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A B S T R A C T

Information about the spatial distribution of urban populations is highly relevant for areas such as urban 
planning, infrastructure services, and hazard prevention. Conventionally, census-based population maps provide 
a static image of population numbers. However, the distribution of urban populations is highly dynamic and 
changes throughout the course of a day, which can result in significant discrepancies from static maps. We 
therefore developed a spatio-temporal population model, which is designed to provide the relevant space- and 
time-dependent distribution for individual cities in Germany. Germany has been selected due to the high data 
availability, which allows us to base the model on public data, making it transferable to other cities. The city of 
Cologne serves as a case study, but the transfer of the approach to Hamburg has been successfully tested. The 
model is built on extensive dasymetric mapping cycles to combine extensive socio-demographic population and 
building data with mobility information. The results obtained are city-wide population maps for seven time 
sequences, which provide the total number of people, as well as the number of people for seven population 
subgroups (children, retired, etc.), on building level. The results are compared to three independent data sets 
(ENACT-POP, emergency call locations, and mobile phone location data), which show substantial improvement 
towards static census data and good correlation metrics. The spatio-temporal results show strong time-dependent 
differences in comparison to static population distribution (e.g., up to six times more people for the inner city of 
Cologne at midday), underlining the relevance of time-dependent data for population-based analyses.

1. Introduction

By 2050, 68% of the world's population will live in cities (UNDESA, 
2019). With it, humankind will face growing challenges to ensure sus-
tainable development, efficient provision of critical services, and the 
protection of its citizens, among other issues. Thus, it is essential for the 
relevant domains, such as urban planning, traffic management, critical 
infrastructure development, or disaster management, to understand, 
among other variables, the spatial distribution of the citizens within the 
urban boundaries. Traditional population mapping assigns statistical

census data or, more recently, remotely sensed information to admin-
istrative spatial units (Geiß et al., 2022; Geiß et al., 2024; Leyk et al., 
2019; Sapena et al., 2022; Taubenb¨ ock et al., 2007). Such datasets 
typically offer only a static snapshot of the population's distribution. 
Depending on the method, they often depict the nighttime situation, 
where most people are located at their place of residence. Such static 
population data stands in direct contrast to the high mobility that the 
population actually exhibits over the course of the day (Ahola et al., 
2007; Batista E Silva et al., 2020; Deville et al., 2014; Doyle et al., 2014; 
Freire et al., 2013; Gariazzo et al., 2016; Martin et al., 2015; Pittore
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et al., 2023; Renner et al., 2018; Yoongsomporn et al., 2025). While a 
residential area can be densely populated during the night, its residents 
might move to business districts, university campuses, or the local inner-
city shopping mall during the day. A single, static population map of a 
city cannot consider these daily population dynamics, which makes 
analyses and decisions based on such data prone to severe 
misestimations.

In complex urban environments, a variety of fields would profit from 

dynamic population data, especially if it is nationwide and publicly 
available. Urban planning can be enhanced by providing services not 
only based on citizens' residence locations, but also on where people are 
actually located during the day. Traffic modelling and public transport 
demand analyses also need to understand daily population mobility. 
Critical infrastructure providers for services like water or electricity 
could enhance their daytime-dependent demand analyses. Especially 
Disaster management would seem to profit from dynamic population 
data, due to a high number of use cases. Dynamic population data could 
be used to improve the planning for new fire and rescue station locations 
and their necessary capacities. Risk analyses, especially for sudden onset 
disasters, need to take the time-dependent location of citizens into ac-
count if they want to predict reliable numbers of affected. If dynamic 
population data includes information about socio-economic subgroups, 
those could be used to cover the demand for dynamic vulnerability 
analyses (Aubrecht, 2013a; Cutter et al., 2000; Haraguchi et al., 2022). 
The previous examples underline the manifold demand for publicly 
accessible spatio-temporal population data (Aubrecht, 2013b; Behrens 
et al., 2021; Cui et al., 2021; Pittore et al., 2017).

Even though Germany offers a multitude of population-related 
datasets, with many of them being publicly available or at least free of 
charge for research purposes, there is, up till now, to our knowledge, no 
high-resolution spatio-temporal population dataset available. We 
therefore develop a spatio-temporal population model that focuses on 
German cities and estimates the number of people present in individual 
buildings at seven different time intervals of the day. A key constraint of 
the model is the restriction to the usage of publicly accessible data. This 
secures the transferability to other German cities and provides an 
alternative to approaches focused on single cities or expensive data (e.g., 
from mobile phone companies). With a focus on public data and our high 
spatial and temporal resolution, we aim to offer an easily accessible 
solution to close the gap in spatio-temporal population data for German 
cities.

1.1. Research context

Generating results that adequately represent daily population 
behavior demands either highly detailed geospatial data and mobility 
information or extensive amounts of human positioning data. We divide 
the currently existing approaches for spatio-temporal population models 
into two types, depending on the data they use. 1) The positioning data-
based approaches use measurements directly retrieved from real-world 
human mobility data (e.g., mobile phone logins to cell towers, GPS 
signals) and extrapolate insights to the whole investigated population. 
2) The dasymetric mapping approach combines geodata with static 
demographic data about the area's population and models their mobility 
indirectly based on mobility information (e.g., surveys). In the following 
paragraphs, we briefly discuss both approaches and explain why our 
model uses the dasymetric approach. Afterwards, an overview of pre-
vious dasymetric approaches is provided. In doing so, we focus on data 
sets with intra-day population changes. Renowned data sets such as 
WorldPop (Tatem, 2017), Global Human Settlement Layer (Pesaresi 
et al., 2024) or LandScan Global (Lebakula et al., 2025), which calculate 
high-resolution global population data but are only available on an 
annual basis at most, are not taken into account.

1.1.1. Real-world positioning data
The application of direct measurements from real-world positioning 

data has grown more common in recent years (Yabe et al., 2022). 
Mobile phone data, mostly the log-on of phones to radio towers 

(Bengtsson et al., 2011; Chen et al., 2020; Deville et al., 2014; Doyle 
et al., 2014; Haberl et al., 2025; Han et al., 2019; Liu et al., 2018; 
Yoongsomporn et al., 2025) or GPS positions (Rahimi-Golkhandan et al., 
2021; Wang et al., 2020; Wang & Taylor, 2018; Yabe et al., 2020) is 
commonly used to generate spatio-temporal population maps. Other 
sources, like smart cards (Zhao et al., 2017; Zhong et al., 2016) or public 
transport transactions (Zhao et al., 2017; Zhong et al., 2016) as well as 
bus and taxi GPS data (Zhang et al., 2019) have potential, but are more 
often employed to understand mobility patterns instead of calculating 
spatio-temporal population maps (Cats, 2024).

The advantage of such real-world positioning data is the in situ 
knowledge on positioning at a particular time and the retention of 
mobility information. While geostatistical, dasymetric approaches have 
to estimate the population's location and mobility, positioning data is 
based on real localisations of people. The disadvantages are that the 
spatial resolution can be tied to metrics like the density of the radio 
tower network and that such data only depicts the population with 
smartphones (Pappalardo et al., 2023; Wardle et al., 2023). In conse-
quence, vulnerable groups, like young children and the elderly are un-
derrepresented in such data and thus can be underestimated (Sekara 
et al., 2019) which constrains its use in fields like disaster management. 
In addition, datasets usually only cover a portion of the total population, 
depending on how large the market share of the company from which 
the data originates is, making extrapolations necessary. In Germany, 
Vodafone holds the biggest share with 42,8% in 2023 (Tenzer, 2024). 
Lastly, the dependence on private companies to obtain data and the 
respective high cost limit its applicability in research, especially if the 
application is planned to go beyond a single case study.

1.1.2. Dasymetric approaches
Dasymetric approaches, on the other hand, build on heterogeneous 

but static data by combining geodata, census statistics, and mobility 
information to distribute population spatially and temporally (Batista E 
Silva et al., 2020; Martin et al., 2015; Renner et al., 2018). One disad-
vantage is the demand for extensive, high-resolution geodata about 
citizens and activity locations, as well as detailed mobility behavior 
information. However, due to the global increase in data generation and 
its public availability, data fulfilling the necessary requirements for 
population modelling and the respective validation are now available 
for more and more regions. Dasymetric methods, therefore, start to 
provide a competitive alternative to the usually expensive position data-
based approaches.

Germany provides such a necessary data landscape, where detailed 
census data (City of Cologne, 2024c) as well as geodata, including the 
size and usage type of buildings (Cologne District Government, 2025), 
are available publicly or by request throughout all major German cities. 
The regularly conducted mobility survey “Mobilit¨ at in Deutschland” 
(MiD) (Nobis & Kuhnimhof, 2018) provides extensive mobility infor-
mation. This presents the ideal basis for a model that is transferable to 
several German cities based solely on cost-free data. We therefore opt for 
the dasymetric approach and introduce a spatio-temporal population 
model variant that provides population counts for different population 
subgroups on building level for several time intervals of a standard 
working day.

Our approach builds on extensive previous work starting with Ahola 
et al. (2007) and Taubenb¨ ock et al. (2007). The first study set a foun-
dation with a spatio-temporal population disaggregation based on 
building types and up to six time intervals per day for a bomb blast 
exposure scenario. The second one used a day- and nighttime perspec-
tive for an earthquake scenario. Building upon their work in Freire
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(2010) and Aubrecht (2013b), both authors developed a spatio-temporal 
population exposure model for earthquakes (Freire & Aubrecht, 2012), 
which is improved by an evacuation component by Freire et al. (2013). 
They use land cover classes and road types to define residential and 
labor areas on which census data is disaggregated into a day- and a 
night-time map. In combination with hazard maps and with a walking 
time-based evacuation model, it becomes apparent that the amount of 
exposed population in the case study of Lisbon has been underestimated 
by far. Aubrecht et al. (2014) further developed the DynaPop-X Model, 
which adds commuters to the previous approach. With it, they aim to-
wards higher temporal resolution, and the model is applied to a storm 

surge scenario (Aubrecht et al., 2015). Taubenb¨ ock et al. (2013) focus 
on tsunamis and identify daytime-dependent degrees of exposure and 
bottlenecks in the traffic system in Padang, Indonesia, for evacuation 
measures. Martin et al. (2009, 2015) developed the Population 24/7 
model, a flexible and transferable model framework that is adjustable to 
different data scenarios. In their use case for the city of Southampton, 
they implement census data and capacities of destination points like 
schools, universities, or hospitals, and roads. The method assigns a time-
dependent population capacity and a supply area to origin and desti-
nation points, as well as the connecting road network. A 200 m raster 
grid weight map is calculated from this information, which is used to 
assign residential population to grid cells per 15-min time interval, 
based on estimated distance bands. The approach is updated with time 
graphs, more destination assets, and information about the non-
residential population by Smith et al. (2016), who apply the results in 
a flood exposure analysis. Renner et al. (2018) transfer the model to the 
Autonomous Province of Bolzano, where they investigate the daily and 
seasonal changes of population exposure in hazard-prone areas. The 
Population 24/7 model is available for the UK and is based on the 2011 
census (Cockings et al., 2021). Pittore et al. (2023) model day- and 
night-time as well as commuting population based on high-resolution 
commuter and population data with hexagons as spatial units. The re-
sults are used to analyze multi-hazard exposure and disaster-induced 
traffic changes. Rauch et al. (2021) calculate the day and night popu-
lation for the government district of Münster to investigate the time-
dependent coverage by the rescue service, and are thereby to our 
knowledge, the only comparable German case study. A Europe-wide 
approach, and therefore to our knowledge the only spatio-temporal 
dataset, that is also available for entire Germany is the ENACT-POP 
dataset (Schiavina et al., 2020). It offers a 1 km grid with estimated 
population distribution in day- and night-time per month for all EU 
countries, based on official statistical data for the census year of 2011 
(Batista E Silva et al., 2020). LandscanHD, developed by the Oak Ridge 
National Laboratory (ORNL) (Tuccillo et al., 2025), is a day and night 
population dataset aiming for global coverage. The product is based on a 
global dataset of building footprints, usage types, and heights, created 
by combining globally available products with a variety of self-
developed methods. Country-specific facility occupancy rates (Urban 
et al., 2023) are used to disaggregate national population data to a one-
arc-second grid. While data for various countries is available to date, 
unfortunately, no results have been published for Germany yet.

1.2. Aims and research questions

We identified a lack of spatio-temporal population data with high 
resolution, be it on the spatial, temporal, or semantic level, while at the 
same time, recognizing the great potential to improve existing applica-
tions of dynamic intra-day population data (e.g., disaster management, 
traffic and infrastructure demand modelling, urban planning). While not 
every region is (yet) able to meet the high associated data requirements, 
it looks like more and more countries are on a good way to provide a 
data landscape that is able to satisfy these demands.

We aim to utilize the meanwhile extensive data availability in Ger-
many to design a model that provides population maps with a high 
spatio-temporal resolution in major cities, free of charge, and accurate

enough to be useful for a wide range of applications. To meet this de-
mand and to advance the state of research, we define the following re-
quirements, followed by respective research questions.

To ensure transferability, our model will only use data that is 
available throughout Germany. Germany's sixteen federal states have 
different open data policies; therefore, we do not demand data to be 
publicly available in all states, but it has to be at least available on 
request. In terms of temporal resolution, we aim beyond a pure day and 
night division towards several time intervals per day. The spatial reso-
lution aims to reach sufficient accuracy on building level, so that the 
results can be used for varying spatial units (e.g., flood masks) while 
limiting the modifiable aerial unit problem (Openshaw, 1984). To 
enable deeper population analyses (e.g., social vulnerability), the model 
needs to consider not only the population, but also model its subgroups 
separately (e.g., children, elderly). Altogether, the necessary computing 
power is to remain reasonable, so that the transferability is not limited 
by the need for high computing capacities.

