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Abstract 

This thesis deals with the subject of energy system optimization models.
Energy systems in this context are the connected networks of energy 
sources, energy conversion, transport and storage technologies, and 
various energy end users in different sectors of society. Energy in 
different forms such as heat, electricity or fuels is at the core of many 
functions in human societies, enabling activities such as cooking, 
manufacturing and global logistics. At the same time, detrimental 
environmental impacts of such energy use have been recognized, with
the burning of fossil fuels accounting for a large part of anthropogenic
climate change. Reducing impacts of energy systems while at the same
time providing energy services to a growing global population means
that energy systems must undergo transformation to more sustainable
technologies and structures. 

Energy system optimization models can be used to plan both operation
of and investments in energy systems. Optimization of operation takes 
place in short-term dispatch optimization of conversion units in 
existing systems as well as in investment planning models to evaluate
how potential system structures would operate to satisfy estimated 
long-term energy demands. Investment optimization models can help 
identify favorable routes of development for energy systems with 
short- or long-term time horizons, on regional, national or even larger 
scales. In the research work behind this thesis, mixed-integer linear 
programming has been applied to optimize two types of energy system
models: regional heating system models including district heating
network topologies and regional integrated energy system models with 
a focus on incorporating intermittent renewable technologies. District 
heating network optimization entailed a high spatial resolution to 
capture the large amount of relevant pipeline options to consider, 
which in turn required reduced temporal resolution to ensure 
manageable computational times for solving the model. Despite this, 
the modelling approach was found practically viable for evaluating
investments in district heating and decentralized options such as heat 
pumps, boilers and thermal storages. Additionally, a decomposition
method was developed for solving complex model instances which the
original model formulation could not solve. 

ii 



  

          
         

            
          

        
         

           
           

          
         

           
           

         
         

           
        

           
          

          
         

         
         
    

          
          

            
         

            
         

          
           

            
         
         

         
     

 

 

The other studied modelling approach sought for answers to questions
of how intermittent renewable technologies could in practice interact 
with each other and with other more or less flexible technologies to 
satisfy varying energy demands in an integrated energy system, and 
how these modelled interactions would affect investment optimization
solutions. This required high temporal resolutions, as wind speeds,
solar irradiation and energy demands can all change rapidly. An hourly
resolution over a one-year time horizon was thus selected, which in 
turn required very simple technical detail levels for the conversion 
technologies to reduce model complexity. Example cases showed how 
wind turbines, heat pumps and gas engines could interact to provide 
electricity and heat in a regional energy system. Since the relevant 
question regarding investment decisions is how to plan long-term
investments starting from a present situation, the model was extended
to span a selectable time-horizon divided into several periods. With this
extension, estimates of near-future progression of energy demands, 
costs and efficiencies, as well as potential dismantling of existing power
plants could be taken into account in the optimization. Example cases 
again showed how sector integration can provide flexibility in regional 
energy systems and how long-term investment optimization can be 
formulated as mixed-integer linear programs, but also highlighted the
necessity of dealing with uncertainties in model parameters and 
estimates of future circumstances. 

Research on energy system optimization models is ongoing and besides
just developing the models themselves, it is necessary to develop 
frameworks and common practice for how to use the models in a 
decision-making process. Uncertainties are inherent in both the models 
and in the input data, and getting relevant information from the models
requires careful formulation of optimization scenarios and analysis of 
the optimization output. Since this may involve large amounts of 
optimization runs, it is all the more desirable to reduce required 
computational efforts to solve the models. There is thus a call for 
general modelling formulations that are malleable to problems of 
different scales and with different technological options as energy
system planning problems exist in diverse circumstances with different
geographic, climatic and social conditions. 

iii 



  

 

 
      

      
         

        
          

       
       

      
         

      
       

        
        
 

        
         

         
         

      
      

         
           

        
       
       

       
    

       
          

      
        

       
       

       
    

Svensk sammanfattning 

Denna avhandling behandlar optimeringsmodeller för energisystem.
Energisystem i detta sammanhang syftar på sammankopplade nätverk 
av energikällor, teknologier för omvandling, transport och lagring av 
energi, samt diverse slutanvändare i olika samhällssektorer. Energi i
olika former som värme, elektricitet eller bränslen ligger som grund för
många funktioner i mänskliga samhällen, och möjliggör aktiviteter som
matlagning, varutillverkning och global logistik. Samtidigt har 
skadliga följder av dylik energianvändning uppmärksammats, särskilt
med förbränningen av fossila bränslen som en av de största orsakerna
bakom antropogen klimatförändring. Att minska miljöpåverkan av 
energisystemen samtidigt som de lämpligen borde försäkra 
energiförsörjningen för en växande global population kräver att 
systemen genomgår en förändring mot mer hållbara teknologier och 
strukturer. 

Optimeringsmodeller för energisystem används för att planera både 
drift av och investeringar i energisystem. Driftsoptimering sker i 
kortsiktig optimering av hur enheter i existerande system fungerar
samt i modeller för investeringsplanering för att utvärdera hur möjliga
systemstrukturer kunde tillgodose energibehov på längre sikt. 
Optimeringsmodeller kan användas för att identifiera gynnsamma
utvecklingssteg på kort eller lång sikt, i regionala, nationella eller ännu
större skalor. I det forskningsarbete som ligger som grund för denna 
avhandling har linjär blandad heltalsprogrammering tillämpats för att
optimera två slags modeller av energisystem: modeller av regionala 
värmesystem inklusive topologier för fjärrvärmenätverk och modeller
för regionala integrerade energisystem med fokus på införandet av 
förnybara energiteknologier. Optimeringen av fjärrvärmenätverk 
krävde en hög detaljnivå gällande olika relevanta alternativ för 
nätverkets rörlinjer, vilket i sin tur krävde en förenklad tidsresolution 
för att hålla beräkningstiderna hanterbara. Trots detta kunde 
modellprincipen konstateras vara praktiskt användbar för att bedöma
investeringar i fjärrvärmenät och decentraliserade enheter såsom 
värmepumpar, värmepannor och värmelager. Därtill utvecklades en 
nedbrytningsmetod för att lösa komplexa nätverksmodeller som den 
ursprungliga modellformuleringen inte kunde lösa. 
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Den andra typen av modeller som studerades sökte svar på frågor om
hur starkt varierande förnybara energikällor i praktiken kunde 
samverka med varandra och med andra mer eller mindre flexibla 
teknologier för att tillgodose likaså varierande energibehov i ett 
integrerat energisystem och hur denna modellerade samverkan skulle
påverka optimeringen av investeringar. Detta krävde hög 
tidsresolution eftersom vindhastigheter, solinstrålning och 
energibehov alla kan variera snabbt. En tidsskala på ett år uppdelad i 
timmar valdes, vilket i sin tur krävde relativt låg detaljnivå för 
energiöverföringsteknologierna för att minska modellernas 
komplexitet. Optimeringsexempel visade hur vindturbiner, 
värmepumpar och gasmotorer kunde samverka för att förse ett 
regionalt energisystem med elektricitet och värme. Eftersom den 
relevanta frågan gällande investeringsbeslut är hur långtida 
investeringar kunde planeras utgående från nuläget utvidgades
ettårsmodellen till att sträcka sig över en valbar tidshorisont uppdelad
i flera perioder. Med denna utvidgning gick det att i optimeringen
beakta uppskattningar av utvecklingen av energibehov, kostnader och
verkningsgrader, samt eventuell nedmontering av befintliga 
anläggningar. Optimeringsexempel visade igen hur sektorsintegrering 
kan bidra med flexibilitet i regionala energisystem och hur långsiktig 
investeringsoptimering kan formuleras som linjär blandad 
heltalsoptimering, men påvisade också nödvändigheten av att beakta 
osäkerheter i modellparametrar och i uppskattningar av framtida 
förhållanden. 

Forskningen kring optimeringsmodeller för energisystem pågår och 
utöver att bara utveckla själva modellerna är det nödvändigt att 
utveckla ramverk och praxis för hur modellerna används i en 
beslutsprocess. Osäkerheter är inneboende både i modeller och i deras 
indata, och för att få relevant information ur modellerna krävs omtanke 
i formuleringen av optimeringsscenarion och i analysen av 
optimeringsresultaten. Eftersom detta kan medföra ett stort antal 
optimeringskörningar är det desto mer önskvärt att minska behövlig
beräkningstid för att lösa modellerna. Därmed finns det en efterfrågan 
av generella modellformuleringar som kan omformas för problem i 
olika skalor och med olika teknologialternativ, emedan energiplanering
sker i diverse situationer med olika geografiska, klimatiska och 
samhälleliga förhållanden. 

v 
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1. Introduction 

Global warming and climate change have been recognized as some of 
the biggest challenges human societies are facing today (United 
Nations 2019). Most of the time, news headlines present optimistic 
views about how means and technologies to prevent overt heating of 
the climate already exist combined with pessimistic views of how 
despite the problem of climate change has been common knowledge
for decades, almost nothing has yet been done to prevent it. The issue 
of human-induced climate change has brought the relation between 
human societies and the common environment to coffee table 
discussions at large, and ordinary citizens find themselves asking what
they as individuals can do for the environment. At the same time, the 
problem is of scales beyond individuals and requires efforts of 
governments, companies and global organizations. Both political will 
and investments are required. 

One of the main reasons behind anthropogenic climate change is the 
burning of fossil fuels (Stephenson 2018). Fossil fuels carry high
amounts of energy in a compact and transportable form, and harvesting
them has been historically relatively simple. Growing availability and 
demand of energy has led to development of societal structures and 
logistics dependent on large quantities of fossil fuels. As the 
detrimental environmental effects of this development have become 
more apparent, growing attention has been directed towards the need 
to transform the existing energy systems to ones less polluting, less 
reliant on fossil fuels. This has proven to be an enormous challenge, and
while theoretical studies indicate that such an energy transition is fully
possible (Ram et al. 2019), the rate at which such change seems to be 
happening is unfortunately slow. More political will and investments 
are required. 

