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Abstract 
Information on household areas and the corresponding 
number of occupants is very important in order to derive 
realistic demand profiles for water or electricity as part of 
holistic urban energy modeling. However, this data is 
usually not available. Therefore, this paper presents a 
method that uses 3D building models and national census 
data to derive this information on single-building level for 
residential buildings. The methodology is validated in 
three German counties of different population density and 
geographical location, divided into 141 municipalities. 
Results show that simulation and statistical data mostly 
vary between -15 % and +15 %, with highest accuracies 
for municipalities closest to the national average. 
Key Innovations 
• Attribution of household areas and number of 

occupants per household on a single-building level, 
scalable to entire cities based on generally available 
3D building models and census data 

• Based on the results of the presented method 
detailed occupancy-dependent demand profiles can 
be developed (e.g., electricity, water, waste, IT 
bandwidth) for entire cities on single-building level 

Practical Implications 
The methods for household and occupancy distribution 
presented in this paper are based on available national 
data as well as 3D building models and are integrated into 
an existing energy simulation platform. With these steps, 
the referred information is made available on a much 
higher spatial resolution (building specific) for all types 
of residential buildings. This kind of information is 
usually not available, but is crucial for calculating 
occupancy-dependent demand profiles, such as electricity 
or water demand at a high spatially resolved level. 
Introduction 
Simulating time-resolved, occupancy-dependent demand 
profiles at building level for city quarters or entire cities 
enables planning authorities, project developers, utilities 
or other stakeholders to consider aspects like sector 
coupling or network/grid implications of  technologies 
such as electric vehicles or heat pumps more accurately 
(Swan et al., 2011). To achieve this, detailed information 
on buildings and their number of occupants per household 
and per building as well as the respective areas is needed. 
However, simulation models for energy demand and 

