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problem is even more important when dealing with
dynamic simulation and the requirement of hourly data
for the location and period of interest.
Weather data files usually contain hourly frequency data
with thermo-hygrometric air conditions, solar radiation,
wind speed and direction. In building energy
simulations, test reference years are usually used.
Several TRY calculation methods were developed in
literature and the most widely used is based on
Finkelstein-Schafer statistic, described in EN ISO
15927-4 technical standard. This particular weather file
is directly obtained from multi-year measurements. It is
essentially composed of real weather recordings: the
most representative measurements for each month are
statistically identified and used to compose an entire
year, with smoothing techniques between a month and
the other.
Pernigotto (2017) compared six different methodologies
for TRY calculations applied to two datasets recorded in
Trento and Monza. The author obtained different TRYs
and applied them to building optimization, analysing the
Pareto frontier design outcome. In literature, instead,
little research regarding optimization results was carried
out with dataset obtained using different recording
periods within the same area.
Cui (2017) highlighted that, to take correctly into
account climate variability, using multi-year simulations
is recommended. Nevertheless, this method is not always
easily carried out since weather meteorological stations
that can provide long-lasting measurements are scarce.
The problem is even more complicated by the different
weather scenarios that are usually affected by local
morphology. In addition, multi-year simulations are
more computational demanding, especially in
optimization problems where hundreds of simulations
are often required. An additional problem is that TRY
are generated using past weather data, however, the
efficiency of a refurbishing measure is measured in
future time. Hosseini (2018) applied a prediction model
to generate future weather conditions files and he used
them in roof design optimization. Huws and Jankovic
(2014) analysed the effect of retrofit measures for
current and future climate showing an increase in carbon
emissions in the future. Ciulla, et al (2016) used a
similar approach performing a Design of Experiments
(DOE) for a social housing stock in Italy, they
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This paper investigates the effect of climatic data on the
results in an optimization loop applied to a refurbished
social housing building. The considered energy
reduction measures involve the application of internal
insulation layers to the original walls and the
replacement of existing windows with more efficient
ones. The optimization relies on the numerical results
obtained by the underlying simulation engine, but the
results can be heavily influenced by the adopted climatic
data. In this study, the impact of the choice of three
different TRYs (from the same area of Trieste), applied
to multi-objective optimization is investigated.
EnergyPlus performs the energy simulation while
modeFRONTIER, with python scripting, drives the
optimization. The results highlight the differences in the
optimal choices a designer can obtain by changing the
climatic database.

Introduction
It is well known that the energy consumption in
residential sector represents the highest share of the final
energy use in industrialized countries. For instance, in
Italy, the consumption in the civil sector covers 36 % of
the whole final energy, as a comparison the transports
absorbs 32 % and the industrial sector reaches a 23 %
share. These figures highlight the undeniable urgency to
reduce the energy requirement for heating and cooling of
buildings. The highest share of energy can be accounted
for building heating, especially in northern Italy, and it is
due to the poor building fabric insulation. In order to
reduce the building consumption for heating, large
investments are focused on refurbishment activities,
however, a balance should always be searched between
investment costs and energy savings. Desogus (2013),
evaluates the economic feasibility of different energy
efficiency retrofits for social houses highlighting the
benefits of subsides. The same results were obtained by
Manzan at al. (2016) showing the need of subsides if
windows replacement is required for an apartment in
Trieste. In order to take into account the energy efficient
measures and involved costs at the same time,
optimization techniques are gaining great interest, and
for example Ascione et al (2015) applied optimization
techniques to identify cost optimal solutions for building
refurbishment. However, the final result depends heavily
on the availability of climatic data, or TRYs. The
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highlighted the cost optimality of moderate refurbishing
measures.
However,
considering
weather
measurements
traceability and weather files availability, TRYs are the
weather files most commonly used and were thus chosen
for this analysis.