From a technical system perspective, the energy transition involves the
replacement of fossil fuel combustion with various techniques for 
utilizing renewable energy sources such as wind, solar, hydro and 
geothermal energy, as well as biomass and hydrogen. All these 
technologies come with their own challenges and detriments, and 
combining them all in a complex system with fluctuating demands of 
energy in multiple forms is a formidable puzzle. How can the 

1 



  

         
           

           
           

           
           

           
            

     

          
         

          
          

          
         

           
         

         
       

           
            

           
           

             
  

            
          

          
           

         
          

         
         

         
          

           
         

           
        

technologies in practice be combined to achieve more sustainable 
systems? What are the possible negative impacts of such a transition? 
How could we balance positive and negative impacts of the system?
The questions need to be asked at multiple geographical and temporal
scales, as the global transition consists of changes taking place at 
national and regional scales, and short-term changes need to be placed
in the context of long-term development. At the same time energy
systems are only one part of human societies, which themselves are part
of a larger planetary system. 

Energy system optimization models are one category of tools for 
analyzing and planning operation and investments of energy systems 
from an overall perspective. This category encompasses a wide variety
of models, from long-term national investment models to unit dispatch
models for controlling power systems. The most common approach is 
to formulate the models as linear optimization programs, minimizing 
the cost of the system in order to get information about favorable 
operational schemes or investment plans. With a growing awareness of
environmental and social dimensions of energy systems, models have
increasingly included metrics beyond the traditional economic 
dimension to broaden the scope of the information they potentially can
provide. This of course makes model development and use all the more
challenging as not only the complexity of the technical systems they
represent increases, but also the complexity of the questions they seek
answers to, the complexity of the analysis they are part of, becomes ever
more complex. 

The work behind this thesis has resulted in four scientific articles, all 
dealing with the subject matter of energy system optimization models.
Article I presents an optimization model for designing district heating
networks as part of a regional energy system. Article II describes a 
method for efficient solution of such district heating network 
optimization cases which are too complex for direct solution by
available solvers. Article III deals with optimizing regional energy 
networks with hourly temporal resolutions in order to adequately
capture interactions between changing demands of electricity and heat,
intermittent renewable energy sources such as wind and solar energy
and other flexible system components such as heat pumps and energy 
storages. Article IV takes such a regional energy system optimization 
model further by searching for the pathway from a present state to a 
future state, optimizing investment decisions over a long-term time 

2 



  

          
            

            
          

           
            

       

            
           
           

            
         

           
          

         
          

         
        

            
       

 

 

 

 

 

 

 

 

 

 

 

horizon. While these sort of energy system optimization models have 
been in use for decades for investment planning and for control of 
power systems, the work has shown that there is much room for 
development regarding the models themselves as well as best practice
regarding how to match the right modelling choices with the problems
being dealt with, how to solve the models efficiently and how to use 
the models as part of a decision-making process. 

Besides presenting the articles, this thesis will try to place them into a 
context in which the modelling approaches they deal with could be 
applied in practice. The thesis is structured as follows: After this 
introduction, the premises of the research work as well as goals and 
contributions of each featured article is presented. Next, energy 
systems in general and some sub-topics which are relevant from the 
point of view of energy system modelling are discussed. Thereafter, the 
mathematical optimization methods used in the featured articles and 
related modelling challenges are described, followed by an attempt to 
place the optimization models into the larger context of decision-
support frameworks related to energy systems. Lastly, conclusions 
from the work are drawn. The four articles laying the foundation for 
this thesis are included as appendices. 

3 



  

      

 
             
          

       
         

         
         

            
            

        
          

          
        

           
        

             
           

        
         
          

        
          

          
         

           
          

  

            
        

         
            

            
           

       
          

 

2. Research premises, goals and contributions 

The work on this thesis was commenced as part of the Efficient Energy
Use (EFEU) project coordinated by CLEEN Ltd. (later renamed CLIC 
Innovation Ltd.) which brought together universities, research 
institutes and companies to collaborate on energy technology and 
systems research and development. Part of the project involved 
questions of integrated energy systems and district heating options
both at larger and smaller regional scales, which instigated the work on
Article I. There was a call for district heating models capable of 
analyzing different possible pipeline network configurations, and most
reported models were found lacking in technical and topological detail
for the questions at hand. The developed models addressed these 
deficiencies but faced computational challenges as problem sizes 
increased. Also, the temporal detail of the models was insufficient for 
modelling realistic energy storage and intermittent renewable energy 
behavior. The work on Article I thus led to the methods dealing with 
computational challenges as reported in Article II as well as the 
modelling approaches for integrating different intermittent and flexible 
energy technologies with higher temporal resolutions as reported in 
Article III. All of these articles featured models optimizing system 
configurations without regard to how these configurations could be 
reached from a current situation. This further led to the development
of models optimizing the long-term investment pathway as reported in
Article IV. Besides introducing these articles, this thesis discusses 
concepts and issues related to energy system models that should be 
taken into account in further development of these planning and 
decision-making tools. 

The main contributions of the work behind this thesis are the modelling
approaches themselves rather than the modelling outcomes. The 
modelling approaches in each article aimed to contribute something 
new to the existing scientific literature, with a starting point in the 
practical use of the models in research projects. At the same time, 
results of example cases in the articles provide viewpoints of how 
components in integrated systems could interact efficiently.
Contributions of each article are briefly summarized in the following. 

4 



  

 

 

            
          

         
         

           
           
          

           
           

        
         

          
            

           
       

         
             

             
          

           
        

          
        

           
           

          
         

        
        
         

         
           

             
          

        
   

2.1 Article I 

The original aim of Article I was further development of the model 
introduced by Söderman and Pettersson (2006), which had the function
of structural optimization of district heating networks and the 
connected energy system. Pre-defined demands of heat and electricity
in spatially distributed consumer nodes were to be satisfied by different
supplier options such as centralized power plants, heat pumps or wind
turbines, with thermal storages as additional options. Expansion of this
original model was first and foremost done by developing the models
of the district heating pipelines. Pipeline heat flow was now described
through water velocities and temperatures, affecting required pumping
work and pipeline dimensions. Pipe dimensioning was chosen as 
selection among a discrete set of pipe diameters, reflecting the practical
reality of available pipeline sizes on the market. A presented test case 
was based on a small city in southern Finland, demonstrating the 
applicability of the model on realistic premises. 

The modelling choices described above are relatively detailed with 
respect to the district heating, as are the network structures of the test 
cases solved with the model. The main contribution of the article is the 
demonstration that such level of complexity can be modelled and 
solved as mixed-integer linear problems. Problem size is limited by the 
quickly increasing number of binary variables. Mixed-integer linear 
programming (MILP) is discussed in Section 4.1 and issues with 
computational complexity are discussed in Section 4.2. Another 
obvious disadvantage of the model is the temporal resolution, with a 
year divided into twelve periods – more specifically six day-night pairs 
spanning two months each. This temporal scale with large time slices 
cannot adequately capture the function of energy storages or 
intermittent renewable energy sources. Scales of different model 
dimensions are discussed in Section 4. Despite the modelling 
limitations, the presented linear pipeline modelling choices and their 
successful incorporation in larger system models provide examples of
how technological, temporal and spatial levels of detail can be balanced
to form a useful and solvable entity. The test cases show how sensitive 
the optimum network configuration can be to fuel costs, which 
highlights the importance of robust optimization strategies, as 
discussed in Section 5. 

5 



  

 

 

             
          

            
         
          

         
         
          

         
          

         
            

           
         

          
       

           
         

          
          

          
           

            
          

         
      

 

 

 

 

           
         

2.2 Article II 

The aim of Article II was to develop a method for solving district 
heating network design problems which were too complex for the 
model developed in Article I. While the original model was useful for
simplified optimization cases, real systems may have more complicated 
structures which are of interest when analyzing their optimal design. 
Rather than compromising detail levels of solutions and analyses, a 
spatial decomposition method for finding solutions to the original 
model was developed. The idea was to initially simplify the spatial 
resolution by clustering nodes together and solve the simplified 
network problem, and then to repeat the process while gradually 
increasing the spatial level of detail and preserving information from 
the previous iteration. While it could not be guaranteed to reach the 
global optimum of the original problem, the method presented a way 
of finding useful solutions to otherwise unsolvable problems. The 
significance of finding useful solutions rather than focusing on just the 
global optimum is discussed in Section 5. 

The main contribution of the article is the demonstration of this 
network optimization decomposition strategy, which in the best case 
can be implemented in other types of network optimization problems 
besides district heating networks. The benefits of the method are 
demonstrated by comparing its solutions with those of the original 
MILP formulations of the example cases. Both the potential of finding 
near-optimal solutions in a fraction of the time it takes to solve the 
original MILP formulation, and the potential of finding reliably good 
solutions to overtly complex problems can be valuable when 
computational efforts need to be reduced. 

2.3 Article III 

The basic premise of Article III was the question of how intermittent 
renewable energy technologies, such as wind turbines and solar 

6 



  

        
          

          
          
        

         
             

         
         
           

          
            

           
    

             
           

         
          

          
            

          
           

         
            
        

 

 

 

 

        
                

               
          

            
          

          

photovoltaics, would function at a detailed temporal scale in 
connection with other power plants, energy storages and local heating
options in an integrated energy system. Integrated energy systems are
discussed in Section 3.3 and energy storage is discussed in Section 3.4. 
Including more detailed possibilities for interaction between system 
components was assumed to affect investment optimization on a 
system level. In contrast with the work in Article I, no district heating 
network was optimized. The aim was to develop a well-functioning
basic energy system optimization approach with simple technical detail
level, but with hourly time steps over a one-year time horizon to 
analyze how variations in energy supply and demand could be 
balanced in the system both in hourly terms and between colder and 
warmer seasons of the year. Models were again written as MILP 
problems for efficient computation. 

