitude
in the LIS mode of the star tracker is more challenging compared to the constant
update of the attitude in the tracking mode of the star tracker. As we have described
earlier, calculating the attitude depends upon correctly identifying the stars in the
image. Hence the SPR technique or the star identification algorithm developed for
star pattern recognition forms the most crucial part of a star tracker.

The research purpose of this thesis can now be narrowed down to identifying the
problems faced in the star pattern recognition, feature extraction, and comparison
as this is the most crucial part of a star tracker. Our research goal is then to address
the identified problems by developing a reliable and fast star pattern recognition
technique. Based on the star pattern recognition technique developed, we aim to
finally develop a fast and dependable prototype of Lost-in-space mode star tracker.

2.6 Summary

In this chapter, we explained in detail the basic operation of a star tracker. We
first demonstrated the offline process of construction of the star pattern database
(SPD) from the star catalog. Later, we described the online steps of the star tracker
operation. We pointed out the most crucial online stage of the star tracker system -
feature extraction and comparison with the SPD. We also described the two different
modes of operation of the star tracker and concluded that the LIS mode of the star
tracker is more critical and challenging compared to the tracking mode. Hence the
next chapter will deal with the challenges faced in the LIS mode of the star tracker
and a literature study of the existing star pattern recognition techniques.
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As described in the previous chapter, the LIS mode of the star tracker is more
critical compared to the tracking mode of the star tracker. Concerning the LIS mode,
the most crucial step is identifying the stars present in the image. This identification
of stars in the image is accomplished by feature extraction and comparison with the
SPD. Hence the star pattern recognition (SPR) technique or the star identification
algorithm forms the most crucial part of the LIS mode star tracker. In this chapter,
we will first identify the problems associated with the star pattern recognition by
analyzing real star images. Later, we will perform an in-depth review of the existing
diverse approaches to star identification. Finally, we will conclude the chapter by
listing the essential parameters while evaluating a star pattern recognition technique.

3.1 Challenges Associated with Star Pattern Recog-

nition

We performed a study on 1019 real star images captured by a star tracker SST-20S
currently mounted on the satellite VELOX-CI [9]. The specifications of the SST-20S
star tracker and the real image are listed in Table 3.1. For explaining the process of
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identifying and analyzing the problems associated with star pattern recognition, we
will be using an identified real image as shown in Fig 3.1.

Parameter Value
Field of View (FOV ) 150 x 150

SensitivityMv 6.3
Star catalog SAO J2000
Resolution (w x h) 1024 x 1024 pixels
Pixel size (ρ) 13µm
Focal length (f ) 50 mm
Bits per pixel 8
Position accuracy 40 arcsec

Table 3.1: Specifications of SST-20S star tracker.

Figure 3.1: A real star image showing star ID and their corresponding intensity.

In Fig 3.1, the center of the image is marked with orange and labeled as Ic. The
reference star (star ID: 4947) is chosen as the star nearest to the center of the image.
The other stars present in the image are marked in green and labeled by their star
ID (intensity) in the image. The intensity of the image varies from 0 (black) to 1.0
(255) being the white intensity. The intensity of each star in Fig 3.1 is the mean of
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the intensity of the pixels occupied by that star in the image. As can be seen from
Fig 3.1, the lowest intensity is that of star F2 (0.33), and the highest intensity is
that of star ID 4933 (0.75). The standard deviation (σ) of all the star intensities
is 0.122. The maximum intensity, minimum intensity and standard deviation of the
intensities for all the 1019 images are like those for example in Fig 3.1. Thus, the
intensity threshold was chosen to vary from 0.3 to 0.6 in the steps of 0.1 for the four
different analysis described below:

1. Number of nearest neighboring stars to the reference star - We will
now explain the calculation to check how many of nearest stars to the reference
star is present with different intensity thresholds applied to the image using
Fig 3.1.

Figure 3.2: Study on real images for nearest stars.

For an intensity threshold of 0.3 in Fig 3.1, the reference star ID 4947 has only
two nearest stars present, i.e. the star ID 4966 and star ID 4891. Star IDs 4987
and 4981 (both marked by a blue cross) are present in the SPD of star ID 4947.
However, they are missed in the image captured. If we increase the intensity
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threshold to 0.5 in Fig 3.1, then star ID 4966 will also cease to be present in
the image, which will imply only one nearest star is present for star ID 4947 in
the image. A similar analysis was done for all the 1019 images, and the results
are shown in Fig 3.2. As can be seen from the analysis in Fig 3.2, even for
a low-intensity threshold of 0.3, the cases that all the four nearest stars are
present are still less (only 344 out of 1019 images). There were only half of the
total images (615 out of 1019) which had three nearest neighboring stars in the
image for intensity threshold of 0.4. The number of cases (22 out of 1019) when
none of the nearest four neighboring stars are present in the image is low for
the intensity threshold of 0.3 compared to that of higher intensity thresholds
of 0.4, 0.5 and 0.6. If the intensity threshold increases, the cases of having all
the four nearest stars to the reference star in the image decreases. Thus, it was
concluded that a lower intensity threshold resulted in more number of nearest
stars present compared to those in the scenario of a higher intensity threshold.

2. Number of false stars in the image - The second study performed is to
check the number of false stars present in the image with varying intensity
threshold. Planets, meteors, nearby satellites, and even space debris can be
wrongly identified as stars while capturing the image in space. The reflected
light from these objects cannot be distinguished from that of the stars in the
image. For the case in Fig 3.1 at an intensity threshold of 0.3, there are two
false stars present in the image labeled as F1 and F2. If the intensity threshold
increases to 0.4, only one false star F1 will remain; and if the intensity threshold
further increases to 0.5, both the false stars F1 and F2 will cease to exist in
the image. A similar analysis was performed for all the images, and the results
are shown in Fig 3.3.

As can be seen from Fig 3.3, irrespective of a lower or higher intensity threshold,
there is quite often a scenario when at least one false star is present in the image.
If the intensity threshold is high (0.6), there are less number of cases of having
false stars in the image. In fact, when the intensity threshold is 0.6, there is
not a single case when there is more than one false star in the image. If the
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Figure 3.3: Study on real images for false stars.

intensity threshold is low (say 0.3), there are as many as 294 cases when three
false stars are present in the image. This problem of false stars in the image can
add to the earlier mentioned problem of missing of nearest stars, thus elevating
the difficulty of correct star identification.

3. Amount of patch mismatch in the image - The third study performed is
to analyze the amount of patch mismatch present in the captured star image.
The image captured from the star tracker is translated and rotated as compared
to the onboard SPD. The above situation leads to a certain number of stars
been missed in the FOV of the reference star (in the image) when compared to
the number of stars in the FOV of the reference star (in the SPD). The number
of stars missed is termed as the amount of patch mismatch and is calculated
in patch mismatch (%). For the example in Fig 3.1, the reference star ID
4947 has 24 neighboring stars in its SPD. However, because the reference star
does not lie exactly at the center of the image only 14 (excluding the two false
stars) of those 24 stars are present in the FOV of the star 4947. Thus, the
patch mismatch (%) for star 4947 is around 41% for intensity threshold of 0.3.
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If the intensity threshold is increased to 0.4 (and later to 0.5 and 0.6) the
number of stars in the FOV of the reference star will decrease which results
in a further increase of the patch mismatch. Fig 3.4 shows the analysis of the
patch mismatch problem with varying intensity threshold on the real images

Figure 3.4: Study on real images for patch mismatch.

As can be seen from Fig 3.4, even with a low-intensity threshold, the average
amount of patch mismatch (or) missing stars is 33.37%, which is quite high. If
the intensity threshold is increased to 0.6, the number of stars missed will be
more, and thus the average patch mismatch rises to 47.73% in this case. One
of the images out of the 1019 real images, registered a patch mismatch as high
as 73.75% with intensity threshold of 0.6.

4. Pixel deviation in star positions - The final study performed on real images
was to check the amount of positional deviation in the star positions in the
image when compared to that with the SPD. While capturing the images of the
star, a satellite in orbit may go through some vibrations, unexpected velocity
changes, and acceleration. These vibrations distort the star image captured.
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This distortion is reflected in the positions of the stars in the image as shown in
Fig 3.5. The distortion causes a smear (shift) in the assumed uniform Gaussian
function of the star. Due to this shift in the Gaussian function, the centroid
calculated for the star will not be accurate enough. Hence the features derived
from the image will differ from those stored in the SPD.

Figure 3.5: Deviation in star positions because of satellite movement.

To quantify the amount of positional deviation usually present in the star
images, we perform a study for the same on 1019 already identified real star
images. In this study, firstly we calculate the distance of each neighboring
star from the reference star in the image. As we know the star IDs of these
neighboring stars and the reference star in the image, we calculate the distance
between them in the star map (or) the SPD. Later, we compare the two different
sets of distances calculated and note the difference between the corresponding
pairs in the two sets. Finally, we average the error in the distances for an image.
We perform the same steps for all the 1019 real star images, and Fig 3.6 shows
the results of the analysis.

In Fig 3.6, the x-axis represents the average positional deviation present in
an image, and its value ranges from 0 pixels to 3.0 pixels in an interval of
0.5 pixels. The y-axis in Fig 3.6 denotes the count of the number of images
(out of 1019 in total) for a specific interval of positional deviation. As can be
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Figure 3.6: Study performed to quantify the positional deviation in real star images.

seen from the results in Fig 3.6, the maximum number of star images have an
average positional deviation of 1.5 to 2.0 pixels. There are 211 images ( 20%)
which have an average positional deviation of 2.0-2.5 pixels. Very few star
images (54 out of 1019) have an average positional deviation as high as 2.5-3.0
pixels. The rest of the star images have an average positional deviation of fewer
than 1.5 pixels. Thus, from this study, it can be concluded that the maximum
positional deviation in a star image is bounded around 3.0 pixels. This value
will be helpful while selecting the tolerance error for feature comparison.

3.2 State-of-the-art Star Pattern Recognition Tech-

niques

Having performed qualitative and quantitative analysis on the real star images, we
will now present the state-of-the-art star pattern recognition techniques. We assume
that the pre-processing part of the star image remains the same for every method.
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Thus, for every star pattern recognition technique, we will explain the process of
feature extraction and comparison with the SPD. Later, we will also provide the
failure analysis for each technique based on the problems identified with the process
of star pattern recognition earlier.

1. Liebe algorithm - Liebe was the pioneer who proposed the star pattern recog-
nition based on a triplet of stars [20–25]. The features are extracted from the
star triplets. This algorithm utilizes three stars out of which one star is chosen
as the guide star, and the other two stars are chosen as the closest neighboring
stars to the guide stars. The feature vector extracted from this star triplet are
the two distances and one angle as shown in the Fig 3.7. These features are
calculated by the Eq 3.1, 3.2 and 3.3.

Figure 3.7: Feature extraction for Liebe algorithm.

θ = cos (VAB, VAC) (3.1)

d1 = distance(A,B) (3.2)

d2 = distance(A,C) (3.3)

As can be seen in the Fig 3.7, the feature consists of the two distances from
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the guide star (A) to the closest neighboring stars d1 (B), d2 (C ) and the angle
θ formed by the two neighboring stars with the guide star. The SPD for
this pattern recognition technique is constructed as utilizing the above three
mentioned features for each star. The SPD for the Liebe algorithm is shown in
Fig 3.8. The first entry in the SPD (in Fig 3.8) is the angle made by the two
closest neighboring stars with the guide star, and the next two entries are the
distances of the two stars from the guide star.

Figure 3.8: A part of the SPD for the Liebe algorithm [20].

In the image captured, the star closest to the center of the image is chosen as
the guide star, and two nearest stars to the guide star are chosen for feature
extraction as explained earlier. Once the features are calculated, they are
looked upon in the SPD to find a match.

Problems with Liebe algorithm: Liebe algorithm fails to achieve the correct
star pattern recognition in a lot of scenarios. The accurate star identification
for Liebe algorithm depends upon the closest two nearest neighboring stars.
Even if one of these two stars is missed to be captured in the image, the
features calculated from the image would not match with those stored in the
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SPD. Thus, finding the correct match will be difficult. As explained earlier
when we identified the problems associated with star pattern recognition, there
can be a scenario when as many as four nearest stars are missing in the image
captured. In such situations, Liebe algorithm will fail drastically to provide a
reliable recognition. Liebe algorithm will also fail in the case of patch mismatch
and false stars present in the image for the same reason. Apart from the above
problems, Liebe algorithm may also provide more than one match of star ID
in the image. This multiple matching arises because of only three features
considered for matching. Hence there can be more than one star having very
similar features in the SPD and thus can get qualified for the match.

2. Pyramid algorithm - The idea of Liebe algorithm was extended by Mortari
who proposed the pyramid algorithm [26–28]. The pyramid algorithm considers
three closest nearest neighboring stars to the guide star for feature extraction
as shown in Fig 3.9. As the name suggests, a four-star pyramid is formed and
features of the pyramid, namely the six distances are utilized for comparison.
As can be seen in Fig 3.9, S1, S2, S3, and S4 are the four stars considered
for forming the pyramid with S1 being the guide star and the other three
neighboring stars to star S1. For star S1, six inter-star distances [p1, p2, p3,
p4, p5, p6] as shown in the Fig 3.9 are calculated as the features for comparison
and identification purposes. These features are stored in the SPD for star S1
as shown in Table 3.2.

Feature Star 1 Star 2
p1 S1 S2
p2 S1 S3
p3 S1 S4
p4 S2 S3
p5 S2 S4
p6 S3 S4

Table 3.2: SPD for star S1 for the pyramid technique.

In the image captured by the star tracker, the star closest to the center of
the image is selected as the guide star to be identified and the three nearest
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Figure 3.9: Feature extraction for Pyramid algorithm.

neighbors to the guide star are selected for calculating the inter-star distances.
Once the features are calculated, they are compared with the ones stored in
the SPD. The star ID in the SPD which matches all the six inter-star distances
is identified as the correct guide star in the image.

Problems with Pyramid algorithm: The Pyramid algorithm is much more re-
liable compared to the Liebe as it considers the nearest three stars for feature
extraction. Thus, the reliability of finding the correct match is much higher
compared to that of Liebe algorithm. Concerning the multiple matches, the
Pyramid algorithm will be quite accurate to provide a unique match compared
to the Liebe algorithm. However, the algorithm still suffers from the same
problems as the ones faced by the Liebe algorithm, i.e. missing of one of the
nearest stars, patch mismatch, and nearest star being a false star.

3. Grid algorithm- The grid algorithm [29] was the pioneer to propose a pattern
based star identification approach. The basic idea is to represent the guide star
by a bit-pattern formed by the surrounding stars lying in the FOV of the guide
star. The grid algorithm uses the bit-pattern to recognize the stars. The
reference star Si is considered at the center of the image and the surrounding
stars lying in the FOV of the reference star are selected for the bit-pattern
generation as shown in Fig 3.10.

The bit pattern is generated by applying the grid size g on the image. The
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Figure 3.10: Construction of the bit-pattern for the Grid algorithm [29].

grids which contain the stars are marked as ON, and the grids without the stars
are marked as OFF. The bit pattern for the guide star is the combination of
ON and OFF pattern. The number of ON grids correspond to the number of
neighboring stars lying in the FOV of the guide star. However, before forming
the bit-pattern, a reference axis must be established as the image captured can
be rotated when compared to the SPD. This reference axis is chosen by the
nearest star to the guide star as the x-axis as shown in Fig 3.10. After having
established the reference axis, the bit-pattern is formed by the location of the
ON grids traveling from the top-left to the bottom-right as shown in Fig 3.10.
For example, the bit-pattern formed for the guide star in Fig 3.10 is {5, 7, 18,
...}. These patterns are formed by considering every star as the guide star and
are stored in the SPD as shown in Fig 3.11.

Figure 3.11: SPD and matching process for Grid algorithm (adapted from [29]).

Once the star tracker captures the image, a similar process to forming the SPD
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is employed, and a bit-pattern is built for the image. The bit-pattern from
the image is then compared with the ones stored in the SPD with all the star
IDs having an initial counter of 0 before the process of matching begins. For
every match of the bit-pattern, the counter is increased by one as shown in
Fig 3.11. The guide star is identified as the star ID in the SPD which receives
the maximum vote.

Problems with Grid algorithm: Grid algorithm considers all the stars present
in the FOV for forming the bit-pattern and thus, is very robust to missing stars
due to patch mismatch and the false stars. However, it has its concerns when
it comes to forming the reference axis which depends upon the nearest star to
the guide star. In the case that the nearest star is missed due to magnitude
uncertainty or if the nearest star is a false star, the bit-pattern formed from the
image captured is going to be completely different from the ones stored in the
SPD of the guide star. Hence no match could be found in the SPD for such a
scenario. Apart from the above scenario, due to the positional deviation of the
stars in the image captured, the position of the star in the image and the SPD
will be different. Thus, the matching of the bit-pattern between the image and
the SPD will depend upon the grid size adopted. Hence the matching process
is also highly sensitive to the grid size selected for this algorithm. Although the
Grid algorithm suffers from the above disadvantages, this idea of bit-pattern
approach was widely adopted by the research community, and many improved
versions of the grid algorithm have been developed in the recent years.

4. Fast planar triangle algorithm - While the Liebe, Pyramid, and Geometric
voting algorithm utilize the distances and angles between the stars as the fea-
tures for preparing the SPD and comparison, a technique was proposed in [30]
which employs the planar triangle area and spherical triangle polar moment of
a star triplet for recognition as shown in Fig 3.12. The SPD for this method is
constructed by taking the combination of triangles formed by three stars lying
in the image sensor FOV and calculating the area and polar moment created
by the triangle. The area and polar moment are computed by the Eq. 3.4,
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3.5, 3.6, 3.7, 3.8, and 3.9.

Figure 3.12: Feature extraction for Fast planar triangle algorithm.

A =
√
s (s− a) (s− b) (s− c) (3.4)

where s is the semi-perimeter of the triangle given by:

s =
1

2
(a+ b+ c) (3.5)

a,b, and c are the sides of a triangle given by:

a = |V1 − V2| (3.6)

b = |V2 − V3| (3.7)

c = |V1 − V3| (3.8)

where V1, V2, V3 are the corresponding vectors of the stars 1, 2, and 3 respec-
tively. Polar moment of the triangle is then calculated by Eq. 3.9.
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I =
A× (a2 + b2 + c2)

36
(3.9)

In the image captured, the star closest to the center of the image is selected as
the guide star. For extracting the area and the polar moment, the two nearest
stars to the guide star in the image are selected. Once the area and the polar
moment are calculated from the image, they are compared with the ones stored
in the SPD. The matching star ID is identified as the guide star.

Problems with fast planar triangle algorithm: Although the fast-planar trian-
gle utilizes two features - area and the polar moment, it still relies upon the
nearest two stars for calculating these features. Hence this technique will also
suffer from the same problems as those faced by the Liebe and Pyramid algo-
rithm. A variation of the planar triangle was proposed in [31] which considered
different orientations of the triangles for extracting the features.

5. Geometric voting algorithm - A star pattern recognition method based
on voting of radial distances was proposed in [32]. This method considers all
the neighboring stars which lie in the FOV of the guide star as opposed to
the nearest two or three neighboring stars considered by Liebe and Pyramid
algorithm previously. The feature utilized by the geometric voting method
is the distance of each neighboring star from the guide star as shown in the
Fig 3.13. {r1, r2 ... rn} are the distances from the center star which are utilized
as the feature vectors for this technique. Hence, the star pattern database of
this method comprises of the guide star ID and its corresponding distances of
the neighboring stars which lie in the FOV.

