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Abstract—The tracking of space objects poses unique chal-
lenges when compared to traditional applications. Direct appli-
cation of standard multi-target tracking models fails to yield
accurate results for the case of space objects. For example,
dynamic models for traditional applications require simple, often
linear, discrete-time models. This is not the case for space objects
where motion is nonlinear and computation costs make Monte
Carlo filters intractable. This paper describes the multi-target
tracking problem for space objects and summarizes system
requirements for space situational awareness. Traditional multi-
target filter models are compared to corresponding methods for
space object tracking in the context of tracking performance
via the δ-Generalized Labeled Multi-Bernoulli (GLMB) filter.
Using these tests, key research challenges for space situational
awareness are discussed.

I. INTRODUCTION

This paper discusses the needs for multi-target tracking
in the context of space situational awareness (SSA). Recent
research in the astrodynamics community suggests that im-
proved methods of multi-target tracking for tracking space
object provide a potential means to reduce uncorrelated tracks
(UCTs) and improve orbit state estimates [1]–[5]. A common
element among all of these papers is that customization of
each technique is required for astrodynamics applications. This
paper outlines some of the challenges in tracking space objects
that, in some cases, are deemed of less importance for many
traditional multi-target tracking problems.

Definitions of the term space situational awareness vary,
but it typically refers to maintaining knowledge of the space
environment to aid in risk assessment and to ensure sustain-
ability. Traditionally, the tracking of thousands of objects via
ground-based sensors, e.g., radar and telescopes, allowed for
the estimation and prediction of a space object catalog. Objects
in such a catalog, typically dubbed resident space objects
(RSOs), include active spacecraft, decommissioned payloads,
and debris from fragmentation events (e.g., insulation de-
lamination events, collisions, explosions, etc.). Events in the
late 2000s forced the SSA community to reevaluate methods
employed since the 1960s. This culminated in an assessment
of the U.S. Air Force’s existing astrodynamics standards and
practices [6]. Included among the recommendations were: (i)

the development of improved data association methods, (ii)
improve estimation algorithms to better account for nonlinear-
ities and produce improved uncertainty estimates, and (iii) be
able to handle a possible increase in catalog size to more than
100,000 RSOs. This paper discusses some of the challenges in
multi-target tracking associated with these recommendations.

The paper is outlined as follows. The next section discusses
the difficulties of tracking multiple RSOs, which includes an
outline of some of the issues resulting from astrodynamics-
based elements. Section III outlines the multi-target filter
employed here to illustrate some of the challenges, along with
some models commonly employed for traditional applications
and their astrodynamics-based equivalent. Section IV demon-
strates some of the difficulties of tracking space objects using
the common astrodynamics models. Finally, conclusions and
recommendations for future research are discussed.

II. SPACE SITUATIONAL AWARENESS REQUIREMENTS

A. General Overview

SSA requires knowledge of the current and predicted states
of the RSO population. To maintain such information, the
Joint Space Operations Center (JSpOC) collects and processes
400,000 observations per day to update the estimated states
for over 20,000 objects [6]. Many of the tracked objects are
persistent, i.e., there is a priori knowledge of their existence,
however, new objects appear in the Space Surveillance Net-
work’s (SSN) surveillance regions due to launches of new
space vehicles and fragmentation events. As demonstrated by
the collision between Iridium 33 and Kosmos-2251, large-scale
breakup events are an eventuality. Additionally, development
of new observation capabilities will yield an increase in the
number of trackable objects. Detecting and classifying these
new objects is one of the goals of SSA, which requires multi-
target tracking on a large scale.

Other goals of SSA includes conjunction assessment (CA)
and object characterization. CA includes the prediction of
potential collisions between space objects to provide timely
and actionable information to operators. Taking a brute force
approach, this requires the propagation of the entire space
object catalog through time and the estimation of collision
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Fig. 1. Distribution of space objects as a function of altitude

probabilities for all possible object pairings. Several filters
have been presented that alleviate the inherent computational
load of such an approach (e.g., see [7]). Additionally, current
approaches to CA only consider RSOs in a given object cat-
alog. Alternatively, engineering tools (e.g., NASA’s ORDEM
and ESA’s MASTER) provide an assessment of spacecraft risk
based on debris flux that includes knowledge of trackable (>10
cm) and un-trackable objects, but no top-down tools currently
exist that treat all knowledge of the debris population as a
whole. Object characterization includes the determination of
an object’s shape, attitude, and other pertinent properties [6].
Shape and attitude information is required to improve state
prediction. Such knowledge of an object also provides insight
about predicted radar and optical observations. Approaches to
RSO characterization include [8] and [9], but remain an active
area of research.

