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Abstract

Microgrid Economics: Incentivizing Self-Consumption
of Solar Electricity in a DC Microgrid

Fouad El Gohary

The aim of this Master thesis was to develop a set of internal pricing models for a
microgrid that incentivizes its users to increase their self-consumption of PV
electricity. These price models were developed based on a current assessment of the
energy consumption habits of a set of buildings owned by a housing company in the
municipality of Kungsbacka, Sweden. Four general pricing models were suggested. The
first relies on real-time-pricing (RTP), capturing the hourly variability of the market
price as well as the hourly production of free PV electricity. The second allocates two
‘critical periods’ in the day, one where residents are encouraged to use electricity and
receive it for free and one where they are discouraged from using it and pay a
premium. The third model is a seasonal variant of the second. The fourth and final
model introduces a capacity charge component, where the fixed fee paid to the DSO
by the microgrid would be divided among residents in accordance to the average of
their 10 highest peaks (kW) during designated peak hours. The effect of these pricing
models was simulated on 15 apartments in the residential buildings. Over the course
of a year, a tenant’s bill does not change by more than 8%, although there are much
larger differences on a monthly basis. Which price model should be adopted will
ultimately depend on the specific context, the goals of the body administering the
model, and the pricing plans that have been set with the retailer and DSO. 
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1 Introduction 
 
1.1 Context 
 
‘Unprecedented’ was the word used by the IPCC to describe the scale of the transition needed to 
limit global warming to 1.5℃ [1]. Their special report released in October 2018 forecasts a closing 
12-year window to avert a ‘catastrophe’. While the UN has responded by outlining general goals 
and targets, the mandate to take action falls to its respective countries. Sweden is one country that 
has been measurably responsive to calls for climate action, decreasing internal greenhouse gas 
emissions by 25% since 1990 and leading the EU with the highest proportion of renewable energy 
use [2]. In 2017, the Swedish parliament introduced a climate policy framework that strives to 
make the country ‘climate neutral’ by 2045. Meeting this target would secure Sweden’s goal of 
becoming one of the world’s “first fossil free welfare nations.” [3, p.5].  
 
Accountable for the largest share of energy use in Sweden [4], the electricity sector is a pertinent 
focal point to any systemic transformation. As of 2015,  81% of Sweden’s electricity production 
derived from hydro and nuclear power, both low-carbon sources [5]. But despite the sector’s 
achievements, there are substantial challenges that lie ahead, both in maintaining its present 
performance and in satisfying its future goals. A primary challenge concerns a decision made by 
Sweden’s government in 2016 to decommission four nuclear reactors by 2020 [6]. While 
acknowledged as a reliable, low-carbon source of baseload generation, the risks associated with 
nuclear energy have made it a contentious topic. Although the government has clarified that it is 
not setting a deadline for banning nuclear power, it stands firmly by the principle that state support 
for new plants cannot be assumed and that the industry will be expected to financially support 
itself. Presently, no new nuclear reactors have been commissioned, implying the possible 
emergence of gaps in Sweden’s energy mix as retiring reactors are taken offline. How these gaps 
will be filled while abiding by a commitment to a decarbonized energy sector is a question that 
remains to be answered.  
 
Simultaneously, energy policy has been shifting from focusing solely on ensuring an adequate 
supply of energy (Wh) to also securing sufficient power output (W) [6]. This shift has been 
triggered by the recognized need of increased transmission capacity within Sweden, marked by 
bottlenecks in the grid. Although Sweden has never suffered a critical power failure, there has been 
a heightened risk in periods of peak demands. This risk has shaped elements of the grid system 
operator’s contingency plan for how to prevent and manage power shortages [7]. Disaster risk 
reduction has also been integrated into Sweden’s action plan for the 2030 agenda, cited as an 
“outstanding challenge” [2, p.33]. Sweden aims to abide by the Sendai Framework for Disaster 
Risk Reduction which entails “substantially reducing disaster damage to critical infrastructure and 
disruption of basic services” through strengthened resilience [8]. Improving the grid’s resilience 
and alleviating bottlenecks while maintaining performance levels and minimizing costs is 
consequently another project system operators and policy-makers must work towards. 
 
Sweden and other nations striving towards climate neutrality therefore face the two concurrent 
challenges of raising the share of renewable electricity production while maintaining the stability 
of an increasingly decentralized and intermittent grid. One strategy to confronting these challenges 
is the two-pronged approach of increasing solar production while also improving demand-side 
flexibility on the grid.  
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Encouraging the expansion of solar electricity production while also integrating consumers into 
the balance of the electricity grid are two measures that specifically target the residential and 
commercial sectors. These sectors account for roughly 40 percent of the energy used in Sweden, 
the majority of which is used by households and non-residential buildings [5]. Energy demand in 
buildings has been substantial enough to be explicitly targeted in an EU directive that requires all 
new buildings to be ‘nearly zero-energy’ by 2020 [9]. Installing PV systems on buildings is 
therefore one action towards securing energy self-sufficiency. Demand-side programs are 
additional instruments that can reduce the peak demand strains and lower congestion on the grid. 
Both these measures are receiving an increased level of attention. Improving customer 
participation and advancing demand-side flexibility are explicit goals at a national level of energy 
policy [6]. At the municipal level, cities like Stockholm have emphasized increasing solar 
electricity usage and incorporated quotas into a fossil-free roadmap [10]. 
 
Demand-side flexibility and PV expansion are two independent but parallel measures. Each can 
be pursued individually, but their combination can be mutually complementary, generating gains 
that extend beyond the sum of their benefits. Having consumers shift their consumption from peak 
periods to hours with high PV generation bolsters the expansion of localized solar energy. 
Correspondingly, PV capacity accompanied by an energy storage system can serve as a highly 
valuable tool that strengthens a consumer’s ability to shift or shave their demand peaks. While 
individualized demand-side management may create some benefits to consumers, microgrids, 
which join together groups of buildings and allow them to act as a “single controllable entity with 
respect to the grid” [11, p.890], amplify the benefits of combining demand flexibility with PV 
usage. A study estimating the benefits of cooperation in a residential microgrid concluded that 
“cooperative DR [demand response] results in higher cost saving for households than individual 
DR” since the peak demand of a system is usually not “the sum of all individual peaks” but rather 
occurs during a period of time “when all households are consuming above average simultaneously” 
[12, p. 138]. More effective demand response and higher cost savings fall among a list of other 
benefits that make cooperating through microgrids a topic that is particularly relevant to the future 
of energy policy.  
 
 
1.2 Background 
 
Microgrids have been generally defined as groups of “interconnected loads and distributed energy 
resources (DERs)” that are centrally controlled and operated as single entities [11, p.890]. The 
potential role they can play in decentralizing and ultimately transforming energy systems is an 
ongoing topic of research. The extensive and wide-ranging potential benefits of microgrids have 
led to a growing amount of attention in contemporary research. These benefits, which depend on 
the engagement of participants, range from reducing emissions, demand peaks and energy costs to 
increasing power quality, reliability and resilience [11], [13].  
 
A primary trait of any microgrid equipped with a PV system or some other form of distributed 
generation (DG), is that it can lower greenhouse gas emissions by displacing energy imported from 
the grid with low-carbon renewable sources. Sweden, among other countries with unusually high 
rates of renewables, is anomalous in that this effect can either be difficult to measure or appear to 
produce the opposite result (raising GHG emissions) from an environmental perspective. The 
reason for this lies in the fact that most of the grid’s electricity comes from either nuclear or 
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hydropower sources, both of which have lower GHG emission-intensities than solar PV [14]. Some 
lifecycle estimates would therefore conclude that using solar energy leads to more environmental 
harm than using electricity from the grid. Such conclusions overlook the possibility of regressive 
changes in a country’s energy mix (like the decommissioning of nuclear reactors previously 
mentioned) that would increase the grid’s GHG emissions. These estimates also neglect a 
distinction between peaking and base units in power systems, the former being responsible for 
significantly higher emissions that can be offset by DG [15]. Countries with large shares of low-
carbon baseload generation still rely on fossil fuels to balance fluctuations and meet peak demand 
in district heating, hospitals and other sectors. Accordingly, microgrids with DG can play a role in 
off-setting carbon emissions in periods of peak demand while also hedging against possible future 
fluctuations in the average carbon intensity of the grid’s electricity.  
 
Other advantages offered by microgrids include improvements in power quality, the ability to 
serve as a frequency control reserve (FCR) [16] and a higher reliability of supply, which protects 
consumers from the threat of outages or disruptions [11]. By reducing peak loads, microgrids also 
delay the need to upgrade the grid and therefore defer grid investments while also reducing 
maintenance and operation costs [13], [16]. This infrastructural investment deferral yields cost 
benefits for transmission and distribution system operators [17]. Microgrids additionally generate 
reductions in electricity losses, which benefit both system operators and consumers. Localized 
generation in the form of PV panels reduce the need to import energy from the grid, which in turn 
decrease electricity flows in networks yielding lower transmission and distribution losses [15]. 
Consumers can reap further economic benefits through intelligently controlled microgrids. 
Microgrids with DG and energy storage can provide power to the grid in periods of peak demand 
and high prices, and then purchase energy from the grid when prices are low, generating cost 
reductions for users [13].  
 
