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Abstract. Facilities for the storage and analysis of large quantities of
spatial data are important to many applications, and are central to geo-
graphic information systems. This has given rise to a range of proposals
for spatial data models and software architectures that allow database
systems to be used cleanly and efficiently with spatial data. However,
although many spatial database systems have been built, there have
been few systematic comparisons of the functionality or the performance
of such systems. This is probably at least partly due to the lack of a
widely used, standard spatial database benchmark. This paper presents
a benchmark for vector spatial databases that covers a range of typi-
cal GIS functions, and shows how the benchmark has been implemented
in two systems: the object-relational database PostgreSQL, and the de-
ductive object-oriented database ROCK & ROLL extended to support
the ROSE algebra. The benchmark serves both to evaluate the facilities
provided by the systems and to allow conclusions to be drawn on the
efficiency of their spatial storage managers.

1 Introduction

Benchmarks are useful things. There are two principal kinds of benchmark: func-
tionality benchmarks, which are targeted at the question ‘what can this system
do?’; and performance benchmarks, which seek to answer the question ‘how fast
is this system?’. In the absence of benchmarks, making detailed comparisons
between alternative proposals concerning their functionality or performance is
generally difficult. An overview of database benchmarks is provided by [6].

The authors became aware of the need for a suitable benchmark for vector-
based spatial databases at an early stage in their design of a spatial extension to
the ROCK & ROLL deductive object-oriented database [3,9]. At this point it was
important to identify a suitable benchmark program that could be used both to
test the functionality of the ROCK & ROLL system and to allow performance
comparisons with alternative approaches. Unfortunately, no existing publicly



available benchmark could be found that was suitable for use with a vector-
based spatial database targeted towards spatial querying and analysis.

The best known existing benchmark for spatial databases is SEQUOIA 2000
[20], which has been used in a number of settings [10,4,18]. The SEQUOIA
benchmark is explicitly an earth sciences benchmark, and is highly oriented
towards raster data. This is reasonable, but makes SEQUOIA inappropriate
for use with vector spatial databases. In addition, as SEQUOIA operates with
real data sets, it is more difficult to experiment with different data set sizes,
as the one data set currently supplied for SEQUOIA stands at around 1Gb.
Another performance analysis is provided by [2], but this is more oriented around
database population than the time taken for analyses. In some recent work, there
has been an emphasis on the generation of spatial data sets (e.g. [11]), but this
work has not been followed through into the proposal of complete benchmarks.
Other proposals have been narrower in scope than a complete benchmark, for
example focusing on spatial join algorithms [14] or indexing [23].

A benchmark which is required to test functionality and assess performance
for vector-based spatial databases should ideally satisfy the following require-
ments:

1. Ease of use. Implementation of the data structures and queries of the bench-
mark should not be particularly time consuming, and obtaining data sets
should be straightforward.

2. Wide ranging functionality: The benchmark should assess as large a range
of spatial database features as possible.

3. Scalability: It should be possible to generate data sets that are as small or as
large as is required to carry out the performance analyses that are relevant
to a particular context.

Due to the absence of any suitable existing benchmark, the benchmark pre-
sented in this paper was developed. In terms of the above criteria, it can be seen
to satisfy these as follows: Fase of use — it has a compact schema, and data for
testing purposes is generated synthetically; Wide ranging — it has a large number
of small test tasks for which performance can be measured; Scalable — the data
generation software can be used to construct databases that are of a wide range
of sizes, from very small, main memory data sets to very large data sets that
simulate large scale maps covering a large area. To date, we have used the bench-
mark to test the functionality and performance of the GIS ARC/INFO [15], the
persistent C++ system Exodus [5], the object-relational database PostgreSQL
[24], the deductive object-oriented database ROCK & ROLL without built-in
spatial extensions [1], and ROCK & ROLL with built-in spatial extensions. The
above experiences have shown that the benchmark can be constructed quite
rapidly on a range of platforms, although the features it tests can be difficult
to support in some environments (e.g. some of the queries did not yield natural
implementations in the map-layer oriented ARC/INFO).

