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Abstract

There is a new interest in integrated models oanrdland use and transport provoked by the
environmental debate. However, most existing unbaaels are too aggregate to respond to
these challenges. New activity-based models reguoee detailed information on household
demographics and employment characteristics. Neghheurhood-scale planning policies to
promote the use of public transport, walking andiog require more detailed information on
the precise location of activities. The methodtfas new type of model is Monte Carlo mi-
crosimulation. Theses models aim at reproducingdrubehaviour at the individual level, i.e.
how individuals choose between options followingittperceptions, preferences and habits
subject to constraints, such as uncertainty, ldékformation, and limits in time and money.

Microsimulation models require micro data. Howe\beg collection of individual micro data,
i.e. data that can be associated with single mgklior the retrieval of individual micro data
from administrative registers is neither allowedniost countries nor desirable for privacy
reasons. Therefore these models work with synthei@wo data that can be retrieved from
general accessible aggregate data. A syntheticlatbgu has to be generated that represents
individual actors in the form of households anddehold members. A synthetic population is
statistically equivalent to a real population. Bach household characteristics such as house-
hold size, income, number of cars and address emergted. Each person is described by
characteristics such as age, sex, religion, andk \Wwaation. For creating addresses for the
synthetic population, land-use data are disaggeelgatraster data by GIS techniques.

This paper gives a theoretical introduction andsenés two applications to generating a syn-
thetic population. While most existing procedureaaentrate on iterative proportional fitting
the approach to generate synthetic populationsepted here combines different approaches.
The study area for the first application was thg of Netanya in Israel. The main process to
generate a synthetic population is shown. The skapplication was the metropolitan area of
Dortmund with a population of about 2.6 million. $nesses, dwellings, and non-residential
floorspace are generated, too.
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1. INTRODUCTION

There is a new interest in integrated models oanrdland use and transport provoked by the
environmental debate. However, most existing unbaaels are too aggregate to respond to
these challenges. New activity-based models reguoee detailed information on household
demographics and employment characteristics. Neghheurhood-scale planning policies to
promote the use of public transport, walking andiog require more detailed information on
the precise location of activities.

Also travel models are confronted with new chalesh¢p urban modelling. New alternatives

like park-and-ride, car-sharing, or shared busesraw life styles or new work patterns can-

not be simulated with traditional four-step trawebdels. Aggregate travel models are unable
to reproduce the complex spatial behaviour of imligls and to respond to sophisticated
travel demand management measures. Furthermorattdr@ion paid to environmental as-

pects of transport requires more detailed inforamathbout emissions caused by different
scenarios. As a reaction new activity-based trawetlels have become more popular, alt-
hough they require more detailed information ondatwld demographics and employment
characteristics. As the availability of more powéidomputers has overcome former barriers
to handle large data bases, new disaggregated trengkels aim at a one-to-one reproduction
of the behaviour of individuals (Salomon et al. 899/egener 1999).

The method for this new type of model is Monte @amrlicrosimulation. Microsimulation
models aim at reproducing human behaviour at tldévistual level, i.e. how individuals
choose between options following their perceptigreferences and habits subject to con-
straints, such as uncertainty, lack of informatiang limits in time and money. Microsimula-
tion models require micro data. However, the cdibecof individual micro data, i.e. data that
can be associated with single buildings, or theenal of individual micro data from admin-
istrative registers is neither allowed in most does nor desirable for privacy reasons.
Therefore these models work with synthetic micrtadhat can be retrieved from generally
accessible aggregate data.

The synthetic population represents individual ectd the model in the form of households
and household members. Each household has ceharacteristics like household size, in-
come, number of cars and address. Household losatietermine some of the travel origins
and destinations. In addition, each person is gitedlby characteristics such as age, sex, na-
tionality, and employment. Persons are assignaditaes they accomplish, they go to work,
go to school, shop or go to the doctor. They ch@sansport mode and so produce traffic
flows. In the long run, households may decide tovenand so affect land use. The synthetic
businesses represent the employers in the modsin@ses are described by their industry,
number of employees, number of vehicles and looatibhin the study region. Public ameni-
ties are a special case of businesses. They inchsti¢utions like kindergartens, schools,
universities or museums. They affect land use leyftlundation, relocation or shutdown of
businesses. The synthetic population further ctssisdwellings where households are living,
and non-residential floorspace where businessetoeated. In other words, actors and the
built environment are generated in order to buildyathetic urban setting for running mi-
crosimulation models. Since this population onlisexartificially in files on the computer, it
is called synthetic. It is statistically equivaléatthe real population of the study area.

