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Abstract: Thermal energy storage (TES), which features an innovative technology, can enhance energy
efficiency in the building sector and reduce CO2 emissions. Due to their high heat storage capacity,
phase change materials (PCMs) have impressed many researchers. This paper investigates the energy
performance of an individual house integrating a solar Trombe wall containing PCM with respect to
heating demand and thermal comfort applications. The thermal energy performance of the design
house was simulated using Dymola/Modelica, the thermal building simulation tool, whereby the
optimization of objective functions as regards heating demand and thermal comfort was executed
using GenOpt, the generic optimization software. Optimization of the solar Trombe wall focuses on
the feasibility to find the optimal PCM parameters when running GenOpt, which consist of latent heat,
melting temperature, PCM thickness and thermal conductivity, in order to minimize both the annual
energy consumption for heating and the number of hours of thermal discomfort. The parametric
study was first conducted for each PCM parameter so as to not only observe its effect on the identified
energy performance, but also ensure the absence of errors in simulation runs before performing
the optimization. The ‘Coordinate Search’ Generalized Pattern Search (GPS) algorithm was applied
to minimize the objective function, whereas the ‘Weighted Sum Approach’ was used to solve the
multi-objective function problem. Results showed that the higher the latent heat, the lower the heating
demand and the greater the thermal comfort. The results of these parametric studies show that for the
effect of the parameter on heating, demand is quite limited (1–2 kWh·m−2·year−1) whereas the effect
on thermal comfort is more significant. The optimal PCM melting temperature is higher for warmer
climates; it is also higher for the studied case applying the optimization method to minimize the
objective function by assigning the number of hours of thermal discomfort (from 32.8 ◦C to 35.9 ◦C,
depending on weather) than it is when applying the optimization method to reduce the objective
function by assigning heating demand (from 31.5 ◦C to 32.9 ◦C, again depending on weather).

Keywords: individual house; solar composite Trombe wall; phase change material; Dymola/
Modelica; GenOpt

1. Introduction

Buildings are responsible for roughly 40% of EU energy consumption and 36% of its CO2

emissions [1]; it is the single largest energy consumer category in Europe. A package of energy
efficiency measures (EEMs), under the guidelines of European regulations (EU) [2,3], has established
various building measures to mitigate consumption, including building envelope improvements,
passive techniques, building system modifications as well as measures based on sustainable energy
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sources. A solar Trombe wall that integrates a phase change material (PCM), which is the focus of the
present study, is a passive design technique that may be considered as an EEM.

When a numerical model of a system is developed and integrated into a building model, the ystem
design can be improved so as to achieve better building energy performance. Parametric studies can
be conducted; with this method, varied inputs of each variable expose the impact on the objective
functions, while all other variables are held constant. This methodology is frequently time-consuming
since it requires iterative repetition with other variables to achieve a dual purpose: observe the
objective results; and recognize that its results will only be an incomplete improvement due to
complex and nonlinear interactions of input variables on simulation results [4]. To derive an optimal
or near-optimal solution to a problem with less manual time, the computerized building model
is typically solved by iterative techniques for developing infinite sequences of continuously better
approximations to a “solution”, i.e., finding a point in the search space that satisfies an optimality
condition [4]. Due to the iterative nature of this methodology, such methods, commonly known as
‘numerical optimization’ or ‘simulation-based optimization’ [5], are typically automated by means of
computer programming. The reviews regarding the optimization of thermal building design have been
discussed in previous papers, including: a review of computational optimization methods applied to
renewable and sustainable energy [6,7]; a review of the optimization of passive solar design strategies
concerning the more commonly used thermal building simulation tools, with optimal solutions to a
multi-objective design [8]; a review of simulation-based optimization approaches and commonly used
algorithms applied to building performance analysis [5,9]; a literature review of papers on improving
the energy performance of residential buildings [10]; a review paper on simulation-based optimization
in building envelope design based on the most widespread algorithms and well-known optimization
software tools [11,12]; and a review specifically dedicated to the energy performance optimization of
existing buildings [13].

Simulation-based optimization has become a cost-effective method accommodating many extreme
necessities of high-performance buildings, e.g., low-energy buildings, passive houses, green buildings,
net zero energy buildings, zero-carbon buildings. It entails the use of a computer-automated model,
in which a thermal building energy simulation program is combined with an algorithmic optimization
engine. In this way, the optimization problem is solved using iterative methods driven by optimization
algorithms [9] that build orders of increasingly improved approximations to reach a ‘solution’,
which in reality is a point satisfying an optimality condition inside the search space. In this work,
Dymola/Modelica [14], the dynamic thermal simulation program for buildings to analyze thermal
and energy behavior, is coupled with the Generic Optimization program GenOpt R© [15].

A thermal building simulation program coupled with optimization approaches requires
considerable processing resources and computation time since a yearly building simulation relies
upon numerous parameters, inherent in both the complexity of the building model (e.g., number
of thermal zones, building components, simulation alternatives) and the chosen simulation engine.
To obtain an optimal or near-optimal solution, a typical optimization analysis requires anywhere from
a small number to a few thousand evaluations, thus resulting in running times that can last from a
few minutes to hours or even days until an acceptable solution is reached. To decrease the simulation
runtime, both the appropriate optimization algorithm and specific applied techniques need to be
taken into consideration.

Optimization refers to an approach to find the minimum or maximum value of a function with
respect to a selection of various variables subject to various constraints. The optimization function,
also known as cost function or objective function, is typically determined with the help of simulation
tools. The use of a specific optimization method that does not rely on computing function derivatives
is necessary since some code features may be directed towards nonlinearities and discontinuities [9].
Optimization methodologies can be implemented in various building model problems, e.g., building
envelope, orientation, fenestration and facade design, plus thermal comfort, daylighting, energy needs
for heating and/or cooling and construction costs.
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GenOpt R© is a rather commonly used tool in the building optimization method according to the
results of interviews with building optimization experts [16]. The GenOpt program runs on the source
code in JAVA and is a free generic optimization tool built to execute building optimization problems
(BOPs); it is thereby appropriate and reasonable to use in building performance simulations (BPS)
with an acceptable level of complexity. Furthermore, GenOpt is an optimization tool to minimize the
objective function f (·), as evaluated from external simulation tools that read its input from text files
and write its output to text files, e.g., EnergyPlus [17], TRNSYS [18], Dymola/Modelica. Choosing
optimization algorithms for a particular study condition serves to reach the optimal cost function value,
leading to the best cost reduction [19]. Hence, the methodology for choosing an optimization algorithm
in a given BOP normally depends on various considerations, such as design variables, constraints and
nature of objective functions, analytical first- and second-order derivatives of the objective functions,
static vs. dynamic problem and potential algorithm performance [20].