Perhaps most importantly, the proliferation of microgrids could yield significant benefits for the 
electricity sector in its entirety. In the context of power systems, resiliency is the ability of a system 
to “withstand low-probability high-impact events by minimizing possible power outages” and 
quickly returning the system to a stable equilibrium [11]. These events can range from natural 
disaster and extreme weather events to human-induced cyber and infrastructure attacks [18].  An 
electricity system composed of microgrids would be far less susceptible to critical failure than a 
centralized system with vulnerable nodes. These potential benefits suggest that despite their 
localized boundaries, microgrids should also be of substantial interest to system operators and 
policy makers.  
 
Whether these potential benefits are ever realized largely depends on how a microgrid is used by 
the consumers and prosumers that occupy it. Connecting buildings into an integrated system with 
energy sharing capabilities enables these advantages, but by no means guarantees them. If users 
are unable to shift their energy peaks and make use of their DG capacities, then few of the gains 
mentioned above will materialize. Ultimately, the ability of users to cooperatively optimize their 
consumption patterns will be the major determinant of a microgrid’s effectiveness. Understanding 
the forces that drive, shape and alter user behaviour is therefore of crucial importance. Ensuring 
that users have the signals and incentives necessary to align their consumptions habits with optimal 
system performance is imperative.  
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1.3 Aim 
 
The aim of this thesis is to develop and propose an internal pricing model that prices electricity 
inside a microgrid so as to incentivize residents to participate in load-shifting practices that 
increase the self-consumption rate of their PV systems while maintaining a fair and equitable 
distribution of costs. Many of the potential microgrid benefits outlined in the section above are 
contingent on the ability of consumers to increase their rates of self-consumption. The more PV 
electricity is used internally, the bigger the reductions in cost, losses and emissions.  
 
In particular, this thesis will look at how prices and the signals they convey could be structured in 
order to nudge participants to increase the microgrid’s overall self-consumption rate. While the 
‘external’ prices paid by the microgrid for its electricity usage is set and fixed by its respective 
retailer and DSO, this thesis will specifically look at how these prices are then transmitted and 
distributed amongst the participants of the microgrid 
 
A persistent problem with energy business models and electricity prices in general is their failure 
to transmit market signals to the end-consumer. Prices vary in constant flux across the electricity 
market. Changes in supply and demand force energy producers to change their output which sends 
market signals to traders and retailers further down the chain. Strains and congestion on the grid 
force system operators to invest in capacity upgrades which are then reflected in increased costs 
for DSOs. How these costs, among others, are passed to down to the final end-consumers is 
important to eliciting a behavioural response. Packaging all these various costs together and then 
charging consumers fixed prices, or volumetric charges (SEK/kWh) fails to communicate the 
market conditions of which consumers are ultimately a part of. Similarly, when compensating 
prosumers for produced solar energy, failing to highlight the signals that would promote 
sustainable behaviour can generate non-optimal conditions. Simply disbursing payments for the 
total amount of energy (kWh) generated by the solar panels (e.g. via a green-certificate system) 
and/or for energy sold back to the grid (e.g. via an feed-in-tariff) fails to convey that a prosumer’s 
self-consumption rate and time of use is important to the grid’s performance.   
 
The proposed pricing model is intended to address these deficiencies while incentivizing an 
increase in the share of PV self-consumption in the microgrid, reducing overall electricity costs 
and establishing an equitable and reflective distribution of costs. A secondary goal is to include 
optional features that target demand-peaks, which are recognized as problematic by DSOs and 
system operators for reasons that are further outlined in the literature review section below. The 
ambition to have the pricing models be generalizable and adaptable to different settings and 
contexts therefore warrants the inclusion of add-ons that target demand peaks. Researchers, policy-
makers and governmental authorities will be able to draw on the outcomes of this research, as will 
energy companies, businesses and system operators. Fundamentally, the ambition of this thesis is 
to extend the boundaries of the relatively unexplored topic of microgrid economics while 
contributing to the transition towards a sustainable energy system. 
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1.4 Empirical Context 
 
 
The Swedish Energy Agency has financed a three-year project (ending in October 2019) into the 
development of a solution for the optimal use of solar electricity in buildings. The project’s primary 
aim is to explore how the self-consumption of PV generated electricity in a given area can be 
increased through a DC microgrid in Fjärås, a residential community in the municipality of 
Kungsbacka. Eksta Bostads AB, the housing company responsible for the demonstration area, is 
collaborating with the electronics manufacturer Ferroamp Elektronik AB, Uppsala University, the 
Royal Institute of Technology in Stockholm (KTH) and Research Institutes of Sweden (RISE) to 
optimize the microgrid’s performance and align the supply of solar electricity with demand in the 
microgrid.  
 
The demonstration area consists of four connected residential buildings that form a microgrid 
(connected since late 2017). This microgrid is equipped with a 21-kWh energy storage system and 
several PV installations (110 kW in total as of 2019) its operation is managed by a set of five of 
Ferroamp’s EnergyHubs, which optimize the flow of energy between the batteries, solar panels, 
and buildings. The microgrid is set to be expanded during 2019 and will include a neighbouring 
set of buildings that consist of a preschool, an elderly home, a caretaker’s office and a group home 
for people with disabilities.  
 
Currently, the housing company pays two bills for the electricity that is consumed within the 
microgrid. The first goes to the retailer and is based on real-time-pricing, and so mirrors the spot 
price with added margins. The second is a flat monthly-fee that is paid to the DSO and is calculated 
in accordance with the size of the fuse in each building. These costs are then passed on to the 
tenants in a different manner. There are two components to their electricity bills, the first is a 
volumetric fee of 1.25 SEK/kWh and the second is a flat monthly network charge of 126.25 SEK. 
The discrepancy between how Eksta and the tenants pay their monthly bills is problematic. By 
charging residents, a flat volumetric charge (per kWh), Eksta can oscillate between incurring a risk 
from the variability of the market price and overcharging residents in order to hedge itself against 
losses. Both scenarios are unfavourable and don’t transmit any signal to residents who might 
otherwise act on this information.  The tenants’ current pricing scheme also contains no incentives 
to increase self-consumption, minimize exports to minimize demand peaks. The contribution of 
this thesis will therefore be a proposal for an internal pricing model that would be applied to the 
microgrid once all the buildings are connected. The thesis will be carried out in collaboration with 
Incoord, a Stockholm-based installation consultant that will supervise and provide technical 
assistance.  
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2 Literature Review 
 
2.1 Business Models 
 
There is a wide range of existing literature on electricity pricing and tariff design. All but one of 
the papers reviewed specifically pertain to the network operators that determine the price of 
electricity on the distribution network. It is therefore important to reiterate that the pricing model 
proposed through this research is strictly internal to the microgrid and its participants. It would 
theoretically be administered and operated by the housing association that is responsible for the 
properties connected in the microgrid. Costs imposed by the network operators (and retailers) in 
this case must be accepted as fixed and unalterable. This means that any rate proposed must be 
“revenue neutral”. Two rates can be considered revenue neutral “when they produce the same 
revenue for the rate class, absent any changes in consumption patterns” [19]. The bills paid to the 
DSO and retailer at the end of each month are fixed constraints, only the distribution of the 
associated costs amongst the microgrid’s participants can be modified. Nevertheless, the following 
literature is highly valuable in understanding the fundamental elements that should be taken into 
account when allocating costs.  
 
Despite the fact that most of the costs incurred by an electricity distribution network stem from the 
delivery of an adequate supply of power (kW) and not energy (kWh), some network operators still 
opt to recover their costs through volumetric charges (i.e. price per kWh). One paper puts forth 
two explanations for why this might be the case; first, it could be considered more fair to charge 
consumers based on how much electricity they use rather than having a fixed charge, and second, 
a small price-elasticity of demand means that if the network operator needs to further increase 
volumetric charges to recover more costs, revenue loss would be minor [20]. These justifications, 
however, have been undermined by the expansion of PV installations on residential buildings 
which alter the price-elasticity of demand from the grid, as well as a general shift towards more 
cost-reflective tariffs [21]. As volumetric charges rise, consumers are more incentivized to adopt 
solar technology, which would then lead to a drop in the network operator’s revenue. The network 
operator would then be obligated to raise their rates further, with the burden now 
disproportionately falling on residents who have not (or could not) install PV systems [22, p. 212]. 
This phenomenon has been termed the “death spiral”, and is one reason network operators have 
abandoned relying solely on volumetric charges and have looked towards reforming network tariff 
design [20], [23].  Another important reason is the recognition of the scale of the costs that can be 
saved if consumers could be incentivized to decrease their power usage during periods of high 
demand. One study of Australia’s power network estimates that from a total of $17.6 billion spent 
on expanding networks between 2009 and 2013, $7.8 billion “could have been avoided” had 
consumers been encouraged to “use less power in periods of peak demand” [21, p.1]. As long as 
households are not required to pay more for power at peak periods, there is no financial incentive 
to decrease peak-time power consumption. The result is then that all consumers pay higher average 
prices regardless of their contribution to inflating these prices [19].  
 
