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Abstract

In an object-relational database management system, a query optimizer requires users to provide cost models of user-
defined functions. The traditional approach is analytical, that is, it builds a cost model generated as a result of analyzing
the query processing steps. This analytical approach is difficult, however, especially for spatial query operators because of
the complexity of the processing steps. In this paper, a new approach that uses non-parametric regression is proposed. This
approach significantly simplifies the process of building a cost model, while achieving highly accurate cost estimation. We
demonstrate the simplicity and efficacy of this approach through experiments for three spatial operators—the range query,
the window query, and the k-nearest neighbor query—commonly used in spatial databases, using both real and synthetic
data sets.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

Spatial data are important in many areas of the public and private sectors, including geographical informa-
tion systems [32,60], computer-aided design [19,42], multimedia information systems [5,13], and earth observ-
ing systems [38]. Recently, with the development of new technologies for large-scale data management [52,54],
it is becoming increasingly feasible to store and manage a very large volume of spatial data. As a result, it has
become increasingly important to efficiently execute queries on spatial data. In this regard, there has been sig-
nificant research into spatial query optimization [34,49].

In most database management systems (DBMSs), query optimizers use a cost-estimate-based approach to
generate an optimal query execution plan. In this approach, the query execution cost is estimated using cost
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models of individual operators. To this end, there has been significant research into developing cost models of
spatial operators, such as spatial selection operators, spatial join operators, and spatial aggregation operators
[1-3,7,8,12,23,24,50,51].

Traditionally, cost models are built analytically in the form of mathematical functions of various data pro-
file parameters (e.g., cardinality, selectivity) and system parameters (e.g., page size, buffer size). However, as
explained in Section 3.1, building cost models for these spatial operators using an analytical approach is a very
involved process. Thus, cost models are typically drastically simplified and approximated; this results in inac-
curate cost estimations of individual operators and, consequently, a poor query execution plan. Indeed, as
pointed out by Gardarin et al. [30] and Lanzelotte et al. [43], the objective of using such an analytical model
for a query optimizer is “not to find the best execution plan but rather to avoid the bad ones.”” Thus, database
system administrators frequently turn off the cost-estimate-based query optimizer because of its poor perfor-
mance and use only the heuristics-based query optimizer instead.

A new method is proposed here that is simple and effective for generating highly precise cost models. A cost
model is built using a statistical approach. That is, a cost data set is first generated by repeatedly executing a
spatial operator, and then a statistical model of the data set is built. This statistical modeling is much simpler
than analytical modeling, as it does not require any understanding of the system’s internal query-processing
mechanism, but needs only the cost data set generated from query executions.

To use this approach, users only have to provide information that is necessary to generate a cost data set.
As explained in Section 4, this requires only basic knowledge of a spatial operator, such as the semantics of
what the operator retrieves given the values of its input arguments. Thus, the main objective of this paper is to
show how simple the statistical cost-modeling approach can be and how precise the cost model generated may
be, despite the complexity of spatial query processing inside a DBMS.

In this paper non-parametric regression is used as the statistical modeling technique. Regression is adequate
here owing to its inherent ability to fit a model to noisy data. It is imperative to use a non-parametric as
opposed to a parametric technique, because the arbitrary cost-variations typical of spatial operators make
it infeasible to provide a parametric model. This issue is revisited in Section 5. In the experiments, thin-plate
spline fitting [14,47,65] is used as an example of a non-parametric regression technique.

The experiments used a real DBMS—Oracle Spatial™ —for the spatial query processing, and the following
three common spatial search operators: the range query, the window query', and the k-nearest neighbor query.
The R-tree index was utilized for all three operators. The experimental results, obtained using both synthetic
and real spatial data sets, confirm the validity of our argument on the simplicity and efficacy of our statistical
modeling technique.

In this approach, each cost model is tied to the spatial data set used to build the model. This is particularly
useful in an environment in which there is little or no update of the data set. In this case, the cost of training a
cost model is amortized over repeated use of the model. Such an environment is quite common for spatial dat-
abases. One example is a cartographic database used in geographic information system applications. Consid-
ering an urban map as a specific example, roads and buildings in the map hardly change and, if they do, the
changes are infrequent and mostly trivial (e.g., one building, one intersection). In an environment with fre-
quent updates, the robustness of a model becomes an important issue. This is beyond the scope of this paper.

The main contributions in this paper are: (1) to propose a statistical non-parametric regression technique
for generating the cost model of a spatial operator and (2) to demonstrate how simple and effective the pro-
posed technique is, despite the complexity of spatial query processing. The applicability of this approach is not
limited to the query optimizer. It can also be used for other applications that require execution cost modeling,
such as dynamic resource allocation in parallel processing and price negotiations between a mobile agent and a
hosting site.

The remainder of the paper is organized as follows. Section 2 provides background information. The exist-
ing cost modeling approaches are reviewed in Section 3. Section 4 describes the three commonly used spatial

! The terms range query and window query are often used interchangeably. However, they are distinguished here, as explained in Section
4.
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operators. The statistical cost model-building procedure is then outlined in Section 5. The cost-modeling
approach is empirically evaluated in Section 6 and Section 7 concludes.

2. Background

This section gives an overview of some relevant topics for spatial database systems and non-parametric
regression.

2.1. Spatial database systems

This subsection briefly describes the spatial data (or object) representations and relationships, spatial index
structures, and spatial queries and their processing.

2.1.1. Spatial data

Spatial data are more complex in their structures than traditional business data and, thus, are modeled
using complex geometry types, complex operations, and complex access methods [29]. The actual complexity
varies for different applications, such as geographical information systems (GIS), VLSI CAD, mechanical
CAD, and image analysis. Since GIS is a primary motivation for spatial databases [60], we base our discussion
on GIS here.

In the Open GIS standard Simple Features Specification for SQL [69], a geometry type has four categories,
namely, point, curve, surface, and geometry collection. Different geometry types represent spatial objects of dif-
ferent shapes. A point is a zero-dimensional object, and is described with the coordinates of a vertex denoting
the point. A point models, for example, the location of a city in a map. A curve is a one-dimensional object and
is described with a line string; a line string is made of one or more line segments that do not form a closed loop.
Each line segment connects two points. A line string models, for example, a highway on a map. A surface is a
two-dimensional object, and is described with a polygon; a polygon is made of one or more line segments that
form a closed loop. A polygon models, for example, a stadium on a map. The shape of a polygon may be
irregular. A geometry collection models a complex shape such as a group of islands, and is described with
points, curves, surfaces, and other geometry collections.

There are many possible topological relationships between spatial objects, but the following are most com-
monly used in GIS [22]: disjoint, meet, overlap, containslinside, covers/covered by, and equal. Fig. 1 illustrates
the first four relationships. For the other two relationships, the covers/covered_by is a special case of contains/
inside, whereby a certain part of the contained object meets the containing object; the relationship equal is a
special case of covers/covered_by, whereby the covered object and the covering object have the same geomet-
rical shape. These topological relationships can be determined using a distance function that computes the
geometrical distance between two objects in a spatial data space (typically the Euclidean space).

