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Abstract

Life Cycle Assessment (LCA) is a crucial tool to re-
duce the environmental impact of buildings. Usually,
the impact factors of the electrical grid interaction
with a building are assumed to be constant over time
during LCA. Due to an increasing amount of renew-
able energies in the electrical grid mix, the impact
changes throughout the day and the year. In this pub-
lication, an approach is presented to consider these
flexible grid impacts. This approach allows a more
accurate evaluation of storage systems like batteries
to compensate for such impact fluctuations.

Therefore, a two-stage optimisation problem is de-
fined. At the first stage, a surrogate optimiser
optimises the building component sizes towards a
small total impact factor (construction and opera-
tion). Considered components are a solar thermal
system, photovoltaic (PV), heating/ cooling surface,
heat pump, battery system, and two thermal stor-
ages. At the second stage, a Mixed Integer Linear
Program (MILP) minimises the grid impact. It cal-
culates the grid impact for one year for the compo-
nent sizes chosen by the surrogate optimiser. This
optimisation is done for eight different impact factors
individually.

The results show that for conventional calculations,
batteries are not optimal from an LCA perspective.
Considering impact fluctuations enlarges the battery
size for all but the costs and Acidification Potential
(AP) impact factor scenarios. The solar-based com-
ponents’ size is virtually independent of the calcula-
tion method, as is the heat pumps rated power. In
all but the AP scenario, the size of radiators in the
room significantly reduces when considering fluctuat-
ing impacts. The total impact factor can be reduced
for most impact categories by optimally exploiting
variations in the grid interaction impact factor.

Key Innovations

� Time dependent grid impacts

� LCA approach to evaluate optimum battery size

� Optimisation of different building components at
once

� Two-stage LCA optimisation process

Practical Implications

Accuracy enhancement of building component LCAs.
Possibility to size a battery system. Optimisation of
different building components at once.

Introduction

Operation is a crucial factor for the LCA of buildings
apart from the construction process. Due to fluctuat-
ing shares of renewable energy sources in the electrical
grid, various power plants’ contributions generating
electricity changes over a day. Therefore, the impacts
of interacting with the electrical grid are changing
every hour of the day, too. LCA for electrical grid
interactions is usually considering constant grid im-
pacts over a year. The authors are presenting an ap-
proach to consider grid impacts for every hour of the
year. This approach allows the evaluation of either
electrical or thermal storages due to the reduction
of electrical grid impact. A method to optimise the
size of building components like photovoltaic, solar
thermal system, battery, heat pump, thermal stor-
ages, and radiator area is presented. The influence
of time-variable grid impact consideration is shown.
The optimisation is done for eight different impact
factors individually.

Method

In every optimisation, a single impact category is op-
timised. The considered impact categories (impacts)
are:

Economic Costs (Costs)

Abiotic Depletion Potential of fossil Fuels (ADPF)

Global Warming Potential (GWP)

Acidification Potential (AP)

Eutrophication Potential (EP)

Ozone Depletion Potential (ODP)

Photochemical Ozone Creation Potential (POCP)

These categories are chosen because they are available
at both LCA data sources (B.B.S.R. (2020); ecoinvent
(2020)). All LCA stages are considered until the End-
of-Life stage. The End-of-Life stage is neglected due
to unclear recycling potentials.

As input for the optimisation process, a time series
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of 15-type days is needed. This time series should
include weather data like ambient temperature and
surface irradiation and the calculated heating, cool-
ing, and electrical demand of the considered build-
ing. Furthermore, a PV power gain per square me-
ter of PV and the grid interaction costs/ impacts are
needed.

