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ABSTRACT

Earth observation (EO) from satellite platforms has experienced widespread growth since
the commercialization and widespread availability of data, and has had large impacts on
applications such as agriculture, disaster monitoring, and defense and intelligence. Observing
unpredictable phenomena is still challenging for EO missions due to long lead times from
scheduling, uplinking, and executing the image capture onboard the spacecraft. This delay
between planning and execution means that conditions can change in between them, causing
a task to become unobservable and missed in the meantime, for example due to cloud
cover obscuring a target. Dynamic tasking (DT) is a mission concept that aims to mitigate
this unpredictability by moving autonomy onboard the spacecraft and quickly reacting to
conditions as observed, using several potential perception sources. In this work, we consider
DT as applied to a tasked Earth-observing satellite, whose goal is to image Earth’s landmass
at predefined targets. The considered goal in this work for DT and onboard autonomy
is avoidance of cloud cover, which can cause up to 66% of imaging tasks to be occluded,
but factoring real-world constraints on operationalization and onboard edge computing.
Instead of using end-to-end learned methods, we build upon existing work on spacecraft
scheduling, incorporating a mixed-integer linear program (MILP) scheduler as the primary
scheduling algorithm. Rather than directly incorporating DT into a global problem, we
instead develop a set of heuristics which can estimate the utility of lookahead actions. We
construct these heuristics from two directions: one from a simplified and constrained version
of the scheduling problem with order statistics, and a second using a convolutional neural
network with large amounts of synthetically generated data. We also consider DT using
information from meteorological satellites in geostationary Earth orbit (GEO), parameterizing
information delay rather than performing detailed analysis of data pipelines. In cases where
all tasks are equally valued, all DT cases tested, including both meteorological and vision
cases, outperform the conventional scheduler across all trials, ranging between 40% and 100%
increase in total schedule utility based on cloud-free captures, depending on the DT method
used. In cases where tasks have Pareto-distributed utility, the gap between the omniscient
and conventional schedule shrinks drastically, to within 4% of total utility, and only a single
DT method outperforms the conventional schedule consistently, as the environment becomes
significantly more challenging due to asymmetric upside and downside risk. We also present
methods by which to fractionate global state such that data can be efficiently stored and



updated across a satellite constellation, allowing these heuristics to continue working across
the constellation with minimal modification.
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Nomenclature

Abbreviations

request A latitude/longitude point to image. ECEF Earth-centered Earth-fixed frame.

access Overflight of a particular request, in- LLA Latitude/longitude/altitude frame.
cluding time and roll angle info

LEO Low Earth orbit.

DAG Directed acyclic graph.

ASOP Adaptive stochastic orienteering prob-
GEO Geostationary Earth orbit. lem.

ISL Inter-satellite link. MDP Markov decision process.

FoR Field of regard. SMDP Semi-Markov decision process.

FoV Field of view. POMDP Partially observable Markov decision

ECI Earth-centered inertial frame. process.
Symbols

r Request tuple. J(o) Schedule utility.

a Access tuple. p Gravitational parameter.
¢ Intrinsic access reward. a Semi-major axis.

¢min Minimum intrinsic access reward. Rg Earth radius.

x Pareto distribution parameter. h Altitude.

u State-dependent access reward. v Velocity.

¢ Time. Uorbit Orbital velocity.

thorizon Time for point on the horizon to come Vtrack Ground track velocity.

to nadir. T Orbital period.
o Schedule. 6 Off-nadir roll pointing angle.
|| Schedule length. Oror Maximum off-nadir roll pointing angle.
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P Agility parameter.

K Set of constraints.

R Set of imaging requests.

A Set of imaging accesses.

® Euler angles attitude vector.
r points in ECL

y Earth mean rotation rate.

fx, fy Camera focal length in x, y.

Cx,Cy Camera co-ordinate offset in x, y.

R Camera rotation matrix.
T Camera translation vector.
K Camera intrinsics matrix.

P Camera extrinsics matrix.

J}(0) Schedule advantage due to lookahead
action at time t.

J; (8) Schedule cost due to lookahead action
at time t.

J/;\* (0) Estimate of schedule advantage.
f(@) Estimate of schedule opportunity cost.

AJ Net schedule utility due to lookahead ac-
tion.

AJ Estimate of net schedule utility.

g Minimum gap spacing for analytic heuristic.
L Interval length for analytic heuristic.

N Number of points for analytic heuristic.

M Chain length for analytic heuristic.
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Chapter 1

Introduction

Earth Observation (EO) with spacecraft platforms refers to using any sensor, such as optical,
radar, or other instrument to take measurements of the Earth. While initially developed for
applications in meteorology and intelligence, there is now widespread adoption of EO to
many industries, including agriculture, climate monitoring, disaster relief, insurance, finance,
logistics, mining, and transportation.

Due to this large array of applications and the high costs of designing, developing, and
launching EO satellites with high quality instruments, there is significantly more demand for
imagery than there is capacity, causing imagery supply to be oversubscribed. Whether done
by human operators or by algorithms, planning and resource allocation is required. Mission
controllers or planning algorithms, or a mixture of the two allocate imaging based on a variety
of factors, such as revenue, weather forecasting, and revisit capability.

In order to increase capacity constraints, more operators are adopting the use of spacecraft
constellations, allowing for significantly more frequent revisits. Planet Labs is a notable
example of EO imaging using constellations, their Dove and SuperDove EO constellation,
initially launched in 2014, can take an image of the entire Earth’s land mass at least once
per day [1]. The distributed, constellation-based approach for Earth observation has been
so successful that many other commercial providers have followed up as constellation-first
approaches, such as BlackSky and Satellogic aiming for similarly large constellations, both
over 50 satellites [2, 3].

Most modern EO satellites are still constrained to simply following scheduled instructions from
an operator via ground station. Scheduling timelines along with delays in uplinking a schedule
can result in executing a plan that is out of date by the time it is executed. This scheduling
delay in the past was insignificant compared with the long revisit rates, however it is now
increasingly the bottleneck for information latency. This low latency is additionally becoming
a large value-add for EO data. Unpredictable phenomena such as cloud cover or fast-moving
events such as wildfires and object tracking can render even the best schedules ineffective,
which can result in a large misallocation of resources. Clouds alone cover approximately
66% of Earth’s surface at any one time [4] and are difficult to predict, which result in large
fractions of an EO spacecraft’s surface imaging effort being wasted.
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Autonomy in Earth Observation can increase the applicability of EO to areas where latency is
significant. The computing and sensing technology behind the mobile phone revolution of
the early 2000s combined with advancements in vision systems have resulted in spacecraft
equipped with advanced onboard computing systems with thousands of times more processing
power than early autonomous mission experiments. There is a large gap in how best to
operationalize onboard compute sensing, which this thesis aims to address, using algorithms
to enhance and balance tradeoffs between perception and execution.

1.1 Brief History of Earth-Observing Satellites

To understand the limitations of current Earth-Observing satellites and where onboard
autonomy can make improvements, it’s useful to look at the history of EO and planning
algorithms.

1.1.1 Origins

The history of Earth Observation (EO) is inseparable from space exploration itself. While initial
EO occurred on rocket-based platforms, shortly after the launch of the first satellite, Sputnik 1
in 1957, Explorer 6 became the first satellite to take an image from orbit in 1959 [5]. The
applications of EO from satellite platforms were immediately apparent in meteorology—the
Vanguard 2 spacecraft launched in 1959 after a series of failures [6], and demonstrated
optical instrumentation consisting of photocells and a telescope for measuring the intensity of
sunlight reflected from cloud tops. The optical instrument successively scanned regions of
the Earth using the motion of the spacecraft, like an early version of a modern push-broom
imager. After the success of Vanguard 2, TIROS-1 became the first fully operational weather
satellite, using a television camera for instrumentation.

After meteorology, the intelligence community took note of the enhanced capabilities that EO
satellites could provide, such as full-Earth coverage without requiring aircraft to enter heavily
monitored airspace. The first spy satellites were part of the CORONA program administered
by the Central Intelligence Agency (CIA). The CORONA program consisted of high resolution,
low field-of-view scans of particular targets, and with its pre-planned list of targets, could
be considered the first “tasked” missions. These early missions stored imagery on films,
with canisters deployed with a parachute back to Earth and collected by aircraft [8], as
depicted in Figure 1.2. The usage of film greatly limited the maximum duration of these
missions—ranging from hours to days [9], which constrained planning complexity required.
Due to this inherently limited mission complexity, planning and scheduling would remain
primarily manual, with targets gathered by analysts far in advance of missions [9].

The CORONA program was highly successful in its mission of surveillance, and the utility
of Earth Observation to broader applications became readily apparent. Landsat-1, initially
launched in 1972 as the Earth Resources Technology Satellite (ERTS) was the first EO spacecraft
specifically for monitoring Earth’s land mass and represented a significant advancement in
instrumentation [11]. Landsat-1 contained two image instruments: the Return Beam Vidicon
(RBV), a type of full-frame camera sensor, and the experimental Multispectral Scanner (MSS)

24



Figure 1.1: TIROS-1 image of a cyclone in the South Atlantic Ocean with overlaid latitude/-
longitude lines. Taken 1960-04-28 [7].

which was the first push-broom multispectral sensor in space. The MSS was initially highly
experimental, but eventually became the de facto primary instrument after on-orbit testing.
Landsat-1 was the first “monitoring” mission, with the goal of taking as much imagery of the
Earth’s landmass as possible, subject to resource constraints. As of writing this thesis, the
Landsat program is the longest running Earth Observation program, with Landsats 8 and 9 as
the most recent on-orbit, and with the Landsat NEXT program in its planning phase, initially
designed as a three-satellite constellation with enhanced instrumentation [12].

Steady advancement in technology through subsequent decades ameliorated many issues
with spacecraft resources, which resulted in stagnation of planning algorithm development.
Digital storage greatly extended satellite mission lifetimes and reduced operational complexity,
and advancements in solar power technology resulted in efficiency gains [13] for monitoring
missions. Some other mission types such as in the intelligence community were at that point
repetitive and predictable, requiring little in operations [9, 10, 14].

1.1.2 Commercial Era (1982 - 2007)

Up until the late 1980s, all EO was operated primarily by government agencies. Whether
the applications were for intelligence, meteorology, or land surface monitoring, government
agencies all designed, built, and launched EO satellites. Initial policy directives in the
commercialization of EO programs from the United States in the National Space Policy
Directive 42 (1982) [15] and from France with the creation of Spot Image as a public-private
partnership in 1982 [16] laid the groundwork for commercial involvement. The SPOT program
eventually became the first commercial entity to operate EO satellites with the launch of
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Figure 1.2: Recovery of a Corona film canister in mid-air from a Fairchild C-119 Flying Boxcar
aircraft (1960) [10].

SPOT-1 [16]. Customers of SPOT-1 imagery included CNES, IGN, and, perhaps most famously,
SPOT images were used by news agencies and governmental organizations for monitoring the
Chernobyl disaster in 1986 [16].

Following success in Europe, the commercialization of EO in the 1992 Land Remote Sensing
Policy Act allowed commercial EO satellite operators in the United States [17]. Subsequently,
American commercial satellite operators such as DigitalGlobe emerged, offering high-resolution
optical imagery to both government and private sector customers. DigitalGlobe, which later
became part of Maxar Technologies, launched its WorldView series of imaging spacecraft in
2007 [18-20], offering higher resolution and more frequent global coverage with its off-nadir
pointing capabilities.

Commercial operators engaged in both selling archived imagery that had already been taken,
and selling future imagery requests. The decentralized source of these requests incentivized
improvements in planning algorithms. Latency became an increasingly important factor—
commercial operators could capitalize on frequent, short-notice requests from new industry
sectors making use of EO.

These changes in the customer base along with increasing solar panel efficiency resulted in the
constraint landscape for spacecraft planning and scheduling to be altered. Now, with power
and onboard data less of a constraining factor, around the turn of the century, spacecraft
agility became the tightest constraint to work against [14, 21, 22]. With a new class of Agile
Earth-Observing Satellites, along with interest from governments, new automated planning
algorithms that could take agility into account were developed in order to maximize their
utility [22].
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1.1.3 Modern Earth Observation (Since 2007)

Earth Observation at present is a highly advanced industry with mature, profitable commercial
providers alongside government programs. Open data policies pioneered by the Landsat
program with the Landsat Open Data Policy in 2008 [23] along with similar policies adopted by
Sentinel-1 of the European Space Agency (ESA)’s Copernicus program further democratized
access to data. An improvement in maximum resolution from 50 cm to 25 c¢cm ground
sample distance (GSD) for civilian data adopted by the U.S. Government, the inclusion of
synthetic-aperture radar (SAR) in commercial EO imagery, and the availability of products
such as Google Earth supported another period of dramatic growth in EO access and interest

[24].

Applications for Earth observation have expanded as the democratization of EO data has
allowed for new utility. Commercial uses for Earth Observation have exploded, and since
frequent, high resolution commercial satellite imagery is now broadly available, there may be
countless more uses that are not being publicized. Some of the largest uses for EO satellite
imagery currently include:

* Agriculture: Multispectral and hyperspectral imagery can be used to obtain crop health,
soil moisture, and vegetation indices. EO-based agricultural analytics can help improve
yield through improved soil condition monitoring, and deep learning approaches have
emerged that can directly estimate crop yield [25].

* Infrastructure Monitoring: Remote sensing data can be used for assessing construction
progress, finding illegal development, and monitoring asset risk to wildfires, floods, and
more, useful for both insurance and civil engineering firms [26].

e Ship Tracking: EO data combined with advanced analytics or machine learning
algorithms can be used to detect illegal fishing, monitor port congestion, and track ships
with their transponders disabled [27, 28].

* Forestry and Land Use: Satellite imagery has been used for illegal logging detection,
biodiversity monitoring, and land cover classification [29—31].

* Disaster Response and Humanitarian Aid: EO data provides rapid assessments of
natural disasters such as floods, wildfires, hurricanes, and earthquakes. This data has
been used to identify affected areas, plan logistics, and estimate damage. Recently, EO
data has drastically helped accelerate recovery efforts from the 2023 Turkey Earthquake

[32].

* Energy and Mining: EO data supports exploration, environmental compliance, and
site monitoring for oil, gas, solar, and mining industries. Imagery can be used identify
potential reserves, detect flaring activity, and monitor environmental factors. Modern
hyperspectral data and advanced algorithms on multispectral data can also be used for
monitoring of natural gas and other leaks [33].

* Climate and Environmental Monitoring: EO data has long been used to validate
climate models, analyze ice sheets, and estimate sea level rise. Advanced instrumentation
has also started to be used to directly estimate and find carbon and natural gas emitters
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around the world [34].

Additionally, open access of EO data has also resulted in unexpected use cases. A select few of
these are presented below:

* GDP monitoring: EO-based estimates of GDP have been obtained from night-time
lighting. In regimes where official data is low quality or intentionally obscured, this
proxy has proven to be reliable at showing true economic activity from an unbiased
estimator [35].

* Polio vaccination: In regions like Northern Nigeria and parts of Pakistan, satellite
imagery has been used to identify previously unknown settlements. Global health
organizations were able to use this data to extend polio eradication effort into these
settlements [36].

* Retail traffic estimation: Parking lot occupancy has proven to be a useful proxy for
overall activity. Hedge funds and retail analysts have used this data to estimate consumer
foot traffic [37].

* Mortgage default risk monitoring: Satellite imagery combined with advanced analytics
can be used to detect signs of neighborhood decline. Dying lawns, fewer cars in driveways,
or halted construction projects can suggest increased tightening and an elevated risk of
default [38].

* Crop yield estimation: Space-based instruments combined with advanced data anal-
ysis techniques can be used to analyze photosynthesis observations via solar-induced
chlorophyll fluorescence, allowing accurate estimation of crop yields [39, 40].

As applications for Earth Observation have shifted, so too has the technology on modern
Earth-Observing satellites. Incentives for latency and resolution have further cemented the
role of monitoring and tasked missions. Monitoring missions with their typically wider
field-of-view and always-on imaging operations could tackle low latency imagery captures
at the expense of resolution, while tasked missions could tackle higher resolution areas, but
often at the expense of latency, due to external input required to direct imaging operations.
Examples of monitoring missions include USGS’ Landsat program [41], ESA’s Sentinel-2
spacecraft [42], NASA’s Aqua [43] and Terra [44] spacecraft, and Planet Labs’ SuperDove
spacecraft. Tasked missions include Maxar’s WorldView series of spacecraft, including its
upcoming WorldView Legion constellation, as well as Planet Labs’ SkySat constellation along
with its upcoming Pelican and Tanager constellations.

Several transformative changes in the 21% century have resulted in smaller and more capable
EO spacecraft:

* Standardized form factors: Cubesats pioneered standardized small form factors for
spacecraft, allowing many different operators and manufacturers to save costs on
deployment and launch. While initially adopted by academic institutions, the significant
cost savings eventually found commercial usage.

* Low-power electronics: The mobile phone revolution of the late 2000s also resulted in
advancements in the size and power efficiency of electronics. Adoption of commercial-
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off-the-shelf (COTS) electronics significantly reduced satellite size, weight, and cost
[45].

* Plummeting launch costs: The emergence of low-cost launch vehicles such as SpaceX’s
Falcon 9 rocket also dramatically reduced launch costs, declining from ~$30,000/kg
down to ~$3,000/kg [46].

Combined, these advancements meant that small, high-performance satellites could were
viable, low-cost platforms for EO, and constellations consisting of small satellites became
both technologically and economically viable, increasing revisit rates, lowering latency, and
increasing redundancy and resilience. Planet Labs, a commercial EO satellite operator in San
Francisco, was founded upon this idea, that latency and revisit rates could be optimized with a
large constellation of small satellites. Planet Labs utilized its 3U Cubesat SuperDove platform
for this goal, launching a large satellite constellation spread across multiple orbital planes to
minimize revisit rate. By 2020, they had launched over 350 satellites and built the largest
imaging constellation in history, enabling daily global coverage of the Earth’s land mass [1].

Other commercial providers also utilize distributed satellite constellations as a core part of
their operations, such as:

* BlackSky: High revisit rate optical imagery with geospatial analytics for both defense
and commercial customers [2].

* Capella Space: Commercial SAR imagery, unlocking imaging during night or through
cloud cover, along with three dimensional representations [47].

* Satellogic: An EO company based in Argentina, aiming to launch over 200 satellites
with high-resolution hyperspectral capabilities [3].

1.2 Future Pathways of Earth Observation and Motivation

The case has been made for the usefulness of EO data in a broad array of fields. The legacy
satellite imagery pipeline may slowly fade in utility, as customers do not want EO data for the
imagery, but rather information. However, limitations in latency and availability intrinsic to our
current architecture of EO spacecraft still affect our ability to obtain low-latency information.
The operational value of EO data is fundamentally time-sensitive; often its utility decreases
exponentially with increasing latency between image acquisition and availability to end users.
This temporal aspect presents a core challenge, where latency in information availability can
critically undermine responsiveness in areas like disaster management, agriculture, defense,
and intelligence to name a few.

Even with the most up-to-date technological improvements, many aspects of latency in EO
have been only mitigated instead of fundamentally addressed. Even with more satellites as
part of large EO constellations, linear improvements in latency will require exponentially
more spacecraft in orbit, to cover more planes for higher responsiveness. EO satellites in the
modern era in essence have worse responsiveness than remote control cars; the spacecraft
require pre-planned schedules, have very intermittent and limited communications windows,
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and have little autonomous decision-making onboard. These limitations make unpredictable
phenomena challenging for EO satellites to address. Unpredictable phenomena can either
serve as attractors of tasks (high-priority events to be imaged) or detractors (undesirable
conditions affecting imaging tasks).

The most common detractor in Earth observation, aside from in meteorological studies, is
cloud cover, which at any given time obscures approximately two-thirds of Earth’s surface
[4]. Cloudy data is especially a concern for spacecraft that are not a part of a constellation,
due to the long revisit times involved. Task attractors include applications such as real-time
wildfire tracking [48, 49], deep convective ice storm studies [50], and planetary boundary
layer research [51].

Commercial satellite operators such as Planet Labs have been increasingly leveraging the
information vertical, by offering their own analysis products that can fuse data from many
different satellite and ground sources [1], such as soil moisture content, land surface
temperature and vegetation biomass [52]. Planet Labs additionally offers a product that
no longer provides imagery itself, but rather insights. Using onboard edge computing
capabilities such as that on Planet’s Pelican-2 spacecraft, insights can be delivered simply as
latitude/longitude information along with any other accompanying metadata, which can be
downlinked through a low-rate always-connected link, providing the information a customer
cares about to them faster and more efficiently [53].

Dynamic tasking with body-fixed lookahead is a mission concept that sits in between conven-
tional tasked and monitoring mission types, as a form of tip-and-cue. In this mission concept,
the spacecraft has two payloads: a primary instrument for high resolution imaging capture,
and a secondary payload for looking ahead and ranking upcoming imaging tasks. The two
instruments ideally would have very different characteristics: the lookahead instrument would
have an extremely wide field of view looking far from nadir towards the horizon, while the
primary instrument is conventionally a medium to high resolution imaging system.

With modern advancements in onboard compute capabilities, including vision processing
units (VPUs) and graphics processing units (GPUs), techniques such as convolutional neural
networks can be used to classify and rank upcoming tasks. The spacecraft’s imaging schedule
can then be re-optimized based on the ranking from the vision system. Dynamic tasking in
this fashion could unlock significantly improved overall satellite utilization with lower latency.
Additionally, the methods have potential for significantly improving tip and cue capabilities,
with the additional awareness provided by the lookahead sensor.

1.3 Thesis Layout

The layout of this thesis with links to sections is as follows:

81 Introduction—This chapter covers a history of Earth Observation, shows current
challenges, and areas and applications in which autonomous dynamic tasking could
have an outsized impact, compared to current EO scheduling techniques.
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§2 Background—This chapter goes through a history of autonomous tasking missions
and the algorithms they use, along with a gap analysis and how the contributions of
this thesis fit in. A direct link to the gap analysis and contributions is provided here:
82.6 Gap Analysis and Thesis Contributions.

§3 Mission Concepts—This chapter goes through an array of possible dynamic tasking
mission types, and outlines the exact mission architectures considered in this work: a
vision-based instrument, and a proxied vision instrument utilizing data from meteoro-
logical satellites in Geostationary Earth Orbit (GEO). Additionally, this chapter discusses
the exact application case used in this work: cloud cover, with two classes of spacecraft
considered for analysis: an agile, and an ultra-agile case.

85 Lookahead System Design and Drivers—This chapter presents a systems analysis
of a lookahead instrument, discussing required field of view for specific modalities of
tasked missions depending on parameters such as orbit altitude and field of regard.
We consider two cases of lookahead instrument: one with a large enough field of view
such that it can conduct stationary dynamic tasking, and a second with a narrower
field of view that must re-orient for lookaheads and perform agile dynamic tasking for
full observability. Methods of retrieval from meteorological satellites in GEO are also
discussed.

84 Satellite Resources, Constraints, and Scheduling—This chapter presents a deep dive
into satellite resources, how they relate to satellite scheduling algorithms, scheduling
algorithms used in prior work, their limitations, and the specific scheduling formulation
used in this work.

§6 Sensing and Dynamic Tasking—This chapter presents dynamic tasking as an adaptive
stochastic orienteering problem (ASOP), presents some background on how these
are solved, and outlines the post-processing method by which dynamic tasking is
implemented in this work. Heuristics for estimating dynamic tasking advantage and
methods for planning lookaheads to be net-position on an expected value basis are
also presented, based on a simplified version of the scheduling problem, and using a
convolutional neural network with synthetic data. Results for the thesis analysis cases
are presented based on each of the environments considered.

§7 Constellation Extensions—This chapter provides extensions for the dynamic tasking
algorithms presented in §6 Sensing and Dynamic Tasking to satellite constellations,
primarily focusing on distributing global belief state across a satellite constellation.
Methods by which a compressed global state can be represented are shown and an
example using a leader-follower constellation is shown where the heuristics presented
in §6 Sensing and Dynamic Tasking are used with the aforementioned global state to
work seamlessly across a constellation.

§8 Conclusions & Future Work—This chapter summarizes the findings from this thesis,
including covering performance of dynamic tasking on each of the various considered
environments. Finally, this chapter also summarizes potential avenues of future work,
including alternative applications that the algorithms developed for this work could also
be applicable to, as well .
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1.4 Summary

This chapter recaps a brief history of EO, with initial missions meteorology and intelligence
to today’s commercial, constellation-based operators. We have outlined the limitations of
EO, and the growing sensitivity to latency, as data has evolved from imagery, to information,
and how autonomous systems can help bring more autonomy and bridge the gap between
the conventional monitoring and tasked mission types. We also introduced the concept
of dynamic tasking, and provided the layout of this thesis and the strategy for analyzing
vision-based autonomy for EO satellites. We can now review previous work on dynamic
tasking to understand limitations and challenges.
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Chapter 2

Background

This chapter discusses the combination of factors necessary for implementation, looks at prior
missions employing autonomy, and current dynamic tasking algorithms. Dynamic tasking
involves a wide array of interdisciplinary components, so specifics on individual subsystems
(such as schedulers) are given in their relevant sections.

2.1 Advancements in Computer Vision

Recent advancements in computer vision, particularly in deep learning, have resulted in
high-performance vision models that can learn complex representations directly from raw
Lo or L1 imagery, without requiring significant calibration or corrections, unlike traditional
approaches relying on calibrated radiance or reflectance values. These models are capable of
detecting features such as clouds, water bodies, or urban structures using spatial context and
texture as well as spectral information. This improved vision performance allows for the use
of simpler imaging instrumentation such as monochrome or RGB sensors, while still achieving
high accuracy in downstream tasks [54]. Examples of these highly sophisticated models and
their associated applications include cloud segmentation [55, 56], land use classification [57],
wildfire sensing [58, 59], hotspot detection [60, 61], and more. High vision system accuracy
and in these downstream tasks with low-power, simple and compact, auxiliary vision payloads
allows for a much lower barrier to vision-based autonomy.

2.2 Compute in Space

While advancements in computer vision have made great progress, utilization of modern
machine learning techniques require additional compute power. Initial autonomous technology
demonstration missions struggled with available compute resources, for example, JPL’'S
EO-1 mission had only 4 MIPS and 128 MB available to be dedicated towards autonomy.
Advancements in mobile computing and low-power electronics have crossed over into the
space industry and enabled significantly increased compute capabilities.
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Notable examples include ESA’s OPS-SAT (2019), which incorporated an Altera FPGA with two
ARM cores at 0.8 GHz [54, 62], and ESA’S ®-Sat-1 and ®-Sat-2 missions, which both utilized
Intel’s Movidius Myriad 2 vision processing unit (VPU) to enable onboard cloud detection
using neural networks in a tiny 9.5 X 8 mm package size [63, 64]. More recently, platforms
such as Capella’s Sequoia spacecraft (2021) and Planet’s Pelican-2 (2025) [53] have utilized
NVIDIA GPUs; Sequoia is flying with a Jetson TX2, and Pelican-2 flying with a likely newer
unspecified platform [53], making a significant speed up in machine learning tasks possible.
Ingenuity, the Mars helicopter, utilized a Qualcomm Snapdragon 801 processor, leveraging
consumer hardware for real-time vision based autonomous operations in deep space [65]. A
selection of space-based computation platforms, performance, and applications is given in
Table 2.1.

Table 2.1: Representative missions employing modern edge computing processors.

