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H I G H L I G H T S

• Long-term (hydrogen) and short-term
(batteries and thermal) storage are
evaluated.

• Multi-objective optimization platform
minimizes both costs and CO2 emis-
sions.

• Optimal solutions for neighbourhoods
are compared against national CO2
targets.

• Three future scenarios between 2015
and 2050 are developed predict future
outcomes.

• Two test decentralized neighbour-
hoods (one urban and one rural) are
compared.
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A B S T R A C T

The potential of both long-term (hydrogen storage) and short-term (batteries and thermal) storage systems in
decentralized neighbourhoods are assessed using a multi-objective optimization approach that minimizes both
costs and CO2 emissions. A method is developed, which evaluates the performance of long and short-term
storage systems in the future based on multi-objective optimization. More specifically, hydrogen storage is in-
vestigated for its future potential to be used as a long-term storage in a decentralized context and it is compared
with short-term storage systems such as batteries and thermal storage. In order to analyze potential future
developments, a scenario approach is deployed based on the Intergovernmental Panel of Climate Change’s
‘Special Report on Emissions Scenarios’. Three future scenarios are defined and simulated for the years of 2015,
2020, 2035, and 2050 for both a rural and an urban neighbourhood in Switzerland. Based on the scenarios, the
energy demand and renewable potential projections until 2050 are simulated including retrofitted buildings and
renewable potential in the neighbourhoods. The Pareto front of solutions is then benchmarked against national
carbon and energy targets from 2020 until 2050. In addition, a range of parameter assumptions (e.g., for eco-
nomic variables, policy changes, environmental conditions) are used in each scenario to incorporate uncertainty
into the analysis. The long-term storage potential of hydrogen, in particular, is evaluated for its capability to shift
renewable surpluses in summer towards demand later in the year. From the results, it is predicted that neigh-
bourhoods with high renewable surpluses (i.e., in rural settings) should consider the advantages of a hydrogen
storage system from 2035 to 2050. For neighbourhoods with low surpluses, short-term battery and thermal
storage systems are predicted to be sufficient for load shifting. It is also observed that a high feed-in
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remuneration undermines on-site consumption, thus resulting in lower levels of storage deployment due the
selling of production back to the centralized electricity grid. Lastly, it is concluded that both an increase in
renewable technology deployment and in the retrofit rate of buildings will both be required to meet energy
targets for the two case studies. As the renewable potential in urban contexts is limited, it is particularly im-
portant for older building stock to be retrofitted at a high rate (more than 2% of buildings per year) in order to
reduce the end energy demand of the buildings. The approach used in this article is widely applicable both in
spatial scope (e.g., other decentralized energy systems, geographies) and temporal scope (e.g., different years,
scenarios) and allows for an optimization with a range of objective functions, thus making it an effective ap-
proach to identify the renewable and storage technologies that can contribute to most of the decarbonization of
the building stock in the future.

1. Introduction

In order to support energy self-reliance within countries, decrease
greenhouse gas emissions, and reduce dependence of a declining fossil
fuel supply, renewable energy sources (RES) are planned to replace a
large percentage of fossil fuel electricity generation by 2050. With the
replacement of centralized plants with decentralized solar photo-
voltaics (PV) or wind turbines, the energy future may rely on partial
shifts from centralized energy generation to distributed energy gen-
eration that is based around neighbourhoods of prosumers in decen-
tralized energy systems (DES) [1].
The major drawback of RES is that they are non-dispatchable, thus

their output generation fluctuates stochastically over time with asso-
ciated weather conditions (i.e., solar radiation or wind velocities), re-
sulting in a temporal mismatch of supply and demand. Currently, this
temporal mismatch is managed by exporting excess renewable pro-
duction to the grid or curtailing renewable production and then im-
porting electricity from the grid when demand is not met by renewable
energy supply. However, as the fraction of renewables in our electricity
grid increases, this temporal mismatch will become more severe.

1.1. Motivation

In order to allow shifting of non-dispatchable loads, energy storage
is required [2]. Energy storage comes in many different forms, with the
most prominent technologies being batteries, pumped-hydro storage,
and thermal energy storage. A technological split into short and long-
term storage represents a common solution [3]. Shifting demand over
longer periods of time is important, as there is often not only a day-to-
night mismatch of renewable energy and demand but also a seasonal
mismatch as RES are more plentiful in summer and energy demand of
buildings is higher in the winter in heating dominated climates.
A promising long-term storage option is hydrogen storage or power-

to-hydrogen (P2H). P2H refers to the use of an electrical current, in this
case from surplus renewable electricity production, to split water via
electrolysis into hydrogen and oxygen. The hydrogen can be stored in

compressed tanks or metal hydride storage, used to run fuel cells, can
be directly injected into the natural gas grid up to certain concentration
limitations, or converted to methane via methanation and used as a
substitute for natural gas [4]. This technology can be installed in both a
centralized or decentralized context and is not ideally considered to
have time dependent losses [5].
There are two major disadvantages currently associated with P2H:

the technology is expensive and it typically has low round-trip effi-
ciencies. Current research into hydrogen technologies, such as fuel
cells, hydrogen storage, and electrolysis, are constantly improving both
equipment costs and efficiencies. In addition, the need for energy sto-
rage should increase with the predicted phase-out of feed-in tariffs and
increasing implementation of RES [6]. In order to assess the changes in
these model parameters over time, a scenario based approach, looking
at a time horizon from 2015 to 2050, is developed to assess the optimal
technology combination over time to investigate if P2H is predicted to
become more cost effective on the decentralized level in the future.
In order to predict future parameters (e.g., technology costs, fuel

prices, feed-in tariffs, efficiencies, etc.) that are required in an energy
optimization model, there are a large amount of assumptions and un-
certainty that goes into parameter selection. In order to deal with un-
certainty, a scenario based approach for potential future development is
used. These future scenarios are based on a report from the
Intergovernmental Panel on Climate Change’s (IPCC) ‘Special Report on
Emission Scenarios’ [7]. This report contains descriptions of several
possible energy futures including projections and storylines on which
model assumptions can be based. They provide a framework for the
development of scenarios covering assumptions on the uncertain
parameters.

1.2. Literature review

There is a wide array of literature dedicated to the design and
analysis of DES using optimization. First, due to the large number of
publications on DES optimization, papers that have a focus on the hy-
drogen economy and have applications for stationary building and

Nomenclature

CHP combined heat and power
CM conventional markets
CRF capital recovery factor
DES decentralized energy systems
DI direct injection
EC electrolyzer
FC fuel cell
FIT feed-in tariff
IPCC intergovernmental panel
GB gas boilers
GIS geographical information system
GSD global sustainable development
GWR buildings and apartments registry

H2S compressed hydrogen storage tank
LCOE levelized cost of energy
LCO2 levelized CO2 emissions
MILP mixed integer linear programming
MGT micro-gas turbine
OMF fixed operation and maintenance
OMV variable operation
PEM polymer electrolyte membrane
P2H power to hydrogen
PWA piecewise affine
PV photovoltaics
RES renewable energy sources
RSD regional sustainable development
TES thermal energy storage
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mobility demands are considered. Second, papers that include future
scenarios or optimization horizons for long-term energy planning are
presented. Finally, the research gap is derived and the focus of this
study is outlined. Several of the publications on DES are based on op-
timization and the Energy Hub concept that was defined by Geidl et al.
in 2006 [8]. In this definition paper, Energy Hubs are described as a
“system, where multiple energy carriers can be converted, conditioned,
and stored to satisfy a set of demands”. Technologies are defined as
energy converters that can transfer energy from one carrier to another
at a certain efficiency. In Geidl et al. (2006) [8], hydrogen is included as
an energy carrier in optimal power flow of DES.
This method was then expanded by Hajmiragha et al. (2017) [9].

The authors further developed an optimal power flow model with ad-
ditional hydrogen energy considerations, such as fuel cell vehicle
charging infrastructure. Their optimization model used hydrogen con-
verters as well as district heat, natural gas, hydrogen, and electricity.
Building energy demand and fuel cell vehicle demand, in the form of
hydrogen, were included in the model.
A similar method using Energy Hubs was also used by

Maroufmashat et al. (2016) [10]. The authors created a mixed integer
linear program (MILP) model for four pre-defined urban districts over a
year of operation. The optimization included the design of hydrogen
charging facilities within four urban districts.
Several other papers reviewed the design and optimization of hy-

drogen storage systems for applications of on-site renewable facilities,
such as wind farms or large solar installations in rural areas. Zhang
et al. (2017) used a genetic algorithm to design a PV-Battery-Hydrogen
system using a multi-objective analysis that minimized costs and
maximized self-sufficiency [11]. It was found that under pessimistic
costs, batteries were a cheaper option, however under optimistic costs,
hydrogen storage was competitive with batteries and performed better
when accounting for grid power fluctuations. The heating energy car-
rier was not addressed in this system. Bernal-Augustín et al. (2010)
created a techno-economical optimization of PV-Wind systems with a
grid connection [12]. The model focused on power feed-into the grid
and selling of hydrogen. It was found that the selling price of hydrogen
would have to be high in order to recover the capital costs for the
system in 10 years [12].
Similarly, Korpas et al. (2006) developed an operation planning

model for a wind-hydrogen model participating in power markets.
When wind electricity production was in excess, hydrogen was pro-
duced via an electrolyser and stored. Electricity was then later pro-
duced via hydrogen in fuel cell and was then sold back to the electricity
grid on the spot market. Alternatively, hydrogen was also used directly
for fuel cell vehicle charging [13]. They used linear optimization to
determine the operational set points of an electrolyser and fuel cell
using a receding horizon control strategy and participated in arbitrage
to maximize profits. It was found that electricity prices must have a
large variability for the fuel cell to be used, since the overall efficiency
of the system is relatively low for electricity production. The authors
recommended combining the scheduling model with a investment cost
model and a long time horizon to estimate cost reductions and effi-
ciency improvements over time in different power systems [13].
Petruschke et al. (2014) used a combination of a heuristic and linear