The optimisation process based on Wolisz et al.
(2017) is visualized in figure 1. A two-level optimisa-
tion is used to calculate optimal building component
sizes. On the top level, MATLAB’s surrogate optimi-
sation algorithm (MathWorks (2020)) determines the
dimensions of the building components. The aim is
to achieve minimal total impact regarding one specific
impact category. With the chosen component sizes,
the impact of the component Ccomp are calculated
as explained in section component impacts. The an-
nual operation impact Cgrid is calculated based on a
Mixed Integer Linear Programming (MILP) optimi-
sation. MILP is considering an hourly dynamic and
yearly averaged LCA footprints of the electrical grid
(see section MILP). Both impacts add up to the total
impact Ctot. The total impact is fed back, and the
surrogate optimiser adjusts the component sizes for
the next out of 500 iterations.

start

new sizes

MILPComponents

APV , AST , Arad,

Q̇HP , Vh, Vc, Ebatt

Adder

Iteration < 500

CgridCcomp

Ctot
Ctot

end

Figure 1: Surrogate process

Ctot = CComp + Cgrid (1)

The variated component sizes are the area of pho-
tovoltaic (APV ), area of the solar thermal collector
(AST ), heating and cooling surface (Arad), nominal
heat pump power (Q̇HP ), the volume of warm (Vh)
as well as the cold tank (Vc) and battery capac-
ity (Ebatt). Table 1 shows the minimal and maxi-
mal component sizes and the considered step width.
The heating and cooling surface is integrated into the
trapezoidal profile of the ceiling. Water is used to ex-
tract or supplying heat.

Table 1: Minimal and maximal component sizes
Para- unit min. max. step
meter size size width
APV [m2] 0 1200 10
AST [m2] 0 1200 10

Q̇HP [kW] 10 500 10
Vh [m3] 1 100 1
Vc [m3] 1 100 1

Ebatt [kWh] 0 1000 10
Arad [m2] 900 1200 10

At first, the rest of the section explains the creation
of the time series because this is an input of the
optimisation process. Afterwards, the calculation of
grid interaction and component costs/impacts are ex-
plained. Therefore at first, the MILP calculates the
grid interaction costs/impacts, and afterwards, the
component costs/impacts calculation is explained.

Time series

The following inputs are needed to create the time
series: Irradiation, ambient temperature, heating,
cooling, and electrical demand, produced electrical
PV power per square meter, and hourly grid data
(buy/selling price, impacts). Irradiation and ambi-
ent temperature are taken for Potsdam 2019 (D.W.D.
(2020)). This weather data is used to calculate heat-
ing and cooling demand for an exemplary hall build-
ing with TRNSYS18 (Reger et al. (2019, 2020)). As
internal load the BDEW profile G1 with a yearly
consumption of 90MWh is used (B.D.E.W. (2017)).
Furthermore, electrical power produced by PV is
calculated for the same year with TRNSYS18 type
103b with parameters shown in table 6. Grid im-
pacts are calculated for every hour of the year as
multiplication of SMARD power plant data for 2019
in MWh/h (Bundesnetzagentur (2020)) and relative
LCA impacts of different power plants of Germany
taken from ecoinvent (2020). Buying and selling costs
are calculated with the Day-A-Head price taken from
SMARD for 2019 (Bundesnetzagentur (2020)). For
buying electricity from the grid, a constant price
of 14.66 ct/kWh for apportionments and taxes are
added (B.D.E.W. (2020)). For selling electricity to
the grid, a monthly constant market bonus is added
(netztransparenz (2020)).

With this calculated yearly data, 15 typical day
periods with a one-hour time step are aggregated.
The time series aggregation module (tsam) with
the feature-based cluster method kmedoids (Hoffmann
et al. (2020)) aggregates the data. Maximal heating,
cooling, and PV power and minimal and maximal
ambient temperature must be included in the time
series. The time series has a root mean square er-
ror (RMSE) compared to actual yearly data for all
features of less than 0.098 and a mean average error
(MAE) smaller than 0.063.

