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According to the European Energy Performance of Buildings Directive (EPBD-2010/31/EU), all EU-Member states are
obliged to continuously apply analysis on cost-optimal levels of minimum energy performance requirements towards
nearly/net zero energy buildings. To perform such techno-economic analysis, a large number of technical/financial assump-
tions should be covered and possibly billions of design/operation options should be explored. This is computationally
expensive. This study introduces a novel multi-aid optimization scheme (MAOS) for supporting robust cost-optimal
decisions on energy-performance levels of buildings. The scheme’s feature is reduction of the computational cost by
avoiding time-consuming simulations through the use of post-processing and/or simplified models (when possible), while
holistic optimization is adopted for considering multivariate interactions between possible design/operation options and
financial/technical assumptions. The effectiveness of MAOS is demonstrated by optimizing a single-family house under
108-financial scenarios, where more than 1.610 solutions would be possible. The results show significant ( ∼ 95%) time
reduction compared with those of the usual simulation-based optimization approach.

Keywords: cost-optimality; uncertainty; energy; buildings; integrated analysis; EPBD-recast 2010; holistic optimization

Nomenclature
c calculation period (year)
d decline rate of technology price (%)
dIC additional investment cost (e)
DPE delivered primary energy (kWh)
e escalation rate of energy price (%)
EPE exported primary energy (kWh)
EPLco cost-optimal energy-performance level

(kWh/m2)
f annual inflation rate (%)
FIT feed-in tariff (e/kWh)
i nominal interest rate (%)
inG input group (–)
ICco cost-optimal investment cost (e/m2)
IC investment cost (e)
IG investment grant (e)
ki economic scenario
LCCbep life-cycle cost of energy performance

(e/m2)
NEmax maximum number of evaluations (–)
PEF primary energy factor (–)
PVMC present values of annual maintenance cost

(e)
PVOC present values of operating costs (e)

*Corresponding author. Email: m.h.hassan.mohamed@tue.nl

PVMG present value of money gained (e)
PVRC present values of replacement cost (e)
PVRI present values of residual investments (e)
Q energy (kWh)
xi decision variable (unit according to

variable)

1. Introduction
The long-term economic uncertainty in life-cycle cost
(LCC) analyses for buildings is mainly associated with
financial/technical assumptions, such as energy price,
energy price development, energy demands, performance
of systems, technology price, life spans of technologies,
decline rate of technology price, interest rate, inflation
rate, calculation period, as well as net zero energy build-
ing’s (NZEB’s) incentives such as feed-in-tariff (FIT) and
investment grants (IGs). The fact that the same build-
ing retrofit option has both a positive and negative net
present value (NPV) under different energy price trajec-
tories indicated the significant impact of energy price
developments on the profitability of investment decisions
(Kumbaroğlu and Madlener 2012). In a German context,
the study showed that waiting (renovating the building

© 2015 International Building Performance Simulation Association (IBPSA)
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2 M. Hamdy and K. Sirén

later) is a more profitable option for renovation in the
case of highly volatile prices. In Finland, changing the
heat recovery system to a more efficient (and a more
expensive) type seemed to be feasible only when the esca-
lation of the electric energy price is as high as 5% or
the real interest rate is as low as 2.94% (Hasan, Vuolle,
and Sirén 2008). In Greece, it is shown that increas-
ing the energy price enhances the economic feasibility of
energy-saving renovation measures (e.g. replacing the old
window with new double-glazed ones) in urban buildings
(Papadopoulos, Theodosiou, and Karatzas 2002). A study
of a typical multi-family building and a comparison of
the three most commonly used heating systems (a cen-
tral oil-fired boiler, a unitary gas-fired boiler and air–to–air
heat pumps) (Papadopoulos, Oxizidis, and Papandritsas
2008) showed that natural gas and autonomous systems
are by far the cheapest and cleanest solutions available
in the Greek market. However, electrically driven heat
pumps can, under specific circumstances (e.g. lower elec-
trical energy price and/or higher availability to utilize free
heating), be the optimum solution as far as the heating of
Greek buildings is concerned, since even now they are in
some cases comparable to other fuels in respect of their
running costs. In a Belgian context (Georges et al. 2012),
it has been concluded that passive housing can become a
global optimum if severe assumptions are considered: a
longer lifespan of architectonic measures combined with
a low discount rate or a high increase in energy prices. In
an Estonian context, sensitivity analyses (Kurnitski et al.
2011) have shown that assuming a high escalation rate
for the energy price encourages investment in environ-
mentally friendly system like ground source heat pump
(GSHP). The GSHP system is also chosen as the cost-
optimal option for heating a single-family dwelling and
mixed-use building in Finland (Hamdy, Hasan, and Sirén
2013) and Denmark (Marszal et al. 2012), respectively,

where the governments offer low electrical energy prices.
When the electricity price is very low, a direct electrical
heating system became the cost–optimal solution of 16
heating systems at very low space heating needs, while it
still presented poor environmental performance (Georges
et al. 2012). A recent sensitivity analysis (Marszal et al.
2012) addressed three energy price scenarios, two photo-
voltaic (PV) price scenarios, and real interest rate of 2–9%
for a cost-optimal NZEB in Denmark. The study showed
that the off-site energy supply options are more sensitive
than on-site renewable energy sources (RES) for fluctua-
tions of energy prices. The impact of financial incentives
(e.g. IG) on the optimal decision towards NZEB has been
investigated from social (Moula et al. 2013) and eco-
nomic (Bucking, Athienitis, and Zmeureanu 2013) point
of views.

In spite of the large number of cost-optimality inves-
tigations in the building field, the question of how much
the cost-optimal technology mix and energy-performance
level are sensitive to technical/financial assumptions is
still not been comprehensively answered due to the lack
of large-scale investigation tools (Lapinskiene and Mar-
tinaitis 2013). The literature shows small-scale investiga-
tions (i.e. small design/operation solution spaces and/or
small number of economic scenarios are addressed), which
are insufficient for drawing comprehensive conclusions
supporting robust decisions. The impact of one financial
assumption on the cost-optimal decision depends not only
on the other technical/financial assumptions but also on
the size of the solution space (possible design/operation
options). For instance, the impact of the FIT on the prof-
itability of the nearly zero energy building (nZEB)/NZEB
would not be seen if a low energy price is assumed
or if there is no significant surplus energy for export-
ing to the grid. The latter would be the case if a small
solution-space is assumed (i.e. small sizes of PV and/or

Figure 1. Example of financial, energy, and environmental gaps between current and cost-optimal requirements and nZEB levels. The
figure is modified from the original one in Nolte et al. (2013).
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Journal of Building Performance Simulation 3

low-efficient/energy-consuming lighting and appliances
were the only available options in the solution space).

