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Abstract: Thermal energy storage using phase change materials (PCMs) is a promising technology for
improving the thermal performance of buildings and reducing their energy consumption. However,
the effectiveness of passive PCMs in buildings depends on their optimal design regarding the
building typology and typical climate conditions. Within this context, the present contribution
introduces a novel multiobjective computational method to optimize the thermophysical properties
of cementitious building panels enhanced with a microencapsulated PCM (MPCM). To achieve this,
a parametric model for PCM-based cementitious composites is developed in EnergyPlus, considering
as design variables the melting temperature of PCMs and the thickness and thermal conductivity
of the panel. A multiobjective genetic algorithm is dynamically coupled with the building energy
model to find the best trade-off between annual heating and cooling loads. The optimization results
obtained for a case study building in Sofia (Bulgaria-EU) reveal that the annual heating and cooling
loads have contradictory performances regarding the thermophysical properties studied. A thick
MPCM-enhanced panel with a melting temperature of 22 ◦C is needed to reduce the heating loads,
while a thin panel with a melting temperature of 27 ◦C is required to mitigate the cooling loads.
Using these designs, the annual heating and cooling loads decrease by 23% and 3%, respectively.
Moreover, up to 12.4% cooling load reduction is reached if the thermal conductivity of the panels is
increased. Therefore, it is also concluded that the thermal conductivity of the cement-based panels
can significantly influence the effectiveness of MPCMs in buildings.

Keywords: phase change material; cement-based panels; thermophysical properties; energy-efficient
buildings; multiobjective optimization; building performance simulation

1. Introduction

The design of energy-efficient buildings has become a major global challenge for both
science and industry. This is mainly driven by the urgent need to significantly reduce the
emission of gases that provoke the greenhouse effect and climate change [1]. The building
stock handles over one-third of the global energy consumption, and with this, nearly 40%
of total direct and indirect CO2 emissions. This sector also remains the single largest energy
consumer in the European Union [2].

Among the existing technologies for improving building energy efficiency, innovative
thermal energy storage (TES) systems have shown great potential for saving energy [3].
Particularly, TES technologies based on latent heat, such as those using phase change
materials (PCMs), have attracted significant attention from the construction sector in the
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last few decades. This interest is because of their high energy storage density; i.e., large
amounts of heat energy can be stored in small PCM volumes [4].

PCMs undergo a phase transition (solid–liquid or liquid–solid) around their utilization
temperature, through which they can store (during melting) and release (during solidification)
large amounts of heat energy. For most PCMs, this transition is achieved at an almost constant
temperature, which is commonly referred to as the melting temperature. Exploiting this
physical phenomenon, PCMs can be incorporated into building components to increase their
heat storage capacity and achieve a stabilizing thermal effect in indoor spaces [5].

Thus, by employing PCMs in buildings, it is possible to reduce the energy demand,
mitigate peak heating and cooling loads, and improve indoor thermal comfort. PCMs can
be actively employed in various ways, such as being integrated into mechanical ventilation
systems, embedded in active cooling/heating systems for water or other fluids, and/or
encapsulated in pipe networks [6]. PCMs can also be used passively by integrating them
into building components, for example, by direct incorporation, immersion, encapsulation,
microencapsulation, and shape-stabilization [7].

Despite its enormous energy-saving potential, the successful use of passive PCM-based
systems in buildings is not implicitly guaranteed. This is because the PCM performance
strongly depends on the interplay between the daily thermal cycles. If PCMs are not
accurately designed for a specific application, they may not have sufficient benefits or, even
worse, they may generate undesired thermal effects. To achieve the accurate performance
of PCMs in buildings, a proper design of their thermophysical properties, their quantities,
and their positions is required [8,9]. However, this is highly influenced by the building
typology and local climate conditions, suggesting the use of advanced design methods
such as building performance simulation (BPS) software [10]. These tools are essential for
achieving energy-efficient building designs in real climate conditions [11].

