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SUMMARY

Recent developments of Al techniques for space applications mirror the success achieved in
terrestrial applications. Machine learning, which scales in data rich environments, is particularly
well suited to space-based computer vision applications such as space optical attitude sensing.
Attitude sensors determine the spacecraft attitude through the sensing of an astronomical object,
in which the Sun and xed stars are the two primary astronomical sensing objects. Attitude sen-
sors are critical components for the survival and knowledge improvement of spacecraft. Of these,
digital sun sensors are the most common and important sensor for spacecraft attitude determina-
tion. Nearly all low-Earth orbiting small satellites employ sun sensors as part of the attitude sensor
package, which determine the satellite attitude by measuring the Sun vector relative to the satellite
coordinates.

The operation of small satellites requires highly accurate and reliable sensing techniques for
attitude determination. Generally, performance critical missions are supported by star trackers,
however star trackers are not always practical for small satellite operations. The main challenge
in using sun sensors for attitude estimation is sensor errors, which limit the overall achievable
estimation accuracy. However, the traditional sun sensor calibration process is costly, slow, labor
intensive and inef cient. Furthermore, conventional sun sensor models are architecture speci c,
require manual formulation to develop, need both a feature extraction and regression step, and are
limited by centroiding accuracy. These limitations motivate the use of Al techniques to enable
more accurate and ef cient calibration.

Star trackers, Earth cameras, and sun sensors have all demonstrated improvements from the
application of machine learning techniques. However, limited coverage has been provided to sun
sensor calibration. While deep learning has been investigated to calibrate sun sensors, these meth-
ods have been focused on analog sensors. Unlike analog sensors, digital sun sensor features are

inherently high-dimensional and sparse, thereby making training on dense networks infeasible.
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These challenges necessitate the use of sparse convolutional neural networks (SCNN) in this work.
The objective of this dissertation is to develop an end-to-end predictive calibration methodol-
ogy for digital sun sensors to solve 2-axis state estimates utilizing a sparse submanifold convo-
lutional neural network (SSCNN). A methodology is developed to address the gaps in traditional
digital sun sensor calibration through: (i) generation and augmentation of datasets, (ii) modeling
and training, and (iii) assessment of model credibility. In the rst step, synthetic data is generated
with a physics-informed simulation and then augmented. The second step involves the devel-
opment and training of a novel predictive calibration model via convolutional neural network to
address the limitations of conventional methods. The model trained is a modi ed ResNet-34 based
regression SSCNN to solve for the two sun angles. Finally, the third step assesses the model cred-
ibility using veri cation and validation, model testing, and an evaluation of the model robustness.
The proposed method solves the following challenges of traditional calibration: (1) the model
is developed using data-driven decision making rather than manual formulation, (2) a separate
feature extraction and model is not required, (3) no segmentation is required, (4) richer feature
extraction is enabled, (5) the method is mask agnostic, (6) no denoising is required, and (7) sub-
FOVs are accounted for via classes. We nd that the proposed method achieves state-of-the-art
performance with a mean accuracy of 0.005 deg for the two sun angle estimates. Furthermore, the
model is highly capable of implicitly learning complex noise patterns and handling mixed noise
types, thereby greatly improving the model robustness and accuracy to real-world applications.
The main contributions of this work are: (1) the rst time to our knowledge a CNN regression
model is applied to the problem of sun sensor predictive calibration, (2) introducing a fused end-
to-end training approach for digital sun sensor calibration, (3) creating a publicly available physics-
informed synthetic dataset and simulation for digital sun sensor training images, and (4) conducting

a performance evaluation of the deep learning approach to various mask con gurations.
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CHAPTER 1
INTRODUCTION

Attitude sensors determine the spacecraft orientation through the sensing of an astronomical object.
The Sun and xed stars are the two primary astronomical sensing objects. Attitude sensors are
critical components for the survival and knowledge improvement of spacecraft. The sun sensor,
magnetometer, star sensor, and Earth sensor make up this category. Of these, sun sensors are the
most common and important sensor for small satellite attitude determination [1]. Nearly all low-
Earth orbiting small satellites employ sun sensors as part of the attitude sensor package, which
determine the satellite attitude by measuring the Sun vector relative to the satellite coordinates [2].
The two main categories of sun sensors are analog and digital, however digital sensors constitute
the largest fraction in the literature.