Fig. 1 presents the distribution of the trackable objects in
Earth orbit on February 27, 20131 as a function of their apogee
and perigee altitudes. Objects along the diagonal are in a
circular orbit, which includes those in Medium Earth Orbit
(MEO) and Geosynchronous Orbit (GEO) satellites. Objects in
Geosynchronous Transfer Orbit (GTO) exhibit large variations
in their orbit state and are difficult to acquire. Finally, most
objects are in Low Earth Orbit (LEO). Such objects have
an orbit period of approximately 90 minutes, and, due to
sparsity in sensors for tracking, can orbit up to hundreds of
times between observation sets. The propagation of uncertainty
for such cases makes measurement-to-track correlation more
difficult. Even though MEO and GEO objects tend to be
easier to track, their importance to commerce (e.g., satellite
navigation or telecommunications) motivates improved state
estimation accuracy to ensure viability and safety.

1Two-line element sets provided by CelesTrak (http://www.celestrak.com)
and accessed on March 5, 2013.

B. Modeling RSOs

Modeling the dynamics of a space object requires a contin-
uous time model based on the differential equation

r̈ = − µ

‖r‖
r + ap (1)

with position vector r, gravitation parameter µ, and perturbing
accelerations ap. The complexity in modeling the translation
dynamics of a spacecraft is rooted in the modeling of these
perturbing accelerations. These perturbations can include, but
are not limited to: the aspherical mass distribution in the pri-
mary body, third-body perturbations, solar radiation pressure
(SRP), atmospheric drag, attitude-dependent effects, maneu-
vers, and many others. The magnitude of each varies with
orbit regime. For example, atmospheric drag is the dominant
non-gravitational perturbation when below 900 km in altitude.
However, at higher altitudes where the effects of atmospheric
drag begin to diminish, the effects of SRP and third-body
perturbations become more pronounced. Both drag and SRP
vary with space object attitude, making the modeling of such
forces more difficult.

The need for attitude and shape estimation is made most
evident by the dynamics observed for High-Area-to-Mass
Ratio (HAMR) objects. Such objects exhibit variations in orbit
declination near GEO that are not feasible given only grav-
itational forces [10], and predicting their trajectory requires
knowledge of target-specific properties. The presence of such
objects motivates continued refinement of force and torque
models for RSOs, which directly impacts multi-target tracking.

One element that creates difficulty for tracking space objects
is the detection of a maneuver. Maneuver estimation is further
made difficult by the inability to distinguish it from mis-
modeled dynamics. Current research attempts to estimate pos-
sible maneuvers based on optimal control theory [11], but this
has not yet been integrated with any multi-target filter in the
literature. While methods exist for maneuver detection within
the context of a multi-target tracker (e.g., see description in
[12]), limited knowledge on the dynamics environment adds
challenges to such a process [11].

Coupled with the prediction of the translation state of
an RSO is the propagation of its state Probability Density
Function (PDF). Traditionally, such propagation uses a state
transition matrix to map a covariance matrix in time. As
implied by (1), propagation of a prior Gaussian state PDF will
yield non-zero cumulants over time [13]. Improved representa-
tions of a propagated state PDF are required for CA, maneuver
detection, sensor tasking, and other important elements related
to SSA. Details on possible methods are described later in the
context of multi-target filtering.

C. Data Sources and Limitations

The SSN consists of both electro-optical and radio-
frequency sensors, where phased array radars contribute the
bulk of radar observations [14]. Radars are typically used for
observing objects in LEO and can collect a combination of
range, range-rate, azimuth and elevation observations. Optical



Fig. 2. Non-Gaussian uncertainty after ∼32 hours of propagation for a low-
Earth orbiter. Red dots are samples from the state PDF and black lines indicate
a sample field of view for a phased-array radar.

sensors measure right ascension and declination angles and are
typically used to collect observations of objects in MEO and
GEO. To estimate such angular quantities, detection of an RSO
is compared to background stars [15]. Locations, limitations,
and calibration values for many of the available SSN sensors
are tabulated in [14], [16].