Once the image is acquired, the star nearest to the center of the image is
selected as the guide star to be identified. All the stars whose distance ri is
less than the FOV are considered as the neighboring stars to the guide star.
The distances of the neighboring stars are calculated from the guide star. Each
star ID in the SPD is initialized with a zero count. The distances in the image
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Figure 3.13: Feature extraction for Geometric voting algorithm.

are compared with each star entry in the SPD and are a match if they lie in
a defined region of ri (SPD) - e < ri (image) < ri (SPD) + e, where e is a
chosen tolerance value. For every match of the distance, the count for that star
ID is incremented by one. This process is carried out for the whole SPD. The
star ID which has the highest count after the process is selected as the correct
star ID for the guide star in the image. This is followed by a validation stage
in which the distance of the guide star and the star nearest to the guide star
in the image is compared with that of the identified star ID in the SPD. If it
matches, then the star entry is recognized as the correct star ID.

Problems with Geometric voting algorithm - The technique employed by the
geometric voting method will eliminate the problems of patch mismatch and
false stars. However, if the number of stars captured in the image is less than
the technique fails to recognize the guide star correctly as the highest vote
usually gets assigned to the star ID in the SPD which has higher number of
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neighbors in its FOV. This is the main drawback of this technique. Apart from
this, the method may return multiple star IDs in some cases. Adding to the
above two, the geometric voting technique will require significant memory to
store the SPD because it considers each neighboring star which lies in the FOV
of the guide star.

6. Star tree with optimized database [15,33] proposed a unique approach for
forming the SPD and storing the features. Popularly known as the star tree
algorithm, the search tree with optimized database (STOD) technique stores
the features in a hierarchical tree-like structure.

Figure 3.14: Feature extraction for STOD algorithm [15].

The features extracted by this algorithm are the number of nearby stars (N)
and the distances of those neighboring stars from the guide star as shown
in Fig 3.14. Later, these features are arranged in a tree-structured SPD as
demonstrated in Fig 3.15. As can be seen in Fig 3.15, the top layer of the tree
is the number of neighboring stars which lie in the FOV of the guide star. From
the next layer onwards, the distances of those nearby stars from the guide star
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are stored in increasing order. Thus, the layer D1 in Fig 3.15 will have the
distance of the nearest star to the guide star. Going down, the penultimate
layer of the tree will be the distance of the farthest star from the guide star,
and the final layer will contain the star ID of the guide star.

Figure 3.15: Tree SPD of STOD algorithm (adapted from [15]).

Once the image is acquired, the star nearest to the center of the image is selected
as the guide star. The nearby stars which lie in the FOV of the guide star are
counted, and their distances from the guide star are arranged in increasing
order. With this information, the tree is traversed along the path which finds a
match at each layer. The tree is traversed until we reach the final layer where
the star ID is stored. Hence the guide star is identified as the star ID for which
the traversal path is completed till the last layer is reached. This algorithm
was developed specifically for increasing the speed of star identification.

Problems with star tree with optimized database: The most significant advan-
tage of the STOD algorithm is the drastic increase in the speed of star pattern
recognition by employing a parallel search on the hierarchical tree SPD. How-
ever, the top layer of the tree contains the number of neighboring stars as the
feature for traversal. This feature makes the algorithm unreliable when there
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are stars missed due to patch mismatch and magnitude uncertainty. As well as
when there are false stars in the image, it will affect the top layer of the tree
SPD. Thus, the algorithm has many chances of failure due to the sensitive top
layer of the tree.

7. Grid-based back propagation network - Alveda, P. et al. in [34] initiated
the neural network approach for solving the problem of reliable star identifi-
cation. Later, the research community adopted to integrate the varieties of
features with the neural network models. One of those interesting approaches
was the back propagation (BP) combined with the grid algorithm [35]. The
proposed neural network model for the recognition system is shown in Fig 3.16.

Figure 3.16: Grid based back propagation neural network.

The recognition system consists of a classifier and parallel subnetworks which
finally give the output for the input star pattern from the image. For generating
the SPD, a 13-bit binary pattern is developed for each guide star after applying
the grid algorithm. For classifier, a BP network is adopted. Firstly, the classifier
is trained by giving the input bit patterns of all the guide stars in the SPD.
With this training, the classified input samples are trained to allocate the

44



Chapter 3. Research Problem and Literature Review

weight matrix for the network. An optimal number of 30 hidden nodes are
determined for the best performance of the network according to the authors
of this technique.

Once the image is acquired, it is given as an input to the classifier, and it
gets classified by one of the sub-neural networks depending upon the weight
assigned to it. So, the input pattern from the image will pass through a specific
path in the network. Through this approach, the input pattern from the image
will be classified and recognized correctly.

Problems with the grid-based back propagation neural network: The back prop-
agation based supervised learning approach faces the same drawbacks as that
of the grid algorithm. The reason being the classifier is trained with the input
bit-pattern developed after the implementation of the grid algorithm. However,
a supervised learning method like back propagation can be efficiently used to
solve the problems of missing stars and false stars. While training the classifier,
the input bit-pattern should be generated by missing some stars and adding
some false stars to the grid pattern of every guide star in the SPD. In this way,
the weights of the network will be assigned accordingly to the problems present
in the star images captured.

8. Mixed star pattern with multilayer Self-Organizing Map (SOM) neu-
ral network - The grid-based back propagation approach was a supervised
training approach. However, the features extracted from the star image can also
be learned through an unsupervised method. Many such unsupervised [36–38]
approaches were also proposed in the past two decades. One of those unsuper-
vised neural network approaches was based on the multi-layer and hierarchical
SOM neural network [39]. Fig 3.17 shows a neural network SOM. A SOM net-
work is an unsupervised learning technique which is based on a winner-take-all
neuron strategy decided by the Euclidean distance parameter.

A mixed star pattern consisting of the distances and the magnitude of the stars
is developed as an input for the SOM network. Four nearest stars to the guide
star are chosen for forming the mixed star pattern for the guide star. Instead of
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Figure 3.17: Neural network self-organizing-map (SOM).

adopting a conventional mono-layer SOM network, a multilayer tree structure
SOM network is developed as shown in Fig 3.18.

Figure 3.18: Multilayer SOM neural network (adapted from [39]).

There are n layers with each layer having k nodes in the structure. The mixed
star pattern is given as an input to the top node of the network. The neuron
nearest to the input will be chosen as a winner in each layer, and the same
follows for each layer. Thus, the pattern is propagated through the network,
and the weights are updated accordingly depending upon the path traversed
in the network by the pattern. Hence the network weights are trained in an
unsupervised manner.
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Once the star tracker acquires the image, the star nearest to the center of the
image is selected as the guide star. The four closest stars to the guide star are
selected for forming the mixed star pattern as was used to train the network.
This star pattern is now given as an input to the top node of the multilayer
SOM neural network. This input pattern from the image will traverse along a
path in the network to reach the final node and hence will fall into one of the
paths of the star IDs in the SPD. The path of the input pattern which matches
with the path of the star ID in the SPD is identified as the guide star in the
image.

Problems with the multilayer SOM neural network approach: The multilayer
SOM approach suffers from the drawback of utilizing the magnitude of the
stars in the star pattern developed as an input to the network. The magni-
tude uncertainty of stars is a major problem faced by star pattern recognition
techniques as was explored and analyzed earlier in this chapter. Because the
star pattern is composed of radial distances along with the star magnitudes,
the matching process is going to be unreliable. Apart from the star magnitude
problem, the SOM only employs the nearest four stars to the guide star for
extracting the star pattern. Thus, it will suffer from the same problem as that
of Liebe and Pyramid algorithm. If a higher number of stars are considered
for forming the star pattern, the weight matrix of the SOM network will be
huge which will result in a low speed of recognition. Hence there is a trade-off
between the number of stars selected for training the network (for improving
the reliability) and the speed of star identification.

9. Hidden Markov Model (HMM) based star identification algorithm - A
probabilistic graph approach based on discrete Hidden Markov Model (HMM)
was proposed in [40] to solve the problem of star pattern recognition. The HMM
models are widely used in the domain of speech recognition, language modeling,
and handwriting recognition. The idea proposed by the HMM technique was
to feed the angular features to generate a unique HMM-based star pattern for
every star in the SPD. Fig 3.19 shows a two-layer HMM model proposed by the

47



Chapter 3. Research Problem and Literature Review

authors. The authors characterized the HMM model by five elements, namely
λ = N, M, π, A, B where N is the number of hidden states in the model. The
individual states are the angular features of the three nearest stars to the guide
star in the SPD, i.e. θ1, θ2 ... θ6. M corresponds to the number of distinct
observation symbols per state. Matrix A is the state-transition probability
distributions and matrix B contains the symbol probability distributions.

Figure 3.19: Schematic of the two-layer construction of an HMM [40].

Once the image is acquired, the HMM model is formed based on the features
extracted by the pyramid algorithm. It is then matched with the models stored
in the SPD. The one with the best match through all the layers is selected as
the star ID to be assigned to the guide star in the image captured.

Problems with the HMM model based star pattern recognition: The HMMmodel
suffers from the same problems as those dealt by the pyramid algorithm as the
HMM considers the angular features extracted from the nearest three stars as
the input to the model. If the number of stars and hence the number of features
considered are increased, it may solve the problem of magnitude uncertainty
and patch mismatch, however, the size of the HMM model will be substantial.
This increase in the size will result into a vast SPD size which will further lead
to an increase in the time complexity for star pattern recognition.

10. Multi-poles algorithm - A star pattern recognition technique specifically
for dealing with the high presence of false stars was proposed in [41] which is
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named as the Multi-poles algorithm. The basic idea of this algorithm was to
select multiple guide stars instead of choosing only one guide star in the image.
However, for generating the SPD only one guide star needs to be selected. For
making the SPD, the radial distances of the neighboring stars lying in the FOV
of the guide star are chosen (like the Geometric voting algorithm) as shown in
Fig 3.20.

Figure 3.20: Pole star m(1) with associated neighbors n(1)j .

Once the image is acquired, firstly, the star nearest to the center of the image is
selected as the pole star to be identified. The radial distances of the neighboring
stars are extracted and compared with those stored in the SPD. For every
match, the star in the image is also marked with the star ID of the neighboring
star matched in the SPD. After finishing the above operation, the nearest star
to the pole star in the image is selected as the new pole star. As this new pole
star already has a star ID marked from the previous comparison, the features
for this new pole star are checked with the features of the star ID assigned to
this star. If all the features in the image match with those in the SPD, it is
counted as the verification of the previous match and the process is stopped
with reliably identifying the correct star ID for the guide star. This process
is shown in Fig 3.21. If the features do not match, the next star in the image
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is now selected as the pole star, and the process is repeated until we find a
correct match in the SPD.

Figure 3.21: Accepted pole stars and the associated neighbor stars.

Problems with the Multi-poles algorithm: The multi-poles algorithm is prob-
ably the simplest and the most effective approach for achieving a reliable star
identification. Though the features extracted from the neighboring stars are
only the radial distances, the multi-poles algorithm will not suffer from the
drawbacks of the Geometric voting algorithm. This is because it considers
many guide stars (poles) for comparison. Apart from the different guide stars
considered, a verification step is also employed for final confirmation of the
correct star ID assigned to the guide star. However, the practical idea of con-
sidering many poles will lead to an increased amount of time complexity for
achieving star pattern recognition. An optimized number of guide stars (poles)
must be determined and fixed for comparison and verification purposes to ob-
tain real-time star identification.

We have explained in detail some of the judiciously selected state-of-the-art SPR
techniques. There have been many a plethora of SPR techniques proposed in the
past two decades. Based on our study, the existing SPR techniques can be classified
into the following four categories:

1. Geometric approach - The SPR techniques which utilize the radial distances,
angular separations, area, etc. as the features for comparison and matching
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are categorized as the geometric SPR techniques. The star pattern recognition
techniques such as the Liebe algorithm, Pyramid algorithm, Planar triangle
algorithm, Geometric voting algorithm fall under this category. The research
community has modified this approach by applying different transforms on the
geometric features. A log-polar transform utilizing both the distances and the
angles was proposed by X. Wei et al. in [42]. T. Delabie et al. [43] proposed
a star identification based on shortest distance transform. J. Li at al. [44] pro-
posed to use an iterative approach utilizing the area, angles, and the geometric
voting concept. G. Zhang proposed techniques [45,46] which utilized cyclic and
radial features for comparison. A star identification based on Voronoi tessella-
tion was proposed recently in [47]. Other SPR techniques which fall under this
category are [48–55].

2. Pattern based approach - As mentioned earlier, the pattern-based approach,
which was firstly proposed in grid algorithm, forms a coded pattern for com-
parison. Modifications of the grid algorithm were proposed in [56,57] where an
optimized grid size was selected, and added verification steps were adopted for
ruling out false choices. These two techniques have significantly improved the
performance of the original grid algorithm. A pole star algorithm was proposed
in [58] where a coded binary string was formed from the neighboring star po-
sitions for comparison. A similar approach was adopted in [59], which formed
an integer value from the coded string for comparison. Other SPR techniques
which fall under this category are [59–62].

3. Neural network based approach - The neural network approach deals with
forming different network models (both supervised and unsupervised) utiliz-
ing the features of the star pattern for matching. The neural network model
approach of solving the problem of star pattern recognition has also received
significant attention, especially in the recent years with the advent of the robust
machine learning techniques. Apart from the earlier described two neural net-
work approaches for star identification, other SPR techniques which fall under
this category are [63–65].
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4. Fast and low memory techniques - Some SPR techniques were specifically
developed for achieving a real-time star identification. The earlier described
STOD algorithm falls under the same category. These SPR techniques propose
novel ways of constructing the SPD which leads to a reduction in time of star
identification. One such technique was proposed by D. Mortari, based on the
k -vector construction and popularly known as a search-less SPR technique [66].
Another similar idea based on P -vector was proposed by Yang, J. in [67]. Fast
access and low memory star pair catalog was proposed in [68]. Other SPR
techniques which fall under this category are [69–75].

Apart from the above four general approaches to the problem of star pattern
recognition, there have been some approaches [76–78] which utilize the images cap-
tured from two different star trackers mounted on the satellite for attitude determi-
nation. These techniques are popularly known as the Multi-FOV SPR techniques in
the research community. Some techniques [79, 80] also utilize the magnitude of the
stars for comparison and matching. However, as described earlier, the star magnitude
is not a reliable characteristic feature which can be used for matching. The ambigu-
ity in utilizing the brightness of star for comparison was also reported in [81, 82]. A
comprehensive review of star identification approaches has been provided in survey
papers [83–85], and a book of star identification [86] by G. Zhang. There have also
been several doctoral thesis [87–92] based on the highly researched problem of star
tracker.

3.3 Performance Evaluation of Star Pattern Recog-

nition Techniques

Having reviewed the state-of-the-art star pattern recognition techniques, we will
now mention the parameters based on which an SPR technique is evaluated. SPR
techniques are usually assessed based on three parameters. These parameters are
explained below in the order of their importance:
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1. Recognition reliability - Hitomi spacecraft was lost due to the incorrect at-
titude information provided by the star tracker system. Thus, a reliable and
accurate star tracker system is a must for the satellites. Hence recognition
reliability forms the primary parameter for an SPR technique. Recognition
reliability is also known as the identification accuracy of the SPR technique.
This parameter corresponds to the measure of correctly identified star im-
ages on a set of tested images. The attitude determination techniques such
as TRIAD [18] or QUEST [19] require two or three stars to be identified in
the image for attitude calculation. Thus, a star image is said to be correctly
identified if the SPR technique can identify any selected three stars correctly in
the image captured. Even if one of the star is incorrectly identified, the whole
identification is treated as false because the calculated output attitude will be
false. The higher the recognition reliability, the better is the SPR technique.

2. Time complexity - A Low Earth Orbit (LEO) satellite in space usually re-
volves around the Earth at a speed of 7.8 km/s. In such a situation, if a high
recognition reliable SPR technique consumes 5 seconds (say) for star identifica-
tion, the satellite would have already traveled 39 km in orbit after the results
of star identification. Thus, even if an SPR technique is highly recognition
reliable, the results of star identification will be meaningless if it cannot be im-
plemented in real-time. In the real-time hardware implementation, the whole
process of star tracking (starting from pre-processing until attitude output) is
supposed to take less than hundred milliseconds. This time corresponds to an
update rate of 10 Hz. Amongst all the steps of the star tracker, pre-processing
and attitude calculation consume almost 70-80 msec on an average (more de-
tails in the hardware implementation). Thus, an SPR technique is supposed
to provide star identification in less than 20 msec to meet the requirement of a
real-time star tracking system. Hence an SPR technique is expected to have a
low time complexity (or) high speed of recognition along with high recognition
reliability.

3. SPD size - The SPD for an SPR technique has to be stored in the onboard
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computer of the star tracker system. In the 1990s, the onboard computer
systems did not have many resources for saving a massive amount of data.
However, with the passage of time, and reduction in the size of CMOS tran-
sistors, the support of onboard storage has increased significantly especially in
the past decade. This lack of storage capacity was the reason that SPD size
was one of the major concerns for the SPR techniques dating back to 1990s.
Currently, SPD size is still considered as a benchmarking parameter for the
SPR techniques. However, the importance given to SPD size has been reduced
over the years. Hence it has climbed down in the order of importance compared
to the recognition reliability and time complexity of an SPR technique.

A star pattern recognition technique is evaluated based on the above described
three parameters with primary importance given to recognition reliability and time
complexity of an SPR technique.

3.4 Summary

In this chapter, firstly we provided a quantitative analysis of the problems faced
in the process of star pattern recognition. With the studies performed on the real
images captured by the star tracker, the gravity of each research problem is now
defined clearly. Later, we provided a comprehensive review of the important star
pattern recognition techniques. We selected the methods ranging from geometric
approach, pattern-based approach to a neural network approach. However, from the
review of these techniques, it is clear that recognition reliability and time complexity
of the identification is still the primary trade-off for the star pattern recognition
techniques. The existing state-of-the-art star pattern recognition techniques still
suffer from this trade-off. Thus, we aim to develop an approach to star pattern
recognition which is highly robust and give a high speed at the same time. In the
next chapter, we will explain the proposed methods for star pattern recognition.
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Proposed Approaches

This chapter comprises the central theme of this thesis. In this chapter, we
will explain in detail the developed approaches to achieve a reliable and fast star
pattern recognition for an LIS mode star tracker. The algorithmic (software) part
of the proposed methods will be explained in this chapter. We have developed three
diverse approaches to solve the problem of star pattern recognition for an LIS mode
star tracker. Firstly, we will propose a novel generalized framework for the process
of star identification. Later, we will explain every developed approach based on the
proposed framework in detail. Finally, we will also describe potential failure analysis
of the proposed approaches.

4.1 Proposed Generalized Framework for Star Iden-

tification

As described earlier in Chapter 3 of this thesis, recognition reliability and speed
(time complexity) are the two most important parameters of an SPR technique. For
achieving high recognition reliability, more features are preferred to be extracted
along with more combinations of star clusters and thus, more comparisons are to
be made. However, such an exhaustive process will increase the time required for
feature extraction and comparison with the SPD, thus reducing the speed of iden-
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tification. On the other hand, if fewer features are used with only some selected
combinations of the star cluster, then the number of comparisons to be made are
reduced significantly, which increases the speed of identification. However, the ac-
curacy of correct star identification might decrease because of a selected number of
features used for extraction and comparison. Thus, both the evaluation parameters
of star identification - recognition reliability and speed of recognition are a trade-off
to each other.

While developing our approaches, we have kept in mind the trade-off between
recognition reliability and time complexity. In our developed methods, we want
to address this trade-off. Thus, we have propose a generalized framework for the
developed approaches which enables to achieve high recognition reliability along with
low time complexity. Fig 4.1 shows the proposed framework.

Figure 4.1: Proposed generalized framework for the developed approaches.