Base building description
An existing building in Trieste was chosen to run the
optimization: it is a historical building and it is
composed of four sections with apartments adjacent to
each other. Every section is formed by four floors, each
one with two small flats. The ground floor apartments
consist of a kitchen, a bathroom and a bedroom. Every
level above the ground floor has two apartments that
contain one and two bedrooms respectively, a bathroom
and a kitchen. The ground level floors and the third level
ceilings are adjacent to aerated crawl spaces. The base
building was built with massive structures (no insulation
was present): due to its historical importance, all the
refurbishments were designed to preserve the facades.
Therefore, all the vertical insulation layers were placed
in the internal part of the structures, while no cooling
system is installed. Figure 1 represents the distribution
on each floor and a typical flat.

Figure 3: Model image
Opaque constructions and external fenestrations
performance values are reported in Table 2.
Ventilation was modelled as time-varying to take into
account voluntary window opening for fresh air purposes
and involuntary infiltration. Figure 4 reports the air
change rated used in occupied zones and stairwells.
Infiltration in crawl spaces and unoccupied roof-spaces
was modelled as constant, with a value of 0.6 ACH for
the base model and 0.3 ACH for the insulated model.

Figure 4: Air changes per hour
The external wall is a massive construction and it is
mainly composed of two layers of full-bricks, each 25
cm thick. The ground floor, the roof and the third level
ceilings are composed of a concrete structure whose
thickness varies from 15 cm to 22 cm.
External fenestrations consist of a single-layer glass with
high SHGC and thermal transmittance.
Internal gains and occupancy patterns do not change
between the original and the insulated models and are
variable according to the destination of each space.
Electric gains correspond to a maximum of 400 W for
kitchens and 100 W for bedrooms. These gains are timevarying according to the space type as shown in Figure
5. No gains were modelled for entrances, circulation
spaces and bathrooms. Lighting gains were considered
as included in internal gains.

Figure 1: Buildings plant

Figure 2: Building satellite picture

Building model description
The building was firstly modelled with DesignBuilder
(2017), a software interface that uses EnergyPlus (2016)
as calculation engine. The model replicates the state of
the building before the refurbishment.

Figure 5: Internal electric gains
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The weather datasets aim to test the differences in TRYs
obtained from different recording periods. Therefore, the
impact of rising temperatures in building energy
optimization was analysed.
In Table 1, cooling degree-day and heating degree-day
are reported for the three datasets.
Table 1: Weather files degree-days
Figure 6: Persons absolute number
Weather file
IGDG
CTI
UNITS

Occupancy was modelled with a maximum of two
persons for kitchen and bedroom and one person for
bathrooms. Occupancy is time-varying as shown in
Figure 6.
Heating setpoint temperature is 20°C from 7 am to 2 pm
and from 4 pm to 11 pm. During the remaining time a
setback temperature of 18°C was set.
Each building was modelled with an HVAC system
composed of a gas boiler (E+ object Boiler:HotWater)
and water radiators as terminals (E+ object
ZoneHVAC:Baseboard:RadiantConvective:Water).
Pumps were modelled as variable speed pumps (E+
object Pump:VariableSpeed). Both pumps and boilers
power have been set as “Autosize”, an EnergyPlus key
word that allows the software to calculate the design
power based on sizing calculations.
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 modelled as
unconditioned spaces, thus without heating terminals.
Finally, no cooling system was modelled.