This paper first gives a theoretical introductiomticrosimulation and micro data (Sections 2
and 3). After that a synthetic population develop&dthe city of Netanya in Israel is pre-

sented to explain the main procedure to generaymthetic population (Section 4). Finally an
introduction to an ongoing application for the Dound region in Germany is given to show
the level of detail a synthetic population can obtand its future development (Sections 5
and 6).



2.STATE OF THE ART

2.1 Microsimulation in Spatial Models

Microsimulation models aim at reproducing humanawebur at the individual level, i.e. how
individuals choose between options following tharceptions, preferences and habits sub-
ject to constraints, such as uncertainty, lacknérimation and limits in disposable time and
money. Basically microsimulation is the reproductiof a macro process by many micro
processes. Single events of distinct actors aréadke building block of microsimulation. No
deterministic assertions that are valid with cetiacan be made. Instead probabilistic asser-
tions that are valid only with probability are maa®out events.

Microsimulation was first used in social-sciencelagations by Orcutt et a[1961), yet ap-
plications in a spatial context remained occasiexgkriments without deeper impact, though
covering a wide range of phenomena such as spufftfiasion (Hagerstrand 1968), urban de-
velopment (Chapin 1974, Chapin and Weiss 1968)spart behaviour (Kreibich 1979), de-
mographic and household dynamics (Clarke et al01@8rke 1981, Clarke and Holm 1987,
Holm et al. 2000) and housing choice (Kain and Add#B5, Wegener 1985, Mackett 1990a,
1990b). In recent years microsimulation has fouad interest because of its flexibility to
model processes that cannot be modelled in theeggtg (Clarke 1996). Today there are
several microsimulation models of urban land use taznsport under development in North
America: the California Urban Futures (CUF) Modethe University of California at Berke-
ley (Landis and Zhang 1998a, 1998b), the Integratattd Use, Transport and Environment
(ILUTE) model at Canadian universities under thedkrship of the University of Toronto
(Miller 2001), the Urban Simulation (UrbanSim) mbdethe University of Washington, Se-
attle (Waddell 2000), and the 'second-generati@dehof the Transport and Land-Use Mod-
el Integration Program (TLUMIP) of the DepartmehiTeansportation of the State of Oregon,
USA (Hunt et al. 2001). There are no efforts of pamable size in Europe. There are a few
national projects, such as the Learning-Based Ppateation Oriented Simulations System
(ALBATROSS) of Dutch universities (Arentze and Tirmmans 2000) or the Integrated
Land-Use Modelling and Transportation System Sitmuta(ILUMASS) in Germany. The
generation of the synthetic population for ILUMA®S]escribed in Section 5.

2.2 Synthetic Populations

The most prominent approach of generating a syiotpepulation was developed by Beck-
man et al. (1996). Today this procedure is usethast integrated models that generate a
synthetic population. Basically, iterative proponal fitting was used to estimate the propor-
tion of households in a zone with a desired contlmnaof demographic aspects. Since corre-
sponding input data were available, three differentsehold types were generated separately:
family households, non-family households and grquarters such as college dormitories or
prisons. Microcensus data available for the Unf¢ates were used as input (Public Use Mi-
crodata Samples, or PUMS). Local aggregate data wseed as row and column totals. The
number of households for each matrix cell was olethiby multiplying the total number of
households by the probabilities in the estimatétetar by drawing a number at random ac-
cording to these probabilities. In the first capecal attention had to be paid to correcting
round-off errors. The microdata had 11,760 cellsvbfch 11,151 were zero entries. These
cells might not be empty in the real populatiorerédiore empty cells were set to 0.1 or 0.01
before using the iterative proportional fitting time.