Building optimization studies that select the cost function as an objective to minimize can be
performed based on both the single and multi-objective approaches. Nonetheless, the single-objective
approach, i.e., comprising just one objective function, can be optimized in a simulation-based
optimization (60% of building optimization investigations have used the single-objective method [7]).
In any case, designers frequently need to juggle, in real-world building optimization problems,
with more than one objective function to optimize and simultaneously contradictory design problems,
e.g., minimum energy consumption vs. maximum thermal comfort, minimum energy consumption vs.
minimum construction cost. Therefore, multi-objective optimization is, in many cases, more efficient
and applicable than the single-objective method [21,22]. Two well-known methodologies typically
exist for multi-objective optimization problems: weighted sum, and a Pareto front result. Using a
weighted sum function is one method, whereby each of the objectives is simplified and summed along
with its related weight factor in order to obtain just one cost function. The simplified approach to
solving a multi-objective problem is known as “scalarization”; its purpose is to first assign individual
weighting factors to each criterion, then the objective function will be the weighted sum of all the
criteria [23]. In other words, this multi-objective optimization will transform into a single-objective
problem by means of linear scalarization.

The previous work [24] studied the impact on the heating demands of integrating a solar wall in
a single-family dwelling and the number of hours of thermal discomfort based on several types of
composite solar walls. This study reveals the conceivable effect of relating the thermal energy storage
(TES) of PCM during charging and discharging as a heating supply source during the heating period
to the reference study case of a house without a solar Trombe wall. The energy needs for space heating
and the number of hours of thermal discomfort were determined in this study by seeking an objective
function of energy performance leading to optimal energy consumption.

The literature contains many relevant studies regarding the optimization of solar Trombe walls:
optimization of the type and thickness of the Trombe wall core layer by means of EnergyPlus,
GenOpt and a parametric algorithm [25]; combination method between the Life Cycle Assessment
(LCA) approach and the factorial plan technique to design and optimize energy and environmental
performance [26]; and optimization of a Trombe wall system using TRNSYS and the Life Cycle
Cost (LCC) criterion [27]. At the same time, optimization studies have also been carried out with
respect to optimal PCM, with the aim of improving building energy performance: optimization
study of the latent heat of PCM integrated into external building walls [28]; multi-objective
optimization methods for the energy retrofitting of office buildings integrated with PCM-enhanced
opaque building envelope components [29]; an analytical approach detecting the optimal PCM
melting temperature in a passive solar room [30]; optimization of PCM melting temperature to
enhance conservation energy [31]; simulation-based optimization of PCM melting temperature using
EnergyPlus and GenOpt to enhance the energy performance in buildings [32]; optimization analysis of
a PCM-enhanced opaque building envelope for energy retrofitting [29]; optimization of a building
envelope integrating PCM for nearly zero-energy buildings (nZEBs) [33]; and the application of PCM
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for retrofitting existing buildings [34–36]. The implementation of PCM can also optimize the level of
CO2 emission. Some of the previous literature studies regarding the PCM to reduce CO2 level have
been conducted [37–41]. It is interesting therefore to study the building energy performance based on
a simulation-based optimization within an approach coupling the solar Trombe wall with PCM for the
purpose of maximizing building performance.

Qingsong M. et al. [42] conducted an analytical optimization of a ventilated composite Trombe
wall in the energy performance of an office building. The purpose of their study was to optimize the
power supplied from a ventilated Trombe wall using a dynamic thermal load calculation tool (THERB
for HAM) for heating applications in winter. The outcome from this optimized ventilation within a
Trombe wall led to the reduction of annual energy costs by up to 3.7% compared to non-optimized
ventilation. Tamara B. et al. [43] used 3D numerical CFD analysis to simulate and optimize the thermal
impact to the energy requirement of a Trombe wall integrated into a passive house. The optimization
of the resultant Trombe wall was based on the various parametric simulations in alternating different
types of glazing placed at the exterior side of the wall. The energy savings reported in the analytical
studies were in reality obtained. Milorad B. et al. [25] optimized the energy and environmental
performance of two passive Trombe walls placed on the south side of a house located in Lyon,
France by means of coupling EnergyPlus as a thermal energy simulation tool with the GenOpt
parametric algorithm as a generic optimization engine. The optimal parameters to be determined
consisted of: (1) the optimal size of the Trombe wall; and (2) the optimal combination of glass, frame and
core material composing the Trombe wall. The objective function was to minimize the annualized life
cycle primary energy for heating. The output revealed an energy savings for heating on the order of
20% compared to the building without Trombe walls. Francesca S. et al. [26] used an LCA approach,
a thermal simulation tool and analytical optimization based on a factorial plan method to optimize a
solar Trombe wall in terms of its various wall materials and design features. The optimal result showed
that the cumulative energy demand of solar walls for both production and use could be reduced by up
to 55%, while it was simultaneously feasible to minimize the CO2 as well.

However, according to the aforementioned review performed by the authors, no research has
targeted the simulation-based optimization of a solar Trombe wall incorporating a PCM. Some of the
investigations discussed above regarding optimization are simply the analytical and parametric studies
on optimization that have yielded an incomplete and/or partial improvement in results. Consequently,
a scientific gap exists in improving the thermal performance of the solar Trombe wall integrating
PCM into the building applications that lead to minimizing the energy consumed for purposes of
heating/cooling and maintaining thermal comfort.

