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Abstract index structures [BKSS90, FB74, Gut84, HN83, HSW89,
Rob81, SRF87, Sam95]. Performance analysis can help
Analysis of range queries on spatial (multidimensional) better understand the suitability of a data structure for dif-
data is both important and Cha”enging_ Most previous fe'rent Input datasets (both size and Spatlal dlStrlbUthn).
analysis attempts have made certain simplifying assump-Given a dataset, we could use analysis results to objec-
tions about the datasets and/or queries to keep the analysidively choose between different indexing alternatives. After
tractable. As a result, they may not be universally applica- choosing an index structure, analysis results could then be
ble. This paper proposes a set of five analysis techniqueg!/sed to efficiently build/layout/fine-tune the structure within
to estimate the selectivity and number of index nodes ac-the purview of its definition. Finally, analysis is extremely
cessed in Serving a range query. The under|ying ph”os_ |mp0rtant for query Op.t|m|zat|0n. The cost and number of
ophy behind these techniques is to maintain an auxiliary dataitems that are retrieved by a query would be very useful
data structure called a density file, whose creation is a one- to determine the execution plan of a query for best perfor-
time cost, which can be quickly consulted when the query ismance.
given. The schemes differ in what information is kept in the  There are several interesting queries that could be posed
density file, how it is maintained, and how this information to a spatial database. These include range queries (selecting
is looked up. It is shown that one of the proposed schemesitems that overlap a given query window), nearest neighbor
called Cumulative Density (CD), gives very accurate re- queries, joins and other topological queries. Of these, the
sults (usually less thaB% error) using a diverse suite of range query is, perhaps, the most common, and has been
point and rectangular datasets, that are uniform or skewed, widely used as the subject of analysis in other related stud-
and a wide range of query window parameters. The esti- ies [TP95, FK94, PF99, TS96, KF93, TSS97, PSTW93] as
mation takes a constant amount of time, which is typically well. With range queries, one is interested in finding out
lower than1% of the time that it would take to execute the how many data items will be retrievesglectivity and what
query, regardless of dataset or query window parameters. will be the I/O complexity (number afodes accesséd the
index structure) in servicing the query. These two measures
reflect the 1/0 and CPU processing costs that would be in-
curred by the query, with the former factor usually being
1. Introduction more dominant. This paper focuses on estimating (analyz-
ing) the selectivity of range queries on spatial databases.
. L We can also use these techniques to estimate the nodes that
Spatial databases are gaining importance and are becorT\/'vould be accessed in servicing a range query in the associ-

mgtﬁ’gﬁvglesrzémgliglesr)o“r?aa\‘/ﬁ’pggg::?noséiﬁoi?gram’galelnf%r_' ated spatial index structure. We demonstrate this by using
on Sy » havigation/p NG, IMAYe Pro- y,a hacked R-tree [KF93] as a case-study.

cessing, demography, epidemiology, terrain analysis, min- , , ) )
ing, military planning and logistics, computer-aided design _ 1he underlying philosophy of the analysis techniques

and robotics, are just few of the domains that can benefitPresented in this paper is that they make little or no as-

from spatial databases. Efficient storage, retrieval and pro-SUmption about the dataset. Any information that is dataset
cessing of spatial data to reduce processing and 1/O costs i§ependent should be drawn from the dataset itself. As a
crucial in these applications. result, these techniques are universally applicable, regard-

Analysis of the performance of spatial operations be- less of the dataset or the application that they are used for.
comes even more essential with the choice of numerous) "€ common theme between these different techniques is
to use an auxiliary data structure, called thensity file
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9617315 and EIA-9818327. density file creation is a one-time cost. When the query is




given, the density file is “quickly” looked up to determine items fall within each bucket.

selectivity and nodes accessed. _ A very recent study [APR99], undertaken concurrently
Using 2-dimensional space as an example (extension toith this work, has examined different ways of construct-
multi-dimensional space is straightforward), this paper pro- jng histograms for spatial databases to estimate selectivity.
poses five analysis schemes for point (sizeless and shaperhere are several similarities between some of their sug-
less objects) datasets, and two for rectangular datasets. lgestions and the techniques presented here. For instance,
should be noted that rectangles can also be used to abstragi,r DH scheme uses the equi-area partitioning suggested
more complex spatial objects (as Minimum Bounding Rect- jn [APR99], with the difference that it does not optimize
angles), and the proposed schemes can be used in sucBmpty spaces/regions. Our DHC scheme is intended for
cases. These schemes differ in what information is main-sych optimizations. The NDH scheme discussed here, is al-
tained in the density file, how it is maintained, and how itis mostidentical to the R-tree index-based grouping suggested
looked up for estimation. With a diverse (both real and syn- j [APR99]. However, there is a key difference between the
thetic, that are uniform or skewed) suite of datasets and dif-tyo studies. Except for the NDH scheme, all the others in
ferent query window parameters (size, location and aspecthjs paper use equi-width (equi-area) and non-overlapping
ratio), it is shown that one of our schemes (calagmula- ~ pyckets unlike the ones used in [APR99]. As a result, it
tive Density, gives very accurate estimations for selectivity s rather straightforward in our schemes to find the relevant
and nodes accessed for each query window, with errors lesgyckets for a query window. Query estimation is thus fast
than 5%. It gives much lower errors than most of the pre- and has very low memory requirements. Estimation for the
viously proposed techniques. It provides this accuracy at agchemes in [APR99], on the other hand, requires a search to
(time) cost that is less than 1% of the actual query executionfing the relevant buckets. As a result, those schemes try to
time. The storage overheads of maintaining the density fileyeep the number of buckets relatively small so that they fit
are tolerable as well. _ _ in main memory. The techniques detailed here do not have
The rest of this paper is organized as follows. The gych restrictions, and we can potentially go for a large num-
next section gives a quick overview of previous analysis per of buckets for better accuracy. We are able to maintain
attempts on range query performance. Section 3 presentfon-overlapping buckets even with rectangular data items,
the proposed analysis techniques for point and rectangulagsing a novel idea (derived from simple geometric proper-
datasets. Section 4 gives results from the analyses using §es of rectangles) whereby a rectangular object is counted
spectrum of datasets and query windows. Finally, Section 5in exactly one bucket. To our best knowledge, no previous

