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Abstract: Nearly Zero Energy Building (NZEB) is becoming a standard for new and renovated
buildings throughout the European Union (EU). Through the ongoing implementation of directives
related to energy efficiency and NZEB-compliant buildings, the EU commission has established
that new and renovated NZEB-compliant buildings shall be implemented cost-effectively. This is
assessed by linking the Life Cycle Cost (LCC) and energy demand calculations, representing them in
a cost-optimality plot, and finding the optimal solution from the resulting Pareto front. Given that the
results of an LCC calculation are quite dependent on the calculation model’s scope and inputs, this
study takes an explorative approach to determine the most influential parameters in LCC calculations
for a pre-selected cost-effective package. This is achieved by varying the inputs using local and global
variation methods. The local variation approach consists of varying the inputs one-at-a-time (OAT),
whereas with global variation, all the selected inputs are variated simultaneously. The OAT approach
identified the amount and unit cost of the utility supply (district heating, electricity, and gas) as
the most influential parameters to the output. The OAT results were further used to rank the next
five most sensitive parameters and perform a global sensitivity analysis using Monte Carlo (MC)
simulations. A regression analysis of the MC results revealed high R2 values (≥0.98), suggesting a
linear correlation between the output and the variable inputs. The sensitivity analysis determined
the unit price of attic insulation, the gas price, and the lifetime of the Heat Pump (HP) as the most
sensitive parameters in the three investigated models.

Keywords: LCC; NZEB renovation; robustness; LCC sensitivity

1. Introduction

For the last decade, buildings have become a strategic focus of European policies,
namely, the Energy Efficiency Directive (EED) [1] and Energy Performance of Building
Directive (EPBD) [2], which aim towards nearly Zero Energy Buildings (NZEBs) and
energy efficiency at the European level. Member States of the European Union (EU) are
to develop national, long-term renovation strategies for the cost-effective conversion of
existing buildings to reach NZEB [2]. Article 2a (b) of Directive 2018/844 [2] further
obligates the Member States to establish cost-effective approaches to renovation with
respect to the building type, location, and potential trigger points during the lifecycle of
the building.

In Denmark, for example, this is well-reflected in a new, voluntary sustainability build-
ing class [3]. The new Danish classification includes social, environmental, and economic
sustainability criteria. Among other evaluation criteria, the economic category is expressed
by the Life Cycle Cost (LCC) [4]. Besides that, the LCC is planned to be mandatory in
Denmark, and it has been widely applied to determine cost-optimal minimal energy de-
mands and to seek cost-optimal renovation strategies in multiple publications related to
cost optimality for building design and renovations [5–8]. The LCC methodologies are
broadly used to forecast expected costs and monetary benefits related to the application of
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energy efficiency measures (EEM) for energy renovation projects taking into account the
time frame and time value of money. The value of the LCC is reflected by finding its place
in the regulatory level [2,3] and normative approach for calculation [9], which is further
elaborated in Section 2.1 of this paper.

The reliability of cost analysis is inherently dependent on the quality of the input data;
thus, the uncertainty analysis of the input is a necessary step in order to consider the LCC of
building energy renovation projects as a trustworthy decision support tool [10]. The authors
also point also out that a deterministic approach to LCC analysis is heavily dependent on
uncertainty, as the input data are fixed in both time and cost. Alternatively, when applying
the probabilistic approach, the input variables are modelled using probability distribution
functions (PDF); thereafter, the quantification of the output’s uncertainty is a result of the
sensitivity analysis of the variance of the input parameters. Moreover, even though the
deterministic approach could be considered less complex compared to the probabilistic
one, it can result in a subjective solution, or one based on faulty assumptions [11]. The
probabilistic approach aims to add “robustness” [12] to the solution, but the limiting factor
can be a very large number of input parameters (a lengthy process), uncertain distributions,
or inefficient sampling.

Probabilistic design exploration methods are well-established when it comes to energy
demand calculations, and their strengths, weaknesses, and computational aspects have
been comprehensively analyzed and discussed [13–16]. As indicated in [13], the required
detail level of the modelling depends on the design phase, where the extent of the sensitivity
analysis is bound by the knowledge of the design parameters. The more advanced the
design phase is, the more detailed the models used should be. As stated in [14], a sensitivity
analysis involves a large number of simulation runs, often applying dynamic building
simulation programs. However, to save computational time and lessen input variation,
simplified models are usually chosen. Here, the check for the validity of the model is always
recommended and often researched in studies, either by comparison of the modelling
output results with measurements [17], or by the validation of simpler, steady-state or
quasi steady-state models against more detailed dynamic models, as in [18].

When it comes to the sensitivity of renovation-related LCC analysis, the commonly
investigated inputs are those related to financial assumptions such as the interest rate
and the energy price- and development. For instance, the impact of the energy price on
a cost-optimal solution, found by the decision support scheme, is presented in [19]. A
sensitivity study on the interest rate and energy price development for newly constructed
single- and multi-family NZEB buildings in Greece is presented in [20,21]. The sensitivity
of the same two parameters is also investigated in [22] for listed and non-listed multi-family
buildings in Sweden located in different climatic zones. In addition to interest rate and
energy price development, Ferreira et al. [5] further include energy price as a parameter.

While the sensitivity of building-related LCC calculations is often investigated, the
applied method, scope, and detail level of the analysis vary considerably. The uncertainty
of seven energy-related inputs with respect to the LCC calculation is investigated in [23] for
two scenarios, using the one-at-a-time (OAT) method. The focus of [24] is limited to financial
assumptions, yet it applies an optimization-based scheme to investigate many scenarios
for a single-family house in Norway, including energy-saving measures, renewable energy
sources, and systems. Another example of optimization-based schemes employing solution
space exploration is presented in [25]. Such multi-objective optimizations are robust, as
the considered parameters’ sensitivity is integrated into the method itself. However, a
drawback of such methods is that these can be very time and expertise-demanding and
implicated by practicalities. There are also studies focusing on how a specific aspect of a
renovation affects cost-optimal solutions. For instance, [8] investigates occupant behavior,
window-opening activities, and their influence on cost-optimality. Nonetheless, the interest
rate, energy prices, and their expected developments seem to be in focus when it comes to
sensitivity in the LCC.
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Moreover, sensitivity analysis seems to be a secondary objective in research related
to cost-optimal solutions, where a common main objective is the selection of an optimal
package. For instance, the authors of [6] propose several combinations of EEM to obtain
a cost-efficient retrofitting solution for school buildings, while performing a sensitivity
analysis that disregards investment costs and focuses only on the interest rates and the
increase in electricity prices. Another interesting study [18] presents a sensitivity study by
indicating how different input parameters influence the resulting cost-optimal renovation
of a multifamily building. The proposed sensitivity accounts for a wide spectrum of
input parameters, such as the thermal properties of the building envelope, district heating
prices, operation costs, the price increase in district heating, the cost of EEM, ventilation
heat recovery, and the discount rate. The applied method varies only one parameter at a
time, making it unable to detect the combined effect of input parameters on the output,
but obtaining multiple parallel sensitivity analyses [18]. Another comprehensive study
proposes a holistic process for determining a cost-effective renovation that could support
building energy certification and increase renovation rates [26]. The proposed procedure
is composed of three steps, where the final step incorporates the LCC and the renovation
plan. The weight of each considered parameter is analyzed to identify the most impactful
ones on the energy demand decrease. The method further accounts for the cost and lifetime
of each EEM, but in a simplified manner, where the cost of each intervention is split into
conservative, medium, and ambitious. The sensitivity analysis in this case disregards the
financial parameters, energy prices, the lifespan, variable, and maintenance costs.