SSN sensors can collect observations at relatively high
frequencies that are sufficient for orbit determination [16],
however, long periods of time can pass between observations
of a single object. Observations are typically collected in either
long or short arcs (the former preferred over the latter) and
it is the time gaps between these arcs that pose problems
for tracking RSOs. Long observation gaps translate into high
integration times and non-Gaussian state PDFs. Fig. 2 illus-
trates this point. Using the test case presented in [17] with
initial position standard deviations on the order of 20 km,
100,000 samples are propagated forward in time, yielding a
non-Gaussian state PDF after 32.38 hours. The single-target
distribution not only does not fit into the sample FOV based
on the phased array radar at Eglin Air Force Base [16], but
nearly wraps around the Earth.

D. Multi-Target Tracking of RSOs

One of the findings of [6] is that significant improvement to
SSA can be made via advanced data association techniques.
Traditional methods of multi-target tracking applied to SSA
include multi-hypothesis trackers (MHT) [1] and Joint Prob-
abilisitic Data Association [2]. Alternatively, more recently
developed methods based on random finite sets (RFS) [12],
[18] provide a framework that integrates data association with
filtering, such as Probability Hypothesis Density (PHD) [19]–
[21], Multi-Bernoulli [22], and Generalized Multi-Bernoulli
filters [23], [24] are RFS filters that are attractive candidates
for SSA applications. However, there are issues that multi-
target tracking algorithms must address. These include, but
are not limited to:
• Accurate modeling of target survival and detection prob-

abilities,
• Handling spatiotemporal sparsity in measurements, and

• Modeling birth, spawning, and clutter processes.
Due to the large number of observations and tracked objects,

Monte Carlo filter implementations of multi-target tracking
algorithms are less attractive when compared to Gaussian
mixture (GM) filter implementations. However, GM imple-
mentations are not without their own complications. To yield
closed-form solutions to PDF prediction and updates, GM
implementations of the PHD (GM-PHD) filter assume that the
survival probability (pS) and detection probability (pD) are
state independent. In the context of RSO tracking, the only
processes that are analogous to target death include reentry,
a maneuver to leave the Earth system, collision with another
object, and a fragmentation event (e.g., explosion) of sufficient
energy. For a catastrophic collision or fragmentation, the death
of one object would also result in the birth of many smaller
RSOs. Models exist to describe the distribution in number,
size, and velocity change for such events (e.g., [25]), but their
probability at any point in time is nearly zero.

Several factors influence the probability of detection for
RSOs. Often, especially for GM-based implementations of
RFS multi-target filters, pD is assumed constant over the field
of view for the sake of tractability and numeric stability.
However, the actual detection probability is both a function
of the sensor characteristics, the orbit environment, and the
target itself. For radar sensors, the detection probability for
an RSO increases as the range approaches a minimum. In
terms of the orbit environment, visibility is influenced by
the solar phase angle and the Earth’s shadow, both of which
affect pD [26]. Finally, the instantaneous attitude and surface
properties of an object influence the radar cross section and
brightness, which, when coupled with a sensor’s performance
characteristics, yield a pD that varies throughout a given
scenario. For example, tumbling objects may appear to blink
when viewed over time via an optical sensor.

