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Abstract

Detecting and tracking asteroids from observational data is an important, but extremely
computationally expensive, task. The goal is to link together observations from differ-
ent time steps into sets of observations that correspond to the same asteroid. These
linkages can then be used to determine the orbits for new asteroids, attribute the ob-
servations to previously known asteroids, and assess the potential risk posed by the
object.

What sets this domain apart from previous large-scale multiple target tracking prob-
lems is the sheer scale of the problem and the sparse nature ofthe observation sched-
ule. New sky surveys allow us to observe increasing faint objects, providing millions
of true and noise observations in the process. Further, detections of a given object
may be sparse, sporadic, and widely spaced. Each individualviewing will only cover
a small fraction of the sky and there may be a significant gap intime before that area is
observed again.

This work deals with the computational issues inherent to large-scale target track-
ing and the development of techniques and algorithms that mitigate or eliminate these
issues. I examine two fundamental issues to tracking in the asteroid domain: tracking
with a large number of both true and noise observations and tracking under a sparse ob-
servation schedule. I propose new data structures, algorithms, and general approaches
to efficiently and accurately deal with these issues.
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1 Introduction

Asteroid detection and tracking provides a tracking problem of unprecedented scale.
Ideally we would like to identify and track all asteroids that are large enough to pene-
trate the earth’s atmosphere and and cause significant damage upon impact. This would
then allow us to accurately determine their orbits so that wecan assess their risk. New
astronomical surveys, designed specifically for this purpose, will provide a wealth of
observational data to this end. Further, the use of new equipment and digital processing
provide the opportunity to track increasingly faint objects. While this increase in data
provides a boon to the task of asteroid detection, it vastly increases the complexity and
scale of the problem.

This work deals with the computational issues inherent to large-scale target track-
ing and the development of techniques and algorithms that mitigate or eliminate these
issues. The computational issues, which are discussed in detail in Section 2, include a
variety of spatial and data association queries. Figure 1 illustrates one representative
problem, track initiation. Observations from all of the time steps are shown on a single
image with observations from different time steps represented as different shapes. The
goal is to take the raw data (Figure 1.A) and find sets of observations that follow the
desired linear motion model (Figure 1.B). The types of difficulties illustrated, such as
sheer combinatorics of an exhaustive search, are typical ofmany of the tasks we will
be examining.

While many of the queries and algorithms I will discuss are important in a range
of fields, such as target tracking, computer vision, and computer graphics, our primary
motivating example is the asteroid linkage and tracking problem. Here we wish to
tractably identify moving objects and either attribute them to a known asteroid or link
them with other observations in order to determine tentative orbits.

There are two primary factors that set asteroid tracking apart as an interesting and
computationally challenging domain. The first, and perhapsmost significant, is the

(A) (B)

Figure 1: The linkage problem is to find one point at each time step such that the points
fit the model for a candidate track. Points from each of the fivedifferent time steps
are shown as different shapes (square→ circle→ triangle→ diamond→ plus). Two
linear linkages are shown (B) and a third is left as an exercise for the reader.
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sheer scale of the problem. New sky surveys give the potential to track hundreds of
thousands of objects. Further, the astronomy domain has theunique property that
we can push down into the noise to track increasingly faint objects by decreasing the
brightness threshold required to consider a detection. However, as we examine fainter
detections we increase the number of true objects and are more susceptible to false
detections arising from noise. In fact, the number of detections per image increases
faster than exponentially as the signal to noise ratio decreases[17]. The second factor
is the observational schedule. Even under ideal conditionseach region of the sky will
be observed only relatively infrequently. Detections of a given object may be sparse,
sporadic, and widely spaced. Each individual viewing will only cover a small fraction
of the sky, leaving the majority of the objects unobserved ata given time step. Thus we
must to piece together these sparse pieces of evidence to extract the true tracks. Finally,
additional complications, such as the fact we only observe asubset of an asteroid’s po-
sition information, further increase the complexity of thetask.

The rest of the document is organized as follows. In Section 2I provide a brief
overview of the computational problems that arise and outline which aspects I will be
investigating. In Section 3 I provide a brief overview of thespecific domain of interest,
asteroid tracking. Then I introduce several pieces of current and completed work. In
Section 4, I discuss the first version of the asteroid linkagealgorithm. In Section 5 I dis-
cuss the novel use of multiple trees to accelerate track initiation and asteroid linkages.
In Section 6 I will discuss the use of spatial data structuresto accelerate occurrence,
attribution, and precovery queries. Finally, in Section 7 Ioutline the contributions I
plan to make in this thesis and provide a timeline.

2 Problem Overview

At its core, the tracking problem is the determination of which observations were gen-
erated by the same object and the estimation of this object’sunderlying state or tra-
jectory. In the case of asteroid tracking we are specificallyinterested in determining
which observations in the night sky correspond to the same asteroid and estimating that
asteroid’s orbit. To this end we are interested in such problems as:

• Linking together observations that fit an underlying movement modelso as to
find and initiate new tracks. This process is also calledtrack initiation.

• Predictingwhere a potential track will be at a future time so that we may search
for supporting observations.

• Associatingestimated tracks with new observations.

• Incorporating evidence and maintainingthe set of potential tracks so as to pro-
vide an accurate set of track estimates.

• Precoveringand/orattributingold observations to new track estimates. Once we
have a tentative track/orbit we can go back and find observations corresponding
to this track in previous time steps or even other databases.

2
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Figure 2: The flow of steps for basic sequential target tracking.

Below I discuss these aspects in more detail, outlining which ones I will cover in this
thesis.

These aspects correspond to components of the general multiple target tracking
problem. A common approach to target tracking is to treat theproblem sequentially,
applying these aspects repeatedly at each time step. Figure2 illustrates this process.
In the first step, the current information about the targets is used to predict them ahead
to the subsequent time step. The predicted positions are then used to associate the
tracks with new observations. In the final step, the associations are used to refine
the information about each target. Track initiation may be used to start this process
by finding initial tracks and estimating their parameters. For a good introduction to
general target tracking see[2] or [3].

2.1 Computational Challenges and Contributions

2.1.1 Initiation

The track initiation or linkage problem consists of taking sets of observations from
different time steps andlinking together those observations that fit a desired model
without initial track estimates. Thus the goal is to find and estimatecandidate tracks
from the raw observation data. This problem is the core of theasteroid linkage problem;
we want to find candidate associations given sparse and noisysets of observations.

In this thesis, the problem of track initiation will be the primary area of investiga-
tion. Specifically, I will be looking at cases were the data may contain a high number of
both true objects and noise observations, but is temporally-sparse, containing relatively
few observations of the same region spaced over a wide range of time. This problem is
especially difficult because the high number of points initially gives rise to many short,
spurious, candidate tracks and the temporal sparsity meansthat a significant time win-
dow may be necessary to fully confirm a new track.
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2.1.2 Prediction

The prediction problem consists of estimating the future positions of current tracks.
Given a full estimated track model, this step consists of simply evaluating that model
at the new time. Although prediction may not be the most costly step, it is a vital com-
ponent of a tracking system. It is also very closely related to the spatial data association
step.