Optimization cases in the article show how the models can be used to 
analyze, e.g., how wind turbines, heat pumps, energy storages and gas
engines can interact to efficiently utilize the interconnectedness of 
system components. This type of optimal solutions indicate that such 
interaction can greatly reduce the need for separate energy storage 
units; the effect of energy storage units on the objective function was 
almost negligible in the example cases. However, the optimal solutions
found were very case sensitive, and largely depended on the available
technologies, weather conditions and cost assumptions, which is why
the most relevant contribution of the article is the demonstration of how 
the modelling approach can be used for analysis. 

2.4 Article IV 

An obvious disadvantage of a static short-term optimization approach
as in Article III (and Articles I and II) is that it merely gives an optimal
solution at an isolated point in time. The aim of Article IV was thus to 
address this flaw by formulating models which optimize energy system
investment decisions as in Article III, but on a longer term, suggesting
pathways of how to develop current energy systems in upcoming 
decades. The modelling approach was based on dividing a time 

7 



  

            
         

           
          

         
  

          
       

         
           

         
         

          
         

          
  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

horizon, e.g. twenty years, into periods with a year of hourly input data
(energy demands, weather data, etc.) representing each period. Based 
on the input data and estimates of costs and emissions (and potentially
other system impacts) related to investments and operation in each 
period, investment decisions for the entire time horizon were 
optimized. 

The article contributes to the scientific literature by presenting an 
optimization approach for long-term energy system investment with 
high temporal resolution formulated as a single MILP problem. This 
makes it possible to account for effects of more detailed interaction 
between system components in a long-term system analysis, while 
maintaining the efficient solvability of linear models. However, the 
approach suggested in this article comes with the challenge of 
estimating future progression of parameter values, which is associated
with high degrees of uncertainty. Dealing with uncertainty in energy 
system models is discussed in Section 5. 
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3. Energy systems 

Energy systems, as they are discussed in this thesis, can be broadly 
defined as the networks of energy supply, transport and storage 
technologies connected with end users in different sectors of society. 
Primary energy from some source, such as wind, solar irradiance, 
biomass or fossil fuels, is converted using various technologies to a 
practical form such as electricity, heat or transport fuels and utilized to
drive appliances, industrial processes, vehicles, etc. These systems can 
be studied at different scales, from the energy system of a single 
residential house to that of an entire country or continent. When 
studied together as a system, the various components form more or less
complex networks of interacting units. Wood burning in a fireplace to 
heat a room is a rudimentary energy system (which still features 
complex combustion and heat transfer processes), while a cross-
continental electricity grid connecting hundreds or thousands of 
regional electricity, heat and gas networks represents a very complex 
energy system. Considering challenges such as global warming and 
energy security, it is necessary to develop both individual technologies
constituting the energy systems as well as how these technologies 
interact with each other as systems. 

The current energy systems have evolved during the centuries of 
human civilization, but the energy consumption started increasing with
the industrialization of societies, and began skyrocketing after the 
1950’s, as seen from the global energy consumption data shown in 
Figure 1 (Our World in Data 2018). This consumption has mainly been 
supported by fossil fuels, and so system structures and logistics have 
developed to support use of fossil primary energy sources. Figure 2 
shows shares of different primary energy sources that satisfied global 
energy consumption in 2018. Fossil fuels accounted for an 87 % share 
of the total, nuclear 2 % and renewables 11 % out of which over 7 % 
were traditional biofuels. Differences between different energy sectors 
exist. In 2014, the share of electricity supplied through fossil fuels was
67 %, while e.g. in the U.S. in 2019, petroleum products constituted 91 %
of transport fuels, and natural gas an additional 3 % (U.S. Energy 
Information Administration 2020). 
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Figure 1. Annual global energy consumption has increased enormously
during the past century. Data source: Our World in Data (2018). 

Figure 2. Shares of primary energy sources that supported global energy 
consumption in 2018. Data source: Our World in Data (2018). 

On a national level, energy shares vary, with e.g. a majority of electricity
in Norway supplied by hydro power, and in France by nuclear power
(International Energy Agency 2020a). Shares of renewable energy are 
increasing, but local geographical and climatic conditions and 
resources affect the possibilities of utilizing renewable energy sources. 
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While there are differences between regions and sectors, the 
interconnectedness of energy sectors and national energy markets on 
the one hand and the global nature of many of the economic and 
environmental impacts on the other hand make the overall view of 
energy supply and consumption relevant. The current global situation
needs to be acknowledged in order to grasp the scope of the challenges
related to developing energy systems in the years and decades to come. 

3.1 Drivers of change 

It is possible to identify several distinct drivers of change in energy 
systems. Mitigation of climate change and other environmental 
concerns, increasing global energy demands, technological
development, possible future resource scarcity, economic development 
– all these issues affect the direction in which societies develop and 
require consideration when thinking of future energy solutions. As is 
discussed in Section 3.3, energy systems are often evaluated by 
environmental, social and economic impacts, which may form a basis 
for decisions regarding the direction of their development. 

Around 70 % of anthropogenic CO2 emissions stem from the supply 
and use of electricity, heat and fuels, i.e. energy in different forms 
(Center for climate and energy solutions 2019). The goal of reducing 
these emissions in order to prevent climate change is currently a big 
driver for change in energy systems, at least on a rhetorical level. The 
challenge is partly that of replacing non-renewable fossil energy 
sources with renewable ones. Conveniently, this would also satisfy 
another driver for change in energy systems – the inevitable depletion 
of non-renewable fossil resources. Goals for reducing emissions have 
been set at a political level, with e.g. the Paris Agreement aiming at 
keeping global warming below 1.5 °C to avoid the most severe 
consequences of climate change (European Comission 2019). Such 
political agreements can partly direct the development of energy 
systems, as can politically derived market schemes such as emissions 
trading or carbon taxes. 
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Another issue is that while it would be necessary to reduce CO2 

emissions, energy usage is ever increasing at a rapid rate (International
Energy Agency 2020b), and is expected to continue doing so (U.S. 
Energy Information Administration 2019). It is evident that the 
development of global energy systems needs careful consideration in a
situation where providing adequate energy services for a growing 
population is to be combined with environmental sustainability. 
Growing energy demands are in themselves a driver of change in 
energy systems, and demand-side changes affect system structures at 
the same time as do changes in supply technologies. 

These current trends in energy system development also point towards
increasingly decentralized and flexible energy systems. Development 
of smart grid technologies, sector integration and consumer 
technologies for supplying and storing energy with their own small-
scale devices can be considered drivers of change on their own as well.
Consumers and smaller regions may strive for higher degrees of self-
reliance, considering questions of economy and energy security just as
on a national scale. To some extent, simply the availability of these new
options may create a craving for utilizing them. When consumers also 
supply energy to the system, e.g. by their own solar panels, they are 
often dubbed prosumers. When they additionally provide energy 
storage in the system they have been called prosumagers (Sioshansi 
2019). This prosumager role may also become more widespread with 
the use of electric vehicles, as their batteries may function as energy 
storages in the overall system. As the technologies develop and gain 
market shares, their costs have a tendency to decrease, which 
additionally propels further investments in them. One example of this
is how the costs of solar photovoltaics have decreased during the past
decades along with the rapid increase in their utilization (International
Renewable Energy Agency 2020). As technologies develop and their 
roles in the system change, new requirements are placed on electrical 
grids and other distribution technologies, which may lead into new 
innovations affecting the complete system. 

The concept of EROI (energy return on energy invested) is sometimes 
used to demonstrate how it already has become more difficult to get 
energy resources from the ground and put into use. Court and Fizaine 
(2017) estimated global historical EROI values for coal, oil and gas.
They estimated that in 1860, when oil was first discovered as an energy
source, its EROI value was around 20:1, meaning that for one unit of 
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energy invested in harvesting the oil 20 useful units of energy could be
supplied for consumption. This EROI value would then have increased 
to peak at values over 40:1 in the 1940’s, after which the values have 
slowly diminished to today’s values around 20:1, projecting a 
continuously declining future trend with a value of around 7:1 in 2050.
On the contrary, they estimated a still increasing trend for EROI values
for coal, with a projected peak value of over 101:1 in 2023. EROI for gas
would have been almost 120:1 in the 1930’s, now around 70:1 and 
declining, projecting a value around 15:1 in 2050. These values are all 
global evaluations, while local values may vary significantly. Estimates 
such as these are always uncertain, but while fossil resources may not
deplete completely, at some point it might potentially get too difficult,
or too uneconomical, to harvest them anymore. Thus it is also from this 
point of view necessary to evolve energy systems beyond the reliance
of non-renewable fuels. 

Continuing the topic of EROI, transitioning to renewables may have 
important implications, as the EROI of most renewables have been 
estimated to be much lower than that of fossil fuels historically (Hall et
al. 2014). Among others, Trainer (2018) reasons that the EROI of a 100%
renewable energy system would be so low that it would have severe 
implications on society. However, Diesendorf and Wiedmann (2020) 
argue that past EROI estimates for renewables have been based on 
outdated data, and still increasing EROI values of wind and solar 
photovoltaics together with measures such as sector integration yield
sufficiently high systemic EROI, although they acknowledge that they
only consider regions with highly favorable wind and solar conditions.
While these studies are theoretical and the calculations and conclusions 
are subject to different interpretations, the rationale behind EROI 
introduces a highly relevant quantifiable dimension to discussions on 
energy systems and their development. The declining EROI of fossil 
fuels can be interpreted as a driver for change in energy systems, and 
so can evolving EROI values of other technologies. 

