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Abstract

Environmental pressures already exceeded earth’s system resilience. The
energy sector, as one of the main contributors, therefore urgently calls for the
design of sustainable solutions to meet energy security and environmental goals at
the same time. Optimising energy system models allow to balance supply and
demand for each time step and to simultaneously minimize costs by linear
programming. Life Cycle Assessment provides a comprehensive tool to analyse
environmental burdens of energy systems and services. In the current state Energy
system models focus on cost optimisation and Life Cycle Assessment is meanwhile
limited to a post assessment of specific systems. Out of this requirements we
coupled a linear energy optimisation model with parametrised Life Cycle
Assessments to achieve an integrated optimisation. The developed tool is used to
analyse an expansion planning of a grid-connected decentralised residential energy
system including households, photovoltaics, wind power, battery storage and
combined heat and power. The optimisation model minimises both, total system
costs and 18 Life Cycle Impact Assessment indicators. Moreover, both a single
score and an economic-environmental objective is applied. Single score indicators
have not been found to be recommendable for the assessment of energy systems by
scientific standard. Our results also show that total system costs do not represent a
sufficient objective for the optimisation of energy systems if environmental
sustainability is demanded. Wind power with battery storage and combined heat
and power show advantages in most of the impact categories. However, with the
implementation of these technologies the total system costs increase significantly.

Introduction

On global level, particularly effects on climate change, biosphere integrity and biochemical flows,
already exceeded the limits of earth’s resilience (Steffen ef al., 2015). Energy related activities are the
worldwide biggest contributor to environmental pressures such as climate change, particulate matter and
NOx emissions (IPCC, 2014; Umweltbundesamt, 2018a, 2018b). Consequently the energy sector demands
for sustainable solutions to meet energy security and the preservation of earth system’s stability
simultaneously. Following the three dimensional perspective of sustainability, the Sustainable
Development Goals (United Nations, 2018) define affordable, clean energy and climate action as main

page 1 of 20



targets for the energy sector. At this juncture the development of scientific tools which support integrated
economic, environmental and ideally social decision-making procedures is postulated.

Energy system models (ESMs) are common tools to represent a real world system and to assist
decision making. ESMs allow to balance supply and demand for every time step and to simultaneously
minimise system costs. Thus ESMs are able to address two main goals of the energy policy triangle
(Doukas et al., 2019; Schiffer, 2019) (i) security of supply and (ii) affordability. The third goal, (iii)
sustainability is increasingly required by national and international energy planning (BMWi, 2010;
European Commission, 2010) and therefore introduced into ESMs by the implementation of additional
constraints, e.g. a limit of Greenhouse Gas (GHG) emissions allowed.

The aspired reduction of GHG emissions is usually connected to a shift to renewable energies such
as solar and wind power. Because these renewables are available only intermittently, they increase the
complexity to ensure energy security also in phases without wind or solar irradiance. Out of this reason
renewables are implemented together with battery storage, Power-to-X'! or biomass driven technologies
which consequently increase the modelling effort. Furthermore, renewable energies and battery storages
incorporate environmental impacts other than climate change. Thus, target conflicts which need to be
acknowledged during the planning procedures and therefore within ESMs arise. In environmental
sciences Life Cycle Assessment (LCA) has been established since the 1970s and 1980s as a standardised
method to assess and analyse environmental impacts. LCA allows to identify environmental aspects and
potential impacts of products or services throughout a product’s life cycle. Hence for energy generation it
enables to account for the whole life cycle impacts of i.a. fuel, facility and infrastructure production.
(Klopffer and Grahl, 2014) To address the sustainability dimension in energy planning an integration of
LCA into ESM is intended.

The aim of this paper is to introduce a generic expansion planning tool with a high technical and
timely resolution (bottom-up). The tool allows to investigate goal conflicts by the implementation of
renewables and battery storage. First results are presented and assist the deduction of further research
needs. In order to achieve this, the paper is outlined as follows: the next sections gives background
information on ESMs and LCA before section 3 presents the developed tool and the assumptions made.
Single indicator optimisations (total system costs and 18 environmental indicators) as well as multi-
criteria optimisation deliver energy system compositions which are presented in chapter 4. A sensitivity
analysis for crucial assumptions is used as basis for the discussion in chapter 5 considering
methodological limitations and results. Chapter 5 draws conclusions and gives an outlook on further
research activities.

