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Autonomous and Responsive Surveillance Network Management for
Adaptive Space Situational Awareness

Kevin M. Nastasi

(ABSTRACT)

As resident space object populations grow, and satellite propulsion capabilities improve, it
will become increasingly challenging for space-reliant nations to maintain space situational
awareness using current human-in-the-loop methods. This dissertation develops several real-
time adaptive approaches to autonomous sensor network management for tracking multi-
ple maneuvering and non-maneuvering satellites with a diversely populated Space Object
Surveillance and Identification network. The proposed methods integrate suboptimal Par-
tially Observed Markov Decision Processes (POMDPs) with covariance inflation or multiple
model adaptive estimation techniques to task sensors and maintain viable orbit estimates for
all targets. The POMDPs developed in this dissertation use information-based and system-
based metrics to determine the rewards and costs associated with tasking a specific sensor to
track a particular satellite. Like in real-world situations, the population of target satellites
vastly outnumbers the available set of sensors. Robust and adaptable tasking algorithms are
needed in this scenario to determine how and when sensors should be tasked. The strate-
gies developed in this dissertation successfully track 207 non-maneuvering and maneuvering
spacecraft using only 24 ground and space-based sensors. The results show that multiple
model adaptive estimation coupled with a multi-metric, suboptimal POMDP can effectively
and efficiently task a diverse network of sensors to track multiple maneuvering spacecraft,
while simultaneously monitoring a large number of non-maneuvering objects. Overall, this
dissertation demonstrates the potential for autonomous and adaptable sensor network com-
mand and control for real-world space situational awareness.

This research was supported by the Virginia Tech New Horizons Graduate Scholar Pro-
gram, the Ted and Karyn Hume Center for National Security and Technology, the DARPA
Hallmark program, and the U.S. Joint Warfare Analysis Center.



Autonomous and Responsive Surveillance Network Management for
Adaptive Space Situational Awareness

Kevin M. Nastasi

(GENERAL AUDIENCE ABSTRACT)

As the number of spacecraft in orbit increase, and satellite propulsion capabilities improve,
it will become increasingly difficult for space-reliant nations to keep track of every object
orbiting earth using human-in-the-loop methods. Already, the population of target satellites
vastly outnumbers the available set of sensors. At any given time, a given network of sensors
cannot observe every satellite in orbit, and must manage the available sensors effectively to
keep track of every object of interest. The ability to maintain actionable knowledge of every
orbiting object of interest is known as space situational awareness. Conventional tracking
processes have generally not changed for decades, and were designed when there were far
fewer satellites in orbit with little or no ability to maneuver. These methods involve large
numbers of operators and engineers who schedule a network of sensors under the assumption
that the satellites will not unexpectedly change their orbits for long periods of time. In the
near future, traditional space surveillance approaches will become insufficient at maintaining
space situational awareness, particularly if more satellites conduct unanticipated maneuvers.
This dissertation develops several real-time approaches for controlling a diverse network of
ground and space-based sensors that remove the need for human intervention. These fully
computer-based command and control processes adapt to dynamic situations and automati-
cally task sensors to rapidly track multiple maneuvering and non-maneuvering satellites. The
decision processes used to determine which sensors should be tasked to observe a particular
spacecraft compare the amount of information that can be collected in a single observa-
tion and the workload a sensor must execute to collect the observation. The command and
control strategies developed in this dissertation successfully track 207 non-maneuvering and
maneuvering spacecraft using only 24 ground and space-based sensors. The results show that
adaptive, fully autonomous sensor network control processes can effectively and efficiently
task a diverse set of sensors to track multiple maneuvering spacecraft, while simultaneously
monitoring a large number of non-maneuvering objects. Overall, this dissertation demon-
strates the potential for adaptive, computer-based sensor network command and control for
real-world space situational awareness.

This research was supported by the Virginia Tech New Horizons Graduate Scholar Pro-
gram, the Ted and Karyn Hume Center for National Security and Technology, the DARPA
Hallmark program, and the U.S. Joint Warfare Analysis Center.
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Chapter 1

Introduction

1.1 Research Objectives

The space domain is a complex, dynamic, and critically important environment, which must
be closely monitored to ensure its continued usability. Unfortunately, increased accessibility
to space, and developments in satellite propulsion continue to outpace advances in the space
community’s ability to maintain actionable Space Situational Awareness (SSA). In the 2011
National Security Space Strategy, the U.S. Department of Defense and the U.S. Director of
National Intelligence famously characterized the space domain as “congested, contested, and
competitive” [1]. That assertion is more true today than it was just seven years ago. Using
predominantly human-in-the-loop command and control systems, Space Object Surveillance
& Identification (SOSI) networks are straining to keep track of a rapidly growing catalog of
Resident Space Objects (RSOs). Incorporating automation into the sensor network command
and control process can alleviate the challenges placed on space operators, as asserted by
the National Academies [2].

With a globally-distributed and diverse array of sensors, how might a centralized SOSI
network autonomously track a much larger population of non-maneuvering and maneuvering
RSOs? This dissertation addresses this principal question with three research objectives:

1. Develop a set of decision processes that enable responsive and efficient SOSI network
command and control

2. Develop a set of adaptive estimation algorithms to track maneuvering spacecraft

3. Within the defined scenario, assess how effectively decision processes and adaptive
estimation algorithms interact to track a large RSO population

Responsive decision processes are needed to autonomously task sensors to maintain action-
able SSA. Adaptive estimation is required to rapidly acquire a viable orbit estimate when a

1
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satellite maneuvers. How efficiently these processes interact to control a global SOSI network
ultimately determines the degree to which SSA of the entire space domain is maintained.

1.2 Motivation

1.2.1 Space Situational Awareness

U.S. Strategic Command, which is the dominant provider of satellite tracking information for
the global space community, defines Space Situational Awareness as, “the requisite current
and predictive knowledge of the space environment and the [operational environment] upon
which space operations depend” [3]. Through various means of detection, tracking, and
identification, SSA operations enable:

1. Continued availability of critical space-based services, to include communications, and
precision navigation and timing [3]

2. Spaceflight safety via collision prediction and avoidance [3]

3. Protection of space-based services through attribution and diplomatic deterrence [3]

Continued and effective SSA facilitates much of modern civilization, and the space commu-
nity has invested significant resources to establish and operate large SOSI networks to track
RSOs of interest. Figure 1.1 depicts the general geographic distribution of three important
networks, based on [4] and [5]: the U.S. Space Surveillance Network (SSN), the European
Space Agency’s Space Surveillance System, and the International Scientific Optical Network
(ISON). Several generalities of current SOSI Networks can be gleaned from Figure 1.1. First,

Figure 1.1: SOSI Network Map
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ground-based sensors tend to be distributed hemispherically, in that almost all of the sensors
are in the northern hemisphere. Second, the network topologies appear to be more influ-
enced by geopolitical relationships than by an optimized distribution for space surveillance.
In addition to a few sensors in allied nations, the SSN is located in the United States and its
territories. The ISON, which is led by the Russian Academy of Sciences, is located primarily
in Russia and neighboring countries [4]. The United States, among others, is augment-
ing these ground-based networks with space-based sensors, such as the Space Based Space
Surveillance (SBSS) system [6] and the Geosynchronous Space Situational Awareness Pro-
gram (GSSAP) [7]. It’s also important to note that many of these SOSI networks, especially
the U.S. owned ones, contain a diverse set of sensors, to include large phased array radar,
mechanical radar, and EOIR systems. Lastly, as will be seen in Section 1.2.2, the number
of sensors available in any one SOSI network is many orders of magnitude smaller than the
total RSO population. With only a few sensors, the United States and others must maintain
SSA of thousands or hundreds of thousands of orbiting objects.

Currently, efficient sensor management in these SOSI networks is achieved through careful,
human-in-the-loop planning. As an example, SSN operations are part of a larger process
known as the Joint Space Tasking Order (JSTO) Process. Figure 1.2 depicts the complex

Figure 1.2: The Joint Space Tasking Order Process [3]

chain of events through which a JSTO is developed, executed, and assessed. While it is
ultimately adaptable to unforeseen events, the JSTO process can be slow to respond in
rapidly evolving situations, often taking many hours, or possibly even days, to determine
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an appropriate course of action. [8] states that collision risks are assessed for operational
spacecraft every 24 hours. [9] reveals that published state information for active satellites is
updated every 1.4 to 3 days. Orbit estimates for debris, on the other hand, can go upwards
of 10 days without an update. [9] also notes that the time to detect a change in an RSO’s
state or dynamics can take between seven to thirty days. Many programs are attempting
to improve all or some of this process, by introducing varying degrees of automation. The
U.S. Air Force’s Joint Space Operations Center Mission System (JMS) and the DARPA
HALLMARK program are two such initiatives.

1.2.2 The Congested Space Domain

Not only must SOSI networks monitor an enormous population of space objects with a com-
paratively small number of sensors, but the number of RSOs is rapidly growing. Multiple
trends in space technology are contributing to the population growth. The fundamental
factor is the seemingly relentless reduction in electronics size, weight, and power that often
comes with technological advancement. A capability that would have once required a com-
plex, bus-sized spacecraft, can now be accommodated on a satellite the size of a shoebox.
Figure 1.3 shows how commercial remote sensing satellites are shrinking with little or no
reduction in mission performance [10].

Figure 1.3: Commercial Remote Sensing Satellite Size, Weight, & Power [10]

Consequently, space-based systems are becoming financially viable options for more non-
government organizations and nations. The 2011 U.S. National Security Strategy noted that
in 2009 there were roughly 57 space-faring nations and non-government consortia [1]. At
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the time, however, these entities still served largely military or civil institutions. As the
commercial viability for space-based services, like global broadband internet, have started
to outweigh the associated risks, multiple concepts for mega-constellations with 100+ small
satellites have gained traction with investors. In 2016, the National Academy of Science
predicted exponential growth in commercial satellite communications and remote sensing
over the next decade, as shown in Figure 1.4.

Figure 1.4: Compound Annual Growth Rate [10]

From a U.S. national security perspective, the reduction in satellite form factors has produced
new options for mission assurance and satellite resiliency. Under the old paradigm, a few large
spacecraft with multiple capabilities were deployed to facilitate a wide variety of missions.
This strategy was partly due to the technological limitations described earlier, but it was
also the result of a belief that space assets were untouchable by a potential adversary. This
invulnerability is simply not the case any longer. An increasingly popular concept is known
as disaggregation. [11] described how disaggregated architectures, where multiple small
satellites provide a distributed capability, are being considered as a means for mitigating
threats and reducing costs.

The commercial and national security advantages of reduced satellite form factors are clear,
but this trend places nuanced challenges on SOSI network command and control. Primarily,
and most obviously, with more RSOs to track, a SOSI network must spend less time observing
any one single target. The time between observations of a single target is also potentially
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longer. Additionally, smaller spacecraft are often harder to detect and track than their
larger counterparts. For example, a telescope may be able to observe a van-sized spacecraft
in geosynchronous orbit, but not a basketball-sized satellite. As a result, the number of
potentially available sensors for a particular target can be significantly smaller than it would
have historically been. These trends make observational data for a specific target increasingly
sporadic, decreasing the confidence in the orbit estimate and increasing the risk of collisions.

Congestion in the space domain has so far been attributed to increased interest in space-
based assets; however, most RSOs are debris and defunct satellites. Figure 1.5 demonstrates
the exponential growth in the RSO population from 1958 to 2010, which results primarily
from several collision events [1].

Figure 1.5: Resident Space Object Population Growth [1]

A vicious cycle thus becomes evident. A larger RSO population decreases a SOSI network’s
ability to track all targets. Decreased orbit estimate accuracy and precision increase the risk
and frequency of on-orbit collisions. The debris generated during such events dramatically
increases the RSO population, and the cycle begins again. If autonomous SOSI network
command and control can streamline or quicken the sensor tasking process, more RSOs



Kevin M. Nastasi Chapter 1. Introduction 7

could be tracked than are currently possible, and the vicious cycle would be slowed, if not
stopped. Indeed, autonomous and adaptive surveillance network command and control may
be the only solution for tracking the proposed mega-constellations now in development.

1.2.3 The Contested & Competitive Space Domain

The developing challenges on SOSI networks and their operators are only partly due to
the growing RSO population. Developments in space technology are also making advanced
propulsion systems available to a larger array of spacecraft. High thrust, hydrazine systems
are now available for shoebox-size satellites known as CubeSats [12]. Hydrazine, however,
is a hypergolic and very toxic fuel, making it too expensive and dangerous for most small
satellite providers. More recently, comparatively safer alternatives to hydrazine propulsion
systems have been developed, which employ AF-M315E mono-propellant [13]. These systems
can provide significant maneuverability in a small form factor, and can be cost-effectively
accommodated on CubeSats and other small spacecraft [14].

These high thrust propulsion systems can be used to augment already advanced space sys-
tems to enable a slew of new missions. Constellations, or groups of satellites, may soon be
able to rapidly reconfigure to achieve new operational requirements. A large body of aca-
demic research now exists, and continues to grow, investigating various uses for highly ma-
neuverable satellites. [15] produced methods for developing and executing responsive orbital
maneuvers using electric propulsion. [16] used particle swarms, and [17] used a linearized
state transition matrix, to develop optimization methods for navigation in multi-satellite
formations.

Perhaps the most revolutionary concept is cost-effective Rendezvous and Proximity Opera-
tions (RPO), where one satellite maneuvers to meet another and remain nearby. RPO can
enable a variety of capabilities, particularly on-orbit maintenance. [18] used onboard model
predictive control to optimize maneuver planning in eccentric orbits. [19] and [20] demon-
strated how a 6U (10cm × 20cm × 30cm) CubeSat could conduct RPO starting at hundreds
of kilometers from the secondary spacecraft. DARPA is pursuing a larger variation, which
is known as the Robotic Servicing of Geosynchronous Satellites (RSGS) Program [21], and
shown in Figure 1.6.

These evolving RPO capabilities have significant utility in extending operational lifespans of
high value satellites, but they could also have considerable military value. RPO is a necessary
capability for co-orbital anti-satellite (ASAT) systems. [22] describes Chinese and Russian
interest in deploying RPO systems that could be lead directly to a co-orbital ASAT capability.
[22] also identifies several instances when supposed Russian debris began conducting RPO
around nearby objects. RPO technology is advancing so rapidly that public policy and
internationally agreed upon definitions of appropriate use have yet to be established [23].

How might current SSA capabilities handle such a rapidly changing domain? [24] charac-
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Figure 1.6: Robotic Servicing of Geosynchronous Satellites System (Courtesy: DARPA)
.

terizes the current SOSI network command and control framework as designed for “routine
catalog maintenance”, and calls for an ability to rapidly detect, track, and characterize
threats. Autonomous command and control of a SOSI network combined with adaptive
estimation techniques is a viable option to achieve this goal.

1.2.4 Complexities in SOSI Network Command and Control

The command and control of a SOSI network is an incredibly complex process. As such,
research into multi-sensor network management is often highly simplified to address a specific
aspect of the overall framework. [25] explains how the multi-sensor network management
problem can be broken into distinct aspects: estimation, data association, sensor registration,
data fusion, and decision processes. Each element is a research area in itself.

Estimation refers to the dynamics used to model sensors and target objects, as well as the
processes used to update state estimates when new observational data becomes available. Not
surprisingly, estimation research, particularly in the area of space surveillance, is extensive.
More information on previous and relevant estimation research is discussed in Chapter 2,
Section 2.4.

Data Association describes the process by which one object is distinguished from another in
an observation that contains multiple targets. How does a SOSI network determine which
illuminated pixel in an image is the satellite-of-interest and not a piece of nearby debris?
How are illuminated pixels from one image to the next determined to be the same satellite?
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If observational data and a target object are incorrectly correlated, the resulting state esti-
mate may diverge from the truth, leading to track loss. At the very least, additional error
is injected into the estimation process, which could have been mitigated with a rigorous
data association process. When research focuses on the sensor tasking strategies themselves,
as this dissertation does, data association becomes an additional layer of fidelity that con-
tributes to, but isn’t required to design and compare decision-making strategies. Thus, in
this dissertation, it is assumed that observations are always correlated with the correct target
satellite.

Sensor registration refers to processes used to determine the sensor’s kinematic state and
capabilities. Sensor uncertainties need to be mitigated to reduce estimation error and cor-
rectly correlate observations and targets. The sensor’s kinematic state can be incorporated
into the estimation process so that the target and sensor states are estimated with each
observation. When multiple sensors simultaneously observe one target, methods exist to
determine and correct relative sensor biases. Effectively, this aspect of the sensor network
management problem addresses the trustworthiness of the sensors and their observations.
In sensor network management research, it is often assumed that sensor states are known
with absolute certainty, and that their observation noise is within expected limits. Like
data association, including sensor registration capabilities isn’t required to determine how
efficiently or effectively a sensor network management process tasks sensors. As this disser-
tation focuses on the integration of adaptive estimation and decision processes, it is assumed
that the sensor states are known with certainty, and that the actual measurement noise is
white and uncorrelated between individual sensors.

Data fusion describes the processes by which independent observational data from multiple
sources are fused to update a target’s state estimate. This aspect of the sensor network
management problem is critically important when multiple sensors are used to track tar-
gets, particularly if those sensors have different observational capabilities (e.g. radar versus
EOIR). As explained in [26], data fusion can occur at multiple levels, on a scale of zero to
five. High level processing occurs at or close to the human operator interface, while lower
level processing takes place at a hardware or raw data-processing level. Level one processing,
which integrates observational data in the estimation process, is used in this dissertation to
enable simultaneous observations from independent, but centrally controlled sensors.

Lastly, decision processes describe how sensors are tasked either centrally or at the individ-
ual system level. How sensors are managed can vary widely to account for the advantages
and disadvantages associated with a specific network topology. In a centralized network,
command and control is executed from one or two nodes, requiring large computational
resources, but also avoiding many of the data integrity complexities associated with decen-
tralized control. In a decentralized network, command and control is executed at each sensor,
or among local clusters of sensors. Decentralized control distributes the computational load
across the network, but the chain of custody of observational data and target estimates must
be rigorously managed.
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1.3 Architecture Framework & General Nomenclature

The real-time, multi-sensor command and control problem can be posed as a suboptimal
POMDP that controls the interaction between two independent networks: a constellation of
maneuvering and non-maneuvering spacecraft, and a SOSI network. Actors in this disserta-
tion, whether they are a satellite in the constellation or a sensor in the SOSI network, are
broadly defined as agents.

The constellation is defined by a set, O, of N Earth-orbiting spacecraft, or more generally
targets.

on ∈ O ∀ n = [1, N ] (1.1)

The term constellation in this context is used loosely, as the satellites are not necessarily
similar in size, purpose, or capability. Additionally, the constellation spans multiple inclina-
tions in Low Earth Orbit (LEO), Medium Earth Orbit (MEO), and Geosynchronous Earth
Orbit (GEO) to comprehensively assess the tasking strategy’s robustness.

A number of spacecraft, Omnvr, may execute an impulsive maneuver at any time during a
particular scenario. The remaining subset of non-maneuvering satellites, Ostatic, constitutes
the majority of the constellation.

Ostatic ∪ Omnvr = O | Ostatic ∩ Omnvr = ∅ (1.2)

The maneuvering satellites in this study only perform unknown maneuvers. These burns
will occur when the spacecraft are out of view of the network, and no observation is possible.
This approach simulates real world situations, such as an unforeseen anomaly like propulsive
out-gassing or system failure.

The SOSI network is defined by a set S of M ground and space-based nodes.

sm ∈ S ∀ m = [1,M ] (1.3)

Each node in the SOSI network holds a sensor, the capabilities of which vary from one node to
another. In this study, sensors may be advanced radar (SARF), radar (SRF), or EOIR (SEO),
which provide 4D, 3D, or 2D observational data, respectively, as described in Section 2.3.1.
Each node of the SOSI network hosts one type of sensor, which is described mathematically
as:

SARF ∪ SRF ∪ SEO = S | SARF ∩ SRF = ∅, SRF ∩ SEO = ∅, SARF ∩ SEO = ∅ (1.4)

Advanced radar are assumed to be Large Phased Array Radar (LPAR), which to have
rigidly constrained fields of regard and very fast electronically steered beams. Radar are
assumed to be mechanical radar, which have much slower slew rates, but generally wider
fields of regard than LPAR. EOIR sensors are assumed to be conventional electro-optical
telescopes. They’re called EOIR sensors because electro-optical/infrared capabilities often
require similar technologies and have similar constraints.
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An important detail of this framework is that N �M . As a result, sensors always have more
targets in view than can be observed at a given time step. The SOSI network command and
control strategy must choose one observation per sensor while neglecting a significant number
of possible observations. How the tasking algorithm accomplishes this task will determine
how well SSA is maintained of the entire constellation.

In this dissertation there are a number of variables that are denoted by the same symbol, but
have different values based on which sensor or target they are associated with and whether
they refer to the actual, measured, or estimated value. The terms n and m, are used to
denote the target and sensor element, respectively. To distinguish actual, measured, and
estimated values this dissertation uses the notation described in [27]. A true value is given

no accent (·). A measured value is given a tilde (̃·). A circumflex (̂·) denotes an estimated
value. A predicted state or covariance in the estimation process is distinguished with a
conditional subscript (̂·)k+1|k, while an updated variable has a single step subscript (̂·)k+1.
Three examples of commonly used variables are presented to demonstrate the described
subscript notation.

xm,k = Actual state vector for sensor m at time, tk (1.5)

x̂n,k = Estimated state vector for target n at time, tk (1.6)

ỹ(n,m),k = Measured observation vector for the target-sensor pair, (n,m), at time, tk
(1.7)

1.4 Summary of Contributions

As described in Section 1.2, Space Situational Awareness is a critically important and com-
plex component of national security space and the larger space community. The current
SOSI network command and control infrastructure will be significantly challenged by future
growth in the RSO catalog and by the increasing availability of RPO capabilities for all
satellite sizes.

To date, adaptive estimation and autonomous network management have been independent
research areas, particularly with regard to SSA. Previous adaptive estimation research has
focused on a single maneuvering target, or continuously available observations of a few ma-
neuvering targets. Additionally, observations have tended to be consistent across sensors. In
the SSA realm, there would likely be multiple maneuvering, with large gaps in observational
availability, and a variety of observational data from various sources. New research needs
to develop and assess adaptive estimation algorithms that are tailored to the challenges
associated with SSA. This dissertation seeks to address this need.

Sensor network management research, as it pertains to SSA, has focused exclusively on opti-
mizing an observation schedule over a time window for multiple non-maneuvering satellites.
[28] is perhaps the only instance where a sensor tasking strategy was developed specifically
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to track a single maneuvering satellite. There is a clear need for sensor network manage-
ment research that focuses on responsive tasking to track multiple maneuvering satellites.
This dissertation and its precursors [29, 30, 31] seek to develop an integrated SOSI net-
work command and control strategy for monitoring a large number of non-maneuvering and
maneuvering spacecraft.

This dissertation’s primary contribution is the development and assessment of responsive
SOSI network command and control algorithms using suboptimal POMDPs and MMAE to
track a large number of non-maneuvering and maneuvering satellites with a diverse set of
sensors. By achieving the research objectives delineated in Section 5.3, the specific novel
contributions of this dissertation are as follows:

1. The development and assessment of a real-time, continuous observation suboptimal
POMDP algorithm that uses Fisher Information Gain, maximal Lyapunov exponent
approximation, and Distance of Travel (DOT) reward metrics to task radar and EOIR
sensors

2. The development and assessment of a real-time, cost-constrained suboptimal POMDP
algorithms that uses Fisher Information Gain, maximal Lyapunov exponent approxi-
mation, and slew time cost to task radar and EOIR sensors

3. The development of a real-time, baseline suboptimal POMDP using only Fisher Infor-
mation Gain to task radar and EOIR sensors

4. The development and assessment of a “Shotgun” Static Multiple Model algorithm to
detect and track through unknown tangential maneuvers

5. The development and assessment of a Lambert Targeter Static Multiple Model algo-
rithm to detect and track through unknown maneuvers in any direction

6. The development and assessment of a Lambert Targeter Generalized Pseudo-Bayesian
of First Order Multiple Model algorithm to detect and track through unknown maneu-
vers in any direction

7. The development of a baseline Covariance Inflation algorithm that uses the bisection
method to determine an optimal covariance inflation to detect and track through un-
known maneuvers in any direction

8. The integration of the aforementioned suboptimal POMDPs and adaptive estimation
algorithms, and assessment of the combined algorithms in a globally-distributed, di-
versely populated SOSI network that is tasked to track a large number of maneuvering
and non-maneuvering spacecraft

The term assessment in this dissertation denotes the comparison of the selected algorithm
against the baseline or nominal (non-adaptive) cases. The baseline and nominal approaches
emulate other research, but are formatted to function
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1.5 Dissertation Structure

In pursuit of the research objectives described in Section 5.3, this dissertation is organized
into seven chapters.

Chapter 1 outlines the research objectives to clearly define the scope of the research and
provide an overall structure to the dissertation. Section 1.2 gives this dissertation in context
within the Space Situational Awareness mission, and explains why the research is valuable to
ongoing efforts within the space community. Section 1.3 introduces the general nomenclature
used to describe the relevant SSA scenario and the research’s overall framework. Lastly,
Section 1.4 delineates the value of this dissertation and the specific contributions to the SSA
research community.

Chapter 2 provides the mathematical framework upon which the research is built. Section 2.2
introduces and briefly explains the kinematic models used throughout the dissertation. Sec-
tion 2.3 describes how observations are calculated and structured. Section 2.4 gives a brief
overview of sequential estimation, and reviews the Unscented Kalman Filter (UKF), which
is the selected estimation method used throughout the research. Section 2.5 introduces the
POMDP, and describes the two information-based decision metrics used in this dissertation.

Chapter 3 introduces the architectural framework and modeling environment that was de-
veloped to facilitate the research. In Section 3.1, the baseline SOSI network, which is used to
assess each command and control protocol, is described. A command and control protocol is
a combination of a specific decision process and a particular adaptive estimation technique.
Section 3.2 defines the preliminary and full RSO catalogs that the SOSI network is tasked
to track. The preliminary RSO catalog is used to determine how well each decision process
tracks a population of non-maneuvering satellites. The full RSO catalog is twice the size of
the preliminary catalog, and includes several maneuvering spacecraft in each orbital regime.
The full catalog provides a comprehensive test for each command and control protocol.

Chapter 4 presents the adaptive estimation algorithms that were developed for this disserta-
tion. Section 4.3 describes the Covariance Inflation algorithm that uses a bisection method to
optimally inflate the process noise covariance, based on the detected maneuver. Section 4.5
describes a Static Multiple Model (SMM) Adaptive Estimation algorithm that uses a shot-
gun approach to characterize an unknown maneuver and converge quickly on a new orbit
estimate. Section 4.6 describes a SMM Adaptive Estimation technique that uses a Universal
Variable Lambert Targeter to characterize an unknown maneuver and reestablish a viable
orbit estimate. Section 4.7 describes a GPB1 Adaptive Estimation algorithm that also uses
a Universal Variable Lambert Targeter to characterize and mitigate an unknown maneuver.

Chapter 5 presents the developed decision processes and metrics. Section 5.3.1 describes the
baseline POMDP algorithm that emulates previous research, but is adapted for this research
to provide an apples-to-apples comparison. Section 5.3.2 describes the continuous tasking,
suboptimal POMDP that implements multiple decision metrics, and assumes each sensor
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must make an observation at every time step, as long as a target satellite is visible. Sec-
tion 5.3.3 describes a cost-constrained, suboptimal POMDP approach that also implements
multiple decision metrics, but only tasks a sensor to observe a target satellite if the rewards
outweigh the costs.

Chapter 6 integrates each of the POMDP approaches from Chapter 5 with each adaptive
estimation technique from Chapter 4, and assesses each resulting command and control
protocol. The assessment is executed using the SOSI network and RSO catalog defined in
Chapter 3. The resulting analyses are used to compare and contrast the command and
control algorithms.