Mission Year Processor Compute CV/ML Function

JPL EO-1 [66] 2000 Mongoose M5 ~4 MIPS Support vector machine
(SVM) science event de-
tection and follow up, in-
orbit experiments

OPS-SAT [54] 2019 Dual 80oo MHz ~4000MIPS In-orbit experiments

ARM Cortex-Ag
+ Cyclone V

FPGA
Sequoia [67] 2020 NVIDIA Jetson ~2 TFLOPS Real-time onboard im-
TX2 GPU age processing
®-Sat-1/2 [63, 64] 2020/23 Intel Movidius ~ 80-150 Cloud detection, vessel
Myriad 2 VPU GFLOPS detection, compression
Ingenuity [68] 2021 Snapdragon 801 ~2 GFLOPS  Visual navigation
CogniSAT-6 [69, 70] 2024 Intel Movidius ~1 TOPS Real-time ship/anomaly
Myriad X INT8 detection
Planet Pelican-2 [53] 2025 NVIDIA Jetson 1-20 TOPS On-orbit object detec-
Platform tion

2.3 Notable Missions and Concepts

This section covers notable missions and concepts employing autonomy techniques. The
missions and concepts outlined in this section span from early onboard experiments to more
recent operational dynamic tasking systems with intelligent sensing and scheduling. We make
a distinction between concepts that make algorithmic improvements, and flown missions that
also contribute to de-risking technology and operationalization.
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2.3.1 Flown Missions
Earth Observing-1

The Earth Observing-1 (EO-1) from NASA Goddard Space Flight Center spacecraft launched
in 2000 was a technology demonstration mission, hosting a large variety of new technologies
including the Advanced Land Imager (ALI) developed by MIT Lincoln Laboratories, the
Hyperion hyperspectral imager developed by Northrop Grumman Corporation [71], as well as
phased array antennas, flexible solar panels, and atmospheric correction instrumentation [72].
EO-1 also served as the testbed for various demonstrations of onboard autonomy, including
vision and perception, onboard replanning, and model-based fault detection, isolation, and
recovery (FDIR) [66, 73, 74].

EO-1 was also the first spacecraft to run machine learning algorithms in space, applying a
support vector machine (SVM) classifier [75] to perform onboard classification of hyperspectral
imagery from the Hyperion instrument. The classifiers were used to differentiate cryospheric
surface features, including snow, ice, water, land, and cloud, to detect events such as lake
freezing/thawing or sea ice breakup. Due to constrained computational resources and
uncalibrated onboard data, a linear SVM was used for its efficiency. A subset of 11 spectral
bands from the instrument were used, as well as derived products such as all 55 pair-wise
band differences and eigenvectors obtained from the training data. The SVM classifier was
shown to outperform a decision tree and a threshold-based classifier, and was comparable
in accuracy to an expert-designed rule-based classifier, with less development time required

[75].

The Autonomous Sciencecraft Experiment (ASE) from NASA JPL, starting in 2003, performed
a variety of onboard autonomy experiments on EO-1 with the goal of automating aspects
of science operations onboard the spacecraft [76]. The ASE pioneered onboard re-planning
and machine-learned classification for Earth observation [66, 75]. Algorithms onboard the
ASE included change detection for applications such as ice breakup, cloud cover, and volcano
monitoring, coupled with agile spacecraft management and planning software such as the
Continuous Activity Scheduling Planning Execution and Replanner (CASPER) software [76].
With CASPER, the EO-1 could re-adjust scheduling for follow-up observations to enable
enhanced revisit rates, going from once every 16 days to 5 images every 16 days [76].
One of the ASE’s earliest experiments was to use onboard replanning for advanced volcano
monitoring [61]. The ASE successfully detected anomalous thermal events from Mt. Erebus
and autonomously re-tasked a follow-up observation, taking a capture 7 hours later with
detection of volcanic activity. EO-1 also demonstrated autonomous detection of sulfur-rich
Arctic springs as a mission analog for Europa [77, 78], as well as autonomous scene analysis
and mapping via spectral unmixing [79].

More recently, in 2017, EO-1 was used to demonstrate onboard cloud filtering and novelty de-
tection. Bayesian threshold and Random Decision Forests (RDFs) were use for cloud screening
[73]. Additionally, novelty detection through saliency evaluation was also demonstrated [73].
While EO-1 was equipped with the versatile and highly capable Hyperion hyperspectral imager
with 220 bands, ranging from 0.4 um to 2.5 pm with a spectral resolution of approximately
10nm [73, 76], severe computational constraints such as only 4 MIPS of free computational
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power and only 128 MB of RAM [73] limited further demonstrations, despite running on a
second M5 processor onboard the spacecraft. Additionally, onboard software could only access
a subset and a smaller sub-region of the overall capture. These limitations precluded single-
overflight planning and confined the system to follow-up observations. Despite these hardware
challenges, EO-1 represented a significant breakthrough in onboard image processing and
autonomy.

Intelligent Payload Experiment (IPEX)

JPL’s Intelligent Payload Experiment (IPEX) Cubesat launched in 2013 was a 1U technology
demonstration of parts of the Hyperspectral Infrared Imager (HyspIRI) Intelligent Payload
Module (IPM) [80]. IPEX demonstrated onboard processing, data triage, salience analysis,
and onboard autonomous planning. IPEX utilized ground-based scheduling via JPL's CLASP
planner along with JPL's ASPEN modeling language to evaluate constraints involving resources
such as data and power to produce a feasible plan to uplink to the spacecraft. The CASPER
onboard planner then takes the initial schedule and, in response to inputs such as machine
learning outputs on analyzed imagery and onboard resources, schedules follow-up observations
or incorporates previously unscheduled, low-priority tasks [80].

IPEX contained four image processing techniques: an SVM-based image classifier, onboard
spectral unmixing, a random-forest based classifier, and unsupervised salience analysis [80].
IPEX used the TextureCam image processing software to produce a segmentation output with
four classes, consisting of clear surface, Earth limb or haze, clouds, and space, using a random
decision forest classifier. IPEX’s unsupervised visual salience algorithm was used to extract
and rank subregions for data downlink triage. IPEX matured and derisked the HyspIRI IPM
concept on orbit, and performed thousands of executions of its onboard autonomy software
[80].

GOSAT-2

The Greenhouse gases Observing Satellite-2 (GOSAT-2) [81], launched in 2018, has the
TANSO-FTS-2 (Thermal And Near-infrared Sensor for carbon Observation - Fourier Transform
Spectrometer-2) as its primary instrument [82]. The instrument captures high-resolution
spectroscopic measurements of greenhouse gases including carbon dioxide, carbon monoxide,
and methane. GOSAT-2 as of the date of writing this thesis has the most advanced and capable
operational dynamic re-tasking algorithm. GOSAT-2 utilizes an onboard programmable
two-axis fold mirror in the optical train of the TANSO-FTS-2 instrument, which can perform
wide adjustments of up to +40° along-track and up to +35° cross-track, and is primarily used
to perform dynamic re-tasking via optical re-pointing the primary instrument. Its intelligent
pointing mechanism initially screens the capture through a CMOS RGB video camera, executes
lightweight cloud screening enabled by its wide range of bands, and then autonomously
re-points the fold mirror to the least cloudy area observed. An example of the intelligent
pointing mechanism in action is shown in Figure 2.1. The intelligent pointing mechanism is
additionally integrated with initial observation planning, enabling both fixed grid and urban
area targeting modes.
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Figure 2.1: GOSAT-2 cloud avoidance for two cases (left and right), with (a) Scheduled imaging
activity (b) Cloud detection and re-pointing detection and (c) Resulting image centered on
cloud-free area [81]

CogniSAT-6

CogniSAT-6 is a 6U CubeSat Earth Observation mission developed by Ubotica Technologies and
Open Cosmos launched in 2024 to demonstrate fully autonomous spacecraft operations [69, 70],
including real-time vision-based classification of hyperspectral imagery and autonomous
dynamic tasking. CogniSAT-6 integrates three primary payloads: a hyperspectral imager, an
inter-satellite link (ISL) for real-time communication to mission control, and the Ubotica
CogniSAT-XE2 edge processing unit, built around the Intel Movidius Myriad X Vision Processing
Unit (VPU). This architecture enables onboard computer vision and inference of neural
networks directly, and has been demonstrated on Lo processed data [70].

CogniSAT-6 allows for fully automated dynamic tasking. Since its edge processing is a payload
and hence separate from its flight computer, significantly more of it can be utilized, in
contrast with EO-1’s integrated design where autonomy applications shared the main flight
computer. In CogniSAT-6’s concept of operations, image data is captured, georeferenced, and
processed onboard to detect and geolocate relevant events. If a feature is identified with
sufficient confidence, the onboard orbit propagator computes the next overpass opportunity
and autonomously schedules a follow-up observation, and optionally the feature is downlinked
immediately over the inter-satellite link [70].

The onboard Al pipelines rely on CNNs to classify features directly from raw Lo data, avoiding
the conventional remote sensing processing pipeline. The CNN is trained directly on Sentinel-
2 raw data to enable end-to-end feature detection [60]. This pipeline achieves real-time
classification within 6.4 W peak power, allowing for low size, weight, and power (SWaP)
onboard autonomy and dynamic tasking [60].
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CogniSAT-6 now runs onboard dynamic targeting demonstrations, which utilizes its primary
instrument for performing lookaheads [83], however operationalization rather than a tech-
nology demonstration would likely use a dedicated wide field-of-view lookahead instrument
perhaps of a different modality to ameliorate resource costs of slewing for lookaheads [84].

2.3.2 Concepts
OPS-SAT

OPS-SAT was a mission from the European Space Agency (ESA) launched in 2019 aiming to
provide an “in-space laboratory” platform where experimenters from all around the world can
de-risk mission concepts and software by demonstrating them on OPS-SAT first. OPS-SAT
hosts a wide variety of different hardware components that are available for experimenters to
utilize, including an Altera Cyclone V FPGA with a dual-core 8oo ARM Cortex-Ag9 CPU and 1
GB of DDR3 flash. OPS-SAT also has a 5 MP RGB camera with an approximate ground sample
distance (GSD) of 8o m [85].

OPS-SAT provides the ability to rapidly iterate on algorithms in space due to a combination of
the highly mature and automated operations provided by the European Space Operations
Centre (ESOC), as well as the versatile high-bandwidth radio, allowing even large experiments
up to approximately a 10 MB limit to be uploaded to the spacecraft. For this reason, OPS-SAT
has been popular for demonstrations of computer vision enabled operations for spacecraft
[54, 62]. Additionally, containerization, deployment and other systems considerations of
dynamic tasking and running machine learning algorithms onboard the spacecraft have been
designed and developed on OPS-SAT [86].

Machine learning based image processing algorithms have been demonstrated on OPS-SAT,
ranging from extremely simple thresholding methods up to deep learning methods [54],
and from applications between classification, segmentation, and clustering [54, 62]. While
OPS-SAT does not have a dedicated lookahead sensor, its single camera has been explored in
simulated scenarios, using the top half of its camera as a simulated virtual lookahead sensor
[87]. OPS-SAT demonstrated huge advancements in onboard vision and machine learning
systems, but unfortunately it de-orbited before missions demonstrating autonomous dynamic
tasking could be flown.

DLR FireBIRD

FireBIRD was a mission led by the Deutsches Zentrum fiir Luft- und Raumfahrt (German
Aerospace Center, DLR) aiming to demonstrate and operationalize high-resolution thermal
infrared (TIR) remote sensing for wildfire and thermal hotspot monitoring.

FireBIRD consisted of two spacecraft: TET-1 (Technologie-Erprobungstréger 1;Technology
Experiment Carrier 1) and BIROS (Bi-spectral InfraRed Optical System) launched in 2012
and 2016 respectively. The satellites were equipped with uncooled microbolometer-based
thermal infrared sensors operating in the 8 pm to 14 um spectral range, paired with auxiliary
visible and near-infrared (VNIR) imagers, providing simultaneous multi-spectral imaging
capability, with the goal of allowing for both contextual scene interpretation and detailed
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thermal analysis. The thermal instrument has a comparable ground sample distance with
conventional TIR instruments such as those on Landsat 8 [88], with a GSD of 160 m [48, 49].

Dynamic tasking for FireBIRD was proposed and investigated, but ultimately was not demon-
strated on-orbit. The proposals were for two VAMOS (Verification of Autonomous Mission-
planning Onboard a Spacecraft) experiment modules. OBoTiS, an onboard timeline selector
that would activate pre-optimized timeline fragments in real time subject to resource con-
straints, and OBETTE, an onboard scheduler capable of generating additional schedule
commands when the BIROS’ Hot-Spot Recognition Sensor or the VIMOS cloud classifier
detected a fire signature, or when data arrived through the onboard OrbComm modem [49].

The new commands would have inherited priority, resource bounds and pre-optimized
templates. OBoTiS would then validate them against the current spacecraft state to avoid
overruns or overlaps, and select fragments based on a greedy algorithm [48]. While simulations
show that the dynamic tasking algorithms that were a part of FireBIRD would result in faster
response times and higher duty-cycle utilization of the spacecraft, the software was never
fully operationalized or activated beyond initial integration tests. However, the timeline
fragmenting approach represented a significant advancement in dynamic tasking [49].

2.4 Dynamic Targeting Algorithms

In this work we make a distinction between dynamic targeting and dynamic tasking. We
consider dynamic targeting as the ability to acquire new information about the upcoming
orbit track, identify areas of interest, and re-optimize and execute the spacecraft’s onboard
schedule, in a single overflight. We consider dynamic tasking to be this same concept but
where there is an initial pre-optimized schedule obtained from a separate ground scheduler,
which is then modified onboard the spacecraft.

This definition does not set any particular constraint on the spacecraft configuration and
perception system. Therefore, it encompasses various mission types, including scenarios
where the spacecraft is equipped with a dedicated sensor, uses its primary instrument as a
lookahead sensor, is part of a leader-follower setup with the leader possessing a lookahead
sensor, employs geostationary satellites as a virtual lookahead, or integrates a sensor web that
combines data from multiple terrestrial and space-based sources [89].

Dynamic targeting and onboard autonomy are certainly not new concepts. The Autonomous
Sciencecraft Experiment demonstrated on JPL's EO-1 spacecraft in 2003 was one of the first to
do onboard re-planning but did not have enough computational power for single-overflight
planning and hence mainly looked at followup observations [76, 90, 91]. Elements of dynamic
targeting were proposed by Damiani [21], where a continuously operating anytime planner
would take input from a forward-looking observation instrument and re-plan a schedule of
tasks, transmitting to a constellation through inter-satellite links. Lenzen [49] proposed a
resource-aware onboard planner for DLR’s FireBird mission consisting of two spacecraft TET-1
and BIROS, which would scan using an infrared camera upcoming regions and schedule follow-
up observations of high-temperature events looking for forest fires, assembling scheduling
fragments based on resource bounds, as discussed in §2.3.2 DLR FireBIRD. Heuristics for
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lookahead pointing using a spacecraft’s primary instrument were developed by Chien and
Troesch [92], defining possible search and follow-up viewing angles for dynamic tasking.
Dynamic targeting is more similar to a set covering problem as we wish to have as much
lookahead of upcoming tasks while expending the least amount of resources, which are
limited and shared between lookahead and imaging. Integrating this problem directly into a
global scheduler can become computationally challenging, and pointing heuristics like these
allow for abstracting some of the problem [91, 92]. Other strategies include approaches
localized to the spacecraft [93] with extensions for constellation-wide awareness [94], and
decentralized and federated scheduling techniques [95]. Additional research includes looking
at dynamic targeting algorithm comparisons [96]. Application cases for dynamic targeting
include deep convective ice storm research [84, 97, 98], planetary boundary layer research
[51], and spectral search applications [69, 70].

2.5 Alternatives to Body-Fixed Lookahead

Dynamic targeting with body-fixed lookahead is only one mission concept that tackles the
problem of unpredictable phenomena in Earth observation. This section discusses some
alternative concepts that are either completely remove the idea of a lookahead sensor, or are
extensions or relaxations to the idea of lookahead.

The simplest solution for onboard autonomy is to screen and rank images already taken by
the spacecraft’s primary imager and filter data before downlink [54, 99, 100]. Data volume
scheduling has been applied to Earth-observing spacecraft [101], as well as to generalized
solar system bodies [102].

Sensor webs externalize the sensing to alternative space or ground sensors. This broadly spec-
ified technique allows for fusion of diverse data sources which can be made extremely robust
for specific applications. Sensor webs have been developed and successfully operationalized
[103], being used for volcano monitoring [104], flood monitoring [105], and more.

Significant investment in meteorological satellites by the United States, European Union, and
Japan has resulted in meteorological satellites in Geostationary Earth Orbit (GEO) covering the
vast majority of Earth’s landmass as shown in Figure 5.9. Since these satellites are dedicated
to meteorology, they image in bands that are extremely amenable for cloud detection, such as
the mid-wave infrared (MWIR) and thermal infrared (TIR). Using meteorological data can be
considered a form of sensor web, with a specific subset of in-space sensors with extremely
wide coverage and applicability to many phenomena.

2.6 Gap Analysis and Thesis Contributions

Comparing previous literature on dynamic tasking reveals several potential gaps. Damiani
[21], Lenzen [49], and Nag [94] all create formulations for onboard scheduling ability.
However, the integration of lookahead sensors varies, with Damiani [21] and Candela [84]
utilizing steered instruments with assumptions that the lookahead instrument can observe
a fixed window in its track. Pointing heuristics are primarily researched by Chien [92] and

40



used as part of the Autonomous Sciencecraft Experiment on EO-1 [91]. Previous work from
Nag [94] and [21] extend these onboard scheduling concepts to constellation scheduling,
but only Damiani [21] considers the problem of constellation-wide lookahead, simplifying
it by assuming always-available inter-satellite links. The problem of constellation-wide data
downlink and replanning has been explored by Kennedy and Dahl [106, 107]. Hence, there is
a gap in dynamic tasking with body-fixed lookahead with extensions for satellite constellations.

Table 2.2: Comparative analysis of features of previous onboard scheduling work, focusing on
integration of a ground scheduler, lookahead methodology, and ability to extend to satellite

constellations.
Work Methods

Onboard Ground Lookahead Lookahead Constellation
Scheduler Scheduler Sensor Heuristic Extensions

Damiani (2005) [21] V v Windowed X v

Lenzen (2014) [49] v Ve v X X

Chien (2015) [92] v X X v X

Nag (2019) [94] v v X X Ve

Candela (2022) [84] V X Windowed X X

Kacker (2025) v Ve v Ve v

The contributions outlined in this thesis are as follows:

1. Software Package for Dynamic Tasking Simulation and Analysis: An extensible
and flexible software package has been developed to support this research, as no
existing software has the breadth to support all the different required components.
More information can be found in §6.3 Software Requirements and full code and
documentation can be found at https://github.com/Shreeyam/phd_code, as well as
source code for core components in §A Core Implementation Details.

2. Analytic and Learned Heuristics for Lookahead Utility Estimation: Metrics for
quantifying the utility of a lookahead action as well as heuristics to estimate the
utility of a lookahead action have been developed, both from first principles from an
approximate scheduling problem and from data, using machine learning. An analysis of
agile dynamic tasking with these heuristics as well as using just-in-time commanding
with meteorological data compared with conventional EO scheduling performance is
also conducted. This contribution is the primary contribution of this thesis.

3. Constellation Extensions with Shared Task States: Extensions of the heuristics as
listed in Contribution 2 to allow them to work across a constellation with awareness
channeled through shared access belief states.
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2.7 Summary

This chapter reviewed the foundations of vision-based autonomy, and the combination of
advances in computer vision and onboard computing that now make advanced onboard
vision-based autonomy feasible. We have also reviewed previous breakthrough missions
serving as technology demonstrators for onboard autonomy, as well as concepts that did not
get demonstrated. From these, we also analyzed dynamic tasking literature, analyzed gaps,
and introduced the main contributions of this thesis. We can now analyze dynamic tasking
subtypes, and evaluate in detail the constraints of operationalizing dynamic tasking on current
EO satellites.
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Chapter 3

Mission Concepts

As mentioned in §2 Background, dynamic tasking can refer to a broad range of different kinds
of mission, so long as perception and response within a single overflight occur. This chapter
expands on dynamic tasking formulations, their interconnections, and also motivates utilizing
onboard vision or proxy vision instruments, such as through other spacecraft. This chapter
also introduces the analysis cases in the rest of this thesis.

3.1 Concept of Operations

1. Acquire 2. Analyze and Re-optimize 3. Execute
Use lookahead instrument to scan Re-optimize schedule based on utility Use primary instrument to capture
upcoming tasks from lookahead observation re-optimized imaging activities

Figure 3.1: Dynamic tasking with body-fixed lookahead framework with initial acquisition,
analysis, and re-optimization of schedule onboard spacecraft.

Dynamic tasking in this work is defined as the capability for a spacecraft to acquire, analyze,
and re-optimize information about upcoming image accesses within the span of a single
overflight, as shown in Figure 3.1. As mentioned in §2.4 Dynamic Targeting Algorithms, we
consider dynamic tasking separate from dynamic targeting, incorporating additionally an
initial schedule solution to be modified.
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Onboard Lookahead Leader-Follower Conventional

20-90 seconds ~1-30 minutes 5-20 hours
seconds minutes hours days
| | latency | | -
GEO Lookahead Sensor Webs
up to 20 min latency at ~minutes to hours
10-15 min cadence (depending on ISLs)

Figure 3.2: Overview of different dynamic tasking mission concepts and associated information
latency for each one, in comparison to conventional scheduling methods.

Many different types of sensors and spacecraft configurations can be used for lookahead and
image capture, with varying amounts of latency between them. Figure 3.2 shows examples of
different dynamically tasked mission types with a comparison to a centralized ground-based
scheduler. Using an onboard lookahead sensor in LEO allows information latency ranging
between approximately 20-9o0 seconds, and has the lowest latency due to viewing in the
immediate vicinity of the spacecraft. The next lowest latency is likely in a leader-follower
constellation, where the belief state between spacecraft can be shared, to avoid wasting
effort—in this situation, the leader can do lookaheads and some imaging, while the follower
gains most of the benefits of the lookahead without actually doing them, subject to task utility
not changing rapidly enough during the gap between leader and follower that the information
performs on par with chance. Utilizing a networked sensor web can have a wide range in
information latency, as specific architectures for the exact sensors, networking latency, and
tasking latency can create huge variations in how fast updated information can get to the
spacecraft [103-105, 108, 109]. Using meteorological satellites in Geostationary Earth Orbit
(GEO) is one form of sensor web, where the information useful to planning upcoming tasks
is transferred from GEO to an imaging spacecraft in LEO using either a bent pipe relay or
inter-satellite link. Using this architecture, the minimum information latency considering the
meteorological downlink pipeline alone can be as little as minutes, with up to a 10 minute
cadence [110]. In this work we look at two cases: (1) a primary case looking at using
a body-fixed lookahead sensor, separate from the main imaging instrument, and (2) a
secondary case utilizing real-time data from meteorological satellites for autonomous
tasking. While spectral properties, resolution, and other aspects of imager performance impact
dynamic tasking, they add complexity for analysis in terms of modeling and data availability,
and are extremely application specific. Here, all aspects of the imager properties and vision
model are abstracted: if an access is visible in the camera’s projection, the access utility can
be obtained exactly.

Considering the primary case of a body-fixed lookahead sensor, most utility is derived by
maximizing the view of all upcoming tasks within the horizon of the spacecraft, subject
to resolution constraints of whatever vision based model is used to obtain updated utility
values. Hence for a body-fixed sensor to be used effectively for dynamic tasking, desirable
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qualities include a wide field of view with the boresight angled up towards the horizon. This
configuration allows the spacecraft to perform a lookahead prior to reaching a scheduled set
of targets, with the option of reorienting the spacecraft to perform a lookahead if doing so is
expected to yield greater utility, acknowledging that such reorientation incurs costs in terms
of both resources and time.

In the secondary case of utilizing meteorological data, considerations include spectral bands
available on the instruments, the cadence at which information can come in, if there is an ISL
available or if all information is sent through ground stations, and how much information
latency is present in the link. Significantly less systems analysis and engineering is required,
primarily because because this operating mode depends on a few select meteorological
satellites that are already in space.

Following a lookahead capture, onboard systems must convert image pixels into georeferenced
world coordinates. Additionally, some form of vision model must also run to derive updated
access utilities from the lookahead capture. Accurate timing, orbit determination, attitude
estimation, and sufficient onboard compute resources are essential for this process. Based on
the updated information, utility values for candidate tasks can be reassessed, and the schedule
may be modified.

Schedule re-optimization can have a large variation in complexity. In the simplest case,
tasks below a specific threshold utility can be excluded from the schedule. Increasing in
complexity, task “fragments” can be swapped in and out of the schedule, similar to algorithms
for finding maximum independent sets [111, 112]. In the full re-optimization case, the
spacecraft also hosts onboard a list of accesses that function as alternates for the schedule.
A lightweight optimizer can then be used to perform a local optimization of the spacecraft
schedule, essentially performing a receding-horizon optimization, as the spacecraft executes
more and more of the schedule. If needed, the spacecraft can also broadcast its updated
belief state across a satellite constellation, which can be used to inform the rest of the satellite
constellation about new estimates for observed task utilities, mark off the task in the current
schedule as observed, or facilitate autonomous tip-and-cue across a constellation. Updating
task utilities in this format can especially help in the case of a heterogeneous constellation,
e.g. a bulk of imaging satellites for conventional imaging tasks, along with a small number
synthetic aperture radar (SAR) constellation to capture high value imaging accesses that could
not be imaged due to cloud cover [113].

3.2 Image Request Dataset

Previous work on spacecraft scheduling has either not disclosed their datasets of requests, use
proprietary data [114], or uses a proxy dataset. Proxy datasets include random samplings
of the Landsat grid [115], and the largest 10,000 world cities [14, 116]. Figure 3.4 shows
the request volume from commercial customers of Planet Labs high resolution imagery.
Qualitatively with comparison to Figure 3.3 it can be observed that most imaging demand
comes from areas where people live, with a bias towards areas of higher economic activity. To
most closely mirror commercial spacecraft requests, this work will consider the top 10,000
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largest world cities as its primary dataset. Using a stationary set of requests also allows for
abstracting where they come from: so long as the requests are in R, it does not matter if the
requests are obtained from a single customer, or aggregated from many different ones.

: » T Cities
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Figure 3.3: Map of 10,000 largest world cities used as proxy for satellite request locations
[116].
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Figure 3.4: Planet SkySat high resolution collection map as of September 2017 [117]. This

map is qualitatively similar to the one shown in Figure 3.3, although with an additional
economic component.
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Figure 3.5: Flow of converting imaging requests from customers into specific imaging
opportunities [14, 118]. Image requests are decomposed into point collects by a tessellator,
then pruned, before collected into all imaging opportunities (accesses) ‘A.

3.3 Spacecraft Scheduling Pipeline

The spacecraft imaging pipeline first starts with imaging requests. Depending on the type
of Earth-observing spacecraft, these requests may originate from different sources. Military
satellites may collate requests based on the needs of the intelligence community alone, while
commercial Earth-observing satellites such as those from Planet Labs and Maxar will gather
requests from customers around the world. In this work, we consider primarily the applications
of commercial spacecraft because data about their operations is more readily available.

Imaging requests can be grouped into four categories: point, strip, and area collects. Point
collects refer to the capture of imagery at specific, discrete locations, often used for high-priority
or high-interest areas. Strip collects involve capturing imagery along a continuous path, which
is particularly well suited for spacecraft with push-broom type imaging sensors. Area collects
refer to collections that require inclusive coverage of a predefined area, conventionally given

as a polygon [14].

These collection types need to be decomposed in a format that is amenable to spacecraft
instruments. Spacecraft sensors for Earth observation are typically either full-frame sensors
or push-broom sensors arranged in an array [119, 120]. With no loss of generality, we can
decompose all of the request types into point collects. This is trivial for all collection types
listed except for strip collects, which can be decomposed to the scheduler as two point collects
at the start and end of the strip, with the constraint that they must be sequential and required
elevated power and data so that the entire strip can be collected continuously between the
start and end.

A tessellator, which converts the spacecraft’s ground footprint into tiled interlocking sections,
can be used to aggregate imaging requests into point collects with the aforementioned caveat
that strip collects for push-broom sensors are decomposed into two points with additional
constraints. Using the point-decomposed imaging requests with an orbit propagator helps
convert each imaging request in R into a set of imaging opportunities, otherwise known as
accesses A, which includes information such as overpass time and roll angle. More details on
the implementation of the access aggregation algorithm used in this work can be found in
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86.2.2 Access Aggregation.

Tasks can be aggregated together if the resulting grouping is more efficient from scheduling
perspective. A practical heuristic for if tasks should be aggregated is if the resources required
to get from one task to another are less than that required to go to the “home” position of the
spacecraft, which is typically specified as either nadir or with solar panels pointing towards
the sun. This approach not only saves scheduling time but also conserves satellite resources.

Imaging requests are considered “missed” if the imaging opportunity was never taken, or if
some aspect of the collected image is not suitable for use. For commercial spacecraft operators
this could mean that a particular image is not billable to a customer. While there is more
literature on conventional spacecraft scheduling, there is little publicly available information
on what classifies a task to be missed. For the purposes of this work the missed task criteria
are abstracted as a binary variable, which can be extended in cases where the exact criteria
are known.

