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Abstract

Detecting and tracking asteroids from observational daamimportant, but extremely
computationally expensive, task. The goal is to link togettbservations from differ-
ent time steps into sets of observations that corresponidet@dme asteroid. These
linkages can then be used to determine the orbits for newoédse attribute the ob-
servations to previously known asteroids, and assess tteatp risk posed by the
object.

What sets this domain apart from previous large-scale plaltarget tracking prob-
lems is the sheer scale of the problem and the sparse nattire observation sched-
ule. New sky surveys allow us to observe increasing fainéadisj providing millions
of true and noise observations in the process. Furtherciitmte of a given object
may be sparse, sporadic, and widely spaced. Each individiaing will only cover
a small fraction of the sky and there may be a significant gaipie before that area is
observed again.

This work deals with the computational issues inherentrgdascale target track-
ing and the development of techniques and algorithms thggaié or eliminate these
issues. | examine two fundamental issues to tracking in sker@id domain: tracking
with a large number of both true and noise observations a#titrg under a sparse ob-
servation schedule. | propose new data structures, digusitand general approaches
to efficiently and accurately deal with these issues.
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1 Introduction

Asteroid detection and tracking provides a tracking probt# unprecedented scale.
Ideally we would like to identify and track all asteroids tlaae large enough to pene-
trate the earth’s atmosphere and and cause significant @aupag impact. This would
then allow us to accurately determine their orbits so thatareassess their risk. New
astronomical surveys, designed specifically for this psepavill provide a wealth of
observational data to this end. Further, the use of new ewgripand digital processing
provide the opportunity to track increasingly faint obgectVvhile this increase in data
provides a boon to the task of asteroid detection, it vastlydases the complexity and
scale of the problem.

This work deals with the computational issues inherentrgeascale target track-
ing and the development of techniques and algorithms thiggaté or eliminate these
issues. The computational issues, which are discussedaii ikeSection 2, include a
variety of spatial and data association queries. Figuréustihtes one representative
problem, track initiation. Observations from all of the &rsteps are shown on a single
image with observations from different time steps represias different shapes. The
goal is to take the raw data (Figure 1.A) and find sets of oladiens that follow the
desired linear motion model (Figure 1.B). The types of diffies illustrated, such as
sheer combinatorics of an exhaustive search, are typicalofy of the tasks we will
be examining.

While many of the queries and algorithms | will discuss arpantant in a range
of fields, such as target tracking, computer vision, and agemgraphics, our primary
motivating example is the asteroid linkage and trackingofmm. Here we wish to
tractably identify moving objects and either attributerthe a known asteroid or link
them with other observations in order to determine tergatibits.

There are two primary factors that set asteroid trackingtasaan interesting and
computationally challenging domain. The first, and perhapst significant, is the
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Figure 1: The linkage problem is to find one point at each titap such that the points
fit the model for a candidate track. Points from each of the diffierent time steps
are shown as different shapes (squareircle — triangle— diamond— plus). Two
linear linkages are shown (B) and a third is left as an exeffcisthe reader.



sheer scale of the problem. New sky surveys give the potdotisack hundreds of
thousands of objects. Further, the astronomy domain hasrfgie property that
we can push down into the noise to track increasingly faifeab by decreasing the
brightness threshold required to consider a detection.ddew as we examine fainter
detections we increase the number of true objects and are susceptible to false
detections arising from noise. In fact, the number of d&estper image increases
faster than exponentially as the signal to noise ratio dse#17]. The second factor
is the observational schedule. Even under ideal condigach region of the sky will
be observed only relatively infrequently. Detections ofigeg object may be sparse,
sporadic, and widely spaced. Each individual viewing willyocover a small fraction
of the sky, leaving the majority of the objects unobserveaigiven time step. Thus we
must to piece together these sparse pieces of evidenceaoigkie true tracks. Finally,
additional complications, such as the fact we only obserughset of an asteroid’s po-
sition information, further increase the complexity of thsk.

The rest of the document is organized as follows. In Sectibpdvide a brief
overview of the computational problems that arise and m@tivhich aspects | will be
investigating. In Section 3 | provide a brief overview of gpecific domain of interest,
asteroid tracking. Then | introduce several pieces of curmed completed work. In
Section 4, | discuss the first version of the asteroid linkalgerithm. In Section 5 | dis-
cuss the novel use of multiple trees to accelerate tradkficih and asteroid linkages.
In Section 6 | will discuss the use of spatial data structtwesccelerate occurrence,
attribution, and precovery queries. Finally, in Section @utline the contributions |
plan to make in this thesis and provide a timeline.

2 Problem Overview

At its core, the tracking problem is the determination of ethbbservations were gen-
erated by the same object and the estimation of this objanterlying state or tra-

jectory. In the case of asteroid tracking we are specifidaligrested in determining

which observations in the night sky correspond to the saneeaid and estimating that
asteroid’s orbit. To this end we are interested in such groklas:

e Linking together observations that fit an underlying movement medeis to
find and initiate new tracks. This process is also cditadk initiation.

¢ Predictingwhere a potential track will be at a future time so that we megreh
for supporting observations.

e Associatingestimated tracks with new observations.

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

e Precoveringand/orattributing old observations to new track estimates. Once we
have a tentative track/orbit we can go back and find obsemnatiorresponding
to this track in previous time steps or even other databases.
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Figure 2: The flow of steps for basic sequential target tragki

Below | discuss these aspects in more detail, outlining Wwhbites | will cover in this
thesis.

These aspects correspond to components of the generaplaudirget tracking
problem. A common approach to target tracking is to treafpttodlem sequentially,
applying these aspects repeatedly at each time step. Rigillustrates this process.
In the first step, the current information about the targetssied to predict them ahead
to the subsequent time step. The predicted positions areubed to associate the
tracks with new observations. In the final step, the assocdiatare used to refine
the information about each target. Track initiation may Beduto start this process
by finding initial tracks and estimating their parametersr & good introduction to
general target tracking s¢2] or [3].

2.1 Computational Challenges and Contributions
2.1.1 Initiation

The track initiation or linkage problem consists of takirgjssof observations from
different time steps antinking together those observations that fit a desired model
withoutinitial track estimates. Thus the goal is to find and estincatedidate tracks
from the raw observation data. This problem is the core oatiteroid linkage problem;
we want to find candidate associations given sparse and sefisyf observations.

