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An online method is presented for detecting and estimating unmodeled translational
maneuvers of a target vehicle. Designed for relative navigation scenarios, the algo-
rithm runs onboard the chaser vehicle and operates without communication from
the target. By leveraging a buffer of observed pre-fit measurement innovations, the
method eliminates the need for prior knowledge about the timing, magnitude, or
direction of the target’s maneuvers. This method integrates adaptive process noise
estimation with a splitting algorithm designed specifically for this type of unmodeled
dynamics. The algorithm demonstrates rapid detection and estimation of unmodeled
target maneuvers in a low Earth orbit scenario, without relying on inflated uncertainty
bounds. Its performance surpasses that of state-of-the-art adaptive filters designed
with prior knowledge of the maneuver. The algorithm also demonstrates competi-
tive performance in detecting and estimating target maneuvers in a cislunar scenario,
matching or exceeding state-of-the-art filters configured with prior knowledge of the
maneuver. In both scenarios, the adaptive estimation of process noise is key to enable
both rapid transient response to detected maneuvers and accurate steady-state per-
formance; all without any prior knowledge of the target’s maneuver timing, magnitude
and direction.



1 Introduction

The ability of a chaser vehicle to detect and estimate translational maneuvers (here-
after referred to as “burns”) performed by a target vehicle during spacecraft rendezvous
and proximity operations is a rich and actively evolving area of research. The Kalman
Filter (KF) [18, 17] and its extensions to nonlinear systems will perform poorly with-
out prior knowledge of burn timing and magnitude . Thus, if a spacecraft being tracked
performs a burn without the observer’s knowledge, it can lead to state divergence or
loss of tracking by the observing sensors.

The most widely used modification of the KF for nonlinear systems is the Extended
Kalman Filter (EKF). The EKF handles nonlinearities via first-order Taylor series
approximations, centered on the filter estimated state [37]. Thus, if the filter estimated
state strays too far from the true state, the EKF linearization approximation might be
insufficient resulting in filter divergence. Filter divergence can also occur when there
is a perturbation to the system that is unexpected or unmodeled. The rate at which
the filter estimate diverges from the truth is greatly impacted by the nonlinearity of
the system as well as the magnitude of the perturbation. When a perturbation or
uncertainty is small enough, it is common to compensate for the lack of knowledge
with process noise. However, larger perturbations with nonzero means, are not as
easily remedied.

Unknown or unmodeled vehicle burns are an important class of perturbation in the
aerospace industry. There has been research conducted into unmodeled target vehicle
burns in ground based tracking applications as well as onboard relative navigation
applications. These two applications have similar goals, but the computational power
and availability of measurements have a large impact on the methods used to solve
the problems. The work presented in this paper is focused on onboard rendezvous
and docking applications. Spacecraft rendezvous and docking represent critical and
complex flight phases, where failures can lead to extremely costly consequences.

There are scenarios in which a chaser vehicle may need to rendezvous with an
uncooperative target. For example, communication may be lost with a malfunctioning
spacecraft that must be intercepted for repair. In such cases, the ability to detect and
estimate unexpected target burns becomes critical to avoid mission failure or collision,
due to the increased accuracy of estimate provided to the collision avoidance system
onboard.

In this work, an onboard relative navigation algorithm is proposed to detect and
estimate an unmodeled target vehicle burn during proximity operations. To test the
efficacy of the algorithm in the absence of a priori information, no explicit assump-
tions are made on the timing, objective, magnitude, or direction of the unmodeled
target burn. The proposed algorithm is referred to as Burns Adaptively Learned On
Orbit (BALOO). BALOO relies on a buffer of measurement innovations to simultane-
ously estimate the process noise in the system and detecting when a large unmodeled
perturbation has taken place. When a large unmodeled target perturbation has been
detected, a new hypothesis is created with an estimated unmodeled target acceler-
ation. Low probability hypothesis are then discarded. The process noise adaptation
portion of this work is based on the algorithm introduced in [24]. The contributions
of this work are:



® A new rationale for determining if a new model is needed to represent the state based
on the expected impacts of an unmodeled target vehicle translational maneuver

® A new method for defining the new model introduced to the system based again on
the expected impacts of an unmodeled target vehicle translational maneuver

® An adaptive algorithm that allows for large dynamics model discrepancies, with no
assumptions on the timing, magnitude, or direction of the perturbation

® A combination of small and large perturbation handling to reduce the number of
additional models required to approximate the true dynamics of the system

The remainder of this paper is organized as follows. Section ?? reviews the state
of the art and existing algorithms to address this problem. Then, Section 7?7 details
how the BALOO algorithm functions. Next, Section ?7 presents numerical examples
in which the BALOO algorithm is compared against state of the art IMM algorithms
that are tuned with prior information on the unmodeled target burns. Finally, Section
?7? summarized the conclusions of this work.

2 Background and Existing Methodologies

Navigation algorithms typically rely on physical models of dynamics, sensor mea-
surements, and on knowledge of both the initial state and noise covariance matrices.
Knowledge of the physical models and covariance matrices are leveraged to construct
the estimator. Uncertainty in the models results in degraded estimation performance.
Compensation for model uncertainties can take many forms. In this section, methods
for compensating for large and small model uncertainties are discussed.

2.1 Small Model Uncertainty

One commonly used technique to accommodate for unmodeled dynamics is State
Noise Compensation (SNC) [37]. In SNC, an upper bound on the uncertainty in the
system is determined and mitigated with process noise. It is common to estimate this
upper bound by simulating trajectories with high fidelity models and comparing the
results to those produced by the lower fidelity filter model [45]. Although SNC is
widely used, it is limited by the assumption that the errors are a white process, i.e.,
not temporally correlated. To address this deficiency, Dynamic Model Compensation
(DMQ) is introduced [37]. DMC compensates for unknowns in the dynamics model
by using Exponentially Correlated Random Variables (ECRVs, also known as first
order Gauss-Markov processes). Although DMC addresses some of the shortcomings
of SNC, both methods require a substantial knowledge about the system in order to
be useful.

Uncertainties in the dynamics model can also be incorporated by including consider
parameters in the state space [37]. Consider parameters allow for the inclusion of
additional uncertain elements in the state space but without estimating them. This
method is especially useful if the consider terms are not fully observable. Stauch
and Jah demonstrate the use of consider parameters in an Unscented Kalman Filter
(UKF) applied to an orbit determination scenario where the ballistic coefficient is
not perfectly known [40]. In McCabe and DeMars, the usage of consider parameters



is expanded to square-root filters in the context of ballistic reentry [26]. Consider
parameters help to apply uncertainties in the state dynamics in more complex ways
than SNC of DMC, but are still burdened with the need for a priori knowledge of
parameter uncertainty.