optimization structure to separate the optimizations for system con-
figuration, technology sizing, and operation for a PV-Wind-Hydrogen
system on an island. This paper states that it was able to reduce si-
mulation time due to the separation of the sizing and operations opti-
mization which represents a multi-layer simulation approach. The
paper investigated different percentages of renewable shares for the
electric grid (heat demand was not considered) and found that the size
of the hydrogen system was increased as the renewable share increased.
Batteries and thermal storage were not considered in the model [14].
Li et al. (2017) used a bi-level optimization for a stand-alone mi-

crogrid capable of providing electric power, cooling, heating, and hy-
drogen demands [15]. This bi-level strategy applies a MILP to simulate

the operation and a genetic algorithm to size the component decision
variables. Uncertainties were taken into account using a Minimax ro-
bust optimization approach. They also considered degradation of the
storage technologies in the model and found that fuel cells, batteries,
and electrolysers were sized larger when degradation was accounted
for. The uncertainty analysis found that higher levels of uncertainty
resulted in larger sizes of storage to buffer the uncertainty in the de-
mand and in the renewable forecasts. Lastly, Dufo-López et al. (2008)
performed a triple-objective optimization for the design of a PV-wind-
diesel-hydrogen-battery system in Spain using a genetic algorithm [16].
The three optimizations represented minimization of costs, minimiza-
tion of emissions, and minimization of unmet demand in kWh/year.
The authors found that “Due to the high costs of the hydrogen com-
ponents, energy storage in most solutions is done only using batteries”.
Yang et al. (2016) investigated the optimal operation of residential,

commercial, and industrial prosumers in a DES and found that the ac-
tive participation of the prosumers played an important role in better
response to time of use electricity prices and that peak shaving could be
better managed for the community as a whole. Electricity, cooling,
plug-in hybrid vehicle, and heating demands were all considered in this
model, however only the dispatch was optimized, as opposed to the full
design and operation of the system. In addition, only short-term storage
with batteries and thermal storage were considered [17].
A major shortcoming of the assessed literature, with the exception

of Dufo-López et al. (2008) [16] and Zhang et al. (2017) [11], is the
storage duration considered. One of the main benefits of P2H storage is
its long storage cycle durations over many months, thus it is able to
store seasonal variations without time dependent losses. Many of the
papers discussed use the typical days method [18], or a rolling horizon
method [15], to reduce the time horizon of the simulation from
365 days into a shorter horizons to reduce the computational com-
plexity of the optimization. The typical days method does not allow for
storage continuity across days as simulated days are non-consecutive
thus it cannot be used to accurately assess storage durations longer than
the length of the time-slices. The rolling horizon method can be used to
allow for storage continuity over longer periods, as was done in Mar-
quant et al. 2015 [19]. Marquant et al. recommended that the rolling
horizon approach should be aggregated in order to consider long-term
storage horizons and that it must be coupled with a genetic algorithm in
order to consider simultaneous design and operation. The receding
horizon method is very similar to the rolling horizon method as it uses a
moving time horizon, however it is typically used for model predictive
control (MPC) optimization (as shown in Korpas et al. [13]) rather than
for design and planning optimization models. However the shortening
of time horizon using these techniques does not sufficiently allow for
accurate analysis of long-term storage design and operation and thus is
limited in assessing the long-term potential of P2H. This is particularly
true for case studies with large renewable potentials and high seasonal
fluctuations. The most accurate method to consider long-term storage is
still to use a full horizon.
Multiple studies exist that have used optimization in the context of

future energy systems to identify and assess strategies for reducing
emissions. In Lunz et al. (2016), a methodological approach using
Germany in 2050 was used with multi-objective optimization for 29
scenarios selected from previous studies. This work focused on analysis
at the national level (i.e., Germany) instead of DES at the neighbour-
hood or district scale [20].
In assessing future feasibility of P2H systems, the JRC-EU TIMES

model [21], which used linear optimization to model future energy
scenarios from a policy perspective, was applied to hydrogen technol-
ogies and power-to-gas in Sgobbi et al. (2016) [22]. In this study, the
model was run for two pre-defined policy scenarios for the years of
2020, 2030, 2040, and 2050 for the EU. The results showed that hy-
drogen technologies were relevant for meeting long-term emission re-
duction targets and indicated that they might become economically
feasible by 2040, particularly in the industrial sector.
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In Han et al. (2017), a DES was designed for the island of Jeju in
South Korea. The authors used optimization and scenarios framed as
conventional energy, transitional energy, and 100% renewable energy
scenarios to meet thermal, electrical, and vehicle demands on the is-
land. Although the study is framed in scenarios, the evolution of the
energy system over time is not considered [23]. In Ren and Gao (2010),
a MILP model was used for the integration and evaluation of DES for a
campus in Japan. The model used cost minimization to decide which
technologies would be the lowest cost for the campus to meet electricity
and heating demand. The sensitivity study showed that the results were
the most sensitive to energy demand, energy prices, and the carbon tax
rate. Although batteries and thermal storage were considered, longer
term storage was neglected and it was determined that installation of
DER was not cost optimal but could be optimal if a higher carbon tax
was established [24].
Yazdanie et al. (2017) optimized the system design using the TIMES

(Integrated MARKAL-EFOM System) framework for the DES of Basel in
Switzerland for the years of 2010–2050. The technology focus was on
boilers, heat pumps, solar thermal, PV, micro combined heat and power
(CHP), batteries, and thermal storage. A cost optimization using emis-
sion target constraints was performed. Four scenarios were used re-
presenting a business as usual scenario, a new energy policy scenario,
and a gas variant that allowed for either restricted or unrestricted na-
tional imports of natural gas. It was found that building renovations
were the most cost optimal measure that could significantly decrease
energy demand. In addition, carbon taxes were found to strongly pro-
mote low-emission technologies such as heat pumps, rooftop PV, small
gas CHPs, and batteries [25].
Lastly, McKenna et al. (2017) created a techno-economic model

based on an energy autonomous network in residential buildings for
DES. This paper tested various degrees of decentralization with the
lowest level being systems within single-family homes to the largest
scale of 1000 single family households. The authors developed a MILP
model to maximize electrical self-sustainability in the community by
selecting the optimal configuration, sizing and operation of micro
CHPs, photovoltaics, thermal and electrical storage, and boilers. It was
found that cases with larger numbers of prosumers were able to be more
electrically self-sufficient and less expensive than single family homes
operating as stand-alone systems supplying. Single-family homes op-
erating as stand-alone systems could meet 30% of their electricity needs
but districts with more than 560 single family homes met almost 100%
of the district’s electricity demand. [26]. In this work, the heating de-
mand was not considered in the calculation for self-sustainability and
long-term storage options were neglected.
Drawing upon the reviewed publications including future scenarios,

the existing studies generally focus on larger energy systems with the
smallest being on the scale of a large city [25] and the largest being on
the national scale [20]. Many of these large case studies are overly
simplified and are not suited to assess the potential of distributed re-
sources and storage, thus it is also important to investigate these sce-
narios on the decentralized neighbourhood or district level. In addition,
many of the publications also lack a comparison of optimal solutions to
emissions targets, either on a local or national scale.

1.3. Focus of the study

There is a gap of research in which the future evolution and plan-
ning of long-term and short-term storage systems is not yet assessed in a
decentralized context. This is summarized by Dodds et al. (2015):
“There is a need to include hydrogen and fuel cell heating technologies in
future scenario analyses, and for policymakers to take into account the full
value of the potential contribution of hydrogen and fuel cells to low-carbon
energy systems” [27].
Rather than analysing whether implementation of these technolo-

gies in DES is feasible today, this study assesses the future predicted
potential of storage technologies in DES from 2015 to 2050 using a

multi-objective optimization model and then benchmarks the optimal
solutions against national carbon dioxide emissions targets for 2020-
2050. We investigate the optimal storage configurations using multi-
objective optimization to minimize both costs and CO2 emissions. A
particular emphasis is placed on the investigation of long-term hy-
drogen storage. Today, this technology is quite expensive and is asso-
ciated with low round-trip efficiencies but is uniquely capable of pro-
viding long-term storage while being used in decentralized contexts. In
addition, it is predicted to decrease in cost and improve in efficiency
over time [5]. The long-term with short-term storage performance is
compared for two sample case studies (one rural and one urban) within
municipalities in Switzerland including on-site renewable production
and local energy demand to demonstrate the ability of the model to
evaluate different neighbourhoods. In order to consider the underlying
uncertainty of the model inputs from 2015 to 2050, three scenarios and
narratives are used that are developed based on the IPCC climate
change scenarios [7].
With this goal, the paper is structured as follows. First, the future

scenarios are defined and future parameters set in Section 2. Second,
the modelling methodology is described in a three-step process that
accounts for building energy demands, local renewable potentials, and
system modelling in Section 3. Third, the two case studies used for
analysis are described in Section 4. Fourth, the results of the optimi-
zation are presented and discussed in Section 5. Lastly, conclusions are
discussed in Section 6.

2. Future scenario setting

This section introduces the underlying scenarios that are analysed in
this study to depict the potential future developments of input para-
meters and model assumptions. It starts by presenting rationale and
background of the scenarios (2.1) and continues with the description of
the developed scenarios (2.2), which entails a sketch of the narrative
storylines, before the setting of the parameters values for each scenario
is outlined (2.3).