A drawback also present in PCMs is their low thermal conductivity, which often can
compromise their proper activation (i.e., solidification/melting). In this regard, plenty of
heat transfer enhancements have been proposed in the literature to improve the energy
storage/release of latent-based systems such as those which employ PCM-based composites.
They are often based on either play/design with the tune geometry of the device or system
for TES usage [12] or to increase the thermal conductivity of the PCM-based composite.
The latter can be achieved by using additions and/or high-conducting particles such as
carbon microfibers [13,14], fine materials such as copper [15], graphite [16], aluminum [17],
bronze [18], nickel and stainless steel [19], graphene nano-platelets [20], and carbon nano-
tubes [21].

Regarding the available models to predict the performance of building enclosures
with PCMs, there are several approaches of different levels of complexity: simplified,
intermediate, and sophisticated models [22]. However, most of the PCM models integrated
into whole-building simulation programs correspond to those classified as intermediate
models, which are based on the heat source method, the heat capacity method, and the
enthalpy method. Among them, the effective heat capacity method and the heat source
method are implemented in ESP-r [23]. Several PCM models have been developed in
TRNSYS, including also the heat capacity (e.g., “TYPE260”) and the heat source methods
(e.g., “TYPE1270”) [22]. Finally, the enthalpy method, which is the most complex one among
the intermediate options, is the PCM model implemented in EnergyPlus software [24].

In the current literature, several studies aim to address the optimization of the PCMs’
thermophysical properties for building applications. Using a parametric analysis, Ascione
et al. [25] studied the proper position and melting temperature of a PCM to achieve nearly
zero-energy buildings in Mediterranean climates. They concluded that using a PCM melting
temperature of 25 ◦C on the inner side is recommended, and this can achieve reductions in
cooling energy demand from 2% (in Madrid) to 13% (in Naples). Saffari et al. [9] performed a
simulation-based optimization analysis of PCM melting temperature to improve the energy
performance in buildings across different climate regions regarding the Köppen–Geiger
classification. By applying this method, they demonstrated that the optimal selection of
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the PCM melting temperature can highly influence the total energy consumption of a
building, and this strongly depends on the considered climatic conditions. The results
also showed that an increment in the PCM quantity can both increase and decrease the
performance of the PCMs significantly, affecting their benefits. Therefore, although this
work presented significant developments, in some cases, no clear relationships between the
PCM thermophysical properties and the heating/cooling energy savings could be derived.
This arises from the fact that the research was carried out by employing a single objective
optimization approach. Recently, Arıcı et al. [26] carried out an optimization study about
the maximum activation of latent heat of PCM integrated into external building walls for
three cities in Turkey. In this work, the influence of location, melting temperature, and layer
thickness of PCM on building energy saving was evaluated. However, the PCM design was
addressed by adopting a single-objective optimization approach. In addition, the thermal
performance of the building was characterized by a single wall heat balance instead of one
involving the whole building. This hypothesis can induce non-physical conclusions about
the optimal position of the PCM and its melting temperature. For cementitious materials
enhanced with microencapsulated PCM (MPCM), most of the current efforts are focused
on the development of the materials only and do not evaluate the performance of this
technology integrated into buildings regarding real climate conditions [27–29].

To address the pinpointed limitations, this work proposes a novel method based on
multiobjective optimization to design cement-based systems for building applications
enhanced with PCM. In particular, the method is devoted to finding the optimal
thermophysical properties of cement-based building panels with embedded MPCM and
following annual heating/cooling loads. The PCM melting temperature and the thickness
and thermal conductivity of the cement-based panel are the design variables. Thus, this
new approach provides a general method to explore the relationship between optimal
thermophysical properties of PCM-based systems and the heating/cooling performance
of the building incorporating them. This allows for important contributions to a better
understanding of the real performance of passive PCM-based systems in buildings.

2. Methods
2.1. Case Study Building

The ANSI/ASHRAE Standard 140-2011 BESTEST 9001 [30] is employed to evaluate
the thermal performance of the different PCM-based cementitious panels. This baseline
model is a rectangular single zone (8 m wide × 6 m long × 2.7 m high) with no interior
partitions and 12 m2 of windows on the South exposure; see Figure 1. A power of 200 W
(60% radiative and 40% convective) is set as the internal load, and a highly insulated slab
is employed to minimize the thermal coupling between the ground and indoors. The
construction characteristics of the walls are detailed in Table 1.

