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Abstract 

The mitigation of climate change has been a priority to most countries’ agendas 

nowadays. Energy and environmental policies have been introduced to facilitate the 

achievement of national targets. At the same time, rapid urbanization has resulted in 

converting cities into the main energy consumers and generators of GHG emissions. 

Thus, they are an ideal platform where sustainable solutions can be applied which will 

improve their durability and functionality. The concept of Smart Cities has the 

potential to integrate sustainable technologies and innovative systems into urban 

areas. At the same time, the building sector occupies a key place in the development 

of Smart Cities.  Energy demand of the building sector affects significantly national 

energy balances. Furthermore, estimating energy demand of a cluster of buildings, a 

district or city requires the aggregation of them. When handling aggregated energy 

demand data, future energy predictions and the creation of what-if scenarios for 

demand-side energy management are enabled. It also facilitates urban planning, as 

well as the development of energy hubs into urban areas. 

In the current Thesis, the theoretical background needed to study aggregation of 

building energy demands is presented and analysed. Two methods of aggregating 

energy demands of buildings are identified and implemented on a real case-study, 

being located in Sønderborg, Denmark. This consists of 16 single-family houses all 

connected to the regional district heating system. These were modelled by Termite, a 

newly-developed parametric tool, which uses Danish Be10 for energy simulating.  

According to the first aggregation way, individual buildings’ energy simulations are 

carried out. This method necessitates extensive data availability. Six different 

information levels are investigated, concluding that apart from general data about 

building’s functionality, floor area and age of construction, also information about the 

most recent energy refurbishment state of the building is crucial for achieving high 

accuracy in energy demand estimations. According to the second aggregation way, 

building typologies are used, where five example buildings representing each type are 

simulated. The results highlight that the specific example buildings represent quite 

well the respective buildings, but present a deviation from the measured energy 

demands. However, the annual aggregate heat demand of this method is found to be 

very close to the measured one. Extensive discussion on the challenges and 

uncertainties of the present city energy model is also presented. 

Index terms: Aggregation, Building energy demand, Heat demand modelling, 

Archetypes, Example buildings, Data availability, Termite, Parametric modelling, 

City energy modelling, Aggregate heat demand. 
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Chapter 1 Introduction 

Climate change caused by anthropogenic factors is a challenge being faced by the 

whole humanity. Although it does not receive as much public or media attention, 

nowadays, as it did the last decade, it cannot be overlooked. Global efforts have been 

made to combat climate change, but their progress so far is modest. Thus, European 

and international directives have been introduced to deal with this environmental 

situation. An overall reduction of 50% in global greenhouse gas emissions (GHG) by 

2050 compared with 1990 values has been proposed by science (Danish Government, 

2013). To achieve this target, climate policies have been adopted by most developed 

countries. These will help them reach their national targets in terms of carbon 

emissions mitigation. Climate policies should not focus only on one sector, but 

involve as plenty as possible.  

Energy sector is crucial to meeting climate targets. According to the International 

Energy Agency, global energy consumption is expected to increase approximately 

30% until 2035 (Danish Ministry of Climate, 2013). Towards achieving GHG 

emissions reduction, as well as independency of fossil fuels’ imports, the penetration 

of renewable energy sources (RES) is indicated as one key solution. Specifically, 

Denmark aims at electricity and heating supply being fully based on RES by 2035. 

This generates a plethora of challenges to be faced at a local and national level. EU 

Directive’s targets of “20-20-20” have set three objectives to ensure that Europe will 

achieve its ambitious climate and energy goals for 2020 (European Commission, 

2009): 20% reduction in GHG emissions compared to the 1990 levels; 20% of energy 

consumption will be based on RES; 20% increase in EU’s energy efficiency. 

At the same time, with the rapid increase of urbanization, cities have become the 

pivotal centres of our lives. More than three-quarters of global energy production is 

consumed within cities today, while they are the main generators of GHG emissions, 

as well. In order to attain durable and livable future cities, sustainability is seen as the 

only promising solution. Thus, apart from being seen as a part of the problem, urban 

environments should be treated as a part of the solution to achieve sustainable 

development (Meijer, et al., 2011). Climate change mitigation measures are proven to 

be more cost-effective and efficient in large and compact cities than in low-density 

areas (Lewis, et al., 2013). This makes cities an ideal platform, where sustainable 

solutions will be applied. Towards achieving sustainability in urban areas, a new 

concept has been introduced during the last decade, Smart Cities. Smart Cities is a 

wide term that mainly encompasses the integration of technologies and systems into 

urban areas.  

Buildings occupy a key place in developing Smart Cities. The integration of smart 

energy solutions along with the increase of building energy efficiency are two main 

aspects that especially need to be taken into account. Specifically, energy efficient 
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buildings have a great potential to deliver high energy and CO2 savings. While smart 

energy solutions and energy efficiency may be relatively easily achieved in new 

buildings, it is the older ones that represent the vast majority of the building stock. 

Thus, special emphasis has to be placed on them. In addition, since residential stock 

counts for 75% of the European buildings’ floor area, it is the sector that more efforts 

have to emphasize on (Katsigiannis & Gianniou, 2014). 

Energy demand of the household sector plays an important role on national energy 

balances. Thus, many efforts to estimate it have been made. However, this is not an 

easy task, when large-scale systems are examined including many end-users (Heller, 

2002). Estimating energy demand of neighborhoods, districts or cities necessitates the 

aggregation of them. Aggregating building energy demands facilitates future energy 

predictions, while allowing the optimization of policies and incentives so that they 

meet specific targets (IEA, 2001). It also enables the development of “what-if” 

scenarios in terms of demand-side energy management, as well as urban planning. 

Furthermore, aggregation provides a holistic view of the city’s or district’s energy 

demand, thus enabling the development of energy hubs, which are an important 

component of Smart Cities. 

Even though aggregation of energy demands has been widely practiced in a plethora 

of studies, very few of them have analysed or reviewed the possible aggregation 

ways.  Most studies emphasized on the outcome of aggregating energy demands 

instead of the procedure itself (Nouvel, et al., 2013), (Subbiah, et al., 2013). For that 

reason, the current Thesis aims at filling this gap by providing extensive review on the 

possible aggregation ways, as well as outlining the challenges arising by each of 

them. It also discusses the main aspects related to estimating building energy demand 

such as modelling and simulation. The main objective of this study is to investigate 

the existing aggregation ways by implementing them on a real case-study. This aims 

at proposing a methodology for estimating realistic energy demand models for 

districts or cities. Therefore, valuable results are drawn which can be utilized by 

future projects dealing with building energy issues at urban scale. 

The basic outline of the current study is described as follows: Chapter 2 includes a 

description of the Methodology followed regarding the implementation of a city 

energy model. Chapter 3 contains an extensive analysis of the theoretical background 

used for the development of aggregation models of building energy demands for 

Smart Cities. In Chapter 4, the importance of aggregating building energy demands, 

as well as the existing aggregation ways are presented and analysed. Chapter 5 

includes the implementation of the city energy model. Specifically, it consists of the 

description of the case-study, the presentation of the simulation tool and the model 

set-up, as well as the description of the created scenarios based on the different 

information levels. In Chapter 6, the results of modelling the case are presented and 

analysed in terms of heat demand for both aggregation ways. Chapter 7 contains the 

main conclusions of the current study, as well as a discussion of the possible 

weaknesses or uncertainties and how they could be overcome in future projects. 
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Finally, Chapter 8 includes the bibliography of the Thesis. At the end of the report, an 

Appendix is included, where two scientific studies derived from this Thesis are 

attached: a scientific article presented to the 3rd International Workshop on Design in 

Civil and Environmental Engineering, as well as a poster presented to the CITIES 

Inaugural General Consortium Meeting. 
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Chapter 2 Methodology 

The current study aims at developing aggregation models for building energy 

demands that can be applied to Smart Cities. Two ways of aggregating building 

energy demands were developed and applied: i) simple summing up of the individual 

building energy demands, after being modelled with a parametric modelling tool and 

ii) categorizing the buildings based on their construction age while using reference or 

example buildings which represented each category. These methods were applied to a 

real case-study consisting of 16 single-family houses located in Sønderborg, 

Denmark. The examined houses were modelled by Termite, a newly-developed 

parametric modelling tool, which uses Rhinoceros design interface, Grasshopper 

parametric options and Be10 for energy simulations.  

Six scenarios were created upon data availability, representing six different 

information sources that could be utilized when dealing with a city energy model in 

Denmark. Thus, the necessity of each one of them was identified and their effect on 

results’ accuracy was determined. A sensitivity analysis was conducted to validate 

these findings on individual building level. These heat demand results were 

aggregated by summing them up on an annual basis. Calculated heat demand results 

were compared to measured heat demands in the specific houses and the deviation 

between these two was determined.  

After the most decisive information and parameters were identified for estimating 

building energy demand, they were used to develop the second aggregation method. 

According to this, archetypes were used to represent the examined building stock of 

16 houses. These were categorized into five types according to their age of 

construction. An example building of each type was modelled and simulated by 

Termite. The aggregate heat demand was calculated using the energy demand 

intensities of the example buildings and the total floor area of each building type.  

Both aggregation ways were compared to the measured heat demand values and 

assessed upon the accuracy of their results.  



Chapter 2 Methodology 

6 

 

 

  



Chapter 3 Theoretical background 

7 

 

Chapter 3 Theoretical background  

Urbanization is one of the leading trends of human civilisation in the 21
st
 century. In 

1800, the percentage of the urbanized worldwide population barely reached 2%, 

whereas in 2000 this exceeded 45%. Current trends indicate that the share of 

urbanized world’s population will have reached 60% by 2030, while it will have 

exceeded 70% by 2050 (BIS, 2013).  In fact, half of the world’s current population 

resides in urban areas and this is expected to increase more (UN, 2012). In addition, 

cities’ energy demand exceeds 75% of world energy production, while 80% of GHG 

emissions are generated by them (Lazaroiu & Roscia, 2012). Moreover, 80% of the 

global GDP is generated by cities (Lee, et al., 2013). For these reasons, the need for 

Smart Cities has become nowadays more urgent than ever. 

3.1 Smart Cities 

The term and concept of Smart Cities is not new. However, there is still no general 

consensus on the definition of Smart Cities. The term originated from a plethora of 

definitions, such as “intelligent city”, “information city”, “knowledge city” and 

“ubiquitous city” (Lee, et al., 2013). According to Harrison & Donnelly (2011) the 

Smart Growth Movement of the late 1990s may have originally initiated the ever 

increasing interest towards Smart Cities’ development. Since 2005, the term has been 

widely adopted by a number of technology firms “for the application of complex 

information systems to integrate the operation of urban infrastructure and services 

such as buildings, transportation, electrical and water distribution and public safety”. 

The most common characteristic among the various definitions of the term is the 

extensive use of Information and Communication Technologies (ICT), which enable 

cities manage efficiently their resources (Neirotti, et al., 2014). Apart from that, 

however, many other features compose a Smart City. According to Giffinger et al. 

(2007), the main characteristics of a Smart City are: smart economy, smart people, 

smart governance, smart mobility, smart environment and smart living. “Smart 

economy” mainly regards competitiveness of the markets; “smart people” represent 

social and human capital, “smart governance” stands for participation in decision-

making; “smart mobility” refers to transport and ICT; “smart environment” is 

described by natural resources and their management; “smart living” represents the 

quality of life.   

What is more, a Smart City should be able to optimise the use of its tangible and 

intangible assets according to Neirotti et al. (2014). Smart Cities comprise of a large 

number of application domains, the most important of which are the following: smart 

grids, buildings, waste management, transport, economy, social inclusion and welfare.  

Smart Cities are expected to be the key to achieving sustainable and livable future 

cities, while ensuring economic growth. Smart Cities have similar goals to “Eco-
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cities” or “sustainable cities” (CCC, 2012). Nevertheless, what differentiates them is 

the integration of smart technologies in the city’s physical infrastructure, which is of 

crucial importance for them. Physical infrastructure of cities mainly includes 

buildings, roads, energy grid, district heating and cooling systems.  

3.2 Building energy in Smart Cities 

Buildings can play a pivotal role on Smart Cities’ development. Apart from affecting 

quality of living and people’s well-being, building sector is one of the dominant ones 

in terms of energy demand in most cities worldwide. Thus, it provides a suitable 

platform to integrate smart energy solutions for the future.  

One of the main goals of future Smart Cities in terms of energy is the installation of 

energy hubs. Originally, an energy hub is considered as “a unit where multiple energy 

carriers can be converted, conditioned, and stored” (Geidl, et al., 2007) . When 

applied to cities, energy hubs will be able to distribute electricity, heat and cold, gases 

and fuels, as well as include advanced storage options. Hence, the interconnection of 

buildings with the energy network will be of crucial importance, since they will affect 

the performance of the whole hub.  For that reason, special emphasis should be placed 

on building energy demand modelling and especially heat load modelling. 

When investigating buildings as a Smart City’s components, two main concepts are 

arisen and being presented below.  

3.2.1 Building-energy efficiency 

Energy efficiency can play a vital role in the green transitioning of the energy sector 

(Danish Ministry of Climate, 2013). In general, it is a way of controlling the growth in 

energy consumption (IEA, 2005). Energy efficiency refers to meeting people’s energy 

demands more efficiently and effectively, while reducing energy consumption. The 

potentials of energy-efficiency improvements can be seen in various sectors, 

including buildings. 

Buildings offer one of the largest cost-effective opportunities for savings. National 

regulations list the installation of newer energy-efficiency technologies of buildings as 

one of the priority measures for minimization of the energy consumption. Through 

increasing building energy-efficiency, cities have the opportunity to accomplish a 

majority of their local and national goals: mitigate climate change, reduce CO2 

emissions, increase employment rates, promote economic activity, improve quality of 

life, reduce fuel poverty, as well as achieve better security of supply with lower 

dependence on imported fossil fuels (Lewis, et al., 2013). 

Retrofitting the existing building stock with energy-efficient technologies is a 

procedure that requires time and investments. However, refurbishments have become 

more attractive to homeowners through energy savings campaigns, which highlight 

their increased cost savings potential and the short payback time. Moreover, 
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complying with building energy regulations in terms of energy labelling will be a one-

way path for homeowners in the future.   

So far, increasing energy efficiency in the building stock has emphasized on 

individual buildings. However, sustainability issues at district or urban scale have 

been arising lately. According to Bourdic & Salat (2012), more systemic and multi-

scale approaches to consider the complicated urban fabric are needed. The authors 

conclude to four intervention points concerning urban efficiency: urban morphology, 

buildings’ efficiency, systems’ efficiency and individual behaviours. Combining all 

these could lead to remarkable results in terms of energy consumption minimization. 

3.2.2 Flexibility in building-energy 

Originating from smart grids, flexibility refers to the shifting of demands from high 

demand periods to lower ones in order to avoid peak demands. High penetration of 

renewables into the power system results in fluctuating power production. Focusing 

on Denmark’s energy system, the share of wind energy is estimated to reach 50% of 

the traditional electricity consumption in 2020. This is a primary challenge that has to 

be faced soon. In order to ensure security of supply in the power system and achieve 

the best value from renewable energy production, domestic flexibility both in demand 

and production combined with the appropriate infrastructure has to be utilized 

(Meibom, et al., 2013).  

As Heller et al. (2014) state in their report, in order to achieve flexibility in energy 

grid, additional solutions are required apart from electricity-only solutions. These can 

be electricity-thermal energy solutions, including electrical heating and cooling or 

heat pumps, which can contribute to the stabilization of the electrical grid. In addition, 

the authors identify a great potential for stabilizing the electrical grid in thermal 

masses of buildings, which can enable energy storage. If used properly, building 

masses can contribute to the shifting of electricity demand towards less peak-hours by 

utilizing the energy stored within them. According to Heller et al. (2014), representing 

the thermal dynamics of building constructions for energy demand modelling requires 

an appropriate dynamic simulation tool. What is more, a typology of the building 

stock has to be identified, so that flexibility is computed only for these representative 

types and not for each building individually. Lastly, stochastic models will be needed 

to capture the uncertainties of many input parameters, such as occupants’ behaviour 

and thermal properties of building envelope. Nevertheless, extensive research is still 

required in this area to conclude to a methodology. 

