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Abstract

Great importance is posed today on the refurbishment of
residential buildings. However, the common practice is to
compute the performances of the refurbished building
referring to the actual climatic data, without considering
its possible future evolutions, possibly leading to
performances that greatly differ from the design phase
ones. This paper investigates the effects of data
uncertainty in an optimization process applied to the
refurbishment practice of a residential building located in
Italy, focusing on the effects produced by climate change
and by the evolution of the economic situation through the
research of robust solutions. The results highlight very
different behaviors of both economic and energetic
performances of the refurbished building in relation to the
different climatic datasets used.

Key Innovations

e Climate change effect on energy and economic
parameters

e Economic actualization with time dependent
parameters

e  Economic parameters evolution in optimization

o Reliable solutions for refurbishment practice

Practical Implications

A simulation practitioner approaching this kind of work
should always be aware of the necessity of correcting the
climate models to better fit them to the distribution of the
observed data. Moreover, particular attention must be
posed to the economic impact of future weather data since
climate change could lead to economic return of the
investment very different from the predicted one,
increasing the economic risk in the long term.

Introduction

Climate change is becoming more and more a concerning
problem for governments, agriculture, healthcare and
obviously HVAC plants and energy design. The growing
trend of temperature has been widely assessed throughout
many studies in the latest years and a valuable summary
of these researches can be found in the 2014 Fifth
Assessment Report of the Intergovernmental Panel on
Climate Change (IPCC, 2014). This document reports that
the temperature of Earth surface has increased on average
0.85 °C since 1880, speeding up in the last three decades.
This strong increase is said to be due to the anthropogenic

Green House Gas emissions that trap the solar radiation in
the atmosphere causing excessive warming. Within the
human activities, a great part of energy consumption, and
then of GHG emissions, is imputable to the residential
sector; in the European Union it accounts for 26-28% of
the total energy consumption (Eurostat, 2020; Borozan,
2018) and for 19% of total GHG emissions (Eurostat,
2015). Regarding lItaly, this sector accounts for 36% of
the national energy usage (EU Directorate-General for
Energy, 2019); it becomes then evident how important is
to reduce the impact that it has on the consumption of
resources and, indirectly, on GHG emissions.

Despite the increasing temperature, in all Italy’s regions
the refurbishment activities are mostly focused on the
winter season, i.e. on the heating performance (Corrado et
al., 2016) although the attention is slowly turning on
cooling design. The most common interventions are the
insulation of the envelope and the substitution of windows
and heat generators.

Because of the refurbishment practice being sustained by
the economic benefits that it could give to the investors, it
is of the utmost importance to carry out a risk assessment
for each designed intervention (Ascione et al., 2015) in
order to avoid unwanted behaviours of the refurbished
building that could lead to an economic loss in the long
term. Moreover, it is very important to always analyse the
performance of the building along the whole year, even if
the refurbishment is focused on one season in particular.
This is required because interventions aimed to reduce,
for example, the heating energy usage of the building,
could lead to discomfort in the summer season and vice
versa (Vellei et al., 2016).

In order to conveniently take into account all these
variables in a refurbishment practice, the best approach is
to carry on an optimization process aiming to find an
optimal subset of solutions based on specific goals.

Buildings refurbishment is always a practice involving a
trade-off between cost of intervention and obtainable
energy savings. Furthermore, when designing an
intervention particular attention should be payed to the
cost and economic parameters that can show fluctuations
and introduce uncertainties. Optimization models coupled
with numerical simulation of buildings represent a tool for
predicting the behaviour of the building taking into
account uncertainties (Cano et al., 2016). The possible
change in climate conditions introduces an additional
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uncertainty that can influence energy savings, but that can
also indirectly influence the economic aspect of the
problem. Ascione et al. (2017) considered in a simple way
the effect of increasing temperatures in the future,
highlighting the necessity to perform a robust
optimization in order to obtain resilient solutions. Shen et
al. (2019) analysed the impact of the future climate
scenarios in a retrofit analysis, realizing that the changing
climate scenarios increase the complexity of decision-
making models for building refurbishment. Moazami et
al. (2019) analysed the effects of climate change on
various building typologies highlighting considerable
variations in primary energy, especially regarding the
cooling component.