The model results will subsequently be used to investigate the 
following research questions:

• What novel insights about the time-dependent urban population can 
be gained from the model compared to the statistical data previously 
available? How big is the difference?

• How accurate is the model and what uncertainties is it subject to? 
What are the resulting implications for the use of the data?

• Is the data publicly available in Germany sufficient enough to gain 
satisfactory results with dasymetric spatio-temporal population 
modelling approaches

2. Model

The model's framework is structured into four steps (Fig. 1).
Step ① divides the data preprocessing into three sub-steps. First, 

activity profiles for seven population subgroups (e.g., Children, Fulltime 
Workers) are designed, based on an extensive mobility study. After-
wards, the population of the area investigated is grouped into these 
subgroups, based on socio-demographic geodata. Finally, all buildings 
of the study area are assigned to one of 50 building types, based on size, 
usage type, and expected population density.

Step ② uses the refined population data and building information to 
generate a base residence map that calculates how many people of each 
group live in each building. It also serves as the starting point for 
modelling.

Step ③ divides the time-dependent assignment of population to 
buildings into three sub-steps. First, the base residence map is divided 
into hexagonal calculation units to reduce calculation time. All under-
lying information is aggregated from building to hexagon level. This is 
followed by a looped mobility modelling approach that moves fine-
grained population shares of each subgroup between the hexagons 
based on daytime, travel distance, as well as number and type of con-
ducted activities. Afterwards, the new population counts per hexagon 
are disaggregated back down to building level.

Step ④ includes commuters coming from outside the city area. 
The model is programmed with R Studio on R 4.5.1 as a case study 

independent code framework, which is transferable to major German 
cities.

2.1. Step ①: data preprocessing

The city of Cologne, Germany, serves as a case study and testing 
ground for the model development. A strong focus is kept on main-
taining the transferability to other cities. We therefore limit the data 
needed for our approach to basic datasets available to all German au-
thorities according to Germany's National Geoinformation Strategy 2.0 
(GDI-DE, 2025). This also means that the used data follows the EU 
INSPIRE Directive (European Commission, 2025), which simplifies a

P. Priesmeier et al. Computers, Environment and Urban Systems 127 (2026) 102419 

3 



possible future transfer of the approach to cities outside of Germany. It 
has to be noted that the data is not available publicly for every city, due 
to different data policies in Germanies 16 federal states, but it is avail-
able and can be requested via the responsible authorities.

2.1.1. Development of activity profiles
Activity profiles summarize the daily behavior of urban populations 

and thus allow population groups to be assigned to specific mobility 
patterns. Information about the mobility behavior of Germany's popu-
lation stems from the “Mobilität in Deutschland (MiD)” study (Follmer, 
2025) with over 420,000 participants. It includes a detailed multi-step 
procedure where participants monitor their mobility behavior on a 
randomly assigned day (Follmer, 2025). Considerable effort was made 
to minimize potential bias and ensure that the results were representa-
tive. Various collection methods (online, telephone, postal) were used, 
missing values were imputed, and the data were comprehensively 
weighted to compensate for deviations between the extensive sample 
and the actual population structure. Our approach is based on these 
latest and corrected results from 2023, which allow us to create detailed 
activity profiles for population subgroups as well as distance patterns for 
trips to daily activities.

The study provides the total number of trips taken for seven sub-
groups (children, pupils, students, fulltime workers, parttime workers, 
jobless, and retired). All trips are divided by the activity the trip is taken 
to and by the travel distance (0–0.5 km, 1 km, 2 km, 5 km, 10 km, 20 km, 
50 km, 100 km and above) and the arrival time interval (5 am – 8 am, 10 
am, 1 pm, 4 pm, 7 pm, 10 pm, 5 am). It further provides side informa-
tion, like the share of a subgroup that takes a certain number of trips per 
day. The latter allows us to include the amount of activity specifically for 
each subgroup, by calculating the percentage of people staying at home 
(no activity) or pursuing one or two activities per day. In terms of the 
activities themselves, we distinguish between four main and six

secondary activities (Table 1). Being at daycare, school, university, or 
work are the main activities that children, pupils, students, or full- and 
parttime workers pursue on a standard working day, if they do not stay 
at home. Secondary activities are shopping, private errands, visiting 
friends, leisure-general, leisure-sport, and leisure-going out, which are 
conducted as the second activity during a day. For the activity profiles of 
jobless and retired, the main activities are the same as the secondary 
activities (Table 1). This allows us to determine which share of a sub-
group stays at home or pursues a main activity or a main activity fol-
lowed by one or more secondary activities for a standard working day 
(Tables A1–A7).

We use the distribution of trips by time, which is available in the 
survey for each subgroup, to break down the previously calculated 
shares. For this, we calculate at what time which share of a subgroup 
arrives at an activity. The MiD study also provides numbers on trips 
taken to go home, which we use to calculate the share of people leaving

Fig. 1. Framework of the spatio-temporal population model. The numbers link to the following chapters.

Table 1
Possible activities per activity profile.

Population
subgroup

Main activity Secondary activity

Children Daycare Shopping, private errands,
visiting friends, leisure-general,
leisure-sport and leisure-going 
out

Pupils School
Students University
Fulltime
workers

Work

Parttime
workers

Work

Jobless Shopping, private errands,
visiting friends, leisure-general,
leisure-sport, and leisure-going 
out

Retired
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their main activity to go back to their residence. For the six secondary 
activities, like shopping or private errands, we combine information 
from 30 sub-activities. These secondary activities are usually shorter 
than the time intervals of two to three hours in our model. Thus, we 
assume that people arriving at a secondary activity also leave again 
during the same time interval. The whole process enables us to calculate 
which percentage of a subgroup pursues which activity at what time of 
day, resulting in activity profiles providing the percentage of people that 
are “at home”, “arrive to” or “leave from” a certain activity per time 
interval (Tables A8–A14). Table 2 provides a summary of the activity 
profile for the subgroup “Fulltime Worker”, where the secondary ac-
tivities have been combined for better visualization. Fig. 2 displays the 
percentage of people pursuing main and secondary activities throughout 
the day. These relative activity profiles build the foundation for the fine-
grained population distribution in the next steps.

After integrating the number of daily activities and the temporal 
component, we add the spatial component, through which we assign the 
previously calculated subgroup shares to specific locations. The MiD 
study allows us to determine the distance people travel to a specific 
activity at certain times. This is later used to narrow down the buildings 
people travel to. This information is combined into time-dependent 
distance profiles for each activity (Table 3). We only use distances up 
to 50 km, since distances up to 100 km and more only make up 3% of all 
trips and would result in quadruple calculation time. Since the model 
calculates distances in a straight line, but the MiD values come as the 
actual road-bound travel distance, we reduce the distances by 28%. This 
value was derived manually by plotting isochrones for all distances from 

the center of Cologne city based on the local road network and 
measuring the distances from the center to ten random points on each 
isochrone's edge. On average, the traveled distance via road was 28% 

less than the straight line (Table 3). We further combine the distances 
0.5 km and 1 km since both are smaller than our later implemented 
hexagonal spatial calculation units with 1 km diameter (2.3. Step ③: 
Spatio-temporal population distribution). The distance profiles are later 
used to define where people move from their homes for certain activ-
ities. The activity profiles thus contain the information for each sub-
group as to which proportion of these people pursue which activity at 
which time of day, and where (in relation to their starting point) they 
travel to do so (Tables A15–A19).

2.1.2. Socio-demographic information
Socio-demographic information is used to group the city's population 

into the seven subgroups. For Cologne, the “Statistical Data Catalogue 
Cologne” (SDC) (City of Cologne, 2024c) provides detailed socio-
demographic information like age composition, number of pupils, or 
number of socially insured workers at the level of the 570 districts. One 
district is a sub-district unit and encloses the area of 1000 to 3000 people 
with a homogenous demographic structure (City of Cologne, 2024c). We 
calculate the number of people per subgroup on the district level by 
combining the SDC and general German statistical information 
(Table 4). All people till the age of six are assigned to the subgroup of 
children. The number of pupils per district is directly available in the 
SDC. For the students, we take 26% of the 18–24 age group, which is the 
average share of students according to the Federal Statistical Office of 
Germany (2024). For 2023, this method leads to an overestimation of 
1.8% of the actual student numbers for Cologne (City of Cologne, 
2024a). The number of fulltime workers is calculated by the number of 
socially insured workers (City of Cologne, 2024b) with an addition of 
25%, which represents the privately insured workers (City of Cologne, 
2018). These values are difficult to verify, since the latest statistics for 
the privately insured workers date back to 2016. In comparison with a 
number extrapolated from unemployment statistics, we reach 92% of 
the total workers living in Cologne (Federal Empolyment Agency of 
Germany, 2024). Parttime workers account for 25% (City of Cologne, 
2024a) of the socially insured workers, but since these number includes 
the 63% of the students, who work while studying (Kroher et al., 2023), 
they are subtracted to not be counted twice. The jobless subgroup con-
sists of unemployed people who are recorded in the statistics of the labor 
agency, plus people who are not working but do not appear in the un-
employment statistics (e.g., houseman/woman), which we calculate 
with 2.5% of the total population (Wipperman, 2016). To calculate the 
number of retired people per district, we use the number of people older 
than 64, from which 9%, who are still working, according to the Federal 
Statistical Office of Germany (2023), are deducted.

2.1.3. Building information
Buildings are the spatial foundation of the model and function as 

dispensing, receiving, and collecting units for the mobile population. 
They are assigned activity-dependent building types and weightings in 
order to facilitate this distribution. To estimate the residential popula-
tion as well as the day-time dependent inflow and outflow of each 
building, information such as usage type, floor area, and number of 
floors is required. We use information from the “Amtliches Liege-
nschaftskatasterinformationssystem (ALKIS)” (Official property 
cadaster information system) (Cologne District Government, 2025), 
which includes all buildings in Germany and is either available publicly 
or upon request. ALKIS provides the footprint and floor number for 
every building and assigns it to one of 235 usage categories, which 
include a standardized name and a description of what the building is 
used for. We use this to filter out buildings below 25 m 2 and irrelevant 
categories like stairs or garages.

The number of people that will be assigned to a building depends on 
the size of the building and on its type of use. We differentiate this via 50 
building activity types, which are developed in three seps. First, we 
group the ALKIS building categories into twelve building activities 
(Table 5) that match the previously developed activity profiles (e.g., 
Work, Residential). Secondly, we assign density weights based on the 
number of people expected in a building, since buildings might be 
occupied by a different number of people, even if they have the same 
activity type assigned. As an example, for the activity “work”, an office 
building has a higher density of workers per square meter than a factory 
building or a power plant. This occupation density weight allows us to 
create building types that differentiate between population density in 
buildings within the same building activity (e.g., Work25, Work100, 
Residential30, Residential60). The height of the weights themselves is 
based on the description of the 235 building categories from the ALKIS

Table 2
Extract of the “Fulltime Worker” activity profile.

Fulltime worker

Time
interval

Being at 
home

Main activity “work” Summary of all secondary 
activities

Arrival at 
work

Leave
work

Arrival at 
second

Leave
secondary

5 am–8 
am

46.61% +51.30% − 1.80% +2.09% − 1.27%

8 am–10 
am

23.05% +22.50% − 3.60% +6.75% − 2.09%

10 am–1 
pm

17.27% +5.40% − 8.10% +15.23% − 6.75%

1 pm–4 
pm

29.34% +5.40% − 17.10% +14.86% − 15.23%

4 pm–7 
pm

55.64% +1.80% − 36.00% +22.76% − 14.86%

7 pm–10 
pm

84.66% +1.80% − 17.10% +9.04% − 22.76%

10 pm–5 
am 

96.93% +1.80% − 6.30% +1.27% − 9.04%

Sum 

times
*+90.00% *− 90.00% *+72.00% *− 72.00%

* 10% of the “Fulltime Workers” stay at home, e.g., due to vacation or illness; 
72% conduct a secondary activity on top of their main activity.
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dataset. In unclear cases, aerial imagery from Google Maps is used to 
gain a better understanding of the buildings belonging to the respective 
type. In the third step, we develop dual activity types, since most 
buildings are used for more than one activity. E.g., residential buildings

with a store on the first floor or elderly homes, where people live and 
work at the same time. For ALKIS categories that suggest double use, 
existing building activities are combined (e.g., Residential30_Work100, 
Work87.5_Private25). It is important to note that the weights only count 
within the same activity (e.g., Work) and not across activities. This 
approach results in 50 different building activity types that cover the 
235 building categories from ALKIS (Table A20).

For the activity of “shopping”, the locations of supermarkets and 
shops are needed. ALKIS does not provide this information for dual ac-
tivity buildings, so we use points of interest from Open Street Map

Fig. 2. Share of people attending a certain activity during a standard working day per subgroup.

Table 3
Distance profile for the activity “Work”.

Time Distances* Sum

0.36
km

1.44
km

3.6
km

7.2
km

14.4
km

>36
km

5 am–8 
am

7% 7% 19% 21% 25% 21% 100%

8 am–10 
am

8% 9% 20% 21% 22% 20% 100%

10 am–1 
pm

18% 11% 23% 18% 17% 13% 100%

1 pm–4 
pm

21% 12% 23% 19% 15% 10% 100%

4 pm–7 
pm

19% 13% 21% 19% 17% 11% 100%

7 pm–10 
pm

10% 8% 22% 19% 22% 19% 100%

10 pm–5 
am

9% 9% 19% 20% 26% 17% 100%

* Original distances reduced by 28% to convert them from road-bound travel 
distances to straight-line distances.