supply that consider data at a raster level (e.g., census 
blocks) face the challenges that (1) the areas to be studied 
do not coincide with administrative boundaries, and (2) 
the data usually need to be aggregated to ensure adherence 
to data protection regulations. (House-Peters et al., 2010; 
Kaschub et al., 2016; Shandas & Parandvash, 2010) 
Defining the ‘right’ level of granularity that still generates 
meaningful results in this research field is therefore a 
much debated topic (Swan et al., 2011). The introduced 
method balances a high degree of accuracy with necessary 
simplifications for subsequent energy simulations on 
neighborhood to city scale. 
Building occupancy estimation can be categorized into 
four levels of details. The first level is the building level 
with its number of occupants in a specific building at a 
particular point in time (Feng et al., 2015). Higher level 
of details in occupants number estimation methods focus 
on the occupancy status inside the building, e.g., 
indicating whether or not a room is occupied at a given 
point in time (second level) (Chang & Hong, 2013; Feng 
et al., 2015; D. Wang et al., 2005; Yu, 2010). The third 
level adds the number of occupants within a room at a 
given point in time (Feng et al., 2015; Page et al., 2008), 
and the fourth level tracks the specific activity of 
occupants (Feng et al., 2015; Liao & Barooah, 2010; 
Nassar & Elnahas, 2007; C. Wang et al., 2011). 
In this paper the introduced method aligns with the first 
level estimation: the number of occupants in a building. 
This parameter is the most relevant input for building 
energy demand assessments and has been investigated in 
previous works. A study by (Richardson et al., 2008) used 
survey data to generate statistical occupancy time-series 
data at a ten-minute resolution taking differences between 
weekdays and weekends into account. The model 
CREST, similarly estimates occupancy from surveyed 
data and indicates the number of occupants that are 
present and active in a building at a given time (McKenna 
et al., 2015; McKenna & Thomson, 2016). However, 
these methods rely on survey data, which is not always 
available, and lack the flexibility and scalability required 
for a building-specific analysis of urban or rural regions. 
They aggregate, for example, occupants within a building 
and do not include information on household level, or 
they assume the same distribution of residential building 
types as in the survey for all targeted simulated areas. This 
can lead to inaccuracies when assessing occupancy rates 
of, e.g., apartment blocks or high-rise buildings, since 
these contain apartments of varying sizes and occupants. 
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Other building-area-dependent occupancy estimation 
approaches determine a standard occupancy pattern from 
the total floor area of a building without considering 
differences of apartment or building types (Gadsden et al., 
2003; Rylatt et al., 2003). 
This paper estimates the number of occupants of all types 
of residential buildings based on the heated area derived 
from 3D building models and the national occupancy 
density values  (Destatis, 2014). 3D building models, 
which contain detailed geometric information of 
individual buildings, can contribute to a more accurate 
energy demand simulation for buildings on district or city 
level (Nouvel, Bahu, et al., 2015). Several studies 
enriched 3D building models with existing information of 
occupant numbers and behaviors (Rosser et al., 2019; 
Rossknecht & Airaksinen, 2020; Schrenk et al., 2016). 
However, they did not develop methods to generate 
unknown occupant numbers. A similar approach of 
combining 3D building model and occupant behavior 
model is developed in the tool CitySim (Robinson et al., 
2009). A stochastic occupant behavior method is included 
to represent uncertainties regarding the behavior of people 
within the buildings in each timestep. However, the total 
number of occupants is missing, and the occupancy is not 
based on survey or census results but rather enabled with 
a random distribution. The method proposed in this paper 
closes the gap of estimating occupant numbers and the 
number of households per building for entire quarters or 
regions with reasonable accuracy, based on standard 
census and geoinformation data, i.e. without needs for 
specialized, high-resolution spatial and temporal data. 
The statistical data of household areas and occupant 
numbers are retrieved from the German census data, while 
the 3D building models, based on City Geography 
Markup Language (CityGML) standards (Open 
Geospatial Consortium, 2012), provide the geometric 
building information.  The advantages of a CityGML data 
lies in the open standardized XML based encoding format 
for storing spatial data. Therefore, the regional simulation 
platform SimStadt (Nouvel, Brassel, et al., 2015) also 
utilizes and processes CityGML data. SimStadt serves as 
a platform for estimating resource demands and 
renewable energy potentials for city quarters and entire 
regions (Bao et al., 2020a; Bao et al., 2020b; Weiler et al., 
2019). With this addition, individual demand and supply 
profiles can be simulated for each building based on the 
estimated number of occupants and household area e.g., 
electricity demand (Fischer et al., 2015; Köhler et al., 
2019). 
Method 
The presented methodology consists of three steps. First, 
a building’s volume and its corresponding heated area are 
calculated based on geometric information from the 
3D CityGML file. Second, the number of households per 
building is estimated. This estimation relies on the 
building’s heated area and a frequency density 
distribution (FDD) for household areas based on 
statistical data. Third, the number of occupants per 
household is determined according to its allocated area 