2.1.2. Spatial indexes

Various types of spatial indexes have been proposed to date [6,9,33,36,45,55,59,63]. Among these, the R-tree
[33]is commonly used in spatial DBMSs, and has been used in our work as part of Oracle Spatial™ . In the R-tree,
a spatial object is represented by its minimum bounding rectangle (MBR). An MBR is a rectangle that tightly
encloses one or more spatial objects. For a two-dimensional MBR (which is typical of a spatial application),
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Fig. 1. Examples of topological relationships.
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its location is specified with two pairs of coordinates: the coordinates of the lower left corner (Xin, Ymin) and the
coordinates of the upper-right corner (Xax, Ymax)- Spatial objects are then inserted, deleted, and searched based
on the locations of their MBRs. Fig. 2 shows an example R-tree index created on spatial objects.

In the case of the Oracle Spatial used in our work, the R-tree is structured using relational tables [40,41].
Such an R-tree structure is called a relational R-tree in Ref. [41]. According to Kriegel et al. [41], a relational
R-tree comprises three tables: an index table, a user table, and a meta table. Fig. 3 illustrates these tables for
the R-tree shown in Fig. 2. The index table (Fig. 3a) stores a mapping from the R-tree index to a relational
table. It has the following four columns: Page _id (logical node identifier), Page level (the node height in
the tree structure), Child id (the node identifier of the connected entry), and Child_mbr (the child node’s

MBR).

Fig. 2. An example of an R-tree index.

example_idx_table

Page id |Page level| Child_id| Child wmbr

Root 4 Root Rect({0,0),{100,100})
Root 3 A Rect((10,0),(20,40))
Root 3 B Rect{(5,60),(60,25))

A 2 a Recii{10,0).(50,30)}

A 2 b [

B 2 c -

B 2 d e

a 1 MBER1 wea

a 1 MBR2 we

MER1 |0 Ohjecitl | Rect({10,0),(30,20))
MER1 0 Object | au.

(a)
example usr iable

OhjectlD Geometry

Objectl polygon((13,00,(30,100,(17,20),(10,10))

Object2 | polygon((32,8),30,10),(43,30),(35,200,(40,22))

Object3 polygon((38,15),(80,30),(68,40),(55,33))

(b)

Index_Name User_table Index_tahle
‘example_idy 'example_usr_table'| 'example idx_table'

Fig. 3. An example of the structure of a relational R-tree index. (a) Index table, (b) user table and (c) meta table. (The origin of the

coordinate for Rect is in the upper-left corner.)

(©)
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In the figure, MBRs 1-8 are the leaf nodes of the R-tree. These MBRs are at Page level 0, and their parent
MBRs are at Page level 1, and so on. The column Child id contains the Page id for each entry, while the
column Child_mbr stores the MBR information. Thus, the columns Page_id and Child_id together comprise
the primary key of the table. By searching the index table recursively for a certain area, the corresponding
spatial objects (i.e., Child_id values of the leaf nodes) are found. Then the actual spatial objects are retrieved
from the user table. The user table (Fig. 3b) stores geometric information about the actual spatial objects
indexed—for example, the coordinates of the polygons representing spatial objects. The meta table (Fig. 3c)
stores information about the indexes and the tables representing them. That is, it contains information about
the user and index tables of an R-tree index.

2.1.3. Spatial queries

Since spatial objects have topological relationships between them, users can use spatial operators to retrieve
objects that satisfy a certain topological relationship. (See Section 2.1.1 for commonly used topological rela-
tionships.) We classify spatial operators into the following three categories based on the classifications by
Gaede and Giinther [29] (and in the book by Shekhar and Chawla [60]): selection, join, and aggregation. Spa-
tial selection involves finding all objects satisfying a certain selection condition, and can be further classified
into point-based selection and region-based selection. The former identifies all objects containing a given point;
the latter identifies all objects satisfying a specified topological relationship with a given object (or, precisely,
the region enclosing a given object). A spatial join between two given sets of objects identifies all pairs of
objects—one from each set—satisfying a specified topological relationship between the sets. A spatial aggre-
gation identifies the objects that satisfy a certain condition on the aggregation of objects that have a certain
topological relationship with a given object.

There are several such spatial operators commonly supported by spatial DBMSs. These include range que-
ries, window queries, and k-nearest neighbor queries. A range query retrieves objects within a given range
from a given reference point or object. A window query retrieves objects contained in or overlapping a given
window. These two queries are considered to be spatial selection operators [60]. A k-nearest neighbor query
retrieves the k objects nearest to a reference point. This query is considered to be a spatial aggregation oper-
ator [60]. (Details of these operators are given in Section 4.)

Executing these spatial operators involves computing and comparing the geometrical distances from one
point or object to other objects. Spatial DBMSs use a two-tier query model [60] to do this efficiently. As shown
in Fig. 4, the two-tier query model has two steps: the filter step and the refinement step. The filter step uses the
spatial index to select possible candidate objects that may be in the query results. Then the refinement step
performs exact comparisons among the candidate objects to select those that should be in the final query
result. The filter step involves only an index search and is considered a lower-cost step. In contrast, the refine-
ment step is computationally more expensive, but the computations are applied only to a smaller set of objects
returned from the filter step.

Filter Step Refinement Step

Spatial
Index

Candidate Objects

Test on Exact
Geometry

Query Result

Fig. 4. Two-step query processing (source: Brinkhoff et al. [15]).
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Query processing in terms of the MBRs in the R-tree index for the range query is reiterated as an example.
In the filter step, the MBRs overlapping the MBR of the circle representing the query range are selected.
Because the MBRs are rectangles, it is computationally less expensive than checking if the spatial objects
(e.g., irregular polygons) are in the query range. In the refinement step, the objects enclosed in the selected
MBRs are then retrieved from disk and stored in memory. The exact geometry of each object, and not the
MBR, is then used to check if the object indeed overlaps the circle. This step usually requires a CPU-intensive
geometric computational algorithm.

2.2. Non-parametric regression

This subsection provides a brief overview of non-parametric regression with a focus on thin-plate spline-
based fitting, which is supported by the SAS/STAT package used in our work. Since the focus here is not
on the theoretical principles of non-parametric regression, only a limited discussion is provided in this subsec-
tion. Interested readers may obtain more in-depth information from the literature [14,20,21,47,64,65].

2.2.1. Basic concepts

Consider a training data set of n data points {(xy,1), (X2,¥2),---,(Xs )} Where, for each data point i
(i=1,2,...,n), X; (=(x;1,Xp,...,X;)) is a vector of the values of p independent variables (or predictors) and
y; 1s the value of the corresponding dependent variable (or response). Regression then builds a model by fitting
the data points to a regression function. In the case of parametric regression, the fitting involves computing the
parameters of a regression function f of the following form:

yi:f(“Tvxi)+£i forizlvzv"'7n7 (1)

where a” is a transposed vector of the parameters (i.e., oy, %, . . ., o,,) to be computed and ¢; is the random error
of data point i. The distributions of ¢;, i = 1,2,...,n, are each Gaussian with zero mean and are independent of
one another. The function f'relates the average of the dependent variable values (yy, y»,...,»,) to the predic-
tors (Xq,Xo,- - .,X,).