Table 4
Conversion of socio-demographic data from the city of Cologne to the model 
subgroups based on the MiD study.

Subgroup Calculation

Children Number of 0 to 6-year-olds
Pupils Number of pupils by place of residence * 0.645
Students Number of 18–24 years old * 0.26
Fulltime Number of socially insured workers * 1.25 - socially insured workers * 

0.25
Parttime Number of socially insured workers * 0.25 – number of students * 0.63 
Jobless Number of unemployed +0.025 * total number of people
Retired Number of over 64 years old * 0.91%

Table 5
Building activity types, which are used to generate building type combinations.

Building
activity

Description Examples building categories

Residential/At 
home 

Places where people live Residential house, apartment 
building

Daycare Kindergarten or pre-school 
daycare

Kindergarten, daycare center

School All types of schools, 1st – 13th 
grade

Elementary School, vocational 
school

University Public and private Universities University, college, private 
universities

Work Places where people work Office building, factory 
Shopping Supermarkets and other shops Supermarket, shoe shop, 

clothing Store
Private errands Places for private errands Doctor, insurance, post, 

hospital
Leisure-general Places to carry out hobbies and 

cultural activities (not sports) 
Theatre, opera, museum, 
amusement park

Leisure-going 
out 

Places for going out or eating Bar, restaurant, casino

Leisure-sports Places for sports Gym, Swimming pool, soccer 
field

Leisure-visiting 
friends

No own designated building 
type, instead residential is 
used

Residential house, apartment 
building

Empty Places that are mostly 
unoccupied during a standard 
workday

Car park, reactor building, 
church, transformer station, 
Stable
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(OSM) (OpenStreetMap Contributors, 2025) instead. The OSM locations 
of supermarkets and shops are used to assign shopping weights to 
respective buildings. Since OSM data is not always reliable, only 
buildings with an ALKIS building category that matches commercial use 
are updated. A similar problem exists with day-care centers for children. 
Here, we use a list of day-care centers from the City of Cologne (City of 
Cologne, 2022), which are geocoded via their addresses in ArcGIS Pro. 
The locations are assigned to the closest matching building type, which 
is then upgraded with a daycare share.

The final building dataset (Tables 6 and 7) provides for each building 
the height and footprint-based usage area, as well as the building type 
consisting of up to two different usage types, which are weighted ac-
cording to the number of people expected to pursue the respective ac-
tivity. This allows us to calculate distribution variables (building area * 
number of floors * activity weight; detailed version in Appendix B), 
which function as elaborated weights to later assign the right share of 
people to the right buildings (Table 7).

2.2. Step ②: base residence dataset

The base residence dataset serves as the starting point for the pop-
ulation modelling. It shows the number of people of each subgroup 
living in the city's residential buildings. For this purpose, the subgroup 
counts at the district level are dasymetrically disaggregated to buildings 
with a residential share, by setting the residential distribution variable 
(building area * floor number * residential weight) per building in 
relation to the variable's sum per district. This allows a detailed allo-
cation of the subgroups throughout the whole city based on the under-
lying socio-demographic structures and urban fabric.

2.3. Step ③: spatio-temporal population distribution

In order to map the time-dependent location of citizens, the model 
calculates which people pursue which activities at what place and at 
what time. For this purpose, we implement a hexagon tessellation of the 
city area to distribute the population between hexagons based on their 
activity profile (Table 1), the activity-associated time intervals (Table 2), 
the distance profiles (Table 3), and the building information (Tables 6 
and 7).

2.3.1. Hexagon tessellation and data aggregation
Hexagons are used as spatial data containers that aggregate the data

of the underlying buildings. This intermediate step is necessary, since 
modelling the population movement between single houses would result 
in an unfeasible calculation effort (The city of Cologne alone consists of 
over 225,000 buildings). The hexagons were created with a short 
diameter of 1 km (0.87 km 2 ) using the tool “Generate Tesselation” in 
ArcGIS Pro 3.6.1. The size is adjustable, but 1 km provides a good 
tradeoff between accuracy and calculation time. Test runs with 1.5 km 

(1.95 km 2 ) and 0.75 km (0.49 km 2 ) hexagons, lead to half, respectively, 
five times the computation time of 2 h necessary for the 1 km run. In 
comparison with the mobile phone location data, which we use as a 
ground truth validation dataset in chapter 3.2.4. Comparison of results 
with mobile phone location data”, 1.5 km hexagons lead to a mean 
absolute percentage error (MAPE) increase of 2%, while 0.75 km 

hexagons lead to a MAPE decrease of 1%. Compared on building level, 
the 0.75 km version results in 5,5%, the 1.5 km version in 5,7% MAPE 
per building through all time intervals.

We choose hexagons since they form near circular patterns and 
provide a more even and symmetric base for measuring distances in a 
circular way, and minimize ambiguity in defining the nearest next units 
from a center point, compared to common square grids (Birch et al., 
2007; Pittore et al., 2023). All underlying building and population in-
formation (e.g., sum of people per subgroup living in a hexagon, sum of 
distribution variables per building activity type) is aggregated to hexa-
gon level (Fig. 3). This reaggregation from districts to buildings to 
hexagons ensures that the underlying socio-demographic and urban 
fabric is preserved and that the later re-disaggregation to building level 
stays feasible.

2.3.2. Activity informed population distribution
Once all building and population information from the base resi-

dence dataset is aggregated to hexagon level, the model calculates for 
each hexagon the outgoing population, their respective target hexagon, 
and the population flowing into the hexagon from other hexagons. The 
formulas for this process are available in Appendix B. In detail, this 
process works as follows, exemplified in one repetition cycle for one 
hexagon: First, a subgroup, a time interval, a distance, and a main or 
secondary activity are selected. The aggregated values from the base 
residence dataset now allow us to calculate the number of people who 
leave (or come back to) the hexagon for the defined combination of time, 
activity, and travel distance. The travel distance is then used to identify 
possible target hexagons, which are located in the right range. Then, the 
people are assigned to these hexagons based on their share of buildings 
fitting for the selected activity (via the previously calculated distribution 
variable derived from building activity type, area, floor number, and 
weight).

For the exemplary hexagon depicted in Fig. 4, we can identify 260 
fulltime-workers (subgroup), who leave work (main activity) between 1 
and 4 pm (time interval) and have a straight-line travel distance to their 
homes between 1.44 km to 3.6 km (distance). The 260 workers are now 

divided between all hexagons in the respective distance from the start-
ing hexagon, while hexagons with more residential living space get more 
people assigned. The amount of living space is based on the sum of the 
residential distribution variables of all buildings in the respective 
hexagon.

The process described is repeated for all hexagons, for the seven 
subgroups and with their main and secondary activity, the seven time 
intervals, and the seven distances, resulting in ca. 1.18 million calcu-
lation steps. This allows for a precise distribution of small groups of 
people between hexagons, which have the same daily behavior. The 
results cover an area of 36 km around Cologne. For each hexagon, the 
sent and the received number of people are recorded per subgroup, 
activity, time interval, and distance. The numbers collected are 
consecutively disaggregated back to building level based on the distri-
bution variables and (dual) building types. This ensures that large 
buildings with high activity weighting and therefore high distribution 
variable values get more people allocated and removed than smaller

Table 6
Extract from the final building dataset attribute table.

No. Story Base 
area

Usage
area

ALKIS
category
(translated)

Type

1 12 350 
m 2

4200 
m 2

Office
building

Work100

2 1 61 m 2 61 m 2 Refugee
center

Residential100

3 2 109 
m 2 

218 m 2 Residential 
building 

Residential70

4 4 101 
m 2

404 m 2 Residential 
building with 
commerce 
and services 

(updated via OSM POIs) 
Residential50_Shopping25

5 4 91 m 2 364 m 2 Residential 
building with 
commerce 
and services 

Residential50_Work25

6 3 1179 
m 2 

3537 
m 2 

Museum LeisureGeneral100

7 5 438 
m 2 

2190 
m 2 

Insurance Work90_Private25

8 4 4927 
m 2

19,708 
m 2

Hospital Work50_Private50
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buildings with a low weight. The assigned people are then totaled per 
building, whereby the subgroups are retained.

2.4. Step ④: inclusion of incoming commuters

Commuters make up a large proportion of the full- and parttime 
workers in German cities. The Pendleratlas provides detailed numbers of 
commuters in and outflow for German municipalities (IT.NRW, 2024b). 
402,476 people work and live in Cologne. An additional 362,259 people 
commute daily to Cologne, and another 172,509 leave the city to work 
(IT.NRW, 2024a). The outgoing commuters are already represented by 
the model. With 159,852, our modelling matches the figure of the

Pendleratlas by 93%. Commuters who come from outside and do not 
have a residence in the city are modelled separately. The number of 
incoming commuters is divided into 71% fulltime and 29% parttime 
workers (IT.NRW, 2024a). Afterwards, the activity profiles for fulltime 
and parttime workers are used to calculate how many commuters enter 
and leave the city at the different time intervals to work. These are then 
disaggregated to hexagon and building level via the work distribution 
variables (Table 7) of work buildings. This allows us to generate the 
same data structures and results as for the other subgroups, so that the 
commuters can be integrated seamlessly into the final model end 
product.

Table 7
Continuation of the previous extract from the final building dataset attribute table.

No. Usage area Type Residential weight Work weight Resid. distribution variable Work distribution variable

1 4200 m 2 Work100 0 1.0 0 4200
2 61 m 2 Residential100 1.0 0 61 0
3 218 m 2 Residential70 0.7 0 152,6 0
4 404 m 2 Residential50_Shopping25 0.5 0 202 0
5 364 m 2 Residential50_Work25 0.5 0.25 182 91
6 3537 m 2 Leisure General100 0 0 0 0
7 2190 m 2 Work90_Private25 0 0.9 0 1971
8 19,708m 2 Work50_Private50 0 0.5 0 9854

Fig. 3. Spatial level comparison for “total number of people”. a) Statistical district with socio-demographic information b) Base residence dataset with population 
disaggregated to residential buildings c) Hexagon with aggregated building information.

Fig. 4. Visualization of one distribution step for fulltime workers leaving work to return home. Exemplary scenario: 2400 fulltime workers work in the middle 
hexagon – between 1 pm – 4 pm, 260 of them travel between 1.44 km and 3.6 km (respectively 2 km and 5 km on nonlinear roads) to return home and get dis-
aggregated depending on the hexagon's amount of residential space (represented by the residential distribution variable derived from the buildings' weights).
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3. Results

The model results provide detailed information on the time-
dependent location of the target city's population on several levels. On 
the spatial level, results are calculated on building, district, and hexagon 
level. For each of these levels, the information can be distinguished 
between the seven time intervals, the seven subgroups, the eleven ac-
tivities, and combinations thereof. The following chapter compares the 
spatio-temporal results of our model to the static data that was available 
before. This allows us to understand the improvements made by our 
results. Subsequently, several validation strategies are illustrated to 
narrow down the strengths and weaknesses of the approach.

A secondary objective during the development of the model was to 
minimize computational effort. Using the hexagonal spatial calculation 
units greatly reduces the calculation time required. The city of Cologne 
has over 225,000 buildings and is divided into 438 hexagons, resulting 
in 1.18 million calculated trips at an overall calculation time of ca. 2 h 
on a mid-tier computer.

3.1. Dynamic results in comparison to static maps

The visualization of the new data generated by our model shows 
significant differences from the previously available static maps. The 
static maps used as a comparison in the following figures are based on 
the SDC of Cologne dataset. It is available at district level, represents the 
highest resolution socio-demographic dataset publicly available for 
Cologne, and is comparable to similar datasets available for other cities. 
To ensure comparability with our results, the SDC population data is 
disaggregated to residential buildings for the building level based on 
floor area and story number. They are also re-aggregated to the hexagon 
level in line with our approach. These datasets represent the data status 
that was previously achievable before our model. Fig. 5 provides an 
overview of the result figure extents, a zoom-in on the city center of 
Cologne, and the main activity types, as well as the overall share of

square meters of each main activity type.
Fig. 6 shows the total number of people per hexagon without 

dividing by subgroups. This population density visualization shows that 
the static map is nearly equal to the modelled nighttime population, 
where most people are in the residential areas around the city center. 
Since most people are at home at night, this is consistent with the static 
map, which is based on official population registration data. During the 
day, however, our model uncovers different patterns. People leave the 
residential areas and move into the city center and towards outsourced 
work and industrial areas, which is in accordance with previous findings 
(Batista E Silva et al., 2020; Liu et al., 2018; Liu et al., 2021; Ma et al., 
2017; Qi et al., 2015; Yoongsomporn et al., 2025).

The largest difference occurs between night or, respectively, the 
static version and midday in the city center, where the central hexagon 
of the modelling shows more than five times as many people as could be 
derived from the static data. But also, the main residential areas east and 
south-west of the city center show a great change in the number of 
present people by losing about half of their population (Fig. 7).

Fig. 8 shows the total number of people per building for the city 
center of Cologne without dividing it by subgroups. The spatially and 
temporally more fine-grained information that our model provides is 
particularly evident at the building level. The figure illustrates how 

buildings in the city center fill up over the course of the day with people 
going to work, shopping, or on private errands. Simultaneously, the 
smaller residential buildings empty steadily until the process reverses in 
the afternoon.

