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ABSTRACT

Increased interest in cislunar operations requires extending space domain awareness capabilities beyond Earth’s geosyn-
chronous orbit. Successful space domain awareness requires knowledge and classification of space objects’ behaviors.
This information can be used as a decision-making tool for future and current mission planning. A method to acquire
information for the behavior of a space object is through the development of descriptive patterns of life. Descriptive
patterns of life establish a set of expected actions or movements from a space object. This study develops descriptive
stationkeeping patterns of life for repeating natural trajectories in the vicinity of the L1 and L2 Lagrange points in the
Earth-Moon system. A L2 Optimal Model Predictive Control and an Impulsive controller are implemented to maintain
the desired trajectories in a high-fidelity ephemeris model. An Optimal Control Based Estimator is shown to detect
stationkeeping maneuvers and a One-Class Support Vector Classifier is implemented to determine anomalous behavior
of a space object with respect to established stationkeeping patterns of life.

1. INTRODUCTION

Interest in cislunar space exploration has increased predominantly due to its value for testing novel technologies,
interplanetary mission staging, lunar exploration, and Earth-to-Moon communication [1–3]. With missions such as
NASA’s Lunar Orbital Platform-Gateway, China’s Chang’e-5 mission, and India’s Chandrayaan-2 orbiter, to name a
few, the need for space domain awareness (SDA) capabilities beyond Earth’s near orbits is becoming essential as most
of the current methodologies were not purpose-built for objects in cislunar space. SDA, defined as the knowledge and
characterization of space objects and their operational environment [4], serves as a decision-making tool for future and
current mission planning.

An important element of SDA is the understanding of the space environment and how it affects a missions’ perfor-
mance. A way to further understand the implications of cislunar dynamics is by the development of descriptive patterns
of life. These patterns are sets of information that establish expected actions or behaviors from a space object. In this
manuscript, descriptive stationkeeping patterns of life are developed to provide information of what is considered as
nominal stationkeeping behaviour.

Stationkeeping patterns are comprised of trajectories in cislunar space that possess orbit maintenance maneuvers. To
generate these patterns, two dynamical models, the circular restricted three body problem (CR3BP) and the ephemeris
model are used to obtain a reference trajectories. While certain orbits in the CR3BP are periodic and stable or nearly
stable, in the ephemeris model, fully periodic orbits do not exist as a consequence of exogenous perturbations and the
resulting chaotic dynamics. Therefore, space objects in the cislunar domain require active stationkeeping maneuvers to
satisfy mission objectives and to maintain a desired reference trajectory. Thus, a L2 optimal Model Predictive Control
(MPC) and a Sequential Quadratic Programming (SQP) Impulsive control are implemented to maintain the reference
orbits.

The simulated stationkeeping patterns of life are used by an Optimal Control Based Estimator (OCBE), which is
capable of reconstructing stationkeeping maneuvers while keeping custody of unowned spacecraft in data sparse en-
vironments. An unsupervised machine learning algorithm, the One-Class Support Vector Classifier (SVC), is trained
on OCBE outputs to build a model of unowned space objects nominal stationkeeping behavior, which is tested on new
data to detect anomalous behavior in an online manner.

The manuscript is organized as follows: Section 2 presents the dynamical models and stationkeeping control method-
ologies used for the generation of the descriptive stationkeeping patterns of life; Section 3 introduces the optimal
control based estimator for maneuver detection and an online behavior change detection algorithm; Conclusions are
presented in Section 4 followed by acknowledgments and references.
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2. DYNAMICAL AND STATIONKEEPING MODELS

2.1 Circular Restricted Three-Body Problem

The CR3BP simulation enables the generation of periodic orbits in cislunar space that are used as an initial solution
for the ephemeris model. The circular restricted three body problem approximates the motion of an infinitesimal small
object under the influence of gravitational forces due to two primary bodies, the Earth and the Moon. Both primary
bodies are assumed to be coplanar and orbit in circular paths around their barycenter. The governing differential
equations of the CR3BP are formulated in a rotating reference frame R : {x̂, ŷ, ẑ} with an origin located at the Earth-
Moon system’s barycenter. The x̂ axis is directed from the larger primary towards the smaller body. The ẑ axis is
parallel to the orbital angular momentum of the primaries, and the ŷ axis completes the right-handed coordinate frame.
Using the rotating reference frame R and the aforementioned assumptions, equation (1) shows the second-order
differential equations of motion for the CR3BP [5].

