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1 Summary: Objectives and Status of Effort

In this report, we summarize our accomplishments under Grant FA9550-18-1-0115. This project has five
interrelated research areas. The first of these focuses on developing reinforcement learning approaches
for Space Situational Awareness (SSA) applications. We developed Deep Reinforcement Learning (DRL)
algorithms to solve the SSA sensor management problem. Ground-based optical sensors are typically
restricted to a narrow field of view (FoV) and must be slew at a finite rate from object to object as
they observe them. Since there are many objects that a narrow FoV sensor could choose to observe, it
must algorithmically create a schedule that dictates which direction to point its sensor; a combinatorial
optimization problem known as the sensor tasking problem. Deep neural networks were used to capture
high-level features while overcoming the curse of dimensionality for optimal SSA sensor tasking. Under
this thrust, a suite of SSA simulation environments was developed where the DRL agents can be trained
to perform sensor management for ground-based and space-based optical sensors. We also developed a
framework for the training of DRL agents to perform catalog maintenance for SSA with ground-based
and space-based sensors while considering the long-term reward.

The second thrust looked into the usage of deep learning techniques for space objects classification
and characterization. The current simplified description of space objects (SOs) in the SSA SO catalog
limits the dynamic propagation model that can be used for predicting the state of the motion of SO.
The SSA catalog assumes a cannonball shape with generic surface properties for all tracked SOs. The
future SSA SO catalog and SSA systems need to be able to build a more detailed picture of the SO
characteristics to allow for more precise propagation models. The external forces — drag and solar
radiation pressure — acting on a SO can differ significantly depending on the SO’s geometry and physical
properties. Deep learning techniques are leveraged to extract the physical properties of the SO from
traditional light curve measurements. A framework to classify and characterize space objects via light
curves using deep learning was developed under this thrust.

The third thrust focuses on improving the orbital capacity for the Low Earth Orbit (LEO) regime.
We looked into the generation of satellite constellation architectures that allow for closely packed orbital
shells for increased orbital capacity. With the ever-increasing space activity and multiple large constel-
lations that have been planned for the LEO regime, the orbital conjunction risk and operational burden
associated with planning and coordinating collision avoidance maneuvers for active satellites have been
significantly increased. With the deployment of these large constellations, it was hypothesized that a
significant portion of the conjunction risk in the future will stem from active versus active cross-operator
conjunction events. A more efficient satellite constellation architecture is necessary to ensure safe seg-
regation between orbital shells while improving the orbital capacity. Under this thrust, a methodology
to generate closely packed constellations for increased orbital capacity in the Low Earth Orbit (LEO)
regime was developed.

Our fourth thrust looked into the usage of deep reinforcement learning techniques to infer SO intent
and anomalies in real-time. Inverse Reinforcement Learning (IRL) techniques are used to determine the
behavior of SOs by estimating the reward function that the SO is using for control. These IRL techniques
can be used to analyze the maneuvering of SOs from observational data in real-time and predict their
future maneuvers. We leveraged IRL techniques to determine the optimal reward function that a SO
is using while maneuvering with random disturbances by assuming that the observed trajectories are
optimal with respect to the SO’s own reward function.

Our fifth thrust focuses on developing the Koopman Operator theories for space application. Space
dynamical systems (celestial mechanics) can be highly nonlinear and complex with no analytical solu-
tions. One such example is the modeling of the effects of zonal harmonics induced by non-spherical
celestial bodies on the motion of a satellite. The Koopman Operator is leveraged to formulate the space
dynamical systems in terms of their observable and transform this nonlinear system with a finite number
of dimensions into a linear system with an infinite number of dimensions. The linear system with infinite
dimensions is approximated by projecting into a subspace to provide an accurate linearized model of the
complex space dynamical system. Our research thrusts have clear and direct relevance to Space Force
and more broadly DoD missions in safeguarding our space assets and the space environment for the
future generation.

The principal investigator for this effort is Assistant Professor Richard Linares and Professor Demoz
Gebre-Egziabher. They are assisted in the conduct of this research by several post-docs and graduate
research assistants. A brief summary of our research is provided in the Section 2. The individuals
involved in this effort are documented in Section 4 and publications supported by this effort are listed in
Section 5. In section 6, we discuss transitions of our research to commercial and government agencies.



2 Accomplishments and Technical Updates

In this section, a summary of the accomplishments and technical updates for each thrust is provided.
Readers are referred to the publications listed at the end of the report for detailed developments.

2.1 Large Scale Reinforcement Learning for Sensor Tasking in Space Situa-
tional Awareness

Space Situational Awareness (SSA) involves detecting, tracking, cataloging, and identifying artificial
objects or Space Objects (SO) orbiting the Earth. SSA is crucial in protecting our space assets and
ensuring the availability of space for future generations. This task is becoming increasingly difficult with
the ever-increasing number of artificial objects orbiting the Earth and the improvement in SSA sensing
capabilities [1]. In the United States, the Space Surveillance Network (SSN) is tasked with achieving
SSA by maintaining information on over 22,000 objects, 1,100 of which are active, with a collection of
optical and radar sensors.

Currently, the field of SSA has progressed over the past few decades with the development of new
sensors for making more detailed SO observations and algorithms for processing the observation data
[2-11]. Even with the development of these new approaches, significant work must be made in the
translation of SSA goals to sensor and resource allocation which is known as the Sensor Management
(SM) problem.

The SM problem involves allocating a limited number of resources (satellite observers) to observe a
large number of SO targets. The number of SO targets to be tracked can be a few orders of magnitude
larger than the available sensing resources. The SM problem is a general challenge across many engineer-
ing applications and has been extensively studied including tracking multiple objects using surveillance
cameras [12] and mobile robotic applications [13]. The sensor tasking problem has been formulated using
both an information-theoretic framework [14] and the general Bayesian framework [15]. Additionally,
work has been investigated for sensor tasking in the context of dynamical systems [16,17]. In recent
years, the optimal sensor tasking problem has been investigated by the control systems and robotics
communities in the area of information-theoretic control [18], active sensing [19], and dual control [20].
Although the sensor tasking problem has been studied extensively, there have been very few works that
address the long-term tasking problem. In addition, most tasking formations are based on very specific
user-defined metrics and there has not been any work on developing general tasking approaches that can
address a diverse set of objectives. Finally, most of the sensor tasking-related work focuses on linear
systems and the nonlinear problem has not been addressed adequately. These challenges, among others,
are addressed.

Recent advancements in Deep Reinforcement Learning (DRL) [21,22] have demonstrated ground-
breaking results across a number of domains. In particular, DRL has been used to successfully develop
an artificial intelligence approach that can defeat expert human GO players [21]. The generality of
DRL and the groundbreaking results motivate the exploration of these approaches for SSA applications.
Here the term “deep” refers to any neural network learning approach with more than one hidden layer.
Deep learning approaches mimic the function of the human brain by learning nonlinear hierarchical fea-
tures directly from data where each hierarchy builds in abstraction [23]. In an end-to-end fashion, DRL
approaches can be used to process data directly to “learn” a control policy from training data.

However, the training of DRL agents still suffers from sensitivity to empirical choices of hyperpa-
rameters such as model architecture, loss function, and training hyperparameters. Traditionally, hy-
perparameters tuning is done by doing a grid search or random search over all feasible configurations.
However, due to the increase in training times and hyperparameter search space with the increase in DRL
agents’ depth and complexity, it is typically computationally infeasible to conduct a grid search on all
possible configurations for DRL agents. In recent years, various hyperparameters tuning algorithms have
been introduced such as Population Based Training (PBT) [24], HyperBand [25], Bayesian Optimization
and HyperBand (BOHB) [26], and Asynchronous Successive Halving Algorithm (ASHA) [27]. These
hyperparameters tuning algorithms serve to maximize the RL agents’ performance while minimizing the
training cost. These algorithms use information from prior training to guide the hyperparameter turning
process. PBT was shown to improve the performance of state-of-the-art RL baselines across a suite of
challenging reinforcement learning problems.

To this end, a suite of SSA environments was developed to train the DRL agents and evaluate
their performance. Each environment shares a similar process flow as shown in Figure 1, but has
minor implementation differences such as the population of target objects, action slew and settle time,



observation formulation, and minimum viewing horizon. The output for each module is listed in blue.
During the SSA environment initialization, the SOs orbital elements and covariance are initialized. A
grid-based observation of the environment is then generated by the observation generation module based
on the initialized variables. The grid-based observation is then fed as an input to the DRL agent, which
then generates a pointing direction (an integer). The action slew time is then calculated based on the
pointing direction and the SOs states and covariance are propagated forward in time using an Unscented
Kalman Filter (UKF) framework. SOs located within the sensor’s field of view are then identified. A
noisy measurement is then generated for each SO within the sensor’s field of view and is then used to
update the SOs states and covariance. A new observation grid is then generated using the updated states
and covariance and the whole process is repeated.

Figure 1: Process flow of the SSA environment.

The SSA environment provides functionality to simulate ground-based and space-based optical tele-
scopes. It can simulate scenarios for a single and a collection of optical telescopes. It uses Simplified
General Perturbation 4 (SGP4) and UKF for SO states and covariance propagation and update. Some
of the user-controllable configurations include:

e SOs initialization: Random initialization, guided initialization, loading orbital elements from a
database, uncertainties initialization, SO detection probability

Sensor location: Ground-based (latitude, longitude, and altitude), space-based (orbital elements)
e Number of sensors: Single, multiple

e Sensor parameters: Action slew time, action settle time

e UKF noise parameters: Measurement noise, process noise

The DRL architectures studied in our work are inspired by DRL architectures used in solving Atari
video games [22,28]. All DRL agents use an actor-critic network with no shared weights, where two
identical neural networks are set up and optimized concurrently. All layers use a rectified linear unit
(ReLU) activation, except for the final output layer, where a soft-max activation function is used. Layer
normalization is also used in between convolution layers to normalize each layer’s output to a standard
normal distribution. This stabilizes the hidden state dynamics and improves the performance of the
DRL agents. The output of the final layer is then post-processed using an action elimination layer. The
action elimination layer is formulated based on concepts presented in [29], where the action probabilities
corresponding to the empty field of view grids are driven to zero. This reduces the action space to be
searched by the agent and speeds up the convergence of the agent. An example of the DRL agent’s
architecture is shown in Figure 2.

The DRL agents are implemented using Tensorflow [30] and the Ray Tune toolbox [31]. All DRL
agents are trained using proximal policy optimization with population-based training. The training
of DRL agents is sensitive to the choices of training hyperparameters, such as learning rate, training
batch size, and mini-batch size. Non-optimal training hyperparameters can lead to slow learning and
sometimes even catastrophic failure and divergence of the DRL agent. Population-based training is used
to overcome this issue and has previously been shown to improve convergence and achieve a higher final
reward for a suite of challenging DRL problems [24]. Under the population-based training formulation,
a population of DRL agents is trained concurrently with different training hyperparameters. After a
fixed number of training intervals, the performance of the population of trained DRL agents is ranked.
The training hyperparameters and neural network parameters (weight and bias parameters) for the top-
performing agents are exploited to replace the lowest-performing agents. The training hyperparameters
of the lowest-performing agents are either perturbed based on the hyperparameters of the top-performing
agents or are re-sampled from the provided mutation sampling range. Meanwhile, the neural network
parameters from the top-performing agents are transferred to the lowest-performing agents.



Figure 2: Example DRL architecture.

We also created two myopic policies/schedulers to benchmark the performance of the DRL agents.
The first myopic scheduler uses a greedy policy that picks the SO with the largest uncertainties within
the sensor’s field of regard to be observed, whereas the second myopic scheduler (advanced greedy policy)
scales the SO mean uncertainties with the required action slew time before picking the most rewarding
SO to be observed. These myopic policies are computationally efficient and easy to implement, however,
they only consider the reward gained from the current time step and do not take into account any long-
term effects of their current action. The action policy for the greedy and advanced greedy policies are
given by Equations (1) and (2) respectively.

a* = argmax (tr[P[,]) (1)
ps ,
where tr[P{] is the trace of a posteriori state covariance for SO i at the current time step k.
a* = arg max (tr[Pfk] . 5152-_1/7”) (2)
P ;

where tr[P,fk] is the trace of a posteriori state covariance for SO 7 at the current time step k, dt; is the
action slew time to move from the current pointing direction to observe SO i, and m is a constant. The
advanced greedy policy is evaluated with different values of m (ranging from 1 to 10) to identify the
optimum scaling factor.