2 Energy System Modelling and Life Cycle Assessment

ESMs can be distributed into power flow models for electricity transmission network operation and
planning, economic dispatch models for capacity planning and unit commitment models for power plant
utilization. They can be large-scale transnational models (top-down), based on economic equilibrium
models or technology-specific local models (bottom-up). Many models integrate sector coupling of
electricity, heat and mobility. The models’ methodology is generally didvided into three main categories
simulation, optimisation and equilibrium models. Simulation models, based on specified equations and

! Power-to-X (PtX) as generic term for technologies which transform electrical energy to several energy carriers,
such as gas (Power-to-Gas) or liquids (Power-to-Liquid)

page 2 of 20



characteristics, allow to test various system topologies, developments and scenarios. To optimise a
resulting quantity of an energy system, optimisation models use an objective function which is either
maximised or minimised (e.g. minimising of the total system costs). The majority of optimisation models
uses a linear programming (LP) approach, further if variables of the LP are set to be integer this leads to a
mixed-integer linear programming (MILP). Non-linear models are used if the objective function or
constraints added to the energy system are non-linear. Heuristic optimisation models do not necessarily
find the optimum solution but have further advantages such as improved calculation time and the
possibility of a multi-objective optimisation (Jones et al., 2002; Ren et al., 2018). Equilibrium models
determine the equilibrium of the energy sector or certain energy markets. (Biggar and Hesamzadeh, 2014;
Hilpert et al., 2018; Ringkjeb ef al., 2018; Wood et al., 2013)

Most ESMs use costs as determining factor for the analysis of different scenarios, but more and
more models include GHG emissions and pollutants such as CO,, NOx, SOx or CH4 as constraints to
meet environmental policy requirements or goals. However, decision support for a sustainable
development demands for the integration of new dimensions. This integration needs to go beyond cost
optimisation and environmental constraints and requires to consider a sustainability assessment of the
whole energy supply chain. For this purpose Life Cycle Assessment (LCA) is increasingly implemented
into decision making methods (Luglietti et al., 2016; Means and Guggemos, 2015; Meyer and
Upadhyayula, 2014; Strantzali and Aravossis, 2016; Yilmaz et al., 2015; Zhang et al., 2016) and as a core
element for environmental policies (European Parliament and Council of the European Union, 2009;
United States Environmental Protection Agency). Within an LCA the whole life cycle is analysed from
extraction of the raw materials to processing, usage, recycling and disposal of the materials. The
international norms ISO 14040 and ISO 14044 standardise LCA initiating a comparable and reproducible
procedure (International Standard Organisation, 2009, 2006). LCA organises its input and output
(elementary) flows in the so called Life Cycle Inventory (LCI) that lists materials and emissions. The
items of the LCI are aggregated and characterized following the Life Cycle Impact Assessment (LCIA) to
estimate the final effect of each flow in the respective impact category. Impact categories represent the
environmental intervention and are differentiated by the point of assessment on the underlying impact
pathway. Midpoint impact categories such as CML (Bruijn ef al., 2004), ReCiPe*> (Goedkoop et al.,
2013), ILCD/EF (Fazio et al., 2018; Hauschild et al., 2011) are located at an intermediate point on the
impact pathway. Exemplary impact categories on midpoint level are i.a. climate change, water use and
fossil resource depletion. In general, midpoint impact categories provide a higher certainty but a lower
force of statement compared to endpoint impact categories. Hence, in the environmental assessment of
energy systems, a LCIA at midpoint level delivers a comprehensive but partly ambiguous result array.
Endpoint methods indicate stressors which lay at the endpoint of the impact pathway (e.g. damage to
human health, damage to ecosystems) and therefore are able to focus on less impact indicators or deliver a
single score e.g. by aggregation of various indicators. Though, weighting and aggregation procedures can
distort the initial results and therefore are not compliant to DIN ISO standards in LCA. Due to their
distance from the original impact, endpoint methods such as Eco-indicator (Goedkoop and Spriensma,
2000), LIME? (Itsubo and Inaba, 2005) and EPS (Steen, 1999) don’t reach a sufficient level of scientific
quality and therefore are not recommended for LCA practice (Hauschild ef al., 2013). Similarly the
application of external costs as endpoint indicator is restricted and not recommended to substitute

2 ReCiPe is also available as endpoint method (derived from the midpoint assessment) but is commonly used on
the midpoint level.
3 LIME includes midpoint categories which are derived from the endpoint methodology.
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commonly used midpoint indicators (Lazar and Tietze, 2019). Thus, other approaches prefer to attach
weighting and normalisation factors following a comprehensive midpoint assessment to ensure both
scientific quality and communicability (Huijbregts et al., 2016). One approach in this field is the use of
weighting and normalisation factors based on global emission estimations published by the European
Commision’s Joint Research Centre (JRC) (Huppes and van Oers, 2011; Sala et al., 2017).