To the authors’ best knowledge at the time of writing, only study [27] performs an
uncertainty characterization on 18 LCC input parameters. The study applies a probabilistic
methodology employing Sobol sampling combined with the Monte Carlo (MC) approach.
The convergence criteria are used to assess the sensitivity in a calculation concerning a
single-family house in Italy. The case applies special economic consequences (penalties) for
a reduced usable floor area due to an internal insulation with vacuum panels.

As mentioned above, while most of the referenced studies seek and select a cost-
optimal package, the first objective of this study is to define the input parameters of a
holistic LCC calculation and quantify their individual and combined influence on the
output. This is accomplished using local (OAT) and global (MC) methods for the variation
of the inputs as described in [14], and further discussed in Sections 2.2 and 2.3, respectively.
The variation is applied to a pre-selected baseline model that represents a renovation
package for a multi-family apartment building complex in Denmark.

The selected baseline model was found to be cost-effective by using a method proposed
in the previous work of the authors of this paper [28]. Using the method proposed in [28],
renovation packages are compiled based on a cost-effectiveness parameter of individual
energy-saving and energy-producing actions. The second objective of this study is to test
the robustness of the selected cost-effective baseline by comparing the obtained output
variation in global cost to the results of other packages studied in [28].

This paper presents local and global sensitivity analyses applied to the selected base-
line model. The local sensitivity (OAT) analysis, presented in Section 2.2, is performed
for the model’s boundary conditions and building the model’s inputs. In addition, to
investigate the influence of the energy supply type on the results, the energy supply system
for space heating and domestic hot water (DHW) in the baseline is also variated between
three alternatives: district heating (DH), a ground source heat pump (HP), and natural
gas. For each energy supply system, an OAT analysis is applied to find the five input
parameters with the most substantial influence on the output. To investigate the possible
interactions of the parameters and their correlation, these five input parameters are further
variated simultaneously using the MC approach with quasi-random sampling, described
in Section 2.3.
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2. Method

The work presented in this paper aims to determine the impact of boundary conditions
and model input on the output of an LCC calculation, concerning the renovation of a
multi-family building located in Denmark. To do so, first, the origin and key details of
the applied baseline are presented. Thereafter, Section 2.1 describes the applied LCC
calculation method, whereas Sections 2.1.1 and 2.1.2 depict boundary conditions and
building-related model inputs, respectively. The local sensitivity of each model input
is determined by performing OAT variation method as in [16,18] and further described
in Section 2.2. The five most sensitive parameters to the output, found via the OAT
method, are further applied in the global sensitivity analysis. Global sensitivity consists
of simultaneous variation of inputs [15–17,24], where the method applied in this paper
includes Monte Carlo (MC) method with Sobol sampling, described in Section 2.3. Finally,
the sensitivity of the different parameters is analyzed using regression methods, described
in Section 2.4. Figure 1 illustrates the approach used to define the input parameters and
quantify their sensitivity.
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For this study, the case building investigated in [28,29] is used as a starting point
for the analysis. The building has been operational since 1949 and houses 66 apartments
with a total heated floor area of 5250 m2. The existing source of heating and DHW is a
District Heating (DH) substation. The primary energy demand of the building in its existing
condition, determined by the Danish compliance tool BE18, accounts for 130 kWh/m2 per
year [28]. The selected renovation package, represented in the baseline model, achieved
approximately 40% energy savings and consists of the installation of new windows (energy
class B); replacement of the circulation pump for DHW; re-insulation of the external wall,
attic slab, and pipe networks for distribution of heating and DHW; and 110 kWp roof-
mounted Photovoltaic (PV) system [18].

As indicated previously, the baseline is suited to three different energy supply systems
for space heating and DHW. The scenario with a new DH substation considers costs related
to replacing the existing sub-station. In the other two scenarios, the existing DH substation
is replaced with a heat pump (HP) and natural gas boiler. Switching from DH to natural gas
or HP as a supply source accounts for removing the DH sub-station and incorporating gas
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boiler or ground-source HP, respectively. Thereby, each of the three models have common
(renovation package-related) and individual (system-related) input parameters.

2.1. Life Cycle Cost Calculation Method

The procedure and calculation methodology for LCC follow the standard DS/EN
15459-1:2017 [9]. Overall, a calculation model consists of boundary conditions and building-
related model inputs. Boundary conditions include the calculation period and macro-
economic factors for the calculation, i.e., interest rate and price development. The model
input can be split into different categories, depending on the cost type, e.g., energy supply,
acquisition, management, cleaning, component, recurring and non-recurring costs. Income
from rent, incentives, loans, or grants can also be integrated into an LCC calculation.
Commonly evaluated outputs of LCC are global cost (GC) or net present value (NPV),
depending on the objective of the calculation. Global costs are calculated using Equation (1),
shown with the same notation as given in standard [9]. The main difference between GC and
NPV is that GC includes emission costs by definition. Those, however, are often excluded,
and therefore the NPV can be considered the same as GC. Carbon costs are excluded
from the analysis of this study as the monetary value of carbon costs and their future
development is still quite uncertain, which applies to the consistency and comparability as
well [28].

GC = COINIT + ∑
j

[
TC

∑
i=1

(
COa(i)(j) ∗

(
1 + RATxx(i)(j)

)
+ COCO2(i)(j)

)
∗ D f (i) + CO f in(TSL)(j)−VAL f tTC t(j)

]
(1)

where:

• COINIT—initial cost;
• COa—annual cost;
• COCO2 —emission cost;
• COfin(TSL)—disposal cost;
• VALft—residual value;
• D_f —discount factor;
• tTC—calculation period;
• RATxx(i) price evolution of parameter i.

To a great extent, the model inputs are dependent on the aim, scope, and purpose
of the performed study. Since this study adopts a baseline from previous research of
the authors of [18], the model inputs are pre-determined. The selected baseline model
accounts exclusively for costs related to the energy renovation of the selected package
and building operation. That includes the cost for the purchase of building components
and associated energy supply systems, and their installation, maintenance, replacement,
and operation (supplied energy). LCC calculations are performed using the free software
LCCByg (version 3.2.14) [30]. The considered model output, NPV, is used to determine the
sensitivity and correlation of the variated input parameters.

2.1.1. Model Boundary Conditions

Boundary conditions in LCC refer to the calculation period and financial input pa-
rameters determined on a national level. In Denmark, the Ministry of Finance enforces
discount rates (DR) and price developments (PD) for discounting future to present values.
Guidance describing different DR types and their respective applications was published on
12 November 2018 and updated on 7 July 2021 [31]. The main difference in the letter was its
lowered DR with 0.5% point in the updated 2021 guidance compared to 2018 values [32].

The guideline enforces a stepwise decrease in the real DR for public clients, as illus-
trated in Figure 2 (left). The applied LCCByg software provides two additional sets of
assumptions: fixed real DR and fixed nominal DR. The respective values for each DR type
are illustrated in Figure 2 (left), whereas a general description of the applicable building
projects is outlined below.
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• Decreasing real DR—This DR type is applied to public buildings where a 1% decrease
is applied after years 36 and 75. This DR type applies fixed prices without inflation [32].

• Fixed real DR—Applied to projects concerning social housing organizations. As the
name suggests, the DR and possible PD are fixed and exclude inflation.

• Fixed Nominal DR—Prices and DR are stated in current prices, including inflation.
This DR type is applied to projects requiring DGNB certification.