Table 8 provides an exemplary overview of the change in building 
population for different building types between nighttime and the static 
version compared to the afternoon, where the greatest differences occur. 
It has to be noted that people are only counted at the place of their 
respective activity. Traveling between two locations is not included. 
Overall, huge single buildings with a specialized usage type like sports 
arenas, train stations, or concert halls remain difficult to model 
adequately (Fig. 9).

Fig. 5. Case study overview. a) City of Cologne with district and hexagon shapes; b) Section of Cologne city center with buildings color-coded by their main activity; 
c) Proportion of building area per building activity in Cologne.
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In contrast to many other spatio-temporal population models, our 
approach also distinguishes between seven population subgroups. This 
allows us to analyze the movement of specific social groups, such as 
more vulnerable groups of children and retired people. Fig. 10 shows the 
differences between static and dynamic data for total population, chil-
dren, fulltime workers, and retired people. According to our model, 
children are focused on areas with more daycare centers, rather than 
residential areas like the static version suggests. This fits with the MiD 
information that most children are not at home during the first half of 
the day. While very few children are located in the city center during the 
day, it seems to be one of the focus points for the elderly population. The 
movement of this subgroup is influenced by shopping facilities and 
private errands such as doctors or hospitals, as well as the location of 
retirement homes. Full-time workers are strongly clustered during the 
day, with industrial parks, commercial areas (top left corner), industrial 
ports (top center), or the city center being particularly noticeable. The 
breakdown by subgroups shows the partially substantial differences in 
movement patterns between them. It also uncovers initially unintuitive

distributions, e.g., a substantial number of children in industrial and 
commercial areas, which is due to the fact that large companies some-
times have their own daycare centers. Such information can be vital, 
especially when it comes to the protection of vulnerable groups, and 
shows that a separate consideration of population groups is essential. It 
also underlines that population-based analyses, which are solely based 
on static data, can be subject to severe over- or underestimation over the 
course of a day.

3.2. Validation

The validation of spatio-temporal population models is challenging, 
as usually no suitable comparative data is available. Nevertheless, an 
analysis of the uncertainties is essential, especially for approaches that 
are not based on population movement measurements derived directly 
from reality (e.g., mobile phone locations). We first assess the base 
residence dataset created as input data in Step ② for its correlation with 
static population data on building level to evaluate the disaggregation

Fig. 6. Number of people per hexagon. a) - g) show the time-dependent model results; h) shows the previously available, static data, aggregated to hexagon level.

Fig. 7. Comparison of dynamic and static results on hexagon level. Absolute difference (c) per hexagon for the modelled midday result (a) and the previously existing 
static data version (b); (d) shows the most common building type per hexagon.
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method. Afterwards, we compare our model results with three fully in-
dependent datasets. First, the EU-wide available ENACT-POP (Schiavina 
et al., 2020) spatio-temporal population dataset published by the Joint 
Research Centre of the European Commission (Batista E Silva et al., 
2020), followed by a comparison with an extensive emergency call 
dispatch dataset from Cologne. Finally, we compare our results to an 
hourly mobile phone location dataset for the city of Cologne.

3.2.1. Comparison of base residence dataset with high-resolution census 
The base residence dataset (2.1. Step ①: Data preprocessing) is 

compared to a high-resolution population dataset, provided by the Of-
fice for Statistics of the City of Cologne. It includes the number of people 
registered for each residential building in Cologne, divided by de-
mographic metrics. Comparability is hampered by the fact that some 
addresses have more than one building assigned. Our model allocates 
the associated people to all these buildings, whereas people in the 
validation dataset are only allocated to one building. We only compare 
those buildings that have people assigned in both datasets, which ac-
counts for 80% of all residential buildings. This means that our results 
are constantly lower than the validation data, with a mean relative 
percentage error of 33%. The person correlation of 0.85 nevertheless 
shows a strong correlation with reality, and an R-squared value of 0.73 
shows a high variation explanation. This proves that the methodology 
for creating the base residence dataset is suitable for preparing the 
model's base data.

3.2.2. Comparison of results with European day and night population 
dataset

For ENACT-POP, population counts from official census statistics are 
grouped into 16 population groups to estimate sub-national monthly 
and day- and nighttime population stocks for EU member states. These 
are dasymetrically disaggregated based on land use and points of in-
terest, resulting in a 1 km raster dataset, which provides monthly pop-
ulation counts for day and night based on data from 2011 (Batista E Silva 
et al., 2020). We chose the May dataset because this is an average month 
without holidays in Germany. We aggregate our 10 am - 1 pm (daytime), 
10 pm - 5 am (nighttime) and the static data from building level to the 1

Fig. 8. Number of people per building. a) - g) show the time-dependent model results; h) shows the previously available, static data, aggregated to building level.

Table 8
Detailed values per building.

No. Building type Category No. of people in building

10
pm–5
am

10
am–1
pm

Static

1 Residential70 Residential 
building 

20 8 16

2 Residential50_Work25 Residential 
building with 
commerce 

9 4 8

3 Shopping100 Shopping center 0 618 0
4 Work87.5_Private25 Credit institute 0 168 0
5 Work62.5 Office building 0 734 0
6 Daycare100 Daycare for kids 0 43 0
7 School100 School 0 132 0

Fig. 9. Locations of buildings from Table 8.
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km ENACT-POP grid to compare both datasets and calculate the mean 
absolute error (MAE), the mean absolute percentage error (MAPE), 
Pearson correlation, and a linear regression analysis. Since some cells 
yield strong MAPE outliers due to empty cells, we cut off the highest 
10% of the MAPE values, which accounts for less than 1% of the pop-
ulation. While at nighttime the our model reaches just slightly better 
results, we reach an overall 15% lower MAPE and higher correlation 
metrics during the day (Table 9), from which we conclude that our 
model offers an improved estimation of urban population mobility 
during the daytime.

3.2.3. Comparison of results with emergency calls
In the second validation approach, we use a different and fully in-

dependent dataset of emergency call locations from the fire department 
of Cologne. The dataset covers all dispatches of ambulance and fire 
service vehicles in Cologne for the years 2020, 2021, and 2023 (2022 
had to be excluded due to corrupt location information). Per dispatch, 
the arrival time and emergency location are provided. This results in a 
spatio-temporal dataset of half a million points. We assume that, while 
emergency calls can certainly not fully explain daily population move-
ments, those areas where many people are present should generate more 
emergency calls. A high correlation between emergencies and predicted 
number of present citizens would therefore point towards strong model 
accuracy. We divide the calls by time intervals, filter out weekends and 
public holidays, and summarize them per district. The district level is 
used for this analysis as its area is designed to cover the living area of

between 1000 and 3000 people, which makes them better suited for the 
comparison than the hexagons, which have strong variations in the total 
number of people. We calculate the Pearson correlation and a log-
transformed linear regression analysis for the total number of people 
present per district and the number of emergencies for each time interval 
(Table 10). In comparison to the static results, our model consistently 
yields higher correlation coefficients across all time intervals, with 
values up to 0.66, while the static data features between 0.37 and 0.44 
across all time intervals. Especially during the day, when most activity 
takes place, the model results improve, while the correlation with the 
static data declines. Also, the R 2 value is consistently higher, which

Fig. 10. Comparison of the day times with the highest activity and the static version for different subgroups. a) to d) display model results, e) to h) the static version.

Table 9 
Results of Pearson correlation and linear regression analysis for the model results and the static data compared with the EU-wide available ENACT-POP day and 
nighttime dataset (Day: 10 am - 1 pm, night 10 pm - 5 am).

Time 99% of population 
90th MAPE percentile

Model results Static data

MAE MAPE Pearson R 2 MAE MAPE Pearson R 2

Day 1338 50.3% 0.86 0.74 1742 63.7% 0.75 0.57
Night 1201 59.2% 0.86 0.75 1293 63.6% 0.87 0.75

Table 10
Results of Pearson correlation and linear regression analysis for the model re-
sults and the static data compared with the number of emergency calls per city 
district.

Time Model results Static data

Pearson R 2 Pearson R 2

5 am–8 am 0.62 0.42 0.44 0.3
8 am–10 am 0.61 0.46 0.42 0.29
10 am–1 pm 0.64 0.5 0.38 0.28
1 pm–4 pm 0.64 0.53 0.36 0.3
4 pm–7 pm 0.66 0.5 0.37 0.3
7 pm–10 pm 0.61 0.44 0.41 0.32
10 pm–5 am 0.46 0.34 0.41 0.34
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suggests that the time-dependent data explains up to three times more of 
the variation in emergency calls than the static counterpart. Even 
though our model outperforms the static data by far during the day, we 
reach equally low results during the night. A possible reason might be 
that the nighttime interval covers a longer period of seven hours, so that 
variations in emergencies cannot be considered properly. In addition, 
the type of emergencies could change at night. People being less active 
might lead to emergencies occurring for more randomly distributed 
reasons, which correlate less with the present number of people (e.g., a 
fire during night might be started by an electrical fault instead of 
cooking).

3.2.4. Comparison of results with mobile phone location data
Finally, we use population estimates based on mobile phone location 

data (MPLD) (purchased from invenium.io). The dataset provides the 
number of people per hour per 500 m grid cell for weeks 3 and 24 in 
2024 in Cologne, from which we combine all working days. Based on 
mobile phone data from a company that has a 33% market share in 
Germany, it is determined how many phones are logged into each mo-
bile phone cell tower in Cologne every hour. Using triangulation, the 
numbers from the towers are disaggregated to the 500 m grid cells. A 
500 m resolution is the highest grid resolution that can be calculated 
while keeping the disaggregation inaccuracies maintainable. We 
compare the MLPD and the model results, both visually and statistically. 
While both datasets represent a derivation of reality, we treat the MLPD 
as “ground truth”, since it depicts real-world positioning data, which 
directly measures time-dependent population locations. Respective data 
limitations, necessary for the correct interpretation of the validation 
results, are covered in the following paragraphs, while the derived 
model limitations are addressed in the discussion chapter.

Fig. 11 shows a good visual consistency during day and night, with 
the distinction that the mobile phone data is more heterogeneous, with 
higher gradients between individual cells, while the model results look 
smoother. Closer examination reveals the overall spatial pattern 
changing more significantly in the model (e.g., city center), while the 
MPLD results keep a similar population pattern throughout day and 
night.

Further differences become apparent when viewed at the cell level. 
Our approach only assigns people to cells that contain buildings, while 
the MPLD results sometimes assign high values to cells that are close to 
built-up areas but are actually empty. On the other hand, the model fails 
to accurately represent night work and nightlife (Fig. 12). Special lo-
cations such as the main train station or sports arenas are also difficult to 
represent (Fig. 12). The MPLD partially has unrealistically strong cuts 
between neighboring cells, which may indicate the position of cell 
towers (Fig. 12).

Those differences lead to strong outliers with classical comparison 
metrics like the mean of the absolute errors per cell or the mean absolute 
percentage error. The highest MAPE outliers are mostly located in cells

with very low population. We therefore provide error metrics for the 
80th and 35th MAPE percentile, which shows that the best 90% 

respectively 50% of the modelled population reach MAPEs of 54% and 
24% and low MAEs, especially for midday, which we interpret as sur-
prisingly high for data originating from two fundamentally different 
methods (Table 11).

3.3. Transfer to the city of Hamburg

To prove the model's transferability, we applied it to the city of 
Hamburg, Germany's second largest city with nearly two million in-
habitants. The building and population data could be acquired via the 
geoportals of Hamburg and the neighboring federal states. Instead of 
small-scale statistical districts, we use larger city districts as the spatial 
unit for the population data in Hamburg to test the impact on the results. 
In the model, we only adjusted the calculation of the seven subgroups, 
since the socio-demographic data provided for Hamburg is slightly 
different.

Comparison with the ENACT-POP dataset and our model results for 
10 am – 1 pm show a Pearson correlation of 0.81 with an R 2 of 0.65 for 
the model, and a correlation of 0.77 with an R 2 of 0.59 for the static 
version. This is in line with the values from the model validation for 
Cologne (Table 9) and suggests a successful transfer. The slight decrease 
in correlation is likely due to the higher size and heterogeneity of the 
district-based input data of Hamburg.

This transfer to Hamburg demonstrates that our model is applicable 
to a distinct administrative entity with different municipal data portals 
and infrastructure. Since data portals of major German cities are similar 
in structure and data offers, this underlines the model's transferability to 
other cities.

4. Discussion

The main objective of this paper was to develop a model that is able 
to close the data gap for urban population maps in terms of spatio-
temporal population dynamics for German main cities. The presented 
model is able to achieve results with a high spatial and temporal reso-
lution while at the same time differentiating between socio-
demographic population groups, as well as maintaining a high trans-
ferability. Finally, sufficient validation of the results could be presented.