2.1. Introduction and development of scenarios

Parameters and assumptions in future energy systems underlie un-
certainty regarding their future development, e.g., technology trajec-
tories (learning) and market trends (price volatility). To cope with this
uncertainty (i.e., the numerous projections for individual parameters
with a broad spectrum of low, medium or high values), scenarios pro-
vide a better understanding in order to reach decisions that are robust
under a wide range of possible futures [28]. Thus, scenarios are an
appropriate tool to assess the alternative images of complex systems by
using a consistent set of assumptions within so-called storylines or
narratives used to describe the economic, global, and environmental
conditions of a scenario [7].
In 2000, the IPCC published the ‘Special Report on Emissions

Scenarios’ (SRES) [7], which contains both quantified projections and
narratives (storylines) for the future and which has been extensively
used as the reference for subsequent research and for the political and
societal discourse on climate change [29]. In the SRES, the IPCC sce-
narios are based on four narrative storylines that can be categorized
along two major dimensions: globalization (from more regional to more
global), and sustainability (from more economic to more environ-
mental). These dimensions, along with the resulting storylines, seem to
reappear as key archetypical scenarios in a large number of recent in-
ternational assessments [30]. Fig. 1 shows these scenarios from the
original IPCC publication [7].
This study builds upon the IPCC classification and defines three

scenarios that are deemed relevant for the investigation of potential
future developments from the baseline year 2015 to 2020, 2035, and
2050: (1) Conventional Markets, (2) Global Sustainable Development,
and (3) Regional Sustainable Development. These three scenarios,
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shown in Fig. 1, are considered to cover a wide range of possible fu-
tures, but certainly not all (e.g., hazardous events, disasters). Thus, they
allow using consistent combinations of assumptions composed of the
various projections in literature for each parameter (see Section 2.3,
Table 1). For this analysis, the A2 scenario was omitted, as in this
context it corresponds to transition to more decentralized solutions
without a focus on sustainability. This scenario is both unlikely in the
Swiss context and would result in neither cheaper nor lower emission
solutions in this analysis.

2.2. Description of scenarios

2.2.1. Conventional markets
The Conventional Markets scenario (CM) is based on IPCC’s scenario

A1 and assumes a world of global, well connected markets with a strong

economic focus. Since the emphasis rests on fossil-based generation, the
deployment of RES remains on a low, business-as-usual level, and
consequently the climate is changing more rapidly.
In the Conventional Markets scenario, the energy prices (electricity,

gas, oil) are considered to increase only moderately due to high global
flow rates and low trade barriers. Because of the economic focus, the
feed-in remuneration is phased-out in the short-term, and both the CO2
tax and the retrofit rate (i.e., pace of efficiency improvements in the
building stock) are kept at a rather low, as-is level. As a consequence,
technology costs are assumed to be at a high level for RES technologies
(e.g., solar PV, wind), at a low level for fossil-based technologies (e.g.,
oil/gas boiler) and at a medium level for other storage or conversion
technologies. For the technology performance, such as efficiencies or
lifetime, the relations are inverted. For the building retrofits rate, the
current retrofit rate in Switzerland is used, which is defined by the

Table 1
Overview of the three scenarios and selected model-related parameters and assumptions, both on the economic/market and the technology side. (The data below is
only an excerpt of the full range of input parameters, which can be found in the appendix.)

0 1 2 3
Baseline “Conventional Markets” “Global Sustainable Development” “Regional Sustainable Development”

Parameter Unit a 2015 2020 2035 2050 2020 2035 2050 2020 2035 2050

Economic/Market Electricity price CHF/kWh 0.198 0.206 0.235 0.231 0.212 0.251 0.262 0.212 0.251 0.262
Heating oil price CHF/kWh 0.067 0.037 0.052 0.061 0.095 0.129 0.148 0.193 0.270 0.305
Natural gas price CHF/kWh 0.064 0.094 0.121 0.133 0.109 0.123 0.141 0.096 0.154 0.202
Feed-in tariff CHF/kWh 0.176 0.087 0.000 0.000 0.176 0.176 0.176 0.087 0.011 0.001
Grid CO2 intensity g CO2/kWh 124 150 150 150 100 89 74 0 0 0
CO2 tax CHF/t CO2 84 84 84 84 120 240 240 120 240 240
Discount rate % 6.0 6.0 6.0 6.0 6.0 6.0 6.0 6.0 6.0 6.0
Retrofit rate % 1.0 1.0 1.0 1.0 2.0 2.0 2.0 2.0 2.0 2.0

Technology Solar PV
Investment cost CHF/kW 2669 2669 2669 2669 1285 1087 989 1285 1087 989
O&M cost CHF/kWh 0.034 0.025 0.019 0.013 0.025 0.019 0.013 0.025 0.019 0.013
Lifetime years 25 25 25 25 25 25 25 25 25 25
Efficiency % 17.0 17.0 17.0 17.0 17.0 17.0 17.0 17.0 17.0 17.0

Hydro
Investment cost CHF/kW 3478 3478 3478 3478 3478 3478 3478 3478 3478 3478
O&M cost % of inst. kW

p.a.
3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0

Lifetime years 40 40 40 40 40 40 40 40 40 40

Wind
… … … … … …
.. .. .. .. .. ..
. . . . . .

a All costs are inflation-adjusted to 2015 CHF (Swiss Francs).

Fig. 1. IPCC Special Report on Emission Scenarios (2000). The red line outlines the three scenarios adapted for this paper [7]. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

P. Murray et al. Applied Energy 231 (2018) 1285–1306

1289



Business as Usual scenario in the Swiss Energy Strategy 2050 to be, on
average (actual rates are specific to the age of buildings), 1% of
buildings per year [31].

2.2.2. Global sustainable development
The Global Sustainable Development (GSD) scenario, resting on IPCC’s

B1 scenario, pictures a future based on global cooperation, well con-
nected markets but also a strong focus on environmental consciousness
and protection. Global regulation puts the fossil phase-out into practice
and fosters the deployment of RES, internationally coordinated and
mostly in centralized settings, which is why the global temperature
increase is more limited than the other scenarios.
In the GSD scenario, the sustainability focus leads to a high tax for

emitting CO2 and a high retrofit rate. The reimbursement for feeding
electricity into the grid remains high in the GSD scenario due to a
strong grid infrastructure for transmission and distribution for power
ex- and imports. Energy prices are expected to increase with a medium
rate, as the usage and thus the flow rates for fossil fuels is limited. Since
this sustainable scenario relies on the deployment of renewable energy,
the cost for RES technologies are assumed to be low, while for fossil-
based technologies they remain rather high, and vice versa for their
technology performances. In addition, this sustainable scenario in-
cludes an increased rate in retrofits defined by the New Energy Policy
scenario in the Swiss Energy Strategy 2050 of 2% of buildings, on
average, per year [31].

2.2.3. Regional sustainable development
The Regional Sustainable Development (RSD) scenario is derived

from IPCC’s scenario B2 and assumes a shift towards local and decen-
tralized solutions to cope with environmental issues. Similar to the
Global Sustainable Development scenario, fossil fuels are phased out,
while RES are deployed to a large extent, especially in decentralized
settings.
In the RSD scenario, there is also a sustainability focus which leads

to a high tax for emitting CO2 and a high retrofit rate. As opposed to the
GSD scenario, in the RSD scenario feed-in rates are slowly phased out as
the focus shifts towards self-consumption. Energy prices are expected to
increase at a high rate, as the usage and thus the flow rates for fossil

fuels is limited, especially in this scenario where additional restrictions
(e.g., high import tariffs) hamper both their demand and supply. Since
this scenario also relies on the deployment of renewable energy, the
technology costs and performances are the same as with the GSD sce-
nario. In addition, the retrofit rate are also be the same as the GSD
scenario.

2.3. Setting of future parameters

In order to set the model parameters according to the underlying
logic of the above described scenarios, this study relies on projections
from literature. If available, projected values were directly sourced
from publications, such as the Annual Energy Outlook [32], or are
based on ranges (i.e., lower or upper projected limits) given in different
sources and referring to the nature (cf. low, medium, high) of each
scenarios parameters. Table 1 provides an overview of the three sce-
narios and selected model-related parameters. Due to the large number
of RES, conversion, and storage technologies, the comprehensive set of
parameters including references is given in Appendix A.

3. Modelling methodology

The model developed in this work represents a DES with four energy
carriers: electricity, heating, gas, and hydrogen. The model optimizes for
the configuration and sizing of a selection of storage technologies, con-
version technologies, and RES. A schematic representation of the tech-
nologies and energy grid included in the model are shown in Fig. 2.
Three grids are included in the model: a natural gas grid, a heating grid,
and an electricity grid. The RES technologies include small-wind tur-
bines, small-hydro, and solar PV. Conversion technologies include heat
pumps, electrolysers, fuel cells, gas turbines, and gas boilers. The storage
technologies include battery storage, thermal storage, and hydrogen
storage. From the hydrogen storage, a limited portion of hydrogen can be
injected directly into the natural gas grid up to a volume concentration of
2%. There is a single set of these conversion and storage technologies
that are installed in a centralized location that are connected to the three
networks. The output production of these technologies is fed into the
networks and is then used to meet the heating and electric demand of the

Fig. 2. A Schematic representation of the P2H model with grid interactions.
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neighbourhoods. The costs, efficiencies, and lifetimes of the technologies
are found in Tables A.2 and A.3.
The modelling of the DES can be split into three separate categories.

First, the buildings demand is simulated for two case studies using a
dynamic building model. Second, the renewable energy supply is
modelled. Lastly, a multi-objective optimization model that minimizes
both costs and CO2 emissions is run for a full year with an hourly re-
solution for the baseline year 2015 and the future years 2020, 2035 and
2050 based on the scenarios. According to the objective, the optimal
system configuration, sizing, and operation are selected as model out-
puts. These models are used in the work flow described in Fig. 3.
In this work flow, the process begins through selection of the future

scenario and year of consideration. From the selected scenario and year,
a weather file is chosen and the building geographic and statistical data
are chosen. Based on this weather data (described in Section 4) and the
building geography, the demands of the buildings are simulated. In
parallel, the renewable potentials pertaining to PV, wind, and hydro are
also simulated using weather and geographic data (3.2). The outputs of
these two models are the building demands and renewable energy po-
tential profiles for the case studies over a one year period for the pre-
sent and future years. These profiles are then combined with the set of
economic, technical, and environmental parameters (see Table A.1)
that are determined based on the year and future scenario and are used
as inputs into the optimization modelling (3.3). Finally, the Pareto front
for the optimization is shown in Section 5.1 and the Pareto optimal
solutions are benchmarked against national energy and emissions
building targets described in Section 3.3.6 and shown in Section 5.2.