Reducing reliance on imported fossil fuels can also drive change from
the point of view of energy security (Gasser 2020). On both national and
regional scales it may be relevant to ask to which degree energy can be
supplied with domestic or local resources. International energy 
logistics and connections between, e.g., electrical grids or gas grids can 
create more flexibility in the national energy systems. However, there 
is ever a question of how to manage situations in which these 
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connections are disrupted, as well as questions about the economic 
costs of relying on imported energy versus domestically supplied 
energy. In many countries, all fossil resources are imported, and thus 
there is a striving for replacing fossil technologies also from the point 
of view of reducing overt reliance on imported fuels. 

In order to develop relevant scenarios to model, it is crucial to evaluate 
not only possible changes happening in individual energy technologies, 
but also the development of the societies the systems are part of. Article 
IV in this thesis highlights the need to consider the path from a current
situation to a future situation when modelling and optimizing energy 
systems. Simply calculating an optimal energy system design under 
given circumstances can give some interesting information about how
a system could look like and function, but the more practical question
is how to optimally evolve the current energy system, and consider the
cumulated impacts during this evolution instead of just considering the
impacts of the final system. This however requires estimating the future
development of circumstances affecting model parameters such as 
costs, energy conversion efficiencies, energy demands, etc. Such 
estimates are always uncertain, but they are a crucial part of energy 
system transition pathway modelling and related decision-making, as 
further discussed in Section 5. 

3.2 Impacts of energy systems 

Impacts of energy systems are often divided into social, environmental
and economic impacts (Santoyo-Castelazo and Azipagic 2014). Social 
impacts can include e.g. safety, security of supply, public acceptability
and intergenerational issues, while environmental impacts can include 
e.g. global warming, resource depletion, acidification, eutrophication 
and freshwater toxicity. Economic impacts usually refer to costs of 
energy systems, such as costs of investments and operation, or 
levelized costs calculated from estimated overall lifetime costs, but also 
positive economic impacts of energy systems can be considered. 
Evaluation of system impacts can partly be done through mathematical
modelling, as far as the considered impacts can be quantified and 
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sufficient data is available to evaluate and compare impacts of the 
separate system components. Non-quantifiable impacts can sometimes
be included in optimization models via constraints, or they have to be
considered in other stages of the decision-making process. 

The framework of planetary boundaries introduced by Rockström et 
al. (2009) can also be used when assessing environmental impacts of 
energy systems, although it is not yet common practice. They analyze 
global sustainability by defining nine boundaries the transgression of 
which may lead to irreversible detrimental environmental changes. The
Stockholm Resilience Centre (2020) currently lists these boundaries as:
1) Stratospheric ozone depletion, 2) Loss of biosphere integrity 
(biodiversity loss and extinctions), 3) Chemical pollution and the 
release of novel entities, 4) Climate change, 5) Ocean acidification, 6)
Freshwater consumption and the global hydrological cycle, 7) Land 
system change, 8) Nitrogen and phosphorous flows to the biosphere 
and oceans, 9) Atmospheric aerosol loading. Child et al. (2018) take this 
framework and establish what they call sustainability guardrails in 
energy scenarios. They review well-established energy scenarios and 
notice how they rarely consider planetary boundaries besides climate 
change, or any social dimensions related to energy systems. While 
economic, social and environmental dimensions all matter, they can be
viewed hierarchically: the environmental dimension is the base on 
which the social dimension rests, while the economic dimension rests 
on the social dimension. In reverse: economy depends on society and 
society depends on the environment. The environmental dimension 
could, as suggested, be evaluated by the planetary boundaries 
framework. 

From a modelling point of view, it is practical that most of the planetary
boundaries can be quantified and suitable indicators could be 
evaluated as part of energy system models. However, as mentioned 
earlier, this level of evaluation of environmental impacts is far from 
commonplace in current energy system modelling practice. The 
framework of Life Cycle Assessment (LCA) is often utilized in the 
context of energy technologies. It entails evaluating the impacts of the 
entire life cycle – construction, use and eventual dismantling – when 
comparing processes, technologies and investment alternatives. LCA 
databases contain estimated parametric values for impacts such as 
emissions of harmful chemical compounds, e.g. carbon dioxide. 
Parameters have been estimated for different processes, e.g. mining and 
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transport of a material, construction of a power plant, combustion of a
fuel, etc., and impacts can thus be calculated either for a larger whole 
or for partial processes. In Articles I – IV, global warming potential of 
the modelled energy systems are evaluated by summing up equivalent
CO2-emissions parameters from LCA databases related to investment 
decisions (construction and dismantling) and operation of energy 
technologies (mostly combustion of fuels). Other environmental 
impacts are, however, disregarded – as are social impacts. 

Resources required by energy systems are not necessarily captured by
estimations of economic costs, and resources required by the energy 
transition and future energy systems cannot be predicted completely. 
Nevertheless, energy system models are also used for evaluating 
distinct resource needs. As an example, Tokimatsu et al. (2018) estimate
metal requirements of transitioning to a 100% renewable energy system
that could readily meet the 2 °C global warming target, identifying
different metal requirements for different scenarios, with vanadium as
a special instance of a metal critical in all scenarios. Resource scarcity, 
as discussed in Section 3.2, may drive change in energy systems, and 
resource use is among the quantifiable impacts of energy systems that
to some degree can be incorporated in the models. 

3.3 Sector integration 

Energy exists in many forms, and many are its applications. When 
speaking of energy sectors, we can mention the use of energy in its 
application as heat, electricity or gas, or its application for 
transportation. Energy sectors have often been treated separately (Lund
et al. 2017a), but in reality, as most matters in human societies, different
energy sectors are interconnected, which models of energy systems also
should take into account. A residential house, e.g., may simultaneously
be heated with wood, direct electricity and an air-source heat pump. It 
is therefore meaningless to regard its use of heat and electricity 
completely separately when acting as a part of the regional energy 
system. Its electricity may be supplied by a combined heat and power
plant, the functioning of which also is part of several energy sectors. 
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Upon adding the possibility of electric or gas vehicles, storing energy 
in batteries, thermal or gas storages, it is evident that in a modern 
energy system heat, electricity, gas and transport sectors are 
interconnected and -dependent and should be thus regarded in 
mathematical models. The concept of Smart Energy Systems, as defined
by Lund et al. (2017a) emphasizes this so-called sector integration. 

Smart Energy Systems aim to maintain a holistic view of energy 
systems, treating at least power, heating, cooling, gas, transport,
buildings and industry sectors as one energy system, seeking beneficial
synergies. Lund et al. (2017a) list several expected synergies, such as 
flexible storage possibilities, balancing of electricity loads by using 
electricity for heating purposes and synergies between biomass 
conversion to gas and liquid fuels, CHP plants and district heating and
cooling. Here, energy system models incorporating several energy
sectors can play an important role in identifying possible synergies. In 
Articles III and IV, the illustration cases show how the energy systems
may utilize intermittent wind energy together with heat pumps, while 
storage technologies play less important roles in these cases. The 
optimization results are of course case dependent and depend on 
weather conditions and available technologies and resources as well as
optimization parameters, but they exemplify how the heat and power
sectors can continuously interact in order to satisfy very varying energy
demands. More complex synergies could most likely be identified by 
adding e.g. transport and gas sectors to the system models. 

Regarding heat, energy systems can often be integrated with other 
sectors as well, since heating networks may e.g. be integrated with 
waste disposal via waste incineration plants or industries by utilizing 
industrial waste heat. This raises relevant design issues, e.g. whether to 
plan a regional district heating system as dependent on heat from 
industry. Security of supply is often raised as one important social 
dimension to be included in the evaluation of energy systems, which 
partly drives a trend towards more decentralization. On the other hand,
district heating systems with centralized plants may be favorable 
solutions from an energy efficiency point of view, so all relevant options
need to be included in an overall system analysis. Naturally, the 
growing complexity is a challenge for computational models. 

When designing highly optimized integrated systems, it is crucial to 
estimate the security of energy supply in diverse scenarios, so that the 
system can function even if the action of some part of the system is 
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hindered. This might be difficult to incorporate directly in the 
optimization models, but needs to be part of the larger decision-making
process, as discussed in Section 5. 

3.4 Energy storage 

Energy storage technologies are sometimes considered vital for future 
energy systems that integrate intermittent renewable energy sources 
(Child 2018). While the importance of energy storages has also been 
contested (Lund et al. 2017a), it is true that there are many different 
technologies for storing energy that may be utilized. Some of them are 
large scale and may require certain geographical conditions, such as 
pumped hydro storage or compressed air storage, while others can be
constructed in smaller scales such as batteries, flywheels or thermal 
energy storages. All of these technologies have their pros and cons 
(Zakeri and Syri 2015), and none of them is such that it could already 
be implemented flexibly and economically almost anywhere. 
Furthermore, the price of storage is typically high. There is thus 
uncertainty regarding the possible roles of storage technologies, and 
which of the numerous storage options will earn their places in future 
energy systems. By 2017, 97% of electricity storage capacity in the 
European Union was pumped hydro storage (Ajanovic et al. 2020), so, 
in comparison, other storage technologies can still be considered quite
marginal at a system level. 

