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INTRODUCTION
Data warehouses keep large amounts of historical data
in order to help users at different management levels
to make more effective decisions. Conventional data
warehouses are designed based on a multidimensional
view of data. They are usually represented as star or
snowflake schemas that contain relational tables called
fact and dimension tables. A fact table expresses the
focus of analysis (e.g., analysis of sales) and contains
numeric data called measures (e.g., quantity). Measures
can be analyzed according to different analysis criteria
or dimensions (e.g., by product). Dimensions include
attributes that can form hierarchies (e.g., product-category). Data in a data warehouse can be dynamically
manipulated using on-line analysis processing (OLAP)
systems. In particular, these systems allow automatic
measure aggregations while traversing hierarchies. For
example, the roll-up operation transforms detailed measures into aggregated data (e.g., daily into monthly sales)
while the drill-down operation does the contrary.
Data warehouses typically include a location dimension, e.g., store or client address. This dimension
is usually represented in an alphanumeric format.
However, the advantages of using spatial data in the
analysis process are well known since visualizing data
in space allows users to reveal patterns that are difficult
to discover otherwise. Spatial databases have been used
for several decades for storing and managing spatial
data. This kind of data typically represents geographical objects, i.e., objects located on the Earth’s surface
(such as mountains, cities) or geographic phenomena
(such as temperature, altitude). Due to technological
advances, the amount of available spatial data is growing considerably, e.g., satellite images, and location
data from remote sensing systems, such as Global
Positioning Systems (GPS). Spatial databases are typically used for daily business manipulations, e.g., to find

a specific place from the current position given by a
GPS. However, spatial databases are not well suited
for supporting the decision-making process (Bédard,
Rivest, & Proulx, 2007), e.g., to find the best location
for a new store. Therefore, the field of spatial data
warehouses emerged as a response to the necessity of
analyzing high volumes of spatial data.
Since applications including spatial data are usually
complex, they should be modeled at a conceptual level
taking into account users’ requirements and leaving
out complex implementation details. The advantages
of using conceptual models for database design are
well known. In conventional data warehouses, a multidimensional model is commonly used for expressing
users’ requirements and for facilitating the subsequent
implementation; however, in spatial data warehouses
this model is seldom used. Further, existing conceptual
models for spatial databases are not adequate for multidimensional modeling since they do not include the
concepts of dimensions, hierarchies, and measures.

BACKGROUND
Only a few conceptual models for spatial data warehouse applications have been proposed in the literature
(Jensen, Klygis, Pedersen, & Timko, 2004; Timko &
Pedersen, 2004; Pestana, Mira da Silva, & Bédard,
2005; Ahmed & Miquel, 2005; Bimonte, Tchounikine,
& Miquel, 2005). Some of these models include the
concepts presented in Malinowski and Zimányi (2004)
and Malinowski and Zimányi (2005), to which we will
refer in the next section; other models extend non-spatial multidimensional models with different aspects,
such as imprecision (Jensen et al., 2004), locationbased data (Timko & Pedersen, 2004), or continuous
phenomena such as temperature or elevation (Ahmed
& Miquel, 2005).
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Other authors consider spatial dimensions and spatial
measures (Stefanovic, Han, & Koperski, 2000; Rivest,
Bédard, & Marchand, 2001; Fidalgo, Times, Silva, &
Souza, 2004); however, their models are mainly based
on the star and snowflake representations and have some
restrictions, as we will see in the next section.
We advocate that it is necessary to have a conceptual multidimensional model that provides organized
spatial data warehouse representation (Bédard, Merrett,
& Han, 2001) facilitating spatial on-line analytical
processing (Shekhar & Chalwa, 2003; Bédard et al.,
2007), spatial data mining (Miller & Han, 2001), and
spatial statistical analysis. This model should be able
to represent multidimensional elements, i.e., dimensions, hierarchies, facts, and measures, but also provide
spatial support.
Spatial objects correspond to real-world entities
for which the application needs to keep their spatial
characteristics. Spatial objects consist of a thematic (or
descriptive) component and a spatial component. The
thematic component is represented using traditional
DBMS data types, such as integer, string, and date.
The spatial component includes its geometry, which
can be of type point, line, surface, or a collection of
these types. Spatial objects relate to each other with
topological relationships. Different topological relationships have been defined (Egenhofer, 1993). They allow,
e.g., determining whether two counties touches (i.e.,
share a common border), whether a highway crosses
a county, or whether a city is inside a county.
Pictograms are typically used for representing spatial objects and topological relationships in conceptual
models. For example, the conceptual spatio-temporal
model MADS (Parent et al. 2006) uses the pictograms
shown in Figure 1.
The inclusion of spatial support in a conceptual multidimensional model should consider different aspects
not present in conventional multidimensional models,
such as the topological relationships existing between
the different elements of the multidimensional model
or aggregations of spatial measures, among others.
While some of these aspects are briefly mentioned in
the literature, e.g., spatial aggregations (Pedersen &
Tryfona, 2001), others are neglected, e.g., the influence
on aggregation procedures of the topological relationships between spatial objects forming hierarchies.
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Figure 1. Pictograms for a) spatial data types and b)
topological relationships
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MAIN FOCUS
The MultiDim model (Malinowski & Zimányi, 2008a,
2008b) is a conceptual multidimensional model that
allows designers to represent fact relationships, measures, dimensions, and hierarchies. It was extended
by the inclusion of spatial support in the different
elements of the model (Malinowski & Zimányi, 2004;
Malinowski & Zimányi, 2005). We briefly present next
our model.