Leveraging a priori estimates of uncertainties in a system via SNC, DMC, and
consider parameters is commonplace in the aerospace industry and often provide
reasonable upper bounds on the uncertainties in the systems during nominal flight
conditions. However, there have been instances where it became necessary to adjust
the noise parameters during the course of the mission [35, 11]. Stacy and D’Amico use
Adaptive State Noise Compensation (ASNC) and Adaptive Dynamic Model Compen-
sation (ADMC), which blend Covariance Matching (CM) techniques [36, 31, 34, 29|
with SNC and DMC, respectively, to adjust the noise levels in a system orbiting an
asteroid with a poorly known gravitational field [39]. Giraldo-Grueso et al. leverages
neural networks and maximum likelihood methods in a reentry application [10, 9].
Mamich and Zanetti [24] provide an adaptive solution using correlation methods to
adapt to poorly characterized venting disturbances caused by the presence of a crew
on a target vehicle.

These strategies perform well when dealing with small-scale perturbations or those
resembling white noise. However, their application with larger or more structured
disturbances, can lead to subpar performance or even filter divergence.

2.2 Large Model Uncertainty

Larger, more structured model discrepancies require approaches beyond those dis-
cussed above. In this work, such “large discrepancies” refer specifically to unmodeled
changes in the target vehicle’s velocity, i.e., burns.

It is common to simplify the solution space for maneuver detection problems by
assuming that burns are optimal in some sense; most often fuel-optimal.

This assumption is prevalent in many burn detection algorithms as spacecraft are
typically designed to perform fuel-optimal maneuvers. Holzinger et al. leverage this
idea using the minimum-fuel control distance and optimal control theory for burn
detection and characterization [12]. This technique is expanded by Jaunzemis to non-
Gaussian edge cases by applying a Gaussian mixture model; while the previous work
assumed Gaussian distributions [14]. Lubey and Scheeres derive an optimal-control-
based estimator using a Kalman filter algorithm in order to estimate both burns and
mismodeled dynamics [23]. These methods are deterministic and solve an optimization
problem to find the burn that best describes the observations.

An alternative approach that neither relies on optimality nor follows a determin-
istic framework is the use of Multiple Model (MM) filters. As the name suggests, MM
filters are multiple model adaptive estimation (MMAE) algorithms that employ a
bank of filters, each representing a different hypothesis about the system’s dynamics,
measurement models, and potentially burn detection criteria.

The earliest MMAE approaches assumed the existence of a single “true” model
contained in the filter bank[2]. To extend the theory to more complex systems with
switching dynamics and measurement models, Interacting Multiple Model (IMM) fil-
ters were proposed [2, 33, 25]. IMMs are a class of MM filters designed to handle



instances where there may be more than one “true” model over the course of time
designed to keep the solution computationally tractable. To do so, IMMs combine the
state and covariance estimates of each node/filter in the bank in a weighted sum and
provide each node the combined estimate. While the individual filters in the bank can
be of different types, Kalman Filters are typically employed|25].

Several implementations of IMM have been successfully used to track vehicle per-
forming maneuvers, ranging from standard IMMs with a wide array of models to
encompass likely burns, to IMMs with variable sets of modes/filters enabled only when
a burn is detected [21, 22]. These implementations require some prior knowledge of
the potential models of the system in order to include them in the bank. Adaptive
IMMs with companion bias filters [30, 20], and adaptive IMMs that include process
noise adaptation [8] have been implemented to reduce reliance on a prioir information.

Gaussian Mixture Filters (GMFs) are a class of algorithms with many similari-
ties to IMM. However, the different node in GMFs are used to better represent the
probability density function (PDF) of the state rather than uncertainty in the under-
lying models. Although there have been some studies that have represented model
uncertainties as distributions [46, 13].

Unlike IMMs, GMFs commonly split filter nodes. The decisions to split and the
splitting direction are typically dictated by detection of nonlinearity in the system or
non-Gaussianity in the node, while the splitting components are chosen to preserve the
PDF. One state of the art GMF splitting algorithm is the AGEIS algorithm introduced
by DeMars et al. which determines when to split based on the entropy of the system
[7]. Tuggle and Zanetti’s introduce new splitting methods for nonlinear measurement
updates and for orbit uncertainty propagation [41, 42]. Kulik and LeGrand propose
splitting methods informed by nonlinearities in the system [19]. The idea to split
components has been employed in a broad range of applications, but has not yet been
explored in the context of relative navigation in the presence of unmodeled target
burns. This work investigates that possibility and develops a specialized splitting
approach to solve this specific challenge.

3 Burns Adaptively Learned On Orbit

In [24], with the introduction of the MILTON (Measurement Innovation Leveraging
To Obtain Noise) algorithm, it is shown that correlation methods function well in
a system with unknown target venting perturbations and small gravitational model
differences. Correlation methods were originally developed to adaptively estimate
unbiased noise in a system [28]. The expected magnitudes of the venting perturba-
tions for the Artemis missions are detailed in [5, 4, 15, 16, 27]. These perturbations
are non-zero, but extremely small. While correlation methods were developed for lin-
ear systems with unbiased noise, the results show that correlation methods can still
function well on nonlinear systems with low magnitude biases. Unfortunately, when
an unmodeled perturbation is large, as is the case when the target vehicle performs
an unmodeled burn, the algorithm MILTON is not capable of providing a quick
adjustment.



Therefore, an MM filter with MILTON nodes and a tailored splitting algorithm is
proposed to improve how quickly an unmodeled target vehicle burn can be detected
and estimated in a relative navigation scenario. The proposed algorithm, BALOO,
operates on the chaser vehicle. It is assumed that there is no communication between
the two vehicles or with the ground. When the filter is initialized, it begins with a
single MILTON node. If a split is determined to be required, a new node is generated
based on the existing node and a buffer containing a time series of measurement
innovations. The new node will also function as a MILTON filter. After a split occurs,
each node operates independently from the other nodes in the system other than the
normalization of the node weights which occurs during the measurement update. The
algorithm’s components are detailed below.

3.1 MILTON

In this work, each MILTON node operates in the same manner as the single MIL-
TON filter is described in [24]. For completeness, a brief description of the MILTON
algorithm from [24] is included.

A relative inertial state space is used in this work,

x = @507 W) @N)T @) (v (P )

where position vectors are indicated as r, velocity vectors are indicated as v, accel-
eration vectors are indicated as a, and the chaser vehicle accelerometer bias vector is
indicated as b. The inertial frame is represented with the superscript ¥ and the tar-
get vehicle and chaser vehicle body frames are represented with the superscripts B¢
and Be respectively. A relative vector subtracting the target states from the chaser
states is shown with the subscript ;/., while a vector with a single letter subscript,
like ., is taken to be defined as a standalone quantity. The chaser accelerometer bias
terms are included in order to prevent attributing a bias in the onboard accelerometer
with an unmodeled target vehicle acceleration. MILTON, consists of three primary
components: propagation, measurement update, and an adaptive block.

3.1.1 Propagation

Each spacecraft is handled independently in the propagation phase. The states
are propagated using a fixed step Runge-Kutta (RK4) propagator and the EKF
propagation equations,

X, =f(xf,t), P, =FP/F'+Q,
F~ e(AAt), A= ﬁ @)

6X +’
Xk

where the state dynamics function, f(), is a function of the state vector, x of size n,
and time, t. The covariance estimate, P, is propagated linearly using an approximated
discrete time state transition matrix, F, and the discrete time process noise matrix,



Q. Prior quantities are designated as, ()~. Posterior quantities are designated as ().
Discrete time steps are shown as () and ()g41.