The current work aims at applying large-scale inves-
tigations for supporting robust cost-optimal decisions
towards nearly/NZEBs. In order to reduce the time and
effort required for such large-scale investigations, a novel
multi-aid optimization scheme (MAOS) is introduced. The
scheme is designed particularly for applying fast and
detailed cost-optimality analyses considering multivariate
interactions between possibly billions of design/operation
options as well as financial/technical assumptions. The cur-
rent work extends the scope of the literature by investigat-
ing a large-scale problem involving 108 possible economic
scenarios (possible combinations of financial assumptions)
as well as more than 10 billion design/operation options
ranging from Finnish-building-code-consistent solutions
(D3 2010) to a surplus energy building. This work is made
in consistent with the European Energy Performance of
Buildings Directive (EPBD recast 2010), which obliges all
EU-Member states to continuously (at least every 5 years)
investigate the cost-optimal level of minimum energy per-
formance requirements towards nZEB, as illustrated in
Figure 1.

Developing a tool for large-scale investigations of cost-
optimal energy performance is the scope of the current
work. The investigation’s challenges are highlighted in
Section 2. The novel MAOS is introduced in Section 3.
The methodology is presented in Section 4 followed by a
demonstration case study in Section 5. The results are dis-
cussed in Section 6 and the conclusions are presented in
Section 7.

2. Challenges in building simulation and
optimization

2.1. Complexity of the assessment and barriers to
simulation

The complexity of assessing solutions towards nZEB/
NZEB has increased dramatically. Responding to inter-
national calls for high energy performance buildings,
recent years have seen a significant growth in energy-
efficiency and renewable-energy-supply technologies. A
detailed look at all possible technology combinations indi-
cates that there would be a huge number (possibly millions)
of technology mixes. The large number of technologies
is not necessarily implemented in commercial building
design tools (Athienitis et al. 2010; Loonen et al. 2013).
New requirements that were not yet recognized when
the development of current building simulation programs
began include ‘model-based design of integrated building
systems by design firms and of products by equipment and
controls providers to optimize energy-efficiency and peak
load, and to reduce time-to-market for components, sys-
tems and advanced control systems’ (Wetter, van Treeck,
and Hensen 2013). Dynamic tools such as TRNSYS and

EnergyPlus might be able to capture the salient physi-
cal interactions between energy supply systems and the
built environment, but it is computationally expensive and
technically complex to use them for implementing nearly
or net ZEB full models that combine passive and active
design strategies. Although it is common knowledge that
the impact of design decisions is greatest in earlier design
stages, building performance simulation is rarely used to
support early design stage tasks such as concept genera-
tion and evaluation (Wilde and Voorden 2004; Hopfe 2009;
Attia et al. 2011). Instead, multiple tools have been used to
encapsulate the interactions between the different building
and energy system components and obtain the necessary
feedback to complete the design (Rysanek and Choudhary
2012).

According to the literature, the presented encapsulat-
ing concept has not been implemented automatically, while
holistic optimization is adopted for considering multivari-
ate interactions between possible design/operation options
and/or financial/technical assumptions, in any of the build-
ing optimization tools [such as GENE_ARCH (Caldas
2006), (Christensen et al. 2006; DEopt 2015), Opt-E-Plus
(Long 2010), jEPlus + EA (jEPlus + EA 2011), Design-
Builder optimization (Zhang et al. 2013), and MultiOpt2
(Chantrelle et al. 2011)], which support decision-making
in early design stages. For instance, while BEopt (Chris-
tensen et al. 2005) adopts the encapsulating concept by
using two simulation engines: DOE2 (York and Cappiello
1981) for calculating the heating, cooling, lighting, and
appliances energy use; and TRNSYS (Klein et al. 1996)
for calculating the domestic hot water (DHW) energy
savings by solar thermal collectors as well as for cal-
culating the annual electrical energy production from a
grid-tied PV system (Christensen et al. 2005), it does
allow holistic optimization. The optimization approach
adopted by BEopt firstly searches all energy-saving options
(wall type, ceiling type, window glass type, heating, ven-
tilation and air-conditioning (HVAC) type, etc.) for the
most cost-effective building design and then holds the
building design constant and increases the PV capacity
to reach ZNE (Christensen, Barker, and Horowitz 2004).
Decomposing holistic, blackbox building energy models
into discrete components can increase the computational
efficiency of large-scale building analysis (Rysanek and
Choudhary 2012). However, it could lead to less accu-
rate results. Otherwise, it is technically difficult to perform
automatically time-efficient simultaneous optimization of
the building-envelope, HVAC and RES, where many
simulation/calculation engines are employed for evalu-
ating the integrated building and systems performance.
Design/operation parameters have different levels of inter-
actions (O’Brien et al. 2011). In order to accelerate the
optimization process without leading to unacceptable accu-
racy level, the optimizer should decide correctly about
the simulation resolutions (i.e. computationally expensive
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4 M. Hamdy and K. Sirén

high-resolution simulations can wisely be replaced by sim-
plified time-efficient ones, while holistic optimization is
adopted for considering multivariate interactions between
possible options).

In this paper, we introduce a novel MAOS that is
able to implement the encapsulating concept through a
holistic optimization process providing fast and detailed
analysis on the cost-optimality of nearly and/or net ZEBs
complying with the new recast of the EPBD.

2.2. Combining simulation and optimization
In order to find a cost-optimal solution for a building, the
designer usually runs simulations for a few experience-
based combinations for the values of the design variables,
including the building envelope, the HVAC system, and the
technologies for on-site energy generation. This conven-
tional engineering procedure is inefficient in terms of time
and labour, particularly if an increasing number of decision
variables (e.g. energy-saving and renewable technologies)
are considered as part of the solution space. Besides,
the relation between the simulation variables and system
performance may not be simply understood, especially
when there are many parameters to be studied and given
the nonlinearity of the problem. Therefore, finding optimal
solutions by means of this methodology is doubtful. To
overcome such difficulties, automated-simulation-based
optimization search techniques can be applied (as reviewed
in Hamdy 2012; Evins 2013; Machairas, Tsangrassoulis,
and Axarli 2014; Nguyen, Reiter, and Rigo 2014).

Figure 2 shows the usual computational structure
applied to simulation-based optimization in building per-
formance studies. In this approach, the optimization pro-
gram calls for the full system and building simulation to
be run for each new design variable combination. This
simulation-based optimization approach is clearly better

than the conventional engineering method (e.g. trial-and-
error evaluation). However, finding optimal solutions for a
large case can be very time-consuming if dynamic interac-
tions between the building and the energy systems are con-
sidered using high-resolution simulations. Furthermore,
the optimum can be missed to some extent if a stochas-
tic optimization algorithm is employed and only a limited
number of evaluations are available. Given the stochas-
tic nature of the evolutionary optimization algorithms (e.g.
genetic algorithm (GA)), they cannot guarantee the same
result each time they run (Hamdy, Palonen, and Hasan
2012). Highly repeatable optimums should be guaranteed
in order to quantify the sensitivity of the optimal solution
for each input parameter (technical/financial assumption)
and/or for assessing the uncertainty in the optimal solu-
tions. In order to guarantee sufficient accuracy, a large
number (possibly hundreds) of simulations/evaluations are
required to be run, for each optimization assumes differ-
ent technical/financial scenario. Even powerful and parallel
computing can speed up such optimizations. There is still
a need to avoid unnecessary detailed simulation, not only
to speed up the optimizations further but also to increase
the probability of success. Detailed modelling reduces the
probability of optimization success by increasing probabil-
ity of the simulation failing. The design and/or operation
options often contain candidate solutions which can cause
the simulation to fail particularly if detailed modelling is
used (Attia et al. 2013b), a scenario which degrades the
effectiveness of the simulation-based optimization search
(Tenne 2012).

