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1 Introduction 

1.1 Background 

The energy industry is undergoing massive transformation where the change is driven by 

megatrends such as climate change and digitalization. Climate change has led to increasingly 

stricter environmental policies, goals and agreements with regards to energy consumption, 

efficiency and emissions all aiming at limiting the rate of global warming. This can be seen 

as structural changes in the production portfolios of energy companies, as energy providers 

are increasing the share of energy produced with low to zero carbon technologies. Digitali-

zation and the diffusion of technical enablers, most importantly IoT-technologies, are chang-

ing the way how energy is produced and consumed. Growing share of renewables, intelligent 

and automated control systems at both system and building level and the significant role of 

consumers are all characteristics that are defining the transformation towards a new smart 

energy system.  

 

Demand side management (DSM) aims at reducing the imbalance between energy supply 

and demand by adjusting consumption according to production. Demand response (DR) is 

one strategy for DSM. The basic idea of demand response is to shift energy consumption 

from peak load times to times of less consumption. Peak load production is typically met 

with peak load units and this type of production is expensive for the energy provider as well 

as emission intensive. 

 

Demand response has been studied comprehensively for electricity markets. These studies 

and pilots have resulted into successful commercial DR programs. Demand response for 

district heating (DH) has been studied much less, mostly due to the large differences in their 

respectable market sizes. Space heating of buildings contributes to a significant share of the 

total annual primary energy consumption in Finland and therefore prevails great potential 

for demand response.  The benefits of implementing demand response in electricity markets 

are evident and have been validated with system level commercial DR schemes. There is 

little doubt that the same benefits could be achieved in DH systems.  

 

Combined heat and power (CHP) production is the most common DH production technology 

in Finland where profitability of such production is very closely interlinked to electricity 

prices (Finnish Energy 2017a). The production costs of CHP generated district heating vary 

according to fluctuating electricity prices and therefore financial benefits could be achieved 

if the demand for DH followed production costs more closely.  The volatility in demand 

makes it challenging for DH companies to balance the production such that supply meets 

demand at every instant. This varying imbalance between supply and demand obligates a 

certain amount of flexibility required from the DH system which can be obtained by either 

a versatile production portfolio on the supply side or by adjusting the load on the demand 

side with concepts like demand response. 

  

This thesis aims at contributing to the research field of DR for district heating by developing 

a technical concept for load shifting in the DH network in Espoo and evaluating its potential 

and profitability by simulations. Furthermore, a model predictive control (MPC) approach 

is used to manage load shifting at a building level and machine learning is applied to develop 

a scalable data-driven solution.  
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1.2 Research Objective and Scope 

Demand response in district heating is founded on the idea of utilizing the thermal masses 

of buildings as temporary energy storage and thus providing the system with flexibility. The 

purpose of this thesis is to evaluate technical strategies aimed at realizing this storage poten-

tial and to identify the most efficient technical solutions. Demand response can be subcate-

gorized into peak shaving, valley filling and load shifting. The scope of this thesis is limited 

to shifting DH load over time. On the basis of these findings, a technical concept for the DR 

scheme is presented. 

 

The district heating network in Espoo is used as a case study. At the system level, the study 

aims at evaluating the aggregated volume of heat load that can be controlled by shifting, 

identifying the customer segments that contribute the greatest potential and estimating the 

impact on district heating production costs. The analysis is supported by simulation methods. 

Consequently, the primary research question of this thesis can be formulated as: 

 

“What is the load shifting potential in the Fortum Espoo district heating network?” 

 

The second objective of this study is to develop an efficient solution for the realization of 

load shifting potential in buildings. The first step is identifying the feasible technical strate-

gies that implement demand response at a building level. Such technical strategies are re-

ferred to as demand response strategies and describe how the load adjustment is executed in 

buildings. As building level demand response strategies are closely interlinked to the overall 

system level scheme, a holistic approach to the subject is taken by including the system level 

goals and architecture into consideration. Therefore a technical concept for the DR scheme 

is identified based on the findings from the literary review and supported by results from the 

empirical study. The secondary research question is: 

 

“What is the most feasible technical demand response concept for shifting district heating 

load in buildings?” 

 

As part of the second objective, a model predictive control algorithm is developed for man-

agement of demand response actions at a building level. The algorithm uses a model to pre-

dict future load requirements and temperature trajectories and uses this information to com-

pute the optimal control strategy and timing for demand response actions. The rapid diffu-

sion of IoT- technologies and cloud computing have made such intelligent control strategies 

feasible and this thesis aims to demonstrate that the MPC algorithm is well suited for the 

application of demand response. 

 

Scalability is a key success factor for demand response schemes and therefore the algorithm 

should be easily reproduced for a number of building types. Machine learning is applied in 

the purpose of modelling the building thermal dynamics for the control algorithm. Essen-

tially, machine learning is utilized to teach the model the delay at which the building reacts 

to control actions and the impacts this will have on the indoor climate conditions. Maintain-

ing the quality of service is incremental for implementation of demand response and thus an 

accurate model is important as is it ensures that the indoor climate conditions are maintained 

at sufficient levels at all times.  

 

This thesis takes use of energy simulation models compiled in a previous study by Sihvonen 

(2017) and the computational model for marginal costs developed by Mäkelä (2014). 
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1.3 Structure of the Study 

The thesis consists of a literary review (chapters 2-5), empirical study (chapter 6) and anal-

ysis of the results and conclusions (chapters 7-9). The structure of the thesis is briefly de-

scribed in the following.  

 

The transformation of the energy industry is described in chapter 2 by determining the key 

megatrends that are driving the change. The outcome of this transformation is a smart energy 

system that is defined in this chapter.   

 

An overview of district heating is presented in chapter 3 including its market position as a 

heating technology, typical production technologies and the distribution network. The con-

sumption profiles of DH are also presented as they are of specific interest in the context of 

demand response. Heating systems in buildings are briefly reviewed in this chapter as well. 

The chapter ends with the identification of key factors affecting profitability of district heat-

ing. 

 

As the concept of demand response is broad, the topic is split into two distinct sections. 

Chapter 4 reviews demand response at a more general level, beginning from definitions and 

economic theory. The benefits and risks of demand response are established in this chapter. 

Previous research on the topic of determining the potential of demand response for district 

heating are reviewed and key findings presented.  

 

Chapter 5 reviews demand response from a technical standpoint. The concepts regarding 

implementation of DR in DH systems are reviewed and an attempt is made to distinguish 

the most feasible configuration for a DR scheme for the Fortum owned DH system in Espoo. 

This topic is further divided into system and building level. As the objective of this study is 

to develop a state-of-art control algorithm for efficient demand response actuation, the the-

ory of model predictive control is introduced in this chapter.  

 

The empirical part of the study comprises of building energy simulations, modelling of sys-

tem level demand, computation of marginal costs and developing the MPC algorithm that 

manages demand response at a building level. The performance of the controller is simulated 

in the building model. These building level simulation results are then used to evaluate the 

system level response in order to achieve an estimation of the potential of load shifting. The 

methodology of the empirical study is presented in chapter 6. 

 

The results of the empirical study are presented and analyzed in chapter 7, including the 

performance of the developed MPC algorithm, system impact of demand response and the 

financial feasibility of demand response in the Espoo DH system.  An evaluation of the 

methods used in the empirical study as well as issues in the algorithm performance are dis-

cussed in chapter 8. Finally the results of the thesis are summarized in chapter 9. 
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2 The Big Picture - Transformation of Energy System 
In order to understand the role of demand response and why it is emerging as a relevant 

concept in today’s energy system, a brief overview of the changes that are happening in the 

energy industry and business environment is presented in this chapter. This change is a part 

of a much larger transformation that is not only limited to the energy sector. Generally speak-

ing, almost every traditional industry is undergoing similar changes that are caused by the 

underlying global megatrends.  

 

The transformation of the energy system driven by changing business environment, under-

lying megatrends and technical enablers is presented in figure 1. The key megatrends shap-

ing the energy business environment are discussed in the first section of this chapter. The 

outcome of this transformation is a smart energy system, which is defined in the second 

section. 

 

 
Figure 1 Transformation of energy system driven by changing business environment. (Developed based on 

Bergman et al. 2016, PwC 2016, Fortum 2016a , SINTEF 2016). 
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2.1 Megatrends Shaping the Energy Business Environment 

Megatrends are global, long-lasting trends that have macroeconomic impacts and influence 

the way and rate of change that the world is developing. The term is often used in a very 

general manner and the main distinction between normal trends is the large magnitude of 

scale. Naisbitt et al. (1990) describes megatrends as major changes of societal, technological, 

economic and political conditions that have the characteristics of long duration. It should 

also be noted that the term is not definite as megatrends usually embrace more than one 

smaller trends that can bring along many underlying themes or events (James 1997). There-

fore, the term is used in a general manner in this thesis and refers to trends that have signif-

icant impacts that reach beyond industry boundaries and will ultimately reshape the industry 

as we know it. 

 

Bergman et al. (2016) conducted a study that examined the diversity of megatrends that were 

discussed in global future reports. The aim of the study was to understand the global mega-

trends and how they are framing the future development of the energy sector in Finland. 

Reports included in the study were conducted by acknowledged organizations. The most 

recurring themes were categorized into five key megatrends: globalization, urbanization, cli-

mate, technology and economics. According to Fortum (2016a), the key megatrends shaping 

the energy sector are climate change and resource efficiency, urbanization, digitalization and 

new technologies and active customers. In a market analysis conducted by a forerunner con-

sulting firm, the study recognized five global trends as the major drivers of change in the 

energy transformation: technological breakthroughs, climate change and resource scarcity, 

demographic changes, shifts in economic power and rapid urbanization (PwC 2016). On this 

basis, the key megatrends shaping the energy business environment used in the framework 

of this study are categorized as environmental challenges, technology development and dig-

italization. 

 

Climate change mitigation and global warming are the main drivers shaping the energy in-

dustry. Global warming has been studied extensively by many authorities and organizations 

and the general consensus is that in order to prevent irreversible damages in our ecosystem 

and climate, the rate of global warming has to be limited to 2 °C from the pre-industrial 

period. To put this target into context, the current trajectory is a 4-6 °C global temperature 

rise by the year 2100 if continued in a business as usual manner (OECD 2011).The most 

recent action towards this objective was the Paris climate agreement, where governments 

agreed to act to the full extent necessary to achieve the long-term goal of limiting the global 

temperature rise at below 2 °C (European Commission 2017).   

 

Energy sector is at the core in reducing greenhouse emissions. An IEA study (IEA 2015) 

reveals that energy production and consumption account for approximately two-thirds of 

global greenhouse emissions. Furthermore, fossil fuels accounted for 80% of all primary 

energy supply. As a result, the energy industry is investing in renewable energy sources as 

an attempt to decarbonize energy generation. It is projected that 20% of all global electricity 

is produced with renewable energy technologies by 2040. (IEA 2015) 

 

Meanwhile, as the energy industry is under pressure to reduce greenhouse emissions, the 

global energy demand is increasing and is expected to increase by 30% by from the current 

level by 2030. This is due to the economic and demographic shifts in non-western countries, 

such as China and India, which are experiencing rapid economic growth. As a result, cities 

are expected to grow in size and become more energy intensive. While energy consumption 
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in OECD countries grows at a slow rate, the rapid growth in energy consumption in non-

OECD countries increases the total global consumption. (IEA 2015)    

 

Technology development is the second megatrend reshaping the energy industry. Maturing 

renewable energy technologies such as wind and solar as well as storage technologies are 

becoming more cost competitive (IEA 2015). In addition, alternative heating solutions such 

as heat pumps are gaining market share in heating markets. Traditional fossil fueled produc-

tion is becoming less profitable due to taxation, fuel prices and subsidies on renewables.  

 

Digitalization is reforming the way energy is produced and consumed. Digitalization is de-

fined as the integration of digital technologies into everyday life by the digitalization of eve-

rything that can be digitized (Mahaldar & Bhadram 2015). From a technology perspective, 

digitalization is the usage of more sophisticated electronics, software, and sensors connect-

ing with each other. The underlying technologies within the digital transformation are not 

new, but the advances and affordability in computing is the driver that is accelerating the 

change (Minoli et al. 2017). 

 

Furthermore, the developments in the field of information and communications technology 

(ICT) has enabled the interconnection of equipment and machines to the internet. Internet of 

Things (IoT) is defined as a network of physical objects such as buildings, machines and 

equipment that contain embedded technology to communicate, sense or interact with their 

internal states or the external environment (Gartner 2017a). The rapid growth of IoT-tech-

nologies and cloud connected sensors has led to growing quantities of data and information 

flow. This enables new opportunities for value creation by exploiting the underlying insights 

of this data and using this to create competitive advantage by for example improved decision 

making, process automation and efficiency, optimization or by creating new solutions and 

services. This information is generally called big data which has the characteristics of high-

volume, high-velocity and high-variety (Gartner 2017b). Often associated with big data are 

terms machine learning and artificial intelligence (AI), which are computational methods to 

analyze complex datasets and create insights, recognize patterns and detect underlying rela-

tions.  

 

Digitalization creates new sources of value throughout the energy value chain. In the pro-

duction side, cost reductions could be achieved due to more efficiently used resources. IoT, 

big data and analytics could be used for preventative maintenance which reduces downtime 

of power plants. Improved energy efficiency could be obtained by smarter management, 

monitoring and automation of utilities. Big data and AI enable identification of customer 

consumption patterns, customer segmentation and disaggregation of data and to combine 

this with market, weather and other data sources to create highly accurate energy demand 

predictions. Cost-savings can also be generated by optimizing energy production and asset 

utilization i.e. the run-up order of power plants according to accurate demand forecasts. En-

ergy transmission and distribution is being challenged by the intermittency of renewables. 

Integration of ICT and advanced sensor technology to the energy transmission network en-

ables advanced control mechanisms and network level optimization.  

 

In the customer side, digitalization is enabling new solutions and services that are redefining 

the role of consumer in the energy sector. First of all, energy consumers are becoming energy 

producers by micro scale generation such as solar panels of roof tops. Technologies like 

blockchain are expected to be the enablers for energy trading between customers without 
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third party involvement. At the same time, energy consumers are at the core of providing 

flexibility to the energy system with concepts like demand response. Cost savings are gen-

erated for both energy producer and consumer when energy loads are shifted to less expen-

sive periods. Smart buildings provide an ideal platform for demand response. In addition, 

new markets are emerging for demand response aggregation platforms, which act as inter-

mediaries between energy suppliers and individual customers or as Virtual Power Plants 

(VPP). 

2.2 Smart Energy System 

The outcome of the energy transition is a smart energy system. An argument could be made 

that that the system transition is not driven by the end outcome. In other words, a smart 

energy system is not the goal but the means necessary to reach a sustainable and economi-

cally feasible energy system, driven by the changing business environment as discussed ear-

lier. Lund (2007) identifies the typical strategies for reaching a sustainable energy system to 

technological changes in three areas: energy savings in the demand side, improved efficiency 

in energy production and replacing fossil fuels with renewable energy sources. Here, the 

term energy system includes the entire production, transformation and end use of all primary 

energy ranging from transportation, heating and electricity consumption. 

 

The first major challenge in a sustainable energy system arises from the fluctuating and in-

termittent characteristics of renewable energy sources. As the share of wind, solar and tidal 

electricity production increases, the requirements for the system flexibility becomes essen-

tial. The concept of smart grids is often associated with the large scale integration of renew-

ables. The typical core of defining smart grid consists of a bi-directional power flow, where 

consumers are also producing to the grid, regulation hierarchies, distributed generation, ve-

hicle to grid concepts as well as micro girds.  (Lund et al. 2012) 

 

Studies argue that very little flexibility can be gained from the energy production side of 

these technologies and hence the potential for achieving a suitable integration is found within 

the surrounding system. The regulation in supply may be assisted by flexible demands, such 

as e.g. heat pumps, electric boilers and demand response. Moreover, the integration can be 

helped by the use of different energy storage technologies. Adding small CHP plants as well 

as heat pumps to the system are of particular importance as they provide the possibility of 

changing the ratio between electricity and heat demand while still maintaining the high over-

all fuel efficiency characteristic for co-production. (Lund 2007, Lund et al. 2012) 

 

Often discussion regarding sustainable energy systems is only limited to individual energy 

carriers, most commonly electricity production and consumption. However, a study by Lund 

et al (2012) takes a wider approach and includes the entire energy sector into the system 

definition instead of isolating the challenge only to electricity sector. The study makes an 

argument that the challenge in integrating renewable energy power into the electricity grid 

cannot be looked upon as an isolated issue but should be seen as one out of various means 

of approaching sustainable energy systems. Therefore, the integration must be coordinated 

with other sectors such as heat supply and transportation as well as energy conversion and 

efficiency improvements.  

 

There are various definitions for a smart energy system. One definition of a smart energy 

systems is the following. 
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“Smart energy system is defined as an approach in which smart electricity, thermal and gas 

are combined and coordinated to identify synergies between them in order to achieve an 

optimal solution for each sector as well as for the overall energy system.” 

(Lund 2014) 

 

In general, the smart energy system is defined by its main characteristics: intermittency, 

distributed and hybrid production and deeper integration of buildings and transport into the 

energy system. Hence a smart energy system is sustainable as it produces energy efficiently, 

ecologically and intelligently, by providing system flexibility with the integration of indi-

vidual energy systems. 
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3 District Heating 
A review of district heating is presented in this chapter including its market position as a 

heating technology, production technologies and the distribution of heating. Demand re-

sponse aims at adjusting consumption levels and therefore the consumption patterns of DH 

are presented. Buildings are connected to the DH network by substations, which control and 

distribute heat energy to the internal heating systems of buildings. These heating systems are 

briefly presented. The chapter ends with the identification of key factors affecting profita-

bility of district heating. 

3.1 Overview 

District heating is a technology for distributing thermal energy from centrally generated pro-

duction facilities to meet the heating requirements of residential and commercial customers. 

This energy is then consumed for space heating of buildings, production of domestic hot 

water (DHW) or as process heat by industries. District heating is by far the most significant 

heating technology in Finland. It has a leading market share measured by several metrics 

including the share of district heated households as well as energy end usage. It is estimated 

that 50% of the population in Finland lives in buildings that are connected to district heating 

networks. Furthermore, this percentage is much higher in densely populated urban areas such 

as Helsinki and Espoo with the share of DH housing being 92 % and 70 % respectively. 

District heating is the most important energy source measured by energy end usage for heat-

ing. This is shown in figure 2, where the recent development of the net effective heating 

energy of residential, commercial and public buildings in Finland is presented. The figure 

shows that the five leading heating sources and respective market shares in 2015 were: dis-

trict heating 47 %, electricity heating 18%, combustion of wood 13%, heat pumps 13% and 

light fuel oil 8%. These amount to 98% of total heating energy in buildings. (Finnish Energy 

2017a) 

 

 
Figure 2: Net effective heating energy used in residential, commercial and public buildings in Finland catego-

rized by heat source. (Data from Finnish Energy 2017a) 
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District heating can be considered a mature technology as it has been in use for over a cen-

tury. DH system development can be identified to consist of three generations which are 

categorized by the dominating heat carrier. The first generation of DH systems used steam 

as the heat carrier, with the first installations being introduced in USA in the 1880’s. The 

main driver for introducing this technology was to replace individual boilers in buildings. 

The second generation of DH systems used pressurized hot water as the heat carrier with a 

supply temperature mostly over 100 °C. Such systems were widespread in the 1930-1980 

period as an attempt to achieve fuel savings by integrating CHP production into energy sys-

tems. Such systems still exists at least as parts of current DH systems. The current generation 

of DHS still uses pressurized hot water as the energy carrier, but the supply temperatures are 

often below 100 °C. Consequently, the main trends in DH system development can be sum-

marized as a process towards better energy efficiency by reducing grid losses with lowered 

network temperatures. (Lund et al. 2014) 

 

The main benefits associated with district heating include fuel efficient heat generation, flex-

ible incorporation of energy sources, reliability and easiness for customers. DH systems are 

typically characterized with energy efficient production technologies such as CHP and the 

possibility to use a variety of energy sources such as biomass and waste incineration. DH 

systems are also capable of incorporating excess heat from industrial processes. For custom-

ers, DH offers a reliable heat source with low space requirements and no need for large front 

end capital investments in on-site thermal generation technologies. (Kontu 2014) 

 

The main weaknesses of DH systems are large investments costs and transmission losses. 

District heating requires substantial front end investments due to the capital intensive heating 

network infrastructure and DH production facilities. In order for DH to be economically 

feasible, it requires a relatively dense urban structure and hence is not viable for spatially 

distributed areas. (Rezaie & Rosen, 2010) 

3.2 Production 

The heating energy in a DH network is produced in centralized power plants and heat sta-

tions. Typically a DH system comprises of multiple heating facilities and therefore incorpo-

rates various fuel sources and production technologies. Traditional production technologies 

of DH include CHP plants and heat stations which both generate thermal heat energy by fuel 

combustion. Novel DH technologies include ground source heat pumps, geothermal heat and 

solar heat, which could replace fossil fuel combustion technologies in the future.  

 

District heating is fundamentally related to CHP. The concept of DH originates to a strategy 

to exploit the condensation heat in power plants that would have otherwise gone to waste. 

This heat is extracted from the condenser after the steam turbine in power production. 

Thereby the overall efficiency of energy production increases as a greater quantity of utiliz-

able energy is produced while using the same quantity of fuel. The total efficiencies of CHP 

production in Finland are typically around 90% depending on the power to heat ratio, tech-

nology and power plant size (Syri et al. 2015). In comparison, a facility that generates only 

heat by combustion of fuels is called a heat only boiler (HOB). CHP is the most significant 

district heating technology in Finland, as approximately 73 % of DH supply was produced 

by cogeneration in 2015. Furthermore, the total DH production capacity in Finland is almost 

23 GW which comprises of approximately 8 GW of CHP and the remainder 15 GW of var-

iable sized HOBs and heat pumps. (Finnish Energy 2017a) 
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The fuel mix of district heating production in Finland relies greatly on coal, natural gas and 

biofuels. The main fuels and recent development in market shares are presented in figure 3. 

Fossil fuels, including coal, natural gas and fuel oils amount to approximately 44 % of total 

share of fuel sources used for DH. Biofuels, which comprise of peat and wood residues from 

forestry and other industries have a share of 45%. (Finnish Energy 2017a) A growing trend 

in the share of renewable energy sources can be detected from the figure. However, the share 

of fossil fuels is still nearly 50% and therefore inherits significant potential for decarboniza-

tion and emissions reduction.  

 

 
Figure 3: Share of fuel sources in district heat production in Finland between 1990 and 2015. (Data from 

Finnish Energy 2017a) 

 

A typical district heating system is designed such that its total capacity can produce enough 

heating to meet the maximum demand. However, as demand varies significantly between 

seasons and even during daytime, it is not financially beneficial or feasible to design the 

system capacity around one production unit. Large heating units require major front end 

investments and hence should be utilized as much as possible to retrieve returns for the in-

vestment. Therefore DH systems are typically designed to comprise of several production 

units of different capacities and technologies. In addition, larger DH systems may include 

reserve capacity in case of breakdowns or maintenance. 

 

District heating systems are essentially heating systems for communities and therefore vary 

in geographical size, network length, heating capacity and technologies making each DH 

network distinctive. The simplest DH systems comprise of one thermal plant, typically a 

CHP-plant, and one or more smaller HOBs. Larger DH networks comprise of several GW 

of capacity and tens of thermal units. The system capacity is designed to cover the maximum 

demand but its configuration usually depends on the shape of the duration curve.  

 

The heating units in a DH system can be divided into three categories depending on their 

dispatch order: base load, medium load and peak load capacity. The division between these 

categories is not deterministic as the dispatch order depends significantly on the technologies 
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available and the momentary demand of the system. Base load units are typically dimen-

sioned such that they can be operated continuously. Therefore it is beneficial to utilize tech-

nologies with low operating costs and high usability. Typical technologies for base load in-

clude CHP-plants and solid fuel boilers. Medium load is also in continuous use, but with the 

distinction that such units can be operated also on partial load. Such units have typically 

relatively low operating costs and investment costs. Technologies for medium load include 

for example solid fuel boilers and natural gas boilers. Peak load capacity is characterized by 

fast start-up times and low investment costs but high operating costs. Common technologies 

include oil and natural gas boilers. 

 

The concept of base, medium and peak load are demonstrated in figure 4, where the upper 

graph shows the hourly system demand of Espoo DH network for the calendar year 2013. 

Color coding is used to distinguish between the load categories. The duration curve is shown 

in the lower graph. It should be noted that the division between capacities is not definite and 

have been assigned only for the purpose of demonstration.  

