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Abstract

Spatial queries involving trajectories of moving objeats fundamental in a variety of
domains. For example, we may wish to determine which pointegions to which
an object passes “close.” In this paper, we consider a lscgke version of this type
of problem. Given many trajectories and spatial regionsywamt to efficiently find all
pairs of regions and trajectories such that the trajectasges through the region.
Below we present several data structures and algorithm§itieatly solve this
problem. We adapt data structures and algorithms fromimgand computer graph-
ics to work on higher dimensional data sets with nonlineacks. These algorithms
provide a significant speedup over a simple brute force ambroWe also introduce a
new data structure and algorithm that can significantly exiggm previous approaches
for queries with many tracks. Further, we introduce a nowelldree approach that
combines the advantages of both an observation-basedudatuse and a track-based
data structure to provide consistently good performanee awide range of queries.
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1 Introduction

Imagine that you have just taken a picture of the night sky ymdwish to identify
each object in the picture. At your disposal you have a cgtmmf millions of stars
and galaxies and thousands of orbits of moving objects.Heomtost part, the stars and
galaxies can easily be identified by matching them with th&tjmms in the catalogue,
because they do not move rapidly. In contrast, determinimiglvmoving objects lie in
the image is more difficult because the answer depends on thhémage was taken.
As the problem scales up, by examining many such obsergtiisiributed across the
sky, there rapidly becomes more object/regions pairs tharfeasibly be examined.

The above problem is the occurrence or intersection probiEme goal is to take
a set of object trajectories (called tracks) and obsematigions (called plates) and
determine which track/plate pairs have an intersectioguié 1 provides a simple one
dimensional illustration, with curves representing ttageictories and dashed intervals
representing the spatial regions.

Figure 1: The goal of the intersection query is to determihé&tvobject tracks inter-
sect the observation regions.

While motivated in the context of astronomical observatidhis problem is appli-
cable to a wide range of areas. For example, the intersegtiery arises in the domain
of computer graphics for the problem of ray tracing. In raging the tracks are linear
paths representing a light ray and the plates are polygonstiie objects in the scene.

Below we present several data structures and algorithm§itieatly solve this
problem. These algorithms use spatial data structures @ significant computa-
tional savings. All of the algorithms are exact, returninvgry track/plate pair that
meet our criteria. Further, we show that this problem is lsintio two other prob-
lems in astronomy and tracking: attributions (determinirnich trajectories are near a
point) and precoveries (determining which points are neajactory). We discuss the
different domains on which each algorithm performs well aachpare our approaches
to previously suggested approaches.



2 Problem Definition

The type of problem that we are considering covers a rangelated spatial queries.
These queries all operate on two distinct types of input:dpl@tes and tracks. Be-
low we focus on three specific queries: occurrence, attobuaind precovery. These
queries are highly related and can be efficiently answeried tise same techniques.

2.1 Input Data
2.1.1 Tracks

We allow a general definition of tracks as any function of adejpendent variable
through theD dimensional space. We denote ttretrack agy; (t) and useNr to denote
the number of tracks. Our discussion below focuses on twomtgpes of tracks: lin-
ear and quadratic. The quadratic track is simply a quadiatiction of time:

gt)=a-t?’+b-t+c (1)

and can be used to describe physical motions of objects goihgrconstant 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 objeatslitng at a constant ve-
locity. While many of the techniques presented below wiloahpply to other track
models, we restrict the discussion to the linear and quiadraidels to keep the dis-
cussion simple and consistent.

2.1.2 Plates

Theplatesrepresent spatial regions at a given time. Thus they cohtairparts: sub-
regions of the complet®-dimensional space, and an associated tim&elow we
consider rectangular plates where each plateontains:

1. t - The time of occurrence of the plate.
2. h - Avector indicating the upper bound of the plate.
3. | - A vector indicating the lower bound of the plate.
The input consists olp such plates. While we restrict our discussion to rectamgula
plates for simplicity, many of the approaches will apply tatps of other shapes.
2.2 Query Types
2.2.1 Occurrence Queries

Formally the occurrence or intersection problem can beggttas 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 3