2.1.1 Sensor Tasking for Ground-based Optical Sensor Using Deep Reinforcement Learn-
ing

The ground-based optical sensor used in our SSA environments is modeled based on the Zimmerwald
SMall Aperture Robotic Telescope (ZimSMART) with the addition of a Light Detection And Ranging
(LiDAR) system to produce Cartesian coordinate measurements for all SOs within the current field of
view. ZImMSMART is an amateur grade 20cm survey telescope operated by the Astronomical Institute of
the University of Bern, Switzerland [32]. The optical sensor parameters are shown in Table 2. The slew
time is approximated such that it takes 7.7s for the first 4°, while all subsequent grid takes 4.55s. The
exposure time is assumed to be 1.3s. Due to the action slew rate, the propagation time for a single time
step can vary between 9s to 209.2s depending on the distance between the current pointing direction and
the selected action. Two separate motors for the azimuth and elevation control of the mount are used.
A high-level overview of the differences between the suite of ground-based SSA environments is shown
in Table 1.

The problem is simplified by discretizing the continuous action and observation space. The field of
regard of the sensor is discretized into patches with the size of the field of view of the sensor. The field



Table 1: High-Level Overview of the Different SSA Environments

SSA-vl | SSA-v2 | SSA-v3 | SSA-v4 | SSA-v5 SSA-v6 SSA-v7
RSO # (n) 50 50 50 100 100 100 500
. LEO + LEO + LEO + LEO + LEO + LEO +
RSO orbit MEO MEO MEO MEO MEO MEO GEO
Propagation Fixed Fixed Fixed Fixed Fixed Varies Varies
time (30s) (30s) (30s) (30s) (30s) (9s -209.2s) | (9s -209.2s)
Observation Cart state OB OB Grid Grid Grid Grid
and cov. and cov. | and cov.
Observation 42n 42n 42n 80x16x8 | 80x16x11 | 90x19x12 | 90x19x11
Space
Action RSOTD | RSOTD | RSO D | Tointing | Pointing | Pointing | Pointing
dir. dir. dir. dir.
Action space n n n 1280 1280 1710 1710
Viewing None None | Alt > 18° | Alt > 18° | Alt > 18° | Alt > 14° | Alt > 14°
Restrictions

Table 2: Parameters of Optical Sensor.

Sensor Parameters Values
Field of View 4° x 4°
Minimum Viewing Horizon 14°
Action Slew Rate 7.7s/first 4°
4.55s/subsequent 4°

Exposure time 1.3s

of regard spans the full range of possible azimuth angles (0 to 360 degrees), whereas the elevation range
is constrained by the minimum viewing horizon and is thus limited between 14 degrees and 90 degrees.
Using a sensor’s field of view of 4 by 4 degrees, the field of regard is discretized into 90 discrete azimuth
grids and 19 discrete elevation grids. This results in a combination of 1710 different patches of the sky
that the sensor can observe, i.e. a finite action space with 1710 possible pointing directions. However, the
effective azimuth viewing angle increases with the increase in elevation angle. This effect becomes larger
at a higher elevation, causing overlapping of the field of view at high elevation angles. The relationship
between the effective azimuth viewing angle v with elevation angle 6 is given by Equation (3).

cos? @ — 1 + cos2°
cos? 0

~ = arccos (3)

The same discretization is used when formulating the observation array. Thus, the observation array
takes the form of a three-dimensional array with the dimensions: 90 by 19 by @, where the first two
dimensions represent all 1710 possible pointing directions and « is the number of information layers. For
our studies, 11 information layers are used and are listed in Table 3. When multiple SOs are located
within the same grid, only the values corresponding to the SO with the highest uncertainties are used
for layers 2 - 7.

Each row in the observation array represents a pointing azimuth, while each column represents a
pointing elevation. The observation array is populated such that the current pointing direction is always
in the 45" row, i.e. the center row of the observation array corresponds to the current pointing azimuth.
The other rows are filled accordingly based on their relative azimuth angle from the current pointing
direction.

However, the large range of action slew time (9s - 209.2s) causes a large variation in the SO position
while the observer is slewing. Therefore, the observation grid is partitioned into seven regions where each
region uses a different propagation time based on the approximate action slew time. The grid observation
array is formed using SO states from multiple time steps, offset by 30s each (15s, 45s, 75s, 105s, 135s,
165s, and 195s) as shown in Figure 3. The white cell corresponds to the current pointing direction and
the regions are color-coded by the propagation time used to populate the data for that region. The
propagation time step increases as a function of the action slew angle. This ensures that the observation
array accurately reflects what the agent is expected to observe while keeping the computational time
low.



Table 3: Observation information for each grid in the observation.

Layer | Data

Number of SOs in grid

Elevation fraction location of SO in grid
Azimuth fraction location of SO in grid
Range of SO in grid

Rate of change in elevation of SO in grid
Rate of change in azimuth of SO in grid
Rate of change in range of SO in grid
Max of SO’s trace of covariance in grid
Sum of SO’s trace of covariance in grid
Mean of SO’s trace of covariance in grid
Current pointing direction (boolean)

D2 © 0o Ut W

Figure 3: Discretized observation space and SO propagation time is used to account for action slew time.

DRL agents with different architectures are trained with the in-house SSA environment on a popula-
tion of 100 randomly initialized GEO SOs using proximal policy optimization [33] and population-based
training [24]. Both convolution neural network based (CNN) and fully connected layer based (Dense)
DRL agents are studied in this work. The DRL architectures studied in this work are summarized in
Table 4 and are inspired by DRL architectures used in solving Atari video games [22,28]. All DRL
agents use an actor-critic network with no shared weights, where two identical neural networks are set
up and optimized concurrently. Conv2d(16,8,4) corresponds to using a kernel with 16 filters and a sliding
window of 8 x 8 with a 4 x 4 stride. On the other hand, FCL(256) corresponds to a fully connected
layer with 256 nodes. All layers use a rectified linear unit (ReLU) activation, except for the final output
layer, where a soft-max activation function is used. Layer normalization is also used in between con-
volution layers to normalize each layer’s output to a standard normal distribution. This stabilizes the
hidden state dynamics and improves the performance of the DRL agents. The output of the final layer is
then post-processed using an action elimination layer. The action elimination layer is formulated based
on concepts presented in [29], where the action probabilities corresponding to the empty field of view
grids are driven to zero. This reduces the action space to be searched by the agent and speeds up the
convergence of the agent.

The DRL agents are optimized using the reward function defined by Equation (4) that is constructed
based on the objective function discussed in Blackman (1986) [34]. The action reward is allocated based
on the Fisher Information Gain using the Kalman filter equation and a utility function. The reduction
in position uncertainties is used to calculate the reward of an observation.

rew = argmax {tr (P,Er}il) —tr (P}gfk"))} (4)

where Péfk"l , and Plg‘ak’“) are the a priori and a posteriori covariance of SO aj respectively, and ay is the
set of SOs within the sensor’s field of view. The DRL agents are trained using a population size of 20
concurrent agents with 100 near GEO SOs until convergence in the mean episodic reward.

Two different metrics are used to quantify the agent’s performance: the number of unique SOs
observed and mean SO uncertainties. The trained DRL agents are able to outperform both myopic
policies in both performance criteria. Figures 4(a) and 4(b) show the mean SO covariance and number
of unique SOs observed over a single-seeded rollout respectively.

With 3400 training iterations, all DRL agents were able to outperform the myopic policies in terms
of final mean trace covariance at the end of the 90-minute observation window. The advanced greedy



Table 4: CNN based neural network architectures.

Input Output Layers Number of
Size Size Parameters
Mnih et al. | (84x84x4) | 4~ 18 | Conv2d(16,8,4), | 1,004,852 ~
(2013) [28] Conv2d(32,4,2), | 1,008,450
FCL(256),

FCL(Output Size)
Mnih et al. (84 x 84 x4) | 4~ 18 Conv2d(32,8,4), | 4,045,476 ~
(2015) [22] Conv2d(64,4,2 4,052,658
Conv2d(64,3,1

FCL(512),
FCL(Output Size)
Dense-vl | (90 x 19 x 12) 1710 Conv2d(3,1,1), | 5,846,229

FCL(768),

FCL(768),
FCL(Output Size)
CNN-v1 (90 x 19 x 12) 1710 Conv2d(48,8,4), 9,560,190
Conv2d(80,4,2),

)
)

Architecture

)

)
)a
)
)

Conv2d(80,3,1),
FCL(2048),
FCL(Output Size)
ONN-v2 | (90x19x12) | 1710 | Conv2d(32,84), | 4,207,438
Conv2d(64,4,2
Conv2d(64,3,1
FCL(1024),
FCL(Output Size)
CNN-v3 (90 x 19 x 12) 1710 Conv2d(16,8,4), 2,035,586
Conv2d(32,4,2),
Conv2d(32,3,1),
FCL(700),
FCL(Output Size)

)

)
);
)
)

(a) Mean trace covariance of all SOs for one rollout episode  (b) Cumulative number of unique SOs observed for one
(lower is better). rollout episode (higher is better).

Figure 4: Performance of DRL agents with different architectures trained using 100 GEO SOs, evaluated on a single-
seeded rollout of 90 minutes. Note: CNN-v0 3400 represents a CNN based DRL agent trained for 3400 training iterations.

policy initially outperformed some of the DRL agents due to its myopic nature, but towards the end
of the observation window, the DRL agents benefited from their long-term planning capabilities and
resulted in a lower final mean trace covariance. The myopic policies have a lower performance in terms
of the number of unique SO observed compared to the DRL agents as they are not formulated for this
performance criteria. Here, it is shown that through the usage of DRL agents, it is feasible to have a
single policy that optimizes multiple performance criteria or operator objectives. The performance of
the DRL agents could be further improved with additional training iterations as shown by the CNN-v2



and CNN-v3 DRL agents, where their final mean SO uncertainties are further reduced with additional
training.

(a) Azimuth and elevation pointing direction selected by  (b) Azimuth and elevation pointing direction selected by
the Dense-vl 3400 DRL agent. the CNN-v1 3400 DRL agent.

Figure 5: Azimuth and elevation pointing directions selected by DRL agent.

Figures 5(a) and 5(b) show the actions selected by the Dense-v1 and CNN-vl DRL agents over the
same seeded rollout of 90 minutes respectively. All CNN based DRL agents show a similar trend in
their selected pointing directions, where they sweep the field of regard systematically and only move in
a consistent Azimuth direction. The Dense-vl DRL agent that only uses fully connected layers shows
an erratic behavior in its pointing direction. CNN based DRL agents can better exploit the spatial
relationship between the SOs through the use of convolution layers, thus allowing them to plan out a
more efficient scan path.

After training convergence, 100 Monte Carlo simulations are also carried out to obtain a better
statistical performance comparison between the trained DRL agents and the two myopic policies. Each
Monte Carlo run uses a population of 100 GEO SOs with random orbital elements and random initial
covariance. This ensures that a diverse population of GEO SOs and scenarios are represented in the
performance evaluation. The box plot in Figures 6(a) and 6(b) show the aggregate performance of the
DRL agents and myopic policies. All DRL agents outperformed the myopic policies with the CNN-v2
DRL agent achieving the best performance for both performance criteria. All CNN based DRL agents
have somewhat similar performance. On average, the CNN based DRL agent observed more than 85%
of the 100 SOs in the SSA environment. The Dense-vl DRL agent, based on fully connected layers, has
the worst performance among all DRL agents. Among the myopic policies, the advanced greedy policies
performed better than the naive greedy policy as they take the action slew time into consideration when
selecting which pointing direction to observe.

We also evaluated the robustness of the DRL agents to changes in SO orbital regime, number of SOs
to be tracked, length of the observation window, and observer location. The DRL agents have shown
to be robust to all these changes and still maintain a superior performance compared to both myopic
policies.

In conclusion, we have successfully developed and trained a DRL-based scheduler for ground-based
narrow-FOV sensors to efficiently observe SOs orbiting overhead using deep reinforcement learning. Our
DRL agents have shown to be able to outperform myopic policies—those in which only the benefits of a
small number of estimated, future observations are considered—across several figures of merit, including
SO covariance and the number of unique SOs observed during the study period, and are robust to
variation in the environment.

2.1.2 Sensor Tasking for Space-based Optical Sensor Using Deep Reinforcement Learning

We subsequently adapted our framework to be applicable to space-based SSA sensors, where the sensor
is in a constant motion in Earth’s low Earth orbit (LEO). Space-based sensors in any orbital regime offer
clearer, more frequent, and more diverse space object observations than ground-based sensors. When
a sensor is in orbit, its instantaneous FOR is larger than that of a ground ground-based sensor, as it
can observe objects with negative elevation angles, as shown in Figure 7. Due to its position above
the Earth’s atmosphere, most portions of the sky can be observed such that the line of sight does not
intersect the Earth or its atmosphere. Due to its orbital velocity, a space-based sensor’s aggregate FOR



(a) Distribution of the final mean trace covariance at the end of the observation window
(lower is better).