In this thesis I will be examining the possibility of using spatial data structures to
improve the performance of the prediction step. More importantly I will be examining
algorithms that attempt to combine the spatial structure inthe prediction and data as-
sociation steps to improve performance and reduce computational cost. Further, by the
nature of the asteroid linkage problem, I will be considering cases where a track must
be predicted to a later time stepwithouta full estimate of its parameters.

2.1.3 Data Association

The data association problem consists of determining whichtracks correspond to which
observations. Data association can be broken into two separate steps:spatialandcom-
binatorial data association. In the first step, all of the potential associations are identi-
fied. This problem is usually equivalent to finding observations that are “close” to the
predicted track position given the model’s error information. This step provides a list
of potential track/observation pairings and may include multiple pairings containing
the same track or the same observation. In the second step, these potential associations
are resolved by assigning the observations to tracks.

In this thesis I will be considering the spatial problem of tractably identifying po-
tential associations. However, I will not be considering the problem of combinatorial
data association. There are many different approaches for this later problem cover-
ing a wide range in accuracy and computational cost. I plan touse a subset of these
established approaches.

2.1.4 Evidence Incorporation and Maintenance

The evidence incorporation and maintenance steps provide updated estimates of the
current set of tracks. The evidence incorporation step updates the estimate of each track
using the new information provided by its associated observation. The maintenance
step updates the set of tracks by confirming new tracks and pruning out dead tracks.

There exists many well established and tested techniques for both components[3],
such as Kalman Filters, particle filters, and multiple hypothesis tracking. In this thesis, I
do not plan to investigate new approaches for evidence incorporation and maintenance.
Instead I plan to use established approaches.

2.1.5 Trajectory-Based Spatial Queries

Trajectory-based spatial queries deal with the question ofwhether a region of space
is “close” to the trajectory of a given moving object. For example, we may wish to
determine which past observations are near a newly discovered track. These queries
are described in more detail in Section 6. While these queries do not fall into the basic
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tracking description, they are vital for the asteroid linkage problem. We want to be able
to find past observations of a newly discovered object in order to confirm its existence
and refine its orbit.

In this thesis I will be examining trajectory-based spatialqueries. Specifically, I
will be examining the use of spatial data structures to accelerate these queries on large
sets of both tracks and observations. Further, I plan to investigate the use of these
queries within a tracking algorithm for such tasks as calculating support for a track to
facilitate early pruning.

2.2 Notation

Tracks. At the heart of the problem we are interested in estimating tracks correspond-
ing to both the association of a set of observations and the trajectory of a true underlying
target. We allow a general definition of a track as any function of the independent vari-
able through theD dimensional space. We denote theith track asgi(t) and useNT to
denote the number of tracks. Our discussion below focuses primarily on two types of
tracks: linear and quadratic. The quadratic track is simplya quadratic function of time:

g(t) = a · t2+b · t +c (1)

and can be used to describe physical motions of objects undergoing constant accelera-
tion. The linear track is a linear function of time:

g(t) = b · t +c (2)

and can be used to describe the physical motion of objects traveling at a constant veloc-
ity. In addition, the linear model can be used for such queries as finding lines or edges
described by the observations. While much of our discussionand techniques presented
below will also apply to other track models, we restrict the discussion to the linear and
quadratic models to keep the discussion simple and consistent.

Observations.The observations take the form ofD dimensional points. We denote
theith observation asxi and indicate the time of observation asti . We useNX to denote
the number of observations.

Plates.In many queries we consider entire viewing regions of observations, called
plates. Below we consider rectangular plates where each plateW contains: the time
of observationt, a vector indicating the upper bounds of the plateh, and a vector indi-
cating the lower bounds of the platel. While we restrict our discussion to rectangular
plates for simplicity, many of the approaches will apply to plates of other shapes. We
useNP to denote the number of plates.

Linkage. A linkage is a set observations. We are interested in finding valid link-
ages: sets of observations that correspond to our given feasibility criteria for being a
valid track.

3 The Asteroid Domain

As described in the introduction, the scale and sparsity of observations make asteroid
tracking a computationally interesting problem. Below I provide a brief overview of

5



a e a. q i� � V . E .
(A) (B)

Figure 3: An orbit is uniquely defined by six parameters: three (a,e,t0) describe the
orbit on a plane (A) and three (i,Ω,ω) describe the orientation of the orbit (B).

the asteroid tracking domain, including: a simple model of asteroid motion and orbits,
the requirements of a linkage system, and previous approaches to the asteroid linkage
problem. The information in Sections 3.1 is drawn largely from[5] and[15]. Finally, I
conclude by examining why increasingly robust and efficientalgorithms are necessary
in this domain.

3.1 Brief Overview of Asteroid Orbits

At first glance, the motion of an asteroid appears to follow a very simple model. For
the most part the motion of an asteroid is dominated by its interaction with the sun.
In this simple two body system, an asteroid orbits the sun according to Kepler’s laws.
Primarily, the orbit is confined to a single plane and traces out a conic section on this
plane. Further, this motion is constrained by the law of equal areas, which states that
the asteroid’s radius vector sweeps out equal areas of the conic section during equal
time periods of its orbit.

An orbit can be fully specified by six parameters: three specifying the orbit’s conic
section on its orbital plane and three determining the orientation of the orbit. Figure 3
illustrates these parameters. Figure 3.A shows an elliptical orbit on the orbital plane.
This orbit is defined by the width of the orbit (semi-major axisa or perihelion distance
q), eccentricity (e), and the time when the object passes closest to the sun (timeof
periheliont0). Figure 3.B shows the orientation of the orbit relative to earth’s orbital
plane, which is defined by three angles of rotation (i, Ω, ω).

Despite this simple motion model, an asteroid’s movement across the sky may be
significantly more complex. The actual observation is a combination of the object’s
movement around the sun and the earth’s movement around the sun. Both of the or-
bits are more complicated than the simple two body problem presented above as they
are subjected to perturbations from other objects, such as Jupiter and the Earth’s own
moon.
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Figure 4: The Right Ascension/declination coordinates foran observation. The x and
y axis lie along the Earth’s equator and the z axis points along the Earth’s north pole.

One of the major difficulties in asteroid tracking and orbit determination arises from
the fact that we only observe a subset of the object’s position information. As shown
in Figure 4, the position of the asteroid relative to the earth at any given point of time
can be defined by three spherical coordinates: Right Ascension α, declinationδ, and
distancer. Telescope observations only provide the two angular coordinates(α,δ) and
we donot see the distancer. For this reason our initial work focuses on tracking in
2-dimensional observation space.