However, in addition to the challenges in the impact assessment, LCAs are limited to a post
evaluation of specific and static systems. The need for an a priori integration of LCA into energy
optimisation modelling is recurrently mentioned in literature and frameworks as well as models have been
developed (Arvesen et al., 2018; Azapagic and Clift, 1999; Carapellucci and Giordano, 2012; Onat et al.,
2016; Pauliuk et al, 2017; Yue et al., 2016; Zhang et al., 2016). Focussing on electricity systems
Azapagic et al. (2016) developed a decision support framework (DESIRES) integrating economic,
environmental and social sustainability. Later on, they coupled sustainability assessment, optimisation
and multi-attribute decision analysis and applied it on the electricity generation in the UK and Turkey
(Atilgan and Azapagic, 2016). Moreover, from a model coupling perspective, Garcia-Gusano et al.
integrate life cycle indicators into energy optimisation models on the case of the Norwegian electricity
system. They focus on the commonly used TIMES model. Their results demonstrate that in the
Norwegian case most of the impacts are linked to the installation of new capacity. Rauner & Budzinski
(2017) include life cycle based sustainability assessment into an energy system model, considering all
relevant products and processes of the global supply chain. They furthermore categorize coupled models,
following the definition of Hwang and Masud (1979), into a priori, interactive or a posteriori methods in
the context of including life cycle based data into the energy system optimisation model. Rauner and
Budzinski (2017) state that only the a posteriori method calculates the full spectrum of efficient solutions,
which allows the decision maker to select the most preferred solution while being aware of the trade-off.
As a consequence they integrate LCIA indicators into the energy system model and perform a multi
objective optimisation using costs and a ReCiPe single score to represent the environmental dimension.
They use a partial equilibrium model formulated as mixed integer linear programming problem allowing
capacity expansion in Germany. Three pareto-point efficient solution are analysed further by their
midpoint impact assessment indicators. (Rauner and Budzinski, 2017)

We can observe that frameworks for an integrated assessment of ESMs and LCAs have been
developed and models with an application on national power grids are existent. However, the multi-
criteria objective of an environmental assessment is either represented by cost optimisation solved under a
limitation on GHG emissions or by weighting procedures of few selected indicators. A whole integration
of the full array of impact indicators and their different outcomes, if optimised individually, is seen as
necessity to deliver a holistic picture of the system and to develop communicable impact scores.
Especially with a rising share of less CO,-intensive renewable energies, the application of further impact
categories is even more relevant to avoid undesired side effects. Moreover the implementation of
renewables opens new opportunities for decentralised energy systems. With growing affordability we see
a huge potential for an implementation of a sustainable energy system in residential areas financed
sharingly by private capital. Community energy systems have been identified to have fewer technical,
administrative and economic resources to devote to sustainability projects and therfore demand for
decision-making tools (McKenna ef al., 2018). Thus, besides the national perspective in the energy
system analysis the investigation of decentral systems is deemed necessary.
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3 Life Cycle Asssement based Energy Decision Support Tool

The development of the Life Cycle Assessment based Energy Decision Support Tool (LAEND) is
subdivided into (i) the techno-economic ESM, (ii) the parametrisation of the LCA data for an
implementation into the ESM, (iii) the development of a link between the ESM and the LCA and (iv) the
extension of the objective function of the ESM to implement a multi-criteria sustainability array (see also
Figure 1). Recently, a growing number of models have opened their code base and allow to reuse and
modify the models as well as to improve efficiency, scrutiny, reproducibility, reusability and transparency
in energy system modelling (Hilpert et al., 2018). Examples are calliope (Pfenninger and Keirstead,
2015), MESSAGEix (Huppmann et al., 2019), oemof (Hilpert et al., 2018), OSeMOSYS (Howells et al.,
2011), PyPSA (Brown et al., 2018) and urbs (Dorfner et al., 2017).* We focussed on models using python
as programming language to ease the coupling of the model to LCA tools. Python is widely used in
science and LCA tools are available for python, e.g. Brightway 2 (Mutel, 2016), olca-ipc (PyPi, 2019),
and wurst (PyPi, 2019). Commonly used LCA software such as openLCA and Umberto growingly
implements the support of python scripts (Di Noi ef al., 2017; ifu, 2016). In addition, python provides a
decent basis for data handling and data analysis with additional modules such as numpy, pandas and
matplotlib.

For the further development of a linear optimisation model, we use the open source energy system
modelling framework oemof (Hilpert et al., 2017) together with the commercial Gurobi optimization
solver’. Oemof provides the main prerequisites in terms of the technical resolution of a decentralised
residential energy system and economic variables such as operational and investment costs. Furthermore,
it offers an adjustable timely resolution, wide flexibility, sophisticated feed-in packages (demandlib,
feedinlib, tespy) and is open for modifications. In benchmark studies, amongst others, the commercial
solver Gurobi has proved advantages in run time (Gurobi, 2013; Meindl and Templ, 2012) and therefore
was chosen to reduce the calculation time. To allow an expansion planning up to the year 2040, we
extended the functionality of the economic tools integrated in oemof to include cost degression of future
investments.

For the link to the environmental assessment, we use olca-ipc (PyPi, 2019) connected to openLCA
(Greendelta, 2018). This allows to benefit from the whole usability of the openLCA interface and in the
same time to communicate with python-based software via Inter Process Communication (IPC). Figure 1
shows an overview of the LAEND model framework, composed of an energy system with the
corresponding input data, LCA tools and the optimisation objectives.

