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Abstract. Spatial applications will gain high complexity as the volume of
spatial data increases rapidly. A suitable data processing and computing
infrastructure for spatial applications needs to be established. Over the past
decade, grid has become a powerful computing environment for data intensive
and computing intensive applications. In this paper, we tested and analyzed the
feasibility of using Grid platform for spatial analysis functionalities in
Geographic Information System (GIS). We found that spatial interpolation,
buffers, and spatial query can be easily migrated to Grid platform. Polygon
overlay and transformation could achieve better results on Grid platform. To do
network analysis and spatial statistical analysis on Grid platform could be no
significant improvement of performance. The most un-suitable spatial analysis
on Grid platform is the spatial measurement.

1 Introduction
In numerous scientific disciplines, terabyte and petabyte-scale data collections are
emerging as critical community resources. A new class of "data grid" infrastructure is
required to support management, transport, distributed access to, and analysis of these
datasets by potentially thousands of users. Researchers who face this challenge
include the climate modeling community, which performs long-duration computations
accompanied by frequent output of very large files that must be further analyzed. The
number of applications that require parallel and high-performance computing
techniques has diminished in recent years due to the continuing increase in power of
PC, workstation and mono-processor systems. However, Geographic information
systems (GIS) still provide a resource-hungry application domain that can make good
use of parallel techniques. GIS applications are often run operationally as part of
decision support systems with both a human interactive component as well as large
scale batch or server-based components. Parallel computing technology embedded in
a distributed system therefore provides an ideal and practical solution for multi-site
organisations and especially government agencies who need to extract the best value
from bulk geographic data.
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Spatial applications will gain high complexity as the volume of spatial data
increases rapidly. A suitable data processing and computing infrastructure for spatial
applications needs to be established. Over the past decade, grid has become a
powerful computing environment for data intensive and computing intensive
applications.
Parallel and Distributed Knowledge Discovery (PDKD) is emerging as a possible
killer application for clusters and grids of computers. The need to process large
volumes of data and the availability of parallel data mining algorithms, makes it
possible to exploit the increasing computational power of clusters at low costs. On the
other side, grid computing is an emerging "standard" to develop and deploy
distributed, high performance applications over geographic networks, in different
domains, and in particular for data intensive applications. Cannataro (2000) proposed
an approach to integrate cluster of computers within a grid infrastructure to use them,
enriched by specific data mining services, as the deployment platform for high
performance distributed data mining and knowledge discovery.
Integrating grid computing with spatial data processing technology, Pouchard et al.
(2003) described the increasing role of ontologies in the, context of Grid Computing
for obtaining, comparing and analyzing data. They presented ontology entities and a
declarative model that provide the outline for an ontology of scientific information.
Relationships between concepts were also given. The implementation of some
concepts described in this ontology was discussed within the context of the Earth
System Grid II (ESG).
In this paper, we tested and analyzed the feasibility of using Grid platform for
spatial analysis functionalities in Geographic Information System (GIS). First, we
listed the several basic spatial analysis functions used in GIS systems. Following the
definitions of criteria and basic principles for spatial analysis middleware
development for Grid platform, we analyzed the feasibilities of above basic spatial
analysis functions for Grid platform and give the suggestions on how to develop the
middleware for spatial analysis with Grid platform.

2 Spatial Analysis Functionalities Commonly Used in GIS
Spatial Analysis is a set of techniques whose results are dependent on the locations of
the objects being analyzed and requiring access both to the locations of objects and
also to their attributes (Goodchild 2001). GIS is designed to support a range of
different kinds of analysis of geographic information: techniques to examine and
explore data from a geographic perspective, to develop and test models, and to present
data in ways that lead to greater insight and understanding. All of these techniques fall
under the general umbrella of "spatial analysis". In general, it includes Query,
Analyses which are simple in nature but difficult to execute manually, such as overlay
(topological), map measurement, particularly area, and buffer zone generation,
Browsing/plotting independently of map boundaries and with zoom/scale-change
such as seamless database, need for automatic generalization and editing, and
Complex modeling/analysis (based on the above and extensions). We will focus on
the following spatial analysis functionalities: Query and reasoning: the identification
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of objects and attributes either by their location or attribute query; Measurement:
simple geometric measurements associated with objects; Transformation; Buffers;
Spatial overlay; Spatial Interpolation; Network Analysis and Statistical Analysis.

3 Evaluation Criteria and Basic Principles
Two issues will be considered in use of Grid technology. One is the efficiency or high
performance, i.e. to get the solution in a very short time period or to solve more
complex problem in a same time period. Another is the high throughput computing to
reduce the cost, etc. We will only evaluate the performance of spatial analysis
algorithms on Grid platform and neglect the limitations of hardware and data storage.
To improve the efficiency of application algorithms is to enhance the parallel
processing. Normally, there are two ways to deal with it. One is to parallel the
processing algorithms and second is to parallel the data. We use 5 levels of criteria
factors: I – worse, II – poor, III – good, IV – better, V – Best. For the parallel of
algorithms, how many sub-jobs can a job be divided into? Table 1 shows the
explanation of all five levels. For the parallel of data, how many sub-areas can the
whole area be divided into? Table 2 explains the meaning of al five levels.
Table 1. The meanings of all five criteria levels of algorithm parallel.
Criteria
Level
Digital Score
(A)
Description

I

II

III

IV

V

1

3

5

7

9

There is
few
parallel.