In this work, a Reliability-Based Design Optimization
(RBDO) is carried on for the retrofitting of a building in
Trieste, Italy. The analysis is carried on taking into
account the energy savings that can be obtained, the return
of the investment and, secondly, the effect on overheating
risk during the summer period. Overheating was chosen
instead of the cooling demand as a defining parameter
because usually this kind of building does not present
centralized cooling plants. In order to identify a risk level
of a potential investor, economic parameters have been
considered to be stochastic; as a consequence, also the
economic outputs are stochastic. Regarding the climatic
variability, six different climatic situations were analysed
to evaluate the influence of various boundary conditions
on the optimization process of a refurbishment practice.

Distinct optimizations were carried on for every climatic
dataset used in this work in order to highlight the effects
of different climates on the whole optimization process.

Case study
Building description

An existing building in Trieste, a city in north - east Italy,
was chosen to run the reliable optimization. It is
composed by four blocks with apartments adjacent to
each other. Every block is formed by four floors with two
small flats each. The ground floor apartments consist of a
kitchen, a bathroom and a bedroom. Every level above the
ground floor features two apartments that contain one and
two bedrooms respectively, a bathroom and a kitchen. A
total of five types of flats have been identified as already
presented in Manzan et al. (2020). The ground level floors
and the third level ceilings are adjacent to aerated spaces.
The base building features massive structures without
insulation. The building has been already described with
great detail in Lupato et al. (2018) and Manzan et al.
(2020). The energy refurbishment has been carried on by
adding insulating layers to the internal vertical and
horizontal surfaces in order to preserve external facades
and by windows substitution.

Building model description

A stochastic approach is usually time consuming,
requiring a large amount of computational resources.
Because of this, a simplified approach has been used for
building’s modelling in order to speed up the
computation. The partition of interior spaces has been

simplified, modelling every apartment as a unique space
while keeping partitions between each other and between
apartments and common spaces. However, in order to
consider the physical presence of the partitions inside
each apartment, equivalent internal masses were added to
assure the correct thermal inertia to the system.

Internal gains due to people and equipment follow the
pattern for residential buildings of EN I1SO 13790
standard and are described in detail in Manzan et al.
(2020).

The base building external wall is composed by two layers
of full-bricks each 25 cm thick. The ground floor, the roof
and the third level ceilings present a concrete structure
whose thickness varies from 15 to 22 cm. External
fenestrations consist of a single-layer glass with high
values of SHGC and thermal transmittance. Two
windows sizes are present; the large ones present a surface
of 1.65 m? and are placed on the north and south walls,
the small ones, with 0.262 m? of surface, are present on
south wall only. The characteristics of opaque surfaces
and windows before and after the refurbishment are
reported in Tables 1 and 2.

Table 1: envelope thermal transmittances.

Opaque Ubase Uref [W/m? K]
Constr. | [W/m?K] | max | Min
Wall 1.55 0.822 | 0.215
Ceiling 14.71 1.565 | 0.173
Roof 5.88 1.350 | 0.170
Floor 2.89 1.090 | 0.165
Table 2: windows solar properties.
Window Type | Ug [W/m? K] | SHGC [-]
Base 5.7 0.870
Type 0 14 0.660
Type 1 1.2 0.425
Type 2 0.8 0.398

Air infiltration was computed in a simplified manner
considering an air change rate of 0.50 vol/h for each
apartment during winter season, while a variable air flow
was adopted for summer conditions in order to mimic the
opening of windows during summertime, only when
external temperatures were lower than internal ones. This
approach was implemented in order to account for the
impact of refurbishment measurements on dwellers
comfort conditions. The detailed description of the
ventilation model can be found in Manzan et al. (2020).

The heating set-point temperature was set to 20 °C from
7 am. to 2 p.m. and from 4 p.m. to 11 p.m. During the
remaining time, a setback temperature of 18 °C was
chosen. Each building blocks features a separate heating
plant system which was modelled with an HVAC system
composed of a gas boiler and water radiators as terminals
in each flat. Pumps were modelled as variable speed ones.
According to Italian law for climatic zone E, the boiler
availability was set from the 15th of October until the 15th
of April. The heating system water temperature was
modelled as modulating through outdoor air temperature
sensor. Circulation spaces and entrances were considered
as unheated. Finally, no cooling system was considered,
and therefore free floating temperatures were present
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during the summer season. Domestic hot water was not
included into the simulation, therefore energy
consumption takes into account heating energy only.