4 A full list can be accessed through the openmod initiative, see also Richstein (2019).
5 Gurobi optimisation solver, available at http://gurobi.com/products/gurobi-optimizer

page 5 of 20



ENERGY SYSTEM TOOLS & METHODS OBJECTIVES

ecoinvent —— * Total system costs

literature > LCA = Climate change biogenic
= Climate change fossil
openlCA ———»

* Climate change land use

uonjesiyaweleq

* Climate change total

@)

Electricity ILCD 2.0
consumers midpoint  ——»
2018

Grid

Wind Wind turbine

* Acidification Potential
* Ecotoxicity

* Europhication freshwater
* Eutrophication marine
* Eutrophication terrestrial

OLCA

.
(python) Human toxicity carcinogenic

* lonising radiation

* Human toxicity

oemof _— non-carcinogenic
Modeling LAND Minimisation = Ozone depletion potential
Gurobi B —
= Photochemical

ozone creation

* Respiratory Effects

Heat sink Technical - ‘\ *  Water dissipated
data * Fossil resources

* land use
Electricity Heat * Minerals and Metals
bus bus :6/_
Weather i
data

L

COMBINED SCENARIOS:
= JRCI
Costs S = 5050

Figure 1 Representation of the energy system, tools, methods and objectives. PV = Photovoltaics, CHP = Combined heat and
power, LiB = Lithium iron phosphate/lithium titanate Battery, VRFB = Vanadium redox flow battery, JRCII= Combined
environmental scenario with weighted and normalised indicators as suggested by the European Commission’s Joint Research
Centre (JRC), 5050 = 50 % Total system costs, 50% JRCII. Icons by Icons8 (2018).

3.1 Integration of Life Cycle Assessment

To include environmental impacts, we coupled oemof (Hilpert ef al., 2018) and the olca-ipc package
(PyPi, 2019) with the open source LCA modelling software openLCA (Ciroth, 2007). Ecoinvent 3.5
database (Wernet et al., 2016) and ILCD 2.0 midpoint 2018 Impact Assessment also called EF 2.0 (Fazio
et al., 2018) are used for the analyses. Following the economic scheme the Life Cycle Inventory data is
paramterised into construction (investment) and operational environmental intervention for the integration
into the ESM. The LCAs are following ISO 14040, 14044 (International Standard Organisation, 2009,
2006) and recent ILCD recommendations (European Commission, 2010). Because the data for battery
storage is very basic in ecoinvent, we used data from literatureS to extend the database by two promising
battery technologies: lithium iron phosphate lithium titanate (LiB) and vanadium redox flow batteries
(VRFB).

To consider environmental impacts within the objective function, we include an environmental
attribute to the objective function. This attribute can either represent a single environmental impact or the
(weighted) sum of several indicators. Thereby we can assess total system costs and each environmental
impact separately to calculate minima scenarios for each indicator on the one hand. On the other hand this
extention allows to apply combined economic-environmental scenarios by using weights. The altered
term for the variable costs within the objective function consists of the originally implemented costs term

¢ Baumann et al. (2017); Baumann et al. (2018); Peters et al. (2017); Bauer (2010); Weber et al. (2018);
Zackrisson et al. (2010); Peters and Weil (2018).
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(costs multiplied by the flows of the edges E and nodes K (Hilpert et al., 2018; oemof, 2018)) and the
extended environmental term as follows:

minz z [Ci0) * W(io) () + €(i0) * W0y (E)]X 1,0y ()
teT (i,0)€EE (1)

+ Z Z [y * W(io)(8) + €io)  W(i0) ()X (1,0 (1)

teT kEK

where ¢ are the variable costs, e the environmental interventions, x denotes the flow and t the time step,
and k the node. The weight w is given to costs and environmental intervention. The time is set by t and
the indices (i,0) denote start and end node. If costs were optimised the weight of the environmental
intervention is set to zero and vice versa. In combined scenarios separate weights for the costs and the
respective environmental indiciator can be applied.

For an expansion modelling oemof requires the inclusion of investment costs which are added to the
objective function. Therefore, in the investment mode oemof calculates the annuity a by (oemof, 2018):

WACC (1 + WACC)™
(1 + waco™ — 1

a= )
where capital expenditures C, weighted average cost of capital WACC and years n are set. Additionally
we added fixed costs f and a cost decrease d to allow an additional factor for technical progress resulting
in the equivalent periodical costs epc:

a+f
“a+ar " @

Finally, the original investment term of the objective function provided by (Hilpert et al., 2018; oemof,
2018) is altered as follows:

min Z Z [epc(i_o) 'W(Ci’o)(n) +ego) - W&,o) (n)]x(i,o)(n)
neN (i,0)EE (4)

£ 1Py Wi (1) + (i) Wiy a0y ()

teT keEK

Both terms (1) and (4) of the objective functions are summed up to reflect total system costs and
environmental interventions and constitute the objective function to be minimised.