3.1. Building energy demand

3.1.1. Demand model
In order to calculate the electricity and heating demand in the

buildings, the dynamic building model developed in Wang et al. (2018)

was used [33]. The CESAR tool utilizes EnergyPlus as a simulation
engine to model hourly electricity, space heating, and domestic hot
water demand for all buildings considered in the case studies. Using the
building 2D geometry available in ArcGIS and the building height, 2.5D
building geometry is constructed.
In addition, statistics on building type, building age, and number of

occupants is used to estimate both electrical and heating demand at
hourly intervals for a year of operation. This data was taken from the
Building and Apartment Registry “Gebäude und Wohnungregister”)
data from the Bundesamt für Statistik [34]. It assigns building con-
struction, glazing ratio, and infiltration values based on building age
and type. This information is combined into individual EnergyPlus
building files for each building, taking neighbouring buildings as
shading objects into account. The EnergyPlus files are combined with a
weather file and simulated over a one year period at hourly intervals to
compute the 2015 base demand for the case studies.

3.1.2. Retrofit modelling
The current retrofit rate for residential buildings lies roughly be-

tween 1 and 2% of the building stock. The Swiss Energy Strategy 2050
has outlined retrofit rates based on building type (single or multi-family
houses) and building age for the ‘Weiter wie Bisher’ scenario (equiva-
lent to ‘business as usual’) and the ‘Neue Energiepolitik’ scenario
(equivalent to ‘new energy policy’) [31]. Based on these retrofit rates,
buildings within the case studies are selected to be retrofitted and their
constructions are updated. The future demand is then calculated for the
years of 2020, 2035, and 2050 using updated EnergyPlus files.

3.2. Renewable potential modelling

For both case studies, the renewable potentials within the DES
boundaries are examined. As the case studies include both rural and
urban settings, geographical information system (GIS) data was used to

Fig. 3. Modelling work flow and analysis.
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assess the amount of land on the building parcels and the natural re-
sources in the immediate area. Light detection and ranging (LiDaR)
data for both terrain and building elevation were acquired from
Swisstopo (2014) [35] for both case studies to evaluate the rooftop
geometry for available solar installations, as well as the shading from
the terrain in the area. As decentralized renewables were the focus,
wind or PV farms were not included, but rather rooftop PV and small-
wind potential that is suitable for installation in more populated areas.

3.2.1. Rooftop photovoltaics
A GIS approach based on the method developed in Mavromatidis

et al. (2015) [36] is used to derive the hourly solar radiation on the
rooftops, as well as to calculate the available area for solar installations.
Using LiDaR data for the building elevation and digital terrain raster
data from Swisstopo, the rooftop slopes, aspects, area, and solar in-
cidence on rooftop surfaces are calculated at a 2m×2m resolution in
ArcGIS for all non-protected buildings in the two case studies. The ef-
ficiency of the PV panels is then calculated at each time interval using
efficiency correlations based on the temperature of the panels. For more
details, please refer to Mavromatidis et al. [36].

3.2.2. Small-wind
Due to the low average wind speeds in the case studies, a low speed

wind turbine is proposed. The selected model was the Aventa LoWind
Turbine [37]. At a hub height of 18m, the corrected wind speed was
calculated with Eqs. (1) and (2).

u u z
zr

r
=

(1)

ln u ln u
ln z ln z

( ) ( )
( ) ( )

2 1

2 1
=

(2)

Here, u represents the corrected wind speed, ur represents the reference
wind speed at a certain height, z is the height of the wind turbine, zr is
the height at which the reference wind speed is taken, and is a
coefficient that represents the rate of wind speed increase as a function
of height that can be solved with Eq. (2). The power curve for the se-
lected wind turbine was then used to correlate hourly power production
depending on the corrected wind speed.

3.2.3. Small-hydro
The potential of a micro hydro plant is assessed for a river in one of

the case studies. Flow rates are provided for a potential site in the
nearby river that is currently not utilized for hydropower. These mea-
sured volumetric flow rates are aggregated into hourly intervals to
calculate the available energy potential over the year using Eq. (3),

P gQH= (3)

In Eq. (3), P is the generated hydropower in kWh, is the turbine ef-
ficiency, g is the acceleration due to gravity, Q is the volumetric flow
rate in m /s3 , and H is the effective pressure head of water across the
turbine in meters. In this case, the turbine efficiency is assumed to be
80%, as it is a smaller turbine in a micro-hydro plant [38].

3.3. Energy optimization modelling

For the DES model, multi-objective optimization with mixed-integer
linear programming (MILP) was applied. This type of modelling is
based on the energy hub concept [8]. In this model, multiple energy
carriers (electricity, heat, hydrogen, and natural gas) are balanced from
primary energy input to end energy demand according to a series of
constraints that represent conversion technologies, storage technolo-
gies, distribution grids, and other factors. In this type of optimization,
the decision variables represent the selection of the technology con-
figuration, technology sizes, and operation of the technologies for
hourly time steps over a one year period (8760 h). The model optimizes

the sizes of the technology units, unit performance, network perfor-
mance, and operation of the system.
Rather than using the typical days or rolling horizon methods for

this optimization, a full horizon (8760 hourly time steps) is used to
accurately assess the long-term storage system potential in the model.
The model was programmed using the Python API for IBM ILOG CPLEX
Optimization Studio and was solved using a CPLEX solver on a cluster
computing machine.

3.3.1. Dispatchable conversion technologies
Dispatchable conversion technologies include heat pumps (HP), gas

boilers (GB), micro-gas turbines (MGT), polymer electrolyte membrane
fuel cells (PEMFC), and polymer electrolyte membrane electrolysers
(PEMEC). The operation parameters of each technology are based on
the sizing of the technology in kW. All dispatchable conversion tech-
nologies contain maximum and minimum capacity constraints that are
described in Eqs. (4) and (5).

P Cap t C1, ..,8760,t out
c c
, = (4)

P Cap PLR t C1, ..,8760,t out
c c

min
c

, = (5)

Here, Pt out
c
, is the power output for each of the dispatchable conversion

technologies in set C Cap, c is the maximum power of the conversion
technology (PEMEC, PEMFC, MGT, GB, and HP) which is determined
by its sizing, and PLRmin

c is the minimum part load of the technology.

3.3.1.1. Electrolysers. Electrolysers are the first component in the P2H
storage configuration. Although technically a conversion technology,
electrolysers consume electricity and produce hydrogen that can be
stored. Polymer electrolyte membrane electrolysers (PEMEC) were
chosen for this model due to their quick responsiveness, flexibility,
ability to withstand higher degrees of cycling than alkaline
electrolysers, and ability to produce pressurized H2 [4]. In this paper,
the PEMEC is assumed to produce hydrogen at a pressure of 10 bar. The
model for PEMECs was not developed in this work but in a joint project
that aimed to produce reduced order models for electrolysers and fuel
cells for optimization. The model for PEMECs is found in Gabrielli et al.
(2018) [39] and uses a piecewise affine (PWA) linear relationship based
on four linear segments to represent the part-load efficiency curve or
the produced hydrogen in Nm /kWh2 . The PWA assumption is modelled
using one binary segment for each section, and only one of these
binaries can be one at any given time step.

3.3.1.2. Fuel cells. Fuel cells are the second technology included in the
P2H configuration. They are considered a CHP technology that runs on
hydrogen. Unlike most CHP technologies, PEMFCs have a higher
electrical efficiency than a thermal efficiency. PEMFCs were chosen
due to their increased flexibility and responsiveness as opposed to solid-
oxide fuel cells [4]. Solid-oxide fuel cells have higher electric
efficiencies, however their high temperature operation (700–1000 °C)
results in a slow response to changes in load. Due to the complex
performance curve of PEMFCs, PWA linear relationship also from
Gabrielli et al. (2018) [39] was used to simulate the part-load
electrical efficiency curve. To estimate the heat production, the total
efficiency of the fuel cell was fixed at 95%, and the difference between
total and electrical was approximated as the heat production efficiency.
Although not directly a storage technology, in this model the running of
the PEMFC indicates discharging of the hydrogen storage to produce
electricity and heat.

3.3.1.3. Micro-gas turbines. Micro-gas turbines are micro CHP devices
that run on natural gas. They are modelled based on Capstone MGT
which provides their efficiency curves for both electricity and heat for
all of their MGT sizes on their website [40]. A linear approximation of
this curve is then used for both electricity and heat.
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3.3.1.4. Gas boilers. Gas boilers were modelled using a linear efficiency
curve with a nominal efficiency of 90% and a minimum part-load
restriction of 5%.

3.3.1.5. Heat pumps. Ground-source heat pumps were considered over
air source heat pumps due to the low temperatures of the case studies in
winter. A linear correlation between COP and the heat source
temperature from Sanner (2005) [41] was used to model the heat
pumps. This relationship is dependent on the heat source temperature
and the delivered heat temperature which was assumed to be 70 °C. The
number of heat pumps installed in each case study is limited by the
number of boreholes available for placement. A GIS analysis for each
case study was performed on the parcel area that the buildings are
situated on. Boreholes are then placed with a minimum radius of 10m
apart from each other and from buildings. For more details on the GIS
borehole placement, please refer to Miglani et al. (2016) [42].

3.3.2. Non-dispatchable renewables
Photovoltaic panels, small-wind turbines, and small-hydro are non-

dispatchable technologies. The modelling of the PV, small-wind tur-
bines, and small-hydro have been described in Section 3.2. This mod-
elling represents the yearly maximum output potential profile calcu-
lated and is imported into the model. PV and wind sizing is performed
using integer decision variables with 1 PV unit representing 1 m2 of
panel area and one wind unit representing one 6.5 kW turbine. As the
size of the 2.3MW small-hydro station is fixed, it is modelled with a
single binary decision variable. The actual output produced in each
hour from each non-dispatchable technology is scaled for each tech-
nology relative to the fraction of actual installed potential over the
maximum potential.

3.3.3. Storage technologies
Three storage systems are modelled in this work: hydrogen storage,

batteries, and thermal storage. Although both long-term and short-term
storage systems are considered in this work, it should be noted that the
exact length of the charge and discharge cycle for each storage tech-
nology is selected by the optimizer and that long-term and short-term
storage systems are not considered separately or are modelled differ-
ently. Any three of the storage systems can be chosen for either long-
term or short-term storage. Hydrogen storage tends to be optimal for
long-term storage as it does not have time dependent losses. In contrast,
batteries and thermal storage both have significant time dependent
losses (0.1 and 1% of stored energy hourly respectively) resulting in a
significant decay of energy when used over longer time horizons. Over
short time horizons, batteries and thermal storage tend to be optimal as
they have higher round-trip efficiencies (for the electric and heating
energy carriers respectfully), although hydrogen storage can occasion-
ally be used over short-time horizons.