3.3 Building stock energy modelling approaches 

In terms of energy demand, two distinct approaches of modelling the building stock 

and especially the residential sector are widely used: bottom-up and top-down. These 

approaches differentiate mostly on the level of granularity and are presented below. 
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3.3.1 Bottom-up 

Bottom-up models of the building stock typically contain building physics simulation 

for calculating the energy demand of individual buildings and extrapolate these results 

to a whole region or country (Mata, et al., 2013). According to Swan & Ugursal 

(2009), this approach consists of two distinct methodologies: the statistical method 

and the engineering method. The first method is proposed in cases of estimating 

energy end-uses considering behaviour based on energy bills and simple surveys. The 

second methodology is more appropriate for explicit calculation of energy end-uses 

based on detailed characteristics.  

The main characteristic of this approach is the large amount of detailed empirical data 

that is required in order to model accurately every building individually. Thus, the 

availability of adequate data is crucial when using bottom-up methods to derive robust 

results. Information contained in national statistical databases can be very useful for 

bottom-up approaches (Mata, et al., 2013). Moreover, the enormous amount of data 

that building performance simulation tools may create is challenging when simulating 

a large number of individual buildings (Crawley, 2011).  

A plethora of examples of applying bottom-up energy models to several countries 

worldwide are found in literature. More specifically, Kavgic et al. (2010) have 

collected and presented four of these models: a) the Canadian Residential Energy 

End-use Model (CREEM) (Farahbakhsh, et al., 1998), aimed to examine the potential 

of carbon reduction strategies; b) the North Karelia, Finland model (Snakin, 2000), 

which is a non-dynamic bottom-up model for estimating the yearly energy demand 

and CO2 emissions; c) the Huang and Brodick model (Huang & Brodrick, 2000) for 

the US building stock is based on the aggregate heating and cooling loads, 

corresponding to different building envelope components for three types of housing 

(single-family, multi-family housing, commercial buildings) ; d) the Hens et al. model 

(Hens, et al., 2001) applied to the Belgian residential sector, which tries to correlate 

the improvement of energy efficiency to reach the emission reduction objectives. In 

addition, Kavgic et al. (2010) review on four similar models that have been developed 

for the UK residential sector including: a) the Building Research Establishment’s 

Housing Model for Energy Studies (BREHOMES), b) the Johnston model, c) the 

DECarb model and d) the Community Domestic Energy Model (CDEM). Moreover, 

the Energy, Carbon and Cost Assessment for Building Stocks (ECCABS) model is 

developed for Sweden to evaluate the effects of energy-saving measures for building 

stocks (Mata, et al., 2013). The authors conclude that ECCABS provides an efficient 

tool for assessing the effects of energy-saving and CO2-mitigation strategies in the 

building stocks. Moreover, Pukšec et al. (2013) state that in general, engineering 

bottom-up energy demand models, which emphasize on end-users, often provide a 

better overview and evaluation of energy savings potential.  

However, many limitations of implementing bottom-up models have been identified 

through the various applications and reviews. First of all, the severe lack of detailed 
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publicly available data is a problem commonly met in most countries nowadays and 

extensive research and efforts are needed to overcome it. What is more, in order to 

restrict the required level of detail in input data, the temporal resolution of energy 

calculations is limited, thus rendering impossible the dynamic modelling of temporal 

changes coming from occupancy profiles and solar heat gains (Mata, et al., 2013). 

Furthermore, when applying energy-saving measures and using bottom-up 

approaches, the analysis of their effects on indoor temperature is not possible. Kavgic 

et al. (2010) conclude that even though bottom-up building physics stock models 

represent a useful tool for policy-makers, their main disadvantage is the lack of 

transparency and quantification of inherent uncertainties. 

3.3.2 Top-down 

The top-down modelling approach refers to an aggregate level, while it typically 

represents a historical time series of national energy consumption data (Kavgic, et al., 

2010). Top-down models make use of econometric or technical variables so as to 

examine the interactions between the energy sector and the economy. These variables 

can be i) economic-related ones, such as income, gross domestic product (GDP) and 

fuel prices or ii) climatic-related, such as population-weighted temperature at country 

level. For the residential sector, the input data can be population, number of 

households, energy prices or disposable income (Dineen & Ó Gallachóir, 2011). 

Top-down approaches are characterized by low input data intensity opposed to 

bottom-up ones. They are mostly suitable for analysing: energy consumption trends 

based on markets, long term effects of fuel prices and technology costs, as well as the 

effectiveness of market based policy initiatives. Since top-down approaches are based 

on historical data to estimate future consumption trends, the acquired results are most 

likely to be consistent with past experience. On the other hand, a drawback of such 

approaches is their incapability of modelling the impacts of specific technical 

measures (Dineen & Ó Gallachóir, 2011). What is more, obtaining up-to-date well-

distributed data that are representative for large groups of buildings at a national level 

is very challenging (Hong, et al., 2013). 

Examples of applied top-down models can be met in a plethora of studies. The UK 

government energy model, known as DECC model, is a partial equilibrium model of 

the UK energy market (Dineen & Ó Gallachóir, 2011). Furthermore, Summerfield et 

al. (2010) developed a top-down model called the annual delivered energy, price, and 

temperature (ADEPT) model, which uses multiple linear regression to fit 

consumption data of UK since 1970. In another comparative study, Hong et al. (2013) 

mention that top-down models enable the placement of building energy performance 

into a broader context. However, they conclude that they are less precise than the 

bottom-up models. The same authors also highlight the importance of combining 

these two methods in order to increase their benefits in improving the energy 

efficiency of buildings.  
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In general, efforts to combine the two approaches have been made. These regarded 

mainly the integration of bottom-up models to top-down models. However, 

Koopmans & te Velde (2001) followed another direction to achieve the combination 

of the two approaches in order to bridge the energy efficiency gap. They used bottom-

up information on energy-saving techniques within a top-down energy demand 

model.  

3.4 Parametric modelling 

When designing buildings at urban scale, it is very important to accelerate their design 

and modelling through computational tools. The existing Building Information 

Models (BIM) represent only one design state, while they do not enable dynamic 

parametric analysis or easy modifications (Geyer & Buchholz, 2012). Thus, every 

time some changes need to be made, redesigning the whole model from the beginning 

is necessary. This highlighted the great potential that parametric design holds in urban 

modelling. 

Parametric design is defined as a series of questions to determine the variables of a 

problem and as a computational definition which creates a plethora of outcomes and 

design alternatives in a dynamic manner (Kelly & Karle, 2011). As a concept, it was 

first implemented in the automotive and aerospace design in 1970’s, while it was 

introduced to architecture much later, in the early 1990’s (Nagy, 2009). Parametrics in 

architectural design can be perceived as the way inputs or so-called parameters 

control the building design. In particular, parametric design tools allow users to treat a 

design as a large database, where all decision-making processes are recorded and 

represented through the design (Burry, 2003). According to Steinø & Obeling (2014), 

every parametric urban design tool should contain the following features: parametric 

flexibility, structural logic and interaction design. In addition, Beirão et al. (2012) 

argue that one of the main goals of parametric urbanism is to relate changes in form 

with information about all kinds of urban dynamics rather than just creating malleable 

forms. 

The importance of parametric design for various areas and industries has been 

outlined by several studies. Nevertheless, most commonly it has been used to generate 

bottom-up urban structures (Steinø & Obeling, 2014). Its application to urban design 

leads to an interactive design system, while utilizing urban data. Moreover, it results 

in improving the quality of design through several iterations (Burry, 2003). As far as 

large urban scale is concerned, procedural techniques or parametric modelling 

automate city modelling, thus saving hundreds of man-years compared to 

nonprocedural tools (Watson, et al., 2008). 
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3.5 Methodologies for load modelling of buildings 

A plethora of methodologies have been developed for building energy demand 

modelling and building energy estimations. The majority of them conclude to the 

following categorization (Pedersen, 2007): 

 Building energy simulation methods 

 Statistical analyses 

 Intelligent computer systems 

Furthermore, hybrid models are found in literature, which combine mostly building 

energy simulation tools and statistical methods. 

3.5.1 Building energy simulation methods  

Building energy simulation methods are based on simulation software, which mainly 

calculate energy demand and use. Apart from load modelling, some of them may also 

simulate and analyse: building envelope, infiltration, ventilation, HVAC systems, 

integrated renewable energy systems, electrical systems and equipment, 

environmental emissions, as well as daylighting. Thus, energy simulation programs 

require detailed information about the building itself, its occupants, the installed 

energy systems, as well as weather data. Some of the most widely used building 

energy simulation software are: BSim, EnergyPlus, ESP-r, IDA ICE, IES <VE>, 

TRNSYS, ECOTECT etc. 

Focusing on load modelling, these energy simulation tools mainly differentiate upon 

the following characteristics: element conduction solution method, interior surface 

convection, human thermal comfort and design day sizing calculations. Regarding the 

element conduction solution method, three options are commonly met: a) frequency 

domain or admittance method, b) time response factor or transfer functions and c) 

finite difference or finite volume method. Based on the interior surface conduction 

method, energy simulation software may be: i) dependent on temperature, ii) 

dependent on air flow, iii) dependent on CFD-based surface heat coefficient or iv) 

calculated based on user-defined coefficients. Concerning the evaluation of human 

thermal comfort, many methodologies have been developed; the most commonly used 

ones are based on: a) Fanger, b) Kansas State University method, c) Pierce two-node 

model, d) mean radiant temperature, e) radiant discomfort, f) simultaneous CFD 

solution and g) perceived air quality. Lastly, the automatic design day sizing 

calculations can be dependent on i) dry bulb temperature, ii) dew point temperature or 

relative humidity or iii) custom-made; that is, specified by the users (Crawley, et al., 

2005). 

3.5.1.1 Heat balance calculation 

Simulation methods are also categorized upon their energy balance calculation to 

dynamic and quasi-steady-state methods. The international standard on building 

energy performance (ISO13790, 2008) proposes three different methods of 
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calculating thermal loads, which provide: i) monthly and seasonal results (quasi-

steady-state methods), b) simple hourly results (dynamic methods) and c) detailed 

simulation results (dynamic methods). 

According to dynamic methods, heat balance is calculated with short time steps (e.g. 

hourly) considering the thermal inertia of the building. In particular, their main 

characteristic is that an instantaneous surplus of heat during the heating period results 

in an increase of the indoor temperature above the set-point, while it removes the 

surplus heat by extra transmission, ventilation and accumulation, if no mechanical 

cooling exists (ISO13790, 2008). Furthermore, changes in room temperature highly 

depend on the heat stored in/released from the mass of the building. Thus, a 

thermostat set-back or switch-off will not necessarily result in a decrease of the room 

temperature, if the thermal inertia of the building can cover it up. Dynamic methods 

model thermal transmission, heat flow by ventilation, internal and solar heat gains, as 

well as thermal storage. Therefore, dynamic simulation differentiates from the rest of 

the existing methods in the way it handles changing surroundings by computing the 

system’s characteristics in very short time-intervals (Heller, 2002). Dynamic building 

models are further categorized into stochastic and deterministic ones, but will not be 

analysed in the present study.  

On the contrary, quasi-steady-state methods calculate heat balance for a long time 

(e.g. monthly/seasonal) considering dynamic effects through correlation factors. 

Regarding heating, a utilization factor is introduced, which considers that only a part 

of the internal and solar heat gains can reduce the heat demand, while the rest of the 

heat gains result in an increase of the room temperature above the set-point. As far as 

cooling is concerned, there are two different ways to implement the same method. 

The first one includes a utilization factor for losses, which takes into account that only 

a part of the transmission and ventilation heat transfer is utilized to reduce cooling 

loads. The second method introduces a utilization factor for gains, which considers 

that only a part of the heat gains are outweighed by transmission and ventilation heat 

transfer (ISO13790, 2008). 

3.5.1.2 Heat transfer modelling 

Building energy demand modelling should not be confused with the concept of heat 

transfer modelling in buildings. When focusing only on the calculation of transient 

heat transfer in buildings, another classification describes the existing modelling 

ways, according to which the models are categorized into mathematical and physical 

ones. The mathematical models are based on the following differential equation for a 

n-node model (Kämpf & Robinson, 2007): 

   
  ⃗ 

  
  ( )  ⃗ ( )   ⃗ ( ) (3.1) 
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where C is the positive diagonal thermal capacity matrix, T is the temperature vector 

at the n-nodes, A is the symmetric heat transfer matrix and u represents the different 

source terms for each node. To solve this equation, a number of methods have been 

used, such as Euler or Fourier series methods.  

The physical models are further classified into: a) explicit solutions of the heat 

diffusion equation, b) model reduction techniques and c) model simplification 

techniques (Kämpf & Robinson, 2007).  

Explicit solutions represent methods, such as the finite difference and finite volume 

method or transfer function methods. They often require extensive data collection and 

analysis, which is not practical at district or urban scale, while they increase a lot the 

complexity of the equation systems when involving a large number of buildings 

(Lauster, et al., 2014). Model reduction techniques aim at representing the building 

performance with fewer equations and less input data. However, they often result in 

several repeating reduction procedures, when the definition of an integral energy 

system is changed.  

Model simplification techniques, on the other hand, simplify the description of the 

problem by using analogies similar to network models (Lauster, et al., 2014). These 

include the resistance-capacitance models (lumped capacitance methods) and 

admittance methods. In most cases, an electrical analogy is used to represent the heat 

transfer. In particular, according to these models, conducting walls are represented by 

temperature nodes. To connect the wall with the outdoor environment, a resistor is 

introduced indicating that there is heat transfer between the two. The thermal inertia 

of the wall is represented with a capacitance (Kämpf & Robinson, 2007). The number 

of subparts affects the complexity and the accuracy of the problem. Models with a 

small number of elements are called low-order ones and are easy to be solved. Also, 

they enable dynamic simulation and thus, they provide good alternatives for urban 

simulations (Lauster, et al., 2014). These models can be classified as white-box 

models, because they have a clear physical meaning (Kramer, et al., 2012). 

3.5.2 Statistical analyses 

Statistical methods for load modelling include mainly regression analyses or 

probability distributions. A regression analysis refers to the prediction of a continuous 

dependent variable from a number of independent variables. These methods are based 

mostly on long term measurements of load and weather data (Pedersen, et al., 2008). 

In addition, behavioral patterns of the occupants determine the energy consumption 

measured data. Statistical methods can provide both short-term and long-term load 

forecasting, while they are mostly used for energy estimations of several consumers in 

a specific region or district. One of the most significant benefits of regression-based 

models is that they are simple and efficient (Yu, et al., 2010). However, they are not 

understandable by common users without advanced mathematical knowledge, since 

they consist of complicated mathematical equations. 
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In terms of statistical load forecasting, an interesting study was conducted by Bacher 

et al. (2013), who presented a method for short-term load forecasting for space 

heating in a single-family house. Energy measurements from 16 single-family houses 

located in Sønderborg area, Denmark, were combined with local climate 

measurements and weather forecasts. Using adaptive linear time-series forecast 

models and climate inputs, the hourly heat load for each house was predicted for the 

following two days. Moreover, simple thermal transfer functions were used to model 

the dynamic response of the buildings. The results of this study indicated that one-step 

ahead errors are close to white noise and that the correlation to the climatic variables 

was removed. Moreover, the forecasting errors were attributed to the unpredictable 

variations in the heat load signals, changes in the occupancy patterns and uncertainty 

of weather forecasts, mainly regarding solar irradiation. 