The original MILTON algorithm included a single filter only. In the BALOO algo-
rithm, the filter is initialized with a single node, however the filter will create new
nodes if the splitting criterion is met. The splitting algorithm will be discussed in the
following section. The weight of each node, w is held constant over the propagation
period,

Wy g = w,j (3)

Prior to propagation, the relative target vehicle states are converted to inertial

states using,
N N N N N N
ry =1, + I't/c Vi =V, + Vt/c' (4)

The independent states are propagated with the dynamics,
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gravitational forces are shown as g. Chaser accelerometer measurements, o, are taken
in the chaser body frame. If the magnitude of the measured chaser acceleration exceeds
a gating threshold, the measurement is used in propagation and applied as a constant
over a timestep. To use this measurement, the estimated bias is removed, and then
converted to the inertial frame using the direction cosine matrix (DCM), NB., from
the chaser body frame to the inertial frame. If the magnitude of the measured chaser
acceleration is at or below the gating threshold, the accelerometer measurement is
taken to be a direct measurement of the bias of the accelerometer and is not used in
propagation [44]. The chaser accelerometer bias is modeled as a Markov process with
an inverse of the time constant 8. Process noise is represented as v.

3.1.2 Measurement Update

In the measurement update, the EKF measurement update equations are used,

+ _ — — — _ —
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where the measurement function, h(), is a function of the state. The measurement
Jacobian, H, is used to calculate the Kalman gain, K, and the posterior covariance
matrix. The measurement noise covariance matrix is R. The quantity, yx+1, is the



received measurement. The measurement is a vector of size m and is used to calculate
the prefit measurement innovations, -

The weights in the BALOO algorithm are updated using the measurement like-
lihood and the previous weight. The weights are normalized to sum to one after the

measurement update has been conducted on all of the existing nodes,
Wiy X W N (Yeersh (x5) Wi (7)

The chaser vehicle is modeled as having an onboard flash LiDAR that provides
relative range, p , and bearing, A, B, measurements in the LiDAR frame, L,

pt = LNr;/., p= ’PL| + 7p;

L L 8
A = arctan (%) +mn4, B =arctan (p?i) +1B. ®
P Pz

z

where 7); is the measurement noise sample for the given measurement, i, LN is the
DCM from the inertial frame to the chaser LIDAR frame and pL, plI;, andpl are the
components of the relative range vector in the LiDAR frame.

In the event an accelerometer is below the set gating threshold, the measurement
is applied as a direct measurement of the accelerometer bias [44],

bPe = ape, (9)

The chaser vehicle position and velocity are treated as consider parameters and
are not updated in the measurement update phase [37].

3.1.3 Process Noise Adaptation

Correlation methods are used to adaptively estimate the process noise used in each
MILTON node. Correlation methods in nonlinear systems rely on a linear relation-
ship in time of the prefit measurement innovations. Buffers are maintained for these
prefit measurement innovations as well buffers of state transition matrices, measure-
ment Jacobian matrices, and in the BALOO algorithm, a buffer of measurements



themselves. For a single buffer of length my, this relationship is,
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where R, V, and W are vectorized time series of the prefit measurement innovations,
process noise samples, and measurement noise samples respectively. O is the observ-
ability matrix, and is full rank in this work. M™® is the mapping matrix from the
process noise samples to the measurement innovations. It should be noted in the nota-
tion of this paper, F and ® are both state transition matrices. The form Fy is used
to designate a single time step forward, meaning from time step k& to k + 1, while
D, —m,+1 is used to signify the state transition matrix from & —mjy + 1 to k. These
quantities are used to calculate A and B matrices,
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The block rows of these matrices, A¥ and B¥ are used to calculate estimates of the
autocorrelation, Cg x—p,

vech (CM) z Ak ®p AkT
vec (Ck,k—1) mo Ak Qu AfT
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~ ' k T
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where s, is the square root of the continuous time process noise covariance matrix
diagonal, and Q is the derivative of the continuous time process noise diagonal with
respect to the square root of that diagonal. The matrix D transforms the continuous
time process noise covariance matrix diagonal to the upper triangular of the discrete
time process noise covariance matrix which is governed by (?77?),

AS A4 A3
%,Q 5.Q 5-Q
Q=159 % Q 5-q|, (13)
5Q 5-Q AQ

where Q is the continuous time process noise. The symbols ®; and ®, represent
special Kroneker products that apply when X is symmetric,

vec (AXB) = (B” ®, A) vech(X),
vech (AXAT) = (A ®; A) vech(X).
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From here, (??) is then used in an information least squares framework to estimate
the process noise in the system using,

-1
A= (T) s di = Al

_ 1\ -1
Ak-‘rl = (13x3 - Aﬁ (A: + le) ) sz

_ _ —1
dk;+1 = (IS><3 - AZ (A; + le) ) dz_v (15)
df,, =dg . + DI Ry e,
ALl =Ap, + f)ngqu;lf)kJrla

where d is the information state, A is the information matrix, and Q,, and R, are
the process noise and measurement noise for the adaptation itself.

3.2 Splitting Algorithm

As mentioned in Section ?7, splitting algorithms have two components, the decision
to split and the direction in which to split. Many of the previous works on component
splitting algorithms have been developed for GMFs to mitigate nonlinear dynamics
or nonlinear measurement functions. The decision to split relies on some measure of
nonlinearity or non-Gaussianity and the determination on how to split components
attempts to preserve the PDF pre- and post-splitting. In this work, the reason for
splitting is based on the possibility of unmodeled target vehicle burns. A mismatch
in the filter dynamics model and the true dynamics can be detected by analyzing
the prefit measurement innovations of the system. In a perfectly modeled system, the
prefit measurement innovations will appear to be nonbiased, or zero mean.

A buffer with a time series of measurement innovations, R/, is maintained in each
node, j, for use in the adaptive process noise block. This buffer is used to detect when
a split should occur. The user defines the number of time steps to include in the split
decision, mg € [1,2, ..., myp). The split decision is made using a scaled, non-dimensional
innovation squared (SNDIS),

ms—1
1 M \T .
: —.J 1. : ~
if p— EO (ryz) R; r,7 >e, split the jth node (16)
1=

where r_’f is the ith measurement innovation prior to the current time step k of
the jth node in the filter and €, is the user defined threshold for splitting. It should
be noted here that this threshold is set heuristically in this work. While the chosen
threshold impacts the results, the chosen value of the splitting threshold can be set
roughly by considering the capabilities of the target vehicle. If the capabilities of the
target vehicle are not well known, it is advisable to set the threshold ‘low’. Setting
the threshold ‘low’” might lead to more frequent unnecessary splits, but will ensure
that unmodeled maneuvers are captured. The measurement noise covariance matrix
is used to make ?? non-dimensional. The possibility of using the prefit innovation

covariance matrix, P+ in place of R; was investigated and discarded, because P,

11



has an indirect dependence on the process noise estimate Q and can therefore lead to
a delayed splitting response to a large perturbation.