Figure 2, 3 and 4 show the results of time series aggre-
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gation. Grid impacts and costs in Figure 4 are shown
concerning the corresponding yearly average for buy-
ing electricity. The temperature, the PV produced
power and the cooling demand are high on typical
days with high irradiation. The heating demand is
low these days. This correlation is the opposite on
days with low irradiation. The grid impacts result
in low impacts in the middle of days with high ir-
radiation due to the PV production in the electrical
grid.
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Figure 2: Non-consecutive type days: heating, cooling
and electrical demand as well as produced PV power
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Figure 3: Non-consecutive type days: weather data
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Figure 4: Non-consecutive type days: chosen grid im-
pacts and costs related to yearly average value

Mixed Integer Linear Problem for grid impact
calculation

A MILP calculates optimal electrical grid impacts or
costs. The objective of the MILP is to minimise grid

interaction impacts, battery use, and unfulfilled cool-
ing demand. The grid interaction is the sum of all
hours within the type days p and all 15 type days.
The number of occurrences of a type day p in a year
is wp. For grid impacts, two cases are considered.
One with yearly mean impacts and one with chang-
ing impacts every hour depending on power plants
running. Therefore, the same impacts for importing
(pb) and exporting (ps) of electrical energy are used.
Buying (pb) and selling costs (ps) are different. Un-
fulfilled cooling demand is five times higher weighted
than average grid impact or average buying costs of
the year. Battery ageing is considered to avoid un-
necessary battery usage like in Wolisz et al. (2017).
Therefore a factor (fEloss

) of 9.594Ö10=5/h, a 20 year
lifetime and a minimal rest capacity of 80% are as-
sumed. The result is combined with the size-specific
battery impact or costs (mbatt).

min
( 15∑

p=1

24∑
j=1

(
P j
buy · p

j
b − P j

sell · p
j
s

)
· wp

+ 5 · p · Q̇j
c,un · wp

+
fEloss

·mbatt

20 · (1− 0.8)
· P j

dis · wp

) (2)

The solver gurobi 9.0.2 is used (Gurobi (2020)). As
setting ”cuts” are set to 1, ”MIP Focus” to 1, ”pre-
solve” to 2, and ”heuristics” are turned off. The solver
stops with a ”MIP GAP” below 0.01, a maximal num-
ber of nodes of 20 000 or after 10 minutes.

Figure 5 shows a visualisation of the MILP. Electric-
ity can be bought from or sold to grid (Pbuy, Psell).
Electric power has to cover the domestic power de-
mand (Pd), electrical heater demand (Pel) and the
heat pump demand for heating or cooling (PHP,w,on,
PHP,c,on). Furthermore AC electricity can flow from
or to the inverter (Pout,AC , Pin,AC). DC electricity
of the inverter (Pin,DC , Pout,DC) can be stored in or
extracted from the battery (Pch, Pdis) as well as pro-
duced by the PV system (Ppv). The heat flux from
the warm tank needs to cover space heating demand
(Q̇heat). Therefore the warm tank is fed by the elec-
trical heater (Q̇el), the heat pump (Q̇HP,w · nHP,w)

and the solar thermal system (Q̇s). The cold tank
has to cover the cooling demand (Q̇cool) and supply
heat for the cold side of the heat pump (Q̇HP,c,on).

Unfulfilled cooling demand (Q̇c,un) is introduced to
cover cooling demands that the heat pump configu-
ration cannot meet. It is covered externally and has
a five times higher price than average to avoid un-
necessary use. For electric and heat loss to and gains
from the environment are also accounted.