In this thesis, the problem of track initiation will be tharpary area of investiga-
tion. Specifically, | will be looking at cases were the datamantain a high number of
both true objects and noise observations, but is tempesalyse, containing relatively
few observations of the same region spaced over a wide rdrigpeeo This problem is
especially difficult because the high number of pointsatiifigives rise to many short,
spurious, candidate tracks and the temporal sparsity nteana significant time win-
dow may be necessary to fully confirm a new track.



2.1.2 Prediction

The prediction problem consists of estimating the futursitgns of current tracks.
Given a full estimated track model, this step consists opgmevaluating that model
at the new time. Although prediction may not be the most gastp, it is a vital com-
ponent of a tracking system. Itis also very closely relatatié spatial data association
step.

In this thesis | will be examining the possibility of usingagial data structures to
improve the performance of the prediction step. More imgaiy | will be examining
algorithms that attempt to combine the spatial structurthénprediction and data as-
sociation steps to improve performance and reduce conpuightost. Further, by the
nature of the asteroid linkage problem, | will be considgiiases where a track must
be predicted to a later time stggthouta full estimate of its parameters.

2.1.3 Data Association

The data association problem consists of determining wihéatks correspond to which
observations. Data association can be broken into two atpstepsspatialandcom-
binatorial data association. In the first step, all of the potential gissions are identi-
fied. This problem is usually equivalent to finding obsemmagithat are “close” to the
predicted track position given the model’s error inforrati This step provides a list
of potential track/observation pairings and may includdtiple pairings containing
the same track or the same observation. In the second st=e, plotential associations
are resolved by assigning the observations to tracks.

In this thesis | will be considering the spatial problem afctiably identifying po-
tential associations. However, | will not be considering groblem of combinatorial
data association. There are many different approachesifotater problem cover-
ing a wide range in accuracy and computational cost. | plamstoa subset of these
established approaches.

2.1.4 Evidence Incorporation and Maintenance

The evidence incorporation and maintenance steps proyidated estimates of the
current set of tracks. The evidence incorporation steptegdhe estimate of each track
using the new information provided by its associated otzem. The maintenance
step updates the set of tracks by confirming new tracks amidrmywut dead tracks.

There exists many well established and tested techniquésfh componentks],
such as Kalman Filters, particle filters, and multiple hyyesis tracking. In this thesis, |
do not plan to investigate new approaches for evidenceiacation and maintenance.
Instead | plan to use established approaches.

2.1.5 Trajectory-Based Spatial Queries

Trajectory-based spatial queries deal with the questiowhadther a region of space
is “close” to the trajectory of a given moving object. For Bygde, we may wish to
determine which past observations are near a newly disedwesick. These queries
are described in more detail in Section 6. While these gsegenot fall into the basic



tracking description, they are vital for the asteroid ligkgroblem. We want to be able
to find past observations of a newly discovered object in mi@eonfirm its existence
and refine its orbit.

In this thesis | will be examining trajectory-based spadjaéries. Specifically, |
will be examining the use of spatial data structures to &ratt these queries on large
sets of both tracks and observations. Further, | plan tostiyate the use of these
gueries within a tracking algorithm for such tasks as caliing support for a track to
facilitate early pruning.

2.2 Notation

Tracks. At the heart of the problem we are interested in estimatiagkis correspond-
ing to both the association of a set of observations andalesctory of a true underlying
target. We allow a general definition of a track as any fumctibthe independent vari-
able through th® dimensional space. We denote iktetrack asgi(t) and useNt to
denote the number of tracks. Our discussion below focusesgly on two types of
tracks: linear and quadratic. The quadratic track is simagjyadratic function of time:

gt)=a-t?’+b-t+c (1)
and can be used to describe physical motions of objects gauerconstant accelera-
tion. The linear track is a linear function of time:

gt)=b-t+c (2
and can be used to describe the physical motion of objeetsling at a constant veloc-
ity. In addition, the linear model can be used for such qeexgefinding lines or edges
described by the observations. While much of our discusanohtechniques presented
below will also apply to other track models, we restrict thigcdssion to the linear and
guadratic models to keep the discussion simple and consiste

Observations.The observations take the formBfdimensional points. We denote
theith observation ag; and indicate the time of observationtasNe useNy to denote
the number of observations.

Plates.In many queries we consider entire viewing regions of olztéms, called
plates Below we consider rectangular plates where each platontains: the time
of observatiort, a vector indicating the upper bounds of the platand a vector indi-
cating the lower bounds of the pldteWhile we restrict our discussion to rectangular
plates for simplicity, many of the approaches will apply tatps of other shapes. We
useNp to denote the number of plates.

Linkage. A linkage is a set observations. We are interested in findaligl Vink-
ages: sets of observations that correspond to our giveibfiggscriteria for being a
valid track.

3 The Asteroid Domain

As described in the introduction, the scale and sparsitybstovations make asteroid
tracking a computationally interesting problem. Below byide a brief overview of
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Figure 3: An orbit is uniquely defined by six parameters: ¢hige,tp) describe the
orbit on a plane (A) and threg Q, w) describe the orientation of the orbit (B).

the asteroid tracking domain, including: a simple modelstésoid motion and orbits,
the requirements of a linkage system, and previous appeséactthe asteroid linkage
problem. The information in Sections 3.1 is drawn largetyrif5] and[15]. Finally, |
conclude by examining why increasingly robust and efficagbrithms are necessary
in this domain.

3.1 Brief Overview of Asteroid Orbits

At first glance, the motion of an asteroid appears to follovesy\ssimple model. For
the most part the motion of an asteroid is dominated by israution with the sun.
In this simple two body system, an asteroid orbits the supraiicg to Kepler's laws.
Primarily, the orbit is confined to a single plane and traagéisaoconic section on this
plane. Further, this motion is constrained by the law of égu@as, which states that
the asteroid’s radius vector sweeps out equal areas of thie section during equal
time periods of its orbit.

An orbit can be fully specified by six parameters: three dgaw the orbit’s conic
section on its orbital plane and three determining the taitton of the orbit. Figure 3
illustrates these parameters. Figure 3.A shows an ebiptitbit on the orbital plane.
This orbit is defined by the width of the orbit (semi-majorsaior perihelion distance
), eccentricity €), and the time when the object passes closest to the sun ¢fime
periheliontg). Figure 3.B shows the orientation of the orbit relative #mtk’s orbital
plane, which is defined by three angles of rotatiQif) ).

Despite this simple motion model, an asteroid’s movemerdsacthe sky may be
significantly more complex. The actual observation is a doatibn of the object’s
movement around the sun and the earth’s movement arounditheBoth of the or-
bits are more complicated than the simple two body problezsgmted above as they
are subjected to perturbations from other objects, suchgited and the Earth’s own
moon.