Initial Estimate Propagate Analyze Prefit Innovations

Vit

> ]
[
f(x)
SNDIS > &
Perform Split Measurement Update

Existing Node New Node

Fig. 1 A visual representation of how the splitting algorithm operates. Beginning with the initial
state, the blue star, and covariance, the green ellipse in the top left. The state is then propagated in
time to the next time step. The prefit measurement innovation, symbolized with the yellow arrow,
of the current timestep is evaluated. Then it is added to the prefit measurement innovation buffer.
The buffer is symbolized with the additional, more transparent purple squares. If the buffer of prefit
measurement innovations result in a SNDIS value that exceeds the splitting criterion, (?7?), then a new
node is generated. This new node is centered on the pink star and the new estimate is generated using
(??) and (??). This is shown in the bottom left. The nodes are then processed in the measurement
update independently. If the splitting criterion is not exceeded, then no split occurs.

Once a split has been determined to be necessary for the jth node, the node and
its measurement innovation buffer are used to construct a new node. In this work, it
is assumed that an unmodeled acceleration acting on the target vehicle is the cause
of the bias in the SNDIS. Thus the direction of the split is determined based on the
estimated unmodeled target acceleration over the portion of the buffer included in the
split decision, ms. Again, the relative target states in this work are fully observable
with range and bearing measurements.

In addition to a buffer of measurement innovations, a buffer of measurements, )
is also maintained to estimated unmodeled target accelerations. Note that each filter
receives the same measurements, hence a single buffer is maintain for all nodes. ) is

12
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used to construct relative range estimates, 1), /e
;

AL _ oL )
Tt/c,z,i - Tt/c,z,i tan(Al)
L _ 4L ,
rt/c,y,i - rt/c,z,i tan(Bl)

L p? cos?(Ay) (a7)
t/ezi 1+ cos?(A;) tan?(B;)

f?}c,i = NLirt/c,i

where i indicates the ith quantity prior to the current time step. These estimated
relative range vectors based on the measurements and the buffer of state estimates are
then used to calculate an estimated mismatch in the unmodeled target acceleration
over the period, Aa}¥. In order to detect a change in the unmodeled target acceleration
state, enough time must pass to see the impact in the measurement innovations. It is
assumed that the unmodeled target burn begins half way back in the time contained
in the buffers, 5=, so only the latter half of the buffer is used in in the unmodeled
target acceleration calculation,

. 1 < 1 ) :
N, AN, N,
2 S (). ()

While the design choice was made to assume that the unmodeled target burn begins
half way back in the time contained in the buffers, this is not a strictly necessary
assumption. Since the measurements are received at discrete time steps, this quan-
tity, %= is rounded to the nearest timestep. With this assumption, the target vehicle
relative position and velocity and unmodeled acceleration of the new node, *, are set

as

)

N, * N.,j ;
T rt/cj %At%ns AV
N, N.,j 2 N.j
Ve | = | Ve | T | AtmeAaT | (19)
c t/c 5 N
N N,j ,
at 5k at 5] Aa J

where At% is the change in time from the current time back to the half way point
of the buffer. In addition to the adjustments to the target vehicle states, there are
a few more quantities that must be addressed. The initial weight that the new node
is allotted is % the weight of the node that it splits from. The covariance of the new
node is a copy of the covariance of the node that it splits from. The process noise
estimate and its corresponding covariance matrix are reset to the same values used at
initialization. The buffers of the new node are initialized to be empty and all other
variables for the new node % are set to match the node it splits from j. Finally, the
node that was found to need a split is prevented to split again for a user-determined
number of time steps. This is done to ensure that the algorithm does not perform
more splits than necessary.

13



When there is a single node in the system, the filter returns the state estimate
and covariance matrix estimate of its one node. When there is more than one node in
the system, the filter returns a weighted average of the state and covariance matrix
estimates,

Nn

X = g w'x;
1

Nn

P, — lewj (Pi + ((xi - xk) ((xi - ik)T>

4 Numerical Results

This section covers the results for two different scenarios in which there is a crewed
target vehicle that experiences unmodeled venting perturbations as well as performing
a burn without the chaser vehicle’s knowledge. The venting perturbations are the
result of the crew life support system. To maintain the health of the crew, CO5 gas
and waste water must be eliminated from the vehicle.

The vents in this work are modeled after information released from NASA on
Gateway [27, 32, 6]. The vents are applied according to Table ?? and are modeled as
discrete ‘on’ or ‘off’ in the true dynamics.

Table 1 Venting information, assumes the spacecraft mass is 39000kg [27]

Vent Type Frequency 1o Magnitude [m/s?] Duration [s] Body Frame Direction
CO- every 10 min 1.7094e-5 10 [-0.5,—0.866,0]T
Waste Water  every 6 hours 1.8803e-05 60 [-0.5,0,—0.866]T

The two scenarios differ in orbital regime. In the first scenario, the vehicles are
in Low Earth Orbit (LEO). In the second, the vehicles operate in cislunar space
and ultimately end in a 9:2 Near Rectilinear Halo Orbit (NRHO) [38]. The Artemis
missions themselves operate in both LEO and NRHO orbits; thus, having onboard
algorithms that can operate in both LEO and NRHO orbits is of practical current
interest.

In both scenarios, measurements are received every second from a flash LiDAR and
an accelerometer on board the chaser vehicle. It is assumed that the target vehicle is
approximately centered in the FOV of the LiDAR. The LiDAR is modeled to have a
128x128 pixel array with a 5°x5° field of view [1] with a range and azimuth/elevation
uncertainties of 0.01m and 0.04°, respectively.
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(0.01m)2 0 0

0 (0.04°)2 0 or

0 0 (0.04°)2 (21)
R, 031
01><3 (3.4336—6I3X3m/82/\/§)2 )

R,

R, =

The gating threshold of the accelerometer is le-4m/s?. Accelerometer measure-
ments with a magnitude under this threshold are treated as direct measurements of
the chaser accelerometer bias. The measurement noise matrix Ry is used in these
instances. Accelerometer measurements that exceed the threshold are adjusted as dis-
cussed in Section ?? and used in the chaser vehicle propagation. The measurement
noise matrix R is used in these instances.

Each scenario is tested by generating a unique set of truth information for a target
and chaser vehicle. This truth is used to test the BALOO algorithm in addition to
two IMM filters designed with prior information about the target vehicle’s burn. A
100 run (Nyc = 100 ) Monte Carlo (MC) simulation is conducted for each scenario
and filter combination, where each MC run has its own truth trajectory. The error
estimates as well as the error interval estimates from each filter are used to assess how
well each filter performs. The true errors are used to calculate the sample average
error and corresponding sample covariance,

1 Nuc 1 Numc
T i+ cit i
€ =N Zek =N Z(Xk - Xp),
MC MC (22)
1 e
P = eitel™
F T Nuc k€ o

=1

where the truth state, x}‘c, is subtracted from the posterior estimated state, )Ac?r of
each MC run i, at time k.