3.4 Image Utility Model

The utility of satellite imagery is strongly long-tailed: a small fraction of accesses can yield
significantly higher utility, while the vast majority provide routine or redundant data. A
convenient way to capture this effect is with the Pareto distribution: long-tailed distributions
naturally model domains where extreme outcomes, though infrequent, dominate the expected
return and align with empirical observations. For example: use cases such as disaster response,
activity monitoring, and domain awareness.

* Disaster response: A single cloud-free overpass immediately after an earthquake
contributes the majority of response value, while dozens of routine passes have otherwise
marginal utility.

* Activity monitoring: Observing a “dark” fishing vessel with no automated identification
system (AIS) signal may provide more utility than monitoring compliant traffic.

* Domain awareness: Identifying an anomalous soil moisture reading or a surprise
stockpile shift in a quarry or forest can outweigh hundreds of otherwise predictable
observations.

Formally, we use two approaches for modeling the intrinsic (access-level) utility c¢;. We use
one approach where all accesses are worth equal amounts

¢ =1,V (3.1)

and another using a long-tailed Pareto distribution

¢ ~ Pareto(x, cmin), (3.2)

where cnin > 0 is a floor on actionable utility and 0 < k < 2 reflects how much the tail
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Figure 3.6: Pareto distribution in the case where k=1, cphin=1. A Pareto distribution is
long-tailed, meaning that many samples are worth near the minimum amount, but the right
tail spans to infinity, hence there is a small probability of drawing samples worth significantly
larger amounts.

governs overall value. In this work, ¢y, and k are both fixed to unit value. An example of this
particular distribution is shown in Figure 3.6.

We treat the true utility of an access as modulated by current cloudy conditions, treating a
point access as zero utility if it is cloudy, and its intrinsic, full utility otherwise. Hence, the
utility of an imaging capture can only be realized when the target is observable. We therefore
modulate ¢ by a deterministic factor that captures sky conditions: In practice, the value of an
access may be modulated by more factors, such as off-nadir roll angle due to orthorectification
requirements, but in this work th

u; = ¢ cear(ry)}> (3.3)

where 1, is the indicator function and clear(x, t) is true when the target latitude-longitude
x is cloud-free at time t. Thus,

ci, if the target is cloud-free,
u; = , (3.4)
0, otherwise.

3.5 Metrics and Research Questions

Based on the the research gaps as described in §2.6 Gap Analysis and Thesis Contributions,
we can arrive at two natural research questions around dynamic tasking:
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Q1. How do we combine lookahead actions with the existing scheduler?
Q2. How much better can we do compared to without dynamic tasking?

We can use the following metrics to evaluate our new dynamic tasking performance, in the
case where each task has equal intrinsic utility [14]:

Mz1. Total number of collected captures: |o|

Mz2. Total number of collected clear captures: |ojear]

|o clear|

M3. Percentage of non-cloudy imagery: o]

This scenario compares raw schedule improvement, without additional noise incurred by the
distribution of task utility. Additionally, these can be plotted on a 2D graph and compared
against the following cases:

C1. Conventional: using no dynamic tasking data and implicitly assuming all accesses are
cloud-free, even though they may not be.

C2. Omniscient: a theoretical case where perfect knowledge of the future is given in the
simulation to assess the optimal (in the case of a MILP scheduler) schedule performance.

C3. Dynamically tasked: utilizing algorithms in this work to improve on the conventional
schedule.

The conventional scheduling strategy, which attempts every opportunity implicitly assuming all
of them are clear, produces the longest schedule; it effectively samples Earth’s intrinsic cloud
distribution and therefore yields the lowest fraction of cloud-free images [4]. At the opposite
extreme, the omniscient strategy with perfect knowledge of future task states selects only
cloud-free accesses. Its plan is shorter yet achieves 100% cloud-free acquisitions, providing a
hard upper bound on cloud-free capture performance.

Finally, to make the results more applicable, we also consider cases using a Pareto-distributed
utility function. These cases can provide numbers that may be more applicable to operation
based on actual customer requests. The metrics in this case are modified to be as follows:

Mg. Total sum of capture utility: J(o) = 3, Ui

|o clear|

Ms. Percentage of non-cloudy imagery: o]

The gap between all the cases is likely to grow significantly in the case of Pareto-distributed
tasks, as the long-tail distribution allows for capture of a single high-value task to completely
alter the utility of the entire schedule. Statistically analysis is therefore difficult, and so these
cases are presented using actual weather data as examples of specific operationalized dynamic
tasking cases rather than for drawing overarching conclusions about algorithms.
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3.6 Application Cases

This work is primarily motivated by application cases relevant to commercial Earth observation
operators. Hence, application cases are selected adjacent to operational characteristics of
existing commercial Earth-observing spacecraft platforms. Table 3.1 shows a variety of
currently operational EO spacecraft and information about their publicly available operating
characteristics. Within the satellites in Table 3.1, 45° is the most common off-nadir pointing
angle, and has hence been adopted as the primary off-nadir pointing angle in this work, which
also sets the field of regard to be the cross-track distance that lies within that off-nadir angle.

Agility characteristics are even more challenging to obtain from commercial satellite operators
due to limited publicly available data. Metrics such as settling time and slew duration are
often considered proprietary and may vary significantly across spacecraft iterations. However,
we consider agility the most important quantity, as it has the most impact on the feasibility
and success of dynamic tasking, due to often being the tightest scheduling constraint. For
example, in the limiting case of infinite agility (i.e. all slews are instant), the system becomes
effectively memory-less, no longer depending on or constrained by any prior action or state.
This memory-less property implies that every access that can be obtained can also be observed,
removing the oversubscribed nature of the problem. This property eliminates the need
for complex scheduling, and reducing dynamic tasking to a near-instantaneous decision
problem—accesses only need to be observed an instant before they are imaged to be able
to remove cloudy ones from the schedule. On the other hand, a certain baseline level of
agility is required for dynamic tasking to be useful. Low-agility platforms can render dynamic
ineffective—for example, in the case where slew times exceed the duration during which a
target transitions from the horizon to nadir, dynamic tasking would be wholly ineffective.

Table 3.1: Field of regard and pointing capabilities of selected tasked Earth-observing satellites,
for targeted instruments generally imaging near-nadir.

Satellite Swath Width [km] Off-Nadir Pointing O,z [deg]
SPOT-6 [121] 60 +45°
WorldView-3 [122] 13.1 +45°
Pleiades-1A/1B [123] 20 +47°
GeoEye-1 [124] 15.2 +60°
IKONOS [125] 11.3 +45°

Table 3.2 shows publicly available data on agility specifications. Since there is a mix of formats
available, the available data has also been rescaled to that of a 90° slew, to make the slew time
applicable to that of a full slew across the +45° field of regard chosen in this work. In cases
where the provided specification is only listed as a time, a linear scaling is used, whereas in
cases where the provided specification is an acceleration and a max slew rate, a bang-bang
[128] slew at max acceleration is used.

Dynamic tasking and agility are tightly coupled: dynamic tasking can only meaningfully
improve performance on agile spacecraft platforms that can accommodate rapid re-targeting.
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Table 3.2: Agility specifications for various satellite platforms, scaled to a 90° slew. Scaling
is done linearly in the case where acceleration specifics are not given, and full bang-bang
specifications otherwise. All missions listed are tasked EO satellites.

Satellite Platform Launch Agility Description Scaled 90° Slew [s]
Pléiades 1A/1B [123] 2011 60° in 25 s (includes settling) 37.5
Pléiades Neo [126] 2022 60°in 20s 30.0
WorldView 1 [19, 127] 2007  2.5°s72 accel; 4.5°s™! max rate 24.7
SPOT-6 [121] 2012 30°in 14s 42.0

Based on the agility performance in Table 3.2, two agility cases are considered in this work:
(1) the case of an agile satellite, which pushes the limits of what can be achieved today,
to show the potential benefits of dynamic tasking on existing bus designs, and (2) that of
an ultra-agile spacecraft, to show what might be possible in the future. These cases are
shown in Table 3.3. As aforementioned, dynamic tasking requires a high agility bus to be
worthwhile. For this reason, a comparison case for a spacecraft bus with more conventional
agility characteristics has been omitted. Further discussion of agility’s impact on scheduling
can be found in §4.1.3 Agility. While agility is a prime driver when considering dynamic
tasking with a body-fixed lookahead sensor, an electronically steerable instrument such as
the fold mirror on GOSAT-2’s TANSO-FTS-2 spectrometer [81] or a radar-based instrument
[129] decouple spacecraft agility from lookahead actions and ameliorate agility resources
constraints associated with agile lookahead.

Table 3.3: Slew and settling characteristics by agility class, for comparison cases used in this
thesis.

Class Field of Regard Rotating Time (across FoR) Settling Time
Ultra-agile 45° 15S 5S
Agile 45° 25'S 10°S

3.7 Summary

This chapter introduced various forms of dynamic tasking, narrowing our focus to using
meteorological data and body-fixed lookahead. Additionally, the spacecraft scheduling
pipeline, along with accompanying datasets and metrics used in this work have also been
introduced, and, following an analysis of current state-of-the-art spacecraft performance,
we select an agile and an ultra-agile spacecraft case to analyze. Now, we can evaluate the
scheduling problem in detail and inspect how various operational constraints affect scheduling
performance.
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Chapter 4

Satellite Resources, Constraints, and
Scheduling

Scheduling algorithms for Earth-observing spacecraft are useful to cover as a starting point for
dynamic tasking algorithms, as building incrementally on existing infrastructure that already
services space missions drastically increases the applicability of the algorithms developed in
this work, making the requires changes incremental instead of starting afresh. This chapter
primarily focuses on scheduling from a centralized scheduling system rather than a distributed
or federated scheduling system, as this is the simplest case.

4.1 Satellite Resources

Earth-observing spacecraft have various resource constraints that must be managed carefully
during operations. The main resources that must be considered for scheduling problems are:

1. Power: The availability of power from the batteries and solar panels.
2. Data: The availability of onboard storage and downlink bandwidth.
3. Agility: The ability of the spacecraft to re-orient itself and settle.

Certainly this is not an exhaustive list of all spacecraft resources that must be considered
during operations but are the ones that are most likely to be constraining during day-to-day
operations of imaging spacecraft.

Modeling all of these resources at high fidelity can become computationally intractable when
considering the combinatorial nature of scheduling problems [130]. Spacecraft resource
management is its own field of study due to the inherent complexity of managing a fleet of
assets that cannot be serviced in a hostile environment. Modeling all aspects of the these
resources in high fidelity often requires non-linear non-continuous optimization with lots of
parameters to be accurately modeled [130]. For scheduling problems, simplifications are often
made to these resources in order to make them computationally tractable for the scheduler
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to handle. The key thing for the simplified constraints is that they must over-estimate the
required resources for actions so that some margin is built in during execution of the schedule.

4.1.1 Power

Power on Earth-observing spacecraft is provided by batteries, and replenished by solar panel
charging. Power depends on the angle of the sun to the solar panels, operational mode of
the spacecraft, which phase of the orbit the spacecraft is in, control of the Maximum Power
Point Tracker (MPPT), component temperatures, charging efficiency, and current state of
charge of the battery system [119]. Damiani [21] utilizes an energy model which assumes
that all energy during daytime operations is covered by the solar panels and that batteries
are fully charged going into eclipse. Then power consumption is modeled as permanent
and temporary, e.g. bus power is permanent and observations temporarily increase power
consumption. Bianchessi [131] does not explicitly model power consumption but instead
utilizes a constraint on total duty cycle of the spacecraft that can be dedicated to imaging.
Eddy [115] utilizes the expressiveness of a Markov Decision Process (MDP) to formulate
power from the solar panels as constant inflow, and observations and slews taking a certain
fixed amount of power from the batteries. Herrmann [132] uses the full expressiveness of
a tree-search formulation to model power dependent on the incident angle to the sun, with
instruments taking a fixed amount of power as a mission parameter.

4.1.2 Data

Data refers to both onboard storage capacity as the source and downlink over ground stations
as the sinks. Unlike imaging activities which are distributed over Earth’s surface, ground
stations are typically placed near the poles due to the high revisit rates [133], leading to smaller
windows where downlinks are feasible, approximately 10 minutes long in LEO. Bensena [134]
utilizes constraints on onboard storage capacity alone and does not model downlink explicitly.
Bianchessi [114] utilizes a greedy downlink modeling approach where images are off-loaded
in a first-in first-out fashion with several heuristics examined, including always taking the
next downlink opportunity, and taking the next downlink with a probability dependent on
the amount of onboard data. Augenstein [133] utilizes a high-fidelity data model which takes
into account specific downlink times and data rates along with a required minimum contact
frequency with a ground station. As the specific problem formulation used by Augenstein
makes simultaneous downlink and image scheduling non-trivial, the optimization program is
split by first scheduling downlinks with a heuristic for imaging activity, and then scheduling
imaging. A deconfliction algorithm is also used in order to prevent simultaneous downlinks
from multiple satellites in a constellation. Eddy [115] utilizes an MDP to model downlinks
with a constant data rate with rewards dependent on the length of the downlink; and negative
rewards associated with taking downlink actions when not over a ground station.
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4.1.3 Agility

Agility is the ability of a spacecraft to re-orient itself. It consists of both the required time to
get from one attitude to another, starting at rest and ending at rest, including the settling
time required for vibrations in the spacecraft to dampen enough that image quality meets
requirements. Optimizing for slewing time is a multi-objective engineering problem, and
settling time depends on specific spacecraft structural dynamics, attitude control system [135],
and fluid mechanics in the case of spacecraft with a liquid propulsion tank or cooling system.
Many researchers abstract agility as a general monotonic function that returns the required
time to transition from one task to another [21, 22, 134, 136, 137]. Simplified models include
linear agility models such as that used by Eddy [111] and depicted in Figure 4.1a. Linear
agility models are certainly not representative of any real-world dynamics of the spacecraft
and hence overestimate required slew times in certain regimes, but are extremely cheap to
compute and can be useful for extremely large problems consisting of millions of variables
and constraints. The next option is to use a constant acceleration model otherwise known as
“bang-bang” as depicted in Figure 4.1b which is used by Herrmann [132] with individually
modeled reaction wheels. Nag [94, 138] utilizes a bang-bang agility model in conjunction
with a proportional-derivative (PD) controller.
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Slew Angle [rad] Slew Angle [rad]
(a) Linear agility. (b) Bang-bang agility (constant torque).

Figure 4.1: Example simplified agility models. Linear agility uses a simple linear model,
whereas bang-bang agility uses a constant acceleration model, hence the required time is
proportional to the square root of the slew. A constant factor is also added to account for
settling time.

The spacecraft must come to rest (within a certain threshold dependent on ground resolution)
in order to image a target, meaning that agility cannot be “stored” in the same way that power
and data can be. Instead, agility needs to be immediately available to go from one task to
another, unlike power and data which can be stored via onboard batteries and storage. If two
tasks are too close to each other in time, and there is insufficient agility to transition between
them, there is nothing that can be done to schedule that transition. This is markedly different
and much more constraining than power and data, where previous actions in the schedule can
affect the ability to incorporate new tasks. This can make agility often the tightest constraint
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out of all the resources, and it is the main constraint considered in all previous work, as shown
in Table 4.1.

4.2 Schedulers and Limitations

Now that constraints and modeling approaches have been defined, we can explore different
scheduling algorithms and their respective limitations. Many different methods have been
applied to scheduling Earth observation tasks—the problem can be represented in many
different ways with different underlying assumptions and limitations. An overview of some of
the methods that have been applied in previous research are shown in Table 4.1.

Table 4.1: Review of a selection of constraints and methods considered in spacecraft activity
scheduling problems, presented in chronological order. Based on author affiliations, the main
ones that are being used to service space operations are Augenstein (2016) [133] and possibly
Eddy (2021) [14].

Constraints
Worlk Method Agility Data Power

Bensana (1999) [134] MILP v v

Wolfe (2000) [136] Greedy Heuristic + Genetic Algorithm v

Lemaitre (2002) [22] Greedy Heuristic + Graph Ve

Damiani (2005) [21] Greedy Heuristic + MILP v Ve v
Bianchessi (2007) [131] Greedy Heuristic v

Bianchessi (2008) [114] Greedy Heuristic v Ve v
Augenstein (2014) [137] Graph v

Augenstein (2016) [133] MILP v v

Nag (2018) [138] MILP v

Nag (2019) [94] MILP v

Hadj-Salah (2019) [139] RL (A2C) v

Eddy (2020) [115] Markov Decision Process v ve v
Eddy (2021) [111] Maximum Independent Set v

Herrmann (2022) [140] RL (MCTS) v v v
Wang (2023) [141] RL (Policy Gradient) v v

4.2.1 Centralized Scheduling

Formulating the spacecraft task scheduling problem as an optimization, the objective can be
given simply as

o) = > uia, (4.1)

a,co

where A is the set of imaging opportunities, u; refers to the utility of an imaging opportunity,
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and q; is a binary variable indicating whether the request is in the schedule, where we wish to
maximize the total sum of reward subject to constraints on spacecraft resources.

The simplest method of scheduling in this formulation is from any one step, taking the next
best feasible opportunity, where feasibility is derived from resource constraints. This method is
referred to as a greedy algorithm, or priority dispatch [114, 131, 136] where locally optimal
actions are taken at each step based on a heuristic. In temporal space this means taking
the next imaging opportunity that is both available and reachable, and has been applied to
scheduling the COSMO-SkyMed constellation of synthetic aperture radar (SAR) satellites
[114]. Wolfe et al. [136] applied modifications to the greedy algorithm where instead of being
greedy directly in the sequence of imaging opportunities, they first mapped the highest-reward
activity to be scheduled to its optimal request and then iterated until complete [136]. In the
Wolfe approach, the algorithm is greedy in the reward space instead of the action space and
performs better than the temporally greedy algorithm, although with longer runtime.

Greedy algorithms are extremely fast to implement due to the fact that they do not backtrack
and only do local searches. This is helpful for scheduling problems where compute is limited,
such as due to onboard resources. This makes them well-suited for scenarios where rapid
decision-making is critical, despite the purely local approach not yielding optimal results.

Mixed Integer Linear Programming (MILP) is an optimization technique that addresses
problems that can be represented by linear or integer costs and constraints. Many powerful
and well-optimized commercial solvers exist for problems that can be represented as MILPs,
which makes them extremely powerful and extensible. MILP-based techniques have wide
applicability for machine scheduling problems [142] and many different types of scheduling
problems in space [106, 143]. Additionally due to the inherently convex nature of the costs
and constraints, MILP solutions can be verifiably optimal, which is often used as a comparison
case [111, 137, 139, 144].

For the single spacecraft Earth observation problem, the MILP version of the problem is given
by

max E c;a;

a;eA
subject to a;,a;j € {0, 1}
a; +aj < 1Vk (Cli, aj) =0, ai, aj € A, k e 7(,

(4.2)

where k is an element in the set of constraints K, and x;, c¢; are defined as in Equation 4.1.
While the bang-bang agility function itself is non-linear, the program is still linear in the
decision variables and hence still a valid MILP. The constraints on agility can be formulated as

1 iftgew(0;—0;) < tj—t

kagitity (ai, aj) = {O , (4.3)

otherwise

where tgew () represents the slew time between two roll angles as given by
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tslew = s + ,B V |A9|, (4.4)

where f is an agility parameter. 0;, t;, 0;, t; represent the roll angle and the time of the
upcoming task j and the current task i, respectively. Importantly, this formulation abstracts the
notion of angular momentum, and implementation of how it is generated or stored, meaning
reaction wheels or control moment gyroscopes are equally well modeled.

The repetition constraint can be formulated as

1 ifl‘i =rj

krepetition (ai: aj) = (4.5)

0 otherwise ’

where r; refers to the individual request associated with an imaging access a;.

Limitations of MILPs include that all costs and constraints must be linear or integer variables
and that the number of decision variables is fixed. Hence, complex agility models beyond
the scope of what is discussed above may not be possible at all or require modifications to
the problem formulation. Nag [94] utilizes a formulation where the pointing directions of
the spacecraft are discretized in order to use a dynamics-based slewing model based on PD
control. However this discretization requires many more decision variables to be added to the
program for every single imaging opportunity—in the worst case, as many the square of the
number of discretized pointing angles—which can impact solve times and requires additional
memory [138]. Modifications to this scheduling system have been proposed to run onboard
with optimizations such as discretization of orbit propagation into discrete ground points to
allow the algorithms to run onboard [94].

Additionally due to the linear nature of the program, scheduling data downlink in proportion to
imaging opportunity is not possible without making the program non-linear, as this introduces
a dependence on other decision variables. Augenstein [133] mitigates this complexity by
splitting up the scheduling problem into two iterative programs: one for imaging and one
for downlink, with a heuristic for image activity used in downlink scheduling that links the
imaging and downlink programs together.

MILPs can be extended to constellation scheduling by adding sets of binary decision variables
for each spacecraft and an additional mutual exclusion constraint for each satellite, ensuring
that for each imaging request, only one satellite is used to cover it [94, 133, 138]. Likewise
for the single-satellite case, MILPs can find verifiably optimal solutions for constellations, but
with more complex programs due to the additional constellation mutual exclusion constraints
involved.

Problems relating to decision making can also be represented as graph traversal. In the
scheduling problem, vertices V can be used to represent imaging opportunities in X and edges
E can be drawn between each vertex representing feasible transitions from one vertex to
another based on resources. Observations with a continuous decision for start and end times
can be discretized to fit into this scheme [137]. Finding the optimal schedule then transforms
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(a) Directed acyclic graph (DAG). (b) Longest path through DAG.

Figure 4.2: Example directed acyclic graph (DAG) with 6 nodes, showing (a) transitions and
(b) longest unweighted path through DAG.

into finding the longest weighted path in the graph, as this results in the most imaging utility
obtained, as depicted in Figure 4.2. Scheduling problems where transitions between vertices
V are transitive, i.e., VA,B,C €V, (A - B) A (B — C) = (A — C) can be represented as
a directed graph. Scheduling problems have a natural causality in them as time cannot move
backwards, which means that they can be represented as directed acyclic graphs (DAGs), or
digraphs.

Due to the transitive requirement on the constraints, only agility constraints can be modeled
this way. Since power and data constraints have a memory effect due to batteries and onboard
storage, this means that their resources depend on the entire trajectory. If power and data
constraints are incorporated into the problem, the graph search problem degenerates from
a graph traversal problem to a tree search problem with significantly higher combinatorial
complexity.

Graph scheduling methods are not nearly as expressive as MILPs, but are easily interpretable
and visualizable, allowing for easy human interaction with the scheduler [137]. Constraints
for forcing tasks in and out can be used to manually prioritize certain tasks over others and
can be connected to a user interface for rapid manual direction of tasks [137]. Since all
activities far into the future are possible in the case of agility-only scheduling, the generated
graphs can become extremely dense, with up to 97% edge density in typical cases [14]. A
sparsification approach can be used to tackle this combinatorial complexity. Boerkoel et al.
[144] used a sparsification approach where any edges longer than a pre-determined planning
horizon are not connected, significantly reducing combinatorial complexity.

Graph-based approaches do not naturally extend to constellation planning. Unlike the
MILP based solution where more decision variables could be added to the program with
mutual exclusion constraints, constellation scheduling with a graph-based scheduling approach
requires perioidic re-synchronization of local per-satellite graph searches [14], or doing an
iterative improvement after each schedule has been constructed [144]. Performing iterative
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solves adds significantly more complexity, which may make alternate methods preferable.

Markov Decision Processes (MDPs) are problems where actions can be taken in a state
space based on a transition function, with rewards obtained at each step. MDPs are typically
solved by determining the value function of each state and finding a set of state transitions
based on the obtained value function, characterizing the long-term value of each state. MDPs
are typically discretized at particular timesteps—this approach is followed by Candela et al.
[84] for a dynamic targeting problem. For long planning horizon problems, this approach can
become computationally intractable. Eddy [115] proposes a
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Chapter 5

Lookahead System Design and Drivers

With the pointing requirements and agility specifications defined, this chapter discusses the
main system drivers behind lookahead instruments. As mentioned in §3 Mission Concepts, this
thesis considers two cases of lookahead instrument: a body-fixed lookahead instrument, and
that of using data from meteorological satellites in GEO as a virtual lookahead instrument. For
both of these cases, there is a significant amount of spherical geometry and orbital dynamics
involved, hence we first introduce the required quantities before analyzing these systems
in-depth. Finally, based on the systems analyses as presented, final analysis cases for the
lookahead are obtained, which are used in §6 Sensing and Dynamic Tasking for analysis.

5.1 Brief Review of Orbits and Spherical Geometry

Starting from orbital velocity as defined by

Uorbit = \/E: (5.1)
a

where p1 is the gravitational parameter for Earth, and a is the semi-major axis, which is always
equal to Rg + h in the case of circular orbits considered in this thesis. Under these assumptions,
the track velocity of the spacecraft projected back onto Earth’s surface is

_ Rg _ Ha
Utrack = UVorbit = . (5.2)
a R

Horizon distance and track velocity set a hard limit on how far into the future a lookahead
instrument can observe. Straight-line horizon distance shown as line segment SH in Figure 5.1
is given by

SH = \/(RE +h)? — R2. (5.3)
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Figure 5.1: Spherical geometry diagram showing Earth, EO spacecraft at S, horizon H, nadir
projected point N, and arbitrary point P.

The arc length NH from Figure 5.1 is given by

— Rg
NH = Rg arccos . .
E (RE n h) (5.4)

Hence, the total time until a point at the horizon comes to nadir is

Rg

Utrack

thorizon =

arccos Re (5.5)
RE+h ’ 55

Generalizing further, for any arbitrary point P as shown in Figure 5.1, positioned at an angle
a pitched in front of the spacecraft at point S, the track distance to nadir N is

(Rg + h) sin® a + cos a \/RIZE — (R+h)2sin«a

R, (5.6)

dtrack(a) = R arccos

The total time for any point P situated in front of the spacecraft at S at an angle « to be
coincident with the projected nadir point N is
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_ dtrack(a)
tpoint = ————

(5.7)
Utrack

which can be used to size the required vertical field of view of the lookahead subject to timing
constraints.

5.2 Vision-Based Instruments

For the case of a body-fixed lookahead sensor, the goal is not only to have sufficient resolution
in order to be able to classify pixels in the image, but also with a wide enough field of view
to have enough coverage and time to be able to re-optimize the schedule onboard. In this
work, we reframe the resolution requirements as a minimization of ground sampling distance,
subject to constraints relating to temporal and spatial coverage of the instrument.

We first evaluate timing requirements in terms of timing requirements and translate those
into requirements on vertical field of view based on quantities obtained in §5.1 Brief Review
of Orbits and Spherical Geometry. Then, we consider constraints on the horizontal field of
view based on the predicted vertical field of view.

For the vertical field of view, we make two assumptions:

1. Spacecraft Neutral Position: That the spacecraft’s neutral position after completing a
task while imaging is to point the primary instrument directly towards nadir.

2. Nadir Edge on Lookahead: The lookahead instrument’s field of view has its bottom
edge at nadir, implying that the boresight pitch of the lookahead instrument is always
equal to half the vertical field of view.

Figure 5.3 shows how much time it takes for a point at the horizon to come to nadir depending
on the angle of lookahead. Some desirable attributes for this lookahead instrument are:

* Slew Time: The ability to look ahead of the orbital path with the time it takes to do a
full slew between one side of the field of regard to the other, so that all tasks that can be
observed are also reachable.

* Pitching Field of Regard: The ability to look beyond nadir when in the worst case
operational mode, i.e., pitched fully backwards in the nominal field of regard.

* Settling Time: Incorporating settling time in the agility models can result in cases
where tasks are viewable but no actions can be taken due to the settling time. This
implies that there are regions where it is never worth performing a lookahead.