Recording period
1951-1970
1995-2017
2001-2010

CDD18
594
733
704

HDD18
1882
1553
1671

Methodology
The optimization was carried out with modeFRONTIER
software (modeFRONTIER 2014): an optimization
environment that can be coupled with third-party
engineering tools. modeFRONTIER is a commercial
code developed in Trieste by a ESTECO a spin-off of
the University. Different algorithms can be applied using
numerical codes as computational cores for performing
optimization. The program takes care of the whole
optimization process. It starts by generating the
parameters defined by the user, runs the simulation code
directly or using user defined scripts, reads the outputs
applying the chosen optimization algorithm to define
new designs. For the present case a python script has
been created in order to allow modeFRONTIER to drive
the optimization. The python script implements the
“eppy” library using the parameters provided by the
optimizer. It modifies the building model characteristics
(IDF objects), runs the EnergyPlus simulation, and reads
the results of a single run post processing the data. The
script takes care also of the economical side of the
problem by computing the investment costs and the net
present value. Primary energy and net present value are
used as optimization objectives by modeFRONTIER in
order to define new designs. The computation workflow
is represented in figure 7.

Weather files
Three weather files were selected to accomplish the
optimizations. The first was obtained from EnergyPlus
weather data source and it was derived from the “Gianni
De Giorgio” weather file collection. This TRY was
created from measurements recorded from 1951-1070.
The second TRY has recently been elaborated by Italian
Thermo-Technical Committee and it is based on
measurements from the early 2000s. Since the solar
radiation is reported as global radiation on horizontal
plane in the CTI file, the Perez model was chosen to
extract its components: direct normal radiation and
diffuse horizontal radiation, Lupato (2018).
The third data was recorded by the University of Trieste,
and it reports all weather quantities at 10 minutes
interval, in this case also the measured direct horizontal
radiation is available, the data has been recorded
between 2001 and 2010.
According to the latitude and longitude reported in the
weather files, the three weather stations are distant 1 km
from each other with no relevant elevation differences.
The IGDG, and CTI datasets have been recorded at the
same place on a dock surrounded by the see, while the
UNITS data has been collected on the roof of a building
located less than two hundred meters from the see.

Figure 7: Workflow representation
The multi-objective optimization aims to minimize the
primary energy and the net present value of the
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refurbishment investment. Similar design objectives has
been used by Pierangioli and Cellai (2016), but they
used a Design of Experiments (DOE) approach, while
Huws and Jankovic (2014) used DesignBuilder to
perform a genetic optimization but the objectives were
the reduction of carbon emissions and thermal comfort
indices.

and the optimization is performed indirectly on
mathematically constructed surfaces as performed in
Hiyama (2015) for daylighting calculation. However, the
solutions heavily depend on the mathematical form used
to interpolate the real computation results. Manzan and
Clarich (2017) adopted the FAST algorithm of
modeFRONTIER, comparing the results with standard
genetic NSGA II algorithm for a daylighting problem,
showing how the same Pareto front can be obtained with
a fraction of the simulations and substantially lower
computational time. In the present case, the same
approach was applied. The FAST algorithm starts from a
Design of Experiments and trains a Response Surfaces.
For each objective a different set of RSM is trained, then
the complete virtual optimization can be performed in a
few instants without using the numerical codes. The
solutions pertaining to the Pareto frontier are then
validated through real time simulations, in this case
EnergyPlus, updating the database used for RSM
training. In this way, more and more accurate RSM is
built in an adaptive and interactive way.
Sixteen individuals compose the initial population and
the optimization was carried out for 15 generations, for a
total of 240 solutions. Each run of EnergyPlus lasted
approximately one hour on a XEON X5650 cpu at 2.67
GHz with 24 cores.
Using 16 simulations in parallel each optimization could
be accomplished in about 16 hours.

Design choices
Ten optimization variables were defined: seven variables
are related to the opaque surfaces and three are related to
transparent ones. The opaque variables are the insulation
thickness of the four external walls with different
exposition plus floor, roof and ceiling that separates
heated areas to unheated roof space. The variables
related to transparent surfaces are the thermal
characteristics of the north and south exposed windows.
Southern façade consists of two different windows
dimensions that were treated as separate variables. Table
2 reports the base and the lower and higher ranges of
overall thermal transmittances for opaque surfaces, along
with the insulation layer characteristics (conductivity,
density, specific heat and thickness). Base thermal
transmittance values are highlighted in grey.
In Table 3, the window glass and frame thermal
transmittances are reported. Three different types of
windows were chosen: a double-glass with air gap, a
double-glass with argon filled gap and a triple-glass with
argon filled gaps. Solar performance values and prices
are reported as well. Base thermal transmittance values
are highlighted in grey.