The relatively large field of view for SSA sensors creates
key research challenges for multi-target tracking of RSOs. For
example, optical telescopes have a valid range from from just
in front of the lens to infinity. Modeling birth for a nearly
infinite space is not tractable, which motivates the definition of
a reasonable approximation. The distribution of space objects
in Fig. 1 illustrates that objects are not uniformly distributed in
altitude. Optical telescope are typically used to observe objects
at high altitudes (greater than 4,000 km), which includes
GTOs. However, these objects pose a challenge for modeling
new-target birth given their large range of orbit altitudes
and a two-dimensional optical observation. Modeling birth in
such a large region however, does pose significant challenges,
e.g., some models fill an entire FOV with diffuse Gaussian
distributions which in this case requires a computationally
intractable number of GM components. This is also true for
radar. Fig. 3 illustrates a radar FOV that is large enough to
encapsulate a single arc of observations of a LEO object. This
region requires over 7500 GM birth components, each with
a radius of 100 km, to cover the FOV. Additionally, RSO
tracks have states with a minimum of six dimensions which
does not work well with static birth region models. While
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Fig. 3. Over 7500 GM birth components (centered at red dots) with radii
of 100 km required to fill a FOV just large enough to capture a single arc
of observations. Distances on axes represent range from sensor in the South-
East-Up reference frame.

increased observation frequency allows for observing angle
rates [27], this conflicts with the longer integration times that
reduce clutter and increase the signal-to-noise ratio.

Modeling clutter for SSA sensors is a topic not commonly
addressed in the astrodynamics literature. As mentioned pre-
viously, this may be mostly eliminated for optical sensors
with larger integration times. Increased data rates allow for
estimating angle rates, which produces observations with more
degrees of freedom. However, clutter distribution and density
models are not prominently featured in the existing RSO
tracking literature. In summary, there lacks a sufficient amount
of work which characterizes clutter with respect to observing
RSOs.

The modeling of spawned targets is not trivial for space
objects. The GM-PHD filter includes a spawning model,
however, its instantaneous estimate of the number of targets is
unstable [12]. The GM Cardinalized PHD (GM-CPHD) filter
[28] overcomes this cardinality instability by propagating the
probability distribution of the number of targets, however, clas-
sic forms of the CPHD fundamentally assume no spawning to
improve tractability. Leveraging knowledge of persistent RSOs
to determine the states of spawned RSOs would likely be more
computationally efficient than instantiating new objects via a
birth model.

III. AN ASTRODYNAMICS δ-GLMB FILTER

This section describes the δ-Generalized Labeled Multi-
Bernoulli (δ-GLMB) and its application to tracking space
objects. This first includes a brief description of the filter,
commonly used models in the information fusion community,
and several astrodynamics-based models employed in this
paper and in previous work.

A. Filter Overview

The δ-GLMB filter yields a closed-form solution to the
Bayes multi-target filter and maintains target identity through
the use of a labeled RFS [23]. This section only provides an

overview of the filter’s properties to provide context for future
discussions, and full details may be found in [23], [24].

The Bayes multi-target filter generalizes the single-target
Bayes filter, but allows for simultaneous tracking of multiple
targets. The δ-GLMB filter uses an approach based on a
labeled Random Finite Sets (RFS) to formulate the filter. In
such an approach, the multi-target state Xk and observation
Yk (at time tk) are represented by the sets

Xk = {x1,x2, . . . ,xn} ⊂ X× L (2)
Yk = {y1, y2, . . . , ym} ⊂ Y (3)

where X and Y are the single-target state and measurement
spaces, respectively, and L is a label space. Due to clutter and
missed detections, m = n is not always true. The elements
of the RFS X are x = (x, `) where x is the estimated
single-target state and ` = (k, j) denotes the j-th target newly
identified at time tk. The observation RFS Yk is comprised of
observation vectors y gathered via a single sensor scan. The δ-
GLMB filter then predicts and updates the multi-target density
π(X). The remainder of this section describes the formulation
of π(X) that allows for deriving a closed-form solution to the
Bayes multi-target filter.

The projection L(x, `) = ` where L : X × L → L allows
for defining the set of labels L(X) = {L(x) : x ∈X}. Since
each possible target has a unique label, |L(X)| = |X|. To
simplify notation,

∆(X) = δ|X|(|L(X)|) (4)

denotes a distinct label indicator and

δA(B) ≡

{
1 if B = A

0 otherwise
(5)

is a generalized delta function that supports sets and vectors.
The labeled multi-Bernoulli (LMB) RFS is parameterized

by
{(
r(`), p(`)

)}
`∈L and the PDF of X is then

π (X) = ∆(X)w(L(X))pX (6)

where the multi-object exponential is

pX ≡
∏
x∈X

p(x) (7)

and

w(L) =
∏
i∈L

(
1− r(i)

)∏
`∈L

1L(`)r(`)

1− r(`)
(8)

p(x, `) = p(`)(x), (9)

1A(B) ≡

{
1 if B ⊆ A
0 otherwise.