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

2.2.2 Attribution Queries

The intersection problem is a generalization ofdtnibution query, which asks for all
tracks that are within some range of a given point. Effetyivee are asking to which
tracks we can attribute the point. The observations coogigal-value coordinates in
D dimensional space, witk indicating theith observation. As with the plates, we use
t; to indicate the independent variable of ittt observation. Formally, the attribution
query can be specified as: given an observatimeturn all trackg(t) that come within

a given threshol@ of x:

|9(t)[d] —x[d]| < 8[d] Vvd (4)

We can convert this query into an equivalent occurrenceygogetreating the ob-
servation as a small plate. Formally, we define a pldte

Wt =t
W] = x[d] — 3[d] Vd 5)
W.h[d] = x[d] +8[d] vd

We discuss the algorithms below in both the context of platersection queries and
attribution queries.

This query can easily be adapted to handle other distanceuresaby adding a
post-processing step. We first use a rectangular approiofige threshold under the
true distance measure to find an initial set of candidatdsra€his set is then further
filtered using the true distance measure.

2.2.3 Precovery Queries

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

|9(t)[d] —x[d]| < 8[d] Vvd (6)

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 tbercence query.



3 Algorithms

3.1 Brute Force Computation

Perhaps the simplest way to find all plate/track intersestis to exhaustively check
each one. A brute force method runs a double loop throughate domparing each
plate with each track. This method is costly, requiringN@{Nt) intersection tests.

3.2 KD-tree of Plates

A simple and intuitive approach to speeding up the intefseajueries is to place the
plates in a spatial data structure such as a KD-tree. Thosalls to then use a tree
search for plates that may intersect a given query tracks fypee of approach has been
used in computer graphics to speed up ray-tracing with titreaks[Glassner, 1984,
Watt, 200Q. Because no two plates may occur at the same time, we may imcaigya
benefit from constructing a single tree at each time stepedilswe construct single
D+ 1 dimensional tree on all plates by incorporating time aswedision. We refer to
this data structure as a plate tree to distinguish it fromtkés built on other inputs.

The tree is constructed in a recursive top-down fashion. akhdevel, the set of
plates is split into two subsets that are recursively usédiid the children nodes. The
only additional concern is that unlike a set of points, we matbe able to cleanly split
a set of plates. Therefore we use a slightly modified KD-tremstruction algorithm
similar to priority KD-trees [UhImann, 2001 Specifically, we use the platelswer
bound corner to determine splitting. In other words we tezah plate as a point at its
lower corner for the purposes of splitting the data. As inamdard KD-tree, we store
the bounding box of the full plates. An example split and h&sy nodes is shown in
Figure 2.

Figure 2: A set of plates can be split by which side of the digdplane the lower
bounds falls.

Our search for intersections then follows the same apprasehrange search in a
KD-tree. Given a query trac§(t) we traverse the tree in a depth first search. If we hit
a leaf node, we explicitly search the plates at this leafriterisection using the criteria



in Equation 3. 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

asking whether the track intersects this box. If it does ti@n we can safely prune
the search. In the below experiments we approximated théssaction test by testing
each dimension separately.

3.3 KD-tree of Tracks

A natural complement to constructing a KD-tree on the plédde construct one on
the tracks. In many cases this approach might be a desiriiirative. For example,
if we had a set of tracks and we wished to attribuggnglenew plate or observation to
a track, we cannot achieve any speedup using a plate tree.

The difficulty arises from the fact that tracks will geneydike large. They span the
entire range of time and, if allowed sufficient movement, rmpgn a large range of
space. Thus placing bounds around the tracks and treatingalsD + 1 dimensional
objects may lead to loose bounds and inefficient splits.

An alternative approach is to build the tree on tracks in petar space. For many
types of models we can represent each track as a vector afhptaes. For example, we
can represent a quadratic track &\8ctor by concatenating b, andc into a single
vector. Thus each track becomes a single point and the setadstcan be split using
hyper-planes in parameter space. An example of such asglitown in Figure 3. We
call this data structure a track-based KD-tree.