As can be seen in Fig 4.1, our framework is divided into two parts - star pattern
recognition and star shortlisting. The process of star shortlisting is applied before
the actual star pattern recognition. Star shortlisting, as the name suggests, shortlists
a part of the SPD. The shortlisting of the SPD is done by the partial matching of
the features extracted from the image with those stored in the SPD. Thus, we obtain
a shortlisted list of star IDs which seem to be moderately present in the image.
Later, this shortlisted list of star IDs is passed to the actual star pattern recognition
technique, which is concerned with identifying the correct star ID from the shortlisted
list. Thus, the star pattern recognition only needs to operate on a shortlisted list
of star IDs (part of the SPD) rather than running on the whole SPD (conventional
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way).
The primary purpose of the star shortlisting is to serve for decreasing the time

complexity by providing a shortlisted list of star IDs. The SPR technique can then
make use of the various combination of features for identifying the stars reliably in
the image. Thus, the proposed framework will resolve the trade-off to a considerable
extent (justified later with results). Hence the combination of star shortlisting and
star pattern recognition technique allows us to achieve high recognition reliability
and low time complexity.

The proposed framework places some conditions while developing the star short-
listing technique. The requirement of an efficient shortlisting method would be to
have a fast and straightforward feature extraction and comparison process. Apart
from being simple in implementation, a shortlisting technique must also make sure
that the correct star ID is present in the shortlisted list of the star IDs. This process
will enable the shortlisting technique to reduce the time complexity.

The disadvantage of the proposed framework comes in the form of increased SPD
size. The conventional framework only needs to store the SPD for the SPR technique.
However, for our proposed framework, we will also need to save the SPD prepared for
the shortlisting routine. Hence the SPD size for the proposed framework is supposed
to be larger compared to that of the conventional techniques. However, as explained
earlier, storing up to 5 MB is not a problem for the current onboard computers. So,
we need to keep in check that the SPD size of the combined shortlisting and the
SPR technique does not exceed more than 5 MB. We will now explain each of the
developed approaches in detail.

4.2 Worst-case Patch Mismatch based Shortlisting

and Running Sequential Angular based Star Pat-

tern Recognition

We will explain the first approach developed for solving the problem of star pat-
tern recognition. This approach can be regarded as a combination of geometric and
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pattern based point of view. In our first approach, we propose a novel combination
of star shortlisting and pattern recognition algorithm which excels at both the recog-
nition reliability and the speed of star identification. The first part of the proposed
unification deals with shortlisting the stars based on worst-case patch mismatch,
and the second part of the algorithm comprises of the pattern recognition technique
based on an initial match confirmed by a running a sequential angular match. The
former leads to the reduction in time for recognition and the latter leads to attaining
high recognition reliability.

This approach is based on the identification of the center star and does not rely
on the ambiguous brightness of the stars. Our algorithm utilizes all the stars which
lie in the FOV for feature extraction. However, we apply a shortlisting method for
selecting only a part of the SPD before actually performing the pattern recognition.
The pattern recognition process further comprises of an initial match followed by
running sequential angular match. Fig 4.2 shows the overall flow of the proposed
algorithm.

Figure 4.2: Proposed algorithm flow for the first approach.

We will introduce the feature extraction, construction of the look-up-table (LUT)
based on worst-case patch mismatch, and the star pattern database generation for
the proposed approach in section 4.2.1. In section 4.2.1, the shortlisting technique
and the star pattern recognition technique are explained in detail. Finally, it is
shown how the combination of shortlisting and pattern recognition technique is used
for obtaining high recognition reliability as well as the high speed of identification.
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4.2.1 Feature Extraction, Look-Up-Table and Star Pattern

Database Construction

Feature Extraction

The proposed technique uses two rotation invariant features - radial distances
from the center star and the relative angle that the consecutive stars make with the
center star, as shown in Fig 4.3. Every star in SAO J2000 catalog [12] is considered
at the center of the FOV, and all the stars which lie within the FOV of the center
are taken into account in an increasing anti-clockwise angle which forms a pattern
vector as shown in Fig 4.3. The radial distance of each neighboring star from the
center star and the angle subtended by the consecutive neighboring stars with the
center star are the features to be extracted. These are given by Eq 4.1 and Eq 4.2
respectively.

Figure 4.3: Feature extraction for the first approach.
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rn =

√
(xn − xc)2 + (yn − yc)2 (4.1)

An = tan−1
(
yn+1 − yc
xn+1 − xc

)
− tan−1

(
yn − yc
xn − xc

)
;n 6= N

An = 360− (A1 + A2...+ AN−1);n = N

(4.2)

where xn and yn are the pixel co-ordinates of the nth neighboring star in the image,
N is the total number of neighboring stars in the FOV of the reference star, and xc
and yc are the co-ordinates of the reference star A. For the purpose of shortlisting the
star entries, only radial distances {r1, r2...rn} are utilized whereas, both the radial
distances and relative angles are used for the generation of SPD, which is explained
later in this section.

Worst-case Patch Mismatch and LUT Construction

• Worst case patch mismatch calculation - As mentioned earlier in Chap-
ter 3, the major problem that the star pattern recognition techniques face is
the patch mismatch between the SPD and the image captured. So, the idea of
the shortlisting technique is first to find the worst case patch mismatch that
can occur for a center star. We understood that the patch mismatch occurs
because of the displacement and the rotation of the image captured when com-
pared to the SPD. By worst case, we mean maximum difference (dmax) that can
occur in the number of stars between the SPD and the image captured solely
because of the patch mismatch. For calculating the dmax, a unique simulation
approach is adopted which is explained in Fig 4.4.

For every center star ID, the following steps are performed in a sequence:

1. Every star which lies in the FOV of the center star (star ID selected) and
the center star itself is shifted by steps of 1 pixel in the x-direction as
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Figure 4.4: Worst case patch mismatch simulation.

shown in Fig 4.4.

2. Every star, after shifting, is rotated by levels of 1 degree in the counter-
clockwise direction.

3. The distance of each star from the center of the image is calculated.

4. If the star nearest to the center of the image is still the same as the star ID
(star A, in the example in Fig 4.4) for which this operation is performed,
then step 2, step 3, and step 4 is repeated. These steps are repeated until
the nearest star to the center of the image is different from the center star
ID or when the degree of rotation reaches 3600.

5. If the degree of rotation reaches 3600, then we shift to step 1, and the whole
process is repeated until the point when the star nearest to the center of
the image is no longer the same center star ID (star A in Fig 4.4).

When the star nearest to the center of the image changes, the maximum dif-
ference occurs between the number of stars in the SPD of the center star ID
and the number of stars currently in the image. For example, in Fig 4.4, if any
of the neighboring stars 1 to 7, during the above simulation process, become
the closest to the center of the image, then the worst case patch mismatch has
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occurred for star A. When the above situation occurs, the dmax for star A is
calculated by Eq 4.3.

dmax = NSPD −Nimage (4.3)

where NSPD is the initial number of stars in the SPD of the center star (7,
in the example in Fig 4.4) before the operation of worst-case patch mismatch
began, and NImage is the number of stars which lie within the FOV of the center
of the image when the worst-case patch mismatch situation has reached. The
quantity dmax is calculated for every star having a magnitude threshold (Mv) of
less than 6 from the SAO J2000 star catalog. This whole process of calculating
the worst case patch mismatch is explained in detail in the flowchart in Fig 4.5.

• LUT construction based on worst case patch mismatch - We only use
the radial distances of the neighboring stars for constructing the LUT. The
LUT consists of four threshold levels for each center star, which are calculated
as follows:

1. Thresh 1: This threshold level represents the scenario when none of the
stars miss in the FOV of the center star. Thus, without losing any stars
in the FOV of the center star, the summation of the radial distances of
all the neighboring stars (NSPD) from the center star is calculated for this
threshold level. Eq 4.4 gives this threshold level. It should be noted that
this is the maximum value of all the threshold levels, as it considers all
the neighboring stars.

Thresh1 =

NSPD∑
i=1

ri (4.4)

2. Thresh 2: This threshold level is calculated to consider the stars missed
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Figure 4.5: Process of worst case patch mismatch simulation.

due to the patch mismatch. It is essential to understand from the process
of worst-case patch mismatch simulation that the neighboring stars which
are farther away from the reference star have a high probability of been
missed compared to that of the stars which are nearer to the reference
star. The above phenomenon is because of the displacement of the image
captured when compared to the SPD.

As mentioned earlier, the maximum number of stars that can miss due
to patch mismatch is dmax. Thus, for calculating this threshold level,
we miss dmax number of neighboring stars starting from the farthest star
from the center star. The summation of radial distance is calculated after
missing those farthest dmax stars. Eq 4.5 gives this threshold level. Having
calculated Thresh 1 and Thresh 2, it should be clear that the summation
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of radial distances of the neighboring stars in the image captured (having
only patch mismatch) will fall between Thresh 1 and Thresh 2 of the
reference star ID in the LUT.

Thresh2 =

NSPD−dmax∑
i=1

ri (4.5)

3. Thresh 3: The levels Thresh3 and Thresh4 are calculated for considering
the low magnitude missing stars in the image. As described earlier in
chapter 3, magnitude uncertainty adds more missing stars to the problem
of patch mismatch. We already considered the farther away missing stars
due to patch mismatch by calculating the Thresh2 level. The nearest
stars to the reference star have a less chance of getting missed due to patch
mismatch. However, they may get missed because of their low magnitude.
Thus, we need to consider these low-magnitude nearest stars which may
get missed in addition to the missed stars due to patch mismatch.

The existing approaches such as Pyramid [26] , k -nearest neighbors [47]
rely on the nearest four stars for star pattern recognition. Thus, we select
four stars as a worst case of the number of nearest stars missed due to
magnitude uncertainty. For the sake of not making the window of quali-
fication between the threshold levels big, we split the four low magnitude
stars into two halves. Thus, for calculating Thresh3, we will only consider
missing two more stars in addition to the dmax stars missed for Thresh2.
Hence the farthest (dmax + 2) stars are missed for calculating this thresh-
old level, and the summation of the radial distances of the remaining
stars from the center star is calculated. Eq 4.6 gives this threshold level.
Having calculated Thresh3, it should be clear that the summation of the
radial distances of the neighboring stars in the image captured (containing
missed stars due to patch mismatch and less than three missed stars due
to magnitude uncertainty) will fall between Thresh1 and Thresh3.
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Thresh3 =

NSPD−dmax−2∑
i=1

ri (4.6)

4. Thresh 4: As explained earlier while calculating the Thresh3 level, the
consideration of low magnitude missing stars is divided into two halves.
This level is the final level of all the thresholds and considers the second
half of the low magnitude missing stars. Thus, for calculating this level,
the farthest (dmax + 4) stars are missed, and summation of the radial
distances of the remaining stars from the center star is calculated. Eq 4.7
gives this threshold level.

Thresh4 =

NSPD−dmax−4∑
i=1

ri (4.7)

From the above calculation of the threshold levels, it should be noted that for
each star ID, Thresh1 > Thresh2 > Thresh3 > Thresh4.

A Look-Up-Table (LUT) as shown in Fig 4.6 is then prepared offline with all
the four thresholds calculated for each star entry as mentioned earlier. We
consider the star entries which have a Mv of less than six from the SAO J2000
star catalog for constructing the LUT. The number of such stars is 4956. For
a particular center star, a circular field of view (FOV) of 150 is considered for
the above operations. There is one more parameter in the LUT, called the
check bit, which is initially 0 for every star ID. The purpose of the check bit is
explained later in section 4.2.2

Star Pattern Database (SPD) Generation

The SPD is first prepared offline and loaded into the star tracker onboard memory
along with the LUT. For constructing the SPD, the same parameters ofMv and FOV
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are adopted as considered for constructing the LUT. We will now describe the SPD
construction for star A in Fig 4.3.

Referring back to Fig 4.3, we have nine neighboring stars to star A at the center.
Hence, the feature vector for star A is constituted as a sequence - {r1, A1, r2, A2,
r3, A3... r9, A9}. If a star at the center has n number of neighboring stars within
its FOV, its feature vector would look like r1, A1, r2, A2, r3, A3...rn, An, where the
features rn and An are calculated as was described in section 4.2.1. The LUT and
SPD constructed are shown in Fig 4.6.

Figure 4.6: Look-Up-Table and Star Pattern Database for the first approach.

4.2.2 Shortlisting and Star pattern recognition

Shortlisting

The process of shortlisting using the LUT is explained as shown in Fig 4.7. As can
be seen in Fig 4.7, there are three slabs allotted to the LUT. Slab 1 is between Thresh1
and Thresh2, Slab 2 is between Thresh1 and Thresh3, and Slab 3 is between Thresh1
and Thresh4. Once the image is acquired, the summation of the radial distances of
all the neighboring stars which lie in the FOV of the star nearest to the center of the
image (reference star) is calculated by Eq 4.8, which is used for shortlisting the star
entries.

RI
sum =

n∑
i=1

ri (4.8)
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Figure 4.7: Shortlisting technique for the first approach.

Once the RI
sum is calculated, firstly it is checked whether it falls in Slab 1 for

each star ID,i.e. it should fall between Thresh1 and Thresh2, satisfying the following
condition:

Thresh2 < RI
sum < Thresh1 (4.9)

Only those star IDs are shortlisted for which the above condition is correct, and
the check bit of those star IDs is toggled from 0 to 1. Later only those shortlisted star
IDs are checked for the star pattern recognition process described later in this section.
In the case that the correct star ID does not get shortlisted in Slab 1, the window is
increased and is checked for Slab 2 and later if required for Slab 3. The condition for
increasing the window size and shifting to Slab 2 and Slab 3 is dependent upon the
result of the star pattern recognition technique. This combination of the shortlisting
technique and the star pattern recognition technique is explained later.

Star Pattern Recognition

• Initial match - We will explain our proposed pattern recognition technique
for identification of correct star and how it also tackles the problems of mis-
match between the SPD and the image, magnitude uncertainty, and false stars
concurrently with the help of an example in Fig 4.8. The example in Fig 4.8
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depicts two circles - the solid circle is the pattern vector of the star A, which is
the same as was shown in Fig 4.3 and the dashed circle is the image captured
by the star tracker. It can be noted from Fig 4.8 that stars 1, 3, 4 and 9 are
not a part of the image captured while they are present in the SPD of star A.
Also, the star F (noise) is present in the image but not a part of the SPD.
Our proposed technique is to utilize both the radial and angular features of the
pattern extracted for finding an initial match in the SPD. In Fig 4.8, it can
be clearly seen that the radial distances r2, r5, r6, r7, and r8 in the image will
match exactly with the radial distances stored in the SPD of star A. We can
also note that the angles A5, A6, and A7 in the image will match exactly with
the angles contained in the SPD of star A. But the angles A1, A2, A3, A4, AF1,
and AF2 in the image will not get matched with the angles stored in the SPD
of star A. For the explanation of the initial match step of our technique, let us
assume that the angle A5 is the smallest angle in the image.

Then the initial match will be checked by finding the equivalent of the smallest
angle in the image (A5 in this example) with the angle present in the SPD of
the star ID. In this example, A5 will get matched with the angle A5 in the
SPD of star A. This angle match is then confirmed by finding the match of the
radial distances of the stars containing that angle. In this case, it will be the
star 5 and star 6 and their corresponding radial distances are r5 and r6, which
will be matched with the radial distances contained in the SPD of the star A.
Thus, only those star IDs are said to have an initial match which confirms both
the angular match confirmed by radial distance match.

• Running sequential angular match - The first step of our proposed tech-
nique is to find the initial match. Later, to confirm that the initial match a
particular star ID is indeed correct, a running sequential angular match is per-
formed. The running sequential angular match starts from the angle after the
initial match. For example, in Fig 4.8, after the initial match of angle A5, angle
A6 and angle A7 will get correctly matched with the angles stored in the SPD
of star A. However, when it comes to the angle between the star 8 and star F, it
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Figure 4.8: First example to explain the developed approach 1.

does not get a match with the SPD sequence of star A. Whenever the angle in
the sequence does not match, our technique shifts to check the radial distance
match in the sequence. In this example, r8 will find the match. However,
rF will not find the match. So, the next radial distance r2 in the sequence is
checked, which will find the match in the SPD of star A. After any two radial
matches in the sequence are confirmed, the angle contained in between those
matches is compared. In the image, the angle between star 8 and star 2 is the
summation of AF1 and AF2. In the SPD, the summation of the angles A8, A9,
and A1 is the angle between star 8 and star 2. As can be seen from Fig 4.8, this
summation of the angles in the image matches with that of the SPD. Thus, the
radial match is confirmed by this angular match. For any other star ID, when
this process does not find a match anywhere in the sequence, it will break from
checking further sequence of the angles and distances. Later, for this example,
when we focus on the angle between star 2 and star 5, it is the summation of
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angles A2, A3, and A4. After applying the same process of matching the radial
distances first and confirming with the angle summation, angle in the image
between star 2 and star 5 will get matched with that in the SPD of star A.
We can note that for this star A, we started from angle A5 as the initial match
and are back to angle A5 after the running sequential angular match. Thus, a
perfect sequential angular match is obtained for a single cycle of 360 degrees
for the star A. Hence the star A is correctly identified as the center star even
if there are missing stars due to patch mismatch and false stars in the image.

Figure 4.9: Second example involving brightness ambiguous missing stars.

In Fig 4.9, we show another example when the stars are missed because of
magnitude uncertainty. In this example, let us consider that the stars 6 and 7
in Fig 4.8 are also missed in the captured image by the star tracker due to their
low brightness and no false star is present in the image for this case. Thus, the
captured image is the one shown in Fig 4.9 which contains only stars 2, 5 and
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8 as the neighboring stars to star A.

For the explanation of the working of our technique in the example in Fig 4.9,
let us assume that the angle between the star 5 and star 8 is the smallest angle
in the image. Starting the initial match of our proposed technique, star 5 and
star 8 will get initially matched for radial distances which will be found in the
pattern vector of star A in the SPD. Their corresponding sequential angular
summation in the SPD is A5 + A6 + A7, which is the correct angle match
between star 5 and star 8 in the image. Thus, the initial match is fixed in the
SPD of star A.

The latter process of the running sequential angular match technique will re-
main the same as was described for the scenario in Fig 4.8. Thus, star A will
be correctly identified in Fig 4.9 even if there are low magnitude missing stars.
Hence according to the proposed star pattern recognition technique, a star will
be correctly identified if and only if it satisfies both the initial match and the
running sequential angular match for the single cycle of 360 degrees.

Combination of Shortlisting and Pattern Recognition Technique

The pattern recognition technique, consisting of the initial match and the running
sequential angular match is applied only to the star IDs that get shortlisted. The
shortlisted star IDs are the ones that lie under the Slab 1 of the LUT constructed
from the concept of the worst case patch mismatch as was explained in section 4.2.1.
However, there might arise a situation in which the correct star ID gets failed to
be shortlisted by the technique, i.e. it does not fall under Slab 1 of the LUT. This
situation will arise when there is a high brightness ambiguity, which will add to
the already existing problem of patch mismatch. This problem is taken care by
the proposed combination of shortlisting and pattern recognition technique. It is
important to note that the uniqueness of the proposed pattern recognition technique
lies in the perfect single cycle match of the image; otherwise, a match is not found.
So, in this case, when the correct star ID is not shortlisted, none of the shortlisted
star IDs will qualify for the perfect match by the pattern recognition technique.
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Thus, the shortlisting method will have to increase the window for the qualification
of shortlisting. This process of extending the window and thus shifting to Slab 2 and
later if required to Slab 3 is explained in Fig 4.10.

Figure 4.10: Final algorithm flow - Combination of shortlisting and pattern recognition
technique.