Optionally, a specific PD can be applied for different cost types considered in the
calculation. Those can be observed in Figure 2 (right). If applied, the individual PD is
used instead of the general PD (inflation). The baseline models in [18] apply PD to energy
costs for building operation, underlined in Figure 2 (right), to the respective energy supply
system. For example, PD for gas and electricity in a scenario with natural gas boiler and
only PD for electricity in the HP scenario.
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To investigate the impact of the three DR types on the resulting NPV, they are applied
to the baseline model, using the OAT approach. Additionally, the impact of applying the
optional PD for DH and electricity is investigated by computing the DH baseline model
with and without PD for each of the DR types.

2.1.2. Model Inputs

A list of all calculation inputs included in the three variations of the baseline model
is presented in Table 1. The table classifies the input parameters into five categories and
depicts the baseline value and respective source. Model-specific parameters describing
the variated energy systems are marked with a “*” before the parameter name. These
parameters are only applied in the appropriate models. The first three cost categories in
Table 1 (operation, implementation, and maintenance) are unit cost inputs. The last two are
the lifespan of the elements and the amount (quantity) for each parameter.
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Table 1. List of input parameters.

Baseline OAT

Category Parameter Unit Value Source Range Source

Operation * District heating EUR/MWh 69.29

DEA [33]

18–128
Database
min/max

(Energy supply) * Gas EUR/m3 0.796 0.635–0.913
* Electricity EUR/MWh 230.1 210–330

* Electricity-HP EUR/MWh 93.54 -

Implementation * DH sub-station EUR/system 15,600
TDC [34]

12–20 K
TDC [25]* Gas boiler EUR/unit 24,600 20–30 K

* Heat Pump EUR/unit 249,000 235–265 K
Roof-mounted PV EUR/system 80,300 TDC [35] 49.5–134.2 K Assumed ±20%
Ex. wall insulation EUR/m2 20.7

MOLIO [36]

17–25

Assumed
±20%

Ex. wall cladding EUR/m2 17 13–20
New windows EUR/m2 73 69–88
Attic insulation EUR/m2 130 104–156

Pipe network ins. EUR/m 11.8 9–14
Circulation pump EUR/unit 1098 879–1318

Maintenance * DH sub-station EUR/year 136
TDC [34]

108–189
TDC [25]* Gas boiler EUR/year 651 531–814

* Heat Pump EUR/year 1650 1070–2850
Roof-mounted PV EUR/year 1144 TDC [35] 781–1342 TDC [26]
Ex. wall insulation EUR/year 551

LCCByg*

440–660

Assumed
±20%

Ex. wall cladding EUR/year 894 715–1072
Windows EUR/year 1147 918–1376

Attic insulation EUR/year 228 1814–2722
Pipe network ins. EUR/year 373 298–447
Circulation pump EUR/year 11 9–13

Lifespan * DH sub-station year 25
TDC [34]

20–30
TDC [25]* Gas boiler year 25 25–40

* Heat Pump year 20 15–25
Roof-mounted PV year 30 TDC [35] 25–40 TDC [26]
Ex. wall insulation year 50

sbi [37]

40–60

Assumed
±20%

Ex. wall cladding year 120 95–145
Windows year 50 40–60

Attic insulation year 50 35–65
Pipe network ins. year 80 65–95
Circulation pump year 25 20–30

Amount * District heating MWh 483.37
calculated

BE18

387–580
Assumed
±20%

* Gas m3 CC
* Electricity—DH and gas MWh 51,072 41.6–62.4 K

* Electricity—HP MWh 216.8
Ex. wall insulation m2 2660

Measured

2128–3192

Assumed
±20%

Ex. wall cladding m2 2660 2128–3192
Windows m2 1570 1256–1885

Attic insulation m2 1750 1400–2100
Pipe network ins. m2 3160 2528–3792

LCCByg*—standard values in the software, based on sbi [37]. A “*” denotes the parameters applied exclusively
in the respective models, representing alternative energy supply systems.

Costs for energy renovation measures were obtained from the MOLIO price database
for renovation works [36]. Costs related to energy-producing systems stem from Technology
Data Catalogues (TDC) for individual heating installations [34] and energy-producing
technologies [35]. The lifespan of envelope elements is taken from guidelines [37] and
TDC [34,35] for energy supply systems. The energy demand for the operation of the
building includes the energy necessary for space heating, DHW, and electricity (both for
building operation and private use). Building operation-related electricity is determined by
the compliance tool BE18. Private electricity demand is determined through metered data



Appl. Sci. 2022, 12, 9817 8 of 27

at the building, collected during an energy audit described in [29]. The energy demand is
calculated by the Danish compliance tool BE18 and already accounts for energy savings,
which were achieved by the implementation of the renovation package and the energy
produced by the roof-mounted PV [28]. The improved building element (m2; m; piece) is
determined through documentation and building audit, presented in [29].

The lower and upper bounds for the uncertainty range of the different parameters are
shown in Table 1. Unit cost for represented energy sources is determined from available
data in the price database published by the Danish Energy Agency (DEA) [33] in 2018. The
granularity of the different energy supply sources differs for DH, gas, and electricity. The
baseline model’s district heating unit cost is determined by averaging the available data
for 392 different locations across Denmark (2018 database). Electricity unit cost data are
available as annual values, categorized with respect to usage type (household or industry)
and consumption range. The baseline unit cost for electricity is selected as the average
annual household electricity price excluding VAT, taxes, and levities, for the period from
2007–2018 as well as lowest consumption range. Gas unit cost originates from the same
period, though using monthly instead of annual data points. The unit cost of the different
energy sources and the determination of their applied variation are discussed further in the
following sections of this paper.

2.2. Local Sensitivity Analysis—OAT

Local sensitivity analysis in this paper refers to a one-at-a-time (OAT) variation of input
parameters. Having the baseline as a starting point, each input value is variated consecu-
tively, while the remaining parameters are kept constant. The OAT analysis is performed
twofold, distinguishing between variations of boundary conditions (see Section 2.1.1) and
building-specific model inputs (see Section 2.1.2).

The baseline represents a multi-family building owned by a social housing association.
Ergo, respecting the DS/EN 15459-1:2017 [9] guidelines for such building type means
applying a decreasing real DR for a 50-year calculation period. As previously pointed out,
PD for energy costs has been considered in the respective models. However, to assess their
direct effect on the output, PD for electricity and DH are variated in addition to DR type
and calculation period.

First, the three different DR types described in Section 2.1.1 are applied in turn to the
baseline. For each of the DR types, the calculation is performed for a range of calculation
periods from 10 to 60 years with a 10-year step interval. In addition, price development for
electricity and district heating are applied individually and in combination for each DR
type and calculation period. OAT analysis for DR types and specific PD were applied only
to the baseline model that utilizes district heating as the main supply for heating and DHW.
This was performed to quantify the difference between applied DR, PD, and for variation
of calculation period.

Given that the building is owned by a social-housing association and provided that
for this type of client (public), one must follow the Ministry of Finance [32], the DR can be
considered a deterministic model input. This is because the discount rate is determined
by the standard, meaning that a designer is obligated to apply a specific value. Boundary
conditions are thus variated by OAT only, with the purpose of quantifying possible output
variation for the different DR types, price developments, and calculation periods.

The second step in the OAT approach consists of variating model input parameters
related to the specific building renovation. In this case, this entails the input parameters
that make up the baseline. Two variations for each parameter are performed—one with the
lower and one with the upper value of uncertainty, defined in Table 1.