3.2 Asteroid Linkage Requirements

The key requirement of an asteroid linkage algorithm is to collect a sufficient set of
observations that can be used to estimate an orbit. In this respect, the problem of as-
teroid linkage corresponds largely to the problem of track initiation. At the minimum,
we need twofull observations(α,δ, r) to determine a tentative orbit[5, 15]. Unfortu-
nately, in most cases we do not have the distance to an object and must fit the orbit
with only the angular coordinates. In this case, we need at least three observations[5,
15].

For brevity of this proposal, I do not describe orbit fitting algorithms, but rather
mention several important trends. First, we need multiple observations in order to fit
an orbit. Second, in order to accurately estimate an orbit, these observations need to be
“reasonably” well spaced in time[14]. The necessary spacing in time depends on such
factors as the curvature of the orbit and the accuracy of the observations, but we would
like to develop algorithms with the capability to link observations over at least a few
weeks. For example, Marsden[13] states that making additional observations “such
that the total arc is less than five days or so” is “invariably awaste of time”. Both of
these requirements correspond to the need for accurate asteroid linkage algorithms.
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3.3 Previous Approaches

Currently the most common approach to finding new asteroids is to look for sets of
observations with a roughly linear movement over a short time span[10, 14]. Sev-
eral closely spaced observations are taken each night and used to estimate the object’s
linear movement across the sky[13, 14]. These closely spaced observations can be
accurately linked together by their immediate proximity into anattributablecontaining
an estimated position and angular velocity[14]. The linear parameters are then used to
project the asteroid to later nights where they are associated with other observations.
Finally, the proposed sets of observations are tested by examining their proximity to the
best fitting orbit. The use of orbit fitting provides a tight and accurate pruning criteria
to reduce the number of false linkages.

To our knowledge this process has been restricted tolinear projections over short
time spans and doesnot use spatial structure in the data to reduce the computational
cost. This approach has several significant drawbacks. First, as the number of obser-
vations increases, the computational cost of finding candidate associations increases
proportionally. Second, the use of linear projections is a very rough approximation of
the true orbital motion and will only be valid over a very short time span. Finally, while
the orbit fitting provides a tight and accurate pruning criteria, it is only applied after
sets of observations have been found using linear approximation. Thus it is possible
that we may need to fit orbits tomany incorrect sets and that true linkages may be
falsely rejected by the linear approximation.

3.4 The Need for Better Linkage Algorithms

Above we presented several reasons why the asteroid linkageproblem is a computa-
tionally interesting one. Another equally important question is whether there actually
exists a need in the astronomy community for more efficient algorithms. Two potential
arguments can be ventured against this need. First, observations can only be collected
during the night, leaving significant time for processing and tracking during the day.
Further, there are periods when observing becomes undesirable or even impossible,
such as poor weather conditions and nights with a near-full moon. These time periods
could also be used to handle computational intensive algorithms. Second, the initial
linkage problem promises to getlesscomputationally intensive over time. As more
asteroids are found, their corresponding observations canbe identified in future images
and there will be fewer unknown observations.

The first argument neglects potential expansions and/or needs of the asteroid track-
ing problem. The use of multiple observatories (including space-based telescopes) may
effectively remove observation “downtimes.” Further, this argument neglects the pos-
sible need for “online” tracking. Many dim asteroids may only be visible for short
periods of time when they are brightest, such as when they areat opposition[13]. We
may wish to identify these new objects quickly in order to obtain additional observa-
tions before the objects are no longer visible. Finally, as we begin to track dimmer
objects, the combinatorics of the problems increase significantly. In fact, the number
of detections per image increases faster than exponentially as the signal to noise ra-
tio decreases[17]. Thus such gaps in time may no longer be enough for inefficient
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algorithms.
The second argument illustrates a fundamental goal of asteroid tracking, to find and

track all sufficiently large objects. While this goal limits the sustained usefulness of
algorithms that are specific for the discovery of new asteroids, it makes such algorithms
moreimportant in the short term. By finding and tracking the bright objects in the sky,
we can focus the search on pushing down into the noise to trackincreasingly dim
objects. As we shift the focus to dimmer objects, the need forefficient algorithms
becomes greater. Further, many of the algorithms and approaches we are developing
will be useful for future long term needs of the asteroid tracking problem. For example,
as the number of known objects increases, the need for efficient algorithms for such
tasks as attributing an observation to a known orbit and orbit matchingincrease. By
developing techniques that aid both the discovery and maintenance of asteroid tracks,
we can aid the tractability of asteroid tracking in both the short and long term.

4 Current and Completed Work: Initial Asteroid Link-
age Algorithm

Our first approach at an efficient asteroid linkage algorithmwas to bring in and use
methods from the general field of tracking to improve the accuracy and reduce the
computational cost for asteroid linkage. Specifically, we used a simplified version of
multiple hypothesis tracking with a more flexible quadraticmotion model and more
efficient data association via spatial data structures.

4.1 Simplified Multiple Hypothesis Tracking

We use a sequential tracking approach to detect possible linkages (for a good introduc-
tion to sequential tracking algorithms see[3] and references therein). Each attributable
(set of closely spaced and linked observations) is considered in turn as the start of a
new tentative track. This tentative track is then projectedto subsequent time steps and
associated with later observations to confirm the track and refined the estimated track
parameters.

In order to accommodate multiple possible track/observation associations at each
time step, we use a simplified version of multiple hypothesistracking. When a tentative
track matches multiple observations at a given time step, multiple hypotheses (tentative
tracks) are formed and the decision of which association is correct is delayed to a later
time step. This process is illustrated in Figure 5. The single point matches three other
points at the second time step. These points are used to create three hypothesized
tracks. This process continues to the third and fourth time step with “bad” hypotheses
being pruned away.

In order to reduce the number of candidate neighbors examined,gatingis used. As
shown in Figure 6, neighbors are first filtered by whether theyfall within a window
or gate around the track’s predicted position. This approach has also been used in
conjunction with kd-tree structures to quickly retrieve the candidate observations near
the predicted position of a track[21, 22].

9



T 1 T 2 T 3 T 4 T
X

T
X

T 1 T 2 T 3 T 4
(A) (B)

T
X

T 1 T 2 T 3 T 4 T
X

T 1 T 2 T 3 T 4
(C) (D)

Figure 5: A multi-hypothesis tracker starts from a tentative track (A) and sequentially
checks the later time steps. If multiple points fit a candidate track then several hypoth-
esis are created (B) and (C).

Figure 6: Gating can be used to ignore points that could not bepart of the current track.
The predicted position of the track is shown as an X and the points that fall within the
gate are shaded.

It is important to note that our algorithm does not do any combinatorial data asso-
ciation.All sets of observations that fit the quadratic motion model are returned so that
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they can be further filtered using orbit fitting. Because we donot use combinatorial
data association, the tracks returned will not necessarilybe disjoint. We do a limited
amount of filtering by removing some tracks with a high degreeof overlap. Specifi-
cally, we remove returned tracks that are subsets of other returned tracks and merge two
tracks if they are compatible and contain over 50% overlap. Compatibility is defined
as not containing conflicting observations (two different observations at the same time)
and a good fit to the resulting merged track.