Figure 4: The Right Ascension/declination coordinatesafoobservation. The x and
y axis lie along the Earth’s equator and the z axis pointsgatba Earth’s north pole.

One of the major difficulties in asteroid tracking and orlatetrmination arises from
the fact that we only observe a subset of the object’s posititormation. As shown
in Figure 4, the position of the asteroid relative to the leattany given point of time
can be defined by three spherical coordinates: Right Asgeusideclinationd, and
distancer. Telescope observations only provide the two angular doates(a, d) and
we donot see the distance 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 tllecba sufficient set of
observations that can be used to estimate an orbit. In thpeot, the problem of as-
teroid linkage corresponds largely to the problem of traxation. At the minimum,
we need twdull observationga, d,r) to determine a tentative orls, 159. Unfortu-
nately, in most cases we do not have the distance to an oljdamnast fit the orbit
with only the angular coordinates. In this case, we needaat lfaree observatiors,
15].

For brevity of this proposal, | do not describe orbit fittinig@rithms, but rather
mention several important trends. First, we need multipiseovations in order to fit
an orbit. Second, in order to accurately estimate an oHgte observations need to be
“reasonably” well spaced in timid4]. The necessary spacing in time depends on such
factors as the curvature of the orbit and the accuracy ofltiservations, but we would
like to develop algorithms with the capability to link obgations over at least a few
weeks. For example, Marsdé¢h3] states that making additional observations “such
that the total arc is less than five days or so” is “invariablyaste of time”. Both of
these requirements correspond to the need for accurateiddirkage algorithms.



3.3 Previous Approaches

Currently the most common approach to finding new asteraids look for sets of
observations with a roughly linear movement over a shoretspan[10, 14. Sev-
eral closely spaced observations are taken each night @ddagstimate the object’s
linear movement across the ski3, 14. These closely spaced observations can be
accurately linked together by theirimmediate proximitianattributablecontaining

an estimated position and angular velo¢itd]. The linear parameters are then used to
project the asteroid to later nights where they are assatiatth other observations.
Finally, the proposed sets of observations are tested byiakag their proximity to the
best fitting orbit. The use of orbit fitting provides a tightdaaccurate pruning criteria
to reduce the number of false linkages.

To our knowledge this process has been restrictduhéar projections over short
time spans and doe®t use spatial structure in the data to reduce the computationa
cost. This approach has several significant drawbackst, Bsgthe number of obser-
vations increases, the computational cost of finding caatdidssociations increases
proportionally. Second, the use of linear projections i®g/vough approximation of
the true orbital motion and will only be valid over a very sttane span. Finally, while
the orbit fitting provides a tight and accurate pruning cidteit is only applied after
sets of observations have been found using linear apprdximarhus it is possible
that we may need to fit orbits tmanyincorrect 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 linkaipgem is a computa-
tionally interesting one. Another equally important qimsts whether there actually
exists a need in the astronomy community for more efficigga@hms. Two potential
arguments can be ventured against this need. First, oltisgrs@an only be collected
during the night, leaving significant time for processingl aracking during the day.
Further, there are periods when observing becomes unbiesia even impossible,
such as poor weather conditions and nights with a near-fodrm These time periods
could also be used to handle computational intensive dlgos. Second, the initial
linkage problem promises to gktsscomputationally intensive over time. As more
asteroids are found, their corresponding observationbedagentified in future images
and there will be fewer unknown observations.

The first argument neglects potential expansions and/asa&fdhe asteroid track-
ing problem. The use of multiple observatories (includipgce-based telescopes) may
effectively remove observation “downtimes.” Furthersthrgument neglects the pos-
sible need for “online” tracking. Many dim asteroids mayyobk visible for short
periods of time when they are brightest, such as when thegtayppositior{ 13]. We
may wish to identify these new objects quickly in order toadbtadditional observa-
tions before the objects are no longer visible. Finally, &hegin to track dimmer
objects, the combinatorics of the problems increase sagmifly. In fact, the number
of detections per image increases faster than expongrdislthe signal to noise ra-
tio decrease§l7]. Thus such gaps in time may no longer be enough for inefficient



algorithms.

The second argumentillustrates a fundamental goal ofadteacking, to find and
track all sufficiently large objects. While this goal limits the sus&al usefulness of
algorithms that are specific for the discovery of new astes,at makes such algorithms
moreimportant in the short term. By finding and tracking the btigbjects in the sky,
we can focus the search on pushing down into the noise to treckasingly dim
objects. As we shift the focus to dimmer objects, the neeckfficient algorithms
becomes greater. Further, many of the algorithms and apipesave are developing
will be useful for future long term needs of the asteroidkiag problem. For example,
as the number of known objects increases, the need for effialgorithms for such
tasks as attributing an observation to a known orbit andt anbichingincrease By
developing techniques that aid both the discovery and miadmtce of asteroid tracks,
we can aid the tractability of asteroid tracking in both thers and long term.

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

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

4.1 Simplified Multiple Hypothesis Tracking

We use a sequential tracking approach to detect possilieges (for a good introduc-
tion to sequential tracking algorithms & and references therein). Each attributable
(set of closely spaced and linked observations) is consiligr turn as the start of a
new tentative track. This tentative track is then proje¢tesubsequent time steps and
associated with later observations to confirm the track afided the estimated track
parameters.

In order to accommodate multiple possible track/obsesuadissociations at each
time step, we use a simplified version of multiple hypoth&raisking. When a tentative
track matches multiple observations at a given time steftjpfaihypotheses (tentative
tracks) are formed and the decision of which associationriect is delayed to a later
time step. This process is illustrated in Figure 5. The gmglint matches three other
points at the second time step. These points are used te dieae hypothesized
tracks. This process continues to the third and fourth titep with “bad” hypotheses
being pruned away.

In order to reduce the number of candidate neighbors exaha¢ingis used. As
shown in Figure 6, neighbors are first filtered by whether tadiywithin a window
or gate around the track’s predicted position. This apgrdaas also been used in
conjunction with kd-tree structures to quickly retrieve tandidate observations near
the predicted position of a tra¢R1, 24.
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Figure 5: A multi-hypothesis tracker starts from a tentatiack (A) and sequentially
checks the later time steps. If multiple points fit a candidedck then several hypoth-
esis are created (B) and (C).

Figure 6: Gating can be used to ignore points that could npsloeof the current track.
The predicted position of the track is shown as an X and thetgdhat fall within the
gate are shaded.