Demand charges, tariffs that are “based on the capacity of the infrastructure that must be built” to 
carry a maximum load, have been recognized as more cost reflective of maintaining and operating 
electricity networks [23]. Critical peak pricing (CPP) is another more targeted approach, where 
customers “are told in advance of an imminent peak demand event that will trigger a period of 
high prices”, where the customer would be charged a substantially higher charge [21, p.20]. One 
study combines both characteristics, and proposes a ‘maximum demand’ charge that “should align 
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with the timing of the system peak demand that drives the costs the utility is aiming to recover” 
[19, p.35]. This charge could either be “based on the customer’s maximum demand over the course 
of the month” as in the billing demand charge scheme, or it could be based on the peak hours 
during the “few highest-demand days of the year”, which shares more similarities with critical peak 
pricing [19]. The authors have even proposed taking the average of the top 5-10 hours so that 
customers are not “penalized” for anomalous cases or an “isolated spike”. One possibility is to 
incorporate a “ratchet”, where a “customer’s demand measurement is set during the months of the 
system peak” and then “applies for the rest of the year until the next peak demand season arrives” 
[19, p.34]. The idea would be to improve “bill stability”, “relate demand to the timing of the system 
peak” while also “reducing the customer’s ability to avoid the demand charge in non-peak 
months”. While a choice can be made between the previously listed options, there is also the 
possibility of combining different elements of the various pricing schemes in order to design a 
tariff that reflects the various types of associated costs [22]. Other schemes include real-time-
pricing (RTP) and time-of-use pricing (TOU), the first of which prices electricity differently within 
the day (usually by the hour) and the second involves a price differential between two different 
time periods, typically a ‘low-price’ time for off-peak hours and a ‘high-price’ time for peak hours.  
 
There are differences between the various pricing methods, both in their performance and in how 
they distribute costs. Volumetric billing, which is the method currently being used to charge the 
microgrid’s users has actually been shown to exacerbate absolute peaks and cause unstable load 
profiles in a microgrid [24, p.810]. On this basis, the paper recommended avoiding volumetric 
billing and adopting demand charges. TOU takes a preliminary step towards a time-based price 
differentiation but seems to offer weaker incentives compared to the other options. One study 
concludes that it “induces very little changes in load curves” and generates a lower response than 
CPP for example [25, p.749]. Another study finds the response of TOU limited to 10%, given no 
technology that aids users to actively reduce peaks [26]. One study found that while TOU lead to 
3-6% reduction in peak demand, CPP induces drops that ranged from 13-20%, the conclusion 
being that “the higher the price that customers face during peak periods, the greater is the amount 
of demand response they are likely to exhibit” [27, p.2]. In the specific context of microgrids, CPP 
is commended for posing “moderate price risks” while encouraging “demand reductions during 
the few extreme peaks which determine most macrogrid costs”[24, p.811]. Demand charges have 
also been shown to be particularly effective, especially when combined with PV. Most effective 
are demand charges that have been applied to a pre-defined peak period, as opposed to basic 
demand charges which take the maximum demand over any point in time over the course of a 
month [28]. Users were able to reduce their demand charges by 3% using rooftop solar under the 
“basic” demand charge scheme, but when a pre-defined period was set during the 12-4 pm period 
users will able to reduce their demand charges by up to 50% [28, p.2].  
 
2.2 Engagement 
 
The business model that this thesis strives to develop is not intended to be a solely passive 
distribution of costs. Additionally, the goal of the business model is to engage its users and elicit 
a behavioural response. In conjunction with considering electricity pricing, it is important to 
explore how users can be engaged, what their motivations are, and how they can be made to 
respond to prices. As summarized in one research paper, “there will be no smart grid when there 
are hardly actors that are willing to become part of it” [23, p.822]. The prices that result from any 
business model are only one determinant of the consumer behaviour that these models have set out 
to change. “Attitudes, norms, agency, habits” are another set of determinants, as are “household 



9 
 

size” , “energy literacy”  and “standards of comfort” [24, p.1]. Some studies have shown that 
financial motives were “primary” [31] while more recent ones have shown that  “the 
environmental argument” played a central role in encouraging the adoption of small-scale 
production of electricity as well as green electricity tariffs [32]–[34]. A general level of 
engagement is therefore important to motivating consumers [35], as is some form of compensation 
“for the cost of discomfort” that comes with changing habits and providing flexibility [32, p.546].  
 
It is also important to recognize that besides the various drivers and motivating factors behind 
consumer behaviour, there are also wide differences between the consumers themselves. Different 
actors have different motivators and will accordingly respond differently to the same policy. This 
is especially relevant to the case of a microgrid where there is a diverse set of participants who 
aren’t all residential inhabitants. One study that looked at solar adoption split interviewees into 
four categories: “non-adopters”, “environmentally engaged adopters”, a “professionally skilled 
group” and “accidental adopters” [33, p.6]. When provided with information on solar electricity 
(i.e different PV systems, options and benefits) some found the information “too complicated” and 
“emphasized barriers” while others found it easily accessible or needed little information before 
being convinced to adopt. This has important implications when it comes to designing a business 
model. There will be a trade-off between the cost-reflectiveness and complexity of a business 
model on the one hand, and its simplicity, intelligibility and respective likelihood of eliciting a 
response on the other. Policies that target behavioural change must therefore be flexible and 
adaptable enough to accommodate to the diverse set of motivators that a target population exhibits. 
 
The inelasticity of electricity demand means that while different tariffs and pricing schemes can 
elicit a behavioural response to some degree, this response can be amplified when prices are 
accompanied with feedback. Prices therefore should not just a be passive reflection of costs 
incurred by grid operators, but should “emphasize the ‘right’ moments to use electricity” [35 
p.1065]. One example of how this can be carried out was demonstrated through a field test in the 
Netherlands. The study made use of a “Home Energy Management System (HEMS), connected to 
a wall-mounted display” which was “designed to incorporate persuasive methods, providing 
feedback and feed-forward, enhanced with visuals, comparisons and rewards, enabling instant 
interpretation of the results and understanding of one’s electricity consumption and production” 
[35, p.1065]. Other examples of feedback are “Home Energy Report Letters”, which were sent to 
customers in one study that compared energy consumption amongst neighbours, using emoticons 
and other “descriptive and injunctive messages” [36, p.357]. Energy consumption was 
consequently reduced by 2%.   
  
As with the possible business models, there is no one-size-fits-all approach to incorporating 
informational feedback into the electricity bills of consumers. Tailoring the information to the 
specific characteristics of the target population and coupling different forms of feedback such as 
in-home displays or phone applications with “visual recalls” like stickers and fridge magnets have 
also been shown to be effective in engaging consumers [qr], [qs]. In the particular case of 
encouraging PV electricity usage to offset peak demands, it is beneficial to try and couple ‘positive’ 
energy use with times when the sun is shining. This yielded positive results in one study in 
Denmark, where families responded to this scheme and agreed to “primarily use energy when the 
sun was shining”, shifting washing and drying activities, and using a broom instead of a vacuum 
cleaner when there was no sun [qt]. This was mostly effective with families who had occupants’ 
home during midday hours and was more difficult to achieve with working families, a concern that 
was substantiated in a similar study in Sweden [qu]. 
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3 Methods 
 
3.1 Data 
 
This report will draw on data from two primary sources. The first source is the DSO responsible 
for the demonstration area. Excel sheets that contain hourly values for the import and export of 
electricity between all the buildings and the grid were accessed, downloaded and delivered by the 
housing company. Data was provided for the entire year of 2018. The dataset was intact for all the 
‘non-residential buildings’ (elderly home, preschool and disability home). There were some 
irregularities in the data sets of the residential buildings. A few buildings had some missing 
months, which were then estimated and filled in. Additionally, a few sheets were for months in 
2019, since their counterparts in 2018 were missing. The dates were then manually appended to 
2018 in order to carry out the analysis. A detailed list of all modifications and adjustments made 
to the data set can be found in the appendix.  
 
The second data source is Ferroamp, the electronics manufacturer that has installed the energy 
storage system that controls the flow of energy in the current microgrid. Their system includes a 
set of internal meters that records electricity flows between buildings, as well as imports, exports 
and PV production. While import and export readings from the Ferroamp system matched the DSO 
values when summed up into months, there were regular discrepancies in the hourly values. This 
was attributed to the way the Ferroamp system optimizes electricity flows between three phases. 
It could be exporting electricity through one phase and importing through the other two, even if 
this summed up to 0. For this reason, the DSO’s data was relied on for imports and exports. 
Ferroamp’s data however, was used to calculate the monthly and hourly amounts of solar energy 
generated for the residential buildings. Solar production for the non-residential buildings was 
acquired from a representative at WSP who had worked in the project earlier on.  
 