ẍ−2ẏ =
∂U∗

∂x
, ÿ+2ẋ =

∂U∗

∂y
, z̈ =

∂U∗

∂ z
(1)

where the pseudo-potential function is U∗ = (1/2)(x2 + y2)+ (1− µ)/d1 + µ/d2 and d1 =
√
(x+µ)2 + y2 + z2 and

d2 =
√

(x−1+µ)2 + y2 + z2 are the distances of a space object from each of the primaries

The CR3BP equations of motion are autonomous and the solutions are time-invariant in the rotating reference frame,
consequently the equilibrium solutions to the equations of motion are also time-invariant and appear as constants
relative to the rotating reference frame R. These equilibrium solutions are known as the Li Lagrange equilibrium
points.

For the computation of trajectories the equations of motion are rewritten as a series of first order differential equations
in the form ẋ = f (x), where the 6-dimensional state vector is defined as x = [x,y,z, ẋ, ẏ, ż]. There is an infinite variety
of periodic orbit families that exist within the Earth-Moon CR3BP; however, this study focuses on two specific orbits:
a near rectilinear halo orbit (NRHO) of the L2 southern family with a 9:2 Lunar Synodic Resonance (Fig. 1) and a L1
Lyapunov orbit with a 2:1 Lunar Synodic Resonance (Fig. 2).

Fig. 1: L1 Lyapunov Orbit in the CR3BP Fig. 2: L2 Southern NRHO in the CR3BP

2.2 Higher-Fidelity Ephemeris Model

The CR3BP serves as a baseline model for initial orbit analysis; however, due to the assumptions made to derive the
equations of motion it does not represent the true dynamics of cislunar space. Therefore, the use of a higher fidelity
model is necessary to have a more accurate representation of a space object’s motion in the cislunar environment. The
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ephemeris model incorporates N gravitationally attracting bodies that influence the motion of the other bodies in the
system. The N bodies include a space object of interest, a central body and perturbing bodies. The central body for this
study is Earth, and the selected perturbing bodies are the Sun, Moon, and Jupiter. In addition to the chosen perturbing
bodies, the accelerations due to solar radiation pressure (aSRP) obtained from a cannonball model, are included to
improve the fidelity of the trajectories. The space object’s parameters for the SRP cannonball model are shown in
Table 1, where CR is the coefficient that scales the body reflectivity. With this information the ephemeris equations of
motion shown in (2) are written in an inertial coordinate frame with an origin located at Earth [6].

ẍqi +
Ḡ(mi +mq)

x3
qi

xqi = Ḡ
n

∑
j=1

j 6=i,q

m j

(
xij

x3
i j
−

xqj

x3
q j

)
+aSRP (2)

Parameter Value
Space object’s area 0.7854 m2

Space object’s mass 120 kg
CR 1.8

Table 1: SRP Cannonball model parameters

The subscript q represents the central body of the system, i constitutes the space object of interest, and n is the number
of perturbing bodies. Hence, the vector rqi is the position of the space object with respect to Earth. The vector rqj is
the position of each perturbing body with respect to Earth, obtained from the Jet Propulsion Laboratory (JPL) DE432
planetary ephemerides. The vector rij corresponds to the position of each perturbing body with respect to the space
object.