3.3.3.1. Hydrogen storage. The hydrogen produced from the
electrolyser is stored in compressed gaseous cylinders up to 90 bars
of pressure. The compression energy is calculated with Eqs. (6) and (7).

W Z RT P
P1

1ideal 1
2

1

1

=
(6)

P n W
comp

ideal

isentropic motor
=

(7)

In Eq. (6), Z is the compressibility factor of hydrogen at a certain
temperature and pressure, R is the ideal gas constant in kJ/kmol K, T1 is
the inlet temperature in Kelvin, P1 and P2 are the inlet and outlet
pressures respectfully, and is the specific heat ratio of the gas (C C/p v).
This computes the work of isentropic compression as a function of the
final pressure per unit mass. The electricity of compression is calculated
with Eq. (7), where n is the molar flow rate of hydrogen production,

isentropic is the isentropic efficiency of the compressor, which is assumed
to be 80% [10] and motor is the mechanical efficiency of the electric
motor, which is assumed to be 90%. The sizing of hydrogen
compressors is performed based on required electricity to compress
the maximum hourly hydrogen production flow rate in the year. The
state of charge of the hydrogen tank is calculated at each hourly time
step with Eq. (8).

M M m T m T m Tt
H

t
H

PEMEC PEMFC DI
2

1
2

fuel= + (8)

M Capt
H H2 2 (9)

In this equation, it is assumed that the decay of the storage in the tank is
zero (i.e., has no leaks) and that the system has an efficiency of 99% on
discharge. In addition, direct injection of natural gas into the grid is
assumed to not require additional compression power as it is being
injected into the low pressure part of the gas grid which is typically less
than 70 bars in European gas grids compared to the 90 bar stored in the
hydrogen tanks. The hydrogen storage maximum capacity is sized in kg
of hydrogen. In addition, the seasonal storage component of the
simulation must be included to initialize the first time step of the
year to be of the same state of charge of the last time step, as is shown in
Eq. (10).

M Mt
H

t
H

1
2

8760
2== = (10)

3.3.3.2. Batteries and thermal storage. Simplified battery and thermal
storage models are assumed for this work. The models are described in
Eqs. (11)–(13), with Eq. (11) describing the energy balance in both
storages, Eq. (12) restricting the state of charge below the capacity, and
Eq. (13) limiting the maximum discharge and charge rates.

E E Decay P T P T S· 1
t
s

t
s s

Charge
s

Charge
s

Discharge
s Discharge

s
1= +

(11)

E Cap St
s s (12)

P Cap SCharge Discharge
s s

Charge Discharge
s

/ / (13)

Here, S is the set of non-hydrogen storage technologies (batteries and
thermal storage) Et

s is the storage level in the battery or thermal
storage, PCharge Discharge/ are the charge and discharge powers in kW,

Charge Discharge/ represents the charging and discharging efficiencies, and
Decays is the rate at which the stored energy decays in an hour. For this
model, the efficiency of lithium-ion batteries were assumed, thus the
charging and discharging efficiencies are both equal to 92% and the
decay is set to 0.1% per hour. For the thermal storage, the charging
efficiency, discharging efficiency, and decay are set based on the work
of Stadler et al. (2008) [43] to 90%, 100%, and 1% per hour.

Charge Discharge/ describes the limit on the discharge and charging rates
as percent of maximum capacity that can be charged or discharged
within an hour. For batteries, based on a C-rate of 0.5C, this is assumed
to be to 50%. For thermal storage, this is set again by Stadler et al. to be
25% [43]. Similar to the hydrogen storage, there is also a constraint
ensuring that the stored energy level at the beginning and end of the
year are equal to each other. This is shown in Eq. (14).

E E St
s

t
s

1 8760== = (14)

3.3.4. Energy grid modelling
In the model, network grids for electricity, heating, and natural gas

were included. A transformer efficiency to the low-voltage grid of 98%
was assumed. The heating network is approximated with a minimum
spanning tree network from the energy centre in the middle of the
neighbourhood to the building centroids. A heating loss rate of 4.3%
per km of heating pipe is assumed [44]. Electric pumping power is
taken to be 8.5% of the total heating demand in each time step [45].
Direct injection of hydrogen into the natural gas grid is also allowed
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for up to a 2% limitation by volume (the recommended value for net-
works with turbines [46]). This condition is enforced by Eq. (15).

V V V t( )·0.02t
DI H

in t
MGT NG

in t
GB, 2

,
,

,+ (15)

Here, Vt
DI H, 2 is the amount of hydrogen injected into the natural gas

grid, Vin t
MGT NG

,
, is the natural gas consumed by the MGT, and Pin t

GB
, is the

natural gas consumed by the boiler.
The energy content of both gases can be converted using their

heating values, which are approximately 39.4 and 14.5 kWh/kg for
hydrogen and natural gas respectively.
In the model, the three grids are assumed and are simultaneously

balanced with constraints to ensure that supply meets demand. The
balance for electricity, heating, and natural gas in the network are
shown in Eqs. (16)–(18) respectively.
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Since the model can install several technologies at once, multiple de-
vices can be simultaneously run to provide either electricity or heating
demand in any given time step. There is no set utilization priority, but
rather the technology utilization is an outcome of the model that de-
cides during each time step which devices are the most optimal in order
to meet the energy demands based on the respective objective function
of the optimization.

3.3.5. Multi-objective optimization
Multi-objective optimization is used to minimize both system costs

and carbon emissions. The system costs are calculated using Eqs.
(19)–(25).

Cost Cost Cost Cost Cost Costtotal inv OMF OMV elec fuel= + + + + (19)

Here, Costtotal is the cost objective to be minimized, Costinv is the
equivalent annual investment cost of the technologies, CostOMF is the
fixed operation and maintenance costs, CostOMV is the variable opera-
tions and maintenance costs, Costelec is the electricity cost, and Costfuel
represents the fuel costs. The investment costs are calculated with Eq.
(20).

Cost Cost ·Cap ·CRF Cost ·Cap ·CRF( ) ( )inv
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In Eq. (20), C represents the set of conversion and S represents the set of
storage technologies, Cost represents the capital cost of the technologies
per unit of capacity installed, and Cap is the capacity of each technology
installed in kW. Capital recovery factor (CRF), or equivalent annual cost
factor is calculated for each technology based on its rated lifetime in
years. To calculate the CRF factor, Eq. (21) is used [47].
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Here, r is the discount rate, and Lifetime is the expected age of the
technology in years. The operations and maintenance costs are then
calculated with Eqs. (22) and (23).
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Fixed operations costs (OMF) are calculated based on the technology
sizes (Cap) and variable operations costs (OMV) are calculated based on
the operational output of the technologies over the one year period. For
conversion technologies, this is defined by the output energy in kWh
over the year (Pc t

out
, ). For storage technologies, this is defined by the

discharge energy in kWh over the one year period (Discharges t, ). The last
two costs are fuel and electricity costs, as shown in Eqs. (24) and (25).
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In Eq. (24), Pgrid t
NG

, represents the natural gas purchased from the grid in
each time step and Pricegrid t

NG
, is the fuel price.

Electricity cost represents the cost and profit from interactions of
the decentralized network with the central electricity grid. Electricity
from the grid (Pgrid t

Pur
, ) is purchased at the retail price of electricity in

CHF/kWh. Retail price represents the price of electricity that is pur-
chased from an electric utility. This price is typically constant or uses a
two-tiered high and low tariff pricing scheme for peak hours and off-
peak hours of use in Switzerland. In this case, a constant rate is used.
Electricity sold back to the grid is split into two categories for renew-
able electricity and for non-renewable electricity. Electricity sold from
RES technologies (Pgrid t

SellR
, ) like PV, hydro, and wind, can be sold at the

feed-in tariff rate. The feed-in tariff is an incentive for renewable pro-
duction such as PV, small-hydro, and wind. Electricity sold from all
other devices (Pgrid t

Sell
, ) is sold back at the market price (MP) of electricity.

The market price represents the real price of electricity for either
buying or selling (in this case selling), which fluctuates due to supply
and demand on the national grid level. Its prices are typically two to
three times lower than the retail price. Although battery storage or fuel
cell output can indirectly come from renewable energy, in this model
the electricity discharged from storage devices cannot be sold to the
grid at the feed-in tariff rate. To incentive local use of renewable en-
ergy, there is a constraint to ensure that only surplus electricity from
renewable devices during each time step can be sold back at the feed-in
tariff price. This constraint is shown in Eq. (26).
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Here, t
surplus is a binary variable that is 1 if

P t P t P t Demand, , ,out
PV

out
Hydro

out
Wind

t
elec+ + > (i.e., a surplus) and 0 if

P t P t P t Demand, , ,out
PV

out
Hydro

out
Wind

t
elec+ + (i.e., a deficit). This

constraint ensures that electricity can only be sold back at the feed-in
tariff rate if the production of renewables is greater than the electricity
demand. In addition, the amount of energy that can be sold at the feed-
in tariff rate is limited by the difference between the renewable pro-
duction (hydro, PV, and wind) and the electric demand.
The annual CO2 emissions, in kg CO2/kWh are calculated with Eq.

(27).