Evidently, the ranges for different parameters in Table 1 are obtained from different
sources. Costs related to energy supply and renewable systems are obtained by the two
Technology Data Catalogues (TDC) published by the Danish Energy Agency (DEA) [34,35].
Costs related to renovation works and energy efficiency improvements originate from the
MOLIO database [36], whereas the applied ranges are assumed due to a lack of a better
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source. Lastly, the cost for the operation of the building stems from the DEA’s historical
energy price database from 2018 [33]. The unit cost for energy types used in the baseline
and variation ranges applied in the OAT calculations are determined as follows:

• District heating (DH)—the unit price for district heating is available for 392 DH plants
across Denmark. There is great variation in the cost of delivered heat across Denmark.
Therefore, cost data in [38] are given as annual values for 2018—found in the 392
different DH plants and not as historical values—for electricity and gas. The average
price for 2018 from the different stations is 525 DKK/MWh and varies significantly
from one DH plant to the next (±135 DKK/kWh). The range for OAT calculations is
determined by the minimum and maximum value, accessible in the database.

• Electricity—the unit cost of electricity is a quite complex and uncertain parameter.
The final unit cost depends on the “raw” energy price and several other factors
influencing the price. Some of the main factors are governmental fees and taxes,
provider subscription expenses, network maintenance, and fees. Moreover, some of
those fees are fixed while others are added concerning the building heating system
and demand. For example, a general charge of 88.4 øre/kWh is added to the electricity
price. If the building is heated by electricity, an additional 25.9 øre/kWh is owed
by each client (building owner) [38]. Moreover, a variable “PSO (Public service
obligation)” is added when forming the final electricity price. As all of those price
elements are highly variable and continuously evolving, they are thereby excluded
from the calculations along with VAT, taxes, and fees. In addition to all taxes and fees,
electricity price is also dependent on the annual amount of purchased electricity by the
“client” of the energy providers, e.g., apartment tenants or building owners. Clients of
a supply company are classified into categories (usage intervals) from small (single-
family homes) to large (industrial clients). Naturally, the unit cost for large clients is
lower than that for small clients. As the baseline considers a multi-family building, the
baseline value was selected considering medium-size client (usage interval from 2.5 <
5 MWh) and determined as the average of available annual cost data for 2009–2018 [33].
It should be pointed out that the analysis presented in [28] and those presented in
this paper account for the purchase of electricity for the whole building globally (e.g.,
building operation and private use in apartments are analyzed as inputs). In reality,
the building owner and each tenant would be individual clients of the electricity
provider. Thus, tenants would be categorized/charged according to costs with respect
to low usage intervals, while the building owner would likely be categorized as a
client in the higher usage intervals with lower unit costs. The range applied in OAT
analysis represents the minimum and maximum annual values for electricity costs of
different usage intervals to investigate the effect of this simplification.

• Gas—unit costs for gas are also differentiated by client type (household or industry)
and by the amount of purchased energy. A breakdown of household gas prices is
provided monthly for the period from 2009–2018. Each aspect contributing to the
total gas price is represented individually. Given that the gas price has been rather
stable [33] for the period from 2009–2018, the baseline value was determined by
average cost, while the OAT range was determined as the minimum and maximum
values for the whole period and excluding VAT. Gas prices are also available as
annual values for different usage intervals (client sizes). In a scenario where gas
is the source for centralized heating and DHW supply, the energy demand of the
building would be a determining factor for the unit cost of gas. However, just as for
electricity, governmental taxes and local subscription tariffs are also major determining
factors for the total cost. Those are included in the OAT variation, as the baseline
adapts average, minimum, and maximum values from 2007–2018, excluding VAT but
including government taxes and levies. Furthermore, baseline values were selected
based on the smallest available usage interval (<20 GJ gas).

Ranges for implementation, maintenance, and lifetime of the energy systems are
referenced in Table 1 TDC [34,35]. The variation ranges for energy efficiency improvements
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are determined as ±20% variation from the baseline due to the lack of a better source. The
same ±20% are applied to the quantity of the different material inputs. These variations,
for instance, could result from false quantity estimations related to different renovated
building parts or insufficient documentation, leading to uncertain assumptions.

Once all variations are computed with their respective minimum and maximum values,
the sensitivity index of each parameter is determined by Equation (2). The parameters are
sorted in ascending order with respect to the calculated sensitivity index. This procedure
lists the most influential inputs to the output parameters first and allows for the selection
of the desired top five most influential inputs.

SI =
∆yi

∑|∆yi|
(2)

where ∆yi is the difference between the output values obtained from the minimum and
maximum variated input value of parameter i.

2.3. Global Sensitivity—Monte Carlo (MC) Method

Contrary to the OAT approach, the MC method allows for the quantification of the
combined (global) effect of the variated parameters. This is achieved by continuously re-
producing calculations of the baseline model, where selected input parameters are variated
simultaneously based on random or quasi-random sampling techniques. The sampling
applied in this paper is realized by Sobol sequencing for the selection of the quasi-random
samples. Quasi-random sampling allows for better coverage of the solution space than
random sampling, as clusters of closely distributed input values are avoided [16].

The sequence for a successive step in the analysis consists of generating the quasi-
random value in the range of 0–1, which is then used to select the values for variated inputs
via cumulative Probability Density Functions (PDF) for each parameter. The procedure is
performed for the total number of chosen samples, which is 5000 for each supply system.
Once all sample inputs have been determined and saved into an input matrix, AutoIT script
is applied to compute each set of inputs in LCCByg and export the results. The procedure
is then repeated for all samples.

As previously explained in Section 2.2, the parameters variated in the global analysis
are selected with respect to their sensitivity indices. Once the parameters are identified,
the ranges and data availability used in the OAT approach are examined in detail. This is
completed to assign appropriate PDFs for the parameters with respect to the parameter
type, available data, and identifiable forecasting trends. Performing such a study for all
input parameters would be tedious, lengthy, and to some extent redundant work. Therefore,
a detailed investigation of applicable data is performed solely for the parameters, selected
from the OAT approach. The selected parameters used in the global sensitivity method
and their distribution types and ranges are presented in Section 3.2.1.

2.4. Sensitivity Analysis

Sensitivity analysis is applied to assess the relationship between inputs and outputs
and to compare models with alternative energy supply systems for space heating and
DHW. Determining how each input contributes to the output is performed by carrying-out
multivariate linear regression analysis employing estimates known as Standardized (Rank)
Regression Coefficients (S(R)RC). It is based on a standardized input matrix and output
vector, demonstrated in Equation (3) for each of the inputs (xj,i) and the output (yj,i).

std_xj,i =
xj,i − µx

σx
, std_yj,i =

yj,i − µy

σy
(3)

The standardized coefficients are then used for the regression model, which applies
the least-squares method to calculate a line fitting Equation (4) for the five inputs (x1–x5)
and output data (y1).
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std_y = b1std_x1 + b2std_x2 + . . . + bnstd_xn . . . + ε (4)

where bi denotes the regression coefficients responding to each xi parameter and ε is
a constant.

The obtained regression coefficients (bi) are used to determine the importance of the
respective input, as its value quantifies its sensitivity. The larger the coefficient, the more
sensitive it is. The sensitivity index (SI) is estimated as the relative share of each regression
coefficient to the absolute sum of all coefficients, as illustrated by Equation (5).

SIx(i) =
bi

∑|bi|
(5)

Given that the applied regression model is linear, the standard coefficient of determi-
nation (R2) is assessed to verify or disprove the linearity of the baseline model. The R2

value ranges from zero to one and represents the difference between estimated and actual
y-values. R2 value close to one indicates a good correlation of the studied sample, thereby a
linear LCC calculation model. On the other hand, if the R2 value is closer to zero, the linear
regression is not suitable for predicting the output.