It is important to note that our algorithm does not do any coatorial data asso-
ciation. All sets of observations that fit the quadratic motion modelettemed so that

10



they can be further filtered using orbit fitting. Because wendbuse combinatorial
data association, the tracks returned will not necesshelgisjoint. We do a limited
amount of filtering by removing some tracks with a high degykeverlap. Specifi-
cally, we remove returned tracks that are subsets of othemned tracks and merge two
tracks if they are compatible and contain over 50% overlapmg@atibility is defined
as not containing conflicting observations (two differelnservations 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 algorithra,wged a quadratic motion
model. An observation’s position tnandd was modeled as two independent quadratic
functions of time. This model provided a better fit of an agit#¥$s movement (over
the approximately 2 week time) and thus allowed us to modetltigorune sets of
observations.

Unfortunately, the initial paired observations only contastimated position and
velocity information. Thus we used two different types oégiction. If the track con-
tained enough information to estimate a quadratic modelyseel 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 mwhsiens, we used kd-
trees to accelerate spatial data associdtin 24. Specifically, we built one kd-tree
on the observations from each time step, which correspottdadingle image of the
night sky. These kd-trees were then used to accelerateabgata association. The
estimated tracks were projected to the new time step andréukgped positions were
used as queries for a spatial range search. For each hygeithésick, we efficiently

found all nearby observations and used these to create naothesized tracks.

4.4 Results

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

The data was generated from simulated orbits of approxignat800,000 main
belt asteroids by calculating the object’s position (Rightension and declination) at
8 different times: twice a night on every fourth night. Theotabservations from the
same night were treated as given attributables. These\@tisars were then filtered
to only those that appeared in a given 100 square-degremegor the test we used
only the first%th of the observations. In total we examined 20428 obsamatirom
3320 different asteroids.

The performance of the algorithms was monitored by sevéffatent measures:

1. Running Time The wall clock running time.

11
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Figure 7: The calculation of weighted number incorrect Foee different results. The
ordered correct (+) and incorrect (-) tracks are shown withdorresponding scores
underneath. The triangles mark the 90% correct seen pothtrars the final score.

This score accounts for both the number and position of tise faositives.

2. Percent Correc{P:) - The percentage of returned tracks that exactly matched at
least one true underlying track. This score measured the fasitive rate.

3. Percent FoundPr) - The percentage of true underlying tracks that exactlyched
at least one of the returned tracks. This score measuredlgeerfegatives.

4. Weighted Number IncorreqiW1) - The weighted number ahcorrect tracks
(false positives) that have a better score then at least T@B& ¢rue tracks. The
weight of each track is determined by the number of true sdbk incorrect
track’s score exceeds. This score was calculated by sdttmgeturned tracks
according to their fit to the given model and traversing theftom best to worst.
At each step, the total score is incremented by the numbercafriect tracks
seen so far. The counting stops after 90% of the true tracksleen seen. This
calculation is illustrated in Figure 7. This score accodotsboth the number
and position of false positives.

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

The results are shown in Table 1. Using the quadratic appration allows signifi-
cantly tighter pruning bounds without increasing the nunadféalse negatives. This in
turns leads to less false positives and reduces computdtiause of kd-trees allows
us to exploit the spatial structure and significantly redcmaputation. It is important
to note that the results are on data thai%j'sh of the desired density. The loose bounds
for the linear approximation lead to a very large (and effety intractable) explosion
of tentative tracks on data of the full density. Howeverngsjuadratic tracks with
kd-trees on the full density data allows us to find®®% of the asteroids in under 3
minutes. Thus the algorithm provides substantial improxets over previous brute
force linear approaches.
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Approximation| kd-Trees?| Time (sec)| Pk 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, @etrfound, percent correct,
and weighted number incorrect) show that the use of a tigipieroximation and spatial
data structures can significantly improve performancetaragl linkage.

4.5 Discussion and Future Directions

The above approach is both simple and effective. Howeveretare several issues that
must still be addressed to provide a more efficient and ratmlation as we begin to
track increasingly faint objects with more realistic olvsdion schedules.

1. Theinitial linear prediction step may not provide a tighbugh criteria for prun-
ing “bad pairs” as the gap in time between viewings increasalke density of
observations increases. This may lead to a combinatondsion 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 suitedatlistie observation
schedules where we would expect to have only a small subsbeddsteroids
observed at each time step.

3. The use of a quadratic approximation of track movement nmype sufficient
to tightly and accurately prune out tentative tracks as #resiy of observations
or noise points increases.

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

These issues provide some of the main motivation behind tir& 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 aliaBons from different time

steps andinking together those observations that fit a desired maitbbutany initial

estimates of the track parameters. This problem, illustrat Figure 8, is fundamental
to discovering new asteroids. Observing the same objecthipe times allows us to
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begin to track the object and even to determine whether agredison is an object at
all or is just noise. Further, in order to accurately deteran orbit of a new asteroid,
we must first find observations of this object over a sufficiange of time.

X

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

Below | discuss previous approaches to this problem fronfithe of target track-
ing and a new multiple tree algorithm for exhaustively firgladl feasible sets of ob-
servations. For brevity of this proposal, | only provide &boutline of our approach
to using multiple trees to accelerate exhaustive trackaiion. Further details and
additional experiments can be found irl].

5.1 Problem Definition

Formally the linkage problem can be phrased as a filteringlpm. At each time step
k we observéNk points from both the underlying set of tracks and noise. Gaset of
observations & distinct time steps, we want to return all tuples of obséovestsuch
that:

1. the tuple contains exactly one observation per time stieg,

2. itis possible for a single track to exist that passes wigfiven thresholds of each
observation.

Thus we wish to filter theﬂE:l Nk possible tuples down to just those tuples that could
be feasible tracks.

The second condition specifies a constraint on the obsensifit to the underlying
model. We say that a tuple of observatidgrg, --- , X, ) is valid only if there exists a
trackg such that each observation falls within some error boyi@d€™] of the track
in each dimension:

ZHd) < x [d] — g(ty,)[d] < Z™[d] Vd, i (©)
The thresholdg- andZ" provide lower and upper bounds on the fit. This definition

of feasibility is compatible with a range of statistical s@imodels. For example, we
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can define an arbitrary observation noise model for the painta track and set the
thresholds in each dimension to be the 95% confidence intEmwvéhe noise in this
dimension. Figure 9 shows an example of this. Further, wevaanZ" andZ" to ac-
count for systematic errors, time varying errors, and iasegl or decreased confidence
in a track’s estimate as new observations arrive.

g g

Figure 9: An arbitrary probability distribution and the wésng bounds. The circle
denotes the observed location and the upper and lower baisata the acceptable
locations for the track.

