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Abstract

Spatial queries can be evaluated 1n native space or in a parameter
space In the latter case, data objects are transformed mnto points
and query objects are transformed into search regions The
requirement for different data and query representations may
prevent the use of parameter-space searching in some
apphications Native-space and parameter-space searching are
compared 1 the context of a z order-based spatial access method.
Experimental results show that when there 1s a single query
object, searchmng mn parameter space can be faster than searching
n nattve space, 1f the data and query objects are large enough,
and of sufficient redundancy 1s used for the query representation
The result 1s, however, less accurate than the native space result

When there are multiple query objects, native-space searching 1s
better mtially, but as the number of query objects increases,
parameter space searching with low redundancy 1s superior

Native-space searching 1s much more accurate for multiple-object
queries

1. Introduction

Most access methods designed for spatial queries against
pomt data operate by partitioning the space The structures differ
from one another 1n the techruques used for partiioning the space,
and the mechanisms for locating the partitions Non-pomt data 1s
more complicated to orgamize A point can be classified in exactly
one partition of the space, but this 1s not true for non-point
objects There are several ways of dealing with this problem, and
each has given rise to at a number of recent access methods

The simplest way of dealing with non-pomt objects 1s to
transform the search problem from its “native” space mto an
equivalent search problem in a parameter space It1s then possible
to use any access method for point data to implement the search
Many such structures have been proposed for use 1n a database
environment [LOME, LOME89, MERR78, NIEV84, OREN84,
TAMMS2] One example of this techmique 1s to transform k-
dimensional boxes 1nto ponts 1n a 2k-dimensional space (Boxes
are assumed to be oriented so that each face 1s perpendicular to
one axis of the space ) Transformations of this kind require fairly
simple spatial objects, so in many cases it 1s necessary to place
the data objects 1n contamers which are then parameterized
[HINRSS5]
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Other techmques for handling non-point data are based on
partitioning the native space Access methods that use this idea
have to address the problem of how to deal with data objects that
span partiions The R-tree [GUTT84] assigns such an object to
one of the partitions Interior nodes of the structure represent
regions of space containing a union of partitions These regions
may overlap, and if a query covers the area common to two
regions, then both correspondmg subtrees have to be searched

The R+-tree [SELL87] deals with objects spanning partitions
differently by storing a copy of the object in each overlapping
partition Regions 1 mterior nodes no longer overlap one another,
but the tree 1s larger than the corresponding R-tree, because some
objects are stored redundantly The same techmque can be applied
to the gnd file [NIEV84] and EXCELL [TAMMS2] to yield
structures for non-point data, (see [HORN87] for the grid cell
vanant, and [MANT83] for the EXCELL variant)

Access methods based on z order [OREN86, OREN88] also
use redundancy to deal with non-point objects Z order-based
access methods, and the use of redundancy 1n such structures will
be discussed 1 section 3

None of the non-point access methods mentioned can
provide completely correct answers to spatial queries In one way
or another, each structure introduces an approximation of the data
objects As long as these approximations are conservative, a
search acts as a filter, returning all objects satisfying the query,
and possibly some others For this reason, spatial queries mvolve
the following two-step strategy

« Filter step The spatial index 1s used to rapidly eliminate
objects that could not possibly satisfy the query The
result of this step 1s a set of candidates which mcludes all
the results and possibly some false hits

* Refinement step Each candidate 1s examined False hts
are detected and elimunated

The filter step involves retrieval from the database, so the time
measure of interest is the number of disk accesses The
refinement step 1s typically CPU-ntensive, and 1its running time 15
dependent on the accuracy of the filter step since each false hit
has to be examined For some access methods, accuracy of the
filter step can be controlled to some extent, so 1t 1s possible to
adjust the ime spent in each step according to application-
specific concerns For example, if the data and query objects are
points and boxes respectively, then each candidate can be venfied
very rapidly But if the data and query objects are more
complicated, e g arbitrary polyhedra, then verification 1s more
expensive and it may make sense to spend more time 1n the filter
step to reduce the number of false hits Section 3 3 shows how,
for z order-based structures, the accuracy and time of the filter
step are related, and how they can be controlled by adjusting the
amount of redundancy 1n object representations