 

 
Figure 4: The concept of base, medium and peak load capacity demonstrated for a typical year in Espoo DH 

system. (Developed based on dataset provided by Fortum) 

 

The current district heating system in Espoo comprises of a versatile combination of both 

coal and gas fueled CHP plants as well as HOBs of varying capacities and different fuel 

sources as presented in table 1. The system has three CHP plants with a total of 455 MW 

heating capacity and 358 MW of power capacity. The system also includes a heat pump 

station in Suomenoja. The Espoo DH system has a total capacity of approximately 1500 MW 

of heating power. (Finnish Energy 2017a) 
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Table 1:  District heating production units, type, heat and power capacities and fuel sources in the Espoo DH 

network (Finnish Energy 2017a, Fortum 2017). 

Production unit Type Heat (MW) Power (MW) Main fuel 

Suomenoja 2 CHP CHP power plant 213 234 Natural gas 

Suomenoja 1 CHP CHP power plant 162 75 Coal 

Tapiola Heat-only boiler 160 - Natural gas 

Suomenoja 1 Heat-only boiler 160 - Coal 

Kivenlahti Heat-only boiler 130 - Wood pellet 

Otaniemi Heat-only boiler 120 - Natural gas 

Vermo Heat-only boiler 90 - Natural gas 

Vermo Heat-only boiler 80 - Natural gas 

Kaupunginkallio Heat-only boiler 80 - Light fuel oil 

Suomenoja 6 CHP CHP power plant 80 49 Natural gas 

Suomenoja 3 Heat-only boiler 70 - Coal 

Suomenoja 4 Heat pumps 40 - Electricity 

Suomenoja 7 Heat-only boiler 35 - Natural gas 

Kirkkonummi Heat-only boiler 31 - Natural gas 

Juvanmalmi Heat-only boiler 15 - Natural gas 

Kalajärvi Heat-only boiler 5 - Light fuel oil 

Masala Heat-only boiler 5 - Natural gas 

 

3.3 Network 

District heating networks deliver the thermal energy produced in centralized plants to the 

customers by transferring hot water in a network of insulated two-way stream pipelines. 

Each pipeline comprises of a supply and return pipe, where the supply pipe delivers hot 

water to customers and the return pipe carries the cooled water back to the heat production 

facility. Buildings are connected to the DH network by substations that are typically located 

in the technical space or basement of the building. A DH system can be classified as either 

a closed or open system. The distinction between these two systems is that mass transfer is 

not permitted in a closed system and hence the thermal energy is transferred to buildings by 

heat exchangers. In other words, the DH network water does not circulate in the building 

heating systems and thus the thermal energy is transferred to building heating systems via 

heat exchangers. Most modern DH systems including the ones in Finland are closed systems. 

 

Distribution of DH is in controlled by adjusting the thermal load within the network. In 

principle, this is controlled by either adjusting the temperature difference between supply 

and return water or by modifying mass flow of water. The supply temperature of DH water 

in Finland varies between 65° C and 115 ° C in correspondence with the outdoor tempera-

ture, while the return temperature is generally between 40° C and 60 ° C. The temperature 

difference between supply and return water should be kept as large as possible to improve 

the efficiency of the system. High temperatures reduce the pumping costs and allows for 

longer transfer distances. On the other hand, the temperature of supply water should be kept 

as low as possible to reduce heat losses. Heat losses amount to a share of 5-15% of the total 

heating demand.  (Finnish Energy 2017b) 
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3.4 Consumption 

District heating is primarily used for space heating and for production of domestic hot water. 

The heat load in DH systems is the aggregated heat load of the customers connected to the 

district heating network including the distribution losses. This heat load varies significantly 

throughout the year and is defined to consist of seasonal, weekly and daily components 

(Gadd & Werner 2013). These load components are reviewed in this section by using the 

Espoo DH load profile as an example, as this data is used in the empirical part of the study. 

 

Weather is the most significant factor affecting DH demand. Heat losses of buildings, mostly 

by means of convection and conduction through the building envelope are directly related to 

the difference between indoor and outdoor temperature. This is demonstrated in figure 5, 

where the hourly system load in the Espoo DH network is presented with color coding de-

pending on the prevailing outdoor temperature for the given hour. A strong seasonal pattern 

can be detected. Heat demand during warm season comprises mostly of production of do-

mestic hot water and this demand is nearly constant. The dependency of load and tempera-

ture is evident in the figure. In fact, the calculated correlation between heat load and temper-

ature is -0.93 for this dataset, indicating an exceptionally strong linear dependency between 

the two variables. This annual weather related pattern is regarded as the seasonal component 

of heat load variation. Other weather related factors affecting the load profile include solar 

radiation and wind speed. Solar radiation reduces the amount of heating required and strong 

wind intensifies the effects of cold weather. (Gadd & Werner 2013) 

 

 
Figure 5: Hourly load in the Espoo DH network with outdoor temperature color coding for the year 2013. 

(Developed based on dataset provided by Fortum) 

 

Heat demand also follows weekly and daily patterns. These momentary load fluctuations are 

caused by the individual and collective social behavior of customers and are regarded as the 

social component of heat demand. The weekly pattern is typically a declining trend, where 

the heating demand is lower during weekends compared to weekdays. This is explained by 

office and other work related buildings being unoccupied during weekends. The daily pattern 

consists of two peaks. The morning peak is caused by the increased use of domestic hot 

water and due to automatically scheduled building ventilation systems turning on from night 

time setback. The evening peak is mostly due to increased demand of domestic hot water. In 
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addition, heat demand during daytime is smaller due to warmer outside temperatures and 

increased solar radiation. (Gadd & Werner 2013) 

 

The weekly load profiles are presented in figure 6 and have been computed as hourly aver-

ages for weeks with similar mean temperatures, which are shown in the legend.  Similarly 

to the previous figures, the data is for the calendar year 2013. The daily pattern is noticeable 

from the two recurring peaks during weekdays and the decline in heat consumption during 

weekends is evident.  

 

 
Figure 6: Average hourly heat loads for a week depending on outdoor temperature, showing the weekly pat-

terns in consumption. The presented load profiles are for the calendar year 2013.  (Developed based on dataset 

provided by Fortum) 

 

The daily load profile is presented in figure 7 and has been calculated as an hourly average 

of all annual loads for the given hour. Two clear peaks are evident, where the first one occurs 

around 8 in the morning and the second one at approximately 20 in the evening.  

 

 
Figure 7: Average hourly heat demand profile for one day indicating the morning and evening peak. (Devel-

oped based on dataset provided by Fortum) 
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The presented load profiles represent the aggregated consumption of the entire DH network 

in Espoo and therefore should not be interpreted as consumption profiles of individual build-

ings. In practice, buildings follow varying consumption patterns and the volatility of indi-

vidual consumption patterns diminishes when evaluating the load of the entire network.  

3.5 Heating Systems in Buildings 

Buildings are connected to the DH network by substations, which control and distribute heat 

energy to the internal heating systems of buildings. This energy is then used for space heating 

and heating of DHW. The goal of space heating is to create a comfortable indoor climate 

when outdoor temperatures are lower than desired indoor temperature. Heating, ventilation 

and air conditioning (HVAC) systems are defined as the combination of all technologies that 

control the indoor climate of buildings. A building automation system (BAS) controls the 

HVAC system with the objective of maintaining the indoor climate at comfortable levels 

and reducing energy consumption by improved operation and efficiency. Space heating in 

buildings is distributed from the substation to individual heated spaces by a combination of 

different technologies and energy carriers. Space heating systems in buildings can be divided 

into two common categories which are ventilation and radiator based heating systems. 

 

Radiator based heating systems deliver thermal energy to spaces by a network of connected 

pipes and emit heating by radiators or floor heating. Room temperature is controlled by a 

combination of adjusting the temperature of circulating water and by room specific thermo-

stats. The temperature of the circulating water is often based on a linear control curve that 

adjusts the supply temperature according to outdoor temperature. Room specific thermostats 

adjust the mass flow through radiators.  

 

Ventilation based heating systems deliver thermal energy by heated air, where the supply air 

is heated at the air handling unit (AHU) with a heating coil. Typically such systems are based 

on supplying air with constant temperature that is a few degrees lower than the desired indoor 

temperature. The remaining heating energy is delivered with room specific heating equip-

ment such as radiators. Therefore it is common to find a combination of heating systems in 

buildings with mechanical ventilation. 

 

The demand for space heating is derived from the energy required to cover the heat losses, 

which comprise of heat conduction through the building envelope as well as convection by 

air leakages and mechanical ventilation. However, not all heating energy is delivered by 

heating systems. People, electrical equipment such as computers and lighting all provide 

heating to spaces. Thus, heating systems are only required to produce the net heating power, 

which is the difference between heat losses and internal heat loads, necessary to keep the 

room temperature within a comfortable range. Design temperature is the temperature level 

that the heating system is designed to maintain and is typically 21°C for heating season and 

23°C during summer season (NBCF D2/2012). 

 

The main components of a heating substation comprise of heat exchangers, control valves, 

sensors, pumps and meters, which are used to control and measure the distribution of heating 

energy to the individual secondary systems. Each secondary heating system is served by its 

own heat exchanger, which transfers the heat energy from the primary to secondary side. 

Primary side refers to the thermal flow in DH network and secondary side to the energy flow 

in individual heating systems. Adjustable valves regulate the mass flow through heat ex-

changers and thus control the quantity of energy transferred into the secondary side. The 
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schematic diagram of a typical heating substation is presented in figure 8. The setup includes 

three heat exchangers: one for DHW, one for the radiator network and one serving the air 

handling unit. The supply pipe of DH is connected to these energy circuits via heat exchang-

ers labeled LS1, LS2 and LS3. The supply temperature in the secondary circuits is controlled 

by adjusting the valves TV1, TV2 and TV3 that regulate the mass flow through heat ex-

changers. Pumps P1, P2 and P3 are used to maintain the required pressure difference and 

flow within these circuits. Expansion vessels are used to control the thermal expansion of 

circuiting water in the network of pipes and radiators. 

 

 
Figure 8: Schematic diagram of a typical DH substation for a building with DHW, radiator network and pre-

heated supply air (Finnish Energy 2017c).  

 

3.6 Factors Affecting Profitability of District Heating 

DH companies generate profits by selling heating energy to customers with a profit margin, 

which is the difference between revenues and costs. Profitability can therefore be improved 

by either increasing revenues while maintaining the cost level the same, or by reducing costs 

while generating the same amount of revenues from district heating.  

 

District heating companies in Finland operate in market structures that resemble natural mo-

nopolies. Natural monopolies arise in industries which have high barriers of entry, thus pre-

venting competitors entering the market (Mankiw 2014). DH systems are primarily designed 

as isolated networks that are not connected with each other, resulting in regional markets 

where DH companies are not in direct competition with each other. Consequently, customers 

cannot choose their DH provider. Furthermore, Wissner (2014) argues that it is not even 

economically feasible to construct a competing DH network to a region with an existing one. 

The competition act (948/2011) prohibits the exploitation of this market position and there-

fore prices have to be kept at a reasonable level.  On the other hand, if the heating market is 

defined to consist of all heating sources, the customer has many alternatives to choose from 

such as heat pumps, fuel boilers or electric heating. Therefore despite the status of natural 

monopolies, DH companies are competing for market share in the overall market for heating. 

Especially maturing heat pump technologies have emerged as a viable competitor for DH in 

the past years with a growing share in heating markets (Finnish Energy 2017a).  
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The cost structure of DH companies can be distributed into fixed and variable costs. Fixed 

costs are independent of energy production and constitute mostly of amortization and depre-

ciation of invested capital in the distribution network and production facilities. Variable costs 

are dependent on the quantity of energy produced and comprise of fuel costs, taxes, operation 

costs and emission permits. Other costs for DH companies include heat losses in distribution, 

costs of covering pressure losses and service and maintenance of production facilities and 

network. (Persson & Werner 2011, Song et al. 2017)  

 

In a DH system with more than one production unit, the merit order determines the operating 

sequence of units used to meet the fluctuating demand. Typically the merit order is composed 

by ordering the production units in ascending order of marginal costs and consequently min-

imizing the variable production costs. Marginal cost is defined as the additional cost incurred 

in the production of one more unit of a good (Mankiw 2014). In the context of DH, marginal 

cost is the cost of generating one more unit of heat to the system. There are varying view-

points on how the marginal cost should be calculated. Following the economic definition of 

marginal costs, only variable costs are included as the operating decision of a plant should 

not be affected on already paid fixed costs. On the other hand, Li et al. (2015) states that in  

practice marginal  costs are usually  calculated  by  splitting  the  total  cost  into  a fixed  and  

a variable cost and thus the marginal cost is equal to the additional unit of variable costs and 

the depreciation of fixed costs.  

 

The pricing structure of DH comprises typically of three components: connection fee, fixed 

capacity fee and energy fee. The connection fee is charged when a customer is connected to 

the DH network and varies depending on the heating demand of the customer. The capacity 

fee is a fixed monthly or yearly payment that is based the maximum heat delivery capacity 

(kW) to the customer. This fee is used to cover the fixed costs of DH companies including 

costs of maintaining sufficient production capacity and distribution costs. The energy fee 

forms the majority of the DH tariff and is the price for one unit of energy consumed 

(€/MWh). The energy fee is based on measured consumption. In addition, some DH compa-

nies offer pricing models where the energy fee varies within seasons for example different 

summer and winter fees to better reflect the production costs.  (Finnish Energy 2017d, Song 

et al. 2017) 

 

The current revenue models for DH companies are mostly based on selling DH to customers 

at a fixed unit price which is independent of the production costs at the time of consumption. 

Revenues are more or less linearly dependent on the quantity of energy sold and therefore 

profitability is determined by the costs of producing the sold energy. Valor Partners (2015) 

summarize that profitability of DH companies is mostly affected by three main factors. The 

most important factor is maximizing the operational efficiency, uptime and utilization rate 

of the base load capacity. As was established earlier, base load capacity typically consists of 

capital intensive CHP or HOB plants, which as a result have low operating costs. CHP plants 

obtain the best efficiencies when they are operated at full capacity. HOB plants that use solid 

fuels such as biomass have low operating costs, which also reach best operational efficien-

cies when operated at nearly full capacity. These factors can be improved by maximizing the 

uptime of full operational capacity and by minimizing the number of ramp-up and ramp-

down times of such plants. Secondly, profitability can be improved by minimizing the usage 

of capacity that is more expensive than base load. Such capacity is often regarded as peak 

load capacity and consists of individual boilers that use expensive fuel oils as energy source. 
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Such production is expensive for the supplier as well as burdens the environment due to 

emission-intensive usage of fuels. The third factor affecting profitability is operating a bal-

anced DH network, which is optimally stressed, is in good condition and does not produce 

overly high heat losses.  

 

Profitability can also be improved by influencing the time of consumption. CHP production 

is the dominant heating technology for district heating, where revenues are generated from 

DH sales as well as electricity sales. The revenues of electricity sales are deducted from the 

overall production costs, which defines the production costs for district heating. Therefore 

DH production by CHP is most profitable when electricity prices are high. In practice, CHP 

plants are predominantly operated according to the heating demand, not electricity prices. 

Thus profitability could be improved by influencing demand to shift from periods of expen-

sive production to financially preferable periods. This concept is known as demand side 

management and is introduced in the next chapter. 
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4 Demand Side Management 
The concept of demand side management is introduced in this chapter, beginning from def-

initions (section 4.1) and economic theory (section 4.2). The benefits and risks of demand 

response are established in this section 4.3. Previous research on the topic of determining 

the potential of demand response for district heating are reviewed and key findings presented 

in the section 4.4. 

4.1 Definition and Overview 

Demand side management in general terms refers to the set of various approaches of influ-

encing the customer to change their energy usage from normal patterns with the objective of 

producing an optimal load shape for the system (Gellings 1985). The founding idea of DSM 

is to influence the consumption patterns in a way that economic, environmental and other 

benefits are realized at the system level. However, the scope of activities included in the 

definitions of DSM is widespread. The broadest definitions include all activities intended to 

influence demand ranging from energy efficiency measures, smart energy tariffs up to so-

phisticated real-time control of distributed energy sources (Palensky & Dietrich 2011). 

Moreover, demand response is regularly used interchangeably with DSM. Even though both 

terms refer to customers changing their energy consumption from typical patterns, a distinc-

tion can be made in regards of the timeframe of these activities. Short term DSM, also re-

garded as DR, includes the immediate actions to produce an optimal load pattern, whereas 

long term DSM includes permanent changes in consumption arising from for example en-

ergy efficiency measures. Therefore, DSM can be considered as hypernym including both 

DR and energy efficiency activities.  

 

The main goal of DSM is to increase the efficiency and utilization of system assets by bal-

ancing the load optimally. This is realized by using DSM as a tool to accomplish different 

load shapes that are optimal for the energy producer. The six basic load shaping techniques 

introduced by Gellings (1985) are distinguished between DR and long term DSM activities 

in figure 9. Like Gelling’s study, most of the academic research around DSM has been for 

managing electricity loads. However, the analogies between DSM for DH and electricity are 

very much alike as both DSM theories are founded on the same principles and can therefore 

be applied interchangeably.  

 

 
Figure 9: The most common load shaping techniques applied in DSM, distinguished between short term (DR) 

and long term DSM (Adapted from Geilins 1985). 
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Short term DSM or DR includes three common techniques for reducing the difference be-

tween peak and off-peak load levels. These techniques are peak shaving, valley filling and 

load shifting. It should be noted that no universally optimal load curve exists, but it is gen-

erally recognized that flattening the load curve is an effective way of cutting costs as plan-

ning and operation of utilities becomes more efficient due to predictable demand. Load shift-

ing is considered the most effective method of DSM. In load shifting, the time of consump-

tion is shifted from peak times to off-peak times. Furthermore, load shifting may not have to 

always occur during peak times, as sometimes it may be beneficial for the energy provider 

to shift loads outside peak intervals. In peak shaving, the energy consumption in reduced 

during peak times but not compensated later. In valley filling, energy consumption is in-

creased during off-peak hours. (Gellings 1985, Kirschen et al. 2000, Logenthiran et al. 2012) 

 

Long term DSM refers to actions intended to alter the overall consumption level and reshape 

the demand curve permanently. Such techniques can be categorized as either load conserva-

tion or building. Load conservation is a mean of reducing the overall consumption of the 

customer by for example investing in energy efficient equipment, whereas load building in-

volves increasing the overall consumption by adding sales through the acquiring of new 

customers. On-site generation is also included in the long term DSM measures as it reduces 

the amount of energy bought from the supplier. On-site generation does not affect consump-

tion patterns, but can be used to limit the load at the system level. (Gellings 1985, Kirschen 

et al. 2000, Logenthiran et al. 2012) 

4.2 Economic Theory of DSM 

To construct a comprehensive review of DSM, the topic is evaluated in the framework of 

economic theory. It is coherent to begin with the law of supply and demand as essentially all 

economic theories are derived from it. The law states the quantity of a good supplied in-

creases as the market price rises. Conversely, the quantity of a good demanded decreases as 

the market price increases. Market price is the point at which supply and demand meet, also 

defined as the market equilibrium. As demand or supply changes, a new equilibrium and 

market price is formed. Price elasticity of demand defines the point where the new market 

equilibrium is formed. It is defined as the relative change in demand for a commodity that 

would result from a change in the price and essentially measures the sensitivity of demand 

for a product against price changes. Consequently, there are two types of elasticities depend-

ing on how the demand for a product responds to changes in price. Demand for a product is 

said to be elastic if the quantity demanded changes substantially to changes in price, whereas 

inelastic if the quantity demanded responds only slightly to changes in price. If demand does 

not respond at all to changes in prices, it is perfectly inelastic. Graphically presented, this 

would result as a vertical demand curve. In addition, the time horizon and market boundaries 

should also be included as a factor when assessing elasticities. Goods tend to have more 

elastic demand in the long run compared to short run due to consumers having more time to 

adapt to the market changes. (Mankiw 2014)  

 

The demand for DH is highly inelastic in the short run, as DH customers consume heating 

energy independently of the momentary costs. It could be argued that the demand curve is 

very close to being perfectly inelastic. Moreover, the current pricing models are based on 

either fixed or seasonally fixed tariffs and hence provide no incentive or signal for the cus-

tomer to react to price changes. If the entire heating market is considered, where consumers 

have alternative heating sources to choose from, DH has a strongly inelastic demand curve 

in the short run while more elastic in the long run. In the short run a customer is devoted to 
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DH as there are no alternatives in the given time span to choose from. However, in the long 

run a customer may change to another heating source if two conditions apply. First, the al-

ternate heating solution has to be physically available to the customer and second, the cost 

of switching to a competing heating system is relatively low (Söderholm & Wårell 2011). 

 

Price formulation of DH is in theory based on the marginal costs of energy production, where 

the marginal cost of the most recently started production unit determines the market price. 

However, this is not the case in reality as currently DH price schemes are based on fixed 

tariffs and not on real time updating prices based on production costs. According to Rehme 

(2013) marginal cost pricing is economically efficient as it sends precise signals to customers 

on how to react, and if the customer finds the price too high they will reduce their demand. 

 

The concepts of DSM and marginal cost are demonstrated in figure 10. The supply curve of 

DH is an ascending piecewise function constituting of the production capacities and their 

corresponding marginal costs. Demand curves at different market equilibriums are strongly 

inelastic. The marginal costs (C) change significantly at different points of time (T) caused 

by fluctuating demand (Q). Following the normal load curve, the increase of load demanded 

(Q1 and Q2) between off-peak and peak load (T1 to T2) forces the energy producer to ramp-

up more capacity resulting in increased marginal costs (C1 to C2). The figure shows the 

benefits of shifting the load from peak hours to off-peak hours as it reduces the peak demand 

from (Q2) to (Q’2) and prevents the ramp-up of an additional unit of HOB. This results in a 

lower marginal cost (C’2). Although not apparent in the figure, the area under both demand 

curves is equal meaning that the total energy consumption is not affected but only the timing. 

This would result in cost savings for the consumer in the case that DH pricing followed 

marginal costs.  

 

 
Figure 10: Load shifting and the resulting system benefits represented. The upper figure shows the effects that 

load shifting has on DH demand while the second figure presents the resulting effect on marginal costs of DH 

production. 
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4.3 Benefits and Risks of DSM  

There are a wide range of financial and environmental benefits in employing load control in 

DH systems. The objective of DH companies is to produce and deliver the required amount 

of heating energy to customers while maintaining the operation profitable. It was distin-

guished earlier that heat demand can exhibit significant variation in both short and long time 

periods limiting the autonomy of the producer to plan and control heat generation. The main 

benefits of DSM arise from the increased controllability of the system load and a smoother 

and more predictable demand curve.  

 

A controllable demand curve allows DH companies to plan and optimize heat generation 

more efficiently resulting in lower operational costs, improving profitability and reducing 

emissions. Optimizing the production normally translates to avoiding expensive peak load 

boilers and maximizing utilization of base load and cogeneration. By reducing peak load 

demand, the utilization rate of peak load production units can be decreased resulting in fi-

nancial and environmental benefits as this production is expensive and typically emission-

intensive depending on the fuel sources. In addition, reduced load variation also decreases 

the frequency of start-up and shut-down times of additional production units.  This is bene-

ficial for the energy producer as heat generation is less efficient during start-up periods due 

to the time delay for a boiler to reach its optimal operational temperature and therefore cost 

saving from improved fuel economy can be obtained by reducing load variance. Moreover, 

better planning and controllability of production improves fuel efficiency even further as 

production units can be operated at their most efficient states reducing production costs. 

With a more controllable load, the utilization rate and uptime of base load capacity such as 

CHP units can be increased and operated at larger shares resulting in lowered production 

costs. By shifting loads, it is not only possible to reduce peaks but also move them to more 

suitable times. This gives the DH producer more control to optimize heat generation and 

assets by operating CHP plants according to electricity prices, hence increasing the share 

and improving the profitability of cogeneration. The same benefits arise in DH systems with 

heat pumps, where production costs can be minimized by operating these units for heat gen-

eration when the electricity price is low. (Johansson & Wernstedt 2010, Kensby et al. 2015, 

Kärkkäinen et al. 2003, Wernstedt et al. 2007, Valor Partners 2015) 

 

In addition to the benefits of reduced operational costs, DSM also inherits potential for sig-

nificant savings in capital expenditure. As was established earlier, DH companies maintain 

certain amounts of peak and reserve capacity. The upkeep and operation of such production 

units with low utilization rate is not financially attractive. DSM has potential for handling 

capacity issues in existing DH systems as production capacity can be dimensioned for lower 

reserves resulting in substantial financial benefits. Hence, the fixed capital costs of existing 

system could be reduced by employing DSM programs. In addition, postponement or elim-

ination of investments in DH capacity enlargements are other potential benefits of DSM as 

it is possible to forestall investments in new capacity by exploiting DSM while adding new 

customers and increasing energy sales. The advantage of DSM is based on the fundamental 

that it is less expensive to intelligently control a load than to build new capacity (Palensky 

& Dietrich 2011). (Johansson & Wernstedt 2010, Valor Partners 2015) 

 

Benefits of DSM are also exhibited in the delivery process of DH as security of supply can 

be improved without adding new production capacity. Furthermore, by implementing DSM 

it is possible to prioritize between different customers during periods of shortages or extreme 
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weather conditions. Other benefits may also include reduction in pumping energy consump-

tion and potentially postponement of network investments. (Johansson et al. 2010, Kensby 

et al. 2015, Valor Partners 2015) 

 

While DH producers are mostly interested in the total heat load of the system and DSM is 

viewed as a mean for better asset utilization and improving profitability, the customer has 

different motives regarding DSM. Heating energy is perceived as a commodity to provide 

comfortable indoor climate conditions and domestic hot water. Therefore the typical cus-

tomer is not interested in the timing of consumption, but more on the services they provide 

and costs of acquiring these commodities. From the perspective of a DH customer, actuating 

DSM means lowering the indoor climate conditions temporarily and receiving some com-

pensation for doing so. 