N

26 m

26 m

2.7 m

8 m 6 m

Figure 1. Isometric view of the baseline building employed (BESTEST 900).
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Table 1. Wall characteristics of the BESTEST 900 [31].

Element k (W/(m.K)) Thickness (m) U (W/(K.m2)) R ((K.m2)/W) Density (kg/m3) cp (Sensible) (J/(kg.K))

Int. Surface Coeff. 8.290 0.121
Concrete Block 0.51 0.1000 5.100 0.196 1400 1000

Foam Insulation 0.04 0.0615 0.651 1.537 10 1400
Wood Siding 0.14 0.0090 15.556 0.064 530 900

Ext. Surface Coeff. 29.300 0.034
Overall, air-to-air 0.512 1.952

Following the setting described in the ANSI/ASHRAE Standard 140-2011 [30], the energy
model of the BESTEST 900 is implemented in the software EnergyPlus [32]—version 9.5 [33].

The building is assumed in Sofia (Bulgaria-EU), where three BESTEST 900 are currently
under construction to full scale. These prototypes will be employed to experimentally
measure the performance of several NRG-FOAMs developed within the NRG-STORAGE
project [34]. The climate in Sofia is classified as a 5A zone (Cool—Humid) according to
the ASHRAE 169-2013 [35] and as a CFB region according to the Köppen–Geiger Climate
Classification [36].

To characterize the energy performance of the building, the BESTEST 900 employs
an ideal HVAC system whose thermostat control is set to 20 ◦C for heating and 27 ◦C for
cooling. Thus, the performance of each candidate design is evaluated by the ideal annual
loads for heating and cooling. These are calculated for the recent typical meteorological
year (TMYx.2004-2018) in Sofia, which is taken from [37].

2.2. PCM-Based Cementitious Composite Design and Modeling

Figure 2 shows the wall material configuration considered. A cement-based layer
enhanced with MPCM is added to the inside of the existing walls. The thermophysical
properties of this cement-based layer are taken from the experimental results obtained
by Mankel et al. [38]. In that study, nine mixtures, made of three different water/cement
(w/c) ratios and various amounts of MPCM volume fractions, were considered. The
MPCM employed was powder-like microencapsulation filled with a commercial paraffin
wax, Micronal® DS 5038 X by BASF [39]. For this work, the mixture with w/c = 0.4 and 20%
of MPCM volume fraction is employed. Table 2 shows the thermophysical properties of
the chosen material. The melting temperature of the PCM is characterized using the peak
melting temperature (Tpeak), which is defined as the temperature where the PCM reaches
the maximum thermal capacity.

Foam insulation

Wood Siding
(Outside)

Concrete Block

PCM-based 
cementitious
composite

d

Figure 2. Wall material configuration.

The latent thermal capacity of the panel is represented by using the PCM model
(Material Property: Phase Change) of EnergyPlus, which has been widely validated against
different analytical solutions and experimental results [40–42]. Moreover, this model is
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based on the enthalpy (h) approach that also was previously validated by the authors of
this paper [43,44]. Thus, this model employs the h− T curve to iteratively compute the
specific thermal capacity property of the materials, at each time step, as:

cp(T) =
hj

i − hj−1
i

T j
i − T j−1

i

, (1)

where h is the enthalpy (J/kg), T is the temperature (◦C), i indicates the node, and j
and j − 1 indicate the current and previous time steps, respectively. To simulate PCM
in EnergyPlus, the conduction finite difference (CondFD) solution algorithm is employed
along with 30 time-steps per hour to guarantee accurate results [40].

Table 2. Thermophysical properties of the MPCM-based cementitious composite [38].

Thermophysical Property Value

cp (sensible) 938 J/(kg.K)
k 0.473 W/(m.K)

Density 1671.7 kg/m3

Tpeak 24.5 ◦C

The latent thermal capacity values of the MPCM-based cementitious composite (i.e.,
cp − T and h− T curves) are depicted in Figure 3a,b, respectively. Regarding the enthalpy
curve, the original one has a Tpeak of 24.5 ◦C (see the green central curve in Figure 3b).
It is worth noting that this is the melting curve of the material, while the hysteresis of
the PCM is not considered, because still, there are no reliable models to represent this
phenomenon [45,46]. To study the optimal design of the PCM properties, a shift range of
+10/−10 ◦C is numerically allowed for the Tpeak, as also shown in Figure 3b.