The aim of this paper 1s to compare native-space and
parameter-space techmques for dealing with non-point data The
orgamization of this paper is as follows Section 2 describes the
overlap query, and the evaluation of this query in native and
parameter spaces Section 3 provides an overview of z order-
based access methods, a techmque that can be used to umplement
both native-space and parameter-space searching The
experiments to be descnbed were camied out using this techmque
Section 4 describes the design of the experiments, and section §
presents results and analysis Section 6 contams a summary and
conclusions

2. Data and query object representations

2.1, The overlap query

The problem that drives much research on spatial searchung
1s to find all data objects overlappmng, containing, or contamned by
a given query object This, and other important problems are
special cases of the overlap query. Given two sets of spatial
objects, D and Q, find parrs (d, q), such thatdis m D, q1s m Q,
and d and q overlap1 A range query 1s an overlap query m which
D contamns pomnts and Q contamns a single box In pont
classification, D contains objects that partition a space, (e g the
regions of a map), Q contamns a single point, and the goal 1s to
discover which partition contains the pomnt

There are also situations in which both IDI 21 and IQl 2 1
For example, i VLSI applications, one form of validity checking
mvolves spatial constramnts that require some minmmum separation
between objects of certain types In this case, one input set
contamns objects of one type, and the other contains objects of the
other type, “expanded” or “buffered™ by the separation specified
in the constraint The overlap query reports violations of the
constraint

Queries mvolving proxumity can be transformed into overlap
quenies The nearest-neighbor query finds the data object nearest a
given pomt, ¢ Given an upper bound, r, on the distance between
q and 1ts nearest neighbor, a search region can be defined by
drawing a circle of radius r around q The nearest-neighbor must
fall within the circle A good upper bound 1s easy to find with any
spatial structure

In the following sections, a one-many query will denote an
overlap query in which IDI = 1, and a many-many query will
denote an overlap query m which IDI 2 1

2.2, Overlap queries 1n parameter space

A one-many query can be evaluated in parameter space by
transforming data objects mto pomts, and query objects into
search regions The query is evaluated by locating the points
mside the search region Figure 1 shows a one-many query in 1-d
space There are four data objects, intervals [1, 2], [3, 3], [5, 5],
and [7, 7] Each data object can be transformed into a pont in 2-d
space by treating the left boundary as the x coordinate, and the
night boundary as the y coordinate

There 1s a smgle query object, [2, 5], which overlaps all data
objects except for [7, 7] The overlap query locates all intervals
[lo, hu] overlapping the query mterval [glo, ghi], 1 lo < gh1 and
hi 2 qlo Therefore, the query 1s transformed 1nto a region 1 the
2-d parameter space, 0<x<5,2<y<7

1 D and Q are meant to represent “data” and “query”
respectively, although, as discussed in section 2 3, the distinction
15 often artificial
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Figure 1
One-many query
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Many-many queries can be transformed to parameter space
also One of the mput sets, D, 1s identified as data, and each
object 1s transformed mto a pomnt as n one-many queries The
other mput, Q, 1s 1dentified as query, and each object 1s
transformed 1nto a region These representations will be referred
to as D and Q formats respectively In figure 2, D 1s the same as
mn figure 1 Q contams two objects, [0, 3], [3, 6] The response to
this query contans four pairs of overlapping objects

Query object Data object
[0,3] {1,2]
{0, 3] [3,3]
3, 6] (3,3]
[3, 6] [5.5]

As 1n figure 1, a query object 1s represented by a region mn
2-d space The [3, 3] interval, which 1s covered by both query
objects, belongs to both query objects This 1s emphasized by dark
shading i figure 2



Figure 2
Many-many query
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The terms “data” and “query” are used here to idenufy different
transformations From a user’s point of view, the two mputs to an
overlap query are symmetric

2.3. One or two representations?

In practice, 1t 1s often the case that spatial objects play dual
roles, sometimes acting as data, sometimes as query In the query
“find all cities within 20 miles of the road 195", the object
representing the geographic extent of Boston 1s retrieved as a data
object In the query “find all aircraft within 5 miles of Boston”,
the same object 1s used to define a query region In other words,
the classification of a spatial object as data or query is not
mherent 1 a spatial object, but mnstead applies to the role of an
object or set of objects within a query