 

The main benefits of DSM for customers are the potential reductions in energy costs if the 

pricing model compensates monetarily for DSM activities. Costs savings may arise from 

shifting consumption to less expensive time periods, if the pricing model has price deviations 

between peak and non-peak periods. Cost savings may also result from reduced energy con-

sumption. Energy consumption is reduced if peak shaving is implemented and the load is 

not compensated later. Furthermore, energy savings may arise from the reduction of exces-

sive indoor temperatures due to improved temperature management from installation of in-

telligent building heating system controls required for DSM. A distinction could made be-

tween customer and end user as often the customer owns and operates the building and pays 

the heating bill but the actual end users occupy the spaces and perceive the indoor thermal 

comfort thus potentially resulting in imbalanced interests in regards of DSM implementa-

tion.  Other benefits perceived by the customer may include in the emergence of new prod-

ucts and services arising from the new pricing and business models of DSM as well as im-

proved customer experience due to the closer interaction with the energy provider. (Kärk-

käinen et al. 2003, Valor Partners 2015, Wernstedt et al. 2007) 

 

Most of the research focuses solely on the implementation and benefits of DSM in DH sys-

tems while risks and negative effects resulting from DRM are neglected. Of the reviewed 

literature, only a report by Valor Partners (2015) identifies risk factors including the in-

creases in peak load, uncertainty in demand forecasts and financial risks. A poorly designed 

DSM scheme may result in even higher peak loads. This may occur for two reasons. First of 

all, this effect may occur if there is a large customer base participating in the DSM scheme, 

all having similar control algorithms and hence reacting the same way to the DR or price 

signal. A higher peak than the original may occur if all participants shift their load to the 

same time period. The second reason is one that is often cited as the rebound effect. A re-

bound effect may occur after a DR event, when all participants compensate for the temporary 

decrease in energy consumption simultaneously. This may occur for example, when the heat-

ing load in radiator networks are all simultaneously increased to above normal levels to 

change the room temperature back to normal states. If carried out simultaneously, this may 

result in higher peaks than the contracted load as often the required load for compensation 

is higher than the reduced load. (Valor Partners, 2015) 

 

DSM may cause undesirable effects at a system level due to the uncertainty in load forecasts. 

Factors causing uncertainty include the unpredictable nature of customer behavior, uncer-

tainty in participation to DR events as well as unpredictable weather patterns. Financial risks 

of DSM include pre-agreed fixed intensives for the customer that may lead to losses for the 
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energy company if the expected benefits are not realized. Furthermore, investments neces-

sary for system level implementation of DSM may be greater than the cost savings acquired. 

Alternatively, the same savings could have been retrieved by installing thermal energy stor-

age with lower investment costs. In addition, quality of service and customer satisfaction 

may be undermined if load control is carried out too intensively. (Valor Partners, 2015) 

4.4 Potential of DSM in DH 

Attempts at determining the potential of DSM in DH systems have been done in many re-

search papers and reports. The findings of these studies are presented in this section. The 

reviewed research can be categorized between simulation and pilot based test studies, while 

the emphasis of the studies range from evaluating how indoor thermal conditions react to the 

alteration of space heating load, up to assessing system level effects. In addition, very limited 

case examples of actual system wide implementations of DSM in DH networks exist and 

hence no measurement based results are available. However, some studies like the one con-

ducted by Johansson et al. (2010) include both aspects. As was distinguished earlier, the 

characteristics of DH networks differ from each other and therefore the assessments on the 

potential of DSM for individual DH networks should not be generalized to apply for all 

networks. 

 

A significant share of DSM research for DH focuses on using the mass of buildings as tem-

porary thermal energy storage. The emphasis of these studies has been on evaluating how 

indoor thermal conditions react to the alteration of space heating load and hence determining 

the constraints for DSM. Kensby et al. (2014) studied the usage of buildings as short-term 

thermal storage by carrying out measurements in a field test consisting of five residential 

buildings and then up scaled the results to identify system level benefits. DSM was imple-

ment by adjusting the supply temperature of the radiator network in different ways and in-

door temperatures were actively measured. The results of the study show that indoor tem-

peratures were only affected by a deviation of 0.5° C and by utilizing approximately 500 

heating substations for short-term energy storage, the daily variations in system level heat 

load could be reduced by 50%. Another pilot test was conducted during the winter of 2002-

2003 in two Finnish buildings with concrete structures and radiator heating (Kärkkäinen et 

al. 2003). The study established that building heat load could be reduced by 20-25% over 

time periods of 2-3 hours resulting in a drop of indoor temperature within 2 ° C. The tests 

were performed at outdoor temperatures ranging from - 10° C to 0 ° C. Based on the building 

level results, the system level effects of DSM were estimated as a 10-20 % reduction in heat 

demand and 25% reduction in peak load for a single day. The study also included a third test 

building located in Germany which used ventilation as the primary heating method. The 

peak demand for heating was reduced by 4.1% in the test.  

 

A similar study (Johansson & Wernstedt 2010) demonstrates that heat load within buildings 

can be reduced temporarily up to 25- 30% with minimal deviations in indoor temperatures. 

The study was conducted by measuring indoor temperature changes of a residential building 

against heat load alterations. A subsequent study by Johansson et al. (2010) piloted DSM by 

deploying an agent based load control scheme for a system consisting of 58 DH substations 

located in three distinct cities in Sweden. This is one of the most comprehensive studies in 

the field of DSM for DH as it establishes measured system level effects. The goal of the 

control scheme was to maintain indoor climate conditions while participating in the overall 

system level load control as much as each buildings heat load buffer allowed. The results 

showed that the system was capable of up to 20% shaving of peak load and to lower the 
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average energy consumption with about 7.5%. In both studies, demand response was actu-

ated by controlling the supply and return temperatures of the radiator network. The results 

of a DSM field study of 14 multi-apartment buildings (Wernstedt et al. 2007) show that it is 

possible to remove 10% of the peak heating consumption without affecting the quality of 

service delivered. Consequently, an addition of 10% in new customers could be achieved 

without the need of new capacity investments.  

 

A study by Jokinen (2013) compared the thermal behavior of multistory apartment buildings 

in Finland that were constructed during different decades. The study was carried out by sim-

ulating a DR event in which space heating was cut off completely for a period of one hour 

every weekday morning and allowing the indoor temperature to drop by a maximum of 1°C 

during the event. The results show that the thermal behavior and hence the DR potential of 

buildings varies significantly in relation to the year of construction. Buildings constructed 

before 2003 have higher heating demands compared to newer buildings due to improvements 

in energy efficiency. On the other hand, new buildings have improved insulation and thermal 

storage capacity but are less energy intensive. The study established that the largest DR po-

tential relies in buildings constructed between 1940 and 2002. Kontu (2014) compiled these 

results and scaled them to a DH system level, indicating momentary load reduction potential 

of up to 80%. 

 

Fortum has carried out several pilots projects with regards to DR. One of the aforementioned 

was a field test conducted in 2015 in co-operation with Aalto University, where an intelligent 

control system was installed to an educational building. The project studied the potential of 

DSM by employing a control system that automatically reduced space heating load during 

periods of high production costs, which were delivered to the system by Fortum. Space heat-

ing load was controlled by reducing the supply temperature in the radiator network and in-

door temperatures and user feedback was actively monitored. Based on the measurements, 

the room temperature was only effected by 0.2 to 1.0 degrees during DR events ranging from 

2-4 hours in duration. (Fortum 2015a) A similar pilot was carried out in a small multi-story 

apartment building in Leppävaara, where the indoor temperature control of apartments was 

carried out with room specific thermostats that were connected to the internet (Fortum 

2015c). Another DR pilot by Fortum began in 2015, where 40 multi-apartment buildings 

comprising of nearly 2000 apartments were equipped with temperature sensors and intelli-

gent control systems which redirects heating loads on the basis of real-time pricing with the 

objective of minimizing heating costs without compromising thermal comfort (Fortum 

2015b).   

 

The financial viability of peak load reduction was studied in a field test conducted by Oulun 

Energia Oy and University of Oulu. DSM was implemented by installing an optimization 

algorithm to the building automation system that defined the charge and discharge periods 

for heating on the basis of demand forecasts delivered by the energy company. The study 

categorized buildings into two clusters depending on the demand profile: one and two peak 

buildings. One peak buildings comprised of public (library, school) and office buildings that 

had large ventilation systems. Two peak buildings were mostly residential buildings. The 

study estimated that the DSM system would cost about 150 000€ and would require 100-200 

single peak buildings or 150-230 dual peak buildings to be financially viable. (Manninen 

2014)  
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A report by Valor Partners (2015) estimated the DR potential by simulating annual energy 

production costs for different configurations of DH systems. The simulations assumed that 

the energy producer had significant control over demand and could shift 50% of the loads 

exceeding base load to the next hour. The results show that the long term costs savings in 

production costs range from 1-4 €/MWh or 5-25% of production costs, depending on the DH 

system configuration. The report also included a survey in which energy companies were 

asked to estimate the potential of DR in DH systems. The survey results indicate that the 

cost reduction potential of DR is generally perceived relatively low, ranging from 1-3 % of 

annual production costs.  

 

According to Difs (2010), the time period of DSM is limited to average heating periods that 

occur between summer and cold season. The study assessed system level effects of DSM by 

simulating various demand profiles on the DH system of Linköping, which has an annual 

heating demand of 1700 GWh. The prevailing assumptions were that 24% of residential 

buildings within the network participated in the DSM program, and a reduction of 10 GWh 

could be achieved. Result showed that largest cost saving potential occurred during the av-

erage heating season. The rationale behind this argument is that the volatility of outdoor 

temperature is the greatest during these periods, resulting in frequent start-ups and shut-

downs of medium and peak load capacity. In contrast, the demand for space heating during 

summer is nearly zero or at least discontinuous. In either case, such constant demand is easily 

supplied with base load capacity. Comparatively, heat demand during cold season inherits 

relatively low adjustability as buildings need to be heated continuously.  

 

The varying properties of DH systems have impact on the potential of DSM within the indi-

vidual networks. Valor Partners (2015) considered system specific factors that influence the 

potential of DSM. Identified factors improving the potential of DSM include low storage 

possibilities with accumulators, large variance in heat generation costs between different 

production units and scarcely dimensioned production capacity relative to demand. In com-

parison, factors reducing potential of DSM include large heat accumulator capacity, diverse 

production portfolio consisting of different technologies and fuel types, excessively dimen-

sioned production capacity relative to demand, high spatial intensity of customers and ex-

ceedingly dimensioned network capacity.  

 

The following conclusions can be made of the reviewed studies. First of all, it is evident that 

the mass of buildings can be utilized as short term thermal storage without violating the 

inside temperatures significantly. Furthermore, the thermal storage capacity is dependent on 

the building properties such as materials, insulation and heating system. Secondly, the mo-

mentary peak reduction potential within buildings ranges from 10% to 80%, with significant 

differences arising due the aforementioned building specific properties as well as the imple-

mented control strategy. Thirdly, no definite conclusions on the system level potential of 

DSM can be made due to the lack of actual system wide implementations and availability of 

measured effects. However, the reviewed studies presented indicative results of system level 

potential ranging from 7.5% - 20% reduction in peak energy consumption, 20-25% reduction 

in momentary peak load, and 5-25% reduction in annual production costs. It was also estab-

lished that the potential of DSM increases as the differences in production costs between 

units in a DH system increases. 
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5 Implementation of Demand Response in DH 
This chapter takes a technical approach to demand response. The chapter is divided into 

system level (section 5.1) and building level (section 5.2) technical solutions for demand 

response implementation. As a model predictive control algorithm is developed in this thesis 

for building level control of DR, the theory of this control method is introduced in section 

5.3. On the basis of these findings, a technical concept for the DR scheme is presented in 

section 5.4. 

5.1 System Level Demand Response Scheme 

A system level DR scheme is a representation of the process of managing the control and 

signal mechanisms that evoke DR events and inform the customer to adjust consumption 

patterns. It also defines how these signals are coordinated in such a way that positive system 

level responses are obtained. Such coordination is often regarded as aggregation, where a 

larger number of functionally similar units are combined with a control structure to be rep-

resented as a single unit in the energy market (Heussen et al. 2012). The system level DR 

scheme includes a pricing model that determines how the benefits are allocated and a control 

scheme that defines how deterministic the signal is. The design of DR scheme defines the 

requirements for system architecture and infrastructure. The main components of a system 

level DR scheme are presented in figure 11 and reviewed in the following sections. 

 

 
Figure 11: Framework of a system level demand response scheme as defined in this thesis. 

5.1.1 Control Scheme 

Often DR schemes are classified as either direct or indirect schemes, based on the level at 

which the decision for acting on a DR signal is made and therefore which party controls the 

load adjustment. A DR signal is issued by the energy company or DSM operator and is 

defined as an request to modify energy consumption for a limited period. The DR signal may 

take several forms such as price for a given period, a set of hourly prices, a bid for capacity 

or some specific command. Furthermore, DR schemes can be either event based or continu-

ous depending on the frequency of signals. DR schemes can be classified further according 
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to the level of communication infrastructure required as presented in figure 12. In direct 

control schemes the decision for acting on a DR signal is made at the system level thus 

issuing specific commands to controllable loads within buildings. In such schemes a central 

controller embeds the main intelligence and has building specific information of the state 

and operation of the prevailing systems. In a direct control scheme with one-way communi-

cation, the building receives a DR command and is obligated to follow. In the case of two 

directional communication, the building controller can inform the system operator whether 

or not the command can be executed and provide the status of the system. (Kosek et al. 2013) 

 

 
Figure 12: The distinction between the different classifications of DSM schemes represented in a control ma-

trix. (Adapted from Kosek et al. 2013) 

 

For indirect DR schemes, the decision of acting on the issued signal is made locally at the 

building level. Such schemes can be subcategorized even further based on the evoking sig-

nal. Commonly cited indirect signals include price signal, market signal or no-signal.  Indi-

rect control via price signal is a DR control scheme where energy prices are used as a signal 

to alternate consumption patterns. Price-based DR schemes provide monetary incentives for 

the customer to adjust time of consumption by employing a dynamic tariff structure. Pricing 

models that support such control schemes include hourly real time pricing, time of use tariffs 

and critical peak pricing. This requires only one-way communication as the building may or 

may not decide to act on the signal. Market based signals, often regarded as transactional or 

market platform based signals, refers to a control strategy centered on negotiations in a bid-

based market where buildings can offer so called flexibility or demand side resources to an 

aggregator or market. The price for this flexibility is therefore formed from the market equi-

librium. Such scheme requires two-way communication between the building and system 

controller as the building sends information of its state and capacity for DR auction. In au-

tonomous control, the building controller makes independent decisions and there is no inter-

action between the system level, resulting in no need for communication infrastructure. (Ko-

skel et al. 2013)  

 

Indirect control, mostly by autonomous control in the presence of a pricing scheme, is cur-

rently the most utilized form of DSM in DH systems. An example of such scheme would be 

an agreement of reducing space heating during morning peak hours, resulting in a one-time 

adjustment to the BAS and some fixed compensation would be obtained. The fundamental 

issue with indirect control schemes is that despite customers being aware of fluctuating 

prices and acknowledging the cost saving potential, they currently lack the technical capacity 

to act on these signals. Direct load control is less common as such approaches tend to require 

considerable investments in hardware as well as development of advanced software systems. 
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Two-way communication systems for DH substations are currently at a relatively early stage 

of development. (Johansson 2014) 

5.1.2 Pricing Model 

The concepts of control scheme, signal and pricing model are very closely interlinked and 

together form the foundation of DR schemes. The pricing model serves two purposes. First 

of all, it determines how the benefits are allocated between participants and secondly, it can 

serve as a control signal or mechanism that evokes the DR event as described earlier. In 

either case, the pricing model should support the control scheme. Pricing models can be 

classified into two types with regards to how the benefits are distributed: incentive based 

and tariff based.  

 

Incentive based pricing models offer customers a specific reward for changing their con-

sumption upon request. This reward could be compensated in the heating bill in the form of 

a price premium. The price premium can be appointed to any of the components in a DH 

tariff structure such as capacity fee or energy price. Such pricing models would seem prac-

tical for direct control schemes, where the decision for participation in DR events is made 

centrally and therefore the customer has no or very little control over involvement. In com-

parison, tariff based DR programs provide monetary incentives to the customer to adjust 

consumption by employing a dynamic tariff structure. The principle of tariff based DR pro-

grams is to increase tariff prices when energy production is expensive and hence providing 

the customers incentive to shift or reduce consumption during these periods. By assuming 

that the price signal would follow marginal or average production costs, it offers incentive 

to shift consumption to times of less expensive energy production thus reducing system peak 

load. Time of use tariff structure is based on varying unit prices for different blocks of times, 

where the rate during system peak periods is higher than the rate during off-peak periods. 

(Palensky & Dietrich 2011) 

 

Most of the benefits of DR occur at the system level thus making the DH provider the main 

beneficiary. A problem arises on how to compensate each participating party evenly or in 

correspondence to the magnitude of risk they are taking. Issues that should also be taken into 

consideration in the allocation of benefits are the proportions of investments made for the 

DR scheme as well as risks in realized performance levels (Valor Partners 2015). DR relies 

on the supposition that it should benefit both the DH provider and customer. Therefore 

choosing an appropriate and fair pricing model is essential for the successful implementation 

of a DR scheme. Furthermore, the pricing model should provide necessary incentives for 

customers to enroll in the scheme as the system level benefits are only obtained if the load 

adjustment effects are of significant magnitude. Kärkkäinen et al. (2003) defines the prevail-

ing conditions for a consumer to be interested in joining DSM programs as monetary incen-

tive and the easiness or automatization of technical operation of DSM.  

5.1.3 System Architecture 

System architecture is the conceptual structure of how load control tasks are organized in 

respect to objectives, actuation and decision making. It includes a set of tasks such as gen-

erating and distributing the DR signal, modelling and predicting the aggregated response of 

individual loads, as well as actuating load control within buildings, incorporating building 

thermal feedback and measuring the aggregated response.  
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DR is initiated by the load control objectives of the energy producer. Ideally, the DR scheme 

is able to generate and distribute a precise control signal that results in the expected response. 

However, load control in DH systems is more challenging than for electricity grids as the 

time constants are longer (Valor 2015). The challenge arises in the coordination of individual 

load reductions such that a global target is reached. This requires a computational model of 

the system and its sub-systems which can be used to identify the current state and capacity 

for thermal storage, as well as to predict the aggregated response in regards to how the signal 

is distributed. Furthermore, buildings in a DH system differ with regards to their thermal 

characteristics and storage capacities. Therefore all buildings should be modelled in some 

level of detail in order for the system operator to coordinate the DR signals. (Johansson 

2014) 

 

Maintaining a centralized model of each connected building in a large DH system with sev-

eral thousands of customers would be extremely challenging with respect to computation 

and communication. On the other hand, local distributed models would be less complex but 

the computation would be limited by lack of system knowledge resulting in sub-optimal 

aggregated responses. To address this challenge, Johansson et al. (2010) successfully imple-

mented a semi-distributed approach using a multi-agent auction bid based scheme consisting 

of consumer, cluster and producer agents, where computation and decision making is actu-

ated by individual agents while having the knowledge of the surrounding system.  Such a 

market based architecture is presented in figure 13. This structure resembles the concept of 

virtual power plants, which are used for aggregation of distributed small scale energy gen-

eration units and present them as a single operational unit in the energy markets. In the con-

text of DR, a VPP aggregates individual loads as virtual storage units by load shifting (Pa-

lensky & Dietrich 2011). 

 

 
Figure 13: Hierarchical structure of a DSM system architecture including aggregator, cluster and building 

level decision making. 

 

Dealing with uncertainties is a major challenge in DR schemes. In indirect control schemes, 

uncertainties arise from unpredictability of consumer behavior with regards to participation 

to DR events. Furthermore, both direct and indirect DR schemes must be able to be imple-

mented in such a way that it does not cause significant rebound effect. In the case of direct 

and market platform based schemes, a method for reducing the rebound effect could be by 

stepwise scheduling the issuing of signals to consumers (Valor Partners 2015). Indirect price 

based schemes include the risk of all buildings acting similarly to the price signal and hence 

causing a rebound effect. This could be dealt with a similar approach as for direct control 

i.e. scheduling the signal by generating adjusted price signals. This would however reduce 

the transparency of pricing and may be perceived negatively by consumers. Kosek et al. 

(2013) summarized the advantages of indirect control as simplified protocols, exchanged 
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data and interfaces. On the other hand, the predictability of the aggregated response is lower 

for indirect approaches due to the non-deterministic behavior in comparison to direct control 

schemes. 

 

From a technical standpoint, system architecture defines the technology infrastructure re-

quired to implement DSM. It comprises of the ICT systems necessary to communicate the 

information between parties, as well as hardware, metering and load control equipment. Case 

studies such as Johansson et al. (2010) prove that the technology required exists. However, 

the technical features of customer HVAC equipment and BAS differ in regards of their ca-

pability to participate in DR programs (Valor Partners 2015). Typical investments related 

DR include adding load specific metering, additions to BAS and additions to load control 

equipment (Kärkkäinen et al. 2003).  

5.2 Building Level Demand Response Scheme 

Building level DR scheme is defined in this thesis to comprise of a control algorithm and 

DR strategy that together carry out the adjustment to heat consumption as a response to the 

signals received from the system level. The load adjustment can be actuated by either a cen-

tralized or decentralized control as is presented in the framework of building level DR 

scheme in figure 14. A demand response strategy is defined as the combination of control-

lable load and actuation of the DR task by either set point or load adjustments. The control 

algorithm is responsible for coordinating this action in regards to timing, duration and inten-

sity such that a local objective is reached while maintaining sufficient indoor climate condi-

tions. The indoor climate conditions of the thermal zones define the constraints for DR.  

 

 
Figure 14: Framework of a building level demand response scheme as defined in this thesis. 

5.2.1 Control Algorithm 

A control algorithm can be defined as a set of decisions involved in the process of performing 

a task. In the context of building level DR scheme, the algorithm computes and coordinates 

the necessary signals that actuate the demand response strategy in HVAC systems. The field 

of control theory is broad and a wide range of control classes exist. Without attempting to 

be comprehensive, a brief overview of controller characteristics and classes is presented in 

this section.  
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A controller may be characterized by the scope of its decision support system and control 

strategy. In the domain of DSM, Kosek et al (2013) distinguishes between four types of 

decision support systems based on the controller decision scope. This is illustrated in figure 

15. Knowledge interpretation refers to decision making that is supported with a fixed set of 

information such as historical data. In pattern recognition, decision making is supported by 

the knowledge of previously occurred patterns of for example user behavior or energy con-

sumption. On-line adaptation is based on control logic that is supported by information gath-

ered at run-time. Therefore the control actions taken previously are not accounted for. Pre-

dictive control utilizes predictions computed from models, historical data and external fore-

casts to optimize the scheduling of energy consumption. 

 

 

 
Figure 15: Decision support system scopes. (Adapted from Kosek et al. 2013) 

 

Demand response actuation can be characterized as an anticipatory rather than corrective 

action. Acting on DR signals requires information of how the building indoor climate con-

ditions will react beforehand to a change in heating consumption in order to maintain the 

indoor climate conditions satisfactory. In addition, DR in DH relies much on the idea of 

utilizing the thermal mass of buildings as temporary energy storage and therefore sets re-

quirements for the control scheme to be able to consider medium term control horizons with 

slow moving time delays with variant internal and external disturbances in the system. If in 

presence of a dynamic energy price structure and limit constraints this becomes a challenging 

optimization task that traditional control algorithms cannot handle. From a techno-economic 

standpoint, the design and implementation of such advanced control techniques has become 

feasible over the recent years due to the decreased costs of data processing, storage and 

communication (Afram & Janabi-Sharifi 2014).  