Our feasibility criterion differs slightly from many traibnal filtering algorithms.
Instead of asking about a new observation’s fit to the cuntraick estimate, we are
asking an existence questioBoes there exist any set of parameters that will satisfy
the given observational noise bound3hus we do not need to worry about uncer-
tainty in the track parameters during a prediction steptebr$ we are re-asking the
existence question for the entire new set of observatidresptevious track plus the
new candidate observation.

In contrast to the flexibility for noise models, it should beted that the above
criteria does not allow for a concept known pi®cess noise This means that we
assume the tracklwaysfollows the model. For example, a linear track model cannot
account for changes in velocity. However, for the task ofkriitiation we are only
dealing with short time ranges and thus with minimal processe.

5.2 Previous Approaches

There are a variety of different approaches to the probletragk initiation. Below |

briefly discuss some of the more common ones. These appoditfez from our own

in several important ways. First, we are asking a differgpetof query. Specifically,
we are asking foall sets of observations that could feasibly belong to a patborgg

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 sequentiaktiitiation algorithm such
as the one described in Section 4.1. The unassociated poénteeated as new tracks
and projected to the later time steps where they are assdoith other points to
form longer tracks. As described in Section 4.1 we can usenglsiform of multi-
ple hypothesis tracking to account for multiple possitéelvobservation associations.
Further, we can use gating in conjunction with kd-trees fiehtly find candidate
associations.

There are several potential disadvantages of this type mioagh that arise from
the sequential nature of the search itself. It does not userewe from later time steps
to aid early decisions. Many early good looking pairs may &silg pruned using a
lack of further points along the track. Further, this appiohas the potential of being
thrown off by noise early in the track. Multiple hypotheseaking attempts to mitigate
this problem by allowing multiple tentative tracks, butroduces another problem, the
possibility of a high branching factor causing a significeminputational load.

It should be noted that sequential track initiation has thaatage that it can be ap-
plied to multiple tracks simultaneously. This gives thipagach 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 spacexaddyy the track parame-
ters and to search for tracks in this new space. In the caseestiinensional linear
tracks, this space would have two dimensions (slope anctepg). One such popular
algorithm is the Hough transforii8]. The idea behind these approaches is that for
many simple models, individual observations correspongirtple regions or curves

in parameter space. For example, in the one-dimensiorediinase 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 moare shown in Fig-
ure 10.A and their corresponding lines in parameter spaééginre 10.B. If a series
of observations lie along a line & bt + c), then their lines in parameter space will
intersect at a common poiiib,c). The Hough transform looks for common points
of intersection by using grid-based counts of the numbeinafsl that go through a
particular region of parameter space (Figure 10.C and 10.D)

There are several major downsides to the parameter spacegagpp First, main-
taining and querying the parameter space representatioheaxpensive in terms of
both computation and memory. There are many possible adgosis to check and
storing occurrences in a grid structure may require sigaiti@amounts of space. Sec-
ond, the level of discretization of parameter space cartidedly affect the accuracy
of the algorithm. If the grid is too tight then a small amoufinoise can cause in-
tersections to spread out over several bins and be miss#tk ¢frid is too loose then
coincidental occurrences can accumulate and cause falgasal Although the false
alarms can be filtered out in post-processing, this stepduihcreases the computa-
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Figure 10: Under a linear model observations (A) corresponiches in parameter
space (B). If several observations lie along a line, theiediin parameter space will
intersect at one place. Such clusters of intersections edaund by using grid based
counts (C and D).

tional cost. Finally, in the presence of noise observatiomsy take many observations
along the track to produce an obvious high density regioranameter space.

5.3 Multiple Tree Algorithm

Our solution to the problem of track initiation is to buitdultiple kd-trees over ob-
servations and traverse them simultaneously. Specifica#iybuild one tree for each
time step that we wish to use. This approach allows us to nigtlonk for pruning
opportunities at the next time step, but also to considemipgiopportunities resulting
from future time steps. Further, by considering multipfedisteps together, we may
be able to reduce redundant computation that can arise fromiry for similar points
or initial tracks.

Figure 11 shows a one dimensional example of this approacte t@e is built
independently on each of tiketime steps. The algorithm starts at the root of each tree
and begins a depth first search of combinations of tree né@desch level of the search
the algorithm picks one node and recursively searchesiitfreh (Figure 11.B). When
the search reaches a point wherekalirees are at leaf nodes, the algorithm explicitly
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tests all combinations of the points at these nodes anchietinose tuples of points that
fit the criteria for being potential tracks (Figure 11.C).

In the above form, the algorithm would search all combiratiof they K _; Ny leaf
nodes, requiring Q'(]Ezl Nk) time. The benefit of using the tree-based algorithm is that
we can prune off a section of the search space if we can evertbladit is not possible
to fit a track through th& nodes. We call such sets of nodefeasible Such a case is
shown in Figure 11.D. This pruning criteria allows us to plolgsgnore large numbers
of the tuples that would have been tried under a brute forpeogeh. We developed
an efficient approach to determining whether a set of nodegdasible. A detailed
description of this approach can be foundid].

It should be noted that the use of multiple trees has beeromgifor quickly
answering spatial queri¢g]. However, this earlier work has so far been restricted to
simple spatial proximity queries on points. In contrast,agasider the application of
multiple trees to a more complex spatial problem with aniehetemporal component.

5.4 Sample Results
5.4.1 Algorithms

In examining the performance of the multiple tree approaghcompared the range
of approaches from an adapted “sequential” approach td enfultiple tree approach.
Specifically, we use multiple tree algorithms, denoted Mifkbugh MT-K, with the
following descent rule:

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

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

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

It is important to note that all versions of this descent {uke all values ok) use
the same feasibility criteria. Thus all variations are exdgorithms and will return the
same set of tracks.

5.4.2 Astronomy Data

One of the data sets that we examined was chosen to providdisticeexample of the
asteroid linkage data. This allows us to ask whether we caela@te the discovery
of linkages on tracks of the volume, density and distributid real asteroids. The

18



..........

T, T, T, T, T, T,

(A)
T, T,
T, T, T, T, T, T,

(B)
e mh e
T, T, T, T, ™ T4

©
T, T, T, T, T, T,

(D)

Figure 11: The multiple tree algorithm descends the trees diepth first search (A
and B). If it reaches the leaf nodes, it explicitly tests ttaeks (C). The search can be
pruned if it is not possible to fit a track through each of thdew(D).

data consisted of simulated orbits for approximately 1,000 main belt asteroids and
1,800 near earth objects. These orbits were then approaghbgta quadratic track over
a period of 16 nights and observations were generated frigrtréttk. 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

6

69.19 69.11 58.17 38.77
2893 2886 2191 19.68

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

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

5.4.3 Results

Table 2 shows the results of this experiment and illustridtepotential benefits of a
multiple tree approach. By using multiple trees we can §icamtly reduce the number
of pruning queries needed. The differences between pedgiocmof different is due
to both a varying number of observations and the differeatsm between observa-
tions.