This study aims to bridge the scientific gap indicated above as regards implementing and
optimizing PCM within a solar Trombe wall integrated into an individual house located in northern
France. It further investigates the possibilities of applying the simulation-based optimization approach,
coupling Dymola/Modelica, the thermal building simulation tool, with the generic optimization
GenOpt, towards energy efficiency measures (EEMs) using sustainable energy to minimize the annual
energy consumption inside buildings. The secondary objectives of this study are to identify the
parametric studies pertaining to the effect of four thermal properties of PCM, i.e., latent heat LApcm,
melting temperature TMpcm, storage wall thickness epcm and thermal conductivity λpcm, and to
establish the simulation-based optimization methodology targeting the following objective functions:
heating demand objective function, number of hours of thermal discomfort objective function and
heading demand + number of hours of discomfort objective function.

2. Methodology

2.1. Description of the House Model

The model and its main characteristics have already been presented in previous work [24] and
validated in [44]. The thermal behavior of the house was modeled using the ‘MixedAir’ component
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of the ‘Modelica Buildings Library’ [45], in connecting a solar Trombe wall model developed by our
team and presented in [24]. The ‘MixedAir’ component, which contains heat transfer via opaque and
non-opaque elements like walls, ceilings, floors and windows, can be utilized to simulate the single
or multi-zone model. Air flowing inside the room is mixed, while air circulating between zones is
neglected. Furthermore, a total airflow of 150 m3/h is assigned for the whole house according to the
standard [46]. Schematic diagram of this house model has been shown in previous works [24].

Figure 1 shows the schematic architectural view of the detached house, which comprises
three thermal zones: the coupling zone on the north side of the house, with a total area of
30.39 m2; the 11.13 m2 bedroom on the south side; and the 24.25-m2 living room on the south side.
The constructive features of this detached house as well as the physical characteristics of its elements
are given in the table of the previous work [24].

Figure 1. Schematic depiction of the detached single-family house.

The window features integrated into the zoning are composed of double-glazing with an air gap
of 12 mm between 4-mm thick glass panes and a low-emissivity thin coating. The frame area as a
proportion of the total window area equals 38% (Ufr = 0.38). Window area and orientations have been
reported in the previous work [24].

2.2. Solar Trombe Wall Description and Climatic Regions

Figure 2 shows the vertical cross-section of the solar Trombe wall. The system consists of the PCM
storage wall, with a total area of 2.88 m2 (1.34 m wide by 2.15 m high), double glazing on the exterior
and an insulating panel on the interior. The storage wall is a composite material including cement
mortar and 17% by mass of microencapsulated Micronal BASF 5001 DX R©, generating a latent heat of
17.1 kJ/kg. The phase change temperature is 25.8 ◦C. The characterization of the thermal properties of
the composite storage wall has been described in [47]. The thermal characteristics of the element used
in the solar Trombe wall system are listed in table of the previous study [24]. The numerical study
of the solar Trombe wall integrated along with the concrete and PCM storage wall, compared to the
results of measurement data, were validated in previous studies [44,48]. It should be noted herein that
the solar Trombe wall, installed at the southern wall of the house model, is exposed to both sunlight
and outside air.
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Figure 2. Vertical cross-section of the solar Trombe wall system.

Three weather files used in the simulation have been extracted from the “EnergyPlus” software
website [49]. Table 1 shows the meteorological parameters specific to the monthly maximum of the
global solar flux and the monthly average outside air.

Table 1. Meteorological parameters for Paris-Orly, Lyon and Nice (France).

Weather Variable January February March April May June July August September October November December

Paris φ, (W/m2) 154 253 366 523 588 649 671 627 481 334 198 135
T, (◦C) 3.9 4.2 7 10 14.3 16.8 19.4 19.7 15.7 11.3 6.4 4.7

Lyon φ, (W/m2) 185 324 493 583 623 713 760 659 561 339 214 161
T, (◦C) 3.3 3.8 7.9 10.8 15.4 19 21.6 20.4 16.4 13 7.3 4

Nice φ, (W/m2) 314 432 541 675 724 779 841 793 636 439 327 273
T, (◦C) 9 8.8 11.5 13.1 17.5 20.6 23.9 24 20.8 16.2 11.8 9.2

3. Parametric Study

Before proceeding with the optimization of solar Trombe wall parameters, it is important to
understand the impact of each PCM parameter on the thermal performance of the solar Trombe wall
at the building scale. The parameters considered herein relate to the characteristics of the composite
material (mortar + PCM): the latent heat LApcm, the melting temperature TMpcm and the thermal
conductivity λpcm. The variation in PCM thickness eppcm is also taken into account. Table 2 shows
the definition, established range and value steps to be optimized. The bounds were chosen one-by-one
to be physically plausible (since not all combinations are realistic). It should be noted that once a
parametric study has been conducted, all the other parameters are held at their basic value, as given in
the “Base” column of Table 2.

Table 2. Solar Trombe wall parameters: definition, respective ranges and steps.

Parameter Definition Units Minimum Base Maximum Steps

LApcm latent heat J/kg 10,000 17,100 40,000 1000
TMpcm melting temperature ◦C 18.8 25.8 55.8 1

epcm storage wall thickness m 0.04 0.04 0.15 0.01
λpcm thermal conductivity W/(m·K) 0.2 0.62 1 0.05
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4. Effect of Solar Wall Parameters on Heating Demand

4.1. Variation in Latent Heat (LA_pcm)

First of all, Figure 3 shows that the heating demand varies by 1 kWh·m−2·year−1 within the
defined range of latent heat. It further indicates that as the latent heat increases, the energy supplied
by the solar Trombe wall decreases; paradoxically, heating demand also decreases. To fully understand
this phenomenon, it is necessary to more accurately analyze the effect of a latent heat increase on the
indoor temperature and the power being released by the solar Trombe wall.

Figure 3. Energy supplied by the solar Trombe wall and annual heating demand vs. latent heat during
the cold season (7 months total: January–April and October–December).