For the horizontal field of view, constraints primarily depend on the field of regard. As long as
both edges of the field of regard are within the lookahead sensor field of view, and the task
utility is unlikely to change significantly between observation in the lookahead and when
imaging, then the utility for every task within the field of regard will be observable at least
at some time. At minimum, the horizontal field of view must be large enough to view both
edges of the field of regard at nadir. Depending on the pitch the angular extent of the field of
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Figure 5.2: Lookahead time depending on angle along-track from nadir for orbital altitudes
400 km (ISS LEO), 550 km (SSO), and 1000 km. Increasing altitude allows for farther
lookahead time at a lower angle at the cost of resolution.

regard can vary. In the extreme case, both edges of the field of regard must also be visible
while the spacecraft is rolled at its maximum off-nadir angle for acquiring an imaging access.
These horizontal constraints are visualized in Figure 5.4 and summarized as follows:

* Nadir Field of Regard: The ability to view both edges of the field of regard while at
nadir.

* Rolled Field of Regard: The ability to view both edges of the field of regard while
rolled over at the maximum off-nadir angle.

The lookahead time for orbital altitudes including 400 km ISS LEO and 550 km SSO are shown
in Figure 5.2. Initially, the lookahead time rises almost linearly, before rising much more
rapidly around the horizon and abruptly leveling off once the horizon is in view. As orbital
altitude increases, the maximum lookahead time along with the angle required to achieve it
both decrease, however at the cost of resolution.

The lookahead time along with accompanying vertical field of view constraints are shown in
Figure 5.3 for both the agile and ultra-agile cases. For the case of an agile spacecraft with
significant off-nadir pointing capability, the tightest constraint is actually on the viewing both
edges of the field of regard, which completely overwhelms timing constraints on slewing. The
field of regard constraint also necessitates at least approximately one minute of lookahead
time. The ground footprint is shown in Figure 5.5 and goes through several regimes, with
initially a concave extreme edge which gets exaggerated more and more until the camera is
entirely over the horizon, causing that particular edge to become convex, as it snaps to the
horizon itself rather than the camera’s frame.

Extending these constraints with the horizontal field of view constraints as in Figure 5.6,2?
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Figure 5.3: Lookahead time constraints for vertical field of view of lookahead instrument for
the agile and ultra-agile cases considered in this thesis. Horizontal field of view constraints
are the tightest constraints.

the tightest constraints on camera field of view become almost exclusively those based on
horizontal field of regard constraints. In the most extreme case where the spacecraft is rolled
over to its maximum off-nadir pointing angle, it becomes the only tight constraint.

Table 5.1: Lookahead instrument configurations considered in this work, consisting of a
stationary case which does not require additional re-orientation of the spacecraft for full
observability of upcoming tasks, and an agile case, which requires re-orientation for full
observability.

Case Vertical FoV [deg] Horizontal FoV [deg] Boresight Pitch [deg]
Stationary Lookahead 60 60 30
Agile Lookahead 45 45 22.5

Satisfying all of these imaging constraints allows for dynamic tasking with full observability
of upcoming tasks, without requiring any re-orientation of the spacecraft. In this work we
consider two cases: one with a wide field of view instrument satisfying all aforementioned
constraints that needs no additional re-orientation for fully observable lookahead (stationary
case), and a case with a narrower field of view instrument that requires re-orientation of the
spacecraft for observability, otherwise referred to in this work as agile lookahead. Lookahead
instrument cases are summarized in Table 5.1, with the stationary case using a 60°x60° field
of view, and the agile case using a 45°x45°. These cases are also visualized with a simulated
camera view from orbit in Figure 5.7, with the same boresight angle, to highlight how much
narrower the agile case is.
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Figure 5.4: Highlighted vision constraints on lookahead instrument field of view, (a) at nadir
and (b) at extreme roll angles at edge of field of regard. Visualization contains lookahead field
of view highlighted in red, with surroundings for context. Objective for lookahead instrument

design is to be able to see both field of regard ground track edges at nadir and at maximum
roll.

10°N 10°N

36°W  30°W  24°W  18°W 36°W  30°W  24°W  18°W 36°W  30°W  24°W  18°W

36°W  30°W  24°W  18°W

(@) o° (viewing nadir). (b) 35° (baseline pitch). (c) 47° (clipping hori-(d) 60° (horizon fully vis-
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Figure 5.5: Coverage of lookahead instrument with 45°%x45° field of view at various pitch
angles.

5.3 Virtual Lookahead with Meteorological Data

Meteorological satellites in GEO provide important observations to inform weather monitoring.
Satellites from many different nations cover different regions of the Earth. These satellites
are typically equipped with high resolution, high refresh rate scanning instruments with
several different wavelength bands. The scanning instruments on these spacecraft can deliver
full-disk images up to a rate of every 10 minutes, with specific regions of Earth being scanned
even faster than that to allow for tracking of fast-moving weather events [110]. The specific
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Figure 5.6: Lookahead time for a point at an angle away from the spacecraft to come to nadir
at 400 km altitude, for ultra-agile and agile spacecraft cases considered in this work. The only
difference between these two plots is the set of agility constraints on the bottom.

1000 T T T T T
=== Field of Regard = —— 60°%x60° FoV
m—— Horizon —— 45°x45° FoV
800 b
600 / ,/// \\\\—\\
@ // \\
'6‘ 4,/ \\\
H 400 N
— / \
) /s N
// \\
200 ¢/ E
O L o
_200 " " " 1 " " " 1 " " " 1 " " " 1 " " " 1 " " "
-200 0 200 400 600 800 1000
x [pixels]

Figure 5.7: Example showing camera projection simulation, along with projected field of
regard, horizon, and camera field of view for 60°x60° stationary case and 45°x45° agile case.
Both views are shown at the same boresight pitch of 50°.

service regions, satellites, instruments, center longitudes, and full-disk image cadences used
in this work are provided in Table 5.2. The associated instruments, their available bands, and

67



L B Meteorological Satellite in GEO

1. Ground Station Uplink
(every ~45 mins)

Relay Satellite

3. Relay
(realtime)

Meteorologic Imaging Satellite

. Relay
downlink uplink
N N Iz Vz

Meteorological
N g% fomink - &/ %
. e
8 Imaging uplink 8
Database Database

Figure 5.8: Diagram showing methods by which data from meteorological satellites can be
transferred to imaging satellites. (1) Data can be relayed through downlinking, extracting
from a database, and uplinking to the satellite, resulting in communication gaps. (2) Data can
also be obtained in near realtime through direct reception by the imaging satellite through an
antenna, or (3) relayed through a network such as Iridium, GlobalStar, or the NASA Tracking
and Data Relay Satellite (TDRS) system.

nadir GSD are provided in Table 5.3.

For the case of a virtual lookahead sensor using meteorological from GEO data, there is
significantly less systems analysis on the instrument side, as all the instruments are already
flying onboard current meteorological spacecraft. However, while the instrument configuration
is fixed, locating the lookahead instrument away from the spacecraft introduces additional
complexity in terms of data transfer between the meteorological spacecraft and imaging
spacecraft.

There are three main ways that data can be processed and transferred from a meteorological
satellite to an imaging satellite, as shown in Figure 5.8. Images from the meteorological
satellites are downlinked through a high-rate radio, that allows for L1 imagery to be available
through storage systems such as through Amazon S3 within minutes after capture and
downlink [110], with processed L2 imagery being processed and delivered a few hours later.
Since the data is publicly available, it can be retrieved by the imaging satellite’s ground station,
and then either (1) uplinked via the ground station, or (3) relayed by another satellite through
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Table 5.2: Selected meteorological satellites in GEO providing full-disk imagery, with associated
instrument, center longitude, and full-disk image cadence, current as of 2025-04-01. GOES-19
replaced GOES-16 as the operational GOES East service spacecraft on 2025-04-07.

Service Satellite Instrument Center Longitude Full-Disk Cadence
GOES East [145] GOES-16 ABI 75.2° W 10 minutes
GOES West [145] GOES-18 ABI 137.2°W 10 minutes
Meteosat ZDS [146] Meteosat-10 SEVIRI o°E 15 minutes
MeteoSat IODC [146] Meteosat-9  SEVIRI 45.5° E 15 minutes
Himawari [147] Himawari-9 AHI 140.7° E 10 minutes

Table 5.3: Table of instruments, available bands, and nadir GSD range from instruments
onboard satellites listed in Table 5.2.

Instrument Bands [pm] Nadir GSD [km]
ABI (GOES) [148] 0.47, 0.64, 0.86, 1.37, 1.6, 2.2, 3.9, 6.2, 6.9, 7.3, 8.4, 9.6, 10.3, 11.2, 12.3, 13.3 0.5 - 2.0
SEVIRI (Meteosat) [149] 0.4 — 1.1 broad, 0.60, 0.81, 1.60, 3.90, 6.25, 7.35, 8.70, 9.66, 10.8, 12.0, 13.4 1-3.0
AHI (Himawari) [147] 0.47, 0.51, 0.64, 0.86, 1.60, 2.3, 3.9, 6.2, 6.9, 7.3, 8.6, 9.6, 10.4, 11.2, 12.4, 13.3 0.5 — 2.0

a system like Iridium, GlobalStar, or the NASA Tracking and Data Relay Satellite (TDRS)
system. Additionally, through low-rate channels such as through GOES’ High Rate Information
Transmission / Emergency Managers Weather Information Network (HRIT/EMWIN) low-rate
broadcast system, multispectral imagery can also be (2) directly downlinked to the imaging
satellite, although this requires additional licensing and hardware [109]. Using either (2)
or the (3) allows real-time decision making, whereas communication gaps from a ground
station means updates can only be transferred approximately every 45 minutes for an imaging
satellite in LEO.

We consider data from the Geostationary Operational Environmental Satellites (GOES)
program, the Meteosat Second Generation (MSG) program, and the Himawari program.
Figure 5.9 shows the total theoretical coverage of these spacecraft along with the largest
10,000 world cities dataset used in this work [116]. Figure 5.9 shows that the theoretical
coverage of these spacecraft spans the globe, up to approximately +8o degrees latitude,
although with ground sample distance (GSD) significantly decreasing at grazing incidences,
starting at 1 km for most bands at nadir and 10+ km at imaging limits, as visualized in
Figure 5.11. Figure 5.10 shows the same coverage, but grouped by minimum imaging cadence,
where the majority of the Earth is served by satellites with 10-minute coverage, with areas
of Europe, Africa, and the Middle East only affording 15-minute coverage. L2 data such as
binarized cloud masks however are typically more limited in coverage as compared to L1 data,
due to the complexity of obtaining reflectance values for grazing incidences. Cloud masking
algorithms from these spacecraft can rely on emissive bands as well as reflective bands, hence
cloud masks can be obtained even at night, allowing for global coverage, although with
artifacts along the day/night terminator line due to rapidly changing irradiance values from
the sun.
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Figure 5.9: Theoretical (dotted) and actual (solid) coverage of selected meteorological
satellites. Actual data coverage of products such as cloud masks is typically narrower, due
to complexities of deriving reflectance data at grazing incidences. The largest 10,000 world
cities used in this work as an imaging target dataset are also overlaid [116].

5.4 Summary

This chapter conducted systems analysis for the design of lookahead instruments for dynamic
tasking. We introduced the orbital and geometric relationships that bound the amount of
lookahead time available and defined constraints that govern field of view requirements. From
these, two representative instrument configurations were defined: a 60°x60° stationary case
that achieves full observability without re-orienting the spacecraft, and a narrower 45°x45°
case that requires spacecraft maneuvers, referred to as agile lookahead.

We also considered the use of meteorological satellites in GEO as virtual lookahead instruments,
highlighting their cadence, coverage, and data-transfer pathways. While such external sensors
reduce spacecraft payload complexity, they introduce latency and communication challenges.
Together, these analyses define the baseline lookahead cases used in subsequent dynamic
tasking evaluations.
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Figure 5.10: Global GEO satellite coverage map organized by the most frequent full-disk
image cadence from meteorological, with 10,000 world cities dataset overlaid. The majority of
Earth’s surface is covered by satellites that can give 10-minute full-disk image cadence, except
for parts of Europe, Africa, and the Middle East, which are exclusively covered by Meteosat
and can do only a 15-minute full-disk image cadence.
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Figure 5.11: World map of minimum GSD reduction due to grazing incidences based on
satellites in Table 5.2. Reduction is caused by grazing incidences smearing pixels over larger
ground surface. GSD reduction is minimized at nadir, obtaining true GSD values.
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Chapter 6

Sensing and Dynamic Tasking

In this chapter, we take all the concepts introduced in previous chapters and piece them
together in a dynamic tasking formulation. In this chapter, the spacecraft and instrumentation
cases used in this work are summarized, the exact problem definition for dynamic tasking is
introduced, a method by which existing scheduling algorithms for spacecraft are extended
to enable dynamic tasking, camera simulation and software details are given, methods for
onboard schedule repair are introduced, and results with real-world task information and
states are aggregated. It is important to note that the analysis presented here, while extensible,
is a point analysis on a highly parameterized space—there are a large number of mission
concepts and drivers not considered in this work as the space is highly parameterized.

6.1 Dynamic Tasking Problem

In this work, we consider dynamic tasking distinct from dynamic targeting, where dynamic
tasking maintains an initially scheduled solution. We can then consider dynamic tasking a
different, but related problem to the scheduling problem denoted in §4 Satellite Resources,
Constraints, and Scheduling. Scheduling itself can be considered a form of orienteering
problem, where a subset of nodes in a graph must be visited to maximize a set of known
rewards, similar in concept to a Knapsack problem combined with a Traveling Salesman
Problem (TSP) [150]. Dynamic tasking replaces known rewards with stochastic rewards
and also adds the aspect of “observing” upcoming tasks within a horizon. This modified
problem can be considered an Adaptive Stochastic Orienteering Problem (ASOP) [151, 152].
The full-fidelity ASOP can be described as a Partially Observable Markov Decision Process
(POMDP). The state s; is defined as

se=1{0,r,0}, (6.1)
where @ represents the current roll, pitch, and yaw of the spacecraft, and p is a vector of

tuples, denoting all of the spacecraft accesses and its belief state (i.e. clear or cloudy), and o
represents the current schedule. The set of actions, or decisions, at any time t, d, is defined as
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d; € {slew, observe, image}. (6.2)

This exact form of the problem is provided primarily as a formal reference and will not be
used in this work, as the combinatoric space balloons massively and becomes computationally
intractable with a large number of tasks. In this work we instead first use the schedule
obtained from a conventional MILP solver, and then interleave lookahead maneuvers greedily,
based on where a heuristic shows that the schedule is likely to improve. The MILP can be
used also as a benchmark, as if we give it information about access states, it will produce an
optimal schedule as if it has perfect futuresight, representing a theoretical upper bound on
performance.

6.2 Approach

K Spacecraft .
" Take Imaging E
E Action i
E Evaluate ‘
i I Lookahead vs '
: Imaging '
| Take Lookahead Evaluate with Obtain updated Re-optimize .
' . o« > e > schedule i
J Action vision model access utilities '
' onboard !

Uplink initial Downlink imagery, Transmit bel.l ef stg te
. to constellation via
schedule belief states

ISL (optional)
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Figure 6.1: Dynamic tasking with body-fixed lookahead framework with initial acquisition,
analysis, and re-optimization of schedule onboard spacecraft.

There are many potential approaches and methods for dynamic tasking algorithms, ranging
from extensions to existing scheduling methods as described in §4 Satellite Resources,
Constraints, and Scheduling, up to entirely end-to-end learned methods. This work focuses
on dynamic tasking algorithms that are operationalizable-hence, due to the often stochastic
nature of learned methods and the existing infrastructure in place for spacecraft scheduling,
and the desire for verifiable and deterministic algorithms running on spacecraft, dynamic
tasking is approached as an extension of existing scheduling methods.

Linking these two approaches for spacecraft scheduling itself is nontrivial. While spacecraft
scheduling methods themselves can be described as an orienteering problem and solved as
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a MILP efficiently, the lookahead actions essentially involve tying in an additional NP-hard
set-covering problem into the mix. The additional set covering actions add statefulness that
balloons combinatoric space and requires consideration of long trajectories when tying into the
scheduling problem, as well as continuous states that can be difficult to analyze. With these
massive computational requirements for the combined problem, deployment and real-time
requirements become extremely difficult to meet, even on the most modern edge compute
hardware in space.

Instead, we approach dynamic tasking as two separate problems that are linked together by
a heuristic: we extend previous work on scheduling, with a lightweight heuristic that can
be run onboard the spacecraft that can decide at key intervals whether to continue with the
existing schedule, or to take a lookahead action, if the expected benefit of the lookahead
action is positive. After taking a lookahead action, an onboard scheduler can then re-optimize
imaging activities based on updated utilities that may come from a vision model, such as that
of a convolutional neural network (CNN) or similar.

After updating access utilities, the onboard schedule can then be re-optimized. While the
simplest case involves simply removing imaging activities from the schedule that are marked
as cloudy, in this work we model the spacecraft as also having an onboard priority queue of
alternate image accesses, perhaps one that did not make it into the main schedule optimized
on the ground, that can be used as alternatives and slotted into the schedule based on overall
utility. Figure 6.2 shows the data model used onboard the spacecraft in this work, containing
both the pre-optimized schedule and a priority queue of requests, and Figure 6.3 shows the
approach used in this work, where the schedule is re-optimized locally using a MILP scheduler,
and progressively gets re-optimized based on a receding horizon as the spacecraft continues
through time.

Once the spacecraft has processed data from lookahead actions and obtained updated task
utilities, and updated the schedule, in this work we assume that there are two main ways to
share the updated belief state and schedule with the rest of the satellite constellation: either
through an inter-satellite link (ISL) that is always available, or through transmitting the data
over a ground station and having other spacecraft receive the data on uplink.

Spacecraft Onboard Data

Pre-optimized Schedule Priority
Queue

§ 00O
; 000
; 000

Figure 6.2: Spacecraft onboard data consisting of pre-optimized schedule obtained from the
ground scheduler and a priority queue of tasks that can be slotted in.
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Figure 6.3: Diagram of proposed subgraph to be optimized, which lies between the spacecraft’s
frozen schedule period and Earth’s horizon i.e., the region in which lookaheads can provide
new information.

6.2.1 Orbit Propagation

The orbit propagator is one of the most fundamental components and every subsequent
component is reliant on it for co-ordinate references and transformations. Since orbits
considered in this work are purely circular, with short time horizons of maximum duration
6 hours, a simple Keplerian orbital propagator has been used, with additional flexibility to
incorporate a more robust propagator such as SGP4 in the software.

6.2.2 Access Aggregation

The access aggregation algorithm is adapted from [14], specialized specifically for the point
accesses and circular orbits considered in this work. The algorithm takes in an input of
imaging request latitude and longitude coordinates along with orbital elements, and returns a
set of accesses which are a tuple of the request itself, time, and the roll angle of the spacecraft
required to image that particular access, with the implicit assumption that all imaging accesses
are taken at a pure roll angle, with zero pitch involvement.

The algorithm runs in two steps: a coarse step to find potential accesses, and then a fine step,
which uses a recursive binary search over timestep to obtain the exact access time within
a specified tolerance, and then a final step to obtain the access roll angle once the time is
known.
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The coarse algorithm is shown in Algorithm 1. For each timestep all requests are transformed
into ECI co-ordinates at that timestep and one timestep in the future. Then, these transformed
requests are culled, based on a preset filter radius. The radius varies by timestep size, sensor
field of view, and more, as it must capture the worst case in which an access can move in

between the two timesteps, sensor field of view, and Earth’s rotation. The filter radius is given
by

2 .
Pfilter = \/(%UAt) + (h+Rg (1 —cos etot))z + (Rgsin 9tot)2, (6.3)

which is an L2 norm of all distances involved, where the worst-case geocentric motion 0, is
given as

(6.4)

O:ot = arctan (
E

htan6
—an FOR)+yAt,

which involves an approximation of the geocentric angle subtended by the field of regard
limits, and Earth’s rotation rate in the sidereal frame y, with the value of 360.985 61 °/day
used in this work [119]. While the geocentric angle approximation is in the culling filter
somewhat of an under-approximation, in practice given that the along-track distance is an
over approximation, the algorithm is still consistent even in extreme cases of polar orbits.
After filtering, the signed distances between the planes coincident with the ECI coordinates r
and normal to the velocity vector v in ECI coordinates for each time bounding the timestep.
Each access that satisfies these criteria is then sent to a recursive binary search algorithm with
the planes and distances as initial inputs.

The second step of the algorithm, the recursive binary search, is shown in Algorithm 2. For an
access to be purely in roll, the aforementioned plane must contain the access. Hence, the
signed plane distances are used with a binary search to minimize the timestep that defines
these two planes, recursing until either no accesses are within the planes, or the timestep
approaches a specified tolerance. We also only consider accesses under illumination, not
in eclipse. This results in separation between blocks of activities, which improves dynamic
tasking performance, as there is essentially areas of time where the only useful action is to
perform a lookahead.

This approach is trivial to parallelize, as a worker or separate thread can be initialized for
each separate coarse chunk or recursive search. This technique is also trivial to extend to
constellations, as it can be run once per available orbit, returning a per-spacecraft list of
accesses, which can then be fed into a MILP scheduler as described in §4 Satellite Resources,
Constraints, and Scheduling, treating the repetition constraint still as per request, which
generalizes across the constellation.
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Algorithm 1: Access-window detection via coarse pre-filtering and recursive plane-crossing
search

Input:

R: set of request lat/long pairs ;

O: orbital elements ;

Oror: instrument field of regard ;

At: coarse time step ;

ts, te: analysis start and end epochs
Output: A: set of feasible accesses (j, t, a)

A «—0;// collect all accesses

Pre-compute filter radius p (Oror, At, O);

for k < O to | (t, — ts)/At] — 1 do // scan timeline in coarse chunks

t1 « ts + k At; ty «— t1 + At;

Propagate orbit to r, vy at t; and to ry, vy at ty;

// coarse geometric culling

foreach j € R do

Pj1 < LATLONG2ECI(j, t1);

Pj2 < LATLONG2ECI(j, t2);

if min (||pj1 — 11ll, |pj2 — t2ll) > pthen  // discard clearly unreachable
requests
L remove j from further consideration;

~

/ detect plane crossings
foreach remaining target j do

dj1 < SIGNEDPLANEDIST (r1, V1, Pj1);
| dj» < SIGNEDPLANEDIST (r2, V2, Pj2);

Ce—{jldj1-dj2<0 A dj1>dj2} // crosses plane inward
// refine with recursive binary search
foreach j € C do

| A < A URECURSIVESEARCH(], t1, t2,11,T2,d}1,d;2)

return A
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Algorithm 2: RECURSIVESEARCH(J, t1, to, ¥1, T2, d1,d3)
Input:
target j and bounding information from Algorithm 1 ;
tiol: temporal termination tolerance ;
Output: zero or more accesses for j in (t1, to)
if to — t7 <ty then // temporal resolution reached
t* « (t1 +ty)/2; propagate to r*; rotate target p* ; r* « ;
PROPAGATEORBIT(O, t*;
p* < LAaTLONG2ECI(j, t*) ;
a — L(r*,p* —1*);
if |a| < Opor and target not in eclipse at t* then
| return {(j, t*, o)}
L return ()
t3 « (t1 +t2)/2; propagate to r3, v3; rotate target to p; 3; compute ds ;
return RECURSIVESEARCH( j, t1, t3, ¥1, ¥3, d1, d3) U RECURSIVESEARCH( j, t3, to, I'3, T2, d3, d2)

6.2.3 Initial Schedule

We use the same techniques for generating initial schedules as described in §4 Satellite
Resources, Constraints, and Scheduling, using a MILP scheduler with constraints on repetition,
and agility cases as in Table 3.3.

6.2.4 Access Utility

We use meteorological data of stitched and binarized cloud masks as shown in Figure 6.4 to
assess true access states and hence their utility. Intrinsic utility is either constrained to be unit
or Pareto-distributed and modified by the cloud state, which is nearest neighbor sampled on
the cloud mask. While meteorological data has limits on latitude imposed by viewing angle
and orthorectification constraints, of the 10,000 world cities used as a dataset in this work,
only three are outside coverage of the meteorological satellites considered, and are excluded
for further analysis, as a true utility cannot be obtained. The data coverage zones are shown
in Figure 5.10.

6.2.5 Camera Projection and Vision System

We use conventional camera projection matrices for simulation, with projections in homoge-
neous co-ordinates given by [153]

x = KPX, (6.5)
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Figure 6.4: Example binary cloud mask from stitching observations from selected meteorolog-
ical spacecraft at time 2025-01-01T00:00:00+00. White areas denote cloudy regions, blue
areas denote non-cloudy regions, and coastlines are highlighted in black.

where K is the camera intrinsics matrix given by

_fx 0 Cx
0O 0 1

where fy, f, are the focal length of the imaging system, and c,, c, are the sensor co-ordinate
offsets, which are half the width and height in pixels, respectively. The extrinsics matrix P is
given by

R -RT
P = l OT 1 l > (67)

where R represents the rotation matrix between the spacecraft’s body frame and the ECI
frame, and T represents the translation between the spacecraft’s body frame and the ECI
frame. The convention shown above produces image projections with the origin at the bottom
left corner, of which an example is shown in Figure 6.5.

6.2.6 Lookaheads and Schedule Repair

While the onboard scheduling system need not be identical to the ground scheduling system,
they are still innately connected since they are optimizing around the same resources. In
this section I will discuss onboard schedule re-optimization in the context of resource and
compute limitations.

For onboard execution of dynamic tasking, it is assumed that along with the pre-optimized
schedule, there is a priority queue of accesses that could not make it into the initial schedule
that the onboard tasking graph is constructed from as depicted in Figure 6.2. The tasks initially

80



T T T T
—-=- Field of Regard m—— Horizon —— Camera FoV

y [pixels]

/ AN
// \\
Y e AN
A/ N
/ \
// \\
r/ \
/ '\
/7
0 4 > ~
B / § 4
4 X AN
/ \
/ \
/ \
4 \
l/ \
1 " 1
0 w
x [pixels]

Figure 6.5: Example showing camera projection axes conventions, along with projected field
of regard, horizon, and camera field of view .

will be selected as all the leftover imaging requests, but for application onboard a commercial
spacecraft there is likely a ranking that can be used so that excessive data is not uploaded to
the spacecraft.

Utilizing this data approach and combining it with receding horizon planning techniques as
proposed by Boerkoel et al. [144], allows for optimization over only a local subgraph that
connects back to the original pre-optimized schedule, as shown in Figure 6.3. In this case
the natural planning horizon is the distance through which the lookahead instrument can
actually update utility values, i.e., the actual Earth horizon distance of the spacecraft.

The onboard scheduling system utilizes a technique similar to [94] and [133] in utilizing a
heuristic to link the scheduling system of different actions together. Utilizing the lookahead
heuristic as described in , the lookahead action can then be described as any other activity and
be incorporated into the schedule. This method of using the heuristic allows for completely
abstracting the complication of observation being coupled with spacecraft state and then
allowing any scheduling method to schedule both lookahead and imaging activities, as depicted
in Figure 6.7. In theory if the heuristic gives an estimated action utility a positive value, that
action should be taken. However, the heuristic can only consider local actions. The simplest
way to incorporate some level of global planning and awareness is to not took a lookahead
action below a specific threshold.

While it may be preferable to have the lookahead actions preferentially target tasks that are
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Figure 6.6: Example showing bounding accesses as the closest schedule points outside the
observation window.

already in the schedule from an operator perspective, when trying to plan with these actions
in the context of a scheduling system, it can lead to having to iterate and figure out which
imaging actions are already in the schedule and then backtracking to see if a lookahead action
is preferable, adding significant computational complexity.

Current search node

Feasible transitions

Imaging actions Lookahead action
Figure 6.7: Example depicting one-step greedy scheduling with additional lookahead ob-

servation incorporated. Depending on the reward r the scheduler could either choose to
incorporate either an imaging activity or a lookahead activity.
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6.3 Software Requirements

Currently, no existing software package exists that can be used for the breadth of components
required for dynamic tasking. The following components have been developed for this purpose,
and made as general and as flexible as possible in the dynamic_tasker.py Python package.