4.2 The Use of Quadratic Tracks

In order to improve the accuracy of the tracking algorithm, we used a quadratic motion
model. An observation’s position inα andδ was modeled as two independent quadratic
functions of time. This model provided a better fit of an asteroid’s movement (over
the approximately 2 week time) and thus allowed us to more tightly prune sets of
observations.

Unfortunately, the initial paired observations only contain estimated position and
velocity information. Thus we used two different types of prediction. If the track con-
tained enough information to estimate a quadratic model, weused quadratic prediction.
Otherwise we used linear prediction.

4.3 The Use of Spatial Structure

In order to make the algorithm tractable on large sets of observations, we used kd-
trees to accelerate spatial data association[21, 22]. Specifically, we built one kd-tree
on the observations from each time step, which correspondedto a single image of the
night sky. These kd-trees were then used to accelerate spatial data association. The
estimated tracks were projected to the new time step and the predicted positions were
used as queries for a spatial range search. For each hypothesized track, we efficiently
found all nearby observations and used these to create new hypothesized tracks.

4.4 Results

To test the major components of the above approach, we applied the algorithm to sim-
ulated asteroid data with and without the various improvements. Specifically, we used
the simplified multiple hypothesis tracker both with and without a kd-tree and with
both linear and quadratic track approximations.

The data was generated from simulated orbits of approximately 1,000,000 main
belt asteroids by calculating the object’s position (RightAscension and declination) at
8 different times: twice a night on every fourth night. The two observations from the
same night were treated as given attributables. These observations were then filtered
to only those that appeared in a given 100 square-degree region. For the test we used
only the first 1

10th of the observations. In total we examined 20428 observations from
3320 different asteroids.

The performance of the algorithms was monitored by several different measures:

1. Running Time- The wall clock running time.

11
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Figure 7: The calculation of weighted number incorrect for three different results. The
ordered correct (+) and incorrect (-) tracks are shown with the corresponding scores
underneath. The triangles mark the 90% correct seen point and thus the final score.
This score accounts for both the number and position of the false positives.

2. Percent Correct(PC) - The percentage of returned tracks that exactly matched at
least one true underlying track. This score measured the false positive rate.

3. Percent Found(PF ) - The percentage of true underlying tracks that exactly matched
at least one of the returned tracks. This score measured the false negatives.

4. Weighted Number Incorrect(WI) - The weighted number ofincorrect tracks
(false positives) that have a better score then at least 10% of the true tracks. The
weight of each track is determined by the number of true tracks the incorrect
track’s score exceeds. This score was calculated by sortingthe returned tracks
according to their fit to the given model and traversing the list from best to worst.
At each step, the total score is incremented by the number of incorrect tracks
seen so far. The counting stops after 90% of the true tracks have been seen. This
calculation is illustrated in Figure 7. This score accountsfor both the number
and position of false positives.

It is important to note that we can often directly trade-off percentage correct and per-
centage found by varying the acceptance and pruning thresholds. In order to compen-
sate for this, we set the thresholds under all variations to produce roughly the same
percent found.

The results are shown in Table 1. Using the quadratic approximation allows signifi-
cantly tighter pruning bounds without increasing the number of false negatives. This in
turns leads to less false positives and reduces computation. The use of kd-trees allows
us to exploit the spatial structure and significantly reducecomputation. It is important
to note that the results are on data that is1

10th of the desired density. The loose bounds
for the linear approximation lead to a very large (and effectively intractable) explosion
of tentative tracks on data of the full density. However, using quadratic tracks with
kd-trees on the full density data allows us to find 96.97% of the asteroids in under 3
minutes. Thus the algorithm provides substantial improvements over previous brute
force linear approaches.
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Approximation kd-Trees? Time (sec) PF PC WI
Linear NO 93 0.9622 0.0206 832369763
Linear YES 6 0.9622 0.0206 832369763

Quadratic NO 59 0.9638 0.8867 55038
Quadratic YES 3 0.9638 0.8867 55038

Table 1: All of the performance measures (running time, percent found, percent correct,
and weighted number incorrect) show that the use of a tighterapproximation and spatial
data structures can significantly improve performance in asteroid linkage.

4.5 Discussion and Future Directions

The above approach is both simple and effective. However, there are several issues that
must still be addressed to provide a more efficient and robustsolution as we begin to
track increasingly faint objects with more realistic observation schedules.

1. The initial linear prediction step may not provide a tightenough criteria for prun-
ing “bad pairs” as the gap in time between viewings increasesor the density of
observations increases. This may lead to a combinatorial explosion in the num-
ber of bad initial pairings that must be considered.

2. The use of kd-trees at each time step is not well suited to realistic observation
schedules where we would expect to have only a small subset ofthe asteroids
observed at each time step.

3. The use of a quadratic approximation of track movement maynot be sufficient
to tightly and accurately prune out tentative tracks as the density of observations
or noise points increases.

4. The first few associations (i.e. the initiation stage) of the algorithm uses a rel-
atively weak pruning criteria that does not take into account information from
future time steps or real-world physical constraints. Again this may lead to a
combinatorial explosion in the number of bad initial pairings that must be con-
sidered.

These issues provide some of the main motivation behind the work described below
and the proposed research described in Section 7.

5 Current and Completed Work: Efficient Track Initi-
ation

The track initiation problem consists of taking sets of observations from different time
steps andlinking together those observations that fit a desired modelwithoutany initial
estimates of the track parameters. This problem, illustrated in Figure 8, is fundamental
to discovering new asteroids. Observing the same object at multiple times allows us to
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begin to track the object and even to determine whether an observation is an object at
all or is just noise. Further, in order to accurately determine an orbit of a new asteroid,
we must first find observations of this object over a sufficientrange of time.

T 1 T 2 T 3 T 4 T 5 T
X

Figure 8: A set of one dimensional observations linked together by linear tracks. The
white circles are the observations that correspond to the linear tracks (dashed lines).

Below I discuss previous approaches to this problem from thefield of target track-
ing and a new multiple tree algorithm for exhaustively finding all feasible sets of ob-
servations. For brevity of this proposal, I only provide a brief outline of our approach
to using multiple trees to accelerate exhaustive track initiation. Further details and
additional experiments can be found in[11].

5.1 Problem Definition

Formally the linkage problem can be phrased as a filtering problem. At each time step
k we observeNk points from both the underlying set of tracks and noise. Given a set of
observations atK distinct time steps, we want to return all tuples of observations such
that:

1. the tuple contains exactly one observation per time step,and

2. it is possible for a single track to exist that passes within given thresholds of each
observation.