3.2 Procedure 
 
The data above was cleaned and organized using Jupyter Notebooks, a Python-based web 
application. These adjustments are outlined in Appendix A. Import, export and PV production data 
were aggregated in various ways (monthly, hourly, seasonally) in order to generate visualizations 
that shed some light on consumption and production patterns in the current buildings. Using the 
raw data, each building’s consumption was calculated on an hourly basis by summing up its hourly 
import and PV production while subtracting any exports. After an initial analysis on the current 
scheme, where only the residential buildings are attached in a microgrid, the data was then merged 
to simulate how the electricity patterns in 2018 would have looked like if all the buildings were 
connected in the microgrid. A second simulation was then carried out in order to model the same 
microgrid under the theoretical scenario where the buildings’ consumption profiles were more 
balanced. The results from this analysis was then used to propose four pricing models that could 
be applied both in Eksta and elsewhere. 
 
The procedure outlined above is intended to reveal patterns and identify leverage points that could 
be useful for developing the internal pricing model. Given the aim of maximizing self-
consumption and eliminating exports, understanding the patterns and hours of electricity usage in 
the microgrid is of crucial importance. Specifically, the procedure attempts to answer the following 
questions: 
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1. What are the peak-to-average ratios (PAR) of the buildings? 
2. What are the peak consumption hours of each building?  
3. What are the peak export hours of each building? 
4. What will the peak consumption and export hours be when all the buildings are connected 

in a microgrid?  
5. How would these peak consumption and export hours change if the microgrid were more 

balanced (i.e not dominated by one single building) 
6. How self-sufficient are the buildings in the current arrangement? What will the microgrid’s 

total self-sufficiency rate be when all buildings are connected? 
7. What are the self-consumption rates of the buildings in the current arrangement? How will 

this change when they are connected in a microgrid? 
8. When do the highest consumption peaks occur in the buildings? When will they occur 

when they are all connected in a microgrid? 
 
Answering these questions will in turn allow for a better policy prescription when it comes to the 
business model. The analysis will help determine the potential and importance of peak-shaving, 
which hours should be targeted for load-shifting, and what effect connecting the microgrid will 
have on the combined consumption patterns of its users.  
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4 Analysis 
 
4.1 Consumption Histograms  
 
A set of histograms on the consumption values of the different buildings serves as an exploratory 
point of departure.  
 

 
 

Figure 1: Consumption histograms for different buildings  
 
 

While the elderly home histogram resembles a normal distribution with a slight rightward skew, 
the residential buildings, pre-school and disability home all exhibit more extreme rightward skews. 
What these histograms reflect is that the consumption peaks for each of these buildings is 
substantially higher than the average usage. The more skewed the distribution, the larger this 
difference. These histograms imply that there is potential to reduce consumption peaks, which in 
turn would reduce the capacity costs incurred by the DSO on these building as well as the 
respective prices they have to pay in return.  
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Another way to interpret these consumption patterns would be through calculating the Peak-to-
Average Ratio (PAR) of each building. The PAR is a simple ratio of a building’s maximum 
consumption value to its average consumption value. The standard deviation for each building’s 
consumption values are also shown.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1: PAR and SD values for different buildings  
 
The elderly home has the lowest PAR, with a peak that is twice as high as the building’s average 
consumption. The pre-school has an extremely high PAR, with its annual peak more than four 
times higher than its average use.  
 
4.2 Average Hourly Values  
 
For a more detailed look at the consumption profiles of the buildings, the data was aggregated into 
hourly values and then averaged over the entire year, generating profiles that reflect an average 
value for a given building during a specific hour. This was done for the raw import, PV production 
and export data, as well as the calculated consumption values.   
 
 
 
4.2.1 Consumption  
 
The following set of graphs shows the consumption profiles for the various buildings. It is 
important to keep in mind that these are not set to the same scale and are only intended to display 
the different distributions.  
 

Building PAR SD 

Residential Buildings  
2.90 

 
2.75 

Elderly Home  
2.00 

 
13.54 

Preschool  
4.59 

 
4.68 

Disability Home  
2.87 

 
1.01 
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Figure 2: Average consumption values per hour over 2018  
 
 
 
 
 
An important deduction from the above charts is the different peaks associated with each building. 
The residential buildings exhibit the ‘traditional’ peak of 17.00 which generally aligns with dinner 
time and when residents return home after work. This peak is also visible in the disability home. 
The pre-school’s peak hours are during the morning, likely when children arrive and the school 
day begins, tapering off around lunch time. The elderly home has a somewhat unusual 
consumption profile, with a sharp peak around 10.00, falling right around lunch time and then 
rising again in the afternoon. Upon investigation it was deduced that the morning peak is 
attributable to the daily lunch time preparation, where the kitchen in the elderly home is used to 
prepare lunch for all the elderly as well as the children in the pre-school. Combining the differing 
distributions above into one microgrid should serve to counteract a high PAR and reduce hourly 
peaks while flattening the distribution. In this particular case, however, the potential ‘flattening-
out’ effect is offset by the disproportionately high share of electricity consumption from the elderly 
home, which is an order of magnitude larger than all the others. A scaled version of the above 
graph demonstrates this point.  
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Figure 3: Average consumption values per hour over 2018 (Scaled) 
 
The above graph shows the different building profiles set to the same y-axis. The elderly home’s 
consumption is substantially larger than that of all the other buildings. This suggests that a 
microgrid that contains all buildings will have a consumption profile that is highly similar to the 
that of the elderly home.   
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4.2.2 Solar Production 
 
The hourly profile of the solar energy produced by each building’s PV system is intuitive to sketch, 
with a normal distribution centred around noon.  
 

 
 

Figure 4: Average PV production values per hour over 2018  
 
The elderly home is equipped with the highest capacity PV system, although this does not 
sufficiently compensate for the higher scale of consumption.  
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4.2.3 Exports 
 
Only the residential buildings and the pre-school had any exports. The absence of any exports from 
the elderly home is due to its high consumption and the alignment of this consumption with periods 
of high amounts of sunlight. The absence of exports from the disability home is likely due to the 
relatively small size of the PV system. 
 

 
Figure 5: Average export values per hour over 2018  

 
One interesting observation in both these graphs is that although peak insolation occurs around 
midday, both export peaks are offset by around an hour, occurring around 13.00. This is likely due 
to the batteries charging and offsetting the time when a building’s requirements are met, delaying 
exports.  
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4.3 Seasonal Comparison 
 
In order to explore seasonal variations in the above profiles, the data was split into ‘summer’ and 
‘other’ sets. The summer set contained data on the months of June, July and August, while the 
winter set contained data for all other months. Non-summer months were bundled together in order 
to try and isolate them from the months where one would expect the highest value of exports. 
 
As expected, imports decrease during the summer months, offset by electricity from the PV 
system. There was no significant change in the actual profiles and the respective peak hours for all 
the buildings, which means that their behavioural patterns remain the same throughout the seasons.   
 
The seasonal difference is more striking when comparing exports. The summer values, displayed 
in the lighter shade above, are at least three times the average of the winter months. Although the 
problem of exports can be considered to be mainly a summer-time problem, export values around 
noon are not negligible during the non-summer months. This has implications regarding the design 
of an appropriate pricing model. Namely, it becomes important to consider whether any policy 
intervention should be time-invariant or whether it should specifically target the summer months.  
 

 
Figure 6: Seasonal comparison of export profiles 
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4.4 Solar Energy Use  
 
Another critical question, given the goal of increasing self-consumption, is how much of the PV 
electricity generated was lost to the grid in 2018. Only the residential buildings and the pre-school 
had any exports, which means all other buildings already have a self-consumption rate of 100%. 
The monthly self-consumption rates of the residential buildings and the pre-school are shown 
below.  
 

 
Figure 7: Self-consumption rates of residential buildings and pre-school  

 
 
 
4.5 Critical Events  
 
As discussed in earlier sections, sharp demand peaks are disadvantageous both to the DSO and the 
user, as it drives up costs in infrastructure requirements that are then passed on to users. Some 
price plans include components that reflect the cost of demand peaks (i.e demand charges), others 
package them into a flat rate. Although demand peaks occur daily, weekly and monthly, what will 
ultimately set the DSO’s infrastructural needs and determine the price is the maximum conceivable 
power requirement that a given customer might need, since it is the DSO’s responsibility to avert 
a possible power system failure. A given user’s maximum peaks generates a cost that needs to be 
recovered by a DSO in one form or another. This section aims to shed light on these demand peaks 
and the timing of their occurrences. Instead of looking only at the annual maximum, a single value, 
this section will look at what has been termed ‘critical events’, the top 1% of all import peaks in a 
given year. The 1% figure was taken arbitrarily. One could decide to look at the top 10 critical 
events, or the top 10% of critical events. A single value could be an anomalous outlier (i.e very 
cold winter day, or the timing of a big social event), and so taking 1% of all the year’s hours creates 
a small sample of critical events that would dilute the effect of an outlier while still giving an 
illustration of the year’s distribution of critical events.   
 
There are two important components to critical events. The first is the month they occur in and the 
second is the hours they fall into. Understanding the distribution of critical events across the 
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months of the year allows one to understand whether peak events are more likely to happen in one 
season over another or whether they are equally likely at any time of the year. The distribution of 
critical events over the hours of the day instead reveals whether these events typically coincide 
with the peak of the average hourly consumption graphs (figure 2) or whether they are more 
sporadic. The graphs below display a count on the y-axis, with the number corresponding to the 
number of events registered in that month. 
 