As with the plate tree, we store the bounding box for each ndttevever, this
bounding box is on the parameters of the tracks. Thereforareeffectively storing
the minimum and maximum parameters for each track ownedibytde. We can use
these to calculate the bounds on where a track can be at atgivenFor example, in
the quadratic case:

gwin (1) [d] = avin[d] - 2+ bvin[d] - t + cvin [d]

gvax (t)[d] = avax[d] - t? + bmax[d] - t + cmax[d] 7

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.

This approach has a major drawback that should be noted. dditgm of a track
depends on the entire combination of parameters weightativeeto the time of the
query. Thus splitting on the individual parameters and llinmeach parameter indi-
vidually may not provide sufficiently tight bounds for sifjoant pruning.

Again this type of approach has been used on linear tracksritpater graphics
to speed up ray-tracingdrvo and Kirk, 1987 and in databases to efficiently answer
gueries about moving objedt<ollios et al, 1999, Saltenist al., 2000, Papadopoulos
et al, 2004. We use this algorithm primarily as a comparison with moffecieht
track-based data structures.
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Figure 3: A set of linear tracks (A) is split using a dividinggder-plane in parameter
space (B). The resulting partition is shown in (C) and (D).

3.4 Ball-tree of Tracks

An alternative approach to dividing the tracks by their paggers is to partition the
tracks based on their “proximity” to other tracks in the se¢rothe time of interest.
The hope is that this partitioning will allow better splitsthe data that both accounts
for multiple parameters and takes into consideration thieeescope of time. We intro-
duce one such tree, which is similar to a ball-tree or metdeliCiacciaet al,, 1997,
Uhlmann, 1991 We refer to this data structure as a track-based ball-tree.

The key idea behind the track-based ball-tree is a tight lnogipf the pairwise fit
between tracks and the tree construction. Both the boumdedanodes and the splits
of the nodes during construction are determined by the pserfit between tracks.
Specifically, the bounds of a node are defined with referamescentrabnchortrack,
0a, and a node radius. The anchor track serves to indicate one possible predicted
position of tracks in the node at a given time and the radidicates the maximum
offset from this prediction in each dimension. The radiugaéfined such that:

ga(t)[cl] g(t)[d]] < r[d] Yt <t < t Vg € node vd @)

wherets andt. indicate the time interval of interest. Thufg] is the furthest distance
from the anchor in dimensiahof any track owned by the node at any time in the range



of interest. The use of a time range means that the tracldbdzaletree will only be
valid for queries during this range. Further, this rangetids the “tightness” of the
bounds, with shorter ranges providing the possibility fgihter bounds. An illustration
of these bounds is shown in Figure 4.

Figure 4. The track balltree nodes are defined in referen@ntanchor track and
radius.

We construct the track-based ball-tree in a recursive mprdashion. As shown
in Figure 5, at each level we split the tracks into two setfiwngspect to the distance
function by choosing two well separated tracks and dividiregremaining tracks based
on their proximity to those tracks. Formally, we term the tnacks used for splitting
gr andg, . We assign a trac; to the right hand child if and only if its distancegg is
smaller than its distance tp . Since we want to form two tight bundles of tracks at the
next level, we use a distance function similar to the onewliatletermine the bounds,
the maximum distance between two tracks on a given timevakég, te|:

D
A(gi,gj) = dz MAX<t<te|Gi(t)[d] — gj(t)[d] (9)
=1

Again the search for intersection follows the same appro@bk major difference
is in how we do the pruning. It is possible for there to existazk in the current node
that can hit the given plat/ if and only if the anchor track intersects a similar plate
W where:

W'.h[d] = W.h[d] + r[d]

W'.I[d] = W.I[d] —r[d] (10)

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.

3.5 Combining Trees

Since the above algorithms only build a structure on one aorept of the data, it is
possible that a significant amount of work will be repeatest@imilar queries from the
other portion of the data. This suggests a combined metlaxd#ies both a plate-based
tree and a track-based tree.
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Figure 5: A set of tracks is split by choosing two temporarghtar tracks (A) and for
each other track calculating which anchor is closer. Theltieg partition is shown in
(C) and (D).