Net present value
The net present value of the investment was calculated
over 30 years with the equation 5.

Design choices costs
The costs of insulation layers were calculated as gross
prices, considering also the cost of installation. Prices
were obtained from the public regional administration
price list Prezziario Regionale dei Lavori Pubblici
(2017). The equations for price calculation, expressed in
EUR/m2, are hereafter reported in equations from 1 to 4.
The variable t represents the insulation thickness
expressed in centimetres:
𝑝𝑐𝑒𝑖𝑙 = 1.508 ∙ 𝑡 + 1.914
𝑝𝑓𝑙𝑜𝑜𝑟 = 2.448 ∙ 𝑡 + 4.527

(1)
(2)

𝑝𝑟𝑜𝑜𝑓 = 3.2271 ∙ 𝑡 + 6.611

(3)

𝑝𝑤𝑎𝑙𝑙 = 2.614 ∙ 𝑡 + 4.007

(4)

𝑁𝑃𝑉 = −𝐶0 + ∑30
𝑖=1 𝐶𝑖 · (

1+𝑓 𝑖
1+𝑟

)

(5)

Where:
f is the inflation rate, set to 0.7%
i is the time of the cash flow
r is the discount rate, set to 1.17%
C0 is the cost of the investment expressed in EUR
Ci is the cash flow, calculated with equation 6.
𝐶𝑖 = 𝐶𝑜𝑠𝑡𝑏𝑎𝑠𝑒 − 𝐶𝑜𝑠𝑡𝑖𝑛𝑠𝑢𝑙𝑎𝑡𝑒𝑑
(6)
Where:
Costbase and Costinsulated are the annual operational costs
considering both natural gas and electricity, for base and
insulated models, respectively.
Primary energy and conversion factors
Conversion factors to primary energy were set to 2.42
and 1.05 for electricity and natural gas, respectively.

Window prices were instead acquired from real quotes,
the price comprises transport and installation costs.
Optimization settings
When dealing with optimization the computational cost
can become a limiting factor. For instance, genetic
algorithms require hundreds of simulations, the speed of
modern computers and the availability of multicore
systems can help in reducing the computational burden.
Yet, when the time spent for a single simulation
increases, alternative methods can help designers to
obtain optimized solutions in reasonable times. Response
Surface Methods (RSM) are gaining popularity since
only a limited number of direct evaluations are required,

Operational and energy costs
Standard cubic meters of natural gas were calculated
considering the lower heating value of natural gas and
were set to 9.94 kWh/sm3. The costs of natural gas and
electricity were considered as constant and were set to
0.98 EUR/sm3 and 0.25 EUR/kWh, respectively.

Discussion and results analysis
Optimizations results are reported in Figures 8 to 13 with
bubble-plots. Bubbles diameters are proportional to the
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external walls thermal transmittance, south and north
oriented, that covers most of the heat losses. Bubble
colours represent window types that is blue Type 0,
green Type 1 and red Type 2. NPV and primary energy
represent x and y-axes, respectively.
The Pareto frontiers are generally composed by low wall
thermal transmittances (lower diameter bubbles) while
south- and north-oriented windows are usually different:
northern fenestrations are characterized by low
transmittance and SGHC, plotted with red colour in
figures. South exposed windows instead show higher
transmittances and SGHC, green and red colours in
figures. An unsurprising result, since high SGHC
windows increase solar gains and no cooling system was
simulated. The pattern is common to all TRY files.
Figure 14 presents the three Pareto frontiers obtained
with different TRYs at the same time. The different
position of the results represents the impact of the
weather files in the optimization.
Finally, a weighted coefficients method was used to
choose three design combinations, among those of the