In this study, we face the above articulated challenges
arising from the large-scale investigation of cost-optimal
and nearly/NZEBs. These challenges are overcome by
introducing a novel MAOS that manages different tools
(dynamic simulation engines, simplified models, and
optimization algorithms) for avoiding time-consuming

Figure 2. The usual structure of simulation-based optimization in building performance studies (Nguyen, Reiter, and Rigo 2014).
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Journal of Building Performance Simulation 5

Figure 3. Structure of MAOS.

simulations and unhelpful evaluations when possible (see
the following section). Where possible, simplified mod-
els based on the post-processing of pre-simulated results
are used instead of running computationally expensive
simulations so as to reduce the computational cost. A
hybrid double-check optimization scheme is used to avoid
unhelpful evaluations towards optimal solution, while a
close-to-optimal solution is guaranteed.

3. An MAOS
In order to speed up the analysis required to sup-
port robust cost-optimal decisions on energy performance
of buildings, an MAOS is introduced. MAOS can be
used to minimize the LCC of building energy perfor-
mance under a large number of scenarios without the
need for a large number of time-consuming simulations.
Unlike usual simulation-based optimization approaches
(Figure 2), MAOS has a feature of avoiding, where
possible, unnecessary time-consuming simulations, while
the holistic optimization approach takes into account

interactions between possibility billions design/operation
variables as well as financial assumptions. MAOS is
a multi-tool assessment-based double-check hybrid opti-
mization scheme designed particularly for applying fast
and detailed cost-optimality analyses. The MAOS scheme
is shown in Figure 3. It consists of two parts: a multi-tool
calculation engine and a double-check hybrid optimization
engine.

3.1. Multi-tool calculation engine
Multiple tools are employed by the calculation engine to
avoid detailed simulations where possible. The principle
of the concept is, in accordance with the need for a new
design-variable combination, to use local simulations of
uncoupled local systems separately when new information
is needed and/or use archived cases when old informa-
tion is sufficient, and finally to apply post-processing to
combine the energy flows from different parts through
superposition. The local systems are (Figure 4): (i) the
building + lighting + appliances + ventilation, (ii) auxil-
iary systems (fans + pumps), (iii) DHW system + solar
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6 M. Hamdy and K. Sirén

Figure 4. The multi-tool calculation engine. For a description of the decision variables X1 . . . X16, see Chapter 5. inG denotes input
group.

thermal, (iv) PV, (v) buffer tank, and (vi) primary heating
unit.

For instance, if the optimizer suggests a new com-
bination of design/operation variables that do not affect
the thermal performance of the building itself (e.g. addi-
tion PV area), time-consuming building simulations are
avoided by using pre-simulated results from the calculation
engine’s archive. Moreover, post-processing and simpli-
fied model-based manufacturing data are used to evaluate
the performance of the heating systems without a need
for high-resolution simulations. This novel concept is pre-
sented in Figure 3 by the question ‘is there a need for
detailed simulation?’ and illustrated in Figure 4 by an
example that shows the division of the decision variables
(X1, X2, . . . Xn) according to their influence on the whole
integrated design and their requirements for simulation (i.e.
it was found that ‘the BIPV and solar DHW systems can
be modelled independently from the house without intro-
ducing significant error while the systems that reduce pur-
chased heating and/or cooling should be modelled with the
house’ (O’Brien et al. 2011)). In our study, a well-insulated
roof is assumed that makes it reasonable to simulate the
roof-mounted active solar systems independently from the
house, as illustrated below.

Figure 4 illustrates the implementation of the intro-
duced multi-tool calculation engine (the core of MAOS).

Multiple tools (dynamic software such as IDA-ICE
(Kalamees 2004; EQUA Simulation AB 2013) and IDA-
ESBO (EQUA 2013)) as well as simplified models based
on manufacturing data and/or steady state heat balance
modelling are used to calculate the delivered and exported
energies related to the integrated building and system
design. High-resolution simulations for the whole inte-
grated building and system design are not used because
of their complexity and time expense. However, high-
resolution dynamic simulations by IDA-ICE and IDA-
ESBO are used to assess the performance of new options
for the building envelope/lighting/heat recovery and PV as
well as solar thermal systems. The high-resolution simu-
lation results are kept in an archive to be used for post-
processing evaluations that consider the whole integrated
building and system design. The possibility of avoid-
ing high-resolution simulations and using post-processing
instead is managed by MAOS by asking ‘is there a need
for detailed simulation’, as shown in Figure 3. The answer
to this question is given to the engine by identifying the
particular design variable combinations that require high-
resolution simulation using detailed dynamic simulations.
In this study, the answers (the grouping or decoupling
decisions) are proposed based on the authors’ experiences.
However, when there is a lack of experience or when the
studied case is complex, the grouping/decoupling decisions
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can be done even automatically by quantifying the level of
interaction between the design parameters as demonstrated
in O’Brien et al. (2011).

In this subsection, we demonstrate the concept of the
multi-tool calculation engine. As shown in Figure 4, the
engine divides the solution space according to groups of
inputs (InG1, InG2, . . . etc.) to execute only the required
simulation tools at each evaluation during the optimiza-
tion run. The first input group (InG 1) includes the design
parameters that have a direct influence on the thermal per-
formance of the building, for example, building envelope,
efficiency of appliances and lighting, and heat recovery
type (X1, X2, and X3, respectively). Full building per-
formance simulations are only run in cases where there
are corresponding changes in those variables. Simplified
models (e.g. auxiliary systems-model) are executed instead
of full simulation to evaluate the influence of improv-
ing the efficiency of auxiliary systems such as fans and
pumps (X4). The model relies on pre-simulated results
from detailed simulations carried out by IDA-ICE 4.6
(mair, RAT, mwater). Using the auxiliary systems model
avoids running many time-consuming detailed simula-
tions. It is a simplified model with a very short execution
time (less than 0.01 s) that is ready to run in cases where
pre-simulated results from IDA-ICE 4.6 simulations are
available in the MAOS archive.

Campos, Odriozola, and Sala (2011) studied the effect
that different hot water storage tank modelling approaches
(three different levels of stratification: actual-stratified,
ideal-stratified, and fully-mixed models) have on the global
simulation of residential power plants as well as their
impact on their economic feasibility. Their results showed
the global energy and exergy efficiencies of the plant for
the three modelling cases agree quite well with differences
less than 2% and 1%, respectively. However in terms of
cost, it is found that the stratification helps increase the
profitability of the plant (i.e. the actual-stratified model
showed 6% annual money savings higher than the fully-
mixed model). The impact of the stratification is expected
to be smaller in our case study at which smaller buffer
tank sizes are assumed with immersed electric heater and
temperature regulator for keeping the tank’s temperature
between 60°C and 90°C. In our study, the performance
of the buffer tank is simulated by using a simplified one-
node fully-mixed model. However, a detailed dynamic
modelling by IDA-ESBO is used for predicting the perfor-
mance of the DHW tank, which is connected with possible
solar thermal collectors (Figure 4).