The thermal tanks and battery storages’ derivative
functions are approximated with a Crank Nicolson
approach for stable numerical results (Crank and
Nicolson (1996)).
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Figure 5: MILP problem visualization

The warm tank is approximated as an unlayered tank
with a density (ρ) of 1000 kg/m3 and a specific heat
capacity (cp) of 4 kJ/(kgK). Therefore the tanks
change rate in temperature ∆Tw from one timestep
t to the next t+ 1 can be described by the following
equation:

ρ · Vw · cp ·
∆T t+1

w −∆T t
w

δt
=

t+1∑
i=t

Q̇i
HP,w · ni

HP,w + Q̇i
el − Q̇i

heat + Q̇i
s

2

(3)

A linear approach approximates heat flux generated
by the solar thermal system. It considers the tank
temperature, ambient temperature (Tamb), and irra-
diation (I) and neglects the quadratic loss term and
wind velocity influences. Warm tank temperature is
approximated for a type day p by a mean tank tem-
perature at the beginning of all periods j of same
type p (T p

w,m). The mean intra-period temperature
gain till that hour t (∆T t

w) is added to it. T p
w,m is cal-

culated according to equation 21. A binary variable
(ns) and a trash variable (Q̇s,tr) avoid the utilisation
of negative solar thermal heat fluxes. By writing heat
flux to the trash variable, the solar thermal system
can be effectively turned off for unwanted or negative
heat gains. Table 2 shows lower and upper bounds
for all variables.

Q̇t
s + Q̇t

s,tr = AST · [0.76 · It + 4W/(m2 K) · T t
amb

− 4W/(m2 K) ·
(
∆T t

w + T p
w,m

)
]

(4)

Binary variables are used to turn the heat pump on
for heating (nHP,w) or cooling (nHP,c) purposes, to
model their binary status. The heat produced by
the air to the water heat pump is assumed to be
linearly dependent on ambient temperature (Tamb).
Slope and intercept to calculate produced heat and
cold and electrical demand are based on Dimplex heat
pump models LA6S-TUR, LA9S-TUR, LA12S-TUR,

Table 2: Lower and upper bounds of variables

lower bound variable upper bound

nt
s · Q̇s,min Q̇t

s nt
s · Q̇s,max

(1− nt
s) Q̇s,min Q̇t

s,tr (1− nt
s) Q̇s,max

0 P t
HP,w,on nt

HP,w · Pmax,w

0 P t
HP,w,off

(
1− nt

HP,w

)
Pmax,w

0 Q̇t
HP,c,on nt

HP,c · Q̇max

0 Q̇t
HP,c,off

(
1− nt

HP,c

)
Q̇max

0 P t
HP,c,on nt

HP,c · Pmax,c

0 P t
HP,c,off

(
1− nt

HP,c

)
Pmax,c

0 Ep
batt Ebatt

5 °C T t
c 20 °C

20 °C T t
w 80 °C

and LA18S-TUR. The resulting RMSE for produced
heat is 0.128.

Q̇t
HP,w =

(
0.0233/°C · T t

amb + 0.817
)
· Q̇HP (5)

The electrical demand of the heat pump for heat-
ing purposes is approximated with a linear approach
considering warm tank temperature. This approach
results in a RMSE of 0.0729. The lower and upper
bounds are shown in table 2.

P t
HP,w,on + P t

HP,w,off =(
0.005 64/°C ·

(
∆T t

w + T p
w,m

)
+ 0.0239

)
· Q̇HP

(6)

The heat pump cold flux is assumed to be linearly
dependent on ambient temperature and cold tank
temperature. This approach results in an RMSE of
0.0635. The cold tank temperature for a typical day
p is approximated by a mean tank temperature at
the beginning of all periods j of the same type p
(T p

c,m). The intra-period temperature gain till that
hour t (∆T t

c ) is added to it. T p
c,m is calculated ac-

cording to equation 21. Table 2 shows the lower and
upper bounds.

