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Abstract: In urban planning, sophisticated simulation models are key tools to estimate
future population growth for measuring the impact of planning decisions on urban de-
velopments and the environment. Simulated population projections usually result in
bulky, large-scale, multivariate geospatial data sets. Millions of records have to be
processed, stored, and visualized to help planners explore and analyze complex popu-
lation patterns.

This paper introduces a database driven framework for visualizing geospatial multi-
variate simulation data from UrbanSim, a software-based simulation model for the
analysis and planning of urban developments. The designed framework is extendable
and aims at integrating methods from information visualization and cartography into
planning processes.

1 Introduction

Estimates indicate that nowadays, approximately 80 percent of digital data is geospatially
referenced [NatO3]. An ever-increasing availability of geodata raises the demand for new
visual representations which are beyond classical 2D maps, particularly with regard to in-
creasing data set size and dimensionality. This applies for acquirable real-world data as
well as for estimated and projected data.

In urban planning, simulation models for predicting population growth have become highly
complex. Model calculations result in large-scale, multidimensional spatial data sets. Pro-
jection data needs to be managed, manipulated, and visualized in order to enable plan-
ners to visually compare different planning scenarios and to evaluate simulated impacts
of different land use policies. Especially the visualization task remains challenging, since
traditional map-centered approaches lack support for high multivariability. The emerging
research field Geovisualization (GeoVIS) takes advantage of techniques from cartography,
geographic information science, and computer science to overcome visualization issues
dealing with multi-attributed, large-scale spatial datasets.

Within the scope of this research domain, we develop a database driven framework to assist
planners in their geovisual analyses of multidimensional simulation data. The framework
uses UrbanSim demographic projection data for Maricopa County on a households-per-
grid-cell basis. Additional residential building type data is derived from demographic
household characteristics by statistical regression analysis. A geodatabase stores both
simulated and estimated data for subsequent visualization. Within the database, modular
scripts generate georeferenced scalable geometries calculated on the basis of multiple data
attribute values for a map-based geovisualization.



2 Related Work

Visualizing geospatial datasets has long been a key issue in cartography. The cartogra-
pher Bertin established a basis for designing maps in his classical work “Semiology of
Graphics” [Ber67] where he identified a set of fundamental visual variables and defined
graphical rules for their appropriate use. Since then, Bertin’s concepts have been con-
stantly modified and extended. Modern cartography transfers design knowledge from 2D
paper maps to new media. On-screen interactive maps are designed to assist in visual data
exploration and analyses [AA99]. Cartographic visualization is also extended to abstract
and non-geographic data by spatialization [SFO3].

Whereas cartography primarily deals with representations constrained to a spatial domain,
information visualization (InfoVIS) is mainly concerned with the display of large multi-
variate datasets. In the early 70’s, Chernoff presented a technique to visualize trends in
highly dimensional data by relating data to facial features [CR75]. Gradually over the
years, new information visualization techniques were introduced, ranging from 2D scat-
tergraphs to 3D treemaps. For a comprehensive overview of developments in Information
visualization we refer to [SCM99] and [Tuf90].

Recently, efforts have emerged to combine techniques from both cartography and in-
formation visualization [Sku00, FS04]. Geographic visualization (GeoVIS) is a new,
rapidly evolving domain, especially since the availability of geodata is increasing. In
1998, MacEachren compiled a first research agenda entitled “Visualization - Cartography
for the 21st century” [Mac98] and addressed GeoVIS research challenges. Since then,
cartographic and InfoVIS techniques have been applied to design integrated geovisualiza-
tion tools frequently. Latest advances include multivariate analyses with self-organizing
maps [GGMZO05, SHO3], studies on human activity patterns using 3D space-time paths
[MPJ04], and bivariate maps for public health studies [MGP*04]. Most recent activities
in geovisualization research are discussed in [Kra06].

Pinnel et al. [PDBBO00] conducted a study on visualization designs for urban modeling.
They found out that map-centered visualizations are the most useful portrayals for urban
planning and analysis, since map layout encodes location information which is crucial for
decision-making. A map-based visualization approach, “The Indicator Browser”, was de-
signed by Schwartzman et al. [SB07] to display UrbanSim simulation results. The browser
uses comparative visualizations of 2D maps to satisfy multivariability which impedes hu-
man vision to recognize complex patterns across many dimensions.

Instead of encoding n-dimensional data in #» maps, Tominski et al. [TSWSO05] follow a
different approach to display monthly health data. They visualize time dependent mul-
tivariate disease information as 3D pencil and helix icons geocoded on a 2D map. The
research reported here helps to analyze complex patterns across multivariate, spatial, and
temporal dimensions, but it lacks a powerful geodatabase and GIS functionality to man-
age, process, and distribute data. In the following, we will present a geovisualization
framework to overcome those drawbacks.