The remainder of this paper is structured as follows. Section 2 presents the
benchmark. Sections 3 and 4 describe how the benchmark has been implemented



in PostgreSQL and ROCK & ROLL, respectively. Section 5 presents and com-
ments on the results of the benchmark, and section 6 presents some overall
conclusions.

2 The Benchmark

This section describes the VESPA (VEctor SPAtial) benchmark by describing
the data used in the benchmark and the tests that are used to assess the perfor-
mance of systems.

2.1 Data

Unlike the SEQUOTA 2000 [19] benchmark, VESPA uses synthetic data gener-
ated by programs written for that purpose. There are several advantages to this
approach: obtaining the data is easier, there is greater control over the size and
shape of the spatial objects, and it makes the output of queries more predictable.
Working with a single real data set, as in SEQUOIA, ensures that the data is
represenative of some real world situation, but provides less opportunity for test-
ing software in different scenarios. However, in VESPA, of the many parameters
that could potentially be varied in data generation programs, this paper only
varies the scale of the data sets generated. Further work on automatic generation
of spatial data sets is described in [11,22].

The benchmark is performed on collections of geometric objects representing
features on a map. The resulting data sets contain simpler and more regular data
than real maps, but are easy to generate and are usable to test a wide range
of different cases. The benchmark uses data sets that represent land ownership,
states, land use, roads, streams, gas lines and points of interest.

The land ownership data set forms a base for the generated data. Land
ownership is represented by an n by n grid of hexagons. The size of all data sets
is given relative to the number n of hexagons used to represent land ownership.

Landown The data set landown in Table 1 consists of n? hexagons arranged in
n rows with n columns. Cardinality: n?

|Field Name][Field Definition|Comments |

land_nr integer external ID

land polygon regular hexagon
owner string[15] n different names
value float generated randomly

Table 1. Data set landown



|Field Name|[Field Definition|Comments |

statename ||string[15] generated randomly
state polygon regular hexagon
population ||integer random number < 10,000,000

Table 2. Data set states

States The data set states in Table 2 contains hexagons, with n/3 rows con-
sisting of n/3 hexagons. Cardinality: (n/3)?

Landuse The data set landuse in Table 3 consists of triangles, with six triangles
placed into each land ownership hexagon. Cardinality: 6 * n?

|Field Name [[Field Definition|Comments

landusename

string[15]

generated randomly

land

polygon

regular triangle

landusetype

string[15]

1 from 5 landuse types enumerated cyclically

Table 3. Data set landuse

Roads The data set roads in Table 4 contains lines describing a network. It
is built of slanting lines with n/2 broadly horizontal and n/2 broadly vertical
directions. At each intersection point a new line segment starts. Therefore, a
road consists of n/2 + 1 line segments. Cardinality: 2(n/2)

|Field Name|[Field Definition|Comments

roadname ||string[15] randomly generated

road line line consisting of n/2 segments
roadtype |/string[15] three roadtypes enumerated cyclically
lanes int iterates from 1 to 6

width float computed from lanes

Table 4. Data set roads

Streams The data set streams in Table 5 consists of lines representing a binary
tree. The root of the binary is located in the lower left corner. The depth of the
tree is \/n. Cardinality: 2V7+! — 2

Gas Lines The data set gaslines in Table 6 also contains lines presenting a
tree. Its depth is v/n + 1 and therefore it contains about twice as many items as



[Field Name |[Field Definition|Comments

streamname||string[15] randomly generated
stream line 1 segment connecting two points
width float

Table 5. Data set streams

the data set streams. The root of this tree is located in the lower right corner of
the map. Cardinality: 2v7t2 — 2

|Field Name”Field Deﬁniti0n|C0mments

gasline_ID ||integer external ID
gasline line 1 segment connecting two points
Table 6. Data set gasline

Points of Interest The data set POI (points of interest) in Table 7 contains
points which are placed on n sloping, parallel lines with consistent distances.
Cardinality: n?

|Field Name|[Field Definition|Comments |

POIname ||string[15] randomly generated
POI point
POItype ||string[15] 6 types enumerated cyclic

Table 7. Data set POI (points of interest)

Scaling The Benchmark The scaling of the benchmark is done by two pa-
rameters: the size of the map and the size of each data set. Although the data
generator can generate data sets of any size, three data sets are used later in the
paper with PostgreSQL and ROCK & ROLL, referred to in Table 8 as small,
medium and large. For polygons and lines, this table gives both the number of
features and the number of segments used to build the features.