summarizes the contributions of this paper. study has pursued such an idea.
Another common observation about all the above stud-
2. Related work ies, is that the estimation accuracy is evaluated using aver-

age case behavior (i.e. numerous query windows are fed to
the model and the error in estimation is averaged over all
these queries). While this may be a viable approach to dis-
cuss the overall quality of different modeling techniques, it
' is important to note that there can be gross inaccuracies for
) . A Vo =1 certain specific windows (and such windows may be impor-
on this topic. These techniques, however, are limited either, e \vorkioads for an application). Instead, one should try
to the kind of datasets that they can analyze (points, rectany, nqyct studies with different query window sizes and lo-

glets, e{c.), {:}nd/or mkake dS|][nI;IJI|fy_|ng assurtnptlonls athUt the cations, and try to understand the accuracy of the estimation
ataset (uniform, skewed following a certain rule, etc.) or ¢ oo 2T X5 LS E S

qguery windows. The reader is referred to [Jin99] for de-
tails on these techniques, and a comparison of the accuracy
of these techniques with those presented here is given in . .
[JAS99]. 3. Analysis techniques

Most of these techniques fall under what has been char-
acterized as parametric techniques [APR99], which try to
mathematically model the data based on certain assump- There are two main costs in searching for objects inter-
tions. Spatial datasets are likely to be very diverse. Con-secting a rectangular query window. The first is the cost
sequently, not all of the above techniques can be used toof computing the intersection between the data entries and
analyze the performance of all datasets. We believe that arthe query window. The second is the cost of retrieving the
estimation technique should make little or no assumptionsitems from the disks. The number of data items that will be
about the input dataset. Any information that it would need retrieved (called theelectivity (s) has a direct bearing on
should come from the dataset being analyzed itself, and thisboth these costs. Further, the retrieval cost will also depend
information should be provided without adding significant on thenumber of nodes (rih the index structure that will
overheads. This is the underlying philosophy of this paper. be touched by the query. In the rest of this discussion, we
Techniques adhering to this philosophy would be univer- present a set of techniques for estimating the selectivity for
sally applicable, regardless of the dataset or the applicationpoint and rectangular spatial data sets. We also illustrate
that it is being used for. These techniques, typically, use how these techniques can be used to estimate the number of
auxiliary data structures called histograms, which partition nodes in the index structure that will be accessed, using the
the space into buckets and keep track of how many datapacked R-tree structure [KF93] as a case-study.

Estimation of range query performance on spatial data
has been shown to be extremely important [AS91, MD88].
Consequently, there is a large body of literature [FSR87
TP95, FK94, BF95, PF99, TS96, TSS97, PSTW93, KF93]



3.1. Overview ity. To make it more efficient, we keep cumulative densities
(sum of densities from grid cell O until that grid cell) in the
Our techniques can be briefly summarized as follows. density file, so that finding the density within a range will
We construct an auxiliary data structure (which we call the require looking up just two values (the ends of the range)
density fil§ from the original dataset, in addition to the R- and subtracting one from the other.
Tree at the time of building. This density file contains suf- i
ficient information - how many data items are contained Nodes Accessed: We could find the number of nodes
in different regions/cells of the spatial extent - about the accessed by a query if we had some knowledge about
dataset. When a query is given, the density filgugckly which leaf nodes the selected data items reside on. It is
looked up to procure the necessary information. The size offather easy to figure out this information from the packed
the density file, the time for constructing this file, and the R-tree algorithm, since the leaf nodes contain data items
time for looking up the required information are the issues Sorted by Hilbert order (and each leaf node contains the
that one needs to keep in mind, as will be discussed for eaci$@me number of data items). As with the selectivity
technique. The techniques differ in what information is kept Method, we can break the query window into Hilbert

in the density file, how it is kept, and how the information 'anges. For arange, we could look up the density (specified
is looked up. as a cumulative density from grid cell 0) information for

the lower end of the range. This number divided by the

number of data items pointed to by a leaf node, would

specifically identify the leaf node where the range starts.

. e . , Similarly, the density information for the end of the range
Point data has only position information, making them capn pe”used to find out on which leaf node the range

easier to process. When a (rectangular) query window iSengs. Once we identify all the leaf nodes that will be ac-

given, we need to find out how many points of the dataset cessed, we can use the same method to recursively move up

fall within this window (selectivity). The leaf nodes (of the he tree to find out what nodes will be accessed at each level.
packed R-tree index structure) that the selected points fall

on is determined by the Hilbert values of the points. Subse-3 5 5
quently, we use a recursive procedure to find out how manyg.heme
internal nodes of the R-tree will be accessed to get to thes I
leaf nodes.

The common theme in the following schemes is to first
partition the spatial extent into grid cells in the same way
that is used to assign a Hilbert ordering (number) for the
data items. The density file is then just a histogram of the
number of points that fall within a specific Hilbert range. It
is important for the reader to note that the Hilbert ortler
[Gri86] (the level to which the spatial extent is recursively
broken down) will have an important effect on the size of
the density file as well as on the accuracy of the estimation.
The schemes differ in how the histogram is maintained
within the density file.