Figure 4 displays the fluctuation in power supplied and temperature inside the bedroom during
two winter days relative to three latent heat values. For the first day, as the power supplied increases,
the temperature curve lies above the setpoint temperature (20 ◦C). The lower the latent heat, the
higher the overheating (roughly up to 26 ◦C). Additionally revealed is that when the temperature
curve declines to the setpoint, the power supplied drops rapidly (Psup_LA 10000). The power supplied,
with higher latent heat, is greater, and its curve decreases slowly during the night. The total energy
supplied and heating demand applied with the three latent heat values, as calculated by integrating
power as a function of time, are given in Table 3.

Table 3. Energy supplied by the solar Trombe wall and heating demand over 2 days.

LApcm(J/kg) E Supplied for 2 Whole Days E Heating Demand for 2 Days

10,000 2.60 kW·h 0.35 kW·h
25,000 2.26 kW·h 0.52 kW·h
40,000 1.89 kW·h 0.58 kW·h
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Figure 4. Effect of latent heat on the power released by the solar Trombe wall and temperature inside
the bedroom.

The second column shows that for two days of integration, the lower the latent heat, the higher
the energy supplied (2.60 kW·h > 1.89 kW·h). In contrast, for the third column, instead of integration
over two whole days, it is exclusively integrated when heating is required, meaning that the
energy is calculated when temperature inside the bedroom is equal to the setpoint temperature
of 20 ◦C. It can thus be noted that the higher the latent heat, the higher the energy heating demand
(0.58 kW·h > 0.35 kW·h). The solar Trombe wall with lower latent heat cannot sufficiently charge
or discharge the thermal energy; it releases thermal heat to the bedroom at an inappropriate time
(i.e., with energy from direct solar contributions), hence making energy needs for heating unnecessary
and sometimes resulting in overheating.

4.2. Variation in Melting Temperature (TM_pcm)

Figure 5 presents the effect of PCM melting temperature from 18.8 ◦C to 55.8 ◦C. The heating
demand has an amplitude of approximately 2 kWh·m−2·year−1. An increase in melting temperature
produces a variation in both the energy supplied and heating demand curves.

Figure 6 shows the thermal performance of the solar Trombe wall, as applied with four melting
temperatures vs. power supplied, temperature inside the bedroom and temperature at the center of the
PCM storage wall. The period of days 304 to 305 was chosen as this period enables the PCM storage
wall to fully charge the solar gains and let the PCM go over the melting temperature.

It should be noted that the temperature at the center of the PCM storage wall varies over the first
day; it evolves from 15 ◦C to roughly 55 ◦C. During the hot season, this amplitude can progress from
10 ◦C to 80 ◦C, as reflected in Figure 7. Temperature fluctuations at the center of the PCM storage wall
during the heating period highlight the benefit of choosing a melting temperature neither too low nor
too high. Consequently, it can be stated that as the PCM melting temperature increases, the phase
change occurs less frequently, resulting in increased heating demand. However, this situation presents
the paradox compared to the previous case, as regards the decrease in latent heat increasing heating
demand. This set-up also demonstrates that the lower the PCM melting temperature, the higher
the heating demand (TMpcm shifts from 30.8 ◦C to 20.8 ◦C), which can be explained by the fact that
over the period while the value of PCM melting temperature is too small, the PCM phase change
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is inappropriate to sufficiently charge thermal energy. According to the curve, the lowest heating
demand corresponds to an optimal PCM melting temperature value of 30.8 ◦C.

Figure 5. Energy released by the solar Trombe wall and heating demand in the bedroom vs. melting
temperature during the cold season (7 months total: January–April and October–December).

Figure 6. Variations in: the power supplied by the solar Trombe wall, temperature at the center of the
phase change material (PCM) storage wall and temperature inside the bedroom.
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Figure 7. Daily amplitudes during the entire year of temperature fluctuations at the center of the PCM
storage wall vs. four different values of PCM melting temperature. Tmax_storage wall and Tmin_storage wall

denote respectively the daily maximum and minimum temperatures.

4.3. Variation in the PCM Storage Wall Thickness (e_pcm)

Figure 8 shows that the energy supplied decreases as the storage wall thickness increases from
4 cm to 15 cm, whereas the heating demand curve begins to decline from 4 cm to 12 cm before
increasing from 12 cm to 15 cm. The approximate minimum value of the curve presenting heating
demand remains within the range of 10 cm to 15 cm, which is relatively flat and yields a difference
of roughly 1.5 kWh·m−2·year−1. Figure 9 provides the variation in power supplied as well as the
temperature variation inside the bedroom for a 2-day simulation during early winter based on three
values of storage wall thickness. This figure indicates that the 12-cm thick storage wall charges and
discharges power at the appropriate time.

These results show that the thinner the storage wall, the higher the energy supplied and the
heating demand; it further demonstrates that the temperature inside a bedroom integrated with a
thinner storage wall is increasing (epcm = 4 cm). The power supplied with a storage wall of 12 cm
to 15 cm thick shows poorer results than a 4-cm thick wall, while the temperature curves inside the
bedroom containing a 12-cm or 15-cm thick storage wall are also below those of a 4-cm thick wall.
Similarly, for the variation of latent heat, it should be noted that the power supplied with a wall
thickness of 4 cm decreases rapidly, while temperature inside the bedroom also decreases towards the
setpoint temperature compared to the other configurations (i.e., curves of Tbed_e 12 cm and Tbed_e 15 cm).
Conversely, the power supplied remains positive longer than the case with the thinner wall (e.g., 4 cm)
at night when installing the thicker storage wall. Table 4 reports the total energy supplied and heating
demand vs. three values of storage wall thickness.
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Figure 8. Energy released by the solar Trombe wall and heating demand vs. storage wall thickness
during the cold season (7 months total: January–April and October–December).

Figure 9. Effect of PCM storage wall thickness on the power released by the solar Trombe wall and
temperature inside the bedroom.