 
Figure 8: Critical events by month in the current layout 

 
It is evident that there are virtually no critical events during the summer months. Critical events 
overwhelmingly occur during the winter months, especially during the period of November – 
February.  
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Figure 9: Critical events by hour in the current layout 

 
 
The distribution of critical events across the hours of the day shows a more divergent pattern. Each 
building’s critical events correspond to their respective peaks in the average hourly graphs (figure 
3). In the residential buildings, most critical events occur during the after-work peak of 17.00. A 
similar pattern is observed in the disability home. Most of the preschool’s critical events occur 
during the morning hours. The elderly home has a flatter distribution, with the maximum number 
of critical events occurring during 10.00 when the kitchen begins preparing lunches. A similar 
number of critical events occur during the afternoon hours, between 14.00-16.00.  
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4.6 Microgrid Simulations 
 
The previous sections have looked at the data of the residential buildings (which form their own 
microgrid) as well as the three mentioned stand-alone buildings; the elderly home, preschool and 
disability home. The aim of this thesis however, is to prescribe a business model that would apply 
to the future case where all the buildings are connected together into a microgrid. It is therefore 
important to understand the energy performance of this future microgrid. By fusing each building’s 
consumption, production and export data together, these simulations are intended to re-apply the 
analysis in the sections above to the future microgrid.  
 
In order to simulate the energy performance of a microgrid that contains all the above buildings, 
the imports of each building were summed up on an hourly basis. These values were then added 
to the hourly amounts of PV production and then hourly export values were subtracted from them 
to yield hourly consumption values. The same analysis carried out on the individual buildings 
above was then replicated.  
 
This section considers two theoretical microgrids. The first, microgrid A, is a combination of all 
the current buildings outlined in the section above. It therefore forecasts the future energy 
performance of the microgrid once all buildings are connected. But as demonstrated in Figure 3, 
most of the collective consumption comes from the elderly home, and its profiles will likely mould 
microgrid A’s profiles. This, alongside Eksta’s goals of achieving full PV self-sufficiency in the 
future (implying a likely expansion in PV capacity) justified the simulation of a second theoretical 
microgrid, microgrid B, where the elderly home’s consumption is scaled down so that all the 
buildings have a more equal weight in the microgrid’s collective balance. Studying a more 
balanced microgrid allows for a comprehensive assessment that could produce a more general 
policy proposal. Simulating an increase in PV capacity would be an intuitive course of action given 
Eksta’s goals, but the disproportionate weight of the elderly home’s consumption remains an 
obstacle to the exploration of a more general case. As long as the consumption values remain 
constant, the simulation mainly reflects the electricity usage of the elderly home, with the 
microgrid’s contribution entirely overshadowed. Scaling down the elderly home’s consumption 
while holding its PV production constant therefore allows us to simulate a situation where the 
microgrid has a relatively increased PV capacity and a more balanced arrangement between 
buildings that is informative for more general cases. 
 
A scaling factor was calculated by dividing the maximum consumption value of the residential 
buildings by the maximum consumption value of the elderly home. This yielded an approximate 
figure of 20%, which was then multiplied by all the elderly home’s consumption values. The 
reasoning behind this method was to consider a more balanced case where the maximum 
consumption value of the elderly home does not exceed that of the residential homes. The results 
from both simulations are displayed below. 
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4.6.1 Average Hourly Values 
 

 
 

Figure 10: Hourly averages for microgrid’s import and consumption over 2018 
 

 
Microgrid A’s average hourly import and consumption strongly resemble those of the elderly 
home in Figures 3 and 4 while microgrid B’s distribution is somewhat flatter. The added benefit 
of the other buildings’ PV system is apparent in both cases, with larger gaps between import and 
consumption values during midday hours. This is attributable to PV electricity that was usually 
lost to the grid instead being used to offset the imports of the elderly home.  
 
There were almost no exports in the microgrid A. Only 26 hours in the entire year registered any 
export values. A list of these hours, what dates they occurred and what the respective export 
values was outputted using Jupyter and is attached in the appendix.  
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Figure 12: Hourly averages for microgrids’ export over 2018 

 
 
Although the export values of microgrid A were largely insignificant, it is still important to 
consider the hours where these events occurred. All occurred either during noon or 13.00. While 
this is a confirmation that Eksta’s export problem will be eliminated upon connecting the 
microgrid, any upgrade in PV capacity will see a rise in exports during these hours. This is the 
case for microgrid B, where although the elderly home’s consumption values were scaled down, 
its PV production values were left unaltered in order to demonstrate an excess PV capacity case.  
 
 

 
Figure 13: Self-consumption rates of microgrids A and B 
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4.6.2 Critical Events 
 
As expected, microgrid A’s critical events closely mirror those of the elderly home’s due to its 
respective weight in the total microgrid’s consumption. Microgrid B’s critical events still fall 
predominantly in the winter season between the months of November to January. On an hourly 
basis, the reduction of the elderly home’s consumption scales down the number of critical events 
at 10.00, shifting more critical events to 16.00.   
 

 
 

Figure 14: Critical events by by month in the microgrids 
 

 
 

Figure 15: Critical events by hour in the microgrids 
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5 Price Models 
 
The simulation results of microgrid A reveal that the goal of eliminating exports would be met 
simply by connecting all the current buildings together, without any need for a policy intervention. 
The pricing model remains relevant for two main reasons. The first is Eksta’s ambition of 
becoming entirely self-sufficient in the future, which implies a future expansion in PV capacity. 
Eksta need not wait for this to happen before applying a pricing model. Anticipating this expansion 
and pre-emptively applying a price model that targets self-consumption will provide signals that 
could ensure the grid’s users have already adopted ‘positive’ behavioural patterns. The second 
reason is the intention for these pricing models to be generalizable and applicable in a wider range 
of settings. Eksta’s microgrid is ‘unbalanced’ in the sense that one building’s energy consumption 
is dominant over others. In more balanced scenarios, like microgrid B, there could be a higher 
degree of interaction between the different building’s energy profiles, or a higher self-sufficiency 
rate which renders the goal of increasing self-consumption through behavioural change more 
valuable.   
 
It is worth recalling the current pricing model under which the residential buildings are operating 
under. As of now tenants pay a flat volumetric fee of 1.25 SEK/kWh. This value remains constant 
throughout the year, and so tenants only pay in accordance to how much energy they use, and not 
the time at which they use it or the peaks they might be contributing to. The total cost incurred by 
the buildings varies on an hourly basis, because there is a real-time component under the buildings’ 
plan with the retailer. The discrepancy between the hourly average paid by the building and that 
paid by the tenant is shown below. 
 

  
 

Figure 16: Comparison between hourly cost incurred by residential buildings and the price paid by the tenants. 
 
 
The primary goal of the price models remains to be the incentivization of a higher share of self-
consumption. A secondary goal is to reduce demand peaks either by cutting consumption during 
that time or shifting to other times. These goals are to be met while maintaining a relatively 
equitable distribution of electricity prices that does not disproportionately harm a given user. 
Important points to consider from the results above is that exports occur mostly during the summer 
months and mostly at 13.00, while consumption peaks are usually highest during the winter, mostly 
during 16.00 but also around 10.00. These considerations guided the development of the pricing 
models described below.  
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It is worth mentioning that these price models are not arbitrary but are variants of existing models 
that have primarily been explored or used by DSOs. They build on three prominent price models 
that have previously been introduced in the literature review: Real-time pricing (RTP), critical 
peak pricing (CPP) and demand charges. The models below are slightly different adaptations that 
have been tuned to target the specific goal of increased self-consumption. The effect of these 
models was simulated on 15 of the 16 households from the residential buildings (one had missing 
values), whose hourly consumption data for 2018 was provided by Eksta.  
 
5.1 Real-Time-Pricing (RTP) Model 
 
The goal of an RTP model is to transmit to users an hourly price that is reflective of the costs 
incurred by the microgrid. One element to this is charging hourly electricity prices that vary in 
accordance with the market price of electricity (a.k.a. the spot price), instead of a flat monthly 
volumetric fee. Users can then be informed on when more expensive hours usually take place. 
There is nothing entirely new about RTP, it is offered by all retailers in Sweden and does not 
require users to have any form of distributed generation. It is simply a method of encouraging 
consumers to be more responsive to their time of use.  
 
Under the current scheme, the housing company only pays a real-time component for part of the 
total microgrid bill, the retailer component. The DSO component has no time-of-use element and 
is a basic flat-fee that is applied monthly and divided across the tenants.  The RTP model proposed 
in this section aims to pass on the real-time retailer component onto the tenants. While the DSO 
component could be passed on in its current form, a flat-fee, it was instead decided to ‘absorb’ the 
DSO component into the real-time rate. The price plan with the DSO contains no incentives 
embedded into its pricing structure and so there are no signals to pass on. Instead of having a flat-
fee for the DSO component and a real-time rate for the retailer component, this pricing model 
proposes one real-time rate that is inflated by a certain factor in order to cover the DSO’s flat-fee 
and other administrative costs.    
  