The sample errors and covariance for each run are compared against the average
estimated covariance over all MC runs,

1 Nmc
P = pPit, 23
£ = T 2 P (23)
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4.1 Low Earth Orbit

o

ar

dve

Fig. 2 Sketch of LEO mission scenario in the target vehicle’s initial perifocal frame centered on the
Earth; p is in the direction of periapsis, ¢ is 90° from p in the direction of orbital motion, and w (out
of the page) is in the orbit normal direction [43]. The larger outer orbit (green) is the initial target
orbit and dvy (green vector) represents the target vehicle’s burn at periapsis. The smaller orbit (blue)
is the initial chaser orbit and dve (blue vector) represents the chaser vehicle’s burn at apoapsis. The
intermediate circular orbit (orange) is the final orbit that each vehicle maneuvers into. This sketch
is not drawn to scale.

4.1.1 Scenario Setup

In the LEO scenario, the target and chaser vehicles begin in coplanar orbits. The radius
at periapsis of the target vehicle’s initial orbit is the same as the chaser vehicle’s initial
radius at apoapsis. The goal in this scenario is to have the two spacecraft rendezvous
in a circular orbit with a semimajor axis equal to this shared value. A concept sketch
of this setup is shown in Figure ??7. Both vehicles are subject to Earth’s gravity. In
this work the Earth is modeled as an oblate spheroid. The gravity model includes the
gravity due to a point mass in the two body context as well as Jo—J; zonal harmonic
terms,

4

g = gTBP t+ Z gJ;- (24)
=2

This equation is the result of a derivation found in [43]. The relevant constant terms
used in the Earth gravity model are located in Table ??. In [24], it is shown that the
venting perturbations overwhelm gravity modeling errors. Thus the gravity model used
in the true dynamics is the same as the model used in the filter. The true dynamics on
the target vehicle include regular venting perturbations as well as a finite burn. The
filter dynamics model for the target vehicle does not include any a priori information
on the venting perturbations. The chaser vehicle also performs a finite burn in order
to rendezvous with the target vehicle. The burn information can be found in Table ?77.
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Table 2 Earth constants used in propagation.

Parameter g [m°/s%]  REparth[m] J2[-] Js[-] Jal-]
Value 3.986e14 6.378e6 1.083e-3  -2.532e-6 -1.620e-6

Table 3 Burn information for the LEO scenario.

Vehicle Burn Start [s] Burn Length [s] Magnitude [m/s?] Inertial Direction
Target 121 60 6.34e-2 [0.0000, —0.8660, —0.5000] "
Chaser 2989 30 3.805e-4 [0.0913, —0.8624, —0.4979] T

In each MC run, the vehicles end in the same final orbit, shown in Table ?77.

Table 4 Final Keplerian elements for the LEO scenario.

Element alm| el[-] inc[°] Q[°] w(°] M¢[°]
Target 6.878¢6  0.000 30.00 0.000 0.000 180.0
Chaser 6.878e6  0.000 30.00 0.000 0.000 180.0 + 5.73e-4

In order to ensure that the vehicles end in the same final orbit, each truth scenario
is generated by back propagating from the final conditions to the beginning of the
scenario. Each MC has its own set of randomly sampled target vehicle venting pertur-
bations. The timing of the first COy venting perturbation is randomly sampled from
a uniform distribution within the 300s. From there each CO5 perturbation occurs at
the frequency in Table ?7?7. Due to the infrequency of the waste water vents, only one is
modeled in the scenario. The waste water event occurs 1400s after the first CO5 vent.
In addition to the timing of the vents, the magnitude of each vent is also randomized
by randomly sampling from a Gaussian distribution centered on zero with an uncer-
tainty listed in Table 7?7, then taking the absolute value of the sample. In the event a
venting perturbation occurs during the target vehicle burn, the vent is skipped.

Measurements are received every second. The true chaser accelerometer bias is
initialized to be 2.9430e-6 m/s? for each axis. The velocity random walk of the chaser
accelerometer is set to be 3.433e-6 m/s?/+/s |24]. The discrete time process noise is set
to be 1.179e-91 m/s%. The inverse of the time constant for the chaser accelerometer
bias is set to be 8 = 3600~ 1s~! for each axis.

4.1.2 BALOO Setup

To initialize each filter run, the initial state is sampled from a Gaussian distribution,
centered on the true initial conditions with a covariance matrix,

2
(22) Isxs 032><3 033
Py = 0sx3  (75) Isxs  Osxs ' (25)
033 03x3  (1e-9)%I343
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This covariance matrix is selected to represent a recent loss of GPS coverage. The
covariance matrix has units of m?2, (m/s)?, and (m/s?)2. In addition to the initial
state of the filter, the initial estimate of the filter process noise is also randomized.
Each element of the diagonal of the initial process noise in the filter is sampled from
a discrete uniform distribution from the set [10_227 10720, ...,10710, 10_8]. This ran-
dom sample is added to an initial guess of sy = 107'213,;. The initial covariance
matrix of the process noise estimate is set to be ¥y = le — 3I3,3. The process noise
and measurement noise matrices of the filter process noise estimate are Q,, = le — 61
and R,, = le — 5I. The size of the adaptation buffer is set to be m; = 15. The size
of the buffer used to determine a split and to estimate the error in the unmodeled
uncertainty, mg, is 10. The splitting threshold, e, is set to be 71.5. This splitting
threshold is set heuristically through testing the scenario. Nodes are considered sta-
tistically insignificant and pruned off it the node’s weight falls below 1le-12. When a
node is pruned, the node is simply deleted.

4.1.3 Seven Model IMM Setup

In the seven model IMM, each of the models is treated as an EKF with fixed process
noise. Each EKF node runs independently over the propagation step in (??) and the
measurement update step (?77?). After each measurement update step, the weights of
the nodes are evaluated using the measurement likelihood. Then the interacting state
is calculated by combining the estimates in a weighted sum. This interacting state is
then given to each node as the new estimate prior to the next round of propagation.
Each node applies its model through a consider unmodeled target acceleration state.
Table 77 shows the acceleration vector of each node. In the interacting portion of
the IMM, only the non-consider states and covariance estimates are combined. The
probability that the model stays the same is 1/3 for each model. The transitional
probabilities are all set to be 1/9.

Table 5 Acceleration models for each IMM node.

Node 1 2 3 4 5 6
a,. 03 -03 0 0 0 0
aj., 0 0 03 -03 0 0
a;. 0 0 0 0 03 -0.

(e i) EN]

3

It should be mentioned that trials were conducted with a smaller burn magnitudes,
closer to that of the true unmodeled target acceleration. However, each of those trials
resulted in at least one MC where the seven model IMM diverged.

The process noise is set to be zero for the target vehicle states. The continuous
time process noise matrix for the chaser vehicle dynamics states is set to be Q. =
le — 12I3,3, and the process noise on the chaser accelerometer bias is set to be 1.179e-
9Im/s>.
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4.1.4 Two Model IMM Setup

In the two model IMM, each of the models is treated as an EKF with fixed pro-
cess noise. The two models are a high noise and low noise EKF. In each model, the
unmodeled target acceleration is estimated. The inclusion of the unmodeled target

acceleration states in the Two Model IMM functions the same as in the adaptive
BALOO filter.