To recover a reference trajectory in the ephemeris model with similar geometric characteristics to a periodic orbit in
the CR3BP, a multiple-shooting numerical corrections scheme is used. Specifically, the process presented by Pavlak
[6] is followed to generate trajectories in the ephemeris model that resemble periodic orbits in the vicinity of the
Moon. First, several revolutions of a periodic orbit are computed in the Earth-Moon CR3BP then discretized into
multiple arcs per revolution. The initial state of each arc is transformed into a Earth-centered inertial frame using
ephemeris information of the instantaneous states of the Earth and Moon. Next, a free-variable and constraint vector
formulation is constructed to vary the initial state, initial epoch, and integration time of each arc while ensuring state
and epoch continuity across the recovered trajectory in the ephemeris model [6]. The initial epoch of the first arc is also
constrained to a desired value. Then, a multivariate Newton’s method is applied to iteratively update the free variables
until the constraints are satisfied to pre-specified numerical tolerance. Using this process, the recovered trajectory is
continuous in the ephemeris model and shares similar geometric characteristics with the periodic orbit in the CR3BP
used to construct the initial guess.

The multiple-shooting correction scheme is used with the CR3BP trajectories, Fig. 1 and Fig. 2, to generate ephemeris
reference trajectories for a four month interval as illustrated in Fig. 3 and Fig. 4 for the L1 Lyapunov and L2 Southern
NRHO, respectively, viewed in the Earth-Moon non-pulsating rotating frame.
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Fig. 3: L1 Lyapunov Orbit in the full-ephemeris
model

Fig. 4: L2 Southern NRHO in the full-ephemeris
model

2.3 L2 Optimal Model Predictive Control

There are a number of studies on linear-quadratic regulators (LQR) and model predictive control (MPC) methodologies
for orbit maintenance in cislunar space [7–9] that can be implemented to generate stationkeeping patterns of life.
This study focuses on a state feedback model predictive control methodology that regulates the system to a desired
reference. The trajectory reference tracking occurs by minimizing a quadratic cost function J subject to user-defined
constraints and using a model prediction for a finite number of steps in the future Nc. In this study, a periodic MPC
algorithm [9] is implemented for the tracking of the reference trajectories generated in the ephemeris model. The
chosen prediction horizon Nc for this control model is equal to one-quarter of the orbit period T (i.e. Nc =

1
4 T ) The

periodic MPC is based on the solution to the discrete-time constrained optimization problem shown in (3), where Qk
and Rk are design variables, Pk is the solution to the Riccati equation (5), and ∆xk+i+1 are the discrete linearized
equations for the tracking error ∆xk+i = xk+i−xnominal

k+i [8].

min
U

J =
1
2

∆x>k+Nc|kPk+Nc∆xk+Nc|k +
1
2

Nc−1

∑
i=0

∆x>k+i|kQk+i∆xk+i|k +u>k+i|kRk+iuk+i|k,

s.t ∆xk+i+1|k = Fk+i∆xk+i|k +Gk+iuk+i|k

(3)

where U = [u>k+i|k, . . . ,u
>
k+Nc−1|k]

>. The solution for (3) has the form of uk+i|k = −Kk+i∆xk+i|k [9], where for every
integer i, the matrices Ki and Pi are computed through

Ki = (Ri +G>i Pi+1Gi)
−1G>i Pi+1Fi, (4)

Pi = Qi +F>i Pi+1Fi−F>i Pi+1GiKi. (5)

The MPC, and the Impulsive control model discussed later, possess the same major perturbations as the ephemeris
model. However, to test the performance of these models, a discrepancy between the dynamical model used within the
controllers and the ephemeris model is introduced. Therefore, despite having the same initial condition as the reference
trajectory, due to mismodeling, the trajectory will diverge from the desired orbit requiring correction maneuvers to
maintain the desired orbit.

MPC control is implemented for the two orbits of interest and the controller is able to maintain both orbits close to the
desired trajectory as shown in Fig. 5 for the L2 Southern NRHO and Fig. 6 for the L1 Lyapunov Orbit. In addition,
Fig. 7 shows the control acceleration required for both orbits.
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Fig. 5: Position and velocity tracking errors for a L2 Southern NRHO using MPC control

Fig. 6: Position and velocity tracking errors for a L1 Lyapunov Orbit using MPC control
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Fig. 7: Control Acceleration History and Total |∆V | using MPC control

The intention of generating these results, along with the outcome from the Impulsive control, is to obtain general
stationkeeping patterns of life and use them for the training and testing of the OCBE algorithm presented in Section 3.