@ «module»
areas

«module»
access

o multi_async_dispatch_search()
o get_accesses()
o task_not_in_eclipse()

o normalize()

o interior_signs()

o vertex_angle()

o edge_contribution()

o already_used()

o spherical_polygon_area()
o are_planes_equal()

o vertex_set_from_planes()

«module»
cameras

@ «module»
orbits

«module»

imagery

o download_goes_image()

o download_goes_east_image()

o download_goes_west_image()

o download_meteosat_zds_image()
o download_meteosat_iodc_image()
o download_himawari_image()

o get_auth_token_meteosat()

o revoke_auth_token_meteosat()

o list meteosat_images()

o download_meteosat_image()

o get _closest_latlong_sample()

o extract_latlong_from_meteosat_grib()
o load_bcm()

o sample_global_bcm()

o derive_global_bcm()

o load_global_bcm()

o latlong2ecef()

o ecefeci()

o eci2ecef()

o ecef2latlong()

o ecef2eci_vec()

o latlong2ecef vec()

o latlong2eci()

o sunvec_eci()

o kepler2eci()

o circular_orbit()

o propagate_orbit()

o v_orb()

o t_orb()

o horizon_distance()

o horizon_angle()

o horizon_time()

o horizon_spherical_angle()
o intersect_ray_sphere()
o earth_line_intersection()
o split_orbit_track()

o kepler2latlong()

o get_intrinsics()

o get_intrinsics_from_fov()
o get_extrinsics()

o get_camera_matrix()

o project()

o unproject()

o project_from_orbit()

o unproject_from_orbit()

o ecef2pitchroll()

o project_in_box()

o filter_accesses_horizon()
o create_box()

«module»
schedulers

o load_worldcities()

o greedy_schedule()

o milp_schedule()

o milp_schedule_constellation()
o no_repair()

o greedy_schedulerepair()

o slew_angle()

o temporal_slew_angle()

o eval_scenario()

Figure 6.8: Diagram of dynamic_tasker.py software package, showing core modules and
functions enclosed within each module.

* Orbit and Reference-Frame Utilities: An analytic two-body Keplerian propagator is
used, as orbits in this thesis are circular, non-sun-synchronous, and short durations of
a maximum of ~24 h. The propagator is configurable and has a backend interface so
that alternative engines (e.g. SGP4, Orekit) can be utilized instead. Utility functions
to convert between Earth-Centered Inertial (ECI), Earth-Centered Earth-Fixed (ECEF),
and latitude/longitude/altitude (LLA) frames are also implemented [119]. The module
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also contains helpers for calculating various orbital quantities, such as orbital velocity
and period, horizon quantities such as distance and time to the horizon, and projections
from ECI points and directions to surface co-ordinates.

* Dataset and Request Aggregator: Methods to load different scenarios including the
10,000 world cities dataset, as well as the ability to generate random requests uniformly
distributed on Earth’s surface.at schedulers remain backend-agnostic.

* Access Aggregator: The access aggregation algorithm from Algorithm 1 has been
implemented as a singular function, utilizing the aforementioned orbit propagator.

* Camera Projection and Image Geometry: Various methods to perform camera
projection as described in §6.2.5 Camera Projection and Vision System have been
implemented, along with helper methods to clip by z-depth, projection directly from
orbit co-ordinates, and unproject back to ECI world co-ordinates.

* Spherical Geometry and Area Calculation: Area coverage utilities compute the
solid-angle with Gauss-Bonnet of arbitrary vertex sets, for use in footprint coverage
analysis, using camera vectors projected onto Earth’s surface.

* Global Cloud-Mask API Hooks: Helper tools to download, process, and sample data
products including cloud masks from the GOES, Meteosat, and Himawari meteorological
satellites.

* Scheduling Engines: Implementation of MILP and greedy scheduler as described in
84 Satellite Resources, Constraints, and Scheduling.

* Configuration Constants: A set of commonly used configuration constants, such as
Earth’s radius, gravitational parameter, sidereal rotation rate, etc.

* Dynamic-Tasking Simulation: A simulation of the spacecraft executing the tasks,
combining above components for full, end-to-end dynamic tasking simulation.

Details of the software implementation will not be discussed hereafter. All features are
packaged in a Python package called dynamic_tasker, with all source code and documentation
available at the repository here: https://github.com/Shreeyam/phd_code. All information
presented is part of the package and the full source code for core modules is given in §A Core
Implementation Details.

6.4 Lookahead Utility

In order to algorithmically determine when and where a lookahead should be performed,
the utility of the action must be quantified, in terms of both rewards and costs. Ultimately,
the largest reward comes from schedule improvement. That is, a lookahead should result in
quantifiable increase in the overall schedule according to a chosen metric.

As shown in §3.4 Image Utility Model, in this work we use the total number of cloud-free
images as our objective function. Hence, any sensing or lookahead should result in an expected
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increase in the total number of cloud-free images in the schedule. In this work, we break this
down into two components: schedule advantage, and opportunity cost, as described below.

Finally, once a metric for evaluating schedules is obtained, it can then be used to plan
lookahead tasks. The complication with doing this arises due to the continuous nature of
lookahead actions in comparison to the discrete and finite nature of individual schedule
requests. A lookahead comes with infinitely variable angles and times it can be performed at,
and in the most general case, can be done more than once between imaging captures, which
may be optimal for certain cases. Evaluating all possible actions leads to a massively high
dimensional combinatoric space which is effectively infinite, hence we must limit some aspects
in order to make the problem tractable.

6.4.1 Advantage

The schedule advantage can be defined as how much the schedule improves in response
to a lookahead, or through any other kind of perception. While this quantity is inherently
unknowable, at the minimum its expected value should be greater than zero for any lookahead
to be worthwhile on balances.

As the MILP scheduler can find optimal solutions for schedules, the total advantage can be
directly obtained in simulation by taking a subset of the omniscient schedule between two
specified times, applying agility constraints at the first timestep, and then subtracting the
utility of the conventional scheduler evaluated between those two timesteps. In formal terms,
the total advantage due to a lookahead at time t, J; (o), can be found by the difference in
utility of the new re-optimized schedule within the re-optimization window, subtracting the
old one, as given by

J:(U) = Ji(Onew) — Ji(0),

: . (6.8)
s.t. constraints at time t

As aforementioned, since the true value of J; (o) is unknowable and highly variable depending
on upcoming access states, heuristics must be used to estimate these quantities J; (o), which
is discussed in §6.5 Heuristic Design.

6.4.2 Opportunity Cost

Opportunity cost J, (o) due to a lookahead at time t quantifies the cloud-free imaging activities
sacrificed when the spacecraft elects to execute a lookahead action instead of continuing with
the existing schedule. As this quantity, like the advantage, can only be known in hindsight, it
must be estimated by the heuristic also.

The final net schedule advantage can be given by the difference between the schedule
advantage and the opportunity cost

A (o) =J] (o) - J; (o). (6.9)
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The subscript t is omitted on the net schedule advantage, as the quantities for the advantage
and opportunity cost are relating to a single lookahead at a particular time, but when
combined, the net advantage applies to the whole schedule rather than referring to any
individual action.

6.5 Heuristic Design

Now that we have established metrics describing the total utility of a lookahead, we can
assemble these pieces together and start constructing heuristics for vision-based dynamic
tasking. In this thesis, we go about this in two separate directions: through constructing an
analytic heuristic from an approximated version of the scheduling problem whose properties
are more tractable to analyze, and through data, using a simulation with synthetically
generated data and using machine learning to derive the heuristic for net schedule advantage.

6.5.1 Analytic Heuristic

To derive a closed-form lookahead advantage, we make the following assumptions:

(A1) Tt = 1o, foralltask pairs (i,j), so thatslewing time between any two accesses is constant;
iid. . ..
(A2) t; "% U(Ty,T,), so that accesses are uniformly distributed over [T1, T>];

(A3) X; Lid. Bern(p), so the cloud-clear state is a Bernoulli trial with P(X; = 1) = p;
(A4) ci=coVi, soeach task has equal utility.

Under these assumptions, the problem becomes that of finding the expected maximum chain
length that can be obtained in the interval [Ty, T>] with minimum spacing 7, given a total
number of samples pN of cloud-free accesses.

In order to ease the burden of notation a little, the problem will initially be exclusively
referring to the abstract concept of finding chains of length M with minimum spacing g across
an interval of length L with N uniformly spaced points, before applying it to the problem of
dynamic tasking.

This problem in and of itself is difficult due to the “chain-building” process being inherently
non-IID, and due to it itself containing sampling.

While there exists a classic closed-form solution for the probability that N points uniformly
distributed within an interval satisfy a minimum gap spacing g that can be obtained using an
inclusion-exclusion argument [154]

(6.10)

L-gM-1)\"
(=)

using this same argument for an M-subset of N points to find a maximum spacing likely has
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Figure 6.9: Depiction of exact scheduling problem, where the goal is to select the longest
weighted path through accesses, subject to constraint manifold formed by the agility function.
Example greedy schedule and constraints also overlaid.

no closed form solution using the same arguments, due to the non-IID nature of the points,
which is affected by sampling.

Instead, we can use a relationship between a Poisson renewal process and a uniform distribution
to approximate this. It turns out that the samples obtained from a Poisson process in a fixed
interval conditional on the number of samples are distributed uniformly within that interval.
Given this, we can go the other way: given a uniform distribution with a fixed number of
samples, we can approximate this as a Poisson renewal process, with the caveat that we are
losing the exact fixed-number conditioning when making this approximation.

Given a Poisson renewal process such as

R=g+X, (6.11)

where X is an exponentially distributed random variable X ~ exp(A) with a parameter A,
where A = N/L. Hence, the expected renewal time (in this case equivalent to mean gap) is
therefore

E[R] :g+% (6.12)

To build an M-length chain requires M — 1 gaps in between points. Fixing the first point to
the beginning of the interval, the expected value of the process after M — 1 renewals is
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Figure 6.10: Depiction of approximate scheduling problem, where the constraint manifold is
uniform, simplifying the problem but adding a parameter for constraint distance.

M-1 M-1
Sy-1 = Z R=(M-1)g+ Z X. (6.13)
i=1 i=0

The sum of IID exponential distributions follows a Gamma distribution [155], this can be
written using the variableY ~T'(M — 1, 1) as

M-1

Sy_1 = Z R=(M-1)g+Y. (6.14)
i=1

Now, the probability that the total chain is less than L given by P(Sy;—1 < L) is equivalent to

P(Y<L-(M-1)g), (6.15)

hence, the probability that an M-chain exists is

G(M; N, L,g) := P(M-chain exists ) ~ y(M - 1’1}(5\1/}: (1];4 ~1g)) (6.16)

where y is the lower incomplete Gamma function and T is the Gamma function. To calculate
the expected chain length, it is necessary to remove duplicate entries. The probability that an
M length chain exists also depends on the probability thata M — 1, M — 2, ..., 1 length chains
exist. Hence, the expected value is given by
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E[M|L gl = Y m-(G(m;L,g) - G(m+1;L,g)), (6.17)

m=1

which through properties of the Gamma function [155] is equivalent to

E[M|N,L,g] = Z G(m;N, L, g). (6.18)

m=1

In practice, this sum to infinity can be safely truncated once m > L/c + 1 as the probability
drops to zero.

Analyticm =2 === Analyticm =3 Analyticm =4 == Analyticm =05 === Analyticm =26
---- Simm =2 -==- Simm =3 Simm=4 ---- Simm =5 ---- Simm =06

1.00

0.75

P(M-chain)
=
o
S

0.25

0.00
0
Gap g

Figure 6.11: Analytic approximation of chain probability in comparison to simulated results.
This particular case is of searching for a 4-chain with parameters N = 20, M = 2, 3,4,5, 6,
L = 10. The analytic solution is slightly more optimistic about finding a chain compared to
the simulation in all cases, but retains the correct exact boundary conditions.

While a formal error bound is possible to prove, the expressions and our analysis are sufficiently
grounded on simulated results. Figure 6.11 shows the simulated and analytically approximated
value of an M-chain existing for values of M € {2,3,4,5, 6} for an interval of size L = 10,
total number of samples N = 20. In all cases, the analytic heuristic is more optimistic about
finding a chain, and overestimates the probability that one exists. However, the analytic
heuristic gets the boundary conditions exactly correct—for example, finding a 5-chain in an
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interval 10 units long any larger than 2% units is impossible, and is correctly characterized by
the analytic estimate.

Now, we can use this analytic approximation in our application case for dynamic tasking.
In the spacecraft scheduling problem, we wish to be able to find the expected chain length
that can be obtained when observing a set of tasks, as an approximation of how much we
can expect our schedule to improve by. In the case of the scheduling problem, a schedule
improvement of N requires N + 2 additional advantage, due to the bounding accesses around
the observation window needing to be in the schedule, adhering to the same gap spacing
requirements. While these bounding accesses need not necessarily be in the same interval, in
areas with densely packed accesses it is good approximation to roll them into the interval. The
true bounding accesses for an observation are shown in Figure 6.6. The gap g then becomes a
tunable parameter, essentially denoting how optimistic or pessimistic to be when evaluating
how much the spacecraft needs to slew to get to the next task, which can range from ¢t; up
to the maximum slew across the field of regard tgew(6ror). Since the heuristic as above is
optimistic, initial experimentation showed being slightly pessimistic with the gap parameter
results in a better advantage estimate. Combining all these aspects together, the analytic

advantage estimate given a lookahead at time ¢, f: 4> 18 given by
jZa = Z G(m + 2; PNobs, Atobs, tg): (6.19)
m=1

where p is the probability as defined above of the task being cloud-free, Ngps is the total
number of accesses observed, At,,s = To — T is the total amount of time in the observation
window, and t, is some expected minimum gap required between tasks. Being pessimistic
and assuming a worst-case gap across the field of regard, t, is hence given by

ty = tslew (OFoR), (6.20)

from which we can now estimate the total advantage of any lookahead action, given the
total number of observed points, the total time bounded by the observation window, and the
required gap spacing.

We can use the same stationary distribution to estimate the opportunity cost, defining it as

jt_,a(o') = meissed,as (6.21)

where Npissed o 1S the total number of imaging activities in the schedule that were missed due
to the slewing time of the activity.

Finally, combining all of these terms together produces an analytically derived estimate of the
net schedule advantage for any lookahead action, as given by
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Ag = Jf(o) = (o). (6.22)

6.5.2 Learned Heuristics

Learned heuristics have several potential advantages that rule-based heuristics cannot capture.
In particular, learned heuristics can be made very flexible need not be constrained with the
assumptions used for the analytic heuristic, such as that of one lookahead per scheduling,
equal task utility, equal slewing times, or rectangular lookahead windows. Instead, a machine
learning model composed of a neural network can learn the complex heuristic function
through either reinforcement learning (RL) or supervised learning, through data generated
and sampled with a simulated environment.

Learned policies can also ingest side-information such as location, seasonality, or time-of-day
trends, however these factors along with sequenced lookaheads (more than one lookahead
per scheduled activity) are out of scope for this work.

Using learned heuristics however also comes with significant challenges both in terms of
computation and training. Changes to parameters such as the spacecraft’s agility characteristics
and lookahead instrument require at least partial re-training to adapt to the new characteristics
of the spacecraft, incurring significant computational cost. Reinforcement learning in general
also suffers from the problem of non-independent samples: since future samples of the
environment are derived from previous actions, they are non-IID, which can cause issues with
training stability if a poor action in the past can remove the algorithmic utility of future data.
Even simple policy and value functions can take hundreds of thousands of steps to train [156].
In conjunction with the noisy labels resulting from the random access states in the synthetic
environment, instability due to non-IID sampling can make RL a non-starter.

On the other hand, using supervised learning necessitates building a large corpus of state,
action, and reward triples from simulated data, as well as training time for learning the
heuristic from this data.

In this work, as we are training a heuristic considering only locally optimal actions rather
than a policy that can run for full episodes, there is no need for training for full episodes,
rather only single steps. While this aids verifiability from an operationalization perspective,
the fixed steps severely hinder the ability for RL and the ability to bootstrap learning from
temporal difference (TD) errors. Hence, while reinforcement learning is likely a promising
avenue for dynamic tasking, the format of the problem as presented in this thesis leads us to
using supervised learning to generate the heuristic instead.

State and Action Space

The state is an implementation of that described in §6.1 Dynamic Tasking Problem. For an
implementation of the heuristic function that can take the state in as an input, the state is
required to be of fixed size. This requirement is trivial when including the full state across
the entire scheduling block, however when performing trivial optimizations such as culling to
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only visible accesses which can vary in number, the state must be transformed so that it can
remain fixed-length.

There are many strategies for transforming variable-length vectors into fixed-length repre-
sentations in machine learning, however rather than using something complex such as an
encoder or sequence model, we instead use a two-dimensional histogram-based discretization.
The available unobserved accesses, their utility, as well as the current schedule and their
utility values are transformed in terms of time and roll angle and summed into bins, up to
the observable (horizon) distance and field of regard limits. While this method incorporates
additional parameters in terms of discretization resolution and can be inefficient from a
memory standpoint, it is the simplest to implement, can be debugged easily, and from initial
testing, even a coarse discretization is sufficient. The final state vector has four channels,
consisting of the two-dimensional histogram of accesses, access utility, the current schedule,
and schedule utility, all taken from the current time up to the horizon, and including both
extremes in the cross-track direction, up to the spacecraft’s field of regard. A diagram of how
this technique works is shown in Figure 6.12, showing how the current accesses and schedule
state within the horizon window are decomposed into the four channels.

Simulation Environment and Data Generation

The environment used for this work is shown in Figure 6.13. To make the software imple-
mentation as general as possible, the environment has been implemented as a reinforcement
learning style gym environment, but will be used to generate simulated data for a heuristic
trained through supervised learning.

The agent first picks an action a;, consisting of the pitch and roll angle of the lookahead. This
information is then fed to three separate locations to return the current reward and updated
state:

* Opportunity Cost: Based on the action, the total maneuver time is calculated from
the agility function, based on the worst case of slewing to that attitude and back to the
neutral position. Then, the environment calculates the number of tasks in the schedule
that were non-cloudy that the spacecraft missed, and sums their utility to derive the
final opportunity cost.

* Advantage Calculation: After the lookahead action is performed, imaging accesses are
then sent through the camera simulation, and the onboard estimate of access utility is
updated. Then, based on these updated utility values, the schedule slice between the
bounding accesses as shown in Figure 6.6, and is re-optimized using a MILP scheduler,
and the advantage is calculated as the increase in total utility between the re-optimized
and original schedules.

* Orbit Propagation and State Update: Based on the lookahead action and camera
projection, the state inside the environment is updated, with tasks marked as observed
and their updated utility values now known to the agent. The environment is then
incremented to the next scheduling activity via the orbit propagator, and the updated
state is returned.
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Figure 6.12: Diagram of four-channel histogramming approach, used to convert variable
length number of accesses within scheduling horizon into a fixed-dimension multichannel
representation for input to the heuristic model. Colorbar labels and precise axes ticks are
omitted as this is purely a representative diagram.
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Figure 6.13: State, environment, and reward structure for training lookahead heuristic. Full
software pipeline is used to simulate vision instrument, obtain updated access utilities based
on capture, and reschedule based on updated utility values. Re-optimized schedule advantage
is calculated and opportunity cost based on missed opportunities is subtracted, to generate
final reward for the agent.

The reward function is simply returned as the raw advantage subtracting the opportunity cost.
While there are many possible avenues for reward shaping, this particular reward was chosen
since it is well-posed, stationary, and is the metric that we wish for a heuristic to return when
deploying onboard.

Unlike the analytic heuristic, since all of these actions happen inside a simulator where all
quantities are known to the environment (but not the agent), true values of opportunity cost
and lookahead advantage can be used, potentially allowing the learned heuristic to pick up
more subtle dependencies of the advantage with the spacecraft state that the analytic heuristic
had to purely estimate.

In the supervised learning case, random pitch and roll actions are fed into the environment,
generating triples of the state, action, and net schedule advantage. 1200 000 triples were
generated using this method, to create a corpus for training the heuristic. While this is a
large dataset, early empirical testing showed a significant amount of delayed generalization
when training on a dataset 10% of the size [157], which was ameliorated with significantly
increasing dataset size [158]. As many training samples and variation are required for training
the heuristic, rather than training on the 10,000 world cities dataset which could introduce
some bias, 30,000 random global points (to account for global land/water coverage) along
with random access states and random Pareto-distributed task utilities are used to aid in
generalization. Figure 6.14 shows this concept graphically—that a random environment can
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Figure 6.14: Diagram showing how training on randomized data can generalize to situations
found in the physical world, as the set of random states is larger than the set of physically
realizeable states.

superset the physically realizable states.

While the random scenario generation in the environment can simulate all possible states,
noisy labels combined with under-representation of states that are similar to physical ones can
result in out-of-distribution behavior when training on synthetic data and deploying the model
in a realistic simulation scenario. In particular, the 10,000 world cities dataset is significantly
higher entropy due to clustering than the synthetic data. For instance, the amount of water
mass on Earth results in the 10,000 world cities dataset having large swaths where the state is
purely zero, a scenario unlikely to be found in the simulated data with randomly distributed
points. To augment the synthetic data to match closer to the actual test distribution of 10,000
world cities, with a random probability the simulation environment will mark all accesses up
to the horizon as observed and re-optimize the schedule, indicating no further improvement
is possible, corresponding to areas such as deserts and oceans in the test dataset.

Model Design and Training

Figure 6.15 shows the architecture of the machine learning model used for the heuristic
in this work. The heuristic is likely to be close to linear due to the connection between
coverage and lookahead pitch up to the horizon, motivating a simple architecture, with
a limited number of layers. As the state input through the histogramming procedure as
described in §6.5.2 State and Action Space is a multichannel, two-dimensional image-like
input, convolutional layers are used to extract spatial features, such as those relating to agility
constraints. The size of the convolutional kernel is chosen based on modern approaches for
improving performance of convolutional neural networks [159]. Then, the action vectors are
concatenated to the convolutional features, and the entire vector is sent through a multi-layer
perceptron, outputting the final net schedule advantage value.

Various hyperparameters are tuned based on performance on the validation set, which are
shown in Table 6.1. All model training and inference are conducted in PyTorch. For training,
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Figure 6.15: Diagram of model used to transform state and action inputs into single scalar
heuristic describing net schedule advantage. Four-channel input state (discretization is not
specified so w and h are used as placeholders) is run through a single convolutional layer
to extract features, flattened and concatenated with the action input. A small multi-layer
perceptron (MLP) trained with dropout is then used to estimate the final advantage. Input
layers are red, convolutional layers are blue, MLP layers are green, and outputs are orange in
this diagram.

the 1.2 million (s,a,r) triples as described in §6.5.2 Simulation Environment and Data
Generation are used, with 40% of the dataset consisting of null (already fully observed with
no possible advantage) data, and split 80% and 20% between a training and validation set
(the actual test set consists of a full dynamic tasking simulation with realistic task states and
utility values). Dataset size is chosen based on initial experimentation; smaller dataset sizes
of 120,000 triples showed a large amount of delayed generalization, motivating significantly
higher amounts of synthetic data [157, 158]. Additionally, the long-tailed Pareto distribution
for task utility similarly motivates an extremely large dataset, to adequately characterize
large, infrequent task utilities.

Schedule advantage is based on randomized task states as well as the long-tailed Pareto-
distrbiuted task utility, resulting in extremely noisy labels. When used in conjunction with a
loss function like mean squared error (MSE) loss, gradients can become extremely large and
caused significant training instability in initial experimentation. To mitigate the destabilizing
influence of these large gradients, we instead adopt L1 loss for our loss function, otherwise
known as mean absolute error (MAE), which is more robust to outliers and noisy labels.

6.6 Results

For our results we first dissect individual components of the approach, such as the predictive
power of cloud masks as priors and training the learned heuristics, and then incorporating
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Table 6.1: Summary of hyperparameters used to train learned heuristic, along with dataset
parameters.

Hyperparameter Value
Learning rate 1x10™*
Batch size 256
Epochs 15
Optimizer AdamW
AdamW B, 0.9
AdamW f, 0.999
Weight decay 0.01
Loss function L1 Loss
Dataset size 1.2 x 10°
Data null rate 40%
Validation split 20%

them into dynamic tasking algorithms.

We split results for the variations on the dynamic tasking algorithms as well, by first using
individual regional analyses for specific cases, and then aggregating metrics over a long
scheduling block.

6.6.1 Analysis Cases

Prior chapters in this thesis have produced cases for spacecraft agility, instrumentation, and
heuristics based on specific analyses. All of the cases considered for this work are shown in
Table 6.2 and Table 6.3, split up due to the different paradigm involved.

Table 6.2: Comparison cases for vision-based dynamic tasking in this work, showing permu-
tations of spacecraft agility class (Table 3.3), instrument classes (Table 5.1), and lookahead
heuristics for agile lookahead.

Case Agility Model Lookahead Instrument Lookahead Heuristic

1 Agile Conventional (None) N/A

2 Agile Omniscient (None) N/A

3 Agile 60°x60° N/A

4 Agile 45°x45° Analytic
5 Agile 45°x45° Learned
6 Ultra-agile Conventional (None) N/A

7 Ultra-agile Omniscient (None) N/A

8 Ultra-agile 60°x60° N/A

9 Ultra-agile 45°x45° Analytic
10 Ultra-agile 45°x45° Learned
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Table 6.3: Comparison cases for dynamic tasking based on meteorological data used in this
work, showing permutations of spacecraft agility class (Table 3.3), intrinsic information delay
(Table 5.1), and link between meteorological satellite and imaging satellite.

Case Agility Model Information Delay Link Type

1 Agile Conventional (N/A) N/A

2 Agile Omniscient (N/A) N/A

3 Agile {o, 30, 60, 90, 120} minutes ISL (Instant)

4 Agile {o, 30, 60, 90, 120} minutes Ground station (Cyclic)
1 Ultra-agile Conventional (N/A) N/A

2 Ultra-agile Omniscient (N/A) N/A

3 Ultra-agile {0, 30, 60, 90, 120} minutes ISL (Instant)

4 Ultra-agile {0, 30, 60, 90, 120} minutes Ground station (Cyclic)

Table 6.4: Description of synthetic and realistic environments used in this work. The synthetic
environment is used to generate scenarios for training and algorithmic comparisons, as it
provides an unbiased scenario that can be re-generated indefinitely for generalization and
comparison, and the realistic environment is used for real-world operational evaluation.

Environment Requests States Utility Purpose

Synthetic 30,000 random Weighted random  Pareto  Training
Eval 10,000 world cities =~ Weighted random Unit  Evaluation
Realistic 10,000 world cities Meteorological data Pareto Evaluation

6.6.2 Predictive Power of Cloud Mask Priors

Before presenting the results from the dynamic tasking algorithm utilizing meteorological
lookahead, we can first assess the predictive ability of cloud masks as priors with real data, to
obtain an overview of raw predictive power, unbiased from downstream sampling effects from
scheduling and dynamic tasking.

Figure 6.16 shows the probability of a later binarized cloud mask being equal to a prior. The
probability drops off rapidly, before asymptoting the expected values of approximately 66%
cloud cover. Figure 6.17 shows the Bayes factor of using a previous cloud mask as a prior up
to 35.5 hours, compared to the naive prior used in conventional satellite scheduling where all
tasks are assumed cloud-free. Initially the mask-based prior has significantly more predictive
power than the naive, before dropping down and asymptoting at around twice the power. This
behavior is likely due to individual clouds being hard to predict, but their formation conditions
e.g. humid updrafts near mountains being relatively stagnant, resulting in aggregate higher
predictive power.

Figure 6.18 shows the same data, but now as a locus on a precision-recall plot. With the
assumption that baseline predictive power is achieved after 35.5 hours reaching, precision and
recall appear to decay linearly to an ultimate value of approximately (0.73, 0.77), showing
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Figure 6.16: Probability of cloud status being predicted by a previous cloud mask from
the past, split by total, and initial classification. Data is taken from a global cloud mask at
2025-01-01T00:00:00+00:00 looking up to 35 hours in the future.
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Figure 6.17: Bayes factor of comparing a prior equal to an earlier observation with a naive
prior that all tasks are always cloud-free, showing significantly higher predictive ability of the
earlier observation compared to the naive model. The Bayes factor initially drops off rapidly
before asymptoting around a value of 2.0, showing that latency is a big factor in predictive
ability. Data is taken from a global cloud mask at 2025-01-01T00:00:00+00:00 looking up to
35.5 hours in the future.
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Figure 6.18: Precision-recall curve for cloud prediction from prior masks with a time delay;,
showing diminishing predictive ability of cloud mask priors with time. Data is taken from
a global cloud mask at 2025-01-01T00:00:00+00:00 looking up to 35.5 hours in the future.
Within two hours, most of the predictive power compared to the baseline is lost.
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Figure 6.19: Probability of a sampled point remaining the same state as its initial state. Data
is taken from a global cloud mask at 2025-01-01T00:00:00+00:00 looking up to 35.5 hours in
the future. While the predictive power of an initial cloud mask levels off, it does not mean
that each individual sample remains unchanging, as evidenced by the exponential drop in the
probability shown in this plot.
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Table 6.5: Summary of all parameters used in dynamic tasking simulation.