(b) Distribution of the cumulative number of unique SOs observed at the end of the
observation window (higher is better).

Figure 6: Aggregate performance of the DRL agents with 100 randomly initialized GEO SOs, evaluated over 100 seeded
rollouts of 90 minutes each. Note: CNN-v0 3400 represents a CNN-based DRL agent trained for 3400 training iterations.

over the course of one orbital period is the entire sky. With these advantages at play, space-based sensors
allow SSA operators to collect more observations of more space objects at shorter timescales.

Figure 7: Simplified geometry of the nominal field of regard for the space-based sensor, which is used to generate the
observational array for the trained agent

The space-based SSA environment shares a similar architecture to the SSA environment used for the
ground-based SSA environment. The orbit of the space-based sensor is modeled based on Sapphire’s
orbit with the orbital elements (OEs) described in Table 5.

The FOR for the space-based sensor evaluated as part of this study spans the full range of possible
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Table 5: Orbital elements of the Sapphire space-based sensor on August 4, 2021

Orbital Element Value
Inclination (°) 98.4446
Right ascension of ascending node (°) 55.3814
Argument of perigee (°) 133.3296
Eccentricity 0.0012220
Mean motion (revolutions/day) 14.34248711

azimuth angles (0 to 360°), but only a fraction of all possible elevation angles (-14 to 90° as opposed to -90
to 90°), due to the Earth limb exclusion zone. The -14° elevation limit means a sensor in a circular orbit
at 500 km altitude can point 14° away from its velocity vector in the radial direction, towards Earth.
The FOR is discretized into non-overlapping FOVs, such that each FOV spans 4° in both azimuth and
elevation. This discretization simplifies the continuous action space, by representing it as a discrete
space, resulting in a finite number of pointing directions. This also results in a fixed observation space
regardless of the number of SOs in the SSA environment. Under this discretization, the FOR is fully
covered by a spatial grid with 90 discrete azimuth angles and 26 discrete elevation angles for a total of
2,340 possible pointing directions. The same observation array formulation used in the ground-based
SSA environment is used for the space-based SSA environment.

Several neural network formulations were explored for the space-based DRL agent based on the
actor-critic neural network architectures used in the ground-based DRL agent. The information on the
explored neural network designs is listed in Table 6. For all neural network layers, zero padding is used

Table 6: Comparison of explored neural network architectures

Architecture | Input Size | Output Size Actor Model Critic Model
CNN_v1 90 x 26 x 11 2340 Conv2d(32,8,4), | Conv2d(32,8,4),
Conv2d(64,4,2), | Conv2d(64,4,2),
Conv2d(64,3,1), | Conv2d(64,3,1),
FCL(1024), FCL(512),
FCL(2340) FCL(1)
CNN_v2 90 x 26 x 11 2340 Conv2d(16,8,4), | Conv2d(16,8,4),
Conv2d(32,4,2), | Conv2d(32,4,2),
Conv2d(32,3,1), | Conv2d(32,3,1),
FCL(700), FCL(350),
FCL (2340) FCL(1)
CNN_v3 90 x 26 x 11 2340 Conv2d(48,8,4), | Conv2d(48,8,4),
Conv2d(80,4,2), | Conv2d(80,4,2),
Conv2d(80,3,1), | Conv2d(80,3,1),
FCL(2048), FCL(1024),
FCL(2340) FCL(1)
CNN_v4 90 x 26 x 11 2340 Conv2d(48,8,4), | Conv2d(48,8,4),
Conv2d(80,4,2), | Conv2d(80,4,2),
FCL(2048), FCL(1024),
FCL(2340) FCL(1)
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to avoid losing information at the boundaries of the data. The rectified linear unit (ReLU) activation



function is used for all layers except the last fully connected layer of the actor and critic models. The
actor model also consists of an action-masking function that penalizes actions that do not contain any
SOs. The action-masking function encourages the action policy to focus on choosing actions that lead
to more significant rewards.

Two reward functions are explored in this work. The first reward function rewl is based on the
time-discounted maximum trace reduction. The second reward function rew?2 is simply the first reward
without the time-discount factor. These rewards R[t] at timestep k are shown in Equations 5 and 6,

respectively.
argmax [tr (P,Elakkll) —tr (P,ﬁf,f’)}
reut k] = o
1l T[k] — Tk — 1] )
_ (ar) \ _ (ak)
Ryeyo[k] = argmax |tr Prpzy) —tr { Py, (6)
a

where tr (P,Erk’il) is the trace of the covariance for SOs within the FOV selected by action aj and T'[k]
is the time at timestep k.

The neural network architectures outlined in Table 6 were trained on an SSA environment with
400 near-GEO-altitude SOs using reward function rewl. The trained DRL agents were evaluated over
100 Monte Carlo simulations. Two different metrics are used to quantify the agent’s performance: the
number of unique SOs observed and mean SO uncertainties. Their performances are shown in Figure 8.
The DRL agent CNN_v1 outperformed all other DRL agents and both myopic policies across both figures
of merit. The DRL agent CNN_v2 has a smaller, narrower network than that of CNN_v1 which limits its
expressiveness. Thus it is not able to fully capture the physics behind the high-dimensional environment.

The DRL agent CNN_v3 has a larger, wider network than that of CNN_v1 but is more susceptible to over-
fitting and convergence to local minima or saddle points and thus resulting in a sub-par performance. The
performance of the DRL agent CNN_v3 could be further improved by introducing additional regularization
into the neural network architecture and training using a larger population. The DRL agent CNN_v4 has
a shallower network than CNN_v3 in order to reduce the effects of data over-fitting, however, the issue
was not fully eliminated and the agent would benefit from additional regularization.

Figure 8: Comparison of results for agents trained with different neural network architectures; (a) statistics of final mean
trace covariance over 100 Monte Carlo episodes; (b) statistics of the final cumulative number of unique SO observed over
100 Monte Carlo episodes

We also evaluated the robustness of the DRL agents to changes in the number of SOs, sensor properties
(action slew time, dwell time, and settle time), and sensor orbital parameters. The DRL agents showed
robustness toward these parameters and still outperformed the myopic policies for all scenarios. We then
applied the DRL agent to a multi-agent environment, where a collection of three space-based optical
sensors work in tandem. Again, the DRL agents are able to outperform the myopic policies in both
performance criteria.

In our work related to sensor tasking for space-based SSA sensors to monitor SOs in the extended
geosynchronous orbital regime (GEO) regime, we showed that a DRL-enabled solution to the sensor
tasking problem for a space-based SSA can be trained to perform well compared to baseline myopic
policies. The DRL agents are robust to changes in sensor properties, the number of targets in the
environment, and the orbital plane of the space-based sensors. We also show that a set of space-based
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sensors can perform well using the single-sensor agent in a parallel manner, allowing for flexibility in the
multi-agent formulation. The agent can be also trained in one LEO orbit and then placed in another
without loss of performance—this robustness allows for ease of use in varying scenarios for simulations
as well as live sensor-tasking of multiple space-based sensors.

2.2 Space Object Classification via Light Curve Measurements Using Deep
Learning

Researchers working on SSA are interested in providing a detailed understanding of SO population
behavior, which must go beyond the currently SO catalog comprising simplified SO characteristics, such
as solar radiation pressure and drag coefficients. To provide a more realistic and reliable understanding
of the SO dynamics, future catalogs must include detailed SO characteristics (e.g., shape and state of
motion). The latter can be employed in dynamical propagation models to predict SO trajectory and
behavior accurately.

Developing a detailed understanding of the SO population is a fundamental goal of SSA. Such a
simplified description limits the dynamic propagation model used for predicting the state of motion of
SO to models that assume cannonball shapes and generic surface properties. The future SO catalog
and SSA systems will have to be capable of building a detailed picture of SO characteristics. Tra-
ditional measurement sources for SO tracking, such as radar and optical, provide information on SO
characteristics.

Optical sensors are generally employed to track near-geosynchronous SO. Such sensors provide both
astrometric and photometric measurements. Consequently, SO properties can be estimated from astrom-
etry (e.g., trajectories) and photometric data (e.g., shape and state of motion). More specifically, light
curves, i.e., the flux of photons across a wavelength reflected by the SO and collected by optical sensors,
play an important role in determining the SO attitude and state of motion. Indeed, attitude estimation
and extraction of other characteristics using light curve data have been demonstrated in Ref. [7,11,35-37].

Traditional measurement sources for SO tracking (e.g. radar and/or optical measurements) have
been shown to be sensitive to shape [4, 11], attitude [5, 8, 11], angular velocity [6], and surface pa-
rameters [7,38]. A literature review shows that recent advancements have been made to estimate SO
properties. Such techniques heavily rely on estimation theory and include the development of multi-
ple model [10,11], nonlinear state estimation [5,6,8], and full Bayesian inversion [9] approaches for SO
characterization. Although grounded in a solid theoretical background, the above-mentioned methods
tend to be computationally expensive. New techniques are sought that can provide a higher degree of
accuracy, computational efficiency, and reliability.

Generally, classifying SO is a challenging task. State-of-the-art methods rely on well-established
physical models that are embedded in an inversion scheme capable of processing the data and estimating
the model parameters. For example, Reference [11] used a Multiple Model Adaptive Estimation classi-
fication approach to model the dynamics and physics, estimate relevant parameters, and finally classify
SOs. Although such a method is one of the most promising available in the literature, the inversion
process requires the estimation of a large number of parameters. As a result, the computational burden
is significant and may not be practical for a catalog comprising a large number of objects. Here, we are
interested in exploring a data-driven classification approach that employs both simulated and real data
to learn the functional relationship. between observed light curves and SO class.

The Convolutions Neural Network (CNN) has achieved remarkable performance on image processing
tasks. Examples include 1) object classification [39], 2) scene classification [40], and 3) video classification
[41]. Importantly, the key enabling factor for the success of CNN is the development of techniques that
can optimize large-scale networks, comprising tens of millions of parameters, as well as massive labeled
datasets. Inspired by these results, our work studies the classification of observational data generated by
both simulated and real dynamical systems. The dynamical system investigated here is the rotational
dynamics of SOs. The physical attributes of the SOs, such as shape and mass distribution, are also
included in the classification process. The challenging aspect of the application of CNNs to physical
dynamical systems is the generation of labeled training data. In a dual-fold fashion, we first use physical
models to simulate observations by sampling randomly from the distribution of physical attributes and
dynamic states. Light curve measurements are used as inputs, and classes of the SOs are used as
outputs for training the CNN approach. The 1D-CNN then learns convolutional kernels that look for
characteristic features in the light curve data. As opposed to manually specified features, the features
are adaptively learned, given the training data. Subsequently, available and labeled real light curves are
employed to train a specified CNN architecture directly.
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We explored the usage of Convolutional Neural Network (CNN) with two machine learning techniques
that represent somewhat the state of the art of automatic classification techniques. The first method is
called Bagged Trees, and it is an ensemble method. The idea behind ensemble methods is to combine
many weak learners into a highly accurate single ensemble algorithm. Thus, we can consider a classi-
fication ensemble as a machine learning model comprising a weighted combination of many individual
classification algorithms. We considered a type of ensemble algorithm called Bagging (where Bag stands
for Bootstrap. aggregation [42]) combined with a basic decision tree algorithm [43]. The bagging process
on a decision tree works by generating many bootstraps — replicas of the training dataset— and then
growing decision trees on such replicas. Each of the bootstrap replicas is obtained by randomly choosing
N observations and considering N replacements (where N is the training set size). The method works
by simply training each of the individual weak learners on resampled versions of the training set. The
overall response of the model is obtained by average prediction over the ensemble of individual learners.
The second set of techniques is the well-known Support Vector Machines (SVM, [44]) adapted for the
multi-class case. SVM generally classify data by finding the hyperplane that separates two classes by the
largest margin. Non-linear transformations are generally employed when the classes are non-separable
by a simple (linear) hyperplane. In this case, a variety of kernels are available to execute the transfor-
mation. The data-driven deep learning approach is compared with more conventional machine learning
techniques (e.g., random forest [45] and SVM [44]) to show that hierarchical feature learning is the key
to building successful discriminative models.

There are several models used for simulating light curve measurements in literature and these models
differ in the physics that they represent and their level of complexity, but for SOs applications, the ability
to model specular reflection and complex shapes while converting energy is desirable. The Ashikhmin-
Shirley [46] (AS) model has all the desirable properties while producing realistic SO light curves. This
model is based on the bidirectional reflectance distribution function (BRDF), which models light distri-
bution scattered from the surface due to the incident light. The BRDF at any point on the surface is
a function of two directions, the direction from which the light source originates and the direction from
which the scattered light leaves the observed surface.