 

A detailed classification for control methods in HVAC systems has been conducted by 

Afram & Janabi-Sharifi (2014) and a summary is presented in figure 16. In this study, model 

predictive control scheme was found to have many advantages compared to other HVAC 

control schemes. Classical controls such as ON/OFF and PID require manual tuning and 

have limited performance under extreme conditions, hard controllers generally require com-

plex mathematical analysis, soft control techniques require massive amounts of training data 

and learning methods such as reinforcement learning are impractical due to extensive com-

putational time. On the basis of the aforementioned advantages and the anticipatory control 

characteristics of DR actuation, a model predictive control approach was chosen for this 

thesis. MPC is introduced in more detail in chapter 5.3. 
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Figure 16: Classification of control methods in HVAC systems. (Adapted from Afram & Janabi-Sharifi 2014) 

5.2.2 Demand Response Strategy 

A demand response strategy describes the method for how heating consumption is adjusted 

in a building in correspondence to a DR signal. From the system point of view, any adjusta-

ble load can be used as a demand response resource. From the building perspective, this task 

is not as straightforward as different strategies result in diverse trade-offs between thermal 

comfort and energy consumption.  

 

The DH substation links the primary distribution network to building secondary circuits. For 

each secondary circuit, a heat exchanger transfers the heat energy between primary and sec-

ondary circuit. To produce a heat load reduction for DR purposes, the momentary heating 

load in a secondary circuit is limited according to the DR strategy, which then translates to 

a decrease in the load in the primary circuit. In general, there are three types of secondary 

heating circuits of which the heating load can be adjusted: radiator network, ventilation net-

work and domestic hot water. These heating loads differ in regards to their adjustability, load 

reduction potential and direct impact on indoor climate conditions. In addition, the economic 

factors differ as well, as different control strategies require varying investments for control 

equipment. In theory, a heat load can be adjusted two ways: by limiting the mass flow or by 

reducing the supply temperature of the circuit. DR strategies for each secondary circuit are 

evaluated in the following. Strategies for utilizing DHW are neglected in this study, due to 

the strict regulation as well as direct negative impact on quality of service. 

5.2.2.1 Radiator Network 

Space heating in buildings is most commonly delivered by radiator or floor heating net-

works. Control strategies for these circuits are based on adjusting the supply temperature or 

mass flow of the circulating water in the network. Furthermore, the load can be controlled 

either directly by adjusting the heating control curve or mass flow or indirectly by adjusting 

the room set point for indoor temperature.  

 

A direct control strategy for adjusting the temperature of supply water in radiator networks 

can be implemented in various ways depending on the installed control equipment. In most 



35 

 

buildings, the supply temperature is controlled by a linear control curve that adjusts the sup-

ply temperature according to outdoor temperature. Therefore the supply water temperature 

can be controlled for DR purposes by either manipulating the outdoor temperature signal or 

by adjusting the control curve. This strategy has been studied by Kensby (2014), Johansson 

(2014) and Kärkkäinen et al. (2003).  

 

An indirect strategy for adjusting the supply temperature is by altering the zone temperature 

set point. A zone temperature set point is the minimum temperature of the space that the 

heating equipment aim to maintain. Thereby lowering this set point for the duration of a DR 

event results in lower heating consumption during this period. In practice, this strategy in-

volves adjustments of room thermostats.  

 

Radiator based DR strategies have several benefits. First of all, the indoor air temperature is 

not affected as immediately compared to ventilation based strategies due to the time response 

for convectional energy to reach a thermodynamically stable state. From a DR standpoint, 

radiator based heating is also ideal for charging as a proportion of the radiated energy is 

stored directly into the thermal mass of the building. In addition, radiator is by far the most 

common heat delivery technology in Finland and therefore such strategy could reach the 

largest building mass in a DR program. Residential buildings, which typically are equipped 

with radiator heating systems, form the largest customer segment of Espoo DH network in 

measured sales (Finnish energy 2017a).  

 

Radiator based strategies can be applied by either a centralized or decentralized approach. 

In this context, centralized approach means to adjust the heating load of the entire heating 

network whereas decentralized approach results in the adjustments of individual room or 

zone heating consumptions. Both direct load control strategies, temperature and mass flow 

adjustments, are possible only by centralized approach as most heating control equipment 

are designed to only network level adjustments. Room level adjustments are implemented 

decentralized by thermostatic radiator valves (TRV). TRVs are control equipment that re-

strict the mass flow through the radiator according to their surrounding temperature. In es-

sence, TRVs prevent the room temperature to rise over a manually adjustable set point. This 

is problematic for DR purposes as TRVs prevent charging or preheating a room above its set 

point. TRVs are also problematic for peak shaving purposes, as limiting the supply temper-

ature of circulating radiator water results in TRVs opening fully open. An alternative ap-

proach would be the installation of electric or programmable thermostats that are connected 

to the building automation system enabling the implementation of indirect DR strategies by 

adjusting the room specific set points.  

5.2.2.2 Ventilation Network 

Ventilation based heating systems deliver thermal energy to spaces by using heated air as 

the carrier. The air is heated at the air handling unit with a heating coil, which forms a sec-

ondary circuit when connected to the heat exchanger. Commonly space heating is delivered 

as a combination of ventilation and space heating equipment such as radiators. In the case of 

combined approach, the temperature of supply air is typically around 17 °C and the remain-

ing heating load is delivered with space heating equipment such as radiators to maintain the 

space temperature at the desired level.  
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A direct approach for ventilation based DR strategies can be implemented in two ways: by 

limiting the supply air temperature or limiting the supply air flow. Typically only a central-

ized approach is feasible as the supply temperature is managed at the AHU which serves the 

entire ventilation zone. Room specific heating coils and air flow controls are less common, 

limiting the potential of decentralized strategies. 

 

Limiting the supply air temperature is a feasible DR strategy and is controllable from the 

building automation system. However, this strategy is not as straightforward in the case of 

combined heating systems. If the supply temperature is limited, this heat will be compen-

sated with space heating equipment such as radiators. Therefore such strategy should be 

implemented in coordination with TRVs. This strategy requires moderate adjustments as it 

directly affects the air temperature in rooms.  

 

The alternative direct DR strategy for ventilation is limiting the supply air flow temporarily 

by adjusting fan power. By limiting the mass flow of air through the heating coil, the heating 

energy is reduced proportionally. Such DR strategy has been studied by Salmi (2017) and 

Sihvonen (2017). Benefits of this strategy include no response in indoor air temperature and 

a large load reduction potential. Furthermore, fans have a short response time to load adjust-

ments and can therefore be adjusted quickly.  

 

An argument can be made that all the ventilation based strategies inherit a larger load reduc-

tion potential compared to radiator based strategies due to the larger dimensions of heating 

equipment. On the other hand, ventilation based heating is most commonly applied in only 

public and office buildings which only correspond to approximately a 30% market share of 

all Fortum Espoo DH customers (Finnish Energy 2017a). Ventilation based DR strategies 

are highly efficient for temporary event based heating load reductions as proven by Salmi 

(2017) and Sihvonen (2017). On the contrary, such strategies may not be ideal for load shift-

ing under a continuous DR scheme. 

5.3 Model Predictive Control 

This thesis takes a model predictive control approach to demand response. The theory of 

MPC algorithms is introduced in this section by first providing an overview of the approach 

following a detailed description of the main components which are the model, time config-

uration, constraints and cost function. 

5.3.1 Overview 

Model predictive control is a class of model-based control algorithms, where the foundation 

of the controller relies on a model of the system or process. The controller uses the model to 

predict the future states of the system for variable control inputs. This information is then 

used to compute a vector containing the optimal control inputs that minimize the defined 

cost function over the prediction horizon. This optimization is completed under presence of 

disturbances and constraints. (Afram & Janabi-Sharifi 2014) 

 

The main components and process flow of MPC is presented in figure 17. The MPC con-

troller includes two blocks for distinct tasks: the optimizer block and model block. The 

model is a representation of the dynamic behavior of the process and is used to simulate the 

future states of the process for given input variables and a known current state. The optimal-

ity of future inputs is evaluated in the optimizer block by minimizing a cost function with 

simulation variables inserted from the model block. Once an optimal solution is found, the 
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first element of the computed control vector at any sampling instant is applied as the process 

input for the control horizon and the remainder is discarded. The entire process is repeated 

in the next time step. (Afram & Janabi-Sharifi 2014) 

 

 
Figure 17: Block diagram of a typical model predictive controller (Kim et al. 2012). 

 

The computational principles of MPC is presented in figure 18. At time k, the controller 

computes and optimizes a cost minimizing sequence of control inputs for the prediction hori-

zon N needed to produce an output as close as possible to a desired reference trajectory. The 

predicted outputs are computed in the model by utilizing historical data such as past control 

inputs and the corresponding measured outputs. The algorithm computes a control sequence 

for the entire control horizon, but only the control inputs for the first time step are imple-

mented. Once new measured data becomes available of the current state of the system, the 

same computation is repeated for the next N time steps. (Afram & Janabi-Sharifi 2014) 

 

 
Figure 18: Computational principles of model predictive control (Behrendt 2009). 
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The research on MPC for HVAC control has intensified over the previous years due to its 

advantages over other control schemes. A majority of this research has focused on optimi-

zation of fan operation, optimization of energy consumption and thermal conditions and cost 

optimization of HVAC operation under variable energy pricing tariffs. The results obtained 

from simulation and experimental studies indicate that MPC outperforms other control tech-

niques on performance metrics such as energy consumption, cost savings, peak load shifting 

capability as well as indoor air quality and thermal comfort improvement. (Afram & Janabi-

Sharifi 2014) The potential in cost savings is significant when considering the possibility of 

the controller being able to predict when a space becomes occupied and hence not condi-

tioning unoccupied spaces for example. 

 

Model predictive control has also been applied for heating control with the objective of de-

mand response actuation. Knudsen & Petersen (2016) investigated the performance of a 

MPC that was assigned an objective to minimize energy costs under a dynamic tariff struc-

ture. The study also examined the effect of having multiple objectives by assigning weights 

for cost and CO2 emissions of energy. Bianchini et al. (2016) studied the application of MPC 

under an agent based demand response program where DR request from the system aggre-

gator came in the format of price-volume signals specifying the maximum volume of energy 

to be consumed during a given time period and monetary reward for participating and ful-

filling this request. The objective of the MPC was to minimize energy costs. These studies 

have demonstrated that MPC performs well under both continuous and event based DR pro-

grams. However, both studies were carried out for electrical heating systems such as electri-

cal floor radiators and heat pumps which do not encounter the same technical challenges as 

district heated buildings. The closest study to this thesis was conducted by Salo (2016) where 

MPC was applied to smart room-specific temperature control under a DR program for dis-

trict heating. 

5.3.2 Model 

The model used in a predictive controller is intended to represent the behavior and predict 

the future states of the modelled system or process. In the context of this study, the model is 

a representation of the building thermal dynamics. Input data including the weather forecast, 

heating energy and current state of building is fed to the model which then computes the 

temperature response of indoor climate conditions as an output. The model should be suffi-

ciently accurate to produce realistic estimations of system response, while at the same time 

simple enough to limit the computational complexity and stability of the process. 

 

Energy transfer within building structures and surfaces is a process in which temperatures 

and heat flows change continuously according to the fluctuation of ambient temperature, 

solar radiation and internal gains. This is also a dynamic process as thermal energy is ab-

sorbed into building structures and emitted as a timewise function. Methods for dynamic 

thermal modeling of buildings have been well established and most approached are based 

on representing the building as a thermal resistance capacitance (RC) network of connected 

nodes. Heat transfer occurs between the nodes and an energy balance equation can be derived 

from these equations. Such a method has been comprehensively explained by Siren (2015).  

  

Models can be divided into three subcategories according to the prior knowledge incorpo-

rated in formulation: white-box, gray-box and black-box models. White-box models, also 

known as physical models, are based on fundamental physical laws such as energy balance, 
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heat transfer and thermal capacity, from which a set of mathematical equations can be de-

rived and solved. The previously mentioned RC-model is such an example. Such models 

have high performance in prediction accuracy and perform well under a wide range of oper-

ating conditions. In addition, such models require less training data. The shortcoming of 

physical models is the computational complexity for practical implementation. Black-box 

models are data-driven approaches where no prior knowledge is incorporated into the model. 

Such models are developed based on empirical behaviors of the process and statistical meth-

ods are used to relate input variables directly to outputs. Artificial neural networks is a com-

monly applied technique for black-box models. Benefits of black-box models include simple 

formulation without understanding of process dynamics. On the other hand, such models 

lack of physical significance and may lead to significant errors when operating outside the 

range of training data covered. Gray-box models can be perceived as a medium of the two 

models. They follow a physical structure but are simplified representations of the process 

where physical relations are binned under limited quantity of parameters. It incorporates the 

physical processes with a simplified system model and uses data-driven methods to calculate 

the model parameters. The main advantages of gray-box models include reduced model com-

plexity and computational cost while still maintaining physical significance of the parame-

ters hence perfuming relatively well outside the training data covered. (Wang & Ma 2008) 

 

Internal and external heat loads account for a significant contribution in the thermal dynam-

ics of a building and should therefore be incorporated in the model. Maasoumy et al. (2012) 

distinguishes between modelled and unmodelled dynamics, where modelled dynamics are 

based on building properties i.e. the thermal RC model and unmodelled dynamics based on 

internal and external heat fluxes. Unmodelled dynamics can be considered as a disturbance 

model that is imported to the main model. External loads refer to the heat flux radiated from 

the sun to the exposed surfaces and windows. Computing this heat flux is a complex calcu-

lation task involving several hard-to-estimate variables. Internal heat loads are related to the 

heat fluxes from occupants, lighting and electrical equipment. Particularly estimation of oc-

cupant schedules is a complicated task. Maasoumy et al. (2012) proposes a method of pa-

rameterizing these gains, where solar gains are parameterized as a function of time and am-

bient temperature and internal loads are estimated as a function of measured CO2 concentra-

tion and time.  

 

The construction of the building thermal model and learning method used for parameter 

identification are presented in greater detail in chapter 6.3. 

5.3.3 Prediction Horizon, Control Horizon and Time Step 

Prediction horizon is defined as the length of time over which the algorithms computes sys-

tem outputs, whereas control horizon refers to the length of time for which the control signal 

is calculated. Time step is defined as the time for which the control signals remains un-

changed. The typical configurations used in HVAC control are 5-48 hours for prediction 

horizon, 4-5 hours for control horizon and a time step between 1 to 3 hours. In some appli-

cations, a time-variable prediction horizon may be used. For example, when optimizing the 

energy consumption over a specified 24 hour period, the prediction horizon reduces as the 

time of day progresses. (Afram & Janabi-Sharifi 2014) 

 

Factors affecting the time configuration of the MPC are thermal characteristics of the build-

ing, availability and accuracy of price and weather predictions and computational costs. Re-

sults show that the potential of MPC for DR can be improved by applying a longer prediction 
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horizon than 24 hours (Biancoli et al. 2016). On the other hand, the accuracy of weather 

prediction reduces as the horizon increases. A realistic prediction horizon for weather con-

ditions is approximately 24 hours. (Knudsen & Petersen 2016)  

 

A significantly longer prediction horizon, for example a month or even a year, could be 

relevant in some situations. Such a situation could arise for example if the DR program is 

designed such that the indoor climate conditions may deviate a predefined quantity of degree 

hours over an agreed time period. Computing the optimal control schedule for such a 

timeframe would however be costly and would therefore seem practical to keep control hori-

zon at much shorter lengths.  

5.3.4 Constraints 

MPC algorithms have the ability to find the optimal solution for a constrained problem. 

Constraints can be assigned on the inputs, outputs and actuators. The constraints can take 

form of rate and range limits of the actuators, manipulated and controlled variables (Afram 

& Janabi-Sharifi 2014). In the context of applying MPC for HVAC system, constraints are 

placed on the indoor climate conditions and system limitations. 

 

For a DR program to be successful, it is essential that the quality of service is maintained at 

a sufficient level. Therefore constraints are required for the indoor climate conditions under 

which the MPC may operate. Following the works of Salmi (2017) and Sihvonen (2017), 

the boundaries used in this study are based on the Classification of Indoor Environment 2008 

–guide. This guide defines three classes of indoor climate quality ranging from satisfactory 

(S3) to very good (S1), each having distinct maximum limits for CO2-concentration and 

ranges for operative temperature to deviate from the target temperature (LVI 05-10440 en 

2010). As the primary objective of this study is to evaluate the potential of demand response, 

the relaxation of indoor climate quality constraints would potentially yield better results. 

Therefore the constraints for indoor temperature are assigned on the basis of satisfactory 

(S3) requirements. The constraints are presented in figure 19 as a function of outdoor tem-

perature. 

 

 
Figure 19: The requirements for satisfactory operative indoor temperature defined in the Classification of 

Indoor Environment –guide (LVI 05-10440 en 2010) 
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The referred guidelines specify the boundaries for indoor temperature using operative tem-

perature. Operative temperature is computed as a weighted average of indoor air temperature 

and the radiative temperatures of enclosing surfaces. As an attempt to limit the computa-

tional complexity of the MPC algorithm, the measured air temperature is used in place of 

operational temperature. It is also acknowledged that there exists a wide range of other met-

rics that could be used for indoor climate constraints which reflect the occupant comfort 

level more accurately. For example Fanger’s predicted mean vote has been used by Salmi 

(2017) and Sihvonen (2017) in addition to boundaries derived from the indoor environment 

guide.   

 

Another point to consider is the rate of change of indoor climate conditions. Intensive tem-

perature changes within a short time period are perceived uncomfortable and thereby should 

be avoided. In most of the reviewed studies in chapter 4.4, the temperature changes were 

limited to 1-2 °C over a period of one hour.  

 

Besides the constraints for indoor climate conditions, boundaries are required for the actua-

tors. Constraints can be placed for the maximum power of heating equipment and the mini-

mum and maximum air flow rate that an AHU can maintain. Similarly, the rate of change of 

these variables can also be limited.  

5.3.5 Cost Function 

The cost function defines the objective of the optimization task. Common cost functions 

used in HVAC control applications of MPC include sum of energy costs, sum of energy 

consumption and sum of tracking error i.e. the deviation of indoor temperature from a refer-

ence temperature. Often a combination of several factors can be used in the form of multi-

objective optimization. To deal with competing optimization objectives such as maximizing 

thermal comfort while minimizing energy costs, Afram & Janabi-Sharifi (2014) proposes a 

formulation of a single cost function where weights are assigned for the targets on the basis 

of a trade-off. (Afram & Janabi-Sharifi 2014) 

5.4 Proposed Technical Concept for DR  

It was established in the review of technical solutions for building level DR that there are 

primarily two technologies that can be used for providing flexibility: ventilation and radiator 

networks. Ventilation networks are ideal for the purpose of load shedding, as the heating 

equipment in such networks are of large capacity and if fan based strategies i.e. adjustment 

of the airflow rates are considered, the reaction time to control signal is immediate.  

 

The downside of ventilation based strategies is that they can only be implemented for short 

periods of time, as otherwise the level of indoor air quality declines to unsatisfactory levels. 

Thereby such strategies are not ideal for load shifting. In addition, AHUs contribute to the 

system load mainly during office hours therefore limiting the time period of such strategies 

even further. 

 

Radiator network was found to be the most suitable technology for the purpose of shifting 

loads in a DH system. Room specific radiators are controlled by thermostatic radiator valves, 

which essentially prevent overheating. Solely controlling the temperature of supply water in 

a radiator network allows to limit consumption at times, but not preheating. Therefore the 

most feasible technical solution to achieve the full range of load shifting potential is by ad-

justing thermostat set points.  
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Scalability is a key success factor for demand response. Meaningful impact on system load 

is only achieved when there is a significant degree of customer participation. Therefore the 

technical solution for DR should be easily reproduced for varying types of buildings. The 

technical capabilities of buildings vary greatly depending on the age of the building, where 

significant differences arise especially within the building automation systems. From the 

perspective of scalability, it would seem ideal that the solution would not require upgrades 

to the building automation system.  

 

The concept of adjusting thermostats is great in terms of scalability as it requires no renewal 

of the BAS. The thermostats could be connected to a cloud server, which entails the main 

intelligence and computing capacity. Thus the only investment required is changing the 

building thermostats to ones that are capable of two directional data transfer to either directly 

to the cloud server, or at minimum to a local device from which data transfer to the server is 

managed. In addition, installing temperature sensors to rooms would be required. In the age 

of rapidly spreading IoT technologies, the costs for such technical solutions should be feasi-

ble. 

 

This concept is evaluated in the empirical study by developing a model predictive control 

algorithm to manage the timing, duration and intensity of demand response actions under 

the presence of a dynamic price based DR scheme. 
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6 Empirical Study 
The empirical part of this study consists of developing a MPC algorithm that executes de-

mand response for district heating at a building level and then evaluating its performance 

within buildings. These building level simulation results are then used to evaluate the system 

level response in order to achieve an estimation of the load shifting potential. The district 

heating network in Espoo is used as a case study. 

 

The first task in the empirical study was to construct building energy simulation models for 

the specified case buildings. The energy simulation models used in this thesis have been 

originally developed by Sihvonen (2017) and are to an extent reused in this thesis due to the 

proximity of the two studies. The building energy simulation models were constructed using 

IDA ICE software and are described in chapter 6.1 

 

The results of the building level energy simulations are used to reconstruct a model for the 

system load of the Espoo DH network using a bottom up modelling approach. The system 

load model serves two purposes. First of all, it is used to gain insight of the contribution of 

each end-use heating technology towards the aggregated energy consumption. Secondly, the 

model is used to evaluate system level impact of demand response. Modelling of system 

demand is presented in section 6.2.1 

 

The evaluated demand response scheme is assumed to be operating under a dynamic price 

signal. The price signal is based on the marginal costs of district heating production and 

therefore directs the load away from periods of expensive energy production. As such price 

data was not available for the study, the price signal is computed by compiling an optimiza-

tion model that uses variable production costs and capacity constraints to find the optimal 

operating strategy to meet the system demand for every hour of the year. The computation 

of marginal costs is presented in section 6.2.2.  

 

Development of the MPC algorithm is described in section 6.3. The first challenge in con-

troller development was to create an environment where the controller could be developed 

and simulated. All of the controller development was carried out using Matlab, which is a 

script based programming language and software. Currently, the IDA ICE simulation soft-

ware used for building energy modelling does not support integration with Matlab and there-

fore the building model was reproduced in the Matlab framework. This was done using Sim-

ulink Simscape modelling tools. The model was validated using the reference simulations 

carried out in IDA ICE software (chapter 6.3.1).  

 

Machine learning is applied in the purpose for modelling the building thermal dynamics for 

the control algorithm. The data-driven model and learning algorithm used for parameter 

identification is described in chapter 6.2.3. The final design of the MPC algorithm is pre-

sented in chapter 6.3.3. 
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6.1 Building Level Modelling and Simulations 

The first task in the empirical study is to construct building energy simulation models for 

the specified case buildings. The energy simulation models used in this study have been 

originally developed by Sihvonen (2017) and are to an extent reused in this thesis due to the 

proximity of the two studies. The building energy simulation models were constructed using 

IDA ICE, which is a commercial indoor climate and energy simulation software. A compre-

hensive description of the modelling process and computation of simulation parameters is 

available in the author’s study (Sihvonen 2017). In this thesis, only a summary of the mod-

elling methodology and computation of relevant parameters is presented. 

 

The goal of the study conducted by Sihvonen (2017) was to estimate the DH peak shaving 

potential of Espoo city owned buildings and therefore the building types modelled aimed at 

representing the building stock owned by city of Espoo. The buildings chosen for the study 

were a school, office and residential building as the city of Espoo owns a considerable share 

of each type. The building simulation models were constructed to portray a simplified aver-

age of each building type. For this reason, a weighted average construction year for each 

building type was calculated based on floor area, which was then used to estimate the build-

ing energy consumption related parameters from the Finnish national building regulations 

and guidelines. Heat transfer coefficients for building structures, infiltration rates and model 

dimensions used in the simulations are presented in table 2.  

 
Table 2: Dimensions and parameters of the structures used in energy simulation models. (Sihvonen 2017) 

Parameter School 
building 

Office 
building 

Residential 
building 

Model floor area (m2) 1002 1000 1000 

Model envelope area (m2) 2596 416 415 

Model air volume (m3) 3648 2960 2936 

Window area as % of building enve-
lope 

5 % 47 % 29 % 

Exterior wall [W/m2K] 0,35 0,35 0,28 

Roof [W/m2K] 0,29 none none 

Floor to ground [W/m2K] 0,4 none none 

Window [W/m2K] 
2,1 

(g-value 0,55) 
2,1 

(g-value 0,55) 
2,1 

(g-value 0,55) 

Exterior door [W/m2K] 1,4 none 1,4 

Infiltration, n50 [1/h] 6 6 6 

Thermal bridges 
NBCF D5/2012:  

concrete 
NBCF D5/2012:  

concrete 
NBCF D5/2012:  

concrete 
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All heating energy in the modelled buildings is assumed to be delivered from district heating, 

thus serving the space heating equipment, air handling units and heating of domestic hot 

water. Each building is equipped with a heat distribution center with a realistic maximum 

heating power capacity and all space heating equipment as well as the distribution center is 

dimensioned according to the Finnish building code. The office and school building are 

equipped with mechanical supply and exhaust air handling units and a radiator network for 

space heating. However, the residential building has only mechanical exhaust air units and 

therefore all heating is delivered through radiators. In addition, the office building is assumed 

to feature a chiller which provides ventilation and space cooling for the building. (Sihvonen 

2017) 

 

The issue regarding renovations was also addressed. All building structures were assumed 

to be original, but due to the expected lifetime of HVAC equipment, all ventilation systems 

included in the models were assumed to be according to the energy efficiency standards of 

the early 2000’s. (Sihvonen 2017) 

 

Standardized values were used for ventilation air flow and operation schedule. Internal gains 

including occupancy, lighting and equipment and their corresponding schedules were based 

on standard usage profiles defined by the national building code for each building type. 