This procedure to generate a synthetic populatias fivst applied in the TRANSIMS project
(Los Alamos National Laboratory 2003) which aimscegating a new integrated transport
and air quality forecasting procedure. The systemmgs the modeller to modify the behav-
iour of each individual. Since travel is influenckey age, income, gender and employment
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status both persons and households are generaded-use data are used to place each
household on the transport network. Finally cargimyssion type are assigned to households.
In addition fictitious persons are generated teptesent those who travel on the network but
live outside of the study area.

A variant of the procedure developed by Beckmaal.atias used to generate a synthetic pop-
ulation for UrbanSim, a model simulating urban depment for land-use, transport and en-
vironmental planning (Waddell 2002). Each househsltepresented by household size, age
of head of household, presence of children, incanma number of workers. Employment is

represented as individual records for each jobiendmployment sector. Jobs are located in
non-residential floorspace or in residential bunfgh to account for home-based employment.
Households are linked with individual dwellings andividual jobs.

A rather similar approach was used for generatingyrgthetic population in the land-use
transport model of the State of Oregon in the Whi&&ates (Hunt et al. 2001). Households are
taken through a demographic transition includingiag of the household members, birth,
deaths, departure of members to form new houselamidpossible dissolution of the house-
hold. The transition probabilities are functionsvafious location and socio-economic factors
and are adjusted so as to respect the marginaibdisbn for the total population. The
household income and qualifications to work areat@d, too. If a new household is formed
using members departing from existing householdshtbusehold and person characteristics
for these households are drawn by randomly selpet@ues from known marginal distribu-
tions.

Ton and Hensher proposed a procedure to genestetlaetic population of 401 households
representing the 1.5 million households of Sydriiegn(and Hensher 2001). Each household
is described by socio-economic and demographicachenistics and a weight representing its
contribution to the total population. For instaniéeg household carries a weight of 200, this
indicates that this household represented 200 lattoiaseholds in the total population.
Through time the base year weights are modifiedepwesent the changing composition of
households in the population.

The synthetic population developed by Hertkorn &vidgner (2002) consists of 1 million
persons living in 509,000 households in Colognent@ay. By iterative proportional fitting
persons by 16 different person types are generatezke persons are associated with house-
holds depending on the household size. A node eftthnsport network was sampled as
housing location.

Several other projects to generate synthetic ptipngare in progress. The Integrated Land
Use, Transportation, Environment (ILUTE) modellisiggstem aims at developing a synthetic
population for a large urban microsimulation larsuransport model (Miller 1996). The
ALBATROSS microsimulation model, a 'learning-badeahsport oriented simulation system,
generates a synthetic population for a base yehmader scenario conditions (Arentze and
Timmermans 2000). There are further applicatiorsg tepresent actors as agents (Torrens
2001, Veldhuisen et al. 2000, Schelhorn et al. 1828ty et al. 1998). Rule-based agents do
not have individual characteristics but all membsra group are equal. Agents are used for
cellular automata models.

3. METHOD

For generating synthetic populations aggregateosembnomic data are disaggregated by bi-
proportional and multi-proportional adjustment. Editional information like digital
land-use plots or aerial photographs synthetictimjata are produced and located which are



statistically equivalent with the aggregate datare€ methods are crucial for generating a
synthetic population: iterative proportional figirto transform one-dimensional into mul-
ti-dimensional data, Monte-Carlo sampling and digagation of zonal data to raster data.

3.1Iterative Proportional Fitting

In general, statistical input data are availably @s one-
dimensional distributions for zones such as ceniads
or statistical areas. This could be populations dge,
households by size or businesses by business séttg Households
order to generate a synthetic population, multidisienal by size and
distributions are required, such as persons by geyeder | 29¢ °f her?(ﬂ dOf house-
and education or households by size, nationality ian

come. One-dimensional distributions are transforrteed
multi-dimensional distributions by iterative profional
fitting (Deming and Stephan 1940). This approacilés-
tical to the RAS method used in input-output analye
adjust a matrix of intersectoral flows to known icewl
inputs and outputs. It alters the elements of arirat
such a way that the sum of rows and the sum ofrmadu Figure 1 Iterative proportion
equals the known one-dimensional input data, aatttie fitting

deviation from the initial values of the matrixmsnimal.