Climatic Data Treatment

Because of the optimization being carried on for the site
of Trieste, located in Friuli Venezia Giulia (FVG) region
in Italy, all the climatic data treatment refers to this site
exclusively.

Of the six climatic datasets used in this work, one refers
to the actual situation and five derive from the climate
projection models. About the former, the weather input
file was generated in the form of a Test Reference Year
(TRY) using data recorded between 1995 and 2019,
differing from the one used in Manzan et al. (2020),
generated from data detected between 2001 and 2010. The
raw data were first treated and cleaned up to obtain high
quality material to be used to generate the TRY through
the application of the Finkelstein-Schafer statistic applied
to dry-bulb temperature, relative humidity and solar
radiation. Regarding the projections, they were carried on
starting from the historical TRY modified through five
projection climate models to obtain different future
climatic behaviors.

In order to choose which climate models to use in this
work, the guidelines contained in the “Cognitive study of
climate changes and of their impacts in Friuli Venezia
Giulia” (ARPA, 2018) were followed. This document
features the main researches on past and future climate
changes in the FVG region and has been made available
by The Regional Agency for the Protection of the
Environment (Agenzia Regionale per la Protezione
dell’Ambiente del Friuli Venezia Giulia — ARPA FVG)
related to climate change projections in FVG. Since many
coupled Global-Regional models are available on the
CORDEX project platform (WRCP), the ARPA FVG
document chose the ones considered the most
representative according to the following prerequisites:

o Data availability for all RCP scenarios;

e Availability of models having high, medium
and low climate sensitivity;

e Good performance while reproducing
climatology during the reference period chosen
(1970 — 2005).

Because of these prerequisites, five different models
based on a grid with a spatial resolution of 11 km were
chosen in the document:

M1.HadGEM2-ES_RACMO22E;
M2. MPI-ESM-LR_REMO2009;
M3.EC-EARTH_CCLM4-8-17,;
M4.EC-EARTH_RACMO22E;
M5. EC-EARTH_RCA4.

In this work the same five models were used for the
projection of the aforementioned TRY.

Climate Models Quantile Correction

Along with the future data, ARPA made available also
measured values from local weather stations. For the
present work the weather station of Trieste Bandiera have

been used. Complete data is available for the period 1995-
2019 which intersects the time span of the historical and
future models. Simulations from global and regional
climate models (GCMs and RCMs) may differ from local
measurements generating a bias error, and will therefore
influence the expected climatic impact (Hoffmann et al.,
2012). The difference can be more evident for long term
scenarios as highlighted by Grenier (2018).

In order to correct the bias in models outputs from
simulations, available measurements for typical weather
variables can be used. A common form of bias correction
is the quantile mapping which accounts for models errors
assuming that biases in historic observations will be
repeated during the projections (Thrasher et al., 2012).

Therefore, temperature and humidity values obtained
using the projected data have been first bias corrected
through the available data using quantile delta mapping
(Cannon et al., 2015) which preserves relative or absolute
changes in modelled quantiles while correcting
systematic biases. An additional feature of the method is
that it automatically deals with projected values outside
the range of the historical period. To check the
performance of the procedure, the corrected and original
model values have been compared to the measurements
for a common period. The model and local data have been
split in two periods, from 1995 to 2005 and from 2006 to
2019. The first period has been used to train model data
through the measurements of the same period, then the
second, the test period, has been used to evaluate the
effect of the correction. For the test period, monthly
average for a generic parameter v has been computed for
the observed, subscript o, model, subscript m, and
corrected, subscript g, values. Then the RMS error of
monthly values has been computed using the model and
corrected values through Eq. 1, where the subscript j can
be m for model and q for corrected values.

RS — /Z (v =)’ ®
J = n

Table 3 reports the obtained values for mean, minimum
and maximum temperature, named as tas, tasmin and
tasmax respectively. From the table it can be seen that the
correction reduces the bias error for every model and
variable.

Table 3: RMS comparison of the five models for check
period.