5 10 15 20 25 30 35 40

Temperature [ºC]

5000

10,000

15,000

20,000

25,000

30,000

35,000

40,000

45,000

h
 [

J/
kg

]

T  = 24.5 ºCpeak

T  = 34.5 ºCpeak

T = 14.5 ºCpeak 

optimization range

5 10 15 20 25 30 35

Temperature [ºC]

500

1000

1500

2000

2500

3000

C
p

 [
J/

(k
g∙

K
)]

Experimantal curve

(b)(a)

Figure 3. MPCM-based cementitious composite: (a) Experimental cp − T curve obtained in [38];
(b) Enthalpy curve model and the shift range allowed for the Tpeak.

Table 3 summarizes the details of the building configuration and the PCM model used
in EnergyPlus. The setup of the algorithms is based on the guidelines described in [31]. For
further details about the building energy model, see ANSI/ASHRAE Standard 140-2011 (cf.
Section 5.2.1). This information is also able to be found in the EnergyPlus input files (IDF),
which are provided as supplementary research data of this article.
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Table 3. Details of the building model configuration used in EnergyPlus for the BESTEST 900.

Model Details Setting

General
configurations

North axis 0
Site:Location Sofia (Bulgaria-EU)
Terrain Suburbs
Solar distribution FullInteriorAndExterior
SurfaceConvectionAlgorithm: Inside TARP
SurfaceConvectionAlgorithm: Outside DOE-2

External wall
U-factor (no film) (W/(K.m2)) 0.556
External solar absorptance (0–1) 0.6
Internal solar absorptance (0–1) 0.6

Roof
U-factor (no film) (W/(K.m2)) 0.334
External solar absorptance (0–1) 0.6
Internal solar absorptance (0–1) 0.6

Floor
U-factor (no film) (W/(K.m2)) 0.04
External solar absorptance (0–1) 0.6
Internal solar absorptance (0–1) 0.6

Window

U-factor (no film) (W/(K.m2)) 2.721
Visible tramitance (0–1) 0.767
Glass type Double Pane
Window to wall ratio 0.55

Geometry
Number of floors 1
Height (m) 2.7
Total conditioned area of floors (m2) 48

Internal gains Equipments: Design Level (W) 200
Equipments: Fraction Radiant 0.6

Ventilation Type modeling Infiltration
Infiltration rate (ACH) 0.5

AC system

Type Ideals loads
Heating setpoint (◦C) 20
Cooling setpoint (◦C) 27
Dehumidification No
Outdoor Air Flow Rate per Person (m3/s) 0.00944

PCM model
MaterialProperty:PhaseChange Enthalpy curve
HeatBalanceAlgorithm ConductionFiniteDifference
Timesteps 30

2.3. Multiobjective Optimization Approach

In the presence of mutually conflicting objectives, the solution of the architectural
design of an energy-efficient building is not unique but rather a set of non-dominated
solutions [47]. This set is commonly referred to as the Pareto front because of the dominance
concept introduced by Pareto [48]. A solution is defined as non-dominated (i.e., Pareto-
optimal) whether there is not any other feasible solution that improves one objective without
deteriorating at least one another. This concept is also present in the optimization of PCMs
in buildings, since the heating and cooling energy were shown to be mutually contradictory
regarding some PCM design parameters, such as the PCM melting temperatures and the
PCM quantities [5,8,9]. Thus, a multiobjective optimization approach is proposed to find
the optimal set of parameters defining the PCM-based cementitious panel that improves the
energy performance of the building. This can be mathematically described by the following
bi-objective optimization problem:
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min
x∈V

[ f1(x), f2(x)]

subject to : (2)

xL
i ≤ xi ≤ xU

i , i = 1, . . . , n;

where xL
i and xU

i are the lower and upper limits for the corresponding design variable xi;
see Table 4 in Section 2.4. The objectives f1(x) and f2(x) are the annual heating and cooling
ideal loads of the building, respectively. These are obtained as a result of the EnergyPlus
simulations for each candidate design evaluated during the optimization process.