Most of the data sets grow by about a factor of 10 with each size step.
Exceptions are the data sets gaslines and streams, since they are represented as
binary trees. For the data set roads, the number of roads grows about a factor
of 3.3, while the number of line segments grows by a factor of 100.

Data Generation The data is generated by a C++ program which provides
classes for all the data sets used. The program has the command line gen <Scale



| Feature | small | medium |1a.rge |
scaling factor n |10 33 100

mapsize 1000 10,000 100,000

states  polygons||9 (54) 121 (726) 1089 (6534)
landown polygons||100 (600) (1,089 (6,534) |10,000 (60,000)
landuse polygons|[600 (1800)(6,534 (19602)|60,000 (180,000)

streams lines  ||14 (14) |62 (62) 2,046 (2046)
gaslines lines 30 (30) 126 (126) 4,096 (4,096)
roads lines 10 (60)  |32(544) 100 (5,100)
POI points 100 1089 10.000

Table 8. Cardinalities. Values in brackets show the number of segments.

Factor> <mapsize>, where <Scale Factor> is the number n used to describe

the cardinalities, and <mapsize> specifies the size of the map. For each data set

an ASCII file is written, which contains the list of coordinates for each feature.
A sample of the generated spatial data is provided in figure 1.

s

Fig. 1. Drawing of spatial parts of benchmark features

2.2 Tasks

This section provides an informal description of the tasks carried out as part
of the benchmark. These tasks include updates to the database, construction of
derived spatial values and queries.



Updates

Task 1: Insert new objects: This involves inserting new information into the
database, updating all relevant indexes and topological information stored.
— add a row of hexagons to the data set landown.
— add the centre points of the hexagons from the data set states to POL.
Task 2: Delete objects: This involves removing the spatial and aspatial data
from the database that was inserted by Task 1.
input: landown, poi
output: modified data sets landown, poi
Cardinality: n + n

Set Operations

Task 3: Union polygons: Union all landuse polygons with neighbours of same
landuse type.
input: landuse
output: new data set containing the result
Cardinality: ~ 0.8 * |landuse|

Containment Operations

Task 4: Polygon contains point: Retrieve all POI which are inside Scotland
input: states, POI
output: POILpoiname, POILpoitype

L a_ |POIl _ p?
Cardinality: ~ 9 = Tstates] = (%g

)
Task 5: Polygon contains line: Retrieve all streams which are completely in-

side Scotland.
input: streams, states
output: streams.streamname
Cardinality: ~ 3
Task 6: Polygon contains polygon: Retrieve all forests which are completely
inside Scotland.
input: landuse, states

output: landuse.landusename
|landuse|/|landusetype] _ 6n%/5
[states| - (2)?

Task 7: Line contains Line: Retrieve all gas lines v?/hich are completely below
a stream (with same location, since map is two dimensional).
input: gaslines, streams
output: gaslines.gasline ID
Cardinality: < logs|gaslines|,
Task 8: Line contains point: Retrieve all points of interest on the road called
Al.
input: roads, POI
output: POI.poiname, POIL.POItype
Cardinality: ~ 0

Cardinality: ~ 11 ~



Overlap Operations

Task 9: Polygon overlap line: Retrieve all roads which are at least partly
inside Scotland.
input: states, roads
output: roads.roadname, roads.roadtype
Cardinality: ~ 4

Task 10: Polygon overlap polygon: Retrieve all forests which are at least
partly inside Scotland.
input: states, landuse

output: landuse.landusename

TR ~, |landuse|/|landusetype] __ 6n>/5
Cardinality: ~ 11 = [states] (32

Task 11: Line overlap line: Retrieve all gas lines *which are at least partly
below a stream.
input: gaslines, stream
output: gaslines.gasline ID
Cardinality: < logs|gaslines|, as in Task 10