These parameters are presented building specifically in Appendix 1. The only schedule to 

deviate from standards was the consumption profile of domestic hot water as such a stand-

ardized schedule does not currently exist. Instead of using a flat profile for the DHW con-

sumption, profiles based on measured hourly DHW consumption data from Norwegian ed-

ucational, residential and office buildings were used. However, the total annual DHW usage 

was based on standardized building type specific values and thus only the consumption pro-

files were fitted accordingly. (Sihvonen 2017) The heating energy profiles for DHW used in 

this thesis are presented in figure 20.  

 

 
Figure 20: Domestic hot water consumption on weekdays for school, office and residential buildings. (Data 

from IDA ICE energy simulation models) 
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The buildings were not modelled entirely. For residential and office buildings, only a single 

mid-level floor was modelled and therefore all heat losses through floor and ceiling were 

neglected by assuming that the room temperature of the lower and upper floors were identi-

cal to the simulated floor. The reasoning for this was based on the observation that most 

office and residential buildings in Espoo are multi-story buildings, thus limiting the contri-

bution of heat losses through ceilings and floor. On the other hand, as school buildings in 

Espoo comprise typically of one or two floors, it was found practical to include heat losses 

though ceiling and floor in the school building model. The decision was supported by the 

fact that the models are deeply founded on standardized values and generalizations and there-

fore no significant contribution to accuracy would be gained by inclusion of complete build-

ing models. (Sihvonen 2017) 

 

The only adjustment made to the energy simulation models was changing the weather input 

file. The simulations in this study were carried out using a modified weather dataset of the 

test reference year 2012 (TRY2012) for Helsinki area. TRY2012 is an artificial set of 

weather data that is based on observations from the 1980-2009 period and aims at represent-

ing the typical climate conditions of a calendar year (Jylhä et al. 2011). This dataset was 

modified by using the measured outdoor temperatures of Espoo for the calendar year 2013 

while still using the wind and solar data from the TRY2012. The dataset for Espoo temper-

atures was downloaded from the open database of the Finnish Meteorological Institute 

(2017).  

 

Next the characteristics of the individual building models are discussed briefly in sections 

6.1.1-6.1.3.  

6.1.1 School Building 

The energy simulation model for a school building comprises of multiple different types of 

zones that resemble a typical Finnish educational building. It includes different sized class-

rooms, a general hallway area, a dining area and kitchen as well as bathroom spaces. In 

addition, there are office spaces for teachers and a gym hall. All spaces are modelled with a 

room height of 3 meters except the dining area and gym hall which have a room height of 6 

meters. Figure 21 shows the building model taken as a screenshot from IDA ICE software. 

(Sihvonen 2017) 

 

 
Figure 21: Rendered model of the school building taken as a screenshot from IDA ICE. 
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The model was divided into three zones according to the usage they most closely resemble. 

The three zone types are educational building (75% of model), office building and gym, for 

which schedules are placed according to the standard usage profiles of these types. Follow-

ing this methodology, the building was also divided into three separate ventilation zones 

where supply air rates were assigned based on the standard values for given usage types in 

the building code. The three ventilation zones are classrooms, general areas and the gym 

hall. All three AHUs are equipped with supply air heating coils. The temperature of the 

supply air after the heating coil is kept at a constant value of 17 °C following a one degree 

temperature increase in the supply air fan, thus delivering a constant 18 °C air to spaces. 

Heat recovery is 45% at all times, which is a typical value for moderately older ventilation 

equipment. Space hating is delivered to zones with water circulating radiators and room spe-

cific temperature is controlled with thermostatic radiator valves. (Sihvonen 2017) 

 

A detailed summary of the parameters of the energy simulation model for school building is 

presented in Appendix 1. 

6.1.2 Office Building 

The energy simulation model for the office building comprises of a single floor in the mid-

level of the building and entails four large open office areas as well as varying sized office 

rooms. The building model and floor plan are presented in figure 22. All rooms are modelled 

with a room height of three meters. Similar to the school building, the supply air is main-

tained at a constant temperature of 18 °C. However, the AHU is equipped with a cooling 

coil thus ensuring that the supply air does not exceed 18 °C even during summer season. 

Heat recovery for the AHU is set at 45 % at all times. Space heating and cooling is delivered 

with ceiling panels. (Sihvonen 2017)   

 

 
Figure 22: Rendered model of the office building taken as a screenshot from IDA ICE. 

 

A detailed summary of the parameters of the energy simulation model for office building is 

presented in Appendix 1. 

6.1.3 Residential Building 

The energy simulation model for the residential building comprises of several different sized 

apartments and a corridor that is connecting them. The sizes of the apartments vary between 

35 m2 and 90 m2 and the room height for all spaces is 3 meters. A view from outside the 

building model and floor plan is presented in figure 23. Each apartment is served with a 
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small exhaust air unit that provides a constant exhaust air flow of 0,5 (l/s)/m2 and operates 

24 hours a day. Heat is delivered to spaces with hot water circulating radiators that are con-

trolled with zone specific thermostatic radiator valves. (Sihvonen 2017) 

 

 
Figure 23: Rendered model of the residential building taken as a screenshot from IDA ICE. 

 

A detailed summary of the parameters of the energy simulation model for residential build-

ing is presented in Appendix 1. 

6.1.4 Simulation Results 

The results of the building energy simulations are briefly discussed in this section. Only the 

results of delivered heating energy are utilized in this study and other consumption catego-

ries such as electricity and cooling are neglected. The output of the energy simulations is a 

dataset of annual heating energy consumption broken down into energy end-usage categories 

of space heating (radiator), ventilation (AHU) and domestic hot water with a resolution of 1 

hour.  

 

A summary of the simulation results is presented in table 3. As was expected, the relative 

space heating demand for school buildings is much higher due to the decision to include heat 

losses through floors and ceilings. On the other hand, relative heating energy used for DHW 

is by far the largest for residential buildings. No heating energy is consumed for AHUs in 

residential buildings as there is no mechanical supply air ventilation. The share of AHU and 

radiator heating energy in office buildings is almost identical.  

 
Table 3: Annual heating energy specific consumption by end-use for simulated case buildings. 

End-use 
School building Office building Residential building 

kWh/m2 kWh/m3 kWh/m2 kWh/m3 kWh/m2 kWh/m3 

AHU 32,1 8,8 35,9 12,1 0,0 0,0 

Radiator 148,1 40,7 38,0 12,8 91,8 31,3 

DHW 12,7 3,5 7,7 2,6 38,8 13,2 

Total 192,9 53,0 81,6 27,6 130,5 44,5 

 

The simulated specific consumptions are within the range of statistical averages. According 

to a report by city of Helsinki (2008), the specific heating consumption of buildings is around 

40 kWh/m3 when considering all district heated buildings in Helsinki. On the other hand, the 

simulated results are somewhat greater than the specific consumption of Fortum customers 
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in Espoo DH network, as shown in table 4. The specific consumptions in this table have been 

calculated based on the energy consumption and building volume registered in the annual 

statistic of district heating. 

 
Table 4: Fortum district heat customers, energy sales and specific consumption for year 2015 (Finnish Energy 

2016a) 

Customer segment 
Building volume 

(1000)m3 
DH consumption  

GWh 
Specific consumption 

kWh/m3 

Residential 29073 1099 37,8 

Industry 4240 100 23,5 

Other 29611 632 21,3 

 

The results of the building energy simulations serve two purposes. First of all, the hourly 

specific consumptions are used to model the system level demand using a bottom-up ap-

proach explained in detail in chapter 6.2. The second purpose of the results is to use them 

for validating the building thermal models used for MPC development and controller, which 

are described in chapter 6.3.  

6.2 System Level Modelling and Simulations 

The objective of the empirical study is to estimate the potential of system wide implementa-

tion of a demand response scheme where district heating load is shifted on the basis of heat-

ing production costs. The system level in this context refers to the entire DH network in 

Espoo. There have been various attempts on estimating the system level response of DR 

schemes such as by Johansson et al. (2010) and Kensby et al. (2014). The modelling meth-

odologies on both studies followed a similar process of scaling building level results to a 

system level. Such methods can be classified as bottom-up models for a system (Swan & 

Ugursal 2009). The method used in this study also follows such an approach.  

 

Bottom-up models for system level energy consumption are compiled by calculating the 

energy usage of individual buildings or groups of buildings which are then extrapolated to 

represent the whole population. Such models can be further subcategorized into statistical 

and engineering models depending mainly on how the energy consumption of the lower 

hierarchical levels is estimated. The main advantage of bottom-up approach is that it allows 

to gain insight of the contribution of each end-use category towards the aggregated energy 

consumption and is considered the best alternative to estimate impacts of new technologies. 

(Swan & Ugursal 2009)  

 

The approach used in this thesis for modelling demand response at a system level follows 

the bottom-up engineering method described by Swan & Ugursal (2009). Detailed building 

level energy simulations were computed based on three architype buildings that were mod-

elled by using specifications based on statistical averages of the population (chapter 6.1). 

These results are then extrapolated by multiplying the hourly specific consumption of each 

building type with the total building volume of Espoo DH customers for the given customer 

segment. Statistical methods are used to find appropriate weights for the building volumes 

to fit the modelled system load with the actual measured system load. This procedure is 

described in greater detail in chapter 6.2.1.  
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Once the bottom-up model has been created, the effects of building level DR actions to the 

system load can be assessed by changing the input data at the building level. This new input 

data is computed by simulating the performance of the MPC algorithm in the same test build-

ings and recording the hourly heating energy consumption. (6.2.3) 

6.2.1 Modelling Demand 

Three data sources that were used in the modelling of system load: the simulation data for 

energy consumption of typical Espoo buildings, the energy consumption and building vol-

ume data of Fortum Espoo DH network customers registered in the annual statistic of district 

heating, and the dataset of measured system load in the Espoo DH network for the calendar 

year 2013. The aforementioned dataset was made available for the study by Fortum. As the 

dataset is for the calendar year of 2013, the weather data of the same year was used in the 

simulations as described in chapter 6.1.   

 

The first step in modelling demand was to compute the aggregated DH consumption for the 

simulated building types. The annual statistics for district heating in Finland (Finnish Energy 

2014) was used as a data source as it contains registered energy sales and aggregated cus-

tomer information for DH companies. The statistic categorizes the customers of DH compa-

nies into three segments, which are residential, industry and other customers. The building 

volume and energy sales for each customer segment for the year of 2013 are shown in table 

5. The statistics were checked for the year 2015 as well, but no significant difference was 

observable in the share of customers and therefore it was found reasonable to use the data 

for the same year as for which the measured system load is for. 
 

Table 5: Customer information of Fortum Espoo DH network for the year 2013. (Finnish Energy 2014) 

Customer segment 
Building volume DH consumption 

(1000)m3 % GWh % 

Residential 27920 44 % 1142 60 % 

Industry 4715 7 % 114 6 % 

Other 27212 43 % 657 34 % 

Total 62924 100 % 1912 100 % 

 

The aggregated load was calculated by multiplying the simulated hourly specific consump-

tion of total heating energy (kWh/m3) for each building type by the building volume (m3) 

specified in table 5. For residential customers this was straightforward, but as the “other” 

category in table 5 does not distinguish the share of school and office buildings, it was as-

sumed that both contribute at an even share of 50%. As industrial customers were not mod-

elled in the first part of the study, a load schedule had to be generated. It was assumed that 

industrial customers followed a constant schedule of 100% during the weekdays and 0% 

during weekends, where the hourly load was calculated such that the annual sum of energy 

consumption amounted to 114 GWh (table 5). 

 

Initial data analysis of the computed aggregated loads indicate that the residential load fol-

lows the system load most closely. This was expected as there are no supply AHUs in the 

buildings that would generate peaks. Scatter plots of the aggregated building level energy 

consumptions against the measured system load is presented in figure 24. It is apparent form 

the figure that school and office buildings also follow the system load with high correlation. 

However, two clusters of linear dependencies are visible for both of these building types, 
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which is most probably caused by the time schedule of air handling units. As was expected, 

the industry does not correlate to the system load at all due to the constant schedule applied. 

It would thereby be justifiable to neglect the industrial load from the model. However, as 

industrial customers amount to 5% of all annual energy sales a decision was made to include 

this customer segment in the model even though it reduces the accuracy by a small amount. 

 

 
Figure 24: Scatter plots of simulated energy consumptions against the measured system load. 

 

The next step in modelling the demand was to fit the sum of aggregated loads to match the 

measured system load. The model for system load at time t is presented in equation 1, where 

C(i,t) is the consumption [MW] for building type i at time t and W(i) is the weight.  

 

𝑆𝑦𝑠𝑡𝑒𝑚 𝑙𝑜𝑎𝑑 (𝑡) =  ∑ 𝐶(𝑖, 𝑡) ∙ 𝑊(𝑖)4
𝑖=1    (1) 

 

The computation of the weights was done using the LSQLIN-function in Matlab, which 

solves a constrained linear least-squares curve fitting problem (MATLAB 2017a). The math-

ematical formulation used by the solver is shown in equation 2.  

 

min
𝑊

1

2
‖𝐶(𝑖, 𝑡) ∙ 𝑊 − 𝑑(𝑡)‖2

2 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 {
𝐴 ∙ 𝑊 ≤ 𝑏

𝐴𝑒𝑞 ∙ 𝑊 = 𝑏𝑒𝑞
𝑙𝑏 ≤ 𝑊 ≤ 𝑢𝑏 

 , (2) 

where 

W is the vector of weights,  

d(t) is the measured system demand [MW] at time t, 

A and b are linear inequality constraints for W which are neglected, 

Aeq and beq are equality constraints for W which are neglected, and 

lb and ub are constraints for W set to [0,1] for residential buildings, [0,0.5] for office and 

school buildings and [1,1] for industry load. 

 

Interestingly, the optimal solution for weights neglected the office building type completely 

by assigning a weight of zero for it. This was to some degree expected as the scatter plot in 
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figure 24 showed two strong linear dependencies that are likely to generate error to the 

model. As it would not be reasonable to leave the building type completely out of the model, 

a minimum constraint of 0.20 was appointed for the weight for office buildings and a new 

optimization was carried out. The results of the second computation are presented in table 6.  

 
Table 6: Results of the parameters computed for curve fitting. 

Customer segment  
Building volume DH consumption 

Weight (1000)m3 GWh % 

School 0,396 10789 571 27 % 

Office 0,200 5442 150 7 % 

Residential 1 27920 1242 60 % 

Industry 1 4715 114 5 % 

Total - 48866 2077 100 % 

 

The model was validated by comparing the results to the measured system load. The mod-

elled and measured demand curves are presented in figure 25 for a period of two weeks in 

spring time. The model fits the measured curve with reasonable accuracy. On the other hand, 

the modelled demand has also more variation compared to the measured demand. This is 

most probably caused by the modelling assumption of all building clusters acting with a 

similar schedule. In reality the load is much smoother as the effect of the behavior of indi-

vidual buildings is reduced when considering a large statistical sample. This conclusion is 

also supported by the study of Swan & Ugursal (2009), which recognizes the assumption of 

occupant behavior as one of the weaknesses for bottom-up modelling approaches.  

 
Figure 25: Modelled and measured system load for Fortum Espoo DH for a period of two weeks. 

 

Another common method for evaluating a model fit is to plot the model and measured values 

against each other. Ideally, this results in a figure where the points formulate a linear line 

with the gradient of 1. On the basis of the observations from figure 26, the error of the model 

intensifies slightly at higher system loads.  
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Figure 26: Modelled system load plotted against measured system load. 

 

The model has several limitations. First of all, the building sample was very limited as only 

three building types were modelled. Furthermore, each building cluster follows the exact 

same schedules and has the same building characteristics. Thereby the accuracy of the model 

could be enhanced by including a wider building sample as well as by applying a wider range 

of schedules and parameters. However, the objective of the empirical study was not to model 

the system load with perfect accuracy, but instead to estimate the potential of DR by using a 

system model that resembles the Espoo case subject with reasonable accuracy and tolerance. 

Therefore the developed model is considered sufficient enough for this study. 

 

As was stated earlier, one of the advantages of using bottom-up models is that is allows to 

gain insight of energy end-usage patterns and evaluate how they contribute to the overall 

consumption. The first full week (Monday to Sunday) of the calendar year 2013 was taken 

as an example and the contribution of the heating end-usage categories was evaluated. The 

total load and its components is shown in figure 27 and for clarity the loads are presented 

individually in figure 28. Based on these results, the main cause for the morning peak is the 

AHUs in office and public buildings turning on from the night time setback. This causes an 

increase of approximately 120 MW within a small time period. Interestingly, the contribu-

tion of DHW to the system peaks is far less than what was expected as it constitutes only a 

20 MW increase during mornings and 10 MW on the evening peak. It is acknowledged that 

the impact of industrial load most probably accounts for much larger volatility than the re-

sults indicate. 
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Figure 27: The contribution of heating end-use categories to the total system load for a week presented in a 

stacked area graph. 

 

Figure 28: End-usage of heating energy for a week. 

6.2.2 Computation of Marginal Costs 

The demand response scheme evaluated in this study is assumed to be operating under a real 

time pricing scheme where the hourly marginal production costs of district heating are used 

as DR signals. The MPC algorithm then uses this information to compute a cost optimal 

control strategy to shift heating consumption to financially preferable periods and thereby 

carries out demand response at a building level. The concept of marginal costs of DH pro-

duction was introduced in chapter 3.6.  

 

As such hourly cost data was not available for the study, the marginal production costs for 

Espoo DH system are computed in this section. This involves compiling an optimization 
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model that uses variable production costs and capacity constraints to find the optimal oper-

ating strategy to meet the system demand for every hour of the year. In a DH system con-

sisting of multiple production units, such as the Espoo DH system, the optimal operational 

strategy is typically determined by the merit order of the production units. The merit order 

is composed by ordering the production units in ascending order of marginal costs and 

thereby minimizing the variable costs of energy production. Such an optimization problem 

is often classified as an economic dispatch or unit commitment problem. The optimization 

model compiled for this study is based on a model originally created by Mäkelä (2014) which 

has been used in the studies of Syri et al. (2015) and Sihvonen (2017). However, some mod-

ifications are made on the mathematical formulation of the model to fit the applicability to 

this study more adequately. These modifications are discussed later in this chapter. 

 

The model by Mäkelä (2014) solves the optimal dispatch order for heat production units by 

minimizing the total production costs for each hour while delivering the required amount of 

energy to meet system demand. The optimization problem was computed and solved using 

the Matlab INTLINPROG- function, which is a mixed-integral linear programming solver 

(MATLAB 2017b). Formulation of the optimization problem is presented in equation 3. 

 

For every hour of the year t, the optimal heat output levels for production units i are solved 

by minimizing the objective function 

 

∑ 𝑉𝐶𝑖(𝑡) ∙ 𝑥𝑖(𝑡)17
𝑖=1    (3) 

 

subject to constraints 

0 ≤ 𝑥𝑖 ≤ 𝑥𝑖
𝑚𝑎𝑥  

 

∑ 𝑥𝑖(𝑡) ≥ 𝐷(𝑡)17
𝑖=1   

 

𝑡 = 1, … ,8760 𝑎𝑛𝑑 𝑥𝑖(𝑡) ∈ 𝑍 

where 

 

𝑉𝐶𝑖(𝑡) is the variable cost (€/MW) for production unit i at time t, 

𝑥𝑖(𝑡) is the heat output level (MW) of production unit i at time t, 

𝑥𝑖
𝑚𝑎𝑥 is the capacity constraint (MW) for each production unit, and  

𝐷(𝑡) is the system demand at time t. 

 

The variable costs for district heat production comprise of fuel expenses, taxation, emission 

allowances and costs from operation and maintenance of plants. Variable production costs 

in the original model are computed on the basis of fuel costs, plant fuel efficiency and taxa-

tion. The production costs for CHP-plants are calculated in a similar manner with a distinc-

tion that the profits made from electricity sales are subtracted from the total production costs 

of producing both heat and power. (Mäkelä 2014)  

 

The functions for variable production costs are modified slightly by issuing a penalty cost 

for start-up of plants which aims at incorporating the lower fuel efficiency during start-up 

periods to the model. The additional cost for start-up fee is a fixed one-time cost that is 

applied to the first hour of operation after start-up. This also creates price volatility that is 

incremental from the perspective of demand response while also reflecting the volatility of 

DH production costs more precisely. In addition, variable operational and maintenance cost 
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as well as emission allowances are included in the cost functions. Variable costs are com-

puted using equations 4 and 5 shown below.  

 

𝑉𝐶𝐻𝑂𝐵 =
𝐹𝑢𝑒𝑙+𝑡𝑎𝑥+𝑂𝑀+𝐸𝐴𝑈

𝑛
+ 𝐶𝑆𝑈   (4) 

 

𝑉𝐶𝐶𝐻𝑃 = 𝛼 ∙
𝐹𝑢𝑒𝑙+𝑂𝑀+𝐸𝐴𝑈

𝑛
+ 0.9 ∙

𝑡𝑎𝑥

𝑛
− 𝛽 ∙ 𝑃𝑒𝑙𝑒𝑐 + 𝐶𝑆𝑈 (5) 

 

The notations used in the above equations are: 

 

𝑉𝐶𝐻𝑂𝐵 is the variable costs of heat only boilers (€/MW), 

𝑉𝐶𝐶𝐻𝑃  is variable cost of CHP units (€/MW), 

𝐹𝑢𝑒𝑙  is the fuel cost for given plant (€/MW) with value added taxation, 

𝑡𝑎𝑥  is the taxation on energy production (€/MW), 

𝑂𝑀 is the operational and mainetenace costs (€/MW), 

𝐸𝐴𝑈 is the cost of emission allowances (€/MW), 

𝑛  is the plant fuel efficiency, 

𝐶𝑆𝑈  issues the start-up cost and is equal to 10 €/MW, 

𝛼  is the share of heat production in CHP, 

𝛽  is the share of of electricity production in CHP, 

𝑃𝑒𝑙𝑒𝑐 is the electricity spot price (€/MWh). 

 

As the time step used in the model is one hour, it makes no difference whether the specific 

costs are expressed in (€/MW) or (€/MWh). The coefficient of 0.9 in equation 5 is derived 

from the energy taxation legislation in Finland. While heat production in HOBs is taxed in 

full, only 90% of heat produced in CHP is taxed. The coefficients 𝛼 and 𝛽 are based on the 

plant specific heat-to-power ratios of the CHP plants. This ratio is assumed to be constant at 

all times and hence the electricity output is a function of heat production. 

 

Modifications were also made on the operating strategy of CHP-plants. In the original model, 

CHP-plants operated under a strategy that was derived solely from the electricity price. In 

practice, most CHP-plants are operated on the basis of demand for district heating and not 

electricity. Therefore CHP-plants are treated as any other production units and hence the 

optimal dispatch order is computed only on the basis of variable costs of district heating 

production. 

 

The input data for the marginal cost optimization model consists of hourly system heat de-

mand, fuel prices, taxes and electricity price as well as plant specific capacities and heat-to-

power ratios for CHP plants. The modelled system load in chapter 6.2.1 is used as the input 

for demand. Fuel and electricity prices as well as taxation are all for the year 2016 and the 

cost data has been retrieved from Nord Pool (2017) and statistics Finland (2017). It is 

acknowledged that the energy taxation legislation has changed in 2017 and therefore the 

marginal costs do not reflect the most current cost levels. The DH production capacity and 

plant fuel types for the 2017 system are used. All fuel prices were retrieved on a monthly 

resolution except for electricity price, for which a time series of spot prices with an hourly 

resolution was used. A summary of the cost components for variable costs is presented in 

table 7. A complete description of the cost variables and plant information used in the com-

putation of marginal costs can be found in appendix 2. 

 



57 

 

Table 7: A summary of the input variables used for calculation of variable production costs (Statistics Finland 

2017, Nord Pool 2017). 