This presents a problem for parameter-space searching
where data and query objects have different representations For
one-many quenes, the problem 1s not serious Objects can be
stored in the D format, and the Q format can be derived as
needed However, for many-many queries, the use of different
data and query representations 1s more problematical Either two
representations have to be stored and maintained, or 1t 1s
necessary to compute the second representation before the query
can be evaluated

For example, suppose that an application has three sets of
spanal objects, A, B, and C, and suppose that overlap quenies
mvolving all three pairs, AB, BC, and AC are required In order
to run an overlap query, one mput must be in D format, and the
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other must be in Q format Suppose that A and C are stored m D
format and that B 1s stored in Q format Then AB and BC can be
computed immediately But the AC overlap query cannot be
evaluated until exther A or C 1s made available in Q format Thus
sigmificantly mncreases the cost of the query

3. Overview of z order-based access methods

In [OREN84] a solution to the range query problem 1s given
The techmque used 1s to transform the problem of finding all the
pomnts 1 a k-d box mto an equivalent search problem 1n 1-d Each
data point 1s transformed mnto a 1-d mnterval of size 1 and the
query box 1s transformed into a set of mtervals of varying size A
data point 1s contained by the query box iff the corresponding
mterval falls in one of the query's intervals This approach yields
a fanmuly of data structures for evaluating range queries A member
of this family 1s derived by providing an access method that
supports random and sequential access, e g a sorted array, an
AVL tree, or a b-tree The search algorithm 1s expressed m terms
of random and sequential accesses to the underlying access
method In spite of the generahity of this approach, performance 1s
comparable to that of more speciahzed structures Furthermore,
this approach permuts all the theory, techmques, and even
software, that has been developed for ordmnary (one-dimensional)
searching problems, to be applied to spatial searching

This approach can be generalized to deal with arbitrary
spatial objects and overlap queries [OREN86] Each spanal object
m each mput set 1s transformed to a set of 1-d intervals An
algorithm called spatial join 1mplements the filter step Each
resulting candidate 1s a pair of objects, one from each nput, that
are hikely to overlap Spatial join and filtering algorithms for other
spatial problems appear in [OREN88] These algorithms comprise
the geometry filter (GF) Sections 3 1 and 3 2 provide a brief
overview of the spatial join algorithm

3.1. Decomposition: generating the geometry filter's
representation

As discussed above, the geometry filter works by
transforming a k-d spanal object mto a set of 1-d mtervals There
are many ways to do this Many of the modularity and
performance benefits of the geometry filter derive from the
particular way in which the geometry filter does this
transformation

The “conceptual” representation used by the geometry filter
15 a gnd of fixed resolution The representation for an object 1s
obtained by noting which cells are completely or partially
occupied by the object This representation 1s a conservative
approximation Partially occupied cells are included so that the
filtering property 1s retamed If such cells were omitted, then the
approxmmation would not be conservative and some positive
results would be lost m the output of the filter step

The grid representation can easily be transformed to 1-d,
e g, by histing the occupied cells in row-major order However,
the number of occupied cells depends on the volume of the object
As aresult, the space and ume requirements for algorithms based
on this representation will be very high Instead, an encoding of
the grid 1s used The space 1s recursively partitioned until the
resolution of the gnd 1s reached Regions that are entirely
contamed 1 the object do not have to be sphit further The space
requirement for this encoding 1s proportional to the surface area
of the object, not the volume, so the space and time requirements
are much better

By constramning the partittoning process, a highly compact
representation of the spatial object can be obtamed A region
created by partitomng under these constraints 1s called an



element Typically, each element can be described by one 32-bit
word Each partition 1s represented by one bit, and the
relationship of the element to the partition 1s described by the
value of the bit. (In 2-d space, a 0 means to the left of or below A
1 bit means to the right of or above) The bit-sequence
corresponding to an element 1s called a z value Given a z value,
the size, shape and position of an element can be reconstructed

Figure 3 shows the encodmg of a spatial object achieved by
elements This 1s a more compact representation than the explicat
listing of each gnd cell, since the storage requirement for each
element 1s the same, regardless of 1ts size

Figure 3

The decompose algornthm 1s responsible for generating the
elements corresponding to a spatial object In spite of the
constraints on the partitioning process, there are actually a variety
of decomposition strategies, as described in section 3 3