We created a dual tree algorithm that uses both a plate tba tack-based ball-
tree. The idea behind that algorithm is that we do a depthd@atch of both trees at
the same time. Formally, our search consists of two tree s1¢olge from each tree)
and at each level we recursively descend one of these treeshOice for which tree
to descend is the one with the larger sum of radii, moving &aech down the tree with
the least pruning power. If we ever reach leaf nodes in betbstive explicitly try the
track/plate intersections for those nodes.

The true advantage of this search is that we can prune a subtifee plate tree for
all tracks in a subtree of the track-based tree. For datasgisnany tracks and plates,
this may provide a substantial advantage over only prunibgrees of one component
using individual members of the other component. We caryspfene if and only if
we ever discover that it is not possible famy track owned by the current track node
to hit any plate owned by the current plate node. This condition canheeled by
asking whether the anchor track comes within its radius efpfate node’s bounding
box. This pruning query is illustrated in Figure 6.

In the below experiments, the pruning condition was testdguan approximate
method. Specifically, each dimension was treated as indigpeénThus pruning was
only done if the track did not come within the required dis&wof the box in at least
one dimension. Although this pruning rule is not as poweafuthe general rule, it is



Figure 6: Pruning in the dual tree algorithm checks whetherttack tree’s anchor
track is within the radius of the plate tree’s bounding bobaté&tree node A would be
pruned while plate tree node B would not.

computationally efficient and never incorrectly prunes.

4 Experiments
4.1 Algorithms

We compare the algorithms presented above. The followisggdations are used in
the presentation of the results:

e E - The exhaustive brute-force algorithm.

Tp - The plate-based KD-tree.
e Tk - The track-based KD-tree.

Tg - The track-based ball-tree.

Tps - The combined plate-based KD-tree and track-based leal-tr

4.2 Simulated Data

The first set of experiments examined the relative perfooeart the algorithms on
simulated data. Using the simulated observations, we daatssut the relative perfor-
mance of the different methods as we change parameters pfdbkem. The data was
generated by first creatindr artificial tracks and\p artificial plates. Each track was
guadratic and consisted of:

e C~ uniform(0, 1)
e b ~ uniform(—bmax, bmax)

e a~ uniform(—amax, avax)



As a defauliaax[d] = 0.1 andbmax[d] = 1.0 were used for aldl.
Each plate consisted of a fixed sized window at a random time.

e t ~ uniform(s, te)
e W.I ~ uniform(-1.0, 1.0)
e Wh=W.I+w

for some pre-specified window widthy. The following default values were used:
ts=0.0,te = 1.0, andw = 0.01.

We primarily present the results in terms of the average rrmbpruning queries.
This measure was chosen so as to be independent of codezgitons such as cache
friendliness. Wall clock time performance is discussedfbyiin Section 4.4. Each ex-
periment in this section was performed 30 times and the geaesults are presented.

4.2.1 Relative Set Sizes

A primary factor in the relative performance of the methathe relative sizes of the
data set. We would expect plated-based and track-basestdattures to perform well
on data sets with high numbers of plates and tracks respéctiBelow we examine
this trend.

Increasing the Number of Plates:As the numbers of plates increases, we expect
that the plate tree will be an efficient data structure forgheries. Further, its relative
efficiency over the other approaches will increase becaesarevbuilding a data struc-
ture on the more “important” set. Table 1 shows exactly tt@ad. In this experiment
we kept the number of tracks fixed ldt = 1000 and increased the number of plates.
The plate tree algorithm scaled better than the other algos. While the other single
tree based algorithms provide a speedup over the exhaatgivgthm, their speedups
remained a constant factor as the number of plates increBsely, it is worth noting
that the dual tree algorithm performed at the same levelepltte tree algorithm.

Increasing the Number of Tracks: A similar trend occurs when the number of
tracks is increased, as shown in Table 2. In this experimenkept the number of
plates fixed atNp = 1000 and increased the number of tracks. In this case, tble tra
based ball-tree algorithms scaled best, while the plate-#tnaintained to a constant
factor speedup. Despite being a “track-based” approaehrétk-based KD-tree did
not perform as well as the other algorithms. Again the dwed-@lgorithm performed
at a level comparable to the track-based ball-tree.