Intersect Operations

Task 12: Line intersect line: Retrieve all streams crossed by a road
input: streams, roads
output: streams.streamname
Cardinality: < |streams|
Task 13: Line intersect polygon: Retrieve all roads which go through a for-
est.
input: landuse, roads
output: roads.roadname
Cardinality: < |roads|

Adjacent Operations

Task 14: Polygon adjacent polygon: Retrieve all states which border the
state Scotland.
input: states
output: states.statename
Cardinality: 6

Task 15: Polygon adjacent line: Retrieve all polygons from landuse that are
adjacent to the stream Dee.
input: landuse, streams
output: landuse.landusename
Cardinality: =~ 0
Task 16: Line connection: Retrieve all streams connected directly to the Dee.
input: streams
output: streams.streamname
Cardinality: 4



Search inside area

Task 17: Buffer search: Retrieve all polygons from landuse which are less
than 200m from a stream.
input: landuse, streams
output: landuse.landusename, landuse.landusetype
Cardinality: < [landuse|
Task 18: Window search: Retrieve all the POI, which are inside a rectangle
of 10 km x 10 km with the tourist information in the center of the rectangle.
input: POI
output: POILpoiname
Cardinality: ~ 1

Measurement Operations

Task 19: Size of polygon: Compute the size of all polygons in landuse.
input: landuse
output: landuse.landusename, area(landuse.land)
Cardinality: |landuse|
Task 20: Length of line: Compute the length of all streams.
input: streams
output: streams.streamname, length(streams.streamname)
Cardinality: |streams|
Task 21: Distance to constant: Compute for all POI the distance to a spe-
cific tourist information office.
input: POI
output: POI.poiname, distance(Constant, POIL.POI)
Cardinality: |[POI|

Analysis Operations

Task 22: Spatial aggregation: Compute the size of the area overlapped by
the polygons from landuse and states.
input: landuse, states
output: area( landuse |J landown )
Cardinality: 1

Task 23: Transitive closure: Find all the streams that might be affected by
salmon nets at the mouth of the river Dee.
input: streams
output: streams.streamname
Cardinality: 4|streams|



Aspatial operations

Task 24: Aspatial selection: Retrieve all roads of type motorway with at
least 3 lanes.
input: roads
output: roads.roadname, roads.lanes
Cardinality: %|roads|
Task 25: Aspatial join: Select all stream and roads that have the same width.
input: streams, roads

output: streams.streamname, roads.roadname, streams.width

o At
Cardinality: 22—

Task 26: Aspatial aggregation: Compute the sum of values of land for each
owner.
input: landown
output: landown.owner, Ylandown.value

Cardinality: 1/|landown|

3 The Benchmark in PostgreSQL

PostgreSQL is an object-relational database developed at the University of Cal-
ifornia at Berkeley [24] 1. It is a derivative of the influential POSTGRES system
[21], which pioneered work on the extension of the relational model with abstract
data types and active rules. In this context, it is the abstract data type (ADT)
facility that is of most interest, in that it has been used to extend the primitive
types of PostgreSQL with vector spatial data types. The ADTs supported by
PostgreSQL are not unlike those that are beginning to be supported by relational
database vendors.

The ADTs in PostgreSQL allow programmers to introduce new types into
the kernel of the database by:

1. Defining input and output functions that map from an external (string) rep-
resentation of an instance of the type to the internal, stored form of the
instance. For example, a point that is represented to the user as the string
(1.0,2.0) could be represented internally as a pair of reals stored in an R-tree.

2. Defining a collection of functions that take the user defined types as ar-
guments and/or return them as results. This would allow, for example, a
polygon_area function to take as input a value of type polygon and to return
a real.

The functions that define new types are written in C, and are dynamically linked
into the PostgreSQL system at runtime. There is also an interface that allows
the indexing facilities of the basic system to be extended to support indexing
of ADTs, for example, to allow spatial indexes to be used with spatial data
types. The ADTs of PostgreSQL can be considered to provide low-level and

! The URL of the current release of PostgreSQL is http://www.postgresql.org



potentially dangerous facilities for adding efficient extensions to the database
for particular domains. They are potentially dangerous because incorrect ADT
definitions can easily corrupt a database. However, they help to overcome the
limited programming facilities that have traditionally restricted the use of the
relational model for storing complex data types, such as those associated with
spatial databases.