3.2 Assumptions for the analyses of a typical residential quarter

The energy system in the model is designed to cover the electricity demand of a typical residential
quarter near Pforzheim, Germany by multicrystalline silicon photovoltaics (PV), gas/biogas combined
heat and power (CHP), wind power, and electricity from the grid. Two battery storage technologies are
offered to the model: lithium iron phosphate/lithium titanate battery (LiB) and vanadium redox flow
battery (VRFB). The period under consideration is 2018 to 2040 and the timely resolution is set to one
hour.

The electricity demand for the residential quarter is represented by electrical load profiles of
residential buildings in Germany. The data provided by (Tjaden et al., 2015) covers the time frame of one
year and is assumed not to change over the following years. As our first analyses focus on the electricity
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sector, the heat demand of the residential quarter is not considered. An additional sink is therefore
modelled for the heat as by-product from the CHP units. A credit for this heat is considered in the
environmental assessment due to the inherent ecoinvent structure which allocates CHP by exergy. In
economic terms a credit for the heat was not considered.

The photovoltaic geographical information system (PVGIS) (European Commission (2017),
delivers solar irradiance data and feed-in profiles for the location Pforzheim in Germany for the last 10
years. Parameters in PVGIS are set to a fixed, optimized slope and azimuth, 14 % efficiency and
crystalline silicon modules. These time series from 2007 to 2016 have been extrapolated to cover the time
frame up to 2040. Wind power is based on weather data from the German Meteorological Service’. Gaps
within DWD data are interpolated and the completed time series from 2006 to 2017 is extrapolated to
cover the period under consideration.

The energy technologies are based on the data implemented in ecoinvent 3.5 to achieve a maximum
overlap of technical and environmental modelling. Life time is assumed with 20 years for CHP, PV and
the wind turbine. Electrical efficiency of the natural gas fired CHP accounts to 37 %, thermal efficiency
to 49%, using biogas it changes to 39 % (electrical) and 49 % (thermal) (ASUE, 2014). Wind power is
calculated with the wind turbine power coefficient ¢, for the turbine Nordex N50 800 kW, which
represents data of wind turbines smaller than 1 MW in ecoinvent. The yield is calculated by the oemof
feed-in modules feedinlib and windpowerlib and its basic model SimpleWindTurbine, which is sufficient
for singular wind turbine installations. Efficiencies and cycle life time of the batteris LiB and VRFB are
stemming from literature (Bauer, 2010; Baumann et al., 2018; Baumann et al., 2017; Peters et al., 2017,
Peters and Weil, 2018; Weber ef al., 2018; Zackrisson ef al., 2010). The charge rates (C-rates) have been
assumed on a low level (C/6) to reach the expected cycle life time of the battery (Wikner and Thiringer,
2018).

The variable, fixed and investment costs used in the model can be found in Table 1. The weighted
average cost of capital as well as the annual cost decrease, due to technical progress are assumed with
1 %, respectively. Additionally a natural gas price of 6 ct/kWh (Bundesnetzagentur, 2017; Verivox, 2019)
and a biogas price of 10 ct/kWh (Bundesnetzagentur, 2014; naturstrom, 2019; Polarstern, 2019) are
applied.

Table 1: Costs, efficiency and life time per energy technology, CHP = Combined heat and power, PV = Photovoltaics.

Costs / Variable Fixed Investment Effi- Life Reference
Technology [€/kWhei] [€/kWe/a] [€/kWe] ciency time
Grid electricity 0.14 N/A N/A N/A N/A Fraunhofer ISE (2019a), Vattenfall (2019)
CHP gas 0.01 N/A module: 760, el. 37 %, 20 yr.  ASUE (2014)
transport: 46, th. 49 %

installation: 342

CHP biogas 0.02 N/A module: 764, el. 37 %, 20 yr.  ASUE (2014)
transport: 46, th. 49 %
installation: 342

7 Deutscher Wetter Dienst (2018).
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PV N/A

Wind 0.03
Lithium-ion ~0.11
battery (LiB)
Vanadium-redox = 0.05
flow battery

(VRFB)

1 % of
investment

59

25

40

1300

1558

Batt.mgmt.: 374,
inverter: 500,
installation: 125,

approvals: 50

Batt.mgmt.: 374,
inverter: 500,
installation: 125,

approvals: 50

14 %

N/A

90 %,
C/6

75 %,
C/6

20 yr.

20 yr.

8000

cycles

8000

cycles

Wirth (2019), European Commission (2017)

IRENA (2018) converted from USD

(0.89 EUR/USD)

Baumann et al. (2018; 2017),

Peters et al. (2017)

Baumann et al. (2018; 2017),

Peters et al. (2017)

3.3 Single criterion and multi criteria optimisation of the residential quarter

The optimisation of the residential quarter in our analyses can be devided into two major classes:

- Optimisation for one single criterion and
- Optimisiation for multi criteria.

