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CISLUNAR DOMAIN MULTI-TARGET SEARCH AND ESTIMATION
STRATEGIES AFTER LONG SENSOR SHUTOFFS*

Ishan P. Paranjape†and Suman Chakravorty‡

In this work, we extend a method for minimal-assumption probabilistic initial or-
bit determination (IOD) and orbit determination (OD) to track multiple objects in
cislunar space. This IOD framework involves kinematically fitting polynomials
through bootstrapped series of data which provide a full-position estimate. Then,
an association is performed in which an observation is associated to a target es-
timate based on the Bayesian likelihood function. Once associations are made
using data association algorithms such as the Munkres algorithm, a nonlinear fil-
tering framework such as the Particle Gaussian Mixture (PGM) Filter is used to
reduce the covariance of the target estimates over time. We primarily focus on
target search and estimation methods after long sensor shutoffs, and describe the
utility of autonomous search and recovery (ASR) in the process. Our combined
framework allows us to generate several initial state estimates and make data as-
sociations to distinguish and track multiple targets in cislunar space.

INTRODUCTION

The extension of space situational awareness (SSA) capabilities into cislunar space is a key ob-
jective of the National Cislunar Science and Technology Strategy. Specifically, there exists a need
to identify and detect several colliding objects and/or potentially dangerous spacecraft operations to
ensure safe operation of spacecraft within this domain.1 Since the volume of the cislunar domain
is nearly a thousand-fold that of the volume of orbits below the geocentric (GEO) limit, and a large
share of Resident Space Objects (RSOs) – also referred to more generally as targets – exist within
this domain, effective cislunar target tracking becomes a crucial problem. Furthermore, with the rise
of lunar missions such as China’s Chang’e-5, India’s Chandrayaan, and Firefly Aerospace’s Blue
Ghost Mission 1, it is even more imperative to ensure the safe operation of spacecraft and facilitate
space traffic coordination efforts in the cislunar domain. One of the ways we can ensure this safe
operation is by initializing and maintaining custody of multiple spacecraft and RSO orbits using
initial orbit determination (IOD), associating between target observations and estimates, and orbit
determination (OD).

The goal of IOD for a single target is to combine several measurements of a single RSO and
then to fit a state vector through the measurements.2 For multi-target tracking, this goal is simply
extended to multiple RSOs. One of the most well-known methods of IOD is Gauss’s Method.3
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However, more specialized IOD methods such as constrained admissible region (CAR) and proba-
bilistic admissible region (PAR) persist throughout literature.4–7 Mishra et. al. 2024 utilize PAR to
generate initial estimates of a target within regimes up to geosynchronous orbit (GEO), the point up
to where the effects of the two-body problem are valid. More specifically, their IOD framework in-
volves postulating statistics about four of the six major orbital elements as a priori information and
generating multiple observations of the target state using those statistics.8 Along with two angular
measurements, an initial state estimate is formulated. Bolden et. al. 2022 and Griggs et. al. 2023
utilize PAR to generate a similar set of initial orbit estimates.9, 10 Since traditional orbital elements
cannot be used effectively in the cislunar domain, where effects of the three-body problem domi-
nate, the authors rely upon postulated statistics of the range utilizing light intensity curves generated
by Hejduk 2013, sensor movement constraints for angular rates, and the singular constant of inte-
gration (Jacobi’s constant) produced by the equations of motion of the circular-restricted three-body
problem (CR3BP).11 Mishra et. al. 2024, Bolden et. al. 2024, and Griggs et. al. 2023 all utilize
the same OD framework: the Particle Gaussian Mixture (PGM) Filter.8, 12

While Bolden et. al. 2022 and Griggs et. al. 2023 provide an effective method for IOD with PAR
by utilizing realistic constraints, their method relies on postulating several statistics, resulting in lots
of a priori assumptions. Gauss’s method for orbit determination is a popular benchmark for IOD due
to its limited use of assumptions and the simplicity associated with obtaining an initial state estimate
of an RSO up to the GEO regime by using three consecutive short-arc measurements. Although we
cannot apply Gauss’s method to the cislunar domain, we are able to perform probabilistic IOD and
target tracking with less initial information and fewer postulated statistics.