If the pattern recognition technique is not able to find the perfect match, the
summation of radial distances in the image (RI

sum) that was calculated is now checked
if it falls under Slab 2, i.e. between the Thresh1 and Thresh3 as was shown in Fig 4.7.
Only those star IDs are checked whose check bit is 0 because the star IDs for whom
the check bit is 1 are already tested for the perfect match. If RI

sum falls under Slab 2
for that star ID, it is shortlisted, and the check bit for that star ID is toggled from 0
to 1. The above process will create a new shortlisted star IDs list that will further go
through the same process of the pattern recognition technique. If still after checking
for Slab 2, the perfect match is not found, it is tried later for Slab 3, keeping in mind
to shortlist only those star IDs for which the check bit is still 0. Eventually, if the
perfect match is still not found after checking for Slab 3, all the remaining star IDs
will be shortlisted and tested by the pattern recognition technique.

Whenever a perfect match is found for the image, the corresponding star ID in
the SPD is allotted to the reference star in the image. Later, the neighboring stars
to the reference star in the image can be easily identified from the sequence of the
SPD of the reference star ID. Two to three correctly identified stars in the image are
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enough for attitude calculation, which can be accomplished by the existing QUEST
method [19].

4.3 Image to Signal Approach

In this section, we will explain the second approach, which is a novel combination
of hamming distance and spearman-correlation to achieve a reliable as well as a fast
star identification. The proposed idea is to construct a discrete signal from the
features extracted from the star image. We present a generalized framework for the
process of feature extraction and construction of Look-Up-Table (LUT) and SPD for
the proposed technique. Later, with the help of an illustrative example, we describe
the process of using hamming distance for shortlisting the star IDs and spearman
correlation for identifying the correct star ID from the shortlisted list. The hamming
distance approach leads to fast recognition, and the spearman correlation helps in
achieving high recognition reliability. Fig 4.11 shows the overall flow of this proposed
approach. The subsequent sections describe the details of the proposed method.

Figure 4.11: Proposed algorithm flow for the second approach.

4.3.1 Feature Extraction, and Signal, Look-Up-Table and Star

Pattern Database Construction

Feature Extraction

The proposed technique uses two rotation and translation invariant features -
euclidean distances from the center star and the relative angle that the consecutive
neighboring stars make with the center star, as shown in Fig 4.12. We use the
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star catalog SAO J2000 and every star ID which has a relative magnitude Mv less
than 6.0 is considered for forming the LUT and the SPD for the proposed star
recognition technique. Each star ID is considered at the center of the FOV, and
all the neighboring stars which lie within the pattern radius (the number of pixels
corresponding to the FOV) from the center are considered for extracting the two
features mentioned above. Eq 4.10 gives the relation between the pattern radius (PR)
and the FOV. Both the extracted features are calculated by Eq 4.11 and Eq 4.12
respectively.

Figure 4.12: Feature extraction for the second approach.

FOV = 2 tan−1
(

PR

2 (f/ρ)

)
(4.10)

where FOV is the field of the view of the star tracker, f is the focal length, ρ is
the pixel dimension, and PR is the maximum distance in terms of pixels from the
center.
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rn =

√
(xn − w/2)2 + (yn − h/2)2 (4.11)

An = tan−1
(
yn+1 − h/2
xn+1 − w/2

)
− tan−1

(
yn − h/2
xn − w/2

)
;n 6= N

An = 360− (A1 + A2...+ AN−1);n = N

(4.12)

where xn and yn are the pixel co-ordinates of the star in the image, N is the total
number of neighboring stars, and w and h are the dimensions of the image sensor.

Signal, LUT and SPD Construction

• Signal construction - As explained in Fig 4.12, there are two features ex-
tracted - relative angles and euclidean distances. We propose that the relative
angles extracted can be visualized as time domain and the corresponding ra-
dial distances can be visualized as the amplitude of the signal. For example, in
Fig 4.12, we have twelve stars surrounding the reference star A. Thus, there are
twelve radial distances and relative angles, namely - {r1, A1, r2, A2...r12, A12}.
Every radial distance rn corresponds to its relative angle An i.e. r1 corresponds
to A1, r2 corresponds to A2 and similarly r12 corresponds to A12. Thus, we
construct a signal containing data points as shown in Fig 4.13, which depicts
the star pattern of the reference star A. As shown in Fig 4.13, the signal has
relative angles (An) in increasing order of their value on the x-axis (visualized
as time domain) and their corresponding radial distance value (rn, visualized
as amplitude). The point Sn in Fig 4.13 corresponds to the star n, with its
coordinates being (An, rn). For example, A5, the smallest angle in Fig 4.12
and its corresponding amplitude r5 is represented as the point S5 in Fig 4.13.
The maximum relative angle between two stars in the image can be 1800 or
π radians. The maximum radial distance between any of the neighboring star
from the center star can be PR pixels. This constructed signal is now utilized
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for LUT and SPD preparation as explained later in this section.

Figure 4.13: Signal, LUT and SPD construction from the extracted features.

• Look-Up-Table (LUT) construction - The purpose of the LUT construc-
tion is for shortlisting the star IDs which seem to be present in the image.
Thus, LUT will contain a coded signal for every star ID. The LUT can be
constructed as an NLUT sample signal for every star ID, where NLUT is given
by Eq 4.13. The entire signal is then broken into NLUT samples (bins). At
the same time, the amplitude will also fall in either of slabs from 0 to S (total
number of slabs are S+1). The division of the amplitude into slabs corresponds
to describing the radial distance of the particular data point when compared
to the maximum distance (pattern radius). Thus, S is calculated by Eq 4.14.
Hence, we divide the signal into NLUT bins and each bin can take a value from
0 to S.

NLUT = 2k; k = 1, 2, 3, . . . (4.13)
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S = round (log2 PR) (4.14)

Depending upon An, every data point of the signal will fall into a certain bin
number given by Eq 4.15 and the amplitude of that data (rn) will fall into one
of the S+1 slabs given by Eq 4.16.

binLUT = round

(
Angle0

(1800/NLUT )

)
(4.15)

slabLUT = round

(
Radialdistance

(PR/(S + 1))

)
(4.16)

For visualization and better explanation, we will describe the construction of
the LUT for the parameters of star tracker SST-20S [9] (in Table 3.1). For the
parameters of the star tracker SST-20S, PR is calculated to have a value of 512
pixels and the corresponding S calculated is 9. Thus, the total number of slabs
are ten i.e., 0 to 9. We have selected the value of k as 5 in Eq 4.13, which gives
us the value of NLUT as 32. The reason for this selection is explained later in
section 4.3.3. For now, we will explain the construction of LUT with the values
calculated above for the reference star A (in Fig 4.12).

If there is no data point or a star in a specific bin, it is allotted a slabLUT value
of 0, as shown in Fig 4.13. If there is a single data point in a bin, it is assigned
the slabLUT calculated by Eq 4.16. For example in Fig 4.13, only one point
S5 lies in a particular bin. Thus, the slabLUT value of point S5 calculated by
Eq 4.16 is equal to 9. If there is more than one point in a particular bin, the
mean of their amplitude values (rn) is considered for calculation. For example
in Fig 4.13, the slabLUT value calculated for two points S1 and S7 falling in
the same bin is 6. Hence, using Eq 4.15 and Eq 4.16, a 32 sample signal - {9,
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6, 8, 7...0} as shown in Fig 4.13 is prepared for the pattern of reference star
A. Similarly, the 32 sample signal for each star ID is constructed for preparing
the LUT.

• Star pattern database (SPD) construction - The SPD is also constructed
as a NSPD sample signal for every star ID, where NSPD is calculated by Eq 4.17.
The sample signal constructed for the SPD is expected to have a higher number
of samples because this signal will be used for identifying the correct star from
the shortlisted entries. Thus, the value of NSPD must be high compared to that
of NLUT . For the parameters of the star tracker SST-20S, we have selected the
value of k as 9 in Eq 4.17, and thus the NSPD calculated is 512. The reason
behind this selection is explained later in section 4.3.3. For now, we will explain
the construction of the SPD for the reference star A (in Fig 4.12) with NSPD

as 512.

NSPD = 2k; k = 1, 2, 3, . . . (4.17)

For the SPD, the signal is broken into 512 samples (bins) and the amplitude
remains the same as the radial distance of the data point. For a particular bin,
if there is no data point, it is assigned a value of zero; if there is a single data
point, it is assigned the value of the radial distance of that data point; if there
is more than one data point, it is assigned a value equal to the average of the
data points, all the three cases being shown in Fig 4.13. The bin number for a
particular data point for the SPD is given by Eq 4.18.

binSPD = round

(
Angle0

(1800/NSPD)

)
(4.18)

As there are 512 bins, it is obvious that there will be many bins which will have
zero value in between two data points. So, if there are more than three zeroes
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between two bins, they are represented by z_number_of_zeroes. Hence, the
512 sample signal for the pattern of reference star A (in Fig 4.12) is prepared
as - {z26, r5, 0, 0, mean(r1,r7)...z358} as shown in Fig 4.13. Similarly, the 512
sample signal is constructed for every star ID, and the SPD is prepared.

As explained earlier, the 32-sample signal and the 512-sample signal is con-
structed for every star ID. The LUT and SPD prepared for the proposed tech-
nique are shown in Fig 4.14. The reason for selecting 32-sample for LUT and
512-sample for SPD is explained later in section 4.3.3.

Figure 4.14: Look-Up-Table and Star Pattern Database for second approach.

4.3.2 Shortlisting and Star Identification

To explain the process of shortlisting using hamming distance and star identifica-
tion using spearman correlation, we will be using the example as shown in Fig 4.15.
The image captured is represented by the dotted circle, with Ic being the center of
the image. Let us say that star A is the closest Ic and thus, it will be selected as
a reference star. The SPD of star A is represented by the solid circle in Fig 4.15,
which is the same as was shown in Fig 4.12.

It should also be noted from Fig 4.15, that the captured image does not contain
the stars 4, 7, 8, 10 and 12 which are a part of the SPD of star A (in Fig 4.12). Also,
the image contains a false star F which is not a part of the SPD of star A. Stars 4, 7
and 8 are missed due to patch mismatch and stars 10 and 12, which are also nearest
to the reference star A, are missed due to magnitude uncertainty. Thus, the example
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Figure 4.15: An example of the image captured for explaining the second approach.

shown in Fig 4.15 has all the problems which a star pattern recognition technique
will face (also identified in chapter 3 of this thesis). Hence, the proposed technique
aims to identify the stars in the image correctly and also provide fast recognition at
the same time. We will explain the process of shortlisting using a 32 sample signal
and star identification using a 512 sample signal as both LUT and SPD are prepared
using the same parameters.

Shortlisting using Hamming Distance

Once the radial distances and relative angles are extracted from the image, a 32
sample signal is constructed following the same procedure as was used for prepar-
ing the LUT. For the image acquired in Fig 4.15, the 32 sample signal constructed
is shown in Fig 4.16 and it is labeled as I32. Hamming distance comparison plays
an important role in a large variety of applications, especially in coding theory for
comparing equal-length strings [93]. Hamming distance is also widely used in approx-
imate near neighbor search for high dimensional data, such as images and document
collections [94]. The hamming distance (DH) between two strings is defined as the
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number of characters in which they differ. It is calculated by Eq 4.19, Eq 4.20, and
Eq 4.21.

DH =
n∑
i=1

|xi − yi| (4.19)

ifxi = yi ⇒ D = 0 (4.20)

ifxi 6= yi ⇒ D = 1 (4.21)

where x and y are two strings of length equal to n.

Figure 4.16: Signal construction from the image and comparison with SPD.

In our proposed technique, we construct a unique 32 sample signal for every star
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ID and store it in LUT as was explained in section 4.3.1. We use the hamming dis-
tance to compare the signal constructed from the image acquired with signals stored
in the LUT. In order to demonstrate, we have shown the calculation of hamming
distance for the I32 and the corresponding 32 sample signal for the reference star A
stored in the LUT (LUTA32) in Fig 4.17. The total number of mismatches between
I32 and LUTA32 are highlighted and thus, the calculated DH equals to 8. The ham-
ming distance between I32 and 32 sample signal of every star ID (stored in the LUT)
is calculated, and only those star IDs are shortlisted whose hamming distance is less
than 16, as shown in Fig 4.18. This process makes sure that the signal received from
the image matches with at least half of the signal stored in the LUT for that par-
ticular star ID entry. This list of shortlisted star IDs only is then checked for exact
star identification using spearman correlation as explained in the next sub-section.

Figure 4.17: Calculation of hamming distance between I32 and LUTA32.

Figure 4.18: Shortlisting and star identification process - second approach.
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Star Identification using Spearman-Correlation

The 512 sample signal is constructed from the features extracted from the image
by the same process as was used for preparing the SPD for the proposed technique.
For the image acquired in Fig 4.15, the construction of 512 sample signal is shown in
Fig 4.16 and it is labeled as I512. It is important to note that because of the problems
of patch mismatch, magnitude uncertainty, and false stars, there can be many altered
data points in the signal constructed from the image acquired when compared to the
signal of the reference star stored in the SPD. Due to the above problems, there is
no definite relationship between the data points of the image acquired and those of
the SPD of the reference star. This lack of relationship is evident for the SPD of
reference star A, and the image obtained, as shown in Fig 4.16.

If there is a very high amount of patch mismatch and magnitude uncertainty,
the number of data points can also be very less in the signal constructed from the
image acquired. Owing to the scenario mentioned above, the best way to measure
the match of the image with the SPD is by calculating the spearman correlation
co-efficient between the signal constructed from the image acquired and the signals
of the shortlisted star IDs in the SPD. Normally, correlation refers to calculating the
pearson co-efficient. However, the data variables must have constant variance and
exhibit a linear relationship to calculate the pearson correlation coefficient, as well as,
the number of samples must be significant for calculating the pearson co-efficient [95].
As the signal constructed from the image acquired does not satisfy the conditions
mentioned above, we do not prefer pearson correlation for star identification. On the
other hand, spearman correlation is a non-parametric measure of correlation and is
appropriate for ordinal scale signals [96]. It does not assume a normal distribution
of data or any definite relationship between the data points. Thus in the conditions
mentioned above, spearman correlation coefficient will be an appropriate measure
for the match between the image and the SPD. The spearman correlation coefficient
(rs) is calculated by Eq 4.22 and Eq 4.23.

83



Chapter 4. Proposed Approaches

rs = 1− 6
∑
d2i

n (n2 − 1)
(4.22)

di = rg (Xi)− rg (Yi) (4.23)

where rg(Xi) and rg(Yi) are the ranks of each observation in the samples X and
Y, and n is the number of samples.

The maximum correlation coefficient calculated between the 512-sample signals
of the shortlisted star IDs in the SPD and the I512 (signal constructed from the
image acquired) is regarded as the correct match for the reference star in the image.
Fig 4.18 shows the entire process of shortlisting and star identification. Once the
star ID which gives the maximum correlation coefficient is identified as the reference
star, the nearest one or two stars to the reference star in the image (which can be
found from the sequence of the SPD of the identified star ID) are also identified.
As mentioned earlier, the existing QUEST or TRIAD method requires two to three
correctly identified stars in the image for determining the attitude.

4.3.3 Selecting 32 samples for Shortlisting and 512 Samples

for Recognition

Firstly, we will show the reason behind the selection of 32 sample (value of k as
5 in Eq 4.13 for shortlisting) and 512 sample (value of k as 9 in Eq 4.17 for star
identification) based on the test results for different sample sizes. Concerning with
the shortlisting process, hamming distance performance for different sample sizes
(different of values of k in Eq 4.13) is shown in Fig 4.19. We have varied the value of
k from 3 to 7, as the number of samples of the discrete signal required for shortlisting
is not that high. The performance is measured in terms of two parameters - the
number of shortlisted IDs (Nhd) (out of total 4956 star IDs) and the probability that
the shortlisted entries contain the correct star ID (phd). Lower the Nhd and higher
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the phd, better the performance. As can be seen in Fig 4.19, the Nhd is least (1071)
for 8-sample signal (k = 3), however, the phd is also least (0.537) for this case. On
the contrary, the phd is maximum (1.0) for 128 sample signal (k = 7), however, the
Nhd is also very high (3565).

Figure 4.19: Comparison of performance of the second shortlisting approach for a different
number of samples (NLUT ).

When the number of samples is greater than or equal 32 (k ≥ 5), the phd is 1.
However, if the sample size still goes on increasing the Nhd will also go on increasing.
Thus, an optimum sample size of 32 gives a perfect phd and a low Nhd (almost one-
third of the total star IDs). Thus, from Fig 4.19 it is evident that the 32-sample
signal (k = 5 in Eq 4.13) is the perfect choice for the shortlisting technique to attain
the best performance.

Concerning with the star identification process, spearman correlation perfor-
mance for different sample sizes (different values of k in (8)) is shown in Fig 4.20.
We have varied the value of k from 5 to 9 as the star identification requires a high
number of samples to achieve a reliable identification. The performance is measured
in terms of identification accuracy and recognition time required for different sam-
ple sizes. As can be seen from Fig 4.20, 32-sample signal (k = 5) gives a very low
identification accuracy and the identification accuracy increases with the number of
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Figure 4.20: Comparison of performance of the second star identification approach for a
different number of samples (NSPD).

samples. The recognition time also increases with the number of samples. However,
the increase in the recognition time is not drastic. We choose 512 sample size (k =
9 in Eq 4.17)) because the identification accuracy is very high and the recognition
time is reasonable in this case. Because of the shortlisting due to hamming distance
and the performance achieved by it (as explained earlier), this recognition time for
the 512 sample size will be reduced.

4.4 Rotation Invariant Vector Frame

Until now we have seen many diverse approaches proposed for star identification.
These approaches vary from extracting the geometric properties such as angles, dis-
tances, and area to developing a coded pattern formed by the neighboring stars. Any
method selected for star identification must make sure that the features extracted for
comparison and identification should be translation and rotation-invariant because
the star images captured by the star tracker are usually translated and rotated by
an unknown factor when compared to the ones stored in the SPD.

In this plethora of diverse approaches for star identification, two dimensional (2D)
vectors on the image plane have not been used so far for forming the star pattern.
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We propose to make use of the additive property of 2D vectors to solve the critical
problems of patch mismatch, magnitude uncertainty, and noise (false stars) faced
in star identification. However, it is important to note that though the 2D vectors
connecting the stars on an image plane are by default translation-invariant, they
are not rotation-invariant features. Thus, firstly, we need to make the 2D vectors
rotation-invariant and later integrate their additive property to attain reliable star
identification.

4.4.1 Construction of Rotation Invariant 2D Vectors

To solve the problem of rotation-variance of the vectors, we propose a novel way
to construct a rotation-invariant vector frame for the 2D vectors connecting the stars
on a normal X-Y plane. We will explain the construction of the rotation-invariant
vector frame and how it is different from the normal 2D vector frame with the help of
a simple example shown in Fig 4.21. In Fig 4.21, there are five points (representing
stars) - 1, 2, 1', 2', and O on a 2D plane (X-Y ) with point O being the center of the
plane (center star). The stars 1'and 2' are the rotated version (by an angle θ in an
anti-clockwise direction) of the stars 1 and 2 respectively on the 2D plane. Thus, we
form four 2D vectors formed by joining the center star O with each of the neighboring
stars 1, 2, 1', and 2'. These four column vectors are defined in a normal 2D plane
(X-Y ), and are labeled in Fig 4.21 as V1, V2, V1', and V2'. Additionally, we form two
more vectors by joining the stars 1 and 2, and the stars 1'and 2' respectively. These
two column vectors are again defined in a normal 2D plane (X-Y ) and are labeled
in Fig 4.21 as Vb and Vb'. As the stars 1'and 2' are the rotated versions of the stars 1
and 2 by an angle of θ in an anti-clockwise direction, the rotated vectors V1', V2', and
Vb' can be expressed in terms of their corresponding original vectors V1, V2, and Vb
respectively. This relation is given by a simple matrix multiplication of the rotation
matrix Rθ with each of the original column vectors. Equations 4.24, 4.25, and 4.26
describe this relation for all the three vectors V1', V2', and Vb' on the 2D plane.
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Figure 4.21: Construction of rotation-invariant vector frame for two dimensional (2D) vec-
tors.