Can
be
paralleled, but
half of sub-jobs
are
interassociated.

Can
be
paralleled, but
between 1/2 and
1/3 of sub-jobs
are
interassociated

Can
be
paralleled,
less
than
1/3 of subjobs
are
interassociated

Can
be
paralleled, no
sub-jobs are
interassociated

Table 2. The explanation of all five criteria levels for data parallel.
Criteria
Level
Digital
Score (D)
Description

I

II

III

IV

V

1

3

5

7

9

Data cannot be
divided
for
processing.

Data can be
divided
with
more than half of
redundancy.

Data can be
divided with half
of redundancy.

Data can be
divided with less
than
half
of
redundancy.

Data can be
divided
without
redundancy.

It is easier to realize the data parallel processing. Because of the higher efficiency for
data parallel processing than that for algorithm parallel processing, we define the
different weight factors for data and algorithm parallel processing. The overall
evaluation criteria score (E) will be
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E = 0.6 * D + 0.4 * A
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(1)

Where A is the score from Table 1 for algorithm parallel and D is the score from
Table 2 for data parallel. The final overall evaluation criteria will be in five levels as
shown in Table 3.

Table 3. The overall criteria levels for both data and algorithm parallel
Criteria Level
Score (E)
Description

I
1 < E ≤ 1.8
Worse

II
1.8 < E ≤ 3.6
Poor

III
3.6 < E ≤ 5.4
Good

IV
5.4 < E ≤ 7.2
Better

V
7.2 < E ≤ 9
Best

4 Performance of Spatial Analysis on Grid Platform
4.1 Spatial Query
Database query is probably one of the most important and most commonly used
application in Geographic Information Systems. Like any database, a GIS allows you
to access information held in a data file in a variety of ways. Information can be
grouped in categories, sorted, analyzed, printed, etc. The difference, once again, is
that GIS deals with spatially oriented data. This means that when querying a database
you cannot only see the data but its geographic location as well.
Database query simply asks to see already stored information. Basically there are
two types of query most general GIS allow: viz., Query by attribute and Query by
geometry. Map features can be retrieved on the basis of attributes. The attribute
database, in general, is stored in a table (relational database mode.) with a unique
code linked to the geometric data. This database can be searched with specific
characteristics. However, more complex queries can be made with the help of SQL.
GIS can carry out a number of geometric queries. The simplest application, for
example, is to show the attributes of displayed objects by identifying them with a
graphical cursor. There are five forms of primitive geometric query: viz., Query by
point, Query by rectangle, Query by circle, Query by line, and Query by polygon. A
more complex query still is one that uses both geometric and attributes search criteria
together. Many GIS force the separation of the two different types of query. However,
some GIS, using databases to store both geometric and attribute data, allow true
hybrid spatial queries.
For spatial query, the database can be divided in to several smaller databases and
searched in parallel. The score for criteria level of algorithm parallel is 1 and data
parallel is 9.

4.2 Spatial Measurements
GIS makes spatial measurements easy to perform. Spatial measurements can be the
distance between two points, the area of a polygon or the length of a line or boundary.
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Calculations can be of a simple nature, such as measuring areas on one map, or more
complex, such as measuring overlapping areas on two or more maps. Distance
measurement refers to measuring straight-line distances between points or between
points and their nearest points or lines.
As spatial measurements are always simple and the delay of data communication is
much longer that processing, there is no need to use Grid computing technology. The
overall criteria score is 1.

4.3 Transformation
The point transformation includes the algebra functions such as addition, subtraction,
multiply and division and logical functions such as AND, OR, NOT, NOR, etc;
Comparison functions such as GREAT, LESS etc; and other mathematical functions.
Those are simple operations and the score for algorithm parallel is 1 and for data
parallel is 9.
DEM analysis is one of the most popular transformation operations. Roros and
Armstrong (1998) showed that three steps are needed: transect classification, cell
classification, and feature topology construction. The score for algorithm parallel is 1,
but the score for data parallel is 3 – 7.

4.4 Buffer Analysis
Buffer analysis is used for identifying areas surrounding geographic features. The
process involves generating a buffer around existing geographic features and then
identifying or selecting features based on whether they fall inside or outside the
boundary of the buffer. This kind of analysis is also called proximity analysis. The
buffer operation will generate polygon feature types irrespective of geographic
features and delineates spatial proximity. The data parallel is scored 9 and algorithm
parallel is scored 1.