In discussions of Smart Energy Systems and sector integration, it has 
been pointed out that many parts of a complete energy system can 
function as energy storages (Lund et al. 2017a). Electric vehicles with 
their batteries, district heating pipelines full of warm water, oil and gas
tanks and natural gas pipelines all have capacity to store energy, and 
considering this capacity when planning and modeling energy systems
could be of great importance. Creative use of existing storage capacities 
could provide a much cheaper alternative to developing and 
constructing large capacities of new electricity storage technologies. 
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While sector integration could possibly replace much of the need for 
electricity storage, others still stress a need for electricity storage in 
future decentralized energy systems with high penetration of 
renewable technologies. E.g., Child (2018) maintains the view that 
electricity storage is necessary in a future Finnish energy system 
featuring high rates of variable renewable energy, although he 
mentions that a large part could be achieved with vehicle-to-power 
solutions. Ajanovic et al. (2020) analyze potential electricity storage 
options in integrated energy systems, further stressing the challenges 
involved in larger-scale deployment of electricity storage. As 
previously mentioned, the current installed storage capacity is still 
dominated by pumped hydro storage, the capacity of which is not 
expected to increase significantly since most economically viable 
locations are already in use. Battery capacity is installed in increasing
rates despite generally being the most expensive storage option. Battery
costs are expected to decrease in the coming decades, but nevertheless
electricity storage may remain economically uncompetitive compared
to other options for increasing grid flexibility, including storing energy
as heat or gas. Ajanovic et al. (2020) do not consider thermal storage for
storing electricity by the rationale that it is unfavorable to convert heat
back to electricity, but e.g. Siemens market their thermal energy storage
with an 45% efficiency for converting the energy stored as heat back to
electricity, in addition to the possibility of utilizing the stored energy as
heat or process steam (Siemens Gamesa Renewable Energy 2020). Even 
with low efficiencies, thermal storage may prove itself useful providing
flexibility in an integrated system. Long-term thermal storage, e.g. by
storing heat in the ground, may also allow storage of solar heat during 
warm seasons for use during cold seasons, as has successfully been 
demonstrated e.g. in the Drake Landing Solar Community in Canada 
(Mesquita et al. 2017). 

Some storage options were included in the cases studied in the featured
articles. In Article I, thermal storages as part of the district heating
network were included as options, but were not found necessary in the 
cost optimal solutions of the numerical example. In Article III, small-
scale and large-scale electricity storage alternatives were included as 
options for the regional integrated energy system. While small storage 
capacities were included in some optimized solutions, their 
significance was found to be very small. In Article IV, also thermal 
storages were included as options, and the cost optimization indeed 
favored building thermal storage rather than electricity storage for 
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storing excess electricity. Also in this case, however, the more 
significant flexibility increase came from combining fluctuating 
renewable energy with heat pumps. 

Generally speaking, energy storage can be categorized as one among 
several potential measures to increase energy system flexibility, 
measures reviewed by Lund et al. (2015). With suitable energy system 
models, it is possible to analyze possible roles of storages and other 
measures case by case, without preceding assumptions about their 
importance. As discussed in Section 4.2, including storages in the 
models places requirements on time resolutions and detail levels, 
which may lead to computational challenges when solving the models.
Nevertheless, especially since the future roles of very diverse storage 
technologies seem uncertain, it is important to include them in high 
time-resolution models in order to properly compare their functionality
together with other flexibility measures in the overall system. 

3.5 Motivation for optimization models 

Let us look at an example: we have a small village with a biomass 
combustion unit which can supply both heat and electricity to the 
residents and a small industrial site nearby. Residents may have heat 
pumps or boilers in their homes, some may have solar panels on their
rooftops. Waste heat from the industrial site could potentially be 
transported by pipelines to buildings in the region. Electricity can be 
sold to or bought from the national grid. Expenses and responsibilities 
are distributed among different stakeholders, but it is still relevant to 
think of this village as a whole. How would they optimally arrange 
their energy system, with their resources and demands? How could 
they reduce the environmental impacts of their energy use? Could they
reduce the costs of their energy use? Can they secure their energy 
supply in different future situations? 

At a national scale, our example village could constitute one node 
among numerous others in the national energy system. The same kinds 
of questions apply on a national scale: What are the available national 
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energy resources? What are the available energy imports? What are the
costs and impacts of these national or imported resources and can they
satisfy energy demands in different societal functions? Can energy
demands be reduced? Numbers and figures need to be scaled up, and
the internal networks are more complicated, but the concerns are 
similar as on the regional scale. Of course, the same applies at even 
larger scales, continental and global. 

In order to answer these type of questions and make informed decisions
there are various tools in the form of decision-making frameworks and
mathematical models. While this thesis mainly deals with 
mathematical optimization models, it is important to identify them as 
only one category of tools within larger decision-making frameworks, 
which are discussed more thoroughly in Section 5. Many relevant 
aspects of energy systems can be quantified and compared, which is 
why energy system optimization models have been extensively 
developed and used for energy planning tasks. 

Already in the small example village the options are numerous and 
answering central questions intuitively or with simple calculations is 
difficult. With the numerous impacts and expected developments 
discussed in Sections 3.1 – 3.4 to consider simultaneously with planning
for a technically functioning system, even seemingly simple questions
may have complicated answers. For instance, considering investments 
in a district heating network needs evaluations of potential network 
connections, comparisons with other heating options, and 
considerations of sector integration to identify potentially beneficial
system structures such as utilization of waste heat from industrial sites,
which is still a very under-utilized energy resource today (Wang et al.
2019). Heating in general is a question which links the more flexible 
national electrical power networks with the regional energy systems 
since heat cannot be transported as easily as electricity. District heating 
investments could be evaluated with optimization models as done in 
Article I. The challenge is to balance the advantages and disadvantages
of different options, which in practice may mean millions of different 
system configurations to compare. The difficulty of navigating through
the amount of options is a core motivation for developing optimization
models for planning energy systems. Just the number of possible 
pipeline connections may amount to thousands of combinations, and 
to this add other decision options such as possible power plants or heat 
pumps, industry connections, comparison and co-generation with 
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electricity, possible fuel options, storages, etc. To a certain extent, these 
sort of connections and decisions can be modelled mathematically and
the resulting optimization models can, again to some extent, be solved
with efficient algorithms. 
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4. Energy system optimization models 

All of the articles included in this thesis deal with the same challenge
of developing mathematical optimization models of energy systems for 
use in energy planning. Questions of what can be modelled 
mathematically and calculated efficiently, what is relevant in which 
scales of space and time, the underlying purpose of the models, etc. 
need to be considered. Applications of the models range from short-
term operational scheduling to long-term investment planning and 
future scenario analysis, but they often have many things in common.
The models developed in the featured articles all follow the approach
of modelling energy systems as sets of energy suppliers and consumers,
balancing the energy flows between these. In Articles I and II, an 
emphasis is placed on modelling and optimizing the topology of the 
heat distribution system between suppliers and consumers, while the 
emphasis in Articles III and IV is on modelling interactions between 
different system components with a high time resolution and studying
how these affect investment decisions on a system level. First and 
foremost, a model needs to be designed keeping in mind what 
information the model is supposed to provide and which questions it 
seeks answers to. 

DeCarolis et al. (2017) extensively analyze the use of energy system
optimization models to support decision making, and present a set of
formalized principles to consider when creating such models. These 
principles aim at ensuring that the models suit the actual problem type
and are kept as simple and transparent as possible, while using input 
data of sufficient quality. They also stress awareness of uncertainties, 
especially as every uncertainty present in the many dimensions of 
energy system models hardly can be accounted for in detail. 
Uncertainties are present both in the simplifications built into the 
model structures as well as in the model inputs and parameters. 
Dealing with uncertainties can be part of the larger decision-making 
process, as discussed in Section 5. 

Selecting appropriate temporal, spatial and technological detail levels 
to match the problem at hand is crucial. Generally, a selected time 
horizon is divided into time steps with a model-specific resolution, or 
time-slices aggregating typical time steps. The common modelling 
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strategy is to formulate energy balances for every time step or time-slice.
In Articles I and II, energy balances are included for every system 
component (suppliers, consumers, pipelines, etc.), as well as balances 
satisfying supply and demand of electricity in supplier and consumer
nodes. In Articles III and IV, consumers are all lumped into one system 
component, and two balance equations, one for heat and one for 
electricity, are required per time step. The same type of balances could
be included for other energy carriers as well, e.g. if a gas network would 
need to be included in the model. 

Spatial scales vary among and within models. In Articles I and II, the 
spatial dimension is highly relevant, as distances and geographical 
conditions between system components directly affect the available 
pipeline options and their performance. The same modelling approach
can be used to evaluate pipe networks within a smaller region such as
a city suburb or on a larger scale if e.g. considering pipelines between 
cities or cities and industrial sites. In Articles III and IV, the spatial
dimension is not considered, as costs or impacts of transporting energy
between components are not evaluated. In some cases, these costs 
would not be significant and would not affect the optimized solutions
much, but in other cases they might be relevant. Adopting these 
modelling approaches to larger scales would require consideration of 
varying weather conditions across larger geographical areas. As usual, 
such expansion of model dimensions would increase the required 
computational efforts. 

As mentioned, temporal scales and resolutions used in energy planning
models vary. Sometimes, as in Articles I – III, the time horizon used for 
optimization is one year. In Articles I and II, the year is divided into 
twelve periods representing day- and nighttime during different 
seasons - one type of a time-slice approach (Prina et al. 2019). In Article 
III the year is divided into time steps with an hourly resolution in order 
to capture the intermittencies of wind and solar resources and 
investigate how these affect the overall system. This modelling of just 
one year gives a static solution, without descriptions of a pathway 
towards the solution. The opposite is a long-term planning approach,
as in Article IV, aiming at optimizing decisions on a longer time-horizon
to gain information on how to appropriately develop a system from a 
present state during following decades, acknowledging that decisions
now depend on uncertain future circumstances. These approaches are
further divided into myopic and perfect foresight approaches. Myopic 
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approaches optimize part of the time-horizon at a time, building the 
next optimization on the previous solution. Perfect foresight 
approaches optimize the entire time-horizon in a single optimization,
recognizing that optimal decision at an earlier stage may depend on the
circumstances at a later stage. A criticism towards perfect foresight 
models is that any estimates of future circumstances are highly 
uncertain, and dealing with uncertainties might be more applicable 
with other types of models. The selection of appropriate time scales 
depends on the problem being solved and what information the model
should contribute to the overall decision-making process. More 
detailed time resolutions greatly increase required computational effort
and time, which may be an obstacle for a practical use of a model. E.g.
in Article III, the time resolution could be increased even further from 
the presented hourly time steps, but this would slow down calculations
as well as cause challenges in finding and dealing with required input
data. In a unit commitment model – e.g. as studied by Moretti et al. 
(2019) – used to plan the dispatch of existing units in a grid, the time 
resolution may reasonably be much higher, but the optimized time 
horizon is usually in the order of 24 h. These models may also account 
for changes happening in the order of seconds since they need to 
balance the grid at every instant. In investment planning models, 
hourly time resolutions are considered high, and may at least capture
some of the variability in system component interactions. 