ID tasmin tas
RMSm | RMSg | RMSm | RMSq
1 4.03 2.08 2.93 2.12 2.36 2.24
2 2.56 2.06 2.35 2.09 231 2.20
3 2.56 2.07 2.35 2.07 2.31 2.13
4 6.00 2.03 4.63 2.02 3.58 2.08
5 5.66 1.98 451 1.96 3.40 2.02
TRY Projection

Two main methods are commonly used to create future
weather files: combining climate projections with a

tasmax
RMSm | RMSq
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weather

generator or applying a mathematical
transformation, i.e. morphing, to the actual climatic data
using climate change scenarios. Another possible
approach is to apply the Finkelstein-Schafer statistic to
the projected data of the climatic models to generate
future TRY's; however, being the models data presented
on daily means, this approach could not be applied in this
particular case. Therefore, in this paper the morphing
process was chosen.

The morphing process aims to adjust the current weather
data through the method developed by Belcher et al.
(2005): once having obtained high-quality weather data
for a specific location, they are morphed using the
projections of a Global Circulation Model (GCM). The
main benefit from using this method is that it maintains
the consistency of the historic data. On the other hand, one
of its limitations is that some climatic variables are
produced individually and then the relationship between
them in the projected data could not be the same as in the
historic series (Cellura et al., 2018). Once having chosen
the reference and future timeframes of the climate model
to be considered, the first step is to compute the monthly
mean values of the required climatic parameters for said
model timeframes. Every observed hourly climatic
variable (Xo) is then projected into the future (x) through
one of the following operations:

e Shift;
e Linear stretch;
e  Shift + Linear stretch.

The shifting is used for variables for which an absolute
monthly variation (Axm) to the mean is computed from the
climate model, as in the case of atmospheric pressure and
relative humidity and is defined as:

x = xo + Axp, (2)
The linear stretch is used when the projections are
obtained as a fractional monthly change, as in the case of
the solar radiation and wind speed. A scaling factor for
the m-month (axm) is obtained through the following
equation:

g = 1420 )
xO,m

Where X, ., is the monthly mean of the climatic parameter
from the observed historic timeframe. The scaling factor
is then applied to all the hourly data to be projected using
Eq. 4:

X =y " X 4)
The combination of a shift and a linear stretch is used for
variables where is important to highlight changes in both
mean, maximum and minimum daily values, as in the case
of dry-bulb temperature. Therefore, in addition to the
monthly variation to the mean Axm, also the monthly
variation to the daily maximum (4xmaxm) and the monthly
variation to the daily minimum (4dxminm) are computed.
The scaling factor (ox,m) i then obtained through Eq. 5:

_ Axmax,m - Axmin,m

ax,m - (5)

Xo0,max,m — Xo0,minm

Where Xg ;mqxm and Xo mi.m are the monthly mean of the
observed daily maximum and minimum values
respectively. Afterwards, the projected parameter can be
computed as:

X = xg + Axy + Ayxm * (%o — fo,m) (6)

Where X, is the monthly mean value for the m-month
of the observed variable.

In order to assess the possible climatic evolutions, the
climatic models described above were used to project the
current TRY into the future. The five models referred to
the RCP8.5 scenario were used as baseline to obtain the
projection parameters for all the considered climatic
variables. The RCP8.5 scenario was chosen in order to
reflect the actual situation where no relevant worldwide
mitigation measures have been developed. In this work
the chosen reference period for every climate model is
1995-2005. For the future, two timeframes were chosen,
in order to further highlight the climatic evolution in the
near term, therefore two different future TRYs were
generated for every model. The two future timeframes are
2021-2035 and 2036-2050. The following table
summarizes how the climatic parameters of the future
TRY's were obtained.

Table 4: method used to obtain future climatic
parameters.

Climatic parameter Methodology
Dry-bulb temperature Shift + Linear stretch
Relative humidity Shift
Recalculated from morphed dry-
bulb temperature and morphed
relative humidity
Atmospheric pressure Shift
Global radiation Stretch
Recalculated from morphed
global radiation using split
methods
Recalculated from morphed
global and recomputed direct
radiation
Wind speed Stretch
In Table 5 are reported the Heating Degree Days (HDD)
and the Cooling Degree Days (CDD) referred to a base
temperature of 20 °C and computed for each climatic
dataset used in this work.