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

dist

dist

AT

Figure 12: Without using velocity we would have to try at le@geighbors 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 touestive track initiation. One
of the primary benefits of this new approach is that we canrpmate evidence from
later time steps to aid in the pruning decisions of earlimetsteps. Empirically, this
algorithm performed very well on several simulated data,smitperforming an exact
adaptation of conventional multiple hypothesis trackiRgrther details and additional
experiments can be found j@1].

6 Current and Completed Work: Queries on Trajecto-
ries

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

e whether a track should appear in a given viewing region,
e which tracks could have generated a given observation, and

e which observations (in other time steps) may have been gtkby a given
track.

Below we consider several versions of this type of query aiedgnt several data
structures and algorithms to efficiently solve these proisleThe queries are tied to-
gether by their relation to the general query of which reffraectory pairs are “close”,
a similarity that allows us to develop algorithms that agplgll of the queries. Specif-
ically, we rephrase all trajectory queries as questiondatefirack intersection. For
brevity of this proposal, | only provide a brief outline ofoalgorithms to accelerate
this type of query. Further details and additional experitaean be found ifi12].

6.1 Query Types
6.1.1 Occurrence Queries

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

W.I[d] < g(t)[d] < W.h[d] vd 5)

Thus we wish to filter théNt - Np possible pairs down to just the few that meet the
above criteria.

21



6.1.2 Attribution Queries

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

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

|g(ti)[d] —xi[d]| < [d] vd (6)

This query is a specification of the occurrence query. We oamert this query into an
equivalent occurrence query by treating the observati@nsasall plataV:

Wit =t
Wl[d] =x[d] —{[d] vd (7)
W.h[d] = xi[d]+[d] vd

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

6.1.3 Precovery Query

The precovery query is the complement to the attributiomgu@iven a new track
we wish to determine which points lie within some threshptaf this track. Formally,
the precovery query can be specified as: given a tggtkreturn all observations
such that:

|9(t)[d] —x[d]| < {[d] vd (8)

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

6.2 Previous Approaches

Previous approaches to accelerating queries of this type haen proposed in the
fields of computer graphics, computer vision, moving objatabases, and target
tracking. Below | discuss the two predominant approacheddibg tree-structures
on the spatial regions and building tree structures on #uké: In Section 6.3 | discuss
adaptations of these approaches to the above queries iragyldlomains.

The use of tree-based data structures on points or regiosigagk is a common
approach to accelerate these types of spatial queries.elprtsblem of ray-tracing,
placing objects in tree structures is a common and sucdegsfuoach 6, 23. In the
field of tracking, tree structures are used to acceleratiaspaeries for data associa-
tion [22]. Here though, the data structures are built on the obsenstir predicted
track positionsat each time stepWhile this can be used to speed up data association
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gueries at a given time step, it is not applicable to our @seof interest. First, we are
interested in cases where each time step may contain at mesilservation. Thus
building a tree on the plates or observations will not prevathy benefit. Second, we
are interested in plate or observation based queries, whetgave many tracks but
only a single plate.

The approach of building data structures on tracks has &lso tonsidered in a va-
riety of domains. Arvo and Kirk proposedy classificationa technique to accelerate
computer ray tracingl]. Rays are represented as points in 5-dimensional parameter
space and partitioned into different groups. A similar téghe has been presented in
databases to answer queries about moving objects9, 18. Again, the linear tracks
are effectively treated as points in parameter space fordhetruction of a tree struc-
ture. By bounding the parameters, it is possible to create parameterized bounds
for the node in observation space. While this work has besricted to linear models,
it is important to note that the resulting trees are valid, foot optimal, forall time.
We tested a similar method, extended to more complex tradetapto provide com-
parison with the more efficient ball-tree based data strectirinally, Pfoseet. al.
presented two tree models for querying piecewise lineak$&fl8]. These structures
exploited the fact that 2-dimensional tracks could be bmnoik¢o 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 intersestie to exhaustively check
each one. A brute force method runs a double loop throughatee domparing each
plate with each track. This method is costly, requiring\@(Nr) intersection tests. We
implemented this algorithm for comparison purposes anaebE in the following
experiments.

6.3.2 KD-tree of Plates

One simple approach to speeding up spatial queries is t@ plecdata in a spatial
data structure such as a kd-tree. As described in Sectiothi®.2ype of approach
has been used to accelerate ray tracing and spatial datzia&sn In order to apply
this approach to the above queries, we adapted it to work mdgtilinear tracks in an
arbitrary number of dimensions. Further because no tweplaiay occur at the same
time, we may not gain any benefit from constructing a singde it each time step.
Instead we construct singletree D + 1 dimensional tree, called @late tree on all
plates by incorporating time as a dimension.

Our search for intersection then follows the same approachrange search in a
kd-tree. Given a query trag(t) we traverse the tree in a depth first search. If we hit
a leaf node, we explicitly search the plates at this leafrftersection using the criteria
in Equation 5. Finally, we can prune the search if we ever firad the track cannot
hit any plate contained within the bounds of the node. We can determhether this
criteria is met by taking the bounding box for the plate treden(including time) and
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asking whether the track intersects this box. If it does thetn we can safely prune the
search.

We implemented the above adaption. This algorithm is detiitén the following
experiments.

6.3.3 KD-tree of Tracks

A natural complement to constructing a kd-tree on the platésconstruct one on the
tracks. In many cases this approach might be a desirablaaliee. For example, if
we had a set of tracks and we wished to attribusenglenew 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 threepoants in param-
eter space. For example, we can represebtdimensional quadratic track a3
dimensional vector by concatenatiag, andc into a single vector. This approach has
been proposed aay classificatiorto speed up ray tracing in computer grapHitk
Here we adapt previous approaches by building a tree-ateioh the resulting points.
An example split is shown in Figure 13.
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Figure 13: A set of linear tracks (A) is split using a dividihgper-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 ndtt@wvever, this
bounding box is on the parameters of the tracks. Thereforare@ffectively storing
the minimum and maximum parameters for each track ownedibytde. We can use
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these to calculate the bounds on where a track can be at atgivenFor example, in
the quadratic case:

gvin (1) [d] = amin [d] -2+ byin [d] - t + cvin [d] )
gvax (t)[d] = avax|[d] - t? + bmax[d] - t -+ cmax[d]

Our search for intersection then follows the same approadorathe plate tree.
We do a depth first search of the tree using the bounding baxeofidde to look for
pruning opportunities. Upon hitting a leaf we explicitlyedk the tracks contained at
that leaf.