In contrast, the function required for non-parametric regression is built as a result of the fitting. That is,
given a target regression form

vi=f(xi)+e fori=1,...,n 2)

the regression function f'is estimated directly. Non-parametric regression seeks to trace the average value of y;
as a function of x; with minimum assumptions about the form of the relationship.

Various approaches can be used for building a non-parametric regression model, such as local regression
[20,21], regression trees [31], spline-based fitting [53,64], kernel smoothers [56,66], KNN regression [46,61],
orthogonal series estimators [16,67], and projection pursuit [35]. These all allow for great flexibility in the pos-
sible form of the regression surface and make no assumption about the parametric form of the model.

The current SAS package supports two non-parametric regression techniques: thin-plate spline-based fitting
[14,47,65] (called TPSPLINE) and local regression [20,21] (called LOESS). In the remainder of this section, we
give a brief overview of these two techniques, adapted from Ref. [70]; the rationale for the choice of TPS-
PLINE is then explained.

2.2.2. Thin-plate spline-based fitting

Spline-based fitting has been used as a non-parametric regression analysis tool since 1998 [64]. TPSPLINE
uses a type of spline called a thin-plate spline; this name refers to the physical analogy of bending a thin sheet
of metal. This technique uses the penalized least-squares method to estimate multivariate regression surface
using thin-plate smoothing splines. Using the notation of the penalized least-squares estimate, the function
f can be obtained by minimizing the following quantity:

L0 S0P+ A1) 3)

where the first term measures the goodness of fit, and the second term measures the smoothness of f.
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J' | —— observedy
______ estimated y (smaller A)
................... estimated y (larger )

min max

Fig. 5. Goodness of fit and smoothness for different values of the smoothing parameter (1).

The multiplier 4 in Eq. (3) is a smoothing parameter, which regulates the weight between the smoothness
and goodness of fit. There is a tradeoff between these two measures, depending on the value of 4. Specifically,
a smaller value of A results in better fitting of the training data points, whereas a larger value results in
smoother fitting across the model space (i.e., the effective parameter space). Fig. 5 illustrates this tradeoft,
where the vertical arrows are training data points, which are samples of the observed (i.e., actual) values
shown as a solid line. The broken line shows the estimated values for a smaller A, whereas the dotted line
shows the values for larger 1. As 4 becomes smaller, the fitting becomes more accurate (i.e., “‘better”) at
the training points, but less accurate at other points (used as testing points) because the fitting fluctuates more.
The converse is true as 4 becomes larger, because the fitting becomes smoother.

The optimal value of A can be chosen by minimizing the function V(/), called a generalized cross-validation
(GCV) function [64]

HIa—A@)yl?
pp = iy @
[G)tr(T— A(2))]
where A(/) is called the smoothing matrix with the fit y, = A(1)y.
Jmp(f) in Eq. (3) is the penalty on the roughness of f, and is defined as an integral of the square of the mth
derivative (m > 2) of f as

> x m! oy 77
Jml?(.f) B /—oo o ~/7:>o ZO(1' tr ap! |:a-x91(1 o ’ax;p:| dxl B .dxp7 (5)

where o) + -+ o, = m.
The estimate of f, denoted as f, is obtained as a linear combination of a sequence of basis functions, that is

Fox) =00+ 00+ 3 0B, ©

where B; is a basis function that depends on x;, and 0, and J; are coefficients to be estimated.
Readers interested in the algebraic crux of the thin-plate spline-based fitting algorithm are referred to p. 570
of an article by Brookstein [14].

2.2.3. Local regression
In LOESS, the regression function f (see Eq. (2)) can be locally approximated as a polynomial function
[20,21]. For univariate LOESS, the regression fits at a selected local point x; as

yi =By + Bi(xi — x0) + ol —x0)* + -+ + B,(xi — xo0)" + & (7)
while using weighted least squares with kernel weights K (b~ '(x; — x¢)) to minimize [58]:
B (xS
2= Bo= = Byl —x VR () (8)

Specifically, data points are fitted using weighted least squares at the centers of neighborhoods. For each
neighborhood, it contains a specified percentage of the data points. This fraction of the data is called the
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smoothing parameter, which controls the smoothness of the estimated surface. The number of points used to
estimate the regression function f{x) is fixed, regardless of the estimation location of xy.

2.2.4. Choice of TPSPLINE

While the preliminary study showed that both TPSPLINE and LOESS are suitable, TPSPLINE was cho-
sen over LOESS. The reason for this is that TPSPLINE is mathematically more elegant, gives slightly better
surface smoothing, and can handle larger data sets. For instance, since TPSPLINE uses the penalized least-
squares method to fit the data with a flexible model, the number of effective parameters (i.e., the number of
sample data points used by TPSPLINE as the unique design points) can be as large as the number of
unique design points. Thus, as the sample size increases, the model space increases as well, thus enabling
TPSPLINE to fit more complicated situations [70]. In addition, TPSPLINE can fit both semi-parametric
and non-parametric models, which provides great flexibility in building models. (Only a non-parametric
model was used because a test showed that the fitting error was higher when a semi-parametric model
was fitted using TPSPLINE.) On the other hand, LOESS is considered more suitable than TPSPLINE if
there are many outliers in the data and the fitting has to be robust [25], and is less expensive to compute
[58].

3. Existing cost-modeling approaches

Existing cost-modeling approaches can be categorized as analytical or statistical approaches. An analytical
approach involves a highly complicated analysis of cost-incurring operations, and this requires the user to
have advanced knowledge of the database system—internal implementation of the DBMS, system configura-
tions, internal mechanisms of functions and operators, etc. In reality, however, most users do not have this
type of knowledge. In this regard, a statistical approach is promising because of its simplicity. , as it only
requires the user to “help” the system to collect a statistical training data set.

3.1. Analytical cost modeling

Owing to the inherent complexity of analytical cost modeling, simplifications and approximations are
unavoidable in the analysis of most existing studies. This makes the resulting cost model imprecise, and thus
applicable to only limited or unrealistic cases of spatial data sets. This subsection points out the simplifica-
tions/approximations made in some previous studies and discusses them.

Acharya et al. [2], Belussi and Faloutsos [7], and Faloutsos and Kamel [23], proposed a cost model for the
window query, where both query windows and spatial objects are rectangles. In this case, there is no significant
computation needed in the refinement step, since it only involves comparing rectangles. Hence, only the cost of
the filter step was considered and the refinement step was ignored. Aboulnaga and Naughton [1] proposed a
more general cost model for the window query, where both query windows and spatial objects are general
polygons. In this case, a significant CPU cost is incurred in the refinement step and, therefore, the cost model
considers both filter and refinement steps. In the filter step, the access method is either a sequential scan or an
R-tree search. Hence, the cost of this step depends on the access method used. The authors assume that the
cost of the refinement step is independent of the access method used for the filtering. This assumption ignores
the intricacy of internal processing such as pipeline operations. Furthermore, the authors use the MBR of a
general polygon as the query window in the filter step, thus in effect approximating the filtering cost to that of
a rectangular window query. Note that in our experiments we also use general polygon-shaped spatial objects
(see Section 6.3.1), therefore incurring significant cost in the refinement step, but the statistical cost modeling
reflects both filter and refinement steps as an integral operation without involving the analysis required for
analytical cost modeling.