Households by age of
head of household

Households by size

For instance, to generate a synthetic populatidiormation about the relationship of house-
hold size and age of the head of household is redusince younger persons tend to be head
of smaller households while 45-year old persons tenbe the head of larger family house-
holds, it is crucial to know the joint probabilitf household size and age of the head of
household. Data provided by the administrativestegs usually are one-dimensional, i.e. the
distribution of size of households and the distiitou of age of head of household are given
separately. These distributions form the sum ofsramwd columns in Figure 1. If available, in-
itial values of the fields of the matrix can bdeil with data from older censuses or from
comparable regions. If no appropriate data areladai the initial values are guesstimated.
Iterative proportional fitting estimates the numloéhouseholds by size and age of head of
household for every field of the matrix so that tbelumn and row totals equal the
one-dimensional input data.

The method of iterative proportional fitting can deplied to two- or multi-dimensional ma-
trices. For instance, when generating the syntipetpulation of dwellings in the Dortmund
region (see Section 5) a four-dimensional matrantaining information about dwelling size,
dwelling quality, ownership, and kind of buildinga# set up. For each of the four features
one-dimensional data were available from the adstrative registers. As initial values for
the four-dimensional matrix, data from the 1968 $iog census were used. This procedure
was used to generate the housing stock for the3@a0.

3.2 Monte-Carlo Sampling

When generating more complex sets of micro dataitédrative proportional fitting has its
limits. It implies very high standards in termsrehability of initial input data for the cells of
the matrix. Detailed micro input data like PUMStire US are not available everywhere. If
features have to be generated that are not cowgréue micro data other procedures have to
be found to generate those. The iterative propaati@itting has to set zero-cells to 0.1 or 0.01.
This influences probabilities and is theoreticdlfrdly founded.



Monte-Carlo sampling allows generating an almost in
nite number of different features. With Monte-Carlo
sampling synthetic multidimensional data are gained
from one-dimensional distributions of administrativ
registers (Wilson and Pownall 1976). Figure 2 \iises
this procedure. To generate a household, firsiatiee of
head of household is selected. Depending on tliat-in
mation the household size is selected. A youngad loé
household tends to live in a smaller householdJevai
45-year old head of household tends to live inrgea
family household. In other words, households and pe
sons are generated in a 'natural’ order. This mtwis
the features of persons and households are sannptleel
order they influence each other. Because every atep
the sampling refers to the already selected festuhe
result becomes more realistic. In the example glife 2
the likelihood for selecting the household size ade

justed according to the age of the head of houdefitle Figure 2 Monte-Carlo Sampling

probabilities are determined by iterative proparébfit-

ting. After all household members have been deteedhi the number of cars is selected.
Again, the probability for the number of cars degenn the already selected features, i.e. on
the age of head of household, the household sidg¢henage of further household members.

Select age of head of household

v

Select size of household

Another person in
this household?

Yes

Select age of next person

Select number of cars

v

'

This process implies a causal structure for themofithe generated features.

With Monte-Carlo sampling as many features candbected as necessary for running a mi-
crosimulation model. The number of features is dintyted by the possibility of determining

reasonable relationships between the selectedrésatu

1) Last household (a three-person-household)
has to be generated: no adult is left in the set

4) The selected child is given to household x.

Change in Household x:

o,
: 8 %

:

3 0

rene®

an®

2) A suitable household x of the already finished
households has to be found to exchange one
adult of household x with one child of the set.

Household x could be:

3) A child from the set is selected for household x.

5) In return the adult of household x is given
back in the set.

®
(2

6) As result the last household can be selected,
the head of household is an adult.

Last household:

Figure 3 Procedure of a submodel to exchange pgrso




During sampling most selections are 'drawn witheptacement', i.e. features like number of
persons by age and gender, number of householsigédpr number of cars remain exactly as
given by the administrative registers. If thesetdsss were sampled by 'drawing with re-
placement’, there would be only approximately Sefcent of the population boys under 5
years of age. 'Drawing without replacement’ asstiratsthere are exactly 52 boys under 5 in
1,000 persons, i.e. it eliminates a random error.