Chapter 7 summarizes the decision processes and adaptive estimation algorithms developed
in this dissertation. The results generated in Chapter 6 are also reviewed. Finally, this
dissertations overall objectives and contributions are restated to reinforce the value of this
work to the larger SSA body of knowledge.



Chapter 2

Foundational Concepts

2.1 Introduction

In this chapter the mathematical foundations upon which the processes in later chapters are
developed are presented. Fundamental concepts in astrodynamics, remote sensing, sequential
estimation, and partially observed Markov decision processes are described within the scope
of the dissertation. It is assumed that the reader has familiarity with dynamics and statistics,
particularly those concepts that apply to orbital mechanics.

2.2 Dynamics

2.2.1 General Dynamics Formulation

The model dynamics and geometries used in this dissertation are based on two-body orbital
mechanics and a rotating, ellipsoidal Earth. All dynamic systems follow the standard format
for equations of motion.

ẋ(t) = f(x(t),u(t)) + w(t), w(t) ∼ N (0,Q(t)) (2.1)

u(t) refers to the thrust in a maneuvering spacecraft. There are no control inputs to ground-
based sensors that would change the kinematic states of the host facilities. All satellite
maneuvers are impulsive in this dissertation. Because control inputs are defined as an accel-
eration, impulsive maneuvers are modeled as one second continuous, constant thrusts. In con-
tinuous time, w(t) denotes additional unmodeled noise in the agent’s state, and is zero mean
Gaussian with spectral density matrix Q(t), such that E

[
w(t)wT (τ)

]
= Q(t)δ(t− τ) [32].

The kinematic state, x, of each agent is defined as a six dimensional vector consisting of the
agent’s position and velocity, relative to the ECI reference frame, unless otherwise specified.

15
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x = [r v]T (2.2)

where
r =

[
x1 x2 x3

]
and v = ṙ =

[
ẋ1 ẋ2 ẋ3

]
(2.3)

2.2.2 Continuous & Discrete Time

Two forms of time are used in this dissertation: continuous and discrete. Because of the
simplifying assumptions described in later sections, continuous time t is defined as Greenwich
Mean Sidereal Time (GMST) and measured in seconds. t0 denotes the initial scenario time,
or epoch time, and is always set as t0 = 0.

t = [0, tf ] | t ∈ R & tf = (0,∞] (2.4)

While kinematic states are propagated in continuous time, observational data are only avail-
able at uniform, discrete intervals.

tk = k∆t | k ∈ Z & k =

[
1,
tf
∆t

]
(2.5)

Therefore, state estimates and their associated covariances are calculated and reported at
each step, k, regardless of the duration between steps, denoted as ∆t. For brevity, a com-
monly used step notation is implemented where the subscript k connotes the associated
variable at time tk. That is, x(tk) = xk.

2.2.3 Reference Frames

First, a brief summary of the relevant coordinate systems used frequently in this dissertation.
Figure 2.1 depicts each of these reference frames and how they relate to one another.

Earth-Centered Coordinate Systems

The foundational reference frame for astrodynamics and orbit estimation is the Earth-Center,
Inertial (ECI) reference frame (depicted in green in Figure 2.1). An inertial reference frame,
by definition, is one that is not accelerating with respect to any other inertial origin. Most
importantly, the ECI reference frame does not rotate with the Earth, and is therefore ideal
for describing orbital equations of motion. The principal axis, x̂ECI

1 , is often defined at
specific time and date, known as an epoch. The third axis, x̂ECI

3 , is aligned with the Earth’s
spin axis. The second axis completes the triad, and forms the fundamental plane with the
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Figure 2.1: Pertinent Reference Frames

principal axis, which coincides with the equatorial plane. The details of how the ECI frame
is defined are complex and well documented, particularly in [33].

The other critical reference frame is the ECEF reference frame (depicted in blue in Fig-
ure 2.1). This coordinate system aligns with the ECI frame on the epoch date and time, but
rotates, precesses, and nutates with the Earth. The principal axis is defined by a unit vector
extending from the center of the Earth through (0◦ N, 0◦ E). The third axis is aligned with
the Earth’s spin axis. The second axis completes the triad.

In a two-body model (defined in Section 2.2.4), the relationship between the ECI and ECEF
frames is straightforward; defined by a single, third axis rotation matrix. In reality, when
geopotential perturbations and temporal variations are introduced to the two-body system,
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the transformation between the ECI and ECEF frames becomes very complex. While the
transformation fundamentally remains a single third axis rotation, the calculation becomes
a very laborious process. There are multiple international organizations that are tasked with
measuring, monitoring, and calculating the diverse set of variables that go into determining
the rotation. [33] gives a brief, but comprehensive discussion of this complex process.

Given the two-body model assumptions, the rotation angle, θGMST0 , which is depicted in
Figure 2.1, is defined by Equation 2.6.

θGMST = θGMST0 + ω⊕t (2.6)

where ω⊕ is the Earth’s angular rotation rate, and θGMST0 is an initial GMST. Because the
ECI and ECEF reference frames are aligned at the epoch time, t0, θGMST0 = 0.

Using the notation in [33], the transformation between the ECI and the ECEF reference
frames is: [

ECEF
ECI

]
=

[
R3(θGMST) 0

Ṙ3(θGMST) R3(θGMST)

]
(2.7)

Such that,
x(ECEF) =

[
ECEF
ECI

]
x(ECI) (2.8)

Topocentric-Horizon Reference Frame

While there are many topocentric reference frames from which to define sensor observations,
this dissertation implements the SEZ coordinate system (depicted in Yellow in Figure 2.1).
With an origin centered at the observer, the first axis, x̂SEZ

1 points due south. The second
axis points due east, and the third axis is normal to the horizontal plane, pointing towards
zenith.

The transformation between the ECI and SEZ requires rotations about the third axis and
the second axis. [

SEZ
ECI

]
=
[

SEZ
ECEF

] [
ECEF
ECI

]
(2.9a)[

SEZ
ECEF

]
=

[
R2(π

2
− φgd)R3(λ) 0

0 R2(π
2
− φgd)R3(λ)

]
(2.9b)

such that,
x(SEZ) =

[
SEZ

ECEF

] [
ECEF
ECI

]
x(ECI) (2.10)

Body-Fixed Reference Frame

A spacecraft-fixed coordinate system known as the NTW frame (depicted in red in Figure 2.1)
is used in this dissertation to define some of the satellite maneuvers. The N-axis, x̂NTW

1 , lies
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in the orbital plane and is normal to the ECI velocity vector. The T-axis is aligned with the
ECI velocity vector. The W-axis is normal to the orbital plane, and parallel to the orbit’s
angular momentum vector. The NTW reference frame is a useful system for defining satellite
maneuvers because the most fuel-efficient, impulsive maneuvers occur in the tangential, or
in-track, direction.

The rotation matrix required to incorporate thrust vectors that are described in the NTW
frame with the numerically integrated kinematic state vector in the ECI frame is described
in Equation 2.11. [

ECI
NTW

]
= Rx(t) =

[
N̂

... T̂
... Ŵ

]
(2.11)

where

T̂ =
v(t)

||v(t)||2
(2.12a)

Ŵ =
r(t)× v(t)

||r(t)× v(t)||2
(2.12b)

N̂ = T̂× Ŵ (2.12c)

Therefore a thrust in the ECI frame, a
(ECI)
thrust(t), is calculated using Equation 2.13

a
(ECI)
thrust(t) =

[
ECI
NTW

]
x(t)

a
(NTW)
thrust (t) (2.13)

2.2.4 Two-Body Orbital Dynamics

In this dissertation two types of agents are subject to two-body orbital dynamics: spacecraft,
and the estimates thereof. The two-body model is sufficient to describe satellite dynamics
within the scope of the research objectives. Because of the assumptions made in the two-
body model [33], the equations of motion for satellites and their state estimates are described
by Equation (2.14), in the ECI reference frame.

ẋ(t) =

[
v(t)
−µ⊕

r3
r(t)

]
+ w(t) (2.14)

where r is the distance to the satellite from the center of the Earth, r = ‖r(t)‖2. The
spacecraft’s state at each time step, xk, is determined either using a state transition matrix
or through direct numerical integration (Equation (2.15)).

xk+1 =

∫ tk+1

tk

f(x(t),u(t))dt (2.15)

As discussed in Chapter 1, Section 1.2.4, w(t) = 0 for spacecraft in the SOSI network, but
is nonzero for target satellites.
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2.2.5 Ellipsoidal Earth Dynamics

A facility’s kinematic state is first calculated in the ECEF reference frame, using the site’s
geodetic latitude (φgd), longitude (λ), and height above the ellipsoidal Earth (hellp). Algo-
rithm 2.1 specifies this conversion, based on formulas in [33].

Algorithm 2.1 Geodetic Coordinates to the Earth-Centered, Earth Fixed Frame

1: Calculate the Radius of Curvature in the Prime Vertical C⊕

C⊕ =
R⊕√

1− e⊕2
(2.16)

where R⊕ is the Earth’s equatorial radius, and e⊕ is the Earth’s eccentricity.
2: Calculate auxiliary variable S⊕

S⊕ = C⊕(1− e⊕2) (2.17)

3: Calculate the equatorial component of the position vector rδ

rδ = (C⊕ + hellp) cos(φgd) (2.18)

4: Calculate the vertical component of the position vector rk

rk = (S⊕ + hellp) sin(φgd) (2.19)

5: Calculate the facility’s position vector in the ECEF frame r
(ECEF )
site

r
(ECEF )
site =

rδ cos(λ)
rδ sin(λ)

rk

 (2.20)

The equations of motion for ground-based objects are described by Equation (2.21).

ẋ(t) =

[
v(t)
−ω2
⊕r(t)

]
(2.21)

Per the two-body model, the Earth’s rotation in this dissertation is not subject to precession
or nutation effects, and spins about the third axis in both the ECI and ECEF frames. The
resulting equations of motion, in the ECI frame, have a closed form solution, Equation (2.22),

using the facility’s ECEF position vector r
(ECEF)
site =

[
xX xY xZ

]T
. Because facilities are



Kevin M. Nastasi Chapter 2. Foundational Concepts 21

stationary in this dissertation, r
(ECEF)
site does not change with time.

x(ECI)(t) =


xX cos(ω⊕t)− xY sin(ω⊕t)
xY cos(ω⊕t) + xX sin(ω⊕t)

xZ

−ω⊕xY cos(ω⊕t)− ω⊕xX sin(ω⊕t)
ω⊕xX cos(ω⊕t)− ω⊕xY sin(ω⊕t)

0

 (2.22)

The locations and velocities of ground-based sensors are assumed to be known with absolute
certainty. Hence, w(t) = 0 in Equation (2.21).

2.2.6 Continuous Process Noise

Continuous process noise, w(t), is assumed to be a zero-mean Gaussian with spectral density
matrix Q(t). Process noise simulates random, unmodeled disturbances in the spacecraft’s
nominal equations of motion. In this dissertation w(t) is assumed to be purely additive.
w(t) injects noise solely as accelerative disturbances, as defined in Equation (2.23).

w(t) =
[
0 σw

]T
(2.23)

where 0 and σw(t) are each 1×3 vectors.

The continuous process noise is also reduced with altitude to simulate the decreasing potency
of random disturbances due to variations in Earth’s gravitational field. The continuous
process noise in Equation (2.23) is scaled using Equation (2.24).

w(t) = w(t)e
r⊕+250−rk

100000 (2.24)

The scaled process noise is equal to the baseline when the object’s altitude is 250km.

2.3 Remote Sensing

The “interactions” between a Resident Space Object and the sensor observing it are char-
acterized by observations, which are based on the kinematic states of the particular target
satellite and the sensor, as well as the sensor’s capabilities and limitations. These observa-
tions are passive in that the observed spacecraft does not cooperatively provide information
to support the surveillance process. In a cooperative scenario target satellites may have
transponders or other devices with which a sensor can interface to glean additional informa-
tion. In a passive scenario the observation data from a particular sensor is limited to what
is detectable and measurable at a given time step.
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2.3.1 Observation Formulation

Observational data are represented by an observation output vector, which is derived from
the observation state vector. In state space notation the measured observation output vector
is given by Equation (2.25).

ỹ(n,m),k = h(xn,k,xm,k) + vm,k, vm,k ∼ N (0,Rm,k) (2.25a)

ŷ(n,m),k = h(x̂n,k, x̂m,k) (2.25b)

vm,k is the measurement noise vector, which is assumed to be a zero-mean Gaussian with
variance Rm,k. The measurement noise covariance matrix characterizes the uncertainty in
the associated observation and is often predefined through rigorous sensor testing and char-
acterization. In this dissertation Rm,k is defined as a diagonal matrix.

Rm,k = σv ,m,k (2.26)

The nonlinear measurement function h(xn,k,xm,k) produces measurement data based on the
observation state vector in the Topocentric-Horizon Reference Frame (SEZ).

ρ
(SEZ)
(n,m),k =

[
r

(SEZ)
k v

(SEZ)
k

]T
(2.27)

ρ
(SEZ)
(n,m),k =

[
xs xe xz ẋs ẋe ẋz

]T
(2.28)

ρ
(SEZ)
(n,m),k =

[
SEZ

ECI

](
x

(ECI)
n,k − x

(ECI)
m,k

)
(2.29)

where
[
SEZ
ECI

]
is the ECI to SEZ coordinate transformation defined in Equation (2.9).

In this dissertation observations are combinations of up to four measurements depending on
the sensor type: azimuth, elevation, range, and range-rate. These measurement data are
derived from the observation state vector to form the observation output vector. Azimuth
ϑ is defined as the angle from due north −x̂(SEZ)

1 clockwise to the observation state vector,
projected onto the sensor-centered, horizontal plane. Elevation ϕ is defined as the angle
from the horizontal plane to the observation state vector. Range ρ is the magnitude of the
observation state vector, and range-rate ρ̇ is the associated time-rate of change. These mea-
surements are calculated using Equations (2.30a), (2.30b), (2.30c), and (2.30d), respectively.

hϑ(xn,k,xm,k) = tan−1

(
−xe

xs

)
(2.30a)

hϕ(xn,k,xm,k) = sin−1

(
xz

||rSEZ,k||2

)
(2.30b)

hρ(xn,k,xm,k) = ||rSEZ,k||2 (2.30c)

hρ̇(xn,k,xm,k) =
r

(SEZ)
k · v(SEZ)

k

||r(SEZ)
k ||2

(2.30d)
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Equation (2.30) describes ideal observations [34] because they are instantaneous geometric
measurements that do not take into account the physics behind a real-world observation,
such as the travel time for a microwave pulse to propagate to a target and return to the
radar.

The SOSI Network developed for this dissertation is notional and contains a diverse set of
ground and space-based advanced radar, radar, and EOIR sensors. Advanced radar provide
the most data per observation with a 4× 1 observation output vector. If sm ∈ SARF , then

h(xn,k,xm,k) =


hϑ(xn,k,xm,k)
hϕ(xn,k,xm,k)
hρ(xn,k,xm,k)
hρ̇(xn,k,xm,k)

 (2.31)

Radar produce a 3× 1 observation output vector. If sm ∈ SRF , then

h(xn,k,xm,k) =

hϑ(xn,k,xm,k)
hϕ(xn,k,xm,k)
hρ(xn,k,xm,k)

 (2.32)

Lastly, the observation output for an electro-optical sensor is a 2× 1 vector containing only
angular information. If sm ∈ SEO, then

h(xn,k,xm,k) =

[
hϑ(xn,k,xm,k)
hϕ(xn,k,xm,k)

]
(2.33)

2.4 Estimation

This section combines and summarizes information from [27] and [32]. Estimation is the
process by which the state of an indirectly observed, stochastically-driven target can be
determined using noisy measurements. Sequential estimation originated with Carl Friedrich
Gauss, who devised the normal probability distribution function (PDF) and the linear least
squares principle as a means of minimizing estimation error. The univariate normal, or
Gaussian PDF of x, with mean µ and variance σ2, is defined in Equation (2.34) where
x ∈ R.

p(x;µ, σ2) =
1

σ
√

2π
e
−(x−µ)2

2σ2 (2.34)

Orbit estimation, however, is inherently a multivariate instance where x ∈ R` with mean x̂
and covariance P̂. The multivariate Gaussian PDF is thus defined in Equation 2.35.

p(x; x̂, P̂) =
1√

(2π)`|P̂|
e−

1
2

(x−x̂)T P̂−1(x−x̂) (2.35)
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The covariance P̂ in Equation (2.35) is a symmetric positive definite matrix with diagonal
elements σ2

i where i ∈ [1, `]. Additionally, if the true error is defined as the difference between
the estimate and the actual target state, as in Equation (2.36),

ε = x̂− x (2.36)

then P̂ = E{εεT}. This property lets us minimize the true error through the estimation
process without ever knowing the true error.

2.4.1 The Linear Least Squares Principle

Gauss’ principle of linear least squares [27] seeks to find the state estimate x̂ that minimizes
the summed squares of the residual errors ε̃.

J =
1

2
ε̃T ε̃ (2.37)

Given a set of observations, their associated times, and a set of independent basis functions
that map a kinematic state vector to an observation:

ỹ = [ỹ1 ỹ2 · · · ỹκ]T (2.38)

t = [t1 t2 · · · tκ]T (2.39)

H =


h1(t1) h2(t1) · · · h`(t1)
h1(t2) h2(t2) · · · h`(t2)

...
...

...
...

h1(tκ) h2(tκ) · · · h`(tκ)

 (2.40)

a set of state estimates can be determined

x̂ = [x̂1 x̂2 · · · x̂κ]T (2.41)

such that

ŷ = Hx̂ (2.42)

ε̃ = ỹ − ŷ (2.43)

Therefore, Equation (2.37) can be rewritten the multidimensional quadratic function in
Equation 2.44.

J(x̂) =
1

2

(
ỹT ỹ − 2ỹTHx̂ + x̂THTHx̂

)
(2.44)

The global minimum of Equation 2.44 occurs where the Jacobian of J is zero (Equation 2.45)

(∇x̂J)T = HTHx̂−HT ỹ = 0 (2.45)



Kevin M. Nastasi Chapter 2. Foundational Concepts 25

given that the Hessian of J with respect to x̂ is positive definite (Equation 2.46).

∇2
x̂J = HTH (2.46)

HTH is positive definite if H is of maximum rank (that is, `).

From Equation (2.45) the appropriate state estimate can be found.

x̂ =
(
HTH

)−1
HT ỹ (2.47)

For the inverse of HTH to exist the number of independent observations must be equal to
or greater than the dimensions of x. In other words, m ≥ `.

Thus, without ever directly observing the actual target state or knowing the noise injected
into each observation an accurate state estimate can be determined. For additional informa-
tion see [27] and [32].

2.4.2 Linear Least Squares Sequential Estimation

The linear list squares principle in Section 2.4.1 inherently assumes that all observations
are available simultaneously and then incorporated to define an estimate at a desired epoch
time. This approach works well in data sparse scenarios, such as orbit estimation, when
observations may be few and far between. Indeed, many SOSI networks employ what is
known as Batch Least Squares to create an orbit estimate after a sufficient number of obser-
vations have been collected. A significant disadvantage to this approach, however, is that a
potentially large number of observations must be continuously carried forward in time. This
issue can be mitigated by sequentially incorporating new observations into the estimate as
they become available [27].

Suppose an initial set of observations ỹ1 is available followed later by a second set of obser-
vations ỹ2, as defined in Equation (2.38). Each observation set comes with the associated
times (t1 and t2), from Equation (2.39), and independent basis functions (H1 and H2), from
Equation (2.40). Additionally, two diagonal matrices are provided (W1 and W2), which
defined how each observation should be weighted compared to the other observations in the
set.

The original linear least squares approach from Section 2.4.1 would suggest that both sets
of observations are combined to determine the final state estimate, per Equation (2.47).

x̂2 = (HTWH)
−1

HTWỹ (2.48)

where

ỹ =

[
ỹ1

ỹ2

]
H =

[
H1

H2

]
W =

[
W1 0
0 W2

]
(2.49)
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Equation (2.48) can be expanded to delineate each set of observations.

x̂2 =
(
HT

1 W1H1 + HT
2 W2H2

)−1 (
HT

1 W1ỹ1 + HT
2 W2ỹ2

)
(2.50)

Equation (2.50) does not save any computational resources over the original linear least
squares approach, but it does infer a means by which an efficient update process can be
developed. To devise such an estimate update procedure to efficiently go from x̂1 to x̂2, the
covariance matrices, P̂1 and P̂2, are first introduced.

P̂1 =
(
HT

1 W1H1

)−1
(2.51)

P̂2 =
(
HT

1 W1H1 + HT
2 W2H2

)−1
(2.52)

P̂1 and P̂2 are covariance matrices if W1 and W2 are the inverse covariance matrices of
random errors associated with ỹ1 and ỹ2, respectively. Additionally, ỹ1 and ỹ2 are not
correlated with one another.

First, an equation to update P̂2 based on P̂1 is readily available.

P̂−1
2 = P̂−1

1 + HT
2 W2H2 (2.53)

Through matrix manipulation an update equation for x̂2 can be defined.

x̂2 = x̂1 + P̂2H
T
2 W2 (ỹ2 −H2x̂1) (2.54)

Equations (2.53) and (2.54) can be rewritten and generalized.

P̂−1
k+1 = P̂−1

k + HT
k+1Wk+1Hk+1 (2.55)

x̂k+1 = x̂k + Kk+1 (ỹk+1 −Hk+1x̂k) (2.56)

where,
Kk+1 = P̂k+1H

T
k+1Wk+1 (2.57)

Equation (2.56) is known as the Kalman Update Equation. Equation (2.57) is known as
the Kalman Gain Matrix, which specifies how heavily new observations should be weighted
compared to the original state estimate during the update process. Equation (2.55) is known
as the information matrix recursion form of the covariance update equation. This process
should be simplified further, however, because the matrix inverse of Equation (2.55) must
be computed repeatedly whenever the state estimate is updated.

Using the Sherman-Morrison-Woodbury matrix inversion lemma (Reference [27]), Equa-
tions (2.55) and (2.57) can be rearranged into the covariance recursion form.

Kk+1 = P̂kH
T
k+1

(
Hk+1P̂kH

T
k+1 + W−1

k+1

)−1

(2.58)

P̂k+1 = (I−Kk+1Hk+1) P̂k (2.59)
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Several terms are introduced to facilitate comparisons with later estimation algorithms.
First, the numerator of Equation (2.58) is redefined as the cross covariance, Ĉk. The cross
covariance relates how the state estimate varies compared to how the residual error, or
innovation, varies.

Ĉk = P̂kH
T
k+1 (2.60)

Second, the denominator of Equation (2.58) is defined as the innovations covariance, Ŝk.
The innovations covariance characterizes how the residual error varies.

Ŝk =
(
Hk+1P̂kH

T
k+1 + W−1

k+1

)
(2.61)

Thus, the Kalman Gain Matrix calculation in Equation (2.58) can be written as,

Kk+1 = Ĉk

(
Ŝk

)−1

(2.62)

Equations (2.56), (2.58), and (2.59) are the fundamental equations for many different se-
quential estimation processes, particularly those based on the Linear Kalman Filter (LKF).
More information can be found in [27].

2.4.3 The Continuous-Time Discrete Observation Kalman Filter

The linear least squares principle and sequential estimation approach discussed in Sec-
tions 2.4.1 and 2.4.2, respectively, were devised for algebraic, but not dynamic systems [27].
While the underlying mathematics remain valid, the equations developed in Section 2.4.2
must be modified to accommodate changes in the state that occur between the last estimate
and the next observation. In 1960, Rudolf E. Kalman developed what would become known
as the Linear Kalman Filter (LKF) to adapt the linear least squares principle to dynamic
systems [35]. The fundamental difference between the linear least squares sequential estima-
tion and the Kalman Filter is that from tk to tk+1 the state estimate, x̂k must be propagated
before it can be updated based on new observations.

First, the LKF, as shown in Algorithm 2.2, was created to directly apply linear least squares
sequential estimation to a dynamic system. The presented LKF is derived for a continuous-
time, linear dynamics system, and a discrete observation model, as defined in Equation (2.63).

ẋ(t) = F(t)x(t) + B(t)u(t) + G(t)w(t), E
[
w(t)wT (τ)

]
= Q(t)δ(t− τ) (2.63a)

ỹk = Hkxk + v k, v k ∼ N (0,Rk) (2.63b)

The LKF is initialized with a state estimate x̂0 and covariance P̂0 at tk = t0. While tk <
tf −∆t, Algorithm 2.2 is used to propagate and update the estimate from one time step to
the next.
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Algorithm 2.2 Continuous-Time, Discrete Observation Linear Kalman Filter

1: procedure Prediction Phase(x̂n,k, P̂n,k, tk, tk+1)
2: Propagate the state estimate to tk+1 to find the predicted state estimate, x̂n,k+1|k

˙̂x = F(t)x̂(t) + B(t)u(t) (2.64)

3: Propagate the covariance to tk+1 to determine the predicted covariance, P̂n,k+1|k

˙̂
P = F(t)P̂(t) + P̂(t)FT (t) + G(t)Q(t)GT (t) (2.65)

4: procedure Update Phase(x̂n,k+1|k, P̂n,k+1|k, ỹ(n,m),k+1, tk+1)

5: Calculate the cross covariance, Ĉn,k+1|k

Ĉ(n,m),k+1|k = P̂n,k+1|kH
T
m,k+1 (2.66)

6: Calculate the innovations covariance, Ŝn,k+1|k

Ŝ(n,m),k+1|k = Hm,k+1P̂n,k+1|kH
T
m,k+1 + Rm,k+1 (2.67)

7: Calculate the Kalman Gain Matrix, K(n,m),k+1, at tk+1

K(n,m),k+1 = Ĉ(n,m),k+1|k

(
Ŝ(n,m),k+1|k

)−1

(2.68)

8: Update the state estimate

x̂n,k+1 = x̂n,k+1|k + K(n,m),k+1

(
ỹ(n,m),k+1 −Hm,k+1x̂n,k+1|k

)
(2.69)

9: Update the covariance

P̂n,k+1 =
(
I−K(n,m),k+1Hm,k+1

)
P̂n,k+1|k (2.70)

It’s useful to note that the measurement noise covariance matrix Rk replaces the inverse
of the weighting matrix W−1

k+1 from the linear least squares sequential estimation process
in Section 2.4.2. This substitution indicates that the observational information from more
accurate sensors is weighted more heavily than the data from less capable sensors.

Additionally, similar to Equation (2.55), the information form of Equation (2.70) can be
written as Equation (2.71).

P̂−1
k = P̂−1

k|k−1 + HT
kR−1

k Hk (2.71)

A key drawback of the LKF is that it does not work well for nonlinear dynamic systems,
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like the two-body model [27, 33]. Since the inception of the Kalman Filter, numerous vari-
ants have been developed to facilitate estimation of nonlinear systems. Unsurprisingly, the
key trade-off for nonlinear estimation is between accuracy and computational power. R.E.
Kalman developed one of the first, known as the Extended Kalman Filter (EKF), which was
first used during NASA’s Apollo program to calculate lunar trajectories [36]. The Extended
Kalman Filter (EKF) is still widely used because it is incurs a relatively small computational
cost over the LKF, compared to more modern, and more complex approaches.

The key differences between a continuous-time, discrete observation EKF and the LKF are
in how the state estimate and covariance are propagated Lines 2 and 3 in Algorithm 2.2.
First, a nonlinear system is defined in Equation (2.72).

ẋ(t) = f(x(t),u(t), t) + G(t)w(t), E
[
w(t)wT (τ)

]
= Q(t)δ(t− τ) (2.72a)

ỹk = h(xk) + v k, v k ∼ N (0,Rk) (2.72b)

The state estimate is directly propagated using the nonlinear dynamics by numerically inte-
grating Equation (2.73).