3.2. Techniques for point datasets

The density histogram compression (DHC)
The problem of the DH Scheme is the storage
&pace. For each Hilbert cell, a (cumulative) density value
is stored in the file, regardless of whether there are any
data items present in that cell or not. The size of the den-
sity file grows exponentially with the Hilbert order. Note
that higher the order, higher would be the level of accu-
racy most of the time. The DHC scheme tries to com-
press the density file information of the DH scheme, with
the same underlying algorithms used to find selectivity and
nodes accessed. Specifically, this scheme attempts to com-
press/merge neighboring grid cells that have similar (in-
cluding zero) densities.

We initially start with the density file of the DH scheme.
We compare the density of each set of 4 consecutive grid
cells (recall that Hilbert ordering recursively breaks down
scheme uses a straightforward representation of the deni—ﬂgns ?ﬁ é:e g}tgr4ererglsoennst)e.dlftt)hegln?reoﬂ(rang%rt'r(cli%stehgn(;)éjrgsr;t) '
sity information. The density file contains the number of The)‘/‘similari['?y" check is)c/joneyby compa):ing the coef- y
points that fall within each Hilbert grid cell, and the file ficient of deviation (standard deviation divided by mean of

is maintained in increasing Hilbert cell order. The Hilbert ; ; :
: ' ; the density values for the four cells) with a certain thresh-
cell number can be used as an offset into the file to directly old. If the value is less than the threshold, then the 4 cells

get the corresponding density (number of points within this are combined into one value. else the

- S . y are left as four cells.
ce]l). The Size of_thef|le.|s thus d(_apendenton th_e numbercncThis procedure is then recursively carried out for the next
grid cells, which in turn is a functioni() of the Hilbertor- et jevel of the Hilbert order, and so on. The recursion
der that is used to recursively break down the spatial extent.stOps when either there are no more grid cells to be merged,

For a given query window, the selectivity)(@nd numberof - \hen the number of grid cells to be considered is just
nodes traversecj can be estimated as follows. one.

Selectivity: The query window is broken down into a se- This scheme is expected to lower the size of the density
guence of (potentially non-contiguous) Hilbert ranges thatit file compared to the DH scheme, albeit at a higher cost
covers, based on the Hilbert order that has been used to crerequired to build the density file. Further, finding the
ate the density file. There is an approximation being madeoffset in the file for a particular grid cell is no longer
here in aligning/extending the query window to the bound- straightforward as in the DH scheme. A slightly higher
aries of grid cells. These ranges are looked up in the densityprice has to be paid during estimation. We use a simple
file to find out how many points fall within each range (den- index structure to improve the performance of the lookup
sity), and then the densities are added up to get the selectivoperation on the compressed density file. Other than this,

3.2.1. The density histogram (DH) scheme.The DH



the selectivity and nodes accessed estimation algorithmsstill providing non-overlapping buckets. There are a cou-
are the same as for the DH scheme. ple of differences from the previous schemes. In the point
dataset schemes, Hilbert space and ordering was used to
3.2.3. The node-based density histogram (NDH) scheme. grid the spatial extent. In the following two schemes, we
Another way of reducing the size of the density file is by do not really care, because there is no need to get a lin-
keeping the information at a slightly coarser level. In the earization of the spatial extent. The spatial extent is, in-
DH scheme, the information was maintained at a grid cell stead, gridded into cellst) by just drawing a number of
granularity, thus (potentially) giving a finer level of accu- vertical (columns) and horizontal (rows) lines. A cell is then
racy in estimating both selectivity and nodes accessed. In-denoted by its row and column. The density file is looked
stead, we maintain the file on an R-tree leaf node basis (i.eup by using a 2-dimensional offset (a row and column num-
one entry in the density file for each leaf node of the tree, ber).
with each entry containing the Hilbertrange of the cellscov-  The second difference from the point schemes is in
ered by that node together with the number of data itemswhat each entry of the density file contains. We cannot just
within that range). The selectivity and nodes accessed arekeep the center point information of the rectangular items
calculated as follows. (i.e. each cell contains the number of rectangles whose

Selectivity: Convert the query window into a sequence of center points fall within that cell), since this would loose
Hilbert ranges as before. Next, we find the leaf nodes thatthe Size information. Neither can we record how many
intersect these ranges from the density file. Experimentally'€ctangles intersect each cell either, since we would end up
we have found that using a binary search within the density doublé/multiple counting the rectangles in estimation. In
file to find the leaf node that intersects with the start of the the following two schemes, we illustrate what we need to
first range, and then a linear search from that point for sub-maintain within each grid cell to avoid multiple counting of
sequent ranges works rather well. For each intersecting leaf€ctangles without sacrificing size information.

node, we approximate the number of data items that would . . .

be retrieved as% of the items within that node, whesds ~ 3:3-1.  The incremental density (ID) scheme.In this

the percentage of the node’s Hilbert range that intersects theSchéme, the density file keeps track of the information on
query window. This approximation assumes that the data@n incremental basis. Specifically, for each grid cell we
items within a leaf node are uniformly distributed within K€ep two values: (a) the number of rectangles whose bot-
the Hilbert range of that node. By summing this number tom side/edge falls (intersects) on that cdll(i, j)); (b)

over all the intersecting leaf nodes, we get the required se-the number of rectangles whose top side/edge falls (inter-
lectivity. sects) on that cellQE(i, j)). This is shown pictorially on

) . the right side of Figure 1 for the rectangular dataset on the
Nodes Accessed: The same algorithm used in the DH |eft side.