A Conceptual Multidimensional Model
for Spatial Data Warehouses
To describe the MultiDim model, we use an example
concerning the analysis of highway maintenance costs.
Highways are divided into highways sections, which at
their turn are divided into highway segments. For each
segment, the information about the number of cars and
repairing cost during different periods of time is available. Since the maintenance of highway segments is the
responsibility of counties through which the highway
passes, the analysis should consider the administrative
division of the territory, i.e., county and state. The
analysis should also help to reveal how the different
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Figure 2. An example of a multidimensional schema with spatial elements
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State
State name
State population
State area
State major activity
Capital name
Capital location
...

Highway
Highway name
...

Geo location
Highway
section
Section number
...

Road coating
Coating name
Coating type
Coating durability
...

County
County name
County population
County area
...

Highway structure
Highway
segment
Segment number
Road condition
Speed limit
...

Highway
maintenance
Length (S)
Common area
No. cars
Repair cost

types of road coating influence the maintenance costs.
The multidimensional schema that represents these
requirements is shown in Figure 2. To understand the
constructs of the MutiDim model, we ignore for the
moment the spatial support, i.e., the symbols for the
geometries and the topological relationships.
A dimension is an abstract concept for grouping
data that shares a common semantic meaning within
the domain being modeled. It represents either a level
or one or more hierarchies. Levels correspond to entity
types in the entity-relationship model; they represent
a set of instances, called members, having common
characteristics. For example, Road Coating in Figure
2 is a one-level dimension.
Hierarchies are required for establishing meaningful paths for the roll-up and drill-down operations. A
hierarchy contains several related levels, such as the
County and State levels in Figure 2. They can express
different structures according to an analysis criterion,
e.g., geographical location. We use the criterion name
to differentiate them, such as Geo location, or Highway
structure in Figure 2.

Time
Date
Event
Season
...

Given two related levels of a hierarchy, one of
them is called child and the other parent depending
on whether they include more detailed or more general
data, respectively. In Figure 2, Highway segment is a
child level while Highway section is a parent level. A
level of a hierarchy that does not have a child level is
called leaf (e.g., Highway segment); the level that does
not have a parent level is called root (e.g., Highway).
The relationships between child and parent levels
are characterized by cardinalities. They indicate the
minimum and the maximum numbers of members in
one level that can be related to a member in another
level. In Figure 2, the cardinality between the County
and State levels is many-to-one indicating that a county
can belong to only one state and a state can include
many counties. Different cardinalities may exist between levels leading to different types of hierarchies
(Malinowski & Zimányi, 2008a, 2008b).
Levels contain one or several key attributes (underlined in Figure 2) and may also have other descriptive
attributes. Key attributes indicate how child members
are grouped into parent members for the roll-up operation. For example, in Figure 2 since State name is the
851
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key of the State level, counties will be grouped according to the state name to which they belong.
A fact relationship (e.g., Highway maintenance
in Figure 2) represents an n-ary relationship between
leaf levels. It expresses the focus of analysis and may
contain attributes commonly called measures (e.g.,
Repair cost in the figure). They are used to perform
quantitative analysis, such as to analyze the repairing
cost during different periods of time.