˙̂x(t) = f(x̂(t),u(t), t) (2.73)

The plant matrix F(t) in Algorithm 2.2, would be defined by Equation (2.74), for a nonlinear
system.

F(t) =
∂f

∂x

∣∣∣∣
x̂0,u0

(2.74)

In the EKF, however, the plant matrix is recalculated with x(t), as shown in Equation (2.75).

F(t) =
∂f

∂x

∣∣∣∣
x̂(t),u(t)

(2.75)

Similarly, the output matrix Hk in Algorithm 2.2 that is used to calculate the Kalman Gain
and update the covariance in Equations (2.68) and (2.70), is replaced by Equation (2.76).

Hk =
∂h

∂x

∣∣∣∣
x̂k|k−1

(2.76)

Finally, the state update equation in Equation (2.69) is slightly modified, as shown in Equa-
tion (2.77).

x̂k = x̂k|k−1 + Kk

(
ỹk − h(x̂k|k−1)

)
(2.77)
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2.4.4 Unscented Kalman Filter

The EKF is a useful tool for orbit estimation, but fails to provide the level of covariance
propagation accuracy that is needed for this dissertation. The estimated covariance is an
important component of both the adaptive estimation algorithm and decision process. There-
fore, accurately modeling the covariance is a critical component of the overall framework.
There are multiple alternatives that more closely capture the true covariance, to include the
Unscented Kalman Filter (UKF) [37, 38], and the Particle Filter.

A useful and commonly presented illustration of the capability differences between the EKF,
UKF, and particle filter is captured in how the filters model the covariance. A Gaussian
distribution of orbital states, shown in Figure 2.2, is propagated through the two-body
orbital dynamics. The resulting distribution, shown in Figure 2.3, stretches out in the in-

Figure 2.2: Initial Gaussian Distribution of Orbital States [2]

track direction and curves with the orbital path. In Figure 2.3 the estimated covariance
from the EKF clearly only captures a fraction of the total distribution and extends out in
the “along-track” direction, not curving with the orbit. The UKF captures more of the
distribution, but also doesn’t reflect the propagated distribution’s non-ellipsoidal shape. It
should be noted that the mean (the state estimate) is offset from the most likely state, in the
radial direction, towards the Earth. The propagated particle distribution in a particle filter
would more closely resemble the real distribution uncertainty in Figure 2.3 depending on the
number of particles used. As previously mentioned, greater covariance estimation accuracy
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Figure 2.3: Propagated Distribution Comparison of Orbital States [2]

incurs a greater computational burden. In [39] a nonlinear scenario was devised that could
be used to test various filters. For that particular scenario an EKF ran for an average of 0.08
seconds, while the two UKF algorithms took 1.18 seconds to run on average. Two particle
filters were also assessed: one with 3,000 particles, and the second with 10,000. The former
ran for and average of 249.7 seconds, while the latter took 680.9 seconds. Similarly, [40]
compared the EKF and the UKF in an orbit estimation scenario, and concluded that the
UKF was more robust to the initial estimate selection and therefore easier to tune than the
EKF. [40] also confirmed that the UKF provides generally superior results over the EKF
in the orbit estimation case. Therefore, the UKF was selected for this dissertation because
it better accounts for the nonlinear propagation of the covariance while not dramatically
increasing the computational workload.

The UKF process used in this dissertation is divided into four algorithms to facilitate later
sensor tasking discussions and generally follows the process described in [41]. Additionally, it
is assumed that the process and measurement noise is additive. This assumption is a common
one in orbit estimation [42, 43, 44], and improves computation time by reducing the number
of dimensions in the state and covariance estimates. [45] showed that in an additive noise
case not incorporating process and measurement noise covariances in the state and covariance
estimates yields similar results to the incorporated case, as long the number of dimensions in
the state estimate remains constant. Like numerous other orbit estimation research efforts
cited in this dissertation, an additive noise variation of the UKF is used in this research.

The continuous-time nonlinear system, and discrete observation model used in the UKF
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are given in Equation (2.72). The UKF must be initialized at tk = t0 with an initial state
estimate x̂0, of dimension `, and a corresponding covariance P̂0. First, a scaling factor, Λ,
is calculated in Equation (2.78), based on several parameters.

Λ = α2(`+ κ)− ` (2.78)

These parameters characterize the number and distribution of the sigma points. The scaling
factor Λ in Equation (2.78) determines the spread of the sigma point distribution based
on ` and three tuning parameters: α, β, and κ. As previously mentioned, ` = 6 in this
dissertation, because the UKF used in this dissertation assumes additive noise. Additive
noise is a common assumption in orbit estimation [43, 44, 46, 47, 33, 48], and significantly
reduces the computational load incurred with each UKF. α is limited to the range [0, 1]. For
this work α = 0.001 based on previous sensor tasking research using a UKF [49]. β, is used
to further characterize the covariance weighting scheme. κ = 3− ` and β = 2 for Gaussian
distributions.

At a given time step the UKF works by constructing a set of sigma points based on the current
covariance estimate and Λ, the first of which is the current state estimate. These sigma points
are variations on the current state estimate. The sigma points are distributed such that
their mean remains the original state estimate. This process is shown in Equations (2.83)
and (2.84).

A set the state and covariance weights are then determined using Equations (2.79) and (2.80).
These weights are used to integrate sigma point information to form the final state estimate
and covariance for a given time step.

Wx =

{
Λ
`+Λ

if γ = 0
1

2(`+Λ)
if γ = 1 . . . 2`

(2.79)

WP = Wx +

[
(1− α2 + β)

02`×1

]
(2.80)

where γ is a column number in the `× (2`+ 1) sigma point matrix.

It is important to note that Wx and WP used in the UKF prediction and forecast phases
(Algorithms 2.3 and 2.4, respectively) are diagonal matrices of the column vectors calculated
in Equations (2.79) and (2.80).

Wx = DIAG (Wx) (2.81)

WP = DIAG (WP) (2.82)

This minor change facilitates writing the UKF algorithms in matrix notation rather than
the traditional summation notation.

The UKF begins with the prediction phase at the first time step, k = 0, and follows Algo-
rithm 2.3 while tk+1 ≤ tf . The UKF differs from previously developed filters in that the
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Algorithm 2.3 Unscented Kalman Filter: Prediction Phase

1: procedure Prediction Phase(x̂n,k, P̂n,k, tk, tk+1)

2: Determine the Cholesky Decomposition of P̂n,k such that,

P̂n,k = P̂CH
n,k

(
P̂CH
n,k

)T
(2.83)

3: Calculate the sigma points

X̂ n,k = X̂n,k1(1×2`+1) +
√
`+ Λ

[
0(`×1) P̂CH

n,k − P̂CH
n,k

]
(2.84)

4: Propagate the sigma points without adding process noise.

Ẋ n,i,k+1|k = f(X̂ n,i,t) for i = 1 . . . 2`+ 1 (2.85)

5: Calculate the predicted state estimate, x̂n,k+1|k

x̂n,k+1|k = X̂ n,k+1|kWx (2.86)

6: Calculate the predicted covariance, P̂n,k+1|k

P̂n,k+1|k =
[
∆X̂

]
WP

[
∆X̂

]T
+ Qn,k (2.87)

∆X̂ = X̂ n,k+1|k − x̂n,k+1|k1(1×2`+1) (2.88)

7: Redraw the sigma points to incorporate process noise effects

X̂ n,k+1|k = x̂n,k+1|k1(1×2`+1) +
√
`+ Λ

[
0(`×1) P̂CH

n,k+1|k − P̂CH
n,k+1|k

]
(2.89)

where P̂CH
n,k+1|k follows the relationship defined in Equation 2.83.

state and covariance estimates are predicted by propagating the sigma points and essentially
taking the weighted sum. Calculating the predicted covariance requires an additional step
(Equation 2.88), but the general concept is still valid. The propagated sigma points take on
the non-ellipsoidal distribution displayed in Figure 2.3, but it is this “weighted sum” that
gives the predicted covariance estimate the ellipsoidal, somewhat offset shape seen in the
figure.

The Forecast Phase, shown in Algorithm 2.4, is used to determine which sensors to task and
to update the estimated covariance for a selected target-sensor pair.

When an observation is collected the state estimate is updated using Algorithm 2.5 and the
maneuver detection metric is calculated.
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Algorithm 2.4 Unscented Kalman Filter: Forecast Phase

1: procedure Forecast Phase(X̂ n,i,k+1|k, P̂n,k+1|k, tk+1)
2: Calculate the predicted observations for each sigma point

Ŷ (n,m),k+1|k = h(X̂ n,i,k+1|k,xm,k+1) for i = 1 . . . 2`+ 1 & m = 1 . . .M ′ (2.90)

3: Combined the predicted sigma point observations to form the predicted observation

ŷ(n,m),k+1|k = Ŷ (n,m),k+1|kWx (2.91)

4: Calculate the cross covariance matrix, Ĉ(n,m),k+1|k

Ĉ(n,m),k+1|k =
[
∆X̂

]
WP

[
∆Ŷ

]T
(2.92)

∆Ŷ = Ŷ (n,m),k+1|k − ŷ(n,m),k+1|k1(1×2`+1) (2.93)

5: Calculate the innovations covariance matrix, Ŝ(n,m),k+1|k

Ŝ(n,m),k+1|k =
[
∆Ŷ

]
WP

[
∆Ŷ

]T
+ Rm,k+1 (2.94)

6: Calculate the Kalman gain matrix

K̂(n,m),k+1|k = Ĉ(n,m),k+1|kŜ
−1
(n,m),k+1|k (2.95)

7: Update the covariance

P̂n,k+1 = P̂n,k+1|k − K̂(n,m),k+1|kŜ(n,m),k+1|kK̂
T
(n,m),k+1|k (2.96)

Because the filter must accommodate simultaneous observations from disparate sensors, sev-
eral variables must be specifically structured to facilitate concurrent observations with po-
tentially different measurement types. In Algorithms 2.4 and 2.5 all observation output
vectors in the same time step are stacked vertically. Thus, for S observations from S sensors
the combined observation output vector is given in Equation (2.100).

ỹ(n,1),k+1 =
[
ỹTk+1,1 · · · ỹT(n,S),k+1

]T
(2.100)

The sigma point observation output vector and the estimated observation output vector must
be similarly structured. Additionally, the measurement covariance matrices for each sensor
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Algorithm 2.5 Unscented Kalman Filter: Update Phase

1: procedure Update Phase(x̂n,k+1|k, ỹ(n,m),k+1, ŷ(n,m),k+1|k, Ŝ(n,m),k+1|k, K̂(n,m),k+1|k,
tk+1)

2: Calculate the innovations vector, ν̃(n,m),k+1

ε̃(n,m),k+1 = ỹ(n,m),k+1 − ŷ(n,m),k+1|k (2.97)

3: Update the state estimate, x̂n,k+1

x̂n,k+1 = x̂n,k+1|k + K̂(n,m),k+1|kε̃(n,m),k+1 (2.98)

4: Calculate the Maneuver Detection Metric, ψ̂(n,m),k+1

ψ̂(n,m),k+1 = ε̃T(n,m),k+1Ŝ
−1
(n,m),k+1|kε̃(n,m),k+1 (2.99)

associated with the observations must be combined into a single block diagonal matrix.

Rm,k+1 =

R1,k+1 · · · 0
...

. . .
...

0 · · · RS,k+1

 (2.101)

If no observations are collected at tk+1, the predicted state and covariance estimates are
stored as the updated estimates.

x̂k+1 = x̂k+1|k (2.102)

P̂k+1 = P̂k+1|k (2.103)
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2.4.5 Maneuver Detection

The ability to rapidly detect an unobserved maneuver is a critical component of the tasking
algorithm’s ability to maintain a viable orbit estimate for the maneuvering satellite. A num-
ber of methods are available (References [50], [51] and [52]), but this work implements the
normalized innovations squared value, as described in [32], to serve as a maneuver detection
metric. [28] demonstrated the utility of the normalized innovations squared metric for initi-
ating adaptive estimation techniques when maneuvers are detected. The innovations vector
and the Innovations Covariance Matrix are used to calculate the normalized innovations
squared value using Equation 2.99.

ψ̂(n,m),k+1 is a chi-squared distributed variable with p degrees of freedom, or simply the

dimension of the observation output vector. The detection threshold for ψ̂(n,m),k+1 is constant
when all sensors output the same size observation output vector. In this dissertation the
degrees of freedom can change for a particular target at each time step. Therefore, the chi-
squared distribution associated with ψ̂(n,m),k+1 must be derived. Like in [29] and [30], the
tasking strategy developed in this dissertation sets the maneuver detection threshold as the
inverse chi-squared cumulative distribution function, shown in Equation (2.104).

Ψm,k+1 =

{
Ψ :

∫ Ψ

0

t
p−2
2 e−

t
2

2
p
2 Γ(p

2
)
dt = 1− 1e−10

}
(2.104)

where Γ(·) is the Gamma function. A maneuver is detected when the threshold is surpassed.

ψ(n,m),k+1 ≥ Ψm,k+1 (2.105)

The threshold is set sufficiently high to reduce the risk of false detection. An important
assumption associated with using the normalized innovations squared value as a maneuver
detection metric is that the observational data from the sensors is trustworthy. In other
words, the measurement noise injected into each observation is characterized by the mea-
surement noise covariance matrix. This assumption would be violated if sensor malfunctions
or unknown additional noise, like jamming, were modeled. This is not the case in this
dissertation.

The maneuver detection metric is calculated at the current time step, and initializes the
MMAE process over a prescribed time window.

2.4.6 Previous Adaptive Estimation Research

Adaptive estimation is the process by which a sequential estimation process is modified or
augmented to account for unknown or new dynamics. There is a wide array of adaptive
estimation techniques that have been developed over the last few decades for a variety of
situations. For the sake of this discussion, many adaptive estimation techniques can be
binned into two categories:
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1. Modification of the nominal filter to accommodate abrupt changes in the dynamics
(e.g. input estimation, and variable state dimension filters)

2. MMAE to capture a sufficient set of possible dynamics

[53] developed a method, using input estimation, where the thrust acceleration and the
non-thrusting state are estimated concurrently. The estimated thrust acceleration is only
incorporated into the state estimate when a bias threshold is reached, thus signaling that a
maneuver has occurred and mitigating the resulting error. [54] later applied input estimation
to orbit estimation of a maneuvering spacecraft. Known maneuver reconstruction techniques
were integrated with a neural network to more accurately estimate the thrust input. [55]
introduced the Variable Dimension Filter where, after a maneuver is detected, the non-
maneuvering dynamics are augmented with the thrust acceleration dynamics, and the state
estimate is reassessed over the time window defined by the maneuver detection metric. [56]
demonstrated the use of a fading memory Kalman filter where the covariance estimate is
adaptively expanded to essentially “forget” older observations. In doing so, a fading memory
filter may accept new observations more readily after the target maneuvers than a nominal
filter with a longer history of observations. [57] refined the fading memory approach with a
UKF for a maneuvering vehicle, and demonstrated the method’s utility over other adaptive
UKF algorithms. Several other methods have been proposed for modifying the process and
measurement noise covariances to account for unknown, nonlinear dynamics. [58] developed
adaptive approaches for a UKF and a Divided Difference Filter, while [59] described two
UKF-based approaches, similar to the input estimation method, to control a model helicopter
in the presence of unknown rotor noise.

A popular alternative to the augmented filters described previously is Multiple Model Adap-
tive Estimation (MMAE), which was first proposed in the 1960s [60]. [61] later formulated
the Interacting Multiple Model (IMM), which serves as an efficient means of conducting
dynamic multiple model estimation. The IMM enabled the partial mixing of estimates from
a set of models to enable rapid switching between modes when system dynamics change.
[62] was one of the first to demonstrate the advantages of the IMM approach over Input
Estimation. In that paper, it was shown that an IMM could detect a maneuver and mitigate
the resulting errors faster than the input estimation approach. The IMM also required fewer
computational resources. [63] assessed the use of an IMM to fuse observations from multiple
sensors when tracking a maneuvering target, noting that more data didn’t necessarily imply
better estimates if the filter isn’t consistent. [63] concluded that, barring additional com-
plexities and biases in the sensor network, an IMM could be used to detect inconsistencies,
such as when a maneuver occurs, and help mitigate those inconsistencies.

Since then, MMAE methods have been applied to a wide array of situations, to include orbit
estimation. [64] used scalar covariance inflation within an IMM to rapidly filter through
an unobserved maneuver. [65] integrated variable state dimension filters with the multiple-
model approach to produce a robust method of tracking a continuously thrusting spacecraft.
[47] and [66] used an IMM to detect and characterize the duration of a finite thrust. [67] used
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an IMM to rapidly determine a guided missile’s trajectory to enable avoidance maneuver
planning, and estimate the resulting miss distance. Most recently, [68] used two types of
UKFs in an IMM. The first set of UKFs varied the process noise covariance, while the second
set varied the measurement noise covariance. The result was an IMM that produced a more
accurate estimate over time than either filter could independently, once again demonstrating
the value of multiple model adaptive estimation over other approaches. [2] noted the utility
of MMAE techniques to converge on new orbit estimates after an unobserved maneuver was
detected, and recommended that the U.S. government pursue MMAE to improve SSA. As
such, this dissertation focuses on using MMAE within the decision making process to detect
and mitigate unobserved maneuvers.

2.5 Decision Processes

This section introduces the concept of a partially observed Markov decision process and
derives the two information-based metrics that are used in this dissertation.

2.5.1 Partially Observed Markov Decision Processes

The concept of a Partially Observed Markov Decision Process (POMDP) provides framework
for determining which actions should be taken for a given situation based on noisy indirect
measurements of a dynamic system. Figure 2.4 graphically lays out thePOMDP process.
A Hidden Markov Model (HMM) is a noisy stochastic system that is observed with noisy

Figure 2.4: Applied Partially Observed Markov Decision Process

measurements. In this dissertation the HMM is comprised of the underlying deterministic,
two-body and terrestrial dynamics, the boresight direction of the sensors, and the continuous-
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time process noise wn,k, discussed in Section 2.2.6. The stochastic system is a Markov Chain
because the boresight direction of each sensor is the result of a series of previous decisions,
which were themselves stochastically driven. The observations of the stochastic system
are indirect measurements because they do not specifically measure position and velocity.
Instead, observations consist of the azimuth, elevation, range, and range-rate measurements,
described in Section 2.3, with measurement noise vm,k, which further obscures the system
model.

As depicted in Figure 2.4, the HMM informs the estimation process, which is a UKF in this
dissertation. The state estimates for the targets x̂1..N,k, and the associated covariance P̂1..N,k

are together defined as the belief state. The belief state at tk propagates forward to tk+1 and
is used to determine a set of actions, uk. In this dissertation, the actions dictate where each
sensor should point on the next time step, and which target it should observe.

Optimization of the POMDP would take place over a time horizon tk → tk+τ using linear or
dynamic programming, depending on the scenario [69]. Optimization in this manner assumes
that the underlying dynamics in the HMM do not change within the time window. As noted
in Section 2.5.4, much of the previous research into POMDPs for sensor network management
has investigated various methods for optimizing actions over a time horizon. Indeed, part
of why the current sensor tasking process takes hours or days to assess anomalous activity
is because underlying decision process is an optimized POMDP over a 12-24 hour time
horizon [70, 9]. The current framework is designed for routine observations.

If the monitored target maneuvered during the time window, the system becomes a jump
Markov linear/nonlinear system and the remaining set of actions would no longer be optimal.
Instead, a suboptimal and myopic decision policy can be used that determines the optimal
set of actions for the given time step only [69]. If the presence of maneuvering, but unknown
targets over a time period is assumed, then a suboptimal POMDP process can be used to
responsively mitigate unknown jump Markov systems.

2.5.2 Fisher Information Gain

The Fisher Information Matrix represents the amount of accumulated information present in
an unbiased filter. Most importantly, the inverse of the Fisher Information Matrix is directly
related to the Cramer-Rao limit, which characterizes the lower bound of the mean-squared
error between the estimated and true states. Therefore, if the Fisher Information is high,
the variance, or uncertainty in the estimate, will be low. The Fisher Information Matrix is
defined in Equation (2.106) [44].

Fk = E
{[

∂
∂xk

loge (p (ỹk|xk))
] [

∂
∂xk

loge (p (ỹk|xk))
]T}

(2.106a)

Fk = E
{

∂2

∂xk∂x
T
k

loge (p (ỹk|xk))
}

(2.106b)
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The Cramer-Rao Lower Bound states that the estimation error covariance must be greater
than or equal to the inverse of the Fisher Information Matrix [32, 27].

P̂k ≥ F−1
k (2.107)

[71] describes a recursive method for calculating the Fisher Information Matrix for estimation
of nonlinear systems with purely additive and invertible process and measurement noise
covariances. Using this process, the Fisher Information Matrix at tk+1 can be related to the
previous value at tk, as shown in Equation (2.108).

Fk+1 = Q−1
k + HT

k+1R
−1
k+1Hk+1 −Q−1

k Fk

(
Fk + FT

kQ−1
k Fk

)−1
FT
kQ−1

k (2.108)

As discussed in Section 2.4, the substitution Fk = P̂−1
k can be made to get a recursive

information matrix form for the covariance update equation.

P̂−1
k+1 =

(
Qk + FkP̂kF

T
k

)−1

+ HT
k+1R

−1
k+1Hk+1 (2.109)

P̂−1
k+1 = P̂−1

k+1|k + HT
k+1R

−1
k+1Hk+1 (2.110)

The term HT
k+1R

−1
k+1Hk+1 represents the information gained from the observations at tk+1

and is thus referred to as the Fisher Information Gain (FIG), which will be referred to as
Ωk+1.

Ω̂k+1 = HT
k+1R

−1
k+1Hk+1 (2.111)

Equations (2.110) and (2.71) are equivalent for estimation of a linear system, but for non-
linear estimation, particularly in the UKF, an approximation of Hk must be made. The
necessary approximation can be derived using the definition of the cross covariance in Equa-
tion (2.66) or (2.92).

ηk+1 = ĈT
k+1|kP̂

−1
k+1|k ≈ Hk+1 (2.112)

The Fisher Information Gain can then be written as

Ω̂k+1 = η̂Tk+1 (Rk+1)−1 η̂k+1 (2.113)

A very useful characteristic of the FIG is that the values from multiple simultaneous obser-
vations of a specific target from independent sensors can be summed to find the total FIG
at a particular time step. Given a subset of sensors {s1 . . . sm′} ⊂ S,

{P̂n,k}−1 = {P̂n,k|k−1}−1 +
m′∑
j=1

Ω̂n,j,k (2.114)

where n is the element number in the set of target estimates and m is the element number
in the set of sensors.
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Because the FIG is a matrix, it’s necessary to find a scalar representation that can be used
as a metric. Previous studies have used the trace of the FIG matrix to accommodate linear
filters, like the Extended Kalman Filter [72]. This practice admittedly limits the metric’s
realism. Because this dissertation uses the UKF, the determinant can be used instead, as in
Equation (2.115).

φ̂(n,m),k =
∣∣∣det

(
Ω̂n,m,k

)∣∣∣ (2.115)

2.5.3 Maximal Lyapunov Exponent Approximation

A second information-based metric, referred to as the maximal Lyapunov exponent approxi-
mation (MLEA), takes inspiration from Lyapunov stability analysis to roughly approximate
the stability of a target estimate over time based on a set of stochastic data. The approxi-
mation of the maximal Lyapunov exponent was introduced as a metric for space surveillance
network management in [49]. Whereas Fisher Information Gain is an instantaneous metric,
based solely on the information available at a single time step, MLEA offers less myopic
insight into the rate at which the estimate covariance converges or diverges.

In Lyapunov stability analysis the Lyapunov Spectrum refers to a set of exponents that
characterize how a trajectory is converging or diverging in each dimension. Suppose two
data points, xi,0 and xj,0, at an initial time, t0 with an initial separation defined as

||xi,0 − xj,0||2 = δ0 � 1 (2.116)

The separation between the two points after some time δ∆t can be described as

δ∆t = ||xi,∆t − xj,∆t||2 ≈ δ0e
λi∆t (2.117)

given that δ∆t � 1, and ∆t � 1 [73]. A positive λi indicates exponential divergence and
an unstable system. When λi = 0, the system is marginally stable in that dimension. A
negative λi indicates exponential convergence in a stable system.

Stability, however, can only be conclusively determined in a deterministic system. Such
assertions are much more difficult in stochastic systems, particularly those that are observed
indirectly with noisy measurements. Lyapunov stability analysis of a time series data set,
however, can still be used to approximately characterize the stability of a system based on the
indirect observations [73]. Lyapunov exponents are invariant with respect to transformations
from state to observations and back. An “instability” in a time series of observations,
particularly over a long period of time, may indicate an instability in the observed system.

[74] was the first to use the maximal Lyapunov exponent λ1
n,k+1 to assess system stability

with a time series of measurement data, as shown in Equation (2.118).

λ1
n =

1

tf − t0

K∑
κ=0

log2

(
δn,κ+1

δn,κ

)
(2.118)
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where K is the total number of time steps in a scenario.

When t0 = 0, as is the case in this dissertation, Equation (2.118) simplifies to Equa-
tion (2.119) for a given time step to form the effective maximal Lyapunov exponent [75].

λeff
n,k+1 =

1

tk+1

log2

(
δn,k+1

δn,0

)
(2.119)

In orbit estimation the two points of interest are the estimated state and the true state. In
this case, δn,k is the RMS true error of estimate n, associated with target n, as defined in
Equation (2.36).

λeff
n,k+1 =

1

tk+1

log2

(
||εn,k+1||2
||εn,0||2

)
(2.120)

As discussed in Section 2.4.1, the distance between the estimated and the true states (i.e. the
true error) cannot be known. However, it can be approximated by the covariance estimate.
Therefore, let

||εn,k+1||2 =

√
trace

(
P̂n,k+1|k

)
(2.121)

and associate the initial distance with the prescribed initial covariance estimate,

||εn,0||2 =

√
trace

(
P̂n,0

)
(2.122)

Therefore, the maximal Lyapunov exponent approximation metric for a POMDP can be
defined as Equation (2.123), as per [44].

λeff
n,k+1 =

1

tk+1

log2

√√√√√trace
(
P̂n,k+1|k

)
trace

(
P̂n,0

) (2.123)

2.5.4 Previous Sensor Management Research

Investigations into sensor management, and the decision processes therein, cover a wide range
of areas from single system control to large scale network management. Sensor management
becomes particularly important when multiple sensors are tasked to track multiple targets.
The general concept of using information gain, derived from the estimation process, to
task sensors was first fleshed out in [76]. [77] explicitly applied the concept to a sequential
estimation problem involving a single vehicle with a diverse set of sensors and multiple targets
to track. [78] presented a decentralized sensor network management approach where sensors
decided independently if they would contribute to the overall tracking mission, based on
communications with the sensors in the immediate vicinity (i.e. one-hop communications).
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[79] used FIG to optimize how an unmanned aerial vehicle should configure its sensors to
track multiple moving targets. [80] investigated how to manage several network topologies
using latency, interference, and information gain metrics. The inclusion of a delay metric
that sought to minimize the travel time of information from the sensor to a central hub was
used in place of a more direct energy cost metric.

[81] and [82] formally defined the sensor management process as a Partially Observed Markov
Decision Process process, and introduced cost metrics that accounted for the impact on
the sensor hardware. [83] investigated the utility of Partially Observed Markov Decision
Processes for tracking a generalized non-maneuvering target with multiple sensors using
energy consumption metrics. [84] developed a POMDP approach that sought to reduce
estimation error while also limiting the sensors’ operational durations. In other words sensors
could “sleep” when it was deemed appropriate. [85] created a POMDP algorithm to manage
multiple unmanned aerial vehicles that are tasked to track multiple targets with visual
sensors. In that paper, observational data are fused at a central level to enable centralized
command and control of the sensor network.