4.1. Discussion of results

Comparing the previously available static population maps for the 
case study of Cologne with the seven time-dependent population maps 
from our model, we are able to demonstrate that severe differences in 
the daily population distribution can be uncovered by the model's re-
sults. Taking the city center hexagon as an example, where around 4000 
people are located according to static data, while the dynamic data

Fig. 11. Visual comparison of the model results and mobile phone-based population estimations.
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reveals a peak of up to 24,000 people being actually present at the late 
morning. This proves how crucial spatio-temporal population data is for 
a wide range of applications, especially in emergency situations. The 
division into subgroups allows an even finer distinction of population 
localization. It allows us to identify subgroup-specific movement pat-
terns that cannot be derived from static data but are crucial for 
vulnerability analyses. The transfer case study of Hamburg confirms that 
our model is transferable to other cities in Germany. This is possible due 
to the model only using publicly and Germany wide available data. The 
validation with spatio-temporal population maps of an independent 
approach (Batista E Silva et al., 2020)detailed emergency call data and 
mobile phone positioning data also suggest a high degree of accuracy of 
the generated data. Overall, the validation proves a substantial 
improvement in the population representation by our dynamic data in 
comparison to static data. In comparison with the ENACT-POP dataset, 
the, to our knowledge, only other spatio-temporal data set that covers 
Germany, we can achieve higher spatial (building vs. 1 km grid) and 
temporal (two vs. seven time intervals) resolution, while implementing 
updated input data (2011 vs 2023). This underlines the improvements 
achieved by our approach and shows that the data landscape in Ger-
many is indeed comprehensive and detailed enough to serve as a basis 
for dasymetric spatio-temporal population models and yield usable 
results.

4.2. Comparison with existing spatio-temporal population models

Building upon the overview of similar models in the introduction, we 
focus on comparing the methodologies and results in this chapter. We 
choose major models, developed in the last ten years, that also follow the 
dasymetric method direction instead of using real-world positioning 
data, and are therefore methodology-wise relatable to our approach. 

The LandScanHD approach by Tuccillo et al. (2025) is designed for 
global application. It combines the bottom-up assignment of occupancy 
weights to buildings with top-down redistribution of official population 
counts. The difference between day and nighttime occupancy is based on 
the ORNL's Population Density Tables project, which uses observations 
and subject matter expertise on facility occupancy throughout the 
world, in combination with a Bayesian machine learning approach

(Stewart et al., 2016) to develop occupancy rates for 50 building types 
(Urban et al., 2023). While this approach is developed for global 
application, our localized, but rich data environment enables us to 
develop weights for 235 buildings instead, which are based on official 
building descriptions. The model further includes mobility information, 
meaning that population behavior and building location are taken into 
account, which severely improves our results.

For the ENACT-POP dataset, Batista E Silva et al. (2020) divide the 
EU population into 16 activity-related groups on country province level 
(NUTS3) for each month of the year. Consequently, various land use, 
land cover, and points of interest information are used to dasymetrically 
disaggregate the population groups to 100 m grid cells. Day and night 
differences are achieved by adding up different population classes. The 
result comprises a monthly EU-wide 1 km grid with day and night 
population for the year 2011. One difference between our approach and 
theirs is that, in order to achieve greater coverage, they work with much 
coarser input data (province vs. district), which allows our model to 
achieve greater precision at the city level. We also use mobility infor-
mation, which allows for greater temporal resolution and acts as an 
additional component in population allocation.

Our approach shares many characteristics with the spatio-temporal 
population model framework developed by Martin et al. (2015). The 
respective Population24/7 dataset (Cockings et al., 2021) provides 
population estimates for 2 am and 2 pm for a typical weekday in and out 
of termtime in the UK. Workplace statistics and census area centroids, 
specific location data (e.g., hospitals, schools), and roads are used to 
generate origin and destination containers. Activity profiles for seven 
population groups in combination with capacity curves for the desti-
nation containers are used to assign population in 15 min steps. The 
results are provided at a 200 m grid level. Unlike our approach, Popu-
lation24/7 has a flexible temporal resolution and includes the traveling 
population. By utilizing capacity values for the destinations, Popula-
tion24/7 prevents “over-assignment” to cells, which we cannot control 
in our destination buildings. Our detailed building data set and disag-
gregation method, on the other hand, allow us to make a building-level 
assignment of the starting population and arriving population, instead of 
the assignment to census area centroids. We also take into account that a 
person often performs more than one activity per day, which better re-
flects population behavior. Additionally, we managed to include 
different travel distances per activity, which was already suggested as a 
possible improvement in Martin et al. (2015).

While LandScanHD and ENACT-POP have the advantage of being 
transferable beyond the national level, our approach achieves greater 
accuracy by focusing on a data-rich region. Among other things, this 
makes it possible to include mobility information such as travel dis-
tances and the number of daily activities and precise building data, 
resulting in higher spatial and temporal resolution. Population24/7 and 
the approaches based on it (Pittore et al., 2023; Renner et al., 2018; 
Smith et al., 2016) follow the most similar approach to our model. While 
the model is limited to urban areas and does not yet include traveling 
between destinations, we manage to include more mobility information

Fig. 12. Exemplary detailed comparison of the model and mobile phone-based results.

Table 11
Comparative metrics for the model results and mobile phone-based results.

Time 90% of population 
80th MAPE percentile

50% of population 
35th MAPE percentile

MAE MAPE Pearson MAE MAPE Pearson

5 am–8 am − 183.9 0.54 0.81 − 90.9 0.24 0.91
8 am–10 am − 86.2 0.54 0.81 − 41.1 0.24 0.94
10 am–1 pm − 27.2 0.55 0.83 − 36.1 0.25 0.92
1 pm–4 pm − 13.6 0.55 0.83 − 34.1 0.24 0.94
4 pm–7 pm − 8 0.56 0.85 − 21.8 0.26 0.93
7 pm–10 pm − 42.5 0.57 0.83 − 10.9 0.26 0.92
10 pm–5 am − 116.5 0.59 0.79 − 39.6 0.27 0.91
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and a finer population assignment in our method, which is partly due to 
the improved data available today.

Table 12 provides an additional overview of the result metrics of the 
previous spatio-temporal population models. The comparison shows 
that our model can reach convincing metrics in terms of spatial and 
temporal resolution. It also underlines that a future challenge will be to 
transfer the model beyond Germany.

4.3. Limitations of the model

In this section, we discuss the remaining limitations of our model. 
While we could validate the aggregated results on the hexagon and 
district level, we are not aware of any dataset to conduct a validation on 
the building level. We receive the building-level results by dis-
aggregating the hexagon level with our distribution variable-based 
method. Since this method has been successfully validated in chapter 
3.2.1 “Comparison of base residence dataset with high-resolution 
census”, as working sufficiently, we assume that the final results are 
also credible. In addition, the data sets for validation of the final results 
were created by aggregating the building data set, which led to the 
satisfactory validation results described above. Nevertheless, even if 
most of the individual population counts per building seem realistic at 
visual inspection, we cannot provide exact uncertainty metrics, which 
have to be taken into account when using the data. Despite this, we 
decided to provide the results at the building level, since this data res-
olution allows us to aggregate the results to various spatial shapes. This 
is relevant for cases where dynamic population data needs to be com-
bined with complex geodata like hazard maps. It also helps to counter 
the modifiable aerial unit problem (Openshaw, 1984).

While the validation of the total number of people was successful at 
the district level, we are missing data to validate the seven subgroups 
independently, both at building and district level. Manual assessments 
of individual numbers, however, show credible values in most cases. The 
validation results of the total population also suggest that at least the 
subgroup of workers, which has the highest proportion of the total 
population, is correctly estimated. Nevertheless, the subgroup results 
should therefore be used with caution.

In terms of the activity profiles, our model is restricted to the in-
formation from the MiD study. This leads to restrictions, like only 
assigning one activity per person per time interval, and the assumption 
that the first activity during a day is the main activity. While this has to 
be accepted now, the model's structure allows for easy implementation 
of more detailed mobility information in the future.

Our approach does not take the traveling between locations into 
account. This can lead to underestimations in either highly traveller-
frequented locations like train stations or tourist areas, as well as main 
roads and public transport during peak hours. In highly frequented 
areas, like the inner city, this problem might be less severe, once the

results are used above the level of single buildings – e.g., if the popu-
lation counts are aggregated at the block level, which includes several 
buildings and roads, the population numbers per building compensate 
partially for the adjacent roads. However, this effect cannot be quanti-
fied due to a lack of data. In non-built-up areas, with main roads or 
public transport lines, this limitation can not be compensated at all, 
which has to be taken into account when using the result data, especially 
for disaster risk assessment. We plan to improve the model in the future 
by adding “traversing” as time dependent activity for all subgroups and 
including OpenStreetMap roads, with a type-dependent capacity, 
similar to the buildings. This would allow to estimate the traveling 
population, while still fitting in the existing model framework and 
maintaining transferability.

Our approach models a standard workday and is built on average 
statistical values. This makes it highly versatile, transferable, and usable 
with publicly available data, but results in problems for “out of the 
average” situations. Weekends and public holidays can therefore be 
represented less well by our model as long as no information about the 
changed mobility behavior is available. For the future, the inclusion of 
city-specific tourism data is planned.

We further see unrealistic model results for single, specialized 
buildings like sports arenas and event locations with irregular occu-
pancy rates, since our approach provides an average number of present 
people and cannot cover such irregular peaks. We decided against the 
use of building-specific event schedule information to maintain trans-
ferability of the model.

4.4. Future transfer to other countries

The model is developed and tested for the data-rich region of Ger-
many. Nevertheless, the approach offers potential for expansion to other 
countries. This requires similar socio-demographic data, building data, 
and mobility information, which essentially limits it to data-rich regions. 
In the following, we discuss data needs for these three domains, as well 
as potential datasets, to provide a first impression of model transfer 
opportunities and to locate upcoming difficulties that would need to be 
addressed in further research.

Socio-demographic data is usually collected in some form of census 
survey in data-rich regions. These differ from country to country or even 
city to city in terms of characteristics and spatial resolution. For our 
model, population characteristics must be distinct enough to allow the 
population to be divided into activity-related subgroups. Since this can 
be achieved in various ways, using a variety of common characteristics, 
such as age distributions, we expect this to be achievable. Spatial reso-
lution poses a greater problem. In order to obtain reliable model results 
at the building level, the input data must be of sufficiently high-
resolution for the disaggregation to remain meaningful. If this is not 
the case, an alternative approach could be to ignore the building level

Table 12
Comparison of the model output of recent spatio-temporal population datasets.

Source Model name Data year Spatial
resolution

Temporal resolution Population subdivision Area covered

Tuccillo et al. 
(2025)

LandscanHD varying 100 m grid Day/night – Global, specific countries

Batista E Silva et al. 
(2020)

ENACT-POP 2011 1 km grid Day/night – EU

Cockings et al. 
(2021)

Population 24/7 2011 200 m grid Day/night (More is possible) Seven population groups UK

Smith et al. (2016) Based on Population 
24/7

2000–2006 200 m grid Hourly Seven population groups Southampton, UK

Renner et al. (2018) Based on Population 
24/7

2015 100 m grid Hourly Residents, Workers, 
Students, Tourists

Bolzano, South Tyrol, Italy

Pittore et al. (2023) Based on Population 
24/7

2022 250 m 

hexagon
Day/night, commuting Residents, workers Bolzano, South Tyrol, Italy

This paper – 2023 Building level 8 am, 10 am, 1 pm, 4 pm, 7 pm, 
10 pm, 5 am

Seven population groups Cologne; transferable to 
German main cities
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and work on the hexagon level, whereby the level of disaggregation can 
be adjusted by the hexagon size.

On the building side, geodata on building floor space and height, as 
well as detailed building usage data, are essential. While impressive 
progress has been made in recent years in terms of data on building 
footprints and height (Pesaresi et al., 2024), most recently with the 
Global Building Atlas (Zhu et al., 2025), which provides polygons and 
height information for 2.75 trillion building polygons, there is still a lack 
of global datasets providing information on building usage. The use of 
land use (Schultz et al., 2024) data could pose an alternative, but would 
likely lead to results in lower resolution. Country-specific datasets such 
as CMAB (Zhang et al., 2025), could be a high-resolution alternative. 

In the field of mobility information, there are promising studies at 
the national level for data-rich regions, including Norway, Sweden, 
Denmark, England, and France (Gunnhild et al., 2024) and the US (U.S. 
Department of Transportation, 2022). These studies differ in terms of 
study design and methodology, which precludes direct transferability. 
However, since the aim of all these studies is to comprehensively 
describe the mobility behavior of the national population, it is reason-
able to assume that the necessary mobility metrics could also be calcu-
lated from these studies.

The model can, in principle, be transferred to all regions for which 
the appropriate data is available. The varying data availability and na-
ture of data sets in all areas make it impossible to make a universal 
statement. Instead, it must be checked individually for each region 
whether suitable data is available, which would go beyond the scope of 
this paper.

This approach is tailored to data-rich regions that collect and publish 
extensive information on population, buildings, and mobility. This 
limits the usability of the approach in data-poor regions. Nevertheless, a 
global upward trend in data collection and publication can be observed 
(Gao et al., 2023; Herfort et al., 2023), which suggests that more regions 
provide the necessary data in the future. Another advantage is the 
model's flexibility in terms of input data, as regional data with different 
building types, activity groups, or spatial resolutions (building or 
hexagon level) can be easily used with this approach. Further, the use of 
machine learning or deep learning methods in conjunction with the 
globally improving data situation (building information, land use, 
nighttime lights, census data, global population maps, OpenStreetMap 
data, etc.) could offer new opportunities (Gunkel et al., 2025; Urban 
et al., 2023; Xie et al., 2020) to estimate time-dependent population 
location based on model results from data-rich regions.

4.5. Demand for spatio-temporal population data

The differences uncovered between dynamic and static population 
data in Cologne of up to 600% inevitably raise the question of how 

reliable population-based analyses can be if they do not take the time 
component into account. Mostly in approaches, where the population is 
analyzed at a specific point in time, serious misestimations would have 
to be expected. This confirms again what previous research pointed out, 
that the temporal component plays an enormous role in population data 
(Ahola et al., 2007; Freire et al., 2013; Freire & Aubrecht, 2012; Pittore 
et al., 2017; Pittore et al., 2023; Renner et al., 2018; Smith et al., 2016). 
We therefore join the call for more dynamic population data that con-
siders a time-of-day component.