4.5 Spatial Overlay
One basic way to create or identify spatial relationships is through the process of
spatial overlay. Spatial overlay is accomplished by joining and viewing together
separate data sets that share all or part of the same area. The result of this combination
is a new data set that identifies the spatial relationships. This allows the user to view
and analyze those portions of the various layers which cover the same place on the
Earth.
Spatial overlay could be done in parallel. The data parallel has a score of 9 of
criteria level and the algorithm parallel could be from 1 to 9 depending on the algebra
of map overlay.
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4.6 Network Analysis
Network analysis is used for identifying the most efficient routes or paths for
allocation of services. This involves finding the shortest or least-cost manner in which
to visit a location or a set of locations in a network. The "cost" in a network analysis
is frequently distance or travel time. Network analysis can also be used to optimize
the allocation of resources.
For the case of shortest distance analysis, the algorithm has to be serial and the
criteria level’s score is 1. Data could be divided into several parts. But the size of each
part could be too small as the coordinating between each part takes much long time
(Lanthier and Nussbaurm 2003). The data parallel scores 7.

4.7 Spatial Interpolation
A GIS can be used to estimate the characteristics of terrain or ecological conditions
from a limited number of field measurements. Spatial interpolation is the procedure of
estimating the value of properties at unsampled sites within the area covered by
existing observations and in almost all cases the property must be interval or ratio
scaled. Spatial interpolation can be thought of as the reverse of the process used to
select the few points from a DEM which accurately represent the surface. Rationale
behind spatial interpolation is the observation that points close together in space are
more likely to have similar values than points far apart (Tobler's Law of Geography).
Spatial interpolation is a very important feature of many GISs. Spatial interpolation
may be used in GISs:
− to provide contours for displaying data graphically
− to calculate some property of the surface at a given point
− to change the unit of comparison when using different data structures in
different layers
− frequently is used as an aid in the spatial decision making process both in
physical and human geography and in related disciplines such as mineral
prospecting and hydrocarbon exploration
Many of the techniques of spatial interpolation are two- dimensional developments
of the one-dimensional methods originally developed for time series analysis. There
are several different ways to classify spatial interpolation procedures: Point
Interpolation/Areal Interpolation, Global/Local Interpolators, Exact/Approximate
Interpolators, Stochastic/Deterministic Interpolators and Gradual/Abrupt Interpolators
(Armstrong and Marciano, 1997, Wang and Armstrong 2003). In general, the data
parallel criteria level is 9 and algorithm parallel is 5 - 7.

4.8 Spatial Statistical Analysis
All data have a more-or-less precise spatial and temporal label associated with them.
Data that are close together in space (and time) are often more alike than those that
are far apart. A spatial statistical model incorporates this spatial variation into the
stochastic generating mechanism. Temporal information allows this mechanism to be
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dynamic. Prediction of unobserveds from observeds and estimation of unknown
model parameters are the principal forms of statistical inference. The search for well
defined statistical criteria and a quantification of the variability inherent in the
(optimal) predictor or estimator are instrinsic to a statistical approach.
It is almost always true that the classical, non-spatial model is a special case of a
spatial model, and so the spatial model is more general (spatial-temporal models are
even more general). Whether one chooses to model the spatial variation through the
non-stochastic mean structure (sometimes called large-scale variation) or the
stochastic-dependence structure (sometimes called small-scale variation) depends on
the underlying scientific problem, and can be simply a trade-off between model fit
and parsimony of the model description.
There are two different categories of spatial statistical analysis: spatial selfcorrelation and spatial self-regression analysis (Li 1996, Roros and Armstrong 1996).
The score for data parallel is 5 and for algorithm is 3.
The summaries of above discussing are illustrated in Table 4. We found that spatial
interpolation, buffers, and spatial query can be easily migrated to Grid platform.
Polygon overlay and transformation could achieve better results on Grid platform. To
do network analysis and spatial statistical analysis on Grid platform could be no
significant improvement of performance. The most un-suitable spatial analysis on
Grid platform is the spatial measurement.
Table 4. Feasibilities of spatial analysis on Grid platform
Spatial Analysis
Functionalities
Spatial Query
Spatial
Measurement
Transformation
Buffers
Overlay Analysis
Network
Analysis
Spatial
Interpolation
Spatial statistical
Analysis

Algorithm Parallelity

Data Parallelity

Overall Score

1
1

9
1

5.8
1

Evaluation
Level
Better
Worse

1
1
1-9
1

3-9
9
7-9
7

2.2-5.8
5.8
4.6-9
4.6

Poor - Better
Better
Good – Best
Good

5-7

9

7.4-8.2

Best

5

3

3.8

Good

5 Conclusions
Grid computing has emerged as an important new field in the distributed computing
arena. It focuses on intensive resource sharing, innovative applications, and, in some
cases, high-performance orientation. Grid technology is very effective method for
spatial data analysis. It can give strong computing power in grid environment.
As our work was limited on the evaluation of performance of spatial analysis itself,
in reality, many other factors such as hardware environment, distribution of data, etc.
have to be considered. We are carrying on the research.
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