3.5.3 Intelligent computer systems 

Artificial intelligence systems include expert systems and artificial neural networks. 

Expert systems are able to make decisions by learning and applying their knowledge 

to complex problems. Neural network models include a set of computational units and 

a set of data connections joining units (Gallant, 1995). They operate similarly to 

human brain, by retrieving or modifying information when some factors are missing. 

Neural network models are popular in load modelling and a plethora of them has been 

developed and applied, including: feedback artificial neural networks (ANN), feed 

forward neural networks or probabilistic neural networks (PNN). ANN models are 

able to predict building thermal performance by mimicking the structure and 

functions of biological neural networks (Yu, et al., 2010). Their greatest advantage is 

that they can model complex relationships between input and output parameters. 

However, they operate like black box models: no information is needed about the 

physical characteristics of the building, while their outputs are generated by the 

hidden layers from the inputs (Kramer, et al., 2012). 

3.6 Urban simulation tools 

A continuous effort to find solutions towards the aggregation of building models has 

been made during the last decade and some valuable results have been drawn. These 

concern either some numerical approaches or program-based approaches. Regarding 

the latter, four of the most advanced urban simulation tools and methodologies are 

presented below. 

3.6.1 CitySim 

Prof. Darren Robinson and his former team in EPFL conducted some extended 

research in this area by developing two programs, SUNtool and CitySim. CitySim 

manages to simulate and optimize building-related energy flows. This is 

accomplished in four steps: 1) The site location and climate data are defined, 2) some 

default datasets for the types and age categories of buildings are chosen, 3) 3D form 

of buildings, as well as energy supply and storage systems are defined, 4) data in 
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XML format moved from GUI to the C++ solver in order to simulate hourly resource 

flows; then, results are analysed by streaming back to the GUI. The analysed area may 

vary from a cluster of buildings to an entire city. The model is simulated based on the 

resistor-capacitor network, which was presented before.  

The occupants’ behavioural models are taken into account in the program, because 

these are majorly responsible for the uncertainty in building urban simulation. In 

particular, occupants create heat gains and pollutants, windows affect the infiltration 

rates, blinds affect illuminance and transmittance irradiance, lights and electrical 

appliances cause heat gains and electrical power demand, while waste is responsible 

for the production of combustible and recyclable solids. Since their presence is 

stochastic in nature, the Markov condition is used for their modelling. 

The plant and equipment models include the HVAC systems, as well as the energy 

conversion systems (ECS). The HVAC model is based on the psychrometry of humid 

air, while the ECS model is based on performance curve regression equations. If the 

ECS models fail to satisfy the HVAC demands, then the supply state is updated and 

the predicted room thermal state is corrected.  

The core models were implemented in a case study in the district of Matthaus in 

Basel, Switzerland. As soon as the physical characteristics (walls, windows, roofs) of 

the buildings are defined using some useful data (construction date, renovation 

status), the ideal heating and cooling demands can be calculated. Besides from the 

above-mentioned analysis, CitySim can conduct analysis on the embodied energy 

content of materials. Furthermore, according to Robinson et al. (2009), CitySim is 

planned to develop a simplified model of water flows, including the water 

consumption in buildings, evapotranspiration, harvesting and storage of rainwater etc. 

What is more, effort has been placed in the urban climate modelling towards the 

coupling of models with different spatial scales. One problem that arises in cities is 

the urban heat island. In addition, the temperature, wind and pressure field are 

predicted by a macro, meso or urban canopy model, considering not only the 

buildings but also the scales which are larger than the city itself. 

Regarding the algorithms, heuristic methods are needed to resolve the response 

function computed by CitySim. Two evolutionary algorithms have been developed 

that exhibit robustness over a wide range of optimization problems. At last, to 

consider transport related energy use, the Multi-Agent Transport Simulation Toolkit 

MATSim-T is used (Robinson, et al., 2009). 

3.6.2 SUNtool 

CitySim’s predecessor, SUNtool (Robinson, et al., 2007) shared the same objective; 

the development of a tool towards the optimization of sustainability in urban 

neighborhoods. This has to be an early stage decision making tool for sustainable 

urban design since the designer should be able to optimise the layout and design of 

buildings to minimise energy demands, as well as to choose the optimum combination 
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of technologies to supply and control energy and to process water and waste. SUNtool 

consists of the interface and the solver part. The first one includes the definition of 

simulation settings (location, iDefaults e.g. climate, occupancy schedule, appliances, 

glazing ratio, constructions, systems) as well as a 3D geometry modeler. The solver 

design includes a) microclimate models (radiation, temperature prediction), b) thermal 

modelling, c) stochastic modelling (behavioural models), as well as d) plant 

modelling. After the interface settings are defined, they are parsed via XML files to 

the solver, following a similar procedure as described in CitySim.  

In terms of the interface design, both 3D geometry and environmental modelling 

domains were examined to achieve the optimum results. For this reason, many ideas 

were borrowed from other programs, such as AutoCAD, Sketchup, Rhino etc. It is 

noteworthy that both the drawing and the original settings are very simply designed 

and defined, respectively. The simulation may be held either for a set of a buildings or 

even a sub-set. The computation speed and accuracy are important parameters and 

have to remain as reasonable as possible. In this case, two tests were made; the 

runtime varied from 9 minutes to 18 minutes depending whether it was a set of 100 

single-zone buildings or double-zone buildings. 

 Robinson et al. (2007) state that SUNtool is the “first integrated dynamic model 

which enables physically rigorous analyses of relationships between urban form and 

building energy consumption, from which to derive sound urban planning guidelines”. 

In particular, according to a case study based in Athens (Greece), it was noticed that 

with less transmitted solar energy but with the same fabric heat losses, heating energy 

consumption increases with the height to width (h/w) façade glazing ratio. The 

inverse trend comes up as glazing ratio increases. In general, it was concluded that the 

glazing ratio of south facing façade should preferably not exceed 30% and be located 

in canyons of h/w less than 1. However, it is likely that a higher glazing ratio would 

be preferable if blinds were used to effectively reduce excess solar heat gains. 

Nevertheless, if blinds are used to minimize glare problems, a higher glazing ratio 

might probably be needed. 

Regarding the same case study, relationships between building and urban form and 

energy consumption, as well as the use of several renewable energy technologies to 

minimize net energy consumption were also examined. 

On the other hand, SUNtool contains some important drawbacks, which were tried to 

be overcome with CitySim. Firstly, the treatment of water appliances’ output as well 

as the treatment and storage of rainwater is not modelled. Moreover, synergetic 

energy exchanges between buildings are not yet modelled, neither is the digestion of 

human waste to produce biogas, or the incineration of collected refuse. The influence 

of the local thermal microclimate to building energy demands is not fully illustrated. 

Other uncertainties of SUNtool have to do with street lighting and transport, life cycle 

cost analyses and input parameters when designing new neighborhoods. The authors 

propose the introduction of a quantitative indicator for environmental sustainability 
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which will balance the various energy flows and better guide the optimization 

process. 

Concluding, the most significant innovation and advantages of SUNtool can be 

summarized in the following: i) the ability to make use of intelligent defaults 

(iDefaults) and methods for copying and cloning  buildings, ii) the simulation of 

shortwave and longwave radiation exchange and interior daylight, taking into account 

all external obstacles and variable sky types, iii) a simplified thermal model and its 

application to multi-zone buildings, iv) a range of stochastic models, predicting 

occupant presence and their behavioural patterns and interactions with windows, 

shading  devices, lights and appliances, v) automatic zoning of internal spaces, 

according to internal use and external views, vi) a set of ‘energy source’ models, 

which may be building embedded or site wide, enabling connections between these 

sources and accounting for distribution losses and vii) its solver speed, which can 

simulate more than 100 single-zone buildings in less than 10 minutes (Robinson, et 

al., 2007). 

3.6.3 Umi 

A more recent approach towards the aggregation of building models has been made 

by the Department of Architecture in MIT, where Prof. Reinhart is in charge. His 

team has developed an urban modelling design tool called Umi, which is based in 

Rhinoceros. This urban simulation environment allows users to study complete 

neighborhoods in terms of building energy use, daylight and walkability. Umi uses 

Rhinoceros (Windows based NURBS modeler) as its CAD modelling platform, 

EnergyPlus for thermal and energy simulations, Daysim for daylight analysis and 

Python scripts for walkability evaluations. Comparing Umi with the afore-mentioned 

Suntool, it is easily concluded that while both tools are newly developed, Umi relies 

on already existing commonly-used modelling platforms, thus making it more user-

friendly (Reinhart, et al., 2013).  

Concerning the energy simulations, Umi creates EnergyPlus files for every building 

and runs individual yearly simulations either in sequence or parallel depending on the 

available amount of process threads. The EnergyPlus models are created in two steps. 

Building volume is studied into different levels. Umi generates both core and 

envelope zones, while the last ones have a depth twice as the floor-to-floor height. All 

zones have the same technical characteristics (construction types, infiltration, 

schedules etc.) as defined in the building’s template.  Internal walls and surfaces are 

modelled as air surfaces, while adjacent surfaces between different buildings are 

conceived as adiabatic ones. Neighboring buildings are modelled as shading objects in 

the individual building simulations. HVAC energy use is calculated based on 

EnergyPlus ideal air loads coupled with some user-defined efficiencies.  

Daylight analyses are also conducted by Umi using the Urban Daylight program, 

which is based on Daysim. In detail, it calculates annual daylight availability for each 

floor in every building. Daysim calculates hourly radiation values on a grid of 
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sensors, placed on every building façade of the model. These are then converted to 

interior work plane sensors, which outline the role of façade segments to interior 

illuminance achieved levels. Afterwards, some climate-based metrics such as 

Daylight Autonomy and Continuous Daylight Autonomy are created. Regarding 

outdoor daylight conditions, Umi-Daylight is used to evaluate which parts of 

courtyards or streets need local shading. 

In addition, Umi evaluates a city in terms of walkability – how walking friendly an 

area is. This is done through a sustainable transportation module, which enables the 

connection between neighborhood walkability and related carbon emissions. 

Walkscore values regard the percentage of accessibility of citizens to a number of 

amenities (grocery shops, schools, parks etc.). These are calculated for every building, 

while the user is able to define the amenities table. Carbon emissions are associated 

with walkability, as Umi combines a trip generator with Walkscore, ambient 

temperature and rainfall so as to predict how many trips can be done on foot annually. 

In general, Umi is a holistic tool that allows users to simulate urban environments, 

while counterbalancing access to daylight against energy efficiency.  Though it is 

intended for implementation on new neighborhoods, further research should be 

conducted towards the retrofitting and urban densification. Converting GIS city maps 

to CAD data is a challenge that Umi is called to resolve. Currently, a case study of the 

City of North Vancouver is being examined in Umi, thus being a proof of concept 

(Reinhart, et al., 2013). 

3.6.4 CityGML 

Efforts to aggregate building models and estimate their energy demand have been 

made with the help of CityGML. CityGML was developed by the Special Interest 

Group 3D (SIG 3D) chaired by Thomas H. Kolbe in 2002, as part of the initiative 

Spatial Data Infrastructure North Rhine Westphalia (GDI NRW). Since 2008, it is the 

international standard of the Open Geospatial Consortium (OGC) for the 

representation, storage and exchange of virtual 3D city and landscapes models 

(Gröger & Plümer, 2012). It enables the visualization of 3D objects, while defining 

five levels of detail. It supports the modelling of a wide variety of entities, starting 

from individual buildings to whole districts, cities or even countries. CityGML is 

based on the Geography Markup Language (GML), which enables the standardization 

of a geometry model. It also provides interoperability among different geo web 

services and spatial data infrastructures towards data exchange. Thus, it has been 

widely used by a variety of computational tools, which contain CityGML interfaces. 

CityGML focuses on the semantical aspects of 3D virtual city models, their 

taxonomies, structures and aggregations, which differentiate it from other purely 

geometrical or graphical models (Gröger & Plümer, 2012). It allows the visualization 

and analysis of these models in a wide range of application areas, such as 

environmental simulations, energy demand estimations, as well as city lifecycle 
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management, real estate appraisal, disaster management, pedestrian navigation, 

robotics, urban data mining and location based marketing analyses (Kolbe, 2012). 

In particular, the five levels of geometric representation of a building for heating 

demand analysis are the following: zero level (LOD0) is a two and a half dimensional 

terrain model. The first level (LOD1) is a city/site model, which includes only simple 

rectangular blocks representing buildings; LOD2 adds the roof form, as well as some 

larger building installations (e.g. balconies); LOD3 includes the placement of the 

façade windows, doors and bays; lastly, LOD4 consists of the modelling of a LOD3 

model by adding interior structures (e.g. rooms, furniture etc.) (Kolbe, 2009). Another 

significant advantage of CityGML is the possibility of coupling between Urban 

Information Models and Building Information Models (BIM).  

3.6.4.1 Energy applications of CityGML 

The calculation of whole district areas’ heating demand can be achieved with a 

CityGML-based 3D city model designed by HFT (Hochschule für Technik Stuttgart). 

According to this, two case studies in Germany were selected, while the accuracy of 

the model was also evaluated by comparing the simulation results with real measured 

consumption data. CityGML was chosen as the 3D city modelling formula since it is a 

spatio-semantic model, including five levels of detail. A specific Java-based software, 

named CAT3D, was developed by HFT to enable the extraction of geometric 

information (e.g. adjacent walls, volumes etc.). To calculate heating demand, the 

quasi-static monthly energy balance was used in this case (standardized in IDO 

13790). It is a commonly accepted algorithm that contains only a few input 

requirements, which are compatible with a 3D city model. Furthermore, its 

computational time is short enough to allow the simulation of scenarios for thousands 

of buildings (Nouvel, et al., 2013). However, some simplifications were made on the 

algorithm described in ISO 13790. In particular, every building is modelled with a 

single thermal zone so as to match with the detail level of LOD1 and LOD2. 

Moreover, an empirical “user-factor” was presented to adjust the heating demand 

results with the on-site reality.  

Two case studies were investigated in the specific study: one in Ludwigsburg and the 

other in Karlsruhe. The yearly heating demands for every block were simulated 

according to the 3D city model. In order to check the accuracy of the model, the 

simulated demands results were compared with real data. From this comparison, it 

was concluded that the mean deviation between the simulated and real heating 

demands was 21% and 6.7% for the case studies in Ludwigsburg and Karlsruhe, 

respectively. The respective standard deviations were 11% and 18%. Thus, the total 

simulated heating demands based on the 3D model were overestimated by 21% and 

approximately 7% for the two cases. In the report, it is stated that these deviations 

would be acceptable from a city-scale point view, since the typical oversizing of 

energy supply systems is around 20%. Moreover, it is concluded that the accuracy of 

the simulated demand is highly affected by the building data availability and 
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uncertainty. It is also stated that in case of an urban refurbishment policy, the total 

heating demand in the residential area in Ludwigsburg would decrease by 50% after 

25 years. Concluding, it is important for the authors that a 3D city model enables the 

calculation of the district carbon footprint, as well as detailed economic analysis 

besides the energy simulation part (Nouvel, et al., 2013). 

In addition, many other methods to estimate energy usage of a cluster of buildings 

have been developed based on CityGML data and LOD models. The ones developed 

by Carrión et al. (2010) and Strzalka et al. (2011) have very interesting approaches. 
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Chapter 4 Aggregating building energy 

demands 

Aggregating building energy demands is an important step, which is extensively 

discussed by many studies nowadays. It can be realized as a bottom-up approach. It 

starts with the analysis of individual buildings’ energy and moves to an upwards 

aggregation, which can be used to evaluate the performance of the whole building 

stock. Moreover, the fact that energy and resource flows are a function of dynamic 

relationships between the building envelope and the installed energy systems should 

be taken into account. Thus, when using dynamic models to deal with the lower 

individual building level and then moving to their aggregation upwards, the analysis 

and resolution of their energy use and performance is accomplished with great 

accuracy. Moreover, the bottom-up approach of aggregation can lead to the 

recognition of sensitive variables that affect significantly the overall energy 

performance. The observation of energy use trends and profiles for the total aggregate 

stock also facilitates the prediction of buildings’ energy demand in the future (IEA, 

2001). 