obtained by means of an additional FDD. In this paper, 
the terms household area or heated area are equal. 
Input data 
Given its standardized format and general availability, 
3D CityGML building data is taken as a key input for the 
new method. 3D CityGML data is classified by different 
levels of detail (LoD), whereby LoD1 represents a mere 
cube, LoD2 provides more detailed geometric 
information, in particular on the building’s roof, and 
LoD3 and LoD4 add further information, e.g. on the 
position of windows and floor plans. (Biljecki et al., 2016) 
For this paper, 3D CityGML models in LoD2 are used. 
The German census (Statistische Ämter des Bundes und 
der Länder, 2020) provides population figures, data on 
demographics, i.e. age and gender as well as data on the 
housing situation, such as average housing size, vacancy 
rate or ownership rate. It should be noted that census data 
is available at different spatial levels, e.g. on national or 
municipality level or for a 100x100 meter grid.  
The input data required for this method are generally 
available in most countries and the proposed approach 
requires little computational effort as well as 
circumventing the establishment of a database for the 
census data, which SimStadt can freely access at any time. 
Building volume and heated area estimation 
The volume of a building is assessed based on the 
CityGML data with a geometric processor that is 
integrated in SimStadt  (Coors et al., 2020). It is assumed 
that a building has one thermal zone per storey. With a 
defined storey height, internal ceilings are added and the 
air volume is reduced by the volume occupied by these 
structures. The attic is assumed to be ventilated but not 
heated if the floor-to-roof- height is less than two meters, 
unless otherwise specified. (Monsalvete Alvarez de 
Uribarri, P. & Coors, 2019). In a next step, the average 
floor-to-floor height hG is determined by Equation 1, 
whereby hTopCeiling represents either the roof ridge if no 
attic is present or otherwise the height of the roof eaves. 
hBasementCeiling is defined as the basement ceiling height 
above ground surface. Both heights are given in meters. 
nStorey is the number of storeys given in the CityGML file. 

ℎ𝐺𝐺 = ℎ𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 −  ℎ𝐵𝐵𝐵𝐵𝐵𝐵𝑇𝑇𝐵𝐵𝑇𝑇𝑇𝑇𝐵𝐵𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇  𝑛𝑛𝑆𝑆𝐵𝐵𝑇𝑇𝑆𝑆𝑇𝑇𝑆𝑆⁄   (1) 

If this average storey height lies between 2.5-3.0 meters 
Equation 2 is applied to derive the heated area Ah in square 
meters depending solemnly on the heated volume Vh in 
cubic meters. Otherwise Equation 3 is used to calculate 
the heated area. Both equations are specified in (EnEV, 
2013). Service and circulation areas such as entrance 
areas, stairwells, elevators and corridors are assumed to 
be heated, while technical areas, e.g., technical operating 
rooms, cellars and unheated attics are not included. 

𝐴𝐴ℎ = 0.32 1
m

 𝑉𝑉ℎ   (2) 

𝐴𝐴ℎ = � 1
ℎ𝐺𝐺
− 0.04 1

m
 � 𝑉𝑉ℎ  (3) 
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Regarding the footprint area of a residential building, an 
additional assumption is made: if the building footprint is 
less than 9 m² (German Bundestag, 2017) and is defined 
as residential in the 3D CityGML file, it is nevertheless 
classified as a non-heated building function. This step is 
necessary due to the classification of building functions in 
3D CityGML files via ALKIS codes (AdV, 2021), where 
non-living spaces, e.g. garages or balconies as part of a 
larger buildings, are often defined as separate residential 
buildings. However, such objects should not be 
considered when estimating the number of households 
and occupants. 
Number of households per building 
In SimStadt, residential buildings are classified by the 
German Building Typology (Loga et al., 2015) into five 
categories, single-family houses (SFH), terraced houses 
(TH), multi-family houses (MFH), apartment blocks 
(AB), and high-rise buildings (HRB). SFH are assumed to 
contain one household, and thus no further calculations 
for determining the number of households are necessary. 
TH can be declared either as SFH with one household or 
as MFH with two or more households. The distinction 
depends on the heated area: if it is greater than the average 
single family household area of 130.8 m² specified in 
(Destatis, 2018), the building is classified as MFH, 
otherwise as SFH. The number of households in MFH as 
well as AB and HRB is determined by the ratio of the 
heated area to the average household area for each type, 
respectively. The average household area is assumed to be 
80.2 m² for MFH, 62.4 m² for AB and 54.3 m² for HRB. 
(Destatis, 2018) The number of households (NH) for 
MFH, AB and HRB is thus calculated according to 
Equations 4-6: 

𝑁𝑁𝑁𝑁𝑀𝑀𝑀𝑀𝑀𝑀 =  𝐴𝐴ℎ  80.2⁄ m²  (4) 