scheme, which calculates the internal nodes that are ac-
cessed after the leaf nodes have been identified, is used here
aswell. S ‘
It should be noted that the density file of NDH essentially - » | | | ‘
maintains equi-depth histograms [MD88]. Each bucket cor- |- S b b §
responds to an R-tree node, with the fanout determining the . | | | | . | | | |
depth of the bucket. A similar scheme has been used as | SRS SR SO S S SO U SO

one of the options in a more recent study [APR99]. How- e e e | osone | osuare | osen | osane |

DEQO1)=3 | DE(L1=5 | DEQR1=3 | DE@ED=2 |

ever, since the points are sorted by Hilbert order in our ap- |7~

proach, there is not much (consecutive buckets may at most ,

have one Hilbert value in common) of a overlap between : : : : |

the buckets. ° : : : ° Lo :
Dataset Density Information

o | DSOO=3 | DSOS | DSR0O=3 |
DE(0)=0 | DE(LO=0 | DER20=0 |

3.3. Techniques for rectangle datasets , , o
Figure 1. Density Information in ID

Rectangle datasets pose a more difficult problem than
point datasets since they contain size information in addi- Selectivity: We can find out how many rectangles
tion to position. The point dataset schemes may not nec-(N(qxl, qyl, qzh, qyh)) intersect with a query window
essarily work for rectangle datasets, because of this extryqzl, qyl, qzh, quh) (the lower-left corner igqzl, qyl) and
dimension to the problem. One could think about extending the upper-right corner iqzh, qyh)) as follows.  Let
two dimensional Hilbert space into three or more dimen- S(xi, 4, zh,yh) denote the number of rectangles that start
sions (as was mentioned in [KF93]), but that would need in region(zl, yl, zh, yh) (i.e. whose lower edges intersect
a high amount of computatio_n. Further, it is not strajght- with this region), and leE (1, yl, zh, yh) denote the num-
forward to convert a query window into three dimensional ber of rectangles whose top edges intersect with this region.
Hilbert ranges while still maintaining the spatial relation- e can then use the following equation to calculite
ships, i.e. objects that fall into those ranges should spatially
intersect the query window. N(qzl,qyl,qzh,qyh)=S(qzl,0,qzh,qyh)—E(qzl,0,qzh,qyl—1) (1)

We propose two schemes below that use simple geomet- Figure 2 illustrates this observation with an example.
rical properties of rectangles to address this problem, while The query window cover§l, 2,2, 3), for the dataset with



Query Window

I

Figure 2. Rectangles in a Query Window

11 rectangles numbered through k. For this exam-
ple, S(1,0,2,3) = 11 (i.e. all the 11 rectangles), and
E(1,0,2,1) 4 (i.e. rectanglesa,b,c and d). So
N(1,2,2,3)=11—-4=7.

We can determing and E, from DS and DFE respec-
tively, as follows. LetRS([zl, zh], j) represent the number

rectangles, and there needs to be a level of translation be-
fore they can be used if we used Hilbert gridding). Instead,
we use an alternate solution, using the property that each
node in the R-tree can itself be represented by a rectangle in
the spatial extent (the Minimum Bounding Rectangle cover-
ing its subtree). It is thus sufficient to examine if this MBR
intersects the query window to find out if this node would
be accessed. As a result, we maintain the MBRs of all the
R-tree nodes (this doubles the space requirement if we use
the same degree of gridding as with the selectivity), and use
these MBRs themselves as the data for the above selectiv-
ity procedure. This would directly give us the number of
MBRs (nodes) that intersect the query window.

It should be noted that since we are not using Hilbert
grids, or making any other assumptions about the way
the R-tree is built, the ID scheme is independent of the
algorithm that is used to create the R-tree.

3.3.2. The cumulative density (CD) schemeThe main
problem with the ID scheme is in the time it takes for es-
timation, and to a lesser extent the inaccuracy that was
pointed out earlier. We need to go through each row be-
tween0 andgyh, and check the columns in thexl, gzh]
range to serve a quelyzl, qyl, qxh, qyh). This becomes

of rectangles whose lower edges intersect with grid cells of expensive with a fine level of gridding (which would in-

row j between columns! andzh.

RS([zl,zh],j)

DS(al,j)+
S MIN(DS(i,j)=DS(i-1,),0)  (2)

For example, in Figure 125([0,2],0) =3+ (5—-3)+0 =

crease accuracy), or with large query windows. There is
a similar problem with the point dataset schemes, and we
have used a cumulative density information to alleviate this
problem there. This technique can be used here as well,
which gives us the CD scheme.

We grid the spatial extent as in the ID scheme, and we

5, which means that there are five rectangles whose lowerkeep four values for each cell, j):

edges intersect with grid cells (0,0), (0,1) and (0,2). The
following equation can then be used to calculéite

3)

Similarly, let RE([zl,zh], j) represent the number of
rectangles whose top edges intersect with grid cells ofjrow
between columnsl andzh. We can then calculat& from
DE as follows,

S(alylahyh)=Y 1"  RS(alah)j)

RE([zl,zh],j) = DE(al,j)+
S MIN(DE(i,j)~DE(i-1,j),0) (4)
E(zlyl,zh,yh) = Zgiyl RE([zl,zh],j) (5)

This scheme, however, is not always accurate. It does

not differentiate between two neighboring rectangles with

e BS'(i,j) (if BS(i,j) is the number of rectangles
whose lower-left corners lie in the rangg 5) to (3, 5),

BS'(i,j) = Y0 BS(i,x));
e BE'(i,j) (if BE(i,j) is the number of rectangles
whose lower-right corners lie in the range, j) to

(i,4), BE'(i,j) = 325_o BE(i,));

e US'(i,j) (if US(i,j) is the number of rectangles
whose upper-leftcorners lie in the ran@e;) to (i, j),
US'(i,j) = X020 US(i,2));

e UE'(i,j) (if UE(i,j) is the number of rectangles
whose upper-right corners lie in the rang j) to
(i,4), UE'(i,j) = 3250 UE(i, v)).