Q̇t
HP,c,on + Q̇t

HP,c,off =

(
[
=0.000 519/°C2 · T t

amb + 0.0377/°C
]

·
(
∆T t

c + T p
c,m

)
+[

=0.004 46/°C · T t
amb + 0.577

]
) · Q̇HP

(7)

The electrical demand of the heat pump for cool-
ing purposes is ambient temperature and cold tank
temperature-dependent. This approach results in an
RMSE of 0.009. Table 2 shows the lower and upper
bounds.
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P t
HP,c,on + P t

HP,c,off =

(0.000 770/°C ·
(
∆T t

c + T p
c,m

)
+[

0.004 06/°C · T t
amb + 0.0983

]
) · Q̇HP

(8)

Heating and cooling of the heat pump at the same
time is avoided by following equation:

nt
HP,c + nt

HP,w ≤ 1 (9)

The cold tank is approximated as an unlayered tank
with a density (ρ) of 1000 kg/m3 and a specific heat
capacity (cp) of 4 kJ/(kgK). The tank has to cover

the cooling demand of the building (Q̇cool) and serves
as heat source for the heat pump demand (Q̇HP,c,on).

Unfulfilled cooling demand (Q̇c,un) reduces the de-
mand for cases in which heat pump cooling power is
not enough to keep the tank below maximum tem-
perature. This results in the following equation for
the cold tank:

ρ · Vc · cp ·
∆T t+1

c −∆T t
c

δt
=

t+1∑
i=t

Q̇i
cool − Q̇i

HP,c,on − Q̇i
c,un

2

(10)

Equation 11 shows the electrical energy balance for
the AC node. It is used to cover the building’s elec-
trical energy demand (Pd). The solar thermal pump
power is assumed to be pST = 2.5W/m2.

P t
d = P t

buy − P t
sell − P t

HP,w,on − P t
HP,c,on

− P t
el + P t

out,AC − P t
in,AC

− 2.5W/m2 ·AST · nt
s − Pinv

(11)

The standby inverter power (Pinv) is 2W/kW. The
inverter’s rated power is set by the maximum peak
PV power and battery capacity divided by time step.
So, it is always possible to charge or discharge the
battery within a time step.

Pinv = 2W/kW ·max

(
max (ppv) ·APV ,

Ebatt

δt

)
(12)

The DC node electrical energy balance is used for
the electrical energy of the PV system (ppv) and the
battery (see eq. 13). A performance ratio of 0.8 is
assumed for the PV system.

ptpv ·APV · 0.8+P t
out,DC +P t

dis = P t
in,DC +P t

ch (13)

Inverter equations are with a constant inverter effi-
ciency of 0.97:

P t
out,AC = P t

in,DC · 0.97 (14)

P t
out,DC = P t

in,AC · 0.97 (15)

The battery energy balance with intra-period saved
battery energy till hour t (∆Et

batt) is shown in 16. A
charging efficiency of 0.99 and a discharging efficiency
of 0.95 is assumed.

∆Et+1
batt −∆Et

batt

δt
=

t+1∑
i=t

0.99 · P i
ch − P i

dis

0.95

2
(16)

Energy storage within the 15 periods is applied by
the approach of Kotzur et al. (2018). Therefore vari-
ables for stored energy in the battery at the beginning
(Ep

batt) and at the end of a period (Ep+1
batt ) are used.

Change within the period is ∆Et=24
batt . The final state

of the last period in a year must be equal to the first
periods initial state (Eend

batt = E1
batt).

Ep+1
batt − Ep

batt = ∆Et=24
batt (17)

Table 2 shows the boundaries outside the time pe-
riod p. The intra-period battery variable has to stay
within following limits:

0 ≤ ∆Et
batt + Ep

batt ≤ Ebatt (18)

For thermal storages (∀j ∈ w, c) different variables for
temperature at the beginning (T p

j ) and at the end of

a period (T p+1
j ) are used. Change within the periods

is the last intra period temperature value (∆T t=24
j )

minus thermal losses. Thermal losses ∆T p
loss are tem-

perature dependent.