𝑁𝑁𝑁𝑁𝐴𝐴𝐵𝐵 =  𝐴𝐴ℎ  62.4⁄ m²  (5) 

𝑁𝑁𝑁𝑁𝑀𝑀𝐻𝐻𝐵𝐵 =  𝐴𝐴ℎ  54.3⁄ m²   (6) 

All calculation results are rounded to integers. 
Heated area per household distribution 
Before applying the algorithm for household distribution, 
two constraints have been set. First, for every MFH, AB 
and HRB, the total heated area is reduced by 41 %, 
accounting for the building’s service areas, circulation 
areas and structural areas (The Associaton of German 
Engineers, 2013) since only cellars and unheated attics are 
excluded in the previous step. Secondly, for buildings 
with a mixed usage, e.g. residential and commercial, only 
the area that is declared as residential is considered in the 
further process. The primary building function is assumed 
to be 80 % of the heated area, the secondary function  20 
% (DGNB GmbH, 2015) since detailed information of the 
exact proportion of buildings with mixed usage is not 
available or indicated in CityGML files. 
With the number of households per building determined, 
a greedy algorithm (Edmonds, 1971) distributes the 
remaining heated area to theses households. The 
algorithm determines the heated area for each household 

from statistical data and checks if it does not exceed the 
building’s total heated area, i.e. if it still fits into the 
building and the rest of the households can be fitted as 
well. If it does, it is added to the list of households for the 
particular building. If it does not fit into the remaining 
area of the building, the algorithm is repeated until the 
area fits. A pseudo random number generator is used to 
recreate the same distribution of households for 
reproducing simulation results. The following 
pseudocode demonstrates the applied logic: 

function heatedAreaPerHousehold is: 
input:  
  building heated area heatedArea 
  number of households in building numberOfHouseholds 
  pseudo random number generator r 
output: 
  list of household areas with the length of 
  numberOfHouseholds and the sum of heatedArea 
Create list heatedAreaPerHouseholdList 
Set remainingArea to heatedArea 
Set remainingHouseholds to numberOfHouseholds 
 

For each household in numberOfHouseholds do 
  Set newValue to getNewHouseholdSize(r) 
  While not isValid (newValue, remainingArea, 
 remainingHouseholds - 1) do 
     Set newValue to getNewHouseholdSize(r) 
  Set remainingArea to remainingArea - newValue 
  Decrement remainingHouseholds 
  Add newValue to heatedAreaPerHouseholdList 
 

Add remainingArea to heatedAreaPerHouseholdList 

Statistical data from (Destatis, 2014) has been converted 
to a list of percentages describing the frequency of  
household areas, as shown in Table 1: 

Table 1:FDD for household areas 
household 
area in m² % household 

area in m² % 

< 40 5.0 120-139 10.7 
40-59 17.5 140-159 6.1 
60-79 23.5 160-179 2.9 
80-99 17.3 180-199 1.8 

100-119 12.4 200-219 2.8 
The household areas are set to range between a minimum 
of 20 m² and a maximum of 219 m². If the building is 
classified as SFH, household areas may exceed 219 m². 
The function getNewHouseholdSize calculates a new 
household area according to the statistical census data. 
During simulation, the frequencies are multiplied by 10 
and thus converted to integers in order to avoid numerical 
issues. Then, the function finds a random index (i) 
according to the statistical distribution and returns the 
area according to Equation 7. As the statistical size range 
is 20 m² (see Table 1), a random number Nr between 0 and 
20 is added to the area. 