3. Results
3.1. Local Sensitivity—One-at-a-Time (OAT) Approach

This section presents the results from the OAT approach, which is performed in
two stages: one for the boundary conditions and one for the model-specific input. First,
Section 3.1.1 presents the results from the variation of the discount rate (DR) types and
calculation periods, defined in Section 2.1.1. Second, the building-related model inputs
are variated with their minimum and maximum values and presented in Section 3.1.2.
The section also presents the sensitivity of each parameter and which five are chosen for
variation in the global MC method.

3.1.1. Boundary Conditions

The results concerning the DR type and individual price developments (PD) are
presented in Figure 3. The sensitivity index depicted on the y-axis of the figure is calculated
using Equation (2), where ∆y for each case is calculated based on the financial conditions
of the baseline, i.e., a decreasing real DR, a 50-year calculation period, and by disregarding
specific price developments. Given this consideration, the positive sign index represents
scenarios with a greater global cost than the baseline. As evident from Figure 3, the variation
from the baseline due to PD is relatively small (<0.1). When comparing the two different
PD to the baseline model (decreasing DR), it can be noticed that, when applied individually,
the PD for DH has a higher impact than the PD of electricity for all DR types. The combined
effect on the result when the PD for both energy sources are applied is slightly lower for
real DR types and additive for fixed nominal DR.

Figure 4 shows the sensitivity index for the DR rates calculated for different periods
disregarding the PD. The calculation period affects the results nearly linearly, which was
recognized due to a proportional change in the sensitivity index with a change in the
calculation period. The difference between the successive calculation steps is nearly equal,
but an increase in the index is noticed for the shortest calculation periods. Overall, it can
be stated that the calculation period is the boundary condition that will have the greatest
influence on the final result, compared to the DR and the application of PD. A 10-year
difference in the calculation period results in greater change in the output than applying
different DR or PD.
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3.1.2. Model Inputs

The second investigation employing OAT methodology was applied to building-
related model inputs, defined in Table 1. As described in Section 2.2, the OAT calculations of
the model inputs are used to identify the most impactful parameters for the output—in this
case, the NPV. Figure 5 shows the sensitivity index of each parameter and each investigated
energy supply system. The sensitivity indexes depicted in Figure 5 are calculated following
Equation (2) for the respective ranges stated in Table 1.

For the three investigated systems, the parameters related to the fuel cost and amount
rank highest. An exception is present in the Heat Pump (HP) scenario, where the lifetime
of the HP outranks the electricity amount with the second-highest sensitivity index. A
plausible explanation for this is the high investment (and thereby replacement) cost of a
HP. Applying the upper and lower limit values for the HP’s lifetime in the OAT variation
results in one extra or less system replacement for the calculation period. The remaining
parameters that follow the fuel cost seem to be ranked (positioned), if not in the same order,
then very close to the same order—all the way to the least sensitive inputs.
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Despite their front-ranking position, the parameters describing the amount of electric-
ity, gas, and district heating energy were excluded from variation in the global analysis.
This decision was made because the sensitivity of energy demand is a topic of its own that
is highly dependent on the method for deriving the final value of the delivered energy. The
results in Figure 5 show that the amount of energy has a significant influence, regardless of
the applied system. Therefore, one should be sure of the value’s origin (or used method)
when striving for a high-accuracy LCC.
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In contrast, the unit cost of the different fuels is considered in the global sensitivity
analysis. Energy unit costs are also a rather complex parameter. The main uncertainty in
the development of the fuel cost lies in the stability of the global energy market as well
as national and local factors (subscription fees, local rates, and building usage type). The
energy unit cost can be quantified by historical and/or forecasted data. In this study, the
price variation for electricity and gas is determined based on historical and forecasted data,
stemming from supply plants operating with various sources and different principles. As
evident from the DEA database [33], those are also characterized by different costs. While
the unit cost varies on a national level, the value for a specific building depends on the
location. Therefore, the DH unit price is considered deterministic since the owner would
have to pay the cost of DH for the region where the building is located. Regarding the
results shown in Figure 5, the DH unit cost presents the single largest sensitivity index. Due
to its deterministic essence, the DH unit cost is not varied with the MC method; however, it
is still accounted for in the analysis. This is performed by accounting for the large national
price variation by fixing the DH unit cost at a low, medium, and high value and variating
the next five most impactful parameters. The low and high DH unit costs are chosen as 2σ
from the mean value (low = 34, medium = 68, and high = 108 EUR/MWh). In essence, three
variations incorporating the aforementioned DH prices are calculated for the DH scenario.
This method is applied to quantify the relative importance and possible interactions of the
next five parameters with the DH unit cost. Furthermore, it is also applied to identify if any
changes occur in the relationship between inputs and output caused by the level of DH unit
price. The parameters variated in the MC analysis for each system type are summarized in
Table 2 and discussed in detail in the following section.

Table 2. First five most sensitive parameters for each system, excluding the energy required for build-
ing operation. Background color identifies identical input parameters for each energy supply system.

Rank according to Sensitivity Index

1 2 3 4 5

District heating unit cost
electricity

unit cost
attic insulation

unit cost
roof PV

amount
attic insulation

unit cost
new windows

Heat pump lifetime
heat pump

unit cost
electricity

unit cost
attic insulation

amount
attic insulation

unit cost
roof PV

Gas unit cost
natural gas

unit cost
electricity

unit cost
attic insulation

amount
attic insulation

unit cost
roof PV

3.2. Global Sensitivity
3.2.1. Variated Parameters

Table 2 summarizes the top five ranking parameters (excluding the amount of energy)
for each scenario comprising different energy supply systems. Four of the parameters are
common for all scenarios: the unit cost of electricity, attic insulation, roof-mounted PV’s,
and the amount (m2) of attic insulation considered in the calculation. Besides the shared
parameters, a model-specific parameter is identified for each of the three cases: for DH, it is
the unit cost of the new windows; for HP, it is the lifetime of the ground source HP system;
and for gas, it is the unit cost of the fuel.

As discussed in the previous section, the electricity price is a rather complex parameter
to predict. Two of its determining factors are the annual amount of supplied electricity
to the client and the type of heating system (e.g., electrical or another source for space
building heating). In that sense, the “profile” of the building owner may change when
switching from a fuel-based to an electrical heating system. This is firstly due to the larger
amount of purchased electricity (usage interval); secondly, it is due to additional fees if the
building is heated by electrical energy [38].

The unit cost difference in the electricity price can be observed in Figure 6, which
shows historical and forecasted data for two distinct usage intervals for electricity and gas.
The figure collects data from the DEA price database [33] and another DEA publication on
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socio-economic calculations, including the cost of energy [39]. The latter provides forecast
values for electricity and gas costs for the period from 2020–2040. The forecast is based
on 2019 values, where the electricity cost was disclosed for a single usage interval, while
for gas, a forecast for several different intervals was available. The solid bars in Figure 6
represent electricity prices for the second largest interval (<15 MWh), while the patterned
addition depicts the unit cost for the smallest usage interval (used to determine unit costs
in the baseline model).
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applied usage interval in the simulations.