∆T p
loss =

2.64W/(m3 K) ·
(

Vi

1m3

)
=0.4467

· δt

ρ · cp

·

(
T p+1
j + T p

j

2
− 20 °C

) (19)

T p+1
j − T p

j = ∆T t=24
j −∆T p

loss (20)

Temperature dependencies like electrical heat pump
power within a period of type p are calculated with
the mean tank temperature (T p

j,m) for every period.
The mean tank temperature is calculated as the av-
erage through all mean temperatures (between start
and end) of all periods of type p. wp is the number
of occurrences of period p within the year.

T p
j,m =

wp∑
j=1

T j+1
j + T j

j

2
· 1

wp
(21)
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For the intraday warm tank temperatures, the min-
imum temperature is depending on radiator area
(Arad) and heating demand (Q̇heat).

20 °C+ 5K +
Q̇heat

6.14W/(m2 K) ·Arad
≤

∆T t
w + T p

w ≤ 80 °C

(22)

For the intraday cold tank temperatures, the maximal
temperature at hour t is depending on radiator area
(Arad) and cooling demand (Q̇cool).

5 °C ≤ ∆T t
c + T p

c ≤

20 °C− 5K− Q̇cool

11.3W/(m2 K) ·Arad

(23)

Component impacts

Component impacts are considered with a linear ap-
proach (slope (m) and intercept (b) in table 5) consid-
ering their specific size (xi) and a lifetime (tl) (table
3). Sum of all component impacts is considered for
optimisation (Wolisz et al. (2017)). In the cost sce-
nario, equivalent annual costs are used with an rate
of interest of 1.4%.

CComp =
∑

i=component

(
mi · xi + bi

tl

)
(24)

Table 3: Component lifetimes
Component Lifetime [a]
solar thermal 20
photovoltaic 20
heat pump 20

thermal storage 20
battery 15

heating / cooling are 50

Results and discussion

At first, static results will be shown and afterwards,
dynamic results.

Static results

Figure 6 shows results for the optimisation with static
and dynamic electricity impacts. Results are shown
relative to their minimal (0) and maximal (1) size.
Minimal and maximal values are shown in table 1.
The black error bars show minimal and maximal com-
ponent sizes resulting in 99% of the same total im-
pact/costs. Furthermore, the results for both cases
are shown in table 4.

The solar thermal system is for all but one case very
small at maximal 40m2 out of 1200m2 possible. Since
the solar thermal footprint is significantly smaller for
ODP than the other impact categories, a much larger
solar thermal collector is optimal here. In contrast,
the PV is used at its maximum in all cases. The
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Figure 6: Results for static and dynamic grid impact-
s/prices. The relative size is presented relative to the
range of maximum and minimum values provided in
table 1.

solar thermal system is not worthwhile because the
PV provides electricity at the same time. This elec-
tricity can be efficiently converted into heat via the
heat pump with a COP of approx. 4. For the Costs
scenario, the heat pump with about 60 kW is much
smaller dimensioned than in the LCA scenarios with
about 160 kW. The thermal storage sizes are also
significantly smaller in the Cost scenario with about
2m3 for the warm tank compared to about 20m3 and
about 10m3 for the cold tank instead of 90m3 in LCA
scenarios. Both effects are due to the relatively high
gradient in the component impacts in the Cost sce-
nario. In LCA scenarios, it is optimal not to use a
battery. For the Costs scenario, a tiny battery with
20 kWh is chosen. The heating and cooling surface is
smaller in the Costs case than in the LCA cases. The
heating and cooling surface has nearly no influence
due to the low effect on the total impact. The big
error bars underscores this influence. The error bars
are small for the PV power and battery capacity. So,
these two component-sizes greatly influence the total
impact. Also, the heat pump and the solar thermal
system (ODP excepted) have relatively low error bars
compared to thermal storages and heating/cooling
surface. This small error indicates a medium influ-
ence. Especially in the LCA scenarios, the big error
bars indicate a minimal influence on the total impact
of thermal storage volumes.