This model, which is adjusted to account for users who do have PV systems, goes one step further 
and introduces a factor that distinguishes between electricity imported from the grid and electricity 
produced by the solar panels. Eksta’s current model charges its users based on the monthly 
readings of their own internal electricity meters, which means that those who use more solar energy 
than others are not discounted for it, and in turn, those who use no solar energy at all are subsidized 
by the rest. This model therefore proposes charging users on an hourly basis, taking into account 
both the real-time rate, and only the amount of electricity actually imported from the grid. The 
actual real-time rate charged by the retailer is unknown, but it is likely to track the market spot 
price and have a factor applied to it. Accordingly, the spot price will be used to capture the 
variability of the real-time rate and will then be multiplied by a factor that will allow the microgrid 
to also cover the costs of the DSO component. Users will be charged on an hourly basis (denoted 
by a subscript) according to the following equation: 
 

𝐶" = 𝑅" × 𝑓 × 𝐶𝐹" × 𝐸"	 
 

𝐶":	𝐶𝑜𝑠𝑡	(𝑆𝐸𝐾) 
 

𝑅": 𝐸𝑙	𝑆𝑝𝑜𝑡	𝑃𝑟𝑖𝑐𝑒	(
𝑆𝐸𝐾
𝑘𝑊ℎ) 
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𝑓: 𝐹𝑎𝑐𝑡𝑜𝑟 
 

𝐶𝐹": 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛	𝐹𝑎𝑐𝑡𝑜𝑟 = 	
𝐸𝑛𝑒𝑟𝑔𝑦	𝐼𝑚𝑝𝑜𝑟𝑡𝑒𝑑	𝑓𝑟𝑜𝑚	𝑡ℎ𝑒	𝐺𝑟𝑖𝑑

𝑇𝑜𝑡𝑎𝑙	𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛  

 
𝐸": 𝐸𝑛𝑒𝑟𝑔𝑦	𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛	(𝑘𝑊ℎ) 

 
The spot price is multiplied by a factor, which is then multiplied by the consumption factor, which 
is the share of energy drawn from the grid at that specific hour (1 when there is no solar energy). 
This figure is then multiplied by a user’s energy consumption during that hour. This generates an 
hourly cost for the user, and their monthly bill then becomes a sum of these hourly costs. The 
requirement of revenue-neutrality maintains that the total value of the bills under the RTP scheme 
should amount to the same total under the flat-fee. What Eksta paid during each month of 2018 
must remain unaltered, only the distribution of costs is allowed to change.  
 
Estimating the factor was done iteratively, by starting with a factor of 1 (f =1), calculating the 
total cost paid all 15 households, and comparing it to what would have been paid under the flat 
fee. It was then gradually increased until the break-even point (which occurred at around m = 
3.7) where the total costs of the RTP scheme were equal to those of current scheme. 
 
 
5.2 Critical Pricing Model 
 
The second model, which will be referred to as ‘critical pricing’, takes a more clear-cut approach 
and grants users free energy during ‘solar hours’ while stipulating they pay higher prices during 
‘peak hours’. The higher prices paid during the peak hours enter a reserve that is then used to 
discount and offset the cost of electricity during solar hours. An important distinction between this 
and the previous model is that in the previous one, the cost of electricity is lower only when there 
is PV production or when the market price goes down. Critical pricing instead grants a permanently 
lower cost of electricity during hours where solar energy usually peaks, and exports usually occur.  
 

𝑃" = 𝐵" × 𝑚	 × 𝐸" 
 

𝑆" = 0	 
 

𝑃":	𝑃𝑒𝑎𝑘	𝐻𝑜𝑢𝑟	𝐶𝑜𝑠𝑡	(𝑆𝐸𝐾) 
 

𝐵": 𝐵𝑎𝑠𝑒	𝑝𝑟𝑖𝑐𝑒, 𝑒𝑖𝑡ℎ𝑒𝑟	𝑓𝑙𝑎𝑡	𝑓𝑒𝑒	𝑜𝑟	𝑅𝑇𝑃 
 

𝑓: 𝐹𝑎𝑐𝑡𝑜𝑟 
 

𝑆": 𝑆𝑜𝑙𝑎𝑟	𝐻𝑜𝑢𝑟	𝐶𝑜𝑠𝑡	(𝑆𝐸𝐾) 
 

𝐸": 𝐸𝑛𝑒𝑟𝑔𝑦	𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛	(𝑘𝑊ℎ) 
 
The motivation behind this is that users could adopt a more permanent behavioural change, rather 
than having to actively judge when a good time to reduce or increase consumption would be. The 
same reasoning applies to peak hours. The establishment of a peak hour surcharge serves two 
purposes. First, providing free electricity during solar hours while maintaining a net-zero change 
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to the total monthly bill requires additional income from other hours to keep the cost balanced.  
The peak hour surcharge provides this additional income. Second, discouraging electricity usage 
during peak hours is beneficial in itself. Because the DSO does not specifically charge for peak 
hours in this context, there will not be substantial cost savings on the DSO bill. But this model 
could also be applied in a context where the DSO bill is based on maximum peaks, in which case 
this model could lead to meaningful cost savings. So, the inclusion of peak hours is important to 
maintaining the versatility and wide-ranging applicability of these price models. Yet even in the 
current context there could be some cost savings generated from the retailer bill, since peak hours 
coincide with more expensive spot market prices. Additionally, DSOs in Sweden are increasingly 
being pressured by regulators to adopt peak-based power tariffs, and so charging peak hours 
internally and making residents aware and responsive to these hours would better prepare them for 
a possible shift in the DSO scheme. On a final note, avoiding peak hours could be beneficial for 
the longevity of the microgrid’s battery system. 
 
  What the actual ‘solar hours’ and ‘peak hours’ are will depend on the specific context. Solar hours 
will usually coincide with noon but depending on a given user’s energy habits and the battery 
storage capacity, exports could be offset by a few hours and so require a similar shift in the solar 
hours that are set. Similarly, peak hours depend on the user in question. If this model were to be 
applied to the residential buildings or the disability homes alone, peak hours would be set around 
17.00. If instead it applied only to the pre-school or elderly home, it would be set during morning 
hours, at around 09.00 or 10.00.  
 
The solar hours have been set to cover the three hours between 11.00 to 14.00, since the peak of 
any export usually occurs at 13.00. Peak hours are set in accordance to the peak hours expected on 
the microgrid (Figure 19) and so are chosen to be 10.00 and 16.00.  The factor was again, calculated 
iteratively by calculating how much the housing company’s new income would be after they grant 
free electricity during solar hours, subtracting this new total from the old flat-fee one, and then 
gradually increasing the margin on peak hours until a break-even point is reached. This occurs at 
around 2.2 in the housing company’s case, although they might opt to charge a slightly higher 
margin in order to hedge against future fluctuations.  
 
5.3 Seasonal Critical Pricing Model 
 
Critical pricing can also be applied seasonally. While the above scheme applies year-round, 
seasonal critical pricing grants free electricity during solar hours only during the summer months 
of June-August, where export rates are highest. Correspondingly, the margin applied on peak hours 
would only apply during the winter months, where peaks are at their highest and most critical 
events occur. The benefit of this variant is that it more specifically targets the months where peak 
events and exports are a problem. A disadvantage is that it requires two shifts in behavioural 
change each year, so isn’t as simple and straightforward as an all-year scheme. Additionally, it 
removes any incentive to change behaviour during the shoulder seasons of spring and fall, where 
exports and critical events, although with a smaller measure, still occur.  
 
In this analysis the summer season is set to June-August whereas the winter season is set to 
November-December. Another effect of seasonal critical pricing is a reduced peak hour margin, 
which falls to 1.9 as opposed to 2.2 in the year-round case.   
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5.4 Demand Charge Model 
 
The final model is intended to be an optional add-on to the previous schemes. The singular purpose 
of demand charges is to discourage demand peaks, the benefits of which have been outlined in 
section 5.2 above. This add-on therefore does not necessarily address the goal of higher self-
consumption although it would encourage load-shifting. Demand charges work in a few different 
ways, but ultimately charge users according to their capacities (per kW) as opposed to just having 
a volumetric charge (per kWh).  
 
Typically, a demand charge is applied by the DSO, and so could just be passed along to the end 
consumer. In Eksta’s case, the DSO applies a relatively small flat-fee depending on the rating of 
the required fuses. The fee itself is too small to be divided amongst residents in any impactful way. 
Instead, this model will take the fixed fee of 126.25 SEK that each household has to pay and 
redistribute it according to each household’s maximum demand during peak hours. Multiplied by 
the 15 households in the sample, this yields a total of around 1894 SEK. This is a monthly cost 
that Eksta has to pay on behalf of the households. This cost will be redistributed as follows:  
 
All a user’s energy readings for the hours of 10.00 and 16.00 will be looked at each month. The 
top ten readings will then be averaged to create a ‘monthly maximum capacity’ for a given user. 
The reason the top ten are averaged as opposed to taking a single maximum value is to protect 
residents for severely paying for some rare anomalies or exceptional circumstances. All users’ 
monthly maximum capacities are then added up, and each user pays a share of the 1894 SEK total 
equivalent to their share of the sum of the monthly maximum peaks.  
 