Sensor management research for space surveillance has often attempted to address a specific
aspect of the overall SOSI network command and control problem, as described in 1.2.4.
Over a single orbital period, [86] showed how a set of four sensors (two radar, and two
eletro-optical space-based sensors) could be optimally tasked to track 26 non-maneuvering,
low earth orbit satellites. This paper also gave some consideration to sensor observability
constraints. [87] used a centralized EKF with measurement-level data fusion, and a FIG
metric to track non-maneuvering spacecraft. The sensors in [87] were ground and space-
based, but provided the same types of two-dimensional observations. [88] and [89] directly
used elements of the covariance estimate to determine multiple metrics with which to task
three ground-based sensors to track non-maneuvering, medium Earth orbit satellites. [72]
and [49], as successors to [87], introduced Shannon Information Gain and MLEA as decision
metrics for space surveillance network management. [72] and [49] used the same set of ground
and space-based sensors as [87], but tested the surveillance network against a set of 100 non-
maneuvering satellites. To help manage error, [72] and [49] implemented the UKF, instead of
the previously used EKF. [44] would later replace the UKF with an adaptive entropy-based
Gaussian-mixture information synthesis (AEGIS) filter for additional nonlinear fidelity in
the estimation process. [48] and [90] provided a similar network management algorithm
that used a UKF and Fisher Information Gain to inform the decision-making process in a
scenario much like the one used in [87]. [91, 92, 70] collectively provide a comprehensive
characterization of the many aspects related to optimal satellite range scheduling, which is
the term used to optimize sensor observations over a period of time. As with the previ-
ous research, an important assumption with optimal satellite range scheduling is that the
monitored spacecraft do not maneuver unexpectedly within the time window. [69] describes
a suboptimal POMDP approach that enables the responsiveness needed to autonomously
manage a sensor network to track maneuvering targets. [28] was one of the first attempts
to autonomously control a global sensor network to track a maneuvering satellite. In that
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paper, a heuristics-based, suboptimal tasking strategy was developed and integrated with a
simple adaptive estimation approach to track a single maneuvering spacecraft.

[87, 72, 49, 90, 48] demonstrated multi-sensor network management in a two dimensional
model. Though only two dimensions are necessary to develop tasking algorithms for space
domain awareness, the overall effectiveness of such algorithms cannot be thoroughly assessed
without a three dimensional model. [28] and this dissertation’s forerunners [29, 30, 31] used
a 3D dynamics model with spacecraft at various altitudes and inclinations. Generally, the
frequency and duration of satellites passes over a particular sensor vary greatly with orbit
inclination, which cannot be modeled in a 2D simulation environment. For example, a polar
or sun-synchronous spacecraft will have fewer and shorter passes over an equatorial, ground-
based sensor, than a satellite in a 60◦ inclination orbit. Additionally, a satellite in a 60◦

inclination orbit is viewable to more sensors in a globally distributed sensor network than
a satellite in an equatorial orbit. To facilitate the aforementioned research objectives, and
to thoroughly assess the proposed tasking strategies, this dissertation develops and imple-
ments a higher fidelity simulation environment than those used in previous space surveillance
network management investigations.

2.6 Summary

This chapter provided the foundational concepts upon which the research presented in this
dissertation is developed. An overview of dynamics and relevant coordinate frames was
provided to provide context and present the standardized notation used throughout the re-
search. Relevant concepts in estimation and decision processes were also explained. Previous
research in the areas of adaptive estimation and decision processes was described to delineate
the current breadth and limitations of SSA command and control research.



Chapter 3

Model Development

3.1 Surveillance Network

3.1.1 Sensor Modeling & Constraints

As shown in Section 2.3.1, advanced radar provide the most information per observation and
EOIR sensors provide the least. While radar provide more information than EOIR sensors, a
robust sensor network consists of both because of the unique advantages and disadvantages
associated with each. Radar, even powerful ones, often do not have the detection range of
EOIR sensors. However, EOIR sensors are often more limited by environmental constraints
like weather and solar illumination. EOIR sensors are generally more compact than radar,
which makes them more viable options for space-based platforms. The SOSI network model
used in this work is diversely populated, because many real-world global SOSI networks have
a combination of ground and space-based sensors.

Radar Modeling

The advanced radar and radar sensor types are defined by transmit power (Ptx|m), wavelength
(λm), dish diameter (dm), and an overall efficiency (κm) specification. An example target
with a known cross sectional area and range, as defined in Equation (3.1), is included to
characterize the smallest detectable target at a particular range.

o0 = {σ0, ρ0} (3.1)

From this data the minimum detectable power at the sensor can be derived, using Algo-
rithm 3.1, and then applied to any target. This method is used to facilitate the use of
available real-world radar specifications. While characteristics like dish size, wavelength,

45
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and even transmit power are often publicly available, the specifications that directly de-
scribe the radar’s capabilities, such as minimum detectable power at the sensor, are often
proprietary or classified. In place of these technical specifications, many organizations will
advertise, “Radar A can track a basketball at 5,000 nautical miles” [93, 94, 95, 96].

Algorithm 3.1 Calculating Radar Power Received

1: Calculate the transmitted power for the given sensor sm directed towards the example
target on

Pout|m =
π2Ptx|md

2
mκm

λ2
m

(3.2)

2: Determine the power flux density at the target

Fm|ρn,tx =
Pout|m
4πρ2

n

(3.3)

3: Calculate the power reflected from the target back to the radar

Pback = Fm|ρn,txσRF|(n,m) (3.4)

σRF|(n,m) =
4πσ2

n

λ2
m

(3.5)

4: Calculate the power flux density at the radar aperture

Fm|ρn,rx =
Pback
4πρ2

n

(3.6)

5: Determine the received power at the sensor

Prx =
πPtx|md

4
mκ

2
mσRF|(n,m)

64λ2
mρ

4
n

(3.7)

Equation (3.5) is used to determine the radar cross section of the target with σn representing
the physical cross section. Equation (3.4) assumes the target is a perfectly conductive flat
plate and surface normal to the observation state vector. Equation (3.7) is a variation of the
widely documented standard Radar Equation [97, 98]. If the example target in Equation (3.1)
is substituted into Algorithm 3.1, Equation (3.7) yields the minimum detectable power at
the sensor for the given radar, Prx,min|(m,n).

With the minimum detectable power determined, the maximum detectable range for any
target satellite can be calculated, as shown in Equation 3.8.

ρmax|(n,m) = 4

√
πPtx|md4

mκ
2
mσRF|(n,m)

64λ2
mPrx,min|(m,n)

(3.8)
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Electro-Optical/Infrared Modeling

Electro-optical/infrared (EOIR) sensors are modeled based on their aperture diameter and
an overall efficiency specification. Because the EOIR sensors used here are strictly passive,
the target satellite must be illuminated by the Sun. The reflected solar power off a satellite
is defined in Equation (3.9).

P�|(n,k) = F�σn (3.9)

where F� = 1440 W/m2 if the object is illuminated, and F� = 0 W/m2 if the object is in
eclipse. The Earth’s umbra is modeled as a cylinder with no penumbra. Thus, the spacecraft
is illuminated if it does not fall within the umbra, per Equation (3.10). Additionally, because
the scenarios run in this dissertation are relatively short, the Sun’s position remains fixed in
the x̂

(ECI)
1 direction.

Θ = arccos
x̂

(ECI)
1 · rk
rk

≤ π

2
or rk cos (Θ− π

2
) > r⊕ (3.10)

This eclipse condition is depicted in Figure 3.1.1.

Figure 3.1: Earth’s Eclipse Model

Like with radar, an exemplar, defined by a range and cross section from Equation (3.1),
is used to characterize the smallest detectable target at a particular range. A minimum
detectable power at the detector is then derived in Equation (3.11). Exemplars, from which
the sensor’s minimum detectable power is calculated, are based in part on [6, 7, 99, 100, 101,
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102].

Prx,min|m =
P�|(0,0)d

2
mκm

16ρ2
0

(3.11)

The maximum range for a particular target is the calculated using Equation (3.12).

ρmax|(n,m) =

√
P�|(n,k)d2

mκm
16Prx,min|m

(3.12)

This formulation assumes the visible portion of the target has a flat, perfectly reflective cross
sectional area. In this dissertation, the visible cross sectional area is equal to the physical
cross section.

Observation Constraints

Each sensor’s ability to observe the target constellation is constrained to increase the model’s
fidelity. The angular field of regard for a sensor can be limited to emulate rigidly pointed
sensors, like LPARs, or terrain obstructions. The fields of view for sensors hosted on space-
craft are limited by the Earth’s limb, which is defined as a disk of radius r⊕+100km from the
center of the Earth. Expressed another way, a space-based sensor cannot observe a target if
the Earth or the atmosphere are in the background.

A specific sensor’s ability to observe a particular target is further constrained by the max-
imum detectable range, as calculated in Equation (3.8) and Equation (3.12) for radar and
EOIR sensors, respectively. The range to the target must be less than or equal to the sensor’s
maximum detectable range for the target to be observable.

ρ
(SEZ)
k ≤ ρmax|(n,m) (3.13)

EOIR sensors have visibility constraints that depend on whether they are hosted on a facility
or a spacecraft. Ground-based EOIR sensors must be in darkness, as determined using
Equation (3.14), with the target still illuminated for an observation to be possible [33].

x̂
(ECI)
1 · rk > 0 (3.14)

In addition to the other relevant constraints described in this section, a space-based telescope
can observe a target as long as the targeted spacecraft is illuminated.

A sensor’s slew rate is also taken into consideration when determining whether a target
is in-view. A sensor is not in view of a particular target if it cannot slew to the target’s
predicted position in the time allotted. The sensor’s current boresight vector is based on
the observation state vector associated with the last observation. k′ refers to the time step
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associated with the last observation, tk′ .

%m,k =
ρ

(SEZ)
k′

||ρ(SEZ)
k′ ||2

(3.15)

A target is in-view at tk+1 if

cos−1

(
%m,k · ρ

(SEZ)
k+1

||ρ(SEZ)
k+1 ||2

)
≤ ωm (tk+1 − tk′) (3.16)

where ωm is the sensor’s angular slew rate. In this study, the azimuthal and elevation slew
rates are equal, though this is not necessarily true in reality.

The locations, types, capabilities, and constraints for each sensor in the SOSI Network
developed for this study are provided in the following sections.

The Test SOSI Network

The SOSI network model is intended to emulate modern globally distributed networks, like
the U.S. Space Surveillance Networks, but the code can accommodate any network design.
Global SOSI networks tend to reside in a single hemisphere, based on [4]. Spacecraft are
added to emulate developing trends in SSA [103, 104]. The space-based EOIR sensors are
described in Table 3.1. The σ values provided in the tables in this section refer to the sensor’s
measurement noise characteristics. As mentioned in Section 2.3.1, a space-based sensor’s
observable azimuth and elevation are limited only by the Earth’s limb. Azimuth and elevation
angles are calculated for space-based sensors, instead of right ascension and declination, by
determining the satellite’s local “horizon” at the given time step using the equations outlined
in Section 2.3.1. For this dissertation, space-based sensors in Highly Elliptical Orbit (HEO)
replaced traditionally LEO spacecraft. The intent was to introduce additional differences in
the geometry between space-based sensors and targets, in an effort to increase information
gain. The so-called HEOSats have a perigee in LEO and an apogee that extends above GEO.
The HEOSats can detect a small vehicle with σvis = π m2 at ρ0 = 36000 km. The GEOSats
can detect a basketball with σvis = 0.0491 m2 at ρ0 = 10000 km. All space-based sensors have
a 4π steradian field of regard, with dm = 0.5 m, κm = 0.99, and ωm = 2 ◦/s. These values are
based on a generalization of publicly available space-based telescope information [6, 7, 10].

Ground-based sensors in the Test SOSI Network are located in the Northern Hemisphere, and
there are an equal number of advanced radar, radar, and electro-optical sensors. Advanced
radar are assumed to be Large Phased Array Radar (LPAR) with fixed azimuthal fields
of regard. The LPAR site and sensor specifications are detailed in Tables 3.2 and 3.3,
respectively. All LPAR can detect a baseball with σvis = 0.004371 m2 at ρ0 = 5500 km.
LPAR use electronically steered beams so it is assumed that they can observe any visible
target within their fields of regard at every time step.
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Table 3.1: SOSI Network: Space Electro-Optical Sensors
Spacecraft Altitude (km) e i (◦) Ω (◦) ω (◦) ν (◦) σϑ (◦) σϕ (◦)
HEOSat - 1 20183.627 0.675 153.4 45 0 0 0.00055556 0.00055556
HEOSat - 2 20183.627 0.675 153.4 45 0 180 0.00055556 0.00055556
HEOSat - 3 20183.627 0.675 153.4 225 0 0 0.00055556 0.00055556
HEOSat - 4 20183.627 0.675 153.4 225 0 180 0.00055556 0.00055556
HEOSat - 5 20183.627 0.675 153.4 135 0 90 0.00055556 0.00055556
HEOSat - 6 20183.627 0.675 153.4 135 0 270 0.00055556 0.00055556
HEOSat - 7 20183.627 0.675 153.4 315 0 90 0.00055556 0.00055556
HEOSat - 8 20183.627 0.675 153.4 315 0 270 0.00055556 0.00055556
GEOSat - 1 36121.863 0.0117647 1.5 0 0 0 0.00027778 0.00027778
GEOSat - 2 36121.863 0.0117647 1.5 0 0 180 0.00027778 0.00027778
GEOSat - 3 36121.863 0.0117647 1.5 135 90 0 0.00027778 0.00027778
GEOSat - 4 36121.863 0.0117647 1.5 135 90 180 0.00027778 0.00027778

Table 3.2: SOSI Network: Ground LPAR Sensors
Site φgd (◦N) λ (◦E) Altitude (km) σϑ (◦) σϕ (◦) σρ (km) σρ̇ (km/s)
LPAR - East 28.458 -80.535 0.005 0.015 0.015 0.001 0.00001
LPAR - West 33.754 90 0.250 0.015 0.015 0.001 0.00001
LPAR - Midway West 28.21 180 0.250 0.015 0.015 0.001 0.00001
LPAR - Midway East 28.21 270 0.250 0.015 0.015 0.001 0.00001

Table 3.3: SOSI Network: Ground LPAR Specifications
Site Az Mask (◦) El Mask (◦) dm (m) κm Ptx (MW) ftx (MHz) ωm (◦/s)
LPAR - East [80, 200] [1, 89.99999] 50 0.95 35 650 180
LPAR - West [170, 290] [1, 89.99999] 50 0.95 35 650 180
LPAR - Midway West [160, 280] [1, 89.99999] 50 0.95 35 650 180
LPAR - Midway East [80, 200] [1, 89.99999] 50 0.95 35 650 180
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Similarly, the ground-based radar sites and sensor specifications are described in Tables 3.4
and 3.5, respectively. For minimum detectable power calculations the radar, in the order they
appear in the tables, can detect a target with σvis = 1 m2 at ρ0 = 3000 km, ρ0 = 4000 km,
ρ0 = 3500 km, and ρ0 = 5000 km. Slew rates were adjusted based on the aperture diameter
to reflect the impact of greater inertia. The sensor capabilities also increase with aperture
diameter to reflect a general improvement in resolution.

Table 3.4: SOSI Network: Ground Radar Sensors
Site φgd (◦N) λ (◦E) Altitude (km) σϑ (◦) σϕ (◦) σρ (km)
Radar-VT 37.205 -80.417 0.1 0.03 0.03 0.0005
Radar-Maui 20.708 -156.257 1.8 0.028 0.0275 0.0005
Radar-Paris 48.845 2.302 0.025 0.029 0.028 0.0005
Radar-Denver 39.7486 -105.0075 0.025 0.025 0.025 0.0005

Table 3.5: SOSI Network: Ground Radar Specifications
Site Az Mask (◦) El Mask (◦) dm (m) κm Ptx (kW) ftx (GHz) ωm (◦/s)
Radar-VT [0, 359.99999] [1, 89.99999] 10 0.95 150 1.5 10
Radar-Maui [0, 359.99999] [1, 89.99999] 20 0.95 150 1.5 5
Radar-Paris [0, 359.99999] [1, 89.99999] 15 0.95 150 1.5 7.5
Radar-Denver [0, 359.99999] [1, 89.99999] 30 0.95 150 1.5 2.5

The ground-based EOIR sensor sites are described in Table 3.6. All four EOIR ground
sensors have a full azimuthal and elevation fields of regard, like the mechanical radar sites.
Additionally, dm = 1 m, κm = 0.95, and ωm = 15 ◦/s for all four sensors. Because ground-
based telescopes tend to be small compared to mechanically steered radar, their slew rates
are significantly faster than those specified for the radar. All four EOIR sensors can detect
a basketball with σvis = 0.0491 m2 at ρ0 = 32500 km.

Table 3.6: SOSI Network: Ground EOIR Sensors
Site φgd (◦N) λ (◦E) Altitude (km) σϑ (◦) σϕ (◦)
EOIR-ABQ 35.106 -106.629 0.015 0.00013889 0.00013889
EOIR-Oahu 21.568 -158.249 0.015 0.00013889 0.00013889
EOIR-USAFA 39.007 -104.882 0.015 0.00013889 0.00013889
EOIR-Etna 37.752 14.995 1.25 0.00013889 0.00013889

The full Test SOSI Network layout is presented in Figure 3.2.
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Figure 3.2: Test SOSI Network Map

3.2 Resident Space Objects

3.2.1 Preliminary Test Constellation

For the preliminary test constellation, the target satellites are modeled as a collection of
Walker constellations [105], which efficiently distribute satellites to optimize ground coverage.
Many large networks of satellites, like Iridium and GPS, are Walker constellations. Table 3.7
describes each constellation. “Phasing” refers to the relative phase angle between spacecraft
in neighboring planes. If f is the relative phasing given in Table 3.7, then the change
in true anomaly from one satellite to the next spacecraft in the adjacent plane is ∆ν =
360◦ f

N
. N in this case is the number of satellites within the particular Walker constellation.

Figure 3.3 depicts the preliminary test constellation with non-maneuvering target satellite
orbits denoted in gray. The spacecraft in the SOSI Network are denoted in blue. The
initial true anomaly for the first spacecraft in each constellation is randomly chosen to
ensure the collective test constellation is well distributed. In many coding languages the
random number generator can be seeded to create a repeatable random sequence. Thus, the
test constellation’s overall distribution can be repeated from one simulation to another by
seeding the random number generator.

Table 3.7: Preliminary Constellation Topology
Constellation Altitude (km) i (◦) # of Satellites # of Planes Phasing Cross Section (m2)
LEO 1 500 63.4 20 5 1 6
LEO 2 1000 98.1 20 5 1 9
LEO 3 1500 40 20 5 1 8
MEO 20200 55 20 5 1 12
GEO 35786 1.5 20 5 1 14
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Figure 3.3: Preliminary Test Constellation Map
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The preliminary test constellation only consists of non-maneuvering spacecraft. The purpose
of this constellation is to provide a means of thoroughly testing decision processes without
using adaptive estimation. The preliminary constellation is used to help determine the ap-
propriate weights in the objective functions associated with each decision process. Once the
weights are assessed the preliminary constellation is used to verify decision process function-
ality before the more representative testing is conducted with the full test constellation.

3.2.2 Full Test Constellation

The full test constellation is modeled as a collection of Walker constellations [105], like
in [29, 30, 31], but in greater quantity. Table 3.8 describes each constellation. A description
of how a Walker constellation is distributed can be found in Section 3.2.1.

Table 3.8: Full Constellation Topology
Constellation Altitude (km) i (◦) # of Satellites # of Planes Phasing Cross Section (m2)
LEO 1 400 63.4 44 11 1 6
LEO 2 500 98.1 30 15 1 9
LEO 3 750 30 24 8 1 4
LEO 4 1000 40 18 6 1 8
LEO 5 1500 60 12 6 1 10
MEO 20200 55 30 10 1 12
GEO 1 35786 3 12 6 1 14
GEO 2 35786 0.5 30 10 1 18

The LEO Walker constellations are placed at a variety of inclinations and constitute approx-
imately 64% of the entire satellite population used in the model. The MEO constellation
models a set of spacecraft at GPS altitude and inclination. The GEO constellations consists
of spacecraft in roughly geostationary orbits.

The satellites in Table 3.8 are non-maneuvering satellites and represent the set of satellites
the tracking algorithm must continue to monitor while also tracking maneuvering targets.
Seven maneuverable satellites are added to the constellation and distributed across each
orbital regime. Each satellite performs an impulsive tangential burn at a different time in
the scenario. Table 3.9 provides the relevant information for these targets. Figure 3.4 shows
the full test constellation with non-maneuvering satellites denoted in gray and maneuvering
spacecraft in red. The SOSI Network spacecraft are presented in blue.

Unlike in [29, 30, 31], the thrust magnitudes of the maneuvering spacecraft vary to assess
how well the integrated command and control strategy detects, characterizes, and tracks
through each maneuver in each orbital regime.
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Table 3.9: Maneuvering Target Topology
Constellation Altitude (km) e i (◦) Ω (◦) ω (◦) ν (◦) t∆V (hr) ∆V (m/s) Cross Section (m2)
LEOMnvr-1 500 0.00002 63.4 45 0 15 6.75 10 6
LEOMnvr-2 1000 0.00002 98.1 45 0 15 16.5 15 6
LEOMnvr-3 1500 0.00002 40 45 0 15 12.5 2.5 6
MEOMnvr-1 20200 0.00002 55 45 0 15 9 12.5 6
MEOMnvr-2 20200 0.00002 55 225 0 15 14.25 5 6
GEOMnvr-1 35786 0.00002 1.5 45 0 0 8.5 15 6
GEOMnvr-2 35786 0.00002 1.5 225 0 0 11.75 5 6

Figure 3.4: Full Test Constellation Map



Kevin M. Nastasi Chapter 3. Model Development 56

3.3 Initialization

All scenarios are initialized with the time and physical properties provided in Table 3.10.
The process noise covariance used to propagate the true state of the constellation spacecraft

Table 3.10: Temporal & Physical Properties
Property Value

t0 0 s
tf 86400 s
∆t 60 s
ω⊕ 7.29212 · 10−5 rad/s
r⊕ 6378.137 km
e⊕ 0.081819221456
µ⊕ 398600.5 km3/ s2

is the same as that used in the estimation process. The nominal process noise covariance is
given in Equation (3.17).

Q =

[
0 0

0 (4.125 · 10−7)
2
I

]
δ(t− τ) (3.17)

where 0 and I are 3× 3 matrices. The non-zero elements of Q have units of km2/s4. These
values are based roughly on [44] with some modification after some preliminary trials.

Each UKF within the tasking algorithm is given an initial state x̂0, based on an initial
covariance P̂0 and the associated target satellite’s initial state.

P̂0 = 0.00025

[
||r0||2I 0

0 ||v0||2I

]
x̂0 = x0 + w , w ∼ N (0, P̂0)

where 0 and I are 3× 3 matrices.

The time interval ti in the MMAE algorithms in Chapter 4 is 120 seconds.

3.4 Summary

In this chapter the model used to test the adaptive estimation and decision processes was
presented. Radar and EOIR sensors are defined by sensor characteristics and target spec-
ifications to create realistic and unique detection and tracking thresholds for each system.
The globally distributed SOSI network and target constellations used to test the developed
tasking strategies were also defined in this chapter.



Chapter 4

Adaptive Estimation Development

4.1 Introduction

In this chapter several adaptive estimation techniques are developed. These algorithms range
in complexity from a covariance inflation process to static and dynamic Multiple Model
Adaptive Estimation (MMAE). The covariance inflation process is presented as a baseline
approach for mitigating the risk of divergence after an unknown maneuver. The MMAE
methods developed for this dissertation seek to characterize the unknown maneuver while
also mitigating the divergence risk. How efficiently each of these processes inflates the overall
covariance estimate directly impacts how sensors are tasked. A delicate balance must be
maintained. Overinflating the covariance may force an unnecessarily large number of sensors
to observe a single target at a given time step, to the detriment of other target estimates.
The sudden influx of observational data, however, could result in a rapid reconvergence on a
viable state estimate. The adaptive estimation techniques developed in this dissertation all
seek to manipulate the covariance estimate in markedly different ways to efficiently mitigate
unknown maneuvers.

4.2 Discrete Process Noise Covariance

Before discussing the adaptive estimation methods developed for this dissertation its im-
portant to first describe how the discrete process noise covariance is determined in the
continuous-time, discrete observation UKF. As discussed in Section 2.2.6, the continuous-
time process noise w(t) introduces additive accelerative disturbances. It is assumed that
accelerative disturbances are constant over the discrete time interval, such that

w(t) ≡ w k (4.1)

57
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Because observations are only possible at discrete step intervals, defined in Section 2.2.2, its
necessary to formulate a value for Qk that appropriately incorporates the accrued process
noise into the predicted covariance estimate.

To calculate the discrete process noise covariance this dissertation implements a multidimen-
sional piecewise constant white noise acceleration model, as described in [32]. In the UKF,
w(t) is assumed to be constant over the interval ∆t = tk+1 − tk. Thus, the discrete position
noise and the discrete velocity noise are calculated using Equation (4.2) based the definition
of the continuous-time process noise in Equation (2.23).

w r,k+1 =
1

2
∆t2σTw ,k (4.2a)

wv,k+1 = ∆tσTw ,k (4.2b)

The resulting discrete process noise covariance Qk used in the UKF is defined in Equa-
tion (4.3).

Qk =

[
1
4
∆t4DIAG

(
σ2

w ,k

)
1
2
∆t3DIAG

(
σ2

w ,k

)
1
2
∆t3DIAG

(
σ2

w ,k

)
∆t2DIAG

(
σ2

w ,k

) ] (4.3)

The units of σw,k in this discrete process noise covariance model are km/s2.

In the MMAE methods developed in this dissertation, the thrust uj (tmvr,j) is added to the
covariance estimate as additional noise covariance. It is not incorporated into the two-body
dynamics. When a thrust occurs within a time step the UKF prediction phase, in Algo-
rithm 2.3, must be parsed into subintervals. This piecewise process is depicted in Figure 4.2

Figure 4.1: Parsed Time Step with Thrust

First, if tk 6= ttmvr,j
, then the predicted estimate up to the maneuver time {x̂j,tmvr,j|k, P̂j,tmvr,j|k}
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must be calculated using Algorithm 2.3. The predicted estimated over the thrust duration
{x̂j,tmvr,j+1|tmvr,j

, P̂j,tmvr,j+1|tmvr,j
} is then calculated. The predicted covariance equation in Al-

gorithm 2.3, Line 6 is modified to incorporate only the thrust, as shown in Equation (4.4).

P̂j,tmvr,j+1|tmvr,j
=
[
∆X̂

]
WP

[
∆X̂

]T
+ Qu (4.4)

Qu is calculated using Equation (4.3), with the thrust uj (tmvr,j) replacing the variance σ2
w ,k,

and ∆t = 1. Once the estimate prediction has incorporated the thrust effects, the remainder
of nominal time step proceeds as usual to find the predicted estimate at the end of the time
step.

{x̂j,k+1|k, P̂j,k+1|k} ← {x̂j,k+1|tmvr,j+1, P̂j,k+1|tmvr,j+1} (4.5)

4.3 Baseline Covariance Inflation Process

Figure 4.2: Covariance Inflation Process

The baseline Covariance Inflation Filter (CIF) developed in this dissertation uses the ma-
neuver detection metric described in Chapter 2, Section 2.4.5 to scale the process noise
covariance in the nominal UKF. If the maneuver detection threshold is surpassed at time
tk+1, then the covariance inflation process is initiated. The nominal filter returns to the pre-
vious observation at time t′k and the continuous-time process noise covariance is multiplied
by a scalar factor. The state and covariance estimates are propagated to tk+1 and updated
with the original observation. This process is repeated until the maneuver detection thresh-
old is no longer breached, indicating that the covariance at tk+1 is large enough to include
the target’s newly observed trajectory. This process is shown graphically in Figure 4.2.