The electricity demand in the LCC model is represented by a single input value
accounting for the total building demand (operation and private). The majority of the elec-
tricity demand in the DH and gas scenarios is attributed to private apartments, in contrast
to the HP scenario where electricity for building operation accounts for approximately
80% of the total demand [28,29]. Thereby, for the DH and gas scenarios, the majority of
electricity would be “paid” at the highest price (a low usage interval), whereas for the HP
scenario, an increased electricity demand (101 MWh/y) classifies the building owner in
the highest usage interval (>15 MWh). For 2018, the difference between the smallest and
largest interval is 60 EUR/MWh el (approximately 60%). This difference is not taken into
account for the HP scenarios in the analysis presented in [28]. From Figure 5 and Table 2, it
is evident that the considered electricity price significantly impacts the output. The applied
MC method accounts for price differences by using a PDF, derived from the low usage
interval (<1 MWh; higher cost) for the models with DH and gas, and a PDF derived from
the high usage interval (>15 MW; lower unit price) for the HP scenario. The PDFs for both
usage intervals are shown in Figure 7 and are based on the last five annual historic data
values (2015–2020) and all forecasted data points in Figure 6.
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for electricity and gas, respectively.

As with electricity, the forecast for natural gas prices is provided in [33] for a higher us-
age interval than the one applicable to the investigated renovation package. The forecasted
gas values are thus corrected (hatched pattern in Figure 6) in the same manner as those for
electricity. Moreover, to increase the variation and anticipate the uncertain changes in the
forecast, the data for determining the PDF and CDF of gas are based on the same interval
span as for electricity: the corrected forecasted values and historical values for the period
from 2015–2020.

The unit cost for the implementation of new windows is described by a normal
distribution function. All the remaining parameters identified in Table 2 are variated
utilizing uniform distributions with the ranges identified in Table 1. The applied variation
range is based on energy class B windows, which differ in price due to the opening
mechanism and frame material. The data used for the calculation of the standard deviation,
mean value, and resulting PDF were acquired from the renovation cost analysis presented
in [29]. Table 3 summarizes the variated parameters, their respective distribution types,
sources, and limit values.
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Table 3. Summary of variation parameters applied in Monte Carlo method.

Category Parameter Unit Probability Density Function Source

Operation Electricity—DH and gas EUR/MWh Normal µ = 157; σ = 4.39 DEA [37,39]
Electricity—HP EUR/MWh Normal µ = 93.5; σ = 5.35 DEA [37,39]

gas EUR/m3 Normal µ = 0.6; σ = 0.04 DEA [37,39]

Implementation Attic insulations EUR/m2 Uniform 104–156 Assumed
Roof-mounted PV EUR/system Uniform 49.5–134.2 K TDC [35]

New windows EUR/m2 Normal µ = 147.1; σ = 50 Assumed

Lifespan Heat pump year Uniform 15–25 TDC [34]
Amount Attic insulation m2 Uniform 1400–2400 Assumed

3.2.2. Sensitivity Analysis

This section presents the results for all the models variated with the Monte Carlo (MC)
method. To begin with, the results for the three models representing different fixed levels
of DH unit costs are analyzed by histograms and calculated via cumulative distribution
functions. Afterwards, the results concerning the parameter sensitivity and model linearity
are presented.

The effect of the distinct, fixed unit costs of DH on the NPV output is shown in Figure 8.
As can be observed, the spread and range of the variance of the results seem to be identical
for the three cases. The magnitude of the output value differs due to the distinct unit cost
of DH applied in each case (low = 34, medium = 68, and high = 108 EUR/MWh). The
distribution, spread, and variance magnitude are identical. This was confirmed because the
resulting standard deviation of each of the three distributions is equal (σ = 117,220 EUR).
The mean value of the results for the low, medium, and the high price of the DH unit cost
is −1.54, −1.93, and −2.31 million euros, respectively. This suggests that the DH unit cost
also influences the result linearly. This can be stated due to (1) the equal variance of the
three distributions and (2) the identical regression coefficients and R2 values obtained from
the regression analysis, presented in Appendix A.
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Table 4 provides a summary of the multivariate regression results for each model. The
first four parameters (the unit cost of electricity, attic insulation and PV, and the amount
of attic insulation) are common for all models. All four are variated in every model. In
contrast, parameters 5, 6, and 7 are specific for the DH, gas, and HP models. The complete
regression results for each model variation is available in Appendix A.
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Table 4. Summary of linear regression results for the three investigated space- and DHW
heating systems.

Nr. Variable Sensitivity
Standardised
Regression

Coefficient (SRC)
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All sensitivity indexes in Table 4, except the lifetime of the HP, are negative. This
means that an increase in a variated value would result in a decrease in the output. Since
the calculations consider only expenses (disregard positive cash flow/income), the NPV
output is negative; therefore, decreasing the output asserts a more costly solution. The
results of the DH and gas models suggest a close to equal importance for the four common
parameters. The unit cost of electricity is the parameter with the most negligible influence
on the output. For gas and DH, it is noticeably less impactful than the remaining variated
inputs. The unit cost for attic insulation and the implementation of a PV system is the next
most influential parameter, where minor differences can be noted for gas and DH. In the
case of DH, the unit cost for the implementation of a PV system is more influential than
the unit cost of attic insulation and vice versa for gas. The model-specific parameters in
the DH and gas scenarios (unit cost for new windows and gas, respectively) are the most
influential in the respective cases.

The HP scenario presents a couple of differences, compared to the results for DH and
gas. The first difference is the positive sign of the regression coefficient of the HP’s lifetime.
This is expected, as a high value of the parameter (longer lifetime) results in an increased
NPV. In this case, increasing the heat pump’s lifetime by 1 σ (3 years) would change the
output by a 0.57 standard deviation in the positive direction. The second difference in the
HP results is the difference in the relative importance of the five variated parameters.

Contrary to the results for DH and gas, the derived coefficients for the HP have smaller
relative differences, entailing an evenly distributed degree of importance of each one. While
the least influential parameter is still the electricity unit cost (SCR = −0.303, Table 4), its
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importance is much greater compared to the scenarios of gas and DH. This is an interesting
observation, as the electricity cost in the HP model is lower than the DH and gas models
(see Figure 7); however, the increased electrical consumption compensates for the price
difference and increases the importance of the parameter. The order for the second, third,
and fourth parameters in the HP scenario follows the amount of attic insulation, the unit
cost of attic insulation, and PV implementation.

3.3. Global Cost Robustness of the Baseline

The secondary objective of this study is to test the robustness of the identified cost-
effective package in [28], applied as a baseline for the sensitivity analyses studies in this
paper. The robustness analyses are carried out by comparing the resulting variations of the
NPV from the MC method to the NPV of renovation packages obtained in [28].

The comparison for the three energy supply systems is shown in Figure 9, where the
grey markers depict packages from [28], while the marker types categorize the packages by
their achieved energy savings. Packages 1–6 achieve approximately 20% energy savings,
Packages 7 and 8 obtain 40%, and 9 and 10 reach 60% energy savings compared to the pre-
renovated energy demand of the case study building. The variations attained by the MC
method for the baseline (Package 7) are visualized by the box plots in Figure 9. The mid-line
in the box plot marks the median of the output data, while “x” depicts the mean. The box
bounds the first and third quartile (interquartile range, meaning 50% of the observations),
whereas the whiskers bound the minimum and maximum data values excluding extremes.

A key observation in Figure 9 is a discrepancy in the NPV values of Package 7 from [28]
(marked with a black cross) and the baseline values for the studied systems (marked with
a horizontal line), even though both models are identical. This is caused by the updated
discount rates (DR) from 2018 to 2021. As stated in Section 2, the updated DR are 0.5%
points lower than the previously applied values from 2018. As expected and stated in [32],
a lower discount factor would result in lower global cost (in this case, the NPV), which is
consistent with the results in Figure 9. This leads to the conclusion that the NPV of the
different solutions is highly dependent on the DR, which is ultimately a policy decision.