3.1 Data Model

The implementation of the benchmark exploited extensions to a collection of
spatial data types that are supplied with the PostgreSQL system. The spatial
types introduced into PostgreSQL are: point, which consists of a pair of real
numbers; Iseg, which consists of a pair of points; path, which consists of a list
of points; and polygon, which consists of a list of points. All spatial types are
indexed using an R-tree, and algorithms are largely derived from those provided
in [17]. The PostgreSQL tables used by the benchmark are defined in figure 2.

CREATE TABLE landown ( CREATE TABLE streams (
land_nr int4, streamname charl6,
land polygon, stream 1seg,
owner chari6, width float8);
value float8);

CREATE TABLE gaslines (

CREATE TABLE states ( gasline_ID int4,
statename chari6, gasline lseg) ;
state polygon,
population int4); CREATE TABLE pois (

poiname chari6

CREATE TABLE landuse ( poi point,
landusename chari6, poitype chari16) ;
land polygon,

landusetype chari6) ;

CREATE TABLE roads (

roadname charil6,
road path,
roadtype chari6,
lanes int4,
width float8);

Fig. 2. Table definitions for benchmark in PostgreSQL



3.2 Tasks

All interaction with the database in the benchmark is carried out using SQL,
which was always used embedded in C programs. For the sake of conciseness,
only a few representative tasks are presented here, and only the SQL and not
the surrounding C programs, are presented.

Task 4: Polygon contains point: This is a spatial join operation, where points
of interest are retrieved when they are inside the polygon that is the state
attribute of Scotland.

SELECT pois.poiname, pois.poitype
FROM pois, states

WHERE states.statename = "Scotland"
AND pt_in_poly(pois.poi, states.state)

Task 9: Polygon overlap line: This is similar to Task 7, except that the spa-
tial join is based on the overlap operation involving paths and polygons.

SELECT roads.roadname, roads.roadtype

FROM roads, states

WHERE states.statename = "Scotland"

AND path_ovr_poly(roads.road, states.state)

Task 14: Polygon adjacent polygon: This is a topological self join using the
adjacency relationship on states.

SELECT S1.statename

FROM states S1, states S2

WHERE S2.statename = "Scotland"

AND poly_adj_poly(S2.state, Sl.state)

4 The Benchmark in ROCK & ROLL

The ROCK & ROLL deductive object-oriented database is built around three
components:

The object model OM: The underlying data model is an object-oriented se-
mantic data model that supports a conventional set of object modelling
concepts — object identity, inheritance, sets, lists, aggregates, etc.

The imperative language ROCK: The language ROCK allows OM objects
to be created, retrieved and manipulated. It provides a conventional set of
programming constructs (loops, if statements, etc), and can be used to define
methods on OM types.

The deductive language ROLL: The language ROLL allows deductive rules
to be defined that express derived properties of the objects stored in the
database in a declarative manner. ROLL can be used to express both queries
and methods, but contains no facilities for describing control flow or updates.
This latter feature makes ROLL amenable to optimisation using extensions
of earlier deductive query optimisation techniques [7].



The fact that ROCK and ROLL share the same type system, namely OM, means
that they can be integrated without manifesting the impedance mismatches that
are characteristic of other multi-language systems [3].

In the ODESSA (Object-oriented DEductive Spatial Systems Architecture)
project [9], the kernel of ROCK & ROLL has been extended to provide support
for the ROSE algebra [13]. The ROSE algebra is a vector spatial algebra that
maps all spatial values onto a finite resolution grid called a realm. The operations
of the ROSE algebra have desirable computational complexity[12], and ODESSA
exploits a novel implementation strategy whereby the realm is not explicitly
stored [16]. The implementation of ODESSA also corrects aspects of the original
ROSE algebra proposal, in which problems arose with certain geometries.