Typically, an index structure (e.g., an R-tree) is used to speed up the filter step. In this regard, there has
been extensive research on analysis of an index structure to model the cost of the filter step. Some previous
studies are discussed in the remainder of this subsection to show the complexity of such an analysis and
the simplifications made.
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3.1.1. Analytical cost modeling of the filter step

Friedman et al. [27] proposed a cost model for the nearest neighbor query using the KD-tree. The analysis is
based on the maximum metric—a metric that bisects the data space along the dimension with the longest
range. In general, this metric allows for only an approximate analysis. Moreover, the resulting model estimates
only the number of leaf node accesses, which does not closely reflect the actual cost.

Faloutsos et al. [24] carried out a cost analysis for window queries (including range queries) using the R-tree
and the R+-tree. This paper provides the first known analysis of the R-tree, and compares the R-tree and R+-
tree analytically. The resulting cost models estimate only the number of data page accesses. As an example, the
analysis needed to model the expected number of data page accesses in the R-tree is sketched, as presented by
Faloutsos et al. [24].

Example 1. Suppose the database stores N spatial objects in a d-dimensional data space, and each data page
stores an average of C objects. Assume a query accesses a hypercube H of volume Vp = 1/N in the data
space, and approximates the page region mapped from the hypercube Hp as a hypercube Hp with volume
Vp= C/N. Then, the page region is accessed if and only if Hp intersects with Hp. The probability of their
intersecting in one dimension can be approximated as /¥ p + +/Vp for very large N. For simplicity, assume the
dimensions of the data space are not correlated. Then, for very large N, the probability in the d-dimensional
data space is (\VV_D + \[VV_p)d, and hence the expected number of data page accesses is the multiplication of this
probability and the number of data pages, N/C, in the database, and hence (/Vp + {‘VV_p)dN /C.

Despite the simplifying assumptions and approximations made, this analysis is quite complicated for most
users. Furthermore, the resulting cost model has several limitations. First, the model is not applicable to a
sparse database because the model assumes that the number of objects is very large. Second, the effects of
the correlations between dimensions are not considered. Third, the boundary effects are not reflected in the
model. (Here, a boundary effect refers to the change in cost as the query reaches the boundary of the data
space.) Indeed, significant impacts on the costs are reported for the correlation effects by Faloutsos and Kamel
[23] and for the boundary effects by Pagel et al. [S0] and Berchtold et al. [8]. Fourth, a page region is approx-
imated as a hypercube, which is not necessarily valid.

Berchtold et al. [8] proposed cost models geared for a high-dimensional data space and considering the
boundary effects (but not the correlation effects) for the range query and the nearest neighbor query. The
boundary effects are more significant in a higher-dimensional space. Their models, however, assume that
the number of data pages is a power of two and that the data pages cover the entire data space completely
without any overlap. These assumptions are not realistic at all. The number of data pages can be any number,
and an empty region of the data space has no data page to store its non-existent objects. Bohm [12] extended
the models proposed by Berchtold et al. [8] to consider the correlation effects as well (using the concept of the
fractal dimension [23]), and added a cost model for the k-nearest neighbor query. These models, however,
assume a smooth spatial data distribution. This is not a valid assumption in general, as shown in our exper-
iments (see Fig. 10 in Section 6.3.1, for example).

3.1.2. Precision of an analytical cost model

To the best of our knowledge, most research on analytical cost modeling reports absolute cost values (e.g.,
the number of disk page accesses) instead of error statistics. An example is the analytical cost model of a near-
est-neighbor (i.e., KNN with k = 1) query used by Korn et al. [39] in 2001. It shows the cost in terms of the
number of leaf accesses in the R-tree as follows: for three different data sets, the predicted (i.e., estimated) costs
are 5.18, 3.05, and 19.63, respectively, and the mean/standard deviation of the observed costs are 6.7/6.08,
9.82/9.88, and 32.8/44.17, respectively. This amounts to an error in the range of 29-222%, even if we consider
only the average costs as a best-case representation of their results.

3.2. Statistical cost modeling
Recently, statistical approaches have been studied in building the cost model of a user-defined function

(UDF) for a DBMS query optimizer. These approaches have several advantages over the analytical approach.
First, the cost modeling does not require users to have advanced knowledge of the database systems; users
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only need to determine from the input arguments of the UDF the variables that significantly influence the cost
(called model variables) and to provide a simple specification for collecting training data needed to build a cost
model. Second, the cost modeling for the UDF is carried out as one logical step instead of its individual steps
and is therefore less involved. Third, the cost modeling considers all possible cost-incurring factors naturally
through statistical fitting, thereby generating a highly precise model.

Boulos and Ono [11] built a multi-dimensional histogram based on a training data set collected through
UDF executions. The histogram constructed is then stored in the DBMS and used as the cost model. The UDFs
used in their experiments are text search functions, e.g., Contains(text, keyword_list) for retrieving documents
containing the keywords in keyword_list from the documents in text. In this approach, however, the data set
becomes too large to be stored and processed with reasonable performance. The authors mitigate this problem
by sampling the data set generated; however, this results in high errors (55-79% relative error) in the cost esti-
mation. Compared with this approach, the model data generated by our approach is very small—only the coef-
ficients of the regression model. This confers an advantage, particularly in a query optimization environment,
because a query optimizer should operate with a limited amount (as small as a few kilobytes) of memory.

Lee et al. [44] used parametric regression as the modeling technique. The UDFs are aggregate functions of
financial time series, such as Median, MinMavg (minimum moving average), NthMavg (nth moving average).
For these UDFs, a quadratic model was suitable for achieving accurate cost estimations (less than 5% median
relative error and 10% mean relative error in the majority of cases). This approach, however, requires the user
to provide a parametric model and only tunes the coefficients. Thus, it is not generally applicable to other
UDFs with more complex cost variations, such as spatial operators. In contrast, the non-parametric regres-
sion used in our approach can fit cost variations of any shape without the user’s involvement, and is thus gen-
erally applicable to various UDFs.

4. Three common spatial operators

This section describes three common spatial operators: the range query, the window query, and the k-near-
est neighbor query. The focus here is on showing the complexity of analyzing the processing costs.

Fig. 6 illustrates the three spatial operators on the objects shown in Fig. 2. The range query finds objects
contained within or overlapping a circle with a given reference point as the center and a given distance as
the radius. To use this operator, two arguments need to be provided: the reference point and the distance.
(If the reference is given as an object instead of a point, then the center of its MBR, or a certain vertex of
the object, may be used as the reference point.) The window query finds all objects that intersect a given rect-
angular window. Two points need to be provided to specify the window. In a two-dimensional space, they can
be the points at the bottom-left corner and the top-right corner. The range query may be considered as a win-
dow query with a circular window. However, they are distinguished here because the cost models have a dif-
ferent number of model variables (as described in Section 6.1). The k-nearest neighbor query finds the k nearest
neighbors of a given reference point in the Euclidean space. Thus, two arguments need to be provided: the
reference point and the number k.

An analytical approach to building cost models for these three spatial operators requires analysis of the
performance at a given page granularity for the disk IO cost and in seconds (or finer, e.g., milliseconds) for
the CPU cost. This analysis is carried out as described in Section 3.1.