Dynamic results

Figure 7 shows the change of results from optimisa-
tion with static to dynamic electricity impacts and
figure 6 shows the relative size. The change is shown
as the absolute change of relative size (0.2 means a re-
duction of 0.2 of relative size). Minimal and maximal
values are shown in table 1.

The results show that considering impact fluctuations
enlarges the battery size significantly for all but the
Costs and AP impact factor scenarios. Even the most
extensive possible battery is now optimal for ODP.

Therefore, a key finding of this work is that the op-
timal design of a building’s energy system requires a
battery when impact fluctuations are no longer ne-
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glected. A battery is reasonable from an economic
perspective. The optimal battery size is almost twice
as large for most LCA impact factors.

The size of the solar-based components is virtually
independent of the calculation method. The only
change of more than ten percentage points is the in-
crease of solar thermal area in the ADPF case. There
are also only minor changes to the heat pumps rated
power with increases for all but the Costs and POCP
impact categories. In all LCA impact categories, the
size of radiators in the room is significantly reduced
when considering fluctuating impacts. Since heating
and cooling loads are fixed, they need to be met with
a smaller radiator area. Therefore, it is inevitable
that temperature differences and the usage of ther-
mal storages are increased. The cold tank is slightly
increased when optimising all but the POCP impact
factors. There is no clear direction for the warm tank,
with increasing tendencies for GWP and POCP but
a decreasing tendency for all others. Since cooling is
less energy efficient than heating, it is plausible that
grid interaction avoidance during high footprint pe-
riods is more beneficial for cooling than the heating
demand. Furthermore, the heating demand is less de-
pendent on the grid since the battery system partly
covers it. The change in total impact compared to
the static case indicates that a more accurate calcu-
lation and electric storages do not necessarily result
in a higher or lower impact. While it is beneficial for
four impact categories like GWP to participate in this
kind of demand-side management, it does negatively
affect ODP and the economic optimum. For the AP
impact category, which is most sensitive to the dis-
advantages of batteries, there is still no battery use.
Furthermore, there is no effect of an adjusted config-
uration on the total impact.

Conclusion

This publication has presented a two-stage optimisa-
tion process for different building energy system com-
ponents using dynamic grid footprints. The results
show a significant influence of the time-dependent ap-
proach on the component sizing, especially concern-
ing the battery. The method was applied to several
impact categories.

The dynamic grid footprint optimum includes the us-
age of a battery in all but one impact category. Be-
sides, the necessary radiator area for optimal opera-
tion can be reduced. Batteries, therefore, pose a great
potential to use fluctuations in grid impacts actively.
Considering impact fluctuations allows a reduction of
total impact for four out of seven impact categories.
Only two impact categories result in a higher total
impact. For conventional calculations, batteries are
disadvantageous in any of the considered LCA im-
pact categories. Only a small battery is calculated to
be optimal in the economic impact category. On the
other hand, the optimum for photovoltaic power and
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Figure 7: Results for relative size change from the
static to the dynamic case. Results are presented rel-
ative to the range of maximum and minimum values
provided in table 1.

radiator area is ”as high as possible” for most impact
factors.

As a next step, a range of load cases shall be exam-
ined to analyse the robustness of the presented re-
sults. Furthermore, the changing impacts decreasing
with the progressing energy transition over decades
towards a more renewable electrical grid should be
implemented. Other components could be consid-
ered as well. The load could be more flexible using
demand-side management. An overall optimisation
shall be carried out that considers the interaction be-
tween building properties, their LCA impacts, and
the load time series.