(10)

The LMB density can be generalized to a mixture of multi-
target exponentials, known as a generalized labeled multi-
Bernoulli (GLMB)

π(X) = ∆(X)
∑
c∈C

w(c)(L(X))
[
p(c)
]X

(11)



where C is an index set that can be used for enumerating the
set of hypotheses in a multi-target tracking problem, and∑

L⊆L

∑
c∈C

w(c)(L(X)) = 1 (12)∫
p(c)(x, `) dx = 1. (13)

The δ-GLMB RFS, which is used in the filter employed
here, allows for a more intuitive description of a GLMB in the
context of multi-target tracking [23], [24]. For the δ-GLMB
density, the index set C is defined over all subsets of L and a
space Ξ representing the history of measurement associations
to a given track. Hence,

C = F(L)× Ξ (14)
w(c)(L) = w(I,ξ)δI(L) (15)

p(c) = p(I,ξ) = p(ξ) (16)

where c = (I, ξ), ξ ∈ Ξ, I ⊂ L, and the function F(L)
represents the collection of all finite subsets of L. Then, the
δ-GLMB density is given by

π(X) = ∆(X)
∑

(I,ξ)∈F(L)×Ξ

w(I,ξ)δI(L(X))
[
p(ξ)
]X

. (17)

The δ-GLMB is distinguished from the GLMB by the con-
struction of the space C imposed in its formulation. In the
following sections, a hypothesis refers to a single pair (I, ξ)
that describes a set of targets by the label set I and measure-
ment association history ξ. The weight w(I,ξ) then describes
the probability of hypothesis (I, ξ).

Given this formulation of the δ-GLMB PDF, [23] presents
a closed-form solution to the Bayes multi-target filter. Like
all sequential filters, this includes both a prediction to a time
of interest followed by a measurement update. The prediction
can account for target survival, death, and the appearance of
new targets. For new-target birth, the δ-GLMB filter assumes
a labeled multi-Bernoulli model that is parameterized by{(
r

(i)
B , p

(i)
B

)}NB

i=1
where r

(i)
B is the probability that the i-th

target exists, and p(i)
B is the single-target PDF. Details on the

birth and single-target propagation models employed here may
be found in the following sections. The measurement update
provides a framework to include probability of detection and
a clutter model. The full prediction and measurement update
equations may be found in [24].

B. Astrodynamics-Based Models

This section describes models commonly used for astrody-
namics with analogues in multi-target filtering. This includes
both models for new-target birth and more computationally
efficient non-Gaussian single-target PDF propagation.

As discussed previously, a prior Gaussian single-target PDF
for a space object will not necessarily remain Gaussian under
prediction. Traditionally, the tracking of space objects uses a
batch least-squares filter with Gaussian assumptions [6]. Re-
cent research instead proposes non-Gaussian methods for use
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Fig. 4. Illustration of admissible region for new-target birth

in nonlinear, single-target filters. This includes both Gaussian
mixtures [29] and particle filters [30]. In the case of Gaussian
mixtures, entropy-based methods of component splitting [29]
and alternative representations of the state vector [17] yield
a reduction in computation costs. The results presented later
in this paper use the entropy-based method for splitting
components as needed.

In the context of astrodynamics, target birth is referred to as
initial orbit determination (IOD). Given the underdetermined
state estimation problem when given a single observation, IOD
is typically performed via observation-to-observation associa-
tion. Methods vary based on the observations available, e.g.,
Gauss’s technique may be used when provided angles-only
observations. However, observation-to-observation association
is sometimes difficult due to the potentially large measurement
gaps. A detailed description of the classical methods for IOD
may be found in [16] and such methods have found use in
multiple-hypothesis trackers [1]. For an RFS-based filter, the
use of observations at multiple epochs to aid in modeling new-
target birth requires the use of smoothing [31]. At present there
are two multiobject smoothing solutions: forward-backward
(FB) smoothing [31]; and batch smoothing [32]. In [31],
Gaussian mixture forward-backward smoothing solutions for
single-target, Bernoulli and PHD filters are given. The batch
solution [32] is quite generic, and needs to be adapted to SSA
for better efficiency. It is also important to develop efficient FB
smoothing algorithms for label RFS filters. Alternatively, RFS-
based filters may employ a diffuse GM model for new-target
birth or a uniform distribution in the measurement space [33].
As described later, such models require astrodynamics-based
augmentations to allow for their use.