[ ’ 9

Fig. 6. Three common spatial operators.
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According to the two-step query-processing strategy (described in Section 2.1.3), the costs of these spatial
operators depend on many factors. First, the distribution of spatial objects affects the index tree structure (e.g.,
tree height, node fanout) built on them, which directly influences the index search performance (e.g., the num-
ber of MBRs accessed during the search). Second, the input argument values of a spatial operator affect the
index search performance and the number of candidates selected in the filter step. Third, the index search algo-
rithm associated with the index tree structure has a fundamental effect on the index search performance. For
example, in the case of the k-nearest neighbor query, the index search performance varies depending on which
of the different search algorithms [4,17,26,28,37,57,68] is used on which of the different spatial index structures
[6,9,33,36,45,55,59,63]. All these factors combined significantly influence the index tree search cost, MBR com-
parison costs, and the number of candidates selected in the filter step, which in turn affects the cost of the
refinement step.

Moreover, exact geometrical comparison in the refinement step is an involved process and, thus, compli-
cates the cost analysis further. The comparisons involve arbitrarily shaped objects, the boundaries of which
are represented by points or line strings. The complexity of these geometrical shapes has a direct impact on
the exact comparison cost. For example, in the case of the range query, to examine the topological relationship
between the reference point and a spatial object, each line segment in the geometrical boundary of the spatial
object needs to be examined to find if the spatial object is within the query distance from the reference object
(or point). Note that the costs are also affected by system configurations such as the buffer size and buffer man-
agement policy for both the filter step and the refinement step.

Analytical cost modeling considering all these factors is very difficult, if not impossible. Moreover, as
described in Section 2.1.2, the spatial index R-tree is structured as relational tables in Oracle Spatial™. Hence,
the spatial index search uses relational join operations, which themselves may utilize indexes on columns.
Thus, the analysis would be even more involved than analyzing the traditional tree-structured spatial index.

5. Procedure for building a statistical cost model

In this section, the procedure for building a statistical cost model for spatial operators is described. Note
that the novelty is the statistical approach as a whole applied to the problem of spatial operator cost modeling,
instead of the individual steps in the procedure.

The approach involves four steps, as shown in Fig. 7. The first step is to determine the model variables for a
spatial operator. The second step is to prepare a set of the sample values of model variables, which is used in
the third step to generate a model training data set. This in turn is used in the fourth step to train the statistical
cost model. (Fig. 11 in Section 6 shows an example of a model training data set and the surface fitted using a
trained cost model.) Each step is now described in more detail.

5.1. Determining model variables

Model variables determined in this first step directly affect subsequent steps in the cost model building pro-
cedure. As mentioned in Section 3.2, model variables significantly influence the cost of a query operator in a
database system. There may be many factors that influence the cost to a different degree, but our educated
assumption is that only a small number (i.e., 1-5) of them have a dominant influence. Identifying the right
model variables is very important, as the model variables can influence the time required to generate the train-
ing data set, the model building time, and, more importantly, the model precision. Users can determine model
variables from their understanding of the spatial operator. Step 1 in Fig. 8 shows example model variables (x,
y, and d) for the range query. (In Section 6.1 we discuss in detail how model variables are determined for the
range query.)

5.2. Preparing a model variable value set
A model variable value set consists of selected values of model variables; the values are sampled from a data

space formed by the model variables. In this work, grid sampling is used to cover the model space (i.c., the
Cartesian space defined by model variables) evenly. (A more sophisticated sampling technique, such as
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|

Step 3: Translate into input arguments |

generate

a model -
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Fig. 7. The steps in the statistical cost model building procedure.

Spatial operator: Range (p, d)

Input arguments: p, d
e p:reference point
e d: distance from the reference point

Step 1: determining model variables

Output: model variables x, y, d

e x: x-coordinate of the reference point
e y: y-coordinate of the reference point
e (: distance from the reference point

Step 2: preparing a model variable value set

Output: {<vy, vy, vi>}

e v, a sample value of the model variable x
e v,: a sample value of the model variable y
e v, asample value of the model variable d

Step 3: generating a model training data set

Output: {<vy, vy, vy, cpu, io>}

e y.: a sample value of the model variable x

e ,:asample value of the model variable y

e v, asample value of the model variable d

e cpu: CPU cost of executing Range(Point(v,, v,), v4) where Point(v,, v,) is a
reference point at the coordinates <v,, v,>.

e jo: disk IO cost executing Range(Point(v,, v,), v,) where Point(v,, v,) is a
reference point at the coordinates <v,, v,>.

Fig. 8. An example of generation of a training data set.

density-biased sampling [48] would be more effective for achieving higher accuracy. The particulars of the sam-
pling techniques are, however, beyond the scope of this paper.) The grid is determined according to a grid plan,
which is a specification for partitioning the model space. Different spatial operators may need different grid
plans. The grid plan used in experiments is described in Section 6.3.2. Step 2 in Fig. 8 shows an example
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set of model variable values for the three model variables of the range query. Each combination of vy, v,, and
vy constitutes a grid point.

5.3. Generating a model training data set

A model training data set is generated by repeatedly executing a spatial operator according to a grid plan.
The input argument values of the spatial operator are translated from the model variable values (generated in
the previous step). Each input argument of the spatial operator is either a model variable itself or derived from
one or more model variables. Step 3 in Fig. 8 shows an example of generation of a training data set from the
model variable value set generated in the previous step. To generate input arguments of the range query, the
model variables x and y are translated into the input argument p (reference point) as Point(x,y), and the model
variable d becomes the input argument d (distance). The training data set thus generated is formed by com-
bining the model variable values (e.g., vy, v,,v,) and the measured CPU and disk 10 costs (cpu, io), that is, as

{ <vxa Uy, Vg, CPU, lO> } .
5.4. Training a statistical model

A training data set is used to build a cost model through statistical training. As mentioned in Section 1,
non-parametric regression is used as the statistical modeling technique, which fits the training data set with
high precision, has a high data/model compression ratio, and is fast at predicting the dependent variable value
(i.e., estimating the cost). Parametric regression is not suitable because it requires users to provide a parametric
model, which is not possible without knowing the shape of cost variations in the model space. In the case of
spatial operators, the shape can be quite complex and arbitrary because the costs are affected significantly by
the distribution of spatial data objects (as described in Section 4), which itself is quite complex and arbitrary.

As mentioned in Section 2.2, the SAS TPSPLINE procedure was used for non-parametric regression. Thus,
a cost model can be built by simply providing a training data set as an input to the procedure. Fig. 9(a) shows
an example training data set (named ““train_r_1x4 1) for the range query; the INPUT statement specifies the
five columns (three model variables, x, y, and d, and two costs, CPU time and disk 10) of records in the
DATALINES statement.