V ′1 = RθV1 (4.24)

V ′2 = RθV2 (4.25)

V ′b = RθVb (4.26)

where Rθ is the rotation matrix for a rotation angle of θ in an anti-clockwise
direction and is given by Eq 4.27.

Rθ =

[
cos θ − sin θ

sin θ cos θ

]
(4.27)

Let us assume that the vector connecting the star 1 and star 2 is to be stored in
the database for center star O i.e. the vector Vb has to be stored in the database
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(visualize this as the SPD). In Fig 4.21, this SPD in the normal X-Y frame can be
seen as Vbx and Vby, the corresponding x and y elements of the vector Vb. As stated
earlier, stars 1'and 2' are the rotated version (by an angle θ) of the stars 1 and 2
respectively (visualized this as the image captured). Thus, the vector joining the star
1'and star 2'- Vb'(in the image captured) would not match with the vector Vb stored
in the database (SPD). This scenario represents the problem of rotation-variance of
the 2D vectors defined in a normal X-Y frame.

To solve the above problem, we propose to construct the boundary vector Vb in a
new frame. As vector Vb connects the stars 1 and 2, the proposed idea is to construct
it in terms of vectors V1 and V2. This new representation of the vector Vb is labeled
as Vbn in Fig 4.21 and is given by Eq 4.28.

Vbn =
[
V T
b V̂1 V T

b V̂2

]
(4.28)

where V T
b is the transpose of the vector Vb, V̂1 and V̂2, are the normalized (unit)

vectors of V1 and V2 respectively. Hereafter, an identical symbol for a vector corre-
sponds to the above-mentioned definition unless stated otherwise.

As can be seen from Eq 4.28, the first element of the vector Vbn is given by the
dot product of V T

b and V̂1. The second element of the vector Vbn is given by the
dot product of V T

b and V̂2. This newly constructed vector Vbn is now stored in the
database for center star O (SPD). Now, for the rotated image captured, the vector
connecting the star 1' and star 2' - Vb' in the new frame will be constructed in terms
of the vectors from which it is formed i.e. the vectors V1' and V2'. This newly
constructed vector is labeled as Vbn' in Fig 4.21 and is calculated (similarly to Vbn)
by equations 4.29, 4.30, 4.31, 4.32, and 4.33.

V
′

bn =
[
V ′b

T
V̂1
′

V ′b
T
V̂2
′]

(4.29)

where V ′b
T V̂1' is calculated as:
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(RθVb)
T
(
RθV̂1

)
(4.30)

= V T
b R

T
θ RθV̂1 (4.31)

= V T
b V̂1 (4.32)

Similarly, V ′b
T V̂2' will be calculated as (8).

V ′b
T
V̂2 = V T

b V̂2 (4.33)

Thus, the vector Vbn' is finally given by Eq 4.34 which is the same as the vector
Vbn (which was given by Eq 4.28).

V
′

bn =
[
V T
b V̂1 V T

b V̂2

]
(4.34)

Hence constructing the boundary vector (Vb) between two stars in terms of their
original vectors (V1 and V2) as shown by Eq 4.28 will make the new boundary vector
(Vbn) rotation invariant. This idea of constructing the connecting vector in terms of
their original vectors is the newly proposed rotation-invariant vector frame for the
2D vectors connecting the stars on a normal X-Y plane.
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4.4.2 Shortlisting Technique based on the Rotation Invariant

Vector Frame

In this section, firstly, we will describe the construction of the SPD for the pro-
posed shortlisting technique, and later we will explain the proposed method. SAO
J2000 star catalog is used for preparing the SPD. The stars whose relative magnitude
(Mv) is less than 6.3 are chosen for forming the SPD. Every star is considered at
the center, and all the neighboring stars which lie within the FOV of the center star
are considered for building the rotation invariant vector pattern for the center star.
For example, in Fig 4.22, ten stars labeled from 1 to 10 which lie within the FOV
of the center star O will be considered for constructing the rotation invariant vector
pattern for the center star O.

Figure 4.22: Construction of the star shortlisting technique database based on rotation-
invariant vector frame.

For constructing the rotation invariant vector pattern for star O, the neighboring
stars are taken into consideration in the order of their increasing distance from the
star O. A boundary vector path is then traced from the nearest neighboring star
to the farthest neighboring star. In Fig 4.22, this path starts from star 1 and ends
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at star 10 (shown in brown). However, if these boundary vectors (Vb1, Vb2...Vb9)
in Fig 4.22 are used directly for constructing the SPD of star O, they will not be
rotation invariant as was explained earlier. To make these boundary vectors rotation-
invariant, we construct them in a new rotation-invariant frame, which was described
in section 4.4.1. For example, the boundary vector Vb1 in Fig 4.22 will be now
constructed in terms of the vectors of star 1 and star 2 i.e. the vectors V1 and V2

respectively. This new boundary vector Vb1n is given by Eq 4.35. Similarly, the new
boundary vector Vb2n will be given by Eq 4.36.

Vb1n =
[
V T
b1 V̂1 V T

b1 V̂2

]
(4.35)

Vb2n =
[
V T
b2 V̂2 V T

b2 V̂3

]
(4.36)

Thus, all the nine boundary vectors are converted similarly to a new rotation-
invariant frame and stored as the rotation-invariant boundary vector pattern for star
O, labeled as SPD (star O) in Fig 4.22. There are totally 6903 stars in the SAO
J2000 star catalog which have an Mv of less than 6.3. Hence the SPD is prepared
as the rotation-invariant boundary vector pattern for all of the 6903 stars. The SPD
prepared for the same is shown later in Fig 4.24.

We will now explain the proposed shortlisting technique with the help of an
example in Fig 4.23. In Fig 4.23, we show the visualization of an image captured
which is usually swayed and biased when compared with the corresponding entry
in the SPD. The dotted green circle in Fig 4.23 is the image captured with Ic as
the center of the image, and the solid pink circle is the SPD of the star O (same
as Fig 4.22). As can be seen in Fig 4.23, star 7 and star 10 are missed to be
captured in the image because the image captured does not coincide exactly with
the SPD of star O. Adding to above-missed stars, star 1 (nearest star to star O in
the SPD) is also missed because of the magnitude uncertainty of the star tracker.
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Moreover, there is also a false star F present in the image captured. Thus, Fig 4.23
contains all the major problems faced by a star tracker- translation of the image
(patch mismatch), false stars, and magnitude uncertainty. For an uncomplicated
understanding of the process of the shortlisting technique, we have not shown rotation
of the image captured in Fig 4.23. Nevertheless, the proposed rotation-invariant
boundary vector construction was already explained earlier in section 4.4.1 and in
the Star Pattern Database Generation of this section.

Figure 4.23: An illustrative example to explain the proposed shortlisting technique based
on rotation-invariant vector frame.

Rotation-invariant boundary vectors are constructed for the image captured by
following the similar method that was explained to generate the SPD for the proposed
technique. The travel path (Vb1I , Vb2I ...Vb7I) for the eight stars captured in the image
is shown in green in Fig 4.23. The above-listed boundary vectors are then converted
to a rotation-invariant frame (similar process as was explained in section 4.4.1 and in
the SPD generation) and are constructed as Vb1In, Vb2In ... Vb7In in the image column
in Fig 4.23. The vectors calculated from the image are now checked for match with
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the SPD of star O. For the case of star O, it can be seen that there are total five
matches of the vectors in the image with the ones stored in the SPD of star O,
i.e. Vb1In matches with Vb2n, Vb2In matches with Vb3n, Vb3In matches with Vb4n, Vb4In
matches with Vb5n, and Vb7In matches with Vb8n. These matches are highlighted in
Fig 4.23 and they can be easily checked by comparing the Fig 4.23 and Fig 4.22.

Once the rotation-invariant boundary vectors are calculated for the image cap-
tured, they are checked for the number of matches with the rotation-invariant bound-
ary vector pattern for each of the star ID in the SPD. This whole process is shown
in Fig 4.24. A vote counter is initialized to zero for all the star IDs. Later, the vec-
tor pattern of the image (VbIn) is checked for the match (within a tolerance range)
with the vector pattern of each star ID stored in the SPD. For every match, the
vote counter is increased by 1 for that particular star ID. Finally, all the votes are
arranged from highest to lowest, and only the star IDs which lie in a specific top
range will be shortlisted, as shown in Fig 4.24. The particular limit of the star IDs
selected to be shortlisted is based on the performance of the shortlisting technique
on simulated images as explained later in chapter 5.

Figure 4.24: Star pattern database and shortlisting of star IDs based on rotation-invariant
vector frame.
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4.4.3 Star Identification based on Rotation Invariant Vector

Frame

We have shown the idea of making the 2D vectors rotation-invariant by con-
structing them in a new frame in section 4.4.1. This new representation will solve
the problem of comparing the vectors even when the image captured is rotated by
any arbitrary amount compared to its corresponding entry in the SPD. However,
apart from the translation and rotation of the image, there are also missing and
false stars which result from the problem of patch mismatch, magnitude uncertainty,
and noise in the image. We make use of the additive property of the 2D vectors to
solve the above problems. We will now explain the proposed idea to integrate the
additive property of the vectors with the rotation-invariant vector frame for solving
the problem of missing and false stars.

• Scenario of missing star - In Fig 4.25, we present a simple scenario of missing
a star in the image when compared to its corresponding entry in the SPD. In
Fig 4.25, let us assume that star O is the reference star and stars 1, 2, 3, and 4
are the neighboring stars to star O. So, we aim to form the star pattern for star
O. It must be noted from Fig 4.25 that the database of star O contains stars 1,
2, 3, and 4 whereas the image has only stars 1, 3, and 4 (star 2 is missed). We
will explain the process of integrating the additive property of the vectors with
the rotation-invariant vector frame with the aid of this example in Fig 4.25.

Considering the database, which contains the stars 1, 2, 3, and 4, we will now
explain the formation of the star pattern for star O. In Fig 4.25, we will also
assume that the stars 1, 2, 3 and 4 are arranged in an increasing order of their
distance from the reference star O. Thus, we define a travel path from the
nearest neighboring star to the farthest neighboring star i.e. star 1-> star 2->
star 3-> star 4 in the database. This travel path will comprise of three vectors
Vb1, Vb2, and Vb3 (not rotation-invariant) as shown in brown in Fig 4.25. As
explained earlier in section 4.4.1, we will then construct the first vector Vb1
in a rotation-invariant frame. Hence the first rotation-invariant vector in the
database of star O will be Vdb1 in Fig 4.25, and is given by Eq 4.37.
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Figure 4.25: Integration of the additive property with the rotation-invariant vector frame
for the scenario of a missing star.

Vdb1 =
[
V T
b1 V̂1 V T

b1 V̂2

]
(4.37)

As we travel along the path, we encounter the second vector Vb2. Instead of
constructing it in terms of vector V2 and vector V3 which we explained earlier,
we will first add the vectors Vb1 and Vb2 and later construct this added vector
Vb1 + Vb2 in terms of vector V1 (starting point of the added vector) and vector
V3 (ending point of the added vector). Hence the second vector to be stored in
the database will be the rotation-invariant added vector Vdb2 in Fig 4.25, and
is given by Eq 4.38.

Vdb2 =
[
(Vb1 + Vb2)

T V̂1 (Vb1 + Vb2)
T V̂3

]
(4.38)

As we go on traveling the path, we keep on adding the vectors that we encounter
and construct them in the rotation-invariant frame in terms of vectors of the
starting point and ending point of the path. Following the above concept, the
final vector to be stored in the database in Fig 4.25 will be the addition of
the three vectors Vb1, Vb2, and Vb3 constructed in a rotation-invariant frame in
terms of vector V1 (starting point) and vector V4 (ending point). This final
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vector is labeled as Vdb3 in Fig 4.25, and is given by Eq 4.39.

Vdb3 =
[
(Vb1 + Vb2 + Vb3)

T V̂1 (Vb1 + Vb2 + Vb3)
T V̂4

]
(4.39)

Thus, the database of star O consists of the rotation-invariant additive vectors
Vdb1, Vdb2, and Vdb3 as shown in Fig 4.25.

Considering the image, which contains only the stars 1, 3, and 4, we will form
the star pattern for star O similar to we prepared its database in Fig 4.25.
As per the earlier mentioned assumption of the increasing order of distance
of the neighboring stars, the travel path in the image will be from the near-
est neighboring star to the farthest neighboring star, i.e. star 1 -> star 3
-> star 4. This travel path will comprise of only two vectors VI1 and VI2

(not rotation-invariant) as shown in purple in Fig 4.25. We will construct the
rotation-invariant additive vector pattern for the image similar to we did for
the database. Constructing the rotation-invariant additive vector pattern for
the image, the first rotation-invariant vector in the image will be VI1n, and is
given by Eq 4.40.

VI1n =
[
V T
I1V̂1 V T

I1V̂3

]
(4.40)

As we travel along the path, the second rotation-invariant additive vector in
the image will be VI2n, and is given by Eq 4.41.

VI2n =
[
(VI1 + VI2)

T V̂1 (VI1 + VI2)
T V̂4

]
(4.41)

It is important to note two things from the Fig 4.25 - Vector VI2 and vector
Vb3 are the same; Vector VI1 is the addition of the vector Vb1 and vector Vb2.
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Hence when it comes to comparing the rotation-invariant additive vector pat-
tern of the image for star O (in Fig 4.25) with the one in its database, the vector
VI1n will match with the vector Vdb2, and the vector VI2n will match with the
vector Vdb3. The above matching results from the process of integrating the
additive property of the vector with the rotation-invariant vector frame. These
rotation-invariant additive vector sequences (of the image and the database)
will match somewhere along the path even if some star is missed in between.
For example in Fig 4.25, even if the star 2 was missed, the vector sequences
matched between the image and the database. This concept can be extended
to a situation when any number of stars are being missed in the image when
compared to its SPD. We will still be able to find a match between the rotation-
invariant additive vector sequences of the image and the SPD somewhere along
the travel path.

• Scenario of false star - It is a typical scenario that the light reflected from a
planet or a meteor in space is falsely recognized as a star in the image captured
by the star tracker. Thus, a star pattern recognition technique must be robust
to the presence of false stars in the image. In Fig 4.26, we show the scenario of
a false star F present in the image when compared to the database. In Fig 4.26,
star O is the reference star and the stars 1, 2, and 3 are the neighboring stars
present in the database of star O. Considering the image, star F is present
along with the stars 1, 2, and 3 as one of the neighboring stars of star O. In
Fig 4.26, we will also assume that the stars 1, F, 2, and 3 are arranged in the
increasing order of their distance from the star O.

Considering the database, we will now construct the rotation-invariant additive
vector sequence for star O in Fig 4.26 in a similar way described earlier in the
scenario of missing star. The travel path in the database of star O in Fig 4.26
will be: star 1 -> star 2 -> star 3. This travel path will comprise of two vectors
Vb1 and Vb2 (not rotation-invariant) as shown in brown in Fig 4.26. Hence the
first rotation-invariant vector in the sequence of the database of star O will be
Vdb1 in Fig 4.26, and is given by Eq 4.42.
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Figure 4.26: Integration of the additive property with the rotation-invariant vector frame
for the scenario of a false star.

Vdb1 =
[
V T
b1 V̂1 V T

b1 V̂2

]
(4.42)

As we travel along the path, the second rotation-invariant additive vector in
the sequence of the database of star O will be Vdb2, and is given by Eq 4.43.

Vdb2 =
[
(Vb1 + Vb2)

T V̂1 (Vb1 + Vb2)
T V̂3

]
(4.43)

Considering the image, which contains four stars 1, F, 2, and 3, we will form
the star pattern of star O similar to we did for its database. For the case of the
image, the travel path will be star 1 -> star F -> star 2 -> star 3. This travel
path will comprise of three vectors VI1, VI2, and VI3 (not rotation-invariant)
as shown in purple in Fig 4.26. Constructing the rotation-invariant additive
vector pattern for the image, the first rotation-invariant vector in the image
will be VI1n, and is given by Eq 4.44.

VI1n =
[
V T
I1V̂1 V T

I1V̂F

]
(4.44)
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Moving along the travel path, the second rotation-invariant additive vector in
the image will be VI2n, and is given by Eq 4.45.

VI2n =
[
(VI1 + VI2)

T V̂1 (VI1 + VI2)
T V̂2

]
(4.45)

As we come to the ending point (star 3) of the travel path, the final rotation-
invariant additive vector in the image will be VI3n, and is given by Eq 4.46.

VI3n =
[
(VI1 + VI2 + VI3)

T V̂1 (VI1 + VI2 + VI3)
T V̂3

]
(4.46)

It should be noted from Fig 4.26 that the vector VI3 is the same as vector Vb2.
As well as, the vector Vb1 in the database is the summation of the vectors VI1
and VI2 of the image.

Comparing the rotation-invariant additive vector sequence of the star of the
image for star O (in Fig 4.26) with the one in its database, it can be seen that
the vector VI2n will match with the vector Vdb1, and the vector VI3n will match
with the vector Vdb2.

Thus, it can be seen that the rotation-invariant additive vector sequences (of
the image and the database) will match somewhere along the path even if there
is a false star present in the image. The same concept can also be extended
in the case of more than one false star present in the image. It is important
to note that merely storing the distances or vectors between the stars would
not solve the problem of missing and false stars faced by the star identification
algorithms. Thus, as demonstrated in this section, the proposed approach
of integrating the additive property of the vectors with the rotation-invariant
vector frame will solve the above problems. We will now explain the SPD
construction based on this concept.
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Star Pattern Database Construction based on Rotation Invariant Additive
Vector Sequence

We will now describe the construction of the SPD based on the concept of the
rotation-invariant additive vector sequence. Firstly we will show the importance of
selecting the starting point for forming the vector sequence. Later we will show an
analysis concerning with the nearest stars to a reference star, which is performed
on real star images. Based on this analysis we will arrive at the reasoning behind
the selection of a specific starting point for the construction of the proposed vector
sequence. Finally, we will explain the process of building of the SPD with the aid of
an example.

• Selection of starting point for the rotation-invariant additive vector
sequence - It is important to note that the procedure of constructing the
rotation-invariant additive vector sequence is dependent upon the starting point
of the travel path. If the starting point is not the same in the SPD and the
image, the vector sequence developed will be completely different. We will
explain this using an example in Fig 4.27. In Fig 4.27, star O is the reference
star, and it has stars 1, 2, 3, and 4 in its database, however, in the image, star 1
is missed. Let us assume that the stars 1, 2, 3, and 4 are arranged in increasing
order of their distance from the reference star O. As can be seen in Fig 4.27,
the nearest star to the reference star O is star 1 in the database. However,
it is star 2 in the image. Thus the travel path in the database is star 1 ->
star 2 -> star 3 -> star 4, however, the travel path in the image is star 2 ->
star 3 -> star 4. So, the vector sequence developed for star O in the image is
completely different from the vector sequence stored in the SPD of star O (as
also depicted in Fig 4.27). The sole reason for the different vector sequences
of the image and the SPD in Fig 4.27 is both having different starting points
of the travel path, i.e. star 1 in the SPD and star 2 in the image. Hence it is
important to make sure that the starting point in the SPD is not missed and
is the same as in the image captured.

Earlier while explaining the construction of the rotation-invariant additive vec-
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Figure 4.27: The mismatch between the vector sequences of the image and the SPD due to
different starting points.

tor sequence, we chose the starting point as the nearest neighboring star to the
reference star. However, in real images, there is quite often a scenario when the
nearest neighboring star to the reference star (in the SPD) is missed to be cap-
tured in the image. This scenario is also depicted in Fig 4.27, which happens
because of the apparent magnitude (Mv) uncertainty in space and particularly
when the nearest neighboring star is low in brightness (or) has a high value of
Mv. In general, the intensity of the star (I ) in the image is inversely propor-
tional to its relative apparent (Mv) in the star catalog, which can be deduced
from Eq 4.47.