Table 4. Energy supplied by the solar Trombe wall and energy heating demand.

epcm(m) E Supplied for 2 Whole Days E Heating Demand for 2 Days

4 6.791 kW·h 0.282 kW·h
12 4.251 kW·h 0.837 kW·h
15 3.393 kW·h 0.818 kW·h

Nevertheless, these findings suggest that the optimal PCM storage wall is 12-cm thick, based on
the result obtained from heating demand (0.837 kW·h) according to Table 4 as well as the heating
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demand curve in Figure 8. A 12-cm thickness is appropriate to charge and discharge whenever heating
demand warrants.

4.4. Variation in Thermal Conductivity (λ_pcm)

Figure 10 shows the effect of thermal conductivity on heating demand, which varies by
1 kWh·m−2·year−1; it further indicates that as thermal conductivity λpcm increases, the energy supplied
by the solar Trombe wall also increases, even as heating demand decreases. Figure 11 presents the
gain in power supplied and temperature inside the bedroom as thermal conductivity increases from
0.22 W/m·K to 1.02 W/m·K.

Figure 10. Energy released by the solar Trombe wall and heating demand vs. thermal conductivity
during the cold season (7 months total: January–April and October–December).

Figure 11. Effect of PCM thermal conductivity on both the power released by the solar Trombe wall
and temperature inside the bedroom.

The variation in thermal conductivity only slightly impacts the difference in temperature and
power supplied compared to the previous parameters studies (LApcm, TMpcm and λpcm). Nevertheless,
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it does substantially influence the amplitude of these variables since it favors the direct transfer of
thermal energy and power supplied to the bedroom.

5. Effect of Solar Wall Parameters on Building Comfort during Winter

Let us note that comfort is studied herein only over the heating period because the solar wall is
not used during the rest of the year. To assess thermal comfort in the building, the comfort observation
criteria, relying on the notion of adaptive thermal comfort performance, will be applied (see related
paper [50]). The defined value of thermal comfort has been provided in Section 2.5 of the previous
study [24]. The variation ranges and parametric studies given in Table 2 are applied the same as above.

Figures 12–15 show the number of hours of thermal discomfort in the room according to each
parameter. The variation in heating demand presented in the preceding sections has been included
herein. In the basic simulation, the number of hours of discomfort (number of hours when the
temperature exceeds the comfort setpoint +3.5 ◦C) was 220 over the entire heating period.

Figure 12 shows that the increase in latent heat over the studied range results in minimizing the
number of hours by approximately 40. Furthermore, this figure informs that depending on the curve
presenting temperature fluctuation inside the bedroom (given in Figure 4), the higher the latent heat,
the lower the temperature peaks observed in the bedroom, as reflected in the decrease in the number
of hours of thermal discomfort.

Regarding the melting temperature, Figure 13, this parameter also minimizes the number of hours
of discomfort by roughly 40 h. However, its optimal temperature equals about 44 ◦C, while the minimal
heating demand corresponds to an optimal melting temperature value of around 32 ◦C. It is also
shown that between 35 ◦C and 52 ◦C, the variation in the number of hours remains quite flat. Whether
at a low or high PCM melting temperature, the optimal heating demand does not provide a minimum
value, due to the fact that phase change within the storage wall is of an insufficient magnitude for the
high PCM melting temperature, and the process of charging and discharging thermal heat takes place
within too short a time for the low PCM melting temperature (Figure 6).

Figure 12. Number of hours of thermal discomfort and heating demand vs. latent heat during the cold
season (7 months total: January–April and October–December).
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Figure 13. Number of hours of thermal discomfort and heating demand vs. melting temperature
during the cold season (7 months total: January–April and October–December).

Figure 14. Number of hours of thermal discomfort and heating demand vs. storage wall thickness
during the cold season (7 months total: January–April and October–December).
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Figure 15. Number of hours of thermal discomfort and heating demand vs. thermal conductivity
during the cold season (7 months total: January–April and Octobr–December).

For this application, the storage wall thickness seems to be the most effective parameter within
the defined ranges, Figure 14. PCM storage wall thickness, with an increase from 4 cm to 15 cm,
allows reducing the number of hours of discomfort from 220 to 50. This reduces the time of discomfort
from 5% of the time to less than 1%, which is acceptable as stated by Stazi et al. [51] referring to Method
A-AnnexF-ISO EN 15251.

The thicker the PCM storage wall, the smaller the number of hours of discomfort. This result
is consistent with that illustrated in Figure 9, i.e., as the PCM storage wall thickens, the solar gain is
diminished and causes a lower temperature in the bedroom.

Moreover, the PCM thermal conductivity over the defined range raises the number of hours of
discomfort from 163 to 229, Figure 15. Hence, the higher the thermal conductivity, the greater the
number of hours of thermal discomfort. Indeed, as thermal conductivity increases, heat transfer is
favored over storage. Therefore, given the apparent inertia of the PCM storage wall, thermal energy
transfers simultaneously with direct solar contributions, making for a quick onset of discomfort.

6. Optimization Process Methodology

The parametric study presented above does not yield the set of parameters providing the
minimum heating demand or the best comfort inside the bedroom since each parameter is optimized
by holding the others fixed. Therefore, the simulation-based optimization method described in this
section will be used to optimize the designed house model by coupling all four parameters as the
variable input setting in GenOpt, whereby a defined objective function will serve as a global study of
the perimeter and no longer the parametric optimization, which is a local study.

6.1. Optimization Method

For this purpose, a generic optimization (‘GenOpt’) tool is employed to minimize the objective
function, in denoting respectively: the heating demand objective function, the number of hours of
discomfort objective function and the single-objective function. The optimization method utilized
is a nonlinear descent method, called “Generalized Pattern Search” with multiple initial points,
thus making it possible to process the optimization of both nonlinear and non-continuous systems.
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After the first optimization, for which the initial parameters are fixed, several other initial values for
the parameters are randomly chosen in order to avoid local minima (Figure 16).

Here, three optimizations are performed independently, namely:

1. Optimization of heating demand;
2. optimization of the number of hours of thermal discomfort;
3. simultaneous optimization of heating demand and number of hours of discomfort.