The scale of building energy aggregation can range from small neighborhoods for 

single projects to national building stocks for the residential, commercial or industrial 

sector. Either way, the aggregation way and the structure of the data followed are the 

same.  

The scientific interest upon aggregation has increased more during the last years, as 

the concepts of sustainable energy and smart cities have entered the agenda of most 

countries. This is also due to its potential to facilitate decision-making in many 

scientific fields. More specifically, its contribution to decision-making can be 

summarized in two ways (IEA, 2001): 

 Designers can have a better overview of the impact of individual buildings to 

the aggregated stock and adapt accordingly their design. 

 Planners and policy-makers can have a holistic database including energy use 

data, which directly affects energy resources use, power system stability, as 

well as environmental emissions. 

In addition, aggregation of building energy can have different benefits depending on 

the spatial scale. At a local scale, it can promote urban planning management for 

medium-term planning decisions. In particular, it can facilitate local area load 

management and monitoring impacts of local policy and programs. At national level, 

it can help governments and public authorities to manage more sustainably building 

stock, as it is the largest financial and physical capital of most developed societies. 

What is more, aggregation of building energy demands -through the creation of 

detailed databases- helps governments reach their environmental goals in terms of 
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greenhouse gas reduction. Implementing energy modelling tools on these databases is 

an effective planning tool, which enables the evaluation of policy options and the 

achievement of quantifiable national targets.  

Furthermore, if done properly, aggregating building energy demands can prevent the 

risk and cost of overloading the local infrastructure (IEA, 2001). For example, 

building designers can avoid the integration of technologies that increase peak 

demands on the power system when having a total view of the aggregate building 

energy. On the contrary, when looking at buildings individually, the integration of 

these technologies may have appeared to be less cost-effective and not so preferable 

by the building owners.  

Aggregation of building energy can also improve building energy performance 

through several ways. Firstly, the highlight areas with great potential for 

improvements in energy use can be identified. Secondly, the optimization of policy 

regulations and incentives is enabled. Thirdly, the way energy security affects 

building energy demand and environmental pollution can be determined. Lastly, 

priorities for development in the investigated areas can be assigned. 

The aggregation of building energy demands can be classified into two ways: i) the 

energy estimates of individual buildings can be added up to calculate the total energy 

use of the building stock, ii) reference buildings and categories can be used, which 

will be representative for the whole stock and weighting factors can be used 

proportionally for every category. Both methods are valid for every type of building 

energy demand, including heat demand, hot water demand or electricity demand. 

They are presented analytically below. 

4.1 Aggregation of individual buildings’ energy estimates 

Aggregation of individual building energy demands is commonly calculated in a 

plethora of studies. However, none study has ever described analytically the 

methodology of the aggregation. The simplest and most common to aggregate energy 

demands is to add them up. Thus, the total energy consumption of the aggregated 

stock Y will be a sum of the individual buildings’ energy demands, as presented in the 

following formula. 

   ∑ ( )

 

   

 (4.1) 

 

where Y is the total energy demand of the examined building stock [kWh], n is the 

number of individual buildings and X is the energy demand per building [kWh]. 

It is assumed that each building’s load profile is independent and normally distributed 

for simplification reasons.  
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The majority of scientific studies that deal with aggregate energy data in a variety of 

applications make use of this method. The advantage of it is the simplified 

methodology and the accuracy of the total results. On the other hand, detailed data, 

measurements and a load of energy simulations are required to calculate the energy 

demand of every building. This data-intensive approach proves to be very time-

consuming and expensive. For this reason, it is mainly used at local scale, when a 

small neighborhood or a district is examined and access to such data is possible. 

However, if aggregation aims at a national level, then estimating the energy use for 

every building becomes even more difficult. 

4.2 Aggregation based on reference buildings 

To overcome the difficulties that arise from aggregating every individual building’s 

energy demand, reference buildings have been introduced as a concept to stock 

aggregation. These represent fully the features of buildings included in every 

category. The process of aggregation is greatly simplified, since the number of 

reference buildings is only a small part of the total stock. What is more, they are not 

so much affected by poor data quality. Databases of reference buildings enable the 

addition of new buildings or even existing ones, when their data become available and 

can be registered to them (IEA, 2001).  

The use of reference buildings necessitates the classification of them, which has been 

a promising tool in terms of stock aggregation during the last decades. Many efforts 

have been made by governments and local authorities worldwide to register data of 

the existing building stock. The classification of buildings into types refers to various 

parameters such as their utility, age of construction, floor area, energy use, climate 

zone etc. The number of the representative archetype buildings varies and highly 

depends on the homogeneity of the building stock. The segmentation of the latter into 

archetype buildings can be in accordance with national or international databases, 

which describe fully the procedure.  

Such databases have been developed both in Europe (TABULA) and USA (CBECS). 

In fact, according to Annex III of the European Directive on Energy Performance of 

Buildings, all member states are required to establish reference buildings to determine 

energy performance of the existing and new building stock, as well as to assess cost-

optimal energy savings measures (EU, 2010). Focusing on Denmark, the Danish 

Building Research Institute has conducted extensive research on Danish residential 

building typologies. Example and average buildings have been created, which 

represent the total residential stock. These enable the creation of a national energy 

balance within typologies. The total energy demand was calculated based on this 

model and compared to statistical data; a deviation of 7% was found for the case of 

single-family houses (Wittchen & Kragh, 2012). Also, the total energy savings 

potential of residential buildings was estimated based on different proposed measures. 
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According to the methodology of reference buildings, the aggregation of building 

energy demand is made in two steps: i) multiplying the results of each building type 

with the total number of buildings included or their total floor area and ii) summing 

the sub-totals to calculate the aggregate energy demand. These steps are indicated by 

the equation below. 

    ∑ ( )  ( )

 

   

 (4.2) 

 

where Y is the aggregate energy use for the examined area [kWh], j is the building 

type, N is the total number of building types describing the stock, X is the energy 

demand per building type [kWh] and B is the total number of buildings included in 

every type. 

Alternatively, if every archetype’s energy demand is estimated per floor area - the 

also known as Energy Use Intensity (EUI) [kWh/m
2
] - the above formula is changed 

as follows: 

    ∑   ( )  ( )

 

   

 (4.3) 

 

where Y is the aggregate energy use for the examined area [kWh], j is the building 

type, N is the total number of building types describing the stock, EUI is the energy 

demand per floor area [kWh/m
2
] for each building type and A is the total floor area 

[m
2
] of all buildings included in the respective type. 

The above-mentioned methodology has been applied to a plethora of urban scale 

modelling studies. Indicative are the ones conducted by Choudhary (2011) and 

Matsuoka et al. (2013). In particular, Choudhary (2011) makes use of the EUI, which 

represents the energy consumption of a set of uniform buildings within an area that is 

normalized and expressed as kWh/m
2
/year. In the same study, the author proposes 

that in order to come up with the total energy consumption of buildings within a 

region Ek, the following equation has to be applied: 

     ∑   ( )   (   )

 

   

      (4.4) 

 

Where PA(i,k) is the share of building floor area of building type i in district k, N is 

the total number of primary building types and εk is an error term, standing for the 

deviation between the recorded gross energy consumption of a district and that of its 

individual buildings. 
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Although not many cities hold or publish such extensive and detailed data, for the 

examined case of London, this data is available for the 33 Local Authorities in 

Greater London except for the N building types which can be summarized to at least 

10. To overcome the difficulty of inadequate and uncertain information, Choudhary 

(2011) used the Bayesian regression to estimate the EUIs of non-domestic buildings 

in London. To carry out the Bayesian regression, WinBUGS was used. WinBUGS is a 

software based on Marcov chain Monte Carlo methods for Bayesian probability 

models. In the specific study, EUI was assumed to consist of thermal energy 

consumption and electricity. Choudhary (2011) concludes that offices in London are 

proved to consume more energy than the typical value estimated for UK. The error 

term εk is calculated to be within the range of 115-158 kWh/m
2
/year.   

A similar method is presented by Matsuoka et al. (2013), describing an urban-scale 

energy demand model of retail facilities located in Keihanshin metropolitan area, 

Japan. Three different ways were used to estimate the energy demand of the city: in 

the beginning a statistical analysis of actual energy data was conducted; afterwards, 

archetypes were developed for every stock category and EUI was estimated; finally, 

the energy consumption of retail facilities was calculated based on the total sales floor 

area. 14 stock categories were developed; hence 14 building archetypes were designed 

according to a set of input data for building performance simulation so as to estimate 

EUI. The results of the estimated EUI of archetypes are illustrated in Figure 4.1. The 

authors conclude that these results were generally quite similar with the actual EUI, 

except for the case of convenience drug. Therefore, the archetype design successfully 

represented the differences among the several stock categories.  

 

Figure 4.1 Energy use intensity of archetypes. Source: Matsuoka et al. (2013) 
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According to the final step of the energy consumption calculation, total sales floor 

area and the afore-mentioned EUI were considered. More specifically, the total 

energy consumption of each stock category was calculated by multiplying the total 

sales floor area with the EUI per area. Matsuoka et al. (2013) conclude that the 

proposed model manages to simulate urban-scale retail sectors, while considering the 

plethora of energy usage of retail facilities. On the other hand, one important 

weakness of the model is that it is impossible to take into account the variability in 

EUI with the archetype engineering model. Therefore, it is proposed that a 

probabilistic approach is followed, which considers input parameters as statistical 

distributions in the simulation process using the archetypes. 

A different approach to this aggregation method is presented by Heller et al. (2014) 

towards flexibility aggregation. To include the flexibility potential of every building 

to the total power system, the above-presented equation is transformed as follows: 

    ∑ 

 

   

 (4.5) 

 

where F is the flexibility for the whole city or population of buildings, f is the 

individual flexibility simulated for a given building/-type, i is a counter and n is the 

number of buildings/-type. 
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Chapter 5 Implementation of City energy 

model 

After the importance of city simulation for Smart Cities has been outlined and the 

existing aggregating methods and tools have been presented, an implementation of the 

above-mentioned theory is required, so that specific real-case results and conclusions 

are drawn within this study. Therefore, one real case was selected to investigate a city 

energy model and to draw some conclusions on aggregated results in terms of energy 

demand.  

5.1 Description of the case-study 

This case-study is located in Sønderborg, a city with a population of 27,434 in the 

Southern part of Denmark. The reason that this case was selected is the special 

importance of it regarding future carbon emissions goals and the great interest that has 

been placed on this city to reach its ambitious future goals. In particular, according to 

ProjectZero, Sønderborg’s goal is to become carbon-neutral by 2029, while halving 

its current energy consumption and increasing the penetration of local renewable 

energy sources (ProjectZero & SRC, 2011). At the moment, carbon emissions 

produced by housing sector come in the third place with 25%, following the industrial 

sector and the road transport.  Energy retrofit of houses plays an important role 

towards the achievement of the area’s goals. The Sønderborg Municipality aims at 

constructing all new buildings in a way that enables their classification as low energy 

class 1, meaning that their energy performance is 50% better than the minimum 

requirement. Moreover, green district heating consisting of solar, geothermal or 

biogas plants, as well as heat pumps will contribute to the vision of a zero carbon 

region (ProjectZero & SRC, 2011). Thus, Sønderborg area intends to be a pioneer for 

sustainable climate mindset.  

In particular, the present study intends to emphasize on the existing buildings of the 

residential sector, as the latter covers the majority of the region’s heat demand. The 

allocation of heat demand on different building categories for the Sønderborg area is 

illustrated in Figure 5.1. A similar trend is noticed also in the allocation of heat 

demand for Denmark, which is presented in Figure 5.2. Thus, Sønderborg’s 

residential sector has a higher share of heat demand allocation than the Danish one, 

while it has a lower share for the business sector. In general, the residential sector 

covers the majority of European buildings’ total floor area, counting for 75%.  
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Figure 5.1 Allocation of the net heat demand in the Sønderborg area on building categories 

(ProjectZero, et al., 2009) 

 

 

 

Figure 5.2 Allocation of Denmark’s heat demand on building categories (Rambøll Danmark 

A/S & Aalborg Universitet, 2008) 
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Figure 5.3 Placement of the 16 examined houses in the wider Sønderborg area  

 

More specifically, data from 16 one-floor single-family houses were acquired, all 

located in Sønderborg, which were constructed mainly in the 1960s. Their building 

envelope consists mostly of brick, while their floor areas vary from 85 to 175 m
2
. 

They are all connected to the local district heating network and they don’t include any 

solar heating panels. Moreover, no mechanical cooling is installed in the houses. All 

of them include only radiators for heating.  

Figure 5.3 illustrates the wider area where the 16 houses are located (marked with the 

yellow stars), while Figure 5.4 illustrates the typical design of the examined single-

family houses. 

 

 

 

Figure 5.4 Typical design of the examined single-family houses 
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5.2 Sources of information 

To enable the modelling and energy simulation of the selected case-study, some 

necessary building data had to be collected. For this reason, a plethora of databases 

were used.  

5.2.1 Danish Building Register 

Firstly, the Danish Building Register or “Bygnings- og Boligregistret” (BBR) was 

used to gather much information about the investigated houses. BBR is a nationwide 

registry including data of all Danish buildings and homes. It was originally set up in 

1977 by collecting information from building’s owners via questionnaires. Since then, 

it has been updated regularly by local authorities and by citizens (The Danish 

Ministry of Housing, 2012).  

Data contained in BBR and provided for every registered house are categorized into 

areas, building constructions and installations. Information about areas can be 

summarized to the following: total building/residential/commercial area, built-up area, 

number of storeys, attic and total basement area. Building constructions information 

regard constructional issues, external wall’s materials and roofing materials. 

Moreover, installations information are provided concerning the type of heating 

installation and the heating source, energy supply, elevators, the existence of energy 

certificate and additional heating. Nowadays, BBR contains information about 1.6 

million properties, 3.8 million buildings and 2.7 million dwellings and commercial 

units (Wittchen & Kragh, 2012). 

BBR information was extracted by the online platform “Den Offentlige 

Informationsserver” or OIS.dk, where all real estate data is available freely for public 

access (The Danish Ministry of Housing, 2001). In particular, for the current study the 

following information was collected: the construction year, the floor area, a brief 

description of the building’s design and the construction materials. These are 

presented in Table 5.1. 

Table 5.1 Characteristics of the 16 selected single-family houses 

House 

Number 

Floor area 

[m
2
] 

Construction year 

0 151 1970 

1 174 1969 

2 140 1963 

3 86 1952 

4 111 1966 

5 119 1963 

6 119 1947 

7 160 1965 

8 173 1965 

9 135 1996 



Chapter 5 Implementation of City energy model 

33 

 

10 122 1966 

11 136 1975 

12 86 1937 

13 123 1965 

14 127 1953 

15 137 1967 

 

5.2.2 TABULA project 

According to the Intelligent Energy project TABULA, national typologies were 

developed based on the residential stock of 13 European countries. These typologies 

include a classification concept for existing residential buildings according to age, 

size and further parameters, as well as a set of exemplary buildings which represent 

specific building types of the national stocks (TABULA, 2012). 

More specifically, the Danish building stock is divided into three types (single-family 

houses, terraced houses and apartment blocks) and into nine periods of construction. 

These periods were identified through changes in the building traditions, as well as 

changes in the energy requirements according to the Danish Building Regulations. 

The building age periods with the corresponding energy related changes are presented 

in Table 5.2. 