Using a simplified one-node buffer tank model, full
simulations are also avoided in the event of changing the
tank capacity (X5), changing the tank insulation (X6), or
utilizing the surplus electricity generation as heat (Qsplus).
The tank model is developed to be used instead of detailed
simulation, by applying steady-state hourly heat balance
equations to calculate the water temperature inside the
tank while taking into account different sources of energy

supply and different means for energy saving. It is assumed
that the operational temperature of the tank ranges between
60°C and 90°C. If the size of the primary heating units is
not sufficient to achieve 60°C, auxiliary electrical heaters
work to keep the tank at this minimum temperature level.
The impacts of the return water temperature from the space
heating system and AHU on the performance of the heating
systems are considered in the calculations.

Local system simulation is applied to assess the poten-
tial of solar thermal (X7), for DHW energy saving. Solar
thermal is used mainly to reduce DHW demand. Depend-
ing on the temperature limits, the surplus solar heating—
generated in the DHW tank—can be transferred to the
buffer tank so as to be utilized for space heating. The elec-
tricity generated by PV is used mainly to cover lighting,
appliances, and plug load demands. However, the surplus
electricity is utilized to cover the heating demand before it
is offered for export to the grid. The surplus electricity can
be used for indirect heating through air source heat pump
(ASHP)/GSHP or direct heating via heating up the buffer
tank (Ele.forheating).

Local system simulation is used to evaluate the hourly
electrical production per one square meter of PV. There is
no need for detailed simulations if the PV-area or the PV
overall efficiency is changed. Scaling factors are used to
modify the hourly electricity production when area (X8) or
efficiency (X9) is changed. The PV-model calls for simula-
tion only when the slope or the azimuth angles of the PV
modules (X10 and X11) are changed. The micro combined
heat and power (μCHP) model is a simplified model using
manufacturer’s performance curves. All the electrical pro-
duction from PV and μCHP as well as the electrical use
of lighting, appliances, and indirect electrical heating are
fed into the electricity balance model to calculate the used
on-site and exported electricity as well as the electrical
matching indices. The primary heating unit is used when
the renewable energies are not able to cover the building
demands. In general, the MAOS calculation scheme fol-
lows the Trias Energetica principle to provide sustainable
energy utilization (Lysen 1996).

3.2. Double check hybrid optimization engine
In MAOS the multi-tool calculation engine is combined
with an optimization engine to complete the simulation-
based optimization loop. Derivative-free algorithms (GA
and pattern search (PS)) under a double-check hybrid
optimization scheme are used (Figure 3). Derivative-free
algorithms are known as the most suitable optimization
methods for solving nonlinear non-smooth building and
energy system design problem (Wetter and Wright 2004;
Attia et al. 2013a; Evins 2013).

Both the GA and PS do not require the gradient of the
problem to be optimized. Hence they can be used on func-
tions that are not continuous or differentiable. The GA and
the PS are employed under a hybrid scheme to minimize
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8 M. Hamdy and K. Sirén

the cost function using a holistic optimization approach
that considers the multivariate interactions between the
design/operation variables (X1, X2, . . . ,Xn). The GA is
implemented first for a small number of generations. To
get near an optimum point, a maximum of five generations
are possible without a significant reduction in the cost func-
tion where the population size is two times the number of
design variables. Then the solution from the GA is used
as an initial point to continue the optimization process by
the PS solver, which is faster and more efficient for a local
minimum search. The PS is halted by achieving one of the
following two stop criteria:

(1) |LCCbep(x̄i, k̄) − LCCbep(x̄i−1, k̄)| < 0.01; during a
minimization step,

(2) NEmax = 1000,

where LCCbep is the life-cycle cost of the building
energy performance, x̄ is the design variable vector, k̄ is
the economic scenario vector, and NEmax is the maximum
number of evaluations.

Usually a smaller number of evaluations is enough
to achieve a near optimal single solution. However,
NEmax = 1000 is used as a stop criterion to guarantee
high-quality results. Repeatable results are necessary to
investigate the impact of the financial parameters, as some
parameters can have a negligible impact on the results. In
the double-check hybrid optimization scheme, each opti-
mization case is run twice in parallel and the better result
is selected if the difference is small enough ( < 10%). If
the difference is larger than the acceptable limit, the opti-
mization scheme repeats the double check. This kind of
checking is required to achieve high-quality results for
each optimized case, as the GA could propose slightly dif-
ferent results as a result of its random operator (Hamdy,
Palonen, and Hasan 2012).

4. Cost-optimality calculation methodology
In order to perform an analysis on cost-optimal levels of
minimum energy performance requirements in line with
the European EPBD (EPBD 2010/31/EU), a large num-
ber of technical and financial assumptions should be made
and possibly billions of design/operation options, including
innovative energy-saving and renewable-energy technolo-
gies should be explored from energy efficiency and eco-
nomical point of views. The introduced MAOS has been
developed for such purposes. As the cost-optimality calcu-
lation methodology is a part of the optimization approach,
it is described briefly in the following.

For each possible economic scenario (possible com-
binations of financial assumptions such as calculation
period (c), nominal interest rate (i), inflation rate (f ),
escalation rate of energy price (e), decline rate of tech-
nology price (d), as well as NZEB’s incentives such as
FIT and IGs), MAOS explores all options of energy-saving

and renewable-energy technologies so as to find the cost-
optimal technology mix that leads to minimum global
cost/ minimum LCC. The primary energy associated with
this minimum life-cycle cost is defined as cost-optimal
energy-performance level (EPLco) as shown in Figure 1.

In other words, for each economic scenario, the EPLco
is determined by minimizing the LCC of the building
energy performance (LCCbep), while taking all initial and
operating costs related to the energy performance into
account. The costs that are related to building components
that have no influence on the energy performance of the
building are omitted.

The LCC of building energy performance LCCbep is
minimized as a function of the installed technology mix
(x̄) for a given financial scenario (k̄)

min{LCCbep(x̄, k̄)} x̄ = [x1, x2, . . . xn] and

k̄ = [k1, k2, . . . km], (1)

where x1, x2, . . . xn: n number of design variables of
the installed technology mix (x̄), k1, k2, . . . km: m num-
ber of financial parameters that constitute the economic
scenario (k̄).

From the household perspective, the LCCbep is defined
as a sum of investment costs (IC) as well as present values
of replacement and operating costs (PVRC and PVOC),
subtracted by the IG provided by the government or tech-
nology supplier as well as by the present value of resid-
ual investments (PVRI) and the present value of income
(PVMG) from exporting electricity to the grid. All the costs
are divided by the net heating area of the building (Abldg)
to calculate the specific LCCbep:

LCCbep = IC+ PVRC + PVOC − IG− PVRI − PVMG
Abldg

.