The geometry filter's representation for a set of spatial
objects 1s obtamned by decomposing each object, associating each
z value with the object, and then merging all the (z value, object)
paus nto a single 1-d access method, keyed by z value
Redundancy occurs when the same object 1s associated with
multiple z values This structure will be referred to as the GF
representation or GF sequence

The geometry filter algonthms operate by generating random
and sequential accesses against GF sequences

3.2, Spatial join: generating candidates

The spatial jomn algonthm performs a merge of two GF
sequences, searching for situations where an element 1n one
sequence, as represented by 1ts z value, contamns an element from
the other mput This can be determined by checking whether the
binary representation of one z value 15 a prefix of the other When
such a parr 1s found, a candidate, comprising the objects
associated with the elements, 15 generated If the sizes of the mput
sequences are IDI and IQ), then the time for the merge 1s O(IDI +
IQI) disk accesses However, 1t 1s often possible to do much better
For example, consider a range query The n data points yield a GF
sequence of size n The other mput set will contain some small
number of elements for the query box The merge can be
optmized by taking advantage of the fact that the elements of the
query box usually occur n clusters For example, all the data
pomts whose z values are less than that of the first query element
can be skipped Sumilarly, the data pomnts between elements of the
query box and those data pomts following the last element of the
query can be skipped In general, data elements in the space
between query elements can be safely ignored The ability to
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“skip over” elements that are clearly not of interest 1s the source
of the random access requirement.

With this optimization, and assuming a certain distribution
of data (which 1s more regular than umform), it can be shown that
the expected performance for range queries 1s O(fN) where f1s
the fraction of the space covered by the query, and N 1s the
number of data objects [OREN86]

3.3. Redundancy

The decomposition of a pomnt object yields one single-cell
element For non-point objects, decomposition yields multiple
elements The redundancy of a GF representation 1s R = (number
of elements) / (number of objects), R 2 1 In searching a
collection of non-point objects with a box query object, the
performance 1s O(fNR4) [OREN89a] where Ry 1s the redundancy
of the collection of data objects (As discussed below, this does
not hold for low values of Rq ) Redundancy of the query
representation will be denoted by

In practice, the decomposition algonthm described above
generates too many elements R{ increases with the surface area
of the objects being decomposed, and the resolution of the space
The problem 1s that the decompose algorithm introduces
redundancy m an uncontrolled way In [OREN89a, OREN89b] 1t
was shown that redundancy could be controlled by limiting the
number of elements generated by the decomposition, or by
himiting the accuracy of the decomposition With either approach,
the time required by the filter step, as measured by disk accesses,
first decreases as Rq increases, and then mcreases In figure 4,
this 1s shown for 20 x 20, 100 x 100, and 200 x 200 queries 1n a
1000 x 1000 space contaming 5000 boxes of size 30 x 30

Figure 4
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This occurs because, at low redundancy, the decompositions are
very poor approximations of the objects, and there are many false
hits For higher values of Ry, accuracy of decomposition 1s better,
and the hinear increase m f, N, and R can be observed

Accuracy of the filter step 1s defined as the number of 1tems
satisfying the query divided by the number of items located by the
filter step Accuracy increases monotonically, with the biggest
gains appearing at low values of Ry, (see figure 5)
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Thus 1s fortunate since, for the data sets studied, accuracy is near
1ts maximal value when disk accesses are mimmized

The studies cited above examined native space searching
only, and focussed on the effect of redundancy applied to data
objects In the experiments to be described, redundancy of the
query objects 1s sigmficant also

4. Design of the experiments

The experiments to be descibed compare the performance of
native-space and parameter-space implementations of the overlap
query A z order-based access method, the zkd b+-tree, 1s used mn
both implementations In native space, redundancy is applied to
objects in both D and Q In parameter space, objects in D format
are points, so no redundancy 1s required, but objects m Q format
are regions, so redundancy 1s used As discussed 1n section 1, we
are interested in the disk accesses required by the filter step, and
accuracy of the filter step

Time 15 measured by counting disk accesses If a page 1s
requested while present in a buffer, a disk access 1s not counted
Accuracy 1s defined as the number of items m the result divided
by the number of candidates These definitions are applicable to
both one-many and many-many quernes