2.4 Sequential Quadratic Programming (SQP) Impulsive control

In contrast with the MPC control, the SQP impulsive control does not perform stationkeeping maneuvers at every time
step of the simulation. The SQP Impulsive control model has two fundamental components for its implementation.
The first component is the implementation of a direct optimization approach to compute maintenance maneuvers that
are locally optimal with respect to ∆V (X) as presented in [10]. This is achieved by solving the optimization problem
shown in (6), where the objective is to minimize each stationkeeping ∆V subject to the nonlinear equality constraints
h(X).

min J(X) = ‖∆V (X)‖2

s.t. h(X) = 0
(6)

The optimal decision variables, given by X, are obtained in a similar fashion as in a multiple-shooting correction
approach. At every control point i, the remaining reference trajectory (i.e. xre f

i→end) is discretized in N− 1 number of
arcs as shown in Fig. 8 where each arc has an associated initial patch point x j=1:N,0 and a propagation time τ j=1:N .
The initial patch points include the positions and velocities of the reference trajectory at time ti and these N points are
considered as the design variables of X = [x>1,0,x

>
2,0, . . . ,x

>
N,0]
>.

Fig. 8: Discretization of a reference trajectory into N number of patch points x j→N,0
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The nonlinear equality constraints shown in (7) are formed by first calculating the final patch point of each arc x j=1:N, f .
These final points are obtained by propagating each of the selected initial patch points x j=1:N,0 using the ephemeris
model and their respective propagation time τ j=1:N . The initial and final patch points of each arc enforce the continuity
constraints in (7). In addition, the positions of the initial patch point of the first arc (i.e. xpos

1,0 ) and the positions of the
final patch point of the last arc (i.e. xpos

j=N, f ) are constrained to ensure the propagated path does not diverge from the
reference trajectory.

h(X) =



x1, f −x2,0
x2, f −x3,0
·
·

xN−1, f −xN,0

xpos
1,0 −xpos

desired

xpos
N, f −xpos

desired


= 0 (7)

The proposed optimization problem is solved using MATLB fmincon sequential quadratic programming algorithm due
to its capabilities to solve constrained nonlinear optimization problems. Additionally, since the reference trajectories
can be designed for long periods of time and multiple revolutions, a sliding window is implemented at each control
point i to reduce computational effort. Instead of taking the remaining reference trajectory at each control point i, the
sliding window uses information of only one future revolution.

The second component for the implementation of SQP Impulsive control is selecting the location for each control
point or node i. The stationkeeping maneuvers are performed once per orbit at the site where the dynamics are the
most sensitive. This location can be found by analysing the magnitude of the eigenvalues of the Monodromy matrix
M = Φ(ti +T, ti), which can be acquired by integrating the state transition matrix Φ(t, ti) for one orbit period T [10].
The dynamics are the most sensitive when the magnitude of the eigenvalues is greater than one (i.e. |λi|> 1), thus the
point along the orbit where the magnitude of the eigenvalue is the greatest is chosen as the control node.

The performance of the proposed SQP Impulsive control, using the ephemeris reference trajectories, is depicted in
Fig. 9 for the L1 Lyapunov orbit and in Fig. 10 for the L2 Southern NRHO. Additionally, Fig. 11 displays the control
history for the |∆V |maneuvers. These results, along with the MPC results, establish the stationkeeping patterns of life.