The labeled training data are generated using the AS model with the model parameters being sampled
from a predefined distribution. We considered four categories, i.e., fragments, rocket bodies, regular
polygon prisms, and rectangular cuboids. The SO parameter models associated with shape and surface
are randomly generated out of a uniform distribution. Importantly, the regular polygon prisms are then
further divided into equilateral triangular prisms, square prisms, and regular hexagonal prisms. The
regular polygon prisms are prisms whose ends (i.e. top. and bottom) are regular shapes. The shape of a
regular polygon prism is defined by the number of sides n, side length s, and height h. These parameters
are sampled from the following distribution:

hregular = (hmm + 001) + (hmax - hmin - 001)V[0a 1} (7)
57‘egular = (szn + 001) + (Smaz — Smin — 001)1/[0, 1] (8)

The models are generated by sampling side lengths and heights from a uniform distribution on the
interval [0.01, 5] m. For the regular polygon prisms, the number of sides is also selected randomly on the
interval [3, 6], with all instances of 5 sides being set to 4 as pentagonal prism models are not included.
In addition to the model geometry, the material properties also need to be defined. For each model, all
facets are assumed to have the following: Rgpec = 0.7, Rgirs =0.3, n =0.5. The Phong parameters n,,
and n, are each taken to be equal to 1000 for all facets of every model. The mass of the SO is randomly
sampled using the following

Mso = Mimin + (mmaa: - mmin)y[oy 1] (9)

The rocket body models are generated using octant triangulation of a sphere, which divided the
surface of a sphere into N facet normal. Then the rocket body models are generated by connecting two
hemisphere ends of radius r with a cylinder of height 1. This model is not exact for all rocket bodies but
is close enough to approximate the types of light curves seen for rocket bodies. Finally, the fragment
shapes use the cuboid model but with much small aspect ratios than payload shapes. Figure 9 shows
the training data generated using the process discussed above where the labels are shown using colored
data points.

Real light curve observations taken from the Multichannel Monitoring Telescope were also used as
our training data [47]. This data source is publicly available through astroguard.ru. For this work, the
training data was developed using segments of 500 measurement samples taken from the MMT dataset
for objects with TLE information. Their TLE numbers and TLE names label the objects in the MMT
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Figure 9: Labeled simulated training data where each label is given a unique color.

dataset, and from the TLE names, class information can be extracted. Three classes are used in this
work, and these classes are Debris, Rocket Bodies, and Satellite. Figure 10 shows some representative
examples of the MMT data used for training. From this figure, a clear difference can be seen between
Debris, Rocket Bodies, and Satellite classes.

Figure 10: Labeled real training data from the MMT database, where each label is given a unique color.

A CNN is trained to map the measurement vector, X, to classes, y, using a set of training examples.
The vector y is the class label for each light curve input x. In this work, the classes used are rocket
bodies, payloads, and debris. For example, y in this case is a 3 x 1 vector and the elements represent
the probability that the input light curve belongs to the rocket bodies, payloads, and debris classes,
respectively. Then y=[0.95,0.05,0]7 indicates that the input light curve belongs to the rocket bodies
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class with probability 0.95, to the payload class with probability 0.05, and debris with probability 0.
Since the labeled training set provides supervised examples, it has labels that indicate probability 1 for
the class of the input light curve. However, the neural network may have uncertainty in the class output
and therefore does not typically have output labels of probability 1.

The CNN designed for this work to learn the functional relationship between measurements and SO
classes consists of 1D convolutional layers with rectified linear unit (ReLU) activation, dropout, max-
pooling, and two fully connected layers with ReLLU activation as shown in Figure 11. The output layer
uses the softmax function to map to classification states. The cost function used for this work is the

Figure 11: CNN network architecture.

cross-entropy loss. This loss function minimizes the cross-entropy loss between training outputs and the
CNN outputs. The CNN classification approach is trained by stochastic gradient descent by minimizing
the cross-entropy loss from the outputs compared to the labeled data.

Figure 12 shows the results of the training process on the simulated data. The CNN has been trained
on 8000 samples comprising the training set and tested on 2000 samples during the training process.
Figure 12a shows the behavior of the cross-entropy loss as a function of the epoch. Figure 12b shows
the model accuracy as a function of the epoch. Both test and training sets have similar accuracy results.
We report that the CNN exhibits an accuracy of 97.83% on the test set. Training time is reported to be
2000 sec.

Figure 12: CNN classifications result on simulated data.

On the other hand, Figure 13 shows the results of the training process on the real light curve data
taken from the MMT database. Figure 13a shows the behavior of the cross-entropy loss as a function of
the epoch. Figure 13b shows the model accuracy as a function of the epoch. The real dataset is more
comprehensive as it accounts for classes of objects with different observing conditions and different orbits
(i.e., GEO, LEO, and MEO). Thus, it is expected that the separation boundaries between classes are
highly non-linear. Here, we show that accuracy over the training set and test set is markedly different.
At the end of the training, accuracy on the sequence of mini-batches is as large as 87.5%. Conversely,
the final accuracy on the test set is 75.4%. Training time is about 4000 sec and a single GPU with 1500
Processors.

We then compared the performance of the CNN to conventional state-of-the-art machine learning
methods (e.g., bagged trees and SVM) on classifying SO based on the observed light curve. We also
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Figure 13: CNN classifications result on real data from the MMT database.

utilized triplet-distributed Stochastic Neighbor Embedding (t-SNE) to help us visualize the underlying
structures of our simulated and real light curve dataset. For the simulated light curve data, we were able
to use a 2-D embedding to represent the data. We sampled 3600 vectors (i.e., 400 per class) and processed
the sample via the t-SNE algorithm for four selected distances, i.e., Mahalanobis, cosine, Chebyshev, and
Euclidean. The resulting 2-D embedding is visualized in Fig. 14a, b, ¢, and d. The structure of the data
and clustering is readily apparent in all cases but the one employing the Mahalanobis distance. All classes
seem to be fairly separated in the 2-D embedding, which reflects the clustering of the 182-dimensional
space of the original light curves. The separation between the different classes may be responsible for the
high performances achieved with a non-deep machine learning technique (e.g., bagged decision trees),
which is able to find the decision boundaries between the different classes easily. Although the deep
CNN achieves similar performances, the deep architecture does not yield any significant advantage for
the case generated by the simulated data.

For the real light curve data from the MMT dataset, we were not able to obtain a useful 2D embedding
to represent the dataset due to the higher dimensionality of light curve data (vector dimension of 500 for
real light curve data compared to 182 for simulated light curve data). Hence, 3D embeddings were used.
We sampled 1200 vectors (i.e., 400 per class) and processed the sample via the t-SNE algorithm for four
selected distances, i.e., Mahalanobis, Cosine, Chebyshev, and Euclidean. The resulting 3-D embedding is
visualized in Fig. 15a, b, ¢, and d. As in the previous case, the structure of the data and the corresponding
clustering in 3-D is readily apparent in all cases but the one employing the Mahalanobis distance. Here
the clustering of data in the 3D embedding is much more complex, and decision boundaries are not
well defined as in the previous case. As seen in the previous sections, the non-deep machine learning
techniques (i.e., bagged decision trees and SVM) dramatically underperform the deep CNN architecture.
Due to the many-layer configuration, the CNN can learn complex decision boundaries and discriminate
between the three classes in a much more efficient fashion.

From our work, it was shown that CNNs are highly accurate classifiers whenever trained on simulated
data, yielding 98% accuracy for the selected test set. However, whenever trained on simulated light
curves, the CNN tends to lose the advantage over more conventional state-of-the-art machine learning
methods (e.g., bagged trees, SVM). Nevertheless, the CNN significantly outperforms the other techniques
whenever real data are considered. Indeed, on real light curve test sets, CNNs achieve 75% accuracy,
whereas bagged trees report an accuracy of 62% and SVM an accuracy of 44%.

2.3 Space Constellation for Increased Orbital Capacity

Very large satellite constellations totaling 100,000 satellites or more have been proposed for Low Earth
Orbit (LEO), including nearly 40,000 proposed to the Federal Communications Commission (FCC) last
November alone. The nation of Rwanda, on behalf of the company E-Space, recently submitted an
International Telecommunications Union (ITU) filing for a single constellation consisting of more than
300,000 satellites across 27 shells. Not all of these constellations will make it to orbit and fewer still will
be completed. Nevertheless, this more than order-of-magnitude increase in the active satellite population
will necessitate numerous technical, operational, and policy changes to ensure the long-term sustainability
of the space environment in the face of denser operations.

Worryingly, multiple large constellations have been proposed with limited orbital separation or over-

17



Figure 14: Two-dimensional embedding of the simulated light curve data using the t-SNE algorithm.

lapping nominal semi-major axes. Large constellations with overlapping orbital altitudes have the poten-
tial to significantly increase orbital conjunction risk and the operational burden associated with planning
and coordinating collision avoidance maneuvers for active spacecraft controlled by different operators.
Reference [48] found that, for the region from approximately 500-600km, the addition of planned constel-
lations would result in significantly increased conjunction risk with a large fraction of that risk coming
from active versus active cross-operator conjunction events. This finding may understate risk given
the numerous additional constellations proposed subsequent to that study. Furthermore, because col-
lision avoidance is not perfect, overlapping large constellations increases the residual collision risk and
thus reduces long-term orbital capacity, limiting future constellation placement options if the risk is not
adequately mitigated.

We looked into developing a potential solution to impose safe segregation between orbital shells
while improving orbital capacity relative to these alternatives by relying on the use of frozen orbits
and taking advantage of the approximate latitude-based altitude dependency that these shells exhibit.
Many Earth-observing missions have used frozen orbits to minimize radial orbit variation, beginning with
Seasat [49], ERS-1 and ERS-2 [50], and TOPEX /Poseidon [51], and continuing to more modern Earth
observation missions that are required to maintain a nearly fixed radial distance to a ground site [52].
Reference [53] suggested using frozen orbits and specifically optimizing for minimum radial distance
variation as a function of latitude in order to avoid cross-shell collision risk. The paper computes these
orbits numerically in the presence of zonal and tesseral harmonics, lunisolar third-body perturbations,
solar radiation pressure, and atmospheric drag. The same frozen orbit technique was used to define
satellite locations within a single shell in Reference [54] and shown to reduce intra-shell conjunction
frequency. Nevertheless, these methods do not explicitly enforce periodicity or provide methods to
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Figure 15: Two-dimensional embedding of the simulated light curve data using the t-SNE algorithm.

evaluate orbital capacity, and neither paper discusses how to nest these frozen shells.

We studied the nesting of concentric frozen orbital shells and to generate these shells using methods
that, subject to numerical error and quasi-stability of frozen orbits, enforce periodicity and connect
the generated shells to previous theoretical results on 2D Lattice Flower Constellations (2D-LFC) [55]
that allow estimation of orbital capacity, reconfiguration, and optimization for minimum separation
distances [56-59]. Rather than optimize individual satellite trajectories, we approached the problem by
defining operational volumes, or slots, that evolve in a quasi-periodic manner and in which particular
satellites can operate according to whatever control laws and internal positions they see fit. Accordingly,
we incorporated only the effect of the Earth’s geopotential to preserve the evergreen satellite-agnostic
nature of slot designs within a shell and cross-plane quasi-periodicity which can be used to provide useful
collision avoidance guarantees for 2D-LFCs.

A consequence of this decision is that shell designs are not necessarily as compact as satellite-optimized
trajectories that may fit within them, but better connect to existing 2D-LFC slotting work, can be
computed in reasonable time periods without access to supercomputing resources, and do not make
assumptions about the drag area, coefficient of reflectivity, mass, or other general properties of the
slotted satellites during shell design (although values do need to be assumed for post-hoc full-force
modeling for stability analysis). We further explored several important implications for shell design.
These include the usefulness of constellation visualization in the latitude-altitude plane as an analysis
tool for ensuring non-conjunction between adjacent shells, the influence of shell inclination on possible
shell tessellation, and an assessment of simplified shell geometry estimation methods. Last, we applied
this methodology for potentially overlapping or adjacent shells in LEO. These results and conclusions
likely have relevance even if other methods are used to generate frozen shells.
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Results generated using either of the presented 2D-LFC definition methods or a simplified shell
model can be visualized in the latitude-altitude plane. The separation between shells in this space
provides intuitive assurance that over the time period propagated, the shells with not intersect and do
not pose an inter-shell conjunction hazard. The shape of shells is primarily a function of inclination and
eccentricity. As seen in Figure 16 and demonstrated mathematically in Reference [53], shells generated
to be classically frozen under a Js o model are arbitrarily stable and thin, subject only to numerical
error. However, as seen in Figure 17, Js — J3 shells are not sufficiently stable when propagated under

Figure 16: J2 — J3 Frozen shells propagated under a J3 o model for 30 days. The shells show an inclination-dependent
shape and tessellate well.

more realistic geopotential and rapidly lose coherency. While shells can be defined to account for higher-
order and/or degree geopotentials, as described previously, this leads to additional shell thickness that
increases with time and magnifies differences in shell shape as a result of inclination.