Table 5: weather files Degree- Days.
TRY Timeframe | HDD | CDD
Historical 1995-2019 | 2031 | 532

HadGEM2- 2021-2035 | 1703 | 690
ES_RACMO22E 2036-2050 | 1635 | 762

Dew-point temperature

Direct radiation

Diffuse radiation

2021-2035 | 1985 | 619
2036-2050 | 1815 | 728

MPI-ESM-LR_REMO2009

2021-2035 | 1944 | 657
2036-2050 | 1775 | 718

EC-EARTH_CCLM4-8-17

2021-2035 | 1826 | 655
2036-2050 | 1765 | 723

EC-EARTH_RACMO22E

EC-EARTH_RCA4 2021-2035 | 1965 | 671

2036-2050 | 1774 | 749

Proceedings of the 17th IBPSA Conference
Bruges, Belgium, Sept. 1-3, 2021

864
https://doi.org/10.26868/25222708.2021.30769



INTERNATIONAL
BUILDING

| PERFORMANCE

| SIMULATION
ASSOCIATION

Regarding the future projections, as stated above, two
TRYSs were generated, therefore also the computation of
the HDD and CDD is doubled. As highlighted in blue in
the table, the coldest TRY displaying the highest value of
HDD and lowest of CDD is the historical one. On the
other hand, HadGEM2-ES_RACMO22E model proved to
be the hottest one, with the lowest value of HDD and
highest of CDD for both the timeframes it was applied at.

Optimization approach

The optimization process was carried on by using
modeFRONTIER and EnergyPlus software: the former,
starting from stochastic variables, allows the research of
optimal solutions to obtain predefined objectives, the
latter performs the energy simulations. In this work, the
objectives are the minimization of the Primary Energy
(PE) of the refurbished solutions, the maximization of the
Net Present Value (NPV) and the minimization of the
annual maximum number of hours during which the
operative temperature of each apartment is higher than
28°C (N28) over a period of 30 years. Six optimization
processes were carried on, one for each climatic dataset.
A detailed description of the optimization under
uncertainties process is reported in Manzan et al. (2020).

NPV Calculation

The economic performance of a refurbishment practice is
commonly evaluated through the computation of the Net
Present Value of the costs and savings obtained,
discounted at an appropriate discount rate r. The costs are
mainly due to the expenses sustained to carry on the
refurbishment intervention (Co). These were computed for
each solution by taking into account the costs of the
refurbishment material along with the cost of installation.
Prices were obtained from the public regional
administration price list “Prezzario Regionale dei Lavori
Pubblici” (FVG Region, 2017). The savings are obtained
through the differences (S;) between the current operating
costs and those of the refurbished configurations. The
operating costs consider energy consumption and plant
management and maintenance.

Because of the energy analysis being split in two periods
as stated above, also the NPV computation must be
divided in two terms. Defining m and n as the duration in
years of the first part and the total time of calculation
respectively, the Net Present Value is then given by:
Si 1 Si

NPV = —Co + Zlﬁl (1+;)i ()™ : Ln:m+1(1+_lr)i O]
In order to properly evaluate the NPV, the discount rate
must be corrected removing the effects of inflation (r;)
from the nominal value (r), obtaining the real discount
rate (rr) through the following equation:

r—n
= 8
ks (®)

The computation must also take into account the future
variability of the main components of operating costs,
energy price above all. Assuming equal to r. the real
annual rate of increase in operating costs, considering Eq.
8 and hypothesizing S; constant from 1 to m (Sz) and from
m+1 to n (Sp), EQ. 7 can be rearranged as:

9)
m
)
Table 6: economic parameters for the simulation.
Parameter Value Unit Source
Gas 0.899 €/m® EUROSTAT
Electricity 0.255 | €/kWh EUROSTAT
Inflation rate 1170 % quldmdg Inflgtlon
(ri) Data: www.inflation.eu
Discount 4.090 % Bank of Italy
rate (r)
Ene[rgeﬁgrlce 1.59 o Energy Information
(o) s.d.1.40 0 Administration
e,

The evaluation of the economic performances of the
refurbished solutions considered the values of the
parameters reported in Table 6, which are all constant in
time except for the energy price. Moreover, a stochastic
behaviour of the investment cost Cy has been assumed;
although in the common design practice this parameter is
considered constant and first known, in reality it could
vary between the design phase and the final construction
(Di Giuseppe et al., 2017). As stated above, stochastic
inputs lead to a stochastic output, therefore the
optimization is carried on through the identification of a
confidence limit associated with the NPV to be optimized.
Usually, the decision maker is risk-averse and therefore a
very cautious attitude was assumed, hypothesizing a
reference NPV with a probability of being exceeded by
90%.