In all three cases, the difference due to the updated DR values is larger than the obtained
spread from the variated parameters. In the case of the HP, the change in the DR has a significant
effect on the result (1.5 MM EUR), while for DH (0.7 MM EUR) and gas (0.18 MM EUR) the
difference is still considerable, although to a smaller extent compared to the HP. This shows
that the DR significantly influence which technology will be singled out as cost-optimal. For
example, with the DR applied in the analysis in [28] (marked in grey in Figure 9), the HP is not
competitive with DH or gas. In contrast, the HP is comparable to the other technologies with
the updated DR types; in fact, the HP is the solution with the lowest NPV.

Suppose the difference stemming from updated DR is corrected, so that the NPV of
Package 7 and that of the baseline for the represented variations are equal. Nearly all the
package solutions with lower energy reduction targets (Package 1–6) fall in the range of box
plot whiskers for all three systems. This is logical, as the NPV of most of these packages is
within ±5–10% of that of the baseline. Comparing the box plots’ interquartile ranges, the
number of packages falling within range is reduced to four for DH and gas and two for
HP. This indicates that the selection of packages with similar NPVs should be taken with
caution as variation in the input may cause the rearrangement of the packages.

On the contrary, the NPV of the packages with similar or higher energy-saving targets than
the baseline (Packages 8–10) falls outside the respective box plot’s ranges. The higher energy
savings in Packages 8–10 are achieved by additional or more expensive renovation actions than
the baseline. For DH and gas, the NPV of Packages 8–10 is at least 30% costlier than the baseline,
whereas the NPV for the same packages combined with the HP is in the range of 20–30%. This
indicates that the cost comparison between solutions with a significant difference in NPVs can
be taken with certainty, assuming that the LCC approach for all solutions has been consistent.
On the other hand, solutions with similar NPV results are not as certain, and thus decision
making in such situations should be approached with caution.
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Overall, the results show that the global LCC is significantly sensitive to DR, whose
implementation is ultimately a policy decision. The difference between the results is
greatest for the HP and smallest in the case of gas. This is also consistent with the intentions
set out in [32]. Moreover, the greater difference for the HP is also compatible with the
findings presented in [24], which also suggest, a greater effect of the reduced discount
factors for solutions with greater energy savings.

4. Discussion

The analysis presented in this study focuses on economic aspects related to the con-
struction of renovation scenarios, namely, LCC analysis and sensitivity by the OAT and
MC variation methods. However, the authors wish to highlight that the composition of the
renovation measures should at all times also account for the indoor climate criteria as well
as the comfort and safety of the occupants.

The approach used in this paper provides findings that shed light on the importance
of different parameters in an LCC calculation, their interaction, and rank of importance.
The findings are, however, limited to the scope of the analysis. In this paper, the analysis
considers the perspective of a multi-family building owner, disregarding income. For such
cases, the income in the LCC calculations can originate from rent, rent increases, selling
electricity to the grid, savings of purchased energy from the grid, etc. If one or more of
these profits are integrated into an LCC analysis, the results for the influence and relative
share of importance for each parameter could change significantly.

The applied combination of local (OAT) and global (MC) methods seemed appropri-
ate, as the OAT approaches are good estimators of sensitivity for linear or nearly linear
mathematical models. The linearity of the investigated baseline model (and its variations)
was confirmed by the very high R2 values of the multivariate linear regression. It should
be noted that the linearity of this (these) model(s) is (are) expected as boundary conditions,
and the model inputs are investigated separately. Models where the variation of boundary
conditions and inputs are variated simultaneously may prove to be non-linear.

The MC and quasi-random sampling approach is selected due to the ability of covering
the solution space comprehensively. This, however, is true when the sample number is
sufficient to represent the combinations of variated parameters. A “sufficient” number
of samples is typically determined based on the number of variated parameters and
investigated variations. The MC simulations at hand are limited to five variation parameters
and 5000 samples for each investigated energy system. While this is a relatively low number
of samples for a MC simulation, even the coverage of the solution space is assured by the
use of Sobol quasi-random sample selection [16]. Moreover, given that the calculation
models proved to be linear, a relatively small number of samples may even be sufficient
to provide coverage of the solution space. To determine whether the 5000 samples are
an adequate number of simulations for the investigated models, the DH baselines were
simulated with a different number of samples. The spread in the results is compared in
Figure 10 by a histogram depicting the standardized frequency to the sample number. The
figure shows that despite the different number of samples, the spread of the results is
nearly equal in all cases. Considering the linearity of the model, this result was anticipated.
A slight difference is evident for the cases with 100 and 500 input samples, where the
distribution differs slightly, but the results’ range is still similar to all the other cases.

A growing body of the literature has explored the sensitivity of financial assumptions
in LCC calculations, specifically DR and energy price developments [5,20–22,24]. Despite
the variety in the applied methods for assessing the sensitivity and scope (the entities
considered in the calculation) of the referenced papers, there is a consensus that financial
assumptions significantly impact the LCC output. This corresponds well with the findings
of this paper, considering the comparability between the OAT-based sensitivity indexes
for the boundary conditions and those of the most influencing energy efficiency measures.
Even though the interactions of the financial and building-related inputs and their effects
on the output are not investigated in this paper, there is a need for further exploration on
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the matter. This is evident, as the results in [24] showed that financial input parameters
alone have interactive effects on the LCC output, representing cost-optimal renovation
cases. To the authors’ best knowledge, only one study focuses on the sensitivity of both
financial and building-related inputs [27]. The study applies MC- and Sobol-sampling
methodologies based on sensitivity and uncertainty analysis for the evaluation of economic
performance for a range of energy efficiency levels. The findings in [27] regarding the
investment cost and a lifetime of the most expensive solution being the most influential for
the output are compatible with the results of this paper’s HP scenario.
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5. Conclusions

• This study examined the relationship between the input and output of LCC calcula-
tions for a pre-selected renovation case of a residential building in Denmark.

• The study sheds light on the currently available data and sources for the inputs
required for LCC calculations, focused on renovation expenditures.

• The applied approach consists of one-at-a-time (OAT) and Monte Carlo (MC) methods
for the variation of the inputs. A simple first-order sensitivity index was calculated
for all the model inputs variated with the OAT method to compare the sensitivity of
the parameters and select the most influential ones for further variation with the MC
method. The investigation of the interactive effects of the variated parameters on the
output was quantified using linear regression and the analysis of the standardized
regression coefficients for the selected parameters.

• Performing OAT variation on the boundary conditions and building-related inputs
enabled the comparison of the individual effects of the three boundary conditions: the
discount rate (DR) type, price development (PD), and calculation period. Based on the
results, it can be concluded that the DR type and PD for electricity and district heat
have approximately the same effect. At the same time, the variation in the calculation
period showed greater sensitivity indexes for the studied scenarios. However, these
results should be taken with caution, as they represent the individual effect of each
input on the output and not the interactive effects of all inputs.

• The OAT method’s results implied a linear relationship between the input and outputs,
which was verified by the high R2 values resulting from a regression analysis of the MC
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results for all studied models. Furthermore, the applied regression method (Sensitivity-
Ranked Regression Coefficients) ranked each of the five variated parameters with
respect to the output’s sensitivity to each one.

• The financial parameters and calculation period in Denmark can be considered deter-
ministic, as their values are determined by legislation.