Figure 17: J; — J3 Frozen shells propagated under a J21,21 model for 30 days. The shells lose coherence over time.

Shells designed using either of the above methods are stable over a longer period and preserve similar
separation geometry. As seen in Figure 18, frozen coordinated shells can under any circumstances be
placed closer than an arbitrary Keplerian minimum separation distance between shells while preserving
the same actual minimum separation distance between shells! This is a very important result for ensuring
simultaneous orbital efficiency and safety.

The use of coordinated sequential inclinations can result in significant increases in the number of
admissible shells when compared to an alternative with randomly chosen inclinations spaced to ensure
a non-overlap between shells. In Figure 19, two notional configurations for the equatorial altitude range
from 400-800 km are considered to demonstrate this effect, each preserving separation between shell
center-lines. Shell center-lines are estimated rather than explicitly calculated and propagated. In the left
figure, each shell has a randomly selected inclination (assumed to be in the interval [10, 100] degrees),
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Figure 18: Shells generated using frozen orbits can nest closer than the osculating variation in the semi-major axis for
each shell and still maintain coherency and safety (zonal freezing method, 30-day propagation, J21,21 model)

Figure 19: A comparison of Random and Sequential Inclination Shell Layering Approaches.

while in the right figure, shells are placed in a strictly ascending order of inclination. Ten satellites
were modeled for each shell, with each satellite having random per-satellite mean eccentricity values
drawn from a uniform random distribution between 0.00102 and 0.0012, a random inclination offset from
the shell inclination of between 0.1 and 1 degrees (drawn from a uniform random distribution), and an
argument of perigee of 90 degrees with per satellite error of between 2 and 20 degrees (again sampled from
a uniform random distribution). The sequential strategy is able to fit 103 more shells (196 vs. 93) when
compared to the random approach. Assuming every shell uses a frozen eccentricity rather than a random
small eccentricity would reduce but not eliminate the penalty associated with random shell order. This
ordering and spacing is not presented as a proposal that we believe should be specifically implemented
in LEO, but rather to be indicative of gains to capacity from coordination of shell inclinations.

2.4 Deep Reinforcement Learning Techniques for SO Intent Identification
and Anomaly Detection

Space Situational Awareness (SSA) has many definitions depending on the goal at hand, but in general,
it involves collecting and maintaining knowledge of all space objects (SOs) orbiting the Earth and the
space environment. This task is becoming more difficult as the number of objects currently tracked by
the U.S. increases due to breakup events and improving tracking capabilities [1]. The Space Surveillance
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Network (SSN) is tasked with maintaining information on over 22,000 objects, 1,100 of which are active,
with a collection of optical and radar sensors. Determining physically significant characteristics, i.e. at-
tributes, that go beyond simple orbital states is a key objective that is required for protecting space
capabilities and achieving SSA. For example, the SSN catalog currently includes a radar cross-section
and a non-conservative force parameter, analogous to a ballistic coefficient, which provides additional SO
characterization information beyond position and velocity. Future SSA systems will have to be capable
of building a much more detailed picture of SO attributes in order to maintain better knowledge of their
characteristics, which ultimately may lead to better tracking capabilities.

Inverse Reinforcement Learning (RL) is used to learn the behavior of Space Objects (SOs) from
observed orbital motion. The behavior of SOs is estimated using inverse RL to determine the reward
function that each SO is using to control. Since SOs having the capability to maneuver are controlled
to achieve a particular mission-driven goal, maneuvering can be very subjective and only a data-driven
learning approach can reveal the true goal. It is also important to determine what type of behavior a
SO is using and if this behavior changes. Inverse RL approaches use optimal control principles to learn
what reward function is being used by an agent given observations.

The simplest inverse RL approach, discussed in Ref. [60], solves for the reward function using a
weighted sum of features. This is the Feature Matching Approach (FMA). The weights determined from
the inverse RL calculation are the representation of the expert reward function. The estimated reward
function weights can be used to determine the type of behavior mode the SO is following and to classify
the model based on libraries of behavior models. These weight vectors can be added to the state of SOs
as a way to represent the policy that the SO is currently following and allow for the change of this policy
over time and as the behavior changes. Using the inverse RL approach, the optimal control problem is
formed as a Markov Decision Process (MDP) where the reward function is not explicitly given. Rather,
observations of expert demonstrations for a given task and the goal is given to estimate the reward
function that the expert used to derive the demonstration trajectories. It is common to assume that
the expert’s actions are optimal with respect to the expert’s reward function. Unfortunately, several
problems exist with this early approach. First, the formulation is limited to discrete MDP system
models which contain discrete state-action pairs at some time. Many problems exist with continuous
state-action (i.e. a low-thrust transfer orbit problem), thus, this formulation is limited to just discrete
MDPs. Another problem is the ambiguity between different policies and their optimality to numerous
reward functions. When sub-optimal trajectories are observed, many different policies are needed to
match the feature counts, and thus, many policies satisfy the feature matching. The ambiguity is not
settled by this theory.

Another earlier method to inverse RL solves for a reward function using maximum margin planning
(MMP) [61]. The main idea of this method is to find the state expectation that is closest to the expert
demonstrations. The weights are found which form policies that have a higher expected reward than all
the other policies by some margin. The demonstrated trajectories can have different feature maps, start
states, and goal states which allow for more accurate reward function solutions compared to the expert.
While FMA assumes that the expert is acting optimally (or close to optimally) and the reward function
found by inverse RL should match the expert features closely, MMP relaxes this assumption to mimicking
the expert while questioning the expert’s specific reward function. Even with MMP’s advantage over
FMA, MMP has similar problems to FMA. Although the assumption about the expert’s optimality is
weakened, this assumption is still in place. Thus, for sub-optimal expert behaviors, the feature matching
expectation can still be ambiguous. MMP is also formulated for discrete state and action spaces. No
extension to continuous spaces has been made.

An approach that resolves the ambiguity in the FMA and MMP assumption and has extensions to
continuous states and actions is the maximum entropy formulation [62]. This approach uses the principle
of maximum entropy which resolves the ambiguity of sub-optimal expert demonstrations to find a single
stochastic policy. Specifically, maximum entropy allows for distribution over behaviors while matching
feature expectations with no duty to any specific stochastic expert trajectory. Maximum entropy has
the benefit of determining solutions with a sequence of side information which are variables that are
not predicted but are related to these predicted variables. If the side information is dynamic (changing
through time), an extension called maximum causal entropy can be used [63]. The original maximum
entropy approach assumes all side information is available a priori (i.e. current known knowledge)
while the side information in maximum causal entropy is revealed through time. Thus, the future side
information has no causal influence on past variables. Therefore, this extension can naturally handle
MDPs and state spaces involving stochasticity and continuous state and action variables. An inverse RL
framework using maximum causal entropy and a linear quadratic regulator (LQR) setting is discussed
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in [63-65] and provides a solution to predicting reward functions from LQR-controlled SO trajectories.
Other methods based on maximum entropy exist including nonlinear inverse RL using Gaussian
processes [66], maximum entropy deep inverse RL [67], and generative adversarial imitation learning [68]
which can solve for rewards that are complex. The main idea of inverse RL using Gaussian processes
is to use a Gaussian process to express the reward function as a nonlinear function. This allows for
the prediction of reward functions that involve complex behaviors from sub-optimal expert trajectories.
Maximum entropy deep inverse RL uses neural networks approximate complex nonlinear reward functions
and sub-optimal expert trajectories. Generative adversarial imitation learning enables the learning of
complex expert behaviors by combining maximum causal entropy with RL techniques. By using an
occupancy measure, the expert behavior is compared to the behavior learned by the RL algorithm. The
expert trajectories from the SO orbit problem are formed as a quadratic reward, so these extensions are
unnecessary, and a basic maximum causal entropy method is used to predict the reward function.

2.4.1 Physically-Constrained Inverse Optimal Control for Satellite Maneuver Detection

We looked into the usage of inverse optimal control (IOC) to develop a physically-constrained behavior
estimation approach for SOs. Optimal Control refers to the process of computing state and control
trajectories that are optimal with respect to a cost function subject to constraints, and in the context of
this work, we call this the Forward Optimal Control (FOC) problem. The Inverse optimal control (IOC)
refers to the process of determining the cost function implied by observed state and control trajectories.
The study of IOC problems has been an active area for more than 50 years, [69] and has been successfully
applied to many fields [70]. Kalman [69] first studied the problem of finding all performance indices that a
given control law is optimal with respect to. This theory has seen many applications for the development
of control laws [70,71] and more recently in reinforcement learning [60,62,67,72,73].

IOC is also known as Inverse Reinforcement Learning (IRL) [72] but our work makes a distinction
between these two approaches. Our work uses the term IRL to refer to computing IOC solutions without
knowledge of underlying dynamics and in a stochastic setting. There are many emerging applications for
both IRL and IOC which include transferring expert demonstrations to robotic systems [60], humanoid
robot control, autonomous driving [74], human-robot cooperation [75], and stabilization of rigid space-
craft systems [76]. IRL is often applied to the problem of learning control policies from demonstrations;
this process is referred to as learning or apprenticeship learning. The demonstration data is usually
considered to be state and control trajectories that are captured from expert demonstrations.

In general, both the IRL and IOC problems fall under a more general framework of imputing objective
function for optimization problems from observed solutions. In this context, [77] developed an approach
for imputing the objective function given known constraints and observed trajectories. The general
concept for finding the cost function is to set up a set of optimality equations that should hold for
the observed trajectories and then minimize the residual of these equations. [77] used the Karush-Kuhn-
Tucker (KKT) optimality conditions to determine the unknown cost function. Additionally, [77] proposed
that this approach could be applied to the IOC problem where the known constraints are the system
dynamics and the unknown objective function is the control cost function. These ideas were then
extended to solving the deterministic discrete-time IOC problem [78], IOC problems for hybrid systems
[79], additive cost functions and linear constraints for aircraft intent determination [80], and for analysis
of human locomotion [78]. Finally, for continuous-time systems, these concepts can be extended using
Pontryagion’s Minimum principle where the Euler Lagrange equations in continuous cases are employed
[81].

By using 10C, a set of reward functions can be found for which a given policy is optimal. Unfor-
tunately, this set may contain degenerate reward functions (i.e. reward functions that are zero). To
mitigate this, additional constraints are imposed on the cost function [77]. Another problem that arises
is large or infinite state spaces in which a tabular form of the reward function is unattainable. By as-
suming the reward function is a linear combination of fixed basis functions, the IOC stays in the class
of linear programs that can be solved efficiently [82]. Nevertheless, these problems should be considered
while formulating the IOC algorithm.

The estimated reward function provided by IOC can be used to determine the type of behavior mode
the unit is following and to classify the mode based on libraries of behavior modes. This concept was
demonstrated for aircraft intent estimation using IOC solutions [80]. Our work also investigates using
feature weight vectors determined by the IOC approach for maneuver prediction and classification for
satellites. Our work follows the standard assumption made for both IOC and IRL approaches that the
cost function is a linear combination of features [83]. These weight vectors can be added to the state of
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SOs as a way to represent the policy that the SO is currently following and allow for the change of this
policy over time as the behavior changes. Rather, we are given observations of expert demonstrations
for a given task, and the goal is to estimate the reward function that the expert used to derive the
demonstration trajectories. It is common to assume that the expert’s actions are optimal with respect
to the reward function the expert is using and our work makes this assumption. Our work investigates
the Pontryagin’s minimum principle for solving for the expert’s reward function [81].

Our work utilizes IOC to develop a physically-constrained behavior estimation approach for Space
Objects (SOs). Our work uses the dynamical equations of motion for SOs to determine constraints that
can be imposed on the IOC solution. Our work discusses the use of IOC to learn the behavior of Space
Objects (SOs) from observed orbital motion. The behavior of SOs is estimated using IOC to determine
the reward function that each SO is using for determining its control. In general, SOs are controlled to
achieve a particular goal that is determined by their mission, and therefore only a data-driven learning
approach can reveal the true goal. It is also important to determine what type of behavior SOs are
using and if this behavior changes. IRL and IOC approaches use optimal control principles to learn what
reward function or control objective function is being used by an agent given observations [60].