Star trackers hold the highest-accuracy performance for satellite precise pointing operations.
However, commercial off-the-shelf star trackers tend to be costly, large in volume, and dif cult
to operate during sunlit conditions. While low cost and small form factor star trackers are being
developed [3], it is of interest to research alternative high-accuracy sensor approaches for con g-
urations where star trackers are nonviable. Some potential applications which broaden the scope
of sun sensor advancements are terrestrial navigation, rover heading, attitude determination un-
der cloudy weather, geolocation, 3D target localization, and low-latency event-based estimation.
These applications motivate our proposed methodology in this study and further advancements in
digital sun sensor calibration techniques.

The main challenge for using sun sensors for attitude estimation is sensor errors. These er-
rors limit the overall achievable attitude estimation accuracy. During development and in-orbit
operation, the sensors are affected by numerous sources of uncertainties, including manufactur-

ing, environmental, interference sources, or inherent to the sensor architecture. The sun sensor



calibration process is particularly dif cult due to the complex nature of the uncertainties involved.
The uncertainties are small, dif cult to observe, and may be time-variant over the lifecycle of the
sensor, for which the latter requires the sun sensor to be in- ight calibrated.

These challenges have motivated the development of enhanced calibration techniques to im-
prove upon the current state of the art of sun sensor calibration and minimize uncertainty over
the sensor lifecycle. However, traditional sun sensor calibration techniques suffer from laborious
experiments to gather data, model uncertainties, and feature extraction limitations.

The sun sensor calibration process is mired by labor intensive and time consuming experiments
to gather training data. Furthermore, since the space environment differs from ground testing, there
is a lack of large and comprehensive datasets of real sensor images or suf ciently realistic synthetic
data.

Currently, there is no one size ts all solution to digital sensor calibration. Traditional cali-
bration is in exible and tied to speci ¢ sensor architectures. This lack of model generalizability
requires the development of new models for each unique mask con guration. Furthermore, manual
formulation of the sensor parameters and error sources is required to develop the models.

Conventional feature extraction is typically simpli ed by reducing the problem to single or
multi-point detection. As a result, the richness of the full feature space and levels of feature ab-
straction are lost. Digital sun sensors compute sparse features like centroids rather than capturing
the full feature space.

Sensor noise oor challenges limit the sub-pixel accuracy of extraction methods. Image anoma-
lies such as debris and mask pollution degrade sensor performance and require additional detection
schemes to account for. Diffraction effects are often mitigated in design rather than accounted for
as a learned feature during calibration. Adversarial threats, such as interference from LSI, can
impair sensor performance or spoof sun vector readings.

Traditional calibration requires separate algorithms for feature capture, segmentation, and cor-

relation mapping model representations, thereby increasing the algorithm computational overhead



and implementation complexity.

The longstanding interest in calibration and recent innovations in feature representation tech-
niques have become increasingly relevant in a number of computer vision applications. In this
work, we address the aforementioned challenges using Convolutional Neural Networks (CNNSs).
CNNs have proven invaluable to advancing the space domain including star trackers, rendezvous,
hazard avoidance, and pose estimation. Out-of-space domain applications include medical diag-
nostics, optical measurement, astronomy, and orientation estimation. Recent advancements in sun
sensor research have implemented DNNs for analog sensor calibration, however digital sensors
and CNNs have not been addressed. To overcome these limitations, this study proposes the end-
to-end training framework of a single fused model-feature CNN, designed to concurrently achieve
feature extraction and correlation mapping for digital sun sensor predictive calibration.

The main contributions of this work are:

1. Thisisthe rsttime to our knowledge that a CNN regression model is applied to the problem

of sun sensor predictive calibration.

2. Introducing an end-to-end training approach for a single SSCNN, designed to concurrently
handle feature extraction and correlation mapping. This approach surpasses the accuracy
and robustness achieved by traditional calibration algorithms.

3. Generating a synthetic dataset of physics-informed digital sun sensor images, augmented
with real sensor noise and thresholding, for training validation purposes. This approach
greatly reduces the labor of experiments and manual labeling efforts when prototyping the
framework.