We call this data structure a track-based kd-tree and dénften the results. Itis
important to note that the implementation of this approagbrovided for comparison.

6.3.4 Ball-tree of Tracks

An alternative approach to dividing the tracks by their pagters is to partition the
tracks based on their “proximity” to other tracks in the setrmthe time of interest.
The hope is that this partitioning will allow better splitsthe data that both “splits”
multiple parameters and takes into consideration theeestinpe of time. We introduce
one such tree, which is similar to a ball-tree or metric flee2d. We refer to this data
structure as a track-based ball-tree and dendigiit the results.

The key idea behind the track-based ball-tree is a tight liogipetween the pair-
wise fit between tracks and tree construction. Both the bedmdthe nodes and the
splits of the nodes during construction are determined isydilstance measure. Specif-
ically, the bounds of a node are defined with reference to &raeanchortrack, ga,
and a node radius The anchor track serves to indicate one possible predicisition
of tracks in the node at a given time and the radius indicaestaximum offset from
this prediction in each dimension. The radius is defined shah

Ga(t)[d] - g(t)[d]\ <r[d] ¥ts <t <t ¥g  node ¥d (10)

wherets andte indicate the time interval of interest. Thogl| is the furthest distance
from the anchor in dimensiahof any track owned by the node at any time in the range
of interest. An illustration of these bounds is shown in Fegi4.

Again, the search for intersection follows the same apgroahe major difference
is in how we do the pruning query. A track in the node can hitegW if and only if
the anchor track intersects a similar pl#téwhere:

W' .h[d] =W.h[d] +r[d] (11)
W.I[d] =W.I[d] — r[d]

Checking for intersection between the anchor track andnele@ plate is the same
as checking for intersection between the original plate rgibn withinr from the
anchor’s position at that time.
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Figure 14: The track-based ball-tree nodes are defined émeefe to an anchor track
and radius. This radius indicates the maximum distance fh@amanchor track in each
dimension.

6.3.5 Combining Trees

Since the above algorithms only build a structure on one @orept of the data, it is
possible that a significant amount of work will be repeategtr@milar queries from the
other portion of the data. This suggests a combined metladies both a plate-based
tree and a track-based tree.

We created a novel dual tree algorithm that uses both a péexhd a track-based
ball-tree. The idea behind that algorithm is that it does ptldirst search of both
trees at the same time. Formally, the search consists ofregatodes (one from each
tree) and at each level it recursively descends one of tless.t The “wider” tree is
descended, moving the search down the tree with the leasigrpower. If the search
ever reaches leaf nodes in both trees it explicitly triestthek/plate intersections for
those trees.

The true advantage of this search is that we can prune a suhtthe plate tree
for all tracks in the subtree of the track-based tree. Foa dats with many tracks
and plates, this may provide a substantial advantage oWepaming subtrees of one
component using individual members of the other compon#&ktcan safely prune if
and only if we ever discover that it is not possible &y 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 withiadts of the plate node’s
bounding box. This pruning query is illustrated in Figure 15

This dual tree method is denot&gk in the results.

6.4 Sample Results

Again we tested the algorithms using a data set that proadedlistic example of the
asteroid data. The data consisted of simulated orbits fenaflion main belt asteroids
and 1,769 near earth objects. These orbits were used toager@observations with
two observations per night on every fourth night. We therrapimated the orbits as
quadratic tracks and searched for all pairs that could bédichatribution. We defined
a valid attribution as any track/observation pair thatviéthin 0.001 in declination and
0.015 in Right Ascension of each other. These thresholds wieosen because they
found at least 99% of the true attributions and at most 25% of the returnexspagre

26



Figure 15: Pruning in the dual tree algorithm checks whethetrack-based ball-tree’s
anchor track is within the radius of the plate tree’s bougdiox. Plate tree node A
would be pruned while plate tree node B would not.

Size | Nt Nyx | E Tp Tk Ts Tpe
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 3115593 13.58 148.41 135.80 10.10

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

incorrect. Finally, we varied the size of the region of skyglenconsideration from 1
square degree to 100 square degrees. Only observationsaks that fell within this
region were considered.

Table 3 shows the results of this experiment in terms of treragge number of
pruning queries. As we increased the size of the region, sladed more tracks and
observations and increased the size of the problem. All efthe-based algorithms
perform well, scaling significantly better than the exhaessearch. The high ratio of
plates to tracks was an advantage for the plate tree algurittowever, the consistent
winner was the dual tree algorithm. It should be noted thalethe number of pruning
gueries was chosen to provide a standardized measure thdejsendent of code op-
timizations such as data ordering and cache friendlinkesyall-clock running times
of the algorithms also indicated approximately the sanetive performance.

It should be noted that while the track-based tree algostdid not perform as
well as the plate tree algorithm, the track-based tree dlgos may often be the better
choice in real-world applications. First, it may not be pblesto restrict the tracks
to the small set that correspond to the region of interesacloé time. Therefore we
may have significantly more tracks. Second, attributiorriggemay not always have
all of the observation data up-front. If observations amnic in one at a time, then
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it is better to use a track based algorithm. However, if theeokations 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 develagmhof new approaches and
algorithms for tractable tracking on domains with many éasgnd sparse or uncertain
observation schedules. This work will differ from previoaigproaches primarily in
scalability and robustness to sporadic observation sdeedu

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

e Initiation - Efficiently and robustly identifying new candidate tradksm sin-
gleton observations and attributables.

e Spatial Data AssociationEfficiently identifying potential track/observation as-
sociations using a combination of the known track informatany known model
or noise information, and the spatial positions of the oleterns.

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

e Precoveries, Occurrences, and Attributiori&fficiently answering “track-based”
gueries of whether a region of space is “close” to the trajgadf moving object.