Fig. 9: Position and velocity errors for a L1 Lyapunov Orbit using SQP Impulsive control

Copyright © 2021 Advanced Maui Optical and Space Surveillance Technologies Conference (AMOS) – www.amostech.com 



Fig. 10: Position and velocity errors for a L2 Southern NRHO using SQP Impulsive control

Fig. 11: Control History using SQP Impulsive control

3. MANEUVER DETECTION AND BEHAVIOR CHANGE CLASSIFICATION WITH THE OCBE

The maneuver detection methodology applies the optimal control based estimator to the estimation problem. The
OCBE is sensitive to and capable of reconstructing dynamical mismodeling, often in the form of accelerations, which
makes it an ideal tool for detecting maneuvers performed by uncooperative space objects [11]. To classify changes
in an observed space object’s pattern of life, the OCBE output is fed into a one-class SVC [12] which builds a model
of the object’s recent maneuver behavior, and tests that model online against incoming filtered observational data to
discern behavior changes.

In this application, the ballistic form of the OCBE (BL-OCBE), which is a generalization of the Kalman filter, is used
in conjunction with the OCBE smoother, which uses an optimal control policy to dynamically link states between
measurement epochs [13]. The BL-OCBE and smoother provide state and acceleration estimates with minimal noise
and variance over the entire observation period. The framework and equations for both the BL-OCBE and smoother
are laid out in [11]. The filter uses the high-fidelity ephemeris model outlined in Section 2, allowing for the detection
of the fine control necessary to maintain a stable orbit in the cislunar regime.
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3.1 Observation Strategy

The observation strategy for both cislunar orbits outlined in this paper is akin to [14], with a single observer spacecraft
placed in the vicinity of the Earth-Moon L2 equilibrium point. This observer spacecraft does not experience visual
outages, so it is ideal for maintaining custody of uncooperative space objects in cislunar trajectories. The measure-
ments can be processed by either the observer spacecraft or an Earth-based ground station. The observing spacecraft
state is assumed to be known in this case for simplicity, and is not estimated in the filter.

The measurements are assumed to be optical in nature and over time, provide relative azimuth, elevation, and angular
rate information. Angles-only measurements were attempted for this case, but as in [14] they do not provide enough
information ultimately leading to filter divergence. Earth-based optical observers using right-ascension and declination
angles and angular rates were also considered with success in state estimation, but ultimately led to poor control
estimates.

Measurements are taken every 3 hours, to be conservative. The OCBE is conditioned for data sparse applications, and
as such filter divergence did not occur until the observation time steps exceeded 72 hours in duration, permitting main-
tenance of space object custody when observation time is limited. The OCBE control estimate magnitudes observing
the NRHO with both controllers can be seen in Fig. 12 and Fig. 13.

Fig. 12: Estimated control history observing the NRHO with continuous control.

Fig. 13: Estimated control history observing the NRHO with impulsive control.

The behavior change scenario modeled in this paper consists of a regularly maneuvering spacecraft which suddenly
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shuts off all control and begins a dead drift. Fig. 12 and Fig. 13 showcase the BL-OCBE and smoother’s control
estimates ability to track the truth with changing maneuver patterns.

For impulsive controllers, the estimated control policy from the OCBE is integrated over each gap in measurement
epochs to compute expected maneuver ∆Vs for use in the classification problem. Because of this integration, the
magnitudes of detected impulses will vary proportionally with the duration in between measurements [11]. A simple
peak finding function is used to identify the impulsive maneuvers within the time history of the control estimate, which
are denoted as ”detected maneuvers” in Fig. 13. The control estimates and thus training samples for the impulsive case
are only available at each measurement epoch, and thus the available training data for the behavior change detection
algorithm in the following section is limited by the chosen measurement frequency.

For continuous controllers e.g. low thrust maneuvers, the estimated control accelerations are used directly in the
classification problem as they more accurately represent the nature of low-thrust control. Since the OCBE is capable
of generating control acceleration estimates in between measurement epochs, observing continuous controllers allows
for a finer granularity of training samples than observing impulsive controllers. The OCBE filter and smoother’s
ability to generate accurate control estimates permits the outputs to be used in building a model of the observed space
vehicle’s stationkeeping patterns in the following section.