4. Conducting a performance evaluation of the deep learning approach to various mask con g-
urations.

It should be noted that the proposed methodology provides a framework for improved pre-

dictive digital sun sensor calibration, however it is NOT a ight-ready calibrated sensor nor a

completed product. Rather, we are simply introducing a novel algorithmic approach for future



digital sun sensors to leverage improved feature extraction and mapping capabilities.

This thesis is structured as follows: In chapter 2, we introduce the concepts of space attitude
sensors, calibration, speci ¢ sun sensor architectures, and traditional sun sensor calibration. In
chapter 3, we presents a comprehensive systematic mapping and survey of existing feature extrac-
tion and model representation techniques for sun sensor calibration. In chapter 4, we formulate the
problem statement with research questions and matching hypotheses. In chapter 5, we detail out
the experimental process to be executed to answer the research questions. In chapter 6, we present
the validation, testing, and robustness evaluation of the trained model on the single-aperture and
multi-aperture con gurations. We also offer discussion on key ndings from the results includ-
ing limitations and future directions. Lastly, in chapter 7 we conclude the paper and reiterate the

contributions of this study.



CHAPTER 2
BACKGROUND

The research in this work is motivated by the development of Digital Twins for mission critical
tasks to support sensors under uncertain conditions over their operational life. To achieve this task,
this research builds upon the recent innovations of Al techniques for space applications. [4] The
increasing use of deep learning for space applications mirrors the success achieved in terrestrial
applications. Machine learning scales in data rich environments, which makes it particularly well
suited to space-based computer vision applications.

Deep learning for attitude determination applications has received limited attention thus far,
however some work has been demonstrated for Earth sensors. One such example is an improved
three-axis Earth sensor using deep learning techniques applied to satellite attitude determination
in the work of Koizumi et al. [5] The use of deep learning to Earth sensing increases the detected
feature space beyond simply the Earth-limb, thereby greatly increasing the accuracy possible of
the sensor. The study motivates this research as a means of increasing the accuracy of digital
sun sensors by increasing the richness of the detected feature space beyond simple centroiding
techniques.

The development of small satellites and small satellite formation ight requires highly accurate
and reliable sensing techniques of satellite attitude, as demonstrated by the Grace project [6],
Techsat-21 project [7], LISA [8], and ST-5 [9]. [10] Most often the attitude determination needs
for these performance critical missions are supported by star trackers, however star trackers are
not always practical due to limited eld of view and large size for small satellite operations. This
research is motivated by the improvement of sun sensor calibration and modeling algorithms to
enable high-performance attitude determination on mission critical small satellite platforms.

The vastness and harshness of the space environment leads to inherently more risk averse op-
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erational conditions. These conditions motivate the need for a comprehensive model credibility
framework to support mission critical operations under uncertainty. Unfortunately, the current ver-

i cation and validation (V&V) standards for space-based systems in ECSS-E-ST-10-02C Rev.1
and ECSS-E-ST-40C [11] are insuf cient for embedded deep learning space applications. The
quali cation of space sensors involves analysis, testing, inspection, and demonstration. The pro-
cess of quali cation differs greatly for deep learning systems as compared to traditional modeling
techniques. The metrics of deep learning model credibility are correctness, robustness, ef ciency,
and interpretability. This motivates the investigation of techniques to combine the formal veri ca-
tion process with modeling and interpretability as suggested by Kothari et al. [4] The inspection of
deep learning attitude sensors with interpretable models enables human-in-the-loop understanding

for V&V during ground testing and mission control for in-situ operations.

2.1 Terrestrial and other applications of the proposed method

In this section, other potential applications of the proposed framework are discussed. The scope
of this study is applicable beyond space navigation, such cases include terrestrial and vehicles on
other planets. In addition, asynchronous sensors can bene t from the use of sparse networks due
to the inherent sparsity of events.

Geolocation. Traditionally sun sensors are used to estimate the orientation of the solar vector,
however another application is the estimation of the geolocation. This technique is useful in assist-
ing or replacing GNSS observations during degraded sensor operations. The work by Barnes et al.
[12] used a hemispherical sun sensor for both orientation and geolocation estimation. Similarly,
the proposed framework in this work could be used to geolocate given the proper training dataset.