Table 1 lists examples of energy system model applications and 
dimensional scales or resolutions. Different models feature different 
combinations of these. Many models feature multiple scales and 
resolutions within the same dimension, such as the approach in 
Article IV optimizing investments over several decades with an hourly
resolution for operational modelling. Hundreds of different models 
exist and thousands of articles featuring different models have been 
published. Extensive reviews on the subject have been published in 
recent years, with different perspectives, such as reviews of models to 
incorporate more renewables in power systems (Deng and Lv 2020) or
integrated energy systems (Ringkjøb et al. 2018), reviews of models of 
autonomous decentralized regional systems (Weinand et al. 2020), or 
reviews of how uncertainties are treated in modelling studies (Yue et al.
2018). 
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Table 1. Different applications and dimensions of energy system models. 

Application Simulation 
Unit dispatch optimization
Static investment optimization 
Long-term investment optimization 

Spatial scale Single building
District 
Regional
National 
Continental 
Global 

Time-scale Seconds 
Hours 
Days
Years 
Decades 

Sectors Power 
Heating
Cooling
Gas 
Transport
Industry 

Objectives Environmental (e.g. emissions) 
Social (e.g. security)
Economic (e.g. total costs) 
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4.1 Mixed-integer linear programming 

Mathematical optimization programs usually have a simple basic 
structure: find the minimum or maximum value of an objective
function, requiring that certain constraint equalities or inequalities are
fulfilled. A linear program is a case of optimization program where the
objective function and the constraints are all linear. In the minimization 
form, this can be expressed as 

min �%� 

subject to
�� ≤ � 
� ≥ 0 

where � is a vector of the model variables, � is a vector of the objective 
function coefficients (e.g. cost coefficients associated with each 
variable), � is a matrix of coefficients related to variables in the 
constraints and � is a vector of right-hand side constants in the 
constraints. In a linear program (LP), the variables are all continuous, 
whereas in a mixed-integer linear program (MILP), both continuous 
and integer variables are allowed. Many a practical problem can be 
formulated in this same pattern to analyze which combinations of 
variable values minimize the objective function, giving an optimized 
solution to the problem at hand. 

In all the featured articles, the optimization models are formulated as 
mixed-integer linear programs. In a very early stage of the district 
heating modelling work described in Article I, it was decided to try to
keep the model linear. The reason was straightforward: effective 
algorithms ensuring global optima exist for linear problems 
(Nemhauser 1988). Modelling investment decisions with binary 
variables, the problems become complex enough even in linear form, 
so it would be very difficult to solve problems with nonlinearities and
uncertainty about algorithms stopping at local optima. Linearization 
often means a certain simplification of the functions governing the 
model, but since the models are of such large scales, most mathematical
representations need to be simplified anyway. Most energy system 
optimization models are linear (Trutnevyte et al. 2019), since the 
problems are of such large scales and often a large number of 
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optimization runs are required to provide relevant information about 
the possible solutions. More technical detail in the models means that 
more computational effort is required to solve the models. Poncelet et 
al. (2016) compared pros and cons of increasing technical and temporal
detail in energy planning models and concluded that temporal detail is
to be prioritized. 

In Article I, a direct example of explicit linearization is the linearization
of the pumping power needed for transporting water in district heating
pipelines. A more accurate function for the pumping power would 
depend on the third power of the velocity of the water flowing through 
a pipe, so the function was instead replaced with a linear 
approximation. This most certainly resulted in a less accurate 
representation of reality, but also made the entire model (more easily)
solvable. Considerations of this kind are especially prevalent in models
combining different scales. The required pumping power in a pipeline
is a small element in a regional energy system, but an element present
in a large amount of pipelines in a district heating network, so the 
summed influence of all the required pumping power might be affected
by the above described linearization in a way that affects the outcome
of the model to a relevant degree. But even making just one set of model
equations non-linear makes the entire model non-linear, and 
algorithms and solvers for linear problems can no longer be used. 
Therefore, the models in Articles I-IV were kept linear, and so are they
in most energy system optimization models presented in the literature. 

When a model is an MILP, its variables can be continuous or integers 
(including binary variables), and the objective function and all of the 
constraints need to be linear. Various methods for solving this type of
optimization problems exist, and variations and combinations of these
methods are implemented in software such as CPLEX (IBM 2020) and 
Gurobi (Gurobi Optimization 2020). In many situations, integer
variables rather than continuous ones are required to represent reality.
One particular subset of integer variables are binary variables, useful 
for modelling decisions, e.g. regarding investments. The value 1 can 
mean that an investment is made, while 0 means it is not. Logical AND,
OR and XOR functions can easily be formulated as arithmetic functions
applicable as constraints in MILP models. For instance, in Article I, the 
selection of pipeline diameter size is written as 
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, �.,0 = �. 

034 

meaning that if a pipeline number m is constructed (�. = 1), then one 
and only one diameter size must be selected as well (i.e. one of a total 
amount of n8 pipeline diameter selection variables �.,0 has to be 1). 
Similar logic is used to select gas engine sizes in Articles III and IV. 
Constraints can also be made conditional with a so-called big-M 
formulation, such as in constraints ensuring that non-existing power
plants have no capacity to provide energy in Article I, written as 

�:,; + �=,; ≤ M�; 

meaning that if a supplier number i does not exist (�; = 0), then the sum 
of its maximum heat output �:,; and power output �=,; should also be 
zero. M is here a coefficient with a large enough value to ensure that the
constraint works according to the desired logic. The downside with 
binary variables is that they greatly increase the problem size, and the
calculation times. While LP problems with millions of continuous 
variables can be solved, the amount of different possible permutations
of binary variables can cause significant problems in finding optima.
This is mainly where the computational issues in Articles I and II arise
from. While e.g. CPLEX has relatively efficient algorithms and 
heuristics for going through solution trees of MILP problems, the sheer
amount of branches in the trees quickly gets so large that even the most
efficient algorithms for finding the global optimum are not enough. 

Other integer variables besides binary variables are motivated in the 
models depending on the scales. If decisions need to be made whether 
to build two or three wind turbines, the integer value is definitely 
meaningful, but if the question regards hundreds of turbines, 
continuous variables can likely be used without much loss of 
information, making the model much easier to solve. In Articles III and 
IV, integer variables are thus used for wind turbine investments, but 
continuous variables for aggregations of solar panel investments. 
However, scale again makes a difference, and if the same models would
be used to analyze a system where the considered wind turbines could
amount to hundreds, it would make more sense to model wind turbine 
capacity with a continuous variable. The use of binary values for 
selecting pipeline diameters in Articles I and II is motivated by the fact 
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that only pipelines with certain diameters are readily available on the 
market. With a large amount of pipelines to be designed, model 
solutions with continuous diameter variables could severely 
misrepresent possible network designs and therefore provide too 
unrealistic operational schemes to base decisions on. More technically
detailed models can be used to estimate representative parameters for
larger-scale models. So, e.g., if district heating would be considered an 
option in an integrated regional model as in Articles III and IV, 
parameters to estimate costs and efficiencies for the potential district 
heating networks could be calculated with a model similar to that in 
Article I. Thus, the technical detail of the district heating network model
could be reduced for the larger-scale model, with a hopefully 
acceptable loss of model precision. 

4.2 Computational challenges 

As the complexity of an optimization model increases, the 
computational time required to solve the model quickly becomes too 
long for practical purposes. Two ways of dealing with this problem
come into mind: simplify the model or improve the solution algorithms.
The first option might further distance the model from reality, possibly
rendering the model useless, while the latter option might be 
impossible or at least unforeseeably arduous. A third option would be 
to use more powerful computers, which in some cases is perfectly 
possible. But for some models even the greatest computers would 
consume too much time. Even more often, it is simply desirable for 
models to be solvable on regular computers in their everyday 
applications. 

The actual time it takes to perform an optimization varies greatly, even
within the same model with similar optimization cases. In Article I, the 
example cases had about 600 binary and 6300 continuous variables, and
with different cost parameters finding global optima took 2 – 30 
minutes. In Article III, the test cases featured a model formulation with 
24 binary variables and almost 220 000 continuous variables. Slight 
variations of wind conditions and cost parameters again gave 
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computational times of 2 – 30 minutes. The base case in Article IV had 
100 binary variables and took about 11 h to solve. Increasing the long-
term temporal detail from five to seven time periods gave a problem 
with 150 binary variables taking 52 hours to solve. Article II gives two 
examples where the global optima were never reached, cases with 
about 1500 and 4800 binary variables. The number of binary variables 
gives important indications of how difficult an MILP problem is to 
solve, but other factors are important as well. 

Priesmann et al. (2019) take a systematic approach to exploring 
different levels of energy system model complexities and their effects 
on required computational efforts. While their example concerns the 
electrical power system, most of their considerations apply to models 
integrating different energy sectors. The level of modelling detail they 
investigate concern conversion processes, storage dynamics, electrical 
grid models, time steps and spatial clustering, and for each of these they 
compare effects on solution times, model complexity and memory 
usage. They ask the research question whether more complex models 
are more accurate. Their short conclusion would be: yes, they are. But 
the longer conclusion also takes into account that some complexities 
come with greater computational costs that others, and that certain 
combinations of modelling choices are prone to create difficulties in 
solving the models. 