More recently developed techniques for IOD instead con-
sider a combination of high-dimensional observations, e.g.,
angles with angle rates, with physics-based constraints. For
example, when observing orbital debris, a maximum semima-
jor axis may be considered. For the case of the observation
vector z =

[
α δ α̇ δ̇

]
where α and β are angles, then

there is no information on the range or range-rate for the target.
Constraints may then be added to reduce the space of possible



solutions, which is referred to as the admissible region (AR).
Such methods have been applied for orbital debris [34], [35]
and represent a subject of active research in astrodynamics.
One possible method of leveraging this AR is to consider
all points within the constraints as equally probable, which
yields a uniform distribution over the AR. One may then
sample the distribution to create virtual objects [36] (with
potential use in a particle filter) or approximate the distribution
using a Gaussian mixture [34]. Fig. 4 illustrates such a GM-
based approximation of the admissible region with constrains
defined by semimajor axis and eccentricity. This method is
used to generate p

(i)
B in the δ-GLMB birth model with the

existence probability determined using the method proposed in
[37]. This GM model shares some similarities to the partially-
uniform birth model in [33], but the mixture in range and
range-rate directions is not independent of the angle and angle-
rate measurements.

IV. SIMULATIONS AND RESULTS

This section describes the performance of the δ-GLMB
filter for different astrodynamics and non-astrodynamics based
models. All accuracy comparisons use the optimal sub-pattern
assignment (OSPA) [38] metric to describe accuracy. These
use c = 100 km, p = 2, and ignore the cardinality penalty
function. For all cases, pS = 0.99.

The orbits simulated in the following sections all use the
CU-TurboProp orbit propagation package [39]. This includes
orbit propagation software written in C/C++ with a MAT-
LAB or Python interface. This work used the Dormand-
Prince 8(7) embedded Runge-Kutta integrator with an relative
tolerance of 10−12. Force models include the GGM03C gravity
perturbation model of degree 20 (for low-Earth orbit) or 8
(for geosynchronous orbit). Third-body gravity forces include
those generated by the Sun and the Moon using the DE430
ephemeris. Solar radiation pressure (SRP) is included with a
reflectivity coefficient of 1.5. Atmospheric drag is included at
low altitudes with a drag coefficient of 2.15 and an exponential
density model. Both the SRP and drag use a constant area-to-
mass ratio of 0.01 m2/kg, which corresponds to a spherical
body. For a description of these force models, see [39] and
the references therein. Studies with a larger array of shapes
and attitude profiles should be considered in future work.

A. Computation Considerations

To illustrate the relative performance of UKF-, GMM-, and
SMC-based solutions to tracking space objects with the δ-
GLMB filter, the scenario in this section considers two LEO
targets. To simplify the test and better isolate the effects of
single-target PDF propagation on the computation time, this
case assumes zero false alarms, i.e., no clutter measurements.
A single ground station (located in Maui, HI) gathers range
and range-rate (analogous to Doppler) observations of the
targets with an approximately 34 hour gap between data arcs.
Over this duration, the spacecraft completes approximately 20
orbits and has a highly non-Gaussian single-target PDF at the
start of the second arc. (Note that this is not the same orbit
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depicted in Fig. 2.) The range and range-rate measurement
errors have zero mean and standard deviations of 10 m and 75
cm/s, respectively. Fig 5 illustrates the ground tracks for these
orbits along with the measurement arcs. The observed period
of the orbit represents a small portion of the total trajectory
and illustrates the spatiotemporal data limitations in such a
scenario.