Increasing Both the Number of Tracks and Plates:As the number of both plates
and tracks increase, we expect to see improvements fronfi tlealgorithms. This
is shown in Table 3. The dual tree algorithm performed ambedest for all experi-
ments, often performing noticeably better than the othpragches. It is worth noting
that the plate-tree algorithm remains very competitivendoee a large number of tracks
relative to the number of plates. This is because the prugirggies are much more
efficient on the plate tree since the track-based trees leé/edy weak bounds.

10



Np | E Tp Tk T8 Tps
10000| 10.000 0.125 2.529 1.415 0.121
20000| 20.000 0.163 5.053 2.812 0.161
30000 30.000 0.191 7.615 4.221 0.189
40000| 40.000 0.214 10.121 5.613 0.213
50000 50.000 0.234 12582 7.043 0.233
60000| 60.000 0.250 15.126 8.427 0.249
70000| 70.000 0.267 17.610 9.794 0.267
80000| 80.000 0.282 20.452 11.284 0.282
90000| 90.000 0.295 22.796 12.677 0.295

100000| 100.000 0.307 25.092 14.009 0.308

Table 1: The average number of pruning queries (in millidasgach algorithm as the
number of plates increases. The number of tracks is held §ik&d00.

Nt | E Tp Tk T8 Tes
10000 10.000 0.503 1.245 0.527 0.339
20000| 20.000 1.008 1.989 0.771 0.610
30000| 30.000 1.505 2.614 0.960 0.856
40000 40.000 2.005 3.155 1.122 1.080
50000| 50.000 2.499 3.673 1.261 1.288
60000| 60.000 3.021 4.169 1.403 1.503
70000| 70.000 3.506 4.642 1520 1.695
80000| 80.000 4.023 5.087 1.637 1.889
90000| 90.000 4.533 5.508 1.745 2.071

100000| 100.000 5.020 5.939 1.843 2.241

Table 2: The average number of pruning queries (in millidasgach algorithm as the
number of tracks increase. The number of plates is held fix@8G0.

Ny Np | E Tp Tk Ts Tps

5000 50000 250.00 1.170 39.047 17.798 1.140
10000 50000 500.00 2.338 62.320 26.354 2.239
25000 50000 1250.00 5.844 15.432 43539 5.423
50000 50000 2500.00 11.683 84.278 63.351 10.495
50000 25000 1250.00 8.912 92.138 31.720 7.578
50000 10000 500.00 6.245 36.828 12.654 4.805
50000 5000 250.00 4780 18.422 6.340 3.330

Table 3: The average number of pruning queries (in millidosVarying number of
plates and tracks.

11



maxv maxa | E Te Tk Ts Teg

1.000 0.100] 25.00 0.4782 3.8939 1.7833 0.4159
0.100 0.100] 25.00 0.4564 2.6205 0.3642 0.2279
1.000 0.010] 25.00 0.4781 3.8272 1.7789 0.4152
0.100 0.010 25.00 0.4553 2.5645 0.3401 0.2145
0.010 0.001| 25.00 0.4487 2.4016 0.2172 0.1101
0.000 0.000] 25.00 0.4474 0.1145 0.2091 0.1009

Table 4: The average number of pruning queries (in millidos)a varying level of
movement.

4.2.2 Relative Movement

Another factor in the relative performance is the amount ofement that tracks may
undergo. In other words, changing the maximum velocity areeékeration of the tracks
will affect how the different approaches perform. For exéampne of the primary
advantages of the track-based ball-tree over the trackebid®-tree is that the ball-
tree accounts for the movement over all time. If this movenietimited then the

advantage will become less significant.

The effect of relative movement is shown in Table 4. In thipeximent both the
number of tracks and plates were held constamtat 5000 andNp = 5000 while
the minimum and maximum acceleration and velocity for tlagks were varied. As
shown these changes had very little effect on the plateaigarithm. In contrast the
track-based algorithms were significantly affected. Asrttevement was decreased,
the bounds become tighter and the pruning queries become efficient. This is
especially apparent in the track-based KD-tree.