A difficulty is that at the end of the simulatiometre are only few persons to be selected left.
For instance it might happen that at the end ofsthmulation of a zone a three-person house-
hold is to be generated but there are only thrédreln aged 11, 8 and 4 years left (Figure 3).
These persons cannot form a reasonable householdd@lt is missing to finish this house-
hold. In this case a special subprogram is rurxth@&nge one adult from an already finished
household and exchange it by one of the childrinrighe set. In this way the last household
can be generated with one adult and two children.

3.3 Disaggregation of Spatial Data

Activity-based microsimulation transportation madetquire the exact spatial location of activ-
ities, i.e. geographic co-ordinates or point adkresas input. However, most available data are
given in spatially aggregate form, e.g. by zonegrdMdata of households and workplaces,
residences and businesses are rarely availablewherck they are, their use is restricted for
privacy reasons.

Land use polygons to raster cells

I | Land-use categories

@ High-density housing
] [ Low-density housing

8 Industry

[ Open space

Probabilities by raster cells

Weights
10/n
1o 10
 m— =}
B 1
150- |{151- [§152-
130 =

. n total weight of zone
Probability Number ranges

Zonal data to micro data

100
@ 50 data elements
10

1487 data elements

Figure 4 Raster disaggregation of zonal data kepieann and Wegener 2000: 48)



Where no micro data are available, GIS can be tsgénerate a synthetic disaggregate spa-
tial micro database which corresponds to all knastatistical distributions (Bracken and
Martin 1995, 1989; Martin and Bracken 1991). Toiac# this, raster cells or pixels are used
as addresses for the microsimulation (Wegener gmek&mann 1996). To disaggregate spa-
tially aggregate data within a spatial unit suclamsirban district or a census tract, the land use
distribution within that zone is taken into consat®n, i.e. it is assumed that there are areas of
different density within the zone. The spatial dgg@gation of zonal data therefore consists of
two steps, the generation of a raster representafitand use and the allocation of the data to
raster cells. Figure 4 illustrates the procedureafesimple example. The following steps are
performed (Spiekermann and Wegener 2000):

- First, the land use coverage and the coveragmioamg the zone borders are overlaid to get
land-use polygons for each zone. Then the polygoasonverted to a raster representation
by using a point-in-polygon algorithm for the cenmtls of the raster cells. As a result each
cell has two attributes, the land-use category tlledzone number of its centroid. These
cells represent the addresses for the disaggregatiaonal data and the subsequent mi-
crosimulation. The cell size selected depends enrg¢lquired spatial resolution of the mi-
crosimulation.

- The next step merges the land-use data and actiglty data such as population or em-
ployment. First, for each activity to be disaggtedaspecific weights are assigned to each
land-use category. Then all cells are attributetth whe weights of their land-use category.
Dividing the weight of a cell by the total of theeights of all cells of the zone gives the
probability that this cell will be the address ofecelement of the zonal activity. Cumulating
the weights over the cells of a zone one gets gerah numbers associated with each cell.
Using a random number generator for each elemethieatonal activity, one cell is selected
as its address.

The result is a raster representation of the digtion of the activity within the zone.

4. SYNTHETIC POPULATION FOR NETANYA, ISRAEL

In the first application presented, a syn-
thetic population was created for the city
of Netanya in Israel. Located in the
northern periphery of Tel Aviv at the
Mediterranean Sea Netanya has about
159,000 inhabitants.

It was founded in 1928 as an independent
resort town. With the growing sprawl of
the Tel Aviv region Netanya has become
part of its metropolitan area.

Statistically, the city of Netanya is di-
vided into 54 zones or eight regions
(Figure 5). Most statistical data were
available for the 54 zones in one-

Built-up area

dimensional tables. Information had to be - ;‘jﬁ;":s
disaggregated to micro locations and to o
multidimensional distributions. R NT

Figure 5 Study area of Netanya



4.1 Procedure

The synthetic population module

generated a sywctipeipulation with demographic attrib-

utes closely matching the real population of Nesaryata of administrative registers were
transformed by iterative proportional fitting to ldimensional data that served as probabili-
ties to generate a synthetic population by MontdaCsampling. The households so generated

were then spatially distributed to raster cells.