Fig. 6 illustrates the performance of a UKF, GMM, and
SMC-based implementation of the δ-GLMB filter. The GMM
case uses the entropy-based splitting of Gaussian components
during the prediction step. The SMC results used 100,000
particles per target. Both the UKF- and GMM-based imple-
mentations of the filter maintain custody of the two targets at
all measurement times. The SMC-based filter loses custody of
one target during the second arc due to an insufficient number
of particles. The SMC filter also required hours to process the
data while the GMM version only requires minutes. Finally,
the GMM filter provides accuracy for two targets comparable
to the single-target SMC result (for one target).

B. Modeling Birth

This section describes the performance of a fixed GM model
and the AR-based birth model for a GEO scenario. In this
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Fig. 8. Filter performance for sparse measurements and the different birth
models

case, two initially known targets are observed by an optical
sensor, see Fig. 7. Observations are 4-D angle and angle rates
with error standard deviations of 0.4 arcsec and 0.07 arcsec/s,
respectively. No clutter is included in this case and pD = 0.99.

Fig. 8 illustrates the performance of the various birth models
for this scenario. The case dubbed Single refers to a fixed
GM-based birth model were all components are treated as a
mixture for a single possible new target. While this improves
tractability by reducing the number of birth hypotheses, it
limits the filter to only one new target per scan. Alternatively,
the Multiple case considers each GM component as a possible
new target and increases the number of birth hypotheses
in the filter. Finally, the CAR case uses the measurement-
based birth model and the constrained admissible region to
model new-target generation. These results demonstrate that
the CAR case yields the best accuracy at a slight reduction
in the number of tracks maintained in the δ-GLMB filter.
The number of tracks indicates the number of estimated states
propagated and updated in the filter and provides a measure of
computation time. The single-target birth model case is unable
to maintain knowledge of any birth targets to yield a positive
identification. Specifically, any hypotheses that contain a new
target (at any time) are deemed unlikely and eventually pruned.
The multiple-target birth model identifies that a new target
exists, but is unable to maintain custody of the object with the
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Fig. 9. Filter performance for the case with six targets

long data gaps. Fluctuations in the number of targets for the
multiple-birth case result from the filter attempting to reacquire
the target with subsequent measurements. Although not illus-
trated in the figure, the label for the new target in the Multiple
case changes over time indicating a failure to maintain custody
of the target. The CAR-based method identifies the new target,
maintains the correct labels, and converges on a solution after
the approximately 90-hour simulation duration.

C. Increased Number of Targets

This scenario considers a larger number of unknown targets.
Whereas the previous case demonstrates the inability of a
simple fixed GM-based birth model to maintain custody of
a new target when given insufficient observation density, this
case extends the CAR-based method to identifying multiple
new targets using the same observation sparsity. In addition
to the three targets in the previous scenario, three new targets
are introduced. These previously unknown targets appear at the
second, third, and fourth observation scans and have orbits that
are random perturbations in semimajor axis and inclination of
target 1. In addition to the increased number of targets, this
case includes clutter with a mean rate of one return per scan
and a reduced detection probability (pD = 0.9).

Fig. 9 provides the estimated number of tracks and the
OSPA accuracy of the δ-GLMB filter for this six-target case.
A delay exists between a target first appearing and the filter
confirming its existence, but the filter maintains custody of the
targets at subsequent points in time. The temporary cardinality
decrease at approximately 45 hours results from consecutive
missed detections for the third target. The OSPA distance
indicates that the solution converges to state-estimation errors
on the order of hundreds of meters, which is consistent with
the observation errors for this scenario. Labels for the new
targets at the final time correspond to the correct time of birth.

V. CONCLUSIONS

This paper discussed the difficulties of multi-target tracking
of RSOs. This included an overview of SSA requirements
and the potential uses of an estimated multi-target state. The
discussion included an introduction to issues related to mod-
eling the dynamics of space objects and the sensors currently
employed for generated measurements. Several of the issues



were then illustrated in the context of the δ-GLMB RFS-based
multi-target filter. This included the difficulties in modeling
the non-Gaussian single-target state PDF and the limitations
of using a diffuse Gaussian model for the prior state of new
targets. A δ-GLMB filter that leverages a birth model based
on astrodynamics principles allows for tracking both known
and previously unknown objects with sparse observations.
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