To solve the unconstrained optimization problem (2), the multiobjective Non-
dominated Sorting Genetic Algorithm-II (NSGA-II) [49] is dynamically coupled with the
EnergyPlus software [32]. Several truly multiobjective optimization solvers have been
tested to solve building energy optimization problems such as the (2) [50], for instance,
SPA2 [51], MOPSO [52], and NSGA-II [49]. These evolutionary algorithms are well suited
for parallel computing, do not “get stuck” in local optima, and have low sensitivity to
discontinuities in the objective functions, which make them the preferred solvers for
addressing building energy optimization problems [53]. The choice of NSGA-II for this
research is because it stands out from others due to several desired features, such as the
efficient sorting of non-dominated solutions, accounting for elitism (which speeds up
the convergence) and the wide diversity of optimal solutions obtained along the Pareto
front. This latter capability is relevant in the current study to observe the relationship
between the optimal thermophysical properties of the MPCM-based panels and the energy
performance of the buildings that use these panels. The capability of NSGA-II to obtain
a set of optimal solutions well-distributed along the Pareto front was validated in our
previous works [47,54].

Figure 4 shows the general workflow of the optimization method proposed in this
work. Thus, during the optimization process, at each fitness step, the objective functions
are computed for each individual in the population via an EnergyPlus simulation. This
means that the PCM model of each EnergyPlus simulation is dynamically set according to
the design variables proposed by the optimization algorithm. This procedure continues
until it reaches the stopping criterion. The optimization method proposed is implemented
on the Distributed Evolutionary Algorithms in Python (DEAP) [55] platform. For further
details on this implementation, see [54].

2.4. Optimization Case Studies

From the basic cementitious panel enhanced with MPCM, two optimization problems
are formulated according to the considered design variables. In the first one, Case A, the
optimization variables are the thickness of the panel (d) and the Tpeak of the PCM. In the
second one, Case B, the thermal conductivity of the panel is also simultaneously optimized
along with the design variables of Case A to achieve a deeper understanding of the
relationship between this property and the effectiveness of PCMs. Table 4 summarizes the
design variables and the optimization ranges that are considered for the two case studies.

Table 4. Design variables and their ranges for the case studies.

Design Variable Case A Case B
xL xU xL xU

d (m) 0.05 0.35 0.05 0.35
Tpeak (◦C) 14.5 34.5 14.5 34.5

k (W/(m.K)) - - 0.47 10.0
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Figure 4. Schematic workflow of the proposed method.

The NSGA-II settings for solving the optimization problems in each case study, Case
A and Case B, are detailed in Table 5. So, 4800 EnergyPlus simulations are solved in each
optimization problem by using a population size of 48 individuals and 100 generations.

Table 5. Settings of the NSGA-II for the optimization case studies.

Item Value

Population size 48
Number of generations 100

Selection Tournament
Crossover method Blended method

Crossover probability 90%
Mutation method Gaussian

Mutation probability 0.2%

3. Results

This section reports the analysis and discussion of the optimization results obtained
for the proposed case studies. First, the optimization results for Case A are analyzed in
Section 3.1. Then, the corresponding results for Case B are presented in Section 3.2. Finally,
a comparative discussion between both case studies is performed in Section 3.3. For closer
analysis (or their reproduction), all the optimization results are provided as supplementary
research data.

3.1. Optimization of Case A

Figure 5 shows the multiobjective optimization results of the annual ideal loads for
heating and cooling obtained for Case A. These include the best trade-off (Pareto front)
between heating and cooling loads and all the feasible designs evaluated during the
optimization procedure. The heating and cooling loads of the baseline model are also
displayed to obtain a reference of the improvements reached by the optimized designs.
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The first observation is that a reduction in both heating and cooling loads can
be obtained by including the PCM-based panel in the building. Moreover, the best
performance of the building for heating and cooling has a mutually contradictory response
regarding the optimum design of the PCM melting temperature (i.e., Tpeak of melting)
and the thickness of the panel (d). This means that the best solution for heating is not the
best design for cooling and vice versa. This is an important conclusion that demonstrates
the necessity of using a multiobjective approach to design passive PCM-based systems in
building applications.