The scalar factor by which the continuous-time process noise covariance is multiplied is
determined via the bisection or binary search method. The Intermediate Value Theorem,
upon which the binary search method is founded, states that for a given continuous function
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f(·) defined over an interval [a, b] there exists an input p where f(p) = 0, given that f(a)
and f(b) have opposite signs.

Algorithm 4.1 Binary Search Function

1: function f(p)
Require: x̂n,k′ , P̂n,k′ , tk′

2: Reinitialize nominal filter with x̂n,k′ and P̂n,k′ at tk′
3: Scale nominal filter’s process noise covariance: Q(t) = pQ(t)
4: Predict state, x̂n,k+1|k, and covariance, P̂n,k+1|k using Algorithm 2.3

5: Update state, x̂n,k+1, and covariance, P̂n,k+1 using Algorithm 2.4 and Algorithm 2.5
6: Calculate output of binary search function

f(p) = Ψm,k+1 − ψ(n,m),k+1 (4.6)

To minimize the degree of covariance inflation, the proposed method uses the difference
between the maneuver detection metric and threshold as the needed continuous function.
By the fact that the maneuver detection threshold was surpassed, it is known that the current
maneuver detection metric is greater than the threshold.

ψ(n,m),k+1 > Ψm,k+1

Therefore, f(a) is negative, and f(b) must be positive. To find f(p) one must re-estimate
the target state and covariance at tk+1 from the previously updated state and covariance
estimate at tk′ , using Algorithm 4.1. By multiplying the nominal process noise covariance
by a positive scalar factor, the covariance estimate remains positive definite.

The overall covariance inflation filter is presented in Algorithm 4.2.

The covariance inflation approach developed in this dissertation offers a robust and respon-
sive means of tracking through an unknown maneuver. While the CIF attempts to minimize
the amount of additional noise needed to appropriately inflate the covariance estimate, us-
ing a scalar multiplier means that the process noise is increased in every dimension equally.
Inflation in some dimensions may not be necessary to maintain convergence, and only adds
error that must be mitigated by future observations. The MMAE approaches in subsequent
sections offer several means of tailoring the added process noise to suit the problem. Nonethe-
less, covariance inflation methods in general are computationally cost-efficient, making them
a widely implemented adaptive estimation technique.

4.4 General Multiple Model Adaptive Estimation

The three MMAE methods developed in this dissertation all build from the same multiple-
model framework. Therefore its valuable to describe the mechanics of this framework before
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Algorithm 4.2 Covariance Inflation Filter

1: procedure Prediction Phase(x̂n,k, P̂n,k, tk, tk+1)
2: Use nominal filter prediction phase (Algorithm 2.3)

3: procedure Forecast Phase(X̂ n,i,k+1|k, P̂n,k+1|k, tk+1)
4: Use nominal filter forecast phase (Algorithm 2.4)

5: procedure Update Phase(x̂n,k+1|k, ỹ(n,m),k+1, ŷ(n,m),k+1|k)
6: Use nominal filter update phase (Algorithm 2.5)
7: if ψ(n,m),k+1 > Ψm,k+1 then
8: Initialize Binary Search Method: a = 1 and b = 1000
9: Store lower bound: L = f(a)
10: Check that upper bound is positive: f(b) ≥ 0
11: while f(b) < 0 do
12: b = b+ 10

13: while b−a
2
≥ 1e−6 do

14: Calculate intermediate point: p = a+ b−a
2

15: if f(p) = 0 then
16: Output p and end algorithm
17: else if L · f(p) > 0 then Set lower limit and bound: a = p & L = f(p)
18: elseSet upper interval limt: b = p

19: Reset nominal Q(t) for future time steps
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discussing the three developed methods. The multiple-model approach enables the estima-
tion of an unknown parameter, such as an unknown maneuver, by instantiating and filtering
over a set of dynamics models where the unknown parameter is varied. For clarity this dis-
sertation defines a model as an independent sequential estimator (the UKF) and a unique
dynamical system that are together used to propagate the model’s state estimate and co-
variance. The term “mode” refers to the unique dynamical system in each model.

For example, a satellite conducts an unknown maneuver of an unknown thrust and direction.
A MMAE approach happens to be running during the maneuver with bank of models. Each
mode in the multiple-model estimator includes a maneuver with unique characteristics as
part of its two-body equations of motion. All models continue to run as new observations are
collected. Modal probabilities are calculated based on the observations, and used to update
a set of modal weights. The modes that most accurately emulate the actual dynamics will
have the highest probabilities. The estimates from all models are combined using the modal
weights to determine the overall state and covariance estimates. A key assumption is that the
actual dynamics are captured within the range of modes, even if no mode exactly matches
the actual dynamics. This constraint is a critical characteristic of MMAE, because the filter
will fail if the actual dynamics fall outside the range of what can be accounted for in the set
of models [106].

Traditionally, MMAE methods are initiated at the beginning of a scenario, and continue until
the conclusion. For situations like space surveillance, however, in which a large number of
spacecraft must be simultaneously tracked, using a MMAE approach for every target becomes
computationally infeasible and unnecessary. This dissertation uses a selective approach that
initiates an MMAE method when a maneuver is detected and continues until prescribed
convergence criteria have been satisfied.

4.4.1 Multiple Model Adaptive Estimation Initialization

When a maneuver is detected at tk+1 in the nominal filter, using the maneuver metric and
threshold equations outlined in Section 2.4.5, a multiple-model framework is initialized at
the last observation time tk′ , or an otherwise specified time. The number of models N
is dependent on the MMAE method used. Each model j includes an impulsive maneuver
defined by a time and acceleration, uj (tmvr,j). The maneuver time and acceleration are
determined by the specific MMAE method. For all developed approaches the time interval
between models is constant, ∆tint = 120s.

Each model N uses a UKF that is initialized as shown in Equation (4.7).

N =


{

x̂j,k′ , P̂j,k′

}
if j = 1{

x̂j,k′ , P̂j,k′ , uj (tmvr,j)
}

if j > 1
for j = [1,N] (4.7)
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The initial modal weights are calculated using Equation (4.8).

wk′ =
1

N
1(N×1) (4.8)

4.4.2 Multiple Model Adaptive Estimation Execution

All N models are propagated in time in parallel. In the static multiple model approach
the estimates and modal weights from each model never mix. Once initialized, the static
multiple model executes Algorithm 4.3 to propagate and update the state and covariance
estimates until a convergence metric is reached. The convergence metrics are discussed in
each unique MMAE method.

4.5 Intermittent Shotgun Static Multiple Model Pro-

cess

Figure 4.3: Shotgun Static Multiple Model

The first MMAE process developed for this dissertation is the simplest of the proposed
methods. Termed the “Shotgun” Static Multiple Model method, this process creates a subset
of models at each interval time step ∆tint, as depicted in Figure 4.5. Each model within
a subset incorporates either a positive or negative tangential thrust of varying magnitude.
Originally, these thrusts were directly incorporated into the state estimate, but later revisions
to the overall SMM process incorporated the thrust into the process noise covariance. By
adding the thrust to Qk, issues can arise because the thrust signs are dropped resulting in
duplicate models at each time step. While this induces unnecessary error, the impact on the
algorithms ability to sufficiently converge on a viable orbit estimate were negligible.
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Algorithm 4.3 Static Multiple Model Filter

1: procedure Prediction Phase
2: for j = 1→ N do
3: Use nominal filter prediction phase (Algorithm 2.3) for Model j

4: procedure Forecast Phase
5: for j = 1→ N do
6: Use nominal filter forecast phase (Algorithm 2.4) for Model j

7: procedure Update Phase
8: for j = 1→ N do
9: Use nominal filter update phase (Algorithm 2.5) for Model j
10: Calculate modal probability, p(ỹj,k+1|x̂j,k+1|k), for Model j

p(ỹj,k+1|x̂j,k+1|k) =
1√

det
(

2πŜj,k+1|k

)exp{−1

2
ε̃T(j,m),k+1

(
Ŝj,k+1|k

)−1

ε̃(j,m),k+1} (4.9)

11: Calculate the modal weight for wj,k+1, for Model j

wj,k+1 = wj,k p(ỹj,k+1|x̂j,k+1|k) (4.10)

12: Normalize the modal weights

wk+1 =
wk+1∑N
j=1 wj,k+1

(4.11)

13: Compile the overall state estimate

x̂n,k+1 = X̂N ,k+1wk+1 (4.12)

where, X̂N ,k+1 is a 6×N horizontally concatenated array of the updated state estimates
from each model

14: Compile the overall covariance estimate

P̂n,k+1 =
N∑
j=1

wj,k+1

[
(x̂j,k+1 − x̂n,k+1) (x̂j,k+1 − x̂n,k+1)T + P̂j,k+1

]
(4.13)

15: Compile the maneuver detection metric

ψ(n,m),k+1 = ψ(N ,m),k+1wk+1 (4.14)

where, ψ(N ,m),k+1 is a 1×N array of maneuver detection metrics from all the models.
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When a maneuver is detected, the Shotgun SMM goes back to the third to last observation
at tk3 and instantiates a number of models over the duration of time from tk3 to tk+1. The
number of models is defined by the interval time and the number of desired models at each
interval step. In this case the number of models per interval step is six. The total number
of models is calculated using Equation (4.15).

N = 6dtk+1 − tk3
∆tint

e+ 1 (4.15)

The maneuver time tmvr,j is defined in Equation (4.16).

tmvr,j = tk3 + b j− 2

6
ctint for j = [2,N] (4.16)

The impulsive thrust acceleration uj (tmvr,j) for each model is defined in Equation (4.19).
The variables s, a, and b are auxiliary variables used in the following sequence of equations.

s =

{
a if a 6= 0

6 if a = 0
where j− 1 ≡ a mod 6 for j = [2,N]

(4.17)

uj (tmvr,j) =

{
0.005(b + 1) if s ≤ 3

−0.005(b + 1) if s > 3
where j− 1 ≡ b mod 3 for j = [2,N]

(4.18)

u
(NTW)
j (tmvr,j) =

[
0 uj (tmvr,j) 0

]
(4.19)

Thus at each maneuver time tmvr six impulsive thrust modes are created in which uj (tmvr,j)
is either ±5m/s2, ±10m/s2, or ±15m/s2. Instantiating a set of models at each maneuver
time improves the Shotgun SMM’s robustness by increasing the range of possible modes
from which the unknown maneuver can be estimated. It’s important to note that the thrust
calculated in the Shotgun SMM is in the NTW frame and must be mapped to the ECI frame
when incorporated into predicted covariance estimate. Additionally, the first model, j = 1,
is uses a non-maneuvering mode to accommodate false maneuver detection.

Once initialized the Shotgun SMM follows the standard SMM process in Algorithm 4.3.
After processing an observation, models are removed from the SMM if their modal weights
fall below a threshold, per Algorithm 4.4. In this dissertation the pruning threshold is set
as ωprune = 1e−20. Setting the pruning threshold sufficiently low ensures that only the most
implausible models are removed. Before the selected POMDP can task sensors for the next
time step, the Shotgun SMM must process the existing observation up to the current time
step.

After an observation update, the Shotgun SMM may be terminated and the nominal filter
reinitialized if one of two convergence criteria are met. Obviously the SMM has converged
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Algorithm 4.4 Multiple Model Pruning Process

for j = 1→ N do
if wj,k+1 ≤ ωprune then, remove model j and N = N− 1

Renormalize modal weights with Equation (4.11)

to the most appropriate model if there is one model remaining after an estimate update.
Secondly, the SMM has converged if the sum of the maneuver detection metrics over the last
three observed time steps, including the current observation step, is less than the threshold
over the same interval.

Convergence Criteria =

{
N = 1∑k+1

j=k2 ψj ≤ Ψk2→k+1

(4.20)

An important limitation of the proposed Shotgun SMM is that it only models tangential
maneuvers and does not consider out of plane maneuvers, such as inclination changes. This
limitation is not without a purpose. First, creating multiple thrust modes in all three princi-
pal directions would potentially create an enormous number of models over a long duration
observation gap. The computational load in such a situation would be impractical. Second,
impulsive tangential burns are far more efficient than out-of-plane impulsive maneuvers [107].
All other things being equal, significant plane changes are executed by the launch vehicle’s
primary or secondary stage. Once in the desired orbital plane, satellites will raise or lower
their orbital altitude using tangential thrust to meet mission needs. Lastly, in the absence
of orbital perturbations, only tangential maneuvers will create secular drift in a satellite’s
kinematic state. Estimation errors due to this drift would be exacerbated by long obser-
vation gaps when the satellite can drift far from the filter’s state estimate. Purely radial
and cross-track impulsive maneuvers result in periodic drift where the spacecraft’s states
oscillates about the position it would have had without a maneuver. The spacecraft has no
secular drift, because the orbit’s specific energy does not change. Nonetheless, the tangential
maneuver limitation is one that can be overcome with a more sophisticated means of thrust
modeling, which is the purpose of the following MMAE methods.

4.6 Intermittent, Lambert Targeting Static Multiple

Model Process

The next MMAE method, called the “Lambert SMM”, uses the same intermittent pruning
SMM described in 4.5, but seeks to improve how maneuvers are modeled. Instead of manually
selected thrust vectors, the Lambert Targeting SMM uses the Universal Variables Method for
solving the Lambert Problem to determine the appropriate thrust magnitude and direction
at a selected maneuver time. With this approach far fewer than the Shotgun SMM models
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are required; almost a factor of six reduction, in fact. The number of models needed in the
Lambert SMM are defined in Equation (4.21).

N = dtk − tk
3

∆tint

e+ 1 (4.21)

Like in the Shotgun SMM, the first mode in the Lambert SMM is a stationary one, where
the modeled spacecraft does not maneuver.

Similarly, the maneuver time tmvr,j is modified from the Shotgun SMM, as shown in Equa-
tion (4.22). Once again, when a maneuver is detected the Lambert SMM returns to the
third to last observation step at tk3 and instantiates a set of models over the time inter-
val [tk3 , tk+1]. Preliminary testing showed that going back three observations was sufficient
within the developed simulation environment to ensure the maneuver was included in the
MMAE time duration.

tmvr,j = tk3 + bj− 2c∆tint for j = [2,N] (4.22)

Using the state estimate history, the Lambert SMM determines the state estimate at tmvr,j

prior to the proposed maneuver x̂−j,tmvr,j
. If the filter’s state history does not include a state

estimate at tmvr,j, due to the discrete observation nature of the estimation process, the appro-
priate state estimate is predicted from the closest preceding time step. Thus, two position
vectors are known: the observed position after the maneuver r̂n,k+1, which can include signif-
icant errors, and the estimated position at the proposed maneuver time r̂−j,tmvr,j

. Additionally,

the time of flight between these position vectors ∆T is also known from Equation (4.23).

∆T = tk+1 − tmvr,j (4.23)

Using the position estimate after the maneuver is detected does inject error, but the versa-
tility of the SMM initialized over a long time period helps mitigate errors in the Lambert
targeting. The Lambert Targeter is used as soon as a maneuver is detected to maintain
the algorithms responsiveness. It would certainly be worthwhile to wait until additional
observations are collected, thus reducing the error in the Lambert Targeter, but the sensor
tasking behavior of the overall network would remain unchanged even though a maneuver
was detected.

These three parameters are the foundation of the Lambert Problem [33]. Solving the Lam-
bert Problem effectively answers the question, “how does a spacecraft get from point A
to point B in the time allotted?” The impulsive thrust needed at tmvr,j can be calculated
using the Universal Variables Method, described in Algorithm 4.6.1, to solve the Lambert
Problem. The number of models generated with this approach can be significant. With
one assumption, the maneuver information from the Lambert Targeter can be used to elim-
inated unrealistic models before the Lambert SMM is executed. Because the maneuvers in
this dissertation are modeled as one second impulsive burns, the change in velocity from the
Lambert Targeter can be viewed as an acceleration. The one environment where a satellite
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will experience its most significant accelerations, or g-loads, aside from an orbital collision,
is launch. Satellite structures are designed to handle the g-load environment of launch and
often little more. Greater g-load capacity often requires additional structural capacity and
mass, which incurs increased launch costs. Therefore, models can be initially removed if the
impulsive acceleration calculated in the Lambert Targeter is greater than what the satellite
might experience at launch. The SpaceX Falcon 9 [108] and ULA Atlas V [109] payload
users’ guides specify maximum g-loads of 8.5g and 6g, respectively. Rounding up to 10g
yields an upper thrust limit of 981m/s2. Thus,

if ||u(ECI)
j (tmvr,j) ||2 > 981m/s2 then remove model j from the filter.

Figure 4.4: Lambert-Targeting Static Multiple Model

As depicted in Figure 4.4, this method results in modes that place the target satellite at
the observed position at the observed time. However, while the position vectors for each
model at tk+1 should be roughly equivalent, their velocity vectors will not be. As evident
in Figure (4.4), the differences in velocity produce varying trajectories with only one, or a
small subset, emulating the actual orbit. Once the Lambert SMM has processed the previous
observations up to the current time step, the pruning method described in Algorithm 4.4
is used to remove models as new observations are collected. The convergence criteria in
Equation (4.20) are used to determine when the Lambert SMM has sufficiently converged to
a new orbit estimate. Once convergence is reached, the nominal UKF is reinitialized with
the updated estimate from the Lambert SMM.

4.6.1 Universal Variable Lambert Targeter

In what is now known as the Lambert Problem, a satellite’s orbit must be determined from
two position vectors separated by a duration of time. From two position vectors alone there
are an infinite number of possible orbits, but only two trajectories exist when the time of
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flight is considered. Johann Heinrich Lambert’s original solution calculated the minimum
energy transfer between the two points [33]. Several variations and improvements on this
original method have been developed since then. Carl Friedrich Gauss proposed a method,
while determining the orbit of Ceres in the early 1800s, that essentially develops a solution
based on the area swept out by the satellite from one position to the next [110]. This
method is limited to position vectors with relatively small angular separations, which isn’t
a likely condition given two observations of a near-earth orbiting spacecraft. One method
that overcomes this limitation is the universal variable approach used in this dissertation,
which seeks to relate specific mechanical energy, time-of-flight, and the change in eccentric
anomaly [33]. First the universal variable, χ, is defined in Equation (4.24).

χ̇ =

√
µ⊕

||r(ECI)||2
(4.24)

An auxiliary variable ψ is defined in Equation (4.25).

ψ =
χ2

a
(4.25)

where a is the orbits semi-major axis. ψ is positive for elliptical orbits, and negative for
hyperbolic orbits.

From ψ two universal variable functions, c2 and c3, are defined using Algorithm 4.5. The
outputs of these functions are calculated iteratively in the universal variable approach to
solving the Lambert Problem and are used to determine the velocities associated with each
position vector.

Algorithm 4.5 Universal Variable Function

1: function C(ψn)
2: if ψn > 1e−6 then

c2 =
1− cos

(√
ψn

)
ψn

c3 =

√
ψn − sin

(√
ψn

)√
ψ3

n

(4.26)

3: else if ψn < −1e−6 then

c2 =
1− cosh

(√
−ψn

)
ψn

c3 =
sinh

(√
−ψn

)
−
√
−ψn√

(−ψn)3
(4.27)

4: else

c2 =
1

2
c3 =

1

6
(4.28)

In the Universal Variable Lambert Targeter (Algorithm 4.6.1), the two position vectors
are provided in two state estimates: x̂n,k+1 and x̂−n,tmvr

. x̂n,k+1 is the updated state estimate
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associated with the observation that detected the maneuver. x̂−n,tmvr
is the pre-maneuver state

estimate at the maneuver time tmvr,j which is based on the original series of observations.
The traditional output of the universal variable Lambert solution would be the satellite’s
velocity at tmvr,j after the maneuver (v̂+

n,tmvr
). Thus, the impulsive thrust can be calculated

by subtracting the post-maneuver velocity vector from the pre-maneuver velocity, as shown
in Equation (4.29).

u
(ECI)
j (tmvr,j) = v̂+

n,tmvr
− v̂−n,tmvr

(4.29)

Overall, the Lambert SMM provides an efficient means of mitigating errors incurred by an
unknown maneuver, and can even estimate the maneuver time, direction, and magnitude. It
is important to note that each model in the SMM, once established, runs independently of
the others until it is either removed or the filter converges. If the actual maneuver is large
or the gap in time between observations is long, then a large number of models could carried
from one time step to the next. The combined effect introduces a risk that the Lambert
SMM could run for an extended period of time before convergence is reached, thus burdening
limited computational resources. A dynamic MMAE approach could relieve this issue.

4.7 Intermittent, Lambert Targeting Generalized Pseudo-

Bayesian of First Order Process

The Lambert SMM described in Section 4.4 works well in many situations, but its responsive-
ness could be improved by making the approach dynamic. A Generalized Pseudo-Bayesian
of First Order Multiple Model (GPB1) approach, termed the Lambert GPB1, is introduced
to dynamically implement the Universal Variable Lambert Targeter approach described in
Section 4.6.1. As depicted in Figure 4.5, the combined state and covariance estimates after
each observed time step are used to inform how a new set of models are initialized in the
next time step. Unlike in the Lambert SMM, models are distributed only over the gap in
time since the last observation. Multiple model information is only retained over a single
duration of time from one observation to the next. As a result, the Lambert GPB1 can carry
fewer models over time, and could potentially accommodate continuous thrust, though that
analysis is outside the scope of this dissertation.

As described in [32], the GPB1 approach has the same computational requirements as the
SMM. A GPB1 process differs from the IMM method in that the models in the GPB1 are
mixed completely after each observation. In an IMM models are partially mixed based on
mixing probabilities derived from on prior knowledge. Additionally, preliminary analyses
indicated that the IMM is appropriate when modes are always mutually exclusive. For
example, as shown in [47], an IMM works well if the thrust in each mode is in a principal
direction. Thus, only one mode can be true at any given time. In this dissertation, where
the thrust is impulsive, the modes are all equivalent once the maneuvers are complete. At
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Algorithm 4.6 Universal Variable Lambert Targeter

1: procedure Universal Variable Lambert Targeter(x̂n,k+1, x̂−n,tmvr
, ∆T )

2: Determine short (+) or long (-) trajectory

$ = sign
[(

r̂−n,tmvr
× v̂−n,tmvr

)
·
(
r̂−n,tmvr

× r̂n,k+1

)]
(4.30)

3: Calculate the cosine of the difference in True Anomaly from tmvr to tk+1

cos(∆ν) =
r̂n,k+1 · r̂−n,tmvr

||r̂n,k+1||2||r̂
−
n,tmvr

||
2

(4.31)

4: Calculate A = $
√

1− cos2(∆ν)
5: if A = 0 then Cannot calculate orbit (Singularity)

6: Initialize Binary Search Method

ψlow = −4π2 ψhigh = 4π2 c2 =
1

2
c3 =

1

6
∆Tn = 2∆T (4.32)

7: while |∆Tn −∆T | ≥ 1e−6 do
8: Calculate intermediate point

ψn =
ψlow + ψhigh

2
(4.33)

9: Calculate Intermediate Value

yn = ||r̂−n,tmvr
||

2
+ ||r̂n,k+1||2 +

A (ψnc3 − 1)
√
c2

, where [c2, c3] = C(ψn) (4.34)

10: if A > 0 then
11: while yn < 0 do
12: ψlow = ψlow + 0.001ψhigh

13: Recalculate ψn with Equation (4.33), and yn with Equation (4.34)

14: Calculate universal variables: χn =
√

yn
c2

∆Tn =
χ3
nc3+A

√
yn√

µ⊕

15: if ∆Tn ≤ ∆T then ψlow = ψn

16: else ψhigh = ψlow

17: Calculate impulsive thrust, um

u
(ECI)
j (tmvr,j) =

1

A

√
µ⊕
yN

(
r̂k+1 −

(
1− yn

||r̂−n,tmvr
||

2

)
r̂−n,tmvr

)
− v̂−n,tmvr

(4.35)
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Figure 4.5: Lambert-Targeting GPB1

this point, the modal weights in an IMM begin to distribute evenly across the models.
The Lambert GPB1 method can accommodate impulsive or continuous thrust, with no
modifications to the algorithm, hence why it was selected for this dissertation.

One limitation of the Lambert GPB1 is that it will only estimate a thrust over the preceding
observation gap. If the Lambert GPB1 does not sufficiently converge on an estimate the first
time it is called, the maneuver detection threshold will continue to be tripped. Succeeding
iterations of the Lambert GPB1 will estimate a maneuver over those future windows, even
if only the initially detected maneuver occurred. As a result, the Lambert GPB1 may parse
the estimate for a sufficiently large maneuver over multiple time windows.

4.8 Summary

This section presented four adaptive estimation techniques that were developed to detect
unknown maneuvers, track through the resulting errors, and, in some cases, estimate the im-
pulsive maneuver’s characteristics. A scalar covariance inflation method was implemented
using a binary search method to optimize the degree of inflation. A “Shotgun” SMM was
introduced that created a set of fixed models to track through tangential maneuvers. An
advantage of the “Shotgun” approach is that the models are user defined and not depen-
dent on the accuracy nor number of new observations. This MMAE approach, however,
is computationally burdensome as the number of models needed can be large. Instead, the
Lambert SMM approach was developed to reduce the number of models by using a Universal
Variable Lambert Targeter to determine the appropriate maneuver at a specified maneuver
time. The Lambert SMM is also not limited to tangential maneuvers. Lastly, the Lambert
SMM can be used to estimate the maneuver time, direction, and magnitude. The principal
disadvantage of the Lambert SMM is that once the models are instantiated they remain
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fixed until a convergence criterion is achieved. A dynamic variation of the Lambert SMM
was introduced, known as the Lambert GPB1, to improve overall MMAE responsiveness.
All four adaptive estimation techniques are only executed when a maneuver is detected, and
terminated when the filter has reached predefined convergence criteria.



Chapter 5

Decision Process Development

5.1 Introduction

This chapter describes the three decision processes developed for this dissertation. The first
method, described in Section 5.3.1, provides a baseline approach that uses only Fisher Infor-
mation Gain to determine appropriate tasking decisions. Multiple information and system-
based metrics are used in the second and third methods, but in distinct ways. The second
method, described in Section 5.3.2, is designed so that every sensor makes an observation at
each time step as long as a target is visible. The third method, described in Section 5.3.3,
tasks sensors only if the information-based reward metrics outweigh the system-based cost
metric.

5.2 The Overall Command & Control Strategy

The integrated POMDP and adaptive estimation command and control algorithm is pre-
sented in Figure 5.1. Observations are used to assess whether a spacecraft has maneuvered,
and if so, the selected adaptive estimation process is initialized. The resulting updated
states estimate and covariance are propagated forward to the next time step. The POMDP
algorithms described in this chapter use these predicted state and covariance estimates to
determine the appropriate sensor tasking for the next time step. The cycle begins again as
new observations are collected, based on the sensor tasking.

Decisions are determined based on one of three objective functions, which are described in
Section 5.3. At each time step, an objective function yields a matrix, which is then used to
determine the decision matrix, defined in Section 5.4. While other POMDP research seeks to
optimize the decision making process over a finite time horizon or window, this dissertation
implements a suboptimal POMDP approach that bases decisions on the current decision
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Figure 5.1: General Algorithm Flow Block Diagram

metrics. Using a suboptimal POMDP allows the overall algorithm to immediately respond
to unknown maneuvers rather than having to wait until the next time window, or restarting
the optimization process. An optimized POMDP assumes the dynamics remain known
throughout the time horizon. If an unknown maneuver were to occur within this window,
the remaining optimized decisions would no longer be optimal. Suboptimal POMDPs have
been seen in similar situations where responsiveness is a key driver, such as ballistic missile
tracking [69].

5.3 Objective Function Development

5.3.1 Baseline Single Information Metric, Continuous Tasking

The first suboptimal POMDP developed for this dissertation serves as a baseline approach,
based on [87, 72, 69], among others. This method only considers Fisher Information Gain
(FIG) when deciding how sensors should be tasked on the next time step tk+1. The baseline
process is designed to task a sensor at each time step as long as a target is predicted to be
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visible. The resulting objective function, J k+1, is defined in Equation (5.1).