Methodology

The modeFRONTIER workflow includes a Python script
that drives the optimization: it modifies the building
model characteristics, creating the input files for
EnergyPlus, it runs the simulations and reads the results
providing the optimizer with PE, N28, Co and S;
parameters. The stochastic economic parameters are then
generated and the consequential NPV output distribution
is computed using Eq. 9, obtaining the required percentile.
Primary Energy, number of exceeding hours N28 and
NPV 10" percentile are then used by modeFRONTIER as
optimization objectives in order to define new design
points. The energy simulation carried on by EnergyPlus
for the future climates has been performed twice because
of the two timeframes, 2021-2035 and 2036-2050,
considered in this work. Therefore, the primary energy
consumption takes into account the changes between
these two periods and the values reported in the results
refer to a whole period of 30 years. Regarding the actual
climate instead, the original TRY was applied to the
whole 30 years’ timeframe.

The optimization process was performed using the NSGA
Il optimization algorithm, starting with an initial design
of experiments of 24 individuals and performing the
optimization for 40 generations.
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Results

Optimizations results are reported using bubble-plots to
present up to four variables. The bubble diameters are
proportional to the overall mean heat transfer coefficient
of the building Hr’ whose maximum and minimum values
are reported graphically and numerically on the top left of
the charts for clarity. The coefficient has been calculated
for every output design using Eq. 10:

P A U+ 23 A Uy - by
j=1 4

Where P is the total number of surfaces facing the outside,
both opaque and windowed, A;, U; are the area and
transmittance of the j-th surface respectively. Q is the
number of surfaces facing unheated spaces or the ground
and by is the correction factor for the transmittance
accounting for the presence of unheated spaces or of the
ground depending on the case as defined in the UNI-TS
11300-1 standard (2014).

Bubble colors represent four ranges of N28 value; that is,
the blue is range 650-1150, green 1150-1300, orange
1300-1450 and red is range 1450-1550. The 10th
percentile of NPV and Primary Energy consumed over 30
years are the axes of the plot. Since the abscissa of plots
is the 10th percentile of NPV, it is worth noting that the
reported value means that the 90% of possible solutions
show a higher value of NPV.

Figure 1 shows the Pareto frontiers resulting from the
optimizations carried on with the original TRY (a) and the
five climate models (b-f) for the 30 years’ timeframe.

The most evident, and most expected, feature synthetized
by Figure 1 is the great difference between the case with
actual TRY (a) and the other cases computed with the
climate models (b-f). Great differences can be detected in
all the three objectives of the optimization: the
consumption of Primary Energy is notably higher in case
(a) because of the climate analyzed being colder than the
others. Despite the greater energy consumption, the
optimization solutions perform better than in the other
cases, showing significantly higher NPV values for all the
solutions. Also the hours of discomfort detected during
summer season, N28, display significantly lower values
than the other situations, being this case the only one with
N28 values falling in the lowest range. Also in the cases
were climate models were used, from (b) to (f), the
optimizations results show very different behaviors
depending on the climatic model used. The Primary
Energy is the output that is least affected by the different
climatic conditions. This proves that the optimization
often succeeds at finding solutions that are reliable
through different boundary conditions in terms of energy
consumed confirming the resilience of energy measures
to weather conditions. On the other hand, the NPV and
N28 objectives are much more influenced by the climate
model used in the optimization. About the former, it
performs in very different manners, showing minimum
and maximum values that vary in a range of about 25 k€
and 13 k€ respectively.
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Figure 1: Pareto frontiers for original TRY (a) and for
future TRYs generated with climate models M1 (b), M2
(c), M3 (d), M4 (e) and M5 (f).

The values of N28 also show great variability depending
on the climatic models used. In fact, the simulations
performed with HadGEM2-ES_RACMO22E (b), MPI-
ESM-LR_REMO2009 (c) and EC-EARTH_RACMO22E
(e) display N28 values falling in lower ranges (green and
orange), than the ones performed with the models EC-
EARTH_CCLM4-8-17 (d) and EC-EARTH_RCA4 (e)
showing N28 values falling in higher ranges (orange and
red). It is also very interesting to note that the two models
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with the higher values of N28 are also the colder ones
within the five used in the simulation, as if the
optimization underestimated the summer comfort
objective. The real explanation is the choice of less
performant windows in these two cases in order to exploit
the solar heat gains to reduce winter heating energy
consumption. As it can be seen in Figure 1, this choice
also has beneficial effects on the NPV because of these
windows being cheaper, but obviously it reduces the
performance during summer season.