Regarding the optimized designs (Pareto front), Figure 5 also highlights that most
of them simultaneously improve the heating and cooling performance compared to the
baseline model. Only a few designs show a slightly lower performance for cooling than the
baseline model.

40 42 44 46 48 50 52
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51
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53
Baseline model (BESTEST)
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Opt-4
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2
C
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ng
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ds
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kW

h/
m

]

Figure 5. Optimization results of the annual ideal loads for heating and cooling obtained for Case A.

Table 6 summarizes the performance of the different optimal designs obtained (Opt-1
to Opt-3) and their relative improvements compared to the baseline model. Regarding the
best design for heating (Opt-1), this achieves a large saving of 23.12% for heating, while
its cooling performance slightly worsens (−0.35%). Opt-3 is the best design for cooling,
which reduces 3.04% of cooling loads and 7.13% of the heating loads. Finally, Opt-2 is the
design with the minimum total loads (heating + cooling), achieving a reduction of 11.58%,
with improvements of 22.73% and 0.25% for heating and cooling, respectively. From this
quantitative analysis, it is noted that all the optimized designs can easier improve the
heating performance than the cooling one. Even in the best design for cooling, only an
improvement of 3.04% could be achieved, while heating loads can be reduced by 7.13%
compared to the baseline model.
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Table 6. Performances of the optimized designs for Case A. The best design for each case is in bold.

Heating Loads Cooling Loads Total Loads Heating Saving Cooling Saving Total Saving
(kWh/m2) (kWh/m2) (kWh/m2) (%) (%) (%)

Baseline 52.17 51.36 103.53 - - -
Opt-1 40.11 51.54 91.65 23.12 −0.35 11.47
Opt-2 40.31 51.23 91.54 22.73 0.25 11.58
Opt-3 48.45 49.80 98.25 7.13 3.04 5.10

Figure 6 shows the relationship between the design variables of all the optimal results
(Pareto front) obtained in Case A. This analysis enables a better understanding of the
relationship between the optimum design variables and the energy performance of the
building. Therefore, it can be seen that the best building performance for heating (Opt-1)
is achieved for the thickest panel analyzed (0.35 m) and a Tpeak = 22.31 ◦C. Conversely,
the best performance for cooling (Opt-3) is reached by using a thin panel of 0.073 m and a
Tpeak = 27.26 ◦C. Moreover, the design that minimizes the total loads (Opt-2) also employs
the thickest panel analyzed (0.35 m) but along with a Tpeak = 23.98 ◦C.

Despite a wide range of PCM melting temperatures that are numerically being
analyzed, except for Opt-4, the optimum designs are found with Tpeak laying between 22.31
and 27.26 ◦C. The physical reason for this range of optimum melting temperature is that
the latent heat storage in PCMs with higher or lower Tpeak does not considerably affect the
heating and cooling loads that are evaluated in the indoor air. Opt-4 is an atypical design
defined by the thickest panel (0.35 m) and a Tpeak = 29.26 ◦C.

0 0.05 0.1 0.15 0.2 0.25 0.3

d [m]

20

22

24

26

28

30

T
 [

°C
]

pe
ak

0.35

Opt-1

Opt-2

Opt-3

Opt-4

Figure 6. Relationship between optimal design variables for Case A.

3.2. Optimization of Case B

Figure 7 shows the optimization results obtained for Case B. These include the Pareto
front between heating and cooling loads, all the feasible designs evaluated during the
optimization, and the baseline model. It can be seen that the limits of the bi-objective
space have considerably changed compared to Case A because of incorporating the thermal
conductivity in the design space. Here, the designs on the Pareto front achieve good load
reductions for both heating and cooling.

To enable a quantitative analysis, Table 7 summarizes the performance of a few
optimum designs obtained along with their relative improvements compared to the baseline
model. Here, only the extreme optimal solutions for heating (Opt-1) and cooling (Opt-5)
are discussed, since Opt-5 is also the best design for the total loads (heating + cooling).
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Figure 7. Optimization results of the annual ideal loads for heating and cooling obtained for Case B.