(2)
The cost-optimal energy-performance level is defined

as the net primary energy need associated with the mini-
mum LCC:

EPL = DPE − EPE
Abldg

, (3)

where DPE and EPE are the building delivered and
exported primary energy, respectively. All the energy
demands for space heating, DHW, lighting, and appliances,
as well as auxiliary systems such as pumps and fans are
taken into account. The delivered energies are calculated
by dividing the hourly energy demands by the hourly sys-
tem efficiencies and/or coefficient of performance while
considering the part-load operation. The delivered primary
energies are calculated by using non-renewable primary
energy factors:

DPE = PEFfuelQfuel + PEFDHQDH + PEFeleQele, (4)

where Qfuel, QDH, and Qele. are the yearly delivered fuel,
district heating (DH), and electricity energies, respectively,
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and PEFfuel = 1, PEFDH = 0.7, and PEFele = 1.7 are the
corresponding primary energy factors (D5 2012). The pri-
mary energy factor for the exported electricity is the same
as for the grid electricity.

5. Demonstration case study
5.1. The house and its HVAC systems
The studied house, Figure 5, is a single-family house
located in Helsinki, Finland, and has two floors with a net
floor area of 143 m2. Detailed analyses to determine appro-
priate modelling resolution for infiltration and windows
were performed for similar house but in Toronto, Canada
(O’Brien et al. 2011). The results of O’Brien et al.’s anal-
ysis suggested that predicted performance is particularly
sensitive to the way in which windows are modelled (i.e.
grouping them into a single area was shown to under-
predict energy use by as much as 15%). In order to achieve
high accurate simulation results, the current study divided
the studied house into 12 zones (living room, technical
room, kitchen, sauna, and toilet in the ground floor; four
bedrooms, a common area, and toilet in the upper floor;
as well as a staircase with opened doors between the
ground and upper floor). Operable windows are installed
in each zone for natural ventilative cooling when the out-
door temperature is lower than the summer threshold of
25°C and higher than the heating set-point temperature
of 21°C. Wind pressure coefficients are used from Jok-
isalo et al. (2009) to take into account the wind effect on
infiltration and the natural ventilation of the house. No
mechanical cooling is used. Internal shading control is
assumed to apply the shading when the schedule is ‘on’
and the incident light exceeds 100 W/m2 on the inside of
the glass. Beside the natural cooling and internal shading,
recess shading by the embrasure is implemented to mini-
mize the summer overheating risk. In addition, overhangs
are used for the south zones on the upper floor. Exhaust-air

Figure 5. The studied single-family house. The small windows
(red) are operable for free cooling to provide natural ventilation
in summer.

heat recovery is an essential feature in a cold climate. The
thermal performance of the house is evaluated by using
the IDA-ICE 4.6 energy simulation program. The dynamic
changes of lighting and appliance energy are considered
by using profiles based on the typical Finnish life style
(Shemeikka and Laitinen 2005).

5.2. Reference design
As a reference design, the house is assumed to be con-
nected to the DH grid with no on-site energy generation
systems. The reference house is assumed to have mini-
mum energy-performance requirements in accordance with
Finnish building regulations. The DH plus the minimum
energy-saving measures (ESMs) cost is about 21 ke. Any
cost higher than this value is considered to be additional
investment cost (dIC). The total primary energy use of the
reference design is 150 kWh/m2a that is a bit lower than
the standard level (170 kWh/m2a), which came into force
in the Finnish code (D3 2012).

5.3. Design and operation space
In order to find a cost-optimal energy-performance level
(EPLco) in line with the recast EBPD of 2010, a wide
solutions space is explored ranging from compliance with
the requirements of the national building code C3-2010 of
Finland to combinations that realize a NZEB design. The
decision variables are classified into three categories:

(1) ESMs: measures that reduce the energy demand
(from X1 to X5),

(2) RESs: technologies that use sustainable sources of
energy such as the Sun (from X6 to X10),

(3) Mechanical systems (SYSs): mechanical systems
that can be used if the demand cannot be satis-
fied through renewables (from X11 to X15). The
installation and maintenance costs of the energy
supply systems (solar thermal collector, PV, and
primary heating system) as well as their lifes-
pan and their related annual subscription/energy
delivering fees are based on the Finnish market
2013/2014.

Table 1 presents the decision variables that constitute
the solutions space: Eight packages of building envelope
(Benv 1, Benv 2, . . . Benv 8) ranging from the 2010 stan-
dard (Benv1) to passive house insulation level (Benv3);
standard and high efficient lighting and appliances; cross
flow and regenerative ventilation heat recovery units; four
sizes of storage tank; three levels of storage tank insulation;
eight sizes of solar thermal collectors; eleven sizes of PV
panels; two types of PV technology (thin film and mono-
cSi); three options for slope and four options for azimuth
angles of the PV modules. The options cover inclination
angles from 45° to 75° and orientations from south to west;
five types of primary heating systems (EleB: electrical
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10 M. Hamdy and K. Sirén

Table 1. Design and operation options of the building.

Decision variables X Possible options
No. possible

options Costs

ESMS Package of building envelope
(PBenv.)

X1 From PBenv. 1, standard building
envelope acc. to C3 (2010)
to PBenv.8, Passive house’s
building envelope acc. to RIL
249 (2009)

8 From EUR 8000a to EUR
17,000a

Efficiency of lighting and
appliances

X2 Standard (Incandescent light-
ing + appliance energy-class
A) or High efficient (mix of
fluorescent and Incandescent
lighting + energy-class
A + + )

2 According to Eartheasy
(2015), Lapillonne,
Pollier, and Samci
(2013) and Eartheasy
(2015)b

Type of heat recovery unit
(efficiency %)

X3 Cross-flow heat exchanger (60%)
Cross-flow heat exchanger
(70%) Regenerative heat
exchanger (80%)

3 EUR 1500, EUR 2000,
EUR 2500c

Efficiency of auxiliary
systems (fans and pumps)

X4 60% or 80% 2 EUR 800, EUR 1500,

Size of buffer tank X5 100, 300, 1000, or 1500 l 4 370 * Vtank + 1720
(Buffer Tanks Webpage
2015)

Insulation level of the buffer
tank (Thins)

X6 40, 100, 200, 400 mm 4 150 * Atank * Thins
(Insulation-Price 2015)

RETs Area of solar thermal
collectors

X7 0, 4, 8, 12, 16 , 20, 24, or 28 m2 8 492 ASth + 500;

Area of PV module X8 0, 4, 8, 12, 16, 20, 24, 28, 32, 36,
40 m2

11 3.1Apv2 + 202A
pv + 1983;

Overall efficiency of the PV X9 10% or 13% 2 70% of the given price
100% of the given price