The selectivityN (qzl, qyl, qzh, qyh) can then be calcu-

edges that fall on adjacent columns of a row, and a single|ated as follows:

large rectangle covering both columns (see [Jin99]).
Nodes Accessed: We cannot use selectivity information

directly to estimate the nodes accessed (as in the point

dataset schemes), because the density information is NOtW (qzt,qyl,qzh,qyh)=BS’ (qzh,qyh)—BE' (gzl—1,qyh)

maintained as Hilbert grids i.e. after the selectivity is ob-

tained, we do not know the Hilbert values for the data items.

Although it is possible to divide the universe using Hilbert

S(x1,0,zh,yh)=BS' (zh,yh)—BE' (zl—1,yh) (6)
E(z1,0,zh,yh)=US' (zh,yh)—UE' (z1—1,yh) @)
—[US'(qzh,qyl—1)—UE' (qzl—1,qyl—1)] (8)

Instead of examining all density values in the range

order as in the point dataset schemes, we would need extrezl, zh], we need to access only two values for calculat-
storage and longer computation times (the above equationsng S, and two for E. Thus, the estimation of selectivity and
for selectivity are based on simple geometric properties of nodes accessed (a similar method of calculating selectivity



with the MBRs of the R-tree nodes as explained with ID 4.2. Metrics/criteria
can be used to find out nodes accessed) require constant (4

disk accesses and 3 arithmetic operations) time. This time  \we have developed a bulk-loaded packed R-tree based
do_es.not depend on the query window size nor the level of g Hilbert order [Gri86, Jag90] for each of the above
gridding (we can use a very fine level for higher accuracy gatasets, which we use for comparison. We use six crite-

without compromising on estimation time). Further, the CD i3 for discussing the pros and cons of each scheme:
scheme avoids the inaccuracies of the ID scheme mentioned

earlier. e Selectivity Estimation (s)lhis measures the accuracy
It is also interesting to note that a point dataset can be of the scheme in estimating the number of data items
viewed as a special class of rectangular data (of size 0). retrieved for the specific query. It is expressed as an

Consequentlythe rectangle dataset schemes can be used absolute percentage error with respect to the number
to estimate selectivity and nodes accessed of point datasets  of items retrieved by the query on the actual R-tree.

as well We have used the CD scheme for estimation of o ) . ) .

point datasets in the following evaluation studies, and com- ® Selectivity Estimation Time (st)This measures the
pare it with the point dataset schemes. The readeris referred  time taken by a scheme to estimate selectivity for the

to [Jin99] for a detailed comparison of the five schemes in specific query. It is expressed as a percentage of the
terms of both space and time complexity, as well as accu-  time to execute the query on the actual R-tree.
racy.

e Node Access Estimation (n)his measures the accu-
racy of the scheme in estimating the number of nodes
4. Evaluating the analysis techniques accessed/touched in serving the specific query. Itis ex-
pressed as an absolute percentage error with respect to

. . , ) the number of nodes touched by the query on the actual
To evaluate the different schemes described in the previ- R-tree.

ous section, we conduct extensive experiments with several

point and rectangle datasets, and several query windows. e Node Access Estimation Time (nthis measures the
These studies have been conducted on a 170 MHz SUN time taken by a scheme to estimate the number of
UltraEnterprise 1 server. In the following discussion, we nodes accessed/touched by the specific query. Itis ex-
briefly discuss the datasets considered, examine the met-  pressed as a percentage of the time to execute the query
rics/criteria used for comparing the schemes, and present  on the actual R-tree.

the results for the point and rectangle datasets. o o
¢ Density File Size (d)This is a measure of the storage

overhead (in bytes) to maintain the density information
required by each scheme. Itis expressed as a percent-
age of the storage taken by the actual R-tree.

4.1. Datasets

We have considered a wide spectrum of point and rectan- ] o o ]
gular datasets, that are either uniformly distributed in space ® Time for Building Density File (d)This measures the
or exhibit some kind of clustering (we use the terms clus- time taken by a scheme to create the density file. It is
tered and skewed Synonymous|y in this paper)_ Some of eXpressed as a percentage of the time taken to build the
them have been obtained from actual/real datasets (such as ~ actual R-tree.
the Tiger [Mar86] data), while others have been syntheti-
cally generated. Due to space limitations, we are not able
to present the results for all of them or show them picto-
rially here. The reader is referred to [Jin99] for further
information. In this paper, we present results for (a) two
point datasetsTOP: Topological Point dataset taken from
[Pre], with 478,786 points following an interesting pattern
(points are arranged in regular rows with significant gaps
between successive rows}FD: Computation Fluid Dy- i
namics dataset taken from [Mav95], wiB98, 688 points ~ 4.3. Point dataset results
that are clustered; and (b) two rectangular datadedsR:
a dataset containing the MBRs of rivers of Pennsylvania Figure 3 shows a part of the results for the different
from the TIGER database [Mar86], wil), 218 rectangles,  schemes. We present representative results from four query
CAR: a dataset containing the MBRs of the streets of Cali- windows for each dataset (the window coordinates are given
fornia from the TIGER database, wi#d8, 643 rectangles. in the Figure). We have obtained results for each scheme us-
We have considered different query window sizes (1%, ing different levels/ordersiE5,6,7,8,9) for the density file.
5%, 25%, 50% and 100% of the spatial extent), aspect ratiosinstead of presenting all those results, for each workload-
and locations (that cover both sparse and clustered regionscheme combination, we present only those for the lowest
of the extent) for each of these datasets. We believe thatlevel/order (since this will have the lowastinddt) which
the chosen datasets and query windows capture sufficientlygives a satisfiable degree (less than 5% error) of accuracy.
diverse workloads with interesting properties to stress theln case, none of these levels gives an error lower than 5%,
pros and cons of different schemes. then we give the results fdr=9. Consequently, different