More specifically, combining several dynamics coupling time-steps in 
the constraints within one model seems to greatly increase computing 
times. This likely happens to some extent in Article IV, where dynamics
of several storage types as well as power plant ramping (i.e. restriction 
of how much power plant output can change in one time step) are 
considered. It could therefore, in a model such as the one in Article IV, 
be worthwhile to start with only one time-coupling dynamic by
omitting the power plant ramping and including just one storage type 
to analyze the general need for storage rather than include several 
storage types from the very beginning. Another relevant 
recommendation from Priesmann et al. (2019) is the inclusion of a 
simple transmission grid model. According to their study, the benefit of
increased model accuracy is worth the moderate increase in model 
complexity entailed by the inclusion of a simple grid model. In Articles 
III and IV, grid models were deliberately omitted, but if any sort of 
spatial considerations would be included, so could also simple grid 
models such as transshipment models (Medjroubi et al. 2019). 
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Modelling partial load efficiencies for energy conversion in power
plants was found to only have minor impacts on model accuracy, so the 
constant conversion efficiencies in the featured articles may be 
considered acceptable simplifications. 

The choice of temporal and spatial scales and resolutions obviously 
impacts the required computational effort. Priesmann et al. (2019) 
recommend prioritizing unit clustering, then reduction of temporal
resolution and lastly spatial aggregation when considering reduction of
scales to speed up calculations. Of course, this is not always possible 
considering the aim of the model at hand. In Article I, the ultimate aim 
is to design the detailed network topology, and here unit clustering
ultimately contradicts this aim. However, in the decomposition method
in Article II, a form of unit clustering is included in the iterative steps
eventually leading to a more detailed solution. In Articles III and IV, the
high temporal resolution is one of the key elements for evaluating the 
interactions between intermittent renewables and other system
components, so reduction of this resolution is out of the question. When
reduction of the problem size would impair the usefulness of the model,
other methods of speeding up calculations may become necessary. 

Article II deals with the issue of overtly long computational times when
optimizing district heating network models as in Article I. An attempt
of decomposing the overall network optimization problem into smaller
optimization problems is studied and compared with the original MILP
model. Referring to the study by Priesmann et al. (2019), the 
decomposition method described in the article utilizes spatial 
clustering, which was generally found to be a favorable method for 
reducing required computational effort. But instead of simply 
clustering system components and solving the resulting simplified 
model, the method solves the simplified models iteratively, gradually 
increasing the spatial detail level and retaining information from the 
solutions of previous iterations. As could be expected, this attempt to 
speed up the calculations resulted in increased uncertainty regarding 
solution quality when solving problems that could have been solved 
with the original model. But it could be argued here that in more 
difficult cases, the decomposition can reduce uncertainty regarding
solution quality, as the method can help finding acceptable solutions to
problems that are so complex that solving – or even finding any 
solutions to – the original problem formulation directly would be 
impossible. 
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However, these models hardly claim to be exact representations of 
reality in the first place, so it can be more important to find useful 
solutions than finding theoretical optima. As demonstrated in Article II,
the original problems may be so complex that finding and evaluating 
any useful solutions may be impossible without any form of 
optimization, and in these cases this sort of decomposition methods can
be very helpful. Of course, it may be that the original model could have
been simplified in the first place. But on the other hand, if the original
model has been proven useful as it is, it may be more practical to design
a decomposition method than reformulate the model altogether. 

4.3 Objective functions 

The objective function of an optimization problem determines the goal,
the criteria with which to measure the quality of the problem solutions.
However, it may not be straightforward how to quantify the quality of, 
say, an energy system. Rather, an energy system should display a wide
range of desirable, perhaps contradictory, qualities. Suitable indicators 
to represent and evaluate these qualities thus need to be utilized, as 
discussed in Section 3.2. Selection of appropriate indicators is a 
challenge on its own, and it needs to serve the purpose of dealing with
the overall problem at hand. Too few, too many, or simply
inappropriately chosen indicators may not provide useful information
for making decisions. If relevant indicators may not be implemented in 
optimization models or decision-making frameworks, then there is a 
need to further develop these models and frameworks. 

Roth et al. (2009) report having used as many as 75 indicators in their 
electricity system sustainability analysis, distinguishing environmental,
economic and social dimensions of sustainability. Santoyo-Castelazo 
and Azapagic (2014) use 17 different indicators along these same 
dimensions as they demonstrate a framework for assessing energy 
system sustainability. These indicators can be among those discussed 
in Section 3.2, and as long as they are quantifiable and relevant data is
available, they can be optimized or calculated within the energy system
model. 
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The importance of different objectives and criteria vary with different 
stakeholders and in different situations. Even with suitable indicators 
and objective functions, weighing, comparing and prioritizing these 
objectives remain a part of human decision-making. Even a single 
quality of a system can be interpreted in numerous ways. Virkki-
Hatakka et al. (2013) show through an interview study that the often 
mentioned concept of energy efficiency is perceived very differently 
among experts dealing with the subject. When energy efficiency is cited
as a key strategy for mitigating climate change, it is interesting that the 
concept of energy efficiency in this context is understood in different 
ways. There are also different views about the motivations behind 
energy efficiency and the ways of implementing energy efficiency 
measures, and in order to promote energy efficiency, experts should 
consider multiple viewpoints to make action take place at an 
organizational level. Virtanen et al. (2013) presented a case study of 
how energy efficiency was approached in a company in the 
petrochemical industry, with interviews revealing how an indicator 
such as energy efficiency can be elusively complex and difficult to put
into practice as a performance target. 

The difficulty of selecting optimization objectives has been considered
in the featured articles by making the models as general as possible, 
lending them useful for evaluating different objectives. In the articles, 
minimizing economic costs and CO2 emissions have been used, but 
technically other functions could be used as well as long as suitable 
parametric values could be found for all the system components. In 
these articles, no direct multi-objective optimization techniques have 
been implemented. Rather, either costs or emissions have been 
minimized, optionally placing restrictions on the maximum value of 
the other objective. E.g. in Article IV, the base example case is solved 
four times, minimizing costs and emissions and additionally 
minimizing costs with two different emissions limits, yielding a very 
sparse, but descriptive Pareto front of how costs increase with stricter 
emissions limits. Prina et al. (2019) perform more thorough multi-
objective optimization of long-term planning, comparing a large 
number of solutions in a Pareto front calculated with a genetic 
algorithm. Such methods require faster models, which, as previously 
discussed, usually requires reduction of detail. Other approaches to 
multi-objective optimization also exits. Laukkanen et al. (2010) 
developed an interactive multi-objective optimization framework 
which allows stakeholders to adjust their preferences as the 
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optimization proceeds. Decision-makers do not necessarily know in 
advance how to judge and balance different objectives, and this 
framework can allow them to see how objectives relate to and depend 
on each other. This is an approach to get beyond the issues of 
comparing different objectives, and could well be implemented with a
wider selection of objectives. 

Minimizing costs is often used as an objective to evaluate technical 
systems, but it is difficult to say that the cheapest system would 
constitute the best one. If other criteria are imposed on the system 
model as optimization constraints it can of course be relevant to find 
the most economical way of fulfilling these criteria, but due to large 
uncertainties in cost parameters, cost minimization can be quite an 
abstract objective. The smaller the scale of the modelled system, the 
more concrete the cost objective might appear. When modelling a 
district heating system as in Article I, part of the aim is to find a good
topological design for the district heating pipe network. Here, the costs 
of the pipe networks are a very tangible part of a local investment 
decision, but as long-term investments the costs should be compared 
with more abstract future alternatives as the district heating network 
functions as a part of the overall energy system. Thus, even though one 
part of the modelling problem may be concrete and easily grasped, 
another part of the same problem may be very conceptual and 
uncertain. It is obvious, however, that a cost evaluation is a very 
relevant part of a district heating or other energy technology 
investment. The challenge is to combine the cost optimization with 
other relevant dimensions. Trutnevyte et al. (2019) call for 
interdisciplinary collaboration between energy system modelers and 
social scientists to merge insights from social sciences into models in a 
step away from the still reigning cost optimization modelling paradigm. 
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5. Energy system optimization models as part of
a decision making process 

As hitherto discussed, energy system optimization models are full of 
assumptions and uncertainties which affect their outcome. It is thus 
reasonable to question to which extent these models can guide 
decision-making. While in some cases decisions can be based directly
on the outcome of mathematical models, more often the models are part
of a larger decision-making process involving diverse quantitative and
qualitative considerations among larger groups of stakeholders with 
different knowledge and priorities. It is thus necessary to evaluate both 
the qualities of the models themselves and the manner in which they 
function in the overall process. 

The use of optimization models as part of the decision-making process
also has its issues. Midttun and Naumgartner (1986) give examples of 
past energy system planning situations where optimization models 
have been used to promote certain technologies. In their comparison of 
simulation versus optimization, Lund et al. (2017b) argue that 
simulation models can evade some of the traps of optimization models.
Performing simulations does not require defining an objective function
directing the simulations towards a value-driven goal. However, 
relevant scenarios or input boundaries still have to be selected, so 
simulations can still be biased by modelling choices. With well-selected
objective functions and constraints, optimization models can be very 
useful tools in guiding through the innumerable imaginable different 
system configurations. 

As analyzed by Guivarch et al. (2017), two main challenges in energy 
system modelling are dealing with complexity and uncertainty. They 
present an overview of suggested techniques to deal with these 
challenges, techniques which they place into three categories: 

1. Story-and-simulation 

2. Consistency and diversity approaches 

3. Vulnerability and robust decision making approaches 
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The Story-and-simulation approach involves developing plausible 
scenario narratives together with mathematical models, which 
supports inclusion of both qualitative and quantitative knowledge and
creativity into the scenario building process. This technique can bridge 
the gap between numerical models and purely qualitative scenario 
analysis – saving models from being mere numerical exercises while 
providing quantitative evaluation of the scenario stories. Scenario 
analysis is itself a large subsection of forecasting and decision-making
techniques, involving distinct challenges as discussed by Elsawah et al.
(2020). 