In this work, we focus on multiple-object tracking (MOT) scenarios. Here, we are no longer able
to utilize the assumption that all measurements came from the same RSO. Instead, optical sensors
will observe multiple targets in a single observation, requiring associations between observations
and cataloged objects. When a significant number of RSOs exist, there exists combinatorial growth
in the number of ”hard” observation-to-observation (obs-obs) association possibilities.13, 14 Luckily,
due to the expanse of the cislunar domain relative to regimes up to geosynchronous orbit (GEO),
relatively far fewer targets exist within this domain, and data association steps do not necessarily
become far too computationally taxing. As a result, we are able to add a data association step to our
IOD/OD framework.

In this work, we seek to extend the combined IOD/OD framework introduced in Paranjape and
Chakravorty 2025 to MOT scenarios in the cislunar domain.15 We continue to use minimal assump-
tions through our IOD framework of kinematically fitting polynomials through our observations and
using the PGM framework for target tracking, adding an association step prior to the update step.
The remainder of this paper is organized as follows. First, we introduce our combined IOD and
OD framework consisting of a nonlinear dynamics model and a nonlinear measurement model. We
include a discussion about our multi-target tracking framework and outline a method utilized for
associating observations with estimates. Then, we present some multi-target tracking scenarios for
a chaotic orbit with two targets, particularly after sufficiently long sensor-shutoffs, varying only
the initial separation distance between the two targets. We finally discuss the topic of autonomous
search and recovery in the context of obtaining measurements after long periods of sensor shutoffs.

FUNDAMENTALS OF CISLUNAR TARGET TRACKING

Effective multi-target tracking in the cislunar domain requires an IOD method for generating ini-
tial state estimates and an OD method for continuous tracking and maintaining custody of multiple
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RSOs. In near-Earth regimes (i.e. LEO, GEO), targets move quickly relative to the Earth’s rotation
due to the force of gravitational attraction induced by the Earth to these RSOs, allowing optical
sensors only a brief glimpse of RSO trajectories. The MOT problem is compounded in this regime
by the fact that there are overwhelmingly more targets within the GEO limit than outside of it.16 In
that regard, the cislunar regime offers us some distinct advantages for MOT.

Due to the vastness of the cislunar domain, an RSO may appear in the line of sight (or field
of view) of an observer – typically an optical sensor or radar observatory – for 10-20 hours at a
time, resulting in our ability to make several consecutive observations. The relatively small number
of targets in the cislunar domain allows us to better distinguish targets without facing issues with
combinatorial growth in the number of associations. It is also important to note that those hours-long
passes in cislunar space are much longer than the minutes-long passes of RSOs up to the GEO limit.
This fact allows us to piece a state vector through several consecutive observations to effectively
estimate the state of a target at some point along the first pass of observations. Before we describe
this IOD method in greater detail, we shall outline the dynamics and measurement models we shall
use for our combined IOD/OD framework.

Dynamics Model

Beyond the GEO regime, effects of larger gravitational bodies such as the Moon and the Sun
become apparent, and the use of Keplerian orbital elements start to become obsolete, as orbits are
no longer continuously conic in nature. Nevertheless, several dynamics models exist in celestial
mechanics for the cislunar regime, the most popular of which is the circular-restricted three-body
problem (CR3BP).17 CR3BP dynamics are expressed in a synodic reference frame, whose center is
located at the center of mass (or barycenter) of the two largest orbiting bodies. These larger bodies
rotate in a circular motion about their barycenter. Due to the mass of the Earth relative to its Moon,
the system barycenter lies within the Earth itself. The RSO is treated as a third body with negligible
mass relative to the other two bodies. The equations of motion of the RSO with respect to this
barycentric frame are given below.