With regard to the optimisation for one single criterion, calculations were made for each of the 19
criteria individually. The results are of scientific interest even though they do not represent a likely future
development as they may result in exorbitant total system costs and / or violate existing environmental
constraints. Nevertheless, the resulting minimal value for each criterion is determined by these
calculations and serves as basis for the further evaluation of the multi-criteria optimisation. Moreover, it
is crucial to indicate goal conflicts which may potentially be cleared out in the multi-criteria optimisation.

For the multi-criteria optimisation two different objective functions considering multiple criteria

have been applied to the model:

1. JRCII: For this integrated environmental optimisation, recent normalisation and weighting
factors provided by the European Commission’s Joint Research Centre (JRC) are used, based
on the publications of Sala et al. (2017) and Huppes and van Oers (2011).% Therfore the

environmental intervention e is build for all impact categories E:

where N determines the normalisation and G the weighting factor. The environmental
intervention e is used for the two terms of the objective functions (1) and (4). Analogously to
the single-criteria optimisation the weight w€ in the objective functions is set to zero because
total system costs are not assessed by these optimisation criterias.

e =

8 The impact categories Climate change biogenic, fossil and land use have not been considered in this scenario as

€
N;

i€E

weighting and normalisation factors are not available.

G;
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2. 5050: The objective function from the JRCII optimisation is used together with the total
system costs. The total system costs are normalised by the gross world domestic product at
purchasing power parity taken from (IMF, 2019). The aggregated JRCII environmental
criteria and the total system costs are weighted equally with 50 % in the objective function.

4 First results for a typical residential quarter

In the following at first the results for the optimisation considering one criterion are presented
before the results for the integrated multi-criteria optimisation are introduced. The chapter closes with a
short overview of results from a sensitivity analysis.

4.1 Results optimising single criteria

Figure 2 shows the optimal share of the generated electricity from each technology in total
electricity production for the 19 single-criterion optimisations. When the minimisation of Total system
costs or the impact category Human toxicity carcinogenic is the objective of the optimisation, electricity
from the grid and a share of about 10 % PV power is chosen. Battery storage is avoided due to the
flexibility of grid power and the higher total system costs involved. In contrast to that for the
minimisation of the impact categories Climate change (fossil & total), Acidification potential,
Eutrophication (marine & terrestrial), Photochemical ozone creation or Fossil resources, the optimal
solution is 100 % wind power with up to 37 % overall electricity from battery storage. Electricity from
CHP 1is beneficial if the objective is the minimisation of Climate Change (biogenic, land use),
Ecotoxicity, Eutrophication freshwater, lonising radiation, Human toxicity non-carcinogenic, Respiratory
effects, Water dissipated, or Land use. Even though the share of electricity from CHP is subject to
optimisation, battery storage of up to 8 % is part of the optimal solution to account for demand peaks and
smaller CHP capacity. Gas driven CHP has been favoured to biogas CHP in the optimisation in all of the
single-criteria optimisations except of Human toxicity non-carcinogenic which uses both. Moreover a mix
of wind, PV and electricity from the grid with battery storage of up to 22 % is used for an optimal energy
system in the impact category Ozone depletion potential. The results of Total system costs and Human
toxicity carcinogenic objectives correlate, however they are outliers compared to the majority of the
scenarios.

Wind power has been considered in seven out of 19 midpoint impact optimisation scenarios as sole
generation technology and in three additional scenarios as certain share. CHP shows advantages in nine
impact categories. These impact categories are mostly connected to mining activities and the production
of metals. It can be observed that the total system costs of the energy system for the period until 2040 rise
exorbitantly if battery storage and wind power are included. In the systems considering solely wind and
battery storage the total system costs rise from around 2 Million in the optimal case to almost 990 Million
Euros. If CHP or electricity from the grid are used, total system costs are in the low-field, however if
battery storages are used, total system costs are rising quickly.
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Wind mGrid =PV = CHP (=) €

Total system costs [N 0% 2'145'186 €
Climate change biogenic 4% 114'276'891 €
Climate change fossil 37% 989'600'694 €
Climate change land use 1% 3'172'416 €
Climate change total 37% 989'600'694 €
Acidification potential 37% 989'600'694 €
Ecotoxicity 8% 18'405'494 €
Eutrophication freshwater 7% 28'951'755 €
Eutrophication marine 37% 989'600'694 €
Eutrophication terrestrial 37%  989'600'694 €
Human toxicity carcinogenic [[IINININIEEBES 0% 2'161'101 €
Ionising radiation 4% 5'386'393 €
Human toxicity non-carcinogenic | 0% 3'193'479 €
Ozone depletion potential ] 22%  4'165'743 €
Photochemical ozone creation 37%  989'600'694 €
Respiratory effects [ | 0% 3'195'959 €
Water dissipated 5% 7'189'987 €
Fossil resources 37% 989'600'694 €
Land use 3% 3'910'560 €
Minerals and Metals [N % 2'234'147 €
0% 20% 40% 60% 80% 100%

Figure 2 Electricity output in proportion to total production (vertical bars), battery ratio and total system costs for single-
criteria optimisation. Battery ratio build as ratio of battery output to total generated electricity.