Mv = −2.512 log (I) (4.47)

As the starting point may be missed because of the low brightness of the star,
we propose to select the starting point as the brightest nearest star to the
reference star in the SPD. By the brightest nearest star, we mean the star
which is the brightest (having the lowest Mv) amongst a selected number of
closest stars to the reference star. The number of nearest stars considered
for such a selection is based on the results of an analysis performed on 2397
identified real images captured from the star tracker SST-20S.

The purpose of the analysis performed is to fix the number of nearest stars to
be considered in the SPD of a reference star when searching for the brightest
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star amongst those nearest stars. We aim to make sure that if the brightest star
(lowestMv) amongst those fixed number of nearest stars in the SPD is selected
as the starting point, it must not be missed in the image. As all the 2397
images are already identified images, the process of performing this analysis is
explained in steps as below:

1. Firstly, we select the star nearest to the center of the image as the reference
star.

2. In the SPD of the same reference star, we choose the starting point of
the travel path as the brightest star (lowest Mv) amongst the number of
nearest stars considered as the starting point of the travel path in the
SPD and record the star ID of the starting point.

3. Coming back to the image, we will now consider the same number of
nearest stars (as in the above step) to the reference star in the image and
record the star IDs of those nearest stars.

4. If the star ID of the starting point in the SPD is one of the registered star
IDs of the closest stars considered in the image, then it is ensured that
the starting point in the SPD is present in the image. Hence we increase
the count by 1 for the particular number of nearest stars considered.

We will now examine the results (shown in Fig 4.28) of the above analysis
performed on the real images. In Fig 4.28, the x-axis represents the number of
nearest stars considered and the y-axis represents the total count (out of the
2397 images) when the step 4 of the above analysis is correct for the particular
number of nearest stars considered. For example, if three closest stars to the
reference star are considered, and it is found that the star ID of the starting
point amongst the three nearest stars in the SPD is one of the star IDs of the
three nearest stars to the reference star in the image, then the count will be
increased by 1. As can be seen from the results in Fig 4.28, when only one
nearest star is considered, i.e. the nearest and the brightest star are the same
in the SPD, there are only 517 cases when step 4 of the analysis is correct.
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Figure 4.28: Analysis performed on real images to select the number of nearest stars to be
considered for choosing the starting point.

When two nearest stars are considered, the number of instances when the step
4 will be correct increases to 44% of 2397 images. Even when three nearest
stars are considered, only 1678 out of the 2397 cases satisfy step 4. We stop
our analysis when four nearest stars are considered as the results in Fig 4.28
depict that for this case there is almost 100% (2395 out of 2397) chance that
the star ID of the starting point amongst the four nearest stars in the SPD is
one of the star IDs of the four nearest stars to the reference star in the image.

Thus, from the results (in Fig 4.28) of the analysis on the 2397 real images, we
come to a reasoning that when four nearest stars are considered to a reference
star in the SPD, the starting point amongst them (brightest star or lowest
Mv) will be present in the image. Hence the starting point of the travel path
can be made the same in the SPD and the image. The above match can be
achieved by storing the distance of the starting point from the reference star
in the SPD. As this star will be present in the image, we can later compare the
distance of the four nearest stars to the reference star in the image and choose
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the starting point in the image which matches the distance stored in the SPD.
This is explained clearly later where we describe the process of star pattern
recognition.

It is important to note that we are not utilizing the brightness of the stars
in the image as a feature for comparison purposes. The sole purpose of the
intensity is only to make sure that starting point star is present in the image.
The brightness of the starting point is not stored in the SPD. Instead, the
distance of the starting point from the reference star is stored in the SPD as
described earlier. We will now explain the generation of the SPD.

• Star Pattern Database generation - We adopt the star catalog SAO J2000
to construct the SPD for our proposed technique. We will explain the process
of feature extraction and generation of the SPD with the help of an example in
Fig 4.29. This process will be described using a generalized framework. How-
ever, we will be using the parameters of the star tracker SST-20S to construct
the SPD to test the proposed technique on simulated and real images later in
chapter 5.

1. Arranging the stars - For constructing the SPD of the center star O in
Fig 4.29, all the neighboring stars which lie within the FOV of star O
and have a Mv of less than 6.3 are considered for forming the rotation-
invariant additive vector sequence for the star O. As shown in Fig 4.29,
star O contains totally 11 stars in its FOV which are labeled from 1 to
11. Euclidean distance (rn) of the neighboring stars from the star O is
calculated by Eq 4.48.

rn =

√
(xn − xc)2 + (xn − xc)2 (4.48)

where xn and yn are the 2D co-ordinates of the neighboring star, and xc
and yc are the 2D coordinates of the center star O in the X-Y frame.

105



Chapter 4. Proposed Approaches

Figure 4.29: Generation of star pattern database for star O.

Once the distance is calculated, the neighboring stars are arranged in an
increasing order of their distance from the star O.

2. Selecting the starting point - The next step is to select the starting point
(SP) of the travel path. As concluded from the results of the analysis in
Fig 4.28, the brightest star (lowest Mv) amongst the four nearest stars to
the center star will be considered as the SP. In Fig 4.29, we assume that
the star 1 has the lowest Mv amongst the four stars (star 1, star 2, star 3,
and star 4) for simple understanding. Thus, we select the star 1 as the SP
for the travel path in Fig 4.29. We will also store the distance of this SP
from the center star O in the SPD of star O (as shown in Fig 4.30(a)).
This distance will be used later for comparing with the distances of the
four nearest stars to the reference star in the image.

3. Constructing the rotation-invariant additive vector sequence - Once the
starting point is selected and the stars are arranged in increasing order of
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Figure 4.30: Star pattern database - (a) Star O. (b) For the proposed technique.

their distance, the travel path is formed. The travel path will start at the
SP and end at the farthest neighboring star from the reference star. Thus,
for the example in Fig 4.29, the travel path will be star 1 -> star 2 -> ... -
> star 11. This travel path is highlighted in a solid brown line in Fig 4.29.
Once the travel path is formed we can construct the rotation-invariant
additive vector pattern as move along the travel path. The process of
forming this vector sequence remains the same as was described in the
examples in Fig 4.25 and Fig 4.26. The only difference is that we had
considered fewer stars in Fig 4.25 and Fig 4.26, whereas in Fig 4.29 we
have considered 11 stars. The distance of the SP and the vector sequence
constructed is then stored in the SPD of star O as shown in Fig 4.30(a).

All the stars which have aMv of less than 6.3 in the star catalog SAO J2000
will be considered for forming the SPD. The selection of the starting point
(SP) and the formation of the vector sequence will be similar to described
in the process for star O. The SPD prepared is shown in Fig 4.30(b). As
can be seen in Fig 4.30(b), the first entry in the SPD of every star ID
is stored as the distance of the SP selected for that star ID. The later
part of the SPD contains the rotation-invariant additive vector sequence
constructed for that star ID.
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Star Pattern Recognition based on Rotation Invariant Additive Vector
Sequence

We will now explain the process of star pattern recognition using an illustrative
example shown in Fig 4.31. In Fig 4.31, the captured image is shown by the dotted
green circle and the SPD is shown by the solid brown circle. Point Ic is the center
of the image captured. As can be seen from Fig 4.31, the star O (same center star
as in Fig 4.29) does not lie at the center of the image i.e. the captured image does
not coincide exactly with the SPD of the star O (as in Fig 4.29), which is normally
the scenario in real star images. For a straightforward explanation of the proposed
technique, we have not shown the rotation of the image captured in Fig 4.31. Nev-
ertheless, the proof of concept for the rotation-invariant vector frame was explained
earlier. As star O lies closest to the point Ic, we will choose star O as the reference
star to be identified.

Figure 4.31: Illustrative example to explain the proposed star pattern recognition technique.

It should also be noted in Fig 4.31 that the stars 8, 9, and 10 which are a part
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of the SPD of star O are not present in the image captured. These stars are missed
because of the patch mismatch. Adding to the above-missed stars, star 2 is also
missed in the image obtained because of the magnitude uncertainty, as well as there
are two false stars - F1 and F2 present in the image captured. These two false stars
are not a part of the SPD of star O. Thus, the example of the image captured in
Fig 4.31 has all the problems faced in star identification. Hence the proposed star
pattern recognition technique aims to develop the rotation-invariant additive vector
sequence for the star O in the image captured and compare it correctly with the
sequence stored in the SPD of the star O.

We will develop the rotation-invariant additive vector sequence for the star O in
the image captured in a similar way we prepared the SPD of the star O. Firstly, the
neighboring stars to star O are to be arranged in increasing order of their distance
from star O. This arrangement of the stars in the image captured in Fig 4.31 starts
at star 1 (nearest star) and ends at star 11 (farthest star). Next step is to identify the
starting point of the travel path. For this purpose, we select the nearest four stars to
the star O in the image, i.e. the star 1, star 3, star 4 and star 5. For these four stars,
we check which stars distance matches with the distance stored in the SPD of the
star O (Fig 4.30(a)). We can easily confirm that the distance of star 1 will match
with the distance stored in the SPD of the star O. Thus, for comparing the vector
sequence of star O in the image with the vector sequence stored in its SPD, star 1 is
selected as the starting point of the travel path in the image in Fig 4.31. Thus, the
travel path for the vector sequence of star O in the image will be star 1 -> star 3
-> star 4 -> star 5 -> star F1 -> star F2 -> star 6 -> star 7 -> star 11. This travel
path in the image comprises eight vectors VI1, VI2 ... VI8 (not rotation-invariant)
and is highlighted by a solid green line in Fig 4.31. The final step is to generate the
rotation-invariant additive vector sequence as we move along the travel path in the
image. Once, this vector sequence of star O in the image is generated, we will check
for its match with the one stored in the SPD of star O. For our example in Fig 4.31,
the vector sequence generated from the image (with the starting point as star 1)
will have six matches with the vector sequence stored in the SPD of the star O. The
reference star is identified as the star ID in the SPD which receives the maximum
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number of matches between the vector sequence of the image and the ones stored in
the SPD.

Figure 4.32: Flowchart for the proposed star pattern recognition technique.

It should be noted from the above-described process of matching that the starting
point (SP) of the vector sequence (VIn) in the image may be one of the four nearest
stars to the reference star depending upon the distance matched in the SPD of
a particular star ID. Thus, before we start the matching process, we build four
different vector sequences (VIns) considering the four nearest stars independently as
the starting points (SPs) in the image. Later, we only need to check which starting
point's distance matches with the distance stored in the SPD of a particular star
ID. We will then compare the specific VIn of the matched SP in the image with the
vector sequence stored in the SPD of the star ID. This whole process is shown as
a flowchart in Fig 4.32. The reference star in the image is identified as the star ID
which receives the maximum number of matches during this process of comparison
of the vector sequence.

Once the reference star is assigned a star ID in the image, the other neighboring
stars in the image can be easily identified from the SPD sequence of that star ID. At-
titude determination techniques like QUEST only require three stars to be identified
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in the image for attitude calculation. Hence attitude can be easily calculated after
the identification of the reference star and its two neighboring stars in the image.

4.5 Failure Analysis

Having described all the three approaches, it is necessary to do a possible failure
analysis of the same. In this section, we will describe some possible scenarios in
which the proposed methods may face challenges for reliable star shortlisting and
identification.

1. Star nearest to the center of the image is a false star - As explained earlier in
all the three approaches, the star nearest to the center of the image is selected
as the reference star to be identified in the image captured. However, if the
reference star is itself a false star, it does not have a match in the SPD. In
this type of scenario, all the three proposed approaches as well as all the star
pattern recognition techniques which base their selection of the reference star
on the shortest distance criterion will fail. A possible solution is to select the
second nearest star to the center of the image as the reference star and re-run
the entire process if a match cannot be found in the SPD for the previously
selected reference star. This solution will also be adopted to solve a similar
scenario when two nearest stars are having the same distance from the center
of the image.

2. Initial angle mismatch - The step of the initial match is crucial for the first
proposed approach of star identification. There may arise a situation when
a false star(s) form the part of the initial match for the first approach. In
such a scenario, the first approach would not be able to find an initial match
in the SPD and thus, fail in the process of star identification. A possible
way to solve the above problem is to consider multiple combinations of the
neighboring stars (or) selecting the brightest stars for finding the initial match
in the SPD. However, the time complexity of the first approach will increase if
such a solution is adopted.
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3. Starting point (SP) mismatch - We have laid utmost emphasis on judiciously
selecting the SP to construct the vector sequence for the third approach to
star identification. To make sure that the SP will be present in the image,
we select the SP as the brightest star (lowest Mv) amongst the four nearest
stars to the reference star. However, there may arise a situation when a false
star(s) is amongst the four nearest stars to the reference star. In a scenario,
when the correct SP is probably the third or the fourth nearest star to the
reference star in the SPD, and there are one or two false stars which lie closer
to the reference star in the image captured, then the correct SP will cease to be
present amongst the nearest four stars to the reference star in the image. Due
to the above condition, the vector sequence constructed from the image will
never match with the SPD. Thus, the third proposed approach will fail in this
scenario. However, it is important to note that the probability of occurrence
of such a situation is very rare as it has many conditions imposed on it.

4. A high number of both missing and false stars in an image when compared
to the SPD - There are some star IDs in the star catalog which contain a
less amount of neighboring stars in their FOV. These star IDs lie in the sparse
region of the sky catalog as was shown in Fig 2.7. For these star IDs, if there are
a lot of missing and false stars in the image captured, then the image contains
sparse correct information. In such a scenario, though the proposed approaches
of star identification will succeed to identify the reference star correctly in the
image, however, the star shortlisting techniques will fail to shortlist the correct
star ID from the SPD. The reason being the star shortlisting technique extracts
only partial information from the image for comparing with the SPD. Thus,
the proposed star shortlisting techniques will fail when there is a scenario of
such sparse correct details in the image.

5. Stars at the same distance in the vector sequence - This is an unusual case
scenario concerning the third proposed approach of star identification. While
building the vector sequence, we consider the stars in increasing order of their
distance from the reference star for making the vector sequence. While con-
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structing the vector sequence of a star ID in the SPD, there may arise a prob-
lem when two neighboring stars lie at the same distance from the reference star
(star ID). In such a scenario, we can select any of the two stars to be considered
firstly in the travel path for constructing the vector sequence of the star ID in
the SPD. However, when it comes to the image captured (having the same
problem), we will build two different vector sequences by considering those two
equidistant stars taking the first place and later the second place in the travel
path. By adopting this methodology, it is obvious that one of the two vector
sequences from the image will surely match with the vector sequence stored in
the SPD of the reference star (star ID).

4.6 Summary

In this chapter, we proposed a novel framework for the process of star identi-
fication for an LIS mode star tracker. In the proposed structure, the first step is
to shortlist a part of the SPD initially, and later to provide the shortlisted list of
star IDs to the star pattern recognition. The ideology behind this proposed frame-
work is that the shortlisting will lead to reducing the time complexity, and star
pattern recognition technique will achieve high recognition reliability. Thus, the de-
veloped framework should lead to solving the problem of trade-off between attaining
high recognition reliability and low time complexity. We explained three different
approaches of star shortlisting and star pattern recognition for the proposed frame-
work. The first proposed approach falls into the category of purely geometric based
identification. The second proposed approach is a combination of the geometric and
pattern based identification. The final method also falls into the geometrically based
identification. We also described some unusual cases when the proposed approaches
would face difficulty in correctly shortlisting and identifying stars. Having developed
three different methods, we will test the performance of these approaches in the next
chapter.

113



Chapter 5

Simulations and Real-time Testing

This chapter is concerned with the performance evaluation of the proposed ap-
proaches and is divided into two parts - simulation and real-time testing. We will
begin with simulation setup and parameters selected for testing. Later, we will
introduce distortions, magnitude uncertainty, and noise in the simulated image to
resemble it to a real image captured. We will then compare and benchmark each of
the proposed approaches with state-of-the-art star pattern recognition techniques on
the simulated images. In the second part of this chapter, firstly, we will describe the
hardware implementation of the proposed approaches and the development of the
prototype Lost-in-space mode star tracker. Later, we will show the setting up of a
real-time testing system for the star tracker. Finally, we will show the results of the
developed prototype star tracker on the real-time testing system.

5.1 Simulation, Testing and Benchmarking

5.1.1 Simulation Setup

The initial testing of the proposed approaches is carried out on the simulated
star images. The MATLAB software generates the simulated images. The sky map
from SAO J2000 sky catalog was used for creating the synthetic images. The right
ascension (RA) angle was varied from 00 to 3600 and the declination (DEC) angle
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from −900 to +900 in steps of two degrees. This setup creates 16200 star images
covering the full sky scan. To emulate the real images, we chose the parameters of
star tracker SST-20S for simulating the star images listed in Table 3.1.

At a particular right ascension (RA) and declination (DEC) angle, all the stars
having a relative magnitude (Mv) of less than 6.3 and which lie within a FOV of
150 x 150 were considered to be captured in the simulated image. The dimensions
of the simulated image were 1024 x 1024, and pixel size was taken as 13 µm x 13
µm. To make the simulated image closely resemble a real image, we also need to add
positional deviation, magnitude uncertainty, and false stars in the simulated images.
Thus, firstly an ideal image was considered for the testing the performance. Later,
the robustness was tested for those mentioned above three different scenarios. The
setup and the parameters adopted for adding the positional deviation, magnitude
uncertainty, and false stars will be discussed in their respective sections later.

5.1.2 Testing and Benchmarking

State-of-the-art star pattern recognition techniques which claim to provide high
recognition reliability and high speed of recognition were selected to be bench-
marked with the proposed approaches. We have selected a geometric voting al-
gorithm(GMV) [32], search tree with optimized database (STOD) [15], shortest dis-
tance transform (SDT) [43], optimized grid algorithm (OPTG) [57], Polestar [58],
and star identification using pattern code (SPC) [59] for benchmarking with our pro-
posed approaches. All the above methods select the star nearest to the center of the
image as the reference star to be identified. Except for the SDT technique, all the
techniques mentioned above do not utilize the ambiguous intensity of the stars in
the image captured as a feature for comparison purposes. Thus, the basic scheme
adopted by these techniques complies with that of our proposed technique. Moreover,
the OPTG technique is implemented using the radiometric clustering (selecting the
particular pivot stars) and optimum grid size with the vetoing process which gives
the best performance as described in their paper.

STOD [15] and SPC [59] claim to attain a high speed of identification. SDT [43]
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and Polestar [58] claim to attain a high identification accuracy. OPTG [57] and
GMV [32] claim to maintain a high recognition reliability. In this section, firstly we
will show the results of the benchmarking in an ideal case simulated image. We will
use the parameters of identification accuracy, run-time, and SPD size for compari-
son purposes in the ideal case. Later, we will test the robustness of the techniques
by challenging them to different scenarios of positional deviation, magnitude un-
certainty, and false stars in the simulated image. The recognition reliability of the
techniques will be a measure of the robustness of these techniques. We will discuss
the simulation setup adopted by us for each of the scenarios and analogize it with
the suggested simulation parameters of the benchmarked techniques. Moreover, we
will also provide the reasoning behind the performance of all the techniques in each
of the scenario.

Ideal Case

The star pattern recognition techniques were firstly tested on ideal simulated im-
ages. The ideal images do not contain any noise, magnitude uncertainty or positional
deviation of the stars. However, the problem of patch mismatch is inherently present
in the image as the images are generated at an arbitrary value of RA and DEC. Thus,
the image produced will not coincide precisely with the SPD of a particular star ID.
Some stars will be missed in the image because of this scenario of patch mismatch.