3D target localization. Multi-aperture systems have the potential to performance distance
measurements, thereby allowing target localization estimation [13]. Furthermore, multiple multi-
aperture sensors can be used to accomplish three-dimensional target positioning. The work by

Zhang et al. [13] proposed to use a lensless compound eye microsystem (LCE) to accomplish 3D

6



target positioning. Similarly, we propose that our calibration framework could also be applied to
target localization since it is capable of multi-aperture operation.

Planetary rover. Surface missions for planetary exploration can be assisted through sun sen-
sor navigation for orientation estimation. The work by Furgale et al. [14] proposes to estimate
absolute orientation for rover heading by measuring the sun direction with a high-accuracy sun
sensor. Similarly, our proposed framework could be leveraged to improve the heading accuracy for
planetary rovers. Furthermore, the network could be trained for the speci ¢ planetary atmospheric
conditions.

Cloudy environment correction. Terrestrial orientation estimation can be achieved through
polarization navigation from the sun vector. This approach is especially useful in GNSS-denied
environments. Polarized skylight is a stable effect on Earth that can enable accurate pointing and
positioning. However, polarized skylight can be affected by weather conditions, thereby dimin-
ishing the estimate accuracy. In the work by Wang et al. [15] an combined navigator package of
an IMU, polarization sensors, and sun sensor is used to improve attitude and heading estimates in
cloudy conditions. Similarly, our proposed framework could further improve orientation estimates
in cloudy weather conditions through improved feature extraction while working in tandem with
the polzarization sensors.

Asynchronous sensorsThe asynchronous and sparse nature of event data can be leveraged by
developing event-based asynchronous sparse convolutional neural networks [16]. This approach
greatly reduces network latency and computational complexity without sacri cing accuracy. In
the work of Zhang et al. [17], an event-based eye tracker is developed using sparse submanifold
CNNs to enable eye tracking with sub-millisecond latency. Similarly, our proposed framework
could be leveraged on an asynchronous sun sensor to enable the low latency processing on events

via SSCNNSs.



2.1.1 SpaceSensors

Space sensors measure a system and transform the observations into signals to make informed
decisions in orbit. The use of space sensors is a form of remote sensing, which is the process
of acquiring and monitoring information of an object or phenomenon by measuring its output

radiation at a distance. The general process of remote sensing involves the following steps: [1]

|

. Acquisition of object or phenomenon to be measured

N

. Monitoring of the behavior of the object or phenomenon

w

. Conversion of the measurements into usable data

IS

. Processing of the measured data into actionable information

One type of space sensor used for remote sensing is the navigational sensor. The space naviga-

tional sensor is de ned as: [10]

Space Navigational Sensor De nition

Space navigational sensors are a type of space sensor used to acquire an attitude|vector

relative to the spacecraft body reference frame.

Attitude determination is useful information in order to make informed control decisions over
the lifetime of the spacecraft. The types of navigational sensors used vary depending on mission
requirements such as power limitations, volume constraints, or pointing accuracy. The type of
observation used to obtain a relationship for attitude knowledge varies depending on the sensor,
however the three main subjects available for reference are the Earth, the Sun, and the Stars. Thus,
the primary navigational sensors used for attitude determination include the Earth sensor, Sun
sensor, star tracker, and magnetometer. [10]

Often multiple navigational sensors are used to span the required eld of view. Furthermore,

multiple variants of navigational sensors are commonly used simultaneously. This is due to the
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operational limitations of any one sensor type and to improve the robustness of knowledge.

2.1.2 EarthSensors

As the name implies, Earth sensors use the Earth as an observation to determine attitude. The
sensors can use either the entire Earth observation for coarse determination or focus on smaller
details such as the Earth horizon for more ne determination. For coarse determination, the vertical
orientation can be roughly sensed by detecting the Earth with respect to the sensor eld of view. At
geostationary altitude the angular radius of Earth is about 10 deg, therefore a sensor that can detect
the Earth is at least accurate to this degree. For more ne determination, Earth horizon sensors
detect the Earth's limb by focusing on a narrow band of EM radiation emitted by carbon dioxide

in the atmosphere. The Earth horizon sensor can be as much as ten times more accurate than the

Earth sensor. [1]

Figure 2.1: Earth Sensor Operation [1]

Infrared Earth horizon sensors have recently been implemented for CubeSat attitude determi-
nation achieving a two axes nadir attitude estimate of 0.5 deg. While providing less accurate state
estimates, Earth horizon sensors have lower mass and cost than star sensors.