Spatial Elements
The MultiDim model allows including spatial support
for levels, attributes, fact relationships, and measures
(Malinowski & Zimányi, 2004; Malinowski & Zimányi,
2005).
Spatial levels are levels for which the application
needs to keep their spatial characteristics. This is
captured by its geometry, which is represented using
the pictograms shown in Figure 1 a). The schema in
Figure 2 has five spatial levels: County, State, Highway
segment, Highway section, and Highway. A level may
have spatial attributes independently of the fact that it
is spatial or not, e.g., in Figure 2 the spatial level State
contains a spatial attribute Capital.
A spatial dimension (respectively, spatial hierarchy)
is a dimension (respectively, a hierarchy) that includes
at least one spatial level. Two linked spatial levels in a
hierarchy are related through a topological relationship.
These are represented using the pictograms of Figure
1 b). By default we suppose the coveredBy topological
relationship, which indicates that the geometry of a
child member is covered by the geometry of a parent
member. For example, in Figure 2, the geometry of
each county must be covered by the geometry of the
corresponding state. However, in real-world situations
different topological relationships can exist between
spatial levels. It is important to consider these different
topological relationships because they determine the
complexity of the procedures for measure aggregation
in roll-up operations (Malinowski & Zimányi, 2005).
A spatial fact relationship relates two or more spatial
levels, e.g., in Figure 2 Highway maintenance relates
the Highway segment and the County spatial levels.
It may require the inclusion of a spatial predicate for
spatial join operations. For example, in the figure an
intersection topological relationship indicates that
users focus their analysis on those highway segments
that intersect counties. If this topological relationship
852

is not included, users are interested in any topological
relationships that may exist between them.
A (spatial) fact relationship may include measures,
which may be spatial or thematic. Thematic measures
are usual numeric measures as in conventional data
warehouses, while spatial measures are represented
by a geometry. Notice that thematic measures may be
calculated using spatial operators, such as distance,
area, etc. To indicate that a measure is calculated using
spatial operators, we use the symbol (S). The schema in
Figure 2 contains two measures. Length is a thematic
measure (a number) calculated using spatial operators;
it represents the length of the part of a highway segment
that belongs to a county. Common area is a spatial
measure representing the geometry of the common
part. Measures require the specification of the function
used for aggregations along the hierarchies. By default
we use sum for numerical measures and spatial union
for spatial measures.

Different Approaches for Spatial Data
Warehouses
The MultiDim model extends current conceptual
models for spatial data warehouses in several ways. It
allows representing spatial and non-spatial elements
in an orthogonal way; therefore users can choose the
representation that better fits their analysis requirements.
In particular we allow a non-spatial level (e.g., address
represented by an alphanumeric data type) to roll-up
to a spatial level (e.g., city represented by a surface).
Further, we allow a dimension to be spatial even if it
has only one spatial level, e.g., a State dimension that is
spatial without any other geographical division. We also
classify different kinds of spatial hierarchies existing in
real-world situations (Malinowski & Zimányi, 2005)
that are currently ignored in research related to spatial
data warehouses. With respect to spatial measures, we
based our approach on Stefanovic et al. (2000) and
Rivest et al. (2001); however, we clearly separate the
conceptual and the implementation aspects. Further,
in our model a spatial measure can be related to nonspatial dimensions as can be seen in Figure 3.
For the schema in Figure 3 the user is interested in
analyzing locations of accidents taking into account
the different insurance categories (full coverage, partial
coverage, etc.) and particular client data. The model
includes a spatial measure representing the location of
an accident. As already said above, a spatial function is

Extending a Conceptual Multidimensional Model for Representing Spatial Data

Figure 3. Schema for analysis of accidents with a spatial measure location
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Age group
Group name
Min. value
Max. value
...

Year
Year
...

Age category
Client
Client id
First name
Last name
Birth date
Profession
Salary range
Address
...

Insurance
category
Category name
...

Quarter
Quarter number
...

Month
Month name
...

Insurance type

Calendar

Insurance
Insurance number
Validity period
...

Accidents

Time
Date
...

Amount paid
Location
/ SU

Figure 4. Spatial dimension: another variant of a schema for analysis of accidents
Age group
Group name
Min. value
Max. value
...

Year
Year
...

Age category
Client
Client id
First name
Last name
Birth date
Profession
Salary range
Address
...