Fuel 
Fuel cost 
€/MWh 

Tax 
€/MWh 

O&M + EUA + Distribution 
€/MWh 

Average variable cost 
€/MWh 

Coal 6-12 25,2 7,0 40,4 

Natural gas 19-25 17,4 4,0 43,7 

Light fuel oil 64-88 21,4 5,0 102,4 

Wood pellet 57-58 0,0 5,0 62,3 

Electricity 4-214 7,0 21,0 60,5 

 

The simulation model for marginal cost has several limitations and does not reflect reality 

with complete accuracy. First of all, the model does not take into account start-up and shut-

down constraints for the rate at which plants can reach full capacity or the minimum and 

maximum uptime constraints. Furthermore, the planning horizon for the optimization prob-

lem is only one hour which in reality is typically much longer than this ranging from several 

days up to even weeks. In addition, plants are not in reality started and shut down on an 

hourly basis like it is assumed in this model. On the other hand, a simplified approach for 

marginal cost optimization is justifiable for the purposes of this study. The purpose of the 

marginal cost calculation was to produce a realistic price signal for the model predictive 

controller, which the model achieves. Only the relative price differences are of importance 

and not the absolute cost level. 

 

The calculated hourly marginal costs for district heating are shown in figure 29. The results 

indicate a clear seasonal trend price levels as the costs of production are significantly lower 

during summer periods compared to heating season. The volatility in production costs is 

mostly explained by the large share of CHP production. As the model computes variable 

cost by deducting all electricity sales from the production costs, a volatility in electricity 

price leads to volatility in CHP generated heating costs. The spot price of electricity can vary 

greatly within the period of a typical day. Another reason for the large volatility in costs is 

the penalty term of starting up a production unit. 

 

 
Figure 29: The hourly marginal costs of district heat production computed in the Matlab model. 
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6.2.3 Simulation of Demand Response 

Following the similar method as in modelling system level demand, demand response po-

tential in the Espoo DH system is evaluated using a bottom-up approach. The model predic-

tive controller (chapter 6.3) is simulated for a full calendar year in a residential building. 

Hourly specific consumption is then calculated from these results. By utilizing the model for 

system level demand that was presented in chapter 6.2.1, the inputs of a proportion of the 

residential building cluster are changed with the load profiles resulting from demand re-

sponse. 

 

The system level effects of load shifting are evaluated by using different shares of customer 

participation in the program. The load profiles for customers not participating in the demand 

response program are the same ones as in the original model. In contrast, the load profiles of 

customers participating in the DR scheme are computed from the simulations. Following 

this method, the system level potential can be evaluated on the basis of the share of customers 

or building volume. 

6.3 Development of MPC Algorithm 

This section describes the formulation, design and testing of the MPC algorithm. All of the 

controller development was carried out using Matlab software, where modelling and simu-

lations were implemented in the Simulink environment. Simulink is a graphical program-

ming environment in Matlab for modeling and simulating dynamic systems (MATLAB 

2017c).  

 

The first task was to recreate the building models from IDA ICE to the Simulink environ-

ment. On the basis of the system load decomposition (chapter 6.2.1), it was found that resi-

dential buildings contribute most significantly to the Espoo DH load and therefore the resi-

dential building was chosen as the primary case study. Simscape library was utilized in mod-

elling the residential building in Simulink and the process is described in section 6.3.1.  

 

As the computational costs for a multi-zone physical model are significant, a gray-box model 

is developed for the MPC algorithm. Machine learning is applied to learn the parameters. 

The computation of the gray-box model and parameters learning method is described in sec-

tion 6.3.2. Finally, the complete design and tuning of MPC parameters is presented in section 

6.3.3. 

6.3.1 Physical Model Using Simscape Thermal Library 

For controller development and simulation purposes, a detailed model of the residential 

building is necessary within the Matlab software. This model is used to simulate the perfor-

mance of the MPC algorithm and therefore requires real time feedback of the zone temper-

atures to changes in heating inputs. Matlab software is currently not compatible with IDA 

ICE and therefore the residential building model from chapter 6.1.3 is recreated in the Sim-

ulink environment. The modelling approach follows the white-box thermal RC-network 

methodology, where a building is represented as a network of connected nodes with thermal 

resistances and capacitances between each other. Instead of formulating the RC-network 

with complex mathematical equations, the model is constructed using Simulink blocks from 

the Simscape thermal library. Simscape blocks implement phenomena such as convective or 

conductive heat transfer or describe the thermal dynamics of a material that is characterized 

by a thermal mass and specific heat capacity. The lines that connect the blocks represent 
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physical connections that transmit heat flows. The main Simscape thermal components used 

in the white-box model are presented in figure 30.  

 

 
Figure 30: Simscape physical blocks used to model the building. 

 

The development of the building model in Simulink follows a modular approach proposed 

by Lapusan et al. (2016), where the building model comprises of connected zone modules. 

Each zone module includes walls and windows which are in contact with the external envi-

ronment and neighboring rooms through heat transfer. Furthermore, each wall, window, 

floor and ceiling are modelled using the blocks in figure 30 where the same parameters for 

structure materials are used as in the original IDA ICE models. Thus by utilizing these Sim-

ulink blocks each element that composes the zone and building can be defined. 

  

The external wall model used in Simulink is presented in figure 31 and comprises of heat 

flows through walls, windows and amounting from thermal bridges. Heat flow through ex-

ternal walls are modelled by placing convective heat transfer blocks at the inner and outer 

wall surfaces while three conductive heat transfer blocks represent the heat transfer within 

the wall. The storage of heat within wall structures is included in the model by placing three 

thermal masses between the wall surfaces with corresponding specific heat capacitates for 

the materials in question. All other building structures are modelled following the same prin-

ciple. A complete table of the Simulink model parameters is presented in appendix 3.  

 

 
Figure 31: Model of exterior wall constructed using Simscape blocks. 

 

In addition to heat transfer between the environment and neighboring zones, heat losses due 

to ventilation and infiltration, the thermal capacitance of floor, ceiling and furniture as well 

as heat gains from solar radiation, lighting, equipment and occupancy are integrated to the 

zone modules. The aforementioned solar gains are modelled as direct heat flow sources to 
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the zone air by using the zone specific results from IDA ICE as inputs. The decision to use 

solar gains to zone as direct inputs was to limit the computational complexity of the model. 

Each zone is equipped with a heater that delivers heat flow on the basis of the input signal. 

The formulation of the zone heat balance commences thus to: 

 

𝑚𝑎𝑖𝑟,𝑧𝐶𝑝,𝑎𝑖𝑟
𝜕𝑇𝑎𝑖𝑟,𝑧

𝜕𝑡
= 𝑄ℎ𝑒𝑎𝑡𝑖𝑛𝑔 + 𝑄𝑙𝑜𝑠𝑠𝑒𝑠 + 𝑄𝑣𝑒𝑛𝑡+𝑖𝑛𝑓 + 𝑄𝑖𝑛𝑡 + 𝑄𝑠𝑜𝑙𝑎𝑟 + ∑ 𝑚𝑏𝐶𝑝,𝑏

𝜕𝑇𝑏

𝜕𝑡
 .    (6) 

  

The notation used in equation 6 is the following: 

 

𝑚𝑎𝑖𝑟,𝑧 and 𝐶𝑝,𝑎𝑖𝑟 are the zone air mass and specific heat capacity of air, 
𝜕𝑇𝑎𝑖𝑟,𝑧

𝜕𝑡
 is the change in zone air temperature, 

𝑄ℎ𝑒𝑎𝑡𝑖𝑛𝑔 is the heating energy delivered to the zone with radiators, 

𝑄𝑙𝑜𝑠𝑠𝑒𝑠 accounts for all conductive losses to environment and neighboring zones, 

𝑄𝑣𝑒𝑛𝑡+𝑖𝑛𝑓 is the heating losses due to ventilation and infiltration, 

𝑄𝑖𝑛𝑡 is the heat from internal gains, 

𝑄𝑠𝑜𝑙𝑎𝑟 is the heat energy from solar radiation through windows and structures, and 

∑ 𝑚𝑏𝐶𝑝,𝑏
𝜕𝑇𝑏

𝜕𝑡
  represents the heat energy stored or released from building structures. 

 

The building model is finalized by connecting the individual zone modules to the neighbor-

ing zones and environment. The complete Simulink thermal model of the residential building 

is presented in figure 32. The model uses outdoor temperature, zone specific solar and inter-

nal gains and airflow information as input data. All input data is identical to the IDA ICE 

simulations described in chapter 6.1. The heaters can be operated using two strategies, where 

the first one being by sending zone specific heating power signals to the heaters. The second 

strategy is by replacing the heaters with ideal temperature sources which generate the re-

quired amount of heat flow to maintain the zone temperature at the level defined by a tem-

perature signal. Temperature and heat flow sensors are placed within the rooms and the 

measurements of the sensors sent as the model output.  

 

 
Figure 32: Simulink thermal model of the residential building, where each zone is composed of modular com-

ponents that are connected with the environment and neighboring zones.  
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The Simulink thermal model was validated by comparing the simulation results against the 

detailed building simulation results from IDA ICE. The validation process is similar to the 

method used in the study by Li (2014), where the author compared the measured energy 

consumption against the modelled energy consumption by applying the measured indoor and 

outdoor temperatures as an input to the model. For validation purposes, all zone specific 

heaters were replaced with ideal temperature sources which generate the required amount of 

heat flow to maintain the zone temperature at the level defined by a temperature signal. The 

temperature signals used as an input were the same hourly room temperatures recorded from 

the IDA ICE models for each room.  

 

The model was found to deliver accurate and reliable results during the heating season (Jan-

uary-April and September-December). The Simulink model heating consumption is com-

pared to the IDA ICE model for a period of four weeks in December in figure 33. It is ap-

parent from the figure that the model fits the IDA ICE model with high accuracy. Interest-

ingly, the model failed to represent the thermal behavior of the building during late spring 

and summer season. The most probable cause for error between the two models is in the 

modelling approach of solar gains. Solar gains to an air space are fed as direct inputs in the 

Simulink model. In contrast, solar gains in reality act onto building external surfaces from 

which the heat flux transfers to the air zone with a lag which is determined by the temperature 

difference over the external structure as well as the specific heat capacitance of the given 

structure. Therefore the error is most probably caused by the modelling approach for solar 

gains. This deficiency in modelling accuracy is still admissible as the focus of the study is 

limited to the heating season and thus the accuracy during summer season is not a primary 

concern. Therefore the model is considered to be sufficiently reliable and accurate for the 

purposes of this study. 

 

 
Figure 33: Validation of the Simulink model by comparing the building heating load against the results from 

IDA ICE. 
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6.3.2 Machine Learning for Compiling Numerical Models of Room Ther-
mal Dynamics 

The physical model presented in the previous section is used at the design stage of the model 

predictive controller as it produces highly accurate results and is ideal for performance anal-

ysis. Hence this model is used as a test platform for simulating the performance of the con-

troller. However, the primary disadvantage of such a modelling approach is the significant 

computational complexity which leads to prolonged simulation times. The MPC algorithm 

uses the building model to perform numerous simulations at every time step when attempting 

to compute the cost optimal heating trajectory. Therefore the model should be simplified 

enough to yield reasonable computational times while maintaining sufficient accuracy of the 

modelled process. Furthermore, the scalability of the proposed model in the previous section 

is limited as it requires detailed information of the building structures as an input. The model 

should be easily compiled and limiting manual design work. For the aforementioned reasons, 

a data-driven approach for numerically modelling the building thermal dynamics is pre-

sented in this section, where an attempt is made to capture the thermal behavior of the build-

ing solely with measured historical data. Machine learning is applied in the compilation of 

the numerical model. Furthermore, these data-driven modelling approaches can be catego-

rized into black-box and gray-box methods as was presented in chapter 5.3.2. 

 

The objective of the numerical model is to predict the temperature response of the zone when 

supplied with an input of heating power. The model formulation is derived from the heat 

balance equation of rooms which is shown in equation 7.  Hence, the model attempts to 

capture the thermal dynamics of the room heat balance equation.  

 

𝑚𝑎𝑖𝑟,𝑧𝐶𝑝,𝑎𝑖𝑟
𝜕𝑇𝑎𝑖𝑟,𝑧

𝜕𝑡
= 𝑄ℎ𝑒𝑎𝑡𝑖𝑛𝑔 + 𝑄𝑙𝑜𝑠𝑠𝑒𝑠 + 𝑄𝑣𝑒𝑛𝑡+𝑖𝑛𝑓 + 𝑄𝑖𝑛𝑡 + 𝑄𝑠𝑜𝑙𝑎𝑟 + ∑ 𝑚𝑏𝐶𝑝,𝑏

𝜕𝑇𝑏

𝜕𝑡
 (7) 

 

The formulation in equation 8 requires temperature information of building structures and is 

therefore impractical for actual implementation. Following the method used in the study of 

Blum et al. (2016), the heat balance equation can be reduced to a weighted sum of previous 

zone temperatures and heat fluxes while still incorporating the thermal dynamics in the for-

mulation. The heating energy required to maintain the zone temperature at a given point can 

be calculated as a weighted sum of current and past heat fluxes, zone temperatures and out-

door temperature. From this formulation an inverse transfer function can be developed from 

which the temperature trajectories are computed based on heating load inputs. Thus the pre-

diction for current zone temperature is calculated as a weighted sum of past zone tempera-

tures, current and past heat fluxes as well as current and past outdoor temperatures. As each 

room different with regards to size, quantity of external wall surface and window area, it is 

necessary to compile room specific models. 

 

Compilation of data-driven models and using them to make predictions based on new data 

is a common application of machine learning. Supervised learning is a problem category in 

the field of machine learning where the learning algorithm is provided with a set of input 

output pairs of training data from which the algorithm constructs a model that maps the 

inputs to outputs. The task can be further subcategorized into black-box or gray-box prob-

lems depending on whether the structure of the model is predefined. In black-box models, 

the algorithm is given freedom to construct the model in a manner it perceives to be the best 

fit. In contrary, when provided with a predefined model structure the machine learning task 

follows the methodology of gray-box modelling.  A common practice in supervised learning 
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is to split the dataset into training, validation and test data. The model is initially fitted with 

training data where model parameters are estimated by minimizing the prediction error. As 

the purpose of the model is to make prediction based on new unseen data, validation data is 

used to provide an objective estimation of the prediction accuracy of the model. Prediction 

errors in the validation dataset may be caused by overfitting or the unsuitability of the model 

structure. Based on the results of the validation error, adjustments to the model parameters 

and structure are made and the process repeated. Finally, test data is used to estimate the 

prediction accuracy of the model. Similarly to validation data, the test data is a completely 

new set of data which the model has not seen and hence provides an unbiased estimation of 

the model prediction accuracy. The training data used in this study was generated by running 

multiple simulations in the physical model with varying room temperatures and heating in-

puts. The dataset was then split into training, validation and test data similarly as described 

previously.  

 

Initially, the black-box method was considered by using artificial neural networks (ANN) to 

compile models that map room specific heating loads to resulting temperatures. Artificial 

neural networks are a class of learning algorithms where the inputs are mapped to outputs 

through a network of connected neurons. The network may consists of a number of hidden 

layers between input and output layers which essentially represent new artificially computed 

variables. The nodes are connected to one another and each connection is assigned a weight. 

(Basheer et al. 2000) The concept of ANN with two hidden layers is presented in figure 34. 

The Matlab neural net fitting tool was used in this study as it includes an easy-to-use graph-

ical user interface and a library of learning algorithms.  

 

 

 

 
Figure 34: Artificial Neural Networks concept representation with two hidden layers. (Nielsen 2017) 

 

The compiled ANN models achieved great prediction accuracy. However, when testing these 

models in the model predictive controller, the performance of the controller was more or less 

arbitrary resulting in significant instability in room temperatures as well as in heating signals. 

The most probable cause for the poor performance of the controller are the models itself. 

First of all, the input variables in an ANN model lack all physical significance and hence the 

models are limited to the operating range of the training data. Therefore, when given inputs 
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that are greatly different from the training data, the model fails at producing reasonable pre-

dictions. Hence, it could be generalized that ANN models are only as good as their training 

data. The error may have also resulted from the optimization task. As ANN models may 

include nonlinearities, the optimization task is rather complex and could lead to sub-optimal 

solutions. A third source of error could be that the models were simply overfitted. In either 

case, the ANN models did not perform well in the model predictive controller and while 

proven highly effective for a range of problems, it was found that a simpler approach could 

be better suited for this study. For this reason, a gray-box model was compiled as it should 

perform better outside the range of training data and is therefore more robust. 

 

The gray-box modelling approach follows the methodology of inverse comprehensive room 

transfer functions (iCRTF) developed by Armstrong et al. (2006) to predict individual zone 

temperature trajectories for a model predictive controller. Blum et al. (2016) developed the 

method further by including the heat fluxes of thermally coupled zones to the model. A de-

cision was made to discard the heat fluxes from neighboring zones as ideally all rooms fol-

low similar temperature trajectories and thus the temperature difference between thermally 

coupled zones would be relatively small. The model is derived from the heat balance pre-

sented in equation 8 and the same training data set is used as in the ANN models. The main 

difference is that the model structure is predefined and training data is used to compute the 

optimal parameters for the model.  

 

The structure of the model is presented in equation 8, where the temperature of zone z at 

time i is given as a function of the model parameter vector 𝜃 and input vector 𝑥. Each input 

variable is assigned a parameter that implies the weight of the input shown in equation 9. 

The time dependent thermal dynamics is modelled by including the previous N steps of 

measurements of each variable to compute the current state of the zone. This is referred as 

the model order and implies the length of the timelag for which previous states are incorpo-

rated in the computation. Similarly to the study by Blum et al. (2016), a large model order 

was found to create instability to the model.  After numerous trials, a timelag of 8 hours was 

found appropriate for the model resulting in linear regression parameter vectors of size 8. 

The linear regression parameter vectors are presented in equations 10-15. As was expected, 

the significance of the parameters reduced at larger time lengths. All inputs were scaled 

between 0 and 1 to reduce the learning time (equation 17). The model parameters were not 

restricted by any means and are real numbers as defined in equation 16. 

 

𝑇𝑖
𝑧 = 𝑓(𝜽, 𝒙)    (8) 

 

𝑇𝑖
𝑧 =  𝜽𝑇𝑟𝑜𝑜𝑚

𝑇 𝑻𝑟𝑜𝑜𝑚 + 𝜽ℎ𝑒𝑎𝑡
𝑇  𝒒ℎ𝑒𝑎𝑡 + 𝜽𝑠𝑜𝑙𝑎𝑟

𝑇  𝒒𝑠𝑜𝑙𝑎𝑟 +  (9) 

 

           𝜽𝑣𝑒𝑛𝑡
𝑇  𝒒𝑣𝑒𝑛𝑡 + 𝜽𝑖𝑛𝑡𝐺𝑎𝑖𝑛

𝑇  𝒒𝑖𝑛𝑡𝐺𝑎𝑖𝑛 +  𝜽𝑇𝑜𝑢𝑡
𝑇  𝑻𝑜𝑢𝑡  

   

Where 

 

𝜽𝑇𝑟𝑜𝑜𝑚
𝑇 = [𝜃𝑇𝑟𝑜𝑜𝑚,𝑖−1, … , 𝜃𝑇𝑟𝑜𝑜𝑚,𝑖−𝑁 ]   (10) 

 

𝜽ℎ𝑒𝑎𝑡
𝑇 = [𝜃ℎ𝑒𝑎𝑡,𝑖−1, … , 𝜃ℎ𝑒𝑎𝑡,𝑖−𝑁 ]    (11) 

 

𝜽𝑠𝑜𝑙𝑎𝑟
𝑇 = [𝜃𝑠𝑜𝑙𝑎𝑟,𝑖−1, … , 𝜃𝑠𝑜𝑙𝑎𝑟,𝑖−𝑁 ]    (12) 
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𝜽𝑣𝑒𝑛𝑡
𝑇 = [𝜃𝑣𝑒𝑛𝑡,𝑖−1, … , 𝜃𝑣𝑒𝑛𝑡,𝑖−𝑁 ]    (13) 

 

𝜽𝑖𝑛𝑡𝐺𝑎𝑖𝑛
𝑇 = [𝜃𝑖𝑛𝑡𝐺𝑎𝑖𝑛,𝑖−1, … , 𝜃𝑖𝑛𝑡𝐺𝑎𝑖𝑛,𝑖−𝑁 ]   (14) 

 

𝜽𝑇𝑜𝑢𝑡
𝑇 = [𝜃𝑇𝑜𝑢𝑡,𝑖−1, … , 𝜃𝑇𝑜𝑢𝑡,𝑖−𝑁 ]    (15) 

 

𝜽𝑇𝑟𝑜𝑜𝑚, 𝜽ℎ𝑒𝑎𝑡, 𝜽𝑠𝑜𝑙𝑎𝑟, 𝜽𝑣𝑒𝑛𝑡 , 𝜽𝑖𝑛𝑡𝐺𝑎𝑖𝑛, 𝜽𝑇𝑜𝑢𝑡  ∈  ℝ𝑁,1.  (16) 

 

The model inputs are: 

 

𝑻𝑟𝑜𝑜𝑚, 𝒒ℎ𝑒𝑎𝑡, 𝒒𝑠𝑜𝑙𝑎𝑟 , 𝒒𝑣𝑒𝑛𝑡 , 𝒒𝑖𝑛𝑡𝐺𝑎𝑖𝑛, 𝑻𝑜𝑢𝑡  ∈  ℝ𝑁,1 [0,1].  (17) 

 

For practical implementation of the presented model, a disturbance model is required to 

compute the effects of internal, solar and ventilation heat gains and losses. In other words, a 

predefined disturbance model is incorporated into the MPC algorithm, where model inputs 

are divided into manipulated variables and disturbance inputs. Machine learning methods 

are ideal for the compilation of such a disturbance model and have been included in the 

studies such as Maasoumy et al. (2012) and Aswani et al. (2012). The model used in this 

thesis acknowledges the disturbance model, but due to the limited scope, a perfect prediction 

accuracy is assumed. Therefore all disturbances were assumed to be predicted with perfect 

accuracy and were given as inputs to the model. An alternative formulation of the model is 

presented in equations 18 and 19 where 𝑥𝑖 refers to measured variables including heating 

power, room and outdoor temperatures, whereas 𝑑𝑖 refers to the predicted disturbances. The 

structure of the model remains nevertheless the same and is defined as a function of model 

parameter vectors 𝜃𝑥
𝑇 and 𝜃𝑑

𝑇 as in the previous formulation. 

 

𝑇𝑖
𝑧 = 𝑓(𝒙𝑖 , 𝒅𝑖)   (18) 

 

𝑇𝑖
𝑧 = 𝜽𝑥

𝑇𝒙𝑖 + 𝜽𝑑
𝑇𝒅𝑖    (19) 

 

Following the common practices of supervised learning, the training data was split into train-

ing, validation and test data. The parameters were computed by minimizing the prediction 

error for validation data. The FMINCON-optimization solver in Matlab was used with inte-

rior-point optimization algorithm. The formulation of the optimization task is presented in 

equation 20 below 

 

arg min
𝜽𝜖ℝ6𝑁

𝐽 =  (𝑦 − 𝑓(𝜽, 𝒙))2 + 𝜆 ∑ 𝜽6𝑁
𝑖=1    (20) 

where 

 

𝑥 𝜖 ℝ6𝑁,8760 are model inputs, 𝜃 𝜖 ℝ6𝑁,8760 are the model parameters and 𝑦 𝜖 ℝ8760,1 is the 

measured output. The term 𝜆 ∑ 𝜃6𝑁
𝑖=1  is used for regulation of the parameters.  

 

The model is then used to predict temperature responses by altering the first heating input as 

shown in equation 21. 

 

𝑇𝑖
𝑧 = 𝑓(𝜽, 𝑞𝑖−1,, 𝒙𝑖−1,:𝑁)    (21) 
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Prediction accuracies of the zone specific models were found to be very good.  In fact, the 

mean prediction error varied mostly between 0.1 and 0.01 °C. On the other hand, this level 

of prediction accuracy is expected as there are 48 predictor variables for each output and it 

is common that by increasing model predictor variables the prediction accuracy increases. 

Feature selection could have been carried out to limit the quantity of input variables and 

thereby reduce overfitting. Despite being most probably overfitted, the models performed 

with reasonable stability when tested in the model predictive controller. 

 

Machine learning is founded on the idea of programs being able to improve with experience. 

Therefore, in addition to training the models initially at the configuration stage, the models 

are also constantly updated during operational stage when used in the MPC by collecting 

online data and using this data to retrain the model parameters.  

6.3.3 Model Predictive Controller 

The model predictive controller developed in this study is designed to control room specific 

thermostats in accordance to price signals received from the DH provider and thereby im-

plementing demand response by load shifting. The concept of the control algorithm is pre-

sented in figure 34.  

 
Figure 34: Concept of the model predictive control algorithm developed in this study. 