4.2 Results optimising multi criteria

For the multi-criteria optimisation, CHP operated by natural gas is favoured in the JRCII scenario which
considers environmental impact categories only (Figure 3). The same applies for the 5050 scenario which
combines JRCII and Total system costs weighted equally. The results for both scenarios are equal, hence
the effect of the normalised cost implementation seems to be marginal compared to the environmental
impacts. Both scenarios roughly coincide with the minimisations for Climate change (land use),
Ecotoxicity, Eutrophication freshwater, lonising radiation, Human toxicity non-carcinogenic, Respiratory
Effects, Water dissipated and Land use. Battery storage is avoided in these sccenarios and total system
costs are in the low-field, although around 54 % higher than the sole cost optimisation scenario.
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wind ®Grid =PV = CHP () €
JRCII 0%  3'297'366 €

5050 0%  3'297'366 €
0% 20% 40% 60% 80%  100%

Figure 3 Electricity output in proportion to total production (vertical bars), battery ratio and total system costs for multi-criteria
optimisation. Battery ratio buildas ratio of battery output to total generated electricity.

4.3 Sensitivity analysis

Sensitivity analysis shows the robustness of the results and uncovers critical assumptions and
influenctial parameters. From the results we observe that in most scenarios the expansion of PV is
avoided. PV technology was object of fast-growing changes and its efficiency increased by 5 % in the last
10 years (Fraunhofer ISE, 2019b). Therefore we assume a 5 % stepwise decrease of the impact assess-
ment results of PV to investigate effects of possible changes in electricity production from PV production.
Not before the impact of the PV is reduced to 45 %, compared to the actual data, the model starts to
expand PV and the share of PV electricity generation is about 5 %. By a reduction to 30 % of the original
impact, wind is excluded and solely PV used.

Both PV and wind power effectivness depend highly on the weather conditions which refer to the
location chosen. Therefore we analyse two additional locations, Norden in Germany which represents an
area with high wind levels and Tarifa in southern Spain to additionaly investigate higher wind levels and
higher solar insolation rates. In Norden the optimisation for total system costs leads to a 2 % lower result.
PV power partly is replaced by wind power, however the electricity demand is still supplied to 85 % by
grid power. From an environmental perspective the choice of a more wind-intense location leads to
increased wind power shares and two additional impact categories change to a wind power supply (Land
use, lonising radiation). In the Norden case 12 out of 18 impact categories propose solely wind power or
a partly share. Results for Tarifa show a reduction of total system costs of 9 %. Furthermore, the
optimisation of impact categories already applying PV increase the PV share by partly replacing wind
power. No use of PV occurs for the optimisation of impact categories which have not used PV before. It
has to be kept in mind that Tarifa, being near the coast also has higher wind occurrence than the original
location of this study and therefore both factors influence the cost reduction.

The results show that the optimum in many impact categories leads to a steep cost increase partly
because of the high costs of battery storage. As battery storage is a relative new technology, a cost
decrease in the common years is expected. We therefore assume a cost decrease for battery storages to
test when the storage plus renewable would be cost-efficient compared to grid electricity. The lowering of
variable and investment costs to 4 % of the actual value leads to a switch to more electricity from PV than
from the grid.

5 Discussion

The developed tool LAEND allows a linear optimisation of a residential energy system by both
total system costs and by LCIA categories - either singularly or combined if normalisation and weighting
procedures are applied. Therfore the results provided by LAEND enable a more sophisticated
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identification of goal conflicts in the optimisation of energy systems, especially when implementing
renewables and battery storage. Critical uncertainties and assumptions are tested in a sensitivity analysis.
However, meeting the aim of the study is accompanied by limitations given by the methodology and the
assumptions made.

In general, models represent a very simplified reflection of real-world system behaviour and hence
the results of the models are only valid within the opted system boundaries and the specific input data
depending on the applied location, the efficiency factors and the costs. For our ESM, constraints such as
emission limits from national goals have not been applied yet because they are not provided for all of the
LCA assessed environmental interventions.