Thus we wish to filter the∏K
k=1Nk possible tuples down to just those tuples that could

be feasible tracks.
The second condition specifies a constraint on the observations’ fit to the underlying

model. We say that a tuple of observations(xI1, · · · , xIK ) is valid only if there exists a
trackg such that each observation falls within some error bounds[ζL

,ζH ] of the track
in each dimension:

ζL[d] ≤ xIi [d]−g(tIi )[d] ≤ ζH [d] ∀d, i (3)

The thresholdsζL andζH provide lower and upper bounds on the fit. This definition
of feasibility is compatible with a range of statistical noise models. For example, we
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can define an arbitrary observation noise model for the points on a track and set the
thresholds in each dimension to be the 95% confidence interval for the noise in this
dimension. Figure 9 shows an example of this. Further, we canvary ζL andζH to ac-
count for systematic errors, time varying errors, and increased or decreased confidence
in a track’s estimate as new observations arrive.

O d H0O d L
Figure 9: An arbitrary probability distribution and the resulting bounds. The circle
denotes the observed location and the upper and lower bars indicate the acceptable
locations for the track.

Our feasibility criterion differs slightly from many traditional filtering algorithms.
Instead of asking about a new observation’s fit to the currenttrack estimate, we are
asking an existence question.Does there exist any set of parameters that will satisfy
the given observational noise bounds?Thus we do not need to worry about uncer-
tainty in the track parameters during a prediction step. Instead we are re-asking the
existence question for the entire new set of observations, the previous track plus the
new candidate observation.

In contrast to the flexibility for noise models, it should be noted that the above
criteria does not allow for a concept known asprocess noise. This means that we
assume the trackalwaysfollows the model. For example, a linear track model cannot
account for changes in velocity. However, for the task of track initiation we are only
dealing with short time ranges and thus with minimal processnoise.

5.2 Previous Approaches

There are a variety of different approaches to the problem oftrack initiation. Below I
briefly discuss some of the more common ones. These approaches differ from our own
in several important ways. First, we are asking a different type of query. Specifically,
we are asking forall sets of observations that could feasibly belong to a path. Second,
we provide an exact algorithm for answering this query.
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5.2.1 Sequential Tracking and Track Initiation

One common approach to track initiation is a sequential track initiation algorithm such
as the one described in Section 4.1. The unassociated pointsare treated as new tracks
and projected to the later time steps where they are associated with other points to
form longer tracks. As described in Section 4.1 we can use a simple form of multi-
ple hypothesis tracking to account for multiple possible track/observation associations.
Further, we can use gating in conjunction with kd-trees to efficiently find candidate
associations.

There are several potential disadvantages of this type of approach that arise from
the sequential nature of the search itself. It does not use evidence from later time steps
to aid early decisions. Many early good looking pairs may be easily pruned using a
lack of further points along the track. Further, this approach has the potential of being
thrown off by noise early in the track. Multiple hypothesis tracking attempts to mitigate
this problem by allowing multiple tentative tracks, but introduces another problem, the
possibility of a high branching factor causing a significantcomputational load.

It should be noted that sequential track initiation has the advantage that it can be ap-
plied to multiple tracks simultaneously. This gives this approach the ability to discount
observations that are “obviously” members of other tracks.

5.2.2 Parameter Space Methods

Another approach to track initiation is to define a space indexed by the track parame-
ters and to search for tracks in this new space. In the case of one-dimensional linear
tracks, this space would have two dimensions (slope and intercept). One such popular
algorithm is the Hough transform[8]. The idea behind these approaches is that for
many simple models, individual observations correspond tosimple regions or curves
in parameter space. For example, in the one-dimensional linear case an observation
(t,x) corresponds to the line:

c = (−b)t +x (4)

An example with a linear model is shown in Figure 10. The points are shown in Fig-
ure 10.A and their corresponding lines in parameter space inFigure 10.B. If a series
of observations lie along a line (x = bt + c), then their lines in parameter space will
intersect at a common point(b,c). The Hough transform looks for common points
of intersection by using grid-based counts of the number of lines that go through a
particular region of parameter space (Figure 10.C and 10.D).

There are several major downsides to the parameter space approach. First, main-
taining and querying the parameter space representation can be expensive in terms of
both computation and memory. There are many possible intersections to check and
storing occurrences in a grid structure may require significant amounts of space. Sec-
ond, the level of discretization of parameter space can drastically affect the accuracy
of the algorithm. If the grid is too tight then a small amount of noise can cause in-
tersections to spread out over several bins and be missed. Ifthe grid is too loose then
coincidental occurrences can accumulate and cause false alarms. Although the false
alarms can be filtered out in post-processing, this step further increases the computa-
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Figure 10: Under a linear model observations (A) correspondto lines in parameter
space (B). If several observations lie along a line, their lines in parameter space will
intersect at one place. Such clusters of intersections can be found by using grid based
counts (C and D).

tional cost. Finally, in the presence of noise observationsit may take many observations
along the track to produce an obvious high density region in parameter space.

5.3 Multiple Tree Algorithm

Our solution to the problem of track initiation is to buildmultiple kd-trees over ob-
servations and traverse them simultaneously. Specifically, we build one tree for each
time step that we wish to use. This approach allows us to not only look for pruning
opportunities at the next time step, but also to consider pruning opportunities resulting
from future time steps. Further, by considering multiple time steps together, we may
be able to reduce redundant computation that can arise from pruning for similar points
or initial tracks.

Figure 11 shows a one dimensional example of this approach. One tree is built
independently on each of theK time steps. The algorithm starts at the root of each tree
and begins a depth first search of combinations of tree nodes.At each level of the search
the algorithm picks one node and recursively searches its children (Figure 11.B). When
the search reaches a point where allK trees are at leaf nodes, the algorithm explicitly
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tests all combinations of the points at these nodes and returns those tuples of points that
fit the criteria for being potential tracks (Figure 11.C).

In the above form, the algorithm would search all combinations of the∑K
k=1Nk leaf

nodes, requiring O(∏K
k=1Nk) time. The benefit of using the tree-based algorithm is that

we can prune off a section of the search space if we can ever show that it is not possible
to fit a track through theK nodes. We call such sets of nodesinfeasible. Such a case is
shown in Figure 11.D. This pruning criteria allows us to possibly ignore large numbers
of the tuples that would have been tried under a brute force approach. We developed
an efficient approach to determining whether a set of nodes isinfeasible. A detailed
description of this approach can be found in[11].

It should be noted that the use of multiple trees has been explored for quickly
answering spatial queries[7]. However, this earlier work has so far been restricted to
simple spatial proximity queries on points. In contrast, weconsider the application of
multiple trees to a more complex spatial problem with an inherent temporal component.

5.4 Sample Results

5.4.1 Algorithms

In examining the performance of the multiple tree approach,we compared the range
of approaches from an adapted “sequential” approach to a full multiple tree approach.
Specifically, we use multiple tree algorithms, denoted MT-1through MT-K, with the
following descent rule:

MT-k : If at least one of the firstk trees is not at a leaf, descend the tree in
the firstk that owns the highest number of points. Otherwise descend the
earliest tree that is not already at a leaf.