J k+1 = Fk+1 (5.1)

where Fk+1 is an N ×M matrix, and termed the FIG metric matrix. Each element of the
Fk+1 metric matrix, defined in Equation (5.2), corresponds to the FIG metric that would
be obtained if sensor m observed sensor n at time tk+1.

F(n,m),k+1 =

{
φ̂(n,m),k+1 if {on, sm} is observable

0 if {on, sm} is unobservable
∀ n = [1, N ], m = [1,M ] (5.2)

5.3.2 Multiple Phenomenology, Continuous Tasking

The second suboptimal POMDP developed for this dissertation uses three metrics to assess
the rewards associated with a specified observation. All three metrics describe the rewards
associated with a particular action. As a result, a sensor will always be tasked if there is at
least one target in view. The maximal Lyapunov exponent approximation (MLEA) metric,
described in Section 2.5.3, is used to account for the rate of divergence associated with a
target’s covariance. The MLEA metric is only dependent on the target estimate, and not
the sensors. The greater the MLEA metric is for a particular target, the greater the rate of
divergence for its associated covariance estimate.

The MLEA metric data for all targets are compiled into a stability metric matrix, Lk+1, as
defined in Equation (5.3).

Lk+1 = DIAG

 λ̂
eff

k+1 −min(λ̂
eff

1...N,k+1)

max(λ̂
eff

1...N,k+1)−min(λ̂
eff

1...N,k+1)

Vk+1 (5.3)

Lk+1 is an N×M matrix where each element corresponds to a specific target-sensor pair. λ̂
eff

is an N × 1 array of MLEA metrics corresponding to each target. A binary visibility matrix
Vk+1 specifies which target-sensor pairs are observable at tk+1. To facilitate integration with

other metrics in the objective function, λ̂
eff

is normalized over all N MLEA data at each
time step.

While the MLEA metric only considers the target estimate relative to a baseline, FIG is
used to account for the capabilities of a particular sensor. The sensor’s measurement noise
covariance and geometry to the specified target impact the Fisher Information Gain that can
be obtained with the proposed observation. The version of the FIG metric matrix developed
for this objective function is similar to the baseline in Section 5.3.1, but normalized over the
range of FIG values for a given sensor, as shown in Equation (5.4).

Fk+1 =


φ̂(n,m),k+1

max(φ̂1...N,m,k+1)
if {on, sm} is observable

0 if {on, sm} is unobservable
∀ n = [1, N ], m = [1,M ] (5.4)
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MLEA and FIG are effective metrics for managing target covariances over time, but they do
not consider the physical limitations of the sensors. Therefore, this dissertation incorporates
a system-based metric, termed the Degrees of Transport (DOT), to consider the impact on
the physical system that a particular observation tasking might have. The DOT metric is the
supplementary angle associated with the angle between the sensor’s current boresight vector,
defined by Equation (3.15), and the observation state vector, defined by Equation (2.25), for
a particular target-sensor pair. The angle between these two vectors is represented in the left
hand side of the inequality in Equation (3.16). The DOT metric, defined in Equation (5.5),
characterizes the angular distance the sensor does not have to move to observe a particular
target. Therefore, it is maximized when the target is aligned with the boresight vector %m,k
and minimized when the target is in the −%m,k direction.

τ(n,m),k+1 = π − cos−1

(
%m,k · ρ

(SEZ)
k+1

||ρ(SEZ)
k+1 ||2

)
(5.5)

An assumption with the DOT metric is that the distance a sensor must slew can be correlated
to the workload being placed on the sensor. Lastly, the DOT metric matrix, described by
Equation (5.6), is constructed in a similar fashion to the FIG metric matrix. T k+1 is an
N × M matrix where each element corresponds to a specific target-sensor pair, and zero
terms are placed where a target-sensor pair is not predicted to be observable at tk+1.

T k+1 =

{
τ(n,m),k+1

π
if {on, sm} is observable

0 if {on, sm} is unobservable
∀ n = [1, N ], m = [1,M ] (5.6)

The DOT metric matrix is normalized over the maximum possible angle a sensor may travel,
which in this case is π.

At each time step, the objective function J k+1 is calculated using Equation (5.7) with
elements ranging in value from 0 to 1.

J k+1 =
1

3
(α− γ + 1)Lk+1 +

1

3
(β − α + 1)Fk+1 +

1

3
(γ − β + 1)T k+1 (5.7)

The scalar coefficients, α, β, and γ, are predetermined and provide weight factors for each
metric. α describes the degree to which the MLEA metric is preferred over FIG. β similarly
scales the FIG and DOT metrics. γ defines the preference of the DOT metric over MLEA.
To define these weights the objective function in Equation (5.7) was modified to isolate the
appropriate coefficient, as shown in Equation (5.8).

J α,k+1 = αLk+1 + (1− α)Fk+1 (5.8a)

J β,k+1 = βFk+1 + (1− β)T k+1 (5.8b)

J γ,k+1 = (1− γ)Lk+1 + γT k+1 (5.8c)
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Each weight was scaled from 0 to 1 in multiple six hour simulations using the Test SOSI Net-
work, described in Section 3.1.1, and the preliminary constellation described in Section 3.2.1.
Each iteration was run three times and averaged. The resulting data was compiled into plots
of percent root mean squared error versus coefficient value for position and velocity. A tar-
get estimate’s average RMS error over time is converted to a percentage of the satellite’s
position and velocity magnitude. The error is presented as a percentage to enable a more
qualitative comparison of the estimates across orbital regimes. Outliers were removed using
the standard Tukey Fences method [111]. The plots show that the position and velocity
errors are generally constant across weight values, thus allowing for a wide range of possible
weight factors. The velocity error plots are presented here, while the position error plots
are provided in Appendix A.1. As shown in Figure 5.2, any α value is potentially viable,
but the error distribution shrinks between 0.55 and 1. The error distribution in Figure 5.2,
and similar plots, refers to the distribution of percent RMS error for a particular weight
factor value over repeated simulation runs. These error bars convey the variability in the
percent RMS error for a particular weight factor value based on the stochastic nature of the
simulation. α = 0.75 was chosen for this dissertation. This weight favors the MLEA metric
three times more than FIG metric, thus emphasizing overall covariance stability over what
a specific sensor may provide.

Figure 5.2: Percent RMS Velocity Error Vs. Alpha

β showed a more distinctive trend from volatility to accuracy with increasing values, as de-
picted in Figure 5.3. This trend isn’t surprising as lower values of β place greater significance
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on the DOT metric, which is not used to manage covariance like the FIG metric does. The
viable range for β is roughly from 0.3 to 1, and β = 0.7 was selected for this dissertation.
This weight places greater importance on FIG than slew angle, but still places significant
emphasis on the system-based metric.

Figure 5.3: Percent RMS Velocity Error Vs. Beta

In a similar, but inverse fashion to β, higher values for the γ coefficient resulted in greater
RMS velocity error and variance. The reason is the same. High values of γ emphasize the
DOT metric over the covariance-based MLEA metric. Viable values for γ range roughly
from 0 to 0.7. For this dissertation, γ = 0.2 was chosen, which corresponds to the minimum
percent RMS velocity error in Figure 5.4. This weight makes the MLEA four time more
important than the slew angle, but still forces the tasking strategy to place significant value
on the system-based metric. Thus a very large slew angle may dissuade the tasking strategy
from selecting that particular observation.

For clarity, the overall objective function for the suboptimal multi-phenomenology, continu-
ous observation POMDP is given in Equation (5.9).

J k+1 =
31

60
Lk+1 +

19

60
Fk+1 +

10

60
T k+1 (5.9)
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Figure 5.4: Percent RMS Velocity Error Vs. Gamma

5.3.3 Multiple Phenomenology, Cost-Constrained Tasking Pro-
cess

The third suboptimal POMDP developed for this dissertation also uses three information
and system-based metrics to assess potential sensor taskings, but is designed to only task
sensors under a limited set of circumstances. This method uses the normalized FIG metric
matrix defined in Equation (5.4), except the sign of each element of Fk+1, is determined
by the corresponding MLEA metric. Thus, the FIG metric matrix for the cost-constrained
tasking process is defined by Equation (5.10).

F eff
(n,m),k+1 =

SIGN
(
λ̂eff
n,k+1

)
φ̂(n,m),k+1

max(φ̂1...N,m,k+1)
if {on, sm} is observable

0 if {on, sm} is unobservable
∀ n = [1, N ], m = [1,M ]

(5.10)
The sign of the MLEA is used to ensure the SOSI network does not observe a given target
when its associated MLEA is negative, thus indicating a converging covariance. A negative
FIG metric ensures a negative value for the objective function value associated with that
particular target-sensor pair. Because an unobservable target-sensor pair is assigned a zero
value, the SOSI network will choose to neglect any potential observation associated with
teh given target at the next time step. Observations are therefore only considered is the
MLEA for a particular target is positive, indicating that the associated covariance estimate
is diverging or expanding beyond the user-defined initial value.
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For system-based considerations, this dissertation introduces a slew time metric to serve
as a cost of sensor transport. The slew time system metric is simply the time a particu-
lar sensor requires to turn from its current boresight direction to the target, as shown in
Equation (5.11).

tω,(n,m),k+1 =

cos−1

(
%m,k·ρ

(SEZ)
k+1

||ρ(SEZ)
k+1 ||2

)
ωm

(5.11)

where ωm is the sensor slew rate defined in Section 3.1.1.

The slew time metric will yield a very small cost for the electronically Large Phased Array
Radar, and a sizable value for slower moving mechanical radar and space-based EOIR sensors.
Thus, the costs in this objective function are much more sensor-dependent than the DOT
reward metric used in Section 5.3.2. The slew time matrix, defined in Equation (5.12), used
in the objective function is normalized over the scenario time step. Like the DOT metric, it
is assumed that the time a sensor takes to slew to a target is indicative of the workload and
strain being placed on the sensor.

Sk+1 =

{
tω,(n,m),k+1

∆t
if {on, sm} is observable

0 if {on, sm} is unobservable
∀ n = [1, N ], m = [1,M ] (5.12)

The overall objective function is defined in Equation (5.13).

J k+1 = δF eff
k+1 + (1− δ)Sk+1 (5.13)

Using this objective function, a sensor m will only be tasked to track target n if the normal-
ized Fisher Information Gain is greater than the normalized slew time, and the predicted
covariance is greater than the threshold specified in the MLEA metric. These constraints
significantly reduce the times during which a sensor will be tasked to collect an observation,
making the entire SOSI network more efficient, and each observation more influential.

The scalar coefficient δ, in Equation (5.13), was assessed with the same methodology used
in Section 5.3.2. Like with the continuous tasking weight factors, low values for δ resulted
in higher percent RMS error by favoring the slew time metric over the covariance-dependent
FIG metric. Viable δ values ranged from 0.1 to 1, as shown in Figure 5.5. δ = 0.5 was chosen
for this dissertation, giving equal weighting to the FIG metric and the slew time metric. The
percent RMS position error versus δ plot is provided in Appendix A.2.

5.4 Decision Matrix

The Decision Matrix, Uk+1, is a binary matrix populated with elements U(n,m),k+1 that are
either 0, indicating an ignored target-sensor pair, or 1, indicating a tasked pair. Each sensor



Kevin M. Nastasi Chapter 5. Decision Process Development 82

Figure 5.5: Percent RMS Velocity Error Vs. Delta

m can only observe one target at a time, but a single target may be observed by multiple
sensors. The elements of the N ×M Decision Matrix are constrained using Equation (5.14).

N∑
n=1

U(n,m),k+1 ≤ 1, U(n,m),k+1 ∈ {0, 1} ∀ n = [1, N ], m = [1,M ] (5.14)

Because U(n,m),k+1 can only be 0 or 1, and each element is independent of the others, each
element is found via Equation (5.15).

U(n,m),k+1 =

{
1 if J(n,m),k+1 = max(J 1...N,m,k+1)

0 if J(n,m),k+1 < max(J 1...N,m,k+1)
(5.15)

5.5 Summary

This chapter described the three suboptimal POMDPs that were developed for this disser-
tation. The first serves as a baseline approach, based on previous research, and only uses
the FIG metric to determine sensor tasking. The second method uses FIG, MLEA, and a
system-based Degrees of Transport metric to manage sensors, assuming that observations
will always be made as long as a target is visible. The third approach provides a cost-
constrained alternative that significantly limits the frequency at which a sensor will make
observations, thus reducing the overall workload on the SOSI network. In Chapter 6, these
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three decision-making processes will be integrated with an adaptive estimation method from
Chapter 4, to assess how well each command and control strategy manages a globally dis-
tributed SOSI network to track a large population of non-maneuvering and maneuvering
spacecraft.



Chapter 6

Process Comparisons & Implications

6.1 Introduction

This chapter presents the results of various analyses that were used to assess the effectiveness
and efficiency of each POMDP, adaptive estimation method, and several integrated strate-
gies. First, decision process performance against only non-maneuvering targets was assessed
to establish a baseline for how well each decision-making strategy performs without adaptive
estimation. Next, the adaptive estimation techniques were analyzed with each POMDP to
characterize how well each method reacquired viable orbit estimates for seven maneuvering
satellites. Lastly, four integrated command and control strategies are assessed by specifically
analyzing how they track the seven maneuvering in the Full Scale Test Scenario described
in Section 3.2.

6.2 Decision Process Analysis

The decision process analyses in this section assess how well each POMDP described in Chap-
ter 5 track 200 non-maneuvering targets. The tracked satellites comprise the constellations
described in Table 3.8. With so many more targets than sensors, the developed POMDPs
cannot collect observations on every spacecraft all the time. The three decision methods are
compared using three metrics:

1. The root mean squared error of each target averaged over the duration of the scenario

2. The cumulative Fisher information gain per slewed angle with respect to time over the
duration of the scenario

3. The cumulative Fisher information gain per observation with respect to time over the
duration of the scenario

84
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Figure 6.1: Average RMS Error Comparison

Figure 6.1 depicts the average root mean squared position and velocity error per target. The
performance of all three decision methods are overlaid for direct comparison. The estimates
for the LEO spacecraft, which consist of Walker1 to Walker128, were visibly more accurate
than the MEO (Walker129 to Walker158) and GEO (Walker 160 to Walker 200) estimates.
This trend is evident for all three POMDPs. The minimum position error for the FIG-
Only and Continuous Observation POMDPs were roughly 19m. The minimum position
RMS error for the Constrained Observation decision process was almost 42m. All three
position error minimums belong to LEO estimates. The MEO and GEO target estimates
not only consistently carried higher RMS position error, but the variability in error across
targets was also significantly higher. The trend is particularly evident with the Constrained
Observation POMDP that significantly reduced the number of collected observations over
time. These variations in statistical error are likely due to lower sensor revisit rates compared
to LEO targets, as well as the synchronous nature of the orbits at higher altitude. The MEO
targets are in a twelve hour, semi-synchronous orbit, and the GEO targets complete an orbit
every sidereal day. These trajectories substantially limit the number of terrestrial sensors
that can ever observe a particular target. For example, the geostationary Walker190 may
perpetually remain over a powerful LPAR, and is therefore always able to be observed when
the POMDP determines an observation is warranted. Walker191, however, some significant
degrees of longitude away from Walker190, may only be occasionally visible to an orbiting
EOIR sensor, thus increasing its average RMS estimate error.
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Overall, the FIG-Only and Continuous Observation POMDPs consistently resulted in lower
RMS position error than the Constrained Observation POMDP, because of their significantly
greater observation frequency. This trend is more evident in the second plot of Figure 6.1,
which shows the RMS velocity error. Interestingly, the RMS velocity error for all three
decision processes decreases slightly with increasing altitude. This trend is partly the result
of the decreasing process noise with altitude, and also because errors in velocity propagate
slower in MEO and GEO than in LEO where spacecraft orbital velocities are significantly
faster. Thus, accurate velocity estimates for higher altitude satellites will be more tenable
over time.

The RMS position and velocity error provides a quantifiable effectiveness metric for each
POMDP, but it is only one facet of the overall assessment. First, Figure 6.2 presents the
averaged percent RMS error per target for each POMDP. A target estimate’s average RMS

Figure 6.2: Average Percent RMS Error Comparison

error over time is converted to a percentage of the satellite’s position and velocity magni-
tude. The error is presented as a percentage to enable a more qualitative comparison of
the estimates across orbital regimes. More sensors with more advanced capabilities can ob-
serve LEO satellites than GEO, so a 1km error in LEO would indicate a more significant
estimation issue than the same error at GEO. Viewing the RMS error as a percentage pro-
vides an acceptable indicator of similar levels of uncertainty across orbital altitudes. A 1%
position error in LEO is arguably similar in significance to a 1% position error in GEO.
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Figure 6.2 shows the similar error growth and variability with increasing altitude to that
seen in Figure 6.1, but the differences between LEO and GEO are much less striking. This
observation indicates that the RMS errors are more proportional to the orbit altitude than
can be inferred from looking at the scalar position and velocity errors alone.

Assessing true error gives an indication of how effective each POMDP was in the scenario, but
it does not give any information on how efficient each tasking strategy was over time. To do
that, the cumulative information gain metric over time was measured against two system-
based performance metrics. Figure 6.3 presents the cumulative Fisher Information Gain
metric per slewed degree over time, with all three POMDPs overlaid for direct comparison.
The values for the vertical axis are defined by Equation 6.1, where fk is the value at time
step k.

fk =
k∑
1

∑n
1

∑m
1 φ(n,m),kU(n,m),k∑n

1

∑m
1 cos−1

(
%m,k·ρ

(SEZ)
k−1

||ρ(SEZ)
k−1 ||2

)
U(n,m),k

(6.1)

This analysis assesses how much information was collected for every degree the sensors had
to turn to make the tasked observation. One would expect a POMDP that includes system-

Figure 6.3: Cumulative Information Gain Metric Per Slewed Degree Vs. Time

based tasking metrics, like Degrees of Transport or slew time, to perform better in this
assessment than a POMDP that only considers information. Indeed, that hypothesis is ob-
served in Figure 6.3, particularly once the metric reaches a steady state during the latter
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half of the scenario. The Continuous Observation POMDP gave the system-based DOT
metric an overall weighting of γ = 1

6
, and the Constrained Observation POMDP gave the

FIG and slew time metrics equal weighting. The baseline FIG-Only POMDP did not con-
sider system-based metrics. At first the Continuous Observation POMDP showed markedly
more information per degree than the other two processes. In fact, the Constrained Ob-
servation POMDP was a full order of magnitude less than the Continuous case for some
time. As time progressed, however, the Constrained Observation POMDP became consis-
tently more efficient than the other two methods. The initial performance that favored the
two information-heavy POMDPs was likely the result of initial estimate covariances being
high due to the scenario initialization. Once all the targets were observed and covariance
estimates reached a steady state, the Constrained Observation POMDP became the most
efficient method, based on the information gain per slewed degree metric.

Thus far, assessing the RMS error and the information gain metric per slewed angle for
each decision process has yielded two distinct impressions of which method performs better.
The RMS error, in Figures 6.1 and 6.2, shows that the Constrained Observation POMDP
provides less accuracy than the FIG-Only and Continuous Observation processes, which
performed roughly equivalently. On the other hand, the information gain per slewed degree
analysis, in Figure 6.3, indicates that the Constrained Observation decision process is the
most efficient, followed by the Continuous Observation method, and lastly the FIG-Only
POMDP. The final analysis in this section is the cumulative information gain metric per
observation over time, as shown in Figure 6.4. The cumulative information gain metric per
observation is calculated using Equation 6.2

fk =
k∑
1

∑n
1

∑m
1 φ(n,m),kU(n,m),k∑n
1

∑m
1 U(n,m),k

(6.2)

This assessment gives insight into how much information is collected, on average, with each
observation. It does not consider the workload placed on the sensor like the previous metric
did. Additionally, this assessment metric normalizes the three POMDPs over their observa-
tion frequencies. Even though the FIG-Only and Continuous Observation processes collected
observations every time step, they would perform poorly in this assessment if the information
gained with each observation was low. One might expect the decision process that places the
highest priorty on FIG would perform well against this metric. Considering the FIG-Only
decision process only considers information gain, one would hypothesize that it would collect
the most information with each observation over time, thus producing the highest cumula-
tive information per observation measure. In fact, the Continuous Observation POMDP
performed consistently better than the two other methods, indicating that the inclusion of
the MLEA metric had a significant impact. Identifying the potential observation based solely
on the highest FIG was not sufficient to guarantee the most information per observation over
time.

In summary, all three decision-making strategies were able to maintain viable orbit estimates
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Figure 6.4: Cumulative Information Gain Metric Per Observation Vs. Time

for all 200 non-maneuvering targets across all three orbital regimes for the entire scenario.
The FIG-Only and Continuous Observation POMDPs yielded comparable average RMS
error, but the Continuous Observation method collected significantly more information per
observation that the FIG-Only approach. The Constrained Observation POMDP provided
less accurate orbit estimates, but was more efficient, with respect to workload, than the other
two processes.

6.3 Adaptive Estimation Analysis

The next set of analyses sought to characterize adaptive estimation performance in all three
decision processes against seven maneuvering targets. The maneuvering satellites used in
these simulations are defined in Table 3.9. The purpose of this investigation is to isolate the
capabilities of each adaptive estimation process for comparison purposes. Only the seven
maneuvering satellites are used in these simulations. With a few exceptions, sensors are
therefore able to observe all seven spacecraft as long as they are visible. This analysis enables
a direct assessment of the adaptive estimation process separate of the sparse observation
limitation associated with tracking a large number of targets. In addition to the nominal
case, where no adaptive estimation technique is used, five estimation processes are integrated
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with each POMDP. In the context of each decision process, plots of the average RMS error
for each estimation process are overlaid for comparison. Apart from the estimation processes,
the scenario for each POMDP simulation is identical. Therefore, the differences in RMS error
are the result of the adaptive estimation technique’s ability to converge on a viable orbit
estimate after an unknown maneuver occurs.

6.3.1 FIG-Only POMDP

First, the adaptive estimation methods are assessed within the FIG-Only POMDP. The
resulting average RMS error plot for all seven maneuvering satellites is presented in Fig-
ure 6.5. One observation is that the nominal estimation process (no adaptive capability), in
blue, incurred significantly more error than the adaptive estimation processes for all of the
maneuvering satellites except MEOMnvr-1 and GEOMnvr-1.

Figure 6.5: FIG-Only: Average RMS Error Comparison

The reasons for why the nominal and adaptive estimation techniques had similar RMS errors
for MEOMnvr-1 and GEOMnvr-1 are not evident in Figure 6.5, but the orbit estimate plots
in Appendix Section B.1 can give some insight. Figures 6.6 and 6.7 are given here as
examples. Black circles denote observations made using the nominal UKF. Red diamonds
denote observations made using the presented MMAE approach. Based on those plots, the
average RMS error in Figure 6.5 is likely due to the significant observation gap after both
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Figure 6.6: A.E. Test: Nominal/FIG-Only MEOMnvr-1 Track

Figure 6.7: A.E. Test: Lambert SMM/FIG-Only GEOMnvr-1 Track
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targets maneuver. Observation gaps occurred when a particular target satellite is out of
view of all sensors that could potentially observe it. The observational constraints defined
in Section 3.1.1 dictate when a target is unobservable for a particular sensor. GEOMnvr-1
has an observation gap because it is eclipsed for 1-2 hours, and therefore not visible to EOIR
sensors. Some maneuvers were scheduled to take advantage of known observation gaps to
allow the satellite to drift from the estimate for some time before an observation was possible.
The substantial error is allowed to propagate for some time before the pertinent estimation
algorithm reacts accordingly, thus raising the average RMS error over the whole scenario. It
should be noted that the adaptive estimation techniques, particularly the SMM approaches,
were considerably more responsive and effective than the nominal estimation method for all
of the maneuvering satellites. Additionally, the maneuver magnitudes for MEOMnvr-1 and
GEOMnvr-1 were greater than they were for MEOMnvr-2 and GEOMnvr-2, as indicated in
Table 3.9. This difference would not only increase the overall average RMS error, but also
impose a greater challenge for the adaptive estimation techniques to overcome.

In Figure 6.5 it’s also evident that the adaptive estimation algorithms all had RMS error
performance within an order of magnitude, especially for the LEO satellites. From a posi-
tion error sense, the adaptive estimation algorithms performed similarly against the GEO
spacecraft as well. Velocity error performance varied over a wider range for the adaptive
estimation techniques as the target altitude increased.

It should also be noted that the Lambert GPB1 algorithm was only triggered for one time
step in most situations. As shown in Figures B.30 and B.31, the Lambert GPB1 algorithm
only executed for multiple time steps when tracking the two MEO maneuvering satellites.
When only operating for one time step, the Lambert GPB1 is effectively just an SMM
over a single time step. That said, the GPB1 demonstrates its responsiveness as an overall
algorithm if it was only needed once to reacquire a viable orbit estimate.
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6.3.2 Continuous Observation POMDP

For the Continuous Observation POMDP scenario, the distinction between adaptive and
nominal estimation performance is more significant than in the FIG-Only case. Figure 6.8
shows how all four adaptive estimation techniques resulted in a lower RMS error than the
nominal estimator for all seven targets. As expected from Section 6.2, the overall average

Figure 6.8: Continuous Observation: Average RMS Error Comparison

RMS errors in the Continuous Observation scenario were comparable to the errors incurred in
the FIG-Only case. The performance difference between the adaptive estimation algorithms
themselves was markedly smaller in the Continuous Observation POMDP than the FIG-Only
approach. Adaptive estimation performance against the LEO spacecraft was similar between
the Continuous Observation and FIG-Only POMDPs. Of particular note, the Shotgun SMM
was implemented twice for the MEOMnvr-1 case in the Continuous Observation scenario,
as shown in Figure 6.9, but not the FIG-Only case. Again, black circles denote observations
made when the nominal UKF is being used, while red diamonds indicate the observations
made when the Shotgun SMM is used. Additionally, the Lambert GPB1 was executed for
several time steps for all four MEO and GEO satellites (Figures B.64, B.65, B.66, and 6.10).
The rest of the orbit estimate plots for the Continuous Observation POMDP scenario are
provided in Appendix Section B.2.
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Figure 6.9: A.E. Test: Shotgun SMM/Continuous MEOMnvr-1 Track

Figure 6.10: A.E. Test: Lambert GPB1/Continuous GEOMnvr-2 Track
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6.3.3 Constrained Observation POMDP

Lastly, the nominal and adaptive estimation techniques were integrated with the Constrained
Observation POMDP and tested against the seven maneuvering spacecraft. The resulting
average RMS position and velocity error plots are provided in Figure 6.11. The increased

Figure 6.11: Constrained Observation: Average RMS Error Comparison

variability in RMS error that was evident in Section 6.2 has a noticeable impact on the
overall effectiveness of the adaptive estimation methods. The nominal estimation approach
results in the largest average RMS error for all seven satellites, and in all three POMDP
scenarios. Figure 6.12 shows the impact of the Constrained Observation POMDP on the
nominal filter’s ability to reacquire the MEOMnvr-1 spacecraft after its maneuver. The
remaining nominal estimation orbit tracks are provided in Appendix Section B.3.

The adaptive estimation techniques in the Constrained Observation scenario almost always
resulted in an order of magnitude better average RMS error than the nominal case. Unlike
the other two POMDPs, with which the adaptive estimation techniques performed compa-
rably, the Constrained Observation decision process resulted in greater variability among
the adaptive methods. In Figure 6.11, the Shotgun SMM routinely performed worse than
the other adaptive estimation techniques, with the exception of GEOMnvr-2. In that case,
the Lambert SMM showed unusual difficulty reconverging on a viable orbit estimate com-
pared to the other approaches. The increased error in the Lambert SMM is due to the
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Figure 6.12: A.E. Test: Nominal/Constrained MEOMnvr-1 Track

dramatically small number of observations collected on GEOMnvr-2 after the maneuver,
as shown in Figure 6.13. Other adaptive estimation methods, like the covariance inflation
approach presented in Figure 6.14, resulted in many more observations of GEOMnvr-2 after
the observation.