Slope angle of PV module X10 45°, 60°, 75° 3 –
Azimuth angle of PV module X11 0°, 15°, 30° or 45° from south to

west
4 –

Sys. Type of primary heating unit X12 DH,ASHP, GSHP, PEMFC
with On/off operating mode
(μCHP), or PEMFC with
thermal tracing

5 According to:
http://www.gebwell.fi/
and Staffell and Green
(2012)

Size of the primary heating
unit

X13 0:0.5: 6 kWd 13 –

Supply water temperature
from the primary heating
unit (Ts)

X14 40°, 50°, or 60°C 3 –

Operating hour start at X15 from first of August to end of
September (step 15 days)

5 –

Operating hour stop at X16 from first of May to end of June
(step 15 days)

5 –

aThe price is calculated based on price assumptions from our previous paper (Hamdy, Hasan, and Sirén 2010, 2013). Prices are updated,
assuming a 1.7 % inflation rate, which is the average inflation rate of the last 10 years (Inflations.eu 2015). The lifespan of the building
envelope with the exception of the window is assumed to be 60 years. For windows, a lifespan of 30 years is assumed.
bLifetimes for lighting options are modelled based on cumulative hours of use. 1200 and 10,000 operating hours are assumed for the
incandescent and fluorescent lighting, respectively.
cThe heat recovery is replaced every 15 years.
dA direct electrical heater is assumed as a backup heating system. The size of backup system depends on the heating demands and the
size of the energy sources systems (e.g. primary heating system, solar thermal collector, PV) as well as the buffer tank design.

boiler, DH, ASHP, GSHP, or μCP/μPEMFC); five sizes for
the primary heating unit; three levels of the heating supply
water temperature; six starting and six stopping times for
the primary heating unit.

As a consequence, the total number of all possible
combinations of the design options is ∼ 1.6·1010.

5.4. Economic scenarios
The efficiency of the introduced MAOS is demonstrated by
investigating the cost-optimal energy-performance level of
a Finnish single-family house. Finding cost-optimal solu-
tions for buildings in a cold climate is more complex than
for buildings in a hot climate (Evins, Pointer, and Burgess
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Table 2. Financial parameters (Finland Banks 2015; Infla-
tions.eu 2015; Statistics Finland 2015).

Financial
parameters Alternatives

No of
alternatives

Nominal interest rate (i)a 0.0%, 3.2% or 10% 3
Inflation rate (f )a 0.0%, 1.7% or 8% 3
Escalation rate of energy

price (e)a
1.0%, 5.0% or 10% 3

FIT: no tariff or full tariff 0.0% or 100% 2
IG: purchasing discount as

a percentage of the IC
0.0% or 25% 2

aThe last 10 years average is underlined.

2012). A large-scale investigation is designed by assuming
a large solutions space, ranging from Finnish-building-
code-consistent solutions (D3-2010) to a surplus energy
building, as well as 108 economic scenarios covering tra-
ditional and extreme economic assumptions in line with
historical statistics data and incentives like feed-in tariff
and IG.

Table 2 presents the assumptions of the used financial
parameters. According to the average energy price from
the energy company Helsingin Energia (2015), the elec-
tricity, DH, and gas energy prices are assumed to be 12.5,
5, and 3.2 e/kWh, respectively. The total number of possi-
ble combinations is 3 × 3 × 3 × 2 × 2 = 108 economic
scenarios.

6. Results and discussion
6.1. The feature of avoiding simulations and saving

time
As shown earlier, heuristic optimization is adopted to
determine the cost-optimal energy-performance level with-
out a need for an exhaustive search. In addition to the
time-saving feature of applying such heuristic optimiza-
tion, the optimization is speeded up by avoiding unneces-
sary high-resolution time-consuming simulations by using
the MAOS (Figure 3).

This section gives an example of the time-saving
that can be achieved using MAOS by running detailed
simulations only when there is a need. The example
presents the optimization using the base-case assump-
tions (i = 3.2%, f = 1.7%, e = 5%, d = 5%, FIT = 0,
and IG = 0). Table 3 presents the number of simula-
tions each decision variable option (Table 1) would
be calling during one optimization run if the tradi-
tional simulation-based optimization approach (Figure 2)
was adopted and how many simulations were actually
done (in brackets) when the MAOS scheme is used
instead. From Table 3, it can be seen that if the
traditional simulation-based optimization approach was
adopted, the building envelope options 1 to 8 would
call for 12 + 2 + 3 + 66 + 51 + 262 + 18 + 91 = 505

simulations. The lighting-appliances options 1 and 2
would need 470 + 35 = 505 simulations and the heat
recovery options 1–3 would need to be simulated
117 + 371 + 17 = 505 times. Table 4 is a breakdown of
the three first design variables (X1, X2, and X3) shown
in Table 3. The traditional simulation-based optimization
approach needs to perform 505 detailed, time-consuming
simulations to evaluate the eight building envelope options
during the predefined optimization run. However the pro-
posed MAOS needs only a few simulations for the eight
building envelope options. In this example, the detailed
building performance simulation is used only 31 times
instead of 505 times, which considers 31 interactions
between the building envelope and the lighting and appli-
ances as well as the heat recovery options (the design
variables’ options which influence directly the thermal
performance of the demonstrator house). This results in
significant savings in terms of computing time, which can
be estimated by the following equation:

Time saving =
N1∑

i

τi −
N2∑

i

τi ≈ τave(N1 − N2), (5)

where τ i is the execution time of each detailed build-
ing simulation using IDA-ICE 4.6 ( ≈ 0.6 h), τ ave is the
average execution time, and N 1 and N 2 the numbers of
evaluations required by the traditional and the MAOS con-
cept respectively. In this example, MAOS reduces the time
needed for full simulations during one optimization run
from 303 h (0.6 h * 505 building simulations) to ∼ 19 h
(0.6 h * 31 simulations). This results to a 284 h time-saving
on a Windows-based PC with an i5-3570 CPU, 3.7 GHz
processor, and 8 GB of RAM.

Additional savings of computing time are achieved
by avoiding RES-detailed simulations as well as complex
heating system calculations. Table 5 shows the 15 possi-
ble combinations between the slope angle and the azimuth
angle of the PV module, while presenting how many times
each combination was required to be evaluated during one
optimization run and how many times it was simulated
(in brackets) when MAOS was applied. Table 5 shows
that 491 PV detailed simulations can be avoided, saving
∼ 123 h (0.25 h * 491 PV simulations), where one detailed
PV simulation by IDA-ESBO has an execution time
of ∼ 0.25 h.

Additionally, 498 detailed solar-thermal simulations
are avoided, resulting in a 125-h time-saving (i.e. instead of
505 simulations, MAOS required only 7 simulations for the
solar-thermal system, as shown in Table 3). In this exam-
ple, a total of 532 (284 + 123 + 125) simulation hours
were saved for one optimization run using the developed
MAOS.

As the complete simulations avoided are replaced with
separate component simulations and archive operations,
the saving is not fully 532 h. The time required, however,
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Table 3. Number of simulations each design variable option would be calling during one optimization run with the traditional approach and number actually simulated (in brackets)
using MAOS.

Option no.