ẍ = x+ 2ẏ − (1− µ)(x+ µ)

r31
− µx− µ(1− µ)

r32
(1a)

ÿ = y − 2ẋ− (1− µ)y

r31
− µy

r32
(1b)

z̈ =
(1− µ)z

r31
− µz

r32
(1c)

In the equations above, x and y define the orbital plane of the larger bodies 1 and 2, r1 and r2
define the distance between the target and the centers of mass of bodies 1 and 2, respectively. µ is a
constant mass parameter that defines the weights of the two major bodies relative to each other. All
mass, time, and distance quantities are expressed in non-dimensional units.17

Measurement Model

A traditional radar or optical sensor provides measurements of azimuth and elevation. Range may
also be obtained by calculating round-trip return time and other methods. Due to the vastness of
cislunar space, however, range measurements are not always reliable or accurate, whereas angular
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measurements are much more reliable. To mitigate this issue, we assume that our measurement
model’s noise statistics for range encompass a sufficiently large fraction of the true range value,
while the angular noise statistics are kept low due to the high fidelity of current optical and radar
sensors. The following set of equations relate range, azimuth, and elevation with state coordinate
components in an observer-centered topocentric reference frame. The conversion of range, azimuth,
and elevation information to topocentric position information involves simple algebraic manipula-
tions. From Eqs. 2, it is also possible to get values for the topocentric x, y, and z coordinates,
yielding a full-position estimate.

R =
√
x2 + y2 + z2 (2a)

AZ = tan−1(
y

x
) (2b)

EL =
π

2
− cos−1(

z√
x2 + y2 + z2

) (2c)

Initial Orbit Determination

In our introduction, we alluded to the fact that RSOs in cislunar space stay within an observer
FOV for up to 20 hours at a time. During that time period, we may obtain estimates for x(t), y(t),
and z(t) in the topocentric reference frame with a sufficient number of observations. By utilizing
the curve fitting approach outlined in Paranjape & Chakravorty 2025, we obtain an initial state
estimate for a single target expressed in particle form in Figure 2.

Briefly, this curve fitting approach involves fitting curves through topocentric x, y, and z as
functions of time by manipulating Eq. 2, which provide a full-position estimate of the system,
in spite of low range accuracy. If we sample from from our noise statistics a large number of
measurements resulting in time-series signals of noisy data, we shall obtain several different points
for x(t), y(t), z(t), ẋ(t), ẏ(t), and ż(t) in the topocentric frame, providing us a full-state estimate,
indicated by the starred endpoints in Figure 1. When this procedure is bootstrapped over hundreds
or thousands of data points, the result is a particle cloud such as that shown in Figure 2, in which
each particle represents a single state estimate derived from the starred points in Figure 1.

Orbit Determination

Proper orbit determination of a highly nonlinear system coupled with a highly nonlinear mea-
surement model requires a sophisticated filter, specifically one which utilizes a Gaussian Mixture
Model (GMM) for a priori estimates.

For our OD framework, we shall continue to use the recursive Particle Gaussian Mixture (PGM)
filter developed by Raihan & Chakravorty 2018 and applied by Bolden et. al. 2022, Griggs et.
al. 2023, and Mishra et. al. 2023.9, 10, 12, 14 Unlike traditional particle filters, the PGM filter has
a clustering step. The clusters (represented as GMM components) each have an associated weight,
mean vector, and covariance matrix, which altogether formulate an a priori estimate. We update
each cluster’s mean vectors and covariance matrices with a Kalman update, and the a priori weights
using the Bayesian likelihood function, treating each a priori GMM component as an ensemble of
particles. The resampling step at the next time step will use Markov Chain Monte Carlo (MCMC)
sampling to draw from this posterior distribution. The Particle Gaussian Mixture algorithm is de-
tailed in Algorithm 1, copied from Raihan & Chakravorty 2018.
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Figure 1: Polynomial fitting over half (50%) of an RSO’s pass. Fourth order polynomials as func-
tions of t are fitted through topocentric x, y, and z data. When their temporal derivatives are taken,
an estimate for the IOD is formed at the last timestep in these plots (indicated by a star symbol).
Mutiple sets of measurements are bootstrapped to accomplish a good initial state estimate.

Figure 2: The final result of our IOD framework is encapsulated within this particle cloud (in blue),
within which the target’s true state (given as a black cross) lies. This is the result of fitting several
signals of bootstrapped time-series data derived from noise statistics.
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Algorithm 1 Particle Gaussian Mixture Filter Algorithm

• Given π0(x) =
∑M(0)

i=1 ωi(0)pg(x;µi(0), Pi(0)), transition density kernel p(x′|x), n = 1.