The ROSE algebra provides three spatial data types: points — a set of point
values; 1ines — a set of paths connecting realm points; regions — a set of areas,
possibly containing holes. All operations on the ROSE algebra are closed — they
return values that are themselves either scalar or points, lines or regions values.

The benchmarked implementation of ROCK & ROLL uses the commercial
object database ObjectStore for persistence.

4.1 Data Model

In ODESSA, points, lines and regions have been added to the OM data
model as primitive types. This means that OM objects can have attributes that
take on spatial values. The benchmark builds upon the straightforward class
hierarchy given in figure 3.

Poi nt Li ne Regi on
Poi GasLi ne Road Stream Landuse State

Fig. 3. Inheritance hierarchy for benchmark

The OM classes Point, Line and Region each have an attribute of type
points, lines and regions respectively. For example, the definition of Region
is illustrated in figure 4. These classes are used as placeholders for generic func-
tionality, such as that used to populate the database from text files. These classes
are then subclassed by the domain classes used by the benchmark. For example,
State is defined as in figure 5.

4.2 Queries

All interaction with the database takes place using ROCK & ROLL programs.
In practice, any task that can be carried out using ROLL can also be carried



type GEO.Region:
properties:
public:

RegionsRep : regions;

ROCK:
new();
readData() ;
print () ;

end_type;

Fig. 4. Type definition for region

type GEO.State:
specialises: Region;
properties:
public:
Name: string,
Number: int;
ROCK:
new() ;
readData() ;
print O ;
end_type

Fig. 5. Type definition for State

out using ROCK, but ROLL often allows more concise query expression and
is declarative — an optimiser seeks to identify an efficient way of evaluating
ROLL queries and rules. The following code fragments illustrate how a range of
benchmark tasks are carried out using ROCK & ROLL.

Task 4: Polygon contains point: This is a spatial join operation, where points
of interest are retrieved if they are inside a region. This can be expressed in
either ROCK or ROLL. The first version illustrated below uses ROLL to ob-
tain in s the object identifier of the State with name equal to Scotland, and
then uses a ROCK foreach loop to iterate through the points of interest,
checking to see if they are inside s.

var s:= [ any S | get_Name@S:State == "Scotland" ];

foreach p in Poi do begin
if (get_PointsRep@p inside get_RegionsRep@s)
write get_Name@p, nl;
end



The following version relies more on the embedded ROLL query, and the
way in which the query is evaluated is implicit; an explicit ROCK loop is
used only to generate the results:

var ps:= [ all P | get_Name@S:State == "Scotland",
get_RegionsRep@S == SR,
get_PointsRep@P == PR,
PR inside SR ];

foreach p in ps do
begin

write "Point ", get_Name@p, " lies inside Scotland", nl;
end

Task 9: Polygon overlap line: The following ROLL query retrieves all Roads
that either intersect with Scotland or that are inside Scotland.

[ a11 R | get_Name@S:State == "Scotland",
get_RegionsRep@S == SR,
get_LinesRep@R == RR,

RR intersects SR

get_Name@S:State == "Scotland",
get_RegionsRep@S == SR,
get_LinesRep@R == RR,

RR inside SR ];

Task 14: Polygon adjacent polygon: Self joins are straightforward to ex-
press in logic languages, as can be seen from the following:

[ 211 A | get_RegionsRep®@A:State == AR,
get_RegionsRep@S:State == SR,
AR adjacent SR,
get_Name@S == "Scotland" ];

5 Results

This section presents the results of running the benchmark on the PostgreSQL
and ODESSA platforms, with a view to allowing comparison of the different im-
plementations and scaling of the specific approaches. The figures were obtained
on a 143 Mhz Sun UltraSPARC1 with 64Mbytes of RAM. All figures are elapsed
times, and are the average of three distinct runs.