CO P CF P CF2 ( · · )total
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1
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Here, CF is the carbon factor in kg CO2/kWh for natural gas and the
electricity intensity in the grid.
With both the objective functions defined, multi-objective optimi-

zation is then performed with the epsilon-constraint method [48]. In
this method, the optimization is first solved with only a cost objective
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and the CO2 emissions are calculated consequently. Secondly, the
problem is solved with a CO2 minimization objective. To solve for
multi-objective cases, the epsilon value is calculated at even intervals
between the maximum (cost optimal) and minimum (CO2 optimal)
emissions, and then the total emissions are constrained below these
epsilon values while optimizing for minimum costs, resulting in mul-
tiple intermediate optimal solutions. In this study, five Pareto optimal
solutions are chosen to give a variety of solutions for each set of
parameters. For the purpose of this study, the 5 Pareto optimal solu-
tions will be referred to as the cost minimization, 25% CO2 objective
minimizationb, 50% CO2 objective minimization, 75% CO2 objective mini-
mization, and CO2 minimization solutions. The percent referred to is not
a reduction of the total emissions but rather the percent reduced re-
lative to the difference between the cost minimization and CO2 emis-
sion minimization objectives.
In order to compare the results across the two case studies on a fair

basis, the Levelized Cost of Energy (LCOE) and Levelized CO2 Emissions
(LCO2) for DES will be used. The LCOEDES is defined as the total annual
costs of the energy system (defined in Eq. (19)) divided by the sum of
the total annual electricity and heating demand. The LCO2DES is defined
as the total annual emissions (defined in Eq. (27)) divided by the sum of
the total annual electricity and heating demand. The calculation of
LCOEDES and LCO2DES are shown in Eqs. (28) and (29) respectively.
These terms will be used in Section 5.
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The terms Demandt
elec and Demandt

heat in Eqs. (28) and (29) refer to the
hourly demand of all buildings simulated in Section 3.1.

3.3.6. Energy strategy targets
In order to benchmark solutions against the targets of the Swiss

Energy Strategy, the Kaya Identity is used. The emissions targets are not
included in the optimization but used in Section 5 to benchmark the
solutions for the years of 2020, 2035, and 2050. The calculation of
these energy targets for buildings is defined in Mavromatidis et al.
(2016) [49] in reference with the Swiss Energy Strategy 2050 [31]. This
paper uses the Kaya identity to calculate the emissions targets based on
Eq. (30).

C C
E

E
A

A= (30)

Here, C refers to the total Swiss CO2 emissions targets from buildings (in
this case in kgCO2), E refers to the total energy consumption in buildings
(in kWh), and A refers to the total floor area in buildings (in m2) at
2020, 2035, and 2050 defined in the strategy. Both the floor area for all
buildings and the CO2 targets are defined in the strategy at the years of
2020, 2035, and 2050. As the total emissions for all buildings and the
floor area of all buildings are fixed in the energy strategy at each year,
the C

E
and E

A
can both be adjusted to meet the targets. The term C

E
refers

to the CO2 intensity per kWh of energy produced in buildings. The value
of C

E
decreases with an increasing percentage of RES being used to meet

energy demand and increases when the percentage using fossil fuels
increases. The term E

A
refers to the energy density of buildings per unit

area, which represents the energy efficiency of the building envelope.
The more inefficient the buildings are (i.e., older building stock), the
higher the energy density is. When buildings are retrofitted, their
kWh/m2 decreases, thus this value decreases from 2015 to 2050 based
on increasing number of retrofitted buildings. The model optimization
chooses the level of renewables on the system side, thus optimizing the
C
E
. The resulting optimization solutions can be compared against the

official targets according to the energy strategy, which are shown in
dashed lines in Figs. 7 and 8.

4. Case study descriptions

There are two case studies used in this paper representing a rural
and urban neighbourhood respectfully. These two types of neighbour-
hoods represent two typical examples of neighbourhoods within
Switzerland. The comparison of these two highlights the differences in
system design depending on RES and energy density in design locations.
The total area of heated and electrified space in the buildings is defined
in the building energy demand models (3.1) and this can be used to
compare the energy density in the buildings (in kWh/m2) and the LCO2,
which are key performance indicators in relation to the Swiss Energy
Strategy 2050 and its targets for decarbonization in the Swiss building
stock. This allows the two case studies to be benchmarked against each
other and to the Swiss emission targets.

4.1. Zernez

Zernez is a rural alpine village in the Swiss Alps with approximately
1150 people inhabiting 308 buildings. The building stock consists of
mostly of single-family homes, multi-family homes, shops, hotels, res-
taurants, and agricultural buildings. It is located at an altitude of
1475m resulting in a cold climate with an average temperature of
4.7 °C. A small river that passes by the village is planned for a small
2.3MW run-of-the-river small hydro plant. It is approximated from a
GIS analysis that 60 small-wind turbines at a hub high of 18 meters
could be placed in the vicinity of the village. In addition, there is 25,200
m2 of rooftop area available for PV installation excluding protected
buildings. More data on this case study can be found in [50].

4.2. Altstetten

Altstetten is a populated and primarily residential quarter in the city
of Zurich in Switzerland. A section of 77 buildings in Altstetten was
chosen as it was scaled to nearly the same total annual demand as
Zernez. These buildings consist of primarily multi-family homes and
shops with a population of 1784 inhabitants. Statistics on the buildings
is available from the Swiss Buildings and Apartments Registry (GWR)
[34]. As a result, it has a higher population density than Zernez. As it
lies in a city, small wind and hydro are not available as renewable re-
sources and 12,080m2 is available for rooftop PV area.
The incident radiation of the rooftops calculated in the two case

studies is shown in Fig. 4.

4.3. Future demand data for case studies

In order to predict future demand for buildings, two factors are
considered: retrofits and climatic weather changes. Based on the 2015
baseline year, the demand model (3.1.1) was used to calculate in-
dividual demand for all buildings in Zernez and Altstetten. The baseline
year is simulated with a typical meteorological weather file from both
locations specifically. Future demand for the years of 2020, 2035, and
2050 are calculated with the retrofitting model (3.1.2). Using this
model, retrofits are applied and building constructions are updated at
future years of consideration. In addition, weather files considering
climate change in the future were obtained from Meteonorm based on
the work published in Remund et al. (2010) [51]. The weather files in
this work are based on the IPCC A1B and B1 scenarios. For the future
demand, the CM scenario was chosen to use the Business as Usual
scenario retrofit rates and the A1B weather files, the GSD scenario was
chosen to use the New Energy Policy scenario retrofit rates and the B1
weather files, and the RSD scenario was chosen to use the New Energy
Policy retrofit rates and the A1B weather files. Since the B2 weather
files are not yet available for these locations, the A1B is used in its place
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as the warming predicted in the B2 scenario on average globally falls in
the range predicted by the A1B scenario. A summary table of the
temperatures in the weather file are shown in Table 2. The results of the
aggregated demand for these case studies are shown in Fig. 5. In this
Figure, three scenarios (which are Conventional Markets, Global Sus-
tainable Development, and Regional Sustainable Development) are
shown from 2015 to 2050. The heating demand decreases over time due
to more buildings being retrofitted each year in both neighbourhoods.
When these buildings are retrofitted, windows, facade, floor, and roof
insulation are all added to reduce the heating demand. In addition, the
electrical appliances and lighting are updated to increase their effi-
ciency and decrease the electrical energy demand in the buildings. The
GSD and RSD scenarios have an average retrofit rate 2% of buildings
per year compared to the CM rate of 1%, thus they are able to retrofit
twice the number of buildings, resulting in a lower demand. In addition,
the buildings are simulated with the relevant weather files, with the
A1B (used by CM and RSD scenarios) scenario having higher warming
than the B1 (GSD) scenario. As a result, the RSD has a lower heating
demand over time compared to the GSD scenario despite having the
same retrofit rate, as the RSD has a warmer average temperature and
thus less heating demand than the GSD scenario.

4.4. Future renewable potential vs. demand

In addition to the electricity and heating demand for the buildings,
the renewable potentials are also calculated in the model. As the change
in wind speeds and solar potential are not considered and updated in
future weather files, these renewable potentials are assumed to remain
the same over time. It is predicted that the demand decreases due to
retrofits as the renewable potential remains constant. This is re-
presented in Fig. 6. In this Figure, the surplus or deficit is calculated by
subtracting the total energy demand in each hour from the total re-
newable production in each hour and then summing up the monthly
totals. It can be observed that the surplus for both case studies grows
over time due to the lower demand in 2050 compared to 2015. In ad-
dition, Zernez has a much higher amount of renewables, resulting in a
greater surplus.
In Fig. 6, the level of surplus renewables (i.e., times of higher re-

newable potential than demand) increases over time, especially in the
Zernez case. With extra surplus energy, the optimization may decide to
install less renewables, to install the renewables but sell production to
the grid, or to use storage technology to shift the energy surplus to later
energy deficit.

Table 2
Weather file average temperature for the future scenarios, years, and locations.

Region Parameter 2015 2020 2035 2050

Baseline A1B B1 A1B B1 A1B B1

Global Mean temp vs. 1980–1999 ( °C) +0.4 +0.7 +0.5 +1.2 +1.0 +1.7 +1.3

Zernez Max temp (°C) 25.1 24.3 24.7 27.6 26.3 27.7 26.3
Mean temp (°C) 4.4 4.9 4.9 5.5 5.2 6.1 5.5
Min temp (°C) −20.0 −16.3 −15.9 −15.9 −16.6 −16.0 −16.1

Altstetten Max temp (°C) 29.9 32.3 33.0 33.0 33.8 32.9 33.3
Mean temp (°C) 8.7 10.4 10.4 11.0 10.7 11.5 11.0
Min temp (°C) −10.4 −8.6 −8.2 −8.1 −9.0 −7.6 −8.1

Fig. 4. Solar radiation potentials of the cases with Zernez on the left and Altstetten on the right.
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5. Results and discussion

Based on the scenarios formulated in Section 2, a series of simula-
tions were conducted to evaluate the scenarios using the multi-objec-
tive method to find a set of Pareto optimal solutions.