3.2 One-Class Support Vector Classifier

The first step to characterizing stationkeeping patterns of life is a simple binary classification, i.e. is the space vehicle
continuing the pattern that has been observed recently, or is it doing something different or anomalous? Support vector
machines (SVMs) are well suited for this binary classification problem, while also being simple to implement. Binary
SVMs require training data for both cases, while also limiting the classification to two specific patterns that are known
a-priori. The one-class support vector classifier is better suited for the behavior change detection problem, as it only
requires training data from the nominal case, and enables the detection of outliers in testing data that indicate a novel
pattern or an anomalous behavior with respect to the training set, without the necessity for the specific nature of those
outliers to be known a-priori. The application of one-class SVC to space domain awareness allows for pattern of life
characterization for uncooperative space vehicles, granting the capability to detect when a space object’s pattern of life
changes. In conjunction with the OCBE, which provides accurate state and control estimates, one-class SVC is used
for dynamical behavior change detection.

The algorithm separates all of the points in the input feature space X1, ...,X` ∈X from the origin with a hyperplane,
and maximizes the distance between this separating hyperplane and the origin [15]. The binary classification problem
separates the feature space into two regions, with the function returning yi = 1 in the region which captures the training
points, and yi =−1 for inputs deemed outside of the training density, i.e., anomalies.

In order to find relationships between feature vectors Xi,X j where (i, j) ∈ `, a kernel function K is used to map their
relations into a higher dimensional space where they are separable by a hyperplane. The kernel used in this paper is
the radial basis function (RBF) kernel [16] shown in (8).

K(Xi,X j) = exp(−γ||Xi−X j||2) (8)

The parameter γ may be adjusted to tune the size of the ”region of similarity”, i.e. a smaller γ causes more points
in X to be considered ”similar” by the algorithm. This kernel nonlinearly maps samples into a higher dimensional
space while handling nonlinear relations between class labels yi and feature vectors Xi. There also exists a parameter
ν which is an upper bound on the fraction of training errors and a lower bound of the fraction of support vectors [12],
with the bounds shown in (9).

ν ≤ 2min(#yi = 1,#yi =−1)
`

≤ 1 where ν ∈ (0,1] (9)

For this application, ν will be small (on the order of 10−4), as the training data should only encompass the nominal
concept of operations (CONOPS) where yi = 1, and thus cases where yi =−1 will be small relative to ` in the training
set X . The implementation of this algorithm is from the LIBSVM library [17], which solves the optimization problem
in [12] with γ,ν as tuneable inputs.

An important step before training the algorithm on the OCBE data is to normalize each attribute of the feature vectors
to the interval [−1,1]. This avoids attributes with greater numeric ranges dominating those with smaller numeric
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ranges. This also prevents numerical problems from evaluating the kernel function with large values. It is important
to use the same scaling method on both the training and testing data; if an attribute in the testing data falls out of the
[−1,1] range of the training data, rescaling the entire dataset and re-training the SVC is unnecessary as long as the
scaling criteria for both sets is identical [18].

The feature vectors Xi containing the OCBE outputs consist of the spacecraft estimated scalar position, velocity, and
control effort in the J2000 frame. The weekday corresponding to the sample time of each feature vector twdi is also
included to encode the timing information of observations and maneuvers. For impulsive controllers, the feature
vector is sampled at every measurement epoch, and if a control spike is not detected, ∆V = 0 is used. For continuous
controllers, the feature vector is sampled at the same rate as the OCBE, which runs at a higher frequency than the
measurement cadence. This allows for shorter training windows to achieve similar levels of accuracy as observing
impulsive controllers. The feature vectors used in this application are seen in (10) and (11).

Impulsive Controller: Xi =
[
||ri||, ||vi||, ||∆Vi||, twdi

]
(10)

Continuous Controller: Xi =
[
||ri||, ||vi||, ||ui||, twdi

]
(11)

Using feature vectors containing the full spacecraft state and control vectors are counter-intuitively less meaningful to
the classifier. Because the SVC does not relate each vector component but instead treats them all as separate attributes,
one-class SVC performance is improved by computing the magnitudes of the position, velocity, and control vectors
and feeding those in as individual attributes. The low dimensionality of the feature vector also allows for extremely fast
training and evaluation times, allowing this method to be used on a large scale observing constellations of spacecraft
with minimal computational demand.