We applied the IOC approach to three simulated cases of maneuvering SOs. The first two cases use an
SO in GEO which is maneuvering to maintain a given GEO stationary box. The control objective function
was specified, and simulation data was generated for the hypothetical SOs. The first two cases differ in the
features used to represent the control objective function. The control objective function was estimated
using a linear combination of features. The first case uses simple second-order polynomial features
while the second case demonstrates complex features based on neural networks. The nonlinear basis
functions used for our work included polynomial terms and extreme learning machines (ELMs). ELMs
are effective for the SO behavior problem because it has been shown to work well for high dimensional
problems. Machine learning techniques have been successfully used in learning functional relationships,
that only require a limited amount of data. Most of such techniques (e.g. NNs, Support Vector Machines
(SVM)) are faced with many challenges including, slow learning speed, poor computational scalability as
well as the requirement of ad-hoc human intervention. Extreme Learning Machines have been recently
established as an emergent technology that may overcome some of the above-mentioned challenges by
providing better generalization, faster learning speed, and minimum human intervention [84]. ELMs
work with “generalized” Single Layer Forward Networks (SLFN, Figure 20). SLFNs are computationally
designed to have a single hidden layer (which can be either Radial Basis Function (RBF) or other
activation functions) coupled to a linear output layer. The key point is that the hidden neurons need
not to be tuned and their weights (training parameters) can be sampled from a random distribution.
Theoretical studies [85] show that feed-forward networks with minimum output weights tend to achieve
better generalization. ELMs tend to reach a) the minimum training error and b) the smallest norm of
output weights with consequently improved generalization. Importantly, since the hidden nodes can be
selected and fixed, the output weights can be determined via least-square methodologies.

Figure 20: Typical Architecture of a Single Layer Forward Network (SLFN) Which Is the Most Fundamental ELM
Figure 21 shows the results for the case that uses ELM features. From this figure it can be seen that

the ELM features are flexible enough to capture the cost function, which is based on polynomial features.
Additionally, this case had 400 ELM features which were easily solvable using the IOC approach. The
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estimated ELM weight parameters are shown in Figure 21(c), where the costate and costate velocities
are shown in Figures 21(a) and 21(b), respectively. These results show promise for extending our work
to high-dimensional systems.

(a) Costates (b) Costates Velocities

(c) Weight Parameters (d) Estimated vs Control Objective Function
Figure 21: ELM features for Relative Motion Example

We then study the behavior estimation problem for optimal orbit raising with continuous thrust.
The estimated control objective function approximated the true control objective function well, and
good performance was shown for the proposed approach. The trajectory used for this case is shown
in Figure 22. The solution for the forward problem is shown in Figure 22(a) and 22(b). In this case,
the forward problem is nonlinear since nonlinear two-body dynamics are used. However, the inverse
problem is still convex and solvable using the LQR-based approach. Figure 22(c) shows the solution of
the Riccati Differential Equation for the initial P(tp) and once this is obtained, the coefficients can be
solved for using the Quadratic Programming problem. The estimated weight vector using five observed
trajectories recovered the control cost function with good accuracy. The norm error for this case was
Hctrue - Ccst5”2 = 7672~

In conclusion, given the observed trajectories of states and controls, the IOC approach can be used to
estimate the control objective function that a given SO is using. Our work considers three simulated cases
of maneuvering SOs. The first two cases use an SO in GEO which is maneuvering to maintain a given
GEO stationary box. The third case studies the behavior estimation problem for optimal orbit raising.
The control objective function was specified, and simulation data was generated for the hypothetical
SOs. Good performance was shown for the first two cases, and it was observed that the accuracy of
the IOC solution improves with the number of observed trajectories used. For the third and final case,
the estimated control objective function approximated the true control objective function well, and good
performance was shown for the proposed approach.



(a) Transfer Orbit

(b) Orbit Raising Control (c) P Values Orbit Raising

Figure 22: Continuous Thrust Orbit Optimal Raising Example

2.4.2 Space Objects Maneuvering Prediction via Maximum Causal Entropy Inverse Re-
inforcement Learning

We also investigated the maximum causal entropy approach [60] for predicting the expert’s reward
function. Inverse RL results for Low Earth Orbit (LEO) station-keeping and Geostationary Orbit (GEO)
station-keeping are presented using the maximum causal entropy. Specifically, LEO and GEO expert
trajectories are formed with an LQR quadratic reward, and inverse RL using maximum causal entropy
is used to predict the reward function. This approach determines the optimal reward function that a
SO is using while maneuvering with random disturbances by assuming that the observed trajectories are
optimal with respect to the SO’s own reward function.

FMA and MMP are formulated by matching feature counts. This is fundamentally ill-posed because
no true optimal policy will match the feature counts of a stochastic problem. Many different policies will
satisfy the constraint. The principle of maximum entropy determines the least committed probability
distribution to stay within the stochastic problem constraints [86]. The causally conditioned probability
is an extension that is used when side (state) information is determined after each time step [87]. If future
information on the distribution is used, the additional information decreases the causal entropy because
there is less uncertainty present. The maximum causal entropy approach predicts a policy (actions)
based on the state information provided, thus yielding an option to predict a reward function.

For the GEO scenario, the objective of the SO is to stay in GEO orbit under the influence of solar
radiation pressure, gravitational perturbations, and aerodynamic drag. To maintain orbital station-
keeping, the thrusters are fired every two hours for up to 30 minutes if the SO lies outside a 75km box
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of the nominal GEO orbit. This is to provide a conventional thruster burn schedule for station-keeping
maneuvers [88]. To obtain the expert trajectories, a hundred trajectories were simulated with Gaussian
white noise. The cost function for these trajectories was determined using a quadratic cost function with
constant weight matrices through time. Figure 23(a) shows a single expert trajectory in the GEO orbit
with an initial perturbation from the nominal GEO orbit. From this figure, the eccentricity, inclination,
and right ascension of the ascending node stay approximately zero through time due to stabilizing LQR
control to the nominal GEO orbit. This figure explicitly shows the delta-v burns that occur every two
hours when the SO is outside the 75km box around the nominal GEO orbit. A very small transient
response in each element can be observed due to the burn itself. This control schedule is able to mitigate
the variances due to the disturbances in the system. Figure 24(a) shows the true cost that is used for
every expert trajectory. This LQR cost, which is what is considered to be unknown, is estimated using
maximum causal entropy inverse RL.

Figure 23(b) shows a trajectory that uses the estimated LQR weights determined by maximum causal
entropy. The trajectory is initialized with the same initial conditions as Figure 23(a). Similar to the
expert trajectory, the SO is able to mitigate disturbances and maintain a GEO orbit with the same
delta-v control schedule. The time history is similar, but Figure 23(b) has a less distinct transient
response from the delta-v burns. The estimated cost function is shown in Figure 24(b). The estimated
cost function is able to match the behavior of the expert trajectory. Specifically, the maximum error
between the true and estimated cost function is 0.04 as shown in Figure 24(c). Even with these small
differences, the estimated cost function captures the general trend of the station-keeping maneuver.
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Figure 23: SO Trajectory using True and Estimated LQR Weights for a GEO orbit

For the LEO scenario, the objective is for the SO to stay in LEO under external disturbances. Similar
to the GEO case, the thrusters are fired every two hours for up to 30 minutes to maintain a nominal
LEO orbit. One hundred expert trajectories were simulated with Gaussian white noise under constant
LQR weight matrices. Figure 25(a) shows a single expert trajectory from an initial perturbation from
an LEO orbit. From the figure, the eccentricity, right ascension of the ascending node, and inclination
stay approximately constant at 0, 150°, and 50°, respectively. The oscillations are due to external
disturbances on the SO which are not significant enough to perturb the SO outside a 75km box from the
nominal LEO orbit in a 24-hour period. Thus, no thruster burns for SO station-keeping are observed.
Figure 26(a) shows the true (and unknown) cost used for every expert trajectory. Since no control thrust
is used, this contour does not depend on R. Figure 25(b) shows a trajectory using the estimated LQR
weights found using maximum causal entropy. The estimated trajectory is initialized with the same
initial conditions as Figure 25(a). The trajectory that is determined using the estimated weights has an
almost identical response to the expert trajectory. Also, the SO trajectory obtained from the estimated
weights did not use any thruster burns to maintain its nominal orbit. Thus, it follows the behavior of
the expert. The estimated cost function is shown in Figure 26(b). The estimated almost matches the
behavior of the expert trajectory. In Figure 26(c), the maximum error is 0.015 between the true and
estimated cost functions. Since the trajectories obtained from the expert and estimated weights use no
control within the 24-hour period, the behavior from the estimated weights captures the general trend
of the LEO station-keeping maneuver.

In conclusion, by setting up expert SO trajectories using an LQR-based cost, the SO behavior can
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Figure 25: SO Trajectory using True and Estimated LQR Weights for an LEO Orbit

be learned using maximum causal entropy inverse RL. It is shown that the learned cost function in LEO
or GEO is comparable to the observed expert SO’s trajectory in the presence of orbital disturbances.
Thus, maximum causal entropy is attractive in learning the reward function that produces the expert
SO’s maneuver and can be used to estimate the behavior of SOs.
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Figure 26: Estimated vs. True Cost Function for LEO Maneuvering SO

2.5 Koopman Operator Theories for Space Application

A general framework for the analysis, estimation, and control of nonlinear systems remains an engi-
neering grand challenge [89]. Accounting for nonlinear dynamics and measurement models has been an
active area of research [90-92]. A promising direction for the analysis of nonlinear systems is to seek a
transformation that embeds the nonlinear dynamics in a global linear representation [93]. The KO [94]
provides such a framework and has been applied to many high-dimensional and nonlinear problems in
engineering [95-100], as well as to the zonal harmonics problem in astrodynamics [101]. However, the
use of the KO theory for SDA estimation problems has only been explored in limited contexts [102].
KO-based estimation methods have been developed to investigate ways to reformulate the strongly non-
linear estimation problems that arise in engineering into a linear framework. Furthermore, research has
been performed to use the KO for improving maneuver detection and characterization approaches for
cis-lunar satellites.

In the 1920s, with the development of quantum mechanics, there was general interest in reformulating
classical mechanics using an operator theoretic perspective. In 1931 and 1932, Bernard Koopman [94]
and Von Neumann [103] independently introduced and developed this operator theoretic perspective for
classical mechanics. The key result was showing that there exists an infinite-dimensional linear operator,
given by K, that evolves all observation functions g(z) of the state, x, for any nonlinear system. The
evolution of these observables and the KO is defined by the chain rule, which is a linear operator, giving
KO its linear properties. The Koopman approach obtains an analytical solution of the system where the
state is expressed as a linear combination of eigenfunctions. The linearity of the KO is very appealing,
but this benefit is contrasted with the fact that it is infinite-dimensional. However, this issue can be
overcome by capturing the evolution on a finite subspace spanned by a finite set of basis functions
instead of capturing the evolution of all measurement functions in a Hilbert space [104]. In effect, this
is a truncation of the KO to a finite subspace. A Koopman invariant subspace is spanned by a set of
eigenfunctions of the Koopman operator. A Koopman eigenfunction, ¢;(x), corresponding to eigenvalue
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Ai, 1s invariant under the Koopman operator (but for a normalized constant). As such, the evolution
of the Koopman eigenfunctions can be expressed as %qﬁi (x) = A\igi(x). The technique also provides an
accurate spectral analysis of partial differential equations (PDEs) [105,106].

A benefit of the proposed KO-based approach is that it makes use of linear spectral analysis for
nonlinear systems to understand the behavior of these systems. With the KO approach, the time
evolution of the state of the system is provided as a linear combination of a set of well-defined functions
instead of performing a step-by-step propagation as done in numerical methods such as Runge-Kutta
techniques. The goal of the proposed KO-based method is to reformulate nonlinear problems that arise
in astrodynamics into a linear framework that can be solved with available linear techniques.

Using the Galerkin methodology [107], the proposed work seeks to develop a finite matrix represen-
tation of the KO. In the KO matrix representation, each entry of the Koopman matrix that defines the
operator is computed analytically via the Galerkin methodology [107]. In Galerkin methodology, a set of
basis functions (orthogonal polynomials are used in our work) is selected to describe the state-space of
the dynamics and represent the eigenfunctions of the system. Our work uses Legendre polynomials due to
their properties, which ease the evaluation of integrals over a well-selected domain or support [108]. Other
approaches, based on numerical data, have been previously implemented to evaluate the KO matrix, such
as the Extended Dynamic Mode Decomposition (EDMD). It has been shown that the computation of the
eigenvalues and modes of the system through the Galerkin method is more precise than the data-driven
based approach [109]. Previous work used the KO theoretic framework to model satellite motion in
the proximity of libration points [110]. Additionally, the PI has developed proof-of-concept results for
KO-based perturbation theory to model the motion of a satellite about an oblate planet, [111,112] and
to identify an approximate analytical solution to the zonal harmonics problem [108].