3 A Framework for Visualizing Multivariate Geodata
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Figure 1: System Architecture (reproduced in color on p. 11)

The geovisualization framework mainly consists of three parts (cp. Fig. 1): an input
data layer, an object-relational data base management system, and a visualization layer.
Within the data layer, demographic data is aggregated from different sources and prepared
in ArcGIS. An UrbanSim simulation projects demographic household characteristics for a
predefined year in the future (see Section 3.1). For the same year, demographic data is ag-
gregated to estimate future residential building types with multinomial logistic regression



in SPSS (see Section 3.2). The demographic simulation results and the estimated building
types are projected into 3D space with scalable, georeferenced geometries (see Section
3.4). Data and geometry is stored and managed in an object-relational geodatabase (see
Section 3.3) and finally visualized on top of map a. In the remainder of the paper, we will
explain the system architecture in detail.

3.1 Data modeling with UrbanSim

UrbanSim [BWO04] is a large scale land use and transportation simulation software to
model the possible long-term effects of different policies on urban developments. More
precisely, it simulates the interactions between transportation, land use, and public policy
at household and job level. UrbanSim consists of numerous model components simulating
different actors in the urban development process, e.g. discrete choice models for relocat-
ing households and jobs. The open source simulation model was developed by a research
group in Washington and is currently implemented in the Digital Phoenix project [Sub07]
at ASU, Arizona State University to predict population growth in the Phoenix Metropoli-
tan area.
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Figure 2: Data integration process (c.f. [Wad02])

UrbanSim input data is aggregated from various sources (see Fig. 2) and spatially mapped
to a georeferenced grid cells file. Typical grid cell sizes are 150m x 150m or 1 square



mile. Base year data includes information on parcels from the Assessor’s office, employ-
ment data, and Census data. Additional input data on city, county, and urban growth
boundaries as well as environmental and traffic information is overlaid in ArcGIS. The
UrbanSim data store contains a grid cells table, a jobs table holding information on each
job and its employment sector in the grid cells, and a household table. The latter is syn-
thesized probabilistically and compiles demographic characteristics for each household in
the metropolitan area.

Subsequent to the data integration process, the UrbanSim simulation is run for a predefined
number of years. The output projection tables include data on future households with grid
cell location and demographic characteristics, future jobs, and exogenous input data. The
projection results can be integrated into a variety of analyses, e.g. the analysis of future
population density, material use, or carbon footprints.

3.2 Estimating Residential Bulding Types from Demographic Data

Knowledge of future residential building types is essential for the above mentioned analy-
ses and for visualization purposes. To derive the type of residential units from UrbanSim
demographic data for each grid cell we assume a relationship between household char-
acteristics and building types. Multinomial Logistic regression (MNL) is an analytically
appropriate technique to link demographic attributes with dwelling types. This statis-
tical method is widely used in social sciences and economics to discover hidden rela-
tionships between variables. Multinomial logistic regression is equivalent to the condi-
tional discrete choice model, first presented and most notably influenced by McFadden
[McF73, McF76, McF78]. MNL models the interaction between response and explana-
tory variables. The multinomial response is polytomous, it can have multiple unordered
qualitative categories as outcomes. The parameter values of the regression are estimated
according to the following equation [PX99]:
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Here, x is the vector of predictors storing all relevant demographic variables and 3 denotes
the regression parameter vector containing estimation coefficients.

With the calculated set of coefficients 3}, the probability P;; that a certain building type
category j is chosen over any other building type category yields:
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Basically, we distinguish between multifamily dwellings and single family dwellings. Pre-
dictable categories for the regression analysis are apartments as well as single family
houses with small, medium, and large lots. Those categories can be further refined if
additional data is available, e.g. the number of storeys.



Variables explaining the building types are primary demographic characteristics corre-
sponding to the UrbanSim output: household income, average household size, number of
households, median age, presence of children, and percentage of minorities and Hispan-
ics. Demographic data is compiled and synthesized to the UrbanSim grid cell base file
from Assessor’s data and Census block groups. Afterwards, the regression analysis is run
in SPSS with the presented explanatory variables and building type categories. To pre-
dict future building types, we apply the estimated coefficients 3;;, to UrbanSim simulation
data. The resulting dwelling categories are stored together with demographic attributes
from UrbanSim in a geodatabase, as explained in the next section.