The details of the design are as follows

« Experiments were carried out on 1-d and 2-d native
spaces2

» Native spaces had 12 buts of resolution, 21210 14,26 x
26 1n2-d Parameter spaces had 24 hits of resolution, 212
x2121n2.d,26 x26 x26x 261 44

¢ The coordinate systems in which data and query objects
are described had a resolution of 212 = 4096 per
dimension, e g 21252121524 spaces

2 Unless stated otherwise, the discussion refers to data and
query objects 1n the native space
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« Six data sets were used, 1-d intervals of size 10, 50, and
100 (in a space of size 212), and 2-d squares of size 50 x
50, 200 x 200, and 500 x 500 (in a space of size 212 x

212y Each data set contams 5000 umformly distributed
objects

» Input sets were stored in zkd b+-trees, with leaf capacity
of 20 2-d boxes or 30 1-d mtervals Each b+-tree had a
private pool of 15 page buffers, managed using LRU
Teplacement

» Innative space, data objects were decomposed using the
ERROR-BOUND(8) strategy, which was reported to be
optimal for similar data sets i [OREN89a]

Two coordmate systems are used in this design The data and

query objects are described 1n a space with resolution of 212 -
4096 1 each dimension The geometry filter uses a different
space, as described above, and 1s responsible for transformations
between the two spaces The performance of the geometry filter 1s
not significantly affected by the resolution 1t uses (unless a very
coarse resolution 1s used, in which case accuracy will suffer) The
reason for this 1s that the imits on redundancy, as described 1n
section 3 3, will usually terminate the decomposition process well
before the resolution of the space 1s reached (See [OREN89a] for
further discussion of this pomnt )

There are a number of ways to transform intervals and boxes
mto higher-dimension spaces One technique 1s to use end-ponts
For example, the 1-d interval [lo, 1] would be represented by the
2-d pomnt (lo, hi) Other parameterizations are obtamed by using
some fixed position, € g, an end-pomnt or the center, and the
extent In these experiments, end-points were used Other
transformations would most likely affect quantitative results, but
not the trends to be described

The software used in the experiments was developed in C
and run on a Commodore Amiga 2000

5. Results and analysis

This section presents the results of the experiments, and
proposes explanations for the observations Furst, the results for
one-many queries are described Next, results on many-many
quernes are presented To the best of my knowledge, there are no
other published performance results for many-many queries
Finally, results concerning storage requirements, for both one-
many and many-many quenes are presented

5.1. One-many queries

Figures 6-8 show how disk accesses to D (the collection of
data objects) and accuracy for one-many quenes mn 1-d space vary
with query size The graphs show results for data objects of size
10, 50, and 100 (in a space of s1ze 4096 as described 1n section 4)
All graphs show natve space results for Rq < 83 The results for
Rq < 12 were virtually 1dentical, indicating that query redundancy

3 Rq 1s given as an mequality because the decomposition
algorithm guarantees only that redundancy will not exceed the
stated bound The maximum number of elements 1s generated,
and then elements that can be merged wathout loss of accuracy are
merged This results in less redundancy than the maximum

permutted



greater than 8 1s not needed 1n native space All graphs also show
parameter space results for Rq < 16, 32, 64, 128, and 256 For the
disk access results, the curves for Rg <128 and Rq < 256 are very
close, and further increases seem unhkely to produce significantly
better results The more-or-less linear increase 1n disk accesses
with both query size 1s consistent with [FALO8%a], which
examined a different transformation to parameter space

Figure 6a
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For data object sizes 50 and 100, the disk access curves for
parameter space cross the native space curve The query size at
which crossmg occurs depends on the amount of query
redundancy used in the parameter space For example, in figure
Ta, at Rq < 16, the curves cross at query size 270
(approximately), while the crossing 1s at 120 for Rq=<256 In
figure 6a the curves do not cross, but a small extrapolation
suggests that they will cross just past query size 400 (the largest
query examined)
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The general pattern 1s that small queries are cheaper n nanve
space, but that the rate of increase 1s faster than for parameter
space queries As mentioned above, the number of disk accesses
expected 1s O(fNRq), and in parameter space Rg =1 Itis
therefore to be expected that, 1n the natve space, where Rg > 1,
disk accesses increase more rapidly
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In terms of accuracy, the natve space results are extremely
good - consistently above 90% except for the smaller quenes with
data sizes 10 and 50 The parameter space results cover a wide
range Only with the hghest query redundancy tested do the
parameter space results approach the native space results