Accuracy, the most important performance index for analytical theories in astrodynamics, requires
a precise representation of the dynamics, especially when considering perturbations [113]. KO-based
analytical solutions of the J2 central-body problem have been developed by the PI [114] which enabled
spectral analysis of the dynamics in terms of modes and eigenvalues. There are a large variety of different
formulations [115-118] that have been investigated over the years to study the long-term evolution of a
satellite subject to the perturbation produced by the oblateness of the central body [119]. Perturbation
theory [120] appears to be a powerful methodology to connect the solution of the unperturbed problem
to obtain a more complex analysis of the dynamics subject to small perturbing forces.

2.5.1 Solution of the Circular Restricted Three Body Problem (CRTBP)

The Koopman Operator methodology developed under this grant has been proven to provide an accu-
rate transformation that embeds the nonlinear dynamics in a global linear representation. The selected
application, the circular restricted three-body problem, is a highly nonlinear and highly chaotic system,
whose periodic solution is hard to obtain. Nevertheless, the Koopman approximation provides an accu-
rate analytical representation of the dynamics of the system, being able to accurately reproduce both
Lyapunov and Halo orbits as a linear combination of well-selected eigenfunctions. As such, the dynamics
of the system are transformed into a new framework, where each contribution has a linear dependence
on the overall solution.

An analysis of the accuracy of the KO solution supports the validity of the newly proposed technique,
especially for those initial conditions close to the equilibrium points, as shown by the study of the location
of the minimum curves in the eigenfunctions. In addition, the accuracy of the newly proposed techniques
has been assessed through a convergence analysis, where the position error of different families of Halo
orbits has been compared to classical numerical integration techniques for the different orders of the KO.
The results show that the behavior of the KO framework is similar to the perturbation theory since the
robustness of the KO approximation decreases the further the initial conditions are selected from the
equilibrium points.

Moreover, the KO mathematics has been proven helpful to provide the spectral behavior of the
system. Particularly, a study of the frequencies and modes of the dynamics has been preformed. As
such, periodic orbits are found by studying the eigenfunctions of the system directly and their curves of
minima.

Furthermore, a comparison of different methodologies for the evaluation of the Koopman matrix has
been carried out. The analytical approach proposed in our work is shown to better describe the spectral
behavior of the dynamics of the system when compared to data-based methods such as the Extended
Dynamic Mode Decomposition (EDMD).

Figure 27 reports a set of 30 different orbits calculated through a KO using basis functions of order
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Figure 27: £; Halo orbit family solved by a 5th Order Koopman Operator.

5. The figure includes the projection of the orbits in the three reference planes and an isometric three-
dimensional view of the trajectories. The black point in the picture represents the secondary celestial
body, which is the Earth in the selected Sun-Earth system. As the figure shows, the Koopman solution
achieves a robust representation of the orbits. The accuracy of this solution will be later assessed. The
periodicity is given by an accurate selection of the initial conditions, which have been found through the
implementation of a differential corrector in such a way that the proposed solution describes the same
orbits for multiple revolutions.

A similar pattern is reported in Figure 28, showing a family of Halo orbits at Lo solved using the
5th order KO. Once again, the black point in the figure represents the secondary body in the RTBP
system. The KO is able to accurately represent orbits around both libration points. Since the value of ~
is different when describing the dynamics around L4, Richardson’s coefficients are different as well, and
thus, the computed Koopman matrix is changed for the cases of motion about the £; and L5 points.

2.5.2 Uncertainty Propagation, Filtering, and Control, in Astrodynamics

The KO has been applied to estimation and control problems. In particular, in the beginning, a station-
keeping application is performed through a new filtering technique and a model predictive controller
developed in the KO framework. The KO Particle Filter (KOPF) shows high accuracy levels for spacecraft
state estimation, while the NMPC uses the KO solution to optimize the control feedback input for the
satellite.

The station-keeping results using a KO with basis functions of order 3 are presented in Figure 29,
where the reference orbit, the true position of the satellite, and its estimated position, are shown respec-
tively as dashed, continuous, and point-dashed lines. As can be observed from the figure, the KOPF
and NMPC are able to control the spacecraft and bring it to the desired pathway after just a few time
steps. Particularly, the initial offset can be noted at the beginning of the simulation, and soon after, the
spacecraft is already in the trajectory of the Halo orbit. In this example, the NMPC prediction horizon
takes into account the following 10-time steps, which avoid the overshooting during the approaching to
the desired orbit, and provides a smooth approach to the desired state. This means that after the quick
transient, the three lines overlap for the remaining part of the trajectory, assessing the validity of the
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Figure 28: Lo Halo orbit family solved by a 5th Order Koopman Operator.
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Figure 29: Station-keeping application of a spacecraft orbiting in a Halo orbit around £;.

proposed technique. The control horizon is set for 3 time steps.

In this regard, it is also possible to assess the tracking error of the spacecraft. This is done by
evaluating the difference between the reference orbit and the true position. Analogously, the estimation
error is calculated as the difference between the true position of the satellite and the estimated state
from the filter. Figure 30 shows the tracking and the estimation errors for the presented application.
After a quick transient where the system corrects the initial offset, the error levels settles down and it
shows an accurate and robust estimate and control of the dynamics of the spacecraft.

The duration of the transient is directly connected to the maximum thrust available from the
thrusters. Thus, in the first time steps, while compensating for the initial offset, the thrusters are
saturated and reach the maximum available thrust. Having a more powerful thruster would reduce the
transient time and achieve a quicker match between reference and target orbits. Figure 31 shows the
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Figure 30: Tracking and estimation error of a spacecraft orbiting in a Halo orbit around L.

Figure 31: Feedback control input for a spacecraft orbiting in a Halo orbit around L;.

feedback control input, in terms of change in the spacecraft’s velocity, during the complete simulation.
After the promising results of the new estimation approach, a new uncertainty quantification tech-
nique has been developed. The propagation of uncertainties under highly nonlinear dynamics has been
performed in the KO framework, where the solution of the system is approximated using a set of well-
defined orthogonal polynomials. Thanks to this representation, central moments of the state PDF can
be predicted up to an arbitrary order. The new methodology has been paired with the Kalman mea-
surement update to develop the Koopman Operator Filter (KOF): a nonlinear filtering algorithm where
both the state and measurement distributions are represented using the KO eigenfunctions. Numerical
applications have assessed the robustness and accuracy of the new theory. Uncertainty prediction in
the CRTBP has shown that the new technique is able to track the exponential spread of the spacecraft
position and velocity probability density function, providing estimates about the system’s raw and cen-
tral moments. Whenever information is provided in terms of external observations, the KOF is able to
shrink the state uncertainties around the most current estimate. Monte Carlo analyses have assessed the
accuracy, consistency, and robustness of the KOF, which has been proven to outperform other filtering
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techniques reported for comparison purposes.

The newly developed technique has been applied to the CRTBP in the Earth-Moon system and
results have been validated through a Monte Carlo analysis, where the predicted central moments of the
state have been compared to the effective moments evaluated from all of the Monte Carlo runs. Figure
32 shows the time evolution of the uncertainties represented with the state raw moments. Indeed, the
continuous lines represents the true evolution of the central moments of the system: the mean in black,
the covariance, as 3o standard deviation, in blue, the skewness in cyan and the kurtosis in magenta. The
values of skewness and kurtosis are evaluated similarly to the covariance of the system, with an analogy
to the standard deviation. Therefore, for each component of the state, the high order central moment
is evaluated by analysing all of the 10* simulations. On the contrary, the KO uncertainty propagation
predicts the central moments of the state PDF every 0.2 years. The values of the predicted moments are
reported, with the same colors used for the Monte Carlo, as points. The correct prediction of the mean
and uncertainties of the system is asserted by the overlapping of the points over the continuous lines.
The accuracy of the estimation of the moments decreases as the integrating time increases, meaning
that, for extremely large propagation times, the prediction of the state PDF is unfeasible. The CRTBP
is strongly diverging: thus, high order central moments after long time steps require an elevated amount
of runs in order to have correct indicating values. Moreover, the figure shows the high level of accuracy
in the first half of the simulation, for times shorter than 1 year, zoomed in in the figure. Station keeping
applications, in filtering, usually receive measurements in the section where KO shows an extremely
accurate prediction of moments. The KO technique can predict central moments up to any arbitrary
high order. However, due to the fact that odd moments can be negative, the accuracy of the prediction of
even moments is higher than their odd counterpart. Indeed, some values of the skewness, in the figure,
are slightly off by the end of the simulation, where the state PDF largely expands without control.
In the remaining sectors, the prediction of odd moments outperforms any other uncertainty prediction
technique based on the Gaussian approximation of the state distribution (such as UT), since they provide
a null value for any odd moment.

The central moments estimation can be appreciated by reporting the uncertainties as around their
mean. Indeed, while Figure 32 shows the correct prediction of the family of orbits, in terms of its
overall possible trajectories, Figure 33 focuses on the spread around the mean. Therefore, Figure 33
displays similar results as Figure 32, but with a new prospective centered at the current mean. Figure
33 shows the chaotic nature of the problem, as the uncertainties, in terms of their o value, increase
exponentially and the spread of all the possible resolutions of the state creates a conical shape. The
KO prediction is able to keep track of the central moments of the system, especially during the first
half of the simulation. Both the state covariance and kurtosis expand without any boundaries. The star
points show the correct estimation performed by the KO technique. The new methodology is keeping
an accurate prediction of the state distribution even for a long period of time, even if slightly reducing
the accuracy. The figure has a logarithmic scale for the values of moments, highlighting the diverging
nature of the CRTBP dynamics. Thus, it is worth noticing the exponential increase of the spread of the
state PDF, with standard deviations that are two order of magnitude bigger after merely three quarters
of a full revolution.

This application assesses the correct prediction of uncertainties and opens the road to the KOF, a
complete filtering algorithm, that completes the propagation of mean and covariance with the knowledge
obtained externally though noisy observations.

While the previous problem focused on the corrected prediction of the moments of the state PDF
under an highly nonlinear dynamics, a station keeping application is now proposed, where the system
receives external information from a set of sensors, and the whole KOF algorithm is implemented. A
Monte Carlo analysis is performed to assess the performance of the filter. The initial level of uncertainties
is so large that the accuracy level at a steady state is two orders of magnitude smaller than the initial
standard deviation. Therefore, in order to show convergence in a more pleasant manner, a logarithmic
scale for the errors has been applied. Thus, Figure 34 shows, for each component of the state, the 500
runs of Monte Carlo analysis performed with the KOF on the selected Lyapunov orbit. Indeed, each gray
line represents the errors connected to the j-th run of the Monte Carlo, for each i-th state component.
The mean of the errors is portrayed with black lines, calculated among all the Monte Carlo runs. The
black lines settle on the zero value, proving that the KOF is an unbiased filter, as expected from the
Minimum Mean Square Error (MMSE) principle on which the update of the filter is based on. The Monte
Carlo analysis provides also information about the spread of the state error and the level of uncertainties.
Figure 34 has multiple pairs of dashed and continuous blue lines. Dashed blue lines represent the level of
standard deviation, as &30y, obtained from the Monte Carlo runs: they represent the effective level of
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Figure 32: Prediction of raw moments of the state PDF for a Halo orbit orbiting around £ in the earth-Moon system.

accuracy of the filter. These dashed lines are calculated, for each time step, by considering the values of
the state errors among all the 500 simulations and they represent the actual behavior of the filter. On the
contrary, the continuous blue lines report the estimated level of uncertainties, again as £30pyeq, predicted
by the filter. Thus, for each time step, these lines are calculated extracting the error std directly from
the update covariance of the filter. By looking at Figure 34, we can assess the consistency of the KOF,
since the dashed and continuous blue lines overlap, meaning that the filter is able to correctly predict its
own uncertainty. The KOF shows convergence and consistency, where steady-state accuracy levels are
reached rapidly after a few updates. The large initial uncertainties are rapidly reduced around the most
current estimate, and the updated covariance of the filter correctly represents the spread of the state
error PDF.

The performance of the KOF can now be compared to other common filters: the EKF, the iterated
extended Kalman filter (IKF), and the UKF have been selected as benchmark.