Pareto frontier, for each optimization run. The
coefficients used, applied to NPV and PE objectives are
NPVc = 1 and PEc=0, which means maximum net
Present value, NPVc=0.5 PEc=0.5 mean value NPVc=0,
PEc=1 minimum primary energy. The results for each
solution are reported in Tables 4, 5 and 6. In Figure 14,
the three solutions for the three cases are also
highlighted for each Pareto frontier.
An additional information is given by primary energy
analysis, for instance for the three weather files the same
pattern is replicated, the difference among minimum
primary energy consumption and mean values is low. On
the contrary the values of NPV increase substantially
from the optimum energy solutions to the meanweighted one (0.5 coefficient for both optimization
variables). The behaviour is reversed if the mean
solution and the maximum NPV ones are compared. In
this case large differences in PE are evident for a limited
variation of NPV, indicating that with a little more
investment substantial energy savings could be obtained.

Table 2: Opaque overall thermal transmittances and insulation layers characteristics.
Opaque
Construction
Wall
Ceiling
Roof
Floor

Uoverall
min
[W/m2 K]

tinsulation
min
[cm]

tinsulation
max
[cm]

λinsulation

ρinsulation

Cpinsulation

[W/m2 K]

Uoverall
max
[W/m2 K]

[W/m K]

[kg/m3]

[J/kg K]

1.51
15.06
5.86
0.68

0.490
1.608
0.811
1.348

0.139
0.143
0.214
0.17

2
2
2
2

14
25
20
20

0.035
0.036
0.035
0.035

25
140
25
35

1400
1030
1400
1400

Ubase

Table 3: Windows solar properties, prices and glass and frame thermal transmittances are reported.
Base

Type 0

Type 1

Type 2

Window_113x165
5.7
0.87
2.1
1.4
0.66
1.3
365
1.2
0.425
1.3
370
0.8
0.398
1.1
438

Ug [W/(m2 K)]
SHGC [-]
Uf [W/(m2 K)]
Ug [W/(m2 K)]
SHGC [-]
Uf [W/(m2 K)]
Price [EUR]
Ug [W/(m2 K)]
SHGC [-]
Uf [W/(m2 K)]
Price [EUR]
Ug [W/(m2 K)]
SHGC [-]
Uf [W/(m2 K)]
Price [EUR]
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Window_40x90
5.7
0.87
2.1
1.4
0.66
1.3
113
1.2
0.425
1.3
113
0.8
0.398
1.1
122

Figure 8: solutions with CTI weather file and northern
wall transmittance

Figure 11: solutions for IGDG weather file and
southern wall transmittance.

Figure 9: solutions for CTI weather file and southern
wall transmittance.

Figure 12: solutions for UNITS weather file and
northern wall transmittance.

Figure 10: solutions for IGDG weather file and
northern wall transmittance.

Figure 13: solutions for UNITS weather file and
southern wall transmittance.
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Table 4: Pareto Solution with NPVc=1 and PEc=0
NPVc=1, PEc=0

Uwall - south
Uwall – north
Uwall – east
Uwall – west
Uceiling
Uroof
Ufloor
Win(1.13x1.65) N
Win(1.13x1.65) S
Win(0.4x0.9) S
PE (MWh)
NPV (kEUR)
Investment (kEUR)
Pay-back (years)

IGDG
0.282
0.307
0.282
0.243
0.222
1.347
0.489
Type1
Type1
Type3
107.0
177.0
96.4
10.2

UNITS
0.337
0.337
0.282
0.307
0.197
1.347
0.489
Type1
Type1
Type1
105.7
165.7
92.8
10.3

CTI
0.337
0.307
0.282
0.282
0.272
1.347
0.489
Type1
Type1
Type1
101.3
135.9
91.6
11.4

Figure 14: Pareto frontier for each weather file and
selected individual for the analysis.