1. Sample Np particles from πn−1 and the transition density kernel pn(x′|x) as follows:
– Sample X(i)′ from πn−1(.).
– Sample X(i) from p(.|X(i)′).

2. Use a clustering algorithm C to cluster the set of particles X(i) into M−(n) Gaussian
clusters with weights, mean, and covariance given by {ω−

i (n), µ
−
i (n), P

−
i (n)}.

3. Update the mixture weights and mixture means and covariances to
{ω+

i (n), µ
+
i (n), P

+
i (n)}, given the observation zn, utilizing the Kalman update.

4. n = n+ 1. Go to Step 1.

The difference between single-object tracking and multi-target tracking is that an additional as-
sociation step will need to be performed between the clustering and update steps. We outline this
approach in the following subsection.

Data Association

For the data association step, we utilize the Munkres (i.e. Hungarian) algorithm.18 The Munkres
algorithm solves a cost minimization problem in which, in the context of MOT with K targets,
involves associating or mapping observations to estimates or probability density functions (PDFs).
Each component of the data association matrix, which we label D ∈ RK×K , is computed as follows:

• From the clustering step, we are given {ω−
i (n), µ

−
i (n), P

−
i (n)} as some target j’s a priori

estimate. There are k possible observations from which to choose, denoted by the set {zk}.

• Using the law of total probability, the likelihood that observation/measurement k may be as-
sociated with the ith GMM component of your estimate, li(zk), is computed for each cluster.

• The product of the a priori cluster weight and the likelihood are taken for each cluster and
summed. The resulting summation becomes element Djk of the data association matrix.

The goal of the Munkres algorithm is to minimize the sum of associations such that each obser-
vation is assigned to at most one a priori PDF estimate. However, we wish to maximize the volume
(i.e. product) of data association likelihoods in D, as opposed to a sum, resulting in a modification
of the elements of our data association matrix. A key property of logarithmic algebra is that the
logarithm of a product of several numbers is the sum of the logarithm of each of those numbers.
As a result, we take the logarithm of each Dij . To convert the minimization algorithm into a maxi-
mization algorithm, we simply negate each component. Our new data association then becomes D̃,
whose elements are related to the elements of D by the equation below:

D̃ij = − logDij . (3)

For data associations in the proceeding section, we assume that there are at most the same number
of observations as estimates.
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RESULTS AND DISCUSSION

Due to large distances and smaller number of targets in cislunar space, it may be shown that,
assuming you have two sufficiently spaced RSOs initially, the problem of data association in multi-
target tracking becomes benign. One can easily distinguish objects in cislunar space, even after
long periods of sensor shutoffs (i.e. months-long maintenance work or major, long-term technical
issues with ground-based optical sensors). In this section, we focus on an orbit in which targets
pass close to the L2 Lagrange point at small velocities. This orbit is chosen due to the interesting
warping pattern and cluster bifurcation of particles propagated over a long period of time from a
region around this L2 Lagrange point. Kinematic fitting through observations of both targets yields
the initial state estimates given by Figure 3.

Figure 3: A particle-based representation of an initial state estimate for a set of two targets spaced
4000 km. apart initially and which will be orbiting near the L2 Lagrange point after 48 hours at
a small velocity. A polynomial is fitted through roughly 50% of the first pass for topocentric x,
y, and z data, obtained algebraically from our measurement model and Eq.2. From here, our OD
framework – which consists of propagation, clustering, association, and update steps – shall be used
to shrink the size of our initial state estimate.

The experimental setup in Figure 3 allows us to track each target for a sufficient amount of time
to properly distinguish each object, and to reduce our target uncertainty with the PGM framework
during those initial 48 hours. Afterwards, both target estimates will be expected to show significant
overlap in the state and/or measurement spaces. Furthermore, after the initial state estimate is
obtained in Figure 3, we utilize an angles-only (i.e. azimuth and elevation) measurement model to
reduce the uncertainty. For roughly 30 hours from obtaining our initial state estimate, we propagate,
cluster, associate, and update as is possible to reduce the size of our particle cloud (i.e. estimate)
to streaks shown in Figure 4 below. The streak patterns are indicative of the fact that we only
have angular information in the observation model, resulting in long errors in the range (which are
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nevertheless reduced over time).