Table 5.2 Danish building age periods according to TABULA (Wittchen & Kragh, 2012) 

Period Year of construction Comment 

1 Before 1850 shift in building tradition 

2 1851 - 1930 shift in building tradition 

3 1931 – 1950 cavity walls introduced 

4 1951 – 1960 insulated cavity walls introduced 

5 1961 – 1972 first energy requirements in BR61 

6 1973 – 1978 tightened energy requirements in BR72 

7 1979 – 1998 tightened energy requirements in BR78 

8 1999 – 2007 tightened energy requirements in BR98 

9 2007 – 2011 tightened energy requirements in BR06/08 

  

TABULA WebTool offers an online calculation of the exemplary buildings. In 

particular, energy related features, the energy consumption in the existing state and 

the effect of energy saving measures on two levels (Standard, Advanced) are provided 

for a typical building of the selected country (TABULA, 2012). 

In the present study, the thermal characteristics of the envelope were found through 

the TABULA WebTool, based on the construction year and on the building type (EU, 

2011). Thus, the U-values of the foundations, walls, roofs and windows were acquired 

depending on the type of every house and the age of construction and they are 

presented in Table 5.3. What is more, these values are available both for the existing 

state and for two refurbishment options: a usual and an advanced one. 
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Table 5.3 U-values of the 16 single-family houses (existing state) according to TABULA 

WebTool 

House 

Number 

U-value Roof 

[W/m
2
K] 

U-value Wall 

[W/m
2
K] 

U-value Window 

[W/m
2
K] 

U-value Floor 

[W/m
2
K] 

0 0.3 0.6 2.8 0.44 

1 0.3 0.6 2.8 0.44 

2 0.3 0.6 2.8 0.44 

3 0.38 1 2.8 0.52 

4 0.3 0.6 2.8 0.44 

5 0.3 0.6 2.8 0.44 

6 1.5 1.6 2.7 1.03 

7 0.3 0.6 2.8 0.44 

8 0.3 0.6 2.8 0.44 

9 0.11 0.48 1.5 0.33 

10 0.3 0.6 2.8 0.44 

11 0.3 0.3 2.7 0.2 

12 1.5 1.6 2.7 1.03 

13 0.3 0.6 2.8 0.44 

14 0.38 1 2.8 0.52 

15 0.3 0.6 2.8 0.44 

 

5.2.3 Google Maps - Street View 

Even though the ground area was known for the 16 single-family houses via the BBR 

data, their exact dimensions or their design was not given. So, a realistic estimation 

for them was made with the help of Google Maps regarding the houses’ ground plan 

and the houses’ orientation, as well as with the help of Street View concerning the 

building’s design, the type and placement of windows and doors.  

5.2.4 Questionnaires 

Information about the number of occupants was gathered by questionnaires which 

were distributed to them (ENFOR A/S, 2010). Their results are presented in Figure 

5.5. In addition, on site observations were made to determine whether the houses had 

undergone any energy refurbishments since their construction.  

5.2.5 National databases 

Detailed information including floor plans, technical characteristics of the building, its 

renovation state and analytical description of its HVAC systems may be included in 

national databases. These can be very useful for any similar bottom-up urban energy 

simulations, since they provide all the necessary detailed building information. It is 

obvious that it is very difficult for authorities to identify, inspect and record all the 

afore-mentioned information for a majority of buildings. Nevertheless, efforts have 

been made in recent years to construct such detailed online databases, which include 

as much information as possible.  
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Figure 5.5 Number of occupants of the 16 examined houses according to questionnaires 

distributed 

 

In Denmark, Boligejer is an online portal, which contains guides, tools and documents 

that enable users to sell or buy houses (The Danish Ministry of Housing, 2006). Apart 

from the costs and the transaction processes, it provides access to the Danish national 

databases containing real estate information, as it has been merged with OIS.dk since 

2009. Specifically, it contains property data reports with information regarding: a) the 

building itself, such as BBR information, installations and energy labelling with 

possible energy renovation solutions, b) economy, such as real estate data and 

property cost, c) plans, such as local plans or heat supply plans, d) water and soil 

contamination systems, e) nature, forestry and agricultural data, f) municipal 

environmental data. This wide plethora of information is mainly derived by public 

authorities.  

Weblager is an electronic Danish project, which contains building archives provided 

by the majority of the country’s municipalities (Dansk Scanning, 2012). The amount 

of updated information contained in these archives depends on the age of the 

municipal reports. More specifically, some of these reports may contain detailed floor 

plans and economic data (selling price). Moreover, it is possible to integrate Weblager 

with GIS systems.  

Sparenergi is a Danish online platform, which encourages Danes to save energy 

(Energistyrelsen, 2004). Specifically, it is a consumer-oriented website, which offers 

updated information about energy efficiency, mainly aiming at energy renovation. It 

helps the consumers get an overview of the possible energy retrofit types. This is 

accomplished through various tools including: a) CaseBank, where personal 
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experiences of energy renovation are contained; b) the Digital Energy Class, which 

provides freely analytical technical reports for every Danish registered building; c) 

Energy Solutions, where possible measures of energy renovation are suggested 

towards minimizing energy consumption and increasing building’s energy efficiency; 

d) Guides for energy renovation projects from the beginning till its implementation, as 

well as advice for energy efficient consumer habits; e) Better Housing, which is a 

system that makes it easier for homeowners to refurbish their houses efficiently.  The 

technical reports provided at Sparenergi have been prepared by private technical 

companies and contain information about the building energy consumption, its 

Energy Class according to the regulations, cost savings by possible renovation 

solutions and their payback time, as well as the building’s future Energy Class if the 

suggested renovation measures are implemented. 

Unfortunately, in the afore-mentioned online databases, the majority of the examined 

houses were not registered. Thus, they could not be utilized in the present study. 

5.2.6 Measurements 

Acquiring data from real measurements in the 16 single-family houses in Sønderborg 

was crucial for the current study’s approach and for the validation of the calculated 

results. These data were collected by Sønderborg Fjernvarme A/S  and consist of heat 

consumption data, respectively for the period from ultimo January 2009 to primo June 

2011. The heat load was measured every 10 minutes with a resolution of 0.1 kWh 

throughout the whole period (ENFOR A/S, 2010). It consisted of the space heat load 

and the hot water load. The first secondary period started in January 2009 and ended 

in December 2009, while the second period started in January 2010 and ended in 

December 2010. The measurements for the first period (2009) were not utilized in the 

present project, since many errors and empty values were noticed in them in the 

majority of the houses. In addition, local weather data were collected including the 

ambient temperature. 

5.3 Description of the selected simulation tool 

The modelling of the above-described 16 single-family houses was made in Termite. 

Termite is a parametric tool, which serves the concept of Parametric City Scale 

Energy Modelling. It is a newly developed tool by PhD student Kristoffer Negendahl 

of the DTU Civil Engineering Department. Termite uses the Danish building 

performance simulation engine Be10 that will be explained below. Termite is written 

for the Grasshopper 3D/Rhinoceros 3D environments. Rhinoceros® is a NURBS 

CAD design environment, while GrasshopperTM is a visual parametric programming 

interface. Thus, Termite supports any geometry designed with or imported in 

Rhinoceros, while enabling all parametric properties of Grasshopper (Negendahl, 

2014). Termite was originally developed for individual building modelling, but 

through the present study, its use for city scale modelling will be also outlined. To be 

able to work properly, it requires the installation of Rhinoceros 5, Grasshopper, 
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GhPython and Be10. Termite allows the connection of spatial data and parametric 

design environment with an energy simulation tool, which in this case is Be10. The 

aim is to enable an interactive flow of information through the design decision 

process and the energy calculation process. Furthermore, Termite’s simulation time is 

infinitesimal, mostly lasting only a few milliseconds. Thus, it enables the parametric 

modelling and simulation of thousands of building models within a few minutes. 

 

Figure 5.6 Typical Termite setup in Grasshopper 

 

Termite involves six different panels including 26 components that have to be defined 

to achieve an accurate calculation of energy performance. These are illustrated in 

Figure 5.6 and consist of: i) the main components for the calculations, which are 

necessary for the simulation, where building type, the whole building simulation tool 

and results are included; ii) a second category of main components, which regard 

building envelope, thermal bridges, windows and shading; iii) a category of 

components regarding zones’ information, which are classified into internal loads, 

ventilation systems and lighting systems; iv) the systems’ components, including 

heating and cooling systems, hot water tanks, as well as pumps and pipes; v) the 

energy production components, including district heating, solar heating, solar cells 

(photovoltaics) and fuel based supply (boilers, stoves); vi) the support components, 

which help generate inputs for the previous-mentioned components. 

Be10 is an energy demand calculation software developed by SBi, which uses 

methodologies included in experimental validated dynamic models (Teodoriu & 

Engelund Thomsen, 2013). It calculates the energy needs of buildings in accordance 

with the energy requirements of the Danish Building Regulations BR10 (BR10, 2010) 

and DS418, based on steady state monthly calculations (SBI, 2011). For the 

calculation of energy consumption it uses only a whole building approach opposed to 

other simulation tools, such as IDA ICE and IESVE (Mondrup, et al., 2012). 

Therefore, it considers only one single thermal zone inside each simulated building. In 

addition, Be10 follows the general methodology for calculating the energy 

performance of buildings as described in the Energy Performance Building Directive 

(EPBD) (EU, 2010). It includes both static and non-static parameters in the energy 

performance calculation, but it does not enable the change of the input weather data, 

which are based on the Danish Design Reference Year (DRY) (Christensen, et al., 

2013). 
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5.4 Modelling the case-study 

The case-study of the 16 single-family houses in Sønderborg was modelled in 

Grasshopper/Termite. Detailed presentation of the models setup, as well as analytical 

explanation of the created cases and scenarios is following below. 

5.4.1 Model setup 

Initially, a building model was created for house number 0 in Grasshopper. The 

above-described information sources were used to collect data. The geometry of the 

house included the building envelope (external walls, floor, roof), as well as the 

glazing and external doors. This model is illustrated in Figure 5.7. To create the rest 

of the building models (houses 1-15), a number of lists were made in Grasshopper, 

which contained the input data. The main idea behind that was the parametric 

modelling; thus, if introducing a main controller which would be able to move from 

one house model to the other, by simultaneously changing all input parameters, all 16 

house models would be simulated with just one model setup. So, the only 

differentiation among the various house models lies on the input parameters, which 

alter from house to house. These inputs’ lists regarded every building component and 

characteristic that had to be defined. Regarding geometry and design, lists of 16 

different inputs were made for the dimensions of the houses, the windows’ sizes and 

placement, as well as orientation. An example of them is presented in Figure 5.8. The 

orientation of every building was set accordingly and is presented in Table 5.4. It has 

to be mentioned that 0
o
/360

o
 correspond to a north orientation, while 180

o
 correspond 

to south. All lists were connected with the main controller that determined which 

house would be modelled every time. Therefore, the main controller could take values 

from 0 up to 15, corresponding to the house model number. The automatic movement 

of the main controller from one building model to the other via a timer enables the 

modelling of an unlimited number of buildings varying from hundreds to millions. Of 

course, the larger number of buildings, the more complicated the model setup will be. 

 

Figure 5.7 3D perspective of the building model in Rhino 

 



Chapter 5 Implementation of City energy model 

39 

 

 

Figure 5.8 Example of the creation of inputs lists for the 16 house models in Grasshopper 

Table 5.4. Orientation of the 16 modelled houses 

House number Orientation [degrees] 

0 170 

1 190 

2 70 

3 175 

4 170 

5 185 

6 40 

7 185 

8 155 

9 130 

10 190 

11 155 

12 70 

13 85 

14 170 

15 75 

 

Afterwards, the Termite components were defined and connected to the design 

components of the building models. In particular, the envelope components were 

firstly connected, where the following parameters had to be defined: the U-values of 

every building component (as presented in Table 5.3), as well as the dimensioning 

temperatures (room temperature, outdoor temperature). The room temperature was set 

to 20
o
C, while the outdoor dimensioning temperature was set to -12

o
C, as proposed by 

the Danish Standard (DS418, 2011). The building envelope was divided into three 

categories: walls, floor and roof.  

Then, the transmission losses and the thermal bridges were determined following the 

regulations as stated in DS418. More specifically, the transmission areas were set as 

inputs to the respective components, while the calculation of the transmission losses 
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was executed automatically by Termite based on the following formulas (DS418, 

2011). 

The transmission loss of vertical areas, including external walls, roofs, windows and 

external doors was calculated upon the formula: 

        (     ) (5.1) 

 

where Φt is the transmission loss in W, U is the transmission coefficient in W/m
2
K, A 

is the area of the plane in m
2
, θi is the design indoor temperature in 

o
C and θi is the 

design outdoor temperature in 
o
C. 

The transmission loss through joints around windows and doors was calculated based 

on the equation: 

            (     ) (5.2) 

 

where Ψsa is the linear loss for the joint in W/mK and lsa is the total length of the joint 

in m. 

Lastly, the transmission loss through foundations surrounding ground supported 

floors is estimated using the formula: 

          (     ) (5.3) 

 

where Ψf is the linear loss for foundations in W/mK and lf is the length of the 

foundation in m. 

The calculation of the thermal bridges was made by Termite, based on the lengths of 

cold bridges that were defined. In particular, for joints around windows and external 

doors, the length of cold bridges was equal to the perimeter of the opening. Regarding 

external wall foundations surrounding ground supported floors, the length of cold of 

bridges was defined by the outer perimeter of the foundation. In the present study, the 

linear loss for the joints Ψsa was set to 0.03 W/mK based on the placement of the 

frame, whereas the linear loss for foundations Ψf was set to 0.12 W/mK based on the 

insulation type according to DS418. 

The windows’ properties were also defined in the Termite model setup. Specifically, 

the following parameters were determined for all 16 houses: the glazing area, the 

windows’ orientation and inclination, the windows’ U-values and g-values, the 

window-to-frame ratio, as well as the shading. The latter was calculated using 

information about the horizon, any existing overhangs and the geometry of the 

openings. At this point, the interaction among the different house models was taken 

into account through the shading. An average value of the shading angles created by 

the surrounding houses in the area was calculated for every house and was set as an 
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input to the horizon parameter. Regarding the shading, windows’ U-values and g-

values lists were made containing the different inputs for all 16 modelled houses. 

At this stage, all the above-described information and components were connected to 

the Termite systems’ and production’s components. Firstly, the building type had to 

be determined and was set to 1 corresponding to dwellings, as defined by Be10. 

Secondly, internal loads were calculated using information of the zone area and the 

occupancy loads from people. The latter were calculated based on the number of 

occupants, as presented in Figure 5.5 and the heat production of persons for 

seated/relaxed activity, which equals to 100 W/person as defined by EN13779 (2003). 

The list presented in Table 5.5, which contains the occupancy loads for the 16 

modelled houses, was created in Termite and was connected to the main controller of 

the model. 

Table 5.5 Occupancy loads for the 16 single-family houses 

House number People Loads [W/m
2
] 

0 1.3 

1 1.1 

2 1.4 

3 2.3 

4 0.9 

5 1.7 

6 2.5 

7 2.5 

8 0.6 

9 1.5 

10 1.6 

11 1.5 

12 2.3 

13 1.6 

14 1.6 

15 3.6 

 

Afterwards, the ventilation system was defined in Termite. No mechanical ventilation 

was present in none of the 16 single-family houses, so all mechanical ventilation data 

were set to 0 in the respective component. The natural ventilation parameters were set 

in accordance with the Be10 regulations and are described in Table 5.6.  

Table 5.6 Natural ventilation parameters of the modelled houses set to Termite 

Ventilation parameter Value Units 

qn_w 0.3 l/s m
2
 

qn_s 0.9 l/s m
2
 

qi_s 0.9 l/s m
2
 

SFP 1 - 

 

In the examined houses, no cooling systems were installed. However, the heating 

systems had to be defined in Termite. In particular, their input parameters involved 
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the supply and return temperatures to the system, as well as the type of the stringed 

system, which are presented in Table 5.7. At the examined houses, no electric panels 

or electric distribution plants are installed for main heating. Nonetheless, all of them 

are connected to the local district heating network. Therefore, the respective input 

parameters were set to the Termite components. These included district heat 

exchanger nominal effect, heat loss from district heat exchanger and electricity effect 

of automatics as illustrated in Table 5.8. In addition, it was defined that the district 

heat exchanger runs through the hot water tanks for all 16 houses and it is placed 

inside the buildings. 