5.1. Pareto fronts

Fig. 7 shows the Pareto fronts for all of scenarios, years, and ob-
jectives simulated with the LCOEDES on the x-axis and LCO2 on the y-
axis. In multi-objective optimization, the solutions show the set of
Pareto optimal solutions according to the two objectives. The energy
strategy targets are included in dashed lines. Please note that the targets
differ from the CM scenario to the GSD and RSD scenario due to the
difference in the assumed CO2 intensity of the electricity grid (please
see Table A.1 for details). The Pareto curves, moving from upper-left

and cost optimal to lower-right and CO2 optimal, show five different
solutions that are all on the spectrum from fully cost optimal to fully
CO2 optimal. From 2015 to 2050, the subsequent years’ emissions drop
lower, indicating that more renewable sources are being used to meet a
higher fraction of the demand over time. In addition, many of these
solutions are also dropping in cost over time as the capital costs of
technologies decrease. For the Zernez case study, much larger emission
reductions can be achieved due to the higher renewable potential.
Emission reduction in the Altstetten case study is more restricted due to
the lower renewable potential available.
For both case studies, the Pareto curves initially have a steep drop in

emissions followed by shallow and rapid increase in costs. This in-
dicates that a large portion emissions reduction can be met without a
high increase in the costs, however the costs rapidly increase above the
75% CO2 minimization solution. A full breakdown of costs by type is
shown in Fig. B.1 in the Appendix B. As seen in this Figure, the rapid

Fig. 6. Renewable potential (positive) and demand (negative) for Zernez and Altstetten in the 2015 Baseline year and the CM scenario in 2050.

Fig. 5. Future building energy demand of Zernez (left) and Altstetten (right).
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increase in costs in the CO2 optimal solution is mostly caused by in-
stallation of a large hydrogen storage systems and the capital required
to build them. It should be noted that the sizes of these large hydrogen
storage systems in the CO2 optimal solutions are most likely infeasible
as it would require too much space for hydrogen storage tanks, however
these solutions provide us with reference point to the minimum possible
feasible emissions that can be theoretically obtained. Typically solu-
tions at the elbows of these curves would represent the best trade-off of
emissions and cost, although ultimately it would be up to a decision
maker to decide where along the curve the ideal solution would lie. If
the intention is to meet the energy targets, all three future scenarios are
projected to be able to meet the energy targets with the 50% CO2 ob-
jective solution in 2050 in Zernez. In Altstetten, all solutions miss the
energy strategy targets.

5.2. Performance of the case studies in the context of the Swiss Energy
Strategy 2050

In Fig. 8, the results from Fig. 7 have been replotted with respect to
the buildings energy density (E

A
from Eq. (30)) on the x-axis and the

system CO2 intensity (CE from Eq. (30)) in order to benchmark the
feasible options against the energy targets.

Fig. 8 shows the energy density values decreasing (or energy effi-
ciency of the buildings increasing) in both case studies over time due to
the continuous retrofit of buildings. The energy strategy targets are
shown in the dashed grey lines for the years of 2020, 2035, and 2050
according to the Kaya identity calculations described in Section 3.3.6.
For the Zernez case study, it is seen that the 50% CO2 minimization
objective is able to meet the emissions targets in 2050 in all three future
scenarios.
In Altstetten, it is again seen that solutions miss the targets, which

implies that solutions that meet targets are infeasible given the energy
demand and renewable potentials available. This does not mean that
the case study will be unable to meet its targets, but rather it will miss
the targets by solely relying on the implementation of the DES concept
and the and the presumed retrofit rates. The building stock in Altstetten
is comprised of mostly older multi-family houses, resulting in a high
heating density. There is also a high ratio of heated and electrified area
vs. the available area for solar installations compared to the rural case
study. Due to the low renewable potential, there is not enough re-
newable energy generated on-site to meet the targets. In order to im-
prove the buildings energy performance, a higher retrofit rate should be
adopted for the neighbourhood, however even if the retrofit rates are
increased, additional renewable energy would most likely still be re-
quired to meet the targets due to the shallow slope of the target curves

Fig. 7. Pareto fronts for each year and scenario. Dashed lines represent energy targets and colours represent the year.
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in 2050. Renewable energy imports, such as biomass, biogas, or ex-
ternally produced PV or wind would need to be imported into the DES
in order to meet targets in this neighbourhood.

5.3. Technology sizing

The conversion and storage technology sizing associated with the
50% CO2 minimization solutions are shown in Fig. 9. The 50% CO2
minimization objective is shown, as it represents the most cost effective
solution that is able to meet the energy strategy targets in 2050 in
Zernez in each future scenario. The technologies are separated by
conversion technologies (both dispatchable and non-dispatchable) and
storage technologies.
Here, RES technologies such as PV and HPs are both cost effective

and cost optimal as they are installed in their full capacity in almost all
cases. Small-wind is also installed in the same fashion but to a lesser
extent due to the high costs and low output of small-wind turbines.
MGTs are often installed in the year of 2015 and in many of the CM
solutions due to low gas prices, but are not installed when the prices
increase in the GSD and RSD scenarios. Boilers are also installed in all
cases as they are typically the back-up heating technology that is relied
upon. Since heat demand cannot simply be purchased from a central
grid in times of need, thermal storage systems and boilers are heavily
relied upon due to the high heating demand of both case studies in
winter.
PEMFC, H2S, and PEMEC represent technologies that must be

installed to implement hydrogen storage systems. The size of hydrogen
storage systems increases over time as the technology capital costs
become cheaper, the performance of the equipment improves, there is a
higher level of surplus energy, and electricity costs increase. In addi-
tion, it is seen that the largest H2S systems are installed in the RSD
systems, followed by the CM and lastly the GSD. The difference is de-
pendent on the feed-in tariff of the scenarios. The RSD and the CM
scenarios both have a quick phase out of the feed-in tariff, while the
GSD scenario keeps the feed-in tariff high until 2050. As a result, it is
more profitable in the GSD scenario to sell surplus electricity back to
the grid rather than storing it on-site. The RSD scenario has the largest
hydrogen storage systems, as it has a higher level of surplus electricity
than the CM scenario due it its lower demand. With a large amount of
surplus electricity available, the system chooses to store this electricity
rather than sell it to the grid at a low rate. The results find it is almost
always optimal to install RES technologies, as it opts to purchase the
maximum feasible amount available for nearly all objectives.
In the Altstetten case study, small hydrogen systems are installed.

Due to the lower renewable potential, the system found it is preferable
to install batteries and to use hydrogen storage for storage durations
longer than one day (although seasonal storage is never used).

5.4. Increase in share of renewables over time

Each of the 100 solutions previously shown not only represents the
design of the system configuration and the sizes of the technologies but

Fig. 8. Building total (electricity and heat) energy density vs. the LCO2E for all Pareto optimal solutions.
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also their operation. Fig. 10 shows the technology outputs that con-
tribute to the total annual aggregated demand of the case studies for the
years of 2015 to 2050. It is split by the demand carriers of electricity
and heating.
Fig. 10 shows that heat pumps, PV, and hydro all contribute greatly

to the end energy demand. As the demand decreases over time, the
same output from these devices allows boilers, gas turbines, and grid
electricity to be used less. Stored energy is used in greater portions in
2050 with PEMFCs and batteries playing an increasing role, especially
in the RSD case. Thermal storage is also used, but its potential is already
maximized in 2015 and it remains constant until 2050 as its costs begin
low and are predicted to remain constant over time. It is to be noted
that although the percentages of hydro and PV use in Zernez appear to
decrease over time their use is not actually decreasing, but rather more
production is being used to charge the storage technologies as opposed
to being used directly to meet demand (the future demand is lower due
to retrofits). In addition, a higher portion of renewable energy is sold
back to the grid, especially in the GSD case. In Altstetten, the demand in
2050 is still dependent on boilers, MGT, and grid electricity due to the
lack of renewables.
These figures show that heat pumps and PV play a key role in both

case studies. Their total potential is restricted due to available area of
installation specific to each case study, but nevertheless they are pre-
dicted to be the most cost effective and low carbon technology available

for the futures of both case studies for heating and electricity demands
respectively. In addition, the RSD scenario has the highest portion of
storage usage by 2050. The high feed-in tariffs in the GSD case disin-
centives storage of renewables on-site and promotes selling electricity
back to the grid. This implies that the feed-in tariff does not promote
the use of on-site storage systems, and thus does not foster self-sus-
tainability in the local neighbourhood. A high feed-in tariff with a high
penetration of RES could cause many producers to sell their electricity
back at the same time, resulting in centralized grid overloading issues.
The use of on-site storage can prevent these issues by allowing neigh-
bourhoods to store this energy rather than selling it back to the grid.
This study therefore recommends a phase out of the feed-in tariff be-
tween 2020 and 2030 to incentivize the use of local storage solutions,
thus promoting on-site consumption.

5.5. Storage performance

In order to further compare the load shifting with the storage sys-
tems in each scenario, Fig. 11 shows the charging and discharging of
each of the three storage systems over the full simulation year in 2050
for the 50% CO2 minimization solution. For hydrogen storage, charging
energy is represented by the amount of electricity input into the elec-
trolyser and the discharging energy is accounted for in two streams:
hydrogen directly injected into the natural gas grid and energy (both

Fig. 9. Conversion (above) and Storage (below) technology sizing for the 50% CO2 minimization objectives.
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heat and electricity) produced from the PEMFC. Both the battery and
thermal storage are also shown with their charging and discharging
energy.
In Zernez, the storage systems are used to a larger extent, as there is

a higher renewable surplus. Although a P2H system is used in all three
future scenarios in Zernez in 2050, it is used the least in the GSD case
study due to the high feed-in tariff. In summer, there is only a small
amount of heating demand for domestic hot water, and the electricity
can be met directly from the hydro and PV resources, therefore the
storage is not needed significantly in the short-term and the renewable
electricity can be sold back to the grid for profit. In both the CM and
RSD scenarios, the behavior of a long-term storage system can be ob-
served as the surplus is used to charge the hydrogen storage pre-
dominantly in the summer, as it is no longer profitable to sell the sur-
plus back to the grid due to the phase out of the feed-in tariff. The
surplus of hydrogen charged in the summer is then used by the fuel cell
in the winter, thus taking advantage of a seasonal shift in energy. In the
RSD case, the long-term hydrogen storage is used to a greater extent
due to the higher renewable surplus caused by the lower demands.
In Altstetten, the hydrogen system is only used in the summer when

there is a renewable surplus and is used to shift energy over a few days
at maximum. In the GSD and RSD scenarios, the hydrogen storage is

able to shift a similar amount of energy compared to the thermal and
battery storages but it does not shift the energy demand from month to
month, as was done in Zernez. The CM scenario uses short-term storage
more than the hydrogen storage. Due to the lower renewable surplus,
short-term storage is preferable to long-term storage as it is more effi-
cient.
When comparing the optimal storage technologies in the two cases,

it is clear that hydrogen storage requires a high level of renewable
surplus in order to be feasible as a long-term storage. In neighbour-
hoods where the renewable potential is too low, it will not have enough
load to shift for long-term storage to be feasible. In addition, if the feed-
in tariff remains high, hydrogen storage is less likely to be used as the
profits of selling surplus electricity back to the grid will be higher than
the value of stored energy in the hydrogen system. This is observed in
the GSD scenario in both case studies, where the surplus electricity is
sold to the grid rather than stored in the hydrogen system during the
summer’s renewable electricity surplus.