 

The controller receives a price signal for the next 24 hours in the form of a sequence of 

hourly prices. On the basis of this information and the weather forecast for the next 24 hours, 

the algorithm computes the optimal heating trajectory for each room. For example, if there 

will be a peak in prices in the upcoming 6 hours, the optimal heating trajectory would be to 

pre-heat the room while the energy prices are low and let the temperature drop during the 

period of peak prices. Contrarily, if the controller receives information that the energy prices 

will drop in the next 6 hours, the optimal heating trajectory would be to let the temperature 

drop right until the energy prices are low and return the room temperature back to the desired 

set-point at this time. These heating trajectories are computed for each room individually 

using the numerical gray-box models established in the previous section. Once the optimal 

heating trajectories for all zones are computed, the first element of each heating signal is 
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sent to the zone specific thermostats. A time step of one hour is used in this study. After the 

time step has passed, temperature measurements from the rooms are sent back to the con-

troller. This data is collected for tuning the model parameters by machine learning. Once the 

controller has information of the current state of the zone, the process is repeated and new 

heating trajectories for the next 24 hours are computed. 

 

The MPC algorithm computes the optimal heating trajectories by solving the minimization 

problem of the cost function while in the presence of constraints. Two constraints were as-

signed for the controller, where the first one being boundaries for room temperatures. The 

boundaries for room temperatures were assigned according to the satisfactory (S3) require-

ments of the classification of indoor environment, meaning that the absolute minimum room 

temperature is 18°C and maximum 25°C. The second constraint was placed for capacities of 

room heating equipment. All radiators have a maximum heating capacity of 8 kW.  

 

It is essential that the quality of service is maintained at a sufficient levels during DR actua-

tion and thus thermal comfort must be included in the cost function. If indoor thermal com-

fort is neglected from the cost function, the cost optimal heating trajectory would mostly 

result to temperatures of 18°C and rapid temperature increases to 25°C during periods of 

low prices. This results in a multi-objective optimization problem. Following the method 

referred in the study of Afram & Janabi-Sharifi (2014), a single cost function is composed 

where weights are assigned for the different objectives on the basis of the tradeoff between 

objectives. A total of three objectives are included in the cost function: minimization of en-

ergy costs, minimization of the deviation from zone reference temperature and minimization 

of temperature differential. The formulation of the optimization problem is presented in 

equation 22.  

 

𝑞𝑍 =  min
𝑞 𝜖 [𝑙𝑏,𝑢𝑏]

∑ 𝑤𝐸𝑠𝐸𝑃𝐸,𝑖
24
𝑖=1 𝑞𝑖 + 𝑤𝑇𝑠𝑇(𝑇(𝑞𝑖) − 𝑇𝑟𝑒𝑓)2 + 𝑤𝑑𝑇𝑠𝑑𝑇

Δ𝑇

Δt
           (22) 

  

 

such that 

 

(𝑇(𝑞𝑖) − 𝑙𝑏𝑇)(𝑇(𝑞𝑖) − 𝑢𝑏𝑇) ≤ 0.    (23) 

 

The notation used in equation 22 includes 𝑤𝐸 , 𝑤𝑇, 𝑤𝑑𝑇 for weights of optimization objec-

tives, scaling factors 𝑠𝐸 , 𝑠𝑇 and 𝑠𝑑𝑇 used to scale the objectives to amount for equal magni-

tude and hence making the weights meaningful for interpretation. Energy costs are calculated 

by multiplying zone energy consumption 𝑞𝑖 with energy price 𝑃𝐸. Deviation from reference 

temperature is penalized exponentially in the term (𝑇(𝑞𝑖) − 𝑇𝑟𝑒𝑓)2. Rapid temperature 

changes are penalized by calculating the temperature changes between time steps for the 

length of the control horizon in term 
Δ𝑇

Δt
. Equation 23 assigns a nonlinear constraint for the 

optimization problem in regards to lower and upper bounds for room temperature. 

 

The optimization problem was solved using the interior point algorithm in the Matlab fmin-

con solver. The standard optimality tolerance setting in the solver is 10−6 , which was found 

insufficient for the MPC controller resulting in poor performance. The optimality tolerance 

was reduced to 10−9, while still limiting the number of iterations at 3000 as an attempt to 

maintain the computational times within reason. The computational time for one time step 
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for a single zone optimization was in average 6 seconds. As the MPC repeats this optimiza-

tion for all 15 rooms, the computational time for 1 time step amounted to approximately 90 

seconds. This proves that the proposed algorithm is computationally feasible for practical 

implementation. For the purposes of this study, the algorithm was reconstructed to be com-

patible for parallel computing. Essentially this means that the room specific optimization 

tasks can be calculated simultaneously by utilizing multiple processors and thereby reducing 

the simulation time significantly. 

 

The MPC controller was simulated using the physical model in Simulink as a test platform. 

A call function was placed into the Simulink model that calls for the MPC function which 

composes of several Matlab scripts. The temperature feedbacks from rooms are placed as 

inputs to the function and outputs of the function are heating signals which are sent to the 

corresponding heaters. A screenshot from the Simulink model is shown in figure 35, where 

the model predictive controller is on the left and a portion of the building is visible on the 

right. 

 

 
Figure 35: A screenshot from Simulink showing the call function for the model predictive controller as well as 

a portion of the building model. 
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7 Simulation Results and Analysis 
The results of the simulations are presented in this chapter. First the results of the perfor-

mance of the developed model predictive control algorithm are shown in section 7.1. The 

time period for the simulations was the heating season, which is roughly the first 3000 hours 

of a calendar year as well as the last 2000 hours. These results are then extrapolated to the 

system level model of demand and the impact of load shifting is evaluated in section 7.2. 

Based on the simulation results, the financial feasibility of the evaluated concept is assessed 

in section 7.3. 

7.1 Building Level Results 

At the configuration stage of the controller development, the weights of the multiple objec-

tives within the cost function in the MPC algorithm were evaluated to find the optimal com-

bination that would produce impactful load shifting while maintaining the indoor climate 

conditions as stable as possible. This proved out to be a more complicated task than was 

initially anticipated. As was presented in chapter 6.3.3, the cost function has a total of three 

objectives: minimization of energy costs, minimization of the deviation from zone reference 

temperature and minimization of temperature differential, where each objective is assigned 

a weight (𝑤𝐸 , 𝑤𝑇, 𝑤𝑑𝑇) that reflects the importance of the corresponding objective. The con-

troller proved to be highly sensitive with regards to the combination of these weights. This 

is demonstrated in figure 36, where the optimal control trajectories for a single zone for the 

control horizon of 24 hours are plotted for varying weights for indoor temperature ( 𝑤𝑇). 

The weight for energy costs (𝑤𝐸 ,) is kept at 1 and temperature differential (𝑤𝑑𝑇) at a minimal 

0.001 and therefore only the mutual tradeoff between optimization targets is changed.  

 

 
Figure 36: Sensitivity of the model predictive controller to cost function weights demonstrated for 24 hour 

heating trajectories with varying weights for zone temperature. WT refers to the objective weight (𝑤𝑇)  for 

temperature deviation from reference temperature. 
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As is demonstrated in figure 36, all of the optimal heating trajectories shift heating consump-

tion from the price peak at time 10 to before and after this peak. The magnitude of this shift 

reduces as more emphasis is assigned for maintaining the temperature near the reference 

point. Similarly, the heating consumption is increased during the period of 20-22 hours when 

the price is lower. A weight of 0.4 is used for temperature and weight of 1 for energy costs. 

This combination produces meaningful DR impact and maintains the heating signal rela-

tively stable. The weight for temperature differential had significant impact on the control 

trajectories and even when assigned values greater than 0.1 the effects of DR diminished 

almost completely. Thus an optimal weight of 0.001 was found by empirical trials. Interest-

ingly, the controllers produced varying trajectories when assigned the same weight combi-

nations even though the objectives were scaled to match the specifics of each room. For 

example, rooms with lower heating consumption required much larger weights for the tem-

perature objective. Therefore the weights for temperature varied between 0.4 and 4, while 

the weights  𝑤𝐸 and 𝑤𝑑𝑇 were kept constant. 

 

The control algorithm performed well at achieving its main objective of shifting load ac-

cording energy prices. The performance of the model predictive controller for a single zone 

is presented in figure 37, where the area in red represents the heating load curve of the MPC 

and the dotted line is the price of district heating. A baseline was included in the figure to 

compare the MPC to the heat load curve without demand response control. The zone pre-

sented in the figure is one of the corner rooms in the floor. 

 
Figure 37: Single zone MPC heating load, baseline load and price signal for a 200 hour period in January. 

 

The heating load curve follows the real time price signal with great proximity. The single 

zone controller achieves load reduction of up to 1800 W in the presented timeframe, but 

mostly the load adjustments are of much smaller magnitude. This was to up a degree ex-

pected, as the weights in the cost function were assigned to maintain the reactions to varying 

price signals at a moderate level. The interpretation of these results is somewhat complicated 
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as the heating demand follows the outdoor temperature very closely and thereby solely com-

paring the heat load to a baseline may not be the best representation. For this reason, the 

resulting zone temperature of the same room is plotted against the energy price in figure 38.  

 
Figure 38: Single zone MPC room temperature and price signal for a 200 hour period in January. 

 

The room temperature curve presented in figure 38 follows the inverse function of prices 

with surprisingly high closeness. It is thereby evident that the MPC algorithm performs the 

task of load shifting proficiently. As was expected, the temperature response to price signal 

is stronger when the change in prices is greater. It is also apparent from the figure that the 

controller is able to maintain the temperature fluctuation within a one degree variation, with 

the exception of a few larger drops following the rapid changes in prices. The controller was 

assigned a reference temperature of 20.5°C. 

 

The model predictive controller was then scaled to manage the heating loads of the entire 

building floor which comprises of 15 apartments and a corridor. Only the heating loads of 

apartments were controlled. The simulation results revealed significant differences in con-

troller performance. While most rooms followed the price signal with great proximity, some 

resulted in arbitrary temperature trajectories. This is demonstrated in figure 39, where the 

measured room temperatures are plotted for a 300 hour period in January. For drawing tech-

nical reasons, only half of the rooms are included in the figure.  
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Figure 39: Multiple zone MPC room temperatures for a 300h period in January. 

 

Several conclusions can be made from the results in figure 39. First of all, the temperature 

curves of most rooms follow a similar profile resulting from the price signal and thereby 

proving that the control logic for load shifting is functioning as it is supposed to. The slight 

differences in the magnitude of response towards the price signal are most probably a prod-

uct of the underlying differences within the cost function weights. Although having similar 

temperature profiles, differences arise in the temperature level at which the controller aims 

to maintain despite all having assigned with the same reference temperature of 20.5°C. The 

temperature levels can be corrected by adjusting the reference temperature according to the 

average deviation. However, the main issue in the multi-zone simulations is that some con-

trollers produce strongly oscillating heating signals resulting in rapidly changing room tem-

peratures. The temperature curve of room 7 in figure 39 is a product of the heating signal 

switching from maximum to minimum capacity in a high frequency. Furthermore, the am-

plitude of the oscillation increases gradually. This is most probably explained by poor fit of 

the room models resulting in the controller assigning overly corrective heating signals. This 

issue is addressed in greater detail in the discussion of results in chapter 8. 

 

Although most room controllers functioned as they were supposed to, the imprecise behavior 

of the few room controllers proved to be a problem. The oscillation of individual room tem-

peratures affected the thermally connected neighboring rooms, which consequently caused 

the neighboring rooms to oscillate to some extent as well. The oscillation of neighboring 

zones was not of great magnitude but nevertheless observable. The purpose of the building 

level simulations was to achieve an estimation of the realizable load shifting potential in 

buildings and therefore the oscillation diminishes the meaningfulness of the results. In other 

words, it would be challenging to estimate which portion of the load reduction was due to 

the control signal and which portion was caused by the unsteady temperature of the neigh-

boring room. As the control algorithm had proven to function for most zones, the heaters in 

the unreliable zones were changed with ideal temperature sources as described in chapter 
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6.3.1 and controlled by sending a temperature signal. This temperature signal was from the 

simulation results of the functioning zones. This methodology is justifiable as the optimal 

room temperature trajectories should ideally be the very similar for all zones.  

 

The previously mentioned changes were made to the simulation model and the uncontrolled 

oscillation diminished almost entirely. The multiple zone simulation results are presented in 

figure 40. The control algorithm functions as it is supposed to and shifts loads to financially 

preferable periods of time, where each price peak is preceded by a charging period when the 

room temperature is increased, following a rapid reduction in heat load and a second peak 

after the price peak where the room temperature is returned to the reference temperature. It 

is apparent that the shape of the price signal affects the response in heating load quite 

strongly. Such intensive heating may in fact be the optimal method of charging as energy 

losses are minimized when the charging period occurs right before the price peak. On the 

other hand, if all buildings in a considerable sample size acted similarly, such preheating 

method could generate peaks to the system load and potentially diminish the purpose of load 

shifting in the first place. A more steady preheating method could be ideal, where preheating 

is initiated a few hours before the price peak. Consequently, energy losses would increase 

slightly. A regulation term could be included in the cost function to limit the rate of change 

of heating. On the other hand this contradicts with the idea of load shifting and the purpose 

of the study and therefore no such regulatory term was included.  

 

 
Figure 40: All 15 rooms in a building floor MPC vs Baseline for a period of 200 hours in February. 

 

Despite the model predictive controller acting strongly on the price signal, the room temper-

atures were maintained at comfortable levels. A reference temperature of 20.5 °C was set for 

the controller and deviation from this set point was penalized in the cost function. The his-

togram in figure 41 shows that the room temperatures were maintained 50% of the time 

within a 0.5 °C deviation from the reference temperature and nearly 90% of the time within 

a 1°C deviation.  
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Figure 41: Histogram of recorded room temperatures for the 3000h simulation period. 

 

The model predictive controller achieved the following results when simulated for the heat-

ing season. First of all, energy consumption reduced by 2.1 %, which is most probably 

caused by the slight reduction in room temperatures when compared to the baseline. The 

average temperature for the MPC simulation was 0.43 °C lower than in the baseline scenario. 

While energy consumption reduced by 2.1 %, the energy costs declined by 7.3 % due to 

shifting of consumption to financially preferable times. It should be noted that the aforemen-

tioned decline in energy costs includes the reduction in energy consumption. The most im-

portant result is that energy consumption during peak price periods reduced on average by 

47% and consequently peak load was reduced by 47% during these periods.  

 

The previous results were gained from the simulations of an entire floor in a residential 

building comprising of 15 apartments. Based on empirical observations, a typical residential 

apartment building comprises of on average 5 floors. The results of the single floor simula-

tions were scaled to a building level and a comparison of the model predictive controller to 

the baseline is presented in table 8. 

 
Table 8: The heating energy consumption and costs for MPC and baseline for a 5 story apartment building.  

Month 
MPC BASELINE 

MWh € MWh € 

January 82 4836 85 5137 

February 63 3551 67 3815 

March 78 4156 79 4332 

April 42 1714 41 1797 

May 10 309 12 383 

June - - - - 

July - - - - 

August - - - - 

September - - - - 

October 33 978 30 1077 

November 41 1725 39 1863 

December 61 3258 63 3553 

Total 410 20527 416 21956 
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The annual savings in energy costs for a 5 story residential building amount to 1430 € and a 

6 MWh decline in energy consumption. It should be noted that the results above include only 

space heating and thereby the total consumption and costs are in reality greater when includ-

ing domestic hot water. On the other hand, the consumption of DHW is not affected by 

demand response and thereby makes no difference to the results in regards to savings. Inter-

estingly, corner rooms of the building amounted to 55% of energy consumption and the 

remaining rooms in the middle of the building with only one external wall to 45% of this 

share. This share was not affected by the MPC control as both simulations yielded similar 

results. This result is important from the perspective that it would seem reasonable to include 

only the rooms that contribute most to the total energy consumption within the DR control 

scheme. 

7.2 System Level Results 

The system level impact of the simulated demand response concept was evaluated by using 

the model for system demand as presented in chapter 6.1. The model was constructed using 

a bottom-up approach where the inputs at the lowest hierarchical level i.e. the building level, 

are given as hourly specific heating energy consumptions (kWh/m3,h). These specific con-

sumptions are then multiplied by the corresponding shares of building volume of Fortum 

customers and by the weight parameters for the building clusters. Demand response was 

simulated by adding a new cluster of buildings to the model that represented the residential 

buildings participating in the DR program. This share of customers was assigned the hourly 

specific heating energy consumptions from the building simulations of the MPC controller. 

The total building volume in the model was kept unchained as well as their corresponding 

shares. Only the portion 𝜃 of the residential customers that participated in the program was 

altered and the resulting (1- 𝜃) share of residential buildings used the baseline consumption 

profile, which is the consumption profile without demand response. 

 

The system impact of the proposed demand response concept is presented in figure 42, where 

the different curves represent the load profiles resulting from varying degrees of customer 

participation to the DR program. A total of five scenarios of customer participation ranging 

from 10% to 50% was evaluated. The baseline scenario with no demand response program 

was included to make comparisons possible. It is important to understand that the share of 

DR participation refers only to the share of DR participation within the residential customer 

segment. The figure shows how the system demand reacts to the price signal. This is most 

apparent in the periods of peak prices, where the demand response curves deviate the most 

from the baseline. The impact of charging is noticeable around the 30 hour mark, where 

buildings attempt to utilize the inexpensive heating energy. On the other hand, this is right 

after a price peak and hence the buildings are returning the temperatures back to the reference 

level. 



76 

 

 
Figure 42: System level impact of demand response for varying shares of customer participation within the 

program. The timeframe is for one week in January. 

 

Figure 43 shows the system level impact of demand response for a one week period in Feb-

ruary. This timeframe includes more rapid price changes and therefore the responses in de-

mand are more noticeable. On the basis of visual assessment, the demand response potential 

ranges up to approximately 50 MW for the largest share of customer involvement. As was 

expected, the demand response potential grows incrementally as the share of customer in-

volvement increases. 

 
Figure 43: System level impact of demand response for varying shares of customer participation within the 

program. The timeframe is for one week in February. 
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Interestingly the peak demand was not affected by much. This is due to the peak in system 

demand and price peak not occurring necessary simultaneously. The control algorithm shifts 

loads solely on the basis of the price signal and therefore does not acknowledge the system 

load. Electricity costs are predominantly derived by demand and typically the peak prices 

occur simultaneously with heating consumption peaks. Therefore CHP production is typi-

cally the most affordable during morning peaks. Furthermore, CHP production contributes 

to a large share of the DH production capacity in the studied DHS of Espoo and is therefore 

often also the marginal production unit, explaining the shifting of loads to such periods.  

 

The load shifting potential for different scenarios of customer participation to the DR pro-

gram are presented in table 9. The load shifting potential has been calculated as the average 

deviation from the baseline scenario during hours of peak prices. As the previous figures 

have shown, this load is shifted to before and after the price peak. The percentage of load 

reduction is another common indicator of demand response potential. This metric is perhaps 

more meaningful as it indicates the impact of demand response relative to the level of system 

demand. The metric has been calculated as the percentage of the deviation from the baseline. 

Similarly to DR potential, only demand responses during peak prices were included in the 

calculation and the percentage in an average of all relative load reductions during these peak 

price hours.  

 
Table 9: Demand response potential of the residential building customer segment. 

Scenario 
Average 

DR potential 
MW 

Average 
DR potential 

% 

Baseline 0 0 % 

DR 10% 11 3 % 

DR 20% 22 5 % 

DR 30% 33 8 % 

DR 40% 45 10 % 

DR 50% 56 13 % 

 

These results are in line with previous studies, where system level results ranging from 7.5% 

- 20% reductions in peak energy consumption have been reported (chapter 4.4). However, 

the results of previous studies are considered at most indicative, as the underlying assump-

tions vary greatly for instance in regards to the share of customer participation. Nevertheless, 

the results obtained in this study are well within the range of previous results and from this 

perspective can be considered reasonable. If all Fortum customer segments were included in 

the DR program and assuming a 50% customer participation, the total demand response po-

tential is probably somewhere within the range of 100 MW, which corresponds to 20-25% 

peak reduction. This would still be within the upper range of reported potential in previous 

studies.  

 

The costs savings resulting from the proposed demand response concept are shown in table 

10. The calculation of cost savings was carried with a simplified method of using marginal 

costs. In other words, all production costs for a given point in time were based on the mar-

ginal technology of the time. This simplified method is justifiable as the load reductions 

were well within the range of most production units (10-50 MW). The table includes two 

metrics for cost savings. The first metric indicates the total reduction in energy production 

costs. As the demand response concept resulted in reduced energy consumption, the first 
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metric includes thus cost saving from reduced energy production as well as the cost savings 

arising from shifting of consumption. It was therefore found practical to include a metric 

that solely specifies the cost savings resulting from the shifting of peak price energy con-

sumption. This was calculated by subtracting the decline of revenues caused by reduced 

energy sales from the total cost savings.  

 
Table 10: Realizable cost savings from the evaluated demand response concept. 

Scenario 
Energy  
sales  
GWh 

Difference to 
baseline 

GWh 

Cost  
savings 

M€ 

Reduced  
energy sales 

M€ 

Cost savings from  
load shifting 

M€ 

Baseline 2076 0 0 0,0 0,0 

DR 10% 2067 -9 0,7 -0,5 0,2 

DR 20% 2058 -18 1,4 -0,9 0,4 

DR 30% 2049 -28 2,0 -1,4 0,7 

DR 40% 2040 -37 2,7 -1,8 0,9 

DR 50% 2030 -46 3,4 -2,3 1,1 

 

It is acknowledged that the method used for estimation of the cost savings is fairly simplified. 

On the other hand, the model for marginal cost calculation was also simplified and therefore 

no significant insight would be achieved from using more sophisticated estimation methods. 

This is addressed further in the discussion of results in chapter 8. 

7.3 Financial Feasibility of DR in Espoo DH System 

The financial feasibility of the simulated technical concept for DR is evaluated in this section 

based on the results from the empirical study. Profitability is estimated by weighting the 

investment costs to the realizable cost savings. 

 

The first task is to estimate the investment costs for the concept. Actuating demand response 

by cloud connected TRVs requires renewal of the radiator valves and thermostats, a connec-

tion device as well as temperature sensors. According to a source in Granlund Oy (Hursti 

2017), the cost of the concept is somewhere between 55- 90 € per radiator. The costs of 

TRVs depend on the product quality ranging from 20 € up to 50 €. Product quality in this 

context refers to the thermostats ability to send precise control signals to the valves. A so-

phisticated control scheme may require more precise thermostats than on average. The signal 

transmitter that enables data transfer adds an additional 10 € to this cost. Room specific 

temperature measurements are required and the cost of a single sensor is approximately 20€. 

In addition, a 5-10 € installation cost is estimated for each thermostat. For the purposes of 

this study, a cost of 75 € is assumed for one IoT thermostat. The number of radiators within 

a typical apartment ranges from 1 to 4 depending on the apartment size. An estimation of 

2.5 radiators per apartment is used. The simulated building comprises of 5 floors, each floor 

having 15 apartments. Therefore the investment costs for including one apartment building 

to the demand response program is approximately 14 000 €.  

 

To place the investments into context, the building level investment costs are extrapolated 

to the system level. The aggregated investment costs for various degrees of customer partic-

ipation are presented in table 11. The simulation result showed that the corner rooms in 

building amount to a 55 % share of the building total space heating consumption. This result 
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is interesting as it would seem financially beneficial to only include the apartments that con-

tribute the most to the total energy consumption and therefore have the most DR potential. 

Therefore a second column is included in the table that represents the realizable DR potential 

and corresponding investment costs by only targeting customers with high energy consump-

tion. Targeted customers in this context refers the inclusion of only corner rooms of a build-

ing. As was stated in chapter 7.2, the different scenarios represent the share of participation 

within the residential customer segment only. 

 
Table 11: Investment costs for proposed DR concept for various degrees of customer participation. 

Scenario 

All customers Targeted customers 

Average 
DR potential 

Investment 
Average 

DR potential 
Investment 

MW M€ MW M€ 

Baseline 0 0,0 0 0,0 

DR 10% 11 2,6 6 0,7 

DR 20% 22 5,3 12 1,4 

DR 30% 33 7,9 18 2,1 

DR 40% 45 10,5 25 2,8 

DR 50% 56 13,2 31 3,5 

 

It was established in the results of the empirical study that the annual cost savings resulting 

from one 5 story residential building participating in the DR program is approximately 1430 

€. However, this value accounts for the 2 % reduction in energy consumption as well. The 

purpose of the evaluated DR concept was to adjust the timing of consumption and not reduce 

energy consumption. Therefore a corrected value of approximately 1050€ is used for profit-

ability estimation that accounts solely the contribution of load shifting to reduced variable 

production costs. Using a simple payback time calculation with an expected rate of return of 

4%, the investment reaches profitability in approximately 16 years. The payback time re-

duces to about 7 years by targeting the customers with most DR potential. 