The comparison in accuracy among different estimators is performed by analyzing the updated level
of uncertainties, with a consistency check obtained from the Monte Carlo. Therefore, the 500 runs
Monte Carlo analysis has been repeated for the EKF, IKF and UKF. Standard deviations for position
and velocity are calculated and compared separately. The predicted stds are obtained directly from the
trace of the updated covariance matrix, while the effective stds levels, 0pos,efr and oyer,ef s, are evaluated
directly from the Monte Carlo runs. Thus, a consistent filtering algorithm has matching between o.¢
and opreq. Figure 35 reports the accuracy levels, in terms of error stds, of the four filters, displaying
estimated values with continuous lines and the actual behaviour with dashed lines. The EKF is shown
in red. The dashed red lines, both for position and velocity, are out of scale when compared to the
continuous counterparts, which are overlapping with the green continuous lines. Indeed, the green lines
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Figure 33: Prediction of central moments of the state PDF for a Halo orbit orbiting around £; in the earth-Moon system.

are connected to the IKF. The EKF and the IKF share the same updated covariance matrix, while their
estimate changes. Thus, the overlapping between the green and the red continuous lines matches with
what is expected from theory: the two estimators approximate the posterior distribution of the state as
Gaussian, with the same level of uncertainty (same stds), but different means. Indeed, while the EKF is
a MMSE filter, the IKF is a filter based on the Maximum A Posteriori (MAP) principle, which outputs,
as its estimate, the most likely state of the posterior distribution. However, the IFK and EKF share the
same prediction step, based on the linearization of the dynamics, which is not sufficient to achieve an
accurate approximation of the state prior distribution. Therefore, both filters are inconsistent and their
dashed lines settle orders of magnitude above the continuous ones. The EKF and IKF believe that they
are achieving higher accuracy than their actual results, and they are overconfident in their performance
The difference between the green dashed lines and the red dashed lines is connected to the different
update step performed by the two filtering techniques: a MMMSE one for the EKF, and a MAP one for
the EKF. On the contrary, in blue, the UKF applies the unscented transformation in its prediction step
to obtain a more accurate state prior distribution. Thus, the dashed blue line, which shows the effective
accuracy level of the UKF, settles below the EKF and the IKF ones. However, the matching with the
predicted uncertainty is missing and the filter is inconsistent as well. The UKF estimates a performance
similar to the KOF, in black, shown by the overlapping between the black and the blue continuous lines.
Therefore, the KOF is the only filter that converges with consistency. The KOF is able to correctly
predict its own uncertainties and its estimate is the most accurate among the other filtering techniques.
The dashed black lines are the lowest dashed lines for both position and velocity, and they overlap their
continuous counterparts along the whole time-length of the simulation.

Lastly, the optimal control problem is being solved via the Koopman operator through the inverse
method. The Koopman solution of the system is inverted to solve for the initial optimal control values
that drive the state of the system following an energy optimal pathway. This technique has been applied
in rendezvous applications, where a chaser spacecraft has been controlled to dock with its target in the
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Figure 34: 500 runs Monte Carlo analysis of the KOF for a Lyapunov orbit around L.

Figure 35: Position and Velocity standard deviation analysis among EKF, IKF, UKF, and KOF.

given amount of time.
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3 Impacts

In this section, a brief summary of the impacts for each thrust is provided.

3.1 Large Scale Reinforcement Learning for Sensor Tasking in Space Situa-
tional Awareness

The presented work assessed the viability of utilizing deep reinforcement learning (DRL) techniques for
the sensor tasking of ground-based and space-based sensors for space situational awareness. The quality
of the tracked space object state estimates rapidly degrades with time due to the non-linear orbital
dynamics, unmodeled dynamics, and imperfect knowledge of the non-conservative perturbation forces
acting on the space object. Hence, frequent re-observation of the space objects in Earth’s orbit is required
in order to retain custody of the space objects.

With the ever-increasing number of space objects within Earth’s orbit, space situational awareness
(SSA) is becoming increasingly crucial to ensure the safety of space assets and space availability for fu-
ture generations. Better sensor management algorithms are required to more efficiently task our limited
resources to track the ever-growing catalog of resident space objects. Traditional sensor management
algorithms tend to be myopic and only provide optimality for short-term benefits. A DRL-based sen-
sor management algorithm is developed to capture high-level features while overcoming the curse of
dimensionality inherent in the SSA sensor management problem. To this end, several custom SSA envi-
ronments are constructed based on the OpenAl Gym framework with sgp4 for orbit propagation. The
SSA environment uses real sensor characteristics based on the ZimSMART optical telescope and consid-
ers action slew time to achieve more realistic simulations. An Unscented Kalman Filter is used for state
and covariance estimation. Various kernel density estimation models for different orbital regimes are
developed to ensure consistent presence and a diverse population of RSOs in our field of regard through-
out the observation window. These SSA environments can be easily adapted for different missions and
objectives.

Our DRL agents were able to outperform the myopic policies in all performance criteria. We also
demonstrated the robustness of the DRL agents to changes in the sensor location, sensor parameters,
observation window length, number of targets to be tracked, and the orbital regimes of the targets. The
performance and robustness of the DRL agents strongly motivate further research into utilizing DRL
techniques for sensor tasking.

This work also provides the groundwork for the development of sensor tasking strategies for cis-lunar
objects as well as enables multiple ground-based and space-based sensors to work cooperatively and
efficiently for space situational awareness.

3.2 Space Object Classification via Light Curve Measurements Using Deep
Learning

Developing a detailed understanding of the SO population is a fundamental goal of SSA. Such a simplified
description limits the dynamic propagation model used for predicting the state of motion of SO to models
that assume cannonball shapes and generic surface properties. The future SO catalog and SSA systems
will have to be capable of building a detailed picture of SO characteristics. Traditional measurement
sources for SO tracking, such as radar and optical, provide information on SO characteristics.

Generally, classifying SO is a challenging task. State-of-the-art methods rely on well established
physical models that are embedded in an inversion scheme capable of processing the data and estimate
the model parameters. We assessed the viability of a data-driven classification approach based on the
Convolutional Neural Network (CNN) scheme for Space Object (SO) classification using light curve data.
The classification approach determines the class from light curve observations of a SO. These classes are
rocket bodies, payloads, and debris. A set of 1D-CNNs capable of ingesting light curves is separately
trained on both simulated data (generated by a physics-based model) and real observed light curves and
the performances are reported. It is shown that CNNs are highly accurate classifiers whenever trained
on simulated data, yielding a 98% accuracy for the selected test set. However, whenever trained on
simulated light curves, the CNN tends to lose the advantage over more conventional state-of-the-art
machine learning methods (e.g., bagged trees, SVM). Nevertheless, CNNs significantly outperforms the
other techniques whenever real data are considered. Indeed, on real light curve test sets, CNNs achieve
75% accuracy, whereas bagged trees report an accuracy of 62% and SVM an accuracy of 44%. These
results are promising for the application of CNN-based methods to SSA applications.
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3.3 Space Constellation for Increased Orbital Capacity

Shell-wise orbital slotting in Low Earth Orbit (LEO) can improve space safety, simplify space traffic
coordination and management, and optimize orbital capacity. We looked into two different methods to
generate 2D Lattice Flower Constellations (2D-LFCs) that are defined with respect to either an arbitrary
degree or an arbitrary degree and order Earth geopotential. By generating shells that are quasi-periodic
and frozen with respect to the Earth geopotential, it is possible to safely stack shells with vertical
separation distances smaller than the osculating variation in the semi-major axis of each shell or a cor-
responding Keplerian 2D-LFC propagated under aspherical geopotential. This helps mitigate the single
inclination per shell requirement in prior work by admitting more shells for a given orbital volume while
retaining self-safe phasing in each shell. These methods exploit previous work on the Time Distribution
Constellation formulation and designs of closed 2D-LFCs under arbitrary Earth geopotentials using RGT
orbits.

We also identified the factors that influence the widths and shapes of these frozen shells and pre-
sented simplified formulas for estimating shell geometry and thickness. Both capacity per shell and shell
thickness influence aggregate orbital capacity. Nevertheless, denser shell stacking will likely be the more
critical driver as demand in LEO continues to increase. Previous work has demonstrated methods for
estimating shell capacity and that large shell capacities are possible at reasonable orbital separation
distances. It is shown that sequencing shells to group similar or ascending inclinations improves capacity
versus arbitrary inclination ordering.

As orbit demand increases, conversations between planned orbital neighbors will become increasingly
important to ensure efficient and compatible orbits. The use of common constellation-agnostic methods
and schema for discussing slotting and orbit coordination will be helpful to enable interoperability and
prevent unsafe states. Such analysis would require information beyond that disclosed in most regula-
tory filings, including mean eccentricity and eccentricity vector information, intended station-keeping
control box sizes (as opposed to general and overly expansive orbital tolerances), and greater precision
in distinguishing between nominal, mean, and osculating numbers in orbit disclosures. If operators or
regulators wish to adopt these or similar techniques, such sharing and explicit coordination can improve
the efficiency with which operators make use of orbital volume.

3.4 Deep Reinforcement Learning Techniques for SO Intent Identification
and Anomaly Detection

The presented work assessed the viability of using inverse optimal control (IOC) theory and inverse
reinforcement learning (RL) techniques to determine the behavior of space objects (SOs). This is achieved
by estimating the reward function that an SO is using for control. The proposed approach can be used
to analyze the maneuvering of SOs from observational data. The inverse RL problem is solved using
maximum causal entropy. This approach determines the optimal reward function that a SO is using
while maneuvering with random disturbances by assuming that the observed trajectories are optimal
with respect to the SO’s own reward function.

The IOC problem is solved using Pontryagin’s minimum principle which results in a convex optimiza-
tion problem. Three simulation test cases were studied; the first two cases study the behavior estimation
problem using satellite relative motion equations, while the third case studies the behavior estimation
problem for a continuous thrust orbit raising maneuver. Additionally, a general approach for modeling
the SO reward function using Extreme Learning Machines (ELM) is presented. The nonlinear basis
functions used for this work included polynomial terms and extreme learning machines. Good perfor-
mance was shown for the first two cases, and it was observed that the accuracy of the IOC solution
improves with the number of observed trajectories used. For the third and final case, the estimated
control objective function approximated the true control objective function well, and good performance
was shown for the proposed approach.

Two different case studies involving Low Earth Orbit (LEO) station-keeping and Geostationary Orbit
(GEO) station-keeping are used to study the viability of the inverse RL technique for maneuver detection.
The SO trajectories are first designed using an LQR-based cost. The developed algorithm is then used
to learn the SO behavior via a maximum causal entropy inverse RL. It is shown that the learned cost
function in LEO or GEO is comparable to the observed expert SO’s trajectory in the presence of orbital
disturbances. Thus, maximum causal entropy is attractive in learning the reward function that produces
the expert SO’s maneuver and can be used to estimate the behavior of SOs.
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3.5 Koopman Operator Theories for Space Applications

The presented work assessed the benefits of the Koopman operator for space applications. The results,
as shown in the previous chapter, are promising. The Koopman approach offers a new methodology
to analyze and study autonomous systems, and, therefore, it can be applied to a multitude of different
applications with various aims. Indeed, after having solved the circular restricted three body problem in
the Koopman framework, the next step was to introduce uncertainties in the system, and we developed
a reliable uncertainty quantification technique. Therefore, we aim to exploit the Koopman mathematics
to cover a large variety of problems. The PI has already started collaborations to develop novel control
techniques with the KO: in particular, work has started to achieve rendezvous between a chaser and a
target satellite in an energy optimal manner via indirect control, and for bang-bang orbit transfer in the
solution of the Lambert problem.

Consequently, the proposed technique opens to an interdisciplinary scenario, where the Koopman
operator can be applied in robotics and mechanical engineering. Indeed, the analysis of the spectral
behaviour provides the modes of the system, and the newly developing estimation and control techniques
fit the application in the robotics field.

The mathematics presented in the previous pages constitutes one of the first times that the Koopman
operator is derived analytically. As such, the novelty of the work guarantees the possibility of upcoming
ideas, projects and collaborations, providing opportunities for research and teaching in astrodynamics.
The impact of the technique is therefore multilayered, since it requires effort form the the PI, professors,
researchers, postdocs and students.

In particular, the Koopman operator has a strong impact on teaching and educational experiences.
The PI noticed that the scientific community is interested in the technique, in its possibilities and results,
and that there was a lack of material to share the new knowledge. As such, a tutorial has been written
and openly shared, comprehensive of computer code [121]. This tutorial is being shared daily world-wide
to teach the Koopman technique here developed to students and everyone that is willing to approach
the new methodology.
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6 Transition

We are working with engineers at The Aerospace Corporation on the transition of our space situa-
tional awareness (SSA) simulation environment and trained deep reinforcement learning agents for sen-
sor management of SSA sensors. The Aerospace Corporation’s point of contact is Richard Y. Yau
(richard.y.yau@aero.org)
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