Table 5.7 Heating system parameters of the modelled houses as set to Termite 

Heating system Parameter Value 

Supply temperature 60 
o
C 

Return temperature 40 
o
C 

Stringed system Dual 

 

Table 5.8 District heating parameters as set to Termite 

DH parameter Value Units 

DhEffect 16 kW 

DhLoss 1.5 W/K 

AutoEffect 5 - 

 

Lastly, the hot water tank component was determined. This included a number of 

input parameters, with the two most important ones being the hot water tank capacity 

and the hot water consumption. The rest of them regard the supply temperature from 

central heating system, the heat loss coefficient, the gas heater efficiency and the gas 

heater pilot flame energy loss. The hot water tanks of the 16 examined houses were 

not used in combination with any solar heating systems. All the afore-mentioned 

parameters are presented in Table 5.9. 

Table 5.9 Hot water tank parameters as set to Termite 

Hot water tank parameter Value Units 

Tank volume 200 liter 

Hot water consumption 250 liter/m
2
 year 

Supply temperature 60 
o
C 

Heat loss 2.9 W/K 

Gas heater efficiency 0.8 - 

Gas heater flame loss 50 W 

 

Finally, all the above-described components were connected to the ‘whole building 

simulation tool’, which calculated the building energy consumption. 
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5.4.2 Information levels 

One of the most significant challenges of bottom-up city simulation are data 

requirements. For this reason, different information levels were investigated regarding 

the amount of data available for the specific examined case in Sønderborg. These data 

levels are summarized below: 

A. Simple typological data. These data regard the type of the examined house 

according to building typologies. In the current study, TABULA database was 

used, as mentioned before.   

B. Information collected by online public databases. In particular, the 

construction year, the floor area, a general overview of the building’s design 

and the construction materials were collected from the Danish Building 

Register or “Bygnings og boligregisteret” (BBR). 

C. Information acquired by Google Maps, Street View. More specifically, these 

were used to acquire basic design information, such as the houses’ ground 

plan and the houses’ orientation, as well as the type and placement of windows 

and doors. 

D. Information acquired by personal visits to the examined houses, on site 

measurements and distributed questionnaires to the occupants. In particular, 

two sources of information are included in this information level for the 

present study: i) the number of occupants and ii) whether the houses had 

undergone any refurbishments that affected their energy performance. The 

energy refurbishment state is indicated by the U-values of building materials 

and windows, which in case of renovation are significantly lowered according 

to TABULA database. Personal visits to the examined houses may also 

determine if any additional systems (solar PV panels) have been installed at 

them. 

Information levels A, B, C and D were used to model the 16 single-family houses in 

Sønderborg. Six different scenarios were investigated based on them, which are 

illustrated in Table 5.10. The scenarios represent every possible combination of the 

available information that can be created. To facilitate the easy understanding and 

analysis of the 6 created scenarios, Table 5.11 presents a brief description of the 

information included in every scenario.  

Table 5.10 Presentation of the 6 created scenarios based on the 4 different information levels 

Information 

level 

Scenario 

1 

Scenario 

2 

Scenario 

3 

Scenario 

4 

Scenario 

5 

Scenario 

6 

A X X X X X X 

B X X X X X X 

C  X  X  X 

Di    X X X 

Dii   X  X X 
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Table 5.11 Description of specific information contained in every Scenario 

Scenario No. Description of information included 

Scenario 1 BBR 

Scenario 2 BBR & Google Maps/Street View 

Scenario 3 BBR & Refurbishment 

Scenario 4 BBR & Google Maps/Street View & Occup. Loads 

Scenario 5 BBR & People Loads & Refurbishments 

Scenario 6 BBR & Google Maps/StreetView & Occup. Loads & Refurbishments 

 

More specifically, the first scenario was initially constructed using only the necessary 

information, included in information levels A and B, which are the type of the 

building, the age of construction, the floor area and the typical U-values of the houses 

according to TABULA Webtool. The design of houses was created based on generic 

means, aiming at an abstract representation of the actual design. Thus, the floor plan 

for all 16 houses was assumed to be a square area, having equal sides. The glazing 

area was set to be the same for all houses, while the exact orientation was not defined 

in Termite.  

The second scenario was made based on information level C, thus the exact design of 

the houses. The dimensions of the houses and windows, as well as their placement 

were taken into account at this stage. This design information was collected by 

Google Maps and Street View. 

The third, fourth and fifth scenarios of the houses’ model were made according to 

information level D: questionnaires distributed to occupants and on site observations. 

These scenarios’ models included the actual occupancy loads based on the real 

number of occupants, while they also contained information about any possible 

energy refurbishments applied to the houses. The existence of energy refurbishments 

to the building envelope affects significantly the thermal characteristics of the 

building materials and windows (U-values, g-values). The fourth information level 

was divided into these three scenarios (3, 4, 5) so as to separate the impact of the 

individual parameters. More specifically, Scenario 3 model is constructed taking into 

account only the information about any energy refurbishments in the houses, 

neglecting the actual people loads and the real dimensions or design of the houses. In 

this scenario, a standard occupancy load of 1.5 W/m
2
 for all 16 house models is 

considered. Scenario 4 model makes use of the real design of the house, as well as the 

real occupancy loads (Table 5.5), but without any information about energy 

renovations. Lastly, Scenario 5 considers both the actual occupancy loads and the 

energy refurbishment state, but without including the real design of the houses. When 

the refurbishment state of each house was known, the adapted U-values to the 

renovated building envelope were collected by TABULA database. 
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Finally, a sixth scenario (Scenario 6) was investigated, which combined all the 

existing available information (information levels A, B, C, D), thus creating a realistic 

model of the 16 single-family houses. More specifically, the houses were modelled 

using their real design -meaning both dimensions and orientation- considering also the 

real occupancy loads and the energy refurbishment states. 

 

Figure 5.9 and Figure 5.10 illustrate indicatively the design of House no. 1 created in 

Grasshopper for the scenarios 1 and 6, respectively. The building’s floor area has 

remained constant in all cases, but the dimensions of the building envelope as well as 

the dimensions and placement of the windows differentiate between these two cases. 

To calculate the aggregate energy demands, the first method -as described in Chapter 

4.1- was applied. Thus, the aggregation was made by summing up the individual 

buildings’ energy demands for the different case-scenarios (Equation 4.1). This data-

intensive method was possible to be implemented in the specific case, because only a 

small sample of buildings in the Sønderborg area was examined. Since the 

computation time of Termite remains very small even for a very large number of 

buildings, the main difficulty faced in city models is the building data collection and 

analysis. 

5.4.3 Aggregation of energy demands based on reference buildings 

In cases where the number of the investigated buildings increases a lot and the 

examined area extends to a district or city level, the second methodology as presented 

in Chapter 4.2 is proposed. Thus, the aggregation of building energy demand is based 

on archetypes of reference buildings, using Equation 4.3. 

TABULA database and Webtool were used to create the archetypes, as already 

described in Chapter 5.2.2. The 16 examined houses were all of the same type (single-

family house), thus, the differentiation among them was based on their construction 

age. As presented in Table 5.2, all Danish building stock is categorized into nine time 

periods; the examined 16 houses correspond to five of them. Based on these time 

periods, five building types were created fully representing the 16 examined houses. 

One example building was created for each type. The characteristics of the example 

Figure 5.10 Design of House no. 1 based 

on Scenario 6 
Figure 5.9 Design of House no. 1 based on 

Scenario 1 
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buildings are presented in Table 5.12. The example buildings share the similar 

technical characteristics with the buildings that they represent, such as building 

envelope, U-values, HVAC systems etc. The floor area, U-values and g-values were 

acquired by TABULA Webtool for every building type. 

Table 5.12 Characteristics of the example buildings 

Building type  Construction period No. of incl. buildings Total floor area [m
2
] 

A 1931-1950 2 238 

B 1951-1960 2 180 

C 1961-1972 10 1,530 

D 1973-1978 1 117 

E 1979-1998 1 122 
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Chapter 6 Results 

After all scenarios’ models were created in Grasshopper and simulated with Termite, 

the appropriate results were collected and analysed, so as to draw relevant conclusions 

both in terms of data necessity and aggregation. It has to be pointed out that Termite 

calculates energy demands in kWh/m
2
 for every modelled house on a monthly basis. 

The results of the 16 examined single-family houses concerning the different 

information levels’ cases, as well as the ones acquired by implementing the 

aggregation methods are presented and analysed below. 

6.1 Information levels 

According to the collected weather data for the Sønderborg area, the lowest outdoor 

temperature of this period was -12
o
C, which coincides with the dimensioning outdoor 

temperature defined by Termite. Thus, simulation results and measurements were 

possible to be compared with each other. 

According to the measurements of heat demand in the 16 examined single-family 

houses, the aggregate heat demand was calculated based on the aggregation 

methodology of individual buildings as presented in Chapter 4.1. It has to be 

mentioned that heat demand refers to the demand for space heating and for hot water. 

These results are presented in Table 6.1. 

Table 6.1 Aggregate heat demand results according to the measurements in the 16 examined 

houses 

Aggregate Measured Heat demand  Units 

300,858 kWh 

414 kW 

 

To be able to assess the 6 different scenarios of information levels that were created, 

their results had to be compared with the ones acquired by the measurements. Thus, 

an estimation of how far they are from the real case was made. In Table 6.2, the 

aggregate heat demand as calculated by Termite for every scenario including all 16 

houses is presented, as well as the average value of the deviation between the specific 

scenario’s monthly heat demand results and the monthly measured ones. In addition, 

the deviation of the calculated annual heat demand for each scenario from the 

aggregate measured one (presented in Table 6.1) is illustrated in Table 6.2. 

The results presented in Table 6.2 help the prioritization of the available building 

information towards an accurate energy simulation. It is observed that the least 

accurate results, hence the highest deviation from the measured values, are calculated 

for scenarios 1, 2 and 4, which exclude the information about the current energy 

refurbishment state of the houses. When this information is included in the models  
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Table 6.2 Results of scenarios - deviation compared to the real measurements of heat demand 

Scenario 

Total heat 

demand 

[kWh] 

Average deviation 

of monthly 

demands 

Deviation of 

yearly demand 

1: BBR 421,295 45% 40% 

2: BBR &GoogleMaps/Str. View 448,439 54% 49% 

3: BBR & Refurb.  252,700 18% 16% 

4: BBR & Google Maps/Str. 

View & Occup. Loads 
445,742 53% 48% 

5: BBR &Occup. Loads&Refurb. 250,658 19% 17% 

6: BBR & Google Maps/Str. 

View & Occup. Loads & Refurb. 
266,045 14% 12% 

 

(scenario 3, 5, 6), the heat demand results improve significantly and become much 

more realistic compared to the measurements. In particular, only the knowledge of the 

energy refurbishment state of the house improves by 24% the deviation of yearly 

demand compared to a model including just BBR information. In the scenario where 

BBR data, realistic design acquired by Google Maps/Street View and occupancy 

loads are known, the addition of information about energy refurbishment improves the 

deviation of annual calculated heat demand from the measured one by 36%. Scenario 

6, which combines all the available information, has the lowest deviation (12%) from 

the aggregate measured heat demand, as it was expected.  

The knowledge of the real design of houses and windows, as obtained by Google 

Maps and Street View, does not seem to affect a lot the calculated heat demand results 

compared to the scenarios that do not include it. This is due to the fact that the 

dimensions of windows, as well as the total glazing area of every house, were 

calculated based on generic means. Thus, for some houses the generic glazing area 

was lower than the actual one, resulting in lower heat loss through the transparent 

components calculated by Termite. Therefore, heat demand was lower and more close 

to the measured one.  

When the knowledge of real occupancy loads was added, the calculated heat demand 

results did not improve much. This may be attributed to the fact that the default 

occupancy load of 1.5 W/m
2
 used in scenarios 1, 2 and 3 is not that different 

compared to the real occupancy loads based on the exact number of occupants in 

every house (Table 5.5). However, this result would have been different if houses 

with more occupants were examined. 

A sensitivity analysis was carried out to identify how decisive are the information of 

U-values and occupancy loads from people on individual house level. U-values of 

external walls, windows, roof and floor were examined separately to determine which 

one affects more heat demand results, in case of energy renovation. Figure 6.1 

illustrates the results of this sensitivity analysis for house 0 simulated with Termite. 

However, the trends of this graph may be generalized to every other examined house 

of the specific case. 
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Figure 6.1 Sensitivity analysis on U-values and occupancy loads based on House 0 results 

 

In particular, it was observed that U-values of the external walls of the houses play the 

most significant role on heat demand. A decrease of 30% in the U-value of walls 

results in a decrease of approximately 20% in the annual heat demand. Thus, it is 

decisive to know whether the house has undergone any renovations, which have 

improved its energy performance. Regarding the U-values of the windows, a 30% 

reduction of them results in a 10% reduction in the annual heat demand. Thus, the 

same improvement in the U-values of windows affects 50% less the yearly heat 

demand of the house compared to U-values of walls. Similar are the results 

concerning the U-values of roofs and floors; a 30% decrease in both parameters 

results in a 9% reduction of heat demand. As far as occupancy loads are concerned, it 

was observed that they did not affect significantly the overall heat demand. In fact, an 

increase of 30% in the occupancy loads led only to 2% reduction of the yearly heat 

demand. 

Figure 6.2 presents the results of the six modelling scenarios of the examined houses 

in Sønderborg in terms of heat demand. The results are aggregated for all 16 houses 

and are presented throughout one year period.  All models follow the same pattern, 

having the highest heat demand during winter months and the lowest during summer, 

as expected. The same conclusions as obtained by Table 6.2 are drawn observing this 

graph. It is clear that knowing whether a house has undergone any energy 

refurbishments improves significantly the calculated heat demand results. Scenario 6, 

which contains all available building information that can be gathered, coincides most 

with the measurements’ curve compared to the rest scenarios. The highest deviation 

between scenario 6 and measurements is observed between May and September. This 

is explained by the fact that Termite does not consider any heating in summer months.  
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Figure 6.2 Aggregate heat demand results [kWh] of the six different scenarios for the 

modelled houses compared to measurements conducted in the 16 single-family houses 

 

However, according to the measurements, there is still some demand for space heating 

in real life during summer period. 

The least realistic approaches are the ones of scenarios 1 (BBR data), 2 (BBR & 

GoogleMaps/Str. View) and 4 (BBR & GoogleMaps/Str. View & Occup.Loads), as 

already mentioned. These scenarios exclude the information of refurbishments to the 

investigated houses. Their highest deviation from the measured demand values is 

observed in winter period. This was expected since the models created based on these 

scenarios contain much higher U-values of the building envelope and the windows 

than the actual ones. Thus, heat loss is calculated to be much higher and the heat 

demand is significantly increased compared to the real one, as measured. 

Figure 6.2 also indicates that knowing the exact occupancy loads (scenario 4, 5) does 

not lead to better results necessarily, as already indicated with the sensitivity analysis. 

Thus, the curves of these scenarios differentiate too little compared to the ones that do 

not include these information.  The same goes also for the knowledge of the real 

design of the windows and the house. Even though glazing area and its placement in 

terms of orientation does affect a lot Be10 results, the way they were generated in the 

present scenarios (1, 3, 5) was based on a generic pattern for all houses, thus cannot 

outline such difference. 