• Given that specific values are determined concerning the investigated building type,
the variation applied in this paper is aimed at quantifying the expected variance when
a different set of boundary condition assumptions is used in the selected baseline.
The applied OAT approach to building-related model inputs showed that energy
demand-related inputs are the most influential.

• The global sensitivity analysis shows that the calculation models with District Heating
(DH) and gas reveal that the most influential inputs are about twice as sensitive as the
next most influential ones. In those cases, the relative importance of the parameters
of DH and gas is nearly equal, with a slight variation between the ranking in the two
cases. On the contrary, for a scenario with a Heat Pump (HP), the lifetime of the HP is
determined as the most sensitive. Moreover, the relative difference in the regression
coefficient values (importance) for the different parameters in the HP case is much
smaller than the DH and gas cases.

• This study adds to the understanding of the relationship between the inputs and
output for LCC calculations, considering a cost-effective renovation package combined
with three energy supply systems for heating and DHW production.
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Nomenclature

NZEB Nearly Zero Energy Building
EU European Union
LCC Life Cycle Cost
OAT One-at-a-time
MC Monte Carlo
HP Heat Pump
DHW Domestic Hot Water
DH District Heating
PV Photovoltaic
GC Global Cost
NPV Net Present Value
DR Discount Rate
PD Price Development
TDC Technology Data Catalogue
DEA Danish Energy Agency
IR Interest Rate
SA Sensitivity Analysis
SRRC Standardized Rank Regression Coefficient
SI Sensitivity Index
PDF Probability Density Function
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CDF Cumulative Distribution Function
CO Cost type
∆yi Difference between the output values obtained from the minimum

and maximum variated input value of parameter i
bi Regression coefficient
σ Standard deviation
µ Mean
COINIT Initial cost
COa Annual cost
COCO2 Emission cost
COfin(TSL) Disposal cost
VALe5 Residual value
D_f Discount factor
tTC Calculation period.
RAT (i) price evolution of parameter i-
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Figure A1. Left: histogram representation of resulting NPV for low district heating unit cost. Right:
resulting share of regression coefficients and R2 value of the linear approximation.

Table A1. Regression parameters for calculation model with District Heating. Regressions for all
three cost levels of DH are identical.

Parameter xi
New

Windows
Attic

Insulation
Roof-Mounted

PV
Attic

Insulation Electricity ε

Attribute unit price Amount Unit price Unit price Unit price

Coefficients −0.82258 −0.393233267 −0.27311281 −0.29911744 −0.04455671 −4.15 × 10−16

Standard error values of
coefficients 0.000643 0.000642742 0.000642742 0.000642742 0.000642742 0.000642741

R2 0.997937 0.045448669 #N/A #N/A #N/A #N/A
Regression—sum of

squares 483,126.4 4994 #N/A #N/A #N/A #N/A

Residual sum of squares 4989.684 10.31551425 #N/A #N/A #N/A #N/A
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Table A2. Regression parameters for calculation model with gas.

Parameter xi Gas Attic
Insulation

Roof-Mounted
PV

Attic
Insulation Electricity ε

Attribute unit price Amount Unit price Unit price Unit price

Coefficients −1.2292 −0.587637 −0.408132 −0.44699 −0.06658 5.561
Standard error values of

coefficients 0.00096 0.000960 0.000960 0.000960 0.000960 0.00096

R2 0.997937 0.067917 #N/A #N/A #N/A #N/A
Regression—sum of

squares 483,126.4 4994 #N/A #N/A #N/A #N/A

Residual sum of squares 11142.74 23.0361 #N/A #N/A #N/A #N/A

Appl. Sci. 2022, 12, x FOR PEER REVIEW 26 of 28 
 

Parameter xi Gas Attic Insulation  Roof-Mounted PV  Attic Insulation  Electricity ε 

Attribute unit price Amount Unit price Unit price Unit price  

Coefficients −1.2292 −0.587637 −0.408132 −0.44699 −0.06658 5.561 

Standard error values of coeffi-

cients  
0.00096 0.000960 0.000960 0.000960 0.000960 0.00096 

R2 0.997937 0.067917 #N/A #N/A #N/A #N/A 

Regression—sum of squares 483,126.4 4994 #N/A #N/A #N/A #N/A 

Residual sum of squares 11142.74 23.0361 #N/A #N/A #N/A #N/A 

 

Figure A3. Left: histogram representation of resulting NPV for heat pump. Right: resulting share of 

regression coefficients and R2 value of the linear approximation. 

Table A3. Regression parameters for calculation model with heat pump. 

Parameter xi Heat Pump 
Attic 

Insulation  

Roof-Mounted 

PV 

Attic  

Insulation  
Electricity ε 

Attribute Lifetime Amount Unit price Unit price Unit price  

Coefficients 0.57032 −0.525506908 −0.365908376 −0.39981676 −0.30338984 −1.12 × 10−14 

Standard error values of coefficients  0.001635 0.001634858 0.001634856 0.001634856 0.001634857 0.00163 

R2 0.986652 0.115601688 #N/A #N/A #N/A #N/A 

Regression—sum of squares 73,830.49 4994 #N/A #N/A #N/A #N/A 

Residual sum of squares 4933.261 66.73856858 #N/A #N/A #N/A #N/A 

References 

1. European Commission. Directive (EU) 2018/2002 of the European Parliament and of the Council of 11 December 2018 Amending 

Directive 2012/27/EU on energy efficiency. Off. J. Eur. Union 2018, 328, 210–230. 

2. European Union. Directive (EU) 2018/844 of the European Parliament and of the Council of 30 May 2018 amending Directive 

2010/31/EU on the energy performance of buildings and Directive 2012/27/EU on energy efficiency. Off. J. Eur. Union 2018, 156, 

75–91. 

3. Bolig og Planstyrrelsen. Available online: https://baeredygtighedsklasse.dk/ (accessed on 10 September 2022). 

4. Ministry of the Interior and Housing. Available online: https://im.dk/Media/637602217765946554/National_Strategy_for_Sus-

tainable_Construktion.pdf (accessed on 10 September 2022). 

5. Ferreira, M.; Almeida, M.; Rodrigues, A. Cost-optimal energy efficiency levels are the first step in achieving cost-effective ren-

ovation in residential buildings with a nearly-zero energy target. Energy Build. 2016, 133, 724–737. 

https://doi.org/10.1016/j.enbuild.2016.10.017. 

6. Congedo, P.M.; D’Agostino, D.; Baglivo, C.; Tornese, G.; Zacà, I. Efficient Solutions and Cost-Optimal Analysis for Existing 

School Buildings. Energies 2016, 9, 851, https://doi.org/10.3390/en9100851. 

Figure A3. Left: histogram representation of resulting NPV for heat pump. Right: resulting share of
regression coefficients and R2 value of the linear approximation.



Appl. Sci. 2022, 12, 9817 26 of 27

Table A3. Regression parameters for calculation model with heat pump.

Parameter xi
Heat

Pump
Attic

Insulation
Roof-Mounted

PV
Attic

Insulation Electricity ε

Attribute Lifetime Amount Unit price Unit price Unit price

Coefficients 0.57032 −0.525506908 −0.365908376 −0.39981676 −0.30338984 −1.12 × 10−14

Standard error values of
coefficients 0.001635 0.001634858 0.001634856 0.001634856 0.001634857 0.00163

R2 0.986652 0.115601688 #N/A #N/A #N/A #N/A
Regression—sum of squares 73,830.49 4994 #N/A #N/A #N/A #N/A

Residual sum of squares 4933.261 66.73856858 #N/A #N/A #N/A #N/A
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