This rule runs a multiple tree algorithm on the firstk trees and then confirms the poten-
tial tracks by sequentially examining the remainder of the tracks.

Whenk = 1, this algorithm mimics sequential track initiation. The algorithm de-
scends the first tree until it reaches a leaf node. It then searches the second tree for
points compatible with those in the first tree’s leaf node. The algorithm continues on
in this manner, searching subsequent trees, and thus subsequent time steps, looking for
points to confirm the tentative track. Pruning is only done inrelation to whether the
trees traversed so far allow a valid track. However, unlike many proposed sequential
track initiation algorithms, this rule does not try to fit a track to the first few points and
project this track ahead in time.

It is important to note that all versions of this descent rule(i.e. all values ofk) use
the same feasibility criteria. Thus all variations are exact algorithms and will return the
same set of tracks.

5.4.2 Astronomy Data

One of the data sets that we examined was chosen to provide a realistic example of the
asteroid linkage data. This allows us to ask whether we can accelerate the discovery
of linkages on tracks of the volume, density and distribution of real asteroids. The
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Figure 11: The multiple tree algorithm descends the trees ina depth first search (A
and B). If it reaches the leaf nodes, it explicitly tests the tracks (C). The search can be
pruned if it is not possible to fit a track through each of the nodes (D).

data consisted of simulated orbits for approximately 1,000,000 main belt asteroids and
1,800 near earth objects. These orbits were then approximated by a quadratic track over
a period of 16 nights and observations were generated from this track. Each observation
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T MT-1 MT-2 MT-3 MT-4

4 232.38 232.30 213.40 108.10
5 69.19 69.11 58.17 38.77
6 28.93 28.86 21.91 19.68

Table 2: The number of pruning tests (in millions) for the astronomy data with varying
numbers of observation and time step size.

consisted of two angular components, Right Ascension and declination, that gave the
object’s location in the sky. These observations we generated onT = 4, T = 5, and
T = 6 time steps equally spaced over the 16 nights. Finally, the observations were
filtered to include only those appearing in a single 1 square degree region of the sky on
at least one night, leaving a total of 1,768 different objects.

5.4.3 Results

Table 2 shows the results of this experiment and illustratesthe potential benefits of a
multiple tree approach. By using multiple trees we can significantly reduce the number
of pruning queries needed. The differences between performance of differentT is due
to both a varying number of observations and the different spacing between observa-
tions.

Table 2 also points to another important trend. At the first few time steps we may
have very little information, such as velocity or acceleration, about the track. Thus if
the time until the next observation is large our predicted position may be significantly
incorrect and we may have to checkmanyneighbors at the subsequent time step. This
problem is shown in Figure 12. The use of multiple trees mitigates this problem, by
confirming early pairs with information from later time steps.

d i s td i s t
³ T

Figure 12: Without using velocity we would have to try at least 6 neighbors at the next
time step to find the true next point along the track.
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5.4.4 Discussion

The multi-tree method provides a tractable approach to exhaustive track initiation. One
of the primary benefits of this new approach is that we can incorporate evidence from
later time steps to aid in the pruning decisions of earlier time steps. Empirically, this
algorithm performed very well on several simulated data sets, outperforming an exact
adaptation of conventional multiple hypothesis tracking.Further details and additional
experiments can be found in[11].

6 Current and Completed Work: Queries on Trajecto-
ries

Trajectory-based queries extend simple spatial queries tomoving objects, asking about
a track’s relation to points, regions, or other tracks. For example, we may wish to
determine which observations fall close to a given track or which tracks pass close to a
given observation. These types of problems are very important in asteroid tracking for
answering such queries as:

• whether a track should appear in a given viewing region,

• which tracks could have generated a given observation, and

• which observations (in other time steps) may have been generated by a given
track.

Below we consider several versions of this type of query and present several data
structures and algorithms to efficiently solve these problems. The queries are tied to-
gether by their relation to the general query of which region/trajectory pairs are “close”,
a similarity that allows us to develop algorithms that applyto all of the queries. Specif-
ically, we rephrase all trajectory queries as questions of plate/track intersection. For
brevity of this proposal, I only provide a brief outline of our algorithms to accelerate
this type of query. Further details and additional experiments can be found in[12].

6.1 Query Types

6.1.1 Occurrence Queries

The occurrence query asks which tracks intersect which plates. This type of query is
useful in determining whether a trackshouldhave an observation in a given region.
Formally the occurrence or intersection problem can be phrased as a filtering problem.
Given a set of plates and and a set of tracks, we want to return all of the plate/track
pairs,(W,g) such that:

W.l[d] ≤ g(t)[d]≤W.h[d] ∀d (5)

Thus we wish to filter theNT ·NP possible pairs down to just the few that meet the
above criteria.
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6.1.2 Attribution Queries

Theattributionquery searches for tracks that pass “close to” a given point.Effectively,
we are asking to which tracks we could possibly attribute a new observation. For
this reason, the attribution query is very important in tracking and asteroid linkage for
quickly associating new observations with known targets.

Formally, the attribution query can be specified as: given anobservationxi return
all tracksg(t) such that:

|g(ti)[d]−xi[d]| ≤ ζ[d] ∀d (6)

This query is a specification of the occurrence query. We can convert this query into an
equivalent occurrence query by treating the observation asa small plateW:

W.t = ti
W.l[d] = xi[d]− ζ[d] ∀d
W.h[d] = xi[d]+ ζ[d] ∀d

(7)

Other distance measures can be used by adding a post-processing step. For any distance
measure we can first approximate its threshold with a rectangle and then further filter
the returned tracks using the true distance.

6.1.3 Precovery Query

The precovery query is the complement to the attribution query. Given a new trackg
we wish to determine which points lie within some thresholdζ of this track. Formally,
the precovery query can be specified as: given a trackg(t) return all observationsx
such that:

|g(t)[d]−x[d]| ≤ ζ[d] ∀d (8)

This question is important for such tasks as finding previoussightings of newly discov-
ered asteroids. As with the attribution query, we can answerthe precovery question by
treating the observations as small plates and solving the occurrence query.

6.2 Previous Approaches

Previous approaches to accelerating queries of this type have been proposed in the
fields of computer graphics, computer vision, moving objectdatabases, and target
tracking. Below I discuss the two predominant approaches: building tree-structures
on the spatial regions and building tree structures on the tracks. In Section 6.3 I discuss
adaptations of these approaches to the above queries in arbitrary domains.

The use of tree-based data structures on points or regions ofspace is a common
approach to accelerate these types of spatial queries. In the problem of ray-tracing,
placing objects in tree structures is a common and successful approach[6, 23]. In the
field of tracking, tree structures are used to accelerate spatial queries for data associa-
tion [22]. Here though, the data structures are built on the observations or predicted
track positionsat each time step. While this can be used to speed up data association
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queries at a given time step, it is not applicable to our queries of interest. First, we are
interested in cases where each time step may contain at most one observation. Thus
building a tree on the plates or observations will not provide any benefit. Second, we
are interested in plate or observation based queries, wherewe have many tracks but
only a single plate.