Opt-1 is the best design for heating, and the same is obtained in Case A. This is
because the design space was only enlarged with higher thermal conductivity values than
the original PCM-based panel. This aspect is more deeply analyzed in Section 3.3.

Opt-5 achieves load reductions of 11.81% and 12.38% for heating and cooling,
respectively. Unlike the best design for cooling in Case A (Opt-3), Opt-5 achieves a large
load reduction for cooling but also obtains a similar improvement for heating.

Table 7. Performances of the optimized designs for Case B. The best design for each case is in bold.

Heating Load Cooling Load Total Load Heating Saving Cooling Saving Total Saving
(kWh/m2) (kWh/m2) (kWh/m2) (%) (%) (%)

Baseline 52.17 51.36 103.53 - - -
Opt-1 40.11 51.54 91.65 23.12 −0.35 11.47
Opt-5 46.01 45.00 91.01 11.81 12.38 12.09

Figure 8 shows the relationship between the design variables for all the optimum
designs (Pareto front) of Case B. Due to all the optimal solutions having the thickest panel
allowed (0.35 m), this graph only shows the relationship between the Tpeak and thermal
conductivity of the panel (k). As previously introduced, the best building performance for
heating (Opt-1) is achieved by using a Tpeak = 22.31 ◦C and the lowest thermal conductivity
allowed of k = 0.473 W/(m.K). Conversely, the best building performance for cooling
(Opt-5), which is also the best for the total loads, is achieved by using the highest thermal
conductivity allowed of k = 10 W/(m.K) and a Tpeak = 26.24 ◦C. As a general guide, starting
from the Opt-1 design to improve the cooling performance and going over the optimal
designs, these employ a low thermal conductivity (<1 W/(m.K)) while increasing the Tpeak
up to 25–26 ◦C. After that sector, the solutions that improve the cooling performance even
more keep using a Tpeak = 25–26 ◦C while increasing their thermal conductivity.
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Figure 8. Relationship between optimal design variables for Case B.

3.3. Discussion

Figure 9 shows the Pareto fronts obtained for both case studies (Case A and Case B) and
the reference of the baseline model. As shown, the performance of the building for heating and
cooling has a mutually contradictory response regarding the optimum design thermophysical
properties of the PCM-based panels. This highlights the need of using the multiobjective
approach herein proposed to design passive PCM-based systems in building applications.
This novel approach presents several advantages compared to previous single optimization
approaches found in the literature [9,26]; it allows for a better understanding of the real
performance of passive PCM-based systems in buildings, such as those discussed next. In
Figure 9, it can be also observed that the optimal solutions of Case B can considerably improve
the building performance for cooling compared to either Case A or the reference building.
This reveals that when the panel increases its thickness to incorporate more MPCM into the
building, the panel must have a high thermal conductivity to guarantee the effectiveness of
the extra MPCM incorporated. Therefore, beyond its optimum melting temperature, the PCM
has to be thermally coupled with the indoor air to achieve the desired effect. Conversely,
if the thickness of the panel increases but keeps a low thermal conductivity, part of the
MPCM cannot provide its full storage/release capacity and does not affect the indoor air,
which is the real target to reduce the loads. This aspect could be a limitation for standard
microencapsulation technology embedded in cement-based pastes.

The volume fraction of the MPCM in cement pastes has a physical limit. Most
studies available in the literature employ volume fractions of 20%, while only a few works
considered higher amounts (up to a maximum of 40%) [56]. However, of this volume of
MPCM, approximately 60% corresponds to the encapsulating shell, resulting in a very low
effective fraction of PCM in the panel. This drives the need to use thicker panels to include
more MPCM in the building, but as shown, increasing the thickness is not effective, because
a part of the extra PCM added does not result in a thermal coupling with the indoor air
and cannot drive a positive effect to it.

Finally, Figure 10 shows the monthly heating and cooling loads for the designs Opt-2
and Opt-5 compared to the baseline model. Regarding Opt-2, it reduces the heating loads
for all the months with noticeable improvements in the autumn months. Conversely, this
design has a similar performance to the baseline model regarding the cooling loads. It is
worth remembering that the Opt-2 design (attained in the optimization of Case A) has more
capacity to reduce the annual heating load (22.73%) than the cooling ones (0.25%).
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Figure 9. Comparison of the Pareto fronts for Case A and Case B.