A list of commercial Earth sensors for small satellites is provided in Table 2.1 below.



Table 2.1: Commercial Earth sensors for small satellites [18]

Sensor Mass Peak Accurac Rad.
Manuf. Model tvoe (kg) power (deg) y Axes Tol.
yp 9w g (krad)
Cube CubeSense Camera 0.03 0.2 0.2 2 24
Space
Cube - belR  Infrared 005 023 15 2 24
Space
Mini \oltage
Servo  Digital Pyroelectric  0.05 9€ 075 NA NA
dependent
HCI
Sevo  MiniHCI  Pyroelectric 0.0115 “0't8g€ NA  NA
dependent
Servo ECH:ISN Pyroelectric 1.5 1 0.015 NA 20
Solar
MEMS HSNS Infrared 0.12 0.15 1 2 30

2.1.3 SunSensors

The sun sensor is the most common and important sensor for spacecraft attitude determination [1].
Sun sensors are also used for planetary rover navigation [14, 19, 20]. In operation it is most similar
to the Earth sensor. The Sun sensor uses the Sun to determine attitude relative to the spacecraft
body reference frame. Due to their design Sun sensors can give state estimate information in
only one or two axes without outside observations. The two main variants of sensor architectures
is analog and digital. In general there are four categories of Sun sensors which include coarse
analog, ne analog, coarse digital, and ne digital.

Coarse analog sun sensors use photocells to convert incoming light to a measured current out-
put. The output is proportional to the cosine of the angle between the sun and the normal of the
photocell. The usual accuracy can is around 3 degrees for angles from 10 to 50 deg in two axes.
Fine analog sun sensors operate using the same architecture, however the key difference is in the
type of mask and photocell shape. For the mask, an aperture yields a light spot that shifts over the

sensing element with changing Sun attitude. Often a four-quadrant photodiode is implemented in
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ne analog sensors to improve the accuracy. Fine analog sun sensors can achieve between 0.005
to 3 degrees of accuracy in two axes. [1]

Digital sun sensors can either be analog with a conversion to a digital interface or fully digital.
Converted analog to digital sun sensors have the same performance characteristics as analog sun
sensors. Meanwhile, fully digital sun sensors operate based on integrating a pixel array light sensor
with signal processing, so as to determine the sun angle through the use of sun spot centroiding.
Fully digital sun sensors generally offer higher performance than their analog counterparts due to
higher observation delity through pixel registration. In addition, fully digital sun sensors are a
much smaller market and much more expensive than analog sensors. Generally sun sensors provide
more coarse attitude determination accuracy versus the star tracker. [10] Further discussion on the
comparative advantages of these two sensors is in the summary subsection.

A list of commercial sun sensors for small satellites is provided in Table 2.2 and Table 2.3

below.

Figure 2.2: Sun Sensor Operation [1]
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Table 2.2: Commercial sun sensors for small satellites | [18]

Peak Rad.
Manuf. Model ?{I(a)ss power I(:dOeV) ,(A(\j(;cu)racy Axes Tol.
g (W) 9 g (krad)
Redwire Coarse
analog sun 0045 O 40 1 1 >100
Space
sensor
. Coarse analog .
Redwire . sinesun 001 0 Cosine 5 g 12 >100
Space conical
sensor
. Coarse
Redwire pyramid 0.13 0 2 . 2 >100
Space steradian
sun sensor
Redwire  Digitalsun 5 4 32x32 0.1 2 100
Space sensor
Redwire  Digitalsun 0 55 12gx128  0.25 > 100
Space sensor
Redwire  Finepointing oo _5 4554425 001 2 100
Space sun sensor
Redwire  Finespinning 1, (5 gg 0.1 1 100
Space sun sensor
Redwire  Micro <0.002 <0.02 85 5 2 10
Space sun sensor
Redwire Miniature
spinning <0.25 0.5 87.5 0.1 1 100
Space
sun sensor
Redwire  Fine NA  NA  50x50  001-005 2 09150,
Space sun sensor or 300
Bradford o 0.024 o 160 1 40000
Engineering full cone
Bradford c5s55-R 0015 o 90 1 120000
Engineering full cone
Bradford CSS-01, 180
Engineering CSS-02 0215 0 full cone 1.5 2 70000
Bradford g 0.375 025 128x128 0.3 2 100
Engineering
Bradford  \iniFss 005 0 128x128 0.2 2 20000
Engineering
CubeSpace CubeSense 0.03 0.2 170 0.2 2 24
full cone
GomSpace Eggosense 0002 NA 4560  0.5,2 2 NA
Hyperion SS200 0.003 0.04 110 0.3 NA 36