We further want to add two needs to this call. First, for approaches 
that are transferable and cover wide areas, instead of methods that 
generate data only for small areas or single cities. Second, for the 
increased public availability of such data. There are two datasets known 
to the authors so far that fulfill both criteria. The ENACT-POP dataset 
from Batista E Silva et al. (2020) provides day and night population for 
Europe on a 1 km grid, based on data from 2011, which was used to 
validate our model. The Population 24/7 model from Cockings et al. 
(2021) covers the UK and is based on 2011 data. We believe that both 
criteria have to be fulfilled to reduce the hurdle in the use of spatio-

temporal data to such an extent that it will be broadly applied. 
Positioning data-based approaches have so far been the predominant 

option to generate spatio-temporal population data, although they are 
usually expensive and might underrepresent certain population groups. 
Dasymetric approaches, which instead combine geodata with static 
demographic data and model the population mobility based on mobility 
information (e.g. surveys), need extensive amounts of heterogeneous 
high-resolution data to reach similar results, which was often chal-
lenging in the past. Our approach demonstrates that the open data 
landscape in data-rich regions like Germany is, in the meantime, suffi-
cient enough to develop dasymetric models that reach such quality 
levels that they pose a serious alternative to positioning data-based 
approaches, especially considering that they are based on publicly 
available data.

5. Conclusion

In this paper, we introduced a spatio-temporal population model for 
major cities in Germany. The model uses publicly available population 
and building data in combination with mobility survey results to 
calculate population maps for seven time intervals throughout one day. 
Each map provides the number of people, divided into seven activity-
related subgroups, per building. This advance from static to dynamic 
spatio-temporal data significantly increases the accuracy of population 
mapping. Comparisons of city districts in the city of Cologne show that 
traditional static population data underestimates population figures up 
to five times and overestimates up to two times during certain times of 
day. These findings underscore the limitations of static population data 
and show the need for the inclusion of the temporal dimension in pop-
ulation mapping, particularly in time-sensitive contexts like emergency 
management or risk analyses for sudden onset disasters. Since our re-
sults are also provided at the level of population subgroups, such as 
children or retired people, the temporal component of vulnerable groups 
can be taken into account, which makes our dataset particularly suitable 
for disaster management and risk analyses.

The model results have undergone a threefold validation procedure 
by analysing the correlation with three independent datasets. In com-
parison with the ENACT Pop dataset, which is available throughout 
Europe but has a coarser resolution, an extensive emergency call dataset, 
as well as a time-of-day-dependent dataset of mobile phone positions, 
our results show good reliability and realistic representation of spatio-
temporal reality. Especially during the daytime, our results heavily 
outperform traditional static data.

By relying exclusively on data that is available throughout all major 
German cities, our model is developed to be transferred beyond the 
initial case study of Cologne. The successful application to the city of 
Hamburg validates this adaptability.

With the high spatial and temporal resolution that could be suc-
cessfully validated, as well as the possibility of transfer to other cities, 
we conclude that the model contributes significantly to closing the gap 
in dynamic population data for Germany. An extension of the model to 
other cities and countries is planned for the future. Our approach also 
underscores the chances Germany's extensive open data landscape 
provides for population modelling. Building on such a data foundation, 
such dasymetric modelling approaches provide competitive alternatives 
to approaches that rely on often expensive positioning data like mobile 
phone locations.
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Appendix A. Data tables

Table A1
Share of daily activities for children.

Children Primary Secondary

1 + 2 Trips 38% 0%
3 + 4 Trips 36% 36%
5+ Trips 15% 30%
Total 89% 66%
Stay home (0 Trips) 11%

Table A2
Share of daily activities for pupils.

Pupils Primary Secondary

1 + 2 Trips 39% 0%
3 + 4 Trips 36% 36%
5+ Trips 16% 32%
Total 91% 68%
Stay home
(0 Trips)

9%

Table A3
Share of daily activities for students.

Students Primary Secondary

1 + 2 Trips 32% 0%
3 + 4 Trips 33% 33%
5+ Trips 22% 44%
Total 87% 77%
Stay home
(0 Trips)

13%

Table A4
Share of daily activities for fulltime.

Fulltime Primary Secondary

1 + 2 Trips 38% 0%
3 + 4 Trips 32% 32%
5+ Trips 20% 40%
Total 90% 72%
Stay home
(0 Trips)

10%
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Table A8
Activity profile for “Children”.

Children Time Home To Day 
care

From
Day
care

To
Shopping

From
Shopping

To
Private

From
Private

To
Leisure
Res

From
Leisure
Res

To
Leisure
Genrl

From
Leisure
Genrl

To
Leisure
Sport

From
Leisure
Sport

To
Leisure
OutG

From
Leisure
OutG

5 am–8 am 70.0% 29.37% 0.00% 0.32% 0.00% 0.22% 0.07% 0.09% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
8 am–10 am 12.8% 53.40% 2.67% 3.07% 0.32% 2.32% 0.22% 0.64% 0.09% 0.63% 0.00% 0.02% 0.00% 0.03% 0.00%
10 am–1 pm 14.3% 1.78% 13.35% 4.69% 3.07% 1.95% 2.32% 2.10% 0.64% 4.21% 0.63% 0.46% 0.02% 0.74% 0.03%
1 pm–4 pm 34.6% 3.56% 27.59% 3.07% 4.69% 1.95% 1.95% 3.56% 2.10% 7.05% 4.21% 0.86% 0.46% 1.38% 0.74%
4 pm–7 pm 72.1% 0.89% 35.60% 4.53% 3.07% 0.90% 1.95% 2.65% 3.56% 3.97% 7.05% 0.48% 0.86% 0.77% 1.38%
7 pm–10 pm 97.2% 0.00% 8.90% 0.32% 4.53% 0.00% 0.90% 0.18% 2.65% 0.79% 3.97% 0.08% 0.48% 0.12% 0.77%
10 pm–5 am 99.9% 0.00% 0.89% 0.00% 0.32% 0.07% 0.00% 0.00% 0.18% 0.00% 0.79% 0.00% 0.08% 0.00% 0.12%

Table A9
Activity profile for “Pupils”.

Pupils Time Home To
School

From
School

To
Shopping

From
Shopping

To
Private

From
Private

To
Leisure
Res

From
Leisure
Res

To
Leisure
Genrl

From
Leisure
Genrl

To
Leisure
Sport

From
Leisure
Sport

To
Leisure
OutG

From
Leisure
OutG

5 am–8 am 33.0% 66.43% 0.00% 0.24% 0.12% 0.06% 0.06% 0.02% 0.09% 0.07% 0.28% 0.17% 0.17% 0.00% 0.15%
8 am–10 am 13.1% 18.20% 0.91% 0.80% 0.24% 0.17% 0.06% 0.09% 0.02% 1.04% 0.07% 0.84% 0.17% 0.00% 0.00%
10 am–1 pm 15.2% 1.82% 10.01% 3.13% 0.80% 0.83% 0.17% 0.56% 0.09% 1.58% 1.04% 1.69% 0.84% 0.66% 0.00%
1 pm–4 pm 40.5% 3.64% 36.40% 4.81% 3.13% 1.22% 0.83% 0.95% 0.56% 3.20% 1.58% 3.71% 1.69% 0.95% 0.66%
4 pm–7 pm 57.3% 0.91% 28.21% 5.97% 4.81% 2.11% 1.22% 1.47% 0.95% 6.36% 3.20% 8.43% 3.71% 1.02% 0.95%
7 pm–10 pm 87.3% 0.00% 12.74% 1.98% 5.97% 1.11% 2.11% 0.90% 1.47% 2.32% 6.36% 1.86% 8.43% 0.88% 1.02%
10 pm–5 am 99.0% 0.00% 2.73% 0.12% 1.98% 0.06% 1.11% 0.09% 0.90% 0.28% 2.32% 0.17% 1.86% 0.15% 0.88%

Table A5
Share of daily activities for parttime.

Parttime Primary Secondary

1 + 2 Trips 28% 0%
3 + 4 Trips 32% 32%
5+ Trips 32% 64%
Total 92% 96%
Stay home
(0 Trips)

8%

Table A6
Share of daily activities for jobless.

Jobless Secondary I Secondary II

1 + 2 Trips 31% 0%
3 + 4 Trips 27% 27%
5+ Trips 21% 42%
Total 79% 69%
Stay home
(0 Trips)

21%

Table A7
Share of daily activities for retired.

Retired Secondary I Secondary II

1 + 2 Trips 35% 0%
3 + 4 Trips 28% 28%
5+ Trips 17% 34%
Total 80% 62%
Stay home
(0 Trips)

20%
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Table A10
Activity profile for “Students”.

Students Time Home To
University

From
University

To
Shopping

From
Shopping

To
Private

From
Private

To
Leisure
Res

From
Leisure
Res

To
Leisure
Genrl

From
Leisure
Genrl

To
Leisure
Sport

From
Leisure
Sport

To
Leisure
OutG

From
Leisure
OutG

5 am–8 am 90.9% 9.57% 0.87% 0.05% 0.28% 0.13% 0.15% 0.01% 0.72% 0.05% 0.15% 0.10% 0.10% 0.00% 0.43%
8 am–10 am 57.7% 32.19% 2.61% 1.71% 0.05% 0.32% 0.13% 0.30% 0.01% 0.36% 0.05% 0.91% 0.10% 0.11% 0.00%
10 am–1 pm 30.6% 26.97% 10.44% 6.21% 1.71% 1.22% 0.32% 2.11% 0.30% 1.19% 0.36% 2.02% 0.91% 1.09% 0.11%
1 pm–4 pm 31.5% 13.92% 17.40% 6.10% 6.21% 1.51% 1.22% 3.44% 2.11% 1.74% 1.19% 1.82% 2.02% 0.87% 1.09%
4 pm–7 pm 47.5% 4.35% 26.97% 7.13% 6.10% 2.23% 1.51% 4.76% 3.44% 2.64% 1.74% 3.44% 1.82% 1.52% 0.87%
7 pm–10 pm 73.9% 0.00% 17.40% 2.87% 7.13% 1.82% 2.23% 3.66% 4.76% 1.78% 2.64% 1.72% 3.44% 1.41% 1.52%
10 pm–5 am 97.7% 0.00% 11.31% 0.28% 2.87% 0.15% 1.82% 0.72% 3.66% 0.15% 1.78% 0.10% 1.72% 0.43% 1.41%

Table A11
Activity profile for “Fulltime Workers”.

Fulltime Time Home To
Work

From
Work

To
Shopping

From
Shopping

To
Private

From
Private

To
Leisure
Res

From
Leisure
Res

To
Leisure
Genrl

From
Leisure
Genrl

To
Leisure
Sport

From
Leisure
Sport

To
Leisure
OutG

From
Leisure
OutG

5 am–8 am 46.61% 51.30% 1.80% 0,80% 0,04% 0,23% 0,07% 0,03% 0,01% 0,16% 0,50% 0,36% 0,07% 0,00% 0,33%
8 am–10 am 23.05% 22.50% 3.60% 3,42% 0,80% 1,15% 0,23% 0,15% 0,03% 0,61% 0,16% 0,50% 0,36% 0,14% 0,00%
10 am–1 pm 17.27% 5.40% 8.10% 6,75% 3,42% 1,99% 1,15% 0,40% 0,15% 2,72% 0,61% 1,14% 0,50% 0,80% 0,14%
1 pm–4 pm 29.34% 5.40% 17.10% 5,51% 6,75% 1,75% 1,99% 0,40% 0,40% 3,55% 2,72% 1,07% 1,14% 0,66% 0,80%
4 pm–7 pm 55.64% 1.80% 36.00% 8,22% 5,51% 2,19% 1,75% 0,48% 0,40% 5,14% 3,55% 2,77% 1,07% 1,60% 0,66%
7 pm–10 pm 84.66% 1.80% 17.10% 1,89% 8,22% 0,48% 2,19% 0,15% 0,48% 2,78% 5,14% 1,28% 2,77% 1,13% 1,60%
10 pm–5 am 96.93% 1.80% 6.30% 0,04% 1,89% 0,07% 0,48% 0,01% 0,15% 0,50% 2,78% 0,07% 1,28% 0,33% 1,13%

Table A12
Activity profile for “Parttime Workers”.

Parttime Time Home To
Work

From
Work

To
Shopping

From
Shopping

To
Private

From
Private

To
Leisure
Res

From
Leisure
Res

To
Leisure
Genrl

From
Leisure
Genrl

To
Leisure
Sport

From
Leisure
Sport

To
Leisure
OutG

From
Leisure
OutG

5 am–8 am 61.0% 35.88% 0.92% 1.00% 0.00% 0.29% 0.04% 0.03% 0.03% 0.07% 0.62% 0.15% 0.08% 0.00% 0.20%
8 am–10 am 24.4% 32.20% 4.60% 5.20% 1.00% 1.80% 0.29% 0.32% 0.03% 1.04% 0.07% 0.99% 0.15% 0.15% 0.00%
10 am–1 pm 18.3% 10.12% 14.72% 9.68% 5.20% 3.02% 1.80% 0.76% 0.32% 3.96% 1.04% 1.44% 0.99% 0.80% 0.15%
1 pm–4 pm 31.8% 8.28% 23.92% 9.44% 9.68% 2.69% 3.02% 0.80% 0.76% 5.67% 3.96% 1.44% 1.44% 1.00% 0.80%
4 pm–7 pm 55.6% 2.76% 28.52% 9.24% 9.44% 2.49% 2.69% 0.64% 0.80% 6.09% 5.67% 2.20% 1.44% 1.86% 1.00%
7 pm–10 pm 86.1% 0.92% 14.72% 1.41% 9.24% 0.63% 2.49% 0.14% 0.64% 3.37% 6.09% 1.29% 2.20% 0.95% 1.86%
10 pm–5 am 96.8% 1.84% 4.60% 0.00% 1.41% 0.04% 0.63% 0.03% 0.14% 0.62% 3.37% 0.08% 1.29% 0.20% 0.95%

Table A13
Activity profile for “Jobless”.