Table 6 Continuous time process
noise matrices applied to the target
vehicle states for each IMM node.

Node 1 2
Qt le — 213x3 le — 1213353

It should be mentioned that trials were conducted with lower “high noise” process
noise. However, each of those trials resulted in at least one MC where the two model
IMM diverged.

In the interacting portion of the IMM, only the non-consider states and covariance
estimates are combined. The probability that the model stays the same is 2/3 for
each model. The transitional probability is set to be 1/3. The continuous time process
noise matrix for the chaser vehicle dynamics states is set to be Q. = le-12I3,3, and
the process noise on the chaser accelerometer bias is set to be 1.179e-9Im/s2.

4.1.5 Results

The analysis of the results begins by examining the time surrounding the unmodeled
target burn. The burn begins at 121s and concludes at 181s.
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Fig. 3 Error in the relative target position state versus time for each filter. The black line is the
average error across all 100 MC. The gray lines are the ith MC estimation errors. The green dotted
lines are the sample 30 interval across all MC runs. The purple dashed lines is the average filter
estimated 3o intervals across all MC runs. The vertical dashed green line indicates where the target
vehicle burn begins. The red vertical dashed line indicates where the target vehicle burn ends. The
final row of plots shows the average number of filter nodes used at each time step across the MCs.

Figure 7?7 shows the MC results from each filter for the target relative position
errors versus time. Each of the y axis limits are set to the the same for ease of
comparison. It is clear that the filters all produce competitive relative position errors
surrounding the time of the burn. The BALOO relative position errors show small
spikes in the error estimates at the beginning and end of the burn, while the seven
model and two model IMMs do not. However, the BALOO algorithm returns errors
and error interval estimates that are smaller than those of the IMMs.
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Fig. 4 Error in the unmodeled target acceleration state versus time for each filter. The black line
is the average error across all 100 MC. The gray lines are the ith MC estimation errors. The green
dotted lines are the sample 30 interval across all MC runs. The purple dashed lines is the average
filter estimated 3o intervals across all MC runs. The vertical dashed green line indicates where the
target vehicle burn begins. The red vertical dashed line indicates where the target vehicle burn ends.
The final row of plots shows the average number of filter nodes used at each time step across the MCs.

Figure 77 shows the MC results from each filter for the unmodeled target acceler-
ation errors versus time. In this set of plots, the y axis limits are set individually to
provide the best visibility of the data. The y axis limits of the results from the BALOO
algorithm are significantly different from the y limits of either IMM plots. While the
relative position error estimates were fairly similar from one algorithm to the next,
the BALOO algorithm produces target acceleration results that are significantly bet-
ter than those of the IMMs. The spikes in the average error of the BALOO estimate
are larger than those of the IMMs. However, as an adaptive algorithm, there must
be a detectable departure from the expected behavior in order to trigger adaptation.
This can be seen in Figure ?7?7. The average measurement innovation shows a lag for
the perturbation to produce a detectable departure from expected to induce a split.
Additionally, the sample error intervals and the average estimated error intervals are
a far better match for the BALOO algorithm than either of the IMMs. Finally, once
the burn has concluded the BALOO algorithm quickly adjusts the estimated error
intervals to capture the reduction in model uncertainty.
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Fig. 5 Prefit measurement innovations versus time for the BALOO filter. The black line is the
average error across all 100 MC. The gray lines are the ith MC estimation errors. The green dotted
lines are the sample 30 interval across all MC runs. The purple dashed lines is the average filter
estimated 3o intervals across all MC runs. The vertical dashed green line indicates where the target
vehicle burn begins. The red vertical dashed line indicates where the target vehicle burn ends.

It should be noted that the final row of plots in Figures ?7-7? contains the average
number of models that are active in the system at any given time. The BALOO
algorithm is initialized with a single model, compared with the two and seven model
IMMs. Once a maneuver is detected, the BALOO algorithm jumps to two and up
to three models at the end of the maneuver. However, shortly after the maneuver
concludes, the BALOO algorithm returns to just one model. The use of fewer models
in the system allows for a lighter computational burden compared with systems with
more models in use.

Shifting focus to the end of the scenario where steady state behavior is observed.
Figures 7?7 and 7?7 show the results from 1000 s to the end of the scenario at 3000
s. In Figure 7?7, each of the y axis limits are set to the the same for the three filters
for ease of comparison. Similar to the results surrounding the burn, the error in the
target relative position is fairly competitive between the BALOO, seven model IMM,
and two model IMM. Again, similar to the time surrounding the burn, the BALOO
algorithm produces both errors and error intervals that are smaller than those of the
two IMM filters.

Figure 77 shows the MC results from each filter for the unmodeled target acceler-
ation errors at steady state. In this set of plots, the y axis limits of each plot differ in
order to provide the best visibility of the data; this is necessary since the BALOO algo-
rithm significantly outperforms the IMMs. The BALOO algorithm not only provides
smaller errors and error intervals, but also the average estimated intervals produced
from the BALOO algorithm are a better match when compared with the sample
intervals. The process noise adaptation applied to the BALOO algorithm allows the
intervals to be adjusted as needed. The seven model IMM on the other hand must
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include acceleration models that can capture the burn thereby increasing the uncer-
tainty intervals. Similarly, the two model IMM must include a high noise model that
is large enough to accommodate for the burn and in turn also increases the noise floor

of the filter.
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Fig. 6 Error in the relative target position state versus time for each filter. The black line is the
average error across all 100 MC. The gray lines are the ith MC estimation errors. The green dotted
lines are the sample 30 interval across all MC runs. The purple dashed lines is the average filter
estimated 3o intervals across all MC runs.

In Figures ?7-?7, it can be seen that the adaptive BALOO algorithm is capable
of providing superior 3o interval estimates that are a closer match to the sample 30
of the MC in addition to providing real time information on the unmodeled target

vehicle burn.
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Fig. 7 Error in the unmodeled target acceleration state versus time for each filter. The black line
is the average error across all 100 MC. The gray lines are the ith MC estimation errors. The green
dotted lines are the sample 30 interval across all MC runs. The purple dashed lines is the average
filter estimated 3o intervals across all MC runs.

Another important metric to incorporate in the steady state discussion is that the
BALOO algorithm operates with an average of just one model after the burn has
passed and the discrepancy between the truth and the filter dynamics is small. This
can be seen in the bottom rows of Figures 7?7-7?7. With fewer models, the BALOO

algorithm provides superior steady state performance.
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Table 7 Burn information for the cislunar scenario.

Vehicle Burn Start [s] Burn Length [s] Magnitude [m/s?] Rotating Frame Direction
Target 351 30 le-1 [0.5774,0.5774,0.5774] T
Chaser 2850 30 le-3 [0.5774,0.5774,0.5774]7

4.2 Cislunar Orbit
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Fig. 8 Desired final orbit trajectory plotted in the rotating frame centered on the barycenter of the
Earth and Moon.