6.2. Optimization of Heating Demand

To reduce computation time, heating demand over the first 4 months of the year will serve as an
objective function. Note that the optimal results of heating demand energy for the whole year tested
with a single initial point (again to reduce computation time) are the same as those over 7 months.
Moreover, it is observed that the optimization over the last 3 months of the year produces similar
results. Figure 16 and Table 5 show the optimization results for Paris weather, beginning with the first
initial value and then two more with initial values chosen and run randomly by GenOpt; the final
optimization results are identical. The latent heat and thermal conductivity parameters reach the
upper bound of the defined range, meaning that the set parameters identified here are dependent on
method parameterization.

It can therefore be noted that the optimal values of latent heat and thermal conductivity are
obtained in the certain absence of an optimum (physically realistic). additionally shown is that the
higher the latent heat and thermal conductivity, the lower the heating demand. The same results are
found here as in the parametric study. On the other hand, the optimal values of 9 cm thick and 31.5 ◦C
for PCM thickness and melting temperature are found to lie within the defined range. The melting
temperature found from the optimized heating demand objective function is the same as that derived
in the parametric study.

Figure 16. Variation in the objective function (f(x) = Heating demand), as subsequently simulated using
three initial values.
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Table 5. Heating demand for four months of Paris weather based on three initial PCM parameter values.

Calculation TMpcm LApcm epcm λpcm Heating Demand
Number ◦C J/kg cm W/m·K kWh·m−2·4 months−1

1 Initial value 20.8 15,000 4 0.22 31.69
Optimal value 31.5 40,000 * 9 1 * 28.02

2 Initial value 34.8 20,000 8 0.95 28.88
Optimal value 31.5 40,000 * 9 1 * 28.02

3 Initial value 20.8 39,000 14 0.95 30.47
Optimal value 31.5 40,000 * 9 1 * 28.02

*: The upper bound has been reached for this parameter.

Table 6 reports the optimal parameters for three weather datasets; it indicates that the hotter the
climatic zone, the higher the melting temperature and storage wall thickness.

Table 6. Optimal parameters of three distinct weather conditions (optimization of the heating demand
objective function).

Weather TMpcm LApcm epcm λpcm Heating Demand
◦C J/kg cm W/m·K kWh·m−2·4 months−1

Paris 31.5 40,000 * 9.0 1.00 * 28.02
Lyon 32.9 40,000 * 10 1,00 * 24.10
Nice 32.8 40,000 * 15 1.00 * 2.23

* The upper bound has been reached for this parameter..

Table 7 reports, for the full-year simulation, a comparison of the number of hours of thermal
discomfort, the energy supplied by the solar Trombe wall during the cold season and heating demand
relative to three configurations, i.e., the house without a solar Trombe wall, the house with a solar
Trombe wall installed using both optimized and non-optimized PCM. These results reveal that the
heating demand and number of hours of discomfort with the optimized incorporated PCM are reduced
by: 5.2% (2.76 kWh·m−2·year−1) and 86 h for Paris weather, 5.2% (2.53 kWh·m−2·year−1) and 212 h
for Lyon weather and 50% (4.35 kWh·m−2·year−1) and 535 h for Nice weather, compared to the wall
containing non-optimized PCM. As for the various results of energy supplied by the solar Trombe
wall integrated with optimized and non-optimized PCM: 0.28 kWh·m−2·year−1 for Paris weather,
3.7 kWh·m−2·year−1 for Lyon weather and 5.8 kWh·m−2·year−1 for Nice weather.

Table 7. Number of hours of thermal discomfort, energy supplied and heating demand.

Weather Type House Case Number of Hours Energy Supplied in the Heating Demand Energy
Study of Discomfort Cold Season (kWh·m−2·Year−1) (kWh·m−2·Year−1)

Paris-Orly
no Trombe wall 0 – 66.07

non-optimized PCM 170 18.68 53.42
optimized PCM 84 18.96 50.66

Lyon
no Trombe wall 0 – 61.24

non-optimized PCM 362 26.73 48.99
optimized PCM 150 23.03 46.46

Nice
no Trombe wall 0 – 21.07

non-optimized PCM 1,031 50.50 8.64
optimized PCM 496 44.70 4.29

Qingsong M. et al. [42] had found an energy savings of the same order of magnitude (3.7%)
in their study “Optimizing energy performance of a ventilated composite Trombe wall in an office
building” for the climate of Kitakyushu in Japan. In a study of the thermal impact of Trombe wall
system for residential building in Mediterranean region, Jaber et al. [27] came to the conclusion that a
Trombe wall with 18% of the south facade area can supply near 20.9% of the total heating needs. This
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result is lower than ours obtained in Nice (south of France: Mediterranean region), but the latter did
not include PCM.

Figure 17 displays a comparison of temperature curves inside the bedroom for each of the three
configurations. Figure 18 depicts the power supplied by the solar Trombe wall when applied with
optimized and non-optimized PCM.

Figure 17. Temperature variations inside the bedroom. Text and Tcomfort+3.5 ◦C denote respectively the
outside air temperature and comfort setpoint temperature plus 3.5 ◦C.

Figure 18. Comparison of the power supplied by the solar Trombe wall.

Regarding the obtained results of the optimization of heating demand, one can summarize that
the PCM latent heat, melting temperature and thermal conductivity correlate with the parametric
study given in Section 4; it is independent for the storage wall thickness (9-cm thick from the heating
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demand objective function, and 12-cm from the parametric study). The obtained results from the
optimum values of PCM parameters for the full-year simulation show the reduction of the energy
heating demands and number of hours of discomfort (Figure 17), and the higher power supplied by
the solar wall during the heating demand (Figure 18).

6.3. Optimization of the Number of Hours of Thermal Discomfort

The optimization approach herein entails minimizing the number of hours of thermal discomfort
objective function; its simulation will cover the same four months as the optimization of the heating
demand objective function.