Table 5: Pareto Solution with NPVc=0 and PEc=1
NPVc=0, PEc=1

Uwall - south
Uwall – north
Uwall – east
Uwall – west
Uceiling
Uroof
Ufloor
Win(1.13x1.65) N
Win(1.13x1.65) S
Win(0.4x0.9) S
PE (MWh)
NPV (kEUR)
Investment (kEUR)
Pay-back (years)

IGDG
0.214
0.214
0.227
0.227
0.143
0.188
0.139
Type3
Type1
Type1
101.5
130.4
157.5
15.9

UNITS
0.214
0.214
0.227
0.227
0.155
0.17
0.217
Type3
Type1
Type1
99.7
121.3
152.7
16.26

Conclusions
Building energy optimization was carried out with
three different weather files and applied to a social
house in Trieste. Although two of the weather
measurements tested were recorded in the same period
and position, Pareto frontiers showed remarkable
differences. The CTI and IGDG datasets generate quite
different Pareto fronts with lower PE for the former,
due to the rise of temperatures. The UNITS Pareto
front shows higher PE than the CTI dataset, since is
less influenced by the sea. As expected the increase in
PE also lead to an increase of NPV as more expensive
solution are searched by the optimization.
In applying multi-objective optimization, attention
should be paid to the choice of the weather file since it
could greatly affect the optimization results, leading to
optimal solutions for a specific climate, but that can be
less performant if climate change effects are taken into
account. Despite the NPV, primary energy differences
cannot be ignored. In this specific case, the design
choices are very similar, as can be noticed from the
analysis of Tables from 5 to 7. For instance, though the
opaque and transparent constructions performances are
similar in most cases, great NPV differences must be
highlighted that can greatly influence the decision
makers in adopting selected solutions.
Further analysis should be carried out to investigate on:
 deeper economic analysis, taking into account
national incentives and facilitations;
 weather file differences at hourly frequency;
 Cooling systems impact on optimizations.

CTI
0.214
0.214
0.227
0.214
0.143
0.179
0.204
Type3
Type1
Type1
96.0
88.1
153.3
18.27

Table 6: Pareto Solution with NPVc=0.5 and PEc=0.5
NPVc=0.5, PEc=0.5

Uwall - south
Uwall – north
Uwall – east
Uwall – west
Uceiling
Uroof
Ufloor
Win(1.13x1.65) N
Win(1.13x1.65) S
Win(0.4x0.9) S
PE (MWh)
NPV (kEUR)
Investment (kEUR)
Pay-back (years)

IGDG
0.214
0.214
0.227
0.243
0.149
1.347
0.345
Type3
Type1
Type3
102.7
167.0
117.6
11.9

UNITS
0.227
0.214
0.243
0.243
0.143
1.347
0.489
Type3
Type1
Type1
101.0
156.7
114.1
12.2

CTI
0.214
0.214
0.227
0.214
0.143
1.347
0.489
Type3
Type1
Type1
97.1
122.5
116.3
13.8

Nomenclature
ACH
Cp
CTI
E+
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Air changes per hour
Specific heat (J·kg-1·K-1)
Italian Thermo-Technical Committee
EnergyPlus

IGDG
𝑁𝑃𝑉
𝑁𝑃𝑉𝑐
𝑝
𝑃𝐴𝑁

Gianni De Giorgio weather file database
Net Present Value (kEUR)
Net Present Value Coefficient
Price (EUR)
People absolute number
PE
Primary Energy
Pec
Primary energy coefficient
SGHC Solar Heat Gain Coefficient
t
Tickness (cm)
TRY
Test reference year
U
Thermal transmittance (W·m-2·K-1)
Uf
Frame thermal transmittance (W·m-2·K-1)
Ug
Glass thermal transmittance (W·m-2·K-1)
UNITS University of Trieste
λ
Thermal conductivity (W·m-1·K-1)
ρ
Density (kg·m-3)
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