Tables 9, 10 and 11 give the times obtained for PostgreSQL, ROCK and
ROLL, respectively, so that the scalability of the individual approaches can be
assessed. The following can be observed:



Task|Small|Medium| Large
1 2.50 3.20 4.20
2 1.50 5.50 55.90
3 33.20| 3803.50|20419.20
4 0.95 1.33 4.30
5 0.90 0.95 1.85
6 1.13 3.08 20.95
7 1.00 3.00| 2176.03
8 0.93 1.33 6.67
9 0.97 1.25 3.67
10 1.10 2.75 17.77
11 1.30 3.38| 2118.10
12 1.30 3.50| 622.63
13 1.75 13.97| 317.50
14 0.90 1.25 3.67
15 1.10 3.50 24.98
16 0.90 0.98 1.90
18 0.90 1.38 5.23
19 1.45 6.70 98.71
20 0.90 1.08 2.80
23 1.00 1.90 4.50
24 0.90 0.95 0.98
25 0.90 1.50| 63.77
26 1.00 1.50 5.40
Table 9. Benchmark results for PostgreSQL for all data sets.



Task|SmalllMedium| Large
1 15.83 43.50( 130.57
2 4.89 60.65| 637.19
3 3.09] 129.27| 806.86
4 0.74 6.54| 113.15
5 0.03 0.08| 8.66
6 2.52 95.89| 163.15
7 0.05 1.05| 944.60
8 0.08 2.86| 144.12
9 0.10 10.47| 23.66
10 8.15 80.61| 195.18
11 0.21 1.22(1077.11
12 0.48 52.15(4142.08
13 0.22 103.12|1252.53
14 0.01 0.07) 7.12
15 0.10 42.29| 209.14
16 0.01 1.53| 22.96
19 4.53 128.84(1522.61
20 0.00 0.01 0.04
23 0.41 4.59| 37.98
24 0.00 0.15| 11.56
25 0.01 0.12| 14.20
26 1.09 51.36/1261.26

Table 10. Benchmark res

ults for ROCK for

Task|Small|Medium| Large
1 6.68 85.55(1769.32
2 20.99| 785.20(4135.72
4 1.10 7.22| 232.88
5 0.06 0.08| 16.30
6 2.78|  148.55| 669.63
7 0.01 1.15| 972.16
8 0.10 4.86| 284.31
9 0.14 4.99| 30.84
10 0.17|  307.35/1098.68
11 0.39 1.12|1195.64
12 0.57 69.87(4365.22
13 5.23 96.48| 570.53
14 0.01 0.02| 4.30
15 0.09| 124.97| 589.70
16 0.01 2.56| 27.92
19 2.40 89.28(1055.25
20 0.01 030 7.73
23 1.50 48.20| 255.72
24 0.00 0.16| 12.76
25 0.01 0.41| 18.57
26 0.94 44.25|1139.89

all data sets.

Table 11. Benchmark results for ROLL for all data sets.



PostgreSQL: Most of the benchmark tasks are supported rather well by Post-

greSQL. The current ADTs do not support buffer search (Task 17). The
transitive closure query (Task 23) has been carried out using the recursive
facilities of PostgreSQL.
The performance of PostgreSQL is generally good, and most tasks scale well
across the different data sets. This stems from the fact that PostgreSQL
is able to make good use of its spatial index during query evaluation to
restrict the number of pairwise comparisons of spatial values carried out.
Where PostgreSQL scales less well in query tasks, for example in Tasks 7,
11 and 12, this is probably because the minimum bounding rectangles around
streams are often quite large, and thus are not very effective at narrowing
the search space.

ROCK: Most of the benchmark tasks have been supported in ROCK. Those

that are absent include buffer search (Task 17) and measurement operations
(Tasks 21,22), as these are problematic in the ROSE algebra due to the
distortions associated with the finite resolution geometry.
The implementations of most tasks in ROCK involve explicit loops, some-
times nested, through stored collections, testing for spatial properties. This
means, broadly speaking, that the best ROCK can hope to do is scale in pro-
portion with the number of times that the most nested statement is executed.
For example, in Task 4, the containment test is executed approximately 100
times in the small data set, 1000 times in the medium data set and 10000
times in the large data set. The increase in task time for small to medium
of 0.74 to 6.54 seconds is broadly in line with the number of loop iterations,
while the increase for the large data set to 113.15 seconds is slightly slower
than might have been hoped for. The implementation of the ROSE algebra,
in which intersections are computed and stored explicitly at insertion time,
means that the more intersections exist in a data item, the slower will be the
algorithms that run over the data item. Changes to the number of segments
that intersect with the boundary of Scotland could have the effect of slowing
the intersection test, but this should not explain the jump in execution time
on its own, as initial intersection tests involve minimum bounding rectangles.
Where the ROCK times deteriorate rapidly with growing data sets, this is
where the number of inner loop executions is also large. For example, in
Task 11, the number of iterations in the small, medium and large data sets
are, respectively, (14x30) 420, (62x126) 7812 and (2046x4096) 8,280,416,
so the time taken to perform individual membership tests shows no sign of
increasing as the data set grows.