Figure 4: Iterative propagation, clustering, association, and update steps over 30 hours since ob-
taining an initial state estimate will give us state estimates – depicted in particle form – from which
we can easily distinguish observations and targets. From this point, we shall assume a long-term
sensor shutoff during which we only propagate particles each time step. Here, a reason that one
target estimate is much larger than another is that the target defined by the smaller estimate had
more observations (and thus more update steps) associated to it than the first target.

After these 30 hours, we introduce a roughly 20-day sensor shutoff period during which particles
drawn from the posterior estimate that fused the most recent observation are propagated contin-
uously over time for both estimates. We also increase the time cadence of the PGM filter from
roughly every 40 minutes to once every 8-16 hours. Over time, the state estimates for both targets
warp and ”grow” to a point at which observations would start becoming indistinguishable (i.e. ob-
servations are wrongly associated for both targets or multiple targets). An example of how both
PDFs evolve up to the last time step prior to receiving an observation is shown below.

After we propagate all of the particles in both estimates shown in Figure 5 for eight more hours
and cluster, we may utilize Bayes’ rule and the likelihood function to compute the elements of our
data association matrix. The results for our example are shown in Table 1. In order to obtain a
proper data association, each element in the data association matrix is transformed using Eq. 3,
but this transformation is not shown in the matrices provided within this section. From Table 1,
it is clear that Observation 1 is to be associated with Target Estimate 1 and Observation 2 is to be
associated with Target Estimate 2. Performing the appropriate association and update steps results
in a posterior estimate shown in Figure 6.

Post-shutoff data association for initial separation distances of 4000 km. or more becomes a
benign problem. However, it is also important to know the limits at which data association becomes
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Figure 5: Starting with the particle clouds in Figure 4, propagation of both particle clouds over a
period of 20 days results in nearly indistinguishable state estimates. However, the large difference
in size between the estimates will allow us to more easily distinguish which observation will not be
likely to be associated with the smaller initial state estimate, reducing the risk of an incorrect data
association.

Observation Target Estimate 1 Target Estimate 2

1 1.73× 105 1.03× 10−83

2 4551 1.10× 105

Table 1: Data association matrix D for target estimates after a sensor shut-off of 20 days.

suboptimal. To this end, we present several tabulated data association matrices D for initial target
separation distances varying between 1000 km. to 10000 km. It becomes clear that for initial
separation distances greater than roughly 1900 km., the post-shutoff data association becomes more
and more benign due to the diagonal dominance of the component values. Note that for both Tables
1 and ??, only the values for Dij are given. To use the Hungarian algorithm, one would have to
transform each value of the matrix using Eq. 3.

AUTONOMOUS SEARCH AND RECOVERY

Autonomous search and recovery (ASR) – also known as autonomous search and tracking (SAT)19

– in the context of cislunar target tracking refers to the problem of finding targets of interest in the
sky and keeping a catalog of these objects once found. ASR is particularly useful for retaining
custody of targets after periods of long sensor shutoffs, as was discussed in the previous section.
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Figure 6: Association and update steps on the a priori estimates for both targets result in two clearly
distinguishable target estimates after this sensor shutoff. From here, it becomes easy to apply our
OD framework over time to maintain custody of both targets.

Although a particle representation of target estimates may suggest sufficient spacing between tar-
gets at one timestep, such as that shown in Figure 4, propagation of each particle over sufficiently
long periods of time will result in a mixing of particles such as that shown in Figure 5, at which
point the PDF of Target 2 is almost completely ”contained” within the PDF of Target 1. A major
reason we are able to distinguish between the two targets once the shutoff is over is that prior to the
shutoff, Target 2’s PDF has a smaller overall uncertainty due to staying in the sensor FOV longer.
In the state and measurement spaces post-shutoff, this allows us to visually and logically determine
that while the measurement corresponding to Target 2 may also correspond to Target 1, there is no
chance that a measurement corresponding to Target 1 would correspond to Target 2’s estimate.