Fig. 9(b) shows an example of using the TPSPLINE procedure to build a model. CPU cost (cpu) and disk
10 cost (i0) are built separately as dependent variables of x, y, and d. The LOGNLAMBDA option requests
the values of the smoothing parameter 4, which is used to compute the GCV values (see Eq. (4) in Section
2.2.2); the data are given as log|on/ values ranging from —4 to —2 in increments of 0.2, where 7 is the number
of training data points. TPSPLINE computes the GCV values for the given list of / values and picks the one
that returns the minimum GCV. The OUTPUT statement specifies that predicted (i.e., estimated) values

DATA train_r_1x4_1
INPUT x y d cpu io;
DATALINES;
0 0 5000 18 6 PROC TPSPLINE DATA = train_r_1x4_1;

5000 0 5000 25 38 MODEL cpuio = (x y d)
10000 0 5000 24 65 / LOGNLAMBDA = -4 TO -2 BY 0.2;
L. OUTPUT OUT = estimate PRED LCLM UCLM;
RUN; RUN;

(a) (b)

Obs x vy d cpu P_cpu LCLM_cpu UCLM_cpu io P_io LCLM_io UCLM_io
1 0 0 5000 18.00 18.25 18.13 18.37 6.00 6.73 6.53 6.93
2 5000 0 5000 25.00 25.34 25.15 25.53 38.00 40.23 40.01 41.45
3 10000 O 5000 24.00 24.63  24.42 24.84  65.00 63.63 62.55 64.71

()

Fig. 9. Example of statistical model training using the TPSPLINE procedure. (a) A training input data set, (b) training a statistical model
and (c) a training output data set.
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(PRED) and 95% confidence limits (LCLM for the lower limit and UCLM for the upper limit) are to be saved
in an output data set named “estimate” [70]. To make predictions, the values of model variables are used as
the input to the trained model. Fig. 9(c) shows an example output; Obs is the observation point number.

6. Evaluations

In this section, the statistical cost-modeling approach is evaluated. First, cost models of the three spatial
operators are built according to the steps described in Section 5. Then experiments are conducted to assess
the cost estimation accuracy under different conditions. The conditions tested involve different spatial opera-
tors, different densities (i.e., the number of objects in a unit space) of the spatial data set, and different sizes of
the model training data set.

Specifically, in Section 6.1 model variables are determined for each of the three spatial operators; in Section
6.2 the performance factors considered in designing the experiments are discussed. The set-up of the experi-
ments is described in Section 6.3, including the spatial data sets and the grid plans used to generate model
training data sets. Section 6.4 presents the results of the experiments.

6.1. Model variables for the three spatial operators

In this subsection, the model variables for the three spatial operators are determined. Note that in the cost-
modeling approach used, it is sufficient to consider only the basic concepts of the spatial operators while ignor-
ing the details of their processing (e.g., index search) internally within the DBMS.

6.1.1. Range queries

Since the range query identifies all spatial objects within a certain distance from the reference point, natu-
rally the cost is influenced by the size and location of the circle defined by the distance and the coordinates of
the reference point. Intuitively, given a reference point at (x, y), the cost increases as the distance d increases,
and given a distance d, the cost varies with the coordinates x and y of the reference point according to the
distribution of spatial objects. Thus, the distance d and the coordinates x and y are chosen as the model
variables.

6.1.2. Window queries

Like the range query, the cost of the window query is influenced by the size and location of the window. The
window in this case is a rectangle defined by the coordinates of the two extreme corners (e.g., lower-left and
upper-right) or, equivalently, the coordinates of one corner and the width and height of the rectangle. Intu-
itively, given the coordinates of the corner at (x,y;) (or (x,):)), the cost increases as the window size
(x; — x1) X (yr — »1) increases, and given a window size, the cost varies with the coordinates of the corner (x;
and y;, or x; and y,) according to the distribution of spatial objects. We choose the coordinates x; and y; of
the lower-left corner and the coordinates x, and y, of the upper-right corner as the model variables.

6.1.3. k-Nearest neighbor queries

Since the k-nearest neighbor (KNN) query identifies the k£ nearest objects from the reference point, the cost
is influenced by the size and location of the circle determined by the coordinates of the reference point and the
number k. Intuitively, given a reference point at (x,y), the cost increases as k increases, and given k, the cost
varies with the coordinates x and y of the reference point according to the distribution of spatial objects. Thus,
the coordinates x and y and the number k are chosen as the model variables.

6.2. Performance factors

The cost estimation accuracy is used as the primary performance factor for judging the feasibility of this
approach. In addition, the cost estimation speed, the model building speed, and the generation speed and size
of the training data set are considered as secondary factors. Trade-offs exist among these factors and, thus, we
attempt to find a balance among them in the experiments.
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6.2.1. Cost estimation accuracy

The relative error, calculated as |actual cost — estimated cost| + actual cost, is used as a metric of the accu-
racy. This accuracy is affected by a number of factors, including the size (i.e., the number of data points) of the
model training data set, the dimensionality of the model space (i.e., the number of model variables), and the
density of objects in the spatial data set. Specifically, the accuracy is higher if the modeling is carried out using
a larger training data set, a lower-dimensional model space, and/or against a lower-density spatial data set. We
believe the first two conditions are evident to readers, but the third one may not be. The reason for the third
condition is that, if spatial objects are less densely populated, then the actual costs (both CPU and disk 10) are
lower because a spatial query needs to process fewer objects; the relative error tends to be amplified if the
actual cost (i.e., the denominator) is lower because the absolute residual error (i.e., the numerator, |actual
cost — estimated cost|) is not affected by the actual cost.

6.2.2. Cost estimation speed

Since a cost estimation predicts the cost of using a model that has already been built, it is independent of the
other performance factors. Unlike model building or the generation of a model training data, cost estimation
should be very fast because it is only one of many steps in query optimization, which itself should be very fast.

6.2.3. Model building speed

Model building is carried out off-line and, hence, the speed is not a critical issue. Nonetheless, it should not
be excessively long. In experiments, the model building speed is determined by the speed of the SAS procedure.
Two factors influence the model building speed: the size of the training data set and the dimensionality of the
model space. Since the latter is fixed once the model variables are determined, the model building speed can
only be controlled using the former. Naturally, a larger training data set leads to slower model building but a
more precise model. This tradeoff is balanced by carefully designing a grid plan for controlling the size of the
training data set.

6.2.4. Generation speed for model training data set and size of the data set generated

Like model building, model training is carried out off-line and hence is not under a tight time constraint.
However, the generation of a training data set is the most time-consuming of all the steps in Fig. 7, and the
generation time increases linearly with the size of the data set generated. Thus, for practicality, this time was
limited to 1 h after some trial runs. Evidently, the time limit should vary depending on the cost estimation
accuracy required, the size of the spatial data set, the computer system and algorithm speed, etc. As in the
case of the model building speed, the tradeoff between the cost estimation accuracy and the generation speed
for the training data set and its size is balanced using a grid plan.

6.3. Experimental set-up

6.3.1. Spatial data sets
Four synthetic data sets and one real data set are used as the spatial data in experiments. Each data set is a
collection of simple geometric objects distributed in a two-dimensional space.