The reader should note that a relatively snsadindn is
preferable with lowst andnt. Though one would like to
have a lowdt andd as well, it should be noted thdt is a
one-time cost, and may not be a big issue with ever in-
creasing disk storage capacities (as long as density files are
not larger or become a large fraction of the actual dataset/R-
tree).



DH(h=9)

DHC/0.6(h = 9)
DHC/L2(h = 9)
DHC/L.8(h = 9)

DHB=5) (0.20,0.20,
DHC/0.6(h = 5)

DHCIL2(h=5) 0.70,0.70)
DHC/1.8(h = 5)

=9 and this number is relatively low (as a percentage) com-

r 15 F "3 15 pared to the total number of selected data items. Further,
MJIHIU]HIL? Ji]J]i_l_[lLﬂ[[L g even clustered datasets, have some semblance of uniformity
bicosr Koo within small/isolated regions and can be approximated ac-
] cordingly.
o 1o - ] The performance of the DHC schemes with three differ-
J]L[IH]H'“]HIL J]]J]h]]JILﬂJ]L ent thresholds (0.6, 1.2 and 1.8) for the coefficient of devi-
Cos- O Qo1 ation are given in Figure 3. Accuracy for thresholds of 1.2
- and 1.8, is not acceptable in several cases, and only 0.6 even
comes close to the other schemes.
L We can observe that CD gives similar accuracies as DH
for selectivity estimation and higher precision for node ac-
cess estimation. This is because it uses the actual R-tree
information (MBRs of nodes) to estimate this information.

L % 4 o L %6 ] B
100 - ] 3L ] - . . g A .
ML[“L JILMMJ]L So any approximation made in determining selectivities is
0.1 0

(0.05,0.90,
0.30,0.98)

DHC/0.6(h = 9)
DHC/1.2(h = 9)
DHC/1.8(h = 9) (0.52,0.40,
NDH(h = ) 0.67,0.55)
cD(h=9)

(0.60,0.90,
0.90,0.94)

Percentalge(%)

33
(%)abeiusaiad

(0.10,0.90,
0.25,0.99) (0.10,0.61,

0.96,0.90)

s st nont d d s st n nt d d not carried over to node estimation.
ToP CFD For most combinations of datasets and query windows,
Figure 3. Point Datasets the DH scheme estimations were less than 10% error at or-

der/level 6, and less than 5% error at order/level 8 [Jin99].
A similar observation holds for CD as well. Hence, level 8
seems to be an appropriate operating point.

Apart from the nature of the dataset (uniform/clustered)
and level of gridding, three other factors have an important
effect on the accuracy of these schemes, namely, the loca-
tion of query window, the size of the query window, and the
Accuracy (s and n): As can be expected, the DH and size of the data set. The query window (0.10,0.61,0.96,0.90)
NDH schemes give better accuracy with higherThis is covers a relatively sparse area of the CFD dataset. Conse-
specifically the case for selectivity estimation since these quently, the number of nodes accessed for this window is
schemes modify the query window to align the query win- quite low. This small value can result in a higher percent-
dow with the grid cells. In general, highérwill reduce age error (even though the deviation from the value may not
the change in query window that is needed, giving higher be much in absolute terms). Similarly, a window located on
accuracy. There are certain situations where a finer levela dense area, may cause more aberrations when the window
of gridding can result in a higher percentage change in areais aligned to the nearby grid cell boundaries, resulting in a
of query window compared to a coarser level of gridding larger number of data points being included/excluded than
(see [Jin99] for some examples). The overall trend, how- actual. A small query window can also give low selectivi-
ever, indicates that there will be a higher level of accuracy ties and node accesses, and even a minor deviation from the
with these schemes with high&r In fact, one could the-  actual number can mean a large percentage error. These fac-
oretically hypothesize that at very high these schemes tors, together with the impact of dataset size on estimation
should come very close to the actual R-tree results. But weaccuracy have been studied in [Jin99].
find that the estimated selectivities and nodes accessed ar
much lower. After a closer examination, we found that this
is due to some points falling directly on cell boundaries.
Such points are histogrammed into only one of the buck-
ets to avoid double-counting (see [Jin99]). Consequently,
a query which is aligned to that grid cell and does not in-
clude the Hilbert value assigned to the point, will not count
the point in its estimation. This also explains why the TOP
dataset (where several points could lie on grid cell bound-
aries because of the nature of the dataset) shows unstabl
results. Despite this, we find that these inaccuracies are no
a major problem from our experiments, and we can still get
less than 5% error in most cases.

schemes could have different orders/levélsfér a partic-

ular workload (a scheme with a highkmsually indicates
that it does not do as well as a scheme with a loijeand

the corresponding value is shown in the legends.