Table 8 reports the optimal results of those PCM parameters set up as independent variables in
the objective function. According to the minimum number of hours of discomfort, the latent heat
parameter reaches its upper bound for Paris weather, whereas it merely reaches the near upper bound
for both Lyon and Nice weather conditions. This possibly exposes an optimization algorithm failure.
Once the running algorithm reaches an optimum, it will test on both sides of its value. For instance,
the optimized parameter is found at 40,000 J/kg; testing is then performed on a lower value, resulting
in a decrease in the objective function. To clarify this point, the thermal building simulation tool
Dymola/Modelica is used to simulate the parametric study of latent heat with other parameters
constant, to trace the curve of the number of hours of discomfort (see Figure 19). This curve illustrates
that the higher the latent heat, the lower the number of hours of discomfort; it further shows a slightly
higher number of hours compared to that for LApcm = 40,000 J/kg. For those cases denoted “**”,
the upper bound has therefore been reached.

The number of hours of discomfort reaches zero for Paris weather; it is thus likely that the
parameters identified are not the only ones to yield this result; an infinite number of solutions certainly
exists. Moreover, the optimal parameters of PCM latent heat and storage wall thickness do reach the
upper bound of their defined range; consequently, they cannot be confirmed as optimal parameters.

Table 8 reports that the increase in PCM latent heat can enhance thermal comfort inside the
bedroom, while simultaneously reducing heating demand (see Section 6.2). Similarly, the optimal
thickness reaches the upper bound of its defined range, although such is not the case when optimizing
heating demand. According to the parametric studies of PCM thickness displayed in Figure 14, it can be
observed that the minimum heating demand does not correspond to the upper bound of epcm = 15 cm
in the defined range. The optimal values of thermal conductivity and melting temperature do lie
within the defined range. Just like the results obtained from the heating demand objective function,
the optimal melting temperature from the number of hours of discomfort objective function shows an
increase in value relative to weather, i.e., the warmer the climate, the higher the melting temperature
(32.8 ◦C for Paris vs. 35.9 ◦C for Nice).

Table 8. Optimal parameters for the three weather conditions (optimization of the number of hours of
discomfort objective function).

Weather TMpcm LApcm epcm λpcm Heating Demand No. of Hours of Discomfort
◦C J/kg cm W/m·K kWh·m−2·4 Months−1 h/4 Months

Paris 32.8 40,000 * 15 * 0.4 29.46 0
Lyon 35.2 39,889 ** 15 * 0.2 26.36 6.7
Nice 35.9 39,963 ** 15 * 0.2 3.44 11

*: The upper bound has been reached. **: The near upper bound has been reached.
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Figure 19. Number of hours of thermal discomfort vs. latent heat parameters lying close to the upper
bound of 40,000 J/kg.

Figure 20 presents the temperature variations inside the bedroom equipped with a solar Trombe
wall integrating the optimized PCM for the number of hours of discomfort, across the three temperature
curves. The temperature curves, applied with two optimized PCMs, one from the heating demand
the other from the number of hours of discomfort, can be explained as follows: the two temperature
curves are below and remain less than the bound of the comfort setpoint temperature plus 3.5 ◦C,
as compared to the temperature from the non-optimized PCM; and the temperature curve from the
PCM optimized for the number of hours of discomfort is below that for the heating demand, especially
on the second day. It can further be assumed that on the second day, the melting temperature was
not exceeded in the case of the PCM optimized for the number of hours of discomfort, whereas it
was in the case of the PCM optimized for heating demand. This finding is interpreted in Figure 21,
which plots temperature variations inside the PCM storage wall.

Figure 22 shows that the power supplied by the solar Trombe wall, installed with the PCM
optimized for the number of hours of discomfort, is higher during heating demand (e.g., Day 307 from
12 a.m. to 12 p.m.) compared to that supplied with the non-optimized PCM; moreover, it is lower than
that supplied with the PCM optimized for heating demand.

Regarding the obtained results of the number of hours of discomfort objective function, one can
conclude that the latent heat and the storage wall thickness correlate with the parametric study given
in Section 5; and the melting temperature and the thermal conductivity are independent (32.8 ◦C
and 0.4 W/m·K from objective function versus 43.8 ◦C and 0.2 W/m·K from the parametric study).
The bedroom temperature and the power supplied by the solar wall equipped with the optimum PCM
of the number of hours of discomfort objective function are smaller than those of the heating demand
objective function (Figures 20 and 22).
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Figure 20. Temperature variations inside the bedroom. Text and Tcomfort+3.5 ◦C denote respectively the
variation in outside air temperature and the comfort setpoint temperature plus 3.5 ◦C.

Figure 21. Temperature variations at the center of the PCM storage wall.
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Figure 22. Comparison of the power supplied by the solar Trombe wall installed with the optimized
and non-optimized PCM.

6.4. Simultaneous Optimization of Heating Demand and Number of Hours of Discomfort

To cope with simultaneously conflicting design criteria (i.e., minimum heating demand vs.
maximum thermal comfort), a new optimization approach has been carried out, by coupling both
objective functions. The approach employed, commonly known as ‘the weighted sum method’,
is typically applied to solve multi-objective problems. The thermal building simulation tool
‘Dymola/Modelica’ is used herein to simulate the design house integrating a solar Trombe wall installed
with the non-optimized PCM, in the aims of evaluating the reference values of heating demand and
number of hours of thermal discomfort. The obtained values will then be input to normalize and be
summed with the variable values of heating demand and number of hours of discomfort to yield a
single-objective function throughout the optimization run. This simplistic method makes it possible to
simultaneously optimize both criteria, with both indicators here having the same weight even though
each one can contain biases. The single-objective function is given as follows:

f (X) =
nbHr→ T_discomfort

(nbHr→ T_discomfort)ref
+

Heating demand
(Heating demand)ref

Table 9 reports the main results of the optimal parameters derived for the three weather conditions.

Table 9. Optimal parameters, for three weather datasets, from the optimization of the single-objective
function.

Weather TMpcm LApcm epcm λpcm Heating Demand No. Hours Discomfort
◦C J/kg cm W/m·K kWh·m−2·4 Months−1 h/4 Months

Paris 35.8 40,000 * 15 * 0.733 28.57 0
Lyon 34.9 40,000 * 14.9 ** 0.2 26.33 7.2
Nice 36 39,963 ** 15 * 0.2 3.44 11.1

*: The upper bound has been reached. **: The near upper bound has been reached.