_| Select a zone

'

Select head of household (with
age, sex, religion, education)

'

Select size of household

Another person in
this household?

Yes

Select next person
(with age, sex, education)

Select address of household

v

Select number of workers in

household

Select the income of household

'

Select the number of cars in

household

Select the workplace for each
earning person in household

Figure 6 The synthetic population generator

Another household?

No

No




Figure 6 shows the main structure of the
synthetic population generator. It was
used to generate the population of Netan-
ya with 159,000 persons living in about

50,000 households. To create a householc
first the head of household was selected,
because many features of a householc
depend on the characteristics of the heac
of household. Next, age, gender, religion,
and education of the head of household
were selected. Depending on this infor-
mation, the household size was deter-
mined. If a one-person-household was se-
lected, no more persons needed to be cre
ated for that household. If a multi-

ple-person household was drawn, the oth-
er household members were selected in
turn until all persons for the household

were created. Then the housing location
in the zone was chosen. The housing lo-
cation was a micro location consisting of
row and column coordinates of a raster
cell of 50 by 50 metres. Aggregate popu- _ o 200 T
lation data were spatially disaggregated to _ I m N
these raster cells using the method de- ‘ F Pemons per raster cell

scribed in Section 3.3. Next the number of Tt 4
earning people and then the household Sto 9
income were selected. Depending on all 101a 13
this information, the number of cars was 1029
determined. Finally a workplace was as- ig{”ig
signed to each working person. The pro- - tE 5
gramme continued to create households B G0 to B9
until all households of the zone were cre- B 7005
ated. Then the procedure continued with B 0 o more

the next zone until the population for all

54 zones of Netanya was generated. Figure 7 Synthetic population density

Netanya by raster cell

There were some cases where a 'natural

order' of influencing the probabilities of

following features could not be determined. Fortanse, on the one hand the number of
workers in a household influences how many cardthesehold can afford. But on the other
hand the number of cars might influence the nunob@vorkers, since more jobs are accessi-
ble by car. In such cases it was assessed whitlréeia likely to have the stronger impact on
the other. In the given example, it was assumedthiginfluence of the number of workers
on the number of cars is stronger than vice versa.

There were some improbable constellations. As iteeaf a household depends on the age of
the head of household, an eight-person househaldelaoeby a 20-year-old person is very un-

likely. Wherever possible, such cases are excluBed.a small number of exceptions are

possible. There are some specific cases wherenétarce the father left the household and
the oldest son takes over as head of household.gBu¢rally these constellations were

avoided.
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4.2 Output

Figure 7 shows the resulting distribution of pessday raster cells. The shading indicates
population density, i.e. number of persons perrastll. The numbers have to be multiplied
by four to indicate persons per hectare.

Besides maps like Figure 7, results of the synthadpulation generator programme are two
lists: a list of households and a list of persdrat tive in these households. The two files are
linked by the corresponding household numbers ardop numbers. Figure 8 presents ex-
cerpts of the household file <hh.dat>. Each linecdbes one household. Figure 9 presents
excerpts from the person file <pp.dat>. Every Iméhis file represents one person.
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10 111 77 65 8564 0 1 5 32 33 34 35 36
11 111 81 74 8705 2 1 5 37 38 39 40 41
12 111 85 76 4942 2 1 4 42 43 44 45

Figure 8 Excerpts from household file <hh.dat>
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Figure 9 Excerpts from person file <pp.dat>
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As the first household in <hh.dat> is a three-peisousehold, it is represented in the person
file <pp.dat> by three lines. The first number acke line is the sequential number of the per-
son and the second number is the number of theeholds These two numbers correspond to
the person number and the household number in &t¥.d@he next field contains the age of

the person, followed by the gender, where 1 stémdsale and 2 for female. The next num-

ber indicates the religious affiliation of the pmms 1 means non ultra-orthodox and 2 ul-

tra-orthodox. The following number indicates thegeleof education of the person, where

seven levels of education are distinguished. Teerdamber indicates the place of work, if

any.