Estimation Time (nt and st): For some of the datasets,
the estimation times for the DH and NDH schemes are quite
expensive relative to the actual time taken for serving the
query. All the benefits of estimating R-tree performance
will be lost, if the estimation time is as high 28 — 50% of
the query time itself. Higher the order (for better accuracy),
the higher is this time since the query window needs to be
broken into several finer Hilbert ranges, and these ranges
need to be looked up in the density file. The estimation
mes for the DHC scheme are even worse, since it needs
o look up index information to get to the appropriate den-
sities. However, as the selectivity becomes larger, the esti-
mation time as a percentage of the query time gets smaller,

, ; e &nd these schemes may not be as bad in such cases. The
technique as the DH scheme, and gives similar results. FOlch s cheme is clearly a winner for this criteria, because it

selectivity estimation, NDH assumes that data items are Uni- -1 es a constant amount of time regardless of the dataset

grmggéségg%ﬁ?cw ;Peagf ﬂghégﬁﬁggrzzgfor}osaﬁ%reﬁ Ir:%sgteand order/level. As a result, the CD estimation time rarely
0 SV

covered by the query). This assumption does not seenﬁéﬁﬁﬁ)%sdgven 1% of the query execution time for any of the

to hurt accuracy very much. This is, perhaps, because of '

two factors. The assumption is made only for the nodesDensity File Size and Creation Time { and dt): The

that partially overlap a Hilbert range covered by a query, theoretical observations in the previous chapter about the



density file size are well borne out by the experimental re- summary, as the dataset size grows larger, the space over-
sults. The size quadruples in the DH scheme as we move tdead of the CD scheme gets smaller (as a percentage).
the next order/level. However, for the datasets considered,

the size goes only as high as 10% of the space occupied by AR s
the actual R-tree (and that too in only a few cases). Given | oz [P | CHesma coves|
that space is not really a severe problem (as important as : 15 &

L
corppE
=)

time), the DH scheme may not be a bad choice. Moving to 1l o 1] 3 18
the DHC scheme, we observe that the savings due to com- =B R o] 15

pression is not very significant. At low thresholds, there ] [ ]
are not many nearby grid cells to merge, and the index that

Percentalge(%)
=
15}
38
.
1
8

is necessitated for this file can offset any gains due to com- RS | PN 2775000 v
pression. There is some saving in DHC for certain clustered E I]I I nn 15 i I I I [ 118 &
datasets (like CFD), where there are regions in space with i 18 i 18, &
little or no points that can be merged. The CD scheme re-  [Fl&m] wmas | LV 8
quires nearly 8 times the size of the DH scheme fora given ¢ ] ol ]
level. This is because there are 4 variables stored for each  °jt ] M

s st n nt d dt s st n nt d dt

grid cell (DH requires only one), and we need to maintain
the information for not only the data points, but also for the
node MBRs. In terms ofl, the NDH scheme is the win-
ner. The space that it requires is directly proportional to the
number of R-tree nodes, and this is much smaller than the
actual space in bytes taken by the R-tree (much less than
1%). Further, this size is independent of the order/level of 4.5. Average case accuracy

gridding.

The DH, DHC and NDH schemes require the Hilbert  gne of the points we are trying to make is that it is im-
values be assigned to all the data points, and then exteryqriant 1o examine individual estimation errors with a spec-
nally sorted before they are histogrammed. DHC requiresy,m of different query windows as we have done in the
additional time for compression, which seems to be signif- ,revious experiments. Averaging the errors over a large
icantly higher from the results. The CD scheme does not , ,mper of windows as many previous studies have done
require Hilbert values to be generated or sorted, but it re- [APR99, KF93, TS96, PF99], could hide some of the gross

quires additional time to calculate the cumulative informa- jnaccuracies for certain specific query windows (and these
tion. These two factors more or less compensate each othelyingows could be important for a particular application).
and the density file creation for CD takes roughly the same 14 gddress any concerns that the reader may have with

time as DH/NDH. this approach, we have also run numerous query windows
(1000) over the datasets, and present the average (mean)

4.4, Rectangular dataset results estimation error for the CD scheme with level 9 in Table

1 expressed as a percentage of the actual meandn),

together with the minimum and maximum of these errors.
he reader should note that the maximum error captures the

results for just one of the query windows, and this is usu-

ally for a window which has very low selectivity. A very

d - oY level f q high low selectivity, can result in large percentage errors even if
node estimation even atlevel 9. In fact, we need to go higheryne apsolute number is not significantly different from the

than level 12 to get errors within 5%. This is because of ap- 5¢ya] value (for instance, an estimate of 2 for a selectivity
proximation errors that were explained earlier. The estima- ¢ 1 \will give 100% error).

tion times are very high as well, and in many cases even ex-

Figure 4. Rectangle Datasets

As in the point dataset results, Figure 4 shows the result
of the ID and CD schemes on PAR and CAR with different
guery windows.

The ID scheme has significant errors for selectivity and

ceed the actual query execution times on the R-tree. These Workload | Selectivity®) || Node Access(%) |
results suggest that ID is not a feasible approach, and we do [Min [ Max [ Avg | Min [ Max | Ag ]
not discuss it further. TOP-uni 0 | 7273 | 234]] 0 | 4485 ] 1.70
On the other hand, the CD scheme appears to give re- CFD-uni 0 | 5455 [ 193] 0 | 31.28 | 1.09
markably accurate results for both selectivity and node ac- PAR-uUn || O | 5385 | 123 || 0 | 3571 | 1.05
d X CAR-uni 0 50.00 | 1.50 0 100.00 | 1.24
cess estimation. We need to go only up to levels 8 or 9 to
L . A . TOP-skew 0 158.70 | 5.52 0 65.58 | 3.61
get the errors within 5%. It achieves this goal with a con- CFbskew ™ 0 1458 T 0121 0 1355 1 043
stant estimation time that is usually much less than 1% of PAR-skew || 0 | 2510 | 064 ] 0 | 20.00 | 0.95
the actual query execution time. The reader should note that CAR-skew [| 0 828 [071][ 0 [ 2105 [ 092