𝑁𝑁𝑆𝑆 = 20 + 𝑖𝑖 ∗ 20 + 𝑟𝑟𝑟𝑟𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟(0 − 20) (7) 

function getNewHouseholdSize is: 
input: 
  pseudo random number generator r 
  array of statistical household area distribution 
  householdDistribution 
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output: 
  A new household area depending on the statistical data 
 

Set n to random integer number in interval [0...1000) 
Set tempSum to 0 
for each i in 0 … 9  
  Set tempSum to tempSum + householdDistribution[i] 
  if n < tempSum 
    Set min to 20 + i * 20 
    Return random double number in interval [0... 20) + min 

To determine if the chosen household area is valid and the 
remaining building area can be filled with valid 
households, the function isValid is used: 

function isValid is: 
input: 
  new area value n 
  remaining area of the building remainingArea 
  remaining number of households 
       remainingHouseholds 
output: 
  true if the new area value can be placed in the 
     building, false otherwise 
 

Return (remainingArea - n) / remainingHouseholds > 40 
and (remainingArea - n) / remainingHouseholds < 160 

IsValid checks if the remaining area is large enough for 
households with at least 40 m² and less than 160 m². These 
boundaries were chosen because they represent the 
majority of the household area (> 95 %) in Germany. 
Number of occupants per household 
The algorithm for estimating the statistical number of 
occupants per households is similar to the algorithm that 
assesses household area sizes: it is based on the same 
greedy approach and assesses the number of occupants 
per household based on an FDD. The statistical data for 
the occupants per household is again derived from 
German census data (Destatis, 2014). The probability 
distributions in Table 2 assign how many people live in a 
household with a certain area: the first column categorizes 
household areas in steps of 20 m², while the following 
columns contain the probabilities for each category to 
accommodate one to eight persons. Probabilities are given 
in percentages and add up to 100 % per category. 

Table 2: FDDs for number of occupants depending on 
the size of the household 

In the census data, no restriction on the maximum number 
of occupants per household was set, with an upper 
boundary given as ‘more than six’ occupants. Since the 
algorithm is not able to process such an unbounded 

distribution, a reasonable limit of eight occupants per 
household was set. No limit was set for the maximum 
number of occupants per building, so every household can 
be evaluated independently from other households. 

function getNrOfOccupantsForHeatedArea is: 
input:  
  pseudo number generator r 
  area a 
  occupants distribution table occupantsDistribution  
  as 2-dimensional array 
output: 
  number of occupants for the heated area 
 

Set index to rounded down ((a - 20) / 20) 
if index > 9 
  set index to 9 
Set n to random integer number in interval [0...1000) 
Set tempSum to 0 
for each i in 0 ... 9  
  Set tempSum to tempSum +   
        occupantsDistribution[index][i] 
  if n < tempSum 
    Set nrOfOccupants to i + 1 
    if nrOfOccupants  == 6 
       Set nrOfOccupants to 6 + random integer from 0 ..2 
    Return nrOfOccupants   

Case Studies 
To validate the proposed methodology, three case studies, 
representing a major city, a mostly rural, and a suburban 
German county (“Landkreis”) were assessed. These 
counties have been chosen (out of a total of 400 German 
counties) because, firstly, county-wide 3D CityGML 
models are available, secondly, they differ with respect to 
their population density, and thirdly, they are located in 
different parts of Germany, with differing building 
structures. 

1. Major city: Cologne, North Rhine Westphalia, 
Western Germany, 86 city quarters (referred to 
as ‘municipalities’ in the following) 

2. Mostly rural county: Ilm-County, Thuringia, 
Mid-Eastern Germany, 16 municipalities 

3. Mostly suburban county: Ludwigsburg, Baden- 
Wuerttemberg, Southern Germany, 39 
municipalities 

Table 3 provides key characteristics for each county, such 
as population density, minimum and maximum of 
inhabitants in the municipalities of the cases studies, and 
the average residential living area per capita, to exemplify 
their diversity. 
Table 3: Socio-economic and climatic data of the three 