The results obtained, like for the previous optimizations, are not the actual optimal values since
some optimal parameters did reach their upper bound or near upper bound within the defined
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range: PCM latent heat and thermal conductivity parameters for the optimization of heating demand,
and PCM latent heat and storage wall thickness for the optimization of number of hours of discomfort.

The melting temperatures found are higher than those of the two previously optimized objective
functions of heating demand (Paris weather) and number of hours of discomfort (weather in Paris, Lyon
and Nice). The same values are derived for thermal conductivity under both Lyon and Nice climates,
as opposed to the optimized objective function of the number of hours of discomfort. The difference in
the optimized thermal conductivity for Paris weather is justified since once the criterion of the number
hours of discomfort has reached a zero value, many values of thermal conductivity are surely available
to satisfy this criterion.

The new curves of temperature variations in the bedroom and storage wall, as well as in the
power supplied, result from the optimized single-objective function (heating demand + no. of hours of
discomfort), as included in Figures 23–25. These curves lie close to those derived with the optimized
PCM for the number of hours of discomfort. Therefore, it can undoubtedly be interpreted that
the optimized number of hours of discomfort is seemingly achievable compared to the optimized
heating demand. Based on the results reported in Tables 8 and 9, the heating demands are slightly
different (on the order of 5 to 10%), whereas the number of hours of discomfort is definitely small
and may be neglected.

Regarding the obtained results of the simultaneous optimization, one can conclude that the
latent heat and the storage wall thickness correlate with those from the number of hours discomfort
objective function and the parametric study given in Section 5; the melting temperature and the
thermal conductivity are independent with compared to both cases. The bedroom temperature and the
power supplied by the solar wall equipped with the optimum PCM of the simultaneous optimization
objective function are slightly different from those of the number of hours of discomfort objective
function (Figures 23 and 25).

Figure 23. Temperature variations inside the bedroom set up with four different PCM storage walls.



Energies 2020, 13, 5640 24 of 29

Figure 24. Temperature variations in the PCM storage wall.

Figure 25. Comparison of the curves of power supplied by the solar Trombe wall.

7. Conclusions

After performing the thermal building simulations by varying four PCM parameters, the impacts
of these parameters on heating demand, bedroom temperature and temperature within the PCM
storage wall could be evaluated independently. Results of the parametric studies on heating
demand are limited to roughly 1–2 kWh·m−2·year−1, whereas the results based on thermal comfort
inside the bedroom show the significant impact of PCM compared to that of heating demand.
Moreover, results from the parametric study can be summarized by the following statements:

1. The higher the latent heat, the lower the heating demand and the better the thermal comfort in
the bedroom, Figure 12;
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2. the optimal melting temperatures are approximately 31 ◦C for heating demand and 44 ◦C for
number of hours of discomfort, Figure 13;

3. the effect of storage wall thickness is small with respect to heating demand, whereas the higher
the thickness, the lower the number of hours of discomfort and, thus, the better the thermal
comfort, Figure 14;

4. the higher the thermal conductivity, the lower the heating demand and the higher the number of
hours of discomfort, Figure 15.

The results obtained relative to the energy supplied by the solar Trombe wall and heating demand
are uncorrelated, i.e., these two criteria can either proceed in the same or divergent directions. It would
therefore be problematic to design a solar Trombe wall by only considering the energy it supplies during
the heating period and not considering an entire simulation of the thermal zone where it was built.

Following the parametric study of these four parameters, the optimization approach applied to
three objective functions was subsequently carried out on: the heating demand objective function, the
number of hours of discomfort objective function and the single-objective function integrating both of
the above. The results yielded no actual optimal values within the defined range, as one or more of the
parameters reached the upper or near upper bound. Nevertheless, it is important to underline that the
consideration of thermal comfort limits the reduction of heating demand but constrains that the energy
contributions must be released with a certain delay, at the time when the heating needs are necessary
and not during the day when the solar contributions through the windows directly heat the room.

However, the following can be concluded, based on this optimization approach: the higher the
latent heat, the lower the heating demand and the better the thermal comfort, thus confirming the
results exposed in Section 5. For the other parameters, with respect to the parametric study, the same
has been conformed. Furthermore, the melting temperature increased with application in hotter
climates (e.g., Nice); also, the melting temperature was higher for the optimized objective function of
the number of hours of discomfort than that of the heating demand.

As for future work, the proposed methodology will be introduced in search of an ideal design,
involving:

• development of the mortar + PCM composition with higher latent heat, density and conductivity;
• use of a macro-encapsulated PCM storage wall;
• development of the solar wall relying on the same method, dimensions and location (e.g., living

room, with a larger floor area to be heated);
• use of a solar wall for preheating air within the entire house.

Moreover, investigations on additional objective function optimization, including for example
environmental impacts, would be significant for the overall energy consumption, which will be a
fundamental underlying perspective in the application of PCMs.
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Nomenclature

Symbols:
c specific heat capacity, J/kg K
csolid specific heat capacity when PCM is in the solid state, J/kg K
cliquid specific heat capacity when PCM is in the liquid state, J/kg K
E energy, kW·h
e thickness, m
H height, m
h hour
LA latent heat, J/kg
nbHr number of hours
no number
P power supplied by the composite Trombe wall, W
T temperature, ◦C
TM melting temperature, ◦C
TC comfort temperature, ◦C
W width, m
Greek symbols
α absorptivity
ε emissivity
λ thermal conductivity, W/m K
φ flux, W/m2

ρ density, kg/m3

Subscripts
bed bedroom
c comfort
ext exterior
flc floor concrete
fr frame
glw glass wool
hea heating
lv lower vent
liv living room
max maximum
mid middle
nor north-facing rooms
ref reference
sal salon
sup supply
uv upper vent
Abbreviations
M_PCM composite material: mortar + PCM
PCM phase change material
U frame window factor
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