𝐶𝐶 = 	
𝑃J

∑ 𝑃JLM
L

	× 	1894	𝑆𝐸𝐾 

 
𝐶𝐶:	𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦	𝐶ℎ𝑎𝑟𝑔𝑒	(𝑆𝐸𝐾) 

 
𝑃J:𝑀𝑜𝑛𝑡ℎ𝑙𝑦	𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦	𝑓𝑜𝑟	ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑	𝑖 

5.5 Comparison 
 
With a sample of 15 households and a full year of their hourly electricity use data (2018), these 
pricing models were applied retroactively to see how each household’s annual and monthly bills 
would have differed. It is important to reiterate that currently, all these households pay a bill that 
is composed of two main parts, a dynamic component that varies according to a household’s 
volumetric consumption at a flat rate of 1.25 SEK/kWh, and a static component of 126.25 SEK. 
The first three pricing models would replace the volumetric charge, while the capacity charge 
model would replace the static component.  
 
Since none of the pricing models above target volumetric consumption, one can deduce whether a 
household displays ‘positive’ or ‘negative’ energy behaviour by tracking the percent change of a 
household’s annual bill under the new models. If a household’s bill goes up, then it is either due 
to excessive peak usage or minimal solar usage, whereas if a household’s bill goes down, it will 
correspondingly either mean that the household uses energy during solar hours and/or avoids peak 
times. In order to explore the energy behaviour of the different households, the percent change in 
each household’s annual bill was compared under the different price models. The 0-line represents 
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the current base case, the annual cost they actually paid for 2018. Increases are represented in red 
and savings are represented in green.   
 
 

 
 

Figure 17: Comparison of bill changes (in percent) under different price models. 
 

 
Both RTP and critical pricing generate changes that reach up to 8%. Seasonal critical pricing is 
shown to have very little effect on an annual time-scale, with no household’s bill changing beyond 
2%. The changes in the capacity charges are much more extreme, although they are on a smaller 
and limited component of the bill. The maximum increase exceeds 60% while at the other extreme 
savings approach 40%. These changes apply to the fixed component of the bill, not the varying 
one compared in the first three. It is important to note that there can be much higher changes when 
observed on a monthly time-scale. ‘Negative’ behaviours in one month can be off-set by ‘positive’ 
behaviours in another month when observing differences on an annual scale. Nonetheless, an 
annual scale demonstrates when one behavioural tendency outweighs another for a given 
household over the course of a year. While RTP is bounded by an 8% difference on an annual 
scale, on a monthly scale some bills see changes as high as 60%. One interesting finding is that 
there is a large financial transfer from all users in the winter months back to themselves during the 
summer months as shown below. 
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Figure 18: Comparison of percentage change in bills in three different months under the RTP scheme. 
 

 
 
 
 
 
Critical pricing, also bounded by 8% on an annual scale, can generate differences as high as 18% 
on a monthly scale. Seasonal critical pricing generates the smallest changes on an annual scale, 
bounded by around 2%. But on a monthly scale the same phenomenon visible with RTP scheme 
occurs, namely a transfer from the winter months to the summer months. All tenants see an increase 
in their bill during the winter months, nearing a maximum of a 19% increase, and are then 
reimbursed in the summer months, with savings that could reach 25%. Even the capacity charges, 
which already reach maximums of 60% on an annual scale can sometimes reach 100% on a 
monthly scale. Tables displaying all these monthly changes can be found in the Appendix. 
 
Another way to compare households is to divide their new bills by their annual consumption, 
generating a new average flat rate that can be compared with the existing one. This is shown below 
with the existing flat rate drawn in a black dashed line.  
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Figure 19: Comparison of average rates under different price models. 
 
 

The first three charts compare the average rate each household spent per kWh under the new 
schemes compared to the flat rate of 1.25 SEK/kWh, while the capacity charge chart compares 
new static rates compared to the fixed fee of 126.25 SEK. 
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6 Discussion 
 
One important finding from the price simulations is that whether a household sees an increase or 
decrease in their monthly electricity bill, and whether they are deemed a ‘positive’ or ‘negative’ 
energy consumer varies with the type of price model applied. Under the RTP scheme household 
C sees the highest increase in their annual bill, which is over 8% more than what they had actually 
paid for in 2018. But under the capacity charge scheme household C actually generates cost savings 
and pays less than it would have otherwise. This suggests that household C might not be making 
much use of the PV system and uses more electricity during peak times but is still able to maintain 
smaller monthly maximum peaks compared to other users. On the other hand, household O’s fixed 
fee would increase by 60% under a capacity charge scheme, whereas under an RTP scheme 
household O is one of the biggest savers. The conclusion to draw is that each of these models 
rewards and penalizes different behaviours and could therefore lead to different policy outcomes. 
Additionally, these models are not mutually exclusive and could be combined in various ways 
depending on the context. 
 
 While the simulations above show the economic effects of the models, one can only speculate 
what the corresponding behavioural effect would be. Investigating the actual behavioural response 
of the price models is a task left for a future study and is beyond the scope of this thesis. The 
assessment of these models is made with the implicit assumption that a larger change in monthly 
costs correlates to a stronger signal which could then lead to a larger behavioural change. This is 
a crude, imprecise and broad assumption that could certainly be shown to be invalid in an 
experimental setting. Nevertheless, it allows for the deduction of a simple, speculative conclusion 
regarding what one might expect from each model. The following subsections examine the 
advantages, disadvantages and implications of each model. Section 8.3 in the Appendix contains 
tables displaying the differences (in percent) in tenants’ bills from the base case. 
 
6.1 Real-Time-Pricing (RTP)  
 
RTP’s main advantage is that it is the most ‘honest’ of the pricing models, in the sense that there 
is very little interference with the costs incurred by the microgrid. They are taken as an externally 
fixed and simply passed on to the consumer. Given that part of the bill paid by a building or 
microgrid is calculated as a real-time price, this component can be passed along to users who 
would then be billed on an hourly basis, seeing their costs vary in accordance to fluctuations on 
the spot market. Besides passing on a more transparent reflection of costs, the intention is also to 
raise users’ sensitivity to the time at which they use their electricity. A heightened level of general 
time-awareness coupled with the knowledge of free PV electricity and cheaper midday prices 
could generate higher response rates. Multiplying a user’s hourly consumption by a factor that 
only counts electricity imported from the grid, and not electricity from the PV system, could 
provide an incentive to try and align consumption with periods of peak insolation. It is also ‘honest’ 
because consumers who use solar energy are sparing the building costs but are not compensated 
for it under the current model.  
 
 

 
While RTP generates small losses and savings for different households over the course of a year. 
There are much larger changes that occur on a monthly basis that then cancel each other out. Figure 
18 shows that during the months of December virtually all households see a 50-60% increase in 
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their electricity bills. This is then refunded back to them in the summer, where in a month like July 
savings can range from 25-60%. One can argue that this is a strength of RTP, as severely inflating 
prices during one season and equally depressing them in another can serve to strengthen people’s 
behavioural responses in each, pushing them to save energy during the winter months and shift to 
solar hours during the summer months. Shoulder months like September help reveal which users 
are making more use of the PV system’s electricity or use grid electricity during cheaper hours.  
 
RTP is not without its disadvantages. Primarily, it is difficult for some consumers to pay attention 
to real-time spot prices [44, p.232]. Shifting consumption to solar hours during the summer months 
is possible, a consumer need only pay attention to the amount of sunlight, but in the winter season 
a consumer’s ability to reduce their costs will instead depend on using electricity when prices are 
lower on the spot market, a feat that is more difficult to carry out given the higher degree of 
complexity. A secondary issue is that even if spot-price markets could be averaged out to yield 
general periods of high and low prices, they could conflict with other policy goals. Consider a 
graph of the average hourly spot price over the year of 2018: 
 

 
 

Figure 20: Hourly averages for ElSpot price 
 
 

 
Contrasting the graph above with profiles of Eksta’s buildings generates a few mismatches in 
optimal behavioural outcomes. The lowest midday price above occurs around 14.00, which is one 
hour after the peak period of exports in the Eksta case. Peak hours in the graph above are 08.00 
and 18.00, whereas peak hours in the microgrid occur around 10.00 and 16.00. This is a disparity 
that occurs on average over a year. There could be underlying variations that lead to better 
alignments during some periods and worse alignments during others. Nevertheless, the risk of 
misalignment persists, and so depending on the specific goals of the party implementing the pricing 
model, pushing users to embrace real-time prices might generate sub-optimal policy outcomes.  
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6.2 Critical Pricing  
 
Critical pricing’s advantage is the simplicity of the signal it sends. It tells users exactly which hours 
they should use electricity, which hours to shift away from, and what the financial consequences 
of each case would be. This is a stark difference from the ambiguity of the RTP case. Critical 
pricing would allow for more specific hour targeting and is therefore a more appropriate instrument 
when it comes to goals like eliminating exports or avoiding certain peak hours. One drawback is 
the need to carefully calculate the margin applied on peak hours. In this analysis it was applied 
retrospectively, which was a straightforward accounting exercise. Margins set for the future must 
provide a sufficient buffer to the administrative party overseeing the costs on behalf of the 
buildings (Eksta in this case) but they must also not be set too high or generate large reserves as 
this could be deemed unfair by tenants. These margins would likely need to be adjusted 
periodically, as users change their habits, retailers or DSOs change their price plans, or as the costs 
of electricity fluctuate. This implies that this model could be more logistically cumbersome and 
require careful follow up.   
 