Parameter Symbol Value
Schedule Block Start 2025-01-01T00:00:00+00
Schedule Block End 2025-01-02T00:00:00+ 00
Schedule Horizon 12 hours
Orbit Inclination i 51.6°
Orbit Altitude h 400 km
Orbit Period T 5553.5 S

no strong class bias. Predictive power also reaches half its baseline value after two hours,
emphasizing the importance of timeliness in using prior masks.

6.6.3 Learned Heuristic Training

Figure 6.20 shows the loss function over 15 epochs of training for the agile and ultra-agile
heuristic. While the regularization and previous tuning helps the heuristic to generalize,
learning the full long tail of the Pareto-distributed tasks without overfitting on the data can
still be difficult, leading to an initial drop in test loss followed by a plateau around 8 epochs,
while train loss continues to decrease. Additionally, the extremely noisy labels cause the loss
to plateau at a high nonzero value, as the underlying features are purely stochastic.

S E S S———
—e— Ultra-Agile Train
Ultra-Agile Test ]
—eo— Agile Train
Agile Test

-

- -

LA 1
0.5 \\ = \‘Qii-—-+-—4»-__.———ll—-—0----0—---;
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Figure 6.20: Training and test L1 loss after training for 15 epochs. Initially test and train loss
decrease together, indicating generalization across both sets, but training is terminated after
50 epochs to prevent overfitting on training data.
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6.6.4 Unit Utility Case (Vision Only)

50°N
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®  Unobserved Accesses % End
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Figure 6.21: Example single-satellite dynamic tasking simulation run over Europe. Lookaheads
are primarily looking at the horizon to maximize upcoming task coverage, excluding areas at
the beginning of the schedule left unobserved due to insufficient advantage, and a smaller
lookahead at the very end due to no further imaging accesses.

We use an orbit track over Europe consisting of densely packed imaging accesses, which is
likely the most challenging case for trading off between densely packed imaging accesses and
performing lookaheads, as there is limited agility to perform both. Figure 6.22 shows a trial
over Europe for the analytic heuristic. The orbit starts west of the coast of Ireland, where the
analytic heuristic shows no initial gain in performing a lookahead and so leaves some initial
tasks unobserved, before moving to continental Europe, where there is a consistent cadence
of lookaheads to optimize the schedule, with more lookaheads in areas with denser tasks and
higher possible advantage. As the number of available accesses drops over the Middle East,
one final, small lookahead is performed as there is no advantage to slewing further to observe
the final unobserved task. This behavior shows that in this case where tasks are densely
populated, the heuristic estimates that the best local actions are to pitch as close as possible to
cover the horizon, but is still able to adapt to conditions where there the marginal utility of a
lookahead close to the horizon is zero. Since in this case, a lookahead is performed greedily
every time the heuristic estimates the action to have a positive outcome, more lookahead are
performed than necessary, resulting in dense covers of upcoming imaging accesses.

Figure 6.22 shows the same orbital track but using the learned heuristic instead. The behavior
is broadly similar, choosing to perform large lookahead actions close to the horizon. Initial
schedule performance is nearly identical, with the learned heuristic also choosing to forego a
lookahead on the first set of imaging activities, before doing a broad lookahead over areas
of western Europe. The learned heuristic appears to be more sensitive to opportunity costs,
choosing not to perform additional lookahead in the most target-dense areas, then maintains
a steady cadence of lookaheads thereafter.
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Figure 6.22: Example single-satellite dynamic tasking simulation run over Europe. Lookaheads
are primarily looking at the horizon to maximize upcoming task coverage, excluding areas at
the beginning of the schedule left unobserved due to insufficient advantage, and a smaller
lookahead at the very end due to no further imaging accesses.

Table 6.6 shows all of the considered algorithms for each agility case for 20 trials of a full
24-hour scheduling run with parameters given in Table 6.5, along with the conventional and
omniscient cases for comparison. Compared to the conventional scheduler, the omniscient
case produces a schedule with significantly fewer tasks, implying that there are periods where
the spacecraft sits idle due to insufficient supply of cloud-free imaging activities. For the agile
case, the omniscient schedule is on average 30% shorter for the agile case and 33% shorter for
the ultra-agile case, but with approximately double the number of cloud-free captures in both
cases.

Overall, the stationary heuristic with the wide field of view instrument does the best in terms
of overall utility—not requiring any slewing actions for full observability comes with only the
downside of local, and sometimes last-minute planning requirements. In the stationary case,
the schedules produced are on average 97.1% the utility of the omniscient scheduler in the
agile case and 98.3% in the ultra-agile case.

In the agile case, the analytic and learned heuristic are comparable in performance, with
an average schedule utility of 353.1 and 355.1 respectively, both approximately 70% of the
omniscient utility, and both over 40% better than the conventional scheduler utility, showing
major increases in useful image throughput. Both perform approximately 120-130 lookaheads
in the schedule, with the learned heuristic performing slightly fewer, as previously observed.
Schedule improvement per lookahead is on average 0.83 and 0.87 for the analytic and learned
cases respectively. The estimated schedule improvement is 1.59, which could imply some
amount of overestimation of lookahead utility, but is likely an artifact of the biased sampling
caused by lookaheads only being taken if the estimated utility is greater than zero. Despite
efforts to mitigate distribution shfit between the synthetic validation and the 10,000 world
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cities test datasets, there still appears to be some distribution shift skewing the data, where
lookaheads over densely populated regions such as western Europe can cause weights in the
model to be overwhelmed estimating utility values as high as 40, even though in actuality the
maximum schedule utility is only around 7-8 cloud-free accesses.

Across all 20 trials the lookahead cases perform better than the conventional cases, showing
that even in the agile cases where there are tradeoffs in performing lookaheads, that the
heuristics developed in this thesis are robust enough to take those into account and deliver
superior throughput of useful imaging data, built from existing schedules already in use for
spacecraft tasking and scheduling.

6.6.5 Realistic Case (Pareto Utility)

Now we consider the realistic cases, where meteorological data is used as ground truth and
the tasks are weighted randomly according to a Pareto distribution, including also using
meteorological data for lookahead, with both ISLs and scheduling through ground stations.
These lookahead modalities are separated into two separate tables for the agility cases
considered, in Table 6.7 and Table 6.8 for the agile and ultra-agile agility cases, respectively.

First we analyze the conventional and omniscient cases to determine how much the Pareto
distribution alone affects the fundamental scheduling problem. Utility values in this case are
decoupled from the schedule length due to the long-tailed distribution. The length of the
conventional schedule is decreased significantly from 717.0 to 558.4 for the agile case and
1077.0 to 878.4 for the agile and ultra-agile cases respectively, representing 22% and 18%
drop. Since the utility values of each task can vary so much, likely what’s happening is that
the scheduler is preferentially taking tasks of higher utility and more on the tail end of the
utility distribution, as the tradeoff with the increased agility becomes more worth it. The
same trend can be seen for the omniscient schedule, hinting at the same trade-off of shorter
schedules with larger utility values: a decrease in schedule length from 505.3 to 431.4 (-15%)
and 720.7 to 646.7 (-10%) for the agile and ultra-agile cases respectively.

Another striking difference between the unit utility case is that the conventional and omniscient
schedule are significantly closer in utility, with the omniscient scheduler producing a schedule
with only 4.4% more utility in the agile case and 3.6% in the ultra-agile case. This meager
improvement is likely caused by interaction of the Pareto-distributed task utility and the
underlying orienteering problem—the gap in utility between regular tasks and high-value
tasks is so great and long tailed, that even in cases where a majority of access are cloudy, they
are still worth taking as the expected value is likely still significantly larger than swapping
any others in the schedule, echoing a fundamental property of the Pareto distribution, that a
large amount of the utility can be obtained with a vast minority of the accesses, mitigating the
effect of cloudy activities altogether. This property interacts with the stochastic orienteering
problem in the sense that even if the conventional schedule diverges from the omniscient
schedule in some locations, there are still likely other high-value alternatives that can be
taken even if not the exact optimal case. In light of this collapsing differential between the
omniscient and conventional scheduler, improvements become much more challenging to
obtain—any dynamic tasking algorithm has relatively little to gain but much more to lose,
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making balancing between opportunity cost and schedule advantage much more sensitive.

Moving on towards analyzing the dynamic tasking algorithms building upon the conventional
schedule, in the agile case, only dynamic tasking with stationary lookaheads and agile looka-
head with the learned heuristic can improve on the performance of the conventional scheduler,
with 2.9% and 0.05% increase in schedule utility, respectively. While the improvement was
found over twenty scheduling runs, the tiny increase in utility for the learned heuristic is
liable to evaporate when considering increased power requirements for agile lookahead as
compared to the stationary or conventional case. In the ultra-agile case, the same trend can
be observed even more pronounced, with only the stationary lookahead doing better than the
conventional method. None of the cases using meteorological data show improvement with
the delay times considered, however in a theoretical case with an ISL and no data delay, the
results would be comparable to the stationary lookahead case. Given that meteorological data
from the satellites considered is processed and publicly available on AWS S3 within minutes
after downlink, the awareness and latency are comparable to the stationary lookahead case
and would match or exceed its performance, as the stationary lookahead is limited to a smaller
scheduling horizon than global awareness would give.

For both the agile and ultra-agile cases the analytic heuristic performs identically in behavior
to the unit utility environment, which is extremely detrimental when the utilities are Pareto-
distributed—in the agile case, it loses 33.6% of the utility compared to the conventional
scheduler, and in the ultra-agile case, 34.5%. Since the analytic heuristic fundamentally
assumes unit utility, there is no alignment between the true and estimated advantage when
run in the Pareto case. This becomes even more apparent when observing the difference
between the estimated and actual utility of each lookahead: while the analytic heuristic
estimates a net schedule advantage of o - 13.1 per each lookahead taken with an average
of 1.59, the actual net schedule advantage varies between -13833.5 - 733.5 with an average
net loss in schedule utility of -50.5 per lookahead. Fundamentally the analytic heuristic can
only be constructed assuming net utility, and likely cannot be modified or extended to take
long-tailed distributions into account. In contrast, the learned heuristic, while not fully able to
realize the total available advantage, performs much better. In both the agile and ultra-agile
cases, the learned heuristic produces a schedule with approximately equal utility to that of
the conventional schedule, indicating that the heuristic can appropriately estimate advantage
and opportunity cost even in the case of Pareto-distributed task utility, especially given its
much more limited use of lookaheads, less than half the lookaheads performed compare to
the unit lookahead cases, indicating significantly higher estimated opportunity cost.

Overall, the Pareto-distributed case represents the most challenging case for dynamic tasking:
increases in total utility are meager and there is tremendous downside risk. Even in this
case, we have shown that dynamic tasking algorithms can improve or maintain schedule
performance with additional awareness, implying that for any distribution of task utility
from unit to extremely long-tailed, the DT algorithms presented in this work can still obtain
schedule improvement.
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Table 6.8: Table of results for Pareto-distributed access utilities for ultra-agile satellite case, showing lookahead heuristic, initial
and final schedule lengths |o|, initial and final schedule ca:m./mm Jo, number of lookaheads Njgokaheads, improvement per lookahead
AJ [ Nipokaheads, and estimated improvement per lookahead AJ.

Case Heuristic | o tina J & finai Niookaheads  AJ/Nigokaheads aJ
. 878. 2384.0
Conventional (86 MlmM 4) (1 onMlMANw 2)
o 646. .
Omniscient awwlowov ﬁwooww”.wwmwmwop.mv
) 662.1 2399.
Lookahead Stationary 6,0 _680) G%M.wmw%%ﬂe
. ) 21222.6 222.1 -50. 1.42
Lookahead Analytic SMMMMS (12487.9-38667.0)  (216-226) A-mewwm.mmdw.mv Ao.ohw.b
2.6 2197. : -3.2 15.
Lookahead Learned Qwummlwmwv Gomuwo.uNMmMmm.ov EMNMS ﬁ-wwuom.wwlmwmw.& ﬁo.oMMwmm.ov
Meteorological ISL 30 m awm.wwm.mwﬁoov Gouow.wwwwwuwo.mmv
Meteorological ISL 60 m Aowo.mwwl.%omm.oov Qowpw.powww.wwuw.mmv
Meteorological ISL 9o m 6 Aw.mwml.wwobov (191 mMMWHlMMMHN 58)
Meteorological ISL 120 m ﬁgw.wwmwww%oov Qﬁww.ﬁwoowlwwmwmp.oﬁ
Meteorological G/S o m ﬁ@ﬁ.mw@l.%mmo.oov ?ouwwwwﬁ\“wwou.wwv
Meteorological G/S 30 m awo.mww.wwﬂoov Dﬁmm.wwwwwwmi@
Meteorological G/S 60 m Aomm.www.mwp.oov Goomw.wopoﬂwwmob@
Meteorological G/S 9o m Aoﬁ.mwmw.oowm.oov ?uoww.wmhw.wwwu.m&
660.25 30471.96

Meteorological G/S 120 m
g / (643.00-676.00)  (16373.09-43439.06)

108



6.7 Camera Simulation
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(c) Schedule optimized based on new vision inputs.

Figure 6.23: Example simulation of stationary dynamic tasking case. Empty dots represent
unobserved or unreachable accesses, green dots represent observed cloud-free accesses, and
red dots represent cloudy accesses. The black box represents the lookahead sensor field of
view, with the primary instrument track represented by the yellow dot, nadir track represented
by the large black dot, and the current schedule is represented as the cyan line between
accesses. As (a) the spacecraft is executing its schedule, (b) new accesses come into the field
of view of lookahead sensor, get analyzed and (c) a new schedule is obtained, within a single
overflight.

We present a camera simulation in Figure 6.23 to show how an example of the stationary
vision-based DT case functions. In a single overflight, accesses enter the field of view of the
lookahead sensor, are analyzed for their cloud state, and the schedule is re-optimized to
maximize the number of cloud-free collects.

109



6.8 Summary

This chapter introduced the definition of dynamic tasking as an adaptive stochastic orienteering
problem (ASOP) and developed practical algorithms for onboard implementation. Instead of
solving the ASOP directly, we also introduce the heuristics used to extend previous scheduling
work to dynamic tasking, and evaluate across various simulation environments. Evaluation
across agile and ultra-agile spacecraft agility cases, body-fixed lookahead and meteorological
data, and Pareto-distributed task utilities demonstrated that heuristic-driven dynamic tasking
consistently improves or sustains useful image throughput over conventional scheduling, while
remaining lightweight and viable to run on edge computing hardware.
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Chapter 7

Constellation Extensions

The heuristics presented in §6 Sensing and Dynamic Tasking can be extended to constellations,
under the assumption that we consider constellation-wide operations the same as that of
individual operations, but with a global belief state. Provided that data about accesses that
are shared by multiple spacecraft is allocated efficiently, and can be shared with some regular
cadence, such as through an ISL, the same heuristics can work without further modification.
A diagram depicting this global belief state is shown in Figure 7.2. We consider only task
redistribution and awareness across a constellation with no modification of the constellation
ephemerides, and with no focus on global optimality, rather the minimum that would be
necessary to reproduce dynamic tasking across a constellation.

Dynamic tasking is likely to improve with a constellation with a global belief state, as additional
data from lookaheads can be shared and used, provided that a channel such as an inter-satellite
link (ISL) or a delayed networking approach such as through ground stations is used. To
investigate the performance in the case of a constellation, we configure the agile with an
additional follower spacecraft, resulting in a leader-follower constellation consisting of two
identical spacecraft in the same orbit, separated by 30 minutes. We assume that there is an ISL
available to transmit belief state information between the two spacecraft. A leader-follower
configuration provides two important comparison cases: due to Earth’s rotation, accesses
at equatorial latitudes are mostly separate, while at northerly latitudes they become more
shared, which are both important comparison cases for dynamic tasking. Depending on the
separation in time, more or fewer accesses can be shared. For a leader-follower constellation
separated by constant phase, the separation in time increases, leading to fewer shared accesses
e.g. in 550 km SSO compared to 400 km LEO.

Figure 7.3 shows an example simulation of the considered leader-follower dynamic tasking
scenario over Europe and into the Middle East. At higher latitudes, the follower spacecraft
performs no lookaheads because the leader has already observed all visible tasks in that
region. However, due to the effect of Earth’s rotation causing the follower’s orbital ground
track to drift eastward over time, new, unobserved tasks cause the follower perform additional
lookaheads. A set of unobserved accesses that looks like they have been covered by the
follower’s lookaheads are marked as unobserved, since they are unreachable by the follower
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Figure 7.1: Orbit track and exclusive and shared requests for a leader-follower, showing how
request sharing is more common at higher latitudes due to Earth’s rotation. Leader and
follower are both in 51.6° orbits with the follower trailing by half an orbit.
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Figure 7.2: Diagram showing how a global belief state can be constructed from a distributed
set of belief states, provided that shared requests are updated and maintained.

and the simulation follows causality (i.e. those accesses are in the past).
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Figure 7.3: Example leader-follower dynamic tasking simulation run over Europe. Follower
performs no lookaheads at northerly latitudes since the leader has already covered all the
tasks, but due to Earth’s rotation shifting the ground track, the follower performs more at
mid-latitudes. Some tasks observed by the follower but in the ground track of the leader are
marked unobserved since the simulation enforces causality.

While the data sharing strategy has been shown to work for the two-satellite constellation
considered, allocating the data and keeping everything in synchronization can create additional
nonlinear complexity with the size of constellation. In this case, the same result can be
achieved trading computation requirements for data and bandwidth ones by duplicating and
transmitting global belief state to every satellite. However, this type of allocation is likely only
beneficial for extremely large constellations of approximately 1,000 satellites or more.

7.1 Summary

This chapter extended dynamic tasking heuristics from single spacecraft to constellations
without focus on global optimality by introducing a shared global belief state. Simulating with
a leader-follower constellation, results showed that inter-satellite information sharing enables
task redistribution and reduces redundant lookaheads, with latitude-dependent effects from
Earth’s rotation affecting how many imaging requests are shared between the constellation.
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Chapter 8

Conclusions & Future Work

Overall, this work shows that using vision instruments to assess upcoming image opportunities
through agile lookahead is a viable mission architecture for agile Earth-observing satellite
constellations equipped with onboard edge computing. In the case of unit task utility we
find improvement in useful image throughput in all trialed cases, while when using more
realistic Pareto-distributed utility, dynamic tasking can still find improvements to the schedule,
despite the gap between the omniscient and conventional schedule significantly narrowing
and schedule improvement becoming harder to find.

Future work includes many different avenues of exploration, ranging from technology
demonstration to a variety of algorithmic improvements. This work assessing overall mission
types is naturally highly parameterized and necessarily has had to make simplifications, as a
single scheduling study cannot possibly encapsulate all the complexities that can exist in real
missions. Significant optimization could be performed when analyzing a specific mission type
instead, especially with continuous monitoring during operations.

There are many additional factors to consider when implementing for a specific mission, and
many additional challenges to tackle. While this thesis tackles some of the theoretical and
algorithmic frameworks, there are still significant complexities to overcome when implementing
on a typical EO spacecraft. These complexities include additional resource requirements,
slewing requirements such as rotational velocity constraints, instrument specifics such as
warm-up times, imaging duty cycle, constraints on resolution, and so on.

While this thesis looks at continuous imaging, typical EO spacecraft image only a fraction of
the orbit cycle, ranging typically between 5-20%, constrained primarily by energy available
onboard the spacecraft. Usage of onboard computing and additional required slews affect the
same power requirements, and an additional trade-off may need to be made between imaging
and lookaheads from the power side.

Additionally, while this work assumes perfect state estimation from vision, in reality there is
some accuracy attached to the vision system dependent on resolution. We may not also want
binary classifications but rather probabilities or cloud thresholds, which can be incorporated
into the utility function. Ground resolution constraints, if known, could also be potentially

115



mitigated by applying action limits to lookahead actions, e.g. not allowing any lookaheads
pitching over 20°.

With the advent of new, compact hyperspectral sensors being flown on small satellites, while
the spatial resolution may not yet meet the needs of extremely high resolution (e.g. 30
cm) imagery of tasked spacecraft, they could potentially be extremely useful as lookahead
instruments due to the high specificity provided by the bands combined with spectral unmixing
or spectral search algorithms [79].

There is a large gap in this work still between the dynamically tasked schedules and the
omniscient schedule—additional sensor fusion, improved prediction, and more data likely
can improve performance without the same opportunity costs that agile lookahead entails.
Using meteorological data as a first pass [108, 109] and deriving a large dataset of conditional
prediction probabilities could likely significantly improve the performance, getting much closer
to the upper bound set by the omniscient case.

Now that this work has shown that the heuristics developed are capable of accurately estimating
tradeoffs, there is likely significant benefit that can be obtained by adding additional global
planning. In this work, all actions are greedy and performed only when the tradeoff is
net-positive on a local level, which can potentially cause

The constellation extensions in this work also require an inter-satellite link to be present, so
that belief states can be synchronized. While this technology is becoming more common,
it is still rare and often costly to transmit even small messages. Delay-tolerant scheduling
using statistical measures instead of the exact belief state and then synchronizing over ground
station overpasses may be sufficient [94].

The post-processing approach to adding lookaheads in this work cuts down search space
complexity significantly, but is not likely to achieve optimal solutions due to the inherently
greedy nature of running these algorithms only on the spacecraft. More optimal solutions can
likely be found by pre-planning lookaheads in the initial ground schedule, using an algorithm
such as Monte Carlo Tree Search (MCTS) as used by AlphaGo [160] and previously applied to
scheduling for agile Earth-observing spacecraft [132]. While this technique could potentially
result in improvements in schedule performance and could implicitly encode a global planner
into the policy, significant additional effort would have to go into operationalization due to
the nature of the algorithm being much more of a black box with aspects of stochasticity.

This work focuses primarily on uses cases for commercial EO with optical imagery, however the
concepts and analysis developed for this thesis are broader than the application considered.
Future work could extend analysis to science-focused missions, with a variety of use cases for
unpredictable phenomena both on Earth and potentially elsewhere. Science uses cases for
dynamic targeting include but are certainly not limited to smart tracking of deep convective
ice storm features [84] and planetary boundary layer tracking and sensing [51].
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Appendix A

Core Implementation Details

This appendix covers the core implementation features, from which dynamic tasking simula-

tions can be exactly constructed.

# access.py

import numpy as np
import datetime
import itertools

from tqdm import tqdm

from collections import namedtuple

from dynamic_tasker.orbits import =*
from dynamic_tasker.vector import *
from dynamic_tasker.spacecraft import =

class Request:
def __init__(self, id, lat, long, name, utility=1):
self.id = id
self.lat = lat
self.long = long
self.name = name
self.utility = utility

def __repr__(self):

return f"Request({self.id}, {self.lat}, {self.long}, {self.name}, {self.utility})"

class Access:
def __init__(self, request, time, angle, state=None, utility=None):

self.request = request
self.requestid = request.id
self.lat = self.request.lat
self.long = self.request.long
self.name = self.request.name
self.time = time
self.angle = angle
self.state = state

if(utility is not None):
self.utility = utility
else:
self.utility = self.request.utility

def __repr__(self):
return f"Access({self.requestid}, {self.lat}, {self.long}, {self.name
— {self.state}, {self.utility})"

def multi_async_dispatch_search(requests, req_latlongs, field_of_regard, to_s, to, t1, t2, r1, r2, di1, d2, orbit):
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def

t3 = (t1 + t2) / 2
# 1 second threshold
if(t2 - t1 < 1):
tasks = []
for i, x in enumerate(requests):
# Check access constraints...
# Propagate to position
task_eci = ecef2eci(latlong2ecef((x.lat, x.long)), t@ + datetime.timedelta(seconds=t3 - t@_s))
r, v = kepler2eci(propagate_orbit(orbit, t1))
# Compute the angle using dot product
angle_diff = np.arccos(np.dot(r, r - task_eci) / (np.linalg.norm(r) * np.linalg.norm(task_eci - r)))
sign = np.sign(dist2plane(r, np.cross(r, v), task_eci))
angle_diff = np.rad2deg(angle_diff) * sign
if(np.abs(angle_diff) < field_of_regard and task_not_in_eclipse(t@ + datetime.timedelta(seconds=t3 -
— to_s), r)):
tasks.append(Access(x, t@ + datetime.timedelta(seconds=t3 - t@_s), angle_diff))

return tasks

# Assume all tasks change sign in this time period
r3, v3 = kepler2eci(propagate_orbit(orbit, t3))

tasks_eci_3 = ecef2eci_vec(latlong2ecef_vec(req_latlongs), t@ + datetime.timedelta(seconds=t3 - t@_s))
d3 = dist2plane(r3, v3, tasks_eci_3)

filter_firsthalf = d1 = d3 < 0
filter_secondhalf = d2 * d3 < 0

tasks_firsthalf = [requests[i] for i in range(len(requests)) if filter_firsthalf[il]
tasks_secondhalf = [requests[i] for i in range(len(requests)) if filter_secondhalf[i]]

]
]

task_times_1
task_times_2

# Split and recurse
if(len(tasks_firsthalf) > 0):
task_times_1 = multi_async_dispatch_search(tasks_firsthalf, req_latlongs[filter_firsthalf],
— field_of_regard, to_s, to, t1, t3, r1, r3, di[filter_firsthalf], d3[filter_firsthalf], orbit)

if(len(tasks_secondhalf) > 0):
task_times_2 = multi_async_dispatch_search(tasks_secondhalf, req_latlongs[filter_secondhalf],
— field_of_regard, to_s, t0, t3, t2, r3, r2, d3[filter_secondhalf], d2[filter_secondhalf], orbit)

return task_times_1 + task_times_2

get_accesses(requests, orbit, t_coarse, field_of_regard, t@, t_end):

h = orbit.a - Constants.R_E # assume circular orbit

v = v_orb(h)

theta = np.arctan((h * np.tan(np.deg2rad(field_of_regard))) / Constants.R_E) # Max possible lateral angle
theta_total = theta + np.deg2rad((Constants.gamma / (24 * 3600)) * t_coarse) # Worst case Earth rotation
filter_radius = np.sqrt((v * t_coarse/2)*x2 + (h + Constants.R_E * (1 - np.cos(theta_total)))**2 +

— (Constants.R_E * np.sin(theta_total))**2)

seconds_since_epoch = 0 #(t0 - Constants.J2000).total_seconds()

total_tasks = []
req_latlongs = np.array([[x.lat, x.long] for x in requests])

r1, vl = kepler2eci(propagate_orbit(orbit, seconds_since_epoch))

for i in range(0, int((t_end - t@).total_seconds()) - t_coarse, t_coarse):
t1 = seconds_since_epoch + i
t2 = seconds_since_epoch + i + t_coarse

# Calculate ECI points
r2, v2 = kepler2eci(propagate_orbit(orbit, t2))

tasks_eci_1 = ecef2eci_vec(latlong2ecef_vec(req_latlongs), t@ + datetime.timedelta(seconds=i))
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tasks_eci_2 = ecef2eci_vec(latlong2ecef_vec(req_latlongs), t@ + datetime.timedelta(seconds=i + t_coarse))

task_dists_1 dist(r1, tasks_eci_1)
task_dists_2 = dist(r2, tasks_eci_2)

task_mask = (task_dists_1 <= filter_radius) + (task_dists_2 <= filter_radius)

if(np.sum(task_mask) > 0):
requests_prefiltered = list(itertools.compress(requests, task_mask))
req_latlongs_prefiltered = list(itertools.compress(req_latlongs, task_mask))

dl = dist2plane(rl, v1, tasks_eci_1[task_mask])
d2 = dist2plane(r2, v2, tasks_eci_2[task_mask])

requests_crossindex = [d1[i] * d2[i] < © and d1[i] > d2[i] for i in range(len(requests_prefiltered))]

if(np.sum(requests_crossindex) > 0):
requests_filtered = list(itertools.compress(requests_prefiltered, requests_crossindex))
req_latlongs_filtered = np.array(list(itertools.compress(req_latlongs_prefiltered,
— requests_crossindex)))
new_tasks = multi_async_dispatch_search(requests_filtered, req_latlongs_filtered, field_of_regard,
— seconds_since_epoch, t@, t1, t2, r1, r2, di[requests_crossindex], d2[requests_crossindex],
— orbit)
total_tasks += new_tasks

rt =r2
vl = v2
return total_tasks

task_not_in_eclipse(time, r):
sun_vector = sunvec_eci(time)
return np.dot(r, sun_vector) > 0

# areas.py
import numpy as np
from itertools import combinations

def

def

def

def

normalize(v: np.ndarray) -> np.ndarray:
"""Return v / fvf."""
n = np.linalg.norm(v)
if n < EPS:

raise ValueError("zero-length vector")
return v / n

interior_signs(planes, interior_pt):
Return _j = 1 for every plane, where +1 means the interior point is on
the 'inside' side ( n-x > d ).
return [1 if np.dot(p["n"], interior_pt) - p["d"] > 0 else -1
for p in planes]

vertex_angle(v, n_prev, n_next):

Corner angle at vertex v where the boundary turns from plane n_prev
to plane n_next (both unit normals).

t1 = normalize(np.cross(n_prev, v))

t2 = normalize(np.cross(n_next, v))

return np.arccos(np.clip(np.dot(t1, t2), -1.0, 1.0))

edge_contribution(v1l, v2, n, d, sigma):

nun
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_g ds of the small-circle arc between v1 and v2 on plane (n,d),
with orientation sign sigma = #1.