12



Table 2.3: Commercial sun sensors for small satellites 11 [18]

Peak Rad.

Manuf. Model l(\fl(a)ss power I(:dCéV) ,(A(\jc;cu)racy Axes Tol.

9w g g (krad)
Lens BiSon64-ET  0.023 0 58 0.5 2 9200
R&D : :
Lens )
RED BiSon64-ET-B  0.033 0 58 0.5 2 9200
Lens
RED MAUS 0.014 0 57 0.5 2 9200
NewSpace  NFSS-411 0.035 0.015 140 0.1 TBD 20
NewSpace  NCSS-SAO5  0.005 0.05 114 05 TBD NA
Solar MEMS XZBOSSOC' 0.004 0.007 60 0.5 2 100
Solar MEMS B%%OSSOC' 0.007 0.076 60 0.5 2 30
Solar
VEMS SSOC-A60  0.025 0.01 60 0.3 2 100
Solar
VEMS SSOC-D60 0.035 0.315 60 0.3 2 30
Solar
VEMS ACSS 0.035 0.072 60 0.5 2 200
Space CSS-01, 120
Micro CSS-02 001 0 full cone 100
Space MSS-01 003 o 18 100
Micro full cone
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2.1.4 StarTracker

The star tracker is the most accurate of the two axes attitude determination sensors. [1] These sen-
sors measure the attitude of the satellite with respect to known star locations. These measurements
are then compared to maps of the brightest stars internally stored in the ight hardware memory.
The angle between the known star's position and the reference axis in the spacecraft body frame
determines the spacecraft's attitude. The theoretical limit of accuracy for a star tracker is limited by
the stellar distribution around the star sensor captured image, the stellar brightness, the attenuation
of stellar light, the diameter of the star tracker aperture, and the exposure time of the star tracker

observation. [21] The theoretical limit is an extremely small 0.01 milli-arcseconds. [1]

Figure 2.3: Star Sensor Operation [1]

Realistically, a number of uncertainties emerge in the attitude estimate of a star tracker to re-
duce the accuracy. These uncertainties include the sensitivity threshold of the imager, noise in
processing electronics, machining tolerance of mechanical parts and assembly errors, etc. Nev-
ertheless, the star sensor is almost always more accurate than a sun sensor in two axis attitude

determination. This accuracy comes at the cost of high power consumption and a large mass and
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volume often making it a non-viable option of small satellite integration. While smaller star track-

ers exist, generally the smaller the star tracker the less accurate the attitude estimate. [10]

Figure 2.4: Star Sensor Schematic [22]

A list of commercial star trackers for small satellites is provided in Table 2.4 below.

2.1.5 Magnetometer

Instead of measuring electromagnetic radiation to determine the attitude, the Earth's magnetic
eld can also be used as an observation medium. A magnetometer is measures the direction of
the magnetic eld and its strength in order to estimate the satellite attitude. The sensor works by
comparing the measured direction and strength of the local magnetic eld with an accurate model
of Earth's eld. With this information the sensor can determine the attitude of the spacecraft with
respect to Earth. Attitude determination with only a magnetometer can provide an accuracy of 2
degrees for attitude and 0.01 degrees/sec for angular rate. This is similar to the accuracy provided
by coarse sun sensor estimates.