German counties used for validation 

Parameter Unit Cologne Ludwigs-
burg 

Ilm-
County 

Area a [km²] 405 687 805 
No. of municipalities a [-] 85 39 16 
Population density b [Pers./ 

km²] 
2,686 794 132 

Municipality with min. 
inhabitants 

[Pers.] 1,735 c 2,474 d 313 e 

Municipality with max. 
inhabitants 

[Pers.] 43,055 c 93,584 d 38,891 e 

household 
area 

1 P. 2 P. 3 P. 4 P. 5 P. 6-8 P. 

[m²] [%] [%] [%] [%] [%] [%] 

<40 89.4 9.1 1.5 0 0 0 
40-59 69.9 24.1 4.5 1.5 0 0 
60-79 42.1 38.3 12.6 5.5 1.5 0 
80-99 28.4 39.1 17.2 10.6 3.2 1.5 

100-119 20.4 38.9 20.0 14.7 4.1 1.9 
120-139 15.3 35.7 21.8 19.3 5.6 2.3 
140-159 12.9 33.2 21.8 21.9 7.2 3.0 
160-179 11.7 30.5 21.6 23.7 8.6 3.9 
180-199 11.2 29.3 21.2 23.9 9.7 4.7 

>200 11.1 27.2 19.9 23.4 11.2 7.2 
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a:(Information und Technik Nordrhein-Westfalen, 2020b) 
b:(Statistisches Bundesamt, 2020)  
c:(Information und Technik Nordrhein-Westfalen, 2019)  
d:(Statistisches Landesamt Baden-Württemberg, 2020b)  
e:(Thüringer Landesamt für Statistik, 2019) 

Results 
The number of occupants and the number of households 
estimated according to the presented approaches were 
cumulated for each municipality in all three counties and 
then compared to the official county population records. 
Table 4 presents this comparison and also shows the 
cumulated number of simulated buildings. 

Table 4: Aggregated household and population results 
compared to official records for the three case studies 

Parameter Unit Cologne Ludwigs-
burg 

Ilm-
County 

Population 2019 [-] 1,087,863 f 545,423 g 106,249 h 
Sim. population [-] 942,730 583,892 114,559 
Population deviation [%] -13.4 +7.1 +7.8 
Households 2019 [-] 564,841 256,287 58,381 

Sim. household [-] 528,880 273,792 56,621 
Household deviation [%] -6.4 +6.8 -3.0 
No. of simulated 
buildings [-] 225,540 116,345 33,188 

f:(Information und Technik Nordrhein-Westfalen, 2020a) 
g:(Statistisches Landesamt Baden-Württemberg, 2020a)  
h:(Thüringer Landesamt für Statistik, 2020) 

On county level, simulated results diverge from the 
official records by less than +7 % for the number of 
households and less than -14 % for the total population. 
At municipal level, a more nuanced perspective emerges. 
Figure 1 and 2 show the municipality boundaries for the 
three counties. The coloring in Figure 1 gives the 
deviation between simulated and statistical data for 
households, whereby brown coloring indicates an 
underestimate, and turquoise coloring an overestimate by 
the simulated data compared to statistical data. It is 
apparent that simulated results for Cologne differ more 
than for the other two case studies, ranging from -34.7 % 
to +101.9 % for extreme cases. Furthermore, the 
simulated number of households is underestimated by 10-
30 % for most quarters. For Ludwigsburg and Ilm-
County, household numbers on municipality level are 
more accurate and mostly overestimated by 5-30 %. 
Figure 2 shows deviations for the simulated population 
for the case studies, whereby purple coloring indicates an 
underestimate and green coloring an overestimate 
compared to statistical data. Consistent with the results for 
simulating the number of households, population 
simulations on municipality level deviate from census 
data the most in Cologne (-44.3 % to +63.9 %), while 
most municipalities are underestimated by -10-30 %. 
Results in Ludwigsburg and Ilm-County are more 
accurate when compared to official data, with 
overestimates in most municipalities of 0-30 %. 