5. SYNTHETIC POPULATION FOR DORTMUND, GERMANY

The project ILUMASS (Integrated Land-Use Modelliagd Transportation System Simula-
tion) aims at embedding an existing microscopicasyit simulation model of urban road

traffic flows into a comprehensive model systemonporating changes of land use, the re-
sulting changes in transport demand and the enwieotal impacts. This project requires a
synthetic population with households and personsjnesses and public actors, dwellings
and non-residential floorspace.

The study region of ILUMASS is the urban regionDmrtmund (Figure 10). The area con-
sists of Dortmund and of its 25 surrounding commesi The area is subdivided into 246 sta-
tistical zones, and the micro data were generaie@very zone. However, even this spatial
resolution is not sufficient for analysing enviroamtal impacts such as air quality and traffic
noise, which require a much higher resolution. 3patial disaggregation technique presented
in Section 3.3 was used to disaggregate the zataltd raster cells of 100 by 100 m size for
the calculation of spatially disaggregate environtakand equity indicators. There are about
200,000 raster cells in the study area. The pojpualas about 2.6 million people living in
1.1 million households. Also about 100,000 busiess$sd to be generated.

Built-up area
= Municipalities
——— Statistical Areas

0 5
km NT
Figure 10 Study region of Dortmund
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5.1 Procedure

The basic procedure to generate the micro datianitas to the way the synthetic population

was produced for Netanya. There are two main furtle@elopments: First, there are by far
more features to be generated for every actor.r®g@nd more importantly, besides house-
holds and persons also synthetic populations ofnbases, dwellings and non-residential
floorspace are generated in order to represenel@Vant actors and buildings for land-use
transport modelling.

5.2 Output

The synthetic population of ILUMASS represents widlial actors in the form of households
and household members. Compared to Netanya hodsam®ldescribed with more detail.
Besides the number of cars, eleven types of cadiffezentiated, ownership of monthly sea-
son ticket and car-sharing membership were gertgrared a monthly budget for mobility
was determined. In contrast to Netanya, each passmpresented by the additional charac-
teristics employment status and ownership of dgvioense. While the income was repre-
sented on a household level in Netanya the incanted Dortmund region is generated for
each person separately. Per definition a housesloddes its income with all household
members. However determining the income of singles@ns gives a better chance to repre-
sent different income opportunities depending as ggnder and education.

1< 20 persons/ha
20 < 40 persons/ha
40 < 60 persons/ha
60 < 80 persons/ha
80 < 100 persons/ha
100 < 120 persons/ha

120 < 140 persons/ha

140 < 160 persons/ha

I 160 < 180 persons/ha
Il 180 < 200 persons/ha
Il 200< ... persons/ha

B (e

Figure 11 Synthetic population density in the Darhd study area (excerpt)
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Features associated with each dwelling are builtypg (single family house or apartment
house), size, quality, tenure and price. Each dgehas a raster cell as a micro location giv-
en by x and y coordinates in a raster of 100 byrh@€@es. Figure 12 shows excerpts from the
dwelling file.

e o
g 3 i
T 0w £ =
= 53 S s
2 ¢ s £&8 3 g
%VS n o o
= £ 3 3 298 » 2
= 2 =2 w—:CE(UC
o o o © S o - 3 o
# O @ # O 2 O =
1 216 155 45317 2 2 5 3 547
2 213 156 66132 2 3 2 4 821
3 187 143 11413 2 2 4 4 1421
4 272 173 471647 1 2 5 4 2105
5 364 133 8144 1 1 2 1 840
6 272 173 8973 2 1 2 1 294
7 274 173 1015134 2 3 6 2 927
8 437 145 0 2 3 4 3 486
9 426 132 943141 1 1 6 1 945
10 236 116 249434 2 1 2 1 226

Figure 12 Excerpts from dwelling file

The household number in the dwelling file servesa dsk to the corresponding household.
Building type distinguishes between single-familguke (1), flat (2) and non-residential
building (3). The tenure could be owner occupiey (&nted (2) or publicly subsidised (3).
The monthly costs are either costs for rent or<cést interests and repayment of loans in
Euro.