0

10000

20000

30000

40000

50000

60000

70000

80000

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

H
e

at
 d

e
m

an
d

 [
kW

h
] 

Scenario 1

Scenario 2

Scenario 3

Scenario 4

Scenario 5

Scenario 6

Measure
ments



Chapter 6 Results 

51 

 

 

Figure 6.3 Yearly heat demand [kWh] per house for all six examined scenarios 

 

Figure 6.3 illustrates the annual heat demand results of the 16 examined houses 

individually for all six modelling scenarios. In addition, the demand measurements 

are included in Figure 6.3 based on year 2010. First of all, the houses that have 

undergone renovations can be easily identified through the large deviations among the 

six models. In particular, houses no. 3, 5, 6, 10, 12, 14 and 15 have undergone some 

kind of energy renovation as indicated by the large deviations between scenarios 1 

(BBR data), 2 (BBR & GoogleMaps/Str. View) or 4 (BBR & GoogleMaps/Str. View 

& Occup.Loads) and scenarios 3 (BBR & Refurb.), 5 (BBR & Occup. Loads & 

Refurb.) or 6 (BBR & Google Maps/Str. View & Occup. Loads & Refurb.). The 

specific houses belonged to Periods 3, 4 and 5 according to their construction age 

(Table 5.2). A similar refurbishment state was noticed for all these renovated houses. 

However, it was observed that benefits from energy renovations in houses highly 

depended on their construction age. These benefits increased significantly for the 

oldest of the examined houses (houses 6, 12), which belong to Period 3. In particular, 

house 6 and 12 reduced rapidly their heat demand by 81% and 80%, respectively, 

between scenario 1 (BBR data) and scenario 3 (BBR and refurbishment data). 

Therefore, some usual renovation measures in old houses can lead to impressive 

reductions in the energy demand. Since these houses were constructed in the thirties 

and forties, their U-values according to TABULA database were the worst ones in 

terms of energy performance. Similarly, the renovated houses belonging to Period 5 

(house no. 2, 14) had a decrease of 65% and 64% respectively. In general, the newer a 
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building is, the more advanced renovation measures are required to achieve high 

energy savings. 

Moreover, it is observed that results according to scenario 6, which represents the 

highest information level and is the most realistic one, do not match fully with the 

measurements’ results when looking individually into every house’s performance. In 

particular, the highest deviations are noticed in house no. 6 and 15. It is also worth-

mentioning that the newly-built house no. 9 presents the lowest deviation among all 

models compared to the measurements. This indicates the fact that new buildings 

must fulfill specific standards and requirements regarding their construction process 

and thus, their thermal characteristics are determined by national regulations. So, the 

actual U-values of their building envelope comply with the ones presented in official 

databases. However, these databases are not so representative when it comes to older 

buildings, which did not comply with specific technical rules. What is more, Figure 

6.3 validates what Figure 6.2 also illustrated: scenarios 1, 2 and 4, which did not take 

into account the corrected U-values based on the energy refurbishment state, are far 

from realistic. However, the existence of actual design information and people loads 

slightly differentiate them from each other. 

Table 6.3 summarizes the most important conclusions of the afore-mentioned analysis 

based on the different information levels that may be available for building energy 

simulations. BBR data was found to be necessary to enable the energy simulation of 

the 16 single-family houses, since they provide crucial information such as building’s 

floor area and age of construction. Furthermore, knowing whether the houses had 

undergone any refurbishments was found to be crucial, since it improved the results’ 

accuracy by 24% compared to the scenario including only BBR data. 

Table 6.3 Crucial information for accurate estimation of heat demand 

Crucial information Utility 

BBR data Necessary for energy simulations 

Refurbishment state Improves the model’s results by 24% 

 

6.2 Aggregation based on reference buildings 

Based on Table 5.12, the example buildings for the five building types were created. 

These were modelled in Termite as before and their monthly and annual energy 

demands were calculated. When applying aggregation based on archetype buildings 

and since some more rough estimations are made, the emphasis is placed mainly on 

the annual energy demand, which gives an overview of the whole building stock’s 

energy use.  

As the information levels were assessed in the previous step, the most significant ones 

were identified. Thus, the example buildings that were created included all the 

necessary information to ensure as realistic results as possible. Therefore, their 
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information level is equal to the one consisting Scenario 6, which includes all the 

available information, from the above-described methodology.  

To illustrate how well these reference buildings manage to represent the individual 

buildings belonging to each building category, the following graphs were drawn.  

 

Figure 6.4 Building type A - heat demand results of example building and individual 

buildings for Scenario 6 (highest information level) 

 

Figure 6.4 illustrates the monthly heat demand results as calculated by Termite for 

every individual building belonging to type A, plus the example building. It is 

observed that the results of the example building are very similar to the ones of both 

houses no. 3 and 14, thus representing them adequately. Monthly heat demand of the 

example building ranges from 18 to 0.2 kWh/m
2
. During the summer season (June-

July-August), only the hot water demand is included, as expected. However, 

measured heat demands differentiate substantially. It has to be noticed that both 

houses no. 6 and 12 were found to be renovated. Even though the refurbishment state 

of the houses is included in the examined case, it is concluded that it was not 

determined that accurately. Thus, Termite underestimated the heat demand based on 

the data available, probably due to a not so valid estimation of the refurbished U-

values. It is worth-mentioning that even though knowing whether a house has 

undergone any energy renovations, it is still difficult to estimate the amount of these 

renovations, as well as the new U-values. 
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Figure 6.5 Building type B - heat demand results of example building and individual 

buildings for Scenario 6 (highest information level) 

 

Figure 6.5 presents the monthly heat demand results of type B buildings. It has to be 

noted that the example building’s results follow the same trend and are very similar to 

both houses representing. Specifically, its heat demand results almost coincide with 

the ones of house no. 3. Thus, the example building represents successfully the 

modelled houses. Nevertheless, the measured values differentiate a bit more from the 

example building’s results, due to probable rough estimations in parameters used in 

the energy simulation.  

 

Figure 6.6 Building type C - heat demand results of example building and individual 

buildings for Scenario 6 (highest information level) 
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Figure 6.7 Building Type C - measured heat demand results of individual buildings 

 

The monthly heat demand results of building type C are presented in Figure 6.6. A 

higher variation among them is observed compared to the previous types, since more 

buildings are included. In particular, houses no. 5, 10 and 15 present a higher 

deviation from the example building. This is explained by the fact that these specific 

houses have undergone renovation in their building envelope, thus their U-values are 

significantly lower than the average U-values included in the example building. This 

also highlights the importance of accurate estimation of U-values on the energy 

demand of a building. Since the example building is created to match the majority of 

the respective buildings classified in the specific type, it did not include any 

“renovated” U-values.  

Figure 6.7 illustrates the measured monthly heat demands of the corresponding houses 

classified into type C, as well as the estimated heat demand of the example building, 

as above. It helps to identify the deviation of the example building in terms of each 

individual house’s measured heat demand. Therefore, it is observed that there has 

been an overestimation of the heat demand regarding the example building, mostly 

representing the houses that have not been renovated, as mentioned before. 

Figure 6.8 and Figure 6.9 illustrate that the example buildings share almost the same 

results with the respective individual houses belonging to types D and E. This is due 

to the fact that only one building is classified to each one of types D and E, thus 

making it not possible to differentiate much. Moreover, the fact that houses no. 9 and 

11 have not been renovated amplifies the accuracy of the example building’s results. 
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Figure 6.8 Building type D - heat demand results of example building and individual 

buildings for Scenario 6 (highest information level) 

 

 

Figure 6.9 Building type E - heat demand results of example building and individual buildings 

for Scenario 6 (highest information level) 

 

Afterwards, the aggregate heat demands based on Equation 4.3 were calculated. The 

heat demands per floor area, thus EUI, for every building type are presented in Table 

6.4. It has to be noted that the presented energy demand includes heat demand for 

space heating, as well as hot water demand of the houses. 
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Table 6.4 Energy results of the example buildings per building type 

Building type EUI [kWh/m
2
] Total floor area [m

2
] Energy demand [kWh] 

A 82 238 19,516 

B 91 180 16,380 

C 158 1,530 241,740 

D 118 117 13,806 

E 104 122 12,688 

 

Adding up the above-presented estimations results in an aggregate heat demand of 

304,130 kWh. Compared to the real aggregate demand based on the measurements, an 

impressively small deviation of 1% is observed (Table 6.5). This outlines that even if 

the example buildings failed to represent the individual measured heat demands, they 

resulted in a very accurate result concerning the aggregate heat demand of the 16 

single-family houses. However, the small range of the selected sample of the 16 

houses does not allow general conclusions on the accuracy of the followed method. 

Table 6.5 Comparison of aggregate heat demand results between measurements and 

archetypes 

Calculation method Aggregate heat demand [kWh] Deviation 

Measurements 300,858 
1% 

Archetypes-Example buildings 303,582 

 

 

Figure 6.10 Aggregate heat demand results [kWh] based on example buildings and measured 

values 

 

Finally, Figure 6.10 illustrates the aggregate heat demand results on a monthly basis 

that were calculated based on the example buildings and the respective measured 

ones. It is observed that overall, the aggregate heat demand of example buildings 
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follows a similar trend to the real demand of the 16 houses, as measured. The highest 

deviation between these two is noticed during the first three months of the year, as 

well as from May to August. During the summer period, this difference is attributed to 

the fact that Termite does not consider any demand for space heating, independently 

of the ambient temperature. Even though the deviation between the annual heat 

demand results of example buildings and measurements is infinitesimal (Table 6.5), it 

is observed that their monthly demands do not coincide throughout the year (Figure 

6.10).   
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Chapter 7 Conclusions 

Aggregate building energy demands for districts, regions or cities are very important 

to be known for planners and policy makers. They facilitate the creation of what-if 

analyses used to determine a country’s or a region’s energy and environmental 

policies, while they provide aggregate energy demand data which are necessary for 

the interconnection of the building stock and the power system. The main objective of 

the present study was to investigate the aggregating ways of building energy demand 

focusing on the existing building stock of the residential sector, while estimating 

realistic energy demand models of a district or a city. A real case-study was selected, 

consisting of 16 single-family houses being located in Sønderborg, Denmark. A 

parametric modelling tool was used, Termite, which enabled the quick and easy 

modelling of the examined houses. This makes use of the Rhino interface, 

Grasshopper parametric properties, while it uses Be10 for the energy simulation.  

Two ways of aggregating building energy demands were implemented on this urban 

model: i) simple summing up of the individual building energy demands, after being 

modelled with Termite and ii) categorizing the buildings based on their construction 

age while using reference buildings which represented each category. The following 

results were drawn. 

According to the first aggregation way, data availability was found to be crucial. 

Thus, six scenarios based on different information levels were constructed and 

examined. It was found that the information level which is necessary to conduct 

building energy simulations includes BBR data. These contain specific information 

for each recorded building, such as age of construction, functionality of building and 

floor area. Based on these, the U-values of the building envelope and windows can be 

determined. However, to be able to define the real U-values of the examined houses, 

it has to be known whether they have undergone any refurbishments that affect their 

energy performance. In particular, only the knowledge of the energy refurbishment 

state of each house was found to improve the model’s results by 24% compared to the 

model which included information only from BBR database, having the measured 

heat demands as reference. In addition, it was observed that the knowledge of the real 

occupancy loads from people did not affect much the accuracy of the model’s results. 

To identify the importance of these parameters on individual house models and to 

validate these findings, a sensitivity analysis was carried out. According to this, the 

parameters that are the most decisive towards the estimation of a building’s heat 

demand are U-values and especially, external walls’ U-values. In particular, a 30% 

reduction of them may lead to a 20% decrease in the house’s heat demand. The same 

decrease in U-values of windows, roofs and foundations was found to reduce heat 

demand approximately by 10%. Regarding the occupancy loads, a 30% increase of 

them resulted in just 2% reduction of the building’s heat demand. 
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Furthermore, it was observed that benefits of energy renovations depend highly on the 

building’s age. In particular, a similar energy refurbishment led to higher energy 

savings for the oldest buildings than for the newest ones. Thus, usual renovation 

measures can have impressive reductions of energy demand in older buildings.  

The model that was found to represent better the real heat demands of the examined 

houses was the one that included the highest information level -consisting of BBR 

data, realistic geometry, energy refurbishment state and occupancy loads- as expected. 

When looking at the annual aggregate heat demand, a deviation of 12% was observed 

between this model and the measured values. However, when focusing on each house 

individually, a smaller deviation was found between this model and the measured 

demands for the newest houses of the examined stock. This was explained by the fact 

that relatively new buildings follow specific building regulations and requirements, 

thus the actual thermal characteristics of their building envelope comply with the ones 

indicated in national databases. On the contrary, the highest deviations between this 

model and the measurements in terms of heat demand were observed for the oldest 

examined houses. These had undergone some kind of energy renovation. In general, 

the older the houses, the more likely they were to have been refurbished. 

According to the second aggregation way, the examined houses were classified into 

five building types based on their construction age, as indicated by TABULA. One 

example building was created and modelled for each building type. It was found that 

the specific example buildings represented quite well the individual houses’ 

performance as modelled based on the highest information level, but not so well the 

real heat demands as measured. The error increased a lot when the respective houses 

had undergone energy renovations, but the example building representing them did 

not include improved U-values. Thus, a different classification may have been more 

effective, which would differentiate between renovated and not renovated buildings. 

In any case, the importance of knowing the exact energy refurbishment state of every 

investigated house was outlined in these results, as well. Moreover, the aggregate heat 

demand based on the archetypes was estimated and compared to the measured one. 

On an annual basis, the calculated aggregate heat demand was found to be almost 

identical to the real one as measured. However, this result may be attributed to some 

incidences caused by the very limited number of the examined houses. What is more, 

when the aggregate heat demand was studied on a monthly basis, many differences 

were noticed between the calculated heat demand of the archetypes and the measured 

one.  

7.1 Discussion – Future work 

The results of the calculated heat demand demonstrated a deviation from the 

measured demands. The sample of the building stock examined in the current study 

was very limited, covering only the category of single-family houses and a restricted 

number of building subcategories. Thus, it would be inappropriate to draw 
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generalized conclusions. Extensive research is proposed focusing on a larger 

building population case to observe real trends and patterns.  

However, the deviation between calculated and measured demands may have been 

quite smaller, if a different energy simulation tool was used or integrated in Termite. 

In particular, dynamic energy simulation tools, such as EnergyPlus, give the 

opportunity to model the houses with higher accuracy in terms of internal gains, 

climate data etc. The introduction of occupancy profiles also can lead to a better 

representation of the actual building energy demand. Furthermore, results will be in 

hourly values which enable the investigation of further parameters’ effect.  

In case that flexibility of a building stock is to be examined, dynamic energy 

simulation tools are necessary to calculate energy demand on an hourly basis or even 

using a 10-minute time step. Since the focus is placed on load shifting from peak-

hours, detailed hourly energy calculations have to be executed. In addition, in this 

case the data requirements for modelling the buildings would increase significantly. 

One parameter that defines how utilizable the thermal masses of buildings are, is the 

placement of the insulation layer. To identify this, detailed databases would be 

needed, like TABULA. 

After having highlighted the importance of knowing the most recent energy 

refurbishment state of buildings, it is proposed to include this information in most 

national building databases, including BBR and TABULA. This information would 

have been unnecessary though, if energy performance certificates had been issued for 

the examined houses. Thus, the energy class and the energy consumption of the 

specific houses would be known. Focusing on the Danish case, EMO database and 

online platforms Boligejer and Sparenergi could provide a very good estimation of 

the energy consumption of every Danish building. However, they should be expanded 

on a larger scale to cover as much building stock as possible. 