Fig. 14: Behavior change detection algorithm layout.

The implementation of the one-class SVC in an online manner is laid out in Fig. 14. The sliding training window
trains the SVC on each new observation from relevant data cutoff (RDC) to training window cutoff (TWC). Each new
observation pushes a verified one into the sliding training window. The model is then evaluated over the test window
from TWC to the current epoch, checking for behavior changes. A hypothesis test is performed on the training window
to confirm or deny that a behavior change has occured. Once a behavior change has been declared, RDC is updated to
the current epoch. In this period directly following a behavior change detection (BCD), the algorithm is vulnerable to
another rapid behavior change before the training window contains enough samples to accurately classify the current
stationkeeping pattern. The minimum size of the sliding training window is constrained by the Nyquist limit [19],
i.e. the training window must capture at least two full control cycles to be able to accurately characterize the current
stationkeeping pattern.

3.3 Results using One-Class SVC
To test the implementation of one-class SVC for behavior change detection, both the impulsive and continuous con-
trollers for the NRHO were estimated with the OCBE, and the state and control estimates fed into the BCD algorithm.
Before the algorithm can be run online, a grid search is run to find the optimal tuning parameters γ,ν which provide
good classification performance for a set training window length.

Reciever operating characteristic (ROC) plots are chosen to illustrate the diagnostic ability of the BCD algorithm with
varying discrimination thresholds, which in this application are the tuning parameters. The ROC curve plots the true
positive rate (TPR), or probability of detection, vs. the false positive rate, or the probability of false alarm. This offers a
simple visualization of how varying the tuning parameters alters the performance of the algorithm, while also showing
the best ROC curve for the training window size denoted as the Pareto front. The ROC curves will fall between a
perfect classifier, which is denoted by a line connecting the utopia point (TPR = 1 and FPR = 0) to the origin and [1,1],
and a random classifier, which is equivalent to flipping a coin.
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Because the sampling rate for the impulsive case is limited by the measurement frequency, measurement gaps of 1
hour were chosen for running the BCD algorithm to maximize the number of possible samples. ROC curves from
initializing the algorithm are shown in Fig. 15.

Fig. 15: ROC curves from BCD algorithm initialization for NRHO impulsive controller with 1 hour measurement
frequency and 20 day training window with 22,500 points.

Two interesting patterns arise when observing the ROC charts; increasing γ also increases the TPR, but with the trade-
off of also increasing the FPR above a certain threshold. This follows from the fact that decreasing γ enlarges the
region of similarity in the kernel function, causing feature vectors that should be flagged as anomalous to be ignored.
Likewise, when γ becomes too large, the region of similarity is shrunk such that feature vectors which represent
nominal behavior are deemed anomalous. The pattern which arises from varying ν is less pronounced, but when
observing both plots it is clear that its variation has a larger effect on the FPR than the TPR.

Any of the points on the pareto front may be chosen to achieve the desired performance, but the best performance
attainable given the training window is represented by the point nearest to the utopia point, which will be used to run
the algorithm. The granularity in the plot is due to a low sampling rate of 1 feature vector per hour and a testing
window of 3.5 days, yielding a testing feature space with only 50 feature vectors. The resultant performance on the
simulation data centered around the behavior change and during the nominal CONOPS is shown in Fig. 16.

Fig. 16: Visualization of BCD algorithm performance around behavior change and during nominal CONOPS for
impulsive NRHO controller.
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Fig. 16 showcases the algorithm’s ability to detect the behavior change around a day after control cutoff. Due to the
low sampling rate, confirming the behavior change will be more difficult than in the case with continuous controller,
which has a higher sampling rate. A higher sampling rate allows for more samples to be processed in a set window,
increasing the statistical significance of a hypothesis test.