4.3 Astronomy Data

In addition to completely artificial data, we examined siatatl data from the astron-
omy domain. Specifically, we simulated orbits for realigtensities of belt asteroids
and near earth objects. These non-quadratic orbits weddogenerate 8 observations
with two observations per night on every fourth night. Eablseyvation consisted of
three components: Right Ascension, declination, and tif first two components
give the object’s location in the sky.

This data was used to test the attribution query. We appratdchthe orbits as
quadratic tracks and searched for all pairs that could bédichatribution. We defined
a valid attribution as any track/observation pair that ¥gthin 0.001° in declination
and 0225 in Right Ascension of each other. These thresholds wereechbscause
they found at least 99% of the true attributions and at most 25% of the returnerspai
were incorrect. Finally, we varied the size of the region lof ander consideration
from 1 square degree to 100 square degrees. Only observati@htracks that fell
within this region were considered.

Table 5 shows the results of this experiment. As we incretisedegion of the
sky, we included more tracks and observations and incrahsesize of the problem.

12



Size| Nr Np | E Tp Tk T8 Tes
1| 1768 8504 15.04 0.19 1.71 116 0.16
4| 4395 28284 12431 0.64 7.08 5.04 055
9| 8731 57855 505.13 141 17.08 11.77 1.17
25| 23066 160300 3697.48 4.23 43.28 38.21 331
100 | 66222 470477 31155.93 13.58 148.41 135.80 10.10

Table 5: Number of pruning queries (in millions) requirectswer attribution queries
for various sized regions (in square degrees).

Nt Ne | Tp Tk Ts  Tps
100000 1000 5.2 7.7 2.1 3.1
50000 50000 16.6 171.8 529 14.0

1000 100000 <1 94 32 <1

Table 6: The average time (in seconds) for varying numbetlatép and tracks.

All of the tree-based algorithms performed well, scalingngficantly better than the
exhaustive search. The high ratio of plates to trees was\@angage for the plate tree
algorithm. However, the consistent winner was the dualaigerithm.

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 pbkesto restrict the tracks to
the small set that correspond to the region of interest abk@tie. Second, attribution
gueries may not always have all of the observation data aptfrif observations are
coming in one at a time, then it is better to use a track baggatitim. However, if the
observations are coming in batches then a dual-tree digoi# the best choice.

4.4 Real Time Performance

All of the results above are presented in terms of numbenagfipg queries, leaving the
guestion of whether the different algorithms provide truening time speedups. The
reason for this method of comparison is that the number afipguqueries provides
a standardized measure that is independent of code optianigasuch as data order-
ing and cache friendliness. However, this measure doesawouat for potentially
expensive pruning computations.

In the above experiments, the running time correspondeldeatimber of prun-
ing queries. The average running time for some trials is showTable 6. While
the performance ratios differ from the ones based on the euwibpruning queries,
the relative advantages of algorithms is still reflectechia &lgorithm running times.
Again, it should be noted that the running time of all the allipons may be improved
through further code optimizations. For this reason, weigogarimarily on the using
the number of pruning queries for comparison.

13



N| T Tk Ts
50000 0.8 0.8 2.3
100000| 2.2 24 6.4

Table 7: The average time (in seconds) for varying numbetatép and tracks.

Another factor that must be considered is the cost of crgdhie data structures.
If the data is split roughly in half at each level of tree constion then all algorithms
should have running time ®l{ogN). Despite this, the computational cost of the split
decisions varies widely between trees. Table 7 shows soma@ng times for tree
construction. As shown, the track-based ball-tree is Sgaritly slower to construct
then the other trees. However for problems with large numbégtracks or problems
where plates arrive one at a time, the track-based ballsst#l the best choice. It only
needs to be constructed once for all future queries withértithe window. Again, it
should be noted that we did not rigorously optimize the aaresipn code and that
these times may be improved.

5 Poor Track Models

The above algorithms and discussion assumes that we hagekantrodel. Further,
we assume that this model is relatively simple so that we bieta prune relatively
quickly. However in many domains, we may not have such a moBet example,
in the astronomy domain the actual track in Right Ascensiwha@eclination is not a
simple quadratic.