6. Conclusion

In this paper, we have developed a methodology to assess the po-
tential of long and short-term storage in future scenarios with a multi-

Fig. 10. Energy demand (electricity and heat) met by each energy source from 2015 to 2050 for the 50% CO2 minimization solutions. Please note that renewable
technology output (i.e., PV, wind and hydro) refers to only demand that is directly met from these technologies rather than renewable energy stored in storage
systems. Renewable energy from storage systems is shown as energy met from the Battery, TES, and fuel cell (which, although not a storage technology is powered by
stored hydrogen gas).
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objective optimization for DES that evaluates he optimal configurations
from 2015 to 2050. The model has a specific emphasis on the evalua-
tion of a decentralized long-term P2H system. In order to properly
capture the operation of these technologies, part-load PWA functions
are used for the fuel cells and electrolysers and a full year time horizon
is used to establish storage continuity over a full year in order to
evaluate charge and discharge cycles up to one year in length (seasonal
storage). Three future scenarios, framed from the IPCC, Special Report
on Emissions Scenarios, were used for evaluation of the future years of
2020, 2035, and 2050. They are titled Conventional Markets, re-
presenting global markets with a strong economic focus, Global
Sustainable Development representing global markets with a strong en-
vironmental focus, and Regional Sustainable Development representing
regional markets with a strong environmental focus.
This model can be used for evaluation of any decentralized energy

system. It will be able to highlight the technologies that are the most
cost effective to decarbonize the building stock and can to determine if
the targets will be able to be met from renewable energy produced on-
site or whether alternatives (i.e., external renewable energy certifi-
cates) will have to be considered to meet national emissions targets.
Energy planners tasked with deciding which technologies, systems, or
methods will be the most effective and least expensive to meet targets
for the buildings in their communities can use such a model to evaluate

their own project or community within certain boundaries. Policy
makers can use such a model to assess a variety of neighbourhoods to
see which technologies they should promote in certain areas and to
what extent retrofit rates should be increased.
To demonstrate this, the model was evaluated with two case studies

in different settings: one urban and one rural, both with different
amounts of renewable potential. Pareto optimal solutions were run for
all combinations of future years, future scenarios, and case studies. The
solutions are compared against the national future energy strategy
targets, which provides valuable information for policy makers and
energy planners. In addition, the full-year horizon directly targets the
differences between long-term and short-term storage.
Separate conclusions can be made from the findings of the two case

studies. For the rural case study (Zernez), the high renewable potential
allows for several solutions that were able to meet the energy targets.
Due to the high level of renewables, long-term storage was an asset in
the design after 2035 when the feed-in tariff was phased out. The urban
case study (Altstetten) could not meet the targets in any scenario due to
the lack of available renewables and the remaining high level of energy
demand due to the older building stock. Although the retrofit rates were
the same for both case studies, the higher energy demand of the older
building stock in the urban case study would have benefited more from
a higher retrofit rate as an energy reduction strategy. Long-term storage

Fig. 11. Charging and discharging of the storage technologies for the 50% CO2 objective minimization solutions in 2050 for each month in the 2050. Negative values
indicate the charging of the storage technologies and positive values indicate the discharging of storage technologies.
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was not feasible in this case as there was not enough renewable surplus
to shift with the storage. Instead, short-term storage was sufficient to
shift the load for this case study. From this analysis, we can conclude
that long-term storage is only attractive for case studies with a suffi-
ciently high level of renewable surplus. In summary, the specific ana-
lysis into long-term P2H storage did show that the technology is both
technically feasible with sufficient amounts of renewable surplus and
that it likely will become more attractive in the future, particularly in
case studies where a deep decarbonization is wanted or required.
Aside from the storage systems, it was found that retrofit and re-

newable energy integration were both required to meet the energy
strategy targets. For the neighbourhood with less renewable potential
and an old building stock, in this case the urban case study, the im-
portance of retrofits should be particularly emphasized as the targets
could not be met. The population density in the urban case study re-
sulted in a lower amount of rooftop space for PV relative to the energy
density of the buildings. In an urban area, alternative strategies to solar
technologies would be difficult to include due to the lack of available
area to install other technologies. To further decrease the use of fossil
fuels, external renewable energy must be imported into the neigh-
bourhood (i.e., the community could purchase renewable energy shares
or certificates).
The results of the three future scenarios show that storage systems

were the most favoured in the RSD scenario. This was due to the lower
local demand resulting in higher surplus electricity. Due to low feed-in
tariffs and increasing electricity prices, it was more cost effective to
install a storage system and use this energy at a later time rather than
selling it back to the grid at a low cost. The CM scenario also favoured
storage despite having the lowest renewable surplus of all scenarios,
which implies that the feed-in tariff has a strong effect on storage
system selection and capacity. The GSD scenario was also effective at
reducing emissions and was the most cost favourable scenario due to
the feed-in tariff profits, however it choose to sell most of its surplus
back to the grid which may result in stress on the centralized grid and a
lower self-sustainability ratio. All three scenarios were able to meet the
emissions reduction targets for the rural case study and its storage
systems. This suggests that both long and short-term storage could play
an important role in helping DES in settings with large renewable po-
tential meet their energy strategy targets.
When planning for the future, decision makers should also consider

the effects that the input parameters have on the optimal system con-
figuration and thus on their ability to contribute to emission reduction
targets. Results show that feed-in tariff and the level of surplus energy
(which is highly impacted by the building energy demand and the level
of available renewable potential) have a high impact on the optimal
system design. If the realized parameters for these values in the future
vary strongly from the predictions, then the conclusions of this paper
will differ. In such a model, uncertainty in the input parameters and
their effect on the model must be considered and the effects of these
future outcomes should be known before decisions are made regarding
the implementation of these systems.
In order to further investigate the impacts of input parameters, an

uncertainty analysis and sensitivity analysis of this model parameters
should be performed, although the computational time of the model
would likely have to be reduced to conduct a proper uncertainty ana-
lysis with a Monte Carlo method (typically requiring thousands of
runs). More simulations would have to be run on the identified para-
meters of interest (i.e., feed-in tariff, electricity price, capital cost of
storage and RES, and retrofit rate) to draw further conclusions.
These additions would strongly build on the method of multi-ob-

jective optimization for DES that is investigated in this paper and would
allow for the better identification of energy strategies for dec-
arbonization, which could be a powerful tool to meeting the climate
change goals by 2050.
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Appendix A. Future parameters

The parameters used in the optimization are listed in this section. Table A.1 lists the economic and market parameters, Table A.2 lists the
technology parameters, and Table A.3 lists the lifetimes of technologies.

Table A.1
Future scenario economic and market parameters.

Parameter Baseline CM GSD RSD

2015 2020 2035 2050 2020 2035 2050 2020 2035 2050

Elec. price (CHF/kWh) 0.198 [52] 0.206 [31] 0.235 [31] 0.231 [31] 0.212 [31] 0.251 [31] 0.262 [31] 0.212 [31] 0.251 [31] 0.262 [31]
Gas price (CHF/kWh) 0.067 [53] 0.037 [32] 0.052 [32] 0.061 [32] 0.095 [32] 0.129 [32] 0.148 [32] 0.193 [32] 0.270 [32] 0.305 [32]
Feed-in tariff (CHF/kWh) 0.176 [6] 0.087 [6] 0 [31] 0 [31] 0.176 [6] 0.176 [6] 0.176 [6] 0.087 [6] 0.011 [31] 0.001 [31]
Grid CO2 (kg CO2/kWh) 0.124 [54] 0.150 [54] 0.150 [54] 0.150 [54] 0.100 [54] 0.089 [54] 0.072 [54] 0.100 [54] 0.089 [54] 0.074 [54]
CO2 tax (CHF/t CO2) 84 [55] 84 [55] 84 [55] 84 [55] 120 [55] 240 [55] 240 [55] 120 [55] 240 [55] 240 [55]
Discount rate (%) 6.0 [56] 6.0 [56] 6.0 [56] 6.0 [56] 6.0 [56] 6.0 [56] 6.0 [56] 6.0 [56] 6.0 [56] 6.0 [56]
Retrofit rate (%) 1.0 [31] 1.0 [31] 1.0 [31] 2.0 [31] 2.0 [31] 2.0 [31] 2.0 [31] 2.0 [31] 2.0 [31] 2.0 [31]
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Appendix B. Cost breakdown

The costs displayed in Fig. 7 are further broken down into five categories in Fig. B.1: conversion technology capital, storage technology capital,
operation and maintenance, fuel, and electricity costs. The GSD scenario achieves the lowest cost solutions, while the CM scenario has the highest
costs. In the cost optimal solutions for the Zernez case study, there are observed negative electricity costs (profits). This is also true for the 25% and
50% solutions for the in the GSD scenario. These are all cases with a high feed-in tariff. In cost optimal solutions, the capital costs of storage and the
conversion technologies are responsible for the majority of the costs. This is due to large hydrogen storage systems being installed. More reasonably
sized systems are installed in the 50% and 75% cases. In Altstetten, the costs are dominated by natural gas as the case study is strongly dependent on
gas boilers to meet its heating demand.

Appendix C. Supplementary material

Supplementary data associated with this article can be found, in the online version, at https://doi.org/10.1016/j.apenergy.2018.08.106.
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