Jobless Time Home To
Shopping

From
Shopping

To
Private

From
Private

To
Leisure
Res

From
Leisure
Res

To
Leisure
Genrl

From
Leisure
Genrl

To
Leisure
Sport

From
Leisure
Sport

To
Leisure
OutG

From
Leisure
OutG

5 am–8 am 98.2% 1.19% 0.77% 0.17% 0.10% 0.00% 0.00% 0.00% 0.09% 0.10% 0.00% 0.00% 0.04%
8 am–10 am 87.7% 7.92% 1.19% 1.12% 0.17% 0.47% 0.00% 0.23% 0.00% 0.89% 0.10% 0.11% 0.00%
10 am–1 pm 81.6% 10.92% 7.92% 2.12% 1.12% 1.10% 0.47% 0.66% 0.23% 1.09% 0.89% 0.31% 0.11%
1 pm–4 pm 83.2% 8.06% 10.92% 1.79% 2.12% 1.88% 1.10% 1.22% 0.66% 0.55% 1.09% 0.58% 0.31%
4 pm–7 pm 85.5% 5.38% 8.06% 2.11% 1.79% 1.41% 1.88% 1.74% 1.22% 0.51% 0.55% 0.82% 0.58%
7 pm–10 pm 95.8% 1.00% 5.38% 0.77% 2.11% 0.37% 1.41% 0.75% 1.74% 0.27% 0.51% 0.35% 0.82%
10 pm–5 am 98.9% 0.77% 1.00% 0.10% 0.77% 0.00% 0.37% 0.09% 0.75% 0.00% 0.27% 0.04% 0.35%
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Table A14
Activity profile for “Retired”.

Retired Time Home To Shopping From
Shopping

To Private From Private To Leisure 
Res

From Leisure 
Res

To Leisure 
Genrl

From Leisure 
Genrl

To Leisure 
Sport

From Leisure 
Sport

To Leisure 
OutG

From Leisure 
OutG

5 am–8 am 98.4% 0.82% 0.00% 0.23% 0.01% 0.08% 0.06% 0.03% 0.09% 0.16% 0.00% 0.00% 0.02%
8 am–10 am 89.9% 5.39% 0.82% 1.79% 0.23% 0.57% 0.08% 0.42% 0.03% 0.93% 0.16% 0.07% 0.00%
10 am–1 pm 78.6% 11.16% 5.39% 3.68% 1.79% 1.88% 0.57% 1.02% 0.42% 1.06% 0.93% 0.62% 0.07%
1 pm–4 pm 85.1% 5.60% 11.16% 1.80% 3.68% 2.26% 1.88% 1.30% 1.02% 0.85% 1.06% 0.42% 0.62%
4 pm–7 pm 89.1% 2.69% 5.60% 1.18% 1.80% 1.68% 2.26% 1.25% 1.30% 0.77% 0.85% 0.76% 0.42%
7 pm–10 pm 97.3% 0.29% 2.69% 0.15% 1.18% 0.44% 1.68% 0.72% 1.25% 0.24% 0.77% 0.33% 0.76%
10 pm–5 am 99.6% 0.00% 0.29% 0.01% 0.15% 0.06% 0.44% 0.09% 0.72% 0.00% 0.24% 0.02% 0.33%

Table A15
Distance profile for the activity “Education”.

Education Time to 0.36 km to 0.72 km to 1.44 km to 3.6 km to 7.2 km to 14.4 km to 36 km to 72 km over 72

5 am–8 am 4% 10% 15% 23% 22% 18% 7% 1% 0%
8 am–10 am 8% 9% 14% 23% 17% 14% 12% 3% 0%
10 am–1 pm 7% 15% 16% 23% 13% 13% 10% 2% 1%
1 pm–4 pm 10% 15% 23% 20% 13% 7% 11% 1% 0%
4 pm–7 pm 7% 6% 14% 17% 32% 10% 7% 4% 3%
7 pm–10 pm 7% 6% 14% 17% 32% 10% 7% 4% 3%
10 pm–5 am 7% 6% 14% 17% 32% 10% 7% 4% 3%

Table A16
Distance profile for the activity “Work”.

Work Time to 0.36 km to 0.72 km to 1.44 km to 3.6 km to 7.2 km to 14.4 km to 36 km to 72 km over 72

5 am–8 am 3% 5% 7% 16% 20% 24% 21% 4% 0%
8 am–10 am 4% 6% 8% 19% 20% 20% 18% 4% 1%
10 am–1 pm 7% 8% 11% 22% 21% 15% 11% 3% 2%
1 pm–4 pm 7% 10% 12% 20% 19% 18% 11% 2% 1%
4 pm–7 pm 6% 7% 10% 17% 19% 20% 14% 3% 4%
7 pm–10 pm 4% 3% 6% 12% 20% 22% 24% 6% 3%
10 pm–5 am 2% 6% 7% 19% 22% 20% 21% 2% 1%

Table A17
Distance profile for the activity “Shopping”.

Shopping Time To 0.36 km To 0.72 km To 1.44 km To 3.6 km To 7.2 km To 14.4 km To 36 km To 72 km Over 72

5 am–8 am 20% 26% 19% 22% 8% 3% 1% 0% 1%
8 am–10 am 15% 21% 21% 23% 14% 5% 1% 0% 0%
10 am–1 pm 14% 19% 19% 25% 13% 7% 3% 0% 0%
1 pm–4 pm 12% 17% 17% 24% 16% 9% 4% 1% 0%
4 pm–7 pm 15% 19% 17% 24% 13% 8% 3% 1% 0%
7 pm–10 pm 19% 23% 22% 18% 11% 5% 2% 0% 0%
10 pm–5 am 19% 23% 22% 18% 11% 5% 2% 0% 0%

Table A18
Distance profile for the activity “Private”.

Private Time to 0.36 km to 0.72 km to 1.44 km to 3.6 km to 7.2 km to 14.4 km to 36 km to 72 km over 72

5 am–8 am 11% 16% 20% 23% 14% 10% 4% 2% 0%
8 am–10 am 9% 12% 16% 26% 16% 12% 7% 1% 1%
10 am–1 pm 9% 12% 15% 24% 18% 12% 7% 2% 1%
1 pm–4 pm 8% 12% 14% 25% 17% 13% 8% 2% 1%
4 pm–7 pm 8% 13% 16% 23% 17% 12% 8% 2% 1%
7 pm–10 pm 8% 12% 17% 25% 14% 13% 7% 2% 2%
10 pm–5 am 8% 12% 14% 20% 11% 16% 9% 5% 5%
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Table A19
Distance profile for the activity “Leisure”.

Leisure Time To 0.36 km To 0.72 km To 1.44 km To 3.6 km To 7.2 km To 14.4 km To 36 km To 72 km Over 72

5 am–8 am 5% 12% 24% 32% 13% 8% 3% 1% 2%
8 am–10 am 5% 10% 15% 32% 17% 11% 6% 3% 1%
10 am–1 pm 4% 8% 12% 27% 18% 12% 10% 5% 4%
1 pm–4 pm 5% 8% 13% 28% 17% 14% 9% 3% 3%
4 pm–7 pm 5% 10% 13% 29% 18% 12% 7% 3% 3%
7 pm–10 pm 6% 12% 16% 27% 17% 11% 7% 2% 2%
10 pm–5 am 5% 15% 14% 25% 11% 11% 11% 3% 5%

Table A20
ALKIS building categories and with assigned building types.

ALKIS category ALKIS category identifier Type

Kinderkrippe_Kindergarten_Kindertagesstaette 3065 Day_Care100 
Gebaeude_zur_Freizeitgestaltung 1310 Leisure_Genrl 
Gartenhaus 1313 Leisure_Genrl 
Huette_mit_uebernachtungsmoeglichkeit 2073 Leisure_Genrl 
Huette_ohne_uebernachtungsmoeglichkeit 2082 Leisure_Genrl 
Freizeit_und_Vergnuegungsstaette 2090 Leisure_Genrl 
Kino 2092 Leisure_Genrl 
Kegel_Bowlinghalle 2093 Leisure_Genrl 
Reithalle 2728 Leisure_Genrl 
Almhuette 2732 Leisure_Genrl 
Gebaeude_fuer_kulturelle_Zwecke 3030 Leisure_Genrl 
Theater_Oper 3032 Leisure_Genrl 
Konzertgebaeude 3033 Leisure_Genrl 
Museum 3034 Leisure_Genrl 
Veranstaltungsgebaeude 3036 Leisure_Genrl 
Gemeindehaus 3044 Leisure_Genrl 
Freizeit_Vereinsheim_Dorfgemeinschafts_Buergerhaus 3062 Leisure_Genrl 
Gebaeude_fuer_Erholungszwecke 3200 Leisure_Genrl 
Gebaeude_im_Zoo 3260 Leisure_Genrl 
Aquarium_Terrarium_Voliere 3262 Leisure_Genrl 
Tierschauhaus 3263 Leisure_Genrl 
Gebaeude_im_botanischen_Garten 3270 Leisure_Genrl 
Pflanzenschauhaus 3273 Leisure_Genrl 
Gebaeude_fuer_andere_Erholungseinrichtung 3280 Leisure_Genrl 
Gebaeude_fuer_Bewirtung 2080 Leisure_OutG 
Gaststaette_Restaurant 2081 Leisure_OutG 
Festsaal 2091 Leisure_OutG 
Spielkasino 2094 Leisure_OutG 
Spielhalle 2095 Leisure_OutG 
Gebaeude_fuer_Sportzwecke 3210 Leisure_Sport 
Gebaeude_zum_Sportplatz 3212 Leisure_Sport 
Badegebaeude 3220 Leisure_Sport 
Hallenbad 3221 Leisure_Sport
Wohngebaeude_mit_Gemeinbedarf 1110 n
Ferienhaus 1311 n
Wochenendhaus 1312 n
Sonstiges_Gebaeude_fuer_Gewerbe_und_Industrie 2200 n
Betriebsgebaeude_zu_Verkehrsanlagen_allgemein 2400 n
Betriebsgebaeude_fuer_Strassenverkehr 2410 n
Wartehalle 2412 n
Stellwerk_Blockstelle 2423 n
Flugzeughalle 2431 n
Werft_Halle 2441 n
Dock_Halle 2442 n
Bootshaus 2444 n
Betriebsgebaeude_zur_Seilbahn 2450 n
Spannwerk_zur_Drahtseilbahn 2451 n
Gebaeude_zum_Parken 2460 n
Parkhaus 2461 n
Parkdeck 2462 n
Garage 2463 n
Tiefgarage 2465 n
Wasserbehaelter 2513 n
Umspannwerk 2522 n
Umformer 2523 n
Reaktorgebaeude 2527 n
Turbinenhaus 2528 n
Kesselhaus 2529 n
Gaswerk 2571 n

(continued on next page)
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Table A20 (continued )