Parameters 1 2 3 4 5 6 7 8 9 10 11 12 13

ESMS Package of building envelope (PBenv.) X1 12 (2) 2 (2) 3 (2) 66 (5) 51 (6) 262 (4) 18 (4) 91 (6) – – – – –
Efficiency of lighting and appliances X2 470 (19) 35 (12) – – – – – – – – – – –
Type of heat recovery unit (efficiency %) X3 117 (9) 371 (16) 17 (8) – – – – – – – – – –
Efficiency of auxiliary systems (fans and

pumps)
X4 410 95 – – – – – – – – – – –

Size of buffer tank X5 424 21 24 36 – – – – – – – – –
Insulation level of the buffer tank (Thins) X6 42 7 40 416 – – – – – – – – –

RETs Area of solar thermal collectors X7 391 (1) 26 (1) 38 (1) 18 (1) 2 (0) 3 (1) 18 (1) 9 (1) – – – – –
Area of PV module X8 406 1 8 24 12 14 9 15 1 12 3 – –
Overall efficiency of the PV X9 451 54 – – – – – – – – – – –
Slope angle of PV module X10 106(5) 341(5) 58 (4) – – – – – – – – – –
Azimuth angle of PV module X11 98 (3) 41 (3) 30 (3) 322(3) 14 (2) – – – – – – – –

Sys. Type of primary heating unit X12 4 427 40 22 12 – – – – – – – –
Size of the primary heating unit X13 52 21 8 3 343 11 24 28 0 4 11 0 0
Supply water temp. from the primary

heating unit (Ts)
X14 432 60 13 – – – – – – – – – –

Operating hour stop at X15 376 63 20 9 37 – – – – – – – –
Operating hour start at X16 108 105 10 6 276 – – – – – – – –

Note: The optimal decisions are underlined and highlighted in bold font.
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Table 4. Number of each combination of the first three decision variables (X1, X2, and X3) required to be evaluated during one
optimization run using the traditional approach and number of actual executed simulations (in brackets) using MAOS.

Building envelope option no.
Lighting and
appliances

Heat recovery
option no. 1 2 3 4 5 6 7 8 Sum

Standard lighting and appliances 1 8 (1) 0 (0) 0 (0) 47 (1) 11 (1) 4 (1) 5 (1) 32 (1) 107 (6)
2 4 (1) 1 (1) 1 (1) 12 (1) 31 (1) 255 (1) 6 (1) 43 (1) 353 (8)
3 0 (0) 0 (0) 0 (0) 1 (1) 3 (1) 2 (1) 2 (1) 2 (1) 10 (5)

High-efficient lighting and appliances 1 0 (0) 0 (0) 0 (0) 2 (1) 1 (1) 0 (0) 0 (0) 7 (1) 10 (3)
2 0 (0) 0 (0) 2 (1) 4 (1) 3 (1) 1 (1) 5 (1) 3 (1) 18 (6)
3 0 (0) 1 (1) 0 (0) 0 (0) 2 (1) 0 (0) 0 (0) 4 (1) 7 (3)

Sum 12 (2) 2 (2) 3 (2) 66 (5) 51 (6) 262 (4) 18 (4) 91 (6) 505 (31)

Note: The optimal combination is underlined.

Table 5. Number of each combination of PV module azimuth and slope angles (X10
and X11) required to be evaluated during one optimization run and the number actually
simulated (in brackets) using MAOS.

Azimuth angle of photovoltaic module option no.
Slope angle of PV
module option no. 1 2 3 4 5 Sum

1 74 (1) 9 (1) 5 (1) 12 (1) 6 (1) 106 (5)
2 14 (1) 18 (1) 6 (1) 296 (1) 7 (1) 341 (5)
3 10 (1) 14 (1) 19 (1) 15 (1) 0 (0) 58 (4)
Sum 98 (3) 41 (3) 30 (3) 323 (3) 14 (2) 505 (14)

Note: The optimal combination is underlined with bold font.

for running simplified simulations and post-processing of
the pre-simulated results is negligible (less than a second)
compared with the execution time of detailed simulations
(tens of minutes).

From the total optimization time point of view, reduc-
ing the number of time-consuming evaluations (evalua-
tions that require running detailed simulations) is the most
effective way to achieve time-efficient optimization. The
optimizer’s time (the total optimization time excluding
the simulations time) is negligible if it is compared with
the execution time of simulations. The optimizer typically
takes seconds. However, one detailed simulation typically
takes minutes or hours (Attia et al. 2013b).

6.2. The double-checking test and seeding technique
Besides the time-saving feature achieved by virtue of
the multi-tool calculation engine (see previous section),
the double-check hybrid optimization engine (Figure 3)
ensured repeatable optimization results and provided addi-
tional time-saving via the proposed double-checking test
and seeding technique.

The double-checking test is proposed to ensure
repeatable optimization results. The repeatability of the
optimization results is shown in Figures 6–8. The advan-
tage of the double-checking test is illustrated in Figure 6,
which presents the results of three optimization runs,

assuming 1%, 5%, and 10% energy price escalation rates,
respectively, where i = 3.2%, f = 1.7%, FIT = 0%,
IG = 0%. The figure shows negligible differences of 3, 7
and 24 euro/m2 (0.5, 1, and 2% of the minimum) between
the results of the first and the second checks for the three
economic scenarios, respectively. Figure 7 presents the dif-
ferences between the first and second checking runs for
36 economic scenarios, including the three previous ones.
The figure confirms the repeatability of the adopted opti-
mization scheme by presenting small differences. Figure 8
reconfirms the repeatability of the optimization results,
although further conclusions can be drawn from it. In
Figure 8, the results of all the 108 studied scenarios
(Table 2) are considered. The boxplot on the left-hand side
shows the range of 108 differences between the two ‘min.
LCC’ achieved through each double-check test. Without
activating the if statement for a ‘difference < 10%’ as
shown in Figure 3, the double-checking test led to small
( ± 2.5%) differences at 50% of the 108 studied scenarios
and reasonable ( < ± 10%) differences for almost all the
scenarios (Figure 8). Even for the seemingly rare scenarios
where there was a probability for a large result difference
( > 10%), the double-checking test is important. Sensitiv-
ity analysis that relies on computationally optimized results
can easily lead to wrong messages if the calculated opti-
mums are not close enough to the true optimums. For
instance, if a sufficient optimization result is achieved for
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14 M. Hamdy and K. Sirén

Figure 6. Three repeated optimization runs assuming 1%, 5%, and 10% escalation rates, respectively, where i = 3.2%, f = 1.7%,
FiT = 0%, iG = 0%.

Figure 7. A sample for testing the repeatability of the optimization results. Optimization results of the first and second run for 36
economic scenarios.
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Figure 8. The impact of using the double-checking test and seeding technique.

one scenario and a slightly worse optimization result is
achieved for other studied scenario, the sensitivity of the
optimized objective might be captured falsely or not at all.
Optimization-based sensitivity analysis requires very accu-
rate optimums to assess the impact of the studied scenarios
on the problem’s objectives. Figure 8 shows that it is diffi-
cult to predict from which optimization run (the first or the
second) the best close-to-optimum can be achieved through
the double-check scheme. Triple or quadruple checks with
smaller accepted difference ( < 10%) might provide more

accurate results, though this would be superfluous espe-
cially from the computational time point of view. A double
check with reasonable accepted difference seems to be a
compromise in terms of accuracy and time.