The Consistency and diversity approaches involve ensuring the 
internal consistency of the scenarios and that an enough diverse set of
scenarios is explored as a basis for decisions. As an example, Berntsen 
and Trutnevyte (2017) use the Modelling to Generate Alternatives 
method to analyze the range of possible Swiss future energy systems. 
The method is based on generating a very large number of scenarios 
that are simulated and analyzed to select a set of maximally different 
scenarios for further evaluation. Such algorithmic techniques can 
identify relevant scenarios that could otherwise go undiscovered, and 
ensure parametric diversity of evaluated scenarios. They might, 
however, require overt simplifications of the models in order to solve 
the large amounts of scenarios efficiently enough. 

The third category, of Vulnerability and robust decision making
approaches, comprises techniques to analyze how well potential energy 
systems could manage different uncertain futures, and to discover 
specific vulnerabilities present in different scenarios. By identifying 
vulnerabilities, i.e. conditions leading to poor system performance, 
improvements leading to more robust systems could possibly be 
designed. 

From a modelling perspective, different types of techniques have been
proposed to evaluate the robustness of optimized solutions. Wang et al.
(2020) combined a multi-objective optimization model of an integrated
single building energy system with a posteriori robustness analysis 
with stochastic variations of uncertain parameters. The considered 
uncertainties were the time-series of wind speeds, solar irradiation and
energy demands, so the robustness in this study relates to the ability of
the optimized system designs to function in different conditions. By
generating a set of stochastic variations of the weather parameters and
energy demands and simulating the energy system with fixed design 
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variables, distributions of system performance can be calculated. 
Additionally, the simulation cases where the system fails to satisfy 
energy demands can be registered. Unfortunately, this type of 
robustness analysis disregards uncertainties regarding e.g. future cost 
development and uncertainties in structural optimization. However, 
testing a potential system structure with different sets of demand and 
weather data could well be implemented in a model such as in the 
featured articles without excessive computational effort, as the design 
variables can be fixed through the simulations. 

Voll et al. (2015) approach energy system optimization acknowledging
the inherent inexactness of mathematical models and the uncertainty of
future circumstances and suggest focusing on near-optimal solutions 
rather than the optimum. Solutions close to the global optimum can 
have both relevant similarities and differences in system structures, and
by analyzing several solutions it can be possible to identify necessary
design decisions and options to be avoided as well as a reduced set of
actual design choices which can then be evaluated outside the 
modelling process. Collecting sets of near-optimal solutions can be 
done algorithmically, as can the analysis of their common features and
differences in structures. Calculation time is of course extended 
compared to just solving for one global optimum, but not excessively 
as the optimum will be calculated anyway and held as a reference in 
subsequent optimization runs. Actually, many solvers store several 
solutions in a solution pool while searching for the global optimum, so
in the quickest case, near-optimal solutions can be retrieved from this 
solution pool. As an extension to this type of near-optimal solution 
analysis, it could be paired with the type of uncertainty analysis as 
described in the study by Wang et al. (2020) described in the previous 
paragraph. 

The near-optimal solution analysis is of course just one way of 
identifying different plausible system structures, as is selecting 
solutions from a Pareto front retrieved through multi-objective 
optimization. This can be compared with identifying different policy 
alternatives in the robust decision-making approaches studied by 
Bartholomew and Kwakkel (2020). These approaches generally involve
identifying sets of policy alternatives for one or more future scenarios
and performing uncertainty analysis to compare these alternatives. 
Moret et al. (2020) took an approach to systematically consider all 
parameter uncertainties involved in long-term energy system 

38 



  

         
         

            
             
        

           
          

          
           

          
          

              
            

          
           

         
        

            
         

        
         

         
        

      

             
           

         
             

            
        

        
         

           
            

           
         
         

            
           
          

optimization models. They identify how uncertainties in the model 
constraints affect feasibility and uncertainties in the objective function
affect optimality, and both need to be considered. First and foremost, a 
solution needs to be feasible in all relevant situations, but it should also 
perform well in relevant alternative situations. Their methodology 
makes it possible to identify solutions that maintain feasibility for a 
wide range of constraint uncertainty without too much sacrifice on 
objective values. Essentially, their method also aims at identifying and 
evaluating a set of alternative system structures that can then be 
compared by decision makers. The acceptable degree of decrease in 
system performance that increased robustness may cost may vary case
by case and is to be decided in the decision making process. While the 
study by Moret et al. (2020) is rigorous regarding robustness, they point
out that the long-term national energy system optimization model they
used had applied reduced temporal resolution and a static time horizon.
The computational cost of implementing their methodology in a long-
term investment pathway optimization model with higher temporal 
resolution might prove to be too high since the number of uncertain 
constraints would be significantly larger than in their examples. 
Nevertheless, a similar approach should be implemented to 
systematically evaluate effects of parameter uncertainties. In Article III, 
system sensitivity is evaluated by simply experimenting with a few 
intuitively selected alternative cases, but a more systematic and 
rigorous approach would certainly be desirable. 

The type of models discussed in this thesis should all be paired with 
techniques such as those described above as part of a decision-making 
process. Whether planning regional or larger-scale energy systems, the 
design and use of models should be driven by the actual problem at 
hand, and the modelling output should be interpreted as part of the 
overall socio-environmental analysis. The modelling approaches in the 
featured articles all lean towards incorporating more complexity into 
the MILP models and solving fewer well-designed scenarios with 
longer computational times, while methods such as those used by Lund
et al. (2017b) or Berntsen and Trutnevyte (2017) are based on solving 
very large numbers of scenarios with fast models and analyzing the 
scenario outputs afterwards. It remains an open question whether 
methods dealing with uncertainty could be incorporated in district 
heating models such as in Article I or in long-term investment planning
models such as in Article IV, but implementing methods based on 
solving very large amounts of separate scenarios is unpractical due to 
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the required computational effort. Rather, these models fair better 
paired with careful prior design of diverse scenarios e.g. in a Story-and-
simulation approach. Model outputs could then be further analyzed 
from robustness and vulnerability perspectives, which could be 
considered a key target of energy system optimization; a high degree of
unpredictability most probably will continue to be a key feature of 
futures to come. 
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6. Conclusions 

This thesis has briefly presented the topic of energy system 
optimization models and challenges related to their development and 
application. Formulating mathematical models of energy systems
requires appropriate metrics and data on how system components such
as energy conversion, transportation and storage technologies function
and interact with each other and with the surrounding societal 
structures. Energy system models of very different spatial, temporal 
and technological levels of detail share many similarities, as they are 
based on the same thermodynamic principles. 

The work behind this thesis has resulted in four articles which deal with 
different energy system optimization modelling approaches. The 
models span from district heating pipeline network topology 
optimization to regional long-term energy investment pathway 
optimization. Main challenges in the modelling work were related to 
balancing levels of detail across model dimensions with computational
efficiency, finding relevant data for model parameters and inputs and 
analyzing model output with regards to inexactness and uncertainties
in model formulations and input data. Compromises were inevitable: 
high detail in district heating pipeline modelling required sacrificing
temporal detail, while high temporal resolution in investment planning
models required modest levels of technological detail. These balancing 
acts are ubiquitous in energy system optimization modelling as the 
models encompass such a wide range of scales and applications. Thus 
an emphasis has been placed on modelling approaches rather that 
specific models to underscore that models should preferably be 
selected or formulated in accordance with the actual problem at hand. 

Keeping in mind inherent restrictions and simplifications, the models 
developed in the featured articles can provide useful information 
which would be nearly impossible to retrieve without optimization 
techniques due to the large amount of technology options and 
structural alternatives in real-world energy systems. MILP models of 
district heating networks were formulated and solved, allowing for a 
coarse evaluation of how district heating fares in connection with more
decentralized technologies such as heat pumps and boilers as well as 
thermal storages. While real-world network topologies may be too 
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arduous to optimize in high detail, decomposition techniques were 
shown to be valuable for finding solutions to otherwise intractable 
network optimization problems. It was also shown that regional energy
investment planning models with hourly resolutions could be 
formulated as MILP problems, and optimization of example cases 
showed how sector integration favorably can increase the flexibility of 
systems with considerable amounts of intermittent renewable energy. 
Moreover, it was shown that a long-term investment planning model 
with perfect foresight and hourly time resolution could be formulated
and solved as an MILP problem. These findings constitute small steps
of basic research towards increasing the practical usefulness of energy
system models. 

All the developed modelling approaches share at least two significant
deficiencies: they overtly rely on cost minimization and they lack 
systematic uncertainty analyses. The scientific literature on the subject 
reveals that both these deficiencies are common, and research on 
amending this situation is ongoing. Moving beyond cost optimization
requires suitable metrics and data, and while greenhouse gas emissions 
or global warming potential have gained their place as a standard 
second objective in energy system models, they cannot 
comprehensively account for environmental impacts. A possible next 
step could be more extensive use of life-cycle analysis metrics in the 
energy system optimization models. Many techniques for analyzing
uncertainties and robust optimization exist, but implementing these in
the models may require additional sacrifices in detail due to the 
increased computational efforts. This would be a necessary step, 
however, since so many uncertainties in the input parameters of the 
models are present that optimization output without any systematic 
uncertainty analysis is highly questionable. Comparing near-optimal
solutions could also most likely be done with acceptable computational
effort. 

Continuous development of energy system models will be necessary as
the systems themselves develop and evolve. Research on general
modelling approaches adaptable and adjustable to specific situations is
highly relevant as the systems and the surrounding circumstances vary,
and are expected to continuously evolve in the near future along with 
technological innovations and more progressive environmental 
policies. Just as the development of energy systems occurs on many 
different levels, the progress and refinement of the tools used to 
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develop energy systems is seen on many levels. Decision-making 
frameworks, mathematical models, algorithms to solve the models, 
machines used to process these algorithms – all of these are developed 
simultaneously. Accordingly, there is an increasing call for multi-
disciplinary collaboration to bring relevant knowledge and skills 
together to appropriately address the actual challenges involved in 
preparing for flexible and efficient energy systems in an uncertain 
future. 
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