The performance of the star pattern recognition techniques in the ideal case is
evaluated based on three parameters - identification accuracy, run-time, and the SPD
size. The identification accuracy is measured as the number of correctly identified
images out of the total number of images (16200). An image is marked as correctly
identified if the reference star and the nearest two neighboring stars to the reference
star in the image are correctly identified. The run-time of the techniques is measured
on the MATLAB software (with PC specifications: Intel i7 processor, 3.4 GHz, 8 GB
RAM) as the time consumed after the star positions are determined (centroiding
process) until the technique returns the star IDs of the three stars in the image.
This concept of measuring the run-time is adopted from the STOD [15]. The SPD
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size is the size occupied by the database of the proposed technique along with star
catalog. It is desired to have a lower SPD size so that the resources required for the
onboard memory are reduced. It was a critical parameter in the past decade when
the onboard memory was insufficient. However, current day onboard computers do
not have a problem with storing up to 5 MB. Out of the above three parameters,
the first two are more significant compared to the SPD size. So, SPD size (if less
than 5 MB) is not as important as the identification accuracy and the run-time of a
star pattern recognition technique. Table 5.1 shows the performance of the proposed
technique and the benchmarking results in an ideal case.

Technique Identification
accuracy (%)

Run-time
(sec)

SPD size
(MB)

GMV [32] 94.3 0.26 1.31
STOD [15] 92.6 0.23 1.85
SDT [43] 95.78 0.337 4.7
OPTG [57] 98.6 0.28 1.3
Polestar [58] 97.86 0.386 0.9
SPC [59] 95.8 0.25 1.85
Proposed
approach 11

99.57 0.22 1.7

Proposed
approach 22

99.7 0.112 1.21

Proposed
approach 33

99.86 0.13 1.4

[1]Running sequential angular match technique
[2]Image to signal approach

[3]Rotation-invariant vector frame

Table 5.1: Benchmarking of star pattern recognition techniques - Ideal case.

As can be seen from the performance results in Table 5.1, the proposed approaches
outperforms all the other techniques in terms of identification accuracy and run-
time. We will now explain the reasoning behind the performance of the star pattern
recognition techniques.

• GMV - GMV considers voting of the radial distances of the neighboring stars
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for the identification of a reference star. Due to a simple voting process, GMV
can achieve a decent identification accuracy with a reasonable run-time.

• STOD - STOD is the fastest of all the existing state-of-the-art star pattern
recognition techniques. This high speed of identification is possible due to the
parallel search in the tree-like structure SPD of the STOD. However, STOD
suffers in terms of identification accuracy at the same time.

• SDT - SDT utilizes the distance as well as the brightness of the stars for
identification. Thus, it can achieve a higher identification accuracy compared
to the GMV and STOD in an ideal case scenario. However, it has a higher
time complexity compared to both GMV and STOD.

• OPTG - OPTG has various steps comprising of selecting the pivot star, opti-
mizing the grid size, and the vetoing process. The above steps are responsible
for the high identification accuracy and a high run-time attained by OPTG.

• Polestar - Polestar algorithm constructs binary coded string from the distances
of the neighboring stars. This bit-code string is quite robust in an ideal case
scenario. Thus, it achieves a decent identification accuracy. However, it re-
quires comparatively higher time to build the binary coded string.

• SPC - SPC constructs a rotation-invariant code from the distances and angles
of the stars. Thus, SPC achieves a decent identification accuracy and consumes
a reasonable run-time in an ideal case scenario.

• Proposed approach 1 - The first proposed approach achieves a high identifica-
tion accuracy compared to the benchmarked techniques because it employs a
perfect match of 360 degrees or 2π radians. Due to the shortlisting of the stars
based on the worst case patch mismatch, this approach can achieve comparable
run-time to the fast techniques such as STOD and SPC.

• Proposed approach 2 - The star pattern recognition approach based on spearman-
correlation achieves a high identification accuracy compared to most of the com-
pared techniques. This approach outperforms both STOD and SPC (fastest
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state-of-the-art techniques), as well as it is the fastest of all the three pro-
posed methods because of the quick shortlisting achieved by hamming distance
comparison.

• Proposed approach 3 - The rotation-invariant additive vector sequence ap-
proach achieves a higher identification accuracy of 99.86%, as the problem of
patch mismatch cannot affect the matching between the vector sequences of
the image and the SPD. The run-time of this approach is also almost half of
that of SPC. The reason being apart from the simple vector sequence matching
process of the proposed technique, many star IDs do not qualify for the starting
point (SP) match itself. This situation of SP not being matched eliminates the
further requirement to check the matching of the vector sequence in many of
the star IDs in the SPD.

Positional Deviation of Stars

The spacecraft usually undergoes unexpected velocity changes and acceleration.
It also experiences vibrations and disturbances throughout the period in its orbit.
Due to this, the image captured by the star tracker is distorted. This leads to de-
viation in position of stars in the image, which further leads to an error in features
extracted from the image. To simulate this scenario, we introduce positional de-
viation (also known as positional noise) of stars in the simulated images. In our
simulations, the positional deviation is introduced in the images from 0.1 pixels to
1.0 pixels in the steps of 0.1. This introduction of the pixel positional deviation is
equivalent to the addition of random Gaussian noise to the projected locations of the
stars in the image (as described in OPTG [57], and Polestar [58]). In Polestar [58],
the authors added the positional deviation with a nominal standard deviation (σ) of
0.062 pixels and a maximum of 0.31 pixels. In OPTG, the positional deviation was
varied from 0 (ideal case) to 3 pixels in steps of 0.5 pixels. Analogous to the OPTG
approach, we also vary the positional deviation from 0 (ideal case) to 3 pixels in steps
of 0.5 pixels. The robustness of the star pattern recognition techniques is measured
in terms of the identification accuracy of these techniques in such a scenario. The
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performance of the techniques in case of positional deviation is shown in Fig 5.1 and
Fig 5.2. Geometric distance between the stars is the most affected feature due to the
positional deviation of stars. We will now explain the performance results in Fig 5.1
and Fig 5.2 for each star pattern recognition technique.

Figure 5.1: Performance of star pattern recognition techniques in the scenario of position
deviation (1).

• GMV - GMV utilizes voting of the distances as the only parameter for com-
parison. As the geometric distance of the stars is the most affected feature due
to positional deviation, it fails drastically to identify the stars in this scenario
correctly.

• STOD - STOD has distances stored as the features in the nodes of the tree
built as the SPD. As it relies upon only the distance to match the stars, STOD
also fails in the scenario of positional deviation.

• SDT - SDT does not rely upon the distance as the only feature for comparison.
It utilizes the brightness of the stars as an additional feature for comparison
and matching. Thus, SDT is quite robust to the distortions caused in the
image.
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Figure 5.2: Performance of star pattern recognition techniques in the scenario of position
deviation (2).

• OPTG - OPTG, unlike the original grid algorithm, constructs an optimum grid
size. This optimum grid size makes it robust to the case of positional deviation,
and it is thus able to maintain the identification accuracy to 97.1% when the
positional deviation is as high as 3 pixels.

• Polestar - Polestar technique fails drastically to recognize stars in this sce-
nario because it utilizes a coded binary string constructed from the geometric
distance feature.

• SPC - SPC generates a code based on the distances as well as the angles of the
neighboring stars. Thus, it is more robust compared to the STOD and GMV,
but still, the code generated from the image differs when compared to the SPD.

• Proposed approach 1 - The first proposed approach utilizes relative angles
along with the distance. Moreover, the running sequential angular match of 2π
radians makes it robust to the case of positional deviation.

• Proposed approach 2 - The second proposed approach utilizes both the distance
and relative angle between the stars as the features extracted. Data points in
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the signal constructed do not undergo a high shift in position because the
relative angles are used as the time domain in our proposed technique. Thus,
the spearman correlation coefficient calculated does not change considerably.

• Proposed approach 3 - In the case of the third proposed approach, the vector
sequence is generated by the dot product of the transpose of the added vector
and the normalized vector. As the multiplication involves a normalized vector,
this dot product is not affected much by the deviation in star positions. Hence
the proposed star pattern recognition technique maintains a high identification
accuracy in this scenario.

Magnitude Uncertainty

As described earlier in chapter 3, magnitude uncertainty of the stars captured in
space is one of the major problems faced by the star pattern recognition techniques.
Some low magnitude stars are missed to be captured in the image because of the
magnitude uncertainty. This scenario eventually adds more missing stars to the
already missed stars due to the patch mismatch. To simulate such a scenario, we
add relative magnitude (Mv) uncertainty in the simulated image. This process is
equivalent to the approach adopted in OPTG [57] and Polestar [58], where they add
Gaussian noise (with a particular standard deviation) to the magnitude of the stars.
In Polestar [58], the nominal standard deviation (σ) for the added Gaussian noise is
0.323Mv, and the maximum value is 0.9Mv with the magnitude threshold of 7.0Mv.
In OPTG [57], the authors introduced stellar magnitude standard deviation of 0.4.
In our simulations, as our magnitude threshold is 6.3 Mv, we vary the magnitude
uncertainty till 0.4Mv, which is enough for performance evaluation. For example, an
Mv uncertainty of 0.2 would suggest stars having Mv greater than 6.1 will be missed
(normal magnitude threshold being 6.3 Mv). If the variation is further increased,
the number of stars in the image will be less than 5, which would not correspond to
a real image. The recognition reliability of the star pattern recognition techniques
for the case of magnitude uncertainty is shown in Fig 5.3 and Fig 5.4. We will
now explain the performance results in Fig 5.3 and Fig 5.4 for each star pattern
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recognition technique.

Figure 5.3: Performance of star pattern recognition techniques in the scenario of magnitude
uncertainty (1).

• GMV - GMV counts the votes of the matched radial distances of the neighbor-
ing stars (in the FOV of the reference star). This approach leads to failure of
the technique, as the low brightness neighboring stars are missed in addition
to the patch mismatch missed stars.

• STOD - STOD compares the number of neighboring stars (in the FOV of the
reference star) as the parameter for recognition. The number of neighboring
stars is stored as the head node in the tree SPD of STOD. Thus, it fails dras-
tically too in the scenario of magnitude uncertainty.

• SDT - SDT is a technique which utilizes the brightness of the stars as one of the
features for comparison. Thus, SDT fails (identification accuracy falls to 85%)
in this scenario as brightness is not a reliable feature in the case of magnitude
uncertainty.
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Figure 5.4: Performance of star pattern recognition techniques in the scenario of magnitude
uncertainty (2).

• OPTG - OPTG maintains a decent identification accuracy of 94% in this case
as it selects the pivot star judiciously. It considers the various combination of
the neighboring stars and selects the appropriate one as the pivot star.

• Polestar - Polestar maintains decent recognition reliability in this case because
it does not utilize the brightness of the stars as a feature for comparison and
it also utilizes the various combination of neighboring stars in the FOV of the
reference star for feature construction.

• SPC - The identification accuracy of the SPC is also reduced to 84% as the
code generated from the image containing many missing stars differs a lot when
compared to the code stored in the SPD.

• - Proposed approach 1 - The first proposed approach maintains high robustness
( 95%) in this case due to the running sequential angular match technique as
was explained in Fig 4.8.

• Proposed approach 2 - The second proposed approach maintains reasonable
recognition reliability (91%) because of the exact 512-sample signal construc-
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tion and spearman correlation. The functioning of our proposed technique in
this scenario was also explained in subsection 4.3.2 of chapter 4 of this thesis.

• Proposed approach 3 - The third proposed approach takes care of matching
the vector sequence between the image and the SPD even when there are
missing stars as was explained in the scenario if missing stars in subsection 4.4.3
of chapter 4 of this thesis. Hence the proposed technique maintains a high
robustness in the case of magnitude uncertainty.

False Stars

Reflection from planets, meteors and space debris is often identified as a false
star in the image captured. These false stars are not present in the SPD and thus
challenge the star identification algorithms when they match the image with the SPD.
To simulate such a scenario, we add false stars with random brightness and position
in the simulated image. The number of false stars added to an image is varied from 0
(ideal case) to 5. This approach is adopted from the one described by the authors in
STOD [15]. Fig 5.5 and Fig 5.6 show the performance of the star pattern recognition
techniques in the case of false stars. We will now explain the performance results in
Fig 5.5 and Fig 5.6 for each star pattern recognition technique.

• GMV - GMV fails for the same reason as it did during the scenario of magnitude
uncertainty.

• STOD - STOD also fails for the same reason as it during the scenario of mag-
nitude uncertainty.

• SDT - SDT maintains a decent identification accuracy in this scenario as it con-
siders a combination of brightness and distance along with a different number
of stars.

• OPTG - OPTG also maintains a decent identification accuracy in this scenario
mainly as it has a vetoing process which discards the false matches.
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Figure 5.5: Performance of star pattern recognition techniques in the scenario of false stars
(1).

• Polestar - Polestar’s recognition reliability drops but not as drastically as STOD
and GMV, because it takes into consideration various combinations of the
neighboring stars in the FOV for feature extraction.

• SPC - SPC fails for the same reason as during the scenario of magnitude un-
certainty.

• - Proposed approach 1 - Robustness of the first proposed approach, in this case,
is due to the running sequential angular match, which was also explained in
the example in Fig 4.8.

• Proposed approach 2 - The reason for the high recognition reliability of the
second proposed approach for this case is the same as that for the magnitude
uncertainty of the stars.

• Proposed approach 3 - The success of the third proposed approach, in this
case, was explained earlier in the scenario of false star present in the images in
subsection 4.4.3 of chapter 4 of this thesis.
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Figure 5.6: Performance of star pattern recognition techniques in the scenario of false stars
(2).

Performance of Shortlisting Techniques

We will now analyze the performance of the proposed shortlisting techniques
separately. The primary purpose of the proposed shortlisting technique is reducing
the overall time required for identification of the star IDs. It accomplishes this task
by giving a shortlisted list of star IDs for pattern recognition. The performance of
the shortlisting technique is measured in terms of the number of shortlisted entries
(Nsh) out of the total number of star IDs in the SPD, and the probability that the
shortlisted entries contain the correct star ID (psh). Every shortlisting technique will
be analyzed based on the two parameters mentioned above.

• Worst case patch mismatch based star shortlisting - For the first proposed
shortlisting technique, recall that there are slabs (or) windows in the LUT.
Thus, for this shortlisting technique, the shortlisted entries will vary for every
slab. Hence the performance of the first shortlisting technique is evaluated for
every slab. For testing this shortlisting technique, we have adopted the relative
magnitude (Mv) threshold of 6.0 in the SAO J2000 star catalog, which corre-
sponds to 4956-star entries in the SPD. In Fig 5.7, we display the performance
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of the first shortlisting technique.

Figure 5.7: Performance of the proposed first star shortlisting technique.

As can be seen from Fig 5.7, the performance for Slab 1 gives the least Nsh

followed by Slab 2 and later Slab 3. The above result is because the window for
Slab 1 is narrow compared to a wider window for Slab 2 and later Slab 3. Thus,
the psh is highest in Slab 3 compared to Slab 2 and later Slab 1. In Fig 5.7,
the number of missing stars is due to the magnitude uncertainty in addition to
the patch mismatch. Hence, the psh of the Slab 1 decreases drastically when
the number of missing stars increases. Whereas for Slab 3, which has a wider
window for shortlisting, the psh does not fall that drastically. This robustness
of psh for Slab 3 is because the lower threshold of Slab 3 is calculated by missing
four more stars adding to the worst case patch mismatch. Whereas, for Slab 1,
the lower threshold is calculated by missing only the worst case patch mismatch
number of stars. It is evident from the results in Fig 5.7 that the shortlisting
technique provides only one-third (1544 / 4956) of the SPD to the pattern
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recognition technique in case of Slab 1 and a worst case of half (2440 / 4956) of
the SPD in the case of Slab 3. This star shortlisting makes the combination of
the worst case patch mismatch and running sequential angular match technique
(Proposed approach 1) fast as was depicted in the results shown in Table 5.1.

• Star shortlisting based on hamming distance - The performance for the ham-
ming distance based star ID shortlisting technique, i.e. the second proposed
approach of the shortlisting technique was described in the section 4.3.3 of
chapter 4 of this thesis. We provided the reasoning behind selecting the 32
samples for the shortlisting technique. The selection was based on the perfor-
mance of the shortlisting technique for a different number of samples. For a
sample size of 32, the shortlisting technique provided a psh of 1.0 with Nsh of
almost one-third of the size of the SPD.

• Star shortlisting based on rotation-invariant vector frame - As mentioned earlier
in subsection 4.4.2 in chapter 4 of this thesis, the range for the shortlisting
technique (based on the rotation-invariant vector frame) is dependent upon the
performance of the shortlisting technique. Here we will test the performance
and decide on the range of the star IDs to be shortlisted for the proposed third
shortlisting technique based on the rotation-invariant vector frame. We choose
the star catalog SAO J2000 for simulating the star image, and an apparent
magnitude threshold (Mv) of 6.3 for testing this star shortlisting technique.
Thus, there are a total number of 6903 star entries in the SPD. We simulate
the star images with a positional deviation of 3 pixels and have some missing
and false stars in the image as shown in Fig 5.8.

Fig 5.8 shows the results of the performance of the proposed third shortlisting
technique. In Fig 5.8, the x-axis represents the number of low magnitude miss-
ing stars and false stars in each image. As mentioned earlier, the performance
of a shortlisting technique is evaluated based on the probability of correct star
ID shortlisted (psh), and the number of shortlisted entries (Nsh). Concerning
the Nsh, we have varied it from top 500 voted star IDs to top 2500 voted star
IDs in the steps of 500. For each category, we measure their corresponding
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Figure 5.8: Performance of the proposed third star shortlisting technique.

psh, which is represented on the x-axis in Fig 5.8. It can be seen from Fig 5.8
that as the number of missing stars and false stars in the image increases, the
psh decreases. This decrease of psh is drastic in the case if we only shortlist
the top 500 voted star IDs, as it reduces to mere 0.876 when there are five
missing and false stars in the image captured. As the Nsh considered goes on
increasing, the corresponding psh also shows an increase. From the results in
Fig 5.8, we can infer that for the Nsh of 2500, the corresponding psh is still
maintained to as high as 0.99 even when there are 5 missing and false stars
present in the simulated image. Thus, we select the top 2500 voted star IDs as
the particular range for shortlisting. Hence the number of shortlisted entries is
almost reduced to one-third of the total number of entries (6903) in the SPD.

5.2 Real-time Testing

Having tested the proposed approaches on simulated images, the next step is to
check the real-time testing of the proposed methods. For this purpose, we design
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a real-time state-of-the-art star tracking testing system. We test the Lost-in-space
mode star sensor based on the proposed approaches on the testing system. In this
section, we will first describe the testing setup and configuration. Later, we will test
and compare all the three developed approaches on the real images captured by the
star tracker SST-20S.

5.2.1 Testing Setup

The testing setup for an LIS mode star tracker is commonly known as the
hardware-in-loop test of the star sensor. The setup configuration and testing proce-
dure were adopted from the research paper by G. Rufino et al. [97] and Wei et al. [98]
which deal with the star tracker algorithm validation and hardware-in-loop test con-
figuration. Fig 5.9 shows the schematic of the testing setup. The setup consists of
the following parts:

Figure 5.9: Schematic of hardware-in-loop test for the developed Lost-in-space mode star
tracker.

1. LCD screen - The LCD screen is used for displaying the real star images (cap-
tured from the SST-20S tracker) in a loop. The speed of the display of images
on the LCD screen is computer-controlled.

2. Collimating lens - A collimating lens makes the object to appear as if it is
present at an infinite distance. Hence the collimating lens is placed in front
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of the star sensor so that the stars in the image captured by the star tracker
appear to be present at an infinite distance. The collimating lens is positioned
appropriately so that the FOV of the star tracker covers the whole LCD screen.
Moreover, we have made sure that the center axis of the lens coincides with the
center of the star sensor and the LCD screen as shown in Fig 5.9. A vertical and
horizontal adjustable support of the collimating lens is needed for the above
two purposes.