ALKIS category ALKIS category identifier Type

Heizwerk 2580 n
Gebaeude_der_Klaeranlage 2611 n
Toilette 2612 n
Gebaeude_zur_Abfallbehandlung 2620 n
Muellbunker 2621 n
Gebaeude_zur_Muellverbrennung 2622 n
Gebaeude_der_Abfalldeponie 2623 n
Scheune 2721 n
Schuppen 2723 n
Stall 2724 n
Scheune_und_Stall 2726 n
Stall_fuer_Tiergrosshaltung 2727 n
Jagdhaus_Jagdhuette 2735 n
Treibhaus_Gewaechshaus 2740 n
Treibhaus 2741 n
Gewaechshaus_verschiebbar 2742 n
Schloss 3031 n
Burg_Festung 3038 n
Gebaeude_fuer_religioese_Zwecke 3040 n
Kirche 3041 n
Synagoge 3042 n
Kapelle 3043 n
Gotteshaus 3045 n
Moschee 3046 n
Tempel 3047 n
Kloster 3048 n
Schutzbunker 3074 n
Friedhofsgebaeude 3080 n
Trauerhalle 3081 n
Gebaeude_zum_UBahnhof 3094 n
Gebaeude_zum_SBahnhof 3095 n
Gebaeude_zum_Busbahnhof 3097 n
Empfangsgebaeude_Schifffahrt 3098 n
Schutzhuette 3281 n
Nach_Quellenlage_nicht_zu_spezifizieren 9998 n
Tankstelle 2130 Private100
Waschstrasse_Waschanlage_Waschhalle 2131 Private100
Schwesternwohnheim 1023 Residential10
Land_und_forstwirtschaftliches_Wohngebaeude 1210 Residential10
Campingplatzgebaeude 2074 Residential10
Wohn_und_Wirtschaftsgebaeude 1222 Residential10_Work25
Gebaeude_fuer_Handel_und_Dienstleistung_mit_Wohnen 2310 Residential10_Work25
Gebaeude_fuer_Gewerbe_und_Industrie_mit_Wohnen 2320 Residential10_Work25
Asylbewerberheim 3066 Residential100
Justizvollzugsanstalt 3075 Residential100_Work25
Wohn_und_Betriebsgebaeude 1131 Residential20_Work25
Heilanstalt_Pflegeanstalt_Pflegestation 3052 Residential20_Work25
Bauernhaus 1221 Residential30
Forsthaus 1223 Residential30
Wohn_und_Buerogebaeude 1122 Residential30_Work25
Land_und_forstwirtschaftliches_Wohn_und_Betriebsgebaeude 1220 Residential30_Work25
Wohnheim 1020 Residential40
Seniorenheim 1022 Residential40
Schullandheim 1025 Residential40
Gemischt_genutztes_Gebaeude_mit_Wohnen 1100 Residential40
Jugendfreizeitheim 3061 Residential40
Obdachlosenheim 3064 Residential40
Gebaeude_fuer_soziale_Zwecke 3060 Residential40_Work12.5
Gebaeude_fuer_oeffentliche_Zwecke_mit_Wohnen 3100 Residential40_Work25
Gebaeude_fuer_Beherbergung 2070 Residential50
Hotel_Motel_Pension 2071 Residential50
Jugendherberge 2072 Residential50
Seniorenfreizeitstaette 3063 Residential50_Work10
Sanatorium 3242 Residential50_Work10
Wohngebaeude_mit_Handel_und_Dienstleistungen 1120 Residential50_Work12.5
Wohn_und_Geschaeftsgebaeude 1123 Residential50_Work12.5
Wohn_und_Verwaltungsgebaeude 1121 Residential50_Work25
Wohngebaeude_mit_Gewerbe_und_Industrie 1130 Residential50_Work25
Rettungswache 3054 Residential50_Work25
Polizei 3071 Residential50_Work25
Feuerwehr 3072 Residential50_Work25
Kaserne 3073 Residential50_Work25
Gebaeude_fuer_Kurbetrieb 3240 Residential50_Work25
Wohngebaeude 1000 Residential70
Wohnhaus 1010 Residential70
Kinderheim 1021 Residential70

(continued on next page)
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Table A20 (continued )

ALKIS category ALKIS category identifier Type

Studenten_Schuelerwohnheim 1024 Residential90
Allgemein_bildende_Schule 3021 School
Berufsbildende_Schule 3022 School
Sport_Turnhalle 3211 School
Kaufhaus 2051 Shopping100
Einkaufszentrum 2052 Shopping100
Markthalle 2053 Shopping100
Laden 2054 Shopping100
Kiosk 2055 Shopping100
Gebaeude_fuer_Bildung_und_Forschung 3020 University
Hochschulgebaeude_Fachhochschule_Universityversitaet 3023 University
Buerogebaeude 2020 Work100
Kantine 2083 Work12.5
Gebaeude_fuer_Gewerbe_und_Industrie 2100 Work12.5
Fabrik 2111 Work12.5
Saegewerk 2121 Work12.5
Gebaeude_fuer_Forschungszwecke 2160 Work12.5
Strassenmeisterei 2411 Work12.5
Bahnwaerterhaus 2421 Work12.5
Betriebsgebaeude_des_Gueterbahnhofs 2424 Work12.5
Betriebsgebaeude_fuer_Schiffsverkehr 2440 Work12.5
Betriebsgebaeude_zur_Schleuse 2443 Work12.5
Land_und_forstwirtschaftliches_Betriebsgebaeude 2720 Work12.5
Wirtschaftsgebaeude 2729 Work12.5
Krematorium 3082 Work12.5
Empfangsgebaeude 3090 Work12.5
Bahnhofsgebaeude 3091 Work12.5
Flughafengebaeude 3092 Work12.5
Touristisches_Informationszentrum 3290 Work12.5
Bibliothek_Buecherei 3037 Work12.5_Private25
Apotheke 2056 Work12.5_Private75
Gebaeude_fuer_oeffentliche_Zwecke 3000 Work12.5_Private75
Post 3013 Work12.5_Private75
Gebaeude_fuer_Gesundheitswesen 3050 Work12.5_Private75
aerztehaus_Poliklinik 3053 Work12.5_Private75
Speichergebaeude 2142 Work2.5
Lokschuppen_Wagenhalle 2422 Work2.5
Fahrzeughalle 2464 Work2.5
Wasserwerk 2511 Work2.5
Pumpstation 2512 Work2.5
Elektrizitaetswerk 2521 Work2.5
Gebaeude_an_unterirdischen_Leitungen 2560 Work2.5
Gebaeude_zur_Gasversorgung 2570 Work2.5
Gebaeude_zur_Versorgungsanlage 2590 Work2.5
Pumpwerk_nicht_fuer_Wasserversorgung 2591 Work2.5
Gebaeude_zur_Abwasserbeseitigung 2610 Work2.5
Gebaeude_fuer_Land_und_Forstwirtschaft 2700 Work2.5
Gebaeude_im_Freibad 3222 Work2.5
Gebaeude_im_Stadion 3230 Work2.5
Stall_im_Zoo 3264 Work2.5
Gewaechshaus_Botanik 3272 Work2.5
Betriebsgebaeude 2112 Work25
Brauerei 2113 Work25
Brennerei 2114 Work25
Werkstatt 2120 Work25
Gebaeude_zur_Entsorgung 2600 Work25
Gebaeude_fuer_betriebliche_Sozialeinrichtung 2180 Work25_Private50
Produktionsgebaeude 2110 Work37.5
Messehalle 2060 Work5
Gebaeude_fuer_Vorratshaltung 2140 Work5
Kuehlhaus 2141 Work5
Lagerhalle_Lagerschuppen_Lagerhaus 2143 Work5
Gebaeude_fuer_Grundstoffgewinnung 2170 Work5
Bergwerk 2171 Work5
Saline 2172 Work5
Muehle 2210 Work5
Windmuehle 2211 Work5
Wassermuehle 2212 Work5
Schoepfwerk 2213 Work5
Wetterstation 2220 Work5
Betriebsgebaeude_fuer_Schienenverkehr 2420 Work5
Betriebsgebaeude_fuer_Flugverkehr 2430 Work5
Gebaeude_zur_Versorgung 2500 Work5
Gebaeude_zur_Energieversorgung 2501 Work5
Gebaeude_zur_Wasserversorgung 2510 Work5
Gebaeude_zur_Elektrizitaetsversorgung 2520 Work5

(continued on next page)
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Table A20 (continued )

ALKIS category ALKIS category identifier Type

Gebaeude_fuer_Fernmeldewesen 2540 Work5
Empfangsgebaeude_des_Zoos 3261 Work5
Empfangsgebaeude_des_botanischen_Gartens 3271 Work5
Gebaeude_fuer_Wirtschaft_oder_Gewerbe 2000 Work50
Parlament 3011 Work50
Rathaus 3012 Work50
Zollamt 3014 Work50
Botschaft_Konsulat 3016 Work50
Gebaeude_fuer_Sicherheit_und_Ordnung 3070 Work50
Gericht 3015 Work50_Private50
Krankenhaus 3051 Work50_Private50
Badegebaeude_fuer_medizinische_Zwecke 3241 Work50_Private50
Gebaeude_fuer_Handel_und_Dienstleistungen 2010 Work62.5
Geschaeftsgebaeude 2050 Work62.5
Forschungsinstitut 3024 Work62.5
Speditionsgebaeude 2150 Work7.5
Kreisverwaltung 3017 Work75
Bezirksregierung 3018 Work75
Rundfunk_Fernsehen 3035 Work75
Verwaltungsgebaeude 3010 Work87.5
Finanzamt 3019 Work87.5
Kreditinstitut 2030 Work87.5_Private25
Versicherung 2040 Work87.5_Private25

Appendix B. Formulas

Calculating the distribution variables
The activity-dependent distribution variable (v) of a building (b) is calculated individually for each activity. A building can serve as an execution 

location for up to two activities and thus be assigned two distribution variables. v is calculated from the product of the building floor area (A) and 
height (h), as well as the weighting (w), which, depending on the building type (y), represents a density of people in the building to be expected for the 
respective activity (a).

v b,y,a = A b *h b *w y,a

Calculation of time-dependent population per hexagon
Basically, the model calculates the population entering and leaving per time interval for each hexagon on the one hand, and calculates directly for 

the surrounding hexagons how many people entering and leaving these movements lead to. So a departing person is subtracted once at the start 
hexagon and added to the target hexagon (or vice versa), and thus appears twice in the calculation.

The total population (P total ) of a hexagon (H) at a given time (t) consists of the people who stay at home (P home,t,H ) and the people who leave the 
hexagon H (P out,t,H ) and the ones who come into H (P in,t,H ). These, in turn, are composed of the respective sum of the persons of all seven subgroups (g).

P total,t,H = P home,t,H + P in,t,H − P out,t,H

P home,t,H = 
∑ 

P home,g,t,H

P in,t,H = 
∑ 

P in,g,t,H

P out,t,H = 
∑ 

P out,g,t,H

The base population (P base,H ) is the population living in Hexagon H and is derived from the base residence dataset (Chapter 2.2 “Base residence 
dataset”). People from P base,H stay either at home, leave H for an activity or arrive back home from an activity (a). P base,H serves as the basis for 
calculating the mobility behavior of H.

P home,H is the share s home of P base,H that stays at home in the time interval t. The time interval t and subgroup g dependent shares are taken from 

Tables A8–A14 in Appendix A.

P home,g,t,H = P base,g,H *s home,g

The incoming P in,g,t,H and outgoing population P out,g,t,H consists of each two groups. P in,g,t,H is composed of the people living in H who return from an 
activity from an external hexagon (P int-in,g,t,H ) as well as the people from an external hexagon who come to the H for an activity a (P ext-in,g,t,H ). P out,g,t,H is 
composed of the people living in H who leave H for an activity a (P int-out,g,t,H ) as well as the external people who return from H to their external home 
hexagon after an activity (P ext-out,g,t,H ).

P in,g,t,H = P int− in,g,t,H + P ext− in,g,t,H

P out,g,t = P int− out,g,t,H + P ext− out,g,t,H

P int-out,g,t,H and P int-in,g,t,H consist of the sum of the internal people who leave or return from H for one of the seven activities. This group is described 
by the respective share s (dependent on t, g, and a) of the population P base,H residing in H, which can be taken from Tables A8–A14 of Appendix A. 
Where s to,a,g,t describes the proportion that goes to an activity, while s from,a,g,t describes the proportion that comes back.
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P int− out,g,t,H = 
∑ 

P int− out,a,g,t,H

P int− out,a,g,t,H = P base,g,H *s to,a,g,t

P int− in,g,t,H = 
∑ 

a
P int− in,a,g,t,H

P int− in,a,g,t,H = P base,g,H *s from,a,g,t

P int-out,a,g,t,H describes the part of the subgroup g living in hexagon H that leaves H in the time interval t to a specific activity a. These people are 
specifically distributed to surrounding hexagons based on their mobility characteristics and the building characteristics of the surrounding urban area. 
For each variation of these groups of people, the following dasymetric population distribution process is carried out (Chapter 2.3.2 “Activity informed 
population distribution”). To determine where people travel for their activity, P int-out,a,g,t,H is further divided based on the average travel distance 
expressed as proportion (k) per activity (Tables A15–A19 in Appendix A). P int-out,d,a,g,t,H thus indicates the number of people of a subgroup g from a 
hexagon H who travel a certain distance d at a certain time t, for a certain activity a.

P int− out,d,a,g,t,H = P int− out,a,g,t,H *k d,a,t

To assign P int-out,d,a,g,t,H to the hexagons at the respective distance (corresponding to k), all hexagons that are at a distance d from hexagon H are 
selected (H d ). The distribution of P int-out,d,a,g,t,H on these is based on the share of the respective distribution variable (v) in the sum of v of all H d . v of a 
hexagon is the sum of all v a of the buildings (b) of the hexagon.

v H,a = 
∑ 

b H

v a,b

This assigns a proportion (P x ) of P int-out,d,a,g,t,H to each hexagon (H l ) of group H d for each distance calculation step d, based on the buildings that 
occur in the respective hexagon.

P x,H l = P int− out,d,a,g,t,H* 
v H l ,a∑ 

H d
v H d ,a

In order to obtain P ext-in,g,t,H , meaning the people who enter H from an external hexagon to carry out an activity there, all P x which are assigned to H 
during the calculation of the P int-out,d,a,g,t,H value of respective external hexagons (P x,H ) are summed up.

P ext− in,g,t,H = 
∑ 

P x,H

Analogous to the previously described distribution process of P int-out,a,g,t , P int-in,a,g,t is used to calculate how many people (P y ) are subtracted from the 
surrounding hexagons (H d ) because they return to H. P y embodies the reduction in H d initiated by people that leave the surrounding hexagons to which 
they have previously traveled.

P int− in,d,a,g,t,H = P int− in,a,g,t,H *k d,a,t

P y,H l = P int− in,d,a,g,t,H* 
v H l ,a∑ 

H d
v H d ,a

In order to obtain P ext-out,g,t,H , meaning the people who leave H, to return home after they finished their activity in H, all P y which have been 
assigned to H during the calculation of the P int-in,d,a,g,t,H value of respective external hexagons (P x,H ) are summed up.

P ext− out,g,t,H = 
∑ 

p y,H

Data availability

R-Code and Results are available via the Mandalay Data Repository: 
Modelling spatio-temporal distribution of urban population - A 

high-resolution model for German cities (Original data) (Mendeley 
Data)
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