An interesting feature can be detected in all the six
optimization results: there are cases of more insulated
solutions that have higher PE consumption than less
insulated ones, while falling in the meantime in a lower
range of N28. The higher-insulated solutions feature high
quality windows in their refurbished configuration;
because of the characteristics of these windows, the solar
gains are consistently reduced throughout the year. This
implies less solar heat gains in both winter and summer
seasons, thus leading to greater heating energy
consumption and lesser number of discomfort hours
(N28) during summer season. To further highlight this
feature, a correlation matrix is reported in Figure 2,
representing the relationships between the reported
variables that are primary energy (PE), Net Present Value
(NPV), wall insulation (insN) and windows performance
(winN) of the North fagade, wall insulation (insS) and
windows performance (winS) of the South fagade.

In Figure 2a) are reported the minimum values of the
correlation coefficients among the six optimizations,
while Figure 2b) reports the maximum values. It can be
noted that, generally, there is a relevant difference
between the minimum and maximum values of almost all
the correlation coefficients, highlighting then different
reciprocal influences between the parameters depending
on the climate chosen for the simulation.

a)

PE[ 0.034

NPV[ 0.287 |7 0:509

insN [==0.646 0. |

inss| -0.504 0.236

winN -0.549 | -0.598 | 0.083 | -0.106

winS[= 0.011 | -0389 | 0.051 | -0316 | -0.035 |
N28 PE NPV insN insS winN

b)

PE[0.484

NPV

insN| -0.309 | -0.611 | -0.436

insS| -0.009 | =0.641 | -0.382 [10:5497]

winN[7=0500 | 0.120 | -0.076 | 0.495

wins| -0.547 | 0310 | -0.131 | 0.261 M‘W\
N28 PE NPV insN insS— winN

Figure 2: correlation matrix, minimum (a) and
maximum (b) correlation values of the six optimizations.

The correlation matrix provides also a clearer explanation
for the aforementioned phenomenon of higher-insulated
solutions having greater PE consumption and lower N28
values than less insulated ones. In fact, by analyzing the
correlation between winS, N28 and PE, a negative
correlation coefficient is detected in all cases between the
first two. It is then evident that as winS increase, i.e. as

more efficient windows are selected, N28 decreases.
Instead, the correlation coefficient between winS and PE
is always positive, therefore more efficient windows lead
to major energy consumption. It is also interesting to note
that the absolute value of the first coefficient is way
greater than the second one. Therefore, as it can be
deducted also by the bubble charts, the benefic effect of a
more efficient window on N28 is way greater than the
penalizing effect that it has on the PE consumption.

Conclusions

A reliability-based  design  optimization for a
refurbishment practice of a residential building in Trieste,
Italy, was carried out. Data uncertainty was taken into
account for economic parameters and climatic data.
About the formers, the uncertainty was considered
through the assumption of a stochastic distribution of the
increase in energy prices during building’s lifetime and of
the investment cost. Regarding the latter, six different
climatic datasets were used for as many different
optimization runs: of these datasets, one refers to the
actual climatic situation and has been obtained through
the data detected between 1995 and 2019. The other five
datasets were obtained through the projection of the
aforementioned one by using five different climate
models applied to the RCP8.5 scenario. Three objectives
have been set for the optimization: the first one reflects
the stochastic nature of the problem by maximizing the
Net Present Value with a probability of being exceeded
by 90% in order to reflect the choice of a prudential
decision-maker. The other two objectives regard the
minimization of the Primary Energy used and of
overheating problems during summer season, identified
by the number of hours in which the operative
temperature of the apartments is greater than 28°C (N28).

The results showed important differences for the three
objective behavior due to the various climatic datasets
used. This highlights the necessity of carefully weigh the
importance of choosing the correct climatic boundary
condition to set for the simulation. Finally, this work also
emphasizes the importance of considering the
performances all over the year, even when dealing with a
seasonal-centered refurbishment design.
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