= np.arccos(d) # angular radius of the circle
if abs(np.cos()) < le-14: # great circle _g =0
return 0.0

# project the vertices onto the plane to obtain circle centre-angle
ul = vl -d=*n
u2 =v2 -d=+*n
denom = np.sin() **x 2
cos_ = np.clip(np.dot(ul, u2) / denom, -1.0, 1.0)
= np.arccos(cos_)

return sigma * np.cos() *

already_used(u, used):
return any(np.allclose(u, w, atol=EPS) for w in used)
spherical_polygon_area(vertices, # [N,3]

planes, # list of {"n":...

edge_plane_indices,
interior_pt=None):

nun

Area of the region on the unit sphere bounded by the given planes.

Parameters

vertices CCW-ordered vertices on S2 (Nx3 array-like)

planes [{'n': unit normal (3,), 'd': scalar}, .. .]

edge_plane_indices plane index of edge (v_i -+ v_{i+1})

interior_pt optional point known to lie inside the patch
(defaults to mean of vertices, then renormalised)

Returns

area (float) - steradians
\%
N

[normalize(np.asarray(v, float)) for v in vertices]
len(V)

if interior_pt is None:
interior_pt = normalize(np.mean(V, axis=0))

= interior_signs(planes, interior_pt)

corner_sum = 0.0
edge_sum = 0.0

for i in range(N):
v_curr = V[i]
v_next = V[(i + 1) % NJ]

plane_prev = planes[edge_plane_indices[i - 1]]
plane_next = planes[edge_plane_indices[i]]

# --- corner term _i --------------mmomo oo

corner_sum += vertex_angle(v_curr,
plane_prev['"n"],
plane_next["n"])

)

"d":LlL)

# [N] plane index for edge i-i+1

# --- edge line-integral term --------------——----———-———————————————

idx = edge_plane_indices[i]

p = planes[idx]

edge_sum += edge_contribution(v_curr, v_next,
pl"n"]1, p["d"]1, [idxI)
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def

# Gauss—-Bonnet on S2 -+ A =2 _i _gds
return 2.0 * np.pi - corner_sum - edge_sum

are_planes_equal(p1, p2, tol=le-9):
return (np.allclose(p1["n"], p2["n"], atol=tol) and
np.isclose(p1["d"], p2["d"], atol=tol))

vertex_set_from_planes(planes, interior_pt=None):
# Start first by calculating all intersections of the planes
lines = []

# Find the intersection of each pair of planes
for p,q in combinations(planes, 2):
# if np.all(p["n"] == q["n"1) and np.all(p["d"] == q["d"1):

# continue
nl = p["n"]
n2 = qC"n"]
d1 = p["d"]
d2 = q["d"]

v = np.cross(nl, n2)
if np.linalg.norm(v) < EPS:
continue

p@ = np.cross(dl * n2 - d2 * n1, v)/np.linalg.norm(v)#**2
lines.append((p9, Vv))

vertices = []
# Calculate vertices as lines projected to unit magnitude
for i, (p@, v) in enumerate(lines):

a = v.dot(v)

b =2 x po.dot(v)

c = p@.dot(pd) - 1.0

delta = b**2 - 4 x a x ¢
if delta < 0:
continue

sqrt_delta = np.sqgrt(delta)

t1 = (-b + sqgrt_delta) / (2 * a)
t2 = (-b - sgrt_delta) / (2 * a)

vertices.append(p@ + t1 * v)
vertices.append(p@ + t2 x v)

# Renormalize the vertices to unit length
vertices = [normalize(v) for v in vertices]

# Remove ones that aren't tightly bound by the planes

vertices_tight = [v for v in vertices if np.all([np.dot(p["n"]1, v) - p["d"] >=
# Order the vertices

vertices_sorted = [vertices_tight[0]]

planes_used = []

edge_plane_indices = []

# centre = normalize(np.mean(vertices_tight, axis=0))
# choose an arbitrary in-plane x-axis

-EPS for p in planes])]

centre = normalize(np.mean(vertices_tight, axis=0)) if interior_pt is None else normalize(interior_pt)

x0 = (np.cross([1, 0, 0], centre))

if np.linalg.norm(x@) < EPS: # centre pole
X0 = np.array([1, 0, 01)

else:
X0 = normalize(x0)
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y@ = np.cross(centre, x0)

angles = [np.arctan2(np.dot(y@, v), np.dot(x@, v))
order = np.argsort(angles)

for v in vertices_tight]

vertices_sorted = [vertices_tight[i] for i in order]

# for i in range(len(vertices_tight) - 1):

# v = vertices_sorted[-1]

# # Find the plane that is closest to the vertex

# planes_close = [p for p in planes if np.abs(np.dot(p["n"], v) - p["d"]) <= EPS and (True if
— len(planes_used) == 0 else not are_planes_equal(p, planes_used[-1]1))]

# if len(planes_close) ==

# raise ValueError("No plane found for vertex")

# plane = planes_close[-1]

# planes_used.append(plane)

# # edge_plane_indices.append(planes.index(plane))

# edge_plane_indices.append([i for i, p in enumerate(planes) if are_planes_equal(p, plane)][0@])
# # Find the next vertex that is closest to the plane

# next_vertex = None

#

— vertices_sorted[-1]).any()]

if next_vertex:
vertices_sorted.append(next_vertex[0])

else:

H oH R

# # Add the final plane to the list

# # This plane connects the last vertex to the first vertex
# plane_final = [p for p in planes if np.abs(np.dot(p["n"],
— np.abs(np.dot(p["n"], vertices_sorted[@]) - p["d"]) <= EPS]

# if len(plane_final) == 0:

# raise ValueError("No final plane found for the last vertex")

# planes_used.append(plane_final[-1])

# edge_plane_indices.append([i for i, p in enumerate(planes) if are_planes_equal(p, plane_final[-1]1)][0])

edge_plane_indices = []
for i in range(len(vertices_sorted)):

v_cur, v_nxt = vertices_sorted[i], vertices_sorted[(i+1) % len(vertices_sorted)]

shared = [k for k,p in enumerate(planes)
if abs(np.dot(p["n"], v_cur) - p["d"])

# pick the plane that is *notx the previous one to maintain CCW order

if i and shared[0] == edge_plane_indices[-1]:
edge_plane_indices.append(shared[1])
else:
edge_plane_indices.append(shared[0])

return vertices_sorted, planes, edge_plane_indices

# cameras.py

import numpy as np

from dynamic_tasker.orbits import *

from dynamic_tasker.rotations import x

from dynamic_tasker.vector import *

# Origin at bottom left corner

def get_intrinsics(f, c_x, c_y):
K = np.hstack([np.array([-f, 0, c_x, 0, f, c_y, 0,
return K

next_vertex = [v for v in vertices_tight if np.abs(np.dot(plane["n"], v) - plane["d"]) <= EPS and (v !=

raise ValueError("No next vertex found for the current vertex")

<= EPS
and abs(np.dot(p["n"], v_nxt) - p["d"]) <= EPS]

0, 11).reshape(3,3), np.zeros((3,1))1)

def get_intrinsics_from_fov(fov, width, height, axis='x"):

if axis == 'x':

f = width / (2 * np.tan(np.deg2rad(fov / 2)))
elif axis == 'y':

f = height / (2 * np.tan(np.deg2rad(fov / 2)))
else:
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def

def

def

def

raise ValueError(f"Invalid axis: {axis}")

return get_intrinsics(f, width/2, height/2)

get_extrinsics(R_t, p):

R_q = R_t #g2mat(q)

R_® = np.eye(3) # eul2R(-np.pi/4, np.pi/2, @) # boresight on -z
R=R_q@R_0

t=-R@p

bottom_row = np.array([[0, @, 0, 1]1)

Rt = np.hstack([R, t.reshape(3, 1)1)
transformation_matrix = np.vstack([Rt, bottom_row])
return transformation_matrix

get_camera_matrix(K, R, p):
return K @ get_extrinsics(R, p)

project(P, points, z_clip=True):

# Project points to image plane

points = np.concatenate((points, np.ones((points.shapel[0], 1))), axis=1)
points = (P @ points.T).T

# Clip all points with z < @
if(z_clip):
points = points[points[:, 2] > 0]

points = points / points[:, [2]]
points = points[:, 0:2]

return points

unproject(P, img_points, depth):

Unprojects 2D image points to 3D world coordinates given their depth values.

Parameters
P : np.ndarray
The 3x4 camera projection matrix (assumed to be of the form K[R | -Rxt]).
img_points : np.ndarray
An (N x 2) array of image (pixel) coordinates.
depth : float or np.ndarray

The depth value(s) corresponding to the camera z-coordinate (before homogeneous division).

This can be a single scalar (applied to all points) or an (N,) array.

Returns

world_points : np.ndarray
An (N x 3) array of unprojected 3D world coordinates.

Because the projection operation loses the depth information, unprojection is ambiguous
unless the depth is provided. This function inverts the operation:

[u, v --> dx[u, v, 1]1*T = MxX + p4 with M = P[:, :3] and p4 = P[:, 3],
and returns:

X = inv(M) * (d*[u, v, 11*T - p4)
# Ensure depth is an (N, 1) array.
if np.isscalar(depth):

depth = np.full((img_points.shape[0], 1), depth)
else:

depth = np.array(depth).reshape(-1, 1)

# Decompose P into its 3x3 part and the translation part.
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M= P[:, :3] # should be invertible (e.g. KxR)
p4 = P[:, 3] # shape (3,)

# Build the homogeneous image coordinates scaled by the depth.
# For each 2D point [u, v], we form [u*d, v*d, d]
homogeneous_img = np.hstack([img_points * depth, depth])

# Solve for the world point: X = inv(M) @ (dx[u,v,1] - p4)

invM = np.linalg.inv(M)

# Subtract p4 from each row (broadcasting works because p4 is (3,))
world_points = (homogeneous_img - p4) @ invM.T

return world_points

project_from_orbit(points, K, orbit, time, roll_angle=0, pitch_angle=15):
r, v = kepler2eci(propagate_orbit(orbit, time))

# Figure out the quaternion pointing to nadir

v_unit = v / np.linalg.norm(v)

r_unit = r / np.linalg.norm(r)

= rotmat_from_vec(r_unit, -v_unit)

eul2R(@, np.deg2rad(roll_angle), np.deg2rad(pitch_angle))
R_t @ R_q

= np.linalg.inv(R_t)

R_t[[2, 1, 01, :1]

get_camera_matrix(K, R_t, r)

'U;U;UIJU;U;U
I et &+ &+ QO
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# Check if points is not empty

if(points.size > 0):
projected_points = project(P, points, False)
return projected_points

else:
return []

unproject_from_orbit(img_points, depth, K, orbit, time, roll_angle=0, pitch_angle=15):

Unprojects 2D image points to 3D world coordinates using orbit information.

Parameters
img_points : np.ndarray

An (N x 2) array of image (pixel) coordinates.
depth : float or np.ndarray

The depth value(s) corresponding to the camera z-coordinate (before homogeneous division).

Can be a scalar (applied to all points) or an array of shape (N,).
K : np.ndarray

The 3x3 intrinsic calibration matrix.
orbit : object

The orbit parameters (or object) used by propagate_orbit and kepler2eci.
time : float

The time at which to propagate the orbit.
roll_angle : float, optional

The camera roll angle in degrees (default is 0).
pitch_angle : float, optional

The camera pitch angle in degrees (default is 15).

Returns

world_points : np.ndarray
An (N x 3) array of 3D world coordinates corresponding to the unprojected image points.

This function first computes the camera position and orientation from the orbit parameters:
- Propagate the orbit to the given time and convert to ECI coordinates.

- Compute a rotation matrix pointing toward nadir using the unit vectors of the
position (r_unit) and velocity (v_unit).
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- Adjust the rotation using the specified roll and pitch.
- Compute the camera projection matrix P = get_camera_matrix(K, R_t, r).

Then it uses the provided depth to unproject the 2D image points back into 3D space via:
X = inv(M) @ (d*[u, v, 11*T - p4)
where M = P[:, :3] and p4 = P[:, 3].

Dependencies
This function assumes that the following functions are defined elsewhere:
- propagate_orbit(orbit, time)
- kepler2eci(state)
- rotmat_from_vec(target_vec, up_vec)
- eul2R(yaw, pitch, roll)
- get_camera_matrix(K, R, t)
- unproject(P, img_points, depth)
# Propagate the orbit to the given time and convert to ECI coordinates.
r, v = kepler2eci(propagate_orbit(orbit, time))

# Compute unit vectors from position and velocity.
r_unit = r / np.linalg.norm(r)
v_unit = v / np.linalg.norm(v)

ompute the rotation matrix that aligns the camera with nadir (pointing toward Earth).
= rotmat_from_vec(r_unit, -v_unit)

djust for roll and pitch (convert angles from degrees to radians).

= eul2R(2, np.deg2rad(roll_angle), np.deg2rad(pitch_angle))

nvert the rotation to get the camera-to-world rotation.
= np.linalg.inv(R_t)

eorder axes as in the project_from_orbit function.

= R_t[[2, 1, o], :1]

# Construct the full camera projection matrix.
P = get_camera_matrix(K, R_t, r)

# Unproject the image points using the provided depth.
world_points = unproject(P, img_points, depth)

return world_points

def ecef2pitchroll(pos_ecef, v_ecef, vec):
Up = pos_ecef / np.linalg.norm(pos_ecef)

Along = v_ecef / np.linalg.norm(v_ecef)
Right = np.cross(Along, Up)
Right = Right / np.linalg.norm(Right)

Along = np.cross(Up, Right)
Along = Along / np.linalg.norm(Along)

R_ecef_to_body = np.vstack([Right, Along, Upl)

v_local = R_ecef_to_body @ vec
v_local_norm = v_local / np.linalg.norm(v_local) # normalize for angle calculations

pitch = -np.arctan2(v_local_norm[1], v_local_norm[2])
roll = -np.arctan2(v_local_norm[0], v_local_norm[2])

pitch_deg = np.degrees(pitch) * 1
roll_deg = np.degrees(roll)

return pitch_deg, roll_deg

def project_in_box(pitch_deg, roll_deg, orbit, t, accesses, points, width, height, K):
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# First, project and see if it's in the box

points_eci = np.array([ecef2eci(p, t) for p in points])

ecef_projected_dir = project_from_orbit(points_eci, K, orbit, t, pitch_angle=pitch_deg, roll_angle=roll_deg)
# Figure out how many are in the box

in_box_idx = np.array([i for i, p in enumerate(ecef_projected_dir) if p[0] >= 0 and p[0] <= width and p[1] >=
— 0 and p[1] <= height])

return [a for i, a in enumerate(accesses) if i in in_box_idx], in_box_idx, ecef_projected_dir

filter_accesses_horizon(orbit, time, accesses, pos_ecef, field_of_regard=30):
return [(r, a, t, access, idx) for r, a, t, access, idx in accesses if t >= time and t <= time +
— datetime.timedelta(seconds=horizon_time(orbit)) and a <= field_of_regard and a >= -field_of_regard]

create_box(width, height, points_per_edge=0):
# Create the base box corners
corners = np.array([[0, 0], [width, 0], [width, height], [0, height]])

# Create high resolution edges
edges = []
for i in range(4):
start = corners[i]
end = corners[(i + 1) % 4]
# Generate evenly spaced points along each edge
edge_points = np.linspace(start, end, points_per_edge)
edges.append(edge_points[:-1]) # Exclude last point to avoid duplicates

# Combine all edges and add the closing point
high_res_box = np.vstack(edges + [corners[0]])
return high_res_box

# constants.py
import datetime

class Constants:

# Time
J2000 = datetime.datetime(2000, 1, 1, 12, 0, 0)
seconds_per_day = 24 x 60 x 60

# Earth

R_E = 6378 # km

mu = 398600.4418 # km"3/s"2

ERA_J2000 = 280.46 # Earth rotation at J2000
gamma=360.9856123035484 # Earth rotation rate, deg/day

# Sun

# imagery.py

from collections import namedtuple
import numpy as np

import matplotlib as pyplot

import requests

import datetime

import os

import zipfile

import xml.etree.ElementTree as ET
from requests.auth import HTTPBasicAuth
import xarray as xr

# Linux only....

try:

import pygrib

except ImportError:

pass

import re
import pyproj
from pathlib import Path

dateformat = "%Y-%m-%d_%H%M%S"
data_dir = Path(__file__).resolve().parent.parent.parent / "data"
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image_sources = {

def

def

"goes_west": {
"url": "https://noaa-goes18.s3.amazonaws.com/",
"description": "GOES West (18)",
"product": "ABI-L2-ACMF",

"lon": -137.2,
3,
"goes_east": {
"url": "https://noaa-goes16.s3.amazonaws.com/",
"description": "GOES East (16)",
"product": "ABI-L2-ACMF",
"lon": -75.2,
i

"meteosat_zds": {
"url": "https://api.eumetsat.int/data/download/1.0.0",

"description": "Meteosat Zero Degree Service (ZDS)",
"product": "EO:EUM:DAT:MSG:CLM",
"lon": 0,

}’

"meteosat_iodc": {
"url": "https://api.eumetsat.int/data/download/1.0.0",

"description": "Meteosat Indian Ocean Data Coverage (IODC)",
"product": "EO:EUM:DAT:MSG:CLM-IODC",
"lon": 45.5,
i
"himawari": {
"url": "https://noaa-himawari9.s3.amazonaws.com/",
"description": "Himawari 9",
"product"”: "AHI-L2-FLDK-Clouds",
"lon": 140.7,
i
download_goes_image(time: datetime, url, product, savefile, causal=True):

if(time.minute == 0):
time = time - datetime.timedelta(hours=1)

year = time.year
hour = time.hour
minute = time.minute

# Calculate day of year
day_of_year = time.timetuple().tm_yday

response = requests.get(f"{url}/?prefix={product}/{year}/{day_of_year:03d}/{hour:02d}/", verify=False)
response.raise_for_status()

# Parse xml tree
root = ET.fromstring(response.text)

# Find the match

namespace = {"s3": "http://s3.amazonaws.com/doc/2006-03-01/"}

filenames = [content.find("s3:Key", namespace).text for content in root.findall("s3:Contents", namespace)]
# filename = [x for x in filenames if re.search(f"{minute:02d}[0-91{{3}}\.nc", x)]J[0]

filename = filenames[minute//10 if minute > 0 else -1]

# Download the file

response = requests.get(f"{url}/{filename}", verify=False)

response.raise_for_status()

# Save the file

with open(os.path.join(data_dir, f"products/{savefile}.nc"), "wb") as f:
f.write(response.content)

download_goes_east_image(time: datetime):
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90 download_goes_image(time, image_sources["goes_east"]["url"], image_sources["goes_east"]["product"],
— f"goes_east_{time.strftime(dateformat)}")

91

92 def download_goes_west_image(time: datetime):

93 download_goes_image(time, image_sources["goes_west"J["url"], image_sources["goes_west"]["product"],
— f"goes_west_{time.strftime(dateformat)}")

94

95 def download_meteosat_zds_image(time: datetime):

96 token = get_auth_token_meteosat()

97 download_meteosat_image(time=time, url=image_sources["meteosat_zds"]J["url"], auth_token=token)

98

99 def download_meteosat_iodc_image(time: datetime):

100 token = get_auth_token_meteosat()

101 download_meteosat_image(time=time, url=image_sources["meteosat_iodc"J["url"], product="iodc",

— auth_token=token)

103 def download_himawari_image(time: datetime, url=image_sources["himawari"]["url"],
— product=image_sources["himawari"]["product"], savefile=None):

104 year = time.year

105 month = time.month

106 day = time.day

107 hour = time.hour

108 minute = time.minute

109

110 if(savefile is None):

111 savefile = f"himawari_{time.strftime(dateformat)}"

112

113 response = requests.get(f"{url}/?prefix={product}/{year}/{month:02d}/{day:02d}/{hour:02d}{minute:02d}",
— verify=False)

114 response.raise_for_status()

115

116 # Parse xml tree

117 root = ET.fromstring(response.text)

118

119 namespace = {"s3": "http://s3.amazonaws.com/doc/2006-03-01/"}

120 filenames = [content.find("s3:Key", namespace).text for content in root.findall("s3:Contents", namespace)]

121

122 filename = [x for x in filenames if "AHI-CMSK" in xJ[0]

123

124 # Download the file

125 response = requests.get(f"{url}/{filename}", verify=False)

126 response.raise_for_status()

127

128 # Save the file

129 with open(os.path.join(data_dir, f"products/{savefile}.nc"), "wb") as f:

130 f.write(response.content)

131

132 MeteosatAuthToken = namedtuple("MeteosatAuthToken", ["token", "expires"])

133

134 def get_auth_token_meteosat():

135 # Get the auth token for the meteosat endpoint

136 url = "https://api.eumetsat.int/token"

137 # TODO: put keys in here!

138 key = ""

139 secret = ""

140

141 data = {

142 "grant_type": "client_credentials"

143 3

144

145 # Make the request

146 response = requests.post(url, data=data, auth=HTTPBasicAuth(key, secret), verify=False)

147

148 if(response.status_code == 200):

149 json_response = response.json()

150 token = json_response["access_token"]

151 expires = datetime.datetime.now() + datetime.timedelta(seconds=json_response["expires_in"])

152 return MeteosatAuthToken(token, expires)
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def

else:
raise Exception("Failed to get auth token for meteosat")

revoke_auth_token_meteosat (auth_token: MeteosatAuthToken):
url = "https://api.eumetsat.int/revoke"
data = {

"token": auth_token.token

}
response = requests.post(url, data=data, verify=False)

if(response.status_code == 200):
return True

else:
return False

list_meteosat_images(auth_token: MeteosatAuthToken):

# List the available images from the meteosat endpoint
# url =

pass

download_meteosat_image(url, auth_token: MeteosatAuthToken, time, product="zds",

tmp_folder=os.path.join(data_dir, "tmp"), products_folder=os.path.join(data_dir, "products"), causal=True):

collection = "EO:EUM:DAT:MSG:CLM"

if(product=="iodc"):
collection += "-IODC"

# Replace with web-safe product name
collection = collection.replace(":", "%3A")
year = time.year

month = time.month

day = time.day

hour = time.hour

minute = time.minute

# round minute to nearest 15

# if(causal):

# minute = int(np.floor(minute/15.0)) * 15
# else:

#

minute = int(np.round(minute/15.0)) * 15

url = image_sources["meteosat_zds"]J["url"]

url += f”/collections/{collection}/dates/{year}/{month:®2d}/{day:®2d}/times/(hour:02d}/{minute:®2d}?access_J

— token={auth_token.token}"
response = requests.get(url, headers={"Authorization": f"Bearer {auth_token.token}"}, verify=False)
if(response.status_code != 200):

raise Exception(f"Failed to download image: {response.status_code}, {response.text}")

product_filename = os.path.join(tmp_folder, f"meteosat_{product}_{time.strftime(dateformat)}.zip")

with open(product_filename, "wb") as f:
f.write(response.content)

# Unzip and save to data folder...
with zipfile.ZipFile(product_filename, "r") as z:
z.extractall(tmp_folder)

# Now save the product .grb to the data folder...
file_start = f"MSG{2 if product=="iodc' else
— 3}-SEVI-MSGCLMK-0100-0100-{year }{month:02d}{day:02d}{hour:02d}{minute:02d}"
# Search for the grb file
for root, dirs, files in os.walk(tmp_folder):
for file in files:
if file.startswith(file_start) and file.endswith(".grb"):
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os.rename(os.path.join(root, file), os.path.join(products_folder,
— f"meteosat_{product}_{time.strftime(dateformat)}.grb"))
break

image_sources = {
"goes_west": {

def

#
#
#
#

Y

"url": "https://noaa-goes18.s3.amazonaws.com/",
"description": "GOES West (18)",

"product": "ABI-L2-ACMF",

"lon": -137.2,

"download": download_goes_west_image,

"goes_east": {

1

"url": "https://noaa-goes16.s3.amazonaws.com/",
"description": "GOES East (16)",

"product": "ABI-L2-ACMF",

"lon": -75.2,

"download": download_goes_east_image,

"meteosat_zds": {

1

"url": "https://api.eumetsat.int/data/download/1.0.0",

"description": "Meteosat Zero Degree Service (ZDS)",
"product": "EO:EUM:DAT:MSG:CLM",
"lon": 0,

"download": download_meteosat_zds_image,

"meteosat_iodc": {

1

"url": "https://api.eumetsat.int/data/download/1.0.0",

"description": "Meteosat Indian Ocean Data Coverage (IODC)",
"product": "EO:EUM:DAT:MSG:CLM-IODC",
"lon": 45.5,

"download": download_meteosat_iodc_image,

"himawari": {

}

"url": "https://noaa-himawari9.s3.amazonaws.com/",
"description": "Himawari 9",

"product": "AHI-L2-FLDK-Clouds",

"lon": 140.7,

"download": download_himawari_image,

get_closest_latlong_sample(data, lats, longs, point):
lat, lon = point

lats_1d = lats[:, lats.shapel[0]//2]
longs_1d = longs[longs.shape[1]1//2, :]

lat_idx = np.nanargmin(np.abs(lats_1d - lat))

long_idx = np.nanargmin(np.abs(longs[lat_idx, :] - lon))

#
#
#

import matplotlib.pyplot as plt
plt.plot(np.abs(longs[lat_idx, :] - lon))
plt.show()

return datal[lat_idx, long_idx]

extract_latlong_from_meteosat_grib(filename):
grbs = pygrib.open(filename)
cloud_mask = grbs[1].values

lats

grbs[1].latitudes.reshape((3712, 3712))

lons = grbs[1].longitudes.reshape((3712, 3712))

def get_global_cloud_map(time: datetime):

# Get the global cloud map from the meteosat endpoint
auth_token = get_auth_token_meteosat()

download_meteosat_image (image_sources["meteosat_zds"]J["url"], auth_token, time)
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285 def load_bcm(filename, lazy_load=False):

286 # Load the binary cloud mask file

287 # Get pure filename

288 pure_filename = os.path.basename(filename)

289 full_filename = os.path.join(data_dir, "products", filename)
290 if(lazy_load and not os.path.exists(full_filename)):

201 # Extract the date from the filename

292 date = datetime.datetime.strptime("_".join(pure_filename.split(".")[0].split("_")[-2:]1), dateformat)
293 image_source = "_".join(pure_filename.split("_")[:-2])
294

295 # Download the image

296 image_sources[image_source]["download"](date)

297 # Fall through to loading step

298

299 if(pure_filename.startswith("goes")):

300 with xr.open_dataset(full_filename) as ds:

301 data = ds['BCM']

302

303 proj_info = ds['goes_imager_projection'].attrs
304 h = proj_info[ 'perspective_point_height']

305 lon_origin = proj_info['longitude_of_projection_origin']
306 sweep_angle_axis = proj_info[ 'sweep_angle_axis']
307 # Define the projection

308 proj = pyproj.Proj(proj='geos', h=h, lon_0=lon_origin, sweep=sweep_angle_axis)
309