Magnetometers are limited by the strength of the local magnetic eld, which makes them more

useful in low-Earth orbit. The sensor accuracy depends on the accuracy of the magnetic eld
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Table 2.4: Commercial star trackers for small satellites [18]

Rad.
Manufacturer Model Mass Power FOV Accuracy Tol. TRL
(kg) (W)  (deg)
(krad)

Redwire Star Tracker 0.475 2 14x19 10/27 75 7-9
Arcsec Sagitta 0.26 1.2 25.4 6" 20 7-9
Arcsec Twinkle 0.04 0.6 104 307 NA 7-9
Ball CT-2020 30 8 NA 15 NA 56
Aerospace

Berlin ST200 0.04 065 22 30 11 79
Space

Berlin ST400 025 067 15 15 11 79
Space

Blue NST 035 15  10x12 6 NA  7-9
Canyon

Blue NST 13 15  10x12 6 NA  7-9
Canyon

Creare UST 0.84 NA NA 7 NA 5-6
Cube CubeStar  0.055 0.264 42  5544" 19 79
Space

DTU MicroASC  0.425 1.9 NA NA NA 7-9
Leonardo Spacestar 1.6 6 20x20 7.77 NA 7-9
Navo. ST-1 0108 1.2 21 g 20 7-9
Avionics
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model. The magnetometer is a cost effective sensor that delivers an observation reference that is

independent from photodetector based sensors. [1]

A list of commercial magnetometers for small satellites is provided in Table 2.5 below.

Table 2.5: Commercial magnetometers for small satellites [18]

Mass Power Resolution Rad.
Manufacturer Model ka) (W) (nT) Tol. TRL
9 (krad)
NanoSense
GomSpace M315 0.008 NA NA NA 7-9
Hyperion MM200 0.012 0.01 NA 30 7-9
MEISEI 3-Axis 022 15 NA NA  7-9
Magnetometer
NMRM-
NewSpace BN250485 0.085 0.75 8 10 7-9
\oltage
SpaceQuest MAG-3 0.1 dependent 10 7-9
ZARM FGM-A-75 0.33 0.75 NA 50 7-9
ZARM AMR-RS422 0.06 0.3 NA NA 7-9
AMR-D-100-
ZARM EFRS485 0.1 0.2 NA 30 5-6

Figure 2.5: Magnetometer Operation [18]
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2.1.6 Summary

Each attitude sensor discussed previously has its own advantages and disadvantages during oper-
ation that warrant their situational or combined application. In this section both high level and
low level comparisons of the sensors will be made and motivating evidence of a sensor selection
for this study will be made. The two generalized types of attitude sensors are imaging and non-
imaging sensors. Imaging sensors tend to be more accurate than non-imaging sensors due to their
ability to make more detailed and rich observations. However, these advantages of imaging sen-
sors come at the cost of larger power consumption, more mass and volume, more computational
processing overhead, and more complex algorithmic state estimation techniques. These drawbacks
are especially dif cult for small satellite operations that are sensitive to size, weight, power, and
cost (SWaP-C) budgets.

Non-imaging sensors tend to be coarser in accuracy than imaging sensors, however they are
generally more robust, cheaper, and have lower comparative latency. These boons are are espe-
cially useful in small satellite operations. Often a combination of imaging and non-imaging sen-
sors will be used to meet a given mission pointing requirement. Research and development that is
able to provide cheaper, smaller, and more accurate imaging-based sensor techniques will greatly
contribute to the current gaps in state of the art attitude sensor technologies. These improvements
could come from either novel hardware or software contributions. Novel algorithmic contributions
can bring added value to the accuracy of sensors, while keeping labor and costs down compared to
advanced and dif cult to manufacture hardware. Thus, this research is focused on novel algorith-

mic techniques to advance the state of the art in attitude determination sensors.
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Table 2.6: Image and non-image-based attitude sensor comparison [23]

Image-based Non-image-based
attitude sensors attitude sensors
Pointing knowledge 10-1000 arcsec 0.1-10 deg
Update rate 1Hz 100 Hz
Power consumption High Low
Volume and mass High Low
Cost High Low

Star tracker, Earth sensorAnalog sun sensor
Types

and digital sun sensor  and magnetometer

The imaging and non-imaging sensors discussed are the star tracker, sun sensor, earth sensor
and magnetometer. The star tracker is the most accurate sensor but also the largest and most algo-
rithmically complex. These sensors are especially dif cult to use on small satellite platforms. The
sun sensor offers a low to medium algorithmic cost, low size, and an accuracy lower to or at best
approaching that of star trackers. The sun sensor is a great option for small satellite operations as it
is SWaP-C effective for restrictive budgets. Nevertheless, there are still many gaps to overcome in
order to approach the performance of star trackers for sun sensors, especially at small form factors.
Often this is done through one or a combination of the following: precision machining techniques,
novel algorithms, or advanced calibration techniques.