Specifically, | will address the following research quessio

e How can we further use spatial structure within the data tduee the com-
putational cost? As shown above, the use of kd-trees can provide significant
accelerations to the problem of spatial data associatiois. likely that we can
push the use of spatial data structures further for even eftiockent algorithms.

e Can we use (multiple) tree data structures to remove unsacg®r redundant
computation in the above querieg® shown in Section 5 and i7], the use of
multiple spatial data structures can improve performagaeimoving redundant
computation that may result from processing similar querleis possible that
this approach can be applied to other aspects of trackingstedoid linkage to
improve efficiency.

e How can we remove assumptions about data arriving at fixed staps to im-
prove accuracy and reduce computatiovPany tracking algorithms make the
simplifying assumption that data arrives at discrete titeps In domains such
as asteroid tracking we get small sets of observations spgarrange of times.
It may be possible to exploit the (semi-)continuous natditie data to improve
accuracy angeducecomputational cost.

e How can we combine queries/operations so as to exploit aahdit structure
within the data and reduce computational cost?
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e How can we incorporate the physical constraints to furthapiove accuracy
and efficiency?Kepler's laws provide a significant amount of structure tisat
not currently being exploited. By incorporating this stire we may be able to
increase the amount of pruning while reducing the numbeueftracks that are
incorrectly pruned.

e How can we incorporate non-sequential tracking methodsitwige high levels
of temporal sparsity?As the gaps between observation times increase, using
sequential track initiation methods may become infeasMiere observations at
the next time step will conform with potential velocity cdragnts and systematic
errors from the approximate track models may become monrdfisiant. It may
be possible to combine sequential tracking methods andsaqoential tracking
methods, such as the Hough Transfdgh to reduce the computational cost of
some queries.

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

The algorithms are being developed with the goal of proygdisable real-world
software for our collaborators in the field of asteroid tiagk Thus a significant col-
laborative effort will be made to ensure that the softwarests:i¢heir requirements
and provides tractable methods for asteroid linkages. frtd@ans that the algorith-
mic contributions of this thesis must be both applicable deployable and will have
immediate real-world applications.

7.2 Timeline
Below is my proposed timeline.
Spring 2005

e Investigate continuous time adaptation of sequentiakingcalgorithms. Specif-
ically, examine the use of spatial data structures to pveser extend current
benefits resulting from the use of spatial structures at &awhstep while pre-
serving the (semi-)continuous nature of the data.

¢ Investigate how widely spaced in time observations can bkewdtaining a high
level of linkage performance.

Summer 2005

¢ Investigate “high noise density” track initiatiorr ©0% of observations are noise).
Evaluate current algorithms and (if necessary) developaygwoaches.

¢ Investigate the use of orbital information within the tramckand linkage algo-
rithms.

¢ Investigate the possibility of performing the asteroiakiag in true 3-dimensional
space instead of 2-dimensional observation space.

Fall 2005
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¢ Investigate faint object track initiation. This means gagtdown into the noise
and finding increasingly faint objects.

Spring 2006
e Publish final version of tracking software for the astropbigss.

e Finish written thesis and defend.

Acknowledgements
Jeremy Kubica is supported by a grant from the Fannie and Behz Foundation.
References

[1] J. Arvo and D. Kirk. Fast ray tracing by ray classification. Rroceedings of the 14th
Annual Conference on Computer Graphics and Interactiveiiggies pages 55-64. ACM
Press, 1987.

[2] Y. Bar-Shalom, X. R. Li, and T. KirubarajanEstimation with Applications to Tracking
and Navigation: Theory Algorithms and Softwawiley-Interscience, 2001.

[3] S. Blackman and R. PopoliDesign and Analysis of Modern Tracking Systemstech
House, 1999.

[4] P. Ciaccia, M. Patella, and P. Zezula. M-tree: An efficiertess method for similar-
ity search in metric spaces. Rroceedings of the 23rd VLDB International Conference
September 1997.

[5] P.R. EscobalMethods of Orbit DeterminationJohn Wiley and Sons, 1965.

[6] A.S. Glassner. Space subdivision for fast ray tracitfEE Computer Graphics and
Applications 4(10):15-22, 1984.

[71 A. Gray and A. Moore. N-body problems in statistical leagin T. K. Leen and T. G.
Dietterich, editorsAdvances in Neural Information Processing Systévii$ Press, 2001.

[8] P.V.C.Hough. Machine analysis of bubble chamber pictureiternational Conference
on High Energy Accelerators and Instrumentati@ERN, 1959.

[9] G. Kollios, D. Gunopulos, and V. Tsotras. On indexing molitgects. InProc. of the
18th ACM Symp. on Principles of Database Syster889.

[10 L. K. Kristensen. Tracking faint asteroids. limPress - Preliminary Draft2003.

[11] J. Kubica, A. Moore, A. Connolly, and R. Jedicke. Fast andisblrack initiation using
multiple trees. ICMU Tech. Report 04-62004.

[12] J. Kubica, A. Moore, A. Connolly, and R. Jedicke. Spatialadsiructures for efficient
trajectory-based queries. @MU Tech. Report 04-62004.

[13] B. G. Marsden. The computation of orbits in indeterminate ancertain casesAstro-
nomical Journal 102:1539-1552, October 1991.

[14] A. Milani, G. F. Gronchi, M. de’ Michieli Vitturi, and Z. Kneavic. Orbit determination
with very short arcs: | admissible regioria.press Celestial Mechanic2004.

[15] O. Montenbruck and T. PflegerAstronomy on the Personal ComputeBpringer, 4th
edition, 1999.

[16] D. Papadopoulos, G. Kollios, D. Gunopulos, and V. Tsotraslexing mobile objects on
the plane. INMDDS, 2002.

[17] J. M. Petit, M. Holman, H. Scholl, J. Kavelaars, and B. Gladm# highly automated
moving object detection packageMonthly Notices of the Royal Astronomical Sogciety
347(2):471-480, September 2003.

30



[18] D. Pfoser, C. S. Jensen, and Y. Theodoridis. Novel appreachihe indexing of moving
object trajectories. IProc. 26th Int'l Conference on Very Large Databas8gptember
2000.

[19 S. Saltenis, C. S. Jensen, S. T. Leutenegger, and M. A. Ldpeexing the positions of
continuously moving objects. IBIGMOD Conferengepages 331-342, 2000.

[20] J. K. Uhlmann. Satisfying general proximity/similarity ejies with metric treesinfor-
mation Processing Letterd0:175-179, 1991.

[21] J. K. Uhlmann. Algorithms for multiple-target trackingsmerican Scientist80(2):128—
141, 1992.

[22] J. K. Uhlmann. Introduction to the algorithmics of data a$ation in multiple-target
tracking. In D. L. Hall and J. Llinas, editorslandbook of Multisensor Data Fusippages
3.1-3.18. CRC Press, 2001.

[23] A. watt. 3D Computer GraphicsAddison-Wesley, 3rd edition, 2000.

31