ROLL: To keep its logical semantics straightforward, ROLL is not able to up-
date the underlying database (as in Task I) or to construct new spatial values
(as in Task 3). Thus where figures are included for ROLL for such activities,
ROLL is used to carry out only part of the relevant task.

The implementations of the tasks in ROLL do not make explicit how the
tasks should be carried out. In practice, query planning is carried out by
the optimiser described in [7]. This optimiser has been extended so that it is
aware of the spatial operators that can appear in queries, but currently does



no query planning that takes account of the semantics of spatial constructs.
For example, it does not make use of the R-tree that is used to store ROSE
algebra constructs (and which is used extensively when the database is up-
dated). As a result, ROLL queries, like their ROCK counterparts, essentially
execute nested loop joins over collections of spatially referenced objects, and
scale broadly in line with the number of spatial operations in the inner loop.
An extension to the ROLL optimiser could therefore have a significant effect
on the time taken to evaluate most of the example queries.

Comparing ROLL with ROCK in the benchmark, ROLL queries are occa-
sionally faster than their ROCK counterparts, but most perform similarly, or
up to 5 times slower, for larger data sets. This is largely due to the fact that
ROLL uses a set-oriented evaluation strategy, and thus allocates and deallo-
cates significant amounts of store during query processing. The set-oriented
semantics turn out not to be particularly effective in avoiding repetition of
effort in this benchmark.

The following can be observed in terms of the relative merits of the different
approaches:

1. Inserting new data into the database and deleting existing data from the
database is generally quicker in PostgreSQL than in ODESSA. This is to be
expected, as considerable effort is expended at insertion time in the ROSE
algebra to resolve interactions between values that are being updated and
other spatial values. This up-front effort in the ROSE algebra is central to
the clean semantics that it supports, and allows other spatial operations to
be supported efficiently [12].

2. The effective use of spatial indexes at query time is generally much more im-
portant than the performance of pairwise operations on spatial values. The
fact that the ROSE algebra operations have attractive complexity measures
compared with those implemented in PostgreSQL makes little difference in
most of the query tasks, and in most cases PostgreSQL scales much better
than ODESSA. The only task in which the complexity of the pairwise oper-
ations seems to dominate is Task 3, where ODESSA scales much better than
PostgreSQL.

3. The poor performance of ROLL in the benchmark stems largely from the
failure of the optimiser to exploit the R-tree that exists in the ODESSA sys-
tem. This in turn is because the ROLL optimiser is largely a logical optimiser
[7], and a key requirement here is for a range of physical optimisations.

6 Conclusions

This paper has presented a vector based spatial benchmark that can be used
to test both the functionality and performance of spatial database systems. The
benchmark includes a range of query and update tasks over synthetic data sets,
and can be implemented with moderate effort on different platforms. The inten-
tion in providing a fairly large number of test queries and programs has been to



allow fine grained analysis of the performance of systems. This was important
to us in the development of the ODESSA system, and we believe should be of
interest to the developers of future spatial database systems.

The comparison presented in this paper, between PostgreSQL and ODESSA,
shows that the benchmark can be used to differentiate between the performance
of different spatial database systems, and that the tests stretch the different
systems in different tasks. The benchmark can also be used as a test suite for
evaluating the reliability of new database systems and implementation tech-
niques. For example, it was implementing the VESPA benchmark on ODESSA
that revealed to us an error in the underlying geometry on which the ROSE
algebra builds; the resolution of this problem is described in [8].
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