The LCA methodology includes uncertainties in the data sources, dataset choices, specifities of the
datasets, assumptions made and the methodologocial choices. Because of the application of the ecoinvent
database as well as literature data, the study relies on the data quality and furthermore on the inherent
allocation procedures of the datasets (Weidema et al., 2013). The validity and topicality of the data is not
always ensured, for example the PV data is from the year 2012. From the methodological site, linear
scaling of datasets and impacts is common practice in LCA. However linear scaling has not necessarily to
correspond with real-world behaviour of systems, which goes beyond the methodological limits of LCA.
Moreover the LCA was conducted without taking into account future changes which can alter the LCIA
especially due to a different future electricity mix or improved efficiencies. Uncertainties of Life Cycle
Impact Asessment methods such as USEtox, which build the underlying methodology of the toxicity
impact categories, are discussed in recent literature (Nordborg et al., 2017). Furthermore most LCIA
methods do not distinguish between local or global environmental interventions. Therfore they are not
able to assess impacts in the context of the local specifities which can have a major influence in energy
system assessments. Another source of uncertainties is the use of the single score approach by
normalisation and weighting of the individual impact categories based on global impact factors.

The results of the single-criteria optimisation clearly show the discrepancy of total system costs and
environmental goals. While cost-optimal systems rely on electricity from the grid and CHP, the impacts
in the categories Climate change (fossil & total), Acidification Potential, Futrophication (marine &
terrestrial), Photochemical ozone creation, Fossil resources can be reduced by the implementation of
wind power and battery storage. But wind power and battery storage lead to a tremendous cost increase,
and even at wind-intense locations it is challenging to compete with electricity from the grid. The results
also show that CHP operated with natural gas on the one hand has a higher output in the category Climate
Change (fossil & total) but on the other hand is able to minimise the values for Ecotoxicity,
Eutrophication freshwater, lonising radiation, Human toxicity non-carcinogenic, Respiratory effects,
Water dissipated and Land use. All in all it can also be derived that except for Total system costs and
Minerals and Metals electricity from the grid has disadvantages in all other impact categories compared
to a self-sufficient energy system considering the simplified model of a residential area. Also the
assessment of PV is connected to mining activities which show a negative influence on the environmental
impacts. It has to be taken into account that PV data is from 2012 and the actual impacts of such a fast-
changing technologies could be different - an assessment with recent data therefore could turn the results.
Nevertheless, in the current state a share of PV is beneficial not only for the minimisation of Total system
costs, but also for the categories Human toxicity carcinogenic and Ozone depletion potential. Due to the
avoidance of constraints in the model also marginal variations in the costs or the environmental
interventions can lead to a complete switch to other technologies, which is known as Penny Switching
Effect (Lopion et al., 2019).
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To enhance communication and decision-support, results for two combined scenarios are
calculated: JRCII covering the environmental categories and 5050 adding total system costs to the
environmental categories. They both show conflicting results compared to other midpoints and do not
completely reflect the results of the individual environmental indicators. Eventhough communicability
improves by the aggregation they do not replace the individual assessment of the midpoint impact
categories. Moreover it can dissolve individual peaks and impede the adaption to specific environmental
pressures.

6 Conclusions and Outlook

Under the assumptions made and the limitations given, we conclude that total system costs are not a
sufficient objective for the optimisation of residential electricity systems. Environmental pressures caused
by the energy sector and the already existent exceedance of environmental planetary boundaries call for a
multi-criteria analysis considering environmental impacts. But also environmental single score indicators,
calculated from normalised and weighted midpoint indicators, have to be used with caution as they do not
necessarily represent the trend or majority of the individual midpoint indicators. Conflicts between
environmental indicators such as climate change and land or resource use are diluted by single score
indicators. It is shown that electricity from the grid with a 10 % share of PV is cost-effective but not
optimal from an environmental perspective. Wind power, battery storage and CHP show advantages in
most of the environmental impact assessment categories, but do lead to an increase in the total system
costs. Thus we conclude that environmental indicators at midpoint level need to be integrated into energy
system models to allow a decision-making based on environmental sustainability determinants. In
contrast to that, cost optimisation will lead to optimised systems which do not correspond to sustainability
goals.

Due to the conflicts identified with the single score indicators, we recommend the further integration of a
priori multi-criteria optimisation methodologies. Moreover we see the necessity to calculate the entire
impact assessment independently from the individual optimisation objective for single criterion
optimisation. This would enhance the possibility to show distances from optimal values and thus give
further assistance to the decision maker. Thereout also distance-to-minima scenarios could deliver a more
sophisticated normalisation factor for the midpoint impact indicator results. The inclusion of constraints
such as national emission limits or targets, e.g. according to the ecological scarcity method, is necessary
in future assessments to avoid Penny Switching Effects. A consequential approach for future LCA data
has to be implemented in order to reflect future changes in power mix, production efficiencies etc.
Additionally uncertainties and limitations in LCA datasets and LCIA methodologies have to be
investigated to include a risk assessment into the decision supporting procedure of the combined ESM
and LCA approach.

The energy model used for this study representing a residential energy system is very basic. The
implementation of a wider range of technologies as well as sector coupling by the inclusion of heat and
mobility are a future subject to research. From the perspective of a sustainability assessment also the
extention of the indicator set to the social dimension, particularly in view of the compliance with the
Sustainable Develeopment Goals, is proposed.
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