the storage taken by the density file for CD (for DH and ID

as well) is independent of the dataset size. It is purely a

function of the level/order. The reason wiys quite high Table 1. Average Case Errors for CD

for PAR is because the dataset is itself quite small (the cor-

responding R-tree is smaller) compared to CAR. The same For the query windows, we use two workloadsiand
argument holds for the density file creation tim#)( In skew. In both these workloads, the aspect ratio of the query



window is uniformly varied between 0.33 to 3.0, and the many previously proposed analysis techniques. This accu-
size is varied between 0.1% to 25% of the spatial extent. Inracy is observed over a spectrum of query window sizes,
uni, the center point of the query window is uniformly dis- locations and aspect ratios, and not just in the average case.
tributed within the spatial extent. lskew the center point  This makes the CD scheme more universally applicable.
of the query window is located based on a distribution of The estimation with the CD scheme takes a constant amount
the points (in point datasets) or rectangle center-points (inof time (at most 4 disk accesses and 3 arithmetic opera-
rectangle datasets) in the actual dataset i.e. a spatial Cumutions), regardless of dataset or query window parameters.
lative Distribution Function (CDF) of the dataset has been This time tends to be typically lower than 1% of the time
obtained and the query window location is drawn from the that it would take to actually execute the query using an R-
probability density function determined by this CDF. Many tree. As aresult, the CD scheme is very practical and would
previous studies have used workloads similaurioto con- be extremely useful in a query optimizer.

duct average case experiments, and we feeldkawvmay This paper has opened several interesting directions for
be a better approximation to actual workloads. Regardlessuture research. One issue is regarding how we can decide
of the workload used for average case estimation, we still on the level/order for the density file (the query window pa-
find that CD gives very good estimates (typically less than rameters are not known at the time the density file is cre-
5% error) over all the datasets as in the previous individual ated). We have been examining different real datasets and

guery estimations. our examination suggests that we do not really need to go to
high levels (relative to the dataset size) with the CD scheme
4.6. Summary to limit estimation errors within reasonable bounds. Fur-

ther, we are trying to develop techniques that can be used

In summary, the point dataset results clearly show thatto decide on the level at the time of density file creation us-
CD (and DH to a certain extent) does the best, giving fairly iNg workload information. \We are also trying to find out
accurate results (less than 5% error for CD) in a short time if the proposed schemes can be extended (or new ones can
(in CD it takes much less than 1% of the query execution P€ developed) to more complicated queries, such as spatial
time for estimation). For the rectangular datasets, CD islOINS.
the clear winner. For the datasets that were considered, weR
need to go only up to levels 8 or 9 for these schemes, andR€ferences
the density storage overheads are not overly demanding at
these levels. As the datasets get larger (which is when anal{APR99]  S. Acharya, V. Poosala, and S. Ramaswamy.

ysis is really meant to be useful), the storage overhead as Selectivity Estimation in Spatial Databases. In
a percentage of the dataset size becomes smaller. Further, Proceedings of the 1999 ACM SIGMOD Inter-
one is usually interested in lowering estimation times rather national Conference on Management of Data

than space overheads. pages 13-24, May 1999.

We have also compared accuracy of the DH and CD a591]  W.G. Aref and H. Samet.  Optimization for

schemes with several previously proposed analysis tech- Spatial Query Processing. Foceedings of the
niques [KF93, TS96, PF99, APR99]. CD gives much better 17th International Conference on Very Large
accuracy than these techniques and the reader is referred to Data Basespages 81-90, Barcelona, Catalo-
[JAS99] for further details on these comparisons. nia, 1991.
. [BF95] A. Belussi and C. Faloutsos. Estimating the Se-
5. Concluding remarks lectivity of Spatial Queries Using the ‘Correla-
tion’ Fractal Dimension. IiProceedings of 21th
This paper has presented a novel set of schemes to an- International Conference on Very Large Data
alyze range query performance on spatial data. Three of Bases pages 299-310, Zurich,Switzerland,
these schemes can analyze point datasets, and the other two 1995.
can be used for both point and rectangular datasets. TheS?KSSQO] N. Beckmann, H.P. Kriegel, R. Schneider, and
schemes make very little assumptions about the dataset, an B. Seeger. The R*-tree: An Efficient and
use an auxiliary data structure (histograms) called a density Robust Access Method for Points and Rect-
file which can be constructed when the index structure is angles. InProceedings of the 1990 ACM-
created (one-time cost). When a query is given, the den- SIGMOD Conferengelune 1990.

sity file is “quickly” looked up to get sufficient information . )

about the dataset which is then used to calculate the seleclFB74]  R. Finkel fand J. Belntley. Quad trekes. a data
tivity. We have also illustrated how this information can ISt;ucturﬁ 0r4f_el'[“§v§19$2 composite keyActa

be used to estimate the number of nodes that would be ac- nrormaticg 4. 1-9, :

cessed in the index structure using the packed R-tree as FFK94] C. Faloutsos and I. Kamel. Beyond Uniformity

case-study. ) , ) and Independence: Analysis of R-trees Using
With a diverse suite of real and synthetic datasets, which the Concept of Fractal Dimension. ro-

fall under both uniform and skewed classifications, this pa- ceedings of the 13th ACM SIGACT-SIGMOD-

per has shown that one of the schemes, callathulative SIGART Symposium on Principles of Database

Density(CD) scheme, gives very accurate results, with er- Systemspages 4-13, Minneapolis,Minnesota,

rors that are much lower (usually less than 5% errors) than 1994,
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