The advantages of using the seeding technique (seed-
ing good initials to the adopted optimization scheme,
Figure 3) are presented in Figures 8–10. Considering the
36 economic scenarios that are shown in Figure 7, lower
minimum LCCs are achieved for all the 36 scenarios
when seeding is applied (see Figure 9). Figure 8 confirms

Figure 9. Comparison of the optimization performance when the hybrid optimization algorithm (GA–PS) is used with and without good
initial population from previous optimization runs. 36 economic scenarios are shown.
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the finding of Figure 9 when considering all the 108
studied scenarios (Table 2). In 90% of the 108 stud-
ied scenarios, lower minimum LCCs (min. LCCs) are
achieved where good initials are seeded to the applied
optimization algorithm. This is shown by the boxplot on
the right-hand side in Figure 8. The boxplot shows the
range of 108 differences between the two min. LCCs
achieved with and without applying the seeding technique
for the 108 studied scenarios. The seeding technique is
not only able to achieve better results in terms of min-
imization (Figures 8 and 9), it could also speed up the
optimization run by using fewer evaluations (Figure 10).
In Figure 10, the results of all the 108 studied scenarios
are considered. The figure shows that optimization with
the seeding technique is able to achieve close-to-optimal

solutions using fewer evaluations than if the seeding is not
used. It is worth mentioning that for all the 108 scenar-
ios, the optimization is halted before the threshold of the
maximum number of evaluations (1000 evaluations, see
Section 3.2).

6.3. Results of the demonstration case study
Even though the demonstration case study in this paper
served mainly to investigate the performance of the MAOS
concept, the results from the cost-optimality optimization
are still interesting and worth showing. Figure 11 presents
the cost-optimal investment (I co) versus the cost-optimal
energy-performance level (EPLco) for all economic scenar-
ios that lead to EPLco < 150 kWh/m2a (the reference level

Figure 10. The boxplot presents the range of number of evaluations used for optimizing the 108 cases with and without applying the
seeding technique.

Figure 11. Cost-optimal investment versus cost-optimal energy-performance level for all addressed economic scenarios leading to
EPLco less than the reference ( ∼ 150 kWh/m2a). μCHP solutions circumscribed.
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Figure 12. The influence of four financial parameters (e, r, FiT, iG) on the delivered versus exported annual primary energy balance of
the cost-optimal solutions for all addressed economic scenarios that lead to an EPLco less than the reference value (150 kWh/m2a).

in this case study). The figure shows the gap between two
alternatives: (i) exported energy is taken into account in
EPLco (energy credit) and (ii) exported energy is not taken
into account in EPLco (no energy credit). The gap is large
when I co is high: in other words, when the cost-optimal
technology mix includes many on-site generation systems
(e.g. PV, μCHP). Regardless of the economic scenario, it
seems that reducing the EPLco one kWh/m2a requires about
EUR 265 additional investment, as shown by the slope
angle of the regression line in Figure 11. The figure also
shows that the cost-optimal investment required to reach
the net zero energy level for the studied house is about
EUR 63,000. This complies with the range (USD 50,000–
90,000 ≈ EUR 37,000–67,000), which was determined in
2009 for Canadian NZEHs at different locations (Bucking,
Athienitis, and Zmeureanu 2013).

Figure 12 shows the impact of the energy price esca-
lation (e), the discount rate (r), feed-in tariff (FIT), and
IG on the cost-optimal level in terms of the delivered and
exported primary energies. The two amounts of energies
are plotted against each other to show how close to the
net zero energy balance the cost-optimal levels are. The
figure shows that a very high energy price escalation rate
(e = 10%), a low discount rate (r < 2%), and existing FIT
(FIT = 100%) encourages investments so that the cost-
optimal energy-performance level can be even higher than
the zero energy balance, leading to a plus-energy building.

And vice versa, the cost-optimal level of cases with a high
discount rate and low energy price escalation remain far
from the NZEB level, which of course requires also some
on-site generation and related investments.

7. Conclusions
This paper introduces a rapid MAOS to support robust
cost-optimal legislative decisions on the energy perfor-
mance of buildings, in line with EPBD 2010/31/EU. The
optimization is speeded up by avoiding time-consuming
simulations where possible. A multi-tool calculation
engine is developed to evaluate the performance of the
integrated building and system designs with a minimum
use of detailed, time-consuming simulations. Archived
pre-simulated results are utilized where possible rather
than running detailed simulations. Seeding of good ini-
tials to the adopted optimization scheme is used. The
performance and the time-saving features of the intro-
duced scheme are demonstrated by handling a large-scale
building optimization problem.

The cost-optimal energy-performance level (EPLco) of
a single-family house in Finland is investigated under 108
possible economic scenarios. Under each possible sce-
nario, the cost-optimal technology mix and its associated
EPLco are found automatically among more than 10 billion
combinations of design and operational options using a

D
ow

nl
oa

de
d 

by
 [

E
in

dh
ov

en
 U

ni
ve

rs
ity

 o
f 

T
ec

hn
ol

og
y]

 a
t 0

2:
51

 1
1 

A
ug

us
t 2

01
5 
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holistic optimization approach for considering multivariate
interactions between possible combinations. The results
show that:

• the introduced MAOS scheme is a high-performance
tool for solving large-scale cost-optimality prob-
lems. The scheme is able to avoid the major part
of building complete simulations by means of a
local system simulation or using archived results.
In an example optimization-run, the number of
full detailed simulations was reduced from 1515
(505 + 505 + 505) to 52 (31 + 14 + 7), saving
roughly ∼ 532 (474 * 0.6 + 491 * 0.25 + 498 *
0.25) hours in simulation time (an ∼ 95% time-
reduction).

• The double-checking test is important to ensure the
high quality of the optimized minima. Even for a
specifically studied scenario/assumptions, the prob-
ability of a large difference ( > 10%) through the
double-checking test seems to be small. If the cal-
culated optima are not close enough to the true
optimum, the sensitivity of the optimized objective
might be captured in a false way or not at all.

• Seeding good initials for the combined GA and PS
improves the quality of the results by finding deeper
minima than without seeding and by reducing the
required number of computational evaluations.

• Based on the investigated scenarios, the EPLCO of
the demonstration house ranges from 50 to 150
kWh/m2a of primary energy need. Regardless of
specific economic scenarios, it seems that reduc-
ing the EPLco by one kWh/m2a requires about an
additional investment of EUR 265.

As a final conclusion, the introduced scheme (MAOS)
can be considered a practical tool to increase investor con-
fidence and trust in investments towards nZBs by providing
a comprehensive analysis according to a greatly reduced
time-scale.
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