Figures 9-10 show the results for 2-d data The data object
sizes are 200 x 200 (figure 9) and 500 x 500 (figure 10) 50 x 50
results were obtamed and are qualitatively similar to the 200 x
200 results They are not shown due to space himatations For the
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disk access results, only the data size 500 x 500 graph clearly
shows the pattern observed for 1-d data It 1s possible that the
smaller data sizes will show the same crossing at much larger
query sizes The accuracy results follow the same pattern as 1n 1-
d, but the parameter space results are not as good, relative to the
1-d results

Figure 9a
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Figure 10a
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These results show that neither approach 1s consistently
superior with respect to disk accesses For sufficiently large data
and query objects, parameter-space querymng provides better
results, given enough query redundancy The explanation 1s as
follows 1ncreasing data object size leads to an increase mn data
redundancy 1n the native space representation As a result, a large
query 1n the native space will retrieve several copies of each data
object While the parameter space search provides less accuracy,
each object is retrieved only once, whereas in the native space,
accuracy 1s better, but each candidate 15 retnieved R4 times on the
average Lowernng data redundancy i the native space 1s unlikely
to reverse the trend, to favor native space, since data object
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decompositions will be less accurate, resulting in the retrieval of
more data objects [OREN89a]

If data objects are sufficiently small, or query objects are
sufficiently small, or 1f the cost of refinement per candidate 1s
sufficiently high, then a nanve space representation should be
used

5.2. Many-many queries

Many-many queries generalize one-many queries by
permutting any number of query objects The distinction between
“data” and “query” 1s not clear for a many-many query, but the
terms are still useful in describing the two different
transformations required for parameter-space searching
The experiments in this section examine disk accesses and
accuracy for 1-d as the number of query objects, 1QI, 1s varied In
each experiment, the size of the objects in Q are fixed The results
for IQl = 1 are from the experiments on one-many queries The
disk access results reflect accesses to D and to Q Figure 11
shows the results for query objects of size 1

Figure 11a
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Native space searching is cheaper for the range of IQI
exammed, but 1t appears as if parameter space searching with Rq
< 16 will be cheaper when there are more than 200 query objects
(There are 5000 data objects ) Disk accesses increases wath 1QI,
but the rate of increase drops as IQ| increases The change in rate
1s sharper for parameter space This phenomenon will be
discussed below Accuracy 1s virtually constant across the range
of IQl exammed The parameter-space accuracy results are far
worse than the native-space results
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Figure 12 shows the results for query objects of size 100
The accuracy results are agam constant, but are higher than 1n
figure 11 The disk access results are mdistinguishable until IQ! =
50 For the larger query object size, native space results get worse
relative to parameter space results Past IQl = 50 the curves
separate, and the rate of mcrease drops (this 1s more exaggerated
than in figure 12) The reason for the “break™ at IQl = 50 1s as
follows As IQl increases from 1, more and more of the space 1s
covered by query objects. In other words, less and less of the
space 1s not covered by any query object The spatial jon
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algonthm takes advantage of these “gaps” by skipping over parts
of D (the other mput) that are not covered by any query object As
more query objects are added, fewer opporturuties for this
optimization occur Finally, the space 1s entirely covered by query
objects Starting at |Ql = 50 (or slightly above), nearly all pages of
D are being accessed, and further increases are due solely to
increases 1n the space requirement for Q

In figure 12a the best disk access results are obtamned n
parameter space with the lowest query redundancy exammed, 16
The reason for this follows from the explanation given above
When the entire space 1s covered by query objects, all the data
pages will be accessed regardless of query redundancy (1e
accuracy), so the only way to save on disk accesses 1s to reduce
the storage requirement of Q This can be done by reducing query
redundancy As with IQl = 1, 1t 1s necessary to choose between
speed and accuracy - the strategy that leads to the best disk access
results (for query size 100) also has the worst accuracy

Figure 12b
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The disk access results of figures 11a and 12a support the
earlier claim that the time requirement of the spatial jom 1s O(IDI
+ 1Ql) disk accesses The disk accesses never exceed the total
number of pages occupied by D and Q