4.2.1 Scenario Setup

In the cislunar scenario, both vehicles are subject to Circular Restricted Three Body
Problem (CR3BP) dynamics,

1— : Te+ re—1+
2, + 1y — ( HCRJBP)(BT UCR3BP)  MCR3BP(Tz : KCR3BP)

1 ]
(1—pcr3Bp)T HCR3BPT
8CR3BP = —2vg +ry — = ;
—(1—pCcR3BP)T: _ [LCR3BPT: (26)
T1 ’r‘3
P

ry= \/(7“90+MCR3BP)2+T§+7“§ T = \/(Tw—1+MCR3BP)2+T§+7“§,

where the state is represented in the nondimensional rotating frame, pcrspp =
1.215¢ — 2 is the nondimensional mass ratio between the Earth and Moon, 3.752e5
s is the characteristic time, and 3.844e8 m is the characteristic length. It should be
noted that this simulated cislunar scenario takes place around perilune. Again, in [24],
it is shown that the venting perturbations overwhelm gravity modeling errors. Thus
the gravity model used in the true dynamics is the same as the model used in the
filter. The true dynamics on the target vehicle include regular venting perturbations
as well as a finite burn. Again, the filter dynamics model for the target vehicle does
not include any prior information on the venting perturbations. The chaser vehicle
also performs a finite burn in order to rendezvous with the target vehicle. The burn
information can be found in Table ?77.
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In each MC run, the vehicles end in the same final orbit, shown in Table ??. In

Table 8 Final nondimensional and rotating states for the NRHO scenario.

Relative Target -7.356e-9 -1.644e-10 -5.203-9 -1.644e-10  7.356e-10 0.000
Chaser 9.877e-1 1.088e-2 4.767e-3 6.334e-2 1.151 -7.886e-1

order to ensure that the vehicles end in the same final orbit, each truth scenario is
generated by back propagating from the final conditions to the beginning of the sce-
nario. In a similar manner to the LEO scenario, each MC has its own set of randomly
sampled target vehicle venting perturbations. The timing of the first CO5 venting
perturbation is randomly sampled from a uniform distribution within the 30 s. From
there each COy perturbation occurs at the frequency in Table ?7. Due to the infre-
quency of the waste water vents, only one is modeled in the scenario. The waste water
event occurs 1400s after the first CO5 vent. In addition to the timing of the vents, the
magnitude of each vent is also randomized by randomly sampling from a Gaussian
distribution centered on zero with an uncertainty listed in Table 7?7, then taking the
absolute value of the sample. In the event a venting perturbation occurs during the
target vehicle burn, the vent is skipped.

Measurements are received every second. The true chaser accelerometer bias is
initialized to be to be 2.9430e-6 m/s? for each axis. The velocity random walk of the
chaser accelerometer is set to be 3.433e-6 m/s?/4/s, these values were taken from [24]
which adjusted the values originally taken from [3]| and altered them to suit the study.
The discrete time process noise is set to be 1.179e-9Im/s?. The inverse of the time
constant for chaser accelerometer bias is set to be 3 = 0s~! for each axis.

4.2.2 BALOO Setup

To initialize each filter run, the initial state is sampled from a Gaussian distribution,
centered on the true initial conditions with a covariance matrix,

(2~5€—9)2 I3x3 03><32 033
Py = 03x3 (2.5e — 11)" I3xs 03x3 ) (27)
03x3 033 (3.5e-7)?I53

The covariance matrix is dimensionless and in the rotating frame. In addition to the
initial state of the filter, the initial estimate of the filter process noise is also random-
ized. Each element of the diagonal of the initial process noise in the filter is sampled
from a discrete uniform distribution from the set [10722,1072°,...,107*°,1078]. This
random sample is added to an initial guess of sy = 10~#13,;. The initial covariance
matrix of the process noise estimate is set to be ¥y = 1le —6I3,3. In the adaptive noise
filter for this scenario, the measurement noise matrix is set to be R,, = 1le — 61. The
process noise matrix for the adaptive noise filter is set to be Q,, = le — 10I. The size
of the adaptation buffer for this scenario is set to be m; = 15, while the split decision
buffer is set to be mgy = 10. The decision to split is made when the SNDIS exceeds
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a value of 60. Nodes are considered statistically insignificant and pruned off it the
node’s weight falls below le-12. When a node is pruned, the node is simply deleted.

4.2.3 Seven Model IMM Setup

In the seven model IMM, each of the models is treated as an EKF with fixed process
noise. Each node applies its model through a consider unmodeled target acceleration
state. A table with the acceleration vector of each node is shown below.

Table 9 Acceleration models for each IMM node.

Node 1 2 3 4 5 6
a;, 01 01 0 0 0 0
aj, 0 0 01 -01 0 0
a; . 0 0 0 0 01 -0.

(el eie]EN]

1

In the interacting portion of the IMM, only the non-consider states and covariance
estimates are combined. The probability that the model stays the same is 1/3 for each
model. The transitional probabilities are all set to be 1/9. The process noise is set to
be zero for the target vehicle states. The continuous time process noise matrix for the
chaser vehicle dynamics states is set to be Q. = 03,3, and the process noise on the
chaser accelerometer bias is set to be 1.179e-9Im /s2.

4.2.4 Two Model IMM Setup

In the two model IMM, each of the models is treated as an EKF with fixed process
noise. The two models are a high noise and low noise EKF. In each model, the unmod-
eled target acceleration is estimated. Again, the inclusion of the unmodeled target
acceleration states in the Two Model IMM functions the same as in the adaptive

BALOOQO filter.

Table 10 Continuous time
process noise matrices applied to
the relative target vehicle states
for each IMM node.

Node 1 2
Q: le7lsz.s le — 12I3,3

In the interacting portion of the IMM, only the non-consider states and covariance
estimates are combined. The probability that the model stays the same is 2/3 for each
model. The transitional probability is set to be 1/3. The continuous time process noise
matrix for the chaser vehicle dynamics states is set to be Q. = le — 12I3,3, and the
process noise on the chaser accelerometer bias is set to be 1.179e-9Im/s?.
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4.2.5 Results

Again, the analysis of the results begins by examining the time surrounding the
unmodeled target burn. The burn begins at 351s and concludes at 381s.

Figure 7?7 shows the MC results from each filter for the target relative position
errors versus time. Each of the y axis limits are set to the the same for ease of
comparison. The results of the NRHO scenario are very similar to those of the LEO
scenario. All filters produce competitive relative position errors around the time of the
burn. The BALOO relative position errors show small spikes in the error estimates
at the beginning and end of the burn while the SNDIS grows due to the unmodeled
change in the target acceleration, which can be visualized in Figure 7?7 by examining
the behavior of the average innovation near the beginning and end of the burn. The
IMMs are both tuned to the burn itself and take little time to transition to the correct
combination of models to represent the burn.