The solution to this problem is to break the track into chuwkere it can be ap-
proximated by a simple known function. This is exactly themach we take in the
astronomy domain. Over a short period of time (up to 16 abighite) we can treat the
orbits as roughly quadratic. We account for systematic rheders by increasing the
threshold for attribution. As shown by the experiment onakEonomy data, such an
approximation lead to a small increase in the number of rembattributions € 25%)
and the number of missed attributionrs 0.1%).

6 Related Work

The use of tree-based data structures on points or regiosgagk is a common ap-
proach to accelerate these types of spatial queries. Inrttidgm of ray-tracing, plac-
ing objects in tree structures is a common and successfubapp[Glassner, 1984,
Watt, 200Q. Our plate-trees are both more general and more specificttizatiees
used in computer graphics. We allow the use of more thanijusat rays, but make
explicit use of a dimension corresponding to an independanable. In the field

of tracking, tree structures are used to accelerate spat@ies for data association
[Uhimann, 2001. Here though, the data structures are built on the obsenstr
predicted track positionat each time stepWhile this can be used to speed up data
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association queries at a given time step, it is not appletbbur queries of interest.
First, we are interested in cases where each time step magic@h most one obser-
vation. Thus building a tree on the plates or observatiofigwt provide any benefit.
Second, we are interested in plate or observation baseieguethere we have many
tracks but only a single plate.

The approach of building data structures on tracks has beesidered in a vari-
ety of domains. Arvo and Kirk proposedy classification a technique to accelerate
computer ray tracingArvo and Kirk, 198%. Rays are represented as points in 5-
dimensional parameter space and partitioned into diffepeups. A similar technique
has been presented in databases to answer queries abougnobyjects[Kollios et
al., 1999, Salteni®t al, 2000, Papadopoulat al, 2004. Again, the linear tracks
are effectively treated as points in parameter space focdhstruction 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, fot optimal, forall time.
We tested a similar method, extended to more complex tracketapto provide com-
parison with the more efficient ball-tree based data strectirinally, Pfoseet. al.
presented two tree models for querying piecewise lineaksEPfoseret al, 2004.
These structures exploited the fact that 2-dimensioneksraould be broken into line
segments and treated as a set of 3-dimensional objects.

Finally, the use of multiple trees has been explored forlkduianswering spatial
gueriedGray and Moore, 2041 However, this work is so far been restricted to simple
spatial queries on points using only one type of tree. Inremtt we consider the
application of two different types of trees containing irév different types of data to
more complex spatial query.

7 Conclusions

We presented several different data structures and digusithat are designed to ef-
ficiently answer occurrence and attribution queries. Wegmeed data structures and
algorithms adapted from tracking and computer graphicsddkwn higher dimen-
sional data sets with nonlinear tracks. In addition, weoidticed a new data structure
and algorithm that can significantly outperform previouprapches for queries with
many tracks. Finally, we introduced a novel dual-tree appihahat combines the ad-
vantages of both an observation-based data structure aadkaltased data structure
to provide consistently good performance over a wide rarfigeieries.

The relative performance of these algorithms varies withitiput data. The plate
tree clearly performs well on many of the data sets and testscaven when there
are more tracks then plates. This performance is aided bfatii¢hat the plate tree
provides a simple and tight pruning rule. As the number altsdecomes significantly
greater than the number of plates, the track-based trelestsstter than the plate tree.
The single-tree winner in this case is our new track-bastdrea. The ball-tree allows
the splits to take into account multiple aspects and dinogrssdf the track at the same
time and also weights these aspects accordingly. Furtiaek-based trees are useful
for cases where observation data is being streamed in omyg se&ds of plates must be
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compared against a single large set of fixed tracks. Thedatsr is especially useful
for such tasks as evaluating different observation sclesdiiVen a set of known orbits.

The dual-tree algorithm provided the best performance twerentire range of
cases. It was able to leverage the advantages of both trésspeiformance was
always best or practically close to the best performancesThis approach provides
the natural choice for these queries.
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