Figure 1: Color map of the case studies indicating the 
percent difference between simulated and statistical data 

for the number of households on municipality level 

Figure 2: Color map of the case studies indicating the 
percent difference between simulated and statistical data 

for the number of occupants on municipality level 
Figure 3 shows the corresponding histograms of the 
frequency of deviations in intervals. Out of a total of 141 
municipalities, 85 show deviations between -15 % and 
+15 % for household simulations. For population 
simulations, 67 municipalities lie in this range. 
The largest single data file evaluated contains 15,507 
buildings. On an Intel i7-8850H with 2.6 GHZ PC, the 
algorithm required 24ms for calculating these buildings. 
It can therefore be assumed that the algorithm is 
practicable for even larger scaled simulations. 
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Figure 3: Histogram of the frequency of deviations for 
the household simulation for each case study. 

Discussion 
The proposed methodology for estimating the number of 
households and occupants generates satisfactory and 
comprehensible results for the majority of municipalities 
for the three case studies. Since the data on which the 
FDDs are based is from 2011, some changes in household 
distributions and population growth might be 
unaccounted for. 
Since the data on which the FDDs are based is from 2011, 
some changes in household distributions and population 
growth might be unaccounted for. Furthermore, the 
statistics used in the FDD represent distributions of 
household areas and occupants based on national 
averages. This average structurally overestimates the 
number of households and occupants in rural areas while 
underestimating households and occupants in densely 
populated areas, since both are located at the outer bounds 
of the distribution function. Thus, the differences between 
simulated and statistical data can at least partially be 
explained by the fact of using average values: Simulation 
results in densely populated Cologne underestimate 
official data while the opposite is true for the mostly rural 
case study Ilm-County and most parts of Ludwigsburg, 
both with much lower population densities. A closer look 
at municipality level confirms this: The most extreme 
case in Cologne, with simulated households +102 % and 
inhabitants +64 % compared to official data is Hahnwald 
(dark turquoise/green area in southern Cologne in Figures 
1 and 2), an upscale city quarter consisting mainly of large 
SFH and thus having a low population density compared 
to the national and municipal averages. Conversely, the 
more densely populated southernmost municipalities in 
Ludwigsburg and northernmost municipalities in Ilm-
County, bordering on the respective state capitals of 
Stuttgart and Erfurt, show deviations of simulated results 
similar to Cologne, given their relatively higher 
population densities. Furthermore, some errors can be 
attributed to the assignment of building functions in the 
3D CityGML files, as in the case where the simulation 
overestimates the number of households in a city quarter 
of Cologne by 43 %. A close look at the respective 3D 

building model reveals that one large building was 
declared as residential in the CityGML file and attributed 
with 158 households although it is in fact a shopping mall. 
Generally, the new methodology shows to be most 
accurate for regions and municipalities that are closest to 
the average of the available statistical data. For more 
homogeneous countries than Germany or in case local 
statistical data are available, the proposed methodology 
will thus become more accurate. Furthermore, a more 
detailed examination at the building level would be 
advisable; methods to validate and, if necessary, adjust 
the building function can be found in (Weiler et al., 2018). 
Conclusion & Outlook 
This paper presents and evaluates a method to assign the 
number and floor area of households as well as the 
number of occupants per household in individual 
buildings based on 3D CityGML building models and 
census data. The method was validated on 141 
municipalities in three case study counties with different 
population densities. The simulated household and 
population estimation results proofs to be sufficient for 
most of the municipalities but shows that local conditions 
need to be considered. Furthermore, some deviations can 
be attributed to using 2011 census data (newer data not 
yet available at the time of writing), as well as potentially 
erroneous building function declarations in the input files. 
A more detailed evaluation on building level and their 
corresponding number of households is planned. All in 
all, the method can provide a valuable base for occupant-
related building-level estimations such as electricity or 
water demands. The presented method is a crucial step 
towards a more holistic regional resource demand and 
renewable energy potential simulation platform that 
closes the gap between approaches focusing on single 
buildings and approaches aggregating on municipality or 
county level. 
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