The approach of building data structures on tracks has also been considered in a va-
riety of domains. Arvo and Kirk proposedray classification, a technique to accelerate
computer ray tracing[1]. Rays are represented as points in 5-dimensional parameter
space and partitioned into different groups. A similar technique has been presented in
databases to answer queries about moving objects[9, 19, 16]. Again, the linear tracks
are effectively treated as points in parameter space for theconstruction of a tree struc-
ture. By bounding the parameters, it is possible to create time parameterized bounds
for the node in observation space. While this work has been restricted to linear models,
it is important to note that the resulting trees are valid, but not optimal, forall time.
We tested a similar method, extended to more complex track models, to provide com-
parison with the more efficient ball-tree based data structure. Finally, Pfoseret. al.
presented two tree models for querying piecewise linear tracks[18]. These structures
exploited the fact that 2-dimensional tracks could be broken into line segments and
treated as a set of 3-dimensional objects.

6.3 Adaptations and New Algorithms

6.3.1 Brute Force Computation

Perhaps the simplest way to find all plate/track intersections is to exhaustively check
each one. A brute force method runs a double loop through the data, comparing each
plate with each track. This method is costly, requiring O(NP ·NT ) intersection tests. We
implemented this algorithm for comparison purposes and denote it E in the following
experiments.

6.3.2 KD-tree of Plates

One simple approach to speeding up spatial queries is to place the data in a spatial
data structure such as a kd-tree. As described in Section 6.2this type of approach
has been used to accelerate ray tracing and spatial data association. In order to apply
this approach to the above queries, we adapted it to work withnonlinear tracks in an
arbitrary number of dimensions. Further because no two plates may occur at the same
time, we may not gain any benefit from constructing a single tree at each time step.
Instead we construct asingle treeD + 1 dimensional tree, called aplate tree, on all
plates by incorporating time as a dimension.

Our search for intersection then follows the same approach as a range search in a
kd-tree. Given a query trackg(t) we traverse the tree in a depth first search. If we hit
a leaf node, we explicitly search the plates at this leaf for intersection using the criteria
in Equation 5. Finally, we can prune the search if we ever find that the track cannot
hit anyplate contained within the bounds of the node. We can determine whether this
criteria is met by taking the bounding box for the plate tree node (including time) and
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asking whether the track intersects this box. If it does not,then we can safely prune the
search.

We implemented the above adaption. This algorithm is denoted TP in the following
experiments.

6.3.3 KD-tree of Tracks

A natural complement to constructing a kd-tree on the platesis to construct one on the
tracks. In many cases this approach might be a desirable alternative. For example, if
we had a set of tracks and we wished to attribute asinglenew plate or observation to a
track, we cannot achieve any acceleration using a plate tree.

One approach is to build a tree on the tracks by treating them as points in param-
eter space. For example, we can represent aD-dimensional quadratic track as 3D-
dimensional vector by concatenatinga, b, andc into a single vector. This approach has
been proposed asray classificationto speed up ray tracing in computer graphics[1].
Here we adapt previous approaches by building a tree-structure on the resulting points.
An example split is shown in Figure 13.X
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Figure 13: A set of linear tracks (A) is split using a dividinghyper-plane in parameter
space (B). The resulting partition is shown in (C) and (D).

As with the plate tree, we store the bounding box for each node. However, this
bounding box is on the parameters of the tracks. Therefore weare effectively storing
the minimum and maximum parameters for each track owned by this node. We can use
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these to calculate the bounds on where a track can be at a giventime. For example, in
the quadratic case:

gMIN(t)[d] = aMIN [d] · t2+bMIN [d] · t +cMIN [d]
gMAX(t)[d] = aMAX[d] · t2+bMAX[d] · t +cMAX[d]

(9)

Our search for intersection then follows the same approach as for the plate tree.
We do a depth first search of the tree using the bounding box of the node to look for
pruning opportunities. Upon hitting a leaf we explicitly check the tracks contained at
that leaf.

We call this data structure a track-based kd-tree and denoteit TK in the results. It is
important to note that the implementation of this approach is provided for comparison.

6.3.4 Ball-tree of Tracks

An alternative approach to dividing the tracks by their parameters is to partition the
tracks based on their “proximity” to other tracks in the set over the time of interest.
The hope is that this partitioning will allow better splits to the data that both “splits”
multiple parameters and takes into consideration the entire scope of time. We introduce
one such tree, which is similar to a ball-tree or metric tree[4, 20]. We refer to this data
structure as a track-based ball-tree and denote itTB in the results.

The key idea behind the track-based ball-tree is a tight coupling between the pair-
wise fit between tracks and tree construction. Both the bounds for the nodes and the
splits of the nodes during construction are determined by this distance measure. Specif-
ically, the bounds of a node are defined with reference to a central anchor track,ga,
and a node radiusr . The anchor track serves to indicate one possible predictedposition
of tracks in the node at a given time and the radius indicates the maximum offset from
this prediction in each dimension. The radius is defined suchthat:

∣

∣

∣

∣

ga(t)[d]−g(t)[d]

∣

∣

∣

∣

≤ r [d] ∀ts ≤ t ≤ te ∀g∈ node ∀d (10)

wherets andte indicate the time interval of interest. Thusr [d] is the furthest distance
from the anchor in dimensiond of any track owned by the node at any time in the range
of interest. An illustration of these bounds is shown in Figure 14.

Again, the search for intersection follows the same approach. The major difference
is in how we do the pruning query. A track in the node can hit a plateW if and only if
the anchor track intersects a similar plateW′ where:

W′.h[d] = W.h[d]+ r [d]
W′

.l[d] = W.l[d]− r [d]
(11)

Checking for intersection between the anchor track and extended plate is the same
as checking for intersection between the original plate andregion within r from the
anchor’s position at that time.
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Figure 14: The track-based ball-tree nodes are defined in reference to an anchor track
and radius. This radius indicates the maximum distance fromthe anchor track in each
dimension.

6.3.5 Combining Trees

Since the above algorithms only build a structure on one component of the data, it is
possible that a significant amount of work will be repeated over similar queries from the
other portion of the data. This suggests a combined method that uses both a plate-based
tree and a track-based tree.

We created a novel dual tree algorithm that uses both a plate tree and a track-based
ball-tree. The idea behind that algorithm is that it does a depth first search of both
trees at the same time. Formally, the search consists of two tree nodes (one from each
tree) and at each level it recursively descends one of these trees. The “wider” tree is
descended, moving the search down the tree with the least pruning power. If the search
ever reaches leaf nodes in both trees it explicitly tries thetrack/plate intersections for
those trees.