If the same task was to be reproduced on a national scale, the challenges would 

increase substantially. First, the data availability would be critical for such a large 

scale. National databases would be the most important information source to collect 

data, while archetypes and categorization might be one-way solution. Parametric 

modelling tools, like the currently used Termite, enable the simulation of a very large 

building population. However, if the energy simulation part had to be executed in 

dynamic tools, the vast number of input parameters that had to be tuned and the 

computation times would probably be prohibitive. For that reason, ‘autotuning’ 

methods based on machine learning techniques might provide a solution to this 

challenge.  Moreover, the combination of building energy simulation tools with 

statistical models, such as regression analysis, could facilitate the investigation of a 

national energy model, while estimating different occupancy profiles, user behavior, 

or even energy refurbishment state. Lastly, it has to be outlined that city-scale models 

differ from national ones in homogeneity. Therefore, buildings on a national scale 

might not be all connected to the same heating network, or might not have similar 
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HVAC systems installed. Therefore, also ‘system-types’ categorization would be 

reasonable to implement.  
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Chapter 9 Appendix 

Two scientific projects have been derived from the present study and are presented 

hereby. The first one is the scientific article “Change in design targets for building 

energy towards smart cities” by Heller et al. (2014), presented to the 3
rd

 International 

Workshop on Design in Civil and Environmental Engineering. The second one is the 

poster titled “Approach to aggregation of building energy demand and building 

typology to be applied to smart cities”, which was prepared by Katsigiannis & 

Gianniou (2014) and presented to the CITIES Inaugural General Consortium Meeting.  
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Abstract: Designing cities from an overall energy optimization system point of view, demands changes in 

engineering procedures. Traditionally the design was driven independently between the involved domains and 

energy system components. By modelling the whole energy system in one, it is expected that there are exposed 

solutions where synergy effects arise that unleash extra saving potentials. Based on the insight gained by the 

simulations, IT intelligence and cross-component communication are to be invented to control the components 

and hereby to optimize the total system performance. One main strategy in doing so is, to move demands from 

high demand periods to low demand periods and hereby to avoid “peak” demands. This is called “flexibility” 

within the terminology of “smart grids”. In early solutions the search was for energy capacities within the 

domain of the electrical grid, hence car batteries were seen as relevant solutions for providing flexibility. 

However, it seems that the demand is too large for electricity-only solutions. A next search for flexibility is 

aimed at finding electricity-thermal energy solutions such as electrical heating and cooling, heat pumps and 

cooling technologies that can help to stabilize the el-grid. To acquire even higher potentials, thermal system 

components are studied these days upon their flexibility potentials, such as heating and cooling of whole 

building structures. Hereby the question arises, how much “flexibility” there is in relation to the thermal 

capacities of buildings that enable shifting energy demand for heating and cooling over periods of hours? While 

the availability of these capacities is a topic of current research, the consequences for building design are 

obvious. While we in the past could focus on energy optimization, we now have to design our buildings to its 

context, offering flexibility to the surrounding energy system. No final answers are given due to the fact that this 

is the edge of current research in this field, while a first concept draft is presented here. 

 

Keywords: Building design, flexibility, thermal capacity, energy optimization, city design.  

 

Instructions 

In traditional energy systems, the production side was 

adjusted to meet the fluctuating demands by different 

means. The future energy system is characterized by 

a very large or even 100% penetration of renewable 

energy sources that replace the rather stabile 

production side with a massively fluctuating 

alternative. Hence both the production and the 

demand side of the energy system will be fluctuating. 

In a first attempt the electrical distribution system 

was strengthened to tackle the challenge of 

stabilizing the overall system, the “smart grid”. 

Recently, this idea of tackling the challenge within 

the electrical grid only is replaced by a more multi 

stringed system design that includes gas-grids, 

district heating and cooling as well as the buildings 

into the solution.  

 

In Denmark the penetration of renewable electricity 

from wind farms can be up to 100% for a few days. It 

covers in some areas over half of the production, 

while on a national scale share is approx. 33% [1]. 

All this is possible due to the fact that the national net 

is connected to other countries nets and hereby the 

capacities are shared. In a future net this will not be 

possible due to the fact that neighboring countries are 

expected to have similar climatic conditions and 

hereby will produce renewable energy in the same 

pattern as Denmark. Hence new more robust 

solutions are to be found. Obvious, additional 

potentials for stabilizing the electrical grid are, large 

grids such as the gas grid and district heating, and 

utilizing the energy demanding industries. Also the 

very large mass of the building stock could play a 

major role, if the mass is available for storage. This is 

the case if the mass is available for control but is 

absence in case of e.g. light constructions and inside 

insulated buildings. Research is ongoing to reveal the 

utilizable capacity of buildings. In the current work, 

the question discussed is, how future buildings could 

be designed to meet the demand for flexibility by the 

overall energy grids and smart cities. The reader will 

not find the answer, but rather a proposal for a 

methodology that in later work will be applied for the 

answering of questions about available and 
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controllable thermal mass in building and the 

resulting flexibility available for the smart grid. 

Similar issues will be the kernel of an upcoming [2]. 

The Expected Fluctuations 

Given the conditions of a future el-grid with large 

share of renewable energy sources for production, a 

balancing of the whole system is critical. The demand 

for electricity compared to the wind production for a 

few days in December 2012 for the Danish electrical 

grid in Jutland, Denmark, where renewable energy 

from wind mills can be dominating, is shown in 

Figure 1. 

A simple prediction for the corresponding curve for 

2050 is shown in Figure 2. 

 

The above figures give an idea of the magnitude of 

the fluctuation and hereby the demand for balancing. 

The current paper reflects on, whether building can 

be part of a stabilizing solution. 

This is done by modelling the buildings within the 

energy grids and compute relevant scenarios. Hence 

the modelling of energy demand for whole cities and 

more precise building stock in cities is the focus of 

the current work. 

Limitations of current city level model 

Searching research literature on city energy 

modelling will reveal that the basic idea behind such 

efforts was to simulate each building individually and 

sum up to the aggregated level of a city or a district. 

This approach enables the modelling of any buildings 

in accordance to the knowledge available, adjusted to 

the given case. This makes it possible to automate the 

parameter specification on basis of e.g. national 

building databases. Theoretically this approach is 

very precise; however the lack of detailed 

information does limit the precision of this procedure.  

To move from the individual building to the city, in 

many cases there are applied simple sums [3] and [4] 

where in other publications weighting factors were 

applied that reflect e.g. the gross area of the building 

or the Energy Use Intensity (EUI) [5] discussed 

below in the current paper.  

The limitation of computing each building 

individually is that the simulation of many buildings 

takes a lot of computer time. To solve this problem 

simplified building models are applied that are not 

able to capture the dynamics necessary to find 

flexibilities in the building masses and additional 

storage capacities. Therefore an alternative approach 

is necessary to analyse solutions to the peak shifting 

problem. There is a need for simplified building 

models that reproduce the dynamics relevant to 

flexibility estimations. 

Building modelling for the smart city 

Before going into details with the discussion of 

building energy simulation models, the aim of doing 

so must be defined. If we go for modelling existing 

and historical buildings, the models will have to be 

able to do so. For future buildings the models can be 

rather abstract, catching just the relevant 

characteristics of the future buildings for scenario 

modelling, analysis and such like. This opens for 

rather efficient possible models. In the current paper, 

we will build on existing modelling methodologies 

and just mention what future developments could be. 

The paper will propose a methodology to find the 

flexibility which buildings can offer to the 

surrounding energy system. More precise, the 

challenge is to find how much of the thermal 

capacities can be utilized in the demand shifting 

within buildings? The methodology is basically 

defined by the following steps: 

1. Decide on a typology for the city buildings 

2. Model each type by a dynamic simulation 

program (e.g. Energy Plus, IDA ICE) 

3. Evt. apply stochastic distribution on each 

type 

Figure 1 Demand and wind production for Jutland, 

Denmark for 2012. Source: [1] 

Figure 2 Demand and wind production for Denmark 

for 2050. Source: [1] 
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4. Represent all buildings in the city by the 

types computed and aggregate the results 

(e.g. flexibility) by different means 

discussed below. 

 

The advantage, compared to the individual modelling 

is the ability to model a large number of buildings by 

just computing representative types and hereby very 

fast computations. The drawback is the uncertainties 

that the method introduces. However, other stochastic 

uncertainties, such as building context and user 

behaviour, are in similar magnitude and we must 

accept these uncertainties and find solutions to them 

by stochastic means.  

In the below text, the different steps are described 

and discussed to define a methodology that can be 

analysed in future work.  

 

Step 1 – Typology 

You find different terms for what we call here 

“typology”, such like archetypes and classes, which 

are a classification of buildings into alike types. Most 

have some implicit aim for the classification. 

The goal for finding the current typology is, to 

classify the building stock systematically into types 

that represent many similar buildings in cities. Due to 

lack of knowledge on flexibility, which we aim at in a 

future work, we will here build on typologies that 

aimed at energy demand issues. 

We did not find a comprehensive typology that is 

covering all buildings. The authors did often focus on 

a special subset of buildings such as residential 

buildings, offices and so on. Here is a short 

presentation of the findings from literature: 

The European Union proposes a typology for 

residential building based on Eurostat data, with the 

three types covering 70% of the building stock in the 

included countries: (a) Single-family houses 

(including two-family houses and terrace houses), (b) 

Multi-family houses with more than 2 units and (c) 

High-rise buildings with more than 8 floors. In this 

typology, Europe is divided into three climate zones 

according to the degree days for heating and cooling. 

The methodology leads to 53 building types. [6] 

Another approach is implemented for a few European 

countries in the web tool Tabula. The typology is 

country dependent which can be discussed to be 

arbitrary or methodologically significant. Within the 

given country the age of the building (construction 

traditions) and a clustering into the same types as in 

the previous source added a fourth type (d) Terraced 

Houses, leads to a matrix of building types for each 

country. On top of this there are defined three levels 

of maintenance/renovation, (i) the original (ii) a 

“usual refurbishment level” and (iii) an “advanced 

refurbishment level. The technical installations and 

the thermal installation levels are defined according 

to the local traditions. [7] 

Buildinglessons.com is a UK web site presenting the 

domestic, educational and other building types, all in 

all 22 building types, where characteristics for these 

is placed into IES<VE> models enabling 

standardized simulations. 

The U.S. Department of Energy (DOE) has 

developed an online resource that defines 16 types of 

commercial and 5 types of residential buildings 

covering approx. 70% of the US building stock. [8] 

The DOE typology does also define “Technology 

descriptions” for e.g. lighting, heating and so on. 

From these building types various methodologies are 

proposed that employ weighting factors to give a 

representative value for the energy demand of the 

building types. Within the technical report of NREL, 

[9], the combination of buildings and locations is 

proposed assembling the climatic and geographical 

effects in each building. The national data from the 

Commercial Buildings Energy Consumption Survey, 

[10], can be applied to determine the appropriate, 

average mix of representative buildings. 

Other typologies that basically combine the 

mentioned methodologies can be found for 

non-residential buildings in [5] for the London area, 

[11] for the Keihanshin metropolitan area in Japan 

and [12] and Swan and Ugursal, [13], propose an 

archetype typology. 

Step 2 – Dynamic simulation 

The above mentioned typologies are often defined 

with respect to energy demand on a yearly basis. This 

enables the application of simple models or even 

value tables to determine the typical energy demand 

for a certain type of buildings. In the Tabula web tool, 

every country applies its own methodology, tool or 

computer simulation program. In BuildingLessons, 

the simulation program IES<VE> is utilized. For UK 

typologies a standardized methodology is defined in 

the NCM activity database on www.ncm.bre.co.uk. 

Here there are 29 building types with a classification 

of 505 room types, specifications for user profiles, 

temperature set points, ventilation rates and much 

more that aim at standardizing the simulation 

conditions rather than to standardize the model tool. 

 

There are various simulation methods for building 

simulation. They vary from very simple manual 

computations to very advanced CFD computations. 

For the current purpose, a building energy simulation 

program must be found that represents the thermal 

dynamics of building constructions on top of the heat 

loss computations for energy demand modelling. 

There seem to be traditions to apply finite 

difference/volume models or thermal response 

models [14]. Due to the fact that the latter do 

http://www.ncm.bre.co.uk/
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represent heat conduction by wave representations, 

e.g. Fourier models, the understanding of the basics is 

much more close to the human understanding. Hence 

such models can be applied for also abstract 

modelling of systems that are theoretically designed 

to have certain behaviour – let’s say you will model 

building constructions with slow or fast heat 

exchange at the surfaces (e.g. thermo-active 

elements). The first will have a very slow wave – 

representation of the heat conduction, as the later has 

a fast wave model applied. 

Step 3 – Stochastic distribution 

The basic idea in this step is to represent the 

variability over buildings performance due to 

uncertainty in input parameters such as thermal 

properties of building fabric and also variation in user 

behaviour. 

The two tools SunTool [15] and SimCity [16] have 

implemented such models, amongst for the user 

behaviour. 

There are basically two ways to implement this 

stochastic, a) to use distributions on the individual 

parameters in the model, or b) coat the final building 

results by a distribution model. The first will give the 

possibility to use different distribution models for 

many aspects to be modelled. The later however is 

rather simple and fast. The idea could be to model the 

building types of a given topology determine the 

variability and use stochastic models to catch the 

stochastic aspects of among others, users behaviour 

and building context (shading, heights etc.). 

 

Step 4– Aggregation 

In literature you find very simple aggregation models 

for energy demands for building clusters. These 

models can be applied to flexibility aggregation also. 

Many authors do not model the demand but rather 

base the energy demand on statistical data and 

distribute them to the buildings on basis of e.g. 

Energy Use Intensity (EUI) expressed per square 

meter floor area. [5] and [11].  

An alternative method is a simple sum of the given 

key performance indicator [16]: 

𝐹 =∑𝑓

𝑛

𝑖=1

 

where F is the flexibility for the whole city or 

population of buildings, f are the individual flexibility 

simulated for a given building/-type, i is a counter 

and n is the number of buildings/-type.  

The second aggregation model does add a weight to 

the individual buildings which make especially sense 

if you apply it to building types. 

𝐹 =∑𝑤𝑖𝑓

𝑛

𝑖=1

 

where a weighting factor, wi, is given to the 

individual building/-type.  

As we find, the aggregations are very simple and 

often no stochastic variability is applied. However the 

two approaches can be combined and are combined 

in above mentioned work. 

No model is found that represents dynamic energy 

consumption and an aggregation from few buildings 

to a large number of buildings. 

 

Building Modelling for the Smart Energy 

City 

What role do buildings play? It gets rather clear that 

the peaks are placed in the mornings and the evenings 

where Danish citizens are at home and do washing, 

cooking and such everyday tasks that demand 

electrical energy supply. Hence it can be argued that 

almost the whole peak load is related to the building 

performances. 

In more detail, the demands in buildings can be split 

into demand for heating, cooling, ventilation, hot 

water, light and electricity for appliances, whereas the 

former can be supplied by thermal sources directly 

and will not have impact on the electrical demand 

peak. Let’s assume that we have a system that 

supplies also thermal services by electricity which is 

the case for many buildings outside the district 

heating networks of Denmark. What will the 

possibility for flexibility be and how can we estimate 

it? 

For this purpose the building models have to simulate 

the dynamic behaviour of the building, the thermal 

capacities of the constructions, the storage tanks and 

other thermal capacities within the building. Many 

simulation models utilized for energy demand 

computations will not be able to reproduce these 

thermal capacities due to simplifications. 

Designing for the Smart Energy City 

In this section the methodology proposed in this 

paper is summarized.  

1. Find an appropriate typology for your urban 

area 

2. Compute average energy flexibilities (the 

methodology is still to be defined) 

3. Find appropriate stochastic models for 

observed variations from the average. 

4. Add the overall flexibility for the whole 

urban area at hand. 

Moreover there must be found a City Information 

Model that enables description of cities in a 

comprehensive manner. This must be addressed in the 

future work. 
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It must be remembered that flexibility can be 

delivered by other technologies than building thermal 

masses, tank storage and such like. There are 

capacities in district heating and cooling networks 

that can be used to generate flexibility, and there are 

electro-thermal solutions such as heat pumps. 
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