Unfortunately, most target-tracking scenarios are not like this. However, it may be possible to
retain custody of targets after long sensor shutoffs by visually examining the evolution of target
estimates in the measurement space. In this section, we demonstrate the application of ASR for two
target tracking scenarios which result from long sensor shutoffs.

Example 1: 9:2 Resonant Near-Rectilinear Halo Orbit

NASA’s Gateway refers to the lunar space station in orbit around the Moon. The module shall
serve as an outpost for astronauts of the upcoming Artemis mission. This Gateway module is placed
in what is known as a 9:2 resonant near-rectilinear halo orbit (NRHO) due to the ease of transfer to
other orbits in cislunar space and low orbit maintenance costs.20, 21 For our first example, we place
two targets in the neighborhood of this 9:2 NRHO orbit with a separation distance of less than 1000
kilometers at the IOD step. From this point, we propagate, cluster, associate measurements, and
update our state estimates for roughly 24 hours before assuming a 30-day sensor shutoff. Figures 7
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(a) Initial Separation Distance: 1000 km.

Observation Target 1 Target 2

1 3.52× 104 5.80× 104

2 8.25× 103 5.36× 105

(b) Initial Separation Distance: 1900 km.

Observation Target 1 Target 2

1 9.30× 104 3.23× 104

2 2.88× 104 4.80× 105

(c) Initial Separation Distance: 5000 km.

Observation Target 1 Target 2

1 1.77× 105 0

2 1044 1.58× 108

(d) Initial Separation Distance: 10000 km.

Observation Target 1 Target 2

1 2.24× 105 0

2 2.97× 10−10 1.02× 108

Table 2: Data association matrices D after the 20-day sensor shutoffs for increasing initial sepa-
ration distances. It may be observed that as the initial separation distance increases, the diagonal
dominance after long sensor shutoff times tends to increase.

and 8 show our state estimates prior to and just after the sensor shutoff in the state and measurement
spaces.

(a) Pre-shutoff target estimates in state space.
(b) Pre-shutoff target estimates in measurement
space.

Figure 7: Pre-shutoff estimates for targets in the neighborhood of the 9:2 NRHO.

In reality, most realistic sensor shutoffs last between one to three weeks. We demonstrate the
effect of a 30-day sensor shutoff in this example to demonstrate the evolution of our target estimates
over time for some of the worst case scenarios. In Figure 7, our target estimates began as two
distinguishable objects in our sensor FOV. Due to nonlinearity in dynamics, the two target estimates
begin to mix together such that there exist overlaps in the state estimate between both distributions.
In Figure 8, these overlaps are evident. However, in the measurement space, the two state estimates
are more distinct and express a signature, which we define as a line-like shape or streak of particles
in the measurement space. The overwhelming majority particles of Target 1’s estimate lie along a
roughly parabolic curve of roughly one-degree thickness while the particles of Target 2’s estimate
lie along a short, straight streak of similar thickness.
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(a) Post-shutoff target estimates in state space.
(b) Post-shutoff target estimates in measurement
space.

Figure 8: Post-shutoff estimates for targets in the neighborhood of the 9:2 NRHO.

Although the uncertainty of each target estimate has grown and stretched, the signatures of both
targets are narrow enough that a sensor only has to point to a certain curvy path in the sky in order
to locate both targets. In this example, because targets are more visibly distinguishable, visual
association is possible, after which our tracking scenario may be continued. We may also use the
Munkres Algorithm to mathematically distinguish targets and state estimates.

Example 2: Chaotic Warping Past L2 Lagrange Point

We revisit the running example in this article related to chaotic warping about the L2 Lagrange
point. In the examples shown in the previous section, we utilized our multi-target PGM framework
to reduce the uncertainty of our target state over 36-48 hours. In this example, we only reduce
the uncertainty of our state over a single, 24-hour length pass, but with slightly more frequent
measurements. If the pre-shutoff target estimate certainties are long enough, they shall warp into
spiral or tadpole-shaped PDFs after shorter (i.e. less than two weeks) sensor shutoffs. To illustrate
our point, we provide pre- and post-shutoff target estimates in the state and measurement spaces in
Figures 9 through 11.