 

The results thus far have only considered savings in variable production costs and therefore 

short term profitability. The payback times solely focusing on short term profitability are 

moderate and therefore it would seem reasonable to consider the investment in the long term 

as well. The most significant cost saving potential in demand response is in reducing capital 

expenditure of peak production units in the long term. The simulations showed that by ag-

gregating individual load reductions, a virtual power plant is capable of achieving 10-55 

MW load reductions. 

 

The specific investment costs for various heat only DH production technologies are pre-

sented in table 12. The specific investment costs for the proposed VPP concept are included 

in the table for comparison and have been calculated based on the results in table 11. This 

benchmarking shows that the investment costs of VPP are in fact favorable when compared 

to most alternative technologies. Furthermore, as VPP ideally reduces peak energy consump-

tion it is also a clean alternative. The costs presented in the table include only the required 

investment. Virtual power plants are even more favorable if considering the full cost struc-

ture including O&M and fuel cost for example.  
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Table 12: Specific investment costs for varying heat only production technologies including virtual power 

plants. (Investment data for heat only technologies from Nielsen & Möller 2013) 

Heat only technology 
Specific Investment 

M€ /MW 

Electric boilers (10-20 MW) 0,06 

Electric boilers (3-10 MW) 0,08 

Gas boiler 0,09 

Virtual Power Plant – targeted customers 0,11 

Electric boilers (1-3 MW) 0,14 

Wood pellet boiler 0,17 

Wood Chip boiler 0,21 

Virtual Power Plant 0,24 

Straw boiler 0,26 

Heat pumps (absorption) 0,45 

Heat pumps (compression) 0,65 

Waste-to-energy 1,10 

Geothermal 1,80 

 

The previous calculations assume that the energy company claims all the savings and the 

end user is not monetarily compensated. However, the hypothesis for demand response is 

that engaging in such activity should benefit both the energy company and the customer. The 

results of this thesis show that the monetary benefits from DR are of relatively small magni-

tude when considering only short term cost savings. Thus there is not much financial benefits 

to be allocated in the first place. Scalability is of essence in DR programs as system level 

benefits are only achieved with significant degrees of customer participation. Therefore the 

benefits for a customer engaging in a DR program should be clear and carefully planned. 

What if the value proposition for the customer was elsewhere than in monetary savings? For 

example, if renewal of old thermostats and the inclusion of proper temperature sensors would 

improve the thermal conditions of the building. Furthermore, if the installation of TRVs also 

included balancing of the radiator network, this could result in energy savings and thereby 

cost savings as well. Demand response could also be enhanced by informing the customer 

of the system benefits and emphasizing the environmental values. 

 

A final point to consider is the intangible benefits for the energy company gained from de-

mand response programs. Essentially these benefits would arise from the strengthening of 

the customer relationship to the energy company. For example, what if the thermostats of 

the proposed concept were branded as say “Fortum” thermostats. This would shift the posi-

tion of the energy company form solely being the energy provider, to a provider of indoor 

thermal comfort. Thus adding the perceived value of the commodity. This could have impact 

on strengthening the brand value and improve market position when compared to alternative 

heating technologies. In the end, district heating is only a commodity used to achieve com-

fortable indoor living conditions. 

 

To conclude, the business case for the demand response comes down to the question of val-

uing flexibility. If only short term profitability is considered, demand response is at best a 

moderately profitable investment. However, it was shown that short term profitability can 

be significantly improved by targeting the customers with the most DR potential. Demand 

response can be considered a good investment in the long term when capacity adjustment 
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are considered. It was shown that the specific investment costs of a virtual power plant are 

favorable compared to most alternative heating technologies. 
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8 Discussion of Results 
The results of the empirical study are discussed in this chapter including addressing of the 

key performance issues of the MPC algorithm, an evaluation of the validity of the results 

and identification of possible areas of improvement for future research. 

 

The simulated model predictive controller performed well in terms of load shifting. Energy 

consumption during periods of peak prices was reduced by 47 % resulting in a decline of 7 

% in energy costs. This peak reduction was achieved by preheating the building and recharg-

ing after the price peak. Furthermore, the simulated room temperatures followed the energy 

cost signal with great proximity. Hence it was demonstrated that the MPC approach is well 

applicable for the purpose of load shifting.  

 

The main issue with the MPC algorithm was in the uncontrolled oscillation of heating signals 

in several rooms. The first and most probable source of error is in the models that the algo-

rithm uses to compute the optimal heating trajectories. Although not predefined to do so, the 

learning algorithm found to emphasize the information of the current state of the room in 

relation to information from previous time steps. This makes sense as obviously the state of 

the room for example 6 hours ago is of much less importance compared to the most recent 

state. However, the problem may rely in the magnitude of emphasis that the model gives for 

the time wise attributes of variables and hence resulting in over corrective control actions. 

A time step of 1 hour was used in the study to maintain simulation times at a moderate level. 

Usage of a smaller time step of for example 10 minutes could reduce the variance in control 

signals and therefore produce smoother heating trajectories. 

 

An alternative conclusion is that the gray-box models did not simply inherent the thermal 

dynamics of zones with sufficient accuracy. A decision was made to neglect the heat flows 

from neighboring zones from the room models. This decision was supported by the hypoth-

esis that all rooms would ideally act similarly to the DR signal and therefore have the same 

temperature at all times. Thereby the temperature difference between thermally coupled 

rooms would equal zero and thus no heat fluxes would occur between them. As the simula-

tions proved, this was not the case as the room temperatures varied noticeably resulting in 

unaccounted disturbance and therefore proving that the heat fluxes of neighboring zones 

should be incorporated into the models. Such an approach has been demonstrated in the 

study by Blum et al. (2016), where multi zone inverse comprehensive room transfer func-

tions (miCRTF) were used. It is recommended that such a model structure is used in any 

future developments of the presented algorithm.  

 

The controller performance in regards to thermal comfort was modest. The simulation results 

showed that the room temperatures stayed within a 1 °C deviation from the reference tem-

perature for 90% of the time. However, the issue was in the rate of change as temperature 

changes were occasionally quite intense. This rate of change can be regulated with the tem-

perature differential penalty term, which was in this study purposely kept minimal. Another 

issue with the cost function is that the zone temperature was kept below the reference tem-

perature more often than above, which caused the energy consumption to decline by 2 %. 

This is due to the optimization function finding it more optimal to deviate below the refer-

ence temperature and use less energy than to use more energy and keep the temperature at 

the reference level.  
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In addition to the aforementioned issues, the controller proved to be highly sensitive to the 

cost function. On the other hand, this can be perceived as a positive result as it essentially 

means that the user can have a great impact on how strongly the controller reacts to price 

signals depending on how the user perceives the tradeoff between comfort and energy costs. 

However, the compilation of cost functions involved much manual tuning of parameters 

which is not ideal from the perspective of scalability. It could be also argued that the optimal 

heating trajectory was too intensive in regards to charging. Instead of producing a gradually 

inclining heating trajectory for charging, the algorithm found the optimal period of charging 

to be right before and after the price peak. This may be the cost optimal heating trajectory as 

excessive heat losses are minimized by doing so. However, such intensive peaks in heating 

consumption are not ideal for the heating equipment. Therefore a regulatory term could be 

included in the cost function that penalizes for intensive changes of heating consumption 

and thereby producing prolonged charging periods. It is uncertain whether the produced 

heating control signals are realizable in practice, or are the changes in heating equipment 

restricted to much slower movements. Due to the short charging period, it could be ques-

tioned whether the developed algorithm was more of a price reactive controller than a pre-

dictive controller.  

 

The developed control algorithm was simulated under the assumption of perfect prediction 

accuracy with regards to weather and internal disturbances. The algorithm structure would 

allow inclusion of a disturbance model and for example ANN methods could be used for 

compiling such a model. Examples of such attempts can be found in studies such as Yang & 

Kim (2003). This would result in a class of stochastic MPC, where the optimal control tra-

jectories are compiled under uncertainty of predicted outcomes.  

 

The model in Simscape was validated by comparing the results to IDA ICE and proved to 

be accurate during the heating season. This validated model was then used as a test platform 

for simulating the MPC controller. However, the presented results for the controller were 

not validated in IDA ICE and should therefore be interpreted moderately. On the other hand, 

the model had proven to function similarly to IDA ICE and therefore the results should stand 

valid. Furthermore, the achieved results were found to be in line with the reviewed previous 

research in the field of demand response for district heating. 

 

The purpose of the marginal cost calculation was to produce a realistic price signal for the 

model predictive controller, which the model achieved. Only the relative price differences 

were of importance and not the absolute cost level. The main limitation of the model is in 

the planning horizon of the optimization task. Though the optimization formulation is valid, 

the usage of a one hour for the planning period for optimization is unrealistic. In practice, 

power production is planned for much longer horizons ranging up to several weeks. Ramp-

up times of large production units to reach full capacity may range from several hours up to 

even days. Therefore capacity that has fast ramp up times is required to provide flexibility 

on the production side. As the planning horizon used in the marginal cost model was only 

one hour and the optimization did not acknowledge ramp-up times or minimum uptime con-

straints, the production plan that minimized production costs rarely included smaller units. 

This is also why the cost savings potential presented in the system level results used only the 

marginal costs for estimation, as the results are realistic only for the relative difference in 

production costs. It would be interesting to evaluate the financial feasibility of the simulated 

concept by using a commercial energy system simulation program that portrays the costs of 

energy production more precisely and therefore providing a better foundation for analysis.  
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9 Summary  
The purpose of this thesis was to develop a technical concept for load shifting in the district 

heating network in Espoo and to evaluate its potential by simulations. A model predictive 

control approach was used to manage load shifting at a building level and machine learning 

was applied to develop a scalable data-driven solution. 

 

The most feasible technology for load shifting in buildings was found to be the radiator 

network. Adjustment of thermostat set points was found to be the control strategy that 

achieves the full range of load shifting potential. The argument for radiator network is sup-

ported by the system load decomposition which clearly showed that the radiator network 

contributes to the most significant share of district heating end use and thus inherits the most 

load shifting potential. The load decomposition also showed that the morning peaks in sys-

tem demand are mainly caused by the scheduling of air handling units from nigh time set-

back. 

 

Scalability is a key success factor for demand response. This thesis shows that meaningful 

impact on system load is only achieved when there is a significant degree of customer par-

ticipation. Therefore the technical solution for demand response should be easily reproduced 

for varying types of buildings. The concept of adjusting thermostats is proposed as it is great 

in terms of scalability due to it requiring no renewal of the building automation system. The 

thermostats could be connected to a cloud server, which entails the main intelligence and 

computing capacity. This technical concept was evaluated in the study. 

 

The secondary objective of this thesis was to create an intelligent control algorithm that ac-

tuates demand response at a building level. A model predictive control algorithm was devel-

oped and it was demonstrated that the algorithm is well suited for the task of managing 

demand response control. The algorithm uses a model of the building thermal dynamics to 

compute the cost optimal heating trajectory based on the weather forecast and price signal 

while maintaining acceptable indoor climate conditions. The price signal is received from 

the energy company and follows the marginal production costs of district heating. The con-

troller aims at shifting consumption to financially preferable times hence actuating demand 

response. Machine learning was applied in the compilation of the numerical models of build-

ing thermal dynamics. It was found that gray-box models are better suited for the task com-

pared to black-box models. 

 

The model predictive controller achieved the following results when simulated in a residen-

tial building comprising of 15 apartments. First of all, heating energy consumption was re-

duced by 2.1 %. This reduction was caused by the slight decrease in room temperatures when 

compared to the baseline. Secondly, energy costs declined by 7.3 % due to the shifting of 

consumption to financially preferable times. The most important result is that energy con-

sumption during peak price periods reduced on average by 47% and consequently peak load 

was reduced by 47% during these periods. Indoor temperatures remained 90% of the time 

within a 1°C deviation of the reference temperature. 

 

The primary objective of the study was to evaluate the load shifting potential in the Espoo 

district heating network. For this purpose, a system demand model was developed using a 

bottom-up approach where the inputs at the lowest hierarchical level i.e. the building level, 

are given as hourly specific heating energy consumptions (kWh/m3,h). These specific con-

sumptions are then multiplied by the corresponding shares of building volume of customers. 



85 

 

Demand response was simulated by adding a new cluster of buildings to the model that rep-

resented the residential buildings participating in the DR program. This share of customers 

was assigned the hourly specific heating energy consumptions from the building simulations 

of the MPC controller. 

 

A total of five scenarios were modelled where the degree of customer participation in the 

demand response program within the residential building segment varied from 10 to 50%.  

The results showed that an 11-56 MW average load reduction is achievable solely from the 

residential customer segment of the Espoo district heating system. This load shifting poten-

tial is even greater if all customer segments are considered. 

 

Finally, the financial feasibility of the proposed technical concept for demand response was 

evaluated.  If only short term profitability is considered, demand response is at best a mod-

erately profitable investment. Realizable cost savings from reduced variable production costs 

were estimated to range from 0.1 to 1.1 M€. The investment would achieve profitability in 

approximately 17 years. This is a conservative estimation where a simplified method of us-

ing only marginal costs was used. In practice, the cost saving potential could be greater if 

the full cost structure is considered. It was also shown that short term profitability can be 

improved by targeting only customers with the most demand response potential, reducing 

the payback time to 7 years. Demand response can be considered a good investment in the 

long term when capacity adjustment are considered. It was shown that the specific invest-

ment costs of the concept are favorable compared to most alternative district heating pro-

duction technologies. 
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Appendix 1. Input data used in IDA ICE building energy 
simulation models 
 

The input data used in the IDA ICE energy simulations models are presented in this appendix. 
All parameters are the same as in the study by Sihvonen (2017). 

Table 1: Ventilation parameters for office building. 

Attribute  Single AHU serving the entire building 

Air flow rate (supply/exhaust) [dm3/s,m2]  2,0 / 2,0 

SFP [kW/m3s]  2,5 

Operation schedule  weekdays 06:00‐19:00, otherwise 0,15 dm3/s,m2 

Supply air temperature  constant 17° C + 1 °C increase in supply air fan 

Heating/cooling coil efficiency  1,0 

Heat recovery efficiency  45 % 

Heat recovery operation  always on 

 

Table 2: Ventilation parameters for residential building. 

Attribute  AHU for apartments  AHU for general spaces 

Air flow rate (supply/exhaust) [dm3/s,m2]  0,0 / 0,5  0,0 / 0,417 

SFP [kW/m3s]  1  1 

Operation schedule  24/7  24/7 

Supply air temperature  no supply air  no supply air 

Heating/cooling coil efficiency  no heating or cooling  no heating or cooling 

Heat recovery efficiency  no heat recovery  no heat recovery 

Heat recovery operation  no heat recovery  no heat recovery 

 

Table 3: Ventilation parameters for educational building. 

Attribute  AHU for classrooms  AHU for general spaces  AHU for the gym 

Air flow rate 
(supply/exhaust) [dm3/s,m2] 

classrooms 3,0/3,0 
office 2,0/2,0 

 Hallway and other general spaces 
3,0/3,0 

Bathrooms 0,5/0,5 
2,0/2,0 

SFP [kW/m3s]  2,5  2,5  2,5 

Operation schedule 
weekdays 07:00‐17:00 
otherwise 0,15 dm3/s 

weekdays 07:00‐17:00 
otherwise 0,15 dm3/s 

weekdays and weekends 
07:00‐23:00 

otherwise 0,15 dm3/s 

Supply air temperature  Constant 17 °C + 1 °C  Constant 17 °C + 1 °C  Constant 16 °C + 1 °C 

Heating/cooling coil 
efficiency 

1,0 / no cooling  1,0 / no cooling  1,0 / no cooling 

Heat recovery efficiency  45 %  45 %  45 % 

Heat recovery operation  always on  always on  always on 
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Table 4: Heating and cooling set points 

Model   Heating set point  Cooling set point 

Office building  +21 °C  +25 °C 

Residential building, apartments  +21 °C  no cooling 

Residential building, general spaces  +17 °C  no cooling 

Educational building, gym  +18 °C  no cooling 

Educational building, rest of building  +21 °C  no cooling 

 

Table 5: Heating substation capacities and information. 

Attribute  Office building  Residential building  Educational building 

Plant capacity (excluding DHW)  103 KW  50 kW  180 kW 

Plant efficiency  0,97  0,97  0,97 

Heat distribution losses  10 %  10 %  10 % 

DHW temperature  55 °C  55 °C  55 °C 

DHW consumption  103 l/m2 per year  600 l/m2 per year  188 l/m2 per year 

DHW losses (50% to zones)  0,2 W/m2 floor area  0,43 W/m2 floor area  0,2 W/m2 floor area 

 

Table 6: Internal heat gains used for office building model. 

Office building  Heat gain  Time schedule 

Occupants, all spaces  0,067 persons per m2  0,65; 07:00‐18:00 

Lighting, all spaces  10 W/m2  0,65; 07:00‐18:00 

User equipment, all spaces  12 W/m2  0,65; 07:00‐18:00 

 

Table 7: Internal heat gains for residential building model. 

Residential building  Heat gain  Time schedule 

Occupants, apartments  0,04 persons per m2  0,6: 24/7 

Occupants, general spaces  ‐  0,6: 24/7 

Lighting, all spaces  11 W/m2  0,1: 24/7 

User equipment, all spaces  4 W/m2  0,6: 24/7 
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Table 8: Internal heat gains for educational building. 

Educational building  Heat gain  Time schedule 

Occupants, classrooms  0,01867 persons per m2  0,6; 08:00‐16:00 

Occupants, office  0,00667 persons per m2  0,65; 07:00‐18:00 

Occupants, gym  0,00667 persons per m2  0,5; 08:00‐22:00 

Occupants, general spaces 
0 persons per m2 in bathrooms 
0,1867 persons per m2 in rest 

Dining hall: 0,05; 08:00‐10:00 
and 13:00‐16:00 + 0,8; 10:00‐
13:00 rest: 0,05: 08:00‐16:00 

Lighting, classrooms  18 W/m2  0,6; 08:00‐16:00 

Lighting, office  12 W/m2  0,65; 07:00‐18:00 

Lighting, gym  12 W/m2  0,5; 08:00‐22:00 

Lighting, general spaces  18 W/m2  0,6; 08:00‐16:00 

User equipment, classrooms  8 W/m2  0,6; 08:00‐16:00 

User equipment, office  12 W/m2  0,65; 07:00‐18:00 

User equipment, gym  0 W/m2  0,5; 08:00‐22:00 

User equipment, general spaces 
bathrooms: 0 W/m2  

rest: 8 W/m2 
0,6; 08:00‐16:00 
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Appendix 2. Input data for calculation of marginal costs 
The input data used for calculation of marginal costs are presented in this appendix. Fuel prices 
were retrieved from Statistics Finland (2017) and are for the calendar year 2016 with a monthly 
resolution. The fuel prices are presented in tables 1 and 2. Electricity spot process are for the 
calendar year 2016 and are of the time resolution of 1 hour (Nord Pool 2017). Fuel taxes were 
estimated on the basis of Tax Administration (2017) and Motiva (2010). Operational and 
maintenance costs as well as costs of energy allowances were estimated based on previous 
studies. 

Table 1: Fuel prices, tax and other costs for coal, natural gas and light fuel oil. 

 Coal  Natural gas  Light fuel oil 

Month 
Fuel price 
€/MWh 

Tax 
€/MWh 

OM+EA 
€/MWh 

Fuel price 
€/MWh   

Tax 
€/MWh    

OM+EA 
€/MWh   

Fuel price 
€/MWh    

Tax 
€/MWh 

OM+EA 
€/MWh 

1  8,0  25,2  7,0  21,7  17,4  4,0  65,0  21,4  5,0 

2  6,7  25,2  7,0  20,5  17,4  4,0  64,1  21,4  5,0 

3  6,2  25,2  7,0  19,8  17,4  4,0  72,8  21,4  5,0 

4  6,8  25,2  7,0  19,3  17,4  4,0  72,9  21,4  5,0 

5  6,8  25,2  7,0  22,0  17,4  4,0  75,9  21,4  5,0 

6  7,1  25,2  7,0  21,9  17,4  4,0  81,2  21,4  5,0 

7  7,6  25,2  7,0  22,2  17,4  4,0  76,4  21,4  5,0 

8  8,2  25,2  7,0  22,7  17,4  4,0  75,9  21,4  5,0 

9  8,5  25,2  7,0  23,2  17,4  4,0  77,4  21,4  5,0 

10  9,6  25,2  7,0  23,8  17,4  4,0  83,1  21,4  5,0 

11  10,9  25,2  7,0  24,6  17,4  4,0  78,7  21,4  5,0 

12  11,9  25,2  7,0  25,3  17,4  4,0  88,0  21,4  5,0 

 

Table 2: Fuel price, tax and other costs for wood pellet and electricity (heat pumps). 

 Wood pellet  Electricity 

Month 
Fuel price 
€/MWh 

Tax 
€/MWh 

OM+EA 
€/MWh 

Fuel price 
€/MWh 

Tax 
€/MWh 

Distribution 
€/MWh 

1  58,0  0,0  5,0  37,8  7,0  21,0 

2  58,0  0,0  5,0  26,1  7,0  21,0 

3  58,0  0,0  5,0  27,1  7,0  21,0 

4  57,0  0,0  5,0  27,3  7,0  21,0 

5  57,0  0,0  5,0  28,1  7,0  21,0 

6  57,0  0,0  5,0  35,4  7,0  21,0 

7  57,0  0,0  5,0  31,0  7,0  21,0 

8  57,0  0,0  5,0  31,4  7,0  21,0 

9  57,0  0,0  5,0  32,5  7,0  21,0 

10  57,0  0,0  5,0  37,5  7,0  21,0 

11  57,0  0,0  5,0  41,0  7,0  21,0 

12  57,0  0,0  5,0  34,0  7,0  21,0 
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The heat to power ratios for CHP units referred in the variable cost formulation in equation 5.  

Table 3: Heat to power ratios of CHP units. 

CHP‐plant  H  P  (H+P)/H  P/H 

Suomenoja 2 CHP  213  234  2,10  1,10 

Suomenoja 1 CHP  162  75  1,46  0,46 

Suomenoja 6 CHP  80  49  1,61  0,61 

 

Fuel types, efficiencies and capacity constraints for production units in the modelled DH system. 

Table 4: Production units in the modelled DH system including fuel types and efficiencies. 

Production unit  Type  Heat (MW)  Power (MW)  Fuel efficiency  Main fuel 

Suomenoja 2 CHP  CHP power plant  213  234  0,9  Natural gas 

Suomenoja 1 CHP  CHP power plant  162  75  0,9  Coal 

Tapiola  Heat‐only boiler  160  ‐  0,85  Natural gas 

Suomenoja 1  Heat‐only boiler  160  ‐  0,85  Coal 

Kivenlahti  Heat‐only boiler  130  ‐  0,85  Wood pellet 

Otaniemi  Heat‐only boiler  120  ‐  0,85  Natural gas 

Vermo  Heat‐only boiler  90  ‐  0,85  Natural gas 

Vermo  Heat‐only boiler  80  ‐  0,85  Natural gas 

Kaupunginkallio  Heat‐only boiler  80  ‐  0,85  Light fuel oil 

Suomenoja 6 CHP  CHP power plant  80  49  0,9  Natural gas 

Suomenoja 3  Heat‐only boiler  70  ‐  0,85  Coal 

Suomenoja 4  Heat pumps  40  ‐  3,6  Electricity 

Suomenoja 7  Heat‐only boiler  35  ‐  0,85  Natural gas 

Kirkkonummi  Heat‐only boiler  31  ‐  0,85  Natural gas 

Juvanmalmi  Heat‐only boiler  15  ‐  0,85  Natural gas 

Kalajärvi  Heat‐only boiler  5  ‐  0,85  Light fuel oil 

Masala  Heat‐only boiler  5  ‐  0,85  Natural gas 
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Appendix 3. Model parameters for Simscape thermal model 
of residential building 
 

The parameters used in the Simscape thermal model of the residential building are presented 
in this appendix. The thermal coefficients of materials are assigned for the blocks in the 
Simscape thermal library. 

Table 1: Thermal characteristics of model structures. 

Layer  Description 
Conductivity 
[W/mK] 

Density 
[kg/m3] 

Specific heat 
[J/kgK] 

Convective radiation 
(W/m2K) 

External wall 
U‐value: 0,28 W/m2K 

0.100m concrete  2,000  2400  1000  20 

0.148m insulation  0,045  50  1030  ‐ 

0.100m concrete  2,000  2400  1000  7 

Internal wall 

0.013m  plaster  0,210  700  1000  20 

0.070m air gap  0,390  1  1006  ‐ 

0.013m plaster  0,210  700  1000  20 

Internal floor/ceiling 

0.020m light concrete  0,135  500  1000  20 

0.150m concrete  2,000  2400  1000  20 

Windows  
U‐value: 2,1 W/m2K 

0.400m glass  1,065  ‐  ‐  20 

 