It was noticed that mn all native-space searches, every page of
every query zkd b+-tree was accessed However, n parameter
space, a sigmificant fraction of the pages were untouched This
can be explained as follows For the data set and transformation
used, the points representing data objects lie near the “main
diagonal”, (the line x = y 1n 2-d) The distance of a data pomnt
from the diagonal 1s determined by the size of the object Each
search region corresponding to a query object covers a large
fraction of the space, mcluding the upper left corner (see figure
2) Elements lying far away from the main diagonal contamn no
data elements and are rarely accessed If a page of the Q zkd b+-
tree contams only these distant elements, then the page will not be
accessed Other transformations of the same data set (e g as
(FALO89a]) would, most likely, show the same phenomenon

5.3. Storage requirements

The zkd b+-trees for the parameter space data sets showed
storage utihization between 68% and 70% For native space,
storage utilization was lower, from 63% to 69% The storage



utihzation decreased as data object s1ze increased The reason for
this may be related to the fact that the elements resulting from the
decomposition of a single object were inserted in order of
ascending z-value Larger objects yield more elements (since data
objects were decomposed using the ERROR-BOUND strategy)
Storage utilization could be increased by using b*-tree techmques
(in which records are sometimes shufted among neighbors to
avoid sphitting) It 1s also possible that changing the order of
msertion would have some benefit

The storage utilization results for the 2-d experiments
resemble the 1-d results For the parameter space experiments,
storage utilization was 69%-70% For nauve space, storage
utilization was 69% for the 50 x 50 and 200 x 200 data objects,
and 62% for the 500 x 500 objects

While the performance criteria of greatest mnterest are disk
accesses and accuracy, absolute storage requirements cannot be
neglected In many of the results presented above, the best results
were obtained by native space searching, or by parameter-space
searching with very high redundancy, e g Rq < 128 or 256
Obviously, the space requirement induced by this amount of
redundancy 1s considerable

Data redundancy requirements were more modest For
parameter spaces, data objects are transformed to ponts, so Rq
was 1 In 1-d native space, R ranged from 1 27 to 3 02, while 1n
2-d the range was 1 27 t0 4 87

6. Summary, conclusion and future work

Applications mvolving spatial data can be characterized by
the kinds of quenes that must be supported (one-many or many-
many), by the expected s1zes of data and query objects, and by the
dimensionality of the space The results presented here provide
some guidance mn choosing spatial query processing strategies
based on application charactenistics

Parameter space searching 1s attractive because of 1its
simplicity It can be supported on top of any access method
designed for point data For one-many queres, it provides
supenior performance for the filter step, provided the data and
query objects are sufficiently large, and that sufficient query
redundancy 1s used The result of the filter step 1s likely to be less
accurate than what can be obtained using native space searching
In many apphications, this 1s a secondary consideration since the
refinement step 1s CPU-bound, unlike the filter step which 1s disk-
bound

For many-many quenes, native-space searching 1s at least as
good as parameter-space searching until the space 1s “saturated”
with query objects Then, parameter-space searching 1s faster, but
contrary to the result for one-many queries, less redundancy 1s
favored, especially as the number of query objects (1 e, objects m
the Q format) increases Accuracy results are extremely poor
compared to native space Comparable accuracy 1s obtamed only
at very high levels of query redundancy

A drawback of parameter space searchung 1s the requirement
for dealing with two representations If an application makes
heavy use of many-many queries, then this alone may indicate
that a native space representation 1s appropriate Thus 1s due to the
expense of mamntaining two representations (D and Q), or creating
the Q representation when needed

These conclusions are based on experiments carried out
using the zkd b+-tree as the underlying spatial access method, and
a particular transformation to parameter space Other spatial
access methods and other transformations would, most likely,
yield different quantitative results, but 1t would be surprising if
the quahtative results differed Techmques that are applicable
mclude different transformations to parameter space [HINRSS,
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FALOR89a], and the use of different space-filling curves, which
lead to better physical clustering [FALO89b]

There are many ways i which this work can be extended
examination of other space-filling curves and transformations, as
m {FALO89b], experimentation with more complex spatial
objects, and the development of analytical models I am currently
working on a variety of 1ssues relating to more complex spatial
objects (specifically, polygons), and the implementation and
analysis of the GF overlay algonthm [OREN88], essentially an n-
mput overlap query
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