6.3.1.1. Synthetic data sets. Each synthetic data set covers a two-dimensional spatial region of 10,000 m x
10,000 m, and contains either 1000 or 10,000 objects. The object types are a point, a line string, and a polygon;
a point has only one vertex, and a line string and a polygon have three to twelve vertices. The resulting object
size is approximately 80 bytes on average and, thus, approximately 100 objects are stored in one disk page (8
KB). The distribution of a data set is either uniform or multi-Gaussian. Each multi-Gaussian data set contains
three clusters of objects. Each cluster has the same number of objects distributed with the centroid (m,,m,) and
standard deviation ¢ set to (my,m,,s) = (2000,2000,2000), (7000,2000,600), and (8000,8000,1000), respec-
tively. Four data sets were generated from the combination of the two object counts and the two distributions:

e DS;: 1000 objects with uniform distribution
e DS,: 1000 objects with multi-Gaussian distribution
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e DS;: 10,000 objects with uniform distribution
e DS,4: 10,000 objects with multi-Gaussian distribution

6.3.1.2. Real data set. An urban area map of 66 counties in Pennsylvania [10] was used as the real data set
(DSs). Fig. 10 shows the map of Adams County, one of the 66 counties, as an example. The map projection
name is Lambert Conformal Conic, and the resolution is 0.99537 for both the abscissa and the ordinate. The
data set contains 15,000 objects in a spatial region of 500,000 m x 300,000 m. The object types are a line string
and a polygon, each of which represents a real geometric object. The number of vertices in each object varies
widely, from a few to several hundreds, as does the size of each object. The average size of an object is approx-
imately 165 bytes, and hence an average of 50 objects are stored in one disk page (8 KB). Since this is a real
data set, the distribution of objects is arbitrary.

6.3.2. Training data sets: grid plans

As mentioned in Section 6.2, a grid plan is used to control the size and generation time of a model training
data set. The sampling interval, and hence the grid resolution, determines the number of training points in the
model space and, consequently, the size of the training data set.

Two factors are considered when designing a grid plan: the density of a spatial data set and the dimension-
ality of the model space. First, as explained in Section 6.2, a higher density of objects in a spatial data set leads
to higher costs for spatial operators. This in turn incurs a longer time for generating the training data set. If
this time exceeds the limit (i.e., 1 h), then the number of training data points should be reduced by lowering the
grid resolution, which compromises the cost estimation accuracy as a result. On the other hand, a lower den-
sity of objects in a spatial data set allows for higher grid resolution (which results in a larger number of train-
ing data points and, consequently, more accurate cost estimations) as long as the generation time for the
training data set is within the limit. Second, a higher-dimensional model space lowers the density of the model
training data set, since data points in the space become increasingly sparse as the dimensionality increases.
Therefore, higher dimensionality requires a higher grid resolution to achieve the same cost estimation accuracy
within the limit of the generation time.

Based on these considerations, the following three grid plans were designed. The number of intervals (i.e.,
ten, five) in the grid plans is shown to be adequate.

e Grid plan 1 partitions the range of each model variable into fen equal intervals, and is designed for the
range query and the kNN query, each of which has three model variables chosen. The resulting grid has
the highest resolution of the three grid plans, and generates 1331 (11 x 11 x 11) training data points. This
grid plan is not suitable for the window query, which has four model variables, because the training data set
would have 14,641 (11 x 11 x 11 x 11) data points at this grid resolution, which takes too long (>1 h) to
generate (using the direct IO set-up in our experiments; see Section 6.3.4).

Fig. 10. Urban area map of Adams County in Pennsylvania State.
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e Grid plan 2 is designed for the window query, which has four model variables, x;, y;, x;, and y,. It partitions
the ranges of x; and y, into fen equal intervals, and the ranges of x, and y, into five equal intervals. The
reason we can set the resolution of x, and y, to half that of x; and y, is that the ranges of x, and y, are
smaller than the ranges of x; and yj, respectively, because x, > x; and y, > y;. The resulting grid has inter-
mediate resolution among the three, and generates 4356 (11 x 11 x 6 X 6) training data points. This is a
compromise between the need for more training data points owing to higher dimensionality and the need
for fewer training data points owing to the limit on the generation time for the training data set.

e Grid plan 3 partitions the range of each model variable into five equal intervals, and can be used for any of
the three spatial operators. The resulting grid has the lowest resolution of the three grid plans, and gener-
ates 216 (6 x 6 x 6) training data points for the range and kNN queries, and 1296 (6 X 6 X 6 X 6) training
data points for the window query.

Fig. 11(a) shows a training data set generated using grid plan 1. The query is a range query and the spatial
data set is DS,4. Each arrow in the figure shows the disk 10 cost incurred during query execution with the input
argument reference point at the corresponding (x,y) and the input argument distance (d) set to 1000 m. The
mesh in Fig. 11(b) shows a regression surface fitting the training data set.

6.3.3. Testing data sets

To evaluate a cost model, a testing data set is generated by taking random sample points in the model
space. Then the spatial operator is executed at these sample points and the observed (i.e., actual) CPU and
disk IO costs are collected. The estimated costs are subsequently computed using the model built from the
training data set, and the relative errors are calculated from the actual and estimated costs.

6.3.4. Cost metrics and computing platform

The CPU cost is measured as the CPU time, and the disk 1O cost is measured as the number of data pages
fetched from disk to the main memory. All the experiments are performed using Oracle 91 Server running on
SunOS 5.8 installed in Sun Ultra Enterprise 450 with four 300-MHz CPUs, 16-KB level 1 I-cache, 16-KB level
1 D-cache and 2 MB of level 2 cache per processor, 1024 MB of RAM, and 55 GB of hard disk. Oracle 9i was
set up to use a 52-MB data cache and a 78-MB shared pool. The disk 10 was set up to use direct 10 for bypass-
ing the OS buffer; this eliminates the unpredictable OS caching effects. Direct 10 is commonly used in a DBMS
to ensure recoverability by forcing direct page-writing to disk while bypassing the system buffer. This con-
sumes significant time for disk 10-intensive operations, such as those performed in the experiments.

6.4. Experimental results
As mentioned in Section 6.2, the cost estimation accuracy is the primary performance factor in our exper-
iments. Accuracy is reported in the form of an error distribution, i.e., the percentage of testing data points in
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Fig. 11. Training data set and fitted surface for the disk 1O cost for the range query (distance = 1000 m) using the synthetic data set DS,.
(a) Training data set (grid plan 1) and (b) fitted surface.
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each range of the relative error, instead of the mean error. The reason for this is that the mean is biased
because of some outliers with very high values. Most of these outliers stem from data points with very small
(near zero) actual costs. A very small actual cost magnifies the relative error value significantly, even if the
residual error (i.e., |actual cost — estimated cost|) is small. This happens frequently in the case of a spatial oper-
ator, especially if the spatial data set is sparse.

In this subsection, the error distributions for three experiments are presented: (1) for the three spatial
operators; (2) for spatial data sets of different densities; and (3) for model training data sets of different
sizes. In addition, the performance results for the secondary performance factors listed in Section 6.2 are
reported.

6.4.1. Experiment 1: different spatial operators

Fig. 12 shows the results for the three spatial operators, obtained using two synthetic data sets (DS3, DSy)
and the real data set (DSs). The training data sets are of grid plan 1 for the range and kNN queries, and of grid
plan 2 for the window query.