The synthetic businesses represented the emplmydrs model. Businesses are described by
their industry, number and qualification of emplegenumber and type of vehicles, capacity
to attend customers, and location in the studyoregPublic facilities are special cases of
businesses. They include institutions like kindemyss, schools, universities, hospitals, or
museums. Businesses change land use by the estadhis relocation or closure of busi-
nesses and affect transport by the person and goodsments they generate.

o
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2 » ¢ ¥ &8 888 2 8 & & & 8
2 B E T s E EEE § 8 8 © © ©
- > 3 = n © T ®© © Q =& < = = =
o © (@] o (@] > > > i 3] () (] () ()] ()]
H* £ (@) o O o o o0 O > > > > >
1 58 224 461 8200 12 18 2 12 102 304 805 1106 120
2 2 115 124 16500 68 9 1 1 4426
3 157 134 345 5900 8 19 43 6 31 103 107
4 202 48 241 420 2 5 1 1 2 104
5 55 67 574 600 3 1 152
6 17 324 37 1860 3 6 1 942 302 405 106
7 62 412 610 1150 24 2
8 20 121 8 290 3 18 216
9 98 34 411 21420 24 238 87 18 10 614 116 5220 4132 3992
10 21 512 42 1820 18 31 2 8 24 101 306 411

Figure 13 Excerpts from business file

14



ILUMASS differentiates 65 different kinds of bussses, such as farms, construction compa-
nies, shops, banks, hotels, cinemas, youth centbearies or parking garages. Figure 13
shows excerpts from the business file. Employeesistinguished by four different levels of
qualification. The capacity for customers describes many people can visit this company
at the same time. The number of vehicles are dextiy four digits. The first and second
digit indicate the number of vehicles, the second urth digit tell the type of vehicle. This
allows to distinguish many different vehicle types.

Businesses are located in non-residential flooespBor every raster cell of 100 by 100 me-
tres the non-residential floorspace for industegait, office, and public use was determined.
For each of those four floorspace types the amolistjuare meters in use, the available area
as well as the price are specified. Figure 14 shexcerpts from the non-residential floor-
space file.

T
C ~
£
T ©
o £
8 ©
x 8 Area in use in m? Available area in m? Price per m2 in Eurg
c 2 . 2 > >
55 2 8 ¢ £ 2 3 8 2 % 3 8 ¢
o (@] > = (O] = S © ()] = S T ()] = S
O x O £ x o a £ x O o £ x o a
264 154 2 0 600 0 0 500 0 0 0 2 15
265 154 4 0 0 150 0 0 0 0 0 22
266 154 1 1300 0 100 0 200 0 0 0 9 24
267 154 2 0 800 0 0 0 0 0 0 28
268 154 3 0 0 0 3900 0 0 0 0 8
269 154 3 200 100 700 0 2000 0 0 0 10 21 28
270 154 3 0 0 0 0 0 400 0 0 18
271 154 1 0 4600 100 0 0 0 0 0 13 19
272 154 4 850 0 0 0 0 0 0 0 6
273 154 2 9100 0 200 0 0 0 600 0 8 24

Figure 14 Excerpts from the non-residential flpaise file

6. FUTURE WORK

The two applications of generating a synthetic paimn in Netanya and the Dortmund re-
gion show that it is possible to generate synthgbjgulations as micro data for a microsimu-
lation land-use transport model. Monte Carlo sangplprovides a powerful procedure to
combine the desired features without restrictiamsrgby input data. The Dortmund synthetic
population is used as synthetic data in ILUMASS tfog microsimulation of land-use and
transport changes and their environmental impact.

Future work will simulate changes of the synthe@pulations in each simulation period. So
far the events aging, death, birth and divorce/s#jmm have been modelled. Other events in-
clude marriage/cohabitation, change of job, reteetnchange of income, or obtaining or
losing a driving license. Households buy cars angarinto, out of or within the study region.
Businesses change their location, hire employeemake people redundant, buy cars and
commercial vehicles, extend their production orlidec Dwellings and non-residential floor-
space are newly constructed, upgraded or demolidlaedilords change the prices of housing
in response to demand.
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