310 # Get x and y coordinate arrays

311 x = ds['x'].values * h # Scaled by perspective_point_height
312 y = ds['y'].values * h

313

314 # Create a meshgrid of x, y

315 x_mesh, y_mesh = np.meshgrid(x, y)

316

317 # Compute lat/lon from x/y

318 lon, lat = proj(x_mesh, y_mesh, inverse=True)

319

320 return data.to_numpy(), lat, lon

321

322 elif(pure_filename.startswith("meteosat")):

323 with pygrib.open(full_filename) as grbs:

324 data = grbs[1].values

325 lat = grbs[1].latitudes.reshape((3712, 3712))
326 lon = grbs[1].longitudes.reshape((3712, 3712))
327

328 lat[data == 3] = np.nan

329 lon[data == 3] = np.nan

330

331 lon[lon > 180] -= 360

332

333 dataldata == 3] = np.nan

334 datal[~np.isnan(data)] = (datal[~np.isnan(data)] == 2)
335

336 return datal::-1, ::-1], lat, lon

337

338 elif(pure_filename.startswith("himawari")):

339 with xr.open_dataset(full_filename) as ds:

340 # Load the data

341 data = ds['CloudMaskBinary'].values

342 lat = ds["Latitude"].values

343 lon = ds["Longitude"].values

344

345 return data, lat, lon

346 else:

347 raise Exception("Unknown file type")

348

349 def sample_global_bcm(all_data, points):

350 center_lons = [x["lon"] for x in image_sources.values()]
351 center_lon_sorted = np.sort(center_lons)
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center_lon_cutoffs = (center_lon_sorted + np.roll(center_lon_sorted, 1)) / 2

center_lon_cutoffs[0] -= 180

# Create the points

mask = np.zeros(len(points))

for i, p in enumerate(points):
lat, lon = p

sat_idx = np.searchsorted(center_lon_cutoffs, lon)

if sat_idx ==
sat_idx = 5

data, lats, lons = all_data[sat_idx - 1]
mask[i] = get_closest_latlong_sample(data, lats, lons, p)

return mask

def derive_global_bcm(time, all_data=None, N_lat=1000, N_lon=3000, max_lat=60):

lat_grid = np.linspace(-max_lat, max_lat, N_lat)
lon_grid = np.linspace(-180, 180, N_lon)

lons, lats = np.meshgrid(lon_grid, lat_grid)
points = np.stack([lats.flatten(), lons.flatten()], axis=1)

if(all_data is None):

all_data = [load_bcm(os.path.join(data_dir, f"products/{x}_{time.strftime(dateformat)}.{ 'grb' if
— x.startswith('meteosat') else 'nc'}"), lazy_load=True) for x in image_sources.keys()]

# Sample all points...
mask = sample_global_bcm(all_data, points).reshape(lats.shape)

return mask, lats, lons

def load_global_bcm(time, N_lat=1000, N_lon=3000):
# First check if the derived product exists

filename = os.path.join(data_dir, f"derived/bcm_{time.strftime(dateformat)}.npz")

if(os.path.exists(filename)):
# Load the derived product
ds = np.load(filename)
data = ds['BCM']
lats = ds['Latitude']
lons = ds['Longitude']

return data, lats, lons
else:
# Load the original products

data, lats, lons = derive_global_bcm(time, None, N_lat, N_lon)

# Save the derived product
np.savez(filename, BCM=data, Latitude=lats, Longitude=lons)
return data, lats, lons

# orbits.py

import numpy as np

import datetime

from collections import namedtuple
from typing import Union

from dynamic_tasker.constants import Constants
from dynamic_tasker.rotations import *

def latlong2ecef(latlong):
lat_deg, lon_deg = latlong
lat_rad = np.deg2rad(lat_deg)
lon_rad = np.deg2rad(lon_deg)
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def

def

def

def

def

X = Constants.R_E * np.cos(lat_rad) * np.cos(lon_rad)
Y = Constants.R_E * np.cos(lat_rad) * np.sin(lon_rad)
Z = Constants.R_E * np.sin(lat_rad)

return np.

array([X, Y, z1)

ecef2eci(ecef, time):
time_difference = time - Constants.J2000

days_difference = time_difference.total_seconds() / (24 * 60 x 60)
theta = np.deg2rad((Constants.ERA_J2000 + Constants.gamma * days_difference) % 360)

rot_mat =
return np.

rotmat_z(theta)
dot(rot_mat, ecef)

ecizecef(eci, time):
time_difference = time - Constants.J2000

days_difference = time_difference.total_seconds() / (24 * 60 x 60)
theta = np.deg2rad((Constants.ERA_J2000 + Constants.gamma * days_difference) % 360)

rot_mat = rotmat_z(-theta)
return np.dot(rot_mat, eci)
ecef2latlong(ecef):

X, Y, Z = ecef

lat = np.arcsin(Z / np.linalg.norm(ecef))
lon = np.arctan2(Y, X)
return np.array([np.rad2deg(lat), np.rad2deg(lon)])

ecef2eci_vec(ecef, time):

# Ensure e
ecef = np.

# Check th

cef is a NumPy array
asarray (ecef)

e shape of ecef

if ecef.ndim != 2 or ecef.shape[1] != 3:

raise ValueError("ecef must be a 2D array with shape (N, 3)")

time_difference = time - Constants.J2000

days_difference = time_difference.total_seconds() / (24 * 60 * 60)

# Calculat

theta_deg = (Constants.ERA_J2000 + Constants.gamma * days_difference) % 360

e the rotation angle theta in radians

theta = np.deg2rad(theta_deg)

# Compute
rot_mat =

the rotation matrix
rotmat_z(theta) # Shape: (3, 3)

# Apply the rotation matrix to all ECEF coordinates

# Using ma

trix multiplication: (N, 3) @ (3, 3).T -> (N, 3)

eci = ecef @ rot_mat.T

return eci

latlong2ecef_vec(latlong):

lat_deg =
lon_deg =

# Convert
lat_rad =
lon_rad =

# Compute
cos_lat =
sin_lat
cos_lon =
sin_lon =

latlong[:, 0]
latlongl:, 1]

degrees to radians
np.deg2rad(lat_deg)
np.deg2rad(lon_deg)

ECEF coordinates
np.cos(lat_rad)
np.sin(lat_rad)
np.cos(lon_rad)
np.sin(lon_rad)

X = Constants.R_E * cos_lat * cos_lon
Y = Constants.R_E * cos_lat * sin_lon
Z = Constants.R_E * sin_lat
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83 # Stack into a (N, 3) array

84 ecef = np.column_stack((X, Y, 2))
85

86 return ecef

87

g8 def latlong2eci(lat, long, time):

89 # Convert latlong to ECEF coordinates
90 ecef = latlong2ecef((lat, long))
91

92 # Convert ECEF to ECI coordinates
93 eci = ecef2eci(ecef, time)

94

95 return eci

96

97 # Calculate the vector pointing to the sun in the ECI frame
o8 def sunvec_eci(time):

99 time_difference = time - Constants.J2000
100 d = time_difference.total_seconds() / (24 * 60 x 60)
101 L = 280.4606184 + ((36000.77005361 / 36525) * d) # mean longitude

102 g = 357.5277233 + ((35999.05034 / 36525) * d) # mean anomaly

103 p =L+ (1.914666471 %= np.sin(g * np.pi / 180)) + (0.918994643 * np.sin(2*g * np.pi / 180)) # ecliptic
— longitude lambda

104 q = 23.43929 - ((46.8093/3600) * (d / 36525)) # obliquity of the ecliptic plane epsilon

105 return np.array((np.cos(p * np.pi / 180), np.cos(q * np.pi / 180) * np.sin(p * np.pi / 180), np.sin(q * np.pi
— / 180) x np.sin(p * np.pi / 180)))

106

107

108 # Define a namedtuple for Keplerian elements
109 Keplerian = namedtuple('Keplerian', ['a', '

e', 'i', 'omega', 'Omega', 'M', 't']D)

111 # Six keplerian elements: a, e, i, omega, Omega, M
112 def kepler2eci(elements: Keplerian) -> tuple:

113 a, e, i, omega, Omega, M, t = elements

114 mu = Constants.mu

115 nu = None

116 r = None

117 if(e != 0):

118 # Solve Kepler's Equation for E (Eccentric Anomaly)
119 E=M

120 error = 1

121 while error > le-6:

122 E_new = M + e * np.sin(E)

123 error = np.abs(E_new - E)

124 E = E_new

125

126 # True anomaly

127 nu = 2 * np.arctan(np.sqrt((1 + e) / (1 - e)) * np.tan(E / 2))
128 # Distance (radius) from the central body

129 r=a=* (1 - e *np.cos(E))

130 else:

131 nu =M

132 r=a

133

134 # Position in the perifocal coordinate system

135 r_perifocal = np.array([r * np.cos(nu), r * np.sin(nu), 0])
136

137 # Velocity in the perifocal coordinate system

138 h = np.sgrt(mu * a * (1 - e*x2))

139 v_perifocal = np.array([-mu / h * np.sin(nu), mu / h * (e + np.cos(nu)), 01)
140

141 # Rotation matrices

142 R_Omega = np.array([

143 [np.cos(Omega), -np.sin(Omega), 01,

144 [np.sin(Omega), np.cos(Omega), 0],

145 [0, o, 1]

146 D

147 R_i = np.array([

148 t1, o, o1,
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149 [0, np.cos(i), -np.sin(i)],

150 [0, np.sin(i), np.cos(i)]

151 D

152 R_omega = np.array([

153 [np.cos(omega), -np.sin(omega), 01,
154 [np.sin(omega), np.cos(omega), 0],
155 [0, 0, 1]

156 D

157

158 # Complete rotation matrix from perifocal to ECI
159 R = R_Omega @ R_i @ R_omega

160

161 # Position and velocity in the ECI frame
162 r_eci = R @ r_perifocal

163 v_eci = R @ v_perifocal

164

165 return r_eci, v_eci

166

167 # Generate a circular orbit
168 def circular_orbit(a: float, i: float, Omega: float, M: float, t: datetime) -> Keplerian:
169 return Keplerian(a, 0, i, 0, Omega, M, t)

171 def propagate_orbit(orbit: Keplerian, time: Union[float, datetime.datetime, datetime.timedeltal]) -> Keplerian:
172 mu = Constants.mu

173 a, e, i, omega, Omega, M, t = orbit

174 n = np.sqrt(mu / a**3)

175 if(isinstance(time, datetime.timedelta)):

176 time = time.total_seconds()

177 elif(isinstance(time, datetime.datetime)):

178 time = (time - t).total_seconds()

179

180 M_new = M + n * time

181 return Keplerian(a, e, i, omega, Omega, M_new, t + datetime.timedelta(seconds=time))
182

183 def v_orb(h):

184 return np.sqrt(Constants.mu / (h + Constants.R_E))

185

186 def t_orb(elements: Keplerian):

187 return 2 * np.pi * np.sqrt((elements.a**3) / Constants.mu)
188

189 def horizon_distance(elements):

190 return np.sqrt((elements.a)**2 - Constants.R_E**2)

191

192 def horizon_angle(elements):

193 return np.arcsin(Constants.R_E / elements.a)

194

195 def horizon_time(elements):

196 return horizon_spherical_angle(elements) * elements.a / (v_orb(elements.a - Constants.R_E))
197

198 def horizon_spherical_angle(elements):

199 return np.arccos(Constants.R_E / elements.a)

200 def intersect_ray_sphere(P, u, x0, r, horizon_snap=False):

nun

203 Intersect (or tangent-snap) a ray P + t u with a sphere of centre x@, radius r.
204

205 Returns

206 000 —TTTT==

207 (pt1, pt2, t1, t2)

208 « Two 3-D points (may be the same) and their parameter values along the ray.
209 + If the ray does not meet the sphere and horizon_snap is False -+ None.

210 « If horizon_snap is True and there is no intersection - the tangent

211 point is returned twice, with the appropriate single parameter t.

212 e

213 P = np.asarray(P, dtype=float)

214 u = np.asarray(u, dtype=float)

215 X0 = np.asarray(x@, dtype=float)

216 if np.allclose(u, 0):
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raise ValueError("Direction vector u must be non-zero")

# Normalise the direction so that

u =u / np.linalg.norm(u)

is in metres (or whatever units you use)

Quadratic coefficients for |P + t u - x0|2 =r?2
=P - x0

=1

.0

#

d

A

B =2.0 % np.dot(u, d)
C np.dot(d, d) - r*r
di

sc = B*B - 4*AxC

+H

if disc > 0:
sqrt_disc = np.sqrt(disc)

t1
t2

= (-B + sqrt_disc) / (2*A)
= (-B - sqgrt_disc) / (2*A)

# because u is unit

regular intersection cases ----------------

# two points

return (P + tl1*u, P + t2xu, t1, t2)

if np.isclose(disc, 0):
t = -B / (2%A)
pt = P + t*xu
return (pt, pt, t, t)

if not horizon_snap:
return None

# exactly tangent already

no hit, maybe horizon-snap? ----------------

# ---- compute tangent point in the plane spanned by d and u ----
L2 = np.dot(d, d)
if L2 <= rxr:
# P happens to lie on or inside the sphere - snapping undefined
return None

# Plane normal and an in-plane unit vector perpendicular to d

n = np.cross(u, d)

if np.linalg.norm(n) < 1e-12:
n = np.cross(d, np.array([1.0, 0.0, 0.01))

if np.linalg.norm(n) < le-12:
np.cross(d, np.array([0.0, 1.0, 0.0]))

n

k = np.cross(n, d)
k_hat = k / np.linalg.norm(k)

L = np.sqrt(L2)

delta =

# Two candidate tangent points

np

.sqrt(L2 - rxr)

#u fd choose any perpendicular axis

# unlucky - d happens to be x-axis

T1 = x0 + (r*xr / L2) * d + (r » delta / L) * k_hat
T2 = x@0 + (r*r / L2) »d - (r = delta / L) * k_hat

# Choose the one that lies "forward" along u (positive dot)

dirl =
dir2 =
dot1 =
dot2 =

if dotl

(m
(T2
-np
-np

>=

_P)
_P)
.dot(dir1, u)
.dot(dir2, u)

0 and dot2 < 0:

T=T1; t = -dot1
elif dot2 >= 0 and dot1 < 0:
T=T2; t =-dot2

else:
# B
ang
ang
T,

return

oth
1 =
2 =
t =

(T,

# u is unit, so t = proj length

are forward (rare) — pick the smaller angular offset
np.arccos(dot1 / np.linalg.norm(dir1))
np.arccos(dot2 / np.linalg.norm(dir2))

(T1, dot1) if angl < ang2 else (T2, dot2)

T, t, t
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285 def earth_line_intersection(P, u, horizon_snap=False):

286 p = intersect_ray_sphere(P, u, np.array([@, 0, 0]), Constants.R_E, horizon_snap)
287 if(p is None):

288 return p

289 else:

290 pl, p2, t1, t2 =1p

291 if(t1 < 0 and t2 < 0):

292 return (p1, p2)

293 else:

204 return None

295

206 def split_orbit_track(latlongs, threshold=180):

297 lat, long = np.array(latlongs)[:, @], np.array(latlongs)[:, 1]
208 # Calculate the difference between consecutive longitudes

299 delta_long = np.abs(np.diff(long))

300

301 # Identify where the jump exceeds the threshold

302 jump_indices = np.where(delta_long > threshold)[0] + 1

303

304 # Split the data at the jump indices

305 segments = np.split(latlongs, jump_indices)

306 return segments

307

308 def kepler2latlong(orbit: Keplerian, time):

309 return ecef2latlong(eci2ecef (kepler2eci(propagate_orbit(orbit, (time - orbit.t).total_seconds()))[0], time))

1 # rotations.py
2 import numpy as np

3

4 def qgconj(q):

5 p = qg.copy()

6 pL1:] *x= -1

7 return p

8

o def gmult(ql, g2):

10 wl, vl = q1[e], q1[1:]

11 WZ, V2 = q2[0], q2[1:]

12 # Use geometric product to multiply quaternions

13 w = wl*w2 - np.dot(vl, v2)

14 v = wlixv2 + w2xv1l + np.cross(vl, v2)

15 return np.hstack([w, v])

16

17 def gsandwich(q, v):

18 p = np.hstack([0, v])

19 return gmult(q, gmult(p, gconj(q)))[1:]

20

21 def garray(q, func, =*args):

22 return np.array([func(qi, *args) for qi in ql)

23

24 def g2mat(q, homogenous=False):

25 W, X, Y, Z=(

26 if(not homogenous):

27 return np.array([

28 [1 = 2xyx*2 = 2%zx%2, 2kXky — 2%Z*W, 2kX*Z + 2%xy*w],
29 [2xxxy + 2%z*w, 1 — 2%xX**2 = 2kzk*2  2ky*z — 2%kX*W],
30 [2%x*z = 2xy*W, 2xyxz + 2kx*W, 1 — 2kx**2 — 2xy*x%2]
31 D

32

33 return np.array([

34 [T = 2xy**2 = 2%zk*2, 2%XkYy = 2kZ*W, 2%Xx*z + 2xy*xw, 0],
35 [2%xky + 2%zxw, 1 — 2%xk%2 — 2xzxx2, 2%y*z - 2xxxw, 0],
36 [2%xkz = 2%ky*W, 2%ky*xz + 2%x* W, 1 — 2xx**x2 - 2%y*x2 0],
37 (0, 0, 0, 1]

38 1))

39

40 def eul2q(yaw, pitch, roll):

41 # Calculate the half angles

42 cy = np.cos(yaw * 0.5)
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def

def

def

def

def

sy = np.sin(yaw * 0.5)

cp = np.cos(pitch * 0.5)
sp = np.sin(pitch * 0.5)
cr = np.cos(roll * 0.5)
sr = np.sin(roll x 0.5)

# Calculate the quaternion

W =Cr % cp*cy + Sr *sp* sy
X = Sr % cp * Cy - Cr * sp * sy
y = Cr %k sp *xcCy + Sr *x cp * sy
Z = Cr % cp * Sy - Sr % sp * cy

return (w, x, y, z)

rotmat_x(theta):

return np.array([[np.cos(theta), -np.sin(theta), 0],
[np.sin(theta), np.cos(theta), 01,
[0, o, 111

rotmat_y(theta):

return np.array([[np.cos(theta), -np.sin(theta), 0],
[np.sin(theta), np.cos(theta), 01,
[o, o, 11D

rotmat_z(theta):

return np.array([[np.cos(theta), -np.sin(theta), 0],
[np.sin(theta), np.cos(theta), 0],
[o, o, 11D

eul2R(roll, pitch, yaw):

# Calculate rotation matrix for roll (around x-axis)
R_x = np.array([[1, 0, o],
[0, np.cos(roll), -np.sin(roll)],
[0, np.sin(roll), np.cos(roll)1])

# Calculate rotation matrix for pitch (around y-axis)
R_y = np.array([[np.cos(pitch), 0, np.sin(pitch)],
(o, 1, o],
[-np.sin(pitch), @, np.cos(pitch)]1])

# Calculate rotation matrix for yaw (around z-axis)
R_z = np.array([[np.cos(yaw), -np.sin(yaw), 0],
[np.sin(yaw), np.cos(yaw), 0],
to, o, 11

# Combine the rotations
R =R_z @ (R_y @ R_x)

return R
rotmat_from_vec(a: np.ndarray, b: np.ndarray) -> np.ndarray:

Computes the rotation matrix that rotates the standard basis vectors

x =[1, 0, 0] and y = [0, 1, @] to the provided orthogonal vectors a and b.

Parameters:

a (np.ndarray): The target vector for the x-axis (should be a 3-element array).
b (np.ndarray): The target vector for the y-axis (should be a 3-element array).

Returns:
np.ndarray: A 3x3 rotation matrix.

Raises:

ValueError: If the input vectors are not 3-dimensional or not orthogonal.

nun

# Ensure input vectors are numpy arrays
a = np.asarray(a, dtype=float)
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b = np.asarray(b, dtype=float)

# Check if vectors are 3-dimensional
if a.shape != (3,) or b.shape != (3,):
raise ValueError("Input vectors must be three-dimensional.")

# Normalize the vectors
a_norm = np.linalg.norm(a)
b_norm = np.linalg.norm(b)

if a_norm == 0 or b_norm ==
raise ValueError("Input vectors must be non-zero.")

a_unit = a / a_
b_unit = b / b_norm

# Check orthogonality
dot_product = np.dot(a_unit, b_unit)
if not np.isclose(dot_product, 0.0, atol=1e-8):
raise ValueError("Input vectors must be orthogonal.")

# Compute the third orthogonal vector using cross product
c_unit = np.cross(a_unit, b_unit)

# Form the rotation matrix with a_unit, b_unit, c_unit as columns
R = np.column_stack((a_unit, b_unit, c_unit))

# Verify that R is a valid rotation matrix

if not np.allclose(np.dot(R, R.T), np.identity(3), atol=1e-8):
raise ValueError("Resulting matrix is not orthogonal.")

if not np.isclose(np.linalg.det(R), 1.0, atol=le-8):

raise ValueError("Resulting matrix does not have a determinant of +1.")

return R

# schedulers.py

import datetime

import re

import os

import numpy as np

from pyscipopt import Model, quicksum
from dataclasses import dataclass

from typing import List, Callable

from pathlib import Path

from dynamic_tasker.access import Request
from dynamic_tasker.orbits import Keplerian

data_dir = Path(__file__).resolve().parent.parent.parent / "data"

@dataclass
class Spacecraft:
orbit: Keplerian
agility: Callable
# TODO: Maybe add instrument types?

@dataclass

class Scenario:
requests: List[Request]
satellites: List[Spacecraft]

def load_worldcities(n=1000, random_subsample=False):
accesses = []
# Open the CSV and process the lines

with open(os.path.join(data_dir, 'worldcities/worldcities.csv'), 'r', encoding='utf8') as f:

f.readline() # Skip the header Lline

i=20
for line in f:
parts = re.split(r'(?:",")|"", line)
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34 # Extract the latitude, longitude, and city name

35 lat = float(parts[3])

36 lon = float(parts[4])

37 city = parts[2]

38 # Create a new Request object and append it to the list

39 accesses. append(Request(len(accesses), lat, lon, city))

40 i+=1

41 if i >= n:

42 break

43

44 return accesses

45

46 # def save_scenario(scenario, filename):

47 # Use pickle

48

49

so def greedy_schedule(accesses, requests, agility):

51 schedule = []

52 request_mask = np.zeros(len(requests))

53 for i in accesses:

54 if(len(schedule) == 0):

55 schedule. append (i)

56 else:

57 if(request_mask[i.requestid] == 0 and i.time > datetime.timedelta(seconds=agility(i.angle -
— schedule[-1].angle)) + schedule[-1].time):

58 schedule. append(i)

59 request_mask[i.requestid] = 1

60

61 return schedule

62

63 def milp_schedule(accesses, requests, agility, force_in_schedule=None):

64 model = Model("Scheduler")

65 model.hideOutput()

66 x = {}

67 # Map of index to requestid

68 idx_map = []

69

70 for i, a in enumerate(accesses):

71 x[i] = model.addVar(vtype="B", name=f"x_{a.requestid}_{a.time}")

72 if(force_in_schedule is not None and a in force_in_schedule):

73 model.addCons(x[i] == 1)

74

75 idx_map.append(a.requestid)

76

77 # Add constraints based on agility and repetition

78 for i in range(len(accesses) - 1):

79 for j in range(i + 1, len(accesses)):

80 if(idx_map[i] == idx_map[j] or accesses[j].time <
— datetime.timedelta(seconds=agility(accesses[j].angle - accesses[i].angle)) + accesses[i].time):

81 model.addCons(x[i] + x[j] <= 1)

82

83 # Add objective

84 model.setObjective(quicksum(x[i] * a.utility for i, a in enumerate(accesses)), "maximize")

85 res = model.optimize()

86 sol = model.getBestSol()

87 schedule = []

88 for i, a in enumerate(accesses):

89 if(sol[x[i]] == 1):

90 schedule. append(a)

91

92 return schedule

93

94 # Constellation scheduler
95 # No forces in for now
96 def milp_schedule_constellation(accesses_all, requests, agility):

97 # Get the number of satellites
98 n_satellites = len(accesses_all)
99 model = Model("Scheduler_Constellation")
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idx_map = []

x = {2
current_idx = 0
for j, accesses in enumerate(accesses_all):
for a in accesses:
x[current_idx] = model.addVar(vtype="B", name=f"x_sat{j}_{a.requestid}_{a.time}")
current_idx += 1

idx_map.append(a.requestid)

# Add constraints based on agility
for k in range(len(accesses_all)):
start_idx = np.sum([len(accesses_all[i]) for i in range(k)1)
for i in range(len(accesses_alll[k]) - 1):
for j in range(i + 1, len(accesses_all[k])):
if(accesses_all[k][j].time < datetime.timedelta(seconds=agility(accesses_all[k][j].angle -
— accesses_all[k][i].angle)) + accesses_alll[k][i].time):
model.addCons(x[start_idx + i] + x[start_idx + j] <= 1)

# Add constraints based on repetition
for i in range(len(idx_map)):
for j in range(i + 1, len(idx_map)):
if(idx_map[i] == idx_map[jl):
model.addCons(x[i] + x[j] <= 1)

# Add objective
model.setObjective(quicksum(x[i] * a.utility for i in range(len(idx_map))), "maximize")
res = model.optimize()
sol = model.getBestSol()
schedule = [[] for _ in range(len(accesses_all))]
for k in range(len(accesses_all)):

start_idx = int(np.sum([len(accesses_all[i]) for i in range(k)1))

for i in range(len(accesses_alll[k])):

if(sol[x[start_idx + i]] == 1):
schedule[k].append(accesses_alllk][i])

return schedule

def no_repair(tasks, requests, agility):
return tasks

# TODO: get rid of the occluded mask
def greedy_schedulerepair(schedule, total_tasks, requests, occluded_mask, agility, allow_duplicates=False):
schedule_copy = schedule.copy()
request_mask = np.zeros(len(requests))
for i in schedule:
request_mask[i.requestid] = 1

stop_iterating = False
i=20
while(not stop_iterating):
if(i == len(schedule_copy) - 1):
break

# Current node, looking ahead

current = schedule_copy[il

next = schedule_copy[i + 1]

next_next = schedule_copy[i + 2] if i + 2 < len(schedule_copy) else None

total_index = total_tasks.index(next)

if(occluded_mask[total_index] == 1):
# Find the next non-occluded task
next_nonoccluded = [x for x in total_tasks[i:] if occluded_mask[total_tasks.index(x)] == 0 and x.time
— > current.time]

if(next_next):
next_nonoccluded = [x for x in next_nonoccluded if x.time < next_next.time]
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166
167
168
169
170
171

172

def

def

def

if(len(next_nonoccluded) == 0):
schedule_copy.pop(i)
break

for j in next_nonoccluded:

if(j.time > datetime.timedelta(seconds=agility(j.angle - current.angle)) + current.time and

— (next_next) and

next_next.time > datetime.timedelta(seconds=agility(next_next.angle - j.angle)) + j.time):

if(not allow_duplicates):
if(request_mask[j.requestid] == 1):
continue

schedule_copy.pop(i + 1)
schedule_copy.insert(i + 1, j)
request_mask[j.requestid] = 1

i+=1
return schedule_copy

slew_angle(t, t_next, angle_origin, angle_dest, agility):
t_total = agility(angle_dest - angle_origin)
t_s = agility(0)
t_norm = (t_total - t_next + t)/(t_total - t_s)
theta = angle_dest - angle_origin
t_untilnext = t_next - t
if (t_untilnext <= t_s):
return angle_dest
elif (t_untilnext >= t_total):
return angle_origin
elif (t_norm <= 0.5):
return 2 * theta * t_normx*2 + angle_origin
else:
return theta * (1 - 2 = (1 - t_norm)**2) + angle_origin

temporal_slew_angle(t_now, prev, next, agility):
return slew_angle(t_now, next.time, prev.angle, next.angle, agility)

eval_scenario(scenario, initial_scheduler, repair_scheduler):
pass
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Appendix B

Revision History

Table B.1: Revision history of this document.

Date Description Sections Affected
2025-08-04 Initial draft submission All
2025-08-29 Revisions submitted All
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Figure B.1: Word count over time while writing this document.
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