Insurance
category
Category name
...

Quarter
Quarter number
...

Month
Month name
...

Insurance type

Calendar

Insurance

Accidents

Insurance number
Validity period
...

Amount paid

Address

City

Accident
location

Location id
Street name
Number
...

Time
Date
...

City name
City population
City area
...

State
State name
State population
State area
...
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needed to aggregate spatial measures through hierarchies. By default the spatial union is used: when a user
rolls-up to the Insurance category level, the locations
corresponding to different categories will be aggregated
and represented as a set of points. Other spatial operators can be also used, e.g., center of n points.
Other models (e.g., Fidalgo et al., 2004) do not
allow spatial measures and convert them into spatial
dimensions. However, the resulting model corresponds
to different analysis criteria and answers to different
queries. For example, Figure 4 shows an alternative
schema for the analysis of accidents that results from
transforming the spatial measure Location of the Figure
3 into a spatial dimension Address.
For the schema in Figure 4 the focus of analysis
has been changed to the amount of insurance paid according to different geographical locations. Therefore,
using this schema, users can compare the amount of
insurance paid in different geographic zones; however,
they cannot aggregate locations (e.g., using spatial
union) of accidents as can be done for the schema in
Figure 3. As can be seen, although these models are
similar, different analyses can be made when a location
is handled as a spatial measure or as a spatial hierarchy.
It is the designer’s decision to determine which of these
models better represents users’ needs.
To show the feasibility of implementing our spatial
multidimensional model, we present in Malinowski
and Zimányi, (2007, 2008b) their mappings to the
object-relational model and give examples of their
implementation in Oracle 10g.

FUTURE TRENDS
Bédard et al., (2007) developed a spatial OLAP tool
that includes the roll-up and drill-down operations.
However, it is necessary to extend these operations
for different types of spatial hierarchies (Malinowski
& Zimányi, 2005).
Another interesting research problem is the inclusion of spatial data represented as continuous fields,
such as temperature, altitude, or soil cover. Although
some solutions already exist (Ahmed & Miquel, 2005),
additional research is required in different issues, e.g.,
spatial hierarchies composed by levels representing
field data or spatial measures representing continuous
phenomena and their aggregations.
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Another issue is to cope with multiple representations of spatial data, i.e., allowing the same real-world
object to have different geometries. Multiple representations are common in spatial databases. It is also
an important aspect in the context of data warehouses
since spatial data may be integrated from different
source systems that use different geometries for the
same spatial object. An additional difficulty arises when
the levels composing a hierarchy can have multiple
representations and one of them must be chosen during
roll-up and drill-down operations.

CONCLUSION
In this paper, we referred to spatial data warehouses
as a combination of conventional data warehouses and
spatial databases. We presented different elements of
a spatial multidimensional model, such as spatial levels, spatial hierarchies, spatial fact relationships, and
spatial measures.
The spatial extension of the conceptual multidimensional model aims at improving the data analysis and
design for spatial data warehouse and spatial OLAP
applications by integrating spatial components in a
multidimensional model. Being platform independent,
it helps to establish a communication bridge between
users and designers. It reduces the difficulties of
modeling spatial applications, since decision-making
users do not usually possess the expertise required by
the software used for managing spatial data. Further,
spatial OLAP tools developers can have a common
vision of the different features that comprise a spatial
multidimensional model and of the different roles that
each element of this model plays. This can help to
develop correct and efficient solutions for spatial data
manipulations.
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KEY TERMS
Multidimensional Model: A model for representing
the information requirements of analytical applications. It comprises facts, measures, dimensions, and
hierarchies.
Spatial Data Warehouse: A data warehouse that
includes spatial dimensions, spatial measures, or both,
thus allowing spatial analysis.
Spatial Dimension: An abstract concept for grouping data that shares a common semantics within the
855
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domain being modeled. It contains one or more spatial
hierarchies.
Spatial Fact Relationship: An n-ary relationship
between two or more spatial levels belonging to different spatial dimensions.
Spatial Hierarchy: One or several related levels
where at least one of them is spatial.
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Spatial Level: A type defining a set of attributes,
one of them being the geometry, keeping track of the
spatial extent and location of the instances, or members,
of the level.
Spatial Measure: An attribute of a (spatial) fact
relationship that can be represented by a geometry or
calculated using spatial operators.