The figures show that, considering the CPU and disk 1O costs together, the relative errors are less than
10% for at least ~70% of the testing points for the range and kNN queries, and at least ~45% of the testing
points for the window query. Moreover, the relative errors are less than 20% for at least ~90% of the testing
points for the range and kNN queries, and at least ~60% of the testing points for the window query. As
reported by Gardarin et al. [30], 20% is a reasonable cost estimation error for query optimization. Moreover,
if this result is compared with the errors (i.e., 29-222%) in an analytical cost model (of a kNN query with
k = 1) shown in Section 3.1, it is apparent that the proposed method performs better, as it achieves less than
20% error for more than 90% of the testing points.

Fig. 12 shows that the window query incurs higher errors than the range query and the KNN query. This is
largely because of the compromise made in designing grid plan 2. From the viewpoint of model precision, it is
the density, not the number of training sample points—in other words, the grid resolution—that determines
the precision of the model built using these training sample points. The training data set of the window query
would have the same density as that of the range or KNN query if grid plan 1 had been used, and thus would
have resulted in similar model precision. However, since the density of grid plan 2 is less than one-third the
density of grid plan 1, naturally the error is higher.

6.4.2. Experiment 2: different spatial data-set densities

Only the synthetic data sets can be used in this experiment. Fig. 13 shows the results using two synthetic
spatial data sets—the lower-density DS, and the higher-density DS,—for each of the three spatial operators.
The training data sets are of the same grid plans as those in Experiment 1.

The figures confirm that the relative error is higher for a lower-density spatial data set (see Cost estimation
accuracy in Section 6.2). That is, in a sparse case, the actual cost is almost zero for many queries, and this
causes the relative error to be very large, even if the residual error is very small. For example, if the estimated
cost is 0.1 and the actual cost is 0.00001, then the relative error is 1,000,000% (((0.1 —0.00001)/
0.00001) x 100). The figures also show that the error gap between the two different densities is higher for
the CPU cost than for the disk 1O cost. This indicates that a significant proportion of the costs is incurred
in the refinement step, which performs CPU-intensive geometric comparisons but little disk I10O.

6.4.3. Experiment 3: model training data sets of different sizes

The results were compared using different grid plans, which lead to training data sets of different sizes.
Fig. 14 shows the results for each of the three spatial operators. The larger training data set uses grid plan
1 for the range and kNN queries, and grid plan 2 for the window query; the smaller training data set uses grid
plan 3 for all three spatial operators. The spatial data set used is the real data set (DSs5).

The figures show that, for the range and kNN queries, error gaps between the two grid plans are not as
large as those for the window query. This indicates that the resolution of grid plan 3 (which has the lowest
resolution) is already high enough to give accurate cost estimations for the queries with three model variables
(i.e., range and kNN), but not for the query with four model variables (i.e., window).
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Fig. 12. Error distributions for different spatial operators. (a) Synthetic data set DS3, (b) synthetic data set DS, and (c) real data set (DSs).
(Grid plan 1 for the range and kNN; plan 2 for window.)

6.4.4. Results for the secondary performance factors

The results for the other three performance factors are presented briefly here. They all indicate the feasibil-
ity of the proposed approach, especially considering the low computing power of the computing platform
(Section 6.3.4) used in the experiments.

6.4.4.1. Cost estimation speed. Estimating both the CPU cost and the disk 1O cost takes less than 50 ms on SAS
for each spatial operator. (For each spatial operator, the costs were estimated 100 times using one testing data
point each, and the average estimation time was calculated.) Considering that SAS programs are interpreted at
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k-nearest neighbor query. (Grid plans: plan 1 for the range and kNN; plan 2 for the window.)

run-time, and are thus slower than running compiled programs, and that a low-end computing platform has
been used, the actual cost estimation speed after incorporating this approach into a DBMS query optimizer

should be fast enough.

6.4.4.2. Model building speed. The model building took 0.5-1 min for 1331 training points (i.e., grid plan 1) for
the range and the kNN queries, and 24 min for 4356 training points (i.c., grid plan 2) for the window query.

These overheads are trivial, since the model building is carried out off-line.
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Fig. 14. Error distributions for model training data sets of different sizes (using DSs). (a) Ranger query (larger, grid plan 1; smaller, grid
paln 3), (b) window query (larger, grid plan 2; smaller, grid plan 3) and (c) k-nearest neighbor query (larger, grid plan 1; smaller, grid plan

3).

6.4.4.3. Generation speed for training data set. For the range and the KNN queries when using grid plan 1,
training data set generation took 1-2 min on the sparser synthetic data sets (i.e., DS;,DS,), 10-15 min on
the denser synthetic data sets (i.e., DS3,DS,), and 35-50 min on the real data set. For the window query, it
took 20-32 min for grid plan 2 on the denser synthetic data sets. These are all shorter than 1 h. Note that
it took significantly longer for the real data set than for the synthetic data sets. This is because of the higher



628 S. Jiang et al. | Information Sciences 177 (2007) 607-631

disk TO cost resulting from two factors: the real data set has more objects—15,000 compared with 1000 (in
DS, and DS,) and 10,000 (in DS3; and DS4)—and requires more disk pages to store them.

7. Conclusion

In this paper, a statistical approach for building a cost model for a spatial operator was presented. Given
model variables of a spatial operator and a grid plan, the system generates a training data set. This is accom-
plished by repeatedly executing the spatial operator using input argument values corresponding to the sampled
values of model variables. Then cost models of the CPU and disk 1O costs are built separately by fitting the
training data using non-parametric regression.

The model building procedure used in this approach was described and then applied to the range query,
window query, and k-nearest neighbor query. Based on the information that each retrieves, the model vari-
ables were determined for the spatial operators. A cost model was then built for each spatial operator and
the model performance was evaluated in terms of the relative errors in cost estimation.

In experiments, three model variables were used for the range and k-nearest neighbor queries, and four for
the window query. The results show that more than 90% of the testing points have relative errors of less than
20% for the range and k-nearest neighbor queries, and more than 60% of the testing points for the window
query (for which the training data sets have limited sizes to limit their generation times). In addition, the
results show lower relative errors for denser spatial data sets and/or larger training data sets. The speed of
on-line cost estimation, off-line model building, and off-line generation of the training data-set indicates that
this approach is suitable for incorporation into a real DBMS.

The main advantages of this approach are (1) the ease of use for ordinary database users and (2) the high
precision of the cost model built, attributed to the flexible modeling power of non-parametric regression. The
disadvantage is the overhead of re-training the model if frequent updates occur in the spatial database. We
believe that this method can replace the complex analytical approach in many situations for which the re-train-
ing overhead is not prohibitive.

The spatial operators used in experiments are types of spatial selection and aggregate operators. Future
work will include the cost modeling of other types of spatial operators, such as spatial joins [62] and the k clos-
est pairs [18]. It is anticipated that this will be a straightforward extension of the current work. For example, a
spatial join overlap (S}, S»), where S; and S, are spatial data sets, finds all objects overlapping between S; and
S>. The model variables should include the cardinality of S; and the cardinality of S,, because the costs should
increase with cardinality. The k closest pairs, kCP(Sy,.S>), finds the k closest pairs of objects from the two spa-
tial data sets. It is expected that such a cost model is an extension of that for KNN queries.

Other future work will involve combining the analytical and statistical approaches. This will involve divid-
ing query processing into smaller steps and building the analytical cost model of each step. The resulting cost
models for all steps will then be integrated into one statistical model.
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