(a) Pre-shutoff target estimates in state space.
(b) Pre-shutoff target estimates in measurement
space.

Figure 9: Pre-shutoff estimates for targets in the neighborhood of trajectories passing near L2

Lagrange point.
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(a) Post-shutoff target estimates in state space.
(b) Post-shutoff target estimates in measurement
space.

Figure 10: Post-shutoff estimates for targets in the neighborhood of trajectories passing near L2

Lagrange point.

(a) Measurement space signature for the PDF de-
scribing Target 1.

(b) Measurement space signature for the PDF de-
scribing Target 2.

Figure 11: Individual measurement signatures for the targets shown in Figure 10b, clustered by
state.

Comparing Figure 10a to Figures 10b, 11a, and 11b, it is clear that although the estimate PDFs
for Targets 1 and 2 warp continuously in the state space to the shape of spirals or tadpoles, the
translation of each particle from Figure 10a into a measurement space yields a very narrow, almost
sinusoidal curve. In other words, as the PDF in Figure 9 is propagated continuously throughout
the shutoff, the state estimate, however non-Gaussian in the state space, propagates along a curve
almost perfectly in the measurement space.

Two reasons for the shape of the target estimates in Figure 11 are high angles-only precision and
distance from Earth. For the examples throughout the previous and current sections, we assume az-
imuth and elevation angle measurement errors to be additive and distributed as zero-mean Gaussian
with uncertainties of 1.5 arcsec apiece. Due to the high precision of angular measurements, target
estimate PDFs in the measurement space start so small and distinct (as shown in Figure 9) that they
grow along a curve much faster than they grow outward; only a few particles tend to deviate from
this curve.

Due to the unstable equilibrium associated with the L2 Lagrange point, some target passing
through or near such a point at even a minimal velocity will drift hundreds of thousands, even
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millions, of kilometers away from the Earth. Due to the large distances within cislunar space, par-
ticles that may be widely distributed in the state space (like for Figure 10a) appear along narrow
curves in the measurement space (see Figure 10b). The narrow, ”linear” shape of these measure-
ment signatures enable an observer to simply search a small, narrow region of the sky for our targets
of interest, rather than trying to search the entire sky. Based on the number of observations received,
it is possible to associate measurements with estimates. Although the measurement signatures in
our example have considerable overlap after a roughly two-week sensor shutoff, target estimates
may be resolved using the Munkres Algorithm.

CONCLUSIONS AND FUTURE WORK

In this paper, we extended the single-target IOD/OD framework introduced in Paranjape &
Chakravorty 2025. This new combined framework involves IOD by fitting a polynomial through
series of range, azimuth, and elevation angle observation data to obtain an initial state estimate for
multiple targets. Then, due to the nonlinearity of cislunar dynamics and our measurements, we pre-
sented an OD framework in the form of the PGM filter, which is robust to both stable and unstable
cislunar orbits. We also added an association step between the clustering and update steps, which
involves using Munkres algorithm. We demonstrated the use of our IOD/OD framework on a set of
orbits involving two targets passing close to the L2 Lagrange point at small velocities, and demon-
strated the effect of initial separation distances on data association ability after prolonged periods
without observations. Finally, we discussed the utility of autonomous search and recovery in the
context of long sensor shutoffs.

There are several improvements and extensions that we wish to make to this work. Although
we have demonstrated our combined, multi-target IOD/OD framework for a system of two targets,
we wish to apply more multi-object tracking scenarios proposed such as target births and possible
target deaths to RSOs in cislunar space.13, 14 We also wish to explore the utility of our framework
for multi-target chaser/follower target configurations such as loitering scenarios within the 9:2 res-
onant NRHO region.22 We also wish to study the utility of this combined IOD/OD framework with
more complex dynamics models such as the general restricted three-body problem (R3BP) or the
bicircular-restricted four-body problem (BCR4BP).23
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