Figure 7?7 shows the MC results from each filter for the unmodeled target accelera-
tion errors versus time. The y axis limits are set to be the same for ease of comparison.
The seven model IMM provides errors with a sustained bias over the burn period,
however, the errors are well bounded within the 3o interval estimates. The BALOO
algorithm displays spiked in the average error at the beginning and end of the burn,
but quickly detects the error and corrects its estimate of the unmodeled target accel-
eration. The BALOO estimated 3¢ intervals rise and fall in a similar manner to the
errors themselves. The two model IMM results show similar spikes at the beginning
and end of the burn, but the overall 30 error bounds are smaller than those of the
BALOO or seven model IMM. The two model IMM likely has smaller errors than the
BALOO algorithm of the seven model IMM in the NRHO example due to the larger
magnitude of the maneuver in the NRHO scenario compared with the LEO example.
The BALOO algorithm still provides an excellent estimate given that it has no a pri-
ori information on the burn, but takes on more error due to the larger burn causing a
faster divergence between the true and the filtered dynamics. The seven model IMM
on the other hand has a similar level of a priori information to the two model. The
seven model IMM has larger covariance intervals due to the impact of the magnitude
of the acceleration models on the covariance estimate.
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Fig. 9 Error in the relative target position state versus time for each filter. The black line is the
average error across all 100 MC. The gray lines are the ith MC estimation errors. The green dotted
lines are the sample 30 interval across all MC runs. The purple dashed lines is the average filter
estimated 3o intervals across all MC runs. The vertical dashed green line indicates where the target
vehicle burn begins. The red vertical dashed line indicates where the target vehicle burn ends.
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Once again, examining the bottom row of plots in Figures ?77-77, the average
number of models that are active in the system at any given time can be seen. Again,
the BALOO algorithm is initialized with a single model, compared with the two
and seven model IMMs. Once a maneuver is detected, the BALOO algorithm jumps
to two models in use. However, shortly after the maneuver concludes, the BALOO
algorithm returns to just one model. Using fewer models in the system allows for a
lighter computational burden compared with systems with more models in use.

The next set of figures depict the end of the scenario where steady state behavior
is observed. Figures 7?7 and 7?7 show the results from 1000s to the end of the scenario
at 3000s. In Figure ??7, each of the y axis limits are set to the the same for the three
filters for ease of comparison. Again, the differences between each of the filters’ relative
position error estimates are very similar.

Figure 77 shows the MC results from each filter for the unmodeled target acceler-
ation errors at steady state. In this set of plots, the y axis limits are set individually
to provide the best visibility of the data. The BALOO algorithm not only provides
smaller errors and error intervals, but also the average estimated intervals produced
from the BALOO algorithm are a better match when compared with the sample
intervals. The process noise adaptation applied to the BALOO algorithm allows the
intervals to be adjusted as needed. The two IMM filters are tuned with prior infor-
mation about the burn in order to be able to capture such a large perturbation. This
tuning leads to an overly conservative filter in the areas of smaller model uncertainty.
If the IMM filters were tuned to match the steady state behavior, the IMM filters
would experience similar performance drawbacks around the burn.
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In Figures 7?7 and 77 it can be seen that BALOO displays comparative results
with the two IMM filters that are tuned prior to the scenario. In Figures 7?7 and 7?7, it
can be seen that the adaptive BALOO algorithm is capable of providing superior 3o
interval estimates that are a closer match to the sample 30 of the MC in the steady

state.
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Fig. 12 Error in the relative target position state versus time for each filter. The black line is the
average error across all 100 MC. The gray lines are the ith MC estimation errors. The green dotted
lines are the sample 30 interval across all MC runs. The purple dashed lines is the average filter
estimated 3o intervals across all MC runs.
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is the average error across all 100 MC. The gray lines are the ith MC estimation errors. The green
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filter estimated 3o intervals across all MC runs.

Again, the BALOO algorithm operates with an average of just one model after
the burn has passed and the discrepancy between the truth and the filter dynamics is
small. This can be seen in the bottom rows of Figures ??-77. Again, with fewer models,
the BALOO algorithm provides superior steady state performance when compared
with the two and seven model IMMs.

5 Conclusions

In this work an onboard adaptive strategy to handle close proximity unmodeled target
vehicle burns is proposed. Much of the current literature on burn detection has been
focused on offline algorithms and on algorithms that have a certain degree of a priori
information on the system. It is shown for both a LEO and cislunar example that
the BALOO algorithm is capable of responding to unmodeled target vehicle burns.
The BALOO algorithm has no a priori information on either the burn or the venting
perturbations and is still capable of providing real time estimates of the target vehicle’s
unmodeled acceleration.

With the desire to pursue more complex space missions, the ability to adapt
onboard to observed departures from the expected becomes more necessary. Com-
plexity adds risk, and being able to respond quickly to observed differences improves
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mission safety. Estimating an upper bound for unexpected behavior in the form of
process noise has a great deal of heritage in the aerospace industry. However, there are
cases in which these estimates become obsolete due to unforeseen events that impact
the dynamics of the spacecraft. In many cases, these differences may be small, and
simply adaptively adjusting the process noise estimate is sufficient to overcome the
perturbation. In more severe model mismatch cases, the splitting algorithm proposed
in BALOQO is capable of providing real time adjustments to capture these mismatches.
Real time detection of a burn could be the difference between a safe, successful ren-
dezvous and a catastrophic collision as it would provide a more accurate relative
velocity for collision avoidance algorithms to operate on. By providing solutions to
compensate for both small and large perturbations, the BALOO algorithm provides
a robust solution to poorly modeled or unknown dynamics perturbations. Addition-
ally, the BALOO algorithm is capable of providing competitive to superior unmodeled
target acceleration estiation when compared with a priori tuned IMM filters which
utilize more models on average than the BALOO algorithm.

The work presented in this paper is focused on providing an initial assessment of
the ability of the BALOO algorithm to detect and provide estimates of severe model
mismatches in real time. In future work, it would be beneficial to examine alternative
solutions where the relative target vehicle position is not instantaneously observable.
Restricting the measurements to either range only or angles only could provide insight
into the applicability of this algorithm for use on lower budget missions with more
restricted measurement capabilities. Another avenue for future work is to investigate
more realistic attitude modeling. More realistic attitude might include both adding
in attitude estimation errors as well as imperfect tracking of the target vehicle dur-
ing both translational or rotational maneuvers. The inclusion of attitude modeling
errors poses interesting complications between attitude errors and the relative state
estimation. Incorporating imperfect tracking would provide an additional avenue for
unmodeled burn detection through the target vehicle straying from the center of the
field of view during an unmodeled burn. However, this potential benefit of detection
may add a great deal more to the complexity of the algorithms, as this could add
outages and gaps in the measurement stream. Finally, it would also be beneficial to
investigate modeling the impacts of sensors with dynamically changing resolutions
that correspond to the relative distance of the two vehicles. The work in this paper
assumes that the sensors provide consistent noise characteristics and resolution regard-
less of relative distance. Sensor performance variability is a reality that many missions
must work around, thus it is important to investigate scenarios in which dynamically
changing sensors are modeled.
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