Precision machining techniques tend to be very expensive, labor inef cient, and dif cult to
scale. However, novel algorithms and advanced calibration techniques have the potential to im-
prove state estimate accuracy while keeping cost and labor down at scale. This study leverages
this observation with the aim of contributing an improved predictive calibration technique for sun
sensors using novel algorithms and advanced calibration techniques in order to narrow the gap

between sun sensor and star tracker performance while maintaining a low form factor for small
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satellite operations. This contribution will enable higher pointing requirement missions for small
satellites that offer key science and technology returns.

Earth sensors offer similar performance to sun sensors but are limited in that they must point
at the Earth and have lower estimate axes. Lastly, magnetometers are the lowest accuracy of the
attitude sensors discussed, however they tend to be very robust and offer the only fully three axis
measurement. These features make magnetometers great coarse combination or emergency backup

attitude sensors for satellite operations.

Table 2.7: State of the art sensor performance comparison [18]

Attitude Sensor Observation Accuracy #ofaxes TRL

Star tracker Stellar distribution 8 arcsec 2 7-9
Sun sensor Solar incident light 0.1 deg 1-2 7-9
Earth sensor Earth limb 0.25deg 1 7-9
Magnetometer Geo-magnetic eld 2 deg 3 7-9

An example instrument payload from the Aerospace Corportion AeroCube-OCSD-B is shown
below in Figure 2.6. [24] The sensor package consists of a combination of sensors including sun
sensors, an Earth horizon sensor, and a star tracker. This is the small satellite sensor suite for a high
pointing requirement mission to demonstrate free-space optical communications in orbit. Sun sen-
sors play an important role in attitude determination for even the most strict pointing requirement
missions when volume restrictions are critical. In this case three sun sensors support the other two

sensor types in this mission.
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Figure 2.6: AeroCube-OCSD-B with deployed solar panels [24]

2.2 Sun Sensor

Due to the motivating factors mentioned above the focus of this study is on sun sensors. Speci -
cally, the research involves the digital ne and ultra- ne variants of the sun sensor. These sensors
utilize light sensitive pixel arrays to capture the incident solar radiation and process an attitude
estimate output. While digital sun sensors offer accuracy improvements over analog sensor type,
they still suffer from uncertainties both on the ground and in-orbit that must be accounted for in
order to maintain accuracy over the asset lifecycle. In this section, the sun sensor operations are
detailed, the underlying mechanisms of the sun sensor are discussed, and the uncertainties during

sun sensor operation are reviewed.
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Figure 2.7: Sensor Focus of this Study

2.2.1 Fundamentals

The sun sensor is an optical space attitude sensor to improve angular knowledge. The sensor
measures the Sun vector in spacecraft coordinates in order to estimate the attitude state. The
basic elements of the sun sensor design are 1) the illumination source, 2) the mask, and 3) the

photodetector. The components of the sun sensor are illustrated in Figure 2.8.

22






	Title Page
	Table of Contents
	List of Tables
	List of Figures
	List of Acronyms
	Summary
	1 | Introduction
	2 | Background
	Terrestrial and other applications of the proposed method
	Sun Sensor
	Calibration
	Sun Sensor Calibration
	Digital Twin
	Deep Learning
	AI in Space
	Summary

	3 | Literature Review
	Introduction
	Research Methodology
	Sensor Attribute Analysis
	Sun Sensor Model Representations
	Feature extraction techniques
	Challenges and Future Directions

	4 | Problem Formulation
	Proposed Methodology
	Research Question 1
	Research Question 2
	Research Question 3
	Research Summary

	5 | Experimental Approach
	Experiment 1
	Experiment 2.1 and Experiment 2.2
	Experiment 3
	Experiment Summary

	6 | Results & Discussion
	Experiment 3.1 Results
	Experiment 3.2 Results
	Experiment 3.3 Results
	Discussion

	7 | Conclusion
	Research Overview
	Contributions

	References