For the NRHO with the continuous controller, the sampling rate is much higher allowing for many more feature vectors
in the input feature space, while being able to use a larger measurement frequency of 3 hours per observation. The
ROC curves from initializing the BCD algorithm on the NRHO with continuous controller are shown in Fig. 17.

Fig. 17: ROC curves from BCD algorithm initialization for NRHO continuous controller with 3 hour measurement
frequency and 20 day training window with 22,500 points.

The higher sampling rate improves the classification accuracy, resulting in finer granularity in the selection of points
along the Pareto front. Again, the point nearest to the utopia point is chosen to run the algorithm near the behavior
change and during nominal CONOPS, shown in Fig. 18.

Fig. 18: Visualization of BCD algorithm performance around behavior change and during nominal CONOPS for
continuous NRHO controller.

Note the increased sampling frequency, which makes statistical testing on the BCD algorithm output more viable for
a shorter time frame. The output switches between nominal and anomalous around the behavior change as the control
estimate from the OCBE ramps down. This occurs because of the dynamical linking between epochs done by the
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OCBE smoother does not allow for a discontinuity in the control estimate, which is what occurs in the truth simulation
as the control is simply shut off. Around a day after the behavior change occurs, the output settles into a steady state
strongly indicating that a behavior change has occured. There is also a lack of false alarms during the middle of the
simulation when no behavior change is occurring.

After observing the results from both the impulsive and continuous control scenarios, the BCD algorithm is clearly
more effective when observing spacecraft with continuous control. As indicated by the ROC curves, the classification
accuracy is improved by having more training samples within the same training window which is made possible by
the OCBE’s smoothed control estimates generated between measurement epochs. Since most missions prioritize fuel
efficiency when operating at such large distances from Earth, one can expect low thrust maneuvering capabilities to be
used, making the BCD algorithm even more suitable.

Selecting the size of the training window is crucial to achieve satisfactory performance from the BCD algorithm. The
lower bound of the training window is the Nyquist limit of the control scheme, which in the case of the NRHO is two
orbital periods or about 15 days. A trade study is run varying the training window length from the minimum (Nyquist
limit) to the maximum (start of simulation) with the corresponding ROC curves shown in Fig. 19.

Fig. 19: ROC curves from varying training window length observing continuous NRHO controller.

Clearly using the minimum size training window yields sub-optimal results, although the performance is still signifi-
cantly better than a random classifier. The best results are from the 45 day training window, or about three times the
control scheme Nyquist limit. Extending the training window past three times the Nyquist limit results in classification
accuracy degradation, so it is advised that the training window length is kept below this threshold.

Considering the results, the BCD algorithm is effective at detecting behavior changes in space vehicles’ stationkeeping
patterns of life, adding valuable information to the user’s toolbox when tracking unowned space objects of interest.
Giving the user information on a behavior change occurance allows informed sensor tasking for follow-up observa-
tions, and permits further investigation into the origin of the behavior change.

4. CONCLUSION

Descriptive stationkeeping patterns of life can be generated for different control scenarios to inform expected trajectory
maintenance maneuvers for orbits in cislunar space. The OCBE in conjunction with one-class SVC is a powerful tool
for detecting maneuvers and behavior changes of space objects with respect to the observed stationkeeeping patterns
of life. The one-class SVC behavior change detection algorithm allows for at least daily discovery of changes in a
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space object’s behavior. The algorithm is more suited to observing spacecraft using low thrust maneuvering, although
results from observing impulsive controllers are still viable. Minimal user input is required to use this algorithm
with the exception of designing the training and testing windows as well as some parameters before running online.
Automating the tuning process of the BCD algorithm parameters is desirable to achieve a true interdependence from
any a-priori knowledge of possible behavior changes.

Implementation of a statistical test on the testing window output, such as a Neyman-Piersen hypothesis test, can be
implemented to aid the decision making process for the BCD algorithm. Future work will focus on improving OCBE
performance on the L1 Lyapunov orbit to test behavior change detection in that regime. Given a-priori knowledge
of possible behavior changes, a multi-class support vector machine is viable to further classify behavior changes into
their respective categories.
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