6.3 Seasonal Critical Pricing  
 
Seasonal critical pricing shares many of the same gains and drawbacks as its non-seasonal variant. 
As mentioned prior, one advantage is that focusing critical pricing on specific months might have 
a larger impact on consumer behaviour, as they could be more attentive to rules that apply in 
shorter periods of time. The drawbacks are the need to introduce a policy plan twice a year instead 
of just once as well as the added logistics of shifting back and forth between the seasonal variants.  
 
6.4 Capacity Charges  
 
Capacity charges could be a very effective instrument when it comes to targeting demand peaks. 
The percentage changes experienced under capacity charges are substantially larger than changes 
under the other price models. Since monthly maximums will only be calculated during the 
expected peak of the entire microgrid, users will know which hours to actively avoid and so a 
larger behavioural response could be stimulated. Capacity charges do not directly encourage self-
consumption or target exports, and so could never be a sufficient stand-alone option for a case 
such as Eksta’s. Moreover, a prerequisite to a capacity charge is that the DSO has to include a 
similar component, otherwise a given building or microgrid has no external incentive to reduce 
peaks in the first place and would therefore be burdening their tenants with unnecessary costs. 
There is an argument to be made for internal incentives to reduce peaks however, which would 
include prolonging the battery health of the microgrid’s storage system as well as improving the 
microgrid’s ability to island in the case of a power-loss event.  
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7 Conclusion 
 
This thesis aimed to address the problem of exports by proposing an internal pricing model that 
targets an increase in the self-consumption of PV electricity. While this was primarily adapted for 
a microgrid, the proposed pricing models can theoretically be applied to any collective where there 
is a single retailer or DSO bill split amongst different users. Assuming that larger monthly cost 
changes would generate a larger behavioural response, the findings of this research indicate that 
there is no one-size-fits-all policy prescription. Several factors need to be taken into account when 
adopting a pricing model, ranging from the retailer and DSO price plans, to the goals of the user 
or administrator. The specific context of the case at hand will determine which pricing model is 
most suitable.  
 
Future work should address the substantial shortage of empirical research on internal pricing 
models and their effects. This research has generated a set of proposals, yet whether these 
proposals could generate behavioural responses and to what extent remains to be tested. 
Additionally, the collection and aggregation of different types of buildings average hourly 
consumption values could help reveal what kinds of buildings are well-suited for inclusion in a 
microgrid. Delegating some attention to how the battery could (and should) be used is also a 
worthwhile endeavour, as optimizing its charging/discharging patterns in accordance to electricity 
prices, excess PV and demand peaks can generate further improvements. From the legislative side, 
progress has been made with the introduction of smart-meters and individual metering. Helpful 
steps could be the unbundling of costs, which are packaged together for convenience but obscure 
market signals in the process. These are a few of many steps that can be taken in improving the 
efficiency of the electricity sector.   
 
The function of any price is to reflect the conditions of supply and demand, and in return, generate 
an appropriate behavioural response. The electricity market is no exception. Prices constantly 
fluctuate, transmitting information about market conditions from producers who need to generate 
energy when it is profitable, to system operators who need to ensure sufficient capacity and 
alleviate bottlenecks, to traders who help hedge against the risk of volatility and retailers who 
navigate this web and ensure the delivery of electricity. This transmission of information typically 
stops short of its final end-consumers, residents and users who end up paying either a fixed-fee or 
a flat volumetric fee that does not accurately reflect the market conditions through which this 
electricity was acquired. This becomes even more problematic when consumers become 
prosumers, and their buildings are equipped with some form of distributed generation. While they 
might see a resultant decrease in their monthly bills, its indiscriminate distribution amongst all 
residents again fails to communicate the conditions through which their collective costs are 
incurred. A PV system generates savings for a building or a microgrid when it offsets electricity 
imports from the grid, but this off-set is not universal, and can sometimes be carried out by a 
particular group of people [45]. This is problematic on two principles, the first is equity, where 
groups of people subsidize others through their ‘positive’ consumption. The second is market 
efficiency, where market signals are withheld from all users, with no incentive for ‘negative’ users 
to try and adopt positive behaviours, and no incentive for ‘positive’ users to try and continue their 
habits. Internal pricing models, such as the one proposed in this thesis, serve to address these 
shortcomings by instituting prices that communicate market conditions while conveying 
favourable times to avoid or engage in electricity usage.  
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8 Appendix 
 
8.1 Appendix A: Data Adjustments 
 
List of amendments made to raw data.  
 
Import Data (Ellevio Sheets): 
 
Äldreboendet: 
 
 None 
 
Förskolan:  
 
None 
 
Gruppboendet:  
 
None 
 
Residential: 
 
Hus 1: 
 

• Imports from the month of April were missing. So the average value between March and May 
was taken to create an April sheet.  
 

• Months of January, February and March were for the year 2019, not 2018. The year was 
manually changed in each of these sheets to 2018 instead, and the new sheets were saved as ‘jan-
2018-ap.xlsx’, ‘feb-2018-ap.xlsx’ and ‘mars-2018-ap.xlsx’. This is so that the microgrid for 2018 
ca be simulated and that the import data can be compatible when meshed from data from the 
other buildings. 
 

Hus 2: 
 

• Imports from the month of April and May were missing. April was approximated by comparing 
how Hus 2’s electricity imports compared to the sum of the other houses in March and then 
extrapolating that share to April. The same methodology was applied to calculate May, using the 
month of June this time.  

 

𝐻𝑢𝑠	2UVWJX = 𝐻𝑢𝑠	3UVWJX 		× 		
𝐻𝑢𝑠	3Z[\]
𝐻𝑢𝑠	2Z[\]

 

 
 

𝐻𝑢𝑠	2^_` = 𝐻𝑢𝑠	2^_` 	×	
𝐻𝑢𝑠	3Z[\]
𝐻𝑢𝑠	2Z[\]
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• Months of January, February and March were for the year 2019, not 2018. The year was 
manually changed in each of these sheets to 2018 instead, and the new sheets were saved as ‘jan-
2018-ap.xlsx’, ‘feb-2018-ap.xlsx’ and ‘mars-2018-ap.xlsx’. 

 
 
 

• Months of January, February and March were for the year 2019, not 2018. The year was 
manually changed in each of these sheets to 2018 instead, and the new sheets were saved as ‘jan-
2018-ap.xlsx’, ‘feb-2018-ap.xlsx’ and ‘mars-2018-ap.xlsx’. 

 
Hus 4: 
 

• Months of January and February were for the year 2019, not 2018. The year was manually 
changed in each of these sheets to 2018 instead, and the new sheets were saved as ‘jan-2018-
ap.xlsx’, and ‘feb-2018-ap.xlsx’. 

 
 
Export Data (Ellevio Sheets): 
 
 
Förskolan:  
 
None 
 
 
Residential: 
 
Hus 3: 
 

• Sudden stop in values around August 13th. Likely due to some sort of metering error. Values from 
13th of August till the end of August taken as average values for the same days between July and 
September. Sheet named ‘aug-2018-int.xlsx’. 

 
Undercentral: 
 

• Sudden stop in values from June 1st – June 11th. Likely due to some sort of metering error. Values 
taken as average values for the same days between May and July Sheet named ‘juni-2018-
int.xlsx’. 
 

• Months of January, February and March were for the year 2019, not 2018. The year was 
manually changed in each of these sheets to 2018 instead, and the new sheets were saved as ‘jan-
2018-ap.xlsx’, and ‘feb-2018-ap.xlsx’. 
 

 
• Exports from the month of April and May were missing. April was approximated by comparing 

how Hus 3’s electricity exports compared to the UC’s exports in the month of June and then 
extrapolating that share to April. The same methodology was applied to calculate May.  

 

𝑈𝐶UVWJX = 𝐻3UVWJX 		× 	
𝑈𝐶Z[\]
𝐻3Z[\]
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𝑈𝐶^_` = 𝐻3^_` 		× 	
𝑈𝐶Z[\]
𝐻3Z[\]

	 

 
 
 
 
 
PV Production Data (Ferroamp): 
 

• Ferroamp meters were installed on the 12th of February, 2018. Data from January 1st – February 
11th 2019 was manually adjusted to 2018 so that a ‘full year’ could be created in order to fuse 
with other data. File is called ‘res_prod_2018.csv’.  

 
 
 
8.2 Appendix B: Critical Events of Microgrid A 
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8.3 Appendix C: Price Model Simulations – Percentage difference in monthly bills from 
base case 
 
 
RTP: 
 

 
 
Critical Pricing: 
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Seasonal Critical Pricing: 
 
 

 
 
 
Capacity Charges (compared to 126.25 SEK): 
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