All other orbit estimate plots for the Constrained Observation scenario are provided in
Appendix Section B.3.

Overall, the analysis presented in this section indicates that the adaptive estimation meth-
ods developed in this dissertation do produce measurable improvements in responsiveness
when tracking maneuvering spacecraft. Additionally, their performance is comparable when
integrated with any of the three proposed POMDPs, though the Constrained Observation
decision process resulted in greater RMS error in general. Any distinguishing characteristic
between the adaptive estimation techniques is therefore predominantly due to the particular
algorithm’s situational versatility and computational efficiency.
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Figure 6.13: A.E. Test: Lambert SMM/Constrained GEOMnvr-2 Track

Figure 6.14: A.E. Test: Inflation/Constrained GEOMnvr-2 Track
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6.4 Full Scale Assessment

Based on the analyses in Sections 6.2 and 6.3, four command and control strategies were
developed that integrate a particular adaptive estimation technique and a decision process.
The first is a baseline strategy that combines the developed covariance inflation algorithm
with the FIG-Only POMDP. The second method, derived from the previous work in [29]
and [30], integrates the Shotgun SMM and the Continuous Observation POMDP. The third
and fourth approaches combine the Constrained Observation decision process with the Lam-
bert SMM and Lambert GPB1 algorithms, respectively. Using the test SOSI network speci-
fied in Section 3.1.1, all four command and control strategies are tested against the full scale
constellation defined in Section 3.2. One unique analytical opportunity this test presents is
the ability to observe how the adaptive estimation strategy impacts the overall command
and control strategy’s sensor tasking behavior after a maneuver is detected. The previous
analyses either had no maneuvering targets, or too few targets, thus prohibiting the kind of
assessment the full scale test generates. The results of these investigations are presented in
the following sections, and in Appendix C.

A preliminary assessment of average RMS error for each command and control strategy
against each of the eight non-maneuvering constellations in Table 3.8 is presented in Fig-
ure 6.15. This overall analysis indicates that the Continuous Observation POMDP employ-

Figure 6.15: Overall Average RMS Error Per Constellation

ing the Shotgun SMM resulted in the lowest average RMS error for all eight constellations,
suggesting that it most effectively tracked through the errors incurred after the unknown
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maneuvers. The covariance inflation and FIG-Only POMDP fluctuated in effectiveness,
with the highest position errors encountered with the MEO constellation. The two Con-
strained Observation POMDPs resulted in reasonably constant average position error across
the LEO regime, but experienced significant position error growth with increasing altitude
in the MEO and GEO regimes. All four tasking strategies experienced generally decreasing
average velocity RMS error with increasing altitude.

6.4.1 Nominal Estimation POMDPs

For comparison purposes, the three POMDPs were integrated with nominal UKFs that
had no adaptive estimation capability. The orbit estimate and observation plots for these
scenarios are provided in Appendix Sections C.1, C.2, and C.3, but several are provided here
for discussion. Overall, these plots demonstrate how a tasking strategy manages sensors
significantly impacts the estimation process’s ability to converge on a viable orbit estimate.

For example, in the LEO regime, a high observation rate like the one found with the FIG-
Only POMDP allows the filter to eventually converge on an orbit estimate, even after a
significant observation gap. The nominal FIG-Only POMDP’s orbit estimate for LEOMnvr-
2 is presented in Figure 6.16. Convergence is evident towards the end of the plot when the
error has finally descended below the three sigma covariance line. Nominal sensor tasking in

Figure 6.16: Nominal/FIG-Only LEOMnvr-2 Track

the LEO regime is also aided by multiple terrestrial radar and their 3D observations (Sec-
tion 2.3.1). This is evident in the nominal FIG-Only observation plot for LEOMnvr-2, given
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in Figure 6.17, where the ground-based radar are shown contributing multiple observations
over time (indicated in blue).

Figure 6.17: Nominal/FIG-Only LEOMnvr-2 Observations

An increased observation rate is particularly advantageous in the MEO regime, as evident
in the nominal Continuous Observation POMDP’s orbit estimate for MEOMnvr-1 in Fig-
ure 6.18. In this plot the filter takes approximately seven hours to converge on a viable
orbit estimate after the maneuver, despite a long and nearly continuous sequence of observa-
tions from multiple sensors. Figure 6.19 shows that the majority of observations come from
ground and space-based EOIR, though the LPAR senosors contribute a significant subset.
The challenge with MEO is its extreme distance from most sensors. Indeed, some of the
largest drops in error can be attributed to space-based sensors in HEO that were traversing
the MEO regime when the observation was made.

Limiting the number of observations, as is the case with the nominal Constrained Obser-
vation POMDP, makes converging on a viable orbit estimate after a maneuver extremely
difficult without adaptive estimation, particularly in GEO. Figure 6.20 shows GEOMnvr-1
conducting an unknown maneuver at 8.5 hours, and the nominal Constrained Observation
POMDP never converging to a viable estimate within the scenario timespan. After the ma-
neuver, only three observations are made before the scenario terminates. Without some form
of adaptive estimation, the nominal Constrained Observation decision process has no way
to rapidly increase the covariance to force the filter to accept new observations more heavily
over the old estimate.

Additionally, as shown in Figure 6.21, the observations of GEOMnvr-2 after the maneuver
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Figure 6.18: Nominal/Continuous MEOMnvr-1 Track

Figure 6.19: Nominal/Continuous MEOMnvr-1 Observations

are all from HEO-based EOIR sensors, which provide the least amount of information gain.
Overall, without adaptive estimation to detect a maneuver and inflate the covariance accord-
ingly, the Constrained Observation POMDP will not task additional sensors to observe the
maneuvered spacecraft, or weigh new observations more heavily than the previous estimate.
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Figure 6.20: Nominal/Constrained GEOMnvr-1 Track

Figure 6.21: Nominal/Constrained GEOMnvr-1 Observations

It should be noted that the assertions made in this section are contingent upon the critical
assumption that observations are always correlated to the correct target. After a maneuver,
and with only a few widely dispersed observations, it may be difficult to correlate observations
to an intended target. The ability to back-project the most likely maneuver is therefore a



Kevin M. Nastasi Chapter 6. Process Comparisons & Implications 103

key technical contribution that can substantially improve the correlation process.

6.4.2 Covariance Inflation & FIG-Only POMDP

For the baseline Covariance Inflation and FIG-Only tasking strategy, the average RMS errors
for the individual non-maneuvering spacecraft are presented in Figure 6.22. The smallest

Figure 6.22: Inflation/FIG-Only: Average RMS Error Per Target

average RMS position error, at roughly 37m, belongs to Walker30 in LEO. The smallest
average RMS velocity error, at 8.7e−6km/s, is correlated with Walker189 in GEO. Several
non-maneuvering satellites exhibit significantly higher average error, which is likely due to
the particular set of visible sensors over the course of the scenario, as described in Section 6.2.

For the maneuvering spacecraft, most of the orbit estimate and observation plots are provided
in Section C.4, but a few are provided here for discussion. Returning to LEOMnvr-2 in
Figure 6.23, it’s evident that the Covariance Inflation algorithm detects the maneuver with
the first observation after the event. The yellow squares in Figure 6.23 represent the collected
observations when the Covariance Inflation algorithm was operating. The covariance is then
appropriately inflated as indicated by the rise in the three sigma covariance line to account
for the observation. Compared to the orbit estimate plot in Figure 6.16, observations are
dispersed more in the Covariance Inflation and FIG-Only POMDP after the maneuver and
the error is reduced to within nominal levels after approximately three to four hours.
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Figure 6.23: Inflation/FIG-Only LEOMnvr-2 Track

Figure 6.24 depicts the observations of LEOMnvr-2 that were taken (blue) or neglected (red),
using the Covariance Inflation and FIG-Only tasking strategy. Even though the covariance

Figure 6.24: Inflation/FIG-Only LEOMnvr-2 Observations

was inflated substantially, the FIG-Only POMDP did not task additional sensors, compared
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to the nominal approach.

The impact of the covariance inflation in the MEOMnvr-1 case is much more substantial,
as shown in Figure 6.25. The maneuver is once again detected with the first nominally

Figure 6.25: Inflation/FIG-Only MEOMnvr-1 Track

scheduled observation after the maneuver and the covariance is inflated accordingly. The
resulting drop in error is almost immediate. Where as the nominal case in Figure C.5 required
roughly seven hours after the maneuver detection to sufficiently converge, the Covariance
Inflation case closed on a new accurate orbit estimate within an hour.

In Figure 6.26, the covariance inflation did not result in any discernible diversion of sensor
resources to MEOMnvr-1. The tasking strategy continues to task one or two sensors, which is
consistent with the tasking behavior observed before the maneuver. This would suggest that
the Covariance Inflation and FIG-Only tasking strategy efficiently managed the covariance so
that additional sensors were not required. Those sensors were therefore available to observe
other spacecraft in the nominal catalog maintenance mission.

Lastly, the Covariance Inflation and FIG-Only strategy was assessed against GEOMnvr-1.
Like the previous examples, this approach was able to detect the GEOMnvr-1 maneuver with
the first observation and sufficiently inflate the covariance accommodate the increased error,
as depicted in Figure 6.27. Interestingly, the inflation did not necessarily help reduce the
error any faster than the nominal case did (Figure C.9). It took roughly five hours for both
tasking strategies to effectively reduce the error below the nominal three sigma covariance
line.

Like the previous examples, the observation plot in Figure 6.28 indicates that the covariance
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Figure 6.26: Inflation/FIG-Only MEOMnvr-1 Observations

Figure 6.27: Inflation/FIG-Only GEOMnvr-1 Track

inflation was not substantial enough to divert additional sensors after the maneuver. The
sensors that were tasked were all HEO sensors with EOIR sensors, which would help explain
why the observations after the maneuver did not rapidly reduce the error. The HEOsensors
only provide angles-only information from a potentially substantial range, thus significant
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Figure 6.28: Inflation/FIG-Only GEOMnvr-1 Observations

limiting the amount of information collected.

Overall, the Covariance Inflation and FIG-Only POMDP tasking strategy was effective at
detecting and tracking through unknown maneuvers. The scalar inflation was not substan-
tial enough to divert additional sensors from other potential targets, yet it was significant
enough to improve the filter’s ability to rapidly converge on a viable orbit estimate after the
maneuver.
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6.4.3 Shotgun SMM & Continuous Observation POMDP

For the Shotgun SMM and Continuous Observation POMDP tasking strategy, the average
RMS error for the 200 non-maneuvering spacecraft is depicted in Figure 6.29. With this

Figure 6.29: Shotgun SMM/Continuous: Percent RMS Error Per Target

approach, the higher altitude satellites incur a higher error than their LEO counterparts,
but the estimates are still very accurate. There is also less variability in the RMS error from
one target to the next compared to the baseline approach in Figure 6.22. In this scenario the
smallest average RMS position error belongs to Walker120 in the 1,500km LEO constellation.
The smallest average RMS velocity error is correlated with Walker189 in GEO.

Once again, LEOMnvr-2, MEOMnvr-1, and GEOMnvr-1 are described here, while the re-
maining maneuvering satellite information is provided in Appendix Section C.5. In the
LEOMnvr-2 case, the Shotgun SMM detected the maneuver with the first observation and
created a executed the Static Multiple Model described in Section 4.5. As depicted in Fig-
ure 6.30, the SMM is executed for four observations and rapidly converges on a viable orbit
estimate within an hour.

Though the resulting covariance inflation is not apparent in the plot, it did have a signif-
icant impact on how the Continuous Observation POMDP tasked sensors. In Figure 6.30
a series of nearly continuous observations is visible after the Shotgun SMM is terminated.
The observation plot in Figure 6.31 shows that after the initial observation that detected the
maneuver, all visible sensors were tasked to observe LEOMnvr-2 for one or two time steps.
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Figure 6.30: Shotgun SMM/Continuous LEOMnvr-2 Track

Red in Figure 6.31 denotes neglected observations, whereas blue denotes tasks observations.
After the maneuver, the number of blue observations is equal to the number of red observa-
tions, indicating that all possible observations are collected for one or two time steps. Several

Figure 6.31: Shotgun SMM/Continuous LEOMnvr-2 Observations
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instances of simultaneous observations were required in subsequent time steps. This sensor
herding behavior is not evident in the previous Covariance Inflation and FIG-Only strategy.
While it might not be optimal, the speed at which the filter associated with LEOMnvr-2 is
able to converge on a new orbit estimate is substantial.

A similar situation is observed with MEOMnvr-1. In Figure 6.32, the orbit estimate plot
shows that the maneuver was once again detected with the first observation, and that the
Shotgun SMM was implemented for a total of four sequential time steps. The filter converges
on a viable orbit estimate within a few observations. Like in the LEOMnvr-2 case, the

Figure 6.32: Shotgun SMM/Continuous MEOMnvr-1 Track

Shotgun SMM forces the Continuous Observation POMDP to task all of the visible sensors
for a time step or two, resulting in a substantial influx of new information. After this initial
sensor herding, however, no additional simultaneous observations are tasked for the remained
of the scenario.

In the GEOMnvr-1 case, the Shotgun SMM and Continuous Observation approach are able
to detect the maneuver and rapidly converge on a new orbit estimate, despite the extended
observation gap after the maneuver occurred. As depicted in Figure 6.34, the Shotgun SMM
is used during four observations before it is terminated, after which a long series of successive
observations are collected using the nominal filter .

Figure 6.35 shows that once again all visible sensors are tasked for a time step or two after
the initial observation. The blue (number of tasked observations) line in the lower panel of
Figure 6.35 completely overlays the red (number of neglected observations), thus indicating
that all possible observations are collected during those time steps. The large influx of new
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Figure 6.33: Shotgun SMM/Continuous MEOMnvr-1 Observations

Figure 6.34: Shotgun SMM/Continuous GEOMnvr-1 Track

information aids in the rapid convergence to a viable estimate. The subsequent long series
of observations is conducted by a single HEO sensor. These additional observations help
reduce the error to pre-maneuver magnitudes.
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Figure 6.35: Shotgun SMM/Continuous GEOMnvr-1 Observations

Overall, the Shotgun SMM and Continuous Observation POMDP tasking strategy was very
effective at rapidly reacquiring a viable orbit estimate after an unknown maneuver. In
additional to the benefits incurred with the SMM approach, this strategy was so responsive
because a large number of sensors were tasked to observe the targets immediately following
maneuver detection. This sensor herding behavior, however, was short lived in all cases.
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6.4.4 Lambert SMM & Constrained Observation POMDP

For the Lambert SMM and Constrained Observation POMDP tasking strategy the average
RMS error for the 200 non-maneuvering spacecraft is presented in Figure 6.36. The error

Figure 6.36: Lambert SMM/Constrained: Average RMS Error Per Target

associated with LEO target estimates for this tasking strategy is comparable to that seen in
the previous command and control algorithms. For the MEO and GEO regimes, many of the
target estimates have considerably higher position error, though the RMS velocity errors are
similarly reduced. The smallest position RMS error of almost 48m belongs to Walker112,
and the smallest RMS velocity error of almost 2e−5km/s belongs to Walker191.

The Lambert SMM and Constrained Observation POMDP tasking strategy is the first of the
four presented sensor management algorithms that significantly reduces the number of ob-
servations that are tasked over the course of the scenario. As demonstrated in Section 6.4.1,
limiting the number of observations significantly and detrimentally impacts the nominal
tasking strategy’s ability to track through an unknown maneuver. Therefore, the inclusion
of effective and efficient adaptive estimation can significantly improve a Constrained Obser-
vation POMDP’s ability to manage multiple sensors in a dynamic environment. The first
example is the LEOMnvr-2 spacecraft, which performs a maneuver at t = 16.5 hours. The
orbit estimate plot in Figure 6.37 shows that the Lambert SMM is used during nine observa-
tions before the nominal UKF is reinitialized. The Lambert SMM continues to run even after
the estimate falls back below the three sigma covariance line, because the Lambert SMM is
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forced to execute for at least three observations. The nominal UKF was likely reinitialized
when the error first fell below the three sigma line. As evidenced by the rapid regrowth in
error above the three sigma covariance line, another Lambert SMM was likely initialized at
the next observation and executed for another four observations due the minimum of three
observation constraint placed on the adaptive estimation process. The nominal Constrained
Observation algorithm in Figure C.27 failed to converge on a viable orbit estimate before
the end of the scenario for LEOMnvr-2. The Lambert SMM required roughly five hours to
reacquire an appropriate estimate.

Figure 6.37: Lambert SMM/Constrained LEOMnvr-2 Track

Figure 6.38 depicts the small fraction of total observations that were tasked compared to
the total number of available observations. Like in the Shotgun SMM case, the Lambert
SMM forced the Constrained Observation POMDP to task all of the available sensors for
several time steps after the maneuver was detected. This behavior was only required for
two or three observations, and only one or two sensors participated in future Lambert SMM
observations.

In the MEOMnvr-1 case, sensor herding is witnessed more often than in previous examples,
though the number of observed time steps remains small due to the Constrained Observa-
tion POMDP. The maneuver is detected shortly after execution and the Lambert SMM is
executed for five time steps spread over approximately eleven hours. The SMM fails to reach
a convergence criterion before the end of the scenario, but the position and velocity errors
by t = 17 hours are of similar magnitude to those before the maneuver.

Figure 6.40 shows that significant sensor herding behavior was present in three of the five time
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Figure 6.38: Lambert SMM/Constrained LEOMnvr-2 Observations

Figure 6.39: Lambert SMM/Constrained MEOMnvr-1 Track

steps where the Lambert SMM was used. The Constrained Observation POMDP repeatedly
tasks simultaneous observations during these time steps to reduce the uncertainty. Once
the estimate reaches a prescribed convergence criterion, the nominal filter is reinitialized. It
should also be noted that the majority of the sensors participating in the simultaneous obser-
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Figure 6.40: Lambert SMM/Constrained MEOMnvr-1 Observations

vations are the space-based EOIR sensors that provide only a limited amount of information
with each observation.

The Lambert SMM and Constrained Observation tasking strategy was more effective at
tracking through the unknown GEOMnvr-1 maneuver, though significant sensor herding
was also present in this case for several observation time steps. Figure 6.41 shows how the
Lambert SMM was required for four time steps before the convergence criteria were reached.
The initial reduction in error is rapid, with RMS position and velocity error reducing to
pre-maneuver magnitudes, or lower, within an hour.

Figure 6.42 depicts the multiple simultaneous observations following the maneuver detection.
Once again, the combination of the Lambert SMM and the Constrained Observation POMDP
resulted in significant sensor herding during the time steps when adaptive estimation was
being applied.

Overall, the Lambert SMM and Constrained Observation POMDP is a responsive and effi-
cient tasking strategy, but it did suffer from significant sensor herding while the SMM was
being implemented. This behavior is likely a signficant contributor to the increased average
RMS error depicted at higher altitudes in Figure 6.15. If more sensors were being tasked
to observed maneuvering spacecraft, then fewer sensors were available to keep track of the
larger non-maneuvering satellite population.
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Figure 6.41: Lambert SMM/Constrained GEOMnvr-1 Track

Figure 6.42: Lambert SMM/Constrained GEOMnvr-1 Observations
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6.4.5 Lambert GPB1 Constrained Observation POMDP

For the Lambert GPB1 and Constrained Observation POMDP tasking strategy the average
RMS error for the 200 non-maneuvering spacecraft is presented in Figure 6.43. The average

Figure 6.43: Lambert GPB1/Constrained: Average RMS Error Per Target

RMS error for the non-maneuvering spacecraft incurred with this tasking strategy is similar
to the those presented for the previous approaches. While the error is notably larger for the
higher altitude MEO and GEO satellites, the orbit estimates are still very accurate. Once
more the smallest average RMS position error of 59m is associated with a satellite in the
1,500km LEO constellation, Walker126 in this case. The smallest average RMS velocity error
of 1.58e−6km/s is associated with Walker191, in GEO.

As discussed in Section 6.3, the Lambert GPB1 is rarely executed for more than one time
step, even with the Constrained Observation POMDP. In the full scale test, the combi-
nation of the Lambert GPB1 and the Constrained Observation POMDP resulted in an
interesting interaction between adaptive and nominal estimation, as shown in Figure 6.44.
In the LEOMnvr-2 case, the Lambert GPB1 process was used only once for the first obser-
vation after the satellite maneuver. The resulting covariance inflation caused more frequent
observations of LEOMnvr-2 using the nominal filter. Once the covariance was reduced to
pre-maneuver levels, the Constrained Observation POMDP returned to a more normal ob-
servation frequency.

Additionally, sensor herding was far less prevalent with the Lambert GPB1 and the Con-
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Figure 6.44: Lambert GPB1/Constrained LEOMnvr-2 Track

strained Observation tasking strategy, as is evident in Figure 6.45. Simultaneous observations

Figure 6.45: Lambert GPB1/Constrained LEOMnvr-2 Observations

after the maneuver are indeed present, but only a subset of the available sensors are tasked
during these times. In the LEOMnvr-2 case, several series of sequential observations are
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made with a single sensor. The overall strategy is still considerably responsive, converg-
ing to a viable orbit estimate within two hours. The key distinction is that the Lambert
SMM and the Constrained Observation POMDP use a combination of adaptive and nominal
estimation to accomplish the task, which is not generally evident in the other approaches.

In the MEOMnvr-1 case, the Lambert GPB1 algorithm was called three time, though not
consecutively. Depicted in Figure 6.46, the GPB1 method is implemented for one time step
as soon as the maneuver is detected. A series of consecutive observations are made with the

Figure 6.46: Lambert GPB1/Constrained MEOMnvr-1 Track

nominal filter, however, before the Lambert GPB1 algorithm is called again. Finally, a third
and separate call to the adaptive estimation is made to reduce the error and covariance to
pre-maneuver magnitudes.

Once again, the tasking strategy only uses a long series of single sensor observation, and
several two sensor observations, to converge on a viable estimate, rather than the significant
sensor herding approach used in the previous SMM methods. As shown in Figure 6.47,
the majority of the observations are provided by a HEO spacecraft, followed by several
simultaneous observations by the highly capable LPAR sensors. It is particularly noticeable
in the MEOMnvr-1 case how few the number of tasked observations are compared to number
of neglected observations.

The GEOMnvr-1 example provides perhaps the best instance of the unique interaction be-
tween the estimation and POMDP algorithms in the Lambert GPB1 and Constrained Ob-
servation tasking strategy. In Figure 6.48, the maneuver is detected once more with the
first observation after the maneuver, and the Lambert GPB1 is executed for a single time
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Figure 6.47: Lambert GPB1/Constrained MEOMnvr-1 Observations

step. What follows is a particularly long series of consecutive observations from one of the

Figure 6.48: Lambert GPB1/Constrained GEOMnvr-1 Track

terrestrial EOIR sensors using only the nominal filter. As depicted in Figure 6.49, at no
time are simultaneous observations made, even though the potential certainly exists. In
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the previous approaches multiple sensors were indeed tasked to track GEOMnvr-1 after the
maneuver was detected. The Lambert GPB1 and Constrained observation tasking strategy,
however, consistently limits the number of tasked observations at any given time step to
a single sensor, but tasks more observations over time immediately following a maneuver.
After approximately two hours, the Constrained Observation POMDP returns to a normal

Figure 6.49: Lambert GPB1/Constrained GEOMnvr-1 Observations

observation frequency with a new orbit estimate for GEOMnvr-2.
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6.5 Summary

This chapter stepped through a series of analyses to thoroughly assess each aspect of the
tasking strategies developed for this dissertation. First the POMDPs were independently
assessed to determine which approach performed better. Each method had its advantages
and disadvantages. The FIG-Only approach maintained a low average RMS error, but it
was neither the most efficient nor the most effective. The Continuous Observation POMDP
maintained a similarly low average RMS error, and collect more information per observation
than the baseline FIG-Only method. The Continuous Observation approach, however, was
not as efficient as the Constrained Observation POMDP, which sacrificed a small amount of
accuracy for decreased strain on the physical systems themselves.

Next, the adaptive estimation techniques were assessed with each POMDP against only
maneuvering targets. This analysis helped characterize how well each adaptive estimation
performed overall. The results of that investigation show that all four adaptive estima-
tion strategies developed in this dissertation are more responsive and effective at tracking
through unknown maneuvers than the nominal static filter. Of the four adaptive estimation
approaches, the Covariance Inflation and Lambert GPB1 performed consistently well for all
three decision processes. The Shotgun and Lambert SMM methods showed degraded per-
formance in some respects when used with the Constrained Observation POMDP, but the
effects were comparatively small. Comparing like estimation techniques across POMDPs also
shows that the time to reacquire a new orbit estimate for a particular maneuvering target is
the result of the interaction between the estimation and the tasking strategy. Convergence
times vary significantly for a particular target depending on the combination of adaptive
estimation and decision processing.

Lastly, a full scale test was performed against four integrated tasking strategies: Covari-
ance Inflation and the FIG-Only POMDP, Shotgun SMM and the Continuous Observation
POMDP, Lambert SMM and the Constrained Observation POMDP, and finally the Lambert
GPB1 and the Constrained Observation POMDP. All four methods presented unique char-
acteristics, and all four performed successfully. Perhaps the most successful of the four pro-
posed tasking strategies was the Lambert GPB1 and the Constrained Observation POMDP,
which successfully managed 207 non-maneuvering and maneuvering spacecraft with minimal
sensor herding behavior and relatively few observations.



Chapter 7

Conclusions

7.1 Summary of Research Motivation & Objectives

Autonomous command and control of a globally distributed Space Object Surveillance &
Identification network is a necessary and incredibly complex area of research. Much of
what enables modern civilization, from communications and GPS to remote sensing, routes
through the space environment, making it a critically important domain. To ensure the
future utilization of indispensable space assets, the near-Earth orbital environment must be
monitored continuously to maintain actionable Space Situational Awareness. To date, SSA
is achieved through highly procedural and slow human-in-the-loop surveillance networks.
These processes are currently strained and may soon become inadequate as increasing ac-
cess to space and advances in satellite propulsion make the space domain more populous
and dynamic. The need for autonomous command and control and adaptive estimation to
make globally distributed and diversely populated SOSI networks more responsive has been
identified by several agencies in recent years.

This dissertation addressed how a large and diverse network of terrestrial and space-based
sensors could be autonomously tasked to maintain SSA of a much larger population of non-
maneuvering spacecraft, while simultaneously detecting unknown maneuvers and rapidly
reacquiring viable orbit estimates for multiple maneuvering satellites. The suboptimal Par-
tially Observed Markov Decision Process was identified as a viable means of autonomously
and responsively commanding a sensor network. Multiple Model Adaptive Estimation was
identified as a potential approach for tracking through unknown maneuvers without human
intervention in the command and control process. Three research objectives were defined to
structure the research:

1. Develop a set of decision processes that enable responsive and efficient SOSI network
command and control

124
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2. Develop a set of adaptive estimation algorithms to track maneuvering spacecraft

3. Within the defined scenario, assess how effectively decision processes and adaptive
estimation algorithms interact to track a large RSO population

Ultimately, how efficiently the integrated tasking strategy controls a global SOSI network
determines the degree to which SSA of the entire space domain is maintained.