The true advantage of this search is that we can prune a subtree in the plate tree
for all tracks in the subtree of the track-based tree. For data sets with many tracks
and plates, this may provide a substantial advantage over only pruning subtrees of one
component using individual members of the other component.We can safely prune if
and only if we ever discover that it is not possible forany track owned by the current
track node to hitany plate owned by the current plate node. This condition can be
checked by asking whether the anchor track comes within its radius of the plate node’s
bounding box. This pruning query is illustrated in Figure 15.

This dual tree method is denotedTPB in the results.

6.4 Sample Results

Again we tested the algorithms using a data set that provideda realistic example of the
asteroid data. The data consisted of simulated orbits for one million main belt asteroids
and 1,769 near earth objects. These orbits were used to generate 8 observations with
two observations per night on every fourth night. We then approximated the orbits as
quadratic tracks and searched for all pairs that could be a valid attribution. We defined
a valid attribution as any track/observation pair that fellwithin 0.001 in declination and
0.015 in Right Ascension of each other. These thresholds were chosen because they
found at least 99.9% of the true attributions and at most 25% of the returned pairs were
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Figure 15: Pruning in the dual tree algorithm checks whetherthe track-based ball-tree’s
anchor track is within the radius of the plate tree’s bounding box. Plate tree node A
would be pruned while plate tree node B would not.

Size NT NX E TP TK TB TPB

1 1768 8504 15.04 0.19 1.71 1.16 0.16
4 4395 28284 124.31 0.64 7.08 5.04 0.55
9 8731 57855 505.13 1.41 17.08 11.77 1.17

25 23066 160300 3697.48 4.23 43.28 38.21 3.31
100 66222 470477 31155.93 13.58 148.41 135.80 10.10

Table 3: Number of pruning queries (in millions) required toanswer attribution queries
for various sized regions (in square degrees).

incorrect. Finally, we varied the size of the region of sky under consideration from 1
square degree to 100 square degrees. Only observations and tracks that fell within this
region were considered.

Table 3 shows the results of this experiment in terms of the average number of
pruning queries. As we increased the size of the region, we included more tracks and
observations and increased the size of the problem. All of the tree-based algorithms
perform well, scaling significantly better than the exhaustive search. The high ratio of
plates to tracks was an advantage for the plate tree algorithm. However, the consistent
winner was the dual tree algorithm. It should be noted that while the number of pruning
queries was chosen to provide a standardized measure that isindependent of code op-
timizations such as data ordering and cache friendliness, the wall-clock running times
of the algorithms also indicated approximately the same relative performance.

It should be noted that while the track-based tree algorithms did not perform as
well as the plate tree algorithm, the track-based tree algorithms may often be the better
choice in real-world applications. First, it may not be possible to restrict the tracks
to the small set that correspond to the region of interest ahead of time. Therefore we
may have significantly more tracks. Second, attribution queries may not always have
all of the observation data up-front. If observations are coming in one at a time, then
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it is better to use a track based algorithm. However, if the observations are coming in
batches then a dual-tree algorithm is the best choice.

7 Research Plan and Future Work

7.1 Contributions

The primary contribution of this thesis will be the development of new approaches and
algorithms for tractable tracking on domains with many targets and sparse or uncertain
observation schedules. This work will differ from previousapproaches primarily in
scalability and robustness to sporadic observation schedules.

This work will focus on the following aspects of the trackingproblem:

• Initiation - Efficiently and robustly identifying new candidate tracksfrom sin-
gleton observations and attributables.

• Spatial Data Association- Efficiently identifying potential track/observation as-
sociations using a combination of the known track information, any known model
or noise information, and the spatial positions of the observations.

• Prediction- Efficiently predict a track’s future position given the current infor-
mation about the track.

• Precoveries, Occurrences, and Attributions- Efficiently answering “track-based”
queries of whether a region of space is “close” to the trajectory of moving object.

Specifically, I will address the following research questions:

• How can we further use spatial structure within the data to reduce the com-
putational cost?As shown above, the use of kd-trees can provide significant
accelerations to the problem of spatial data association. It is likely that we can
push the use of spatial data structures further for even moreefficient algorithms.

• Can we use (multiple) tree data structures to remove unnecessary or redundant
computation in the above queries?As shown in Section 5 and in[7], the use of
multiple spatial data structures can improve performance by removing redundant
computation that may result from processing similar queries. It is possible that
this approach can be applied to other aspects of tracking andasteroid linkage to
improve efficiency.

• How can we remove assumptions about data arriving at fixed time steps to im-
prove accuracy and reduce computation?Many tracking algorithms make the
simplifying assumption that data arrives at discrete time steps. In domains such
as asteroid tracking we get small sets of observations spanning a range of times.
It may be possible to exploit the (semi-)continuous nature of this data to improve
accuracy andreducecomputational cost.

• How can we combine queries/operations so as to exploit additional structure
within the data and reduce computational cost?
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• How can we incorporate the physical constraints to further improve accuracy
and efficiency?Kepler’s laws provide a significant amount of structure thatis
not currently being exploited. By incorporating this structure we may be able to
increase the amount of pruning while reducing the number of true tracks that are
incorrectly pruned.

• How can we incorporate non-sequential tracking methods to survive high levels
of temporal sparsity?As the gaps between observation times increase, using
sequential track initiation methods may become infeasible. More observations at
the next time step will conform with potential velocity constraints and systematic
errors from the approximate track models may become more significant. It may
be possible to combine sequential tracking methods and non-sequential tracking
methods, such as the Hough Transform[8], to reduce the computational cost of
some queries.

These questions will provide potential techniques for making the queries tractable on
large scale domains.

The algorithms are being developed with the goal of providing usable real-world
software for our collaborators in the field of asteroid tracking. Thus a significant col-
laborative effort will be made to ensure that the software meets their requirements
and provides tractable methods for asteroid linkages. Thismeans that the algorith-
mic contributions of this thesis must be both applicable anddeployable and will have
immediate real-world applications.

7.2 Timeline

Below is my proposed timeline.

Spring 2005

• Investigate continuous time adaptation of sequential tracking algorithms. Specif-
ically, examine the use of spatial data structures to preserve or extend current
benefits resulting from the use of spatial structures at eachtime step while pre-
serving the (semi-)continuous nature of the data.

• Investigate how widely spaced in time observations can be while retaining a high
level of linkage performance.

Summer 2005

• Investigate “high noise density” track initiation (> 90% of observations are noise).
Evaluate current algorithms and (if necessary) develop newapproaches.

• Investigate the use of orbital information within the tracking and linkage algo-
rithms.

• Investigate the possibility of performing the asteroid tracking in true 3-dimensional
space instead of 2-dimensional observation space.

Fall 2005
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• Investigate faint object track initiation. This means pushing down into the noise
and finding increasingly faint objects.

Spring 2006

• Publish final version of tracking software for the astrophysicists.

• Finish written thesis and defend.
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