Regarding Opt-5, the results also show a reduction in the heating loads for all months
but with lower performance than the Opt-2 during the winter months. This design also
reduces the cooling loads for all the months compared to the baseline model. However, the
major cooling load improvements, reducing up to half of the loads, are achieved during
moderate temperature months, such as the spring months. It may be worth remembering
that this design (Opt-5), achieved in the optimization of Case B, has a good and balanced
capacity to reduce the annual heating loads (11.81%) as well as the cooling ones (12.38%).

Baseline Opt-2 Opt-5

1 2 3 4 5 6 7 8 9 10 11 12
0

200

400

600

800

H
ea

ti
ng

 l
oa

ds
 [

kW
h]

Month

(a)

1 2 3 4 5 6 7 8 9 10 11 12
0

100

200

300

400

500

600

700

C
oo

li
ng

 l
oa

ds
 [

kW
h]

Month

(b)

Figure 10. Monthly loads for the designs Opt-2 and Opt-5, and the baseline model. (a) Heating loads;
(b) Cooling loads.

4. Conclusions

A multiobjective computational method to optimize the thermophysical properties of
cementitious building panels enhanced with microencapsulated phase change materials
(MPCMs) was developed. This comprises an automatic simulation-based optimization
process that dynamically couples the NSGA-II optimizer with the EnergyPlus software.
The BESTEST 900 in Sofia (Bulgaria-EU) was employed as a case study building to find the
best trade-off between annual heating and cooling loads.

Based on the optimization results reported, the following concluding remarks can
be drawn:

• In the first case study, named Case A, the PCM melting temperature and the thickness
of the panel were considered as the design variables. Regarding the performance
of the optimized panel enhanced with MPCM, there is a design that can reduce the
heating loads up to 23% and another design that can reduce the cooling loads up to 3%.
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To achieve this, a thick panel using a PCM melting temperature of 22 ◦C is preferred
for minimizing the heating loads. Conversely, a thin panel employing a PCM melting
temperature of 27 ◦C is required for minimizing the cooling loads.

• In Case B, the thermal conductivity of the panel was simultaneously optimized along
with the with the design variables of Case A. The optimization results showed that the
effectiveness of the PCM can be considerably improved if the thermal conductivity of
the panel is increased. Compared to Case A, a 12.4% of cooling reduction is achieved
by combining the maximum thermal conductivity with a PCM melting temperature of
26 ◦C. This highlights that the thermal conductivity of the panel is a key feature to be
considered in the design stage. In particular, when the thickness of the panel increases
to incorporate more MPCM into the building, some of these MPCMs are not thermally
coupled with the indoor air, and this drives no positive effect in terms of cooling load
reductions.

• Regarding the results discussed in the previous point, some limitations for the
technology of cement-based panels enhanced with MPCM can be found in real
applications. The low effective volume fraction of PCM because of the encapsulation
technique, combined with the current structural limit for the MPCM volume in the
cement pastes (normally 20%, and 30–40% in special cases), leads to the necessity
of increasing the thickness of the panel to incorporate more PCM into the building.
However, an increased thickness could affect the overall thermal conduction of the
system, which is crucial for exploiting the PCM benefits.

• As a general conclusion, we can state the relevance of using whole building
performance simulation tools to design PCM in buildings. For instance, a physically
reasonable range of PCM melting temperatures (22–27 ◦C) was found by using
EnergyPlus. Another important observation is the mutually contradictory nature
of the heating and cooling loads regarding the thermophysical properties of the
MPCM-based panel. This points out the need for using a multiobjective optimization
approach to find the optimal designs.

• Finally, the major relative load reductions compared to the baseline model are achieved
for the months with moderate temperatures (autumn/spring). This is because in these
months, the effectiveness of the PCM-based panels improves thanks to an increment
in the daily indoor temperature cycles.

Future works will be focusing on evaluating the optimum design of the PCM-based
cementitious systems in more realistic multi-zone buildings and different typologies
(residential/commercial).
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