Acknowledgment

The research project IGF 28 ”Integral solutions for
plus energy buildings 2.0 in lightweight steel construc-
tion” from the Research Association for steel Appli-
cation (FOSTA), Düsseldorf, is supported by the Fed-
eral Ministry of Economic Affairs and Energy through
the German Federation of Industrial Research Asso-
ciations (AiF) as part of the programme for promot-
ing industrial cooperative research (IGF) based on a
decision by the German Bundestag. The project is
carried out at the Solar-Institute Jülich of Aachen
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appendix

Table 4: optimisation results
component case unit Euro GWP ADPF AP EP ODP POCP

Solar thermal static [m2] 0 30 0 10 30 830 120

system dynamic [m2] 0 80 200 0 50 810 10
change [%] 0 167 0 -100 67 -2 -92

Photovoltaic static [m2] 1200 1200 1200 1200 1200 1200 1200

dynamic [m2] 1200 1200 1200 1200 1200 1200 1200
change [%] 0 0 0 0 0 0 0

Heat pump static [kW] 70 150 140 140 120 190 190
dynamic [kW] 50 180 160 160 190 200 170
change [%] -29 20 14 14 58 5 -11

Warm tank static [m3] 3 12 63 11 48 81 29

dynamic [m3] 1 25 12 4 39 52 73
change [%] -67 108 -81 -64 -19 -36 152

Cold tank static [m3] 7 115 87 74 139 151 144

dynamic [m3] 14 126 100 87 148 199 139
change [%] 100 10 15 18 6 32 -3

Battery static [kWh] 20 0 0 0 0 10 0
dynamic [kWh] 20 490 170 0 240 1000 200
change [%] 0 0 0 0 0 9900 0

Radiator Area static [m2] 920 1150 1200 1200 1140 1200 1200

dynamic [m2] 930 1010 1050 1100 1120 1190 1130
change [%] 1 -12 -13 -8 -2 -1 -6

impact case unit Euro GWP ADPF AP EP ODP POCP

total static s.a. 35500 -24100 -309000 33.9 -17.62 -16.22 -45.09
impact dynamic s.a. 36900 -15800 -205000 46.64 -14.82 -19.77 -38.51

change [%] 3.9 -34.4 -33.7 37.6 -15.9 21.9 -14.6

Table 5: Component impacts (1 of 4) (B.B.S.R.
(2020))

Impact C Costs ADPF
Unit Equivalent ¿ MJ
C = m · size + b m b m b

Photovoltaic 200 2500 3990 0
Solarthermal system 270 2500 1360 0
Thermal storage 2000 0 6700 2410
Heat pump 1150 3000 589 0
Battery 300 0 3490 0
Radiator area 130 0 3370 0

Component impacts (2 of 4)

Impact C GWP AP

Unit Equivalent kg CO2 mole H+

C = m · size + b m b m b

Photovoltaic 309 0 1.48 0
Solarthermal system 105 0 0.83 0
Thermal storage 513 185 2.74 0.99
Heat pump 49.5 0 0.37 -0.00113
Battery 264 0 1.42 0
Radiator area 278 0 0.811 0

Component impacts (3 of 4)

Impact C EP ODP
Unit Equivalent kg P kg R11
C = m · size + b m b m b

Photovoltaic 0.0913 0 2.2E-9 0
Solarthermal system 0.0321 0 2.2E-12 0
Thermal Storage 0.123 0.0444 3E-9 1.1E-9
Heat pump 0.039 -1.1E-4 3.73E-11 -2.7E-14
Battery 0.073 0 1.51E-6 0
Radiator area 0.06 0 3E-14 0

Component impacts (4 of 4)

Impact C POCP
Unit Equivalent kg NO2
C = m · size + b m b

Photovoltaic 0.178 0
Solarthermal system 0.0679 0
Thermal Storage 0.207 0.074
Heat pump 0.0279 1.47E-4
Battery 0.172 0
Radiator area 0.0145 0

Table 6: PV Data
name unit value

ISC [A] 10.31
UOC [V] 40.3

IMPP [A] 9.78
UMPP [V] 32.5
ISC
∆T

[A/K] 0.005
UOC
∆T

[V/K] -0.1249

ncells [-] 60
TNOCT [°C] 44

A [m2] 1.6632
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