7.2 Summary of Contributions

This dissertation’s primary contribution is the development and assessment of responsive
SOSI network command and control algorithms using suboptimal POMDPs and MMAE to
track a large number of non-maneuvering and maneuvering satellites with a diverse set of
sensors. By achieving the research objectives delineated in Section 5.3, and restated in the
previous section, the specific novel contributions of this dissertation are as follows:

1. The development and assessment of a real-time, continuous observation suboptimal
POMDP algorithm that uses Fisher Information Gain, maximal Lyapunov exponent
approximation, and Degrees of Transport reward metrics to task radar and EOIR
sensors

2. The development and assessment of a real-time, cost-constrained suboptimal POMDP
algorithms that uses Fisher Information Gain, maximal Lyapunov exponent approxi-
mation, and slew time cost to task radar and EOIR sensors

3. The development of a real-time, baseline suboptimal POMDP using only Fisher Infor-
mation Gain to task radar and EOIR sensors

4. The development and assessment of a “Shotgun” Static Multiple Model algorithm to
detect and track through unknown tangential maneuvers

5. The development and assessment of a Lambert Targeter Static Multiple Model algo-
rithm to detect and track through unknown maneuvers in any direction

6. The development and assessment of a Lambert Targeter Generalized Pseudo-Bayesian
of First Order Multiple Model algorithm to detect and track through unknown maneu-
vers in any direction

7. The development of a baseline Covariance Inflation algorithm that optimizes a scalar
inflation value using a binary search method to detect and track through unknown
maneuvers in any direction
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8. The integration of the aforementioned suboptimal POMDPs and adaptive estimation
algorithms, and assessment of the combined algorithms in a globally-distributed, di-
versely populated SOSI network that is tasked to track a large number of maneuvering
and non-maneuvering spacecraft

Assessment in this context refers to the comparison of POMDPs, adaptive estimation tech-
niques, and overall tasking strategies against the baseline developed for this dissertation.

Chapter 3 presented the model that was used to test the developed tasking strategies. A
centralized SOSI network was devised consisting of LPAR, terrestrial radar and EOIR, and
space-based EOIR sensors. Two constellations of target spacecraft were then defined. The
first constellation consisted of 100 non-maneuvering satellites distributed across all three
principal orbital regimes. This set of satellites was used for preliminary decision process
design and testing. The second constellation consisted of 200 non-maneuvering satellites
and seven maneuvering spacecraft distributed across all orbital regimes. The larger set
of non-maneuvering spacecraft was used to test the developed POMDPs independently of
the adaptive estimation techniques. The subset of maneuvering satellites was used to test
the adaptive estimation methods independently of the decision processes. The full test
constellation was ultimately used to test integrated tasking strategies.

Chapter 4 presented the four adaptive estimation techniques that were developed for this
dissertation. A baseline covariance inflation technique was developed using a binary search
method to optimize the scalar inflation factor, based on the normalized innovations squared
metric and threshold. An intermittent pruning “Shotgun” Static Multiple Model was de-
veloped that was executed a set of user-defined models only when a maneuver was detected
and removed unlikely models as new observations were collected. A more versatile SMM was
then introduced that used the universal variable method for solving the Lambert Problem
to determine an appropriate set of models. This algorithm was also only initialized when
a maneuver was detected and removed unlikely models as observations were collected. To
improve responsiveness, a Generalized Pseudo-Bayesian of First Order Multiple Model ver-
sion of the Lambert SMM was devised that used the combined state estimate and covariance
updates after an observation to inform the next set of models, should the Lambert GPB1
be called again. To conserve computational resources, the adaptive estimation approaches
were only initialized when a maneuver was detected and executed only as long as necessary
until a viable orbit estimate was attained.

Chapter 5 three suboptimal POMDPs were developed and presented. The first served as a
baseline approach based on previous research, and only considered the Fisher Information
Gain a potential observation would garner when determining the appropriate set of tasks at a
time step. The second method developed for this dissertation, termed the Continuous Obser-
vation POMDP, used the maximal Lyapunov exponent approximation, Fisher Information
Gain, and Degrees of Transport metrics to determine sensor tasks. Based on preliminary
analyses that determine the appropriate weight coefficients for each metric, the Continu-
ous Observation decision process normalizes and takes the weighted sum of three metrics
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to determine the reward value for each target-sensor pair. The third method developed for
this dissertation, called the Constrained Observation POMDP, limited the number of tasked
observations based on a reward and cost objective function. In the Constrained Observa-
tion method, observations are only tasked if the normalized FIG metric is greater than the
normalized slew time, and if the MLEA metric indicates a diverging target covariance.

Chapter 6, the decision processes and adaptive estimation techniques were assessed indepen-
dently. The three POMDPs each had advantages and disadvantages. The FIG-Only and
Continuous Observation decision processes had lower average root mean squared error than
the Constrained Observation approach. The Continuous Observation POMDP was actually
more effective at maximizing FIG per observation over time than the FIG-Only decision pro-
cess. While the Constrained Observation POMDP was less effective in reducing RMS error,
it still maintained viable orbit estimates for all targets, and did so more efficiently than the
other two decision processes. The adaptive estimation algorithms were first tested against
the set of seven maneuvering targets. In general, all four methods had comparable per-
formance, but the two Lambert Targeting Multiple Model Adaptive Estimation approaches
were the most responsive. Finally, four integrated tasking strategies were developed to assess
how each adaptive estimation technique would perform when integrated with a suboptimal
POMDP to track 207 non-maneuvering and maneuvering satellites using the full 24-sensor
test SOSI network. The baseline Covariance Inflation and FIG-Only strategy successfully
maintained SSA of the whole constellation, but was slower than the MMAE-based strate-
gies at converging to a new orbit estimate after an unknown maneuver. The Shotgun SMM
and Continuous Observation, and the Lambert SMM and Constrained Observation tasking
strategies rapidly reacquired viable orbit estimates after a maneuver, but often required
multiple simultaneous observation from a large number of sensors. The Lambert GPB1 and
Constrained Observation tasking strategy provided perhaps the best compromise between
the efficient sensor management seen in the Covariance Inflation and FIG-Only approach,
and the rapid estimate convergence garnered by the two SMM approaches. The Lambert
GPB1 and Constrained Observation strategy provided a relatively rapid response to an un-
known maneuver while also efficiently managing the sensor network, compared to the other
developed approaches, to maintain SSA of the entire constellation.

Previous research has focused on either the optimal scheduling of similar sensors to track a
large population of non-maneuvering Resident Space Objects [87, 44, 91], or the adaptive
estimation of one or a few maneuvering satellites without consideration of the larger SSA
mission [46, 43]. The former does not require adaptive estimation and is well suited for
routine SSA operations that can be scheduled over a 24 hour period, as is currently the case
for real-world networks [9]. The latter does not give due consideration to the challenges that
arise a SOSI network is over-tasked and may not be able to provide continuous observations
of a maneuvering spacecraft. The research presented in this dissertation investigated the
intersection of these two research paths to characterize how adaptive estimation could be
paired with responsive POMDPs to track a large number of RSOs. The satellite population
size was large enough that the SOSI network could not observe all objects all the time. The
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developed tasking strategies were required to appropriately manage the SOSI networks to
maintain viable orbit estimates for all targets, even when unknown maneuvers were detected.
This dissertation proposed several methods for tasking sensors, but ultimately showed that
a POMDP with multiple information and system-based decision metrics, coupled with a
Lambert Targeting dynamic multiple model approach was the most responsive and efficient
method for maintaining overall SSA while tracking through unknown maneuvers.

7.3 Recommendations for Future Work

The possibilities for future work are numerous and multi-faceted. Future work falls into the
categories outlined in Section 1.2.4: estimation, data association, sensor registration, data
fusion, and decision processing. As discussed in Section 2.4, to confidently detect and charac-
terize unknown maneuvers the estimation process must accurately account for the nonlinear
dynamics that are inherent in orbital mechanics. The UKF used in this dissertation was an
effective and computationally efficient method, but there are many other approaches, which
are computationally more intensive. Implementing a particle filter or some form of Gaussian
mixture model, like the Adaptive Entropy-based Gaussian-Mixture Information synthesis
(AEGIS) filter described in [44], into the framework developed in this dissertation would be
a valuable pursuit. Investigating linear sequential estimation algorithms, or even batch least
squares methods, would also be of value. The reason is that current SOSI networks imple-
ment Batch Least Squares methods to derive a satellite orbit from a history of observations.
Similarly, comparing suboptimal and adaptive POMDPs to the optimized POMDPs that are
currently used in real-world networks would be a valuable assessment of the advantages and
disadvantages of responsive tasking strategies. The question thus becomes, working within
the current real-world command and control framework, how might adaptive estimation be
implemented? The current trends in research are pushing towards more sophisticated es-
timation algorithms that simply cannot be implemented on current systems because the
assumed infrastructure does not exist. Many of the assumptions delineated in Section 1.2.4,
that are often used in estimation and decision making research for SSA must be overcome
for a proposed algorithm to be directly transferable to real-world systems.

From an adaptive estimation standpoint, more complex methods can be developed and
tested against more advanced maneuver models, such as continuous maneuvers or multiple
impulsive maneuvers. For example, an Interacting Multiple Model could be developed for
continuous thrusting satellites that initializes models based on the optimal trajectories to
rendezvous with a set of high value satellites. The assumption in this scenario is that the
maneuvering satellite is trying to approach another known spacecraft, and is doing so in a
generally predictable manner.

As such, future work should focus on removing the aforementioned assumptions and building
out the algorithms to accommodate the new complexities. If it is no longer assumed that
targets and observations are correctly correlated, then methods for data association must
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be used. There are many solutions ranging from simple nearest-neighbor algorithms to
probabilistic multiple hypothesis testing. The degree to which data association is integrated
into the estimation process, as opposed to a stand alone method, should also be addressed.
As the complexity of the overall estimation algorithm grows the computational burden grows,
which should always be an important consideration when designing a sensor management
strategy to track hundreds or thousands of objects. From a modeling standpoint, how
should observations be simulated to allow for multiple objects within a single observation.
DeMars [112] and others have investigated data association techniques, and there are many
opportunities to build off of their published works. In the same vain, more sophisticated
sensor models could be developed to simulate direct imagery or photometric data. Such
information could help inform data association and estimation algorithms by refining the set
of possible solutions. For example, photometric data of a satellite’s thruster plume might
indicate the type of propulsion system a spacecraft hosts, which would refine the acceptable
range of possible thrust magnitudes in an adaptive estimation algorithm.

The assumption that sensor states are known with absolute certainty can be removed, par-
ticularly for space-based sensors. The challenge in this case is how to mitigate the errors
and uncertainty that are injected into the target estimate from the sensor. As previously
discussed, the sensor state can be estimated when the target state is estimated, but this
would significantly increase the computational load. Sensor states could be estimated inde-
pendently if onboard GPS capabilities are assumed.

Data fusion in this dissertation was conducted at a measurement level because the centralized
sequential estimation process is well suited for this approach. If a partially decentralized or
fully decentralized SOSI network topology is considered, data fusion becomes more complex.
In a partially decentralized network each sensor node could independently update its own
target estimate and then a central processing node would fuse the estimate using a technique
like covariance intersection. Research into fully decentralized SOSI network data fusion could
investigate more sophisticated means of fusion that more resemble social learning and voting
than analytical processes.

Perhaps the most significant and impactful future work will be the integration of the subop-
timal POMDP and machine learning. Optimizing the decision process over a time window,
as is common practice today, will limit how responsive an autonomous network can be. Var-
ious machine learning techniques, like reinforcement learning [113], could be used to allow a
tasking strategy to “plan ahead” based on past experience. This behavior could increase a
tasking strategy’s effectiveness over time without sacrificing responsiveness. Indeed, much of
the command and control research community is investigating how machine learning could
be implemented, and there are many potential options for inclusion in autonomous SOSI
network command and control.



Appendix A

POMDP Coefficient Analyses

A.1 Continuous Observation POMDP

Figure A.1: Percent RMS Position Error Vs. Alpha
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Figure A.2: Percent RMS Position Error Vs. Beta

Figure A.3: Percent RMS Position Error Vs. Gamma
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A.2 Cost-Constrained POMDP

Figure A.4: Percent RMS Position Error Vs. Delta



Appendix B

Adaptive Estimation Test Analysis

B.1 FIG-Only POMDP

B.1.1 No Adaptive Estimation

Figure B.1: A.E. Test: Nominal/FIG-Only LEOMnvr-1 Track
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Figure B.2: A.E. Test: Nominal/FIG-Only LEOMnvr-2 Track

Figure B.3: A.E. Test: Nominal/FIG-Only LEOMnvr-3 Track
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Figure B.4: A.E. Test: Nominal/FIG-Only MEOMnvr-2 Track

Figure B.5: A.E. Test: Nominal/FIG-Only GEOMnvr-1 Track
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Figure B.6: A.E. Test: Nominal/FIG-Only GEOMnvr-2 Track
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B.1.2 Covariance Inflation

Figure B.7: A.E. Test: Inflation/FIG-Only LEOMnvr-1 Track
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Figure B.8: A.E. Test: Inflation/FIG-Only LEOMnvr-2 Track

Figure B.9: A.E. Test: Inflation/FIG-Only LEOMnvr-3 Track
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Figure B.10: A.E. Test: Inflation/FIG-Only MEOMnvr-1 Track

Figure B.11: A.E. Test: Inflation/FIG-Only MEOMnvr-2 Track
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Figure B.12: A.E. Test: Inflation/FIG-Only GEOMnvr-1 Track

Figure B.13: A.E. Test: Inflation/FIG-Only GEOMnvr-2 Track
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B.1.3 Shotgun SMM

Figure B.14: A.E. Test: Shotgun SMM/FIG-Only LEOMnvr-1 Track



Kevin M. Nastasi Appendix B. Adaptive Estimation Test Analysis 142

Figure B.15: A.E. Test: Shotgun SMM/FIG-Only LEOMnvr-2 Track

Figure B.16: A.E. Test: Shotgun SMM/FIG-Only LEOMnvr-3 Track
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Figure B.17: A.E. Test: Shotgun SMM/FIG-Only MEOMnvr-1 Track

Figure B.18: A.E. Test: Shotgun SMM/FIG-Only MEOMnvr-2 Track
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Figure B.19: A.E. Test: Shotgun SMM/FIG-Only GEOMnvr-1 Track

Figure B.20: A.E. Test: Shotgun SMM/FIG-Only GEOMnvr-2 Track
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B.1.4 Lambert SMM

Figure B.21: A.E. Test: Lambert SMM/FIG-Only LEOMnvr-1 Track
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Figure B.22: A.E. Test: Lambert SMM/FIG-Only LEOMnvr-2 Track

Figure B.23: A.E. Test: Lambert SMM/FIG-Only LEOMnvr-3 Track
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Figure B.24: A.E. Test: Lambert SMM/FIG-Only MEOMnvr-1 Track

Figure B.25: A.E. Test: Lambert SMM/FIG-Only MEOMnvr-2 Track
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Figure B.26: A.E. Test: Lambert SMM/FIG-Only GEOMnvr-2 Track
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B.1.5 Lambert GPB1

Figure B.27: A.E. Test: Lambert GPB1/FIG-Only LEOMnvr-1 Track
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Figure B.28: A.E. Test: Lambert GPB1/FIG-Only LEOMnvr-2 Track

Figure B.29: A.E. Test: Lambert GPB1/FIG-Only LEOMnvr-3 Track
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Figure B.30: A.E. Test: Lambert GPB1/FIG-Only MEOMnvr-1 Track

Figure B.31: A.E. Test: Lambert GPB1/FIG-Only MEOMnvr-2 Track
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Figure B.32: A.E. Test: Lambert GPB1/FIG-Only GEOMnvr-1 Track

Figure B.33: A.E. Test: Lambert GPB1/FIG-Only GEOMnvr-2 Track
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B.2 Continuous Observation POMDP

B.2.1 No Adaptive Estimation

Figure B.34: A.E. Test: Nominal/Continuous LEOMnvr-1 Track
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Figure B.35: A.E. Test: Nominal/Continuous LEOMnvr-2 Track

Figure B.36: A.E. Test: Nominal/Continuous LEOMnvr-3 Track
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Figure B.37: A.E. Test: Nominal/Continuous MEOMnvr-1 Track

Figure B.38: A.E. Test: Nominal/Continuous MEOMnvr-2 Track
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Figure B.39: A.E. Test: Nominal/Continuous GEOMnvr-1 Track

Figure B.40: A.E. Test: Nominal/Continuous GEOMnvr-2 Track
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B.2.2 Covariance Inflation

Figure B.41: A.E. Test: Inflation/Continuous LEOMnvr-1 Track
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Figure B.42: A.E. Test: Inflation/Continuous LEOMnvr-2 Track

Figure B.43: A.E. Test: Inflation/Continuous LEOMnvr-3 Track
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Figure B.44: A.E. Test: Inflation/Continuous MEOMnvr-1 Track

Figure B.45: A.E. Test: Inflation/Continuous MEOMnvr-2 Track
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Figure B.46: A.E. Test: Inflation/Continuous GEOMnvr-1 Track

Figure B.47: A.E. Test: Inflation/Continuous GEOMnvr-2 Track
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B.2.3 Shotgun SMM

Figure B.48: A.E. Test: Shotgun SMM/Continuous LEOMnvr-1 Track
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Figure B.49: A.E. Test: Shotgun SMM/Continuous LEOMnvr-2 Track

Figure B.50: A.E. Test: Shotgun SMM/Continuous LEOMnvr-3 Track
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Figure B.51: A.E. Test: Shotgun SMM/Continuous MEOMnvr-2 Track

Figure B.52: A.E. Test: Shotgun SMM/Continuous GEOMnvr-1 Track
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Figure B.53: A.E. Test: Shotgun SMM/Continuous GEOMnvr-2 Track
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B.2.4 Lambert SMM

Figure B.54: A.E. Test: Lambert SMM/Continuous LEOMnvr-1 Track
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Figure B.55: A.E. Test: Lambert SMM/Continuous LEOMnvr-2 Track

Figure B.56: A.E. Test: Lambert SMM/Continuous LEOMnvr-3 Track
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Figure B.57: A.E. Test: Lambert SMM/Continuous MEOMnvr-1 Track

Figure B.58: A.E. Test: Lambert SMM/Continuous MEOMnvr-2 Track
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Figure B.59: A.E. Test: Lambert SMM/Continuous GEOMnvr-1 Track

Figure B.60: A.E. Test: Lambert SMM/Continuous GEOMnvr-2 Track
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B.2.5 Lambert GPB1

Figure B.61: A.E. Test: Lambert GPB1/Continuous LEOMnvr-1 Track
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Figure B.62: A.E. Test: Lambert GPB1/Continuous LEOMnvr-2 Track

Figure B.63: A.E. Test: Lambert GPB1/Continuous LEOMnvr-3 Track
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Figure B.64: A.E. Test: Lambert GPB1/Continuous MEOMnvr-1 Track

Figure B.65: A.E. Test: Lambert GPB1/Continuous MEOMnvr-2 Track
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Figure B.66: A.E. Test: Lambert GPB1/Continuous GEOMnvr-1 Track
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B.3 Constrained Observation POMDP

B.3.1 No Adaptive Estimation

Figure B.67: A.E. Test: Nominal/Constrained LEOMnvr-1 Track
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Figure B.68: A.E. Test: Nominal/Constrained LEOMnvr-2 Track

Figure B.69: A.E. Test: Nominal/Constrained LEOMnvr-3 Track
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Figure B.70: A.E. Test: Nominal/Constrained MEOMnvr-2 Track

Figure B.71: A.E. Test: Nominal/Constrained GEOMnvr-1 Track
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Figure B.72: A.E. Test: Nominal/Constrained GEOMnvr-2 Track
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B.3.2 Covariance Inflation

Figure B.73: A.E. Test: Inflation/Constrained LEOMnvr-1 Track
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Figure B.74: A.E. Test: Inflation/Constrained LEOMnvr-2 Track

Figure B.75: A.E. Test: Inflation/Constrained LEOMnvr-3 Track
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Figure B.76: A.E. Test: Inflation/Constrained MEOMnvr-1 Track

Figure B.77: A.E. Test: Inflation/Constrained MEOMnvr-2 Track
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Figure B.78: A.E. Test: Inflation/Constrained GEOMnvr-1 Track
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B.3.3 Shotgun SMM

Figure B.79: A.E. Test: Shotgun SMM/Constrained LEOMnvr-1 Track
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Figure B.80: A.E. Test: Shotgun SMM/Constrained LEOMnvr-2 Track

Figure B.81: A.E. Test: Shotgun SMM/Constrained LEOMnvr-3 Track
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Figure B.82: A.E. Test: Shotgun SMM/Constrained MEOMnvr-1 Track

Figure B.83: A.E. Test: Shotgun SMM/Constrained MEOMnvr-2 Track
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Figure B.84: A.E. Test: Shotgun SMM/Constrained GEOMnvr-1 Track

Figure B.85: A.E. Test: Shotgun SMM/Constrained GEOMnvr-2 Track
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B.3.4 Lambert SMM

Figure B.86: A.E. Test: Lambert SMM/Constrained LEOMnvr-1 Track
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Figure B.87: A.E. Test: Lambert SMM/Constrained LEOMnvr-2 Track

Figure B.88: A.E. Test: Lambert SMM/Constrained LEOMnvr-3 Track
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Figure B.89: A.E. Test: Lambert SMM/Constrained MEOMnvr-1 Track

Figure B.90: A.E. Test: Lambert SMM/Constrained MEOMnvr-2 Track
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Figure B.91: A.E. Test: Lambert SMM/Constrained GEOMnvr-1 Track
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B.3.5 Lambert GPB1

Figure B.92: A.E. Test: Lambert GPB1/Constrained LEOMnvr-1 Track
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Figure B.93: A.E. Test: Lambert GPB1/Constrained LEOMnvr-2 Track

Figure B.94: A.E. Test: Lambert GPB1/Constrained LEOMnvr-3 Track
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Figure B.95: A.E. Test: Lambert GPB1/Constrained MEOMnvr-1 Track

Figure B.96: A.E. Test: Lambert GPB1/Constrained MEOMnvr-2 Track
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Figure B.97: A.E. Test: Lambert GPB1/Constrained GEOMnvr-1 Track

Figure B.98: A.E. Test: Lambert GPB1/Constrained GEOMnvr-2 Track



Appendix C

Full Scale Test Analysis

C.1 No Adaptive Estimation & FIG-Only POMDP

Figure C.1: Nominal/FIG-Only LEOMnvr-1 Track
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Figure C.2: Nominal/FIG-Only LEOMnvr-1 Observations

Figure C.3: Nominal/FIG-Only LEOMnvr-3 Track
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Figure C.4: Nominal/FIG-Only LEOMnvr-3 Observations

Figure C.5: Nominal/FIG-Only MEOMnvr-1 Track
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Figure C.6: Nominal/FIG-Only MEOMnvr-1 Observations

Figure C.7: Nominal/FIG-Only MEOMnvr-2 Track
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Figure C.8: Nominal/FIG-Only MEOMnvr-2 Observations

Figure C.9: Nominal/FIG-Only GEOMnvr-1 Track
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Figure C.10: Nominal/FIG-Only GEOMnvr-1 Observations

Figure C.11: Nominal/FIG-Only GEOMnvr-2 Track
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Figure C.12: Nominal/FIG-Only GEOMnvr-2 Observations
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C.2 No Adaptive Estimation & Continuous POMDP

Figure C.13: Nominal/Continuous LEOMnvr-1 Track

Figure C.14: Nominal/Continuous LEOMnvr-1 Observations
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Figure C.15: Nominal/Continuous LEOMnvr-2 Track

Figure C.16: Nominal/Continuous LEOMnvr-2 Observations
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Figure C.17: Nominal/Continuous LEOMnvr-3 Track

Figure C.18: Nominal/Continuous LEOMnvr-3 Observations
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Figure C.19: Nominal/Continuous MEOMnvr-2 Track

Figure C.20: Nominal/Continuous MEOMnvr-2 Observations



Kevin M. Nastasi Appendix A. Full Scale Test Analysis 204

Figure C.21: Nominal/Continuous GEOMnvr-1 Track

Figure C.22: Nominal/Continuous GEOMnvr-1 Observations
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Figure C.23: Nominal/Continuous GEOMnvr-2 Track

Figure C.24: Nominal/Continuous GEOMnvr-2 Observations
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C.3 No Adaptive Estimation & Constrained POMDP

Figure C.25: Nominal/Constrained LEOMnvr-1 Track

Figure C.26: Nominal/Constrained LEOMnvr-1 Observations
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Figure C.27: Nominal/Constrained LEOMnvr-2 Track

Figure C.28: Nominal/Constrained LEOMnvr-2 Observations
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Figure C.29: Nominal/Constrained LEOMnvr-3 Track

Figure C.30: Nominal/Constrained LEOMnvr-3 Observations
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Figure C.31: Nominal/Constrained MEOMnvr-1 Track

Figure C.32: Nominal/Constrained MEOMnvr-1 Observations
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Figure C.33: Nominal/Constrained MEOMnvr-2 Track

Figure C.34: Nominal/Constrained MEOMnvr-2 Observations
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Figure C.35: Nominal/Constrained GEOMnvr-2 Track

Figure C.36: Nominal/Constrained GEOMnvr-2 Observations
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C.4 Covariance Inflation & FIG-Only POMDP

Figure C.37: Inflation/FIG-Only LEOMnvr-1 Track

Figure C.38: Inflation/FIG-Only LEOMnvr-1 Observations
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Figure C.39: Inflation/FIG-Only LEOMnvr-3 Track

Figure C.40: Inflation/FIG-Only LEOMnvr-3 Observations
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Figure C.41: Inflation/FIG-Only MEOMnvr-2 Track

Figure C.42: Inflation/FIG-Only MEOMnvr-2 Observations
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Figure C.43: Inflation/FIG-Only GEOMnvr-2 Track

Figure C.44: Inflation/FIG-Only GEOMnvr-2 Observations
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C.5 Shotgun SMM & Continuous Observation POMDP

Figure C.45: Shotgun SMM/Continuous LEOMnvr-1 Track

Figure C.46: Shotgun SMM/Continuous LEOMnvr-1 Observations
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Figure C.47: Shotgun SMM/Continuous LEOMnvr-3 Track

Figure C.48: Shotgun SMM/Continuous LEOMnvr-3 Observations
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Figure C.49: Shotgun SMM/Continuous MEOMnvr-2 Track

Figure C.50: Shotgun SMM/Continuous MEOMnvr-2 Observations
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Figure C.51: Shotgun SMM/Continuous GEOMnvr-2 Track

Figure C.52: Shotgun SMM/Continuous GEOMnvr-2 Observations
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C.6 Lambert SMM & Constrained Observation POMDP

Figure C.53: Lambert SMM/Constrained LEOMnvr-1 Track

Figure C.54: Lambert SMM/Constrained LEOMnvr-1 Observations
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Figure C.55: Lambert SMM/Constrained LEOMnvr-3 Track

Figure C.56: Lambert SMM/Constrained LEOMnvr-3 Observations
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Figure C.57: Lambert SMM/Constrained MEOMnvr-2 Track

Figure C.58: Lambert SMM/Constrained MEOMnvr-2 Observations
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Figure C.59: Lambert SMM/Constrained GEOMnvr-2 Track

Figure C.60: Lambert SMM/Constrained GEOMnvr-2 Observations



Kevin M. Nastasi Appendix A. Full Scale Test Analysis 224

C.7 Lambert GPB1 & Constrained Observation POMDP

Figure C.61: Lambert GPB1/Constrained LEOMnvr-1 Track

Figure C.62: Lambert GPB1/Constrained LEOMnvr-1 Observations
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Figure C.63: Lambert GPB1/Constrained LEOMnvr-3 Track

Figure C.64: Lambert GPB1/Constrained LEOMnvr-3 Observations



Kevin M. Nastasi Appendix A. Full Scale Test Analysis 226

Figure C.65: Lambert GPB1/Constrained MEOMnvr-2 Track

Figure C.66: Lambert GPB1/Constrained MEOMnvr-2 Observations



Kevin M. Nastasi Appendix A. Full Scale Test Analysis 227

Figure C.67: Lambert GPB1/Constrained GEOMnvr-2 Track

Figure C.68: Lambert GPB1/Constrained GEOMnvr-2 Observations
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