3. Star sensor - We have developed an LIS mode star sensor as shown in Fig 5.10(a).
It consists of a lens, an image sensor, and an FPGA board shown in Fig 5.10(b).
The lens is mounted on the sensor with a C-mount type. The lens and image
sensor characteristics are replicated to be the same as used for the SST-20S star
tracker. The star sensor can also be rotated and translated by the adjustable
screws to coincide exactly with the collimating lens axis. The FPGA board is
a miniaturized replica of the Zynq 7000 Zedboard [99] which contains a single-
core ARM Cortex A9 processor (650 MHz). Any of the proposed approach is
selected and then embedded in C in the ARM processor of the FPGA board.
The SPD of the selected approach is stored in the onboard SD card of the
FPGA board. The image sensor captures the real star image displayed on the
LCD screen and the raw data of the image is then fed to the FPGA board for
processing. The selected approach is then applied to the raw data to locate the
star positions (centroiding process), implement the proposed star identification
technique (identifying the stars in the image), and finally calculate the attitude
by the QUEST method (attitude determination). The positions and star IDs
of the stars identified in the image and the attitude calculated is then passed
to the external display unit by a UART interface.

4. External display unit - The purpose of the external display unit is to reproduce
and display the image captured by the star sensor along with the star IDs of
the identified stars, run-time, and the calculated attitude. This task is achieved
by implementing a simple display code in Python which displays all the above
information received via the UART interface from the FPGA board.
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Figure 5.10: (a) LIS mode star sensor. (b) Components of star sensor.

5. Optic table - The parts 1), 2), and 3) namely the LCD screen, the collimating
lens, and the star sensor are fixed with their center axis aligned on the optic
table for the testing purpose.

6. Dark room - The entire setup is positioned in a state-of-the-art dark room that
prevents any external light source so that the testing process is not compro-
mised.

Fig 5.11 shows the configured real-time testing setup.

5.2.2 Real-time Testing Results

We will now show the testing results of the developed star sensor based on the
proposed approaches on the real images. For a real star image displayed on the
LCD screen, the above-described flow of events takes place. The attitude calculated
based on the stars identified by the selected proposed technique is compared with
the attitude obtained from the SST-20S star tracker data. If the difference between
the calculated and the received values of attitude is less than 40 arc seconds ( 0.010),
then the star identification is counted as a success. If the difference is larger than 40
arc seconds, then it is counted as a failure.
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Figure 5.11: Real-time testing setup for the LIS mode star sensor.

• Proposed approach 1 - The proposed approach of running sequential angular
match based star pattern recognition was implemented on 3104 real star images.
It was able to identify 4648 images correctly out of the 4817 images, thus giving
an identification accuracy of 96.49%. The technique failed to identify 2 out of
102 sets. The reason for the failure was because it was unable to find an initial
match in these two sets of images. The proposed technique took 97 ms on an
average to identify the stars of which reading the image data, pre-processing
and centroiding operation took 73 ms. Implementation of the proposed idea
and to output the identified star IDs occupied only 14 ms, and calculating the
attitude took 10 ms. Fig 5.12 shows one of the identified real images by the
proposed technique where the center of the image is marked with purple (Ic).
The star nearest to Ic i.e., the reference star is marked with orange and is
identified by the star ID 4908 from the SPD. From the sequence of the star ID
4908 stored in the SPD, the rest of the identified neighboring stars are marked
with yellow.

• Proposed approach 2 - The proposed approach of hamming distance based
shortlisting and spearman-correlation based star identification was implemented
on 4817 real star images. The proposed technique correctly identified 4499 out
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Figure 5.12: An identified real image by the first proposed approach.

of 4817 real images, thus, achieving an identification accuracy of 93.39%. The
method failed to identify 3 out of 100 sets of images. The reason behind the
failure of the technique was the maximum spearman-correlation co-efficient ob-
tained for all these three sets was less than 0.5, thus, suggesting that the match
between the signal acquired from the image and the signal stored in the SPD
of the shortlisted entries is very low and cannot be trusted. The proposed
technique took only 93 ms on an average to identify the stars of which reading
the image data acquired, pre-processing and centroiding operation occupied 73
ms. Implementation of the proposed idea for identifying the stars took only 11
ms, and calculating the attitude consumed 9 ms.

In Fig 5.13, we show one of the identified real images by the proposed technique.
The center of the image is marked with a cross (Ic). The star nearest to the
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Figure 5.13: An identified real image by the second proposed approach.

center of the image is selected as the reference star to be identified and is
marked with yellow. This reference star is identified as 5194 from the SPD
and the spearman correlation achieved for this image is 0.79. From the SPD
sequence of the reference star ID 5194, rest of the stars in the image identified
are marked with green.

• Proposed approach 3 - The proposed approach of rotation-invariant vector
frame was implemented on 4817 real images. It was successful in identifying
4756 real images correctly out of the 4817 images tested, thus achieving an
identification accuracy of 98.7%. The reason for the failure of the proposed
technique on the 61 images was the mismatch of the starting point between
the image (SP being a false star) and the SPD. The overall time taken was
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on an average 95 ms for the whole process. This time includes the time taken
by the centroiding process (74 ms), proposed star pattern recognition (12 ms),
and the calculation of the attitude (9 ms).

Figure 5.14: An identified real image by the third proposed approach.

Fig 5.14 shows one of the identified real images by this approach. In Fig 5.14,
the center of the image is marked with a purple cross and labeled as Ic. The
star nearest to the center of the image is marked with a dark blue circle and
is identified as 1037 star ID from the SPD. The rest of the stars in the image
are marked with the brown circle and are labeled with their corresponding
identified star IDs. The attitude calculated is represented in terms of yaw,
pitch, and roll angles along with the run-time of the proposed technique on the
bottom left of Fig 5.14.
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5.3 Summary

This chapter dealt with testing the performance of the proposed approaches and
benchmarking them with the state-of-the-art star pattern recognition techniques.
The testing is performed both on simulated images in different scenarios as well as
on the real star images captured by the star tracker SST-20S. The performance and
benchmarking results of the proposed approaches on the simulated images suggest
that the proposed framework and the developed star shortlisting and pattern recog-
nition techniques are highly robust and fast at the same time. These results show
that the proposed approaches overcome the disadvantage of the existing state-of-the-
art star pattern recognition techniques which are either highly recognition reliable or
fast. The performance of the proposed methods on the real images justify the results
achieved on the simulated images, thus suggesting that the proposed methods can
be realized in real-time and are suitable for actual space applications.

138



Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, we started by realizing the importance of building a reliable and au-
tonomous attitude determination system for satellite missions. We reviewed several
existing attitude sensors and concluded that star trackers provide highly accurate at-
titude information compared to the existing attitude sensors. Thus, satellite missions
which require attitude accuracy in terms of arc seconds should adopt star trackers
as the attitude determination system for their purpose.

We presented the fundamental working principle of a star tracker system and the
two modes of operation - Lost-in-space (LIS) mode and tracking mode. We realized
that Lost-in-space mode of a star tracker is crucial compared to the tracking mode
as the initial attitude information needs to be established in this mode. Later, we
deeply analyzed the working of the star tracker in the LIS mode and concluded that
the process of star pattern recognition forms the most critical part of the LIS mode
of the star tracker.

Concerning the process of star pattern recognition, we aimed first to identify
and analyze the problems associated with it. So, we performed a study on 1019
real images captured by a star tracker SST-20S currently mounted on the satellite
VELOX-CI. We identified the problems of patch mismatch, magnitude uncertainty,
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and false stars associated with the process of star pattern recognition. Moreover, we
also provided a quantitative analysis of the problems mentioned above, which helped
us realize the gravity of these problems. We also reviewed the state-of-the-art star
pattern recognition techniques that have been developed in the past two decades
for attaining reliable and fast star identification. We analyzed some selected star
pattern recognition techniques in detail and understood their approach to solving
the problem of star pattern recognition. After having studied these techniques in
deep, we concluded that the parameters of recognition reliability and speed are of
prime importance for a star pattern recognition technique.

Having understood the problems faced in star pattern recognition, and analyzed
the existing state-of-the-art star pattern recognition techniques, we proposed three
novel approaches for attaining high recognition reliability and fast star identification.
Firstly, we built a generalized framework, which forms the basis for all the three
methods. The framework proposes a novel two-step approach for achieving reliable
and fast star identification. The star shortlisting technique constitutes the first step of
the framework which is responsible for providing a list of shortlisted star IDs from the
star pattern database (SPD). This step leads to the reduction in time complexity of
the technique, as the star pattern recognition technique need not check and compare
the whole SPD for matching with the image. It only operates on the shortlisted list
of the star IDs provided, which helps in reduction of time complexity. The second
step of the framework is the proposed star pattern recognition techniques which
consider every star in the field of view of the reference star for feature extraction and
comparison. This makes the star pattern recognition technique extremely recognition
reliable and robust to the problems faced in the process of star pattern recognition.

The first proposed approach is a kind of geometric-based approach which extracts
the radial distances of the neighboring stars and the relative angles that the consec-
utive neighboring stars make with the reference star for comparison and forming the
SPD. Only radial distances are utilized for constructing the LUT, which constitutes
the part of the shortlisting technique based on the worst-case patch mismatch. Both
the radial distances and relative angles are used for star pattern recognition. The
star pattern recognition technique further comprises of an initial match followed by
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a running sequential angular match, which gives a perfect match of running the cycle
for 3600 or 2π radians.

The second proposed approach is a combination of geometric and pattern-based
approach, which constructs a signal from the features extracted from the star image.
The basic idea is to visualize the relative angles in the time domain, and the radial
distances as the amplitude of the signal. Thus, a discrete point signal is constructed
from the features extracted from the image. The signal is then divided into bins, and
a 32-sample signal is stored in the (LUT) for shortlisting, and a 512-sample signal
is stored in the SPD for star pattern recognition. The shortlisting of the star IDs
is accomplished by comparing the hamming distance between the signal constructed
from the image those stored in the LUT. The process of star pattern recognition
is completed by calculating the spearman-correlation co-efficient between the signal
constructed from the image and those stored in the SPD of the shortlisted star IDs.

The third proposed approach is the construction of a rotation-invariant vector
frame for 2D vectors. In a general reference frame, 2D vectors are translation in-
variant. However, they are not rotation-invariant features. Thus, if 2D vectors are
directly compared between the SPD and the image captured, they won’t match. So,
we proposed to construct the 2D vectors in a new locally built frame, which makes
them rotation-invariant. However, this representation of the vectors in the new frame
did not solve the problem of missing stars and false stars. Thus, we combined the
additive property of 2D vectors along with the rotation-invariant vector frame for
defining a new vector sequence. This vector sequence is highly robust to missing
and false stars and is also rotation-invariant at the same time. We also proposed a
shortlisting technique based on the idea of rotation-invariant vector frame.

After having proposed three approaches for solving the problem of star pattern
recognition, we test and benchmark the proposed methods with the state-of-the-
art star pattern recognition techniques. Simulated images are generated with the
MATLAB software for the initial testing process. The simulated images are made
to resemble as close as possible to the real images by adding magnitude uncertainty,
positional deviation, and false stars to the images. Later, the simulations are followed
by real-time testing of the proposed approaches. For this purpose, the proposed
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methods are implemented on the hardware, and a prototype LIS mode star tracker
is developed. The real-time testing is performed on the real star images captured
by the star tracker SST-20S. The performance results both on the simulated and
real images show that the proposed approaches are highly robust and recognition
reliable providing a high identification accuracy along with the high speed of star
identification.

Having summarized the research work pursued in this thesis, we can safely con-
clude that we are successful in achieving the aim of the thesis listed in the first
chapter. Specifically, we have provided a quantitative analysis of the problems faced
by a star pattern recognition technique. Based on the problems analyzed, we have
also proposed three novel approaches for achieving a high identification accuracy,
robustness, reliability, and speed of recognition. Moreover, the star shortlisting tech-
niques proposed by us can be integrated with any of the existing state-of-the-art star
pattern recognition techniques which have a high time complexity. This process of
integration will help to reduce the time complexity of those techniques.

Having achieved the above major goals of the thesis, we propose some prospects
that can be carried out for extending this research work and at the same time pur-
suing new approaches for improving the performance of the star pattern recognition
techniques.

6.2 Future Work

Throughout this thesis, we have focused on the problems of patch mismatch,
magnitude uncertainty, and false stars. These problems get transformed into trying
to match a query image having false and missing data (stars in our case) with the
database. This visualization of the problem can lead to many possible approaches
when viewed concerning the methodologies in data science. Many data augmentation
techniques are present in the literature which can be utilized to solve this problem of
matching the query having missing and false data when compared to the database.
These data augmentation techniques can be exploited to achieve better results.

When viewed in terms of data science, the techniques from machine learning and
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even deep learning can be utilized for solving the problem. There are many machine
learning techniques [100–104] which can learn the database images and find a match
in the database when an input query image with missing and false stars is presented
to it. Convolutional neural networks (CNN) [105] are another possible prospect
of solving this problem of reliable star identification. Specifically, we believe 1D
CNN [106], and Recurrent Neural Networks (RNNs) [107, 108] can be applied to
our proposed image to signal approach for training the network. The signal can be
served as an input to the 1D CNN, and the output of the system can be a correct class
of stars (equivalent to shortlisting) or the star identification itself. The parameters of
the network can be tweaked accordingly for achieving higher results of identification
accuracy compared to the existing approaches.

Another possible approach for improving the reliability of the star pattern recog-
nition is to differentiate the false stars from the real stars in the image. As the false
stars are either reflection from the space debris, meteors, asteroids or source light
of the planet, we can develop a methodology to differentiate them from the source
light of the real stars in the sky. If such a distinguishable technique can be developed
and realized in real-time, it will lead the star pattern recognition techniques to be
only employed on the real stars in the image. Thus, the problem of false stars in the
image will be inherently solved for a star pattern recognition technique.

Having solved the problem of reliable star identification, the further work includes
increasing the orientation accuracy, i.e. the pointing accuracy of the star tracker. The
pointing accuracy of the star tracker is calculated from the star vectors extracted from
the image and the corresponding star vectors (of the identified stars) in the catalog.
As the vectors in the star catalog are fixed, this pointing accuracy thus depends upon
the star vectors extracted from the image captured. The accuracy of the star trackers
extracted from the image further depends upon the centroiding accuracy. Therefore,
improving the centroiding accuracy will lead to enhancing the pointing accuracy of
the star tracker. There has already been some existing work pursued [109–111] for
achieving a high pointing accuracy for the star tracker. The work mentioned above
can be adapted as the basis for increasing the potential orientation accuracy of the
star tracker.
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Closing note: This thesis ends here, with the hope and belief that the in-depth
quantitative analysis pursued, proposed approaches, and testing results will assist the
research community in the domain of attitude determination of satellite to develop
state-of-the-art attitude determination system based on star trackers.
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Pseudo code of the Proposed
Approaches

The pseudo code of the proposed approaches is presented here.

Algorithm 1 Proposed approach 1
1: procedure feature extract
2: fail = 0
3: Slab = 1
4: ref = null
5: for i = 1 to n do
6: dist = distance(i, Ic) . i - star in the image, Ic - center of the image
7: end for
8: ref = min(dist) . Finding reference star
9: RI

Sum = 0
10: for i = 1 to n− 1 do
11: dist = distance(i, ref)
12: if dist <= FOV then
13: RI

Sum = RI
Sum + dist

14: relangle = angle(i, ref + 1)
15: end if
16: end for
17: end procedure
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18: procedure Shortlisting technique
19: function shortlist(fail, Slab) . Initially fail = 0, Slab = 1
20: for i = 1 to size(SPD) do
21: if checkbit(i) == 0 then
22: if RI

Sum <= Slab then
23: checkbit(i) = 1
24: starshortlist = append(i)
25: end if
26: end if
27: end for
28: patternrecognition(dist, relangle, starshortlist) . Shift to star pattern

recognition
29: end function
30: end procedure
31:
32: procedure Star pattern recognition
33: function patternrecognition(dist, relangle, starshortlist)
34: success = 0
35: failmatch = 0
36: for i = 1 to n− 1 do
37: for j = 1 to size(starshortlist) do
38: if dist(i) == radiusSPD(starshortlist((j), k))&&dist(i+1) ==

radiusSPD(starshortlist(j, l)) then
39: sumangleSPD = 0
40: for ind = k to l do
41: sumangleSPD = sumangleSPD +

angleSPDstarshortlist(j), ind)
42: end for
43: end if
44: if relangle(i) == sumangleSPD then . Confirming initial match
45: initmatch = 1
46: end if
47: end for
48: end for
49: if initmatch == 1 then
50: indi = i+ 2
51: indSPD = l + 1
52: end if
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53: for a = indi to n− 1 do
54: if dist(a) == radiusSPD(starshortlist(j), x) then
55: sumangleimage = sumangleimage+ relangle(a)
56: sumangleSPD = sumangleSPD+angleSPDstarshortlist(a), ind)
57: end if
58: if sumangleimage == sumangleSPD then
59: failmatch = 0
60: else
61: failmatch = 1
62: end if
63: end for
64: if failmatch! = 1 then
65: success = 1
66: ref = j
67: end if
68: if success! = 1 then
69: shortlist(fail = 1, Slab = Slab+ 1)
70: else
71: return = ref
72: end if
73: end function
74: end procedure
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Algorithm 2 Proposed approach 2
1: procedure feature extract . This procedure remains the same as in the

first approach
2: end procedure
3: procedure shortlisting
4: S = round(log2(PR)) . S - Slabs; PR - FOV
5: binLUT = round(relangle ∗NLUT/180) . NLUT is the number of bins
6: for i = 0 to n− 1 do
7: if binLUT then
8: I32(i) = round(dist ∗ (S + 1)/PR)
9: end if

10: end for
11: if HD(I32,LUT(i)) <= 16 then . HD - Hamming distance
12: patternrecognition(i) . Shortlist the star entry
13: end if
14: end procedure
15: procedure patternrecognition
16: function patternrecognition(k)
17: binSPD = round(relangle ∗NSPD/180) . NSPD is the number of bins
18: for i = 0 to n− 1 do
19: if binSPD then
20: I512(i) = dist
21: end if
22: end for
23: for k = 0 to length(shortlist) do
24: corr(k) = SPC(I512, SPD(k)) . SPC - Spearman-correlation
25: end for
26: ref = ind(max(corr)) . Maximum spearman correlation - star ID
27: return = ref
28: end function
29: end procedure
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Algorithm 3 Proposed approach 3
1: procedure feature extract . This procedure remains the same as in the

first approach
2: end procedure
3: procedure shortlisting
4: for k = 0 to n− 1 do
5: V bn(k) = [V b(k)TV (k);V b(k)TV (k + 1)] . V bn - Rotation-invariant

vector frame
6: end for
7: for k = 0 to length(SPD) do
8: count(k) = match(V bn, SPD(k)) . Calculate the voting between the

SPD and the image
9: end for

10: sort(top1/3rdcount)
11: patternrecognition(top1/3rd(k)) . Shortlist the top one-third of the

maximum matches
12: end procedure
13: procedure patternrecognition
14: function patternrecognition(sh)
15: for i = 0 to n− 1 do
16: sort(dist) . Sort the neighboring star distance
17: end for
18: for l = 0 to 3 do
19: for m = 0 to length(sh) do
20: if dist(l) == dist(SPD(sh)) then
21: SP = l
22: end if
23: calculate V bn(SP ) . Calculate the rotation-invariant additive

vector sequence
24: for z = 0 to length(sh) do
25: count(z) = match(V bn(SP ), sh(z)) . Calculate the voting

between the shortlisted list and the image
26: end for
27: end for
28: end for
29: return = max(ind(count)) . Max. match - Star ID identified
30: end function
31: end procedure
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