3.3 Geodatabase

The inherent geospatial nature of UrbanSim gridded data requires the implementation of
a spatial database. So-called geodatabases extend the database concept to storage, query,
and editing of georeferenced objects. Accordingly, the projected demographic data from
UrbanSim and the estimated building type data is stored in a geodatabase implemented in
PostgreSQL [Pos07], an open source object-relational database management system (OR-
DBMS). In addition, a PostGIS module [SLRLOS5] serves as geospatial extension to the
PostgreSQL backend server. PostGIS enables PostgreSQL to integrate spatial data struc-
tures in the database, query geographic objects, and serve them to GIS applications.

In general, each spatial table in the geodatabase represents a separate PostGIS layer. An
ancillary table contains meta-data on the associated geodetic datum, here the coordinate
reference system NAD 1983. Each distinct geographic object constitutes a record in a
spatial table and associated attribute information is stored in data columns. In particu-
lar, the implemented geodatabase includes a table with records for UrbanSim grid cells
and columns for UrbanSim projected demographic variables and the associated estimated
building type category.

PostGIS provides a dedicated geometry column which contains geometric information for
each feature in the form of point, line, or polygon data types. We will use this geometry
column to store the scalable geometries generated from attribute data for the geovisualiza-
tion.

3.4 Geometry Generation and Visualization

The designed PostgreSQL geodatabase provides the basis for a multivariate information
visualization. UrbanSim simulation data and estimated building types stored in the database
are encoded in scalable 3D geometries and visualized in a geospatial context on top of a
map. Geometric objects are created for every grid cell directly within the geodatabase
from geometric primitives.

PostGIS is fully OGC compliant which means it conforms to the “Simple Features for
SQL” specification (SFS) from the OpenGIS Consortium [Ope0O7]. The OGC SFS de-
fines standard geometric data types (see Fig. 3) and functions for manipulating geometry.
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Figure 3: OGC Simple Feature Specification (cf. [Ope07])

PostGIS supports 1D and 2D geometric primitives but lacks geometric data types for vol-
umes. Therefore, 3D objects have to be constructed using 3D polygons. Geometry cal-
culations are performed using dedicated PostGIS geometry functions. For each record in
the geodatabase, modular SQL scripts select the associated attributes to be visualized and
generate user-specified geometries. At the same time, size and shape of the geometries are
scaled according to normalized attribute values.

The geometry generating SQL modules can be implemented to calculate arbitrarily shaped
discrete geometries. To visualize urban structures and household demographics, an imple-
mentation of iconized buildings seems obvious. In this case, shape parameters to vary by
attribute values can be floor plan, roof height, ridge height or the number of chimneys
for instance. Other possible geometries include stepped pyramids, discretized cones and
tori. The geometric objects are generated for each UrbanSim grid cell and stored in the
geodatabase. From there, the geometries can be geovisualized in a map context, e.g. with
Google Earth.
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Figure 4: Examples for scalable geometries



4 Conclusions and Future Work

This paper presented an integrated framework for processing, storing, and visualizing mul-
tivariate geodata. The introduced framework uses simulation data from UrbanSim, a plan-
ning tool for the simulation, comparison, and evaluation of different planning scenarios
to better assess the impacts of various policy decisions. Within the framework, residen-
tial building types are estimated from demographic household characteristics by means
of multinomial logistic regression. The aggregated output data is stored in a PostgreSQL
geodatabase and provides the basis for further visualization.

The developed visualization approach is a cross-disciplinary effort to integrate methods
from InfoVIS and cartography for supporting space-related decision-making. Geovisu-
alization is driven by the need to visualize geospatial data which is multivariate, large,
and multidimensional at the same time. Our framework uses a map-centered visualization
where data attributes are represented by georeferenced scalable 3D geometries. Geometric
shapes are generated within the geodatabase and scaled according to normalized attribute
values.

The presented geovisualization approach is extendable, since data representation is not
restricted to specified geometric shapes. SQL modules can easily be added to generate
various geometries, e.g. cones or tori instead of iconic dwellings. This makes the frame-
work generic enough to be transferable to other application areas dealing with any kind of
multidimensional geodata.

Besides extending the variety of geometry modules, future work includes the implemen-
tation of an interactive web-based 3D visualization. A PHP middleware will be designed,
allowing the user to interactively choose the parameters for the geometries and the at-
tributes he wishes to visualize from the geodatabase. A KMZ file will be generated from
the database according to the user’s geometry specifications and visualized in Google Earth
on the fly. An internet based choice and display of data will provide the framework to a
variety of user groups and increase the number of geovisualization tasks to be solved.
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Figure 5: System Architecture




